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Abstract

With enterprise applications, loT devices, social platforms and digital services
generating data at an exponential rate — velocy needed from analytics systems to help
businesses with decision-making. The infrastructure of traditional analytics often does not
provide scalability, elasticity, resource optimization and fast data processing in a
dynamic business environment. This paper describes a cloud-native analytics architecture
that enables decision intelligence from real-time processing of large-scale data to real
action. The framework presented here makes use of innovations in containerisation,
microservices, distributed computing and cloud orchestration tools to enable high
availability, fault tolerance and elasticity. The Architecture Forms a Cohesive Whole: By
bringing together the advanced data ingestion, processing, storage and visualization
components into an integrated architecture enterprise can effectively handle voluminous
data workloads with low latency and high throughput. We show performance evaluation
showing its resources utilization, processing speed and responsiveness are much
improved over traditional analytics platforms. The apparent capability of cloud-native
technologies all comes down to data-driven decision-making and next-generation
intelligent enterprise systems. The framework offers guidance to organizations looking to
digitize their analytics infrastructure and expedite operational agility in an increasingly
data-rich environment.

Keywords: Cloud-Native Analytics, Real-Time Decision Intelligence, Big Data
Analytics, Distributed Computing, Microservices Architecture, Containerization,
Kubernetes, Data Engineering, Scalable Analytics Systems, Digital Transformation,
Enterprise Analytics, Intelligent Decision Support.

1. Introduction

The rapid growth of digital technologies, cloud computing, Internet of Things (loT),
social The emergence of social media platforms, enterprise applications and online
services has led to an explosion in data. Organizations in various sectors are generating
huge amounts of structured, semi-structured, and unstructured data each day. An integral
need to convert this data into valuable insights has emerged, in order to remain
competitive, enhance operational efficiency and aid strategic decision-making.
Consequently, scalable analytics systems have become the foundation blocks of modern
enterprise architectures.

Legacy analytics platforms were built for low data volumes and static workloads. These
systems tend to fail for continuously increasing size of datasets where they are unable to
keep up with their performance levels. So while they face challenges such as resource
contention, infrastructure complexity, limited scalability, high operational costs and long
analytical lead times which limits their use in real-time business decision making. In
addition, increasing need for low-latency analytics and intelligent decision support is
revealing the constraints of traditional monolithic architectures.

This is a significant change driven by cloud-native technologies that has made it so easy
to develop and deploy large-scale data analytics platforms. Cloud-native architectures are
solutions built to take advantage of the technology containerization, microservices,
orchestration frameworks and distributed computing environments to deliver flexibility,
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scalability, resilience and more efficient resource utilization. Such technologies allow
organizations to dynamically allocate computing infrastructure depending on workloads
in order to optimize for system efficiency and minimize operational overhead. Such
analytics workloads are better handled by using container orchestration platforms like
Kubernetes that automate deployment, scaling, monitoring and fault recovery.

Real-time decision intelligence is the next generation of data analytics, where analytics
insights are created and served in real time to aid daily operational & strategic decisions.
Decision intelligence is distinct from conventional batch analytics in that it combines
elements of data engineering, machine learning, business rules and real-time processing to
deliver actionable recommendations. More and not, great organizations need to chase
after real time analytics frameworks that permit them to improve their cycles, offer better
client encounters, identify anomalies and react quickly as business conditions change.

We propose a cloud-native scalable analytics framework that aims to fill the advancement
gap between data generation and intelligent decision-making. This architecture combines
cloud-native technologies with distributed analytics components, enabling scaling for
processing large volumes of data and real-time decision intelligence. It is a framework
that not only focuses on scalability, fault tolerance and efficient use of resources, but also
solves the problems faced by a modern data-intensive environment.

This work has the following main contributions

* An architecture for big data and cloud-native analytics that would enable cost-effective
processing of large-scale workloads.

ONE: A joint framework for scalable data ingestion, distributed processing, and decision
intelligence components.

» Elastic infrastructure which triggers itself when workload requirements change under
load

» Key performance evaluation against metrics such as throughput, latency, scalability and
resource utilization on the proposed architecture.

» Best practices to deploy real-time decision intelligence systems in cloud-native
environments.

The rest of this paper is structured as below. In Section 2, we provide background on
previously written works related to scalable analytics systems along with cloud-native
architectures. In Section 3, we propose a novel cloud-native analytics framework. Section
4 discusses the research methodology and implementation aspect. Section 5 gives an
experimental setup and performance evaluation. Section 6 - Results & Analysis Section 7
finishes the study and provides insights into lines for future research.

2. Literature Review

The widespread adoption of big data technologies has led to the need for scalable
analytics systems which can process large datasets efficiently, both for researchers and
industry practitioners. Most traditional data warehousing, business intelligence solutions
were mainly focused on structured data and batch-oriented processing. Although these
systems were suited for analysis, they showed challenges in terms of scalability with a
large volume of data and flexibility, where the need arose to process real-time data.

Distributed computing frameworks represented an important step towards building large-
scale data analytics. The MapReduce programming model that Google introduced allowed
us to process large datasets in parallel across distributed clusters. Thereafter, the Hadoop
ecosystem rose as a go-to framework for big data processing due to its ability to store and
compute in a distributed environment. But, their high latency and bad iterative processing
for Hadoop-based systems constrained them to not be appropriate for real-time analytics
applications.
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As a result of all these limitations, Apache Spark was introduced as the memory-based
distributed computing framework that has the capability to carry out large-scale data
processing at a speed and efficiency far beyond what is achievable through MapReduce.
Spark provides support for batch, stream, machine learning and graph analytics
processing in a single environment. We have already seen various studies that claim how
spark potentially reduces processing time and improve throughput on data intensive
workloads. However, as we have seen from Spark in YARN deployments, in production
(enterprise scale) deployment of Spark clusters is non-trivial due to challenges around
resource allocation vs usage as well as workload isolation and infrastructure management.

This shift has completely changed the design and operational characteristics of analytics
systems based on cloud computing. The advantages of cloud-based infrastructures have
been deemed to be elasticity, pay-as-you-go pricing — which means you only pay for
what you use —, high availability and simplified resource provisioning by researchers.
Cloud-native architecture builds on these advantages by using containers, microservices,
and orchestration platforms to increase scaling capabilities and operational agility. With
the help of container technologies like Docker, lightweight and portable execution
environments are available while Kubernetes helps you to automate deployment, scaling
and management of the containerized applications.

In summary, recently analysts have highlighted cloud-native analytics platforms as key
components of modern enterprise workloads. Microservices-based architectures aim to
divide complex analytics applications into a set of services that are independent,
improving maintainability and allowing more flexibility when scaling. It was established
from numerous studies that cloud-native deployments are superior in resource utilization
and fault tolerance among other competing systems in a monolithic way. Additionally,
container orchestration frameworks help you to schedule workloads and automation of
recovery mechanisms which can be important for implementations with large-scale
analytics jobs.

Real-Time analytics has gained momentum recently, as the demand of immediate insights
and timely decisions is growing rapidly. In real-time analytics systems, new data streams
are continuously processed and transformed into actionable information with very low
latency. Over the years, technologies like Apache Kafka, Apache Flink, and Spark
Structured Streaming have gained wide acceptance in stream processing applications.
Multiple research shows that combining streaming analytics with cloud-native
infrastructures can prove to be game-changing, improving system responsiveness and
allowing organizations to respond fast in an ever changing business environment.

Decision intelligence has established itself as a new interdisciplinary field at the
intersection of data analytics, artificial intelligence and machine learning together with
business decision-making processes. Conventional analytics methods are usually focused
more on data visualization and reporting, but decision intelligence systems utilize
predictive and prescriptive analytics to try to automate the decision-to-execution loop.
Decision intelligence has been shown to work in multiple use cases like fraud detection,
predictive maintenance, healthcare diagnostics, supply chain optimization and customer
behavior analysis (the picture used is a share from OSlsoft).

This is the reason that although there have been great strides towards scalable analytics,
many issues are still open. A lot of solutions we have today for data processing scalability
or decision intelligence capability only take care one aspect of those and miss the
integration with a single productivity framework. Secondo, avveduto di metri in karma,
fatica moneta soluzione cluster sostanziale, multi-tenancy, fault tolerance e aumentato
prestazioni percorrendo -- real-time trees still prosiedono large vs analytics distributed
systems entire most. It has been known that care delivery architectures which incorporate
state-of-the-art cloud-native technologies along with advanced analytics and decision-
support mechanisms are expediently scaling in demand.
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This literature review concludes that cloud-native architecture provides a promising
foundation for building scalable analytics systems that can support real-time decision
intelligence. However, this demands more complete attention to utilizing the entirety of
distributed data processing, elastic resource management, realtime analytics and
supervision for intelligent decision support. In order to fill these research gaps, this study
proposes a dedicated cloud-native scalable analytics architecture for turning large-scale
data into actionable decisions with extreme performance, resilience and operational
efficiency.

3. Proposed Cloud-Native Analytics Architecture

To address the challenges of processing large-scale data and supporting real-time decision
intelligence, this research proposes a Cloud-Native Scalable Analytics Architecture that
integrates distributed data processing, container orchestration, real-time analytics, and
intelligent decision-support mechanisms. The architecture is designed to provide
scalability, elasticity, fault tolerance, high availability, and efficient resource utilization
while transforming raw data into actionable business insights.

The proposed framework follows a layered architecture that enables seamless integration
of data sources, processing engines, cloud-native infrastructure, and decision intelligence
components. Each layer performs a specialized function and collaborates with other layers
to ensure efficient end-to-end analytics operations.

3.1 Architectural Components
The proposed architecture consists of seven major layers:
A. Data Source Layer

The Data Source Layer represents the origin of data generated from multiple
heterogeneous environments. These sources may include:

o Enterprise Resource Planning (ERP) systems

e Customer Relationship Management (CRM) platforms
e Internet of Things (IoT) devices

e Web applications

e Social media platforms

e Cloud services

e Transactional databases

e Sensor networks

The architecture supports both structured and unstructured data formats, enabling
organizations to consolidate diverse datasets within a unified analytics environment.

B. Data Ingestion Layer

The Data Ingestion Layer is responsible for collecting and transferring data from multiple
sources into the analytics platform.

Key functions include:
e Real-time data acquisition
o Batch data collection
e Data synchronization

e Stream management
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e Event handling

Message streaming platforms such as Apache Kafka can be utilized to ensure reliable,
scalable, and fault-tolerant data ingestion. This layer minimizes data loss and supports
high-throughput data transfer.

C. Data Processing Layer

The Data Processing Layer performs data cleansing, transformation, aggregation, and
enrichment operations.

Major tasks include:
o Data validation
e Missing value handling
e Data normalization
o Feature extraction
e Data transformation
o Data aggregation

Distributed processing frameworks enable parallel execution of processing tasks, thereby
improving throughput and reducing processing latency.

D. Cloud-Native Analytics Layer

The Cloud-Native Analytics Layer serves as the computational core of the proposed
framework.

Key technologies include:
e Containerized analytics services
e Microservices architecture
o Distributed computing engines
o Kubernetes orchestration
e Auto-scaling mechanisms

This layer dynamically allocates computational resources based on workload demands.
Kubernetes continuously monitors resource consumption and automatically scales
analytics services to maintain optimal performance.

Major capabilities include:
e Horizontal scaling
e Dynamic workload balancing
e Service discovery
e Container orchestration
e Fault recovery

e Resource optimization

E. Decision Intelligence Layer

The Decision Intelligence Layer transforms analytical outputs into actionable
recommendations.
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This layer incorporates:
e Predictive analytics
e Machine learning models
e Business rule engines
e Recommendation systems
e Anomaly detection mechanisms

The integration of artificial intelligence enables proactive decision-making by identifying
trends, forecasting outcomes, and generating intelligent recommendations.

Examples include:
e Customer churn prediction
o Fraud detection
o Demand forecasting
e Predictive maintenance
e Risk assessment
F. Visualization and Reporting Layer

The Visualization Layer presents analytical results in an understandable format for
decision-makers.

Components include:
e Interactive dashboards
e Business intelligence reports
e Real-time monitoring panels
e Executive summaries
o Data visualization tools

Users can access insights through web-based interfaces and customizable reporting
systems.

This layer improves decision-making efficiency by converting complex analytical results
into intuitive visual representations.

G. Infrastructure Management Layer

The Infrastructure Management Layer provides operational support and governance
capabilities.

Major functions include:
e Resource monitoring
e Performance tracking
e Security management
e Logging and auditing
e Access control
e Service health monitoring

Cloud-native monitoring tools continuously evaluate system performance and support
automated fault recovery procedures.
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THE WORKFLOW OF THE PROPOSED ARCHITECTURE
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The workflow of the proposed architecture follows the sequence below:

The Data Ingestion Layer collects and streams incoming data.

Processed data is forwarded to distributed analytics services.

Analytical models generate predictions and insights.

Results are displayed through dashboards and reporting tools.

Data is generated from multiple enterprise and external sources.

The Data Processing Layer performs cleaning, transformation, and preparation.

Cloud-native orchestration dynamically allocates resources based on workload

Decision Intelligence modules evaluate outcomes and produce recommendations.

Infrastructure management components continuously monitor system health and
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The proposed architecture offers several advantages over traditional analytics platforms:
Scalability

The architecture supports horizontal scaling through container orchestration, enabling the
system to handle increasing data volumes without significant performance degradation.

Fault Tolerance

Automatic container recovery and distributed processing mechanisms ensure continuous
operation during component failures.

Elasticity

Resources are dynamically allocated according to workload demands,
operational costs and improving efficiency.

High Availability

reducing
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Redundant services and automated failover mechanisms minimize downtime and improve
service reliability.

Real-Time Decision Support

Streaming analytics and intelligent processing capabilities enable rapid insight generation
and timely decision-making.

Resource Optimization

Container orchestration ensures efficient utilization of computing resources while
preventing resource contention.

4. Research Methodology
4.1 Research Design

This study adopts a quantitative experimental research methodology to evaluate the
effectiveness of the proposed cloud-native scalable analytics architecture in supporting
real-time decision intelligence. The methodology focuses on designing, implementing,
and evaluating a distributed analytics platform capable of processing large-scale datasets
under varying workload conditions. The research aims to investigate how cloud-native
technologies improve scalability, resource utilization, processing performance, and
decision-making efficiency compared to conventional analytics infrastructures.

The experimental framework follows a systematic approach consisting of architecture
design, implementation, workload execution, performance measurement, and result
analysis. Multiple datasets and workload scenarios are used to simulate real-world
enterprise environments characterized by high data volume, velocity, and variability.

4.2 Research Obijectives
The methodology is designed to achieve the following objectives:

1. Develop a cloud-native analytics architecture capable of supporting large-scale
data processing.

Evaluate system scalability under varying workload conditions.
Measure resource utilization and operational efficiency.

Assess system responsiveness for real-time analytics applications.

o &~

Analyze the effectiveness of decision intelligence components in generating
actionable insights.

6. Compare system performance under different resource allocation strategies.
4.3 System Implementation Environment

The proposed framework is implemented using cloud-native technologies and distributed
computing tools.

Infrastructure Components
e Container Platform: Docker
e Orchestration Framework: Kubernetes
o Distributed Processing Engine: Apache Spark
e Data Streaming Platform: Apache Kafka
e Data Storage Layer: Distributed File System
e Monitoring Tools: Prometheus and Grafana
e Visualization Tools: Business Intelligence Dashboard

Volume Xl, Issue VI, June/2022 Page No: 540



International Journal of Research

Volume XI, Issue VI, June/2022

Hardware Configuration

The experimental cluster consists of multiple worker nodes connected through a high-
speed network.

Typical configuration includes:
e Multi-core processors
e 16-64 GB RAM per node
e High-speed SSD storage
o Gigabit network connectivity

The distributed environment enables parallel execution of analytics workloads and
supports elastic resource scaling.

4.4 Data Processing Methodology
The proposed analytics workflow consists of several processing stages.
Step 1: Data Collection
Data is collected from multiple enterprise sources, including:

e Transactional systems

e |oT sensors

o Application logs

o Customer interaction platforms

e Operational databases
Both batch and streaming data are incorporated into the analytics pipeline.
Step 2: Data Preprocessing
Raw data undergoes preprocessing to improve quality and consistency.
Preprocessing activities include:

o Data cleaning

e Duplicate removal

e Missing value treatment

e Outlier detection

e Normalization

o Feature engineering
The objective is to prepare high-quality datasets for subsequent analytical processing.
Step 3: Distributed Analytics Processing
The cleaned data is distributed across multiple processing nodes.
Key operations include:

o Parallel query execution

o Data aggregation

e Statistical analysis

e Machine learning model execution

e Stream analytics
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Distributed execution significantly reduces processing time and improves throughput.
Step 4: Decision Intelligence Generation
Analytical outputs are evaluated using decision-support mechanisms.
Functions include:

e Trend analysis

o Forecast generation

e Anomaly detection

o Classification

o Predictive modeling
The generated insights are converted into actionable recommendations for business users.
4.5 Performance Evaluation Metrics

To assess the effectiveness of the proposed architecture, several performance metrics are
measured.

A. Throughput

Throughput measures the volume of data processed per unit time.

Formula:

Throughput=\frac{Total\ Data\ Processed}{Processing\ Time}

Higher throughput indicates improved system efficiency.

B. Response Time

Response time measures the delay between data submission and result generation.
Response\ Time=Result\ Generation\ Time-Request\ Submission\ Time

Lower response time is desirable for real-time analytics systems.

C. Resource Utilization

Resource utilization evaluates the effectiveness of CPU, memory, and storage usage.
Resource\ Utilization=\frac{Used\ Resources}{Available\ Resources}\times100
Efficient resource utilization indicates successful workload management.

D. Scalability Factor

Scalability is evaluated by measuring system performance as computational resources
increase.

Scalability\ Factor=\frac{Performance_{Expanded}}{Performance_{Baseline}}

A higher scalability factor indicates better system expansion capability.

E. System Availability

Availability measures the percentage of operational time during workload execution.
Availability=\frac{Operational\ Time}{Total\ Time}\times100

High availability is essential for mission-critical analytics environments.

4.6 Experimental Scenarios

To evaluate system behavior under diverse conditions, the following workload scenarios
are considered:
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Scenario 1: Low Workload Environment

e Small dataset volume

e Limited concurrent users

e Baseline performance measurement
Scenario 2: Medium Workload Environment

e Moderate data volume

e Increased processing complexity

o Typical enterprise workload simulation
Scenario 3: High Workload Environment

o Large-scale datasets

e High concurrency

e Intensive analytical processing
Scenario 4: Dynamic Scaling Environment

e Variable workload patterns

e Automatic resource scaling enabled

o Evaluation of elasticity mechanisms
4.7 Comparative Evaluation Strategy

The proposed cloud-native architecture is evaluated against conventional analytics
deployment approaches.

Comparison criteria include:
e Processing efficiency
e Query execution time
e Resource utilization
e Fault recovery capability
o Scalability performance
o Operational flexibility

This comparative analysis provides a comprehensive understanding of the benefits offered
by cloud-native analytics systems.

5. Experimental Setup and Performance Evaluation
5.1 Experimental Environment

To validate the effectiveness of the proposed cloud-native scalable analytics architecture,
a series of experiments were conducted in a distributed computing environment. The
objective was to evaluate system performance under different workload conditions and
determine its suitability for real-time decision intelligence applications.

The experimental environment was designed to simulate enterprise-scale analytics
workloads involving large data volumes, concurrent users, and dynamic resource
requirements. The deployment utilized a containerized infrastructure managed through
Kubernetes, enabling automated resource allocation, service orchestration, and workload
management.

Cluster Configuration
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The analytics cluster consisted of one master node and multiple worker nodes configured

as follows:

Component

Configuration

Master Node

8 CPU Cores, 32 GB RAM

Worker Nodes 4-8 Nodes

CPU per Worker 8 CPU Cores

Memory per Worker 16 GB RAM

Storage SSD-Based Distributed Storage
Network Gigabit Ethernet

Container Platform Docker

Orchestration Framework||Kubernetes

Processing Engine Apache Spark

Streaming Platform

Apache Kafka

The cluster configuration was selected to represent a typical enterprise cloud-native

analytics deployment.
5.2 Dataset Description

Multiple datasets were utilized to evaluate system performance under realistic conditions.

Dataset Categories

Enterprise Transaction Dataset

e Customer transactions

e Sales records

e Operational logs

 Inventory management data

10T Sensor Dataset

e Environmental sensor readings

e Industrial equipment monitoring

e Machine telemetry data

Web Analytics Dataset

e User activity logs

e Clickstream records

o Application usage statistics

Dataset Characteristics

Dataset Type Records

Small Dataset 1 Million

Medium Dataset 10 Million
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Dataset Type Records
Large Dataset 100 Million
Very Large Dataset 500 Million+

The varying dataset sizes enabled comprehensive scalability analysis.
5.3 Workload Generation

Synthetic and real-world workloads were generated to simulate enterprise analytics
operations.

The workload categories included:
Batch Analytics Workloads

e Historical trend analysis

o Data aggregation

e Business reporting

o Customer behavior analysis
Streaming Analytics Workloads

o Real-time event processing

e Fraud detection

e Sensor monitoring

e Operational intelligence
Machine Learning Workloads

o Classification

e Clustering

e Predictive analytics

e Recommendation generation

These workloads were executed simultaneously to evaluate multi-tenant processing
capabilities.

5.4 Evaluation Scenarios
Four experimental scenarios were considered.
Scenario A: Baseline Deployment
Obijectives:
e Measure system performance without auto-scaling.
e Establish reference performance metrics.
Characteristics:
e Fixed resources
e Static workload allocation
Scenario B: Scalable Deployment
Objectives:
o Evaluate horizontal scaling capability.
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e Measure throughput improvements.

Characteristics:

e Dynamic node allocation

e Kubernetes auto-scaling enabled

Scenario C: High-Concurrency Environment

Objectives:

e Assess system stability under heavy user loads.

Characteristics:

e Large number of concurrent requests

o Mixed analytics workloads

Scenario D: Fault-Tolerance Evaluation

Objectives:

e Examine recovery mechanisms.

Characteristics:

o Intentional node failures

e Service disruption simulation

e Automatic recovery monitoring

5.5 Performance Results

A. Throughput Analysis

Throughput was measured as the amount of data processed per second.

Deployment Model

Throughput (GB/s)

Traditional Analytics Platform (2.4

Cloud-Native Analytics Platform||5.8

Improvement

ISSN NO:2236-6124

The proposed architecture achieved approximately 141% higher throughput compared to
the traditional deployment model.

Reasons include:

o Parallel processing

o Distributed execution

o Efficient workload scheduling

e Dynamic resource allocation

B. Response Time Evaluation

Average query response times were measured under increasing workload levels.

Workload Level

Traditional System (s)

Proposed System (s)

Low

4.5

2.1

Medium

9.2

4.3
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Workload Level||Traditional System (s)||Proposed System ()

High 18.8 75

Results indicate that the proposed framework consistently maintained lower latency
across all workload levels.

C. Resource Utilization
CPU and memory utilization were analyzed during workload execution.

Metric Traditional Platform||Proposed Platform
CPU Utilization 58% 82%
Memory Utilization||61% 85%

The cloud-native environment demonstrated significantly improved resource efficiency
due to intelligent scheduling and workload balancing.

D. Scalability Evaluation
The number of worker nodes was gradually increased during execution.

Number of Nodes||Processing Time (Minutes)
2 42
4 25
6 18
8 13

The results confirm near-linear scalability as additional resources were introduced.
E. Availability Assessment
System availability was measured during fault simulation experiments.

System Type Availability

Traditional Deployment||96.1%

Proposed Architecture (|99.7%

The cloud-native platform maintained higher availability due to automated failover and
container recovery mechanisms.

5.6 Real-Time Decision Intelligence Evaluation

The effectiveness of decision intelligence was evaluated using real-time analytics
scenarios.

Application Areas
Fraud Detection

The system successfully identified abnormal transaction patterns with minimal processing
delay.
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Predictive Maintenance

Machine telemetry data was analyzed continuously to predict equipment failures before
occurrence.

Customer Analytics
Behavioral patterns were analyzed in real time to generate personalized recommendations.
Observations

The integration of scalable analytics with decision intelligence significantly reduced
decision-making latency while improving operational responsiveness.

Conclusion

In this paper, we demonstrated a cloud-native scalable analytics architecture that can
convert enterprise data into intelligent insights through the convergence of distributed
computing, containerization, orchestration technologies and intelligent analytics services.
The framework on which it is based combines data ingestion, distributed processing,
cloud-native analytics, decision intelligence, visualization as well as infrastructure
management layers to support batch and real time workloads at scale with fault tolerance
as well as resource optimization and operational efficiency. Throughput, response time,
scalability, resource utilization and system availability evaluation experimental results
show that compared to traditional analytics platform is much better, can greatly improve
the fast decision-making. The results provide confirmation that cloud-native technologies
form a wellbalanced technology foundation within modern data-intensive environments
and are applicable by all sectors such as finance, health care, manufacturing,
telecommunications, retail, smart cities and e-commerce. In the future, other domains
could address artificial intelligence, edge-cloud and federated analytics, multi-cloud
deployments, security privacy concerns, sustainable computing practices for climate
change resilience and autonomous decision intelligence systems to increase scalability
adaptability and operational efficiency. In conclusion, the architecture we put forward acts
as the link between raw data production and applying intelligence for decision-making,
allowing organizations to rethink their strategy more than just a digital transformation
initiative but also harboring an analytics ecosystem ready for future use cases.
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