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Abstract: This paper presents a comprehensive literature review on the advancements in dimensional modeling techniques tailored for
real-time analytics. With the proliferation of streaming data sources and the increasing demand for immediate insights, organizations are
seeking effective strategies to build dimensional models capable of handling streaming data streams. This review synthesizes key
architectural approaches, data modeling techniques, and emerging technologies in the realm of real-time dimensional modeling. By
examining recent research and industry practices, this paper provides insights into the challenges, best practices, and future directions in

this evolving field.
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1. Introduction

The advent of streaming data sources, such as 10T devices,
social media feeds, and transactional systems, has
revolutionized the way organizations collect and analyze
data. Traditional batch processing approaches are no longer
sufficient to meet the demands for real-time insights. As a
result, there is a growing need for dimensional modeling
techniques that can seamlessly integrate streaming data into
analytical workflows. This literature review aims to explore
the various dimensions of real-time dimensional modeling,
including architectures, data modeling approaches, and
technologies.

2. Architectures for Real-Time Analytics

This section examines prominent architectural frameworks
for real-time analytics, including Lambda Architecture,
Kappa Architecture, and Microservices Architecture. Each
architecture offers distinct advantages and trade-offs in
terms of scalability, fault-tolerance, and processing latency.
By analyzing recent studies and industry implementations,
we highlight the key considerations for selecting an
appropriate  architecture  for real-time dimensional
modeling.

In real-time analytics, several architectural frameworks
stand out, each offering distinct advantages and trade-offs.
One prominent framework is Lambda Architecture, which
combines batch processing and stream processing. This
allows for handling both historical data analysis (batch
layer) and real-time data processing (speed layer). The
advantage of Lambda Architecture lies in its ability to
provide accurate results with fault tolerance, ensuring
reliability in real-time analytics. However as [1] mentioned,
its complexity to move multiple parts through coding and
maintenance overhead can be challenging.

Another notable framework is Kappa Architecture, which
simplifies the architecture by using only stream processing.
This streamlines the process, making it easier to manage and
reducing latency. Kappa Architecture is particularly suitable

for scenarios where real-time processing is the primary
concern, offering simplicity and agility. However, it may
lack the ability to handle historical data efficiently compared
to Lambda Architecture.

Recent studies and industry implementations have shown a
growing trend towards adopting cloud-based architectures
for real-time analytics. Cloud platforms like AWS, Azure,
and Google Cloud offer various services tailored for real-
time data processing, such as AWS Kinesis, Azure Stream
Analytics, and Google Cloud Dataflow. These services
provide scalability, flexibility, and managed infrastructure,
enabling organizations to focus more on analytics rather
than infrastructure management. Another added advantage
is that cloud users do not have to bear the cost of the
infrastructure development as noted by [2].

When selecting an appropriate architecture for real-time
dimensional modeling, several key considerations come into
play. Firstly, the nature of the data and the specific
requirements of the use case should be carefully assessed.
Factors such as data volume, velocity, variety, and veracity
will influence the choice of architecture. Additionally, the
level of latency tolerance and the need for fault tolerance
and scalability should be considered. The skills and
resources available within the organization play a crucial
role. Some architectures may require specialized knowledge
or expertise in certain technologies. Thus, it's essential to
evaluate the organization's capabilities and determine the
feasibility of implementing and maintaining the chosen
architecture.

Selecting the right architectural framework for real-time
dimensional modeling involves weighing the advantages
and trade-offs of different approaches, considering the
specific requirements of the use case, and assessing
organizational capabilities. Whether opting for Lambda
Architecture, Kappa Architecture, or leveraging cloud-
based services, organizations must align their architecture
with their analytical goals and operational realities to derive
maximum value from real-time analytics.
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3. Data Modeling Approaches

In this section, we delve into different data modeling
approaches tailored for real-time analytics, such as Schema-
on-Read and Schema-on-Write. We discuss the implications
of these approaches on data ingestion, processing, and query
performance. Furthermore, we explore techniques for
handling evolving schemas and heterogeneous data sources
in real-time dimensional models.

In real-time analytics, two primary data modeling
approaches are Schema-on-Read and Schema-on-Write.
Schema-on-Read involves storing raw data without
imposing a specific structure initially. The schema is applied
only when the data is read for analysis, allowing flexibility
and agility in handling diverse data sources and formats.
This approach simplifies data ingestion as data can be
captured rapidly without strict formatting requirements.
However, query performance may suffer as schema
inference and processing overhead are incurred during data
retrieval. As [3] mentions, this type of approach is quite
useful with dense data. On the other hand, Schema-on-Write
requires defining the data schema before ingestion. Data is
structured and stored according to this schema upfront,
facilitating faster query execution and ensuring data
consistency. While Schema-on-Write enhances query
performance, it can be challenging to accommodate
evolving schemas and heterogeneous data sources. Any
changes to the schema necessitate data transformation and
potentially disrupt data pipelines.

To address evolving schemas and heterogeneous data
sources in real-time dimensional models, organizations
employ various techniques. One common approach is
schema evolution, where mechanisms are implemented to
handle schema changes gracefully. This involves versioning
schemas, supporting backward and forward compatibility,
and employing techniques like schema stitching to merge
disparate schemas.

Additionally, organizations leverage data integration tools
and middleware to unify data from heterogeneous sources.
These tools offer connectors and adapters to ingest data
from various systems, standardize formats, and perform data
cleansing and transformation in real-time. The choice
between Schema-on-Read and Schema-on-Write impacts
data ingestion, processing, and query performance in real-
time analytics. While Schema-on-Read provides flexibility
but may suffer from processing overhead, Schema-on-Write
offers better query performance but requires upfront schema
definition and may struggle with evolving schemas and
heterogeneous data sources. Employing techniques like
schema evolution and data integration can help mitigate
these challenges in real-time dimensional modeling.

4. Technologies for Real-Time Dimensional
Modeling

This section reviews the latest advancements in
technologies supporting real-time dimensional modeling,
including Apache Kafka, Apache Flink, Amazon Kinesis,
and Google Cloud Dataflow. We examine the features,

capabilities, and use cases of each technology, as well as
their integration with popular data storage and analytics
platforms. Additionally, we discuss emerging trends such as
serverless computing and edge analytics in the context of
real-time dimensional modeling.

In recent years, several technologies have advanced real-
time dimensional modeling, catering to diverse use cases
and data processing needs. Apache Kafka, a distributed
streaming platform, excels in handling high-throughput,
real-time data streams. It provides fault tolerance,
scalability, and durable storage, making it suitable for use
cases like event sourcing, log aggregation, and stream
processing. Kafka integrates seamlessly with popular data
storage and analytics platforms like Apache Hadoop,
Apache Spark, and Elasticsearch.

Apache Flink, a powerful stream processing framework,
offers stateful computations, event-time processing, and
exactly-once semantics. It supports complex event
processing and real-time analytics with low latency, making
it ideal for applications requiring sophisticated event-driven
logic. Flink integrates well with storage systems like
Apache HBase, Amazon S3, and Google Cloud Storage.

Amazon Kinesis, a managed streaming service by AWS,
simplifies the ingestion and processing of real-time data at
scale. It offers capabilities for data streaming, real-time
analytics, and event-driven applications. Kinesis integrates
seamlessly with AWS services like Amazon S3, Amazon
Redshift, and Amazon DynamoDB. As the authors mention
in [4], strength of Kinesis lies in the replica placement model
which provides balance between load and storage.

Google Cloud Dataflow provides a fully managed stream
and batch processing service, offering unified batch and
stream processing capabilities. It supports auto-scaling,
dynamic work rebalancing, and processing-time and event-
time triggers. Dataflow integrates tightly with Google Cloud
Storage, BigQuery, and Pub/Sub. Emerging trends like
serverless computing and edge analytics are increasingly
influencing real-time dimensional modeling. Serverless
computing platforms like AWS Lambda and Google Cloud
Functions enable developers to focus on code without
managing infrastructure, offering scalability and cost-
effectiveness for real-time analytics applications. Edge
analytics, leveraging edge computing devices, process data
closer to the source, reducing latency and bandwidth usage,
making it suitable for scenarios with stringent real-time
requirements. These advancements in technologies, coupled
with emerging trends like serverless computing and edge
analytics, continue to shape the landscape of real-time
dimensional modeling, offering organizations robust
solutions for processing, analyzing, and deriving insights
from streaming data.

5. Best Practices and Challenges

We outline best practices for designing and implementing
real-time dimensional models, including partitioning and
sharding strategies, state management techniques, and data
quality governance. We also identify common challenges
faced by organizations in adopting real-time analytics
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solutions, such as scalability limitations, data consistency
issues, and operational complexity.

When designing and implementing real-time dimensional
models, several best practices can enhance efficiency and
effectiveness. Partitioning and sharding strategies involve
dividing data into smaller chunks to distribute workload and
improve query performance. State management techniques,
such as checkpointing and stateful processing, ensure fault
tolerance and consistency in real-time analytics. Data
quality governance is essential for maintaining accuracy and
reliability, involving processes for data validation,
cleansing, and monitoring.

However, organizations often encounter challenges in
adopting  real-time analytics  solutions.  Scalability
limitations may arise due to the increasing volume and
velocity of data streams, requiring careful architectural
design and resource management. Data consistency issues
can occur when dealing with distributed systems and
asynchronous data processing, necessitating robust
synchronization mechanisms. Operational complexity may
arise from managing diverse data sources, processing
pipelines, and integration with existing systems,
highlighting the need for streamlined workflows and
automation tools.

Addressing these challenges requires a holistic approach,
combining technical expertise, organizational alignment,
and continuous improvement. By adhering to best practices
and proactively mitigating challenges, organizations can
harness the power of real-time analytics to drive informed
decision-making and gain competitive advantage.

6. Future Directions

The potential future directions for research and innovation
in the field of real-time dimensional modeling include
advancements in stream processing algorithms, integration
with machine learning techniques, and the evolution of
cloud-native  architectures. By embracing these
developments, organizations can unlock new opportunities
for deriving timely insights from streaming data sources.

Future research and innovation in real-time dimensional
modeling may focus on several key areas. Advancements in
stream processing algorithms could lead to more efficient
and scalable processing of streaming data, enabling faster
analytics and decision-making. Integration with machine
learning techniques holds promise for enhancing predictive
analytics and anomaly detection in real-time, enabling
organizations to uncover valuable insights from streaming
data sources. [5] proposes how to leverage real time
analytics through the Internet of things. Many such
advancements will enable organizations to create
unprecedented efficiency.

The evolution of cloud-native architectures, with features
like serverless computing and edge computing, presents
opportunities for organizations to leverage scalable and
cost-effective infrastructure for real-time analytics. By
embracing these developments, organizations can unlock
new opportunities for deriving timely insights from

streaming data sources. They can gain a competitive edge
by detecting trends, identifying patterns, and responding to
events in real-time, leading to improved operational
efficiency, enhanced customer experiences, and informed
decision-making. Overall, continued innovation in real-time
dimensional modeling can empower organizations to extract
maximum value from their streaming data assets and stay
ahead in an increasingly dynamic and data-driven business
landscape.

7. Conclusion

This literature review provides a comprehensive overview
of the advancements in dimensional modeling techniques
for real-time analytics. By synthesizing recent research and
industry practices, we offer insights into the architectures,
data modeling approaches, and technologies shaping the
landscape of real-time dimensional modeling. As
organizations continue to harness the power of streaming
data, it is imperative to adopt scalable, flexible, and resilient
approaches to dimensional modeling to derive actionable
insights in real-time.
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