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Abstract

Conventional enterprise reporting systems provide valuable 

historical insights, but they are limited in supporting 

predictive and strategic decision-making. This study 

examines the transition from reporting-based analytics to 

AI-driven Decision Intelligence systems that combine 

artificial intelligence, machine learning, and human 

expertise. Using a pragmatist, simulation-based quantitative 

design, the study applies statistical assessment and machine 

learning modelling to evaluate factors influencing intelligent 

decision-making adoption. The results identify AI 

capability, organizational readiness, and human factors as 

key drivers of Decision Intelligence transformation. The 

proposed framework supports evidence-based, adaptive, and 

proactive decision-making for sustainable organizational 

growth. 

Keywords: Artificial Intelligence, Decision Intelligence, Business Intelligence, Machine Learning, Enterprise Analytics, AI 

Adoption, Predictive Decision-Making 

1. Introduction 

Background 

Enterprise analytics has evolved from traditional reporting systems into more advanced Business Intelligence (BI) platforms 

that help organizations interpret data more effectively. However, dashboard-based solutions remain constrained by their 

reliance on historical insights and slower decision-making procedures [1]. Artificial Intelligence (AI), Machine Learning (ML), 

and Decision Intelligence (DI) create opportunities for organizations to move toward predictive and prescriptive decision-

making models. 

 

 
 

Fig 1: Decision Intelligence Model 
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Research Problem 

Most conventional Business Intelligence systems provide 

information about past events but offer limited insight into 

causation, future projections, or recommended actions. Even 

with greater data availability, organizations still struggle to 

convert large volumes of data into timely, strategic, and 

intelligent decisions that support competitive advantage and 

enterprise growth. 

 

Research Aim 

This study explores the role of AI-supported Decision 

Intelligence systems in transforming enterprise decision-

making by addressing the shortcomings of conventional 

business reporting solutions. 

 

Research Objectives 

To critically analyze the weaknesses of conventional 

business reporting and KPI-based decision-making systems. 

To investigate how AI technologies can improve 

intelligence capabilities in enterprise decision-making. 

To analyze organizational, technological, and human factors 

affecting the adoption of AI-supported decision-making 

systems. 

To develop a conceptual framework for AI-enabled 

enterprise Decision Intelligence. 

 

Novel Contribution 

This study contributes an AI-enabled Decision Intelligence 

model that bridges conventional reporting and AI-supported 

decision-making [2]. It offers an organized framework for 

combining AI-driven analytics, contextual reasoning, and 

human expertise so that organizations can make more 

proactive, adaptive, and strategic decisions. 

 

2. Literature Review  

Limitations of Traditional Business Reporting and KPI-

Centric Decision-Making 

 

 
 

Fig 2: Key Performance Indicators (KPIs) for Data-Driven 

Decision Making 

 

Traditional business reporting systems have always served 

to enable organizational decision-making, through 

conversion of operational information into organized 

reports, dashboards and Key Performance Indicators (KPIs) 
[3]. By making the performance trends visible to managers, 

these systems have enhanced the visibility of organizations 

as managers have been able to appraise the past outcomes 
[4]. Their major shortcoming, however, is that they are 

descriptive in nature, simply describing what has already 

happened, instead of giving more valuable information on 

how things work in a causal manner, how things can happen 

in the future, and what they should do [5]. As a result, 

organizations in multi-faceted and dynamic settings are 

increasingly learning that traditional methods of reporting 

are not adequate in giving proactive and strategic decision-

making potentials [6]. The growing amount, speed and 

diversity of enterprise data have further revealed the flaws 

of decision-making following a dashboard method [7]. Even 

though Business Intelligence (BI) systems facilitate easy 

access to data, they tend to use people as the interpretation 

engines which introduces delays between the information 

production and decision-making [8]. Thus, businesses need 

more advanced analytical strategies that can incorporate 

predictive analysis, contextual inferencing and automated 

suggestions [9]. 

 

Role of Artificial Intelligence in Enhancing Enterprise 

Decision Intelligence Capabilities 

 

 
 

Fig 3: Role of Artificial Intelligence in Enterprise Drives Business 

Growth 

 

Artificial Intelligence (AI) has become a radical technology, 

capable of helping organizations to evolve past conventional 

reporting to the next stage of higher-level Decision 

Intelligence (DI) [10]. Applications of AI-powered systems 

combine the ideas of Machine Learning (ML), Natural 

Language Processing (NLP), Generative AI, and predictive 

analytics to uncover concealed behaviors, predict the future, 

and offer evidence-based suggestions [11]. In contrast to the 

traditional BI systems, AI-based decisions intelligence 

unites information analysis with decision-making abilities 

which enables organizations to make quicker and smarter 

strategic choices [12]. Machine Learning algorithms bring 

more intelligence to the decision-making process by 

continually learning with previous and real-time data as it 

goes to enhance both the accuracy of its forecasts and its 

efficiency in operation [13]. Likewise, a Generative AI 

provides the opportunity to engage in a conversation with 

enterprise data, allowing decision-makers to receive 

contextual insights, without having to employ technical 

analytical skills only [14]. Nonetheless, the implementation of 

AI involves more than technological ability and 

organizations need to establish the relevant data 

infrastructure, governance solutions, and human skills [15]. 
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Organizational, Technological, and Human Factors 

Influencing AI Adoption 

 

 
 

Fig 4: Contributing factors to the adoption of artificial intelligence 

 

Technological, organizational, and human aspects of 

decision intelligence are closely interconnected and shape 

the adoption of AI-driven decision systems [16]. 

Technologically, data quality, system integration, 

cybersecurity, and algorithmic transparency influence the 

functionality of AI usage [17]. Successful implementation 

also depends on organizational factors such as leadership 

commitment, strategic alignment, investment capacity, and a 

culture of innovation [18]. In addition, human factors such as 

employee trust, digital competencies, change resistance, and 

AI acceptance remain important adoption challenges [19]. 

The human-AI collaboration perspective emphasizes that AI 

is not intended to replace managerial judgement, but to 

complement decision-making through analytical support [20]. 

Therefore, organizations need responsible AI practices that 

support explainable, accountable, and ethical intelligent 

systems [21]. 

 

AI-Enabled Enterprise Decision Intelligence Framework 

Development 

 

 
 

Fig 5: AI-Enabled Enterprise Decision Intelligence Framework 

 

The literature indicates the need for a comprehensive 

framework that links technology capabilities, organizational 

preparedness, and human decision-making processes [22]. An 

AI-based Decision Intelligence model should include data 

management, AI analytics, contextual information, 

governance, and human oversight to support adaptive 

decisions [23]. With such a framework, enterprises can evolve 

beyond reactive reporting systems toward proactive, 

intelligent, and continuously improving decision ecosystems 
[24]. This study addresses this gap by creating an explanatory 

conceptual model for applying AI to improve enterprise 

decision quality and support long-term sustainable growth 
[25]. 

 
Table 1: Comparative Analysis of AI-Enabled Decision Intelligence Approaches for Enterprise Decision-Making 

 

Approach Model / Equation Inputs Advantages Limitations Applicability Effectiveness 

Traditional 

reporting 
R = historical data Reports, KPIs Simple monitoring 

Reactive; limited 

prediction 
Basic monitoring Low 

Business 

Intelligence (BI) 

BI = data + 

visualization 

Dashboards, 

KPIs 
Improves visibility 

Needs human 

interpretation 
Operational support Moderate 

Predictive analytics Y = f(X) 
Historical 

variables 
Forecasts outcomes 

Depends on data 

quality 

Planning and 

forecasting 

Moderate-

High 

ML decision models Y = f(X,θ) 
Features, 

algorithms 
Finds complex patterns Model complexity 

Enterprise 

prediction 
High 

Logistic Regression P(Y=1) Input variables 
Interpretable 

probabilities 

Limited nonlinear 

detection 

AI adoption 

prediction 
High 

Random Forest Ensemble trees Trees, features 
Robust nonlinear 

modeling 

Computational 

complexity 
Classification tasks High 

XGBoost Boosted trees 
Learning rate, 

trees 

High predictive 

accuracy 
Requires tuning 

Advanced DI 

systems 
Very High 

Human-AI 

collaboration 

AI insight + 

judgment 

AI outputs, 

expertise 

Blends analytics and 

expertise 

Needs trust and 

adaptation 
Strategic decisions High 

AI DI framework 
DI = f(AIC, OR, 

HF) 

AI, org, human 

factors 

Integrates tech-org-

human factors 
Requires evaluation 

Enterprise 

transformation 
Very High 

Explainable AI 
Prediction + 

explanation 

Feature 

importance 
Improves transparency Extra processing AI governance High 
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Literature Gap 

Existing literature extensively examines Business 

Intelligence, AI adoption, and analytics capabilities 

separately, but fewer studies integrate them through the lens 

of AI-enabled Decision Intelligence [26]. Current research 

also lacks detailed models explaining how technological 

capabilities, organizational preparedness, and human factors 

collectively support the transition from conventional 

reporting systems to intelligent, adaptive, and strategic 

enterprise decision-making ecosystems [27]. 

 

3. Research Methodology 

Research Philosophy 

This study follows a pragmatist philosophy because it 

combines technological, organizational, and human 

perspectives in AI-based Decision Intelligence research [28]. 

Pragmatism is suitable because the study connects 

theoretical knowledge with simulation-based quantitative 

analysis. This approach enables assessment of how AI 

capabilities, organizational preparedness, and decision-

making practices jointly influence enterprise transformation. 

 

Research Approach 

A deductive research approach is used to examine theories 

related to Business Intelligence, Artificial Intelligence 

adoption, and Decision Intelligence transformation. This 

approach supports the testing of theoretical assumptions and 

the development of conceptual models by measuring 

relationships between AI capabilities, organizational factors, 

and enterprise decision outcomes [29]. 

 

Simulation-Based Quantitative Research Design 

This study uses a quantitative, simulation-based research 

design to evaluate the AI-enabled Decision Intelligence 

framework. It examines the relationships among AI 

capability, organizational preparedness, human factors, and 

adoption outcomes through statistical analysis and machine 

learning methods. The method provides a controlled proof-

of-concept before real-world organizational validation. 

 

Data Description 

This research is based on a simulated enterprise dataset with 

1,000 observations, built from patterns described in AI 

adoption and enterprise decision-making literature. The 

dataset includes AI capability, organizational readiness, 

human factors, technological infrastructure, Decision 

Intelligence capability, and AI adoption success [30]. It 

enables proof-of-concept testing of predictive relationships 

prior to real-world organizational validation. 

 

Data Analysis 

The gathered data is analyzed through statistical and 

machine learning methods. Regression and factor analysis 

are used in the quantitative analysis to determine 

relationships between variables. The association between 

Decision Intelligence capability and the selected factors can 

be represented as: 

 

  
 

Where DI represents Decision Intelligence capability, AIC 

represents AI capability, OR represents organizational 

readiness, HF represents human factors, β represents 

regression coefficients, and ε represents the error term. 

Correlation analysis is used to assess the strength of 

independent and dependent variables. 

 

  
 

X represents the influencing factors, r represents the strength 

of correlation, and Y represents Decision Intelligence 

outcomes. 

The coefficient of determination is used to determine the 

significance of regressions: 

 

  
 

Where R² represents the proportion of variance in Decision 

Intelligence outcomes explained by AI capability, 

organizational readiness, and human factors. 

For predictive evaluation, selected machine learning models, 

including Logistic Regression, Random Forest, and 

XGBoost, are used. Logistic Regression estimates the 

likelihood of successful AI-driven decision adoption: 

 

  
 

P(Y=1) represents the probability of adoption, and Xn 

represents the influencing variables. 

Random Forest performance is determined by aggregating 

multiple decision trees: 

 

  
 

Where T denotes the number of decision trees and hₜ(X) 

denotes individual decision-tree predictions. 

XGBoost optimizes predictive performance through 

sequential boosting: 

 

  
 

Fm(x) represents the updated prediction model, η represents 

the learning rate, and hₘ(x) represents the additional 

decision tree. 

Accuracy, precision, recall, and F1-score are used to assess 

model performance: 

 

  
 

  
 

  
 

  
 

In this, TP is true positive, FP is false positive, TN is the 

true negative and the FN is the false negative.  

AI Decision Intelligence predictive analytics can be used to 
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assess how well the framework performs and how ready an 

organization is to move from traditional reporting systems 

toward intelligent decision ecosystems. This methodological 

approach creates consistency between theoretical 

development, simulation-based verification, and future 

practical enterprise validation. 

 

Architecture Diagram 

 

 
 

Fig 6: Architecture Diagram 

 

The system architecture framework shows how conventional 

reporting can shift toward AI-driven reasoning through data 

integration, analytics evolution, machine learning, decision 

support, and feedback systems that support intelligent 

enterprise decision-making. 

 

Flowchart 

 

 
 

Fig 7: Flowchart 

 

The flowchart shows how classic reporting can evolve into 

AI-enabled reasoning through data collection, analytics 

evolution, intelligent decision support, actions, outcomes, 

and a feedback loop. 

Pseudocode 

 

 
 

Fig 8: Pseudocode 

 

The pseudocode shows how enterprise data can be 

continuously transformed into intelligent decisions through 

data processing, AI modelling, decision support, 

implementation, and feedback-based improvement. 

 

4. Result and Discussion 

The results below present a proof-of-concept, simulation-

based analysis of the proposed AI-enabled Decision 

Intelligence framework. The findings show that the 

proposed method demonstrates predictive potential under 

controlled dataset conditions; however, they should not be 

interpreted as direct evidence of real-world enterprise AI 

performance. 

 

 
 

Fig 9: Dataset Overview 

 

The initial five observations in the dataset include nine 

analytical variables, such as AI Capability, Organizational 

Readiness, Human Factors, and Decision Intelligence. The 

values range between 49 and 90, and AI Adoption Success 

is represented as a binary classification variable, which 

supports predictive modelling analysis. 

 

 
 

Fig 10: Dataset Structure and Data Quality Assessment 
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The dataset contains 1,000 observations, nine variables, and 

no missing values across the attributes. The independent 

variables are represented as numeric float values, while AI 

Adoption Success is represented as an integer-based 

categorical variable. This confirms the dataset is complete 

and appropriate for statistical computation and machine 

learning analysis. 

 

 
 

Fig 11: Descriptive Statistical Analysis of Variables 

 

The descriptive statistics show that the decision intelligence 

factors have relatively high organizational capability scores. 

AI Capability has a mean of 75.17, while Decision 

Intelligence has a mean of 73.72. The mean probability of 

successful AI adoption is 0.737, indicating that 73.7% of the 

simulated organizations are classified as successful adopters. 

 

 
 

Fig 12: Distribution of AI Capability Score 

 

The histogram shows that AI Capability scores follow an 

approximately normal distribution, with most organizations 

falling between 65 and 85. The mean score is 75.17, 

suggesting a relatively mature level of AI readiness. The 

distribution indicates a balanced AI capability pattern 

without extreme bias. 

 

 
 

Fig 13: Correlation Matrix of Decision Intelligence Variables 

The correlation heat map shows important relationships 

among the Decision Intelligence variables. AI Capability 

and Organizational Readiness both have moderate positive 

relationships with Decision Intelligence at approximately 

0.50. AI Adoption Success is also strongly associated with 

Decision Intelligence (0.73), suggesting that stronger 

intelligence capability is linked to stronger AI 

implementation performance. 

 

 
 

Fig 14: Regression Coefficients Analysis 

 

The regression analysis identifies the key variables 

contributing to Decision Intelligence capability. The highest 

coefficient is attributed to AI Capability (0.3098), followed 

by Organizational Readiness (0.2603) and Human Factors 

(0.1943). With an R² of 0.647, these factors explain 64.7% 

of the variation in Decision Intelligence. 

 

 
 

Fig 15: Relationship Between Factors and Decision Intelligence 

 

The correlation analysis shows the strength of relationships 

between organizational factors and Decision Intelligence 

outcomes. The strongest relationships are observed for AI 

Capability and Organizational Readiness, both around 0.50, 

followed by Human Factors at 0.36. These results suggest 

that intelligent decision transformation is mainly driven by 

technological and organizational capabilities. 

 

 
 

Fig 16: Logistic Regression Model Performance 

 

The Logistic Regression model achieved 85% accuracy, 

87.26% precision, 93.20% recall, and a 90.13% F1-score. 

The high recall value suggests that successful AI adoption 

cases are effectively identified, indicating that the model can 

classify enterprises with predictable Decision Intelligence 

adoption patterns. 
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Fig 17: Random Forest Model Performance 

 

The Random Forest model achieved 78% accuracy, 86.16% 

F1-score, and 93.20% recall. Although its accuracy is lower 

than Logistic Regression, its high recall indicates that the 

ensemble model remains useful for identifying organizations 

with successful AI adoption characteristics. 

 

 
 

Fig 18: XGBoost Model Performance 

 

The XGBoost model produced 80.5% accuracy, 84.62% 

precision, 89.80% recall, and an 87.13% F1-score. These 

results show balanced classification potential, although 

additional optimization may improve accuracy in more 

complex enterprise Decision Intelligence scenarios. 

 

 
 

Fig 19: Machine Learning Model Performance Comparison 

 

The comparison shows that Logistic Regression achieved 

the highest accuracy among the tested models at 85%, 

followed by XGBoost at 80.5% and Random Forest at 78%. 

Logistic Regression also achieved the strongest F1-score at 

90.13%, indicating better balance between false positives 

and false negatives when predicting AI adoption. 

 

 
 

Fig 20: Machine Learning Model Performance Comparison 

 

The model comparison shows that Logistic Regression 

delivered the best overall performance, with 85% accuracy, 

87.26% precision, 93.20% recall, and a 90.13% F1-score. 

Random Forest and XGBoost achieved lower accuracy 

values of 78% and 80.5%, respectively, suggesting that 

Logistic Regression was more balanced for this simulated 

prediction task. 

 
 

Fig 21: Feature Importance in AI Decision Intelligence Prediction 

 

The feature importance analysis indicates that 

Organizational Readiness is the strongest predictor (0.25), 

followed by AI Capability (0.23) and Human Factors (0.16). 

These findings suggest that successful AI-enabled Decision 

Intelligence adoption depends heavily on organizational 

readiness, technological capability, and employee-related 

considerations. 

 

 
 

Fig 22: XGBoost Confusion Matrix Analysis 

 

The XGBoost confusion matrix shows strong classification 

performance, with 132 true positives and 29 true negatives. 

The model produced 24 false positives and 15 false 

negatives, indicating relatively good performance in 

identifying successful AI adoption cases while maintaining a 

limited number of classification errors. 

 

 
 

Fig 23: AI Decision Intelligence Maturity Assessment 
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The maturity assessment depicts organizational development 

across five capability levels. 

The maturity evaluation classified 1,000 simulated 

organizations across five maturity levels: Initial, 

Developing, Defined, Advanced, and Optimized. Most 

organizations fall within the Defined and Advanced stages, 

indicating incremental progress toward AI-based decision 

capabilities. Specifically, 10 organizations are in the Initial 

stage, 5 are in the Developing stage, 590 are in the Defined 

stage, 395 are in the Advanced stage, and 0 are in the 

Optimized stage. This distribution suggests that most 

simulated enterprises have moved beyond early AI adoption 

but have not yet reached fully optimized AI-driven decision 

ecosystems. 

 
Table 2: Result Summary 

 

Analysis Key Result 

Dataset 1,000 enterprise records 

Regression R² 0.647 

AI Capability Effect β = 0.310 

Organizational Readiness Effect β = 0.260 

Human Factors Effect β = 0.194 

Highest Correlation DI–AI Adoption (r = 0.73) 

Best ML Model Logistic Regression 

Model Accuracy 85% 

Model F1-score 90.13% 

Top Feature Organizational Readiness (0.25) 

Main Maturity Level Defined (590 organizations) 

 

Discussion 

The simulation results indicate that technological capability, 

organizational preparedness, and human factors are strong 

influencers of AI-based Decision Intelligence 

transformation. Regression analysis shows that AI 

Capability (0.31), Organizational Readiness (0.26), and 

Human Factors (0.19) have positive effects on Decision 

Intelligence outcomes. Logistic Regression achieved the 

best predictive performance, with 85% accuracy and a 

90.13% F1-score, indicating strong predictability of AI 

adoption in the simulated dataset. Feature importance 

analysis identifies Organizational Readiness as the dominant 

factor (0.25), suggesting that successful AI integration 

requires strategic alignment, skilled employees, and 

organizational support. Logistic Regression outperformed 

the other models because the simulated data contains 

structured relationships between the independent variables 

and AI adoption outcomes. The comparatively linear 

relationship among AI Capability, Organizational 

Readiness, Human Factors, and adoption success allowed 

the model to capture decision boundaries effectively. In 

addition, Logistic Regression offers explainability benefits, 

which are especially important in Decision Intelligence 

settings where transparency matters. Although ensemble 

models such as Random Forest and XGBoost can model 

complex nonlinear relationships, their added complexity 

may not improve performance when the dataset contains 

mostly structured and linear predictive signals. 

 

5. Conclusion and Future Direction 

Future Direction 

Future research should validate the proposed AI-enabled 

Decision Intelligence framework using real-world enterprise 

datasets across multiple industries. Further work can also 

examine advanced AI models, autonomous decision agents, 

and explainable AI techniques to strengthen transparency 

and trust. Longitudinal research can evaluate how AI 

maturity changes over time and how those changes affect 

sustainable organizational decision-making performance. 

 

Conclusion 

This study shows that AI-driven Decision Intelligence offers 

a meaningful opportunity to reshape traditional enterprise 

decision-making by moving beyond standard reporting 

toward predictive and adaptive reasoning. The results 

indicate that AI capability, organizational preparedness, and 

human factors are key drivers of Decision Intelligence 

adoption. The proposed framework can help organizations 

shift toward more predictive, adaptive, and strategically 

guided decision ecosystems, supporting long-term 

competitiveness and sustainable growth. 
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