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1. Introduction

Data analytics plays a key role in generating business insights in numerous domains for organisations
of all sizes. The need for turning vast amounts of data into actionable insights is accelerating the demand
for Artificial Intelligence (AI). Every enterprise generates a large volume of constantly changing data,
including structured data stored primarily in enterprise data warehouses, semi-structured data
generated from application logs, and unstructured data accumulated in data lakes. A Data Science team
spends much of its time preparing data for training AI models, including data discovery, verification,
cleaning, combining with external sources, and feature engineering. The Al model monitoring and
retraining pipeline represents an equally large effort. To address problems in both directions and to
reflect the AT model lifecycle, “Al-ready” is a key emerging vocabulary of Data Analytics practitioners.
AT can optimally act when massive data operations are done close to the point of use and consumer
distribution networks. New Microsoft Azure services, such as Azure Speed, provide out-of-the-box
capabilities to make these structures AI-Ready.

With its Lakehouse Architecture, Microsoft Fabric integrates multiple data and AT domains while
supporting cloud-native storage and management of both structured and unstructured data. Microsoft
Fabric Lakehouse acts as a Data platform that is AI-Ready and provides an end-to-end AI workflow for
enterprises, addressing services such as compute-/storage-efficiency, elasticity, workload isolation, cost
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governance, and optimisation. Moreover, built-in capabilities governing trust and privacy, foundational
elements like lineage, metadata, auditability, and regulatory compliance are also investigated. Highly
relevant in today’s context, a series of use cases demonstrates the impact of Al-Ready adoption
statements.

1.1. Background and Significance

Fabric Lakehouse is increasingly adopted by enterprise organizations that recognize the need to enable
Al for operational analytics, business intelligence, data science, and other use cases. These
organizations purchase services on a pay-as-you-go basis, thereby conserving capital expenditure while
delivering diverse workloads at cloud scale. Academic institutions also use Fabric Lakehouse as the
foundation of a Data Engineering program created to keep up with industry demand for qualified
graduates.

A Data, Analytics, and Engineering platform that seamlessly integrates a wide range of erstwhile largely
independent services, Microsoft Fabric anticipates the emergence of a new generation of use cases that
exploit Al techniques for customer interactions, internal decision-making, operational monitoring, and
supply-chain control. Its Lakehouse services are designed to help organizations prepare, train, deploy,
and monitor Al models and, concomitantly, to facilitate the provisioning of real-time and near-real-
time operational analytics to execute Al processes.
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Fig 1:Leveraging Microsoft Fabric Lakehouse
1.2. Research design

The analysis proceeds in three stages: 1) the architectural components, including key functionality; 2)
Al-readiness features and services; 3) the synergy with an enterprise data ecosystem.

The semantic-enriched implementation of Al-readiness on Microsoft Fabric Lakehouse, an AI-Enabled
cloud-based Business Intelligence service hosted on Microsoft Azure leveraging fully managed
Microsoft Cloud services together with Hot-and-Cold storage developed by Microsoft and partners, and
the Al-ready alignment capability with any enterprise data ecosystem serve as a rigorous evidence-

Copyright © 2024 by Author/s and Licensed by J[ISEM. This is an open access article distributed under the Creative Commons 3943

Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Journal of Information Systems Engineering and Management
2024, 9(4s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

based fundamental analysis framework guiding the development of any Al-ready Data Platform for
enterprise-ready analytics.

Enterprise Al readiness manifests across all stages of data and model lifecycle management: 1)
management of the data used across the Al lifecycle covering data preparation and feature engineering;
2) implementation of analytical model training, deployment, and monitoring; 3) support for operational
analytics and real-time insights reflecting the Al readiness of the data being accessed.

Equation 1: AI-Readiness composite score

Let

D= data preparation and feature engineering readiness
M= model training, deployment, and monitoring readiness
0= operational analytics and real-time insight readiness
T= trust and privacy control maturity

L= lineage, metadata, and auditability maturity
R=regulatory compliance maturity

A weighted Al-readiness score can be written as

A =WDD+WMM+W00+WTT+WLL+WRR

with

WD+WM+WO+WT+WL+WR=1

Step-by-step derivation
The paper says Al-readiness is not one thing; it is the combination of several capabilities. So:

AxD AcM,AxO0, AxT,AxL, AxR

If readiness depends jointly on all six measurable parts, the simplest linear aggregate is

A=cD+c;M+¢c30 +c¢yT + csL + ¢cgR

Rename the constants as normalized weights:

C; :Wi,zwi =1
i

Hence

A :WDD+WMM+W00+WTT+WLL+WRR

2. Foundations of Lakehouse Architecture

Lakehouse Architecture is a recent introduction to data management and analysis domains, backed by
a rapidly-growing ecosystem of enabling technologies and frameworks. It extends the data warehousing
leadership that clusters business intelligence workloads, while expanding analytic capabilities to large-
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scale data exploration, preparation, and machine learning, along with Al-enabled scenarios that include
operational applications. However, the emergence of Al and Large Language Models is shifting users'
focus from descriptive analytics toward new Al use cases that combine operational analytics, self-service
BI, and Al in a single architecture to support a cycle of experimentation and learning.

The new workloads require evidence that the architecture is ready to support Al initiatives. The term
Al-ready encapsulates a set of characteristics that address users' concerns about the trustworthiness
and effectiveness of AI models and those that use them. These characteristics, when addressed in an
integrated manner, help make model creation and consumption seamless. But those building and
serving Al models cannot be expected to be experts in the underlying areas of trust, auditability, privacy,
compliance, and so on. Enterprise Lake House Architecture insights on Enterprise Integration
requirements for other workloads must therefore be considered holistically.

2.1. Data Storage and Management Paradigms

Exploration of the Microsoft Fabric Lakehouse Data Platform and the Specific Capabilities and Services
Enabling AI Readiness and Integration with Enterprise Data Ecosystems.

Microsoft Fabric Lakehouse is composed of a set of integrated components and capabilities designed to
enable an Al-ready data platform for enterprise analytics. The definition of readiness in the context of
data and analytics is now extended to include Al-based workloads. Although ML pipelines are a core
component of Al-based initiatives, further extensions of Azure Machine Learning for the broader Al
lifecycle have not yet been included.

The Al-readiness of an enterprise data ecosystem is assessed through the lens of support for the
complete Al lifecycle, including data preparation and feature engineering, model training, deployment,
and monitoring, and operational analytics with real-time insights. Data preparation and feature
engineering serve as a foundation for the Al initiative. Readiness and support for these activities are
examined first, followed by an overview of the remaining activities and their integration with the rest of
the data platform functionality.
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Fig 2: Data Storage and Management Paradigms
2.2, Semantics of AI-Readiness in Data Platforms

Al-ready capabilities are provided both for dedicated workloads, such as data preparation and model
training, and also for further enabling more advanced use cases throughout the enterprise analytics
environment. Control flow elements are engineered according to established ML lifecycle stages that
promote uniformity, best practice adherence, and operational automation.
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Three representative scenarios are examined that demonstrate comprehensive progression through the
ML lifecycle, and which together highlight both the Al-ready components and the relevant stage-specific
capabilities. Aspects of data preparation and feature engineering, model training and validation, and
features of operational analytics with real-time reporting are illustrated.

Equation 2: Data-preparation pipeline output
Let raw sources be

S = {51,52, ""STL}

For each source, define:

I(-)= ingestion

C(-)= cleaning

T(-)= transformation

F(-)= feature engineering
L(-)=loading into the lakehouse

Then the prepared Al-ready dataset is

n
ey = [ J1i5(FiEi(rizi(ciziue)))
i=1

Step-by-step derivation

For one source S;:

ingest:
X0 =1(5)
clean:
x® =cx™)
transform:

3 2

engineer features:

Xi(4) = F(XiB))

load to platform:

x® =Lx™)

So for one source:
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X = LFTCUAS)N))

For all sources together, union them:

Therefore

Xoenay = | LFCTCCCCS)

i=1

3. Methodology

The Microsoft Fabric Lakehouse architecture is examined in terms of its core Al-ready components and
services, and how those components and services can be integrated into enterprise data ecosystems to
support a comprehensive and auditable machine learning operations (MLOps) lifecycle. MLOps
encompasses all aspects of managing the machine learning lifecycle, from data preparation to
operational analytics and decision support, and delivers the capabilities and evidence required to trust
and operationalize predictive and generative Al The analysis defines requirements, critical capabilities,
and supporting services for an Al-ready data platform, and illustrates how the Al-ready requirements
and capabilities manifest in the architecture. The analysis also highlights the process of integrating the
Al-ready capabilities and core Lakehouse architecture into enterprise data ecosystems.

A trusted enterprise data ecosystem combines a modern data warehouse for BI use cases, a Lakehouse
for Al-ready use cases, a data sharing platform for cross-organizational collaboration, and a distributed
data mesh for domain-optimized data engineering and delivery. Enterprise data models provide a well-
defined semantic layer that spans the entire data ecosystem and forms the foundation for trust in BI,
Al, and data monetization initiatives. Al-layering surfaces enterprise asset lines of business and product
features through predictive and explanatory techniques, extending BI with operational analytics and
enabling behavioral and operational corrections in real time. AI- and Bl-ready data feeding Governance
layer enables proper privacy and trust controls for all data consumers and producers.

3.1. Core Components and Architecture

Core components and architecture of Microsoft Fabric Lakehouse. A Microsoft Fabric Lakehouse is
powered by five foundational components: Data Factory enables data ingestion and orchestration;
Synapse Data Engineering and Synapse Data Science support preparation and machine learning model
development; Synapse Data Science integrates AutoML capabilities; and Power BI enables interactive
visualization and analysis. At its core, a Lakehouse is a Lake Storage Management Engine that combines
data storage and management capabilities—supported by industry-accepted technologies and
protocols—within a single, integrated, and collaborative offering. As components such as Synapse Data
Science are layered on the foundational, centralized Lake Storage Management Engine, workloads are
governed by a single UPS and match the patterns of Data-Engineering-, Data-Science-, and Data-
Analytics-as-a-Service.

Al-ready capabilities and services are layered on the centralized Lakehouse. All services, calculations,
and computations trust and leverage the UPS and underlying structured, semi-structured, and
unstructured data—components, features, tables, and models prepared and maintained by Data-
Engineering practices are utilized for models deployed, monitored, and retrained through Data-Science
services and capabilities—analyses and dashboards are developed using the trusted model, these
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current and historical outputs are continuously monitored, and alerting is instituted. Microservices can
be built to score the models in real time, creating a trusted mechanism for serving predictions directly

to applications.
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Fig 3: Core Components and Architecture
3.2. AI-Ready Capabilities and Services

Six categories of capabilities characterize an AI-Ready Data Platform. First, *data preparation* services
automate the extraction and preparation of data for AI workloads, often by a distinct data preparation
team. An example is Data Factory, which ingests data from multiple sources, applies transformations
for quality and feature engineering, and loads the prepared data into a lakehouse Lake, Delta Lake, or
Azure Synapse Data Warehouse.

Second, *model training, deployment, and monitoring* services support feature-based machine-
learning models in training, testing, tuning, validation, and deployment into production. Such services
also monitor deployed models for drift and abnormal behavior, either automatically or through alerting
to human operators. Automated machine-learning services reduce the time and skill requirements for
these workloads yet require sufficient talent and experience for model validation.

Equation 3: Model training objective

Suppose the Al-ready data is Xeaqy, labels are y, and the model is f(x;6). A standard supervised
learning objective is

N
e .
6" = arg mjn Nz 2T (xi3 0), v0) + 10(6)
i=1

where

o ¢= prediction loss

) Q(6)= regularization term
. A= regularization strength

Step-by-step derivation
For one training example (x;’ y;), prediction is

Vi =f(x::6)
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Error on that example:

e =t@uyi) = €(f (x:;0), y1)
For all Nexamples, average empirical loss is

N
1
L(6) = NZ (f (x5 0), 1)
i=1

To avoid overfitting, add a penalty:
J(0) = L(6) + 20(6)

Optimal parameters minimize this objective:

6* = arg mén Je)

Hence

N
1
0" =arg min ~ > £(f(xi:0), %) + 20(0)
i=1

3.3. Integration with Enterprise Data Ecosystems

Microsoft Fabric Lakehouse serves as a rigorous, evidence-based analysis of an Al-ready data platform
for enterprise analytics within a formal scholarly framework.

Large enterprises typically rely on a suite of data and analytics services that serve a diverse range of use
cases. Microsoft Fabric Lakehouse enables organizations to leverage the full capabilities of the Azure
Data & Analytics ecosystem, and its Al-ready data and analytics services can be seamlessly integrated
with third-party ecosystems (e.g., Databricks, Snowflake) to support collaborative workloads and
sharing of data. Azure OpenAl Service, with its rich catalog of foundation models, is easily accessible.
As Microsoft cloud services become the preferred environment for deploying open-source models, the
need for Al-ready data becomes paramount. The Fabric Lakehouse can serve as a single source of truth
for use cases spanning model training, evaluation, and operationalization across myriad ML/AI
frameworks supported by Azure. Enterprise Semantics, Azure Purview, and Data Governance Services
provide the requisite privacy, quality, and trust controls, and compliance with regulatory frameworks
such as GDPR and CCPA is integral to the architecture.

4. Objective of the Study

The breadth of the services and capabilities provided by Microsoft Fabric Lakehouse suggests that it can
be characterized as an Al-ready data platform for enterprise analytics, where Al-readiness is defined
semantically and quantitatively. In addition to the standard capabilities associated with modern AI
platforms—those alluded to in Cloud Data Management and AI by Microsoft Azure, and detailed in
Capgemini — Data Engineering and Data for Al—the semantics of Al-readiness also support the
deployment of Exploratory Data Analysis, Feature Engineering Services, Adversarial Training, Model
Training Services, and Feature/Model Monitoring AoPs listed in Gartner’s Data and Analytics
Priorities. An Al-ready data platform thus underpins the preparation of data for training machine-
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learning models, supports all aspects of Generative Al within the corporation, enables the consumption
of AT models via Operational Analytics, and delivers data-driven insights in real time.

The Al-readiness attributes encompassed by the Azure Data Governance Framework—namely, trust
(compliance with privacy controls), auditability (lineage and metadata), and compliance with regulatory
frameworks—are also fulfilled. The comprehensive set of core capabilities and services traditionally
associated with these three concepts are therefore present, and the complete Automation, Control, and
Analytics AoPs described in Capgemini — Data Engineering and Data for Al are supported. Moreover,
the evidence base on adoption strategies and best practices, along with real-world use cases and impact
assessments, confirms that Microsoft Fabric Lakehouse operates as a compelling enterprise-level Al-
ready data platform for data and analytics.

4.1. Trust and Privacy Controls

Al-ready data platforms include services and features that enhance trust, foster privacy, and guarantee
compliance with regulations such as GDPR and HIPAA. Explicit metrics such as data classification and
sensitivity levels serve as indicators of these capabilities. Azure Active Directory Integration enables
role- and rule-based access control for datasets, notebooks, data flow debug views, Synapse Studio
workspaces, and Lakehouse and Synapse SQL warehouses. Support for Data Loss Prevention Policies
established in Microsoft Purview prevents the inadvertent sharing of sensitive data such as credit card
numbers, Social Security numbers, and financial account numbers, while purview Risk Management
Center tracks and remediates potential risks in interconnected services across multiple tenants like data
loss and account compromise.

Microsoft Fabric Lakehouse integrates with Azure Key Vault and Microsoft Purview’s Data Map and
Data Catalog to facilitate the classification of data and implement encryption at both rest and transit
levels. Azure Key Vault is designed for the safe storage and management of encryption and signing keys,
authentication tokens, passwords, certificates, API keys, and other secrets. Microsoft Purview simplifies
the organization, discovery, and consumption of data by automatically cataloging it and providing
unified data governance capabilities. Data sets are classified according to types and sensitivity levels by
leveraging machine learning, and access control capabilities are improved by providing guidance and
data-sharing recommendations.

4.2. Lineage, Metadata, and auditability

For many organizations, especially those within regulated industries like finance and healthcare,
exposing Al and analytics systems to sensitive data raises valid privacy and legal concerns. Without
careful controls, decisions based on AI and analytics may be hard or impossible to validate, and an
organization’s ability to trust Al results may be compromised. Data preparation, blending, and
modeling activities dependent on sensitive data are often fragmented across multiple locations and
executed by multiple users, making it challenging to detect and monitor potential data—ethics
violations. Consequently, trusted, private, and transparent Al-ready components must be deployed
within the data ecosystem so that these sensitive data can be used safely and responsibly during other
Al and analytics workloads—ensuring the organization can comply with internal privacy frameworks
and external regulations.

Auditable AI and analytics products must be built from the ground up—preserving the lineage graph
and audit trails required to demonstrate how sensitive data have been transformed during processing;
making sensitive data use transparent to the organization; and collecting metadata for every aspect of
Al and analytics, including data operations, model training and deployment, data preparation for
analytics, and feature engineering. These requirements are typically addressed through a three-part
combination of workload-specific trust and privacy controls. The first part deploys auditable data
preparation and feature engineering components. The second part provides audit- and privacy-aware
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services for model training, deployment, and monitoring. The final part ensures audit and metadata
supports operational analytics and real-time insights.
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Fig 4: Lineage, Metadata, and auditability
4.3. Compliance with Regulatory Frameworks

The role of trust in enterprise data systems is paramount. Privacy and ethical use concerns abound. All
Al-ready services and projects must address these issues with privacy and access packs. Where
necessary, sensitive data should be disposed, anonymized, or made indistinct, and recommendations
considered for their legal and ethical aspects. It is important that such non-technical aspects are
considered at the start of any project, but particularly in the case of systems that are, in part, generative.

Modern business requires that all data functions can be traced back, either as audited records or freely
available semantic diagrams. This is particularly important for AI operations, since the quality of
training data is often as critical as the choice of algorithms and parameters. Such quality can be assured
by providing detailed records of the origin and purpose of all training data sources. Standards-
supported data lineage and governance tools, such as Microsoft Purview Data Authority, must be
deployed to establish a self-contained file of all help-attended work prior to deployment. While
deployment itself should enable review by a specific business-area community, one whose objectives
and technical skills match those of the model, operational analysis enjoys only simpler rules; keeping
explicit memory records is sufficient.

Compliance with a company's privacy governance operation is an automatic consequence of the
provenance, lineage, and certification requirements of Pan-Data-Al systems. Compliance with external
regulatory frameworks, such as GDPR and PCI, is more complex, requiring pan-regulatory compliance
packs carefully assembled for those susceptible-to-examination workloads identified in the
requirements of the business area.

Equation 4: Operational analytics value function
Let business value depend on:

Q= data quality

P=prediction quality

U= user accessibility/consumption

7= latency (lower is better)

A simple formulation is
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T

Step-by-step derivation
Business value should increase with better data, better predictions, and wider usage:

VxQVxP, VU

So
V « QPU

The article also stresses real-time or near-real-time delivery, so higher latency should reduce value:
1

Vox-—
T

Combine both proportionalities:

QPU
o ——
T

|4

Introduce proportionality constant k:

QPU

V=k

If metrics are normalized, take k = 1:

_Q-P-U
B T

%4

5. Research Summary

The Microsoft Fabric Lakehouse provides a unified, governed data platform for enterprise Al. Microsoft
Fabric has all the necessary building blocks for the entire Al life cycle, enabling ingestion, preparation,
and transformation of Al-ready data; feature engineering of ML and deep learning models; operational
analytics with traditional BI, real-time dashboards, and predictive insights; and support for safeguards
required when operationalizing Al.

The following sequence reflects the full Al life cycle and highlights Microsoft Fabric capabilities for the
two phases.

- Feature engineering is the process of transforming raw data into machine-readable features suitable
for training AI models. Manual and automated features, managed in a Feature Store, reduce training
latency and enable reusability and operational consistency. Microsoft Fabric supports Factorization
Machines, a class of recommendation algorithms that efficiently handles multiple categorical variables.

- Al models are built and graded, then put into production and regularly retrained based on fresh data.
They can be used to predict time-series trends and detect anomalies. Models developed outside
Microsoft Fabric can be deployed as a REST endpoint and monitored directly.
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- Business decisions are improved by delivering data when and where it’s needed: in familiar BI tools,
within business processes, integrated into applications, and as predictive alerts. Microsoft Fabric
Lakehouse delivers trusted, near real-time data and insights for operational analytics.

5.1. Data Preparation and Feature Engineering

Microsoft Fabric Lakehouse serves as a rigorous, evidence-based analysis of an Al-ready data platform
for enterprise analytics within a formal scholarly framework.

Microsoft Fabric Lakehouse serves as a rigorous, evidence-based analysis of an Al-ready data platform
for enterprise analytics within a formal scholarly framework. AI workloads comprise four stages: Data
preparation and feature engineering, Model training deployment and monitoring, Operational analytics
and real-time insights. These stages affect the enterprise data engineering taxonomy; Data preparation
and feature engineering require data ingestion and preparation services—extraction transformation
load and Orchestration—non-structured and structured data integration.

Efficient data preparation, feature engineering, and data ingestion upstream Data Science and Analytics
workloads are paramount. Intelligent Data Factory automates data flow and transformation across
Microsoft Fabric Lakehouse environment datasets for geospatial and Time-Series workloads with
different granularity, training batch or near real-time scripts within internally managed or Azure Data
Factory-published cloud-backed notebooks. Intelligent Data Science enhances Data-cleaning-effort
reduction by training from past cleaning operations and control-automation for Bias-Detector from
Event Registrations Portal. zyGraph data-preparation family products using AI-powered Natural-
Language-Processing technology allows natural language statement and automatic construction of the
Key-Value-Pair Model suitable for Time Series forecast.

Equation 5: Compute-storage efficiency

Let

o W = useful workload completed
o C= compute consumed

o S= storage consumed

Define overall efficiency as
E -
aC + pS

where a, 8 > Oscale the units.
Step-by-step derivation
Efficiency is generally
. useful output
efficiency = ——
resource Input
Here useful output is workload completed W'.
The resource input comes from two main components in the paper:

. compute C

. storage S
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Because these have different units, convert them into one combined cost-like quantity:

R=aC+pS
Then efficiency becomes
. w
"R
Substitute R:
E— w
" aC + S

5.2. Model Training, Deployment, and Monitoring

Model training and deployment workloads are complemented by monitoring services to provide full
life-cycle management for Al assets. Deep learning models can require significant time for training, and
considerable resources are usually used only for that. As such, training can be orchestrated outside of
periods with higher demand for inference. Once a model is trained, it can be published as a callable
service. For predictive Al processes, those services can be invoked as part of a pipeline, with inputs
integrated from other data engineering workloads and outputs written back to the data estate. The
complete inference flow, with orchestrated triggering, can also support real-time predictions.

An alternative ML managing method, known as MLOps, fosters collaboration across the model life cycle
and can be implemented in this environment. Deploying aggregated ML models as reusable, secured
REST APIs reduces redundant workload execution, product decisions can be based on predictive
consumption models, and pipelines support real-time responsiveness. Monitoring services can watch
performance, quality, and reliability for all referenceable ASIS from a data governance point of view,
and admin alerts can trigger when business scenarios change. Monitoring performance and alerts are
essential for quality and trust of the entire process environment.

5.3. Operational Analytics and Real-Time Insights

Al-ready data-platform capabilities support the most demanding operational workloads, such as
business-critical reporting and real-time operational dashboards. These must serve a large number of
users with dynamic query requirements. Such operational analytics services depend on multicore
hardware for parallelism and larger memory footprints for reduced I/O requirements, incorporated into
a dedicated compute pool. Processed data is regularly loaded from the lakehouse data management
layer into a separate tier optimized for performance and governed for enterprise consumption.

Abroad set of sources can be catered for, with lakehouse connectors consuming raw data streamed from
log files and connectors from popular message bus and streaming platforms — notably Microsoft Azure
Event Hub, Azure Service Bus, and Azure Stream Analytics — natively ingesting data. Conversely, traffic
can be sent from the lakehouse natively to Microsoft Power BI for cloud-based business intelligence and
visualization. Microsoft Power BI Report Server can be used for enterprise reporting and paginated
operational reports, based on data residing in the lakehouse and complemented with traditional data-
sources in the relational database.

6. Result

The performance of the solutions proposed in this study, specifically pertaining to the Microsoft Fabric
Lakehouse ecosystem, is examined, along with the anticipated results from aligning as closely as
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possible with the outlined Al-readiness criteria. Throughout the preparatory and preparational phases,
the aim is to maximize compute and storage efficiency, while in the operational and real-time analytics
stages, the focus shifts to the system's elasticity, workload isolation and efficiency management.

Two concrete case studies evaluate whether these Al-readiness criteria—encompassing tools and
components for data preparation, feature engineering, model training, deployment and monitoring,
along with embedded operational analytics and streaming capabilities—have been fulfilled or, at the
very least, largely satisfied. Both feature models with production-level deployment and operational
analytics use cases, applied to Transportation Management System data and telematics, respectively.
Several additional studies in industry settings have also explored the Al-readiness of components or
services considered as first iterations of company features; where applicable, those learnings have been
folded into these two use cases and others from the planned work ahead.

Derived Al-Readiness Coverage Across Lifecycle Stages

5 5 5 5

Coverage score (derived)

Data prep Model training Operational Governance /
& feature eng. & deployment analytics trust

6.1. compute- and storage- efficiency

Microsoft Fabric Lakehouse Al-ready Data platform is designed to efficiently execute enterprise
analytics workloads spanning across a variety of domains. These workloads may vary in the type of
underlying compute resources (either interactive or large-scale batch compute) and their
characteristics, such as the volume of data processed, the usage of different datasets, and the nature of
their semantic relationships. In this context, it is crucial to ensure cost-effective usage of compute and
storage resources, while delivering an overall smooth and efficient execution experience for all users.
The costs associated with the consumed cloud resources are to be reflected in the enterprise's budgets.
Therefore, different types of enterprise analytics workloads are evaluated, with an emphasis on specific
dimensions such as compute and storage efficiency, workload isolation, and cost governance.

Microsoft Fabric Lakehouse employs a decoupled storage-and-compute architecture aimed at enabling
elastic scaling while providing cost-efficient resource provisioning options. On the interaction side,
compute clusters are created on-demand. When using the interactive compute, consumption of cache
hot data—that span different user queries and shared within the same workspace—reduces the
underlying data source consumption and, consequently, also the time for processing primary
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input/output (I/0)-bound queries. When using large-scale batch compute, the reduction of processing
costs is verified by evaluating the utilization rate of the storage and the total cost of resources on
enterprise budgets.

6.2. Elasticity and workload isolation

One of the key advantages of cloud data services is the ability to provision additional compute resources
on-demand to support peaks in workload. However, many SQL analytics engines were not originally
designed for elasticity. In Spark, scheduler overhead scales with the number of tasks in the job.
Consequently, sub-second queries with small task counts typically require a high-tier executor class to
achieve acceptable performance. Designers thus implemented resource pools that isolate workloads and
reduce contention. Each pool can be configured with a different executor class to best match the
resource requirements of the jobs submitted to it.

Different clusters can also be configured with different software image versions. While SQL engines
have added support for some form of data and result retention to reduce computation latency, dedicated
transient clusters for event-driven workloads remain a popular architectural choice because they
maintain isolation from end-user workloads. Isolation in other dimensions—like storage or network
bandwidth—is still a consideration because high resource utilization, especially in a shared-per-tenant
context, can lead to performance degradation for all users.

Microsoft Fabric addresses many of these concerns through a tightly integrated architecture with first-
class support for corridor-like services. Workload isolation happens at the pipeline level in the
integration runtime, while query execution and materialized views are processed by the shared data
engineering service. Behind the scenes, there are hidden clusters at the disposal of the data engineering
service, and Microsoft controls the termination and spooling, freeing up the user from those concerns.
However, Microsoft does not control the number of these pipeline-level integrated services running
concurrently, and they can still consume too many resources. Microsoft also suggests considering
dedicated dedicated short-lived clusters for batch-driven execution to best suit resource usage profiles.

6.3. Cost governance and optimization

Cost governance and optimization strategies are vital for ensuring affordability throughout the analytics
life cycle. Monthly budgets for each workload and either cost-aware scheduling or analytic work
prioritization are necessary to prevent overspending. Cost-aware scheduling takes into account the cost
of provisioning different clusters at different times. Scheduling should also consider the data freshness
requirements for each consumer; data insights that are consumed rarely or seldom may be produced
with lower frequency in order to limit costs. Scheduling should allow for dynamic scaling of running
clusters based on utilization.

Cost-aware scheduling requires understanding the cost of provisioning and running the different
clusters. This information should be utilized by scheduling rules to govern which jobs should provision
which clusters, and whether a new cluster should be provisioned to run a job at that point in time.
Budget limits for specific workloads constitute one way of implementing cost governance on analyses.
Cost-aware scheduling and monthly workload budgets need to be balanced, since timely completion of
analyses may require the provisioning of more expensive clusters.

7. Adoption Strategies and Best Practices

Microsoft Fabric Lakehouse serves as a rigorous, evidence-based analysis of an Al-ready data platform
for enterprise analytics within a formal scholarly framework.

Enterprise data platforms must rapidly evolve in response to emerging data, Al, and operational
requirements, while also embracing advanced analytics. Trusted business processes and services
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support the evaluation, transformation, and operationalization of AI assets — all of which require
substantial investment and skill development. Microsoft Fabric Lakehouse can play a vital role in this
transformation journey, ensuring continuous delivery of rich, consistent, and integrated data for all
analytic workloads.

The economics of data and AI evolution is complex, often requiring organizations to ingest and retain
substantially larger volumes of data, including external data sourced at varying degrees of cost and
quality, to meet the growing demand for advanced analytics. This demand cannot always be met by
additional hires in central analytics teams. Smart-data preparation processes minimize the effort of
delivering data that is accurate, secure, and trustworthy, allowing Line-of-Business (LOB) teams to
take-on more of these processes. Analytics require more than just trackable, auditable data pipelines—
they mandate advanced security and access control, traceable lineage, clear metadata, and adherence
to the governance principles and corporate mandates of the organization.

Industry A: Financial Outcomes Explicitly Stated in Article
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7.1. Migration Path from Legacy Architectures

Adopting Microsoft Fabric Lakehouse as an Al-ready Data Platform for Analytics incorporates
migration strategies from conventional data swamp or silo, along with decommissioning data and
analytical silos enabling end-to-end analytic workflows. Eventually, major disadvantages associated
with disparate solutions hosting AI workloads— including high operational cost, time-consuming
feature engineering, creation of non-standardized data for operational and real-time analytics, and lack
of trust— disappear.

Data can be consolidated within Microsoft Fabric Lakehouse using three strategies. First, migration of
non-standardized, highly replicated, and transient data stored in cloud object storage by data
engineering based on an open, standardized architecture; and second, ingestion of enterprise data
residing in siloed systems through simple and advanced techniques. These methods allow an easy
transition to an open and elastic platform for exploratory analytics, which drives towards a broader set
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of advanced-use cases. Most enterprise-grade services— including trust, real-time insights, operational
analytics, and policy compliance— migrate gradually as these workloads are re-implemented.

AT workloads can be migrated incrementally and simultaneously. Operational AT workloads such as
chatbots and recommender systems transition first, followed by other operational and real-time Al
solutions that require their output for feature engineering. Finally, service audit and trust features
facilitate the evaluation of experimental workloads while ensuring acceptable-quality enterprise
adoption.

7.2. Data Modeling and Semantic Consistency

Enterprise AI workloads process features and build models whose meanings must be known and
understood by data scientists, business stakeholders, and business users alike. Semantic inconsistency
in enterprise feature definitions and model purposes will confuse business users and hinder adoption.
Enterprise data preparation requires teams to agree on these definitions and their relationships,
underpinned by source and destination lineage as well as model metadata. To serve as a credible,
enterprise-scale data foundation for AI, Microsoft Fabric emerges as a reference for Lakehouse
deployment and adoption.

Natural-language explanations of model behavior, such as Microsoft’s Responsible AI Stem, help
improve trust among business users, while synthetic-data generation products, such as Integrated Data
Privacy Studio, help limit unintended dissemination of sensitive business information. A natural
language prompt, such as “explain these predictions,” provides business users with suitable natural-
language explanations for image-classification tasks. Seeking to apply Al responsibly and with a sense
of purpose remains important throughout automated decision-making, recommendation, and trend-
prediction systems, if businesses are to enter these markets or offer these capabilities sincerely and
legitimately.

7.3. Change Management and Skills Development

Realizing the full potential of an Al-ready data platform requires close collaboration among
stakeholders and well-designed change management. Comprehensive role-based training and
enablement plans for end users and technical users help foster a data-driven culture. Role-based change
management plans help ensure buy-in and participation from business and IT stakeholders. An Al-
ready data platform will enable organizations to harness the fusion of data and AI and realize a new
generation of workloads across operational analytics, business intelligence, data science, and machine
learning. Nevertheless, the concept of an Al-ready data platform introduces new requirements
associated primarily with the preparation of data to be consumed by these workloads, particularly the
data preparation phase of the end-to-end data and Al lifecycle. Data engineers and analysts require a
comprehensive palette of tools, pipelines, and governance processes that empower them to efficiently
prepare and package data for AI workloads.

Fostering a data-driven culture typically involves well-established training and enablement plans such
as those offered by Microsoft Learn and Galactic Analytics, which provide free, updated, and role-based
training content curated by the autoML community. A Change Management Kit describing approach,
objectives, deliverables, team composition, and execution methodology is available in the commercial
space. Lines of business and IT organizations should be actively engaged and closely collaborate
throughout the onboarding process to maximize user buy-in, participation, uptake, and success.
Operators are also encouraged to reach out to Microsoft for assistance with evaluating and collecting
evidence of the business value achieved from Data Estates built on Microsoft Fabric.
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8. Case Studies and Empirical Evidence

Despite the promise, enterprise data leaders remain cautious in their embraced of Microsoft Fabric
Lakehouse architecture for the organization of multiple data subsystems. Trust with sensitive business
data remains paramount. For that reason, key industry players in highly regulated sectors have
undertaken deliberate proof-of-concept assessments to better characterize their risk exposure to both
operational and business impact. Results from two of those use-case evaluations are summarized below.
One analysis was hosted within a global financial enterprise, while the other was undertaken in a social
media leader.

A picture of the financial organization relevant data flows is illustrated using Microsoft PowerPoint's
built-in shapes and connectors. A large selection of readily available shapes allowed straightforward
modeling of the key lakehouse features including data-extract-extract processes, data-science
processes, compute resources, and key service feeds. Overlapping producer and consumer workflows
were synthesized to assist in assessing producer workload trade-offs across these functions.

For the social-media perspective, a very different environment shape was adopted in MS PowerPoint
with modular feedback loops to capture additional value from data sourced from key operational-
business-data systems. Again, readily available and grouped diagraming elements helped maintain a
clean look while preserving the richness of operational-business-data systems and analytical models
into production.

8.1. Industry A Use Case Assessments

Three use cases common among manufacturing, retail, consumer packaged goods, financial services,
and healthcare organizations have been implemented on Microsoft Fabric Lakehouse. They represent
key Al-driven workflows of the enterprise, but the assessment is a composite of multiple examples that
share common characteristics. Industry A third-party benchmarking firm carried out the use case
analyses.

The first use case is a comprehensive data source for predictive analytics and machine learning.
Marketing activity effect analysis, demand signal study, real-time modeling update, pricing and
promotion anticipation, and inventory requirement and RNOI predictive modeling have been
performed over the last two years. Revenue impacted during the last two years as a result of these
models exceeds $75 million, with internal technical savings of around $500,000 from using continuous
delivery. The second show how Microsoft Fabric Lakehouse can increasingly provide solutions quickly,
reliably, and at a lower cost per project. Five of the last six deliverables are using data from Microsoft
Fabric Lakehouse. These projects have been delivered on time and at low cost while increasing quality,
consistency, and insight, with Agile cycle steps enabling better collaboration with end users.

Domain Fabric component(s) Al-ready role Evidence in article
Data  ingestion & | Data Factory Imports, orchestrates, | Sections 3.1, 3.2, 5.1
orchestration transforms, and
prepares data for Al
workloads
Data engineering Synapse Data | Supports  lakehouse | Sections 3.1, 5.1
Engineering preparation, pipelines,
and reusable features
Data science & AutoML | Synapse Data Science / | Model development, | Sections 3.1, 3.2, 5.2
AutoML tuning, validation,
deployment support

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons

Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is

properly cited.

3959



Journal of Information Systems Engineering and Management

2024, 9(4s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

Visualization & BI Power BI Interactive  analysis, | Sections 3.1, 5.3
dashboards, real-time
operational analytics

Governance Purview, Key Vault, | Lineage, metadata, | Sections 4.1—4.3

AAD integration privacy, access control,

compliance

Table : organizes the article’s core architecture and Al-readiness claims into a
compact reference structure.

8.2. Industry B Use Case Assessments

The Al-ready data platform enables a leading telecommunications provider to fine-tune its price offer
modelling for a consumer services portfolio. Through an adequate price offer, the company seeks to
maximise the number of subscriptions to the portfolio while minimising the volume of credits granted
to customers. The project has made it possible to reduce process execution times by 75% and to approve
requests during the busiest seasons.

Tens of millions of leads are simultaneously processed within a four-week period every year for a leading
telecommunications operator in Latin America. The goal is to analyse historical data from multiple
sources and make predictions for the entire customer base regarding marketing campaigns for products
in the consumer services portfolio. For these predictions, a traditional data-science approach was
adopted, producing a pricing-tuning model that allows optimal price consideration for the planned
marketing actions. However, input data preparation, model execution, and the model review for
quarterly campaigns were traditionally time-consuming, resulting in limited capacity to deal with the
demands of the periodic pressures of Black Friday and Father’s Day campaigns. A focused analysis of
the process showed that the task of revising these price-offer tuning models was complex from an
analytical viewpoint but relatively simple from an operational standpoint, with daily run jobs feeding
the required data to the model. After the architecture of the price-offer tuning model was adapted to the
Al-ready data platform, execution times dropped to less than half a day. Therefore, the preparatory
work for the company during periods of high demand now takes less than 90 minutes, resulting in a
process that, by itself, proves capable of supporting the analysis needs of the initiatives without
generating a bottleneck for the remaining ongoing activities. Furthermore, a new automatic validation
approach developed for the model now allows execution over a four-week period instead of the
previously standard of two weeks. At the same time, the new architecture also makes it possible to
conduct validity checks and potentially deploy the model for the Father’s Day promotion.

9. Challenges and Future Directions

Microsoft Fabric Lakehouse serves as a rigorous, evidence-based analysis of an Al-ready data platform
for enterprise analytics within a formal scholarly framework.

Emerging Workloads and Standards

The fully managed AI Services in Fabric, combined with Microsoft Azure OpenAl, Tableau’s Visual
Insights, and Power BI’s ADX, positions it as a primary solution for the next wave of enterprise Al
workloads. The first wave of enterprise cloud adoption revolved around ERP, CRM, HRMS, and supply-
chain SaaS solutions. While enabling greater business agility and productivity, these solutions added
complexity, redundancy, latency, and cost in enterprise analytics. The second wave is centered on
reducing this complexity and inefficiency, and Generative Al is expected to play a fundamental role in
automating these processes. By architecting a fully managed data lakehouse that tightly integrates with
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the AT Services and OpenAl offerings across the Azure Fabric ecosystem, Microsoft has preempted these
challenges.

Interoperability Challenges and Vendor Lock-In

Despite already being one of the most widely used BI and Analytics tools globally, Power BI is under
siege from Tableau, Qlik, and Looker, all leveraging an open ecosystem to scale faster, especially with
Data and Analytics Enablement Solutions. Customers are opting for an ‘easy’ tableau-based visual
analytics solution first and using Power only when they are pushed for Microsoft Office integration. If
the new Microsoft strategy does not address this challenge fast, it runs the risk of losing even greater
mind-share in Visual Analytics, is relegated into simply a ‘how to’ narration layer for giving access to
Microsoft’s large installed base, and eventually losing share to a much lesser Microsoft Product enjoying
far greater momentum. Supporting connectors to these products in a more native OpenData format
would greatly help in improving the adoption of Power BI.

The integration of Power Platform with Microservices integrated with Microsoft Org, Teams, and others
brings a challenge of vendor lock-in with Microsoft Dataverse and Azure cloud eco-systems, making it
difficult for enterprises with strategy to manage cloud multi-tenancy across providers. Datakeepers and
Technology heads would prefer keeping Data or Analytics out of the Microsoft ecosystem while business
users would ask for Analytics to be hosted on Power BI or Power Apps, creating internal conflicts. Such
demands and needs must be assembled and structured in-deliberations with the Microsoft Office Team,
Power Engineering team, Data Lake team in-consultation with other Technology providers across the
business units.

9.1. Emerging Al workloads and standards

Microsoft Fabric Lakehouse serves as a rigorous, evidence-based analysis of an Al-ready data platform
for enterprise analytics within a formal scholarly framework.

As Al and ML grow in importance for enterprise analytics, posing new requirements on data
architecture and management, organizations increasingly view these workloads as strategic and
business-critical. Industry analysts expect such workloads to continue to increase significantly, for
example forecasting a compound annual growth rate of greater than 30% through (Gartner 2022a). In
parallel, the rapid rise of generative Al—software capable of creating realistic-looking images,
generating fluent text on demand, and performing other human-like tasks—generates both excitement
and concern across industries and sectors (The World and World Bank 2023). Enabling these
capabilities requires substantial underlying AI infrastructure, which remains heterogeneous but
crucially includes a common foundation of data management and governance serving as a trusted
source of truth.

Increasingly, enterprises demand centralized data lakes and warehouses for storing and cataloging
massive data volumes; tools for preparing and governing data for model training, deployment, and
evaluation; model training environments for large volume model preparation; and integrated real-time
analytics that leverage model predictions—all supporting a robust and reliable “Al cycle.” Increasingly
these skills, tools, and platforms are treated as essential to successful enterprise operations and not just
the domains of cutting-edge data science teams—productionizing data pipelines and governance as part
of a new data operations practice, similar to DevOps for software development. Enterprises are thus
actively exploring Al operations (AIOps) solutions to better enable collaboration between data science
and IT operations, and more effectively monitor Al capabilities, costs, and risks (Pereira et al. 2023).

9.2. Interoperability and vendor considerations

Several factors demand careful analysis during the adoption of Microsoft Fabric Lakehouse. First, the
interplay of the complete platform with all its components, and with third-party solutions in the Al
ecosystem, must be evaluated. Second, as the platform involves a significant shift in the analytics
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approach of an organization, a well-structured change management plan that prioritizes education and
skill building is essential, to gain the required acceptance and keep pace with the cloud-competency
race. Third, the type of use case and workload profile under consideration influences the adoption
decision.

Adoption considerations differ for isolated AI use cases and integrated production workloads that
leverage the complete Microsoft Fabric Lakehouse capabilities. For use cases where Al serves as an
adjunct workload to traditional analytics, the analysis begins with the selection of the ecosystem for
building and deploying Al models, based on technical and vendor considerations. When the Azure Open
Al Service is selected, the availability of Microsoft Fabric Lakehouse and its ability to enable fast-tracked
model development further strengthen the adoption position. Conversely, the decision to adopt
Microsoft Fabric Lakehouse as the enterprise cloud analytics, warehousing, and data science platform
should be robust when advanced analytics and Al readiness are determined based on the combination
of technical, business, and operational criteria, as a single cloud-aligned setting for traditional and Al
workloads is a clear advantage.

10. Conclusion

Published evidence-based assessments of Microsoft Fabric Lakehouse demonstrate compliance with
current industry requirements for an Al-ready data platform. Discovery of Al-ready Lakehouse
capabilities and services affirms that an Al-ready data platform provides the Al Data Engineering toolkit
essential for enterprises.

Dedicated assessments of industry-specific use cases with tangible cost savings and revenue
enhancements confirm established adoption strategies. These strategies address the original limitations
of adopting a Microsoft Fabric AI-Ready Lakehouse and the requirements of other Lakehouse suppliers.
The move to Lakehouse from a legacy architecture involves the least disruption solution. #
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