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Abstract.- COGNIX — A Cognitive Al Agent Platform for Real-Time Business Intelligence and
Automation is an intelligent framework developed to assist organizations in making timely and
informed decisions through automated data processing and cognitive analytics. In modern enter-
prises, large volumes of data are continuously generated from multiple sources such as business
transactions, customer interactions, and digital platforms. Extracting valuable insights from this
vast data in real time is often challenging using traditional analytical methods. The proposed
COGNIX platform utilizes cognitive artificial intelligence, machine learning techniques, and au-
tonomous Al agents to efficiently monitor, collect, and analyze business data streams. These
intelligent agents process both structured and unstructured data and transform it into meaningful
information that supports strategic decision-making. The system also automates several routine
business operations including report generation, anomaly detection, and performance evaluation.
In addition, Natural Language Processing enables users to interact with the platform using simple
conversational queries, making business intelligence tools more user-friendly and accessible. By
offering real-time dashboards, alerts, and predictive recommendations, the COGNIX platform
enhances organizational efficiency and responsiveness. Overall, the system supports businesses
in improving productivity, minimizing manual effort, and adapting quickly to dynamic market
environments through intelligent automation.
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l. Introduction

In the modern digital era, organizations generate massive amounts of data from numer-
ous sources such as enterprise systems, customer transactions, social media platforms,
and Internet of Things (10T) devices. This continuously growing volume of information
offers significant opportunities for businesses to gain valuable insights, improve oper-
ational efficiency, and support strategic decision-making. However, analyzing and
managing this large amount of data in real time remains a complex task. Traditional
business intelligence systems mainly depend on manual data analysis and periodic re-
ports, which often fail to provide timely insights required in rapidly changing business
environments. Therefore, businesses increasingly require intelligent systems that can
automatically process data and deliver real-time analytical insights.
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Advancements in Artificial Intelligence (Al) and cognitive computing have introduced
powerful methods for improving business intelligence systems. Cognitive Al technol-
ogies are capable of simulating human reasoning, learning from historical data, and
identifying hidden patterns within complex datasets. By utilizing machine learning al-
gorithms, predictive analytics, and automated data processing techniques, cognitive
systems can convert raw data into meaningful knowledge that supports better business
decisions. These intelligent systems can also identify emerging trends, forecast future
business outcomes, and detect potential operational risks at an early stage.

Another key technology supporting modern business intelligence is the use of intelli-
gent software agents. Intelligent agents are autonomous programs that can perform
tasks such as data gathering, monitoring, analysis, and reporting without constant hu-
man supervision. Within a business intelligence framework, these agents can continu-
ously track multiple data streams, detect irregularities, and automatically generate alerts
or recommendations. This automated approach significantly reduces human effort and
increases the efficiency and speed of business decision-making processes.

The COGNIX — Cognitive Al Agent Platform for Real-Time Business Intelligence and
Automation is proposed as an advanced solution to address these challenges. The plat-
form integrates cognitive artificial intelligence, intelligent agent technology, and ma-
chine learning techniques to build a comprehensive system for real-time business anal-
ysis and automation. It collects data from diverse organizational sources, processes the
information using advanced analytical models, and presents meaningful insights
through interactive dashboards and automated reports.

In addition, the system incorporates Natural Language Processing (NLP) capabilities,
enabling users to interact with the platform through simple conversational queries. This
feature makes business intelligence tools more accessible to non-technical users. By
combining intelligent automation with real-time data analytics, the COGNIX platform
improves organizational productivity, enhances decision-making capabilities, and sup-
ports data-driven strategies in modern enterprises.

I1. Related Works

“Al Agents for Business Applications: A Review,” Palguni G. T. and Thyagaraju G.
S.
This paper presents a detailed overview of the role of artificial intelligence agents in
modern business environments. The authors explain how Al agents are capable of au-
tomating repetitive tasks, monitoring business activities, and assisting in decision-mak-
ing processes. The study highlights the advantages of agent-based systems in areas such
as customer relationship management, financial analysis, and operational planning. The
research also discusses different types of Al agents including reactive agents, cognitive
agents, and multi-agent systems. Furthermore, the paper addresses important chal-
lenges such as system integration, data privacy, and ethical considerations when imple-
menting Al agents in enterprise systems.
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[2] “Leveraging Generative Al to Create Self-Service Business Intelligence Tools,”
Sukesh Reddy Kotha.

This research focuses on the integration of generative artificial intelligence with busi-
ness intelligence tools to improve self-service analytics. The author proposes a system
where users can interact with Bl platforms through natural language queries without
requiring technical expertise. The system uses transformer-based models to automati-
cally generate data queries and provide insights in real time. The study demonstrates
how generative Al improves data accessibility and reduces dependence on data ana-
lysts. The results show that the proposed approach enhances business decision-making
efficiency while simplifying complex data analysis tasks for business professionals.

[3] “FinRobot: Generative Business Process Al Agents for ERP in Finance,” Hongyang
Yang, Likun Lin, Yang She, Xinyu Liao, Jiaoyang Wang, Runjia Zhang, Yuquan Mo,
and Christina Dan Wang.

This paper introduces FinRobot, an intelligent Al agent framework designed to auto-
mate financial operations within enterprise resource planning systems. The proposed
model employs multiple specialized Al agents to perform tasks such as financial anal-
ysis, budget planning, and automated reporting. Each agent is responsible for handling
a specific business process while collaborating with other agents to complete complex
tasks. The research demonstrates how generative Al can improve financial management
efficiency and reduce human intervention in enterprise systems. The experimental re-
sults indicate improved accuracy, faster reporting, and enhanced operational efficiency.

[4] “Agentic Al for Business Process Development,” Mohammad Azarijafari, Luisa
Mich, and Michele Missikoff.

This study explores the use of Agentic Al to redesign business processes and workflow
systems. The authors propose a goal-driven framework where intelligent agents coor-
dinate to accomplish business objectives rather than following rigid workflow struc-
tures. The research emphasizes flexibility and adaptability in business systems by al-
lowing agents to dynamically adjust their operations based on environmental changes.
The paper also discusses how agent-based architectures improve scalability and effi-
ciency in enterprise systems. The results indicate that Agentic Al can significantly en-
hance automation and enable real-time decision-making in modern organizations.

[5] “Multi-Agent Application System in Office Collaboration Scenarios,” Songtao Sun,
Jingyi Li, Yuanfei Dong, Haoguang Liu, Chenxin Xu, Fuyang Li, and Qiang Liu.
This paper presents a multi-agent system designed to improve collaboration and
productivity within office environments. The proposed system utilizes intelligent
agents to coordinate tasks, analyze user requests, and provide automated recommenda-
tions. Natural language processing techniques are used to interpret user commands and
facilitate interaction between employees and the system. The research demonstrates
that multi-agent architectures can significantly enhance communication, reduce re-
sponse time, and optimize workflow management. The study also highlights the im-
portance of integrating Al technologies with collaborative tools to support modern en-
terprise operations.

[6] “DatalLab: A Unified Platform for LLM-Powered Business Intelligence,” Luoxuan
Weng, Yinghao Tang, Yingchaojie Feng, Zhuo Chang, Peng Chen, Ruigin Chen,
Haozhe Feng, Chen Hou, Danging Huang, Yang Li, Huaming Rao, Haonan Wang,
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Canshi Wei, Xiaofeng Yang, Yuhui Zhang, Yifeng Zheng, Xiugi Huang, Minfeng Zhu,
Yuxin Ma, Bin Cui, and Wei Chen.

The authors propose DataLab, a comprehensive platform that integrates large language
models with business intelligence systems. The platform allows users to analyze data,
generate visualizations, and retrieve insights using natural language queries. Intelligent
agents coordinate various analytical tasks, including data processing, query generation,
and report creation. The system aims to simplify complex analytics processes and im-
prove accessibility for business users. Experimental results demonstrate improved effi-
ciency in data analysis and reduced effort required for generating business reports.

[7] “Strategic Design with Al Agents, Predefined Workflows and Agentic Al,” Chan-
drababu C. Nallapareddy.

This research examines the integration of Al agents with predefined workflow systems
in enterprise environments. The author compares traditional rule-based systems with
Al-driven agent architectures to evaluate their effectiveness in business process auto-
mation. The study shows that Al agents can learn from historical data and dynamically
adapt to changing operational requirements. By combining agent intelligence with
workflow management, the proposed approach improves flexibility, efficiency, and
scalability in enterprise applications. The research highlights the growing importance
of agent-based technologies in modern digital business systems.

[8] “Agentic Al for Natural Language Query Interface in Customer Success Manage-
ment,” Arjun Warrier.

This paper proposes an Al-based conversational analytics system designed for customer
success management platforms. The system allows business users to retrieve customer
insights using natural language queries. Multiple Al agents are employed to process
user queries, integrate enterprise data, and generate analytical responses. The frame-
work enables businesses to analyze customer behavior, detect patterns, and make stra-
tegic decisions quickly. The study demonstrates that conversational Al significantly
improves accessibility to data analytics and reduces the complexity of business intelli-
gence systems.

[9] “Integrating Al Agents and Business Intelligence for Smart Industry,” Achraf Bal-
lari and Omar Souissi.

This research explores the integration of Al agents with business intelligence tools to
improve decision-making in industrial environments. The proposed framework allows
intelligent agents to continuously monitor operational data, detect anomalies, and pro-
vide predictive insights. The system supports real-time analytics and automated deci-
sion support for industrial management. The study highlights the potential benefits of
combining Al agents with Bl systems to enhance operational efficiency, resource man-
agement, and strategic planning in smart manufacturing environments.

[10] “Agent Intelligence Through Data Mining,” Andreas L. Symeonidis and Pericles
A. Mitkas.

This paper discusses how data mining techniques can be integrated with multi-agent
systems to enhance intelligent information processing. The authors explain how agents
can analyze large datasets, identify hidden patterns, and support automated decision-
making processes. The research highlights several applications including knowledge
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discovery, information retrieval, and enterprise analytics. By combining machine learn-
ing with agent-based architectures, the study demonstrates improved system intelli-
gence and adaptability. This work provides an important foundation for modern Al
agent platforms used in business intelligence and automation systems.

I11. Proposed Method

The COGNIX — Cognitive Al Agent Platform for Real-Time Business Intelligence and
Automation is designed to provide an intelligent and automated framework for analyz-
ing business data and supporting decision-making processes in real time. The proposed
system integrates cognitive artificial intelligence, intelligent agents, machine learning
algorithms, and data analytics techniques to transform raw organizational data into
meaningful insights. Unlike traditional business intelligence systems that rely on static
reports and manual analysis, the COGNIX platform continuously monitors business
operations and generates real-time analytical outputs to support strategic planning.

The proposed architecture consists of multiple Al-powered cognitive agents, each re-
sponsible for handling specific business functions such as data collection, analysis,
monitoring, and reporting. These agents operate autonomously and collaborate with
each other to process large volumes of data from different sources including enterprise
databases, transaction systems, cloud platforms, and external market data. By continu-
ously gathering and processing information, the agents ensure that the system maintains
up-to-date insights about business performance and operational activities.

A central component of the COGNIX platform is the data integration and processing
module, which collects both structured and unstructured data from multiple enterprise
sources. This module cleans, organizes, and transforms the data into a format suitable
for advanced analysis. Machine learning models are then applied to identify patterns,
trends, and correlations within the data. Predictive analytics techniques allow the sys-
tem to forecast business outcomes such as sales performance, operational risks, and
customer behavior.

The cognitive intelligence engine plays a critical role in interpreting analytical results
and generating actionable insights. This engine uses artificial intelligence algorithms to
evaluate business data and detect anomalies, unusual patterns, or potential operational
issues. When such events are detected, the system automatically generates alerts and
recommendations for business managers. This proactive approach allows organizations
to respond quickly to changing business conditions.

The platform also includes a Natural Language Processing (NLP) interface that enables
users to interact with the system using conversational queries. Business users can ask
questions such as “What are the sales trends for this quarter?” or “Which products are
performing poorly?” The system processes these queries, retrieves relevant data, and
presents the results in a clear and understandable format.

In addition, the COGNIX system provides interactive dashboards and automated re-
porting tools that visualize business insights through graphs, charts, and performance
indicators. These dashboards allow managers to monitor key performance metrics in
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real time and make data-driven decisions. Overall, the proposed system enhances or-

ganizational efficiency, reduces manual workload, and enables intelligent automation
of business intelligence processes.
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Fig.1.System Architecture

The COGNIX — Cognitive Al Agent Platform for Real-Time Business Intelligence and
Automation is designed with several functional modules that work together to collect,
analyze, and interpret business data efficiently. Each module performs a specific task
to ensure smooth operation of the system and accurate generation of real-time business
insights.

1. Data Collection and Integration Module

This module is responsible for gathering data from multiple enterprise sources such as
databases, cloud applications, enterprise resource planning systems, customer relation-
ship management platforms, and external market data sources. The collected data may
include both structured and unstructured information. The module integrates these di-
verse datasets into a centralized data repository. Data preprocessing techniques such as
cleaning, filtering, and transformation are applied to ensure the quality and consistency
of the information before further analysis.

2. Cognitive Al Processing Module
The cognitive Al module acts as the intelligence core of the system. It applies machine
learning algorithms and cognitive computing techniques to analyze business data and
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identify meaningful patterns. This module supports predictive analytics, trend analysis,
and anomaly detection. By continuously learning from historical and real-time data, the
system can generate accurate predictions and insights that assist business managers in
making informed decisions.

3. Intelligent Agent Management Module

This module manages the operation of multiple Al agents within the platform. Each
intelligent agent is assigned a specific task such as monitoring business metrics, ana-
lyzing performance data, or generating reports. These agents work autonomously and
communicate with each other to share information and coordinate analytical tasks. This
distributed approach improves system efficiency and enables real-time monitoring of
business operations.

4. Natural Language Interaction Module

The Natural Language Processing (NLP) module allows users to interact with the sys-
tem using simple conversational queries. Business users can ask questions about sales
performance, operational metrics, or customer trends, and the system processes these
queries to generate meaningful responses.

5. Visualization and Reporting Module

This module presents analytical results through interactive dashboards, charts, and au-
tomated reports. It helps managers easily understand complex business insights and
supports real-time monitoring of key performance indicators.
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Fig.2.Methodology workflow of the Real-Time Business

Intelligence and Automation.Framework

Overall Working Flow of the Proposed System:

The COGNIX — Cognitive Al Agent Platform for Real-Time Business Intelligence and
Automation follows a structured workflow that enables organizations to collect, pro-
cess, analyze, and interpret business data in real time. The system integrates cognitive
artificial intelligence, intelligent agents, and data analytics technologies to convert raw
data into meaningful insights that support effective business decision-making.
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The workflow begins with the data acquisition stage, where the system collects data
from multiple enterprise sources such as databases, enterprise resource planning sys-
tems, customer relationship management platforms, financial transaction systems, and
external market sources. These data sources may contain structured, semi-structured,
or unstructured information. The collected data is transmitted to the platform through
secure data pipelines for further processing.

Once the data is gathered, it is passed to the data preprocessing and integration stage.
In this stage, the system performs data cleaning, filtering, and transformation operations
to remove inconsistencies and errors. The processed data is then stored in a centralized
data repository where it becomes available for further analytical operations. This step
ensures that the information used by the system is accurate, organized, and ready for
advanced analysis.

After preprocessing, the cognitive Al processing stage begins. In this phase, machine
learning algorithms and cognitive computing models analyze the integrated data to
identify patterns, correlations, and trends. Predictive analytics techniques are used to
forecast business outcomes such as sales performance, customer behavior, and opera-
tional risks. Intelligent agents continuously monitor these analytical processes and gen-
erate insights in real time.

The next stage involves intelligent agent coordination and monitoring. Multiple Al
agents operate within the system, each responsible for specific analytical tasks such as
performance monitoring, anomaly detection, or report generation. These agents com-
municate with one another and collaborate to ensure that the system maintains contin-
uous awareness of business activities.

Following the analytical process, the results are presented through the visualization and
reporting stage. The platform generates interactive dashboards, charts, and automated
reports that display key business metrics and performance indicators. These visualiza-
tions help managers easily interpret complex analytical results and make data-driven
decisions.

Finally, the system provides a natural language interaction interface where users can
ask questions and retrieve insights using conversational queries. This feature improves
accessibility and allows business professionals to interact with the platform without
requiring technical expertise. Through this workflow, the COGNIX system delivers ef-
ficient, intelligent, and automated business intelligence capabilities.
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Performance Metrics from Al and RPA integration

Fig.3.Performance Evaluation of Real-Time Business

Intelligence and Automation.

Mean Squared Error (MSE) is a widely used mathematical and statistical metric for
evaluating the performance of predictive models in machine learning and data analyt-
ics. In this equation, y_irepresents the actual observed value, while y” irepresents the
predicted value generated by the model. The term ndenotes the total number of obser-
vations in the dataset. The formula calculates the average of the squared differences
between actual and predicted values. Squaring the errors ensures that negative differ-
ences do not cancel positive ones and gives greater importance to larger errors. In Al
systems such as business intelligence platforms, minimizing MSE helps improve pre-
diction accuracy and model reliability.

Onew = Ogig — - VI(Byy9)

new

The Gradient Descent optimization equation is an iterative update rule used to minimize
a cost function by adjusting model parameters (such as weights and biases) in the
direction of the steepest descent. The fundamental formula is the gradient (partial de-
rivatives) of the cost function with respect to the parameters. The negative sign is cru-
cial because it ensures the parameters move downhill toward lower loss values, rather
than uphill. This process is repeated iteratively—often using small batches or individual
training examples in variations like SGD—until the gradient becomes zero or the
change in the parameters becomes minimal, signaling that the function has converged
to a local minimum.

V. Conclusion
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The COGNIX - Cognitive Al Agent Platform for Real-Time Business Intelligence and
Automation provides an innovative and intelligent solution for modern organizations
that need efficient data analysis and automated decision support. In today’s competitive
business environment, organizations generate large volumes of data from various
sources, making it difficult to analyze and interpret information using traditional meth-
ods. The proposed COGNIX platform addresses this challenge by integrating cognitive
artificial intelligence, machine learning techniques, and intelligent agent technology to
process and analyze data in real time.

The system enables organizations to continuously monitor business operations, detect
patterns, and generate meaningful insights that support strategic planning and opera-
tional improvements. The use of intelligent agents allows the platform to automate mul-
tiple business processes such as data monitoring, anomaly detection, and report gener-
ation. This automation significantly reduces manual workload and improves the speed
and accuracy of decision-making processes.

Furthermore, the integration of Natural Language Processing enables users to interact
with the platform using simple conversational queries, making business intelligence
tools more accessible to non-technical users. The system also provides interactive dash-
boards and automated reports that present analytical results in an understandable format
for managers and decision-makers.

Overall, the COGNIX platform enhances organizational efficiency, improves data-
driven decision-making, and supports intelligent automation of business processes,
making it a valuable tool for modern enterprises.

V1. Future Work

The COGNIX — Cognitive Al Agent Platform for Real-Time Business Intelligence and
Automation can be further enhanced by incorporating several advanced technologies
and additional capabilities to improve its performance, scalability, and usability. One
important direction for future work is the integration of advanced deep learning models
that can analyze complex patterns in large datasets and provide more accurate predic-
tions. These models can improve the platform’s ability to forecast business trends, cus-
tomer behavior, and market changes with higher precision.

Another potential enhancement is the integration of real-time streaming analytics using
technologies such as distributed data processing frameworks. This will enable the sys-
tem to process continuous data streams from enterprise applications, 10T devices, and
online platforms more efficiently. As a result, organizations can receive instant insights
and respond quickly to dynamic business conditions.

Future development can also focus on incorporating reinforcement learning algorithms
that allow Al agents to learn optimal decision-making strategies through continuous
interaction with business environments. This would improve the adaptability and intel-
ligence of automated systems.

Additionally, implementing blockchain-based data security mechanisms could enhance
data integrity and transparency in enterprise analytics platforms. Mobile application
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support and multilingual interfaces can also be introduced to improve accessibility for
global users.

Overall, these future enhancements will strengthen the capabilities of the COGNIX
platform and enable organizations to achieve more efficient, secure, and intelligent
business automation solutions.

References

1. J. Bobadilla, F. Ortega, A. Hernando, and A. Gutiérrez, “Recommender systems
survey,” Knowledge-Based Systems, vol. 46, pp. 109-132, 2013.

2. X. Suand T. M. Khoshgoftaar, “A survey of collaborative filtering techniques,”
Advances in Artificial Intelligence, vol. 2009, pp. 1-19, 20009.

3. G. Adomavicius and A. Tuzhilin, “Toward the next generation of recommender
systems,” IEEE Transactions on Knowledge and Data Engineering, vol. 17, no. 6,
pp. 734-749, 2005.

4. Y. Koren, R. Bell, and C. Volinsky, “Matrix factorization techniques for recom-
mender systems,” IEEE Computer, vol. 42, no. 8, pp. 30-37, 2009.

5. F. Ricci, L. Rokach, and B. Shapira, Recommender Systems Handbook. New
York, NY, USA: Springer, 2015.

6. C. C. Aggarwal, Recommender Systems: The Textbook. Cham, Switzerland:
Springer, 2016.

7. J. Herlocker, J. Konstan, L. Terveen, and J. Riedl, “Evaluating collaborative filter-
ing recommender systems,” ACM Transactions on Information Systems, vol. 22,
no. 1, pp. 5-53, 2004.

8. B. Sarwar, G. Karypis, J. Konstan, and J. Riedl, “Item-based collaborative filtering
recommendation algorithms,” in Proc. WWW Conf., 2001, pp. 285-295.

9. R. Burke, “Hybrid recommender systems: Survey and experiments,” User Model-
ing and User-Adapted Interaction, vol. 12, no. 4, pp. 331-370, 2002.

10. P. Resnick and H. Varian, “Recommender systems,” Communications of the
ACM, vol. 40, no. 3, pp. 56-58, 1997.

11. J. B. Schafer, D. Frankowski, J. Herlocker, and S. Sen, “Collaborative filtering
recommender systems,” in The Adaptive Web, Springer, 2007, pp. 291-324.

12. S. Rendle, C. Freudenthaler, Z. Gantner, and L. Schmidt-Thieme, “BPR: Bayesian
personalized ranking from implicit feedback,” in Proc. Conf. Uncertainty in Arti-
ficial Intelligence, 2009.

13. H. Ma, H. Yang, M. R. Lyu, and I. King, “SoRec: Social recommendation using
probabilistic matrix factorization,” in Proc. ACM CIKM, 2008.

14. X. He et al., “Neural collaborative filtering,” in Proc. International World Wide
Web Conf., 2017.

15. J. Tang, J. Sun, C. Wang, and Z. Yang, “Social influence analysis in large-scale
networks,” IEEE Transactions on Knowledge and Data Engineering, vol. 24, no.
12, pp. 1-14, 2012.

16. M. Pazzani and D. Billsus, “Content-based recommendation systems,” in The
Adaptive Web, Springer, 2007, pp. 325-341.

17. D.Jannach, M. Zanker, A. Felfernig, and G. Friedrich, Recommender Systems: An
Introduction. Cambridge, U.K.: Cambridge University Press, 2010.

11



International Journal of Computational Research in Science and Technology
@ E-ISSN: 3108-0871, Volume 2 Issue 2
Mar-Apr 2026, PP 46-62

18. C. Desrosiers and G. Karypis, “A comprehensive survey of neighborhood-based
recommendation methods,” in Recommender Systems Handbook, Springer, 2011.

19. L. Candillier, F. Meyer, and F. Fessant, “Designing specific weighted similarity
measures,” in Proc. IEEE Int. Conf. Data Mining, 2007.

20. Y. Wang and X. Zhang, “Distributed recommender for peer-to-peer knowledge
sharing,” Information Sciences, vol. 180, no. 18, pp. 35463561, 2010.

21. H. Khosravi, K. Cooper, and K. Kitto, “RiPLE: Recommendation in peer-learning
environments based on knowledge gaps and interests,” Journal of Educational Data
Mining, vol. 9, no. 1, pp. 42-67, 2017.

22. H. Khosravi, K. Kitto, and J. Williams, “RiPPLE: A crowdsourced adaptive plat-
form for recommendation of learning activities,” 2019.

23. L. Wu, P. Sun, Y. Fu, R. Hong, X. Wang, and M. Wang, “A neural influence dif-
fusion model for social recommendation,” 2019.

24. V. N. Marivate, G. Ssali, and T. Marwala, “An intelligent multi-agent recom-
mender system for human capacity building,” 2008.

25. Z. Shi, J. Zhang, J. Yue, and X. Yang, “A cognitive model for multi-agent collab-
oration,” International Journal of Intelligence Science, vol. 4, pp. 1-6, 2014.

26. H. Yang, L. Lin, Y. She, X. Liao, J. Wang, R. Zhang, Y. Mo, and C. D. Wang,
“FinRobot: Generative business process Al agents for enterprise resource planning
in finance,” 2025.

27. M. Azarijafari, L. Mich, and M. Missikoff, “An agentic Al for a new paradigm in
business process development,” 2025.

28. S. Sun, J. Li, Y. Dong, H. Liu, C. Xu, F. Li, and Q. Liu, “Multi-agent application
system in office collaboration scenarios,” 2025.

29. J. Spieser, A. Balapour, J. Meller, K. C. Patra, and B. Shamsaei, “A review of
multi-agent Al systems for biological and clinical data analysis,” Methods and Pro-
tocols, vol. 9, no. 2, 2026.

30. L. Hughes and Y. K. Dwivedi, “Al agents and agentic systems: A multi-expert
analysis,” Journal of Computer Information Systems, 2025.

31. C.Li, “Development of Al multi-agent frameworks for financial services,” Journal
of Industrial Engineering and Applied Science, 2024.

32. A.R. Bairi, D. Das, and A. Anbalagan, “Chaining Al agents in PaaS architectures
for multi-step workflow automation,” Journal of Computational Intelligence and
Robotics, 2023.

33. G. Vijayaraghavan, P. Jayachandran, A. Murthy, S. Govindan, and V. Subrama-
nian, “Multi-agent models of organizational intelligence,” 2026.

34. T.J. Zhang, Y. Yang, Y. Huang, S. Lu, B. Schélkopf, and Z. Jin, “Collective in-
telligence: Multi-agent systems for Al-driven discovery,” 2025.

12



