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Abstract 
Predictive Marketing has been used to forecast consumer demand and the changing behaviour and attitudes before purchasing decisions are made. It is significant to analyse the growing complexity of AI algorithms that have played a major role in this shift in technology. The introductory chapter has provided a brief analysis of the research aim, objective, problem, rationale, and the end statement. The literature review has covered the theoretical framework related to consumer behaviour and marketing to understand the cognitive differentiation and changes. The following Diffusion of Innovation and Resource-based Theory highlighted the key factors changing consumer behaviour and dependency. In the methodological chapter, a quantitative strategy has been used to predict marketing effectiveness. A series of numerical data suitable for studying consumer behaviour has been collected. The sample population includes 80 participants, comprising active digital users. Data is collected using a survey-based questionnaire with closed-ended questions, created using Google Forms. Correlation and regression analysis have been used with statistical data analysis techniques, which were chosen by using SPSS. The findings and analysis chapter has shown the correlation and regression between dependent and independent data. Skewness values are largely positive, indicating a tendency towards favourable responses to predictive marketing accuracy and decision-making. The conclusion chapter drew limitations using a small sample size, socially desirable answers and only positive outcomes. The recommendations have been provided for policymakers to use AI for long-term business planning, and understanding the negative side of consumer acceptance has been provided. 

Acknowledgements 
I would like to thank my mentors and subject representatives who have helped me gather relevant data about the project. All the information I have gathered has been partly helped by my mentors. I would also like to express my gratitude to my parents, who have helped me gain confidence and proceed with my work without fear of repercussions. I want to express my gratitude to Almighty who has given me this opportunity to conduct the project and meet such wonderful people. In support of the task, I am deeply obliged to my subject guides who have helped me to stay progressive.


[bookmark: _heading=h.nx7ahhu8s3kx]Table of Contents
Chapter 1: Introduction	10
1.1 Background of study	10
1.2 Research Rationale	11
1.3 Research Significance and Problem Statement	12
1.4 Research Aim and Objectives	13
1.5 Research Questions	13
1.6 Summary of main findings	13
1.7 Dissertation Structure	14
Chapter 2: Literature Review	16
2.1 Introduction	16
2.2 Conceptual Framework	16
2.3 Evolution and Adoption of Artificial Intelligence in Digital Marketing	17
2.4 Role of Predictive Marketing in Shaping Consumer Behaviour and Purchase Intentions	20
2.5 Organisational and Technological Factors Affecting the Integration of AI Tools for Predictive Marketing	22
2.6 Predictive Marketing’s Impact on Business Performance and Competitive Advantage	24
2.7 Ethical, Societal, and Regulatory Implications of AI in Predictive Marketing	26
2.8 Literature Gap	29
2.9 Conclusion	30
Chapter 3: Research Methodology	31
3.1 Introduction	31
3.2 Research Onion	31
3.3 Research Philosophy	32
3.4 Research Approach	32
3.5 Research Strategy	32
3.6 Research Design	33
3.7 Data Collection Method	33
3.8 Sample Population	34
3.9 Data Analysis	34
3.10 Reliability and Validity	34
3.11 Linking Methodology with Objectives	35
3.12 Ethical Consideration	35
3.13 Research Limitation	35
3.14 Conclusion	35
Chapter 4: Findings and Analysis	36
4.1 Introduction	36
4.2 Specification of variables	36
4.3 Descriptive statistics	38
4.4 Graphical Interpretation	2
4.5 Regression Analysis	23
4.6 Correlation Analysis	30
4.7 Conclusion	31
Chapter 5: Discussion	32
5.1 Introduction	32
5.2 Discussion on Graphs	32
5.3 Discussion on Regression Analysis	33
5.4 Discussion on Correlation Analysis	33
5.5 Comparative Analysis with Literature Review	34
5.6 Conclusion	36
Chapter 6: Conclusion and Recommendations	37
6.1 Introduction	37
6.2 Key Understandings from the Study	37
6.3 Limitations of the study	40
6.4 Recommendations for the study	40
6.5 Future scope of the research	41
6.6 Conclusion	41
References	42
Appendices	60
Appendix 1: Survey Questionnaire	60
Appendix 2: Data Table	65
Appendix 3: Code Table	67



List of Figures
Figure 1: Conceptual Framework	14
Figure 2: Technological Acceptance Model (TAM)	15
Figure 3: AI in Digital Marketing	16
Figure 4: Predictive Analytics in Consumer Behaviour Forecasting	18
Figure 5: Diffusions of Innovation theory	21
Figure 6: Resource Based View Theory	23
Figure 7: Varied Functions of AI	25
Figure 8: Research Onion	29
Graph 1: Age	1
Graph 2: Gender	2
Graph 3: Industry Type	3
Graph 4: Education Level	4
Graph 5: Current Location	5
Graph 6: Annual Household Income	6
Graph 7: Online Shopping Frequency	7
Graph 8: AI Familiarity	8
Graph 9: AI Forecast Purchase Impact	9
Graph 10: Behaviour affected by AI Forecasts	10
Graph 11: AI features Experienced	11
Graph 12: AI improving relevance of advertisements	12
Graph 13: Predictive marketing enhancing shopping experience	13
Graph 14: AI recommendation preference	14
Graph 15: Shopping with brands that use AI	15
Graph 16: Predictive marketing increases purchasing	16
Graph 17: Factors affecting marketing acceptance	17
Graph 18: Predictive email marketing	18
Graph 19: Browsing History	19
Graph 20: Predictive purchases	20
Graph 21: Predictive marketing privacy concerns	21
Graph 22: Predictive accuracy	22
List of Tables
Table 1: Specification of Variables	35
Table 2: Descriptive Statistics	37
Table 3: Regression Analysis for H1	24
Table 4: Coefficient Analysis for H1	24
Table 5: Regression Analysis for H2	25
Table 6: Coefficient Analysis for H2	25
Table 7: Regression Analysis for H3	26
Table 8: Coefficient Analysis for H3	26
Table 9: Regression Analysis for H4	27
Table 10: Coefficient Analysis for H4	27
Table 11: Regression Analysis for H5	28
Table 12: Coefficient Analysis for H5	28
Table 13: ANOVA	29
Table 14: Coefficient Analysis	29
Table 15: Correlation Analysis	30


[bookmark: _Toc220764296]Chapter 1: Introduction 
[bookmark: _Toc220764297]1.1 Background of study 
A behavioural change in marketing practice has been initiated by the quick development of artificial intelligence (AI) and associated information technologies. This effort has changed marketing techniques towards prescriptive and predictive capabilities from descriptive and diagnostic analytics. According to Haris, (2024), there has been a significant change in the businesses to understand and react to consumer behavior due to the ability of modern marketers to predict their demands and preferences. Predictive marketing has become a crucial data-driven strategy in this context. Therefore, businesses are able to forecast purchase intent and pre-intent consumer activities by using machine learning, advanced analytics, and behavioral modeling. 
Based on Singh and Kaunert, (2024), predictive marketing has grown more crucial for growing competition and digital saturation. The continual growth of consumer data and the growing complexity of AI algorithms have played a major role in this shift in technology.  These insights enable organizations to maximize campaign spending, decrease wasteful spending, and enhance return on investment (ROI). Based on the reports of McKinsey, (2023), more than 72% of top companies currently utilize AI-based predictive analytics in at least one marketing function. This enables businesses to gain a marketing ROI of 10-20% and revenue uplift rate of 3-15% (mckinsey.com, 2025). These findings demonstrate the increasing significance of AI systems that can analyze large behavioral datasets, such as browser history, click patterns, device usage, and contextual triggers to predict customer behavior before purchasing. 
The potential of predictive marketing has been further enhanced by the development of cutting-edge AI technologies like deep learning, reinforcement learning, and natural language processing (NLP). Based on Kusal et al. (2023), AI systems play a significant role analysing text-based customer interactions, such as product reviews and social media comments to extract sentiment and emotional cues due to natural language processing (NLP). At the same time, deep learning enables algorithms to handle unstructured data, like voice recordings, videos, and photos, giving a more comprehensive insight of consumer behavior. The capacity of AI to adjust and make better predictions over time based on fresh data and results is improved by this reinforcement learning. These technologies enable marketers to more accurately predict customer demands, which supports a more advanced level of behavioral forecasting. 
From this perspective, as said by Singh and Kaunert, (2024), predictive marketing improves consumer experience by providing customized, timely, and relevant interactions based on individual behavior rather than general assumptions. To constantly maintain such an aspect, AI predicts user interest by analyzing browser trends, previous purchases, search habits, and real-time activity. This lessens information overload, which makes it easier for people to locate commodities and content that suit their tastes.  For instance, AI-powered suggestions contribute to 35% of Amazon’s overall sales. Amazon’s prediction algorithms advise products that customers are likely to purchase next, making shopping quicker and easier. Meanwhile, Netflix’s recommendation engine forecasts viewing decisions and drives the majority of user activity. This observation is supported by Liu et al. (2024), which noted that predictive recommendations contribute to 80% the content on the Netflix platform is derived from collaborative filtering technology-based personalized recommendations. This highlights the ability of AI to influence behavior early in the decision-making process by showing its effort to direct user choices. 
[bookmark: _Toc220764298]1.2 Research Rationale 
Identifying patterns in algorithms based on past data and experience is more difficult than forecasting future trends. The reason for conducting research is to understand the psychological mechanisms, such as perceived value and trust, which influence consumer decision-making, which have not previously been included. Nikolić and Bjelica, (2025) mentioned that AI-powered recommendation helps identify latent and unarticulated consumer needs. On the other hand, Okeleke et al. (2024) stated that AI analytics potentially forecast future consumer behaviors in competitive markets. The existing literature highlights the gap, such as the ethical and privacy-related implications of using predictive marketing. There has been a lack of information regarding the shift from predictive to generative AI in anticipatory marketing, which is covered here.
The existing studies focus on the impact of predictive marketing on optimising spending by targeting customers, reducing waste, and improving conversion rates. The relationship between predictive AI and consumer behaviour will be evaluated using classification, regression, and neural networks, which have not been used in previous research. The study will be applied to forecast segment consumers, niche market consumers, and real-time marketing campaigns. The study can be credible to analyze consumer behavior, sustainable patterns, and customer value. The current literature would use structural equations related to predictive personalization, trust, and conversion, which were previously absent. Research gaps exist as there are methodological limitations, and the emergence of new trends and practical problems (Büyüközkan et al. 2024).
Previous research has shown that perceived consumer value depends on AI marketing recommendations, not on how it is recommended. The existing literature means to add value to marketing factors to raise concerns around algorithmic bias and consumer autonomy. Leveraging behavioral data requires being accountable and transparent (Bahangulu and Owusu-Berko, 2025). Previous research did not use theoretical frameworks to interpret the anticipatory intelligence of consumers. Existing literature uses empirical studies to validate the effectiveness of predictive marketing in real-world settings.
[bookmark: _Toc220764299]1.3 Research Significance and Problem Statement 
The study has a significance as its focus on the viability of predictive marketing to change organizational marketing based on consumer trends before purchase intentions materialize.  AI-driven analytics give marketers the capacity to decipher early behavioral indicators, which enables businesses to identify possible demand. These early insights promote the relevance of client interaction methods and improve the accuracy of marketing decisions (Omowole et al. 2024). Following this, the study demonstrates the effort of organisations to maximize resource allocation considering high-probability customer segments and analyzing predictive models along with their impact on behavior forecasting. Such optimization lowers inappropriate marketing expenditure and improves operational efficiency. At the same time, by matching marketing communications to individual tastes and behavioral patterns, predictive personalization promotes deeper consumer engagement (Gupta et al. 2024). The study expands scholarly knowledge of AI-enabled consumer behavior prediction and its managerial ramifications by investigating these dynamics. It provides insightful information about predictive intelligence to maintain a competitive edge in the field of digital marketing. 
Despite a fast integration of AI into contemporary marketing, there is limited empirical evidence regarding the impact of predictive analytics on customer behavior at the pre-intent stage. Organisations increasingly rely on AI-driven systems to recognize behavioural signs long before consumers actively express the intent to purchase. However, there is still a lack of research on the influence of these predictions to understand micro behaviors and encourage final purchase outcomes (Azad et al. 2023). Based on this, the current study focuses on the significance of AI-driven predictive marketing by identifying consumer indicators and evaluating the impact of these early forecasts on later behavior. 
[bookmark: _Toc220764300]1.4 Research Aim and Objectives 
Aim 
The purpose of this research is to investigate how artificial intelligence facilitates predictive marketing strategies and affects customer purchase behaviour. It aims to assess the many forms of AI utilized in electronic advertising, the variables that influence their adoption, as well as how machine learning in marketing helps businesses develop in today's competitive digital marketplace.
Objectives
· To determine different types of AI techniques that play a role in digital marketing. 
· To assess the role of predictive marketing in shaping customer behaviour, particularly purchasing intention.
· To determine the factors affecting the integration of AI tools for better predictive marketing.
· To analyse the relationship between predictive marketing and business growth. 
[bookmark: _Toc220764301]1.5 Research Questions 
· How do diversified artificial intelligence techniques contribute to the efficacy of digital marketing strategies?
· What role does predictive marketing play in shaping customer behaviour, particularly purchasing intention?
· What are the different factors influencing the integration of AI tools for better predictive marketing?
· What is the relationship between predictive marketing and business growth?  
[bookmark: _Toc220764302]1.6 Summary of main findings
The findings of this study provide clear answers to all four research questions presented above. The results show that consumers frequently encounter AI techniques such as personalized recommendations, retargeting ads, chatbots and dynamic pricing. These features strongly associate with improved shopping experiences, confirming that AI techniques increase relevance, convenience and engagement in digital marketing. Further, findings demonstrate that predictive marketing significantly influences consumer assumptions, product consideration and final purchase decisions. Most respondents agree that AI forecasts shape behavior and increase purchasing likelihood. As per the study, key acceptance factors include prediction accuracy, brand trust, ease of use, transparency and privacy concerns. Finally, the study found a strong positive association between predictive marketing and increased purchase frequency and consumer engagement, supporting business growth through higher conversions and improved customer retention.

[bookmark: _Toc220764303]1.7 Dissertation Structure 
Chapter 1: Introduction
The chapter will provide a description of the topic of the study, background, rationale, and research problem, and the importance of comprehending AI-enabled predictive marketing in the present digital business environment. It will explicitly outline the goals, objectives, and research questions to explain why AI-assisted forecasting tools should be important in influencing consumer behaviour prior to making a purchase decision.
Chapter 2: Literature Review 
The chapter will be a critical analysis of the current academic literature. It will conduct a review of theoretical models to determine the impact of AI predictions on buying intention. This chapter will uncover the gaps in conceptualization of ethical, emotional, and psychological effects of predictive algorithms on consumers by examining the views of several authors.
Chapter 3: Research Methodology
The chapter will outline the chosen research philosophy, approach, design, data collection methods, and data analysis techniques (Sreekumar, 2023). Information on the sampling, survey questions or interviews, analytical software (SPSS or thematic analysis) will also be provided. This portion will guarantee transparency, credibility, and academic rigor by the fact that it will be justified why the selected methodology is the best option to investigate the consumer responses to the AI-enabled prediction systems.
Chapter 4: Findings and Analysis
In this chapter, the data collected will be reported and interpreted to understand the effect of predictive marketing on consumer decision-making prior to purchase. The findings will be compared with past literature research objectives and theories. This will assist in the discovery of patterns, behavioural triggers, trust issues, and marketing efficiency on the basis of AI predictions.
Chapter 5: Conclusion and Recommendations
The following chapter will conclude significant findings, outline practical implications of the study on digital marketers, and also give recommendations to increase responsible use of AI in consumer forecasting. It will both realize shortcomings and suggest research directions that can enhance ethical and transparent predictive marketing practices in the digital marketplace.


[bookmark: _Toc219744308][bookmark: _Toc220764304]Chapter 2: Literature Review
[bookmark: _Toc219744309][bookmark: _Toc220764305]2.1 Introduction
This chapter will be dealing with the critical examination of scholarly debates, frameworks of theory and empirical insights majoring in predictive marketing and customer forecasting with the help of artificial intelligence. This chapter will be evaluating the role of artificial intelligence in evolving as a strategic marketing method along with influencing preference of customers before purchasing and analysing different aspects such as ethical and psychological aspects in shaping such adoption. It will study the Ethical, Societal, and Regulatory Implications of AI in Predictive Marketing. Moreover, it will also discuss Predictive Marketing’s Impact on Business Performance and Competitive Advantage.
[bookmark: _Toc219744310][bookmark: _Toc220764306]2.2 Conceptual Framework
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[bookmark: _Toc220602207]Figure 1: Conceptual Framework
(Source: Self-created)
Based on the research topic, Figure 1 shows that the dependent variable is consumer purchase intention, referring to consumer’s likelihood or willingness to buy a product or service after being exposed to predictive marketing efforts (Noranee and bin Othman, 2023). Data analytics capability, as the independent variable, states how effectively AI systems analyse large volumes of consumer data, like browsing history, past purchases and online interactions (Reed et al. 2025). Strong analytics assist firms to predict future behaviour more accurately. Moreover, under personalised marketing content, another independent factor, AI, enables businesses to deliver personalised advertisements, recommendations and offers related to predicted consumer preferences, thus influencing buying decisions (Ziakis and Vlachopoulou, 2023). Thirdly, predictive accuracy of AI models reflects how accurately AI forecasts consumer needs and timing of purchases, with higher accuracy increasing consumer relevance and engagement (Khan et al. 2022). Lastly, consumer trust in AI marketing plays a key role in whether consumers accept or reject AI-based predictions and recommendations (Aljumah et al. 2024). Overall, when predictive marketing is accurate, personalised and trustworthy, it positively shapes consumer behaviour and increases the likelihood of purchase among the consumers.
[bookmark: _Toc219744311][bookmark: _Toc220764307]2.3 Evolution and Adoption of Artificial Intelligence in Digital Marketing 
The evolution of Artificial Intelligence (AI) in digital marketing has transformed how organisations understand and influence consumer behaviour. According to Gobbilla and Kiran, (2025), traditional digital marketing depends on descriptive analytics and resides in the “analog world”, like past sales data and basic customer segmentation. Over time, advances in machine learning, big data analytics and cloud computing enabled marketers to move towards predictive marketing, where AI systems forecast consumer behaviour even before explicit purchase intent is expressed (Ramya et al. 2024). In digital technology, it is observed why marketers choose to adopt AI tools that predict customer behaviour and support marketing decisions. In the initial stages, Jaapar et al. (2024) noted that many organisations were slow to adopt AI in marketing, considering high costs, limited skills and infrastructural and technical complexity created hesitation. 
[image: ]
[bookmark: _Toc220602208]Figure 2: Technological Acceptance Model (TAM) 
(Source: Hossain et al. 2024)
In this context, Figure 2 points out the Technological Acceptance Model (TAM) which helps explain how and why AI-based tools are accepted in digital marketing (Hossain et al. 2024). As per Davis, (1989), this model explains technological adoption under perceived usefulness and perceived ease of use. While perceived usefulness means the extent to which users believe technology improves their work performance, perceived ease of use refers to the simplicity and seamlessness with which technology is used (Davis, 1989). In the present times, easier AI accessibility has made platforms, like Google Ads, Meta Business Suites and Salesforce Marketing Cloud, include in-built AI features that support predictive marketing, thus reducing manual work and making AI use easier, especially within small and medium-sized businesses (SMEs) (Hassan and Zeebaree, 2025). Furthermore, Arce et al. (2024) elucidate that this helps such businesses to grow, improve their targeting and marketing dynamics, reduce marketing costs and provide personalised experiences, resulting in viewing AI as a valuable tool that improves marketing performance.
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[bookmark: _Toc220602209]Figure 3: AI in Digital Marketing
(Source: Ziakis and Vlachopoulou, 2023)
While using AI in digital marketing, in congruence with Figure 3, has strengthened consumer behaviour, some marketers are concerned about data quality and accuracy, considering AI predictions rely heavily on reliable data (Ziakis and Vlachopoulou, 2023). Nonetheless, Aljumah et al. (2024) counter that perceived usefulness plays a major role in the adoption of predictive marketing, with AI systems analysing large amounts of consumer data, including browsing behaviour, online searches and social media activity to forecast future actions. For instance, e-commerce platforms, like Amazon, use AI to suggest products which customers can buy in the future, prior to making such searches online (Koppa et al. 2024). On the other hand, mixed perspectives on AI’s ease of use are also presented, with Zhang and Dong, (2024), stating that although AI tools are more automated, some traditional marketers may find them difficult to comprehend. 
Considering that many predictive systems work as “black boxes” which users cannot clearly see how decisions are made, Zerilli et al. (2022) mention this lack of transparency being a significant factor in reducing confidence in AI predictions. Attesting to this viewpoint, Naz and Kashif, (2025), further explain that if the data is biased or incomplete, predictions may be incorrect or unfair. For instance, AI-driven advertising may unintentionally ignore certain customer groups, leading to ethical concerns, reducing trust in AI tools and affecting its acceptance. Notwithstanding, Reed et al. (2025) argue that new developments in explainable AI and simple dashboards are making these systems easier to understand and use. Organisational factors, such as companies with strong digital skills and data-driven culture, find it easier to adopt AI marketing tools. In contrast, Booyse and Scheepers, (2024), mention that organisations with limited technical knowledge may resist AI due to the fear of job loss or reduced creativity, followed by over-reliance of predictive marketing on automation, thus reducing human judgement. Noranee and bin Othman, (2023), however, respond that AI should support marketers by providing insights that help in making better decisions, not replace them. 
Therefore, the evolution of AI in digital marketing shows a clear move towards predictive marketing. Simultaneously, concerns about ethics, transparency and organizational readiness raise questions on the adoption of suitability of AI tools within companies. With the application of the Technology Acceptance Model (TAM), the adoption can be explained by increasing perceived usefulness and improving ease of use. As these challenges are addressed, the use of AI to predict consumer behaviour before purchase intent is expected to grow in the future.
[bookmark: _Toc219744312][bookmark: _Toc220764308]2.4 Role of Predictive Marketing in Shaping Consumer Behaviour and Purchase Intentions 
In the opinion of Alshaketheep et al. (2025), predictive marketing anticipates what consumers are likely to demand prior to actively expressing purchase intent, instead of reacting to consumer actions. This shift has changed how businesses communicate with customers and how consumers make decisions.
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[bookmark: _Toc220602210]Figure 4: Predictive Analytics in Consumer Behaviour Forecasting
(Source: Wang, 2024)
According to Figure 4, predictive marketing plays an increasingly dominant role in shaping consumer behaviour and purchase intentions by using artificial (AI) to analyse past and real-time data (Wang, 2024). In the opinion of Mecharla et al. (2024), personalisation forms a key factor in the way of predictive marketing influencing consumer behaviour, considering that AI systems study browsing history, previous purchases, search patterns and social media activities to predict consumer preferences. Bano et al. (2025) further states that such relevance improves customer satisfaction and enhances overall shopping experience. For example, platforms, such as Amazon and Netflix, use AI algorithms to recommend products or content before users search for them. However, as per Singh and Kaunert, (2024), these personalised suggestions reduce decision-making effort and often lead consumers to purchase items that they did not originally plan to buy. 
Furthermore, in association with personalisation, Xu and Liu, (2024), mention that predictive analytics also influences emotional decision-making as AI can analyse emotions through sentiment analysis and behavioural signals, enabling brands to tailor emotional appeals. More so, the role of consumer trust, as observed by Samishetti, (2025), is central to predictive marketing since consumers trust AI-driven recommendations, making them more likely to act on them. In this context, transparent data usage and ethical AI practices aid in building this trust, with companies, for example, experiencing higher engagement if they clearly explain how data is being used among the consumers. While emotional decision-making creates meaningful connections, Alom et al. (2024) argue that privacy concerns remain a constant challenge, highlighting that predictive marketing relying heavily on personal data and any misuse or data breaches can negatively impact consumer confidence and purchase intention. Additionally, Alom et al. (2024) also agrees that it also raises ethical concerns by exploiting emotional vulnerability. Furthermore, another important role of predictive marketing is in brand engagement and loyalty where AI enables brands to maintain consistent and relevant communication by understanding consumer behaviour patterns, resulting in consumers feeling understood and valued and further strengthens brand loyalty (Ijomah et al. 2024). For example, fashion brands use predictive analytics to forecast style trends and suggest items aligned with individual tastes. However, Singh and Kaunert, (2024), assert that excessive personalisation may feel intrusive, followed by consumers feeling uncomfortable over brand appearing to know too much, reducing trust and leading to disengagement.
In addition to the above, since AI can identify when a consumer is most likely to buy and deliver targeted promotions at the right moment, Vallarino, (2023), explains the scope of purchase timing being shaped by predictive marketing. From a positive perspective, this timely intervention often nudges consumers towards completing a purchase, aiding consumers to access deals that match their needs. However, Ali et al. (2025) argue that this practice can manipulate consumer behaviour by creating artificial urgency, leading to impulsive buying. Furthermore, in today’s digital environment, Ali, (2025), refers to predictive marketing shaping consumer behaviour by reducing information overload as consumers are exposed to countless product options. Since AI filters this information and presents choices that best match predicted preferences, this simplification supports faster decision-making and increases purchase intentions, thus viewing this as consumer-friendly by saving time and effort (Ali, 2025). However, Wilkie et al. (2025) counter that over-filtering limits consumer exposure to alternative products, reducing choice diversity and reinforcing repetitive buying patterns.
Therefore, predictive marketing plays a powerful role in shaping consumer behaviour and purchase intentions by offering personalised, timely and relevant interactions. Despite enhancing convenience and engagement, contrasting views highlight concerns linked to privacy intrusion, manipulation and over-dependence on AI predictions. Hence, the overall impact depends on how responsible and transparently predictive marketing strategies are implemented within organisations for attracting and retaining consumers.
[bookmark: _Toc219744313][bookmark: _Toc220764309]2.5 Organisational and Technological Factors Affecting the Integration of AI Tools for Predictive Marketing 
In today’s hyper competitive marketplace, organizations that can be easily augmented with the deploying of artificial intelligence(AI) to actually forecast for consumer behavior that can easily purchase with the intention. As per Naz and Kashif, (2025) the predictive marketing that actually enables the firms that anticipate the consumer needs, personalizing engagement and optimizing resource allocation. This can be shaped by a complex interplay for the organizations with the technological factors for the influencing of how, when and to what extent predictive marketing innovations that actually diffuse across firms. According to Zong and Guan, (2025) by aligning with Diffusions of Innovations Theory that actually provides the useful framework for understanding these factors to actually focus on attributes of the innovation. 
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[bookmark: _Toc220602211]Figure 5: Diffusions of Innovation theory 
(Source: Turan et al. 2015)
Rogers’ theory, as termed in Figure 5, actually posits the adoption of an innovation that is influenced by the five core attributes such as relative advantage, compatibility, complexity, triviality and observability (Turan et al. 2015). As stated by Kolesnik, (2025), there is a relative advantage that actually refers to the degree to which AI tools might be perceived by conventional marketing techniques. Firms that see clear benefits such as increased forecasting accuracy, improved customer segmentation, enhanced personalized engagement and higher return on marketing investment are more inclined with the adoption of predictive analysis for predictive marketing. According to Sharma and Sharma, (2025) when leadership recognised that AI driven insights for the outperforming traditional analytics, support for integration strengthened. Moreover, organisations with entrenched legacy practices are resisting the change. Marketing teams are accustomed to institution-based strategies that might question AI significance, perceiving the greater organization to buy in. Conversely, hierarchical firms with rigid routines struggle to embed AI into daily operations. As mentioned by Şenyapar, (2024), marketing professionals might resist the dependence of machine learning outputs for the lack of trust in automated decision making. To improve compatibility, organisations that must invest in change management, align AI projects with the broader strategic initiatives for the cultivating of the culture with the values that might be experimentation and continuous learning. 
The integration of AI tools that actually demands significant investment in talent, infrastructure and training. As per Anastasios and Maria, (2024), organizations that can be easily limited with the financial or technical resources might find it to the difficulties that actually deploy AI tools effectively. Senior management plays an essential role in allocating the budget for the AI initiatives and championing across department collaboration. Without leadership support and clear governance structures, AI projects risk stagnation or failure. Organisational readiness that also encompasses for the employees with the skills levels without training that even advanced tools that cannot be used for their full potential. As Vihavainen, (2024) mentioned by Rogers also highlights the importance of communications channels in spreading the awareness of innovations. Within organizations, formal and informal networks influence attitudes towards AI. Early adopters who are respected and influential can easily accelerate the adoption of communities of practice that helps to demystify AI tools, reducing resistance. 
According to Chintalapati and Pandey, complexity also refers to the innovation that can be understood and used for the predictive marketing tools for the powering of AI that are often perceived as complex, especially in organisations unfamiliar with learning concepts, when users can easily exist in the customer data platforms. To mitigate complexity, vendors and IT teams should prioritize the user-friendly interfaces, clear communication and tailored training. As mentioned by ROZONY and Vudugula, (2023), by simplifying the model with the interpretations such as explainable AI techniques for the empowering of marketers to trust an act upon the predictions. Technological compatibility with the existing IT infrastructure that can be critical with predictive marketing for the solutions that must integrate with the customer relationship management (CRM) systems, data warehouses, marketing the automation platforms and analytics dashboards. As noted by Al Kalach, legacy systems that do not support having soiled data impede integration for the efforts. Organizations that must assess their data architecture and invest in modern, scalable platforms that actually facilitate the AI implementation. 
Trialability with the degree to which tool that can be experimentation with a limited basis that influences adoption. As per ARINZE, (2025) organizations that can pilot the predictive marketing initiatives in the smaller campaigns or within the specific customer segments that are more likely to scale successful projects with the enterprise. Scalability also matters as the predictive model proves effective, the ability to expand its channels and markets that enhances its organizational impact. 
[bookmark: _Toc219744314][bookmark: _Toc220764310]2.6 Predictive Marketing’s Impact on Business Performance and Competitive Advantage 
Predictive marketing enhances firms’ ability in anticipating customer demands, identifying latent preferences and targeting prospects before the emergence of purchasing intent. As per Bataineh et al. (2024), with the help of machine learning and practical data processing, firms are involved in transforming basic customer signals into actionable predictions in relation to churn, costing and recommendation by channels. This leads to hyper personalised advertisement, proper timing and correct segmentation that finally reduces the cost of marketing and improves customer acquisition capability. On the other hand, as stated by Dahake et al. (2024), under the Resource Based View, this predictive intelligence results in constituting an important resource as it enhances results of performance and also creates an obstacle for rivals to imitate. The dynamic aspect of changing analytics into strategy also results in robust benefits related to path dependent knowledge that means as long as a firm forms predictive infrastructure, the stronger its informational asymmetry gains relativity to competitors.
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[bookmark: _Toc220602212]Figure 6: Resource Based View Theory
(Source: Valerio, 2024)
As per the perspective of Resource Based View, mentioned under Figure 6, strategic assets are represented by proprietary data sets, which are rare and lead to the reinforcement of obstacles to replicate (Valerio, 2024). According to Agu et al. (2024), businesses that have exclusive accessibility to behavioural data or innovative algorithm efficiencies are successful in forecasting demand patterns in a preliminary stage and allocating budgets in an efficient manner than competitors who rely on demand systems. Such differences regarding information resources lead to the enhancement of conversion rates that results in different sales and also increases the customer span that are the main sources to sustain the upliftment of performance. Furthermore, as demonstrated by Pratama et al. (2024), AI enabled prediction is also embedded in a cultural way and integration is done in decision making procedures that accelerates suitability and enhances responsiveness. As there is too much volatility in marketing environments, enduring competitiveness is supported by such resource driven agility.
Predictive marketing also makes a contribution regarding a sustained competitive advantage as it reduces uncertainties in different strategic functions, apart from marketing like development of products, inventory, planning, and customer service. According to Segun et al (2024), artificial intelligence data regarding growing demands helps firms in innovative characteristics or bundles before there is a surge in demand that strengthens product market fit. Under the resource-based view, important competencies are made stronger and also compliments company’s intangible knowledge resources. By being in accordance with consumer preferences, it leads to minimization of wrong spending and enhancement of operational efficiency that results in improved margins. Businesses that orchestrate their corporate governance structures and analytical talent can lead to the conversion of daily insights into actionable strategies that have a consistent generation of high value over time. Competitors who lack such analytical infrastructure struggle with obstacles to replicate the knowledge effects.
It is also seen that AI driven predictive marketing helps in developing or gaining market leadership with the help of sustainable differentiation based on learning outcomes and technological sophistication. It is argued by this theory that companies protect competitive benefits when resources are valuable, rare, inevitable, and well organised (VRIO). As per Al et al. (2024), predictive analysis leads to the satisfaction of VRIO circumstances as it requires consistent data knowledge, iterative model training, and huge switching expenses in accordance with sales and other functions. Such results lead to the contribution of performance growth with the help of intangible assets like loyalty and not only with the help of sales growth. As a result, predictive marketing is considered as a strategic capability and not only a tactical tool that reshapes the role of competition by companies in data driven markets. In times to come businesses that make a combination of predictive analytics with generative AI, the market anticipation will become stronger along with reduction in uncertainties that will help in accelerating creativity that will position it as a huge player.
[bookmark: _Toc219744315][bookmark: _Toc220764311]2.7 Ethical, Societal, and Regulatory Implications of AI in Predictive Marketing 
There are major ethical concerns raised by AI driven predictive marketing specifically regarding data privacy, and surveillance-based targeting. According to Islam et al. (2024), such systems have huge reliance on granular behavioural data gathered with the help of browsing systems, mobile interactions, and behaviors of purchase that do not consist of proper consumer awareness. There is also a contribution of ethical tension due to inference of predict systems of sensitive elements like financial vulnerability and political leanings for manipulating information or shaping behaviors of consumption. As per Alshaketheep et al. (2024), this debate is more over complicated due to dark nudging as it blurs the difference between persuasion and usage. 
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[bookmark: _Toc220602213]Figure 7: Varied Functions of AI 
(Source: Kian, 2021)
Based on Figure 7, highlighting the varied functions of AI in e-commerce, there is a possession of asymmetrical information by marketers, the power of customers and logical choices are majorly compromised (Kian, 2021). Strong structures of governance, accountable AI aspects and moral procedures of auditing are therefore important for ensuring that personalisation is enhanced by predictive marketing without undermining dignity or consumer rights. From the society’s view, predictive marketing also results in digital inequalities as its amplifiers, exclusionary, algorithms, and segmentation biases. Predictive analysis can lead to the categorization of customers into profitable versus nonprofitable groups that limits some groups from promotional schemes, discounts or credit-based opportunities. As stated by Okeleke et al. (2024), this discrimination led by data also affects public discourse by micro-targeted information that leads to the reinforcement of societal segmentation or promotion of harmful content. It is also seen that consistent forecasting regarding preferences leads to normalization of hyper consumption and weakens intrinsic motivation with the use of algorithms that define what individuals ‘should want’. As demonstrated further by Bano et al. (2025), customer identities are majorly influenced with the help of predictive cues that lead to the creation of echo Chambers, in which preferences are recycled. There is also the emergence of concerns to society in relation to surveillance capitalism that shifts autonomy from citizens to atmosphere to platforms. Such risk should be addressed with the help of robust, customer knowledge and digital empowerment.
Scrutiny regulations regarding predictive marketing are Fastly growing as there is responsiveness by governments for mounting concerns related to market concentration and privacy breaches. Structures of regulations like the EU’s GDPR and Digital Markets Act and emergence of new artificial intelligence act brings into light stringent obligations regarding lessening of data, transparency, and consent by customers. As per Kalaivani et al. (2025), Regulators are putting huge attention regarding responsibility for heavy risk AI software’s, specifically those that involve sensitive data and information. Complaints mechanisms demand proper transparency regarding the way of generating predictions, automating decisions and role of profiling in affecting consumer outcomes. But there is creation of complexities due to fragmentation of regulations in different countries for multinational firms that show differences regarding legal interpretations of targeting and fairness. Stringent adherence, architecture by proper and ethical designs and algorithmic audits are considered essential components to align with regulations and frameworks in this changing landscape.
Though there are challenges, responsiveness by society and regulation serves opportunities for shaping predictive marketing, which can help it in making an accountable and human centric use. There can be establishment of standards regarding proper data activities, fairness metrics and openness regarding communication with the help of collaborative governance within policy makers and industry bodies. According to Grewal et al. (2025), businesses get encouragement for balancing creativity with customer well-being from accountable AI practices as it integrates clarification, and privacy enhancing technologies. Redressal and grievance mechanisms on the basis of algorithms also develop confidence. On a normative level, reshaping predictive marketing for creating value and not controlling behaviour leads to the promotion of sustainable customer bonds and enduring brand loyalty. Ultimately, the embodiment of aspects related to society and regulations into predictive marketing strategies makes sure that digital ecosystems are made stronger with the help of AI technologies and not erode rights or democratic values.
[bookmark: _Toc219744316][bookmark: _Toc220764312]2.8 Literature Gap 
Although the research focuses on predictive marketing and artificial intelligence (AI) usage in consumer behaviour analysis is growing fast, there are significant gaps that are still present in the literature, in terms of predictive behaviour before explicit purchase intent has developed. The majority of research considers post-intent elements, including click rates, cart additions or transactional histories, and does not provide a great deal of empirical data on the way AI perceives early-stage nuanced behavioural insights, such as passive browsing or content engagement. Furthermore, Choudhary (2025) claims there is a high dependence on big data of the biggest online sources that limits the generalizability of results and excludes the combination of offline and omnichannel consumer data. The contribution of contextual and psychological variables, such as emotions, cultural effects, and situational interactions has received little attention as well, with AI-based models often not directly connected with existing theories concerning consumer behaviour. Moreover, pre-intent prediction raises ethical and privacy issues, including data transparency, algorithmic bias, and consumer autonomy, which are often the focus of discussion and not integrated into predictive marketing solutions. Okeleke et al. (2024) mentioned there is prevalence of cross-sectional studies, since longitudinal and cross-cultural studies on the changes of predictive accuracy and consumer trust with time are lacking. 
In addition to the identified gaps, existing research on predictive marketing shows a strong focus on technology rather than on how consumers actually think and feel when they are predicted by AI systems. Most studies concentrate on improving algorithm accuracy, data processing speed and targeting efficiency (Nugroho, 2025). However, very few studies explain how consumers perceive being analysed and predicted before they are even aware of their own purchase intention. From a critical point of view, this creates a gap where technology is treated as more important than human decision-making, while consumers are viewed mainly as data sources, instead of active and conscious participants. Moreover, current studies often fail to clearly distinguish between predicting behaviour and influencing behaviour, with many researchers assuming that accurate predictions naturally benefit consumers by making choices easier (Agarwal et al. 2022). However, this overlooks the possibility that predictive marketing may guide or nudge consumers in certain directions. 
Ethical concerns, like manipulation, loss of autonomy and emotional influence, are usually discussed only at a conceptual level. These concerns are rarely included as measurable variables within empirical models, which represents a significant gap in literature. Furthermore, the literature has not sufficiently examined the transition from predictive AI to more advanced forms of AI, such as generative and anticipatory systems. While predictive marketing forecasts what consumers might do, newer AI technologies actively create content and influence choices in real time (Alshaketheep et al. 2024). There is limited academic discussion on how this shift affects consumer trust, control and transparency. 
Moreover, there is a lack of diversity in research contexts as most studies focus on large multinational companies that have access to vast amounts of consumer data. Small and medium-sized enterprises (SMEs) and businesses in developing or mixed markets receive little attention which makes it difficult to apply existing findings across different industries and organisational settings. The challenges faced by smaller firms, such as limited data, skills and ethical governance structures, are not adequately addressed in current research. Another important gap is related to research methods, with much of the existing literature relying heavily on cross-sectional surveys, click-through data or transaction records. These methods are useful for measuring outcomes, but they do not capture how consumer behaviour changes over time. There is limited longitudinal research that examines whether repeated exposure to predictive marketing increases trust, dependence, resistance or discomfort among consumers. As a result, the long-term psychological impact of predictive marketing remains underexplored. These limits are to determine whether predictive marketing supports better decision-making or slowly influences behaviour without consumers fully realizing it. Therefore, future studies should focus more on consumer perceptions, long-term behavioural effects, ethical risks and real-world business contexts to better understand the true impact of predictive marketing.
[bookmark: _Toc219744317][bookmark: _Toc220764313]2.9 Conclusion 
This chapter critically analysed the different interpretations in literature, the varying research techniques, and the guiding evidence in regard to predictive marketing and AI customer forecasting. It brought into light the journey of artificial intelligence from mere technological support to a prominent marketing tactic and its role in directing consumer tastes before the sale. Moreover, the chapter has studied the moral, behavioral, and social aspects that restrict the use of AI. Lastly, it demonstrated the role of predictive marketing in relating to the performance of the firm and the market power.


[bookmark: _Toc219744318][bookmark: _Toc220764314]Chapter 3: Research Methodology 
[bookmark: _Toc219744319][bookmark: _Toc220764315]3.1 Introduction 
This chapter will explain the research methods used to study predictive marketing and AI in digital marketing as well as its impact on consumer behaviour towards their purchase intentions. It will outline varied research methodological choices made in association with the topic, followed by ethical considerations and limitations. 
[bookmark: _Toc219744320][bookmark: _Toc220764316]3.2 Research Onion 
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[bookmark: _Toc220602214]Figure 8: Research Onion
(Source: Saunders et al. 2019)
According to Figure 8, the research onion is used as a guide to plan and organise the study, aiding the research to choose the apt philosophy, approach, strategy, design, data collection method, sampling and data analysis (Saunders et al. 2019). For this study defining the relationship between predictive marketing and AI, each layer of the research onion is selected carefully to match the research objectives. Using the research onion ensures that the study follows a clear and logical structure, helping improve quality, consistency and accuracy of the research process and outcome.
[bookmark: _Toc219744321][bookmark: _Toc220764317]3.3 Research Philosophy  
Research philosophy acts as the fundamental belief system which guides the researcher’s views and knowledge on the core assumptions of reality, being categorised under Interpretivism, Positivism and Pragmatism (Kumar et al. 2025). 
Justification
This research follows a positivist philosophy as this choice believes that reality can be studied using numbers and statistical analysis and by focusing on facts, data and measurable outcomes (Gamage, 2025). Since this study aims to measure how AI and predictive marketing influence consumer behaviour and purchasing intentions, this philosophical choice is most suitable. It also allows objective data collection, reducing personal bias and testing relationships between variables, which, unlike Interpretivism’s subjective nature, helps produce reliable results. 
[bookmark: _Toc219744322][bookmark: _Toc220764318]3.4 Research Approach  
The research approach surmises the overarching strategy or framework guiding the study, linking broad philosophical assumptions and analysis for tackling research questions (Sreekumar, 2023). This method is sub-divided into a deductive and inductive approach.
Justification
A deductive research approach was pursued by starting with existing theories and ideas about AI, predictive marketing and consumer behaviour, followed by testing them using collected data (Islam et al. 2022). The research objectives are based on well-known concepts, such as purchasing intention and business growth. Using a deductive approach allows the researcher to create hypotheses and test them through statistical analysis, differing from inductive qualitative assumptions, fitting well with positivist philosophy and helps draw clear conclusions. 
[bookmark: _Toc219744323][bookmark: _Toc220764319]3.5 Research Strategy 
The research strategy refers to the overall roadmap for a research project, detailing the process of answering the research questions, ensuring credibility and relevance (Gamage, 2025). This method is classified into qualitative and quantitative strategies.
Justification
This research has opted for quantitative strategy, involving the collection of numerical data and is suitable for studying consumer behaviour, AI adoption and predictive marketing effectiveness.  (Sreekumar, 2023). Data collected through statistical numbers makes it easier to compare responses and identify patterns, while structured questionnaires ensure that all participants answer the same questions to make the findings more accurate, objective and aligned with research objectives.
[bookmark: _Toc219744324][bookmark: _Toc220764320]3.6 Research Design 
The research design is subjected to the outline of how research is proposed to be conducted to address a specific research question, segregated into exploratory, descriptive and explanatory designs (Dubey and Kothari, 2022). 
Justification
A descriptive research design is used to describe and understand how predictive marketing and AI are currently being used in digital marketing (Singh, 2022). This design helps explain consumer opinions, experiences and behaviors without changing or controlling any variables, focusing on “what is happening”, instead of the reason for the phenomenon’s occurrence. This design is also suitable as the research objectives aim to study existing trends in predictive marketing and its impact on purchasing intention and business growth.
[bookmark: _Toc219744325][bookmark: _Toc220764321]3.7 Data Collection Method 
The data collection method is systematic gathering and measuring data from relevant sources to help answer research questions by fulfilling the research objectives (Ajayi, 2023). This method is sub-divided into the primary method, for collecting real-time data from surveys, focus groups and other, and the secondary method, for collecting existing data from reports, academic journals and articles.
Justification
The study uses the primary data collection method to gather information directly from consumers, considering this tool provides up-to-date and relevant information associated with predictive marketing and AI in digital marketing (Kara, 2023). It also allows the researcher to design questions based on research objectives. Data is collected using a survey-based questionnaire with close-ended questions, created using Google Forms, to measure opinions, such as trust in AI, influence in buying decisions and effectiveness of predictive marketing. Moreover, the survey link is shared through Facebook and other online platforms to reach participants who are active digital users. Considering online surveys are easy to distribute, save time and reduce costs, participants can respond anonymously, encouraging honest answers. This method supports the quantitative strategy and allows easy statistical analysis of the data, unlike the qualitative procedure linked with secondary data collection.
[bookmark: _Toc219744326][bookmark: _Toc220764322]3.8 Sample Population 
The sample population for this research includes 80 participants, comprising active digital users, and are chosen to use convenience sampling for the easy accessibility of the participants (Golzar et al. 2022). This is suitable for this study because of the regular interaction with digital marketing and AI-based recommendations. A sample size of 80 participants is appropriate for quantitative research as it provides enough data to identify trends and relationships between variables, while remaining manageable. Although a larger sample could improve accuracy, the selected sample population still offers valuable insights into consumer behaviour and predictive marketing.
[bookmark: _Toc219744327][bookmark: _Toc220764323]3.9 Data Analysis 
The data analysis technique serves to collect, interpret and analyse raw data and to discover useful information, identify patterns, test hypotheses and draw evidence-based conclusions to answer research questions (Hinton, 2024). This methodological technique is further subcategorized into statistical, thematic and mixed analysis. The statistical data analysis technique has been chosen by using SPSS due to its reliability and its wide usage in quantitative research (Gupta and Gupta, 2022). SPSS helps organise data properly, reduce errors and present results clearly. Tools, such as descriptive statistics, have been used to summarise data under standard deviation, followed by understanding the relationships between the variables associated with predictive marketing and AI using correlation analysis and regression analysis. These tools help understand how predictive marketing and AI affect consumer behaviour and business growth, thereby supporting the research objectives and helping draw accurate conclusions.
[bookmark: _Toc219744328][bookmark: _Toc220764324]3.10 Reliability and Validity
Reliability and validity are important for ensuring accurate results, with reliability being measured through consistency in the responses (Kusmaryono et al. 2022). Validity is ensured by designing questions based on existing research and matching them closely with research questions, aims and objectives, with clear and simple questions aiding to reduce confusion (Kumar et al. 2025). These steps ensure that the real-time data collected through tools, like survey-based questionnaires, truly reflect consumer views on predictive marketing and AI. 
[bookmark: _Toc219744329][bookmark: _Toc220764325]3.11 Linking Methodology with Objectives 
The research methodology is closely linked to the research objectives, with the positivism philosophy, quantitative strategy, deductive approach aiding to identify different AI techniques used in digital marketing. Primary data collection allows the study to measure how predictive marketing influences purchasing intentions, while statistical analysis, using SPSS, helps examine factors affecting AI integration and its relationship with business growth. Each methodological choice supports the research topic and ensures that the research questions and objectives are achieved in a clear and structured way.
[bookmark: _Toc219744330][bookmark: _Toc220764326]3.12 Ethical Consideration 
Ethical guidelines are followed throughout the primary quantitative study, where participation was voluntary and informed consent was obtained from the selected participants prior to the collection of their responses. Respondents were also informed about the purpose of the study and assured that their information will remain confidential, ensuring honesty, fairness and respect for participants (Drolet et al. 2023). No personal or sensitive data is collected, and the collected responses or data will be used solely for academic purposes and stored securely.
[bookmark: _Toc219744331][bookmark: _Toc220764327] 3.13 Research Limitation 
Certain limitations were detected while implementing the selected research methodological techniques within this study. Considering that the sample size of 80 participants may not completely represent all consumer groups, convenience sampling may limit the ability to generalize findings to a larger population. Responses are based on personal opinion and may trigger biased answers, resulting in complicated outcomes. Time constraints prevent long-term analysis of consumer behaviour. However, despite these limitations, the study provides useful insights into predictive marketing and AI in digital marketing. 
[bookmark: _Toc219744332][bookmark: _Toc220764328]3.14 Conclusion 
The research methodology has presented a clear and suitable research methodology aligned with the research objectives. The chosen methods supported reliable data collection and analysis on predictive marketing and consumer behaviour. Conclusively, the methodology provides a strong foundation for accurate findings and meaningful outcomes related to AI-driven predictive marketing.



[bookmark: _heading=h.dlim7sdntjd5][bookmark: _Toc219744333][bookmark: _Toc220764329]Chapter 4: Findings and Analysis 
[bookmark: _Toc219744334][bookmark: _Toc220764330]4.1 Introduction 
In the findings and analysis section, the empirical data gathered is thoroughly analysed to determine the predictive marketing role in the prediction of consumer behaviour before purchase intent. This chapter examines the results of surveys and secondary data to assess the impact of tools based on artificial intelligence on the consumer decision-making process. Being the analytical center of the dissertation, it combines statistical and thematic knowledge to explore the connections between AI-informed predictions, consumer attitudes, and marketing performance, which show how far the outcomes can justify or discredit the hypotheses and research aims proposed.
[bookmark: _Toc219744335][bookmark: _Toc220764331]4.2 Specification of variables
	Dependent Variable
	· PM enhances shopping experience

	Independent Variable
	· Factors that affect marketing acceptance
· PR make consumer purchase.
· Behavior affected by AI forecasts
· PM increases purchasing
· AI features that you experienced


[bookmark: _Toc220767126]Table 1: Specification of Variables
The table specifies the key variables used to examine the role of AI-driven predictive marketing in shaping consumer behaviour. The dependent variable of “PM enhances shopping experience” captures consumers’ overall perception of how predictive marketing improves their purchasing journey. The independent variables represent critical dimensions influencing this outcome. “Factor that affect marketing acceptance” reflect consumers’ openness to AI-based marketing practices, including trust and perceived usefulness, while “PR make consumer purchase” and “PM increases purchasing” assess the persuasive power of predictive recommendations in stimulating buying decisions. “Behavior affected by AI forecasts” highlights the extent to which anticipatory insights influence pre-purchase evaluation and choice formation. Lastly, “AI features that you experienced” account for consumers’ direct exposure to AI functionalities, such as personalised 
5

recommendations and dynamic pricing. Overall, the table illustrates a structured framework linking AI-based predictive marketing experiences and acceptance factors to enhance shopping outcomes.


[bookmark: _Toc219744336]
[bookmark: _Toc220764332]4.3 Descriptive statistics 
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[bookmark: _Toc220767127]Table 2: Descriptive Statistics
(Source: Created through SPSS)

The descriptive statistics provide important insights into respondents’ perceptions in AI-driven predictive marketing and their role in forecasting consumer behaviour prior to purchase intent. Across all its variables, valid responses were consistent, with no missing values, strengthening the reliability of the dataset. Mean values for most constructs range between 1.53 and 2.80, indicating generally positive agreement with statements related to AI-s role in personalised recommendations, behavioural tracking, data accuracy and enhanced shopping experiences.
Variables associated with AI-enabled behavioural analysis, recommendation accuracy and personalised engagement report means close to or above 2.0, suggesting that respondents perceive predictive marketing as moderately to strongly effective. Standard deviations mostly lie between 0.84 and 1.35, reflecting acceptable variability and indicating that responses are reasonably consistent across participants. Median and mode values frequently align between 1.00 and 2.00, further reinforcing response stability.
Skewness values are largely positive, indicating a tendency towards favourable responses, particularly for constructions, like consumer satisfaction, comfort with predictive marketing accuracy and improved decision-making. Although some variables exhibit moderate kurtosis, like values above 2.0, these remain within acceptable limits for social science research, suggesting no extreme distributional distortions. The dependent variable of PM enhances shopping experience shops with a mean of approximately 1.65, with a standard deviation near 1.00, highlighting that predictive marketing is perceived to meaningfully enhance the shopping journey, albeit with some variation in user experience.
[bookmark: _Toc219744337][bookmark: _Toc220764333]4.4 Graphical Interpretation
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[bookmark: _Toc220602215]Graph 1: Age 
(Source: Created through SPSS)
The bar chart shows the distribution of different age groups of individuals. According to the graph, the largest segment with 30 percent of the population is between the ages of 25-34. After this, there are 22.5 percent of those falling between the 35 to 44 years and the smallest represented is the 45-54 age category at 12.5 percent. This gives an idea of the age involved in the demographics.
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[bookmark: _Toc220602216]Graph 2: Gender
(Source: Created through SPSS)
In this bar graph, gender distribution of respondents is provided with apparent dominance of female respondents that is 55% on the other hand, males respondents constitute 45% of the respondents. The prevalence of female suggestiveness shows that women are becoming more aware of how AI Forecasts Consumer Behaviour Before making any purchase intent.
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[bookmark: _Toc220602217]Graph 3: Industry Type
(Source: Created through SPSS)
The graph shows that 30 percent of the largest group is in the field of IT/ Technology department. Subsequently 23.75% of the participants belong to the background of healthcare and then 21.25percent belong to the background of Finance. Only 7.5% of the respondents are observed to be in the field of education. The background of the individuals is necessary to get a clear image of their accessibility to resources.
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[bookmark: _Toc220602218]Graph 4: Education Level
(Source: Created through SPSS, 2026)
The bar chart shows the highest level of education attained by the individuals participating in the survey. According to the graph, 45% of the largest group have their undergraduate degree. After that, 35% of participants have their highest degree as postgraduate, 11.25% have their higher secondary education and the smallest percentage, 8.75%, have doctoral studies as their highest level of education.
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[bookmark: _Toc220602219]Graph 5: Current Location
(Source: Created through SPSS)
The above graph indicates the current location of all the participants involved. It is clearly evident from the graph that 48.75% of the participants hail from urban areas like metropolitan or some large cities whereas 18.75% of the participants come from rural areas or villages. On the other hand, 16.25% of the population resides in equal areas of suburban and international places. This indicates that the majority of the participants are from urban places.
[image: ]
[bookmark: _Toc220602220]Graph 6: Annual Household Income
(Source: Created through SPSS)
It is illustrated from the bar chart that the majority of the population which counts to 42.5% have their annual income less than £15,000 while 31.25% of the population have their income ranging between £15,000 – £29,999. The bar graph also indicates that 15% have their income £60,000 and above it with only 3.75% and 7.5% of the people having £45,000 – £59,999 and £30,000 – £44,999 respectively. The majority of the population have their annual income minimal and not more than £15,000.
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[bookmark: _Toc220602221]Graph 7: Online Shopping Frequency
(Source: Created through SPSS)
It is demonstrated from the above bar graph that 33.75% of the individuals involved in the survey make online purchases on a monthly basis with the lowest population of 10% spending on shopping weekly. 22.5% of the individuals prefer online shopping "sometimes" with 13.75% going complete null with online shopping experience as they say “never” to any of these experiences. 
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[bookmark: _Toc220602222]Graph 8: AI Familiarity
(Source: Created through SPSS)
The bar chart highlights the percentage of individuals familiar with AI based familiarity tools required nowadays. It is evident that half of the sample population 51.25% is “very familiar” with these modern cutting-edge tools related to AI and the next 28.75% being “somewhat Familiar”. As per the investigation, 10% of individuals relate to these tools being “slightly familiar” and “not familiar” correspondingly.
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[bookmark: _Toc220602223]Graph 9: AI Forecast Purchase Impact
(Source: Created through SPSS)
The above displayed graph demonstrates the percentage of whether the Consumer behaviour towards purchases have been affected through following different AI forecasts or not. It is evident that 61.25% of the major population “strongly agree” with the above statement while 1.25% “Disagree” with the fact. Besides this, 31.25% of the individuals “agree” with that consumer behaviour towards making online purchases have been affected through different AI forecasts. While 3.75% comes to a decision of “neutral” and lastly 2.5% “strongly disagree" on the fact.
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[bookmark: _Toc220602224]Graph 10: Behaviour affected by AI Forecasts
(Source: Created through SPSS)
The bar chart illustrates in what way behaviour has been affected by different AI forecasts. 47.5% of the population. 47.5% of the population indicates “shapes assumptions” and 22.5% corresponds to “retargeting ads and reminders”. On the other hand, 20% corresponds to “influences purchases through forecasting products”. This indicates how different behavior of the population involved is merely influenced by predictive AI forecasts.
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[bookmark: _Toc220602225]Graph 11: AI features Experienced
(Source: Created through SPSS)
The bar graph illustrates how various AI driven features are experienced during online shopping. 46.25% of the population consider “personalised product recommendations” as the AI feature experienced during online shopping. 27.5% contemplate that "retargeting ads” is one of the AI features experienced while 15% think “chatbots” as the major feature contributing to online shopping. The graph also displays dynamic pricing being another major feature represented by 11.25%.
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[bookmark: _Toc220602226]Graph 12: AI improving relevance of advertisements.
(Source: Created through SPSS)
From the above graph, it is evident that 58.75% of the total population taking part in the survey “strongly agree” with the fact that AI overall improves the relevance of advertisements one receives during online. Where the majority of population is on the major agree side, 8.75% “strongly disagree” with the statement made and 7.5% choosing to stay “neutral” when asked about this. The least amount of population that is only 2.5% disagree on this topic and 22.5% choosing to say “agree”.
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[bookmark: _Toc220602227]Graph 13: Predictive marketing enhancing shopping experience.
(Source: Created through SPSS)
Based on the graphical representation, 27.5% of the participants vouch for predictive marketing as a demanding tool that helps enhance shopping experience, attested strongly by another 58.75% participants. However, 2.5% disagree with this opinion, followed by 7.5% remaining neutral on this topic. This suggests that predictive marketing plays a significant role in shaping customer behaviour through better shopping experiences.
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[bookmark: _Toc220602228]Graph 14: AI recommendation preference
(Source: Created through SPSS)
Over 53.75% believe that AI recommendations have been highly preferred when making purchase through predictive marketing online, while another 17.5% showcase a very high degree of dependence on such preferences linked with consumers’ shopping spree online and strengthening their purchase intentions, disagreed firmly by 11.25% over low degree of influence.
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[bookmark: _Toc220602229]Graph 15: Shopping with brands that use AI.
(Source: Created through SPSS)
According to 45% of participants, followed by another 36.25%, there is a high possibility of shopping with fashion brands using AI-based tools, specifically predictive marketing, thereby enabling consumer engagement and shaping consumer behaviour towards purchase. This aspect is negated by 7.5% of participants who dismiss such tools.
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[bookmark: _Toc220602230]Graph 16: Predictive marketing increases purchasing.
(Source: Created through SPSS)
Based on the opinion of 47.% of participants, a string agreement is drawn on predictive marketing aiding in increasing purchases online, with 35% voicing similar beliefs. However, while 3.75% chose to stay neutral, 7.5% strongly disagreed with this tool’s effectiveness in raising purchasing intent.
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[bookmark: _Toc220602231]Graph 17: Factors affecting marketing acceptance. 
(Source: Created through SPSS)
Among the factors affecting marketing acceptance, 36.25% chose accuracy of predictions as a major element that could shape consumer purchases, followed by 22.5% pointing to brand trust and 16.25% supporting ease of use. Another 13.75% vouched for privacy concerns, while 11.25% stated transparency in data usage as critical factors in this context.
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[bookmark: _Toc220602232]Graph 18: Predictive email marketing 
(Source: Created through SPSS)
This graph explains how diversified artificial intelligence techniques contribute to the efficacy of digital marketing strategies. Here, 30% of the respondents accepted that predictive emailing encourages revisits. 2.5% do not acknowledge this. 38.75% of respondents proved that predictive marketing is statistically insignificant. The remaining 11.25% and 17.5% of respondents do not adhere to such beliefs.
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[bookmark: _Toc220602233]Graph 19: Browsing History
(Source: Created through SPSS)
Here, 60% agree comfortably with browsing history. 16.25% and 17.5% respondents elucidate how predictive marketing shapes consumer behaviour. However, 6.25% show disinterest.
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[bookmark: _Toc220602234]Graph 20: Predictive purchases
(Source: Created through SPSS)
Here, the relationship between predictive marketing and business growth is shown as 13.75% and 70% of respondents agreed that predictive marketing increases consumer purchases. While the rest 7.5% stays uncertain about such assumptions. It helps me reflect on the questions. 3.75% stays neutral to support the statement, and the rest 5% and 7.5% disagree with such statistical assumptions. 
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[bookmark: _Toc220602235]Graph 21: Predictive marketing privacy concerns
(Source: Created through SPSS)
Later, in the graph, it has been shown that 33.75% of the respondents show acceptance if data protection is rigid. It helps meet the research question, stating that AI tools can be used to improve marketing. 7.5% of people still face privacy issues. The remaining 48.75% and 10% remain focused on results rather than assumptions about accepting such concepts.
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[bookmark: _Toc220602236]Graph 22: Predictive accuracy
(Source: Created through SPSS)
The graph specifically shows that predictive marketing meets customer satisfaction, as this highlights key trends. 20% and 58.75% respondents agreed that predictive marketing enhances the shopping experience. Whereas. 11.25% shows inconsistency. The remaining 20% are satisfied,6.25% are neutral, and 3.75% are dissatisfied.
[bookmark: _Toc219744338][bookmark: _Toc220764334]4.5 Regression Analysis 
Regression analysis is a statistical method used to test the relationship between dependent and independent variables, predict and test theories, and is an essential part of statistical research (Tyagi et al. 2022).
Hypothesis 1: There is a significant positive relationship between consumer behaviour affected by AI predictions and predictive marketing which in turn improves the shopping experience.
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[bookmark: _Toc220767128]Table 3: Regression Analysis for H1
(Source: Created through SPSS)
Based on the first hypothesis (H1) of “There is a significant positive relationship between consumer behaviour affected by AI predictions and predictive marketing which in turn improves the shopping experience”, the associated p value or significant F Change stood at 0.00, despite a moderate R value (0.633) and low R-Square (0.401) and adjusted R-Square (0.393) values. Through the acceptance of H1, it is found that consumer behavior is greatly molded through AI forecasts. 
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[bookmark: _Toc220767129]Table 4: Coefficient Analysis for H1
(Source: Created through SPSS)
The coefficient table shows that “behaviour affected by AI forecasts” significantly predicts shopping experience with Beta value 0.633 and p-value 0.000. This strong positive beta indicates that as AI-driven behavioural influence increases, consumers perceive their shopping experience as more enhanced. With VIF = 1.000, there is no collinearity issue, confirming that AI-shaped behavioural cues meaningfully improve consumer experience.
Hypothesis 2: AI driven features as perceived positively by customers greatly improve the prospects of predictive marketing thereby improving shopping experience.
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[bookmark: _Toc220767130]Table 5: Regression Analysis for H2
(Source: Created through SPSS)
A strong regression model fit for the second hypothesis (H2) of “AI driven features as perceived positively by customers greatly improve the prospects of predictive marketing thereby improving shopping experience”, is attested through a high R (0.859), R-Square (0.738) and Adjusted R-Square (0.735) values. The validation of H2, strengthened by significant F Change of 0.00, points to the direct impact of AI features, such as targeted advertisements and personalised recommendations, on customer satisfaction. 
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[bookmark: _Toc220767131]Table 6: Coefficient Analysis for H2
(Source: Created through SPSS)
The results indicate that “AI features experienced” strongly predict improved shopping experience with Beta = 0.859 and p = 0.000. This large beta coefficient shows that features such as personalised recommendations and chatbots significantly enrich user satisfaction. The low VIF value (1.000) confirms model stability. Overall, positive consumer perception of AI features directly boosts predictive marketing effectiveness and enhances the shopping journey.
Hypothesis 3: Predictive marketing helps induce purchase behaviour through predictive recommendations therefore enriching the shopping experience.
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[bookmark: _Toc220767132]Table 7: Regression Analysis for H3
(Source: Created through SPSS)
For the third hypothesis (H3), “Predictive marketing helps induce purchase behaviour through predictive recommendations therefore enriching the shopping experience”, the regression model is boosted by high R (0.915), R-Square (0.836) and Adjusted R-Square (0.834) values, with the significant F Change being 0.000. Through the acceptance of H3, it becomes evident that predictive marketing helps reinforce repeat purchases and purchase decisions. 
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[bookmark: _Toc220767133]Table 8: Coefficient Analysis for H3
(Source: Created through SPSS)
The coefficient output shows that “predictive recommendations that make consumers purchase” have a very strong effect on shopping experience with Beta = 0.915 and p = 0.000. This demonstrates that when predictive marketing successfully triggers purchase decisions, consumers report a noticeably enhanced shopping experience. The model shows no multicollinearity (VIF = 1.000), confirming that predictive recommendations are a powerful driver of behavioural influence.
Hypothesis 4: Predictive marketing has the potential to enhance shopping experience thereby increasing purchase frequency.
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[bookmark: _Toc220767134]Table 9: Regression Analysis for H4
(Source: Created through SPSS)
The regression analysis of the fourth hypothesis (H4), “Predictive marketing has the potential to enhance shopping experience thereby increasing purchase frequency”, highlights the faith in AI based marketing, based on strong R (0.926), R-Square (0.857) and Adjusted R-Square (0.855) values. This is also in line with the findings of older literature wherein predictive marketing was found to have a positive impact on transactional and relational outcomes.
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[bookmark: _Toc220767135]Table 10: Coefficient Analysis for H4
(Source: Created through SPSS)
The variable predictive marketing increases purchasing shows a strong predictive effect on enhanced shopping experience with Beta = 0.926, p = 0.000. This very high beta suggests that as predictive marketing increases purchase frequency, consumer experience improves significantly. With VIF = 1.000, the model is stable. Results confirm that effective predictive marketing positively reinforces engagement and shopping satisfaction.
Hypothesis 5: Factors that affect the acceptance of AI driven marketing have a significant impact on predictive marketing thereby improving the shopping experience.
[image: ]
[bookmark: _Toc220767136]Table 11: Regression Analysis for H5
(Source: Created through SPSS)
The fifth hypothesis (H5) of “Factors that affect the acceptance of AI driven marketing have a significant impact on predictive marketing thereby improving the shopping experience”, is accepted through a strong regression model fit under R (0.825), R-Square (0.680) and Adjusted R-Square (0.676) values. H5 reveals the importance of acceptance factors such as transparency, trust, privacy and accuracy that help shape customer receptivity to AI driven marketing. 
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[bookmark: _Toc220767137]Table 12: Coefficient Analysis for H5
(Source: Created through SPSS)
The coefficient table reveals that factors affecting marketing acceptance strongly influence shopping experience with Beta = 0.825, p = 0.000. This means elements such as trust, transparency, perceived usefulness and privacy concerns significantly shape how consumers perceive predictive marketing. The stable VIF value (1.000) confirms no multicollinearity. Acceptance-related attributes play a crucial role in strengthening overall shopping experience.
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[bookmark: _Toc220767138]Table 13: ANOVA
(Source: Created through SPSS)
The statistical significance of the model is statistically significant F(5,74) = 105.039, p<0.001) which shows that the independent variables can collectively explain changes in shopping experience. The insignificant standard error (0.361) indicates proper prediction. However, the value of Durbin-Watson is 0.496, which implies the potential positive autocorrelation and the results are to be viewed with caution (Test, 2025). Overall, these results imply that AI-based predictive marketing determines consumer behaviour and purchasing perceptions supporting the study’s objective that predictive marketing enhances customer experience and increases business development. 
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[bookmark: _Toc220767139]Table 14: Coefficient Analysis
(Source: Created through SPSS)
The presence of positive beta coefficients across key predictors demonstrates the efficacy of interacting with AI driven features in terms of facilitating acceptance of predictive marketing. These findings are synchronous with the assumptions of theoretical frameworks such as Technology Acceptance Model and Resource Based View which state that consumer outcomes can be greatly improved through the strategic deployment and ease of use of AI tools. 
[bookmark: _Toc219744339][bookmark: _Toc220764335]4.6 Correlation Analysis 
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[bookmark: _Toc220767140]Table 15: Correlation Analysis
(Source: Created through SPSS)
The analysis of the correlation shows that there is a significant and statistically significant relationship between the dependent variable and all the chosen independent variables. The correlation between “PM enhances shopping experience” and "PR makes consumer purchase” (r = 0.915, p < 0.01) is the strongest. It recommends that in cases where predictive or personalised recommendations, when successfully applied in influencing purchasing choices, consumers are likely to view their overall shopping experience as enhanced. This brings out the experiential quality recommendation system, not just the results of transactions. Equally, “PM increased purchasing” indicates a very high positive correlation with shopping experience enhancement (r = 0.926, p < 0.01). It suggests that AI-assisted marketing technologies that effectively induce the frequency of purchases also play a significant role in facilitating an easier, more enjoyable, and fulfilling shopping experience (Zhang, 2024).
There is also a positive relationship between “PM enhances shopping experience” and "ai features that you experienced” (r = 0.859, p < 0.01) which is strong and positive. This implies that direct contact with AI attributes, including personalised product recommendations, virtual assistants, or price rewards, has a positive influence on consumer experiential appraisals of shopping websites (Zimmermann et al. 2023). Moreover, “factors that affect marketing acceptance” have a significant correlation with increased shopping experience (r = 0.825, p < 0.01). It suggests that trust, perceived usefulness, ease of use, and ethical issues related to AI marketing have a great impact on the overall experience of customers in shopping settings, both emotionally and cognitively (Sahut and Laroche, 2025). Finally, the “behavior_affected_by_ai_forecasts” also has a significant positive correlation with the dependent variable (r = 0.633, p < 0.01). It may be less significant than the other relationships, but it is still a pointer to the role of AI-driven demand forecasts and behavioural nudges in influencing the shopping experience via decreasing uncertainty and corroborating decisions.
[bookmark: _Toc219744343][bookmark: _Toc220764336]4.7 Conclusion 
This chapter reviewed the practical results to assess the impact of predictive marketing and AI-based analytics on consumer behaviour prior to purchase intent. The findings showed that AI predictive application can play a highly important role in enhancing the capacity of marketers to predict consumer behaviour, personalise interaction, and impact subsequent decision-making processes at initial phases of the purchase cycle. The hypotheses were tested to explain the strength and direction of predictive accuracy, consumer trust and marketing effectiveness relationships. In general, the results form a sound basis of analysis on the dissertation. In the following chapter, final conclusions, practical recommendations, limitations on the study and future research directions will be provided.


[bookmark: _heading=h.eucfxeicja1s]
[bookmark: _Toc220764337]Chapter 5: Discussion 
[bookmark: _Toc220764338]5.1 Introduction 
AI has influenced the organisation's success and social media interactions, and transactions (Ganesh, 2023). The discussion chapter will justify the behavioural intention before AI inclusion. The research has adopted a quantitative strategy to understand the key factors affecting consumers' behaviour before purchases are made. Additionally. The following chapter will discuss the regression and the correlation analysis that have been taken to elucidate the relationship between the dependent variable, consumer purchase intention, and the independent variable, Data analytics capability. Later, it will be contrasted with the information on how AI determines the marketing performance and variability. 
[bookmark: _Toc220764339]5.2 Discussion on Graphs 
The existing graph has provided a comprehensive picture of predictive marketing, which is driven by artificial intelligence. AI shapes consumer behaviour before explicit purchase intent. The demographic dividends and analysis reflect the impact of AI on younger, educated, and digitally active individuals. Gouveia and Santos, (2025) suggest that in a technologically driven culture, AI increases engagement frequency and buying readiness. This graph suggests that the literature findings are strongly inclined towards digitally led consumers. Analysing the use of AI-enabled marketing tools is relevant for contemporary online marketing contexts.
Based on the behavioural findings, AI-driven predictive marketing culture suggests a strong deviation towards assumptions, purchasing decisions and advertisements. Customers are not accustomed to a product, but purchasing decisions eventually get driven by AI tools. Personalised recommendations and retargeting mechanisms are the most common features. The graph states that predictive marketing does not direct consumers but influences them. This aligns with the results that AI influences consumer behaviour before conscious purchase. Valuable insights are obtained for academic research and practical marketing strategy development. As per Skillius and Jacobsson, (2024), predictive marketing increases shopping convenience and reduces coerciveness by increasing brand engagement. Consumers prefer the brand that utilises AI-based marketing tools, indicating that AI has a competitive advantage in e-commerce. However, Alabed et al. (2024) mentioned that consumer acceptance is not unconditional, but it depends on the accuracy of performance. Influential factors such as trust and privacy drive consumer acceptance. However, privacy remains secondary to perceived benefits.
As per the research perspective, the graph has supported the key literature findings and has reflected the predictive marketing functions through a theoretical premise. Choudhary, (2025) stated that such marketing types depend on pre-intent behaviours. On the other hand, Potwora et al. (2024) mentioned that AI anticipates demands and risks rather than responding to them, reshapes preferences and expectations in advance. The interpretation confirms that predictive marketing, when following ethical data practices, significantly impacts consumer behaviour positively. 
[bookmark: _Toc220764340]5.3 Discussion on Regression Analysis
The regression analysis is where the relationship between two or more variables are analysed and determined to fetch the outcomes as either positive or negative (Tyagi et al. 2022). In other words, regression justifies the relationship between two or more independent variables as either positive or negative and the outcomes determine how the rest of the study will follow. As this being said, the study with the application of regression analysis underlines three major tools such as Model Summary, ANOVA analysis, and Coefficient analysis which derives data from the context and determines the relationship between two or more independent variables. The Model summary shows that there is a high correlation between the observed and predicted values as the regression and the dependent variable, “PM enhances shopping experience”, have a high R value of 0.936. The value of R Square is 0.877 which indicates that 87.7% of the variance in enhanced shopping experience is measured by the five predictors, factors influencing marketing acceptance, predictive marketing influence on purchase, AI-influenced behaviour, enhanced purchase with predictive marketing, and perceived AI features respectively. Similarly, ANOVA analysis predicts that there is a meaningful influence of the independent variables to the dependent variables which proves the context of the study. The coefficient analysis on the other hand, is synchronized with the assumptions of theoretical frameworks such as Technology Acceptance Model and Resource Based View that aligns with consumer outcomes which can be positively improved through the strategic deployment and ease of use of AI tools. 
[bookmark: _Toc220764341]5.4 Discussion on Correlation Analysis
Correlation analysis is the tool that determines the relation between two variables at a time having the dependent and one independent variable from the other independent variables together. This can lead to positive or negative relationships between the variables where the negative can be partial or with every independent variable and same for positive. In this study, the correlation statistics between “PM enhances shopping experience” and "PR makes consumer purchase” (r = 0.915, p < 0.01) is the strongest. This resonates with the experiential quality of recommendation system, not just the outcomes of the transactions. Similarly, between the two variables, “PM increased purchasing” and the dependent variable “PM enhances shopping experience”, indicates a very high positive correlation with shopping experience enhancement (r = 0.926, p < 0.01). This shows that predictive marketing increases reliability for the customers, which further enhances their shopping experiences. There is also a positive relationship between “PM enhances shopping experience” and "AI features that you experienced” (r = 0.859, p < 0.01) which is strong and positive. As this being said, the relationship shows that predictive marketing enhances the faith of customers and the inclusion of technologies, making it more absolute such as personalised AI features to cover their interests. The significant value being less than 0.05 for every variable shows that the positive relationship between the dependent and the independent variables are strong. Hence, predictive marketing ensures transparency and customer satisfaction.
[bookmark: _Toc220764342]5.5 Comparative Analysis with Literature Review 
Predictive marketing has become the new era of change for the overall marketing structure. Several organisations are adopting new technologies and developing their strategies to attract new customers or a greater number of customers. Sansome et al. (2025), mentions that customers do prefer transparency and need brands to be more transparent. The recognition of AI as a tool for predictive analysis and marketing has assisted the organisations to fetch this transparency through eliminating obscurity and presenting customer feedback on social media pages regarding the brand through comments and posts. In other words, predictive analysis has provided transparency for the brands which has been enabled through feedback and comment mechanisms. Apart from this, the regression analysis shows a positive relationship between “PR makes consumer purchase”, and “PM enhances shopping experience” which proves the point that predictive marketing does improve customer purchase intentions and approach. Mecharla et al. (2024), on the other hand, remain slightly different with the statements. It states that predictive marketing alone cannot be the reason for enhanced shopping experience of the customers. It requires reach, understanding that is mutual, and quality products to ensure that the faith remains intact. Predictive marketing through AI is just a medium and hence, the era remains the same which is built with trust and understanding while AI pushes it further. This statement also cannot be ignored but also it is to be noted that AI does play a huge role in managing this relationship between customers and organizations.  
Being said so, it is noted through the correlation analysis that there is a close relationship between “PM enhances shopping experience” and “Factor that affect marketing acceptance” through its significant value and Person value. This shows that there are also factors that affect the overall predictive marketing and shopping experience for customers. AI ensures behavioral forecasts before active purchase assistance, which is one of the factors that contribute towards the changing era of marketing. Al Khady et al. (2023), mentions in this scenario that real-time analysis, pre-purchase data signals, scroll speed, and in-depth interaction are few more factors that affect the overall market acceptance towards AI. These are some of the positive factors which lead this technology to be accepted in a wider audience and thus ensure that the organizations also accept this for their growth. Vij et al. (2025), on the other hand contradicted by providing certain negative factors such as understanding, experience, visibility, and vision that affects acceptance as several organizations do not have the sight and skill to accept AI and use it for predictive marketing. Thus, this affects the growth of AI acceptance as well. Through this it is understood that there are both negative and positive lights to predictive marketing through AI which needs to be studied more. Again, the correlation analysis shows a connection between the two variables proving the point. Customers, like personalization as well, which is solely provided through technology and AI acceptance, is one of the benchmark measures taken by the organisations.
The organisations use AI for personalizing the contents for customers and attract them towards the brand. It is true that personalisation allows customers to choose what is right or best fitted for them, but it also results in impulsive buying, which is a negative side of predictive analysis or marketing. Alshaketheep et al. (2024), mentions that customers are driven by what is right and choose that aligns with their tastes. However, sometimes personalisation makes them purchase unnecessary products that might not be a prudent decision. Some people blame social media for this as well where brands use predictive marketing through AI the most. However, Roy et al. (2024), chooses a different reason for impulsive buying. It is undeniable that predictive analysis pushes the customers to buy what is right and what is not suitable as well as creating an urgency of impulsive buying but at the same time, it is also true that customers are the most primal objective of impulsive buying. In other words, whether to buy a thing or not to buy a thing depends on the customer’s cognitive and voluntary decision and not solely on the organisations that use predictive marketing. Being said so, it is understood that AI plays a crucial role in predictive marketing but also it depends on the customers whether they desire to purchase or not (Anthony et al. 2025). The descriptive statistics show a broad behaviour of positive influence between “Behaviour affected by AI forecasts”, and “PM enhances shopping experience”. This relation highlights that purchase behaviour is affected by the AI forecasts and this enhances the shopping experience. But certain views suggest that it also drives impulsive buying, which means in a negative or positive light, AI affects purchase behaviour such as whether to drive them in an impulsive manner or to drive them positively for the customers.  
Lastly, it is understood that AI is able to detect subtle behaviors and their shifts in the market which triggers emotional aspects that anticipate needs. This further allows brands to intervene with personalised engagement which lies before a formal search or purchase which improves conversion rates. Lopes et al. (2024), in this aspect underlines that AI tracks movements, time on page, and engagement levels to push interests of the customers. This is the first step towards personalized marketing, and this is how AI improves the marketing and experience of buying for the customers. The AI is capable of tracking sentiments as well which analyses language, calls, and social media to identify the emotional states and needs of the customers. This might sound like intervention of personal space, but AI ensures keeping personal data confidential and has the ability to gather only that matters. Das, and Das, (2025), further highlights while agreeing with the statement that AI interprets and identifies urgency and local needs. This assists the organisations to further improve their approach towards the customers and gather data that is required for enhancing their product line as well.   
[bookmark: _Toc220764343]5.6 Conclusion 
AI is used in predictive marketing to reduce organisational resistance to technical changes. A consumer's behaviour is not random; rather, it depends on AI’s accuracy and its relevance. From the chapter it can be concluded that AI can be used in marketing to increase the consumer relationship with the business. Regression and correlation analysis has helped us understand how the purchasing intention of customers is influenced by cognitive and voluntary decisions and not solely by organizations. The next chapter will focus on the key findings and the future implications of the research. Also, recommendations will be provided for the limitations drawn. 


[bookmark: _Toc220764344]Chapter 6: Conclusion and Recommendations 
[bookmark: _Toc220764345]6.1 Introduction 
The following chapter will elucidate the key understandings of AI-based predictive marketing to enhance consumer service and meet buyers' expectations. AI provides personalised product recommendations and impacts consumer purchase (Alabi, 2024). The core empirical findings from the literature review and analysis chapter will be evaluated. The positive and negative counterattacks of the author in the discussion chapter will be systematically reviewed and analysed in this chapter. The study’s findings support the existing academic arguments. It also speculates on the restricted demography and regional constraints on implementing AI in marketing. Later, limitations will be drawn that occur while conducting their research. Recommendations will be provided to overcome the limitations. 
[bookmark: _Toc220764346]6.2 Key Understandings from the Study
This section presents the key understandings derived from a systematic comparison between the perspectives offered in the literature review and the empirical findings obtained from primary data analysis. The discussion is structured in line with the research objectives and highlights how the study’s findings either support, extend or nuance existing academic arguments. 
Objective 1: To determine different types of AI techniques that play a role in digital marketing. 
The literature strongly emphasises the diversification of AI techniques as the backbone of predictive marketing. According to Gobbilla and Kiran, (2025), traditional digital marketing relied largely on descriptive analytics, whereas modern AI-driven marketing operates in a predictive and anticipatory space. Similarly, as argued by Ramya et al. (2024), both machine learning and big data analytics enable marketers to forecast consumer behaviour even before explicit purchase intent is expressed. As for Ziakis and Vlachopoulou, (2023), key IA techniques, such as machine learning, natural language processing (NLP), deep learning and recommender systems, are central to this transformation. 
These theoretical positions are strongly validated by the primary findings, with the majority of the primary respondents identifying personalised product recommendations as the most experienced AI feature, followed by retargeting advertisements and chatbots. These findings support the perspective of Macharla et al. (2024), stating that AI systems evaluate browsing history, past purchases and search patterns to predict consumer preferences. The dominance of recommendation systems confirms that machine learning-based algorithms are the most visible and influential AI technique in predictive marketing. Further support is provided by the correlation and regression analysis, with the variable of “AI features that you experienced” showing a strong positive relationship with enhanced shopping experience. This aligns with Reed et al. (2025), arguing that explainable AI and accessible dashboards increased perceived usefulness and user confidence. Overall, the findings confirm that AI techniques play a direct and meaningful role in shaping digital marketing techniques instead of remaining limited to backend analytics. 
Objective 2: To assess the role of predictive marketing in shaping customer behaviour, particularly purchasing intention.
In the opinion of Alshaketheep et al. (2025), it stated that predictive analytics anticipate the likely demands of the consumers prior to actively expressing their purchase intent. Moreover, Singh and Kaunert, (2024), further noted that personalised AI-driven suggestions reduce decision-making effort and often lead consumers to purchase items they did not originally plan to buy. These arguments suggest that predictive marketing affects early stage thinking and evaluation. Furthermore, the primary analysis supports these claims, with the results demonstrating respondents strongly agreeing to AI forecasts affecting their purchase intentions. This is further validated by Xu and Liu, (2024), mentioning the influence of predictive analytics on emotional and cognitive decision-making by analysing behavioural signals. The graphical analysis reveals that a major portion of the participants stated that AI forecasts shape assumptions, while a significant group indicates that AI influences purchases by forecasting relevant products. This confirms that predictive marketing affects consumers at the pre-intent stage. Thus, the findings demonstrate that AI predictions shape consumer assumptions, preferences and evaluation before an actual purchase decision is made. In addition, correlation analysis shows a very strong relationship between predictive recommendations making consumers purchase and enhanced shopping experience, supporting the claim of Samishetty, (2025), on trust in AI-driven recommendations increasing the likelihood of consumers acting on them. Therefore, predictive marketing both increases purchase intention as well as improves how consumers feel about their overall shopping journey.
Objective 3: To determine the factors affecting the integration of AI tools for better predictive marketing.
Based on the perspective of Jaapar et al. (2024), it is observed that high costs, limited skills and infrastructural complexity initially slowed AI adoption, besides Naz and Kashif, (2025), further arguing that lack of trust in automated decision-making reduces marketers’ willingness to rely on AI outputs. These concerns are often explained using Rogers’ Diffusion of Innovation Theory where Kolesnik, (2025), highlighted relative advantages, compatibility and complexity as the important adoption factors. The primary findings strongly reflect these arguments, with graphs showing accuracy of predictions as the most important factor affecting marketing acceptance, alongside brand trust, ease of use and privacy concerns. These findings directly support Aljumah et al. (2024), expressing that perceived usefulness and trust play a dominant role in AI adoption. Consumers are more willing to accept predictive marketing when they believe that predictions are accurate and the brand is trustworthy. 
Regression analysis further confirms that factors affecting marketing acceptance significantly influence enhanced shopping experience, supporting Zerilli et al. (2022) by raising concerns about black-box AI reducing confidence, while also aligning with Reed et al. (2025) who argued that explainability improves acceptance. Overall, the findings show that successful AI integration depends not only on technology but also on transparency, trust, accuracy and ethical data use.
Objective 4: To analyse the relationship between predictive marketing and business growth. 
Batainah et al. (2024) stated that predictive analytics transforms customer signals into actionable forecasts that reduce marketing costs and improve acquisition efficiency. From a strategic perspective, Dahake et al. (2024) argued that predictive intelligence, under the Resource-Based View theory, constitutes a valuable and difficult-to-imitate organisational resource, thus positioning predictive marketing as a strategic capability rather than a short-term tool. The empirical findings, especially the survey results, displayed that predictive marketing increases purchasing behaviour, followed by the correlation analysis further revealing a very strong relationship between predictive marketing, increasing purchasing and enhanced shopping experience. This supports Agu et al. (2024) who stated that predictive analytics enhances conversion rates and long-term customer value. Furthermore, regression analysis shows that its high variance in enhanced shopping experience is explained by predictive marketing variables, highlighting its strong impact on consumer outcomes. These findings extend the view of Pratama et al. (2024) on AI-enabled prediction embedded in decision-making accelerating organisational responsiveness. Overall, the results confirm that predictive marketing contributes directly to increased purchases, improved customer experience and sustained business growth. 
Therefore, the findings validate the key findings that AI-driven predictive marketing significantly influences consumer behaviour before purchase develops. While concerns over privacy and trust are accepted, predictive marketing is considered as a powerful, experience-enhancing and strategically valued tactic in modern digital marketing.
[bookmark: _Toc220764347]6.3 Limitations of the study
Despite offering useful insights, the sample size is limited to 80 respondents, which may not fully represent the diverse population of digital consumers. The use of convenience sampling may also restrict the generalisability of the findings, as the participants were selected based on accessibility rather than random selection. Secondly, while the research examined several AI-related factors, it did not explore advanced AI techniques, like generative AI, in detail, which may influence predictive marketing outcomes. Thirdly, the study relied on self-reported survey responses, which may include personal bias or socially desirable answers. Finally, the research adopted a cross-sectional design, capturing consumer perceptions at a single point of time. As a result, changes in consumer behaviour over a longer period could not be observed. Additionally, the study focused mainly on online consumer experiences, limiting insights into offline or omnichannel consumer behaviour. 
[bookmark: _Toc220764348]6.4 Recommendations for the study 
Based on the findings of this study, several recommendations are suggested for business and marketers. Organisations should focus on improving accuracy of AI-driven predictive marketing tools, considering accuracy was identified as the most important factor influencing consumer acceptance (Patil et al. 2024). Marketers should also ensure transparency in how consumer data is collected and used, which can help build trust and reduce privacy concerns. Providing clear explanations of AI recommendations can increase consumer confidence and engagement. From a strategic point of view, organisations can integrate predictive marketing into long-term business planning, instead of using it only for short-term sales goals. Businesses should invest in user-friendly AI systems and train marketing teams to effectively interpret and use predictive insights instead of relying solely on automation, further adopting a balanced approach by combining AI predictions with human judgment to enhance decision-making (Rane et al. 2024). Continuous monitoring and evaluation of AI performance are recommended to ensure relevance and fairness. Lastly, ethical guidelines must be established to prevent intrusive personalisation and ensure responsible use of consumer data (Matthew et al. 2025). Therefore, responsible, transparent and customer-centric use of predictive marketing can improve consumer experience, increase purchase intention and support sustainable business growth.
[bookmark: _Toc220764349]6.5 Future scope of the research 
Future research can build upon this study by including a larger and more diverse sample size using probability sampling techniques to improve the generalisability of findings, while also amalgamating semi-structured interviews on in-depth perspectives on this subject. Longitudinal studies could be conducted to observe how consumer trust and behaviour towards predictive marketing evolve over time.  Further research could also integrate psychological and emotional variables, like perceived control and autonomy, to deepen understanding of consumer responses (Waqas and Qadri, 2025). Future studies may also explore the role of emerging technologies, such as generative AI and real-time predictive systems, in shaping pre-purchase behaviour (Hemachandran et al. 2024). In addition, researchers can examine predictive marketing across different retail, healthcare and financial services, to identify sector-specific differences. Cross-cultural studies would help understand how cultural values influence consumer acceptance of AI-driven marketing.
[bookmark: _Toc220764350]6.6 Conclusion
The chapter has analysed the key findings of the research and also has showcased the output of whether all the objectives have met. The chapter has focused on exploring the emerging role of AI in predictive marketing and improving consumer trust. The research examined several AI-related factors. AI is used for predictive analytics and has been mainly associated with improving financial services and cross-cultural collaboration across markets. However, the sample size, research content and the information have faced certain criticism, which limited the output. Recommendations have been provided to overcome the limitations and improve the outcome. 
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Q1. What is your age? 
a. 18 to 24 
b. 25 to 34  
c. 35 to 44   
d. 45 to 54 
e. 55 and above 
Q2. What is your gender? 
a. Male   
b. Female 
c. Non binary 
d. Prefer not to say 
Q3. Which industry do you currently work in?
a. Retail 
b. IT / Technology 
c. Finance
d. Education
e. Healthcare
f. Other 
Q4. What is your highest level of education completed?
a. Secondary education 
b. Undergraduate degree  
c. Postgraduate degree 
d. Doctoral degree 
e. Other
Q5. What is your current location?
a. Urban (city / metropolitan area) 
b. Suburban (towns, outskirts of cities) 
c. Rural (villages / countryside) 
d. International (outside the UK) 
e. Prefer not to say
Q6. What is your approximate annual household income?
a. Less than £15,000 
b. £15,000 – £29,999 
c. £30,000 – £44,999 
d. £45,000 – £59,999 
e. £60,000 and above 
Q7. How often do you shop online? 
a. Daily 
b. Weekly 
c. Monthly 
d. Sometimes
e. Never
Q8. How familiar are you with AI based marketing tools? 
a. Very familiar 
b. Somewhat familiar 
c. Slightly familiar
d. Not familiar
Q9. Consumer behaviour towards purchases have been affected through following different AI forecasts
a. Strongly agree 
b. Agree  
c. Neutral 
d. Disagree 
e. Strongly disagree 
Q10. In what way do you think your behaviour has been affected by different AI forecasts
a. Influences purchases through forecasting products  
b. Creation of the sense of urgency through Predictive Analytics 
c. Shapes assumptions  
d. Retargeting ads and reminders  
Q11. Which of the following AI driven features have you experienced during online shopping? 
a. Personalised product recommendations 
b. Retargeting ads 
c. Dynamic pricing 
d. Chatbots
Q12. AI improves the relevance of advertisements you receive online
a. Strongly agree 
b. Agree
c. Neutral 
d. Disagree 
e. Strongly disagree 
Q13. How often do predictive emails or messages encourage you to revisit a product? 
a. Very often 
b. Often 
c. Sometimes 
d. Rarely
e. Never 
Q14. How comfortable are you with companies using your browsing history to predict your preferences?
a. Very comfortable 
b. Comfortable 
c. Neutral 
d. Not comfortable at all 
Q15. Predictive product recommendations make consumer purchase items that was initially not intended to buy.
a. Strongly agree  
b. Agree  
c. Neutral 
d. Disagree 
e. Strongly disagree 
Q16. How important is data privacy to you when engaging with AI-driven marketing?
a. Very important 
b. Important 
c. Neutral  
d. Not important at all 
Q17. How satisfied are you with the accuracy of the predictive recommendations you receive online?
a. Very satisfied  
b. Satisfied  
c. Neutral  
d. Dissatisfied 
e. Very dissatisfied 
Q18. AI-based predictive marketing enhances the overall online shopping experience
a. Strongly agree 
b. Agree  
c. Neutral  
d. Disagree  
e. Strongly disagree  
Q19. To what extent would you like product recommendations from AI-based systems?
a. To a very high degree 
b. To a high degree 
c. To a moderate degree 
d. To a low degree 
e. Not at all 
Q20. How likely are you to continue shopping with brands that use AI to personalise your shopping experience?
a. Very likely  
b. Likely  
c. Neutral
d. Unlikely
e. Very Unlikely 
Q21. AI-based predictive marketing increases the likelihood of purchasing more frequently from a brand
a. Strongly agree 
b. Agree 
c. Neutral 
d. Disagree 
e. Strongly disagree 
Q22. Which factor did you believe affect your acceptance of AI driven marketing? 
a. Privacy concerns  
b. Accuracy of predictions 
c. Trust in the brand 
d. Transparency about the data usage 
e. Ease of use
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