
International Journal of Transformations in Business Management                                  http://www.ijtbm.com 

 

(IJTBM) 2025, Vol. No. 15, Issue No. II, Apr-Jun                                      e-ISSN: 2231-6868 p-ISSN: 2454-468X 

 

175 

 

INTERNATIONAL JOURNAL OF TRANSFORMATIONS IN BUSINESS MANAGEMENT 

 

Developing an Artificial Intelligence-Based Enterprise 

Management Model for Consumer Psychology (AI-EMMCP) to 

Enhance the Effectiveness Business Decision Intelligence 

Ilayda Tunc 

EHL Hospitality Business School (Switzerland), Lausanne, CH 

 

DOI:10.37648/ijtbm.v15i02.010 

1Received: 15/03/2025; Accepted: 11/06/2025; Published: 27/06/2025 

 

Abstract 

Digital-first markets have changed how consumers discover, evaluate, and stay loyal to brands. At the same time, 

enterprises are under pressure to modernize internal management systems so they can sense consumer intent in real 

time, coordinate decisions across teams, and respond consistently across channels. This paper proposes an Artificial 

Intelligence-Based Enterprise Management Model for Consumer Psychology (AI-EMMCP) that connects enterprise 

workflows (planning, operations, finance, supply chain, service) with consumer psychology signals (attitudes, 

involvement, risk perception, trust, experience, and privacy concerns). Building on research in digital transformation, 

AI-enabled marketing, customer journey management, behavioral decision theory, and responsible AI, the model 

introduces a closed-loop architecture: (1) data capture and identity resolution, (2) psychological signal extraction, (3) 

decision intelligence and orchestration, (4) enterprise execution, and (5) governance and learning. We also outline 

implementation stages aligned with the “marching towards digital” path: digitization → digitalization → digital 

transformation. Finally, we propose evaluation metrics and ethical safeguards, emphasizing Explainability, fairness, 

and privacy-aware personalization. The contribution is a practical, research-grounded blueprint that helps leaders treat 

consumer psychology as an operational input, not just a marketing concept. 

Keywords: AI in enterprise management; consumer psychology; digital transformation; personalization; customer 

journey; decision intelligence; responsible AI 

1. Introduction 

Enterprises usually manage two worlds that often feel disconnected. One world is internal: ERP, CRM, operations 

dashboards, inventory, finance controls, compliance, and project workflows. The other world is external: consumer 

feelings, motivations, perceptions of risk, trust, social influence, and the tiny contextual triggers that push someone 

from “maybe later” to “buy now.” In reality, these worlds collide every day. A promotion that looks profitable in a 

spreadsheet can backfire if consumers perceive it as intrusive or unfair. A customer support script that improves 

efficiency can damage trust if it ignores emotional context. 

AI is increasingly used to bridge this gap, especially in marketing and analytics, where research shows AI can reshape 

marketing tasks, customer interactions, and strategy choices [1]. But “adding AI” isn’t the same as building an 

enterprise model that continuously translates psychology into operational decisions. Many organizations still treat 
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consumer insights as periodic research reports rather than real-time signals that feed planning, pricing, customer 

service, and product decisions. 

This paper argues that enterprises need an integrated management model where consumer psychology is measurable, 

actionable, and governed like any other critical business asset. We propose AI-EMMCP: a model that operationalizes 

consumer psychology within enterprise management, while staying realistic about data quality, organizational change, 

and ethical risk. 

 

Fig 1: The impact of artificial intelligence on consumer behavior towards brands 

2. Theoretical Foundations: Why Psychology Belongs Inside Enterprise Management 

 

2.1. Digital transformation as a management shift, not a software upgrade 

Digital transformation research consistently frames transformation as a process triggered by digital disruption and 

strategic responses, not simply IT modernization [5]. Digital business strategy also emphasizes that digital 

technologies reshape value creation and competitive dynamics, demanding new managerial thinking [4]. In 
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marketing-focused digital transformation work, researchers distinguish stages such as digitization, digitalization, and 

full transformation, where firms redesign capabilities, structures, and metrics [6]. 

The implication is straightforward: if consumers now behave and decide in digital contexts, then enterprise 

management must “speak digital” too. That includes interpreting psychological signals that appear as clicks, dwell 

time, sentiment, hesitation, complaints, and churn risk. 

2.2. Consumer decision-making is not purely rational 

Behavioral decision theory shows that consumers often evaluate gains and losses asymmetrically and rely on reference 

points, leading to predictable “non-rational” patterns [8]. In adoption and behavior models like the Theory of Planned 

Behavior, intentions are shaped by attitudes, norms, and perceived control, offering a useful structure for modeling 

why consumers do (or don’t) act [7]. Persuasion research also suggests consumers process messages differently 

depending on involvement; high involvement leads to deeper argument processing, while low involvement increases 

reliance on cues like authority, design, or social proof [9]. 

So when an enterprise asks, “Why didn’t the campaign work?” or “Why are returns rising?”, the answer often lives 

in psychology. AI-EMMCP treats these psychological mechanisms as first-class inputs to enterprise decisions. 

2.3. Customer experience is a journey, not a single touchpoint 

Customer experience research frames value creation across a journey of touchpoints, where each interaction can shape 

perceptions and future behavior [3]. Experiential consumption research further highlights the role of feelings, fun, 

and symbolic meaning, not just functional utility [10]. That matters because enterprise systems typically optimize 

“local” metrics (time-to-resolution, cost-to-serve, conversion rate) and can miss cumulative psychological effects 

(trust erosion, fatigue, vulnerability). 

2.4. Analytics and AI in marketing: powerful, but incomplete without governance 

Marketing analytics research shows firms can combine structured and unstructured data to support decisions across 

CRM, personalization, and optimization [2]. Recommender systems research provides the backbone for 

personalization engines and next-best-action systems [11]. Sentiment and opinion mining methods help interpret text-

heavy signals such as reviews and support tickets [12]. 

However, personalization creates a known tension: when data collection feels covert or “too much,” consumers may 

react negatively even if recommendations are accurate [13]. Advertising research also shows targeting and 

obtrusiveness interact in ways that can reduce effectiveness [14]. Privacy research highlights that people’s privacy 

preferences are context-dependent and often shaped by uncertainty and behavioral biases [15]. 

This is where responsible AI becomes essential. Explainability methods like LIME help make model decisions more 

interpretable for humans [16], while fairness research documents how bias can emerge across data, modeling, and 

deployment choices [17]. Ethical frameworks for AI stress principles like beneficence, non-maleficence, autonomy, 

justice, and explicability [18]. AI-EMMCP builds governance into the model rather than adding it as an afterthought. 

 

 

 

http://www.ijtbm.com/


International Journal of Transformations in Business Management                                  http://www.ijtbm.com 

 

(IJTBM) 2025, Vol. No. 15, Issue No. II, Apr-Jun                                      e-ISSN: 2231-6868 p-ISSN: 2454-468X 

 

178 

 

INTERNATIONAL JOURNAL OF TRANSFORMATIONS IN BUSINESS MANAGEMENT 

 

3. The AI-EMMCP model: an enterprise architecture that “reads” consumer psychology 

 

3.1. Design goals 

AI-EMMCP is built around five goals: 

1. Psychology-to-process translation: convert behavioral signals into operational actions (offers, service 

flows, inventory, pricing rules). 

2. Cross-functional alignment: ensure marketing, sales, service, and operations work from the same consumer 

truth. 

3. Real-time learning: use feedback loops so the system improves with every interaction. 

4. Explainable decisions: make automated decisions understandable enough for business owners and auditors. 

5. Responsible deployment: embed privacy, fairness, and consent-aware design. 

3.2. Core layers of the model 

Layer A: Data capture and identity resolution 

This layer collects and links signals across channels: web/app events, purchase history, support tickets, reviews, social 

listening, email responses, call center notes, and IoT or retail sensors where applicable. The purpose is not 

surveillance; it is coherence. Without consistent identity resolution and event context, enterprises often misread 

consumer intent (for example, interpreting repeated visits as high interest when the real reason is confusion). 

Layer B: Psychological signal extraction 

Here, AI models convert raw data into interpretable psychological constructs. Examples include: 

• Trust and vulnerability cues (e.g., sudden opt-outs, complaint language, consent withdrawal) 

• Risk perception (e.g., hesitations at checkout, repeated policy page views) 

• Involvement level (e.g., long-form content engagement vs. quick scanning) 

• Loss aversion triggers (e.g., reaction to price framing, return behavior) grounded in behavioral decision 

insights [8] 

• Sentiment and emotion extracted from text using opinion mining techniques [12] 

This layer can map constructs to established theories. For instance, the Theory of Planned Behavior can structure 

intent prediction using attitude proxies (review sentiment), norms (social proof exposure), and perceived control 

(friction signals like failed payments) [7]. 

Layer C: Decision intelligence and orchestration 

This is the “brain” that turns psychology into action. It includes: 

• Next-best-action engines (often drawing on recommender logic) [11] 

• Dynamic segmentation based on psychological state, not just demographics 

• Offer, content, and channel selection tuned to involvement and persuasion routes [9] 

• Journey-aware decisioning aligned with customer journey frameworks [3] 

Crucially, this layer must optimize for both short-term conversion and long-term trust. The personalization paradox 

literature warns that even effective targeting can backfire when data use feels covert [13]. 
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Layer D: Enterprise execution layer 

This is where decisions integrate with enterprise workflows: CRM tasks, service scripts, inventory planning, finance 

approvals, and supply chain responses. The point is to prevent “AI insights” from dying inside dashboards. 

Examples: 

• A detected trust drop triggers a service recovery workflow and prevents aggressive retargeting. 

• Risk-sensitive segments trigger transparent warranty messaging rather than pressure-driven offers. 

• In high involvement journeys, the system prioritizes argument-rich content (comparisons, specs, proofs) 

rather than flashy cues [9]. 

Layer E: Governance, monitoring, and learning 

This layer enforces responsible AI requirements: 

• Explainability tooling for key decisions (e.g., LIME-style local explanations for why an offer was shown) 

[16] 

• Bias audits and fairness checks across segments and outcomes [17] 

• Privacy-by-design controls: consent management, purpose limitation, and retention policies shaped by 

privacy behavior research [15] 

• Ethical alignment to principles such as autonomy and justice [18] 

4. “Marching towards digital”: implementation as a staged journey 

Stage 1: Digitization (make the organization readable) 

The first step is converting fragmented processes into consistent digital records: standardized ticket tagging, unified 

product catalogs, clean customer IDs, and reliable event tracking. This stage is often underestimated. Without it, 

psychological inference becomes noisy and can create false confidence. 

Stage 2: Digitalization (make workflows responsive) 

Digitalization connects systems so actions can flow: marketing automation tied to inventory, service workflows tied 

to customer history, analytics tied to decision rules. Research on digital transformation emphasizes strategic and 

structural alignment beyond technology adoption [5]. 

At this stage, enterprises typically start using predictive models and analytics capabilities; research on big data 

analytics links such capabilities to improved performance via dynamic capabilities [19]. 

Stage 3: Digital transformation (make the enterprise adaptive) 

Here, the organization changes how decisions are made. Instead of periodic planning cycles and siloed KPIs, AI-

EMMCP supports continuous sensing and response. Marketing transformation work highlights that firms must rethink 

metrics and capabilities to compete digitally [6]. 

This stage is where consumer psychology becomes operational: trust metrics influence retargeting budgets, perceived 

risk influences return policy communication, involvement influences content formats, and privacy sensitivity 

influences personalization depth. 
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5. Evaluation: how to test whether AI-EMMCP works 

A useful model must be measurable. We propose a balanced evaluation across four areas: 

1. Customer outcomes: conversion, retention, repeat purchase, NPS/CSAT, churn, return rate, complaint rate. 

2. Psychological health indicators: trust proxy scores, opt-out rates, perceived intrusiveness signals, 

vulnerability markers (aligned with personalization paradox findings) [13]. 

3. Enterprise performance: cost-to-serve, response time, forecast accuracy, inventory turns, marketing 

efficiency, cross-channel consistency. 

4. Responsible AI metrics: explanation availability, bias metrics across segments, privacy compliance 

indicators, and audit completeness (guided by fairness and ethics research) [17], [18]. 

Where possible, enterprises should use randomized experiments (A/B tests) and journey-level causal measurement 

instead of relying only on correlational uplift. 

6. Ethical and societal considerations 

AI-EMMCP sits close to human psychology, so ethical risk is real. Two risks deserve special attention: 

• Manipulative personalization: Systems can optimize for conversion by exploiting cognitive biases (loss 

aversion, urgency, fear). Behavioral research explains why such tactics work [8], but responsible deployment 

demands guardrails. 

• Privacy and trust breakdown: Privacy behavior research shows people often cannot fully predict 

consequences of data sharing and are influenced by context [15]. Over-targeting or covert collection can 

trigger backlash and reduce effectiveness [13], [14]. 

Practical safeguards include: transparent consent, clear “why am I seeing this?” explanations, limits on sensitive 

inference, and fairness checks so benefits and burdens do not fall unevenly across groups [17]. Ethical frameworks 

for AI provide a principled basis for these choices [18]. 

7. Discussion and future research 

AI-EMMCP reframes enterprise management: consumer psychology is not only a research topic but a live operational 

input. Still, there are open research directions: 

• Standardized psychological construct libraries for enterprise use (trust, risk, vulnerability, involvement) 

that are auditable and culturally adaptable. 

• Causal inference in journeys to distinguish “correlated signals” from true drivers of behavior. 

• Explainability for orchestration systems where decisions are multi-step and distributed, not single-model 

predictions [16]. 

• Fairness in personalization where “equal treatment” can conflict with legitimate preference differences 

[17]. 

8. Conclusion 

Enterprises marching towards digital maturity need more than automation; they need a management model that 

understands how consumers actually decide. By integrating psychological signal extraction, decision intelligence, 

enterprise execution, and responsible governance, AI-EMMCP offers a practical blueprint for connecting consumer 

psychology with enterprise management. The model aligns with research on digital transformation [5], digital 

business strategy [4], customer journey experience [3], AI in marketing [1], and responsible AI [18]. Implemented 
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well, it helps enterprises move from reactive marketing to adaptive, trust-aware operations that improve both 

performance and consumer outcomes. 
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