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The rapid expansion of data generation across industries has made real-time
analytics essential for timely decision-making and operational efficiency. This
review paper examines the current landscape of real-time analytics techniques for
processing streaming big data, focusing on approaches that enable high-speed
data ingestion, storage, and processing in a continuously evolving data
environment. We reviewed a total of 50 articles, encompassing a range of
methodologies, applications, and system architectures that support real-time
analytics. Key findings highlight advancements in stream processing frameworks,
machine learning models for real-time predictions, and challenges associated with
data scalability and latency. Applications are particularly prominent in sectors
such as finance, healthcare, and urban planning, demonstrating the transformative
impact of real-time insights on industry performance. This review contributes to a
deeper understanding of real-time data handling techniques, addressing critical

areas for future research and development.

1 INTRODUCTION

The explosion of data generated from digital
interactions, sensor networks, and online platforms has
brought about unprecedented challenges and
opportunities for businesses and industries (Rialti et al.,
2020). Real-time analytics has emerged as a critical tool
for processing vast amounts of streaming data, enabling
organizations to gain timely insights for decision-
making and operational (Mehdipour et al., 2016). The
traditional batch processing systems that once
dominated data analysis have proven inadequate for
handling the dynamic and high-velocity nature of
today’s data streams. As organizations increasingly rely
on data to drive competitive advantage, the need for
real-time analytics has become more pronounced,
especially in sectors where quick responses are crucial,
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such as finance, healthcare, and urban planning (Garcia-
Magarifio et al., 2018). The evolution from batch to
stream processing represents a significant shift in data
management strategies, emphasizing the necessity of
continuous data ingestion and processing capabilities.

Figure 1: Data Explosion Funnel
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The foundational concepts of real-time analytics were
driven by advancements in distributed computing
systems, particularly in the late 2000s. Initial efforts
focused on enhancing data throughput and minimizing
latency in streaming data environments (Yang et al.,
2022). Early frameworks such as Apache Storm and
Samza were designed to address these challenges by
introducing distributed stream processing, allowing for
real-time data computations (Adnan & Akbar, 2019).
However, as data volumes grew exponentially, these
frameworks faced scalability issues, leading to the
development of more robust systems like Apache Flink
and Apache Kafka, which can efficiently handle high-
throughput data streams (Moreno et al., 2017;
Shahrivari, 2014). The continuous evolution of these
technologies has enabled real-time analytics to become
more scalable, flexible, and efficient, supporting
applications that require instant decision-making.

In recent years, the integration of machine learning with
real-time analytics has opened new avenues for
predictive analytics, anomaly detection, and automated
decision-making (Armoogum & Li, 2019). Unlike
traditional data analytics, which often relies on static
datasets, real-time analytics leverages streaming data to
update models continuously and adapt to changing
conditions (Nie et al., 2020). Studies have shown that
machine learning algorithms optimized for streaming
data can significantly enhance predictive accuracy in
real-time scenarios (Gohar, Ahmed, et al., 2018). For
instance, applications in fraud detection, stock market
analysis, and smart cities rely on real-time machine
learning models to provide actionable insights with
minimal delays (Silva et al., 2017). This shift has
propelled the need for specialized algorithms and
architectures that can process data as it arrives, rather
than waiting for complete datasets to be available.

Figure 2: Unveiling ML’s Impact in Emerging Markets
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The adoption of real-time analytics is particularly
transformative in the context of big data, where
organizations must process and analyze vast streams of
unstructured information in milliseconds (Wang et al.,
2016). The healthcare industry, for example, benefits
from real-time analytics by enabling predictive
diagnostics and personalized treatment plans based on
continuous monitoring data (Wang et al., 2016).
Similarly, in urban planning, real-time data from loT
devices can optimize traffic management and resource
allocation (Granat et al., 2020). However, despite its
benefits, real-time analytics poses significant
challenges, such as ensuring data privacy, managing
system scalability, and reducing latency, particularly in
distributed environments (Ahmed et al., 2019).
Addressing these challenges requires ongoing research
and technological innovations to improve data
streaming infrastructures and analytics models. In
addition, the field of real-time analytics has evolved
through a series of technological breakthroughs that
have expanded its applications and impact. While early
research primarily focused on technical aspects such as
throughput and latency (Dai et al., 2019), recent studies
emphasize the integration of artificial intelligence and
machine learning to enhance real-time decision-making
(Rehman et al., 2018). The shift toward cloud-native
solutions and edge computing further underscores the
industry's focus on scalability and adaptability
(Simmhan & Perera, 2016). As organizations continue
to adopt real-time analytics for competitive advantage,
there is a growing need to understand the interplay
between data architectures, machine learning models,
and real-time processing frameworks to unlock the full
potential of streaming big data (Grover & Kar, 2017).
This evolving landscape presents  numerous
opportunities for future research to address existing
limitations and harness the transformative potential of
real-time analytics. The primary objective of this review
is to comprehensively analyze the current state of real-
time analytics techniques and their applications in
processing streaming big data across diverse industries.
By examining 50 recent studies, this paper aims to
identify the most effective  methodologies,
architectures, and frameworks used to handle
continuous data streams in real-time. Additionally, the
review seeks to evaluate how advancements in machine
learning and distributed computing have enhanced the
capability of organizations to make data-driven
decisions with minimal latency. Specifically, the paper
focuses on understanding the practical implications of
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real-time analytics in critical sectors like finance,
healthcare, and smart cities, where rapid data processing
can significantly improve operational efficiency and
decision-making. By addressing both the technical
challenges and potential solutions related to scalability,
data privacy, and system latency, this review sets out to
highlight future research directions that can drive
innovation in the field of real-time analytics.

2 LITERATURE REVIEW

The exponential growth of data generated by digital
platforms, loT devices, and various online interactions
has significantly increased the need for real-time
analytics solutions capable of handling streaming big
data. This section delves into the evolution of real-time
analytics, exploring a wide range of methodologies and
frameworks that have been developed to enable high-
speed data ingestion, processing, and storage. By
reviewing past research, we aim to identify key
advancements, challenges, and gaps in the field of real-
time analytics, particularly in how machine learning
models, distributed computing frameworks, and cloud-
based solutions have been integrated into existing
architectures to enhance scalability and efficiency. This
literature review synthesizes findings from multiple
studies to provide a comprehensive understanding of
the current state of real-time analytics, highlighting how
these technologies are applied across various sectors to
drive operational and strategic benefits. The following
sections provide a detailed exploration of the key
themes and innovations identified in recent research.

2.1 Evolution of Real-Time Analytics

The field of data analytics has undergone a significant
transformation over the past few decades, evolving
from traditional batch processing methods to real-time
data analytics frameworks. In the early stages, data
processing was primarily batch-oriented, meaning data
was collected, stored, and processed in bulk at
scheduled intervals (Hong-tan et al., 2021). This
approach, while effective for historical analysis, proved
to be inadequate for time-sensitive applications where
immediate insights are crucial. As businesses began to
recognize the competitive advantage of rapid data-
driven decision-making, the demand for real-time
analytics grew, prompting researchers and practitioners
to explore new paradigms for handling continuously
flowing data. The shift towards real-time analytics was
driven by the need to respond swiftly to customer
interactions, market fluctuations, and other dynamic

factors that influence business operations (Chui et al.,
2019). The emergence of pioneering technologies in the
early 2010s laid the groundwork for real-time data
stream processing. Notable frameworks such as Apache
Storm, developed by Twitter, introduced the concept of
processing data streams in real-time, enabling
businesses to extract actionable insights as data arrives.
Similarly, the development of Apache Kafka, initially
created by LinkedIn, provided a robust distributed
messaging system capable of handling large-scale data
streams with minimal latency (Hajjaji et al., 2021).
These technologies addressed the limitations of
traditional data warehouses by supporting continuous
data ingestion and analysis, making them suitable for
high-velocity environments. The introduction of
Apache Flink further enhanced real-time analytics by
offering advanced capabilities for stateful stream
processing, which is essential for applications requiring
complex event processing. These advancements
represent a pivotal shift towards enabling real-time data
analysis, which is now a cornerstone in modern data-
driven strategies (Ahmadova et al., 2021).

The shift from batch to real-time processing was not
solely a technological innovation but also a response to
changing business demands. As data volumes and
velocity increased, organizations needed to move
beyond static reporting to more dynamic, real-time
analytics (Karyotis et al., 2018). Research shows that
real-time analytics is particularly beneficial in
industries where the timeliness of insights directly
impacts performance, such as financial services,
healthcare, and e-commerce (Karyotis et al., 2018;
Rehman et al., 2018). For example, in finance, real-time
analytics supports high-frequency trading and fraud
detection by processing vast amounts of data within
milliseconds (Hong-tan et al.,, 2021). Similarly,
healthcare providers leverage real-time patient data to

Figure 3: Evolution to Real Time Analytics
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improve diagnostics and treatment outcomes,
demonstrating the transformative impact of real-time
data on critical decision-making processes. The
growing need for real-time insights has been further
accelerated by the rise of loT devices and the
proliferation of big data (Hajjaji et al., 2021; Shamim,
2022). 10T sensors continuously generate massive
amounts of data that require immediate processing to
optimize operations, such as smart traffic management
and predictive maintenance. In this context, the
transition from batch to stream processing is not only a
technological evolution but also an adaptation to the
increasing complexity and volume of data generated in
real-time scenarios. The convergence of cloud
computing and edge processing has also played a
critical role, enabling scalable solutions that can handle
the high velocity and volume of data streams (Moreno
etal., 2017). These developments highlight the ongoing
evolution of real-time analytics as a critical component
in leveraging big data for operational agility and
competitive advantage.

2.2  Architectures and Frameworks for Real-Time
Data Stream Processing

The rapid growth of real-time data analytics has led to
the development of specialized architectures and
frameworks designed to handle high-volume and high-
velocity data streams. Among the most influential
frameworks are Apache Storm, Apache Kafka, and
Apache Flink, which have been widely adopted across
industries due to their capabilities in processing large-
scale streaming data with low latency (Ahmed et al.,
2021; Celesti & Fazio, 2019; Machorro-Cano et al.,
2020). Apache Storm was one of the first frameworks
to enable real-time stream processing, providing a
distributed and fault-tolerant system that processes data

Figure 4: Exploring Real-Time Data Stream Processing
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as it arrives. On the other hand, Apache Kafka,

originally developed by Linkedln, offers a highly
scalable messaging system that supports real-time data
pipelines by enabling data streams to be processed in a
distributed manner. Apache Flink further extends these
capabilities by offering advanced state management and
windowing features, which are essential for complex
event processing (Hussain et al., 2020; Rodriguez-
Mazahua et al., 2015). The evolution of these
frameworks has laid the foundation for the current state
of real-time analytics.

The architecture of real-time data stream processing
frameworks plays a crucial role in their ability to handle
the high velocity and volume of streaming data. Studies
have shown that a well-designed architecture is critical
for ensuring both scalability and low-latency
performance in distributed environments (Celesti &
Fazio, 2019). For instance, Apache Kafka uses a log-
based distributed architecture, allowing it to support
high-throughput data ingestion and replication across
multiple nodes, which is particularly useful in
environments where data loss is unacceptable
(Rodriguez-Mazahua et al., 2015). In contrast, Apache
Flink uses a dataflow programming model that enables
real-time computations with fine-grained state
management, making it ideal for applications requiring
event time processing and low-latency analytics (Zhang
et al., 2018). By comparing these architectural designs,
researchers have identified that the choice of framework
often depends on the specific requirements of the
application, such as data volume, latency tolerance, and
fault-tolerance capabilities (Rodriguez-Mazahua et al.,
2015).

Distributed computing techniques are essential for
achieving low-latency processing in real-time data
analytics. By leveraging a cluster of interconnected
nodes, these techniques allow for parallel processing of
data streams, thereby reducing bottlenecks and
enhancing system performance (Rieke et al., 2018;
Zhang et al., 2018). Apache Storm, for example, uses a
master-worker architecture where the master node
(Nimbus)  distributes tasks to worker nodes
(Supervisors),  optimizing  resource  utilization
(Rodriguez-Mazahua et al., 2015). Similarly, Flink's
distributed processing engine uses a stream processor
that divides tasks into smaller, parallel units, thereby
improving the speed and efficiency of data processing
(Ewen et al.,, 2018). The integration of distributed
computing techniques with real-time analytics
frameworks is crucial for industries like finance and
telecommunications, where even minor delays in data
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processing can result in significant financial losses.
Despite the advancements in stream processing
frameworks, challenges related to scalability, fault
tolerance, and resource management persist. For
instance, managing state in distributed stream
processing systems can be complex, especially when
scaling horizontally to handle increased data loads
(Kaur et al., 2021; Saika et al., 2024; Sohel et al., 2024;
Uddin et al., 2024). To address these challenges, cloud-
native architectures and microservices are increasingly
being adopted, enabling real-time data analytics
systems to scale dynamically based on workload.
Additionally, edge computing is emerging as a solution
to reduce latency by processing data closer to the
source, thereby reducing the load on central servers.
These ongoing developments suggest that while
existing frameworks like Kafka, Storm, and Flink
provide robust solutions, continuous innovation in
architecture design and distributed processing
techniques is necessary to keep up with the growing
demands of real-time data analytics.

2.3 Machine Learning Models for Real-Time
Predictions

The integration of machine learning (ML) with real-
time data streams has become a cornerstone of modern
analytics, enabling predictive capabilities that enhance
decision-making across various industries (Meghana et
al., 2021; Syafrudin et al., 2018). Traditional machine
learning models were initially designed for static
datasets, often requiring offline training and batch
processing, which limits their applicability in real-time
Figure 5: Achieving Real-Time ML Predictions
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Zantalis et al., 2019). However, advancements in real-
time analytics frameworks have made it possible to
continuously train and update ML models using
streaming data, thereby allowing for instant predictions
and adaptive responses to changing data patterns
(Diaconita, 2015). This shift is particularly significant
in high-stakes industries like finance and healthcare,
where the ability to process and act on real-time insights
can lead to substantial competitive advantages (Istiak &
Hwang, 2024; Istiak et al., 2023; Zantalis et al., 2019).
Techniques for integrating machine learning with
streaming data primarily focus on models that can learn
incrementally, adjusting to new data without retraining
from scratch (Meghana et al., 2021; Prastyo et al.,
2019). Online learning algorithms, such as stochastic
gradient descent and adaptive boosting, are commonly
used to update models continuously as new data points
are ingested (Zantalis et al., 2019). These methods are
complemented by real-time feature engineering and
data preprocessing pipelines that enable models to
handle high-velocity data efficiently (Priyadarshini et
al., 2018). Moreover, stream processing platforms like
Apache Flink and Kafka Streams have integrated ML
libraries that facilitate seamless deployment of
predictive models on streaming data, allowing for real-
time classification, clustering, and anomaly detection
(Meghana et al., 2021; Zantalis et al., 2019). The
continuous adaptation of these models ensures that they
remain accurate and relevant in dynamic environments.
In practical applications, the use of machine learning
models for real-time predictions has been
transformative in sectors such as finance, healthcare,
and smart cities (Ashrafuzzaman, 2024; Prastyo et al.,
2019; Rahman et al., 2024). In finance, predictive
analytics on streaming data enables high-frequency
trading algorithms to react to market changes in
milliseconds, providing traders with a competitive edge
(Priyadarshini et al., 2018). Similarly, in the healthcare
sector, real-time monitoring of patient data streams
allows for early detection of anomalies, potentially
preventing critical health incidents. Smart city
initiatives leverage streaming data from 10T sensors to
optimize urban infrastructure, such as traffic
management and energy usage, using real-time
predictive models to enhance efficiency and reduce
costs. These use cases demonstrate the versatility and
impact of real-time ML applications, where instant
data-driven insights are crucial for operational success
(He et al., 2018; Zheng et al., 2019).
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2.4 Scalability and
Streaming Big Data

Latency Challenges in

One of the primary challenges in real-time analytics is
achieving scalability to handle the ever-growing
volume, velocity, and variety of streaming big data. As
data streams increase in scale, traditional processing
systems often struggle to maintain performance, leading
to delays in analytics and decision-making (Prastyo et
al., 2019). Researchers have noted that scalability issues
are particularly pronounced when real-time analytics
systems are required to process data continuously, as
they need to ensure minimal latency while maintaining
high throughput (Prastyo et al., 2019; Zantalis et al.,
2019). Scalability not only depends on the underlying
hardware but also on the efficiency of the data
processing frameworks, such as Apache Kafka and
Flink, which have been optimized to handle large-scale
distributed processing (Goswami & Kumar, 2022; He et
al., 2018). Without proper scalability, organizations
may face significant bottlenecks in deriving actionable
insights from streaming data. Latency reduction is
another  critical concern in streaming data
environments, as even minor delays can diminish the
value of real-time analytics, particularly in industries
like finance and healthcare where timely insights are
crucial (Xiao et al., 2018; Zheng et al., 2019). To
address this, edge computing has emerged as a
promising solution that reduces latency by processing
data closer to its source, thereby minimizing the round-
trip time to central servers (Dong et al., 2024). In-
memory processing techniques, such as those used in
Apache Spark Streaming, also play a crucial role in
reducing data access time by storing frequently
accessed data in RAM rather than slower disk storage.
By leveraging these technologies, organizations can
enhance the speed and efficiency of their real-time
analytics systems, thereby enabling faster response
times and better decision-making capabilities.
Moreover, emerging solutions for enhancing scalability
and reducing latency focus on optimizing distributed
environments where data is processed across multiple
nodes (Li et al., 2021). For instance, microservices
architectures and containerization have enabled real-
time analytics platforms to scale dynamically based on
workload demands, thus improving system agility
(Chhabra et al., 2018). Researchers have also explored
the use of serverless computing, where resources are
automatically allocated based on the volume of
incoming data streams, further enhancing the scalability
of analytics systems (Jan et al., 2021). Additionally, the

integration of Al-driven optimization algorithms in
stream processing frameworks can automate the
adjustment of resources to handle spikes in data volume
without impacting performance (Jan et al., 2021;
Rajendran et al., 2022). These innovations are crucial
for maintaining the effectiveness of real-time analytics
in high-demand scenarios.

2.5 Cloud-Native Solutions and Edge Computing
for Real-Time Analytics

The adoption of cloud computing has revolutionized the
way organizations approach real-time analytics,
providing scalable and flexible solutions for processing
vast streams of data (Lakshmanaprabu et al., 2018; Luo
et al., 2019). Cloud-native architectures allow
businesses to dynamically allocate resources based on
workload demands, thereby optimizing performance
and reducing costs (Ahmed et al., 2021). By leveraging
cloud infrastructure, companies can process and
analyze real-time data without being constrained by on-
premises hardware limitations (Machorro-Cano et al.,
2020). Moreover, cloud platforms such as Amazon Web
Services (AWS), Microsoft Azure, and Google Cloud
offer integrated services that support streaming data
pipelines, real-time analytics, and machine learning,
enabling organizations to build and deploy scalable
analytics solutions rapidly (Hassan et al., 2022). These
capabilities are essential for industries that require
immediate insights, such as finance, retail, and
healthcare.

While cloud-based solutions offer significant
scalability, they often face latency challenges due to
data transmission times between remote data centers
and end-users (Rahul et al., 2020; Zhou et al., 2017). To
address this, edge computing has emerged as a
complementary approach by processing data closer to
its source, thereby reducing latency and bandwidth
usage (Shahid et al., 2021). Unlike cloud computing,
which relies on centralized data processing, edge
computing distributes processing tasks across devices
located at the network's periphery. This hybrid approach
allows organizations to balance the scalability of cloud
computing with the speed of edge processing, which is
particularly beneficial in scenarios requiring real-time
responses, such as autonomous vehicles, smart cities,
and loT-enabled manufacturing. By deploying edge
nodes to preprocess data before sending it to the cloud,
organizations can optimize both latency and
throughput.
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The debate between cloud-based and edge-based
solutions often centers on factors such as data privacy,
cost, and scalability (Alves et al., 2019; Nti et al., 2022).
While cloud-native architectures provide the advantage
of centralized data management and robust analytics
capabilities, they may not be suitable for applications
where data privacy is a concern, such as healthcare and
finance (Shaji et al., 2022). Edge computing, on the
other hand, offers localized data processing, which
enhances privacy by reducing the need to transmit
sensitive information to external data centers. However,
edge solutions may involve higher maintenance costs
and require specialized hardware, which can limit
scalability (Hossain et al., 2020). Thus, many
organizations are adopting hybrid models that combine
the strengths of both cloud and edge computing to meet
their real-time analytics needs efficiently. Several case
studies have demonstrated the effectiveness of cloud-
native and edge computing architectures in real-time
analytics applications. For example, in the retail sector,
Walmart uses a hybrid cloud-edge strategy to analyze
customer behavior in real-time, optimizing inventory
and enhancing customer experiences (Alves et al.,
2019; Hossain et al., 2020). In the healthcare industry,
cloud-based platforms enable real-time patient
monitoring by integrating edge devices with centralized
analytics systems to detect anomalies and predict health
outcomes. Additionally, smart city projects utilize a
combination of cloud and edge computing to manage
real-time data from 10T sensors for traffic optimization
and environmental monitoring. These case studies
illustrate that the convergence of cloud-native and edge
computing can significantly enhance the effectiveness

Figure 6: Computing Solutions for Realtime analytics
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of real-time analytics, particularly in environments
where low latency and scalability are critical.

2.6 Data Privacy and Security Considerations in
Real-Time Analytics

As real-time analytics systems increasingly rely on
streaming data from various sources, addressing data
privacy has become a critical concern, especially in
regulated industries like finance and healthcare.
Continuous data streams often contain sensitive
information, such as financial transactions or patient
health records, which must be protected to prevent
unauthorized access. Organizations are under growing
pressure to comply with stringent regulations like the
General Data Protection Regulation (GDPR) and the
Health Insurance Portability and Accountability Act
(HIPAA), which impose strict guidelines on how data
should be collected, processed, and stored (Mansour et
al., 2021). Failing to adhere to these regulations can
result in significant fines and reputational damage,
driving the need for robust privacy-preserving
techniques in real-time analytics.
Security measures are essential for protecting real-time
analytics systems from cyber threats, which have
become more sophisticated with the rise of continuous
data processing (Rahul et al., 2020; Zhou et al., 2017).
Given the high-speed nature of real-time data streams,
traditional security protocols are often insufficient to
safeguard against emerging threats such as Distributed
Denial of Service (DDoS) attacks, data breaches, and
ransomware (Alves et al., 2019). To mitigate these
risks, organizations are increasingly deploying
encryption, tokenization, and real-time anomaly
detection systems to secure data both in transit and at
rest (Alves et al., 2019; Rahul et al., 2020). For
instance, incorporating machine learning models to
detect unusual patterns in streaming data can enable
proactive responses to potential security breaches,
thereby enhancing the resilience of real-time analytics
systems. The regulatory implications of real-time data
analytics are profound, as continuous data streams
challenge the conventional boundaries of data
governance. Real-time analytics platforms must not
only ensure data privacy but also maintain
compliance with dynamic regulatory requirements,
which vary across jurisdictions (Jahanbakht et al.,
2021). Privacy-enhancing technologies, such as
differential privacy and federated learning, have
emerged as solutions to help organizations comply
with data protection laws while still leveraging
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streaming data for analytics. These technologies
minimize the exposure of sensitive data by either
anonymizing data sets or decentralizing data processing
to ensure that personal information is not transmitted
outside secure boundaries (Shahid et al., 2021). By
implementing such  privacy-preserving methods,
organizations can maintain compliance  while
optimizing their real-time analytics capabilities.

Best practices for securing real-time analytics systems
involve a combination of technical and procedural
measures to safeguard against potential threats (He et
al., 2018; Zantalis et al., 2019). This includes adopting
a zero-trust security model, where every access request
is verified, and leveraging cloud-native security

solutions to monitor and respond to threats in real-time.
Additionally, organizations are investing in automated
compliance monitoring tools that continuously assess
real-time data streams against regulatory benchmarks to
detect potential breaches before they occur. Case
studies in the financial sector show that implementing
multi-layered security strategies not only protects
sensitive data but also enhances operational efficiency
by reducing the overhead associated with manual
compliance checks (Priyadarshini et al., 2018). These
best practices are crucial for organizations aiming to
harness the benefits of real-time analytics while
maintaining data privacy and regulatory compliance.

Real-time data insights have a profound impact on

Figure 7: Data Privacy and Security Considerations
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2.7 Applications of Real-Time Analytics Across
Industries

The implementation of real-time analytics has
significantly transformed various industries, including
finance, healthcare, and urban planning, by enabling
timely decision-making and enhancing operational
efficiency. In the finance sector, real-time analytics is
widely used for fraud detection, algorithmic trading,
and risk management, allowing organizations to process
large volumes of transactional data instantly. For
instance, by analyzing streaming financial data, banks
can detect fraudulent activities in real-time and take
immediate preventive actions, thereby reducing
potential losses (Xiao et al., 2018). In healthcare, real-
time analytics aids in monitoring patient vitals,
optimizing emergency responses, and predicting
disease outbreaks, which significantly improves patient
outcomes and healthcare management (Meghana et al.,
2021; Xiao et al., 2018). Similarly, urban planning
initiatives leverage real-time data from 10T sensors to
manage traffic flows, reduce congestion, and enhance
public safety (Ali, 2018).

business operations, decision-making, and customer
experiences, providing companies with the agility to
respond to market changes rapidly (Babar & Arif, 2018;
Zheng et al., 2019). By leveraging streaming analytics,
businesses can optimize supply chain operations,
personalize customer interactions, and enhance product
recommendations based on immediate customer
feedback (Rathore et al., 2016; Safaei, 2016). For
example, e-commerce platforms use real-time analytics
to analyze user behavior and optimize inventory levels,
ensuring products are available to meet dynamic
consumer demands. Additionally, real-time customer
sentiment analysis on social media allows brands to
adjust marketing strategies on-the-fly, thus improving
customer satisfaction and loyalty (Ahmed et al., 2017;
Priyadarshini et al., 2018). This agile approach to
decision-making is particularly crucial in industries
where customer preferences can shift rapidly.
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The transformative role of real-time analytics extends
beyond operational improvements to fostering
organizational agility, which is essential for staying
competitive in today’s fast-paced business environment
(Rathore et al., 2016). Organizations that adopt real-
time analytics can anticipate changes in market trends,
enabling them to pivot strategies quickly and effectively
(Safa & Pandian, 2021). For instance, retailers use real-
time analytics to adjust pricing strategies and
promotions based on real-time sales data, allowing them
to maximize revenue during peak demand periods (Al-
Ali et al., 2017; Ullah et al., 2017). In the context of
smart cities, real-time analytics empowers city planners
to manage resources efficiently, optimize energy usage,
and improve public services, contributing to sustainable
urban development. These capabilities demonstrate
how real-time analytics can enhance not only
operational efficiency but also long-term strategic
planning. Despite its benefits, the integration of real-
time analytics into organizational processes presents
challenges, particularly in terms of scalability, data
privacy, and infrastructure. Many companies face
difficulties in scaling their analytics systems to handle
the continuous influx of streaming data while ensuring
data security and compliance. Emerging solutions, such
as cloud-native architectures and edge computing, are
being adopted to address these challenges by providing
flexible, scalable infrastructures that can adapt to
fluctuating data volumes (Gohar, Muzammal, et al.,
2018). Additionally, automated machine learning
models are being deployed to enhance the predictive
accuracy of real-time analytics systems, further
improving organizational agility. These advancements
Figure 8: Cycle of Real-Time Analytics Impact
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highlight the critical role of real-time analytics in
driving digital transformation across industries.

3 FINDINGS

The review of 50 peer-reviewed articles revealed
significant insights into the current state of real-time
analytics across various industries, with a focus on
scalability, latency, and the integration of machine
learning models for real-time predictions. One of the
key findings from 36 of these studies is the growing
reliance on stream processing frameworks such as
Apache Kafka, Apache Flink, and Apache Storm to
handle high-volume and high-velocity data streams.
These frameworks were found to be essential in
industries like finance and healthcare, where rapid data
ingestion and low-latency processing are critical for
real-time decision-making. Among the reviewed
studies, 28 reported that organizations leveraging these
frameworks were able to achieve considerable
improvements in operational efficiency, highlighting
the transformative potential of real-time analytics in
optimizing business processes. Another significant
finding, reported in 30 of the reviewed studies, is the
critical role of machine learning in enhancing real-time
predictive analytics. Continuous learning models,
capable of updating in real-time with incoming data
streams, were identified as a game-changer for sectors
like healthcare and smart cities. For instance, 19 studies
focused on the healthcare industry noted that real-time
predictive models significantly improved patient
monitoring and early diagnosis by leveraging
continuous data from loT sensors. Additionally, 11
studies on smart city applications highlighted how real-
time machine learning models are used for traffic
management and resource allocation, leading to more
efficient urban planning. The ability of these models to
adapt and learn from streaming data is seen as a key
factor in achieving operational agility in rapidly
changing environments.

Scalability and latency challenges were prominent
themes in 42 of the articles reviewed, particularly in the
context of processing large volumes of continuous data
streams. Many of these studies (24 articles) emphasized
that existing architectures often struggle to scale
efficiently when faced with the increasing data velocity
typical of 10T and sensor networks. The use of cloud-
native solutions and edge computing was frequently
cited as a strategy to overcome these limitations, with
18 studies specifically discussing how edge computing
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Figure 9: Studies on Real-Time Analytics
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reduces latency by processing data closer to its source.
This reduction in latency was reported to be particularly
beneficial in real-time applications such as autonomous
vehicles and emergency response systems, where even
a few milliseconds of delay can have significant
implications.

Data privacy and security emerged as critical concerns,
as discussed in 38 of the reviewed articles. Continuous
data streams pose unique challenges for maintaining
data privacy, especially in regulated industries like
finance and healthcare. Of these articles, 25 emphasized
the need for real-time encryption and anomaly detection

systems to protect against potential data breaches and
cyber threats.

Additionally, 13 studies highlighted the importance of
complying with data protection regulations, such as
GDPR, when deploying real-time analytics solutions.
These findings underscore the importance of integrating
robust security measures into real-time analytics
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initiatives. For example, 20 articles demonstrated the
impact of real-time analytics on enhancing customer
experiences in the retail sector through personalized
marketing and dynamic pricing. Meanwhile, 15 studies
highlighted the use of real-time analytics in the financial
sector for fraud detection and algorithmic trading.
Additionally, 5 articles explored the role of real-time
data in optimizing energy management and resource
allocation in smart cities. These use cases illustrate the
widespread adoption.

4 DISCUSSION

The findings of this systematic review align with
previous research on the growing adoption of real-time
analytics frameworks in high-impact sectors such as
finance, healthcare, and smart cities. Earlier studies,
such as those by Paul et al. (2016) and Ahmad et al.
(2019), emphasized that traditional batch processing
systems were becoming inadequate for organizations
seeking to derive timely insights from continuous data
streams. Our review corroborates this shift, with 36 out
of the 50 reviewed articles indicating a strong
preference for stream processing frameworks like
Apache Kafka and Flink. This trend reflects the
increasing importance of real-time data processing for
improving operational efficiency and decision-making.
However, unlike prior research, which primarily
focused on the technical capabilities of these
frameworks, our findings highlight the practical
applications and measurable impact on industries. This
demonstrates a maturation in the field, where
organizations are not only adopting real-time analytics
technologies but also strategically integrating them into
their business models to drive competitiveness.

The integration of machine learning with real-time
analytics has been another area of growing interest, as
confirmed by our findings from 30 articles focusing on
continuous learning models. This supports the
conclusions drawn by Goswami and Kumar (2022) and
Dolev et al. (2019), who identified that machine
learning models optimized for real-time data are
essential for applications that require immediate
predictions and adaptive responses. However, while
prior studies primarily focused on the technical
development of these models, our review reveals a
broader adoption in practical settings such as healthcare
and urban planning. For instance, our analysis shows
that real-time machine learning models are now being
actively used in smart cities to optimize traffic flow and

reduce congestion, a use case that was previously
discussed only in theoretical terms (Goswami & Kumar,
2022). The expansion of these applications into
practical, large-scale implementations suggests that
advancements in machine learning have reached a level
of maturity where they can be reliably integrated into
critical systems.
Our findings also extend the current understanding of
scalability and latency challenges in real-time data
processing, which have been extensively discussed in
earlier research by Babar and Arif (2018) and Rathore
et al. (2016). While previous studies often highlighted
scalability as a significant technical hurdle, our review
identifies emerging solutions, such as cloud-native and
edge computing, that are actively being deployed to
mitigate these issues. For example, 24 of the reviewed
articles emphasized how edge computing reduces
latency by processing data closer to its source, thereby
addressing the bottlenecks previously identified by
Safaei (2016). This finding indicates a shift in focus
from simply acknowledging scalability challenges to
actively exploring and implementing practical
solutions. However, the adoption of these solutions is
still uneven across industries, suggesting that while the
technology is available, there are barriers to widespread
implementation, such as cost, infrastructure, and
regulatory concerns.
The emphasis on data privacy and security in real-time
analytics, as highlighted in 38 of our reviewed articles,
shows an increased awareness of the risks associated
with continuous data streams. This concern aligns with
earlier studies by Jamil et al. (2022) and Ahmed et al.
(2017), who noted the potential vulnerabilities in
systems that process large volumes of sensitive data in
real-time. Our review extends this discussion by
revealing that organizations are increasingly adopting
advanced security measures, such as real-time
encryption and anomaly detection, to safeguard
streaming data. However, our findings also suggest that
the regulatory landscape remains a significant
challenge, with many organizations struggling to
comply with data protection regulations like GDPR
while maintaining the speed and flexibility of their
analytics systems. This highlights an ongoing tension
between the need for real-time insights and the
imperative to protect data privacy. In addition, the
analysis of industry-specific applications of real-time
analytics confirms that organizations across various
sectors are leveraging these technologies to enhance
their operational agility. Previous studies by Safaei
32|Page


https://journal.aimintlllc.com/index.php/ITEJ

Innovatech Engineering Journal
Page No: 22-37

(2016) and Goswami and Kumar (2022)focused on the
potential benefits of real-time analytics for business
agility, particularly in the financial and healthcare
sectors. Our review not only supports these findings but
also demonstrates that real-time analytics is being
increasingly adopted in new domains, such as smart
cities and e-commerce, to optimize customer
experiences and resource management. For instance,
while earlier research primarily explored theoretical
models, our findings show concrete examples of
companies like Walmart and healthcare providers using
real-time analytics to drive immediate business value.
This indicates that the practical benefits of real-time
analytics have moved beyond theoretical discussions
into tangible outcomes, thus solidifying its role as a
strategic asset in modern business environments.

5 CONCLUSION

This systematic review highlights the critical role of
real-time analytics in transforming business operations,
decision-making, and customer engagement across
various industries. The findings reveal that
advancements in stream processing frameworks,
machine learning models, and scalable cloud-native
solutions have enabled organizations to harness the full
potential of streaming big data. However, challenges
related to scalability, latency, and data privacy continue
to pose significant hurdles, especially in sectors like
healthcare, finance, and urban planning where data
sensitivity and rapid response times are paramount. The
integration of edge computing and real-time machine
learning has emerged as a promising solution to address
these issues, allowing organizations to process data
closer to its source, thereby reducing latency and
enhancing agility.  Furthermore, as industries
increasingly adopt real-time analytics to gain a
competitive edge, there is a growing need for robust
security measures and compliance frameworks to
protect continuous data streams from cyber threats. This
review underscores that while substantial progress has
been made, future research should focus on optimizing
real-time analytics systems to balance performance,
scalability, and privacy concerns, thereby unlocking
new opportunities for innovation and efficiency in an
increasingly data-driven world.
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