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Abstract 

Artificial intelligence (AI) has emerged as a transformative force in retail marketing, 

fundamentally reshaping how organizations design, implement, and optimize campaign 

strategies. This umbrella review synthesizes findings from 72 peer-reviewed systematic 

reviews and meta-analyses published between 2010 and 2024, providing a comprehensive, 

macro-level evaluation of how AI is applied within marketing analytics to enhance retail 

performance. The reviewed literature spans a wide array of AI techniques—including 

supervised learning, unsupervised learning, deep learning, reinforcement learning, and 

natural language processing (NLP)—and their respective roles in improving campaign 

forecasting, real-time adaptability, customer segmentation, personalization, sentiment 

analysis, and attribution modeling. The study finds that supervised learning algorithms are 

widely utilized to predict campaign performance metrics such as conversion rates and 

customer retention, while deep learning models, particularly LSTM and CNN, are applied 

in modeling sequential consumer behavior and enhancing journey personalization. 

Reinforcement learning is frequently employed to enable real-time decision-making in 

campaign delivery and loyalty programs, while unsupervised clustering methods like K-

means and DBSCAN are central to AI-enabled psychographic and behavioral 

segmentation. Additionally, NLP techniques—especially transformer-based models like 

BERT and GPT—are instrumental in analyzing sentiment, identifying intent, and 

optimizing conversational engagement across digital touchpoints. A key contribution of 

this review is the synthesis of emerging research that addresses legal and ethical 

implications, with a particular focus on regulatory frameworks such as the General Data 

Protection Regulation (GDPR) and California Consumer Privacy Act (CCPA). These 

regulations have prompted shifts in AI marketing system design, leading to increased 

transparency, and consumer control. The study offers valuable insights for scholars, 

practitioners, and policymakers seeking to understand the scope, effectiveness, and 

governance of AI-driven marketing analytics in retail contexts. 
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INTRODUCTION 
Marketing analytics is defined as the practice of measuring, managing, and analyzing marketing 
performance to maximize its effectiveness and optimize return on investment (Kitchens et al., 2018). 
This discipline involves the systematic collection and interpretation of data related to marketing 
activities, with the goal of understanding consumer behavior, campaign performance, and overall 
brand engagement (Akter et al., 2023). In the context of retail strategy, marketing analytics plays a 
crucial role in enabling decision-makers to craft customer-centric strategies based on empirical 
evidence (Breugelmans et al., 2014). Artificial intelligence (AI) has significantly enhanced marketing 
analytics by allowing machines to detect patterns, predict customer behaviors, and offer actionable 
insights with minimal human intervention (Mariani et al., 2021). Globally, the relevance of AI-
enhanced marketing analytics has grown as businesses aim to personalize experiences and 
efficiently allocate marketing resources. According to Kurtzke and Setkute (2021), the use of AI in 
marketing has become a key driver for achieving superior business performance. This international 
phenomenon is visible across advanced economies such as the United States and Germany, as well 
as emerging markets like India and Brazil, where digital retail platforms increasingly rely on AI 
models for competitive advantage (Vollrath & Villegas, 2021). 
Figure 1: The role of AI in Marketing Analytics 

The strategic application of AI in retail 
marketing has facilitated advancements 
in several core areas, including 
customer segmentation, sentiment 
analysis, churn prediction, 
recommendation systems, and 
campaign optimization (Erevelles et al., 
2016). These innovations are not simply 
technical improvements but have been 
embedded into the marketing 
workflows of leading global retailers 

such as Amazon, Walmart, and Alibaba (Cao et al., 2021). AI techniques, particularly machine 
learning and deep learning algorithms, enable retailers to move from descriptive and diagnostic 
analytics toward more sophisticated predictive and prescriptive insights (Verhoef et al., 2016). This 
shift has expanded the possibilities of targeted marketing by tailoring messages, promotions, and 
product recommendations to individual consumer profiles, drawn from real-time data (Lim & 
Heinrichs, 2021). Additionally, the proliferation of omnichannel retailing has made AI-powered 
analytics essential to harmonize consumer touchpoints across digital and physical interfaces 
(Bischoff et al., 2019). Retailers employ reinforcement learning models to dynamically adjust 
campaign strategies based on current market responses and consumer feedback loops (Cham et al., 
2022). In this way, AI-driven marketing analytics has become an integral part of adaptive retail 
strategies worldwide. 
The rise of big data has further catalyzed the fusion of AI and marketing analytics, generating 
granular insights from consumer transactions, browsing behavior, and social media interactions 
(Rahman et al., 2021). Large datasets extracted from point-of-sale systems, customer relationship 
management platforms, and online tracking cookies provide the necessary input for training AI 
models (Cao et al., 2019). This data-driven foundation allows for real-time decision-making 
capabilities in marketing campaigns, including dynamic pricing, personalized promotions, and 
next-best-action recommendations (Jayaram et al., 2015). The implementation of AI also supports 
advanced attribution models, which help retailers understand the multifaceted paths leading to 
conversions (Xu et al., 2016). Retailers have leveraged these insights to improve customer lifetime 
value (CLV) estimations, upselling strategies, and resource allocation across marketing channels 
(D’Arco et al., 2019). The global significance of these developments is underscored by empirical 
evidence from various markets, such as the UK, South Korea, and Canada, where AI-enabled 
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marketing strategies have produced 
measurable gains in customer 
retention and sales growth. 
Retail strategy, traditionally focused 
on price, product, place, and 
promotion, has increasingly 
incorporated AI-driven insights to 
refine these marketing mix elements 
(Verma et al., 2020). For example, 
pricing strategies are now often 
determined using algorithmic 
models that analyze competitor 
pricing, demand fluctuations, and 
inventory levels (Carolan, 2018). 
Similarly, AI facilitates hyper-
targeted promotional strategies by 
modeling consumer preferences and 
purchase intentions (Santoro et al., 
2019). In product strategy, retailers 
deploy AI to forecast trends, 
manage assortments, and optimize 
stock-keeping unit (SKU) performance (Silva et al., 2019). AI also supports retail location strategies 
through geospatial analysis and consumer foot traffic prediction (Hoang et al., 2023). These 
examples reveal how marketing analytics infused with AI provides a comprehensive toolkit to 
formulate and adapt retail strategies based on empirical evidence rather than managerial intuition 
alone (Liu et al., 2018). This analytical shift has been recognized by academic scholars and business 
practitioners alike, with extensive research pointing to its role in achieving market responsiveness 
and operational efficiency (Balaji & Rao, 2013). 
Campaign optimization remains one of the most frequently examined areas of AI-driven marketing 
analytics, primarily because of its direct connection to key performance indicators such as 
conversion rates, return on ad spend (ROAS), and engagement metrics (Verma & Singh, 2017). 
Algorithms such as decision trees, neural networks, and ensemble models have been widely applied 
to forecast campaign outcomes and adjust messaging in real time. Retailers use A/B testing in 
conjunction with AI models to refine creative elements, target groups, and campaign timing. 
Moreover, reinforcement learning models allow marketing campaigns to “learn” optimal strategies 
based on cumulative feedback and outcomes (Zaichkowsky & Klaus, 2022). This level of 
sophistication in campaign analytics has enabled retailers to minimize ad fatigue, reduce customer 
churn, and increase purchase frequencies. Social media marketing has also benefited from AI-
powered optimization techniques, with platforms like Facebook and Instagram incorporating AI 
into their ad delivery systems to enhance targeting accuracy. Studies across different global retail 
markets have shown that data-backed campaign optimization significantly improves the alignment 
of promotional strategies with consumer behavior patterns (Behera et al., 2023) 
Another essential component of AI-enhanced retail marketing is personalization, which refers to 
tailoring experiences, messages, and product offerings to individual customers based on their 
unique profiles and behaviors (Youssef et al., 2022). AI technologies enable micro-level 
personalization by integrating data from purchase history, web interactions, demographic data, and 
psychographic indicators. Retailers adopt collaborative filtering, content-based filtering, and hybrid 
recommendation systems to generate personalized product suggestions that drive cross-selling and 
upselling opportunities. The importance of personalization has been confirmed in various empirical 
contexts, including fashion retail, grocery chains, and e-commerce platforms, where it enhances 
customer satisfaction and loyalty (Huber & Stuckenschmidt, 2020). AI also supports personalized 
email campaigns, chatbot interactions, and loyalty program management (Pereira & Frazzon, 2021). 

Figure 2: AI in marketing Mix 
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The scalability of these solutions has made personalization a critical pillar of retail success globally, 
with studies showing increased revenue per user (RPU) and reduced customer acquisition costs 
(CAC) through AI-enhanced strategies (Brüns & Meißner, 2024). The primary objective of this 
systematic review is to critically evaluate and synthesize existing literature on the use of artificial 
intelligence (AI) in marketing analytics as applied within retail strategy, with a particular focus on 
campaign optimization through data-driven techniques. This study aims to bridge the knowledge 
gap by systematically categorizing, analyzing, and interpreting how AI tools such as machine 
learning, deep learning, natural language processing, and predictive analytics contribute to the 
development, execution, and optimization of marketing campaigns in retail environments. A 
growing volume of scholarly and industry-focused literature has emphasized the transformative 
potential of AI in redefining marketing strategies, particularly in how retailers personalize customer 
experiences, allocate resources, and forecast campaign outcomes. However, existing studies often 
vary widely in terms of methodological rigor, regional focus, and industry application, creating 
fragmentation in the overall understanding of AI’s strategic value. By aggregating and critically 
analyzing 96 peer-reviewed studies published between 2010 and 2024, this review seeks to establish 
a comprehensive and coherent understanding of how AI technologies are currently being integrated 
into marketing analytics frameworks across different retail sectors and geographies. Furthermore, 
the objective includes identifying dominant analytical models, assessing the effectiveness of AI-
driven campaign strategies, and highlighting organizational, ethical, and technical barriers to 
implementation. The review also evaluates the influence of AI-enabled analytics on measurable 
retail outcomes such as customer acquisition, retention, conversion rate, and return on marketing 
investment (ROMI).  
LITERATURE REVIEW 
The convergence of artificial intelligence (AI) and marketing analytics has reshaped how retail 
businesses strategize, execute, and evaluate their marketing efforts. Over the past decade, a growing 
body of interdisciplinary literature has emerged to examine how AI technologies—including 
machine learning, deep learning, natural language processing (NLP), and reinforcement learning—
are integrated into retail marketing strategies. These studies span multiple dimensions, from 
algorithmic model development to practical implementation in real-world retail contexts. The aim 
of this literature review is to map and synthesize the academic and empirical contributions that 
explain, test, and critique the adoption of AI in marketing analytics with an emphasis on campaign 
optimization. It highlights the dominant themes, methodologies, application domains, and 
outcomes reported in the literature, and systematically organizes them into relevant subdomains to 
clarify the current state of knowledge. This section also identifies common challenges, such as data 
privacy, interpretability, and algorithmic bias, alongside the enablers of successful AI integration in 
retail settings. The review further isolates gaps that have persisted in the literature and provides a 
thematic classification to serve as the foundation for subsequent sections of this systematic review. 
Marketing Analytics 
Marketing analytics, as a data-intensive function, has transformed from simple descriptive statistics 
into a robust domain that informs strategic marketing decisions using real-time data insights (Davis 
et al., 2021). Early conceptualizations of marketing analytics emphasized measurement and 
performance tracking through key metrics such as ROI, customer lifetime value (CLV), and 
customer acquisition cost (Petrescu et al., 2020). With the proliferation of digital marketing 
platforms and the availability of large-scale consumer data, researchers began exploring more 
predictive and prescriptive models. The evolution from traditional tools such as regression analysis 
and clustering to AI-based techniques like neural networks and support vector machines marked a 
significant leap in analytical capabilities (Hossain et al., 2022). According to Wedel and Kannan, 
(2016), this shift allowed marketers to move from retrospective evaluation to proactive strategy 
formulation. Numerous studies have confirmed that predictive analytics facilitates improved 
customer segmentation, targeting, and campaign personalization (Winston, 2014). The integration 
of cloud computing and customer relationship management (CRM) systems further accelerated the 
adoption of analytics in marketing (Ghose, 2019). Firms such as Amazon, Netflix, and Walmart 
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exemplify how advanced analytics can optimize every stage of the customer journey, from 
awareness to conversion and retention (Basu et al., 2023) Additionally, research by Sheth (2021) 
underlined how marketing analytics increasingly drives customer-centricity in retail, enabling data-
backed storytelling and value proposition delivery. The scholarly consensus highlights a robust 
transformation where marketing analytics has become a central pillar of competitive advantage 
across industries. 

Figure 3: Evolution of Marketing Analytics 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Scholars have broadly categorized marketing analytics into descriptive, diagnostic, predictive, and 
prescriptive models (Basu et al., 2023; Germann et al., 2013). Descriptive analytics focuses on what 
happened in past campaigns by analyzing KPIs, sales volumes, and consumer behavior patterns. 
Diagnostic analytics delves deeper to explain why certain outcomes occurred, often using A/B 
testing and regression analysis to determine causality (Sheth, 2021). Predictive analytics leverages 
statistical modeling, machine learning, and forecasting tools to estimate future behavior such as 
churn probability, purchase intent, or product demand. Prescriptive analytics then suggests optimal 
actions by applying optimization algorithms and simulation techniques. Numerous empirical 
studies have evaluated the comparative performance of different techniques within each category. 
For instance, Basu et al. (2023) found decision trees and support vector machines highly effective 
for binary classification tasks in consumer prediction. Ghose (2019) demonstrated that ensemble 
models outperformed individual algorithms in predicting multi-channel marketing effectiveness. 
Additionally, the use of attribution modeling, particularly through Shapley value and Markov 
chains, has expanded the application of prescriptive analytics in campaign budgeting and media 
planning. These classifications help organize the literature and clarify how marketing analytics 
frameworks support strategic planning in retail. Research by Winston (2014) and Wedel and 
Kannan, (2016) further indicates that model selection depends not only on technical performance 
but also on managerial interpretability and context-specific applicability. 
Customer segmentation has long been a cornerstone of effective marketing, and marketing analytics 
has provided the quantitative backbone to refine this practice using empirical data. Traditionally, 
segmentation was done based on demographic or geographic data, but contemporary approaches 
involve behavioral, psychographic, and predictive segmentation enabled by analytics. Techniques 
such as K-means clustering, hierarchical clustering, and DBSCAN have been widely used to 
categorize customers into actionable groups based on spending behavior, brand loyalty, and 
engagement levels (Hossain et al., 2022). Petrescu et al. (2020) demonstrated that machine learning 
models enhance segmentation accuracy, allowing retailers to tailor messages and offers more 
effectively. In large-scale retail environments, unsupervised learning methods have been employed 
to discover latent patterns in consumer behavior that are not visible through conventional analysis 
(Davis et al., 2021). Studies by Liang et al. (2022) and Cao and Tian (2020) confirm that AI-driven 
customer segmentation leads to improved marketing performance metrics, including higher click-
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through rates, lower acquisition costs, and increased conversion rates. Furthermore, integrating 
segmentation analytics with CRM systems allows for personalized marketing automation, 
enhancing customer satisfaction and retention. Research also shows that firms implementing data-
driven segmentation strategies outperform their competitors in terms of responsiveness, relevance, 
and campaign ROI (Xu et al., 2016). Thus, segmentation analytics is not just a supporting function 
but a critical driver of campaign optimization and strategic alignment. 
Marketing campaign optimization refers to the process of adjusting promotional strategies based 
on analytics insights to improve key performance indicators (KPIs) such as engagement, click-
through rates, and return on marketing investment (ROMI). With the advent of AI, campaign 
optimization has shifted from rule-based decision-making to real-time, data-driven interventions. 
Machine learning models such as XGBoost, random forests, and neural networks are increasingly 
being used to predict the optimal timing, frequency, and channel for marketing messages (Cao et 
al., 2019). Reinforcement learning approaches, especially multi-armed bandits, allow campaigns to 
dynamically adapt to ongoing performance feedback (Rahman et al., 2021). Lim and Heinrichs 
(2021) show that data-backed campaign optimization significantly improves cost-efficiency and 
effectiveness compared to traditional heuristics. A/B and multivariate testing, enhanced by AI-
driven segmentation, further allow marketers to experiment with message formats, visuals, and 
calls to action at scale. Attribution modeling also plays a critical role in campaign optimization by 
identifying which touchpoints contribute most to conversions, using algorithms such as logistic 
regression, Bayesian networks, and Markov models. Furthermore, cross-channel optimization 
strategies supported by analytics help allocate budget across digital, mobile, and offline platforms 
more effectively. The literature consistently supports the premise that marketing analytics not only 
enhances campaign performance but also enables real-time responsiveness and personalized 
consumer interaction. While the benefits of marketing analytics are well-documented, 
organizational adoption remains contingent on several internal and external factors (Cao et al., 
2021). Studies indicate that analytics adoption is strongly influenced by firm size, digital maturity, 
leadership vision, and technological infrastructure (Vollrath & Villegas, 2021). A key enabler of 
successful implementation is the presence of data-driven culture, where decision-makers rely on 
empirical evidence rather than intuition (Akter et al., 2023). Lack of skilled personnel and 
inadequate integration between marketing and IT functions are frequently cited as barriers (Vollrath 
& Villegas, 2021). Training, data governance, and cross-functional collaboration are essential to 
translate analytics insights into actionable strategy (Cao et al., 2021). Moreover, interpretability of 
AI models has emerged as a crucial concern, especially when non-technical stakeholders are 
involved in decision-making (Lim & Heinrichs, 2021). Researchers also highlight that privacy 
regulations such as GDPR and CCPA require firms to reconsider how consumer data is collected, 
processed, and stored, adding complexity to analytics implementation (Rahman et al., 2021). 
Organizational readiness, measured in terms of infrastructure, skills, and leadership support, plays 
a decisive role in determining whether marketing analytics efforts will result in strategic benefits or 
fall short due to executional gaps (Cao et al., 2019). Therefore, the success of marketing analytics is 
not solely technical but fundamentally organizational. 
Marketing Analytics: From Traditional to AI-Driven Models 
The historical evolution of marketing analytics reflects a transition from retrospective evaluations 
to forward-looking strategic tools. Initially, marketing analytics was dominated by descriptive 
models, which involved summarizing historical data to understand trends in customer acquisition, 
sales performance, and campaign effectiveness (Vollrath & Villegas, 2021). Diagnostic analytics 
emerged as the next layer, allowing marketers to understand causal relationships by employing 
tools such as cross-tabulation, A/B testing, and simple regression analysis. These methods formed 
the backbone of decision-making in the 1990s and early 2000s. However, with the increasing 
availability of granular and real-time data, marketers began adopting predictive analytics, using 
statistical modeling and machine learning to anticipate customer behavior, forecast product 
demand, and assess campaign outcomes. Prescriptive analytics soon followed, leveraging 
optimization and simulation algorithms to recommend actionable strategies such as pricing 
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adjustments or media allocation. Cao et al. (2021) show that firms applying predictive and 
prescriptive analytics report superior marketing ROI and improved customer lifetime value (CLV). 
Moreover, the increasing use of recommendation systems and dynamic content optimization has 
further cemented prescriptive models as core components of AI-driven marketing infrastructures 
(Lim & Heinrichs, 2021). This paradigm shift has transformed marketing analytics from a reporting 
mechanism into a predictive engine that supports real-time strategy execution and customer 
personalization (Bischoff et al., 2019). The scholarly trajectory shows a layered progression where 
each phase builds upon prior data practices while amplifying the decision-making power of 
marketing organizations. 
 

Figure 4:Marketing Analytics Maturity Curve: From Traditional Insights to AI-Driven Strategy 

 
 

The evolution of marketing analytics over the last two decades has been shaped by several 
technological and conceptual turning points. Prior to 2010, marketing data was primarily gathered 
through point-of-sale systems, surveys, and customer panels, which limited both the volume and 
velocity of insights. Analytical tools were restricted to spreadsheet-based models and software such 
as SPSS and SAS, primarily used for linear regressions and basic clustering. A significant inflection 
occurred post-2010 with the rise of web analytics, digital tracking, and social media platforms, 
which enabled firms to collect vast datasets encompassing clickstreams, dwell times, likes, shares, 
and customer reviews. The period between 2010 and 2015 witnessed the integration of CRM and 
ERP systems with business intelligence tools, allowing for a consolidated view of the customer 
(Cham et al., 2022). During this phase, marketing analytics expanded into predictive modeling with 
the use of algorithms such as support vector machines, logistic regression, and decision trees 
(Rahman et al., 2021). After 2016, the adoption of deep learning and reinforcement learning models 
marked another leap, especially in large firms such as Amazon and Alibaba, which began 
leveraging real-time recommendation engines and adaptive pricing systems (Cao et al., 2019). 
Cloud-based platforms like Google Cloud, AWS, and Microsoft Azure made scalable data storage 
and processing accessible, facilitating advanced analytics even for mid-sized enterprises (Xu et al., 
2016). The pandemic in 2020 further accelerated digitization, leading to unprecedented investments 
in real-time analytics and AI-based marketing platforms (Cao & Tian, 2020). These milestones 
collectively transformed marketing analytics from a retrospective reporting tool into a dynamic 
decision-making ecosystem. 
A comparative review of traditional statistical techniques and modern AI-driven approaches in 
marketing analytics reveals fundamental differences in scalability, adaptability, and 
interpretability. Traditional models, including linear and logistic regression, time-series forecasting, 
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and basic clustering algorithms, were widely used throughout the 1990s and early 2000s due to their 
interpretability and ease of use. These methods provided actionable insights but often struggled 
with high-dimensional data, non-linear relationships, and real-time adaptability. In contrast, AI-
driven models such as artificial neural networks (ANN), gradient boosting machines (GBM), and 
ensemble methods offer superior performance in complex data environments due to their ability to 
model non-linearity, interaction effects, and large datasets without extensive feature engineering 
(Cao & Tian, 2020). Ghose and Han (2014) show that AI algorithms consistently outperform 
traditional models in predicting customer churn, sales conversion, and campaign effectiveness. 
While traditional models are often preferred for their transparency and regulatory compliance—
especially in industries requiring explainability—AI models dominate in applications demanding 
precision and adaptability. For instance, convolutional neural networks are now used for image-
based product recommendation systems in e-commerce, while transformer-based language models 
are applied to text sentiment analysis in digital campaigns (Liang et al., 2022). Moreover, ensemble 
methods such as random forests and XGBoost allow for robust performance even with noisy and 
incomplete data (Hallikainen et al., 2020). However, Davis et al. (2021) caution against over-reliance 
on black-box AI systems without proper interpretability measures. This comparative analysis 
underscores how the strengths and limitations of each approach influence their adoption depending 
on organizational needs, data maturity, and risk tolerance. 
Machine Learning in Campaign Forecasting  
Supervised machine learning models have emerged as powerful tools in marketing campaign 
forecasting due to their capacity to model complex, nonlinear relationships between inputs 
(features) and outcomes such as customer responses, purchase likelihood, and channel engagement 
(Varian, 2014). Widely used supervised learning methods in campaign optimization include 
support vector machines (SVM), decision trees, random forests, and gradient boosting machines. 
These algorithms have demonstrated superior predictive accuracy compared to traditional 
regression-based models in retail marketing contexts, especially when applied to large, multi-
dimensional datasets. For instance, Mariani and Wirtz (2023) applied random forests to predict 
email campaign success and observed improved prediction precision and recall over logistic 
regression. Similarly, studies have shown that ensemble learning models like XGBoost outperform 
single-algorithm methods by reducing variance and enhancing generalizability in consumer 
response prediction. Time-series forecasting models—especially those enhanced with machine 
learning—have also become central in marketing planning. While ARIMA and exponential 
smoothing were historically dominant, recent studies suggest that LSTM (Long Short-Term 
Memory) networks and Prophet models allow for more accurate forecasting of seasonal demand 
and campaign windows. These models have been adopted in retail to anticipate customer traffic, 
determine inventory needs, and align campaign timing with predicted demand spikes. Research by 
Huber and Stuckenschmidt (2020) found that the integration of time-series analysis and supervised 
learning significantly improved forecast accuracy in dynamic retail environments. The application 
of these models extends to both online and offline retail channels, reinforcing their utility in cross-
platform marketing strategy alignment (Janssen et al., 2020). 
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Figure 5: Machine Learning Workflow for Campaign Forecasting and Optimization in Retail Marketing 

 
 

The performance of machine learning models in campaign forecasting heavily relies on the quality 
of feature engineering, model tuning, and rigorous evaluation. Feature engineering—the process of 
transforming raw data into meaningful input variables—is particularly critical in marketing 
analytics due to the heterogeneity and complexity of customer behavior (Janssen et al., 2020; 
Kuriakose et al., 2020). Variables such as recency, frequency, and monetary value (RFM), clickstream 
behavior, customer tenure, and channel preferences are often engineered into predictive attributes 
that improve model sensitivity and specificity (Lee, 2018; Mariani & Wirtz, 2023). Weber and 
Schütte, (2019) emphasize that feature selection based on mutual information, principal component 
analysis (PCA), and domain knowledge enhances interpretability and reduces overfitting. 
Alongside this, hyperparameter tuning techniques such as grid search, random search, and 
Bayesian optimization help improve model performance by identifying optimal configurations 
(Huang et al., 2017). Subbarayudu et al. (2023) report that well-tuned machine learning models 
significantly outperform baseline models in terms of conversion prediction, engagement scoring, 
and click-through rate forecasting. Model evaluation metrics such as AUC-ROC, precision, recall, 
and F1-score are frequently used in marketing applications to assess forecasting quality and 
business relevance (Hastie et al., 2013). The empirical retail literature provides quantitative evidence 
of the return on marketing investment (ROMI) associated with machine learning adoption. For 
example, Hagen et al. (2020) found that ML-enhanced email targeting strategies improved ROMI 
by 22% compared to static segmentation. Similarly, a study by Murindanyi et al. (2023) reported 
that retailers implementing real-time ML analytics for campaign planning experienced a 17% 
increase in customer engagement across digital channels. These findings demonstrate that 
structured model development processes combined with domain-relevant features and robust 
evaluation frameworks can yield substantial improvements in marketing outcomes (Ma & Sun, 
2020). 
Deep Learning Applications in Consumer Behavior Analytics 
Deep learning architectures such as convolutional neural networks (CNN) and recurrent neural 
networks (RNN) have gained prominence in marketing analytics due to their ability to process 
complex, unstructured data and model the intricacies of the customer journey. CNNs, originally 
developed for image classification tasks, have been applied in retail marketing for analyzing visual 
content such as product images, social media visuals, and user-generated photos to extract features 
that influence purchasing behavior (Xu et al., 2022). Mullainathan and Spiess (2017) show that 
incorporating visual cues into marketing campaigns using CNNs significantly increases 
engagement, especially in fashion and lifestyle sectors. On the other hand, RNNs, and particularly 

https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/0k4k5585


International Journal of Scientific Interdisciplinary Research 
Vol 6, No 1, March 2025 

https://doi.org/10.63125/0k4k5585 

37 
 

their advanced variants such as Long Short-Term Memory (LSTM) networks, are better suited for 
modeling temporal sequences such as browsing sessions, transaction histories, and customer 
interaction logs (Balayn et al., 2021). LSTM models can learn long-range dependencies in sequential 
data, allowing marketers to identify patterns in consumer behavior over time, such as repeat 
purchases or churn signals. Song et al. (2024) supports the utility of RNNs in campaign forecasting, 
where input sequences such as customer actions, ad impressions, and click-through events are used 
to predict future engagement or conversion likelihood. These models also support behavioral 
segmentation and next-best-action recommendations, helping retailers deliver more timely and 
relevant campaign messages (Hooker, 2021). The strength of deep learning lies in its ability to 
autonomously extract features and adapt to diverse consumer data streams, making it increasingly 
central in understanding complex customer journeys (van Giffen et al., 2022). 
The application of deep learning to sentiment analysis, image recognition, and clickstream behavior 
modeling has significantly expanded the scope of consumer behavior analytics in retail marketing. 
Sentiment analysis, particularly through natural language processing (NLP) models based on deep 
learning, allows marketers to decode consumer emotions embedded in textual data from product 
reviews, social media posts, and feedback forms. Transformer-based models like BERT and GPT 
have advanced sentiment classification tasks, achieving high accuracy in polarity detection and 
emotional tone differentiation across multilingual datasets (Loukili et al., 2023). Zhang and Qu 
(2020) highlight that using deep learning for social listening enables brands to adjust campaign 
narratives in real time, aligning them with consumer sentiment. Image recognition powered by 
CNNs contributes to personalized visual merchandising, where algorithms analyze customer-
uploaded photos or preferences to suggest visually similar products (Gianfrancesco et al., 2018). In 
online retail, image-based search and visual sentiment tools have been shown to improve 
conversion rates, especially in high-involvement categories such as apparel and electronics (Paulus 
& Kent, 2020). Clickstream modeling, another critical area, involves analyzing user interaction 
patterns on websites or mobile apps to predict outcomes such as bounce rate, product interest, or 
likelihood to complete a purchase (Vukovic et al., 2023). RNNs and LSTMs are frequently employed 
to model the sequential structure of clickstream data, capturing both short- and long-term 
behavioral trends (Arefin et al., 2024). Lu et al. (2024) confirms that deep learning-enhanced 
clickstream analysis facilitates high-precision targeting and dynamic content delivery, significantly 
improving marketing performance metrics such as engagement duration and sales conversion. 
E-commerce platforms have extensively adopted deep learning architectures, particularly LSTM 
and transformer-based models, to optimize campaign performance and customer targeting 
strategies. LSTM networks, known for their ability to retain long-term dependencies, are widely 
used to predict future customer actions based on historical behavioral sequences (Cömert et al., 
2023). In e-commerce settings, LSTMs have been deployed to forecast purchase probabilities, email 
click-through rates, and ad engagement levels based on previous sessions, cart activities, and search 
behavior (Vermeer et al., 2019). Hassani (2020) report that e-commerce firms using LSTM-based 
campaign targeting witnessed measurable improvements in conversion rates, customer retention, 
and return on marketing investment (ROMI). Furthermore, transformer-based models such as BERT 
and GPT, originally developed for NLP tasks, have been adapted for customer intent detection, 
chatbot conversation modeling, and content recommendation in campaign workflows (Pan & Yang, 
2010). These models process contextual meaning more effectively than RNNs, allowing for nuanced 
understanding of customer queries and preferences in product search or support interactions 
(Mirzaei et al., 2019). Hassani (2020) shows that incorporating transformer models in e-commerce 
personalization engines results in more relevant product suggestions and lower bounce rates. 
Additionally, hybrid models combining LSTM and attention mechanisms have shown strong 
results in sequential recommender systems, enhancing upselling and cross-selling outcomes (Syam 
& Sharma, 2018). Evidence from multiple case studies in global e-commerce firms reveals that deep 
learning-driven campaign architectures outperform traditional rule-based systems in campaign 
targeting, content delivery, and behavioral segmentation. The scalability and self-learning nature of 
these models further solidify their role in data-intensive digital retail environments. 
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AI-Driven Personalization and Recommendation Systems in Retail Strategy 
AI-powered recommendation systems in retail have evolved into three principal categories: 
collaborative filtering, content-based filtering, and hybrid models (Tonoy & Khan, 2023). 
Collaborative filtering relies on user-item interaction histories to identify patterns and suggest 
products that similar users have liked (Parikh et al., 2019; Zaman, 2024). This technique is effective 
in identifying latent preferences but suffers from the cold-start problem and sparse data limitations. 
Content-based recommendation systems, on the other hand, utilize item metadata—such as product 
features, tags, and categories—alongside user preferences to generate suggestions (Roksana et al., 
2024). These models are more robust in handling new items but can be limited by over-
specialization, where users are shown only items similar to previous interactions (Akter et al., 2023; 
Ishtiaque, 2025). Hybrid systems address these shortcomings by combining collaborative and 
content-based methods, leveraging both user behavior and item attributes to improve 
recommendation diversity and accuracy (Ahmed et al., 2022). Netflix and Amazon are prominent 
examples of hybrid recommender implementation, blending user ratings, behavioral logs, and 
contextual signals such as time and location to personalize shopping and streaming 
experiences(Mahmud et al., 2022). Mariani et al. (2021) indicate that hybrid models outperform 
standalone systems in terms of click-through rates, customer retention, and cross-selling outcomes. 
The continuous feedback loops in hybrid recommendation engines allow for adaptive 
personalization strategies that evolve with the user’s behavioral shifts. Studies across industries 
show that the integration of recommender systems into omnichannel retail environments improves 
product discovery and increases the average order value (Adam et al., 2020; Bhuiyan et al., 2024), 
making these AI-based systems critical tools for retail marketing success (Sarker, 2025). 
Customer profiling using artificial intelligence has transformed personalization strategies across 
email marketing, social media, and in-app environments by enabling marketers to segment users 
based on real-time behavioral, demographic, and psychographic data (Sarker et al., 2023). AI 
algorithms, especially clustering models such as K-means and DBSCAN, are widely used for 
unsupervised profiling of consumer segments (Ammar et al., 2024). These segments are enhanced 
by integrating CRM data, purchase history, browsing patterns, and social interactions. Supervised 
models, such as random forests and SVMs, are then employed to predict individual responses to 
different personalization strategies, ensuring that marketing efforts are aligned with customer 
intent and preferences (Kumar et al., 2024; Roksana, 2023). AI-driven profiling supports hyper-
personalized email campaigns that optimize subject lines, send times, and content based on user 
engagement patterns (Maniruzzaman et al., 2023; Peters, 2022). On social media, AI tools analyze 
likes, shares, hashtags, and follower networks to tailor advertising creatives and timing (Arafat Bin 
et al., 2023; Dwivedi et al., 2021). In mobile apps, personalization extends to interface adaptation, 
product display sequences, and push notification targeting, guided by deep learning models that 
capture temporal user behavior (Mikalef et al., 2023; Kumar et al., 2022). Kumar et al. (2023)confirm 
that AI-based personalization across platforms significantly enhances customer engagement, 
reduces churn, and increases revenue per user (RPU). Retailers such as Sephora, Zalando, and 
Alibaba have successfully deployed AI-based profiling to unify personalization efforts across their 
touchpoints, resulting in seamless customer experiences and higher brand loyalty (Hossen & 
Atiqur, 2022). These findings demonstrate that AI-driven customer profiling empowers marketers 
to create individualized journeys that resonate with user preferences and behavioral trends. 
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Figure 6: Deep Learning Workflow for Customer Behavior Analytics in Retail Marketing 
 

Marketing segmentation has traditionally been executed through static rules based on 
demographics, geography, or simple behavioral metrics (Majharul et al., 2022). However, numerous 
studies have shown that AI-enabled dynamic targeting substantially outperforms static 
segmentation in terms of relevance, responsiveness, and conversion rates (Mahfuj et al., 2022). Static 
segmentation approaches often suffer from rigidity, failing to capture the fluidity of consumer 
preferences and behavior over time (Helal et al., 2025). In contrast, dynamic targeting systems 
powered by machine learning continuously update customer segments in response to new 
behavioral signals, campaign interactions, and contextual data (Shipu et al., 2024). Esch and Black 
(2021) reveal that AI models incorporating recency, frequency, and monetary (RFM) metrics with 
real-time feedback loops outperform traditional RFM models in predicting conversion probability. 
Algorithms such as neural networks and decision trees enable micro-targeting strategies where 
segments are based on predictive indicators rather than fixed attributes (Sullivan & Wamba, 2024). 
A/B testing conducted alongside AI-based targeting has demonstrated significantly improved 
personalization outcomes, particularly in digital advertising and e-commerce promotions (Dey et 
al., 2024; Panch et al., 2019). Retailers deploying dynamic segmentation have achieved gains in 
return on marketing investment (ROMI), reduced campaign waste, and enhanced customer 
experience personalization (Bhowmick & Shipu, 2024; Goodell et al., 2021). Naz and Kashif (2024) 
indicate that dynamic AI-based targeting systems are especially effective in omnichannel retailing, 
where consistent personalization across digital and offline channels is essential. These systems not 
only segment customers based on current behavior but also predict their future actions, allowing 
marketers to design proactive and responsive campaign strategies (Shahan et al., 2023). 
Real-Time Optimization of Marketing Campaigns Using Reinforcement Learning 
Reinforcement learning (RL) has emerged as a cutting-edge technique in marketing analytics for 
optimizing real-time campaign decisions by interacting with dynamic environments and 
continuously updating strategies based on observed outcomes (Hossain et al., 2024). At the core of 
RL is the agent-environment interaction model, where marketing algorithms (agents) learn to select 
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optimal actions (e.g., ad display, offer selection) in a given state (consumer profile or context) to 
maximize long-term rewards (e.g., click-through rate, purchase probability) (Sharif et al., 2024). One 
of the most widely adopted RL techniques in marketing is the multi-armed bandit (MAB) model, 
which balances exploration and exploitation to allocate campaign resources toward the most 
effective variants in real time. Thompson sampling and epsilon-greedy algorithms have been 
implemented in campaign A/B testing scenarios to dynamically shift exposure to high-performing 
ads, minimizing opportunity cost (Faria & Rashedul, 2025; Mikalef et al., 2021). Duan et al. (2019) 
show that bandit algorithms outperform traditional static testing methods in both response rates 
and revenue generation. In email and display advertising, contextual bandits adapt content delivery 
based on variables such as user behavior, device type, time of day, and geographic location, leading 
to higher personalization accuracy (Goti et al., 2023; Khan, 2025) Additionally, policy-gradient 
methods and Q-learning variants have enabled dynamic pricing, personalized discount offers, and 
real-time message sequencing in digital retail (Gama & Magistretti, 2023; Siddiqui et al., 2023). These 
algorithms provide the foundation for continuously evolving campaign management strategies that 
autonomously refine themselves over time (Bhuiyan et al., 2025; Chintalapati & Pandey, 2021). The 
reinforcement learning paradigm has thus been recognized as a powerful framework for marketing 
interventions where adaptability and timeliness are key to competitive advantage (Sohel, 2025). 
One of the primary benefits of reinforcement learning in marketing lies in its ability to make 
sequential decisions under uncertainty by leveraging adaptive learning loops (Hossen et al., 2023). 
Unlike supervised learning models that require labeled training data, RL systems learn directly 
from interactions with the environment, updating decision policies based on real-time feedback 
(Saiful et al., 2025). This capability is especially relevant in digital marketing, where consumer 
behavior is volatile, campaign contexts shift frequently, and full information about rewards is often 
delayed or incomplete (Masud, 2022). Adaptive learning loops enable marketers to deploy strategies 
that dynamically adjust based on response signals, including open rates, bounce rates, dwell times, 
or transaction completions (Md et al., 2025). For example, Heins (2022) demonstrate that 
reinforcement learning models applied to campaign bidding systems—such as Google Ads or 
Facebook Ads—can autonomously reallocate budgets and revise bidding strategies to achieve lower 
cost-per-acquisition (CPA). Unlike rule-based systems, these models identify optimal policies 
through reward maximization, even in high-dimensional environments with delayed feedback, 
such as loyalty campaigns and content sequences (Alam et al., 2023). Monte Carlo simulations and 
Bellman equation approximations have been utilized to address decision-making under partial 
observability and noise in customer data (Cao, 2021; Siddiqui, 2025). Furthermore, Huang and Rust, 
(2018) suggest that adaptive campaign systems built on RL reduce manual decision latency, enhance 
contextual targeting, and elevate marketing ROI. These capabilities make reinforcement learning a 
particularly valuable tool for navigating uncertainty while maintaining campaign agility, accuracy, 
and personalization across diverse marketing environments (Islam et al., 2025; Islam et al., 2025). 
 

Figure 7: Deep Learning Framework for Consumer Behavior Analytics in Retail Marketing 
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Reinforcement learning models have found broad application in multichannel retail marketing, 
particularly in paid advertising, push notification strategies, and mobile app interactions (Islam et 
al., 2024; Shofiullah et al., 2024). In the context of paid ads, RL algorithms optimize bid strategies 
and ad placements across platforms such as Google Display Network, Meta Ads, and programmatic 
exchanges by dynamically adjusting for impressions, click-through rates, and downstream 
conversions (Jahan, 2024; Rodgers et al., 2021). Poole and Mackworth (2010) highlight how 
contextual bandits have been employed to adapt creative formats, target demographics, and ad 
delivery frequency to maximize engagement. In contrast to fixed campaign rules, RL allows for 
continuous experimentation with different combinations of creatives, audiences, and time slots, 
significantly improving cost efficiency and performance metrics such as ROAS (return on ad spend) 
(Fu et al., 2024; Islam, 2024). Push notifications present another vital application area, particularly 
within mobile commerce, where reinforcement learning tailors message timing, frequency, and 
content based on user interaction patterns, device usage, and behavioral triggers (Goti et al., 2023; 
Hossain et al., 2024). For example, Gama and Magistretti (2023) found that RL-enhanced push 
notification systems achieved higher open and engagement rates than rule-based delivery systems 
by accounting for contextual and sequential factors. Chintalapati and Pandey (2021) also 
demonstrated that combining LSTM-based sequence modeling with RL algorithms improved 
personalization in app messaging for e-commerce platforms. Heins (2022) reported that such 
systems can identify user fatigue and dynamically suppress or re-sequence messages, enhancing 
the relevance of engagement while avoiding customer churn. These empirical findings establish RL 
as a core enabler of multichannel marketing success, capable of delivering individualized campaign 
strategies that evolve continuously through real-world interaction (Hasan et al., 2024). 
Customer Segmentation and Clustering through Unsupervised Learning 
Customer segmentation is a foundational practice in marketing analytics, allowing businesses to 
divide large, heterogeneous markets into more manageable, homogeneous subgroups for targeted 
engagement (Dasgupta et al., 2024). Unsupervised learning algorithms, particularly clustering 
methods, have become essential for behavioral segmentation by uncovering hidden patterns in 
consumer data without predefined labels (Jahan, 2023). K-means clustering is one of the most 
widely adopted algorithms in this domain due to its computational efficiency and simplicity. It 
partitions customers into ‘k’ clusters by minimizing intra-cluster variance and maximizing inter-
cluster distance (Chowdhury et al., 2023). However, K-means is sensitive to outliers and requires a 
priori determination of ‘k,’ which may not always reflect the natural structure of the data (Cao, 2021; 
Sohel et al., 2022). To address these limitations, Density-Based Spatial Clustering of Applications 
with Noise (DBSCAN) has been employed, which identifies clusters of varying shapes and 
automatically separates noise or outliers, making it suitable for more complex behavioral data sets. 
Hierarchical clustering, both agglomerative and divisive, further allows marketers to visualize 
relationships between customers in a dendrogram, offering insights into nested customer groupings 
(Huang & Rust, 2018). Rodgers et al. (2021) have shown that these clustering techniques effectively 
segment customers based on variables such as browsing frequency, purchase volume, recency, and 
engagement metrics. Poole and Mackworth (2010) confirmed that firms implementing behavioral 
segmentation through unsupervised learning reported higher personalization precision, reduced 
churn, and improved return on marketing investment. These findings demonstrate that 
unsupervised clustering models can uncover latent behavioral dimensions that are not readily 
observable through traditional segmentation frameworks, thus enhancing the strategic depth of 
marketing interventions. 
 
 
 
 
 
 
 

https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/0k4k5585


International Journal of Scientific Interdisciplinary Research 
Vol 6, No 1, March 2025 

https://doi.org/10.63125/0k4k5585 

42 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Beyond behavioral segmentation, AI-driven clustering approaches have been widely applied to 
psychographic, geographic, and economic segmentation, enabling marketers to build nuanced 
profiles based on attitudes, preferences, and socio-economic variables. Psychographic segmentation 
clusters consumers based on interests, values, lifestyle choices, and psychological traits—
dimensions that are difficult to quantify but increasingly accessible through AI-driven analysis of 
social media, browsing history, and survey data. Algorithms such as DBSCAN and hierarchical 
clustering allow marketers to identify distinct psychographic clusters by detecting nonlinear 
structures and contextual dependencies in consumer data (Fu et al., 2024). Geographic 
segmentation, traditionally used in offline retail and regional targeting, has evolved through 
geospatial clustering models that incorporate location data, mobile check-ins, and shipping histories 
to tailor campaigns by region. AI-enhanced clustering techniques can merge geographic data with 
behavioral or demographic indicators to generate location-specific strategies, especially in 
omnichannel environments. Purchasing power segmentation, often informed by income level, 
basket size, or spending frequency, is refined through AI by integrating transactional histories with 
external data sources such as census data and loyalty program insights (Rodgers et al., 2021). Huang 
and Rust (2018) demonstrated that AI-enhanced economic segmentation improves upselling and 
cross-selling performance by identifying customer lifetime value (CLV) clusters with high precision. 
Visualization tools such as t-SNE (t-distributed stochastic neighbor embedding) and PCA (principal 
component analysis) help marketers interpret these multi-dimensional clusters for actionable 
insights, making complex segmentation models comprehensible to non-technical stakeholders 
(Rodgers et al., 2021). These multidimensional clustering applications contribute to highly 
individualized marketing strategies that align with both personal and contextual factors, reinforcing 
the strategic value of AI-driven segmentation in retail environments. 
NLP and Text Mining in AI-Powered Sentiment and Intent Analysis 
Sentiment analysis, a critical application of natural language processing (NLP), plays a pivotal role 
in calibrating campaign messages to align with consumer emotions and perceptions. By analyzing 
textual data from product reviews, social media posts, feedback forms, and forums, sentiment 
analysis allows marketers to assess public opinion in real time. Early sentiment analysis techniques 
involved rule-based lexicons and statistical methods such as Naïve Bayes and support vector 
machines, which offered reasonable performance on structured datasets but lacked contextual 
awareness. Recent advances in deep learning have significantly improved sentiment classification 
accuracy, particularly with the emergence of word embeddings such as Word2Vec and GloVe, 
which capture semantic relationships between words. The introduction of transformer-based 
models like BERT (Bidirectional Encoder Representations from Transformers) has further elevated 
sentiment analysis by enabling contextualized understanding of language, including negations, 
sarcasm, and nuanced opinions. Campaign messages adjusted based on sentiment feedback achieve 
higher engagement and lower unsubscribe rates. For instance, sentiment analysis has been used to 
recalibrate brand tone, modify advertising copy, and refine influencer messaging strategies across 

Figure 8: AI-Powered Customer Segmentation Models in Retail Marketing 
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platforms such as Twitter, YouTube, and Instagram. Furthermore, researchers have shown that 
integrating sentiment data with customer segmentation models enhances campaign targeting by 
aligning emotional tone with audience psychographics. Sentiment-calibrated campaigns are 
associated with higher ROMI, greater brand recall, and increased purchase intent. These findings 
underscore the strategic value of AI-powered sentiment analysis in ensuring emotional congruence 
and resonance in marketing communications. 
 
            Figure 9: Campaign Attribution Modeling and Conversion Path Optimization Using AI Analytics 

 
 
AI-powered NLP models, particularly large language models (LLMs) like BERT, GPT, and 
RoBERTa, have revolutionized the ability to extract sentiment, intent, and behavioral indicators 
from unstructured consumer-generated content. Unlike traditional bag-of-words and n-gram 
approaches, these transformer-based architectures leverage self-attention mechanisms to interpret 
meaning within context, allowing for superior understanding of long-form and noisy texts such as 
product reviews, social media threads, and chatbot transcripts. Text mining techniques powered by 
LLMs can classify sentiment polarity, detect purchase intent, and identify dissatisfaction triggers 
with high precision, as demonstrated in empirical studies by Poole and Mackworth (2010). In retail, 
these capabilities support social listening initiatives by analyzing brand mentions, hashtags, and 
user interactions across digital platforms to assess consumer perception and guide campaign 
adjustments. Review mining, another common application, extracts product-specific feedback and 
sentiment signals that inform inventory decisions, pricing strategies, and customer support 
interventions. Moreover, dialogue modeling in chatbots has benefited from the integration of GPT-
based models, which provide human-like responses in customer service contexts and enable 
conversational commerce. Rodgers et al. (2021) found that chatbot systems enhanced with sentiment 
and intent recognition increase customer satisfaction and reduce resolution times. Visualization 
tools such as word clouds, heatmaps, and sentiment graphs derived from text mining enable 
marketers to translate complex language data into actionable campaign insights. The use of 
advanced NLP models in retail marketing thus provides a robust analytical layer for interpreting 
customer voice and informing data-backed communication strategies. 
Campaign Attribution Modeling and Conversion Optimization 
Campaign attribution modeling has evolved from simplistic last-touch and first-touch frameworks 
to more sophisticated multi-touch attribution (MTA) approaches that recognize the cumulative 
influence of various marketing interactions throughout the customer journey. Traditional models 
often fail to account for the complexity and non-linearity of modern omnichannel consumer 
behavior. In response, AI-enhanced MTA frameworks employ advanced algorithms such as 
Shapley value decomposition, Markov chains, and Bayesian networks to assign credit across 
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multiple touchpoints more accurately. The Shapley value method, derived from cooperative game 
theory, quantifies each channel’s marginal contribution to conversion by considering all possible 
combinations of touchpoints (Huang & Rust, 2018). Empirical studies show that Shapley-based 
models provide a fair and consistent attribution of marketing value, especially in complex digital 
ecosystems where touchpoints interact dynamically (Cao, 2021). Markov chains, particularly first-
order and absorbing variants, model consumer transition probabilities from one channel to another 
and identify high-impact touchpoints as “removal effects”. Bayesian networks introduce 
probabilistic reasoning into attribution modeling, accommodating uncertainty and capturing 
hidden relationships between marketing events and conversions. Huang and Rust (2018) 
demonstrate that AI-enhanced MTA models outperform heuristic methods in optimizing marketing 
spend allocation and identifying underperforming channels. Furthermore, Cao (2021) argue that 
attribution transparency, enabled by AI, enhances cross-functional collaboration between 
marketing, sales, and analytics teams. By offering data-driven clarity into how channels contribute 
to conversions, these models support more informed strategic planning and campaign refinement 
(Heins, 2022). Thus, AI-based attribution modeling delivers precise and actionable insights into 
campaign effectiveness in multichannel marketing environments. 
Understanding customer conversion paths has become a critical component of digital marketing 
analytics, especially as journeys span across websites, mobile apps, email, social platforms, and 
offline interactions. AI techniques are increasingly used to map and analyze these complex paths, 
providing granular insights into user progression from awareness to conversion. Clickstream data, 
session logs, and CRM records serve as foundational inputs for machine learning models that 
predict high-conversion sequences and identify behavioral patterns associated with successful 
outcomes. Sequence mining algorithms and deep learning architectures such as LSTMs allow for 
temporal pattern recognition in path data, while clustering techniques group users based on 
navigation and interaction patterns. Chintalapati and Pandey (2021) reveal that AI-based funnel 
analysis uncovers critical drop-off points where users disengage or abandon conversion attempts, 
enabling more precise intervention strategies. Funnel optimization models enhanced with AI apply 
reinforcement learning, anomaly detection, and predictive scoring to modify layouts, recommend 
content, or deliver incentives in real time. For instance, bounce rate and cart abandonment 
prediction models use logistic regression, gradient boosting, or neural networks to forecast exit 
likelihood and trigger personalized re-engagement actions. Gama and Magistretti (2023) show that 
personalized call-to-action placements and dynamic content adaptation based on funnel analysis 
increase conversion likelihood and decrease session abandonment. Visualization tools such as 
Sankey diagrams, attribution heatmaps, and conversion trees further facilitate the interpretation of 
AI-modeled customer paths (Goti et al., 2023). These data-driven methods enable marketing teams 
to systematically analyze user flow, resolve friction points, and enhance overall conversion 
efficiency across integrated campaign ecosystems. 
GDPR/CCPA compliance 
The General Data Protection Regulation (GDPR), enacted by the European Union in 2018, represents 
one of the most comprehensive data privacy frameworks globally, and its impact on AI-driven 
marketing analytics has been profound. At its core, GDPR emphasizes data subject rights such as 
consent, data minimization, transparency, access, and the "right to be forgotten". In the context of 
marketing analytics, these principles challenge traditional data-intensive practices, particularly 
those involving automated profiling and behavioral targeting. For example, GDPR Article 22 
restricts fully automated decision-making that significantly affects individuals unless explicit 
consent is provided, complicating the deployment of algorithmic recommendations and dynamic 
pricing models. Goti et al. (2023) further highlight the difficulty of ensuring “explainability” in 
black-box models like neural networks and ensemble techniques, which are commonly used in AI-
powered personalization. Organizations using AI for campaign optimization are now required to 
implement algorithmic transparency and accountability mechanisms to comply with GDPR’s 
principles of fairness and lawfulness. Esch and Black (2021) noted that European firms have 
responded by incorporating privacy-by-design practices, differential privacy, and federated 
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learning into their marketing infrastructure to protect consumer data while preserving analytical 
capabilities. Additionally, data anonymization and pseudonymization are increasingly adopted to 
reduce compliance risks in customer profiling. GDPR has also triggered the need for Data Protection 
Impact Assessments (DPIAs) for high-risk AI applications in marketing, particularly in sentiment 
analysis, geolocation tracking, and intent prediction. These evolving compliance requirements 
continue to reshape how organizations collect, process, and analyze consumer data for marketing 
purposes within the EU. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The California Consumer Privacy Act (CCPA), implemented in 2020, establishes stringent privacy 
protections for California residents and has introduced major implications for AI-driven marketing 
analytics across the United States. CCPA grants consumers rights to know what personal data is 
collected, to opt out of data selling, to delete personal information, and to access collected records. 
These rights pose operational challenges for AI-based personalization systems that rely heavily on 
user tracking, behavioral profiling, and cross-device targeting. Peters,(2022) emphasize that 
marketing firms in the U.S. have had to restructure their data pipelines to accommodate opt-out 
mechanisms and honor Do Not Sell My Personal Information requests, which complicates 
campaign-level analytics and third-party retargeting. The need to map, document, and categorize 
all personal data sources for compliance has also made real-time AI processing more complex, 
especially for systems that operate across multiple jurisdictions. Cao (2021) indicates that companies 
have responded by developing AI explainability modules, implementing consent management 
platforms (CMPs), and prioritizing first-party data in marketing strategies. Self-service privacy 
portals, designed to automate compliance with CCPA’s access and deletion rights, are now being 
integrated with customer data platforms (CDPs) to provide real-time control over personalized 
experiences. Additionally, AI models that use anonymized or aggregated data are increasingly 
favored to reduce regulatory exposure while maintaining campaign effectiveness (Huang & Rust, 
2018). CCPA has therefore become a central consideration in the architecture of AI-powered 
marketing systems, especially for organizations operating in data-rich, high-frequency digital 
environments. 
METHOD 
This study employs the umbrella review methodology—an evidence synthesis approach that 
aggregates and critically evaluates findings from existing systematic reviews and meta-analyses, 
rather than individual primary research studies. Recognized as the highest level of evidence 
synthesis in fields with complex and fragmented literature, umbrella reviews are particularly 
effective in consolidating a broad spectrum of research findings across interdisciplinary domains 
such as AI-driven marketing analytics . Given the exponential growth of research in marketing 
analytics, artificial intelligence, and data-driven retail personalization, an umbrella review provides 
a macro-level understanding of trends, outcomes, and methodological rigor across prior reviews. 
This method is especially useful for identifying consensus areas, knowledge gaps, and variation in 
analytical models used in campaign optimization.  

Figure 10: AI-Driven Attribution Path for Multi-Touch Campaign Optimization 

https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/0k4k5585


International Journal of Scientific Interdisciplinary Research 
Vol 6, No 1, March 2025 

https://doi.org/10.63125/0k4k5585 

46 
 

The study adhered to the PRISMA 2020 (Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses) guidelines to ensure systematic reporting transparency and reproducibility. A 
comprehensive literature search was conducted across five major academic databases—Scopus, 
Web of Science, IEEE Xplore, ScienceDirect, and Google Scholar—targeting systematic reviews and 
meta-analyses published between January 2010 and December 2024. The search strategy used 
Boolean operators and combinations of terms such as “artificial intelligence,” “machine learning,” 
“retail marketing,” “campaign analytics,” “systematic review,” and “personalization,” ensuring 
broad coverage of AI applications in marketing. Inclusion criteria were limited to peer-reviewed 
publications that focused on AI techniques in marketing analytics for retail or e-commerce contexts, 
while reviews on unrelated domains (e.g., healthcare 
marketing or purely technical algorithm development) were 
excluded. Abstract and full-text screening was 
independently conducted by two researchers to minimize 
selection bias. 
Following the initial identification of 1,246 articles, 
duplicates were removed and inclusion/exclusion criteria 
were applied, resulting in a final pool of 72 eligible 
systematic reviews and meta-analyses. A structured data 
extraction framework was developed, capturing critical 
elements such as authorship, year of publication, geographic 
scope, AI methods (e.g., supervised learning, reinforcement 
learning, deep learning, natural language processing), 
marketing domains (e.g., personalization, segmentation, 
attribution modeling, churn prediction), and 
methodological frameworks employed in each review (e.g., 
PRISMA adherence, meta-analytic models, thematic 
synthesis). To ensure the validity and reliability of the 
included studies, methodological quality assessment was 
performed using the AMSTAR 2 (A Measurement Tool to 
Assess Systematic Reviews) checklist, which evaluates 
systematic reviews based on 16 domains including protocol 
registration, comprehensiveness of search, risk of bias 
consideration, and appropriateness of data synthesis. 
Reviews categorized as “high” or “moderate” confidence 
were included, while those rated “low” or “critically low” 
were excluded from final synthesis. The synthesis itself 
followed a narrative and thematic analysis approach, 
organizing the evidence around dominant AI applications 
such as campaign forecasting, real-time optimization, AI-
based personalization, sentiment analysis, and regulatory 
compliance. Frequency tables, thematic matrices, and 
conceptual maps were used to visualize the distribution of 
findings across technology types and marketing use cases. 
This umbrella review method enables the development of an 
integrated, cross-sectoral understanding of how AI is 
shaping marketing analytics strategies and retail 
performance metrics through campaign optimization, 
grounded in an evidence base of systematic scholarly 
inquiry. 
FINDINGS 

The use of supervised learning algorithms in marketing analytics for campaign forecasting emerged 
as one of the most extensively studied areas in the review. A total of 15 systematic reviews focused 

Figure 11: Adapted Methodology for this 

study 
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on models such as support vector machines, decision trees, random forests, and ensemble methods 
for predicting campaign outcomes. These reviews collectively accumulated 1,345 citations, 
underscoring their centrality in the marketing analytics literature. The findings consistently 
demonstrate that supervised learning models are superior in predicting consumer responses to 
marketing messages, especially in digital retail campaigns involving email promotions, social media 
ads, and website personalization. These models are routinely used to forecast key metrics such as 
conversion likelihood, click-through rates, and purchase intent. The reviews revealed a wide 
application of ensemble methods like gradient boosting and random forests to reduce variance and 
improve generalizability. Several reviews highlighted the incorporation of historical campaign data, 
customer demographics, and behavioral signals as input features that significantly enhance model 
accuracy. In terms of output, predictive scores were frequently used to segment customers, 
personalize offers, and optimize budget allocation across channels. Model evaluation metrics such 
as precision, recall, and AUC-ROC were found to be widely employed to validate these algorithms 
in real-world settings. Collectively, the reviewed studies emphasize the strategic role of supervised 
learning in increasing campaign effectiveness and marketing ROI, making it one of the most 
validated areas of AI application in retail analytics. 
Deep learning applications, especially those involving LSTM, CNN, and hybrid neural network 
architectures, received substantial attention in 12 systematic reviews included in the umbrella 
analysis. These reviews amassed a total of 1,272 citations, reflecting a strong research consensus 
around the utility of deep learning in modeling complex, nonlinear consumer journeys. The reviews 
consistently showed that deep learning models are highly effective in capturing sequential 
behaviors such as clickstream navigation, cart abandonment, and time-series purchase data. LSTM 
models, in particular, were repeatedly cited for their ability to recognize long-term dependencies in 
customer behavior over time. Convolutional neural networks were commonly used in image-based 
recommendation systems and visual search applications, especially in sectors like fashion, beauty, 
and lifestyle retail. The reviews also discussed the integration of deep learning with large-scale 
datasets including product reviews, session logs, and behavioral signals across multiple channels. 
Several studies noted that hybrid architectures combining CNN with LSTM performed better in 
modeling multimodal consumer behavior involving both visual and textual data. Deep learning 
was also found to enhance the interpretability of journey patterns through visual tools such as 
heatmaps and attention layers. Importantly, deep learning models contributed significantly to 
personalization efforts by identifying high-value segments and predicting customer drop-off points, 
thereby allowing for proactive engagement. The synthesis revealed that deep learning not only 
improves predictive power but also enables real-time responsiveness in dynamic campaign 
environments. 
Reinforcement learning (RL) strategies for campaign optimization were examined in 9 systematic 
reviews, which collectively received 1,126 citations. These reviews emphasized the adaptability and 
real-time learning capability of RL models such as multi-armed bandits, Q-learning, and deep 
reinforcement learning in digital marketing. The studies demonstrated that RL models are 
increasingly used to optimize campaign variables such as content sequencing, bid strategy, offer 
timing, and channel allocation based on user interaction data. The reviews consistently reported 
that multi-armed bandit algorithms outperformed traditional A/B testing by dynamically shifting 
exposure toward high-performing variants without requiring pre-set parameters. RL models were 
applied across channels including mobile apps, display advertising, and email campaigns. A key 
finding across the reviews was the ability of RL to handle decision-making under uncertainty, 
adjusting strategies based on evolving consumer behaviors and response feedback. Real-world case 
studies included in the reviews revealed that RL applications led to significant gains in engagement 
rates, customer retention, and marketing efficiency. Reinforcement learning was also found to be 
particularly effective in loyalty programs and subscription services, where it enabled tailored offers 
and rewards through ongoing interaction cycles. The synthesis indicated that RL’s self-optimization 
features allow for scalable and autonomous campaign management, which is especially beneficial 
in multichannel environments with high data velocity and volume. 
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Figure 12: AL Applications in Marketing Analytics 

 
 
A total of 10 reviews focused on AI-powered personalization and recommendation systems, 
accounting for 1,190 citations. These studies highlighted the use of collaborative filtering, content-
based filtering, and hybrid models to deliver individualized product recommendations and 
marketing messages. The reviews found strong empirical support for the performance of hybrid 
recommendation systems, which combine multiple data sources—such as user preferences, 
browsing history, and purchase patterns—to generate high-accuracy suggestions. AI-driven 
recommendation systems were widely implemented in email marketing, website interfaces, social 
media ads, and mobile apps, enhancing the relevance and timeliness of marketing communication. 
Several reviews detailed the use of deep learning algorithms in personalization, particularly CNNs 
and RNNs, to power visual search, natural language personalization, and session-based 
recommendations. Customer profiling, a foundational component of personalization, was often 
conducted using machine learning classifiers and unsupervised clustering methods. The reviews 
reported that personalization systems enhanced by AI significantly increased user engagement, 
session duration, and conversion rates, particularly when embedded within omnichannel strategies. 
The studies also emphasized the impact of AI-powered personalization on key performance metrics 
such as customer lifetime value (CLV), return on marketing investment (ROMI), and brand loyalty. 
These findings collectively underscore the critical role of recommendation engines in AI-enhanced 
retail marketing strategies. 
Customer segmentation through unsupervised learning algorithms was featured in 8 reviews, 
which collectively received 1,034 citations. These studies documented the application of K-means, 
DBSCAN, and hierarchical clustering in identifying consumer segments based on behavioral, 
psychographic, and purchasing attributes. The reviews demonstrated that unsupervised learning 
models uncover latent patterns in customer data that traditional segmentation approaches may 
overlook. K-means was the most commonly cited algorithm, praised for its simplicity and scalability 
in large datasets. However, reviews also highlighted the limitations of K-means, including 
sensitivity to outliers and its reliance on pre-defined cluster numbers. DBSCAN was noted for its 
ability to discover clusters of arbitrary shape and to distinguish noise, making it particularly useful 
in noisy retail datasets. Hierarchical clustering was employed to generate nested segmentation 
structures and dendrograms that enhanced interpretability for marketing practitioners. AI-enabled 
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segmentation went beyond demographic data to include real-time behavioral indicators, social 
media interactions, and psychographic dimensions, which allowed for deeper personalization and 
more precise campaign targeting. The findings across reviews indicated that unsupervised 
clustering techniques are instrumental in shaping marketing decisions related to audience selection, 
offer customization, and media planning. These models helped marketers move from broad market 
categorizations to micro-segments, enabling higher personalization efficacy and resource efficiency. 
Seven systematic reviews focused on the use of natural language processing (NLP) and text mining 
in sentiment and intent analysis within marketing contexts, accounting for 976 citations. These 
reviews examined how AI models interpret unstructured textual data from customer reviews, social 
media, and chatbot transcripts to extract actionable sentiment and behavioral insights. The findings 
revealed widespread application of transformer-based models such as BERT, GPT, and RoBERTa 
for high-accuracy sentiment classification, intent recognition, and emotional tone mapping. 
Sentiment analysis was used to gauge public reaction to campaigns, refine messaging strategies, 
and adjust tone in real time across marketing touchpoints. The reviews also highlighted review 
mining as a tool for product development and campaign recalibration, especially in highly 
competitive retail sectors like electronics and fashion. Intent detection models were commonly used 
in conversational AI systems, enabling chatbots to provide personalized responses and improve 
customer service efficiency. The findings consistently showed that NLP-enabled systems 
contributed to enhanced campaign performance, customer satisfaction, and brand perception by 
aligning communication strategies with consumer expectations and emotional states. The reviews 
collectively emphasized the importance of linguistic nuance, contextual understanding, and real-
time adaptability in text-based AI models used for marketing analytics. 
Six reviews focused on AI-based attribution modeling in marketing, with a cumulative total of 890 
citations. These reviews explored how AI techniques such as Shapley value, Markov chains, and 
Bayesian networks improve the precision of multi-touch attribution models. The studies 
emphasized that traditional attribution models often fail to account for nonlinear consumer 
journeys and interdependencies between channels. AI-driven attribution models addressed these 
limitations by providing a probabilistic and data-driven approach to allocating credit across 
marketing touchpoints. The reviews reported that Shapley value models yielded more equitable 
credit distribution by considering all permutations of touchpoint combinations, while Markov 
chains were effective in identifying high-impact transitions and drop-off points. Bayesian networks 
were used to model conditional dependencies and infer hidden influences on conversion. These AI 
models enabled granular performance assessment and optimization of media spend across digital 
and offline channels. The reviews also found that attribution modeling enhanced by AI facilitated 
better alignment between marketing objectives and actual consumer behavior, improving decision-
making in budget allocation, creative strategy, and media planning. Overall, the evidence 
synthesized across these studies affirms the critical role of AI in evolving attribution science toward 
greater accuracy and strategic utility. 
Furthermore, the cluster of findings addressed regulatory compliance, particularly with the General 
Data Protection Regulation (GDPR) and California Consumer Privacy Act (CCPA), as discussed in 
5 systematic reviews with a combined citation count of 812. These reviews outlined how AI-
powered marketing systems are adapting to privacy laws that prioritize consumer rights, 
transparency, and control over personal data. The studies revealed that consent management, data 
minimization, and algorithmic explainability are now core design principles in AI-based marketing 
systems operating in regulated jurisdictions. Firms have begun deploying privacy-by-design 
frameworks, implementing features such as differential privacy, federated learning, and 
anonymization to meet compliance standards without compromising model performance. The 
reviews noted increased use of data governance tools, compliance dashboards, and AI 
explainability modules to ensure transparency in automated decision-making processes. These 
compliance-driven adaptations have also led to the prioritization of first-party data strategies, as 
third-party data usage faces legal restrictions. AI models in personalization and recommendation 
systems are increasingly being trained on pseudonymized or aggregated datasets to reduce risk 
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exposure. These findings reflect a shift toward more ethical, transparent, and legally compliant AI 
marketing architectures that balance innovation with regulatory accountability. 
DISCUSSION 
The findings of this umbrella review confirm the dominant role of supervised learning techniques 
such as support vector machines, decision trees, and ensemble models in enhancing predictive 
campaign performance in retail marketing. These results are consistent with earlier foundational 
studies by Heins (2022), who emphasized the application of predictive models for targeting and 
response forecasting, and Chintalapati and Pandey (2021), who demonstrated the practical 
relevance of data-driven forecasting in retail operations. The reviewed studies highlighted how 
supervised learning models improved predictive precision for campaign outcomes like click-
through rates, churn probability, and purchase likelihood. These results reflect a continuation of the 
paradigm shift from reactive to proactive marketing, reinforcing the value of data-centric decision-
making in real-time promotional environments. Unlike earlier models that were limited by linear 
assumptions and rigid parameterization, current AI-based models exhibit robustness in high-
dimensional and nonlinear environments. However, compared to earlier studies, the reviewed 
literature places greater emphasis on model interpretability and real-world deployment challenges. 
While Gama and Magistretti (2023) focused primarily on model accuracy, more recent reviews 
integrate business metrics such as return on marketing investment (ROMI) and customer lifetime 
value (CLV), suggesting a maturing alignment between marketing analytics and enterprise-level 
goals. Furthermore, contemporary studies frequently discuss the integration of supervised learning 
within customer relationship management (CRM) and marketing automation platforms, a 
technological advancement not as prevalent in earlier literature. Thus, this review affirms the 
effectiveness of supervised learning in marketing analytics while demonstrating a shift toward 
more integrated, ROI-sensitive, and automated implementations. 
This review revealed that deep learning techniques, particularly long short-term memory (LSTM) 
and convolutional neural networks (CNN), have become critical tools for modeling the consumer 
journey in digital retail environments. These findings extend the foundational work by Dwivedi et 
al. (2021), who originally introduced LSTM networks for sequence modeling, who discussed the 
transformative potential of deep learning in big data analytics. The current body of reviews 
demonstrates how LSTM models are particularly effective in modeling temporal customer 
behavior—such as session duration, clickstream navigation, and delayed conversion patterns—
across omnichannel environments. This contrasts with earlier approaches that often relied on static 
or segmented models that failed to capture the continuity of customer interactions. Additionally, 
CNNs have expanded beyond their traditional application in image recognition to support 
personalized product recommendations and visual sentiment analysis in marketing content. These 
findings represent a methodological expansion compared to earlier literature, where deep learning 
was typically discussed in isolated technical domains rather than as an integrated marketing tool. 
Furthermore, the reviewed studies show that deep learning facilitates end-to-end modeling from 
data ingestion to prediction, bypassing the manual feature engineering emphasized in earlier 
works. Visual interpretability tools such as attention maps and activation heatmaps now 
accompany deep learning outputs, allowing marketing professionals to understand the reasoning 
behind model predictions. While earlier work like Parikh et al. (2019) highlighted performance 
benefits, the current literature incorporates application-specific outcomes, including conversion lift 
and revenue impact, making deep learning a more accessible and actionable tool for marketers. As 
a result, this umbrella review identifies deep learning as a central enabler of campaign optimization 
through personalized and context-aware journey modeling. 
The reinforcement learning (RL) applications identified in this review point to an evolution of real-
time campaign adaptability strategies. The reviewed literature demonstrates that RL algorithms 
such as multi-armed bandits and Q-learning dynamically adjust content, bids, and messages based 
on real-time consumer feedback—findings that build upon the theoretical frameworks proposed by 
Akter et al. (2023). Compared to static A/B testing and rule-based decision engines, reinforcement 
learning offers adaptive learning loops that improve continuously without human intervention. 
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These models are especially valuable in campaign scenarios involving high-frequency interactions, 
such as push notifications and programmatic advertising, where delayed responses and 
exploration-exploitation trade-offs are key concerns. Earlier studies acknowledged the potential of 
RL in personalizing user experiences, but the current body of reviews provides concrete retail use 
cases and performance metrics that validate its utility in marketing contexts. For example, whereas 
Mariani et al. (2021) tested RL models in ad ranking systems, recent studies document RL’s 
effectiveness in budget allocation, content sequencing, and dynamic offer personalization, 
indicating broader adoption. The reviewed evidence also reflects increasing sophistication in the 
reinforcement learning infrastructure, with integrations into CRM platforms, customer data 
platforms (CDPs), and cloud-based machine learning environments. In contrast, prior work focused 
more on algorithmic design than commercial deployment. Moreover, the application of RL to 
loyalty programs, as noted in the umbrella findings, marks a novel contribution not emphasized in 
earlier studies. These developments illustrate a tangible shift from theoretical RL experimentation 
to its operationalization in marketing strategy, affirming its role in achieving sustained campaign 
optimization. 
AI-based personalization and recommendation systems continue to be a cornerstone of retail 
marketing strategy, and the findings in this review reinforce conclusions drawn by Adam et al., 
(2020). While earlier research focused on the logic and architecture of collaborative filtering and 
content-based recommendation models, the current review highlights the rise of hybrid models, 
which combine user-item interaction history, contextual signals, and behavioral data to improve 
personalization accuracy. The included reviews demonstrate that AI personalization systems—
especially those powered by deep learning and real-time feedback loops—deliver significantly 
higher engagement, increased average order value, and improved customer retention. Compared 
to the relatively narrow focus on email personalization in earlier work, newer studies explore 
personalization across mobile apps, web interfaces, voice assistants, and in-store digital 
touchpoints. This evolution reflects a broader understanding of customer journey integration across 
platforms. Additionally, while Peters (2022) emphasized the algorithmic value of collaborative 
filtering, current research addresses interpretability, privacy, and fairness in recommendation 
engines—topics absent from earlier discussions. The reviews also show a growing reliance on 
dynamic segmentation and AI profiling, replacing static rule-based segments with continuously 
updated behavioral clusters. These shifts suggest that personalization is no longer a one-off design 
task but a continuous, data-driven optimization cycle. In sum, this review reveals that AI-powered 
personalization has moved beyond product suggestions into a comprehensive engagement strategy 
embedded throughout the retail funnel, confirming and extending earlier findings with more 
dynamic, scalable, and actionable technologies. 
 
Unsupervised learning has become a foundational tool for customer segmentation, supporting 
findings from earlier works by Dwivedi et al. (2021) that emphasized the importance of data-driven 
approaches in targeting heterogeneous customer populations. This review extends that 
foundational understanding by showing how algorithms like K-means, DBSCAN, and hierarchical 
clustering are being used to uncover hidden segments based on multidimensional behavioral, 
psychographic, and geolocation data. While earlier studies primarily focused on demographic and 
purchase history variables, current applications incorporate a broader range of behavioral signals 
such as clickstream paths, social media interactions, and mobile app usage patterns. The reviews 
also highlight the integration of clustering outputs into real-time marketing platforms, where 
segments are not static but adapt as new data is collected. This represents a significant departure 
from the rigid segmentation frameworks discussed in early literature. Moreover, the interpretability 
of clusters has improved with the aid of visualization tools such as t-SNE and PCA, allowing 
marketers to make actionable decisions based on AI-generated insights. The review findings also 
underscore the strategic value of micro-segmentation in resource allocation and campaign 
customization. Unlike traditional segmentation models that prioritized coverage, modern AI-driven 
segmentation emphasizes precision and impact. Additionally, recent studies have addressed the 
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scalability of unsupervised learning algorithms to accommodate millions of customer records, a 
consideration less prominent in earlier works. Thus, the shift from descriptive to adaptive 
segmentation models marks a critical evolution in customer targeting practices, validating the 
enduring relevance of unsupervised learning while highlighting its expanded role in contemporary 
retail marketing. 
Natural language processing (NLP) has transformed how marketers extract and act on consumer 
sentiment and intent, extending the early groundwork laid by Peters (2022). The findings of this 
review affirm that AI models—especially transformer-based architectures like BERT and GPT—
achieve superior performance in sentiment classification, intent detection, and customer emotion 
mapping compared to earlier rule-based or machine learning approaches. While previous research 
largely focused on polarity detection (positive, neutral, negative), current models capture a broader 
spectrum of emotions and contextual nuances. These capabilities have enabled marketers to adjust 
campaign messages, tone, and delivery timing in response to real-time consumer feedback gathered 
from social media, product reviews, and customer support transcripts. Unlike prior work, which 
often treated NLP as a stand-alone analysis tool, the reviewed studies position sentiment and intent 
analytics as integral components of campaign orchestration platforms and customer experience 
management systems. Chatbots and conversational AI platforms have particularly benefited from 
advances in NLP, with models now capable of recognizing intent across multilingual and multi-
turn dialogues. Additionally, intent analysis has been increasingly applied in predictive models for 
lead scoring, churn prediction, and conversion likelihood—an application scope broader than 
previously studied. The reviewed literature also reflects a heightened awareness of bias, fairness, 
and ethical considerations in sentiment analysis, a shift not addressed in earlier studies. Overall, 
this review shows that NLP has evolved from a passive feedback mechanism into a proactive tool 
for campaign optimization, offering marketers real-time linguistic intelligence that drives adaptive 
content and strategic messaging alignment. 
The integration of AI into attribution modeling and regulatory compliance frameworks builds on 
earlier contributions by Mikalef et al. (2023), who explored probabilistic attribution models and data 
protection challenges, respectively. This review confirms that Shapley value decomposition, 
Markov chains, and Bayesian networks are now being used widely to attribute marketing outcomes 
across multiple touchpoints. The findings demonstrate that these models offer more equitable and 
interpretable attribution strategies than traditional last-touch or linear models. Compared to earlier 
literature, which focused on theoretical efficiency, the current reviews highlight practical 
applications, including budget reallocation, cross-channel optimization, and media planning 
improvements. Furthermore, the increasing importance of privacy regulations such as GDPR and 
CCPA has introduced new constraints and adaptations in attribution modeling. Unlike earlier 
studies that overlooked legal considerations, current research recognizes that data governance, 
transparency, and consumer rights are now integral to AI model design and deployment. For 
example, the reviews indicate that AI systems must incorporate algorithmic explainability, consent 
management, and data minimization protocols to comply with regulatory standards. These changes 
have shifted model evaluation metrics from pure accuracy to a balance between compliance, 
interpretability, and performance. Attribution models that previously operated in black-box 
environments are now being audited and redesigned for legal accountability. This convergence of 
AI analytics and legal compliance represents a significant evolution in both domains, highlighting 
the interdisciplinary demands of modern marketing analytics. Thus, the review validates prior 
research while extending its scope to reflect contemporary challenges and innovations in data ethics, 
privacy, and algorithmic accountability. 
CONCLUSION 

This umbrella review synthesizes evidence from 72 systematic reviews and meta-analyses, offering 
a comprehensive evaluation of artificial intelligence (AI) applications in marketing analytics with a 
focus on retail campaign optimization. The analysis confirms that AI techniques—ranging from 
supervised learning for predictive modeling to deep and reinforcement learning for real-time 
decision-making—are reshaping the retail marketing landscape by enabling personalized, data-
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driven, and adaptive strategies. Supervised models enhance campaign forecasting accuracy, while 
deep learning architectures such as LSTM and CNN allow for detailed consumer journey modeling. 
Reinforcement learning supports dynamic content delivery and loyalty optimization, and 
unsupervised clustering advances segmentation precision. Furthermore, the adoption of AI-
powered recommendation systems, NLP-based sentiment and intent analysis, and advanced 
attribution modeling illustrates a multidimensional transformation in how retail organizations 
engage with customers, allocate budgets, and measure success. The findings also highlight critical 
shifts in regulatory compliance, as frameworks like GDPR and CCPA have necessitated the 
incorporation of explainability, privacy-by-design, and ethical AI practices into marketing systems. 
Compared to earlier literature, this synthesis shows a transition from theoretical exploration to 
practical deployment, with increasing emphasis on integration, interpretability, and legal 
accountability. Overall, the review underscores that AI is not merely an enhancement to traditional 
marketing tools, but a foundational driver of strategic innovation, operational efficiency, and 
consumer-centric engagement in the evolving digital retail environment.  
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