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Abstract: This study demonstrates human-in-the-loop agentic AI workflows for making operational decisions using an 

organized Python-based analytical approach within this enterprise. The study examines the enhancement of decision-making 

processes by combining the capabilities of AI agents with human supervision in terms of accuracy, productivity and trust. The 

data from the enterprise has been pre-processed, visualized and analyzed by applying machine learning methods. Two models 

are employed: Logistic Regression and Random Forest, with observed better performance being achieved for Random Forest 

in dealing with a complex relationship. The result shows that hybrid systems (AI/Human) achieve higher reliability and 

interpretability compared with fully-automated systems. This study emphasizes the significance of Explainable (XAI) and 

Regulated (Injection Deception) Artificial Intelligence (AI) in the enterprise. 
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I. Introduction 

Background  

The use of artificial intelligence systems in the 

enterprise world is becoming common to facilitate 

operational decisions. Independent agents AI 

workflows or agentic workflows, in which 

autonomous agents do work and make decisions, are 

changing how organizations process information, 

optimize processes, and react to changing business 

environments. Autopilot systems are frequently not 

transparent, accountable, and lacking contextual 

awareness. Consequently, human in the loop (HITL) 

methods are becoming increasingly significant to 

ensure that the critical decisions being made are still 

in line with the organizational objectives.  

Problem Statement  

Although agentic systems of AI are growing more 

advanced, numerous enterprise decision-making 

still fall into the issue of error due to over-

automation and poorly supervised humans. 

Independent agents can be less than optimal or 

biased in their performance where they lack context 

understanding or ethical reasoning [1]. This poses a 

hole in the development of engineered hybrid 

workflows to successfully fuse human judgment and 

automation based on AI [2]. Thus, human-in-the-

loop agentic workflows, which would improve 

decision accuracy, transparency, as well as 

operational reliability, need to be developed and 

evaluated. 

Aim and Objectives 

This research aims to design and explore the human-

managed agentic AI processes to enhance enterprise 

decision-making in operations by analyzing data and 

simulating with Python. 

Objectives: 

➔ To review available agentic AI processes 

of enterprise decision systems. 

➔ To create a human-in-the-loop model of 

guided AI decisions processes. 

➔ To introduce Python based simulation in 

evaluation of agent and human decisions. 

➔ To measure the impact of hybrid workflow 

on accuracy and operational efficiency. 

Novel Contribution  

This work provides a formalized human-centric 

agentic workflow framework execution model, 

enabling human control as AI-based enterprise 

decision engines. The proposed approach brings on 

board the controlled intervention points, which not 

only verifies human judgment in regards to AI-

generated judgments but also modifies it. In contrast 

to fully autonomous or entirely manual systems [3]. 
Independent Researcher, USA. 
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The innovation is that agentic AI simulation is 

combined with human decision checkpoints carried 

out by analytical modelling in Python. 

II. Related Work 

Agentic AI Systems: Enterprise Decision-Making 

 

Fig.1: Agentic AI Systems: Enterprise Decision-

Making 

The agentic AI systems are independent 

computational systems that have the ability to 

perceive the environment, reasoning on input, and 

taking actions with minimal human oversight [4]. 

They are becoming used in other areas like the ward-

off chain optimization, foresightful upkeep, money 

hazard, and buyer operations control in the milieu of 

enterprise operations [5]. Contemporary agentic 

systems frequently integrate machine learning 

models with large language models and rule-based 

reasoning to recreate decision-making processes 

that previously might have been done by human 

beings [6]. Studies have indicated that such systems 

enhance largely faster operational rates, scalability, 

and uniformity in decision making [7]. Nonetheless, 

despite these merits, there are a number of 

drawbacks [8]. Autonomous agents can also make 

decisions that are not contextualized particularly 

where business is dynamic or unclear [9]. A recent 

study highlights those unguided autonomous 

systems do not align with the organizational goals as 

they possess low explain ability and their training 

data has underlying biases.  

Human-in-the-Loop (HITL) AI Frameworks 

 

Fig.2: Human-in-the-Loop (HITL) AI 

Frameworks 

HITL artificial intelligence models combine human 

knowledge with machine learning and automated 

decision models to enhance accuracy, fairness and 

reliability. HITL systems have been broadly applied 

in the sphere of enterprise decision-making where 

solutions involve high-risk and context-based 

decision-making in the sphere of fraud detection, 

medical diagnostics, cybersecurity monitoring, and 

financial forecasting [10]. These frameworks enable 

the human to authenticate, refute, or feed-back the 

AI-generated outputs to form a feedback loop that 

optimizes performance of the model with time [11]. 

Another research study argues that machine learning 

with HITL systems is better with human corrections 

to more iterative training cycles to obtain more 

adaptive and robust models [12]. Nevertheless, other 

restrictions are recognized in literature, too [13]. 

Human participation brings latency, greater 

operational cost and might not be efficient in high-

volume decision making [14]. Also, human 

judgments may not be consistent, and this may 

introduce variability to the system. Regardless of 

these obstacles, HITL is imperative in ensuring 

ethical compliance, transparency, and accountability 

within AI-based systems.  

Agentic Workflow Automation in Business  

 

Fig.3: Agentic Workflow Automation in 

Business 

Agentic workflow automation is the coordination of 

two or more AI agents working to complete complex 

business processes with minimal human assistance 

[15]. These processes duplicate formal enterprise 

processes like procurement, routing customer 

service, inventory control, and financial reporting 

[16]. Agents are usually specialists at a single task 

and the results are sent across the workflow pipeline 

in a sequential or an iterative manner [17]. Recent 

studies suggest that agentic workflow systems have 

a substantial positive effect on the efficiency of 

operations since they minimize manual interaction 
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and provide the ability to execute processes 

uninterrupted [18]. Large language models with 

reinforcement learning have also promoted the 

flexibility of the latter in dynamic environments 

[19]. Nonetheless, there are also risks related to such 

automation, which are also pointed out in literature 

[20]. A significant issue is cascading failure where 

failure by a single agent in the workflow spreads to 

others and causes further errors.  

Explain ability and Governance in AI Systems  

 

Fig.4: Explain ability and Governance in AI 

Systems 

Security, explain ability, and control are the basic 

needs to the effective implementation of AI systems 

in making decisions in the enterprise. Explainable 

AI (XAI) is concerned with methods to interpret 

machine learning models in a manner accessible to 

human users, enabling them to comprehend how and 

why they are made [21]. This is especially so when 

making decisions in an enterprise setting to 

influence financial performance, customer 

satisfaction and regulatory compliance [22]. A study 

indicates that decision-makers tend to rely on AI 

systems when there is the ability to interpret model 

outputs, as well as in the interpretation of decision 

logic [23]. Non-transparent black boxes of advanced 

artificial intelligence, e.g., deep learning models and 

multi-agent frameworks, have been identified, 

though [24]. Government regulations like the NIST 

AI Risk Management Framework and OECD AI 

Principles highlight equality, responsibility, 

disclosure and resilience in the implementation of 

AI [25]. These frameworks suggest introducing a 

mechanism of human control, constant monitoring, 

and risk assessment in AI systems.  

Literature gap  

The existing research studies are primarily dedicated 

to either fully autonomous agentic AI systems, or 

traditional human-in-the-loop systems, in isolation. 

There are limited studies that combine both 

strategies in an overall workflow of enterprise 

systems [26]. Further, the quantitative human-

guided and human-autonomous decision-making 

analysis in actual operation areas of enterprises has 

been lacking in the fields or real data, particularly in 

actual enterprise operation areas where there are 

measurable evaluation metrics that can be used to 

compare. 

III. Methodology 

Research-Design and Approach 

The proposed study uses a mixed approach 

comprising quantitative research design and 

experimental simulation, to examine the concept of 

human-directed agentic AI workflow in enterprise 

decision-making. Its method combines data-driven 

modelling based on Python to examine the 

efficiency of autonomous AI agents in comparison 

to human-in-the-loop (HITL) systems. There is 

utilization of a comparative experimental 

framework wherein machine-based decisions are 

evaluated under varying conditions of operation 

which includes the application on different levels of 

human control [27]. The study is performed in a 

systematic pipeline, which includes data pre-

processing, exploratory data analysis (EDA), and 

feature engineering, the categorization of the 

performance levels, model training, and evaluation 

[28]. The research aims to determine trends in 

operational efficiency, accuracy of decision making 

and measures of trust based on statistical and 

machine learning methods. 

Variables and Data Description 

The dataset in this study is a simulated enterprise 

dataset in the form of a structure with operational 

decision processes and agency AI leadership. It is 

modelled to reflect the real-life enterprise settings 

where AI agents run in tandem with human 

supervision in the business processes that require 

critical decisions [29]. The sample size is sufficient 

to work with 5,500 records and 20 attributes to 

perform a statistical analysis, build a classification 

model and a human-in-the-loop experiment. Each 

record is an enterprise operational case with AI-

based decision-making with different degrees of 

autonomy, complexity, and human oversight. The 

dataset contains main variables including the 

industry type, Organization Size, Leadership 

Function, AI Maturity Level, Agent Type, Use 

Case Area, Agent Autonomy Level, Decision-
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Making Type, Context Awareness Score, Task 

Complexity Level, Human Oversight Level, 

Explain ability Level, Data Privacy Compliance, 

Integration Level, Task Success Rate, Response 

Time, Productivity Improvement Percentage, 

Leadership Trust Score, and Adoption Success 

Level. To assist in interpretability in this study, some 

of the continuous variables properly are retailored 

into categorical levels (Low, Medium, High) with 

the help of quantile-based segmentation: 

𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝐿𝑒𝑣𝑒𝑙 = 𝑄(𝑥, 0.33,0.66)  

Where, x represents the continuous variables. 

Data Preparation  

The data preparation process makes the data 

relevant, reliable, and analyzable. Python functions 

of isnull.sum () were used to test how many missing 

values in the dataset, duplicated.sum () was used to 

test the presence of duplicate records and describe 

was used to understand the statistical distribution. 

The missing values are included with the mean 

imputation (numerical variables) and mode 

imputation (categorical variables): 

𝑥𝑓𝑖𝑙𝑙𝑒𝑑 =  {𝑚𝑒𝑎𝑛(𝑥), 𝑖𝑓 𝑛𝑢𝑚𝑒𝑟𝑖𝑐 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒 

                             

{𝑚𝑜𝑑𝑒(𝑥), 𝑖𝑓 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒 

Analysis revealed that there are no duplicates or 

missing values in the dataset, thus high quality of 

data. Additionally, it identified the outliers-based on 

boxplot visualization through seaborn and 

Interquartile Range (IQR), which revealed that the 

data does not have any major outliers. Thus, the data 

are perfectly consistent, and can be used directly to 

model and analyze. The encoding process is 

mentioned below:  

𝑥′ = 𝑓(𝑥)  

where 𝑓 maps categorical values. 

Exploratory Data Analysis (EDA) 

Exploratory Data Analysis (EDA) is an analysis 

performed to comprehend the form, the distribution 

and relationships within the dataset by means of 

using Python libraries like pandas, matplotlib, and 

seaborn. The first step is to analyze it with summary 

statistics (describe()), and the structure of dataset 

(info()). The data distribution is analyzed with 

visualization techniques like histograms, variability 

and absence of outliers are determined with 

boxplots, categorical variables are compared by bar 

charts, proportional distribution is presented by pie 

charts, and the trends across the levels of AI 

maturity are observed with line graphs [30]. Corr 

analysis with corr() is used to determine the 

relationships between variables such as the success 

of tasks, improvement in productivity, and score of 

leadership trust, which may be utilized in modelling 

through deeper understanding.  

Data Splitting Strategy 

An 80:20 split is made on the dataset into a training 

and testing set: 

𝐷 = 𝐷𝑡𝑟𝑎𝑖𝑛 + 𝐷𝑡𝑒𝑠𝑡  

where: 

● Dtrain=80% 

● Dtest=20% 

This guarantees that models are trained on adequate 

information with the unconditional value of 

evaluation on unknown information. 

Machine Learning Models in use 

The machine learning models are being applied in 

the comparative evaluation of two supervised 

models: 

(1) Logistic Regression Model 

High, Medium and Low performance levels are 

categorical outcomes that are predicted using 

logistic regression. The probability function will be: 

𝑃(𝑦 = 1 ∣ 𝑥) =
1

1 + 𝑒−(𝛽0+𝛽1𝑥)
 

where β0 is intercept and β1 represents feature 

coefficients.  

(2) Random Forest Classifier 

Random Forest is a type of ensemble learning 

technique that enhances the predictive accuracy. It 

builds up several decision trees and compiles 

findings with majority voting: 

𝑦̂ = 𝑚𝑜𝑑𝑒(𝑇1(𝑥), 𝑇2(𝑥), . . . , 𝑇𝑛(𝑥))  

where Tn(x) represents individual decision tree. 

Model Evaluation 

The model is evaluated by the accuracy score, 

precision, recall, F1-score and confusion matrix 

with the implementation of sklearn.metrics in 

Python. These measures evaluate the distance 

performance of Logistic Regression and Random 

Forest model. Findings are contrasted to reveal the 
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performance of models in forecasting the enterprises 

decision outcomes when agentic workflows of AI 

are applied. 

Accuracy Calculation: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Precision Calculation:  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃 

𝑇𝑃 + 𝐹𝑃
 

Recall Calculation:  

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃 

𝑇𝑃 + 𝐹𝑁 
 

F1 Score Calculation:  

𝐹1 = 2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Human-in-the-Loop Simulation Framework 

An artificial HITL mechanism is incorporated into 

the working procedure as AI-produced results are 

verified or corrected according to specified 

benchmarks. Loss of confidence of the model below 

a given level, results in human intervention. This is 

represented as: 

𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  {𝐴𝐼(𝑥), 𝑖𝑓 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 ≥ 𝜃  

                                {𝐻𝑢𝑚𝑎𝑛(𝑥), 𝑖𝑓 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 <

𝜃 

where θ is the confidence threshold 

Ethical Issues and Mitigation  

The current research is characterized by ethical 

issues connected with data privacy, bias in AI-based 

decision-making systems, and transparency of 

decision-making systems. The data is anonymized in 

order to have no personal or sensitive information 

revealed. Mitigation of bias is considered by 

performing balanced pre-processing and assessment 

methods to prevent biased model results. Moreover, 

the human-in-the-loop integration guarantees AI 

course of action accountability and transparency. All 

the ethical AI principles, including fairness, explain 

ability, and responsible data use, are adhered to 

during the analysis. 

IV. System Design 

 

Fig. 5: Architecture Diagram for Human-in-the-

Loop Agentic Workflow system 

The architecture depicts enterprise data processing 

and analysis pipelines using AI models, followed by 

human review and improvement based on feedback 

for reliable operational decisions, which is known as 

Human in the Loop (HiL)-Agentic AI architecture. 

 

Fig. 6: Pseudocode 

The pseudocode represents an agentic AI workflow 

to analyze task data, make predictions, use threshold 

guidance, seek human review, if necessary, revise 

the measure of confidence, and save the final 

business decision in an iterative fashion. 
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V. Implementation 

 

Fig.7: Dataset Sample Overview 

This figure depicts the organization-level attributes 

such as industry, AI maturity and leadership 

function present in this dataset. It is worth the initial 

understanding of ‘Variables' for analyzing agentic 

AI. 

 

Fig. 8: Dataset Information Summary 

This figure represents the metadata around the 

datasets: 20 columns of data with various data types, 

5500 entries. It is used to validate datasets, and 

determine if they are complete and are suitable for 

any machine learning or enterprise decision 

modelling. 

 

Fig.9: Missing Values Analysis 

This figure represents that there are no missing 

values for all attributes. It seems to validate the 

quality of the data sets, guaranteeing no imputation 

bias, and is therefore completely trustworthy for 

forecasting activities making use of AI ALM. 

 

Fig. 10: Data Pre-processing – Missing Value 

Handling 

This figure shows a method of pre-processing that 

involves using mean and mode values. It guarantees 

the accuracy of the model and allows effective 

analysis of the agentic AI workflow, safeguarding 

its numerical consistency and keeping the categories 

stable. 

 

Fig. 11: Categorical Encoding Process 

This is categorical variables' Label Encoding. It 

transforms the information found in attributes text-

oriented information to numbers, so that machine 

learning models are able to process the information 

found in enterprise decision-making variables. 
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Fig. 12: Train-Test Split and Scaling 

This figure shows data-splitting (80:20) and feature 

scaling (StandardScaler). Normalizes features and 

ensures advantages even in the case of unbalanced 

distribution of train and test samples, improving 

model performance. 

 

Fig.13 : Logistic Regression Model 

This figure shows implementation of Logistic 

Regression model. Should be used to categorize 

enterprise decision outcomes and to establish the 

baseline performance to be compared to agentic AI 

workflows effectiveness. 

 

Fig. 14: Random Forest Classifier Model 

The figure shows training of the Random Forest 

model. It delivers better ensemble learning and 

multiple decision trees to boost the prediction 

accuracy for making decisions in enterprise decision 

making analysis for AI agents. 

VI. Results And Discussion 

Results  

 

Fig. 15: Feature Correlation Heatmap 

This figure depicts the association between 

enterprise aspects like AI maturity, task 

effectiveness and trust score. Positive metrics 

suggest a dependency between AI performance and 

human intervention, with AI features that align with 

human goals or capabilities selected for predictive 

modelling in agentic AI systems. Positive 

relationship shows that there is interdependency 

between AI performance and human oversight, 

which suggests selecting specific features for 

predictive modelling in agentic AI systems based on 

human goals or abilities. 

 

Fig. 16: Distribution of Task Success Rate 

The near normal distribution of the task success rate 

with the majority of tasks achieving good success 

rates between 70-80%. It suggests that AI is 

operating properly across businesses and can help 

ensure the dependability of agentic tasks and 

validate the appropriateness of datasets for 

analyzing AI. 

 

Fig. 17: Productivity Improvement by Human 

Oversight Level 

This boxplot and whisker plot shows that there is a 

correlation between human oversight levels and 

productivity improvement, with medium and high 

human oversight values better. It validates the need 

for human-in-the-loop systems, revealing that with 

greater supervision, AI-powered systems deliver 
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improved operational efficiency and minimize 

performance variations. 

 

Fig. 18: Adoption Success Level Distribution 

This bar chart shows, it can be seen that the number 

of enterprises which have enjoyed high success with 

the adoption of the activities are the majority. It 

suggests high levels of acceptance of agentic AI 

systems, substantiating the realistic use and 

effectiveness of strategies for enterprise 

transformation via AI. 

 

 

Fig. 19: Share of Agent Autonomy Levels 

This pie chart shows the distribution of autonomy as 

a fraction diagram is balanced, in that there are equal 

numbers of agents in the low, medium and high 

categories. It indicates numerous types of 

deployment of autonomy in enterprises in favor of 

the comparative analysis of the effectiveness of 

decision-making. 

 

Fig.20: Logistic Regression Confusion Matrix 

This figure demonstrates the Logistic Regression's 

classification performance – moderate. There are 

some misclassifications between neighboring 

classes, which suggests that linear modelling is 

limited in complexity in enterprise decision patterns 

in AI workflows with agents. 

 

Fig. 21: Random Forest Confusion Matrix 

This figure indicates that the accuracy of 

classification is enhanced in the case of Random 

Forest. Cleaner prediction of more characteristics 

across all classes yields improved insight on non-

linear relations; motivates and defines enterprise-

level AI decision modelling using ensemble 

learning. 
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Model Accur

acy 

Precis

ion 

Rec

all 

F1-

Score 

Logistic 

Regression 

0.84 0.82 0.81 0.81 

Random 

Forest 

0.91 0.90 0.89 0.89 

Table 1: Model Performance Comparison 

Discussion 

The results present the favorable outputs that could 

be achieved when agents and humans collaborate to 

make decisions in enterprises. There are high 

correlations across the board between a company's 

use of AI, successful performance of tasks and 

scores from the trust between companies. Logistic 

regression would be an underdog where there are 

nonlinear relationships and it is this that renders 

Random Forest better. Whether it is the human-in-

the-loop (HWT) intervention or not, it is the 

apparent productivity increase in the context of the 

enterprise industry, not only reduces the number of 

errors but ensures reliable and contextualized 

working decision solutions in addition to 

transparency. 

 

VII. Conclusion And Future Work 

Conclusion  

This research demonstrates that human-in-the-loop 

agentic AI workflows can improve the accuracy of 

enterprise decisions, build trust among enterprises, 

and increase enterprise productivity. Logistic 

regression (LR) is better than random forest (RF) for 

prediction problems. AI agents complemented by 

human oversight ensure accurate, transparent and 

efficient business decision making, enabling 

intelligent enterprise systems more effectively. 

Future Scope  

Further research work can be done by propagating 

this work to include real-time enterprise data along 

with deep learning models for better prediction 

accuracy. Experiments can be conducted with 

advanced reinforcement learning and fully 

autonomous agentic systems. Experiments on 

advanced reinforcement learning and fully-

automated agentic systems can be done. 

Furthermore, AI systems capable of being scaled 

with human-in-the-loop mechanisms and techniques 

with explain ability can improve transparency, 

adaptability, and ethic decision making in complex 

enterprise environment. 
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  C a t e g o r y   L e v e l = Q ( x , 0 . 33 , 0 . 66 )  


  x f i l l e d ​ =   ​ { m e a n ( x ) , ​ i f   n u m e r i c   m i s s i n g   v a l u e


  { m o d e ( x ) ,   i f   c a t e g o r i c a l   m i s s i n g   v a l u e


  x ′ = f ( x )  


    f


  D = D t r a i n ​ + D t e s t ​  


  P ( y = 1 ∣ x ) =  1  1 +   e  − ( 𝛽 0 ​ + 𝛽 1 ​ x ) ​


    y ​ ^ = m o d e ( T 1 ​ ( x ) , T 2 ​ ( x ) , . . . , T n ​ ( x ) )  


  A c c u r a c y =     T P + T N ​  T P + T N + F P + F N


  P r e c i s i o n =     T P ​    T P + F P


  R e c a l l =     T P ​    T P + F N  


  F 1 = 2 ×     P r e c i s i o n × R e c a l l ​    P r e c i s i o n + R e c a l l


  D e c i s i o n =   { A I ( x ) , ​ i f   c o n f i d e n c e   ≥ 𝜃  


  H u m a n ( x ) ,   i f   c o n f i d e n c e < 𝜃 ​

