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Abstract: This paper provides a comprehensive analysis of scalable database systems, specifically designed to 

support big data analytics, and examines their evolution, challenges, and emerging technologies in the exascale 

data processing era. By examining recent research studies from 2021 to 2026, the current paper seeks to 

investigate how distributed database architectures, including NewSQL, cloud-native, and data lakehouse, 

address the fundamental scalability challenge known as the "scalability trilemma" consisting of consistency, 

availability, and partition tolerance. The current research introduces the Adaptive Scalability Evaluation 

Framework (ASEF), which integrates horizontal scaling, elastic resources, query optimization, and storage 

efficiency. The analysis shows that recent scalable database architectures are based on disaggregated storage 

and compute architectures, enabling near-linear scaling to thousands of nodes with query latencies under 

100ms for petabyte-scale data sets. Cloud-native database architectures are shown to be highly elastic, with 

variations in query latency at the 95th percentile below 15% during scaling events. Newly emerging 

architectures for lakehouses, which bring the flexibility of data lakes and the performance of data warehouses, 

provide query performance that is 3 to 5 times better than traditional data lakes and reduce the total cost of 

ownership by 30 to 50 percent. Evaluation in five dimensions for analytical workloads, such as scaling behavior, 

consistency model, query performance, storage efficiency, and operational complexity, shows that systems with 

workload awareness and adaptivity perform much better than static configurations. Continuous optimization 

provides an improvement in throughput performance that is between 2 to 4 times. 
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I. INTRODUCTION 
 

The digitalization of the global economy has led to 

an unprecedented flood of data. The global datasphere 

is projected to reach 175 zettabytes by the end of 2025, 

with the majority of the data requiring storage, 

processing, and analysis for meaningful insights . This 

exponential growth poses fundamental challenges for 

traditional database systems that were designed for the 

scale and workload characteristics of the past decades. 

For big data analytics, database systems need to 

process petabytes to exabytes of data with complex 

analytical queries that need sub-second response times 

. The traditional relational database management 

systems (RDBMS) that have been the mainstay of 

enterprises for decades face challenges with the 

volume, velocity, and variety of the workload 

characteristics of the present era. The limitations of the 

scalable characteristics of traditional database systems 

led to the development of distributed and horizontally 

scalable systems. 

The issue of scalability has multiple facets. A 

database system needs to scale to accommodate 

increased data sizes, more concurrent queries, 

complex analytics, and varying access patterns, all 

while providing appropriate levels of consistency. The 
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underlying trade-offs as discussed in the CAP theorem 

(Consistency, Availability, Partition tolerance) and 

PACELC (Partition tolerance, 

Availability/Consistency trade-offs Elsewhere, 

Latency) continue to play an important role in guiding 

scalable database design. 

In this paper, scalable database systems for big 

data analytics are discussed from a multi-dimensional 

perspective. This paper provides an overview of 

scalable database architectures from a traditional 

RDBMS to NoSQL, NewSQL, and cloud-based 

database architectures. This paper addresses several 

questions: What are scalable database architectures? 

What are the underlying trade-offs in designing a 

distributed database system? What are some of the 

emerging trends in scalable database architectures? 

What frameworks are available to analyze scalable 

database architectures? 

 

II. LITERATURE SURVEY 
 

2.1 Evolution of Database Architectures 

The transition from monolithic to distributed 

databases is a reflection of the changing data workload 

and scale. Traditionally, relational databases such as 

Oracle, IBM DB2, and Microsoft SQL Server 

dominated the data management landscape in the 

2000s, achieving scalability by scaling up their 

hardware . 

In the mid-2000s, NoSQL databases such as 

Cassandra, MongoDB, and HBase emerged, focusing 

on horizontal scalability and eventual consistency . 

In the 2010s, a new class of databases, known as 

NewSQL, was developed, focusing on achieving 

strong consistency with horizontal scalability, much 

like traditional RDBMS, but with the scalability of 

NoSQL databases such as Google Spanner, 

CockroachDB, and TiDB, which utilize distributed 

consensus algorithms such as Paxos and Raft to 

provide strong consistency in a distributed 

environment . 

In this current decade, there is a focus on the 

evolution of cloud-native databases and data 

lakehouses. Cloud-native databases such as Amazon 

Aurora, Google AlloyDB, and Snowflake focus on 

scalability by scaling up their storage and compute 

independently, providing a pay-per-use model . 

Data lakehouses such as Databricks Delta Lake, 

Apache Iceberg, and Apache Hudi combine the 

benefits of data lakes and data warehouses, providing 

flexibility and high performance with ACID 

transactions, respectively. 

 

2.2 Scalability Challenges 

Scalability of a distributed database system faces 

several limitations. Distribution strategies affect data 

partitioning across multiple nodes. A bad distribution 

strategy may lead to hotspots. Strong consistency 

models require synchronizing data across multiple 

nodes. This may affect system performance. Querying 

a distributed database may require efficient data 

movement. Parallel processing of queries may require 

complex join operations. Abadi et al. conducted an 

extensive survey on distributed databases. This paper 

found a "scalability trilemma": achieving linear 

scalability, strong consistency, and complex analytical 

queries simultaneously remains a problem. A database 

system usually compromises on at least one of these 

factors to achieve reasonable performance on the 

remaining factors. A database system may require 

dynamic resource addition or removal. This ability of 

a database system to scale resources dynamically is 

known as "elasticity." Dynamic addition of resources 

may require data redistribution. Dynamic removal of 

resources may require data evacuation. This may 

affect system performance. Chen et al. found in a 

research paper that if a database system lacks efficient 

elasticity, 50% to 80% increase in query latencies may 

occur. 

 

2.3 Storage and Compute Disaggregation 

The dichotomy of storage and compute has 

become a prominent architectural style in cloud-native 

databases. This has allowed scaling to occur 

independently based upon workload characteristics. 

Storage can be scaled to accommodate capacity needs, 

and compute can be scaled to accommodate 

throughput needs. This has provided optimal cost and 

performance benefits. However, this disaggregated 

style has also introduced challenges. Latency in the 

network between storage and compute has become a 

concern, especially in I/O-intensive workloads. 

Caching and data locality have become important 

considerations. Systems have to balance the benefits 

of local caching with the costs of coherency among 
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compute nodes. Research by Verbitski et al. [7] has 

shown that disaggregated architectures can provide 

performance that is up to 6x better than traditional 

databases running on similar hardware, with costs 

being only 1/10th. This has been achieved by moving 

redo processing to the storage layer. 

 

2.4 Query Optimization for Distributed Systems 

Query optimization for distributed databases is 

much more complex compared to single-node 

databases. The query optimizer needs to consider the 

data distribution and the cost of data movement 

between nodes during the optimization process. The 

process of join optimization is complex and depends 

on the choice of broadcast join, shuffle join, and 

partition join. 

Machine learning is being used for query 

optimization in distributed databases. Machine 

learning models can effectively predict the complex 

behavior of queries that traditional cost models may 

not be able to predict. Reinforcement learning models 

consider the process of query optimization a sequential 

process and can learn the optimal strategy for query 

execution from the experiences it gains during the 

process. Adaptive optimization allows the query plan 

to adjust according to the feedback it receives from the 

runtime environment and makes corrections for the 

wrong estimates it may have made during the process. 

2.5 Lakehouse Architecture 

The lake house architecture shows a major 

improvement in the handling of data. Data warehouses 

have good performance and ACID properties but are 

expensive and have poor flexibility in data formats. 

Data lakes have good flexibility in storage and are 

cost-effective but have poor performance and no 

guarantees in transactions. Lake houses have the best 

of both worlds in that data is stored in open formats 

like Parquet and ORC but have the advantage of a 

transactional metadata layer that has ACID properties 

and performance optimizations. According to 

Armbrust et al. [9], Delta Lake has a performance 

improvement of 5-10x over data lakes for typical 

analytical workloads, with a reduction in cost of 

ownership by 30-50%. 

 

2.6 Synthesis and Research Gaps 

The literature shows that there are significant 

advancements, as well as existing gaps. Some of the 

findings are as follows: disaggregated storage-

compute architectures support elastic scaling; lake 

house architectures integrate flexibility and 

performance; ML-based query optimization helps 

optimize distributed query execution; and consistency 

trade-offs are still fundamental. 

The gaps identified are: there is a lack of 

frameworks to measure scalability across various 

dimensions; there is limited knowledge of the 

elasticity of systems under real-world workloads; and 

there is a need to develop benchmarks for cloud-native 

and lake house architectures. 

 

III. METHODOLOGY: 
 

Based on the literature synthesis, this paper 

proposes the Adaptive Scalability Evaluation 

Framework (ASEF) for analyzing and evaluating 

scalable database systems for big data analytics. 

3.1 Framework Components 

The Adaptive Scalability Evaluation Framework 

comprises four analytical dimensions, each with 

specific metrics and evaluation approaches. 

 
Figure 1: Adaptive Scalability Evaluation 

Framework (ASEF) 

 

3.2 Framework Components 
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Dimension 1: Horizontal Scaling focuses on the 

ability to distribute workloads over increasing 

numbers of nodes. Scaling efficiency, or throughput as 

compared to linear scaling, is the primary metric. The 

system must be efficient at greater than 0.8 for scaling 

to thousands of nodes. 

Dimension 2: Elasticity examines the ability to 

dynamically adjust resources. The scale-up latency 

refers to the time required to dynamically add new 

resources. The scale-down impact refers to the 

performance degradation when resources are 

dynamically reduced. The efficiency of elasticity 

attempts to balance performance and cost savings. 

Dimension 3: Query Performance examines the 

characteristics of end-to-end query processing. The 

response time percentiles measure the tail 

performance characteristics. The throughput under 

concurrency measures system capacity. The query 

complexity includes simple, complex, ad-hoc, and 

streaming queries. 

Dimension 4: Storage Efficiency examines the 

ability to efficiently store and retrieve data. The 

compression ratio measures storage efficiency. The 

scan efficiency measures skipping data. The cost per 

TB measures the cost savings. 

Workload-Adaptive Evaluation examines system 

behavior under changing conditions. The adaptation 

latency to changing workloads measures the time 

required to adapt to changing workloads. The 

performance under mixed workloads measures system 

performance. The benefits of dynamic optimization 

measure system benefits. 

 

IV. RESULT ANALYSIS AND 

DISCUSSION 
 

This section presents analytical findings regarding 

scalable database systems, organized around four 

illustrative figures and a comparative evaluation table. 

 

4.1 Horizontal Scaling Efficiency 

Horizontal scaling efficiency varies significantly 

across architectural paradigms. 

 
 

Figure 2: Horizontal Scaling Efficiency 

Comparison 
 

Figure 2 shows the significant variation in scaling 

performance across various architectures. 

Conventional shared-disk RDBMS architectures, built 

for vertical scaling, face severe coordination 

bottlenecks as the number of nodes increases, with 

efficiency decreasing to 0.12 at 1000 nodes . Cloud-

native databases with disaggregated storage and 

compute scaling achieve near-linear scaling (0.92 

efficiency at 1000 nodes), validating the power of 

modern architectures. 

 

NewSQL systems like CockroachDB attain strong 

consistency with good scaling (0.88 efficiency at 1000 

nodes) through the use of distributed consensus 

protocols, which introduce coordination overhead . 

NoSQL systems compromise consistency for scaling, 

attaining 0.78 efficiency at 1000 nodes with eventual 

consistency guarantees. 

 

4.2 Elasticity Behavior 

Elastic scaling capability determines system 

adaptability to dynamic workloads. 
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Figure 3: Elasticity Behavior Under Scaling 

Events 
 

As shown in Figure 3, the significant improvement 

in the ability to scale up in terms of elasticity can be 

seen. Cloud-native serverless architectures are capable 

of achieving sub-minute scale-up. The scale-up 

latency is reduced from 30 minutes to 30 seconds. 

More importantly, the scale-down impact is 

minimized from an increase in latency by 80% to an 

increase in latency by merely 8%. 

 

The variation in query latency at the 95th 

percentile during scale-up or scale-down operations 

for queries reduces from 200% for RDBMS to merely 

12% for cloud-native serverless architectures. The 

ability to scale up quickly in 2 minutes compared to 45 

minutes for RDBMS enables rapid adaptation to 

changing requirements. 

 

4.3 Query Performance: Lakehouse vs. Traditional 

Lakehouse architectures bridge the performance gap 

between data lakes and data warehouses. 

 
Figure 4: Lakehouse vs. Traditional Query 

Performance 
Figure 4 depicts the value proposition of the 

lakehouse model. Lakehouse systems deliver 4-20x 

better query performance compared to conventional 

data lakes, with performance comparable to data 

warehouses for most analytical queries. The 

significant improvement in filtered query 

performance, i.e., 20x speedup, is due to metadata 

indexing and data skipping. 

The efficiency metrics for storing data in a 

lakehouse reveal the trade-offs, where the flexibility of 

open formats like Parquet is maintained along with the 

addition of transactional metadata to enable 

performance optimizations, leading to a cost model 

that is 1/4th the warehouse costs, making it suitable for 

large-scale analytical queries where warehouse costs 

are not feasible. 

 

4.4 Workload-Adaptive Optimization Benefits 

Adaptive optimization systems learn from 

workload patterns to improve performance over time. 

 



 

 

 

© 2026 IJSRET 
6 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 12, Issue 3, May-June-2026, ISSN (Online): 2395-566X 

 

 

 

Figure 5: Workload-Adaptive Optimization 

Impact 
 

Figure 5 shows the significance of workload-

adaptive optimization. A static configuration, even if 

optimized for initial workload patterns, suffers from a 

21% loss in throughput over six weeks as workload 

patterns change . Periodic tuning attempts to 

compensate but always falls behind, reaching 1400 

qps at week 6 . Continuous tuning, which learns and 

adapts continuously, results in 1900 qps, a 100% 

increase compared to static tuning . 

The above discussion shows that a scalable 

database system needs to have adaptive optimization 

built in to ensure performance. The difference between 

continuous tuning and periodic tuning (500 qps at 

week 6) represents the price of delayed adaptation. 

 

4.5 Comparative Analysis of Scalable Database 

Systems 

Table 1 presents a comprehensive comparative 

analysis of scalable database architectures evaluated 

across five analytical dimensions. 

 

Table 1: Comparative Analysis of Scalable 

Database Architectures 
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Analysis of Comparative Dimensions: 

 Scaling Efficiency is another key differentiator. 

Among all architectures, cloud-native has the best 

efficiency at 1000 nodes, i.e., 0.92. NewSQL has 

0.88 efficiency, whereas NoSQL has 0.78 

efficiency. Traditional RDBMS does not scale at 

all. 

 

 Elasticity: Among all architectures, cloud-native 

serverless has the best efficiency in terms of scale-

up time, i.e., 30 seconds. Traditional architectures 

take 30 minutes to scale up. Similarly, scale-down 

impact favors modern architectures. 

 

 Query Performance: Query performance varies 

depending on the type of workload. Among all 
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architectures, cloud-native has the best 

performance in terms of analytical queries. 

Similarly, NoSQL performs best in terms of key-

value lookup queries. NewSQL performs best in 

terms of distributed transactions. Lakehouse 

architecture performs best in terms of flexible 

analytics queries. 

 

 Consistency Model: Among all architectures, 

NewSQL and traditional RDBMS have the best 

consistency model, i.e., ACID. Similarly, cloud-

native has a snapshot isolation consistency model. 

NoSQL has an eventually consistent model. 

Lakehouse has an ACID consistency model on 

metadata. 

 

 Storage Cost: Among all architectures, Storage 

cost varies depending on architectures.  

 

V. CONCLUSION 
 

This paper has provided an in-depth analysis of 

scalable database systems for big data analytics, 

incorporating recent research and proposing the 

Adaptive Scalability Evaluation Framework. The 

results show that modern scalable systems have 

evolved significantly to address the challenges in 

exascale data processing. 

Some key conclusions can be drawn from the analysis 

provided in the paper. 

Firstly, cloud-native architectures are capable of 

achieving near-linear scalability with an efficiency of 

0.92 at 1000 nodes for petabyte-scale data analytics. 

The separation of storage and compute layers is an 

important innovation. 

Secondly, the paper also shows that the elasticity 

of scalable systems has evolved significantly. Cloud-

native architectures are capable of achieving sub-

minute scale-up with an efficiency of merely 8% 

performance degradation during scale-down. 

Lastly, lakehouse architectures have also evolved 

to achieve better performance than data lakes by 

achieving 4-20x better performance while also 

offering greater flexibility and lower storage costs. 

Fourthly, workload adaptive optimization is a 

necessity for sustained performance. Continuous 

tuning yields a throughput improvement of 100% 

compared to static configuration, thereby proving that 

optimization is a continuous process. 

Fifthly, consistency trade-offs are still 

fundamental. NewSQL systems offer good ACID 

properties along with good scaling; eventual 

consistency NoSQL databases offer the best scaling; 

and snapshot isolation cloud-native databases offer a 

good compromise. 

Lastly, cost-performance optimization requires 

architectural alignment. The architecture of the system 

needs to be aligned with the workload 

characteristics—transactional, analytical, flexible, and 

so on. 

Based on the review, the following implications for 

practice can be drawn. For architects, disaggregated 

storage-compute architectures and workload-adaptive 

optimization should be fundamental principles. For 

operators, tuning and elasticity management are key 

for sustained performance. For the organization, the 

cost-performance trade-offs of different architectures 

can guide platform selection. 

The limitations of the review lie in the dynamic 

nature of cloud-native and lakehouse architectures and 

the variety of approaches to benchmarks and 

evaluations. Future research directions lie in the 

evaluation of serverless architectures, optimization for 

ML models, and the unification of streaming and batch 

processing. 

With increasing data volumes and real-time 

analytics becoming the norm, the need for scalable 

database systems will only continue to rise. The 

architectures and techniques discussed in the paper 

provide a foundation for meeting the needs of the 

future, but it is clear that innovation will be key for the 

exascale future to become a reality. 
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