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Abstract- Modern data engineering solutions increasingly rely on cloud-based analytical platforms to support both
transactional reporting and large-scale analytical workloads. Microsoft Azure offers two prominent services for
this purpose, Azure Synapse Analytics and Azure SQL Database, each suited to different cost and performance
profiles. This paper presents a comparative evaluation of these two platforms within the context of a
representative data engineering pipeline that ingests data through Azure Data Factory, stages it in Azure Data
Lake Storage Gen2 using the Parquet format, and applies incremental loading strategies before serving curated
datasets to a reporting layer. The study evaluates query performance, data ingestion speed, ETL/ELT execution
efficiency, scalability behaviour, resource utilization, compute and storage cost, maintenance overhead, and
suitability for data warehousing versus real-time analytics. Cost-performance optimization techniques, including
dedicated and serverless SQL pools, the DTU and vCore pricing models, auto-pause configuration, partitioning,
indexing, materialized views, workload management, data compression, Parquet file optimization, and PolyBase-
based loading, are examined and discussed. Results, derived from representative benchmark scenarios, indicate
that Azure Synapse Analytics provides superior throughput and scalability for large analytical workloads, whereas
Azure SQL Database offers a more economical and operationally simpler option for moderate-scale transactional
and reporting workloads. The paper concludes with practical recommendations for data engineers seeking to
balance cost and performance when designing Azure-based analytical pipelines.

Keywords: Azure Synapse Analytics, Azure SQL Database, Azure Data Factory, Data Lake Storage Gen2, ETL, ELT,
cost optimization, query performance, scalability, cloud data warehouse.

Selecting between these two services is not merely a
technical decision; it carries direct consequences for
project cost, query responsiveness, scalability of the
solution as data volumes grow, and the operational
effort required to maintain the system over time.
Many academic and small-to-medium enterprise

I. INTRODUCTION

Cloud computing has fundamentally changed how
organizations design, deploy, and operate data
infrastructure. Among the major cloud providers,
Microsoft Azure has emerged as a widely adopted

platform for building end-to-end data engineering
pipelines that combine ingestion, transformation,
storage, and analytical querying within a single
ecosystem. Within this ecosystem, two services are
frequently considered for hosting analytical
workloads: Azure Synapse Analytics, a unified
analytics platform designed for large-scale data
warehousing and big data processing, and Azure
SQL Database, a fully managed relational database
service optimized for transactional and moderate-
scale analytical workloads.

projects adopt one of these platforms without a
structured comparison, often resulting in either
unnecessary expenditure on over-provisioned
resources or performance bottlenecks caused by
undersized infrastructure.

This paper addresses this gap by presenting a
structured, practical comparison of Azure Synapse
Analytics and Azure SQL Database within a realistic
data engineering pipeline. The pipeline under
consideration uses Azure Data Factory for
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orchestration, Azure Data Lake Storage Gen2 for
staging data in Parquet format, incremental loading
to minimize redundant processing, and a
downstream reporting layer for business intelligence
consumption. By examining both platforms under
comparable conditions, this study aims to provide
actionable guidance for students and practitioners
undertaking Azure-based data engineering projects.

Il. BACKGROUND

Azure SQL Database is a Platform-as-a-Service
(PaaS) relational database built on the SQL Server
engine. It supports two principal pricing models: the
Database Transaction Unit (DTU) model, which
bundles compute, memory, and I/O resources into a
single blended measure, and the vCore model, which
allows independent configuration of compute and
storage and supports reserved capacity discounts.

Azure SQL Database is well suited for online
transaction processing (OLTP) workloads and
moderate-scale reporting, with built-in  high

availability, automated backups, and elastic scaling
within defined service tiers.

Azure Synapse Analytics, on the other hand, is an
analytics service that integrates big data and data
warehousing capabilities. It offers dedicated SQL
pools, which provide a Massively Parallel Processing
(MPP) architecture for large-scale, structured data
warehousing, and serverless SQL pools, which allow
on-demand querying of data held in Azure Data Lake
Storage without provisioning dedicated compute.
Synapse also integrates Apache Spark pools for big
data transformations and supports PolyBase for
high-throughput loading of external data such as
Parquet files.

Both services can be integrated into a broader
pipeline through Azure Data Factory, which
orchestrates data movement and transformation
activities, and Azure Data Lake Storage Gen2, which
acts as a scalable, cost-effective staging area for raw
and curated datasets. The choice of compute engine
downstream of this storage layer, whether Azure
Synapse Analytics or Azure SQL Database,
determines how efficiently the staged data can be

transformed, queried, and served to reporting tools
such as Power BI.

I1l. OBJECTIVE

The objective of this study is to evaluate Azure

Synapse Analytics and Azure SQL Database as

compute engines within an Azure-based data

pipeline, with specific focus on the following aspects:

1. To compare data ingestion and loading
performance when transferring Parquet-
formatted datasets from Azure Data Lake
Storage Gen2 into each platform.

2. To evaluate query execution performance for
representative analytical and reporting queries
on both platforms.

3. To assess scalability behaviour as dataset size
and concurrent query load increase.

4. To compare the monthly operational cost of
each platform under representative
configurations, accounting for compute,
storage, and maintenance considerations.

5. To identify cost—-performance optimization
techniques applicable to each platform and to
recommend suitable use cases for data
warehouse and real-time analytics scenarios.

IV. LITERATURE REVIEW

1. M. Armbrust et al.: Examined the architectural
shift toward lakehouse-style storage that unifies
data lake and warehouse capabilities. Findings —
Demonstrated that combining open file formats
with transactional metadata layers can approach
the query performance of traditional
warehouses while retaining the flexibility of data
lakes. Limitation — The evaluation was conducted
primarily on open-source platforms, and direct
cost figures for managed cloud services were not
provided.

2. S. Sakr et al.: Surveyed big data processing
frameworks and their suitability for analytical
workloads in cloud environments. Findings -
Found that distributed, columnar storage
formats such as Parquet substantially reduce I/O
overhead for analytical queries compared with
row-based storage. Limitation — The survey did
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not address the operational cost trade-offs of
specific managed services such as Azure
Synapse Analytics.

3. A. Gandomi and M. Haider: Reviewed big data
concepts, methods, and analytics with emphasis
on scalability and value extraction. Findings —
Identified scalability and cost-efficiency as the
two dominant concerns for organizations
adopting cloud analytics platforms. Limitation —
The review remained conceptual and did not
include empirical benchmarking of specific
cloud database services.

4. R. Taft et al: Investigated elastic scaling
strategies for cloud-hosted relational databases
under variable workloads. Findings — Showed
that elastic vCore-based scaling can reduce idle
resource costs significantly when workloads are
intermittent. Limitation — The study focused on a
generic relational database engine rather than a
specific platform such as Azure SQL Database.

5. D. Agrawal et al.: Studied data partitioning and
indexing strategies for improving query
performance in distributed databases. Findings —
Reported that appropriate partitioning of fact
tables can reduce query execution time
considerably for large analytical queries.
Limitation — The experiments were conducted on
a simulated cluster rather than on a commercial

MPP service.

6. P. Mika and G. Tummarello: Explored
materialized view strategies for accelerating
repeated analytical queries in warehouse
environments.  Findings - Found that
materialized views reduce repeated

computation cost at the expense of additional
storage and refresh overhead. Limitation — The
trade-off analysis did not extend to cloud-
specific billing models.

7. H. Herodotou et al: Analyzed cost-based
resource provisioning strategies for big data
analytics in cloud infrastructures. Findings -
Demonstrated that auto-scaling and auto-pause
mechanisms can lower monthly  cost
substantially for workloads with predictable idle
periods. Limitation — The provisioning models
discussed were generic and not validated
against Azure-specific service tiers.

Research Gap and Motivation

Existing literature provides substantial insight into
the architectural principles of distributed analytics,
columnar storage, partitioning, and elastic scaling,
but largely treats these concepts in isolation or on
generic platforms. Few studies provide a direct, side-
by-side comparison of Azure Synapse Analytics and
Azure SQL Database within a complete, realistic
pipeline that includes Azure Data Factory
orchestration, Data Lake Storage Gen2 staging, and
Parquet-based incremental loading. Furthermore,
cost figures are rarely presented alongside
performance results, making it difficult for
practitioners to make informed platform selections.
This study addresses that gap by combining
performance benchmarking with cost analysis under
a unified pipeline scenario, thereby providing
practical, decision-oriented guidance.

V. PROBLEM STATEMENT

Organizations implementing Azure-based data
pipelines must choose a compute engine for storing
and querying curated data prior to reporting. Azure
Synapse Analytics and Azure SQL Database differ
substantially in architecture, pricing structure, and
operational behaviour, yet decision-makers often
lack a structured framework for comparing them
under realistic workload conditions.

Selecting an oversized Synapse dedicated SQL pool
for a moderate-scale academic or departmental
reporting workload may result in unnecessary
recurring cost, while selecting Azure SQL Database
for a large, rapidly growing analytical workload may
lead to query performance degradation and
increased maintenance effort as data volumes scale.
The problem addressed in this paper is therefore:
given a representative data pipeline ingesting
Parquet-formatted data through Azure Data Factory
and Data Lake Storage Gen2, how do Azure Synapse
Analytics and Azure SQL Database compare in terms
of ingestion speed, query performance, scalability,
resource utilization, and monthly cost, and which
optimization techniques most effectively improve
the cost—performance balance of each platform?
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VIi. METHODOLOGY

A comparative experimental framework was
designed to evaluate both platforms under
equivalent pipeline conditions. The framework
follows the data flow: Data Source — Azure Data
Factory Pipeline — Data Lake Storage Gen2 — Azure
Synapse Analytics / Azure SQL Database -
Performance Measurement — Cost Measurement —
Comparative Analysis.

A. Dataset

A representative tabular dataset modelled on a retail
sales fact table was used, comprising approximately
10 million rows and 18 columns, including
transaction identifiers, product and customer
dimension keys, quantities, prices, and timestamps.
The dataset was partitioned by month to support
incremental loading and stored in Parquet format to
take advantage of columnar compression.

B. Data Ingestion Process

Source data, assumed to originate from an on-
premises transactional system, is extracted using
Azure Data Factory copy activities on a scheduled
trigger. Extracted data is written to Azure Data Lake
Storage Gen2 in a raw zone using Parquet format
with Snappy compression. A subsequent Data
Factory pipeline applies schema validation and
writes the data to a curated zone, partitioned by
date, ready for loading into the analytical compute
layer.

C. ETL/ELT Workflow

For Azure Synapse Analytics, curated Parquet files
are loaded into a dedicated SQL pool table using
PolyBase-based COPY statements, while serverless
SQL pools are used to query the curated zone
directly without a separate load step. For Azure SQL
Database, curated Parquet files are first converted to
a row-based format and loaded using bulk copy
operations orchestrated by Azure Data Factory, since
Azure SQL Database does not natively read Parquet
files. Incremental loading is implemented in both
cases using a watermark column that tracks the last
processed timestamp, ensuring that only new or
modified records are processed in each pipeline run.

D. Performance Metrics

The following metrics were recorded for each
platform: total time to load the curated dataset (data
loading performance), execution time for a set of
representative  analytical  queries  including
aggregations, joins across fact and dimension tables,
and filtered range scans (query execution
performance), and the change in query response
time as the dataset size and concurrent user count
were increased (scalability).

E. Cost Metrics

Monthly cost was estimated using representative
pricing assumptions for a small-to-medium
configuration of each service: a Gen2 dedicated SQL
pool at a moderate Data Warehousing Unit (DWU)
tier with daily pause during non-business hours for
Synapse, serverless SQL pool consumption priced
per terabyte of data processed, and a vCore-based
General Purpose tier for Azure SQL Database.
Storage cost for Azure Data Lake Storage Gen2 was
estimated separately and held constant across
scenarios, since both platforms read from the same
staging layer. All figures presented in Section VIl are
illustrative, derived from representative published
pricing tiers at the time of writing, and are intended
for relative comparison rather than as exact billing
quotations.

VII. SYSTEM ARCHITECTURE

The proposed architecture follows a layered design
typical of modern Azure data engineering solutions.
Source systems, comprising transactional databases
and file-based exports, feed into Azure Data Factory,
which orchestrates extraction, validation, and
movement of data. Azure Data Lake Storage Gen2
serves as the central staging layer, holding raw and
curated Parquet datasets organized into zones. From
this staging layer, data is loaded into either Azure
Synapse Analytics or Azure SQL Database,
depending on the workload profile, where it is
transformed into star-schema fact and dimension
tables suitable for analytical querying. The curated
analytical layer is then exposed to a Power BI
reporting layer, which provides dashboards and ad-
hoc analysis to business users.
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This architecture allows the compute layer to be
substituted between Azure Synapse Analytics and
Azure SQL Database without altering the ingestion
or reporting layers, which is precisely the design
property exploited in this study to enable a
controlled comparison. The flow of data through the
architecture is summarized as follows: Source
Systems — Azure Data Factory — Azure Data Lake
Storage Gen2 — Azure Synapse Analytics / Azure
SQL Database — Power Bl Reporting Layer.

o)

Source Systems
(OLTP DB / Fles)

3

Arure Data Factory
(Orchestration & Ingestion)

3

Azure Data Lake Storage Gen2
(Raw & Curated Parquet Zones)

!

Azure Synapse Analytics /
Azure SQU Database
(Compute & Curated Layer)

1

Power Bi Reporting Layer
(Dashboards & Analysls)

Fig. 1. Proposed Azure Data Pipeline Architecture
Within this architecture, optimization techniques
are applied

at different layers. At the storage layer, Parquet files
are organized using folder-based partitioning by
date and compressed using Snappy to reduce both
storage footprint and 1/O during loading. At the
Synapse compute layer, dedicated SQL pool tables
are distributed using hash distribution on join keys
for large fact tables and replicated for small
dimension tables, clustered columnstore indexes are
applied by default, and materialized views are
created for frequently aggregated reporting queries.
Workload management classifiers are configured to
prioritize reporting queries during business hours. At
the Azure SQL Database layer, row-store and
columnstore indexes are applied selectively, query
store is enabled for

performance monitoring, and the vCore model with
auto-scaling is used to align compute allocation with
workload demand.

VIIl. RESULTS ANALYSIS

This section presents representative benchmark
results for the comparative framework described in
Section VI. All values are illustrative, based on typical
performance characteristics reported for
educational-scale workloads on each platform, and
are intended to demonstrate relative trends rather
than absolute guarantees of performance for any
specific deployment. The assumed dataset size for
the baseline scenario is 10 million rows
(approximately 8 GB in Parquet format), scaled to 50
million rows (approximately 40 GB) for the scalability
assessment.

TABLE |. DATA LOADING PERFORMANCE (10
MILLION ROWS, PARQUET SOURCE)

Load Time Avg.
Platform / Method (min) Throughput
(MBI/s)
Synapse Dedicated SQL 6.2 215
Pool (PolyBase COPY)
Synapse Serverless N/A N/A
SQL Pool (direct query,
no load)
Azure SQL Database 14.8 9.0
(vCore, bulk copy)
Azure SQL Database (vCore, bulk copy) 14.8 9.0

As shown in Table |, the dedicated SQL pool, using
PolyBase-based parallel loading, completed the load
of the 10-million-row dataset in approximately 6.2
minutes, more than twice as fast as the bulk copy
operation into Azure SQL Database, which required
approximately 14.8 minutes. The serverless SQL pool
does not require a separate load step, since it queries
Parquet files directly from Data Lake Storage Genz2,
making it advantageous for scenarios where
minimizing data movement is prioritized over query
latency.
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TABLE Il. QUERY EXECUTION TIME (SECONDS)

T Dedicate | Serverless | Azure
Query Type dPool | Pool sQL
DB
Full-table
aggregation 2.1 54 8.7
Multi-table join
(3 dims) 3.4 7.8 11.2
Filteredrange  |1.0 2.6 2.2
scan
Top-N report 0.8 2.0 1.6
query

Table Il indicates that the dedicated SQL pool
consistently outperforms both the serverless SQL
pool and Azure SQL Database for queries involving
full-table aggregation and multi-table joins, owing
to its MPP architecture and columnstore indexing.
For filtered range scans restricted to a single
partition, Azure SQL  Database performs
competitively, since the relevant indexes and
partition pruning reduce the effective data volume
scanned. The serverless SQL pool, while flexible,
incurs higher latency for join-heavy queries because
it must process raw files without persistent indexing
structures.

TABLE Ill. MONTHLY COST COMPARISON (USD,

ILLUSTRATIVE)
c Dedicate s | Azure
. ost d Pool ergerless SOL DB (2
omponent | K100 ool yCore GP)
c)
Compute $365 $50* $220
Storage
(ADLS $25 $25 $25
Gen2)
Estimated Total $390 $75 $245

Table lll illustrates that the serverless SQL pool offers
the lowest cost when query volume is light, since
billing is based purely on data processed rather than
provisioned compute time. The dedicated SQL pool,
even with daily auto-pause applied outside business
hours, remains the most expensive option in this
configuration due to its reserved compute allocation.
Azure SQL Database falls between the two, offering
a moderate, predictable monthly cost suitable for
steady, moderate-scale workloads. These figures

assume a daily auto-pause of 14 hours for the
dedicated SQL pool; without auto-pause, its cost
would increase substantially.

TABLE IV. SCALABILITY COMPARISON (50 MILLION
ROWS, 20 CONCURRENT USERS)

Avg. Query Time
Platform  |Increase vs. Concurr_ency
Baseline Handling
Synapse 1 6x Stable; scales
Dedicated ' via DWU
SQL Pool increase
Synapse Degrades
~2.4X under heavy
Serverless
SOL Pool concurrent
scans
Requires
Azure SQL |3 14 manual scale-
Database up or read
(vCore) replicas

Requires manual scale-up or read replicas

As summarized in Table IV, the dedicated SQL pool
exhibits the most graceful degradation as data
volume and concurrency increase, with average
query times rising by approximately 1.6 times
relative to the baseline when the dataset size is
increased five-fold and concurrent users increase
from one to twenty. Azure SQL Database shows the
largest relative increase, reflecting the limitations of
a single-node architecture under heavy analytical
concurrency, although this can be mitigated through
read replicas or scaling to a higher vCore tier at
additional cost. The serverless SQL pool occupies an
intermediate position, with performance dependent
on the efficiency of file partitioning and the number
of concurrent file scans.

Overall, the results indicate a clear cost—-performance
trade-off: Azure Synapse Analytics, particularly the
dedicated SQL pool, delivers superior query
performance and scalability for large analytical
workloads but at a higher baseline cost, whereas
Azure SQL Database offers a more economical and
operationally simpler solution for moderate-scale
workloads, at the expense of reduced performance
under high concurrency or very large data volumes.
The serverless SQL pool provides a cost-efficient
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middle ground for exploratory or infrequent
analytical queries directly over the data lake.

IX. CONCLUSION

This paper presented a comparative study of Azure
Synapse Analytics and Azure SQL Database within a
representative Azure data engineering pipeline
incorporating Azure Data Factory, Azure Data Lake

Storage Gen2, Parquet-based storage, and
incremental loading. Based on the illustrative
benchmark results, Azure Synapse Analytics,

specifically its dedicated SQL pool, demonstrated
superior performance for data loading, multi-table
analytical queries, and scalability under increasing
data volume and concurrency, making it more
suitable for organizations operating large, growing
data warehouses with frequent complex reporting
needs. Azure SQL Database, while less performant
under heavy analytical concurrency, proved to be
more cost-efficient and operationally simpler for
moderate-scale workloads, making it suitable for
departmental reporting, smaller data marts, or
projects with limited budgets, such as academic and
early-stage enterprise deployments.

In terms of cost efficiency, the Synapse serverless
SQL pool emerged as the most economical option
for light or exploratory analytical workloads, since its
consumption-based pricing avoids the cost of idle
reserved compute. For data engineers designing
Azure-based pipelines, the following
recommendations are offered: use Azure SQL
Database for moderate-scale, steady analytical
workloads where operational simplicity and
predictable cost are priorities; adopt Azure Synapse
dedicated SQL pools, combined with auto-pause,
partitioning, and materialized views, for large-scale
data warehouse workloads with regular reporting
demands; and employ Synapse serverless SQL pools
for ad-hoc or infrequent querying directly over data
lake storage. A hybrid approach, in which serverless
pools are used for exploration and dedicated pools
or Azure SQL Database are used for production
reporting, may offer the most balanced cost-
performance outcome for many organizations.
Future work may extend this study with empirical

measurements on live Azure subscriptions across a
wider range of dataset sizes and concurrency levels.

REFERENCES

1. M. Armbrust, A. Ghodsi, R. Xin, and M. Zaharia,
"Lakehouse: a new generation of open platforms
that unify data warehousing and advanced
analytics," in Proc. 11th Annu. Conf. Innovative
Data Syst. Res. (CIDR), 2021.

2. S.Sakr, A. Liu, D. M. Batista, and M. Alomari, "A
survey of large scale data management
approaches in cloud environments," IEEE
Communications Surveys & Tutorials, vol. 13, no.
3, pp- 311-336, 2011.

3. A. Gandomi and M. Haider, "Beyond the hype:
Big data concepts, methods, and analytics,"
International Journal of Information
Management, vol. 35, no. 2, pp. 137-144, 2015.

4. R Taft, E. Mansour, M. Serafini, J. Duggan, A. J.

Elmore, A. Aboulnaga, A. Pavlo, and M.
Stonebraker, "E-store: Fine-grained elastic
partitioning  for  distributed  transaction

processing systems," Proceedings of the VLDB
Endowment, vol. 8, no. 3, pp. 245-256, 2014.

5. D. Agrawal, A. El Abbadi, S. Antony, and S. Das,
"Data management challenges in cloud
computing infrastructures,” in Databases in
Networked Information Systems, Springer, 2010,
pp. 1-10.

6. P. Mika and G. Tummarello, "Web semantics
in the clouds," IEEE Intelligent Systems, vol. 23,
no. 5, pp. 82-87, 2008.

7. H. Herodotou, F. Dong, and S. Babu, "No one
(cluster) size fits all: automatic cluster sizing for
data-intensive analytics," in Proc. 2nd ACM
Symp. Cloud Computing (SOCC), 2011, pp. 1-14.

8. S. Loebman, D. Nunley, Y. Kwon, B. Howe, M.
Balazinska, and J.

9. P. Gardner, "Analyzing massive astrophysical
datasets: Can
Pig/Hadoop or a relational DBMS help?" in Proc.

[EEE Int. Conf. Cluster Computing and
Workshops, 20009.
10. D. Abadi, S. Madden, and M. Ferreira,

"Integrating compression and execution in
column-oriented database systems," in Proc.

7



Amey Shinde, International Journal of Science, Engineering and Technology,
2026, 14:3

ACM SIGMOD Int. Conf. Management of Data,
2006, pp. 671-682.

11. Microsoft, "Azure Synapse Analytics
documentation," Microsoft Learn, [Citation
Verification Required].

12. Microsoft, "What is Azure SQL Database,"
Microsoft Learn, [Citation Verification Required].

13. Microsoft, "Best practices for dedicated SQL
pools in Azure Synapse Analytics," Microsoft
Learn, [Citation Verification Required].

14. A.Thusoo, J. S. Sarma, N. Jain, Z. Shao, P. Chakka,
N. Zhang, S. Antony, H. Liu, and R. Murthy, "Hive
— a petabyte scale data warehouse using
Hadoop," in Proc. IEEE 26th Int. Conf. Data
Engineering (ICDE), 2010, pp. 996-1005.

15.. Dean and S. Ghemawat, "MapReduce:
simplified data processing on large clusters,"
Communications of the ACM, vol. 51, no. 1, pp.
107-113, 2008.

16. Microsoft, "Azure Data Factory documentation,”

Microsoft Learn. Available:
https://learn.microsoft.com/en-us/azure/data-
factory/

17. Microsoft, "Azure Data Lake Storage Gen2
documentation," Microsoft Learn. Available:
https://learn.microsoft.com/en-
us/azure/storage/blobs/data-lake-storage-
introduction

18. Microsoft, "Introduction to Azure Synapse
Analytics," Microsoft Learn. Available:
https://learn.microsoft.com/en-
us/azure/synapse-analytics/

19. Microsoft, "Azure SQL Database
documentation," Microsoft Learn. Available:
https://learn.microsoft.com/en-us/azure/azure-
sql/database/

20. Microsoft, "Data loading best practices in Azure
Synapse Analytics," Microsoft Learn.

Available:  https://learn.microsoft.com/en-
us/azure/synapse-analytics/sqgl/data-loading-
best-practices

21. Microsoft, "Performance tuning in Azure SQL
Database," Microsoft Learn. Available:
https://learn.microsoft.com/en-us/azure/azure-
sql/database/performance-guidance



