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Abstract 

This thesis examines how machine-learning models and explainable AI can be used to analyze two 

distinct use cases: loan conversion and cross-selling in retail banking. Using proprietary data from 

Banco Primus, logistic regression, random forest, and XGBoost models are evaluated using 

business-oriented back-testing. SHAP is applied to explain predictions and identify key drivers. 

Approved loan conversion is mainly associated with partner characteristics, process timing, and 

communication availability. Personal loan cross-selling is mainly associated with external credit 

profiles and behavioral history, revealing campaign fatigue. The findings support process 

optimization in loan origination and propensity-based targeting frameworks for cross-selling. 
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1 Introduction 

The banking industry is undergoing a significant transformation caused by macroeconomic 

challenges, intensified competition, and shifting customer expectations (KPMG International 

2025). To respond, banks are integrating automation and AI to enhance operational efficiency and 

reduce costs. According to KPMG International (2025), 53% of the banking institutions expect to 

cut at least 10% of the costs, while only a quarter of the institutions have achieved their goals so 

far. This emphasizes the urgency and difficulty in transforming established banking processes to 

ensure cost-efficiency and sustainable revenue growth through strategic investments in technology. 

Machine learning techniques and explainable AI methods have gained increasing attention in credit 

scoring research (Bücker et al. 2020), a trend further supported by supervisory evidence 

documenting growing AI adoption in use cases, such as fraud detection (European Central Bank 

2025a). By contrast, the maturity and standardization of AI applications in loan conversion and 

cross-selling are less clearly documented in regulatory sources. When machine learning is applied 

in marketing or lending contexts, model interpretability is often neglected, which limits 

transparency, stakeholder trust, and regulatory acceptance in the financial sector. 

Explainable AI methods, such as SHAP, address these challenges by making complex models 

interpretable and thus more actionable. However, few empirical studies have combined predictive 

modeling and explainability to bridge the gap between model output and operational decision-

making in banking, particularly in the context of loan conversion and loan cross-sell. Existing 

research often focuses on prediction accuracy or theoretical explainability but lacks a framework 

that translates these insights into operational insights. Therefore, the insufficient integration of XAI 

to identify operational drivers in loan conversion and to identify customer profiles for targeted 

marketing in cross-selling forms a central research gap. 
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This study aims to address this gap by applying machine learning and explainable AI to examine 

the business value generated at two critical stages of the customer journey at Banco Primus, a 

financial institution in Portugal and a subsidiary of Groupe BPCE. The analysis focuses on i) auto 

loan conversion: forecasting the conversion of approved auto loans during customer acquisition; 

ii) personal loan cross-sell: predicting a customer's propensity to start a loan simulation. Therefore, 

this study addresses the following research question: How can machine learning and explainable 

AI be used to identify the drivers of post-approval auto loan conversion and personal loan cross-

selling at Banco Primus to support operating decisions? 

The framework compares the performance of logistic regression, random forest, and XGBoost 

models, and applies SHAP for global and local feature attribution. By linking predictive 

performance, interpretability, and measurable impact, the study provides a practical blueprint for 

applying transparent AI to improve customer journey outcomes in the banking sector. 

The remainder of this paper is structured as follows. Chapter 2 describes the two use cases, namely 

auto loan conversion and personal loan cross-sell, in detail. In chapter 3, the relevant literature is 

reviewed, focusing on customer journey optimization, machine learning models used with financial 

data, and explainable AI in finance. Further, chapter 4 outlines the methodological approach, 

looking at the data acquisition, cleaning, engineering, modeling, evaluation, and explainable AI 

methods. Next, in chapter 5, the model results are presented and put into context in the discussion 

and business insights in chapter 6. Finally, the conclusions are summarized in chapter 7. 

2 Problem Definition 

Banco Primus actively seeks to leverage data-driven decision-making. Banco Primus’ loan 

portfolio consists primarily of car loans, with a minor share of its business stemming from personal 
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loans and motorcycle loans. Banco de Portugal (2025) reports that new auto loan business grew by 

15% year-on-year in 2024, while personal loans increased by 6.6%. Internal numbers from Banco 

Primus confirm this trend, showing a constant growth in both businesses from 2021 to 2024. 

Specialized financial institutions and intermediaries grant over 80% of the auto loans in Portugal, 

while more than 60% of personal loans are still controlled by universal and retail banks. The 

majority of car loans (+50%) are issued to individuals, and the remaining to SMEs/corporate 

customers. 

The first use case focuses on attracting new prospects and, hence, optimizing customer acquisition. 

At Banco Primus, car loans form the core business. The loans are distributed mostly via car dealers 

(+50%). Regarding the conversion rates of approved loans, it varies across distribution channels, 

as car dealers demonstrate a higher conversion rate compared to brokers. The transformation of a 

loan request into a booked loan involves a series of steps and several participants. It begins when 

a potential customer submits an application for financing through a car dealer or broker. Then, the 

respective intermediary conducts a simulation and discusses terms with the customer. If the client 

would like to proceed, the intermediary collects the required data and sends the completed proposal 

to the bank. Next, Banco Primus checks the proposal and, if approved, notifies the customer and 

intermediary of the first decision by email. Then, the required documents are shared with the bank 

and reviewed. After the verification of the submitted documents, a bank operator conducts a 

welcome call and transfers the funds so that the customer can pick up the vehicle from the 

intermediary. At every point in this process, friction or delay can cause customers to disengage or 

increase the risk that customers receive a more attractive and quicker accessible offer from another 

institution. Currently, the bank lacks understanding of which factors lead customers to drop out 

after the first approval and what causes the performance gaps between the two distribution 
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channels, dealer and broker. Therefore, the goal is to find patterns among car dealers, brokers, 

customers, processes, or financial terms that convert more and to build a model that predicts the 

conversion probability for each first-approved loan. By identifying the key drivers across both 

channels, Banco Primus will be able to implement recommendations to improve conversion rates, 

leading to revenue maximization in the long run.  

The second use case focuses on developing existing relationships and, hence, optimizing customer 

development. Every quarter, Banco Primus conducts a campaign offering of pre-approved personal 

loans to roughly 40% of the active customer base. A rule-based system decides which clients are 

eligible for the campaign and pre-approves them. Marketing activities follow a quarterly cycle, 

with eligibility updated every three months. The bank contacts eligible clients through a mix of 

SMS and email. Since September 2025 (after the dataset was provided), the contact frequency 

increased to four touchpoints per month. This schedule follows a weekly alternating sequence of 

SMS and email. While the message content is standardized, the client's name and pre-approved 

amount are personalized. Then, each selected client receives an email or SMS with a link to a 

personalized landing page, which contains the pre-calculated amount and loan conditions. If 

interested, the client submits a simulation through the page. The proposal needs to be double-

checked to determine if any conditions changed since pre-approving the loan. Upon acceptance, 

the customer is notified and shares the required documents with the bank. Finally, a bank operator 

reviews the documents, performs a welcome call, initiates the electronic signature process, and 

transfers the funds into the customer’s account. 

However, the campaign's current engagement rate, measured by the simulation rate, is low, below 

the market benchmark. Therefore, the goal of this use case is to identify patterns of customers who 

engage with the offer. Based on these patterns, the model will estimate each eligible customer’s 
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propensity to start a simulation. This will allow the marketing team to personalize outreach and 

focus resources on high-potential segments. This targeted approach is expected to increase 

customer value and loyalty by creating more integrated relationships with the bank. Further, it 

could lead to a more diversified bank portfolio, mitigating the influence of economic fluctuations. 

3 Literature Review 

This chapter establishes the theoretical groundwork for the analysis by summarizing key concepts 

from customer journey management, machine-learning modeling, and explainable AI, which 

together inform the model design and interpretation for the Banco Primus use cases. 

3.1 Customer Journey Optimization in Retail Banking 

Customer journey is a research domain in marketing and customer experience, and refers to the 

whole set of experiences a customer has with a company over time (Lemon and Verhoef 2016). 

The literature typically divides the process into pre-purchase, purchase, and post-purchase phases. 

This framework is applied in marketing research to disaggregate processes into analyzable phases 

(Lemon and Verhoef 2016). For example, customer acquisition analyses often focus on optimizing 

frictions within the purchase stage. In contrast, customer development strategies, such as cross-

selling, are interventions that target the pre-purchase stage of a new journey. 

To analyze the customer journey, it can be divided into distinct touchpoints, which are individual 

interactions between a company and a customer (Kranzbühler et al. 2018). The origin varies 

between being brand-owned (e.g., websites, branches), partner-owned (e.g., dealer or broker 

communication), customer-owned (e.g., choice of payment, product usage), or social/external (e.g., 

word-of-mouth, comparative research) (Lemon and Verhoef 2016). Thus, organizations must 
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coordinate experiences across environments where their level of control varies. Quantifying 

channel performance with metrics such as conversion rates, engagement levels, and efficiency 

helps them to make informed decisions (Verhoef et al. 2015). 

One of the core objectives of journey analysis is pain point detection, as these can lead to customer 

drop-off (Kranzbühler et al. 2018; Lemon and Verhoef 2016). However, pain point identification 

is often challenging. Traditional survey-based approaches capture only stated frustrations, often 

missing underlying issues that influence behavior. A more robust approach combines customer 

surveys with operational data to reveal bottlenecks in performance across end-to-end customer 

journeys (Rawson et al. 2013). Applied to the two use cases, process frictions, such as a lack of 

follow-up communication or delays in document verification, could explain the disparity in loan 

conversion rates between channels. Similarly, the low simulation rate in the personal loan cross-

sell campaign indicates a pain point in the pre-purchase stage of the process. Literature on customer 

journey optimization justifies the use of machine learning to model these elements. For instance, 

touchpoint data and channel indicators serve as features in predictive models to forecast outcomes 

and address frictions (Cowan et al. 2023; Davenport et al. 2020). 

3.1.1 Customer Acquisition Optimization in Banking: Auto Loan Conversion 

Customer acquisition optimization refers to systematically increasing conversion rates from 

prospects to customers while managing resource allocation to maximize profitability (Reinartz et 

al. 2005). Within the auto loan use case, one customer acquisition optimization problem is to 

increase the conversion of approved loans by addressing post-approval customer drop-out. 

Acquisition optimization is driven by several economic and strategic factors. First, the cost of 

customer acquisition is a relevant influencer, as research suggests that acquiring new customers is 
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often more expensive than retaining existing ones (Min et al. 2016). This results in balancing 

acquisition and retention spending to maximize customer equity, the sum of all customer lifetime 

values (Blattberg and Deighton 1996). In saturated financial services markets, increasing 

competition leads to rising customer acquisition costs. Thus, customer acquisition cost 

optimization is essential for firm growth, particularly for non-leading firms (Min et al. 2016).  

Second, it enhances operational efficiency. The loan origination process creates costs in sales, 

underwriting, and administration. When an approved applicant fails to convert, the resources 

invested in their acquisition become a sunk cost, representing a process inefficiency that limits 

profitability. Internal workflow delays, communication issues, and variations in staff performance 

can contribute to these inefficiencies, as shown by Brahma et al. (2021). This demonstrates that 

operational frictions hinder customer progression in loan processes and that effective performance 

monitoring can reduce operational risk and improve the quality of lending outcomes (Wei‐Shong 

and Albert Kuo‐Chung 2006). Predictive modeling helps reduce these losses by directing resources 

towards proposals with a higher probability of closing (Buddiga 2022).  

Third, it improves the customer experience. A friction-intensive process at a key touchpoint, such 

as approval and financing, could represent a pain point for customers, causing frustration. This 

frustration can damage the overall brand perception and undermine the potential for a long-term, 

loyal customer relationship (Lemon and Verhoef 2016). Research shows that friction in the journey 

slows down progress and leads to abandonment (Padigar et al. 2025). Further, industry analysis 

supports that timely approval decisions are a central driver of competitive performance in retail 

lending and that long approval times and fragmented processes reduce customer satisfaction and 

conversion (Deloitte 2025). 
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Acquisition optimization relies on data-driven methods to address inefficiencies in lending. 

Research on loan origination indicates that approval decisions are one stage in a multi-step journey, 

where customer behavior is influenced by both hard information (quantifiable data) and soft 

information (subjective assessments and contextual factors) (Agarwal and Ben-David 2018). By 

analyzing historical data on customer characteristics, proposal features, and channel information, 

predictive models can identify the drivers of conversion. However, it is important to ensure that 

predictive models rely only on information available at the decision point in the process (Maggi et 

al. 2014). This requirement is reinforced by broader machine learning research, showing that even 

small forms of data leakage can significantly inflate performance metrics and undermine the 

reliability of predictive models (Bouke et al. 2024). Further, research shows that accurately 

predicting loan acceptance enables the bank to effectively prioritize clients with a high propensity 

to accept (Buddiga 2022; Kumar 2018; Venkatesan 2004). This can reduce manual effort spent on 

processing and following up with applicants who are unlikely to proceed with the offer (Buddiga 

2022). However, predictive insights also allow for targeted interventions. 

Channel-specific insights can inform specific interventions. Intermediaries can influence borrower 

behavior and loan outcomes. For example, in mortgage lending, borrowers using brokers differ 

systematically from direct-lender clients in leverage, amortization, and product risk, reflecting both 

incentive misalignment and potential channel-specific behavioral frictions (Allen et al. 2025). 

Brokers primarily act as information and document intermediaries, guiding clients through 

application steps and comparing lender offers, but they have no direct relationship to the underlying 

transaction and have no direct role in closing a sale (Ionescu 2014). By contrast, auto-dealer 

financing is embedded in a high-engagement retail sales environment, where the salesperson is 

financially motivated to complete the vehicle transaction, and financing options facilitate 
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immediate purchase completion (Low et al. 2020). If abandonment in the broker channel 

concentrates at certain stages, a process redesign can address those issues. Managing channels in 

an integrated manner aims to create a consistent experience, which can improve overall customer 

experience and performance (Lemon and Verhoef 2016; Verhoef et al. 2015). Studies on service 

delivery support this interpretation, showing that heterogeneity in frontline or partner interactions 

can produce uneven customer satisfaction and behavioral outcomes (Rod et al. 2016). Furthermore, 

Tran and Corner’s (2016) research on communication channels shows that customers view face-

to-face and interpersonal communication with bank staff as more credible and persuasive than 

information received through digital or mass communication channels. This suggests that the mode 

of communication can meaningfully shape customer decisions in financial service contexts.  

Further, offering personalization becomes feasible. Understanding the reasons why clients reject 

the offered loans across the different channels gives the bank the possibility to create personalized 

offers and, thereby, increase the acceptance probability. However, personalization strategies should 

be empirically validated, rather than assumed effective. Gubela et al. (2019) show, using A/B tests, 

that targeted or personalized interventions only create value when customer behavior actually 

changes in response to them, highlighting the need to test whether model-based strategies improve 

outcomes in practice. Further, Thomas et al. (2006) argue that the importance of real-time 

prediction of loan acceptance has increased since loan offers have become more customizable, as 

it enables banks to instantly adjust interest rates, loan terms, or other offer conditions. This allows 

them to tailor each offer to the customer’s profile and, thereby, maximize both conversion 

probability and profitability. 
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3.1.2 Customer Development Optimization in Banking: Cross-Selling 

Customer development refers to the strategies and processes aimed at increasing the value of a 

company’s existing customer base (Blattberg et al. 2008). The authors further state that a firm’s 

levers for increasing customer value include customer development through cross- and upselling, 

and retention efforts. Boustani et al. (2024) define cross-selling as selling more products to existing 

customers, contrasting it with the more expensive process of acquiring new customers. 

Cross-selling serves three connected strategic objectives. First, it increases customer lifetime value, 

defined as the present value of all future profits obtained from a customer throughout their 

relationship with a firm (Gupta et al. 2006). By expanding product portfolios, banks create multiple 

revenue streams from single customers, increasing per-customer contribution and relationship 

duration (Reinartz and Kumar 2003). This metric provides a quantitative basis for strategic resource 

allocation, guiding marketing investments toward customers with the highest projected returns 

(Venkatesan 2004). Second, cross-selling enhances share-of-wallet (SOW), the proportion of a 

customer's financial services spending captured by one institution (Cooil et al. 2007). In markets 

where customers maintain relationships with multiple providers, expanding SOW is an attainable 

growth path. Third, multi-product relationships create switching barriers. Customers holding 

multiple products with one bank face practical costs and hassle to move their business, which 

increases retention probability (Boustani et al. 2024). 

Propensity modeling is an analytical method for predicting customer engagement. In the context 

of cross-selling, the model assigns each customer a numerical “propensity score” that quantifies 

this behavioral probability (Boustani et al. 2024; Moro et al. 2014). These models estimate the 

probability that specific customers will respond positively to particular offers at given times (Moro 

et al. 2014). The model is constructed using historical data (e.g., previous offer acceptances or 
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declines), combined with demographics, account characteristics, transaction patterns, and 

behavioral signals (Boustani et al. 2024). Research indicates that behavioral data can be a stronger 

predictor of future value and propensity than static demographic data (Boustani et al. 2024; Gupta 

et al. 2006; Awanife Oghenemaro 2025). Machine learning algorithms identify patterns 

distinguishing responders from non-responders, creating scoring functions applicable to new 

campaigns. By ranking customers on predicted response probability, banks can move from one-

size-fits-all campaigns to targeted interventions (Boustani et al. 2024; Moro et al. 2014). For 

instance, a study on bank telemarketing found that a bank could contact half (50%) of the clients 

to reach approximately 79% of the eventual subscribers, which improved campaign efficiency 

(Moro et al. 2014). Recent studies using deep learning confirm that these models can improve the 

predictive accuracy of cross-selling campaigns (Boustani et al. 2024). However, propensity 

modeling also has several limitations. First, models trained on historical acceptance data may 

perpetuate existing biases (Davenport et al. 2020). Second, propensity scores predict short-term 

acceptance, but not the customer's long-term profitability or value (Gupta et al. 2006; Reinartz et 

al. 2005). A customer with a high propensity to accept a credit card offer may be financially 

vulnerable, making the sale profitable short-term but potentially damaging long-term (Agarwal and 

Ben-David 2018; Majeske and Lauer 2013). Third, statistical optimization alone may overlook 

contextual considerations (Méndez-Suárez and Crespo-Tejero 2021). Studies on customer lifetime 

value optimization indicate that initially unprofitable customers may become valuable over time, 

suggesting that cross-selling should be balanced with relationship development goals (Méndez-

Suárez and Crespo-Tejero 2021). Fourth, isolated propensity models are campaign-specific. They 

may predict acceptance for one offer but cannot arbitrate between competing actions, e.g., a 
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personal loan versus a motorcycle loan, to determine which action would best optimize a customer's 

long-term value (Cao and Zhu 2022). 

To translate propensity scores into effective campaign strategies, literature emphasizes the need for 

normative decision frameworks regarding resource allocation, contact frequency, and channel 

selection. Recent research suggests that propensity models should not function in isolation, but 

within a broader, evidence-driven architecture. Abdullah and Hasan (2023) propose integrating 

propensity scores with customer lifetime value and churn models to guide segmentation and 

treatment allocation, ensuring that high-probability targets are also high-value customers. 

Similarly, Gubela et al. (2024) demonstrate that ranking customers based on estimated treatment 

effects allows firms to allocate budgets dynamically, targeting recipients only until the budget is 

exhausted or the marginal value creation diminishes. Neslin et al. (2006) support this approach by 

arguing that maximizing campaign profitability requires linking a predictive model's accuracy 

directly to the economic costs of incentives and contact. They show that grouping customers into 

deciles based on propensity scores allows managers to identify specific cut-off points where the 

incremental profit from retaining a customer exceeds the cost of intervention. Besides customer 

selection, determining the optimal contact volume is important to sustain long-term customer 

value. Reinartz and Kumar (2003) identify an inverse U-shaped relationship regarding purchase 

intervals, suggesting that solicitation plans must align with customer temporal dynamics rather than 

maximizing frequency. Additionally, Ansari and Mela (2003) warn that excessive contact leads to 

unsubscribing and diminishing returns due to information overload. Radcliffe and Surry (2011) 

add that marketing can sometimes cause negative effects, where contact actually reduces sales or 

causes customers to leave. They argue that companies must identify these specific customers and 

avoid targeting them to prevent financial loss. Finally, the effectiveness of an offer depends on the 
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alignment between the message and the communication channel. Verhoef et al. (2015) note that 

customers use channels interchangeably, requiring firms to understand how specific touchpoints 

impact performance and integrate them to provide a seamless experience. 

Building on this logic, recent approaches move beyond single-campaign optimization towards 

centralized decisioning engines, often termed Next Best Action (NBA) or Marketing 

Recommender Systems (Cao and Zhu 2022; Deng et al. 2020; Weinzierl et al. 2020). These systems 

operate by learning the sequential interactions between customers and decision-makers across 

possible actions (e.g., insurance products, retention initiatives) and integrating customer-level data, 

channel context, and organizational policies. The system then arbitrates between these competing 

offers to recommend an action predicted to maximize a target objective, such as customer lifetime 

value (Cao and Zhu 2022; Weinzierl et al. 2020). 

These points suggest that effective cross-selling strategies combine propensity scores with 

customer value assessment and relationship health monitoring. The objective shifts from 

maximizing short-term conversion to building sustainable, mutually beneficial relationships. This 

framing connects cross-selling optimization to broader relationship marketing theory.  

3.2 Machine Learning Models for Finance Data Analysis 

Machine learning algorithms have been at the forefront of financial analytics over the past few 

years, supporting activities such as credit risk assessment, fraud detection, marketing 

personalization, and portfolio optimization (Khandani et al. 2010; Pavón Pérez 2025; Shiwa et al. 

2021; Doria et al. 2023; Nasir et al. 2024; Hu 2025). To support data-driven marketing and sales 

decisions, such as prioritizing credit applications or selecting cross-selling targets, the literature 

shows a progression from statistical to machine-learning-based predictive models. 
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Logistic regression often serves as a benchmark method, particularly in the regulated banking 

sector, due to its transparency and the interpretability of its coefficients (Yang et al. 2015). 

Consequently, it is frequently used for validating new classification algorithms (Lessmann et al. 

2015). However, logistic regression has limitations because it assumes linear relationships and is 

less effective at modeling complex, non-linear patterns in customer behavior (James et al. 2023). 

To improve predictive quality with complex customer data, recent research has focused on 

ensemble methods, specifically bagging algorithms, such as random forests, and gradient boosting 

techniques, including XGBoost (Hu 2025; Wang 2025; Feng et al. 2025). Random forests have 

been applied to financial and marketing tasks, like churn prediction, demonstrating robustness even 

with a high number of features (Hu 2025; Wang 2025). Gradient boosting, especially XGBoost, 

proposed by Chen and Guestrin (2016), is often considered a state-of-the-art method for tabular 

data, such as that used in finance. Studies report that XGBoost outperforms traditional models in 

predicting customer behavior or financial risks (Feng et al. 2025), though its computational cost 

remains high (Chen and Guestrin 2016). Nowadays, the field of financial data modeling continues 

to evolve, with emerging approaches, such as neural networks (Špicas et al. 2023; White 1988) and 

support vector machines (SVMs) (Huang et al. 2024; Kim 2003), being applied increasingly to 

complex prediction tasks.  

3.2.1 Comparative Analysis of Machine Learning in Loan Offer Acceptances 

3.2.1.1 Behavioral Biases, Determinants, and Features 

Wonder et al. (2008) analyzed in a choice-based conjoint experiment how consumers choose 

among auto-loan offers with varying attributes. Their research shows that consumers do not 

necessarily act as financial optimizers. Instead, debt aversion, the general dislike of owing money, 
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can lead to consumers choosing loans with higher down payments, even when these are more 

expensive. Mental accounting further explains irrational spending behavior, as people categorize 

money into separate accounts in their minds (Thaler 1985). So, they may treat funds allocated to a 

car purchase differently than other savings or income and, consequently, make financing decisions 

that deviate from rational cost minimization. Additionally, consumers are affected by extremeness 

aversion, meaning they tend to avoid the extremes of an option set, preferring the middle values 

instead (Simonson and Tversky 1992). Finally, Wonder et al. (2008) show that consumers focus 

on the monthly installment and prefer values just below multiples of a hundred. For this project, 

the examples imply that conversion outcomes are shaped not only by financial terms, such as 

interest rate or down payment, but also by psychological factors, which influence the perceived 

attractiveness of a loan offer. This needs to be considered in the analysis, especially since customer 

interactions and guidance deviate across the distribution channels, leading to possibly different 

interpretations of the same loan offers. 

Building on these psychological mechanisms, Argyle et al. (2020) empirically demonstrate that 

lenders are more sensitive to changes in maturity than to equivalent changes in the interest rate, 

emphasizing that these variables should be included as predictors in conversion models. Further, 

Wonder et al. (2008) identify contract length and interest rate as the key determinants of loan 

choice, with down payment and rebate exerting a smaller influence. Lyu et al. (2025) and Huang 

et al. (2024) use different machine learning algorithms to predict personal loan applications. They 

name educational factors, income, family size, the existence of a deposit account, and credit history 

as key determinants in the models, which confirms that both demographic and financial factors can 

influence the prediction of loan acceptance. Additionally, Lyu et al. (2025) confirm that precision 

marketing and customer-centric loan product design can improve conversion rates, as well as create 
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a customer-first brand image, directly contributing to sustainable growth. A closely related case to 

the conversion-probability prediction at Banco Primus was analyzed by Špicas et al. (2023), who 

model loan acceptance on an online loan comparison and brokerage (OLCB) platform for consumer 

credit. They include engagement metrics and identify them as meaningful factors, for example, the 

more time spent completing the application process, the lower the credit risk. This is also supported 

by McKinsey & Company (2025). They claim that seamless and personalized online experiences 

are becoming the baseline in the consumer finance sector. 

Taken together, these studies indicate that loan conversion rates are shaped by multiple dimensions, 

including demographics, loan terms, engagement, channel context, and behavioral biases. Many 

papers confirmed that traditional financial variables remain key determinants, such as loan term, 

interest rates, and total cost, but the other dimensions should not be neglected, as they provide a 

more holistic and realistic perspective. 

3.2.1.2 Modeling Approaches 

Having established the diverse feature dimensions driving loan acceptance, it is important to 

explore which modeling techniques and algorithms were used in previous research and which 

performed most reliably. Thomas et al. (2006) developed one of the earliest models on loan offer 

acceptance by constructing their simulated data set. The study compares three approaches to 

forecast loan offer acceptance. First, they used a baseline logistic regression, then a linear 

programming model, and finally an accelerated life model. Out of the three, linear programming 

performed best, showing that optimization approaches can be relevant when offer terms are linked 

to acceptance behavior, creating a foundation for following machine learning approaches. 
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Building on the earlier discussion of loan acceptance features, Špicas et al. (2023) also provide 

methodological learnings by comparing logistic regression, random forest, XGBoost, artificial 

neural networks (ANN), and support vector machines. The authors demonstrate that XGBoost 

outperformed all other models in AUC-ROC and accuracy, as shown in Table 1. 

The performance of XGBoost did not improve significantly when combined with resampling 

techniques, such as oversampling, undersampling, or SMOTE, implying that data balancing 

measures should be tested and not applied by default. The results suggest that logistic regression 

can be implemented as a credible baseline, but that random forest and XGBoost usually capture 

complex relationships in loan acceptance data better (Špicas et al. 2023). 

Akça and Sevli (2022), previously mentioned for their feature analysis on the Thera Bank dataset, 

focused mainly on the application of support vector machines to predict the acceptance of personal 

loan offers using the Thera Bank dataset, creating one of the best-performing algorithms in terms 

of accuracy. Additionally, Huang et al. (2024) compared the performance of logistic regression and 

support vector machines to the multilayer perceptron, and the gradient boosting decision trees, 

CatBoost, and XGBoost, on the same dataset. To account for the class imbalance, they applied 

SMOTE with three different sampling rates and showed that XGBoost and CatBoost perform best 

with respect to accuracy (Akça and Sevli 2022).  

Moreover, Lyu et al. (2025) applied logistic regression, decision trees, random forests, and k-

nearest neighbors on a dataset comprising 5000 customers from Neo Bank. To evaluate and 

compare the models, they used precision, recall, accuracy, and F1 scores (Table 1). 

The authors pre-pruned the decision tree to prevent overfitting by pausing the node splits through 

heuristic stopping criteria, which outperformed all other models in accuracy, recall, and F1 score. 

Only in precision, the random forest achieved the highest precision, highlighting that sometimes 



21 

 

simpler models might be sufficient to capture the relationships present in the data and should also 

be used in the model comparison (Lyu et al. 2025). 

Topic 
Acceptance Probabilities of Consumer 

Loan Offers 

Comparative Analysis of Machine Learning 

Models for Targeting Bank Loan Customers 

 Author Špicas et al. (2023) Lyu et al. (2025)  

Algorithm LR RF XGB ANN SVM 
Preprunig 

DT 

Postpruning 

DT 
LR RF KNN 

Accuracy 0.748 0.757 0.763 0.75 0.762 0.986 0.963 0.907 0.981 0.903 

Precision - - - - - 0.927 0.773 0.541 0.984 0.520 

Recall 0.866 0.849 0.874 0.847 0.896 0.933 0.893 0.396 0.826 0.342 

F1 score - - - - - 0.930 0.829 0.457 0.898 0.413 

AUC 0.802 0.825 0.834 0.802 0.816 - - - - - 

Table 1: Predicting Approved Loan Conversion - Comparison of Model Performance 

Table 1 emphasizes that ensemble methods, such as random forest and XGBoost, outperform 

approaches like logistic regression or ANN in terms of accuracy and AUC-ROC (Lyu et al. 2025; 

Špicas et al. 2023). This confirms their ability to capture nonlinear relationships in loan acceptance 

data. At the same time, the competitive performance and interpretability of simpler approaches, 

such as logistic regression and pre-pruned decision trees, underline the value of maintaining 

simpler, explainable baselines.  

To summarize, even though there is comparatively little literature on the prediction of loan 

conversion, a progression from early statistical models and simple algorithms (Thomas et al. 2006) 

to complex machine learning models can be seen. Throughout the studies, logistic regression 

proves to be a valid and interpretable baseline (Lyu et al. 2025; Špicas et al. 2023; Huang et al. 

2024), which can provide reasonable benchmarks. Bagging and boosting algorithms, such as 

random forest and XGBoost, usually outperform it by introducing non-linearity and interactions 

between the features (Špicas et al. 2023; Yang 2025). More complex models, such as ANNs, have 

also been applied, but do not necessarily predict loan approvals more accurately (Špicas et al. 
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2023). Hence, to support Banco Primus with the prediction of loan acceptance, this paper focuses 

on the comparison of logistic regression, random forest, and XGBoost. 

3.2.2 Comparative Analysis of Machine Learning in Cross-Selling Marketing 

3.2.2.1 Behavioral Biases, Determinants, and Features 

Analyzing the determinants of cross-selling success requires distinguishing between customer-

specific interactions and broader external factors. Zheng (2025) utilizes data from a telephone 

marketing campaign to identify key drivers for long-term deposit uptake. The study indicates that 

interaction metrics, specifically the duration of the sales call and the frequency of prior contacts, 

correlate positively with acceptance rates. This suggests that the intensity of the customer-bank 

interaction serves as a proxy for engagement. Complementing this, Boustani et al. (2024) examine 

feature importance in the context of consumer loan cross-selling. While variable definitions differ 

across datasets, the authors identify engagement features, such as the history of positive 

interactions and the depth of the existing relationship, as central to prediction models. Both studies 

show that static demographic data alone is insufficient. Instead, dynamic behavioral data reflecting 

the customer's ongoing relationship provides better predictive value. These engagement metrics 

are closely linked to psychological determinants, specifically the distinction between satisfaction 

and trust. Lin (2012) posits that repeated interactions foster familiarity, which can translate into 

trust. The author differentiates this from general satisfaction. While satisfaction reflects a positive 

evaluation of past services, trust specifically influences the willingness to engage in new financial 

risks or products. Consequently, Lin (2012) argues that trust is a more accurate predictor of cross-

selling susceptibility than satisfaction scores alone. 
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Besides individual behavior, external macroeconomic conditions also shape cross-selling 

opportunities. Basten and Juelsrud (2024) demonstrate that monetary policy, such as interest rate 

adjustments, influences the broader market environment for deposit products. Their findings 

suggest that macroeconomic indicators act as external determinants that impact the customer's 

probability to convert, independent of their individual relationship with the bank. 

Overall, the literature identifies determinants for cross-selling prediction. While demographic data 

provides a baseline, behavioral features related to interaction depth and history constitute the 

strongest predictors (Zheng 2025; Boustani et al. 2024). These are moderated by psychological 

factors like trust (Lin 2012) and external macroeconomic contexts (Basten and Juelsrud 2024). 

Consequently, accurate prediction models require a multidimensional feature set that supplements 

static customer attributes with dynamic indicators. 

3.2.2.2 Modeling Approaches 

Effective modeling requires a preliminary understanding of the data structure. Zheng (2025) 

highlights the necessity of EDA to reveal underlying behavioral patterns and distributions before 

applying machine learning algorithms. This step is particularly relevant given the nature of the 

datasets used in cross-selling prediction. 

Recent empirical studies (2024-2025) regarding cross-selling prediction mainly compare logistic 

regression, random forest, and XGBoost. These studies utilize comparable datasets to benchmark 

performance (Table 2). Most research relies on feature sets limited to approximately 20 variables. 

The reviewed literature lacks the integration of broader data categories, such as detailed behavioral, 

demographic, and financial history, or probability scores for simulation outcomes. 
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A challenge identified across these studies is the high class imbalance, where only a small fraction 

of customers respond positively to offers (Boustani et al. 2024; Zheng 2025). For instance, in 

Zheng’s dataset, the conversion rate is only 11.6% whereas for Boustani et al. (2024), the positive 

class is approximately 4.8%. Such an imbalance biases standard algorithms toward the majority 

class. To mitigate this, Zheng (2025) employed resampling techniques such as random 

undersampling, and Boustani et al. (2024) relied on model architecture and feature engineering 

rather than explicit resampling. In both studies, certain metrics, such as AUC-ROC or recall, are 

preferred over accuracy when evaluating the performance of highly imbalanced class distributions. 

Topic 
Bank Target Marketing  

Classification on Imbalanced Data 

A Study on Bank Marketing 

Prediction Based 

Predicting Effectiveness of Bank 

Marketing 

Studies (Nasir et al. 2024) (Yang 2025) (Zheng 2025)  

Algorithm LR RF XGB LR RF XGB LR RF XGB 

Accuracy - 0.89 0.9 0.82 0.83 0.84 - - - 

Precision - 0.54 0.59 - - - 0.59 0.64 0.63 

Recall - 0.37 0.43 0.78 0.81 0.82 0.11 0.39 0.43 

F1 score - 0.44 0.50 - - - 0.27 0.48 0.52 

Table 2: Predicting Cross-Selling Opportunities - Comparison of Model Performance 

Logistic Regression serves as the baseline model in the analyzed studies (Nasir et al. 2024; Zheng 

2025). However, it exhibits lower performance metrics than ensemble methods. Zheng (2025) 

reports a recall of 0.11, which implies the model fails to identify 89% of customers likely to accept 

an offer. This limitation results from the linear nature of the algorithm, which restricts accurate 

modeling of high-dimensional data and non-linear customer behavior (Doria et al. 2023). Despite 

lower predictive power, Logistic Regression remains a benchmark for interpretability. 

Tree-based ensemble methods handle complex data structures more effectively than linear models. 

Random forest typically yields higher recall than the baseline. Nasir et al. (2024) observe that 

applying grid-search optimization improves stability. XGBoost surpasses other algorithms across 
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most metrics in the reviewed literature. As shown in Table 2, it achieves the highest accuracy and 

F1 scores. The F1 score is relevant for imbalanced datasets common in conversion prediction. Chen 

and Guestrin (2016) attribute this performance to the capacity of the algorithm to model non-linear 

relationships, perform automatic feature selection, and use built-in regularization to suppress 

overfitting. 

The literature indicates a trade-off: while ensemble models, such as XGBoost, maximize predictive 

performance, their interpretability is reduced (Schwartz et al. 2025). This lack of transparency 

presents two problems in the financial sector. First, it may conflict with regulatory requirements. 

Second, it prevents the derivation of strategic business implications, such as understanding the 

reasons for customer conversion. Despite existing research comparing machine learning models 

for cross-selling prediction, gaps remain. Existing studies primarily focus on predictive 

performance using limited feature sets of around 20. Moreover, loan lifecycle dynamics and 

behavioral factors such as repeated offer exposure and campaign fatigue are rarely examined in 

depth. This study addresses these gaps by integrating richer behavioral and customer data, 

combining machine learning models with SHAP-based explainability, and linking predictive 

drivers to customer personas and lifecycle stages. 

3.3 Explainable AI in Finance 

As the literature points out, advanced machine learning models, such as XGBoost or random forest, 

often outperform simpler models, such as logistic regression or decision trees, in standard 

performance metrics. Yet, advanced models are often referred to as black boxes due to their lack 

of interpretability (Klein and Walther 2024). This trade-off between accuracy and interpretability 

is illustrated in Figure 1 among different machine learning models. 
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3.3.1 Compliance and European Policies 

The limited interpretability of advanced machine learning models not only affects transparency for 

internal stakeholders but also raises regulatory concerns (Černevičienė and Kabašinskas 2024). In 

financial services, model decisions must be explainable to comply with data protection and AI 

governance standards, making explainability a legal as well as a technical requirement (European 

Union 2016; European Data Protection Supervisor 2025). In Europe, the European Union 

published the General Data Protection Regulation (GDPR) to regulate the usage of personal data 

and the EU AI Act to regulate the usage of AI applications. 

Within the GDPR, two rights are most relevant to this project. First, the right not to be subject to a 

decision based solely on automated processing is stated in Article 22 (European Union 2016). 

Second, recital 71 states the right to an explanation, including the right to retrieve specific 

information, express one's point of view, challenge the decision, and obtain human intervention 

and an explanation of the automated decision (Directorate-General for Parliamentary Research 

Services (European Parliament) 2020). These policies pose concrete implications for any 

automation algorithm used in banking, as every decision must be justifiable through reasoning and 

not solely a model score.  

Under the EU AI Act 6(3), credit scoring is classified as a high-risk AI system because it directly 

determines access to financial services (European Data Protection Supervisor 2025). Therefore, 

using AI for credit scoring requires transparency, human oversight, and explainability 

(Černevičienė and Kabašinskas 2024). The proposed models for Banco Primus will not determine 

creditworthiness or credit scoring but predict the probability of loan offer acceptance and the 

probability of cross-selling success among existing customers. Therefore, both AI applications 

serve marketing and process-optimization purposes rather than decision-making about credit 
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approval. Yet, both AI applications are embedded within the customer journey of credit issuance 

and involve the profiling of natural persons, potentially posing an indirect influence on credit offer 

management. Methods such as SHAP-based feature attributions will support transparency, 

strengthen internal governance, and align the predictive framework with the emerging European 

standards for trustworthy AI (Černevičienė and Kabašinskas 2024). 

3.3.2 Explainable AI Solutions 

Černevičienė and Kabašinskas (2024) divide Explainable AI into subcategories, also including: i) 

feature relevance, which quantifies the contribution of each feature towards the output and allows 

one to identify the most influential factors of the predictions. Lundberg and Lee (2017) introduced 

SHapley Additive ExPlanations (SHAP), which has become the most widely used approach; ii) 

simplification, which uses simpler models to approximate the advanced model, e.g., rule-based 

learners or decision trees. This approach helps to communicate to non-technical stakeholders the 

logic behind the model and is often used to account for transparency; iii) local explanations, which 

explain individual predictions, which is according to GDPR in banking necessary to explain on 

customer level the reasoning for a decision; iv) transparent models, which refers to using simple 

inherently interpretable models (Černevičienė and Kabašinskas 2024). 

According to Černevičienė and Kabašinskas (2024), and Klein and Walther (2024), SHAP is 

mostly used in finance, specifically when using XGBoost and random forest. SHAP, a single 

additive attribution framework, unifies six AI explainability models (LIME, DeepLIFT, Layer-

wise Relevance Propagation, and classic Shapley regression values, Shapley sampling values, and 

Quantitative Input Influence) (Lundberg and Lee 2017). SHAP assigns a numerical contribution to 

each feature. This additive explainability principle is based on cooperative game theory and follows 
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the three properties of i) local accuracy, the sum of all features adds up to the output; ii) 

missingness, any irrelevant feature contribution for predicting the output equals zero; iii) 

consistency, the SHAP contribution values are consistent regardless of the features’ weight in the 

model (Lundberg and Lee 2017). Klein and Walther (2024) argue that advanced machine learning 

models with financial data can be accepted from a governance perspective if SHAP and XAI 

frameworks are used. 

García-Céspedes et al. (2025) assess the practical limitations of SHAP in the financial sector. They 

use a credit-risk ranking model and find that interventional and path-dependent SHAP result in 

similar global and local explanations. The authors state that the results are influenced by the 

background portfolio distribution, even if the customer data and the model did not change. This 

inconsistency in results creates a challenge for the stability and regulatory usability of customer 

explanations. One way to mitigate the volatility temporarily is to freeze the background dataset. 

While researchers are aware of this limitation, regulators may not be. García-Céspedes et al. (2025) 

suggest in their research that both parties should work closer together to develop a more stable 

explainability AI approach for financial applications. 

Based on this discussion, SHAP will be used as the main explainability technique, due to its model-

agnostic comparability across logistic regression, random forest, and XGBoost, and acceptability 

across the industry. However, to address the identified limitation, for each evaluation period, the 

background dataset will be frozen and documented to ensure that all explanations within that period 

use a consistent reference and to ensure reproducibility and auditability for every model version. 

To test sensitivity, explanations were compared across alternative backgrounds, including whole-

portfolio and channel-specific samples. This strengthens methodological transparency and supports 

regulatory robustness in a dynamic financial context.  
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SHAP’s local force plots will be applied selectively to illustrate individual customer decisions and 

to support communication with non-technical stakeholders (Acharya et al. 2024). SHAP will 

remain the main framework for all quantitative analyses and regulatory documentation to ensure 

methodological consistency and transparency across models. 

Another method for local explanations would be LIME, introduced by Robeiro et al. (2016). LIME 

approximates complex models locally for a specific instance by fitting a simple interpretable 

surrogate model, typically a linear regression (Ribeiro et al. 2016). However, LIME has its 

limitations, as explanations depend on sampling strategy, kernel width, and neighborhood 

definition, which can lead to instability. Further, LIME lacks global insights, which can lead to 

inconsistency across customer reasoning. Misinterpretations can occur if users interpret surrogate 

coefficients as true measures of feature importance. Within regulated sectors, such as banking, 

thorough documentation of parameters and model configuration, as well as a complementary use 

of global explainers, including SHAP, are necessary to ensure stability, auditability, and 

consistency (Dieber and Kirrane 2020).  

3.3.3 Explainable AI within Governance Models at Banks 

In addition to the methodology and technical categories of XAI, Deloitte (2022) emphasize that the 

information level and responsibility of explainability vary among different stakeholders. The 

bank’s governance structure should reflect the different requirements of explainability which can 

be distinguished in five main stakeholders: i) model developers and data scientists constitute the 

first line of defense and are responsible for weighing the trade-offs between model performance, 

accuracy, and explainability; ii) the bank’s risk managers, second line of defense, test robustness 

and impact of biased data as input; iii) external regulators and auditors as third line of defense, who 
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audit the bank and its compliance with usage of AI and automated decision tools; iv) bank 

employees, who use visual explanations to act on model output; v) bank customers, who are entitled 

to the GDPR’s right to explanation (Deloitte 2022). 

In addition to these organizational layers and governance model outlines, research-based 

frameworks have also been introduced and can be used as guidelines. Bücker et al. (2020) propose 

a governance framework to explain credit scoring called TAX4CS (transparency, auditability, and 

eXplainability for credit scoring). This framework follows a cycle starting with model performance 

and continuing with global explanation, including variable importance and partial dependence. 

Then it moves to local explanations, using, for example, SHAP local force plots, and finally arrives 

at an instance-level what-if analysis. Each phase in the cycle addresses different stakeholders: 

regulators, auditors, developers, and customers (Bücker et al. 2020). 

While loan default prediction is well established in the literature, considerably less attention has 

been given to predicting the conversion of already approved loans and personal loan cross-selling 

using machine learning. Existing studies typically focus on predictive performance based on 

limited feature sets and rarely connect model explanations to the operational and behavioral drivers 

underlying post-approval drop-off or campaign engagement. Moreover, while ensemble models 

and SHAP-based explainability are increasingly employed in financial contexts, few studies 

translate these insights into actionable frameworks that support operational decision-making and 

targeted cross-selling. This gap motivates the present study, which combines predictive modeling 

and explainable AI to identify the drivers of post-approval auto loan conversion and personal loan 

cross-selling at Banco Primus. 
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4 Methodology  

This chapter describes the methodology used in both use cases, covering data acquisition, cleaning, 

exploratory analysis, feature engineering, and the development of logistic regression, random 

forest, and XGBoost models. It then outlines the evaluation strategy, including performance 

metrics, back-testing procedures, and SHAP-based explainability. 

4.1 Data  

4.1.1 Data Acquisition 

This study uses internal data from Banco Primus, complemented by external data sources, such as 

historical interest rate changes, to analyze auto loan conversion and personal loan cross-selling at 

Banco Primus. A structured list of 116 variables covering customer, financial, product, dealer, 

broker, and engagement characteristics guided the extraction process. The bank provided two 

datasets based on this schema, excluding variables that were unavailable or irrelevant. 

Additionally, a public dataset from Banco de Portugal was provided by Banco Primus, containing 

information on car dealers and financial brokers and their collaboration with banks. This can 

answer questions regarding the competitive dynamics in conversion performance. All data were 

masked to ensure anonymity, and processing adhered to GDPR and the EU Artificial Intelligence 

Act for ethical and compliant use of customers’, partners’, and employees’ information. 

4.1.2 Data Description: Approved Loan Conversion  

The provided dataset contains 16,808 loan application records and 122 variables, including the 

binary target variable target_booked, which indicates whether a loan application was converted 

into a booked contract or not (1 = booked, 0 = not booked). Each observation represents an 
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approved loan proposal capturing the process from creation, over first approval to potential booking 

or closure. The dataset includes observations recorded in 2023 and 2024. 

The variables can be grouped into conceptual categories (chapter 9.4.1): i) process metadata: 

variables describing the workflow, its process states, and analyst interactions; ii) product and 

financing details: attributes specifying the credit product configuration and terms; iii) partner and 

channel information: characteristics of intermediaries and dealerships involved in the loan process; 

iv) customer characteristics: socio-demographic and employment variables; v) insurance and 

incentive data: information related to the vehicle and other valuation indicators; vi) decision 

process features: operational features describing activity metrics and risk and compliance flags; 

vii) target variables: denoting process outcomes. 

A second dataset was incorporated from the Bank of Portugal’s public registry of credit 

intermediaries, specifically registered brokers and dealers operating in Portugal. After the raw 

lender names were harmonized and cleaned to eliminate duplicates and legal suffixes, the dataset 

consists of 29,501 rows and 20 columns, where each row represents a unique intermediary-lender 

relationship within a defined validity period. The dataset includes the intermediary’s legal and 

commercial identification details and the financial institutions with which they maintain 

cooperation agreements. It contains start and end dates, allowing for the detection of whether a 

specific lender relationship was active at the time the loan application was approved. 

4.1.3 Data Description: Personal Loan Cross-Sell  

The personal loan dataset consists of 16,368 customer records and 66 variables, including the target 

variable state. Each observation corresponds to a single customer who received a new loan proposal 

via email or SMS during the current marketing campaign cycle, starting July 2025. The target 
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variable is a categorical variable indicating the customer's response: no interaction, simulation 

only, or simulation followed by subscription to the cross-sell product. The dataset does not record 

the temporal sequence or timing of these events.  

The variables can be grouped into five conceptual domains (chapter 9.4.2): i) customer and address 

data: variables that contain socio-demographic identifiers and core personal features; ii) campaign 

and offer data: includes historical product and pricing information about the proposed loan, 

timestamps, and the amount of previous offers; iii) existing auto loan data: if applicable to the 

customer, it describes parameters about their ongoing auto-loan agreement and information about 

the car; iv) customer profile and risk: consolidates indicators of the relationship between the bank 

and the customer and an internal risk score; v) campaign outcome: contains information about the 

contract details for customers who accepted the offers. State is the target variable. 

4.2 Data Cleaning and Pre-processing 

Across both use cases, column names were standardized and translated from Portuguese into 

consistent English identifiers if applicable. Data types were aligned with semantic meanings, 

including transforming currencies, percentages, and dates to numeric or datetime formats, and 

casting identifiers to strings. Categorical values were normalized by harmonizing spelling, 

removing accents, and mapping them to correct business meanings. Finally, duplicate rows were 

removed and outliers treated. 

4.2.1 Data Cleaning and Pre-processing: Approved Loan Conversion 

Missing values were addressed through different strategies depending on the degree of missingness 

(Acock 2005). Based on business insights provided by the bank, missing values in 
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has_decision_pending, has_decision_unique, has_approval_after_refuse, client_effective, 

partner_new_bet, and client_self_employed were interpreted as False. The variables 

insurance_type and company contained over 98% missing entries, causing any target_booked rate 

calculated for them to be statistically unreliable. Therefore, both columns were excluded from the 

analysis (Acock 2005). Further, cae was missing in approximately 71.4% of the observations, 

which was addressed in feature engineering (4.4.1). For categorical variables with less than 10% 

missing values, namely gender, partner_rating, activity, and profession, these were replaced with 

the label “Unknown”, as they represent incomplete or unrecorded information. 

Additionally, all columns that contain at least 99% zero values were dropped, after verifying that 

their non-zero values do not cause significant trends in booking rates and after communicating the 

strategy to the bank. The resulting dataset contained 109 features. 

4.2.2 Data Cleaning and Pre-processing: Personal Loan Cross-Sell 

The target variable state indicated whether a customer started a simulation (“Received”), 

completed it (“Active”), or took no action (“#NV”). For modeling, “Received” and “Active” were 

merged into a single positive class, aligning with Banco Primus’ objective to increase simulations 

(1 = started/finished simulation, 0 = did not start a simulation). To avoid data leakage, all columns 

populated only when a simulation was completed were removed, reducing the feature set from 58 

to 48. Missing values were addressed through a structured imputation strategy. The target variable 

state, missing in 96.8% of the observations, was imputed as class 0 (no action), as Banco Primus 

confirmed that missing values indicate customers who did not start a simulation. For profession 

(67.2% missing), the variable was replaced with a binary existence indicator to mitigate imputation 

bias. Subsequently, the original variable was removed. For features with low missingness (below 
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1%) and data leakage artifacts (profession_contract_type and housing_type), missing values were 

filled using proportional imputation. Missing values were randomly assigned based on the 

empirical distributions of the observed data, thereby preserving the original variable distributions 

and minimizing distortion of underlying patterns. 

To resolve encoding inconsistencies, categorical features underwent semantic normalization 

assisted by a Large Language Model. Many features were domain-specific, such as Portuguese 

municipalities, vehicle models, or bank names, which LLMs can capture. The inspection revealed 

widespread encoding issues, inconsistent representations across bank names, vehicle brands, and 

fuel types, and a high-cardinality variable named vehicle_model_original. This feature was cleaned 

and split into a model text field and a derived vehicle_start_year, with missing years imputed using 

the median. 

4.3 EDA 

The exploratory data analysis consisted of both univariate and bivariate analytical procedures to 

understand the structure of the dataset, inspect feature distributions, and identify potential data 

quality issues before modeling. The distribution of the binary target variable was examined to 

identify potential class imbalance and determine whether resampling or weighting strategies may 

be required during model training. Additionally, the target variable was plotted in relation to the 

approval date to understand how booking behavior changes over time. 

Next, the univariate analysis was performed. For continuous variables, histograms with kernel 

density lines, boxplots, and violin plots were created to assess their distributional shapes, detect 

skewness, and identify potential outliers. To reduce the impact of these outliers, winsorization is 

applied later at the 1st and 99th percentiles, preserving important data patterns and making the 
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distributions more robust for modeling (Demir and Sahin 2023). Skewed variables were inspected 

on a log scale to assess their suitability for improving interpretability and preparing them for 

logistic regression modeling (Moore et al. 2007). For discrete and ordinal features, bar charts were 

plotted to visualize the features’ characteristics. Implausible values were identified, and the 

respective records were removed from further analysis. Ordinal variables were inspected for 

sparsity in higher categories to support later modeling decisions. Finally, for categorical features, 

the most frequent categories were displayed. Categories with very low occurrence were grouped 

into “Other” to avoid high-cardinality and improve model stability. 

Next, in the bivariate analysis, all features are examined relative to the target variable. This allows 

for detecting strong discriminatory patterns and variables with little explanatory value. For 

continuous variables, bivariate plots, such as box plots, and distribution comparisons were used. 

For discrete, ordinal, and categorical variables, bar charts were employed to assess class-specific 

differences and potential data leakage. 

A bivariate statistical test was conducted to assess the relationship between partner type and each 

feature, using proportion z-tests for binary variables, chi-square tests for categorical variables, and 

Mann-Whitney U tests for numerical variables, with statistical significance determined at p < 0.05. 

Mann-Whitney U tests were chosen for numerical variables as a non-parametric alternative that 

does not assume normal distribution, making it more robust for financial and operational metrics, 

which often exhibit skewness (McKnight and Najab 2010). 

Finally, a correlation heatmap of numerical features was created to assess relations between the 

features. To avoid redundancy and multicollinearity, one variable for every correlated pair was 

excluded based on economic relevance. VIF scores were used to detect multicollinearity. The issue 
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is addressed in logistic regression via regularization, while tree-based models can handle it 

naturally (Tomaschek et al. 2018). 

4.4 Feature Engineering 

4.4.1 Feature Engineering: Approved Loan Conversion 

Feature engineering was performed to compute statistically usable and reliable inputs from raw 

categorical data for modeling. First, deterministic, rule-based feature engineering was applied. For 

example, the highly missing cae variable was converted into a presence indicator (has_cae), rare 

categories in variables such as marital status or nationality were grouped into an “Other” label, and 

relationship-based features such as partner_id_bill_match were constructed to capture interactions 

between intermediaries. From the Banco de Portugal dataset, the intermediaries are matched, and 

a new feature indicating the number of lenders an intermediary worked with at the time of loan 

approval is created.  

After constructing the deterministic features, an out-of-time (chronological) data split was 

implemented by sorting all loan applications by their approval date and allocating the earliest 70% 

to training, the next 15% to validation, and the most recent 15% to testing. This ensures that model 

evaluation reflects a realistic, forward-looking scenario and prevents temporal leakage, as future 

observations are never used to inform past predictions (Sheridan 2013).  

For high-cardinality categorical variables, feature encoding was required to avoid creating over 

1,000 dummy variables (Johnson and Khoshgoftaar 2021). Two different approaches are 

implemented and applied with respect to the model being trained. The first approach is Weight-of-

Evidence (WoE) binning, a rigorous and credit-risk-oriented approach transforming several high-

cardinality variables . WoE creates stable, monotonic relationships between categories and the log-
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odds of the outcome. During fitting, the WoE transformer calculates for each category the number 

of booked and non-booked applications and derives the corresponding WoE values. Then, they are 

merged into statistically coherent bins using chi-square similarity tests and constraints on bin size 

and count. This approach was chosen over simple frequency encoding or other naïve approaches 

as it produces monotonic transformations that preserve information. In our case, it is applied to 

logistic regressions as it turns log-odds ratios linear, creating direct compatibility with the model’s 

structure (Yang et al. 2015). However, for tree-based methods, regularized target mean encoding 

is implemented, which does not impose this structure but provides a numerical signal reflecting 

smoothed mean booking rates per category (Pargent et al. 2022). These booking rates are calculated 

as a weighted average of the values’ empirical and global mean, handling rare categories through 

this. The final feature set with 83 columns excludes all columns that were identified as problematic 

in the EDA due to collinearity, missing values, and all original columns for which new features 

were created.  

4.4.2 Feature Engineering: Personal Loan Cross-Sell  

4.4.2.1 Feature Engineering and External Data Integration 

During the feature engineering, external data macro enrichment has been incorporated, including 

geographic wealth indicators from the National Institute of Statistics (2021) report, which includes 

per capita purchasing power, municipality purchasing power index, as well as Europe’s historical 

market interest rate, 6-month EURIBOR. Research indicates that incorporating traditional credit 

metrics, consumer banking transaction data, and regional economic indicators into machine 

learning models allows for richer representations and improves predictive performance compared 

to linear specifications (Sadhwani et al. 2021). Therefore, this external data was included to capture 
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contextual, socioeconomic, and macroeconomic conditions that are not covered in the provided 

data.  

Then, an assessment was made of whether regional affluence influences cross-sell propensity. In-

memory dictionaries were developed to map postal codes to their corresponding wealth data using 

National Institute of Statistics data (2021), providing an overview of the economic status of each 

location. As part of this process, 16,255 customers were successfully linked to their respective 

regional wealth indicators under wealth_ipc, wealth_ppc, and wealth_fdr. The eligibility_date was 

used to retrieve the corresponding 6-month EURIBOR rate at that point in time, creating the feature 

market_rate_at_offer. For customers who had an existing auto loan with the bank, the same 

matching process was applied to their loan activation date, generating the feature 

market_rate_at_activation. Additionally, three temporal features were added to capture the 

customer age of the second holder, age_h2, the age of the existing auto loan, loan_age_months, 

and the remaining loan fraction, remaining_loan_fraction, by using the campaign’s eligibility date.  

Prior literature shows that customer behavior and credit features evolve over time and that 

incorporating temporal dynamics of customer history improves predictive performance (Munoz-

Cancino et al. 2022). Motivated by this, two interaction features were derived to quantify risk and 

saturation: offers_per_year to measure contact density, and debt_to_income_ratio as a proxy for 

the monthly financial burden based on the installment and disposable income. 

The customer profile features are enhanced by creating a binary indicator based on the existence 

of date_of_birth_second_holder, which captures whether a second borrower exists. Compared to 

the continuous age variable, the binary indicator is particularly valuable for tree-based models, as 

it provides a clean and interpretable split that distinguishes between customers with and without a 



40 

 

co-applicant (Kuhn and Johnson 2013). The bank’s internal risk scoring, monitoring_score, was 

converted into a numerical format to preserve its ordinary nature while keeping predictive power.  

To capture each customer’s position within their loan lifecycle, a standardized timing variable was 

constructed. To construct the lifecycle timing variable, several loan-timing fields in the dataset 

were examined, including term_original, months_to_end, loan_age_months, and activation_date. 

Among these, remaining_loan_fraction was selected as the decisive lifecycle indicator because it 

standardizes each customer’s position within the loan, irrespective of the original term length. This 

normalized metric, which ranges from 1 at loan origination to 0 at loan completion, enables a 

consistent comparison across customers. Based on this measure, three intuitive lifecycle stages 

were defined by segmenting the distribution into “Early” (remaining_loan_fraction greater than 

0.66), “Mid” (between 0.33 and 0.66), and “Late” (0.33 or below), ensuring that each stage reflects 

a clear and comparable segment of the loan lifecycle. 

4.4.2.2 EDA of Newly Engineered Features 

As the fourteen newly added features have not yet been explored, a second exploratory data 

analysis was performed. The newly added socioeconomic indicators (wealth_ipc, wealth_ppc, 

wealth_fdr) were inspected for skewness and outliers, as this type of data frequently exhibits heavy-

tailed behavior (Benhabib and Bisin 2018). Temporal and market-related features, such as 

loan_age_months, remaining_loan_fraction, market_rate_at_offer, and old_loan_vs_market_diff, 

were evaluated to verify that their ranges and transformations aligned with domain expectations 

and could be reliably used as model inputs. Two engineered features (offers_per_year, 

debt_to_income_ratio) were reviewed to confirm that they behaved as intended and captured the 

conceptual constructs of contact intensity and financial burden. 
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Variables that represented highly overlapping information (correlations above 0.95) were removed 

to improve model stability and reduce noise. This led to the exclusion of offer_term_diff, 

offer_tan_diff, and is_co_applicant, which were determined to be near duplicates of other, more 

stable predictors. Additionally, gender_h1 was removed due to potential missingness in real-world 

application settings and to align with fair-lending and fairness guidelines. The resulting feature 

selection includes 36 predictors in total. 

4.4.3 Exploratory Customer Segmentation with K-Means 

After identifying the key characteristics that distinguish simulator behavior from non-simulators, 

the next step is to assess whether these differences translate into meaningful customer segments. 

For this, k-means clustering is applied to identify customer profiles since it provides an efficient, 

data-driven way to group individuals with similar characteristics. This allows for the identification 

of underlying customer groups whose shared characteristics are not easily identifiable from 

individual variables alone (Reutterer and Dan 2019). For the clustering analysis, only the variables 

identified during the exploratory data analysis as having the strongest relevance were included. 

These consist of previous_offers, pre_approved_amount, disposable_income, crc_institutions, 

age_h1, customer_tenure_months, and monitoring_score, ensuring that the segmentation is based 

on the most influential customer characteristics. Nationality was not included in the k-means 

clustering because the algorithm’s Euclidean distance measure is unsuitable for purely categorical 

variables . As highlighted by Dinh et al. (2025), most clustering algorithms designed for categorical 

data require alternative similarity measures, since nominal attributes lack inherent ordering and 

cannot be meaningfully compared within distance-based methods, such as k-means. Using the 

elbow method to examine how within-cluster variance decreases across different numbers of 
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clusters, multiple k values were evaluated. Based on the evaluation of different cluster options, a 

two-cluster solution was selected as the most appropriate segmentation structure. 

4.5 Model Development 

First, the general model development approach is described. Then, specific adaptations are 

elaborated for each use case as they differ in data form and evaluation logic, which affects the 

preprocessing steps and model configuration. 

For both use cases, the analytical objective is propensity scoring. This score represents the 

customer's propensity to perform the target action, serving as the basis for ranking and decision-

making. Across logistic regression, random forest, and XGBoost, all models were developed within 

a unified scikit-learn pipeline to ensure comparability. The pipeline applied encoding, 

winsorization, log-transformations for skewed numerical variables if needed, and the removal of 

process-dependent fields. All preprocessing components were fitted only on the training data to 

prevent leakage. One-hot encoding was selected over label encoding, as the categorical variables 

lack any inherent ordinal structure. 

Logistic regression is introduced as the baseline model in both use cases due to its simplicity and 

interpretability, in line with the literature reviewed in chapter 3.2.1.2 (Huang et al. 2024; Lyu et al. 

2025; Špicas et al. 2023; Thomas et al. 2006). Logistic regression requires standardization, log-

transformations for skewed features, and targeted feature cleaning to address multicollinearity and 

high dimensionality. The model’s regularization parameters (L1, L2, and Elastic Net) are tuned to 

improve stability (Schreiber-Gregory et al. 2018). 

Random forest and XGBoost do not require feature scaling because tree-based models split features 

instead of relying on distances or coefficients (Breiman 2001; Chen and Guestrin 2016). The 
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random forest is implemented, which provides a more flexible, non-linear modeling approach and 

often outperforms logistic regressions (Lyu et al. 2025; Špicas et al. 2023). This allows the model 

to capture complex interactions and patterns that logistic regressions cannot learn. The baseline 

random forest uses 100 trees without a depth constraint and a fixed random seed. 

XGBoost extends this by building trees sequentially, where each tree corrects residual errors from 

the previous one. This structure often captures finer interaction patterns than bagging alone. The 

baseline XGBoost model for the loan conversion uses 300 trees with a depth of 2, a learning rate 

of 0.1, and subsample and colsample_bytree values of 0.8 to improve generalization. It uses logloss 

as the evaluation metric and a fixed seed for reproducibility. For the personal loan cross-sell case, 

the baseline XGBoost model applied class balancing through the scale_pos_weight parameter and 

used the histogram-based tree method to improve computational efficiency. The model relies on 

the default XGBoost structural parameters, which include a maximum tree depth of six, one 

hundred boosting trees, and a learning rate of 0.3. 

In both use cases, hyperparameter tuning was applied for random forest and XGBoost to explore 

tree depth, ensemble size, subsampling ratios, and regularization settings. XGBoost 

hyperparameter tuning also includes learning-rate adjustments and, where relevant, class 

weighting. 
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4.5.1 Model Development Approved Loan Conversion 

4.5.1.1 Predicting Approved Loan Conversion 

This chapter explains how the general pipeline was adapted to the approved loan conversion use 

case. The aim is to respect the time order of events, avoid leakage, and understand both predictive 

performance and the underlying behavioral patterns (Maggi et al. 2014). 

The pipeline applied WoEBinner for logistic regression and TargetMeanEncoder for tree-based 

models (Vanhoeyveld et al. 2020). All models were trained on a chronologically defined training 

set and evaluated on a separate validation period to preserve temporal order, prevent leakage, and 

ensure forward-looking performance estimates (Bergmeir and Benítez 2012). After 

hyperparameter tuning, each model was refitted on the combined training and validation period 

and subsequently evaluated on the hold-out out-of-time test set, which contains the most recent 

observations. The final model is additionally tested on separate dealer and broker test data to 

understand how well the model generalizes for each partner type. Therefore, calibration curves are 

created and classification reports generated for each test set. Next to the logistic regression, random 

forest, and XGBoost trained on the clean feature set to find the optimal model to predict loan 

conversion, the following models were also trained.  

4.5.1.2 Target-Leakage Logistic Regression 

One logistic regression was trained that included almost all available variables to test the hypothesis 

from the EDA that several features behave as deterministic indicators of target_booked. Although 

these variables may technically exist before first approval, they are often populated or updated 

afterwards. Therefore, they signal internal processing stages rather than applicant or deal 

characteristics. Examples include cost_estimated, life_eligible, ppp_eligible, conference, fraud, 
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analyst_masked, user_conferencia_masked, and commercial_manager_masked. Gender is treated 

similarly, as the “Unknown” category appears highly predictive due to early process interruptions 

rather than inherent risk, and its inclusion introduces ethical concerns (Hurlin et al. 2024; Pavón 

Pérez 2025). Estimating this baseline model is still informative, as it clarifies the extent to which 

such variables distort performance. 

4.5.1.3 Exploratory Explaining Drivers Model 

The tuned XGBoost model was also trained on an expanded feature set to understand which factors 

drive conversion across the full lifecycle of an application. All identified leakage variables were 

removed, but the model kept demographic characteristics, partner attributes, pricing indicators, 

insurance details, financial metrics, re-analysis counts, and time-to-event variables. This version 

does not aim to support operational decision-making. Instead, its goal is to show which customer, 

partner, and proposal patterns relate to higher conversion rates. 

4.5.1.4 Exploratory Channel-Specific Models (Broker and Dealer) 

Understanding channel differences is a core objective of this work. For this reason, two separate 

XGBoost pipelines were trained: one on broker applications and one on dealer applications. 

Preprocessing remains identical across both pipelines, so any differences in results reflect structural 

channel differences rather than methodological artefacts. A tailored hyperparameter search was 

conducted for each channel. The dealer subset is strongly imbalanced, with more than 80% of cases 

converting, so the dealer model applies a scale_pos_weight derived from the booked-to-non-

booked ratio. 
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4.5.2 Model Development Personal Loan Simulation 

4.5.2.1 Predicting Personal Loan Simulation 

This chapter explains how the general pipeline was adapted to the personal loan cross-sell use case. 

Since the data is cross-sectional and represents a single snapshot from July 2025, no time structure 

exists. A different modeling strategy is therefore required. 

Stratified K-fold cross-validation was used because it preserves the class distribution in each fold 

and provides reliable estimates for imbalanced classification (Kuhn and Johnson 2013). The 

preprocessing pipeline is re-fitted inside each fold to avoid leakage (Varma and Simon 2006). 

Logistic regression requires additional feature-engineering steps due to multicollinearity and high-

cardinality categorical variables. High-cardinality brands were grouped into three categories, 

multicollinear financial variables were removed in favor of cleaner counterparts, and Recursive 

Feature Elimination (RFE) was applied to retain the twenty most informative predictors (Bulut et 

al. 2025). These steps reduce dimensionality and improve coefficient stability in the high-

dimensional one-hot encoded space. 

Random forest and XGBoost can operate on the full, ungrouped feature set because their splitting 

mechanisms are robust to multicollinearity and naturally handle high-cardinality categories (Chen 

and Guestrin 2016). To address the class imbalance, class weighting was applied. Class weighting 

was preferred over SMOTE to preserve the original data distribution. Studies indicate that SMOTE 

generates synthetic samples that may not reflect real-world distributions and can degrade 

probability calibration (Abdelhamid and Desai 2024). 

Hyperparameter tuning was conducted using RandomizedSearchCV for both tree-based models 

(Alamsyah et al. 2024). The search space includes the number of trees, maximum depth, learning 

rate (for XGBoost), subsample and column-subsample ratios, and minimum child weight. Once the 



47 

 

optimal configuration was identified, the tuned model was re-estimated within the same 

preprocessing pipeline. 

4.5.2.2 Exploratory Logistic Regression: Campaign Fatigue  

An additional logistic regression analysis was conducted to examine the relationship between 

lifecycle_stage and the probability of initiating a simulation. In the baseline specification, 

simulation propensity was modeled as a function of lifecycle_stage, previous_offers, and 

customer_tenure_months. Lifecycle_stage was included as a categorical variable, with the late 

stage serving as the reference group. The objective was to assess whether the effects of 

previous_offers and customer_tenure differ across lifecycle stages. The extended model included 

interaction terms between lifecycle_stage and the number of previous_offers, and between 

lifecycle_stage and customer_tenure_months. Both were calculated as the product of the lifecycle 

stage and the corresponding variable. Interaction terms were specified as products of the individual 

predictors, consistent with standard practice in logistic regression to allow the effect of one 

predictor to vary by levels of another . 

4.5.2.3 Propensity-Based Tiering 

To translate the predictive model outputs into an operational contact strategy, this study developed 

a tiered segmentation framework. This approach aligns with recent literature suggesting that 

effective resource allocation requires integrating propensity scores with broader customer value 

indicators to guide segmentation and treatment prioritization (Neslin et al. 2006; Abdullah and 

Hasan 2023; Gubela et al. 2024). While Abdullah and Hasan (2023) explicitly advocate for an 

architecture that links propensity models with financial CLV to justify resource allocation, this 
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study modifies the framework to adapt to the unavailability of customer value data. The proposed 

framework substitutes the economic dimension with the behavioral personas derived from k-means 

clustering. The framework constructs a cohort matrix based on two distinct dimensions. First, for 

the propensity score, the probability outputs from the personal loan simulation model serve as the 

basis for customer prioritization. The cumulative gains chart is utilized to determine specific cut-

off points, dividing the customer base into priority tiers based on the slope of the marginal gain. 

Second, the k-means clusters classify customers into behavioral profiles. 

4.6 Performance Metrics 

4.6.1 Performance Metrics: General Framework 

In both use cases, the model aims to predict an outcome for a binary classification problem, so the 

metrics measure how successfully the model can distinguish between two mutually exclusive 

classes. To evaluate the trained models, a set of standard classification performance metrics is 

applied: accuracy, precision, recall, F1 score, and the Receiver Operating Characteristic (ROC) 

curve, along with its Area Under the Curve (AUC) (Rainio et al. 2024) (Figure 2). A backtesting 

framework that evaluates the business impact of the predictive models complements the standard 

metrics. Consistent with uplift-based evaluation approaches in applied credit analytics (Baier and 

Stöcker 2022), observations are ranked by predicted propensity, subsets are selected at predefined 

thresholds, and their outcome rates are compared with the baseline. This quantifies the 

improvement over random selection in line with established approaches in predictive marketing 

(Moro et al. 2014).  
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4.6.2 Performance Metrics: Approved Loan Conversion 

In the approved loan conversion use case, the dataset is slightly imbalanced, given roughly 70% of 

the applications convert into a booked loan. This allows most performance metrics named above 

to remain informative. AUC-ROC is used as the main performance measure, as it provides a robust 

comparison between models and across thresholds (Bekkar et al. 2013). Accuracy is also reported, 

allowing the bank to direct its efforts towards the customers with the highest conversion 

probability. However, accuracy represents a trade-off, as the model can always predict the majority 

class and achieve high accuracy without adding real business value (Powers 2011). A low precision 

would mean that many loans predicted to be booked do not follow through in the end. This can 

lead to wasted effort in the teams included in this process. On the contrary, low recall implies that 

a considerable portion of the actual converters are misclassified, resulting in lost revenue if not 

targeted because of the prediction. Both outcomes carry financial value, yet the bank faces no 

capacity constraints. The business risk, therefore, centers on failing to identify customers who 

would convert. Therefore, recall becomes more important than precision from a business 

perspective. Furthermore, the F1 score is considered as it is a balanced summary measure. 

From a business perspective, the main business KPI for this use case is the conversion rate, and the 

main objective is to provide insights into what drives conversion and how the bank might improve 

its operations. While closing the conversion gap between brokers and dealers is interesting for the 

bank, the main objective is to improve the bank’s overall conversion performance rather than 

enforcing channel convergence. To evaluate model performance in a business-aligned way, back-

testing was applied.  

In line with the general backtesting framework described above, the loan conversion case requires 

a threshold-based, forward-looking evaluation because the data are temporally ordered. Predicted 
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probabilities are, therefore, compared against a series of cutoffs (0.50–0.99), and for each cutoff, 

the model selects all applications where the predicted conversion propensity exceeds the threshold. 

4.6.3 Performance Metrics: Personal Loan Cross-Sell 

Precision is the primary objective in the cross-sell case to minimize resource waste associated with 

false positives. While identifying simulators is necessary, optimizing recall alone leads to 

contacting nearly all customers. Thus, the evaluation focuses on maximizing precision among the 

highest-ranked prospects. Therefore, the model selection and tuning process relies on the AUC-PR 

(Average Precision Score), which ensures the model effectively ranks simulators at the top of the 

list across all potential thresholds. Unlike AUC-ROC, which can appear inflated in highly 

imbalanced datasets, AUC-PR focuses entirely on the model’s performance for the positive class 

(Davis and Goadrich 2006). This focus makes it appropriate for the cross-sell use case, prioritizing 

the identification of simulators while limiting false positives.  

To evaluate operational application, this study analyzes Precision at Top k (Precision@k). Here, k 

represents a relative cut-off, specifically the top 20% quintile of the ranked customer list. The 

selection of this 20% threshold aligns with the propensity tiering framework established in the 

literature (Abdullah and Hasan 2023). In addition, empirical testing within this dataset indicated 

that a 20% cut-off represents the smallest segment size that yields stable and interpretable 

performance estimates. Smaller cut-offs (e.g., 10%) resulted in insufficient sample sizes for reliable 

evaluation. 

Given that the dataset is cross-sectional, traditional time-series back-testing is not applicable. 

Instead, the study employs a static out-of-sample simulation to project economic impact, aligning 

with database marketing frameworks (Blattberg et al. 2008). The unseen test partition serves as a 
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proxy for a marketing campaign (Kuhn and Johnson 2013). In this simulation, customers are ranked 

by predicted propensity scores in descending order to prioritize high-probability prospects (Moro 

et al. 2014). To estimate the operational outcome, metrics observed in the test set are extrapolated 

to the total eligible population. This projection generates a summary quantifying key metrics as the 

expected campaign size (n), the simulation rate (precision), and the capture rate (recall). 

4.7 Explainable AI  

SHAP is a common AI explainability method in the financial sector (Černevičienė and Kabašinskas 

2024; Klein and Walther 2024), which can help identify the main factors influencing auto-loan 

conversion rates across channels. This can guide targeted strategies and process optimization. 

Regarding personal cross-sell, it provides an understanding of the factors that influence the 

propensity to start a simulation for an additional offering. While examining the coefficients or 

importance scores alone offers a general indication of each feature's average effect within the 

model, frameworks such as SHAP provide localized explanations that can be aggregated to offer a 

global view of how the features influence the model.  

The LinearExplainer was used for logistic regression, and the TreeExplainer for the tree-based 

models to efficiently compute Shapley values. The resulting SHAP values quantify how much each 

feature value increases or decreases the predicted conversion probability, providing a global view 

of feature importance and directional effects (Lundberg and Lee 2017). 

In the loan conversion case, SHAP plots were created for the final predicting model, the exploratory 

model explaining drivers, and the exploratory channel-specific models (broker and dealer). For the 

cross-sell case, SHAP plots were computed to analyze feature contributions and later compare how 

these contributions differ across the customer personas identified in the segmentation step. 
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In addition to the global SHAP analyses, local force plots were generated for the tuned XGBoost 

model to provide case-level explanations and to ensure GDPR compliance (Černevičienė and 

Kabašinskas 2024). This yields a transparent, instance-specific explanation showing how much 

each feature shifts the prediction relative to the model’s baseline, and supports regulatory 

requirements such as GDPR (Directorate-General for Parliamentary Research Services (European 

Parliament) 2020). 

5 Results 

5.1 Personal Loan Cross-Sell 

For personal loan cross-sell, the analysis starts with an exploratory assessment of data quality and 

customer characteristics, followed by the evaluation of predictive models and complementary 

exploratory analyses to identify the main behavioral drivers, segmentation patterns, and evidence 

of campaign fatigue. 

5.1.1 Predicting Personal Loan Simulation 

Individual Part: Nils Rudolf (63855) 

5.1.1.1 Predicting Personal Loan Simulation: Logistic Regression Model 

The baseline logistic regression model, incorporating Recursive Feature Elimination (RFE), 

establishes a benchmark performance with an AUC-PR of 0.0583. As shown in the threshold 

analysis (Figure 63), the model exhibits limited discriminatory power in the high-precision range, 

reflected in a low precision at the top 20% of 0.0657. The model achieves a recall at the top 20% 

of 0.4095, identifying approximately 41% of simulators within the top quintile. The high number 

of false positives (707 in the top 20%) indicates that the linear decision boundary struggles to filter 

out non-responsive customers effectively. Feature selection via RFE reduced the dimensionality to 
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20 key predictors to mitigate noise from high-cardinality features such as vehicle brands. The 

resulting coefficient analysis (Figure 62) highlights nationality_h1_brazil (+1.29) and specific 

banking relationships bank_first_holder_caixa_de_credito_agricola (+1.68) as strong positive 

drivers. Conversely, fuel_type_original_Mild_Hybrid (-2.08), 

profession_contract_type_Self_Employed (-1.83), and 

bank_first_holder_caixa_agricola_de_torres_vedras (-1.9) exhibit strong negative associations. 

Notably, the variable previous_offers presents a negative coefficient of -0.81. This aligns with the 

negative trend observed in the exploratory analysis, indicating that within the linear model, 

increased contact frequency is associated with a reduction in simulation probability. 

5.1.1.2 Predicting Personal Loan Simulation: Random Forest Model 

The random forest model improves upon the baseline by leveraging non-linear decision trees to 

capture complex customer profiles. With an AUC-PR of 0.0753, it surpasses the logistic regression, 

particularly in ranking quality. Regarding the operational metric precision at the top 20%, the 

random forest improves it to 0.0826. The model achieves a recall at top 20% of 0.5143, identifying 

nearly half of all simulators within the target group (Figure 64). Hyperparameter tuning optimized 

the model structure, favoring deep trees (max_depth=30) and specific split criteria 

(min_samples_split=5) over explicit class weighting, as the hyperparameter search selected 

class_weight=None. The feature importance analysis (Figure 61) reveals a shift in predictor 

dominance compared to the linear model. While previous_offers (0.072) remains the primary 

predictor, financial and temporal features such as old_loan_vs_market_diff (0.056) and 

remaining_loan_fraction (0.056) gain substantial weight. This indicates that the random forest 
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incorporates the derived interaction features regarding the customer's position in the loan lifecycle 

and the relative attractiveness of the new interest rate more strongly than the linear model. 

5.1.1.3 Predicting Personal Loan Simulation: XGBoost Model 

The XGBoost model exhibits the highest predictive performance across all evaluated metrics, 

achieving an AUC-PR of 0.1007. Hyperparameter tuning selected a scale_pos_weight of 15.16, 

approximately half the raw class imbalance ratio. XGBoost delivers a precision at the top 20% of 

0.0902. While the model achieves a recall at the top 20% of 0.5619, capturing 56% of simulators 

within the top 20% of the ranked database (Figure 65). The gain chart (Figure 66) illustrates this, 

maintaining higher precision levels at improved recall thresholds compared to previous iterations. 

The feature importance profile (Figure 60) corroborates the random forest findings but assigns 

distinct weights to customer segmentation features. Previous_offers (0.040) and 

pre_approved_amount (0.025) are the leading predictors, followed by crc_institutions (0.020), 

nationality_h1_brazil (0.019), and the clustering feature cluster_0 (0.019). This highlights that 

XGBoost relies heavily on campaign history and financial liquidity indicators to rank customers. 

Isotonic calibration was applied to align predicted probabilities with observed frequencies. 

Table 3 summarizes the performance metrics for the three candidate models on the test set. The 

XGBoost model outperforms in both ranking capability (AUC-PR) and precision at the top 20%. 

Specifically, XGBoost identifies 15.24 percentage points more simulators than the logistic 

regression baseline (56% vs 41%) and achieved 4.24 higher percentage points for AUC-PR for the 

same operational effort. Consequently, XGBoost is selected as the best model for the final 

implementation and propensity scoring. 

 XGBoost + Class 

Weighting 

Random Forest + Class 

Weighting 

Logistic Regression + 

RFE 
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AUC-PR (Avg Prec) 0.1007 0.0753 0.0583 

AUC-ROC 0.7665 0.7166 0.6738 

Precision @ 20% 0.0902 0.0826 0.0657 

Recall @ 20% 0.5619 0.5143 0.4095 

F1 score @ 20% 0.1553 0.1421 0.1138 

Table 3: Predicting Personal Loan Simulation - Model Comparison 

5.1.1.4 Predicting Personal Loan Simulation: Backtesting 

The gain analysis in Figure 68 quantifies the ability of the XGBoost model to prioritize responsive 

customers. At the most selective threshold of the top 10% (campaign size of 1,634 customers with 

a capture rate of 35.2%) the model achieves a simulation rate of 11.3%. Expanding the selection to 

the business target of the top 20% (campaign size of 3,269 customers with a capture rate of 56.2%), 

the simulation rate for this cohort is 9.0%. This represents a lift factor of 5.8% compared to the 

global baseline probability of 3.2%. A broader application targeting the top 50% (campaign size of 

8,183 customers with a capture rate of 88.6%) results in a simulation rate of 5.7%. Conversely, the 

full dataset reflects the unoptimized baseline, where 16,366 contacts are required to reach 100% of 

simulators with a baseline simulation rate of 3.2%. 

The assessment of model calibration (Figure 69) shows that predicted probabilities align with 

observed frequencies for scores up to 0.18. Beyond this threshold, the curve indicates unreliable 

probability estimates. 

5.1.1.5 Predicting Personal Loan Simulation: SHAP 

The global features SHAP analysis (Figure 46) shows that previous_offers is the most influential 

feature, exhibiting predominantly negative SHAP values when the feature value is high. 
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Similarly, nationality_h1_brazil shows a negative impact when the feature is present. In contrast, 

crc_institutions displays mostly positive SHAP values for high feature values. 

Housing-related variables exhibit asymmetric effects depending on their value levels. For 

housing_type_own_no_debt, low feature values are associated with positive SHAP contributions, 

while higher values tend to push the model output in a negative direction. 

Housing_type_own_mortgaged shows the opposite pattern, where low values are linked to negative 

SHAP values. Financial variables such as pre_approved_amount and remaining_loan_fraction 

display predominantly positive effects at lower value ranges, while disposable_income has a 

negative effect at lower values. 

5.1.1.6 Propensity-Based Tiering 

Individual Part: Nils Rudolf (63855) 

This chapter integrates the XGBoost predictive scores with the identified customer clusters defined 

in chapter Error! Reference source not found., to construct a cohort matrix for propensity-based 

cross-selling. Based on the thresholds defined in the cumulative gain chart (Figure 66), the 

customer base is segmented into three tiers: High (Top 22%), Mid (Top 49%), and Low (Bottom 

51%). Figure 67 presents the simulation rates for the intersection of propensity tiers and customer 

clusters. Within the high-priority tier, the Fatigued Tenured segment exhibits a conversion rate of 

9.6% (13 simulators out of 136), corresponding to an absolute lift of 6.4% against the global 

average. The Fresh Prospect segment within the same tier shows a conversion rate of 8.5% (50 

simulators out of 585) and a lift of 5.3%. In the Mid priority tier, conversion rates decrease to 2.6% 

for Fatigued Tenured and 3.6% for Fresh Prospect customers. Two-sample z-tests evaluate the 

differences in response rates. The difference between the aggregated High and Mid tiers is 
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statistically distinct (p < 0.001). However, within the specific tiers, the difference between clusters 

does not reach statistical thresholds (p < 0.05). In the High tier, the comparison between Fatigued 

Tenured and Fresh Prospect yields a p-value of 0.6594. Similarly, the Mid-tier comparison results 

in a p-value of 0.2585. Cohort Profiling in Figure 70 details the demographic and behavioral 

profiles of the segments. Within the High Priority Tier, Fatigued Tenured customers exhibit a mean 

tenure of 99.6 months and an average of 4.47 previous offers, and a higher engagement with credit 

institutions (4.82 vs 3.61). In contrast, Fresh Prospects show a mean tenure of 28.9 months and 

1.46 previous offers. In the Mid Priority Tier, the Fatigued Tenured segment shows a mean tenure 

of 82.11 months and the highest contact frequency, with an average of 10.62 previous offers. Fresh 

Prospects in this tier have a mean tenure of 27.89 months and an average of 3.79 previous offers 

(Figure 70). 

6 Discussion 

The discussion chapter interprets the empirical results of both use cases and links them to 

operational and strategic implications for Banco Primus. 

6.1 Personal Loan Cross-Sell 

Understanding customers is important for designing an effective and sustainable cross-sell strategy. 

While predictive modeling provides an estimate of each customer’s propensity to initiate a loan 

simulation, the underlying behavioral and lifecycle patterns behind these predictions should also 

be examined. Therefore, this chapter evaluates the predictive performance of the XGBoost model 

and its global feature determinants. Subsequently, k-means clustering analyzes the predictions to 
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identify behavioral segments, focusing on campaign fatigue. Finally, these insights are translated 

into a propensity-based tiering framework.  

6.1.1 Interpretation: Predicting Personal Loan Simulation 

Individual Part: Nils Rudolf (63855) 

This chapter evaluates the predictive performance and feature determinants of the XGBoost model 

to assess its operational suitability. The discussion addresses the validity of resource allocation, 

identification of economic drivers with XAI, and the implications of behavioral patterns for 

campaign strategy.  

The evaluation confirms that the XGBoost ensemble identifies non-linear customer behaviors and 

outperforms the logistic regression baseline. While the AUC-PR of 0.10 reflects the class 

imbalance, the model indicates stability with a standard deviation of +/- 0.01 in stratified k-fold 

cross-validation. For operational decision-making, the ranking ability of the model takes 

precedence over the probability scores. The gain analysis (Figure 68) indicates a Lift of 2.8 in the 

top 20%, demonstrating that targeting this segment captures nearly three times the simulation 

compared to a random selection. This efficiency supports the transition from broad-based 

marketing to marginal-value allocation frameworks (Neslin et al. 2006). However, probability 

calibration degrades for scores exceeding 0.18, implying that the model functions primarily as a 

ranking instrument rather than a precise estimator of absolute probabilities. 

The global SHAP analysis of feature importance identifies operational levers. Three key findings 

regarding monetary sensitivity, external credit load, and fatigue emerge. First, the number of active 

external credit relationships (crc_institutions) shows a positive correlation with simulation 

probability. This suggests that customers with multiple financial institutions use the product for 
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debt consolidation. This supports a solution-oriented marketing approach rather than a purely sales-

driven one. Second, the inverse relationship between previous offers and simulation probability, 

highlighted by Banco Primus during stakeholder discussions, contradicts Reinartz and Kumar’s 

(2003) "inverted U-shape" theory. SHAP plots show that additional contact attempts reduce 

simulation probability, indicating immediate campaign fatigue. 

While global SHAP (Figure 46) analysis identifies general drivers, it assumes that feature effects 

are consistent across the entire customer base. This approach obscures the fact that different 

subgroups may behave differently. Furthermore, a high propensity score alone does not ensure 

optimal resource allocation, as it views conversion probability in isolation from strategic context. 

Abdullah and Hasan (2023) note that effective targeting requires combining predictive scores with 

distinct behavioral metrics to avoid inefficient selection strategies. To address this requirement, the 

following k-means analysis adds a behavioral dimension to the prediction model.  

6.1.2 Recommendation: Optimizing Campaigns via Propensity-Based Tiering Frameworks 

Individual Part: Nils Rudolf (63855) 

The previous analyses identified two dimensions required for an effective cross-sell strategy: the 

predictive probability of simulation (evaluated in chapter 6.1.1) and the behavioral receptiveness 

of the customer (defined by the personas in chapter 6.1). The current campaign strategy operates 

on a broad inclusion principle, where the default approach involves contacting the entire eligible 

customer base. The propensity model results presented in chapter 6.1.1, however, indicate that 

simulation probability varies by a factor of ten between customer propensity tiers. This variance 

suggests that a uniform contact strategy creates inefficiencies. While the direct marginal costs of 
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digital channels (SMS, email) are negligible, literature regarding the "attention economy" implies 

that the limiting factor is customer receptiveness rather than budget (Ansari and Mela 2003).  

As described in chapter 2, the analyzed dataset reflects the period before September 2025, during 

which customers received three contacts per month. The analysis indicates that signs of saturation 

were already present at this frequency. Since the bank recently increased the volume to four 

monthly contacts, this operational shift risks accelerating fatigue effects. This "one-size-fits-all" 

approach conflicts with the principles of marketing resource allocation described by Neslin et al. 

(2006), who argue that profitability depends on allocating resources to where the marginal lift is 

highest. The exploratory analysis and model results in chapter Error! Reference source not 

found. highlighted two primary inefficiencies in the current setup: i) As previously discussed, 

customers who received many previous offers exhibited a low simulation rate, compared to those 

with few prior offers. While this negative correlation might stem from selection effects rather than 

pure fatigue, evidence suggests that excessive contact frequency contributes to diminishing returns. 

ii) SMS is a high-attention channel but carries a risk of perceived intrusiveness. Indiscriminate use 

of SMS on "fatigued" customers can increase the risk of unsubscription (Boustani et al. 2024). 

To translate predictive outputs into operational decisions, Abdullah and Hasan (2023) propose 

integrating propensity scores with CLV. However, consistent financial proxies for customer value 

are unavailable in this study. To address this limitation, this research adapts the approach by 

substituting financial metrics with behavioral insights. A modified framework is proposed that 

integrates the predictive probability scores from the XGBoost model with the customer personas 

derived from k-means clustering in chapter 6.1. The objective of this targeted contacting strategy 

is to increase the absolute number of simulations while accounting for opportunity costs and the 

risk of brand erosion caused by campaign fatigue. 
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The framework employs a two-stage logic: i) The XGBoost score indicates the prioritization. Using 

the Cumulative Gains Chart (Figure 66), three distinct tiers are proposed based on the points where 

the marginal lift begins to plateau; ii) The k-means clusters indicate a potential content strategy. 

The framework assigns the specific communication tactics outlined in chapters Error! Reference 

source not found. and Error! Reference source not found. based on whether a customer is 

profiled as "Fresh" or "Fatigued". Crossing the three priority tiers with the two behavioral clusters 

theoretically identifies six segments (Figure 67). 

The statistical tests in chapter 5.1.1.6 confirm that the score is the primary driver of simulation 

probability between the tiers. Within all tiers, the simulation rates between "Fresh" and "Fatigued" 

clusters did not differ statistically, as the sample size is too small. This implies that the propensity 

score serves as the criterion for selection, whereas the cluster assignment indicates the 

communication tactic. However, an exception is applied to the Low priority tier. In this segment, 

the predicted simulation probability drops to a marginal level 0.7 & 0.8%, which is why the Low 

tier is consolidated into a single cohort: 

1.1) Tier High - Fresh Prospects: The clustering analysis characterizes this group as digitally 

receptive with elevated simulation potential. Based on this profile, the tiering strategy sets the 

contact frequency to the recommended limit of four contacts per month to capture value before 

interest declines. Regarding the channel mix, the framework adopts the suggested mobile-first 

approach by combining SMS and email for activation. Furthermore, this cohort is designated as 

the primary audience for the social media retargeting tactics to provide a behavioral nudge, 

proposed in the previous chapter. 1.2) Tier High - Fatigued Tenured: This segment exhibits that 

elevated predictive scores indicate potential financial need, while the behavioral history shows 

saturation and reduced responsiveness to standard promotional content. To address this, the 
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strategy shifts the communication objective from sales to support, applying the recommendation 

to position the bank as a partner for installment optimization. Operationally, this entails prioritizing 

email over SMS as the initial contact channel. This approach reduces perceived intrusiveness while 

maintaining a path for simulation for customers with active credit demand. 2.1) Tier Mid - Fresh 

Prospects: This cohort falls within the next 27% of the population. While these customers share 

the behavioral characteristics of the "Fresh" profile, their lower propensity score suggests they are 

not ready for direct communication. The analysis in chapter Error! Reference source not found. 

identified that relevance and educational content are drivers to prevent early fatigue in such groups. 

Consequently, the operational strategy for this tier removes the SMS channel. Instead, the 

framework uses email to nurture these prospects with informational content regarding loan safety 

and process simplicity. 2.2) Tier Mid - Fatigued Tenured: The analysis in chapter Error! 

Reference source not found. highlighted that for saturated customers, additional volume yields 

diminishing returns and risks triggering avoidance behavior, consistent with the "Sleeping Dogs" 

hypothesis (Radcliffe and Surry 2011). Implementing the recommended frequency capping, this 

tier is restricted to a maximum of one to two contacts per month. The channel strategy is defensive, 

using only email to minimize negative reactions and prevent unsubscribe actions. 3.) Tier Low - 

Low Priority: The final cohort captures the bottom 51% of the customer base, where the simulation 

probability ranges from 0.7% to 0.8%. To align with the cost-efficiency principles discussed in 

chapter 6.1.1, marketing investment is restricted. This group receives a single email per campaign 

to maintain brand presence without allocating resources to channels with low marginal impact. 

6.1.3 Limitations: Personal Loan Cross-Sell 
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A primary limitation of this study concerns the selection bias inherent in the training data. The 

model was trained exclusively on a dataset of customers who were already pre-selected by the 

bank’s existing eligibility rules. As these rules function as a "Black Box" and were not disclosed 

by Banco Primus, the resulting model estimates the probability of simulation conditional on being 

pre-selected, rather than the probability within the general customer population. Consequently, 

applying this model to customers outside the current eligibility criteria creates an out-of-

distribution risk, consistent with broader concerns regarding the contextual validity and 

generalizability of AI models discussed by Davenport et al. (2020). Furthermore, the reliance on a 

static data snapshot from July 2025 limits temporal validity. This cross-sectional approach fails to 

capture seasonal effects or macroeconomic shifts, such as changes in interest rate policies. 

Additionally, the dataset lacks digital behavior metrics, such as email open rates or click-through 

paths. This feature gap restricts the model to static attributes and transactional history, potentially 

ignoring early behavioral signals of interest. 

A discrepancy exists between the model's ranking performance and its probability calibration. 

While the model effectively sorts customers by priority, the specific probability estimates 

exceeding 0.18 do not accurately reflect true simulation rates. This implies that while the model is 

a valid instrument for prioritizing contact lists, it is less suitable for precise financial forecasting. 

Within the proposed framework, endogeneity obscures the true relationship between previous 

offers and simulation behavior. Without a historical control group, it remains indistinct whether 

lower simulation rates stem from causal campaign fatigue or from a selection bias where non-

converting customers simply accumulate more contacts over time. Additionally, the sample size of 

the test set limits the granularity of the cohort analysis. Segmenting the data into the proposed 
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priority tiers and behavioral clusters results in small sub-groups, suggesting that specific metrics 

for sub-segments likely contain statistical noise. 

A final limitation concerns the preliminary and interpretive nature of the recommendations, 

consistent with the constraints discussed in the approved loan use case. While the model identifies 

statistical associations, it does not establish causal evidence, as an uplift model does (Radcliffe and 

Surry 2011). It cannot distinguish between customers who require a nudge to convert and those 

who would have simulated regardless, nor can it capture organizational or behavioral dynamics 

(Naser 2025). Consequently, any changes in operational practice informed by such insights must 

be introduced with caution. Continuous monitoring and periodic recalibration are necessary as 

internal processes and market conditions evolve.  The results, therefore, also represent a starting 

point for informed experimentation and iteration rather than definitive prescriptions. 

7 Conclusion 

Banks are under growing pressure to improve cost efficiency and revenue generation while meeting 

rising expectations for transparency, governance, and regulatory compliance. Although machine 

learning and explainable AI are well established in some financial tasks, their application to certain 

customer journey stages, such as customer acquisition and customer development, remains 

comparatively, particularly with respect to identifying operational and behavioral drivers behind 

post-approval drop-off and campaign engagement, and to translating model outputs into actionable 

insights to optimize banking processes. Therefore, the thesis examined this research question: How 

can machine learning and explainable AI be used to identify the drivers of post-approval auto loan 

conversion and personal loan cross-selling at Banco Primus to support operating decisions? 
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The results indicate that machine learning models rank customers according to their probability of 

conversion and campaign engagement. Explainable AI, implemented through global and local 

SHAP explanations, allows the models’ predictions to be translated into operational, partner-

related, and behavioral components, making clear which factors consistently increase or reduce 

conversion probability. This transparency supports the interpretation of model outputs. However, 

the identified drivers differ between the post-approval phase and the cross-selling context.  

In the approved auto-loan conversion case, booking outcomes are primarily associated with partner 

characteristics, operational timing, and communication availability, while customer demographics 

and financial attributes play a secondary role. The channel-specific analyses further show that 

dealer-originated applications follow more stable and homogeneous patterns, whereas broker-

originated applications exhibit greater variability driven by inconsistent submission quality, timing 

delays, and documentation issues. These findings indicate that conversion losses after first approval 

are largely driven by process friction and institutional heterogeneity rather than applicant quality. 

In contrast, the personal loan cross-sell analysis links engagement to behavioral history and 

external credit profiles. Key drivers include the number of active external credit relationships and 

prior contact frequency. The results show that repeated outreach correlates with declining 

responsiveness, consistent with campaign fatigue. This pattern is evident in the segmentation 

analysis: 'Fresh Prospects' exhibit initial responsiveness that decreases with frequency, whereas 

'Tenured Customers' display saturation and low reaction to the marketing offer. 

The findings suggest differentiated implications for the two stages of the customer journey. For 

auto-loan conversion, improvements are most likely to arise from process optimization, such as 

reducing early-stage delays, standardizing partner workflows, and ensuring reliable 

communication channels. For personal loan cross-selling, the findings suggest a propensity-based 
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tiering framework that integrates predictive scores with behavioral personas. This strategy can 

mitigate campaign fatigue by aligning contact intensity with the specific receptiveness of Fresh 

Prospects and Tenured Customers. 

At the same time, this study highlights important limitations. The models identify associations 

rather than causal effects and cannot determine whether interventions will increase conversion or 

engagement, or which type of targeting strategies would be most effective. Predictive scores, 

therefore, should not be deployed as standalone targeting rules. Instead, they should serve as a 

foundation for controlled experiments, such as A/B testing alternative contact frequencies, 

channels, or process interventions across customer segments. Moreover, explainability methods 

such as SHAP are sensitive to modeling choices and background data, underscoring the need for 

robust governance, monitoring, and validation in deployment. 

This thesis demonstrates that combining machine learning with explainable AI yields actionable 

insights for loan conversion and cross-selling. This study establishes a reusable framework that 

translates predictive outputs into operational decision support. Future research could enhance this 

approach by integrating causal testing, cost–benefit analysis, and long-term customer value. 
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9.3 Glossary 

AI Governance Framework Ensures AI models are transparent, fair, and 

compliant with regulations. 

Black-Box Model Model with high accuracy but low interpretability. 

Customer Acquisition Cost (CAC) Cost of acquiring one new customer. 

Customer Acquisition Optimization Increasing conversions while reducing acquisition 

costs. 

Customer Development Optimization Growing existing customer value through cross-

selling. 

Customer Journey All interactions and experiences a customer has with 

a company. 

Customer Lifetime Value (CLV) Total profit expected from a customer over their 

relationship. 

Cross-Selling Selling additional products to existing customers. 

Data Imbalance Unequal class distribution affecting model training. 

Decision Tree (DT) Tree-structured model using rules to classify 

outcomes. 

Explainable AI (XAI) Makes AI model decisions understandable. 

Extreme Gradient Boosting (XGBoost) High-performance ensemble model using sequential 

tree boosting. 

k-Nearest Neighbors (kNN) Classifies data based on the closest examples in the 

dataset. 

LIME (Local Interpretable Model-

agnostic Explanations) 

Explains individual model predictions locally. 

Loan Offer Acceptance Prediction Modeling customer probability to accept an approved 

loan. 
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Logistic Regression (LR) Linear model estimating the probability of a binary 

outcome. 

Machine Learning (ML) Algorithms that learn from data to make predictions. 

Neural Network (NN) Model inspired by the human brain, effective for 

complex, non-linear data. 

Next Best Action (NBA) Framework recommending the optimal action for 

each customer. 

Pain Point Detection Identifying friction points in the customer journey. 

Propensity Modeling Predicting the probability of a customer taking a 

specific action. 

Random Forest (RF) Ensemble of decision trees improving accuracy and 

robustness. 

SHAP (SHapley Additive exPlanations) Quantifies each feature’s contribution to model 

predictions. 

SMOTE (Synthetic Minority 

Oversampling Technique) 

Balances imbalanced datasets by generating synthetic 

samples. 

Support Vector Machine (SVM) Classifies data by finding the optimal separating 

boundary. 

Touchpoints Individual customer–company interactions across 

channels. 
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9.4 Data Dictionary 

9.4.1 Data Dictionary: Approved Loan Conversion 

9.4.1.1 Data Dictionary: Approved Loan Conversion – Process Metadata 

flow_item_id_masked Unique proposal identifier (masked). 

creation_date Date proposal was created. 

state_id 
First approval state (4 = Approved / 7 = Approved with 

pending documents /12 = Approved with Conditions). 

state Final credit analysis state. 

dt_approved Date of first approval. 

dt_state Date last state was updated. 

last_state Final workflow state (e.g., booked, closed). 

user_proposal_masked Internal user who created/handled the proposal. 

analyst_masked Credit analyst responsible for evaluation. 

user_conferencia_masked User responsible for conference stage. 

commercial_manager_masked Commercial Manager in the bank. 

reception_type Channel used to submit the proposal. 

conference Whether proposal reached conference stage. 

time_approve_since_received Time from reception to approval. 

time_book_since_approved Time from approval to booking. 

time_book_since_received Time from reception to booking. 

time_book_since_contract_received Time from receiving contract to booking. 

time_received Time from “received” to “analysed” (in hours). 

time_analysed Timestamp/duration of analysis completion. 

hh_time_approved_since_created Time from creation to approval. 



87 

 

9.4.1.2 Data Dictionary: Approved Loan Conversion – Product Financing 

product_group 
Loan products princing scheme(Acordos, PM0–PM3, 

etc.). 

financing_type Type of credit (Credit, Moto, Leasing, ALD). 

expenses_financed Whether expenses are financed. 

eligible_rappel Eligible for dealer bonus. 

tax_type Applicable tax regime. 

self_financing Customer’s own funds used. 

was_conditional Approved with conditions. 

financed_amount Loan amount. 

ltv Loan-to-value ratio. 

tan Nominal annual interest rate. 

comissao_dealer Dealer commission. 

gross_margin Gross margin for bank. 

liquid_margin Net margin. 

psp Price of the car. 

residual_value Contract residual value. 

inicial_entry Customer down payment. 

installment Monthly installment. 

customer_effort_rate Installment burden metric. 

vehicle_age Age of vehicle. 

eurotax_quotation Eurotax valuation. 

term Contract term in months. 

maturity Months left to maturity. 

monthly_available_client Monthly residual income after obligations. 

risk_provision Expected loss provision. 

dealer_life_insurance_comission Dealer commission for life insurance. 
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dealer_car_insurance_comission Dealer commission for car insurance. 

dealer_ppp_insurance_comission Dealer commission for PPP insurance. 

legal_expenses Legal costs. 

other_expenses Other contract expenses. 

taeg Total annual cost of credit (APR). 

max_liquid_income Maximum liquid income considered. 

income_verified Verified income. 

income_not_verified Unverified income. 

installment_pre_payment Installment under pre-payment scenario. 

fixed_fee Fixed contract fee. 

dsti Debt service-to-income ratio. 

expenses_financed_amount Amount of expenses financed. 

9.4.1.3 Data Dictionary: Approved Loan Conversion – Partner and Channel Information 

partner_bill Billing partner (dealer selling the vehicle). 

partner_pricing Partner pricing segment (0–3). 

partner_id_masked Partner intermediating the credit. 

partner_bill_id_masked Partner selling the car. 

partner_commercial_manager_masked Partner’s commercial manager. 

partner_risk Current partner risk level (at dataset extraction) 

partner_risk_surveillance Partner under risk monitoring. 

partner_type Type of partner (dealer, broker). 

dt_opening Partner account opening date. 

partner_state Partner account status. 

pricing Pricing table for this deal (0-3). 

partner_city Partner city. 

partner_district Partner district. 
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partner_new_bet Access to “New Bet” pricing conditions. 

partner_rating Internal performance rating. 

9.4.1.4 Data Dictionary: Approved Loan Conversion – Customer Characteristics 

client_age Customer age. 

nationality Customer nationality. 

client_mortgage Mortgage customer of Banco Primus. 

client_district Customer residence district. 

client_type Individual or corporate customer. 

client_effective Active/effective customer flag. 

client_self_employed Self-employed flag. 

client_contract_type Employment contract type. 

gender Customer gender. 

profession Profession. 

marital_status Marital status. 

cae Employer business activity code. 

activity Employer activity description. 

has_mail Customer has email. 

branch Branch associated with application. 

9.4.1.5 Data Dictionary: Approved Loan Conversion – Insurance and Incentives 

has_insurance_car Car insurance sold. 

has_insurance_life Life insurance sold. 

has_insurance_ppp PPP insurance sold. 

insurance_ppp_telephone PPP insurance phone contact. 

insurance_life_telephone Life insurance phone contact. 

company Car insurance company. 
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insurance_type Car insurance type. 

life_eligible Proposal eligible for life insurance. 

ppp_eligible Eligible for PPP insurance. 

rappel_forecast Forecasted dealer rappel. 

has_insurance_car Car insurance sold. 

has_insurance_life Life insurance sold. 

has_insurance_ppp PPP insurance sold. 

insurance_ppp_telephone PPP insurance phone contact. 

insurance_life_telephone Life insurance phone contact. 

9.4.1.6 Data Dictionary: Approved Loan Conversion – Decision Process 

risk_agency 

Partner risk at proposal submission (1 - Prime, 2 

- Good, 8 - Good Less, 3 - Medium, 9 - Medium 

Less, 4 - Weak, 5 - Bad, 7 - New Partner). 

risk_profile Outdated risk field. 

has_risk_surveillance Proposal under risk surveillance. 

checkdl133 Proposal under DL133 consumer credit law. 

fraud Suspicious fraud leading to refusal. 

risk_type 

Corporate risk classification (-99 - no 

classification, 0 and 5 - customer changed to 

individual and not company). 

approval_level Required approval escalation level (0-6). 

has_guarantor Proposal includes guarantor. 

has_decision_pending Analyst requested more info before approval. 

has_decision_unique Only one decision was made. 

has_approval_after_refuse Approved after first being refused. 

withdrawal_court Proposal withdrawn due to legal/court issues. 
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withdrawal_documents Withdrawal due to missing documents. 

intervenients Number of intervening persons. 

owners Number of vehicle owners. 

repetead_business Repeat business/customer. 

count_re_analysis Total reanalysis count. 

count_re_analysis_partner Reanalysis requested by partner. 

cost_estimated Estimated legal costs. 

count_re_analysis_commercial Reanalysis by commercial team. 

count_re_analysis_conference Reanalysis by conference team. 

count_re_analysis_decision Reanalysis after an initial decision. 

9.4.1.7 Data Dictionary: Approved Loan Conversion – Target 

target_booked Proposal converted into contract. 

target_closed Proposal closed without booking. 

9.4.2 Data Dictionary: Cross-Sell Propensity 

9.4.2.1 Data Dictionary: Cross-Sell Propensity – Customer and Address Data 

id Sequential row number or ID for the record. 

locality_1st_holder Locality of first borrower 

postal_code_1st_holder Postal Code of first borrower 

date_of_birth_1st_holder Birthday of first borrower 

bank_1st_holder Bank of first borrower 

date_of_birth_2nd_holder Birthday of second borrower 

bank_2nd_holder Bank of second borrower 

age_h1 Age of first borrower at contract conclusion 
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gender_h1 Gender of first borrower 

marital_status Marital status of first borrower 

nr_auto_loan_holders Number of borrowers (auto loan) 

address_district District of first borrower 

address_municipality Municipal of first borrower 

nationality_h1 Nationality of first borrower 

housing_type Housing situation of first borrower 

monthly_available_disposable_income Estimated income of borrower (by Banco Primus) 

9.4.2.2 Data Dictionary: Cross-Sell Propensity – Campaign and Offer Data 

pre_approved_amount Offered financed amount in campaign 

eligible_type Type of campaign eligibility (internal Banco Primus) 

previous_offers Number of previous offers to client 

tan_2 TAN of the offer 

offer_letter_stamp_duty Stamp duty of the offer 

offer_letter_term Term in months of the offer 

offer_letter_installment Monthly installment of the offer 

offer_letter_arp_2 ARP of the offer 

offer_letter_total_amount_imputed_to_customer Total loan amount of the offer 

offer_letter_insurance Cost of optional insurance 

offer_letter_fees Fees of the offer 

offer_letter_campaign_expiry_date Expiry date of the offer 
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eligibility_creation_date Determinations date of eligibility 

original_lead_channel Communication channel of the offer 

9.4.2.3 Data Dictionary: Cross-Sell Propensity – Existing Auto Loan 

auto_loan_installment_due_date Due date of auto loan  

activation_date Activation date of auto loan 

current_monthly_installment Current monthly installment of auto loan 

amount_financed Financed amount of auto loan 

business_product Product type of auto loan 

term_original Total term of auto loan 

vehicletype_original Brand of vehicle 

vehicle_condition_original Condition of vehicle 

vehicle_age_original Age of vehicle 

vehicle_year_original Construction year of vehicle 

vehicle_model_original Model of the vehicle 

auto_tan_2 TAN of auto loan 

auto_apr_2 ARP of auto loan 

fuel_type_original Fuel type of vehicle 

partner_type_original Type of dealer/intermediate 

ppp_insurance Subscription credit protection insurance 

life_insurance Subscription life insurance 

auto_insurance Subscription car insurance 
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9.4.2.4 Data Dictionary: Cross-Sell Propensity – Customer Profile & Risk 

customer_tenure_months Duration of customer relationship 

months_to_end Remaining months until end of loan 

monitoring_score Risk metric (internal Banco Primus) 

customer_type Customer type 

crc_institutions Number of financial institutions  

profession Job title 

number_of_dependents Number of dependents 

profession_contract_type Type of employment contract 

9.4.2.5 Data Dictionary: Cross-Sell Propensity – Target 

state Status of the upsell offer 

pre_approved_amount_actual Accepted loan amount 

amount_financed_actual Final loan amount 

avg_amount_finance_actual Average financed amount 

avg_weighted_nominal_rate_actual Average TAN 

avg_weighted_arp_actual Average ARP 

avg_weighted_term_actual Average final term  
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9.5 Figures 

9.5.1 Explainable AI Trade-Offs 

 

Figure 1: Inherent trade-offs between model accuracy and model interpretability (Adapted from Deloitte 2022) 

9.5.2 ROC Curve  

 

Figure 2: ROC Curve 
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9.5.3 Results: Approved Loan Conversion 

 

Figure 3: EDA Approved Loan Conversion: Target Variable Distribution 

 

Figure 4: EDA Approved Loan Conversion: Booking rate over Time 
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Figure 5: EDA: Correlation Heatmap 
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Figure 6: Statistical test of differences in mean by channel 
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9.5.4 Predicting Approved Loan Conversion: Logistic Regression 

 

Figure 7: Logistic Regression Pipeline 

 

Figure 8: Logistic Regression Baseline - Classification Report 

 

Figure 9: Logistic Regression Baseline - Confusion Matrix 
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Figure 10: Logistic Regression Baseline - Feature Importance 

 

 

Figure 11: Logistic Regression Tuned - Classification Report 
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Figure 12: Logistic Regression Tuned - Confusion Matrix 

 

Figure 13: Logistic Regression Tuned - Feature Importance 
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9.5.5 Predicting Approved Loan Conversion: Random Forest 

 

Figure 14: Random Forest Pipeline 

 

Figure 15: Random Forest Baseline - Classification Report 

 

Figure 16: Random Forest Baseline - Confusion Matrix 
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Figure 17: Random Forest Baseline - Feature Importance 

 

Figure 18: Random Forest Tuned - Classification Report 
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Figure 19: Random Forest Tuned - Confusion Matrix 

 

Figure 20: Random Forest Tuned - Feature Importance 
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9.5.6 Predicting Approved Loan Conversion: XGBoost 

 

Figure 21: XGBoost Pipeline 

 

Figure 22: XGBoost Baseline - Classification Report 

 

 

Figure 23: XGBoost Baseline - Confusion Matrix 
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Figure 24: XGBoost Baseline - Feature Importance 

 

 

Figure 25: XGBoost Tuned - Classification Report 
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Figure 26: XGBoost Tuned - Confusion Matrix 

 

Figure 27: XGBoost Tuned - Feature Importance 
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Figure 28: XGBoost Tuned - Calibration Curve per Channel 

 

Figure 29: XGBoost Tuned - Classification Report per Channel 
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Figure 30: XGBoost Tuned - Prediction Probability Distribution by Channel 

 

 

Figure 31: XGBoost Tuned - SHAP (Global) 
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Figure 32: XGBoost Tuned - SHAP (Waterfall Local) 

  

Figure 33: XGBoost Tuned - Backtesting Results 

9.5.7 Exploratory: Approved Loan Conversion: Logistic Regression 

 

Figure 34: XGBoost Tuned - Exploratory - Classification Report 
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Figure 35: XGBoost Tuned - Exploratory - Confusion Matrix 

 

Figure 36: XGBoost Tuned - Exploratory - Feature Importance 
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Figure 37: XGBoost Tuned - Exploratory - SHAP (Global) 

 

Figure 38: XGBoost Tuned - Broker – Classification Report 

 

Figure 39: XGBoost Tuned - Dealer – Classification Report 
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Figure 40: XGBoost Tuned - Broker – Confusion Matrix 

 

 

Figure 41: XGBoost Tuned - Dealer – Confusion Matrix 
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Figure 42: XGBoost Tuned - Broker – Feature Importance 

 

Figure 43: XGBoost Tuned - Dealer – Feature Importance 
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Figure 44: XGBoost Tuned - Broker – SHAP (Global) 

 

Figure 45: XGBoost Tuned - Dealer – SHAP (Global) 
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9.5.8 Personal Loan Cross-Sell 

 

 

Figure 46: XGBoost Tuned – Cross-sell - SHAP (Global) 

 

Figure 47: SHAP Fatigued Tenured 
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Figure 48: SHAP Fresh Prospects 
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Figure 49: Feature Distribution Plots Cross-Sell 
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Figure 50: Finance Feature Distribution Plots Cross-Sell 
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Figure 51: Correlations Matrix with Target Cross-Sell 
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Figure 52: Overview of Customer Demographic Profiles Cross-Sell 
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Figure 53: Categorical Features vs. Simulation 1 Cross-Sell 

 

Figure 54: Monitoring Score Cross-Sell 
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Figure 55: Categorical Features vs. Simulation 2 Cross-Sell 
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Figure 56: Logit Model Estimation Results Cross-Sell 

 

Figure 57: Simulation Rate Across Loan Lifecycle Stages Cross-Sell 

 

Figure 58: Cluster Characteristics k-means 
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Figure 59: Extended Logistic Regression Model Campaign Fatigue 

 

Figure 60: Feature Importance XGBoost 
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Figure 61: Feature Importance Random Forest 
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Figure 62: Feature Importance Logistic Regression 
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Figure 63: Logistic Regression Performance Threshold 

 

 

Figure 64: Evaluation Matrix Random Forest 
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Figure 65: Evaluation Matrix XGBoost 

 

Figure 66: Cumulative Gains Chart 
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Figure 67: Simulation Rate by Propensity Tier and Customer Cluster 

 

Figure 68: Gain Analysis 

 

Figure 69: Calibration Curve 
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Figure 70: Cohort Based Profiling 
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Figure 71: Simulation Rate vs. Number of Previous Offers 
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