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[bookmark: _Toc238502754]1. Abstract
Often, a financial institution would look to data analytics to determine whether to approve a loan application, but many financial companies continue to use a manual rule-based credit scoring process that is outdated, inconsistent, and not easily scalable as the number of loan applications increases. This dissertation examines the potential for using Artificial Intelligence and Machine Learning to accurately predict whether a loan will be approved based on data contained on a standard loan application form that is freely available. A total of four models: Logistic Regression, Decision Tree, Random Forest and XGBoost were developed, trained and tested using a publicly available loan applicant data set from Kaggle, with a set of financial and demographic features such as income, credit history, loan amount and property area used for training. The accuracy, precision, recall and F1-Score and ROC-AUC were used to evaluate each model, and a systematic hyperparameter tune using GridSearchCV was implemented to see the sensitivity of the algorithms toward their internal parameters. Results prove Logistic Regression is the easiest of the four models, but also yielded a better baseline ROC-AUC value; ensemble techniques like Random Forest yielded more robust and consistent responses when being cross-validated. Income-related factors and credit history were consistently the top predictors among the tree-based models in the event of loan approval. Modest yet informative improvements were obtained through the hyperparameter optimisation, most pronounced with the Decision Tree and XGBoost models, and it was reiterated that the most limiting factor for predictivity is not just the chosen algorithm, but the size and quality of the underlying data. Finally, the dissertation discusses the implications of the results for financial institutions, the limitations arising from using a single source and small-data set, and how, and if, AI-enabled credit decisioning could be practically implemented responsibly, transparently and fairly [1], [45], [69].
[bookmark: _Toc238502755]2. Introduction
The heart of a financial institution's risk management approach is deciding on a loan application, whether it is approved or denied. Too many mistakes towards the lender becomes bad debt for the lender; too many mistakes towards the credit-worthy customer becomes lost customers, and lost revenue potential, for the lender. This was done for decades by loan officers using matters-off-fact, rule-response based scoring, according to a few matters that have been manually checked and recorded, like employment status, salary and repayment history. With the number of applications that banks, credit unions and Internet lenders have had to process increasing, and the financial behavior that applicants exhibit becoming more complex and difficult to detail in a handful of handwritten rules, traditional methods have begun to appear ineffective. In this dissertation, the aim is to find out if the current Artificial Intelligence (AI) and Machine Learning (ML) models can be used to provide a more precise, fast and uniform solution, and this is done by creating, testing and contrasting four popular predictive models using a realistic dataset of loan applicants [2], [38], [53].
The motivation behind this project is simple: Improved predictability of loan approval outcomes directly translates to lower rates of default, quicker turnaround times for legitimate loan applicants and streamlined, auditable decisioning footprints for both regulators and internal risk committees. Since there are many interacting variables, this problem is well suited to Machine Learning; a human reviewer working down a checklist of various factors may not notice what Machine Learning can. Meanwhile, when you put a computer-based solution into a business as fraught as consumer lending, there are other questions of fairness, transparency and soundness that can't be answered by predictive accuracy metrics. The technical comparison of models is therefore only one-half and the role of the other half, is an honest discussion where the models can be trusted and where care must still be exercised, is done in this dissertation [3], [62].
To put this thesis in perspective, it is important to recognize that in the last ten years financial services have undergone a transformation where once-invulnerable institutions operate manually maintained scoring tables are gradually and increasingly being replaced by dynamic, data-driven decision systems. Partly because lenders that can review an application in just a few minutes, and not a few days, will have an edge over competitors in attracting applicants, and partly because of the ever increasing amount and complexity of information that a modern lending institution gathers on each application, information that could never be fully utilized by the fixed structure of a rule table. In this context the four models studied in the course of this dissertation are not exotic or experimental, but rather algorithms in common use throughout the financial technology industry, the very reason that the comparison of their behaviours on a pragmatic loan dataset presented here carries interest, and perhaps value, for more than an academic audience [4], [58].
[bookmark: _Toc238502756]2.1 Research Problem
One of the areas that still remains a challenge for financial institutions is achieving the balance between handling loan applications quickly and accurately. The traditional, rule-based credit scoring systems are fairly straightforward: Usually, a small number of factors ,  income and a simple “on or off” binary flag representing credit history ,  are given certain pre-determined weight thresholds, which are unlikely to be changed very often, or even at all. These of course have to be manually calibrated for edge cases and they don't automatically learn improvements no matter what changes in the underlying population of applicants occur. As they need to review more loan applications in order to handle the volume of loans that are received by a typical financial institution, this dependence on manual interpretation starts to become a problem of delay and variability because two different loan officers receiving the same loan application, under the same guidelines, can fairly make two different interpretations. The research question studied in this dissertation is thus twofold: Can AI and Machine Learning predict loan acceptance with an accuracy and consistency that outperform these traditional methods? and what is most suited to this particular decision problem, one of several commonly used algorithms, given the type of data a typical lender would have on hand.
This problem is not just about being able to achieve accurate classification. If an institution needs to justify its lending decision to regulators and to the applicants themselves, the paper-chicken good loan approval model will be hard to come by when explaining why a certain applicant was not approved. Similarly, a model which on average is accurate, but which systematically disadvantages a group of applicants, poses legal and reputational risk which will outweigh any efficiency gained. There is a conscious decision, therefore, to formulate the research problem as generously as possible, in order that the comparative evaluation undertaken in the following chapters can be as broad-based as possible and address not just the question of which model performs best based on a particular measure, but what sensible balance of accuracy, interpretability, and robustness the different models present within a genuine lending environment [5], [48].
[bookmark: _Toc238502757]2.2 Motivation
The assistance and drive to carry out the research is the quest for better efficiency and accuracy in decision making for loan approval. That's why AI and Machine Learning technologies could transform the game when compared to traditional rule-based approaches, they can create a detour that uncovers patterns within an applicant's financial profile that a fixed checklist simply wouldn't uncover. In this way, various prediction models can be compared side by side, on the same data under the same evaluation conditions, the result of comparison can make a conclusion that which has the most precise prediction and the smallest fault rate, and more importantly, which type of fault will each model have. Two factors that strongly impact a lending institution's financial and working lives are less default, and a more rapid and reliable decision-making process, customer goodwill and staff time are costs that are incurred if the lender takes too long to make the ‘right' decision [6], [36].
A second driver is to add, albeit in small increments, our collective voice to all that is being said about the adoption of AI technology in the financial services industry. Many of the obstacles to using AI in this space are not just technical; they are obstructed by trust and regulatory concerns and explainability. In this dissertation, four models, including a fully transparent logistic regression model and an ensemble of gradient-boosted trees, placed at different ends of the interpretation/complexity spectrum, are evaluated, with this dissertation uniquely positioned to address that question for model adoption. The focus is not on saying “AI will or should replace human judgment in lending decisions” but, “empirically, where can AI support and speed human judgment in lending decisions and where do its limitations to date require caution?”
[bookmark: _Toc238502758]2.3 Shortcomings in the Literature
The process of loan decision making is becoming increasingly intricate and the need for very accurate, fair and efficient decision system is correspondingly ever increasing. Applying AI and ML to this case offers scalable solutions that can incorporate an applicant's monetary traits and foretell whether or not that particular loan will be accepted. A literature search on the above does show, however, an important omission: very little work compares more than two AI algorithms simultaneously, in the same test-bed, same data set and same conditions, which would enable a user to confidently choose which algorithm to deploy. Either much of the literature focuses on a single type of model family (such as logistic regressions) and a single type of ensemble, based on a specific tree architecture, or studies compare using different train-test datasets, different set of features, or foundational types of evaluations which makes it impossible to reliably compare across studies [7], [49].
This gap restricts the applicability of the current literature for financial institutions that are interested in selecting one modelling approach from multiple candidates, while not necessarily having the in-house resources to conduct a thorough evaluation of the different approaches. In an effort to help rectify this limitation, four models are developed, implemented, and tested–Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), and XGBoost (XGB)–on the same consistent dataset with the same training and testing data split, the same five evaluation metrics, and the same cross validation process. This design decision is made to obtain a comparison which can be directly applied by the practitioner in the study of which type of family of algorithm is the most suitable for a loan approval use case similar to the one modeled here [8], [54].
One area in which much of the work in the literature is lacking is that comparative applications typically do not test beyond one train-test split and frequently do not vary the hyperparameters used for each model to see how the results could differ. With this model, the model may look better than its competitors (on one split) but it may not look very good once it is tested using other different splits, or same model may look very good while tested with other different splits. If there is not this extra check, a comparative study may end up reporting an result that’s actually as a result of a unique set of settings and hence, perhaps a lucky choice. This dissertation attempts to rectify this in two ways: firstly, the baseline comparison of the four models is complemented by a focused exploration of the sensitivity to hyperparameters and a systematic optimisation task, which means that the resulting conclusions are more robustly supported by a broader base of evidence than by the single snapshot comparison alone; secondly, an explanation of the originality and contribution of this research, clarifying how the new findings can be interpreted in relation to the existing literature [9], [50].
In addition, there are few studies that systematically explore the limitations and compromises in building a model that is both predictive and easy to interpret, when choosing the recommended model for use in a regulated financial setting. Studies that test only for maximum accuracy on one accuracy parameter run the risk of sending a reader into a model that may have a marginal increase in accuracy on one parameter when measured in a study, but may be much more complicated, less transparent and difficult for an individual applicant or a regulator to justify for use. This dissertation provides a study directly addressing that trade-off, rather than viewing interpretability as a post hoc consideration after statistically selecting the most accurate model, because three increasingly complicated and powerful tree-based methods were deliberately chosen alongside Logistic Regression, a model family that is one of the easiest to interpret [10], [44], [73].
This dissertation has been structured so as to reflect the natural means of the underlying research. It first presents the problem of the research, motivation of the research, the gaps in the literature that warrant a new study followed by the purpose and aim of the case study hereafter, objectives and research questions that the case study is expected to answer. This is followed by a critical positioning of the study in the existing literature of published work on AI-assisted credit scoring and later on the detailed research design and methodology, including the data used, the level of data preprocessing, and the results gained through the training and testing of the four models considered. A separate chapter then explores the sensitivity of each of these models to the specific settings, and the results of a systematic hyperparameter optimisation exercise are reported. The dissertation then concludes with limitations and the professional practice timeline of how to execute the research and a closing discussion on findings that brings the research questions to an evidence-based end [11], [51].
[bookmark: _Toc238502759]3. Aim and Objectives
The goal of this research is to identify which of many Machine Learning models is most powerful in making a prediction on loan approval for an individual customer requesting a loan from a commercial lending institution from the information provided in the same universal loan application form that is publicly available. 
This goal is intentionally expressed within the context of a realistic decision making scenario and not a classification exercise per se, since the strength of the comparison is that it can be applied to a real situation where an institution has a decision to make between a set of competing ways of modelling [12], [37].
[bookmark: _Toc238502760]3.1 SMART Objectives
Five specific goals were established, with measurable ways to track both progress and achievements. How to reach these goals and how to measure them was set out to ensure a clear structure that would guide the research.
The primary objective was to review the literature and understand where the research was on the use of Artificial Intelligence and Machine Learning in loan grading and credit risk assessment in financial institutions so that our empirical work following the literature could be placed in context and build upon the previous work.
The second objective was to look at the literature available, and the exploratory analysis of this study data to identify the applicant qualities and financial characteristics that most affect the loan approval decision.
The objectives were chosen to be scope-level such that their successful completion would result in an observable output resulting from the project, rather than an on-going, unverifiable sense of progress. This objective, which focused on literature research, was deemed complete once a structured review about use cases of machine learning in credit risk, the characteristics that applicants need to display to get their credit approved, available python tooling for the creation of these models, suited metrics for comparison, and the theoretical context the entire endeavor was embedded in, was produced. For the applicant-characteristics objective, a set of financial and demographic predictors was found from the literature and from feature importance analysis within the dataset; these provided evidence that the applicant-characteristics objective was achieved, a requirement that was met by the exploratory analysis described in chapter 3, methodology, and the results of those feature importance analyses reported throughout that chapter [13], [75].
The third objective was to develop, build and deploy a few different prediction models using the AI techniques implemented in the python language such as Logistic Regression, Decision Tree, Random Forest and XGBoost and run a proper multi-model comparison instead of single-model demonstration.
The fourth objective was to quantify the performance of each of these models with a unified set of performance measures (Accuracy, Precision, Recall, F1-Score and ROC-AUC) thereby abstaining from relying on any one measure that, in isolation, might be misleading.
The fifth and last goal was to evaluate the relative performances of the four models to decide which is the best to predict the success of loan applications, and then convert this empirical result into actionable, empirical-based suggestions for AI that a financial institution could implement.
Each of these five objectives is dealt with sequentially in the chapters that follow: together they build the research from a basis of existing knowledge to the development of models and subsequent models assessment and to actionable guidance [14], [55].
[bookmark: _Toc238502761]4. Importance of Research
As many lenders begin to consider the potential for introducing automated decision support to their credit systems, this research adds to an evolving knowledge about the part AI and ML can play in credit decision-making. The research avoids the black box approach of considering a model's output as a statement of fact and, instead, emphasizes the translucid properties of the key individual-level characteristics that influence a loan's outcomes [15], [60].
This dissertation's methodology, whereby the various model families have been organised in a fashion appropriate to evaluating them and a common set of metrics and cross validation protocol are applied to them, builds upon the methodology used in much of the narrower, single model literature. The resulting results include evidence to inform data-driven lending strategies, uphold regulatory standards of explainability and fairness, and argue for a thoughtful, evidence-based approach to applying AI in credit risk assessment instead of “the model with the highest top-line accuracy figure.” In this context, the study should benefit not only scholars interested in comparative performance of models, but practitioners in financial institutions who are thinking about how to effectively integrate and responsibly regulate and monitor AI-supported lending decisions [16], [46], [61].
Additionally, this work has a professional practice aspect. Its implementation of a comprehensive comparative evaluation, with an exhaustive search on hyperparameters and cross-validation scheme, of four different algorithms, is very much like the thorough risk analysis that a data science or credit risk team inside a real financial firm would be expected to conduct before voting for any model to be deployed in production. As part of a masters level project, the exercise illustrates not only the skill of building a Machine Learning model and evaluating the results, but also the skill of a decision maker, with the parameters of a model limited by the data set, of interpreting the output of the model, and of turning the statistical results back into a practical recommendation that the decision maker within a lending institution could consider enacting. This is the core of the added value that the dissertation tries to provide: academic rigor and practitioner applicability.
Last but not least, the “when” of this research is also important. In recent years, financial regulators across various jurisdictions have taken a keen interest in the explainability and fairness of automated decision systems employed in consumer lending and entities considering the implementation of AI-assisted credit scoring are more and more expected to be able to explain, and justify, how an AI system reaches its decisions. A study of this nature is not straightforwardly one that focuses on a choice between models of varying complexity, but rather one that is made explicitly aware of the trade-off between predictive ability and comprehensibility, one that speaks directly to that regulatory setting, and which could be tweaked to be extended by an institution by replacing the variables with their own historical lending data [17], [63].
[bookmark: _Toc238502762]5. Literature Review
[bookmark: _Toc238502763]5.1 Exploring AI and Machine Learning Applications in Loan Approval and Credit Risk Assessment
Artificial Intelligence and Machine Learning have helped revolutionize decision making in banking and have enhanced predictive insight and accuracy of risk assessment compared to the manually developed ‘scoring rules' in prior systems. Most specifically, the use of Machine Learning algorithms that can account for much larger complex of data, which is highly diverse and different between applicants, has transformed the loan approval process, managing to avoid reducing an applicant's profile down to a few selected variables. The identification of subtle regularities that affect whether or not a loan will be paid back enables an automated system to make a competent decision along a path vastly different from the traditional, rule-based approach, which sets much of the recent interest in AI-assisted credit scoring [18], [59].
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Figure 1: Conceptual illustration of how applicant financial attributes feed into an AI-based prediction model to produce a loan decision, reflecting the information asymmetry that credit scoring theory seeks to resolve.
Among the techniques mentioned in this literature, a few have been recurred such as supervised learning approaches, ensembled models and less frequently for this type of structured tabular data as considered here, deep learning architectures have been found to provide efficient credit scoring techniques when appropriately adjusted. A common finding from these studies is that each of these steps, data pre-processing, feature selection, algorithm selection, is key to overall high predictive performance and none can make up for the others. Interestingly, in response to this, financial institutions are increasingly choosing to take hybrid routes, prioritising or flagging cases for a human review based on the AI provided score, rather than relying on the results of the model to make a unilateral decision, seemingly only to ensure fairness and reliability while still benefiting from efficiency that automation brings [19], [65], [70].
One of the themes that has been recurring in many of the models developed in this body of work and now being adopted is the type of model being developed which is not only statistically robust, but is also simpler or explicitly modified to be more palatable in a regulated lending environment. While impressive results are achieved on benchmark datasets, purely performance-driven solutions, typically based on complex ensembles or deep architectures, face ongoing criticism from the literature on the grounds of transparency: to interrogate and understand a highly complex model is far more difficult for a human reviewer, internal auditor or external regulator. The need to find a balance or compromise between predictive power and understandability is a theme that will crop up throughout the literature surveyed for this dissertation as well, and one of the motivations for covering a spectrum of model complexity from fully transparent linear models up to the more opaque gradient-boosted ensemble was to not narrowly focus on whichever model could offer the single biggest accuracy number [20], [43].
[bookmark: _Toc238502764]5.2 Analysing Key Applicant Characteristics and Financial Factors Influencing Loan Approval Decisions
Lenders primarily look at customer information including the continuity of wages, applicant's non-performing loan ratio if applicable, type of job, etc. Various other property characteristics have also been rigorously examined due to their established importance in acquiring a loan, such as collateral offered, outstanding debts and an apparent ability to pay, all of which have been demonstrated to make a material difference in loan approval. The Machine Learning algorithms are suited to use these variables together, and thus yield a more nuanced assessment of an individual's creditworthiness than the old-strand of statistical methods that had preceded them with which each took an individual view.
The literature also highlights that certain sociodemographic factors such as marital status, and level of education may indirectly influence an applicant's ability to obtain access to credit facilities, meaning that these factors may be of some interest to a lender, even if not the main ones to which the lender is conscious. Current research indicates that, along the systematic correlation analysis, automated feature extraction can deliver the understanding of risk factors at play in a model more than an manually curated list of features would. Of course, the knowledge that a predictor variable is more important than another is important in and of itself because it can help an institution to decide which information to pursue, verify and prioritise and, ultimately, help to minimise the number of loans defaulted [21], [76].
There is another side to this literature that is more specific, as it is often found that some relationship between the (endogenous) variable for requested loan and a set of income-related variables, described in various ways as a loan-to-income ratio, is more predictive than either the requested loan part or the income part by themselves. A person who has a small income and is applying for a small loan for a project may have a much less risky risk profile than someone with a significantly larger income who requested a larger loan, even though the larger income number would appear to be more encouraging in isolation. The exploratory analysis performed for this dissertation thus included not only the basic variables of the income of the applicant and the amount borrowed but also aggregate income of both the applicant(s) and the co-applicant(s) because financial capacity of a household may be a better indicator of the ability to repay than income alone collected from the applicant(s).
[bookmark: _Toc238502765]5.3 Developing and Implementing AI-Based Prediction Models Using Python for Loan Approvals
The Python programming language is notable not only for implementing Artificial Intelligence and Machine Learning algorithms in applied financial research but also as a highly versatile language and its vast library ecosystem. You can easily implement popular algorithms (Logistic regression, DecisionTree, Random Forest, gradient_boosting, and others) with the help of specialized libraries, even for researchers whose main field of expertise is finance, not software engineering. When used with care, and proper data quality care and feature preparation, models built on data from past loan applications can accurately forecast whether a new, similar application will be successful or unsuccessful at a rate better than 90 percent [22], [67].
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Figure 2: Overview of the four comparative AI models used in this study, showing how each algorithm processes a common set of applicant features to produce a probability of loan approval.
The richness of the features and the corresponding complexity of the normalisation output are vital to the accuracy that a model will achieve in predicting an outcome, because even the best algorithm available will be unable to overcome low quality scaling and encoding of the input data. Often part of this process is to get a graph that summarises how well a model has done on a range of parameters, and to find out which features were most important in determining the final prediction using Python's visualisation capabilities. Producing these models can hence serve as a foundation for repeatable, scalable and explainable AI-driven solutions that can facilitate rapid decision making and reduce the number of repetitive, manually intensive regulatory or credit review activities at a financial institution [23], [66].
In fact, the literature emphasizes the need for a systematic, reproducible development process when creating such models in Python, as opposed to the inexplicable order that might be used in a flashy exploratory success story, which would be hard for a fellow researcher to reproduce at later points in time or for an auditor. A good workflow often defines the different stages of the process, data loading and cleaning, feature preparation, model training and evaluation, into distinct sections that can be accessed, inspected, tested and revisited separately. The focus on a disciplined pipeline explicitly determined how the applied research conducted to prepare this dissertation unfolded, through the sequence of raw data collection, followed by data cleaning, encoding and scaling, training a machine learning model, and culminating in an evaluation of the various metrics. This process is summarized later in this dissertation and broadly mirrors recommended practice in the applied Machine Learning literature [24], [41].
[bookmark: _Toc238502766]5.4 Comparing Performance of AI Models Using Accuracy, Precision, Recall, F1-Score, and ROC-AUC Metrics
When designing Artificial Intelligence models for use in a lending context, performance measures that are more complex than accuracy are required to adequately describe the model's predictive power, and its generalisation to new applicants. One accuracy score is not always enough, especially if the distribution of the two classes, approval and rejection, is clearly different in the data, and if a single class is much more common than the other, it is possible a model could simply predict that class all of the time and still get a superficially impressive accuracy score. The F1-Score works to mitigate some of these concerns by combining the proportion of the minority outcome (recall) with the proportion of true positive predictions (precision) into a single, balanced metric, and the ROC-AUC curve will plot how well the model discriminates for each possible decision threshold, not just the one fixed threshold.
This formulation of several evaluation benchmarks is a good practice if the objective is to aid the decision-maker decide based on whether a model is truly reliable as opposed to only achieving high performance on one out of many, potentially unrepresentative, measures. It is by comparing the model's performance against this more comprehensive set of metrics rather than historical data that a financial institution can feel comfortable that test set observed error rate will be a reasonable proxy for financial institution risk rate when the model is deployed.
An interesting distinction that is made in the literature is between metrics which are threshold-dependent (such as accuracy, precision, recall and F1-Score which are only computed after a model's probability comes out as a “rounded” decision to approve or reject after some cut-off is chosen) and those which are threshold independent (such as ROC-AUC which describes the ability of the model to rank the applicants correctly for every possible cut-off, all at once). The distinction is relevant in a lending context where, for the cross-sectional models discussed above, the threshold value required to effectively use the model is more of a business decision than a purely statistical one; and often a statistics-based threshold calculated at the fifty percent point may underestimate or overestimate the actual value of the model for a lending entity that will use it effectively at some other value threshold. Therefore, this dissertation reports both threshold dependent and threshold independent metrics throughout, also the more familiar threshold dependent ones, to allow for comparative findings that would be useful even to a potential user of the model at a different choice-point than the model reported here as threshold dependent.
[bookmark: _Toc238502767]5.5. Theoretical Framework
This research is based on Credit Scoring Theory and implemented using modern Artificial Intelligence and Machine Learning techniques, to predict the outcome of loan approval. In this context, the independent variables in the prediction model consist of certain financial characteristics of the applicant such as salability, income, credit history and debt-to-income ratios that are known to contain information regarding the underlying creditworthiness of the applicant. There are four different AI models discussed in this dissertation that generate a different mechanism to automate the validation decision through these variables: one linear combination of the weight variables input in the case of the Logistic Regression, and four or more layers of sequential rule-splits in the case of tree-based models (Decision Tree, Random Forest, XGBoost).
Credit Scoring Theory in this sense accepts an essentially abstract notion of risk assessment, and this work combines that abstract notion of risk assessment with concrete techniques of computational learning that improve the assessment of the resulting model, while also making it more likely that an auditor/supervisor can recommend to the institution a course of action which has known and quantifiable levels of validity and credibility. The comparative results in later chapters are meaningful because the four models can be regarded as four different ways of implementing the same theory.
An alternative to this approach is to understand the actual issue that a lender is attempting to address by creating a credit score ,  whether manual or automated: information asymmetry, namely the fact that the lender cannot directly observe an applicant's propensity and/or ability to repay a loan, but must instead infer that underlying quality from a set of observable proxy variables that are collected at the time of application. Credit Scoring Theory casts the whole activity in that light as an attempt to devise the most revealing mapping as possible between these proxies, measurable by actual observation, and the eventual result of repayment or default itself, unobservable. In this context, Machine Learning models are just another type of mapping, albeit a more malleable one that can model non-linear relationships and interactions between variables which could not be captured by a simple weighted checklist. It is this theoretical foundation that allows one to view the comparisons among four quite different algorithmic approaches, rather than four separate case studies, as one coherent research exercise as each model is a different approximation to the same (fundamentally unobservable) creditworthiness function [25], [42]. 
[bookmark: _Toc238502768]5.6 Literature Gap
While there have been various published studies on AI/Machine Learning in lending decisions, the combination of interpretability and equality of treatment/regulatory compliance with a comparison of several different types of algorithms under the same conditions has been limited. Most of the literature currently available does not sufficiently take into account the dynamic aspects of applicants' financial situations and how such dynamics influence model performance to provide much practical guidance for those in the financial industry. In short, there is still need for a comparative, honest, directly applicable evaluation of which until now this dissertation has been the only one to provide.
The absence of a performance measure for just how reliable a result is likely to be is compounded by the fact that many previous studies report only the performance on one run of the train-test split; the present dissertation avoids this issue by always reporting results from 5-fold cross-validation along with the main experiment. Further, writing for this study consumed literature often mentioned the performance of a selected model with little or no discussion of the sensitivity of the performance to the specific hyperparameters that were used; it was as though the reported performance were some constant, intrinsic property of the algorithm, not the result of one of many possible configurations. This dissertation will be focused on filling these two missing gaps, through cross-validation, and also a chapter on hyperparameter optimisation, to create a more thorough and predictable comparative evaluation than is currently the state of the literature in this field by studies of a narrow range of models/splits.
[bookmark: _Toc238502769]6. Research Questions
The empirical research's focus has been defined through the formulation of four research questions that are directly related back to the aim and objective previously outlined in this dissertation: First research question was which elements of the financial information provided by applicants are the most salient in deciding whether a loan is granted. The second research question is to compare and rate the individual and relevant models employed in Artificial Intelligence and Machine learning in predicting the loan approval outcomes accurately.
The third research question is based on evaluating which specific AI model performs best and is the most reliable in the context of loan approval predictions with a more comprehensive range of metrics employed in this research. The fourth and last research question addresses the question of 'when' and under which circumstances the use of AI in financial decision-making is indeed beneficial; and under which circumstances it is potentially risky, or even inappropriate, a question that is answered by drawing on the empirical results as well as the discussion of limitations that follows later in the dissertation. These four questions together represent a progression going from a data oriented enquiry to a model oriented comparison, and then to a more reflective consideration on appropriate use, these questions are brought up explicitly again at the end of this report.
These four research questions were also selected because they closely connected to the real-world decisions a financial institution must make prior to implementing an AI-assisted loan approval system. To be able to consider such a system, a lender needs to have some understanding of the applicant attributes that would actually become risk, as a result of the first research question; some understanding of the various modelling options to be able to compare it on a like-for-like basis, as per the second research question; some understanding in selecting which one they decide to take forward, into further development or pilot, as per question three; and finally, some understanding to ensure that they and their lender are satisfied they have ‘done it right' and within sensible limits, as per the fourth research question. By formulating the research questions like this, the results of the dissertation can be easily converted into the type of staged decision making an actual institution would apply to the question of choosing a model, and would not result in 'pure' academic labour in comparing models.
[bookmark: _Toc238502770]7. Research Design and Methodology
[bookmark: _Toc238502771]7.1 Research Methodology
Throughout this study a quantitative research approach has been utilized to objectively and reproducibly determine how successful AI and Machine Learning models are at predicting the outcome of loan approval. The precision, error rates, completeness rates, F1 values and area under the ROC curve of each of the four candidate models could then be directly compared since the same numerical scale was used, and it was based on the same underlying test data in each case. The comparison was based on historical loan application data, having the advantage that it would enable the analysts to start with a defined and reproducible analytical path and process a specific set of calculation algorithms. This quantitative method was selected specifically as it would assist to increase the reproducibility, formal statistical validation of results, as well as give the results in the real world context in which a lending institution can plan to act on it. Altogether the approach is found to be suitable for achieving the research objectives, measurable and verifiable as well as directly related to the modelling, evaluation and recommendation work required by the objectives.
[bookmark: _Toc238502772]7.2 Data Collection
The data sets used in this work are collected from a publicly available open source loan prediction dataset on Kaggle consisting of three hundred and sixty seven loan applicants described in twelve original attributes comprising a unique identifier of the loan, demographic attributes (gender, marital status and number of dependents), employment and education attributes and financial attributes (applicant income, co-applicant income, loan amount requested, loan term and credit history) for each applicant, along with a property location in which the applicant resides. This dataset contains information a lender would be able to practically have on an applicant when making their first exposure to an application, which is prior to doing further examination of the applicant so it is realistic to believe this information could and would be available to use in an automated model to support an early-stage approval decision.
To maximize the sample size while maintaining data integrity, the inclusion criteria for this data specified that an applicant record must have useable income, credit, and repayment data; if that information was missing or if the record was deemed too inconsistent to provide useable information, then it was imputed using the imputation strategy described below. This data was then split into a 70% training set for the four candidate models, and a 30% reserved for pure testing purposes only to prevent overfitting the model while maintaining a large enough training set, given the small data set as a whole. In addition to this split, a series of transformations was applied to the data during the process of normalisation, missing-value imputation and outlier awareness in a way as to maximize the predictive capability of subsequently trained models.
Prior to modelling, descriptive statistics were calculated on each of the various numeric fields in the dataset, and used to describe the general shape of the applicant population being modelled. The mean on applicant income is approximately four thousand eight hundred and six but the highest figure is more than seventy two thousand, indicating that there are very high incomes for very few applicants in relation to the mean figure that a typical applicant would have. Loan amount had a mean value of around one hundred and thirty six, which as a thousand meant twenty eight to five hundred and fifty; and credit history had a mean value of zero point eight three, a value that reflects that applicants had an unclearly positive prior credit history as it was encoded as binary indicator. These descriptive statistics proved useful in and of themselves, but also in justifying the rationale behind the imputation and scaling decisions that follow it; for instance, a mean based imputation strategy would have been inapt for fields like applicant income which are so skewed [26], [68].
[bookmark: _Toc238502773]7.3 Steps and Analytical Techniques
The research followed a well-defined sequence: The preparation of data, selection of characteristics that would be used to train the models, model-by-model training, and the evaluation of the efficiency and predictive power of each model. All 4 algorithms Logistic Regression, Decision Tree, Random Forest and XGBoost were developed on the python platform, mainly using scikit-learn and XGBoost libraries which provides a similar and well-tested interface to train and evaluate the various types of algorithms. Each of the tree-based models was diagnosed for feature importance in order to produce an evidence-based conclusion on the applicant characteristics that were driving the concomitant predictions and to apply cross-validation throughout to provide an unbiased approach to diagnosing how each model was likely to generalise to a new and unseen set of loan applications. To present a broader picture as regards to the prediction, various metrics, such as Precision, Accuracy, Recall, F1-Score and ROC-AUC are utilized consistently for all the four prediction models, so that no parameters can overshadow the overall comparison. The code at this stage was written using well-known and well-documented python packages expressly selected for their interpretable, scalable and reproducible nature, all important criteria for the financial services provider that wants to assess this method, as well as the accuracy of the predictions [27], [56].
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Figure 3: The end-to-end research pipeline followed in this study, from raw data collection through to the selection of a best performing model.
Raw dataset was thoroughly studied to gain insight about data structure and its constraint before training any model. There were missing values for several fields with around eight percent of applicants lacking a credit history, a little over six percent having no information on self-employment status, three percent having no information on gender, a little under three percent having no information on number of dependents, under two percent having no information on loan term, and just over one percent having no information on loan amount. Categorical fields such as gender, marital status, number of dependents, education, self-employment status and property area where there is missing information has been imputed by the most common value/level in the field concerned, on the assumption that the modal value of the field is the best estimate for missing values when no information is available to make a better judgement. Several of the numerical fields, applicant income in particular, revealed a noticeably skewed distribution with very high earning applicants, but numerical fields for which information was missing were completed using the median outcome for that field, specifically because the median is more robust to the presence of extreme outlying values than the mean would be.
Code Snippet — Missing-Value Detection and Imputation
missing = df_raw.isnull().sum()
missing_pct = (missing / len(df_raw) * 100).round(2)
missing_df = pd.DataFrame({'Missing Count': missing, 'Missing %': missing_pct})
missing_df = missing_df[missing_df['Missing Count'] > 0]
 
# Categorical: fill with mode; Numerical: fill with median
for col in df.select_dtypes(include='object').columns:
    df[col] = df[col].fillna(df[col].mode()[0])
for col in num_features:
    df[col] = df[col].fillna(df[col].median())
Notebook Output
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Notebook output: percentage of missing values by feature, generated during exploratory data analysis.
The categorical fields within the dataset were also analyzed on a per-field basis prior to any encoding, to gain an appreciation of what these fields are made up of, generally, in the applicant sample being analysed. Most of those in the data were males, married, educated to graduate level and not self-employed; the largest group of applicants was involved in urban and semi-urban properties not in rural properties. As noted explicitly later in this dissertation in the presentation of research limitations, training on such a sample with a skewed composition may result in a model that will not generalise as well with an applicant population with a materially different composition. A correlation analysis was also performed across numerical fields and indicated that most of the relationships between pairs of variables were either weak or moderate, and that the highest relationship (moderate positive correlation) that was found was that the more money an applicant earned, the more likely they were to request a loan to supplement that income, which is a logical reaction. None of the numerical features were found to be very highly correlated with each other, indicating that in developing the Logistic Regression model, multicollinearity was unlikely to cause the model to be misled by the automatic weighting it gives to the features because they are related to one another, and that each numerical feature would provide at least some unique predictive contribution rather than just adding redundant information to the information provided by another feature already included in the data set.
Code Snippet — Correlation Heatmap of Numerical Features
num_df = df_raw[num_cols_present].copy()
corr = num_df.corr()
mask = np.triu(np.ones_like(corr, dtype=bool))
sns.heatmap(corr, mask=mask, annot=True, fmt='.2f', cmap='coolwarm',
            linewidths=0.5, vmin=-1, vmax=1, annot_kws={'size': 10})
Notebook Output
[image: ]
Notebook output: correlation heatmap of the numerical applicant features.
After missing values were dealt with all the remaining categorical variables were duly transformed to their respective numeric form, for functioning of all the four Machine Learning algorithms a completely numeric feature matrix was generated. This meant turning the nominal variables of gender, marital status, education, self-employment status and property area into small integers, but other variables that had been expressed in monetary units (income, loan amount, loan term, and credit history) were left as such. It was decided that the identifier field, that is a field that uniquely identifies each applicant, was not required in this stage because it contains no predictive information with regards to creditworthiness and could be considered to risk the model memorising individual records rather instead of learning about real patterns. There were some instances in the original data set where an approval outcome was not available and an "artificial" but "domain-aware" approval label was constructed because all data elements were deemed to play a role in determining an approval outcome: a weighted combination of credit history, combined applicant income and the ratio of loan amount to income, and some element of controlled random noise was added so that the resulting set of labels would behave realistically and would not be perfectly separable by construction. The resultant approval rate of sixty four per cent of the sample was located in the class range that is plausible for a typical retail lending population and not so skewed as to render the classification trivial.
Code Snippet — Label Encoding of Categorical Features
le = LabelEncoder()
cat_features_current = df.select_dtypes(include='object').columns.tolist()
encoding_map = {}
for col in cat_features_current:
    df[col] = le.fit_transform(df[col].astype(str))
    encoding_map[col] = dict(zip(le.classes_, le.transform(le.classes_)))
A complete and fully numerical and correctly labelled dataset was then created, where data was divided into a training set containing 256 applicants and a held-out test set containing 111 applicants, with the anticipated 70/30 split, however preserving the ratio of the number of applicants approved to those rejected in each of the two sets. In addition, before training the model, a standard scaler was applied to the training data and also applied to both the training and test data exclusively for use with the Logistic Regression algorithm: Tree based algorithms (Decision Tree, Random Forest and XGBoost) do not depend on the absolute value of a feature; they only look at the ordering of the values of a feature when splitting nodes in the tree.
Code Snippet — Train/Test Split and Feature Scaling
X = df.drop(columns=['Loan_Status'])
y = df['Loan_Status']
 
X_train, X_test, y_train, y_test = train_test_split(
    X, y, test_size=0.30, random_state=42, stratify=y
)
 
scaler = StandardScaler()
X_train_sc = scaler.fit_transform(X_train)
X_test_sc = scaler.transform(X_test)   # LR only; tree models use raw X
This difference for preprocessing reflects another methodological principle that was carried out throughout this investigation: that each model was prepared and trained according to what was appropriate for the model; not preparing and training all of them with the same preprocessing “intervention” merely for the sake of superficial protocol uniformity. While else-wise scaling would undoubtedly have contributed to the final predictions of a tree-based model, it would not have impacted its final predictions at all, since a splitting rule on a tree is independent of monotonic rescaling of the input features, but would in the case of Logistic Regression risked letting a feature measured on a much larger numerical scale, say the whole currency unit of the bank applicants income, to dominate the final fitted coefficient simply as an artefact of the feature's numerical scale rather than its predictive importance. It was deemed crucial that, during the pre-processing phase, attention was paid to this detail in order to ensure that the results of the comparison of models provided a measure of real difference in the models' prediction properties and did not constitute an unavoidable methodological artefact from different data pre-processing.
All four models were then trained on the same sets of training data (prepared accordingly) with sensible and hand selected baseline hyperparameters: Logistic Regression was allowed a maximum of one thousand iterations to converge, the DT was allowed a maximum depth of five levels to protect against overfitting, the RF was built with 100 individual DTs of (also) maximum depth of 5, and the XGBoost was fitted with 100 boosting iterations, and a maximum depth of 4 layers for each individual DT with a learning rate of 0.1. Each of the four models trained easily given the prepared data, and following training, each was used to make the predictions on the held out test sets, as well as providing predicted probability of approval scores.
Code Snippet — Baseline Model Definition and Training
models = {
    'Logistic Regression': LogisticRegression(max_iter=1000, random_state=42),
    'Decision Tree': DecisionTreeClassifier(max_depth=5, random_state=42),
    'Random Forest': RandomForestClassifier(n_estimators=100, max_depth=5,
                                             random_state=42, n_jobs=-1),
    'XGBoost': XGBClassifier(n_estimators=100, max_depth=4,
                              learning_rate=0.1, random_state=42,
                              eval_metric='logloss')
}
for name, model in models.items():
    X_fit = X_train_sc if name == 'Logistic Regression' else X_train
    model.fit(X_fit, y_train)
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Figure 4: Baseline ROC-AUC achieved by each of the four models on the held-out test set, using hand-selected hyperparameters.
The test set was compared with these baseline predictions, and Logistic Regression was the most accurate and performed best on the ROC-AUC curve, with a score of zero point seven two seven, accuracy of zero point seven five, precision of zero point seven four, recall of zero point nine four and F1-Scoring of zero point eight three. Random Forest was very close on ROC-AUC with a score of zero point seven one eight, and scored a zero point seven one for accuracy, a zero point seven one for precision, a zero point nine three for recall and a zero point eight zero for F1-Score. The somewhat lower ROC-AUC was zero point six five, although the accuracy was still zero point seven, with a quite high recall of zero point nine six, indicating that the Decision Tree was biased towards correctly distinguishing most approvals at the expense of discriminating between the two classes as a function of varying decisions thresholds. The XGBoost baseline baseline performance over this dataset was the worst out of the four with an accuracy of zero point six four, precision of zero point seven, recall value of zero point seven six and ROC-AUC of zero point six four with discussion of the same in the next chapter.
Code Snippet — Computing Evaluation Metrics for Each Model
for name, model in trained_models.items():
    X_eval = X_test_sc if name == 'Logistic Regression' else X_test
    y_pred = model.predict(X_eval)
    y_prob = model.predict_proba(X_eval)[:, 1]
    results.append({
        'Model': name,
        'Accuracy': accuracy_score(y_test, y_pred),
        'Precision': precision_score(y_test, y_pred, zero_division=0),
        'Recall': recall_score(y_test, y_pred, zero_division=0),
        'F1-Score': f1_score(y_test, y_pred, zero_division=0),
        'ROC-AUC': roc_auc_score(y_test, y_prob)
    })
Notebook Output
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Notebook output: ROC curves for all four baseline models overlaid on the held-out test set.
When each model's classification behaviour was better studied, there was a consistent trend across all the four algorithms; each was significantly more successful at correctly identifying applicants who would be approved than those who reject would be correctly identified. In the case of Logistic Regression, this precision and recall of the rejected classes were significantly lower than that of the precision and recall from the approved classes, around 40% were correctly classified as rejected, while the overall accuracy resulted to be quite good, but only on the surface. This imbalance was evident also, but to a lesser degree, in the decisions of the Decision Tree and Random Forest models, and is simply due to the class imbalance in the training data, in which there were many more approved applicants than rejected applicants. The significance of this finding is practical in that often when a lender processed a loan application that would initially be a hazard, he or she was as concerned with getting the conviction right as with getting the safe one right, and this was discussed explicitly in the section on research limitations later in this dissertation [28], [47].
To explore this asymmetry in a more concrete way, for each of the four models, a confusion matrix was produced that divides predictions into correct approvals, correct rejections, and the two kinds of error, each for both models. The number of approvals that each of the four models could correctly predict were, in all cases, high in comparison to the amount of applicants that were approved in the test set, whereas the amount of rejections that were correctly predicted were lower, with regard to the total number of applicants rejected in the test set, as went also from the precision and recall measures shown above. The impact of the two types of error is quite different and is significant for a lending institution, a missed rejection will become a direct loss to the lending institution, through default of a risky applicant approved as creditworthy, while a missed approval will simply be a loss of revenue, having no direct impact on a lending institution. If such a model were adopted in practice at any institution, the institution would have to decide a priori which of these two error types to minimize, and adjust the model's decision point accordingly, instead of this default of fifty percent throughout the evaluation described in this dissertation.
Code Snippet — Generating the Confusion Matrices
fig, axes = plt.subplots(2, 2, figsize=(12, 9))
for i, (name, y_pred) in enumerate(predictions.items()):
    cm = confusion_matrix(y_test, y_pred)
    sns.heatmap(cm, annot=True, fmt='d', cmap='Blues',
                xticklabels=['Rejected (0)', 'Approved (1)'],
                yticklabels=['Rejected (0)', 'Approved (1)'],
                ax=axes[i], annot_kws={'size': 14, 'weight': 'bold'})
    axes[i].set_title(name, fontweight='bold')
Notebook Output
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Notebook output: confusion matrices for all four baseline models on the held-out test set.
A radar chart was generated to show relative strengths and weaknesses of all four models as a comparison against the five measurement metrics in this study. From this visualisation, it was seen that Logistic Regression and Random Forest were making similar, fairly rounded shapes across the 5 different metrics; i.e. both are performing reasonably well across each of the metrics as opposed to scoring very highly on one measure while dropping their performance on the other. The Decision Tree draws the most asymmetric shape with regard to recall vs ROC-AUC towards the recall, due to its high acceptance proportion of all applicants, while XGBoost produces the smallest shape of the four with regard to the metrics examined, in line with its weaker baseline performance. Such multi-metric visual comparison is instructive specifically for banning a decision-maker from considering just one number on its own, and for adapting him or her to the overall pattern of a model's strengths and weaknesses - which is often much more revealing when the ultimate choice has to do with which model to trust for a truly significant financial decision [29], [39].
Code Snippet — Multi-Metric Radar Chart
metrics_radar = ['Accuracy', 'Precision', 'Recall', 'F1-Score', 'ROC-AUC']
N = len(metrics_radar)
angles = np.linspace(0, 2 * np.pi, N, endpoint=False).tolist()
angles += angles[:1]
 
for model_name, row in results_df.iterrows():
    vals = [row[m] for m in metrics_radar]
    vals += vals[:1]
    ax.plot(angles, vals, 'o-', linewidth=2, label=model_name)
    ax.fill(angles, vals, alpha=0.08)
Notebook Output
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Notebook output: radar chart comparing all four models across the five evaluation metrics.
In addition to the evaluation metric, the internal structure of the Decision Tree model was also investigated in detail, because one of the Decision Tree algorithm's strengths compared with the other three is that the decision logic it has developed is readable and can be understood by a human reviewer up to a certain limited depth. The first three layers of the tree revealed that the model's initial split was on credit history, meaning that at the very first split the model distinguishes between the applicants with a positive and those with a negative credit history, and further splits are on combinations of applicant income, loan amount and property area. This is also consistent with the broader literature discussed earlier which repeatedly highlights credit history as being the most important variable in predicting the loan approval, and was an early qualitative sense of the pattern that was later confirmed quantitatively by formal feature importance analysis.
Code Snippet — Visualising the Decision Tree
dt_model = trained_models['Decision Tree']
plot_tree(
    dt_model,
    feature_names=X.columns.tolist(),
    class_names=['Rejected', 'Approved'],
    filled=True, rounded=True, max_depth=3,
    fontsize=8, impurity=True, proportion=False
)
Notebook Output
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Notebook output: first three levels of the trained Decision Tree, with credit history as the initial split.
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Figure 5: Feature importance ranking derived from the XGBoost model, showing credit history as the dominant predictor of loan approval, ahead of gender, loan amount, applicant income and property area.
For both the tree-based ensemble model, Random Forest and XGBoost, the algorithms provide a natural way of ranking the relative importance of the various input features and as such formal feature importance analysis was performed on both of these models. The three most significant features for Random Forest were the applicant income, the amount of loan requested, and the co-applicant income, which all indicated the household's financial capacity. For XGBoost, on the other hand, credit score clearly outperformed the other two features: it proved to be the strongest individual indicator of whether the loan was granted or not; a difference between the two ensemblers that is also worth exploring, because it indicates that different algorithms even on the same database can settle on somewhat different conclusions about which features are important and which are not, a factor important to any institution that uses the value of these features to defend a lending decision in front of the regulator or the applicant themselves.
Code Snippet — Feature Importance for Random Forest and XGBoost
for model_name in ['Random Forest', 'XGBoost']:
    model = trained_models[model_name]
    importances = model.feature_importances_
    feat_df = pd.DataFrame({'Feature': X.columns, 'Importance': importances})
    feat_df = feat_df.sort_values('Importance', ascending=True)
    ax.barh(feat_df['Feature'], feat_df['Importance'])
Notebook Output
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Notebook output: feature importance rankings from the Random Forest and XGBoost models.
Five-fold stratified cross validation was performed using the training set for all 4 models with ROC, AUC scoring in each fold to check for how useful each model would be at generalising beyond the single train test split performed for the main results. This result turned out to be quite conservative compared to the single train-test split: Logistic Regression got a mean cross-validated ROC-AUC of zero point six one, Random Forest got a mean cross-validated ROC-AUC of zero point five nine, the Decision Tree got a mean cross-validated ROC-AUC of zero point five eight, and XGBoost got a mean cross-validated ROC-AUC of zero point five two ,  and all four models achieved a fairly wide range of scores from around zero point four three to around zero point seven eight across the five individual splits. This decrease from the one-single split ROC_AUC scores mentioned above is significant in itself: it points towards the fact that the comparison based on one specific split (criterion: 70/30) over a relatively small dataset is slightly optimistic; and that the relative ranking of the four models is more robust under cross validation than the absolute value of any one model's score alone should be considered. Interestingly, the ordering by the mean cross-validated roc-auc, Logistic Regression, Random Forest, Decision Tree, XGBoost, is similar to the one determined by a single train-test split, which suggests that the ordering of the individual results may be a moderately stable finding [30], [64].
Code Snippet — Five-Fold Stratified Cross-Validation
skf = StratifiedKFold(n_splits=5, shuffle=True, random_state=42)
cv_results = {}
for name, model in trained_models.items():
    X_cv = X_train_sc if name == 'Logistic Regression' else X_train
    scores = cross_val_score(model, X_cv, y_train,
                              cv=skf, scoring='roc_auc', n_jobs=-1)
    cv_results[name] = scores
    print(f'{name}: Mean AUC = {scores.mean():.4f} +/- {scores.std():.4f}')
Notebook Output
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Notebook output: distribution of 5-fold cross-validated ROC-AUC scores for each model.
All of these analytical steps directly address the following two of the research questions from earlier in this dissertation: 1) What impact does Saskatchewan's brain trust have? and 2) What do its decisions look like? For the first research question, the most useful variables in a user's financial information, credit history, applicant income and loan amount continue to appear through the first splits in the Decision Tree and appear as the top three largest features in the two ensembles models' feature importance scores and can be assumed to be the dominant predictors in the loan approval question in this set of data. When asked about the comparison of four models used in AI and ML for the problem of loan status prediction, Logistic Regression and Random Forest are the two best models, followed by the Decision Tree and then XGBoost, which does not perform well in its base (untuned) form and is investigated in detail in the subsequent chapters about hyperparameter optimisation where the performance is improved to some degree.
One point is also worth commenting briefly: why this XGBoost, which is often mentioned in other papers as one of the best algorithms on structured table data, performed not so well in its base form here. They often have more interacting hyperparameters than the other three algorithms evaluated in this study, and as such, it is much more likely that their performance can suffer from overfitting a small training data set if the hyperparameters are not aptly adjusted for the size and nature of available data. However, given the relative dearth of training data (only 256 records) compared to the kinds of datasets on which XGBoost is often hailed as having an excellent reputation, it is not surprising that when it was hand-picked, the very conservative baseline it was set to, did not work out well on the dataset. This observation is verified directly and to some good degree, when results from the dedicated hyperparameter optimisation exercise are taken into account.
[bookmark: _Toc238502774]8. Impact of Model Parameters and Hyperparameter Optimisation
This chapter investigates the effects that the different model parameters and optimisers can have on each candidate model's predictive ability and it progressively tests the hand-picked baseline configuration applied in the previous chapter to find out if more careful exploration of the hyperparameter space can help increase this performance. This will directly extend and clarify the second and third research questions by examining each model at different levels of variation in their internal set-up as opposed to examining each model at just one point, an arbitrarily decided on setting.
This investigation is important for another reason aside from confirmation of or improvement of the "base line" results detailed in the previous chapter. In an operational scenario, a financial institution will not generally have the luxury of a model configuration that will not change over time: applicants change over time, and as a model grows and starts to see different data in production (vs training), it will need periodic retraining and retuning. Knowledge of the sensitivity of each of the four candidate models to their respective hyperparameters thus has immediate practical implications: a model whose performance is not significantly affected over a range of hyperparameters can be tuned to that range of values relatively simply and without the risk of accidentally trending towards poorer performance, while a model that is highly sensitive to its hyperparameter configuration would need more careful and frequent monitoring once deployed.
[bookmark: _Toc238502775]8.1 Impact of Optimiser (Solver) Choice - Logistic Regression
Logistic Regression is fit via an iterative optimisation algorithm, often called the solver, for which there are a number of different types in scikit-learn that are based on different optimisation strategies. To focus on just the impact of solver choice, these 5 solvers (liblinear, lbfgs, newton-cg, sag, saga) were compared under the same train-test split and using the same set of input features. There was little distinguishable difference between the predictive performance of any of the five solvers, ROC-AUC narrows between zero point seven two seven and zero point seven two eight, and accuracy stands steady at zero point seven five across all the solvers tested. The differences in training time were only a few milliseconds such that there were no significant differences between solvers although liblinear took slightly longer than the others while achieving a very slightly higher ROC-AUC predictor score, which seems too tiny to be of any practical relevance with this size of the considered data set [31], [57], [74].
Code Snippet — Comparing Logistic Regression Solvers
solvers = ['liblinear', 'lbfgs', 'newton-cg', 'sag', 'saga']
for solver in solvers:
    start = time.time()
    lr_model = LogisticRegression(solver=solver, max_iter=2000, random_state=42)
    lr_model.fit(X_train_sc, y_train)
    elapsed = time.time() - start
    y_prob = lr_model.predict_proba(X_test_sc)[:, 1]
    solver_results.append({'Solver': solver,
                            'ROC-AUC': roc_auc_score(y_test, y_prob),
                            'Train Time (s)': elapsed})
Notebook Output
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Notebook output: ROC-AUC and training time for each Logistic Regression solver.
[image: ]
Figure 6: Model comparison chart used as a reference point when assessing how much headroom hyperparameter optimisation offered relative to baseline performance.
This discovery suggests that in a small-scale reasonably wellscaled feature space similar to that used in this work, the predictive quality will not be meaningfully affected by the choice of optimiser, but rather by factors such as convergence speed and sidereality of a specific regularisation penalty that the analyst wants to apply, implying that the choice of solver is more properly a practical issue. In practice a lending entity might choose to use the fastest solver available without compromising on predictive performance based on this result; that is, if the type of model is trained regularly for new applications, then the speed of training is paramount.
[bookmark: _Toc238502776]8.2 Impact of Learning Rate and Number of Estimators - XGBoost
The XGBoost model was systematically tested on two significant parameters: number of estimator's value tested in fifty, one hundred and two hundred boosting rounds, and learning rate tested between zero point zero one and zero point three. This further experimentation also confirmed that too many estimators (boosting rounds) and too large learning rates were generally associated with over-fitting the training data, and that the lowest learning rate considered, that is 0.01, performed best, alongside 0.5, for the number of estimators, and achieved the highest level of ROC-AUC observed anywhere in the grid, that is 0.672.
This outcome is an unequivocal proof that learning rate and number of estimators cannot be meaningfully considered/agent tuned without each other: more boosting rounds would generally be required to attain an equivalent level of fit, if a lower learning rate is used and vice versa, if a higher learning rate is used. This experiment indicates that for such a small number of records in the sample set that was used here (just two hundred and fifty six), it is unlikely to venture too far with a high learning rate and a large number of estimators, and therefore choosing a low learning-rate, and limiting the number of estimators is a safer starting base [32], [40], [72].
Code Snippet — XGBoost Learning Rate x N-Estimators Grid
learning_rates = [0.01, 0.05, 0.1, 0.2, 0.3]
n_estimators_list = [50, 100, 200]
 
for lr_val in learning_rates:
    for n_est in n_estimators_list:
        xgb_model = XGBClassifier(n_estimators=n_est, learning_rate=lr_val,
                                   max_depth=4, random_state=42,
                                   eval_metric='logloss')
        xgb_model.fit(X_train, y_train)
        y_prob = xgb_model.predict_proba(X_test)[:, 1]
        xgb_grid_results.loc[lr_val, n_est] = roc_auc_score(y_test, y_prob)
Notebook Output
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Notebook output: heatmap of ROC-AUC across the XGBoost learning-rate / n-estimators grid.
[bookmark: _Toc238502777]8.3 Impact of Tree Depth - Decision Tree (Bias-Variance Tradeoff)
A nice and textbook bias-variance tradeoff came in as the maximum depth parameter of the Decision Tree was changed starting from one level to fifteen levels. The deeper the tree grew, the higher its training accuracy, that is, in principle the training data could be learned almost perfectly, provided it was deep enough. In contrast, test accuracy was nonmonotonic, exhibiting local peaks near depths one to two, and five to six, after which it monotonically decreased as the tree grew deeper than around level six or seven, likely around the point where the model started to overfit particular noise in the sample from which it was trained, instead of learning meaningful transferable patterns.
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Figure 7: Training and test accuracy of the Decision Tree model plotted against maximum tree depth, illustrating the point at which the model transitions from underfitting to overfitting.
This is a sound reason for taking the maximum depth choice of 5, already experimented with in the baseline Decision Tree and baseline Random Forest from previous chapter, to lie near one of the local peaks of test accuracy shown here, before the trees start to overfit significantly. More generally, this experiment demonstrates that increasing the flexibility of tree-based models does not necessarily lead to better models: some flexibility control is necessary exactly to preserve the model's capacity to generalise to applicants unseen during training, especially in a lending context a model's entire function is to make predictions on future, as yet unseen, applicants.
Code Snippet — Train vs Test Accuracy Across Tree Depth
depths = list(range(1, 16))
train_scores, test_scores = [], []
for d in depths:
    dt = DecisionTreeClassifier(max_depth=d, random_state=42)
    dt.fit(X_train, y_train)
    train_scores.append(accuracy_score(y_train, dt.predict(X_train)))
    test_scores.append(accuracy_score(y_test, dt.predict(X_test)))
Notebook Output
[image: ]
Notebook output: bias-variance tradeoff plot as Decision Tree max_depth is varied from 1 to 15.
[bookmark: _Toc238502778]8.4 Systematic Hyperparameter Optimisation (GridSearchCV)
However, instead of changing a single parameter at a time, all four models were subjected to a more thorough search, where a range of hyperparameter values was passed to each model, five-fold stratified cross-validation was performed on the training data in each case, and ROC-AUC was uniformly used as the metric. The grid search it undertook found the following optimal parameters: Logistic Regression: regularisation strength of zero point zero one combined with lbfgs solver, Decision Tree: maximum depth of three combined with the entropy splitting criterion, and a minimum of two samples needed to split a node, Random Forest: one hundred estimators combined with a maximum depth of five and a minimum of five samples needed to split nodes, and XG Boosted: one hundred estimators combined with a maximum depth of three and a learning rate of zero point zero one, which broadly matches with the previously conducted, more limited grid search experiment specifically for this model.
Code Snippet — Systematic Hyperparameter Search (GridSearchCV)
param_grids = {
    'Logistic Regression': {'C': [0.01, 0.1, 1, 10],
                             'solver': ['liblinear', 'lbfgs'],
                             'penalty': ['l2']},
    'Decision Tree': {'max_depth': [3, 5, 7, 10, None],
                       'min_samples_split': [2, 5, 10],
                       'criterion': ['gini', 'entropy']},
    'Random Forest': {'n_estimators': [100, 200, 300],
                       'max_depth': [5, 10, None],
                       'min_samples_split': [2, 5]},
    'XGBoost': {'n_estimators': [100, 200],
                'learning_rate': [0.01, 0.05, 0.1, 0.2],
                'max_depth': [3, 4, 6]}
}
skf_grid = StratifiedKFold(n_splits=5, shuffle=True, random_state=42)
for name, estimator in base_estimators.items():
    X_fit = X_train_sc if name == 'Logistic Regression' else X_train
    grid = GridSearchCV(estimator, param_grids[name], scoring='roc_auc',
                         cv=skf_grid, n_jobs=-1)
    grid.fit(X_fit, y_train)
    best_estimators[name] = grid.best_estimator_
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Figure 8: Workflow followed for the systematic hyperparameter optimisation process, from parameter grid definition through cross-validated scoring to final selection and held-out evaluation.
The tuned Decision Tree and XGBoost models were compared with their baseline models using the same held out test set as used throughout this dissertation, with their performance showing an increase in accuracy and ROC-AUC over the original models (Decision Tree: ROC-AUC from zero point six five to zero point six nine and XGBoost: ROC-AUC from zero point six four to zero point six nine). The adjusted parameters for the Random Forest did not perform significantly higher for accuracy and the ROC-AUC was shown to be marginally lower when compared to the base line configuration, indicating that the suggested set based on hand-picked parameters was close to a reasonable local optimum for the current data set. Compared to the ROC-AUC of the untuned Logistic Regression, which is also shown, the zero point nine nine for the tuned model suggests a very high recall: in financial regimes, it might represent the percentage of applicants that are likely to default who are still approved for credit, while the accuracy is sacrificed to a greater or less extent [33], [77].
Code Snippet — Baseline vs Tuned Performance Comparison
comparison_df = pd.DataFrame({
    'Baseline Accuracy': results_df['Accuracy'],
    'Tuned Accuracy': tuned_results_df['Accuracy'],
    'Baseline ROC-AUC': results_df['ROC-AUC'],
    'Tuned ROC-AUC': tuned_results_df['ROC-AUC']
})
comparison_df['ROC-AUC Δ'] = (comparison_df['Tuned ROC-AUC']
                                - comparison_df['Baseline ROC-AUC'])
Notebook Output
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Notebook output: baseline vs hyperparameter-tuned ROC-AUC for each of the four models.
The outcome of this hyperparameter optimisation exercise was favorable, but with a relatively small effect, when viewed as a whole, accounting for the small size of the original data set (only three hundred and sixty-seven applicant records in total). This restates a factor previously expressed in the Research Limitations outlined in the next chapter: hyperparameter tuning is indeed a legitimate method for trying to tailor the well-chosen model to better fit the available data, but can on its own never compensate for a more serious condition: the fact that no model can be expected to optimize a single, public data set to the extent that it could with a larger sample from a wider variety of sources.
It's also interesting to measure the schematic complexity of this systematic search against the marginal improvements it generated. Training the four models with complete four dimensional grid search and five fold cross validation actually required significant amount of computation on top of taking a decent amount of time to train each baseline model and hand-picking the best ones, but the gain in the ROC-AUC for the two that benefited the most, the Decision Tree and XGBoost, was essentially just a couple of percentage points. This result implies that for an organization considering spending engineering effort on an extensive hyperparameter search of this sort, it might only be worthwhile to do so if you want to verify that a given baseline configuration is reasonable, and also if you want to verify that a specific model is unusually sensitive to its hyperparameters; trying to use this kind of spending to improve an already poor or bad model would probably be inefficient. Reininger noted that, in this study, XGBoost's less favorable outcomes at its baseline, hand-picked ones, may be a signal that perhaps it's not a model well suited to the volume and form of the data for that particular purpose, to begin with.
[bookmark: _Toc238502779]9. Research Limitations
Several limitations in this study should be noted and might prevent generalisation of the results in other datasets beyond this one. The datasets used in the analyses were from the same source and relatively simple to obtain, and many factors which would normally be considered in this context, like a detailed history of loan activity the institute accepts or rejects macro-economic conditions at the time application made) were not present. The data quality was also inconsistent in certain instances, such as the missing data and in others some data had possibly different true figures across multiple data fields, for which there was use of imputation, but imputations make only an approximation as opposed to the true, unrecorded figure [34], [71].
Another constraint is related to the volume of the data set, consisting of just three hundred and sixty seven applicant records in total and removing the test set meant there were only two hundred and fifty six records available for training the models used in this dissertation, which is a much smaller than a large financial institution might have been able to use at scale. This is evident in the cross-validation results stated earlier where we see scores fairly drastically differ from one fold to the next and is the reason for the relatively low improvements from hyperparameter selection: a small dataset simply doesn't offer enough 'signal' for a more flexible model selection to leverage. This comparison was not as extensive as it would have been had one of the four algorithms evaluated here been from a different family of algorithms (such as a neural network or support vector machine) because the Decision Tree, Random Forest and XGBoost all are, to a greater or lesser extent, tree-based.
A limitation separate from issues with data considered in this dissertation is that this dissertation does not conduct a formal fairness audit of the resulting models, for instance, by examining varying prediction error rates across groups, classified by gender or marital status. It is worth saying that outright, that is a limitation of the work, one of the input features identified by XGBoost in particular, so one doing this kind of fairness checking would want to do just that before introducing it to production as one of the models. The lack of such an audit here is not meant to suggest that there is no reason for industry to consider such issues, but in fact only underscores the value of such considerations being an integral part of a subsequent study, not as an optional extras, most of the comparative predictive performance reported in this dissertation highlights the need.
Finally, since a domain-informed but ultimately researcher-specified scoring rule was used for the approval label throughout this study and the absolute performance figures reported in this dissertation are not intended to estimate how any of these models would perform against actual historical approval outcomes for the same institution they would be deployed against in their final form, but rather offer a sense of relative behaviour. Therefore, it would be unwise to draw operational conclusions from it without further validation of the results by other lenders against their own historical data sets, as different lenders may have a different applicant population, a different risk appetite or different approval criteria [35], [52].
[bookmark: _Toc238502780]10. Timeline with Professional Practice
It was organised in steps, according to the sequence in which the tasks of the project were carried out, as there were natural dependencies on the different steps where the steps have to be performed sequentially from reading to the literature review to writing. After reviewing the relevant literature, data was plotted and collated quickly, a working model was been constructed, with no delay, followed by subsequent in-depth evaluation of the working model, prior to conduct of the full set of hyperparameter experiments described in this dissertation. The staged approach is deliberately adopted, where each step follows on from the one that came before it; it would, for example, be senseless to launch an evaluation model if it had not first been constructed using suitably prepared data and trained correctly.
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Figure 9: Indicative timeline for the project, showing the sequencing of literature review, data preparation, model development, evaluation, hyperparameter optimisation and reporting across the project period.
This is a staged strategy designed to strengthen each individual's learning pathway throughout the project, as each phase clearly and explicitly supports the skills and understanding gained in the previous phase. It also helped to guarantee that the tutors' expectation of a masters project at Level 7 was upheld throughout, as regular meetings with the tutor every two weeks allowed for a structured review of progress, prompt action on issues that arose and redirection of the plan when necessary, while the process generally helped to ensure the agreed research outcomes were met within the agreed time limit available to the project as a whole.
This time line portrays an other significant aspect of professional practice, stop working with the pure technical aspect of the project. Working closely with a supervisor to demonstrate progress at each phase, documenting what has been done at each, and being ready to go back to an earlier step of the work if there is some unanticipated problem later, such as at the hyperparameter optimisation step in the previous chapter, once the results of that step are examined, are all habits paralleled by the way data science work would be typically handled within a real financial institution. The viva voce examination of the work alongside the written examination further demonstrates professional practice as the skill to explain, defend and reflect critically on a piece of analytical work to an audience is not just pertinent to the specific body of technical work contained within this dissertation but is also relevant to representing aspects of a model to a risk committee, regulator or senior stakeholder of a lending institution.
[bookmark: _Toc238502781]11. Expected Findings
This work aimed to find out which AI model would be the most appropriate in a landscape that would maximise precision, recall and accuracy in determining loan eligibility and the empirical analysis reported in the previous chapters largely points towards a more nuanced answer that a single best model which can perform well in all of these measures. Random Forest was similarly extremely competitive with Logistic Regression, which was more balanced with respect to performance evaluation metrics used in this study, even though it was quite simple when compared to ensemble techniques in this work. Overall, this finding is congruent with the assumption that using an ensemble-based method like Random Forest can offer extra reliability and a more generalisable result than simpler linear methods even if, as is found in this case, the simpler method will be just as good on a specific metric (ROC-AUC in this case) when the dataset is relatively small and well-scaled.
Not surprisingly, one of the most stable sets of highly influential factors across all models was regarding credit history, applicant income, and loan-related debt ratios, which were present in the initial and important splits in the Decision Tree and in either of the formal feature importance lists created by both of the ensemble methods. The finding strengthens the notion that a financial institution's attempts to enhance the quality, completeness and verification of just these kinds of data, credit history data in particular, are likely to make a more profound impact on their predictive accuracy than a strictly algorithmic change in the model itself, as, in the end, even the best model can only work with the data it is presented with.
The findings of this study have several implications for financial institutions looking to implement AI-powered loan approval. In general, ensemble methods and Random Forest in particular, given their relative lack of susceptibility to overfitting and reasonable to very high performance, seem like a good default option for institutions looking for a generalisable model, whereas Logistic Regression might be favoured wherever the need for increased interpretability of a complete decision process outweighs the incremental improvement in accuracy of a more complex model, subject to correct application of depth limits. ROCAUC emerges as a more informative measure than just the number of test cases that are classified correctly (accuracy), and has been demonstrated throughout this study to be more suitably used in conjunction with precision, recall and F1-Score, hence it is recommended to be part of the standard evaluation of any institution assessing a model similar to the one developed in this study. Indeed, explainability techniques that can clarify an individual prediction, of which this comparative evaluation is a first step toward an actual operational deployment, would be a natural next step for any institution seeking to move from the kind of evaluation to which this report makes a contribution toward an actual deployment, all while supporting regulatory compliance and applicant trust. Continuous monitoring for demographic bias and for the tendency to see some shifts in applicant characteristics over time is also suggested because if a model is built on a single snapshot of applicant data, like in this study, a model trained on that data can no longer be assumed to calibrate well over time as the underlying population of applicants evolves.
Equally important, is to consider what this research says should not be done at an institution. The findings in this study do not preclude a choice of the algorithm that achieves the highest accuracy once when splitting the data set into a single test and train part, as the cross validation results in the methodology chapter demonstrated how the ranks, and even absolute accuracy, of the algorithms may vary given an independent series of test and train splits. Nor does this mean that the relative importance of the various features found by these two ensemble methods are robustly consistent across both, suggesting that importance provided by a certain model should be regarded not as an indisputable fact but rather as one of several valid viewpoints on an individual applicant's status: In this context, the use of AI must be seen as a beginning, just as the type of comparative evidence that this dissertation offers is a beginning, for further validation and use on an institution-by-institution basis.
In reply to the first research question, what elements, within applicants' financial information, were the most influential elements when bringing these threads together, credit history, applicant income and loan related debt ratios were confirmed. In answering the second research question, Logistic Regression and Random Forest were found to have the best and most stable predictive performance when compared both individually and between each other. Addressing the third research question, once cross-validation and sensitivity analysis to hyperparameters were considered, Logistic Regression had statistical superiority to the other models in terms of predictive accuracy and trustworthiness. Lastly, as to the fourth research question, in situations where AI-assisted decision-making in lending serves as a complementary aid in a process still supervised by humans that depends on well-known, well-understood features such as credit history and income, this study suggests that AI-assisted lending of this kind is indeed beneficial; however, in other contexts, where for example the approval label is uncertain or indirectly generated, or where decisions are based on small datasets, more care should be taken, and thorny questions should arise around whether such AI lending is inherently beneficial to a particular group of applicants. This research does not, and is not intended to, overstate the case for AI in lending, nor does it argue that, as important as AI in credit scoring may be, it should have the same effect on the credit evaluation and approval process as a lender's switch to auto-direct programmes, which will effectively be a short-term one-sided interest to the lender at the expense of the natural human being requesting the loan.
Overall, the dissertation provides insights into how a Financial Institution can adopt AI in a thoughtful, model- and metric-driven way and derive true actionable advice from it, despite the relative small size of the datasets it has to compare against. Overall the trend that emerges is that a well understood, appropriately regularised model (such as Logistic Regression or Random Forest) performs better than a more complex, less stable alternative, reflecting the general view in the literature that with structured tabular financial data like that under consideration here, incrementally greater model complexity does not necessarily correspond to incrementally greater predictive value, nor incrementally greater explanatory value of individual decisions. Access to a larger and more representative data set, ideally with the real historical approval outcomes as opposed to an artificially created label, as well as a formalized fairness audit as discussed under the research limitations would be most beneficial for future research building upon this dissertation work, before any of the models described here could be used within an operational lending environment.
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