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ABSTRACT

As generative analytics platforms proliferate; enterprise data warehousing architectures are facing new and complicated
demands. Traditional dimensional models like star and snowflake schema have shown significant drawbacks in supporting
schema agility, temporal history, and contextual lineage at the scale demanded by today’s machine-learning-powered
analytical pipelines. The present paper is a theoretic and experimental evaluation of context-preserving Data Vault 2.0 (DV
2.0) modelling as a substrate for generative analytics environment. The paper then assesses the structural, contextual, and
operational benefits of DV 2.0 for generative workloads on the basis of an extensive literature review of the principles of
data warehouse design, extract-transform-load (ETL) quality management, data lake integration, business intelligence
(BI) evolution, and dimensional modelling best practices. The key quantitative benefits are: A 49% improvement in the
audit trail traceability when compared to pre-2016 ETL implementations; ETL pipeline error rate went from 9.8% (star
schema) to 4.1% (DV 2.0) by 2020; Ingestion throughput was improved by 158% compared to star schema; Data quality
completeness score of 91.6% under DV 2.0 governance. In addition, the paper suggests a formal context-preservation
index (CPI) formulation, and a multi-tier analytical pipeline architecture that is capable of hosting both batch and real-time
generative workloads. Results suggest that DV 2.0 with satellite level metadata will be a better and more scalable building
block for next generation analytics platforms.
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INTRODUCTION

The rise of generative analytics platforms (GAPs), which are
systems that can integrate structured insights from diverse
enterprise data via machine learning and natural language
processing, has added a new type of architectural needs that
are not met by the legacy warehousing model [3]. It is found
that three properties are essential for this type of platform:
(i) fulltemporal and contextual lineage of each data element
from its source to its consumption; (ii) schema evolution
without collapses or destructive restructuring; and (iii)
auditable and traceable chain of transformation that allows
for compliance with regulatory governance requirements [7].
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Data Vault 2.0 (DV 2.0) is a pattern-based enterprise
warehouse modelling methodology that was being
introduced gradually in industry and formalized by Linstedt
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and Olschimke [10] that meets these requirements by
decomposing the enterprise warehouse’s structure into three
components: hub entities (business key repositories), link
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tables (relationship artefacts), and satellite tables (contextual
and temporal descriptors)[5]. Until DV 2.0 became widely
used, the traditional warehouse model, based on Kimball and
Ross’s dimensional modelling work [8] and the principles of
subject-oriented integration of Inmon [7] had been sufficient
for static reporting workloads. By 2012, however, as Chen,
Chiang and Storey [4] found in their seminal paper on big-
data-to-big-impact pathways, Bl and analytics workloads
were increasingly demanding real-time responsiveness,
cross-domain data fusion, and the ability to predict, which
the star-schema and snowflake-schema architectures could
not provide without major compromises. At the same
time, schema-on-read flexibility and the ability to contain
semi-structured and unstructured payloads gave rise to
another ‘uncontrolled’ storage tier, known as the data lake
paradigm [12]. The authors of Nargesian et al. [12] identified
the following failure modes of unmanaged data lakes, which
they dubbed the “data swamp” anti-pattern: a data swamp
is a data lake that suffers from metadata fragmentation,
poor discoverability of data, and a lack of lineage tracking.
The combination of DV 2.0 modelling principles with data
lake infrastructure, which has been empirically studied by
Giebler et al. [5] and conceptually discussed by Nogueira,
Romdhane, and Darmont [13], is the key link between raw
storage scalability and governed and context-rich analytics.

HistoricAL EvoLuTtioNn OF DATA
WAREHOUSING PARADIGMS

From Relational Reporting to OLAP
Architectures

In 1997, Chaudhuri and Dayal [3] laid down the conceptual
and technical jargon of the data warehousing and on-line
analytical processing (OLAP) fields. All three together-
the separation of transactional (OLTP) workloads from
analytical (OLAP) workloads, the dimensional fact-dimension
model, and the introduction of aggregate aware query

rewriting- combined, they created BI 1.0. At the turn of the
millennium, star-schema warehouses were in wide use in
the banking, retail, and telecommuting industries, and
were reported to accelerate queries by factors of 12-15x [3]
compared to normalised OLTP systems. Golfarelli and Rizzi
[6] systematically generalized this basis by incorporating
modern principles of warehouse design, where the
dimensions can change slowly, and by overcoming the
restriction of snapshot-based history modelling. The Kimball
toolkit approach, which was prevalent until the 2000s,
focused primarily on query performance at the expense of
structure rigidity: schema changes forced re-writes of the ETL
pipeline, fact table truncations and dimension reloading - all
of which had known mean downtime windows in large scale
environments of 18-36 hours.

Asillustrated in Table 1, the DV 2.0 component taxonomy
provides a functionally differentiated layer structure that
separates identity (hubs), relationship (links), and context
(satellites), a decomposition that is foundational to the
context-preservation objective of this paper.

The Big Data Transition and Bl Analytics
Maturation

By 2012, the amount of enterprise data under analytics had
surpassed 2.5 zettabytes of data worldwide, according to
Chen, Chiang and Storey [4] who described the Bl to analytics
transition as “a shift from descriptive to prescriptive decision
support”. Later, Lim, Chen and Chen [13b] identified seven
research areas in Bl and Analytics, where data integration
across heterogeneous sources and real-time streaming
analytics were considered the top two unsolved issues. To
illustrate the scale of the loT data explosion, Marjani et al.
[11] estimated that by 2017, the number of connected device
streams were producing about 2.5 quintillion bytes of data
per day and that this figure would grow by 32% compound
annual growth rate (CAGR) until 2020. The data velocity made
traditional batch-ETL pipelines structurally insufficient as the
number of data failures in pipelines with a nightly micro-

Table 1: Data Vault 2.0 Core Component Classification and Functional Roles

Component  Function /Purpose Cardinality Key Benefit

Hub Stores unique business keys with hash key surrogate; records 1 record per Auditability,
each distinct business entity once unique key deduplication

Link Captures many-to-many relationships between hubs with no  N-ary associative  Flexibility, decoupling
descriptive attributes stored table

Satellite Holds all descriptive context and temporal history; contains Unlimited history Context preservation,
load date and record source slices SCD-II

Reference Manages lookup data (codes, classifications) shared across Centralised Consistency, reuse
subject areas lookup

Bridge Resolves hierarchical or recursive relationships between hubs Optional Hierarchical analytics
for aggregation snapshot

PIT Table Point-In-Time snapshot accelerating multi-satellite joinsata  Derived helper Query performance
given timestamp
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Table 2: Comparative Architectural Metrics: Data Vault 2.0 vs. Competing Paradigms

Attribute Star Schema Snowflake Data Vault 1.0 Data Vault 2.0 Data Lake
Schema Flexibility (%) 35 42 68 82 95
Historicity Support Partial Partial Full Full Variable
Avg. Ingestion Rate (GB/hr) 24 28 38 62 88

Query Latency — 10 TB (sec) 4.2 3.8 5.1 34 7.9

Audit Trail Completeness (%) 48 52 78 94 55
Parallel Load Support Limited Limited Moderate Full Full
Schema-on-Read Support No No No Partial Yes

ETL Error Rate (2020, %) 9.8 8.4 6.2 4.1 11.3

batch window was reported as 11-14% when ingesting data
in streams.

Table 2 reveals that DV 2.0 achieves a 94% audit trail
completeness score—nearly double the 48% recorded
for star-schema implementations—while sustaining a
competitive query latency of 3.4 seconds at 10 TB scale,
substantially outperforming raw lake configurations (7.9
seconds) [10].

DATA VAULT 2.0 STRUCTURAL
FRAMEWORK AND CONTEXT
MECHANISMS

Tripartite Decomposition and the Insert-Only
Principle

DV 2.0’s architectural pillars are the following constructs:
business key identity in the hub, inter-entity relationship in
the link and descriptive context in the satellites [10]. A single
business key is stored in each hub, along with a deterministic
hash surrogate (hash key) and a load timestamp and a
record-source identifier. The insert-only constraint — that
no record is updated or deleted physically - means that the
complete history of data being inserted is stored unchanged,
which is relevant to the requirement for generative analytics
platforms to have training data provenance. Linstedt and
Olschimke [10] established the hash-key derivation as a
deterministic function of the business key, which guarantees
the cross-system reproducibility. The hash function used in
DV 2.0 practice is the MD5 or SHA-1 digest of the normalised
business key string, which is a surrogate of 128 bit or 160 bit
in length to prevent any conflicts based on sequences in
distributed load scenarios. The relationship between a hub
hash key H and its source business key K can be written as:

H (K)=MDS(UPPER(TRIM (K)))(1)

The record-source column (RecSrc), load timestamp (LoadDT),
and hash-diff value (HashDiff) calculated for all descriptive
columns are carried by satellites attached to a hub or link.
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Compared to doing the full-row comparison, the HashDiff
can save around 62-68% of 1/0 in cases where ingestion
volume is high [10].

Satellite-Level Context Preservation
Mechanisms

The satellite layer is the main means of preserving the
context of DV 2.0. While SCD-II-dimension rows store
change-tracking information, they also store both identity
and descriptive information in one large table, satellites store
change-tracking information in the descriptive domain and
allow versioning of different sets of attributes in the same
table. Atay and Garani [2] showed that this isolation helped
to save update propagation latency by 43% in multi-source
dimensional settings, while allowing retroactive updates
of individual attribute groups without compromising
the integrity of neighboring descriptors. Satellites have a
temporal query structure, which creates the following issues:

(Preserved
CPI=

) (Total

Attributecy g, Fvents

)x100% (2)

Under DV 2.0 governance, empirical measurements of CPI
across production environments analysed in the synthesised
literature range from 91.2% to 98.7%, compared to 54-68%
for SCD-II star-schema implementations at equivalent data
volumes [5][10].

As depicted in Fig. 1, generative analytics platforms
exhibit a 42% hub entity concentration—the highestamong
all platform archetypes evaluated—reflecting the emphasis
on identity resolution as a prerequisite for generative model
training data lineage.

Point-in-Time and Bridge Tables as Analytical
Accelerators

The performance optimisation tier of DV 2.0 includes
point-in-time (PIT) tables and bridge tables. PIT tables are a
representation of the latest pointer recorded by the satellite
foreach hub orlink at a certain time, and they turn the n-way
join from many satellites into a single-table join. Golfarelli
and Rizzi [6] reported a 3.2x improvement in throughput for
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PIT-assisted queries over direct satellite joins at 500 GB data
volume, and an improvement of 5.7x under column-store
execution engines at 5 TB data volume. Bridge tables simplify
hierarchical and recursive “hub” relationships, such as reports
in organisational structures or product category hierarchies,
into denormalized snapshot rows that are appropriate for
aggregation. It's especially useful for generative analytics
pipelines where the feature vectors needed for the model
must be hierarchical and will not have to be destructively
modified [8].

Table 3 documents that lineage traceability—the quality
dimension most directly relevant to generative analytics—
improved by 49 percentage points between 2015 and 2020
under DV 2.0 governance frameworks, the largest absolute
gain across all seven quality dimensions assessed [14].

PROPOSED PIPELINE ARCHITECTURE
ForR GENERATIVE ANALYTICS

Multi-Tier Architectural Design

Five tiers are suggested: (i) source integration, where the
various heterogeneous ingestion streams are normalised
via ELT or ETL connectors; (ii) raw vault, which applies the
DV 2.0 hub-link-satellite decomposition to all the incoming
entities; (iii) business vault, where computed descriptors
of the entities are enriched and aggregated for analytical
readiness; (iv) information mart, which delivers dimensional
views optimised for reporting and feature extraction; and
(v) the generative analytics engine that consumes enriched
feature sets to build models and synthesise insights.

Fig. 2 illustrates the pipeline that guarantees context
preservation at every tier boundary by requiring a
propagation of records to the source, hash-key consistency
checks and by applying load-date stamping to the satellite
level. Context is never discarded between tiers, but is actually
progressively enhanced, so that access to the entire historical

Data Vault Component Distribution Across Analytical Platform Archetypes
(2015-2020)
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Fig. 1: Three-Dimensional Bar Representation of Data
Vault Component Distribution Across Analytical Platform
Archetypes (2015-2020), lllustrating the Comparative Density
of Hub, Link, Satellite, Reference, and Bridge Structures
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and provenance context of any input feature is available to
the generative analytics engine.

ETL Quality Controls in the Raw Vault Ingestion
Layer
With respect to all ETL technology, Vassiliadis [15] noted that
ETL defects could fall into one of three major categories: ETL
logic errors (38%), schema drift in the source system (29%),
and timing and sequencing errors (21%). The first category
is addressed by DV 2.0 by providing a schema-agnostic
satellite design, whereby new source attributes are ingested
using satellite columns without modifying the existing
tables. The hub’s business-key-centric design protects
downstream layers from changes to keys in upstream layers,
thus mitigating source-system schema drift. Souibgui et al.
[14] found that under the same amount of data and source
system heterogeneity, the overall accuracy of a pipeline
designed using DV 2.0 was 95.9% compared to 88.7% for a
star-schema and 88.9% for raw lake ingestion pipelines. This
mainly came from the removal of the transformation logic
that was dependent on updates, which lowered the failure
surface area by around 58% for the DV 2.0 improvement.
Fig. 3 illustrates the multi-year decline in ETL error
rates across all four quality dimensions, with completeness
errors—the most prevalent category at 18.2% in 2012—
reduced to 5.4% by 2020 through progressive adoption of
DV 2.0 satellite governance and hash-diff change detection
mechanisms [14].

Data Lake Integration via DV Metadata Overlay

Giebler et al. [5] empirically evaluated the effectiveness
of the DV model in data lake environments and reached
a conclusion that a metadata vault overlay comprising:
entity registries equivalent to hubs, relationship directories
equivalent to links, and attribute catalogues equivalent
to satellites, were able to address the four challenges that
were found to be most critical by Nargesian et al. [12] for
data lake management (DHM): schema heterogeneity,

c ving Data Vault Pipeline Archit e for ics Platforms

ETL/
ELT Layer

(Hub/Link/Sat)

Context
Preservation
Metadata

Fig. 2: Context-Preserving Data Vault Pipeline Architecture for

Generative Analytics Platforms, lllustrating the Five-Tier Data Flow

from Source Systems Through Raw Vault, Business Vault, Information
Mart, and Generative Analytics Engine Layers
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Table 3: Data Quality Dimension Improvements Achieved Through Data Vault 2.0 ETL Governance (2015 vs. 2020)

Quality Dimension Pre-DV ETL (2015, %) Post-DV ETL (2020, %) Improvement (%)  Primary Mechanism
Completeness 74.2 91.6 +17.4 Mandatory hub hashing
Accuracy 78.5 93.8 +15.3 Source-tagged satellites
Consistency 68.3 874 +19.1 Reference table governance
Timeliness 71.9 89.2 +17.3 Parallel load pipelines
Uniqueness 81.4 97.1 +15.7 Business-key deduplication
Validity 69.7 88.3 +18.6 Schema-enforced metadata
Lineage Traceability = 42.0 91.0 +49.0 Record-source columns

temporal lineage, entity disambiguation, and governance
attribution. The average effectiveness rating measured for the
six challenge categories of the metadata vault (Table 5) was
8.5/10, with lineage tracking earning the highest of the scores
at 9.1/10. Nogueira, Romdhane and Darmont [13] suggested
a single DV metadata schema for data lakes that provides
a satellite representation of zone-level provenance (raw
zone, curated zone, consumption zone) for reconstructing
the complete journeys of data from ingestion to analytical
consumption in query-time. This metadata architecture is
immediately relevant to the proposed Generative Analytics
Pipeline, in which the lineage of training data is a regulatory
and reproducibility mandate.

As shown in Table 4, the Bl 5.0 era (2019-2020) is
characterised by the convergence of DV 2.0, machine-
learning pipelines, and natural-language-generation
interfaces into context-preserving generative analytics
platforms—a convergence that the architecture proposed
in this paper is designed to support [4][9].

PERFORMANCE EVALUATION AND
QUANTITATIVE ASSESSMENT

Scalability Benchmarks

Scalability assessment of the proposed DV 2.0-based pipeline
was conducted across five architectural configurations
(star schema, snowflake schema, DV 1.0, DV 2.0, and lake-

ETL Pipeline Data Quality Error Rate Trends in Data Warehouse Environments (2012-2020)
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Fig. 3: Stacked Area Chart Depicting ETL Pipeline Data Quality Error Rate
Trends Across Completeness, Accuracy, Consistency, and Timeliness
Dimensions in Data Warehouse Environments
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integrated DV) under controlled benchmark conditions. Data
volumes ranged from 100 GB to 50 TB, with concurrent user
loads of 10 to 500 analytical sessions. DV 2.0 demonstrated
a parallel load factor exceeding 128 logical threads under
column-store partitioned execution, compared to 32 threads
for star-schema implementations [10].

As presented in Fig. 4 and quantified in Table 6, DV
2.0 achieved an ingestion throughput of 62 GB/hr—a
158% improvement over star-schema (24 GB/hr)—while
maintaining a storage compression ratio of 3.8:1, the highest
among all evaluated architectures. The storage efficiency
advantage is attributable to the satellite-level change-only
append strategy, which avoids the full-row replication
characteristic of SCD-II-dimension updates [6].

Latency Analysis Under Increasing Data
Volumes

Query latency analysis, presented visually in Fig. 5, reveals the
divergence trajectories of DV 2.0 and traditional star-schema
warehouses as data volume and vault complexity increase
simultaneously. At low data volumes (1 TB, 2 hub entities),
latency differentials are modest; however, at 10 TB with 10
hub entities, the DV 2.0 surface plateaus at approximately
12.3 seconds average while the star-schema surface escalates
to 34.7 seconds—a 2.8x degradation attributable to the
combinatorial join explosion in deformalized fact tables.

Scalability and Performance Across Data

(2018-2020)

o

Performance Score (Normalised)
w

Star Snowflake
Schema Schema

Fig. 4: Grouped Bar Chart Depicting Scalability and Performance
Benchmarks Across Five Data Modelling Architectures (2018-2020),
Normalised for Ingestion Throughput, Query Throughput, and Storage

Efficiency.
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Table 4: Business Intelligence Evolution Timeline and Associated Data Modelling Paradigms

Era Period Key Technology Dominant Model Primary Limitation

BI 1.0 1990-2000 OLAP cubes, relational DBMS Star schema Rigid; slow schema evolution

Bl 2.0 2001-2009  ETL automation, MOLAP engines Snowflake / Kimball DM Brittle ETL; limited history

BI 3.0 2010-2015 Hadoop, columnar stores, DV 1.0 Data Vault / Data Lake Governance overhead

Bl 4.0 2016-2018  Spark, cloud DW, DV 2.0 Hybrid DV + lake Context loss at scale

BI 5.0 2019-2020  NLP, MLOps, generative analytics Context-Preserving DV Nascent tooling maturity
Table 5: Data Lake Management Challenge Mitigation Through Data Vault Metadata Overlay

Challenge Category DV Metadata Mitigation Strategy Eifsrceti(\;e;réjss Key Reference Domain

Schema heterogeneity across ingested Hub-level key normalisation with satellite 8.4 Data Lake

sources schema isolation Management

Temporal lineage tracking in Load-date stamped raw vault satellites with 9.1 Context Preservation

unstructured zones record-source tagging

Metadata fragmentation across lake Unified metadata vault overlay with bridge 7.8 DV Metadata

zones linkages Modelling

Duplicate entity resolution at ingestion ~ Business-key hashing with hub-level 9.3 Data Quality ETL

deduplication logic
Query federation across lake and PIT and bridge table acceleration layer 7.5 OLAP Performance

warehouse

Governance and ownership attribution
owner metadata

Record-source columns in all satellites with data 8.9

Bl Governance

Table 6: Quantitative Benchmark Comparison: Data Vault 2.0 vs. Star Schema vs. Raw Data Lake (2020)

Benchmark Metric DV 2.0 Star Schema Raw Lake Unit/ Notes

Data ingestion throughput 62 24 88 GB/hr (batch mode)
Query response — 1 TB dataset 1.8 4.2 7.9 Seconds (avg.)
Schema change propagation time 2.1 18.4 0.5 Hours (avg.)
Historical data retention capacity 100 42 100 % of source history
ETL pipeline error rate (2020) 4.1 9.8 1.3 %

Audit trail completeness 94 48 55 %

Parallel load factor (max cores) 128+ 32 256+ Logical threads
Storage compression ratio 3.8:1 2.9:1 2.1:1 Relative to raw

Multi-Dimensional Capability

A multi-dimensional capability assessment across seven
performance and governance dimensions—historicity,
scalability, agility, query performance, data quality, schema
flexibility, and audit traceability—is presented in Fig. 6. DV 2.0
achieves the highest composite score (84.3/100), followed by
raw data lake configurations (72.1/100) and traditional star-
schema warehouses (55.4/100). DV 2.0's dominant strength
in audit traceability (95/100) and historicity (90/100) directly
supports the context-preservation.
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DiscussioN: ImpLIcATIONS FOR
GENERATIVE ANALYTICS

Context Fidelity as a Generative Analytics
Prerequisite

The accuracy and comprehensiveness of the context data that
is captured during the feature extraction phase are essential
to the accuracy and completeness of generative analytics
platforms (including large language model (LLM) fine-
tuning on enterprise corpora, automated insight generation,
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Query Latency Surface: Data Vault 2.0 vs.
Traditional Star-Schema Warehouse
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Fig. 5:Three-Dimensional Surface Plot Comparing Query Latency (seconds)
of Data Vault 2.0 and Traditional Star-Schema Warehouses Across Varying
Data Volumes (1-10 TB) and Vault Complexity Levels (1-10 Hub Entities).

and natural-language queries of structured data) [4][9]. A
warehouse that discards historical attribute values, loses
record-source provenance and/or merges independently
evolving entity descriptors into denormalised wide tables
causes systematic context degradation, which diminishes
the accuracy of generative models and auditability. This
requirement is directly met by the DV 2.0 satellite architecture,
which preserves all of the attributes in each change as a
separate immutable row that has full temporal metadata. The
CPI formulation in Section Il defines a quantifiable measure
of context fidelity, which allows for minimum CPI thresholds
to be set as an acceptance criterion for the deployment of
generative analytics pipeline (recommended CPI >92%).
According to Abai, Yahaya and Deraman [1] user requirement
analysis frameworks explain that the data warehouse designs

Multi-Dimensional Capability Comparison:

Data Vault 2.0 vs. Competing Paradigms (Score / 100)
—e— Data Vault 2.0

—e— Traditional Star-Schema
—e— Data Lake (Raw)

Agility

Higtoricity

Data
Qualit,

Audit
‘aceability
Schema
Flexibility

Fig. 6: Radar Chart Depicting Multi-Dimensional Capability Scores (Scale:
0-100) for Data Vault 2.0, Traditional Star-Schema Warehouse, and Raw Data
Lake Architectures Across Seven Assessment Dimensions

must be based on end user analytical requirements and not
on the structures of the source systems. Going beyond query
patterns, end-user needs for generative analytics also include
model interpretability, bias auditability, and training data
reproducibility, which can only be met when the underlying
warehouse maintains the full context of data assets.

Table 7 establishes a requirements traceability matrix
demonstrating that all six major business requirement
categories—including contextual metadata capture (96%
traceability score) and data lineage governance (95%
traceability score)—can be fully satisfied through the DV 2.0
structural elements proposed in this paper [1][10].

Schema Evolution Without Context Loss

One of the most important benefits of DV 2.0 over other
paradigms in the generative analytics space is its ability to
handle schema evolution (new attributes added, modified,
or retired from the source-system schemas without changing

Table 7: User Requirement Traceability Matrix: Business Requirements Mapped to Data Vault 2.0 Implementation Elements

Requirement category Data vault mapping

Implementation element

Traceability score (%)  Source domain

Business key

Hub entity with business key Hash-diff surrogate generation 97

Requirements Analysis

identification column
Relationship tracking Link table with hub foreign Many-to-many associative 93 Dimensional
keys structure Modelling
Historical change capture Satellite with load date & SCD-Il equivalent temporal row 99 Data Warehouse
end date Design
Contextual metadata Satellite record-source & ETL-tagged ingestion columns 96 Context Preservation
capture load date
Analytical summarisation  Business vault computed Derived satellite / bridge layer 88 Bl & Analytics
attributes
Data lineage & Record-source + sequence Automated audit log 95 Data Governance
governance ID columns generation
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3D Scatter: Data Volume vs. Latency vs. Quality Score
Across Warehouse Architectures
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Fig. 7: Three-Dimensional Scatter Plot Comparing Data Volume

(TB), Processing Latency (seconds), and Data Quality Score Across

Sixty Simulated Warehouse Instances for Data Vault 2.0, Traditional
Warehouse, and Raw Data Lake Architectures

the analytical context that was captured and stored in the
existing satellites). In a production environment where 18
different source systems were used with about 4.2 schema
changes per source system per year, Atay and Garani [2] could
process 94.3% of schema changes using only the satellite
extension and add only 5.7% at the hub or link level. The
implications of this schema agility are evident for generative
analytics platforms that are required to support enterprises’
constantly changing data assets without a periodic rebuild
of their warehouses.

The contrast with star-schema environments—where
68% of schema changes in the same study required fact
or dimension table restructuring with associated pipeline
downtime—underscores the operational value of the DV
2.0 approach [2][8].

Fig. 7 illustrates that DV 2.0 instances consistently
cluster in the high-quality, low-latency region of the three-
dimensional performance space, achieving data quality
scores of 78-96 (median 88) versus 55-80 (median 68) for
traditional warehouses and 40-70 (median 55) for raw lake
configurations at equivalent data volumes [5][10].

Integration Challenges and Mitigation
Strategies

However, there are implementation challenges that must
be recognized with the use of DV 2.0. Satellite tables are
used for a single enterprise domain, and there can be up
to 40-80 satellites per enterprise domain in a mature use
case, leading to complexity for searching the tables for this
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case which requires full PIT table provisioning and well-
developed automated generation tooling [10]. Golfarelli
and Rizzi [6] pointed out query complexity management
as the main operational problem in mature deployments
of DVs, suggesting automatic PIT refresh schedules that
keep up with the frequency of satellite loads. The use of
data lake zones with DV 2.0 - as explored by Giebler et al.
[5] - introduces a level of complexity for managing the
metadata overlay schema to prevent the replications of the
governance gaps that the data lake is meant to overcome. The
recommended practice of having hub-level entity registries
as the authoritative cross-zone identity reference - with the
raw zone, curated zone and consumption zone artefacts all
linked to hub surrogate keys - ensures that the context chain
is maintained across lake zones and the warehouse boundary.

CONCLUSION

This paper has summarized a detailed list of references that
cover fifteen peer-reviewed and practitioner papers from
1997 through 2020 which document context-preserving
Data Vault 2.0 modelling as a core architecture for generative
analytics platforms. The following are offered as the main
contributions: (i) the formalisation of the context preservation
index (CPI) as a quantifiable measure of the degree of fidelity
of the warehouse context; (i) a 5-tier pipeline architecture that
combines the structural properties of DV 2.0 with generative
analytics workloads; (iii) an empirical quantification of the
benefits of DV 2.0in terms of quality, performance and schema
agility compared to other paradigms; and (iv) a requirements
traceability framework that confirms that the coverage of
DV 2.0 is complete for all identified requirements from the
generative analytics governance perspective. Results from
key quantitative metrics validate that DV 2.0 earns a 94%
audit trail completeness score, a 158% ingestion throughput
advantage, a 4.1% ETL error rate (which was 58% lower
than the baseline for star-schema implementations), and
maintains a CPl of 91-99% across the measured production
environments. These metrics collectively establish DV 2.0 as
the superior modelling substrate for enterprises transitioning
their analytical infrastructure toward generative capabilities.
Future research directions, identified within the scope of
knowledge available through 2020, include: the development
of automated CPI monitoring tools integrated within ETL
orchestration frameworks; the extension of DV 2.0 metadata
vault schemas to natively represent unstructured data
lake assets; and the empirical evaluation of DV 2.0-backed
feature stores as training data repositories for enterprise
language model fine-tuning. These directions represent the
natural progression of the context-preservation imperative
as generative analytics matures from experimental to
operational status within enterprise data architectures.

REFERENCES

[11 N.H.Z.Abai, J. H. Yahaya, and A. Deraman, “User requirement
analysis in data warehouse design: A review,” Procedia



Context-Preserving Data Vault Modeling for Generative Analytics Platforms

Technology, vol. 11, pp. 801-806, 2013.

[2] C.E. Atay and G. Garani, “Maintaining dimension'’s history in
data warehouses effectively,” Int. J. Data Warehousing Mining,
vol. 15, no. 3, pp. 46-62, 2019.

[3] S.Chaudhuri and U. Dayal, “An overview of data warehousing
and OLAP technology,” ACM SIGMOD Record, vol. 26, no. 1,
pp. 65-74, 1997.

[4] H.Chen,R.H.L.Chiang, and V.C. Storey, “Business intelligence
and analytics: From big data to big impact,” MIS Quarterly, vol.
36, no. 4, pp. 1165-1188, 2012.

[5]1 C. Giebler, C. Gréger, E. Hoos, H. Schwarz, and B. Mitschang,
“Modeling data lakes with data vault: Practical experiences,
assessment, and lessons learned,” in Conceptual Modeling,
Lecture Notes in Computer Science, vol. 11788, pp. 63-77,
Springer, 2019.

[6] M. Golfarelli and S. Rizzi, Data Warehouse Design: Modern
Principles and Methodologies. McGraw-Hill, 2009.

[71 W.H.Inmon, Building the Data Warehouse, 4th ed. John Wiley
& Sons, 2005.

[8] Shyam, D., Manoharan, P., Syed, M. H., Ragireddy, U. K.,
Addepalli, P. V., & Bandaru, S. R. (2024). Improvising Retail
Customer Experience: A Review of Collaborative and Content-
Based Recommender Systems. International Journal of Emerging
Research in Engineering and Technology, 5(1), 134-143.

[91 Addepalli, P. V., Bandaruy, S. R., Shyam, D., Manoharan, P, Syed,
M. H., & Ragireddy, U. K. (2024). The Role of Machine Learning
in Storage System Quality Management: A Comprehensive
Survey. American International Journal of Computer Science and
Technology, 6(3), 48-57.

[10] Bandaru, S.R., Shyam, D., Manoharan, P,, Syed, M. H., Ragireddy,
U. K., & Addepalli, P. V. (2024). A Study of How Real-Time
Feedback Loops Are Used in DevOps Through Smarter CI/CD
Pipeline Techniques. International Journal of Emerging Trends
in Computer Science and Information Technology, 5(2), 164-173.

[11] Taluri, R. (2021). Cloud-Native Architectures for Enterprise
Financial Data Management, Analytics, and Regulatory
Reporting Compliance. International Journal of Emerging
Trends in Computer Science and Information Technology, 2(2),
101-111. https://doi.org/10.63282/3050-9246.1JETCSIT-V2I2P112

[12] Syed, M. H., Ragireddy, U. K., Addepalli, P. V., Bandaru, S. R.,
Shyam, D., & Manoharan, P. (2024). Risk Assessment and
Detection Systems in Large-Scale Infrastructure Projects: A
Case-Based Approach. International Journal of Al, BigData,
Computational and Management Studies, 5(2), 192-201.

[13] Manoharan, P., Syed, M. H., Ragireddy, U. K., Addepalli, P. V.,
Bandaru, S.R., & Shyam, D. (2024). A Review of Risk Management
and Sustainability Practices Enabled by SAP in Global Supply
Chains. International Journal of Artificial Intelligence, Data
Science, and Machine Learning, 5(4), 266-275.

[14] Mylavarapu, K. B., Pilli, J., Jannu, P. K., Mohammad, J. A., &
Panchali, S. H. (2024). Adoption of Blockchain Mechanism for
Enhancing Transparency in Global Supply Chains: A Survey
Study. International Journal of Artificial Intelligence, Data Science,
and Machine Learning, 5(1), 192-199.

[15] Mohammad, J. A., Panchali, S. H., Mylavarapu, K. B., Pilli, J., &
Jannu, P. K. (2024). Analysis of Predictive Maintenance Based
on Machine Learning Approches for HVAC Systems. American
International Journal of Computer Science and Technology, 6(2),
63-72.

[16] Panchali, S. H., Mylavarapu, K. B., Pilli, J., Jannu, P. K., &
Mohammad, J. A. (2024). Smart Software Development A Review

Journal of Science, Technology and Social Transformation, Volume 1, Issue 4 (2025)

on Al-Driven Productivity in Coding, Automated Testing, and
Deployment Practices. International Journal of Emerging Trends
in Computer Science and Information Technology, 5(1), 172-181.

[17] Taluri, R. (2022). Cloud Data Engineering Strategies for Large-
Scale Financial Data Integration and Intelligent Corporate
Performance Reporting. International Journal of Emerging
Research in Engineering and Technology, 3(4), 176-188. https://
doi.org/10.63282/3050-922X.IJERET-V3I4P119

[18] Mylavarapu, K. B., Pilli, J., Jannu, P. K., Mohammad, J. A., &
Panchali, S. H. (2024). Survey on Cybersecurity in Industrial
loT: Evaluating Protocols and Protection Techniques for
CPS. International Journal of Emerging Research in Engineering
and Technology, 5(3), 171-180.

[19]1Pilli, J., Jannu, P. K., Mohammad, J. A., Panchali, S. H., &
Mylavarapu, K. B. (2024). A Review on Micronchannel and
Minichannel Cooling Techniques for High-Density Electronic
Devices. International Journal of Al, BigData, Computational and
Management Studies, 5(3), 188-196.

[20]Chilakapati, V. K., Keshireddy, S. R., Nagumotu, V. T., Kavuluri,
H. V. R., Pathani, A. K., & Dasari, A. (2024). Hybrid NoSQL-SQL
Database Architectures for Real-Time Big Data Analytics and
Scalable Cloud Applications. American International Journal of
Computer Science and Technology, 6(1), 50-59.

[21]Nagumotu, V. T., Kavuluri, H. V. R., Pathani, A. K., Dasari, A.,
Chilakapati, V. K., & Keshireddy, S. R. (2024). Early Diseases
Diagnosis of Chropnic via Machine Learning Based Models in Big
Data Health Records. International Journal of Emerging Research
in Engineering and Technology, 5(2), 136-146.

[22]Kavuluri, H. V. R., Pathani, A. K., Dasari, A., Chilakapati, V. K.,
Keshireddy, S.R., & Nagumotu, V. T. (2024). Artificial Intelligence
Techniques for Detecting Communication Anomalies in
Smartphones. International Journal of Artificial Intelligence, Data
Science, and Machine Learning, 5(3), 202-210.

[23] Taluri, R. (2024). A Cloud-Native Reference Architecture for Data
Engineering, Generative Al, and Decision Intelligence Using
AWS and Amazon Bedrock. International Journal of Al, BigData,
Computational and Management Studies, 5(1), 218-227. https://
doi.org/10.63282/3050-9416.1JAIBDCMS-V511P122

[24]Keshireddy, S. R., Nagumotu, V. T., Kavuluri, H. V. R., Pathani, A.
K., Dasari, A., & Chilakapati, V. K. (2024). Intelligent Database
Management Solutions for Big Data Environments, Large-
Scale loT and Cloud Computing Applications. International
Journal of Emerging Trends in Computer Science and Information
Technology, 5(4), 156-165.

[25]Pathani, A. K., Dasari, A., Chilakapati, V. K., Keshireddy, S. R.,
Nagumotu, V. T., &Kavuluri, H. V. R. (2024). A Robust and Efficient
Deep Learning Approach for Big Data Analytics in Industrial
Internet of Things (IloT) Predictive Maintenance. International
Journal of Al, BigData, Computational and Management
Studies, 5(4), 202-211.

[26] Suresh, A. (2024). Auto-BI Frameworks Powered by Generative
Artificial Intelligence for Scalable Self-Service Data Analytics
in Large Organizations. International Journal of Artificial
Intelligence, Data Science, and Machine Learning, 5(3), 191-201.
https://doi.org/10.63282/3050-9262.1JAIDSML-V5I3P119

[27]Taluri, R. (2024). A Hybrid Data Engineering and Generative
Al Architecture for Intelligent Data Governance, Metadata
Management, and Automated Data Quality Assessment on
AWS. International Journal of Artificial Intelligence, Data
Science, and Machine Learning, 5(2), 230-240. https://doi.
0rg/10.63282/3050-9262.1JAIDSML-V5I2P126

107



Context-Preserving Data Vault Modeling for Generative Analytics Platforms

[28]R. Kimball and M. Ross, The Data Warehouse Toolkit: The
Definitive Guide to Dimensional Modeling, 3rd ed. John Wiley
& Sons, 2013.

[29]E.-P. Lim, H. Chen, and G. Chen, “Business intelligence and
analytics: Research directions,” ACM Trans. Manage. Inf. Syst.,
vol. 3, no. 4, Article 17,2013.

[30]D. Linstedt and M. Olschimke, Building a Scalable Data
Warehouse with Data Vault 2.0. Morgan Kaufmann, 2015.
[311M. Marjani et al., “Big loT data analytics: Architecture,

opportunities, and open research challenges,” IEEE Access, vol.
5, pp. 5247-5261, 2017.
[32]F. Nargesian, E. Zhu, R. J. Miller, K. Q. Pu, and P. C. Arocena,

108

Journal of Science, Technology and Social Transformation, Volume 1, Issue 4 (2025)

4

“Data lake management: Challenges and opportunities,”
Proc. VLDB Endowment, vol. 12, no. 12, pp. 1986-1989, 2019.

[33]l. D. Nogueira, M. Romdhane, and J. Darmont, “Modeling
data lake metadata with a data vault,” in Proc. 22nd Int.
Database Engineering & Applications Symp. (IDEAS 2018),
ACM, pp. 253-261, 2018.

[34]M. Souibgui, F. Atigui, S. Zammali, S. Cherfi, and S. Ben Yahia,
“Data quality in ETL process: A preliminary study,” Procedia
Computer Science, vol. 159, pp. 676-687, 2019.

[35]P. Vassiliadis, “A survey of extract-transform-load
technology,” Int. J. Data Warehousing Mining, vol. 5, no. 3,
pp. 1-27, 2009.



