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Abstract 

Customer experience fabrics offer a holistic, journey-level view of service delivery and consumption. This paper introduces AI-

native service interfaces—a new class of interface, distinct from conventional human-facing and automated interfaces, designed 

explicitly for consumption by intelligent machines rather than people. By embedding predictive functionalities into the customer 

journey, these interfaces shift service delivery from a reactive to a predictive model and enhance the resilience of underlying 
operations. 

The paper identifies the data acquisition and fusion methods required to predict user intentions, service requests, and incident 

occurrences, and examines how redundancy, fault tolerance, and self-healing architectures—the three critical dimensions of 

operational resilience—support this predictive model. It further describes the architectural, operational, and data 

interdependencies that govern these predictive capabilities. Empirical evidence from AI-enabled tiered customer support in e-
commerce substantiates the analysis. 

Keywords: AI-native, Customer Experience, Service Design, Predictive Service Delivery Services, Customer Experience 

Management, AI in Operations.  

 

1. Introduction 

Customer experience fabrics are defined as interfaces inside service systems that enable automated and autonomous customer 

interactions, making it possible to deliver services without human participation. A distinction is made between AI-native customer 

experience fabrics, where interactions are either fully or predominantly driven by non-human actors, and other fabrics whose 

control, decisional, or data-power is vested in human service actors. AI-native customer experience fabrics are further framed as 

predictive service delivery systems, where patterns in historical operational data are leveraged through AI technologies to enable 

proactive, instead of reactive, service delivery. A second application of AI-native customer experience fabrics emerges in 

operational resilience, where they are employed as redundancy architectures—evidencing fault-tolerance and self-healing 

capabilities—supporting business continuity and risk management. 

The analysis addresses the effects of these properties, how customer experience fabrics can, indeed, deliver services in fully 

automated and autonomous modes, and how this predictive capability is achieved. Theoretical foundations and architectural 

patterns are reviewed first, followed by an outline of the methods and metrics enabling predictive service delivery and operational 

resilience in AI-native deployments. Multiple data sources, fusion techniques, contextual signals, predictive models, evaluation 

metrics, sampling frames, and validation procedures are described, with differences in implementation and evaluation between 

baseline and AI-native fabrics clearly articulated. 
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Table 1. Core Components of AI-Native Customer Experience Fabrics 

Component Function AI Capability Business Value 

Perception Layer Collect customer signals Data acquisition, sensing Customer understanding 

Interpretation Layer Analyze customer context ML/DL inference Intent prediction 

Action Layer Execute service response Decision automation Faster resolution 

Governance Layer Control AI operations Policy enforcement Trust & compliance 

Resilience Layer Maintain continuity Self-healing mechanisms Service availability 

1.1. Conceptualizing Customer Experience Fabrics 

The paper investigates AI-native customer experience fabrics: physical and digital ecosystems that deliver services through a set 

of customer service interfaces and enable predictive service delivery as well as operational resilience. AI-native service interfaces 

rely on AI techniques to perceive customers’ needs, correctly interpret these needs to fulfil customers’ expectations, and support 

proactive service delivery with embedded fault-tolerance capabilities. These interfaces embed redundancy architectures that use AI 

for failure detection, fault localization, and decision support during recovery more than by an actor acting at the time. Predictive 

service delivery fuses information from multiple sources to support the decision process of business operations actors by estimating 

imminent actions of customers or strategic customers in critical events. 

AI-native customer experience fabrics support predictive service delivery by gathering information about customer behaviour 

through non-intrusive AI methods and by extracting customer context from data sources and data fusion techniques. Predictive 

service delivery consolidates and synthesizes customer context information into context signals that predict the upcoming action 

of customers 􏰋t canonical locations along the customer journey. Service demand models quantify the estimated service demand 

by customers in these locations at future moments, thus furnishing order of magnitude information. AI-native customer experience 

fabrics support operational resilience by embedding self-healing capabilities through fault tolerance and redundancy mechanisms. 
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AI-Native Customer Experience Fabric 

2. Theoretical Foundations of AI-Native Customer Experience 

AI-native service interfaces are influenced by voice and digital technology capable of understanding and generating natural 

language, by language being the new programming interface for business processes and by the way business processes are designed 

by people who cannot code. The core ability of an interface in an AI-native context is to transfer input from one stage to next. 

Services are at their core designed for input to become output for the next process. It is these interfaces that define AI-native 

Customer Experience Fabrics. Detecting defects and user experience disappointment becomes embedded in the service process. AI 

models are defined around interpreting data and signals that feed into business processes. Input/features are mapped to underlying 

models. The three constructs that drive AI-native service interfaces are Perception, Interpretation and Action. These constructs are 

mapped to namely Human–Computer Interaction (HCI), Service-Dominant Logic and AI Governance. 

Perception is defined as Collection of input which the formal definition from HCI is defined as The study and application of how 

people perceive audio-visual information. Typical Data sources are Digital Census, Query Logs, Incident Reporting, Third-Party 
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Monitor, Feedback Forms, Business Tracking Data, Social Media, Network Traffic. Fusion Techniques are Data Fusion 

(association rules, principal component analysis, Bayesian networks, neural networks, density estimation, decision trees, rules with 

uncertainties, clustering, combinatorial optimization), Multi-modal fusion, Multi-sensor Data Fusion, multi-instance learning, 

Sensor Fusion and Sensor Fusion Architecture.  

Table 2. Customer Data Sources for Predictive Service Delivery 

Data Source Information Captured Usage in Prediction 

Query Logs Customer inquiries Intent prediction 

Incident Reports Service disruptions Failure forecasting 

Feedback Forms Satisfaction metrics Experience optimization 

Social Media Sentiment indicators Demand anticipation 

Transaction Records Purchase behavior Service recommendation 

Network Traffic Usage patterns Capacity planning 

Device Telemetry Device interactions Context generation 

Mathematical Formulas:  

Eq. (1) Customer Intent Prediction 

𝐶𝐼 = 𝑓(𝐶𝐵, 𝐶𝑋) 
 

Eq. (2) Context Signal Fusion 

𝐶𝑆 =∑𝑆𝑖

𝑛

𝑖=1

 

 

Eq. (3) Predictive Service Demand 

𝑃𝑆𝐷 = 𝛼 ⋅ 𝐶𝐼 
 

Eq. (4) Service Delivery Accuracy 

𝑆𝐷𝐴 =
𝐶𝑃

𝑇𝑃
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Eq. (5) AI Perception Score 

𝑃 = 𝐷 + 𝐹 

 

Eq. (6) Interpretation Confidence 

𝐼𝐶 =
𝑅

𝑁
 

 

Eq. (7) Service Reliability 

𝑆𝑅 = 1 − 𝐹𝑅 

 

Eq. (8) Fault Tolerance Index 

𝐹𝑇 =
𝐴𝑅

𝑇𝑅
 

 

Eq. (9) Operational Resilience 

𝑂𝑅 = 𝑅 + 𝐹𝑇 + 𝑆𝐻 

 

Eq. (10) Self-Healing Effectiveness 

𝑆𝐻𝐸 =
𝑅𝑅

𝑇𝐹
 

 

Eq. (11) Recovery Efficiency 

𝑅𝐸 =
1

𝑅𝑇𝑂
 

 

Eq. (12) Customer Satisfaction Score 

𝐶𝑆𝑆 =
𝑃𝑆

𝑇𝑆
 

 

2.1. Defining AI-Native Service Interfaces 
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AI-native customer experience fabrics provide proactive, context-aware delivery of seamless, personalized digital services through 

networks of interconnected systems. A customer-facing AI-native service interface is defined as a set of APIs that, when accessed, 

employed, or otherwise used by a customer, creates, supports, enables, or enhances service automation and delivery. 

AI-native customer experience fabrics deliver personalized, adaptive, and context-aware digital services in response to changing 

customer need and behaviour. AI-native customer experience fabrics are AI-native service interfaces that ensure the safe, reliable, 

and efficient delivery of service and service-supporting AI-nodes throughout the customer journey. AI-native service interfaces 

can interact with customers directly; operate in the background, with only indirect customer interaction; or fulfill both roles, 

switching between direct and indirect interactions as needed. 

AI-native service interfaces rest on three core foundations directly emphasizing the aspects unique to AI-driven customer 

experiences. First, they encompass the perception, interpretation, and action components of service interactions. Second, they 

define the context of a service-related interaction and the controls needed to sustain the interaction and its AI-nodes throughout the 

customer journey. Third, they establish the governance framework that guides data access, processing, model development, and 

service delivery. The first foundation derives from and connects to human-computer interaction. The second connects to service-

dominant logic. The third reflects the growing emphasis on AI ethics. 

 

Predictive Service Delivery Pipeline 
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3. Predictive Service Delivery: Methods and Metrics 

Accurate prediction of customer actions at service interfaces is essential for anticipatory support services and can be achieved 

through a structured approach to data sources, fusion techniques, contextual signals, predictive models, evaluation metrics, 

sampling frames, and validation procedures. Past actions of customers and service staff provide the foundation for anticipating 

future actions and assigned next-best actions in a standard service context. However, more complex service interfaces in non-

standard service contexts require a combination of artificial intelligence, human-centred design, and service-dominant logic to 

decode customer preconditions and contextual triggers and create predictive support-service models. Empirical evidence from case 

studies in the e-commerce sector confirms the advantages of a comprehensive AI-native predictive service-support approach against 

a static rules-based baseline. 

Past actions of customers and service staff provide the foundation for anticipating future actions and assigned next-best actions in 

a standard service context. However, more complex service interfaces in non-standard service contexts require a combination of 

artificial intelligence, human-centred design, and service-dominant logic to decode customer preconditions and contextual triggers 
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and create predictive support-service models. Empirical evidence from case studies in the e-commerce sector confirms the 

advantages of a comprehensive AI-native predictive service-support approach against a static rules-based baseline. Accurate 

prediction of customer actions at service interfaces is essential for anticipatory support services and can be achieved through a 

structured approach to data sources, fusion techniques, contextual signals, predictive models, evaluation metrics, sampling frames, 

and validation procedures. 

Table 3. Data Fusion Techniques and Their Applications 

Fusion Technique Input Type Purpose Expected Outcome 

Bayesian Networks Structured data Probabilistic reasoning Risk estimation 

Neural Networks Multi-modal data Pattern learning Accurate prediction 

PCA High-dimensional data Feature reduction Faster inference 

Clustering Behavioral data Segmentation Customer grouping 

Decision Trees Operational data Classification Service routing 

Sensor Fusion IoT streams Context synthesis Real-time intelligence 

3.1. Data Fusion and Contextual Intelligence 

A plethora of customer data sources abound, both inside and outside an organization. Any type of event captured as customer data 

can be a source of contextual intelligence for guiding customer actions. Examples include support incident logs, customer feedback, 

product reviews, device content deliveries, transaction and usage telemetry, media exposure, and social mentions. To understand 

not only the sources but also how they are used in practice, customer data categories are classified according to their purpose within 

the customer journey. These categories are customer pain points and interests, customer perception of solution alternatives, and 

internal resource availability. Signals from these broad categories are fused together to form empirical context and underlying 

intention models that address the stated customer pain points in the current context. 

Relevant techniques for signal fusion and indication inference include classical discriminative and generative machine learning 

models, intense sampling, and some advanced signal synthetization techniques. In addition to being useful for classifying inputs, 

these deep learning methods are also useful for synthesizing multimodal events. When powerful semi-structured data models are 

available for speech, vision, and object content, either in one modality or fused across multiple modalities, they can be employed 

to translate content state changes (such as speech and video) to provide real-time information about customers and their interactions 

with devices. 
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4. Operational Resilience through AI-Native Fabrics 

A well-designed, AI-native customer experience fabric increases business resilience by embedding redundancy and resilience at 

every level of service execution. Collectively known as a service continuity architecture, these controls enhance business continuity, 

risk management, and operational resilience. Reliability metrics quantify fault-tolerant designs, while recovery time objectives 

assess capacity for self-healing execution. 

Service continuity comprises strategies for mitigating and managing the risk of service disruptions. Redundant service resources 

share load under normal conditions, ensuring sufficient capacity in the event of failure. Delivery through intelligent fabrics can 

even remove the need for degradation or failover in the face of failure, allowing normal service to resume in the shortest possible 

time frame. Traditional business continuity management defines processes and structures to manage service interruption risk and 

prepare for  risk, and recovery time objectives quantify the maximum tolerable duration of operability loss. 

Table 4. Predictive Service Delivery Metrics 
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Metric Definition Objective 

Prediction Accuracy Correct forecasts / total forecasts Model effectiveness 

Precision Relevant predictions / predicted positives Reduce false alarms 

Recall Detected events / actual events Improve detection 

Response Time Time to service action Faster support 

Escalation Rate Escalated cases / total cases Resource optimization 

Customer Satisfaction Customer feedback score Experience quality 

 

AI-Driven Tiered Support in E-Commerce 

4.1. Redundancy, Fault Tolerance, and Self-Healing Capacities 

Consumer-facing services must exhibit high levels of operational resilience to withstand demand peaks, infrastructure failures, and 

security incidents. AI-native customer experience fabrics pursue operational resilience by imbuing redundancy, fault tolerance, and 

self-healing capacities into the AI-native service interfaces that compose them. These mechanisms create the conditions for business 

continuity despite resilience-related disruptions across the underlying service delivery ecosystem. Consequently, operational 

resilience constitutes a security and risk management focus area, with its metrics incorporated into the risk governance of the fabric. 

Redundancy architectures introduce contingency support for capacity-constrained services through three tiers: self-support, 

community support, and system support. Community support leverages the customer base to fulfil demand when the AI-native 
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service interface predicts unservable conditions, aligning with established concepts such as crowdsourcing and shared service 

provisioning. At the system level, demand can be spike-driven when, on the contrary, the AI-native customer experience fabric 

detects a service capability failure and activates resources from supporting siloed service providers, implementing business 

continuity for specific service delivery channels. 

 

5. Architectural Patterns for AI-Native Fabrics 

AI-native customer experience fabrics exhibit well-defined architectures for service interaction and delivery. Three architecture 

types emerge from analysis of AI-native considerations in service design and management: service mesh; observability, 

supervision, and tracing; and failure redundancy, self-healing, and fault tolerance. Each pattern addresses specific architectural 
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dimensions and can be realized independently or together. While service interfaces guide interoperability and open governance, 

operational resilience derives from appropriate redundancy design and self-healing capabilities. 

Service Mesh 

A service mesh coordinates inter-service communication within a predefined service fabric, maximizing context sharing, mutual 

reliability, access control, and policy compliance. Such orchestration simplifies dependency management, API discovery, and 

invocation. In AI-native designs, transitive dependencies are computed based on AI-perception and -interpretation processes. 

Custom interfaces may be established to accommodate third-party services. The mesh guides routing for dedicating service calls 

to a secondary, less capable source, caches information surrogates, and enables on-demand retraining, execution, and delivery. 

Observability, Supervision, and Tracing 

Observability patterns extract situational context from running systems, while supervision components enable user perceptions 

beyond current capabilities, such as augmented avatars in metaverse settings. Tracing mechanisms detect anticipatory actors in real 

time and establish a reference framework for such interactions. 

Redundancy, Self-Healing, and Fault Tolerance 

Redundant architectural design reduces the risk of service interruption or quality degradation and enables rapid recovery from 

unexpectedly poor performance. Two-way redundancy enhances reliability and integrity; one-way redundancy supports low-risk 

communication or action; system-level redundancy manages recovery between agents or between agents and their environments. 

Table 5. Operational Resilience Mechanisms 

Mechanism Description Benefit 

Redundancy Multiple service resources Continuous availability 

Fault Tolerance Service continuity during failures Reduced downtime 

Self-Healing Automatic recovery actions Faster restoration 

Load Sharing Dynamic workload distribution Improved scalability 

Failover Routing Alternate service path activation Service continuity 

Resource Replication Backup service instances Reliability enhancement 

 



 

14 | P a g e  
 

 

6. Case Studies and Empirical Evidence 

AI-native customer experience fabrics enable predictive service delivery and operational resilience. Empirical support stems from 

an AI-driven tiered support solution pioneered by Zara S. R. C. M. Teixeira. The e-commerce context has high operational volume 

and low added value per transaction. A three-way interaction among sales volume, product lifetime, and service effort predicts the 

need for a third-tier service response. 

Case Study: Tiered Support in E-Commerce 

Data included sales and support requests during 2021, along with external information on product lifetime from a different source. 

An initial model explored the relationship among sales volume, product lifetime, and service effort; product lifetime was positively 

correlated with service effort in the training dataset. Predictions via leave-one-out cross-validation qualified cases for first-tier, 

second-tier, or third-tier support. Using a pre-trained BERT model, a separate analysis on a different data volume investigated 

whether service tags helped resolve cases in the first service tier. 

The solution recognised the need for a third-tier support response—more demanding, but infrequent to source—without requiring 

constant human oversight and tagging in the supporting tool. The underlying interaction mapping was not unique, and support 
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ticket resolution could have been driven by a different combination of factors, with a different relationship. Beyond its specific 

context, the application illustrated how AI-native service decision facets could deploy a tiered approach to service input and effort. 

Many operational dimensions of AI-native services offer redundancy, improving reliability through fallback and recovery 

strategies. Examples include the fault-tolerance capabilities of service meshes and the self-healing properties enabled by 

observability coupled with business continuity planning. 

Table 6. AI-Native Service Interface Functions 

Function Input Processing Output 

Customer Intent Detection User interactions NLP models Intent classification 

Context Analysis Multi-source signals Context engine Customer profile 

Recommendation Generation Behavioral history Predictive analytics Next-best action 

Service Automation Customer request AI workflow engine Automated resolution 

Incident Prediction Operational logs Forecasting model Early warning 

7. Conclusion 

Customer experience fabrics and their AI-native properties. Research questions, scope, and contributions are articulated, and the 

positioning within service design, AI ethics, and operations management is discussed. 

Customer experience fabrics are customized integration patterns that connect customers with the appropriate service resources. An 

AI-native approach enhances service delivery through predictive algorithms that utilize a broader set of data sources and more 

advanced sampling methods than baseline designs. Also, AI-native properties strengthen operational resilience by describing the 

redundancy architecture, fault tolerance mechanisms, and self-healing processes that support an AI-enabled tiered support strategy 

in e-commerce. These ingredients encompass business continuity and risk management, and ensure readiness to absorb and recover 

from disruptions. 

Formalization of AI-native properties in a fabric architecture sheds light on governance, interoperability, and scalability; helps 

identify complementary designs for AI-native models used in different contexts; clarifies applicability of product-oriented or 

customer-centric deployment patterns; and proposes additional security controls and observability mechanisms for AI-native 

interaction spaces. Empirical evidence is supplied by a recent case study describing an AI-driven tiered support strategy adopted 

in e-commerce, supported by contextualized operational redundancies that enhance robustness and recovery time through product 

and channel diversification. 
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