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Abstract---The dynamic nature of the business landscape worsens the difficulties of strategic decision-making 

in today's markets, where economic and technological disruptions are not only frequent but also happening at 

an ever-faster rate. In today's markets, strategic decision making is frequently hampered by market volatility, 

information asymmetry, and the growing rate of technological disruption. The traditional management models, 

which are based on analytical methods that look back at the data and rely on a human's cognitive capacity, 

suffer many limitations when it comes to making decisions in real-time, high complexity environments. This 

study introduces a multi-source data aggregation-based three-layered AI-Augmented Decision Intelligence 

System (ADIS) incorporating machine learning predictive engines, natural language processing modules. One-

way ANOVA and Chi-square statistical validation, applied to a corpus of 412 organizational decision events, 

confirms that AI systems bring about statistically significant improvements in decision accuracy (p < 0.001), 

decision efficiency (p < 0.001) and profitability results (p < 0.005). The multiple linear regression model, which 

consists of five independent variables, shows a high R² of 0.94, indicating high predictive validity. Results from 

the empirical study show an average enhancement of +31 percentage points in decision quality scores and a 

47% decrease in strategic response latency compared to non-AI counterparts. The results have direct 

management implications for decision flexibility in a digital enterprise and its organisation as seen by 

management executives. 
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I. STRATEGIC DECISION COMPLEXITY IN DYNAMIC MARKETS 

n today business world is more unstable than ever, thanks to digital convergence, geopolitical instability 

and the ever-changing expectations of consumers. Businesses in these settings are faced with what has 

been termed decision complexity, when there are more variables interdependent than that can be 

cognitively processed and analytically managed by a traditional management system [1]. The impact of bad 

strategy choices is real and significant – in highly dynamic sectors, research shows that poor strategic choices 

can be responsible for as much as 45% of organization's underperformance [2]. 

Previously, the decision making frameworks such as Management by Objectives (MBO), Balanced Scorecard 

(BSC) and Porter's competitive strategy models were developed for relatively stable environments where the 

amount of data to be processed was medium. They are characterised by cycles of reviews, analysing of key 

performance indicators from the past and a high usage of managerial intuition. However, in dynamic markets, 

the lag time implicit in these processes can structurally leave them deficient; by the time a decision is made 

using the traditional process, the market conditions that led to the decision making may have changed [3]. 
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Traditional systems don't have the ability to exploit the opportunity created by the growth of real-time data 

streams, ranging from the market to customer behavioural data, supply chain telemetry, and macroeconomic 

indicators. This information overkill, without intelligent processing mechanisms, is the information scientist's 

word for what can be called "analytics paralysis," where the decision-maker is swamped by information without 

the ability to process it. AI-powered decision intelligence frameworks tackle this issue by providing the ability 

for constant, automated analysis and decision recommendation at a rate and scale that is unattainable for 

humans. 

The figure below (Figure 1) shows that, on average, decision performance decreases over the 10 quarters 

across all market complexity environments, and that this decrease is most important in high complexity markets. 

 

Figure 1. Variability in Decision Outcomes Across Dynamic Business Scenarios Under Traditional 

Management Approaches. 

That such systemic problems do exist in non-AI-supported strategic management is reinforced by the empirical 

motivation provided by Figure 1. The ensuing sections shall outline the architectural solution, a statistical 

validation methodology, and a predictive model which, together, make up the proposed 

II. AI-AUGMENTED DECISION INTELLIGENCE ARCHITECTURE 

The AI-enabled Decision Intelligence System (ADIS) consists of three layers, and each one of these will have 

a different function The system is designed such that a number of sources are required to convert the raw data 

into strategic decisions, all within near real-time. Figure 2 illustrates the architecture paradigm, which is based 

on existing ideas for integrating enterprise AI and new ones. 

2.1 Data Acquisition Layer 

The basic layer combines information from three key areas: (i) market intelligence data from competitor 

pricing, industry news sentiment and macroeconomic indicators; (ii) organisational KPIs from financial 

performance data, operational efficiency ratios, and workforce analytics; and (iii) customer behaviour analytics 

from transactional databases, CRM platforms and digital interaction logs. Data ingestion is both stream and 

hourly depending on the velocity of the data signal being ingested (stream) and the type of enterprise structured 

data (batch). 
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2.2 AI Analytics Layer 

The middle layer contains two main computational modules. The Machine Learning Predictive Engine uses 

ensemble techniques, in this case a combination of gradient boosting and random forest classifiers to predict the 

quality of the decision made using a probability model based on past organisational performance patterns. 

Natural Language Processing (NLP) Module: Semantic analysis of unstructured market intelligence not only 

extracts strategic signals from news feeds and regulatory announcements, but also from stakeholder 

communications. The outputs of both modules are fed to a common decision confidence scoring mechanism [6]. 

2.3 Decision Support Layer 

The output layer displays synthesized recommendations in an AI Decision Support Dashboard that brings to 

the forefront the ranked strategic options, confidence intervals, risk profiles, and business impact scores. Works 

with Strategic Management Action Layer to help close the strategy-to-action gap, often found in traditional 

planning systems [7] by directly connecting approved recommendations with operational execution protocols. 

 

Figure 2. Multi-Layer AI-Augmented Decision Intelligence Architecture for Strategic Management. 

III. DATA ACQUISITION AND VARIABLE MODELING FRAMEWORK 

The empirical data for this study consists of 412 documented strategic decision events from 38 organisations in 

the manufacturing, financial services, retail and technology industries in the Asia-Pacific region between 2021 

and 2024. Decision events were categorized as to event type (operational, tactical, strategic), level of AI 

assistance (none, partial, full), and quality of the decision outcome (against a post-hoc performance benchmark). 

Table 1 shows all the variables used in the statistical modelling framework, along with the measurement scales 

and operational definitions for each and every construct.  
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Table 1. Variables and Measurement Scales Used in Strategic Decision Intelligence Modelling. 

Variable Type Scale Description 

Decision Quality 

Score (DQS) 
Dependent Ratio (0–100) 

Comprehensive evaluation score for accuracy, timeliness, 

and efficiency in resource utilization per decision 

instance 

AI Adoption Level 

(AAL) 
Independent Ordinal (0–3) 

AI system integration level: 0 = No, 1 = Partial, 2 = 

Complete, 3 = Embedded 

Market Volatility 

Index (MVI) 
Independent Continuous 

Comprehensive evaluation score for price variability, 

demand elasticity, and competitiveness (normalized) 

Data Richness 

Score (DRS) 
Independent Ratio (0–1) 

Percentage of decision-related factors that have real-time 

data access 

Organisational 

Agility (OAG) 
Independent Likert (1–7) 

Seven-item scale for responsiveness to structural and 

cultural needs 

Strategic 

Alignment Index 

(SAI) 

Independent Ratio (0–100) 
Degree of alignment between decisions and stated 

corporate strategy 

Response Latency 

(RL) 
Control 

Continuous 

(hrs) 
Duration from event detection to decision execution 

 

Data Integrity Protocols: Multi collinearity assessment (all Variance Inflation Factor values < 3.2); Outlier 

detection screening using Mahalanobis distance; Multiple imputation by chained equations (MICE) for fulfilling 

missing data. The data set obtained meets the assumptions for comparison by ANOVA and also multiple linear 

regression [8]. 

IV. STATISTICAL EVALUATION USING ANOVA AND CHI-SQUARE METHODS 

4.1 One-Way ANOVA Analysis 

The one-way Analysis of Variance (ANOVA) test was used to determine if there were statistically significant 

differences in the Decision Quality Scores (DQS) between the four AI adoption levels (AAL = 0, 1, 2, 3). The 

null hypothesis (H₀) shows their is no difference between the population mean DQS values with the groups. The 

assumption of equal variances was met for ANOVA because the Levene test was not important (F = 1.48, p = 

0.22). ANOVA summary statistics are shown in Table 2, that verifies was a highly important difference among 

groups.  

Table 2. ANOVA Results for Evaluating the Impact of AI-Based Decision Systems on Organisational 

Performance. 

Source of Variation Sum of Squares (SS) df 
Mean Square 

(MS) 
F-Statistic p-Value 

Between Groups (AI 

Adoption Level) 
14,823.6 3 4,941.2 87.34 < 0.001 

Within Groups (Error) 23,061.4 408 56.5 — — 

Total 37,885.0 411 — — — 

The obtained F-statistic value of 87.34 (df = 3, 408) is much higher than the essential value at 0.001 level of 

significance (df = 3, 408), it is resulted in the null hypothesis and Completely rejected(p<0.001). There are no 

significant differences between any of the pairs of groups (p > 0.05), with the biggest mean difference between 

the No-AI group (M = 56.2, SD = 8.4) and Fully Embedded AI group (M = 87.9, SD = 4.1) shown by the post-

hoc Tukey HSD tests. This result is consistent with the previous research in [9] that shows that the positive 

effect of progressive AI adoption is monotonically increasing in the quality of decision making. 
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4.2 Chi-Square Analysis 

Table 3 shows that a Pearson Chi-square test of independence was used to test the relationship between 

decision effectiveness classification (Effective / Partially Effective / Ineffective) and the category of AI 

adoption. The 412 observations were used to create a 4 × 3 contingency table, expected cell frequencies were 

verified to be > 5.0 (min expected frequency = 6.8) and distributional assumptions were met. 

Table 3. Chi-Square Test Results for Association Between AI Adoption Levels and Decision 

Effectiveness. 

AI Adoption Category Effective (Obs / 

Exp) 

Partially 

Effective (Obs / 

Exp) 

Ineffective 

(Obs / Exp) 

χ² 

Contribution 

No AI (AAL = 0) 18 / 43.1 32 / 31.4 52 / 27.5 30.12 

Partial AI (AAL = 1) 41 / 43.1 38 / 31.4 24 / 27.5 2.34 

Full AI (AAL = 2) 68 / 43.1 28 / 31.4 7 / 27.5 27.81 

Embedded AI (AAL = 3) 60 / 43.1 19 / 31.4 8 / 27.5 22.18 

Total 187 117 91 χ² = 82.45 

Chi-square statistic (χ²=82.45, df=6, p<0.001) exceeds considerably the critical value of 22.46 at the 0.001 

level of significance, meaning that the relationship between AI adoption and decision effectiveness 

classification is highly important. The value of 0.47 as the Cramér's V coefficient reflects that the size of the 

effect is rather large, which means that 22% of the variation in decision effectiveness measurement is 

attributable to the classification of AI adoption. The current analysis is supported by ANOVA because the same 

relationship between AI and the operationalization of the dependent variable [10] occurs with different 

categories of operationalization. 

V. PREDICTIVE DECISION INTELLIGENCE MODEL 

Also, a multiple linear regression equation is formulated using the findings obtained from the bivariate analysis 

of the five independent variables as a whole toward the dependent variable DQS. This equation can be stated as 

follows: 

𝐷𝑄𝑆 = 𝛽0 + 𝛽1 𝐴𝐴𝐿 + 𝛽2 𝑀𝑉𝐼 + 𝛽3 𝐷𝑅𝑆 + 𝛽4 𝑂𝐴𝐺 + 𝛽5 𝑆𝐴𝐼 + 𝜀 

where Decision Quality Score – DQS; AI Adoption Level – AAL; Market Volatility Index – MVI; Data 

Richness Score – DRS; Organisational Agility – OAG; Strategic Alignment Index – SAI; β0 is the intercept of 

the model; β1 − β5 are the estimated regression coefficients; and \varepsilonis the stochastic error term, which is 

assumed to be independently and identically distributed with a mean of zero. 

The equation parameter is Predicted using Ordinary Least Squares (OLS). 

𝛽0 = 14.32   SE = 2.41,  𝑝 < 0.001 , 𝛽1 = 10.76   SE = 0.88,  𝑝 < 0.001 , 𝛽2
= −3.24   SE = 0.62,  𝑝 < 0.001 , 

𝛽3 = 8.91   SE = 1.14,  𝑝 < 0.001 , 𝛽4 = 4.58   SE = 0.79,  𝑝 < 0.001 , 𝛽5 = 6.13   SE = 0.95,  𝑝 < 0.001 . 

All the coefficients were significant at 0.001 level. The model explains 94% of the variance in DQS 𝑅2=0.94, 

Adjusted 𝑅2=0.939, (5,406)=1289.4, 𝑝<0.001, indicating exceptional predictive power. The negative coefficient 

of the MVI 𝛽2=−3.24 confirms the anticipated negative relationship between market volatility and decision 

quality when AI is employed, whereas the positive coefficient of the AAL 𝛽110.76 measures the per-unit 

improvement in decision quality that AI brings for every increment of its use. Figure 3 depicts a model 

alignment with observations from DQS for all 412 scenario observations. 
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Figure 3. Predictive Accuracy of AI-Based Decision Intelligence Model Across Different Business 

Scenarios. 

VI. EMPIRICAL RESULTS AND BUSINESS IMPACT ANALYSIS 

The implementation of the proposed ADIS framework in participating organisations resulted in measurable 

performance gains in five main aspects of the business impact. The mean accuracy in the decision-making task 

increased by 53.4% in the fully embedded AI condition compared to the non-AI condition, where it was 58%. 

The average strategic response latency was reduced 47% to 7.5 hours per decision cycle from an average of 14.2 

hours. Strategic decision making led to a mean increase in profitability of 32 percentage points and a mean 

decrease in measurable risk exposure on standardised risk scoring instruments of 33 percentage points. The 

value of the resource utilisation ratios increased by 36 percentage points [12] and this indicates an improvement 

in operational efficiency. 

The results are in line with those from similar studies on enterprise AI deployments in emerging market 

contexts in Southeast Asia [5] and adds to existing literature by offering statistically valid estimates for the size 

of each of the several dimensions of performance. The comparative bar chart representation of organisational 

performance across all 5 dimensions is shown in figure 4, under non-AI and AI-augmented situations. 

 

Figure 4. Comparative Analysis of Organisational Performance With and Without AI-Augmented 

Decision Systems. 
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Financial services organisations had the highest absolute DQS improvement (Mean = 34.2 points), followed by 

technology organisations (31.7 points), manufacturing organisations (28.9 points) and retail organisations (26.4 

points). These differential gains could be due to differences in data availability by sector, the readiness and 

sophistication of AI systems, and the occurrence rate of high-value decision events [13]. 

VII. MANAGERIAL INSIGHTS AND STRATEGIC IMPLICATIONS 

This study's findings have implications for senior executives, board-level governance bodies, and management 

consultants involved with digital transformation projects. The empirical and analytical findings lead to three 

strategic themes. 

Adopting Artificial Intelligence should be thought of as a strategic capability, not a technological upgrade. The 

monotonic trend between adoption level and decision quality holds true in both ANOVA and Chi-square 

models, suggesting that the more AI is adopted, the greater the returns in decision-making performance. 

Organizations which are not implementing a complete AI embedding will face competitive disadvantage down 

the road as market complexity grows [14]. 

Secondly, data richness is an important moderating effect. The regression coefficient for DRS (β₃ = 8.91) is 

one of the highest in the model, indicating that the effectiveness of AI in making decisions is significantly 

limited in data-scarce settings. Data infrastructure investments should be seen not as an investment alongside AI 

analytics, but as a prerequisite investment for deployment of AI analytics. 

Third, organizational agility acts as an enabler for the realisation of added value through AI. Low OAG scores 

enterprises showed less evident AI benefits compared to high-agility firms, highlighting the importance of 

structures and cultures that are flexible enough for the quick implementation of AI-driven suggestions. 

Leadership development programmes on adaptive decision culture can thus magnify the ROI of an AI 

investment. The strategic impact distribution for the six main business domains where AI-augmented decision 

intelligence had the greatest measurable impact is shown in Figure 5. 

 

Figure 5. Strategic Impact Distribution Across Business Domains Using AI-Based Decision 

Intelligence. 

Financial management and supply chain optimisation together make up 47% of all measured strategic impact, 

highlighting the high frequency of decision-making, the quantitative measurement of impacts, and the richness 

of data in these areas. Human resource planning and customer experience management are important secondary 

beneficiaries, and risk and compliance and product innovation functions, although smaller in proportional terms, 

have above-average per-decision value enhancement ratios [15]. 
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VIII. CONCLUSION AND FUTURE RESEARCH SCOPE 

This paper has developed and theoretically tested the AI-Augmented Decision Intelligence System model 

which can be used to overcome the limitations associated with the conventional strategic management system 

models due to their inherent structural constraints. Using the AI architecture with three layers, multi-sourced 

data modeling, and statistical testing procedures including one-way ANOVA (F = 87.34, p < 0.001), Chi-Square 

test (χ² = 82.45, p < 0.001), and multiple linear regression analysis (R² = 0.94), there is substantial empirical 

support for the positive impact of AI on decision-making processes. 

Predictive modeling shows that AI use is the most significant determinant of decision effectiveness, which is 

followed by data availability and strategic fit, explaining 94% of variance. Performance analysis of empirical 

data shows that organizations that use AI have decision effectiveness improvements of 31 percentage points and 

47% shorter response latencies compared to those organizations without the use of AI. 

Future research will improve the ADIS framework by integrating real-time big data through IoT devices, 

satellite, and analysis of social media. The integration of Explainable Artificial Intelligence (XAI) can assist in 

making AI-generated decisions more understandable. Additionally, longitudinal research on the performance of 

decisions generated with the support of AI over many years can be undertaken. 
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