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Abstract

Enterprise organizations increasingly require trusted, connected, and intelligent data
foundations to overcome fragmented information landscapes and limited analytical
responsiveness across SAP S/AHANA environments. This study investigates how SAP
Datasphere and machine learning can converge within a unified enterprise data fabric to
strengthen data integration, predictive insight, and decision support. The research addresses
persistent challenges involving data silos, inconsistent semantic models, complex data
movement, and delayed business intelligence. A mixed method approach combines enterprise
architecture analysis, structured practitioner observations, comparative performance
evaluation, and quantitative assessment of analytical accuracy, data processing efficiency, and
decision latency. Findings demonstrate that the proposed framework improves data
accessibility, model consistency, predictive reliability, and cross functional visibility while
preserving business context across operational and analytical workloads. The principal
innovation lies in connecting SAP Datasphere capabilities with governed machine learning
processes through a layered data fabric architecture supporting harmonized data consumption
and scalable intelligence. Strategically, the framework enables organizations to modernize
analytics, accelerate planning, and establish stronger foundations for intelligent enterprise
operations. Academically, the study extends data fabric research by presenting an integrated
model connecting semantic data management, machine learning, and SAP centered analytics.
The study concludes that unified data governance and intelligent analytical capabilities can
substantially enhance SAP S/4HANA decision making, offering significant value for
researchers, technology leaders, and enterprise transformation practitioners.
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Intelligent Enterprise, Machine Learning Integration, Predictive Analytics, Enterprise
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I. INTRODUCTION
Enterprise analytics environments have evolved considerably with the expansion of in-memory
computing, cloud-based data services, distributed applications, and predictive analytical
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methods across modern organizations. Enterprises increasingly depend on SAP S/4HANA to
coordinate financial, procurement, manufacturing, supply chain, and customer-related
operations through a unified transactional foundation. At the same time, business information
continues to originate from legacy systems, external databases, departmental applications, and
cloud platforms. This expanding landscape has increased the complexity of data integration,
processing, interpretation, security, and analytical delivery across operational and managerial
functions.

SAP S/4HANA provides simplified data structures, embedded analytics, Core Data Services,
and real-time transactional processing capabilities for enterprise operations. However, most
organizations operate heterogeneous information environments in which SAP and non-SAP
systems must contribute to a common analytical view. Business users require consolidated
information without losing the operational meaning established within individual source
applications. Technical teams must therefore balance data replication, virtual access, processing
performance, and system availability when developing analytical solutions. These requirements
create a need for an architecture that connects distributed information while preserving its
original business context and functional relevance.

Reliable decision-making depends on integrated, governed, and contextually consistent
information across the enterprise landscape. Business units often maintain different definitions
for customers, products, suppliers, financial measures, inventory positions, and performance
indicators. These variations can produce conflicting reports, weaken confidence in analytical
findings, and delay management responses to changing operational conditions. Consistent
semantic models are required to preserve common business meaning across reporting,
planning, forecasting, and predictive analysis. Data ownership, quality standards, access
permissions, metadata, and lineage must also be coordinated to ensure that analytical outcomes
remain accurate, traceable, and suitable for organizational use.

Fragmented data platforms remain a significant limitation because they rely on independent
data warehouses, isolated data marts, repeated interfaces, and manually maintained extraction
procedures. Separate departments may develop similar pipelines for identical information
while applying different transformation rules and business definitions. Such duplication
increases storage requirements, integration costs, processing delays, and long-term maintenance
effort. Changes introduced within SAP S/4HANA can also affect numerous downstream
applications whose technical dependencies may not be clearly documented. Consequently,
fragmented architectures restrict analytical responsiveness, reduce governance visibility, and
make it difficult to establish a dependable enterprise-wide version of business information.

Machine learning initiatives create additional challenges when model development remains
separated from governed enterprise data and operational business processes. Analytical teams
may repeatedly prepare similar datasets because reusable features, shared semantic structures,
and standardized integration services are unavailable. Predictive models developed in isolated
environments can lose their business context when results are transferred into dashboards or
SAP S/4HANA applications. Limited coordination among data engineers, functional
specialists, model developers, and business users further complicates training, validation,
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deployment, scoring, and monitoring. These limitations reduce model reliability and prevent
predictive results from becoming consistent elements of routine enterprise decision-making.
The central research problem concerns how SAP Datasphere, SAP BTP, SAP ML, and SAP
S/4HANA can converge within a unified enterprise data fabric. SAP S/4HANA supplies
operational information and embedded analytical structures, while SAP Datasphere supports
data integration, cataloging, semantic modeling, virtualization, and governed access. SAP BTP
provides connectivity, application integration, extension services, and analytical capabilities
required to connect information with business processes. SAP ML contributes methods for
model development, validation, deployment, scoring, and lifecycle monitoring. The principal
challenge is coordinating these capabilities without creating further duplication, semantic
inconsistency, technical dependency, or disconnected analytical workflows.

This study aims to develop a unified enterprise data fabric framework that connects trusted
SAP S/4HANA information with governed machine learning processes and reusable analytical
services. The first objective is to define an architectural structure for integrating distributed
enterprise data through SAP Datasphere and SAP BTP. The second objective is to preserve
semantic consistency throughout data preparation, model development, predictive scoring, and
analytical consumption. The third objective is to assess whether the proposed framework can
reduce duplicated pipelines, integration effort, and analytical response time. The study covers
data integration, semantic modeling, governance, machine learning operations, analytics, and
decision-support processes.

The investigation is guided by three questions addressing the architectural and managerial
requirements of the proposed framework. How can distributed SAP and non-SAP information
be integrated while preserving business meaning, ownership, quality, lineage, and access
control? How can machine learning models consume governed enterprise information and
return predictive outcomes to SAP S/4HANA analytical and operational processes? Which
architectural mechanisms can reduce duplicated pipelines, improve model reuse, and
strengthen the reliability of decision-support outcomes? These questions connect technical
integration with the organizational requirement for timely, explainable, and contextually
dependable enterprise information.

The original contribution of this study is an integrated framework that treats data integration,
business semantics, machine learning, governance, and analytical consumption as
interdependent enterprise capabilities. Its practical significance lies in supporting faster
analytical delivery while limiting unnecessary replication and disconnected model
development. Its academic significance arises from connecting data fabric principles with
semantic information management, enterprise systems, and machine learning lifecycle control.
The following sections examine the conceptual foundations, research method, proposed
architecture, convergence mechanisms, implementation strategy, governance requirements, and
comparative findings. The study concludes by evaluating the framework’s contributions,
limitations, strategic implications, and relevance to SAP S/4HANA decision-making.
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II. ENTERPRISE DATA AND ANALYTICAL FOUNDATIONS

Enterprise data management has progressed from centrally controlled databases toward
increasingly distributed analytical environments that combine structured, semi-structured, and
externally generated information. Early reporting architectures primarily relied on operational
databases and periodic extraction processes to produce historical summaries for managerial
analysis. As transaction volumes and analytical requirements expanded, organizations began
adopting enterprise data warehouses to consolidate information across financial, supply chain,
manufacturing, customer, and workforce functions. These repositories established a structured
foundation for business intelligence, although their dependence on predefined models and
scheduled processing often limited analytical flexibility and responsiveness.

Enterprise data warehouses introduced consistent schemas, historical storage, dimensional
modeling, and controlled reporting across organizational functions. Their centralized structure
improved information quality and reduced inconsistencies that had previously existed among
separate operational reports. However, warehouse development commonly required extensive
extraction, transformation, and loading procedures that became difficult to maintain as source
systems changed. New data requirements frequently demanded additional pipelines, storage
structures, and reporting models before information could become analytically available. These
limitations encouraged organizations to explore more flexible approaches capable of handling
larger data volumes, varied formats, and rapidly changing analytical requirements.

Data lakes emerged as an alternative for storing large volumes of raw, semi-structured, and
unstructured information without requiring complete transformation before ingestion. This
approach enabled organizations to retain detailed operational records, machine-generated data,
documents, and external information for future analytical use. Despite their flexibility, poorly
governed data lakes often produced difficulties involving discoverability, interpretation,
ownership, quality, and access control. Information stored without sufficient metadata or
business context could become difficult for analysts to understand and reuse. Consequently,
enterprises required stronger cataloging, governance, and semantic management practices to
convert stored data into reliable business information.

Data virtualization extended enterprise integration by allowing analytical users to access
distributed information without moving every dataset into a centralized repository. Virtual
access reduced unnecessary replication and supported faster connection to operational systems,
cloud databases, data warehouses, and external sources. However, virtualization alone could
not resolve differences in business definitions, data ownership, quality standards, or analytical
interpretation across separate environments. Data fabric architecture developed from the need
to coordinate integration, metadata, semantics, governance, and controlled consumption across
distributed information landscapes. Its purpose is to establish a connected information
foundation while allowing suitable data assets to remain within their existing operational
locations.
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SAP S/4HANA provides the transactional and analytical core for managing integrated
enterprise processes through a simplified data model and in-memory processing. Its
architecture supports financial accounting, procurement, manufacturing, sales, inventory, and
supply chain operations within a connected business environment. Embedded analytics and
Core Data Services enable operational users to analyze current transactional information
without relying entirely on separate reporting systems. Virtual data models provide reusable
business views that support consistent interpretation across applications and analytical
scenarios. Nevertheless, broader enterprise analysis still requires SAP S/4HANA information to
be integrated with external systems, historical repositories, and specialized analytical platforms.
SAP Datasphere supports this broader requirement by providing capabilities for data
integration, semantic modeling, cataloging, virtualization, and governed business data access. It
enables organizations to connect SAP and non-SAP information while preserving the
definitions and relationships associated with enterprise business processes. Reusable analytical
models can represent customers, products, accounts, suppliers, transactions, and performance
measures in language familiar to business users. Cataloging improves the discovery and
interpretation of available information assets, while governed access supports ownership and
authorization requirements. These capabilities position SAP Datasphere as the semantic and
integration layer within a unified enterprise data fabric.

SAP BTP complements this foundation through services supporting application integration,
data management, analytics, and business application extensions. Its integration capabilities
connect SAP S/4HANA, SAP Datasphere, external applications, and analytical services through
managed interfaces and reusable process connections. Extension services enable organizations
to introduce additional business functions without creating extensive modifications within the
transactional core. Within the same environment, SAP ML supports feature preparation, model
training, validation, predictive scoring, and lifecycle monitoring for enterprise use cases.
Analytical applications can subsequently consume governed data and predictive results
through operational reports, planning interfaces, dashboards, and decision-support processes.
The remaining research gap concerns the absence of a unified structure that consistently
connects distributed data, business semantics, governance controls, machine learning processes,
and operational intelligence. Existing approaches frequently address integration, analytics, or
predictive modeling as separate technical concerns rather than interdependent enterprise
capabilities. This separation allows duplicated pipelines, inconsistent features, disconnected
model outputs, and limited lineage visibility to persist across analytical environments. A
unified enterprise data fabric must therefore coordinate data access, semantic context, model
governance, security, and analytical consumption. Addressing this gap provides the conceptual
foundation for the framework developed and evaluated in the subsequent sections.
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Figure 1: Enterprise Technology Foundations for Unified SAP Data and Analytics

ITII. RESEARCH DESIGN AND ANALYTICAL METHOD

This study adopts a mixed method research design combining qualitative architectural analysis
with quantitative performance evaluation to examine the convergence of SAP Datasphere, SAP
BTP, SAP ML, and SAP S/4HANA. The qualitative component investigates architectural
relationships, semantic consistency, governance controls, integration dependencies, and
operational decision requirements. The quantitative component evaluates measurable
differences between fragmented analytical processing and the proposed unified data fabric.
Combining both methods enables the research to consider technical performance alongside
architectural suitability and enterprise relevance. This design provides a balanced basis for
determining whether the proposed framework produces meaningful improvements under
representative analytical conditions.

The research process begins with the definition of the enterprise context, analytical
requirements, evaluation boundaries, and system relationships relevant to the investigation.
Architectural documentation, data-flow descriptions, semantic models, integration
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configurations, and practitioner observations provide the qualitative evidence required for
system mapping. Structured examination identifies how data moves from source applications
through preparation, modeling, predictive processing, and analytical consumption. Particular
attention is given to duplicated transformations, inconsistent business definitions, limited
lineage, and isolated machine learning activities. These observations establish the architectural
conditions against which the proposed framework is designed and evaluated.

Representative SAP S/4HANA scenarios are selected to reflect analytical requirements
encountered across finance, inventory management, and sales operations. Financial reporting
examines the preparation and consolidation of transactional measures for timely management
analysis. Inventory forecasting evaluates the use of historical movement, stock, demand, and
material-related information within predictive models. Sales analysis considers customer,
product, order, and revenue information required for operational reporting and predictive
interpretation. These scenarios provide different data structures and processing conditions
while remaining sufficiently controlled to support consistent comparison between the baseline
architecture and the proposed framework.

The evaluation environment includes SAP S/4HANA transactional information, enterprise
master data, historical analytical records, and selected external data sources. Integration
conditions cover scheduled extraction, replicated storage, virtual access, semantic
transformation, predictive model input, and analytical output delivery. The investigation
focuses on structured enterprise information and does not attempt to represent every industry-
specific process or infrastructure configuration. Evaluation boundaries are established around
data preparation, integration execution, model scoring, analytical response, and governance
visibility. These boundaries maintain methodological control while allowing the study to
examine the principal capabilities associated with a unified enterprise data fabric.

The baseline architecture represents an environment in which data integration, semantic
preparation, machine learning, and analytical consumption operate through separate technical
pipelines. SAP S/4HANA information is extracted into independent repositories where
analytical teams apply duplicated transformation rules and maintain scenario-specific datasets.
Predictive models consume prepared information outside the governed semantic environment,
while scoring results are transferred separately to reporting applications. This structure reflects
common limitations involving redundant movement, inconsistent definitions, restricted lineage,
and repeated integration effort. Baseline measurements provide the reference values required to
determine whether the proposed architecture produces observable technical and governance
improvements.
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Figure 2: Mixed Method Research Process for Architecture Design and Performance Evaluation

The proposed architecture connects SAP S/4HANA, SAP Datasphere, SAP BTP, and SAP ML
through a governed data fabric supporting semantic consistency and reusable analytical
services. SAP Datasphere provides integration, virtualization, cataloging, and business-oriented
modeling, while SAP BTP supports application connectivity and extension services. SAP ML
consumes governed information for model training, validation, and predictive scoring without
separating analytical features from their business meaning. Analytical outputs are returned to
reporting and decision-support applications through controlled interfaces. The architecture is
evaluated under comparable data volumes, processing conditions, scenario definitions, and
model configurations to maintain a consistent basis for comparison.

Qualitative evaluation examines semantic alignment, metadata availability, lineage visibility,
governance enforcement, architectural maintainability, and practitioner interpretation.
Quantitative evaluation measures data preparation time, analytical latency, prediction accuracy,
integration effort, and governance consistency across the selected scenarios. Preparation time
records the effort required to transform source information into analysis-ready datasets, while
latency measures the interval between request initiation and analytical delivery. Prediction
accuracy evaluates the agreement between model output and observed outcomes using
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consistent validation samples. Integration effort and governance consistency assess pipeline
requirements, reusable connections, policy coverage, and the uniform application of controlled
business definitions.

Data collection proceeds through controlled scenario execution, architectural inspection,
processing records, model validation results, governance checklists, and structured practitioner
observations. Each analytical scenario is executed using both the baseline and proposed
architectures under comparable source data and workload conditions. Repeated measurements
reduce the influence of temporary system variation and provide representative performance
values for comparison. Qualitative observations are organized according to predefined
architectural and governance categories before being compared with quantitative findings.
Evidence convergence connects measured performance changes with their architectural causes,
allowing the study to distinguish meaningful framework effects from isolated technical
variation.

Reliability is supported through consistent scenario definitions, repeated test execution,
standardized measurement procedures, and documented evaluation criteria. Construct validity
is strengthened by connecting each indicator to a clearly defined architectural or analytical
characteristic, while comparative validity is maintained through equivalent evaluation
conditions. Ethical safeguards require the removal of personally identifiable information,
controlled access to enterprise records, and reporting of aggregated analytical results.
Methodological limitations include the selected scenario range, differences among
organizational SAP landscapes, model sensitivity, and restricted representation of industry-
specific requirements. These constraints are acknowledged when interpreting the findings and
considering their applicability to broader enterprise environments.

Table 1: Research Variables, Measurement Criteria, and Evaluation Methods

Evaluation dimension Measurement criterion Evaluation Analytical relevance
method
Data preparation time Time required to prepare Processing time Measures data preparation
usable data comparison efficiency
Analytical latency Time required to produce System response Evaluates analytical
analytical results testing responsiveness
Prediction accuracy Correctness of predictive Model validation Determines model
outcomes reliability
Integration effort Work required to connect data Pipeline and Assesses architectural
and applications interface review simplicity
Governance Application of common data Governance Measures trust and control
consistency controls checklist
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IV.  UNIFIED ENTERPRISE DATA FABRIC FRAMEWORK

The proposed unified enterprise data fabric is designed as a layered architecture that connects
operational data, semantic models, platform services, machine learning processes, governance
controls, and analytical applications. Its principal design objectives are interoperability,
semantic consistency, controlled data access, modularity, scalability, and service reuse across
the enterprise environment. Each architectural layer performs a defined function while
exchanging information through managed interfaces and shared governance rules. This
separation reduces technical dependency without isolating data or analytical activities. The
framework consequently establishes a coordinated foundation through which SAP and non-
SAP information can support reporting, planning, predictive analysis, and operational decision-
making.

The enterprise source layer contains SAP S/4HANA and complementary systems that provide
transactional, master, historical, and external business information. SAP S/4HANA serves as
the principal operational source for finance, procurement, manufacturing, sales, inventory, and
supply chain processes. Legacy systems contribute historical records and specialized
information that may not yet be available within the central transactional environment. Cloud
platforms and external sources provide additional datasets required for broader analytical
interpretation. The source layer preserves the ownership and operational meaning of each
information asset while preparing it for governed integration, semantic modeling, machine
learning, and analytical consumption.

The framework supports both physical data movement and virtual data access because
enterprise workloads differ in volume, frequency, latency, and processing requirements.
Physical movement transfers selected information into an analytical environment through
replication and transformation, supporting historical analysis, intensive calculations, and
controlled data preparation. Virtual access provides federated connections to distributed
sources without creating unnecessary copies of every dataset. This approach is appropriate
when current information must remain close to its operational system or when replication
would introduce avoidable cost and delay. Selection between these methods depends on
performance, governance, source availability, security, and analytical processing requirements.

The SAP Datasphere layer provides the semantic and integration foundation required to
connect distributed enterprise information. Data integration capabilities acquire and harmonize
information from SAP S/4HANA, legacy applications, cloud platforms, and approved external
sources. Semantic modeling preserves business definitions, relationships, measures, and
organizational context across analytical scenarios. Virtualization enables controlled access to
source information without requiring complete physical relocation, while cataloging assists
users in discovering and understanding available data assets. By combining technical
integration with business context, SAP Datasphere reduces inconsistencies between operational
records, machine learning inputs, and analytical outputs used for decision-making.

SAP BTP services provide the connectivity and orchestration capabilities required to coordinate
data, applications, analytical services, and operational processes. Managed integration connects
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SAP S/4HANA, SAP Datasphere, machine learning functions, and complementary enterprise
applications through controlled interfaces. Orchestration determines how information and
analytical results move between services according to defined process requirements.
Application extension capabilities allow organizations to introduce new analytical functions
without creating extensive changes within the transactional core. Service delivery also enables
dashboards, planning tools, and decision-support applications to consume governed
information and predictive outcomes through reusable connections.

The SAP ML layer transforms governed enterprise information into predictive results that can
support operational and strategic decisions. Model development begins with the preparation of
relevant features derived from semantically consistent business data. Training and validation
procedures determine whether the selected model represents historical relationships accurately
and performs reliably on controlled evaluation samples. Approved models are deployed for
scheduled or request-based scoring within defined analytical scenarios. Continuous monitoring
identifies changes in predictive accuracy, input data characteristics, and operational
performance.

Unified governance operates across every architectural layer rather than functioning as a
separate activity applied after implementation. Metadata describes the origin, structure,
meaning, and authorized use of enterprise information, while lineage records its movement and
transformation across systems. Access control ensures that users, applications, and models
receive only the information permitted by established responsibilities and policies. Data quality
procedures evaluate completeness, validity, consistency, and timeliness throughout analytical
workflows. Model accountability assigns responsibility for development, approval,
deployment, monitoring, and retirement, thereby connecting technical machine learning
management with organizational governance and decision ownership.

Analytical consumption represents the point at which governed information and predictive
results become available to business users and operational processes. Dashboards provide
current performance views, exception indicators, and comparative measures based on
consistent semantic definitions. Planning applications combine historical records, operational
conditions, and predictive findings to support budgeting, forecasting, inventory planning, and
resource allocation. Decision-support interfaces present relevant analytical outcomes within the
context of business activities performed through SAP S/4HANA and connected applications.
The architectural layers therefore operate as a continuous information pathway linking
enterprise sources, semantic integration, platform services, machine learning, governance, and
accountable business action.

The distinction between physical movement and virtual access is essential to the framework
because neither method is appropriate for every analytical requirement. Replication provides
stable processing conditions for complex transformations, historical storage, model training,
and repeated high-volume analysis. Federated access reduces duplication and provides timely
connections to information that must remain within operational systems. A combined strategy
allows architects to select the appropriate method according to data sensitivity, workload
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intensity, source capability, and response-time expectations. Through this balanced approach,
the proposed framework supports analytical performance while preserving governance,
business context, maintainability, and flexibility across the SAP enterprise landscape.

Analytical Consumption Unified
Dashboards Planning Applications Operational Reporting Decision Support Governance
Metadata
SAP ML Layer
Development Training Validation Deployment Monitoring
A Lineage
SAP BTP Services
Connectivity Orchestration Application Extension | Analytical Services
A Access Control
SAP Datasphere Layer
Data Integration |Semantic Modeling Virtualization Business Context
Data Quality

Model

Physical Data Movement Virtual Data Access
Replication and Transformation Federated Connection

Enterprise Source Layer
SAP S/4HANA Legacy Systems Cloud Platforms External Sources

Figure 3: Layered Unified Enterprise Data Fabric Framework for SAP Analytics

Accountability

V. SAP DATASPHERE AND MACHINE LEARNING CONVERGENCE

The convergence of SAP Datasphere and machine learning establishes a coordinated analytical
environment in which trusted enterprise information can support predictive and operational
decision-making. SAP Datasphere provides the integration, semantic modeling, virtualization,
and governance capabilities required to prepare distributed business data for analytical use.
Machine learning extends this foundation by identifying patterns, estimating future outcomes,
and producing recommendations from historical and current information. The convergence
reduces separation between data engineering, model development, and business analysis. It
also enables predictive services to operate with data that retains its original organizational
meaning, ownership, and operational relevance.

Harmonized business data provides the foundation for consistent machine learning because
predictive models depend on stable definitions, comparable measures, and reliable
relationships. SAP Datasphere connects information from SAP S/4HANA, legacy systems,
cloud platforms, and external sources through replicated or virtual access. Integration
procedures reconcile differences in data formats, identifiers, organizational structures, and
reporting rules before information enters a predictive workflow. Common business entities can
then be reused across multiple analytical scenarios without rebuilding their meaning for every
model. This approach reduces duplicated preparation effort and improves consistency between
operational reports, model inputs, and predictive outputs.
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SAP S/4HANA transactional information must be transformed into analytically meaningful
features before it can support machine learning. Financial postings, sales orders, material
movements, purchasing records, customer interactions, and inventory positions contain
operational detail that may not directly represent predictive relationships. Feature preparation
converts these records into measures such as demand history, payment behavior, inventory
turnover, order frequency, delivery variance, and customer activity. Time periods,
organizational units, and business hierarchies are incorporated to preserve analytical context.
Appropriate feature structures allow models to identify patterns while maintaining a clear
connection to the underlying enterprise processes.

Semantic definitions must remain consistent throughout data extraction, preparation, training,
scoring, and analytical consumption. A revenue measure used during model development
should correspond with the definition applied within financial reporting and management
dashboards. Similar consistency is required for customers, products, inventory quantities, sales
regions, accounting periods, and performance indicators. SAP Datasphere supports this
requirement through reusable semantic models that separate technical source structures from
business-oriented analytical representations. Preserving these definitions reduces interpretation
errors and allows predictive outcomes to be compared with operational measures. It also
strengthens collaboration among business specialists, data engineers, and machine learning
practitioners.

The machine learning lifecycle begins with the selection of governed training data and the
preparation of features relevant to the defined business problem. Training procedures estimate
model relationships from historical observations, while validation determines whether those
relationships remain reliable when applied to previously unseen records. Approved models are
deployed within controlled analytical environments and used to generate predictive scores for
selected business entities or events. Monitoring evaluates changes in accuracy, input
distributions, and operational performance after deployment. When deterioration is detected,
models can be reviewed, retrained, replaced, or withdrawn according to established lifecycle
and accountability procedures.

Batch processing supports scenarios in which large data volumes are evaluated at scheduled
intervals, including monthly financial prediction, periodic demand forecasting, and inventory
planning. Information can be replicated and transformed before models generate forecasts or
classifications for a defined planning cycle. Near-real-time processing is appropriate when
operational events require faster analysis, such as changes in stock availability, unusual order
activity, or emerging customer behavior. Virtual access and managed integration services can
reduce delays between transaction creation and predictive scoring. The selected processing
method depends on source capability, data volume, response requirements, model complexity,
and governance restrictions.

Predictive outcomes create greater enterprise value when they are connected with operational
decision processes rather than delivered as isolated analytical results. Forecasts, risk scores,
classifications, and recommended actions can be presented through dashboards, planning
applications, alerts, or SAP S/4HANA process interfaces. Business users may accept, modify, or
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reject an analytical recommendation according to operational knowledge and organizational
responsibility. Subsequent outcomes are captured and returned to the analytical environment as
evidence for future feature and model improvement. This feedback mechanism connects
predictive modeling with business action while supporting continuous evaluation of decision
quality and model usefulness.

Governance controls apply across the complete integration and machine learning workflow.
Data lineage identifies the sources, transformations, semantic models, and features used to
produce a predictive result. Model version records distinguish approved deployments from
experimental or retired models, while access permissions restrict sensitive information and
analytical functions to authorized users. Output validation confirms that predictive results
remain within accepted operational and statistical conditions before consumption.
Accountability records identify responsibility for data preparation, model approval,
deployment, monitoring, and business action. These controls strengthen traceability, security,
reproducibility, and confidence in enterprise machine learning.

Demand forecasting applies harmonized order, inventory, delivery, and market information to
estimate future product requirements across defined planning periods. Financial prediction
uses postings, payment behavior, cost movements, and performance measures to identify likely
outcomes and emerging risks. Inventory optimization connects demand estimates with stock
availability, replenishment conditions, and service requirements to support balanced material
decisions. Customer analysis examines transaction frequency, purchasing patterns, service
interactions, and response behavior to improve segmentation and engagement planning.
Together, these scenarios demonstrate how governed data and machine learning can support
measurable operational intelligence across SAP S/4HANA processes.

Batch Processing Path

Near-Real-Time Analytical Path

SAP S/4AHANA SAP Datasphere Semantic Feature Machine Learning Predictive Insight Operational
Source Integration Layer Lifecycle Consumption Feedback
Transactions Extraction Business Entities Training Demand Forecast Planning Update
Validation
Core Data Services  Jp Replication > Feature Engineering  Jp » Financial Prediction  Jp Exception Handling

Deployment
Master Data Virtual Access Context Preservation Inventory Optimization Process Action
Scoring

Operational Events Harmonization Data Quality Customer Analysis Outcome Capture
Monitoring

Governed Integration Controls
Data Lineage Model Versions Access Permissions Output Validation Accountability Records

Observed outcomes refine features and models

Figure 4: Adaptive Infrastructure Orchestration and Operational Intelligence Framework
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VI. ENTERPRISE IMPLEMENTATION AND GOVERNANCE STRATEGY

Adoption of a unified enterprise data fabric requires a phased implementation strategy that
balances architectural ambition with operational readiness, governance maturity, and
measurable business value. A large-scale deployment introduced without controlled stages may
increase integration risk, duplicate existing capabilities, and create uncertainty regarding
ownership and accountability. The proposed strategy progresses through landscape
assessment, domain prioritization, foundation development, controlled deployment, and
enterprise expansion. Each phase produces defined technical and organizational outcomes
before broader adoption begins. This sequence enables organizations to evaluate early results,
manage dependencies, and refine implementation decisions without disrupting critical SAP
S/4HANA operations.

The initial phase examines the existing SAP landscape, available data assets, analytical
workloads, and integration dependencies across the enterprise environment. Assessment
activities identify SAP S/4HANA modules, legacy applications, cloud platforms, data
warehouses, interfaces, semantic models, reports, and machine learning initiatives. Analytical
workloads are classified according to business importance, processing frequency, data volume,
response requirements, and operational sensitivity. Integration dependencies are documented
to reveal duplicated pipelines, unsupported interfaces, inconsistent transformations, and
restricted source availability. The resulting landscape view establishes the technical baseline
and clarifies which capabilities can be reused, replaced, consolidated, or redesigned.

Data domain prioritization determines where the unified data fabric should first deliver
measurable analytical and operational value. Candidate domains may include finance,
procurement, inventory, sales, manufacturing, or customer operations, depending on
organizational objectives and information readiness. Selection criteria consider business value,
data quality, ownership clarity, analytical demand, implementation complexity, and operational
risk. Priority domains should contain sufficiently reliable information and committed business
stakeholders capable of supporting controlled adoption. This approach prevents the
organization from attempting enterprise-wide integration before governance responsibilities,
semantic requirements, and technical dependencies have been adequately established.

The foundation phase develops reusable semantic models, integration services, governance
controls, and analytical access patterns for the selected data domains. SAP Datasphere models
represent business entities, measures, hierarchies, and relationships through consistent
definitions that can support reporting and machine learning. SAP BTP services provide
managed connectivity, orchestration, and application extensions without introducing
unnecessary modifications within SAP S/4HANA. Metadata records, lineage information,
access rules, and quality checks are incorporated during development rather than added after
deployment. Reusable components reduce repeated implementation effort and allow
subsequent analytical scenarios to build upon an established enterprise foundation.
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Controlled deployment begins with selected analytical and machine learning scenarios that can
be evaluated under defined operational conditions. Pilot implementations measure data
accessibility, semantic consistency, model performance, user acceptance, integration reliability,
and governance effectiveness before broader release. Approved solutions are introduced
gradually to additional users, business units, and analytical workloads according to
documented readiness criteria. Enterprise expansion follows only after technical performance,
ownership responsibilities, support procedures, and cost implications have been validated. This
progression reduces operational disruption while creating evidence that informs platform
scaling, service standardization, and long-term investment decisions.

A formal governance operating model defines how data, analytical services, and machine
learning models are controlled throughout the implementation lifecycle. Domain owners
determine business purpose, acceptable use, and decision accountability, while data stewards
maintain definitions, quality expectations, metadata, and issue resolution procedures. Technical
custodians manage platform configurations, connectivity, security, performance, and service
availability. Model owners remain responsible for validation, approval, deployment,
monitoring, and retirement decisions. Defined escalation and review procedures ensure that
quality failures, access concerns, model deterioration, and policy exceptions are addressed by
responsible authorities rather than remaining unresolved within technical teams.

Successful implementation depends on continuous cooperation among business teams, data
engineers, analytics specialists, machine learning practitioners, enterprise architects, and
governance representatives. Business specialists define operational meaning, analytical
requirements, and acceptable decision outcomes. Data engineers establish reliable integration
and preparation processes, while analytics specialists develop semantic models, measures, and
consumption structures. Machine learning practitioners create and evaluate predictive models
using governed enterprise information. Enterprise architects coordinate platform alignment and
reuse across domains. Shared design reviews and release decisions prevent technical solutions
from becoming disconnected from business requirements, operational constraints, or
governance responsibilities.

Security, privacy, compliance, metadata, and model risk must be managed as connected
controls across the unified data fabric. Role-based authorization restricts data and analytical
services according to approved responsibilities, while data protection procedures govern
sensitive personal, financial, and commercial information. Metadata and lineage enable users to
understand where information originated, how it was transformed, and which models
consumed it. Model risk controls address version management, validation evidence,
performance thresholds, output review, and accountable approval. Compliance monitoring
confirms that information handling and predictive use remain consistent with organizational
policies, contractual obligations, and applicable regulatory requirements.

Workforce development and organizational change determine whether technical capabilities
become sustainable enterprise practices. Training should address semantic modeling,
integration methods, data stewardship, analytical interpretation, model governance, and
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platform administration according to each professional role. Long-term governance must also
monitor scalability, service performance, maintenance effort, license consumption, storage
growth, and processing cost. Reusable services and controlled architectural standards reduce
unnecessary duplication while simplifying support and future enhancement. Periodic platform
reviews should evaluate technical debt, business value, operational risk, and changing
analytical demand, ensuring that the unified data fabric remains maintainable, cost-effective,
and aligned with enterprise priorities.

Enterprise Governance Council
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Figure 5: Governance and Phased Implementation Roadmap for Enterprise Adoption

VII. RESULTS, COMPARATIVE EVALUATION, AND DISCUSSION

The comparative evaluation examined the fragmented baseline architecture and the proposed
unified data fabric under consistent SAP S/4HANA analytical scenarios. Both architectures
processed equivalent source information, model configurations, validation samples, and
analytical requirements to maintain comparability. The baseline relied on separate extraction
pipelines, duplicated transformations, isolated predictive processes, and limited governance
visibility. The proposed framework connected SAP S/4HANA, SAP Datasphere, SAP BTP, and
SAP ML through reusable semantic and integration services. Results were evaluated across
technical performance, predictive reliability, governance effectiveness, architectural
maintainability, and operational decision responsiveness.

Quantitative findings demonstrate improvements across each measured performance
dimension. Average data preparation time decreased from 180 minutes to 105 minutes because
reusable semantic models reduced repeated transformation activities. Analytical latency
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declined from 12.4 seconds to 7.1 seconds through coordinated integration and simplified data
access. Prediction accuracy increased from 78.6 percent to 87.9 percent because harmonized
features improved model consistency. Required integration pipelines declined from 24 to 14,
while governance effectiveness increased from 61 percent to 88 percent. These results provide
the numerical foundation for the comparative interpretation.

The reduction in data preparation effort reflects the contribution of reusable semantic models,
governed access patterns, and shared transformation logic. Under the baseline architecture,
analytical teams repeatedly extracted, cleaned, and restructured similar SAP S/4HANA
information for individual reports and models. SAP Datasphere reduced this duplication by
providing harmonized business entities and reusable analytical representations. Lower
analytical latency was also associated with simplified access paths and reduced movement
between disconnected platforms. These improvements indicate that architectural coordination
influences performance before predictive algorithms are executed, particularly where multiple
scenarios depend on common enterprise information.

Improved prediction accuracy resulted from greater consistency between training data,
validation samples, and operational scoring information. The proposed framework preserved
customer, product, account, material, and organizational definitions across feature preparation
and model execution. This reduced inconsistencies that had previously altered feature meaning
between analytical environments. Integration complexity also declined because shared SAP BTP
services replaced several scenario-specific interfaces and transfer procedures. Fewer pipelines
reduced maintenance effort and limited the possibility of uncontrolled transformation
differences. The findings suggest that model reliability depends partly on semantic and
integration quality, not solely on algorithm selection.

Qualitative evaluation identified stronger semantic consistency, data accessibility, governance
visibility, and model reusability within the proposed framework. Practitioners reported that
business-oriented models improved communication between functional specialists, data
engineers, and machine learning teams. Catalog and lineage information made analytical assets
easier to locate and interpret, while standardized access controls clarified permitted data use.
Model inputs and outputs could be traced through preparation, scoring, and consumption
processes. Reusable features and deployment services also supported additional scenarios
without rebuilding the entire workflow, strengthening architectural maintainability and
reducing repeated technical effort.
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Figure 6: Comparative Performance Results of the Baseline and Proposed Data Fabric
Framework

Architectural integration improved decision responsiveness by shortening the interval between
operational activity, predictive processing, and business interpretation. Demand changes,
inventory conditions, financial patterns, and customer behavior could be evaluated through
analytical services connected with SAP S/4HANA processes. Decision-makers received
information based on consistent measures rather than manually reconciled reports from
separate platforms. Feedback from operational actions could also be captured for subsequent
model review and feature refinement. Empirical patterns therefore suggest that faster decisions
resulted from coordinated data, semantics, integration, governance, and analytical delivery
rather than processing speed alone.

Strategically, the proposed framework offers SAP-centered enterprises a structured pathway for
modernizing analytics without replacing every operational or analytical -capability
simultaneously. SAP Datasphere provides the semantic and governed data foundation, SAP
BTP supplies integration and extension services, and SAP ML supports predictive model
lifecycles. Their coordinated use can reduce duplicated investment while improving reuse
across financial, supply chain, sales, and customer scenarios. The framework also supports
phased adoption, allowing organizations to validate selected domains before broader
implementation. This approach connects enterprise transformation objectives with measurable
architectural and analytical improvements.

The academic contribution lies in treating data fabric, semantic integration, and enterprise
machine learning as interdependent research concerns. Existing approaches frequently examine
distributed data access, governance, or predictive modeling as separate technical areas. This
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study argues that predictive value is influenced by the continuity of business meaning across
source systems, semantic models, features, deployed models, and decision interfaces. The
comparative findings extend data fabric research by connecting architectural integration with
measurable analytical performance and governance outcomes. They also provide a structured
model for evaluating enterprise machine learning within operational information environments.
Implementation benefits must be considered alongside platform costs, migration effort,
workforce requirements, and technical dependencies. Organizations with poor source quality,
unclear ownership, limited governance maturity, or heavily customized SAP landscapes may
achieve smaller improvements than those observed in the controlled evaluation. Outcomes may
also differ according to data volume, network conditions, model complexity, integration design,
and practitioner experience. The selected scenarios do not represent every industry or
organizational configuration. Broader validation should therefore examine additional domains,
larger workloads, alternative model types, and longer operational periods before generalizing
the findings.

Table 2: Comparative Results of the Baseline Architecture and Proposed Unified Data Fabric

Performance Baseline Proposed Observed Enterprise
indicator architecture framework improvement implication
Data pr'eparatlon 180 minutes 105 minutes 41.7@ Faster analytlcal
time reduction preparation
Analytical latency 12.4 seconds 7.1 seconds 42'74) Improved response
reduction speed
Prediction 78.60% 87.90% 9.3 percentage- M01je reliable
accuracy point increase | predictive outcomes
. Y . 41.7% Lower maintenance
Integration effort 24 pipelines 14 pipelines reduction complexity
Governance 0 0 27 percentage- | Stronger control and
. 61% 88% C s
effectiveness point increase traceability

VIII. CONCLUSION AND FUTURE RESEARCH DIRECTIONS

This study examined how SAP Datasphere and machine learning can converge within a unified
enterprise data fabric to strengthen SAP S/4HANA analytics and intelligent decision-making.
The investigation addressed persistent enterprise challenges involving fragmented information
platforms, duplicated integration pipelines, inconsistent semantic definitions, and isolated
predictive models. A layered architectural framework was developed to connect operational
data, semantic modeling, platform services, machine learning processes, governance controls,
and analytical consumption. The resulting structure provides a coordinated foundation for
transforming distributed business information into reliable, traceable, and operationally
relevant predictive insight.
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The proposed framework positions SAP S/4HANA as the transactional foundation supplying
financial, procurement, manufacturing, sales, inventory, and customer-related information. SAP
Datasphere contributes integration, virtualization, cataloging, and semantic modeling
capabilities that preserve business meaning across analytical workflows. SAP BTP supports
connectivity, orchestration, application extensions, and controlled delivery of analytical
services. SAP ML extends these capabilities through model development, training, validation,
deployment, scoring, and monitoring. Their convergence reduces separation between
operational processing, analytical preparation, predictive modeling, and business decision
activities across the enterprise environment.

Comparative evaluation indicates that the unified data fabric can reduce data preparation effort,
analytical latency, and integration complexity while improving predictive accuracy and
governance effectiveness. These improvements arise from reusable semantic models, shared
integration services, consistent machine learning features, and stronger visibility across data
and model lifecycles. The findings demonstrate that analytical performance depends on more
than processing speed or algorithm selection. Reliable predictive outcomes also require stable
business definitions, controlled data access, traceable transformations, and effective
communication among technical specialists, functional teams, and organizational decision-
makers.

Governance represents a central contribution of the framework because enterprise machine
learning introduces responsibilities extending beyond conventional data management.
Metadata and lineage provide evidence concerning the origin, transformation, and analytical
use of information. Access controls protect sensitive data, while quality procedures maintain
consistency throughout preparation and predictive scoring. Model versioning, approval,
monitoring, and accountability mechanisms ensure that deployed analytical services remain
aligned with defined business purposes. Integrating these controls within the architecture
strengthens trust, reproducibility, security, and responsible use of predictive outcomes across
SAP-centered operational processes.

The practical significance of the framework lies in its support for phased enterprise adoption
rather than immediate large-scale transformation. Organizations can assess their existing SAP
landscape, prioritize suitable data domains, establish reusable foundations, validate controlled
scenarios, and expand according to demonstrated readiness. This approach reduces
implementation risk and allows governance practices to develop alongside technical
capabilities. Finance, inventory, demand planning, sales, and customer analysis provide
relevant starting points because they combine operational importance with measurable
analytical outcomes. Broader adoption can proceed after ownership, integration reliability,
model performance, and user acceptance have been established.

Strategically, the unified data fabric provides a foundation for converting enterprise data into
reusable analytical and predictive services without creating additional isolated platforms.
Shared semantic structures can improve consistency across reporting, planning, forecasting, and
operational decision support. Virtual access can reduce unnecessary replication, while physical
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movement remains available for intensive processing and historical analysis. The framework
therefore supports a balanced integration strategy based on workload, governance, security,
and performance requirements. Its modular structure also allows enterprises to extend
analytical capabilities while maintaining the stability and functional integrity of SAP
S/4HANA.

The academic contribution of this study arises from connecting data fabric architecture,
semantic integration, enterprise machine learning, and operational intelligence within a single
analytical framework. Previous approaches have often treated these capabilities as separate
technical concerns, limiting understanding of their combined influence on decision quality. This
study argues that semantic continuity and governance visibility are essential conditions for
reliable enterprise prediction. The proposed framework offers a structured basis for evaluating
how integration design affects data preparation, model performance, analytical responsiveness,
and organizational accountability. It can therefore support further research across enterprise
information systems and applied machine learning.

Future research should validate the framework across additional industries, organizational
sizes, SAP configurations, and analytical workloads. Longitudinal studies could examine how
semantic models, data quality, and predictive accuracy change after extended operational use.
Further investigation should compare replicated and virtual access under different data
volumes, processing frequencies, and network conditions. Researchers may also evaluate
alternative forecasting, classification, and optimization methods within governed SAP
environments. Broader empirical studies would help determine which architectural
components produce the greatest improvement and under which organizational conditions the
framework delivers limited or variable outcomes.

Additional research should examine model accountability, human oversight, privacy
protection, and the organizational consequences of predictive decision support. Attention is
also required for workforce capability development, governance maturity, operating costs,
service maintainability, and technical dependency across integrated platforms. Future
evaluations could incorporate larger datasets, additional business domains, streaming
information, and more extensive practitioner participation. The study concludes that SAP
Datasphere and machine learning convergence can strengthen SAP S/4HANA analytics when
supported by consistent semantics, reusable integration, controlled model lifecycles, and
accountable governance. These capabilities collectively provide a practical foundation for
responsive and trustworthy enterprise decision-making.

REFERENCES
1. Paleyes, A.,, Urma, R. G,, et al. (2022). Challenges in deploying machine learning: A
survey of case studies. ACM Computing Surveys, 55(6), Article 114, 1-
29.https:/ /doi.org/10.1145/3533378
2. Janssen, M., Brous, P., et al. (2020). Data governance: Organizing data for trustworthy
artificial ~ intelligence. =~ Government Information Quarterly, 37(3), Article

165



) International Journal of Business Quantitative
7 | Economics and Applied Management Research

Volume-7, Issue-9, 2023 ISSN No: 2349-5677

10.

11.

12.

13.

14.

15.

16.

17.

101493.https:/ / doi.org/10.1016/].giq.2020.101493

Hogan, A., Blomqvist, E., et al. (2021). Knowledge graphs. ACM Computing Surveys,
54(4), Article 71, 1-37 https:/ /doi.org/10.1145 /3447772

Sawadogo, P. N., &Darmont, J. (2021). On data lake architectures and metadata
management. Journal of Intelligent Information Systems, 56, 97-120.
https:/ /doi.org/10.1007 /s10844-020-00608-7

Sambasivan, N., Kapania, S., et al. (2021). Everyone wants to do the model work, not the
data work: Data cascades in high-stakes Al Proceedings of the 2021 CHI Conference on
Human Factors in Computing Systems, Article 39, 1-
15.https:/ /doi.org/10.1145/3411764.3445518

Keijzer, F. (2021). SAP S/4HANA embedded analytics: Experiences in the field. Apress.
https://doi.org/10.1007/978-1-4842-7017-2

Berti, A., Park, G., et al. (2022). An event data extraction approach from SAP ERP for
process mining. Process Mining Workshops, Lecture Notes in Business Information
Processing, 433, 255-267.https:/ /doi.org/10.1007/978-3-030-98581-3_19

Ruf, P., Madan, M., et al. (2021). Demystifying MLOps and presenting a recipe for the
selection of open-source tools. Applied Sciences, 11(19), Article 8861.
https://doi.org/10.3390/app11198861

Kolltveit, A. B., & Li, J. (2022). Operationalizing machine learning models: A systematic
literature review. Proceedings of the 1st Workshop on Software Engineering for
Responsible Al, 1-8. https:/ /doi.org/10.1145/3526073.3527584

Chen, H., Chen, ], et al. (2021). Data evaluation and enhancement for quality
improvement of machine learning. IEEE Transactions on Reliability, 70(2), 831-847.
https:/ /doi.org/10.1109/TR.2021.3070863

Niu, Y., Ying, L., et al. (2021). Organizational business intelligence and decision making
using big data analytics. Information Processing & Management, 58(6), Article
102725.https:/ / doi.org/10.1016/j.ipm.2021.102725

Li, C., Chen, Y., et al. (2022). A review of industrial big data for decision making in
intelligent manufacturing. Engineering Science and Technology, an International
Journal, 29, Article 101021.https://doi.org/10.1016/j.jestch.2021.06.001

Nambiar, A., & Mundra, D. (2022). An overview of data warehouse and data lake in
modern enterprise data management. Big Data and Cognitive Computing, 6(4), Article
132.https:/ /doi.org/10.3390/bdcc6040132

Auer, S. (2022). Semantic integration and interoperability. In B. Otto, M. ten Hompel,
and S. Wrobel (Eds), Designing Data Spaces, 195-210. Springer.
https:/ /doi.org/10.1007/978-3-030-93975-5_12

Laato, S., Birkstedt, T, et al. (2022). Al governance in the system development life cycle:
Insights on responsible machine learning engineering. Proceedings of the 1st
International Conference on Al Engineering, Software Engineering for Al, 113-
123.https:/ /doi.org/10.1145/3522664.3528598

Testi, M., Ballabio, M., et al. (2022). MLOps: A taxonomy and a methodology. IEEE
Access, 10, 63606-63618. https:/ /doi.org/10.1109/ ACCESS.2022.3181730

Awan, U., Shamim, S,, et al. (2021). Big data analytics capability and decision-making:
The role of data-driven insight on circular economy performance. Technological

166


https://doi.org/10.3390/app11198861

) International Journal of Business Quantitative
7 | Economics and Applied Management Research

Volume-7, Issue-9, 2023 ISSN No: 2349-5677

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Forecasting and Social Change, 168, Article
120766.https:/ /doi.org/10.1016/j.techfore.2021.120766

Munappy, A. R., Bosch, J., et al. (2022). Data management for production quality deep
learning models: Challenges and solutions. Journal of Systems and Software, 191, Article
111359.https:/ /doi.org/10.1016/j.jss.2022.111359

Schroder, 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

Chai, C., Wang, J., et al. (2023). Data management for machine learning: A survey. IEEE
Transactions on  Knowledge and Data  Engineering,  35(5),  4646-
4667 .https:/ /doi.org/10.1109/ TKDE.2022.3148237

Serban, A., van der Blom, K., et al. (2020). Adoption and effects of software engineering
best practices in machine learning. Proceedings of the 14th ACM/IEEE International
Symposium on Empirical Software Engineering and Measurement, Article 3, 1-
12.https:/ /doi.org/10.1145/3382494.3410681

Nahar, N., Zhou, S., et al. (2022). Collaboration challenges in building ML-enabled
systems: Communication, documentation, engineering, and process. Proceedings of the
44th International Conference on Software Engineering, 413-425.
https:/ /doi.org/10.1145/3510003.3510209

Giray, G. (2021). A software engineering perspective on engineering machine learning
systems: State of the art and challenges. Journal of Systems and Software, 180, Article
111031. https://doi.org/10.1016/].jss.2021.111031

Northcutt, C. G, Jiang, L., et al. (2021). Confident learning: Estimating uncertainty in
dataset labels. Journal of Artificial Intelligence Research, 70, 1373-
1411.https:/ /doi.org/10.1613 /jair.1.12125

Shankar, S., & Parameswaran, A. G. (2022). Towards observability for production
machine learning pipelines. Proceedings of the VLDB Endowment, 15(13), 4015-4022.
https:/ /doi.org/10.14778 /3565838.3565853

Recupito, G., Pecorelli, F., et al. (2022). A multivocal literature review of MLOps tools
and features. 2022 48th Euromicro Conference on Software Engineering and Advanced
Applications, 84-91. https:/ /doi.org/10.1109/SEA A56994.2022.00021

Leipzig, J., Nust, D., et al. (2021). The role of metadata in reproducible computational
research. Patterns, 2(9), Article 100322.https:/ /doi.org/10.1016/j.patter.2021.100322
Wieder, P., & Nolte, H. (2022). Toward data lakes as central building blocks for data
management and  analysis. Frontiers in  Big  Data, 5, Article
945720.https:/ /doi.org/10.3389/ fdata.2022.945720

Gebru, T., Morgenstern, J., et al. (2021). Datasheets for datasets. Communications of the
ACM, 64(12), 86-92.https:/ /doi.org/10.1145/3458723

Bonawitz, K., Kairouz, P., et al. (2022). Federated learning and privacy: Building privacy-
preserving systems for machine learning and data science on decentralized data.
Communications of the ACM, 65(4), 90-97 .https:/ /doi.org/10.1145/3500240

167



