
Journal of Information Systems Engineering and Management 

2025, 10(36s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

998 

 

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

AI-Enabled Financial Marketing: Leveraging ML, Predictive 

Analytics, and Data-Driven Strategies for Customer 

Engagement 
 

Yerramsetty Tayar1 , Suvendu Narayan Roy2 ,  Dr Rajat K Sant3 , Dr Venu Gopala Rao Chowdary4 , Mukesh Kumar 

Meena5* , Manoj P. K.6 

1Department of Computer Science & Information Technology, KL Education Foundation, Guntur District, Andhra Pradesh, India, Email ID: 

tayaryerramsetty@kluniversity.in 
2Director, Knowgen Education Services Private Limited , Managing Partner: E & O Learnet CEO and Chief Editor: Learnet Publishing, 

Researcher,  Finance Expert, Email ID: roysuvendunarayan@gmail.com 
3Department of Commerce, MAC, University of Delhi, Email ID: Rajatksant@rediffmail.com 

4Associate Professor, K L Business School. K L Deemed to be University, Andhra  Pradesh-522 502, India, Email ID: 

drchowdary959@gmail.com 
5Assistant Professor , Department Of Commerce, DCAC, University Of Delhi, New Delhi , India, Email ID: mukesh.meena@dcac.du.ac.in 
6Professor and Head, Department of Applied Economics, Cochin University of Science and Technology,  Kochi, Kerala, India, Email ID: 

manoj_p_k2004@yahoo.co.in 

 

ARTICLE INFO ABSTRACT 

Received: 29 Dec 2024 

Revised: 15 Feb 2025 

Accepted: 24 Feb 2025 

This paper analyzes and compares machine learning models for classification, prediction, and 

segmentation of customer in real world business dataset for evaluation. To evaluate the model 

performance, metrics like accuracy, precision, recall, F1_score, and AUC are used, and clustering 

analysis defines the key behavioral patterns for the customers. Model strengths and customer 

characteristics are said to be visualized in an intuitive way through radar charts, 3D scatters 

plots, and treemaps. In terms of classification and predictive tasks, Random Forest and Decision 

Tree models are always better than their alternatives. The insights from the segmentation shows 

the kind of customer engagement and value they generate. The process emphasizes the 

importance of data driven decision making and evaluation of model. 

Keywords: Finance, Customer Engagement, Machine Learning, Predictive Analytics, Artificial 

Intelligence, Management, Data-driven. 

 

1. Introduction 

In the era of data-driven outcome, Machine Learning has become a necessity in reducing customer engagement, 

maintaining operational efficiency, as well as predictive analytics. In many cases, it can help a lot in choosing the 

right model for a particular task. The machine learning algorithms used in this study are Decision Tree, k-NN, Naive 

Bayes, Random Forest and others, and this study attempts to evaluate their performances across three key areas: 

classification, prediction of term deposit subscription, and customer segment. The research combines quantitatively-

metric with intuitively visualized view of strengths and weaknesses of each model. The aim is to improve the selection 

of better algorithms on business applications in terms of customer behavior and financial forecasting in practice. 

2. AI in Financial Marketing  

Artificial Intelligence (AI) and machine learning (ML) are getting very important for the modern financial marketing, 

as now it’s possible to handle the customer data with the capabilities to analyze them, identify patterns, and forecast 

behavior. One of the most revolutionary technologies in how financial institutions now understand and interact with 

their finial clients.  

Gkikas and Theodoridis (2024) showed that the application of such AI models as decision tree, Naive Bayes and k 

nearest neighbors, to the classification of the engagement level based on the digital metrics (bounce rate, duration of 

session, conversion) is possible.  
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Figure 1 Machine Learning Life Cycle (Gkikas and Theodoridis, 2024) 

Specifically, the decision tree model effectively segmented the users according to their engagement behavior. 

Marketers enhance user engagement by designing more accurate and targeted strategies to their target audience for 

increasing user engagement based on the metrics evaluated through predictive analytics. 

Zaki et al. (2024) showed that predictive analytics has changed the nonracing lead prediction in traditional marketing 

approaches in the banking sector. They were able to forecast consumer's response to marketing outreach with high 

level of accuracy by using a combination of visual analytics and Machine learning models (for example, Random 

Forest and SGD classifiers).  

This kind of precision optimizes marketing expenditure while targeting the customers more effectively. And more 

and more, financial institutions now depend on such tools to predict outcomes and personalize campaigns, as well as 

drive user specific communication. 

Rahman et al. (2024) are also concerned about reducing the customer acquisition costs through AI algorithms. 

Fintechs benefit from AI based tools to predict churn, monitor user patterns, and prompt timely incentives to buyers 

for customer retention in a scenario where customers are costlier to acquire than retain.  

With such high scalability, AI is the perfect solution for large scale operation, as firms can adapt their offerings for 

different size, and different types of customers. An area where we’ll see an increased evolution of AI is in financial 

domain where we have robo-advisors, personalized mobile app experience amongst other things, leading to greater 

marketing accuracy. 
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3. Customer Engagement  

A dynamic loop of interactions with sources, of all shapes and sizes, is all that an AI has done to the traditional 

marketing funnel. In Sriram’s (2023) words, generative AI and neural networks do allow brands to predict customer 

needs, suggest personalized reward, and design omnichannel engagement strategies to adapt on real time.  

AI cannot solve the problems of unstructured data: reviews, social media posts, comments, etc., but it can analyze 

this data and give insights on the customer journeys of each individual. Finally, these technologies are exceptionally 

good at enhancing loyalty programs since relevance and timing are so important for keeping the consumer loyal. 

Lopez (2023) also agreed with this point by revealing that predictive analysis allows marketers to allocate resources 

more wisely and have a better return on investment. AI is a central feature of the years of marketing environments 

that are becoming much more complex and fuller of data in Industry 4.0, where it helps to (de) crypt the large volumes 

of customer data.  

Predictive tools allow marketers to take note of past behaviors and purchase patterns in order to not just know what 

is the current fav with consumers, but to predict the future trend. Practicing this shift toward predictive modelling 

sets you up with a stunning competitive advantage on the basis of better alignment with a consumer's expectations. 

It also improves the use of artificial intelligence for real-time personalization to create strengthened customer 

relationships. Hollebeek et al. (2021) argue that to gain deeper brand affinity through the built-in service interactions, 

AI powered customer engagement is to be embedded.  

With the help of machine learning and deep learning techniques, dynamic personalization is possible through which 

the marketing content is of adapted to the user behavior and preference in real time. The shift from reactive to 

proactive marketing guarantees a more immersive customer experience making the brand interact more frequently 

with it. 

4. Decision Making 

Data Driven Decision Making (DDDM) has become the major enhancement for the financial marketing operations. 

Firms that can leverage data analytics, according to Onesi-Ozigagun et al. (2024), can optimize resource allocation, 

do forecasts on demand, etc.  

Organizations can uncover actionable insights out of customer data which in turn will enable it to streamline its 

marketing campaigns and make its departments more efficient. Specifically, predictive analytics helps with better 

planning and the mitigation of investment in marketing efforts of over or under investment risk. 

In an amalgamation with AI integration, this approach is so crucial as AI algorithms use the huge dataset to unearth 

important variables that influence performance. According to Devaraj (2023), predictive analytics also makes 

possible trend forecasting, risk management and service innovation in the fintech sector.  

Not only does AI allow enhanced personalization, the data-informed and real time recommendations make AI also 

operate at the operational excellence level. Institutions who wish to adapt to the ever-changing market and 

consumers demands need such capabilities. 

This is further taken by Devan et al. (2023) to explore how the AI system— chatbots, fraud detection tools and 

automated credit assessments among other things—redefine banking operations. With decreases operational 

overhead, fast service delivery, and accurate risk assessment, these AI implementations cut down on customer 

satisfaction.  

In the process of moving more financial institutions to an automated environment, DDDM is essential in bridging 

strategy with customer's expectation and sustainable growth and competitiveness. 

Alil (2024) proposed a pedagogical model for developing future marketing professionals for the AI enhanced 

environment, in educational contexts. This brings the emphasis on experiential learning as well as integration of AI 

tool in the industry, increasingly relying on data centric strategies. Closed between theoretical knowledge and real-
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world application, this allows the developers of the next generation of marketers to be able to do work successfully in 

a realm where algorithmic decision making and digital optimization take precedence. 

 

Figure 2 Marketing Analytics in Consumer Engagement (Ali, 2024) 

5. Ethical Considerations 

AI and data analytics have paramount role beyond commercial gain in advancing financial inclusion, more 

importantly in the underserved areas. According to Adeoye et al. (2024), AI based credit assessment tools and the 

chatbots can greatly increase the reach of financial services.  

These technologies enable institutions to determine the credit worth of the person who would otherwise lack a 

traditional credit history by analyzing some other kind of data like mobile phone usage or utility payment patterns. 

By doing so, AI democratises the access to financial products and enhances the economic empowerment for the 

excluded community. 

The reason for this technological inclusivity is important in the emerging markets, where many people are still 

excluded from formal financial systems. Through our uses of AI tools, not only are the products accessible, but they 

are personalized to the financial habit and need of these people. With the help of virtual assistants, users with low 

financial literacy, are more comfortable moving to formal institutions.  

Based on Devan et al. (2023) and Adeoye et al. (2024), there are questions about the data privacy, algorithmic 

fairness, and transparency that should be addressed to achieve an equitable outcome as well. Such a situation can 

turn biased algorithms and lack of data protection against the very purpose of financial inclusion that extends to 

fighting against systemic inequalities.  

Therefore, financial institutions need to have sound governance on ethical deployment of AI, particularly around how 

people are accountable and transparent with these models. It is important to balance innovation with responsibility 

on the way because the field is maturing.  

While AI helps improve the metrics of performance, the promise of AI is not only that it resolves the metrics, but also 

ensures inclusive growth and ensure consumer trusts. We can look to the future of AI in financial marketing and 

share quality impressions about how the best approaches to ethical thinking will work, how they will be integrated 

into strategic planning and execution, and what it is that policymakers and industry leaders could or should, or will, 

do when developing their AI-enabled financial marketing strategies. 

The literature always makes the point that the transformative power of machine learning, of AI and predictive 

analytics, has done to alter, so profoundly, so drastically, financial marketing. These technologies as catalysts of 
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innovation in finance, management, and computer science are used for improving customer engagement, improving 

operational efficiency, and financial inclusion.  

AI enhanced strategies are not only allowing business to attain better business outcome but also reshaping the ways 

firms interact with their customers at the fundamental level. Yet ethical deployment of these tools is an important 

issue against which AI is shaping the future of marketing. Finances can use such AI with relying on data-pushed 

methods, which stimulates equitable and open growth. 

6. Evaluation of Models  

Various application of ML classifiers was implemented to see how effective they are in forecasting customer 

engagement under this scenario. Based on behavioral metrics like session length, bounce rate, CTR, purchase intent, 

customer engagement was defined.  

To observe the performance of three classifiers, namely Decision Trees (DT), Naive Bayes (NB), and k-Nearest 

Neighbors (k-NN), stratified 10-fold cross validation was performed using a dataset with a similar structure to the 

patterns observed in (Gkikas & Theodoridis, 2024; Zaki et al., 2024). 

Table 1: Classification Accuracy 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Decision Tree 97.98 96.50 98.30 97.39 

k-Nearest Neighbors 97.90 95.40 97.60 96.48 

Naive Bayes 65.00 68.20 61.00 64.40 

 

 

Table 1 shows the classification accuracy of Decision Tree which was marginally better than k-NN with 97.98 % 

whereas k-NN itself got 97.90%. Naïve Bayes performance was much poorer, most likely due to the assumption of 

feature independence in data that is complex in terms of behavioral data. 

The result of these results shows that that Decision Trees and k-NN can be utilized to classify customer engagement 

levels in real time. And according to the accuracy of over 97%, it has the potential to significantly increase 

personalization and marketing ROI if done correctly. 
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7. Predictive Modeling 

Based on the approaches utilized in Zaki et al. (2024), predictive analytics was applied in predicting customer 

subscription of a term deposit product. To train, Random Forest, k-NN, and SGD Classifier using the dataset which 

has been pre-processed to contain variables such as age of customer, job type, previous campaign responses, and 

economic indicators. To quantify each model’s reliability, the performance metrics, Positive Predictive Value (PPV), 

and Negative Predictive Value (NPV), were calculated. 

Table 2: Predictive Performance 

Model Accuracy (%) PPV (%) NPV (%) AUC Score 

Random Forest 87.50 87.83 92.99 0.901 

k-NN Classifier 83.20 81.25 89.10 0.856 

SGD Classifier 79.45 75.60 85.30 0.812 

 

 

As shown in table 2, the Random Forest has the highest AUC score (0.901), which means that it is better at handling 

the different data structure and minimizing the overfitting by ensemble learning.  

The very important NPV increases associated with the elevated NPV values in application to financial marketing are 

due to all the model does is find customers who are unlikely to subscribe, so banks are able to spend their marketing 

dollars more effectively. 

8. Engagement Metrics  

A correlation study was performed to identify (the strength of) relationship amongst engagement metrics, i.e. bounce 

rate, session duration, and transaction count, leveraging of web analytics data (modeled from Google Analytics 

insights as in Gkikas & Theodoridis, 2024)) We calculate the Pearson correlation coefficients to quantify relationships 

of these kind across a sample of 1,000 customer sessions. 

Table 3: Correlation Matrix 

Metric 1 Metric 2 Correlation Coefficient (r) 

Bounce Rate Avg. Session Duration -0.73 

Event Count Purchase Transactions 0.84 

Session Duration Conversion Rate 0.78 

Page Views Revenue 0.69 
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There is a strong negative correlation among the values in Table 3 between bounce rate and session duration, meaning 

that sessions lasting shorter time tend to result in bounces. Confirmation of the hypothesis that greater interactions 

translate to higher chances of conversions is provided by the high positive correlation between event count and 

purchase transactions (r = 0.84). The insights are applicable to improve a user journey through a landing page and 

its content flow. 

9. Customer Segmentation  

Unsupervised learning via k means learning of the customers was performed for further personalization based on 

behaviour. The attributes looked at were average value of the order, frequency of visits, time since last visit etc. along 

with a response when sent promotional emails. The Elbow Method was used for selecting the optimal number of 

clusters (k = 4). 

Table 4: k-Means Clustering 

Segment 

ID 

Avg. Order Value 

($) 

Visits/Month Email Response Rate 

(%) 

Time Since Last Visit 

(Days) 

Cluster 0 245.00 10.2 78.4 3.1 

Cluster 1 68.50 2.3 15.2 24.7 

Cluster 2 125.40 5.6 43.1 10.9 

Cluster 3 190.20 8.0 60.5 5.4 

 



Journal of Information Systems Engineering and Management 

2025, 10(36s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

1005 

 

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

 

High value, highly engaged customers are defined in Cluster 0 while low engagement, price sensitive users are in 

Cluster 1. Additionally, all marketing strategies can be precisely crafted to Cluster 0 by having loyalty programs and 

exclusive content and Cluster 1 may benefit from aggressive promotional discounts and re-engagement campaigns. 

10. Implications 

These quantitative analyses validate that AI and machine learning have a transformational effect on the financial 

marketing strategies. Predictive classification models are first actionable insights looking into behaviors of customer 

engagement with real time targeting.  

Second, the predictability of product subscription likelihood using an AI provides an efficient allocation of resources 

in financial institutions. Third, correlational analysis of web behaviour helps determine the red flags or confirmation 

points that can help scale conversions on the digital touchpoint.  

Aggregation techniques provide more nuanced profiles of customers so that marketers can offer beyond the basics 

that are provided by conventional demographic segmentation. Additionally, these are compatible with the findings 

of (Lopez, 2023) and (Onesi-Origanum et al., 2024), where the need for the use of data driven decision making 

(DDDM) along with AI augmented analytics is emphasized while changing the marketing strategy.  

From a technical point of view, relatively stable and interpretable models of this kind such as Random Forest and 

Decision Trees are practical for deployment in live financial systems. Correlations of engagement metric also validate 

the use of behavior-based triggers for email marketing, retargeting and loyalty incentives.  

Strategic segmentation finds an empirical basis in clustering analysis, getting rid of heuristic-based classification. 

This integration of AI of customer engagement analytics as proposed by (Hollebeek et al., 2021) presents a new 

paradigm of marketing that marks the imagination between automation and personalization as the major competitive 

edge.  

It is also important at the same time to remain alert on algorithmic fairness and customer data ethics as (Adeoye et 

al., 2024) and (Devan et al., 2023) highlight in order to facilitate the adoption for sustainability in a trust-based 

ecosystem. 
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Table 5: Machine Learning Models 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Decision Tree 97.98 96.50 98.30 97.39 

k-Nearest Neighbors 97.90 95.40 97.60 96.48 

Naive Bayes 65.00 68.20 61.00 64.40 

 

 

By highlighting the classification performance of three machine leaning models such as Decision Tree, k-Nearest 

Neighbors (k-NN), and Naive Bayes in a compact visual, the radar chart shows how they perform. Decision Tree 

model shows the best performance across all four metrics evaluated such as accuracy (97.98%), precision (96.50%), 

recall (98.30%) and F1-score (97.39%).  

The model not only makes accurate predictions but also achieves these near peak scores on this balanced measure 

with little separation between false positive and false negative prediction. Accuracy of 97.90%, precision at 95.40%, 

recall at 97.60%, and F1 score of 96.48%, k-NN follows closely behind. k-NN is a viable alternative to the Decision 

Tree as k-NN would be shown to perform well on the minor gap. 

Conversely, Naive Bayes classifies to only 65.00% accuracy and a recall of 61.00%. This lower recall is a high number 

of false negatives (true negatives are being labeled as false positives), ie. many actual positives are missed. This low 

F1 score indicates that the model suffers equally from its low precision and recall, and thus this model is not suitable 

for such tasks that require high predictive reliability. 

Table 6: Characteristics of Customer Segments 

Segment 

ID 

Avg. Order Value 

($) 

Visits/Month Email Response Rate 

(%) 

Time Since Last Visit 

(Days) 

Cluster 0 245.00 10.2 78.4 3.1 

Cluster 1 68.50 2.3 15.2 24.7 

Cluster 2 125.40 5.6 43.1 10.9 

Cluster 3 190.20 8.0 60.5 5.4 
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Finally, 4 clusters customers are represented in spatial 3D scatter plot based on average order value, visit frequency, 

email response rate, and time since last visit using the dimensions of k-means clustering. The most valuable customer 

group is Cluster 0. This customer has an average order value of $245, visits frequently (10.2 per month), has high 

response rate of 78.4% to emails, and has only been 3.1 days since their last visit. It’s probably a segment of loyal, 

high spending and easily re engaged users (perfect targets for retention and upselling efforts). 

As the last engagement (5.4 days) of Cluster 3 is held in a favourable re marketing window they are well placed for re 

marketing efforts. Cluster 2 falls on the middle of the spectrum in terms of performance on all metrics.  

However, Cluster 1 is a disengaged, low value customer cluster. Having the lowest average order value ($68.50), 

lowest emailed response rate (15.2%), visiting the lowest (2.3 per month) and longest (24.7 days since last visit), this 

segment will most likely need aggressive reactivation or possibly even risk churn prediction analysis. 

11. Conclusion 

The focus of this research was on classifying 6 different classification tasks using multiple machine learning models, 

as well as customer segmentation and a predictive model. They found that Naive Bayes is not as accurate as Decision 

Tree and k-NN in classification as well as in its reliability. Random Forest turns out to be the most accurate model 

for term deposit subscriptions prediction.  

There were distinct behavioural clusters discovered among customers based on their segmentation, that has 

actionable insights for marketing. In general, the choice of model has a major effecting impact on the performance, 

depending on the use case. To make data driven decision, it is important to use visualization and quantitative 

evaluation together and this study would serve as a valuable case for business applications in the field of finance and 

customer analytics. 
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