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Abstract
Industrial organizations are rapidly adopting cloud technologies to reduce infrastructure
management costs and increase operational flexibility. Nonetheless, existing cloud deployment
uses are mainly focused on infrastructure as a service and data storage. In parallel, the demand
for data-driven predictive modeling has grown and continues to evolve beyond standard
business intelligence. As a result, cloud-native software development and deployment models
have attracted significant attention from academia and industry. However, related research
into the cloud-native paradigm remains limited and tends to offer design and development
support for a single application or service without addressing the complete data ecosystem.
The data processing and predictive modeling lifecycle requires a cloud-native architecture that
supports large-scale predictive modeling operations and the construction of a data-oriented
infrastructure. Building intelligent capabilities involves orchestrating all machine learning
operations in the cloud, integrating advanced machine learning lifecycle frameworks,
incorporating feature stores, and enabling real-time scoring orchestration and execution
algorithms. A predictive decision-making data ecosystem focuses on the complete data
processing pipeline in relation to predictive models, integrating model data processing and
inference pipelines into orchestration and scheduling frameworks while supporting event-
driven workflows.
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Introduction
In recent years, companies in almost every
industry have begun to build data-centric
systems to develop innovative business
solutions. Most industrial companies
produce enormous amounts of data and
possess strong skills in data engineering and
big data technologies. Organizations want to
use their accumulated data effectively—
integrating data from multiple sources and
processing it to extract greater value. Yet if
the industries are facing an increased need
for data-driven predictive analytics, they lack
proven operational solutions or models.
Organizations are increasingly
acknowledging that significant portions of
their infrastructure must be positioned in
the cloud for the foreseeable future.
Therefore, if the development of reliable and
predictive industrial solutions requires a
cloud-first approach based on a business
case and costs, why not also consider a
cloud-native approach? The cloud-native
philosophy promotes a new design and
operational model—optimized to exploit the
native characteristics of the cloud, leverage
its capabilities, and manage infrastructure
and its costs.

The work analyses cloud-native architectures
and examines predictive analytics service
components—focusing on cloud-native
design principles. A data processing
framework enabling predictive model
deployment in cloud-native environments is
presented. For a given predictive pipeline, it
includes definition of data ingestion
transformation logic, data validation and
cleansing rules, periodic scoring into
prepared insights store, and related
scheduling orchestration. The
implementation relies on open-source tools.
Planning and Kubernetes cluster running at
Google Cloud Platform serve as supporting
infrastructure. Two application areas are
considered: industrial equipment condition
assessment and predictive maintenance.

I. Foundations of Cloud-Native Data
Ecosystems
Cloud-Native Data Ecosystems are designed
to provide fast, flexible, cost-effective, and
secure data-oriented services for predictive
decision-making in industrial contexts.
Suitable supporting cloud-native
architecture principles are identified, and
implications for the underlying data-
oriented infrastructure and governance are
described. Such Data Ecosystems incorporate
a Data Processing Framework capable of
ingesting diverse data sources, performing
cleansing and quality assurance, and
integrating data into a unified Metadata
Catalog enriched with data lineage and
privacy information. Business and
operational use cases are explored for
integrating data and enabling safe predictive
decision-making.

The concept of Cloud-Native Data
Ecosystems is shaped by the Data Economy,
the growing role of Data-Oriented
Collaboration and the increasing importance
of the Data-Changing Decision-Making cycle,
complemented by capabilities for Data-
Driven Business and Data-Driven Operations.
Cloud-Native Data Ecosystems fulfil the
promise of the Data Economy by bringing
together the Data-Driven Business and the
Data-Driven Operations concepts at an
operational level. Cloud-Native Data
Ecosystems are Data-Oriented Collaboration
enablers, providing high-quality data at the
right time for every stakeholder in the value
chain, including customers, suppliers,
partners and regulatory bodies. By reducing
friction and aligning the interests of all
involved parties, Cloud-Native Data
Ecosystems can help achieve the desired
Data-Changing Decision-Making cycle.

A. Cloud-Native Architecture Principles
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Cloud computing provides infrastructure
and services for fast provisioning. Self-service
capabilities enable teams to build, deploy,
and manage applications without significant
internal processes. Resources can be
dynamically scaled according to measured
usage and demand, resulting in elasticity.
On-demand metering delivers transparency
for tax or billing purposes. A pay-as-you-go
service delivery model enables cost-effective
business and operating models with low up-
front, low-risk investments. The cloud
platform handles the algorithm and service
logic, allowing developers to focus on pure
business formulating application business
modules. The use of multiple cloud providers
or multiple regions from one vendor
increases resilience and the ability to provide
high SLAs.

Cloud-native architectures follow an agile
and DevOps software approach, allowing for
small increments of software delivery,
increased collaboration between developers
and system administrators, and stable
environments that can handle material
changes. Microservices separate data and
data processing to allow performance and
scale tuning. By utilizing container
technology, cloud-native deployments can
be portable across clouds, have rapid
turnaround times, take advantage of
serverless computing, and improve security
isolation. The Evolutionary Architecture
concept allows for components and
techniques that evolve independently toward
an optimal solution while meeting all
nonfunctional requirements and customer
expectations.

B. Data-Oriented Infrastructure and
Governance

Ensuring reliable access and distribution of
high-quality data is the foundation for
enabling current and future data-based
business opportunities and services in cloud-
native data ecosystems. Enterprise data is
leveraged centrally as additional business
assets within data-oriented infrastructures.
Databases are serving as data sources for
business intelligence and reporting tools as
well as for machine learning workloads.
However, the ability to identify, access, and
connect existing and relevant datasets across
organizations is often limited. Insufficient
data knowledge and quality are main
challenges for the widespread use of data-
driven techniques, such as predictive
decision-making, within industry.

Completeness and accuracy of data are
critical for machine learning models to
provide reliably accurate predictions.
Previous studies have shown that up to 40%
of machine learning projects fail due to poor
data quality. As a consequence, governing
data ingestion, cleansing, and validation
using a centralized processes and service is
vital. An integrated control point detecting
data anomalies, such as missing records or
low-quality data, provides an opportunity to
create the necessary alerts and remediation
flows for preventing errors and
inconsistencies from spreading.

II. Methodology
Predictive analytics require a comprehensive
approach to data preparation. Cleansing and
quality control are particularly important as
they directly affect the quality of the
predictive models. The data itself must be
made available to satisfy its many different
consumers, and a well-designed quality-
assurance framework provides the
governance procedures necessary to avoid
poor data quality degrading business
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decisions.

Fig 1: A Convergent Data Quality Assurance Framework for Integrated Predictive
Analytics and Evidence-Based Decision Governance
Data quality is defined as the degree to which a set of inherent characteristics fulfills
requirements. Data requirements can be defined for any one of the following three
perspectives: the intrinsic perspective relates to the data itself; the contextual perspective to
the situation of the user who needs the data; and the accessibility perspective to the physical
condition of the data. With these perspectives in mind, data quality is typically assessed
according to the following categories: accuracy, completeness, consistency, timeliness,
interpretability, validity, accessibility, confidentiality, and believability. Predictive analytics
have their own particular requirements for data quality; in addition to accuracy, completeness,
timeliness, and validity, predictive analytic processes also need data to satisfy usage and
integration requirements.

A. Ensuring Data Integrity: Ingestion,
Cleansing, and Quality Control

Safe and reliable predictive decision-making
based on predictive models requires an
infrastructure that ensures data integrity.
Data processing pipelines and components
at different stages of the data value chain,
from data ingestion and quality control to
management and governance, must be built
and configured with the ability to detect
potential failures and problems.

The reliability of the machine learning
software-as-a-service (MLaaS) ecosystem

heavily relies on the ingested data. MLaaS
model performance might degrade or crash
when it receives corrupted input data or data
that does not correspond to the artifact used
during the training phase. Therefore, pre-
processing steps for ingesting, cleansing, and
controlling data quality are a top priority. In
addition to data ingestion pipelines, data
cleansing rules and processes should be
created and enforced. Products and materials
used during the training and scoring phases
should also be correlated with the input data
during ingestion to guarantee quality.
Potential problems must be flagged, actions
defined, and processes configured to
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guarantee appropriate responses and
decisions when failures occur.

Table 1. Section-wise word distribution

Section Word
count Interpretation

Introduction 239 Problem framing
Foundations of Cloud-Native Data Ecosystems 578 Architectural principles and

governance
Methodology 349 Data quality and integrity

framing
Objectives of the Study 267 Study goals
Research Summary 444 Consolidated technical synthesis
Data Integration and Management for
Industrial Predictive Analytics

494 Data engineering focus

Building Intelligent Capabilities in the Cloud-
Native Stack

665 MLL, feature stores, scoring

Predictive Decision-Making Pipelines 686 Pipeline execution/orchestration
focus

Scalability, Performance, and Cost
Management

520 Elasticity and FinOps

Security, Compliance, and Risk Management 692 Highest narrative emphasis
Results 138 Brief results section
Future Directions and Research Opportunities 222 Forward-looking view
Conclusion 328 Summary and implications

III. Objectives of the Study
The study strives to advance cloud-native
data ecosystem concepts, methods, and
technologies, demonstrating the value of a
data-oriented implementation cornerstone
for highly available data access capabilities.
These capabilities, in turn, support elastic
data processing services and pipelines
dedicated to the comprehensive treatment of
data in preparation for predictive decision-
making. Industrial companies are evaluated
as a scenario for research, given the
significant growth potential of predictive
decision-making and supporting internal
data ecosystems.

Cloud-native data ecosystem engineering
encompasses the definition of a foundational
infrastructure blueprint and governance
standards for data-oriented architecture; the
implementation of a dedicated data pipeline

for ingesting, cleansing, and validating data;
the integration of enabling capabilities
within the cloud-native stack for improving
predictive modeling; and the realization of
data processing pipelines for deploying
predictive decision-making capabilities.

A. Defining the Study Goals and Expected
Outcomes

The project aims to create a cloud-native
data ecosystem capable of ingesting,
processing, storing, and sharing data for
building, evaluating, and operating
optimized machine learning predictive
models. The ecosystem supports the
automation of data processing and predictive
model pipelines with integrated metadata
management and traces data lineage
throughout the supply chain. For predictive
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modeling, it provides quality assurance,
feature stores supporting automated scoring,
and resource scaling mechanisms that
optimize costs, including FinOps practices.

Building on these capabilities, the study
addresses the complete lifecycle of predictive
models, from data preparation to monitoring
and maintenance. Cloud solutions for
tempering technical and organizational debt
are highlighted. Beyond identifying novel
data sources, the approach provides
infrastructure for investigating the predictive
value of data, expanding or introducing new
data sources, and supporting new predictive
tasks and scoring.

IV. Research Summary
New data-processing frameworks enable the
design of cloud-native data ecosystems that
facilitate predictive model development in
industrial contexts. Cloud-native data
ecosystems align with an organization's data-
centric strategy and represent a flexible
strategy for transforming data into business
value. These ecosystems integrate next-
generation cloud-native-inspired design
patterns—data-oriented infrastructure and
governance, machine learning
productization and lifecycles, predictive
decision-making pipelines, and event-driven
architectures—to ensure low-friction, high-
quality data availability and readiness at
scale while maintaining governance,
auditability, and security. The emergence of
cloud-native architectures has been driven
by the fast-paced, on-demand internet
economy. As cloud services become viable
options for enterprise environments,
organizations are evolving their own
platforms towards a cloud-native approach.

Cloud-native data architectures have
limitations in industrial predictive analytics
contexts where ML models represent
external-facing products that are continually
enhanced and retrained.

Ingestion, cleansing, and quality assurance
phases focus on controlling data integrity—a
prerequisite for creating data-driven
predictive decision-making models. Pipelines
ensure cleansed data quality; metadata
management resolves inconsistencies in data
structure and semantics; and lineage
tracking reveals complete flow paths for
cleansing and transformation processes.
Management of predictive model ML
lifecycle stages remains challenging,
especially through the transition from
experimentation to productization. Feature
management capabilities address feature
data, which often differ from cleansed
datasets and populate a dedicated feature
store. A cost-effective approach supports on-
demand real-time model scoring for high-
velocity batch processes. Predictive model
ML pipelines automate and simplify the ML
model build phase, connecting prediction
task data from any source with cleansed
feature data in a single process.
Orchestration, scheduling, and event-driven
workflows support both periodic and event-
driven execution models.

Equation 1. Composite Data Quality
Score
The emphasizes accuracy, completeness,
timeliness, validity, accessibility,
confidentiality, and related quality
attributes.
So let:
 �1, �2, …, �� = normalized scores of
quality dimensions
 �1, �2, …, �� = importance weights of
these dimensions
 each �� ∈ 0,1
Step 1: Weighted contribution of each
quality dimension
For each dimension:
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contribution� = ����
Step 2: Add all contributions

� =
�=1

�

��� ��

This gives the total weighted quality
contribution.

Step 3: Find the maximum possible
weighted score
The maximum happens when every quality
dimension is perfect, so �� = 1 for all �:

�max =
�=1

�

��� 1 =
�=1

�

���

Step 4: Normalize the score

� =
�

�max
Substitute � and �max:

� = �=1
� ��� ��

�=1
� ���

Final equation

� = �=1
� ��� ��

�=1
� ���

Interpretation
 � = 1: perfect data quality
 � = 0: unusable data
 higher � means better readiness for
predictive analytics

A. Data Processing Frameworks for
Enhanced Predictive Modeling

Data processing frameworks in cloud-native
data ecosystems provide functionalities for
defining data transformations and
integration for execution during model
training and serving. Factories create serving
pipelines for testing, production, and ad-hoc
usage of models. These components enable
data scientists to focus on model
development, avoid code duplication across
model versions, and reduce errors in
production. The cloud-native architecture
automates execution of data processing steps
for both model training and serving,
supports efficient scaling of data processing

compute resources, and provides monitoring
and cost control of infrastructure and
operations.

Cloud-native data ecosystems form the basis
for predicting events, trends, and behaviors
through machine learning techniques.
Models operate on integrated, cleansed, and
quality-assured datasets. Data processing
frameworks are required for defining data
transformations and integration that occur
before or in parallel with model training and
serving. Factories automate the assembling
of serving pipelines for testing, production,
and ad-hoc usage of models. These
components increase operational efficiency
by reducing code duplication and errors. A
data processing framework also aligns with
cloud-native principles to facilitate scaling,
cost control, and performance optimization.

V. Data Integration andManagement
for Industrial Predictive Analytics
Data integration often emerges as the most
data-consuming step in machine learning
pipelines. Data ingestion is fraught with
potential data quality issues, leading to vast
amounts of corrupted data in predictive
modeling tasks. Substantial effort goes into
cleansing ingested data, as well as managing
absence of values or inconsistent definitions
in data sources. The lack of a granular
infrastructure for metadata, especially the
absence of data lineage, limits the analysis of
data quality during predictive modeling.
Furthermore, the hyperlinks among the data
sets required by keystone models in
predictive decision-making pipelines are
seldommaintained.
Scaling data processing often means
configuring multiple distributed systems;
scaling data access is even more challenging
as data engineers must keep track of
numerous in-memory thin copies of large
non-local sets. Data acknowledgment costs
are even more unmanageable without a
process-based storage layer. Technology
costs, for the cloud provider and for users,
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greatly influence cloud-native architecture
decisions in predictive decision-making
pipelines. The run costs of different
technologies must be analyzed and explicitly
taken into account when designing and
using predictive decision-making pipelines.

A. Data Ingestion, Cleansing, and Quality
Assurance

Throughout the data processing pipeline of a
cloud-native predictive modeling
environment, data integrity must be ensured
by addressing ingestion, cleansing, quality-
checking, and general management of the
actual data that is used to train and score
predictive models. All of these elements
should work together to offer ease of data
access and usage, as well as aspirations
towards a single source of truth.

Fig 2: Synthesizing real-time, closed-loop generative models for complex system
simulation: A digital fabric architecture for autonomous learning and decision-making
The different types of data typically used in industrial predictive maintenance—sensor data,
work order data, and failure data—arise from different sources with distinct characteristics.
Hence, they each need ingestion pipelines tailored to their structure. The stored data should
be adequately cleaned, and checks should be incorporated to indicate and prevent the use of
data that does not meet quality expectations.

Equation 2. End-to-End Pipeline
Reliability
The describe a chain:
1. ingestion
2. cleansing
3. validation
4. metadata/feature preparation
5. scoring
6. orchestration/execution
Let:
 �1 = reliability of ingestion
 �2 = reliability of cleansing

 �3 = reliability of validation
 �4 = reliability of feature/metadata
stage
 �5 = reliability of model scoring
 �6 = reliability of orchestration
Assume the pipeline succeeds only if all
stages succeed.

Step 1: Two-stage example
If two independent stages must both succeed:

� success = �1�2
Step 2: Extend to three stages
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� success = �1�2�3
Step 3: Generalize to� stages

��������� =
�=1

�

���

Final equation

� =
�=1

�

���

Failure probability
����� = 1 − �

Interpretation
Even if every stage is individually strong, the
total reliability drops across many stages.
Example: if 6 stages each have reliability 0.98,

� = 0.986 ≈ 0.8858

B. Metadata Management and Data
Lineage

Early-stage predictive-data pipelines ingest,
cleanse, and assure the quality of the
required data. A metadata-management
solution tracks data assets across regions and
accounts, records the entire life cycle of
individual data files, and supplies predictive
models with context-enriched features.

Metadata management guarantees smooth
operation of different data-processing
pipelines within the enterprise data
ecosystem while documenting the details
and life cycle of every data file. A metadata
repository tracks all data sources, datasets,
and features used in training models, and
supplies a feature store for near-real-time
scoring or forecasting. Centralizing such
information enhances the efficiency of
predictive decision-making pipelines and
their maintenance, guarantees compliance
with organizational, legal, and audit
requirements, provides governance, and
simplifies access control.

A metadata-management solution records
the full life cycle of data files, including
creation and update dates, owners, quality
scores, cleansing summary statistics, and

validation status. This information simplifies
management and usage of the files, enhances
productivity in feature engineering for
predictive modeling, and enables the
prediction of relative data freshness at
scheduled scoring times. By complementing
feature-engineering pipelines with context
information, metadata management
streamlines communication with business
users.

Table 2. Keyword frequency extracted
Theme keyword Frequency
data 283
cloud 91
predictive 81
model 74
pipeline 47
feature 40
quality 39
cost 35
scoring 26
metadata 16
security 7

VI. Building Intelligent Capabilities in
the Cloud-Native Stack
Continuing the development of intelligent
capabilities in the proposed data ecosystem
architecture, this section revisits the
Machine Learning Lifecycle (MLL) with a
twist proper to an industry setting. Besides
the specialized tooling across the MLL, the
description addresses additional capabilities
required for a cloud-native architecture.
Feature stores serve to provide and manage
relevant features, including cascading
transformations that play a side role in
critical online capabilities such as scoring
and real-time predictions.

1. Machine Learning Lifecycle in Industry
Contexts
Covering the MLL from a Data Science
perspective, its spelling is evidenced by the
elaboration of a feature store and dedicated
components for data preparation and
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evaluation processes. Such detailing attends
the MLL-business addressed by Zhang et al.
(2022) although providing for environments
in which data at rest are fully separated from
data in motion, while the pipeline-oriented
SQL-like score service covers the other side
of the MLL. Denoting the South that
integrates the two edges, spine, conveyer
belt and skeleton nomenclature is being
cohesively consolidated together.

2. Feature Stores and Real-Time Scoring
Feature stores are specialized entities serving
the overarching Data-ML alignment.
Equipment’s objective is to foster rapid Data-
ML alignment by providing an online
repository with raw features along with
frequently-used, reliably-tested
transformations; or data preparation by
cascading such transformations for dynamic
online activities, with scoring being to
production what DataOps is to control. By
processing feeding data for training,
evaluation, tuning or batch inference; and
purposely conceived for being coupled with
adjoint acquisition’s parents, these cascading
routines play an outboard auxiliary side role
accelerating repeatable online
services/functions.

A. Machine Learning Lifecycle in
Industrial Contexts

Operationalizing the machine learning
lifecycle in industrial contexts. Intelligent
capabilities transform data into actionable
insights through analytical and machine
learning models that enable predictive
decision-making. Model development
involves multiple stakeholders across the
organization and requires a collaboration-
efficient infrastructure. Rapid, reliable, and
reproducible model generation accelerates
deployment by automating the process.
Streamlined path-to-production
development relies on integrating dedicated
resources with the cloud-native data

platform. Business-driven metadata
management associates model features with
strategy, required levels of automation, and
operational conditions to facilitate a simple,
governing process for implementing, scaling,
and managing the feature-store-augmented
production–scoring framework.

The business-driven machinery relies on
automating deep learning model generation
and scoring path to maximize throughput
and minimize cycle time. The growing
maturity of available technology directly
supports the mission. Collaboration
management across cross-domain specialists
is steered through a dedicated machine
learning operations layer that encompasses
the machine learning lifecycle. The mission
is broken down into the required activities,
which are reflected in the architecture by
augmented features, defined zones, and
scalable facilities.

B. Feature Stores and Real-Time Scoring

The cloud-native data-processing stack must
support retrieval of features from storage for
batch scoring, enabling training or
evaluation of models for which the triggering
condition occurs later in time. Although
every MLaaS provider offers solutions for
retraining models with new data, the typical
approach does not prepare for scoring of the
model earlier than the training time stamp.
With Feature Storage as an integrated part of
the stack, scoring is merely a matter of
defining the query that retrieves historical
features for the external process. Relevant
artifacts for batch scoring are the feature
query specification and the relationship to
the selected model version. Schemas capture
feature data types, definitions, mappings,
and equations, while the feature query
associates the selected features to data
sources containing them. The feature
relation connects the feature query for batch
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scoring to the model artifacts for retraining
the model.

An architectural component that bridges the
batch and streaming environments enables
retrieval of features for real-time scoring. An
external service listens for scoring requests
from an application (e.g., an event-based
process in a web application) and fetches the
relevant features from the Feature Store,
applying appropriate transformations in the
process. Standard MLaaS capabilities are
employed for applying the selected model
version to the scored features and publishing
the results at the scoring time. Configuration
specifies which features are to be requested
for different application events.

VII. Predictive Decision-Making Pipelines
Predictive decision-making responses in
industrial settings are often tightly bound to
alerts signaled by conditions identified
through monitoring systems. Such alerts
may fire in real-time or become future events
arising from scheduled monitoring and
prediction processes interrogating the status
of systems and the dependencies between
them. On one hand, such monitoring
systems are overloaded with conditions to
evaluate, often with low event rates and high
costs; within operator context they become
alert fatigue sources. The risk grows for
workers to overlook or ignore alerts that
genuinely require reaction, or for more
complex conditions to require real-time
checks not covered by the monitoring setup.
Beyond such operational efficiencies, the
delays involved if predictions are not
happening in real-time can also create
unwanted impacts; predictive maintenance
falling too late often incurs costly reactive
maintenance work, additional damages,
production disruptions, and service impact
or bonus losses.

Building scale and capabilities into the
cloud-native data ecosystem stack enables
predictive decision-making surfaces to be

designed in conjunction with the data
preparation paths that create, make ready,
and keep fresh the models used to
predicatively address those alerts. Particular
steps still require real-time feedback via on-
demand orchestration of the end-to-end
decision-making process; taking an alert
signal as a triggering action, identifying
whether any modelling exists for that
predicate condition and feature set, scoring
the model if so, and enabling some real-time
action if required. Real-time predictions
satisfying compositional decision-making
queries in the stack should be coded as
reuse-ready cloud functions that can be
triggered through a lightweight API
mechanism. Regularly scheduled situations
that sit outside those conditions can be
interrogated at lower recur frequency and
along with enough future lookahead can
become implicit element of a digital twin.

A. Data Processing Pipelines for
Predictive Models

Cloud-native data ecosystem data processing
and associated infrastructure are designed
and implemented for predictive decision-
making applications, spanning data
ingestion and integration pipelines that
guarantee both data availability and
appropriate quality levels.
Predictive models for various business
problems require dependable data pipelines
to ensure data integrity, enabling data
ingestion from production systems—as well
as external data sources—followed by
cleansing and quality assurance procedures.
Data executives or quality dashboards should
succeed these components. Cloud-native
architectures also allow serving predictions
in a variety of concurrency modes; with an
architecture-aware timeline, real-time
scoring and batch scoring processing can be
integrated within a proper breadth-based
design. Continuous feature pipelines allow
the preparation of data for predictive models
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in a timely manner. Chronological
processing can be performed by workflow
orchestration and scheduling frameworks—
as well as event-based triggers—that enable
the real-time analytics of business events.
Together, continuous feature pipelines,
orchestration, scheduling, and event-based
triggering form a cohesive predictive
decision-making service enabler for
deploying models with low latency.

Workload challenges—namely, scaling
requirements, processing times, and cost—
can be addressed throughout data pipelines
and processing algorithms for serving model
predictions. Concurrency and burstiness
define how data-processing resources must
be designed and provisioned, as well as how
they relate to business objectives and
demand for responsiveness. Preparing a
comprehensive cost analysis of data-
processing resources throughout distinct
workloads and query patterns also informs
resources scaling and provisioning. Together,
these considerations develop cost-awareness
into data pipelines and processing workloads,
guiding the architectural design toward a
financially sound direction.

Equation 3. Feature Freshness Decay
Let:
 �� = age of feature data
 � > 0 = freshness decay constant
 � �� = freshness score
Step 1: State the decay assumption
Freshness decreases proportionally to its
current value:

��
� �� =− ��

Step 2: Separate variables
1
� �� =− � � ��

Step 3: Integrate both sides
∫ 1

�
�� = ∫ − � � �� ln� =− ��� + �

Step 4: Exponentiate
� = �−���+� = ��−���

where � = ��.

Step 5: Use the condition of perfect
freshness at time zero
At �� = 0, freshness should be 1:

� 0 = 1
So,

1 = ��0 = �
Hence � = 1.
Final equation

� �� = �−���

Interpretation
 � 0 = 1
 as �� grows, � approaches 0
 larger � means faster staleness

B. Orchestration, Scheduling, and Event-
DrivenWorkflows

Cloud-native data ecosystems engineered for
predictive decision-making position data and
technologies as dynamic profit centers. A
five-dimensional framework governs the data
ecosystem lifecycle through the model-
inference-data pipeline association and
communication, ensuring data integrity,
intelligent cloud-native capabilities,
scalability, performance, and cost
management.
Predictive-model-data pipelines underpin
the data processing framework. Ingestion,
cleansing, quality assurance, metadata
management, and lineaged storage support
model-execution at-scale. Data processing-
oriented pipelines flexibly provision
resources independent of model execution.
End-to-end orchestration, scheduling, and
event-drivenness drive operationalization.
CI/CD concepts manage both model
development and ecosystem elasticity to
meet cloud-function-as-a-service economics.
A diverse set of predictive models and
business problems spur investigation of the
required data-processing infrastructure and
associated pipelines. The supporting
ecosystem encompasses data-relations
knowledge, physical-design connections,
readiness of data-processing guidelines, and
orchestration. Pipeline succession ensures
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alignments through sensitive data dilution,
copying, reshaping, cleaning, and quality-
checking modeled data relations. Requisite
workflow elements are then jointly created.

VIII. Scalability, Performance, and Cost
Management
Scaling Data Processing and Compute
Resources
Cloud-native architectures, if designed in
alignment with the underlying business
model, are almost infinitely scalable. Data
processing pipelines serve as compute
factories, instantiating intelligent jobs on-
demand as events occur. Each job can be
governed separately; within queues, resource
requirements can vary down to the
individual job invocation. Within a region,
provisioning accounts and budgets are
partitioned for different departments or
business domains. Defined as a cost
allocation tag in cloud-native data
ecosystems, the budget that monitored the
data pipelines was defined according to data
owners and team members involved in the
jobs in order to allocate costs fairly.

Despite optimally supporting parallelism
related to job scheduling, the combination of
piping SQL engines (e.g. BigQuery) with a
storage service (e.g. CloudStorage)
introduced a performance bottleneck related
to the data exchange between the services.
The recommendation is not to pipe SQL

engines in serverless mode; instead, fire jobs
directly when possible using cloud-native
Blob or Object Storage services, and redirect
at the end to the SQL engine.

Cost-Aware Architecture and FinOps
Practices
All of these design qualities help control
costs while maintaining reasonable budgets
and ensure that FinOps practices do not
depend on external channeling of Cloud-
Control Policy to monitor usage. Individual
project billing subdivision promotes
accountability by enabling allocation of costs
related to data usage to specific business
domains that own it, allow for higher
granularity in setting budgets, leveraging the
automatic notification alerts provided by
Cloud.

A. Scaling Data Processing and Compute
Resources

Elastic cloud-based resource provisioning
enables scalable data processing in cloud-
native ecosystems. Data processing resources
can be dynamically scaled up or down based
on workload requirements and related costs.
Different kinds of workloads impose
different resource scaling requirements,
which can be served using specific resources
deployed for the
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workload type.
Fig 3: Cross-Cluster Workload Orchestration and Type-Specific Autoscaling in Cloud-
Native Ecosystems
A single type of workload deployed in a separate resource cluster can use cluster autoscaling to
manage workloads with dynamic scaling requirements. Different types of workload can be
served by having dedicated clusters for each workload type. It allows better control over
performance or cost and enables the use of task-specific services that are not suitable for a
shared cluster. Cost awareness holds relevance for resource provisioning of any workload and
each type of workload requires a different cost approach.
B. Cost-Aware Architecture and FinOps
Practices

The cost of cloud services has been identified
as a major concern among cloud users.
Managing costs requires appropriate
architectural choices and cloud resource
management policies. For data processing
workloads, performance-critical modules
must be provisioned with powerful compute
instances. Furthermore, because the
duration of data-processing tasks can vary
significantly, under-provisioning during
runtime tests of predictive models can lead
to dramatic performance degradation.
Consequently, a cloud-native data processing
framework should dynamically determine
how many resources to provision based on
the required workload.
These concepts fall within the context of
FinOps, which describes the management of
technology spending. Along with DataOps,

FinOps seeks to optimize cloud expenditure
while enabling a high degree of data analytic
capabilities. Within the context of FinOps,
cost savings can also be achieved by
analyzing the recent costs of different types
of data-processing workloads.

IX. Security, Compliance, and Risk
Management
The cloud-native architecture relies on the
capabilities and technologies offered by
public cloud providers to simplify enterprise
data processing. However, while this
approach enables rapid scaling—adopting
thousands of computational resources for
minimal periods—the associated costs can
increase dramatically within hours or days,
so FinOps initiatives should be established to
manage expenditure and detect potential
misuse. Automatic scaling features can
exploit special costs offered by cloud
providers, routing non-critical workloads to
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less-costly nodes. In pipelines with variable
workloads, support can include the regular
assignment of larger node classes for periods
of peak activity while returning to smaller
classes at quieter times.

Ensuring SLAs, enterprise risk, and
regulatory compliance requires managing
opportunities and constraints through
security-, privacy-, and data-sovereignty
governance. Security controls can be
managed through identity and access
management integrated with business
activity compliance. Confidentiality can be
supported using data obfuscation and
encryption techniques during data-in-flight
and data-at-rest phases. To ensure
compliance with regulatory requirements for
risk management in domains such as finance
and healthcare, data quality and privacy
preservation should be maintained while
computing with data in clear. Finally, when
working with sensitive data, governance
should guarantee that data never leaves the
country where the resource physically
resides. Specific checks can be enforced
using a data-aware orchestration and
scheduling service.

Equation 4. Real-Time Scoring Latency
Budget
Let:
 �� = event detection latency
 �� = feature retrieval latency
 �� = transformation latency
 �� = model inference latency
 �� = result publication latency
Step 1: Add component delays

���� = �� + �� + �� + �� + ��
Step 2: Introduce SLA constraint
If the allowed service time is ����, then:

���� ≤ ����

Final equations
���� = �� + �� + �� + �� + ��

�� + �� + �� + �� + �� ≤ ����

A. Identity, Access, and
Confidentiality Controls

Security is a central part of data ecosystems
and an omnipresent concern at all levels,
from physical to application security. At the
application level, identity and access
management (IAM) controls ensure that
users have a valid identity that is linked to
policies governing what these users can and
cannot do when interacting with the
environment. IAM services include
authentication services, which verify the
identity of a user or service, and
authorization services, which grant
permission to users and services as per
defined policies.

IAM services are fundamental within
enterprise environments, allowing
organizations to centrally manage and
control users and service accounts, granting
access only to required resources and
minimizing the risk of unauthorized
breaches. Fine-grained policies enable
permissive approaches, allowing actions only
when there is an actual business need.
Sensitive data is further protected within
cloud-native systems by using encryption to
ensure confidentiality. The data itself can
also be secured with additional layers of
protection, such as tokenization or masking.
Tokenization generates a unique identifier or
token, which retains all essential information
without compromising its confidentiality.
Masking replaces sensitive information with
modified content.

Table 3. Derived data-quality dimensions for this article’s architecture

https://unicredit-capitalia.eu/


J Euro Eco His.
ISSN : 0391-5115
Volume 7, Isue 2 ( 2026)

https://unicredit-capitalia.eu/ 83

Dimension Relative importance (0–10) Why it matters here
Accuracy 9 Bad input degrades models
Completeness 9 Missing records break pipelines and training
Timeliness 8 Needed for real-time and scheduled scoring
Validity 8 Input must match expected schema/rules
Confidentiality 8 Strong privacy/compliance emphasis
Consistency 7 Needed across integrated industrial sources
Accessibility 7 Data must be available to the pipeline
Believability 7 Trust in predictive decisions
Interpretability 6 Important, but less emphasized than integrity

B. Data Sovereignty, Privacy, and
Regulatory Alignment

Sovereignty requirements for on-premise
deployment of data workloads in both public
as well as private clouds are often dictated at
a country level. In public clouds, data
primarily traverses through the zones and
regions of the cloud provider even though
regulations like the European General Data
Protection Regulation have mandated data
residency requirements. The country of
origin is under the jurisdiction of the cloud
provider and not the enterprise. Cloud
providers’ shared responsibility model bound
the enterprise from knowing where their
data stored and where data was travelling to.
Enterprises with strict data residency,
especially in non-technical domains such as
HiTech, Life Sciences and Financial services
adopted private clouds that offered data
residency but not the scale at which public
clouds are capable of scaling. Moreover, data
can proliferate and be stored in more than
one region when the workloads were scaled
or moved; not all the regions were subject to
the same law or follow the same data
protection process. These challenges exposed
the data privacy of the service users.
Organizations using public cloud cannot
ignore this; organizations needs to take its
own responsibility of data privacy not
leaving the coverage with the CSP as it is.

Organizations were required to identify all
PII, PHI and other sensitive data and protect

those by encrypting it using a encryption key
stored in a different location than the data
being protected. A region classifier was
created to classify the PII data that needs to
be protected with the severity level
depending upon the region it belongs to and
which DPA the CSP has signed with that
region or customer. Risk Data Protection
Data Loss Protection tools were also used for
identifying, monitoring and controlling the
sensitive data.

X. Results
The distributed, multi-cloud architecture
builds on applied DataOps principles,
defining best practices for DataOps
discoverability, automation, process
observability, and process-tracing. Proof-of-
concept data-processing frameworks
demonstrate the practical implementation of
these principles for operationalizing
predictive analytics in enterprise settings.
Hyperparameter-optimized models for
failure prediction in a cooling tower are
available as servitized solutions, enabling
real-time inference and closed-loop decision
making.

The orchestration and scheduling framework
combines Apache Airflow and Prefect to
create an end-to-end DataOps pipeline that
generates and refreshes predictive decision-
making artefacts. Data sources, processing
and modelling functions, metadata and other
input artefacts are defined in a central
repository. These definitions and DataOps
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quality gates are evaluated and executed as
directed acyclic graphs. The architecture
extends capabilities by introducing event-
driven processing templates, enabling
triggers for ad hoc or periodic processing of
data pipelines and workflows beyond the
core pipeline.

Equation 5. Elastic Resource Scaling Rule
Let:
 � = incoming request rate (jobs/sec)
 � = average service time per job
(sec/job)
 � = number of workers/pods/nodes
 � = utilization of each worker
 ���� = target maximum utilization
Step 1: Capacity of one worker
One worker can serve:

� =
1
�

jobs/sec.
Step 2: Capacity of �workers

total capacity = �� =
�
�

Step 3: Utilization formula

� =
�

��
Substitute � = 1

�
:

� =
�

�/� =
��
�

Step 4: Enforce utilization threshold
To keep utilization below target:

��
� ≤ ����

Step 5: Solve for �

� ≥
��

����
Since � must be an integer:

���� =
��

����

XI. Future Directions and Research
Opportunities
The completion of a comprehensive
framework for the engineering and building
of intelligent cloud-native data ecosystems
represents more of a milestone than a
conclusion. The space of data integration

and management for industrial predictive
analytics is rich with still-evolving
technologies, with much work remaining on
both engineering and the application to real-
world use cases. Given the continuing
growth of cloud and cloud-native
architectures, the expanding explosion of IoT
and other data sources, and the need for
effective predictive decision-making in
industry as a source of competitive
advantage, further consideration of these
aspects remains a lively area for development.
The following paragraphs highlight some key
research directions and opportunities arising
from the preceding work.

The data layer is fundamental to predictive
modeling and yet often represents a
patchwork of labor-intensive ETL scripts and
failing upgrades. Strengthening the
integration of data ingestion, cleansing,
quality assurance, metadata management,
and data lineage in a coherent data
processing framework could boost delivery
of data for predictive modeling and risk-
domain analytics. The lifecycle of machine
learning support in the cloud-native stack
must be made more complete to support
optimal-level industrial predictions and
decision-making. The increasingly real-time
nature of business demands that prediction
results become available as inputs to other
systems at less than batch level, and this
need must be addressed in the deployment
of production-ready ML models.

Fig 4: Future ResearchWorkload
Distribution
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XII. Conclusion
Engineering Intelligent Cloud-Native Data
Ecosystems for Predictive Decision-Making
in Industry has examined the foundations,
methodologies, and technical aspects of
cloud-native data ecosystems, targeting
enhanced predictive model performance and
decision-making capabilities. These model-
driven data ecosystems deliver predictive
models using industrial data, which is
collected, managed, and processed end to
end. The focus is on defining the technical
objectives needed to ensure that the cloud-
native approach improves predictive
performance over previous implementations.

The primary area of research addresses the
critical aspects of data management and
processing for predictive modeling. Data
ingestion is considered, detailing the
processing pipeline needed to collate,
cleanse, structure, and annotate data that
contributes directly or indirectly to
predictive models. In addition, the metadata
management aspects of data governance are
explored, with emphasis on how metadata-
based data lineage enhances trust in the
quality and origin of model-training and
scoring data. Support for efficient artificial
intelligence–based predictive modeling is
investigated in the broader context of
predictive decision-making pipelines, with
special consideration given to automation,
resource elasticity, event-driven model
activation, and appropriate cost
management.
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