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Business systems rely more and more on interdependent microservices, 

application programming interfaces, and multi-tenant solutions for which 

exhaustive testing frameworks are mandatory. Legacy automation solutions based 

on keyword-driven or code-based paradigms necessitate significant technical 

proficiency and ongoing maintenance investments. As businesses accelerate 

software delivery cycles and increase cross-platform integrations that cut across 

cloud infrastructures, enterprise resource planning platforms, and financial 

applications, legacy testing approaches find it difficult to keep up with 

contemporary development speeds. Large Language Models offer visionary 

possibilities for test automation redefinition by allowing quality assurance experts 

to describe test situations in natural language, which smart systems then translate 

into executable test scripts. Such a shift in paradigm holds the promise of 

democratized automation power while overcoming scalability issues that are 

typical of modern-day enterprise environments. Effective adoption requires 

thoughtful examination of governance models, validation processes, and human-

artificial intelligence partnership models. The article surveys architectural bases 

for test frameworks that incorporate language models, investigates prompt 

engineering tactics that increase generation trustworthiness, assesses data 

governance needs for the safeguarding of sensitive data, and examines human-

artificial intelligence collaboration patterns that ensure quality. Experiments 

illustrate that methodical prompting strategies, contextual augmentation 

practices, and multi-degree verification strategies considerably enhance the 

accuracy and trustworthiness of mechanically produced test artifacts without 

sacrificing critical human intervention for protection-critical packages. 

Keywords: Test Automation, Large Language Models, Prompt Engineering, Data 

Governance, Human-AI Collaboration, Enterprise Quality Assurance 

 

Introduction  

Organization packages have become sophisticated environments of interdependent microservices, 

APIs, and multi-tenant designs requiring robust testing methodologies. Keyword-driven or code-

based test automation methods consume heavy technical resources and ongoing maintenance 

activities. The long-standing burden of test case creation and upkeep drains significant organizational 

capital, with quality assurance teams expending vast amounts of time crafting, revising, and certifying 

test cases for a multitude of scenarios across increasingly dispersed system designs. As organizations 

speed up release cycles and increase cross-system integrations that cut across cloud platforms, ERP 

systems, and financial applications, traditional testing practices fail to keep up with today's speeds of 

development. The advent of Large Language Models offers a revolutionary chance to rethink test 

automation by allowing quality assurance practitioners to describe test cases in natural language, 

which are then translated into executable test scripts by smart systems. 
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This new model has the potential to democratize automation power while solving the scalability issues 

intrinsic in contemporary enterprise landscapes, but successful use involves close attention to 

governance, verification, and human-AI collaboration models. Recent developments in code 

generation techniques show that going beyond the conventional prompt engineering to adopt broad 

flow engineering strategies heavily improves the reliability and correctness of AI-generated code 

artifacts [2]. Studies exploring iterative code generation activity show that integrating several 

improvement phases—such as producing extra tests, deliberating on problem specifications, and using 

rank-based selection mechanisms—tremendously boosts solution correctness over single-pass 

generation practices [2]. Experimental studies done on competitive programming benchmark tests 

show that flow-based techniques using two different iterations of code generation and coupled with 

test-driven iteration refinement cycles, show significant performance gains, where success rates reach 

improved levels of up to 44 percent on hard algorithmic problems compared to baseline success rates 

of around 19 percent [2]. 

These coding improvements in architecture directly apply to enterprise test automation environments, 

where the shift from basic prompt-response models to composed multi-stage processes facilitates 

more aggressive test script synthesis. The flow engineering discipline includes problem reflection 

stages that examine requirements holistically before code generation, public test reasoning for 

verifying generated logic against established cases, and AI-generated test integration that extends 

coverage past manually defined cases [2]. In spite of these significant efficiency benefits and quality 

enhancements, business adoption is confronted by key challenges such as requirements for accuracy 

in business-critical test cases, regulatory compliance limitations in highly regulated businesses, and 

integrating generative features into in-place test frameworks, continuous integration pipelines, and 

established quality gates. Organizations that want to capitalize on AI-enriched testing need to create 

governance models that weigh the advantages of automation against human insight requirements, 

creating validation layers that guarantee produced tests are correct, secure, and easy to maintain while 

supporting audit trails necessary for compliant environments. 

 

Architecture and Workflow Design  

The cornerstone architecture of AI-extended test automation creates a multi-tiered model that is 

concerned with the separation of concerns without sacrificing end-to-end traceability. At the entry 

point, a prompt interface receives user intention in natural language and applies pre-defined schema 

templates to organize the input. Contemporary realizations of structured prompting show noteworthy 

superiority over unstructured ones, with regular prompt pattern frameworks allowing developers to 

better phrase complex requirements and receive more trustworthy output from conversational large 

language models [3]. Studies analyzing prompt engineering methods recognize several classes of 

effective patterns, such as input semantics patterns that limit model interpretation, output 

customization patterns that determine desired structure and form, error identification patterns that 

ask for self-validation of produced material, and prompt improvement patterns that facilitate iterative 

optimization of instructions themselves [3]. These patterns serve as reusable templates that capture 

best practices for human-AI collaboration in software development contexts, enabling organizations 

to homogenize how quality assurance teams convey testing requirements to generative models [3]. 

This formal prompt is passed to the language model service, which executes the request through 

secure enterprise endpoints set up to process sensitive organizational data while keeping it isolated 

from public training pipelines. The output of the model is transformed by a parser and planner 

module that translates unstructured replies into structured JSON representations with discrete 

actions, assertions, and data dependencies. Empirical evidence exploring structured output 

generation identifies that including explicit format specifications in prompts has a significant impact 

on improving parsability and consistency in generated artifacts, making downstream processing 

possible by automated execution engines with assured reliability [3]. The persona model, where the 
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model is instructed to take on particular expert personas like "seasoned test automation engineer" or 

"security-oriented quality analyst," has been notably effective at shaping the sophistication and 

domain-relevance of created test logic [3]. 

The execution engine translates these organized plans, integrating interactions via web automation 

frameworks, API clients, or testing libraries that connect to target applications in multiple technology 

stacks. Across this pipeline, an active validation layer constantly upholds syntactic correctness, 

imposes security filters to avoid unauthorized operations like data access or destructive commands, 

and verifies that organizational testing standards like naming conventions, assertion patterns, and 

handling protocols are adhered to. Studies of automated synthesis from natural language 

specifications provide evidence that the inclusion of intermediate representation phases greatly 

enhances the correctness of produced executable artifacts [4]. Research examining query synthesis 

methods demonstrates that systems utilizing sketch-based methods, in which incomplete program 

forms steer completion via solving constraints, have far higher success rates compared to end-to-end 

generation methods directly [4]. Experimental tests on benchmark datasets with natural language 

descriptions and relevant formal specifications demonstrate that structured synthesis frameworks 

correctly produce outputs for around 60 to 85 percent of realistic situations based on query 

complexity, with less complicated single-table operations having higher success rates than difficult 

multi-table joins or nested groupings [4]. 

The validation layer provides multi-step verification procedures that test for structural completeness, 

semantic correctness with respect to defined requirements, and conformance to security policies 

controlling test data usage and system boundary interaction. An audit/reporting subsystem keeps 

detailed records of prompts, model versions, generated output, and validation outcomes, and offers 

the transparency necessary in regulated settings where testing has to be fully traceable and 

accountable. This modular architecture facilitates iterative improvement processes in which domain 

subject-matter experts can inspect test logic generated by the AI, offer corrective feedback, and 

initiate regeneration with improved constraints or more context to form a cooperative human-AI 

partnership that extracts machine speed while maintaining human judgment and domain expertise in 

quality-sensitive decisions. 

 

Component Primary Function Key Capabilities 

Prompt Interface 
Captures natural language 

intent 

Applies schema templates, structures 

requests 

Language Model 

Service 
Processes prompts securely Generates test logic via isolated endpoints 

Parser and Planner Transforms outputs Converts responses to structured JSON 

Execution Engine Runs test scripts 
Orchestrates web automation and API 

testing 

Validation Layer Ensures compliance 
Performs syntax checks, applies security 

filters 

Audit and Reporting Maintains traceability 
Records prompts, outputs, and validation 

results 

Table 1. Architectural Components in AI-Augmented Test Frameworks [3, 4].  
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Prompt Engineering Strategies  

Successful AI-test-automated generation relies essentially on prompt design and context 

augmentation. Schema-driven prompting inserts explicit structural frames into prompts, instructing 

the model to generate outputs in predetermined structures. This intervention greatly enhances the 

validity and parsability of test logic generation by setting firm requirements regarding output 

structure before generation. Studies that study software quality assurance processes show that 

systematic testing methodologies involving various input generation strategies substantially enhance 

defect detection potential over ad-hoc testing techniques [5]. Research examining compiler validation 

methods demonstrates that test frameworks with multiple complementary generation strategies are 

far more effective at identifying bugs than single-strategy methodologies, where empirical analysis 

indicates that the use of diverse test input generation improves rates of bug discovery while lowering 

redundancy in test coverage [5]. The use of structural generation principles in test automation 

scenarios also gains from clear constraints and format specifications that lead model outputs toward 

valid, executable test settings [5]. 

Representative examples are included in few-shot learning methods within prompts, with pattern 

consistency that enables understanding of organizational testing convention and structure of expected 

outputs. Empirical comparisons between zero-shot generation and few-shot methods indicate that 

presenting high-quality examples in context within the prompt context enhances task success rates for 

task completion, with greater improvements noted for domain-specific testing contexts involving 

special knowledge or non-standard conventions. Context injection also improves generation quality by 

exposing models to contextually appropriate artifacts like object repositories, API definitions, data 

schemas, and available test patterns. This context-based anchoring minimizes mistakes in element 

selectors, API endpoints, and data assertions since models are provided with tangible reference 

material that limits generation to valid choices within the target system architecture. 

Research into code generation with large language models trained on large programming repositories 

illustrates high proficiency in synthesizing working code from natural language specifications [6]. 

Systematic assessments carried out with benchmark datasets that include programming issues over a 

wide range of difficulty levels show that sophisticated language models score more than 70 percent 

pass rates on starter-level issues when providing solutions in widely used programming languages like 

Python [6]. Performance measurements analyzing model capabilities in varying programming 

languages show that generation accuracy differs significantly depending on language representation in 

training data, with the models performing best in languages that have rich open-source codebases and 

rich documentation [6]. Research into the interaction between problem complexity and generation 

ability indicates a consistent decline in performance as the difficulty of problems becomes higher, with 

passing rates dropping from about 70 percent for easy problems to about 30 percent for middle-

difficulty problems and an additional decrease to about 5 to 15 percent for hard algorithmic problems 

involving refined reasoning and multi-step approach strategies [6]. 

Role instruction methods designate certain personas to the model, for example, "enterprise quality 

assurance architect" or "domain-specific test specialist," that affect the level of sophistication and 

jargon of the produced outputs. These persona assignments condition models to apply proper 

technical jargon, use applicable design patterns, and bear in mind domain-specific constraints while 

producing test logic. Model behavior analysis for varying prompt formulations confirms that 

temperature parameters have a strong impact on output diversity and creativity, with lower 

temperatures yielding more deterministic and conservative outputs and higher temperatures allowing 

for more exploration of the solution space at the expense of greater inconsistency [6]. Experiments 

prove that hybridizing these prompt engineering techniques greatly enhances both the structural 

validity and functional correctness of AI-synthesized test scripts over unstructured natural-language 

requests, with synergistic combinations of methods collectively improving generation reliability across 

a wide range of software engineering tasks. 
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Technique Description Primary Benefit 

Schema-Guided 

Prompting 

Embeds structural templates in 

requests 

Improves output validity and 

parseability 

Few-Shot Learning 
Includes representative examples in 

prompts 
Establishes pattern consistency 

Context Injection 
Provides API specs and object 

repositories 

Reduces selector and endpoint 

errors 

Role Instruction Assigns expert personas to models 
Influences terminology and 

sophistication 

Table 2. Prompt Engineering Techniques for Test Generation [5, 6].  

 

Data Governance and Validation Frameworks  

Supporting AI-based testing in enterprise environments requires strong governance frameworks to 

secure sensitive data and uphold system integrity. Output sanitization mechanisms automatically 

identify and strip production URLs, authentication credentials, personally identifiable information, 

and other sensitive data elements out of generated scripts before execution. Studies investigating 

privacy vulnerabilities in language models show that even well-trained models can unintentionally 

leak sensitive information through their produced outputs, calling for stringent protection measures 

to keep data leakage at bay [7]. Experiments on privacy attack mechanisms reveal that language 

models are still vulnerable to several extraction mechanisms that can retrieve training data or infer 

confidential attributes, with evidence indicating that perturbation-based attacks on model behavior 

variations can effectively extract sensitive data with high success rates, subject to the specificity of 

targeted data and the exposure of the model to similar patterns within training [7]. These conclusions 

emphasize the utmost significance of enforcing strong output filtering mechanisms that check 

generated test scripts for patterns related to sensitive information before execution or storage [7]. 

Explainable logging records exhaustive metadata such as original prompts, model responses, 

validation judgments, and human review results, forming audit trails necessary for compliance needs 

in regulated sectors where testing activities need to provide traceability and accountability. 

Immutable inference settings keep enterprise data input into language models non-persistent and 

segregated from model training operations, responding to data sovereignty and privacy issues that 

happen when organizations use cloud-based AI services for sensitive development processes. Studies 

of privacy-preserving computation mechanisms for deep learning prove that cryptographic methods 

allow organizations to carry out model inference over sensitive data without revealing raw information 

to service providers or model operators [8]. Research on homomorphic encryption usage in neural 

network inference indicates that additively homomorphic encryption schemes provide the capability 

to perform computation over encrypted data while keeping confidentiality during the inference 

process, albeit experimental implementations face the challenge of computational overheads [8]. 

Experimental assessments of privacy-preserving deep neural network architectures prove that 

encrypted inference systems are capable of obtaining the same functional correctness as plaintext 

computation while yielding strict mathematical assurances about data confidentiality, with studies 

indicating that optimized execution on specialized hardware making use of approximate arithmetic 

and batch processing methods can bring down computational overhead to viable levels for specific 

network designs [8]. Encrypted neural network evaluation performance analysis shows inference 

latency to significantly increase over unencrypted baseline workloads with overhead multiples ranging 

from several to orders of magnitude based on network depth, layer types, and encryption parameter 

choices [8]. Such privacy guarantees and computationally efficient trade-offs necessitate thoughtful 
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architectural choices in designing secure AI-augmented testing systems for enterprise environments 

that manage sensitive information [8]. 

Feedback curation systems gather accepted and rejected test outputs, creating proprietary datasets 

allowing for ongoing improvement through fine-tuning or retrieval-augmented generation strategies. 

These systems take quality signals from human evaluators, monitoring which generated tests had 

validation checks pass and executed successfully compared to those needing modification or rejection 

as a result of logical mistakes, security breaches, or standards non-conformity. Studies looking at 

machine learning system privacy threats highlight that the mechanisms of gathering feedback 

themselves need to be designed carefully in order to avoid unintentional disclosure of sensitive 

organizational data through aggregated review data [7]. Access controls and approval processes 

implement multi-step review processes, especially for tests on critical systems or sensitive data 

domains. These governance models put into effect role-based authorizations that limit test generation, 

amendment, and execution rights primarily based on user credentials and device criticality scores, in 

order that high-risk test cases are subject to in-depth review by means of qualified professionals 

before release to production environments or inclusion within continuous delivery pipelines. 

 

Mechanism Purpose Implementation 

Output 

Sanitization 
Protects sensitive data 

Removes credentials, URLs, and personal 

information 

Secure Inference Ensures data privacy Maintains non-persistent, isolated processing 

Explainable 

Logging 
Provides audit trails 

Captures prompts, responses, and validation 

decisions 

Feedback Curation 
Enables continuous 

improvement 
Collects approved and rejected outputs 

Access Controls Enforces review processes 
Implements role-based permissions and 

workflows 

Table 3. Data Governance Mechanisms for AI-Generated Tests [7, 8].  

 

Human-AI Collaboration Models  

Successful test automation integration with AI acknowledges that artificial intelligence is an 

enhancement device, not an alternative to human abilities. Quality assurance specialists have the last 

responsibility to test design, validation, and execution decisions. Studies analyzing human-AI 

collaboration patterns in software engineering reveal that hybrid workflows blending machine 

efficiency and human judgment produce better results than fully automated or manual workflows [9]. 

Experiments examining the effectiveness of AI-powered development aids in authentic programming 

situations uncover complex effects on developer productivity and code quality, with empirical tests 

identifying that students using AI coding aids to perform brownfield software modification activities 

exhibit mixed performance results based on task nature and individual programmer competence [9]. 

Experimental studies analyzing AI support in refactoring and feature improvement activities suggest 

that, whereas some coders have faster completion times when utilizing smart code recommendations, 

others report little improvement or even reduced efficiency, implying that success is largely dependent 

on the quality of the developer's critical analysis and proper incorporation of AI-proposed suggestions 

[9]. Programming process metrics analysis indicates that assisted developers, using AI, tend to have 

varying patterns of problem-solving relative to unassisted peers, with time allocation variations across 

phases identified in code understanding, solution design, implementation, and debugging tasks [9]. 
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The implications highlight the need for careful integration strategies that place AI as an active 

collaboration partner and not autonomous developer substitutes [9]. 

Collaboration patterns include mandatory human review checkpoints in which domain experts review 

generated tests for logical correctness, coverage completeness, and conformance to business needs so 

that automated generation is used as a productivity boost instead of bringing systemic mistakes or 

blind spots into test planning. Bias reduction strategies include diverse training samples and periodic 

audits to detect and remedy systematic mistakes in test generation. Literature addressing fairness 

issues in machine learning systems highlights that models learned from historically prejudiced data 

are likely to reproduce and exaggerate existing disparities, calling for proactive remedies across the 

development life cycle [10]. Empirical studies probing bias detection and mitigation techniques 

illustrate that the artificial intelligence fairness environment spans various conceptual frameworks, 

technical methodologies, and assessment metrics tackling discrimination issues through various 

dimensions such as individual fairness, group fairness, and counterfactual fairness [10]. Systematic 

reviews encompassing current fairness solutions show that researchers have proposed various 

techniques throughout the machine learning pipeline from data collection and preprocessing to model 

training and post-deployment monitoring, with the methods being grouped into pre-processing 

techniques that alter training data distributions, in-processing methods that implement fairness 

constraints throughout model optimization, and post-processing interventions that alter model 

outputs to meet equity requirements [10]. Empirical studies testing the real-world efficacy of fairness 

interventions reveal that various mitigation methods pose different accuracy preservation-bias 

reduction trade-offs with no single best method that can be generalized to all settings [10]. 

For safety-critical applications or testing influencing regulated systems, two-person review protocols 

must undergo independent verification by multiple qualified evaluators before deployment. These 

multi-stakeholder approval process workflows enforce separation of duties concepts that don't allow 

individual mistakes or omissions to spread to production test environments. This human-in-the-loop, 

human+machine collaboration maintains quality levels while taking advantage of AI potential for 

faster authoring and maintenance automation, creating long-term collaboration habits that integrate 

machine scalability with human contextual insight, domain knowledge, and ethical judgment in ways 

humans or AI systems could not accomplish on their own. 

 

Component Function Quality Impact 

Human Review 

Checkpoints 

Domain experts validate generated 

tests 

Ensures logical correctness and 

coverage 

Bias Mitigation 

Strategies 
Audits identify systematic errors 

Reduces performance disparities 

across scenarios 

Two-Person Review 

Protocol 

Independent validation for critical 

systems 

Prevents individual errors from 

deployment 

Accountability 

Assignment 

Quality professionals retain final 

authority 

Maintains human oversight of AI 

outputs 

Table 4. Human-AI Collaboration Framework Components [9, 10].  
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Conclusion  

Artificial intelligence-enhanced test automation is an essential evolution of enterprise quality 

assurance strategies, providing improved scalability and faster development speeds with strict 

governance controls. The fusion of natural language processing affordances, regime validation 

frameworks, and systematic human review enables enduring automation pipelines for wider 

organizational stakeholders beyond the typical developer groups. Architectural designs that partition 

generation, validation, and execution concerns allow governance teams to define transparent review 

procedures while preserving reproducibility over test cycles. Prompt engineering techniques involving 

schema direction, contextual enrichment, and few-shot learning significantly increase the 

dependability of test logic generated against unstructured conversational methods. End-to-end data 

governance mechanisms comprising output sanitization, secure inference settings, and explainable 

audit trails resolve privacy and compliance demands critical for regulated sectors. Human-artificial 

intelligence collaboration frameworks place intelligent systems as augmentation mechanisms instead 

of substitutes, maintaining human responsibility for key quality decisions while utilizing machine 

speed for routine authoring activities. Emerging developments involve reinforcement learning 

methods for intelligent test prioritization, self-healing to facilitate automatic adaptation to application 

modification, and advanced multi-cloud testing orchestration features. Organizations putting in place 

strong governance structures accompanied by collaborative approaches achieve significant efficiency 

gains while retaining reliability and transparency standards central to enterprise-level quality 

assurance processes working across financial services, healthcare, and critical infrastructure spaces. 

 

References 

[1] Neeraj Gill et al., "Bringing together the World Health Organization’s QualityRights initiative and 

the World Psychiatric Association’s programme on implementing alternatives to coercion in mental 

healthcare: a common goal for action," BJPsych Open, 2024. [Online]. Available: 

https://www.cambridge.org/core/services/aop-cambridge-

core/content/view/FCF38718F1061A20CCED229C2C170588/S2056472423006221a.pdf/div-class-

title-bringing-together-the-world-health-organization-s-qualityrights-initiative-and-the-world-

psychiatric-association-s-programme-on-implementing-alternatives-to-coercion-in-mental-

healthcare-a-common-goal-for-action-div.pdf  

[2] Tal Ridnik et al., "Code Generation with AlphaCodium: From Prompt Engineering to Flow 

Engineering," arXiv, 2024. [Online]. Available: https://arxiv.org/pdf/2401.08500  

[3] Jules White et al., "ChatGPT Prompt Patterns for Improving Code Quality, Refactoring, 

Requirements Elicitation, and Software Design," arXiv, 2023. [Online]. Available: 

https://arxiv.org/pdf/2303.07839  

[4] NAVID YAGHMAZADEH et al., "SQLizer: Query Synthesis from Natural Language," ACM, 2017. 

[Online]. Available: https://dl.acm.org/doi/pdf/10.1145/3133887  

[5] MICHAËL MARCOZZI et al., "Compiler Fuzzing: How Much Does It Matter?" ACM, 2019. 

[Online]. Available: https://dl.acm.org/doi/pdf/10.1145/3360581  

[6] Mark Chen et al., "Evaluating Large Language Models Trained on Code," arXiv, 2021. [Online]. 

Available: https://arxiv.org/pdf/2107.03374  

[7] Marvin Li et al., "Model Perturbation-based Privacy Attacks on Language Models," arXiv, 2023. 

[Online]. Available: https://arxiv.org/pdf/2310.14369  

[8] Le Trieu Phong et al., "Privacy-Preserving Deep Learning via Additively Homomorphic 

Encryption," ATIS, 2017. [Online]. Available: https://eprint.iacr.org/2017/715.pdf  

https://www.worldqualityreport.com/
https://www.worldqualityreport.com/
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/FCF38718F1061A20CCED229C2C170588/S2056472423006221a.pdf/div-class-title-bringing-together-the-world-health-organization-s-qualityrights-initiative-and-the-world-psychiatric-association-s-programme-on-implementing-alternatives-to-coercion-in-mental-healthcare-a-common-goal-for-action-div.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/FCF38718F1061A20CCED229C2C170588/S2056472423006221a.pdf/div-class-title-bringing-together-the-world-health-organization-s-qualityrights-initiative-and-the-world-psychiatric-association-s-programme-on-implementing-alternatives-to-coercion-in-mental-healthcare-a-common-goal-for-action-div.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/FCF38718F1061A20CCED229C2C170588/S2056472423006221a.pdf/div-class-title-bringing-together-the-world-health-organization-s-qualityrights-initiative-and-the-world-psychiatric-association-s-programme-on-implementing-alternatives-to-coercion-in-mental-healthcare-a-common-goal-for-action-div.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/FCF38718F1061A20CCED229C2C170588/S2056472423006221a.pdf/div-class-title-bringing-together-the-world-health-organization-s-qualityrights-initiative-and-the-world-psychiatric-association-s-programme-on-implementing-alternatives-to-coercion-in-mental-healthcare-a-common-goal-for-action-div.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/FCF38718F1061A20CCED229C2C170588/S2056472423006221a.pdf/div-class-title-bringing-together-the-world-health-organization-s-qualityrights-initiative-and-the-world-psychiatric-association-s-programme-on-implementing-alternatives-to-coercion-in-mental-healthcare-a-common-goal-for-action-div.pdf
https://arxiv.org/pdf/2401.08500
https://arxiv.org/abs/2302.11382
https://arxiv.org/abs/2302.11382
https://arxiv.org/pdf/2303.07839
https://dl.acm.org/doi/pdf/10.1145/3133887
https://dl.acm.org/doi/pdf/10.1145/3133887
https://dl.acm.org/doi/pdf/10.1145/3360581
https://arxiv.org/pdf/2107.03374
https://arxiv.org/pdf/2310.14369
https://eprint.iacr.org/2017/715.pdf


Journal of Information Systems Engineering and Management 
2025, 10(61s) 

e-ISSN: 2468-4376 

   

https://www.jisem-journal.com/ Research Article  

 

 1019 Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 

Commons Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the 

original work is properly cited. 

 

[9] Md Istiak Hossain Shihab et al., "The Effects of GitHub Copilot on Computing Students’ 

Programming Effectiveness, Efficiency, and Processes in Brownfield Coding Tasks," ACM, 2025. 

[Online]. Available: https://dl.acm.org/doi/pdf/10.1145/3702652.3744219  

[10] Brianna Richardson et al., "A Framework for Fairness: A Systematic Review of Existing Fair AI 

Solutions," arXiv, 2021. [Online]. Available: https://arxiv.org/pdf/2112.05700  

 

https://arxiv.org/abs/2303.03541
https://dl.acm.org/doi/pdf/10.1145/3702652.3744219
https://arxiv.org/pdf/2112.05700

