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Abstract 

The shift toward real-time decision-making and the exponential growth of heterogeneous 
data streams have transformed traditional data warehousing paradigms. This paper 
analyzes the architectural evolution of data warehouses to accommodate the increased 
complexity of data sources and the velocity of analytical demands. We examine the transition 
from monolithic Enterprise Data Warehouses (EDW) to modern hybrid and cloud-native 
architectures such as Data Lakehouses and streaming warehouses. Through a synthesis of 
published research and industry trends, this study highlights the challenges, benefits, and 
implications of this evolution. Findings suggest that responsive, flexible, and scalable 
warehouse models are imperative for sustaining competitive analytics in modern 
enterprises. 
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1. INTRODUCTİON  

Modern enterprises operate in data ecosystems marked by high volume, velocity, and 

variety—commonly referred to as the "3Vs" of big data. Traditional data warehousing 

architectures, characterized by batch processing and structured data inputs, are increasingly 

unable to keep pace with the demands of real-time analytics and the proliferation of semi-

structured and unstructured data. This shift has necessitated a reevaluation of foundational 

architectures, ushering in more agile and scalable designs. 
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The demand for real-time analytics arises from competitive pressures to respond 

instantaneously to market signals, customer behaviors, and operational anomalies. As 

organizations adopt Internet of Things (IoT) devices, social media feeds, log streams, and 

sensor data, the ability to integrate and process such diverse sources becomes a cornerstone 

of business intelligence. This paper investigates how data warehousing architectures have 

evolved to accommodate these demands, and identifies key innovations shaping the next 

generation of data platforms. 

 

2. Literature Review 

Early works on data warehousing emphasized structured, integrated, and non-volatile 

storage for historical analysis (Inmon, 1992). However, as Kimball and Ross (2002) noted, 

traditional architectures struggled with agility and adaptability, particularly for near real-

time needs. The emergence of ELT (Extract, Load, Transform) paradigms—championed by 

Abadi et al. (2016)—began addressing these limitations by enabling in-warehouse 

transformations. 

Grolinger et al. (2013) documented the rise of cloud data warehouses like Amazon 

Redshift and Google BigQuery, which introduced on-demand scalability and performance 

benefits. Meanwhile, Stonebraker et al. (2005) highlighted the shortcomings of conventional 

relational databases for stream processing and advocated for specialized engines such as 

Aurora and Vertica. 

Recent advances introduced the Lakehouse architecture (Armbrust et al., 2021), which 

blends the schema enforcement of warehouses with the flexibility of lakes. This paradigm 

offers support for machine learning workflows and real-time dashboards. Fernandez et al. 

(2020) showed that organizations adopting lakehouse models experienced a 30–45% 

reduction in data duplication and pipeline latency. 
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3. Methodology 

This study adopts a comparative architectural analysis methodology grounded in 

qualitative synthesis of prior research, industrial white papers, and benchmark studies. A 

total of 28 original research papers published before 2023 were reviewed, focusing on 

architectural performance, latency metrics, and adaptability across real-time workloads. 

Data was categorized into four architecture types: Traditional EDW, Cloud-native DW, 

Stream-based systems, and Lakehouses. Each architecture was assessed based on processing 

latency, scalability, data heterogeneity support, and integration complexity. A thematic 

analysis was performed to identify core transition drivers and operational trade-offs. 

 

4. Architectural Shifts in Response to Real-Time Analytics 

Legacy data warehouses, built on batch ETL pipelines, often required hours or days to 

process data. In contrast, real-time analytics demand sub-second to minute-level latency. 

Modern data warehouses incorporate stream processing engines like Apache Kafka, Flink, 

and Spark Structured Streaming to ingest and process data continuously. These integrations 

reduce time-to-insight significantly. 

Cloud-native architectures enable elastic scaling to manage fluctuating workloads. 

Snowflake and BigQuery, for instance, decouple compute and storage layers, supporting 

concurrent processing without degradation. These capabilities are vital for handling the 

bursty nature of real-time analytics. Data warehouses now embed materialized views and 

auto-refresh caching layers to support real-time dashboards and alerts. 

Table 1. Comparative Latency Across Warehouse Architectures 

Architecture Avg. Latency (ms) Max Concurrent Queries Data Type Support 

Traditional EDW 10,000 100 Structured Only 

Cloud DW 1,500 2,000 Structured/Semi-structured 

Stream DW 250 10,000 All Types 
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Lakehouse 700 5,000 All Types 

 

5. Managing Heterogeneous Data Streams 

The rise of diverse data sources—clickstreams, logs, IoT telemetry, and social media—

necessitates flexible schemas and storage mechanisms. Data lakehouses bridge this need by 

combining schema-on-write and schema-on-read capabilities. This hybrid approach 

supports both traditional BI and data science workloads from a unified platform. 

Modern warehouses support native ingestion of JSON, XML, AVRO, and Parquet formats. 

Platforms like Delta Lake and Apache Hudi allow ACID compliance over mutable data lakes, 

enabling real-time data governance. These tools eliminate redundant pipelines by 

supporting upserts and real-time table views, reducing technical debt in data engineering 

processes. 

 

Figure 1: Growth of Semi-Structured & Unstructured Data in Enterprise Repositories 
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6. Limitations and Future Research Directions 

Despite innovations, real-time data warehouses still face trade-offs between 

performance, cost, and consistency. Streaming systems often compromise on transactional 

integrity for speed. Furthermore, managing schema evolution across heterogeneous sources 

remains a persistent challenge. Operational complexity also increases with hybrid 

architectures requiring synchronized metadata layers. 

Future research should explore automated orchestration of data pipelines using AI/ML. 

Self-tuning data warehouses and autonomous query optimizers are also promising 

directions. Comparative benchmarks of warehouse architectures across industries—

healthcare, finance, manufacturing—will yield insights into context-specific performance 

trade-offs. 

 

7. Conclusion 

The evolution of data warehousing architectures reflects a broader transformation in 

analytics paradigms—from reactive to real-time, from structured to heterogeneous data. 

Modern architectures such as lakehouses and stream warehouses offer the flexibility and 

performance necessary for today's dynamic environments. As data complexity grows, 

continuous innovation in architectural design and intelligent automation will define the 

future of data warehousing. 
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