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This study was conducted with the purpose of “developing and validating a model 
of the convergence of artificial intelligence and content marketing in the digital 
transformation of businesses.” The research design followed a sequential 
exploratory mixed-method approach. In the qualitative phase, semi structured 
interviews were conducted with experts in communication, digital marketing, and 
artificial intelligence. The data were analyzed using the thematic network approach 
at three levels—components, dimensions, and core concepts. The output of this 
phase yielded five principal concepts: “content creation,” “use of automation tools,” 
“efficiency of data analysis,” “effective interaction and content distribution,” and 
“enhancement of decision making,” which formed the basis for developing the 
quantitative instrument. The content validity of the items was confirmed through 
expert judgment and the Content Validity Ratio (CVR) with a threshold of 0.62. In 
the quantitative phase, the final questionnaire was distributed online, and 489 valid 
responses were collected. A confirmatory factor analysis (CFA) was performed; 
nine items with low factor loadings, as well as the “search engine optimization” 
factor, were removed to improve model fit. The measurement model fit indices and 
chi square ratio were found to be satisfactory. The final outcome presents a 
coherent and reliable framework that clarifies the linkage between the technical 
capacities of artificial intelligence and the content strategic needs of startups, 
offering a practical roadmap for designing and assessing content quality, 
implementing automation, optimizing distribution, and strengthening data driven 
decision making. 
Keywords: Content Marketing, Startups, Artificial Intelligence Technologies 

  

1. Introduction 

he rapid transformations in digital technologies have 

reshaped business structures and, by lowering entry 

barriers and creating new economic platforms, have 

presented fresh opportunities for growth and innovation for 

startups [1-3]. Startups, particularly following the surge in 

e-commerce during the COVID-19 pandemic, play a T
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crucial role in economic development and job creation. 

Within this context, marketing is recognized as a key 

success factor for customer acquisition and retention, 

product introduction, and establishing a competitive 

advantage [4, 5]. Content marketing, which focuses on the 

production and distribution of relevant and valuable 

content, is considered an efficient approach for customer 

engagement and enhancing trust and loyalty. For resource-

constrained startups, it represents a low-cost and effective 

option for communicating with the target market and 

achieving sustainable growth [5-8]. 

Despite these advantages, startups face financial and 

human resource constraints, a lack of content creation 

expertise, and poor brand awareness in implementing 

content marketing—issues that complicate customer 

acquisition, retention, and the formation of effective 

engagement [9-13]. In this context, Artificial Intelligence 

(AI), as an enabling technology, can analyze big data, 

identify preferences, and generate personalized content, 

thereby improving the efficiency of marketing activities 

and reducing costs [14]. However, realizing these 

capabilities often requires funding and capital support [15]. 

Successful examples of recommendation systems like 

Amazon and Netflix demonstrate that AI improves 

engagement and loyalty rates by increasing the accuracy of 

customer behavior analysis and optimizing strategies, 

which can serve as a positive model for startups [14]. 

For effective leveraging, a four-stage cycle is essential: 

accurate analysis of audience needs based on behavioral 

data, the production of customized and responsive content, 

targeted distribution across digital platforms, and 

continuous performance evaluation for strategic refinement. 

The integration of content, personalization [16], process 

automation [17] predictive analytics [18], and continuous 

measurement [19] within this framework can create a 

sustainable competitive advantage. The experience of 

advanced ecosystems like Silicon Valley suggests that AI 

should be regarded not merely as a complementary tool but 

as a fundamental component of the content marketing 

architecture. This is particularly prominent in B2B 

businesses due to the complexity of the purchase decision, 

the need for specialized content, and the importance of 

trust-based relationships. [20] However, a review of studies 

indicates that the prevalent focus of research, both 

domestically and internationally, has been on general 

aspects of digital marketing or content production, and less 

attention has been paid to integrated models of artificial 

intelligence with content marketing within the startup 

context [21]. 

In Iran, studies such as identifying mental models of 

marketing in FinTech startups [22] or examining smart 

marketing campaigns [23] have been conducted, but they 

have not offered a comprehensive framework for the 

systematic integration of AI and content marketing. 

Furthermore, they have primarily focused on technical 

optimization or human resource training without achieving 

a comprehensive operational model suitable for the 

resource constraints of startups. At the international level, 

although frameworks such as MARK-GEN have addressed 

the challenges of creative content generation, and emphasis 

has been placed on product-content-market fit in startups, 

and the role of AI-based [5] personalization in brand 

loyalty has been highlighted, a gap remains in providing 

localized and implementable solutions for startups. 

Simultaneously, the ethical dimensions and security risks 

raised in the literature [23] have rarely been incorporated 

into integrated marketing models. Given the practical 

necessity for Iranian startups to access cost-effective tools 

to overcome financial and human resource constraints, the 

need for research that concurrently integrates technical, 

human, and ethical dimensions is amplified. 

In the dynamic landscape of the digital economy, 

content marketing has become a fundamental pillar of 

startup marketing strategies. Amidst this, Artificial 

Intelligence (AI) technologies—with capabilities such as 

big data analysis, advanced personalization, machine 

learning, and marketing automation—have provided novel 

opportunities to enhance the effectiveness and efficiency of 

this type of marketing. The targeted utilization of AI can 

improve content quality, increase the speed and accuracy of 

audience behavior analysis, and enable smarter design of 

content distribution channels. However, leveraging these 

technologies requires a precise understanding of the 

influencing components and a smart confrontation of 

challenges such as technical complexity, ethical 

considerations, security risks, and the issue of user trust; 

these issues are more prominent in nascent startup 

environments with limited resources. 

Therefore, this research has been conducted with the aim 

of identifying and analyzing the key dimensions of utilizing 

AI in startup content marketing and seeks to answer the 

central question: What are the strategic components related 

to content quality, automation tools, data analysis 

efficiency, content distribution methods, and smart 
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decision-making processes that enable startups to 

effectively leverage AI, improve user engagement, and 

strengthen their competitive position in the market? In this 

regard, the five main research questions are: 1) What are 

the dimensions and influencing components of content 

quality in startup content marketing using AI? 2) What are 

the dimensions and influencing components of utilizing 

automation tools in startup marketing using AI? 3) What 

are the dimensions and influencing components of data 

analysis efficiency in startups using AI? 4) What are the 

dimensions and influencing components of effective 

content distribution and user engagement in startups using 

AI? 5) What are the dimensions and influencing 

components of improving user and startup decision-making 

using AI? 

2. Research Methodology 

The present research methodology is of an exploratory 

mixed-methods type, designed and implemented in two 

qualitative and quantitative stages. In the first step, with the 

aim of identifying the dimensions and components of 

Iranian users’ attitudes towards content marketing in AI-

based startups, the twelve-step netnography approach by 

Kucuk [24] was employed alongside online semi-structured 

interviews with experts. The target population for the 

qualitative phase included specialists in communication 

sciences, media management, artificial intelligence, and 

startup marketing managers, who were purposefully 

selected based on criteria of specialized competence. Data 

were collected, recorded, and transcribed verbatim after 

obtaining informed consent. Subsequently, the data were 

analyzed using the thematic analysis method within the 

MAXQDA software, version 3, through three steps: 

“extraction of basic components,” “categorization into 

organizing dimensions,” and “synthesis into main 

concepts.” To evaluate the content validity of the constructs 

derived from the analysis, the Content Validity Ratio 

(CVR) was calculated and documented based on the 

Lawshe method, relying on expert opinions. Thus, the 

initial structure of the conceptual model, comprising 

dimensions, components, and measurable indicators, was 

formulated to serve as the basis for the quantitative phase. 

2.1. Quantitative Phase 

The second stage, aimed at empirically testing the 

extracted conceptual model, employed a descriptive 

correlational research design. Based on this, a researcher-

made questionnaire, derived from the qualitative phase 

findings, was designed. After confirming its validity and 

reliability (using Cronbach’s Alpha), it was distributed 

online among individuals who make online purchases from 

Iranian startups and have participated in AI-based content 

marketing processes. A convenience sampling method was 

utilized, and based on Morgan’s table, the minimum 

required sample size was estimated to be 385 participants; 

to enhance precision, 489 completed questionnaires were 

collected and entered into the analysis. 

Quantitative data analysis was conducted relying on 

Confirmatory Factor Analysis (CFA) using R software, 

version 4.5.1, and the lavaan package. Within this 

framework, the measurement model for the questionnaire 

constructs was defined, reliability and validity indices were 

calculated, and necessary decisions regarding the retention 

or removal of items were made solely based on theoretical 

considerations and psychometric criteria. Throughout all 

stages, research ethics principles—including 

confidentiality, the right to withdraw, and the exclusive 

academic use of data—were strictly adhered to. 

3. Research Findings 

3.1. Qualitative Section 

This section presents the qualitative findings derived 

from the analyzed data, collected with the objective of 

designing the model for “AI-Based Content Marketing for 

Startups.” The analysis was conducted based on the 

“Thematic Network” framework, following the thematic 

analysis method, to organize the data across three levels: 

components, organizing dimensions, and core concepts. In 

response to one main question, broken down into five sub-

issues, five cohesive core concepts were extracted: 1. 

Content Quality, 2. Utilization of AI-Based Marketing 

Automation Tools, 3. Data Analysis Efficiency in 

Optimizing Marketing Performance, 4. Effective Content 

Distribution and User Engagement, and 5. Improvement of 

Decision-Making Processes in Startup Environments. 

These concepts were shaped through expert interviews, and 

the codes were systematically reviewed at the 

aforementioned three levels to maintain focus on key 

implications, conceptual distinctiveness, and the 

measurability of each dimension.  

the outcome of the interview analysis indicates that the 

concept of “Content Creation” forms the qualitative 
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foundation of the model, comprising 9 dimensions and 33 

components. These range from creating customer value and 

audience identification to personalization, search engine 

optimization, measurability, cognitive and emotional 

impact, informational value, capital attraction, and brand 

reinforcement. Following the execution chain, “Utilizing 

Automation Tools” is organized across 5 dimensions and 

20 components, covering functionalities such as data 

analysis and monitoring, specialization, customer journey 

guidance, process automation, and system integration. This 

section directly links to improving the accuracy, speed, and 

systematic tracking of campaigns. “Data Analysis 

Efficiency,” with 2 dimensions and 8 components, 

emphasizes the convergence of technical capabilities with 

ethical considerations, demonstrating that fairness, 

transparency, trustworthiness, and content relevance are 

prerequisites for analytical productivity and a superior user 

experience. In “Effective Content Interaction and 

Distribution,” 22 components are grouped into 4 

dimensions, encompassing deep audience understanding, 

selection of appropriate communication platforms, 

intelligent timing, real-time interaction measurement, and 

alignment with behavioral trends. Thus, the path for 

designing dynamic campaigns and increasing engagement 

is mapped out. Finally, “Improving Decision-Making,” 

with 3 dimensions and 16 components, illustrates that data-

driven decision-making, predictability, and explainability 

are the pillars of trust and efficiency in startup 

environments. This includes real-time analysis, prioritizing 

options, and personalized, explainable recommendations, 

collectively supporting the content marketing cycle from 

creation to execution and evaluation in an integrated and 

trackable manner. 

3.2. Reliability of Collected Data 

To ensure accuracy and credibility in the content 

analysis of the interviews, the reliability of the coding 

process was assessed using two methods: test-retest 

reliability and inter-coder agreement reliability. In the test-

retest method, the researcher re-coded two selected 

interviews after a specific time interval to measure the 

consistency of their performance over time. In Interview 

No. 1, the total number of codes was 13, with 5 

agreements, resulting in an agreement percentage of 76.9%. 

In Interview No. 2, the total number of codes was 10, with 

4 agreements, equivalent to 80% agreement. Overall, out of 

23 codes, 9 were identified identically in the two phases, 

and the test-retest reliability coefficient, calculated using 

the formula Agreements×2÷Total Codes×100\text 

(Agreements) \times 2 \div \text [Total Codes] \times 

100Agreements×2÷Total Codes×100, was computed as 

78.3%. This rate, which is higher than the acceptable 

threshold of 60%, indicates satisfactory stability and 

coherence in the coding over time. 

To measure inter-coder agreement, an associate 

researcher familiar with the research topic was invited as 

the second evaluator to independently code two interviews. 

In Interview No. 1, the total number of codes was 14, with 

6 agreements recorded, corresponding to an 85.7% 

agreement. Interview No. 2 yielded 19 total codes with 8 

agreements, showing an agreement percentage of 84.2%. 

Thus, out of a total of 33 codes across these two interviews, 

14 codes were similarly identified and applied by both 

coders, resulting in an inter-coder reliability coefficient 

calculated at 84.8%. This level of agreement, significantly 

above the 60% threshold, signifies excellent scientific 

coordination and precision between the two evaluators 

during the analysis process. Based on the results of both 

methods—78.3% for test-retest and 84.8% for inter-coder 

agreement—it can be concluded that the content analysis of 

the conducted interviews possesses a high degree of 

stability, coherence, and trustworthiness. These coefficients 

surpass the acceptable level of 60% and emphasize the 

scientific validity and dependability of the qualitative 

findings of this research. 

3.3. Content Validity of Extracted Dimensions 

To assess the content validity of the key dimensions and 

components in the domain of AI-driven content marketing 

for startups, the opinions of 10 experts were gathered, and 

the Lawshe’s content validity ratio (CVR) was calculated. 

The acceptance threshold for 10 evaluators is 0.62, and all 

components surpassed this value. In “Content Quality and 

Tools,” the components of measurability and cognitive and 

affective impact were reported with a CVR of 1.00. 

Furthermore, customer value creation, audience 

identification, content personalization, search engine 

optimization, informational value, capital attraction, and 

brand reinforcement all had a CVR of 0.80. 

Within “Utilization of Automation Tools,” the 

components of data analysis and monitoring, specialization, 

customer journey, and system integration had a CVR of 

1.00, while process   
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automation had a CVR of 0.80. In “Data Analysis 

Efficiency,” concerns regarding algorithms and intelligence 

received a CVR of 1.00, and personalization and content 

appropriateness obtained a CVR of 0.80. 

For “Effective Content Interaction and Distribution,” the 

four components of audience understanding, 

communication platforms, user behavior analysis, and trend 

identification were all validated with a CVR of 1.00. In 

“Decision-Making,” the three components of data-driven 

decision-making, predictability, and explainability all had a 

CVR of 1.00. 

Therefore, given that all reported values are equal to or 

exceed the threshold of 0.62, it can be concluded that the 

level of expert agreement regarding the necessity of these 

components is high, and the content validity of the 

extracted dimensions for use in the research model is 

confirmed. Finally, the final research model, derived from 

the qualitative findings, is presented in Figure 1.  

 

Figure 1. Conceptual Model of AI-Based Content Marketing in Startups (Derived from Qualitative Findings) 
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3.4. Quantitative Section 

The process of questionnaire formulation was based on 

the findings of the qualitative section, encompassing the 

systematic extraction of items from the concepts, 

dimensions, and components derived from thematic 

analysis. In the initial step, a preliminary set of 56 items 

was formulated and submitted to 10 experts in digital 

marketing, consumer behavior, and research methodology 

for content validity assessment. The content validity of 

each item was measured using Lawshe’s Content Validity 

Ratio (CVR) index, and considering the Lawshe table, the 

minimum acceptable value for 10 evaluators was set at 

0.62. In this stage, 14 items were revised and corrected due 

to obtaining a value lower than the threshold, and 

subsequently, along with supplementary items proposed by 

the experts, a more comprehensive version was developed. 

Thus, the 88-item version, following final expert approval, 

served as the basis for quantitative data collection. The 

questionnaire was distributed online among customers and 

users of active startups in Iran, and 489 valid responses 

were collected for statistical analysis. 

3.5. Construct Reliability and Measurement Model Fit 

To assess construct validity, Confirmatory Factor 

Analysis (CFA) was executed in two steps. Prior to 

estimation, the multivariate normality assumption was 

examined using the Energy Test; the calculated MVES 

value was 4.96 with a significance level of 0.07, indicating 

the acceptance of normality and permitting the application 

of the Maximum Likelihood Estimation (MLE) method. In 

the first step, the initial structure comprising 88 items was 

evaluated through CFA, and due to low factor loadings of 

certain items and their negative impact on model fit, 9 

items coded 2, 10, 11, 12, 34, 50, 54, 81, and 83 were 

removed. Furthermore, the “Search Engine Optimization” 

factor was excluded from the “Content Quality and Tools” 

dimension. Subsequently, the revised model with 78 items 

was estimated, and the fit indices were found to be in the 

desirable range: CFI was reported as 0.966, TLI and NNFI 

were both 0.965, IFI was 0.966, and RNI was 0.966, all of 

which are above 0.90, demonstrating an appropriate fit. The 

Chi-square to degrees of freedom ratio 

(χ2/df\chi^2/dfχ2/df) was calculated as 1.09, and the 

RMSEA index was obtained as 0.014 with a 90% 

confidence interval ranging from 0.010 to 0.017, which is 

less than 0.05, signifying a very low approximate model 

error. Additionally, the SRMR value was reported as 0.042. 

Moreover, the Goodness of Fit Index (GFI) fell within the 

range of 466 to 473, which is above the conventional 

minimum value of 200, supporting the adequacy of the 

sample size and the appropriate fit of the measurement 

model. Accordingly, the revised model demonstrated a 

satisfactory fit with the research data, and the final factor 

structure of the questionnaire was confirmed. 

According to the findings, all measurement paths 

demonstrated standardized factor loadings exceeding the 

minimum criterion of 0.35, and the z statistics were 

significant (p < 0.01), indicating satisfactory validity and 

internal consistency among the constructs. 

At the first order construct level, the observed items 

confirmed that each of the main dimensions of the model 

had the capability to explain its relevant variables. The 

second order constructs also exhibited significant loadings 

on their respective sub indicators. For instance, the factor 

“content quality and tools” showed loadings ranging from 

0.64 to 0.66 on the dimensions of customer value creation, 

audience identification, content personalization, 

measurability, cognitive and emotional impact, 

informational value, capital attraction, and brand 

enhancement, playing a pivotal role in explaining the 

model. 

The factor “use of automation tools” displayed loadings 

between 0.53 and 0.69 on data analytics and monitoring, 

customer experience specialization, customer journey 

automation, marketing process automation, and system 

integration, revealing that this dimension effectively covers 

digital marketing behaviors. 

Similarly, the factor “data analysis efficiency” showed 

loadings of 0.52 and 0.53 on algorithm related concerns 

and content personalization, whereas the factor “effective 

content interaction and distribution” exhibited loadings 

between 0.59 and 0.74 on audience understanding, 

communication platforms, user behavior analysis, and trend 

identification, underscoring its key role in enhancing 

content interaction and dissemination. 

The factor “decision making” showed loadings between 

0.59 and 0.74 on data driven decision support, 

predictability, and explainability, indicating that this 

dimension strengthens the model’s capability to encompass 

strategic, data based decisions. 

Overall, the results presented provide strong evidence of 

construct validity and satisfactory measurement model fit, 
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confirming the robustness of the factorial structure of the 

AI based content marketing questionnaire for startups. The 

tested confirmatory factor analysis (CFA) model is 

illustrated in Figure 2.  

  

 

 

Figure 2. Conceptual Model of AI-Based Content Marketing in Startups (Derived from Quantitative Findings) 

 

4. Conclusion 

This research was conducted with the aim of 

systematically explaining the key dimensions and 

components of content marketing in startups utilizing 

artificial intelligence technology. It proceeded in two stages 

within an exploratory sequential mixed-methods design. In 

the qualitative phase, five research questions pertaining to 

content production, utilization of automation tools, data 

analysis efficiency, effective content distribution, user 

interaction, and decision-making improvement were 

formulated. Expert interviews were analyzed to organize 

evidence at three levels: “component, dimension, and main 

concept,” and an initial conceptual framework was 

extracted. Subsequently, in the quantitative phase, based on 

this framework, a measurement instrument was developed, 

and its content validity was assessed. By collecting survey 

data, the measurement model was examined using 

structural equation modeling/confirmatory factor analysis. 

The outcome of both phases has provided a practical and 

reliable roadmap for implementing artificial intelligence in 

startup content marketing strategies. This roadmap extends 

from content creation and personalization layers to 
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customer journey automation, predictive analytics, and 

explainable decision-making, ultimately leading to the 

enhancement of strategy efficiency, effectiveness, and 

agility. 

The findings of this research, in response to the first 

question, indicate the multifaceted and complex dimensions 

of content quality in AI-driven content marketing for 

startups. These dimensions include creating customer 

value, precise audience identification, content 

personalization, search engine optimization, measurability 

of effectiveness, cognitive and affective impact, 

informational value, capital attraction, and brand 

reinforcement. These results are aligned with previous 

studies; for instance, [25] demonstrated that content 

optimization based on search engine algorithms and 

analysis of content performance through AI tools plays a 

key role in enhancing visibility and effectiveness of 

marketing campaigns. Furthermore, attention to the 

cognitive and emotional effects of content, consistent with 

the findings of [26], is crucial for fostering deeper 

engagement and building audience trust. This is particularly 

relevant in dynamic environments like startups, where 

competition for customer attention and loyalty is intense. 

Finally, the capabilities of AI in facilitating capital 

attraction and brand reinforcement, especially through 

creative content generation and targeted storytelling, align 

with the results of. This study [27] indicates that intelligent 

content marketing can significantly contribute to shaping 

brand perception and establishing a sustainable competitive 

advantage, in addition to increasing sales. 

 The findings from the analysis of the second question 

revealed five key dimensions of AI-based marketing 

automation, each playing a pivotal role in improving 

performance and optimizing marketing processes in 

startups. These dimensions are: precise data analysis and 

monitoring, customer experience personalization, complete 

customer journey management, marketing process 

automation, and integration of various marketing systems. 

These results are consistent with previous studies, such as 

[28], which emphasize the vital role of automation in 

enhancing targeting accuracy and improving campaign 

efficiency. Additionally, as noted by [29], the ability to 

create continuous data streams and real-time analysis of 

results enables immediate strategy adjustments and 

continuous improvement of marketing processes, thereby 

maintaining a competitive edge in dynamic and competitive 

startup environments. Overall, the findings suggest that AI-

based marketing automation not only enhances operational 

efficiency but also leads to more effective engagement and 

higher customer satisfaction by providing deeper insights 

and more intelligent responses to customer needs. 

The results concerning the third question indicate that 

the “Data Analysis Efficiency” rests upon the confluence of 

two components: first, considerations related to the 

algorithm itself and the artificial intelligence processes, 

including reliability, transparency, and error control; 

second, “Content Personalization and Appropriateness” 

relative to the audience’s context and needs. The coherent 

linkage between these two establishes the optimality of the 

data chain as a prerequisite for efficiency. This spans from 

the quality and integrity of the input data and the selection 

or calibration of the model to the scalability of estimations 

and the ability to explain the results to stakeholders. This 

interpretation aligns with current literature: [14] specifies 

that analysis efficiency leads to a significant improvement 

in effectiveness only when data-driven personalization is 

supported by a sound data infrastructure and continuous 

feedback loops. Furthermore, [14] emphasizes that the true 

impact of AI on marketing decision-making hinges on 

linking the technical capability of analysis with the 

requirements of trust, transparency, and explainability for 

stakeholders. Based on this, whenever “Content 

Appropriateness” is enhanced, the model’s data cycle 

functions more efficiently, and conversely, any disruption 

in algorithmic quality or explainability can constrain 

analysis efficiency and, consequently, personalization 

accuracy. 

In response to the fourth question, the vital role of AI in 

enhancing user engagement and effective content 

distribution was highlighted: deep audience understanding 

achieved through sentiment and behavior analysis, 

intelligent selection of communication platforms tailored to 

audience characteristics, real-time analysis of user 

behavior, and optimal content publishing timing. According 

to [30], these components are facilitated by tools such as 

sentiment analysis, market trend monitoring, and intelligent 

content distribution algorithms. Moreover, [25] 

demonstrates that extensive and real-time data analysis 

enables precise content personalization and the selection of 

the best publishing time and channel, leading to increased 

effective engagement. Additionally, the utilization of 

participatory mechanisms, such as online competitions and 

surveys—supported by AI automation and intelligence—

drives deeper engagement and greater loyalty. This is a 
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point also confirmed by [31] in strengthening brand 

positioning and establishing a sustainable competitive 

advantage for startups. 

In response to the fifth question, three dimensions—

“data-driven decision-making,” “predictability,” and 

“explainability”—were identified as central to enhancing 

the quality of strategic and operational decisions. Data-

driven decision-making relies on processing vast amounts 

of customer, market, and sales data, extracting precise and 

timely insights through advanced analytical tools such as 

Tableau and Power BI. Predictability, using machine 

learning algorithms and forecasting platforms like 

TensorFlow and scikit-learn, illuminates future market 

trends and customer behavior. According to evidence from 

[20, 32, 33], this leads to improved marketing strategies 

and increased return on investment. Explainability, as a 

condition for trusting intelligent systems, clarifies the logic 

of recommendations using tools like LIME and Fairlearn, 

enabling ethical assessment and accountability—an 

approach that, according to [34], is essential for the 

acceptance and defensibility of decisions. In conclusion, 

the judicious application of AI enhances the flexibility and 

competitiveness of startups in complex environments, 

providing the capacity for efficient responses to 

environmental challenges. 

The results of this mixed-methods exploratory research 

indicate that artificial intelligence plays a key and 

multifaceted role in transforming content marketing for 

startups. In the qualitative phase, a cohesive framework 

was extracted, covering five interconnected areas: “content 

creation,” “utilization of automation tools,” “data analysis 

efficiency,” “effective content engagement and 

distribution,” and “decision-making improvement.” In the 

quantitative phase, this structure was validated through 

confirmatory factor analysis and refinement of items, 

thereby providing an integrated and measurable roadmap 

for AI implementation across the entire content marketing 

cycle. The convergence of findings from both phases 

suggests that startups can achieve improved efficiency, 

reduced costs, and increased effectiveness by 

simultaneously focusing on content quality and 

measurability, deploying automation aligned with the 

customer journey, real-time monitoring and analysis of 

interactions, and adopting data-driven and explainable 

decisions. Alongside technical advantages, attention to 

ethical dimensions, transparency, and algorithmic 

accountability is a prerequisite for gaining the trust of 

managers and users, and for fostering a foundation for 

sustainable growth. Based on the qualitative-quantitative 

synthesis, targeted investment in data analysis 

infrastructure, intelligent automation, and predictive tools is 

recommended. Concurrently, policies for transparency and 

explainability for AI outputs must be developed and 

implemented to enhance organizational acceptance and 

customer satisfaction. Adapting marketing models to the 

characteristics of different market segments and optimizing 

the allocation of limited startup resources can enhance 

campaign returns. 

Limitations include the qualitative phase’s reliance on 

the perspectives of startup domain experts and industry-

dependent generalizability. For future research, testing the 

model in different industries and timeframes, integrating it 

with complementary technologies such as advanced 

machine learning, blockchain, and the Internet of Things, 

and evaluating the impact of explainability mechanisms on 

user behavior and campaign performance are 

recommended. Overall, this research, by integrating 

qualitative intuition and quantitative evidence, provides a 

practical and scientific basis for designing, implementing, 

and evaluating AI-based content marketing in startups, 

illuminating the path toward more precise, agile, and 

trustworthy marketing. 
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