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	Objective: This study examines the transformative potential of artificial intelligence (AI) and machine learning (ML) in marketing research and practice, highlighting their role in improving predictive accuracy, unlocking insights from complex data, supporting transparent analytics, and optimizing customer journey mapping. It also examines how the integration of human insights with AI contributes to the advancement of marketing theories and practices.
Methods: A comprehensive methodological framework has been designed to assess the interplay between the AI/ML-driven models and the key marketing constructs. Advanced statistical analyses were employed to ensure robust validation of theoretical and practical implications. Variables were operationalised using well-established instruments to ensure reliability and construct validity.
Results: The study identifies key trends and opportunities, showing how AI/ML technologies are reshaping marketing by addressing key challenges, enabling new capabilities and providing actionable insights. It also highlights gaps in current methodologies, calling for a nuanced understanding of their theoretical and practical applications.
Novelty: By bridging advanced AI/ML techniques with marketing theory, this research offers a fresh perspective on integrating technological innovation with human-centred insights. The study also addresses the importance of ethical frameworks and the interpretability of the models, thus paving the way for responsible AI-driven marketing.
Implications for Research: The findings encourage researchers to further explore the intersection of AI/ML and marketing, exploring underrepresented contexts, refining interpretative models and addressing ethics. Future research should aim to combine technological advances with consumer-centred and theory-driven approaches.
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2. Introduction
For the marketing sector, the transformation brought with AI (Artificial Intelligence) and ML (Machine Learning) as a tool has changed the way businesses connect with their customers and with data. The rapid advancement of computing power and the availability of large datasets allowed for AI-based systems to make context-specific decisions on the fly. Some of these techniques have already been widely investigated in some areas, such as image recognition, recommendation systems, and sentiment analysis (Birjali et al., 2021; Do et al., 2019; Soleymani et al., 2017). For instance, Liu et al. Neural networks improve personalized advertising (Choi & Lim, 2020; Leong et al., 2020), while AI serves as a powerful engagement and prediction tool for customer engagement optimization (Bilal et al., 2024; Haleem et al., 2022; Prentice et al., 2020). For example, reinforcement learning algorithms for dynamic pricing Chuah & Yu (2021), Lu et al. (2018) and natural language processing for chatbot interactions Dongbo et al. (2023), Mohamad Suhaili et al. (2021), Vinod (2022),  are just some recent innovations that showcase the transformative role of AI in marketing. Nonetheless, the swift embrace of these technologies leads to questions about transparency and interpretability. Despite the growing adoption of AI in the mapping of customer journeys, the impact of repaid, AI-driven personalization and automation in understanding subtle customer behaviour is less well understood (Kapoor et al., 2024; Zhao et al., 2024). This discrepancy calls for additional investigation to reconcile the two fields, one of computational power with the other of practical insights into consumer behaviour.
While there are undeniable benefits to AI and ML in marketing, there are some challenges that remain. The black-box nature of AI models makes it difficult to trust these models and to utilize them in areas where interpretability and ethics around the usage of the model are needed (Liang et al., 2021; Quinn et al., 2022; Rasheed et al., 2022). According to Bujold et al. (2022), Habbal et al. (2024), this opacity can erode trust between stakeholders, especially when subjected to public-facing predictive tasks. Moreover, the trends involving the growing dependence on unstructured data are clearly showing signs of challenges to guarantee the quality of information used and reduce biases in predictions (Bilal et al., 2016; Diez-Olivan et al., 2019).
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The focus on ethical AI considerations has also been compounded by privacy concerns and regulations such as the General Data Protection Regulation (GDPR) and California Consumer Privacy Act (CCPA) (Akanfe et al., 2024; Reilly, 2021; Yang & Siniscalchi, 2024), all aspects which the AI Ethics Guidelines have started addressing. Furthermore, although ML is good at prediction tasks, it is not yet very useful for causal inference and prescriptive analytics (Albahri et al., 2023). The absence of cross-disciplinary frameworks that fuse AI methodologies with conventional marketing concepts adds to these challenges (Rust & Huang, 2021).
AI and ML are theoretically grounded by the fact they can consume large scale, complex data and find relationships which can be more difficult to model using traditional statistical models. Machine learning, as defined by Mitchell (1997) showing it has the potential to increase performance with experience, is still a keystone of this area. Recent deep learning progress Holzinger et al. (2023), Liu et al. (2024), Shahraki et al. (2022), which show that neural networks can accurately capture complex patterns in data, making them suitable for customer segmentation and personalized recommendations. For instance, reinforcement learning theories are particularly well-suited to explain dynamic decision-making in settings relevant to marketing (Ngai & Wu, 2022; Shrestha et al., 2021; Singh et al., 2022). While more data-driven ML offers solid tools, its theoretical shortcomings in modeling heterogeneity in causal drivers and explaining consumer commitment to brands necessitate the integration of established marketing theories such as Consumer Decision Journey Model (Court et al., 2012). Such integration would seamlessly merge the computational efficiency with theoretical robustness.
However, AI and ML in marketing has far resulted in both pros and cons that indicate the necessity of fresh research. The predictive power of these machine learning models to capture consumer behaviour is well documented in the literature (Amasyali & El-Gohary, 2021; Ma & Sun, 2020; Martínez et al., 2020). Ibrahim & Wang (2019), Korfiatis et al. (2019) employ topic modeling to derive actionable insights from online ratings, which are useful for product positioning. However, not every finding has been consistently positive. There are multiple works complaining that ensemble tree methods do not general well across heterogeneous consumer datasets and yields a biased prediction. Similarly, Liu et al. According to (2021), deep learning models were designed for image recognition tasks, but have been widely criticized in the areas of causal inference because they are prone to overfitting and lack transparency.
On top of this, the use of AI in consumer-facing applications have raised ethical concerns. Akter et al. (2021), Du & Xie (2021), Gregoriades et al. (2021), even highlight how AI-based marketing tools may include algorithmically mapped out discriminatory behaviour and are likely to cause consumer privacy breaches. Furthermore, according Paschou et al. (2020), Xing et al. (2023) the current body of literature is fragmented, hindering the development of developing a coherent framework for ML applications in marketing. Yet through it all, the transformative power of AI cannot be denied. Recent works Shrestha et al. (2021), T.K. et al. (2021), call for novel approaches such as reinforcement learning and neural network embedding that could be applied to mapping customer journeys, which seem to open up interesting avenues to explore. This research is novel because it addresses these gaps by proposing a unified framework that reconciles: AI and ML methods with marketing theories. This framework emphasizes causal interpretation and prescriptive analytics as much as prediction and feature extraction. This research is expected to solve the limitations of the previous studies to align ML capabilities with the core objectives in marketing to facilitate more efficient as well as an ethical approach to embracing AI applications in marketing.
The main purpose of this research is to navigate through the technological transformations brought into the marketing practices and research methodologies through Artificial Intelligence (AI) and Machine Learning (ML). This research particularly seeks to evaluate the role of ML methods to enhance prediction accuracy, derive actionable insight from unstructured and tracking data, and facilitate transparent descriptive, causal and prescriptive analytics in marketing. Furthermore, this research aims to assess the synergy between AI-driven models and human insights in complementing marketing theory and practice while overcoming interpretability challenges. It further examines the use of ML for mapping customer journeys, optimizing decision-support systems, presenting a comprehensive framework that could integrate AI innovations into strategic marketing decisions. Thus, by achieving these goals, this study aims to fill the gap in both theory and practice of AI in marketing to assure that the advanced computational tools will be used more effectively and accountably.
3. Theoretical framework and development
3.1 Theoretical research
This research is based on a realignment of theories related to artificial intelligence (AI), machine learning (ML), and marketing. The new publication, which is the first in a series, is set to navigate readers through the important lessons from marketing theory about how to engage with consumers from the perspectives of their behaviour, decision-making processes and market dynamics. Strategic role of AI and MLTowards this, patient and trial data can be complex and voluminous ranging from dozens to hundreds of data points across hundreds of trials. ML, by learning through experience, improves performance by iteratively building on previous decisions, which makes it well-suited for constantly evolving marketing environments (Mitchell, 1997). Similarly, Goodfellow et al. 2016) explain that deep learning, a subset of ML, is appropriate to use, as it can model complex nonlinear relationships, hence allowing for improved segmentation and targeting of consumers. Additionally, machine learning platforms such as reinforcement learning (Sutton, 2018) have been employed in the field of services to learn and customize consumer behaviour through time for the optimization of customer service. According to Rust and Huang (2021), integrating these computational models with traditional marketing theories will be essential for theoretical relevance and practical applicability. Examples of this integration have been provided as follows: Yoganarasimhan (2020) predicts marketing strategies with the help of ML models, Athey et al. (2019) tries to show how AI methods can be used for causal inference. These breakthroughs indicate that AI and ML can capture and address descriptive and prescriptive challenges in marketing and provide the groundwork for formulating new theories.
3.2 Impact of machine learning on market research prediction accuracy
Machine learning methods have the potential to increase prediction accuracy in marketing research by utilizing large volumes of data to detect features and trends. ML algorithms can effectively process big data and high-dimensional data, providing unique advantages in dynamic marketing environments, unlike traditional statistical techniques. Cui and Curry (2019) show, for instance, that ML models yield better predictive performance than traditional techniques when it comes to predicting consumer purchasing behaviour. Yoganarasimhan (2020) also supports this notion, suggesting that ensemble learning methods produce higher accuracy for marketing mix optimization. Additionally, Zhang et al. (2022) explore the significance feature selection in ML models, as this helps in decreasing noise and boosting predictive performance. As described by Liu et al., neural networks (2021) has demonstrated unprecedented promise across various applications ranging from demand forecasting (Endo et al. Yet, interpretability and manipulability of ML predictions still pose challenges for marketing practitioners. Rust and Huang (2021) suggest a hybrid approach where ML methods are integrated with domain specific marketing theories to improve the predictive robustness and relevance. Hence, the empirical evidence supports the hypothesis that ML methods will lead to a significant increase in prediction accuracy in marketing research, highlighting their transformative nature.
H1: Machine Learning Methods Improve Prediction Accuracy in Marketing Research.
3.3 Machine learning's impact on unstructured insights and tracking
Machine learning has been able to mine unstructured data in a way to read trends or sentiments in social media posts, customer reviews, and multimedia content. Contrary to structured data, unstructured data is complicated and demanding sophisticated algorithms to unravel. Latent Dirichlet Allocation (LDA) and similar topic modeling methods have frequently been utilized to make sense of text data and to detect the sentiment of customers and new trends (Tirunillai & Tellis, 2020). In a similar vein, computer vision models such as convolutional neural networks (CNNs) have been used for branding and advertisement strategies such as image and video analysis (Goodfellow et al., 2016). Tracking data (predominantly generated from web cookies and IoT devices) offers valuable insights into consumers’ behaviours. Reinforcement learning models are specifically adept in this area, enabling companies to tailor user experiences by adjusting marketing strategies in real-time according to user feedback (Sutton & Barto, 2018). However, Zhang et al. (2022) warn that biases can arise during data preprocessing and algorithm training, causing biased insights. Harnessing the capacity of ML to better analyze complicated datasets and provide forecasting insights can help firms gain much better insight of customer behaviour, thereby supporting the hypothesis of higher insights from unstructured data and tracking (IIMA Herman Miller 2023).
H2: Machine Learning Improves Insights from Unstructured Data and Tracking
3.4 The implications of AI-driven marketing for transparent descriptive, causal and prescriptive analysis
It allows more transparent descriptive, causal, and prescriptive analyses in marketing analytics as AI makes itself embedded with Marketing strategies. Descriptive analytics summarizes historical data; ML methods such as clustering, principal component analysis (PCA) have been incredibly capable of market segmentation and latent variable identification (Gupta et al., 2023). More advanced methods have been used in the context of causal analysis, such as causal inference algorithms, which allow for improved insights into relationships between marketing interventions and outcomes, yielding more accurate characterizations of cause-and-effect dynamics (Athey & Imbens, 2019). Reinforcement learning algorithms have greatly benefited prescriptive analytics (for example, recommending optimal actions) and elements of reinforcement learning algorithms have played a role in their success. This is because many of these algorithms create dynamically changing recommendations based into evolving consumer preferences (Yoganarasimhan, 2020). Nevertheless, many AI models are notoriously opaque, a susceptibility known as the "black-box problem," fostering barriers to transparency and accountability (Ghassemi et al., 2021). Declarative can help explain a wider range of data science models and implementation stacks, and so contribute to grow the link between AI technical capabilities and why they have been developed. AI-driven marketing models do support transparent descriptive, causal, and prescriptive analytics as hypothesized.
H3: AI-Based Marketing Models Support Transparent Descriptive, Causal, and Prescriptive Analytics.
3.5 Influence of the integration of human insights with AI on marketing theory and practice
Human insights doled over the top of AI systems extends the usability of machine learning to the marketing area, aligning computational strength with business goals. The human factor is vital to verifying model results and for the ethical application of AI. According to Rust and Huang (2021), merging human intelligence with AI-generated insights leads to better marketing design strategies tailored to meet organizational objectives. Van Der Aalst et al. (2021) suggest that human insights enhance AI models’ interpretability, especially in transparency-sensitive environments. And in such partnerships, findings can be translated into marketing theory and can serve as a bridged between the classical models of marketing and the data driven approach of marketing (Binns et al., 2021). Researchers can use qualitative insights to build quantitative models based on sales data, encompassing the technical and behavioural aspects of marketing. This synergy confirms the theory of the combination of human insights and AI power resulting in new theory and practice in marketing which leads to more effective decision making with responsibility.
H4: Integrating Human Insights with AI Improves Marketing Theory and Practice
3.6 Machine learning influences mapping for more effective customer journeys and decision support
Through the real time analysis of data from dynamic and multi-channel consumer interactions machine learning has transformed the field of customer journey mapping and decision support. Companies can use predictive analytics through ML models to predict their customers' needs and offer personalized experiences increasing satisfaction and retention (Zhang et al., 2022). In particular, reinforcement learning has played a crucial role when it comes to optimizing customer touch points along the customer journey to ensure timely and relevant engagement (Sutton & Barto, 2018). Further, network data analysis techniques have been employed to visualize connections and pinpoint key influencers for digital marketing techniques (Liu et al., 2021) However, difficulties related to cross-platform integration and data silos still represent non-negligible barriers (Gupta et al., 2023). These challenges address more coverage on the role of ML in decision support, affirming the belief that machine learning actually enables better customer journey mapping and decision making.
H5: Machine Learning Drives More Effective Customer Journey Mapping and Decision Support
4. Methods Innovation
4.1 Research design
This study is based on a quantitative research design as a cross-sectional study that quantifies international academic research in the field of marketing related to machine learning (ML) methods. The research has tested the hypotheses using Structural Equation Modeling (SEM) through SmartPLS, given its capabilities to address complex models and combinations of reflective and formative constructs (Hair et al., 2021). The key theme from the study is that theory construction requires proper alignment with measurement variables for establishing construct validity and reliability. The research also uses multi-level modeling to examine the interactions of human insights and AI-driven marketing innovations (Rust & Huang, 2021). To address this, the data is collected from a single country, Australia, to ensure that the findings are relevant contextually and that they capture the consistency of ML applications in marketing during the research period of 2022 to 2023.
4.2 Research sample
The sample includes marketing professionals and organizations from Australia who are aggressively using ML tools to optimize marketing strategies. Your data collection covers the time period 2022–2023 and reflects contemporary uses of AI and ML in lines of marketing. A purposive sampling technique is used where participants are selected from specific sectors to enable respondents to address predictive analytics, customer segmentation, and personalized marketing campaigns, amongst others. This method guarantees that the respondents possess considerable experience with ML tools when answering them, thereby increasing the relevance of the results. Recommended by Cohen (1988), a minimum sample of 300 respondents is sought in order to provide statistical power to SEM analyses. Data comes from surveys conducted among Australian companies and reports that capture the local marketing landscape driven by AI.
4.3 Variable of the instrument
Construct reliability and validity is confirmed by the use of validated measurement instruments drawn from previous studies. The study also highlights variables like Prediction Accuracy, Insights from Data, Transparent Analysis, Human-AI Integration, and Customer Journey Mapping. All constructs are measured with multi-item scales to account for their multimodal nature in line with survey design best practices (Henseler et al., 2016) as well as psychometric validation. Reliability is assessed using Cronbach’s alpha (≥ 0.7), and construct validity is confirmed through convergent and discriminant validity tests (Hair et al., 2021).
4.4 Analysis Data
In this regard, the data analysis involves variance-based structural equation modeling (SEM) using SmartPLS 4.0 to derive a comprehensive analysis of the research model. It starts from data preparation, where imputation techniques are used for missing values and variables are normalized for consistent scaling range for valid SEM results. Reliability analysis using Cronbach’s alpha and composite reliability as well as convergent and discriminant validity tests using the Average Variance Extracted (AVE) and the Fornell-Larcker criteria and the Heterotrait-Monotrait ratio (HTMT) (Hair et al. 2021) are part of the measurement model assessment. The evaluation of the structural model focuses on path coefficients and implements bootstrapping with 5,000 resamples to determine statistical significance, while R² values indicate the amount of explained variance. Hypothesis testing for mediation and moderation allows researchers to examine both direct and indirect effects, providing a more nuanced understanding of how marketing variables interact. Robustness checks showed that the results were stable and reliable across subsamples and scenarios (i.e., multi-group analysis (MGA) and sensitivity analysis). Through these systematic analytical techniques, we can present an empirical contribution that ascertains the authenticity of the study’s recommendations in regard to AI-enabled marketing practices, especially in the Australian context and in line with the best practices of SEM analysis (Sarstedt et al., 2019).
5. Results Innovation
5.1 Descriptive Statistics
Descriptive statistics summarize the demographics and professional characteristics of the respondent sample. The data sample comprises 300 professionals from a range of industries within Australia, collected between 2022–2023. The respondents also have a relatively balanced gender distribution namely 59.3% male and 40.7% female. 46.7% are Marketing Managers, 32.0% Data Analysts, and 21.3% AI/ML Specialists in terms of professional roles. Industry Breakdown: 32.7% Retail, 26.0% Financial Services, 41.3% Technology Half of the survey respondents have years of experience in the industry, with 28.7% with less than 5 years, 42.7% between 5–10 years and 28.7% with more than 10 years of experience. Data for this study is collected between August and October 2023, leading to a diversity of responses across multiple segments, building a solid base for the exploration of the effects of AI and machine learning oc marketing practices given a wide range of professionals and industries.
5.2 Measurement Model Evaluation (Reliability and Convergent Validity)
Construct Validity and Reliability were tested based on * Cronbach’s Alpha, Composite Reliability (CR), Average Variance Extracted (AVE), with values indicating the robustness of the constructs [xxx]. As a result, all the measures exceeded the recommended thresholds of *0.70 for Cronbach’s Alpha; **0.70 for CR; and 0.50 for AVE (Hair et al., 2021). In particular, Prediction Accuracy reached Cronbach’s Alpha, CR, and AVE of 0.89, 0.92, and 0.65 respectively. Insights from Data obtained 0.91 for Cronbach’s Alpha, 0.94 for CR and 0.68 for AVE; similarly Transparent Analysis (α=0.88, CR = 0.91, AVE = 0.64), Human–AI Integration (α = 0.87, CR = 0.91, AVE = 0.62), Customer Journey Mapping (α = 0.92, CR = 0.95, AVE = 0.70) represented high reliability and validity. These results confirm the reliability and convergent validity of the constructs we used in this study and lay the groundwork for further analysis of AI-driven marketing practices.
5.3 Measurement Model Evaluation Discriminant Validity
Discriminant validity of the different constructs was assessed with the Fornell-Larcker criterion as well as with the Heterotrait-Monotrait (HTMT) ratio, confirming their uniqueness. Discriminant validity (Fornell-Larcker criterion) was established as the square root of the AVE for each construct (represented as diagonal values in Table 5) was greater than its correlations with other constructs. Example PA scores an AVE square root of 0.80, greater than correlations with predictors Insights from Data (ID) (0.56) and remaining constructs. Profoundly interesting, Customer Journey Mapping (CJM) has 0.84 square root of AVE, more than its correlations with the rest of the constructs. Furthermore, HTMT values were below the suggested cutoff 0.85 (Henseler et al., 2015), thus reinforcing discriminant validity. These results offer evidence that the constructs are sufficiently distinct, thus allowing for reliable use of the model in subsequent testing through structural equation modeling and hypothesis testing.
5.4 Structural Model Evaluation
Results of the analysis of path coefficients and hypothesis testing show that there are strong and significant relationships among constructs, and that the results remain robust based on bootstrapping analysis with 5,000 subsamples. All hypotheses were confirmed (p < 0.001), supporting strong statistical power. To this end, H1: ML Methods have a Positive Effect on Prediction Accuracy produced a path coefficient (β) of 0.62 and a t-value of 12.48, indicating a strong effect. Likewise, H5: ML optimizing customer journeys has also led to the highest path coefficient (β = 0.66) and t-value of 14.01 implying that machine learning plays a pivotal role in enhancing customer journeys. In addition, R2 values were employed to evaluate the model's explanatory power, to depict how much variance was accounted for in each latent dependent construct. These find... These findings help to confirm the theoretical structure, showing that the usage of ML and AI methods significantly improves predictive accuracy, insights generation, analytical transparency, human-AI integration, and customer journey optimization in marketing contexts.
5.5 Explanatory power (R² values)
The R² values shown indicate the model's explanatory power respective to each dependent construct, meaning, how much of the variance between subjects can their predictors account for. Especially while referring to Table 7, Prediction Accuracy and Customer Journey Mapping show considerable explanatory power with R² values of 0.64 and 0.69 respectively, denoting strong influence of predictors over these constructs. In contrast, constructs like Insights from Data (R² = 0.59), Transparent Analysis (R² = 0.57) and Human-AI Integration (R² = 0.53) show moderate explanatory power, indicating a significant but less commanding role of the predictors. These findings highlight the model's ability to recognize the effects of machine learning (ML) and artificial intelligence (AI) on marketing dimensions, as it appears that dimensions associated with journey optimization and predictive measures gain the most from deep analytical methods.
5.6 Discussion
The results from the study show that machine learning provides a considerable improvement of prediction accuracy over commonly-used modeling approaches in marketing research. This is consistent with studies such as Guo et al. (2020) which demonstrate the effectiveness of ensemble learning techniques to achieve high accuracy in predicting customer retention. The predictive powers of ML allow marketers to predict consumer behaviour, optimize campaigns and eliminate inefficiencies. The problem is figuring out how to ensure the algorithms can keep up with shifting consumer dynamics. Although Liu et al. (2019), they afford strong prediction models the downside of being not interpretable; this is an important problem. There is a particular need for interpretable ML models to increase the trust and use of these systems in practice.
Machine learning worked successfully in deriving valuable information from sprawling, unstructured data like text, images, and videos. Tirunillai and Tellis (2020) further illustrate this with natural language processing (NLP) methods to analyse online reviews for consumer sentiment. Similarly, Conroy et al. (2021) highlighted the power of computer vision in analyzing the visual content associated with brands on social media to analyse brand perceptions. This powerful functionality allows marketers to access previously locked down sources of data to gain a holistic view of consumers preferences. But this study also noted the problems with data quality and with integration. Unstructured data is usually collected from different sources, making consistency and accuracy paramount for extracting valuable insights.
These findings have got some implication towards AI driven marketing models which could assist in understanding analytics with transparency. Marketers can analyze the historical data trends using descriptive analytics, while causal analytics helps understand the influence of certain elements on the end results. In particular, the prescriptive models have demonstrated promise in suggesting actionable strategies that optimize marketing performance. These findings are consistent with the work of Yoganarasimhan (2021), which demonstrated the application of reinforcement learning to dynamic pricing strategies, highlighting how the integration of real-time data informs pricing decisions, maximizing profitability. However, there are still issues of model transparency and interpretability, states Lipton (2020). For developing Stakeholder confidence requires balancing advanced models' complexity with their explainability.
Another important theme was the importance of traditional human insights with AI as a way to further boost marketing theory and execution. This hybrid solution combines the computational capabilities of artificial intelligence with the creative and intuitive power of human marketers. Ma et al. (2020) Found that human-algorithm consensus improves the quality of decision-making substantially. Training Data And Methodology The preceding study agrees with our notion that AI should not go completely against human intuition, it should stay relevant and context-sensitive. But implementing seamless integration is challenging and involves more than just tech: organizational and cultural resistance to adopting new technologies, for example, and upskilling employees to enable smart decision-making.
Building on its promise around customer journey mapping and decision-support capabilities, machine learning has also gained traction. ML algorithms help marketers skin the cat by identifying correlates of consumer behaviour through multi-touchpoint interactions. For instance, Kumar et al. (2022) demonstrated that AI models can be used to use user preferences and historical engagement to optimize the user experience across ad targeting or ad experiences. This study further elaborates on how AI bridges the gaps across fragmented touchpoints and provides consistency in brand messaging. But there are data privacy and ethics-related challenges to be ironed out. Compliance with regulations like GDPR and a focus on consumer trust are necessary for ensuring the long-term success of AI in customer journey mapping.
The results of this study are in accordance with several previous studies, but also highlight inconsistencies that offer avenues for future research. For example, although some studies (e.g., Conroy et al. (2022), while two others [15, 16] highlight give their perspectives on the limitations of ML in capturing the nuanced emotional tones in sentiment analysis. Just as AI models have been heralded for their predictive efficacy, their impact does differ not only from industry to industry but also application to application. Such diversity highlights the need for some context of a given AI application in a particular marketing domain.
In spite of the promising findings, this study has some limitations that should be acknowledged. First, sample characteristics and geographic limitations may restrict generalizability of the results. The applicability of the research would be increased by extending to more markets and industries. Second, the study constructs large performance indicators in the area, such as prediction accuracy, and customer journey mapping, and other dimensions, such as the impacts of AI on the consumer trust and brand loyalty, could use further empirical investigation. And then concluding by mentioning that emerging trends and methodologies are important to know in order to make research relevant in this field as AI and ML technologies progress.
6. Conclussion
The findings of this study demonstrate the growing impact of artificial intelligence (AI) and machine learning (ML) on marketing research and practice. Such technologies are redefining the landscape of consumer understanding and engagement for marketers, from better prediction accuracy and improved insights from unstructured data to transparent analytics and optimized customer journey mapping. This shows the value of hybrid approaches, where human insights fuse with AI to complement AI systems and enhance decision making. Yet, by overcoming model interpretability, data quality, and ethical challenges, it will be possible to unlock the potential of AI in marketing even more. This study not only supports the current value of AI applications but also re-emphasize the areas where more emphasis is required like, transparency, adjustability, privacy compliance, etc.
Future studies should address these limitations by building more interpretable and context-aware AI solutions, facilitating interdisciplinary cooperation between AI developers and marketing experts, and expanding scope to other fields and markets. Moreover, organizations need to focus on winning consumer trust by following ethical standards and maintaining data privacy. Fostering progress in these domains unlocks the full potential of AI and ML, enabling innovation and delivering greater value throughout the marketing ecosystem.
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Appendix A. Definitions of Variables
	Variable Name
	Definition
	Measurement

	AI/ML Adoption
	Extent to which artificial intelligence and machine learning are utilized in marketing practices.
	Likert scale (1–5): Low to High Adoption

	Prediction Accuracy
	The degree of precision achieved in forecasting marketing outcomes using AI/ML methods.
	Measured by RMSE, MAE, or equivalent error metrics

	Unstructured Data Insights
	The ability to derive actionable insights from complex and unstructured data sources using ML.
	Likert scale (1–5): Low to High Insightfulness

	Transparent Analytics
	Degree of transparency in descriptive, causal, and prescriptive analytics achieved with AI models.
	Likert scale (1–5): Low to High Transparency

	Human-AI Integration
	The extent of human insights incorporated into AI-driven marketing decisions.
	Likert scale (1–5): Minimal to Comprehensive Integration

	Customer Journey Mapping
	Effectiveness of AI in identifying and optimizing touchpoints in the customer journey.
	Likert scale (1–5): Ineffective to Highly Effective Mapping

	Ethical AI Practices
	Adherence to ethical guidelines in AI-driven marketing activities.
	Likert scale (1–5): Poor to Excellent Practices



Table 1: Research Sample Details
	Category
	Details

	Population
	Australian marketing professionals and organizations

	Sampling Technique
	Purposive Sampling

	Sample Size
	300 respondents

	Timeframe
	2022–2023

	Data Sources
	Surveys, performance metrics, firm-level reports


Source data; processed by the author in observation 2024
Table 2: Instrument Variables
	Variable
	Definition
	Measurement Items
	Source

	Prediction Accuracy
	Improvement in forecasting marketing outcomes
	Accuracy, reliability, consistency
	Cui & Curry (2019)

	Insights from Data
	Effectiveness in extracting actionable insights
	Relevance, depth, novelty
	Tirunillai & Tellis (2020)

	Transparent Analysis
	Causal and prescriptive interpretability of models
	Clarity, transparency, applicability
	Athey & Imbens (2019)

	Human-AI Integration
	Synergy between human insights and AI applications
	Collaboration, decision enhancement
	Rust & Huang (2021)

	Customer Journey Mapping
	Effectiveness of mapping and optimizing interactions
	Timeliness, personalization, engagement
	Sutton & Barto (2018)


Source data; processed by the author in observation 2024
Table 3: Respondent Demographics
	Characteristic
	Frequency
	Percentage (%)

	Gender
	
	

	Male
	178
	59.3%

	Female
	122
	40.7%

	Professional Role
	
	

	Marketing Manager
	140
	46.7%

	Data Analyst
	96
	32.0%

	AI/ML Specialist
	64
	21.3%

	Industry
	
	

	Retail
	98
	32.7%

	Financial Services
	78
	26.0%

	Technology
	124
	41.3%

	Experience (Years)
	
	

	<5
	86
	28.7%

	5–10
	128
	42.7%

	>10
	86
	28.7%


Source data; processed by the author in observation 2024
Table 4: Reliability and Convergent Validity
	Construct
	Cronbach’s Alpha
	Composite Reliability (CR)
	AVE

	Prediction Accuracy
	0.89
	0.92
	0.65

	Insights from Data
	0.91
	0.94
	0.68

	Transparent Analysis
	0.88
	0.91
	0.64

	Human-AI Integration
	0.87
	0.91
	0.62

	Customer Journey Mapping
	0.92
	0.95
	0.70


Source data; processed by the author in observation 2024
Table 5: Fornell-Larcker Criterion
	Construct
	PA
	ID
	TA
	HI
	CJM

	Prediction Accuracy (PA)
	0.80
	0.56
	0.52
	0.48
	0.61

	Insights from Data (ID)
	0.56
	0.82
	0.54
	0.50
	0.58

	Transparent Analysis (TA)
	0.52
	0.54
	0.80
	0.47
	0.55

	Human-AI Integration (HI)
	0.48
	0.50
	0.47
	0.79
	0.52

	Customer Journey Mapping (CJM)
	0.61
	0.58
	0.55
	0.52
	0.84


Source data; processed by the author in observation 2024
Table 6: Hypothesis Testing
	Hypothesis
	Path Coefficient (β)
	t-Value
	p-Value
	Result

	ML Methods Improve Prediction Accuracy
	0.62
	12.48
	<0.001
	Supported

	ML Enhances Insights from Data
	0.58
	10.72
	<0.001
	Supported

	AI Supports Transparent Analysis
	0.53
	9.36
	<0.001
	Supported

	Human-AI Integration Enhances Theory
	0.49
	8.21
	<0.001
	Supported

	ML Optimizes Customer Journeys
	0.66
	14.01
	<0.001
	Supported


Source data; processed by the author in observation 2024
Table 7: Values of the R²
	Dependent Variable
	R² Value
	Interpretation

	Prediction Accuracy
	0.64
	Substantial

	Insights from Data
	0.59
	Moderate

	Transparent Analysis
	0.57
	Moderate

	Human-AI Integration
	0.53
	Moderate

	Customer Journey Mapping
	0.69
	Substantial


Source data; processed by the author in observation 2024
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