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Abstract: The human-in-the-loop agentic process of work in enterprise operational decision-making systems in this 

research. To enhance accuracy, reliability, and accountability in the applications of AI, the study will examine the 

advantages and disadvantages of automation, as compared to human supervision. The paper adopts a secondary data-

driven research model to review the literature on the nature of agentic AI systems, how humans interface with these 

systems, and how enterprises make decisions. These results underscore the importance of having human control when 

incorporating it with AI-only solutions, as it boosts the quality of decisions, minimizes errors, and promotes 

accountability. The paper underscores that within the current environment of AI-embedded business operations and 

the digital age, hybrid decision-making approaches are important in the realization of ethical, scalable, and effective 

business operations in any enterprise. 
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I. INTRODUCTION  

Background  

AI agentic workflow within industries is proving to be 

a radical change in the way enterprise operations are 

decided, bringing order to the operations in terms of 

both process simplification and automation of intricate 

jobs. However, in crucial business situations, the 

issues that are oriented towards accountability, 

transparency, and reliability are brought up due to the 

complete freedom of systems [1]. The combination of 

AWS, like with its services, Athena, and Redshift, and 

the integration of humans-in-the-loop 

conceptualization assists in keeping business 

decisions aligned with business goals, ethics, and 

regulations. Incorporating human control, AI-based 

operations can be enabled to make more holistic risk 

decisions and are more flexible to operate in fluid 

operational conditions [2]. The study seeks to 

investigate the issue of balancing and optimization of 

automation/ human intervention at the level of the 

enterprise to enhance more efficient system 

performance without compromising the trust, control 

and cautious utilization of intelligent systems in 

decision-making procedures at the enterprise model. 

Research Aim  

The aim is to examine human-in-the-loop agentic 

workflows, improving enterprise operational decision-

making and governance effectiveness strategies 

models 

Objectives 

● To explore how agentic AI workflows 

integrate human oversight in enterprise 

operational decision-making processes 

● To evaluate the effectiveness of human-in-

the-loop systems in reducing operational 

risks and errors 

● To identify issues and challenges in 

implementing agentic workflows within 

enterprise governance and compliance 

frameworks 

● To recommend strategies for balancing 

automation and human judgment in 

enterprise decision-making systems 

effectively 

Research Questions 

1. How do agentic AI workflows integrate 

human oversight in enterprise operational 

decision-making processes effectively? 

2. How effective are human-in-the-loop 

systems in reducing operational risks and 

errors significantly? 

3. What issues and challenges exist in 

implementing agentic workflows within 

enterprise governance and compliance 

frameworks? 

4. How can organizations balance automation 

and human judgment in enterprise decision-

making systems effectively and sustainably? 

Problem Statement 

More and more frequently, AI is applied in an agentic 

style within enterprise processes to decide on 

operations, yet no frameworks are obvious to balance 

automation and human control [3]. This, of course, 

poses a number of accountabilities, transparency, 

principles of governance and ethics, and concerns the 

trust and the problems as a whole in an organization 

with complicated operational environment today. 

Novel Contribution  
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In the current study, a systematic view is presented on 

one of the elements: human integration in the practice 

facet of agentic processes, with an intention to advance 

a debate on the benefits related to automation and 

monitoring of agentic processes [4]. It brings forward 

governance questions and proposes the improvement 

of decision support processes, thereby making the AI-

infused systems more trusted, accountable and 

efficient. 

Rationale  

Companies are resorting to agentic types of AI 

systems to assist in their operations and the human 

supervision of AI is increasingly becoming necessary 

as it entails accountability. The significance of it is that 

the companies are now even more dependent on AI 

systems to make their decisions, yet require people to 

control them in order to be responsible. The ignorance 

about the advantages of the human-in-the-loop 

systems as far as governance and risk mitigation is 

concerned, is reduced by AI systems [5]. Today 

around the world the AI systems play a vital role in 

ensuring good usage of AI technology in complex 

organizational environments. 

II. LITERATURE REVIEW 

Human-in-the-loop integration in agentic AI 

enterprise decision workflows 

Now more than ever before, human-in-the-loop has 

been identified as a key element to achieve robust 

enterprise decision-making by the agentic AI 

workflow. Human in the loop Systems with 

incorporation Human autonomous AI agents 

collaborate with a human to improve contextual 

understanding and accountability in sensemaking and 

execution [6]. Agentic Systems benefit in terms of 

consequences, rapidity and efficiency, however are 

unable to maintain an interpretable view in complex 

business environments. 

 
Fig 1. Human–AI loop configurations 

Outputs are validated and biases and alignment are 

corrected by human efforts against the objectives of 

the organization. The complete use of this integration 

in a business environment makes it possible to arrive 

at collaborative intelligence, which allows machines to 

work on repetitive tasks and humans to make strategic 

decisions [7]. Nonetheless, the issue of ensuring a 

smooth coordination in applications remains in place, 

as it is challenging due to the nature of workflows and 

the application design. Defining roles, flexibly 

allowing interfaces, and promptly instating the 

feedback loops should be done to support trust in 

operational decision-making frameworks that involve 

AI, across industries. 

Effectiveness of human oversight in reducing 

operational risks  

Human oversight is a key component in minimizing 

operational risks in enterprise systems that are driven 

by AI. Monitors allow automated decision-making and 

detection of irregularities as well as prevention and 

compliance of organizational policies to be ensured 

[8]. Studies have indicated that man is a contributor of 

some of the best risk mitigation in high stakes areas 

such as finances, healthcare and logistics. 

 
Fig 2. Components of AI trustworthiness 

Unless agentic AI systems are managed correctly, they 

may yield biased or incorrect responses, increasing the 

likelihood of mistakes in working. Human validation 

of decisions and contextual reasoning are not possible 

with AI systems [9]. Excessive hand-picking is 

however haphazard and time-consuming. In this way, 

there will be a necessity in balanced supervision 

models in order to maximize risk abatement 

efficiencies and responsiveness. Good governance 

frameworks play an important role in providing 

reliability, accountability, and resilience to AI-

supported enterprise processes. 

Challenges in implementing agentic workflows 

within enterprise governance systems 

A number of control, transparency and integration 

issues prevail regarding deploying agentic workflow 

in enterprise government. Organizations find it hard to 

incorporate an autonomous process of making 

decisions over AI into the existing regulatory and 
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compliance regimes [10]. When AI-generated 

decisions are not interpretable, it becomes challenging 

to audit and keep track of people's accountability. 

 
Fig 3. The Rise of Agentic AI 

Additionally, changes in workflows to accommodate 

human control in automated systems are not 

straightforward and could be a big challenge. Not all 

employees are ready to embrace this and there is lack 

of skills [11]. Applications of AI agents are also 

associated with data privacy and the security of the 

information used. Moreover, one of the lifelong 

problems is the coherence of the decisions made by 

humans and machines [12]. These challenges require 

proper governance structures and controls on the 

existence of clear policies and continued supervision 

of the implementation of agentic workflows in the 

enterprise context. 

Strategies for balancing automation and human 

judgment in enterprises 

The tradeoff between automation and human 

judgment will be required in the enterprise context, 

which will then require the development of hybrid 

decision-making frameworks. These frameworks are 

based on the notion that the machine agents may 

advance to undertake simple tasks and data-intensive 

tasks, whereas human agents make the complex 

decisions [13]. The study insists on the need to have 

mechanisms in which human beings can step in 

whenever the content that AI hands out fall below 

expectations. 

 
Fig 4. Human-Automation Interaction 

More trust and the ability to conduct a better decision 

validation of transparent AI systems require 

transparency. Teaching that workers can do much with 

AI and are experiencing the limitations thereof is also 

beneficial when creating cooperation with AI [14]. 

Also, feedback mechanisms should have been 

provided, in order that the performance of the AI 

models would be constantly refined by the correction 

of humans. There should be clear roles, 

responsibilities and escalation procedures within 

governance policy [15]. Such a fair practice would 

allow a more efficient and effective decision-making 

process, reduce risk, and improve accountability 

throughout the AI-facilitated decision-making process 

at an enterprise, without losing sight of ethics and 

operation. 

Literature Gap 

Though much work has been done on either the AI 

automation or HIL systems there has been little work 

done on integrating both of these aspects as a single 

unit within the agency enterprise processes. Not only 

is the interaction of human autonomy on operational 

decisions in real-time not understood, it is also barely 

understood [16]. Also, a lack of good tests of 

governance models, risk-balancing mechanisms, and 

practices to effectively scale up to different types of 

enterprises and industries is evident. 
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III. METHODOLOGY

 

Fig 5. Research Flow Diagram 

The first step of research is the research planning of 

the problem, aim, and objectives setting to which 

relevant research questions belong. Secondary data 

collection involves reaching out to credible sources 

such as journals, reports, databases and academic 

publications to gather relevant data is the next step. 

Data processing and analysis are carried out after data 

collection using literature screening, coding and theme 

analysis to identify themes and patterns within the 

data. The results are then fed into developing the 

framework, where a conceptual model of human-in-

the-loop agentic workflows is created [17]. This is 

followed by an interpretation of the results by 

comparing the results with existing literature. Lastly, 

conclusions and suggestions for further investigations 

and future development of agentic AI systems are 

made to suggest possible avenues in which future 

research ought to occur in order to help inform 

enterprise decisions. 

A. Data Collection 

Data collection is the first step in the research 

methodology that entails obtaining information from a 

credible academic journal, research paper, industry 

report and from credible online databases when 

applying the relevant data. Data availability is directed 

by its use in agentic communication activities, Human 

in the Loop (HiL) environments and enterprise 

decision making [18]. To ensure the accuracy and 

validity of findings, only recent, quality and reliable 

sources are used. This stage sets the groundwork for 

the study by ensuring that it is based on evidence and 

in line with existing bodies of theory and practice in 

AI for enterprise applications. Selecting data carefully 

will make sure that data remains consistent throughout 

the different phases of the research process, which 

includes doing meaningful analysis. 

B. Data Preprocessing 

Data preprocessing involves refining and organizing 

the collected secondary data to improve its quality and 

usability for analysis. This stage includes removing 

irrelevant, duplicate, or outdated information and 

categorizing the remaining data into key themes such 

as automation, human oversight, governance, risk 

management, and enterprise decision-making [19]. 

The information is structured systematically to ensure 

consistency across sources and to enable easier 

comparison. Preprocessing also involves summarizing 

complex literature into simplified formats without 

losing essential meaning. This step is critical because 

it enhances data reliability and ensures that only 

relevant and high-quality information is used for 

further analysis and interpretation in the research. 

C. Data Analysis 

The data analysis process includes a systematic 

analysis of secondary data in order to gain insight into 

the patterns, relationships and lessons learned about 

agentic workflows and human-in-the-loop decision-

making systems. The thematic analysis approach is 

employed with basic statistical and comparative 

characteristics to support the structuring of the 

findings [20]. The data analysis first starts with data 

summarization, that is, when large sets of data or 

literature results are reduced to measurable indicators. 

The most commonly used equation is the mean or 

average, which is used to determine the average value 

of a quantitative data set: 

𝒙 =
∑ 𝒙𝒊

𝒏
 

where 𝒙 represents the mean value, 𝒙𝒊 represents each 

data point, and n is the total number of observations.  

This can aid in comprehending regular performance 

metrics like effectiveness, risk degree, or choice 

precision within enterprise systems. 

The standard deviation is used to measure the 

variability and consistency of data: 

𝜎 =
∑ (𝒙𝒊 − 𝒙)𝟐

𝒏
 

This equation can be used to determine the difference 

between decisions made by AI systems and human 

interventions and the desired result, which serves as a 

measure of the system's stability and reliability. 

Comparisons with results of human-validated 

decisions are presented as the percentage difference 

between the automated and human decisions. 
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%𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =
|𝐴 − 𝐵|

(𝐴 + 𝐵)/2
× 100 

where A is AI-generated outputs and B is human-

validated outputs. This aids in the assessment of how 

well AI agents are aligned with human oversight in 

decisions. 

 

Additionally, correlations between variables, like 

between automation level and decrease of errors, can 

be studied with correlation analysis: 

𝑟 =
∑ (𝑥 − 𝑥)(𝑦 − 𝑦) 

√∑ (𝑥 − 𝑥)2(𝑦 − 𝑦)2

 

This enables one to assess the extent of the operational 

performance and risk mitigation impact of automation. 

Overall, these tools and equations help to draw a 

structured and quantitative interpretation on secondary 

data and draw reliable conclusions on the effectiveness 

of human-in-the-loop agents in enterprise 

environments. 

D. System Architecture 

 
Fig 6. System Architecture text diagram  

System Architecture is the structured framework in the 

enterprise that integrates human decision-making with 

AI-based agentic workflow. It lays out how 

information "flows" from elements of the system, from 

data input to AI systems, decision-making systems and 

human ones supervising operations. Processes are 

created, automated and managed according to 

architecture to achieve optimal process targets and 

compliance needs. Ethical decision-making with 

strategic trickle-down and human input points towards 

validating AI output, as well as to manage exceptions 

strategically [21]. Enterprise systems are scalable, 

flexible and reliable due to their structured nature. 

Overall, system architecture is a structured way of 

implementing successful human-in-the-loop systems, 

supporting in the process a balance between 

automation and human monitoring and decision 

making. 

E. Ethical considerations 
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Ethical issues are crucial when building and 

implementing enterprise decision-making systems 

using human-in-the-loop agentic workflows. The 

utilization of AI agents raises some concerns regarding 

transparency, prejudice, responsibility, and the 

privacy of data [22]. Explainability of the need to 

make automated decisions is essential to guarantee 

trust and regulatory compliance. Human supervision 

will reduce the bias of algorithms used in the decision-

making process in order to establish fair decisions 

[23]. Companies can protect their information that is 

sensitive to their security through the application of 

safe encryption, safe storage and safe access control. 

The ethical implementation of AI should also comply 

with legal principles such as the GDPR and good 

governance policies [24]. Through responsible 

innovation, ethical standards help create the required 

forms of trust in the stakeholders and sustainable 

enterprise processes with the help of AI without values 

that can be regarded as compromised. 

VI. DATA ANALYSIS 

Explanation of Proposed System Architecture 

 
Fig 7. Proposed System Architecture for Human-

in-the-Loop Agentic Workflow in Enterprise 

Decision-Making 

The architecture of the proposed system shows a 

structured human-in-the-loop agentic workflow for an 

enterprise decision-making framework. It starts with 

integration from various data sources, like enterprise 

databases, cloud systems, and APIs to the data 

ingestion layer. The agentic AI processing layer 

involves understanding what tasks to perform, 

planning the steps to take, doing the tasks, and 

generating the results using intelligent agents [25]. 

The Outputs then go to the Decision Support module 

and are human-validated and overseen for 

recommendations. The outcome of decisions that are 

approved is passed down to the execution stage to 

perform business operations [26]. The whole system is 

continually monitored and feedback is provided for 

further improvement. The security, governance, and 

compliance elements provide transparency, 

accountability, and the ethical use of AI throughout the 

workflow. 

Data Analysis with Performance  

 
Fig 8. AI-only vs HITL Accuracy Summary 

The accuracy of AI-only system is 0.7970 with 

20.30% error rate. Human-in-the-loop (HITL) 

increased the accuracy rate up to 93.68% and the 

number of errors down to 6.32%. Human correction 

significantly improves overall prediction accuracy as 

seen by the fact that the accuracy of the decisions made 

with the AI's predictions alone is 86.02% accurate. 

 
Fig 9. Performance Comparison Dashboard 

The dashboard provides a visual comparison for 

accuracy, error rate, and decision alignment between 

AI models and HITL. Evaluation shows that HITL 

imparts higher accuracy and minimizes errors, as 

indicated by the alignment, meaning that the model 

maintains consistency with AI recommendations, 

further contributing to governance.The evaluation 

proves that HITL offers greater accuracy and 

minimizes errors, whereas alignment means that HITL 

maintains consistency with AI suggestions and 

contributes to governance further. 
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Fig 10. ROC Curve - AI Model 

The ROC curve visualizes the performance of AI 

models, the True Positive Rate (TPR) against the False 

Positive Rate (FPR). A before-human-intervention 

post-hoc assessment of the baseline quality of an AI 

model is given by the Area Under Curve (AUC = 

0.84). 

 
Fig 11. Error Reduction (Improvement) 

The AI-only errors accounted for around 20% of the 

errors, compared to HITL errors around 6.3% which 

shows an increase of 13.98% in errors that are AI-only. 

By manually addressing AI misclassifications, human 

intervention diminishes operational risks and 

improves system reliability, which is valuable in 

enterprise decision-making. 

 
Fig 12. Performance Summary Table 

View of system metrics tabular: accuracy down from 

20.3% to 6.3%, while using only AI increases it to 

79.7% and using HITL increases to 93.7%. Decision 

alignment 86.0% indicates substantial alignment with 

AI with human validation, further confirming the 

effectiveness of HITL system. 

 
Fig 13. Processing Time Comparison: AI vs HITL 

The above-mentioned advantage is the speed at which 

the AI-only system processes the information (~ 0.10-

0.12 sec), thanks to full automation. Human validation 

adds some delay (~0.20 sec) to HITL system, 

indicating trade-off between speed and decision 

quality resulting from human validation in enterprise 

operational workflows. 

Discussion 

The results highlight that in comparison to AI alone 

systems, Enterprise decision-making performance has 

improved from the addition of Human-in-the-Loop 

(HITL) mechanisms. It was found that the model 

without the involvement of AI has a higher error rate 

(20.30), in comparison with HITL model and lower 

error rate (6.32), which indicates greater reliability and 

control of HITL system. Recoded to give an even 

distribution of control over decisions, the percentage 

of aligning the decision at 86.02 instead of 70 showing 

that the human check enhanced AI results without 

losing the consistency of the model. The value 0.84 of 

ROC-AUC means that the AI model would be good in 

predicting results even before any human intervention. 

Moreover, the processing time analysis shows that 

there is a trade-off between speed and accuracy: the 

processing of AI-controlled equates to a short 

processing time but could be inaccurate. The 

processing of HITL is a slight delay due to the 

validation process but with a higher accuracy level and 

reliability [27]. Humans play their responsibility to 

improve the reliability and safety of automated 

decision-making systems by integrating the human-

focused AI systems. AI is a duel that strengthens the 

argument that a hybrid AI-human systems should be 

more suitable when it comes to enterprise governance 

and usage in the context of risk [28]. The findings are 

evaluate human-in-the-loop agentic AI systems, which 

also found that the introduction of human oversight to 

AI systems increased the accuracy of decisions, the 

number of mistakes is reduced and the better the 

governance. This highlights greater dependability, 

morality and efficiency in utilizing hybrid AI-human 



Journal of Computational Analysis and Applications                                                                               VOL. 34, NO. 10, 2025 

                                                                                                                                                           

10.48047/jocaaa.2025.34.10.33 

                                                                                                 537         Sai Viswa Teja Arumilli et al 530-538 
 

operating workflows in the enterprise decision-making 

systems. 

V. CONCLUSION AND FUTURE RESEARCH 

Future Aspects  

In the future, there can be more advanced systems of 

explainable AI. AI adapts autonomously while in 

operation, and AI that codes with autonomous 

governing structuring in the research arena [29]. Being 

transparent, scalable, and decision intelligent will help 

them to achieve more accurate, ethical and efficient 

operations. 

 

Conclusion  

The study results indicated that the human-in-the-loop 

agentic workflow is important to improve enterprise 

decision processes, while balancing automation and 

human effort. The downside to the AAI-only models 

is that they are fast, but the hybrid models are more 

accurate, present fewer risks and provide better 

governance especially important these days for 

businesses. 
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