
Journal of Computational Analysis and Applications                                                                          VOL. 35, NO. 5, 2026 
  

                                                                                               10.48047/jocaaa.2026.35.05.07 

                                                                                     154            Jay Bankimchandra Desai et al 154-162 

 

Applying Distributed Systems and Event-Driven Architectures to High-

Throughput Digital Platforms 
 

Jay Bankimchandra Desai 

San Jose State University, USA 

 

Abstract 

Scaling digital platforms to sustain high-throughput extends beyond infrastructure provisioning and 

requires careful consideration of latency, correctness, and architectural robustness. These challenges arise 

from the fundamental properties of distributed systems and necessitate principled design approaches 

grounded in data-driven decision-making. This article presents a comprehensive examination of 

architectural strategies for building scalable, high-performance platforms. It analyzes storage-layer design 

choices, including stateless versus stateful service decomposition, SQL and NoSQL trade-offs, indexing 

strategies, and in-memory caching mechanisms for latency optimization. Furthermore, it explores event-

driven architectures, emphasizing asynchronous processing and change data capture as key enablers for 

decoupling system components, improving scalability, and maintaining data freshness. Race conditions, 

inconsistent data states, and partial failures in distributed systems, which are structural properties of 

distributed systems, are addressed with reconciliation processes and idempotent consumer patterns. This 

enables distributed systems to scale globally, operate effectively, and perform optimally even under high-

load conditions. As throughput increases, complexity also grows, introducing concurrency conflicts, hidden 

bottlenecks, and blind spots that must be addressed from an architectural perspective. These principles can 

be applied across various domains, including financial transaction systems, global streaming platforms, and 

IoT telemetry systems that require timely and precise responses under extreme load. Well-designed 

distributed architectures not only ensure responsiveness and accuracy but also optimize operational costs, 

support global scalability, and build user trust through platform reliability. Together, these architectural 

layers provide a strong foundation that ensures responsiveness, accuracy, and competitiveness. 
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1. Introduction 

In modern technology stacks, supported by advances in both hardware and software capabilities, building 

systems that handle low to moderate traffic is relatively straightforward. Scaling systems to internet‑level 

throughput, however, introduces an entirely different set of challenges. Achieving the right balance between 

hardware investment and engineering effort, while maintaining high performance with limited resources 

and controlling operational costs, requires deliberate architectural choices, a strong understanding of 

distributed systems, and careful evaluation of trade-offs at every layer. 

High‑throughput platforms depend on multiple data systems working cohesively. Decisions about storage 

technologies, indexing, event-driven processing, stateless vs. stateful services, caching layers, search, and 

failure handling have significant implications. These choices must be data‑driven, guided by empirical 

production metrics rather than assumptions. As the system scales, the complexity of the system grows 

exponentially, and problems such as race conditions, partial failure, and observability problems may arise, 

which could affect the correctness of the system. The system should be scaled incrementally, and 
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monitoring and diagnostic capabilities should be included in the system. A well‑designed system withstands 

extreme loads, scales effectively, and remains easy to manage, building user trust through reliability. 

 

Table 1. Architectural Roles and Broader Implications in Event‑Driven and Distributed Systems [6, 7, 15, 

16] 

 

2. Fundamental Storage Architecture 

One of the first places where these performance issues start to arise is in the architecture of the storage 

layer. As the systems grow, the importance of managing state, maintaining consistency, and lowering 

latencies becomes crucial to addressing the problem posed at the beginning. Storage architecture is the 

foundational layer upon which distributed system performance is built. Decisions made at this level 

determine whether a platform can absorb traffic growth without degrading system performance and whether 

data remains consistent and accessible under the concurrency conditions that high-throughput environments 

routinely impose. Three dimensions of storage design carry the most consequence: the choice between 

stateless and stateful service models, the selection of durable storage technologies, and the deployment of 

in-memory caching to manage latency on hot read paths. 

2.1 Stateless vs. Stateful Processing 

Distributed platforms are often structured as stateless microservices, with monolithic applications 

decomposed into orchestration‑style layers. Such services build request context, make calls to downstream 

components, communicate with databases, caches, and search systems, and assemble responses for clients. 

Stateless services can be scaled horizontally and load-balanced comparatively easily because they do not 

maintain request-specific state. Capacity addition typically involves provisioning additional compute 

without complex data migration. This layer can also be improved by multithreading and parallel execution, 

enabling systems to fully utilize modern multi-core hardware [4]. 

The services that handle request processing or response composition have a scaling behavior that does not 

depend on user sessions, and their stateless nature means that they can be replicated across clusters, making 

them resilient and capable of withstanding faults. Some of these applications, though, require stateful 

services, especially those that maintain long-lasting, bidirectional connections between clients and servers. 

Stateful services need to maintain in-memory state associated with active requests or sessions, such as chat 

systems or real-time interactive sessions. It is also more difficult to scale these services, where vertical 

scaling is physically constrained and horizontal scaling requires careful state partitioning or migration. 

Sharding and session affinity are frequently used; however, they have operational risks that increase with 

the traffic on the platform. Stateful services require advanced capacity planning, as retrofitting scalability 

later is prone to errors and expensive [6]. This distinction between stateless orchestration and stateful 

session management sets the stage for durable storage choices that follow. 

2.2 SQL vs. NoSQL 

The choice of a durable storage solution has long-term effects on performance and maintainability. SQL 

databases are typically selected for workloads that require high consistency and transactional assurances. 

SQL databases use row‑level or table‑level locking, which adds overhead but ensures correctness [4]. This 

may have scaling limitations, especially in write-intensive workloads, as most SQL systems rely on a single 

central master, which creates a throughput bottleneck. NoSQL databases overcome this limitation by 

focusing on availability and horizontal scalability, which means they can support write-intensive workloads 

with a multi-master or leaderless architecture, where eventual consistency is acceptable and ingestion 

throughput matters more than query flexibility [6]. Polyglot persistence, also known as hybrid systems, is 
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a type of setup that uses SQL and NoSQL systems to achieve transactional integrity and scalability and is 

a particular configuration case where each storage tier is given workloads it can best serve. Choosing the 

wrong database is costly, as migrations are complex, time-consuming, and risk data loss [3]. These trade-

offs are often contextualized by the CAP theorem, which formalizes the tension between consistency, 

availability, and partition tolerance, and by the ACID versus BASE consistency models. 

 

Focus Mechanisms / Strategies Outcomes / Implications 

Stateless vs 

Stateful 

Stateless microservices, session affinity, 

sharding, partitioning of stateful workloads 

Easier horizontal scaling and resilience 

under load, but stateful services require 

careful planning and fault tolerance 

SQL vs 

NoSQL 

SQL for strict consistency and ACID 

guarantees; NoSQL for horizontal 

scalability and BASE; polyglot persistence 

SQL ensures integrity but may bottleneck 

writes; NoSQL supports high throughput 

with eventual consistency; hybrid balances 

both 

Indexing 

Composite indexes, inverted indexes, 

query benchmarking, workload‑specific 

optimization 

Faster queries and improved search 

performance, but indexing adds overhead 

to ingestion and can reduce write 

throughput 

In‑Memory 

Caching 

TTL calibration, 

write‑through/back/around strategies, 

cache invalidation policies 

Significant latency reduction and 

improved responsiveness, but risk of stale 

data if TTLs misconfigured; reduces load 

on primary storage 

Table 2. Storage Architecture Trade‑offs in Distributed Systems [4, 6, 9] 

These trade‑offs in the storage layer architecture demonstrate how architectural choices directly solve the 

scaling problem by balancing consistency, throughput, and latency. 

2.2.1 Choosing an Indexing Strategy 

Indexing is an important part of query performance since it enables faster data access in large datasets. 

Indexes impose a cost on write paths, as each write has to update several index structures as well as the 

underlying data store. Excessive indexing may severely impair ingestion throughput, creating a trade-off 

between read optimization and write performance. It is necessary to analyze the production query patterns, 

benchmark at realistic workloads, and prioritize the performance benefit of each index relative to its write 

cost [9]. Indexing is critical for high-frequency query workloads that operate under strict latency 

constraints. Composite indexes also speed up queries that use a combination of attributes at the same time 

to narrow down the search results, e.g., category, price range, and popularity score. Search-heavy workloads 

such as inverted indexes support rapid keyword searching and relevance ranking of large product lists. The 

key problem in the high-throughput environment is to balance read and write performance against one 

another. Over-indexing decreases query latency but also reduces event ingestion performance, making the 

index directly counterproductive to the data that personalization relies on [9]. Search‑heavy workloads often 

employ systems such as Elasticsearch to support rapid keyword searching and relevance ranking.  

2.3 In-Memory Storage and Caching 

In-memory caches provide a strong optimization layer for temporary or frequently accessed data or records 

that are already stored durably in other locations and need to be accessed repeatedly and with low latency.  

In-memory systems often provide 50–100× lower latency  than disk-backed databases with similar access 

patterns [6]. Since the data held in cache is volatile, it can never be taken to be a source of truth. Caches are 
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mainly used to speed access to commonly accessed data and to handle short-lived states, not to substitute 

durability guarantees that are offered by persistent storage systems. Practically, in-memory stores are often 

used to store frequently accessed datasets and session-level data. Invalidation strategies (write-through, 

write-back, and write-around) define how updates spread between caches and long-term storage. All these 

methods have their own trade-offs in regard to consistency, performance, and fault tolerance and must all 

be measured against the particular access pattern of the pipeline [14]. One of the most challenging aspects 

of cache management is the calibration of appropriate time-to-live (TTL) values. Too long TTLs are 

dangerous because they will give out stale data; data accuracy may be affected as old products are revealed 

to users whose preferences have changed. On the other hand, short TTLs heighten cache misses and add 

more burdens to the underlying databases, undermining the latency gains caching is supposed to provide. 

Determining the best TTL settings requires long-term trial and error during operations and constant 

correction as the traffic pattern changes. TTLs are commonly distinguished by the type of data: trending 

signals need a shorter duration to capture the fast behavioral changes, and the steady metadata on products 

can withstand the longer period without the need to jeopardize the quality of the recommendations [6]. 

Industry implementations such as Redis and Memcached exemplify these caching strategies in production 

environments. 

 

3. Event-Driven Architecture 
3.1 Asynchronous Processing with Event-Driven Platforms 

One of the keys to high-throughput systems lies in event-driven architectures, which facilitate the 

asynchronous treatment of operations that would otherwise create an accumulation of latency in real-time 

request paths. Request-serving services in this model produce events, and the downstream services consume 

them (performing  more complex computations or storing results to be used later). This separation of 

concerns enables the main request route to be lightweight and responsive and leaves non-critical duties to 

background pipelines. 

Modern event-driven platforms can handle millions of events per second and are especially useful in scaling 

write-heavy workloads. There is a difference in the guarantees that these systems offer; for instance, Kafka 

is focused on durability and ordering, which guarantees at-least-once or exactly-once delivery, while 

RabbitMQ is focused on higher throughput with less durable messages [15], [16]. These differences are 

well documented in engineering literature and vendor documentation. The platform selection is determined 

by the criticality of events and the risk of loss or re-execution of data. The architectural benefit of event-

driven systems is that they can decouple the consumers and producers. This decoupling enables the 

independent scaling of services, isolation of faults, and the ability to handle bursts of traffic. Platforms are 

responsive and scalable through the application of event-driven principles [6], [7]. 

3.2 Change Data Capture and Secondary Storage 

Primary databases tend to be inappropriate for analytical workloads or limited query patterns. The execution 

of costly analytical queries against production databases can cause the user-facing requests to slow down. 

To manage this, storage systems often create secondary layers of storage that are optimized for analytics 

and reporting. Change Data Capture (CDC) enables this, and events are emitted when changes occur in the 

primary database. Downstream services consume these change events and update secondary data stores like 

analytical or reporting databases. In this method, platforms can have several specialized data views without 

affecting the main request-serving routes. Through the integration of event-driven processing and CDC-

supported secondary storage, platforms gain a two-pronged benefit, namely, responsiveness in request 
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handling and enhanced analytical capabilities. This architecture has the effect of making high-throughput 

platforms scalable and efficient under heavy workloads. 

 

Focus Mechanisms / Strategies Outcomes / Implications 

Asynchronous 

Processing 

Event pipelines, decoupling 

producers and consumers, 

back‑pressure handling, message 

durability, fault isolation 

Scalability under heavy workloads; 

responsiveness in real‑time systems; 

resilience against localized failures; 

reduced latency 

Change Data 

Capture (CDC) 

Replication protocols, secondary 

storage layers, enriched analytical 

views, streaming updates, schema 

evolution 

Real‑time synchronization between 

transactional and analytical systems; 

improved data freshness; richer insights 

for analytics and monitoring 

Fault Tolerance 
Retry policies, idempotent 

consumers, dead‑letter queues 

Ensures correctness under partial 

failures; prevents data loss; supports 

reliable event reprocessing 

Scalability & 

Elasticity 

Horizontal scaling of consumers, 

partitioned topics, dynamic 

resource allocation 

Enables platforms to handle millions of 

events per second; adapts to traffic 

spikes efficiently 

Observability 
Metrics, logging, tracing, 

monitoring pipelines 

Improves transparency of event flows; 

supports proactive detection of 

bottlenecks and anomalies 

Table 3. Event‑Driven Pipelines and Change Data Capture in Distributed Architectures [6, 7, 8] 

4. Search Optimization 

4.1 Search Layer Integration 

Free-text search has become a fundamental requirement for modern digital platforms. Traditional relational 

databases are not optimized for full-text or semantic search, as such queries depend on tokenization, 

relevance scoring, and inverted indexing instead of conventional row-based access patterns. To achieve 

searching in such scenarios, dedicated search engines like Elasticsearch are used, which are optimized for 

supporting low-latency query processing. Elasticsearch is optimized to support information retrieval by 

tokenizing the input data. It creates an inverted index that facilitates keyword searches and information 

retrieval. In addition, it utilizes in-memory data structures to support search operations with predictable 

latency. However, it is not normally used as the primary data store but rather the secondary data store. 

Change Data Capture (CDC) pipelines are usually used for populating and maintaining the search indexes 

in sync with the primary database. Change events are produced for any update in the primary datastore, 

which are then consumed by the indexing services that update the search index. This approach ensures that 

search results remain consistent with the authoritative data source while allowing the search layer to scale 

independently and handle search-heavy workloads without impacting core transactional paths. 

 

5. Race Conditions and Data Inconsistencies 

With so many components and data storages integrated into a distributed system, data inconsistencies are 

almost inevitable. In caching systems that rely on a write‑back strategy, a parallel thread updates the cache 

after the database writes. If that parallel update fails, it can result in stale or missing cache entries. The same 

risks apply to secondary storage systems that have been implemented using change data capture events. 
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Events may be delayed or not captured at all, which could cause divergence in the secondary storage system 

in relation to the primary database. Even within the primary database, the risk of race conditions persists. 

For instance, multiple transactions may concurrently attempt to update the same record. Similarly, write-

after-read patterns implemented without appropriate safeguards can lead to inconsistencies in the database 

state. Such conditions are more prevalent in high-concurrency environments or in systems operating across 

a large number of nodes. 

In light of these risks, strong observability and continuous reconciliation are critical in all of these systems. 

Metrics, logs, and alerts should be designed with these in mind, and reconciliation jobs should periodically 

verify consistency with these caches and secondary storage. Ultimately, the main database should always 

be considered the single source of truth, and downstream systems should be capable of tolerating some 

level of inconsistency and failures. Race conditions, fault conditions, and other timing-based anomalies are 

critical considerations in ensuring the overall correctness of these high-throughput distributed systems. 

Resilient systems must be designed to handle failures of individual components, as well as partial failures 

and other anomalies that are characteristic of large-scale systems. 

However, apart from architecture and correctness approaches, there are other issues that should be taken 

into consideration when it comes to achieving reliability in such systems. These include monitoring, fault 

tolerance, compliance, performance, and sustainability. The latter factors are crucial for long-term scaling 

and competitiveness rather than minor ones. Table 4 provides an overview of these operational aspects and 

their corresponding mechanisms. 

 

Focus Mechanisms / Strategies Outcomes / Implications 

Monitoring & 

Observability 

Metrics collection, logging 

pipelines, distributed tracing, 

anomaly detection tools 

Improves transparency of system 

behavior; enables proactive detection of 

bottlenecks and failures 

Fault Recovery 

Idempotent consumers, retry 

policies, checkpointing, dead‑letter 

queues 

Ensures correctness under partial 

failures; supports reliable event 

reprocessing and minimizes data loss 

Security & 

Compliance 

Granular access control, 

encryption in transit/storage, 

embedded compliance checks 

Protects sensitive data; ensures 

adherence to privacy/localization 

regulations; reduces regulatory risk 

Performance 

Optimization 

Dynamic resource allocation, load 

balancing, caching layers, back-

pressure handling 

Sustains high throughput; reduces 

latency; adapts to traffic spikes 

efficiently 

Cost Efficiency 

Elastic scaling, cloud resource 

auto‑provisioning, workload 

consolidation 

Optimizes infrastructure spend; balances 

performance with operational cost 

savings 

Long‑Term 

Sustainability 

Energy‑efficient data centers, 

green IT initiatives, workload 

distribution 

Reduces carbon footprint; aligns with 

corporate sustainability goals; supports 

regulatory compliance 

Table 4. Operational Considerations in Distributed and Event‑Driven Systems [6, 7, 15, 16] 

 

6. Broader Implications 

With properly selected architectural approaches, high-throughput digital platforms can be scaled reliably 

across multiple geographies, serve global populations, and operate efficiently under sustained load. 
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Distributed systems and event-driven approaches enable organizations to scale without linearly increasing 

cost and complexity, thereby opening new markets and revenue opportunities. Event-driven and distributed 

architectures provide benefits beyond purely technical capabilities. These architectures enable platforms to 

serve multiple geographical regions meeting the demands of large populations under sustained load 

conditions efficiently and economically [15]. 

As the producer and the consumer are two distinct entities in this model, the rate at which events can occur 

per second is very large [16]. This enables access to new avenues for business growth and revenue 

generation. One key outcome of these architectural models is the ability to create resilient systems. The 

distributed nature of these systems allows individual components to fail without causing a complete system-

wide failure. Event-driven systems enable dynamic workload redirection, allowing platforms to continue 

operating despite infrastructure failures [6]. This fault isolation ensures that failures remain localized, 

preventing cascading disruptions across the system. 

Another critical aspect of event-driven architecture is regulatory compliance. In the modern digital global 

economy, companies have more responsibility for ensuring data localization and security.  Event-driven 

architectures address this challenge by enabling fine-grained monitoring and control over data flows. This 

enables embedding compliance monitoring directly into event streams, simplifying data localization and 

supporting adherence to regulatory requirements [7]. Through efficient workload distribution across 

modern data centers, event-driven systems reduce their environmental impact. Efficient resource allocation 

minimizes energy usage and reduces system-level carbon emissions. The latter corresponds to corporate 

sustainability initiatives and is also driven by the necessity to follow regulations related to green IT 

technologies. Additionally, dynamic resource allocation reduces resource waste and improves long-term 

operational efficiency [6]. Furthermore, the adoption of event-driven systems contributes to innovation and 

flexibility. The loosely coupled nature of services provides firms with an opportunity to change some 

functionalities or incorporate new components without disrupting other processes. This enables 

organizations to rapidly develop innovative solutions and collaborate effectively within broader ecosystems 

[16]. Beyond technical advantages, these architectures also carry strategic value. These architectures enable 

enterprises to shift from reactive to proactive operations by converting real-time data into actionable 

insights. This approach supports improved risk management, enhanced user experience, and increased 

competitiveness within digital economies [15]. 

 

Conclusion 

Scaling digital platforms to achieve high throughput involves much more than simply scaling infrastructure. 

It requires careful architectural design, thoughtful trade-offs, and ongoing optimization of compute, storage, 

and data pipelines. Simple scaling solutions can be inefficient, inconsistent, and expensive, whereas a well-

designed architecture ensures robustness and scalability. By applying the principles of distributed and 

event-driven architectures, platforms can build systems that remain responsive under extreme load while 

maintaining reliability and performance. The solutions discussed in this article demonstrate how each 

architectural layer contributes to addressing the core challenges of scalability, consistency, and efficiency. 

Storage bottlenecks are mitigated through stateless orchestration and polyglot persistence, while 

responsiveness and data freshness are enabled by event-driven pipelines and Change Data Capture. System 

performance and data access challenges are addressed through search and indexing optimizations. 

Correctness in high-throughput systems is ensured through mechanisms such as reconciliation and 

idempotent consumer patterns. Together, these strategies form a comprehensive engineering foundation 

focused on scalability, accuracy, and efficiency. Finally, scaling is not a one-time achievement but an 
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ongoing discipline. Platforms must evolve as usage patterns, workloads, and business requirements change. 

Organizations that invest early in strong architectural foundations gain resilience, agility, and a competitive 

edge, ensuring long-term system reliability and sustainable growth. 

 

References 

[1] Sheikh Umar Mushtaq, et al., "In‑Depth Analysis of Fault Tolerant Approaches Integrated with Load 

Balancing and Task Scheduling," Peer‑to‑Peer Networking and Applications, vol. 17, pp. 4303–4337, Oct. 

2024. https://link.springer.com/article/10.1007/s12083-024-01798-5?utm_source=copilot.com 

[2]Jurairat Phuttharak and Seng W. Loke, "An Event‑Driven Architectural Model for Integrating 

Heterogeneous Data and Developing Smart City Applications," Journal of Sensor and Actuator Networks, 

vol. 12, no. 1, p. 12, Feb. 2023. https://www.mdpi.com/2224-2708/12/1/12 

[3] Hyungwoo Ju, Jangwon Seo, and Younghan Kim, "Distributed Event‑Driven Serverless Platform for 

Multicluster IoT Environments," Sensors, vol. 26, no. 5, p. 1718, Mar. 2026. https://www.mdpi.com/1424-

8220/26/5/1718?utm_source=copilot.com 

[4] Yanpei Liu, et al., "Caching Placement Optimization Strategy Based on Comprehensive Utility in Edge 

Computing," Applied Sciences, vol. 13, no. 16, p. 9229, Aug. 2023. https://www.mdpi.com/2076-

3417/13/16/9229?utm_source=copilot.com 

[5] Srikanth Pulicherla, "Event‑Driven Architecture in Financial Systems: Performance Metrics and 

Resilience Patterns from the Real Wallet Platform," Journal of Computer Science and Technology Studies, 

vol. 7, no. 10, Oct. 2025. https://al-

kindipublishers.org/index.php/jcsts/article/view/11077?utm_source=chatgpt.com 

[6] Sabrine Khriji, et al., "Design and Implementation of a Cloud‑Based Event‑Driven Architecture for 

Real‑Time Data Processing in Wireless Sensor Networks," The Journal of Supercomputing, vol. 78, pp. 

3374–3401, Jul. 2021. https://link.springer.com/article/10.1007/s11227-021-03955-6 

[7] Kowsick Venkatachalapathi, "Event‑Driven Architecture: Harnessing Kafka and Spring Boot for 

Scalable, Real‑Time Applications," International Journal of Scientific Research in Computer Science, 

Engineering and Information Technology (IJSRCSEIT), vol. 10, no. 6, Nov.–Dec. 2024. 

https://ijsrcseit.com/index.php/home/article/view/CSEIT24106193 

[8] Maryam Abbasi, et al., "Optimizing Database Performance in Complex Event Processing through 

Indexing Strategies," Data, vol. 9, no. 8, p. 93, Jul. 2024. https://www.mdpi.com/2306-

5729/9/8/93?utm_source=chatgpt.com 

[9] Ioannis Tzanettis, et al., "Data Fusion of Observability Signals for Assisting Orchestration of Distributed 

Applications," Sensors, vol. 22, no. 5, p. 2061, Mar. 2022. https://www.mdpi.com/1424-8220/22/5/2061 

[10] Ummay Faseeha, Ayesha Khan, and Muhammad Bilal, "Observability in Microservices: An In‑Depth 

Exploration of Frameworks, Challenges, and Deployment Paradigms," IEEE Access, vol. 13, Apr. 2025. 

https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10967524 

[11] Seyed Saeed Khodaparast, et al., "Deep Reinforcement Learning Based Energy Efficient Multi‑UAV 

Data Collection for IoT Networks," IEEE Open Journal of Vehicular Technology, vol. 2, Jun. 2021. 

https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9444812 

[12]Cristina Nicolau, et al., "The M‑Commerce of Solar Energy Applications: An Analysis of Solar Energy 

Consumers’ Effort Paradox," Electronics, vol. 11, no. 15, p. 2357, Jul. 2022. https://www.mdpi.com/2079-

9292/11/15/2357 

https://link.springer.com/article/10.1007/s12083-024-01798-5?utm_source=copilot.com
https://www.mdpi.com/2224-2708/12/1/12
https://www.mdpi.com/1424-8220/26/5/1718?utm_source=copilot.com
https://www.mdpi.com/1424-8220/26/5/1718?utm_source=copilot.com
https://www.mdpi.com/2076-3417/13/16/9229?utm_source=copilot.com
https://www.mdpi.com/2076-3417/13/16/9229?utm_source=copilot.com
https://al-kindipublishers.org/index.php/jcsts/article/view/11077?utm_source=chatgpt.com
https://al-kindipublishers.org/index.php/jcsts/article/view/11077?utm_source=chatgpt.com
https://link.springer.com/article/10.1007/s11227-021-03955-6
https://ijsrcseit.com/index.php/home/article/view/CSEIT24106193
https://www.mdpi.com/2306-5729/9/8/93?utm_source=chatgpt.com
https://www.mdpi.com/2306-5729/9/8/93?utm_source=chatgpt.com
https://www.mdpi.com/1424-8220/22/5/2061
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10967524
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9444812
https://www.mdpi.com/2079-9292/11/15/2357
https://www.mdpi.com/2079-9292/11/15/2357


Journal of Computational Analysis and Applications                                                                          VOL. 35, NO. 5, 2026 
  

                                                                                               10.48047/jocaaa.2026.35.05.07 

                                                                                     162            Jay Bankimchandra Desai et al 154-162 

 

[13] José Javier Hueso‑Romero, María Ángeles Fernández‑Morales, and Antonio García‑Cabot, "The 

Social and Transfer Massive Open Online Course: Post‑Digital Learning," Future Internet, vol. 13, no. 5, 

p. 119, Apr. 2021. https://www.mdpi.com/1999-5903/13/5/119 

[14] Canghong Shi, et al., "A Novel Integrity Authentication Algorithm Based on Perceptual Speech Hash 

and Learned Dictionaries," IEEE Access, vol. 8, Feb. 2020. 

https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=8972405 

 

 

 

https://www.mdpi.com/1999-5903/13/5/119
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=8972405

