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 The integration of AI in DM is reshaping strategies to promote sustainability-oriented outcomes. 
AI-powered capabilities, including PA and PS, offer opportunities for firms to improve the MP 
while addressing the environmental responsibilities. This research examines the straight impacts of 
AIA on advertising presentation and examines the part of PA, PS, and SDM as key mechanisms 
through which AI enhances sustainable DM outcomes. A structural method was developed and 
tested using SPSS 26.0 and SmartPLS-SEM 4.0 based on data gathered from 312 marketing 
professionals. AIA was treated as the primary construct, hypothesized to positively influence PA 
and PS, which subsequently enhanced the SDM. The structural method was assessed to test the 
significance of direct relations and assess the explanatory power of the constructs. The analysis 
indicates that the proposed hypotheses were well supported. AIA significantly improved PA (β = 
0.78), PS (β = 0.63), and SDM, enhancing overall marketing outcomes. The results emphasize the 
central role of SDM in leveraging AI insights to enhance campaign effectiveness, customer 
engagement, and brand loyalty in sustainability-focused marketing. This research demonstrates that 
AIA is strategically leveraged to improve MP while advancing environmental responsibility. The 
proposed method offers practical guidance for managers and policymakers aiming to integrate AI 
in sustainable DM, balancing ecological imperatives with competitive growth.  
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1. Introduction 

Marketing refers to the practice of analyzing, planning and delivering value to consumers in a profitable manner. It includes 
the growth of value to the businesses and consumers in products, services as well as communicative activities (Acatrinei et 
al., 2025). The predictable advertising impression has changed into DM, leveraging online platforms, data analytics, and 
interactive tools to engage consumers more effectively and efficiently on a global scale (Admass et al., 2024). Transaction 
administration is a strategic choice making procedure which is made based on the available information and business 
objective. The key processes in marketing decisions are the price setting, communications planning, product and customer 
relationship management positioning among others (Bag et al., 2021). Digital decision making is a practice, but it is conducted 
within a paradigm of adopting digital technologies and resting on the principles of online behavior, social media 
measurements, and predictive strategies that allow, in succession, real time making marketing decisions (Blomster 
and Koivumäki, 2022). Advance in AI transformed digital decision-making into AI-driven tactical decision-making. 
Intelligent AI systems analyze extensive datasets, anticipate client requirements, automate promotional activities, and deliver 
personalized experiences (Boddu et al., 2022; da Silva et al., 2023; Alam & Abunar, 2020). AI supports strategic planning, 
generates predictive insights, targets audience segments, enhances user experiences, and promotes sustainability-oriented 
strategies. Besides promoting sustainability, companies reduce resources and attract eco-conscious consumers by embedding 
sustainable approaches into advertising campaigns and CSR efforts (Forghani et al., 2022). The common AI uses in DM 
include the personalized advertising, optimization of content, customer services bots, predicting trends, and sustainable 
campaigns It also contains chatbots, recommender systems, PA applications and sentiment analysis applications (Gao et al., 
2023). The AIA has a couple of obstacles that are unique in marketing despite its potential to provide enormous promotions. 
The most commonly discussed topics concerning AI in marketing are ethical concerns, the fairness of the algorithm, the 
premise of data quality to automate the marketing tasks, and optimize the marketing tasks (Giannakopoulos et al., 2024). 

Even though AI offers the necessary value, especially streamlining efficacies, automating marketing processes, the 
proportions between AI automation and human decision-making are significant in achieving sustainable, ethical, and efficient 
DM outcomes (Gunduzyeli, 2024). Although AI is possible, the adoption of AI in DM is limited, which restricts the effective 
use of PA, P, and SDM, and limits the long-term MP. The current study evaluates the increase of AIA in the PA, P, and SDM 
to make the sustainable MP better and the mechanism according to which these AI capabilities lead to the improvement of 
the engagement with customers, the effectiveness of the campaigns, and the adherence to the sustainability goals. This study 
provides the practical insights of the marketer and policymaker on the strategic adoption of AI in DM practices to balance 
both competitive expansion and environmental sustainability.  

Research Organization: Section 2 provides the associated research regarding AI in DM. Section 3 illustrates the short 
explanation of the structural procedure. Section 4 represents the outcomes of testing the significance systems. Section 5 is the 
conclusion.  

2. Related work 

The literature identifies that AI and ML imply suggestive effectiveness in the domain of organizations, to better engage and 
decide correctly and present campaigns. Research indicates that there are significant improvements in the customer 
interaction, conversion, and strategic management. However, there are scalability, data integration, secrecy and organizational 
adaptation issues. On the whole, the implementation of AI leads to the tangible progress of marketing performance with the 
applied limitations of implementation. 

2.1 AI adoption (AIA) in Digital Marketing (DM) 

The incorporation of ML, robotics, and AI in was examined, with impact on operations and strategic decisions studied through 
analytical approaches, as discussed by Habbal et al. (2024). It was found that marketing efficiency was improved, the rate of 
engagement grew by 37% and the correctness of decisions by 42%, though it was not as scalable to diverse business processes. 
The research compared the data science systems and methodological strategies within the field of online marketing based on 
analysis of performance measures as discussed by Hussain et al. (2023). It was found that the effectiveness of the campaigns 
grew by 41% and the accuracy of customer engagement grew by 36%; and the interpretation of the methods was also an 
urgent concern. Krabokoukis et al. (2025) developed a combined AI system for information generation and B2B advertising 
management using structural modeling approaches. The results showed that the performance and accuracy of decision-making 
of firms were improved by 36% and 29%, but the adjustment to several organizational conditions remained challenging (Alam, 
M., 2023). 

2.2 Predictive Analytics (PA) and Data-Driven Insights 

A reinforcement learning approach was employed to optimize display advertising click-through rates through experimental 
modeling as demonstrated by Jin et al. (2024). It was found that the rates of clicking on the advertisements increased by 28% 
and the rate of accuracy in the targeting of the advertisements was improved by 22% since it was hard to control the behavior 
of the users on the fly. The research employed a combination of three ML approaches with an AI to simplify marketing tactics 
for food delivery services through PA tools, as illustrated by Kaponis et al. (2025). The results included a 39% increase in 
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customer interaction and 34% growth in conversion rate, and model complexity and cost of computation posed feasibility 
problems. 

2.3 Personalization (PS) in Artificial Intelligent (AI)-Enabled Marketing 

The research analyzed ML to enhance user experience in online marketing by using case-based and trend analysis, as 
demonstrated by Hicham et al. (2023). The results demonstrated a 45% improvement in P effectiveness and a 33% increase 
in customer retention, whereas data heterogeneity and privacy issues limited the general model optimization. The research 
examined how marketing tactics influence purchasing performance of troubled shoppers during online transactions through 
modeling based on rough set theory, as demonstrated by Lessmann et al. (2021). The results showed that purchase intention 
accuracy increased by 38% and behavioural prediction reliability increased by 35%, but uncertainty in data handling was also 
a methodological weakness. The research has optimized multichannel DM with respect to the tourism and hospitality sector 
through big data analytics and performance modeling techniques, as demonstrated by Pascucci et al. (2023). The findings 
demonstrated that customer engagement increased by 42%, conversion efficiency was enhanced by 38%, and data integration 
across numerous channels was one of the main operational issues. The qualitative assessment and capability examination 
methods were utilized to examine the necessary resources, skills, and capabilities for efficient deployment of ML in DM, as 
discussed by Kufile et al. (2022). The findings revealed a 40% increase in the success rates of the research and a 32% 
improvement in the adaptability of the organization, and the skill gaps and data management constraints reduced scalability. 

2.4 Strategic Decision-Making (SDM) and Artificial Intelligent (AI) integration 

A theoretical framework and corresponding evaluation method were designed to utilize AI in guiding marketing decisions, as 
proposed by Korucuk et al. (2022). The outcomes specified that the efficacy of organization increased by 31% and alignment 
of strategy increased by 27%, though there was insufficient application in diverse industries. Campaign effectiveness 
dashboards were created on Table to support decision-making at the Chief Marketing Officer (CMO) level using data 
visualization and performance analytics tools, as described by Martínez-Peláez et al. (2024). The results proved that the 
customer engagement was improved by 42 percent, the conversion efficiency was improved by 38 percent, and the data 
integration between many channels was among the primary areas of operation concern. The methods to be applied in the 
qualitative assessment and capabilities examination were used to analyze the needed resources, skills, and capabilities to 
deploy ML successfully in DM, as Kufile et al. (2022) argue. The results showed that there were 40 percentages of success 
rates increase of the research and a 32 percent increment of the organizations adaptability and the skills gap and limitations 
with data management lowered scalability. 

2.5 Marketing Performance (MP) and Sustainable Outcomes    

Krishen et al. (2021) utilized comparative and appraisal methods to assess how technology contributes to attaining a 
competitive advantage in DM. The findings showed that market reach had increased by 33 points and campaign efficiency 
had increased by 30 points, while integration with legacy systems remained a major limitation. Sakas et al. (2022) conducted 
a quantitative investigation of DM in travel organizations in Greece using survey data. The results showed that the customer 
acquisition rate improved by 35%, the brand visibility increased by 29% and the lack of extensive digital infrastructure limited 
widespread implementations (Alam et al., 20224).        

2.6 Research gap 

Existing research examined AI, ML, and big data in DM (Habbal et al., 2024; Hussain et al., 2023; Sakas et al., 2022), 
enhancing engagement (28-45%) and decision accuracy (22-42%). Nevertheless, the majority concentrated on single methods 
(Jin et al., 2024; Kaponis et al., 2025; Martínez-Peláez et al., 2024) and did not integrate AIA, PA, P, and SDM. The 
applicability in real practice in any industry, scalability, and integration with legacy systems were still limited effects of AIA, 
PA, P, and SDM in MP (Pascucci et al., 2023; Lessmann et al., 2021; Krabokoukis et al., 2025). This research transcends the 
above limitations by combining AIA, PA, P, and SDM into a SmartPLS-SEM method to achieve scalable, sustainable MP. 

2.7 Conceptual Framework and Hypotheses Development 

A model is developed to examine the relationships among AIA, PA, P, SDM, and MP. Figure 1 displays the AIA method for 
SDM and results. The main hypotheses are formulated as follows: 

The adoption of AI improves the analytical capacity of an organization by facilitating automated data processing and modeling 
and strengthening PA, which are crucial in creating accurate and sustainability-focused marketing insights. 

H1: AI adoption (AIA) positively influences Predictive Analytics (PA). 

The application of AI within organizations increases the capacity to process data and provides the possibility to apply 
advanced data analysis approaches (e.g., reinforcement learning, ensemble methods) that directly enhance predictive-analytics 
solutions demanded to make precise marketing forecasts aimed at sustainability (Zaman, 2022). 

H2: AI adoption (AIA) significantly enhances Personalization (PS). 
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Targeting AI-based recommender systems and machine-learning pipelines allow fine-grained consumer-level profiling and 
on-the-fly content modification, enhancing its accuracy in targeting and personalized experience (Ziółkowska., 2021). 

H3: AI adoption (AIA) has a positive and important influence on Strategic Decision-Making (SDM). 

AI applications (dashboards, automated analytics, multi-criteria models) are timely, evidence-based inputs that optimize the 
quality, agility, and alignment of the managerial decision to the sustainability goals. (Evangelista et al., 2023) 

H4: Predictive Analytics (PA) has a positive and important influence on Personalization (PS). 

Predictive models transform behavioural and transactional data into actionable one-on-one customer predictions to drive 
context-aware personalization and better customer response. (Lessmann et al., 2021) 

H5: Predictive Analytics (PA) has a positive and important effect on Strategic Decision-Making (SDM). 

Pattern-detection and forecasts based on PA provide managers with strategic information that is used to distribute resources, 
plot campaigns and implement sustainability-oriented strategies. (Haupt and Lessmann, 2022) 

H6: Predictive Analytics (PA) positively influences marketing outcomes. 

It is proven that PA-driven targeting and campaign optimization enhance engagement, conversion and campaign efficiency 
which are the vital elements of MP (Martínez-Peláez et al., 2023). 

H7: Personalization (PS) has a positive and important impact on Strategic Decision-Making (SDM). 

Personalization data at customer level assists in segmentation and strategic decision making and helps in more accurate and 
customer focused marketing plans (Saheb et al., 2021). 

H8: Personalization (PS) significantly enhances marketing outcomes. 

Individual experiences can improve satisfaction, retention and conversion, which are the direct marketing performance metrics 
(Frempong et al., 2022). 

H9: Strategic Decision-Making (SDM) has a positive and important impact on Marketing Performance (MP). 

Improved SDM-enabled by AI and analytics contributes to accelerated and more alignment-oriented campaigns and 
quantifiable MP benefits (Sakas et al., 2022). 

 
Fig. 1. AI-Driven Decision-Making Method for Organizational Performance 

 

3. Materials and methods 

The research created the impact of AIA on sustainable MP in DM setting. Structured online survey has been used to collect 
data among DM professionals and five latent constructs including AIA, PA, PS, SDM, and MP were addressed. The constructs 
were measured with validated multi-item Likert scales, data were analyzed by SPSS 26.0 to do EFA and SmartPLS 4.0 to 
analyze the data by a PLS-SEM model, reliability, validity, and structural model measurements. The strategy has allowed a 
strict, dependable, and comprehensive evaluation of AI-based strategies to serve sustainability in DM.  

3.1 Data collection 
 

Data was collected via a questionnaire dispatched to the marketing experts operating in sectors that were embracing AI-based 
sustainability initiatives. The selected sampling strategy also guaranteed the selection of the participants with the relevant 
experience in the field of AI-based marketing systems. Following the screening of the responses in relation to completeness 
and consistency, 312 valid responses were maintained among the 400 responses received and used later in analysis. 
 

3.2 Selection criteria 

The respondents were selected based on their active work in the DM world and experience with AI-enabled products. The 
participants had to be employed in the marketing field at the time of questionnaire, knowledgeable in AI applications, and 
open to answer as an informed person. The exclusion criteria removed participants who do not have a direct involvement with 
DM or minimal exposure to AI-based strategies, which guarantees that the data obtained has been germane to the 
comprehension of expertise and other pertinent information to interpret AI utilization and sustainable MP. 
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Table 1  
Demographic Characteristics of Participants Included in the Research 

𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃 𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕𝐕 𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂 𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅 (𝐧𝐧 =  𝟑𝟑𝟑𝟑𝟑𝟑) 𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏𝐏 (%) 

𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆 Male 178 57.1 
Female 134 42.9 

𝐀𝐀𝐀𝐀𝐀𝐀 𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆 (Years)  

21 − 30  96 30.8 
31 − 40  132 42.3 
41 − 50  58 18.6 

Above 50  26 8.3 

𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄 𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐𝐐 

Bachelor’s Degree 118 37.8 
Master’s Degree 142 45.5 

Doctorate 28 9.0 
Others (Diploma/Professional) 24 7.7 

𝐖𝐖𝐖𝐖𝐖𝐖𝐖𝐖 𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄𝐄 (Years) 

Less than 3  64 20.5 
3 − 6  104 33.3 

7− 10  82 26.3 
Above 10  62 19.9 

𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈 𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒 

Retail and E-commerce 76 24.4 
IT 68 21.8 

Banking and Finance 54 17.3 
Advertising and Media 48 15.4 

Other Services 66 21.1 
 

Table 1 presents demographic data of 312 respondents where it was revealed that 57.1% of the respondents were males and 
42.9% were females. The largest number of respondents were aged 31-40 (42.3%), 21-30 (30.8), 41-50 (18.6) and age over 
50 years (8.3). With respect to education, 45.5% of them had master qualifications, 37.8 percent had bachelors’ qualifications, 
9.0 percent had doctorate, and 7.7 percent had other degrees. The industry was 33.3 years 3-6 years and experience was 24.4% 
retail and e-commerce, 21.8% IT, 17.3% banking and finance, 15.4% media and advertising, 21.1% other services.  

3.3 Measurement Instrument 

The measurement tool included five latent measured constructs, which were operationalized with an already proven scale and 
rated on a standard 5-level scale of agreement. The choice of this format was deemed an acceptable trade-off between 
sensitivity of measurements and understanding of the respondents, especially among the managerial and marketing 
practitioners who might not be conversant with AI phenomena. This scale alleviates the cognitive burden, minimizes error in 
random sampling and optimizes uniformity of one response. 

• AI adoption (AIA): The AIA is measured with the help of the indicators of technological capability, algorithm 
integration, and the readiness of the organization. 

• Predictive Analytics (PA): This is embodied in the variables, which refer to the data-driven prediction, trend 
analysis, and pattern identification. 

• Personalization (PS): It is measured against the characteristics of individualized marketing content, customer 
targeting accuracy, and responsive targeting. 

• Strategic Decision-Making (SDM): it was assessed based on the rationality, agility, and responsiveness in 
marketing activities. 

• Marketing Performance (MP): It is assessed through indicators such as efficiency of the campaign, customer 
engagement, and sustainability of brand perception. 
 

3.4 Statistical Analysis 

The impact of adopting AI applications on sustainable MP for purposes of PA, PS, and SDM is evaluated. This research 
examined the data collected from the DM professionals through SPSS 26.0 and SmartPLS 4.0. The statistical tests are utilized 
to assess the reliability, validity, and theorized relationships among the constructs that include EFA, MME, and SEM. 

4. Result and discussion  

This analysis investigated how of AIA affects sustainable performance efficiency through PA, PS, and SDM, and examined 
the hypothesized relationships (H1–H9) among the constructs. The outcomes of measurement validation and the structural 
model of the testing conducted. 

4.1 Measurement Model Evaluation (MME) 

Construct consistency, convergent and discriminant properties established by the MME are ensured to confirm measurement 
accuracy prior to testing structural relationships in the SmartPLS-SEM. CR, AVE, and HTMT correlations assess discriminant 
properties, ensuring that each construct in the method is empirically distinct from the others. 
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Table 2  
MME of Constructs Including Reliability, Convergent, Validity, and HTMT 

𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂 𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂’𝐬𝐬 𝛂𝛂 𝐂𝐂𝐂𝐂 𝐀𝐀𝐀𝐀𝐀𝐀 𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇 (𝐌𝐌𝐌𝐌𝐌𝐌) 
AI Adoption 0.88 0.91 0.67 0.62 

Predictive Analytics 0.85 0.89 0.62 0.66 
Personalization 0.83 0.87 0.61 0.63 

SDM 0.89 0.92 0.65 0.68 
MP 0.91 0.94 0.68 0.68 

 

Table 2 presents the MME results, indicating that all constructs were found to be strongly internally-consistent with a 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶ℎ′𝑠𝑠 𝜶𝜶 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑜𝑜𝑜𝑜 0.83 𝑡𝑡𝑡𝑡 0.91 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝐶𝐶 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑜𝑜𝑜𝑜 0.87 𝑡𝑡𝑡𝑡 0.94. The convergent validity was established, where all 
the constructs had an AVE of over 0.60. The support of discriminant validity was also made because HTMT values are 
between 0.62 and 0.68 and not more than 0.85. Results of these specify that the measurement system is valid and dependable 
and can be analyzed using structural models. 

4.2 Exploratory Factor Analysis (EFA) 

The EFA determines the underlying factor structure, item-grouping is verified, and construct validity is assured in the research 
method to have robust and reliable measurement. Table 3 shows the result of the EFA on all constructs and items. The factor 
loading of all items was between 0.756 and 0.873, showing that items had strong item-construct correlations. Factor 
Eigenvalues were 1.985 to 3.284, with personal variance explained of 7.92% to 24.21%. The total variance captured by the 
five factors was 73.40%, which validated the sufficiency and strength of the measurement model to be used in further analysis. 

Table 3 
EFA Analysis Results for Identified Research Constructs 

Factor Variable Factor Loading Eigenvalue 𝑽𝑽ariance Explained (%) Cumulative Variance (%) 

 
AIA 

AI1 0.812 3.284 24.21 24.21 
AI2 0.845 3.284 24.21 24.21 
AI3 0.861 3.284 24.21 24.21 
AI4 0.794 3.284 24.21 24.21 

 
PA 

PA1 0.826 2.917 18.47 42.68 
PA2 0.857 2.917 18.47 42.68 
PA3 0.842 2.917 18.47 42.68 
PA4 0.801 2.917 18.47 42.68 

 
 

PS 

PS1 0.824 2.543 12.96 55.64 
PS2 0.837 2.543 12.96 55.64 
PS3 0.798 2.543 12.96 55.64 
PS4 0.756 2.543 12.96 55.64 

SDM 

SD1 0.873 2.268 9.84 65.48 
SD2 0.854 2.268 9.84 65.48 
SD3 0.821 2.268 9.84 65.48 
SD4 0.785 2.268 9.84 65.48 

 
MP 

MP1 0.848 1.985 7.92 73.40 
MP2 0.833 1.985 7.92 73.40 
MP3 0.815 1.985 7.92 73.40 
MP4 0.789 1.985 7.92 73.40 

 

4.3 SmartPLS-SEM 

SmartPLS-SEM is employed to investigate intricate interactions among latent dimensions, test hypotheses, and assess 
reliability, validity, ability to forecast, and mediation impacts in the proposed marketing model. Structural model analysis 
tests constructs relationships, hypotheses, and the predictive value, the magnitude of effects, and mediation in the hypothesized 
model.  
 
Table 4  
Hypothesis Testing Results for the Method 

𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑𝐑 𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇 𝐭𝐭 − 𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐯 𝐩𝐩 − 𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐯 𝛃𝛃 𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒 
AIA → PA 𝐻𝐻1 15.42 0.000 0.78 Yes 
AIA → PS 𝐻𝐻2 11.83 0.000 0.63 Yes 

AIA → SDM 𝐻𝐻3 9.27 0.000 0.47 Yes 
PA → PS 𝐻𝐻4 10.19 0.000 0.56 Yes 

PA → SDM 𝐻𝐻5 12.33 0.000 0.59 Yes 
PA → MP 𝐻𝐻6 8.26 0.000 0.41 Yes 

PS → SDM 𝐻𝐻7 9.04 0.000 0.45 Yes 
PS→ MP 𝐻𝐻8 7.11 0.000 0.38 Yes 

SDM → MP 𝐻𝐻9 13.74 0.000 0.66 Yes 
(Note: β- Path Coefficient)  
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Table 4 and Fig. 2 show that the findings of the SmartPLS-SEM indicate that the path coefficient of H1 (AIA → PA) is 0.78 
(p < 0.000, t = 15.42). H2 (AIA → PS) = 0.63 (p < 0.000, t = 11.83), and H3 (AIA → SDM) = 0.47 (p < 0.000, t = 9.27). H4 
(PA → P) has 0.56 (p < 0.000, t = 10.19) and H5 (PA → SDM) has 0.59 (p < 0.000, t = 12.33). The H6 (PA → MP) 0.41 (p 
< 0.009, t = 8.26), H7 (PS → SDM) 0.45 (p < 0.009, t = 9.04), H8 (PS → MP) 0.38 (p < 0.000, t = 7.11), and H9 (SDM → 
MP) 0.66 (p < 0.000, t = 13.74).  
 

 
Fig. 2. Measurement Method of AI-Enabled SDM and MP 

4.4 Discussion 
 
The research investigated the effect of AI implementation on PA and P to promote sustainable marketing practices. The 
limitations of the previous studies were numerous. DM modeling based on AI and agroeconomic indices did not provide any 
insights into practical implementation in terms of sustainability, as discussed by Saura (2021). The systematic marketing 
application of the random forest (RF) methodology employing big data had not considered the P or strategic considerations, 
as noted by Schmitt (2023). Fuzzy multi-criteria evaluation had utilized the methodology but did not evaluate the outcomes 
on MP, as reported by Singh et al., (2023). Trends were identified only through bibliometric observations without testing 
structural relations between constructs, as noted by Velentza and Metaxas (2023). The method to social media emphasized 
platform estimation but disregarded the mediating behavior of PA, as highlighted by Vollrath and Villegas, (2022). The fuzzy 
rough set application focused more on growth than on the structures relating to business decisions, as noted by Yaiprasert and 
Hidayanto, (2023) and Alam et al. (2025). Descriptive models of customer decision journeys may at the same time provide 
strategic insight but do not consider any outcome of AI implementation, as reported by Yi et al., (2024). To address these 
gaps, this research produced a SmartPLS-SEM method that incorporated AI uptake, PA, PS, and SDM into sustainable 
marketing. The analysis resulted from a SmartPLS-SEM analysis that confirmed that each of the proposed hypotheses was 
well supported, thereby confirming a significant positive influence of AIA on PA. 
 
5. Conclusion 
 
The present research confirmed that the adoption of AI led to prominent positive enhancements in the sustainable digital MP 
efficiency through enhanced PA, PS, along with SDM. The AI-powered methods of precision targeting, data-driven 
predictions, and instantaneous decision-making have enabled the organizations to improve the marketing campaign 
performance, consumer response, and brand loyalty. The analysis resulted from a SmartPLS-SEM analysis confirmed that 
each of the proposed hypotheses was well supported, thereby confirming the substantial positive impact of AIA on PA (𝛽𝛽 =
 0.78, 𝑝𝑝 <  0.000), P (𝛽𝛽 =  0.63, 𝑝𝑝 <  0.000), and SDM(𝛽𝛽 =  0.47, 𝑝𝑝 <  0.000), thereby leading to significant positive 
influence on MP (𝛽𝛽 =  0.66, 𝑝𝑝 <  0.000). The PA and PS features of AI also had significant indirect effects on MP from 
SDM. The research provided evidence that SDM presented a key moderator between AI-sourced insights and MP. The 
research’s limitations were related to self-report survey data and application on a small sample size, which may have added 
bias to the outcome. Future research will utilize larger samples across multiple industries and objective measures of 
performance to evidence and generalize the research. 
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Appendix 
 
Questionnaire for AI-Enabled Sustainable Digital Marketing 
 
Instruction: 
 
Please indicate the extent to which you agree with each statement below based on your organization’s experience 
with AI-enabled digital marketing systems. 
(1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree) 
 
• AI Adoption (AIA) 
Measures technological capability, algorithmic integration, and organizational readiness. 
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Code Item Statement 
AI1 Our organization actively integrates AI tools into digital marketing operations. 
AI2 AI algorithms are widely used to automate and optimize our marketing processes. 
AI3 The management strongly supports investments in AI-driven marketing systems. 
AI4 Our marketing teams are well-prepared and trained to work with AI applications. 

 
 
 
 
• Predictive Analytics (PA) 
Measures use of data-driven prediction, trend analysis, and pattern identification. 

Code Item Statement 
PA1 Our marketing decisions are guided by predictive models built on customer data. 
PA2 AI systems help us forecast consumer behavior and future market trends. 
PA3 Predictive analytics improve the accuracy of our marketing campaigns. 
PA4 Data-driven insights are routinely used to adjust campaign strategies in real time. 

 
• Personalization (PS)  
Measures individualized content delivery and responsive customer targeting. 

Code Item Statement 
PS1 AI enables us to deliver personalized marketing messages to customers. 
PS2 Our marketing content is customized to match each customer’s preferences. 
PS3 AI-based personalization increases the relevance of our promotional offers. 
PS4 Personalized interactions have improved overall customer satisfaction. 

 
• Strategic Decision-Making (SDM) 
Assesses rationality, agility, and responsiveness in marketing strategy revision. 

Code Item Statement 
SD1 AI insights play a crucial role in revising our marketing strategies. 
SD2 Strategic marketing decisions are supported by AI-driven analytical tools. 
SD3 Our organization quickly adapts strategies based on AI-generated information. 
SD4 Data visualization and AI dashboards enhance the quality of strategic decisions. 

 
• Marketing Performance (MP) 
Evaluates campaign efficiency, customer engagement, and sustainability outcomes. 

Code Item Statement 
MP1 AI adoption has increased the overall efficiency of our marketing campaigns. 
MP2 Customer engagement levels have improved through AI-driven marketing. 
MP3 AI applications have strengthened our brand visibility and loyalty. 
MP4 Sustainable marketing outcomes have improved due to AI integration. 

 
 
 
  

    

© 2026 by the authors; licensee Growing Science, Canada. This is an open access article 
distributed under the terms and conditions of the Creative Commons Attribution (CC-BY) 
license (http://creativecommons.org/licenses/by/4.0/). 

 


	Questionnaire for AI-Enabled Sustainable Digital Marketing
	 AI Adoption (AIA)
	 Predictive Analytics (PA)
	 Personalization (PS)
	 Strategic Decision-Making (SDM)
	 Marketing Performance (MP)


