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Abstract

The present study aims to design a digital marketing model with an emphasis on artificial intelligence in the insurance industry.
This research falls within the category of mixed-methods studies (qualitative and quantitative). The qualitative strategy
employed is the grounded theory method, and the quantitative strategy is survey-based. The qualitative population includes 20
experts and managers from the insurance industry, while the quantitative section encompasses all managers and employees in
the insurance sector. In the quantitative part, a non-random convenience sampling method was used, and the Cochran formula
was applied to determine the sample size, resulting in the collection and analysis of 384 completed questionnaires. To assess the
validity of the questionnaire, confirmatory factor analysis (CFA) was employed, and structural equation modeling (SEM) was
used to test the research questions. In the qualitative phase, the data were analyzed using MAXQDA software and categorized
into causal conditions, core phenomena, intervening conditions, contextual conditions, strategies, and outcomes. In the
quantitative phase, using SmartPLS 3 software, two models—standard and significance models—were constructed. The path
coefficient between causal conditions and the core phenomenon was 0.598 with a significance value of 7.644. The path coefficient
between the core phenomenon and strategic factors was 0.635 with a significance value of 7.640. Additionally, the path
coefficient between contextual conditions and strategic factors was 0.651 with a significance value of 8.021, and the coefficient
between intervening conditions and strategic factors was 0.721 with a significance value of 9.458. Finally, the path coefficient
between strategic factors and outcomes was 0.624 with a significance value of 8.450. These findings indicate that the components
of the proposed executive model significantly and positively influence one another, and the overall model demonstrates a
desirable level of fit.
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1. Introduction

In an era increasingly characterized by hyperconnectivity, digital transformation, and data-driven decisions, the integration
of artificial intelligence (AI) into marketing has transcended trend status to become a strategic necessity. Particularly in
industries with highly regulated, customer-sensitive, and data-intensive structures such as insurance, Al-driven digital
marketing offers transformative potential. The insurance industry, traditionally conservative and reliant on manual processes,
is now confronted with mounting pressures to innovate, personalize customer experiences, and compete with agile tech-based
entrants. In this context, the convergence of digital marketing strategies and artificial intelligence tools has emerged as a pivotal
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pathway to achieving competitive differentiation, operational efficiency, and customer-centric service design (Alizadeh &
Jalali Filshour, 2023).
The adoption of Al within marketing is not simply about automation—it represents a fundamental reconfiguration of how

organizations understand and interact with their customers. Al technologies enable businesses to analyze massive volumes of
structured and unstructured data, deliver personalized content, predict customer behavior, and optimize campaign effectiveness
in real-time (Basit et al., 2024; Gupta et al., 2025). In particular, digital marketing models embedded with Al capabilities can
enhance customer segmentation, automate content creation, and support interactive platforms that foster customer engagement
(Tran & Ho, 2024; Triteos et al., 2024). The insurance industry, with its large transactional datasets and frequent touchpoints,
is well-positioned to leverage these capacities for both personalization and predictive analytics (Masoudi, 2024).

At the heart of this transformation lies the shift toward data-centricity. The insurance sector's historical reliance on actuarial
models and risk pooling provides a fertile ground for Al-based algorithms to thrive, especially when integrated into customer-
facing marketing systems (Kamkankaew, 2024; Kharis, 2024). Al can empower insurers to analyze behavioral, contextual,
and transactional data in real time, thus enabling hyper-personalized marketing campaigns and dynamically priced offerings.
This strategic alignment is not only an operational enhancement but also a response to rising customer expectations in the
digital economy (Fallah Noushabadi et al., 2024; George et al., 2024).

Empirical studies emphasize that personalization is a dominant driver of customer satisfaction and brand loyalty in the digital
domain (Behera, 2024; Eshiett & Eshiett, 2024). Al facilitates this by allowing firms to anticipate needs, recommend products,
and engage customers through preferred channels with customized messages (Singh, 2024; Suryathi & Mariani, 2024). In
the insurance industry, such capabilities can translate into offering policy recommendations, risk-based premium models, or
automated claim support. These services enhance not only the customer experience but also the efficiency of marketing
operations, contributing to sustained competitive advantage (Arumugam et al., 2024; Kotha, 2024).

Theoretical advancements in the field have evolved toward post-human-centered models that explore the implications of
algorithmic governance, predictive control, and machine-mediated marketing decisions (Torabi et al., 2024). While digital
marketing once revolved around content strategy and SEO, Al introduces capabilities for dynamic decision-making, real-time
feedback loops, and campaign optimization that redefine the marketer's role and strategic focus (Talha, 2025). As such, the
focus has moved from reactive to proactive engagement—driven by intelligent systems capable of learning, adapting, and
evolving (Tauheed et al., 2024).

Nevertheless, the integration of Al in marketing is not without its challenges. Issues related to algorithmic bias, customer
data privacy, interpretability of models, and workforce displacement are significant concerns (Lyndyuk et al.,, 2024;
Ponomarenko, 2024). In regulated sectors like insurance, compliance with data protection laws and ethical frameworks for
automated decision-making must be carefully navigated. Moreover, the effectiveness of Al-based marketing strategies depends
on the technological readiness, digital maturity, and cultural alignment within the organization (Alizadeh & Jalali Filshour,
2023; Jalali Filshour & Alizadeh, 2022).

One of the most transformative aspects of Al in marketing is the rise of intelligent automation, where cognitive technologies
like natural language processing (NLP), computer vision, and machine learning converge with marketing platforms to create
adaptive systems (Malenko, 2024; Ocak, 2024). These systems can autonomously adjust campaigns based on performance
metrics, conduct A/B testing at scale, and manage cross-channel consistency in branding. In the insurance industry, such
innovations are evident in Al-driven chatbots, automated onboarding processes, and smart policy recommendations based on
real-time risk profiling (Nazari et al., 2024; Pramesworo et al., 2024).

Another critical dimension of Al-enhanced marketing is the integration of neuromarketing and affective computing
techniques. By leveraging EEG-based analytics and emotion-detection algorithms, firms can refine their messaging and
interface designs to optimize engagement and decision-making (Ghazvini et al., 2024). These capabilities are particularly

relevant for insurance products, where trust, emotion, and perceived value significantly influence purchasing behavior. Al
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technologies allow marketers to simulate emotional resonance and align offerings with the customer’s cognitive state, thereby
increasing conversion rates (Kumar, 2025).

While the technological capabilities of Al are well-documented, their successful deployment in marketing requires a clear
strategic framework, cross-functional collaboration, and continuous learning. Organizations must invest in upskilling teams,
refining their data governance practices, and fostering a culture of experimentation and agility (Talha, 2025; Teng et al., 2025).
In this regard, research highlights the importance of model calibration, iterative testing, and ethical foresight in developing
sustainable Al-based marketing architectures (Arumugam et al., 2024; Ponomarenko, 2024).

In summary, the fusion of artificial intelligence and digital marketing has sparked a paradigmatic shift in how firms approach
value creation, customer engagement, and operational agility. The insurance industry, long seen as conservative in its adoption
of disruptive technologies, now stands at a critical juncture where Al-enabled digital marketing can serve as both a catalyst for
transformation and a tool for resilience in volatile markets. Building on foundational studies and emerging empirical evidence,
this research seeks to design a digital marketing model tailored to the structural, cultural, and technological contours of the
insurance sector—guided by the strategic imperatives of personalization, automation, and intelligence

2. Methods and Materials

This study was conducted using a mixed-methods approach, incorporating both qualitative and quantitative methods.
Initially, the research employed a qualitative method using interviews based on the grounded theory approach. The collected
interview data were coded and analyzed to extract the research model. The grounded theory approach, as proposed by Strauss
and Corbin, is one of the qualitative research methods used to analyze and interpret data. This approach enables researchers to
generate new theories and concepts from collected data. In grounded theory, data collection and analysis occur simultaneously.
Researchers may use interviews, observations, and documents, incrementally incorporating new data into their analyses. One
of the central stages in this approach is data coding. Researchers divide the data into smaller segments, assign codes to each
segment, and eventually use these codes to identify patterns and concepts.

The qualitative sample included academic experts, specialists, and managers actively engaged in the insurance and digital
marketing industries. Data collection continued until theoretical saturation was reached. Gradually, the coding of interview
transcripts and data analysis led to the categorization and synthesis of the findings. To ensure the validity and reliability of the
research, the interview questions were validated by several experts. Lincoln and Guba emphasized the criteria of credibility,
dependability, confirmability, transferability, and authenticity in evaluating qualitative studies. To achieve these standards, the
following actions were taken: transcribing interviews, conducting continuous analysis alongside data collection, verifying the
coding process by another expert to ensure its accuracy and to avoid subjective bias in the researcher’s interpretation of
grounded theory interviews. For qualitative analysis, MAXQDA 2020 software was used.

In the second phase, the extracted model was validated using the partial least squares (PLS) technique and based on the
researcher-made questionnaire derived from the qualitative phase indicators. In the quantitative section, the statistical
population consisted of all managers, employees, and staff in the insurance and digital marketing industries, with an unlimited
population size. Using Cochran’s formula, 384 questionnaires were distributed via convenience sampling. The collected data
from the questionnaires were analyzed through exploratory factor analysis using SPSS 25 and SmartPLS software. The face
validity of the questionnaire items was confirmed by a group of relevant experts. According to Table 1, the reliability of the
items was calculated using Cronbach's alpha, Composite Reliability (CR), and Average Variance Extracted (AVE).

Table 1. Reliability and Validity of Research Variables

Construct AVE Cronbach's Alpha Composite Reliability (CR)
Causal Conditions 0.609 0.894 0.895
Core Phenomenon 0.622 0.907 0.909
Contextual Conditions 0.611 0.723 0.725
Intervening Conditions 0.617 0.791 0.795
Strategic Factors 0.630 0.705 0.707
Outcomes 0.655 0.809 0.810
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Cronbach’s alpha and the composite reliability of all research variables were greater than 0.70, specifically exceeding 0.705,

which indicates appropriate reliability for the study variables. Additionally, the results show that the AVE coefficients for all

variables were above 0.50, suggesting acceptable convergent validity for the research constructs.

3. Findings and Results

The characteristics of the experts are presented in Table 2.

Table 2. Characteristics of the Experts

Page | 4

Variable Variable Levels Frequency Percentage
Gender Male 13 65.0%
Female 7 35.0%
Total 20 100.0%
Work Experience Less than 10 years 2 10.0%
11-15 years 2 10.0%
16-20 years 2 10.0%
21-25 years 5 25.0%
26-30 years 7 35.0%
Over 30 years 2 10.0%
Total 20 100.0%
Age 31-40 years 2 10.0%
41-50 years 11 55.0%
51 years and above 7 35.0%
Total 20 100.0%
Marital Status Single 1 5.0%
Married 19 95.0%
Total 20 100.0%
Education Master’s degree and above 20 100.0%
Total 20 100.0%

In this section, based on the interviews conducted with 20 experts, codes were identified through semantic and conceptual

similarities. From the 20 conducted interviews, a total of 7,302 codes were extracted, as detailed in Table 3.

Table 3. Interview Code Frequencies

Number of Extracted Codes

Interviewee

324
347
383
324
412
436
390
328
409
388
371
372
52
304
409
304
353
347
307
342
7,302

Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.
Interview No.

Total
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The extracted components from the qualitative phase used for developing the conceptual model are presented below.
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Table 4. Extracted Codes from Interviews for Designing the Digital Marketing Model with Emphasis on Artificial

Intelligence in the Insurance Industry

Paradigm Selective Coding

Axial Coding

Open Coding

Causal Conditions

Technological Innovation

Digital Culture

Core Phenomenon  Digital Transformation in

Marketing

Artificial Intelligence in
Marketing

Digital Integration in
Insurance

Contextual Organizational Culture
Conditions
Managerial Structure
Legal and Economic
Environment
Intervening Human Factors
Conditions
Customer Insight
Environmental Challenges
Strategies Interactive Strategy

Service Personalization

Digital Brand Development

Technological Infrastructure

IT and digital infrastructure development
Data processing capabilities

Compatibility with emerging technologies
Al tools implementation

Integration of new technologies

Big data utilization

Organizational digital mindset
Continuous technological learning
Employee participation in innovation

Optimization of the insurance user experience

Designing digital insurance architecture
Implementation of automation processes
Intelligent customer behavior analysis

Automated and smart content generation
Insurance recommender systems
Convergence of marketing and CRM systems

Linking insurance data with Al

Organizational coordination in digital
marketing implementation

Cultural alignment with digital transformation
Acceptance of innovative values

Organizational digital behavior
Senior management support

Facilitation of digital decision-making
Training and empowerment
Government incentive policies

Data regulation and privacy
Economic and digital stability
Expertise in digital human resources

Behavioral readiness for digital transformation
Technological cross-functional interaction
Behavioral data analysis

Trust in smart technologies
Customer digital literacy level

Cybersecurity threats
Macroeconomic fluctuations

Legal and administrative barriers
Content marketing and social media

Targeted digital advertising

Direct interaction with customers
Customized insurance package design
Data-based suggestions

Personalized digital experience

Branding through modern channels

Access to cloud platforms, data security,
information exchange speed

Server processing power, cloud computing,
resource scalability

Al and IoT support, API compatibility
Machine learning, NLP, recommender systems
CRM integration, systems convergence

Big data analysis, pattern extraction
Innovation tendency, openness to technology
Professional training, digital skills

Technology suggestions, participation in
projects
UX design, service time reduction

Integration of online insurance services
Automated issuance, claims automation

Behavior prediction, segmentation

NLP, personalized emails
Smart suggestions based on data
Customer journey tracking

Machine learning + big data

Collaboration between tech and marketing
teams

Readiness for change, learning commitment

Positive attitude towards technology, digital
creativity
Inter-unit online interaction, system usage

Budget allocation, leadership in digital
transformation

Decision speed, policy transparency
Training programs, digital literacy enhancement
Tech subsidies, legal support for InsurTech

GDPR laws, data security

Investment security, sustainable digital growth
Al proficiency, expert recruitment, continuous
training

Technology acceptance, tech motivation
Team-based tech collaboration

Intelligent CRM systems, behavioral
segmentation

Trust in chatbots, use of automated systems

App usage skills, familiarity with online
services

Cyberattacks, data risks
Recession, inflation, exchange rate
Lack of tech guidelines, delay in permits

Engagement rate, content sharing, personalized
content

Click-through rate, conversion rate, customer
acquisition cost

Chatbots, quick response, feedback forms
Plan variety, data-based flexibility
Recommender algorithms, needs alignment
Flexible purchase journey, interactive product
display

Influencer marketing, creative campaigns
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Data Analytics
Individual Outcomes

Outcomes

Organizational Outcomes

Cultural Outcomes

Technological Outcomes

Visual and communication identity
development

Creative digital campaigns
Smart analytics systems

Predictive algorithms

Data-driven decision-making

Positive customer experience

Enhanced understanding of digital services

Active customer engagement

Improved sales performance

Sustainable competitive advantage
Development of digital channels

Increased trust in technology

Advancement of organizational digital culture
Institutionalization of modern values

Innovation advancement in insurance
Use of intelligent systems

Facilitation of futuristic technology
development

Logo design, brand message consistency

View rates, sales effectiveness

Customer behavior dashboards, real-time data
mining

Churn prediction, demand trends

Using analytics in campaign design
Satisfaction, loyalty, NPS

Use of online services, successful process
completion

Feedback rate, participation in channels
Conversion rate, digital sales growth
Market share, product differentiation
Increase in online sales

Reduced resistance, information transparency
Employee participation, tech training
Adoption of new norms, digital decision-
making

New Al-based products

Error reduction, faster response
Blockchain, insurance IoT

Following the expert interviews, the coding process was conducted. By the twentieth interview, no new codes were
generated, and the extracted codes were repetitive.

Upon reaching theoretical saturation in the interviews, the qualitative data analysis was concluded. All processes and
qualitative data analyses were performed using the MAXQDA 2020 qualitative data analysis software.

After developing the conceptual model, the quantitative section begins with an analysis of the demographic characteristics
of the respondents who participated in the study and completed the questionnaire. The findings from the target group indicate
that among the 384 participants, 56.3% (216 individuals) were male and 43.8% (168 individuals) were female. Of the
respondents, 15.6% were under 30 years old, 40.9% were between 31 and 40 years old, and 30.5% were aged 41 to 50.
Regarding educational attainment, 9.1% held a high school diploma, 29.2% had an associate degree, 38.3% a bachelor's degree,
21.9% a master's degree, and 1.6% held a doctoral degree. Additionally, 44.8% (172 individuals) were single, and 55.2% (212
individuals) were married. In terms of work experience, 27.6% had 11-15 years, and 10.9% had 1-5 years of experience.

To test the assumption of normality for the study variables, the one-sample Kolmogorov—Smirnov test was used. A
significance level greater than 0.05 indicates a normally distributed variable; otherwise, the variable is non-normal. As shown
in Table 5, all variables are non-normally distributed.

Table 5. Kolmogorov—Smirnov Test Results for Assessing Normality Assumption

Variables Sample Size Test Statistic P-value Result

Causal Conditions 384 0.103 0.000 Non-normal
Technological Infrastructure 384 0.113 0.000 Non-normal
Technological Innovation 384 0.111 0.000 Non-normal
Digital Culture 384 0.112 0.000 Non-normal
Core Phenomenon 384 0.162 0.001 Non-normal
Digital Transformation in Marketing 384 0.184 0.000 Non-normal
Artificial Intelligence in Marketing 384 0.139 0.000 Non-normal
Digital Integration in Insurance 384 0.118 0.000 Non-normal
Contextual Conditions 384 0.078 0.000 Non-normal
Organizational Culture 384 0.097 0.000 Non-normal
Managerial Structure 384 0.107 0.001 Non-normal
Legal and Economic Infrastructure 384 0.125 0.000 Non-normal
Intervening Conditions 384 0.186 0.000 Non-normal
Human Factors 384 0.114 0.000 Non-normal
Customer Insight 384 0.127 0.000 Non-normal
Environmental Challenges 384 0.202 0.000 Non-normal
Strategies 384 0.075 0.000 Non-normal
Interactive Strategy 384 0.084 0.000 Non-normal
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Service Personalization 384 0.175 0.000 Non-normal
Digital Brand Development 384 0.192 0.000 Non-normal
Data Analytics 384 0.134 0.000 Non-normal
Outcomes 384 0.103 0.000 Non-normal
Individual Outcomes 384 0.150 0.000 Non-normal
Organizational Outcomes 384 0.116 0.000 Non-normal
Cultural Outcomes 384 0.176 0.000 Non-normal
Technological Outcomes 384 0.135 0.000 Non-normal

To evaluate the fit of the structural model, several criteria were employed. The first and most fundamental criterion is the
significance of t-values. For a structural model to be valid, t-values must exceed 1.96 to be considered significant at the 95%
confidence level. Standardized path coefficients were also used to assess model fit; these coefficients must be greater than 0.30
to be deemed acceptable at the 95% confidence level.

Another critical criterion involves discriminant validity, which assesses whether a construct shares more variance with its
own indicators than with other constructs. Discriminant validity is considered acceptable when the AVE for each construct is
greater than the squared correlations with other constructs. This is evaluated through a matrix containing both the square roots
of AVE on the diagonal and inter-construct correlations in the lower left triangle. Discriminant validity is confirmed when
diagonal values exceed those below them. The diagonal values are then replaced with the square roots of AVE, resulting in
Table 6.

Table 6. Fornell and Larcker Method

Variables 1 2 3 4 5 6
Causal Conditions 0.563

Core Phenomenon 0.544 0.559

Intervening 0.539 0.533 0.543

Contextual 0.518 0.525 0.511 0.526

Strategies 0.512 0.520 0.509 0.503 0.511

Outcomes 0.510 0.515 0.503 0.499 0.498 0.504

As shown in Table 6, based on the Fornell and Larcker (1981) method, the square roots of AVE values for latent variables,
which appear on the diagonal, are greater than the inter-construct correlations below them. This indicates that the latent
variables interact more strongly with their respective indicators than with other constructs, confirming acceptable discriminant
validity.

Figure 1 illustrates the conceptual model of the study with path coefficients and outer loadings. This figure is the output of
the PLS algorithm command, which is used to extract outer loadings and path coefficients. As shown, all items have outer
loadings above 0.4, and therefore, no items were removed.

Figure 2 presents the conceptual model with t-values.
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Moreover, the GOF (Goodness of Fit) index for the overall model is 0.50, which is greater than the threshold value of 0.53,

indicating a strong model fit.

Table 7. Summary of Hypothesis Testing Results

Path Path Coefficient Standard Error T Statistic P-value Test Result
Strategies — Outcomes 0.624 0.022 8.450 0.000 Accepted
Contextual Conditions — Strategies 0.651 0.062 8.021 0.005 Accepted
Causal Conditions — Core Phenomenon 0.598 0.014 7.644 0.000 Accepted
Intervening Conditions — Strategies 0.721 0.053 9.458 0.000 Accepted
Core Phenomenon — Strategies 0.635 0.053 7.640 0.000 Accepted

4. Discussion and Conclusion

The findings of this study confirm the significance and relevance of integrating artificial intelligence into digital marketing

strategies within the insurance industry. In the structural model, all hypothesized paths were supported with high t-values and
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standardized path coefficients, indicating strong relationships among key constructs. Specifically, the path from causal
conditions to the core phenomenon (digital transformation and Al integration in marketing) was both statistically significant
and conceptually coherent, with a path coefficient of 0.598 and a t-value of 7.644. This suggests that elements such as
technological infrastructure, innovation capacity, and digital culture are foundational in enabling Al-driven marketing
transformation. These findings are in line with prior studies that emphasized the role of robust IT systems, adaptability to
emerging technologies, and organizational digital maturity as enablers of Al adoption in marketing functions (George et al.,
2024; Kamkankaew, 2024; Kharis, 2024).

The core phenomenon, defined as digital transformation in marketing through Al, was significantly influenced by strategic
and operational elements. The relationship between the core phenomenon and strategic factors showed a high path coefficient
of 0.635 (t = 7.640), indicating that effective implementation of Al in marketing directly contributes to the formation and
success of personalized, interactive, and data-driven marketing strategies. This is strongly supported by previous studies
highlighting that AI enables marketing departments to predict customer behavior, tailor messaging, and optimize campaign
outcomes dynamically (Behera, 2024; Singh, 2024; Tran & Ho, 2024). These strategies, in turn, had a direct effect on
outcomes such as customer engagement, organizational performance, and cultural readiness for Al integration. The empirical
results resonate with the findings of (Fallah Noushabadi et al., 2024), who assert that the use of Al in marketing fosters
personalization, improves brand trust, and accelerates service efficiency, particularly in customer-sensitive sectors like
insurance.

Further, the influence of contextual conditions on strategic actions was also significant (§ = 0.651, t = 8.021), reinforcing
the role of organizational culture, management structure, and regulatory and economic environments in shaping Al-driven
marketing frameworks. These contextual enablers act as both catalysts and constraints. For example, the commitment of top
management and the provision of digital literacy programs serve to reinforce Al adoption, while regulatory limitations or
economic instability might delay or distort its implementation. These observations confirm what (Torabi et al., 2024) described
as the “post-human-centered marketing structure,” wherein organizational ecosystems must be agile and resilient to fully
leverage the capabilities of Al Similarly, (Masoudi, 2024) emphasized that for personalized strategies to be successful,
cultural and leadership alignment is essential.

Intervening conditions also showed a strong and positive relationship with strategic factors (B = 0.721, t = 9.458),
highlighting the moderating role of human factors, customer insight, and environmental threats. Digital competencies among
employees, behavioral readiness for change, and customers' trust in Al-enabled systems appeared to be essential enablers.
These findings align with research by (Eshiett & Eshiett, 2024) and (Teng et al., 2025), who pointed out that employee
resilience and digital literacy are key determinants of successful Al integration in marketing practices. Moreover, the presence
of environmental challenges such as cybersecurity threats or legal bottlenecks also affected the dynamics of strategy
formulation, as reflected in the literature by (Ocak, 2024) and (Lyndyuk et al., 2024), who highlighted the dual role of external
volatility as both a motivator for Al-based solutions and a barrier to their effective application.

The final link in the structural model between strategic factors and outcomes (B = 0.624, t = 8.450) was statistically
significant and underscored the practical implications of the research model. Digital marketing strategies that included
interactive campaigns, service personalization, and data analytics were shown to significantly enhance individual,
organizational, cultural, and technological outcomes. This supports the argument made by (Gupta et al., 2025) that Al and
IoT integration in retail and insurance not only improves service delivery but also elevates the entire customer experience.
Similarly, (Basit et al., 2024) emphasized that Al-based product offerings promote sustainable marketing by responding to
real-time data and shifting customer needs. Outcomes such as increased customer satisfaction, brand loyalty, innovation in
product offerings, and greater efficiency in service channels validated the operational effectiveness of the proposed model.

The use of the Fornell and Larcker criterion to verify discriminant validity further validated the robustness of the research
model. The square root of AVE values in the diagonal of the correlation matrix exceeded inter-construct correlations,
confirming that each construct exhibited greater interaction with its own indicators than with others. This is consistent with

standard model validation procedures recommended by (Ponomarenko, 2024) and implemented in similar empirical studies
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across financial and service sectors (Arumugam et al., 2024; Talha, 2025). Additionally, the model's GOF value of 0.53
surpasses the threshold for good model fit, corroborating its structural integrity.

Overall, the results demonstrate that Al-powered digital marketing strategies in the insurance industry are multidimensional
and context-dependent. They rely on foundational technological and cultural factors, interact with dynamic human and
environmental conditions, and translate into effective outcomes through strategically designed initiatives. The alignment of
these findings with the extensive body of literature (Fallah Noushabadi et al., 2024; Ghazvini et al., 2024; Jalali Filshour
& Alizadeh, 2022; Triteos et al., 2024) supports the theoretical and practical relevance of the model developed in this study.
Importantly, the proposed model encapsulates a systemic understanding of how digital infrastructure, Al capabilities,
organizational readiness, and market engagement mechanisms collectively enable a transformative shift in insurance marketing.

While the study presents a comprehensive framework for integrating Al into digital marketing strategies in the insurance
sector, it has several limitations. First, the generalizability of the findings may be constrained due to the reliance on non-
probability sampling and a sample restricted to specific segments within the insurance industry. The insights obtained from a
single regional or national context might not fully reflect the diversity of regulatory environments, consumer behaviors, and
technological infrastructure across international markets. Second, the research primarily employed cross-sectional data, which
limits causal inferences. The dynamic nature of Al adoption and digital transformation requires longitudinal designs to capture
evolving patterns. Third, although structural equation modeling (SEM) was used to test relationships among latent constructs,
the study did not include multigroup analyses, which could have provided insights into moderating variables such as firm size,
digital maturity, or customer segments.

Future studies could expand upon this work in several meaningful ways. Longitudinal research designs should be utilized
to observe how Al adoption in digital marketing evolves over time and responds to shifting organizational and market contexts.
Additionally, comparative studies across industries such as healthcare, banking, and education could validate or refine the
model by accounting for sector-specific dynamics. It would also be valuable to incorporate behavioral experiments or field
interventions that test the efficacy of specific Al-driven marketing tactics. Researchers are encouraged to explore ethical
dimensions such as algorithmic bias, customer consent in data use, and Al transparency, especially in sensitive industries like
insurance. Finally, integration of hybrid technologies—such as blockchain, [oT, and Web3—with Al-powered marketing could
form an advanced line of inquiry in the future.

Organizations, particularly within the insurance industry, should prioritize foundational investments in digital infrastructure
and cultivate a culture open to technological change. Executive leadership must champion Al integration as a strategic
imperative rather than a technical upgrade, aligning cross-functional teams around a unified digital vision. Training programs
to enhance digital literacy, customer insight analysis, and agile marketing methods are vital. Moreover, companies should adopt
flexible and modular Al tools that can adapt to changing regulatory and market environments. Ultimately, success in Al-driven
marketing lies in designing customer-centric, ethically sound, and data-informed strategies that enhance trust, improve service
personalization, and support sustainable growth.
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