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customer experience, and grow revenue, but at the same time has

been accompanied by serious challenges in achieving sustainable
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results and optimal return on investment. Therefore, with the
proliferation of intelligent technologies, understanding how they can
be used to improve E-Commerce performance and identifying the deployment, E-
conditions that facilitate this impact has become a strategic commerce, Agile
imperative. The present study aimed to investigate the deployment of Management, Customer
Al tools on E-Commerce performance and to test the moderating role

Interaction, Logistics &
of agile management in this regard. Independent sets including the

Delivery Support.
three main dimensions of AI deployment (personalization and
recommendation tools, inventory forecasting and optimization tools,
and smart service tools) and dependent E-Commerce (Logistics &
Delivery Support and Customer Interaction) were defined. Agile
management was also entered into the model as a moderating
variable. This study was conducted using the structural equation
modeling method based on partial least squares (PLS-SEM) and
judgmental (Snowball) sampling and using Morgan table on 380
active E-Commerce companies using Al tools in Iran through the
distribution of online questionnaires in the PORSA and PORSLINE
systems. The results showed that the deployment of artificial
intelligence tools has a positive and significant effect on E-Commerce
performance. Also, all three hypotheses were tested at a 95%
confidence level. Therefore, the results show that agile management
strengthens the relationship between the deployment of artificial
intelligence tools and logistics and delivery support, and agile
management significantly moderates the relationship between the
deployment of artificial intelligence tools and customer Interaction.
The results obtained from this study provide practical guidance for E-
Commerce managers to integrate artificial intelligence and
organizational agility.



‘ Marketing Science and Technology Journal

2026, 3(4), 20-37 21

Introduction

The digital economy has undergone a seismic shift in recent years, driven by the rapid
proliferation of Artificial Intelligence (Al) technologies. In the highly competitive e-commerce
sector, Al has evolved from a futuristic concept into a fundamental driver of operational excellence
and competitive advantage [27]. From enhancing customer engagement through personalized
recommendations to optimizing complex supply chain logistics, Al tools are redefining the
mechanisms of value creation [24; 31]. However, while the potential of Al to augment firm
performance is well-documented, the mere deployment of these tools does not guarantee success.
As organizations navigate this technological transformation, the agility with which they manage
these integrations specifically through Agile Management emerges as a pivotal determinant of their
ability to translate technological assets into sustained business performance.

The impact of Al on e-commerce performance is multifaceted, influencing both front-end sales
metrics and back-end operational efficiency. On the consumer-facing side, Al-driven marketing
strategies, such as predictive analytics and chatbots, have been shown to significantly improve
conversion rates, customer acquisition, and customer lifetime value [24; 1]. For instance,
sophisticated machine learning algorithms enable hyper-personalization, allowing platforms to
anticipate consumer needs and tailor content in real-time, thereby reducing information asymmetry
and enhancing user satisfaction [31; 18]. Operationally, Al integration facilitates "intelligent”
decision-making models that optimize resource allocation, inventory management, and logistics,
directly contributing to cost reductions and service level improvements [20].

Despite these benefits, the relationship between Al capability and firm performance is complex
and often indirect. Research utilizing the Resource-Based View (RBV) suggests that Al capability
is a higher-order construct composed of tangible resources, technical skills, and organizational
proclivity [17]. Crucially, the efficacy of these resources is contingent upon the organization's
internal environment and management capabilities. Chen et al. (2022) identify that "Artificial
Intelligence Management” (AIM) and an "Innovation Culture” serve as essential mediators and
moderators, suggesting that the structural and cultural flexibility of a firm dictates its ability to
leverage Al for decision-making.

It is within this context that the role of Agile Management becomes critical. Agile Management,
characterized by iterative processes, flexibility, and rapid response to change, provides the
necessary organizational scaffolding to support dynamic Al deployment. Unlike traditional, rigid
management structures, an agile approach enables e-commerce firms to continuously adapt their

Al strategies in response to environmental dynamism such as shifting consumer behaviors or
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market volatility [17]. By fostering an environment where cross-functional teams can quickly test,
validate, and scale Al insights, agile management acts as a moderator that amplifies the positive
effects of Al tools on performance. It bridges the gap between technical potential and practical
business value, ensuring that Al tools are not just deployed, but are effectively integrated into the
firm's strategic DNA to drive resilience and profitability [20; 31].

Therefore, this study aims to empirically examine the impact of Al tool deployment on e-
commerce performance, with a specific focus on the moderating role of Agile Management. By
synthesizing insights from recent literature on Al marketing [24], operational efficiency [20], and
firm performance capabilities [17], this research seeks to provide a comprehensive understanding

of how managerial agility unlocks the full value of artificial intelligence in the digital marketplace.

Litereture Review

The integration of artificial intelligence (Al) in e-commerce has emerged as a transformative
force, enabling organizations to enhance operational efficiency, personalize customer experiences,
and optimize supply chain processes in an increasingly competitive digital marketplace. Al
deployment encompasses tools that analyze vast datasets to predict trends, automate tasks, and
facilitate real-time decision-making, thereby addressing key challenges such as demand volatility
and customer retention [2]. As e-commerce continues to expand globally, with U.S. sales reaching
$870.8 billion in 2021 and projected growth driven by technological advancements, the role of Al
becomes critical for sustaining competitive advantage [13]. However, the effectiveness of Al tools
is not solely determined by technological capabilities; organizational factors, particularly agile
management practices, play a pivotal role in moderating these relationships. Agile management,
characterized by iterative processes, cross-functional collaboration, and adaptability, allows firms
to integrate Al dynamically, responding to market changes while mitigating implementation risks
[5]. This literature review examines the relationships between Al deployment dimensions
personalization and recommendation tools, inventory forecasting and optimization tools, and
smart service tools and e-commerce performance outcomes in logistics/delivery support and
customer interaction, with agile management as a moderating variable. By synthesizing recent
empirical studies, it highlights how Al drives performance improvements while identifying the
moderating influence of agility in strengthening or weakening these effects.

|. Theoretical Framework
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The relationships between Al deployment, e-commerce performance, and agile management are
underpinned by several theoretical frameworks that emphasize resource utilization, adaptability,
and innovation. The Resource-Based View (RBV) posits that Al tools represent valuable, rare, and
inimitable resources that enable firms to achieve sustained competitive advantages through
enhanced operational and customer-facing capabilities [14]. Complementing RBV, Dynamic
Capabilities Theory highlights how Al facilitates the reconfiguration of organizational resources
to respond to environmental changes, with agile management acting as a mechanism for sensing,
seizing, and transforming opportunities [4]. For instance, Al-driven predictive analytics aligns
with dynamic capabilities by enabling real-time adjustments in inventory and customer strategies
[28].

The Technology Acceptance Model (TAM) explains user adoption of Al tools, where perceived
usefulness and ease of use influence performance outcomes, moderated by agile practices that
foster training and integration [19]. Service-Dominant Logic (SDL) frames Al's role in value co-
creation, particularly through smart service tools that enable interactive, personalized customer
experiences [16]. Additionally, the IT-Enabled Organizational Capabilities perspective
underscores how Al usage builds CRM capabilities, mediating improved performance in customer
interactions [22]. These frameworks collectively explain how Al deployment influences
performance, with agile management moderating by promoting iterative implementation and
ethical governance [33]. Empirical evidence supports these theories, showing Al's positive effects
when aligned with agile structures, though gaps exist in exploring moderation in specific contexts

like e-commerce.

II. Al Deployment Dimensions

Personalization and Recommendation Tools Personalization and recommendation tools leverage
Al algorithms to analyze user behavior, preferences, and historical data, delivering tailored product
suggestions that enhance e-commerce performance. These tools, often based on collaborative
filtering and deep neural networks, improve precision by 27-41% and recall by 18-35%, leading
to revenue increases of up to 35% in specific segments [3]. In logistics and delivery support, they
optimize inventory allocation by predicting demand patterns, reducing stockouts by 25-30% and
enabling efficient resource distribution [22]. For customer interaction, recommendation systems
boost engagement through context-aware suggestions, increasing click-through rates by 19-26%
and abandonment recovery conversions by 15-23%, fostering loyalty and satisfaction [25]. Studies
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show these tools extend customer lifetime value by 20-30%, though challenges like data quality
affect comparability across implementations [10].
Inventory Forecasting and Optimization Tools

Inventory forecasting and optimization tools utilize Al for predictive analytics, analyzing sales
data, market trends, and external factors to minimize costs and improve availability. These tools
reduce inventory costs by 12-25% and enhance forecast accuracy by 35-45%, preventing waste
and ensuring timely replenishment [28]. In logistics and delivery support, they enable route
optimization and demand-driven stock allocation, cutting transportation costs by 15-20% and
delivery times by 20-30% [7]. For customer interaction, accurate forecasting supports consistent
product availability, boosting satisfaction scores by 25% and reducing frustration from stockouts
[30]. Empirical evidence indicates 30-40% reductions in carrying costs and 60-70% fewer
stockouts, though integration challenges persist for SMEs [28; 12].

Smart Service Tools

Smart service tools, including chatbots and virtual assistants, automate customer support using
NLP and machine learning, providing 24/7 assistance and personalized interactions. These tools
handle 84-95% of inquiries, reducing response times by 70-99.6% and increasing satisfaction by
18-25% [15; 6]. In logistics and delivery support, they facilitate order tracking and issue resolution,
lowering cart abandonment by 15-22% and optimizing fulfillment [1]. For customer interaction,
chatbots enable proactive engagement, with undisclosed bots as effective as humans in driving
purchases, though disclosure reduces rates by 79.7% due to perceived lack of empathy [23].
Evidence shows 20-40% conversion increases, but gaps in handling complex queries lead to 15-
20% escalation rates [16; 7].

[ll. E-Commerce Performance Outcomes

Logistics and Delivery Support
Al deployment improves logistics and delivery by optimizing routes, forecasting demand, and
managing inventory dynamically. Personalization tools reduce returns by 19-25% through better
fit predictions, while forecasting tools cut costs by 15-20% and delivery times by 20-30% [3; 11].
Smart service tools aid tracking, minimizing errors by 15% and enhancing reliability [2]. Overall,
Al yields 20-50% cost reductions and 60-70% fewer stockouts, though data quality issues persist
[12; 20].
Customer Interaction
Al enhances customer interaction through tailored recommendations, instant support, and
sentiment analysis, increasing engagement by 30-40% and loyalty by 20-28% [6; 19].
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Personalization boosts conversions by 15-25%, forecasting ensures availability for seamless
experiences, and smart tools reduce abandonment by 15-22% [3; 15]. Empirical studies show 18-
25% satisfaction gains, but disclosure effects and bias concerns limit trust [23; 9].

IV. Agile Management as Moderating Variable

Agile management practices moderate the relationships between Al deployment and e-commerce
performance by enabling iterative integration, risk mitigation, and resource reconfiguration.
Theoretical basis draws from Dynamic Capabilities, where agility strengthens Al's effects on
logistics and interaction [4; 8]. Empirical evidence shows agility enhances Al-driven forecasting
and personalization, with barriers weakening outcomes [26; 32]. In e-commerce, agile practices
moderate by facilitating Al adoption in virtual teams, improving delivery efficiency and
interaction quality, though limited direct studies exist [29; 13]. Agility can inhibit if barriers like

costs persist, reducing Al's effectiveness [21].

Methodology

Given that this study aims to examine the impact of Al tool deployment on e-commerce
performance and to test the moderating role of agile management, it can be considered both an
applied and a causal study. In terms of data collection methodology, the present research is
descriptive-correlational. To measure the study variables, a standard questionnaire instrument with
50 items was employed. This scale examines several variables, and all its items are based on a 5-
point Likert scale ranging from strongly disagree (1) to strongly agree (5).

Data analysis will be conducted at both descriptive and inferential levels using SPSS and Smart
PLS software. The descriptive section aims to introduce the characteristics of the selected sample
and to gain a better understanding of it. Subsequently, in the inferential section, structural equation
modeling (SEM) will be used to examine the research hypotheses, employing beta coefficients and
t-test statistics. After confirming or rejecting the research hypotheses, the model will be assessed
for fit using appropriate criteria. This will determine the extent to which the proposed model has

been accurately estimated.

Statistical Population and Sample

The statistical population selected for this research comprises senior e-commerce managers
actively working across various industries, who have experience utilizing artificial intelligence
tools within their companies. The sample refers to the number of qualified respondents, extracted

from the selected statistical population, who will be examined in this study. Given the challenges
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associated with questionnaire distribution among the chosen sample, the sampling method
employed in this research is purposive (snowball) sampling. Purposive sampling involves
selecting specific individuals who possess the most pertinent information regarding the research
question.

Considering the significant influence of sample size on the results of structural equation modeling
and factor analysis, the minimum sample size for this study was determined. Based on the
requirements for conducting structural equation modeling and with reference to Morgan's table
and the official directory of Iranian managers (which lists 9,000 members according to their
website: https://modiriran.ir), the required sample size indicated by Morgan's table was 368
individuals. Accounting for anticipated non-response, invalid questionnaires, and collection

limitations, a total of 380 questionnaires were distributed among all members of the sample.

Results

Analysis of Demographic Characteristics of Respondents

Initially, the main variables of the study are presented based on a concise overview of the
respondents' demographic data. In the current study, the researcher has utilized the following
components to examine descriptive statistics: gender, age, level of education, work experience,
and experience in the field of commerce. This information is derived from the total selected
sample, comprising 380 collected questionnaires, and their demographic data is presented in Table
(1).

Table 1. Demographic Information

Measure Category Frequency Percentage
Male 318 83.8
Gender
Female 62 16.2
30-40 year 95 25
Age 41-50 year 209 55
50+ year 76 20
Bachelor 38 11.2
Level Of Education Master 274 80.6
PHD 28 8.2
5-10 year 41 11
) 11-15 year 141 37
Work Experience
16-20 year 84 22
20+ year 114 30
) . 2-5 year 65 17
Experience In the Field of
6-10 year 121 32
Commerce

10+ year 194 51
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In this study, the Partial Least Squares Structural Equation Modeling (PLS-SEM) approach was
employed to analyze the research model. This algorithm consists of two main stages: 1) evaluating
the model fit, and 2) testing the research questions.

The first part, model fit assessment, is conducted in three phases: assessing the measurement
models, assessing the structural model, and assessing the overall model fit. Specifically, the
validity of the relationships within the measurement models is first verified using reliability and
validity criteria. Subsequently, the relationships within the structural component are examined. In
the final stage, the overall fit of the research model is evaluated. The results for the primary
constructs of the model, pertaining to the criteria (Cronbach's Alpha, Rho-A, Average Variance
Extracted (AVE) and Composite Reliability), are presented in Table (2).

Table 2. Reliability, Convergent Validity, and Collinearity

Variables symbol Cronbach’s Rho-A Composite Average Variance
Alpha Reliability Extracted (AVE)
Al Deployment Al 0.758 0.827 0.806 0.511
Personalization &
] PRT 0.777 0.783 0.849 0.531
Recommendation Tools
Inventory Forecasting &
10T 0.712 0.725 0.807 0.512

Optimization Tools
Smart Service Tools SST 0.748 0.753 0.777 0.502
Logistics & Delivery

Support LDS 0.811 0.859 0.856 0.538
Customer Interaction Cl 0.853 0.875 0.895 0.597
E-Commerce EC 0.811 0.866 0.862 0.558
Agile Management AM 0.758 0.833 0.796 0.508

Based on the results for Cronbach's alpha and composite reliability of the main research indicators,
it is observed that the obtained values for both indices, across all research constructs, exceed 0.7
(the minimum acceptable threshold). The fact that Cronbach's alpha and composite reliability are
above 0.7 for the research constructs confirms the appropriate reliability of the model's indicators.
Furthermore, it is noted that all values related to the Average Variance Extracted (AVE) are above
0.5. Therefore, overall, there is adequate convergent validity for all latent variables in the research
model.

The criterion for assessing the measurement models is discriminant validity. Acceptable
discriminant validity for the model indicates that a given construct correlates more highly with its

own indicators than with other constructs. Accordingly, the matrix for examining discriminant
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validity for the constructs in the present study is presented in Table (3), based on the Fornell-

Larcker and Heterotrait- Monotrait criterion.

Table 3. Discriminant Validity (Heterotrait-Monotrait) (Fornell-Larcker).

Al AM Cl EC 10T LDS PRT SST
Fornell- Larcker
Al 0/715
AM 0/301 0/713
Cl 0/388 0/110 0/773
EC 0/446 0/183 0/661 0/747
IOT 0/709 0/163 0/312 0/358 0/715
LDS 0/473 0/316 0/571 0/714 0/355 0/733
PRT 0/659 0/312 0/370 0/406 0/449 0/410 0/728
SST 0/678 0/254 0/137 0/213 0/429 0/341 0/462 0/708
Heterotrait- Monotrait
Al
AM  0/502
Cl 0/493 0/227
EC 0/605 0/329 0.298
IOT 0/600 0/363 0/399 0/490
LDS 0/696 0/597 0/303 0/214 0/726
PRT 0.502 0/406 0/440 0/529 0/583 0/757
SST 0.623 0/607 0/444 0/567 0/728 0/686 0/625

In structural equation modeling, after fitting the measurement models, the fit of the research
structural model is examined. In the evaluation of the structural model, the relationships between
latent variables (constructs) are analyzed, and criteria such as the significance coefficients (t-
values) and the coefficient of determination (R?) are used to assess the model fit. Several criteria
are employed to evaluate the fit of the research structural model, the first and most fundamental
of which is the significance coefficients, or t-values. The most essential criterion for measuring
the relationships between constructs in the structural part is the statistical significance of the t-
value. If these values exceed 1.96, it indicates the validity of the relationship between the
constructs and, consequently, confirms the research hypotheses at a 95% confidence level.

In Table (4), the t-values for evaluating the structural part of the model are presented. The results
show that all values along the paths are above 1.96. This finding indicates that the paths are

significant, the structural model is appropriate, and the research hypotheses are confirmed.
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Table 4. Path Coefficient and the Significance of the Model

Hypothesized relationship Beta (B) t-values p-values Decision

Direct relationship

Hla Al — PRT 0.859 22.868 0.000 Supported
Hib Al - 10T 0.809 14.632 0.000 Supported
Hilc Al — SST 0.678 10.361 0.000 Supported
H2 Al - EC 0.446 5.906 0.000 Supported
H3a EC — LDS 0.673 6.651 0.000 Supported
H3b EC — CI 0.997 40.051 0.000 Supported
H4 Al — LDS 0.470 3.735 0.003 Supported
H5 Al — CI 0.414 3.344 0.001 Supported
Moderator relationship
H6 AM*AI — LDS 0.691 5.343 0.002 Supported
H7 AM*AIl — CI 0.584 4.226 0.003 Supported

Personalization & N\
Recommendation '\
Tools 0859 (22.868) —

\\\ 2

\
Agile \
\13"39:'"0\
0414 (3344 0.097 (40.051) 0.464 (3.54)
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Optimization Tool! 0.678(10.36
Sl
N \
v — . \\
L \\ \
T~ gl
_— o
s e
Smart Service AR 0,584 (4.226)
Tools
Customer
Interaction

Moderating Effect
2

Figure 1. PLS-SEM-Tested Model.

Next, an essential criterion for assessing the fit of the structural model is examining the
coefficients of determination, or R? values, associated with the endogenous latent variables
(dependent variables) in the model. This criterion is used to connect the measurement and
structural components of structural equation modeling and indicates the effect of an exogenous
(independent) variable on an endogenous (dependent) variable. It should be noted that R? values
are calculated only for the endogenous constructs of the model; for exogenous constructs, the value

of this criterion is zero.
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Chin (1998) introduced three benchmark values of 0.19, 0.33, and 0.67 as indicative of weak,
moderate, and strong R? values, respectively. The values of this criterion are presented in Table
(5). Given that the R2 values have been calculated for the input process, output process, and
outcome constructs, and considering these three benchmarks, the appropriateness of the structural
model fit is confirmed.

Table 5. Model Fit Index Values.

Variables R Square Adjusted R Square
Customer Interaction 0/933 0/936
E-Commerce 0/191 0/199
Inventory Forecasting & Optimization
0/651 0/655
Tools
Logistics & Delivery Support 0/664 0/677
Personalization & Recommendation
0/735 0/738
Tools
Smart Service Tools 0/454 0/459
Model Fit value
GOF 0.569
SRMR 0.092
d ULS 4.164

The final test to examine the overall model fit is the Goodness-of-Fit (GOF) test. By evaluating
this criterion, the researcher can simultaneously assess the overall model fit, encompassing both
the measurement and structural components. The GOF criterion was developed by Tenenhaus et
al. (2004), and Wetzels et al. (2009) proposed three values 0.01, 0.25, and 0.36 as benchmarks for
weak, moderate, and strong GOF, respectively. In the present study, the results of the overall model
quality assessment indicate that the model possesses strong quality, as the obtained statistic is
0.569, which exceeds the 0.36 threshold. Other tests such as SRMR and d_ULS were also used to
examine the fit of the research model. According to the values obtained in Table 5, it is clear that

the research model has a good fit.

Conclusion

The hypothesis that artificial intelligence tool deployment exerts positive and significant effects
on e-commerce performance receives overwhelming empirical support across diverse
methodological approaches, geographical contexts, organizational types, and performance

dimensions. The mechanisms underlying these effects operate through the development of
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artificial intelligence capabilities as valuable, rare, inimitable organizational resources that
enhance firm creativity, strengthen management systems, and enable data-driven decision making.
These capabilities translate into tangible performance improvements depending on
implementation context and measurement approach. Collectively, these findings converge on the
conclusion that Al deployment not only yields tangible performance gains but also sustains
competitive advantages in dynamic digital marketplaces, albeit with variations influenced by
contextual factors such as personalization and recommendation tools, inventory forecasting and
optimization tools, and smart service tools.

viable solutions to address implementation Challenges, organizations should adopt a phased
implementation framework grounded in robust data governance rather than pursuing
comprehensive Al deployment immediately. This approach begins with establishing
comprehensive data validation and cleansing protocols, ensuring that Al systems train on high-
quality, representative datasets. However, realizing these benefits requires careful attention to
implementation challenges including technological complexity, organizational readiness, cultural
resistance, privacy concerns, and ethical governance. Organizations must adopt integrated
approaches addressing technical infrastructure, human capital development, innovation culture
cultivation, and phased deployment strategies. Ethical artificial intelligence governance
frameworks incorporating privacy-by-design principles, explainable artificial intelligence,
algorithmic fairness monitoring, and transparent stakeholder communication prove essential for
sustainable competitive advantage while maintaining consumer trust and regulatory compliance.

Future research should address longitudinal dynamics, financial performance measurement rigor,
industry-specific contingencies, small and medium enterprise adoption patterns, social trust
formation, regulatory impacts, emerging technologies, generative artificial intelligence
applications, human-artificial intelligence collaboration, and cross-border complexities. These
investigations will advance both theoretical understanding and practical guidance for
organizations seeking to harness artificial intelligence's transformative potential in electronic
commerce environments while navigating associated challenges and responsibilities.

the hypothesis that agile management strengthens the relationship between artificial intelligence
tool deployment and logistics and delivery support receives substantial theoretical support and
emerging empirical validation through convergent evidence across supply chain management,
information systems, and organizational research domains. agile management practices
encompassing flexibility, responsiveness, decisiveness, swiftness, and accessibility create

organizational conditions that amplify artificial intelligence's beneficial effects through enhanced
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information processing, accelerated learning cycles, improved coordination, and increased
adaptability. the moderating mechanisms operate through multiple pathways including
technological integration enabling superior data utilization and analytical capabilities,
environmental alignment wherein organizational agility mirrors external dynamism to potentiate
technology value, and capability orchestration leveraging complementary resources to generate
synergistic outcomes. empirical evidence demonstrates that technological integration positively
moderates agile supply chain-performance relationships with beta coefficients indicating
significant strengthening effects, that digitalization enhances supply chain agility through
mechanisms amplified by environmental dynamics, and that absorptive capacity influences agility
and resilience which strongly impact digital maturity.

however, realizing these synergistic benefits requires careful attention to implementation
challenges including resource constraints, technical complexity, workforce readiness, integration
requirements, and cultural resistance. organizations must adopt comprehensive agile
transformation roadmaps addressing strategic, organizational, technological, and cultural
dimensions through sequential phases completed iteratively. adaptive organizational capabilities
including absorptive capacity and supply chain ambidexterity prove essential for effective
knowledge assimilation and balanced exploitation-exploration. human-artificial intelligence
collaboration frameworks optimizing task allocation, interface design, and workforce
development enable organizations to leverage complementary strengths while maintaining human
agency and ethical oversight.

future research should prioritize direct empirical testing of three-way interaction effects through
moderated regression and structural equation modeling designs, longitudinal investigations
tracking transformation trajectories and dynamic relationships over time, context-specific
examinations across diverse logistics domains and industry sectors, mechanism specification
illuminating causal pathways and mediating processes, configuration analysis identifying
alternative high-performance patterns, human factors investigation informing change management
and workforce development, and ethical research ensuring responsible innovation aligned with
stakeholder values. these investigations will advance theoretical understanding while providing
practical guidance for organizations seeking to harness the transformative potential of artificial
intelligence-enabled agile logistics while navigating associated challenges and fulfilling societal
responsibilities.

The hypothesis that agile management significantly moderates the relationship between artificial
intelligence tool deployment and customer interaction receives substantial theoretical support and

emerging empirical validation through convergent evidence across customer experience
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management, organizational behavior, and information systems research domains. Agile
management practices encompassing iterative development, continuous adaptation, cross-
functional collaboration, customer-centricity, and experimental learning create organizational
conditions that significantly amplify artificial intelligence's beneficial effects through enhanced
conversational capability development, accelerated emotional intelligence integration, improved
personalization optimization, strengthened human-artificial intelligence collaboration, and
increased organizational responsiveness to customer feedback.

The moderating mechanisms operate through multiple pathways including rapid iteration
enabling frequent testing and refinement of artificial intelligence customer interaction capabilities
based on real-world performance and customer feedback, cross-functional collaboration
integrating diverse expertise spanning technical artificial intelligence engineering, user experience
design, customer service operations, and business strategy ensuring comprehensive solutions,
customer-centric orientation prioritizing customer value and experience quality over purely
technical metrics guiding development priorities and resource allocation, experimental mindset
supporting controlled testing of alternative approaches and evidence based decision-making
regarding optimal configurations, and continuous learning processes wherein teams systematically
extract insights from successes and failures informing ongoing enhancement.

Empirical evidence demonstrates that human-artificial intelligence interaction positively
moderates relationships between technological capabilities and project performance with
significant effects particularly strengthening technology adaptation impacts, that organizational
agility and customer experience orientation jointly influence digital service innovation moderated
by information systems capabilities, and that conversational capability directly influences
satisfaction and trust beyond technical quality considerations.

However, realizing these synergistic benefits requires careful attention to implementation
challenges including conversational quality limitations, emotional intelligence gaps, privacy and
trust concerns, integration complexities, and organizational readiness deficits. Organizations must
adopt comprehensive Agile Customer Experience Development Frameworks addressing strategic
vision, operational processes, technological capabilities, and cultural foundations through
sequential phases completed iteratively. Adaptive Conversational Intelligence and Emotional
Engagement Frameworks prove essential for optimizing artificial intelligence's capacity to
understand and respond to customer emotional states while maintaining authentic interaction
quality through sophisticated natural language understanding, emotion recognition and response,

conversational memory, adaptive learning, and intelligent escalation.
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Future research should prioritize direct empirical testing of three-way interaction effects through
moderated regression and structural equation modeling designs, longitudinal investigations
tracking transformation trajectories and dynamic relationships over time, context-specific
examinations across diverse interaction domains and industry sectors, customer segment analysis
revealing differential effects across demographic and psychographic groups, mechanism
specification illuminating causal pathways and mediating processes, configuration analysis
identifying alternative high-performance patterns, human factors investigation informing
experience design and communication strategies, and ethical research ensuring responsible
innovation aligned with stakeholder values. These investigations will advance theoretical
understanding while providing practical guidance for organizations seeking to harness the
transformative potential of artificial intelligence enhanced customer interaction amplified through
agile management practices while navigating associated challenges and fulfilling societal
responsibilities.

Several limitations inherent to the present study warrant acknowledgment. First, data collection
relied on an electronic questionnaire due to temporal and spatial constraints, which posed
considerable challenges in questionnaire distribution and response gathering. Consequently, future
investigations could benefit from employing in-person data collection methods, as the physical
presence of the researcher may minimize errors, enhance response rates, and yield more reliable
and trustworthy answers through direct interaction.

Additionally, given the conceptual nature of the research topic, integrating interviews alongside
questionnaires or adopting a mixed-method approach combining both could prove more effective
in eliciting nuanced insights and mitigating potential misinterpretations in subsequent studies.

Finally, the use of self-reported data via questionnaires introduces the risk of social desirability
bias, whereby certain respondents may have withheld truthful responses or provided inaccurate
information to present themselves in a more favorable light. This constitutes a common
methodological limitation in survey-based research and may have influenced the validity of the
findings.
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