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Abstract: Artificial intelligence is fundamentally reshaping customer experience in the retail sector, enabling unprecedented 

personalization, predictive capabilities, and intelligent automation that increasingly define competitive differentiation. However, 

translating AI's theoretical potential into tangible business value presents formidable program management challenges that extend 
well beyond technical implementation. This article explores the multifaceted obstacles retailers face when deploying AI-driven 

customer experience initiatives, drawing on case insights from large-scale transformations and established program management 
theory to develop a comprehensive framework for practitioners. The article reveals that successful AI-CX programs demand careful 

orchestration across five critical domains: establishing robust data governance and quality standards, achieving seamless technology 

integration with legacy infrastructure, managing organizational change and stakeholder alignment, ensuring ethical compliance and 
responsible AI practices, and demonstrating measurable value through customer-centric metrics and continuous improvement. 

Through examination of real-world implementations, including omnichannel personalization platforms and conversational AI 

deployments, the article identifies common failure patterns stemming from underestimated data preparation efforts, insufficient 
change management, unrealistic stakeholder expectations, and inadequate governance structures. The proposed AI-CX Program 

Management Framework addresses these challenges by providing program managers with actionable guidance that balances 

technical execution with human factors, integrates ethical considerations throughout program lifecycles, and maintains unwavering 
focus on customer outcomes rather than merely technical deliverables. Findings emphasize that program managers must develop 

distinctive capabilities, including AI literacy, cross-domain leadership, strategic translation between business and technical 

stakeholders, and ethical advocacy, to successfully navigate AI's socio-technical complexity. This article contributes to both program 
management theory and digital transformation scholarship by demonstrating how traditional frameworks require extension and 

adaptation for AI contexts while advancing understanding of how organizations can operationalize responsible AI principles within 

practical program constraints facing real business pressures and resource limitations. 

Keywords: Artificial Intelligence, Customer Experience, Retail Transformation, Program Management, Digital Transformation, 

AI Governance, Change Management, Responsible AI, Data Quality, Stakeholder Engagement. 
 

INTRODUCTION 
The retail landscape has undergone a profound 

transformation over the past decade, driven by 

evolving consumer expectations and rapid 

technological advancement. Today's customers 

demand seamless, personalized experiences across 

multiple touchpoints, compelling retailers to 

reimagine their approach to customer engagement. 

Artificial intelligence has emerged as a critical 

enabler in this transformation, offering 

unprecedented capabilities in personalization, 

predictive analytics, and intelligent automation. 

From product recommendation engines that 

anticipate customer preferences to conversational 

chatbots that provide round-the-clock support, AI 

technologies are reshaping how retailers interact 

with their customers at every stage of the shopping 

journey. 
 

Despite the compelling value proposition, 

implementing AI-driven customer experience 

initiatives presents substantial challenges that 

extend well beyond technical deployment. 

Retailers are discovering that successful AI 

adoption requires more than sophisticated 

algorithms and robust infrastructure. It demands 

careful orchestration of complex programs that 

span organizational boundaries, integrate diverse 

data sources, and navigate intricate regulatory 

landscapes. Many organizations have invested 

heavily in AI pilots only to see them fail during 

scaling, struggle with data quality issues, or 

encounter unexpected resistance from employees 

and customers alike. The gap between AI's 

theoretical potential and its practical realization 

often stems from inadequate program governance 

and insufficient attention to the human dimensions 

of technology adoption. 
 

Program managers occupy a pivotal position in 

bridging this gap. Unlike project managers who 

focus on discrete deliverables, program managers 

must orchestrate multiple interconnected 

initiatives, align diverse stakeholder groups, and 

ensure that technical implementations translate 

into measurable business value. In the context of 

AI-driven customer experience, this role becomes 

particularly complex. Program managers must 

navigate the probabilistic nature of AI systems, 

manage expectations around iterative development 

processes, and balance competing priorities across 

data science, engineering, business strategy, and 

customer-facing operations teams. They serve as 

translators between technical experts who 

understand AI capabilities and business leaders 

who need to understand return on investment. 
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The challenges program managers facing in retail 

AI initiatives are multifaceted. Legacy systems 

built over decades create integration nightmares 

that can derail even well-planned implementations. 

Data silos across point-of-sale systems, e-

commerce platforms, loyalty programs, and 

customer service channels prevent the unified 

customer view that AI systems require. Ethical 

concerns around algorithmic bias and privacy 

compliance add layers of complexity that demand 

careful governance. Meanwhile, the scarcity of 

specialized AI talent and the need for cross-

functional collaboration strain traditional 

organizational structures. According to recent 

industry research, many organizations struggle 

with AI governance frameworks, creating risks to 

customer trust and program success (Genesys, 

2025). 
 

This paper addresses these challenges by 

examining the specific program management 

obstacles inherent in deploying AI-enabled 

customer experience solutions within retail 

organizations. Drawing on established program 

management frameworks and insights from large-

scale retail transformation initiatives, it proposes a 

comprehensive approach to navigating the 

technical, organizational, and ethical complexities 

of AI implementation. The research contributes to 

a five-pillar AI-CX Program Management 

Framework that provides program managers with 

practical guidance for orchestrating successful AI 

transformations while managing risks and 

maximizing business impact. 
 

The article encompasses Data Governance and 

Quality, Technology Integration and Scalability, 

Change and Stakeholder Management, Ethical and 

Regulatory Compliance, and Value Realization 

and Continuous Improvement. Each pillar 

addresses critical dimensions that program 

managers must balance to achieve sustainable 

results. By integrating these elements into a 

coherent governance structure, the framework 

offers a roadmap for transforming AI's promise 

into tangible customer value and competitive 

advantage in the retail sector. 
 

LITERATURE REVIEW 
AI Applications in Retail Customer Experience 

Personalization has become a cornerstone of 

modern retail strategy, with AI-powered 

recommendation systems driving significant 

improvements in customer engagement and 

revenue. These systems analyze browsing patterns, 

purchase history, and demographic data to suggest 

products tailored to individual preferences. Major 

retailers have demonstrated that effective 

personalization can increase conversion rates and 

average order values substantially. The technology 

has evolved from simple collaborative filtering to 

sophisticated deep learning models that understand 

complex customer behaviors and preferences 

across multiple channels. 
 

Conversational AI: Chatbots and Virtual 

Assistants 

Conversational AI has transformed customer 

service in retail by providing instant, scalable 

support across digital channels. Chatbots handle 

routine inquiries, process returns, track orders, and 

guide purchasing decisions without human 

intervention. Advanced natural language 

processing enables these systems to understand 

context, sentiment, and intent, creating more 

natural interactions. Virtual assistants integrated 

into mobile apps and websites have become 

essential tools for retailers seeking to provide 

consistent support while managing operational 

costs. 
 

Predictive Analytics and Demand Forecasting 

Predictive analytics leverages historical data and 

machine learning algorithms to forecast customer 

demand, optimize inventory, and anticipate market 

trends. Retailers use these capabilities to reduce 

stockouts, minimize excess inventory, and improve 

supply chain efficiency. The integration of external 

data sources such as weather patterns, economic 

indicators, and social media sentiment has 

enhanced forecasting accuracy. These systems 

enable retailers to make proactive decisions about 

product assortment, pricing strategies, and 

promotional timing. 
 

Intelligent Automation in Retail Operations 

AI-driven automation extends beyond customer-

facing applications to transform back-end retail 

operations. Computer vision systems monitor shelf 

inventory in real-time, robotic process automation 

streamlines order fulfillment, and intelligent 

scheduling optimizes workforce allocation. Self-

checkout systems powered by image recognition 

reduce friction in the payment process while 

maintaining security. These operational 

improvements create efficiency gains that allow 

retailers to redirect resources toward enhancing 

customer experience. 
 

Emerging Applications: Voice Commerce and 

Generative AI 

Voice commerce represents a growing frontier in 

retail AI, enabling customers to shop through 

smart speakers and voice-activated devices. The 



 
 

29 
 

Copyright © 2021 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 
(CC BY-NC-ND 4.0) International License 

Publisher: SARC Publisher 

Job, G. Sarc. Jr. Md. vol-5, issue-11 (2025) pp-27-62 

technology requires sophisticated natural language 

understanding to handle product searches, 

comparisons, and transactions through 

conversational interfaces. More recently, 

generative AI has opened new possibilities for 

creating personalized product descriptions, 

generating marketing content, and providing 

customized styling advice. These emerging 

applications demonstrate how AI continues to 

evolve the boundaries of customer experience 

innovation (Chen, Y., & Prentice, C. 2025). 
 

PROGRAM MANAGEMENT THEORY 
AND FRAMEWORKS 
PMI's Standard for Program Management 

The Project Management Institute defines program 

management as the coordinated management of 

related projects to achieve benefits that would not 

be realized if they were managed independently. 

This approach emphasizes strategic alignment, 

governance structures, and benefits realization 

over tactical project execution. Program managers 

focus on managing interdependencies, resolving 

resource conflicts, and ensuring that component 

projects collectively deliver strategic objectives. 

The standard guides program life cycles, 

performance domains, and stakeholder 

engagement practices. 
 

Benefits Realization and Value Delivery 

Benefits realization represents a fundamental 

distinction between project and program 

management. While projects deliver outputs, 

programs must ensure those outputs translate into 

measurable business benefits. This requires 

defining clear benefit metrics, establishing 

baselines, tracking progress throughout the 

program lifecycle, and sustaining benefits after 

implementation. In technology transformations, 

benefits realization becomes particularly 

challenging as outcomes often emerge gradually 

and require organizational adoption to materialize 

fully. 
 

Stakeholder Engagement and Governance 

Structures 

Effective stakeholder engagement forms the 

foundation of successful program management. 

Programs typically involve diverse stakeholder 

groups with competing interests, requiring careful 

analysis of influence, expectations, and 

communication needs. Governance structures 

establish decision-making authority, escalation 

paths, and accountability mechanisms. Multi-tiered 

governance models often include steering 

committees for strategic direction, program boards 

for operational oversight, and working groups for 

specific domains. These structures ensure 

alignment while enabling appropriate delegation 

and agility. 
 

Agile and Hybrid Approaches in Digital 

Transformation 

Traditional waterfall program management 

approaches often prove inadequate for digital 

transformation initiatives characterized by 

uncertainty and rapid change. Agile methodologies 

emphasize iterative development, frequent 

feedback, and adaptive planning. Hybrid 

approaches combine structured governance and 

planning with agile execution methods, allowing 

organizations to maintain oversight while 

embracing flexibility. This becomes particularly 

relevant in AI initiatives where requirements 

evolve as teams learn about technology 

capabilities and business needs. 
 

DIGITAL TRANSFORMATION IN 
RETAIL 
Omnichannel Strategies and Technology 

Integration 

Omnichannel retailing requires seamless 

integration of physical stores, e-commerce 

platforms, mobile apps, and social commerce 

channels. Customers expect consistent experiences 

regardless of how they choose to interact with a 

brand. Technology integration challenges multiply 

as retailers attempt to unify inventory systems, 

customer data, pricing, and fulfillment across 

channels. Successful omnichannel 

implementations demand robust integration 

architectures, master data management, and real-

time data synchronization capabilities. 
 

Legacy System Challenges in Retail IT 

Landscapes 

Many retailers operate complex IT environments 

built over decades through organic growth and 

acquisitions. Legacy systems often use outdated 

technologies, lack documentation, and resist 

integration with modern applications. These 

systems may contain critical business logic that 

cannot easily be replicated or replaced. 

Modernization efforts must balance the need for 

innovation with operational continuity, often 

requiring phased approaches that gradually replace 

or encapsulate legacy functionality while 

maintaining business operations. 
 

Organizational Change and Capability 

Development 

Digital transformation extends beyond technology 

to encompass organizational culture, processes, 
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and skills. Retailers must develop new capabilities 

in data analytics, digital marketing, and technology 

management while maintaining traditional retail 

expertise. Change management becomes critical as 

employees adapt to new tools, workflows, and 

ways of working. Organizations that underinvest in 

training, communication, and cultural 

transformation often experience resistance that 

undermines technical implementations. 
 

AI GOVERNANCE AND ETHICS 
Responsible AI Principles and Frameworks 

Responsible AI frameworks establish principles 

for developing and deploying AI systems that are 

fair, transparent, accountable, and aligned with 

human values. Key principles include ensuring AI 

systems benefit humanity, respecting human rights 

and dignity, operating transparently, and 

maintaining accountability for outcomes. 

Organizations implementing AI must establish 

governance mechanisms to translate these 

principles into operational practices, including 

ethics reviews, impact assessments, and ongoing 

monitoring of AI system behavior (Jobin, A. et al., 

2019). 
 

Data Privacy and Regulatory Compliance 

(GDPR, CCPA) 

AI systems in retail process vast amounts of 

personal data, creating significant privacy 

obligations under regulations like the General Data 

Protection Regulation and California Consumer 

Privacy Act. These laws grant consumers the right 

to understand what data is collected, how it is 

used, and to request deletion. AI implementations 

must incorporate privacy by design, obtain 

appropriate consent, minimize data collection, and 

ensure security. Non-compliance risks substantial 

fines, legal liability, and reputational damage. 
 

Algorithmic Bias and Fairness in Retail 

Contexts 

AI systems can perpetuate or amplify biases 

present in training data, leading to unfair treatment 

of certain customer groups. In retail, this might 

manifest as discriminatory pricing, biased product 

recommendations, or unequal service quality. 

Addressing bias requires diverse training data, 

fairness metrics, testing across demographic 

groups, and ongoing monitoring. Retailers must 

balance personalization benefits against fairness 

concerns, ensuring AI systems do not disadvantage 

protected groups or reinforce harmful stereotypes. 
 

Transparency and Explainability Requirements 

As AI systems influence important customer 

interactions and business decisions, stakeholders 

increasingly demand transparency about how these 

systems work. Explainable AI techniques help 

reveal the reasoning behind AI recommendations 

and decisions. This matters for building customer 

trust, enabling employees to understand and 

validate AI outputs, and satisfying regulatory 

requirements. However, transparency must be 

balanced against proprietary technology protection 

and the inherent complexity of advanced AI 

models. 
 

Research Gaps 

Despite growing literature on AI adoption in retail 

and program management best practices, several 

critical gaps remain. Existing research primarily 

focuses on technical AI capabilities or strategic 

benefits, with limited attention to the program 

management complexity of implementing AI-

driven customer experience initiatives. The human, 

organizational, and ethical dimensions receive 

insufficient treatment, particularly regarding how 

program managers can effectively orchestrate 

socio-technical transformations. Additionally, 

practitioner-oriented frameworks that integrate 

governance, execution, and value realization 

across technical and human dimensions remain 

scarce. Retail-specific implementation challenges, 

including legacy system integration, data silos, and 

omnichannel complexity, warrant deeper 

exploration within program management contexts. 

 

Table 1: AI Application Types and Associated Program Management Challenges (Chen, Y., & Prentice, C. 

2025; Jobin, A. et al., 2019) 

AI Application Business 

Purpose 

Implementation 

Complexity 

Key Program 

Management 

Challenges 

Recommended 

Governance 

Approach 

Personalized 

Product 

Recommendations 

Increase 

conversion 

rates and 

average order 

value through 

tailored 

suggestions 

High - requires 

unified customer 

data across 

channels 

Data silos; real-time 

processing needs; 

measuring attribution; 

balancing 

personalization with 

privacy (Chen, Y., & 

Prentice, C. 2025; 

Phased rollout by 

channel; A/B 

testing framework; 

customer consent 

management 
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Redman, T. C. 2018) 

AI Chatbots & 

Virtual Assistants 

Reduce 

customer 

service costs; 

provide 24/7 

support; handle 

routine 

inquiries 

Medium-High - 

language/cultural 

variations add 

complexity 

Model accuracy across 

languages; change 

management with 

service staff; human 

escalation design 

(Gartner, 2022; 

Creasey, T. 2025) 

Multi-geography 

pilot approach; 

human-in-the-loop 

design; continuous 

retraining cycles 

Predictive 

Customer Service 

Anticipate 

issues before 

customers 

complain; 

proactive 

outreach 

Medium - depends 

on historical data 

quality 

Training data 

availability; false 

positive management; 

integration with service 

workflows 

Risk-based 

deployment; 

confidence 

thresholds; 

performance 

monitoring 

Dynamic Pricing & 

Promotions 

Optimize 

revenue 

through 

demand-based 

pricing; 

personalized 

offers 

High ethical 

concerns and 

customer 

sensitivity 

Algorithmic bias in 

pricing; fairness across 

customer segments; 

regulatory compliance 

(Jobin, A. et al., 2019; 

European Union, 2016) 

Mandatory ethical 

review; fairness 

testing across 

demographics; 

transparency 

mechanisms 

Demand 

Forecasting & 

Inventory 

Optimization 

Reduce 

stockouts and 

excess 

inventory; 

improve supply 

chain 

efficiency 

Medium - requires 

historical and 

external data 

integration 

Data quality from 

multiple sources; 

forecast accuracy 

validation; stakeholder 

trust in AI 

recommendations 

Gradual 

automation 

increase; human 

override 

capabilities; 

accuracy 

benchmarking 

Sentiment Analysis 

from 

Reviews/Chats 

Understand 

customer 

feedback at 

scale; identify 

emerging 

issues 

Low-Medium - 

established NLP 

techniques 

Language nuance 

understanding; sarcasm 

detection; actionable 

insight generation 

Automated 

monitoring with 

human review; 

feedback loops to 

business functions 

 

RESEARCH METHODOLOGY 
Research Design 

This study employs a qualitative, exploratory 

research approach to investigate program 

management challenges in AI-driven customer 

experience initiatives within retail. Given the 

emerging nature of AI adoption and limited 

existing frameworks specific to this context, an 

exploratory design allows for rich description and 

theory development. The research utilizes a 

multiple case study methodology, examining 

large-scale retail transformation programs to 

identify patterns, challenges, and success factors. 

This approach enables deep investigation of 

complex, real-world phenomena while maintaining 

contextual richness essential for understanding 

program management dynamics. 

Data Collection 

Case Study Selection Criteria 

Cases were selected based on specific criteria 

designed to ensure relevance and analytical value. 

Target organizations included established retailers 

implementing AI-enabled customer experience 

programs involving multiple functional areas and 

significant organizational change. Selection 

prioritized programs with sufficient maturity to 

assess outcomes while recent enough to reflect 

current technological and market conditions. 

Geographic and sectoral diversity was sought to 

enhance the transferability of findings across 

different retail contexts. 
 

 

 

Semi-Structured Interviews with Program 

Managers 

Primary data collection involved semi-structured 

interviews with program managers and senior 

leaders responsible for AI-CX initiatives. 

Interview protocols covered program objectives, 
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governance structures, implementation challenges, 

stakeholder dynamics, and lessons learned. This 

format allowed systematic coverage of key topics 

while providing flexibility to explore unexpected 

themes and contextual factors. Interviews were 

recorded, transcribed, and coded to identify 

recurring patterns and unique insights. 
 

Document Analysis and Archival Data 

Secondary data sources included program charters, 

governance frameworks, status reports, benefit 

realization plans, and post-implementation 

reviews. These documents provided objective 

evidence of program structures, decisions, and 

outcomes that complemented interview narratives. 

Archival analysis helped triangulate findings and 

revealed insights that participants might not recall 

or emphasize during interviews. 
 

Industry Reports and Secondary Sources 

Research incorporated publicly available industry 

reports, analyst assessments, and case studies 

published by consulting firms and technology 

vendors. These sources provided broader context 

on retail AI trends, common implementation 

patterns, and industry benchmarks. While 

recognizing potential bias in vendor-sponsored 

materials, these reports offered valuable 

supplementary perspectives on market dynamics 

and best practices. 
 

Data Analysis 

Analysis followed a thematic approach, beginning 

with open coding to identify initial concepts and 

patterns within the data. Codes were progressively 

organized into categories and themes through 

iterative review and refinement. Cross-case 

synthesis compared patterns across different 

organizational contexts, distinguishing between 

universal challenges and context-specific factors. 

Framework development occurred through an 

iterative process of proposing conceptual models, 

validating against empirical data, and refining 

based on identified gaps or inconsistencies. This 

analytical approach balanced inductive theory 

generation from empirical observations with 

deductive validation against existing program 

management theory. 
 

Research Limitations 

Several limitations must be acknowledged. 

Generalizability remains constrained by the 

qualitative case study approach and limited sample 

size. Findings reflect specific organizational 

contexts and may not transfer universally across all 

retail segments or geographies. The rapidly 

evolving nature of AI technology means insights 

could become dated as capabilities advance and 

implementation practices mature. Access to 

proprietary information was sometimes limited by 

confidentiality concerns, potentially restricting the 

depth of analysis in sensitive areas. Additionally, 

retrospective accounts from program managers 

may be subject to recall bias or post-hoc 

rationalization. Despite these limitations, the 

research provides valuable insights into an under-

explored domain and establishes foundations for 

future investigation. 

 

Table 2: Two-Tier AI Governance Model Structure (Jobin, A. et al., 2019; Project Management Institute, 

2017) 

Governanc

e Level 

Body/ 

Forum 

Composition Meeting 

Frequenc

y 

Key 

Responsibilitie

s 

Decision 

Authority 

Escalation 

Criteria 

Strategic 

(Enterprise

) 

Global AI 

Governanc

e Board 

C-suite 

executives,  

Chief Data 

Officer,  Chief 

Technology 

Officer,  

Legal/Complianc

e Head,  Ethics 

Officer,  

Business Unit 

Leaders 

Quarterly Set enterprise 

AI strategy and 

principles,  

Approve high-

risk AI 

applications,  

Establish 

responsible AI 

policies,  

Allocate 

strategic AI 

investments,  

Monitor 

enterprise-wide 

AI risks,  

Ensure 

Investment 

approval 

>$1M,  High-

risk AI 

applications,  

Policy 

exceptions,  

Cross-

program 

conflicts 

From the 

program 

level, when 

ethics 

concerns 

arise, 

regulatory 

issues are 

identified, 

budget 

overruns 

of>20%, and 

strategic 

alignment 

questions 
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regulatory 

compliance  

Tactical 

(Program) 

Program 

Steering 

Committee 

Executive 

Sponsor,  

Program 

Manager,  

Business 

Owners,  

Technical Leads,  

Data Science 

Lead,  Change 

Management 

Lead 

Bi-weekly 

or 

Monthly 

Review 

program 

progress and 

KPIs,  Approve 

scope changes,  

Resolve cross-

functional 

issues,  

Manage 

program 

roadmap,  

Monitor 

benefits 

realization,  

Address 

stakeholder 

concerns  

Tactical 

budget 

allocation,  

Timeline 

adjustments,  

Scope 

modifications,  

Resource 

assignments,  

Vendor 

selection 

To the 

enterprise 

level, when: 

ethical 

dilemmas, 

regulatory 

ambiguity, 

strategic 

misalignmen

t, funding 

gaps, cross-

enterprise 

impacts 

Operationa

l (Project) 

Technical 

Working 

Groups 

Data Scientists,  

ML Engineers,  

Business 

Analysts,  IT 

Architects,  

Domain Experts,  

QA Specialists 

Weekly or 

as needed 

Execute 

technical 

deliverables,  

Conduct model 

training/testing

, implement 

integrations, 

perform quality 

assurance,  

Document 

technical 

decisions, and 

report issues to 

the program 

level 

Technical 

implementatio

n choices,  

Tool selection 

within budget,  

Minor scope 

adjustments,  

Sprint 

planning 

To program 

level when: 

technical 

blockers, 

resource 

constraints, 

quality 

concerns, 

timeline 

risks, 

requirement 

ambiguities 

 

CASE STUDIES: LARGE-SCALE 
RETAIL AI TRANSFORMATIONS 
Overview of Case Selection 

Selection Criteria and Rationale 

The case studies presented in this research were 

selected through a rigorous process designed to 

capture diverse perspectives on AI-driven 

customer experience program management in 

retail. Selection criteria prioritized organizations 

that had completed or substantially progressed 

through major AI implementation programs 

affecting customer-facing operations. Specifically, 

cases needed to demonstrate enterprise-scale 

deployment involving multiple business units, 

significant technology integration challenges, and 

measurable customer experience objectives. 

Programs selected had to be recent enough to 

reflect current AI capabilities and market 

dynamics, yet mature enough to assess outcomes 

and extract meaningful lessons. Organizations 

willing to provide candid insights into both 

successes and failures were prioritized, as learning 

from setbacks proved as valuable as understanding 

achievements. 
 

Geographic and Organizational Diversity 

To enhance the transferability and robustness of 

findings, case selection intentionally incorporated 

geographic and organizational diversity. The cases 

span different retail formats, including traditional 

brick-and-mortar operations, pure-play digital 

retailers, and omnichannel enterprises. Geographic 

representation includes North American and 

European markets, each with distinct regulatory 

environments, customer expectations, and 

technology maturity levels. Organizational sizes 

range from large multinational corporations to 

regional retailers, providing insights into how scale 

affects program complexity and resource 

availability. This diversity allows for cross-context 

analysis that distinguishes universal program 
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management challenges from those specific to 

particular organizational or market conditions. 
 

CASE STUDY 1: OMNICHANNEL 
PERSONALIZATION AT A GLOBAL 
RETAILER 
Organizational Context and Strategic 

Objectives 

A multinational fashion retailer with over 500 

stores across multiple countries and a growing e-

commerce presence faced intensifying competition 

from digital-native brands offering superior 

personalized experiences. Customer research 

revealed that shoppers expected consistent, 

personalized interactions whether browsing online, 

using mobile apps, or visiting physical stores. The 

organization's strategic response centered on 

implementing an AI-driven personalization 

platform capable of delivering individualized 

product recommendations, targeted promotions, 

and customized content across all customer 

touchpoints. Executive leadership positioned this 

initiative as essential for maintaining competitive 

relevance and driving customer lifetime value in 

an increasingly digital marketplace. 
 

Program Scope and AI Capabilities Deployed 

The program encompassed the development and 

deployment of a unified customer data platform 

integrated with machine learning models for 

recommendation generation, customer 

segmentation, and next-best-action prediction. AI 

capabilities included collaborative filtering 

algorithms analyzing purchase patterns across the 

customer base, content-based recommendation 

engines matching products to individual style 

preferences, and predictive models identifying 

customers at risk of churn. The platform needed to 

operate in real-time across web, mobile, email, and 

in-store digital displays. Implementation involved 

integration with existing loyalty programs, point-

of-sale systems, e-commerce platforms, inventory 

management, and marketing automation tools. The 

program scope extended beyond technology 

deployment to include organizational change 

management, staff training on new tools, and 

revised performance metrics emphasizing 

personalization effectiveness. 
 

KEY CHALLENGES ENCOUNTERED 
Data Silos Across Loyalty, POS, and E-

commerce Systems 
The most significant obstacle emerged from 

fragmented data architectures developed 

independently over the years without consideration 

for future integration needs. Customer purchase 

history resided in point-of-sale systems, online 

browsing behavior lived in e-commerce platforms, 

and loyalty program data existed in a separate 

database. These systems used incompatible 

customer identifiers, making it nearly impossible 

to create unified customer profiles. Additional 

complications arose from inconsistent product 

taxonomies across channels, preventing accurate 

cross-channel recommendation logic. Data 

ownership disputes between business units further 

slowed progress as teams protected their systems 

and resisted changes perceived as threatening their 

autonomy. 
 

Underestimated Data Cleansing and 

Preparation Efforts 
Initial program timelines allocated modest 

resources for data preparation based on 

assumptions that existing data were reasonably 

clean and accessible. Reality proved far different. 

Customer records contained extensive duplicates, 

incomplete information, and inconsistent 

formatting. Product catalogs included missing 

attributes essential for recommendation 

algorithms, outdated seasonal items, and 

inconsistent categorizations. Historical transaction 

data required extensive transformation to become 

usable for model training. The program team 

discovered that approximately sixty percent of the 

project effort needed to focus on data quality 

initiatives rather than the originally anticipated 

twenty percent. This realization forced significant 

timeline extensions and budget increases that 

strained executive patience and stakeholder 

confidence. 
 

Integration with Legacy Infrastructure 
The retailer's core systems included mainframe-

based inventory management and decades-old 

point-of-sale technology built on proprietary 

platforms with limited API capabilities. Modern 

AI platforms require real-time data access and 

low-latency response times, incompatible with 

batch-oriented legacy systems. Creating the 

necessary integration layer demanded specialized 

skills in both legacy and modern technologies, 

resources that proved difficult to acquire. System 

performance concerns emerged when real-time 

personalization queries threatened to overwhelm 

aging infrastructure. The team ultimately 

implemented caching strategies and asynchronous 

processing that compromised some personalization 

freshness to maintain system stability. 
 

Program Outcomes and Lessons Learned 

Despite implementation challenges, the program 

ultimately delivered measurable business value. 
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Personalized product recommendations drove a 

notable increase in average order value for 

customers engaging with the new features. Email 

campaigns leveraging AI-generated content 

achieved improved open rates and conversion 

compared to previous generic approaches. 

Customer satisfaction scores increased among 

frequent shoppers who experienced more relevant 

product selections. However, these benefits 

emerged more slowly than initially projected, 

materializing over eighteen months rather than the 

anticipated six-month timeframe. 
 

Critical lessons centered on the importance of a 

realistic data readiness assessment before 

committing to aggressive timelines. Program 

leaders acknowledged they should have conducted 

thorough data quality audits and integration 

feasibility studies during the planning phase rather 

than discovering issues during execution. The 

experience reinforced that AI success depends as 

much on foundational data infrastructure as on 

algorithm sophistication. Additionally, the 

program highlighted the need for dedicated change 

management resources to drive adoption across 

channels and business units with different 

incentives and priorities. 
 

Critical Success Factors and Failure Points 

Success factors included strong executive 

sponsorship that maintained commitment despite 

setbacks, dedicated funding for data infrastructure 

improvements beyond initial AI technology costs, 

and eventual establishment of cross-functional 

governance that resolved data ownership disputes. 

The decision to phase implementation by channel 

rather than attempting simultaneous deployment 

across all touchpoints allowed the team to learn 

and adjust approaches iteratively. 
 

Failure points included initial underestimation of 

organizational complexity beyond technical 

challenges, insufficient stakeholder engagement 

with regional teams during planning stages, and 

delayed recognition of data quality issues. The 

program also struggled initially with unrealistic 

expectations about AI capabilities, requiring 

extensive education to help business stakeholders 

understand that recommendation accuracy 

improves over time through learning rather than 

achieving perfection immediately upon launch. 
 

Case Study 2: Conversational AI 

Implementation in Customer Service 

Organizational Context and Business Drivers 

A major electronics and home goods retailer 

operating across multiple European markets faced 

escalating customer service costs driven by 

increasing contact volumes and rising labor 

expenses. Customer inquiries predominantly 

involved routine matters such as order tracking, 

return processing, store hours, and product 

availability questions. Analysis revealed that 

approximately seventy percent of customer service 

interactions could theoretically be automated 

without compromising customer satisfaction. 

Simultaneously, customers increasingly preferred 

digital self-service options over phone calls. These 

factors motivated a strategic initiative to 

implement AI-powered chatbots across web, 

mobile app, and social media channels to improve 

service accessibility while managing operational 

costs. 
 

Multi-Geography Chatbot Deployment Strategy 

The implementation strategy called for phased 

deployment across five countries with varying 

languages, regulatory environments, and customer 

service expectations. The program team selected a 

commercial conversational AI platform offering 

multi-language capabilities and pre-built retail 

domain models. Initial deployment targeted the 

UK market as a pilot to validate technology and 

refine implementation approaches before 

expanding to France, Germany, Spain, and Italy. 

The chatbot would handle first-line inquiries, with 

seamless escalation to human agents for complex 

issues. Integration requirements included 

connections to order management systems, 

inventory databases, store information systems, 

and customer relationship management platforms. 

Success metrics emphasized containment rates, 

measuring how many inquiries were resolved 

without human intervention, customer satisfaction 

scores, and average handling time reduction 

(Gartner, 2022). 
 

KEY CHALLENGES ENCOUNTERED 
Regional Adoption Inconsistencies 
Despite standardized implementation plans, 

regional customer service teams demonstrated 

vastly different adoption patterns. The UK pilot 

site embraced the technology enthusiastically, 

actively promoting chatbot capabilities to 

customers and helping refine conversation flows. 

However, when rolling out to continental 

European markets, several regional managers 

expressed skepticism about technology readiness 

and feared job losses among service staff. Some 

regions minimally promoted the chatbot option, 

maintaining phone numbers as the primary contact 

method. This inconsistent adoption created uneven 

customer experiences across geographies and 
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prevented accurate assessment of technology 

effectiveness. Cultural attitudes toward automation 

varied significantly, with customers in some 

markets trusting automated systems more readily 

than others. 
 

Model Accuracy and Customer Satisfaction 

Issues 
Initial chatbot performance fell short of 

expectations, particularly for inquiries involving 

nuanced language or context-dependent situations. 

The system frequently misunderstood customer 

intent, provided irrelevant responses, or entered 

frustrating loops asking customers to rephrase 

questions. Customer satisfaction scores for chatbot 

interactions lagged significantly behind human 

agent benchmarks. Analysis revealed that training 

data primarily came from English-language 

interactions, creating accuracy gaps when the 

model was adapted to other languages. 

Additionally, the pre-built retail models required 

substantial customization to handle this retailer's 

specific product categories, return policies, and 

operational processes. Customers expressed 

frustration when chatbots could not handle 

situations requiring judgment or empathy, such as 

addressing delivery problems or product defects. 
 

Language and Cultural Localization 
Translation of conversation flows across languages 

proved far more complex than anticipated. Direct 

translation often produced awkward phrasing that 

sounded unnatural to native speakers. Cultural 

norms around politeness, directness, and 

appropriate service interactions varied 

substantially across markets. For example, German 

customers expected more formal language patterns 

than UK customers, while Spanish customers 

preferred warmer, more conversational tones. 

Product terminology also required careful 

localization beyond simple translation. The system 

needed to understand regional variations in how 

customers described products, local brand names, 

and colloquial expressions. Idioms and slang 

proved particularly problematic, with literal 

interpretations leading to confusion or 

inappropriate responses. 
 

Remedial Actions: Model Retraining and 

Human-in-the-Loop Design 

The program team implemented several corrective 

measures to address performance issues. Extensive 

model retraining utilized customer interaction logs 

from actual deployments, providing more 

representative data for each language and market 

context. Rather than relying on translated training 

data, teams collected native language examples 

reflecting how customers actually phrased 

inquiries. The system architecture was revised to 

implement more aggressive human escalation 

criteria, recognizing that attempting to force 

resolution through the chatbot damaged customer 

relationships. A human-in-the-loop design 

emerged where agents could monitor chatbot 

conversations and intervene proactively when 

accuracy concerns arose. 
 

Additionally, the program established regional 

teams of customer service experts who 

continuously reviewed chatbot interactions, 

identified failure patterns, and refined conversation 

flows. This feedback loop enabled ongoing 

improvement rather than treating deployment as a 

one-time event. The platform was enhanced with 

confidence scoring that triggered human escalation 

when the system detected low certainty in its 

response recommendations. These adjustments 

gradually improved performance, though the path 

to acceptable accuracy proved longer and more 

resource-intensive than initially planned. 
 

Change Management Insights 

The conversational AI implementation 

underscored the critical importance of change 

management alongside technical deployment. 

Initial resistance from customer service teams 

stemmed partly from fears about job security and 

partly from legitimate concerns about technology 

readiness. Program leaders learned to reframe the 

initiative as augmentation rather than replacement, 

emphasizing how chatbots handled routine 

inquiries while freeing agents to focus on complex 

situations requiring human judgment. Involving 

frontline service staff in chatbot training and 

refinement helped build buy-in and leveraged their 

expertise to improve system performance. 
 

Communication strategies needed careful tailoring 

by the stakeholder group. Customers required 

education about chatbot capabilities and 

limitations to set appropriate expectations. Service 

agents needed training on new workflows 

integrating human and automated channels. 

Regional managers needed visibility into 

performance metrics demonstrating business value 

to justify continued investment. Senior executives 

required regular updates, balancing realistic 

acknowledgment of challenges with evidence of 

progress and long-term benefits. The experience 

reinforced that technology adoption depends as 

much on human acceptance and process adaptation 

as on technical functionality (Creasey, T. 2025). 
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CROSS-CASE ANALYSIS 
Common Patterns and Divergent Outcomes 

Analysis across both cases reveals several 

common patterns in AI-CX program management 

challenges. Data quality and integration issues 

emerged as universal obstacles regardless of 

specific AI application or organizational context. 

Both programs significantly underestimated the 

effort required for data preparation and the 

complexity of integrating AI systems with existing 

technology infrastructure. Stakeholder alignment 

and change management proved as critical as 

technical execution in both cases, with insufficient 

attention to human factors undermining technology 

investments. Both programs also grappled with 

unrealistic expectations about AI capabilities and 

timelines, requiring ongoing stakeholder education 

and expectation management. 
 

However, the cases also demonstrated important 

divergent outcomes. The personalization program 

ultimately achieved stronger business results 

despite more severe technical challenges, largely 

due to sustained executive sponsorship and 

willingness to extend timelines and budgets. The 

conversational AI program faced greater 

organizational resistance and cultural barriers, 

complicated by multi-geography deployment that 

amplified coordination challenges. The 

personalization initiative benefited from clearer 

customer value propositions that helped maintain 

stakeholder commitment, while chatbot benefits 

centered more on cost reduction, creating less 

compelling narratives for overcoming 

implementation obstacles. 
 

Context-Specific vs. Universal Challenges 

Universal challenges applicable across retail AI 

implementations include data quality and 

governance complexities, legacy system 

integration obstacles, unrealistic stakeholder 

expectations, and the need for sustained executive 

sponsorship. These issues transcend specific 

technologies or organizational contexts, 

representing inherent characteristics of enterprise 

AI adoption. Conversely, context-specific 

challenges depend on factors such as AI 

application type, organizational structure, 

geographic scope, and existing technology 

maturity. For example, conversational AI faces 

unique language and cultural localization 

challenges absent in visual recommendation 

systems. Multi-geography implementations 

encounter coordination and standardization 

complexities that single-market programs avoid. 

Organizations with more modern technology 

infrastructure experience fewer integration 

obstacles than those operating extensive legacy 

environments. 
 

Implications for Framework Development 

These case insights directly informed the 

development of the AI-CX Program Management 

Framework presented in this research. The cases 

validate the framework's five-pillar structure, with 

challenges mapping clearly to Data Governance 

and Quality, Technology Integration, Change and 

Stakeholder Management, Ethical and Regulatory 

Compliance, and Value Realization dimensions. 

The critical importance of data readiness 

reinforces the framework's emphasis on data 

governance as a foundational pillar. Stakeholder 

resistance and adoption challenges highlight the 

need for explicit attention to change management 

beyond technical project management. The 

divergent outcomes suggest that framework 

application must be tailored to specific 

organizational contexts rather than applied 

mechanically. Finally, the cases demonstrate that 

successful AI-CX programs require program 

management approaches that balance technical 

execution with organizational change, stakeholder 

alignment, and realistic expectation 

management—precisely the integrated perspective 

the proposed framework provides. 
 

PROGRAM MANAGEMENT 
CHALLENGES IN AI-DRIVEN RETAIL 
CX 
Integration Complexity with Legacy Systems 

Technical Debt and Architectural Constraints 

Retail organizations typically operate technology 

environments accumulated over decades, creating 

substantial technical debt that complicates AI 

integration. Legacy systems were designed for 

different eras with different architectural 

assumptions, often built on monolithic structures 

that resist modular integration. These systems may 

use outdated programming languages, proprietary 

databases, and custom-built interfaces that lack 

modern API capabilities. The accumulated 

technical debt manifests as tightly coupled 

components where changes in one area ripple 

unpredictably through others, making 

modifications risky and expensive. Architectural 

constraints further limit options, as legacy 

infrastructure may lack the processing power, 

storage capacity, or network bandwidth required 

for AI workloads. Program managers face difficult 

decisions about whether to modernize underlying 

infrastructure before AI implementation or build 
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elaborate integration layers that preserve existing 

systems while enabling new capabilities. 
 

Scalability Challenges with Probabilistic AI 

Systems 

AI systems introduce unique scalability 

considerations compared to traditional 

deterministic software. Machine learning models 

require significant computational resources for 

both training and inference, creating infrastructure 

demands that legacy systems cannot support. Real-

time personalization at scale demands low-latency 

responses across potentially millions of concurrent 

customer interactions, straining system 

architectures designed for batch processing. The 

probabilistic nature of AI outputs adds complexity, 

as prediction quality may degrade unpredictably 

under high load or when encountering edge cases 

outside training data distributions. Retailers must 

plan for performance variability that traditional 

capacity planning methods struggle to anticipate. 

Additionally, model retraining pipelines require 

separate infrastructure capable of processing large 

datasets without impacting production systems, 

adding further architectural complexity and cost. 
 

Documentation Gaps and System Opacity 

Legacy retail systems frequently suffer from 

inadequate documentation, with critical business 

logic embedded in code that few employees 

understand. Original developers may have left the 

organization years ago, taking institutional 

knowledge with them. Documentation that exists 

often describes intended functionality rather than 

actual behavior shaped by years of patches and 

workarounds. This opacity creates substantial risk 

when attempting AI integration, as program teams 

cannot fully predict how legacy systems will 

respond to new integration patterns or increased 

loads. Understanding data structures and business 

rules within legacy systems requires extensive 

reverse engineering, consuming time and 

specialized resources. The lack of transparency 

also complicates troubleshooting when integration 

issues arise, as teams struggle to determine 

whether problems originate in AI components, 

legacy systems, or integration layers connecting 

them. 
 

Cost and Risk Implications 

Legacy system integration dramatically increases 

both costs and risks for AI programs. Integration 

development consumes a disproportionate budget 

compared to modern system connections due to 

specialized skills required and custom work 

needed for each interface. Ongoing maintenance 

costs remain elevated as integration layers require 

updates whenever either legacy or AI systems 

change. Risk manifests through unpredictable 

system behavior, potential for cascading failures 

across interconnected systems, and difficulty 

rolling back changes if problems emerge. 

Organizations face tough choices between 

accepting these elevated costs and risks versus 

undertaking expensive and disruptive legacy 

modernization efforts. Many retailers find 

themselves trapped between inadequate current 

capabilities and prohibitive transformation costs, 

leading to compromised solutions that deliver less 

value than theoretically possible with modern 

infrastructure. 

 

Table 3: Customer-Centric KPI Framework for AI-CX Programs (Gartner, 2022; Creasey, T. 2025) 

KPI 

Category 

Specific Metrics Measurement 

Approach 

Target Setting Interpretation 

Guidance 

Limitations & 

Considerations 

Customer 

Satisfaction 

Net Promoter 

Score (NPS),  

Customer 

Satisfaction Score 

(CSAT),  

Customer Effort 

Score (CES) 

Compare AI-

enabled vs. 

control group 

experiences; 

pre/post 

implementation 

surveys 

Benchmark 

against industry 

standards; set 

incremental 

improvement 

targets (e.g., +5 

NPS points) 

Positive 

movement 

indicates 

improved 

experience; 

segment 

analysis 

reveals which 

groups benefit 

most 

NPS changes 

slowly; 

multiple factors 

influence 

scores; 

attribution 

challenges 

Engagement 

& 

Conversion 

Conversion Rate,  

Click-through 

Rate on AI 

recommendations,  

Time on site/app,  

Average Order 

Value,  AI-

A/B testing 

comparing 

personalized vs. 

generic 

experiences; 

tracking codes 

for AI 

Historical 

baseline + 

expected lift 

from 

personalization 

(typically 10-

30% for mature 

Higher 

engagement 

and conversion 

validate AI 

relevance; 

track by 

customer 

Seasonal 

variations affect 

baselines; 

external factors 

(promotions, 

competition) 

confound 
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influenced 

revenue 

recommendations systems) segment and 

channel 

results 

Customer 

Service 

Efficiency 

First Contact 

Resolution Rate,  

Average Handle 

Time,  

Containment Rate 

(chatbot),  

Escalation Rate to 

humans,  

Customer 

satisfaction with 

AI interactions 

System logs 

tracking 

resolution paths; 

customer 

feedback 

surveys; cost-per-

contact analysis 

Industry 

benchmarks: 70-

80% 

containment for 

mature chatbots; 

maintain or 

improve 

satisfaction vs. 

human-only 

baseline  

High 

containment 

with low 

satisfaction 

indicates 

forced 

resolution; 

balance 

efficiency with 

experience 

quality 

Containment 

maximization 

may harm 

satisfaction; 

some inquiries 

inherently need 

human touch  

Loyalty & 

Retention 

Customer 

Lifetime Value,  

Repeat Purchase 

Rate,  Churn Rate,  

Loyalty Program 

Engagement 

Cohort analysis 

comparing AI-

exposed vs. non-

exposed 

customers over 6-

12 months 

Set targets based 

on historical 

trends plus 

expected AI 

impact; focus on 

high-value 

segments 

Long-term 

value increases 

validate 

personalization 

investment; 

early 

indicators 

include repeat 

visit frequency 

Long 

measurement 

cycles; difficult 

attribution; 

many 

confounding 

variables affect 

loyalty 

Operational 

Efficiency 

Cost per 

transaction,  

Inventory 

accuracy,  

Forecast accuracy,  

Marketing 

campaign ROI,  

Employee 

productivity 

Pre/post 

implementation 

comparisons; 

efficiency ratios; 

cost accounting 

Benchmark 

internal 

historical 

performance; 

aim for 15-25% 

efficiency gains 

from mature AI 

implementations 

Balance 

efficiency 

gains against 

customer 

experience 

metrics; avoid 

optimizing 

efficiency at 

CX expense 

Efficiency 

focus alone 

misses AI's 

strategic value; 

some benefits 

resist 

quantification  

 

DATA QUALITY AND AVAILABILITY 
CHALLENGES 
Data Silos across Retail Ecosystems 

Retail organizations typically operate numerous 

systems developed independently to serve specific 

functions, creating fragmented data landscapes. 

Customer information exists in separate databases 

for e-commerce, loyalty programs, customer 

service, and in-store point-of-sale systems. Product 

data lives in merchandising systems, inventory 

management platforms, and supplier interfaces 

with inconsistent identifiers and attributes. These 

silos emerged through organic growth, 

acquisitions, and departmental autonomy, resulting 

in duplicated, inconsistent, and inaccessible data. 

AI systems require unified views of customers and 

products to deliver effective personalization, but 

assembling these views demands extensive data 

integration efforts. Organizational silos compound 

technical challenges, as different business units 

control various data sources and resist changes 

threatening their autonomy or revealing data 

quality issues within their domains. 
 

Volume, Variety, and Velocity Requirements 

AI-driven customer experience applications 

impose demanding data requirements across 

multiple dimensions. Volume needs are 

substantial, with machine learning models 

requiring large training datasets to achieve 

acceptable accuracy, particularly for 

recommendation systems serving diverse customer 

segments and extensive product catalogs. Variety 

challenges emerge from heterogeneous data types, 

including structured transaction records, 

unstructured customer reviews, semi-structured 

clickstream logs, images, and increasingly, video. 

Each data type requires different processing 

approaches and specialized expertise. Velocity 

demands intensify as real-time personalization 

becomes expected, requiring systems to capture, 

process, and act on customer behavior within 

milliseconds. Traditional retail data architectures 

optimized for nightly batch processing struggle 

with these real-time requirements. Balancing 

volume, variety, and velocity while maintaining 

data quality and managing infrastructure costs 
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creates complex engineering and program 

management challenges. 
 

Data Labeling and Annotation Challenges 

Supervised machine learning models require 

labeled training data where correct answers are 

explicitly provided. In retail contexts, this might 

include labeling customer inquiries by intent, 

tagging product images with attributes, or 

categorizing transaction anomalies as fraud or 

legitimate. Creating these labels demands 

substantial human effort, particularly for large 

datasets. Labeling quality directly impacts model 

accuracy, yet achieving consistency across 

multiple annotators proves difficult. Ambiguous 

cases require clear guidelines and adjudication 

processes. Domain expertise may be necessary, as 

accurate labeling sometimes requires retail 

knowledge beyond general understanding. The 

cost and time required for data labeling frequently 

surprise program managers, especially when initial 

labeling proves inadequate and requires rework. 

For some applications like unsupervised learning 

or recommendation systems, labeling challenges 

differ, but data preparation remains resource-

intensive and complex. 
 

Real-Time vs. Batch Processing Limitations 

Many retail systems were architected around batch 

processing paradigms where data updates occur 

periodically, typically overnight. This approach 

conflicts with AI-driven customer experience 

requirements for real-time responsiveness. 

Customers expect personalized recommendations 

reflecting their immediate browsing behavior, not 

yesterday's activities. Inventory availability shown 

in AI-powered search must reflect current stock 

levels to avoid customer frustration. However, 

retrofitting real-time capabilities into batch-

oriented systems proves technically challenging 

and expensive. Stream processing architectures 

required for real-time AI differ fundamentally 

from batch systems in technology choices, 

programming models, and operational 

characteristics. Program managers must navigate 

tradeoffs between ideal real-time capabilities and 

practical constraints of existing infrastructure, 

often accepting hybrid approaches that process 

some data in real-time while relying on batch 

updates for other elements. 
 

Consequences of Poor Data Quality on AI 

Outputs 

Data quality issues propagate through AI systems 

with potentially severe consequences for customer 

experience and business outcomes. Incomplete 

customer records lead to missed personalization 

opportunities or irrelevant recommendations that 

frustrate customers. Incorrect product attributes 

cause inappropriate search results and poor 

merchandising. Biased training data produces 

models that systematically disadvantage certain 

customer segments. Unlike traditional software, 

where garbage in produces obvious garbage out, 

AI systems often generate plausible-seeming 

outputs from poor inputs, making quality issues 

harder to detect. Models may appear to function 

correctly in testing but fail in production when 

encountering real-world data variations. Poor data 

quality also necessitates frequent model retraining 

and ongoing adjustments, increasing operational 

costs and complexity. The business impact 

includes reduced customer satisfaction, missed 

revenue opportunities, and reputational damage 

when AI-driven experiences disappoint customers 

(Redman, T. C. 2018). 
 

ETHICAL, BIAS, AND PRIVACY 
CONCERNS 
Algorithmic Bias in Pricing and Targeting 

AI systems can perpetuate or amplify biases 

present in historical data, leading to unfair 

treatment of customer groups. Dynamic pricing 

algorithms might inadvertently charge higher 

prices to certain demographics based on proxy 

variables like location or device type. 

Recommendation systems trained on historical 

purchase data may reinforce gender stereotypes by 

suggesting products based on outdated 

assumptions rather than individual preferences. 

Marketing targeting models could systematically 

exclude certain groups from promotional offers or 

product recommendations. These biases often 

emerge subtly, as algorithms optimize for patterns 

in training data without understanding social 

context or fairness implications. Detecting bias 

requires deliberate testing across customer 

segments and demographic groups, with clear 

fairness criteria established upfront. Mitigating 

bias demands diverse training data, fairness 

constraints in model optimization, and ongoing 

monitoring of outcomes across populations. 

Program managers must balance business 

objectives with ethical obligations to ensure AI 

systems treat all customers equitably. 
 

Privacy Compliance across Jurisdictions 

Retailers operating internationally face complex 

and sometimes contradictory privacy regulations 

across different jurisdictions. The European 

Union's General Data Protection Regulation 

imposes strict requirements on data collection, 

processing, and customer rights, including the 
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right to erasure and data portability. California's 

Consumer Privacy Act establishes similar 

protections with different specific requirements. 

Other regions have their own regulatory 

frameworks with varying scopes and obligations. 

AI systems processing customer data must comply 

with the most restrictive applicable regulations 

while maintaining operational efficiency. Program 

managers must ensure that data collection 

practices obtain appropriate consent, processing 

activities have legitimate purposes, data retention 

policies respect regulatory limits, and technical 

controls enable customer rights. Non-compliance 

risks substantial fines, legal liability, and 

mandatory operational changes. The dynamic 

regulatory landscape requires ongoing monitoring 

and adaptability as new laws emerge and existing 

regulations evolve through enforcement actions 

and court interpretations (European Union, 2016). 
 

Customer Data Collection and Consent 

AI-driven personalization depends on collecting 

and analyzing customer data across multiple 

touchpoints, creating tension between functionality 

and privacy. Retailers must clearly disclose what 

data they collect, how they use it, and with whom 

they share it. Consent mechanisms need to be 

genuine rather than buried in lengthy terms of 

service that customers do not realistically review. 

Granular consent allowing customers to opt into or 

out of specific uses proves technically complex but 

is increasingly expected by privacy-conscious 

consumers and regulators. Children's data requires 

special protection with stricter consent 

requirements. Program managers must work with 

legal teams to establish compliant consent 

processes while minimizing friction in customer 

experiences. The challenge intensifies with third-

party data sharing, as retailers must ensure partners 

respect consent boundaries and privacy 

commitments made to customers. 
 

Reputational Risks and Trust Erosion 

Privacy breaches, algorithmic bias incidents, or 

perceived misuse of customer data can severely 

damage retailers' reputations and erode customer 

trust. Social media amplifies negative incidents, 

with privacy violations or unfair AI treatment 

quickly becoming public controversies. Once trust 

is damaged, rebuilding proves extremely difficult, 

as customers become skeptical of future privacy 

assurances. The reputational impact extends 

beyond immediate customers to affect investor 

confidence, employee morale, and partner 

relationships. Program managers must implement 

robust risk management processes, identifying 

potential privacy and ethical issues before they 

manifest publicly. Proactive transparency about AI 

use and data practices helps build trust, as 

customers appreciate honesty about how their 

information contributes to better experiences. 

However, transparency must be balanced against 

competitive concerns about revealing proprietary 

AI capabilities. 
 

Balancing Personalization with Privacy 

Effective personalization requires knowing 

customer preferences, behaviors, and contexts, 

creating inherent tension with privacy protection. 

Customers want relevant experiences but also 

value privacy and control over their information. 

Finding the right balance varies by customer 

segment, with some embracing extensive 

personalization while others prefer minimal data 

collection. Program managers must design systems 

offering value propositions that justify data 

collection, demonstrating clear customer benefits 

from personalization rather than solely serving 

retailer interests. Privacy-enhancing technologies 

like differential privacy, federated learning, and 

on-device processing enable personalization while 

limiting data exposure, though these approaches 

involve technical tradeoffs. Providing customers 

with transparency and control over personalization 

helps respect individual privacy preferences while 

enabling those who value personalized experiences 

to benefit fully from AI capabilities. 
 

TALENT AND SKILLS GAP 
Scarcity of Specialized AI/ML Expertise 

The demand for professionals with artificial 

intelligence and machine learning expertise far 

exceeds supply, creating intense competition for 

talent. Data scientists, machine learning engineers, 

and AI specialists command premium salaries that 

strain retail budgets accustomed to traditional IT 

costs. Geographic constraints amplify challenges, 

as AI talent concentrates in technology hubs while 

many retailers operate from other locations. Even 

when organizations successfully recruit AI 

specialists, retention proves difficult as 

competitors aggressively recruit and technology 

companies offer compelling alternatives to retail 

careers. The talent shortage extends beyond pure 

AI roles to include professionals who combine 

domain expertise with technical capabilities, such 

as retail data scientists who understand both 

algorithms and merchandising dynamics. Program 

managers must develop creative talent strategies, 

including competitive compensation, remote work 

flexibility, partnerships with universities, and 
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build-versus-hire tradeoffs, considering offshore 

resources or consulting augmentation. 
 

Cross-Functional Collaboration Requirements 

AI-driven customer experience programs demand 

unprecedented collaboration between previously 

separate functions. Data scientists must work 

closely with retail merchandisers to understand 

product categorization and customer shopping 

behaviors. Machine learning engineers need input 

from customer service teams to design effective 

conversational AI. Business analysts must translate 

strategic objectives into data requirements and 

model evaluation criteria. Marketing teams must 

partner with data engineers to implement 

personalization in customer communications. 

These collaborations require mutual understanding 

across very different professional languages and 

ways of thinking. Technical teams may struggle to 

appreciate business constraints and customer 

realities, while business teams may hold unrealistic 

expectations about AI capabilities. Program 

managers must actively facilitate cross-functional 

understanding through workshops, shared goals, 

co-location, and collaborative problem-solving 

processes that break down traditional silos. 
 

Knowledge Transfer and Capability Building 

Over-reliance on external consultants or individual 

AI experts creates organizational vulnerabilities 

and limits long-term capability development. 

When specialized knowledge resides solely with a 

few individuals, their departure threatens program 

continuity. Deliberate knowledge transfer 

processes ensure that AI capabilities become 

embedded organizational competencies rather than 

dependent on specific people. This requires 

documentation of model architectures, decision 

rationales, and operational procedures. Pairing 

junior staff with experienced practitioners enables 

learning through collaboration. Internal training 

programs build baseline AI literacy across the 

organization, helping business teams understand 

what AI can and cannot do. However, knowledge 

transfer proves challenging given the rapid pace of 

AI evolution, as capabilities considered cutting-

edge quickly become outdated, requiring 

continuous learning rather than one-time training. 
 

Organizational Learning Challenges 

AI programs require organizations to develop new 

ways of working and thinking that conflict with 

established practices. Traditional retail decision-

making relies on experience, intuition, and 

established business rules, while AI-driven 

approaches emphasize data, experimentation, and 

probabilistic reasoning. Shifting organizational 

culture toward data-driven decision-making 

encounters resistance from leaders comfortable 

with existing methods. Learning from failures 

becomes essential in AI development, yet retail 

cultures often punish failures rather than treating 

them as learning opportunities. The iterative nature 

of AI model development conflicts with stage-gate 

processes designed for predictable projects with 

fixed requirements. Program managers must help 

organizations develop new mental models for AI 

initiatives, including acceptance of uncertainty, 

comfort with experimentation, and willingness to 

adjust approaches based on empirical results rather 

than predetermined plans. 
 

CROSS-FUNCTIONAL ALIGNMENT 
Siloed Organizational Structures 

Traditional retail organizational structures separate 

functions like merchandising, marketing, 

operations, and technology into distinct units with 

separate leadership, budgets, and objectives. AI-

driven customer experience initiatives cut across 

these boundaries, requiring coordinated action 

from multiple functions to deliver unified 

customer experiences. However, siloed structures 

create obstacles to the collaboration these 

programs demand. Each function prioritizes its 

own objectives, which may conflict with program 

goals or other functions' priorities. Budget 

allocation processes that fund departments 

separately complicate investment in cross-

functional initiatives. Career paths and 

performance evaluations reinforce functional 

loyalty rather than enterprise thinking. Breaking 

down these silos requires deliberate governance 

structures, dedicated cross-functional teams, and 

executive sponsorship that transcends functional 

boundaries. 
 

Competing Priorities across Functions 

Even when cross-functional collaboration occurs, 

competing priorities frequently undermine 

alignment. Marketing seeks personalization 

capabilities to improve campaign effectiveness, 

while operations concerns focus on system 

stability and reliability. Merchandising wants AI-

driven demand forecasting to optimize inventory, 

but IT prioritizes security and compliance. 

Customer service needs conversational AI to 

manage contact volumes, yet legal worries about 

liability for AI-generated responses. Each function 

has legitimate priorities shaped by its 

responsibilities and performance metrics. Program 

managers must navigate these competing interests, 

finding compromises that serve program objectives 

while respecting functional concerns. This requires 
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understanding each function's motivations, 

constraints, and success criteria, then crafting 

approaches that create value for all stakeholders 

rather than forcing win-lose tradeoffs. 
 

Communication Gaps between Technical and 

Business Teams 

Technical AI teams and business stakeholders 

often struggle to communicate effectively due to 

different vocabularies, assumptions, and ways of 

thinking. Data scientists discuss model accuracy 

metrics like precision, recall, and F1 scores that 

mean little to merchandisers thinking about 

product assortment. Business leaders request AI 

capabilities without understanding technical 

constraints or data requirements. Technical teams 

may build sophisticated models that fail to address 

actual business problems because requirements 

were misunderstood. These communication gaps 

lead to misaligned expectations, rework, and 

frustration on both sides. Program managers must 

serve as translators, helping technical teams 

understand business context and constraints while 

helping business teams appreciate technical 

realities and tradeoffs. Creating shared 

understanding requires patience, deliberate 

communication planning, and often visual artifacts 

or prototypes that make abstract concepts concrete. 
 

Lack of Shared Understanding of AI 

Capabilities 

Unrealistic expectations about AI capabilities 

frequently emerge from Hollywood portrayals of 

artificial intelligence and vendor marketing claims. 

Business stakeholders may expect AI systems to 

demonstrate human-like understanding, learn 

instantly from small examples, or function 

perfectly without ongoing maintenance. 

Conversely, some stakeholders dismiss AI as 

overhyped, failing to recognize genuine 

capabilities and opportunities. This lack of shared 

understanding creates program challenges as 

stakeholders either demand impossible capabilities 

or resist investments in achievable ones. Educating 

stakeholders about AI requires explaining both 

capabilities and limitations honestly, using 

relevant examples from retail contexts rather than 

abstract technical descriptions. Demonstrations of 

actual AI systems help ground discussions in 

reality. Managing expectations throughout the 

program lifecycle ensures stakeholders understand 

that AI accuracy improves gradually through 

iterative refinement rather than achieving 

perfection at launch. 

 

SCALABILITY AND VENDOR 
DEPENDENCY 
Maintaining Quality at Scale 

AI systems that perform well in pilots or limited 

deployments often encounter quality challenges 

when scaled to full production volumes. Models 

trained on datasets from specific markets or 

customer segments may not generalize to broader 

populations. Systems tested with thousands of 

products struggle when confronted with millions. 

Personalization algorithms that work well for 

engaged customers may fail for casual shoppers 

with sparse behavioral data. Scaling introduces 

edge cases and data variations not present in 

controlled pilot environments. Response times 

acceptable under pilot loads become unacceptable 

when serving millions of concurrent customers. 

Program managers must plan for scale from the 

outset rather than treating it as a post-pilot 

concern. This requires architecture decisions 

supporting horizontal scaling, testing at realistic 

volumes, and quality monitoring systems that 

detect degradation as scale increases. 
 

Build vs. Buy Decisions 

Retailers face strategic choices between building 

custom AI capabilities internally and purchasing 

commercial platforms or software-as-a-service 

solutions. Building provides maximum 

customization, intellectual property ownership, 

and potential competitive differentiation. 

However, internal development requires scarce AI 

talent, substantial time investment, and ongoing 

maintenance responsibilities. Commercial 

platforms offer faster implementation, proven 

capabilities, and vendor-provided updates, but 

involve subscription costs, limited customization, 

and dependency on vendor roadmaps. The optimal 

choice varies by application, organizational 

capabilities, and strategic importance. 

Recommendation engines might justify custom 

development given their competitive significance, 

while chatbot platforms might be better purchased 

given the commoditization of basic conversational 

capabilities. Program managers must evaluate 

these tradeoffs systematically, considering the total 

cost of ownership, strategic value, organizational 

capabilities, and risk tolerance across different 

program components. 
 

Vendor Lock-In Risks 

Heavy reliance on specific AI vendors creates risks 

if those vendors raise prices, discontinue products, 

or fail to evolve capabilities as needed. Proprietary 

platforms often use incompatible data formats, 
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custom programming interfaces, and vendor-

specific tools that make migration difficult. 

Organizations may find themselves captive to 

vendor pricing or forced to accept suboptimal 

solutions because switching costs are prohibitive. 

This risk intensifies as AI systems become deeply 

embedded in operations and customer experiences, 

making vendor changes highly disruptive. 

Mitigating lock-in requires architecting systems 

with abstraction layers separating vendor-specific 

components from core business logic. Preferring 

open standards and interoperable tools where 

possible preserves flexibility. Contract 

negotiations should address data portability, 

transition assistance, and escrow arrangements for 

critical code. However, lock-in avoidance must be 

balanced against practical realities that standards-

based approaches may offer fewer features or 

slower time-to-market than proprietary 

alternatives. 
 

Cost Escalation in Third-Party Platforms 

Commercial AI platforms typically charge based 

on usage metrics like API calls, data volume 

processed, or active users. Initial costs during 

pilots or limited deployments appear reasonable, 

but expenses escalate quickly as programs scale to 

full production. Usage-based pricing creates 

unpredictable costs that complicate budgeting and 

financial planning. Successful AI implementations 

that drive increased customer engagement 

paradoxically increase platform costs, sometimes 

eroding business cases. Vendors may change 

pricing models or increase rates, forcing 

organizations to accept higher costs or undertake 

expensive migrations. Program managers must 

model cost projections at scale during vendor 

selection, building contingency into budgets for 

usage growth. Contract negotiations should seek 

volume discounts, price caps, or alternative pricing 

structures, aligning costs more closely with 

business value. Continuous monitoring of vendor 

spending relative to value delivered helps identify 

situations where building internal capabilities 

becomes economically attractive compared to 

continued platform fees (Gartner, 2024). 
 

CHANGE MANAGEMENT AND 
ORGANIZATIONAL ADOPTION 
Resistance to AI-Driven Processes 

Employees accustomed to existing workflows and 

decision-making approaches often resist AI-driven 

changes they perceive as threatening their 

expertise, autonomy, or job security. 

Merchandisers may distrust AI recommendations 

that conflict with their intuition about customer 

preferences. Customer service representatives 

might resent chatbots they view as inferior 

replacements. Store managers could resist AI-

optimized staffing that overrides their judgment. 

This resistance manifests as subtle non-adoption, 

such as ignoring AI suggestions or finding 

workarounds that preserve familiar processes. 

Understanding the psychological roots of 

resistance—fear, loss of control, identity threat—

helps program managers design change strategies 

that address underlying concerns rather than 

dismissing resistance as irrational. Framing AI as 

an augmentation that enhances rather than replaces 

human capabilities helps reduce threat perceptions. 

Involving affected employees in design and pilot 

testing builds ownership and surfaces practical 

concerns early, when addressing them is less 

costly. 
 

Unclear Ownership and Accountability 

AI systems introduce ambiguity about ownership 

and accountability that traditional organizational 

structures struggle to accommodate. Who owns the 

customer experience when an AI system makes 

personalization decisions—marketing, technology, 

or merchandising? When a chatbot provides 

incorrect information, is customer service 

responsible, or the data science team that trained 

the model? Traditional role definitions do not 

cleanly map to AI-driven processes that blend 

technical and business responsibilities. This 

ambiguity creates coordination challenges and 

accountability gaps where issues fall between 

organizational cracks. Program managers must 

work with leadership to establish clear ownership 

models that clarify decision rights, escalation 

paths, and accountability for AI system 

performance. This often requires new hybrid roles 

or cross-functional teams that bridge traditional 

boundaries. Operating agreements specifying 

responsibilities for model training, monitoring, 

retraining, and business outcomes help prevent 

confusion and ensure critical activities receive 

proper attention. 
 

Socio-Technical System Transformation 

Requirements 

AI implementation rarely succeeds as a purely 

technical deployment; it demands transformation 

of socio-technical systems encompassing 

technology, people, processes, and organizational 

culture. New technologies must integrate with 

revised workflows that reflect AI capabilities. 

Employee roles evolve to incorporate AI insights 

into decision-making. Performance metrics shift to 

measure outcomes AI enables rather than activities 
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it automates. Organizational culture must embrace 

data-driven experimentation alongside traditional 

retail judgment. These interconnected changes 

require coordinated attention rather than focusing 

solely on technology deployment. Process redesign 

workshops identify how workflows should change 

to leverage AI capabilities. Training programs 

build skills for working effectively with AI 

systems. Leadership communication reinforces 

cultural shifts toward experimentation and 

continuous improvement. Program managers must 

orchestrate these multiple change dimensions 

simultaneously, recognizing that technical success 

means little if people and processes do not adapt 

accordingly. 
 

Cultural Barriers to AI Adoption 

Retail culture traditionally values operational 

excellence, customer service, and product 

expertise more than technical innovation or data 

analytics. This cultural orientation creates 

resistance to AI adoption that emphasizes data 

over intuition and algorithms over human 

judgment. Risk-averse cultures resist 

experimentation inherent in AI development, 

preferring predictable results over probabilistic 

outcomes. Short-term focus conflicts with AI 

initiatives requiring sustained investment before 

delivering full value. Hierarchical cultures struggle 

with cross-functional collaboration essential for AI 

success. Transforming culture represents the most 

challenging and time-consuming aspect of AI 

adoption, as deeply held beliefs and values resist 

change. Senior leadership must model desired 

behaviors, celebrating data-driven decisions and 

learning from failed experiments. Success stories 

demonstrating AI value help shift perceptions. 

However, realistic timelines must acknowledge 

that cultural change occurs gradually through 

accumulated experiences rather than instant 

transformation through announcements or training 

programs. 
 

UNREALISTIC EXPECTATIONS AND 
ROI PRESSURE 
Disconnect Between Stakeholder Expectations 

and AI Maturity 

Stakeholders often hold unrealistic expectations 

about AI capabilities shaped by consumer AI 

experiences, vendor marketing, and media 

coverage of breakthrough technologies. Business 

leaders may expect retail AI to match the 

capabilities of systems like ChatGPT or image 

generation tools, not recognizing that these 

represent distinct AI domains with different 

maturity levels. Expectations for immediate 

accuracy comparable to human experts ignore the 

learning curves inherent in AI development. 

Stakeholders may assume AI operates 

deterministically like traditional software, 

becoming frustrated when probabilistic outputs 

vary or require ongoing tuning. This expectations 

gap creates disappointment when AI systems 

deliver incremental improvements rather than 

revolutionary capabilities. Program managers must 

invest significantly in stakeholder education, 

explaining realistic AI capabilities within retail 

contexts, demonstrating actual systems rather than 

theoretical possibilities, and framing success 

criteria around achievable improvements rather 

than perfection. 
 

Misunderstanding of Iterative Development 

Processes 

Traditional retail IT projects follow waterfall 

methodologies with upfront requirements, design 

phases, implementation, and testing before 

deployment. AI development works differently, 

requiring iterative cycles where models are trained, 

evaluated, refined, and retrained based on 

performance data. Requirements cannot be fully 

specified up front because AI capabilities emerge 

through experimentation. Stakeholders accustomed 

to waterfall approaches become uncomfortable 

with iterative uncertainty, wanting firm 

commitments to capabilities and timelines that AI 

development cannot guarantee. Stage-gate 

processes designed for predictable projects impose 

artificial checkpoints that conflict with AI's 

exploratory nature. Program managers must 

educate stakeholders about AI development 

realities while adapting governance processes to 

accommodate iteration. Agile approaches with 

shorter delivery cycles, frequent demonstrations, 

and empirical evaluation help align governance 

with AI development characteristics. Framing 

initial deployments as learning opportunities rather 

than finished products helps manage expectations 

while enabling progress. 
 

Pressure for Immediate Returns 

Executive sponsors and financial stakeholders 

often demand a rapid return on investment from AI 

initiatives, expecting measurable business impact 

within months of deployment. However, AI 

systems typically require time to accumulate 

training data, refine models, achieve user adoption, 

and demonstrate full value. Early deployments 

may show modest improvements as systems learn 

and teams optimize implementations. Some 

benefits, particularly brand reputation or customer 

lifetime value, manifest over years rather than 
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quarters. This mismatch between expected and 

actual return timelines creates pressure that can 

undermine programs before they fully mature. 

Program managers must develop phased business 

cases showing early wins that build credibility 

while honestly projecting when more substantial 

returns will materialize. Quick wins through 

limited pilots demonstrate value and maintain 

momentum while larger-scale benefits develop. 

Managing executive expectations requires 

transparency about realistic timelines combined 

with evidence of progress toward ultimate 

objectives. 
 

Challenges in Quantifying Intangible Benefits 

Many AI-driven customer experience benefits 

resist simple quantification, creating difficulty 

justifying investments and measuring success. 

Improved customer satisfaction, enhanced brand 

perception, and increased loyalty represent real 

value but lack the precision of cost reduction 

metrics. Attribution challenges complicate 

measuring AI impact when multiple factors 

influence customer behavior simultaneously. Some 

benefits manifest as avoided negative outcomes—

prevented customer churn, avoided stockouts—

that are harder to measure than positive outcomes. 

Long-term strategic advantages like organizational 

learning or competitive positioning defy quarterly 

financial reporting. These quantification 

challenges create tension in business case 

development and performance evaluation, as 

stakeholders seek hard numbers that may not exist. 

Program managers must develop balanced 

scorecards combining quantifiable metrics with 

qualitative indicators. Customer satisfaction 

surveys, A/B testing, and control groups help 

isolate AI impact where possible. However, honest 

acknowledgment of measurement limitations while 

demonstrating directional progress proves more 

credible than false precision in unprovable 

calculations. 
 

THE AI-CX PROGRAM 
MANAGEMENT FRAMEWORK 
Conceptual Foundation and Design Principles 

The AI-CX Program Management Framework 

emerges from a synthesis of established program 

management theory, AI governance principles, and 

empirical insights from retail transformation 

initiatives. Its conceptual foundation recognizes 

that successful AI-driven customer experience 

programs require balancing technical execution 

with organizational change, ethical considerations, 

and customer value delivery. Traditional program 

management frameworks emphasizing scope, 

schedule, and cost prove necessary but insufficient 

for AI initiatives characterized by uncertainty, 

iteration, and socio-technical complexity. The 

framework extends conventional approaches by 

explicitly incorporating data governance, ethical 

compliance, and continuous learning as first-class 

program management concerns rather than 

afterthoughts. 
 

Design principles underlying the framework 

include holism, recognizing that technical, 

organizational, and ethical dimensions are 

interdependent rather than separable; adaptability, 

acknowledging that AI programs must respond to 

learning and changing contexts rather than 

following fixed plans; customer-centricity, 

ensuring program success is measured by customer 

and business outcomes rather than merely 

technical deliverables; and responsibility, 

embedding ethical considerations and risk 

management throughout program lifecycle rather 

than treating them as compliance checkpoints. 

These principles guide practical application while 

allowing tailoring to specific organizational 

contexts and program characteristics. 
 

Five-Pillar Architecture 

The framework organizes program management 

activities into five interdependent pillars, each 

addressing critical dimensions of AI-CX program 

success. Data Governance and Quality establishes 

foundations ensuring AI systems have access to 

appropriate, high-quality data while managing 

risks and compliance obligations. Technology 

Integration and Scalability addresses technical 

architecture, infrastructure, and vendor 

relationships, enabling AI capabilities to function 

reliably at enterprise scale. Change and 

Stakeholder Management focuses on 

organizational and human dimensions, ensuring 

people embrace new AI-driven ways of working. 

Ethical and Regulatory Compliance embeds 

responsible AI practices throughout program 

governance, managing risks to customers and 

organizational reputation. Value Realization and 

Continuous Improvement ensure programs deliver 

measurable business and customer benefits while 

establishing feedback loops for ongoing 

optimization. 
 

This five-pillar structure provides comprehensive 

coverage of program management responsibilities 

while offering practical organization for planning, 

governance, and execution activities. Each pillar 

encompasses specific practices, roles, and 

deliverables detailed in subsequent sections. 

However, the pillars are intentionally non-
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sequential, recognizing that activities across pillars 

occur concurrently and influence each other 

throughout program lifecycles. 
 

Integrative Nature of the Framework 

The framework's power comes from integration 

across pillars rather than addressing each in 

isolation. Data governance decisions affect 

technology architecture choices, which influence 

change management requirements, which create 

ethical considerations, which shape value 

realization metrics. Effective program 

management demands thinking systemically about 

these interconnections rather than optimizing 

pillars independently. For example, technology 

decisions favoring proprietary vendor platforms 

create different change management needs than 

open-source approaches, different data governance 

requirements regarding vendor data access, 

different ethical considerations around 

transparency, and different value realization 

timelines. 
 

Program governance structures must reflect this 

integration, with cross-pillar coordination 

mechanisms ensuring decisions consider 

implications across dimensions. Working groups 

or committees addressing specific pillars should 

include representation from others to prevent 

siloed decision-making. Program managers serve 

as integrators, helping stakeholders understand 

connections and managing tradeoffs that involve 

multiple pillars. This integrative perspective 

distinguishes the framework from checklist 

approaches that address topics independently, 

instead promoting holistic program thinking 

essential for navigating AI-CX complexity. 
 

PILLAR 1: DATA GOVERNANCE AND 
QUALITY 
Data Governance Councils and Accountability 

Structures 

Effective data governance requires formal 

structures establishing authority, accountability, 

and decision rights for data-related matters. Data 

governance councils bring together representatives 

from business functions, technology, legal, and 

risk management to set policies, resolve disputes, 

and oversee data assets. These councils operate at 

strategic levels, establishing principles and 

priorities rather than managing day-to-day data 

operations. Clear accountability structures specify 

who owns different data domains, who approves 

access requests, who ensures quality, and who 

manages compliance. Without explicit ownership, 

data-related issues fall between organizational 

cracks, creating risks and preventing effective 

coordination. Program managers must ensure 

governance structures exist before AI initiatives 

create pressure, exposing gaps. For organizations 

lacking mature data governance, AI programs may 

need to establish minimum viable governance 

frameworks for program-specific data while 

advocating for broader enterprise capabilities. 
 

Data Quality Standards and Enforcement 

Mechanisms 

Data quality standards define expectations for 

accuracy, completeness, consistency, timeliness, 

and validity of data used in AI systems. These 

standards must be specific and measurable rather 

than aspirational statements, enabling objective 

assessment of whether data meets requirements. 

Standards vary by data type and use case—

customer master data requires higher accuracy for 

personalization than historical transaction logs 

used for trend analysis. Enforcement mechanisms 

ensure standards translate into practice through 

automated quality checks, manual review 

processes, and accountability for remediation 

when quality issues emerge. Data quality metrics 

integrated into program dashboards maintain 

visibility and priority. However, achieving perfect 

data quality proves neither feasible nor necessary; 

instead, standards should reflect fit-for-purpose 

criteria balancing quality investment against value 

delivered. Program managers must work with data 

owners to establish realistic standards that enable 

AI success without demanding unattainable 

perfection. 
 

Cross-System Integration Strategies 

AI-driven customer experience requires unifying 

data from disparate sources into coherent views 

supporting analytics and personalization. 

Integration strategies range from tightly coupled 

point-to-point connections to loosely coupled data 

lakes or data virtualization approaches. The 

optimal strategy depends on real-time 

requirements, data volumes, source system 

capabilities, and organizational skills. Real-time 

personalization may require event streaming 

architectures capturing customer behaviors as they 

occur, while batch-oriented analytics can rely on 

periodic data warehouse loads. Master data 

management approaches create authoritative 

sources for key entities like customers and 

products, resolving inconsistencies and 

establishing common identifiers across systems. 

However, MDM implementations prove complex 

and time-consuming, potentially creating 

bottlenecks for AI initiatives. Program managers 
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must balance ideal integration architectures against 

practical constraints, sometimes accepting 

pragmatic compromises enabling progress while 

longer-term data infrastructure improvements 

proceed in parallel. 
 

Master Data Management in Retail Contexts 

Master data management in retail focuses 

primarily on customer, product, and location data 

that appears across multiple systems. Customer 

MDM creates golden records consolidating 

information from loyalty programs, e-commerce 

profiles, customer service interactions, and point-

of-sale transactions. Product MDM ensures 

consistent hierarchies, attributes, and identifiers 

across merchandising, inventory, e-commerce, and 

supplier systems. Location MDM manages store 

information, including addresses, operating hours, 

and capabilities. Effective MDM requires 

governance establishing data stewards responsible 

for each domain, workflows for creating and 

updating master records, and technical systems 

enforcing the use of master data across 

applications. For AI programs, MDM provides 

clean, consistent data for training and inference 

while enabling cross-channel personalization that 

recognizes customers regardless of the interaction 

point. However, MDM initiatives often take years 

to fully implement, requiring program managers to 

identify minimum viable MDM capabilities 

needed for AI success while supporting longer-

term enterprise MDM roadmaps. 
 

TWO-TIER AI GOVERNANCE MODEL 
Global AI Governance Board Functions 
A global AI governance board operates at the 

enterprise level, establishing strategic direction, 

policies, and standards for AI initiatives across the 

organization. This board includes senior 

executives from business, technology, legal, risk, 

and ethics functions, providing diverse 

perspectives on AI opportunities and risks. Key 

responsibilities include setting responsible AI 

principles, approving high-risk AI applications, 

establishing ethical review processes, ensuring 

regulatory compliance, allocating resources to 

strategic AI priorities, and resolving cross-

functional AI governance issues. The board also 

monitors AI-related risks, including bias, privacy, 

security, and reputational concerns, ensuring 

appropriate mitigation. For retailers operating 

internationally, the global board addresses 

localization requirements across different markets 

while maintaining consistent ethical standards. 

This strategic governance layer ensures AI 

adoption aligns with corporate values and risk 

tolerance while enabling innovation within 

appropriate guardrails. 
 

Program/Project-Level Governance 

Responsibilities 
Program and project governance operate tactically, 

managing specific AI initiative execution while 

escalating strategic issues to global governance 

bodies. Program steering committees include 

sponsors, business owners, and technical leads for 

specific AI-CX initiatives, meeting regularly to 

review progress, resolve issues, and make 

decisions within delegated authority. These groups 

manage program roadmaps, approve scope 

changes, allocate budgets, assess risks, and ensure 

benefits realization. Program managers staff these 

governance bodies, preparing materials, 

facilitating meetings, and executing decisions. 

Project-level governance for individual AI 

components follows similar patterns at a smaller 

scale, with working groups addressing specific 

deliverables. This two-tier structure balances 

strategic oversight with execution agility, 

preventing either excessive bureaucracy that slows 

innovation or insufficient control that creates risks. 

Clear escalation paths connect program 

governance to enterprise AI governance; ensuring 

appropriate issues receive senior attention while 

routine decisions proceed efficiently. 

 

Table 4: Common AI-CX Program Failure Points and Prevention Strategies (European Union, 2016; Gartner, 

2024) 

Failure Point Manifestation Root Causes Prevention 

Strategies 

Early Warning 

Signals 

Recovery 

Actions 

Data Quality 

Underestimation 

Projects stall in 

data 

preparation; 

models perform 

poorly; 

timelines 

extend 2-3x 

original 

Inadequate data 

assessment 

during planning; 

optimistic 

assumptions 

about existing 

data quality; 

hidden technical 

Conduct 

thorough data 

audits before 

committing 

timelines, 

allocate 40-

60% of effort 

to data 

Data discovery 

reveals 

extensive 

cleanup needs; 

frequent model 

retraining is 

required; 

stakeholder 

Secure 

additional 

budget/timeline 

for data 

quality; bring 

in data 

engineering 

expertise; 
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estimates debt  preparation, 

establish data 

quality 

baselines 

early, and 

include data 

remediation in 

project scope  

complaints 

about accuracy 

establish data 

governance  

Stakeholder 

Expectation 

Mismatch 

Disappointment 

with initial 

results; 

perception that 

AI "doesn't 

work"; 

premature 

program 

cancellation 

Overpromising 

during the 

business case, a 

lack of AI 

literacy among 

leaders, and the 

end-of-market 

create 

unrealistic 

expectations 

Educate 

stakeholders 

on realistic AI 

capabilities,  

Demonstrate 

actual AI 

systems vs. 

theoretical 

discussions,  

Set phased 

expectations 

with early 

wins,  Frame 

initial 

deployment as 

a learning 

phase 

Stakeholder 

frustration with 

iterative 

approach; 

demands for 

immediate ROI; 

skepticism 

about AI value 

Reset 

expectations 

through 

education; 

demonstrate 

incremental 

progress; show 

comparable 

industry 

timelines 

Insufficient 

Change 

Management 

Low adoption 

rates; 

workarounds 

bypassing AI; 

resistance from 

frontline staff; 

benefits not 

realized despite 

technical 

success 

Change 

management is 

regarded as a 

communications 

exercise; late 

stakeholder 

engagement; 

fear of job 

displacement; 

lack of training 

Engage 

stakeholders 

from project 

inception,  

Frame AI as 

augmentation, 

not 

replacement,  

Invest in 

comprehensive 

training 

programs,  

Establish 

change 

champions in 

each function,  

Co-design 

with end users  

Minimal usage 

of new AI tools; 

negative 

feedback from 

the frontline; 

passive 

resistance 

through non-

compliance 

Intensify 

change 

management; 

address 

specific 

concerns; 

involve 

resisters in 

solution 

design; 

celebrate early 

adopters 

Technology 

Integration 

Complexity 

Implementation 

stalls on 

integration; 

performance 

issues at scale; 

budget 

overruns for 

integration 

work 

Legacy system 

underestimation; 

inadequate 

architecture 

planning; 

missing APIs; 

undocumented 

business logic 

Conduct 

integration 

feasibility 

assessments 

early,  

Prototype 

integrations 

during 

planning,  

Budget 

adequately for 

integration 

Integration 

tasks 

consuming 

disproportionate 

effort; 

performance 

degradation; 

architectural 

concerns 

emerging mid-

project 

Bring in 

integration 

specialists; 

consider 

middleware 

solutions; 

potentially 

descope to 

reduce 

integration 

points 
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layers,  

Consider 

legacy 

modernization 

in parallel  

Ethical/Bias 

Issues 

Customer 

complaints 

about unfair 

treatment; 

media coverage 

of 

discriminatory 

AI; regulatory 

scrutiny; 

reputational 

damage 

Homogeneous 

training data; 

lack of fairness 

testing; no 

ethical review 

process; 

pressure to 

deploy quickl 

Test AI across 

diverse 

customer 

segments,  

Establish 

ethical review 

checkpoints,  

Implement 

fairness 

metrics and 

thresholds,  

Include 

diverse 

perspectives in 

development,  

Build 

transparency 

mechanisms 

Complaints 

from specific 

demographic 

groups, social 

media criticism, 

and internal 

concerns raised 

by team 

members 

Immediately 

audit for bias; 

potentially 

suspend 

deployment; 

retrain models 

with diverse 

data; 

communicate 

transparently 

Vendor Lock-in Inability to 

modify system; 

escalating 

costs; forced 

acceptance of 

vendor 

roadmap; 

difficulty 

migrating 

Over-reliance on 

proprietary 

platforms; 

inadequate 

contract terms; 

custom 

development on 

vendor platform 

Prefer open 

standards 

where feasible,  

Abstract 

vendor-

specific 

components,  

Negotiate data 

portability 

clauses,  Plan 

exit strategies 

upfront  

Vendor 

announces price 

increases; 

requested 

features not on 

roadmap; 

migration costs 

appear 

prohibitive 

Negotiate 

better terms 

leveraging 

competition; 

begin 

abstraction 

layer 

development; 

evaluate 

alternative 

vendors 

 

PILLAR 2: TECHNOLOGY 
INTEGRATION AND SCALABILITY 
Enterprise Architecture Alignment 

AI-CX programs must align with broader 

enterprise architecture strategies rather than 

creating isolated technology islands. Enterprise 

architects define technology standards, integration 

patterns, security requirements, and infrastructure 

roadmaps that AI initiatives should respect. This 

alignment ensures AI systems leverage existing 

capabilities, follow security protocols, integrate 

cleanly with other applications, and benefit from 

planned infrastructure improvements. However, 

rapid AI evolution sometimes creates tension 

between enterprise architecture governance and 

program needs for emerging technologies not yet 

blessed by architecture standards. Program 

managers must navigate this tension, working with 

enterprise architects to adapt standards when 

necessary while respecting architectural principles 

around scalability, security, and supportability. 

Architecture review boards should include AI 

expertise to evaluate proposals fairly rather than 

reflexively rejecting unfamiliar approaches. Strong 

enterprise architecture practice helps prevent 

technical debt accumulation as multiple AI 

initiatives proceed independently without 

coordination. 
 

API Strategies and Microservices Architecture 

Modern AI systems typically employ 

microservices architectures with components 

communicating through well-defined application 

programming interfaces. This approach enables 

independent scaling of different capabilities, 

simplifies updates without system-wide 

deployments, and facilitates integration with 

diverse data sources and channels. API strategies 

establish standards for interface design, 
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authentication, error handling, versioning, and 

documentation. API gateways manage traffic, 

enforce security policies, and provide monitoring 

visibility. For retailers, API-based architectures 

enable omnichannel experiences where 

recommendation engines, inventory systems, and 

customer profiles integrate across web, mobile, 

and in-store touchpoints. However, microservices 

introduce operational complexity through 

distributed systems management, network latency 

considerations, and eventual consistency 

challenges. Program managers must ensure 

organizations possess skills and tools for 

microservices operations or plan capability 

development alongside architecture adoption. 
 

Cloud Migration and Infrastructure 

Modernization 

Cloud platforms offer compelling advantages for 

AI workloads, including elastic scalability, 

managed machine learning services, and 

consumption-based pricing that aligns costs with 

usage. However, many retailers operate primarily 

on-premises infrastructure, making cloud adoption 

a significant undertaking. Cloud migration 

strategies range from forklift approaches, moving 

existing applications to cloud infrastructure with 

minimal changes, to cloud-native refactoring that 

redesigns applications to leverage cloud 

capabilities fully. AI programs often drive cloud 

adoption, given computational requirements 

difficult to meet with on-premises infrastructure. 

Hybrid cloud approaches allow the coexistence of 

cloud and on-premises systems during transition 

periods, though integration complexity increases. 

Program managers must coordinate cloud strategy 

with AI roadmaps, determining which workloads 

benefit most from cloud deployment and what 

infrastructure investments enable AI success 

regardless of deployment model. Security, 

compliance, and data sovereignty considerations 

may constrain cloud adoption for sensitive data or 

regulated operations. 
 

Vendor Ecosystem Management 

AI programs typically involve multiple vendors 

providing different capabilities—cloud 

infrastructure, machine learning platforms, data 

integration tools, business intelligence, and 

specialized AI services. Managing this vendor 

ecosystem requires coordination, ensuring 

components integrate properly, contracts align 

with program needs, and vendor roadmaps support 

long-term objectives. Vendor relationship 

management includes regular business reviews 

assessing satisfaction and addressing issues, 

roadmap alignment ensuring vendor evolution 

matches organizational needs, contract 

management tracking obligations and negotiating 

changes, and performance monitoring, holding 

vendors accountable for commitments. For critical 

vendors, program managers should establish 

governance forums bringing vendor 

representatives together with internal stakeholders 

to coordinate activities and resolve conflicts. Over-

dependence on single vendors creates risks, 

suggesting preference for multi-vendor strategies 

or open standards where feasible. However, 

excessive vendor proliferation creates integration 

complexity and management overhead, requiring 

balanced approaches. 
 

Scalability Planning and Performance 

Optimization 

AI systems must scale gracefully from pilots 

serving hundreds of users to production supporting 

millions of customers without performance 

degradation. Scalability planning identifies 

potential bottlenecks in data pipelines, model 

inference, storage, and network bandwidth, then 

architects solutions handling anticipated loads with 

safety margins. Load testing at realistic volumes 

validates scalability before production deployment, 

revealing issues addressable in controlled 

environments rather than during customer-

impacting failures. Performance optimization 

addresses response time, throughput, and resource 

efficiency through techniques like model 

optimization, caching, load balancing, and 

horizontal scaling. However, premature 

optimization wastes resources addressing 

theoretical rather than actual constraints. Program 

managers should establish performance 

requirements based on customer experience needs, 

monitor actual system performance, and optimize 

when metrics approach thresholds rather than 

over-engineering for unlikely scenarios. Scalability 

represents an ongoing concern requiring 

continuous monitoring and periodic reassessment 

as customer usage patterns evolve. 
 

PILLAR 3: CHANGE AND 
STAKEHOLDER MANAGEMENT 
Stakeholder Mapping and Engagement 

Strategies 

Effective stakeholder management begins with 

systematic identification and analysis of all parties 

affected by or influencing AI-CX programs. 

Stakeholder mapping catalogs groups including 

executive sponsors, business function leaders, 

technical teams, frontline employees, customers, 

vendors, and regulators. Analysis assesses each 
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stakeholder's interests, influence, expectations, and 

concerns, enabling tailored engagement strategies. 

High-influence supporters require regular 

communication and involvement in key decisions 

to maintain sponsorship. High-influence skeptics 

need direct engagement, addressing concerns, and 

demonstrating value. Lower-influence 

stakeholders may require primarily informational 

communication without deep involvement. 

Engagement plans specify communication 

channels, frequency, and messages appropriate for 

each stakeholder group. Program managers must 

continuously reassess stakeholder positions as 

programs progress, adapting engagement as 

circumstances change. Neglecting important 

stakeholders creates risks through unexpected 

resistance or missed opportunities for support. 
 

Executive Sponsorship and Alignment 

Strong executive sponsorship proves essential for 

AI-CX program success, providing authority to 

make difficult decisions, resources to overcome 

obstacles, and persistence through inevitable 

challenges. Effective sponsors actively champion 

programs to peers, remove organizational barriers, 

make timely decisions on escalated issues, and 

maintain visibility for programs within leadership 

agendas. However, executive attention spans are 

limited, requiring program managers to engage 

sponsors efficiently through concise 

communications, clear decision requests, and early 

warning of significant issues. Sponsor alignment 

across multiple executives involved in cross-

functional programs prevents conflicting directions 

or resource competition. Program managers should 

establish regular sponsor briefings covering 

progress, key decisions needed, and risks requiring 

attention. When sponsor commitment wavers due 

to competing priorities or disappointing results, 

program managers must proactively re-engage, 

demonstrating value and clarifying paths forward 

rather than hoping attention returns spontaneously. 
 

Cross-Functional Collaboration Mechanisms 

AI-CX programs require coordination across 

functions that traditionally operate independently. 

Formal collaboration mechanisms include cross-

functional steering committees providing strategic 

direction, integrated program teams with 

representatives from each function working 

together daily, and working groups addressing 

specific topics like data quality or customer 

experience design. Co-location, whether physical 

or virtual, facilitates informal collaboration and 

relationship building. Shared objectives and 

metrics aligned across functions reduce competing 

priorities that undermine cooperation. Regular 

collaboration forums like design workshops, sprint 

reviews, or problem-solving sessions create 

structured opportunities for joint work. However, 

collaboration for its own sake wastes time; 

mechanisms should connect to specific program 

needs rather than creating meetings because cross-

functional engagement seems desirable abstractly. 

Program managers must design collaboration 

approaches that balance coordination benefits 

against time costs, respecting that people have 

responsibilities beyond single programs. 
 

Change Readiness Assessment 

Change readiness assessment evaluates 

organizational preparedness for AI-driven 

transformations before and during implementation. 

Assessments examine factors including leadership 

commitment, organizational culture, employee 

skills, process maturity, technology infrastructure, 

and past change experience. Surveys, interviews, 

and workshops gather perspectives from different 

organizational levels and functions. Results 

identify readiness gaps requiring mitigation before 

major deployments—insufficient skills suggesting 

training needs, weak sponsorship indicating 

relationship building priorities, or a resistant 

culture implying the need for demonstration 

successes building confidence. Readiness 

assessment also helps sequence changes, 

implementing components where readiness is 

higher before addressing more challenging areas. 

However, readiness will never be perfect; 

assessment should inform risk management and 

mitigation planning rather than delaying 

indefinitely until all gaps close. Program managers 

must balance ideals of perfect readiness against 

business imperatives for progress, accepting 

managed risks where benefits justify proceeding 

despite imperfect conditions. 
 

Communication Strategies: Emphasizing 

Augmentation over Replacement 

Communication about AI initiatives significantly 

influences employee acceptance and adoption. 

Framing AI as augmentation enhancing human 

capabilities rather than replacement, eliminating 

jobs, reduces threat perceptions and resistance. 

Messages should emphasize how AI handles 

routine work, freeing employees for higher-value 

activities requiring judgment, creativity, and 

human connection. Specific examples make 

abstract concepts concrete—chatbots handling 

order tracking inquiries allow customer service 

representatives to focus on complex problems 

requiring empathy. Honest communication 



 
 

53 
 

Copyright © 2021 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 
(CC BY-NC-ND 4.0) International License 

Publisher: SARC Publisher 

Job, G. Sarc. Jr. Md. vol-5, issue-11 (2025) pp-27-62 

acknowledges that some roles will change while 

emphasizing the opportunities these changes 

create. Communication strategies should segment 

audiences with tailored messages addressing 

specific concerns—customer service 

representatives hear how AI improves their 

effectiveness, while store managers learn how AI-

optimized scheduling reduces understaffing 

incidents. Repetition through multiple channels 

ensures messages penetrate organizational noise. 

Program managers must coordinate closely with 

internal communications teams, leveraging their 

expertise in organizational messaging. 
 

Success Story Propagation and Internal 

Advocacy 

Early successes with AI-CX initiatives provide 

powerful tools for building momentum and 

overcoming skepticism. Success stories should be 

documented and shared broadly through internal 

communications, leadership presentations, and 

informal networks. Stories work best when 

specific and authentic, featuring real employees 

describing how AI helped them serve customers 

better or work more efficiently. Video testimonials 

prove particularly compelling, allowing audiences 

to hear directly from peers rather than program 

managers. Internal advocacy involves identifying 

and cultivating champions within different 

functions who can speak credibly to their peers 

about AI benefits. These champions may 

participate in pilot programs, join communication 

campaigns, or simply share their positive 

experiences through informal channels. Program 

managers should actively support advocates with 

talking points, data, and opportunities to share 

experiences. However, advocacy must remain 

authentic; orchestrated campaigns lacking genuine 

belief appear manipulative and backfire by 

increasing skepticism. 
 

PILLAR 4: ETHICAL AND 
REGULATORY COMPLIANCE 
Responsible AI Principles and Policies 

Responsible AI principles establish organizational 

commitments guiding AI development and 

deployment. Common principles include fairness, 

ensuring AI treats all groups equitably without 

discrimination; transparency, making AI 

operations understandable to stakeholders; 

accountability, maintaining clear responsibility for 

AI outcomes; privacy, protecting personal 

information and respecting consent; and safety, 

preventing harmful consequences from AI failures. 

Policies operationalize these principles through 

specific requirements like impact assessments 

before deploying AI affecting sensitive decisions, 

diverse testing ensuring fairness across 

populations, or transparency disclosures informing 

customers about AI use. Program governance 

should include ethical review checkpoints where 

proposed AI applications are evaluated against 

principles before proceeding. However, principles 

must balance idealism with practicality, 

recognizing that perfect fairness, complete 

transparency, and absolute safety prove impossible 

while still enabling beneficial AI applications. 

Program managers work with ethics, legal, and 

risk teams to interpret principles appropriately for 

specific contexts. 
 

Fairness and Bias Mitigation Strategies 

Addressing algorithmic bias requires deliberate 

strategies throughout AI lifecycles. Training data 

curation examines datasets for representation gaps 

or historical biases, supplementing 

underrepresented groups or removing problematic 

examples. Fairness metrics quantify disparate 

impact across demographic groups, allowing 

objective assessment of whether AI treats different 

populations equitably. Model development can 

incorporate fairness constraints requiring 

algorithms to satisfy specific equity criteria even if 

pure accuracy optimization would violate them. 

Testing across diverse customer segments 

validates fairness before production deployment 

rather than discovering bias through customer 

complaints. Ongoing monitoring detects emergent 

bias as data distributions or customer populations 

evolve. When bias appears despite mitigation 

efforts, remediation strategies include model 

retraining, adjusting decision thresholds for 

affected groups, or introducing human oversight 

for sensitive decisions. However, fairness 

definitions themselves can be contested—equal 

treatment, equal outcomes, and equal opportunity 

represent different fairness concepts that may 

conflict. Program managers must facilitate 

stakeholder dialogue, establishing fairness 

priorities appropriate for specific AI applications. 
 

Regulatory Compliance Frameworks (GDPR, 

CCPA, etc.) 

AI systems processing customer data must comply 

with applicable privacy regulations, including 

GDPR in Europe, CCPA in California, and similar 

laws in other jurisdictions. Compliance 

frameworks establish processes ensuring programs 

meet regulatory requirements throughout their 

lifecycles. Privacy impact assessments evaluate 

data collection, processing, and sharing against 

legal requirements before implementation. Consent 
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management systems obtain and track customer 

permissions for different data uses. Data 

minimization principles limit collection to 

information necessary for specific purposes. Data 

subject rights infrastructure enables customers to 

access, correct, delete, or port their information as 

regulations require. Regular compliance audits 

validate ongoing adherence to requirements. 

Program managers collaborate with legal and 

privacy teams, ensuring AI initiatives incorporate 

compliance considerations from inception rather 

than retrofitting after development. However, 

regulations evolve continuously through new laws, 

enforcement actions, and court decisions, requiring 

ongoing monitoring and adaptation. Compliance 

should be viewed as a continuous process rather 

than a one-time certification. 
 

Algorithmic Transparency and Explainability 

Transparency about AI operations builds trust with 

customers and enables accountability when issues 

arise. Explainability techniques reveal how AI 

systems reach specific decisions, helping 

stakeholders understand and validate outputs. 

Simple disclosure informs customers when they 

interact with AI rather than humans, such as 

identifying chatbots as automated or noting AI-

generated recommendations. More sophisticated 

explainability provides reasons for specific 

predictions, like showing which product attributes 

drove recommendations. Model documentation 

describes the AI system's purposes, capabilities, 

limitations, and training data characteristics. 

However, full transparency proves challenging 

with complex deep learning models that resist 

simple explanation, creating tensions between 

transparency ideals and technical realities. 

Additionally, excessive transparency may reveal 

proprietary methods that competitors could 

exploit. Program managers must balance 

competing concerns, providing sufficient 

transparency for trust and accountability without 

compromising competitive advantage or 

overwhelming audiences with technical details 

they cannot meaningfully interpret. 
 

Human Oversight and Autonomy Preservation 

Responsible AI maintains meaningful human 

control over consequential decisions rather than 

deferring blindly to algorithmic outputs. Human-

in-the-loop designs require human review before 

implementing AI recommendations affecting 

significant customer or business outcomes. AI 

systems provide recommendations with confidence 

scores, enabling humans to exercise judgment 

when certainty is low. Override mechanisms allow 

humans to countermand AI decisions when 

circumstances warrant. For fully automated 

decisions, monitoring systems track outcomes, 

enabling intervention when problems emerge. 

Human autonomy preservation ensures employees 

retain agency and expertise rather than becoming 

mere button-pushers executing AI instructions. 

This requires transparency, enabling people to 

understand AI reasoning, training, helping people 

develop informed judgment about when to trust or 

question AI, and organizational norms 

encouraging critical thinking rather than 

compliance. However, excessive human oversight 

negates AI efficiency benefits and introduces 

human biases that AI was intended to overcome. 

Program managers must thoughtfully determine 

appropriate human oversight levels, balancing 

efficiency, accuracy, accountability, and autonomy 

for specific applications. 
 

Ethical Review Processes in Program 

Governance 

Ethical review processes integrated into program 

governance ensure ethics receive systematic 

attention rather than ad hoc consideration. Ethics 

review committees include diverse perspectives—

technology, business, legal, customer advocacy, 

and external experts—evaluating AI applications 

against ethical principles. Reviews occur at key 

program milestones: concept approval before 

significant investment, design review before 

implementation, pre-deployment review before 

customer exposure, and post-deployment review 

after initial operation. Review criteria address 

fairness, transparency, privacy, safety, and 

alignment with organizational values. Committees 

can approve applications meeting ethical 

standards, require modifications addressing 

concerns, or reject applications posing 

unacceptable risks. However, ethics reviews 

should enable responsible innovation rather than 

creating bureaucratic obstacles. Reviews should be 

proportionate to risk—high-stakes applications 

receive thorough examination while low-risk 

applications proceed with lighter oversight. 

Program managers prepare ethics review materials 

and work with committees to address concerns, 

treating ethics as a partner rather than an adversary 

in delivering beneficial AI. 
 

PILLAR 5: VALUE REALIZATION AND 
CONTINUOUS IMPROVEMENT 
Customer-Centric KPI Framework 

Measuring AI-CX program success requires 

balanced scorecards emphasizing customer 

outcomes alongside operational and financial 
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metrics. Customer-centric KPIs assess whether AI 

actually improves customer experiences rather 

than merely delivering technical capabilities. 
 

Net Promoter Score (NPS) measures customer 

willingness to recommend the retailer to others, 

capturing overall satisfaction and loyalty. AI 

programs should demonstrate NPS improvement 

among customers experiencing AI-enhanced 

interactions compared to control groups. However, 

NPS changes slowly and reflects many factors 

beyond AI, requiring careful analysis to attribute 

causation. 
 

Customer Satisfaction Score (CSAT) evaluates 

satisfaction with specific interactions, like chatbot 

conversations or personalized recommendations. 

CSAT provides more granular, timely feedback 

than NPS, enabling rapid iteration. Programs 

should track CSAT across customer segments, 

channels, and AI features to identify what works 

well and what needs improvement. 
 

Conversion Rates and AI-Influenced Revenue 

measure the business impact of personalization 

and recommendation capabilities. Metrics include 

conversion rate for customers receiving AI 

recommendations versus generic experiences, 

average order value for AI-influenced transactions, 

and total revenue attributable to AI features. 

Attribution challenges complicate measurement, 

but A/B testing and holdout groups enable 

reasonable estimation. 
 

First Contact Resolution Rate assesses how often 

customer service inquiries are resolved without 

escalation to human agents or multiple 

interactions. Conversational AI should increase 

FCR by handling routine questions effectively. 

However, FCR must be balanced against customer 

satisfaction, as forcing resolution through 

inadequate automated systems damages experience 

despite achieving technical resolution. 
 

Operational Efficiency Metrics 

Operational metrics capture how AI improves 

retailer efficiency and reduces costs. Customer 

service metrics include contact volume handled by 

AI versus humans, average handle time reduction 

when AI assists agents, and cost per interaction 

across automated and human channels. Inventory 

metrics measure forecast accuracy improvements 

from AI-driven demand prediction and stockout 

reduction from better inventory optimization. 

Marketing metrics track campaign efficiency, 

including response rates, targeting accuracy, and 

cost per acquisition for AI-personalized versus 

generic campaigns. However, efficiency focus 

should not override customer experience 

priorities—cost reduction achieved through 

frustrating customers with inadequate AI proves 

counterproductive. Program managers must ensure 

balanced measurement, preventing efficiency 

optimization at the customer experience expense. 
 

Business Impact Measurement 

Beyond customer and operational metrics, 

programs should demonstrate broader business 

impact, including revenue growth, profitability 

improvement, and competitive positioning. Year-

over-year growth rates for customer segments 

experiencing AI-enhanced experiences provide 

evidence of business impact, though isolating AI 

contribution from market factors proves 

challenging. Customer lifetime value changes 

indicate whether AI improves retention and repeat 

purchase behavior. Market share gains in 

categories where AI provides differentiation 

suggest a competitive advantage. However, these 

business impacts emerge over extended 

timeframes and reflect many factors beyond AI 

alone. Program managers should present business 

metrics alongside customer and operational KPIs, 

building narratives connecting tactical 

improvements to strategic outcomes rather than 

claiming AI alone drives all business results. 
 

Iterative Improvement Processes 

AI systems require continuous improvement rather 

than one-time deployment, as model performance 

degrades when data distributions shift and 

opportunities emerge to enhance capabilities. 

Iterative improvement processes include regular 

model retraining on fresh data, maintaining 

accuracy as customer behaviors evolve, A/B 

testing, evaluating proposed enhancements before 

full deployment, customer feedback analysis, 

identifying pain points and opportunities, and 

performance monitoring, detecting degradation 

requiring investigation. Improvement roadmaps 

prioritize enhancements based on customer impact, 

business value, and implementation effort. 

However, continuous change creates stability risks 

and change fatigue among stakeholders. Program 

managers must balance innovation pace with 

organizational capacity to absorb change, 

sometimes deliberately slowing improvements to 

consolidate gains before introducing new 

capabilities. 
 

Benefits Tracking and Realization Management 

Benefits realization management ensures AI 

programs deliver the value promised in business 

cases rather than merely completing technical 

deliverables. Benefits tracking begins with 
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baseline measurement before AI implementation, 

establishing objective starting points. Expected 

benefits are quantified with specific targets and 

timeframes. Tracking continues post-deployment, 

measuring actual achievement against targets. 

When benefits underperform, root cause analysis 

determines whether issues involve technical 

performance, adoption, measurement, or 

unrealistic initial expectations. Remediation plans 

address identified gaps. However, some benefits 

prove difficult to measure precisely, requiring 

proxy metrics or qualitative assessment. Program 

managers should establish realistic benefits 

expectations during business case development, 

avoiding overpromising that sets programs up for 

perceived failure despite genuine value creation. 

Regular benefits reviews with sponsors and 

stakeholders maintain focus on outcomes rather 

than activities. 
 

Beyond Delivery Milestones: Outcome-Focused 

Governance 

Traditional program governance emphasizes 

delivery milestones—requirements complete, 

design approved, code deployed—that measure 

progress but not value. Outcome-focused 

governance shifts attention to whether programs 

achieve intended customer and business results. 

Governance metrics include adoption rates 

showing whether customers and employees 

actually use new AI capabilities, customer 

satisfaction indicating whether experiences 

improve, and business KPIs demonstrating value 

delivery. Steering committees should spend more 

time discussing outcomes and adjustments than 

reviewing project status. When technical delivery 

succeeds but outcomes disappoint, governance 

should drive investigation and remediation rather 

than declaring victory. This outcome approach 

requires governance to continue beyond traditional 

program closure, maintaining oversight through 

benefit realization periods. However, outcome 

measurement complexity should not paralyze 

governance through analysis paralysis. Simple 

outcome proxies allowing rapid feedback enable 

more effective learning than perfect metrics 

requiring lengthy development. 
 

FRAMEWORK INTEGRATION AND 
APPLICATION 
Interdependencies between Pillars 

The framework's five pillars connect through 

numerous interdependencies that program 

managers must navigate holistically. Data 

governance quality directly enables or constrains 

AI technical capabilities—poor data quality limits 

achievable model accuracy regardless of algorithm 

sophistication. Technology integration decisions 

affect change management needs—vendor 

platforms require different skills and workflows 

than custom development. Ethical compliance 

requirements influence technical architecture 

through privacy-preserving technologies and 

explainability mechanisms. Value realization 

metrics inform continuous improvement priorities, 

while change management affects whether users 

adopt improvements delivering value. These 

interdependencies mean that optimizing individual 

pillars in isolation produces suboptimal overall 

results. For example, maximizing AI technical 

sophistication without corresponding change 

management investment wastes resources on 

capabilities users do not adopt. Program managers 

must think systemically, considering ripple effects 

of decisions across pillars. 
 

Practical Implementation Guidance 

Implementing the framework begins with an 

assessment of organizational maturity across all 

five pillars, identifying strengths to leverage and 

gaps requiring attention. Programs should not 

assume all pillars require equal investment—

mature data governance may need only 

incremental enhancement, while nascent change 

management capabilities demand substantial 

development. Implementation roadmaps sequence 

activities across pillars, recognizing 

dependencies—data governance foundations 

should precede AI model development, requiring 

quality data. However, perfect sequential staging 

proves impractical; pragmatic approaches accept 

some parallel activity with explicit dependency 

management. Quick wins demonstrating value in 

each pillar build credibility and momentum while 

long-term capability development proceeds. For 

example, lightweight ethical review processes can 

start immediately while comprehensive 

responsible AI programs mature over time. 

Program managers should adapt framework 

components to organizational contexts rather than 

applying them mechanically, emphasizing 

elements most relevant to specific program 

characteristics and risks. 
 

Tailoring Framework to Organizational 

Context 

Framework application must reflect organizational 

context, including size, industry segment, AI 

maturity, culture, and strategic priorities. Large 

enterprises require more formal governance 

structures than smaller organizations, though even 

small retailers benefit from explicit attention to all 



 
 

57 
 

Copyright © 2021 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 
(CC BY-NC-ND 4.0) International License 

Publisher: SARC Publisher 

Job, G. Sarc. Jr. Md. vol-5, issue-11 (2025) pp-27-62 

five pillars, even if through simpler mechanisms. 

Organizations with mature technology practices 

can move faster on integration and scalability 

pillars while building change management 

capabilities. Risk-averse cultures need stronger 

ethical review processes and more conservative 

approaches. Strategic priorities influence 

emphasis—retailers competing primarily on 

customer experience should weight customer-

centric metrics heavily, while cost-focused 

strategies may emphasize operational efficiency. 

Geographic scope affects regulatory compliance 

complexity, with single-market programs simpler 

than international deployments. Program managers 

should explicitly consider context when applying 

the framework, documenting tailoring decisions 

and rationales, ensuring appropriate adaptation 

rather than blind following of generic 

prescriptions. 
 

DISCUSSION 
Holistic View Balancing Technical and Human 

Dimensions 

The AI-CX Program Management Framework 

distinguishes itself by providing equal emphasis on 

technical execution and human factors, 

recognizing that AI success depends as much on 

organizational adoption and stakeholder alignment 

as on algorithmic sophistication. Traditional 

approaches often treat technology as the primary 

concern, with human elements addressed as 

afterthoughts through training or change 

management add-ons (Castro Torres, 2023). This 

framework elevates change management, 

stakeholder engagement, and organizational 

capability building to first-class program 

management concerns alongside data governance 

and technology integration. This balanced 

perspective reflects the empirical reality that 

technically successful AI implementations fail 

when organizations cannot or will not adopt them. 

By explicitly structuring program management 

around both technical and human pillars, the 

framework helps program managers allocate 

appropriate attention and resources across all 

dimensions critical for sustainable success (Joshi, 

2024). 
 

Integration of Customer Outcomes, Ethics, and 

Continuous Improvement 

The framework extends beyond traditional 

program management's delivery focus to 

emphasize customer outcomes, ethical compliance, 

and continuous improvement as core 

responsibilities. Customer-centric KPIs ensure 

programs measure success through customer 

experience improvements rather than merely 

completing technical deliverables. Ethical and 

regulatory compliance integration prevents 

responsible AI from being treated as a compliance 

checkbox, instead embedding it throughout 

program governance. Continuous improvement 

acknowledgment that AI systems require ongoing 

refinement distinguishes this framework from 

project-oriented approaches that treat deployment 

as endpoints. These integrations reflect unique 

characteristics of AI-driven customer experience 

initiatives where value emerges through sustained 

operation and optimization rather than one-time 

delivery. Program managers using this framework 

maintain focus on outcomes that matter to 

customers and businesses rather than becoming 

distracted by technical complexity or delivery 

mechanics (Sahoo, 2023). 
 

Practical Applicability for Program Managers 

The framework provides actionable guidance for 

practitioners rather than remaining at abstract 

conceptual levels. Each pillar specifies concrete 

practices, deliverables, and governance 

mechanisms that program managers can 

implement within their organizations. The 

framework accommodates different organizational 

contexts through tailoring guidance rather than 

prescribing rigid one-size-fits-all approaches. 

Program managers can use the framework for 

planning by assessing organizational maturity 

across pillars and prioritizing capability 

development needs. During execution, the pillar 

structure organizes program activities and 

governance, ensuring comprehensive coverage of 

critical concerns. For communication, the 

framework provides a common language, helping 

program managers explain complex AI initiatives 

to diverse stakeholders. While academic in origin, 

the framework emerged from practitioner 

engagement, ensuring relevance to real-world 

challenges rather than purely theoretical interests 

(Fernandes, 2023). 
 

COMPARISON WITH EXISTING 
FRAMEWORKS 
Traditional Program Management (Scope, 

Time, Cost) 

Traditional program management frameworks 

emphasize the iron triangle of scope, schedule, and 

budget alongside benefits realization and 

stakeholder management. These elements remain 

necessary for AI-CX programs, as initiatives still 

require clear objectives, realistic timelines, 

adequate funding, and stakeholder engagement. 

However, traditional frameworks prove 
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insufficient for AI contexts where requirements 

cannot be fully specified upfront, iterative 

development replaces sequential phases, and 

success depends heavily on data quality and ethical 

considerations absent from conventional program 

management theory. The AI-CX framework builds 

upon traditional foundations rather than replacing 

them, extending scope to explicitly address data 

governance, ethical compliance, and continuous 

improvement while adapting schedule and budget 

approaches to accommodate AI's iterative nature. 

This represents evolution rather than revolution in 

program management thinking, acknowledging 

that fundamental program management principles 

apply while requiring adaptation and extension for 

AI contexts. 
 

Extensions to Customer-Centricity and Ethical 

Compliance 

The framework's explicit customer-centricity pillar 

distinguishes it from traditional approaches that 

measure success primarily through internal metrics 

like delivery milestones, budget variance, or 

operational efficiency. While these internal 

measures remain important, the framework insists 

on customer outcome metrics as primary success 

indicators. This reflects retail's ultimate 

dependence on customer satisfaction and loyalty 

for business success. Similarly, ethical and 

regulatory compliance elevation to a dedicated 

pillar recognizes that responsible AI involves more 

than legal compliance—it encompasses fairness, 

transparency, and maintaining customer trust. 

Traditional frameworks may address ethics 

through risk management or compliance 

checkpoints, but rarely as a central program 

management concern requiring continuous 

attention. These extensions reflect evolving 

societal expectations around technology 

responsibility and customer-centricity that 

traditional frameworks predate. 
 

Differentiation from IT Project Management 

Approaches 

IT project management focuses on delivering 

technology capabilities—applications, 

infrastructure, or systems—according to specified 

requirements. The AI-CX Program Management 

Framework differs fundamentally by emphasizing 

business transformation and customer outcomes 

over technical delivery. While IT project 

management might consider a recommendation 

engine successfully delivered when code deploys 

to production, the AI-CX framework views this as 

merely enabling the first step toward actual 

success, measured through customer engagement, 

satisfaction improvement, and business value 

realization. The framework's change management 

and continuous improvement emphases reflect the 

understanding that AI value emerges through 

sustained operation and organizational adoption 

rather than deployment alone. Additionally, IT 

project management often assumes deterministic 

requirements and deliverables, while the AI-CX 

framework accommodates the uncertainty inherent 

in AI development, where capabilities emerge 

through experimentation and iteration rather than 

following predetermined specifications. 
 

STRATEGIC ROLE OF PROGRAM 
MANAGERS IN AI-CX 
TRANSFORMATION 
AI Literacy Requirements 

Program managers leading AI initiatives require 

sufficient AI literacy to engage credibly with data 

scientists and engineers while translating technical 

concepts for business stakeholders. This does not 

mean program managers must become data 

scientists, but they need a conceptual 

understanding of how machine learning works, 

what AI can and cannot do, and why certain 

technical decisions matter. AI literacy enables 

program managers to ask informed questions, 

recognize when technical teams make unrealistic 

promises or excessive excuses, and facilitate 

productive dialogue between technical and 

business stakeholders speaking different 

languages. Without this literacy, program 

managers become passive coordinators, unable to 

provide substantive leadership, dependent entirely 

on technical experts' representations without 

independent judgment. However, acquiring AI 

literacy proves challenging given the field's rapid 

evolution and technical complexity, requiring 

ongoing learning through courses, reading, and 

engagement with practitioners. 
 

Cross-Domain Leadership Capabilities 

AI-CX programs span technology, business 

strategy, operations, customer experience, and 

ethics domains that traditionally operate 

independently with minimal interaction. Program 

managers must lead across these domains without 

being an expert in all of them, requiring unique 

leadership capabilities. This involves 

understanding each domain's priorities, constraints, 

and ways of thinking while helping diverse 

specialists work together productively. Cross-

domain leadership means facilitating collaboration 

between merchandisers and data scientists who 

approach problems differently, helping legal teams 

understand technical constraints while ensuring 
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technical teams respect compliance requirements, 

and aligning marketing's customer experience 

vision with technology's implementation realities. 

These capabilities develop through experience, 

deliberate relationship building, and genuine 

curiosity about different professional perspectives. 

Organizations should select program managers 

demonstrating cross-domain capability or invest in 

developing these skills through rotational 

assignments and mentoring. 
 

Strategic Translator Function 

Perhaps the most critical program manager role 

involves translating between strategic business 

objectives and technical AI capabilities. 

Executives articulate strategic goals like "improve 

customer lifetime value" or "deliver personalized 

experiences" without understanding technical 

implications. Data scientists develop sophisticated 

models without necessarily grasping business 

contexts or commercial priorities. Program 

managers bridge this gap by decomposing strategic 

objectives into concrete AI capabilities, translating 

technical possibilities into business value 

propositions, and ensuring both sides understand 

tradeoffs and constraints. This translation function 

requires fluency in both business and technical 

languages, plus the ability to communicate clearly 

to non-expert audiences. Effective translators use 

analogies, examples, and visualizations, making 

abstract concepts tangible. They also recognize 

when communication gaps exist and proactively 

intervene before misunderstandings create 

problems. 
 

Ethical Governance and Responsible AI 

Advocacy 

Program managers bear significant responsibility 

for ensuring AI initiatives operate ethically and 

responsibly, even when explicit ethics functions 

exist. This involves advocating for ethical 

considerations when business pressures favor 

shortcuts, questioning whether AI applications 

treat all customer groups fairly, ensuring privacy 

protections receive proper attention, and escalating 

ethical concerns requiring senior leadership 

attention. Program managers must balance ethical 

obligations against practical constraints and 

business objectives, helping organizations navigate 

tensions between maximizing personalization and 

respecting privacy or between AI efficiency and 

human oversight. This advocacy role can prove 

uncomfortable when challenging powerful 

stakeholders or questioning decisions with 

business rationale. However, reputational and 

regulatory risks from irresponsible AI make ethical 

governance an essential program management 

responsibility rather than an optional concern. 
 

Data-Driven Decision-Making Skills 

AI programs generate extensive performance data 

and analytics that program managers must 

interpret to guide program direction. This requires 

comfort with quantitative analysis, the ability to 

distinguish meaningful patterns from noise, and 

the skill in using data to support decision-making 

rather than merely justifying predetermined 

conclusions. Data-driven program management 

means establishing clear metrics, tracking them 

consistently, using data to evaluate hypotheses 

about what works, and adjusting approaches based 

on empirical evidence rather than intuition or 

politics. However, data-driven does not mean 

ignoring qualitative insights or subordinating 

judgment to algorithms. Effective program 

managers combine quantitative metrics with 

qualitative stakeholder feedback, contextual 

understanding, and experience-based intuition. 

They also recognize data limitations and avoid 

false precision when measurement uncertainty is 

high or important factors resist quantification. 
 

Customer-Centric Business Mindset 

Program managers must maintain relentless focus 

on customer value rather than becoming absorbed 

in technical complexity or internal processes. This 

customer-centric mindset involves regularly asking 

whether program decisions improve customer 

experiences, using customer feedback to guide 

priorities, and resisting technically elegant 

solutions that fail to address customer needs. 

Customer-centricity means ensuring program 

teams understand who customers are, what 

problems they face, and how AI capabilities might 

help. It involves advocating for customer 

perspectives in governance forums where internal 

efficiency or technical preferences might otherwise 

dominate. However, customer-centricity must be 

balanced against business viability—solutions 

delighting customers but lacking sustainable 

business models prove strategically flawed. 

Program managers help organizations find sweet 

spots where customer value and business value 

align, creating win-win outcomes that justify AI 

investments while genuinely improving customer 

experiences. 
 

IMPLICATIONS FOR PRACTICE 
Organizational Readiness Assessment 

Organizations considering AI-driven customer 

experience initiatives should conduct 

comprehensive readiness assessments across all 

five framework pillars before major investments. 
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Data governance and quality assessment evaluate 

whether data infrastructure, quality standards, and 

governance processes can support AI requirements 

or need development. Technology integration 

assessment examines architecture maturity, legacy 

system constraints, and technical capabilities 

available. Change management assessment gauges 

organizational culture, past change experience, and 

stakeholder receptiveness to AI adoption. Ethical 

compliance assessment reviews existing 

responsible AI policies, privacy practices, and risk 

management processes. Value realization 

assessment determines whether organizations 

possess the measurement capabilities and benefits 

management disciplines necessary for 

demonstrating AI value. These assessments 

identify gaps requiring mitigation before 

proceeding, inform realistic program planning, and 

help prioritize capability development investments. 

Organizations should resist the temptation to skip 

assessments and rush into AI implementation, as 

gaps discovered mid-program prove far more 

expensive to address than those identified and 

mitigated upfront. 
 

Investment in Program Management 

Capabilities 

Organizations must recognize that effective AI-CX 

program management requires capabilities beyond 

traditional IT project management and invest 

accordingly. This includes recruiting or developing 

program managers with an appropriate blend of 

business acumen, technical literacy, change 

leadership, and ethical sensibility, rather than 

assuming any experienced project manager can 

lead AI initiatives. Training programs should build 

AI literacy, expose program managers to AI 

development processes, and develop skills in 

stakeholder engagement across technical and 

business domains. Organizations should also 

invest in program management infrastructure, 

including governance frameworks adapted for AI 

initiatives, portfolio management processes 

balancing multiple AI investments, and metrics 

systems enabling outcome-focused performance 

management. These capability investments pay 

dividends across multiple AI initiatives rather than 

requiring reinvention for each program. However, 

organizations often underinvest in program 

management relative to AI technology and talent, 

creating bottlenecks where capable technologies 

and data scientists lack effective coordination and 

governance. 
 

Governance Structure Recommendations 

Effective AI-CX governance requires structures 

spanning enterprise strategy and program 

execution levels as described in the two-tier 

governance model. Enterprise-level AI governance 

boards should include senior executives from 

business, technology, legal, risk, and customer 

experience functions, meeting quarterly to set AI 

strategy, allocate resources, address cross-program 

issues, and oversee responsible AI practices. 

Program-level steering committees guide specific 

AI-CX initiatives through regular meetings 

reviewing progress, resolving issues, and making 

decisions within delegated authority. Working 

groups address specific concerns like data quality, 

change management, or ethical compliance with 

appropriate subject matter expertise. Governance 

structures should balance oversight, providing 

strategic direction and risk management, with 

empowerment, enabling program teams to make 

timely decisions and adapt to learning. Clear 

decision rights prevent confusion about who 

decides what, while escalation paths ensure 

appropriate issues receive senior attention. 

Governance maturity should increase gradually as 

organizations gain AI experience rather than 

implementing elaborate structures prematurely. 
 

Risk Mitigation Strategies 

AI-CX programs face distinctive risks requiring 

proactive mitigation rather than reactive response 

when problems emerge. Data quality risks require 

early assessment and remediation investment 

before model development. Integration risks with 

legacy systems demand architectural planning and 

prototyping, validating feasibility. Ethical and bias 

risks necessitate diverse training data, fairness 

testing, and ongoing monitoring. Regulatory 

compliance risks require legal engagement from 

inception and privacy-by-design approaches. 

Change management risks demand early 

stakeholder engagement and realistic timeline 

setting, acknowledging adoption challenges. 

Vendor dependency risks suggest multi-vendor 

strategies or plans for bringing critical capabilities 

in-house. Technical performance risks warrant 

load testing and scalability validation before 

production deployment. However, risk mitigation 

involves costs and timeline impacts that must be 

balanced against the probability and severity of 

risks materializing. Program managers should 

conduct structured risk assessment, prioritize 

mitigation for highest-impact risks, accept or 

monitor lower-priority risks, and establish 

contingency plans for risks that cannot be fully 

eliminated (Watt, A. & Wiley, D). 
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IMPLICATIONS FOR THEORY 
Extending Program Management Theory to AI 

Contexts 

This research contributes to program management 

theory by extending established frameworks to 

address unique characteristics of artificial 

intelligence initiatives. Traditional program 

management theory was developed primarily 

around construction, defense, and enterprise 

software contexts where requirements can be 

specified relatively clearly, execution follows 

reasonably predictable patterns, and success 

criteria remain stable throughout program 

lifecycles. AI programs violate many of these 

assumptions through requirements that emerge 

through experimentation, iterative development, 

where capabilities evolve based on learning, and 

success criteria that shift as stakeholder 

understanding of AI possibilities matures. The AI-

CX framework addresses these differences while 

maintaining connections to established program 

management principles, demonstrating how 

foundational concepts like benefits realization, 

stakeholder management, and governance adapt to 

new technological contexts. This extends program 

management theory's applicability while 

identifying boundaries where traditional 

approaches require modification for emerging 

technology domains. 
 

Contributing to Digital Transformation 

Scholarship 

The framework contributes to digital 

transformation scholarship by providing a 

structured analysis of how organizations can 

successfully navigate AI adoption within customer 

experience domains. Digital transformation 

literature often emphasizes strategic vision and 

technological possibilities while giving less 

attention to practical program management and 

governance, enabling transformation execution. 

This research addresses that gap by detailing how 

organizations can orchestrate complex, cross-

functional initiatives that fundamentally change 

how they operate and engage customers. The five-

pillar framework offers a theoretical structure for 

understanding digital transformation's socio-

technical nature, where success depends on 

simultaneously addressing technology, data, 

people, ethics, and value realization rather than 

treating any single dimension as paramount. 

Additionally, the framework's emphasis on 

continuous improvement and outcome focus 

reflects digital transformation's ongoing nature 

rather than a discrete endpoint, challenging 

transformation models that frame digitalization as 

projects with clear completion rather than 

sustained organizational evolution. 
 

Advancing Responsible AI Implementation 

Research 

The framework advances responsible AI 

scholarship by demonstrating how ethical 

considerations can be operationalized within 

program management practice rather than 

remaining abstract principles. Much responsible 

AI research focuses on algorithmic fairness 

techniques, privacy-preserving technologies, or 

philosophical foundations of AI ethics without 

addressing how organizations practically 

implement these concepts within real initiatives 

facing budget constraints, timeline pressures, and 

competing priorities. By integrating ethical 

compliance as a core program management pillar 

with specific practices like impact assessments, 

fairness testing, and ethical review processes, the 

framework shows how responsible AI translates 

from principle to practice. This bridges important 

gaps between AI ethics research and 

implementation reality, providing actionable 

guidance for practitioners while identifying 

research opportunities around governance 

mechanisms, organizational capabilities, and 

change management approaches enabling 

responsible AI adoption. The framework also 

contributes by situating ethics within a broader 

program context, recognizing that ethical AI 

requires technical capabilities, data quality, 

stakeholder alignment, and value demonstration 

rather than existing as an isolated compliance 

concern. 
 

CONCLUSION 
AI-driven customer experience initiatives 

represent transformative opportunities for retailers 

seeking competitive advantage in increasingly 

digital marketplaces, yet realizing this potential 

demands far more than deploying sophisticated 

algorithms or acquiring cutting-edge technologies. 

As this article demonstrates through case analysis 

and framework development, successful AI-CX 

programs require disciplined program management 

that simultaneously addresses technical 

complexity, organizational change, ethical 

responsibility, and customer value delivery. The 

proposed five-pillar AI-CX Program Management 

Framework provides program managers with 

structured guidance for navigating these 

multifaceted challenges, emphasizing that data 

governance, technology integration, stakeholder 

engagement, ethical compliance, and continuous 

improvement must receive coordinated attention 
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rather than isolated treatment. Program managers 

occupy pivotal positions in these transformations, 

serving as strategic translators who bridge business 

vision and technical execution while advocating 

for responsible AI practices that maintain customer 

trust. Their success depends on developing unique 

capability combinations, including AI literacy; 

cross-domain leadership, data-driven decision-

making, and unwavering customer focus that 

distinguish AI program management from 

traditional IT project delivery. Organizations 

serious about capturing AI's customer experience 

benefits must invest not only in technology and 

talent but also in program management 

capabilities, governance structures, and change 

readiness that enable sustained adoption and value 

realization. The journey toward AI-enhanced 

customer experiences proves neither quick nor 

straightforward, requiring patience through 

inevitable setbacks, commitment to iterative 

learning, and willingness to balance innovation 

ambition with operational pragmatism. However, 

retailers that master this program management 

discipline while maintaining an ethical integrity 

position themselves to deliver genuinely 

differentiated customer experiences that drive 

loyalty, revenue growth, and lasting competitive 

advantage in markets where customer expectations 

continue rising and AI capabilities continue 

evolving. 
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