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Abstract—The need for efficient and scalable web-based learning systems is increasing as English proficiency becomes a key
employability factor worldwide. The existing English qualification try-out platform, built as a Django—-MySQL monolith,
showed inadequate performance under concurrent real-exam workloads. This study addresses these limitations by migrating
the platform to a Go—PostgreSQL—React]S microservices architecture using the Model-Driven Incremental Modernization
(MDIM) methodology. The migration starts with reverse engineering to extract structural and behavioral models, represented
as UML component and sequence diagrams that capture dependencies and execution flows. These models guide service
boundary identification, transformation planning, and stepwise service extraction and validation. Therefore, authentication,
user management, and examination workflows are incrementally decomposed into independently deployable services while
preserving functional correctness. The new system is deployed as native processes on Ubuntu Server 22.04 and evaluated with
k6 for API load testing, JMeter for end-to-end scenarios, and Python scripts for resource and database performance monitoring.
Experimental results show that the microservices system reaches 127.57 requests per second with 156.97 ms average latency
and 342.68 ms P95 latency, while the monolith on Ubuntu handles 33.40 requests per second and the monolith on cPanel 28.69
requests per second with much higher latency and CPU utilization. These findings demonstrate that the MDIM-guided
microservices migration improves scalability, responsiveness, and resource efficiency and provides a reusable, model-based
reference for modernizing similar educational assessment platforms.
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1. INTRODUCTION

Mastery of English has become a critical skill for employment in 2025, as highlighted by the EF EPI 2025 report,
which notes that English proficiency strongly correlates with career mobility and access to international job
markets [1]. The World Economic Forum (WEF) 2025 also positions English communication as one of the top
global skills required in the digital labor ecosystem. Consequently, English-learning platforms—including web-
based tryout systems—are increasingly relied upon by learners seeking academic or professional advancement [2].

Before this research, a monolithic Django-based English tryout system had been deployed and used in
multiple real-world sessions. A prior publication [3] documented that the system experienced performance
degradation when 63 users accessed the platform in a single session, where audio playback for listening tests
frequently failed to load. Although not truly concurrent, only 20—30 users interacted at the exact same time, the
system struggled to maintain responsiveness under moderate load.

To address this challenge, microservices were selected as a migration strategy due to their well-known
strengths in scalability, fault isolation, and resource efficiency—strengths demonstrated in various educational
systems [4], [5]. However, no previous empirical study has compared performance differences between monolithic
cPanel hosting, monolithic self-hosted Ubuntu, and Go—PostgreSQL—React]S microservices for English tryout
platforms.

Thus, this paper aims to fill this gap by providing a controlled experimental comparison using identical
workloads.As user demand increases, the monolithic architecture becomes difficult to scale, maintain, and
optimize. Architectural rigidity, tight component coupling, and limited vertical scaling in shared hosting
environments further exacerbate performance bottlenecks. There are four factors motivated the redesign of the
system with a more scalable and maintainable architecture. Several limitations in the prior version of English
Qualification software implementation are as follows.

The first major limitation of the monolithic system was its inability to scale beyond a few dozen concurrent
users, far below the operational requirement of 10,000 concurrent users for high-stakes online assessments. This
bottleneck is directly connected to the architectural rigidity of the Django-MySQL monolith, which processes
requests synchronously and offers limited support for parallel execution. As traffic increased, the application
rapidly reached its throughput ceiling, causing long queues, slow response times, and unstable behavior even under
moderate load.

The hosting environment further amplified this issue. Because the system operated on a cPanel shared
hosting server, the application competed with other tenants for CPU cycles, memory, and disk I/O—resources
essential for handling large-scale concurrent workloads. The strict resource caps imposed by cPanel throttled the
application’s processing ability, resulting in frequent timeouts, worker saturation, and sharply declining
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performance. These factors collectively demonstrate that the monolithic architecture was fundamentally incapable
of meeting the platform’s scalability expectations.

Resource constraints were another critical challenge, stemming primarily from the shared hosting model.
Limited CPU allocation, low memory availability, and restricted process concurrency created a tightly bound
resource environment that hindered efficient execution of compute-intensive operations such as authentication,
exam retrieval, and answer submission. As the workload increased, the system repeatedly exhausted its limited
pool of server resources, degrading performance and increasing failure rates.

The MySQL database setup contributed to further slowdowns. Operating MySQL under a shared hosting
environment restricted the number of simultaneous connections and limited buffer pool size, both of which are
essential for high-concurrency database access. Under load, the database struggled to manage parallel read—write
operations, leading to query delays, connection failures, and degraded application responsiveness. This
combination of application-level and database-level constraints made the monolithic system highly susceptible to
overload.

From a maintainability perspective, the monolithic architecture presented significant operational
challenges. Because all application modules—authentication, exam management, result processing, and user
interface logic—were bundled into a single deployable unit, modifying or updating any component required
redeploying the entire system. This created unnecessary deployment risk, where a small change in one module
could disrupt unrelated modules due to tight coupling.

Additionally, the lack of modular separation hindered parallel development and slowed release cycles.
Teams could not update or scale specific services independently, reducing agility and increasing the time required
for testing and validation. Over time, these constraints made it increasingly difficult to evolve the system despite
growing functionality requirements, highlighting the operational fragility caused by the monolithic structure.

Another limitation was the system’s exclusive reliance on the Python—Django technology stack. While
Django is well-suited for rapid development, it is not optimized for high-concurrency or compute-heavy workloads
without substantial architectural support. This single-technology constraint prevented the adoption of more
efficient technologies—such as Go, Rust, or Node.js—for services that naturally benefit from asynchronous or
lightweight concurrency models.

This dependency also restricted flexibility in selecting the most appropriate database or runtime
environment. By being tied to a uniform stack, the system could not integrate heterogeneous components
optimized for different tasks. As performance requirements grew, the inability to diversify the technology stack
hindered the platform’s evolution and prevented the adoption of modern architectural solutions that could resolve
its scalability and reliability challenges.

Recent research indicates a shift toward microservices architectures to address limitations in scalability and
deployment flexibility, with several studies specifically examining migration from monolithic systems. Aggarwal
and Singh analyze migration aspects from monoliths to distributed systems from a build, deployment, and latency
perspective, highlighting performance and operational challenges similar to those faced by the original Django—
MySQL platform in this study [6]. Romani et al. propose a data-centric process for identifying microservices in
legacy systems, which relates to the service boundary identification phase in the proposed MDIM-based migration,
where authentication, user management, and examination domains are extracted from the monolith [7]. Wolfart et
al. provide a roadmap for modernizing legacy systems with microservices, focusing on high-level phases and
activities; this study complements that roadmap by instantiating a concrete, model-driven process and validating
it on an online English test platform [8]. Tuusjérvi et al. present a migration of a legacy system to a microservice
architecture using model-driven reverse engineering, closely aligning with the reverse engineering and model
extraction steps of the MDIM methodology applied here [9].

Beyond general microservice migration, recent work has begun to emphasize model-driven and incremental
modernization strategies. Darimont et al. describe an incremental model-driven software modernisation approach
and report industrial feedback from the railway domain, conceptually similar to this paper’s stepwise MDIM
process that iteratively extracts and validates services while maintaining system continuity [10]. A systematic
mapping study on the modernization of legacy systems to microservice architectures synthesizes existing
approaches and shows that most focus on architectural refactoring and quality attributes rather than detailed, end-
to-end modernization methods [ 11]. This gap motivates the contribution of the present work, which operationalizes
a model-driven incremental modernization process—covering reverse engineering, service boundary
identification, transformation planning, and incremental service extraction and validation—for a real-world online
English assessment platform and evaluates its impact on throughput, latency, and resource usage.

To address these challenges, this research proposes migrating the existing monolithic Django-MySQL
system to a microservices-based architecture using the Model-Driven Incremental Modernization (MDIM)
methodology. Unlike ad-hoc redevelopment approaches, MDIM provides a systematic, iterative framework that
preserves system functionality while progressively restructuring the architecture. The study evaluates the resulting
system's scalability, performance, and maintainability. The findings aim to provide practical and methodological
insights for educational assessment platforms undergoing architectural modernization.

This study contributes in two main aspects. First, it proposes a microservices architecture specifically
designed for an online English try-out platform by decomposing the system into independent bounded contexts
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for authentication, user management, and examination, based on domain-driven design. The architecture supports
high concurrency, low latency, and fault isolation, and is intentionally deployed as native processes on Ubuntu
Server 22.04 rather than relying on container orchestration, demonstrating that microservices can still achieve high
performance and replicability in resource-constrained environments. In addition, the study contributes a practical
migration pathway from a production Django monolithic system to this microservices architecture, covering
domain identification, functional separation, database partitioning, and API restructuring, while leveraging
Cloudflared Tunnel for secure exposure and simplified networking during rapid deployment and testing

Second, this research presents a comprehensive evaluation of the migration outcomes using a multi-tool
measurement approach involving k6 for API metrics, JMeter for end-to-end flow testing, and Python scripts for
resource-level observations. The evaluation encompasses six ISO/IEC 25010 performance indicators—tesponse
time, throughput, CPU usage, memory usage, database query latency, and fault tolerance—and shows that the Go—
PostgreSQL—React]S microservices architecture outperforms both monolithic deployments with substantial
improvements across all metrics. By documenting challenges such as schema separation, authentication
refactoring, and service dependency resolution alongside these empirical results, the study provides a reproducible
model and strong evidence that microservices enhance scalability, efficiency, and reliability for online learning
and assessment platforms.

This paper is organized into four main chapters to present the research in a clear and coherent manner. The
Introduction provides the background, motivation, and the performance issues encountered in the original
monolithic English Qualification system. The Method chapter describes the sequential migration approach,
beginning with Reverse Engineering in the Monolith, followed by Analysis and Service Boundary Identification,
Transformation Planning, Incremental Service Extraction, and concluding with the Validation and Feedback Loop
used to ensure functional correctness and architectural alignment throughout the migration process. The Results
and Discussions chapter presents the empirical findings derived from load testing, structured into five sub-sections:
Throughput Performance, Latency Performance, Error Rate and Reliability, Architectural Impact on Performance,
and Scalability and Reliability Considerations. Each subsection compares the monolithic and microservices
architectures using quantitative and qualitative evidence. Finally, the Conclusion summarizes the key outcomes of
the study and highlights the implications of adopting a microservices-based architecture for large-scale online
assessment platforms.

2. RESEARCH METHODOLOGY

The methodology uses Model-Driven Incremental Modernization (MDIM), a systematic approach in which high-
level system models are extracted, analyzed, and used to iteratively transform and refactor a legacy system into a
modern architecture, such as microservices [12]. MDIM emphasizes using models as primary modernization
assets, enabling architects to capture business logic, dependencies, and structural constraints before any
transformation occurs. According to [12], the MDIM process reduces modernization risks by establishing
traceability between the legacy implementation and the target system, ensuring that decisions are informed by
explicit models rather than ad hoc refactoring efforts.
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Figure 1. MDIM Phases
2.1 Model-Driven Incremental Modernization (MDIM) Methodology

This research adopts MDIM, as shown in Figure 1, because it aligns with the incremental migration strategy
required for complex web applications, such as the Online English Test platform used in this study. Incremental
modernization helps maintain system availability, reduces regression risks, and allows performance benchmarking
at each stage. Each MDIM phase is implemented iteratively to ensure consistency between legacy components and
the emerging microservices ecosystem. MDIM phases are reverse engineering, analysis, service boundary
identification, transformation planning, service extraction, and validation.

2.1.1 Reverse Engineering

Reverse engineering begins with extracting structural and behavioral models from the monolithic application [13].
In this phase, the legacy codebase is analyzed to discover modules, dependencies, database schemas, API
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endpoints, business rules, and execution flows [14]. Extracted artifacts are transformed into UML Component
Diagrams to represent structural relationships between modules and services, UML Sequence Diagrams to capture
behavioral flows between modules and database operations, and Entity—Relationship Diagrams to describe the
logical database schema. These extracted artifacts serve as baseline models to understand the system’s functional
and non-functional characteristics. The reverse engineering process includes static code analysis, dependency
graph generation, class diagram derivation, and log-based behavioral tracing to understand real interaction patterns
between modules. This reverse engineering phase corresponds to the MDIM model extraction step, where legacy
code and database structures are represented as analyzable models that drive subsequent modernization decisions

The goal of this phase is to reconstruct accurate system knowledge that may not be fully documented in the
legacy application. By visualizing internal structures and identifying hidden couplings, the modernization team
gains clarity on which components are suitable candidates for decomposition [15]. This foundational
understanding ensures that subsequent modeling steps, such as service boundary identification, are grounded in
empirical structural data rather than assumptions or incomplete documentation [16].

2.1.2 Analysis and Service Boundary Identification

Analysis of system behavior based on performance experiments reveals clear differences in how the monolithic
and microservice architectures handle load. In the monolithic Django—MySQL system, every major function such
as authentication, question retrieval, and submission processing runs in a single process and shares a resource pool.
This design causes any performance degradation, such as database congestion or thread exhaustion, to propagate
across the entire system [17]. The empirical data confirms this: as concurrency increases, the monolithic exhibits
significant increases in latency, reduced throughput, and elevated error rates, indicating that a single bottleneck
has a system-wide impact [17], [18], [19], [20], [21]. In contrast, the microservices architecture separates these
functions into independently managed services. By isolating authentication, question serving, and submission
evaluation into different components with independent resources, the system avoids global failure propagation and
maintains significantly more stable performance. This separation is evident in the experimental results, where
microservices achieved lower latency, higher throughput, and near-zero error rates even at higher concurrency
levels.

These performance characteristics directly inform the identification of service boundaries. Authentication
workloads behave differently from question retrieval (read-heavy) and submission processing (write-heavy),
making them suitable candidates for separate services [22]. The Auth Service should handle identity verification
and token management; the Question Service should be optimized for high-frequency reads and caching; and the
Submission Service must ensure transactional consistency during answer evaluation and result storage. By clearly
isolating these domains, each service can adopt the optimal scaling, storage, and caching strategies without
affecting the others. This boundary design also improves reliability by containing failures within individual
services rather than cascading them across the entire system, which is precisely what caused instability in the
monolithic experiments. Thus, the analysis and experimental evidence jointly support a domain-driven service
separation as the most effective architectural approach. Within MDIM, this analysis and boundary identification
phase uses the extracted models to define bounded contexts for authentication, question delivery, and submission,
which become target services for transformation

2.1.3 Transformation Planning

Transformation planning involves designing the modernization roadmap and determining the sequences, tools, and
resources required for migration. This includes defining transformation objectives, identifying required model
transformations, selecting supporting technologies, and planning integration strategies [23], [24], [25], [26], [27].
The roadmap specifies which components will be extracted first, how data will be synchronized, and how both
legacy and microservices systems will coexist. Planning also includes identifying risks such as downtime,
regression, or service communication complexities.

The hardware configuration of the testing environment is also specified in this stage. For this research, the
system runs on an Intel Core 17-2630QM with 8 GB RAM and a 111 GB SSD. This environment ensures that the
performance comparison between the monolithic and microservices architectures is conducted under controlled
conditions. Defining the hardware profile enables reproducible experiments, supports consistent benchmarking,
and aligns modernization decisions with the practical constraints of the deployment platform. From an MDIM
perspective, this stage operationalizes the transformation planning phase by specifying model transformations,
coexistence strategies between monolith and microservices, and the order in which modeled components are
migrated.

2.1.4 Incremental Service Extraction

During incremental extraction, individual services are gradually decoupled from the monolithic system following
the previously identified boundaries. This step involves creating service interfaces, migrating business logic,
encapsulating data access, and establishing communication protocols such as REST or gRPC [28], [29]. The
extraction process ensures that each new microservice operates as an independent deployable unit while still
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interoperating with the monolithic system through adapters or facade layers. A strangler pattern is often applied to
route specific functionalities away from the monolithic and toward the newly created services.

Each extraction iteration is followed by integration testing, regression verification, and performance
measurement to ensure the extracted service does not disrupt existing functionalities. The incremental approach
minimizes transformation risks by avoiding large-scale code displacement. It also enables iterative refinement of
service boundaries, allowing modifications when unexpected couplings or operational issues arise. Over time, the
legacy monolithic shrinks as more functionality is transferred to microservices. This corresponds to the MDIM
service extraction phase, where modeled service candidates are incrementally realized as deployable microservices
and integrated with the remaining monolith.

Data migration from the Django—MySQL monolith to the Go—PostgreSQL microservices followed an
offline, one-way strategy. First, the database schema was recreated in PostgreSQL by redesigning the necessary
tables and relationships based on the existing MySQL schema, without sharing physical tables between the two
systems. After the schema was prepared, user and test data, including questions and answers, were exported from
the monolithic database and inserted into the new PostgreSQL-based services. Because the monolith and
microservices never accessed the same tables in the same database, there was no need for dual-write mechanisms
or shared-database coordination during the migration; once data loading and functional verification were
completed, production traffic was routed to the microservices system while the monolith was kept only as a
fallback reference.

2.1.5 Result Validation

Validation ensures that each extracted service meets functional requirements, performance expectations, and
architectural goals. This involves executing test suites, monitoring service interactions, validating data consistency,
and evaluating communication overhead [30]. Validation also checks whether the migrated service adheres to
microservices principles such as loose coupling, high cohesion, and bounded context alignment. Any detected
issues are recorded and traced back to the corresponding model, allowing refinements.

The feedback loop is integral to MDIM, as it uses validation results to update and refine system models,
transformation rules, and migration strategies. If issues arise, such as unexpected coupling or degraded
performance, the models are improved to prevent similar problems in future iterations. This continuous feedback
mechanism ensures that modernization remains aligned with evolving system behavior, architectural targets, and
technical constraints. Within MDIM, validation closes the feedback loop by feeding test and monitoring results
back into the models, enabling refinement of service boundaries, transformation rules, and migration strategies.

2.2 Performance Evaluation Aspects

The performance evaluation in this study follows the ISO/IEC 25010 quality model, which defines performance
efficiency as a key characteristic of software product quality [31], [32], [33]. In line with this standard, the
evaluation focuses on resource utilization and responsiveness under realistic concurrent exam workloads for both
the monolithic and microservices architectures. Accordingly, five performance aspects are measured—CPU usage,
memory usage, response time, throughput, and database query time—with each subsection detailing the definition,
formula, and measurement tools used for that metric.

2.2.1 CPU Usage

CPU usage refers to the proportion of processing power utilized by an application or service while executing its
tasks. It indicates how efficiently a system handles computational workloads, especially under concurrent user
activity. High CPU usage typically suggests heavy computation, inefficient processing, or bottlenecks in request
handling, while low CPU usage indicates computational efficiency, lightweight operations, or idle waiting states.
CPU usage becomes a crucial metric in performance evaluation because it directly influences the system’s
responsiveness, scalability, and stability during peak load conditions. CPU usage is presented by formula (1).

Idle Time
CPU Usage (%) = (1 — m) X 100% €))
with:
CPU Usage = The percentage of CPU time for running active processes relative to total CPU
operational time.
Idle Time = The time when the CPU is not executing any tasks or instructions.
Total Time = The total CPU time, including active and idle time.

In this study, CPU usage is measured using the Python psutil module, which captures real-time CPU
percentages for individual backend processes. This method allows precise monitoring of each microservice, as
they run as independent native processes on Ubuntu Server. Additional observation is conducted through system-
level monitors such as top and htop to validate trends during load tests with k6 and JMeter. These tools provide an
accurate depiction of CPU consumption at both process and system levels, enabling comprehensive analysis of
how each architecture behaves under a 50-VU workload.
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2.2.2 Memory Usage

Memory usage refers to the amount of Random Access Memory (RAM) consumed by an application during its
execution. It represents the memory footprint required for loading program instructions, storing runtime data
structures, maintaining user session states, and handling database query results. High memory usage can lead to
slower performance, swapping, or system instability, while low memory usage reflects efficient memory allocation
and resource management. This metric is essential for evaluating the scalability of microservices, as each service
runs independently and must remain lightweight to support horizontal scaling. Formula (2) represents the memory
usage and its components.

Used Memory

Memory Usage (%) = ( ) X 100% )

Total Available Memory

with:

Memory Usage = The percentage of memory usage relative to total available memory.

Used Memory = The amount of memory currently in active use by the system and processes.
Total Available Memory = The amount of physical memory (RAM) available for use by the system.

Memory usage in this research is captured using the Python psutil library, specifically through the
memory_info().rss attribute, which reports the actual physical memory allocated to each process. Since the
microservices operate without containerization, this approach provides accurate per-service memory readings, free
from virtualization overhead. Verification is also performed with htop to observe memory trends during stress tests
conducted with k6 and JMeter. Together, these tools ensure reliable measurement of memory behavior across
monolithic and microservices architectures under concurrent load.

2.2.3 Response Time

Response time refers to the duration between a user’s request and the system’s delivery of a corresponding
response. It measures how quickly an application reacts to operations such as login, loading questions, submitting
answers, or navigating between pages. In performance engineering, response time is a primary indicator of user-
perceived speed and system efficiency. Lower response times indicate a system capable of handling interactions
promptly, while higher response times may reflect bottlenecks in processing, networking, or database access.
Formula (3) represents the response time and its components. Formula (3) represents the response time and its
components.

Response Time = Response Timestamp — Request Timestamp 3)
with:

Response Time = The duration it takes for the user to receive a response from the software
Response Timestamp = The time recorded when the response was received

Request Timestamp = The time recorded when the request was received

This study measures response time using three complementary tools, k6, JMeter and Python. Grafana k6
was used for API-level response time (average, P95, max). JMeter was used for end-to-end workflow latency
(login — dashboard — test — submit). Python scripts was used for user-level UI response time using raw HTTP
requests or automated flows. This multi-layer measurement produces a holistic and accurate representation of
system responsiveness across different architectural levels.

2.2.4 Throughput

Throughput represents the number of requests or transactions a system can process within one second. Often
expressed as Requests Per Second (RPS), Samples Per Second (SPS), or Pages Per Second (PPS), throughput
reflects the system’s operational capacity under concurrent load. Higher throughput indicates that a system can
support a larger number of simultaneous users efficiently, while lower throughput reveals potential performance
degradation, contention, or architectural bottlenecks. Throughput is essential for evaluating scalability, especially
in exam systems where many users interact at the same time.

Total HTTP Requests Sent

RPS = Duration (seconds) (4)

with:

RPS = Requests Per Second, the number of HTTP requests processed by the
server each second during a load test

Total HTTP Requests = The total count of all API calls issued by virtual users throughout the test

Sent duration.

Tools Used to Measure Throughput are k6, IMeter, and Python. Grafana k6 reported RPS at the API level
under constant load. JMeter reports SPS based on simulated end-to-end user flows. Python testing scripts capture
PPS reflecting user-facing page transitions. These metrics together enable a comprehensive comparison of system
scalability across architectures.
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2.2.5 Database Query Time

Database query time refers to the amount of time required for a database server to execute an SQL query and return
the result. This includes parsing, execution, indexing operations, and data retrieval. Query performance is crucial
in systems like online exams where fetching questions, storing answers, and retrieving scores occur repeatedly and
intensively. High query time indicates inefficiencies in query design, indexing, DBMS performance, or network
latency between application and database layers. Formula (5) represents the memory usage and its components.

DTQ = Response Timestamp — Request Timestamp (5)

with:

DTQ = Database Query Time, the duration it takes for the software to process and
receive a response from database query

Response Timestamp = The time recorded when the response was received

Request Timestamp = The time recorded when the request was received

This study measures query time using Python and JMeter. Python (mysql-connector / psycopg2) recorded
precise execution duration at the driver level. JMeter JDBC Sampler directly sends SQL queries to the database
under concurrent load. These two tools provide low-level and multi-threaded perspectives, enabling accurate
benchmarking of MySQL vs PostgreSQL across microservices.

3. RESULT AND DISCUSSION

This chapter presents the performance measurements of the monolithic and microservices architectures that were
derived through the Model-Driven Incremental Modernization (MDIM) stages described in the Method section.
Each figure and table serves as empirical evidence of the design decisions made during the reverse engineering,
service boundary identification, and incremental service extraction phases. Consequently, the analysis of
throughput, latency, resource utilization, and reliability not only compares two architectures but also evaluates
how effectively the MDIM process modernizes the online examination platform.

3.1 Throughput Performance

The k6 throughput measurements clearly show that the microservices-based Go—PostgreSQL—React]S architecture
can process far more requests per second than either monolithic deployment, and this difference is directly tied to
how each architecture handles concurrency. Figure 2 shows the throughput comparison between monolithic and
microservices in this case. With 127.57 requests per second, the microservices backend demonstrates that it can
keep many parallel execution paths active without significant blocking, while the monolithic Django on cPanel
and on Ubuntu manage only 28.69 and 33.4 requests per second, respectively. The smaller numbers in the
monolithic variants reflect contention inside a single, tightly coupled application process, where every feature
competes for the same CPU, I/O channels, and database connections, quickly limiting how many operations can
be completed each second.

These throughput gaps become more meaningful when interpreted through the lens of resource isolation
and scheduling. In the monolithic systems, all major functions—authentication, question retrieval, and answer
submission—run in one deployment unit, so any slow operation or blocking database call stalls other requests and
flattens the throughput curve at around 30-33 requests per second. By contrast, the microservices architecture
decomposes functionality into smaller services that can be scaled and scheduled independently, allowing Go’s
lightweight goroutines and PostgreSQL’s parallel query handling to keep the pipeline busy and to push throughput
above 120 requests per second before bottlenecks appear. The 3—4.5% higher throughput is therefore not just a
numerical difference but an indicator that the system can utilize hardware resources more effectively and maintain
productive work even under heavy load.

Throughput (request/sec)

Microservices Go- Monolithic Django Monolithic Django
PostgreSQL-React)S (cPanel) (Ubuntu)
(Ubuntu)

Figure 2. Throughput Results
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From an application perspective, these throughput numbers translate directly into the number of students
that can be served in real time during an online examination. A ceiling near 30 requests per second in the monolithic
architectures means that as soon as a few dozen users interact simultaneously—logging in, loading questions, or
submitting answers—the system approaches saturation, causing queues, delays, and potential failures. In contrast,
the microservices architecture’s 127.57 requests per second capacity provides enough headroom to support
significantly more concurrent interactions before users notice slowdowns, making it feasible to host large-scale
exams with hundreds or thousands of participants on the same platform [34].

3.2 Latency Performance

The latency measurements from k6 reveal an equally important story about how quickly each architecture can
respond to individual requests under load. The microservices Go—PostgreSQL—React]S system records an average
latency of 156.97 ms and a P95 latency of 342.68 ms, meaning that even the slowest 5% of requests typically
complete in under half a second. In sharp contrast, the monolithic Django on cPanel shows an average latency of
1,591.50 ms and a P95 latency of 8,970.31 ms, while the monolithic Django on Ubuntu reports 1,349.12 ms
average and 4,449.48 ms P95 latency—delays measured in seconds rather than milliseconds. These large numbers
indicate that requests frequently wait in queues or are blocked by long-running operations before being served
[35].

The reason the monolithic latencies are so high lies in the synchronous, shared nature of the architecture.
In the monolithic deployments, each HTTP request traverses the same execution pipeline, often involving heavy
Django ORM operations and limited worker processes, all competing for constrained CPU and I/O resources.
When k6 generates concurrent traffic, these resources saturate, causing subsequent requests to line up behind
others; this queueing effect is exactly what drives the P95 values into the multi-second range, especially on the
cPanel environment with strict CPU quotas. By contrast, the microservices stack benefits from Go’s non-blocking
goroutines, which allow many I/O-bound operations to overlap, and from PostgreSQL’s ability to serve concurrent
queries efficiently, keeping both average and tail latencies low.
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Figure 3. P95 Latency Results
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Figure 4. Average Latency Results
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For end users, the difference between a 156.97 average response and a 1.3—1.6 second average is the
difference between a system that feels instant and one that feels sluggish or broken, especially during time-
pressured exams. The microservices architecture’s sub-350 ms P95 means that almost all interactions—page loads,
question changes, answer submissions—complete fast enough to be perceived as smooth and reliable. In contrast,
the monolithic systems’ 4-9 second P95 latencies imply that a significant portion of requests will hang long enough
to disrupt a student’s flow, increase anxiety, and raise the risk of timeouts or repeated clicks that further load the
server. Thus, the small latency numbers in the microservices design are not just technically better; they are critical
for delivering a stable, high-quality examination experience at scale [36].

3.3 CPU Usage

The CPU usage measurements show that the microservices-based Go—PostgreSQL—ReactJS system on Ubuntu
operates at an average of 50.75% CPU utilization, indicating that it can handle the evaluated workload without
saturating processor resources. This moderate usage suggests that there is still available headroom for additional
concurrent users or background tasks before the system approaches critical limits. Architecturally, this reflects the
efficiency of Go’s lightweight concurrency model and the separation of concerns across services, which distribute
computation more evenly instead of concentrating it in a single process.

In comparison, the monolithic Django deployment on cPanel records a higher average CPU usage of 59.4%,
which signals that the shared-hosting environment must work harder to process the same functional workload.
Because all application logic is bundled into one deployable unit, each HTTP request passes through a relatively
heavy stack that includes Django’s request handling and ORM processing, increasing CPU demand per operation.
While 59.4% is still below saturation, it leaves less buffer for traffic spikes, scheduled jobs, or other tenants on the
shared server, making performance more fragile under peak conditions.

Average CPU Usage (%)

50,75

Microservices Go- Monolithic Django Monolithic Django
PostgreSQL-ReactJS (cPanel) (Ubuntu)
(Ubuntu)

Figure 5. Average CPU Usage (%)

The monolithic Django deployment on Ubuntu reaches an average CPU utilization of 95.98%, effectively
operating at the edge of the processor’s capacity throughout the measurement period. This extremely high value
indicates that the server has almost no remaining computational headroom, so any additional load or transient
spike can immediately translate into longer queues, increased latency, and potential request failures. From an
architectural standpoint, this confirms that the monolithic design does not scale efficiently under k6-driven
concurrency on a single host, whereas the microservices architecture can deliver comparable functionality with
significantly lower CPU pressure [37], [38].

3.4 Memory Usage

The memory usage results show that the microservices-based Go—PostgreSQL—React]S system on Ubuntu
operates with an average utilization of 47.3%, indicating a relatively efficient use of RAM under the evaluated
workload. This level suggests that the microservices deployment keeps its working set compact enough to avoid
exhausting physical memory, while still caching sufficient data to maintain good performance. Architecturally,
the decomposition into smaller services helps limit the memory footprint of each process, reducing the risk that
one component will consume excessive RAM and affect the rest of the system.

In contrast, the monolithic Django deployment on cPanel shows a higher average memory usage of 54.01%,
which points to a heavier footprint for a comparable set of functionalities. Because all application modules—
authentication, exam management, and result processing—are bundled into a single process space, more code,
libraries, and in-memory data structures must remain loaded at the same time, increasing baseline RAM
consumption. On a shared-hosting environment, this elevated usage leaves less room for other tenants and can
accelerate the onset of swapping or memory-related throttling when traffic spikes occur.

The monolithic Django deployment on Ubuntu records an average memory utilization of 48.34%, only
slightly higher than the microservices configuration but significantly lower than the cPanel monolith. This suggests
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that dedicated Ubuntu hosting provides a more favorable runtime environment, reducing overhead compared to
shared hosting even though the application architecture remains monolithic. However, the fact that the
microservices system achieves similar or better memory efficiency while also delivering higher throughput and
lower latency indicates that architectural factors, not just hosting conditions, play a key role in how effectively
RAM is used under concurrent exam workloads [37], [38].

Average Memory Usage (%)

47,3

Microservices Go- Monolithic Django Monolithic Django
PostgreSQL-React)S (cPanel) (Ubuntu)
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Figure 6. Average Memory Usage (%)
3.5 Database Query Time

The database query time measurements indicate that the microservices-based Go—PostgreSQL—React]S
deployment on Ubuntu achieves an average latency of 0.438 ms, with minimum and maximum values of 0.24 ms
and 9.89 ms, respectively. By comparison, the monolithic Django deployment on Ubuntu records a higher average
query time of 0.913 ms, ranging from 0.75 ms to 1.15 ms, which means that under equivalent Ubuntu hosting
conditions the microservices configuration processes individual queries roughly twice as fast while still
accommodating occasional latency spikes without sustained degradation. This advantage is further reinforced by
PostgreSQL’s ability to execute parallel queries, where the planner can split expensive scans, joins, and
aggregations across multiple worker processes and CPU cores, reducing execution time for complex requests and
helping the microservices database layer maintain low latency under concurrent workloads.

When compared with the monolithic Django deployment on cPanel, which reports an average of 0.032 ms
and a min—max interval of 0.024 ms to 0.068 ms, the cPanel results appear numerically superior but are not directly
comparable because they are obtained under a shared-hosting environment that sustains significantly lower
throughput and reaches performance limits earlier [39]. For an apple-to-apple comparison focused only on Ubuntu-
based deployments, the microservices system clearly offers the better trade-off between query latency and
scalability, since it delivers lower average database times than the Ubuntu monolith while also benefiting from
PostgreSQL’s parallel execution capabilities to support higher request rates and more efficient utilization of multi-
core hardware under concurrent exam workloads.
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Figure 6. Database Query Time (ms)
3.6 Architectural Impact on Performance

The combined results for throughput, latency, CPU usage, and memory usage clearly show that architectural
choices have a direct impact on system performance for the online English examination platform. Table 1 shows
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the summary of the The microservices-based Go—PostgreSQL—ReactJS architecture consistently delivers higher
throughput, sustaining 127.57 requests per second with an average latency of 156.97 ms and a P95 latency of
342.68 ms, while using 50.75% CPU and 47.3% memory on average. In contrast, the monolith on Ubuntu handles
33.40 requests per second and the monolith on cPanel 28.69 requests per second, with average latency of 1,349.12
ms and 1,591.50 ms, P95 latency of 4,449.48 ms and 8,970.31 ms, CPU usage up to 95.98%, and memory usage
of 48.34% and 54.01%, respectively

These performance patterns directly reflect the service decomposition decisions taken during the service
boundary identification phase of MDIM. The bounded contexts defined for authentication, question delivery, and
submission processing have effectively separated their workloads, enabling each service to scale and be optimized
independently while reducing resource contention compared to the monolithic design.

These numerical gaps arise from how each architecture organizes computation, manages I/O, and isolates
responsibilities. In the monolithic systems, all application concerns execute within a single deployment unit, so
bursts of k6-generated traffic quickly drive CPU to 95.98% on Ubuntu and raise P95 latency to 4,449.48 ms on
Ubuntu and 8,970.31 ms on cPanel, even though throughput remains at only 33.40 and 28.69 requests per second,
respectively. By decomposing the platform into independent services, the microservices architecture can keep CPU
at 50.75% and memory at 47.3% while sustaining 127.57 requests per second with a 156.97 ms average latency
and 342.68 ms P95 latency, demonstrating that the same hardware handles more concurrent work with far less
contention [40].

From a reliability and user-experience perspective, these concrete values translate into different risk profiles
for large-scale online examinations. In the monolithic deployments, operating with CPU between 59.4% and
95.98% and P95 latency above 4,449.48 ms means that a modest increase in concurrent users can easily result in
timeouts, stalled page loads, and failed submissions, despite the relatively low throughput ceiling of 28.69 and
33.40 requests per second. The microservices architecture, by contrast, maintains responsive interactions—most
requests completing within 156.97-342.68 ms—while processing 127.57 requests per second and keeping resource
usage at 50.75% CPU and 47.3% memory, making it far better suited to high-stakes assessments that must remain
stable under heavy load [37], [38].

Beyond these aggregate indicators, database query time measurements also confirm the benefits of the
microservices and PostgreSQL combination. For exam operations such as loading question sets and storing
answers, PostgreSQL in the microservices architecture on Ubuntu records an average query time of 0.438 ms with
a P95 latency below 1 ms, whereas MySQL in the monolithic Django deployments shows higher averages around
0.913 ms on Ubuntu and substantially larger P95 values under concurrent access. This reduction in database query
time aligns with PostgreSQL’s more effective handling of parallel queries and connection pooling in the
decomposed services, which reduces contention on shared database resources during peak exam workloads and
helps maintain sub-millisecond response times for the majority of requests.

Table 1. Architecture Comparison

Microservices Go—

Aspect Mono(lcl;h;lcl:l))J ango Mom()ll}:)hl:; tll)l J)ango PostgreSQL—ReactJS
(Ubuntu)
33.4 requests/sec, 127.57 requests/sec,
Throughput 28.69 requests/sec, still limited by single- supports around 4x more

quickly reaches ceiling

process design

operations per second

1,591.50 ms / 1,349.12 ms / 156.97 ms /
8,970.31 ms,
. 4,449.48 ms, 342.68 ms,
Latency (avg / P95) frequent multi-second .
high delays under sub-second responses
delays )
concurrency even at higher load
59.4%, 95.98%, 50.75%,
CPU Usage (avg) moderate but with limited  near saturation, high risk efficient utilization with
headroom on shared host under spikes remaining capacity
54.01%, 48.34%, 47.3%,
Memory Usage (avg) heavier footprint due to  lower than cPanel but still comparable or better
single large process monolithic coupling footprint with
decomposed services
0.032 ms, very low per-
Database Query Time query latency at much 0.913 ms, higher average  0.438 ms, lower average
(ave) lower throughput query time under the query time with support

(following the shared
hosting resources limit)

same Ubuntu hosting

for significantly higher
load
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4. CONCLUSION

The conclusions of this study show that the proposed microservices architecture for an online English try-out
platform is both domain-driven and performance-oriented, addressing the need for scalable assessment systems.
By decomposing the application into independent services for authentication, user management, and examination
and deploying them as native processes on Ubuntu Server 22.04, the system sustains 127.57 requests per second
with an average latency of 156.97 ms and a P95 latency of 342.68 ms while using 50.75% CPU and 47.3% memory,
demonstrating that high concurrency and fault isolation can be achieved without container orchestration in
resource-constrained environments. These performance gains are achieved through the Model-Driven Incremental
Modernization (MDIM) methodology, where each migration step—reverse engineering, service boundary
identification, transformation planning, incremental service extraction, and validation—is guided by explicit
models that preserve architectural consistency during the transition from monolith to microservices. The work
establishes a practical migration pathway from a production Django—MySQL monolith to a Go—PostgreSQL—
ReactJS microservices solution, covering domain identification, functional separation, database partitioning, and
API restructuring, and the resulting system handles substantially more concurrent traffic under lower resource
pressure than the original deployments. A comprehensive empirical evaluation using k6, JMeter, and Python-based
measurements across ISO/IEC 25010 performance indicators confirms that the microservices implementation
consistently outperforms both monolithic baselines, providing strong evidence that MDIM is an effective
framework for reducing modernization risk and enhancing scalability, efficiency, and reliability for online learning
and assessment platforms. This study is limited to a single hardware configuration and a specific online exam
workload; broader validation on different infrastructures and usage patterns, as well as further domain-driven
refinement of assessment services for personalization, fraud detection, and real-time analytics, is left for future
work.
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  CPU   Usage   ( % )   =   ( 1 −   Idle   Time    Total   Time )   ×   100 %


  Memory   Usage   ( % )   =   (   Used   Memory    Total   Available   Memory   )   ×   100 %


  Response   Time   =   Response   Timestamp   −   Request   Timestamp


  RPS   =     Total   HTTP   Requests   Sent    Duration   ( seconds )


  DTQ   = Response   Timestamp   −   Request   Timestamp

