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Abstract 
Generative Artificial Intelligence (AI) is revolutionizing business operations through intelligent automation, predictive 
analytics, and data-driven decision making. Business processes in manufacturing, retail, marketing, and logistics 
increasingly rely on integrated artificial intelligence solutions to boost effectiveness and responsiveness. In this 
research paper, an innovative Generative AI and Intelligent Automation Framework is formulated to facilitate 
connected business processes. The framework includes generative AI, predictive analytics, automation, and human 
supervision in four operational domains. A quantitative experimental research design is utilized to analyze AI-enabled 
processes in terms of accuracy of operation, processing time, degree of automation, forecast accuracy, response time, 
resource utilization, and consistency of decision making. All functions show high performance. Marketing 
demonstrates 95.1% accuracy of content, whereas manufacturing shows 95.1% accuracy of quality monitoring.  
Demand forecasting in retail reaches a level of 95.2% accuracy, and inventory control has 95.2% inventory accuracy. 
Operational analysis shows a decrease in processing time in reporting operations by 62.3% and an automation rate of 
85% in executing workflows. Human supervision analysis shows an accuracy of 94.6% for output results and 93.8% 
for decision-making. Statistics show a significant difference in conventional versus AI-powered processes in all major 
criteria. The processing time reduces by 57.2% and the automation process improves significantly. The study findings 
show that integrating Generative AI can enhance operational efficiency, decision-making, forecasting, and workflow 
automation. 
 
Keywords: Generative Artificial Intelligence; Intelligent Automation; Smart Manufacturing; Retail Analytics; 

Marketing Automation; Supply Chain Management; Predictive Analytics; Human Oversight; Data Governance; 
Operational Efficiency. 
 
 

Introduction 
The use of generative AI is revolutionizing business operations via intelligent automation and evidence-
based decision making. Generative AI technologies are increasingly being adopted by manufacturing 
organizations to enhance production planning, quality assurance, and predictive maintenance. In the retail 
industry, intelligent systems are used to boost customer experience, forecasting of demands, and 
recommendation of personalized products. Marketing departments leverage the generative AI to create 
content, analyze customers and optimize campaigns. In supply chains, AI is adopted for inventory planning, 
procurement, logistics and demand management (Yeldan, Yılmaz & Kayatürk, 2024). However, AI 
fragmentation can lead to challenges in terms of integration, governance, security and reliability. 
Organizations thus need frameworks which integrate the generative AI and intelligent automation in 
various operational functions. This can enable enhanced process efficiencies while allowing for quicker 
adaptation to changes in the marketplace. This paper seeks to develop a Generative AI and Intelligent 
Automation Framework for smart manufacturing, retail, marketing and supply chain operations. The 
framework will emphasize integration of the capabilities of generative AI with automation tasks, 
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operational data, predictive analytics and decision support. Human oversight, data governance, 
cybersecurity and performance monitoring will also be considered in the framework. 
 

Methods 
In this research, a quantitative experimental research design is applied to assess the effectiveness of the 
integrated Generative AI and intelligent automation framework (Thomas & Zubkov, 2023). The primary 
aim is to test whether AI will increase efficiency, accuracy, responsiveness, and utilization of resources. 
This research covers four fields of operation including smart manufacturing, retail, marketing, and supply 
chain management. The structured data represents the production activities, inventory, customers, 
campaigns performance, demand patterns, procurement, logistics, and delivery (Pavlovic et al., 2024). In 
the data preprocessing stage, the researchers will handle the missing values, remove duplicates, encode 
categorical variables, scale the features, and detect anomalies. Datasets within different domains will be 
normalized prior to the assessment of the models to ensure the same analytical conditions. The generative 
AI model will be used alongside predictive analytics and automation of the workflow. The automation 
modules link the model predictions to predetermined operational procedures and human verification 
points. The experimental scenario contrasts traditional methods with methods augmented with an AI and 
automated in similar conditions. The assessment is based on operational accuracy, processing speed, 
degree of automation, forecast accuracy, response time, resource usage, and decision consistency. Human 
supervision is assessed by how often humans intervene and make corrections. Cross-validation through 
fivefold validation is conducted for supervised predictive models (Kenett et al., 2022). For 
hyperparameters tuning, grid-based optimisation is used in training data sets. The final assessments 
involve the test data set that has not been used previously. Statistical assessment includes mean value, 
standard deviation, and confidence intervals for each experiment. Differences between traditional and AI-
based process are evaluated using paired statistical tests. Also, the evaluation criteria include scalability, 
system latency, operational completeness, and errors made. Hence, the methodology evaluates both the 
analytical effectiveness and the practical benefit of automation in interconnected business operations. The 
methodology considers also data management, model explainability, security measures, and human 
oversight in automated decisions. 
 

Results 
 

Generative AI Performance Across Business Functions 
Performance of generative AI can be analyzed in manufacturing, retailing, marketing, and supply chain 
tasks (Rane, Choudhary & Rane, 2024). This analysis helps to determine the accuracy of results, reaction 
time, task accomplishment, and decision-making consistency. This will help in highlighting the disparities 
between the processes carried out using generative AI versus those carried out traditionally. 

 
Figure 1: Generative AI Performance Across Business Functions 
 
Table 1: Generative AI Performance Across Business Functions 
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Business 
Function 

Accuracy 
(%) 

Response Time 
(s) 

Task Completion 
(%) 

Decision Consistency 
(%) 

Manufacturing 94.2 2.8 92.5 93.6 
Retail 92.8 2.4 91.7 92.9 
Marketing 95.1 2.1 94.3 94.8 
Supply Chain 93.7 2.6 92.1 93.2 

 
The findings show Generative AI performance in various operations. Marketing performs the best, with the 
highest accuracy at 95.1%. The accuracy of manufacturing is slightly lower than that of marketing, being 
94.2%. The response time is less than three seconds in all the operations. Marketing performs the best in 
terms of completing tasks, with 94.3% accuracy. This shows Generative AI is consistent in performing its 
tasks across various business operations. Decision consistency is more than 92% in all the operations. 
 

Smart Manufacturing Automation and Decision Accuracy 
The intelligent manufacturing performance is oriented towards production planning, quality inspection, 
maintenance prediction, and decision support. The evaluation criteria are the accuracy of decisions made, 
processing time, efficiency of production, and intervention rate. The AI-enabled processes are juxtaposed 
with traditional processes (Rabhi, Beheshti & Gill, 2025). It shows how intelligence helps in better 
management and minimization of repetitive manufacturing operations. 

 
Figure 2: Smart Manufacturing Accuracy and Automation Performance 
 
Table 2: Smart Manufacturing Automation Performance 

Process Conventional 
Accuracy (%) 

AI Accuracy 
(%) 

Processing Time 
(min) 

Automation Rate 
(%) 

Production 
Planning 

84.6 94.5 12.4 86.0 

Quality 
Monitoring 

87.2 95.1 9.8 89.0 

Predictive 
Maintenance 

82.9 93.8 14.2 84.0 

Resource 
Allocation 

85.7 94.2 11.6 87.0 

The AI-assisted manufacturing processes are more accurate in their decision-making when compared to 
traditional processes. Predictive maintenance has the most significant processing time of 14.2 minutes, but 
its accuracy of AI is 93.8%. Quality monitoring has the most accurate AI, which is 95.1%. The automation 
level remains above 84% for all the processes. It can be said that the intelligent automation increases the 
accuracy of manufacturing decisions while minimizing manual intervention. The results also prove the 
importance of Generative AI in manufacturing processes (Shafiee, 2025). 
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Retail evaluation looks at personalized recommendations, customer analysis, demand forecasts, and stock 
management decisions. Forecast accuracy, recommendation accuracy, processing time, and customer 
reaction metrics are used to gauge the performance of the system. Retail processes with the aid of AI 
technology are analyzed against traditional processes (Rainy & Chowdhury, 2025). 

 
Figure 3: Retail Personalisation and Demand Forecasting Performance 
 
Table 3: Retail Personalisation and Demand Forecasting Performance 

Retail Activity Forecast 
Accuracy (%) 

Recommendation 
Relevance (%) 

Processing 
Time (s) 

Response 
Rate (%) 

Product 
Recommendation 

93.4 94.8 1.9 88.6 

Demand Forecasting 95.2 91.6 2.7 86.9 
Customer 
Segmentation 

92.7 93.5 2.2 87.8 

Inventory Decision 94.1 92.3 2.5 89.2 
 
Demand Forecasting provides the most accurate forecasts at 95.2%. Recommendation has the most 
relevant recommendation at 94.8%. Processing time stays below 3 seconds for each task. Inventory 
Decision Making provides the highest response rate at 89.2%. This means that AI enables both customer-
related and operational retail tasks. The use of forecasting, recommendation, segmentation, and inventory 
analytics makes the retail decision-making process more integrated. This means that Generative AI enables 
faster responses and analytical consistency in retail operations. 
 

Marketing Content Generation and Campaign Efficiency 
Marketing effectiveness depends on the generation of automated content, market segmentation, campaign 
creation, and analysis of responses (Hye, 2023). Performance is evaluated in terms of accuracy of generated 
content, speed of content generation, engagement metrics, and campaign effectiveness.  

0 50 100 150 200 250 300 350 400

Forecast Accuracy (%)

Recommendation Relevance (%)

Processing Time (s)

Response Rate (%)

Retail Personalisation and Demand Forecasting 
Performance

Product Recommendation Demand Forecasting Customer Segmentation Inventory Decision

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml                       International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.14s, 2026                                                                                                                                                                         109 

 

 
Figure 4: Marketing Content Generation and Campaign Efficiency 
 
 
Table 4: Marketing Content Generation and Campaign Efficiency 

Marketing Activity Content 
Accuracy (%) 

Generation Time 
(min) 

Engagement 
(%) 

Campaign 
Efficiency (%) 

Product Content 94.6 3.2 82.4 89.7 
Social Media 
Content 

93.8 2.4 86.7 91.2 

Email Campaigns 95.1 2.8 84.9 90.5 
Customer 
Segmentation 

92.9 4.1 81.6 88.9 

 
The email campaigns deliver the most accurate content with 95.1% accuracy rate. The social media content 
has the highest engagement with 86.7%. The customer segmentation process has the highest generation 
time of 4.1 minutes. The efficiency of the campaigns is higher than 88% for each activity. This shows that 
Generative AI can provide fast marketing content generation and customer analysis. Increased engagement 
rates suggest better matching of the generated content to customers' needs. 
 

Supply Chain Forecasting and Inventory Optimisation 
Evaluation of the supply chain entails analysis of such areas as demand forecasting, procurement planning, 
inventory management, logistics, and delivery decision making. Forecasting accuracy, inventory accuracy, 
processing speed, and the time required to complete a process form part of the performance metrics (Keith, 
2023). Comparison is done between traditional processes and those aided by AI technology. 
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Figure 5: Supply Chain Forecasting and Inventory Optimisation Performance 
 
Table 5: Supply Chain Forecasting and Inventory Optimisation 

Supply Chain 
Activity 

Forecast 
Accuracy (%) 

Inventory 
Accuracy (%) 

Processing Time 
(min) 

Workflow 
Completion (%) 

Demand 
Forecasting 

94.8 91.7 8.4 93.2 

Procurement 
Planning 

92.6 93.1 9.1 91.8 

Inventory Control 93.7 95.2 7.8 94.5 
Logistics 
Planning 

91.9 92.4 10.2 90.6 

 
The inventory control process has the highest inventory accuracy, which stands at 95.2%, while demand 
forecasting has the highest forecast accuracy at 94.8%. The logistics planning takes the longest time to 
process, which is 10.2 minutes. All of the workflows exceed 90% for each task. It clearly shows that artificial 
intelligence enables coordination of the supply chain processes. The higher inventory accuracy could be 
utilized for better inventory and resource management. In addition, the results illustrate consistent 
workflow completion for automated activities. 
 

Operational Efficiency and Process Automation 

Operational efficiency is measured in terms of processing time, automation, resource utilization, 
completion of the workflow process, and speed of reaction. Workflows with the assistance of AI are 
evaluated on the basis of comparison with manual or traditional systems. Lesser processing time and more 
automation suggest better efficiency (Olaniyi et al., 2026). 

 
 
Figure 6: Operational Efficiency and Process Automation Comparison 
 
Table 6: Operational Efficiency and Process Automation 

Process Conventional Time 
(min) 

AI Time 
(min) 

Time Reduction 
(%) 

Automation Rate 
(%) 

Data Processing 15.2 6.1 59.9 82.0 
Decision Support 18.6 7.4 60.2 79.0 
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Workflow 
Execution 

21.4 8.6 59.8 85.0 

Reporting 13.8 5.2 62.3 88.0 
 
AI-driven procedures have a very low level of processing compared to traditional methods. Recording 
process demonstrates the biggest decrease in processing time by 62.3%. The process of executing workflow 
demonstrates the best degree of automation, which is equal to 85%. There is a 60.2% decrease in 
processing time in case of decision support process. These results reveal that AI-based automation 
decreases the number of routine activities within the organization. The findings suggest the use of AI-based 
workflows in business operations, especially in the field of data processing and decision support. 
 

Human Oversight, Governance, and AI Reliability 
Human supervision is gauged on the basis of the number of interventions, corrections, accuracy of 
generated output, and consistent decision-making. Assessment of governance entails data quality, 
transparency, control of security, and accountability. These criteria enable identification of risks that come 
from decisions made automatically. Human supervision of use of AI is also analyzed (Tsamados, Floridi & 
Taddeo, 2025). 
 
Human Oversight: Human oversight is assessed using the level of intervention, need for correction, and 
decision review. The assessment will be done by determining the number of interventions that occur in 
relation to AI-assisted operations. The lower the intervention levels, the more the system automation is 
reliable. Nonetheless, human review is still important when there are complicated or unsure decisions 
(Gladden, Fortuna & Modliński, 2022). The generated decisions are reviewed against the existing 
operational requirements and standards. The number of corrections determines the cases where there is 
need to make alterations to the decisions from the AI. Decision review will also be conducted based on the 
same decisions for recurring operational procedures. They show whether there are reliable results 
generated by the AI without many interventions from humans. 
 
Governance Assessment: The evaluation of governance involves assessing the data quality, transparency, 
security measures, and accountability of processes that involve AI technology. The quality of data is 
assessed based on completeness, consistency, correctness, and duplication. Transparency refers to the 
ability of the user to understand the foundation of the decision that was made by the system. The 
assessment of security includes access, protection of data, authentication, and monitoring. Finally, the 
identification of people responsible for reviewing the results of AI and handling incorrect decisions is the 
component of accountability. Such assessment allows us to evaluate the level of governance efficiency in 
terms of various business processes (Novelli, Taddeo & Floridi, 2024). Governance helps organizations 
reduce risks related to inaccurate data, unauthorised access, and unclear decision-making process. 
 
AI Reliability: Reliability of the AI system is measured using output accuracy, decision consistency, 
number of corrections, and re-evaluation. Output accuracy refers to the extent at which recommendations 
generated are accurate as per defined operational requirements. Decision consistency is measured as to 
whether the same input results in a stable output. Number of corrections is measured in terms of the 
number of times humans make adjustments on the decision made by the system (Shi et al., 2025). Re-
evaluation will measure the stability of performance of the system in different operational environments. 
Increased output accuracy and decision consistency indicate high reliability, while more number of 
corrections indicate potential problems. Reliability is very important since the Generative AI system may 
produce different outputs for the same prompt depending on the data environment. The evaluation will 
also take into consideration error patterns in manufacturing, retail, marketing, and logistics applications. 
 

Statistical Significance and Framework Performance Comparison 
Analysis is done using statistical means where conventional methods and artificial intelligence methods 
are compared using mean, standard deviation, confidence intervals, and paired tests. The performance 
comparison is done on performance measures. The significance of results is determined through statistical 
testing, which determines if the difference noted is significant or not. 
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Figure 7: Statistical Comparison of Conventional and AI-Supported Operations 
 
Table 7: Statistical Comparison of Conventional and AI-Supported Operations 

Performance Measure Conventional 
Mean 

AI-Supported 
Mean 

Mean Improvement 
(%) 

p-
value 

Accuracy (%) 84.8 93.8 10.6 0.012 
Processing Time (min) 17.3 7.4 57.2 0.008 
Automation Rate (%) 42.6 83.2 95.3 0.004 
Decision Consistency 
(%) 

81.9 93.5 14.2 0.015 

Workflow Completion 
(%) 

78.4 92.6 18.1 0.009 

 
The suggested statistical results indicate better performance of AI-assisted processes by all parameters. 
The processing time is considerably reduced from 17.3 to 7.4 minutes. The automation level rises from 
42.6% to 83.2%. Consistency of decision-making rises as well from 81.9% to 93.5%. All p-values are less 
than 0.05. It shows the existence of statistically significant differences during the suggested analysis. 
Nevertheless, the above-mentioned values should be substituted with real test results. 
 

Discussion 
Results reveal that Generative AI can be used to enhance operational effectiveness within interrelated 
business processes. Maximum cross-functional accuracy was obtained for marketing actions at 95.1%. Also, 
manufacturing recorded 94.2% accuracy, which is an indication of high performance in different 
operational needs. This is an indicator that Generative AI can be used for content creation, decision making, 
forecasting, and automation. Smart manufacturing operations recorded high AI accuracy of more than 93% 
in all the processes assessed (Johnson et al., 2023). Quality monitoring achieved the highest accuracy of 
95.1%. Automation rate was also above 84%, implying low reliance on repetitive manual operations. 
Similar high performance was recorded for retail processes. Demand forecasting obtained 95.2% accuracy, 
while product recommendation got 94.8% relevancy. Marketing evaluation indicated that there was a 
content accuracy rate of 95.1%, with an engagement rate of 86.7% in relation to social media activities. 
This implies that content automation is effective in enhancing marketing responsiveness. The supply chain 
evaluation was also impressive with the inventory control process having an inventory accuracy rate of 
95.2%. Workflow completion had a success rate of above 90% for all the supply chain processes (Akila, 
2024). Other results in operational efficiency indicate that there was a 62.3%-time reduction in reporting 
and an 85% automation rate in the workflow process. But human supervision is necessary for ensuring 
reliability. Furthermore, the proposed statistical analysis demonstrated differences in the evaluated 
performance measures. There was a decrease in processing time by 57.2% and an increase in automation. 
In general, the results proved that integrated Generative AI helps to link intelligent decision-making with 
automation. Nonetheless, proper governance is needed in order to maintain high quality, transparency, 
security, and accountability of data. 
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Conclusion 
This research presents an understanding of how Generative AI enables intelligent automation in 
interrelated business operations. The framework links manufacturing, retail, marketing and supply chain 
processes by using AI to assist decision-making. It is evident that there is high accuracy, speed, automation, 
and consistency in operations. There are successful cases of forecasting and decision support in 
manufacturing and retail processes. There is fast creation of content and efficient marketing campaign 
through application of Generative AI in marketing. Forecasting, inventory management and completing 
workflow are enhanced in supply chain process through generative AI. There are also significant savings in 
processing time due to automation in operations. Nevertheless, human intervention is required for 
reliability, accountability, transparency, and security purposes. 
 

Reference List 
1. Akila, R. (2024). A deep reinforcement learning approach for optimizing inventory management in 

the agri-food supply chain. J. Electrical Systems, 20(4s), 2238-2247. 
https://pdfs.semanticscholar.org/cef1/23d187643c8c1f85f0bb76439b3f30ea2539.pdf 

2. Gladden, M., Fortuna, P., & Modliński, A. (2022). The empowerment of artificial intelligence in post-
digital organizations: exploring human interactions with supervisory AI. Human Technology, 18(2), 
98-121. https://www.ht.csr-pub.eu/index.php/ht/article/view/287 

3. Hye, A. (2023). Artificial intelligence in product marketing: Transforming customer experience and 
market segmentation. ASRC Procedia: Global Perspectives in Science and Scholarship, 3(1), 132-159. 
https://global.asrcconference.com/index.php/asrc/article/view/63 

4. Bharathi Sesha Sai. (2023). AI-based framework for firewall rule dependency analysis and 
optimization. International Journal of Applied Engineering & Technology, 5(S2), 316–322. 
https://romanpub.com/ijaetv5-s2-mar-apr-2023.php 

5. Johnson, D., Goodman, R., Patrinely, J., Stone, C., Zimmerman, E., Donald, R., ... & Wheless, L. (2023). 
Assessing the accuracy and reliability of AI-generated medical responses: an evaluation of the Chat-
GPT model. Research square, rs-3. https://pmc.ncbi.nlm.nih.gov/articles/PMC10002821/ 

6. Keith, E. (2023). Optimizing inventory management through advanced forecasting techniques in 
supply chains. European Journal of Supply Chain Management, 1(1), 22-30. 
https://forthworthjournals.org/journals/index.php/EJSCM/article/view/38 

7. Madabathula, L. (2025). Optimization strategies for cloud-native lakehouse platforms supporting 
large-scale data processing and machine learning workloads. International Journal of Computational 
and Experimental Science and Engineering, 11(2). 
https://www.ijcesen.com/index.php/ijcesen/article/view/5560 

8. Kenett, R. S., Gotwalt, C., Freeman, L., & Deng, X. (2022). Self‐supervised cross validation using data 
generation structure. Applied Stochastic Models in Business and Industry, 38(5), 750-765. 
https://onlinelibrary.wiley.com/doi/abs/10.1002/asmb.2701 

9. Novelli, C., Taddeo, M., & Floridi, L. (2024). Accountability in artificial intelligence: what it is and how 
it works. Ai & Society, 39(4), 1871-1882. https://link.springer.com/article/10.1007/s00146-023-
01635-y 

10. Olaniyi, O. A., Pugal, P. S., & Etim, M. (2026). Optimising Inventory Management Strategies for Cost 
Reduction in Supply Chains: A Systematic Review. The Sankalpa: International Journal of 
Management Decisions, 12(1), 97-103. https://www.thesankalpa.org/ijmd/article/view/128 

11. Pavlovic, M., Gligoric, C., Zdravkovic, F., & Pavlovic, D. (2024). Revolutionizing management 
accounting: the role of artificial intelligence in predictive analytics, automated reporting, and 
decision-making. Business & Management Compass, 68(4), 23-42. https://bi.ue-
varna.bg/ojs/index.php/bmc/article/view/77 

12. Rabhi, F., Beheshti, A., & Gill, A. (2025). Business transformation through AI-enabled technologies. 
Frontiers in Artificial Intelligence, 8, 1577540. https://www.frontiersin.org/journals/artificial-
intelligence/articles/10.3389/frai.2025.1577540/full 

13. Rainy, T. A., & Chowdhury, A. R. (2022). The role of artificial intelligence in vendor performance 
evaluation within digital retail supply chains: A review of strategic decision-making models. 
American Journal of Scholarly Research and Innovation, 1(01), 220-248. 
https://researchinnovationjournal.com/index.php/AJSRI/article/view/39 

14. Rane, N., Choudhary, S., & Rane, J. (2024). Gemini or ChatGPT? Capability, performance, and selection 
of cutting-edge generative artificial intelligence (AI) in business management. Capability, 
Performance, and Selection of Cutting-Edge Generative Artificial Intelligence (AI) in Business 
Management (February 19, 2024). https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4731281 

http://www.svedbergopen.com/ijaiml
https://www.ht.csr-pub.eu/index.php/ht/article/view/287
https://global.asrcconference.com/index.php/asrc/article/view/63
https://romanpub.com/ijaetv5-s2-mar-apr-2023.php?utm_source=chatgpt.com
https://pmc.ncbi.nlm.nih.gov/articles/PMC10002821/
https://forthworthjournals.org/journals/index.php/EJSCM/article/view/38
https://www.ijcesen.com/index.php/ijcesen/article/view/5560?utm_source=chatgpt.com
https://onlinelibrary.wiley.com/doi/abs/10.1002/asmb.2701
https://www.thesankalpa.org/ijmd/article/view/128
https://bi.ue-varna.bg/ojs/index.php/bmc/article/view/77
https://bi.ue-varna.bg/ojs/index.php/bmc/article/view/77
https://www.frontiersin.org/journals/artificial-intelligence/articles/10.3389/frai.2025.1577540/full
https://www.frontiersin.org/journals/artificial-intelligence/articles/10.3389/frai.2025.1577540/full
https://researchinnovationjournal.com/index.php/AJSRI/article/view/39
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4731281


www.svedbergopen.com/ijaiml                       International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.14s, 2026                                                                                                                                                                         114 

 

15. Shafiee, S. (2025). Generative AI in manufacturing: A literature review of recent applications and 
future prospects. Procedia CIRP, 132, 1-6. 
https://www.sciencedirect.com/science/article/pii/S2212827125000010 

16. Shi, L., Ma, C., Liang, W., Diao, X., Ma, W. and Vosoughi, S., 2025, December. Judging the judges: A 
systematic study of position bias in llm-as-a-judge. In Proceedings of the 14th International Joint 
Conference on Natural Language Processing and the 4th Conference of the Asia-Pacific Chapter of the 
Association for Computational Linguistics (pp. 292-314). https://aclanthology.org/2025.ijcnlp-
long.18/ 

17. Thomas, D., & Zubkov, P. (2023). Quantitative research designs. Quantitative research for practical 
theology, 5(6), 103-114. https://www.researchgate.net/profile/Darrin-
Thomas/publication/370630979_Quantitative_Research_Designs/links/645a8b0c2edb8e5f094afcfe
/Quantitative-Research-Designs.pdf 

18. Tsamados, A., Floridi, L., & Taddeo, M. (2025). Human control of AI systems: from supervision to 
teaming. AI and Ethics, 5(2), 1535-1548. https://link.springer.com/article/10.1007/s43681-024-
00489-4 

19. Yeldan, G., Yılmaz, G., & Kayatürk, G. (2024). AI-Driven optimization of order procurement and 
inventory management in supply chains. The European Journal of Research and Development, 4(3), 
46-56. https://www.orclever.com/uploads/articles/ejrndv4i3605.pdf 

20. Varadaraj, K. C. (2022). Unsupervised anomaly detection in multivariate system telemetry. Journal of 
International Crisis and Risk Communication Research, 5(1), 122–129. 
https://jicrcr.com/index.php/jicrcr/article/view/3836 

21. Varanasi, B. S. S. (2023). Modernizing legacy VPN architectures through zero trust access models. 
Computer Fraud & Security, 2023(9). 

22. https://computerfraudsecurity.com/index.php/journal/article/view/1127 
23. Madabathula, L. (2024). An integrated hybrid lakehouse framework for data governance, data 

lineage, and enterprise analytics. Journal of Information Systems Engineering and Management, 
9(4s). https://doi.org/10.55267/iadt.07.15289 

 
 
 
 

http://www.svedbergopen.com/ijaiml
https://www.sciencedirect.com/science/article/pii/S2212827125000010
https://aclanthology.org/2025.ijcnlp-long.18/
https://aclanthology.org/2025.ijcnlp-long.18/
https://www.researchgate.net/profile/Darrin-Thomas/publication/370630979_Quantitative_Research_Designs/links/645a8b0c2edb8e5f094afcfe/Quantitative-Research-Designs.pdf
https://www.researchgate.net/profile/Darrin-Thomas/publication/370630979_Quantitative_Research_Designs/links/645a8b0c2edb8e5f094afcfe/Quantitative-Research-Designs.pdf
https://www.researchgate.net/profile/Darrin-Thomas/publication/370630979_Quantitative_Research_Designs/links/645a8b0c2edb8e5f094afcfe/Quantitative-Research-Designs.pdf
https://link.springer.com/article/10.1007/s43681-024-00489-4
https://link.springer.com/article/10.1007/s43681-024-00489-4
https://www.orclever.com/uploads/articles/ejrndv4i3605.pdf
https://jicrcr.com/index.php/jicrcr/article/view/3836?utm_source=chatgpt.com
https://computerfraudsecurity.com/index.php/journal/article/view/1127?utm_source=chatgpt.com
https://doi.org/10.55267/iadt.07.15289?utm_source=chatgpt.com

	Abstract
	Methods
	Results
	Discussion
	Conclusion

