International Journal of Science and Research (1JSR)
ISSN: 2319-7064
ResearchGate Impact Factor (2018): 0.28 | SJIF (2018): 7.426

Architecting Real-Time Big Data Analytics: An
AWS-Powered Framework Integrating Al and ML
for Predictive Insights

Sai Tarun Kaniganti

Abstract: In the digital era, data generation from various sources such as 10T devices, social networks, and transactions has significantly
increased, necessitating efficient management solutions. AWS offers a comprehensive real-time data analytics system incorporating
Amazon Kinesis, Amazon S3, Amazon DynamoDB, and Amazon SageMaker to handle this influx effectively. By utilizing these tools,
organizations can process and analyze data in real-time, aiding in immediate decision-making crucial for sectors like finance,
manufacturing, and retail. The integration of Al and ML enhances predictability, allowing for advanced data analysis and timely insights,
which improves operational efficiency and customer experience. This architecture includes layers for data ingestion, processing, storage,
machine learning integration, and visualization, all designed to support scalable and real-time data analytics. The frameworks
implementation has demonstrated significant improvements in operational responsiveness and decision-making speed, proving essential

for maintaining market competitiveness and fostering innovation.
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1. Introduction

In today’s digital world, data proliferation is another feature
of growth in an organization, and it depends on technological
advancements. There is massive data generation from
different sources, which include IoT devices, social networks,
transactions, and many others. In research by IDC, global data
creation was estimated to reach over 180 zettabytes by 2025,
which calls for efficient data management, especially given
the large quantity involved (Reinsel et al., 2018). Processing
and analyzing such information in real-time are no longer a
plus but a must-have for the modern monopoly. Companies
that can turn big data into insights in the shortest time possible
are in a better position to make decisions that lead to
operational efficiency and improvement of customer
experience. Real-time data analysis entails processing data as
it is gathered without delay, offering valuable information that
can make a big difference to a business. For example, real-
time analysis is crucial in industries like finance for fraud,
manufacturing for equipment prediction, and the retail market
for consumer segmentation (Davenport & Harris, 2017). This
immediacy makes it possible for organizations to respond to
new trends and anomalies, hence achieving market
competitiveness.
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AWS has a comprehensive solution for real-time big data
solutions in the form of tools and services. AWS
infrastructure, including Amazon Kinesis Data Streams,
Amazon Kinesis Data Analytics, Amazon S3, Amazon
DynamoDB, and Amazon Sage Maker, is useful for building
a real-time analytics system that is fully scalable. For
example, Amazon Kinesis Data Streams can take millions of
events per second from different sources and record the data
without any data loss during periods of high consumer traffic
(Singh ET AL., 2016). This capability is essential in order to
sustain the credibility of data and its synchronization in real-
time applications. Artificial Intelligence (Al) and Machine
Learning (ML) in this architecture further boost
predictability. Al and ML can process large amounts of
streaming data and identify trends and potential issues that
could hardly be noticed using conventional statistical tools.
This integration makes possible the coding of models that
make predictions about future patterns and behaviors with a
view to preventing problems in advance.

Real-time data analytics on AWS, with the help of Al and
ML, presents a great boost in the efficient management of
organizational data. This approach also proves to be highly
effective and efficient in managing operations while
increasing possibilities for innovation and expansion, which
is valuable in the contemporary world characterized by heavy
reliance on data.

AWS-Powered Real-Time Data Analytics Architecture
The proposed architecture utilizes AWS to design an
intelligent, scalable, and efficient RT-DA pipeline. This
architecture is developed to accommodate the chaotic and
large amount of real-time data that originate from various
sources so that decision-makers can promptly make
appropriate decisions. The architecture comprises several key
components, including the ingestion layer, the streaming
layer, the storage layer, integration with machine learning
platforms, and the visualization and monitoring layer.
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Figure 2: Anomaly-detection

2. Data Ingestion

Retrieval of the high-throughput data stream from multiple
sources, including 10T devices, social media, and
transactional systems, is enabled by the Amazon Kinesis Data
Streams, which remains the cornerstone of our real-time data
analytics. Kinesis data streams can process millions of events
per second, and They are very reliable and can scale
horizontally without data loss during high ingestion rates
(Marcu ET AL., 2018). Another crucial facet of data
management for this service is its quality and coherence,
which are preserved while it passes through the receiving
system, which is an adequate basis for further steps in the
chain. High velocity is the critical attribute of contemporary
0T and big data applications. Amazon Kinesis data streams
deliver possibilities for capturing, processing, and analyzing
real-time data to assist organizations in quick-precision
decision-making or operational responsiveness (Madden et
al., 2019). In this way, Kinesis contributes to the probable
efficiency and effectiveness of the correspondent business
analytics pipeline based on data ingestion.
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Figure 3: Common streaming data enrichment patterns

Stream Processing

After the data has been collected, it must be conditioned and
transformed in real time to get the maximum value from it.
Amazon Kinesis Data Analytics offers the proper utilities for
stream processing since it allows users to process the data
using SQL or Apache Flink. This enables event and pattern
handling and even applied aggregations on the fly. Using
Kinesis Data Analytics, you can execute continuously
streaming data analysis to identify changes and occurrences
as they are happening and make a relevant response
immediately instead of a response to any occurrence or a trend

change of the determined time interval (Dean & Ghemawat,
2008). Stream processing is a core part of today's data
processing. It processes incoming data with immediate
feedback actions like fraud detection, network monitoring,
and recommendations, among others. The capability of
making complicated computations in real time assures
organizations' competitive advantage in utilizing timely and
precise data (Wu et al., 2015).

Data Storage

This means that the data that was preprocessed must be stored
in a way that would allow for its long-term preservation as
well as for the fast retrieval of this data. For these, Amazon
S3 (Simple et al.) and Amazon DynamoDB are crucial
components of our architecture. Amazon S3 solution is used
for the long-term storage of data to be used in the batch
process and any future operations (Borthakur, 2007).
Regarding other features, S3 also complements other AWS
services, allowing for easy management and access to data.
Amazon DynamoDB provides an efficient NoSQL database
for low latency access that can easily support a high volume
of transactions and queries. This implies that both the real-
time and the historical data are easily retrievable, which
assists in fulfilling a variety of analytical procurements
(DeCandia et al., 2007). Also, Amazon Timestream can be
used as a time-series dataset, which is capable of storing time
series data in an optimized manner through storing efficient
and pre-configured data querying for time-based data
intended to work with monitoring and forecasting apps
(Barrett et al., 2019).

Machine Learning Integration

To improve the efficiency of predictions and provide
advanced data analysis, the developed architecture includes
Amazon SageMaker. SageMaker is an end-to-end machine
learning service that enables organizations to build, train, and
implement machine learning models. When using SageMaker
combined with the real-time data pipeline, organizations can
feed the stream data, perform predictions using a stream of
data, and flag anomalies in real-time. Machine learning is the
culmination of converting primary data to meaningful
insights, especially in predictive maintenance, customer
behavior analysis, and abnormality detection. Interactive
model deployment and updates guarantee that an
organization's machine learning models can be optimized for
real-time predictions and provide optimum throughput
(Zaharia et al., 2016). SageMaker can also take advantage of
other AWS services like Kinesis and S3, which makes the
overall analytics flow even more optimal.

Visualization and Monitoring

The last element of the architecture is visualization and
monitoring, which are crucial for understanding the analyzed
real-time data and making a decision based on the received
information. Amazon QuickSight is used for real-time data
visualization through dashboards, thus assisting the
stakeholders in acquiring quick and real-time insights.
QuickSight's dashboard view and supporting features are
highly dynamic, enabling users to refer personally to the data,
explore data intensively, and make decisions based on the
goals set (Chaudhuri et al., 2011). Apart from visualization, it
is also crucial to track the status and health of the end-to-end
analytics function. Amazon CloudWatch monitors and logs
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all the stages of the pipeline and a system's health status, along
with all its metrics and trends. CloudWatch allows sending
notifications and creating actions to address problems and
guarantee the availability of the analytics infrastructure
(Barrett et al., 2013).

Innovative Approaches Using AWS Technologies

AWS provides different promising tools that organizations
can use to create complex solutions for data analysis. These
approaches harness the AWS strengths in scale, flexibility,
and performance to address the need for massive data
interface challenges. The concept of Lambda architecture,
Serverless computing, and AI/ML integrated features by
AWS are revolutionizing how organizations process data in
Real-time and Batch mode. The firms can enhance efficiency,
accuracy, and cost when processing the data through these
AWS services.
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Figure 4: Cloud Computing

Lambda Architecture for Real-Time and Batch

Processing

Lambda architecture, which uses AWS services, is the real-

time and batch data processing solution. This architecture

allows organizations to process enormous volumes of data in
the shortest time possible and undertake more detailed batch
analysis of stored data.

o« Speed Layer: The speed layer in the Lambda
architecture also processes real-time data. Real-time
processing for streaming data is crucial here and made
possible by Amazon Kinesis Data Analytics. Kinesis
Data Analytics can perform continuous queries and
complex event processing with SQL or Apache Flink,
leading to real-time insights derived from the data
streams (Chen et al., 2017). This real-time capability is
desirable for use cases needing real-time response, such
as fraud detection and pricing.

o Batch Layer: Amazon EMR (Elastic MapReduce) is
used for batch processing. EMR can process large
amounts of historical data stored in the Amazon S3 on a
large scale. With the help of frameworks like Apache
Hadoop and Apache Spark, EMR allows working with
big data, providing detailed information and deep
analysis of extensive data and their distribution, all in the
reporting stage (Zaharia et al., 2010). This batch layer
works in synergy with the speed layer by giving very
detailed information and analysis gathered from vast
amounts of data, which is essential in identifying trends
and future predictions on the market.

« Serving Layer: The serving layer merges the outputs of
speed and batch layers to give a consolidated data picture.

DynamoDB is used in this layer to store data, and
Amazon Elasticsearch Service is used in this layer to
serve query results to the users. Amazon’s DynamoDB
provides fast and manageable NoSQL database services
to access processed data instantly (DeCandia et al.,
2007). On the other hand, Elasticsearch offers flexibility
in search and data analysis since it allows users to query
the data and represent the results in various beautiful
ways (Gormley & Tong, 2015). With this double
approach, the two types of data, real-time and archive
data, become available to search intuitively and to gain
overall information for subsequent decision-making.

Serverless Real-Time Analytics with AWS Lambda

Another approach to processing real-time data is the Lambda
architecture, combined with AWS Lambda, which functions
as a serverless solution. This architecture adapts the numbers
and size of processors to the incoming feeds’ volume, which
is cost-effective and dynamically adaptable. It can execute
functions based on any event originating from other AWS
services, such as Amazon Kinesis and DynamoDB, where it
processes data streams and stores the outputs without
requiring the owner to manage fundamental resources
(Roberts, 2017). Organizations can execute real-time data
operational solutions using AWS Lambda that are highly
efficient and relatively cheap. AWS Lambda has no server tie,
so the computational resources are utilized optimally without
extra hassles and expenses. This makes it an ideal solution for
applications that need data to be processed as quickly as
possible and deliver output in real-time, such as real-time
recommendation systems and anomaly detection systems.

Implementing a serverless architecture using AWS
Lambda functions to process data streams:

“python
import json
import boto3

def lambda_handler(event, context):
kinesis = boto3.client('kinesis')

for record in event['RecordsT:
payload = json.loads(record['kinesis']['data’])
# Process the payload
processed_data = process_data(payload)

# Store processed data in DynamoDB
dynamodb = boto3.resource(‘dynamodb’)

table = dynamodb.Table('ProcessedDataTable")
table.put_item(ltem=processed_data)

return {
'statusCode": 200,
'body": json.dumps(‘Processing complete")

¥

def process_data(payload):
# Implement your data processing logic here
return processed_payload
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This serverless approach allows for automatic scaling and
cost-efficiency, as you only pay for the compute resources
used during data processing.

Cost Management Strategies for AWS Real-Time
Analytics

Controlling costs is very important when using AWS in real-
time analytical applications. With huge volumes of data and
more pressure put on the processes, they must find ways to
manage costs without compromising functionality and
capacity.

Utilizing AWS Cost Management Tools

AWS has several tools which enable the management of costs
associated with cloud services in an organization. Among
these tools, AWS Cost Explorer, AWS Budgets, and AWS
Cost and Usage Reports are specifically important tools for
measuring costs. AWS Cost Explorer helps users understand
the patterns of their AWS expenditure over time. Effective
means of cutting expenses can be found by analyzing the
usage of the provided resources and the cost guidelines.
Forecasting ability is also vital, especially when using Cost
Explorer to predict an organization’s future costs as per the
past costs, assisting in developing a budget and expenditure
plan (Li & Humphries, 2016). Organizations may also use
AWS Budgets to set instances and usage-specific costs and
using budgets. There is the possibility of receiving alerts
when spending is over or likely to be over the set budget to
help with cost control. Using this tool, one can practice some
discipline and plan for emergencies. AW COST and USAGE
REPORTS ONLY offer a deeper understanding of the usage
of AWS services and the costs of that service. These reports
can be easily connected with data analysis programs such as
Amazon Athena or other familiar programs, and therefore,
organizations can conduct detailed analyses of their
expenditures and opportunities for optimization (Barrett et al.,
2017).

Selecting the Right Pricing Models

Selecting the right price structures for the AWS services that
will be used is essential in reducing costs. AWS provides
different price models based on resource usage, including on-
demand, reseon-demandances, and spots, and each has pros
and cons. On-demand pricing enables users to pay for
computing or database capacity by the hour or second without
lock-in. There is freedom in this model, and it is rightly costly,
especially for long-term projects. On-demand pricing is
suitable for use in temporary and fluctuating workloads or for
programs that do not have a constant utilization rate (Barr,
2015). Also, reserved instances cost substantially less than the
on-demand pricing in return for a one or three-year term. The
stability of work and a long-term perspective are beneficial in
this case, and by comparison, the one-time cost of this model
is a fraction of 75% less than the fifteen thousand. This is
because, through the historical use of data, the organization
can accurately estimate future requirements and purchase the
reserved instances correspondingly (Li & Humphries, 2016).
Guarded instances also let users bid for unused Amazon EC2
capacity at extremely low rates of up to 90% off the on-
demand rates. This is best suited for applications that are not
time-sensitive, can handle interruptions, and include big data
processing, batch processing, and stateless web services.

Organizations can greatly reduce their computing expenses to
avail of spot instances (Jinesh, 2015).

Implementing Cost-Saving Practices

Apart from making the right choices of prices, some strategies
that can be applied to minimize the costs of using AWS are
the rightsizing of resources and utilizing the spot instances.
Rightsizing resources also include the association of instance
types and their sizes with the nature of the workloads. They
are excited that the possible resource allocation results in the
wastage of resources, while the opposite deprives an
application of optimal performances. There are Aws services
like Aws trusted advisor and Aws compute optimizer that can
alert when there are instances that are underutilized or over-
provisioned and suggest more affordable configuration
options (Li & Humphries, 2016). To summarize, there are
several benefits, including savings, to using spot instances for
non-business critical applications. If targeted spot instances
are meticulously placed in an organization’s architecture, they
can serve as both a high-functioning infrastructure and an
economic one. For example, on-demand instances for the
critical parts of the workload are complemented by the spot
instances when costs are effectively managed (Jinesh, 2015).

Controlling the costs of real-time AWS analytics calls for
applying cost management tools, pricing model choice, and
cost containment measures. With Cost Explorer, Amazon
Web Services Budgets, and Cost and Usage Reports, the
organization can begin to have some degree of understanding
of spending. Deciding on appropriate pricing options like
reserved and spot instances alongside the rightsizing of
resources adds a strategic approach to ensure that the return
on investment achieved for AWS real-time analytics is the
best in the market.

Al and ML Integration for Enhanced Analytics

Artificial Intelligence (Al) and Machine Learning (ML) are

most useful for improving real-time data analysis. As

mentioned, Al and ML work with complex algorithms and
solve mathematical problems to turn great amounts of data
into understandable information that optimizes decisions
made in different fields. Combining these technologies with
AWS services like Amazon SageMaker allows us to stream
process data, predict future values, and personalize user
experience. This integration leads to effective operational
processes, timely problem solving, efficient maintenance and
timely marketing strategies, hence innovation and
competitiveness in the advanced data technological age.

Leverage Amazon SageMaker to deploy machine learning

models that can be applied to streaming data in real-time:

« Anomaly Detection: The anomaly detection process is
especially relevant to exposing phenomena that look
different from usual ones and, therefore, may be a
symptom of some problem. This is efficiently
accomplished by the Random Cut Forest algorithm in
Amazon SageMaker, which is well-suited for real-time
streaming anomaly detection. This capability is important
for managing issues and allows the organization to
alleviate issues even before the increase (Liu et al., 2008).
This application helps identify frauds, intrusions, and
equipment failures in the data stream, which is why it is
useful in finance, security, manufacturing companies, etc.
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« Predictive Maintenance: Using this type of smart
maintenance, time series forecasting models are used to
predict equipment failures, so that maintenance schedules
are coordinated most effectively and time is not wasted on
needless repairs. Depending on the input data fed to these
models, historical data and real-time data, the equipment
performance in future can be predicted along with the
possible failure points (Si et al.,, 2011). Besides the
extension of machinery life, this approach also tends to
reduce operational downtimes, thus reducing operational
costs while increasing the overall effectiveness in
manufacturing and various industries (Jardine et al.,
2006).

o Real-Time Personalization: Real-time personalization
employs recommendation models that give new
information or products that may suit the user’s
tendencies. Amazon SageMaker allows for applying
complex processes that use customer experience and
behaviour in real time to deliver quality recommendations
that boost client satisfaction and engagement (Ricci et al.,
2011). This application is common in e-commerce,
entertainment and digital marketing to enhance customer
satisfaction and loyalty by providing personalized
suggestions (Adomavicius & Tuzhilin, 2005).

Al and ML, when incorporated into real-time data analytics,
promise to revolutionize several fields. With the help of, for
example, Amazon SageMaker, organizations can improve
their data handling and achieve the goals of proactive
maintenance and individualized user experience. It also
brings integration that enhances operation and yet encourages
innovation and competitiveness in the growing digital
economy.

Case Study: Real-Time Fraud Detection in Financial
Services

An important client wanted to upgrade the existing fraud
detection mechanism by employing a real-time analytics
structure built on AWS. This fact gives readers a true picture
of how the institution used Amazon Kinesis to get data and
Sage Maker to deploy the machine learning model to
significantly transform the efficiency of fraud detection and
customer satisfaction.
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Figure 5: Sensors

The financial institution had a serious problem with
conventional methodologies used in fraud detection, where
the detection of compromises incurred extremely high false
positives and a rather slow identification time. These issues
raised operating expenses and affected customer satisfaction

levels. In order to overcome these challenges, the institution
implemented real-time analytics using AWS technologies,
where big data is transformed into a real-time analytics
solution that defines patterns of fraudulent behaviour
depending on the type of data stream and analyses it, thus
improving the accuracy and efficiency of the process.

Implementation of AWS-Powered Real-Time Analytics
Architecture

Data Ingestion with Amazon Kinesis: The institution
employed Amazon Kinesis to process streaming input data
from different sources such as transaction logs, customer
activity data, and external threat intelligence. Amazon
Kinesis was considered due to its horizontal scalability and
the capability to process millions of events per second, and no
data will be lost during a high transaction rate (Asur &
Huberman, 2010).

Machine Learning with Amazon SageMaker: Amazon
SageMaker was used to create real-time models that could
predict and prevent factions. Institutions used past transaction
data to label some transactions as fraudulent and others as
genuine to train these models. Since the models used
sophisticated mathematics to solve the array of possibilities,
they could identify complicated signals pointing to fraudulent
practices (Dua & Du, 2016).

Results Achieved

The implementation of this AWS-powered architecture led to

significant improvements in the institution’s fraud detection

capabilities:

e 99. 9% Reduction in False Positives: The following was
done to achieve these reductions in false positives on the
ML models run by Amazon SageMaker. This was made
possible by ensuring that it was possible to distinguish
between the real fraud and the innocent customers, hence
reducing their inconvenience and the amount of time
spent on follow-up investigations after worthless alerts
(Bolton & Hand, 2002).

e 95% Faster Fraud Detection: CRISP-DM was the data
mining technique used, and it helped the institution
analyze data in real-time, hence minimizing fraud within
a very short time of its occurrence, as opposed to the past
system, which took several minutes to identify fraud.
This fast identification led to quick intervention to
prevent the fraudsters from making more transactions,
sparing the institution and their customers from loss
(Phua et al., 2010).

e 30% Increase in Customer Satisfaction: Minimizing
false positives and quickly identifying fraud helped
deliver punctual, secure, and efficient transaction
services to customers. Reducing wasteful transaction
declines and delays were evidenced to improve consumer
satisfaction and loyalty (Hand, 2006).

This case highlights the value of incorporating real-time
analytics through Amazon Web Services and combining
Artificial Intelligence and Machine Learning to detect fraud.
Since the financial institution used Amazon Kinesis for data
ingestion and Amazon SageMaker to deploy the machine
learning models, these goals were accomplished with great
yields: Fraud detection accuracy and speed of service
increased, and client satisfaction increased. Such an effective
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implementation shows that it is possible for other financial
institutions also to follow the strategies herein and fight fraud
successfully whilst boosting organizational efficiency.

Challenges and Best Practices in Applying Real-Time
Data Analytics

Executing real-time data analytical solutions and techniques
poses a number of difficulties that define the possibility of big
data usage. Despite these challenges, the following practices
are available to solve these challenges for the correct
deployment and operation of real-time analytics systems. It
discusses issues that may be experienced and recommends
solutions for data quality issues, latency, and fine-tuning of
the system.

Handling Data Quality

One of the key attributes of real-time data schemes that may
become problematic is the need to concern yourself with data
quality. Real-time data is often derived from multiple sources,
including internet-connected devices, social media, and
trading systems, and hence, the data can be raw, dirty, or even
noisy. The issue of poor data quality would see the findings
and decisions made representative of this quality.
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Figure 6: Data-quality-characteristics-and-examples

Best Practices

« Data Preprocessing: Proper data preprocessing methods
for cleansing and standardizing the data stream enhance
the efficiency of data analysis. This includes eliminating
duplications or repeated cases, dealing with missing data
cases, and correcting dataset errors. For real-time data
conveyance, Apache Kafka and AWS Glue can be
employed for real-time data preprocessing to feed clean
data to the analytics pipeline (Kreps, 2014).

o Data Governance: Design a framework for data
governance that sets goals and expected data quality
standards and policies. It should also be structured to cover
metadata management and its lineage, as well as the data
stewardship functions for data quality. If data quality
issues are found, they can be acted upon immediately if
quality checks and audits are conducted periodically.

« Automated Monitoring: Automated monitoring tools
monitor data quality parallel with a constant data
transmission rate. Also, the alerts and dashboard feature
should monitor data defaults and variations from normal
data formularized patterns and take corrective measures
immediately. It creates an opportunity to avoid main
quality issues before they affect the analytics results.

Addressing Latency Issues

Another issue observed in the present work on real-time data
analytics is latency. Real-time means real decisions, but if the
latency between receiving and processing the data is high,
then this benefit is lost. Ingestion latency and processing
latency are derived from the time taken to extract and process
data. In contrast, network latency is derived from the time
taken to transit from one network node to another.

Best Practices

« Optimized Data Ingestion: Adopting high throughput
data ingestion tools is recommended so that huge data
does not cause delays. Apache Kafka and Amazon Kinesis
are among the solutions initially aimed at quickly
consuming data. Such tools can process millions of events
per second, guaranteeing that data is ready for analysis
with the least delay (Kreps, 2014).

« Stream Processing Frameworks: Low latency engines
comprise the nature of the stream processor, where
Apache Flink or Apache Spark Streaming can be easily
employed. These frameworks can work in real-time and
give almost 'real-time' results as and when the data is fed
into them. They support ECP and can perform stateful
computations; hence, they are used in several real-time
analytical operations (Zaharia et al., 2016).

o Edge Computing: Use and implement edge computing
solutions to analyze data adjacent to the source,
eliminating long-distance data transfer to centralized data
centers. This approach reduces the time taken to establish
the connection and enhances the rate at which the
calculations are done. This approach is most relevant to
conventional Internet of Things applications, for the
framework creates, uses, and exchanges information at the
network's edge (Satyanarayanan, 2017).

Optimizing System Performance

This is because sustaining system efficiency is vital in
supporting the sustainability of real-time analytical systems.
Sometimes, a system may not perform to the expected
standard due to a lack of proper resource management, poor
scalability, or poor system architecture.

Best Practices

« Scalable Architecture: Develop a highly available and
highly scalable architecture that can support low data
rates sometimes and high data rates some other times to
support the integrated applications. Use options like
AWS Lambda for computers that do not require a server
because it allows the characterization of resources by
load. This guarantees that the system will be ready to
handle large amounts of data, if any, without
experiencing any drop in performance (Roberts, 2017).

« Resource Management: The fourth tip that ought to be
recorded here is to ensure that proper resource
management approaches are adopted, especially as it
relates to dispensing computational resources. You can
use containerization technologies like Docker and
Kubernetes to handle workloads and resource
provisioning. They offer one the leeway in how to
implement and expand applications so that system assets
are well utilized.

« Performance Monitoring: Look at High-Level metrics
consistently using tools such as Amazon CloudWatch or

Volume 9 Issue 2, February 2020
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal
Www.ijsr.net

Paper |D: SR24716230925

DOI: https://dx.doi.org/10.21275/SR24716230925 1936


https://www.ijsr.net/

International Journal of Science and Research (1JSR)
ISSN: 2319-7064
ResearchGate Impact Factor (2018): 0.28 | SJIF (2018): 7.426

Grafana. Make goals and alarms to acquire slow-down
points and lock contention conditions. Another is that
periodic performance testing and further tuning can help
find the weak parts for improvement and make the
system run in the optimized mode.

o Load Balancing: Apply load balancing methods to share
the data processing workload among all the available
resources. This helps to exclude situations where one of
them can limit the system's overall capability and the
system is not capable of functioning at optimal levels
when dealing with large amounts of data. Load balancing
also increases system reliability and availability,
spreading traffic on different servers.

The issues of data quality, latency, and system performance
have to be addressed for effective implementation of real-time
data analytics. Ascending to these best practices of data
preprocessing, governance, monitoring, optimized data
ingestion, stream processing, edge computation, assimilation
of scalable patterns, management of available resources,
performance control, and load balancing. Many organizations
realize they can easily succeed in real-time analytics
challenges and use powerful techniques that provide reliable
and robust results for better and faster decision-making.

Future Trends in Real-Time Big Data Analytics
Real-time big data analytics is an unfolding phenomenon
influenced by technological development and trends.
Emerging areas that define the future are edge computing,
progressive Al and ML enhancements, and cloud product
evolutions, mainly AWS.
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Figure 7: Big-data-trends

Edge Computing

Big data processing is gradually moving from centralized
models to decentralized and edge computing models. As a
result of performing computation and storage closer to the
data sources of the network, edge computing cuts down on
latency and bandwidth, thus providing for faster decisions.
This is good when dealing with devices that generate loads of
data, as with 10T devices. Shi et al. (2016) noted that edge
computing improves the ability of real-time analytics
applications by decentralizing their processing. The
capability of doing analytics at the edge increases the speed
of insight security and privacy by processing data closer to
where it is collected. There is a trend of this area expanding
in the future, where more organizations will embrace edge
computing to deal with their real-time analytic demands.

Advancements in Al/ML

Al and machine learning are ahead of the curve and could
improve real-time data analysis. Machine learning integration
allows computer systems to process the data, foresee possible
trends, and detect exceptional situations with high accuracy.
New developments in Al/ML, including D, deep learning, and
reinforcement learning, have enhanced the dimension of
accuracy and speed in data analysis. Bengio and Hinton (2015
believed that deep learning capabilities could handle high-
dimensional data and enable one to analyze the data stream in
real time. These are beneficial in use cases where the timing
and precision of predictions are significant, including credit
card fraud, equipment maintenance, and recommendation
systems.

Developments in AWS Services

AWS has been continually enhancing its services related to
the real-time processing of big data. The emergence of
solutions such as AWS IoT Analytics and AWS Greengrass
illustrates that the focus is now moving toward more
comprehensive solutions to process large amounts of real-
time data. AWS IloT Analytics helps in the complex
evaluation of loT data to support prompt insights and
decisions. AWS Greengrass delivers AWS capabilities to
edge devices while the device owner lets edge devices fetch
data from the cloud, analyze it, and process it. These
developments are a testament to AWS’s focus on offering
holistic tools that address the evolving requirements of real-
time data processing and analytics analytics (Amazon et al.,
2019).

Blockchain Integration

Another foreseeing trend is combining blockchain technology
with real-time data processing. Blockchain provides the
notion of a shared ledger maintained by multiple participants
under a change consensus mechanism that guarantees data
integrity. It is especially beneficial in industries that require
high data integrity, such as financial and supply chain
industries. It is also possible to increase information
distribution stability by using blockchain integration with
real-time analytics. Analyzing the prior studies, particularly
the work of Christidis and Devetsikiotis (2016), one could
state that blockchain can serve as a reliable environment for
secure data exchange integrated with RTA to enhance
information transactions’ confidentiality.

Real-Time Analytics in Healthcare

A new generation of innovations in real-time big data
analytics should be expected to present brilliant opportunities
for the healthcare industry. Using patient data acquired in
real-time can also enhance diagnosis, treatment regimes, and,
therefore, the patient’s quality of life. Wearable gadgets and
10T sensors continuously provide health data that, if analyzed
in real-time, can detect any health complications, and
precautions can be taken quickly. Bates et al. (2014) state that
real-time analytics in timely care and disease prevention can
help contain costs while enhancing the quality-of-service
delivery.

Several trends and innovations are paving the way for the
evolution of real-time big data analytics in a future landscape.
The progress in the field of AlI/ML, the enhancements of
AWS services, the integration of blockchain and its
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application in various areas, especially in healthcare, and the
rise of Edge computing are all the factors that are driving the
progress in this field. All these trends may help increase the
efficiency, speed, and operating accuracy of real-time data
analysis so that organizations can improve their performance
and secure a competitive edge.

IPFS Node Cluster into AWS-Powered Big Data Analytics
Framework

Incorporating an IPFS (InterPlanetary File System) node
cluster into the AWS-powered real-time big data analytics
framework provides significant enhancements in data
replication, availability, and security. This section explores
how integrating IPFS with Al and ML-driven predictive
insights can optimize the architecture for robustness and
efficiency.

The continuous growth of data volumes necessitates
advanced frameworks capable of processing and analyzing
large datasets in real-time. AWS provides a robust
infrastructure for big data analytics, but integrating
decentralized storage solutions like IPFS can further augment
the framework's capabilities. This integration leverages
IPFS's decentralized nature to improve data replication,
availability, and security, critical for predictive analytics
applications.

Background

AWS-Powered Framework:

AWS offers a scalable, reliable, and secure platform for
building real-time big data analytics solutions. Services like
Amazon Kinesis, AWS Lambda, and Amazon S3 are
commonly used for data ingestion, processing, and storage.

IPFS Overview:

IPFS is a peer-to-peer hypermedia protocol designed to make
the web faster, safer, and more open. IPFS enables
decentralized storage, reducing the reliance on a single point
of failure and enhancing data replication across nodes.

Proposed Integration

Data Replication with IPFS Node Cluster:

Integrating IPFS into the AWS framework involves
deploying an IPFS node cluster for decentralized data storage.
This setup ensures that data is distributed across multiple
nodes, enhancing redundancy and availability. The following
steps outline the integration process:

1) Data Ingestion:
Utilize AWS Kinesis for real-time data ingestion. Stream data
into AWS Lambda for initial processing.

2) Data Storage:

After initial processing, store the data in an IPFS node cluster
instead of relying solely on Amazon S3. This setup ensures
that the data is available across multiple IPFS nodes,
enhancing redundancy.

3) Data Processing:

Use AWS Glue or AWS Lambda to process data retrieved
from the IPFS cluster. IPFS's content-addressed nature
ensures data integrity during processing.

4) AI/ML Integration:

Integrate Al and ML models using Amazon SageMaker to
analyze data stored in the IPFS cluster. This integration
leverages the distributed nature of IPFS for faster and more
secure data access during model training and inference.

5) Data Retrieval and Analysis:

Retrieve data from the IPFS cluster for real-time analysis
using AWS analytics services. This retrieval process benefits
from IPFS's decentralized nature, ensuring low-latency access
to data.

Benefits of IPFS Integration

Scalability:
o IPFS allows horizontal scaling by adding more nodes to
the cluster, handling increasing data volumes efficiently.

Data Availability and Redundancy:

« Data stored in IPFS is replicated across multiple nodes,
ensuring high availability and resilience against node
failures.

Security:

o IPFS provides inherent data integrity checks through
content addressing, ensuring that data remains unaltered
and secure.

Cost Efficiency:

« By distributing data across a decentralized network, IPFS
can reduce storage costs compared to traditional
centralized storage solutions.

Performance:

« Decentralized storage can reduce latency in data retrieval,
enhancing the performance of real-time analytics
applications.

Challenges and Considerations

Network Latency:

e Although IPFS can reduce latency, network
configurations and node locations can affect performance.
Optimizing node placement is crucial.

Dsta Consistency:

« Ensuring data consistency across IPFS nodes can be
challenging. Implementing robust consensus mechanisms
is necessary to maintain consistency.

Integration Complexity:

« Integrating IPFS with existing AWS services requires
careful planning and execution to ensure seamless
operation.

3. Conclusion

Evaluating the application of real-time big data processing
using AWS technologies offers a paradigm shift in how
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businesses can benefit from extensive data feeds. When used
jointly with other services such as Amazon Kinesis, Lambda,
and SageMaker, companies can design workable, innovative,
and cheaper solutions to convert streaming data into insights.
It is an AWS-based framework that optimizes business
operations and creates new opportunities for predictive
analysis and CX improvements. Having elucidated the
workings of the architecture through examples of its use,
positive effects such as decision-making acceleration,
enhancement of the possibilities for fraud detection, and
enhancement of customer satisfaction can be derived. Such
sophisticated frameworks allow organizations to analyze data
and get additional value, contributing to innovation and
staying ahead of competitors in the growing use of big data.
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