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Abstract

In an era of rapid digital transformation, customer experience man-
agement (CXM) has emerged as a critical factor in building lasting rela-
tionships between businesses and consumers. Artificial Intelligence (AI)
is reshaping this landscape, offering new opportunities for automating
interactions, personalizing customer service, and enhancing overall sat-
isfaction. This study examines the impact of Al-driven automation in
CXM platforms, specifically within the context of Saudi Arabian busi-
nesses. By employing tools such as chatbots, recommendation engines,
and sentiment analysis, we analyze how Al can streamline response
times, align service offerings with individual preferences, and elevate
customer satisfaction. The experimental results reveal that Al-driven
solutions significantly improve key CXM metrics. The treatment group,
utilizing Al-based tools, experienced a 48% reduction in response times
and a 28% increase in customer satisfaction scores compared to tradi-
tional service methods. Additionally, the Al-powered recommendation
engine achieved higher personalization scores, reflecting its ability to tai-
lor interactions to customer needs. These findings underscore the value
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of integrating Al into CXM strategies, especially in a market as dynamic
as Saudi Arabia. This study contributes to the broader understanding
of AT’s role in enhancing customer experience and offers insights for
organizations aiming to adopt Al-driven CXM solutions effectively.

Keywords: Artificial Intelligence, Customer Experience Management (CXM),
Al-driven Automation, Personalization, Customer Satisfaction, Recommenda-
tion Engines, Sentiment Analysis

1 Introduction

Artificial Intelligence (AI) has become a powerful driver of change across di-
verse sectors, demonstrating its potential to reshape traditional approaches.
Recent studies reveal Al’s effectiveness in strengthening social media strate-
gies |Alzu’bi et al.| [2019], fostering sustainable practices for environmental
stewardship |AlZu’bi et al. [2019], enhancing efficiency in agriculture |Jarar-
weh et al.| [2023], and revolutionizing healthcare |AlZu’bi et al.| [2022]. These
advancements highlight Al’s capacity to bring new efficiencies and innovation
to established fields, setting the stage for further exploration of its applica-
tions. In line with these developments, Al-driven solutions are increasingly
being applied to customer experience management (CXM), where the need for
personalized, efficient, and responsive service has become crucial.

Customer experience management (CXM) has gained significant attention
across industries due to its role in fostering strong, loyal customer relation-
ships. With rapidly advancing digital technologies, organizations increasingly
prioritize innovative solutions to streamline customer interactions and deliver
personalized experiences |Smith and Lee [2022]. In recent years, artificial intel-
ligence (Al) has emerged as a transformative tool within CXM, enabling au-
tomated solutions that elevate customer engagement, streamline service pro-
cesses, and adapt interactions to individual preferences. For Saudi Arabian
businesses, which operate in a highly competitive market and serve a diverse
consumer base, the integration of Al-driven automation in CXM is especially
promising Ahmed and Khalid |2023|. Al technologies like natural language
processing (NLP) and machine learning have proven effective in analyzing vast
amounts of customer data and in dynamically personalizing interactions, which
is essential to meet Saudi consumers’ increasing expectations for real-time,
high-quality digital experiences Jones and Wang| [2022].

Despite the potential benefits of Al for customer experience, CXM systems
in Saudi Arabia often face challenges that limit their effectiveness. Current
CXM platforms frequently struggle to address the high demand for personal-
ization and real-time service delivery, leading to gaps in customer satisfaction
and engagement Chen and Alkhudair| [2023]. Traditional methods lack the
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scalability and flexibility required to adapt to customers’ evolving needs, espe-
cially in a digital economy where expectations are shifting rapidly. Al-driven
automation presents an opportunity to address these gaps by offering scal-
able solutions that enhance responsiveness and customization Williams and
Rodriguez| [2023]. However, integrating Al into CXM for Saudi businesses
introduces unique challenges related to language, cultural nuances, and regu-
latory constraints, which necessitates a tailored approach to implementation.

The primary objective of this paper is to explore the role of Al-driven
automation in advancing customer experience management within the Saudi
Arabian market. Specifically, this study seeks to examine how Al can enhance
customer interactions, tailor services to individual preferences, and improve
overall customer satisfaction. By investigating these aspects, the paper aims
to contribute to a deeper understanding of how AI can be utilized in Saudi
CXM systems to address current limitations and better align with consumer
expectations [Patel and Al-Qahtani [2022].

This paper provides a comprehensive analysis of Al’s role in key compo-
nents of CXM, including customer service automation, personalized experience
creation, and real-time feedback processing. The scope of this study focuses
on Saudi Arabia’s market, highlighting the practical applications of Al-driven
automation and the impact of this technology on consumer engagement. By
offering insights into the effectiveness of Al in enhancing CXM, this paper
contributes to the broader field of Al applications in customer management
and offers recommendations for future research and industry adoption in Saudi
Arabia and similar markets Martinez and Singh| [2023].

2 Literature Review

AT has revolutionized customer experience management (CXM), bringing new
dimensions to the ways organizations interact with and understand their cus-
tomers. Globally, Al-driven CXM solutions are being adopted to address cus-
tomer expectations for real-time responsiveness and personalized interactions
Smith and Lee [2022]. These AI capabilities have reshaped traditional cus-
tomer service models by enabling automated interactions that mimic human
conversation and respond to customer needs almost instantly.

In the Middle East, particularly in Saudi Arabia, there has been an in-
creased interest in implementing Al technologies in CXM to meet the needs
of a rapidly evolving digital economy |Ahmed and Khalid| [2023]. Studies have
shown that Al tools, such as chatbots and virtual assistants, are instrumen-
tal in transforming the customer experience landscape, improving engagement
and satisfaction levels |Jones and Wang| [2022]. These advancements highlight
a shift towards customer-centric business models that are powered by Al to
achieve seamless, tailored experiences across various customer touchpoints.
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2.1 Research and Developments in the Saudi Arabian
Market

The Saudi Arabian market offers a distinctive context for customer experience
management (CXM), where initiatives such as Vision 2030 catalyze digital
transformation efforts aimed at advancing customer-centric services. This en-
vironment, driven by high digital penetration and a diverse cultural landscape,
presents unique demands, especially in accommodating regional Arabic dialects
in Al-powered systems, ensuring compliance with stringent data privacy reg-
ulations, and fostering culturally tailored customer interactions |Alharbi and
Ahmad| [2020], Alamri and Alotaibi| [2019]. Key industries, including finance,
telecommunications, and public services, are investing in Al-driven CXM so-
lutions to streamline customer interactions and enhance satisfaction, aligning
with the strategic goals of operational efficiency and technological integration
Algahtani and Mohamed, [2021], of Saudi Arabial [2020]. These advancements
underscore the growing importance of Al in transforming the customer journey
within the Saudi market.

A variety of Al technologies are now central to advancing CXM, with
natural language processing (NLP), machine learning, and sentiment analy-
sis among the most influential. NLP, in particular, enables systems to com-
prehend and process customer inquiries effectively, which facilitates faster re-
sponse times and better service accuracy (Gonzalez and Ali [2022]. Machine
learning algorithms allow CXM systems to adapt to changing customer pref-
erences, making them invaluable for delivering relevant, personalized recom-
mendations Nguyen and Patel [2023].

Sentiment analysis tools, on the other hand, empower businesses to assess
customer emotions from written feedback or social media interactions, offering
a deeper understanding of customer satisfaction and areas for improvement
Cheng and Roberts [2023]. In Saudi Arabia, these technologies are being
increasingly integrated within digital platforms, where they are helping busi-
nesses to enhance their customer relations by providing personalized, mean-
ingful engagements that build long-term loyalty Ahmed and Khalid| [2023].
Collectively, these Al technologies facilitate CXM systems in offering more
contextual and responsive customer support that aligns with the expectations
of a modern, tech-savvy consumer base.

Despite the promising capabilities of Al in CXM, several challenges hinder
widespread adoption and effectiveness, especially within the context of Saudi
Arabia. A significant hurdle lies in adapting AI models to understand and
process Arabic language variations accurately, which remains a complex task
for NLP technologies |Alharbi and Mansour [2022]. Furthermore, cultural nu-
ances in customer interaction expectations can make it challenging to deploy
standardized Al solutions that align with local preferences and communication
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styles [Hassan and Zain| [2023].

Privacy and data security also emerge as major concerns, as customers
increasingly seek assurances that their personal data will be safeguarded during
Al-driven interactions Saeed and Zhang [2023]. Addressing these challenges
requires CXM systems in Saudi Arabia to adopt culturally and linguistically
aware Al solutions that respect privacy regulations while ensuring high-quality
customer engagement. These gaps underscore the need for further research and
development to optimize Al technologies for regional markets and their unique
customer experience requirements.

3 Methodology

This study is focusing on the empirical evaluation of Al-driven automation
tools in customer experience management (CXM). The implemented approach
allows for statistical analysis of the effectiveness of various Al tools, providing
measurable insights into customer satisfaction, response time, and personaliza-
tion metrics. By analyzing the impact of these Al tools within Saudi Arabian
businesses, the study seeks to assess improvements in CXM and identify pat-
terns that support customer engagement and loyalty.

3.1 Data Collection

Data for this study was collected from three primary sources. The Customer
Support on Twitter dataset Kaggle [2018] provided information on interac-
tion types and response times across various sectors, including retail, finance,
telecommunications, technology, and government services agencies. Addition-
ally, sentiment analysis for customer feedback was conducted using the Senti-
ment140 dataset (Go et al. [2009], which contains pre-labeled sentiment data
from Twitter interactions. This combination of datasets allowed for compre-
hensive analysis of customer satisfaction, response efficiency, and sentiment
trends in Al-driven customer experience management. The dataset, summa-
rized in Table [I spans a period of six months, covering diverse sectors, in-
cluding retail, finance, telecommunications, and government services agencies.
Table [2| represents a sample of the dataset.

This study relies on publicly accessible datasets for its analysis; however,
future investigations could gain valuable insights by gathering primary data
directly from CXM systems within Saudi organizations. To gather specific
feedback on customer interactions with the Al-driven CXM platform, a struc-
tured post-interaction survey was developed, including questions on response
time, personalization, and overall satisfaction. This survey was administered
to participants after each interaction to capture detailed feedback on the qual-
ity of interactions and the perceived effectiveness of Al tools. For the complete
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Table 1: Summary of Collected Data

Number of | Average Response Avgrage
Sector Interactions | Time (seconds) Sentiment
Score (-1 to 1)

Retail 5,500 30 0.70
Finance 4,200 45 0.60
Telecommunications 6,300 25 0.75
Technology 3,900 40 0.65
Government Services 2,800 35 0.68

survey, please refer to the Appendix (see Appendix . Additionally, future
research could benefit from conducting in-depth surveys and interviews with
both customers and CXM professionals to further explore satisfaction levels
and the real-world impact of Al integration. Obtaining system-generated logs
from in-house CXM platforms could also allow for a more targeted analysis of
response times, interaction frequency, and engagement metrics tailored to the
Saudi market.

Table 2: Sample of Collected Dataset for Al-driven CXM Analysis.
where Teln.: Telecommunications, Gov.: Government Services, Sat.: Satisfac-
tion Score, Sent.: Sentiment Score

Customer Sector Interaction | Response | Sat. Sent.
ID Type Time (s) | (1-5) | (-1 to 1)
C101 Retail Twitter Reply 35 4 0.65
C102 Finance | Direct Message 50 3 0.40
C103 Teln. Twitter Reply 22 5 0.80
C104 Technology | Direct Message 40 4 0.60
C105 Retail Twitter Reply 28 2 -0.20
C106 Finance Twitter Reply 47 3 0.30
C107 Teln. Direct Message 25 5t 0.85
C108 Technology | Twitter Reply 36 4 0.50
C109 Retail Twitter Reply 33 4 0.75
C110 Finance | Direct Message 45 3 0.35
C111 Gov. Twitter Reply 38 4 0.68

3.2 Al Tools and Techniques

This study leverages several Al-driven tools to analyze and enhance customer
experience management (CXM) based on data from Customer Support on
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Twitter Kaggle [2018] and Sentiment140 (Go et al. [2009]. Specifically, three
key tools were employed:

3.2.1 Chatbot model

The chatbot model utilizes NLP to interpret and respond to a variety of cus-
tomer queries. By applying NLP, the chatbot can manage frequently asked
questions, provide assistance with product or service information, and guide
customers through troubleshooting processes. This automation not only re-
duces response times but also simulates natural, conversational interactions
that align with human support, improving overall engagement.

In this study, chat interactions from the Customer Support on Twitter
dataset serve as a basis for assessing the chatbot’s performance, particularly
in terms of response accuracy and query resolution speed.

3.2.2 Recommendation engine

The recommendation engine aims to enhance personalization by providing sug-
gestions tailored to individual customer preferences. Using collaborative filter-
ing techniques, the system identifies patterns in customer behavior and predicts
which products or services may be of interest based on prior interactions.
The recommendation model analyzes interaction history from the Twitter
dataset, which includes customer queries and feedback, to refine suggestions
that align with user preferences. This approach has the potential to improve
customer satisfaction by making each interaction more relevant and targeted.

3.2.3 Sentiment analysis

Sentiment analysis is employed to assess customer sentiment from textual feed-
back, with the Sentiment140 dataset. This model applies text classification al-
gorithms to detect and categorize emotions expressed in customer reviews. By
understanding customer sentiment, the model provides valuable insights into
user satisfaction and potential areas for service improvement. Future stud-
ies could enhance sentiment analysis accuracy by incorporating primary data,
such as feedback directly collected from CXM platforms within Saudi organi-
zations, enabling the system to capture sentiments specific to the local market
and cultural context.

All these Al tools enable a data-driven approach to CXM, providing action-
able insights and automation that elevate customer interactions. The integra-
tion of public datasets like Customer Support on Twitter and Sentiment140
lays the groundwork, while future research incorporating primary data col-
lection could offer more nuanced, context-sensitive insights that better serve
Saudi business needs.
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3.3 Metrics for Evaluation

To assess the effectiveness of Al-driven CXM, four key metrics were selected:

e Customer Satisfaction Score (CSS): This metric is calculated using
a Likert scale survey, where customers rate their experience on a scale of
1 to 5.

e Response Time (RT): Measured in seconds, this represents the average
time taken by Al systems to respond to customer queries.

e Personalization Index (PI): Defined by Equation |1}, this index mea-
sures the relevance of recommended items to customers’ past behaviors.

e Engagement Rate (ER): Calculated as the ratio of total interactions
to unique users, indicating user activity levels.

N
PI — Zi:l R'L ) Iz
N
Zi:l I;
where R; is the relevance score of recommendation ¢, I; is the indicator

variable for whether item ¢ was chosen by the user, and N is the total number
of recommendations.

(1)

3.4 Experimental Setup
3.4.1 Experiment Design

The experiment was conducted over a three-month period to evaluate the im-
pact of Al-driven customer experience management (CXM) tools on customer
satisfaction, response times, engagement frequency, and sentiment trends over
two groups:

e Control group:

receives customer service through traditional channels.

e Treatment group:

interacts with Al-driven CXM tools.

Both groups were observed systematically, with essential metrics recorded
following each customer interaction. Variables such as customer characteris-
tics (age, gender, prior interaction history), interaction rate, and service cate-
gory (product inquiries, account assistance) were carefully matched across the
groups to ensure a fair comparison. In the Treatment Group, the Al models
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received weekly updates, integrating recent interaction data to preserve model
accuracy and relevance.

For clarity on the experimental workflow, Algorithm [I| presents the main
steps, detailing data collection, control of variables, and analysis of key metrics.

During the experiment, key metrics from each interaction were recorded
immediately. This included the time taken to respond, customer satisfaction
ratings (obtained from a follow-up survey on a 1-5 Likert scale), sentiment
analysis outcomes, and the frequency of customer engagement. To keep the
Al models in the Treatment Group up-to-date, weekly adjustments were made,
allowing the tools to adapt to the latest interaction patterns.

At the end of the experimental period, data from both groups were com-
piled and examined to identify any statistically significant differences in cus-
tomer experience metrics. Statistical analyses, including t-tests and ANOVA,
were used to assess the effectiveness of Al-enhanced CXM tools in comparison
with traditional methods. This carefully structured experiment and the de-
tailed metric logging provided robust insights into the role of Al in improving
customer experience.
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Algorithm 1 Experimental Setup for Al-driven CXM Evaluation

1:

Input: Dataset of customer interactions (Customer Support on Twitter,
Sentiment140), Al-driven tools (chatbot, recommendation engine, senti-
ment analysis model)

Output: Comparative analysis of customer experience metrics between
control and treatment groups

Initialize two groups: Control Group and Treatment Group

Step 1: Setup Experiment

Assign traditional customer service channels to Control Group

Assign Al-driven tools (chatbot, recommendation engine, sentiment anal-
ysis) to Treatment Group

Define metrics to be measured: Response Time, Satisfaction Score, Senti-
ment Score, Engagement Frequency

Step 2: Control for Variables

9: for each participant in Control Group and Treatment Group do

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

24:
25:
26:
27:
28:
29:

30:

31:

Record customer demographics, interaction frequency, and service type
Ensure balance in demographics and service types between groups
end for
Step 3: Conduct Experiment Over 3-Month Period
for each interaction in Control Group and Treatment Group do
if participant belongs to Control Group then
Route interaction through traditional customer service channel
else
Route interaction through Al-driven tools
Update AI models weekly with new data to maintain accuracy
end if
Log metrics after each interaction:
Record Response Time in seconds
Collect Satisfaction Score from post-interaction survey (Likert scale
1-5)
Perform Sentiment Analysis on customer feedback (Sentiment140)
Track Engagement Frequency as total interactions per unique user
end for
Step 4: Aggregate and Analyze Data
Calculate average values for each metric in both groups
Apply statistical tests (e.g., t-test, ANOVA) to compare metrics between
Control Group and Treatment Group
Identify statistically significant differences in metrics to assess the impact
of Al-driven tools
Return Comparative analysis results
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3.4.2 Data Preprocessing

The data preprocessing phase was conducted in multiple stages to ensure both
data quality and uniformity, preparing the dataset for accurate analysis. Fig-
ure (1| outlines the main steps, and Algorithm [2| provides a structured overview
of the process.

[Start: Raw Dataset}

|

‘ Handle Missing Values

|

‘ Imputation: Median for Numeric, Mode for Categorical

|

‘ Detect and Treat Outliers

|

‘ IQR Capping for Response Time & Satisfaction

|

‘ Text Data Processing ’

|

‘Tokenization, Normalization, Stopword Removal

|

{End: Preprocessed Dataset Ready for Analysis}

Figure 1: Overview of Data Preprocessing Steps

3.4.3 Implementation Details

For the chatbot, an NLP model based on the transformer architecture was
deployed. The recommendation engine utilized a collaborative filtering model
with a cosine similarity-based approach to generate personalized suggestions.
Sentiment analysis was conducted using a bidirectional LSTM (Long Short-
Term Memory) network to classify customer feedback into positive, neutral,
or negative sentiments. All models were trained on a high-performance GPU
cluster, with hyperparameters tuned using grid search, as shown in Table
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Algorithm 2 Data Preprocessing Steps for CXM Analysis
1: Input: Raw dataset of customer interactions with missing values, outliers,
and unprocessed text reviews

2: Output: Preprocessed dataset ready for analysis

3: Step 1: Handle Missing Values

4: for each numerical feature do

5: Replace missing values with median of the feature

6: end for

7: for each categorical feature do

8: Replace missing values with mode of the feature

9: end for

10: Step 2: Detect and Treat Outliers

11: for each numerical feature (e.g., response time, satisfaction score) do

12: Calculate Q1, Q3, and IQR for the feature

13: Define lower and upper bounds as Q1 - 1.5 x IQR and Q3 + 1.5 X
IQR

14: Cap outliers outside these bounds at the boundary values

15: end for

16: Step 3: Process Text Data for Sentiment Analysis
17: for each text review do

18: Tokenize text into individual words
19: Convert all tokens to lowercase

20: Remove stop words from token list
21: end for

22: Return Preprocessed dataset
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where Chatbot controls the step size at each iteration, Recommendation En-
gine threshold for cosine similarity, and Sentiment Analysis is the number of
training iterationsFigure [2| illustrates the overall architecture of the Al-driven
CXM platform.

,—> Chatbot —l

Data Recommendation

Data Sources ) > X # CXM Dashboard # Feedback Loop
Preprocessing Engine
|—’ Sentiment J
Analysis

Figure 2: Architecture of the Al-driven Customer Experience Management
Platform

Table 3: Hyperparameters for AI Models

Model Hyperparameter Value
Chatbot Learning Rate 0.001
Recommendation Engine | Similarity Threshold | 0.5
Sentiment Analysis Epochs 50

4 Results and Analysis

4.1 Automation in Customer Interactions

The implementation of Al-driven automation led to substantial improvements
in response times and interaction quality. As evidenced by Table [d] the treat-
ment group, which utilized Al-powered CXM tools, experienced significantly
faster response times compared to the control group. This reduction in wait-
ing periods contributed positively to interaction quality, which was further re-
flected in higher customer satisfaction scores gathered through post-interaction
surveys. Figure |3| illustrates the response time differences and the efficiency
gains achieved through Al automation in customer interactions.
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Table 4: Comparison of Response Times between Control and Treatment

Groups
Group Average Response Time (seconds) | Improvement
Control Group 52 -
Treatment Group 27 48%

Average Response Time (seconds)

52s

20

Control Group

27s

T
Treatment Group
Group

Figure 3: Response Time Comparison between Control and Treatment Groups

4.2 Personalization

The AI recommendation engine enhanced personalization, offering tailored
suggestions aligned with individual preferences. Table |5 shows the personal-
ization index (PI) scores across different sectors, calculated based on relevance
and user engagement. The results indicate that the Al-driven CXM system
effectively identified customer interests, improving the relevance of recommen-
dations, particularly in the retail and technology sectors. Figure [4] illustrates
PI scores demonstrating that the treatment group consistently received more
relevant recommendations than the control group.

Table 5: Personalization Index (PI) Scores across Sectors

Sector Personalization Index (PI)
Retail 0.78
Finance 0.65
Telecommunications 0.72
Technology 0.80
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1.0

osl 0.78 0.80

0.65

0.6

0.4

Personalization Index (PI)

0.2

0.0

Retail Finance Telecommunications Technology
Sector

Figure 4: Personalization Index (PI) Scores across Sectors

4.3 Customer Satisfaction

Customer satisfaction scores improved significantly in the treatment group, as
evidenced by the feedback collected through post-interaction surveys. Table [§]
presents the satisfaction levels, with scores indicating higher satisfaction among
users who engaged with the Al-driven CXM system. These improvements un-
derscore the role of Al in enhancing customer satisfaction, particularly through
its ability to provide timely and relevant responses.

Table 6: Customer Satisfaction Scores between Control and Treatment Groups

Group Average Satisfaction Score | Satisfaction Increase
Control Group 3.2 -
Treatment Group 4.1 28%

4.4 Correlation Analysis of Key Metrics

To further understand the relationship between CXM metrics, a correlation
analysis was conducted between response times, customer satisfaction scores,
and personalization index values. Results showed a negative correlation be-
tween response time and satisfaction (correlation coefficient: -0.65), suggesting
that shorter response times are associated with higher satisfaction levels. Per-
sonalization index values also correlated positively with satisfaction, indicating
the impact of tailored interactions on customer experience.
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4.5 Regression Analysis of AI Impact on Customer Sat-
isfaction

A regression analysis was performed to quantify the influence of Al tools on
customer satisfaction across various sectors. The analysis revealed that Al-
driven personalization and automation were significant predictors of customer
satisfaction (p j 0.05), especially in retail and telecommunications. These
findings indicate that Al tools contribute to higher satisfaction scores, with
personalized responses showing the strongest effect.

4.6 Challenges in Saudi Arabia

The experimental analysis revealed certain challenges specific to implementing
Al-driven CXM in the Saudi market, primarily centered around cultural and
regulatory aspects. Table [7] summarizes these challenges, including language
nuances, regulatory compliance, and consumer trust in automated systems.
These challenges suggest that a tailored approach is essential for deploying
AT technologies within the Saudi context, highlighting the need for culturally
adapted Al tools and transparent data handling practices.

Table 7: Challenges in Implementing Al-driven CXM in Saudi Arabia
Challenge Description
Language Variability | Difficulty in handling dialect variations in Arabic
Privacy Regulations | Adherence to local data protection laws
Trust in Automation | Limited customer trust in Al-driven responses

4.6.1 Impact of Al on Response Times

Figure 5| illustrates the effect of Al tools on average response times, comparing
traditional customer service methods to Al-enhanced solutions. The treatment
group saw a 48% reduction in response times, indicating AI’s efficiency in
handling customer queries.

4.6.2 Impact on Customer Satisfaction

As illustrated in Figure [0, Al-driven tools helped to an increase in customer
satisfaction. The treatment group with Al automation, got a 28% rise in
satisfaction scores, highlighting the value of AI for customer engagement.
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Average Response Times Before and After Al Implementation
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Figure 5: Average Response Times Before and After AI Implementation

Comparison of Customer Satisfaction Scores Before and After Al Integration
92%

@ @
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Customer Satisfaction Score (%)
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Service Type

Figure 6: Comparison of Customer Satisfaction Scores Before and After Al
Integration

4.6.3 Enhanced Personalization through Al

Figure [7] illustrates the improvement in personalization scores after applying
AT to align with each preferences in all sectors. This results explains how the
proposed Al tools can better meet diverse customer needs.

4.7 Discussion

For insights and interpretation, the experimental results highlight AT’s poten-
tial to enhance CXM through faster response times, greater personalization,
and improved customer satisfaction. These findings suggest that, by address-
ing existing CXM limitations, Al tools can align customer service experiences
more closely with customer expectations in Saudi Arabia. The significant re-
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Personalization Index Comparison Before and After Al Implementation
88%

80

65%

60

40

Personalization Index Score (%)

Before Al After Al
Service Type

Figure 7: Personalization Index Comparison Before and After Al Implemen-
tation

ductions in response time and increases in satisfaction scores underscore Al’s
role in meeting the demands of a modern, digital consumer base.

Compared to traditional CXM approaches, the Al-driven system demon-
strated clear advantages in responsiveness and personalization. Table [8| con-
trasts the experimental outcomes with conventional CXM methods, showing
improvements in efficiency and engagement metrics. This comparison illus-
trates how Al can add value by optimizing service interactions and supporting
proactive engagement strategies.

Table 8: Comparison of Al-driven and Traditional CXM Approaches

Metric Traditional CXM | Al-driven CXM
Response Time (s) 52 27
Satisfaction Score 3.2 4.1

Personalization Index 0.6 0.78

The study encountered challenges related to adapting AT models for Ara-
bic language processing and dealing with customer perceptions of automation.
The AI models required additional customization to handle Arabic dialects
accurately, and some customers expressed hesitancy about engaging with au-
tomated responses. Additionally, while the study utilized publicly available
datasets, gathering primary data in future research could yield even more
context-specific insights.

The correlation and regression analyses provide further insights into Al’s
role in enhancing CXM. The negative correlation between response time and
satisfaction highlights the critical importance of prompt service in maintain-
ing customer satisfaction. Additionally, the positive correlation between per-
sonalization and satisfaction underscores the value of customized interactions.



114 Ehsan Doughman et al.

These insights suggest that Saudi businesses can benefit from focusing on rapid,
personalized responses as core strategies in their CXM efforts.

These challenges, along with potential biases from using secondary data,
represent limitations of the current study. Future work should explore direct
customer surveys and in-depth qualitative analysis to better capture the unique
requirements of the Saudi market in Al-driven CXM.

5 Conclusion

This study explored the impact of Al-driven automation on customer experi-
ence management (CXM) within the Saudi Arabian context, focusing on the
enhancements in customer interactions, response times, personalization, and
satisfaction levels. Findings reveal that Al tools significantly improve CXM
by streamlining response times, enhancing personalization, and elevating cus-
tomer satisfaction. The comparison between traditional and Al-powered CXM
methods demonstrated that Al solutions provide notable benefits, especially
in terms of efficiency and customer engagement. The empirical results high-
light AI’s role in addressing common CXM challenges and enabling a more
responsive, personalized service experience.

For Saudi businesses, integrating Al-driven CXM solutions holds substan-
tial potential to transform customer interactions and meet evolving market ex-
pectations. The observed improvements in response speed, satisfaction scores,
and personalization index suggest that Al can be a vital asset in providing
high-quality, responsive service that resonates with a diverse and tech-savvy
consumer base. Adopting these Al technologies could also empower businesses
to manage a high volume of customer inquiries efficiently, supporting both cus-
tomer retention and loyalty. By tailoring CXM strategies to Saudi consumers’
preferences, Al solutions can strengthen customer relationships and foster a
competitive edge in the rapidly digitalizing Saudi market.

While the study provides valuable insights, certain limitations must be ac-
knowledged. The reliance on publicly available datasets may not fully capture
specific CXM dynamics unique to the Saudi market. Additionally, challenges
such as handling Arabic dialect variations and addressing customer hesitancy
toward Al interactions suggest that further adaptation of AI models is nec-
essary. Future research could benefit from collecting primary data, such as
direct feedback from Saudi customers and CXM professionals, to enhance the
cultural and linguistic relevance of Al tools. Moreover, exploring advanced
personalization techniques could offer deeper insights into Al’s role in crafting
highly individualized customer experiences, thereby maximizing satisfaction
and engagement. Further studies might also examine long-term customer re-
sponses to Al-driven CXM to assess sustained impacts and refine strategies
for continuous improvement.
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This study provides practical insights into the adoption of Al-driven CXM
within Saudi Arabia, offering a framework that aligns with local market needs
and customer preferences. By applying Al-based tools, Saudi businesses can
enhance response times, personalization, and customer satisfaction, which are
increasingly valued in a digital-first market. These findings support local busi-
nesses in aligning their CXM strategies with Vision 2030’s emphasis on in-
novation and customer-centricity, contributing to a competitive and digitally
adept Saudi marketplace.
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APPENDIX - A

Post-Interaction Customer Experience Survey

Thank you for your time! Please help us improve our service by providing feedback
on your recent interaction.

Section 1: General Experience

1. How would you rate your overall experience with our customer service today?

1 (Very Dissatisfied)
2 (Dissatisfied)

3 (Neutral)

4 (Satisfied)

5 (Very Satisfied)

2. How satisfied are you with the time taken to address your query?

() 1 (Very Dissatisfied)
() 2 (Dissatisfied)
e () 3 (Neutral)
(1) 4 (Satisfied)
() 5 (Very Satisfied)

Section 2: Interaction Quality

3. How would you rate the quality of assistance you received?

(Very Poor)
(Poor)
(
(

Average)
Good)
5 (Excellent)

W

. Did you feel that the responses were personalized to your needs?

()1 (Not at All)

() 2 (Somewhat Personalized)
e () 3 (Neutral)

() 4 (Mostly Personalized)

() 5 (Completely Personalized)
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Section 3: Satisfaction with Al-driven Features

5. How easy was it to communicate with our Al-driven chatbot?

(Very Difficult)
(Difficult)
(Neutral)
(Easy)

(Very Easy)

()1
()2
()3
()4
()5

6. To what extent did the recommendations meet your expectations?

()1 (Not at All)
() 2 (Partially Met)
e () 3 (Neutral)
() 4 (Mostly Met)
() 5 (Completely Met)

Section 4: Open-ended Feedback

7. What did you like most about your experience today?

8. What could we improve to serve you better?

Section 5: Consent and Demographics

9. Would you be open to participating in further feedback sessions?

e () Yes
e () No

10. Your Age Group:

Under 18

)
)
)26 35
)
)

(
(
* (
(
(
(

) Above 60

11. Any additional comments or suggestions:
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