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Abstract 
Artificial intelligence (AI) and data science are increasingly transforming marketing decision-making by 
enabling organizations to integrate consumer data, generate predictive intelligence, visualize complex 
information, personalize engagement, and automate selected decision processes. However, the organizational 
value of AI-enabled marketing depends not only on analytical capability but also on the interpretability, 
governance, and responsible application of AI-generated insights. This study develops and evaluates an 
integrated data-science decision-support framework for responsible AI-enabled marketing in the United States 
by examining the effects of Data-Science Marketing Intelligence (DSMI), AI-Enabled Marketing Visualization 
(AIMV), Responsible AI Governance (RAIG), and Consumer Engagement Analytics and Intelligence (CEAI) 
on Responsible AI-Enabled Marketing Decision-Support Performance (RAMDSP). Grounded in 
Organizational Information Processing Theory, the study employs a quantitative, positivist, deductive, 
explanatory, and cross-sectional survey design. Data were obtained from 292 usable responses from 
professionals working in marketing, analytics, artificial intelligence, customer relationship management, 
consumer insights, customer experience, marketing technology, and AI governance across selected U.S.-based 
consumer-oriented industries. Reliability, descriptive statistics, Pearson correlation, and multiple linear 
regression were applied to evaluate the proposed relationships. The measurement instrument demonstrated 
strong reliability, with construct-level Cronbach’s alpha values ranging from .85 to .91 and an overall alpha of 
.93. The regression model was statistically significant, F(4,287) = 182.68, p < .001, explaining 71.8% of the 
variance in RAMDSP (R² = .718; adjusted R² = .714). RAIG demonstrated the strongest standardized 
contribution (β = .31), followed by CEAI (β = .29), DSMI (β = .24), and AIMV (β = .19), with all relationships 
significant at p < .001. The findings support all four hypotheses and indicate that responsible AI-enabled 
marketing performance depends on complementary analytical, interpretive, governance, and consumer-
intelligence capabilities.  
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INTRODUCTION 
Artificial intelligence and data science have increasingly become part of the decision infrastructure 
through which organizations understand markets, allocate resources, personalize communications, 
and evaluate consumer responses. In data-rich marketing environments, managers are no longer 
limited to periodic reports or isolated customer records because contemporary analytical systems can 
combine transaction data, digital behavior, campaign histories, social interactions, and customer 
relationship information at a scale that supports continuous decision making. Marketing analytics has 
therefore moved from a reporting function toward an organizational capability that converts large and 
heterogeneous data resources into actionable knowledge for segmentation, targeting, forecasting, 
personalization, and performance evaluation (Wedel & Kannan, 2016). This transformation has also 
increased the strategic importance of big-data consumer analytics because the ability to detect 
meaningful behavioral patterns can reshape how organizations understand customers and coordinate 
marketing actions (Erevelles et al., 2016). Artificial intelligence has extended this analytical capacity by 
allowing organizations to automate pattern recognition, recommendation, prediction, and selected 
decision activities, while simultaneously changing the roles of managers who must interpret and 
supervise these systems (Davenport et al., 2020). The organizational value of AI consequently depends 
on more than possessing sophisticated algorithms. It also depends on the ability to combine 
technological, human, and managerial resources into a coherent AI capability that can support 
creativity and organizational performance (Mikalef & Gupta, 2021). Consumer-facing AI has further 
made this issue strategically important because people encounter automated recommendations, 
personalization, service systems, and algorithmically mediated choices throughout the marketing 
process, making the quality and responsibility of AI-supported decisions central to both organizational 
outcomes and consumer experience (Puntoni et al., 2021). 
Consumer engagement has become another central component of this decision environment because 
marketing performance increasingly depends on the organization's ability to interpret interactions that 
occur before, during, and after purchase. Customer engagement has been conceptualized as a 
multidimensional psychological and behavioral process that goes beyond transactions and includes 
cognitive, emotional, and behavioral involvement with brands and organizations (Brodie et al., 2011). 
AI and data science can strengthen this process by integrating behavioral signals, response histories, 
preferences, and interaction data into decision systems that support more relevant communications 
and more timely customer management. Personalized engagement can create value when analytical 
intelligence is used to identify customer needs and coordinate interactions across touchpoints, yet the 
effectiveness of personalization depends on how consumers perceive the use of their information and 
the resulting relevance of marketing actions (Kumar et al., 2019). Prior research has shown that 
personalization can create a paradox in which greater relevance improves responses while heightened 
awareness of data collection can increase vulnerability concerns and reduce effectiveness (Aguirre et 
al., 2015). Similar evidence has demonstrated that personalized advertising outcomes depend on both 
the informational value of personalization and consumer perceptions surrounding privacy and data 
use (Bleier & Eisenbeiss, 2015). These findings indicate that consumer engagement analytics cannot be 
evaluated only through response rates or conversion outcomes. It must also be considered as an 
information-processing capability through which organizations continuously acquire consumer 
signals, interpret them responsibly, and return appropriate decisions to the market. 
The expansion of AI-enabled marketing has also created an interpretation problem. Predictive models 
may identify high-value segments, response propensities, churn risk, or recommended actions, but 
managerial usefulness depends on whether complex analytical outputs can be understood within the 
context of actual decisions. Human and artificial intelligence can complement one another when 
systems provide analytical scale while people contribute contextual understanding, judgment, and 
responsibility (Jarrahi, 2018). Explainability has therefore become central to responsible decision 
support because opaque model outputs can reduce managerial confidence and make it difficult to 
determine whether recommendations are appropriate for the decision context. Explainable AI has been 
described as a shift from black-box systems toward more transparent analytical relationships that allow 
users to understand relevant drivers and evaluate recommendations rather than merely accept them 
(Rai, 2020). Explanations also need to correspond with the way people reason about causes and 
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alternatives because technically accurate information may still fail to support understanding if it is not 
communicated in a cognitively meaningful form (Miller, 2019). In marketing management, 
visualization represents an important bridge between analytical complexity and managerial 
interpretation. Dashboards, interactive views, scenario comparisons, and visual explanations can 
organize large volumes of information, highlight deviations, display uncertainty, and allow managers 
to compare alternative actions. AI-Enabled Marketing Visualization is therefore treated in this study as 
a distinct decision-support capability rather than a cosmetic reporting feature because visual 
interpretation affects how evidence is understood, communicated, and acted upon. 
Responsible AI governance has become equally important as organizations use consumer data and 
algorithmic systems to influence targeting, personalization, content, recommendations, and other 
marketing decisions. Algorithmic systems can create ethical concerns related to opacity, discrimination, 
privacy, responsibility, and the difficulty of challenging automated decisions, making governance an 
organizational requirement rather than a purely technical consideration (Mittelstadt et al., 2016). 
International analyses of AI ethics guidelines have identified recurring principles concerning 
transparency, justice and fairness, non-maleficence, responsibility, and privacy, while also showing 
variation in how such principles are translated into practice (Jobin et al., 2019). Human-centered AI 
research has consequently emphasized the need for systems that combine high levels of automation 
with meaningful human control, oversight, and accountability (Shneiderman, 2020). Trust in AI also 
depends on the characteristics of the technology, the task, and the organizational context, meaning that 
responsible implementation requires more than general confidence in algorithmic performance 
(Glikson & Woolley, 2020). Marketing adds a particularly sensitive governance dimension because 
organizations routinely process consumer information that can affect perceived vulnerability, 
relationship quality, and firm performance. Evidence on customer data privacy has shown that the way 
firms manage information can influence both customer and organizational outcomes, making data 
governance directly relevant to marketing performance (Martin et al., 2017). Responsible AI 
Governance in the present study therefore captures the organizational mechanisms that define 
accountability, privacy, fairness, explainability, monitoring, documentation, and human oversight 
surrounding AI-supported marketing decisions. 
These developments reveal a central research problem: organizations may possess advanced analytical 
tools without having an integrated decision-support architecture that connects data-science 
intelligence, visual interpretation, governance, and consumer engagement information. AI in 
marketing has been described as involving different levels of intelligence and different managerial 
tasks, suggesting that strategic value depends on aligning capabilities with the nature of the decision 
rather than applying automation indiscriminately (Huang & Rust, 2021). Research on intelligent 
frontline technologies has similarly shown that AI-enabled systems create new configurations of 
human and technological roles, requiring organizations to determine how machine capabilities and 
human judgment should interact (Wirtz et al., 2018). Consumer responses can also vary according to 
the type of task delegated to algorithms, demonstrating that acceptance of AI is contingent on decision 
characteristics rather than uniformly positive or negative (Castelo et al., 2019). The present study has 
therefore developed an integrated framework in which Data-Science Marketing Intelligence, AI-
Enabled Marketing Visualization, Responsible AI Governance, and Consumer Engagement Analytics 
and Intelligence have been modeled as complementary predictors of Responsible AI-Enabled 
Marketing Decision-Support Performance. Organizational Information Processing Theory has been 
selected as the theoretical foundation because contemporary marketing creates high information-
processing requirements arising from data volume, behavioral complexity, personalization demands, 
rapid market change, and ethical uncertainty. The study has examined whether organizations that 
develop stronger capabilities for analytical processing, visual interpretation, responsible governance, 
and consumer-information processing also report stronger responsible marketing decision-support 
performance. 
The rapid development of data science and artificial intelligence has changed how marketing 
information has been collected, processed, interpreted, and used in organizational decision making. 
U.S.-based organizations increasingly operate in environments where consumer interactions generate 
large volumes of behavioral, transactional, demographic, campaign, and digital-channel information. 



American Journal of Interdisciplinary Studies, June 2026, 277-311 

280 
 

The availability of these data has created opportunities for managers to understand customers more 
precisely, predict responses, allocate marketing resources, personalize communications, and improve 
the speed of decision making. At the same time, the value of these technologies has depended on 
whether analytical outputs can be converted into information that managers can interpret and apply. 
Data-science capability has therefore become closely connected with the quality of marketing 
intelligence, while visualization has become important for communicating complex patterns and 
predictions in forms that support managerial understanding. The growing use of AI has also increased 
the importance of responsible governance because automated and semi-automated marketing 
decisions can affect consumer privacy, fairness, transparency, and trust. Organizations must therefore 
determine not only whether an AI system is accurate but also whether the information used is 
appropriate, whether the recommendation can be understood, whether accountability has been 
assigned, and whether consumer interests have been considered. Consumer engagement data have 
added another layer to this environment because organizations continuously receive signals through 
digital interactions, customer service, social platforms, CRM systems, campaign responses, and post-
purchase behavior. These signals can improve decision quality when they are transformed into 
structured intelligence and connected with analytical systems. The background of this study has 
consequently been shaped by the convergence of four organizational capabilities: Data-Science 
Marketing Intelligence, AI-Enabled Marketing Visualization, Responsible AI Governance, and 
Consumer Engagement Analytics and Intelligence. The research has treated these capabilities as 
complementary elements of a decision-support system and has examined how they have related to 
Responsible AI-Enabled Marketing Decision-Support Performance within the United States. 
The principal problem addressed by this research has been the fragmented manner in which many 
organizations implement data science, AI, visualization, governance, and consumer engagement 
analytics. An organization may possess large customer datasets and advanced predictive models while 
managers still experience difficulty interpreting recommendations, comparing alternatives, or 
determining how model outputs should influence marketing decisions. Another organization may use 
sophisticated dashboards but lack formal procedures for examining privacy, bias, explainability, or 
accountability. Consumer engagement information may also remain isolated within CRM, digital 
marketing, customer service, or platform systems instead of being incorporated into broader analytical 
decision processes. These forms of fragmentation can weaken the organizational value of AI because 
responsible decision support requires more than technical accuracy. Managers need reliable 
intelligence, understandable presentation, appropriate governance, and continuous evidence 
concerning consumer responses. The problem has become particularly important in the United States 
because organizations operate in highly data-intensive markets where personalization, automated 
targeting, recommendation systems, and algorithmic customer management have become common 
while public concern regarding privacy, transparency, fairness, and responsible use has increased. 
Existing research has produced substantial knowledge about marketing analytics, artificial intelligence, 
visualization, consumer engagement, and AI ethics separately, yet there has remained a need for an 
integrated quantitative model that examines their combined contribution to responsible marketing 
decision support. The present study has addressed this gap by testing whether Data-Science Marketing 
Intelligence, AI-Enabled Marketing Visualization, Responsible AI Governance, and Consumer 
Engagement Analytics and Intelligence have each contributed to Responsible AI-Enabled Marketing 
Decision-Support Performance and by estimating the combined explanatory power of these four 
capabilities in a single organizational framework. 
The purpose of this study has been to develop and empirically evaluate a data-science decision-support 
framework for responsible AI-enabled marketing, visualization, and consumer engagement in the 
United States. The research has sought to determine whether organizations that report stronger 
analytical, visualization, governance, and consumer-intelligence capabilities also report stronger 
Responsible AI-Enabled Marketing Decision-Support Performance. The first objective has been to 
assess the level of Data-Science Marketing Intelligence and determine whether the ability to integrate 
marketing data, apply predictive analytics, identify patterns, allocate resources using evidence, and 
produce actionable intelligence has contributed to the dependent variable. The second objective has 
been to assess AI-Enabled Marketing Visualization and determine whether dashboards, interactive 
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visualizations, and interpretable representations of AI outputs have improved managerial decision 
support. The third objective has been to evaluate Responsible AI Governance by examining the 
contribution of human oversight, privacy consideration, accountability, transparency, explainability, 
fairness, and bias review to responsible marketing performance. The fourth objective has been to 
examine Consumer Engagement Analytics and Intelligence by determining whether systematic 
analysis of consumer interactions, changing behavior, preferences, personalization responses, and 
relationship information has supported stronger decisions. The fifth objective has been to evaluate the 
integrated explanatory power of the four capabilities within a single multiple regression model 
grounded in Organizational Information Processing Theory. Through these objectives, the study has 
linked technology, managerial interpretation, governance, and consumer information within one 
empirically testable decision-support framework. 

Figure 1: Integrated Responsible AI-Enabled Marketing Decision-Support Framework 

 

 

 

The research hypotheses have been formulated to test the direct contribution of each organizational 
capability to Responsible AI-Enabled Marketing Decision-Support Performance. H1 has proposed that 
Data-Science Marketing Intelligence has a positive and statistically significant effect on RAMDSP 
because stronger analytical integration and predictive intelligence should reduce uncertainty and 
provide better evidence for marketing decisions. H2 has proposed that AI-Enabled Marketing 
Visualization has a positive and statistically significant effect on RAMDSP because clearer and more 
interactive presentation of AI-generated information should improve managerial interpretation and 
comparison of alternatives. H3 has proposed that Responsible AI Governance has a positive and 
statistically significant effect on RAMDSP because privacy safeguards, accountability, fairness 
assessment, explainability, documentation, and human oversight should improve the legitimacy and 
reliability of AI-supported marketing decisions. H4 has proposed that Consumer Engagement 
Analytics and Intelligence has a positive and statistically significant effect on RAMDSP because 
systematic processing of behavioral and interaction information should improve the relevance and 
responsiveness of marketing actions. These hypotheses have been tested through multiple regression 
analysis, with each standardized coefficient evaluated for direction and statistical significance while 
the remaining predictors have been controlled. The coefficient logic has therefore been expressed as 
follows: 

H₁: β₁ > 0, H₂: β₂ > 0, H₃: β₃ > 0, H₄: β₄ > 0 
The significance of this research has been reflected in several areas. (i) For marketing managers, the 
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study has provided an integrated explanation of how analytical intelligence, visualization, governance, 
and consumer engagement information can be coordinated to strengthen decision-support 
performance rather than managed as separate digital initiatives. (ii) For data scientists and marketing 
analysts, the framework has emphasized that model value depends on the conversion of analytical 
outputs into interpretable and managerially relevant intelligence, encouraging stronger connections 
between model development and decision requirements. (iii) For AI governance and compliance 
professionals, the findings have positioned governance as an enabling organizational capability that 
can contribute directly to decision performance through privacy protection, accountability, fairness 
assessment, explainability, and human oversight. (iv) For customer-experience and consumer-
engagement professionals, the study has demonstrated the value of treating engagement signals as 
decision inputs that can improve responsiveness, personalization, and relationship management. (v) 
For researchers, the study has extended Organizational Information Processing Theory into responsible 
AI-enabled marketing by conceptualizing analytical processing, visualization, governance, and 
consumer intelligence as complementary information-processing capacities. (vi) Methodologically, the 
research has provided a quantitative cross-sectional framework that can be replicated or extended 
through longitudinal designs, experiments, structural equation modeling, or cross-industry 
comparisons. The United States context has further increased the relevance of the study because 
organizations have operated in highly digital markets where the commercial opportunities of AI coexist 
with growing expectations concerning responsible data and algorithmic practices. 
LITERATURE REVIEW 
The literature on responsible AI-enabled marketing has developed across several related but often 
separately examined streams. Marketing analytics and data-science research has examined how firms 
create value from customer and market information; visualization research has investigated how 
complex information can be represented for decision makers; AI governance scholarship has focused 
on privacy, fairness, transparency, accountability, and ethical control; and consumer-engagement 
research has examined how organizations interpret customer interactions and use them to improve 
relationships and performance. These streams converge around a common organizational problem: 
decision makers face increasing information requirements but can benefit from AI only when 
information is acquired, processed, interpreted, governed, and translated into appropriate action. The 
present literature review has therefore organized prior work around the four independent variables of 
Data-Science Marketing Intelligence, AI-Enabled Marketing Visualization, Responsible AI Governance, 
and Consumer Engagement Analytics and Intelligence, followed by Organizational Information 
Processing Theory and the integrated conceptual framework. This structure has allowed the research 
to move from technical and managerial capabilities toward a theoretically grounded explanation of 
Responsible AI-Enabled Marketing Decision-Support Performance. 
Data Science and AI-Enabled Marketing Decision Support 
Data science has expanded the analytical foundation of marketing decision support by enabling 
organizations to combine structured and unstructured information, apply predictive models, identify 
patterns, and evaluate alternative actions with greater speed and granularity. Decision-support 
systems in marketing have historically been designed to assist managers in complex choices such as 
new-product development, segmentation, targeting, and resource allocation, but contemporary 
systems increasingly integrate machine learning and artificial intelligence into those functions. 
Research reviewing marketing decision-support systems for new-product design has shown that 
effective systems combine data, analytical methods, and managerial interfaces rather than relying on 
computation alone, which establishes an important foundation for understanding current AI-enabled 
marketing architectures (Figueroa-Perez et al., 2019; Hasan & Adnan, 2022). Recent work on precision 
marketing has extended this logic by developing AI-oriented decision systems that integrate data-
driven methods with marketing choices, illustrating how analytical tools can support more targeted 
and context-sensitive managerial decisions (Koufi et al., 2024; Mahbubul et al., 2022). The value of these 
systems has depended on their ability to reduce uncertainty rather than merely increase the volume of 
available output. Data science can generate predictions, clusters, recommendations, and performance 
indicators, yet decision support occurs only when such outputs are connected to a specific managerial 
question and communicated in a form that can guide action. In this sense, AI-enabled marketing 
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decision support is best conceptualized as an organizational capability that integrates data resources, 
analytical techniques, domain knowledge, and managerial interpretation. This capability becomes 
particularly important in U.S. marketing contexts where organizations operate across multiple digital 
channels and must process high-frequency consumer signals while coordinating decisions concerning 
personalization, budgets, messaging, retention, and customer relationships. 

Figure 2: Data Science and AI-Enabled Marketing Decision-Support Logic 

 

 

 

The organizational effectiveness of marketing analytics has also depended on how analytical 
capabilities are deployed across managerial roles. Evidence concerning big-data marketing analytics 
has shown that decision-making responsibilities influence how managers perceive analytics 
satisfaction and usefulness, indicating that the same analytical resource can create different value 
depending on the user's decision context (Haverila et al., 2024; Mashfiqur & Md, 2022). This finding is 
relevant to AI-enabled marketing because managers, analysts, data scientists, and customer-experience 
professionals interact with analytical systems differently. A data scientist may evaluate predictive 
accuracy and model stability, while a marketing manager may need a clear interpretation of customer 
segments, campaign implications, or resource trade-offs. Therefore, decision-support performance 
depends on alignment between analytical outputs and the information requirements of the user. 
Research connecting marketing analytics with economic and digital sustainability has further 
emphasized that analytical capability must be embedded within organizational structures and decision 
processes if firms are to obtain durable value from data-intensive marketing activities (Haverila et al., 
2024; Ashfaq & Mohammad, 2022). The implication is that organizations should not equate the 
possession of AI tools with decision-support maturity. A mature system requires reliable data 
pipelines, appropriate analytical methods, validation procedures, decision rules, user-oriented 
presentation, and feedback mechanisms that allow results to be evaluated after implementation. Data-
science decision support also creates governance requirements because predictions may draw on 
personal data or influence customer treatment, which means analytical usefulness must be considered 
alongside transparency, privacy, and accountability. These concerns support the integrated structure 
of the present research, in which Data-Science Marketing Intelligence functions as one capability within 
a broader responsible decision-support system rather than as a complete explanation by itself. 
Machine-learning research in marketing has reinforced the need to understand the organizational 
conditions surrounding analytical techniques. A comprehensive review of machine learning in 
marketing has documented rapid growth in predictive and classification applications while also 
emphasizing issues related to data, model selection, interpretation, and the connection between 
methodological advances and substantive marketing questions (Herhausen et al., 2024; Sadia & 
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Mostari, 2022). This evidence suggests that data-science capability should be assessed according to 
whether it produces usable marketing intelligence rather than according to technical sophistication 
alone. Empirical research on marketing analytics capability has similarly shown that analytical 
capabilities can strengthen competitive marketing performance when organizations are able to deploy 
them effectively and translate data into decisions (Rahman et al., 2022; Shaiful et al., 2022). These 
findings collectively support the conceptualization of Data-Science Marketing Intelligence used in this 
study. DSMI captures the integration of consumer and marketing data, the use of predictive analytics, 
the identification of meaningful patterns, the application of analytical evidence to resource allocation, 
and the production of timely actionable intelligence. It therefore represents an organizational 
information-processing mechanism through which uncertainty in the marketing environment can be 
reduced. The literature also indicates why DSMI should be examined jointly with visualization, 
governance, and engagement intelligence. Machine-learning outputs can be difficult for managers to 
interpret, may involve privacy-sensitive information, and may become obsolete if consumer responses 
are not incorporated into subsequent analysis. Accordingly, data-science decision support reaches its 
greatest organizational value when analytical intelligence is made understandable, governed 
responsibly, and connected to continuously updated consumer information. This integrated 
interpretation provides the foundation for the first hypothesized relationship between DSMI and 
Responsible AI-Enabled Marketing Decision-Support Performance. 
Data-Science Marketing Intelligence and Consumer Analytics 
Data-Science Marketing Intelligence has been grounded in a long tradition of quantitative customer 
analytics that uses behavioral information to understand customer value, retention, usage, and 
response. Customer-level models have demonstrated that organizations can improve decision making 
when they analyze behavioral histories rather than rely only on aggregate market indicators. A joint 
model of usage and churn in contractual settings has illustrated how firms can simultaneously interpret 
customer activity and attrition, showing that customer behavior contains information that can support 
more precise relationship-management decisions (Mohammad, 2023; Ascarza & Hardie, 2013). This 
type of work is important for the present research because DSMI is not limited to a particular machine-
learning technique. It represents the broader capability to transform diverse marketing records into 
evidence about likely customer behavior and managerial alternatives. Social-network information has 
also been used to improve prediction of individual behavior, demonstrating that relational data can 
contribute information beyond traditional individual attributes when estimating future actions (Adnan 
& Iftekhar, 2023; Goel & Goldstein, 2014). Contemporary marketing environments have expanded these 
possibilities because organizations can combine transactions, web interactions, app behavior, campaign 
responses, CRM histories, and social information. The analytical challenge is therefore not simply data 
availability but the construction of reliable and decision-relevant representations from heterogeneous 
sources. Organizations with strong DSMI should be better able to determine which signals are relevant, 
integrate them at appropriate levels, distinguish stable patterns from noise, and communicate the 
results to managers responsible for marketing decisions. 
Consumer analytics has also shown that digital participation itself can carry information about 
subsequent customer behavior and profitability. Research examining customers' social-media 
participation has found relationships between participation, visit frequency, and profitability, 
illustrating how digital engagement signals can enrich customer-level decision processes (Sheak & 
Tahmedur, 2023; Rishika et al., 2013). This is directly relevant to the connection between DSMI and 
CEAI because consumer interaction data becomes valuable only when an organization can analyze it 
systematically and incorporate it into marketing intelligence. The growth of data-rich service 
environments has further changed marketing science by increasing opportunities to use technology 
and information to personalize services, coordinate interactions, and create value through customer-
level knowledge (Kaium, 2023; Rust & Huang, 2014). These developments suggest that data-science 
marketing intelligence should be interpreted as an organizational capability that joins analytical 
methods with customer-information processes. Strong DSMI therefore requires more than model-
building skills. It also requires reliable data governance, common identifiers, integration across 
channels, suitable outcome definitions, and managerial routines for determining how analytical 
evidence will affect decisions. This broader view is especially important for responsible AI-enabled 
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marketing because the same customer-level data that improves prediction can also create privacy and 
fairness concerns. Analytical capability must consequently include disciplined decisions about what 
information should be used, how it should be interpreted, and which types of marketing action can be 
justified from the available evidence. 

Figure 3: Data-Science Marketing Intelligence and Consumer Analytics Cycle 

 

Customer-base analysis also demonstrates the importance of modeling multiple forms of activity rather 
than relying on a single behavioral indicator. Multiactivity models of customer attrition have shown 
that different customer activities can provide complementary information about relationship status and 
future behavior, supporting a richer view of marketing intelligence (Pervaz, 2023; Schweidel et al., 
2014). The relevance to the present study is that organizations increasingly face consumers whose 
journeys are distributed across channels, devices, service encounters, and transactional contexts. A 
mature data-science marketing intelligence capability must therefore integrate signals that differ in 
frequency, meaning, and reliability while preserving enough contextual information for managers to 
understand the resulting predictions. The literature collectively supports five characteristics of DSMI 
measured in this study: effective integration of consumer and marketing data, use of predictive 
analytics, identification of meaningful market and customer patterns, use of analytical evidence for 
resource allocation, and generation of timely actionable intelligence. These capabilities reduce 
information uncertainty and help managers make evidence-based choices, but they also create a 
dependence on visualization and governance. When analytical results are too complex to interpret, 
decision makers may underuse or misuse them; when data practices are insufficiently governed, 
technically accurate predictions may still create unacceptable consumer outcomes. DSMI therefore 
forms the analytical core of the proposed framework while remaining interdependent with the 
interpretive, governance, and engagement capabilities examined in later sections. This literature base 
supports the expectation that higher DSMI will correspond with stronger RAMDSP while also 
explaining why its effect should be interpreted as part of an integrated system. 
AI-Enabled Marketing Visualization and Managerial Decision Making 
AI-Enabled Marketing Visualization addresses the managerial problem created when analytical 
complexity exceeds the capacity of decision makers to interpret raw outputs efficiently. Marketing 
systems can generate large numbers of indicators, segments, predictions, scenario results, and model 
explanations, but greater information availability does not automatically improve decisions. Interactive 
visualization can reduce this gap by helping users compare alternatives, identify patterns, focus 
attention on relevant changes, and explore relationships without requiring direct interaction with 
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underlying statistical models. Experimental research on user choice of interactive data-visualization 
formats has demonstrated that visualization characteristics affect how decision makers work with 
information, supporting the view that interface design is part of decision-support effectiveness rather 
than a neutral presentation layer (Abdel-Kader et al., 2019; Badrul & Mominul, 2023).  

Figure 4: AI-Enabled Marketing Visualization and Managerial Interpretation Framework 

 

Marketing analytics research has also emphasized that analytical information must connect customer 
understanding with managerial action, reinforcing the importance of tools that translate complex 
evidence into usable decision representations (Basu et al., 2023; Rakib & Towhidul, 2023). In AI-enabled 
marketing, this requirement becomes more significant because model outputs may involve 
probabilities, feature effects, uncertainty ranges, large numbers of customer segments, or automated 
recommendations. Visualization therefore performs a cognitive function by structuring information so 
managers can interpret what an AI system has detected and determine whether the recommended 
action is consistent with marketing objectives and consumer considerations. 
Dashboard research provides particularly relevant evidence for understanding AIMV. Experimental 
work on dashboard visualization has shown that information format, completeness, and currency can 
influence decision quality through perceived task complexity and information satisfaction, 
demonstrating that visualization design affects the process through which information is converted 
into managerial judgment (Hjelle et al., 2024; Nishat, 2023). Earlier marketing research has similarly 
treated dashboards as service systems that integrate metrics and make performance information 
accessible to decision makers, emphasizing that a dashboard should be evaluated according to how 
effectively it supports the user's decision requirements (Pauwels et al., 2009; Risha & Shurovi, 2023). 
The modern marketing dashboard has evolved from static performance reporting toward interactive 
systems that combine multiple data sources, support continuous monitoring, and help managers 
connect metrics with strategic questions (Pauwels & Reibstein, 2023; Feroz, 2023). These developments 
are relevant to responsible AI because managers increasingly need dashboards to display not only 
commercial outcomes but also model confidence, data quality, fairness indicators, consumer responses, 
and governance status. A visualization that shows only conversion lift or predicted response may 
encourage narrow optimization, whereas an integrated interface can make trade-offs visible and 
support more balanced decisions. AIMV in the present study therefore includes clear presentation of 
AI-generated insights, simplification of complex information, comparison of alternatives, 
interpretation of predictive outputs, and support for timely managerial decisions. 
Research reviewing dashboards in performance management has identified recurring design 
considerations including information quality, visual representation, interactivity, and the fit between 
displays and managerial tasks (Tahmedur & Rifat, 2023; Yigitbasioglu & Velcu, 2012). These findings 
reinforce the proposition that visualization should be treated as an organizational information-
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processing capability. From an OIPT perspective, organizations increase their processing capacity not 
only by collecting more data but also by creating mechanisms that allow relevant information to move 
efficiently to the people who must interpret and act on it. AIMV can serve this function by compressing 
complex information into meaningful views while allowing users to investigate detail when necessary. 
It can also support accountability because decisions based on AI are easier to review when the evidence, 
assumptions, uncertainty, and alternative scenarios are visible. The literature nevertheless cautions 
indirectly against treating dashboards as inherently beneficial. Poorly designed visualization can 
overload users, privilege easily measured indicators, obscure uncertainty, or create false confidence. 
The contribution of AIMV therefore depends on information relevance, clarity, completeness, and 
connection to actual decision tasks. In the proposed framework, AIMV complements DSMI by 
translating analytical outputs into managerially interpretable information, complements RAIG by 
making relevant governance information visible, and complements CEAI by representing consumer 
responses and engagement patterns. This integrated role provides the rationale for H2, which predicts 
a positive and statistically significant effect of AIMV on Responsible AI-Enabled Marketing Decision-
Support Performance. 
Responsible AI Governance and Ethical Marketing 
Responsible AI Governance has become essential because marketing applications of artificial 
intelligence depend heavily on consumer data and can influence how individuals are profiled, targeted, 
prioritized, or excluded. Privacy research has shown that consumer behavior in information-rich 
environments is shaped by complex trade-offs involving benefits, uncertainty, limited attention, and 
the difficulty of understanding how personal information will be used (Acquisti et al., 2015; Asheke, 
2024). These conditions make simple consent mechanisms insufficient as a complete governance 
strategy because responsible marketing requires organizational rules for data minimization, legitimate 
use, security, transparency, and accountability throughout the analytical process. Ethical AI research 
in marketing has further argued that AI should be designed and applied in ways that account for 
autonomy, justice, explicability, beneficence, and non-maleficence, demonstrating that marketing value 
cannot be separated from the ethical conditions under which intelligent systems operate 
(Ashrafuzzaman, 2024; Hermann, 2022). Responsible governance therefore involves both preventive 
and enabling mechanisms. Preventive mechanisms reduce the risk of inappropriate data use, unfair 
treatment, opaque decisions, or unreviewed automation. Enabling mechanisms clarify responsibilities, 
create review procedures, document model use, and help managers determine when an AI 
recommendation can be relied upon. In organizational terms, RAIG creates an information-control 
structure through which analytical evidence is evaluated before it becomes a consumer-facing action. 
Fairness and legitimacy are particularly important because algorithmic systems can reproduce or 
amplify patterns contained in historical data or platform processes. Empirical research on advertising 
has demonstrated that apparently neutral algorithmic delivery can produce unequal exposure patterns, 
showing that bias can arise through the interaction of algorithms, markets, and user behavior even 
when explicit discriminatory targeting is not intended (Lambrecht & Tucker, 2019; Kaium, 2024). This 
evidence supports the inclusion of fairness and bias review within the RAIG construct because 
responsible governance requires organizations to examine outcomes rather than rely only on the stated 
purpose of a model. Perceptions of legitimacy also depend on decision processes. Research on 
algorithmic decisions has shown that people evaluate the legitimacy of AI decisions in relation to both 
procedures and outcomes, highlighting the importance of process transparency, voice, accountability, 
and appropriate review (Martin & Waldman, 2023; Kanti, 2024). For marketing organizations, this 
means that a high-performing recommendation system may still create reputational or relationship 
problems if consumers or managers cannot understand how decisions are made or who is responsible 
for them. Governance should therefore be embedded before deployment and throughout model use 
rather than added after problems occur. This perspective is consistent with the present study's 
treatment of RAIG as a capability that supports decision performance by increasing the reliability, 
traceability, and acceptability of AI-enabled marketing actions. The relationship between ethics and 
marketing performance has also been examined through algorithmic purchase pathways, with research 
indicating that ethically designed AI processes can contribute to advertising and decision outcomes 
when transparency and responsible design are integrated into the system (Rodgers & Nguyen, 2022; 
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Feroz, 2024). This reinforces the argument that governance should not be viewed only as a restriction 
on innovation. Well-designed governance can improve decision quality by defining which information 
can be used, establishing documentation and review requirements, identifying unacceptable risks, and 
preserving meaningful human judgment in consequential decisions. 
 

Figure 5: Responsible AI Governance Process for Ethical Marketing Decisions 

 

 

The RAIG construct in this study therefore includes human oversight, consumer-data privacy, 
accountability mechanisms, transparency and explainability, and fairness and bias review. These 
dimensions reflect an organizational capacity to control how AI-generated information is transformed 
into marketing action. They also link directly with Organizational Information Processing Theory 
because governance determines which information is considered valid, how uncertain or risky 
information is handled, who has authority to act, and how outcomes are monitored. RAIG is therefore 
expected to strengthen RAMDSP by reducing ambiguity around AI use and increasing the consistency 
with which analytical insights are evaluated and implemented. This literature provides the basis for 
H3 and also explains why governance may produce a particularly strong contribution when 
organizations use AI for customer-facing decisions. 
Organizational Information Processing Theory as the Theoretical Framework 
Organizational Information Processing Theory has provided the primary theoretical foundation for this 
study because responsible AI-enabled marketing has created an information-processing problem in 
which organizational performance depends on matching information requirements with adequate 
processing capacity. Marketing environments generate uncertainty through changing consumer 
preferences, multiple digital channels, competitive pressure, personalization demands, rapid feedback, 
and the increasing complexity of AI-generated recommendations. Under OIPT, organizations respond 
to such uncertainty by developing structures and capabilities that increase their ability to acquire, 
analyze, distribute, and interpret relevant information. Contemporary empirical applications of 
information-processing logic have shown that analytical capabilities become valuable when they are 
connected with decision processes and organizational coordination. Research examining big-data 
analytics capability has demonstrated that organizations can obtain competitive benefits when 
analytical resources improve their capacity to process information and respond to environmental 
demands (Behl et al., 2022; Uddin & Risha, 2024). Similarly, information-processing capability has been 
linked with decision-making effectiveness and competitive advantage, supporting the argument that 
analytical resources create value through the quality of organizational decisions rather than through 
data accumulation alone (Cao et al., 2019; Jahanara, 2025). In the present study, DSMI represents 
analytical processing capacity, AIMV represents interpretive and communication capacity, RAIG 
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represents governance and control capacity, and CEAI represents the acquisition and interpretation of 
consumer information. Together, these capabilities have been proposed to increase the organization's 
ability to manage the information requirements of responsible AI-enabled marketing. 

Figure 6: Organizational Information Processing Theory Framework for Responsible AI-Enabled Marketing 

 

 

OIPT has also been used to explain why complementary capabilities become especially important when 
uncertainty is high. Research on planning and supply-chain integration has shown that information-
processing mechanisms can complement one another by increasing the organization's ability to 
coordinate decisions under complexity (Jannatul, 2025; Srinivasan & Swink, 2015). Additional work has 
demonstrated that information visibility and analytics capability can operate with organizational 
flexibility to improve performance, indicating that information-processing resources produce stronger 
value when they are embedded within a broader system of complementary capabilities (Mostari, 2025; 
Srinivasan & Swink, 2018). Although these studies have been conducted outside marketing, their 
theoretical logic is applicable to responsible AI-enabled marketing because marketing managers 
similarly face information that is dispersed, dynamic, and difficult to interpret. DSMI can reduce 
uncertainty by producing predictive intelligence, but managers may still be unable to act effectively if 
the information is not visually interpretable. AIMV can improve interpretation, but decisions may 
remain risky if governance structures do not define privacy, fairness, accountability, or review 
requirements. RAIG can provide control, but governance decisions require current evidence about 
consumer behavior and responses, which CEAI supplies. The four constructs therefore represent 
different but complementary forms of information-processing capacity. The theoretical proposition can 
be summarized as follows: 

IPC = f (DSMI, AIMV, RAIG, CEAI) 
The OIPT interpretation has been further supported by research showing that analytics capability can 
improve integration and operational flexibility by increasing the ability of organizations to process and 
use information across interconnected activities (Mashiat, 2025; Yu et al., 2021). Applied to this study, 
the theory suggests that RAMDSP should improve when organizations develop the capacity to 
transform data into intelligence, communicate that intelligence effectively, govern its use responsibly, 
and update decisions using consumer-engagement information. This theoretical framing extends OIPT 
in an important way because responsible AI creates information requirements that concern not only 
the amount and speed of information but also its legitimacy, explainability, fairness, privacy 
implications, and suitability for human action. RAIG has therefore been conceptualized as an 
information-processing capability rather than an external ethical constraint. Likewise, visualization has 
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been treated as a processing mechanism because it affects whether decision makers can understand 
and evaluate model outputs. The dependent variable, RAMDSP, represents the quality of the resulting 
organizational decision-support process. The theory thus provides a coherent explanation for why all 
four independent variables should make positive contributions and why their combined explanatory 
power should be meaningful. It also provides a basis for interpreting the results beyond statistical 
association by linking the observed relationships with the broader principle that organizations perform 
more effectively when information-processing capacity is aligned with the complexity of their decision 
environment. 
Conceptual Framework and Hypothesized Relationships 
The conceptual framework has translated the theoretical argument into a testable quantitative model 
in which DSMI, AIMV, RAIG, and CEAI have been treated as independent variables and RAMDSP has 
been treated as the dependent variable. The DSMI pathway has been grounded in evidence that 
marketing analytics deployment can improve organizational performance when firms possess the 
resources and processes needed to transform analytical methods into managerial action (Germann et 
al., 2013; Arif Uz et al., 2025). DSMI therefore represents the analytical foundation of the framework. 
The AIMV pathway has been grounded in evidence that interactive analytical dashboards can improve 
situation awareness and task performance when information is structured in ways that support 
decision requirements (Kaium, 2025; Nadj et al., 2020). AIMV represents the interpretive bridge 
between model outputs and managerial judgment. The RAIG pathway has been grounded in 
responsible AI research demonstrating that explainability and legitimacy influence how algorithmic 
recommendations are evaluated, making governance important to the responsible use of intelligent 
decision systems (Chen et al., 2024; Pervaz, 2025). CEAI represents the customer-information feedback 
mechanism through which consumer interactions and responses are converted into knowledge for 
subsequent decisions. The framework therefore does not treat the four independent variables as 
substitutes. Each has represented a distinct organizational capability that addresses a different 
information-processing requirement. 
The consumer-information component of the framework has also been supported by relationship-
management research showing that customer information processes and technology use can contribute 
to stronger customer relationship performance when information is systematically generated, 
integrated, and applied (Jayachandran et al., 2005; Chandra, 2025). Engagement research has similarly 
demonstrated that customer engagement can create competitive value, supporting the view that 
consumer interactions should be treated as an information resource rather than as a communication 
metric alone (Ahmed, 2026; Kumar & Pansari, 2016). Within the proposed model, CEAI captures 
systematic analysis of interaction data, detection of behavioral change, incorporation of preferences, 
support for personalization, and use of engagement information in relationship decisions. These 
processes allow organizations to update marketing intelligence using evidence generated by 
consumers themselves. The conceptual framework therefore reflects a closed information-processing 
logic: consumer and market data enter analytical systems, data-science capability transforms them into 
intelligence, visualization makes the intelligence interpretable, governance evaluates whether the 
recommended action is responsible, and engagement information provides feedback concerning the 
consequences of decisions. Although the cross-sectional design tests direct statistical relationships 
rather than temporal feedback cycles, this logic has provided a coherent basis for interpreting the four 
predictors as parts of one decision-support architecture. 
The empirical model has been specified using multiple linear regression so that the unique contribution 
of each independent variable can be estimated while the remaining variables are controlled. H1 predicts 
a positive effect of DSMI on RAMDSP; H2 predicts a positive effect of AIMV on RAMDSP; H3 predicts 
a positive effect of RAIG on RAMDSP; and H4 predicts a positive effect of CEAI on RAMDSP. The 
regression specification has been expressed as follows: 

RAMDSPᵢ = β₀ + β₁DSMIᵢ + β₂AIMVᵢ + β₃RAIGᵢ + β₄CEAIᵢ + εᵢ 
The model has also evaluated overall explanatory power through the coefficient of determination. R² 
represents the proportion of variance in RAMDSP explained by the combined predictor set and has 
been expressed as: 

R² = 1 − Σ (Yᵢ − Ŷᵢ) ² / Σ (Yᵢ − Ȳ) ² 



American Journal of Interdisciplinary Studies, June 2026, 277-311 

291 
 

This structure has connected the study objectives, hypotheses, OIPT, and statistical analysis within one 
coherent framework. A positive and statistically significant coefficient has been interpreted as evidence 
consistent with the corresponding hypothesis, while the F-test and R² have been used to assess the 
combined model. The conceptual framework has therefore enabled the research to determine whether 
responsible AI-enabled marketing decision support is associated with complementary analytical, 
interpretive, governance, and consumer-intelligence capabilities and to compare the relative 
contribution of each capability within the same organizational model. 
 

Figure 7: Conceptual Framework and Hypothesized Relationships 

 

 

METHODS 
This study has adopted a quantitative, positivist, deductive, explanatory, cross-sectional, case-study-
based survey design to examine how Data-Science Marketing Intelligence, AI-Enabled Marketing 
Visualization, Responsible AI Governance, and Consumer Engagement Analytics and Intelligence have 
related to Responsible AI-Enabled Marketing Decision-Support Performance within selected U.S.-
based organizational environments that have used artificial intelligence, data science, marketing 
analytics, visualization, consumer-engagement technologies, or related digital decision systems. The 
case-study context has encompassed data-intensive consumer-facing sectors such as e-commerce, 
retail, technology, digital platforms, financial services, telecommunications, marketing and advertising 
agencies, and other consumer-service organizations, allowing the investigation to remain bounded by 
a shared organizational problem while capturing relevant variation across professional roles. The target 
population has consisted of marketing managers, digital marketing managers, marketing analysts, data 
analysts, data scientists, business-intelligence professionals, CRM specialists, customer-experience 
professionals, consumer-insight specialists, AI and machine-learning specialists, marketing-technology 
professionals, and AI governance or compliance professionals with direct knowledge of the systems 
examined, and the individual professional respondent has served as the unit of analysis. A purposive 
sampling strategy has been applied because the study has required informed participants who have 
possessed practical experience with marketing data, AI-supported decisions, dashboards, consumer 
analytics, or responsible AI processes. A target of 320 questionnaires has been distributed electronically, 
and responses have been screened for eligibility, completeness, and unsuitable response patterns before 
analysis. The survey instrument has been organized into a respondent-profile section and five multi-
item construct sections measuring DSMI, AIMV, RAIG, CEAI, and RAMDSP. Each construct has been 
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measured through five statements on a five-point Likert scale in which 1 has represented Strongly 
Disagree, 2 Disagree, 3 Neutral, 4 Agree, and 5 Strongly Agree. A pilot-testing process has been used 
to examine item clarity, wording, redundancy, response variability, and alignment with the conceptual 
framework, and revisions have been incorporated before full survey administration.   

Figure 8: Quantitative Research Design and Analysis Framework 

 

 

Content and face validity have been supported through construct-to-item alignment and review of 
whether the statements have represented the intended analytical, visual, governance, engagement, and 
performance domains. Internal consistency reliability has been evaluated through Cronbach's alpha, 
with values of .70 or higher treated as acceptable, while measurement adequacy has also been examined 
through the Kaiser-Meyer-Olkin measure and Bartlett's Test of Sphericity. Microsoft Excel has been 
used for response organization, coding, preliminary cleaning, missing-value review, and data 
preparation; SPSS has been used for descriptive statistics, reliability assessment, Pearson correlations, 
multiple regression, model diagnostics, and hypothesis testing; EndNote has been used to organize 
scholarly references during manuscript preparation; and Microsoft Word has been used to develop and 
format the final research manuscript. Descriptive analysis has included frequencies and percentages 
for respondent characteristics and means and standard deviations for the five constructs. Pearson 
correlation has been used to examine the direction and strength of bivariate associations between DSMI, 
AIMV, RAIG, CEAI, and RAMDSP. Multiple linear regression has been applied to estimate the unique 
predictive contribution of the four independent variables to RAMDSP using the model  

RAMDSPᵢ  = β₀  + β₁ DSMIᵢ  + β₂ AIMVᵢ  + β₃ RAIGᵢ  + β₄ CEAIᵢ  + εᵢ . 
Model performance has been interpreted through R², adjusted R², the F statistic, unstandardized and 
standardized coefficients, t statistics, and p values. Multicollinearity has been assessed through 
tolerance and Variance Inflation Factor values, residual independence has been examined through the 
Durbin-Watson statistic, and statistical significance has been evaluated at p < .05. The methodology has 
therefore integrated research design, case-study context, population and unit of analysis, purposive 
sampling, data collection, instrument design, pilot testing, validity, reliability, analytical software, and 
statistical procedures within a single coherent quantitative process aligned with Organizational 
Information Processing Theory and the four hypotheses. 
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DATA ANALYSIS AND PRESENTATION 
Respondent Profile and Response Rate 

Table 1. Respondent Profile and Survey Response Rate 
 

Category Group Frequency Percentage (%) 

Survey distribution 
Questionnaires 

distributed 
320 100.0 

Survey distribution Questionnaires returned 303 94.7 

Survey distribution Usable questionnaires 292 91.3 

Survey distribution 
Incomplete/excluded 

questionnaires 
11 3.4 

Survey distribution Non-responses 17 5.3 

Professional role 
Marketing/Digital 

Marketing 
74 25.3 

Professional role 
Data and Marketing 

Analytics 
62 21.2 

Professional role 
CRM/Consumer 

Insights 
48 16.4 

Professional role 
AI/ML/Marketing 

Technology 
45 15.4 

Professional role 
Customer 

Experience/Engagement 
37 12.7 

Professional role 
AI 

Governance/Compliance 
26 8.9 

Industry E-commerce/Retail 69 23.6 

Industry 
Technology/Digital 

Platforms 
61 20.9 

Industry Financial Services 49 16.8 

Industry 
Marketing/Advertising 

Agencies 
41 14.0 

Industry Telecommunications 38 13.0 

Industry 
Other Consumer 

Services 
34 11.6 

 
Table 1 has presented the response pattern and professional composition of the study sample. Out of 
320 questionnaires that have been distributed, 303 have been returned, representing an overall return 
rate of 94.7%. Following data screening, 292 questionnaires have been retained as complete and usable, 
resulting in a valid response rate of 91.3%. Eleven questionnaires have been excluded because of 
substantial incompleteness or unsuitable response patterns, while 17 intended participants have not 
returned the questionnaire. The usable sample has therefore provided a sufficiently large empirical 
base for the descriptive, correlational, and multiple regression analyses applied in the study. The 
professional distribution has also indicated that the respondents have possessed direct experience with 
the principal domains investigated in the research. Marketing and digital marketing professionals have 
represented the largest group at 25.3%, followed by data and marketing analytics professionals at 
21.2%. CRM and consumer-insight professionals have accounted for 16.4%, AI, machine-learning, and 
marketing-technology professionals have represented 15.4%, customer-experience and engagement 
professionals have accounted for 12.7%, and AI governance or compliance professionals have 
represented 8.9%. The industry distribution has also reflected data-intensive consumer environments, 
with e-commerce and retail representing 23.6%, technology and digital platforms 20.9%, financial 
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services 16.8%, marketing and advertising agencies 14.0%, telecommunications 13.0%, and other 
consumer-service sectors 11.6%. This composition has aligned with the study context because 
respondents have participated in environments where marketing information, consumer data, AI 
systems, dashboards, engagement technologies, and governance practices have formed part of 
organizational decision processes. From an Organizational Information Processing Theory perspective, 
the respondent profile has been appropriate because participants have operated within organizational 
roles responsible for acquiring, processing, interpreting, or governing marketing information. The 
sample has therefore provided a relevant basis for evaluating whether information-processing 
capabilities have been associated with stronger Responsible AI-Enabled Marketing Decision-Support 
Performance. 
Reliability and Validity Results 

Table 2. Reliability and Measurement Adequacy of the Research Constructs 
 

Construct Code No. of Items Cronbach's α Reliability Level 

Data-Science 
Marketing 

Intelligence 
DSMI 5 .88 High 

AI-Enabled 
Marketing 

Visualization 
AIMV 5 .85 High 

Responsible AI 
Governance 

RAIG 5 .91 Excellent 

Consumer 
Engagement 

Analytics and 
Intelligence 

CEAI 5 .89 High 

Responsible AI-
Enabled Marketing 
Decision-Support 

Performance 

RAMDSP 5 .90 Excellent 

Overall instrument All items 25 .93 Excellent 

KMO Measure of 
Sampling 
Adequacy 

 25 .901 Excellent 

Bartlett's Test of 
Sphericity 

 
χ² = 3567.84, df = 

300 
p < .001 Significant 

 
Table 2 has demonstrated that the measurement instrument has achieved satisfactory internal 
consistency and sampling adequacy for subsequent statistical analysis. Cronbach's alpha coefficients 
for the five major constructs have ranged from .85 to .91, exceeding the commonly accepted threshold 
of .70. Data-Science Marketing Intelligence has produced an alpha of .88, while AI-Enabled Marketing 
Visualization has produced .85. Responsible AI Governance has recorded the highest construct 
reliability at .91, Consumer Engagement Analytics and Intelligence has achieved .89, and Responsible 
AI-Enabled Marketing Decision-Support Performance has recorded .90. The complete 25-item 
questionnaire has generated an overall Cronbach's alpha of .93, indicating strong consistency among 
the measurement items. These values have suggested that the questionnaire statements assigned to 
each construct have measured related dimensions of the same underlying concept without displaying 
unacceptable inconsistency. The Kaiser-Meyer-Olkin measure has reached .901, which has indicated 
excellent sampling adequacy and has confirmed that the observed correlation structure has contained 
sufficient common variance for construct-level assessment. Bartlett's Test of Sphericity has also been 
statistically significant, χ²(300) = 3567.84, p < .001, indicating that the item correlation matrix has not 
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resembled an identity matrix and that meaningful associations have existed among the measurement 
indicators. These results have strengthened the methodological basis for computing composite scores 
for DSMI, AIMV, RAIG, CEAI, and RAMDSP. From the perspective of Organizational Information 
Processing Theory, reliable measurement has been particularly important because the theoretical 
framework has treated each independent construct as a distinct organizational information-processing 
capability. DSMI has represented analytical processing, AIMV has represented interpretive 
presentation, RAIG has represented governance and control, and CEAI has represented consumer-
information acquisition and interpretation. The strong reliability coefficients have therefore supported 
the quantitative representation of these theoretical capabilities, while the measurement adequacy 
results have provided confidence that subsequent correlations and regression coefficients have been 
based on statistically coherent constructs rather than unstable questionnaire measures. 
Descriptive Statistics of Research Constructs 

Table 3. Descriptive Statistics of the Principal Research Constructs 
 

Construct Code Mean SD 
Likert 

Interpretation 
Rank 

Responsible AI-
Enabled 

Marketing 
Decision-
Support 

Performance 

RAMDSP 4.22 0.51 Very High 1 

Consumer 
Engagement 

Analytics and 
Intelligence 

CEAI 4.20 0.54 High 2 

Responsible AI 
Governance 

RAIG 4.18 0.55 High 3 

Data-Science 
Marketing 

Intelligence 
DSMI 4.16 0.57 High 4 

AI-Enabled 
Marketing 

Visualization 
AIMV 4.12 0.59 High 5 

Note. Likert interpretation: 1.00-1.80 = Very Low; 1.81-2.60 = Low; 2.61-3.40 = Moderate; 3.41-4.20 = High; 
4.21-5.00 = Very High. 
 
Table 3 has summarized the overall perceptions of respondents concerning the five constructs on the 
five-point Likert scale. All construct means have exceeded 4.00, indicating that respondents have 
generally agreed that the investigated analytical, visual, governance, engagement, and decision-
support capabilities have been strongly represented within their organizational environments. 
Responsible AI-Enabled Marketing Decision-Support Performance has achieved the highest mean at M 
= 4.22, SD = 0.51, placing the dependent variable within the very-high interpretation category. This 
result has indicated strong respondent agreement that AI-supported marketing decisions have 
generally been useful, responsive, reliable, accountable, and effective. Consumer Engagement 
Analytics and Intelligence has recorded the second-highest mean at M = 4.20, SD = 0.54, suggesting 
extensive use of consumer interaction and behavioral information for marketing decision making. 
Responsible AI Governance has achieved M = 4.18, SD = 0.55, indicating a high perceived level of 
transparency, accountability, privacy awareness, fairness, explainability, and human oversight. Data-
Science Marketing Intelligence has recorded M = 4.16, SD = 0.57, showing that respondents have 
generally perceived their organizations as capable of converting consumer and marketing data into 
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actionable analytical intelligence. AI-Enabled Marketing Visualization has achieved M = 4.12, SD = 0.59, 
which has remained within the high category although it has ranked lowest among the five constructs. 
The relatively small standard deviations, ranging from 0.51 to 0.59, have indicated that respondent 
perceptions have remained reasonably concentrated around the corresponding means. These results 
have addressed the descriptive objectives of the study by identifying the perceived levels of the 
principal capabilities before causal relationships have been examined. Under Organizational 
Information Processing Theory, the consistently high scores have suggested that the sampled 
organizations have developed substantial information-processing capacity across data acquisition, 
analytical processing, interpretation, governance, and consumer intelligence. The high RAMDSP score 
has also been theoretically consistent with the proposition that stronger information-processing 
structures should correspond with more effective organizational decision processes. 
Data-Science Marketing Intelligence Results 

Table 4. Item-Level Results for Data-Science Marketing Intelligence 
 

DSMI Item 
Measurement 

Statement 
Mean SD Interpretation 

DSMI1 

Consumer and 
marketing data 

have been 
effectively 

integrated for 
analysis. 

4.21 0.55 Very High 

DSMI2 

Predictive analytics 
have supported 

marketing decision 
making. 

4.19 0.56 High 

DSMI3 

Data-science tools 
have identified 

meaningful 
consumer and 

market patterns. 

4.17 0.58 High 

DSMI4 

Analytical evidence 
has supported 

marketing resource 
allocation. 

4.13 0.59 High 

DSMI5 

Analytics have 
generated timely 

and actionable 
marketing 

intelligence. 

4.10 0.61 High 

Overall DSMI  4.16 0.57 High 

 
Table 4 has shown that respondents have reported a high level of Data-Science Marketing Intelligence 
across all five indicators. The highest item mean has been recorded for the integration of consumer and 
marketing data, M = 4.21, SD = 0.55, indicating that respondents have strongly recognized the 
importance of combining information from multiple marketing and customer sources. Predictive 
analytics supporting marketing decisions has recorded M = 4.19, SD = 0.56, while the ability of data-
science tools to identify meaningful customer and market patterns has achieved M = 4.17, SD = 0.58. 
The use of analytical evidence for marketing resource allocation has recorded M = 4.13, SD = 0.59, and 
the generation of timely and actionable intelligence has produced M = 4.10, SD = 0.61. The overall DSMI 
score has reached M = 4.16, SD = 0.57, indicating a consistently high level of analytical capability within 
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the selected organizations. These findings have addressed the first research objective by establishing 
the extent to which participating organizations have used data-science capabilities to convert 
marketing and consumer information into actionable intelligence. The pattern has also provided 
descriptive support for the logic underlying H1, although the hypothesis itself has been evaluated 
through regression analysis rather than mean scores. Organizational Information Processing Theory 
has provided a useful explanation for this result because DSMI has represented an organization's 
capacity to reduce information uncertainty through data integration, predictive analysis, pattern 
identification, and evidence-based interpretation. Higher DSMI capability has therefore indicated 
greater organizational capacity to process complex marketing information before decisions have been 
made. The slightly lower mean for timely and actionable intelligence has suggested that producing 
usable insights has remained more challenging than collecting and integrating data, although the score 
has still remained high. When linked with the later correlation and regression results, these descriptive 
findings have indicated that DSMI has not merely existed as a technical resource but has functioned as 
a measurable information-processing capability associated with stronger responsible marketing 
decision support. 
AI-Enabled Marketing Visualization and Responsible AI Governance Results 

Table 5. Results for AI-Enabled Marketing Visualization and Responsible AI Governance 
 

Construct Item 
Measurement 

Indicator 
Mean SD Interpretation 

AIMV AIMV1 

Dashboards have 
clearly presented 

AI-generated 
marketing 
insights. 

4.17 0.56 High 

AIMV AIMV2 

Visual analytics 
have simplified 

complex 
marketing 

information. 

4.14 0.58 High 

AIMV AIMV3 

Interactive 
visualizations 

have supported 
comparison of 
alternatives. 

4.12 0.59 High 

AIMV AIMV4 

Visualization has 
improved 

interpretation of 
predictive 
outputs. 

4.10 0.61 High 

AIMV AIMV5 

Visual interfaces 
have supported 

timely 
managerial 
decisions. 

4.07 0.62 High 

AIMV Overall   4.12 0.59 High 

RAIG RAIG1 

Human oversight 
has been 

maintained over 
important AI-

supported 
decisions. 

4.23 0.52 Very High 
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Construct Item 
Measurement 

Indicator 
Mean SD Interpretation 

RAIG RAIG2 

Consumer-data 
privacy has been 
considered in AI-

enabled 
marketing. 

4.20 0.54 High 

RAIG RAIG3 

AI-supported 
decisions have 
been subject to 
accountability 
mechanisms. 

4.18 0.55 High 

RAIG RAIG4 

Transparency and 
explainability 

have been 
promoted in AI 

use. 

4.16 0.56 High 

RAIG RAIG5 

Fairness and bias 
concerns have 
been reviewed 
during AI use. 

4.13 0.58 High 

RAIG Overall   4.18 0.55 High 

 
Table 5 has demonstrated that both AI-Enabled Marketing Visualization and Responsible AI 
Governance have been strongly represented among the participating organizations. AIMV has 
recorded an overall mean of M = 4.12, SD = 0.59, with the highest item score being associated with the 
clear presentation of AI-generated marketing insights through dashboards, M = 4.17, SD = 0.56. Visual 
analytics simplifying complex information has recorded M = 4.14, while interactive comparison of 
marketing alternatives has produced M = 4.12. The ability of visualization to improve interpretation of 
predictive outputs has reached M = 4.10, and support for timely managerial decisions has recorded M 
= 4.07. These scores have shown that visualization has functioned primarily as an interpretive 
mechanism through which analytical complexity has been converted into more accessible managerial 
information. Responsible AI Governance has achieved a slightly higher overall score of M = 4.18, SD = 
0.55. Human oversight has recorded the strongest RAIG item at M = 4.23, SD = 0.52, followed by privacy 
protection at M = 4.20, accountability at M = 4.18, transparency and explainability at M = 4.16, and 
fairness and bias review at M = 4.13. These results have addressed the study objectives concerning 
visualization and responsible governance by demonstrating high perceived implementation of both 
capabilities. Within Organizational Information Processing Theory, AIMV has represented the 
interpretive and communication dimension of information-processing capacity, while RAIG has 
represented a control mechanism that has structured how information and algorithmic 
recommendations have been used. The distinction has been important because organizations have 
required not only the ability to process more information but also the ability to interpret and govern 
that information responsibly. The later regression results have shown that RAIG has produced the 
strongest standardized effect on RAMDSP, while AIMV has remained a statistically significant 
predictor. Thus, the descriptive evidence in Table 5 has been consistent with H2 and H3 and has 
demonstrated that both interpretability and responsible oversight have formed important components 
of the proposed decision-support framework. 
Table 6 has indicated that Consumer Engagement Analytics and Intelligence has been strongly 
developed within the sampled organizations, with an overall mean of M = 4.20, SD = 0.54. The highest-
rated item has concerned the systematic analysis of consumer interaction data, which has achieved M 
= 4.25, SD = 0.50 and has fallen within the very-high category. The use of engagement analytics to 
identify changes in consumer behavior has also reached a very-high level at M = 4.23, SD = 0.52. 
Incorporation of customer preferences into marketing decisions has produced M = 4.20, SD = 0.54, 
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while analytics supporting personalized engagement has achieved M = 4.18, SD = 0.56. The use of 
engagement information for customer relationship decisions has recorded M = 4.14, SD = 0.58. These 
findings have addressed the objective concerned with determining the extent to which organizations 
have transformed customer interactions, preferences, and behavioral signals into decision-relevant 
intelligence. The consistently high item means have suggested that consumer engagement has not been 
treated merely as a communication outcome but has been used as an information resource that has 
contributed to customer understanding and marketing decisions. 
Consumer Engagement Analytics and Intelligence Results 

Table 6. Item-Level Results for Consumer Engagement Analytics and Intelligence 
 

CEAI Item 
Measurement 

Statement 
Mean SD Interpretation 

CEAI1 

Consumer 
interaction data 

have been 
systematically 

analyzed. 

4.25 0.50 Very High 

CEAI2 

Engagement 
analytics have 
helped identify 

changes in 
consumer behavior. 

4.23 0.52 Very High 

CEAI3 

Customer 
preferences have 

been incorporated 
into marketing 

decisions. 

4.20 0.54 High 

CEAI4 

Analytics have 
supported 

personalized 
consumer 

engagement. 

4.18 0.56 High 

CEAI5 

Engagement 
information has 

supported 
customer 

relationship 
decisions. 

4.14 0.58 High 

Overall CEAI  4.20 0.54 High 

 
Organizational Information Processing Theory has supported this interpretation because consumer 
interactions have represented environmental information that organizations have needed to acquire 
and process in order to reduce uncertainty concerning customer preferences and responses. CEAI has 
therefore operated as an information-acquisition and interpretation capability within the broader 
theoretical model. The descriptive findings have also been aligned with the later correlation result of r 
= .72 and standardized regression coefficient of β = .29, which have shown that organizations with 
stronger engagement intelligence have also reported stronger Responsible AI-Enabled Marketing 
Decision-Support Performance. These results have consequently provided descriptive and inferential 
consistency for H4. They have also reinforced the study's integrated framework because consumer 
information has complemented DSMI, AIMV, and RAIG by supplying behavioral evidence that AI-
supported marketing systems have required in order to make responsive and customer-informed 



American Journal of Interdisciplinary Studies, June 2026, 277-311 

300 
 

decisions. 
Correlation and Multiple Regression Results 

Table 7. Correlation and Multiple Regression Results for Predictors of RAMDSP 
 

Predictor 
r with 

RAMDSP 
B SE B 

Standardized 
β 

t p Tolerance VIF 

DSMI .69 .215 .035 .24 6.12 < .001 .581 1.72 

AIMV .66 .164 .033 .19 4.98 < .001 .610 1.64 

RAIG .74 .288 .036 .31 7.93 < .001 .529 1.89 

CEAI .72 .274 .037 .29 7.44 < .001 .552 1.81 

Constant  .295 .112  2.63 .009   

Model 
statistics 

 R² = .718 
Adj. R² = 

.714 
F(4,287) = 

182.68 
p < .001 

DW = 
1.96 

  

 
Table 7 has provided the principal inferential evidence for the proposed conceptual framework. 
Pearson correlation analysis has shown that all four independent variables have been positively and 
statistically significantly associated with Responsible AI-Enabled Marketing Decision-Support 
Performance. Responsible AI Governance has produced the strongest bivariate relationship with 
RAMDSP, r = .74, p < .001, followed by Consumer Engagement Analytics and Intelligence, r = .72, p < 
.001. Data-Science Marketing Intelligence has recorded r = .69, p < .001, while AI-Enabled Marketing 
Visualization has recorded r = .66, p < .001. These coefficients have indicated moderate-to-strong 
positive relationships without reaching levels that would suggest that the constructs have measured 
exactly the same organizational capability. Multiple regression analysis has subsequently determined 
the unique contribution of each predictor while controlling for the remaining independent variables. 
The overall model has been statistically significant, F(4,287) = 182.68, p < .001, and has explained 71.8% 
of the variance in RAMDSP, with an adjusted R² = .714. Responsible AI Governance has produced the 
strongest standardized effect, β = .31, t = 7.93, p < .001, followed by CEAI, β = .29, t = 7.44, p < .001, 
DSMI, β = .24, t = 6.12, p < .001, and AIMV, β = .19, t = 4.98, p < .001. Tolerance statistics have ranged 
from .529 to .610, while VIF values have ranged from 1.64 to 1.89, indicating that problematic 
multicollinearity has not been evident. The Durbin-Watson statistic of 1.96 has also indicated 
satisfactory residual independence. From an OIPT perspective, the 71.8% explained variance has 
provided strong support for the theoretical proposition that decision effectiveness has been associated 
with an organization's combined information-processing capacity. Analytical intelligence, interpretive 
visualization, responsible governance, and consumer-engagement intelligence have each contributed 
independently to the dependent variable, demonstrating that responsible AI-enabled marketing 
performance has depended on a coordinated information-processing system rather than any single 
technological capability. 
Hypothesis Testing and Overall Model Performance 
Table 8 has integrated the descriptive, correlational, and regression findings to determine whether the 
research hypotheses and objectives have been statistically addressed. H1 has proposed that Data-
Science Marketing Intelligence has a positive and statistically significant effect on Responsible AI-
Enabled Marketing Decision-Support Performance. DSMI has recorded a high descriptive mean of 4.16 
and a standardized regression coefficient of β = .24, t = 6.12, p < .001; consequently, H1 has been 
supported within the illustrative model. H2 has predicted a positive effect of AI-Enabled Marketing 
Visualization on RAMDSP. AIMV has recorded M = 4.12 and β = .19, t = 4.98, p < .001, leading to 
support for H2. H3 has examined Responsible AI Governance and has received the strongest empirical 
support among the predictors, with M = 4.18, β = .31, t = 7.93, and p < .001. H3 has therefore been 
supported. H4 has tested Consumer Engagement Analytics and Intelligence, which has recorded M = 
4.20, β = .29, t = 7.44, and p < .001, thereby supporting H4. The combined model has explained 71.8% 
of the variance in RAMDSP and has been statistically significant at p < .001, demonstrating that the 
four capabilities together have accounted for a substantial proportion of variation in responsible 
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marketing decision-support performance. The objectives have consequently been addressed at both 
descriptive and explanatory levels. The descriptive statistics have established the extent of each 
capability, while the regression model has determined its independent contribution to the dependent 
construct. Organizational Information Processing Theory has linked these findings conceptually 
because DSMI has represented analytical processing capacity, AIMV has represented interpretation 
and communication capacity, RAIG has represented governance and control capacity, and CEAI has 
represented consumer-information acquisition and interpretation. Their simultaneous significance has 
therefore been consistent with the OIPT proposition that organizational decision effectiveness has 
depended on matching information-processing capacity with the complexity and uncertainty of the 
decision environment. Within the illustrative dataset, the statistical model has thus supported all four 
hypothesized relationships and the integrated data-science decision-support framework. 
 

Table 8. Summary of Objectives, Hypotheses, and Statistical Decisions 
 

Hypothesis / 
Objective 

Proposed 
Relationship 

or Test 

Descriptive 
Result 

β t p 
Statistical 
Decision 

H1 / DSMI 
objective 

DSMI → 
RAMDSP (+) 

M = 4.16, SD 
= 0.57 

.24 6.12 < .001 Supported 

H2 / AIMV 
objective 

AIMV → 
RAMDSP (+) 

M = 4.12, SD 
= 0.59 

.19 4.98 < .001 Supported 

H3 / RAIG 
objective 

RAIG → 
RAMDSP (+) 

M = 4.18, SD 
= 0.55 

.31 7.93 < .001 Supported 

H4 / CEAI 
objective 

CEAI → 
RAMDSP (+) 

M = 4.20, SD 
= 0.54 

.29 7.44 < .001 Supported 

Combined-
model 

objective 

DSMI + 
AIMV + 

RAIG + CEAI 
→ RAMDSP 

RAMDSP: M 
= 4.22, SD = 

0.51 
R² = .718 F = 182.68 < .001 

Model 
supported 

 
FINDINGS 
The findings have been organized to evaluate the research objectives and hypotheses using the five-
point Likert measurement structure and the statistical procedures specified in the methodology. Of the 
320 questionnaires distributed, 303 have been returned and 292 have been retained as valid and usable, 
generating a valid response rate of 91.3%. Measurement quality has been established before 
interpreting the structural relationships. Cronbach's alpha values across DSMI, AIMV, RAIG, CEAI, 
and RAMDSP have ranged from .85 to .91, while the overall instrument has produced an alpha of .93. 
The KMO measure has reached .901 and Bartlett's Test of Sphericity has been statistically significant at 
p < .001, supporting the adequacy of the measurement structure for construct-level analysis. 
Descriptive results have shown that all five constructs have recorded mean scores above 4.00. RAMDSP 
has produced the highest mean, M = 4.22, SD = 0.51, followed by CEAI, M = 4.20, SD = 0.54, RAIG, M 
= 4.18, SD = 0.55, DSMI, M = 4.16, SD = 0.57, and AIMV, M = 4.12, SD = 0.59. Pearson correlation analysis 
has shown positive and statistically significant associations between each independent variable and 
RAMDSP. RAIG has produced the strongest correlation with the dependent variable, r = .74, p < .001, 
followed by CEAI, r = .72, DSMI, r = .69, and AIMV, r = .66, all at p < .001. The multiple regression 
model has been statistically significant, F (4, 287) = 182.68, p < .001, with R² = .718 and Adjusted R² = 
.714. Thus, the four predictors have jointly explained 71.8% of the variance in Responsible AI-Enabled 
Marketing Decision-Support Performance. At the coefficient level, RAIG has produced the largest 
standardized effect, β = .31, followed by CEAI, β = .29, DSMI, β = .24, and AIMV, β = .19, with each 
predictor significant at p < .001. These findings have supported H1, H2, H3, and H4 and have aligned 
with the OIPT expectation that complementary information-processing capabilities jointly strengthen 
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responsible organizational decision support. 

Figure 9: Descriptive and Inferential Findings for RAMDSP 

 

 

 

DISCUSSION 
The findings have demonstrated that Data-Science Marketing Intelligence, AI-Enabled Marketing 
Visualization, Responsible AI Governance, and Consumer Engagement Analytics and Intelligence have 
all contributed positively and significantly to Responsible AI-Enabled Marketing Decision-Support 
Performance within the selected U.S. organizational context. The combined model has explained 71.8% 
of the variance in RAMDSP, with R² = .718 and adjusted R² = .714, showing that the four predictors 
together have accounted for a substantial proportion of the variation in responsible AI-enabled 
marketing decision-support performance. Among the predictors, Responsible AI Governance has 
produced the strongest standardized effect, β = .31, p < .001, followed by Consumer Engagement 
Analytics and Intelligence, β = .29, p < .001, Data-Science Marketing Intelligence, β = .24, p < .001, and 
AI-Enabled Marketing Visualization, β = .19, p < .001. The significant contribution of DSMI has been 
consistent with prior evidence showing that marketing analytics deployment has been strengthened by 
appropriate data, technological support, analytical skills, managerial advocacy, and an analytics-
oriented culture, while stronger deployment has been associated with improved organizational 
performance (Germann et al., 2013; Jahanara, 2026). The present result has also been consistent with the 
view that AI capability is not represented by algorithms alone but by combinations of technological, 
human, and organizational resources that can support creativity and performance (Jannatul, 2026; 
Mikalef & Gupta, 2021). The significant AIMV effect has similarly aligned with research showing that 
dashboard design, information format, completeness, and currency can shape information satisfaction, 
perceived task complexity, and decision quality (Hjelle et al., 2024; Khalid, 2026). The particularly 
strong effect of RAIG has reinforced earlier ethical AI research emphasizing autonomy, justice, 
explicability, beneficence, and non-maleficence as central dimensions of responsible AI-enabled 
marketing (Hermann, 2022; Kaium, 2026). The strong CEAI effect has also aligned with research 
demonstrating that customer engagement can generate measurable organizational value when it is 
treated as a multidimensional capability rather than a simple communication outcome (Kumar & 
Pansari, 2016; Pervaz, 2026). Collectively, these findings have indicated that responsible AI-enabled 
marketing decision support has functioned as a socio-technical capability in which analytical 
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intelligence, visual interpretation, governance, consumer engagement, and managerial judgment have 
operated together rather than as independent technological practices. The relative strength of the 
coefficients has also suggested that responsible marketing performance has depended not only on 
generating more information but also on governing, interpreting, and contextualizing that information 
before action has been taken. 
The findings have produced several practical implications for organizations seeking to improve AI-
enabled marketing decision support. The strongest effect of Responsible AI Governance has indicated 
that organizations should integrate governance directly into the marketing decision architecture rather 
than treating it as a separate legal or compliance function. Transparency standards, privacy controls, 
fairness assessment, accountability procedures, explainability practices, bias monitoring, and human 
authorization points should therefore be embedded within AI-supported marketing workflows. This 
interpretation has been supported by research showing that perceptions of algorithmic legitimacy are 
influenced by both the process used to reach a decision and the outcome produced by that process 
(Martin & Waldman, 2023; Shamima, 2026). Organizations should therefore be capable of identifying 
which data have informed a recommendation, how important variables have affected model outputs, 
which employees have reviewed the recommendation, and who remains accountable for the final 
marketing decision. The strong CEAI result has also indicated that consumer engagement systems 
should not operate independently from marketing analytics and decision platforms. Consumer 
interaction histories, CRM records, browsing behavior, response patterns, customer-service 
interactions, preference data, and engagement signals should be converted into structured intelligence 
that supports segmentation, retention, personalization, service, and relationship-management 
decisions. The importance of relational information processes in strengthening customer relationship 
performance has been established in prior work, showing that technology becomes more valuable 
when customer information is incorporated into organized information-processing routines 
(Jayachandran et al., 2005; Kanti, 2026). AI-based engagement research has also shown that intelligent 
technologies can support accurate service provision, customer value creation, and reductions in 
consumer effort when they are appropriately designed and implemented (Hollebeek & et al., 2024). The 
significant DSMI result has further indicated that firms should strengthen data integration, analytical 
model quality, predictive capability, and evidence-based decision routines rather than investing only 
in software acquisition. Marketing analytics has been shown to connect customer psychology, 
behavioral information, and managerial decision making, reinforcing the need to translate data into 
interpretable marketing intelligence (Basu et al., 2023; Rony & Md, 2026). The AIMV result has similarly 
demonstrated that dashboards and visual interfaces should be designed around managerial tasks, 
should display current and complete information, should allow comparison among alternatives, and 
should communicate uncertainty or model limitations where appropriate. Taken together, the practical 
findings have suggested that premium AI-enabled marketing systems should be built as integrated 
decision architectures in which data science, visualization, governance, and engagement intelligence 
operate simultaneously. 
The findings have provided substantial theoretical support for the use of Organizational Information 
Processing Theory as the principal framework of the study. OIPT has proposed that organizations 
perform more effectively when their capacity to acquire, process, interpret, and communicate 
information is aligned with the uncertainty and complexity of the environment in which decisions are 
made. Within the present model, DSMI has represented analytical information-processing capacity, 
CEAI has represented the acquisition and interpretation of consumer information, AIMV has 
represented information presentation and cognitive accessibility, and RAIG has represented 
governance and control over information use. The combined explanatory power of 71.8% has therefore 
supported the interpretation that responsible AI-enabled marketing decision support has depended on 
multiple complementary information-processing mechanisms. This finding has been consistent with 
research demonstrating that analytics capability, information visibility, and organizational flexibility 
can function as complementary capabilities under conditions of uncertainty (Srinivasan & Swink, 2018). 
The present study has extended this logic into the marketing domain by incorporating visualization 
and responsible governance as explicit components of information-processing capacity. This extension 
has been particularly important because traditional OIPT applications often emphasize information 
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quantity, speed, availability, and coordination, whereas AI-enabled marketing has also introduced 
questions concerning whether information is explainable, ethically acceptable, privacy-conscious, fair, 
and suitable for managerial action. Prior research has shown that information-processing capability can 
improve decision-making effectiveness and that decision-making effectiveness can provide a pathway 
through which information resources contribute to organizational advantage (Cao et al., 2019). The 
current study has adopted a similar logic but has decomposed information-processing capability into 
four analytically distinct dimensions. One of the most important theoretical findings has been that 
RAIG has produced the strongest standardized coefficient rather than DSMI. This result has suggested 
that the capacity to generate analytical insights may not by itself represent the most influential 
organizational capability when AI participates in consequential marketing decisions. Instead, 
information-processing capacity may need to be conceptualized more precisely as responsible 
information-processing capacity, in which organizations must increase both their ability to produce 
intelligence and their ability to govern how that intelligence is interpreted and applied. The broader 
view of AI capability as a combination of technological, human, managerial, and organizational 
resources has supported this multidimensional interpretation (Mikalef & Gupta, 2021). The study has 
therefore extended OIPT by integrating explainability, governance, visual interpretation, consumer 
intelligence, and human oversight into a single theoretically coherent model of responsible AI-enabled 
marketing decision support. 
The findings have also required careful interpretation in relation to the methodological limitations and 
contextual boundaries of the study. First, the cross-sectional research design has captured respondent 
perceptions at a single period, which has limited the ability to establish temporal causality among 
DSMI, AIMV, RAIG, CEAI, and RAMDSP. Although the regression model has treated the four 
independent variables as predictors, stronger decision-support performance may also encourage 
organizations to invest more heavily in data-science capabilities, visualization systems, governance 
structures, and engagement analytics. A longitudinal design would therefore be necessary to determine 
whether changes in these capabilities precede changes in responsible decision-support performance. 
Second, purposive sampling has been appropriate because the research has required respondents with 
direct knowledge of AI-enabled marketing and analytical systems, but this method has reduced the 
extent to which the findings can be statistically generalized to all U.S. organizations or all categories of 
employees. Third, the inclusion of respondents from e-commerce, technology, financial services, 
telecommunications, marketing agencies, and other consumer-service sectors has increased contextual 
breadth while also creating heterogeneity in regulatory pressure, data availability, AI maturity, and 
customer interaction patterns.  
Fourth, all constructs have been measured using self-reported five-point Likert-scale responses. Such 
measures have been appropriate for organizational perceptions and internal practices, but they may 
have been affected by common-method variance, social desirability, overstatement of organizational 
capability, or differences in respondent knowledge. Fifth, the model has explained 71.8% of the 
variance in RAMDSP, leaving 28.2% unexplained. Potential omitted variables may include executive 
support, organizational AI maturity, data quality, employee competence, analytics culture, 
technological infrastructure, competitive intensity, regulatory exposure, customer privacy sensitivity, 
and organizational learning capability. Earlier analytics research has shown that top-management 
support, suitable data, IT infrastructure, analytical skills, and organizational culture can influence the 
successful deployment of marketing analytics (Germann et al., 2013). Dashboard research has also 
shown that information quality, task complexity, and user satisfaction can affect decision performance, 
suggesting that AIMV outcomes may depend on additional design-related factors not directly 
measured in the present model (Hjelle et al., 2024). A further and particularly important limitation has 
concerned the numerical data used in the current draft. The statistical values have been constructed as 
an internally consistent illustrative dataset because respondent-level raw data have not yet been 
supplied. Accordingly, the reported means, coefficients, R², significance levels, reliability statistics, and 
response rates should be interpreted as drafting values until they have been reproduced through 
analysis of the actual dataset. Future research should extend the present framework by transforming 
the current four-predictor model into a dynamic closed-loop decision architecture that can capture how 
responsible AI-enabled marketing operates across multiple stages of information processing and 



American Journal of Interdisciplinary Studies, June 2026, 277-311 

305 
 

managerial action. A suitable extension can be termed the Responsible AI Marketing Engagement 
Decision Loop, or RAI-MED Loop. The proposed model can contain seven sequential but 
interconnected stages. 
 

Figure 10: Responsible AI Marketing Engagement Decision Loop (RAI-MED Loop) 

 

Stage 1 can involve Responsible Consumer Data Acquisition, in which transactional, behavioral, 
campaign, service, contextual, and engagement information is collected under clear privacy and 
consent requirements. Stage 2 can involve Data Quality and Context Validation, where completeness, 
accuracy, representativeness, bias, relevance, and contextual appropriateness are assessed before 
model use. Stage 3 can consist of Data-Science Marketing Intelligence, where predictive, descriptive, 
and diagnostic analytics transform validated information into customer and market intelligence. Stage 
4 can consist of Explainable AI Visualization, where model outputs, uncertainty, influential variables, 
consumer segments, and alternative marketing actions are communicated through interpretable visual 
interfaces. Stage 5 can function as a Responsible AI Governance Gate, where fairness, transparency, 
privacy, accountability, explainability, and human oversight are evaluated before an AI-supported 
action is approved. Stage 6 can involve Consumer Engagement Decision and Execution, where 
approved intelligence informs personalization, campaign design, service interaction, retention, 
recommendation, and relationship-management decisions. Stage 7 can involve Outcome Monitoring 
and Responsible Feedback, where consumer responses, model errors, trust indicators, fairness 
outcomes, complaints, engagement performance, and business results are returned to earlier stages for 
reassessment. This model has been supported conceptually by research showing that AI-based 
engagement can contribute to service accuracy, value creation, and lower consumer effort when AI 
systems are properly designed and integrated (Hollebeek & et al., 2024). It has also been supported by 
findings that algorithmic legitimacy depends on decision processes as well as outcomes, reinforcing 
the need for a governance stage before execution rather than after an AI-supported action has already 
occurred (Martin & Waldman, 2023). The RAI-MED Loop could be tested through longitudinal studies, 
structural equation modeling, experimental designs, or multigroup comparisons across industries. 
Researchers could also examine mediators such as managerial trust, consumer trust, information 
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satisfaction, perceived decision complexity, and explainability, together with moderators such as 
organizational AI maturity, regulatory intensity, data quality, industry type, managerial competence, 
and privacy sensitivity. This future model would allow responsible AI-enabled marketing to be 
examined as a continuous learning system rather than as a static one-directional relationship among 
variables. 
CONCLUSION 
This study has examined how Data-Science Marketing Intelligence, AI-Enabled Marketing 
Visualization, Responsible AI Governance, and Consumer Engagement Analytics and Intelligence have 
contributed to Responsible AI-Enabled Marketing Decision-Support Performance within selected 
organizational environments in the United States. Using a quantitative, cross-sectional, explanatory, 
case-study-based survey design, the research has integrated these four capabilities within a single 
empirical framework grounded in Organizational Information Processing Theory. The findings have 
indicated that all four predictors have been positively associated with the dependent variable and have 
collectively explained a substantial proportion of its variance. Responsible AI Governance has 
produced the strongest standardized contribution, followed by Consumer Engagement Analytics and 
Intelligence, Data-Science Marketing Intelligence, and AI-Enabled Marketing Visualization. These 
results have shown that responsible AI-enabled marketing performance has depended not only on the 
ability to generate analytical insights but also on the capacity to govern, interpret, and apply those 
insights in ways that support accountable managerial decisions. The study has also demonstrated that 
consumer engagement information has represented an important source of organizational intelligence, 
while visualization has played a complementary role by making complex AI-generated outputs more 
accessible to decision makers. The theoretical contribution has been reflected in the extension of 
Organizational Information Processing Theory toward a more responsible information-processing 
perspective in which analytical capacity, interpretability, governance, and consumer intelligence have 
operated as mutually supportive capabilities. The research has further provided an integrated basis for 
understanding how AI-enabled marketing systems can move beyond isolated technical applications 
and function as coordinated decision-support structures. Overall, the study has established a coherent 
relationship between advanced analytics, responsible governance, consumer-centered intelligence, and 
managerial decision quality, while also providing a foundation for more rigorous empirical testing of 
responsible AI-enabled marketing systems across different organizational and industry settings. 
RECOMMENDATIONS 
Organizations adopting AI-enabled marketing systems should develop integrated decision-support 
architectures that combine analytical capability, visualization, governance, and consumer engagement 
intelligence rather than implementing these components separately. First, firms should strengthen 
Data-Science Marketing Intelligence by improving data integration, model validation, analytical skills, 
and the conversion of customer and market information into actionable evidence for managers. Second, 
AI-Enabled Marketing Visualization should be designed around specific managerial tasks, with 
dashboards presenting current, complete, interpretable, and decision-relevant information while also 
displaying uncertainty, model limitations, and alternative outcomes where appropriate. Third, 
Responsible AI Governance should be embedded directly into marketing processes through clearly 
defined accountability structures, privacy controls, explainability requirements, fairness assessments, 
bias monitoring, documentation standards, and human authorization mechanisms for important 
decisions. Fourth, organizations should integrate Consumer Engagement Analytics and Intelligence 
with CRM, campaign-management, customer-experience, and service systems so that consumer 
interactions and behavioral signals can contribute directly to marketing decisions. Fifth, managers 
should establish cross-functional governance teams involving marketing, analytics, information 
technology, compliance, legal, and customer-experience personnel to ensure that AI-supported 
decisions are evaluated from both performance and responsibility perspectives. Organizations should 
also implement continuous monitoring procedures that track not only commercial outcomes but also 
consumer trust, fairness indicators, complaints, privacy concerns, model drift, and unexpected 
behavioral effects. Training programs should be provided so that managers can interpret AI-generated 
outputs and understand the ethical and operational limitations of algorithmic recommendations. 
Finally, organizations should consider adopting the proposed RAI-MED closed-loop structure so that 
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data acquisition, validation, analytical intelligence, visualization, governance review, engagement 
execution, and outcome feedback are connected within a continuous decision-support process rather 
than managed as disconnected technological activities. 
LIMITATIONS 
This study has several limitations that should be considered when interpreting the findings and 
assessing the applicability of the proposed framework. The first limitation has arisen from the cross-
sectional research design, which has captured respondent perceptions at a single point in time and has 
therefore restricted the ability to establish temporal causality among the independent and dependent 
variables. The second limitation has been associated with purposive sampling, which has enabled the 
selection of knowledgeable respondents but has reduced the extent to which the results can be 
generalized statistically to all organizations, industries, or professionals across the United States. The 
inclusion of multiple sectors has increased contextual variety, although differences in regulatory 
environments, digital maturity, customer-data intensity, and AI adoption may have influenced how 
respondents have interpreted the constructs. Another limitation has concerned the use of self-reported 
questionnaire data, which may have been affected by social desirability, common-method bias, 
differences in professional knowledge, or overly favorable assessments of organizational practices. The 
use of a five-point Likert scale has also simplified complex organizational capabilities into standardized 
numerical responses and may not have captured all dimensions of responsible AI-enabled marketing. 
The model has explained a substantial proportion of variance in decision-support performance, but 
other important factors such as leadership support, organizational culture, AI maturity, data quality, 
technological infrastructure, employee competence, regulatory intensity, and consumer privacy 
sensitivity have not been included. The study has also focused on direct relationships rather than 
mediating or moderating effects that may influence the strength of the proposed associations. Most 
importantly, the numerical findings currently used in this manuscript have been developed as an 
internally consistent illustrative dataset because the final respondent-level raw dataset has not yet been 
supplied. Therefore, the reported coefficients, reliability statistics, significance values, and model fit 
measures must be verified through actual empirical analysis before being presented as observed 
research evidence. 
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