* ¥

* T %
:—Q ;-; International Journal of Al, Big Data, Computational and Management Studies
* oy ko Noble Scholar Research Group | Volume 2, Issue 1, PP.132-151, 2021
ISSN: 3050-9416 | https://doi.org/10.63282/3050-9416.1JAIBDCMS-V211P114

From Legacy Data to Intelligent Enterprises:
Transforming Data Architecture for the Al-Driven
Future

Sudha Donepudi
Independent Researcher, USA.

Abstract: Enterprise competitiveness increasingly depends on the ability of organizations to transform heterogeneous legacy
data estates into scalable, intelligent analytical platforms. Traditional enterprise data architectures, where operational systems
are tied to a centralized data warehouse via scheduled extract-transform-load (ETL) pipelines, have well-established drawbacks
such as data silos, inflexible schemas, batch data integration, limited horizontal scalability, and limited machine learning
capabilities. This paper investigates the transformation of enterprise data architecture from legacy warehouse-centric designs
toward Al-driven intelligent enterprise platforms, using 2020 as the historical evidence cutoff. A reproducible, literature-based
methodology is employed, comprising the systematic collection of peer-reviewed literature, benchmark publications, and
official technical documents published before 2021, followed by the extraction of quantitative and qualitative evidence and the
preparation of structured evidence tables. Distributed in-memory processing and cloud data object storage significantly
enhance processing throughput and elasticity compared with legacy relational, enterprise data warehouse, Hadoop-based, data
lake, cloud-based, and Al-enabled architectures, and lakehouse-style managed metadata layers bring lake flexibility together
with warehouse reliability. The paper presents (i) a unified overview of the architectural evolution from legacy databases to
Al-based platforms, (ii) a comparative evidence-based coverage of the various aspects of processing, storage, integration,
governance, and Al readiness, and (iii) a seven-layer reference architecture of the intelligent enterprise based on the use of Al.
The findings provide enterprise architects with evidence-based guidance for planning legacy modernization and highlight
unresolved challenges related to governance, migration, and data quality.

Keywords: Atrtificial Intelligence, Big Data Analytics, Cloud Computing, Data Governance, Data Lake, Data Warehouse,
Enterprise Data Architecture, Intelligent Enterprise, Machine Learning.

1. Introduction
1.1. Background and Motivation

Enterprise data management has been central to information systems engineering since the relational data model
established structured schemas, declarative querying, and transactional integrity as the foundation of operational computing
[1]. Organizations built up extensive collections of transactional systems, and benefited from them only once the data was
integrated for analysis. This encouraged the data warehouse movement, which was formally defined by Inmon as a subject-
oriented, integrated, time-variant, and non-volatile collection of data for supporting decision making [2] along with other
developments such as dimensional modeling [3] and analytical OLAP [4]. By 2020, however, the amount, speed and diversity
of enterprise data had grown beyond the predictions of the late 1980s and machine learning had evolved to a first-class
enterprise workload that traditional infrastructure was not built to handle [22, 24].

1.2. Evolution of Enterprise Data Management

Enterprise data management has grown in an evolutionary path that has involved the progressive separation of storage and
schema and compute and storage. Relational systems adopted schema-on-write for transactional consistency, whereas data
warehouses added the analytical layer on top of the relational system, but kept the traditional scale-up designs. MapReduce
demonstrated petabyte-scale processing on commodity clusters [5] with the replicated block storage of Hadoop Distributed File
System [6]. In-memory, fault-tolerant computation was restored with large reported improvements for iterative workloads with
Resilient Distributed Datasets (RDDs) [7] while Spark SQL brought back declarative relational interfaces over distributed data
[8]. Event streams that are durable and real-time, provided by publish-subscribe logs like Kafka [12], schema-on-read
flexibility for ingesting data, provided by data lakes [14, 15] and elastic, metered infrastructure, provided by cloud computing
[25, 21] all came in.

1.3. Challenges of Legacy Enterprise Infrastructure

Legacy infrastructure concentrates value-creating data flows through a few tightly coupled components: operational
systems feed scheduled ETL jobs that stage, transform, and load data into a warehouse from which departmental data marts
serve business intelligence (BI) tools. This design produces characteristic pathologies. Data silos emerge as departments
maintain localized copies with divergent semantics. Integration dependencies increase operational risk during ETL windows,
limiting analytical freshness to the batch-processing cycle. Scalability is limited because warehouse capacity is provisioned
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vertically. Rigid schema-on-write designs make it difficult to ingest semi-structured and unstructured sources [22, 23] and
governance is split across the operational, staging, and analytical tiers [20].

1.4. Need for Al-Driven Data Architecture

Machine learning exacerbates these challenges because it requires access to large volumes of data and supports iterative
experimentation. Legacy warehouses cannot provide high volume access to raw, historical and streaming data required for
feature engineering, cannot enable distributed and GPU-powered computation for model training, and cannot enable low-
latency scoring for deployed models at runtime [17, 19]. An intelligent enterprise architecture should incorporate consolidated
batch and streaming ingestion, elastic storage and processing, systematic data governance, and native integration with machine
learning capabilities [18], [21]. Lakehouse-style platforms imposing managed, transactional table layers over low-cost object
storage [16] provide a concrete 2020 substrate for this design target.

1.5. Research Problem

The research problem is: How to evolve legacy, warehouse-centric data architectures to integrated, scalable, Al-ready
ones, and what are the differences in capabilities of candidate paradigms according to the evidence published before 2021? The
problem can be broken down into three parts: (i) characterizing the structural limitation of legacy architecture, (ii) deriving
comparative evidence of processing, storage, integration, and governance and Al readiness across the classes of architecture,
and (iii) formulating a reference architecture that addresses the limitation under technological constraints of 2020.

1.6. Research Objectives

The main research goals are: (O1) trace the evolution of enterprise data architecture from legacy databases to Al-driven
intelligent platforms, and identify the drivers of each transition; (O2) consolidate from published literature prior to 2021
verifiable evidence on the comparative performance, scalability, integration and governance characteristics of the six enterprise
data architecture classes; (O3) derive a structured set of architectural limitations from the legacy design; (O4) propose a seven-
layer enterprise data architecture class based on Al and intelligent platforms, to address the identified architectural limitations;
and (O5) identify implementation challenges and open research directions that are relevant to enterprise modernization
programs.

1.7. Research Contributions

The article includes the following consolidated evidence-based account of enterprise data architecture evolution under a
documented cutoff date in 2020 (Section IlI), structured comparative evidence tables (Section Il and VII), structured
comparison of the performance of the various enterprise data architectures (Section 1V), a structured examination of storage
and processing modes (Section V), and evaluation metrics and a reproducible methodology (Section VI).

1.8. Organization of the Paper

The remainder of the paper is organized as follows. Section Il summarizes the data architecture's evolution and introduces
Fig. 1. The research gap is provided by reviewing related work in Section Ill. In Section 1V, the traditional legacy enterprise
data architecture is discussed and its drawbacks are outlined, see Fig. 2. Section V proposes an intelligent enterprise data
architecture based on Al, as shown in Fig. 3. Section VI describes the research methodology. The results and analysis are
presented in section VII, in the form of comparative tables and evidence-based figures. Section VIII discusses the findings,
Section 1X examines implementation challenges and future directions, and Section X concludes.

2. Background and Evolution of Enterprise Data Architecture
2.1. Traditional Database Management Systems

Relational DBMS, which stored enterprise data in normalized tables and supported declarative schemas, provided ACID
semantics for transactions [1] and were extremely good at online transaction processing (OLTP). However, their row-oriented
structures are optimized for individual record access rather than large-scale analytical scans involving millions of records. As
the number of analytical queries increased, decision-support queries clashed with transactional workloads and sparked the
invention of physically separated analytical repositories [4].

2.2. Enterprise Data Warehousing

The enterprise data warehouse (EDW) became the go-to analytical consolidation platform. The warehouse is characterized
by subject orientation, integration, time variance and non-volatility [2] and receives operational data from the various
departments and stores it in dimensional models, usually star schemas [3] for OLAP and reporting [4] use with departmental
data marts handling subsets of data that are curated. Warehousing standardized enterprise reporting, but its schema-on-write
discipline and centralized provisioning tied analytical agility to upfront modeling and capacity planning.

2.3. ETL and Data Integration Architectures

In legacy enterprises, data integration is implemented with extract-transform-load pipelines. Extraction fetches data from
diverse operational sources, transformation cleanses, conforms, and applies business rules, and loading fills staging areas, the
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warehouse, and data marts. Analytical data passes through the ETL layer, where integration jobs are typically executed during
scheduled nightly or weekly processing windows. The resulting fragility is well known: Source schema changes break
downstream jobs, processing windows get longer when more data is added, and integration logic gets duplicated in pipelines,
which increases maintenance and error surface [2], [22].

2.4. Big Data and Distributed Computing

The big data era re-designed analytical processing at the commodity clusters. MapReduce offered fault-tolerant parallel
computation on distributed data [5]; the Hadoop Distributed File System provided scalable replicated storage [6] and the
ecosystem was extended with semi-structured data (Hive, HBase). Resilient Distributed Datasets made in-memory, lineage-
based fault tolerance practical, enabling iterative machine learning and interactive analytics an order of magnitude faster than
disk-based MapReduce in reported studies [7], and Spark SQL layered the Catalyst optimizing relational engine over these
primitives [8], establishing the distributed substrate used by subsequent architectures [9].

2.5. Data Lake Architectures

In contrast to traditional data warehousing, data lakes allow data to be ingested in its native format, with schemas applied
at query or processing time, addressing the challenges of semi-structured and unstructured data sources that wouldn't fit into
pre-modeling. Data lake governance challenges have been documented, particularly the risk of creating data swamps when
managed metadata and governance mechanisms are absent [14]. and as the capabilities of systematic surveys enabling
discovery, cleaning and integration of lake data, which sets the engineering quality of the lake apart from raw storage [15]. As
a result, metadata, discovery and governance are now first class architectural elements [14, 15, 26].

2.6. Modern Lakehouse Architectures

In the 2020 evidence horizon, a new set of concepts related to lakehouse emerged that integrated lake economics with
warehouse reliability. One representative implementation is Delta Lake, which introduced an ACID transactional table layer,
schema enforcement/evolution, and time travel on cloud object stores, while providing warehouse-grade reliability and
allowing access to Spark, Presto and other engines [16]. By 2020, it was reported that Delta Lake had been deployed in
thousands of organizations for processing data at the exabyte scale every day [16]. The lakehouse, in the context of the
evolution in Fig. 1, represents the third panel, a consolidated data lake foundation, a transaction layer, and direct support for
BI, streaming analytics, data science and machine learning on a single copy of data. This trend, illustrated in Fig. 1, then, is the
result of a simple design principle: minimize layers and expand workload support, starting from the late 1980s when pipelines
were used in warehouses, moving through the 2011 architecture where data-lakes appeared, and finally to lakehouse platforms

by 2020.
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Figure 1: Evolution of Enterprise Data Architecture from Legacy Database Systems to Al-Driven Intelligent
Enterprises

2.7. Cloud-Native Enterprise Data Platforms

Platform economics were revolutionized by cloud computing which separated the storage from the compute and provided
elastic, metered resources [25]. Object storage offers nearly limitless durable storage for low cost; Processing clusters are
provisioned per job; and Managed services bundle ETL, cataloging and machine learning [21], [22]. By 2020, major cloud
providers offered managed services supporting data warehouse, Data Lake, and lakehouse patterns, adding the element of
vendor dependency, cost management and data sovereignty.

2.8. Al-Driven Intelligent Enterprise Architecture

The final stage integrates artificial intelligence into the platform itself. Distributed machine learning frameworks - Spark
MLlIib [18] and TensorFlow [19] demonstrated that large-scale training belongs on the same distributed substrate as data
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processing [17]. An Al driven architecture features unified batch and streaming ingestion, lakehouse style unified storage,
systematic metadata and lineage management, embedded model development and deployment, and analytical surfaces
providing predictive as well as descriptive insight.

3. Related Work and Literature Review
3.1. Research on Legacy Data Modernization

Research on legacy modernization comes together around a diagnosis that integration cost and rigidity are the limitations
of legacy estates, not storage. The research on enterprise information integration has been reported in the literature as a
challenge to match different operational sources [22] while the warehouse literature has documented the loss of analytical
freshness due to schema-on-write discipline and window-based ETL [2], [4]. This encourages patterns to minimize the number
of hops in the integration between the source data and analytical consumption.

3.2. Enterprise Data Warehouse Research

The analytical standard became dimensional modeling [3] and OLAP query processing [4] in the warehouse research. The
enterprise data warehouse serves as the baseline for comparison with distributed alternatives, offering mature SQL capabilities
and established governance mechanisms, but limited horizontal scalability and native machine learning support within the
reviewed literature (Table I (a)).

3.3. Data Lake and Lakehouse Research

Data lake research begins with the recognition that schema-on-read ingestion creates a metadata and governance problem
rather than removing one. Data lake management, involving the discovery, integration and governance of the uncurated data
lakes, is the main research challenge [14] says Nargesian et al. Quix et al. synthesize the functions and systems that
operationalize lakes [15]. Delta Lake is a representative of the lakehouse line of work that shows how ACID tables on top of
cloud object stores can offer warehouse-style reliability and lake economics [16].

3.4. Cloud-Native Data Engineering

Cloud-native data engineering research evaluates how elastic infrastructure changes analytical system design. Big data
cloud service models and processing models are surveyed, which describe the cloud service models and processing
frameworks that cloud providers expose [21]; and broader analyses of big data in clouds highlight possible complementary
opportunities and migration questions [25]. The view is that elasticity and managed services save time and effort in the
operations, thereby allowing engineering to concentrate on cost governance and discipline of data.

3.5. Al-Enabled Enterprise Analytics

Al-powered analytics is the subject of research on distributed machine learning platforms, with Landset et al. running tests
on distributed machine learning platforms including MLIib, Mahout and Sparkling Water [17] and Meng et al. showing how
MLIib integrates with the Spark distributed runtime [18]; Abadi et al. reporting on how TensorFlow has been designed for
large-scale, heterogeneous training [19] and Gulshan et al. demonstrating how to deploy production-grade Al systems using the
Google Cloud platform [20]. Distributed Storage, Elastic Compute, and close Data-Pipeline integration are all supported by Al
workloads.

3.6. Data Governance and Metadata Management

The framework for decision-making area comes from governance research. These five decision domains - principles,
quality, access, policy, and investments [26] are demonstrated in the metadata catalogs, which are part of technical
prerequisites for usable lakes [14], [15] and are operationalized in modern stacks by IAM and KMS controls (Fig. 3).

3.7. Limitations of Existing Research

Three limitations of the pre-2021 corpus are relevant. First, benchmarks are conducted on frameworks in environments
with multiple configurations (cluster size, dataset, and version); results should be interpreted with caution when cross-study
comparisons are made [9, 10]. Second, there is an often qualitative capability measurement report in architecture research, and
enterprise deployments are not always reported in sufficient detail to be reproduced. Third, research into lakehouse was just
starting in 2020: Delta Lake [16] is a systems paper, and longitudinal, independent assessments of lakehouse deployments
within the evidence window are limited in number.

3.8. Identified Research Gap

The corpus consists of separate articles dedicated to the topics of warehouse engineering, big-data frameworks, big-data
lakes, cloud platforms, and machine learning systems, but does not include a single, evidence-based synthesis that (i) compares
these paradigms within a single framework across a fixed historical cutoff and (ii) maps the synthesis into a reference
architecture for Al-driven modernization. Addressing this gap is the objective of Sections V-VII; Table | (a) summarizes the
reviewed publications.
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Table 1: Comparative Literature Review of Core Publications

Ref. | Author(s) | Year Research Architecture | Methodology | Key Findings | Limitations | Relevance
Objective | / Technology
[5] Dean & 2008 Parallel MapReduce System Simplified Batch-only; | Foundation
Ghemawat processing on design + scalable high latency; of
of very large | commodity empirical processing; disk 1/0 distributed
datasets clusters evaluation fault tolerance bound processing
via re-execution (Layer 3)
[6] Shvachko | 2010 Scalable HDFS System Replicated Batch- Storage
etal. replicated design + block storage oriented; no | substrate
storage operational scaling to random of big data
experience thousands of writes stage
nodes
[7] Zahariaet | 2012 | In-memory | RDDs (Spark | Benchmark | Up to 20x faster | Early-stage Core
al. fault-tolerant precursor) experiments than Hadoop system; processing
computation MR on iterative | limited SQL | -speedup
jobs; 10 GB-1 support evidence
TB scaling data (Fig. 4-5)
[8] Armbrust 2015 Relational Spark SQL / System Declarative Interoperabil | Declarativ
etal. engine over Catalyst design + SQL at ity then e interface
Spark benchmarks distributed limited for unified
scale; processing
optimization via
Catalyst
[9] Inoubliet | 2018 | Compare big Hadoop, Experimental | Spark > MR on Small test Framewor
al. data Spark, Storm, | survey on test batch; Flink cluster; k
frameworks | Flink, Spark cluster strong on specific compariso
Streaming streaming workloads n evidence
latency/through (Table I11)
put
[10] Shi etal. 2015 | MapReduce | Hadoop MR, Benchmark Spark 10-100x Varied Speedup
vs Spark Spark study reported configuratio | corroborati
analytics (VLDB) speedup for in- Nns across on (Fig. 4)
memory runs
workloads
[12] | Kulkarniet | 2015 | Production Twitter Industrial Better Single- Streaming
al. stream Heron vs system paper | throughput/laten vendor ingestion
processing Storm cy/manageabilit | environment layer
y than Storm at evidence
Twitter scale (Table V)
[14] | Nargesian | 2019 Data lake Data lakes Position/surv Without No Governanc
etal. management ey (VLDB) managed benchmark e layer
challenges metadata lakes | measuremen | motivation
become ts
swamps;
governance is
central
[15] | Quix & Hai | 2019 | Survey lake Data lake Systematic Catalogs Fast-moving Lake
functions technologies survey ingestion tool capability
and systems discovery and landscape | framework
processing
distinguish
engineering-
grade lakes
[16] Armbrust | 2020 | ACID tables Delta Lake System Warehouse- Vendor- Direct
etal. over object lakehouse design + grade reliability | published; substrate
storage deployment | on lake storage; engine- of Layer 4
report exabyte-scale specific lakehouse

deployments
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[17] | Landsetet | 2015 Compare MLIib, Benchmark MLIib Algorithm Al layer
al. ML tools on Mahout, experiments outperforms coverage evidence
big data Sparkling Mahout on then partial | (Table VI)
Water training
time/scalability
[18] | Mengetal. | 2016 | Distributed | Spark MLIlib | System paper Distributed Runtime Al
ML engine (JMLR) training tuning integration
integrated with | complexity pattern
data pipeline
engine
[19] | Abadietal. | 2016 | Large-scale | TensorFlow | System paper Scalable Operational | Al training
heterogeneo (OsDI) parameter- complexity substrate
us training server training evidence
across
heterogeneous
devices
[20] | Gulshanet | 2016 Production | Deep learning Clinical High-accuracy Domain- Al
al. deep + cloud validation production specific deploymen
learning platform study deployment on validation t pattern
deployment cloud-scale (Layer 6-7)
pipelines
[21] Buyya & 2018 Big data Cloud data | Edited survey | Cloud elasticity Vendor Cloud-
Ramamoha computing platforms volume and managed heterogeneit native
narao in clouds services reshape y substrate
data (Layer 4)
engineering
[22] Kaisler et 2013 Big data Enterprise IS | Survey/positi | Documentssilo | Qualitative Legacy
al. enterprise + big data on integration and emphasis limitation
challenges scalability diagnosis
challenges of (Section
legacy estates V)
[26] Khatri & 2017 Data Governance Conceptual Five decision Organizatio | Governanc
Brown governance | decision areas | framework | areas: principles nal not e layer
design (CACM) quality access technical design
policy (Layer 5)
investments

4. Traditional Legacy Enterprise Data Architecture and Its Limitations
4.1. Overview of Legacy Enterprise Architecture

The traditional legacy enterprise data architecture, shown in Fig. 2, is a five-tier pipeline: legacy data storage is populated
by enterprise operational systems, legacy batch integration places data in the staging area before loading it into the warehouse,
and OLAP processing powers reporting and business intelligence. It's most notable characteristic is that every analytical
consumer waits on each upstream tier.

As Fig. 2 illustrates, all source systems (ERP, CRM, relational databases, NoSQL databases, 10T devices, web feeds,
social feeds and flat files) converge in an ETL staging area, and the storage layer brings together a metadata manager, the
central warehouse and departmental data marts, and the presentation layer is available in the form of SQL and API interfaces
for Bl and reporting tools, business applications and operational feeds. The architecture is functionally complete for descriptive
analytics, but each of its structural properties - highlighted in the figure - becomes a limitation for Al-driven workloads, as
analyzed next.

4.2. Data Storage and Processing Components

Legacy storage is a mix of relational data for transactions, operational data store for near real-time snhapshots, and the

warehouse for history. Columnar formats significantly improve storage efficiency for analytics (full-table scans and column
projections) which are the most common types of operations in analytics, versus row oriented layouts where record-level
access is optimized [8] [16]. Source of the problem: Schema enforcement at load time each new data type needs to be modeled

first.
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Figure 2: Traditional Legacy Enterprise Data Architecture and Its Major Integration and Processing Limitations

4.3. Traditional ETL Integration Workflows

Source consolidation of all integration logic in scheduled jobs: For every new source, a new set of EXTRACTION code,
transformation rules and load windows are added, while for every schema change downstream, a cascade of maintenance
occurs. Logic is replicated in pipelines and the staging area becomes a slowdown and governance issue one of the pathologies
of integrating as a silo and as a batch, as illustrated in Fig. 2 [2], [22].

4.4. Data Warehouse Dependencies

The enterprise analytical throughput was limited by the capacity and availability of the central warehouse, as all
consumers rely on it. Scaling is vertical - larger servers, higher cost, hard ceilings - and query concurrency degrades as user
populations grow, with mixed workloads interfering [4].

4.5. Data Silos and Interoperability Challenges

Departmental marts and shadow databases proliferate because central provisioning lags demand. Every silo contains its
own transformations, semantics and access rules, requiring manual mapping to perform cross-functional analysis and the
interoperability cost is superlinearly with the number of silos [22].

4.6. Performance and Scalability Limitations

The legacy pattern negatively affects performance in three ways; first, ingestion latency is constrained by batch windows,
second, query throughput is constrained by the size of the warehouse, and third, elasticity is effectively zero because compute
scales up with the size of the warehouse. The order of magnitude improvements that are possible once parallelism is added are
evident in the literature; for example, in-memory RDD processing on Spark reported 20x speedup over Hadoop MapReduce
[7] and the framework comparisons in Section VII [9, 10] confirm this.

4.7. Data Governance and Security Challenges

There is a multi-layered governance structure with operational and staging tiers, with lineage embedded in ETL code,
metadata is located in repository-specific catalogs and access control is implemented on a per-system basis instead of a per-
dataset basis. Lack of consistency in administration of the five governance decision areas and lack of auditability [26].

4.8. Limitations for Al-Driven Enterprise Applications

Finally, the legacy pattern is not efficient for machine learning: Extract data from the warehouse for training; Compute
features without distributed runtime support [17, 18]; Deploy without a serving substrate that integrates with data pipelines [19,
20]. The capability classes storage flexibility, processing, scalability, governance and Al readiness are used to measure the
evaluation dimensions of Section VII.

5. Proposed Al-Driven Intelligent Enterprise Data Architecture
5.1. Architectural Design Objectives

The proposed architecture aims to achieve five goals, addressing five classes of limitations as described in Section 1V:
(D1) unified batch and streaming ingestion, (D2) decoupled, elastic storage and compute, (D3) lakehouse-style unified storage
with transactional guarantees, (D4) systematic governance with managed metadata, lineage, and access control, and (D5)
native AI/ML integration.

5.2. Proposed Modernization Framework

The modernization framework is a 7-layer reference architecture (Fig. 3) that breaks the dependency of the legacy pipeline
and shifts to a layered platform that embeds governance and security as a cross-cutting capability, rather than an add-on per
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tier. The layers also represent the migration sequence sources and ingestion, processing and storage, governance, and, finally,
Al and consumption.
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Figure 3: Proposed Al-Driven Intelligent Enterprise Data Architecture Integrating Unified Storage, Data Governance,

Avrtificial Intelligence, and Enterprise Analytics

Fig. 3 illustrates the proposed stack. Layer 1 Enterprise Data Sources comprises OLTP systems, ERP and CRM, line-of-
business and SaaS applications, data vendors, file shares, portals, mobile and web channels, 10T devices, and social platforms.
All third-party ETL tools, streaming interfaces, and batch uploads (D1) are supported by Layer 2 Data Ingestion. On Layer 3
Data Processing, both the data warehouse processing engine and a machine learning cluster run alongside each other, sharing
the distributed substrate (D2, D5) for data transformation and model training. Layer 4, Unified Storage, integrates warehouse
storage and catalog services with data lake storage and supporting machine learning operations (MLOps) repositories (D3).
The shared metadata catalog with lineage and quality and the catalog services are implemented through Layer 5 Governance
which is implemented in the areas of decision making in [26] (D4). Layer 6 Al and Intelligence includes AI/ML workloads and
Layer 7 Analytics and Enterprise Applications includes applications, analytics, data science, and Bl. Cross-cutting 1AM and
key management (KMS) provide security, compliance, observability, and lifecycle management across all layers.

5.3. Enterprise Data Source Integration

Layer 1 integration conforms to a bring-data-once philosophy in which all data is extracted from sources and stored under
a single roof, unlike point-to-point extraction. All of these extracts, database replicas, 10T telemetry and vendor feeds can be
ingested through the same interfaces, providing consumers a single source of truth and eliminating the silo-proliferation
dynamic of Section IV-E.

5.4. Unified Data Ingestion and Processing

The combination of batch ingestion for bulk loads, streaming ingestion via log-based pub-sub systems from the Kafka line
[12] and API integration with SaaS sources is known as layer 2. Layer 3: Distributed transformation and validation Spark-class
engines [7, 8] with both ETL and ELT topologies, enabling heavy transformations to be executed where compute resources are
elastic.

5.5. Lakehouse and Distributed Storage Architecture

Layer 4 relies on the lakehouse pattern, which is an open-format table that has an ACID transaction layer over low cost
object storage [16] with warehouse storage for high-concurrency Bl and ancillary MLOps stores. This allows schema-on-read
flexibility for exploration and schema enforcement, versioning, and reliable table semantics in the context of governed
consumption.

5.6. Data Governance and Metadata Management

Layer 5 centralizes metadata, lineage, quality, and access control. The datasets, owners, and lineage graphs are registered
in a shared catalog, quality rules are used in the processing layer, access policies are used at platform level, solving the
decision areas of [26] and the data-swamp risk of [14, 15].

5.7. Al and Machine Learning Integration

Layer 6 embeds machine learning in the platform: distributed training with Spark MLIib [18] and TensorFlow [19], feature
engineering over lake tables, model registry and serving through MLOps storage, and drift monitoring. For the 2020 horizon,
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this includes predictive analytics and learning pipelines, which are now found in modern generative Al platforms and will not
be included in historical claims.

5.8. Intelligent Analytics and Decision Support
Layer 7 provides B, dashboards and decision-support applications based on the same tables used to train models, avoiding
the extract-and-diverge cycle of the legacy pattern; descriptive and predictive analytics use the same, governed data.

5.9. Security, Monitoring, and Enterprise Interoperability

Cross-cutting services are applicable across layers, and include |AM services, key management, monitoring, observability,
and compliance. Since governance is enforced at platform level, any engine reading governed tables automatically gets the
same policies, thus solving the fragmentation of Section 1V-G.

The following evaluation metrics are formalized for reproducibility:
e Throughput T = W / E, where W is the workload size in bytes and E the execution time in seconds; T is expressed in

MB/s. (1)

e Query response time R = Q + P + F, where Q is queueing time, P processing time, and F fetch/format time, all in
seconds. (2)

e Integration efficiency nm = N unique / N total, where N unique is the number of distinct transformation
implementations and N_total the total implementations across pipelines; n € (0,1]. 3)

e Storage utilization U = V_logical / V_physical, where V_logical is the logical data volume and V_physical the
occupied physical storage; U € (0,1]. ()]

o Auvailability A = MTBF / (MTBF + MTTR), where MTBF is mean time between failures and MTTR mean time to
repair, both in hours. (5)

e Horizontal scalability S(n) = T(n) / T(1), where (T(n)) is throughput on (n) nodes and (T(1)) is throughput on one
node; (S(n)=n) represents ideal linear scaling. (6)

6. Research Methodology
6.1. Research Design

The study is comparative, based on literature, and does not claim original experiments, it translates published evidence
(peer-reviewed papers, benchmark studies, official documentation) to structured evidence tables and derives the architectural
synthesis from the evidence, which is suitable when the relevant experiments are spread out across a decade of diverse
publications TABLE 1 (b).

Table 2: Comparative Literature Review of Core Publications

Ref. | Document Authors Year Source Type Method Extracted Numerical MS
Findings Results Section
[1] The Agrawal et 2009 Journal Community RDBMS - I-A
Claremont al. position report foundations
report on and research
database trajectory
research
[2] Building B. Inmon 2005 Book Conceptual Warehouse - I-B, IV-
the Data definition C
Warehouse (subject-
(4thed.) oriented,
integrated,
time-variant,
non-volatile)
[3] The Data Kimball & 2013 Book Methodology | Dimensional - I1-B
Warehouse Ross guide modeling, star
Toolkit schemas
(3rd ed.)
[4] An Chaudhuri 1997 Survey Literature OLAP - I1-B, IV-
overview & Dayal synthesis architecture D
of data and operators
warehousin
g and
OLAP
technology
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[5] | MapReduc Dean & 2008 Journal Design + Scalable - I1-D
e: Ghemawat system paper evaluation parallel
Simplified primitives with
data fault tolerance
processing
on large
clusters
[6] The Shvachko et 2010 Conference Design + Replicated Cluster I1-D
Hadoop al. system paper | operational block storage scale
Distributed at scale figures as
File reported
System
[7] Resilient Zaharia et 2012 Conference | Experiments In-memory 20x in- I1-D, VII-
Distributed al. benchmark fault tolerance; | memory; C, VII-G
Datasets iterative 10x with
speedups paging; 10
GB-1TB
scaling
[8] Spark Armbrust et 2015 Conference Design + Catalyst Speedups | II-D, VII-
SQL: al. system paper | benchmarks optimizer; as reported D
Relational columnar in-
data memory
processing caching
in Spark
[9] An Inoubli et 2018 Experimental | Benchmarks Batch/stream Framewor VII-C,
experiment al. survey framework k-level VII-E
al survey comparison results as
on big data reported
framework
)
[10] Clash of Shi etal. 2015 Benchmark | Experiments | Spark vs MR 10-100x VII-C
the titans: study analytics reported
MapReduc performance speedup
e vs. Spark
[11] Spark: Zaharia et 2010 Workshop Design RDD - I1-D
Cluster al. paper programming
computing model
with introduction
working
sets
[12] Twitter Kulkarni et 2015 Industrial Production Heron vs ~3X VII-E
Heron: al. system paper | experience Storm at resource
Stream Twitter efficiency
processing
at scale
[13] | Lakehouse: | Armbrust et 2021 Position Vision Lakehouse - I-F
A new al. (CIDR paper unification (retrospec
generation paper; (retrospective vision tive
of open concepts context) context
platforms present in only)
2020
Delta
Lake
[16])
[14] Data lake Nargesian 2019 Survey/positi Analysis Data-swamp - l-E, IV-
manageme et al. on risk; lake H, VII-D
nt: management
Challenges pillars
and
approaches

141




Sudha Donepudi / IJAIBDCMS 2(1), 132-151, 2021

[15] | Datalakes | Quix & Hai 2019 Encyclopedia | Systematic | Lake functions - I-E
survey survey and systems
taxonomy
[16] Delta Armbrust et 2020 System paper Design + ACID + Exabyte- | II-F, V-E,
Lake: al. deployment schema scale daily VII-D
High- enforcement + | deploymen
performanc time travel ts reported
e ACID over object
table stores
storage
over cloud
object
stores
[17] A survey Landset et 2015 Survey + Experiments MLIib vs MLlIib VII-C,
of open al. benchmarks Mahout faster on VII-F
source performance | benchmark
tools for S
ML with
big data
[18] MLIib: Meng et al. 2016 Journal Design Distributed - VII-F
Machine system paper ML integrated
learning in with Spark
Apache runtime
Spark
[19] | TensorFlo | Abadietal. 2016 Conference Design + Large-scale - VII-F
w: A system paper evaluation heterogeneous
system for training
large-scale
machine
learning
[20] Deep Gulshan et 2016 Validation Clinical Production Al High- VII-F
learning al. study validation on cloud-scale accuracy
algorithm pipelines detection
for diabetic as reported
retinopathy
detection
[21] Big Data Buyya & 2018 Edited Surveys Cloud big data - -G, VII-
Computing | Ramamoha volume computing B
and narao (Eds.) landscape
Clouds:
Concepts,
Technologi
es, Tools,
and Trends
[22] Big data: Kaisler et 2013 Conference Analysis Enterprise big - I-C, IV
Issues and al. survey data
challenges challenges;
moving silos
forward
[23] | Technologi Alam & 2017 Systematic Mapping Big data value - I-H
es and Mehmood mapping study extraction
analytics technologies
for
extracting
value from
big data: A
systematic
mapping
study
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[24] The Chen & 2017 Conference | Requirement Enterprise I-A, 1I-H
requiremen Cheung study s analysis analytics
ts for big requirements
data
analytics in
enterprise
informatio
n systems
[25] Big Data | Assuncao et 2015 Journal Survey Cloud-big data I-B, VII-
computing al. survey complementari B
and clouds: ty; migration
Trends and considerations
future
directions
[26] | Designing Khatri & 2017 Framework Conceptual Five I-F, V-F
data Brown paper governance
governance decision areas
[27] | Automatin Golchha, 2019 Workshop Vision/analy Automated V-F, IX-
g metadata Jain & vision sis metadata C
manageme Mokbel management
nt in data opportunities
lakes
[28] | Databricks | Databricks 2020 Vendor Documentati Delta Lake - II-F, V-E
Delta Lake documentatio on capabilities
documenta n and usage
tion (2020)

6.2. Literature-Based Investigation

The investigation took place in four stages: (1) search and retrieval of candidates using the scholarly electronic databases
IEEE Xplore, ACM DL, SpringerLink, ScienceDirect, Wiley, arXiv, and Google Scholar; (2) screening of relevance based on
the evaluation parameters listed in Section VI-F; (3) full-text review of accessible PDFs; and (4) extraction of information into
the source-verification table (Table I (b))..

6.3. Research Source Selection

The sources were chosen on the basis of the following criteria: publication date prior to December 31, 2020; technical
relevance to at least one of the evaluation dimensions; and bibliographic information that can be verified. The primary period is
from 2015 to 2020, with the foundational period from 2010 to 2014 and previous works as required technically (e.g., [5]). The
study includes 28 references, of which 27 were published on or before 2020. Reference [13], published in 2021, is retained
solely as retrospective context and is excluded from the historical evidence synthesis.

6.4. Data Extraction and Evidence Collection

For each measurement oriented source, the following attributes were extracted: Publication, Authors, Year, Technology,
Configuration, Workload, Reported Measurement (with unit), Benchmark Environment, and Limitations. All measurements
were recorded only in the form of the original sources; relative values are preserved in the relative form (Section VII-1).

6.5. Comparative Architecture Evaluation

Architecture-level comparison is the integration of quantitative evidence and quantitative capability assessment: each class
receives a score for each dimension according to a documented rubric of 1 to 5 (5 = strongest) a score is an analytical
assessment and is labeled as such (Fig. 6, Table I).

6.6. Evaluation Metrics

The metrics used are: data processing performance (execution time or throughput on a specified workload); integration
efficiency (integration hops, duplicated transformation logic); scalability (adding capacity horizontally, reported scaling);
storage efficiency (compression, columnar layout, schema flexibility); query performance (reported times under stated
configurations); data accessibility (breadth of processing engines consuming the data); governance capability (metadata,
lineage, access control per [26]); interoperability (open formats, interfaces); Al readiness (distributed training, deployment
support [17]-[19]); reliability (fault tolerance, transactional guarantees); and operational complexity (qualitative management
burden).
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6.7. Validity and Limitations

Three validity considerations bound the findings. Benchmark comparability: cluster sizes, datasets and versions vary
among studies, and cross-study numbers are indicative, within-study comparisons are preferred. Publication bias: benchmarks
are biased toward selecting systems that excel in selected workloads. Qualitative scoring relies on the author's interpretation,
but is limited by the explicit rubrics and per-dimension citations. No original experiments, surveys, simulations or deployments
are claimed.

7. Results and Analysis
7.1. Research Evidence Collection and Quantitative Analysis

Applying the methodology yielded an evidence base of 28 references, documented in the source-verification table (Table |
(b)) whose quantitative core comprises the systems and benchmark studies [5]-[12], [16] and capability studies [17]-[20]. The
analysis that follows is based only on the analysis of the findings that have been extracted from Table V11l and the manuscript
section using each source.

7.2. Comparative Performance Evaluation of Enterprise Data Architectures

Table 11 compares the six architecture classes based on the ten characteristics. The trend is clear: capability moves from
legacy relational to Al-capable architecture by scalability, integration and Al readiness, and complexity levels are high at
Hadoop and lower at cloud native and lakehouse designs. Measured evidence exists at framework level (Section VII-C) and
architecture-level entries are qualitative assessments based on cited sources.

Table 3: Comparative Evaluation of Enterprise Data Architecture Classes
Architecture | Processing | Storage | Scalability | Integra | Query | Governan Al Key Refs.
Model Model tion Proces ce Readi | Limitation
sing ness S
Legacy Row- Row Vertical Point- Low | Fragmente | None Silos; no [1],[2
relational oriented, RDBM only to-point | analyti d analytics 2]
(OLTP) ACID S ETL cal scale
transaction
S
Enterprise Batch ETL; | Dimensi Vertical Centrali | Mature | Warehous | None Rigid [2].[3
data OLAP onal zed SQL/O | e-centric schema; 1.14]
warehouse (star batch LAP batch
schemas window latency
) S
Hadoop-based Batch HDFS Horizontal | Schema | Hive Basic (no | Partial | Operational | [5],[6
big data MapReduc | blocks (nodes) -on- SQL,; lineage) (Maho | complexity | 1,[9]
e + write/re high ut)
Hive/H ad mix | latency
Base
Data lake Batch + Object/f | Horizontal | Unified | Engine Weak Good Data- [14][
streams; ile (storage~un | ingestio - without (raw | swamprisk | 15]
schema-on- | storage, limited) n depend | catalogs data
read open ent; no access)
formats ACID
Cloud data Elastic per- | Cloud Elastic Manage | Manag | Service- | Manag Vendor [21].[
architecture job object horizontal d ed dependent | ed ML | dependency | 25]
compute storage ingestio | engine service
n S s
services
Al-enabled / | Distributed | Transac Elastic Unified, | Wareh Catalog Native Platform [16],[
lakehouse + tional horizontal | governe | ouse- lineage (MLIib | engineering | 18],[
streaming; tables d grade | IAM/KM | /Tenso maturity 19]
SQL + ML over + open S rFlow)
object engine
storage S

7.3. Quantitative Analysis of Big Data Processing Technologies

Table 3 consolidates within-study comparisons of big data processing frameworks. The most cited figure is Zaharia et al.'s
reported 20x speedup for iterative machine learning workloads (logistic regression) of in-memory RDD processing over
Hadoop MapReduce, with disk paging still achieving a reported 10x advantage [7]. Inoubli et al. observe that batch
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frameworks (such as Hadoop or Spark) are better suited for iterative batch jobs, while stream frameworks (such as Storm,
Flink or Spark Streaming) are better suited for streaming jobs, with good throughput and latency for Flink [9]. Shi et al. report
Spark's 10-100x speedup over MapReduce for in-memory workloads [10], and Landset et al. report MLIib outperforming
Mahout on training time and scalability [17]. For streaming systems, Kulkarni et al. report Heron's improved throughput,
latency, and manageability relative to Storm at Twitter scale, at approximately three times Storm'’s resource efficiency [12].
Absolute values of these studies are not directly comparable, as these studies vary in configuration and workload; within-study
ratios are reliable evidence.

Table 4: Comparative Performance of Big Data Processing Frameworks

Framework Publication | Year Workload / Reported Result Hardware / Main Finding
Dataset Config.
Hadoop Zaharia etal. | 2012 Iterative Baseline for speedup 100-node Disk-based batch
MapReduce [7] logistic ratios m2.xlarge EC2 baseline; linear
(baseline) regression, 10 cluster scaling with 1/0
GB-1TB
RDD in- Zahariaetal. | 2012 | Same as above Up to 20x faster (in- Same cluster In-memory
memory (Spark [7] memory); 10x with persistence
precursor) disk paging removes
dominant 1/O cost
Apache Spark Shi et al. 2015 Large-scale Reported 10-100x VLDB benchmark | In-memory DAG
[10] analytics speedup over MR study (config. execution
workloads varies by run) dominates MR
pipeline
Apache Spark | Inoublietal. | 2018 Batch Outperforms Hadoop Test cluster (as Best batch
[9] benchmarks on MR on batch reported) throughput
test cluster workloads among surveyed
batch frameworks
Apache Flink | Inoublietal. | 2018 Streaming Strong Test cluster (as True streaming
[9] benchmarks latency/throughput reported) with competitive
among stream latency
frameworks
Twitter Heron Kulkarniet | 2015 Production ~3X resource Twitter production Heron replaces
vs Storm al. [12] Twitter efficiency; better cluster Storm at
topologies latency & production scale
manageability
Spark MLIibvs | Landsetet | 2015 ML training MLlIib faster training Benchmark Distributed ML
Mahout al. [17] benchmarks and better scalability configurations as | runtimes need in-
than Mahout reported memory substrate

In Fig. 4, we visualize the speedups achieved by in-memory RDD/Spark processing over disk-based Hadoop MapReduce
on iterative workloads, as reported in [7] and [10]. The figure shows reported speedup factors and therefore is not confounded
by different hardware baselines.
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Figure 4: Comparative Data Processing Performance: Reported Speedup of In-Memory Distributed Processing Over
Disk-Based Hadoop Mapreduce for Iterative Workloads

7.4. Storage and Query Processing Analysis
The table below shows how storage and query processing differ across repository classes, and introduces three transitions:
columnar (vectorized execution) enables analytical query performance through optimized plans [8]; object storage (and the

145




Sudha Donepudi / IJAIBDCMS 2(1), 132-151, 2021

deprecation of the durability-cost trade-off) allows effectively unlimited analytical capacity [16], [25]; and lakehouse (the
transaction layer) brings ACID semantics and time travel over object storage without sacrificing open engine access [16].
Schema-on-read makes it easier to ingest data but sacrifices governance as managed catalogs get the job done [14], [15].

Table 5: Storage and Query Processing Comparison across Repository Classes

Repository Storage Layout Schema Reported Query / Retrieval Scalability Refs.
Class / Format Discipline Evidence
Traditional Row-oriented, B- | Schema-on-write | Optimized for record access; full Vertical [1]
RDBMS (OLTP) tree indexes scans inefficient
Enterprise data Dimensional, Schema-on-write | Mature OLAP; concurrency-bound Vertical [2],[4]
warehouse often columnar (modeled) by cluster size
extensions
HDFS Replicated 64- Schema-on-read | High sequential throughput; high- Horizontal [61.[9]
128 MB blocks, (via Hive etc.) latency SQL (Hive) (nodes)
files
Columnar / Parquet-class Schema-on- Vectorized execution; Catalyst- Horizontal [8]
Spark SQL columnar formats | write/evolution optimized plans reported in [8]
Data lake Open formats on | Schema-on-read Flexible ingestion; query quality Horizontal | [14],[15]
object/file stores depends on catalogs (storage
effectively
unlimited)
Cloud object Durable object Format-agnostic Cost-efficient capacity; engine Elastic [16],[25]
storage storage (11x9- access via open formats
class durability)
Lakehouse tables | Transactional log Enforced + ACID, schema enforcement, and Elastic [16]
(Delta Lake) + Parquet over evolution; time | engine interop (Spark/Hive/Presto)
object store travel reported in [16]

7.6. Batch Processing Versus Real-Time Data Processing

Table V contrasts batch and stream technologies. We found that, before 2021, the problem of ingesting events at scale
with low latency and fault-tolerance was solved: Kafka offers durable, partitioned, replicated event logs [12]; Storm and Heron
offer sub-second distributed stream processing [12]; and Spark Streaming/Flink offers micro-batch and true-streaming options
with characteristics reported in [9]. In the legacy architecture, all integrations are confined to scheduled batch windows, and
hence, real-time analytics will need the stream-capable ingestion layer in the proposed architecture (Layer 2, Fig. 3).

Table 6: Batch and Real-Time Processing Comparison

Technology Model Ingestion/Processing Throughput Fault Operational Refs.
Latency (reported) Tolerance Complexity
Traditional Scheduled Hours (window-bound) Batch-window Job-level reruns High (per- [2],[22]
ETL batch bound pipeline logic)
Apache Durable Millisecond-class publish Very high Replication Moderate [12]
Kafka pub-sub (partitioned,
event log replicated)
Apache Record-at-a- Sub-second reported High at Twitter Record/tuple Moderate- [12]
Storm / time scale (Heron ~3x acks high
Heron streaming Storm resource
efficiency)
Spark Micro-batch | Hundreds of ms - seconds | High (shares Spark | Lineage-based Moderate [9]
Streaming streaming engine) recovery
Apache Flink True Milliseconds (reported High Checkpointing Moderate [9]
streaming low latency among
surveyed)

7.7. Al and Machine Learning Integration Analysis

Table VI is a breakdown of Al/ML capability by architecture class. Co-located distributed storage and elastic compute is
required for distributed machine learning: MLIib + Spark runtime [18]; TensorFlow for heterogeneous clusters [19];
Production systems like Gulshan et al.'s diabetic retinopathy system [20] rely on cloud-scale pipelines and serving
infrastructure. None of these are natively supported by legacy warehouses, but Hadoop and lakes do offer a substrate and
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lacked transactional tables and MLOps integration before the lakehouse [14, 17]; lakehouse and cloud-native fill the void [16,
21].

Table 7: Al and Machine Learning Capabilities across Enterprise Data Architectures

Architecture Al/ML Data Distributed Model Governance Key Refs.
Integration Preparation Processing Deployment Limitations
Support Support
Legacy None native ETL None None Warehouse- No ML [2],[22]
relational / transformation (external centric substrate
warehouse sonly only)
Hadoop- Mahout-class MapReduce Yes (batch) Manual job Basic Slow [51.[61.[
based (MR) ML pipelines deployment iterative 17]
training
Data lake Direct raw- Schema-on- | Yes (Spark on Manual Weak Data-swamp | [14],[15
data access read; analyst- lake) without risk; no 1.[17]
for ML driven catalogs ACID tables
Cloud data Managed ML Managed Yes (elastic) Managed Service- Vendor lock- | [21],[25
architecture services pipelines/ELT endpoints dependent in ]
Al-enabled / Native: Distributed Yes (shared | Registry/serv Catalog MLOps [16],[18
lakehouse MLIib [18], | transformation substrate) ing via lineage maturity 1.[19].[2
TensorFlow + validation MLOps IAM/KMS required 0]
[19] run stores
beside SQL

7.8. Evidence-Based Results Visualization

Fig. 5 shows the scaling behavior of the RDD study: when the input size increases from 10 GB to 1 TB, the MapReduce
processing time of Hadoop grows linearly while the RDD processing time in memory remains significantly lower, due to the
elimination of disk 1/0 [7]. The capability heat map in Fig. 6 was developed using the rubric from Section VI-E and the scores
represent evidence-based analytical assessments as opposed to measured quantities; the source evidence per dimension is listed
in Table Il. Fig. 7 shows the key events in the corpus on a confirmed timeline to 2020.
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7.9. Overall Results Summary

Table VII consolidates findings by dimension. The evidence indicates one thing: the challenges of legacy architecture are
integration rigidity and Al unreadiness, with the lake-house-plus-cloud pattern that will be available by 2020 offering solutions
to these problems while still providing warehouse-level reliability [16, 21].

Table 8: Consolidated Research Findings by Dimension

Research Legacy Finding Modern Finding Evidence Refs. Implication
Dimension Type
Processing Disk-bound batch Up to 20x iterative Measured [71.[9].[10] Distributed in-
performance baseline speedup in memory; 10- (within-study memory processing is
100x reported for Spark ratios) the substrate
Scalability Vertical ceilings Horizontal/elastic scaling Measured + [6].[7].[21] Elastic capacity
to thousands of nodes; 10 | system reports planning replaces
GB-1 TB linear behavior hardware procurement
Integration Per-pipeline ETL; Unified ingestion Systematic [14],[15],[16] Bring-data-once
efficiency duplicated logic (batch+stream) onto review discipline
shared storage
Storage Rigid schema-on- Open formats + schema | System reports [8].[16] Lakehouse tables over
flexibility write evolution + time travel object storage
Query Concurrency- Warehouse-grade engines | System reports [8].[16] Engine choice without
performance | bound warehouse | over open tables; multiple | + benchmarks copy-out
engines
Governance Fragmented per- Shared catalog, lineage, Framework + [14],[26] Governance as
tier control platform IAM/KMS system design platform capability
Real-time None (batch Sub-second stream Measured [9].[12] Streaming-first
analytics windows) processing at production (industrial) ingestion layer
scale
Al readiness No substrate Native distributed training System + [17],[18],[19] | Al as platform layer
+ serving co-located with deployment ,[20] (Fig. 3 Layer 6)
data studies
Operational Moderate but Peaks at Hadoop stage; Qualitative [9].[21],[25] Platform engineering
complexity brittle reduced by managed synthesis investment
cloud/lakehouse

7.10. Statistical and Evidence Validation
All numerical results are referred to the original publications cited in Tables 111-V and VIII: the speedups in terms of

20x/10x iterations are from [7]; the framework comparisons are from [9] and [10]; the streaming characteristics are from [9]
and [12]. Values are given in units and with a context for the benchmarks, and no significance testing is claimed, incompatible
benchmarks are not integrated, and experimental details are not assumed but flagged.

7.11. Results Section Conclusion

The evidence shows a progressive shift: from legacy infrastructure with batch integration and vertical scaling, to
distributed batch platforms with the removal of the processing ceiling, stream platforms with the removal of the latency ceiling,
lakes with the removal of the schema and variety ceiling, cloud platforms with the removal of the capacity and elasticity
ceiling, and lakehouse transaction layers with the elimination of the reliability penalty lakes imposed. What remains by 2020 is
an integration problem composing these capabilities into a governed platform serving both Bl and machine learning which is
the role of the reference architecture of Section V.
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8. Discussion
8.1. Interpretation of Results

The results support reading enterprise data architecture evolution as the progressive removal of a sequence of ceilings:
each paradigm shift (Fig. 1) removed the constraint that bound its predecessor. The evidence directly addresses objectives O1
and O2: evolution has been led primarily by data variety, and Al workloads, not by volume, and the comparative capabilities of
the six classes are reported on a common frame (Table 11-VII).

8.2. Architectural Transformation Implications

For practice, the transformation replaces the sequential pipeline of Fig. 2 with the layered platform of Fig. 3. The
difference is in the structure, with new features such as governance and Al moving into the platform as functions, and
consumption no longer tied to integration as all engines consume tables that are governed instead of engine-specific extracts.

8.3. Benefits of Unified Enterprise Data Platforms

Unified platforms remove the extract-and-diverge cycle, as the lakehouse tables provide Bl, data science, and applications
with one managed copy of data [16]. The documented advantages are that it enables faster analytical onboarding, eliminates
the need for transformation duplication and maintains consistency in semantics, but at the expense of engineering discipline of
the platform [14]-[16].

8.4. Role of Al in Intelligent Enterprise Operations

The Al layer transforms descriptive analytics into predictive operations. The most compelling argument for the proposed
architecture is provided by the pre-2021 evidence: production-grade Al demands the platform substrate distributed training [18,
19], governed features and serving infrastructure [20] and none of these can be implemented on legacy warehouses.

8.5. Scalability and Operational Resilience

Distributed architectures scale horizontally and degrade gracefully: replication and lineage-based recomputation give
resilience (HDFS [6]; RDD fault tolerance [7]) and cloud elasticity takes capacity planning out of the way by making it a
configuration [25]. Resilience becomes an engineering responsibility of the platform team rather than a property of monolithic
infrastructure.

8.6. Security and Data Governance Implications

The centralization of data puts governance on the stake. The platform addresses this via platform-enforced 1AM, key
management, metadata and lineage (Fig.3) consistent with the decision areas of [26] but enterprises must make investments in
organizational governance, technology alone is not enough to solve accountability issues [26].

8.7. Enterprise Migration Challenges

Migration is the dominant practical cost. The main challenges are source-system entanglement, historical data migration,
quality remediation, and skills gaps, and a phased migration by layer (sources and ingestion first, governance second,
consumption last) reduces risk and scales with the layers of Fig. 3.

8.8. Comparison with Existing Research

The synthesis is consistent with the corpus: framework findings match [7], [9], [10], [17]; lake governance risks match
[14], [15]; lakehouse claims match [16]; Al platform requirements match [17]-[20]. What is added to these works is the
integrated, cutoff-constrained comparison and the reference architecture, rather than new measurements are added.

8.9. Practical Implications for Enterprise Architects

For practitioners, the actionable implications are: (1) adopt lake-style ingestion early to stop silo proliferation; (2) impose
transactional tables and catalogs before governance debt accumulates [14], [16]; (3) choose engines sharing storage formats
[8], [16]; (4) treat streaming as first-class ingestion [12]; and (5) plan the Al layer - features, registry, serving as platform
infrastructure [18]-[20].

9. Implementation Challenges and Future Research Directions
9.1. Legacy System Integration

Legacy source systems provide only a handful of interfaces (flat files, proprietary APIs, triggers) and are unable to handle
extra load on the query and schema transparency. In practice, the most common method of integration is incremental
replication, using log-based change data capture, which is separate from the application logic.

9.2. Data Migration Complexity

Semantic mapping, quality remediation and running periods in the history have to be duplicated when migrating historical
warehouse data to lake formats; safeguards are parity testing and lineage comparison; and effort increases with transformation-
logic complexity over decades of history (Section IV-C).
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9.3. Data Quality and Governance

A schema-on-read exacerbates the quality problem from load time to consumption time and without automated
validation/cataloging/lineage [14, 15, and 26] lakes turn into swamps. The quality rules should be in the processing layer of
Fig. 3, not assigned to analysts.

9.4. Security and Privacy

Consolidated platforms focus on the risk, but fine-grained access control, encryption and key management, and audit-
ready lineage are required, which is reflected by the IAM/KMS cross-cutting layer of Fig. 3. Retention, erasure and residency
requirements need to be built into lifecycle management.

9.5. Infrastructure and Operational Costs

Cost governance becomes a discipline when you have elastic cloud economics in place: Unmanaged growth of storage
classes, cluster sizes, and always-on pipelines can make up for hardware savings. Operational requirements are FinOps
practices and workload-tiered storage policies.

9.6. Al Integration Challenges

Within the 2020 window, feature engineering is the largest engineering cost of enterprise Al [17, 18]; model governance
skills, such as versioning, reproducibility and drift monitoring, is an immature field that needs to be explicitly invested in; and
the dearth of data engineering skills and science is a limiting factor for enterprise Al.

9.7. Future Research Opportunities

Four directions are worth considering: (1) lakehouse benchmarks that are standardized, so they can be used across
organizations for performance claims; (2) model-driven, automated governance that infers lineage and quality rules from
observed pipelines; (3) cost-aware optimizers for elastic infrastructure; and (4) feature stores and reproducible ML pipelines as
first-class platform services.

10. Conclusion

This article examined how enterprises can transform legacy, warehouse-centric data architectures into integrated, scalable,
Al-ready platforms, on evidence published before 2021. The limits to legacy architecture are not ones of storage size, but
integration by batch, vertical scaling, splintered governance, and lack of machine learning substrates (Section 1V, Fig. 2). The
combined evidence demonstrates that distributed in-memory processing offers order of magnitude benefits on iterative
workloads [7], [9] and [10], that streaming infrastructure eliminates the latency ceiling [12], that lakes can accommodate
variety at the expense of governance risk [14] and [15] and that lakehouse transaction layers over cloud-object storage bring
back reliability without compromising flexibility [16]. These capabilities are composed in the proposed seven-layer reference
architecture (Section V, Fig. 3), tackling each of the documented legacy limitations. Unified platforms are important because
they break the cycle of extract and diverge that gets in the way of enterprise truth; Al is important because predictive
operations can't be built on top of batch pipelines. Research limitations include literature-based approach, a range of
heterogeneous benchmarks, qualitative scoring when measurements are not available, and the 2020 cutoff. Future research will
continue to build on the lakehouse benchmarking, governance and reproducible enterprise deployment.
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