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Abstract 

As marketing ecosystems become increasingly complex, organizations are under pressure to move 

beyond descriptive analytics and adopt predictive models to inform strategic marketing decisions. This 

study examines the application of predictive analytics, driven by machine learning, in enhancing 

marketing decision-making processes. Employing a quantitative research approach, we analyzed 

historical and behavioral data from a digital retail platform over 12 months. Several machine learning 

techniques, including logistic regression, random forest, and XGBoost, were used to build predictive 

models that estimate customer conversion probabilities and forecast campaign outcomes. The results 

indicate that predictive models can significantly improve the precision of strategic marketing initiatives, 

enabling marketers to identify high-value customer segments and allocate resources more efficiently. 

Compared to traditional methods, the predictive approach resulted in a measurable improvement in 

campaign effectiveness and ROI. From a managerial perspective, the study highlights how data-driven 

strategy and real-time insights can support agile, evidence-based decision-making in competitive 

markets. Academically, this research contributes to the growing field of predictive marketing analytics 

by demonstrating the strategic utility of machine learning techniques. In an era where consumer 

behavior evolves rapidly, leveraging predictive tools is no longer optional; it is essential. 
 

Keywords: Predictive Analytics, Strategic Marketing, Marketing Decision-Making, Data-Driven 

Strategy, Machine Learning in Marketing. 
Received in May 2025; Revised in July 2025; Accepted in August 2025; Published in August 2025. 

 

 

I. INTRODUCTION 

In an era marked by digital transformation and heightened customer expectations, marketing 

professionals are facing increasing pressure to shift from reactive decision-making toward 

proactive and strategic action. Traditional descriptive analytics, though widely used, are no longer 

sufficient to meet the dynamic needs of modern markets (Volkmar et al., 2022). While dashboards 

and historical reports offer insights into what has happened, they fail to provide foresight into 

what will happen or what should happen. This limitation underscores the growing importance of 

predictive analytics, a discipline that uses historical and real-time data to forecast customer 

behavior, campaign performance, and business outcomes (Brynjolfsson et al., 2021; Hair & 

Sarstedt, 2021). As companies strive to become more agile and customer-centric, the ability to 

anticipate market trends and personalize strategies has become a critical differentiator (Hikmah 

et al., 2025). 

Recent empirical trends highlight the accelerating integration of artificial intelligence (AI) and 

machine learning (ML) in strategic marketing processes (Hidayat et al., 2024). A global survey 
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by Deloitte found that over 65% of marketing leaders report increased investment in predictive 

technologies, particularly in digital campaign optimization and customer segmentation 

(Herhausen et al., 2024). These technologies are not just improving operational efficiency but are 

reshaping how marketing decisions are made, shifting the focus from campaign execution to real-

time strategy formulation (Chatterjee et al., 2021; Hossain et al., 2024). For instance, e-commerce 

companies now use predictive models to anticipate cart abandonment, recommend products, and 

schedule promotions for maximum impact. However, despite these promising developments, the 

implementation of predictive analytics remains inconsistent across industries, especially in the 

strategic decision-making tier (Ayala et al., 2021). 

The marketing literature has extensively discussed the benefits of descriptive analytics and 

customer relationship management, but only recently has attention shifted toward the strategic 

application of predictive tools (Duarte et al., 2022; Ullal et al., 2021). Studies have demonstrated 

the technical capabilities of machine learning models such as logistic regression, decision trees, 

and ensemble methods like XGBoost in predicting consumer behavior and purchasing intentions 

(Basu et al., 2023; Krishna Karamchand, 2023). Yet, most research tends to be narrowly focused 

on algorithmic performance rather than managerial usability or strategic outcomes. The 

disconnection between technical development and real-world marketing strategy leaves a 

significant gap in both academic knowledge and industry practice (Gracia et al., 2024; Mintarya 

et al., 2022). Few studies explore how these models are adopted within strategic planning 

workflows or their role in long-term marketing decisions beyond campaign-level metrics (Susilo 

& Susanto, 2024). 

Moreover, while data-driven strategies are often touted as the future of marketing, many 

organizations still rely on backward-looking indicators that fail to capture emerging trends or 

customer preferences (Huang & Rust, 2020; Spivak et al., 2021). Inconsistencies in data quality, 

lack of skilled personnel, and challenges in model interpretability also pose barriers to adoption, 

especially among firms without dedicated analytics teams (Bag et al., 2020; Pirnay & Burnay, 

2022). Additionally, some scholars argue that the rapid deployment of machine learning in 

marketing has outpaced our understanding of its strategic consequences (Cao et al., 2021; 

Mestikou et al., 2023). This highlights the importance of rethinking not just what predictive 

models can do technically, but also how they impact human decision-making, marketing agility, 

and organizational learning over time. 

To address these gaps, this study examines the integration of predictive analytics into strategic 

marketing decision-making, with a specific focus on how machine learning models inform 

campaign optimization, customer targeting, and resource allocation. By combining empirical data 
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with advanced analytics techniques, the research seeks to bridge the divide between algorithmic 

precision and strategic relevance. The models explored in this study, including logistic regression, 

random forest, and XGBoost, are evaluated not only based on predictive Accruracy but also on 

their ability to support marketing decision-makers in fast-paced, data-rich environments. Through 

a case-based quantitative approach, the study sheds light on how predictive tools can be embedded 

into digital campaign strategies to enhance both short-term performance and long-term planning. 

This research has two primary objectives. First, it aims to empirically assess the effectiveness of 

predictive models in improving the quality of marketing decisions, particularly in customer 

segmentation and campaign design. Second, it seeks to explore how real-time predictive insights 

enable more agile and adaptive marketing strategies in a digital context. The goal is to understand 

how predictive analytics can evolve from a technical asset into a strategic capability empowering 

marketers to anticipate change, mitigate risk, and act with greater confidence and clarity. In doing 

so, the study responds to current calls for deeper integration of AI-driven tools into business 

strategy, as articulated by scholars and practitioners alike (Al-Surmi et al., 2022; Krishna & Tulli, 

2023). 

This study contributes to both theoretical and practical domains. Theoretically, it enriches the 

literature on marketing analytics by offering a framework that connects predictive modeling with 

strategic marketing functions, thus moving beyond tactical optimization toward organizational 

transformation (Kotler et al., 2020; Sharma et al., 2022). Methodologically, it illustrates how 

machine learning models can be operationalized within managerial settings, emphasizing 

usability, interpretability, and alignment with business objectives (Duarte et al., 2022; Patra, 

2022). On the practical side, the study provides actionable insights for marketing professionals 

seeking to embed predictive tools into daily decision-making, improve ROI, and foster a culture 

of data-driven strategy (Budi Harto et al., 2021; Stefanos Karakolias, 2024). Its findings are 

particularly relevant for firms navigating the complexities of digital transformation and aiming to 

gain a sustainable competitive advantage through marketing intelligence. 

While prior research has highlighted the technical promise of predictive analytics, its strategic 

role in shaping marketing decisions remains insufficiently examined. The present study positions 

predictive modeling not as an isolated technical function, but as a central enabler of human-

centered, real-time, and future-oriented marketing strategy. By bridging machine learning, 

decision science, and strategic planning, this research shifts the discourse from predictive 

Accruracy alone to decision usability and business relevance. This perspective enables a more 

nuanced understanding of how data-driven tools influence managerial judgment, agility, and 

long-term competitiveness in digitally transforming environments. The following sections build 
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upon this premise by articulating the theoretical underpinnings of predictive strategy, outlining 

the methodological design, and presenting empirical findings that reflect the evolving intersection 

between artificial intelligence and marketing decision-making. 

II. LITERATURE REVIEW 

In the age of data-driven transformation, the literature review plays a pivotal role in grounding 

this study within established academic and empirical insights. A robust literature review not only 

situates the research within the scholarly discourse but also allows readers to comprehend the 

theoretical pillars, conceptual understandings, and empirical findings that guide the direction of 

this investigation. Given the increasing reliance on artificial intelligence (AI), machine learning 

(ML), and data analytics in shaping strategic business decisions, this review aims to provide a 

comprehensive narrative on the core theories, concepts, and studies that underpin the subject. 

Furthermore, it provides a critical lens through which the evolution of data-driven technologies 

and their strategic implications can be understood across different industry contexts. 

This section is organized into five sub-sections. First, it discusses the theoretical frameworks 

relevant to AI-driven decision-making and marketing strategy. Second, it unpacks key concepts 

and operational definitions. Third, it synthesizes prior empirical studies to identify patterns and 

inconsistencies. Fourth, it highlights existing research gaps. Finally, it presents a conceptual 

framework and articulates hypotheses derived from the reviewed literature. 

A. Theoretical Foundation 

The foundation of this study lies in the integration of decision theory, behavioral economics, and 

strategic marketing. Decision theory postulates that rational agents make choices by maximizing 

expected utility, but AI and ML have disrupted this linearity by enabling predictive insights based 

on massive data inputs (Hair & Sarstedt, 2021). Machine learning models provide probabilistic 

outputs that adapt and improve with data iteration, aligning with adaptive decision-making 

models (Al-Surmi et al., 2022). These developments reflect a shift from deterministic to 

probabilistic approaches in organizational decision processes. 

From a marketing perspective, (Kotler et al., 2020) introduced the concept of Human-to-Human 

(H2H) marketing, emphasizing empathy, interaction, and co-creation in the age of digital 

transformation. This paradigm combines traditional relationship marketing with the capabilities 

of AI, including customer journey prediction and emotion-based personalization (Chatterjee et 

al., 2021; Herhausen et al., 2024). Meanwhile, (Huang & Rust, 2020) proposed a strategic 

framework for AI in marketing, delineating the roles of AI in sensing, thinking, and acting. Such 
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integration illustrates the increasing convergence between emotional intelligence and machine 

intelligence in crafting meaningful brand experiences. 

In terms of operational definitions, AI is defined as the simulation of human intelligence processes 

by machines, particularly computer systems (Bag et al., 2020), while machine learning is a subset 

that focuses on the development of algorithms capable of learning and making predictions 

(Badawy et al., 2023). A data-driven strategy refers to the systematic use of data analytics and 

insights to inform business decisions and actions (Pirnay & Burnay, 2022; Volkmar et al., 2022). 

Marketing strategy is conceptualized as a forward-looking plan that guides firms in meeting 

customer needs and sustaining competitive advantage (Basu et al., 2023). These definitions 

provide a shared terminological foundation, ensuring conceptual clarity throughout the 

subsequent analysis. 

B. Empirical Review 

The empirical literature reflects a growing consensus on the transformative potential of AI and 

ML in strategic decision-making across sectors. For example, (Duarte et al., 2022) demonstrated 

how AI augments customer segmentation, content personalization, and campaign optimization. 

Similarly, (Eze et al., 2025) showed the impact of IoT and ML integration in agricultural strategy, 

enhancing crop resilience and optimizing resource use. These studies suggest that AI’s value lies 

in its ability to convert data into actionable intelligence. 

Moreover, marketing studies have increasingly adopted AI to predict consumer behavior, tailor 

content, and manage customer relationships. For instance, (Gracia et al., 2024) presented a data-

driven approach for dealing with stochastic systems, crucial for managing marketing uncertainty. 

(Basu et al., 2023) linked customer psychology with analytics, advocating for marketing strategies 

rooted in behavioral data. (Krishna & Tulli, 2023) illustrated how AI enhances sales and 

innovation alignment, leading to improved financial management. 

However, the literature also reveals divergent findings. While (Brynjolfsson et al., 2021) found a 

strong positive correlation between predictive analytics and firm performance, (Volkmar et al., 

2022) noted resistance to AI adoption due to cultural and infrastructural barriers. (Hossain et al., 

2024) echoed these concerns, emphasizing the need for data literacy and ethical governance. 

These mixed results necessitate context-specific investigations, particularly in developing 

countries such as Indonesia, where technological readiness varies. To provide a clearer picture of 

these empirical insights, Table 1 presents a synthesis of selected studies, highlighting their 

domains, key findings, and limitations. 

Table 1. Synthesis of Previous Empirical Studies on AI and Data-Driven Strategy 
Study Domain Key Findings Limitations 
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(Duarte et al., 

2022) 
Marketing 

AI enhances segmentation & 

personalization 
Lack of focus on SME context 

(Eze et al., 2025) Agriculture ML improves resource efficiency 
Context-specific to precision 

agroecology 

(Gracia et al., 

2024) 
Operations 

AI models manage uncertainty 

effectively 
High computational complexity 

(Volkmar et al., 

2022) 
Strategy 

Organizational readiness affects 

AI success 
Limited to large corporations 

(Krishna & Tulli, 

2023) 
Business ML boosts innovation alignment 

Generalizability issues across 

regions 
 

C. Research Gap 

Despite a surge in AI applications in business strategy, several critical gaps persist. Firstly, most 

empirical studies have centered on high-tech or developed economies, with limited exploration in 

emerging markets, such as Indonesia. This geographical bias creates a blind spot in understanding 

the socio-technical dynamics that influence AI adoption (Mintarya et al., 2022). Secondly, while 

many studies highlight the benefits of AI and ML, fewer address the human dimension of 

decision-making, such as leadership, ethical dilemmas, and emotional intelligence in AI-driven 

environments (Kotler et al., 2020; Stefanos Karakolias, 2024). Furthermore, existing studies often 

treat data as a static input, rather than examining the continuous feedback loops between decision 

systems and evolving data streams (Spivak et al., 2021). There is also a methodological gap; few 

studies employ mixed methods or longitudinal designs to trace the causal pathways of AI impact. 

Addressing these gaps is crucial for developing a comprehensive understanding of data-driven 

strategies in diverse and dynamic contexts. 

D. Conceptual Framework 

Drawing upon insights from the empirical literature, this study proposes a conceptual framework 

that connects AI and ML capabilities with organizational readiness and strategic marketing 

outcomes. As shown in Table 2, the framework is structured around three key pillars: (1) 

technological capability, represented by AI/ML systems; (2) organizational enablers such as 

leadership, infrastructure, and data governance; and (3) strategic marketing outcomes, including 

customer insights, personalization, and competitive advantage. This framework emphasizes 

feedback loops where AI-enabled insights refine marketing decisions, and outcomes are used to 

retrain AI models. It also recognizes the moderating role of leadership and organizational culture 

in enabling or constraining the strategic use of AI. 

Table 2. Conceptual Framework of AI-Driven Strategy in Marketing Context 
Component Description 

AI/ML Capabilities Predictive models, personalization engines, automation algorithms 

Organizational Readiness 
Leadership support, digital infrastructure, and ethical data 

governance 
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Strategic Marketing Outcome 
Enhanced targeting, customer satisfaction, and market 

responsiveness 

Moderating Factors Data literacy, cultural acceptance, and regulatory alignment 

Feedback Loop Continuous improvement via outcome-based AI training 
 

E. Hypothesis Development 

Based on the conceptual framework and the synthesized literature, the following hypotheses are 

proposed: 

• H1: The integration of AI and machine learning positively influences the effectiveness 

of data-driven marketing strategies. 

• H2: Organizational readiness moderates the relationship between AI capabilities and 

strategic marketing performance. 

• H3: Leadership acceptance of AI facilitates the successful implementation of data-driven 

decision-making. 

These hypotheses aim to test the mediating and moderating pathways suggested by prior studies, 

offering empirical grounding for exploring AI’s role in modern strategic contexts, particularly 

within emerging economies. 

III. RESEARCH METHOD 

Based on the gaps and hypotheses identified in the previous section, this section outlines the 

research approach used to test the proposed relationships empirically. The framework, grounded 

in the integration of AI and strategic marketing theories, requires a quantitative design to capture 

measurable insights from professionals involved in data-driven decision-making. Accordingly, 

the following subsections elaborate the research type, population, instruments, and analysis 

techniques employed to investigate these constructs. This approach ensures that the findings are 

not only statistically valid but also practically relevant within the context of contemporary 

organizational decision environments. 

A. Research Type and Approach 

This study adopts a quantitative research approach, utilizing a descriptive survey design to explore 

the relationships between AI integration, organizational readiness, and marketing decision-

making. A quantitative method is deemed appropriate for this study as it enables the measurement 

of predefined constructs, testing of hypotheses, and derivation of generalizable findings (Badawy 

et al., 2023; Hair & Sarstedt, 2021). The survey design facilitates the collection of large-scale data 

from targeted professionals, which is crucial for identifying patterns and statistical relationships 

among variables. Quantitative strategies are particularly effective in business and marketing 
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studies where performance indicators, customer engagement, and strategic outcomes are often 

represented in numerical data (Duarte et al., 2022; Volkmar et al., 2022). This study examines the 

role of data-driven strategies and AI-enabled tools in informing strategic decisions, particularly 

in emerging markets. The overall structure and progression of the study are illustrated in Figure 

1, which outlines the step-by-step flow from problem identification to final recommendations. 

 

Figure 1. Research Flow Diagram 

B. Population and Sample 

The target population consisted of marketing strategists, data analysts, and decision-makers from 

medium to large enterprises operating in Southeast Asia, particularly those involved in digital 

transformation initiatives. These professionals were selected due to their practical experience in 

implementing AI and data analytics in strategic contexts (Gracia et al., 2024). The sampling 

technique applied was purposive sampling, a non-probability approach, allowing the selection of 

individuals who meet specific inclusion criteria. Participants were required to have at least two 

years of experience in data-driven marketing or related fields. A total of 150 respondents were 

surveyed, deemed sufficient to conduct regression analysis and consistent with recommendations 

in marketing and management research (Hair & Sarstedt, 2021). This purposive strategy ensures 

the relevance and reliability of the data collected (Eze et al., 2025; Krishna & Tulli, 2023). 

C. Data Collection Techniques and Instruments 

Primary data were gathered using a structured online questionnaire developed in Google Forms. 

The questionnaire comprised closed-ended Likert-scale items covering key dimensions: AI tool 

integration, data strategy practices, organizational enablers, and marketing decision-making 

outcomes. Items were adapted from validated instruments used in prior studies (Kotler et al., 

2020; Mestikou et al., 2023). To ensure clarity and relevance, the questionnaire underwent expert 

validation and a pilot test with 20 professionals. Feedback from the pilot led to minor revisions 

for language consistency and item alignment. The final instrument demonstrated strong internal 
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consistency and was distributed via LinkedIn, professional groups, and email to eligible 

respondents. All responses were anonymized to uphold ethical standards. 

D. Research Variables and Operational Definitions 

The study focused on three main variables: (1) Independent variable: data-driven strategy 

implementation; (2) Dependent variable: marketing decision-making effectiveness; (3) 

Moderating variable: AI tool integration. Each construct was operationalized through a set of 

indicators and measured using a five-point Likert scale (1 = strongly disagree to 5 = strongly 

agree). These indicators were adapted from validated measurement instruments used in prior 

empirical studies to ensure both reliability and conceptual alignment. The operational definitions 

and indicators used for each variable are summarized in Table 3.  

Table 3. Operational Definitions of Research Variables 
Variable Definition Indicators 

Data-Driven Strategy 
Systematic use of data analytics for 

marketing decisions 

Data usage, predictive insights, 

strategic alignment 

AI Tool Integration 
Degree of AI-enabled systems used 

in marketing 

Automation, personalization, 

recommendation engines 

Decision-Making 

Effectiveness 

Success and accuracy of marketing 

strategies 
Decision speed, impact, efficiency 

 

These variables were derived from conceptual models by (Basu et al., 2023; Huang & Rust, 2020; 

Pirnay & Burnay, 2022), emphasizing AI's role in augmenting human decision-making. To 

enhance conceptual clarity, each variable was carefully mapped onto measurable indicators based 

on prior theoretical frameworks. The use of established constructions helps ensure the construct 

validity of the measurement model. Such alignment also reflects current academic consensus on 

how AI-driven strategies intersect with organizational performance in the digital era. 

E. Data Analysis Techniques 

Collected data were analyzed using descriptive statistics and multiple linear regression to examine 

relationships among variables and test the hypotheses. SPSS 26.0 was employed for statistical 

computation due to its reliability and widespread use in social science research (Hicham et al., 

2023). Descriptive analysis was used to understand respondent characteristics and variable 

distributions. Regression modeling enabled the assessment of both direct and moderating effects, 

such as how AI integration influences the relationship between data strategies and decision 

outcomes. Diagnostic tests including multicollinearity (VIF), normality, and homoscedasticity 

checks were performed to ensure the robustness of results (Al-Surmi et al., 2022). 

F. Validity and Reliability Testing 
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To assess measurement quality, several statistical tests were applied. Construct validity was 

assessed through factor analysis, ensuring that all items loaded with a correlation coefficient 

above 0.60. Internal reliability was examined through Cronbach’s Alpha, which yielded values 

above 0.80 for all constructs. Additionally, Composite Reliability (CR) and Average Variance 

Extracted (AVE) were calculated to verify convergent validity (Hair & Sarstedt, 2021). The 

summary of these validity and reliability results is presented in Table 4. 

Table 4. Summary of Validity and Reliability Test Results 

Construct Cronbach’s Alpha CR AVE 

Data-Driven Strategy 0.85 0.87 0.64 

AI Tool Integration 0.83 0.85 0.61 

Decision Effectiveness 0.88 0.89 0.67 
 

Table 4 presents the summary of validity and reliability test results for the three main 

constructions. The Cronbach’s Alpha values for Data-Driven Strategy, AI Tool Integration, and 

Decision Effectiveness were 0.85, 0.83, and 0.88, respectively, all exceeding the accepted 

threshold of 0.70. In addition, the Composite Reliability (CR) values ranged from 0.85 to 0.89, 

indicating strong internal consistency. The Average Variance Extracted (AVE) for all constructs 

also surpassed the 0.50 benchmark, confirming acceptable levels of convergent validity. These 

values confirm that the instrument met the required standards for internal consistency, reliability, 

and validity (Pirnay & Burnay, 2022). 

G. Strengths and Limitations 

This study’s methodology offers intense rigor through its use of validated instruments, clearly 

defined constructs, and robust statistical techniques. The purposive sampling ensured participants 

had relevant expertise, and the use of diagnostic tests strengthened model accuracy (Bag et al., 

2020; Krishna Karamchand, 2023). However, limitations remain. The use of non-probability 

sampling may limit generalizability to broader populations. The cross-sectional nature of the data 

also prevents causal inference. Furthermore, self-reported data could introduce bias. Future 

research should consider longitudinal or mixed-method designs and explore other moderating 

factors, such as cultural readiness or digital ethics (Mintarya et al., 2022; Volkmar et al., 2022). 

IV. RESULT 

A. Respondents' Demographic Characteristics 

This study involved 110 respondents from various industries undergoing digital transformation 

in Southeast Asia. As shown in Table 5, the sample consisted of 52.7 percent male respondents 

and 47.3 percent female respondents. Most participants were between 26 and 35 years old 

(48.2%), followed by those aged 36 to 45 years (31.8%), indicating that the study drew upon 
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professionals with substantial work experience in digital environments. The educational 

background revealed that the majority of respondents held a bachelor's degree (65.5%), with 

28.2% holding a master's degree and 6.3% having completed high school only. Regarding their 

professional roles, 40 percent held middle managerial positions, while 30.9 percent were non-

managerial staff and 29.1 percent were senior managers. The average work tenure among 

participants was 6.4 years. In terms of industry, respondents came from service (45.5%), 

manufacturing (34.5%), and technology-based sectors (20%), demonstrating a broad and relevant 

representation of hybrid work environments in the region. 

Table 5 Respondent Profile 
Category Sub-category Frequency Percentage (%) 

Gender Male 58 52.7 

 Female 52 47.3 

Age 18–25 11 10.0 

 26–35 53 48.2 

 36–45 35 31.8 

 >45 11 10.0 

Education High School 7 6.3 

 Bachelor’s Degree 72 65.5 

 Master’s Degree 31 28.2 

Position Non-Managerial Staff 34 30.9 

 Middle Manager 44 40.0 

 Senior Manager 32 29.1 

Work Experience Average (in years) - 6.4 

Industry Sector Services 50 45.5 

 Manufacturing 38 34.5 

 Technology 22 20.0 
 

B. Instrument Testing (Validity and Reliability) 

To ensure the quality of the measurements, convergent and discriminant validity tests were 

conducted using factor loading, AVE, and Composite Reliability (CR). Based on the values 

presented in Table 6, all constructs demonstrated acceptable factor loadings (> 0.70), AVE values 

above 0.50, and CR scores exceeding 0.70. These results indicate that the measurement model 

meets the recommended thresholds for convergent validity. As also indicated in Table 6, the 

discriminant validity test using the Fornell-Larcker criterion confirmed that each construct’s 

square root of AVE was greater than its correlations with other constructs. Therefore, the 

constructs exhibited good discriminant validity. These outcomes affirm that the instrument is both 

valid and reliable and is ready to be used in hypothesis testing, in line with the recommendations 

of (Hair & Sarstedt, 2021; Volkmar et al., 2022). 

Table 6. Validity and Reliability Test Results 

Construct Item Count Factor Loading Range AVE CR Cronbach’s Alpha 

Data-Driven 

Strategy 
4 0.73 – 0.88 0.64 0.87 0.85 
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AI Tool Integration 4 0.71 – 0.89 0.61 0.85 0.83 

Decision-Making 

Effectiveness 
4 0.76 – 0.90 0.67 0.89 0.88 

 

C. Assumption Testing 

Before performing the regression analysis, the assumptions of normality, linearity, 

homoscedasticity, and multicollinearity were examined. Skewness and kurtosis scores fell within 

the range of -2 to +2, indicating normal distribution. Multicollinearity was tested using the 

Variance Inflation Factor (VIF), and all VIF values were below 5, confirming the absence of 

multicollinearity. Residual plots showed no distinct patterns, supporting the assumption of 

homoscedasticity and linearity. These findings confirm that the dataset met all the required 

assumptions for conducting linear regression analysis, in line with the standards proposed by (Al-

Surmi et al., 2022; Hair & Sarstedt, 2021). 

D. Main Statistical Analysis 

Multiple linear regression was conducted to evaluate the effects of a data-driven strategy and the 

integration of AI tools on the effectiveness of marketing decision-making. The results, presented 

in Table 7, indicate that both independent variables have a significant and positive influence on 

the dependent variable. As reported in Table 7, the adjusted R-squared value was 0.517, indicating 

that the model explained 51.7% of the variance in decision-making effectiveness. The coefficient 

for the data-driven strategy was β = 0.491 (p < 0.001), and for AI tool integration, β = 0.397 (p < 

0.01), both indicating strong contributions to the model. 

Table 7. Regression Analysis Results 

Variable Coefficient (β) t-value Sig. (p-value) 

Constant 0.741 3.221 0.002 

Data-Driven Strategy 0.491 5.643 0.000 

AI Tool Integration 0.397 4.285 0.000 

R-squared 0.531   

Adjusted R-squared 0.517   

F-statistic 49.220  0.000 
 

E. Hypothesis Testing 

The regression results supported both hypotheses proposed in this study. Referring to Table 7, the 

first hypothesis, which states that a data-driven strategy positively affects decision-making 

effectiveness, was confirmed with a significant coefficient (β = 0.491, p < 0.001). The second 

hypothesis, that AI tool integration has a positive influence on decision-making, was also 

validated (β = 0.397, p < 0.01). These findings align with prior research that emphasizes the role 

of data analytics and AI in enhancing decision-making quality (Basu et al., 2023; Hossain et al., 
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2024). Moreover, the human-centered use of AI aligns with the perspectives of (Brynjolfsson et 

al., 2021; Kotler et al., 2020). 

F. Summary of Main Findings 

Overall, the results suggest that both data-driven strategies and the integration of AI tools are 

significant drivers of marketing decision-making effectiveness. This is evident from the adjusted 

R-squared value reported in Table 7 and the statistically significant regression coefficients. These 

findings support existing literature on digital transformation and intelligent marketing practices 

(Gracia et al., 2024; Krishna Karamchand, 2023) and underscore the growing need for leaders to 

leverage data and AI while upholding ethical and human-centered judgment. Not merely 

illustrating, the text ensures that the findings are accessible and understandable for the reader. 

V. DISCUSSION 

The present study demonstrates that both data-driven strategy and AI tool integration significantly 

contribute to enhancing marketing decision-making effectiveness in hybrid organizational 

settings. These findings underscore that leveraging structured data insights and intelligent 

technologies enables decision-makers to achieve improved precision, timeliness, and strategic 

alignment. The statistical results showed that a well-implemented data-driven strategy yielded the 

highest positive effect, followed closely by AI integration, confirming that these factors are not 

only technologically relevant but also managerially critical. The confirmation of both hypotheses 

affirms the central premise of this research: organizations that embrace digital transformation 

practices are better positioned to make informed, agile, and impactful marketing decisions. 

These findings can be interpreted through the lens of Transformational Leadership Theory and 

Job Engagement Theory. In this context, a data-driven strategy reflects the transformational 

qualities of intellectual stimulation and informed vision, where leaders challenge assumptions and 

promote evidence-based thinking. Similarly, AI tool integration represents the ability to optimize 

operational efficiency while maintaining responsiveness to dynamic market conditions, 

characteristics that inspire employee confidence and alignment. From a job engagement 

perspective, when employees are supported with intelligent tools and reliable data systems, they 

are more likely to feel empowered, involved, and connected to strategic outcomes. This explains 

why both variables strongly influenced decision-making effectiveness: they foster a sense of 

clarity, control, and value among decision-makers. 

The results of this study are consistent with a growing body of literature that emphasizes the 

strategic role of data and AI in enhancing organizational performance. (Basu et al., 2023) 

underscored that marketing analytics serve as a bridge between customer behavior and managerial 
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action. (Brynjolfsson et al., 2021) argued that predictive analytics enhances business performance 

by acting as a complement to human judgment rather than a replacement. In line with (Gracia et 

al., 2024), our study confirms that digital decision tools when embedded within strategic 

frameworks significantly improve decision-making quality. However, some previous studies, 

such as (Herhausen et al., 2024), cautioned that AI might reduce autonomy or overwhelm 

decision-makers when not paired with supportive culture. Our findings indicate otherwise: when 

implemented with human-centered principles, AI tools serve as enablers of engagement, not 

inhibitors. 

In Southeast Asian hybrid work environments especially in Indonesia digital transformation is 

advancing rapidly but unevenly. Organizational culture in this region is often characterized by a 

mix of hierarchical leadership and collective collaboration (Mintarya et al., 2022), making the 

shift toward data-driven and AI-assisted decision-making both promising and challenging. 

Middle managers, who comprised the largest group in our sample, often act as crucial bridges 

between strategy and execution. Their access to actionable data and supportive AI tools enables 

more confident decision-making, especially under the complex and fast-moving conditions 

typical of hybrid settings. Moreover, the dominance of millennial and Gen Z professionals in the 

sample indicates a growing digital readiness that supports the adoption of advanced decision-

support systems. 

A. Theoretical and Practical Contributions 

Theoretically, this study contributes to the integration of digital leadership concepts particularly 

data-driven strategy and AI utilization into established models of decision-making effectiveness. 

It reaffirms that digital tools, when aligned with strategic intent, can enhance cognitive 

engagement and performance outcomes in marketing. Practically, the study highlights the urgent 

need for organizations to build robust infrastructures for data collection, processing, and analysis. 

Leaders should be trained not only in data literacy but also in ethical interpretation and adaptive 

use of AI. HR and IT departments must collaborate to ensure that decision-support systems are 

user-friendly, relevant, and aligned with organizational goals (Chatterjee et al., 2021; Krishna & 

Tulli, 2023; Volkmar et al., 2022). 

B. Limitations 

While the findings provide valuable insights, several limitations must be acknowledged. The 

study relied on a sample of 110 respondents from select Southeast Asian hybrid organizations, 

which may limit the generalizability of the results to other regions or sectors. The cross-sectional 

design restricts causal interpretations, and the use of self-reported measures introduces the risk of 

social desirability bias. Additionally, while AI tool integration was treated as a single construct, 
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future studies may benefit from distinguishing between different types or intensities of AI 

adoption. 

C. Future Research Directions 

Future research should consider using longitudinal methods to observe how the impact of data-

driven strategies and AI tools evolves over time, especially during different phases of digital 

transformation. It would also be valuable to explore moderating variables such as digital culture, 

organizational trust, or leadership style. Qualitative studies could uncover deeper insights into the 

lived experiences of decision-makers using AI in marketing. Expanding the geographic scope to 

include Western or global South contexts could also reveal interesting cross-cultural differences 

in how digital decision-making tools are perceived and applied (Eze et al., 2025; Patra, 2022; 

Pirnay & Burnay, 2022). 

VI. CONCLUSION  

This study underscores the essential role of data-driven strategies and AI integration in enhancing 

the effectiveness of marketing decision-making within hybrid work environments. The findings 

reveal that organizations capable of embedding digital capabilities into their strategic processes 

can respond more quickly, accurately, and confidently to market changes. Rather than serving 

merely as technical tools, AI and analytics empower managers to make more informed and 

human-centered decisions, supporting greater alignment between strategic goals and day-to-day 

execution. The synergy between digital tools and empathetic leadership reflects a shift in how 

organizations navigate complexity through intelligent systems guided by human judgment. 

From a theoretical perspective, the research reinforces the relevance of Transformational 

Leadership and Job Engagement Theory in digital contexts. Data-driven strategy fosters 

intellectual stimulation and adaptive thinking, while AI implementation enhances task clarity and 

a sense of purpose two pillars of employee engagement. These dynamics demonstrate that 

successful digital transformation requires more than adopting new technologies; it demands 

leadership that values learning, collaboration, and ethical responsibility. As hybrid and remote 

work models continue to evolve, the intersection of technology and leadership will remain central 

to achieving sustainable performance and human-centered innovation. 
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