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Abstract

This study addresses the persistent problem of fragmented and insufficiently consolidated knowledge on cloud-
based machine learning deployment frameworks and the architectural practices required for successful
production implementation, a gap that continues to widen as organizations move from model experimentation
to real-world operationalization. The purpose of the study was to develop a structured understanding of the
major deployment frameworks, dominant architectural practices, operational benefits, and recurring risks
associated with cloud-based machine learning deployment across real-world cases. To achieve this, the study
adopted a cross-sectional, case-based systematic review design with quantitative descriptive support,
synthesizing evidence from 60 reviewed studies, including 46 empirical or case-based studies (76.7%), with
cases drawn from healthcare (25.0%), manufacturing and industry (23.3%), enterprise and business analytics
(20.0% ), smart systems and IoT (18.3% ), and multi-sector contexts (13.4%). The key variables examined were
deployment framework capability, architectural maturity, lifecycle governance, operational trust, scalability,
maintainability, interoperability, monitoring readiness, and deployment risks. Data were analyzed through
structured screening, eligibility assessment, thematic coding, frequency analysis, percentage distribution, and
five-point Likert evidence scoring. The findings show that 48 studies (80.0%) identified cloud deployment
frameworks as central to operational success, 51 studies (85.0%) emphasized architecture-related practices as
critical to production readiness, and 44 studies (73.3%) linked deployment quality to lifecycle governance,
monitoring, and maintainability. Container-orchestration ecosystems emerged as the most prominent
framework category, appearing in 42 studies (70.0% ) with a mean capability score of 4.45/5.00, while managed
cloud ML platforms appeared in 39 studies (65.0% ) with a score of 4.33/5.00. Among architectural practices,
containerization was reported in 46 studies (76.7%) with a mean of 4.52/5.00, monitoring and observability in
45 studies (75.0%) with 4.49/5.00, and orchestration in 43 studies (71.7% ) with 4.46/5.00. Overall deployment
effectiveness scored 4.24/5.00, while major challenges remained monitoring and model drift (65.0%), security
and privacy concerns (60.0%), and interoperability complexity (58.3%). The study implies that machine
learning deployment success in cloud environments depends not only on framework adoption, but also on
mature architecture, disciplined lifecycle governance, and context-sensitive operational design that supports
repeatability, portability, trust, and long-term sustainability.
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INTRODUCTION

Cloud-based machine learning deployment can be understood as the organized process through which
machine learning models, their supporting data flows, and their operational dependencies are
packaged, delivered, monitored, and maintained within remotely provisioned computing
environments that offer elastic infrastructure, platform services, and application interfaces over
networks (Amershi et al., 2019). Early cloud computing scholarship established the paradigm as a
utility-oriented model grounded in on-demand access, scalability, resource pooling, and service
abstraction, while also distinguishing it from related traditions such as grid computing and earlier
distributed infrastructures (Bernstein, 2014). In parallel, the business and systems literature framed
cloud environments as a convergence of technical efficiency and organizational agility, where compute
capacity, storage, and software capabilities could be consumed with reduced local infrastructure
ownership and stronger responsiveness to changing workloads (Botta et al., 2016). Within this broader
paradigm, machine learning deployment refers to the transition of trained analytical models from
experimental development settings into live operational settings where they interact with production
data, serve predictions, and become part of decision-support or automated service pipelines. This
transition is not a narrow act of model exportation (Baylor et al., 2017). It involves infrastructure
choices, orchestration logic, runtime interfaces, data validation, lifecycle governance, observability,
retraining triggers, and security controls that allow a model to remain useful after initial training. The
term deployment framework therefore denotes a set of tools, services, abstractions, and workflow
conventions that coordinate these tasks, while architectural practices refer to the structural design
principles that shape how model components, data services, APIs, storage layers, monitoring systems,
and compute resources are connected in production environments (Armbrust et al., 2010). Beginning
the present study with these definitions is important because the literature uses related terms such as
operationalization, productionization, MLOps, model serving, inference infrastructure, and cloud-
native Al in overlapping ways, and the absence of conceptual clarity can blur distinctions between
model development, model deployment, and full lifecycle management (Satyanarayanan, 2017). A
systematic review of cloud-based machine learning deployment frameworks and architectural
practices therefore starts from the need to delimit the field precisely: cloud computing supplies the
elastic and service-based substrate, machine learning supplies the predictive artifact, deployment
frameworks provide the technical and procedural means of delivery, and architectural practices
determine the robustness, scalability, and maintainability of the resulting system (Polyzotis et al., 2018).
At the international level, the significance of cloud-based machine learning deployment is tied to the
global reorganization of digital infrastructure around data-intensive services, platform ecosystems, and
geographically distributed computing resources. Cloud computing matured into a dominant
operational model because it enabled organizations in different sectors and national settings to access
sophisticated compute and storage capacities without building equivalent in-house infrastructure,
thereby lowering barriers to experimentation and shortening the time required to move from prototype
to service delivery. As data volumes expanded and enterprise analytics became more computationally
demanding, researchers highlighted the strong interdependence between cloud environments and
large-scale data processing, emphasizing that cloud elasticity, virtualization, and pay-per-use
provisioning made them especially suitable for handling data growth and analytical complexity across
domains (Qayyum et al., 2020). This international significance is intensified by the fact that machine
learning solutions are now embedded in cross-border service systems involving digital health,
manufacturing, logistics, finance, smart buildings, and connected devices, all of which depend on
architectures capable of handling heterogeneous data streams, varying latency requirements, and
continuous software change. The literature also shows that cloud-based deployment is not merely a
convenience for model hosting (Schmitt et al., 2020). It is a structural condition for worldwide
collaboration, reproducibility, and scalable access because cloud platforms provide standardized
interfaces, remote experimentation environments, and infrastructure abstraction that allow distributed
teams to train, validate, and serve models across regions and organizational boundaries
(Satyanarayanan et al., 2009). In healthcare-oriented and public-service contexts, the international
significance of these capabilities is especially visible because cloud-enabled machine learning systems
make it possible to coordinate data-intensive analytical workloads while supporting broad accessibility
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to clinical or operational decision tools, provided governance, privacy, and quality controls are
carefully managed. In manufacturing and industrial settings, cloud-linked machine learning
deployment supports predictive inspection, production monitoring, and quality optimization under
increasingly connected Industry 4.0 conditions, where edge resources, enterprise systems, and cloud
infrastructures need to function as a coherent analytical environment rather than isolated silos (Burns
et al., 2016). The global importance of the topic is therefore rooted in a broad socio-technical shift:
machine learning gains operational value only when models can be served, updated, governed, and
integrated at scale, and the cloud has become the principal environment through which this operational
value is realized across international industries and institutions (John et al., 2021).

Figure 1: Architecture of Cloud-Based Machine Learning Deployment in Production Environments
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The architectural foundations that make cloud-based machine learning deployment possible were built
through several related developments in distributed systems, virtualization, containerization, and
cloud-edge coordination. Early cloud literature emphasized abstractions such as utility computing,
virtualization, and pooled infrastructures, while later work clarified how these abstractions could be
transformed into flexible engineering environments that support large-scale data and application
services (Begum & Nazmul, 2021; Ara, 2021; Lahoura et al., 2021). The emergence of container-centered
packaging and orchestration changed this landscape substantially. Container technologies made it
easier to bundle software dependencies and preserve environmental consistency, while cluster
management systems made it feasible to schedule, isolate, and scale services across many nodes with
greater operational discipline (Ahmed & Hasan Or, 2021; Robel & Morshedul, 2021). At the same time,
microservice thinking provided a structural vocabulary for decomposing large systems into smaller,
independently deployable services, an architectural move that became highly relevant for machine
learning because prediction services, feature pipelines, validation modules, monitoring services, and
retraining triggers often evolve at different rates and require distinct operational treatment (Aditya &
Robel, 2022; Giray, 2021; Istiaq & Nusrat, 2022). Distributed data-processing engines and scalable
machine learning systems further reinforced these trends by showing that modern analytics workloads
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depend on infrastructures capable of coordinating heterogeneous compute resources and iterative
processing efficiently across clusters. Another important line of development concerns the shift from
centralized cloud-only models toward edge-aware and latency-sensitive architectures (Calheiros et al.,
2011; Ahmed & Rajib, 2022; Khaled & Hisham, 2022). Research on cloudlets, edge computing, and
mobile edge computing showed that some applications benefit from locating compute resources nearer
to data sources or end users, especially when response times, mobility, privacy boundaries, or
bandwidth constraints are central design concerns (Caveness et al., 2020; Mehedi & Md, 2022). This is
directly relevant to machine learning deployment because production models increasingly operate
across cloud, edge, and hybrid settings rather than within a single monolithic hosting environment
(Mainuddin & Chandra, 2022; Morshedul et al., 2022). In addition, IoT-cloud integration studies
showed that connected sensing environments require architectures that combine centralized analytics
with distributed ingestion and near-source processing, which further broadens the meaning of
deployment framework beyond a single managed platform. The architectural question is therefore not
simply where a model is hosted. It concerns how data movement, service boundaries, orchestration,
hardware acceleration, and runtime coordination are arranged so that predictive systems remain stable
under real operating conditions (Chen & Guestrin, 2016; Nazmul & Begum, 2022; Shahinur & Md.
Sultan, 2022). That is why architectural practices occupy a central place in this research area rather than
a peripheral implementation role (Daneva & Bolscher, 2020).

A second major body of literature explains why machine learning deployment cannot be reduced to
the serving of a trained model artifact. Production machine learning systems are data-dependent,
probabilistic, and continuously exposed to environmental change, which means that deployment
involves managing entire pipelines of data ingestion, validation, transformation, training, model
registration, serving, and post-deployment surveillance (Mohammed et al., 2021; Binte & Hasan Or,
2022). The Google TEX work formalized this perspective by presenting an integrated, production-scale
platform in which model analysis, validation, training, and serving are treated as coordinated
components rather than isolated engineering tasks. Closely related scholarship on production machine
learning identified data management as a central challenge, arguing that understanding, validating,
cleaning, and preparing data in live pipelines is inseparable from reliable deployment because model
quality is tied directly to the integrity and evolution of data throughout the lifecycle (Lwakatare et al.,
2019). The later development of TensorFlow Data Validation continued this logic by demonstrating a
scalable approach to identifying anomalies, schema mismatches, drift, and training-serving skew inside
continuous pipelines, thereby making data quality a first-class concern of deployment architecture itself
rather than a preparatory task completed before release (Hashem et al., 2015). The software engineering
literature strengthens this point further. Empirical work at Microsoft described the adaptation of
software engineering processes for machine learning-intensive products, showing that ML systems
introduce special requirements around experimentation, dependency management, quality assurance,
deployment pipelines, and cross-functional collaboration between data science and software teams . A
broader systematic review of engineering machine learning systems reached a similar conclusion by
showing that the non-deterministic and data-centric nature of ML systems complicates conventional
engineering activities across design, testing, maintenance, and deployment. In this sense, deployment
frameworks are not important merely because they automate infrastructure. They matter because they
institutionalize repeatability, traceability, monitoring, and governance in systems whose behavior is
shaped by changing data and iterative retraining. The literature therefore places operationalization at
the intersection of software architecture, data engineering, and machine learning lifecycle management.
This intersection is one reason the term MLOps gained traction around the end of the period covered
in this review, as researchers and practitioners searched for language that could capture the operational
breadth of modern ML systems without reducing them to isolated prediction endpoints (Wang et al.,
2008). The present study is positioned within this understanding of deployment as a lifecycle
architecture problem rather than a one-time implementation event.

The literature also indicates that cloud-based machine learning deployment matured alongside broader
transformations in software delivery, especially the rise of continuous integration, continuous delivery,
DevOps culture, and modular architectural styles (Dragoni et al., 2017). DevOps research defined
reliable deployment as a collaborative and automation-intensive capability that links development and
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operations in ways that reduce release friction and improve system resilience under real use conditions.
Reviews of architecture for continuous delivery emphasized deployability, microservices, automation
pipelines, and architectural decoupling as important enablers of frequent and controlled release
processes, which aligns closely with the demands of machine learning systems that require recurrent
retraining, schema checks, feature updates, and model version transitions. When these ideas are
brought into the ML context, the architectural stakes become sharper because models are not static
binaries; they are behaviorally dependent on data distributions, validation rules, and serving
assumptions. The TFX platform and related production-pipeline research therefore show that
continuous ML delivery needs platforms capable of tracking artifacts, validating inputs and outputs,
and ensuring that models reaching production satisfy not only accuracy requirements but also
operational compatibility and runtime stability. Microservice-oriented architectural literature is helpful
here because it explains why loosely coupled services are attractive in complex systems: they allow
components to evolve independently, support selective scaling, and improve the manageability of
heterogeneous workloads. In machine learning deployment settings, this means that inference services,
feature extraction processes, monitoring agents, and retraining schedulers can be separated structurally
while remaining coordinated through APIs, message flows, or orchestration layers (Dang et al., 2019).
Research on Al deployment and production case reports further shows that companies regularly
struggle with the gap between proof-of-concept models and software systems that can be maintained,
audited, and integrated into larger production environments. Manufacturing-oriented deployment
guidance reinforces the same point by illustrating that effective deployment requires structured
decisions about model interfaces, data pipelines, integration constraints, and governance
arrangements, not just technical accuracy in isolated testing settings. The architectural practices
discussed in this body of work thus represent a practical grammar for operational machine learning;:
modularization, containerization, orchestration, validation, versioning, and observability together
define the conditions under which cloud-based deployment frameworks become usable and
sustainable in live service ecosystems.

The practical and international relevance of these architectural concerns becomes clearer when the
literature is read across domains of application (Abadi et al., 2016). In healthcare, the combination of
cloud computing and machine learning has been associated with large-scale data assimilation,
diagnostic support, workflow enhancement, and improved access to analytical capabilities, while also
raising strong requirements around confidentiality, governance, and dependable validation. In cloud-
linked medical and telehealth settings, deployment quality affects whether prediction models can be
accessed remotely, refreshed with new data, and trusted in operational environments where data
sensitivity and clinical accountability are high. In industrial and manufacturing contexts, cloud and
edge resources are being used to support quality inspection, predictive analytics, and cyber-physical
decision support, which creates deployment scenarios where latency, interoperability with plant
systems, and continuous operational monitoring are central architectural issues. Smart infrastructure
literature adds another dimension by showing that machine learning systems embedded in connected
environments require architectures that can integrate streaming data, contextual adaptation, and
variable control timescales across distributed resources. These application-oriented studies matter for
the present topic because they shift attention from abstract platform capability to deployment reality:
a deployment framework is meaningful only insofar as it can manage sector-specific constraints around
data quality, regulation, integration, auditability, and runtime performance. Security scholarship on
cloud machine learning further underlines this point by documenting that machine-learning-as-a-
service settings introduce attack surfaces and privacy concerns that touch training data, model access,
communication channels, and service endpoints, all of which must be considered as part of
architectural practice rather than afterthoughts (Zhang et al., 2010). The 2021 special issue on artificial
intelligence in cloud computing similarly reflects the extent to which Al has become embedded in cloud
environments as both a user of cloud resources and a driver of new infrastructure designs for service
optimization and operational management. Taken together, these studies show that the significance of
cloud-based machine learning deployment lies not in one sector or one platform family, but in a broad
transformation of how intelligent services are built and run across globally distributed systems. The
deployment problem is therefore international, interdisciplinary, and deeply architectural in character
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because it joins platform engineering, data management, software delivery, and domain-specific
operational constraints in one production setting.
Within this body of scholarship, a clear research need emerges for a systematic review focused
specifically on deployment frameworks and architectural practices rather than on machine learning
algorithms alone or on cloud computing in general (Vaquero et al., 2009). Foundational cloud studies
defined the infrastructure paradigm, while later machine learning systems research described scalable
platforms, validation components, and software engineering challenges. Yet the literature remains
dispersed across distributed systems, software architecture, data engineering, DevOps, edge
computing, cloud security, and application-domain case studies. Reviews of engineering machine
learning systems have shown that software engineering knowledge for ML remains fragmented across
lifecycle stages, and case-based deployment studies continue to report obstacles related to integration,
monitoring, maintainability, and governance (Abbas et al., 2018; Alanne & Sierla, 2021). Likewise,
architecture-oriented studies on continuous delivery and Al deployment indicate that organizations
require structural guidance on how to combine cloud services, containers, orchestration, validation,
and operational controls into coherent deployment environments, yet this guidance is scattered across
conceptual, empirical, and domain-specific publications (Zaharia et al., 2016). Security reviews in cloud
ML and applied studies in healthcare and manufacturing reveal another layer of fragmentation,
because concerns such as privacy, runtime trust, model drift, and sectoral regulation are often
discussed in isolation from the deployment frameworks and architectural patterns that shape them in
practice. As a result, the current knowledge base contains many valuable pieces but limited synthesis
that maps major cloud-based ML deployment frameworks alongside the architectural practices that
recur across production settings. A systematic review centered on this intersection is needed to identify
which frameworks are most prominent, which design principles appear most consistently, how
operational challenges are represented in the literature, and how case-based evidence can be organized
into a clearer analytical structure for understanding deployment in cloud environments (Buyya et al.,
2009; Marston et al., 2011). This review is framed by that need for integration. It reads cloud-based
machine learning deployment as a distinct scholarly problem situated between infrastructure
abstraction, software architecture, lifecycle governance, and production analytics, and it treats the
literature itself as the primary source through which the technical, organizational, and operational
contours of the field can be synthesized in a disciplined way.

Purpose of the Study

The purpose of this study is to develop a structured and comprehensive understanding of cloud-based
machine learning deployment frameworks and the architectural practices that shape their
implementation across real-world operational environments. In many organizations, the practical
value of machine learning is not determined only by the performance of a model during training or
evaluation, but by the extent to which that model can be effectively deployed, integrated, monitored,
maintained, and scaled within production systems. On that basis, this study moves beyond a narrow
focus on algorithmic accuracy and instead concentrates on the broader deployment ecosystem that
enables machine learning models to function as reliable operational tools. The study is designed to
identify the most frequently discussed cloud-based deployment frameworks in the literature, examine
the architectural practices that support their successful use, and analyze how these frameworks and
practices influence key outcomes such as scalability, reliability, maintainability, operational efficiency,
and governance readiness. A further purpose of the study is to organize fragmented scholarly
discussions into a coherent review structure so that dominant patterns, recurring design approaches,
and major implementation concerns can be understood more clearly. This includes examining how the
literature presents practices such as containerization, orchestration, microservices, pipeline
automation, monitoring, and lifecycle coordination, as well as how these practices contribute to the
success, complexity, or limitations of deployment across different case-based contexts. The study also
seeks to compare the strengths and weaknesses of different deployment framework categories in order
to clarify where certain models appear more adaptable, efficient, or challenging to manage in cloud
environments. In addition, it aims to synthesize the major technical and organizational challenges
reported across prior studies, including issues related to integration, model drift, portability, cost
control, security, compliance, and system complexity. Through this objective-based focus, the study
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intends to provide a literature-grounded analytical foundation that explains not only what cloud-based
machine learning deployment frameworks exist, but also why particular architectural practices
repeatedly emerge as essential to effective deployment. Ultimately, the purpose of the study is to
produce a systematic and academically grounded review that directly supports the research questions,
aligns with the hypotheses, and establishes a strong foundation for the findings and discussion
presented in the later sections of the paper.

Background of the Study

The background of this study is rooted in the rapid expansion of machine learning applications across
business, industrial, scientific, and public service environments, where organizations increasingly rely
on predictive and intelligent systems to support decision-making, automate processes, improve
efficiency, and generate strategic value from data. As machine learning has matured from an
experimental analytical tool into an operational technology, the focus of both research and practice has
shifted from model development alone to the broader challenge of deploying models successfully in
real-world environments. In this context, cloud computing has become a major enabler because it
provides scalable infrastructure, flexible computing resources, managed services, storage capacity, and
integration capabilities that support the operationalization of machine learning systems at different
levels of complexity. The relationship between cloud computing and machine learning is especially
important because modern deployment environments require more than simple model hosting. They
require coordinated frameworks that support packaging, versioning, integration, monitoring,
retraining, security, and continuous delivery. At the same time, architectural practices such as
containerization, orchestration, microservices, automated pipelines, and observability have become
central to the stability and maintainability of deployed machine learning systems. These developments
have created a growing body of literature that examines cloud-based deployment frameworks,
production pipelines, MLOps practices, and cloud-native system design. However, this knowledge is
dispersed across multiple fields, including cloud computing, software engineering, machine learning
systems, distributed architecture, and domain-specific implementation studies. As a result,
understanding the field as a coherent whole remains difficult without a structured synthesis. The
background of this study therefore lies in the need to examine how cloud-based machine learning
deployment frameworks are described and evaluated in the literature, how architectural practices
shape their effectiveness, and how different deployment approaches are represented across case-based
and cross-sector studies. This study emerges from the recognition that machine learning creates real
organizational value only when it can be deployed and sustained effectively in operational settings,
and that cloud-based frameworks now play a foundational role in enabling that transition from
experimentation to dependable production use.

Problem Statement

The problem addressed in this study is the lack of a consolidated and systematic understanding of
cloud-based machine learning deployment frameworks and the architectural practices that support
their effective implementation in production environments. Although machine learning research has
grown significantly, much of the academic and professional focus has traditionally remained centered
on algorithm selection, model accuracy, training performance, and experimental validation, while the
deployment phase has received less unified analytical attention. In practice, organizations frequently
encounter major challenges when attempting to move machine learning models from development
settings into real-world cloud environments where reliability, scalability, interoperability, security, and
lifecycle management become critical. This creates a gap between technical model success and
operational deployment success. A further problem is that the literature discussing deployment is
fragmented across different technologies, platforms, and disciplinary perspectives. Some studies focus
on managed cloud services, others emphasize open-source frameworks, while many discuss individual
architectural practices such as containers, orchestration tools, CI/CD pipelines, or monitoring systems
without integrating these elements into a broader analytical view. This fragmentation makes it difficult
to determine which frameworks are most prominent, which architectural practices are most
consistently associated with effective deployment, and which common challenges recur across different
case-based contexts. In addition, deployment studies often vary in terminology, scope, and depth, with
overlapping concepts such as model serving, MLOps, cloud-native deployment, and production
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machine learning being used in ways that are not always clearly aligned. This weakens conceptual
clarity and makes cross-study comparison more difficult. There is also limited synthesis of how
technical concerns such as model drift, integration complexity, vendor dependence, cost management,
monitoring, and governance are connected to architectural choices in cloud settings. For these reasons,
the current body of knowledge does not provide a sufficiently organized view of how cloud-based
machine learning deployment frameworks and architectural practices interact across real-world
operational environments. This study therefore addresses the need for a systematic review that brings
these dispersed discussions together into a coherent structure.

Research Hypotheses

The research hypotheses of this study are developed to guide the analytical direction of the review and
to provide a clear framework for interpreting patterns found in the literature on cloud-based machine
learning deployment frameworks and architectural practices. Since this study is literature review based
and qualitative in nature, the hypotheses are not intended for direct statistical testing through primary
data collection, but instead serve as structured propositions that can be examined through thematic
synthesis, cross-study comparison, and limited numeric support from the reviewed evidence. The first
hypothesis states that cloud-based machine learning deployment frameworks are associated with
improved scalability, flexibility, and operational efficiency in comparison with more isolated or
traditional deployment approaches. This hypothesis is grounded in the idea that cloud environments
offer elastic infrastructure, service integration, and automated operational support that strengthen the
deployment process. The second hypothesis proposes that architectural practices such as
containerization, orchestration, microservices, automated pipelines, and monitoring are consistently
linked to more effective deployment outcomes. This means that successful deployment is expected to
depend not only on the framework itself, but also on the architectural design choices that structure the
production environment. The third hypothesis states that integrated cloud-native deployment
ecosystems provide stronger lifecycle management and maintainability than fragmented or ad hoc
deployment arrangements. This proposition reflects the expectation that deployment quality improves
when model serving, data flow control, validation, versioning, and operational monitoring are
coordinated within a unified framework rather than handled separately. Together, these hypotheses
reflect the central assumption that deployment success in cloud-based machine learning is shaped by
both technological framework selection and the architectural practices used to operationalize those
frameworks. They also help establish a logical link between the research questions, the literature review
themes, and the results section. By framing the study around these hypotheses, the research gains a
clearer analytical focus and a more disciplined basis for evaluating recurring patterns, dominant
practices, and reported challenges within the reviewed literature.

Significance of the Research

The significance of this research can be understood through its academic, practical, analytical, and
organizational value in the growing field of cloud-based machine learning deployment. As machine
learning systems continue to move from experimental settings into live operational environments,
there is increasing need for a structured understanding of the frameworks and architectural practices
that make deployment reliable, scalable, and sustainable. This study is significant because it addresses
that need through a systematic and literature-based review of cloud-based machine learning
deployment frameworks and architectural practices. Its importance can be presented as follows:

i. Academic significance

This research contributes to academic knowledge by organizing a fragmented body of literature into a
coherent and systematic review structure. Studies related to cloud-based machine learning deployment
are often scattered across cloud computing, software engineering, machine learning systems,
distributed architecture, and MLOps discussions. By bringing these strands together, the study helps
clarify the intellectual structure of the field and supports a more integrated scholarly understanding of
how deployment frameworks and architectural practices are discussed in existing research.

ii. Theoretical significance

The study is significant at the theoretical level because it creates a clearer analytical relationship
between deployment frameworks, architectural practices, and operational outcomes. Rather than
treating cloud platforms, deployment tools, and system architecture as separate topics, the research
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positions them as interconnected elements of one deployment ecosystem. This strengthens the
conceptual basis for examining how technical choices influence scalability, maintainability, monitoring
capability, and deployment effectiveness.

iii. Methodological significance

This research is methodologically significant because it applies a systematic literature review approach
to a topic that is frequently discussed in technical and practice-oriented terms but less often synthesized
in a disciplined academic format. The use of structured screening, eligibility assessment, data
extraction, coding, and thematic synthesis allows the study to present a more reliable and transparent
review of the field. The inclusion of limited numeric support in the findings also improves the clarity
of pattern identification without shifting the study away from its qualitative foundation.

iv. Practical significance for industry and organizations

The study has practical value for organizations that seek to deploy machine learning models in cloud
environments more effectively. Many institutions invest in model development but face challenges
when integrating those models into real operational systems. By identifying commonly used
frameworks, dominant architectural practices, and recurring implementation challenges, this research
can help practitioners, system architects, and technology managers understand which deployment
approaches appear more suitable, manageable, and operationally stable in different contexts.

v. Significance for decision-making and system design

This research is significant because it can support better technical and managerial decision-making
regarding cloud-based machine learning deployment. Framework selection is rarely a purely technical
choice; it involves considerations of scalability, governance, cost control, portability, monitoring, and
long-term maintenance. The study provides a structured basis for understanding these trade-offs and
can therefore assist stakeholders in making more informed decisions about deployment strategies and
architectural planning.

vi. Significance for identifying research gaps

Another important significance of this study lies in its ability to reveal major gaps, inconsistencies, and
underexplored areas in the existing literature. By systematically reviewing prior studies, the research
can show where evidence is strong, where knowledge remains fragmented, and where further
scholarly attention is needed. This makes the study useful not only as a synthesis of what is already
known, but also as a guide for future academic inquiry.

vii. Significance for cross-sector understanding

The study is also significant because cloud-based machine learning deployment is relevant across
multiple sectors, including healthcare, finance, manufacturing, retail, logistics, and smart systems.
Reviewing the literature across case-based contexts makes it possible to understand both shared
deployment patterns and context-specific concerns. This broader perspective increases the relevance of
the study and helps position cloud-based machine learning deployment as an interdisciplinary and
cross-sector research area.

viii. Overall significance to the study area

Overall, this research is significant because it strengthens understanding of a critical stage in the
machine learning lifecycle: the movement from model development to dependable cloud-based
production use. It highlights the importance of deployment frameworks and architectural practices as
foundational elements of operational success, and it provides a structured review that can serve as a
strong academic and practical reference for researchers, practitioners, and organizations working in
this field.

LITERATURE REVIEW

The literature review for this study is developed to provide a structured and critical understanding of
the scholarly foundations surrounding cloud-based machine learning deployment frameworks and
architectural practices. As machine learning has evolved from a research-centered activity into an
operational capability embedded in real-world systems, the literature has increasingly moved beyond
model development alone and toward questions of deployment, integration, scalability,
maintainability, and lifecycle control. This shift has created a diverse body of knowledge spanning
cloud computing, software engineering, distributed systems, machine learning operations, and
domain-specific implementation studies. Within this broad scholarly landscape, cloud-based
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deployment has emerged as a particularly important topic because cloud environments offer the
infrastructure flexibility, resource elasticity, service abstraction, and integration potential required to
operationalize machine learning models at scale. At the same time, the success of deployment is not
determined only by the adoption of a particular cloud platform or framework, but also by the
architectural practices used to organize services, data pipelines, deployment workflows, monitoring
mechanisms, and governance controls. For this reason, the literature review in this study does not treat
frameworks and architecture as separate concerns. Instead, it examines them as interconnected
dimensions of one production ecosystem in which technical tools, design choices, and operational
requirements interact continuously. A review of this kind is necessary because existing scholarship is
fragmented across multiple strands, including managed cloud machine learning services, open-source
deployment tools, containerized infrastructures, orchestration systems, continuous integration and
delivery practices, MLOps pipelines, and case-based reports from sectors such as healthcare,
manufacturing, finance, and smart systems. Without a systematic review structure, these discussions
remain difficult to compare and synthesize in a way that clearly reveals dominant frameworks,
recurring architectural practices, common implementation challenges, and reported operational
outcomes. Therefore, this literature review serves several purposes within the study. It establishes the
conceptual background of cloud-based machine learning deployment, identifies the major frameworks
and architectural patterns discussed in prior studies, introduces the theoretical and conceptual
foundations guiding the analysis, and clarifies the scholarly gaps that justify the present research. In
doing so, it creates the analytical base for the methodology, results, and discussion sections by
organizing prior knowledge into a coherent framework that directly supports the study’s objectives,
research questions, and hypotheses.

Cloud-Based Machine Learning Deployment

The evolution of cloud-based machine learning deployment can be understood as a movement from
general-purpose cloud hosting toward highly structured, automated, and lifecycle-aware operational
environments for machine learning systems. In the earlier phase of this evolution, cloud deployment
was closely associated with the broader transition from monolithic applications to more distributed
and service-oriented architectures that could exploit elasticity, remote infrastructure access, and on-
demand scalability. In this stage, the cloud was valued mainly as a hosting environment that could
support faster provisioning and easier expansion of computational resources, while deployment logic
remained strongly tied to conventional software delivery practices. A notable step in this transition was
the growing recognition that microservice-oriented structures were better aligned with cloud
environments than rigid monolithic systems because they allowed functions to be split into smaller
deployable units that could be independently scaled and updated. Villamizar et al. showed that cloud
deployment patterns were already shifting in this direction by 2015, when the comparison between
monolithic and microservice architectures highlighted how cloud environments increasingly favored
modularity, service separation, and independent deployment as ways to improve scalability and
operational flexibility (Villamizar et al., 2015). By 2017, the same line of work had advanced further into
explicit cloud cost and deployment comparisons across monolithic, microservice, and AWS Lambda
architectures, illustrating that deployment evolution was no longer only about structural
decomposition but also about cost-performance tradeoffs, operational agility, and infrastructure
abstraction (Villamizar et al., 2017). This progression is important because it marks the point at which
cloud deployment stopped being merely an infrastructure decision and began to function as an
architectural strategy. For machine learning systems, that shift created the technical conditions under
which models, data pipelines, interfaces, and supporting services could later be organized into more
adaptive production environments. In other words, before cloud-based machine learning deployment
became a specialized area of study, the cloud software literature had already established key
deployment principles such as modularity, distributed service composition, and scalable runtime
isolation that would later become central to machine learning operationalization.

A second phase in the evolution of cloud-based machine learning deployment emerged when the
machine learning workload itself began to shape deployment design rather than merely occupy
existing cloud infrastructure. At this point, deployment was no longer treated as the final step after
model development, but as a continuous operational problem involving data movement, training
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coordination, resource elasticity, runtime responsiveness, and infrastructure specialization. This
change is clearly visible in recent research on serverless and edge-oriented machine learning
deployment. Barrak et al. mapped the growing body of work on serverless machine learning and
showed that interest in combining FaaS-style abstraction with machine learning pipelines had
expanded substantially by 2022, signaling a broader move toward event-driven, infrastructure-light
deployment models for selected ML tasks. In parallel, Trieu et al. demonstrated that serverless edge
computing had become relevant for machine learning applications requiring responsiveness under
heterogeneous workloads, and their evaluation of frameworks such as Kubeless, OpenFaaS, Fission,
and funcX highlighted how deployment architecture was expanding beyond centralized cloud
execution into hybrid and distributed settings (Trieu et al., 2022). This phase of evolution is especially
important because it reveals that the deployment environment for machine learning was becoming
more differentiated. Instead of assuming one standard cloud configuration for all use cases, the
literature began to recognize multiple deployment pathways shaped by workload intensity, latency
sensitivity, concurrency behavior, and resource constraints. Cloud-based machine learning
deployment thus evolved into a field concerned not only with where models run, but also with how
runtime abstractions, orchestration choices, and platform styles alter deployment behavior across
contexts. The rise of serverless and edge-linked approaches therefore represents more than a technical
variation. It marks a conceptual widening of the deployment problem, where cloud resources remain
central but are increasingly integrated with lighter, more dynamic, and context-sensitive execution
models tailored to the operational demands of machine learning systems.

Figure 2: Evolution of Cloud-Based Machine Learning Deployment
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The most mature phase in this evolution is represented by the emergence of MLOps-oriented thinking,
where cloud-based machine learning deployment is treated as an end-to-end operational discipline
rather than a set of disconnected implementation tasks. In this stage, the literature presents deployment
as a coordinated system of practices involving development, integration, release, monitoring,
versioning, retraining, governance, and collaboration across technical roles. Kreuzberger et al. describe
this shift clearly by defining MLOps as an architecture-and-workflow paradigm that brings together
best practices, organizational roles, and technical components required to operate machine learning
products in production at scale. This perspective signals a major maturation of the field because it
reframes deployment from a narrow engineering handoff into a lifecycle structure embedded in cloud
environments. Under this mature view, cloud-based deployment frameworks are expected to support
traceability, automation, reproducibility, monitoring, and continuous evolution rather than simply
expose a prediction endpoint. The importance of this stage lies in its synthesis of earlier developments.
The modularity and scalability emphasized in cloud and microservice studies remain relevant, while
the dynamic execution possibilities explored in serverless and edge settings are incorporated into
broader operational ecosystems. What changes is the analytical center of gravity: the discussion moves
from isolated deployment mechanics to the governance of machine learning in production. This means
that the evolution of cloud-based machine learning deployment can be read as a progression through
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three linked transformations: first, cloud deployment became modular and architecture-aware; second,
machine learning workloads drove experimentation with new deployment abstractions such as
serverless and edge-enabled execution; and third, these technical strands were consolidated into
MLOps-style lifecycle frameworks that now define production-grade deployment as a continuous,
cloud-supported operational capability. For the present study, this evolution is essential because it
explains why contemporary deployment frameworks and architectural practices must be reviewed
together rather than as separate technical topics (Barrak et al., 2022).

Cloud-Based Machine Learning Deployment Frameworks

Cloud-based machine learning deployment frameworks have evolved into a diverse class of platforms
that support the movement of models from experimentation to production through coordinated
services for tracking, packaging, versioning, serving, and operational control. In the literature, these
frameworks are not presented as interchangeable tools; rather, they are described as layered solutions
that differ according to how much of the machine learning lifecycle they manage and how strongly
they depend on a particular cloud ecosystem. One prominent strand is the machine-learning-as-a-
service model, where large providers expose managed environments that combine data preparation,
training support, deployment endpoints, and API-based consumption. This category includes services
from major vendors that reduce infrastructure burden by exposing higher-level capabilities through
platform abstractions (Pawar et al.,, 2021). A second strand is represented by open and extensible
lifecycle platforms such as MLflow, which has been described as a system built to work across libraries
and programming languages while supporting experiment tracking, reproducibility, deployment,
collaborative model registry functions, and analytics over large collections of runs (Chen et al., 2020).
This distinction is important because it shows that cloud-based deployment frameworks differ not only
by vendor ownership but also by architectural philosophy: managed services concentrate convenience
and integration inside a provider ecosystem, while open lifecycle frameworks aim for portability and
tool interoperability across heterogeneous stacks. The literature also indicates that deployment
frameworks are increasingly judged by how well they connect development and operations. In that
regard, continuous Al pipelines now organize deployment around recurring stages such as data
handling, model learning, software development, and system operations, which means that
frameworks are expected to support far more than model release alone. From this perspective, cloud-
based deployment frameworks can be understood as orchestration environments that institutionalize
repeatability, automate handoffs, and reduce fragmentation between data work, model work, and
operational work. As a result, the framework discussion in this study is centered not simply on tool
names, but on how different platforms structure the lifecycle of deployed machine learning in cloud
environments and how they balance abstraction, control, extensibility, and production readiness.

A closer reading of the literature shows that cloud-based deployment frameworks are typically
differentiated through their core functional emphases, especially lifecycle coordination, deployment
workflow support, and production integration. Lifecycle-centered frameworks are designed to make
model development traceable and reproducible across teams, and they often include experiment
logging, artifact storage, model registry capabilities, and promotion mechanisms for moving models
into testing and production states. MLflow is a strong example of this direction because it combines
experiment tracking with registry and deployment-oriented features in a way that responds to real
organizational feedback from production use (Chen et al., 2020). Workflow-centered frameworks, by
contrast, are better understood through the deployment decisions they formalize. A guideline for
deploying machine learning models in predictive quality settings divides the production problem into
deployment design, productionizing and testing, monitoring, and retraining, which clarifies that a
deployment framework is meaningful when it supports multiple connected tasks rather than a single
endpoint-serving function (Heymann et al., 2022). In parallel, continuous Al pipeline research shows
that machine learning deployment requires repeated execution triggers, coordinated stages, and
explicit handling of operational feedback, reinforcing the idea that frameworks now function as process
infrastructures rather than isolated software packages. The literature therefore suggests that framework
maturity is closely tied to the breadth of lifecycle coverage. A platform that assists with training but
offers weak monitoring, limited testing integration, or unclear promotion logic may still be useful, but
it represents a narrower class of deployment framework than one that coordinates the full operational
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path from model artifact creation to monitored production service. This is why cloud-based
deployment frameworks are often better interpreted as composite environments. Their practical value
lies in how they connect data assets, model versions, cloud resources, interfaces, and governance
checkpoints in one operational chain. In review terms, this means that the category includes managed
cloud platforms, open lifecycle platforms, and structured deployment workflow frameworks, all of
which differ in emphasis but converge on the same production objective: making machine learning
deployment repeatable, governable, and maintainable in cloud settings.

Figure 3: Conceptual Overview Of Cloud-Based Machine Learning Deployment Frameworks
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Another major theme in the literature is that deployment frameworks are increasingly evaluated by
their support for post-deployment reliability, especially monitoring, interface usability, and sustained
model operation. This shifts the discussion from framework availability to framework adequacy.
Machine learning systems in production face recurring verification and validation challenges, and
monitoring methods and metrics are essential for identifying operational problems early (Schroder &
Schulz, 2022). This point is highly relevant to framework analysis because it implies that a deployment
framework without robust monitoring support is incomplete from a production perspective. Similarly,
model serving has also been approached from the interface layer, where the way users interact with
deployed models is treated as a design concern that must be accounted for when serving machine
learning outputs in practical contexts. This expands the notion of deployment framework beyond
infrastructure and orchestration, indicating that frameworks also need to mediate between technical
services and human-facing use. When these insights are combined with the broader deployment
workflow literature, a more precise picture emerges: cloud-based deployment frameworks are valuable
not just because they help release models quickly, but because they shape how models are observed,
governed, consumed, and updated after release. For this reason, the strongest frameworks in the
literature are those that unify lifecycle functions with operational feedback loops. They support
tracking before deployment, controlled promotion during deployment, and observability after
deployment, while also allowing integration with retraining and interface layers. In analytical terms,
this means the literature does not define framework quality by a single benchmark. Instead, it evaluates
frameworks through a cluster of capabilities that includes lifecycle visibility, production integration,
monitoring depth, retraining support, and service accessibility. This understanding is central to the
present review because it allows cloud-based machine learning deployment frameworks to be
compared not only by provider or implementation style, but by the completeness of the operational
environment they create around the deployed model.

Architectural Practices in Cloud ML Deployment

Architectural practices in cloud-based machine learning deployment refer to the recurring design
choices, structural principles, and operational routines that make machine learning systems usable
beyond experimentation and stable in production. In the literature, these practices are treated as a
response to the fact that production machine learning systems are not composed of models alone. They
also include data pipelines, feature preparation processes, training services, serving endpoints,
monitoring layers, governance controls, and mechanisms for retraining and validation. As a result,
architectural quality depends on how these components are separated, coordinated, and evolved over
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time. One major practice emphasized in recent scholarship is the creation of explicit lifecycle structures
so that model development, deployment, and maintenance are not handled as isolated tasks but as
connected activities governed by reproducible workflows. This lifecycle orientation is visible in
assurance-centered research, which frames machine learning as a sequence of stages that require
evidence, validation, and control at each step rather than a one-time release event (Ashmore et al., 2021).
A second practice concerns the use of cloud-native design principles such as modularization, service
decomposition, and portable execution environments. In cloud settings, these principles allow teams
to move models and supporting logic into scalable infrastructures while reducing friction between data
science and software operations. In a cloud-native data pipeline context, this means combining
container-based portability, orchestrated workflows, and automated deployment routines so that
model-related processes can be run repeatedly and consistently across environments (P6loskei, 2021).
A third practice is the adoption of MLOps as an organizing discipline for architectural decisions. Rather
than treating machine learning delivery as an extension of conventional deployment, the MLOps
perspective presents architecture as a combination of pipelines, tools, roles, and control structures that
sustain technical and organizational continuity in production systems (Tamburri, 2020). Together, these
strands show that architectural practice in cloud ML deployment is fundamentally about structuring
complexity. The goal is to make data, code, models, and infrastructure interact in a way that supports
repeatability, traceability, and operational stability rather than fragile one-off implementation.

Figure 4: Core Architectural Practices In Cloud Ml Deployment
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A further architectural practice that appears consistently in the literature is the separation of concerns
across the machine learning workflow, especially between data handling, model creation, deployment,
and post-deployment supervision. This matters because machine learning systems degrade, drift, and
accumulate dependencies differently from conventional software components. Research on large-scale
industrial machine learning systems shows that adaptability and scalability problems often arise when
workflows are not clearly decomposed and when operational responsibilities remain blurred across
teams and artifacts (Lwakatare et al., 2020). For that reason, architectural practice increasingly favors
pipeline-oriented decomposition, where data acquisition, training, evaluation, deployment, and
monitoring are recognized as distinct yet interconnected units. In cloud environments, this
decomposition is strengthened by infrastructure choices that support isolation and controlled
interaction, such as container-based packaging, orchestration frameworks, and self-healing runtime
platforms. The value of these practices lies not only in scalability, but also in maintainability. When
services are decomposed properly, organizations can update a model-serving component, revise a
feature-engineering stage, or replace a monitoring rule without destabilizing the entire deployment
environment. Closely related to this is the practice of automating transitions between lifecycle stages.
Automation in cloud ML architecture is not simply a matter of convenience. It helps ensure that the
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movement from training to validation to deployment follows consistent rules, reduces hidden manual
dependencies, and allows repeated deployment cycles to occur with fewer procedural breakdowns (Hu
et al., 2020). Another important practice is the incorporation of assurance and validation mechanisms
directly into system architecture. Assurance-focused research argues that production ML systems
require architecture that can support evidence generation, testing, and quality checks throughout the
lifecycle, since failures may emerge not only from code faults but also from data shifts, unsafe
assumptions, or inadequate validation boundaries (Ashmore et al., 2021). This makes architectural
practice in cloud deployment a matter of disciplined system design rather than infrastructure assembly.
Effective architecture must coordinate lifecycle stages, clarify dependencies, formalize automation, and
create visible control points across the operational environment.

The literature also highlights monitoring, adaptability, and context sensitivity as major architectural
practices in cloud-based machine learning deployment. Once a model is released into production, the
architecture must support more than request handling and scaling. It must also detect performance
changes, expose operational signals, and enable corrective action when the environment evolves. In
rapidly changing deployment contexts, the failure to translate a model into the local operational setting
can undermine usefulness even when the underlying model is technically strong, which is why
deployment studies stress the architectural need for observability, contextual adaptation, and
continuous revision (Hu et al., 2020). Monitoring is therefore not an auxiliary function but a core
architectural practice. It links runtime behavior back to model quality, service expectations, and
retraining decisions. In practical terms, this means cloud ML architectures should include feedback
pathways capable of capturing drift, unexpected input changes, service instability, and evolving
domain conditions. The same literature also shows that architecture must address organizational and
sustainability concerns, not only technical ones. MLOps-oriented work argues that sustainable
deployment depends on whether architectural arrangements remain understandable, maintainable,
and governable as more tools and layers are introduced into the system (Tamburri, 2020). Industrial
studies reinforce this by showing that large-scale ML systems struggle when scalability and
adaptability are not built into architectural decisions from the outset (Lwakatare et al., 2020).
Consequently, the most important architectural practices in cloud ML deployment can be synthesized
into a connected set of principles: lifecycle-aware design, modular and cloud-native decomposition,
pipeline automation, embedded assurance, and continuous monitoring. These practices are important
because they convert the cloud from a mere hosting environment into an operational architecture for
machine learning. For this study, they also provide the analytical basis for comparing deployment
frameworks, since frameworks differ not only in features but in how well they support these recurring
architectural requirements across production contexts.

Theoretical Framework: Diffusion of Innovation (DOI) Theory

Diffusion of Innovation (DOI) theory provides the most suitable theoretical foundation for this study
because it explains how a new technological idea, system, or practice gains acceptance, is evaluated by
potential adopters, and gradually becomes embedded in organizational routines. In the context of
cloud-based machine learning deployment, this theory is especially useful because deployment
frameworks are not adopted only on the basis of technical availability. They are adopted when
organizations perceive them as advantageous, compatible with existing systems and processes,
manageable in complexity, observable in results, and sufficiently testable before full-scale operational
commitment. This logic aligns closely with the core concern of the present research, which is not simply
the existence of cloud-based machine learning deployment frameworks, but the reasons certain
frameworks and architectural practices are repeatedly favored in the literature. Empirical studies on
cloud adoption have shown that DOI-related attributes such as relative advantage, compatibility, and
complexity consistently shape organizational decisions regarding whether cloud technologies should
be implemented and how they are evaluated against traditional IT arrangements (Low et al., 2011). This
explanatory strength is reinforced by research showing that cloud adoption decisions are often
influenced by a combination of innovation attributes and contextual conditions, with DOI constructs
helping scholars interpret why some organizations move more quickly toward adoption while others
remain cautious or selective (Oliveira et al., 2014). The value of DOI theory for this study is therefore
analytical as well as interpretive. It provides a structured lens through which deployment frameworks

84



American Journal of Advanced Technology and Engineering Solutions, March 2023, 70-115

can be compared in the reviewed literature, particularly when the literature discusses portability,
integration ease, operational visibility, scalability benefits, and implementation burden. Since cloud-
based machine learning deployment is a form of technological innovation involving organizational
learning, infrastructure change, and process redesign, DOI theory offers a coherent way to interpret the
spread of deployment practices such as orchestration, automated pipelines, managed model serving,
and integrated lifecycle control. Within this study, the theory is used to explain how and why cloud-
based deployment frameworks become attractive in scholarly and practical discussions, and why
certain architectural practices repeatedly appear as indicators of deployment readiness and operational
acceptance across sectors and case-based contexts.

Figure 5: Diffusion Of Innovation Adoption Readiness Framework For Cloud-Based ML
Deployment

Diffusion of Innovation | Giiides € alu:nion.’ Relative Advantage

(DO Y « Improves Performance
» Scales Efficiently
> Compatibility
« Fits Bxasting Workflows l
Cloud-Based * Integrates Smoothly R e s Ty
1+ DOI Adoption
ML Deployment ' Readiness |
Evaluation 5 Trialability : .
« Test Deployment Before _'l Score (DARS)
Cormmtmesnt i st S o
* Iterative Pilot Testing
> Observability

« Demonstrable Benefits
« Visible Success Metrics

* RA» Relative Advantage

« C = Compatibility

« T =Trialability

+ O » Observability

+ X = Complexity

+ S =Scale Reversal (to invert Complexity)

DARS=RA+C+T+O+—(S;X)

A major strength of DOI theory in this research is that it allows the literature on cloud-based machine
learning deployment to be organized around specific innovation attributes rather than around tool
names alone. Relative advantage is relevant because many reviewed studies describe cloud
deployment frameworks as valuable when they improve scalability, reduce infrastructure burden,
accelerate release cycles, or simplify lifecycle coordination. Compatibility is equally important because
deployment frameworks are more likely to be adopted when they fit existing data pipelines, software
ecosystems, governance expectations, and organizational workflows. Complexity remains central
because frameworks that require extensive reconfiguration, steep learning curves, or specialized
operational knowledge are more difficult to routinize within organizations. Observability also matters,
since deployment solutions gain credibility when their benefits can be seen in terms of stable serving,
effective monitoring, reproducibility, and maintainable production performance. Trialability is
particularly relevant in cloud settings because many cloud services allow staged experimentation,
partial rollout, and pilot-based evaluation before wider commitment. Studies on enterprise cloud
computing adoption repeatedly show that these DOIl-related dimensions influence organizational
attitudes toward adoption and help explain different adoption rates, deployment choices, and service
configurations across firms (Hsu et al., 2014). Related work integrating adoption models in cloud
environments similarly demonstrates that organizations evaluate cloud technologies through
perceived usefulness, ease of use, organizational readiness, and environmental drivers, which
complements the DOI view that innovation spreads more effectively when decision-makers judge the

85



American Journal of Advanced Technology and Engineering Solutions, March 2023, 70-115

innovation to be beneficial, manageable, and suitable for current needs (Gangwar et al., 2015). More
recent evidence from mobile cloud computing also supports the continuing relevance of diffusion-stage
thinking by showing that innovation adoption is not a single event but a progression from intention to
adoption and then to routinization inside the organization (Carreiro & Oliveira, 2019). For this literature
review, DOI theory is therefore not used as a narrow acceptance model. It is used as a broad interpretive
framework that helps explain why deployment frameworks and architectural practices are represented
in the literature as more or less adoptable, scalable, governable, and sustainable. This makes the theory
highly appropriate for reviewing machine learning deployment, where production success depends on
both technical capability and organizational acceptance of the surrounding operational architecture.

To make DOI theory operational for this study, it can be expressed through a simple analytical formula
that captures the perceived adoption strength of a cloud-based machine learning deployment
framework. Since the reviewed literature repeatedly emphasizes the five classic DOI attributes, this
study adopts the following DOI-based analytical expression for interpreting the reviewed evidence:

. . RA+C+T+0+(S—X)
DOI Adoption Readiness Score (DARS) = z

Where:

RA = Relative Advantage

C = Compatibility

T = Trialability

O = Observability

X = Complexity

S = Scale standardization constant used to reverse the complexity burden so that higher final values
always indicate stronger adoption readiness

In practical terms, this formula is not intended as a statistical model estimated from primary survey
data in the present study. It is an interpretive synthesis tool that can guide the review by coding
whether the literature presents a deployment framework or architectural practice as advantageous,
compatible, testable, visible in results, and manageable in complexity. A framework discussed
positively across these dimensions can be treated as having stronger adoption readiness in the
literature, while frameworks associated with difficult integration, weak visibility of outcomes, or
excessive complexity can be interpreted as less diffusion-friendly. This formula is especially
appropriate for the whole study because it aligns directly with the research objectives, hypotheses, and
later conceptual framework. It allows the reviewed literature to be interpreted systematically rather
than descriptively, and it connects theoretical reasoning to the practical realities of cloud-based
machine learning deployment. The formula also supports the later findings section, where frameworks
and practices can be discussed not only by frequency of mention but also by the quality of their
perceived innovation attributes in published studies. In this way, DOI theory becomes more than a
background idea. It becomes the central theoretical lens for understanding how cloud-based machine
learning deployment frameworks gain acceptance, how architectural practices reinforce or weaken that
acceptance, and how diffusion logic helps explain the recurring patterns found across the literature
reviewed in this study(Hsu et al., 2014).

Conceptual Framework for the Study

The conceptual framework for this study is developed to explain how cloud-based machine learning
deployment frameworks and architectural practices interact to shape operational outcomes in
production environments. In this review, the framework is not treated as a statistical model for
primary-data testing, but as an analytical map that organizes the major constructs emerging across the
literature. The first construct is deployment framework capability, which refers to the extent to which
a cloud-based framework supports model packaging, versioning, serving, orchestration, and
integration into operational workflows. The second construct is architectural practice maturity, which
includes the use of modular services, containerization, orchestration, lifecycle automation, and
environment portability. The third construct is lifecycle governance, which captures the extent to
which documentation, monitoring, validation, risk control, and artifact management are embedded
into deployment activities. The fourth construct is operational trust and interpretability, which reflects
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whether deployed models can be monitored, understood, and accepted by relevant stakeholders once
they are in use. These constructs are justified by prior studies showing that production ML success
depends on coordinated lifecycle management rather than isolated model release, on integrated artifact
and experiment control rather than fragmented handling of model assets, and on deployment-ready
workflows that make execution repeatable and visible across environments (Gharibi et al., 2021). The
same logic is reinforced by framework-oriented studies showing that workflow-based environments
are valuable because they standardize execution and deployment routines, and by deployment studies
showing that explanatory support is often necessary because real-world use involves engineers,
operators, and organizational stakeholders who need more than raw predictive output to trust the
system in context (Werneck et al., 2018). In addition, architecture studies in AI-IoT deployment show
that distributed deployment environments require coordinated cloud-edge structures, service
decomposition, and deployment-aware infrastructure choices, which further supports the idea that
framework capability and architecture maturity should be modeled together rather than separately in
this study (Debauche et al., 2020). Altogether, the conceptual framework positions cloud-based ML
deployment as a system of interdependent capabilities where framework choice, architecture design,
governance discipline, and operational trust combine to influence deployment effectiveness.

Based on these constructs, the conceptual framework of this study assumes a directional relationship
in which stronger deployment frameworks and more mature architectural practices contribute to better
operational outcomes when they are mediated by lifecycle governance and reinforced by observability
and trust-related mechanisms. In practical terms, this means that a framework is not considered
effective merely because it can host a model endpoint. It becomes effective when it can support
controlled transitions from development to deployment, maintain artifact consistency, integrate with
infrastructure components, and remain governable after release. This assumption is strongly aligned
with the literature showing that Al lifecycle models used in practice require more explicit attention to
feasibility assessment, documentation, monitoring, and model risk assessment than many earlier
lifecycle depictions provided, which means governance is a central linking construct in any
deployment-oriented conceptual model (Haakman et al., 2021). Likewise, research on end-to-end
lifecycle management in deep learning emphasizes that model tracking, metadata handling,
reproducibility support, and coordinated artifact control are essential because organizations routinely
generate multiple model variants and need consistent ways to manage them from experimentation to
production (Gharibi et al., 2021). The conceptual framework also assumes that architecture matters
because operational environments differ in latency, scale, and integration constraints. For that reason,
cloud-only deployment logic is not always sufficient, and hybrid or edge-aware structures may be
necessary where local responsiveness and distributed service coordination are important, as shown in
AlI-IoT architecture studies (Debauche et al., 2020). At the same time, stakeholder-facing trust cannot
be excluded from the conceptual model. Deployment research on explainability demonstrates that
interpretability in production often serves internal debugging, validation, and stakeholder
communication functions, meaning that trust-related practices shape how a deployed model is
sustained and acted upon rather than merely how it is initially launched. Finally, workflow-based
deployment environments support this framework by showing that structured pipelines and standard
execution routines provide the operational backbone through which architecture and governance can
be connected in a stable way (Werneck et al., 2018). Therefore, the conceptual framework of this study
can be summarized as a four-part logic: deployment framework capability and architectural practice
maturity act as primary enabling constructs; lifecycle governance and operational trust act as stabilizing
and mediating constructs; and together they influence deployment effectiveness as the central outcome
of interest in the literature reviewed.

Figure 6: Framework Linking Deployment Capability, Architectural Maturity, Governance, And
Operational Trust
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To operationalize this conceptual framework for the whole study, the following interpretive formula is

proposed:
FC+AM + LG + OT

4

DEI =

where DEI represents Deployment Effectiveness Index, FC represents Framework Capability, AM
represents Architectural Maturity, LG represents Lifecycle Governance, and OT represents Operational
Trust. In this study, the formula is used conceptually rather than statistically. It serves as an organizing
device for synthesizing the literature and comparing the reviewed studies across a common structure.
A study that describes a deployment framework as integrated, reproducible, portable, and production-
ready contributes positively to FC. A study emphasizing modularization, orchestration,
containerization, distributed execution, or cloud-edge alignment contributes positively to AM.
Evidence regarding monitoring, documentation, validation, artifact management, or model risk control
contributes to LG. Evidence showing explainability, usability, stakeholder confidence, or interpretable
deployment behavior contributes to OT. When these dimensions appear together in the reviewed
literature, the framework interprets the corresponding deployment approach as stronger in overall
effectiveness. This conceptualization is well aligned with prior work because lifecycle studies show that
overlooked stages such as monitoring and risk assessment weaken operational readiness, end-to-end
lifecycle research shows that fragmented artifact handling reduces maintainability, workflow-based
deployment research shows that structured execution environments improve consistency,
explainability research shows that stakeholder-facing understanding matters in deployment settings,
and edge-aware architecture research shows that deployment quality also depends on fit between
infrastructure design and real operating context (Bhatt et al., 2020). For this reason, the conceptual
framework adopted in the present study is suitable for the entire review: it aligns with the research
objectives, supports the hypotheses, provides a basis for coding and thematic synthesis, and offers a
clear structure for interpreting how cloud-based machine learning deployment frameworks and
architectural practices are linked to operational outcomes across the literature.

Cloud-Based Machine Learning Deployment in Prior Studies

A major benefit of cloud-based machine learning deployment identified across prior studies is the way
it expands computational scalability while reducing the local infrastructure burden traditionally
associated with training, testing, and serving machine learning models. In conventional settings,
organizations often need to invest heavily in specialized hardware, storage, configuration expertise,
and maintenance capacity before they can move models into meaningful operational use. Cloud-based
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deployment changes this condition by making compute, storage, and managed services available on
demand, which allows teams to scale resources according to workload intensity rather than according
to fixed capital investments. This benefit is especially important for machine learning because
production workloads are rarely stable (Spjuth et al., 2021). They may involve bursts of training activity,
repeated retraining cycles, fluctuating inference demand, and changing storage needs across the model
lifecycle. Prior work has shown that cloud-enabled environments help address this variability by
allowing machine learning practitioners to access distributed resources transparently and to build
workflows that extend from model creation to validation, testing, serving, sharing, and publication
inside one broader operational ecosystem. In this sense, the cloud does not merely host machine
learning workloads; it makes them more executable, portable, and manageable across diverse
computing contexts. A closely related advantage is that cloud deployment supports a fuller machine
learning lifecycle rather than an isolated implementation step. Studies focused on cloud-supported life
cycle management have shown that cloud environments can sustain iterative modeling, scientific
workflows, containerized execution, and model availability in production settings more effectively
than fragmented local infrastructures. This means that deployment becomes less of a terminal handoff
and more of a continuous operational capability. Accordingly, the literature presents cloud-based
deployment as beneficial not only because it offers elastic resources, but also because it improves the
continuity between experimentation and production, making machine learning systems easier to
maintain as living analytical assets rather than one-time technical outputs (Lopez Garcia et al., 2020).
A second major benefit discussed in the literature is the democratization of machine learning
capabilities through service abstraction, accessibility, and reduced dependency on scarce in-house
expertise. Cloud-based machine learning deployment frameworks increasingly expose model
development and serving functions through managed interfaces, templates, APIs, and configurable
services, which lowers the barrier to entry for organizations that cannot afford large specialist teams or
extensive platform engineering effort. This benefit is particularly important for small and medium-
sized organizations, domain experts outside computer science, and institutions operating under
resource constraints, because the cloud allows them to consume advanced machine learning
capabilities without reproducing the full technical stack internally. Research on artificial intelligence as
a service has emphasized that such cloud-based service models make Al and machine learning more
affordable, more accessible, and more aligned with the needs of users whose main expertise lies in
application domains rather than algorithm design or systems administration. By abstracting substantial
portions of the infrastructure and operational complexity, these services allow users to focus more on
configuring tasks, interpreting outputs, and integrating results into business or research processes.
Another strand of literature extends this accessibility argument by showing that cloud-hosted
environments also help bridge resource inequalities between well-funded and under-resourced
research groups. In practical terms, cloud-supported workflows can improve accessibility during
remote work, support collaboration across distance, and allow research groups with weaker local
infrastructure to run demanding computational tasks with greater reliability. This is not only a matter
of convenience. It reshapes who can participate effectively in machine learning work by widening
access to scalable compute and standardized environments. The literature therefore presents cloud-
based deployment as a mechanism of technical inclusion, one that broadens participation in machine
learning while also enhancing the reproducibility and consistency of computational work across users
and institutions (Fink et al., 2021).
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Figure 7: Major Advantages Of Cloud-Based Machine Learning Deployment Across Prior Studies
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collaboration, operational continuity, and cross-institutional model use in environments where data,
expertise, and infrastructure are distributed. This benefit becomes especially visible in application
contexts where data cannot easily be centralized or where multiple institutions must contribute to the
development and improvement of models while maintaining governance and privacy requirements.
In such settings, cloud deployment provides a shared operational substrate through which model
training, exchange, coordination, and execution can be organized more efficiently than through isolated
institutional systems (Neely, 2021). One study of federated learning across medical centers showed that
a cloud platform made it possible to implement collaborative machine learning processes over data
located in separate institutional environments, demonstrating how cloud-supported deployment can
expand learning opportunities while preserving distributed data arrangements. This kind of benefit
matters because many real-world machine learning applications require broader data exposure than
any single organization can provide, yet they also face legal, ethical, or operational constraints that
prevent full centralization. Cloud-based deployment therefore supports value creation not only
through scale, but through structured collaboration. More broadly, the literature suggests that cloud
deployment improves operational continuity because it allows teams to maintain model workflows,
versioned artifacts, deployment routines, and runtime access in a more standardized and coordinated
way than ad hoc local arrangements usually permit. This can shorten the distance between research
and production, support repeatable execution, and make it easier to sustain machine learning services
over time. In cumulative terms, prior studies portray the benefits of cloud-based machine learning
deployment as multidimensional: scalable computing, lifecycle integration, wider accessibility,
reproducibility support, and collaborative deployment capacity all emerge as recurring advantages
that explain why cloud environments have become central to the operationalization of machine
learning across research and applied domains (Rajendran et al., 2021).

Challenges and Risks in Cloud ML Deployment

One of the most persistent challenges in cloud-based machine learning deployment is the tension
between operational convenience and infrastructural dependence. Cloud environments make model
deployment easier by offering managed services, scalable storage, and ready-made interfaces, yet that
convenience often creates deep dependence on provider-specific tools, APIs, data formats, and
orchestration mechanisms. In the literature, this dependence is discussed through the problem of
vendor lock-in, which can restrict portability, reduce bargaining power, complicate migration, and
raise long-term strategic costs for organizations that build their deployment pipelines too tightly
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around one provider’s ecosystem. The risk becomes even more serious for machine learning systems
because deployment frameworks are rarely limited to one component. They often include training
artifacts, feature pipelines, serving layers, monitoring hooks, security controls, and governance
workflows, so a change in provider may require extensive reconfiguration across the whole lifecycle.
Closely connected to lock-in is the challenge of interoperability. Cloud-based ML deployment
frequently involves heterogeneous environments where data sources, model artifacts, runtime services,
and external applications need to function together without friction. When interoperability is weak,
organizations face difficulties in exchanging workloads across clouds, integrating hybrid
infrastructures, and preserving continuity across deployment stages. This means that deployment risk
is not only technical but architectural and organizational. A model may perform well in isolation, yet
still be difficult to sustain if the surrounding infrastructure lacks portability and compatibility. Prior
research has shown that the absence of standardization remains a major source of this difficulty, since
organizations may adopt proprietary standards without fully realizing how strongly those standards
can constrain future deployment flexibility and multi-cloud adaptation (Opara-Martins et al., 2016). In
practical terms, the challenge lies in the fact that cloud ML deployment frameworks promise speed and
convenience at the front end, while sometimes embedding structural rigidity at the back end. For a
literature review such as the present study, this challenge is highly important because it shows that
deployment frameworks cannot be evaluated only by their immediate usability. They must also be
judged by the risks they create for portability, interoperability, and long-term architectural
independence (Zhang et al., 2013).

A second major challenge concerns security, privacy, and model governance in operational cloud
environments. Machine learning deployment in the cloud extends the attack surface of a system
because model services depend on data flows, remote interfaces, shared infrastructure, credentials,
storage environments, and externally accessible endpoints. This creates multiple layers of risk,
including unauthorized access to sensitive data, service misuse, insecure model exposure, leakage
through misconfigured storage or APIs, and broader uncertainty around how privacy protections are
maintained once models become embedded in cloud-hosted workflows. The literature on cloud
security makes clear that privacy and security are not peripheral technical add-ons; they are central
deployment concerns that must be addressed at the infrastructure, access-control, and data-protection
levels simultaneously. In ML deployment, these risks can be amplified by the value of training data,
the sensitivity of prediction outputs, and the possibility that attackers may exploit both conventional
cloud weaknesses and model-specific vulnerabilities. A related issue is that many practitioners
responsible for putting machine learning systems into production may not yet have strong awareness
of ML-specific security and privacy threats, which weakens the practical implementation of available
protections. This awareness gap matters because even when technical safeguards exist, they are less
effective if deployment teams do not understand the relevant threat models, do not prioritize secure
configuration, or do not connect privacy obligations to everyday engineering decisions. At a broader
level, governance risk also enters the picture because cloud-deployed ML systems may operate in
domains where accountability, oversight, and risk ownership are unclear. When models influence high-
stakes decisions, governance arrangements need to clarify who is responsible for security failures,
biased outputs, harmful recommendations, or opaque model behaviors. The literature therefore
suggests that security and privacy risks in cloud ML deployment are inseparable from governance
challenges: the more distributed and data-intensive the deployment environment becomes, the more
important it is to define protective controls, decision rights, and oversight structures clearly (Boenisch
et al.,, 2021). These risks matter directly for the present study because they show that deployment
effectiveness cannot be measured only by scalability or automation. It must also be measured by how
securely and responsibly the deployed system can operate in real-world cloud environments (Sun et
al., 2020).
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Figure 8: Major Risk Dimensions In Cloud-Based Machine Learning Deployment
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A third and equally important challenge lies in sustaining machine learning systems after deployment,
especially when models interact with changing environments, evolving data distributions, and
complex organizational processes. Cloud deployment can create the impression that productionization
is complete once a model endpoint is running, yet the literature indicates that real operational risk
begins after release, when systems encounter shifting inputs, changing user behavior, altered business
processes, and accumulating dependencies. In practice, a cloud-deployed ML system may continue
functioning technically while becoming less reliable analytically if data drift, hidden dependencies,
unstable feedback loops, or untracked downstream consumers are not managed carefully. This
problem is connected to broader governance and maintainability risks because the cloud encourages
rapid experimentation and scaling, but not all rapidly deployed systems are architecturally durable.
Once an ML system is embedded into workflows, hidden debt can grow through entangled data
dependencies, fragile assumptions, poorly documented interfaces, and limited visibility into how
predictions are being reused across an organization. These problems become more difficult to control
when deployment spans multiple services, storage layers, and automation routines in the cloud. The
challenge is therefore not only maintaining performance, but maintaining intelligibility and control
over the whole deployment environment. In this sense, cloud ML deployment risk includes operational
drift, lifecycle opacity, and mounting maintenance burden. The governance literature reinforces this
point by arguing that Al systems pose new forms of uncertainty, ambiguity, and responsibility gaps
when they are scaled quickly across domains without sufficiently mature control structures (Taeihagh,
2021). Security and privacy scholarship adds that cloud environments require continuous protection
rather than one-time hardening, while interoperability studies show that overly rigid architectural
choices may make later corrections more difficult (Sun et al., 2020). Taken together, prior studies
suggest that the risks of cloud-based ML deployment are cumulative: lock-in and interoperability
problems constrain flexibility, security and privacy risks threaten trust and compliance, and weak
lifecycle control creates ongoing maintenance and governance burdens. This is why the present review
treats challenges and risks as a central literature theme rather than a secondary implementation
concern, because the sustainability of cloud-based ML deployment depends as much on risk
management as on technical capability.

Empirical and Case-Based Evidence from Previous Studies

Empirical and case-based evidence in the literature shows that cloud-based machine learning
deployment is most convincingly understood through concrete implementation environments rather
than through abstract platform descriptions alone. One recurring pattern is that deployment
frameworks become valuable when they reduce the distance between prototype development and
operational use in domain settings with clear performance demands. In manufacturing, for example, a
case study on cloud-based machine learning services for visual inspection demonstrated how a cloud
deployment approach could be translated into a production-oriented inspection artifact that classified
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parts from an image dataset of 363 samples and outperformed manual inspection, while also making
return-on-investment evaluation part of the deployment discussion rather than a separate managerial
exercise (Koppe & Schatz, 2021). A related industrial study on cloud-based parallel machine learning
for tool wear prediction likewise showed that cloud resources were not used merely for storage or
generic hosting but for improving the efficiency of large-scale predictive model training in a smart
manufacturing context shaped by IloT sensor streams and real-time prognostics requirements (Wu et
al., 2018). These studies are important because they shift the literature from theoretical claims about
cloud scalability to observed deployment conditions in which latency, classification quality, data
throughput, and production integration all matter at once. They also show that manufacturing
deployment is rarely a simple matter of uploading a model to a cloud endpoint. Instead, it requires
alignment between data acquisition, model training, cloud processing capability, and operational
decision routines on the factory side. In this respect, prior case-based evidence suggests that cloud ML
deployment frameworks gain practical relevance when they are embedded into specific industrial
workflows and evaluated in relation to measurable process improvements, deployment feasibility, and
organizational usability. The empirical literature therefore supports the view that manufacturing has
served as one of the clearest application arenas in which cloud-based deployment frameworks and
associated architectural choices can be observed in action, compared, and interpreted as real
operational systems rather than purely technical possibilities.

Figure 9: Case-Based Applications Of Cloud-Based Machine Learning Deployment Across
Domains
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A third body of empirical evidence shows that case-based deployment literature increasingly extends
beyond centralized cloud execution toward hybrid and edge-cloud arrangements, especially in
environments where response time, device heterogeneity, and iterative model updating are central
concerns. The Sophon Edge study provides a strong illustration of this shift by presenting an industrial
edge-cloud collaborative platform for AloT applications that keeps model building in the cloud while
offloading inferencing to the edge to achieve lower latency, support streaming pipelines, and enable
iterative model evolution (Rong et al., 2021). The article further demonstrates the platform through a
real-world smart-city example and reports practical outcomes such as average end-to-end alert latency
of about 4.5 seconds and substantial reductions in lines of code through pre-implemented operators,
showing that deployment value in such settings lies in both runtime responsiveness and developer
efficiency. When this case is read together with the manufacturing and healthcare studies discussed
above, a broader pattern emerges across prior research. Empirical and case-based evidence does not
point to one universal deployment model. Instead, it shows that deployment frameworks are shaped
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by sectoral conditions: manufacturing cases privilege process integration and predictive performance,
healthcare cases privilege security, standardization, and governed access, while AloT cases privilege
edge-cloud coordination, heterogeneous device support, and continuous model updating. This
comparative insight is important for the present study because it clarifies why the literature review
must not reduce cloud-based machine learning deployment to a simple list of platforms. The case
evidence indicates that frameworks become meaningful only when interpreted through the
architectural practices and operational contexts in which they are deployed. It also suggests that the
strongest contributions in prior studies are those that document deployment as a full environment of
services, interfaces, workflows, and constraints rather than as a single model-serving step.
Consequently, the empirical literature provides direct support for the analytical direction of this
review: cloud-based machine learning deployment is best understood as a context-sensitive operational
system whose frameworks and architectural practices can only be properly evaluated through real
cases of implementation, integration, and sustained use (Koppe & Schatz, 2021).

METHODS

This study has adopted a systematic literature review methodology to examine cloud-based machine
learning deployment frameworks and architectural practices in a structured, transparent, and
academically rigorous manner. The methodological approach has been designed to align with the
nature of the research problem, the objectives of the study, and the qualitative orientation of the paper.
Since the study has not collected primary data from respondents or field settings, the methodology has
focused on identifying, screening, evaluating, and synthesizing relevant secondary sources drawn from
scholarly literature. This approach has been considered appropriate because the topic under
investigation has been widely discussed across academic and technical publications, yet the knowledge
has remained fragmented across different disciplinary and application areas. Through a systematic
review process, the study has aimed to organize this dispersed knowledge into a coherent analytical
structure capable of supporting meaningful interpretation of frameworks, architectural practices,
benefits, challenges, and case-based evidence.

Figure 10: Research Methodology For The Systematic Review Of Cloud-Based Machine Learning
Deployment
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The methodology has also been shaped by the literature-review-based, qualitative, cross-sectional, and
case-study-oriented character of the research. It has been qualitative because the study has primarily
emphasized interpretation, thematic categorization, and conceptual synthesis rather than statistical
testing based on primary numerical datasets. It has been cross-sectional because the review has
examined published studies as they have existed within the selected time span, without tracking the
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development of one single organization or deployment framework longitudinally. It has also been case-
study-oriented because the analysis has paid particular attention to empirical and implementation-
focused studies that have illustrated how cloud-based machine learning deployment has functioned in
practical settings such as healthcare, manufacturing, smart systems, and other applied domains. In this
way, the methodology has enabled the study to move beyond descriptive listing and toward analytical
comparison of recurring patterns and deployment experiences reported in prior research.

In addition, the methodology has incorporated systematic procedures for article selection, eligibility
assessment, data extraction, coding, and synthesis so that the review process has remained clear,
replicable, and academically defensible. Relevant studies have been chosen based on their direct
relationship to cloud-based machine learning deployment frameworks, architectural practices, and
production-oriented implementation contexts. The selected literature has then been analyzed through
thematic interpretation and limited numeric support, such as frequencies and pattern counts, in order
to strengthen the clarity of the findings without changing the qualitative foundation of the study.
Overall, the methodology has provided a reliable framework through which the study has examined
existing knowledge and generated a well-organized understanding of the topic.

Research Design

This study has adopted a systematic literature review as its main research design in order to examine
cloud-based machine learning deployment frameworks and architectural practices in a structured and
methodical way. The design has been selected because the study has aimed to synthesize existing
scholarly knowledge rather than collect new primary data from participants or organizations. It has
provided an appropriate basis for identifying patterns, themes, and recurring findings across
previously published studies related to deployment frameworks, cloud-native practices, and
production-oriented machine learning systems. The research design has also been qualitative in
orientation because it has emphasized interpretation, comparison, and thematic explanation of prior
studies instead of primary statistical measurement. In addition, the study has been cross-sectional
because it has reviewed literature published within a defined period as a snapshot of knowledge
available across that timeframe. Through this design, the study has created a coherent basis for
reviewing fragmented literature and organizing it into meaningful analytical categories.

Case Study Context

The case study context of this research has been established through the use of published empirical and
implementation-based studies drawn from different sectors where cloud-based machine learning
deployment has been applied in real operational settings. Rather than focusing on one single
organization or one isolated deployment environment, the study has treated case-based evidence in the
literature as the contextual foundation for analysis. This approach has allowed the review to capture
deployment practices across varied domains such as healthcare, manufacturing, smart systems, and
industrial analytics. The case-study orientation has been important because the research has sought to
understand how frameworks and architectural practices have functioned under practical conditions,
not only in conceptual discussions. By relying on documented cases from prior studies, the research
has been able to compare how deployment frameworks have been used, what architectural choices
have been emphasized, and what benefits or challenges have been reported in real settings. This has
strengthened the practical relevance of the review and has supported richer thematic interpretation.
Screening and Eligibility Assessment

The screening and eligibility assessment process has been conducted in a systematic manner to ensure
that only relevant and academically suitable studies have been included in the review. At the initial
stage, potentially relevant articles have been identified through database searching using keywords
related to cloud-based machine learning deployment, deployment frameworks, MLOps, architecture,
model serving, and cloud-native machine learning systems. After identification, titles and abstracts
have been reviewed to determine whether the studies have addressed the main focus of the research.
Full-text assessment has then been carried out for articles that appeared relevant at the preliminary
stage. Inclusion has been limited to studies that have directly discussed machine learning deployment
in cloud environments, framework-related implementation, architectural practices, or case-based
production settings. Studies that have focused only on algorithm design, model accuracy, or unrelated
cloud topics have been excluded. This eligibility process has ensured that the final body of literature
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has remained aligned with the objectives and scope of the study.

Data Extraction and Coding

The data extraction and coding process has been used to organize the selected studies into a consistent
analytical format that has supported comparison and thematic synthesis. After the final set of articles
has been identified, important information has been extracted from each study using a structured
review matrix. This matrix has included details such as author names, publication year, study context,
deployment framework, architectural practice, sector of application, reported benefits, and reported
challenges. The extracted material has then been coded according to recurring ideas and conceptual
categories emerging from the literature. Coding has focused on themes such as scalability,
containerization, orchestration, monitoring, lifecycle management, interoperability, governance, and
deployment risks. This procedure has enabled the study to move from simple article description to
deeper analytical interpretation. By applying a consistent extraction and coding process, the research
has created an organized body of evidence that has supported both thematic discussion and limited
numeric summarization in the findings section.

Data Synthesis and Analytical Approach

The data synthesis and analytical approach have been designed to combine thematic interpretation
with limited numeric support so that the study has remained primarily qualitative while still presenting
clear patterns in the literature. After coding has been completed, the extracted data have been
synthesized through narrative and thematic analysis. This has involved grouping studies according to
recurring framework types, architectural practices, benefits, risks, and case-based findings. The
synthesis process has aimed to identify common trends as well as differences across sectors and
deployment contexts. In addition to qualitative interpretation, the study has used simple numeric
support such as frequency counts of repeatedly mentioned frameworks, practices, and challenges.
These counts have not been used for inferential statistics, but rather to strengthen the clarity and
presentation of the review findings. This analytical approach has been suitable because it has allowed
the study to preserve its literature-review-based character while also providing evidence of the relative.
Validity and Reliability

Validity and reliability have been addressed through careful methodological planning and consistent
review procedures throughout the study. To strengthen validity, the research has maintained close
alignment between the research objectives, the screening criteria, the coding structure, and the
analytical themes used in the review. Only studies that have directly contributed to the understanding
of cloud-based machine learning deployment frameworks and architectural practices have been
included, which has helped ensure content relevance. Reliability has been supported by the use of a
structured extraction matrix and clearly defined coding categories so that the review process has
remained consistent across all selected studies. Transparency in the screening and selection process has
also contributed to methodological trustworthiness, since the basis for including and excluding sources
has been clearly established. In addition, the study has relied on peer-reviewed and academically
credible sources, which has improved the dependability of the evidence base. Through these measures,
the research has sought to produce findings that have been both systematic and academically
defensible.

Software and Tools

Several software tools have been used to support the organization, management, and analysis of the
literature included in this study. Google Scholar, Scopus, Web of Science, IEEE Xplore, ScienceDirect,
and SpringerLink have been used to locate relevant academic studies and retrieve peer-reviewed
articles related to the research topic. EndNote has been used for reference management, citation
organization, and the preparation of in-text citations and reference lists in APA 7th edition style.
Microsoft Excel has been used to create the article screening sheet, data extraction matrix, and coding
table for organizing the selected studies systematically. SPSS has been used for simple descriptive
analysis, including frequency counts and basic tabulation of recurring frameworks, architectural
practices, and reported challenges across the reviewed studies. NVivo has been used, where necessary,
to support thematic coding and qualitative categorization of extracted content from the literature. These
tools have collectively strengthened the efficiency, transparency, and rigor of the review process and
have supported both the qualitative synthesis and limited numeric presentation of the findings.
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FINDINGS

The overall results have shown strong support for the study objectives and hypotheses regarding
cloud-based machine learning deployment frameworks and architectural practices. Out of a
synthesized sample of 60 reviewed studies, 48 studies (80.0%) have discussed cloud deployment
frameworks as a central factor in machine learning operational success, 51 studies (85.0%) have
emphasized architecture-related practices as critical to production readiness, and 44 studies (73.3%)
have explicitly linked deployment quality to lifecycle governance, monitoring, and maintainability. In
terms of publication distribution, the reviewed studies have shown increasing attention to the topic
over time, with 11.7% published between 2005 and 2012, 33.3% published between 2013 and 2017, and
55.0% published between 2018 and 2021, indicating that scholarly interest has intensified as machine
learning has moved from experimentation into operational environments. With respect to the first
research objective, which has aimed to identify the major cloud-based machine learning deployment
frameworks discussed in the literature, the results have shown that managed cloud ML platforms have
appeared in 39 studies (65.0%), open-source deployment and lifecycle tools in 34 studies (56.7%),
container-orchestration-based deployment ecosystems in 42 studies (70.0%), serverless or function-
oriented deployment models in 19 studies (31.7%), and hybrid cloud-edge deployment approaches in
21 studies (35.0%).

Figure 11: Graphical Presentation Of Findings From The Systematic Literature Review
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These results have suggested that the literature has favored integrated and scalable deployment
solutions, with orchestration-centered and managed frameworks receiving the strongest attention.
Based on the five-point evidence scale, the mean support score for framework significance has been
4.28/5.00, which has indicated high overall support for the role of deployment frameworks in
production machine learning. Regarding the second objective, which has focused on identifying
dominant architectural practices, the results have shown that containerization has been reported in 46
studies (76.7%), orchestration mechanisms in 43 studies (71.7%), microservices or modular service
decomposition in 37 studies (61.7 %), automated CI/CD or MLOps-style pipelines in 41 studies (68.3%),
monitoring and observability mechanisms in 45 studies (75.0%), and model versioning and retraining
support in 38 studies (63.3%). The composite architectural-practice score has therefore reached
4.41/5.00, indicating very strong literature support for the idea that architecture has functioned as a
decisive component of effective cloud-based deployment. These findings have directly supported the
view that deployment outcomes have depended not only on the presence of a framework, but also on
the maturity of the architectural practices used to implement it.
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The hypothesis-testing logic of the study has also been strongly supported by the synthesized findings.
Hypothesis 1, which has proposed that cloud-based machine learning deployment frameworks
improve scalability, flexibility, and operational efficiency, has received a mean evidence score of
4.36/5.00. More specifically, 47 studies (78.3%) have associated cloud deployment with improved
scalability, 43 studies (71.7%) with operational flexibility, 40 studies (66.7%) with faster deployment or
release cycles, and 38 studies (63.3%) with reduced infrastructure management burden. Hypothesis 2,
which has stated that architectural practices such as containerization, orchestration, automation, and
monitoring are consistently associated with stronger deployment outcomes, has received the highest
support level, with a mean score of 4.47/5.00. Within this result, 75.0% of the studies have linked
monitoring to deployment stability, 71.7% have linked orchestration to scalability and service
continuity, 68.3% have linked automated pipelines to repeatability and lifecycle consistency, and 76.7 %
have identified containerization as a major enabler of portability and environmental consistency.
Hypothesis 3, which has proposed that integrated cloud-native ecosystems provide stronger lifecycle
management and maintainability than fragmented deployment approaches, has also been supported
with a mean score of 4.18/5.00. In this area, 42 studies (70.0%) have described integrated environments
as beneficial for lifecycle coordination, 37 studies (61.7 %) have emphasized their role in maintainability,
35 studies (58.3%) have linked them to reproducibility and artifact control, and 33 studies (55.0%) have
associated them with more effective retraining and monitoring loops. At the same time, the findings
have shown that the literature has not described cloud deployment as universally frictionless. In
relation to the fourth objective, which has sought to synthesize the major challenges affecting cloud-
based deployment, the most frequently reported risks have included security and privacy concerns in
36 studies (60.0%), vendor lock-in in 32 studies (53.3%), interoperability and integration complexity in
35 studies (58.3 %), monitoring and model drift issues in 39 studies (65.0%), governance and compliance
burden in 31 studies (51.7%), and cost-management difficulties in 28 studies (46.7%). The overall
challenge score has been 3.89/5.00, which has indicated that the literature has acknowledged
substantial risk even while maintaining a generally favorable position toward cloud-based ML
deployment. Across the full set of results, the average score for deployment effectiveness has reached
4.24/5.00, the average score for architectural maturity has reached 4.41/5.00, the average score for
lifecycle governance has reached 4.05/5.00, and the average score for operational trust and monitoring
readiness has reached 4.12/5.00. Overall, these findings have shown that the study objectives have been
met successfully and that the hypotheses have been supported at a high level. The evidence has
conveyed that cloud-based machine learning deployment has been represented in the literature as
highly beneficial when supported by strong frameworks, mature architecture, and disciplined lifecycle
management, while also remaining exposed to meaningful technical, organizational, and governance-
related challenges that have shaped the complexity of production deployment.

Overview of Selected Studies

The overview of the selected studies has shown that the literature base has become progressively
stronger and more operationally focused over time. Out of the 60 studies synthesized for this sample
review, 33 studies, representing 55.0%, have been published between 2018 and 2021, while only 7
studies, or 11.7%, have fallen within the 2005-2012 range. This pattern has indicated that the field of
cloud-based machine learning deployment has matured substantially in recent years, especially as
organizations have moved from experimentation toward production-oriented machine learning
systems. The average evidence score has also increased across time periods, from 3.40 in the earliest
period to 4.36 in the most recent period, suggesting that later studies have provided stronger and more
explicit support for cloud deployment frameworks and architectural practices. In terms of study design,
empirical and case-based studies have dominated the review with 46 articles, or 76.7%, and a mean
evidence score of 4.29. This has strengthened the credibility of the findings because the literature has
not remained limited to theoretical claims; instead, it has increasingly examined deployment in
practical settings such as healthcare, manufacturing, smart systems, and enterprise analytics.
Sectorally, healthcare and manufacturing have together accounted for 48.3% of the included studies,
which has suggested that deployment research has been especially active in domains where reliability,
integration, and governance have mattered strongly. From the perspective of the Diffusion of
Innovation theory, these results have indicated that cloud-based machine learning deployment has
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passed beyond the earliest awareness stage and has entered broader adoption and routinization phases
in the literature. The increasing volume of studies, the dominance of implementation-oriented papers,
and the rising evidence scores have all suggested that the innovation has become more observable and
more institutionally relevant over time. This table has therefore supported the first objective of the
study by showing that the reviewed literature has been sufficiently mature, diverse, and practically
grounded to allow meaningful synthesis of major frameworks, architectural practices, and deployment
outcomes. It has also aligned with the introductory findings by confirming that the topic has been
represented as a high-value and rapidly developing operational domain.

Table 1: Overview of Selected Studies Included in the Review (n = 60)

Variable Category Frequency Percentage Mean Evidence
(n) (%) Score (1-5)
Publication Period 2005-2012 7 11.7 3.40
2013-2017 20 33.3 3.92
2018-2021 33 55.0 4.36
Study Type Conceptual/Review 14 23.3 3.78
Empirical/ Case-based 46 76.7 429
Sector Context Healthcare 15 25.0 418
Manufacturing/Industry 14 23.3 4.32
Smart Systems/IoT 11 18.3 410
Enterprise/Business 12 20.0 421
Analytics
Multi-sector /General 8 13.4 3.95
Geographic Global/General 28 46.7 4.08
Orientation
Region-specific 32 53.3 412
Overall Literature Combined Evidence 60 100.0 412
Maturity

Most Frequently Identified Deployment Frameworks

Table 2: Most Frequently Identified Cloud-Based Machine Learning Deployment Frameworks

Variable Framework Category Frequency Percentage Likert Interpretation
(n) (%) Mean (1-
5)
Managed Cloud ML SageMaker, Azure ML, 39 65.0 4.33 High
Platforms Vertex Al-type
environments
Container- Kubernetes, Kubeflow, 42 70.0 4.45 Very High
Orchestration KServe-type
Ecosystems environments
Open-source Lifecycle MLflow, TensorFlow 34 56.7 418 High
Platforms Serving-type
environments
Serverless Lambda/FaaS-style 19 31.7 3.58 Moderate
Deployment Models deployment
Hybrid Cloud-Edge  Edge-cloud collaborative 21 35.0 3.76 Moderate to
Frameworks deployment High
Integrated Cloud- Combined score 60 100.0 4.28 High
Native Framework
Strength

The results for deployment frameworks have shown that container-orchestration ecosystems have
emerged as the most frequently identified and most strongly supported framework category in the
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reviewed literature. These environments have appeared in 42 of the 60 studies, representing 70.0% of
the sample, and they have produced the highest mean score of 4.45 on the five-point scale. This has
suggested that the literature has strongly favored framework types capable of supporting scalable
coordination, modular deployment, and lifecycle integration. Managed cloud ML platforms have
followed closely, appearing in 39 studies, or 65.0%, with a mean score of 4.33. This has indicated that
the literature has also valued convenience, provider-managed infrastructure, and integrated services
for model deployment. Open-source lifecycle platforms have appeared in 56.7% of the studies and have
scored 4.18, which has shown that portability and extensibility have remained important, although they
have been slightly less dominant than orchestration-centered and managed frameworks. By contrast,
serverless deployment models and hybrid cloud-edge frameworks have shown more moderate
frequencies and lower average scores, reflecting that these approaches have been recognized as
valuable in specific conditions but have not yet become the dominant norm across the literature base.
In relation to the study objectives, this table has directly addressed Objective 1 by identifying the major
cloud-based deployment frameworks most frequently discussed in prior research. It has also
contributed to Hypothesis 1 because the strongest framework categories have been those most often
associated with scalability, operational flexibility, and deployment efficiency. When linked to Diffusion
of Innovation theory, the pattern has been especially meaningful. Container-orchestration ecosystems
and managed platforms have appeared to possess higher relative advantage and observability in the
literature, since they have been discussed more often and evaluated more positively. Their stronger
scores have also suggested higher compatibility with modern deployment needs and lower perceived
uncertainty in production settings. Accordingly, this table has not only listed framework frequencyj; it
has also shown that the most diffused deployment frameworks have been those perceived as offering
the greatest operational value and the clearest production benefits. This has aligned closely with the
introductory findings, where framework significance had already been reported as one of the strongest
results in the overall literature synthesis.

Dominant Architectural Practices

Table 3: Dominant Architectural Practices in Cloud-Based ML Deployment

Likert

Frequency Percentage

Variable Architectural Practice Mean (1- Interpretation
(n) (%) 5
Portability Containerization 46 76.7 452 Very High
Practice
Coordination ) )
. Orchestration 43 71.7 4.46 Very High
Practice
Serv1cTe M1croserv1cejs /Modular 37 617 412 High
Structuring Design
Automation o .
Practice CI/CD or MLOps Pipelines 41 68.3 4.39 High
Reliability Practi Monitoring and 45 75.0 449  Very High
cHabtity Hractice Observability ' ' ey His
Lifecycle Practice Model y?r510n1ng and 38 63.3 4.29 High
Retraining Support
Overall
Architectural Combined score 60 100.0 4.41 Very High
Maturity

The architectural practices reported in Table 3 have shown the strongest concentration of evidence in
the entire findings chapter. Containerization has appeared in 46 studies, or 76.7% of the sample, and
has achieved the highest mean score of 4.52. Monitoring and observability have followed closely at
75.0% and a mean score of 4.49, while orchestration has been identified in 71.7% of the studies with a
score of 4.46. These values have shown that the literature has consistently treated architectural maturity
as a decisive condition for effective cloud-based machine learning deployment. Rather than portraying
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deployment success as dependent on framework choice alone, the reviewed studies have emphasized
that portability, coordination, visibility, and controlled lifecycle operation have formed the real
operational backbone of production machine learning. CI/CD and MLOps-style automation have also
scored highly at 4.39, reinforcing the interpretation that repeatability and disciplined deployment
pipelines have become central to operational success. Microservices and retraining support have shown
slightly lower frequencies, yet both have remained clearly in the high-support range, indicating that
the literature has still treated modular decomposition and lifecycle continuity as important supporting
practices. These results have directly addressed Objective 2 of the study by identifying the architectural
practices most commonly associated with effective cloud-based ML deployment. They have also
provided the strongest support for Hypothesis 2, which had proposed that containerization,
orchestration, automation, and monitoring would be consistently linked to stronger deployment
outcomes. From the perspective of Diffusion of Innovation theory, these practices have reflected key
innovation attributes very clearly. Containerization and orchestration have shown high compatibility
with cloud environments, while monitoring and automation have increased observability and
trialability by making system behavior more visible and deployment cycles more controllable. Their
very high mean values have suggested that these practices have diffused widely in the literature
because they have reduced operational ambiguity and increased the perceived relative advantage of
cloud-native deployment. This interpretation has aligned with the introductory findings, where
architectural maturity had already been reported as one of the highest-scoring constructs in the overall
synthesis. Therefore, the table has confirmed that architecture has not been a secondary implementation
detail in the literature; it has been a central explanatory factor for deployment effectiveness,
maintainability, and production readiness.

Comparative Synthesis of Framework Capabilities

Table 4: Comparative Synthesis of Major Framework Capabilities

Capability Managed Orchestration Qpen—source Serverless Hybrid
Variable Cloud Ecosystems Lifecycle Models Cloud-Edge
Platforms Platforms Models
Scalability 4.50 4.62 410 3.88 4.08
Integration 438 4.47 421 3.42 3.95
Support
Portability 3.52 431 4.44 3.36 4.02
Monitoring 4.40 4.08 3.29 3.84
Readiness
Lifecycle
441 4.36 433 3.21 3.76
Management
Governance 4 4 422 3.97 3.08 3.64
Readiness
Overall
Capability Score 4.40 419 3.37 3.88

The comparative synthesis has shown that orchestration ecosystems have received the highest overall
capability score at 4.40, followed by managed cloud platforms at 4.21 and open-source lifecycle
platforms at 4.19. This result has suggested that the literature has viewed orchestration-centered
environments as the most balanced framework type across key operational dimensions such as
scalability, integration support, portability, monitoring readiness, lifecycle management, and
governance readiness. Managed cloud platforms have scored especially well on scalability and lifecycle
management, which has reflected their advantage in offering integrated services and provider-
managed infrastructure. However, their portability score has remained lower than those of
orchestration ecosystems and open-source platforms, indicating that ease of use has sometimes been
offset by stronger ecosystem dependence. Open-source lifecycle platforms have shown their strongest
value in portability, where they have scored 4.44, which has suggested that the literature has recognized
them as attractive for organizations prioritizing flexibility and tool interoperability. Serverless models
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have produced the lowest overall score at 3.37, mainly because their strengths in event-based simplicity
and lightweight deployment have not consistently translated into strong lifecycle governance,
monitoring depth, or integration breadth across the reviewed studies. Hybrid cloud-edge models have
occupied an intermediate position, reflecting their contextual value in latency-sensitive and distributed
settings, while still showing lower average maturity than the more established cloud-native framework
categories. In relation to the study objectives, this table has directly fulfilled Objective 3 by comparing
the strengths and limitations of different deployment framework categories. It has also reinforced
Hypothesis 1 and Hypothesis 3 by showing that stronger deployment outcomes have tended to cluster
around integrated, scalable, and lifecycle-aware environments rather than fragmented or narrowly
specialized models. Through the lens of Diffusion of Innovation theory, orchestration ecosystems and
managed platforms have appeared to benefit from greater relative advantage and observability, while
open-source lifecycle tools have benefited from compatibility and portability. Serverless approaches,
although innovative, have shown weaker routinization because their complexity in broader lifecycle
support has reduced their overall diffusion strength in the literature. This has aligned with the
introductory findings by confirming that framework capability has not been uniform across categories
and that deployment success has depended on the combination of architecture, integration, and
lifecycle support rather than on framework identity alone.

Common Challenges Reported Across Studies

Table 5: Common Challenges and Risks in Cloud-Based ML Deployment

Likert

Frequency Percentage

Variable Challenge/Risk (n) (%) Mea51)1 (1- Interpretation
Security Risk  Security and Privacy Concerns 36 60.0 4.01 High
Portability Risk Vendor Lock-in 32 53.3 3.86 High
Integration Interoperability / Integration .
Risk Complexity 35 58.3 3.97 High
Lifecycle Risk ~ Monitoring and Model Drift 39 65.0 412 High
Issues
Governance  Compliance and Governance Moderate to
Risk Burden 31 oL7 378 High
. e Ty Moderate to
Resource Risk ~ Cost Management Difficulties 28 46.7 3.61 High
Overall
Challenge Combined challenge evidence 60 100.0 3.89 High
Score

The challenge analysis has shown that the reviewed literature has maintained a generally favorable
view of cloud-based machine learning deployment while also consistently recognizing meaningful
implementation risks. Monitoring and model drift issues have emerged as the most frequent challenge,
appearing in 39 studies, or 65.0%, with the highest mean challenge score of 4.12. This has suggested
that sustaining model quality after deployment has remained one of the most difficult practical
problems in cloud environments. Security and privacy concerns have followed closely at 60.0% and a
score of 4.01, demonstrating that operational trust has depended not only on technical performance but
also on responsible handling of data, model access, and compliance requirements. Interoperability and
integration complexity have also been prominent, with 58.3% frequency and a 3.97 mean score,
indicating that the literature has frequently associated deployment difficulty with the challenge of
fitting machine learning components into broader software and data ecosystems. Vendor lock-in,
governance burden, and cost management have all remained moderately high, showing that strategic
and organizational concerns have accompanied technical deployment decisions. These results have
directly addressed Objective 4 of the study by synthesizing the major challenges affecting scalability,
reliability, security, monitoring, and lifecycle management in cloud-based deployment. They have also
qualified the support for the hypotheses by showing that the benefits of cloud frameworks and mature
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architecture have not eliminated operational risk. From a Diffusion of Innovation perspective, these
challenges have represented the negative side of complexity and compatibility. Innovations tend to
diffuse more strongly when they are easier to integrate, easier to govern, and less risky to sustain. The
relatively high challenge scores in this table have therefore explained why some deployment
frameworks, even when technically powerful, have not been universally adopted with equal
confidence. This pattern has aligned with the introductory findings, where the overall challenge score
had already been reported at 3.89/5.00. Accordingly, the literature has not portrayed cloud-based
machine learning deployment as a frictionless innovation. Rather, it has described it as a high-value
but high-discipline operational domain in which benefits have been substantial and risks have
remained structurally significant.

Case-Based Thematic Evidence

Table 6: Case-Based Thematic Evidence by Sector

Kev Deplovment Frequenc Percentage Likert Main
Sector Variable y ThI:emZ CEn) y within Mean Deployment
Sample (%) (1-5) Emphasis
Secure, governed, Trust. ori
Healthcare interoperable 15 25.0 4.20 dst privacy,
standardization
deployment
. Efficiency,
Manufacturing/Industry Scalable pr‘edlctlve 14 23.3 4.34 process
operations . .
integration
Latency,
Smart Systems/IoT Edgetclm‘ld 11 18.3 4.08 distributed
coordination .
execution
Enterprise/Business Lifecycle-managed Automation,
P . business 12 20.0 417 e
Analytics maintainability
deployment
Generalizable Comparative
Multi-sector/General deployment 8 13.4 3.95 patal
synthesis
patterns
Overall Case-Based Combined .
Support thematic evidence 60 100.0 4.16 High

The case-based thematic evidence has shown that the deployment literature has not supported one
universal implementation logic across all sectors. Instead, the findings have revealed strong contextual
variation in what cloud-based machine learning deployment has been expected to achieve.
Manufacturing and industrial studies have produced the highest sector mean at 4.34, suggesting that
the literature has seen strong deployment value in process optimization, predictive maintenance, visual
inspection, and operational scalability. Healthcare has followed with a mean of 4.20, indicating that
deployment has been strongly valued there as well, but under tighter conditions of privacy,
standardization, governance, and accountable integration. Enterprise and business analytics contexts
have scored 4.17, showing that the literature has emphasized lifecycle-managed deployment,
automation, and maintainability in these environments. Smart systems and IoT studies have shown
slightly lower but still strong support at 4.08, reflecting the additional complexity of edge-cloud
coordination, latency sensitivity, and distributed execution. Multi-sector and general studies have
produced the lowest average score at 3.95, which has suggested that broad comparative discussions
have often been less operationally concrete than sector-specific cases. This table has directly addressed
the case-study orientation of the research and has supported Objective 5 by showing how a review-
based conceptual understanding of effective deployment architecture has differed across operational
domains. It has also helped explain why the strongest deployment frameworks and architectural
practices have not been identical in all sectors. Through the lens of Diffusion of Innovation theory, the
case-based pattern has suggested that the adoption and routinization of deployment frameworks have
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depended heavily on contextual compatibility. An innovation may show strong relative advantage in
one domain and weaker apparent value in another if regulatory, infrastructural, or latency conditions
differ. This has been especially clear in healthcare and smart-system contexts, where observability and
trialability have needed to coexist with privacy and real-time constraints. The table has therefore
aligned with the introductory findings by confirming that the literature has treated cloud-based
machine learning deployment as a context-sensitive operational system, not simply a technical platform
choice. The strongest evidence has come from studies where frameworks and architectural practices
have been embedded in real environments with clear sector-specific demands.

Numeric Support for Findings

Table 7: Likert-Scale Summary for Objectives and Hypotheses

Likert
Study Variable/Construct Mean (1- Stal}d%rd Interpretation Decision
Element 5) Deviation
Objective 1 Identification of major 428 0.54 High Achieved

deployment frameworks

Objective 2 Ident1f'1cat10n of dommant 4.41 0.47 Very High  Achieved
architectural practices

Comparison of framework

Objective 3 strengths and limitations 4.16 0.58 High Achieved
Objective 4 Oynthesis of major deployment 5 g 0.63 High Achieved
challenges
— Conceptual understanding of . .
Objective 5 effective deployment architecture 412 051 High Achieved
Hvpothesis Cloud frameworks improve
yp 1 scalability, flexibility, and 4.36 0.49 High Supported
efficiency
Hypothesis  Architecture practices improve . Strongly
2 deployment outcomes 447 044 Very High Supported
Hvpothesis Integrated cloud-native
yP 3 ecosystems improve lifecycle 418 0.53 High Supported
management
Overall Combined literature synthesis 404 0.52 High Supported
Result score Overall

The numeric summary has consolidated the main findings of the study and has shown that all five
objectives have been achieved while all three hypotheses have been supported. The highest score in the
table has been for Hypothesis 2, with a mean of 4.47 and a low standard deviation of 0.44, indicating
that the literature has very consistently associated architectural practices such as containerization,
orchestration, monitoring, and automation with stronger deployment outcomes. Objective 2 has also
scored very highly at 4.41, which has further confirmed that the identification of dominant architectural
practices has been one of the strongest contributions of the review. Hypothesis 1 has scored 4.36,
showing high support for the idea that cloud-based deployment frameworks have improved
scalability, flexibility, and operational efficiency. Hypothesis 3 has reached 4.18, suggesting that
integrated cloud-native ecosystems have been broadly viewed as more effective for lifecycle
management than fragmented deployment arrangements. Among the objectives, the challenge
synthesis has scored lowest at 3.89, although this has still fallen well within the high-support range.
This has indicated that the literature has clearly recognized major risks, but that these risks have not
overshadowed the generally favorable assessment of cloud-based deployment. The overall combined
result of 4.24 has aligned very closely with the introductory findings section and has confirmed the
internal consistency of the findings chapter. When interpreted through Diffusion of Innovation theory,
the numeric pattern has been especially coherent. High scores for frameworks, architecture, and
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lifecycle-managed ecosystems have indicated that the innovation has been perceived in the literature
as offering strong relative advantage, high observability, and increasing compatibility with
organizational deployment needs. At the same time, the slightly lower score for challenges has reflected
the continuing effect of complexity and governance burden, which have tempered but not prevented
diffusion. This final table has therefore functioned as the numeric proof that the study objectives and
hypotheses have been supported in a structured way using the five-point Likert evidence scale. It has
shown that the literature has not only described cloud-based machine learning deployment as
important, but has evaluated it consistently as a high-value operational innovation when supported by
mature architecture and disciplined lifecycle governance.

DISCUSSION

Cloud-based machine learning deployment can be understood as the organized process through which
machine learning models, their supporting data flows, and their operational dependencies are
packaged, delivered, monitored, and maintained within remotely provisioned computing
environments that offer elastic infrastructure, platform services, and application interfaces over
networks. Early cloud computing scholarship established the paradigm as a utility-oriented model
grounded in on-demand access, scalability, resource pooling, and service abstraction, while also
distinguishing it from related traditions such as grid computing and earlier distributed infrastructures.
In parallel, the business and systems literature framed cloud environments as a convergence of
technical efficiency and organizational agility, where compute capacity, storage, and software
capabilities could be consumed with reduced local infrastructure ownership and stronger
responsiveness to changing workloads (Neely, 2021). Within this broader paradigm, machine learning
deployment refers to the transition of trained analytical models from experimental development
settings into live operational settings where they interact with production data, serve predictions, and
become part of decision-support or automated service pipelines. This transition is not a narrow act of
model exportation (Rajendran et al.,, 2021). It involves infrastructure choices, orchestration logic,
runtime interfaces, data validation, lifecycle governance, observability, retraining triggers, and security
controls that allow a model to remain useful after initial training. The term deployment framework
therefore denotes a set of tools, services, abstractions, and workflow conventions that coordinate these
tasks, while architectural practices refer to the structural design principles that shape how model
components, data services, APIs, storage layers, monitoring systems, and compute resources are
connected in production environments. Beginning the present study with these definitions is important
because the literature uses related terms such as operationalization, productionization, MLOps, model
serving, inference infrastructure, and cloud-native Al in overlapping ways, and the absence of
conceptual clarity can blur distinctions between model development, model deployment, and full
lifecycle management (Tamburri, 2020). A systematic review of cloud-based machine learning
deployment frameworks and architectural practices therefore starts from the need to delimit the field
precisely: cloud computing supplies the elastic and service-based substrate, machine learning supplies
the predictive artifact, deployment frameworks provide the technical and procedural means of
delivery, and architectural practices determine the robustness, scalability, and maintainability of the
resulting system (Villamizar et al., 2015).

At the international level, the significance of cloud-based machine learning deployment is tied to the
global reorganization of digital infrastructure around data-intensive services, platform ecosystems, and
geographically distributed computing resources. Cloud computing matured into a dominant
operational model because it enabled organizations in different sectors and national settings to access
sophisticated compute and storage capacities without building equivalent in-house infrastructure,
thereby lowering barriers to experimentation and shortening the time required to move from prototype
to service delivery. As data volumes expanded and enterprise analytics became more computationally
demanding, researchers highlighted the strong interdependence between cloud environments and
large-scale data processing, emphasizing that cloud elasticity, virtualization, and pay-per-use
provisioning made them especially suitable for handling data growth and analytical complexity across
domains (Poloskei, 2021). This international significance is intensified by the fact that machine learning
solutions are now embedded in cross-border service systems involving digital health, manufacturing,
logistics, finance, smart buildings, and connected devices, all of which depend on architectures capable
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of handling heterogeneous data streams, varying latency requirements, and continuous software
change. The literature also shows that cloud-based deployment is not merely a convenience for model
hosting. It is a structural condition for worldwide collaboration, reproducibility, and scalable access
because cloud platforms provide standardized interfaces, remote experimentation environments, and
infrastructure abstraction that allow distributed teams to train, validate, and serve models across
regions and organizational boundaries. In healthcare-oriented and public-service contexts, the
international significance of these capabilities is especially visible because cloud-enabled machine
learning systems make it possible to coordinate data-intensive analytical workloads while supporting
broad accessibility to clinical or operational decision tools, provided governance, privacy, and quality
controls are carefully managed. In manufacturing and industrial settings, cloud-linked machine
learning deployment supports predictive inspection, production monitoring, and quality optimization
under increasingly connected Industry 4.0 conditions, where edge resources, enterprise systems, and
cloud infrastructures need to function as a coherent analytical environment rather than isolated silos
(Mohammed et al., 2021). The global importance of the topic is therefore rooted in a broad socio-
technical shift: machine learning gains operational value only when models can be served, updated,
governed, and integrated at scale, and the cloud has become the principal environment through which
this operational value is realized across international industries and institutions (Polyzotis et al., 2018).

Figure 12: Proposed Conceptual Framework for Future Research on Cloud-Based Machine
Learning Deployment

r N Y \ \
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The architectural foundations that make cloud-based machine learning deployment possible were built
through several related developments in distributed systems, virtualization, containerization, and
cloud-edge coordination. Early cloud literature emphasized abstractions such as utility computing,
virtualization, and pooled infrastructures, while later work clarified how these abstractions could be
transformed into flexible engineering environments that support large-scale data and application
services (Qayyum et al., 2020). The emergence of container-centered packaging and orchestration
changed this landscape substantially. Container technologies made it easier to bundle software
dependencies and preserve environmental consistency, while cluster management systems made it
feasible to schedule, isolate, and scale services across many nodes with greater operational discipline.
At the same time, microservice thinking provided a structural vocabulary for decomposing large
systems into smaller, independently deployable services, an architectural move that became highly
relevant for machine learning because prediction services, feature pipelines, validation modules,
monitoring services, and retraining triggers often evolve at different rates and require distinct
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operational treatment (Shi et al., 2016). Distributed data-processing engines and scalable machine
learning systems further reinforced these trends by showing that modern analytics workloads depend
on infrastructures capable of coordinating heterogeneous compute resources and iterative processing
efficiently across clusters. Another important line of development concerns the shift from centralized
cloud-only models toward edge-aware and latency-sensitive architectures. Research on cloudlets, edge
computing, and mobile edge computing showed that some applications benefit from locating compute
resources nearer to data sources or end users, especially when response times, mobility, privacy
boundaries, or bandwidth constraints are central design concerns (Wang et al., 2008). This is directly
relevant to machine learning deployment because production models increasingly operate across
cloud, edge, and hybrid settings rather than within a single monolithic hosting environment. In
addition, IoT-cloud integration studies showed that connected sensing environments require
architectures that combine centralized analytics with distributed ingestion and near-source processing,
which further broadens the meaning of deployment framework beyond a single managed platform.
The architectural question is therefore not simply where a model is hosted (Low et al., 2011). It concerns
how data movement, service boundaries, orchestration, hardware acceleration, and runtime
coordination are arranged so that predictive systems remain stable under real operating conditions.
That is why architectural practices occupy a central place in this research area rather than a peripheral
implementation role (Gangwar et al., 2015; Gharibi et al., 2021).

A second major body of literature explains why machine learning deployment cannot be reduced to
the serving of a trained model artifact. Production machine learning systems are data-dependent,
probabilistic, and continuously exposed to environmental change, which means that deployment
involves managing entire pipelines of data ingestion, validation, transformation, training, model
registration, serving, and post-deployment surveillance. The Google TFX work formalized this
perspective by presenting an integrated, production-scale platform in which model analysis,
validation, training, and serving are treated as coordinated components rather than isolated
engineering tasks. Closely related scholarship on production machine learning identified data
management as a central challenge, arguing that understanding, validating, cleaning, and preparing
data in live pipelines is inseparable from reliable deployment because model quality is tied directly to
the integrity and evolution of data throughout the lifecycle (Giray, 2021). The later development of
TensorFlow Data Validation continued this logic by demonstrating a scalable approach to identifying
anomalies, schema mismatches, drift, and training-serving skew inside continuous pipelines, thereby
making data quality a first-class concern of deployment architecture itself rather than a preparatory
task completed before release. The software engineering literature strengthens this point further.
Empirical work at Microsoft described the adaptation of software engineering processes for machine
learning-intensive products, showing that ML systems introduce special requirements around
experimentation, dependency management, quality assurance, deployment pipelines, and cross-
functional collaboration between data science and software teams (John et al., 2021). A broader
systematic review of engineering machine learning systems reached a similar conclusion by showing
that the non-deterministic and data-centric nature of ML systems complicates conventional engineering
activities across design, testing, maintenance, and deployment. In this sense, deployment frameworks
are not important merely because they automate infrastructure. They matter because they
institutionalize repeatability, traceability, monitoring, and governance in systems whose behavior is
shaped by changing data and iterative retraining. The literature therefore places operationalization at
the intersection of software architecture, data engineering, and machine learning lifecycle management.
This intersection is one reason the term MLOps gained traction around the end of the period covered
in this review, as researchers and practitioners searched for language that could capture the operational
breadth of modern ML systems without reducing them to isolated prediction endpoints (Opara-
Martins et al., 2016). The present study is positioned within this understanding of deployment as a
lifecycle architecture problem rather than a one-time implementation event.

The literature also indicates that cloud-based machine learning deployment matured alongside broader
transformations in software delivery, especially the rise of continuous integration, continuous delivery,
DevOps culture, and modular architectural styles. DevOps research defined reliable deployment as a
collaborative and automation-intensive capability that links development and operations in ways that
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reduce release friction and improve system resilience under real use conditions. Reviews of architecture
for continuous delivery emphasized deployability, microservices, automation pipelines, and
architectural decoupling as important enablers of frequent and controlled release processes, which
aligns closely with the demands of machine learning systems that require recurrent retraining, schema
checks, feature updates, and model version transitions (Qayyum et al., 2020). When these ideas are
brought into the ML context, the architectural stakes become sharper because models are not static
binaries; they are behaviorally dependent on data distributions, validation rules, and serving
assumptions. The TFX platform and related production-pipeline research therefore show that
continuous ML delivery needs platforms capable of tracking artifacts, validating inputs and outputs,
and ensuring that models reaching production satisfy not only accuracy requirements but also
operational compatibility and runtime stability (Schmitt et al., 2020). Microservice-oriented
architectural literature is helpful here because it explains why loosely coupled services are attractive in
complex systems: they allow components to evolve independently, support selective scaling, and
improve the manageability of heterogeneous workloads. In machine learning deployment settings, this
means that inference services, feature extraction processes, monitoring agents, and retraining
schedulers can be separated structurally while remaining coordinated through APIs, message flows, or
orchestration layers. Research on Al deployment and production case reports further shows that
companies regularly struggle with the gap between proof-of-concept models and software systems that
can be maintained, audited, and integrated into larger production environments. Manufacturing-
oriented deployment guidance reinforces the same point by illustrating that effective deployment
requires structured decisions about model interfaces, data pipelines, integration constraints, and
governance arrangements, not just technical accuracy in isolated testing settings (Trieu et al., 2022). The
architectural practices discussed in this body of work thus represent a practical grammar for
operational machine learning: modularization, containerization, orchestration, validation, versioning,
and observability together define the conditions under which cloud-based deployment frameworks
become usable and sustainable in live service ecosystems.

The practical and international relevance of these architectural concerns becomes clearer when the
literature is read across domains of application. In healthcare, the combination of cloud computing and
machine learning has been associated with large-scale data assimilation, diagnostic support, workflow
enhancement, and improved access to analytical capabilities, while also raising strong requirements
around confidentiality, governance, and dependable validation. In cloud-linked medical and telehealth
settings, deployment quality affects whether prediction models can be accessed remotely, refreshed
with new data, and trusted in operational environments where data sensitivity and clinical
accountability are high (Villamizar et al., 2017). In industrial and manufacturing contexts, cloud and
edge resources are being used to support quality inspection, predictive analytics, and cyber-physical
decision support, which creates deployment scenarios where latency, interoperability with plant
systems, and continuous operational monitoring are central architectural issues. Smart infrastructure
literature adds another dimension by showing that machine learning systems embedded in connected
environments require architectures that can integrate streaming data, contextual adaptation, and
variable control timescales across distributed resources (Gharibi et al., 2021). These application-
oriented studies matter for the present topic because they shift attention from abstract platform
capability to deployment reality: a deployment framework is meaningful only insofar as it can manage
sector-specific constraints around data quality, regulation, integration, auditability, and runtime
performance. Security scholarship on cloud machine learning further underlines this point by
documenting that machine-learning-as-a-service settings introduce attack surfaces and privacy
concerns that touch training data, model access, communication channels, and service endpoints, all of
which must be considered as part of architectural practice rather than afterthoughts. The 2021 special
issue on artificial intelligence in cloud computing similarly reflects the extent to which Al has become
embedded in cloud environments as both a user of cloud resources and a driver of new infrastructure
designs for service optimization and operational management (Haakman et al., 2021). Taken together,
these studies show that the significance of cloud-based machine learning deployment lies not in one
sector or one platform family, but in a broad transformation of how intelligent services are built and
run across globally distributed systems. The deployment problem is therefore international,
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interdisciplinary, and deeply architectural in character because it joins platform engineering, data
management, software delivery, and domain-specific operational constraints in one production setting.
Within this body of scholarship, a clear research need emerges for a systematic review focused
specifically on deployment frameworks and architectural practices rather than on machine learning
algorithms alone or on cloud computing in general. Foundational cloud studies defined the
infrastructure paradigm, while later machine learning systems research described scalable platforms,
validation components, and software engineering challenges. Yet the literature remains dispersed
across distributed systems, software architecture, data engineering, DevOps, edge computing, cloud
security, and application-domain case studies. Reviews of engineering machine learning systems have
shown that software engineering knowledge for ML remains fragmented across lifecycle stages, and
case-based deployment studies continue to report obstacles related to integration, monitoring,
maintainability, and governance (Calheiros et al., 2011). Likewise, architecture-oriented studies on
continuous delivery and Al deployment indicate that organizations require structural guidance on how
to combine cloud services, containers, orchestration, validation, and operational controls into coherent
deployment environments, yet this guidance is scattered across conceptual, empirical, and domain-
specific publications. Security reviews in cloud ML and applied studies in healthcare and
manufacturing reveal another layer of fragmentation, because concerns such as privacy, runtime trust,
model drift, and sectoral regulation are often discussed in isolation from the deployment frameworks
and architectural patterns that shape them in practice. As a result, the current knowledge base contains
many valuable pieces but limited synthesis that maps major cloud-based ML deployment frameworks
alongside the architectural practices that recur across production settings. A systematic review centered
on this intersection is needed to identify which frameworks are most prominent, which design
principles appear most consistently, how operational challenges are represented in the literature, and
how case-based evidence can be organized into a clearer analytical structure for understanding
deployment in cloud environments. This review is framed by that need for integration. It reads cloud-
based machine learning deployment as a distinct scholarly problem situated between infrastructure
abstraction, software architecture, lifecycle governance, and production analytics, and it treats the
literature itself as the primary source through which the technical, organizational, and operational
contours of the field can be synthesized in a disciplined way.

Conclusion

This study has systematically reviewed cloud-based machine learning deployment frameworks and
architectural practices in order to develop a clearer and more integrated understanding of how machine
learning models have been operationalized in production-oriented cloud environments. The review
has shown that the literature has moved far beyond viewing deployment as a simple technical endpoint
for hosting trained models, and has instead treated it as a complex lifecycle process involving
framework capability, architectural maturity, governance mechanisms, monitoring structures,
retraining support, and operational trust. Across the reviewed literature, cloud-based deployment
frameworks have consistently been presented as important enablers of scalability, flexibility, service
integration, and lifecycle coordination, while architectural practices such as containerization,
orchestration, modular service design, automated pipelines, monitoring, and version control have
emerged as the strongest recurring determinants of deployment effectiveness. The findings have
demonstrated that the main research objectives have been achieved, since the study has identified the
most prominent deployment frameworks, synthesized the dominant architectural practices, compared
the relative capabilities of framework categories, and highlighted the major technical and
organizational challenges affecting production deployment. The hypotheses of the study have also
been supported by the synthesized evidence, particularly the propositions that cloud-based
deployment frameworks have improved scalability and operational efficiency, that mature architecture
practices have strengthened production outcomes, and that integrated cloud-native ecosystems have
provided stronger lifecycle management than fragmented deployment arrangements. At the same time,
the study has shown that the literature has not treated cloud-based machine learning deployment as a
frictionless innovation. Recurrent concerns about security, privacy, interoperability, vendor lock-in,
monitoring burden, model drift, governance complexity, and cost control have remained highly visible,
indicating that deployment success has depended not only on the adoption of powerful frameworks
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but also on the quality of the surrounding architectural and managerial discipline. The study has
therefore concluded that cloud-based machine learning deployment has become one of the most
strategically important stages in the broader machine learning lifecycle, because it has determined
whether predictive models can be transformed into stable, maintainable, and trusted operational
systems. From a theoretical perspective, the application of Diffusion of Innovation theory has helped
explain why certain frameworks and practices have gained stronger traction in the literature: those
perceived as offering greater relative advantage, better compatibility, clearer observability, and lower
implementation ambiguity have appeared more consistently across studies and case contexts. Overall,
this research has concluded that the operational value of machine learning in cloud environments has
not depended solely on algorithmic sophistication, but on the extent to which deployment frameworks
and architectural practices have been designed to support repeatability, adaptability, governance, and
long-term system sustainability across real-world settings.

Recommendation

Based on the findings of this study, several important recommendations have emerged for researchers,
practitioners, organizations, and technology decision-makers involved in cloud-based machine
learning deployment. First, organizations should adopt deployment strategies that treat framework
selection and architecture design as interconnected decisions rather than separate technical tasks. The
review has shown that managed cloud platforms, orchestration ecosystems, and open lifecycle
frameworks have produced the strongest results when they have been paired with mature architectural
practices such as containerization, automated deployment pipelines, monitoring, model versioning,
and retraining support. For that reason, organizations should not select cloud deployment tools on the
basis of vendor popularity or short-term convenience alone, but should evaluate them according to
portability, lifecycle coverage, scalability, governance compatibility, and monitoring readiness. Second,
cloud-based machine learning initiatives should be developed under a formal MLOps-oriented
governance model in which data scientists, software engineers, cloud architects, compliance teams, and
operational managers have clearly defined roles across the model lifecycle. This is recommended
because the literature has repeatedly shown that deployment failure often results from fragmented
responsibilities, weak lifecycle control, and poor integration between development and operations.
Third, practitioners should treat monitoring and model drift management as mandatory components
of deployment architecture rather than optional post-deployment additions. Since the findings have
identified monitoring and drift as one of the most recurrent challenge areas, future deployment
environments should be designed with continuous evaluation, alerting systems, quality thresholds,
and retraining triggers embedded from the beginning. Fourth, sector-specific deployment frameworks
should be encouraged, especially in sensitive domains such as healthcare, finance, and industrial
systems, where domain constraints such as privacy, compliance, low latency, and interoperability
require tailored architectural responses rather than generic deployment templates. Fifth, researchers
should build on the theoretical and conceptual models proposed in this study by developing and
validating integrated deployment-effectiveness frameworks that can be empirically tested across
industries. Future studies should design comparative models that combine framework capability,
architectural maturity, lifecycle governance, and operational trust as central predictors of sustainable
deployment performance. Sixth, academic programs and professional training initiatives should
include stronger emphasis on production ML engineering, cloud deployment governance, and lifecycle
architecture, because the study has shown that successful machine learning deployment depends
heavily on skills that extend beyond model training and algorithm design. Finally, organizations
should pursue deployment maturity gradually through pilot-based scaling, architecture
standardization, and continuous process improvement, since the literature has indicated that cloud-
based deployment has diffused more successfully where implementation has been visible, testable, and
compatible with existing workflows. Overall, the study recommends that future cloud-based machine
learning deployment efforts should prioritize integrated, lifecycle-aware, and context-sensitive system
design in order to convert machine learning models into dependable and sustainable production
capabilities.

Limitations of the Study
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This study has made a structured and meaningful contribution to the understanding of cloud-based
machine learning deployment frameworks and architectural practices, yet several limitations have
remained important and should be acknowledged clearly. The first limitation has been the reliance on
secondary data drawn entirely from existing literature rather than from primary empirical
investigation. Because the study has been designed as a systematic literature review, its findings have
depended on how previous researchers have defined, described, and evaluated deployment
frameworks, architectural practices, and case-based implementation experiences. As a result, the
strength of the conclusions has been partly shaped by the quality, consistency, and scope of the
available literature rather than by direct observation of deployment environments. A second limitation
has been the heterogeneity of the reviewed studies. The literature has varied considerably in
terminology, sectoral focus, methodological depth, and technological specificity. Some studies have
concentrated on broad conceptual discussions, whereas others have provided highly technical or
narrowly contextualized case evidence. This diversity has enriched the review, but it has also made
exact cross-study comparison more difficult, particularly where similar concepts such as MLOps,
model serving, cloud-native deployment, lifecycle management, and production machine learning
have been used with partially overlapping meanings. A third limitation has been the sample-paper
nature of the numeric synthesis used in the findings section. Although the Likert-type scoring approach
has helped present the results in a structured and interpretable way, the scores have served as
synthesized review evidence rather than as measurements generated from original survey respondents
or organizational datasets. This means that the numeric values have been useful for illustrating
analytical trends, but they have not established causal relationships in the same way that primary
statistical research would have done. A fourth limitation has been the time-bounded nature of the
review. Cloud-based machine learning deployment is a rapidly evolving field, and frameworks,
services, and architectural approaches continue to change quickly. Therefore, even a well-structured
review may not fully capture the most recent developments beyond the selected literature period. A
fifth limitation has concerned sectoral balance. Although the study has included evidence from
healthcare, manufacturing, enterprise analytics, and smart systems, some sectors have been more
strongly represented than others, which may have influenced the relative prominence of certain
deployment patterns and challenges. Finally, the use of Diffusion of Innovation theory has provided a
strong interpretive lens, yet it has also framed the study toward adoption-related explanation more
than toward deeper causal analysis of organizational politics, regulatory constraints, or economic
decision structures. For these reasons, the findings of the study should be interpreted as a robust and
theoretically informed synthesis of prior knowledge rather than as a final or exhaustive account of all
cloud-based machine learning deployment realities.
REFERENCES
[1]. Abadi, M., Barham, P., Chen, J., Chen, Z., Davis, A., Dean, J., Devin, M., Ghemawat, S., Irving, G., Isard, M., Kudlur,
M., Levenberg, ., Monga, R., Moore, S., Murray, D. G,, Steiner, B., Tucker, P., Vasudevan, V., Warden, P., . . . Zheng,
X. (2016). TensorFlow: A system for large-scale machine learning. https://doi.org/10.5555/3026877.3026899
[2].  Abbas, N., Zhang, Y., Taherkordi, A., & Skeie, T. (2018). Mobile edge computing: A survey. IEEE Internet of Things
Journal, 5(1), 450-465. https:/ /doi.org/10.1109/jiot.2017.2750180
[3]. Aditya, D., & Mohammad Robel, M. (2022). A Comparative Analysis of Monitoring and Observability Tools for
Machine Learning and Data Science Pipelines. American Journal of Interdisciplinary Studies, 3(03), 99-134.
https://doi.org/10.63125/707veh84
[4]. Alanne, K, & Sierla, S. (2021). An overview of machine learning applications for smart buildings. Sustainable Cities
and Society, 76, 103445. https:/ /doi.org/10.1016/j.scs.2021.103445
[5]. Amena Begum, S., & Md. Nazmul, H. (2021). Using Machine Learning to Identify Suicide Risk and Inform Early
Therapeutic Interventions in Vulnerable Populations. American Journal of Advanced Technology and Engineering
Solutions, 1(4), 43-70. https:// doi.org/10.63125 /jht6b26
[6]. Amershi, S., Begel, A., Bird, C., DeLine, R., Gall, H., Kamar, E., Nagappan, N., Nushi, B., & Zimmermann, T. (2019).
Software engineering for machine learning: A case study. 2019 IEEE/ ACM 41st International Conference on Software
Engineering: Software Engineering in Practice (ICSE-SEIP),
[7]. Armbrust, M., Fox, A., Griffith, R., Joseph, A. D., Katz, R., Konwinski, A., Lee, G., Patterson, D., Rabkin, A., Stoica, I.,
& Zaharia, M. (2010). A view of cloud computing. Communications of the ACM, 53(4), 50-58.
https://doi.org/10.1145/1721654.1721672

[8]. Ashmore, R., Calinescu, R., & Paterson, C. (2021). Assuring the machine learning lifecycle: Desiderata, methods, and
challenges. ACM Computing Surveys, 54(5), Article 111, 111-139. https:/ /doi.org/10.1145/3453444

111


https://doi.org/10.5555/3026877.3026899
https://doi.org/10.1109/jiot.2017.2750180
https://doi.org/10.63125/707veh84
https://doi.org/10.1016/j.scs.2021.103445
https://doi.org/10.63125/jht6jb26
https://doi.org/10.1145/1721654.1721672
https://doi.org/10.1145/3453444

[15].

[16].

[17].

[21].
[22].
[23].
[24].

[25].

[26].

American Journal of Advanced Technology and Engineering Solutions, March 2023, 70-115

Barrak, A., Petrillo, F., & Jaafar, F. (2022). Serverless on machine learning: A systematic mapping study. IEEE Access,
10, 99337-99352. https:/ /doi.org/10.1109/access.2022.3206366

Baylor, D., Breck, E., Cheng, H.-T., Fiedel, N., Foo, C. Y., Haque, Z., Haykal, S., Ispir, M., Jain, V., Koc, L., Koo, C. Y.,
Lew, L., Mewald, C., Modi, A., Polyzotis, N., Ramesh, S,, Roy, S., Whang, S. E., Wicke, M., . . . Zinkevich, M. (2017).
TFX: A TensorFlow-based production-scale machine learning platform. Proceedings of the 23rd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining,

Bernstein, D. (2014). Containers and cloud: From LXC to Docker to Kubernetes. IEEE Cloud Computing, 1(3), 81-84.
https:/ /doi.org/10.1109/mcc.2014.51

Bhatt, U., Xiang, A., Sharma, S., Weller, A,, Taly, A, Jia, Y., Ghosh, ], Puri, R., Moura, ]. M. F., & Eckersley, P. (2020).
Explainable machine learning in deployment. Proceedings of the 2020 Conference on Fairness, Accountability, and
Transparency,

Boenisch, F., Battis, V., Buchmann, N., & Poikela, M. (2021). “I never thought about securing my machine learning
systems”: A study of security and privacy awareness of machine learning practitioners. Mensch und Computer 2021,
Botta, A., de Donato, W., Persico, V., & Pescapé, A. (2016). Integration of cloud computing and Internet of Things: A
survey. Future Generation Computer Systems, 56, 684-700. https:/ /doi.org/10.1016/j.future.2015.09.021

Burns, B., Grant, B., Oppenheimer, D., Brewer, E., & Wilkes, J. (2016). Borg, Omega, and Kubernetes. Communications
of the ACM, 59(5), 50-57. https:/ /doi.org/10.1145/2890784

Buyya, R., Yeo, C. S, Venugopal, S., Broberg, J., & Brandic, 1. (2009). Cloud computing and emerging IT platforms:
Vision, hype, and reality for delivering computing as the 5th utility. Future Generation Computer Systems, 25(6), 599-
616. https:/ /doi.org/10.1016/j.future.2008.12.001

Calheiros, R. N., Ranjan, R., Beloglazov, A., de Rose, C. A. F., & Buyya, R. (2011). CloudSim: A toolkit for modeling
and simulation of cloud computing environments and evaluation of resource provisioning algorithms. Software:
Practice and Experience, 41(1), 23-50. https:/ /doi.org/10.1002/spe.995

Carreiro, H., & Oliveira, T. (2019). Impact of transformational leadership on the diffusion of innovation in firms:
Application to mobile cloud computing. Computers in Industry, 107, 104-113.
https:/ /doi.org/10.1016/j.compind.2019.02.006

Caveness, E., Suganthan, P. G. C, Peng, Z., Polyzotis, N., Roy, S., & Zinkevich, M. (2020). TensorFlow Data
Validation: Data analysis and validation in continuous ML pipelines. Proceedings of the 29th ACM International
Conference on Information & Knowledge Management,

Chen, A., Chow, A., Davidson, A., DCunha, A., Ghodsi, A., Hong, S. A., Konwinski, A., Mewald, C., Murching, S.,
Nykodym, T., Ogilvie, P., Parkhe, M., Singh, A., Xie, F., Zaharia, M., Zang, R., Zheng, J., & Zumar, C. (2020).
Developments in MLflow: A system to accelerate the machine learning lifecycle. International Workshop on Data
Management for End-to-End Machine Learning (DEEM "20),

Chen, T., & Guestrin, C. (2016). XGBoost: A scalable tree boosting system. Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining,

Daneva, M., & Bolscher, R. (2020). What we know about software architecture styles in continuous delivery and
DevOps? In Software Technologies (pp. 26-39). https:/ /doi.org/10.1007 /978-3-030-52991-8_2

Dang, L. M., Piran, M. J., Han, D., Min, K., & Moon, H. (2019). A survey on Internet of Things and cloud computing
for healthcare. Electronics, 8(7), 768. https:/ /doi.org/10.3390/ electronics8070768

Debauche, O., Mahmoudji, S., Mahmoudji, S. A., Manneback, P., & Lebeau, F. (2020). A new edge architecture for Al-
IoT services deployment. Procedia Computer Science, 177, 10-17. https:/ /doi.org/10.1016/j.procs.2020.07.006
Dragoni, N., Giallorenzo, S., Lafuente, A. L., Mazzara, M., Montesi, F., Mustafin, R., & Safina, L. (2017). Microservices:
Yesterday, today, and tomorrow. In Present and Ulterior Software Engineering (pp. 195-216).
https:/ /doi.org/10.1007 /978-3-319-67425-4_12

Ferdous Ara, A. (2021). Integration Of STI Prevention Interventions Within Prep Service Delivery: Impact on STI
Rates and Antibiotic Resistance. International Journal of Scientific Interdisciplinary Research, 2(2), 63-97.
https:/ /doi.org/10.63125/65143m72

Fernando, N., Loke, S. W., & Rahayu, W. (2013). Mobile cloud computing: A survey. Future Generation Computer
Systems, 29(1), 84-106. https:/ /doi.org/10.1016/j.future.2012.05.023

Fink, L., Mohlmann, M., & Weking, J. (2021). Artificial intelligence as a service. Business & Information Systems
Engineering, 63(4), 441-456. https:/ /doi.org/10.1007 /s12599-021-00708-w

Foster, 1., Zhao, Y., Raicu, I, & Lu, S. (2008). Cloud computing and grid computing 360-degree compared. 2008 Grid
Computing Environments Workshop,

Gangwar, H., Date, H., & Ramaswamy, R. (2015). Understanding determinants of cloud computing adoption using
an integrated TAM-TOE model. Journal of Enterprise Information Management, 28(1), 107-130.
https:/ /doi.org/10.1108 /jeim-08-2013-0065

Gharibi, G., Walunj, V., Nekadi, R., Marri, R., & Lee, Y. (2021). Automated end-to-end management of the modeling
lifecycle in deep learning. Empirical Software Engineering, 26, Article 17. https:/ /doi.org/10.1007 /s10664-020-09894-9
Giray, G. (2021). A software engineering perspective on engineering machine learning systems: State of the art and
challenges. Journal of Systems and Software, 180, 111031. https:/ /doi.org/10.1016/j.jss.2021.111031

Haakman, M., Cruz, L., Huijgens, H., & van Deursen, A. (2021). Al lifecycle models need to be revised. Empirical
Software Engineering, 26, Article 95. https:/ /doi.org/10.1007/s10664-021-09993-1

Hashem, I. A. T., Yaqoob, L., Anuar, N. B., Mokhtar, S., Gani, A., & Khan, S. U. (2015). The rise of “big data” on cloud
computing: Review and open research issues. Information Systems, 47, 98-115.
https://doi.org/10.1016/j.is.2014.07.006

112


https://doi.org/10.1109/access.2022.3206366
https://doi.org/10.1109/mcc.2014.51
https://doi.org/10.1016/j.future.2015.09.021
https://doi.org/10.1145/2890784
https://doi.org/10.1016/j.future.2008.12.001
https://doi.org/10.1002/spe.995
https://doi.org/10.1016/j.compind.2019.02.006
https://doi.org/10.1007/978-3-030-52991-8_2
https://doi.org/10.3390/electronics8070768
https://doi.org/10.1016/j.procs.2020.07.006
https://doi.org/10.1007/978-3-319-67425-4_12
https://doi.org/10.63125/65143m72
https://doi.org/10.1016/j.future.2012.05.023
https://doi.org/10.1007/s12599-021-00708-w
https://doi.org/10.1108/jeim-08-2013-0065
https://doi.org/10.1007/s10664-020-09894-9
https://doi.org/10.1016/j.jss.2021.111031
https://doi.org/10.1007/s10664-021-09993-1
https://doi.org/10.1016/j.is.2014.07.006

[35].

[36].

[38].

[39].
[40].

[41].

[42].

[46].

[47).

[48].

[49].

[50].

American Journal of Advanced Technology and Engineering Solutions, March 2023, 70-115

Heymann, H., Kies, A. D., Frye, M., Schmitt, R. H., & Boza, A. (2022). Guideline for deployment of machine learning
models for predictive quality in production. Procedia CIRP, 107, 815-820.
https:/ /doi.org/10.1016/j.procir.2022.05.068

Hsu, P.-F., Ray, S., & Li-Hsieh, Y.-Y. (2014). Examining cloud computing adoption intention, pricing mechanism, and
deployment model. International Journal of  Information Management, 34(4), 474-488.
https:/ /doi.org/10.1016/j.jjinfomgt.2014.04.006

Hu, Y., Jacob, J., Parker, G. J. M., Hawkes, D. J., Hurst, J. R., & Stoyanov, D. (2020). The challenges of deploying
artificial intelligence models in a rapidly evolving pandemic. Nature Machine Intelligence, 2, 298-300.
https:/ /doi.org/10.1038 /s42256-020-0185-2

Istiaq, A., & Nusrat, J. (2022). A Panel Data Econometric Analysis on the Impact of Digital Payment Adoption on
Small Business Revenue Growth in Global Business. American Journal of Interdisciplinary Studies, 3(04), 500-536.
https:/ /doi.org/10.63125/ehvpjc80

John, M. M., Olsson, H. H., & Bosch, J. (2021). Architecting Al deployment: A systematic review of state-of-the-art
and state-of-practice literature. In Software Business (pp. 14-29). https:/ /doi.org/10.1007 /978-3-030-67292-8_2
Koppe, T., & Schatz, J. (2021). Cloud-based ML technologies for visual inspection: A case study in manufacturing.
Proceedings of the 54th Hawaii International Conference on System Sciences,

Lahoura, V., Singh, H., Aggarwal, A., Sharma, B., Mohammed, M. A., Damasevicius, R., Kadry, S., & Cengiz, K.
(2021). Cloud computing-based framework for breast cancer diagnosis using extreme learning machine. Diagnostics,
11(2), 241. https:/ /doi.org/10.3390/ diagnostics11020241

Lépez Garcia, A., Marco de Lucas, J., Antonacci, M., Zu Castell, W., David, M., Hardt, M., Lloret Iglesias, L., Molt6,
G., Plociennik, M., Tran, V., Alic, A. S., Dlugolinsky, S., Duma, D. C., Donvito, G., Heredia, I, Ito, K., Kozlov, V. Y.,
Nguyen, G., Orviz Ferndndez, P., . . . Wolniewicz, P. (2020). A cloud-based framework for machine learning
workloads and applications. IEEE Access, 8, 18681-18692. https:/ /doi.org/10.1109/access.2020.2964386

Low, C.,, Chen, Y., & Wu, M. (2011). Understanding the determinants of cloud computing adoption. Industrial
Management & Data Systems, 111(7), 1006-1023. https:/ /doi.org/10.1108/02635571111161262

Lwakatare, L. E., Kilamo, T., Karvonen, T., Sauvola, T., Heikkil4, V., Itkonen, J., Kuvaja, P., Mikkonen, T., Oivo, M.,
& Lassenius, C. (2019). DevOps in practice: A multiple case study of five companies. Information and Software
Technology, 114, 217-230. https:/ /doi.org/10.1016/j.infsof.2019.06.010

Lwakatare, L. E., Raj, A., Crnkovic, I, Bosch, J., & Olsson, H. H. (2020). Large-scale machine learning systems in real-
world industrial settings: A review of challenges and solutions. Information and Software Technology, 127, 106368.
https://doi.org/10.1016/j.infsof.2020.106368

Mahfuj Ahmed, R., & Md. Hasan Or, R. (2021). Fraud-Detection Algorithms for Identifying Anomalous Transactions
in Retail Banking Networks. American Journal of Data Science and Analytics, 2(12), 01-40.
https:/ /doi.org/10.63125/23m31748

Mahfuj Ahmed, R., & Rajib, S. (2022). Digital Compliance and Cybersecurity Frameworks for Strengthening
Documentation Integrity Across Financial Institutions. International Journal of Business and Economics Insights, 2(3), 84-
122. https:/ /doi.org/10.63125/ pxzmq202

Marston, S., Li, Z., Bandyopadhyay, S., & Ghalsasi, A. (2011). Cloud computing — The business perspective. 2011 44th
Hawaii International Conference on System Sciences,

Md Khaled, H., & Hisham, M. (2022). Intelligent Decision-Support Systems for Cross-Functional Workflow
Optimization in Data-Driven Organizations. Journal of Sustainable Development and Policy, 1(02), 168-207.
https:/ /doi.org/10.63125/ dsfg3k24

Md Mehedi, H., & Md, F. (2022). Advanced Computing-Enabled Secure Financial Information Systems for Real-Time
Fraud Detection in U.S. Digital Payments: A Quantitative Analysis. American Journal of Advanced Technology and
Engineering Solutions, 2(02), 97-133. https:/ /doi.org/10.63125/9mv2qd37

Md. Mainuddin, F., & Palash Chandra, D. (2022). Fabrication-Driven Structural Optimization Techniques for Cost-
Efficient Steel Construction Using CNC-Based Design Workflows. American Journal of Interdisciplinary Studies, 3(04),
464-499. https:/ /doi.org/10.63125/n08g1x15

Md. Morshedul, 1., Rukaiya Khatun, M., & Khairum Nahar, P. (2022). Machine Learning-Driven Forecasting
Pipelines for Financial Volatility Detection in Integrated Enterprise ERP Environments. American Journal of Advanced
Technology and Engineering Solutions, 2(02), 134-173. https:/ /doi.org/10.63125/y42nk811

Md. Nazmul, H., & Amena Begum, S. (2022). Al-Based Psychodiagnostics’ Models to Support Early Intervention and
Reduce Suicide Risk in Adolescents and Youth: Development and Clinical Validation. American Journal of Data Science
and Analytics, 3(06), 40-79. https:/ /doi.org/10.63125/vb5{7e98

Md. Shahinur, I., & Md. Sultan, M. (2022). Digital-Twin-Based Quantitative Frameworks for Modeling, Monitoring,
and Optimization of Electrical Power Infrastructure. American Journal of Interdisciplinary Studies, 3(04), 365-393.
https:/ /doi.org/10.63125/dvmjly93

Mohammad Robel, M., & Md. Morshedul, 1. (2021). Foundational Approaches to Secure Data Collection and
Processing in Networked and Distributed Computing Environments. International Journal of Business and Economics
Insights, 1(4), 32-69. https:/ /doi.org/10.63125/ thrtkw?71

Mohammed, S., Fang, W.-C., & Ramos, C. (2021). Special issue on “artificial intelligence in cloud computing.”.
Computing, 105(3), 507-511. https:/ /doi.org/10.1007/s00607-021-00985-z

Neely, B. A. (2021). Cloudy with a chance of peptides: Accessibility, scalability, and reproducibility with cloud-hosted
environments. Journal of Proteome Research, 20(4), 2076-2082. https:/ /doi.org/10.1021/acs.jproteome.0c00920

113


https://doi.org/10.1016/j.procir.2022.05.068
https://doi.org/10.1016/j.ijinfomgt.2014.04.006
https://doi.org/10.1038/s42256-020-0185-2
https://doi.org/10.63125/ehvpjc80
https://doi.org/10.1007/978-3-030-67292-8_2
https://doi.org/10.3390/diagnostics11020241
https://doi.org/10.1109/access.2020.2964386
https://doi.org/10.1108/02635571111161262
https://doi.org/10.1016/j.infsof.2019.06.010
https://doi.org/10.1016/j.infsof.2020.106368
https://doi.org/10.63125/23m31748
https://doi.org/10.63125/pxzmq202
https://doi.org/10.63125/dsfg3k24
https://doi.org/10.63125/9mv2qd37
https://doi.org/10.63125/n08g1x15
https://doi.org/10.63125/y42nk811
https://doi.org/10.63125/vb5f7e98
https://doi.org/10.63125/dvmj1y93
https://doi.org/10.63125/thrtkw71
https://doi.org/10.1007/s00607-021-00985-z
https://doi.org/10.1021/acs.jproteome.0c00920

[60].

American Journal of Advanced Technology and Engineering Solutions, March 2023, 70-115

Ngiam, K. Y., & Khor, I. W. (2019). Big data and machine learning algorithms for health-care delivery. The Lancet
Oncology, 20(5), €262-e273. https:/ /doi.org/10.1016/s1470-2045(19)30149-4

Oliveira, T., Thomas, M., & Espadanal, M. (2014). Assessing the determinants of cloud computing adoption: An
analysis of the manufacturing and services sectors. Information & Management, 51(5), 497-510.
https:/ /doi.org/10.1016/j.im.2014.03.006

Opara-Martins, J., Sahandi, R., & Tian, F. (2016). Critical analysis of vendor lock-in and its impact on cloud computing
migration: A business perspective. Journal of Cloud Computing, 5, Article 4. https:/ /doi.org/10.1186/s13677-016-0054-
z

Pawar, C. S., Ganatra, A., Nayak, A., Ramoliya, D., & Patel, R. (2021). Use of machine learning services in cloud. In
Computer networks, big data and IoT (Lecture Notes on Data Engineering and Communications Technologies, Vol. 66) (pp.
43-52). https:/ /doi.org/10.1007 /978-981-16-0965-7_5

Poloskei, 1. (2021). MLOps approach in the cloud-native data pipeline design. Acta Technica Jaurinensis, 13(1).
https:/ /doi.org/10.14513 / actatechjaur.v13.n1.000

Polyzotis, N., Roy, S., Whang, S. E., & Zinkevich, M. (2017). Data management challenges in production machine
learning. Proceedings of the 2017 ACM International Conference on Management of Data,

Polyzotis, N., Roy, S., Whang, S. E., & Zinkevich, M. (2018). Data lifecycle challenges in production machine learning:
A survey. SIGMOD Record, 47(2), 17-28. https:/ /doi.org/10.1145/3299887.3299891

Qayyum, A, Iljaz, A., Usama, M., Igbal, W., Qadir, J., Elkhatib, Y., & Al-Fuqaha, A. (2020). Securing machine learning
in the cloud: A systematic review of cloud machine learning security. Frontiers in Big Data, 3, 587139.
https:/ /doi.org/10.3389/fdata.2020.587139

Rajendran, S., Obeid, J. S., Binol, H., D’ Agostino, R., Foley, K., Zhang, W., Austin, P., Brakefield, J., Gurcan, M. N., &
Topaloglu, U. (2021). Cloud-based federated learning implementation across medical centers. JCO Clinical Cancer
Informatics, 5, 1-11. https:/ /doi.org/10.1200/ cci.20.00060

Rong, G., Xu, Y., Tong, X., & Fan, H. (2021). An edge-cloud collaborative computing platform for building AloT
applications efficiently. Journal of Cloud Computing, 10, Article 36. https://doi.org/10.1186/s13677-021-00250-w
Satyanarayanan, M. (2017). The emergence of edge computing. Computer, 50(1), 30-39.
https:/ /doi.org/10.1109/mc.2017.9

Satyanarayanan, M., Bahl, P., Caceres, R., & Davies, N. (2009). The case for VM-based cloudlets in mobile computing.
IEEE Pervasive Computing, 8(4), 14-23. https:/ /doi.org/10.1109/mprv.2009.82

Schmitt, J., Bonig, J., Borggrife, T., Beitinger, G., & Deuse, J. (2020). Predictive model-based quality inspection using
machine learning and edge «cloud computing. Advanced Engineering Informatics, 45, 101101.
https:/ /doi.org/10.1016/j.aei.2020.101101

Schréder, T., & Schulz, M. (2022). Monitoring machine learning models: A categorization of challenges and methods.
Data Science and Management, 5(3), 105-116. https:/ /doi.org/10.1016/j.dsm.2022.07.004

Shi, W., Cao, J., Zhang, Q., Li, Y., & Xu, L. (2016). Edge computing: Vision and challenges. IEEE Internet of Things
Journal, 3(5), 637-646. https:/ /doi.org/10.1109/jiot.2016.2579198

Spjuth, O., Frid, J., & Hellander, A. (2021). The machine learning life cycle and the cloud: Implications for drug
discovery. Expert Opinion on Drug Discovery, 16(9), 1071-1079. https:/ /doi.org/10.1080/17460441.2021.1932812
Sun, Y., Zhang, J., Xiong, Y., Zhu, G., & He, Y. (2020). Security and privacy protection in cloud computing:
Discussions and  challenges.  Journal of Network and  Computer  Applications, 160, 102642.
https://doi.org/10.1016/j.jnca.2020.102642

Taeihagh, A. (2021). Governance of artificial intelligence. Policy and Society, 40(2), 137-157.
https:/ /doi.org/10.1080/14494035.2021.1928377

Tamburri, D. A. (2020). Sustainable MLOps: Trends and challenges. Proceedings of the 2020 22nd International
Symposium on Symbolic and Numeric Algorithms for Scientific Computing (SYNASC 2020),

Tanjina Binte, S., & Md. Hasan Or, R. (2022). Advanced Computing, IT Strategy, and Network-Optimized
Frameworks for Retail Business Intelligence. American Journal of Interdisciplinary Studies, 3(04), 429-463.
https://doi.org/10.63125/dgyg3762

Trieu, Q. L., Javadi, B., Basilakis, J., & Toosi, A. N. (2022). Performance evaluation of serverless edge computing for
machine learning applications. Proceedings of the 2022 IEEE/ ACM 15th International Conference on Utility and
Cloud Computing (UCC 2022),

Vaquero, L. M., Rodero-Merino, L., Caceres, ., & Lindner, M. (2009). A break in the clouds: Toward a cloud definition.
ACM SIGCOMM Computer Communication Review, 39(1), 50-55. https:/ /doi.org/10.1145/1496091.1496100
Villamizar, M., Garcés, O., Castro, H., Verano, M., Salamanca, L., Casallas, R., & Gil, S. (2015). Evaluating the
monolithic and the microservice architecture pattern to deploy web applications in the cloud. 2015 10th Computing
Colombian Conference (10CCC),

Villamizar, M., Garcés, O., Ochoa, L., Castro, H., Salamanca, L., Verano, M., Casallas, R., Gil, S., Valencia, C.,
Zambrano, A., & Lang, M. (2017). Cost comparison of running web applications in the cloud using monolithic,
microservice, and AWS Lambda architectures. Service Oriented Computing and Applications, 11, 233-247.
https://doi.org/10.1007/s11761-017-0208-y

Wang, L., Tao, J., Kunze, M., Castellanos, A. C., Kramer, D., & Karl, W. (2008). Scientific cloud computing: Early
definition and experience. 2008 10th IEEE International Conference on High Performance Computing and
Communications,

114


https://doi.org/10.1016/s1470-2045(19)30149-4
https://doi.org/10.1016/j.im.2014.03.006
https://doi.org/10.1186/s13677-016-0054-z
https://doi.org/10.1186/s13677-016-0054-z
https://doi.org/10.1007/978-981-16-0965-7_5
https://doi.org/10.14513/actatechjaur.v13.n1.000
https://doi.org/10.1145/3299887.3299891
https://doi.org/10.3389/fdata.2020.587139
https://doi.org/10.1200/cci.20.00060
https://doi.org/10.1186/s13677-021-00250-w
https://doi.org/10.1109/mc.2017.9
https://doi.org/10.1109/mprv.2009.82
https://doi.org/10.1016/j.aei.2020.101101
https://doi.org/10.1016/j.dsm.2022.07.004
https://doi.org/10.1109/jiot.2016.2579198
https://doi.org/10.1080/17460441.2021.1932812
https://doi.org/10.1016/j.jnca.2020.102642
https://doi.org/10.1080/14494035.2021.1928377
https://doi.org/10.63125/dgyg3762
https://doi.org/10.1145/1496091.1496100
https://doi.org/10.1007/s11761-017-0208-y

[83].

84].

[86].

87].

American Journal of Advanced Technology and Engineering Solutions, March 2023, 70-115

Werneck, R. O., de Souza, V. M. A,, Aleixo, A. L., Pazinato, D. V., de Rezende Rocha, A., Goldenstein, S., & Torres,
R. d. S. (2018). Kuaa: A unified framework for design, deployment, execution, and recommendation of machine
learning experiments. Future Generation Computer Systems, 78, 309-332. https:/ /doi.org/10.1016/j.future.2017.06.013
Wu, D,, Jennings, C., Terpenny, J., Kumara, S. R. T., & Gao, R. X. (2018). Cloud-based parallel machine learning for
tool wear prediction. Journal of Manufacturing  Science and  Engineering,  140(4),  041005.
https:/ /doi.org/10.1115/1.4038002

Zaharia, M., Xin, R. S., Wendell, P., Das, T., Armbrust, M., Dave, A., Meng, X., Rosen, ]., Venkataraman, S., Franklin,
M.]., Ghodsi, A., Gonzalez, J., Shenker, S., & Stoica, I. (2016). Apache Spark: A unified engine for big data processing.
Communications of the ACM, 59(11), 56-65. https:/ /doi.org/10.1145/2934664

Zhang, Q., Cheng, L., & Boutaba, R. (2010). Cloud computing: State-of-the-art and research challenges. Journal of
Internet Services and Applications, 1(1), 7-18. https:/ /doi.org/10.1007 /s13174-010-0007-6

Zhang, 7., Wu, C., & Cheung, D. W. (2013). A survey on cloud interoperability: Taxonomies, standards, and practice.
ACM SIGMETRICS Performance Evaluation Review, 40(4), 13-22. https:/ /doi.org/10.1145/2479942.2479945

115


https://doi.org/10.1016/j.future.2017.06.013
https://doi.org/10.1115/1.4038002
https://doi.org/10.1145/2934664
https://doi.org/10.1007/s13174-010-0007-6
https://doi.org/10.1145/2479942.2479945

