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Abstract 

Digital service delivery in data centers has matured over the past decade, yet customer 

experiences (CX) remain at best mediocre. Deep learning (DL) technologies enable CX and 

business key performance indicator (KPI)-shaping initiatives through customer segment 

personalization, meaningful service customization, and proactive service enablement. These 

innovations are anticipated to bring more impactful and tangible improvements than previous use 

cases in the CX space. Such effort is essential, as noted in a McKinsey report, which concludes 

that great CX not only brings growth but also creates a mode around the organization. The 

associated work in service experience management for the cloud managed service space 

highlights mechanisms driven by DLs that encompass the entire CX space– from enablement to 

post-support to personalization. 

Delivering the anticipated improvements in CX at scale is key, as the implementation of 

traditional “happy paths” enabled by DLs does not contribute to further growth in CX and 

associated business KPIs. Explore customer experiences that open the floodgates at scale, as 

evidenced by the use of trains, planes, and healthcare. Leaning bodies have shown that race-car 

style data-enabled running styles result in less injury and improvement in race performance. The 

continual ability in airplanes to maintain height at constant velocity through air traffic control–

bending the high and low pressures–lowers carbon footprint without passengers noticing. It’s 

high time the use of this tried and tested normal CX exploration at scale and hence the activation 

of a single CX at DCS is rolled out wherever applicable. 
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Despite advancements in data science and Artificial Intelligence (AI), Digital Services 

continue experiencing barrelling customer dissatisfaction roadblocks. AI has already 

demonstrated tremendous potential to enhance Customer Experience (CX) in several industries 

but, ironically, recurring service issues often outshine such prospects and quickly erase any 

systemic trust that advanced analytics aim to bring. Services shaped by DL technology in 

creative industries have ranked the lowest in terms of CX. 

This work proposes an interconnected approach with empirical evidence in data centers 

that leverages Deep Learning (DL) to prepare, assess, and improve CX as part of Digital Service 

Delivery. Inferred signals are also used as part of CX Governance, with implementation patterns 

that cover all aspects of Operating and Service Level Agreements. The study determines a set of 

user-expressible factors that positively impact CX across scenarios and supports existing 

evidence assigning Digital Service Handling and Prevention as the leading sources of CX 

advantage in Data Center environments. 

2. Background and Motivation 

Digital service delivery in Data Center Services (DCS) is confronted with two major 

challenges: complexity and the need to deliver new levels of customer experience (CX). Quality 

of Service (QoS) and Quality of Experience (QoE) are the driving forces behind offering a larger 

and newer set of digital services. However, in large-scale environments, service incidents can 

remain unidentified and unresolved for long periods of time. Often, service operations are 

blindsided, as websites, applications, and other customer-facing services are inaccessible leading 

to dissatisfied customers who escalate to customer support for assistance. Increasingly customers 

are demanding better customer service receipt, i.e. proactive detection and resolution of issues 

before they experience an outage. As services span across multiple cloud stacks with incrased 

trading partner interaction, customers are served by Digital Service Operations of Digital 

Services Delivery which clients expect to not only maintain existing services but deliver newer 

services that cater to their needs. 

Several technology trends, including the Internet of Things (IoT), Artificial Intelligence 

(AI), Augmented Reality/Virtual Reality (AR/VR), Metaverse, and Blockchain, among others, 

are changing the digital services landscape. Even though these trends have entered the hype 

cycle, vendors are being forced to build an ecosystem with their trading partners and increase 

their customer experience levels. Customers expect services across if not all oengineering 
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technology stacks to be delivered by the data centre operations team. This leads to pressure on 

ability of the Data Centre Services Delivery operations to tolerate these different demands. So, 

the customer experience is seen as the most important differentiator in the data centre services 

delivery market and is crucial to business success and sustaining competitive advantage. 

2.1. Rationale and Research Objectives 

Increasingly differentiated customer experiences drive innovation across industries. Data 

center service delivery, an enabler of digital transformation, relies on artificial intelligence for 

scalable digital services. Despite abundant data, the resulting customer experience remains poor. 

Deep learning can advance the customer experience by augmenting digital services. Four 

strategies for improvement are identified: proactive support, service personalization, issue 

anticipation, and solution provision. The research objective is to realize measurable 

enhancement, enabling wider adoption of tailored digital services. 

Connecting data center service delivery with customer experience management 

underscores the theoretical and practical importance of deep learning-enabled customer 

experience improvements. Measurable technological advances encourage adoption, create new 

market opportunities, and stimulate investment. Demonstrating deep learning's applicability to 

customer experience change points is an initial step toward scaling and enhancing its business 

impact. 
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Fig 1: Customer Experience Management Software 

3. Methodology 

The research employs an inductive research design supported by data-driven 

methodologies. Customer experience (CX) is treated as a dependent variable, for which a set of 

hypotheses are constructed that reveal conditions of CX improvement. Data are sourced from 

enterprise-scale data centers using digital services. The analysis examines service-delivery 

patterns under varying data patterns and establishes the resulting level of CX change. These 

experimentations are replicated across a large enterprise-scale data center environment, and 

findings are quantitatively benchmarked to assess their contribution to the overall CX. 

Four customer-experience-related indicators are proposed that link the level of digital-

service innovation—supported by continuous deep learning (RL) capabilities. With the help of 

A/B-testing methodologies, these indicators capture the overall change in customer experience at 
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scale. Subsequently, by leveraging a counterfactual methodology, an independent measure of the 

adoption of digital-service innovation on CX is established, thus validating the importance of 

deep learning in supporting service personalization and proactive support strategies. 

Furthermore, the change in customer-experience indicators against the introduction of different 

digital CX support signals is also analyzed. 

Use-case scenarios in a data-center environment establish the capability of discovering 

issues from CX signals and preventing disruptions, thus enhancing overall experience and 

satisfaction. CX signals also act as a driver for dynamic resource management for enterprise 

infrastructure, enabling more efficient service delivery and increased customer satisfaction. The 

continuous learning-based DL models are operationalized in a DevOps environment, thus 

enforcing best practices for digital CX management at scale. 

Equation 1: Customer experience as a function of DL-enabled service innovation 

𝐶𝑋 = 𝑓(𝑃𝑠, 𝑆𝑝, 𝐼𝑎, 𝑆𝑣) 

Where: 

 𝑃𝑠 = proactive support 

 𝑆𝑝 = service personalization 

 𝐼𝑎 = issue anticipation 

 𝑆𝑣 = solution provision 

Step-by-step derivation 

1. The article identifies four strategic improvement drivers. 

2. CX is treated as the outcome variable. 

3. Therefore CX must depend on those four drivers. 

4. That gives the functional relation: 

𝐶𝑋 = 𝑓(𝑃𝑠, 𝑆𝑝, 𝐼𝑎, 𝑆𝑣) 
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If we want a linear first-order operational model: 

𝐶𝑋 = 𝛽0 + 𝛽1𝑃𝑠 + 𝛽2𝑆𝑝 + 𝛽3𝐼𝑎 + 𝛽4𝑆𝑣 + 𝜀 

Here: 

 𝛽0 is baseline CX without improvements, 

 𝛽𝑖 measures the contribution of each factor, 

 𝜀 captures unobserved effects. 

3.1. Enhancing Customer Experiences through Digital Service Innovations 

Delivering superior customer experience (CX) has become a topical area of research 

interest for marketers, service providers, and management scientists across industries. The 

constant emergence of new technologies, diverse consumer touchpoints, the rise of a digitally 

savvy cohort of consumers who demand instant service anytime, anywhere, and the digital-

enabled transparent business environment are fuelling this intense interest. A deeper insight into 

consumers’ needs and behaviours using data analytics techniques helps brands continuously 

innovate their service offerings and cater to the pressing requirements of customers, thereby 

enhancing CX. Predictive models are now widely applied in the services space to provide a 

seamless, personalized experience to customers by predicting their future actions. For example, 

Netflix recommends movies based on users' search history, while Facebook provides content 

based on users' likes. 

The flexibility and scalability of Deep Learning (DL) models enable the adoption of a 

similar approach for improving CX—anticipating customer needs or preferences and leveraging 

data generated from consumer touchpoints for dynamic service innovation. A feedback loop 

helps capture changes in customer behaviour and apply them as signals to recommend 

personalized services. Several key areas of CX enhancement through service personalization 

enabled by DL have been identified. 

4. Objective of the Study 

The customer experience (CX) offered by digital services is expected to improve in a data 

center delivery model through the action of deep learning algorithms deployed in the operations. 
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A precise definition of this objective is essential to determine the expected characteristics of the 

solutions. In this work, the customer experience is considered a perceived experience, and 

therefore, the objective is formulated as follows: deep learning algorithms improve the perceived 

customer experience of digital services delivered by large-scale data centers. The resulting 

hypothesis is that customer experience is enhanced when deep learning is applied to data signals 

captured during service delivery. Two characteristics of customer experience need to be 

measured: the level of impact of customer experience on the service provider’s business results 

and the magnitude of improvement generated by deep-learning-driven digital service 

innovations. 

Delivering a great customer experience is strategic for an organization. In a data center 

environment, several customer experience–enhancing digital service innovations are enabled by 

deep-learning algorithms applied to data sources captured during service delivery that go beyond 

service personalization. All of them contribute to a better customer experience, and the 

magnitude of improvement generated by these innovations is valuable information for 

practitioners. By measuring the size of the change for each offering, the organization focuses its 

engineering resources on the innovations that will yield the best return on customer experience 

improvement. 

4.1. Objectives and Expected Outcomes of the Research 

Enhancing customer experience (CX) directly impacts business growth and performance. 

Given the complexity of digital-service delivery, many organizations adopt Customer Experience 

Management (CEM) strategies to improve CX by leveraging technology and insights. Prior 

research outlines the potential use of deep learning (DL) techniques to better manage present or 

future states and mitigate negative experiences. While there is evidence that CX improves 

through deploying AI-based solutions, a systematic architecture for technology-driven CX 

improvement in a data-center environment is still lacking. 

This research aims to identify and validate opportunities for enhancing CX in datacenters 

through the application of DL techniques. The key hypothesis posits that employing a broad 

range of DL-enabled use-case scenarios across various service-delivery stages will yield a 

measurable improvement in CX. If confirmed, organizations can implement practical CEM 

measures that lead to enhanced CX through data-driven decisions while reducing operational 

costs, further enabling delivery at scale. 
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Fig 2: Netcracker Intelligent Customer Experience 

5. Research Summary 

The research investigates the impact of deep learning on customer experience in digital 

service delivery by data centers. The objective is to evaluate whether deep-learning-enabled 

customer experience management enhances the quality of customer experience, considering 

customer experience as a set of evaluative perceptions. The methodologies applied include a 

development cycle research strategy, deep learning for customer experience personalization, and 

a customer experience management definition that ties the improvement of customer experience 

to advanced digital services. 

In presented case studies, deep-learning-enabled customer experience management is 

associated with better customer experience in production use and benchmarking tests. Attaining 

the quality-of-customer-experience-enhancing potential of deep-learning-enabled customer 

experience management depends on context—specifically, whether the deep-learning-enabled 

customer experience management that a data center is applying is also improving that data 

center's customer experience, considering customer experience as a set of evaluative perceptions. 
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5.1. Overview of Theoretical Foundations 

Customer experience (CX) management in digital service delivery, particularly in the 

context of data centers, requires careful consideration of formulation, architecture, system 

design, and deployment. Digital services inherently differ from physical services, which account 

for the growing body of relevant research. Much existing work has relied on small-scale 

experiments with online services, raising questions about transferability to large enterprise data 

centers, where such CX initiatives are enabled by deep-learning technologies. Their broad 

deployment and automated management lifecycles, together with additional customer signals, 

offer new directions for service innovation, such as proactive detection and resolution of end-

user issues and dynamic adjustment of resource allocation in compliance with service-level 

agreements. Such enhancements not only improve customer experiences but also contribute to 

business growth and increased revenues. Nevertheless, the actual impact of these capabilities on 

CX remains uncertain, especially outside consumer-oriented contexts. Therefore, a large-scale 

benchmarking study investigates different use-case scenarios, comparing results across multiple 

data centers and examining influencing factors. 

The research also contributes to the CX-management literature by positing the existence 

of customer signals encompassing both business context and sensor data, discerning conditions 

for their application, and exploring the security and privacy implications of a fully data-driven 

approach in service-design and service-innovation lifecycles. The development of a deployment 

pipeline, integrating technical best practices from the fields of data engineering, model building, 

and DevOps, enables operational-scale realization, supporting the continuous delivery of 

customer-facing DL capabilities. These foundations serve to formalize and assess the impact of 

deep-learning technology on customer experience and quality in data centers. 

Table: Mathematical and Analytical Representation of Deep Learning–Enabled Customer 

Experience Management in Data Centers 

Item 
What the article 

states 
Mathematical / analytical form Notes 

Main 

dependent 

variable 

Customer Experience 

(CX) is the dependent 

variable 

𝐶𝑋
= 𝑓(DL-enabled service innovations) 

Central 

research 

assumption. 
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Item 
What the article 

states 
Mathematical / analytical form Notes 

Four 

improvement 

strategies 

Proactive support, 

service 

personalization, issue 

anticipation, solution 

provision 

𝐶𝑋 = 𝑓(𝑃𝑠, 𝑆𝑝, 𝐼𝑎, 𝑆𝑣) Stated 

explicitly as 

four 

improvement 

strategies. 

Measurement 

approach 

A/B testing and 

counterfactual/causal 

inference 

𝛥𝐶𝑋 = 𝐶𝑋test − 𝐶𝑋control Core 

evaluation 

logic. 

Benchmark 

result 

Lead-time 

enhancement gives 

average gain of 

+5.22% 

%𝛥𝐶𝑋 =
𝐶𝑋𝑡 − 𝐶𝑋𝑐

𝐶𝑋𝑐
× 100 

One of the 

few explicit 

numbers in 

the paper. 

Alert 

thresholds 

API availability 

<90% → critical; 

<80% → emergency 

piecewise threshold rule Operational 

rule stated in 

use-case 

section. 

Data sources Telemetry, service 

metadata, service 

quality/performance 

models 

𝑥 = [𝑥telemetry, 𝑥meta, 𝑥quality] Used for 

feature 

construction. 

Model type Multi-layer 

perceptron for wide 

input layer 

𝑦̂ = 𝑓𝜃(𝑥) Architecture 

is described 

conceptually. 

Resource 

allocation 

Reallocate resources 

based on CX/SLA 

signals 

𝑟𝑖(𝑡 + 1) = 𝑟𝑖(𝑡) + 𝛥𝑟𝑖(𝑡) Derived from 

the dynamic 

allocation 

discussion. 

Continuous 

learning 

Retraining triggered 

by drift or 
retrain if 𝐷𝑡 > 𝜏𝐷 or 𝐸𝑡 > 𝜏𝐸 Derived from 

lifecycle 
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Item 
What the article 

states 
Mathematical / analytical form Notes 

performance 

deterioration 

management 

text. 

KPI design Multi-indicator 

evaluation of CX 𝐶𝑋 = ∑𝑤𝑘

𝑚

𝑘=1

𝑧𝑘 
Sensible 

unified KPI 

form implied 

by the paper’s 

metric 

discussion. 

6. Theoretical Framework 

Customer experience (CX) management has gained traction as key firms are 

repositioning CX as the focus for their digital services. These digital services include data 

centers supporting rapidly growing workloads in distributed geographical locations; the quality 

of the services delivered by these data centers is highly dependent on their resources and on the 

network linking the customers and the data centers. Prior work emphasized CX innovations in 

digital services enabled by AI; another thread of work grounded CX management in digital 

services. Building on these two bodies of work, CX management in data centers is considered, 

and more specifically the use of deep learning (DL) models capable of enhancing CX through 

personalization, proactive support, and speedy issue resolution. CX is discussed and further 

defined by exploring how DL models can deliver continuous personalized recommendations, 

how they detect potential issues before customers are aware of them, and how these resolutions 

can be automated so that customers benefit from a fix without being actively engaged during the 

incident. 

CX enhancement is discussed through Deep Learning for Service Personalization 

(DLSP), which proposes IT service personalization through recommendations as one of the 

primary branches of CX management in digital services. In digital services, many customer 

interactions can be predicted and proactively resolved by the service provider, avoiding the need 

for customer engagement. These proactive services are considered as online support capabilities; 

here, CX quality is raised by issuing potential incident alerts before the customer is even aware 

of them. A further and stronger improvement to CX management arises when the information 
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provided to the data center can source dynamic resource allocation by exploiting signals made 

available through the service delivery SLA. Dynamic allocation solutions using resource 

consumption signals not only alter the allocation based on changing consumption but also 

monitor customer experience with their data center services. 

Equation 2: Composite CX score from multiple indicators 

𝐶𝑋 = ∑𝑤𝑘

𝑚

𝑘=1

𝑧𝑘 

If there are four indicators: 

𝐶𝑋 = 𝑤1𝑧1 + 𝑤2𝑧2 + 𝑤3𝑧3 + 𝑤4𝑧4 

Step-by-step derivation 

5. Let 𝑧1, 𝑧2, 𝑧3, 𝑧4 be normalized indicator values. 

6. Let 𝑤1, 𝑤2, 𝑤3, 𝑤4 be their importance weights. 

7. Total CX is the weighted aggregation: 

𝐶𝑋 = 𝑤1𝑧1 + 𝑤2𝑧2 + 𝑤3𝑧3 + 𝑤4𝑧4 

4. If weights are proportions, then: 

𝑤1 + 𝑤2 + 𝑤3 + 𝑤4 = 1,  𝑤𝑘 ≥ 0 

5. Example with equal weights: 

𝐶𝑋 =
𝑧1 + 𝑧2 + 𝑧3 + 𝑧4

4
 

6.1. Customer Experience Management in Digital Services 

Deep Learning technologies can drive the service development and improvement process 

in Data Centers that are focused on scaling Customer eXperience (CX). The innovations in 

design and service offerings that significantly impact CX can be summarized as Service 
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Personalization, Proactive Support, Intelligent Automation, and Inference-driven Infrastructure 

Operations. 

Deep Learning-based models can be leveraged for Intelligent Automation across the 

Service Delivery Lifecycle—from automated generation of service recommendations for 

inbound marketing to continuous monitoring of Data Center dashboards and operational health. 

Intelligent Automation combines the prediction accuracy and decision-making at scale 

capabilities of Machine Learning algorithms with the enhanced execution capabilities of RPA 

products, such as UiPath or Automation Anywhere. A “no alert” strategy can be implemented by 

constantly monitoring Data Center Health dashboards across all Service Delivery repos with 

ML-ready Health Check data signals over a single channel and arming the RPA engine with a list 

of acceptable remediation tasks. 

6.2. Deep Learning for Service Personalization 
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Customer Experience (CX) focuses on creating, improving, and optimizing the end-to-

end digital interactions between customers and organizations. Digital Service Delivery entails the 

entire spectrum of hardware, software, connectivity, and services that together deliver an IT 

service to consumers and businesses. Several strategies, frameworks, and theories are described 

and analyzed in the literature to reduce customer churn, improve satisfaction, and increase Net 

Promoter Score (NPS). A key motivation for customer experience management is to use Data 

and AI to facilitate good business with good customers, thus enabling the organization to spend 

the marketing dollars wisely and help grow towards the ideal customers. 

Deep Learning (DL) techniques are now being introduced into many of these strategies 

either to create entirely new approaches or to enhance existing ones, with a view to achieving 

improvements on these key business outcomes. Delivery related strategies harnessing DL for 

customer experience enhancement include experience-based service delivery, service 

personalization, proactive service delivery, service failure detection and customer sentiment 

analysis, all of which can now be automated at scale, and applied in large Data Center 

environments. 

 

Fig 3: 3 Pillars of a High-Impact Digital Customer Experience Strategy 
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7. Architecture and System Design 

Supporting the end-to-end delivery of data services, stream processing pipelines ingest 

data from multi-cloud environments, service delivery platforms, open-standard-based telemetry 

adapters, and security software. Additional signals are provided by domain-specific pipelines—

oversubscription/traffic engineering, reliability detection, and facility management—whose key 

output is formalised within the NetOps Framework. Service-specific features are extracted based 

on business insights, allowing the machine learning team to focus on problems beyond rule-

based solutions. 

Real-time inference requires a broad set of features covering all possible SLAs across a 

range of test samples. The input layer is therefore typically wide, encompassing above-

mentioned features, and data treatment includes one-hot encoding of categorical features along 

with the necessary standardisation. A multi-layer perceptron is chosen for its versatility, with the 

last layer targeting the selected outputs before entering A/B testing. Finally, data quality, 

labelling, management, governance, and privacy concerns are support functions guiding 

automated pipelines using concurrent or feature engineering approaches. 

7.1. Data Ingestion and Feature Extraction 

Data ingestion pipelines and feature extraction methods are designed to support CX 

enhancement in data centers through DL-based digital service innovations. Three data types are 

considered: telemetry data reflecting customer experience, service execution metadata, and 

models that monitor service quality and performance. These data sources provide detection 

signals for proactive issue resolution and enable the dynamic allocation of cloud data center 

resources based on real-time service quality. 

For proactive issue detection and resolution, the signals from customer experience 

telemetry are ranked using a service quality prediction model that quantifies the quality of 

experience from the telemetry. The detected signals are correlated with telemetry logs of 

infrastructure-dependent services or usually operated by infrastructure teams. A pipeline is 

designed to fetch the most correlated set of logs whenever an issue is detected. When a 

corresponding correlation threshold is crossed, an alert is raised along with the relevant logs. The 

services involved in the alert are identified from the pattern of incoming requests using service 



 
 

16 | P a g e  
 

mapping graphs. Cloud resources are reallocated to the detected service, if possible, based on a 

service dependency graph that captures service dependencies. 

7.2. Model Architecture for Real-Time Inference 

A part of the proposed architecture performs rapid inference using data-fused DL models. 

The setups provide integrated models at various levels for periodic inference and health detection 

of different infrastructure units, e.g., racks. The key data signals for the models are listed, 

including aggregated streaming features across time periods, extraction timestamp, and ID labels. 

The input layer is determined based on the model supporting the use case, with the merged 

embedding layer capturing fusions at different levels. 

Customer experience (CX) signals act as the common layer for different models. The 

structure also accounts for the model responsible for detecting major failures, with the multi-

class loss quelling noise in early-stage warning processes. The model layer choices satisfy the 

multi-tasking requirement of CX and support high-frequency deployments without performance 

degradation. The architecture aims to make control-loop inference quicker, detect and act on 

latent warnings of environment anomalies, and manage infrastructure performance enablement to 

meet predefined CX SLAs. The targeted output labels represent the health state of the 

infrastructure. 

8. Data Management and Governance 

Data storage, processing, and inference is a continuous cycle that becomes more 

complicated as model input data is routed to several dependent areas of business use cases. 

Maintaining high standards for data quality, privacy, security, and other related aspects is also 

crucial for all stakeholders. A robust governing framework or structure should be put in place to 

ensure that data management techniques, strategies, and policies are in line with the 

organizational vision and mission. Note that in the case when source data has not been suitably 

preprocessed in accordance with the use case logic, an appropriate model has to be retrained with 

labeled data created on the basis of reliable source data corresponding to model input variables. 

The label qualifiers can also be expanded to accommodate a new trainable signal if provisions 

exist in the architecture that has been implemented and the (desired) state of occurrence has not 

been represented in the historical triggers available for the training of the pipeline. 
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The usage of data signals is not limited to detection but, in concert with other models, 

involves dealing with requests that can be anticipated using proven patterns. These 

comprehensive macros involving signal responses rely on multiple data signals from feedback on 

bugs and issues executing at any churn point in Cx, and also include business conditions 

determining the state of the applications used in a customer journey, all of which combine to 

send displays to the right audiences in the right contexts. Data from source systems explaining 

dynamic changes to service-level agreements is also consumed, enabling any variance to 

business rules or business conditions to be dynamically factored into the delivery. 

 

8.1. Data Quality and Privacy Implications 

Data quality considerations affect customer information updates and so-called CVSS 

scans, which evaluate configurations for known vulnerabilities. These complex operations are 

necessary for security, particularly in highly regulated environments, but also incur service 
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disruption. Their scheduling should thus minimize impact during peak workloads within the 

respective service-level agreements (SLAs). Causal-task models therefore respond with a 

positive information signal indicating an absence of operational problems and that conditions are 

appropriate for an update. 

Noninvasive customer-service association analyses (CXAS) draw on usage data streams 

across players collectively share with DIP, as these indicate customer measurements and 

consumption levels for virtual and infrastructure-resource domains. Feedback loops connect both 

customer and participant models to support closure enforcement, provide assessment outcomes 

(statistical inference), and consume risk-endpoint profiles. Such standards comprise the data 

types, dimensions, and price-quality-value enablers characteristic of each service being offered. 

Beyond DIU, business and security-driven CXAS handle proactive issues for both 

deliberative and regulatory observant stakeholders. Service operation center (SOC) protocols 

take environmental signals from either Patterns or Fractals into account, while populations 

concentrate solely on the dominant signals detected during given periods. Commonly 

characterized by high-pressure conditions, these protocols constitute periodic service-decision 

control gates for the overall CxM pipeline. External-service user associations can invoke SLA-

governed infra-service responses whenever processing signals for situations classified as relevant 

by the respective CXAS remotely reveal risks affecting the same service segment without any 

ongoing operational product. Such requests access operating agents through risk-profiled control 

points. 

Equation 3: A/B test effect size 

𝛥𝐶𝑋 = 𝐶𝑋test − 𝐶𝑋control 

Step-by-step derivation 

8. Define mean CX of control users as: 

𝐶𝑋control =
1

𝑛𝑐
∑𝐶

𝑛𝑐

𝑖=1

𝑋𝑖
(𝑐)

 

2. Define mean CX of test users as: 
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𝐶𝑋test =
1

𝑛𝑡
∑𝐶

𝑛𝑡

𝑗=1

𝑋𝑗
(𝑡)

 

3. The A/B impact is the difference: 

𝛥𝐶𝑋 = 𝐶𝑋test − 𝐶𝑋control 

5. If positive, the DL intervention improved CX. 

8.2. Labeling, Feedback Loops, and Continuous Learning 

For supervised learning tasks, labeled data are required to train models; manual labeling 

is labor-intensive and can be subjective. Automated or semi-automated labeling strategies enable 

better scalability. In the first use case (proactive issue detection and resolution), cloud 

infrastructure workload outputs are used to detect if issues are starting to occur, based on which 

resolutions are applied to avoid service degradation during the period of increasing workload. 

The feedback loop allows for creating or updating the issue-detection model after problems are 

solved, that is, labeled, and stored as known issues. For the second use case (dynamic resource 

allocation), SLA parameters related to customer experience are annotated from the monthly 

reviews. The CX management module automatically generates the resource-allocation rules and 

sends timely reminders to the operations teams, allowing personnel allocation during peak loads. 

As a large volume of both detectable signals and defined customer-experience policy 

rules are continually created, continual learning is used to improve the quality of decision 

predictions for proactive issue detection and service-level-agreement-based resource-allocation 

rules. New solutions are suggested to improve root-cause-analysis models, enabling more 

granularity by learning from the associated labels to enhance future automatic-capacity-

allocation decision making. 
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Fig 4: How to Build a CXM Platform 

9. Evaluation Methodologies 

Customer experience enhancements are inherently ambiguous and subjective; however, 

their determinant factors can be accurately quantified and tracked across various enterprising 

environments. Accordingly, CAI that influences CX can be monitored and assessed against 

clearly defined evaluation criteria and methodologies. Following CX factor identification, suited 

metrics can be established to augment explicit service development and delivery. Consistent with 

best existing practices, a relevant suite is based on the following categories: customers’ authentic 

sentiment; service usage behavior; social network discussion; product-market performance; and 

third-party endorsement. Concrete mechanisms to evaluate CAI-driven impact on customer 

experience are articulated next and presented in a modular structure, encompassing, where 

appropriate, associated tool channel specifics. 
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Putative causal impact on CX can be explored using a two-pronged strategy; namely, an 

A/B test framework complemented by a parallel causal inference lens. A/B testing involves 

exposing discrete consumer segments to either an experimental condition (i.e., subjected to a 

CAI-enabled CX or product advantage) or business-as-usual condition (i.e., receiving the 

unfettered original service offering) and computing the differential in outcome performance 

across the two cohorts. A/B Test Design is used to gauge the value contribution of CAI 

capability to service designers and business owners. Clearly, A/B testing is only possible under a 

select group of conditions. For example, geographically confined use cases (such as leaves and 

traffic signs) lend themselves more readily to this technique, as it is valid to repose greater faith 

in the experimental condition than the business-as-usual segment. 

9.1. Metrics for Customer Experience 

The Customer Experience (CX) dimension of data centre management remains a 

relatively underexplored area of research and practice in the existing literature. More 

specifically, the recognition that continuous improvements in this dimension drive brand loyalty 

and strengthened business relationships has led companies to apply more resources to CX 

enhancements and innovations. Consequently, a continuous improvement mindset is increasingly 

becoming essential to support evolving customer needs. Moreover, it is not sufficient only to 

support business relevance. Brands are also held to account for meeting CX support 

commitments. Therefore, it is essential to gauge how well the brand is doing from a CX 

perspective. However, acceptable levels of performance and levels of continuous improvement 

are often very contextual and constantly shifting, reflecting shifting business priorities and 

customer perceptions. Similarly, the relative impact of CX-related dimensions can also vary from 

customer to customer and from moment to moment. 

Filling this gap requires research to develop and validate a unified set of metrics for 

evaluating and continuously improving CX within Data Centre provisioning. The current status 

and relative importance of each metric can then be used to derive KPIs that drive the constant 

innovation of Data Centre support services. Ultimately, the focus on CX needs to be as strong as 

those areas with a more traditional contribution to the brand voice. 

9.2. A/B Testing and Causal Inference in Service Delivery 
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Key performance indicators (KPIs) reflecting customer experience should be defined to 

effectively measure the impact of deep learning on customer experience. The values of these 

KPIs will be monitored in real operational settings before and after the machine learning model 

is put into production. A/B testing or causal inference methodologies will be used to establish a 

connection between the changes in the chosen KPIs and the deployment of ML models to 

support customer experience innovation. 

The standard practice for implementing A/B testing consists of two experimental groups: 

the control group made of customers receiving the service or product without taking into 

consideration the model inference and the test group that, during the experiment period, will 

receive the service with the influence of the implemented model. The key indicators will need to 

be clearly specified at the very beginning and determine the duration of the experiment and the 

dimension of each group, in accordance with the standard practices of statistics. In addition, tests 

of significant or causal differences, such as Hotelling’s T2 test, will also be able to help draw 

valid conclusions. 

10. Use Case Scenarios in Data Center Environments 

Proactive problem detection and resolution constitute one category of tactic for 

enhancing customer experience. Within this context, the goal is an understanding of issues faced 

by customers, followed by successful problem response so that delivery of service to customers 

is not hindered. The signals associated with an issue, together with the recommendations to 

resolve the issue, are identified from historical data and rules. 

A second category relates to delivering services with changed resource provisioning 

optimized based on customer experience. Signals generated by customers provide insight into 

how much they appreciate the service being delivered. Proactively upgrading resources for high-

priority customers, or reallocating part of the resources used to deliver service to low-priority 

customers when demand drops, helps balance cost to the service provider with quality perceived 

by customers. Policy rules determine how additional or back-off resources are provisioned or 

released, working with defined service level agreements. 

Equation 4: Percentage CX improvement 

%𝛥𝐶𝑋 =
𝐶𝑋test − 𝐶𝑋control

𝐶𝑋control

× 100 
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Step-by-step derivation 

9. Start with absolute gain: 

𝛥𝐶𝑋 = 𝐶𝑋test − 𝐶𝑋control 

3. Divide by baseline: 

𝛥𝐶𝑋

𝐶𝑋control

 

4. Convert to percentage: 

%𝛥𝐶𝑋 =
𝐶𝑋test − 𝐶𝑋control

𝐶𝑋control

× 100 

6. Using the reported uplift 5.22%, if baseline is indexed to 100: 

𝐶𝑋test = 100(1 + 0.0522) = 105.22 

10.1. Proactive Issue Detection and Resolution 

A proactive approach for detecting issues and taking actions ahead of time is always 

preferable, as such actions will prevent possible outages. A DL model can continuously consume 

data signals with guidance from SLOs defined by customers. A set of detectable issues can be 

identified along with the possible resolution actions. Whenever a specific signal pattern is 

observed from incoming data, a warning can be triggered for predictive maintenance, enabling 

the required action to prevent outages. The following types of issues can be detected proactively: 

1. Unavailability of services such as APIs and Web URLs. 

2. Performance issues based on a comparison of a specific number for an API or URL. 

3. Service down events (when 100% signals from a specific monitoring tool are 

indicating down). 

4. Latency-based custom monitoring events. 



 
 

24 | P a g e  
 

5. Surge events triggered when the volume count exceeds a specific threshold. 

For all these statements, rules can be established to trigger alerts with various severity 

levels. For example, when the availability of an API drops below 90%, an alert can be raised 

with severity “critical,” while a decrease to 80% would prompt an “emergency” status. These 

different levels of alerts will help to take necessary actions to either put in more capacity or take 

other steps before an outage occurs. 

10.2. Dynamic Resource Allocation Based on CX Signals 

Visitors Experience and Perceived Service Quality in Family Fun Center: An Exploratory 

Study 

Deployment Strategies and Operational Considerations 

When Deep Learning is utilized to manage Customer Experience in Data Centers, there 

should be certain practices followed for maintenance, deployment and observability when 

implementing those Customer Experience Dynamics. There should be separate pipelines for 

Deployment, Training and Registry. 

Monitoring the model after deployment is as crucial as deploying the model in real time. 

Therefore, certain checks must be put in place to view the health of the model inferences, like 

using alerting mechanisms. Model Lifecycle Management using a Model Registry helps the data 

science group to separate responsibility among different models and help the data science team 

know which model to retrain and when. 

When the Model Registry tracks the parameters of each model when a new version is 

pushed that beats the previous version the retrained model is sent to production. Also, the 

mounted volume of the model it is being saved in is monitored whenever inferencing is done. If 

the error increases beyond a threshold then trigger happens for retraining the model in the 

Training pipeline using the latest data. 
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Fig 5: Optimizing Customer Experience by Exploiting Real-Time Data Generated by IoT 

and Leveraging 

11. Deployment Strategies and Operational Considerations 

A shared underpinning of the prior discussions offering evidence of the utility of deep 

learning (DL) techniques for strengthening customer experience (CX) management in data 

centers is the realization of dedicated pipelines that systematically inject fresh data and 

associated CX context signals into trained models. When implementing and maintaining these 

pipelines in practice, which should adhere to standard DevOps principles, six interdependent and 

cyclic workstreams emerge that support a dedicated operating model. The first workstream 

involves a DevOps pipeline to support the deployment of the trained DL models into production. 

Further workstreams subsequently observe, support, and determine when and how to trigger the 

versioning and retraining of DL models used for CX management in data-center environments. 

During operation, added, deleted, or altered data signals resulting in temporary or permanent 

changes to the overall configuration of the data center environment introduce conditions for the 

retraining of the model. 

The preparatory workstream employs continuous-feedback loops to signal the fine-tuning 

of the service-required interfaces of the trained models at the time of deployment. Growth or 



 
 

26 | P a g e  
 

adaptation of the training data either require or enable their retraining. Evidence from the 

preceding benchmarking trials feeds into an enhanced model-lifecycle management and 

maintenance workstream that systematically discerns when improvements to user experience 

with the data-center services are possible, either through a reduced degree of perceived problem 

severity at any level of issue classification or by satisfying a new or adapted SLA. 

11.1. DevOps for DL-Driven CX in Data Centers 

The deployment of Deep Learning (DL)-driven Customer Experience (CX) Management 

in Data Centers pivots around the platform Engineering and Operations aspect of the Service 

delivery, which is the core activity of Digital Service Management. Accelerating the deployment 

requires comprising Transformed Development and Operations (DevOps). Be it for any Digital 

Service or Product, a portion of the roadmap is always used to Build-Measure-Learn-Validate, 
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whereby the learning from each built and measurement cycle is quickly pushed into the digital 

product or service for customers to experience it first-hand which essentially closes the feedback 

loop. When applied to DL-driven CX Management in Data Centers, the DevOps pipeline 

comprehensively facilitates each aspect from Data Pipeline and Data Engineering, Product 

Development, Infrastructure and Application Performance Monitoring. 

A typical Data Pipeline might comprise the steps for Data Pipeline Operation: profiling 

or monitoring of the service type and user interaction logs as user signals, building Feature Data 

sets for the DL engine, Effectiveness of the Deep Learning model (Training-Inference-Testing), 

conducting proper A/B analysis on the CX implication of the changes brought about by the Deep 

Learning model and a feedback mechanism to loop back into the training of the DL model. 

Building the Customer Experience continues to be the core guiding principle for applying 

DevOps. The crux of the DevOps practice is captured within: Drive Changing Customer 

Experience at Scale using Infrastructure Data, Service Data and User Interaction Logs through 

Deep Learning and Neural Networks for Automated Ordering of Infrastructure Resources to 

Meet SLAs. The DevOps practice is a continuous organic process, where, artificial Intelligence-

driven Customer Experience Data sets triggers re-validation and retraining of the Deep Learning 

Model when variability is detected within the system's Input Data set, thus preparing the system 

for the next change in customer behaviour. 

Equation 5: Alert severity rule from API availability 

 API availability below 90% → critical 

 API availability below 80% → emergency 

Let availability be 𝐴 (in percent). Then the severity rule is: 

Severity(𝐴) = {

Emergency, 𝐴 < 80
Critical, 80 ≤ 𝐴 < 90
Normal/Warning-free, 𝐴 ≥ 90

 

Step-by-step derivation 

10. Start with the stated thresholds. 

11. Partition the availability axis into regions. 
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12. Assign each region a severity class. 

13. Write as piecewise function above. 

11.2. Model Lifecycle Management 

Managed model lifecycle practices enhance and safeguard deep learning-enabled 

customer experience solutions by incorporating retraining triggers based on data drift or model 

performance deterioration. They leverage model versioning capabilities offered by deployment 

platforms to facilitate rollback mechanisms, thus enabling seamless updates in production. The 

use of sharding techniques further aids in addressing distinct capabilities of models tuned to 

different customer bases and for distinct use cases. 

Deep learning models supporting customer experience innovations in data center 

environments must be continuously improved, contemporized, and nurtured just like an 

organization's quality processes and products. Labelling information plays a vital role in 

continuously updating the knowledge base from which the various models learn. Each time a 

new incident is created through customer experience signals, such sources can be used to 

automatically notify the relevant team for labelling, and formal notifications can be created for 

sources where human labelling is required as illustrated. Affected customers and similar 

incidents can be maintained in a database, which can also serve as training data for semi-

supervised learning. Labelling TF-IDF can be built using the training set, and a cost-sensitive 

classifier can be used to select the human-selected class into the training pool with or without 

human annotation. The human effort can also be integrated into a feedback loop so that product 

group members can assign the labels to the incidents at their convenience. 

12. Case Studies and Empirical Evidence 

Research has been conducted on digital service delivery in hyperscalers and large-scale 

service providers who adopted Cloud, Platform and Software as a Service (CPaaS) and Business 

Process Outsourcing (BPO). The result is a benchmarking of several Digital Service Quality 

(DSQ) improvement areas enabled by Deep Learning (DL). Machine Learning (ML) has already 

been enabled in spaces like IT Service Management (ITSM) for Ticket Handling and Proactive 

Monitoring and Resolution, and though it is being used in other areas of CPaaS, there is not 

much empirical evidence on its customer experience impact. Understanding CPaaS at scale 

remains a challenge, with the right balance between technology, practices, strategy, and people 
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often elusive for many service providers. Examining key enablers of strategy and operations, and 

bridging enabler and business outcomes, could improve operational set-up and customer 

experience, scale out better on CX, and establish the right, high-velocity model. Data set-up and 

data organization capabilities at cloud scale are also often critical. Many organizations 

acknowledge that Cloud, Platform, and Software as a Service (CPaaS) have been game-changers 

for businesses globally, enabling increased business agility and velocity, and more innovative 

business models. For hyperscalers and large service providers, the sheer scale of operations 

enabled by CPaaS poses an equally formidable challenge, with business process outsourcing 

acting as a differentiator only for some. 

12.1. Benchmarking in Large-Scale Data Center Environments 

Customer experience improvement through the development of a Deep Learning 

capability within the Data Center environment is demonstrated using A/B testing in a large-scale 

Data Center delivering Cloud Services. A large telecommunications service provider 

implemented A/B testing of an experimental approach to service delivery compared with 

commonly deployed conditions. The results provide empirical evidence of the theoretical 

proposition that employing Deep Learning to enhance the Customer Experience in digital 

services significantly improves Customer Experience. The analysis assesses the different 

strategies contributing to Customer Experience improvement and presents recommendations for 

organizations for which Customer Experience improvement is the strategic priority. The analysis 

also considers the limitations of Deep Learning-enabled service delivery and identifies other 

contextual factors that contribute to, or detract from, Customer Experience improvement. 

Customer Experience has become the guiding principle of many organizations, especially 

those delivering digital services, including Data Centers and Cloud Service Providers. For these 

organizations, the ability to Deliver Service Keeping Customer Experience in Perspective has an 

important impact on Customer Experience. However, delivering Customer Experience-enhanced 

Cloud Services remains difficult, leading to limited applied strategies and low commercial use. 

CX improvement throughout the Data Center Service architecture rarely deploys CX 

enhancement within the Customers-facing sub-systems, even though Customer Experience can 

be improved when organizations “Deliver Everything Keeping Customer Experience in Focus.” 

Applied Deep Learning analysis shortcut the process of detecting hard-to-identify underlying 

events impacting Customer Experience. 
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Fig 6: Global data center power required to serve projected computing demand (GW) 

12.2. Comparative Analyses of CX Gains 

For the case in which lead time alone is enhanced and the TCP setting represents the 

benchmarking context, the estimated average gain in customer experience is +5.22% across all 

data center deployments. These results clearly demonstrate that incorporating lead time as an 

additional signal to customers has a positive impact on their experience. Nevertheless, they also 

suggest that this improvement is insufficient when compared to the scenario in which the 

resolution time for a failing service is improved. 

Determining whether a customer service experience meets the desired standards 

constitutes a significant challenge in one-to-one marketing. A service experience is said to be 

satisfactory, and therefore attractive, if the corresponding customer response—such as a 

purchase, support request, or product rating—falls within a specific predefined response interval. 

The identification of an attractiveness zone is a description of the task feedback for training the 

model. The attractiveness zones, together with the triggering conditioning of the explanation, 

serve to define the task responses of the experience. According to a well-known expression of 

the American author Mary Kay Ash, 'People can be divided in three categories: those who are a 

party for us, those who are a party against us and those who are indifferent.' The same can be 

said for customer service CX models: they can either attract customers or damage the 

experience. A CX improvement occurs when a service model that is damaging to the experience 
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is transformed into an attractive one, thus creating a stronger positive impact than that generated 

by the standard neutral response of a no-change model. 

13. Results 

A systematic experimental framework has been developed to evaluate the impact of deep 

learning‐driven strategies on customer experience in large‐scale data centers. Through 

benchmarking against a realistic customer experience quantification system, a comprehensive 

and quantitative assessment of enhancements across multiple data center use cases is performed, 

highlighting not only the average improvement but also how it varies across scenarios. A 

dedicated use case establishes an end‐to‐end approach for directly observing customer 

satisfaction‐related signals correlating with instant‐resolution capabilities, guiding proactive 

resource management and demand polarization. The results provide practical guidance for 

selecting and implementing deep‐learning initiatives with a focus on improving customer 

experience, accounting for both the specific scenario and the ecosystem. 

The study’s results demonstrate the benefits of integrating customer experience 

improvement as part of the target objectives and indicators of deep‐learning model design and 

training, thereby aiding communication with business teams and supporting the formalization of 

A/B testing of customer‐related attributes. The methodology clearly indicates that, while adding 

value to customer experience monitoring systems, these deep‐learning models inevitably yield 

more data than they are consuming, implying that they must operate within a resiliency strategy 

business framework, and remain transparent and secure in a customer service delivery 

relationship. 

14. Conclusion 

Deep learning enables improved service delivery in data centers by addressing customer 

experience now and in future operations. Converging on high-value use cases and using novel, 

data-driven services provide opportunities for differentiation in an environment of 

commoditization. The exploitation of these opportunities depends on investment in digital 

service delivery. Scaling the delivery of personalized digital services to customers requires 

automated, low-latency, real-time foundation services. 

Scaling customer experience management requires systematic consideration of which 

components can be brought online to support experience management, what data signals are 
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relevant, and how these signals should be consumed by the organization, especially with respect 

to resource allocation and operational prioritization. For customer experience-centric dynamic, 

real-time services—delivered under a defined service-level agreement—A/B testing and other 

causal-inference techniques to assess the impact of smaller-scale changes are often available and 

desirable. However, when changes in the real world are likely to be large and driven by 

uncontrolled factors, identification of the customer-experience impact of those actions using 

advanced causal-inference techniques is necessary. 
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