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Polyglot persistence is increasingly adopted because large-scale applications combine 

correctness-critical state with high-throughput, latency-sensitive workloads that cannot be served 

efficiently by a single datastore. This paper contrasts SQL and NoSQL systems in terms of 

transactional guarantees, recovery behavior, data modeling, query expressiveness, schema 

evolution, and operational scaling constraints. Based on this comparison, we derive datastore 

selection criteria that distinguish system-of-record components from derived serving models. We 

then discuss integration mechanisms for polyglot architectures, emphasizing explicit data 

ownership, change propagation via CDC and log-based replication, and saga-style coordination 

with compensations to manage cross-store failures. 
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Introduction 
Data-intensive software rarely faces a 

single, uniform persistence problem. Modern 

applications must simultaneously support 

correctness-critical state changes and high-

volume user-facing interactions, often under 

global traffic and continuous delivery 

constraints. Social networks and large 

consumer platforms illustrate this tension: 

the same product must enforce strict rules 

for identity and access control, apply 

payments and entitlements reliably, and 

maintain auditability for moderation 

decisions, while also serving personalized 

feeds with low latency, collecting telemetry 

at high throughput, and storing semi-

structured content metadata that evolves as 

features change. These requirements impose 

different demands on storage engines. Some 

workloads require coordination to guarantee 

invariants, whereas others benefit from 

partition-local operations to sustain 

responsiveness. 

Relational database management systems 

remain foundational because the relational 

model introduced a disciplined way to 

represent data and express queries while 

maximizing independence between 

application logic and machine-level 

representation [1]. This separation enables 

long-lived systems to evolve: storage layouts 

can change, indexes can be added, and 

physical organization can be optimized 

without rewriting application code, as long 

as the logical schema and constraints remain 

stable. Consequently, relational systems are 

well suited for authoritative datasets that 

must be shared across services and remain 

interpretable over time, such as financial 

records, account states, and compliance-

sensitive entities. 

At the same time, large-scale distributed 

environments treat partial failure as normal. 

Nodes crash, hardware degrades, latency 

fluctuates, and network partitions occur. 

CAP highlights why these conditions matter: 

in replicated shared-data systems, partitions 

force explicit trade-offs between strong 

consistency and availability for affected 

operations [5]. Brewer’s later clarification 

emphasizes that the engineering task is to 

define acceptable behavior under partitions 

rather than rely on a simplistic “two out of 

three” interpretation [6]. This motivates 

separating correctness-critical state 

transitions, which can afford coordination, 
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from latency-sensitive serving paths that 

benefit from partition-local designs. 

A further motivation for polyglot persistence 

is workload specialization. When a single 

general-purpose DBMS is used for all 

workloads, it may become overburdened by 

heterogeneous access patterns or force 

compromises that degrade performance and 

maintainability. The “one size fits all” 

critique argues that specialized engines often 

outperform general-purpose designs when 

workloads differ substantially [4]. As a 

result, modern persistence layers are 

frequently structured as a portfolio: a 

transactional system of record, a scalable 

store for events or documents, and derived 

read models tailored to user-facing queries. 

Within this context, polyglot persistence 

refers to deliberately using multiple 

datastore technologies within the same 

application and assigning each technology to 

the domain component whose requirements 

best match its guarantees and performance 

profile [11].  

Furthermore, the architectural shift from 

monolithic software design to distributed 

microservices has acted as a primary catalyst 

for the widespread adoption of polyglot per-

sistence. In traditional monolithic architec-

tures, a single, centralized database, typical-

ly relational, served as the universal integra-

tion layer for all application modules. While 

this centralized approach simplified opera-

tional maintenance, it created a tight cou-

pling that hindered independent scaling, bot-

tlenecked continuous delivery, and forced all 

workloads into a single data model. 

Concurrently, the proliferation of cloud-

native infrastructure and Database-as-a-

Service (DBaaS) offerings has drastically 

lowered the operational barrier to managing 

heterogeneous datastores. Historically, pro-

visioning, tuning, and maintaining high 

availability for multiple distinct database 

engines within an on-premises data center 

required prohibitive operational overhead 

and highly specialized personnel. Today, 

managed cloud environments allow teams to 

provision a highly available relational in-

stance alongside a serverless, horizontally 

scalable NoSQL table within minutes [25]. 

This infrastructural democratization directly 

addresses the demands of the modern data 

ecosystem, which is characterized by the 

"3Vs": Volume, Velocity, and Variety. Be-

cause traditional, uniformly structured sys-

tems struggle to efficiently ingest high-

velocity unstructured data streams while 

simultaneously executing complex relational 

transactions, a hybridized, polyglot approach 

to data persistence is no longer a luxury, but 

an engineering necessity. 

This approach can reduce architectural 

friction, but it introduces an integration 

problem: once data is split across stores, 

correctness depends on clear ownership 

boundaries, propagation semantics, and 

well-defined failure behavior. To address 

these concerns systematically, the next 

sections establish the rationale for SQL and 

NoSQL choices, compare their trade-offs 

under realistic workloads, and then 

formalize integration patterns that preserve 

coherence across datastore boundaries. 

 

2 Comparison between SQL and NoSQL 

SQL and NoSQL systems reflect different 

assumptions about data, workloads, and 

failure modes, and the most useful -

comparison is therefore workload-driven 

rather than categorical. SQL systems are 

rooted in the relational model and a 

declarative query language intended to 

preserve stable meaning while decoupling 

application logic from physical storage 

choices [1]. Many NoSQL designs target 

large-scale distributed environments where 

partial failures and network partitions are 

routine, and where limiting coordination can 

improve availability and responsiveness 

under disruption [5][6].  

A first differentiator is how each family 

represents data and preserves semantics over 

time. In SQL, an explicit schema (types, 
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keys, constraints, and relationships) acts as a 

shared contract that constrains how data can 

be written and interpreted, which supports 

long-lived system evolution without silent 

semantic drift across teams or services [1]. 

In NoSQL, the data model depends on the 

family, such as key-value, document, wide-

column, or graph databases, and schemas are 

often flexible or implicit. This flexibility 

reduces friction when payloads evolve 

rapidly, but it shifts semantic enforcement 

toward the application layer (validation, 

versioning, and monitoring), increasing the 

risk of divergence if governance is weak 

[12]. 

A second differentiator concerns 

concurrency and correctness, particularly for 

invariants that span multiple entities. SQL 

databases commonly provide transactions as 

a programming model for safe state 

transitions, supporting atomicity and 

durability so that multi-step updates do not 

expose partial effects under concurrency or 

failures [2]. This is central when business 

rules cannot be decomposed without risk, or 

when multiple records must change 

consistently. Mature recovery designs such 

as ARIES further reinforce this model by 

providing disciplined write-ahead logging 

with redo/undo recovery, improving 

confidence in crash recovery and 

interpretability after incidents [3]. NoSQL 

systems frequently limit coordination to 

keep operations partition-local; when 

invariants cross partitions or replicas, 

applications often rely on idempotent 

commands, conflict handling, and 

compensating workflows rather than 

assuming a single coordinated transaction 

for all affected data. This direction aligns 

with the argument that distributed 

transactions across heterogeneous 

components can be operationally fragile and 

costly at scale, motivating alternative 

composition models such as saga-style 

sequences of local transactions with 

compensations [14][15]. 

A third differentiator is behavior under 

network partitions and the associated 

consistency-availability trade-offs in 

distributed replication. CAP emphasizes that 

partitions are not hypothetical at scale; they 

are a reality that forces explicit design 

choices in replicated shared-data systems 

[5]. Brewer’s later clarification stresses that 

the practical goal is to define acceptable 

behavior during partitions, rather than 

relying on a simplistic “two out of three” 

rule [6]. Many NoSQL designs embed these 

choices into replication and coordination 

strategies: by avoiding global coordination 

on the common path, they can remain 

available and responsive during partial 

failures, often at the cost of exposing 

temporary inconsistency. The concept of 

eventual consistency characterizes this 

inconsistency window and clarifies what the 

application must handle, including retries, 

reordering, and convergence, when replicas 

are not instantly synchronized [7]. SQL 

systems are more commonly used where 

strong consistency is expected for 

authoritative state; in such settings, the 

system may prefer coordination (and 

potentially reduced availability for certain 

operations) to avoid returning conflicting or 

stale results for correctness-critical 

decisions. 

Performance differences are best framed in 

terms of which operations are optimized. 

SQL reads are typically strongest when the 

workload requires expressive, ad-hoc queries 

over relationships: joins, filtering across 

multiple entity types, and aggregations that 

support auditing, support investigations, and 

reconciliation. This follows directly from the 

relational model’s objective of enabling 

high-level queries while allowing the system 

to choose physical strategies internally [1]. 

NoSQL reads are typically strongest when 

the workload is predictable and can be 

served from a single partition or a pre-

composed representation. Document and 

key-value approaches can make reads fast by 
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fetching a whole denormalized object in one 

operation, avoiding join-time costs at the 

expense of duplication and more complex 

update propagation. Wide-column systems 

explicitly shape storage around partitioned 

access patterns (often key- and range-

oriented) to achieve predictable serving 

behavior at large scale [9][10]. 

Write performance similarly depends on 

coordination and workload shape. SQL 

writes must often pay for transactional 

semantics, constraint checks, and index 

maintenance; under contention, concurrency 

control can add latency, but the benefit is 

centralized enforcement of invariants and 

strong recovery guarantees [2][3]. Many 

NoSQL systems emphasize high write 

throughput by making writes partition-local 

and by using replication strategies suited to 

always-on operation under failure. 

Dynamo’s design exemplifies an 

availability-focused write/read approach in 

which replication and conflict resolution are 

designed to keep the system operating 

during node failures and network instability 

[8]. Cassandra emphasizes decentralized, 

failure-tolerant operation without a single 

point of failure and is frequently associated 

with ingestion-heavy patterns where the read 

model is designed around known access 

paths [10]. In practical terms, NoSQL tends 

to outperform when writes are high-volume, 

mostly independent by key/partition, and the 

system can tolerate weaker immediate 

consistency or needs to prioritize 

availability; SQL tends to outperform when 

writes must preserve multi-entity invariants 

and when correctness is more valuable than 

avoiding coordination. Scalability and tail 

latency under load are another axis where 

the design philosophies diverge. “One size 

fits all” critiques argue that general-purpose 

DBMS designs can be forced into 

compromises when serving heterogeneous 

workloads at extreme scale, motivating 

specialized systems for distinct access 

patterns [4]. Many NoSQL stores 

operationalize specialization by constraining 

query patterns and scaling horizontally 

through partitioning and replication, which 

helps preserve predictable tail latency for 

serving workloads and ingestion pipelines 

[8][9][10]. SQL systems can scale 

substantially, but the combination of cross-

entity relational queries and strong invariants 

can complicate horizontal distribution, 

especially when constraints or joins span 

partitions. 

 
Fig. 3. Comparison between SQL and NoSQL Databases 
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To provide a clear and structured compari-

son of the concepts elaborated in the previ-

ous paragraphs, Figure 1 visually synthesiz-

es the fundamental differences and shared 

characteristics between SQL and NoSQL 

databases. The diagram highlights how SQL 

systems are modeled in relational data mod-

els with fixed schemas, strong data integrity, 

and optimization for complex queries and 

joins[1], whereas NoSQL systems empha-

size flexible schemas, horizontal scalability, 

and high-performance read/write operations 

for large-scale workloads[12]. At the same 

time, the illustration underscores important 

commonalities, such as support for CRUD 

operations, indexing mechanisms, concur-

rency control, and replication capabilities. 

By consolidating these aspects into a single 

conceptual view, the figure facilitates a more 

intuitive understanding of how the two para-

digms diverge in design philosophy while 

converging on core database functionalities. 

These contrasting strengths and trade-offs 

are not merely theoretical distinctions but 

have direct architectural implications. In 

practice, these trade-offs often motivate pol-

yglot persistence, where different datastores 

are assigned to different bounded contexts 

according to their required guarantees and 

access patterns [11][13]. The remaining 

problem is ensuring coherent behavior once 

data and responsibilities span multiple 

stores, which motivates the integration 

mechanisms discussed next. 

 

3 Advanced Data Modeling and Con-

sistency Trade-offs 

To fully appreciate the architectural diver-

gence between relational and non-relational 

datastores, it is necessary to examine the 

underlying methodologies governing data 

modeling and the granular spectrum of con-

sistency models. The transition from SQL to 

NoSQL is not merely a change in database 

engines; it dictates a fundamental paradigm 

shift in how developers interact with data 

and how distributed systems agree on state. 

3.1 The Object-Relational Impedance 

Mismatch vs. Aggregate-Oriented Storage 

Relational database models organize data 

into two-dimensional tables, requiring nor-

malized relations mapped via foreign keys. 

However, modern application logic is over-

whelmingly object-oriented, dealing with 

complex, nested, and hierarchical data struc-

tures. Bridging this gap requires Object-

Relational Mapping (ORM) frameworks 

(e.g., Hibernate, Entity Framework). While 

ORMs simplify application development by 

abstracting SQL queries, they frequently 

introduce the "Object-Relational Impedance 

Mismatch." Complex object graphs require 

multiple resource-intensive joins or result in 

the notorious N+1 query problem, where the 

application executes a disproportionate 

number of secondary queries to fetch related 

entities. 

Conversely, many NoSQL systems, specifi-

cally Document and Key-Value stores, adopt 

an aggregate-oriented storage model [21]. 

An aggregate is a collection of related ob-

jects that are treated as a single unit for data 

manipulation. By storing the entire aggre-

gate as a single JSON or BSON document, 

NoSQL databases eliminate the impedance 

mismatch. An application can retrieve a 

complex entity (e.g., a student profile with 

an embedded list of historical test prefer-

ences) in a single disk seek. However, this 

optimization shifts the burden of data integ-

rity to the application layer. If an embedded 

property changes (e.g., a teacher's contact 

email embedded within thousands of test 

records), updating it requires a bulk write 

operation across multiple documents, where-

as a normalized SQL schema would require 

a single row update in a Teachers table. 

 

3.2 Entity-Driven vs. Access-Driven 

Schema Design 

The philosophical difference between SQL 

and NoSQL is most apparent during the 

schema design phase. Relational databases 

employ an entity-driven modeling approach. 
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The database is designed to reflect the pure 

relational state of the business domain, aim-

ing for the Third Normal Form (3NF) to 

eliminate data redundancy and insertion 

anomalies. The exact queries that will be 

executed are treated as an afterthought, with 

the assumption that SQL’s expressive pow-

er, coupled with secondary indexes, can effi-

ciently join tables to answer any future ad-

hoc analytical question. 

NoSQL data modeling, particularly in wide-

column and partitioned key-value stores like 

DynamoDB or Cassandra, mandates an ac-

cess-driven (or query-driven) approach [22]. 

Because distributed databases lack native 

support for cross-partition joins, the database 

schema must be meticulously designed 

around the specific queries the application 

will execute. This gives rise to paradigms 

such as "Single-Table Design," where heter-

ogeneous entity types (e.g., Students, Cours-

es, and Enrollments) are co-located within 

the exact same table using generic partition 

keys and sort keys. By pre-computing joins 

and utilizing materialized paths or adjacency 

lists, NoSQL systems achieve predictable 

O(1) or O(log N) read complexity regardless 

of the dataset's size. However, this creates a 

highly rigid structure; any new access pat-

tern not anticipated during the initial design 

phase may require a complete data migration 

or the creation of costly secondary indexes. 

 

3.3 Granular Consistency Models and 

Quorum Mechanics 

While the CAP theorem and the concept of 

"eventual consistency" provide a high-level 

vocabulary for distributed systems, practical 

polyglot architectures rely on granular, tuna-

ble consistency models based on quorum 

mechanics. The binary distinction between 

"strong" and "eventual" consistency is an 

oversimplification. 

In distributed databases, consistency is often 

dictated by the replication factor (N), the 

write quorum (W), and the read quorum (R).  

If the system is configured such that 

R+W>N, it can guarantee strict consistency, 

as any read operation will overlap with the 

most recent write operation [8]. However, 

setting high read and write quorums signifi-

cantly increases latency and reduces availa-

bility during node failures. 

To optimize performance, NoSQL systems 

allow architects to lower the read quorum, 

intentionally returning data from a single, 

potentially out-of-date replica. Consequent-

ly, applications must be engineered to handle 

intermediate consistency states [23]. These 

include Read-After-Write Consistency (en-

suring a user can see their own updates im-

mediately, often achieved by routing the 

read to the leader node), Monotonic Reads 

(ensuring a user never reads an older version 

of data after having read a newer version), 

and Consistent Prefix Reads (ensuring op-

erations are seen in the order they were ap-

plied). For example, DynamoDB offers de-

velopers a boolean parameter to request a 

strongly consistent read. Doing so bypasses 

the storage cache and consumes twice the 

read capacity units, illustrating the direct 

financial and performance cost of demand-

ing relational-style strong consistency in a 

distributed environment. 

 

3.4 Multi-Region Active-Active Topolo-

gies and Conflict Resolution 

As cloud-native applications scale globally, 

polyglot persistence architectures frequently 

extend across multiple geographic regions to 

ensure low-latency access and robust disas-

ter recovery. SQL databases typically em-

ploy asynchronous primary-replica architec-

tures for cross-region replication. In this 

topology, the primary region remains the 

single source of truth; if it fails, writes are 

halted until a replica is promoted. This guar-

antees serializable transaction logs but cre-

ates a regional bottleneck for write through-

put. 

In contrast, distributed NoSQL systems of-

ten support Active-Active (multi-master) 
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topologies, such as DynamoDB Global Ta-

bles or Cassandra's multi-datacenter replica-

tion. These systems allow concurrent writes 

to the same logical record in different re-

gions, maximizing availability but making 

write conflicts inevitable. Resolving these 

conflicts requires algorithmic interventions 

that do not rely on global locking. Common 

strategies include "Last Writer Wins" 

(LWW) based on physical or logical 

timestamps, or application-defined merge 

logic utilizing Conflict-free Replicated Data 

Types (CRDTs) [24]. CRDTs guarantee that 

regardless of the order in which network 

packets arrive, all database nodes will even-

tually converge to the exact same state with-

out coordination. Understanding these con-

flict resolution heuristics is paramount when 

orchestrating saga compensations across 

diverse datastores, as delayed cross-region 

replication can inadvertently cause compen-

sating transactions to execute against stale 

data, leading to severe logical corruption. 

 

4 Experimental Setup and Case Study  

(PostgreSQL vs DynamoDB) 

In practice, complex applications often 

require rich relationships between entities, 

which are naturally supported by relational 

databases through joins, constraints, and 

structured schemas. At the same time, some 

application features are largely independent 

of cross-entity relationships and can be 

better served by NoSQL systems optimized 

for high-throughput, low-latency access 

patterns. To illustrate why combining 

relational and non-relational datastores can 

be beneficial in polyglot persistence 

architectures, we designed a small empirical 

evaluation based on an e-learning 

application scenario. 

In the reference e-learning application, the 

primary operational dataset is naturally 

relational: students, classes, tests, problem 

banks, and teacher-owned assessments form 

a strongly connected domain that benefits 

from a uniform schema, referential integrity, 

and expressive join-based queries. For these 

correctness-critical and relationship-heavy 

entities, a SQL database is the appropriate 

system of record.  

In contrast, storing and serving a student’s 

solved-test history is largely an append-only, 

read-by-student workload that does not 

require complex joins or cross-entity 

constraints at query time. This makes it a 

good candidate for a non-relational, 

partition-oriented store. Therefore, our 

evaluation focuses on this “history” 

component and compares write performance 

under concurrent load when implemented on 

PostgreSQL (Amazon RDS) versus 

DynamoDB, highlighting how polyglot 

persistence assigns each datastore to the 

workload it matches best. 

We created a DynamoDB table using the 

default baseline settings available under the 

AWS Free Tier, without workload-specific 

tuning, and added a Global Secondary Index  

on the idStudent attribute. 

 
Fig. 4. DynamoDB table structure 

 

Figure 2 illustrates a snapshot of the 

resulting table within the AWS 

infrastructure, highlighting the semi-

structured nature of the stored items. Each 

record encapsulates solved-test data, 

including identifiers, answer collections, 

correctness indicators, and metadata such as 

timestamps and scores, all organized in a 

flexible, attribute-based format. This 

representation reflects DynamoDB’s 



Database Systems Journal vol. XVII/2026  43 

 

schema-less design, allowing heterogeneous 

attributes to coexist within the same table 

while supporting high-throughput insert 

operations and efficient retrieval via indexed 

access patterns. 

 
Fig. 5. DynamoDB index on idStudent 

 

To illustrate the performance of joins and 

queries, we created a partitioning index.  

Figure 3 presents the configuration of the 

Global Secondary Index defined on the 

DynamoDB table. The index, named 

idx_solved_problems_student, uses 

idStudent as its partition key and operates in 

on-demand capacity mode, aligning with the 

baseline, auto-scaling configuration of the 

table. By projecting all attributes, the index 

enables efficient query execution without 

requiring additional lookups to the base 

table. This design supports the primary 

access pattern of retrieving solved-test 

history per student, illustrating how 

DynamoDB leverages secondary indexes to 

optimize read operations in scenarios where 

relational joins are not applicable[8]. 

The exploratory analysis on different 

architectural paradigms, includes an analysis 

on performance of a SQL database as a 

comparison to the previous example of 

NoSQL. Therefore, for PostgreSQL, we 

adopted a relational design that remains 

normalized while supporting heterogeneous 

problem formats (multiple-choice vs. free-

text). Specifically, we created two tables:  

1) solved_problems, which stores the 

shared “header” fields for each solved 

problem (e.g., id_student, id_problem, 

mark, solving_date, problem_type); 

 2) solved_problems_data, a volume table 

that stores variable-length components as 

rows (questions, selected answers, correct 

answers, or free-text answers).  

This design allows each solved problem to 

have a different number of 

questions/answers without relying on JSON 

columns, while keeping the core metadata 

relational and queryable. To optimize the 

student-history use case, we created an index 

on solved_problems.id_student and an 

index on 
solved_problems_data.id_solved_probl

em (foreign key) to accelerate retrieval and 

joins. Figure 4 illustrates the table definition 

and indexes.  
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Fig. 4. Postgres tables and indexes code 

 

As a comparison with the previously 

described DynamoDB configuration, figure 

5 presents the configuration of the 

PostgreSQL instance deployed on AWS 

RDS. Similar to the DynamoDB setup, the 

database was provisioned using a baseline 

configuration within the AWS Free Tier, 

without workload-specific tuning. The 

instance is based on a db.t4g.micro class 

with limited compute and memory 

resources, single-AZ deployment, and 

general-purpose SSD storage with 

autoscaling enabled. Additional features 

such as encryption at rest, automated 

backups, and basic monitoring (Performance 

Insights and Enhanced Monitoring) are also 

configured by default. This setup reflects a 

typical lightweight relational deployment, 

providing a controlled environment for 

evaluating performance and behavior 

relative to the DynamoDB implementation 

under comparable resource constraints.

 
Fig. 5. Postgres database configuration
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Building on the previously described 

infrastructure configurations, we designed a 

controlled experiment to evaluate and 

compare the insert performance of the two 

datastores. Specifically, we implemented a 

concurrent insert benchmark in Python, 

where multiple worker threads insert 

synthetic solved-problem records in batches 

to simulate a write-intensive workload. The 

benchmark measures total wall-clock time 

and derives end-to-end throughput (inserts 

per second) under load. To ensure that the 

results reflect database performance rather 

than data preparation overhead, the reported 

“insert-only” time excludes record 

generation, focusing exclusively on the 

duration of write operations. As illustrated in 

the implementation, timing is initiated 

immediately before the database write call 

and stopped after its completion, while 

synthetic data generation and mapping are 

performed outside the measured interval. 

 
Fig. 6. Main function of benchmark script 
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For reproducibility, the benchmark was 

executed separately for each datastore using 

the parameters --target sql and --target 

nosql. Both tests were run from the same 

client machine within the same AWS region 

(eu-central-1) to minimize network-induced 

variability. Each run used WORKERS = 

[114], PER_WORKER = [8000] (total 

inserts = WORKERS × PER_WORKER), 

and incremental batching with CHUNK = 

[500]. It is important to note that, in the 

PostgreSQL  

case, effective concurrency was constrained 

by the connection pool limit 

(PG_POOL_MAX = 15), whereas 

DynamoDB, due to its managed and 

distributed architecture, can accommodate a 

significantly higher level of concurrent client 

requests. For a better overview, of the script 

that performs the inserts, figure 6 depicts the 

main function of the benchmark script. 

 
Fig. 7. Functions to calculate time for inserts 
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Building on the previously described 

benchmark setup, we will analyse both the 

implementation details and the resulting 

performance metrics obtained for each 

datastore. Figure 7 illustrates the core 

worker functions used in the experiment, 

highlighting how insert time is accumulated 

strictly around the database write operations 

for both PostgreSQL and DynamoDB.  In 

particular, each worker processes records in 

batches (CHUNK = 500), measuring only 

the execution time of the insert calls 

(insert_batch_postgres and 

insert_batch_dynamodb), thereby ensuring 

consistency with the “insert-only” metric 

defined earlier. Figures 8 and 9 report the 

aggregated outputs for the NoSQL and SQL 

runs, respectively. Under the same client-

side workload configuration (114 worker 

threads × 8,000 inserts each, CHUNK = 

500), DynamoDB completed the run 

in 190.61 s total wall-clock time and 

achieved 4,784.61 inserts/s, with an average 

per-worker insert-only time of 177.07 s. 

PostgreSQL (Amazon RDS) required 629.88 

s total wall-clock time, corresponding 

to 1,447.89 inserts/s, with an average per-

worker insert-only time of 624.97 s. 

Overall, DynamoDB achieved 

approximately 3.3× higher throughput than 

PostgreSQL in this append-only write 

scenario (4,784.61 vs. 1,447.89 inserts/s). 

This outcome is consistent with 

DynamoDB’s partition-oriented design for 

high write concurrency, whereas 

PostgreSQL incurs additional overhead from 

transactional processing and index 

maintenance and, in our setup, was further 

bounded by the connection pool 

(PG_POOL_MAX = 15), effectively 

capping the level of database-side 

concurrency despite the higher number of 

client threads. 

 

 
Fig. 8. Script output for NoSQL target parameter 

 

 
Fig. 9. Script output for SQL target parameter 

 

The experimental results highlight the strong 

dependency between database performance 

and workload characteristics. In the 

evaluated append-only, write-intensive 

scenario, DynamoDB significantly 

outperformed PostgreSQL, achieving 

approximately 3.3× higher throughput. This 

outcome is consistent with the design 

principles of distributed NoSQL systems, 

which prioritize horizontal scalability, 

partitioned data distribution, and high write 

concurrency, as originally demonstrated in 
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systems such as Dynamo [8] and Bigtable 

[9]. By avoiding complex transactional 

coordination and leveraging eventual 

consistency models [7], DynamoDB can 

efficiently absorb a large volume of 

concurrent write requests. 

In contrast, PostgreSQL’s performance 

reflects the disadvantages of relational 

systems designed around strong consistency 

and transactional guarantees. Mechanisms 

such as write-ahead logging, locking, and 

index maintenance, fundamental to ensuring 

ACID properties [2][3], introduce additional 

latency during write operations. 

Furthermore, in the experimental setup, 

effective concurrency was limited by the 

connection pool, highlighting how resource 

management can become a bottleneck in 

vertically scaled systems. The results of the 

experimental benchmark reinforce the 

argument that “one size does not fit all” in 

data management [4]. While NoSQL 

systems excel in high-throughput, 

relationship-light workloads, relational 

databases remain better suited for scenarios 

requiring complex queries, strict 

consistency, and rich integrity constraints. 

Therefore, the observed performance gap 

should not be interpreted as a universal 

advantage of NoSQL, but rather as evidence 

of the importance of aligning data storage 

technologies with specific workload 

requirements. 

 

5 Workload-Driven Data Management 

Implications 

The experimental findings reinforce a 

fundamental principle in modern data 

management: datastore selection must be 

driven by workload characteristics rather 

than adherence to a single technological 

paradigm. As argued in prior work, the “one 

size fits all” approach is no longer viable in 

the presence of diverse application 

requirements and data access patterns [4]. 

Instead, systems must be designed by 

carefully aligning storage technologies with 

the operational profiles they are expected to 

support.  

The evaluated scenario highlights a clear 

distinction between workload types. 

Append-only, write-intensive workloads 

with simple access patterns, such as the 

solved-test history analyzed in this study, 

benefit from NoSQL systems optimized for 

horizontal scalability and high ingestion 

throughput. These systems typically relax 

strict consistency guarantees in favor of 

availability and partition tolerance, 

consistent with the trade-offs described by 

the CAP theorem [5][6] and the eventual 

consistency model [7]. In contrast, 

workloads involving complex relationships, 

integrity constraints, and transactional 

semantics remain better suited to relational 

databases, where ACID properties and 

structured schemas ensure correctness and 

consistency [2]. 

This contradictory division suggests that 

data modeling should not be approached 

uniformly across an application. Instead, 

different components of the same system 

may exhibit fundamentally different 

requirements: some demand strong 

consistency and relational integrity, while 

others prioritize scalability, latency, and 

flexibility. As a result, architectural 

decisions should begin with a precise 

characterization of workload dimensions, 

including read/write ratios, concurrency 

levels, data interdependencies, and query 

complexity. 

More important, these implications extend 

beyond performance considerations. 

Choosing an inappropriate datastore for a 

given workload can lead to unnecessary 

complexity, either by forcing relational 

systems to scale beyond their intended 

design or by requiring NoSQL systems to 

emulate relational behavior at the application 

level. Therefore, effective data management 

requires not only selecting the right tool for 

each task but also acknowledging the 

boundaries of each paradigm. 
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These observations naturally motivate the 

adoption of polyglot persistence, where 

multiple datastores coexist within a system, 

each serving a specific role aligned with its 

strengths. The following section explores 

how such heterogeneous systems can be 

integrated while preserving consistency and 

operational reliability. 

Beyond performance and scalability limits, 

polyglot persistence fundamentally alters the 

financial and operational model of data 

management. The experimental setup 

highlights two distinct provisioning 

paradigms: capacity-based provisioning 

(PostgreSQL on RDS) and consumption-

based, or serverless, scaling (DynamoDB). 

In traditional relational deployments, 

resources (CPU, RAM, storage IOPS) must 

be provisioned to handle peak expected 

loads. This often leads to underutilization 

during off-peak hours, creating financial 

inefficiency. Furthermore, vertically scaling 

a relational database to alleviate connection 

pool bottlenecks, as observed in our 

PostgreSQL benchmar, incurs a steep cost 

curve and potential downtime during 

instance resizing. 

In contrast, managed NoSQL systems like 

DynamoDB offer on-demand capacity 

models that align costs directly with 

application traffic. You pay per read/write 

request unit, which is highly cost-effective 

for spiky, high-throughput ingestion 

workloads such as telemetry or our test-

history scenario. However, this financial 

model introduces new risks: poorly designed 

partition keys can lead to "hot partitions," 

causing massive read/write throttling and 

sudden cost spikes. Therefore, workload-

driven data management must also 

encompass a "FinOps" (Financial 

Operations) perspective [18]. A polyglot 

architecture is often economically justified 

when the cost of offloading high-throughput, 

simple-query traffic to a serverless NoSQL 

datastore is lower than the cost of over-

provisioning a monolithic SQL cluster to 

handle the same traffic alongside complex 

transactions. 

 

6 Integrating SQL and NoSQL in Polyglot 

Persistence Architectures 

Once multiple datastores are introduced, 

correctness depends on making ownership 

and propagation semantics explicit. A useful 

baseline is to designate a system of record 

for each business fact: exactly one datastore 

is authoritative for a given domain concept, 

while other stores contain derived 

projections, indexes, or caches built from 

that source [11][13]. This avoids “dual truth” 

scenarios in which multiple systems accept 

independent updates for the same fact, 

creating inconsistencies that are difficult to 

detect and reconcile. The integration 

question then becomes how committed 

changes from the system of record are 

propagated and applied to downstream 

models under failures and retries. 

In the context of the evaluated e-learning 

system, this principle can be concretely 

applied by treating the relational database 

(PostgreSQL) as the system of record for 

core entities such as students, tests, and 

results, where strong consistency and 

integrity constraints are required. In contrast, 

DynamoDB acts as a derived store that 

maintains a denormalized, append-only 

history of solved tests per student, optimized 

for fast retrieval. Under this model, updates 

are never performed independently in both 

systems; instead, changes originate in the 

system of record and are subsequently 

propagated to downstream projections. The 

integration challenge then becomes ensuring 

that committed changes are reliably 

transferred and applied across systems, even 

in the presence of failures and retries. 

Change propagation is a second pillar of 

integration. Derived stores must be kept suf-

ficiently up to date for their intended user 

journeys, which requires reliable synchroni-

zation mechanisms. Log-based replication 

and change data capture are commonly used 
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to propagate committed changes incremen-

tally, enabling downstream stores to update 

projections with low latency [16]. For exam-

ple, when a student completes a test, the 

result is first persisted in PostgreSQL, after 

which a corresponding change event (e.g., 

student_solved_test_created) can be emitted 

and consumed to update the DynamoDB 

projection. However, CDC introduces engi-

neering challenges: extracting and interpret-

ing log records at scale is complex, and 

downstream consumers must address order-

ing, replay, and idempotent application to 

avoid duplicate effects [16]. Robust imple-

mentations therefore rely on consumer off-

sets, replay capability, dead-letter handling, 

and observability metrics such as lag and 

error rates. 

To formalize the unidirectional flow of data 

from the system of record to derived stores, 

modern polyglot architectures frequently 

adopt the Command Query Responsibility 

Segregation (CQRS) pattern paired with 

Event Sourcing [19]. CQRS structurally sep-

arates the write models (Commands), han-

dled by a strongly consistent SQL database 

to validate business rules, from the read 

models (Queries), which are materialized in 

NoSQL databases for high-speed delivery. 

Instead of just persisting the current state, 

Event Sourcing involves storing a sequence 

of immutable state-changing events. In our 

e-learning context, instead of merely captur-

ing a row update, the system records an ex-

plicit domain event (e.g., TestGraded, Mar-

kAssigned). This immutable event log acts 

as the ultimate source of truth, from which 

the DynamoDB projection can be determin-

istically rebuilt if destroyed or structurally 

altered. 

Furthermore, integrating heterogeneous da-

tabases amplifies data governance and com-

pliance complexities, particularly concerning 

data privacy frameworks like the GDPR. In 

a centralized relational database, executing a 

"Right to be Forgotten" request involves 

executing a single DELETE statement with 

cascading foreign keys. In a polyglot archi-

tecture driven by CDC and eventual con-

sistency, a single deletion must propagate 

reliably through message brokers, updating 

not only the SQL system of record but also 

purging the corresponding denormalized 

records in the NoSQL serving layers and any 

downstream data lakes [20]. This necessi-

tates automated reconciliation jobs that peri-

odically sweep derived stores to detect and 

remediate orphaned data, preventing silent 

compliance violations. 

Cross-store operations introduce a third chal-

lenge. While distributed transactions appear 

attractive, many large-scale systems avoid 

them due to coordination overhead and op-

erational fragility, relying instead on mes-

sage-driven workflows and compensating 

actions [14]. In this context, sagas provide a 

formal model: long-lived business activities 

are implemented as a sequence of local 

transactions paired with compensations that 

restore invariants when later steps fail [15]. 

In practice, this can be illustrated by a work-

flow where a solved test is first recorded in 

the SQL system, then propagated to the 

NoSQL store, and finally used to trigger 

user-facing updates. If one of the later steps 

fails, compensating actions, such as retrying 

the projection update or marking the opera-

tion for reconciliation, ensure that the system 

eventually converges to a consistent state. 

This approach requires explicit state man-

agement, idempotent command handling, 

and clearly defined recovery strategies. 

Finally, broader work on polyglot data man-

agement highlights that heterogeneity in-

creases integration complexity and makes 

semantic alignment a first-order concern 

[17]. Even when integration is implemented 

at the application layer, similar issues recur: 

mapping data models, reconciling inconsist-

encies, and managing operational complexi-

ty across systems with different guarantees. 

Resilient polyglot architectures therefore 

combine datastore specialization with ex-

plicit contracts for ownership, consistency 
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expectations, propagation guarantees, and 

recovery strategies. While this added com-

plexity introduces engineering overhead, it 

enables systems to leverage the strengths of 

both relational and NoSQL paradigms, 

achieving a balance between consistency, 

scalability, and performance that would be 

difficult to obtain with a single datastore. 

 

7 Conclusion 

This paper demonstrates that database selec-

tion in a polyglot architecture should be fun-

damentally driven by workload characteris-

tics rather than adherence to a single para-

digm. Starting from the well-established 

distinction between relational and non-

relational systems, the study shows that their 

differences are not merely theoretical but 

have direct implications for system design 

and performance. In the evaluated e-learning 

scenario, the core domain is most effectively 

modeled using SQL, where strong relational 

structures and integrity constraints are essen-

tial for maintaining consistency and correct-

ness. In contrast, the solved-test history rep-

resents an append-only, student-centric ac-

cess pattern that is inherently read-optimized 

and does not require complex joins at query 

time. 

Empirical evaluation under identical 

concurrent insert workloads on AWS 

indicates that DynamoDB provides superior 

ingestion throughput compared to 

PostgreSQL (RDS) for this specific 

component. This result reflects the 

architectural differences between the two 

systems: DynamoDB’s distributed, partition-

oriented design enables efficient handling of 

high write concurrency, while PostgreSQL 

incurs additional overhead due to 

transactional processing, index maintenance, 

and connection management. However, 

these findings should be interpreted in the 

context of the evaluated workload, as 

relational systems remain more suitable for 

scenarios requiring complex queries, strong 

consistency, and rich data relationships. 

Overall, the results reinforce the argument 

that modern applications benefit from com-

bining multiple data storage paradigms with-

in a unified architecture. Polyglot persis-

tence allows each datastore to be used ac-

cording to its strengths, enabling systems to 

achieve both scalability and correctness 

without compromising on either dimension. 

At the same time, this approach introduces 

additional complexity in terms of data inte-

gration, consistency management, and op-

erational overhead, requiring careful design 

of ownership boundaries and data propaga-

tion mechanisms.  

Furthermore, this research underlines that 

architectural decisions in data management 

extend beyond technical metrics to include 

operational predictability, cost efficiency, 

and data governance. While integrating sys-

tems via CDC, CQRS, and sagas mitigates 

the risks of distributed data, it shifts com-

plexity from the database engine to the ap-

plication and infrastructure layers. Teams 

must be prepared to handle eventual con-

sistency, cross-store auditing, and complex 

compliance enforcement (such as distributed 

data deletion). 

Future work may extend this study by evalu-

ating mixed workloads, read performance, 

and consistency trade-offs under different 

deployment configurations, further refining 

the guidelines for workload-driven data 

management. 
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