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Abstract  

 

Assessment of borrower risk is essential in mortgage lending, with traditional mortgage metrics 

playing a critical role. However, the COVID-19 pandemic introduced unprecedented 

challenges, raising questions about their predictive power. This dissertation analyses the 

effectiveness of Credit Score and LTV in predicting borrower risk, using ELTV as a proxy 

across pre-pandemic, pandemic, and post-pandemic periods. Using a sample of approximately 

1,047 loans from the U.S. mortgage market, LightGBM models were employed to evaluate 

these metrics. The findings highlight Credit Score's consistent superiority over LTV in 

predicting ELTV across all periods, underscoring its relevance in assessing borrower risk. 
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1. Introduction 

 

Mortgage lending is a critical component of the housing market and the wider economy, driving 

socio-economic growth by providing households with access to homeownership (Bazilinska 

2020). The mortgage sector alone accounts for more than 30% of GDP in numerous advanced 

economies, illustrating its pivotal role in wealth creation and economic stability (Federal 

Reserve 2022).  

In this context, an accurate assessment of borrower risk is essential to predict loan performance. 

This enables institutions to take preventative measures, thereby maintaining financial stability 

and mitigating the risk of default. Historical imbalances in real estate markets have triggered 

severe financial crises, such as the 2008 global financial crisis, where widespread mortgage 

defaults led to the collapse of several financial institutions and to the subsequent economic 

downturns (Ospina and Uhlig 2018). 

Despite empirical research identifying multiple factors influencing loan performance (Agarwal 

et al. 2015), such as negative equity and life events (Ganong et al. 2020), traditional metrics1, 

such as Credit Scores2 and Loan-to-Value (LTV) ratios play an important role in predicting 

borrower risk (Harrison et al. 2004).  

LTV ratios have long been fundamental in evaluating the risk exposure of financial institutions, 

influencing capital stability during economic cycles (Avery et al. 2003). Similarly, Credit 

Scoring has become a widely used tool in loan origination, increasingly relied upon over the 

last few decades, driven by technological advances and improved information-sharing 

mechanisms (Altman and Saunders 1998). These metrics provide valuable insights into 

borrower reliability and market risk, enabling lenders to predict credit and prepayment risks 

with greater accuracy (Agarwal et al. 2015). 

Nevertheless, their predictive power has been tested primarily under stable economic conditions 

(Avery et al. 2004). The COVID-19 pandemic introduced significant uncertainty that affected 

the mortgage market (Hari et al. 2020; Mansour et al. 2020), reshaping its landscape through 

large-scale economic interventions such as forbearance programs. These measures, which were 

unprecedented in scale, allowed borrowers to pause or reduce their payments, temporarily 

 
1 In this thesis, the terms 'metrics' and 'variables' are used interchangeably to refer to factors such as Loan-to-

Value (LTV) and Credit Score. While 'metrics' emphasizes their quantitative nature, 'variables' reflects their role 

in predictive modelling. This interchangeable usage aligns with the context in which these terms are discussed. 
2 Credit Score is capitalized throughout this work to reflect its use as a formal mortgage risk metric studied in 

conjunction with LTV and ELTV for predicting borrower risk. 
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shielding them from default (Freddie Mac 2024). Such interventions raise critical questions 

about the predictive power of traditional metrics, such as Credit Score and LTV, during periods 

of economic upheaval. 

Despite extensive research on these metrics, their effectiveness under these extraordinary 

conditions remains underexplored. 

This work project seeks to fill these gaps by answering the following primary research question: 

How effective are Credit Score and LTV in predicting borrower risk, as measured by ELTV, 

using LightGBM (Light Gradient Boosting Machine) models, across three distinct pandemic 

periods: pre-pandemic, during-pandemic, and post-pandemic?  

ELTV, a dynamic metric recalculated monthly, reflects the relationship between the 

outstanding loan balance and property value, providing ongoing insights into borrower equity 

and risk. Unlike the static Original Loan-to-Value (LTV) ratio, which remains fixed at loan 

origination, ELTV continuously updates to reflect changes in market conditions and borrower 

payments. These updates are based on property value estimates generated by Freddie Mac’s 

Automated Valuation Model (AVM), Home Value Explorer (HVE), ensuring a more accurate 

and timely assessment of borrower risk. 

Hence, using U.S. mortgage data from 2017 to 2023, this research examines the performance 

of these metrics, along with other potential variables influencing borrower risk, through 

LightGBM machine learning models with further categorization into higher, middle-lower, and 

lower importance groups.  

In addition, this study explores the novel potential of using static loan origination metrics, such 

as Credit Score and LTV, to predict ELTV at the beginning of the loan lifecycle. By doing so, 

it extends the scope of traditional risk assessment frameworks by bridging short-term borrower 

reliability with long-term equity-based risk insights. This dual perspective provides a valuable 

tool for lenders to improve early risk assessment and adapt strategies during periods of 

economic uncertainty. 

By linking static origination metrics with a dynamic, evolving measure such as ELTV through 

the LightGBM machine learning model, this work project aims to advance the understanding 

of borrower risk and contribute to a more adaptive and resilient mortgage risk management 

framework. 
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2. Literature Review 

 

Section 2 provides a comprehensive review of the literature on borrower risk assessment in 

mortgage lending. It examines the role of traditional metrics, such as Credit Score and LTV, in 

predicting mortgage risk, highlighting their strengths and limitations. Additionally, it explores 

ELTV as a more dynamic alternative. Lastly, the section discusses the application of machine 

learning techniques, particularly LightGBM, in enhancing mortgage risk prediction. 

 

2.1. Borrower Risk in Mortgage Lending 

 

Borrower risk plays a central role in mortgage lending, as it determines the likelihood that 

borrowers will default on their obligations, which can lead to significant financial instability 

for lenders and the broader economy. Accurate assessment of borrower risk is essential for 

mitigating potential losses and ensuring the stability of financial institutions. Mortgage defaults 

have been a key driver of financial crises, such as the Subprime Mortgage Crisis or the 2008 

global financial crisis, where inaccurate assessments of borrower risk contributed to widespread 

defaults and the collapse of numerous financial institutions (Ospina and Uhlig 2018; Duca and 

Muellbauer 2013). 

Over the years, several theories have been proposed to explain mortgage default (Foster and 

Van Order 1984; Riddiough 1991; Goldberg and Capone 1998; Ganong et al. 2022). Similarly, 

numerous mortgage metrics have been employed, with Credit Scores and LTV historically 

serving as essential tools for evaluating borrower creditworthiness, offering a structured 

framework for categorizing applicants into risk tiers based on their financial history and the 

equity they hold in the collateral property (Galindo and Tamayo 2000). However, these static 

metrics are increasingly seen as insufficient in capturing the evolving dynamics of borrower 

behaviour due to an increasingly complex loan network, often restricting the assessment 

through traditional methods (Zhou et al. 2019; Liu et al. 2024). For instance, LTV, while 

valuable in stable markets, fails to reflect sudden changes in property values or shifts in 

borrowers' financial circumstances, leading to an underestimation of risk. Research highlights 

that high LTV, while indicative of greater borrower risk, do not account for broader economic 

factors such as market fluctuations or unemployment rates, which can exacerbate default risks 

(Makri et al. 2014; Avery et al. 2004; Bian et al. 2018).   

Recent studies have suggested that incorporating borrower-specific variables, such as income 

volatility and debt-to-income ratios or macroeconomic factors, such as unemployment rates and 
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housing market conditions, can improve the prediction of defaults (Bierut et al. 2015). For 

instance, Bian et al. (2017) and Vasiliki et al. (2014) emphasize the importance of integrating 

these additional variables into borrower risk models, as they capture patterns of borrower 

delinquency that traditional metrics like Credit Score and LTV might overlook. During times 

of economic downturn, borrowers may face financial issues, such as job loss or health 

emergencies, which static models fail to account for (Farkas et al. 2020). This may lead to a 

growing recognition of the need for more dynamic and flexible approaches, such as Estimated 

Loan-to-Value (ELTV) and machine learning, which integrate real-time data and can adapt to 

changing economic conditions.  

 

2.2. Credit Score 

 

The Credit Score is a cornerstone of risk evaluation in mortgage lending, developed from 

historical financial behaviours, such as repayment history, credit utilization, and outstanding 

debt levels (Consumer Financial Protection Bureau 2024). Its primary utility lies in 

distinguishing between high- and low-risk borrowers, serving as a reliable benchmark for 

mortgage approvals (Chen et al. 2021). Nevertheless, as the financial landscape evolves, 

limitations of Credit Scores have become increasingly apparent. While effective in predicting 

borrower reliability during stable periods, Credit Scores rely on historical data and thus fail to 

account for sudden economic shocks, such as those brought on by the COVID-19 pandemic 

(Arya et al. 2011). Furthermore, non-traditional financial behaviours, such as timely rent or 

utility payments are not captured, disadvantaging individuals with limited credit histories, 

particularly, younger borrowers and immigrants (Goel et al. 2021; Buchanan and Wright 2021). 

These gaps highlight the need for a more dynamic and context-sensitive evaluation, which can 

be addressed by metrics like ELTV. 

 

2.3. Loan-to-Value (LTV) Ratio 

 

Loan-to-Value (LTV) Ratio is a widely used metric for assessing mortgage risk by comparing 

the loan amount to the appraised value of the property (Freddie Mac 2024). Higher LTV ratios 

generally indicate greater risk, as they reflect less borrower equity and increased lender 

exposure in the event of default (Hadžić 2016). Research has consistently shown that high-LTV 

loans are more prone to default, particularly during economic instability (Luis 2015). However, 

LTV’s static nature is a key limitation. It fails to account for real-time fluctuations in property 
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values or borrower circumstances, which can result in inaccurate risk assessments during 

periods of market volatility (Demyanyk and Hemert 2011). Moreover, studies have shown that 

LTV can be skewed in overheated housing markets, where inflated property values mask the 

actual risk of default (Parlov and Wachter 2011). Recent studies also indicate that properties 

can be sold for amounts significantly higher than their collateral value, introducing bias into the 

LTV calculation and underestimating credit risk (Bian et al. 2018). These challenges emphasize 

the importance of dynamic metrics like ELTV, which incorporates real-time adjustments in 

both, property values and loan balances, to better assess borrower risk. 

 

2.4. Estimated Loan-to-Value (ELTV) Ratio 

 

Estimated Loan-to-Value (ELTV) Ratio is a dynamic metric updated monthly that reflects the 

ratio between the remaining loan balance and the property's value. 

Thus, this metric represents an advancement over the traditional LTV metric by incorporating 

real-time adjustments to property valuations and outstanding loan balances, thereby enhancing 

its responsiveness to evolving market conditions. Unlike LTV, which remains fixed at the time 

of loan origination and does not account for subsequent market fluctuations, ELTV dynamically 

reflects changes in borrower equity (Freddie Mac 2024). This characteristic renders it a more 

precise indicator of risk, particularly during periods of economic instability, such as the global 

financial crisis or the COVID-19 pandemic. 

Freddie Mac’s Automated Valuation Model (AVM), Home Value Explorer® (HVE®), serves 

as the foundation for ELTV by employing an ensemble machine learning model to estimate 

current property values. This model synthesizes data from multiple sources, including loan 

records, public sales transactions, tax assessments, appraisal reports, and Multiple Listing 

Service (MLS) data (Freddie Mac 2024). By integrating these diverse datasets, ELTV offers a 

more comprehensive and timely representation of borrower equity fluctuations, thereby 

enhancing its utility as a risk assessment tool for financial institutions. 

Despite its advantages, the widespread adoption of ELTV is contingent upon addressing 

challenges related to its accessibility and integration into predictive risk models. Further 

research is warranted to refine its methodological framework and evaluate its efficacy in 

mortgage risk assessment, as existing literature has yet to explore its full potential in this 

domain. 
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2.5. Machine Learning and LightGBM 

 

Machine learning (ML) has become an essential tool in mortgage risk prediction, particularly 

in overcoming the limitations of traditional static metrics like Credit Score and LTV. 

Traditional models, which rely on simple linear relationships, often fail to capture complex 

borrower behaviour or market dynamics. ML models, especially ensemble techniques like 

Gradient Boosting Machines (GBM), excel at processing large, high-dimensional datasets, 

uncovering non-linear relationships between borrower characteristics, financial history, and 

market conditions that traditional models may miss (Chen et al. 2021). LightGBM, an 

implementation of gradient boosting, is particularly effective due to its efficiency, scalability, 

and ability to handle high-dimensional data with minimal preprocessing (Lundberg and Lee 

2017). 

Research has demonstrated that ML models outperform traditional models in predicting loan 

defaults (Chen and Guestrin 2016).  

Furthermore, ML algorithms, including LightGBM, are particularly valuable in real estate price 

forecasting, offering real-time insights into market conditions, property value fluctuations, and 

borrower behaviour. This integration of multiple dynamic factors enables more accurate risk 

assessments (Hasan and Mahmood 2024). However, despite its effectiveness, LightGBM and 

other ML models face interpretability challenges, especially in regulated industries like finance, 

where transparency in decision-making is paramount. In mortgage lending, stakeholders often 

demand clear, understandable explanations for automated decisions, and the complex and 

opaque nature of many ML models poses a significant hurdle in ensuring regulatory compliance 

(Buchanan and Wright 2021). Despite these challenges, the ability of ML models like 

LightGBM to integrate complex, dynamic data sources, such as ELTV and borrower-specific 

factors, provides significant improvements in predicting borrower risk. ML's capacity to adapt 

to evolving market conditions and borrower behaviour makes it a crucial tool for future 

mortgage risk assessments, particularly in times of economic uncertainty. 

 

3. Methodology 

 

Section 3 provides a detailed description of the data collection and pre-processing techniques 

used to prepare the dataset for the three periods under analysis. Then, it introduces the two 

machine learning models employed to analyse the effectiveness of Credit Score and LTV in 

predicting ELTV, namely, the Standard LightGBM Model and the Optimized LightGBM 
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Model followed by the evaluation criteria applied to assess the model's reliability and 

performance. Lastly, a brief explanation of how the variable importance analysis was conducted 

is presented. 

 

3.1. Data  

 

3.1.1. Data Source and Description 

 

The primary data for this study were retrieved from the Freddie Mac Single-Family Loan-Level 

Dataset, which provides comprehensive information on mortgages purchased or guaranteed by 

Freddie Mac between 1999 and 2024. This dataset includes a full Standard Dataset, covering 

approximately 53.6 million loans, as well as a Standard Dataset Sample, which provides a 

manageable subset of 50,000 loans per vintage year.  

Given the study's focus on predicting ELTV using Credit Score and LTV, these two variables 

were identified as central to the research. Additional variables were incorporated into the 

LightGBM Model to enhance its predictive robustness but were treated as secondary for the 

purposes of this study. A comprehensive list of all variables included in the dataset, along with 

their descriptions, is provided in Appendix A. 

For this research, to facilitate efficient analysis while retaining sufficient data to ensure reliable 

results, only the Standard Dataset Sample was considered. It provides a substantial amount of 

information for each borrower, including loan origination variables and monthly performance 

data. Given the focus of this research on predicting ELTV using Credit Score and LTV, these 

three variables were considered core to the study. Additional variables, although integrated into 

the LightGBM Model to enhance its robustness, were considered as secondary for the current 

research. A full list of all variables used in the dataset, along with their descriptions, is provided 

in Appendix A. 

 

3.1.2. Data Segmentation 

 

For further analysis across the different time periods, three specific timeframes were 

established: the Pre-Pandemic Period, spanning from December 2017 to November 2019; the 

During-Pandemic Period, covering December 2019 to November 2021; and the Post-Pandemic 

Period, extending from December 2021 to November 2023. The selection of these periods relied 

primarily, on the possible economic shifts caused by the COVID-19 pandemic and on the goal 
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of having a robust and sufficient data spanning two years for each period. Consequently, only 

the 37,623 loans falling within these timeframes were initially considered for the study. 

 

3.1.3. Data Selection 

 

For this research, to facilitate efficient analysis while retaining sufficient data to ensure reliable 

results, approximately 10% of the above-mentioned borrowers were randomly selected. This 

selection was made using Python, eliminating potential biases and ensuring a robust sample of 

3,762 borrowers. Since the analysis of borrower behaviour across the different COVID-19 

periods requires tracking the same borrowers throughout all three periods, only loans with a 

first payment as of January 2018 (despite the reporting period beginning in December 2017) 

were included in the study, excluding all other loans whose initial payment began after January 

2018. This filtration process further reduced the initial sample of 3,762 borrowers, leaving only, 

1,047 borrowers identified by their Loan Sequence Number. 

 

3.1.4. Data Preprocessing 

 

Before proceeding with model testing, a consolidated final data file was prepared, merging the 

borrowers' loan origination data with their respective monthly performance records, which had 

been initially stored in separate datasets. Given the complexity and substantial size of the raw 

data, several intermediate datasets were created before reaching the final version. All these 

processes were conducted using Python, ensuring efficient management and accurate 

integration of data for over 1,000 individual loans. Furthermore, all entries displaying either 

blank or missing information were removed to prevent interference in later stages of model 

construction. As a final step, the borrowers' data was categorized into three distinct segments, 

pre-pandemic, during-pandemic, and post-pandemic, resulting in the creation of three detailed 

datasets, each prepared to develop a specific model for each period. 

 

3.2. Machine Learning Model 

 

The study employed the LightGBM Model as the primary machine learning algorithm to predict 

the target variable ELTV (y). Credit Score, LTV and twenty-three additional variables were 

used as predictors variables of the model (x). LightGBM was chosen due to its considerable 

efficiency in handling large datasets and its ability to model complex, non-linear interactions 
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between variables effectively. Its capacity to train quickly and rank variable importance 

reinforced even more its usage. 

Hence, two types of models were developed, a Standard LightGBM Model at a primary stage, 

followed by an Optimized LightGBM Model. The full Python code used to implement and train 

both types of models is provided in Appendix C for full transparency and reproducibility. 

 

3.2.1. Standard LightGBM Model 

 

The development of the Standard LightGBM Model was performed using the train-test split 

method where the dataset was divided into a training set (80%) and a testing set (20%), ensuring 

that the model was trained and evaluated on separate subsets of data to prevent overfitting. 

Categorical variables were clearly identified and treated using LightGBM's built-in technique 

to handle categorical variables. At this stage, the model was built upon the default 

hyperparameters, without implementing any additional model tuning. 

Variables such as Loan Sequence Number and Monthly Reporting Period, which unrelated to 

ELTV, were excluded from the analysis, while all remaining variables were used as predictors 

of the target variable. 

 

3.2.2. Optimized LightGBM Model 

 

The construction of the Optimized LightGBM Model followed the same steps as the Standard 

LightGBM Model. Additionally, to find the best hyperparameters and achieve a high-

performance model, a RandomizedSearchCV with cross-validation was performed. The 

complete list of the hyperparameters used can be found in Appendix B. 

 

3.2.3. LightGBM Models Assessment 

 

The evaluation of the models, namely their performance in predicting ELTV, was conducted 

using several evaluation metrics such as Mean Squared Error (MSE) and the Coefficient of 

Determination (R²). MSE measures the average squared difference between predicted and 

actual values of ELTV, with lower values indicating better predictive accuracy. On the other 

hand, R² represents the proportion of variance in the target variable explained by the model, 

ranging from 0 to 1. Higher R² values suggest stronger model performance and greater 

predictive power. Together, these metrics assess both the error magnitude and the strength of 
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the models.  

 

3.2.4. Variable Importance Analysis 

 

This analysis was conducted to identify the most influential variables in predicting ELTV for 

each period, with a particular focus on the role of Credit Score and LTV in driving the model’s 

predictions. The procedure was applied to each developed model, ranking the top ten variables 

based on importance scores generated by the built-in feature importance functionality of 

LightGBM. 

 

4. Results 

 

Section 4 presents the findings on the performance of the LightGBM Models in predicting 

ELTV across the three target periods: pre-pandemic, during-pandemic and post-pandemic. The 

results are structured as follows: first, the Standard and Optimized LightGBM Models were 

assessed for each period using performance evaluation metrics, MSE and R2. Then, an analysis 

of variable importance was conducted. While LightGBM uses the term "feature importance”, 

this study adopts "variable importance" to align with domain-specific terminology. 

 

4.1. Standard and Optimized LightGBM Models 

 

The performance of the Standard and Optimized LightGBM Models in predicting ELTV varied 

across the three periods: pre-pandemic, pandemic, and post-pandemic. This assessment was 

done using the MSE and R² values. Similarly, the corresponding percentage change (%) for 

both indicators was also computed. The full table with complete information can be found in 

Appendix D. Table 1 summarizes the results for each period.  
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Table 1. Performance of Standard and Optimized LightGBM Models across periods in predicting ELTV. 

 

 

Both models exhibited similar performance patterns with regard to ELTV prediction across the 

three analysed periods.  

In the pre-pandemic period, the Standard LightGBM Model achieved an MSE of 12,465.99 and 

an R2 of 0.872, indicating reasonable predictive accuracy of ELTV under stable economic 

conditions. The Optimized LightGBM Model registered a better performance, with an MSE of 

8,626.26 and R2 of 0.911, demonstrating a 30.8% lower MSE and a 4.5% higher R2 compared 

to the previous model. 

During the pandemic, both models demonstrated considerable improvements in predictive 

performance. This behaviour was explained by the approximately 85% and 87% reduction in 

MSE, comparing its corresponding pre-pandemic values for the Standard and Optimized 

Models, respectively. 

Similar trends were observed in R2 values, with the Standard Model achieving 0.951 and the 

Optimized Model 0.971, emphasizing the models’ improved ability to predict ELTV during this 

period. Lastly, in the post-pandemic phase, the performance of both models declined compared 

to the peak observed during the previous period. Both models experienced an increase of over 

100% in MSE, whereas R² values declined by less than 6%, indicating a moderate decrease in 

predictive accuracy compared to the pandemic period, though still an improvement over the 

pre-pandemic phase. 

Overall, the relative performance difference between the two types of models became less 

pronounced during the pandemic rather than the other periods, as suggested by the MSE and R2 

values. The models followed a consistent pattern across the three periods concerning the 

prediction of ELTV, with their best performance occurring during the pandemic followed by 

Period
Model 

Type
MSE R²

% Change 

in MSE 

for same 

period 

(Optimized 

vs. 

Standard)

% Change 

in MSE 

Standard 

(Pandemic 

vs Pre-

Pandemic)

% 

Change in 

MSE  

Standard 

(Post-

Pandemic 

vs 

Pandemic)

% 

Change in 

MSE 

Optimized 

(Pandemic 

vs Pre-

Pandemic)

% Change 

in MSE  

Optimized 

(Post-

Pandemic 

vs 

Pandemic)

% Change 

in R
2  

Standard 

(Post-

Pandemic 

vs 

Pandemic)

% Change 

in R
2 

Optimized 

(Post-

Pandemic 

vs 

Pandemic)

Pre-Pandemic Standard 12465.99 0.872 -

Pre-Pandemic Optimized 8626.26 0.911 -30.80

Pandemic Standard 1913.97 0.951 -

Pandemic Optimized 1122.63 0.971 -41.35

Post-Pandemic Standard 4210.80 0.896 -

Post-Pandemic Optimized 2375.61 0.942 -43.58

-5.72 -3.04-84.65 120.00 -86.99 111.61
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slight declines in the post-pandemic, though still outperforming pre-pandemic levels. The 

Optimized Model consistently demonstrated superior predictive accuracy compared to the 

Standard model across all periods, underscoring the benefits of hyperparameter tuning through 

GridSearchCV, cross-validation, and advanced optimization techniques. These enhancements 

enabled the Optimized Model to better adapt to data nuances, avoid overfitting, and improve 

generalization, while the Standard Model, reliant on default parameters, lacked the refinement 

to capture complex borrower behaviour patterns. 

 

4.2. Variable Importance Analysis 

 

The relative importance of Credit Score, LTV, and other influential variables in predicting 

ELTV was analysed for each period and model, using importance scores generated by 

LightGBM. The findings are presented in plots, showcasing the ten most impactful variables 

for ELTV prediction. 

 

Figure 1. Variable Importance Analysis for Predicting ELTV Across All Periods Using the Standard LightGBM Model

 

Note: The scale used is a feature of the LightGBM model and does not have any broader significance in this context. 

 

Concerning the findings of Figure 1, the Standard LightGBM Model identified Current Actual 

UPB, Property State, and Credit Score as the three most significant predictors of ELTV across 

all periods. These variables consistently achieved the highest importance scores, securing 
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primary rankings throughout the analysis. 

During the pandemic period, most variables, except for Current Actual UPB, Current Interest 

Rate, and Interest Bearing UPB, exhibited higher importance scores compared to the pre- and 

post-pandemic periods. In contrast, the remaining variables displayed the opposite trend, with 

lower scores observed during this period. 

However, to facilitate the interpretation of the results, the variables were grouped into three 

categories based on their importance scores: Higher Score Variables, Middle-Lower Score 

Variables, and Lower Score Variables. The first group included the four most impactful 

predictors, the second group comprised the intermediate-ranked variables, and the last group 

contained the three least influential predictors. 

In addition to the previously identified Higher Score Variables, the model also classified 

Original Debt-to-Income (DTI) Ratio, Current UPB, and Interest Bearing UPB as Lower Score 

Variables. Focusing on the primary target variables of this study, Credit Score and LTV, the 

findings revealed contrasting predictive power. While Credit Score was identified as one of the 

most influential predictors, consistently achieving a top ranking, LTV was categorized as a 

Middle-Lower Score Variable, reflecting its relatively lower ability to predict ELTV compared 

to the higher-ranked variables. 
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Figure 2. Variable Importance3 Analysis for Predicting ELTV Across All Periods Using the Optimized LightGBM Model 

 

Note: The scale used is a feature of the LightGBM model and does not have any broader significance in this context. 

 

By employing the Optimized LightGBM Model, the trends in the results shifted in the opposite 

direction, with all ten variables displayed in Figure 2 having lower scores during the pandemic 

and higher scores in other periods. Nevertheless, following the above-mentioned categorization, 

the findings showed that Current Actual UPB, Remaining Months to Legal Maturity, Loan Age, 

and Credit Score were classified as Higher Score Variables, reinforcing their importance in 

predicting ELTV. On the other hand, Original UPB, Current Interest Rate, and Interest Bearing 

UPB were considered the least impactful variables, as they were classified within the Lower 

Score Variables category. With regard to Credit Score and LTV, these variables exhibited 

consistent behaviour, showing high and middle-to-lower predictive power, respectively. 

Overall, regardless of the model type, Credit Score consistently emerged as a key factor in 

ELTV prediction, while LTV played a minor yet supportive role in shaping the outcomes across 

all periods. 

 

 
3   The term 'variable importance' is interchangeable with 'feature importance,' a term more commonly used in 

machine learning. However, 'variable importance' was adopted in this study to align with the broader context of 

mortgage risk assessment and to prevent any misunderstanding, particularly when referring to predictors of 

ELTV such as Credit Score, which is conventionally described as a variable rather than a feature. 
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5. Discussion 

 

This study investigated the predictive power of Credit Score and LTV ratio in assessing 

borrower risk across three distinct pandemic periods with ELTV serving as a key proxy for 

borrower risk. The findings revealed that while Credit Score consistently remained a crucial 

predictor of ELTV, the predictive ability of LTV was notably weaker, with both metrics 

showing varying effectiveness across the pre-pandemic, during-pandemic, and post-pandemic 

periods. Similarly, the Optimized LightGBM Model registered a better performance compared 

to the Standard LightGBM Model with both models demonstrating a significant improvement 

during the pandemic phase. Section 5 interprets these results in the context of prior literature, 

explores potential reasons for the observed patterns, and reflects on their implications for 

mortgage risk assessment. This section also outlines the limitations encountered throughout this 

work and suggests potential new research to be conducted in the future as well as a summary 

providing a synthesis of the key findings and their broader implications. 

 

5.1. LightGBM Model Performance and Periodic Variations 

 

The results of the Standard and Optimized LightGBM Models provide valuable insights into 

how machine learning can enhance the prediction of ELTV.  

The models exhibited distinct performance trends across the three pandemic periods, with the 

best results observed during the pandemic phase. Specifically, the MSE for the Optimized 

Model decreased by approximately 87%, while that of the Standard Model decreased by 

approximately 85%, compared to their pre-pandemic levels. 

Similarly, the R² values increased for both models during the pandemic, with R² values of 0.951 

and 0.971 for the Standard and the Optimized Model, respectively. This notable enhancement 

in the model's performance may be partly attributed to shifts in borrower behaviour, such as 

increased refinancing or changes in repayment patterns. However, such instances were 

minimal, and the more plausible explanation lies in the implementation of Forbearance 

Programmes and other government interventions that reduced borrower distress during this 

phase. By allowing borrowers to pause or reduce payments, these measures temporarily 

shielded borrowers from default. As a result, borrower risk profiles appeared more stable during 

this period, which enhanced the models' predictive performance. These extraordinary measures 

effectively mitigated the financial shocks typically associated with periods of economic stress, 

aligning borrower behaviour more closely with pre-pandemic trends. This stability could have 
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reduced the variability and noise in the dataset, making it easier for the machine learning models 

to capture patterns in borrower behaviour. This finding aligns with other research that has 

pointed out the impact of forbearance programs during this phase (Freddie Mac 2024).  

The LightGBM models, with its ability to account for complex nonlinear relationships between 

variables, is likely to have adapted better to these sudden changes in borrower behaviour, 

improving its predictive ability, in line with previous studies highlighting the importance of 

real-time data in financial risk modelling (Ganong et al. 2020). Likewise, it is also aligned with 

the idea machine learning methods are particularly versatile at capturing the dynamic nature of 

financial markets during periods of significant uncertainty (Feng et al. 2021). Hence, the 

improvements observed in model performance during the pandemic period underscore the 

importance of leveraging machine learning techniques that can dynamically incorporate 

changes in borrower behaviour, external economic factors, and government interventions into 

the risk prediction process since traditional metrics such as Credit Score and LTV may not fully 

capture the more fluid risk profiles exhibited by borrowers in the face of economic shock 

(Mansour et al. 2020). On the other hand, the results also demonstrated that the Optimized 

LightGBM Model outperformed the Standard LightGBM Model. This pattern verified across 

all periods is consistent with the notion that fine-tuned machine learning models, typically 

enhances their performance. As the model is adjusted to better capture the underlying data 

relationships, its ability to make more accurate predictions improves, regardless of borrower 

behaviour or other external factors (Zhou et al., 2019). 

Conversely, the post-pandemic period saw a degradation in predictive accuracy, although the 

models still outperformed the pre-pandemic period. This decline can be attributed to the 

reduction of temporary government interventions, such as mortgage forbearance, which had 

previously stabilized borrower behaviour. Once these measures ended, borrower risk profiles 

became more variable, and economic factors, like unemployment, re-emerged, making 

predictions harder. However, despite this decline, the models still outperformed the pre-

pandemic period due to the overall economic stabilization that took place, and the more 

predictable borrower behaviour compared to the uncertainty of the early pandemic phase. 

 

5.2. Credit Score and LTV as Predictors of Borrower Risk 

 

Discussing the central question of this work, Credit Score and LTV were identified as predictors 

of ELTV across all three periods under analysis. Nevertheless, the results of the LightGBM 
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modelling in this study revealed significant differences in the predicting power of Credit Score 

and LTV in the prediction process, with Credit Score consistently outperforming LTV, 

alongside other variables such as Current Actual UPB, whose predictive performance was still 

higher than that of Credit Score. These differences underscore the distinct roles these two 

predictors play in assessing long-term borrower risk, measured through ELTV in this context. 

At the time of loan origination, both mortgage loan metrics are static measures, representing 

the initial financial profile of the borrower and the loan. In contrast, ELTV is a dynamic metric 

that evolves over time, estimated as the ratio of the actual outstanding loan balance to the 

estimated current property value. Thus, this disparity between static predictors and the dynamic 

nature of ELTV may explain, in part, the predictive performance of these metrics, particularly 

Credit Score. Additionally, the improved performance of the models when combining static 

predictors, such as Credit Score and LTV, with dynamic metrics like ELTV as targets, 

highlights the advantage of incorporating both types of variables. This combination allows the 

model to better capture the evolving borrower circumstances over time, thereby improving its 

ability to assess true borrower risk. 

Regarding the observed differences in the predictive performance of both, while LTV remains 

fixed once the loan is originated, it does not adjust for subsequent changes in the borrower’s 

financial behaviour or broader economic conditions, such as fluctuations in property values, 

interest rates, or unemployment. Across the analysed periods, these economic conditions 

experienced significant shifts, with property values and interest rates fluctuating, and 

unemployment rates rising sharply. These changes may have had a considerable impact on 

LTV’s predictive ability, as the study does not account for these post-origination loan dynamics. 

On the other hand, although Credit Score is also static at loan origination, it is generally 

regarded as a more holistic measure of borrower risk due to its broad incorporation of various 

financial behaviours, including payment history, debt management and credit usage. However, 

in this study, both Credit Score and LTV were treated as static numbers, each representing a 

single value at loan origination. This procedure limited the potential predictive power of Credit 

Score, as its underlying components, such as payment history and credit usage, which were not 

included in the model. 

Despite this limitation, Credit Score still outperformed LTV in predicting ELTV, likely due to 

its ability to serve as a better proxy for long-term borrower behaviour. Even as a single static 

number, Credit Score provides a broader and more comprehensive financial picture of the 

borrower, offering greater predictive power than LTV. Nevertheless, Current Actual UPB 
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emerged as the highest-ranked predictor for ELTV in both, the Standard and the Optimized 

LightGBM Models, even surpassing Credit Score in predictive ability. Current Actual UPB 

reflects the mortgage's ending balance as reported by the servicer, including any scheduled or 

unscheduled principal reductions. While Credit Score captures the borrower’s overall financial 

reliability, Current Actual UPB provides crucial insights into the ongoing changes in the 

mortgage balance over time. Together, these metrics can offer a more complete picture of 

borrower risk, significantly enhancing the predictive accuracy of machine learning models. 

LTV, on the other hand, can be seen as a simple snapshot of the loan-to-property value at a 

specific point in time and does not adjust for changes in the borrower’s financial situation or 

other dynamic factors. This narrow focus makes LTV less informative for predicting ELTV, 

especially when compared to Credit Score, which offers a broader view of the borrower’s 

financial health and capacity to manage long-term financial risks. Additionally, another 

possible reason for Credit Score’s outperformance in comparison to LTV lies in its combination 

with the other dynamic variables when running the models, which may provide a more robust 

and comprehensive measure of long-term borrower risk through ELTV prediction. The static 

nature of LTV, in contrast, limits its ability to provide meaningful insights over time, 

particularly in the face of changing economic conditions or borrower behaviour. 

Moreover, the inclusion of twenty-three additional dynamic variables, particularly those related 

to monthly loan performance and borrower behaviour, further enhances the predictive accuracy 

of the model. Variables such as Current Actual UPB, Loan Age, and Remaining Months to 

Legal Maturity, which showed a predictive power even higher than that of Credit Score, capture 

more effectively how the borrower’s financial behaviour evolves over time. These dynamic 

metrics reflect the borrower’s repayment patterns, loan balance changes, and broader economic 

conditions, providing perhaps a more accurate prediction of ELTV. 

These findings align with prior research, where Credit Score has been shown to be a robust 

indicator of borrower reliability in both stable and volatile economic conditions (Agarwal et al. 

2015; Altman & Saunders 1998). The consistency of Credit Score’s importance across all 

periods emphasizes its consistent relevance in mortgage risk assessment, even in disrupted 

economic scenarios like the COVID-19 pandemic. 

Given that, as far as we know, no prior study has specifically addressed the combined predictive 

power of dynamic variables like Current Actual UPB alongside traditional metrics such as 

Credit Score and LTV in forecasting ELTV, this research contributes a unique perspective to 

the field of mortgage risk assessment. 
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5.3. Conceptual Alignment of Credit Score and LTV with ELTV 

 

The use of Credit Score and LTV to predict ELTV is grounded in their conceptual alignment 

with key components of borrower risk. Credit Score captures borrower-level risks, particularly 

relating to Probability of Default (PD). It reflects factors such as financial stability, debt 

management, and employment history, offering valuable insight into a borrower's likelihood of 

default. LTV, on the other hand, is associated with Loss Given Default (LGD). It measures the 

potential loss severity in the event of default by assessing the loan amount relative to the value 

of the underlying property at origination. 

ELTV serves as a dynamic metric that integrates both PD and LGD, bridging the two 

components by accounting for changes in borrower equity and property values over time. This 

dynamic nature makes ELTV particularly relevant in fluctuating economic conditions, such as 

those seen during the COVID-19 pandemic, when both borrower financial health and property 

values experienced rapid changes. 

During the pandemic, Credit Score’s strong predictive power can be attributed to its sensitivity 

to borrower-level shocks, such as unemployment and financial distress. These factors were 

significant drivers of PD, making Credit Score a critical predictor of borrower risk in this 

period. However, it is important to note that widespread forbearance programs may have 

masked actual defaults, requiring caution in interpreting the results. On the other hand, LTV 

underperformed due to its static nature, which limited its capacity to account for rapid 

fluctuations in property values, key elements tied to LGD. These limitations suggest that during 

the pandemic, shocks to PD (such as unemployment) were more influential than those affecting 

LGD (such as housing price fluctuations). 

The combination of Credit Score and LTV with ELTV in assessing borrower risk provides a 

more comprehensive and dynamic approach to evaluating long-term borrower performance. By 

integrating both static and dynamic metrics, such as Credit Score, LTV, and ELTV, this 

approach offers a more nuanced understanding of borrower risk, especially under conditions of 

economic stress and market volatility. 

 

5.4. Implications for Mortgage Risk Management 

 

The findings of this study have important implications for mortgage lenders, policymakers, and 

other stakeholders, particularly in relation to the use of traditional mortgage risk metrics and 

the incorporation of advanced machine learning models. The consistent importance of Credit 
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Score as a predictor of ELTV across all periods supports its continued use as a key metric in 

mortgage lending. However, the middle-lower predictive ability of LTV suggests that analysts 

should consider supplementing traditional models with additional borrower-specific factors and 

other key economic indicators. This could improve the relative importance of LTV and lead to 

the development of models that better capture the evolving nature of borrower risk. 

Furthermore, the success of LightGBM modelling in predicting ELTV during the pandemic 

highlights the potential of machine learning to enhance risk management practices in the 

mortgage industry. As demonstrated by the improved performance during the pandemic of both 

the Standard and Optimized LightGBM Models, machine learning algorithms can identify 

complex, non-linear relationships between borrower characteristics, loan features, and 

macroeconomic variables, though these were not considered in the models. This ability 

introduces potential applications, such as real-time dynamic loan modifications, where lenders 

could proactively adjust loan terms in response to changes in borrower equity and financial 

distress. 

Such applications can help lenders more accurately assess risk, particularly in periods of high 

uncertainty when the sole use of traditional metrics may fall short. Moreover, the findings 

underscore the importance of incorporating dynamic risk metrics, such as ELTV, into mortgage 

risk management strategies. While ELTV serves as a proxy for borrower risk rather than a direct 

measure, it provides a more nuanced view of borrower equity over time. This enables lenders 

to monitor changes in equity throughout the life of the loan, offering valuable insights into 

evolving borrower circumstances. Additionally, it facilitates an early evaluation of potential 

risk factors at the time of loan origination. By leveraging ELTV as part of broader risk 

assessments, lenders can refine their strategies and support the development of policies that 

enhance financial stability and sustainable lending practices. The integration of such dynamic 

metrics, like ELTV, which serves as a proxy for borrower risk over time, when combined with 

machine learning models, has the potential to establish a more adaptive and resilient mortgage 

risk management framework. 

 

5.5. Limitations and Future Research Directions 

 

Although the results of this study provide valuable insights into the predictive power of 

traditional risk metrics when using machine learning models, several limitations should be 

addressed in future research. First, this study focused on U.S. mortgage data from 2017 to 2023, 
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and the findings may not necessarily generalize to other countries or mortgage markets. To 

draw more robust conclusions, larger datasets with a broader timeframe would be required. 

Therefore, future research could explore the applicability of the LightGBM model and the 

ELTV metric in other regions, particularly those that experienced different economic 

interventions during the pandemic, by using a larger sample size, as this study only analysed a 

sample of 1,047 loans. 

Second, while this study examined the predictive ability of Credit Score and LTV using only 

LightGBM, due to its computational efficiency and practical adaptability given the resource 

and time constraints, other advanced machine learning models, such as Neural Networks or 

Gradient Boosting Machines (GBM) like XGBoost or CatBoost, could be explored for 

comparison. These models may offer different advantages in handling more complex, large-

scale data and capturing non-linear relationships. Such efforts could help further validate and 

refine the insights provided in this research. 

The selection of variables used to predict ELTV was also critical, as many attempts were 

required to achieve a high-performance model. In addition, the study did not investigate the 

impact of more detailed borrower-level data, such as income or employment stability, on the 

predictive accuracy of the models. Similarly, it did not incorporate important macroeconomic 

factors, such as interest rates, inflation, housing price changes, or unemployment rates, among 

others. Future research could incorporate these variables into the LightGBM model or other 

machine learning models. This would enable a more detailed understanding of the factors 

driving borrower behaviour and provide more accurate risk assessments, though it is important 

to consider that ELTV serves as a proxy for borrower risk. 

Furthermore, more studies could also explore directions such as integrating behavioural credit 

scoring and post-crisis risk calibration, which would require further model development. 

Behavioural credit scoring could involve analysing a borrower’s ongoing financial behaviour 

and trends to assess future risk, offering a dynamic alternative to traditional credit scores. 

However, this analysis must be carefully conducted to avoid infringing on personal data privacy 

without consent. On the other hand, further research on post-crisis risk calibration would help 

adjust models to better predict borrower behaviour and risks following significant economic 

disruptions, such as the pandemic, improving their adaptability to changing economic 

conditions. In addition, unlike this study, which relied on static values of Credit Score and LTV, 

future research could incorporate their underlying components such as repayment history, credit 

utilization, and property appraisal details into predictive models to improve their performance 
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and predictive accuracy. 

Lastly, although the data used in this study was retrieved from Freddie Mac and instances of 

default were relatively infrequent, data imbalance can still present challenges to the 

performance of machine learning models. While the impact may have been minimal in this 

study, future studies could address class imbalance using techniques like SMOTE or class 

weighting to further enhance predictive accuracy (He and Ma 2013; Chawla et al. 2002).  

 

5.6. Summary 

 

In conclusion, this study demonstrates the varying predictive power of traditional mortgage 

metrics, such as Credit Score and LTV, while highlighting the superior performance of the 

Optimized LightGBM Model, especially during the pandemic period. The findings underscore 

the importance of incorporating dynamic metrics like ELTV, which serves as a proxy for 

borrower risk, and leveraging machine learning techniques to better adapt to changes in 

borrower behaviour during times of economic uncertainty. While Credit Score remains a 

reliable predictor, this research advocates for supplementing it with additional borrower-

specific and macroeconomic factors to enhance mortgage risk assessment and improve financial 

stability. Future studies should focus on broader datasets, advanced models, and the integration 

of behavioural credit scoring to refine risk predictions and adjust to post-crisis environments. 

 

6. Conclusion 

 

This study analyses the effectiveness of traditional mortgage metrics, namely Credit Score and 

LTV, in predicting borrower risk, using ELTV as a proxy. By employing LightGBM machine 

learning models to analyse borrower risk during pre-pandemic, pandemic, and post-pandemic 

periods, this research provides critical insights into the limitations of static metrics and 

underscores the necessity of integrating dynamic measures like ELTV to improve risk 

assessment approaches. The findings demonstrate that Credit Score, while static, remains a 

robust predictor of borrower risk, consistently outperforming LTV across all periods. Its 

predictive power lies in its widespread use as a core mortgage risk metric, reflecting a 

borrower’s overall creditworthiness. Even when treated as a single static value in this study, 

Credit Score can be categorized as a Higher Score Variable given its superior performance 

alongside other variables. Additionally, the results highlight the lower accuracy of LTV in 

predicting ELTV across all periods. While it was also treated as a static value like Credit Score, 
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its consistently lower ranking placed it in the group of Middle-Lower Score Variables, 

emphasizing its limitations in the prediction process, likely due to its inability to account for 

post-origination changes. 

Another key finding is the decline in the models’ performance in the post-pandemic period. 

This degradation in predictive accuracy can be attributed to the reduction of temporary 

government interventions. As these measures ended, borrower risk profiles became more 

variable, and economic factors like unemployment re-emerged, challenging the models to 

maintain the same level of accuracy. However, the models still outperformed the pre-pandemic 

period due to overall economic stabilization and more predictable borrower behaviour. 

Despite its contributions, this study has several limitations. The analysis was limited to U.S. 

mortgage data, with a sample size of 1,047 loans, and relied solely on LightGBM as the machine 

learning model. Future research should explore additional machine learning frameworks and 

incorporate a broader set of borrower-specific variables and macroeconomic factors to enhance 

predictive accuracy. Similarly, incorporating the underlying components of Credit Score and 

LTV, such as repayment history, credit utilization, and property appraisal details, could also 

improve the models. Furthermore, expanding the geographical scope and increasing the sample 

size would ensure greater generalizability of the findings. 

The integration of dynamic metrics like ELTV, coupled with machine learning techniques, 

offers a powerful framework for advancing mortgage risk management. By bridging traditional 

static metrics with dynamic, evolving measures, this study contributes to the development of a 

more adaptive and resilient mortgage lending framework. This dual perspective provides 

actionable insights for lenders, policymakers and other professionals in the field to enhance 

early risk assessment, adapt strategies during periods of economic uncertainty, and support 

sustainable lending practices that promote long-term financial stability. 
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8. Appendices 

 

Appendix A: Overview of Single-Family Loan-Level Dataset – Variables Characterizing 

Each Loan and Borrower 

 
Table 2. Origination Data File 
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Table 3. Monthly Performance Data File 

 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

  



36 

 

 
  



37 

 

 

 
  



38 

 

 
 

 
 
 
 
 
 
 
 
 
 
 

 



39 

 
 

Source: Freddie Mac 

 
 

Table 4. List of Predictor (Independent) Variables Used in LightGBM for ELTV Prediction (Predictor Feature in 

LightGBM language) 

Predictor 

Credit Score 

Original Loan-to-Value (LTV) 

Original Debt-to-Income (DTI) Ratio 

Current Actual UPB 

Current Loan Delinquency Status 

Loan Age 

Remaining Months to Legal Maturity 

Current Interest Rate 

Current Deferred UPB 

Interest Bearing UPB 

Original Combined Loan-to-Value (CLTV) 

Mortgage Insurance Percentage (MI %) 

Number of Units 

Original UPB 

Original Loan Term 

First Time Homebuyer Flag 

Channel 

Occupancy Status 

Prepayment Penalty Mortgage (PPM) Flag 

Amortization Type (Formerly Product Type) 

Property State 

Property Type 

Loan Purpose 

Seller Name 

Servicer Name 
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Appendix B: Hyperparameter Tuning 

 
Table 5. Hyperparameter Grid for Randomized Search 

Hyperparamters 

learning_rate: [0.01, 0.05, 0.1, 0.2], 

n_estimators: [100, 200, 300], 

num_leaves: [31, 50, 100], 

max_depth: [-1, 5, 10], 

min_data_in_leaf: [20, 30, 40], 

subsample: [0.7, 0.8, 1.0], 

colsample_bytree: [0.7, 0.8, 1.0] 

 

Note: A total of 100 iterations were performed to find the optimal combination of hyperparameters that minimized 

the model’s error on the validation set. 

 

Appendix C: Python Code for ELTV Prediction 

 

Table 6. Python Code for ELTV Prediction using the Standard LightGBM Model 

Python Code 

import pandas as pd 

import lightgbm as lgb 

import matplotlib.pyplot as plt 

import numpy as np 

from sklearn.model_selection import train_test_split, RandomizedSearchCV 

from sklearn.metrics import mean_squared_error, r2_score 

 

# Function to create and save combined feature importance plots 

def plot_combined_feature_importance(pre_pandemic_scores, pandemic_scores, post_pandemic_scores, 

feature_names): 

    # Set up the figure and axis 

    bar_width = 0.2 

    index = np.arange(len(feature_names)) 

 

    # Set offsets for each period (Pre-Pandemic, Pandemic, Post-Pandemic) 

    offsets = [-bar_width, 0, bar_width] 

 

    # Define grey shades for each period 

    greys = ['#4d4d4d', '#7f7f7f', '#b3b3b3'] 

 

    # Create a figure 

    fig, ax = plt.subplots(figsize=(12, 8)) 

 

    # Plot the bars for each period 

    ax.barh(index + offsets[0], pre_pandemic_scores, bar_width, color=greys[0], label='Pre-Pandemic') 

    ax.barh(index + offsets[1], pandemic_scores, bar_width, color=greys[1], label='Pandemic') 

    ax.barh(index + offsets[2], post_pandemic_scores, bar_width, color=greys[2], label='Post-Pandemic') 

 

    # Labeling 

    ax.set_xlabel("Feature Importance Score", fontsize=12, fontname="Times New Roman") 

    ax.set_ylabel("Feature", fontsize=12, fontname="Times New Roman") 

    ax.set_yticks(index) 

    ax.set_yticklabels(feature_names, fontsize=10, fontname="Times New Roman") 

 

    # Add a legend 
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    ax.legend() 

 

    # Gridlines and layout adjustments 

    ax.grid(True, axis='x', linestyle='--', alpha=0.6)  # Light gray gridlines 

    plt.tight_layout() 

 

    # Display the combined plot 

    plt.show() 

 

# Function to extract and return feature importances 

def extract_feature_importances(best_model, X): 

    feature_importances = pd.DataFrame({ 

        'Feature': X.columns, 

        'Importance': best_model.feature_importances_ 

    }).sort_values(by='Importance', ascending=False) 

    return feature_importances['Importance'][:10], feature_importances['Feature'][:10] 

 

# Function for training the model, tuning it, and evaluating the performance 

def train_and_evaluate_model(file_path, features, target, model_name, period): 

    # Load dataset 

    data = pd.read_excel(file_path, sheet_name='Sheet1') 

 

    # Ensure all selected features and target exist in the dataset 

    data.columns = data.columns.str.strip()  # Remove leading/trailing spaces 

    missing_columns = [col for col in features + [target] if col not in data.columns] 

     

    if missing_columns: 

        raise KeyError(f"The following columns are missing from the dataset: {missing_columns}") 

 

    # Define predictors (X) and target (y) 

    X = data[features] 

    y = data[target] 

 

    # Convert categorical features to 'category' dtype for LightGBM to process 

    categorical_columns = [ 

        'First Time Homebuyer Flag', 

        'Channel', 

        'Occupancy Status', 

        'Prepayment Penalty Mortgage (PPM) Flag', 

        'Amortization Type (Formerly Product Type)', 

        'Property State', 

        'Property Type', 

        'Loan Purpose', 

        'Seller Name', 

        'Servicer Name' 

    ] 

     

    for col in categorical_columns: 

        X[col] = X[col].astype('category') 

 

    # Train-test split 

    X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

 

    # Initialize LightGBM regressor 

    model = lgb.LGBMRegressor() 

 

    # Define the hyperparameters grid for tuning 

    param_grid = { 

        'learning_rate': [0.01, 0.05, 0.1, 0.2], 
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        'n_estimators': [100, 200, 300], 

        'num_leaves': [31, 50, 100], 

        'max_depth': [-1, 5, 10], 

        'min_data_in_leaf': [20, 30, 40], 

        'subsample': [0.7, 0.8, 1.0], 

        'colsample_bytree': [0.7, 0.8, 1.0] 

    } 

 

    # Perform random search with cross-validation (3-fold) 

    random_search = RandomizedSearchCV(estimator=model, param_distributions=param_grid, n_iter=100, 

cv=3,  

                                       verbose=1, n_jobs=-1, random_state=42, scoring='neg_mean_squared_error') 

 

    # Fit the random search model 

    random_search.fit(X_train, y_train) 

 

    # Best parameters found 

    print(f"Best parameters for {model_name}: {random_search.best_params_}") 

 

    # Use the best model from random search 

    best_model = random_search.best_estimator_ 

 

    # Make predictions 

    y_pred = best_model.predict(X_test) 

 

    # Evaluate the model 

    mse = mean_squared_error(y_test, y_pred) 

    r2 = r2_score(y_test, y_pred) 

 

    print(f"Mean Squared Error for {model_name}: {mse}") 

    print(f"R² Score for {model_name}: {r2}") 

 

    # Create and save the feature importance plots 

    importance_scores, top_features = extract_feature_importances(best_model, X) 

 

    # Save the results (optional) 

    output_file_path = f"D:\\Msc Managmt\\Work Project\\My Work 

project\\Data_manipulated_Beta\\{model_name}_LightGBM_model_results_{period}.xlsx" 

    results = pd.DataFrame({'Actual': y_test, 'Predicted': y_pred}) 

    results.to_excel(output_file_path, index=False) 

 

    print(f"Results saved to {output_file_path}") 

 

    return importance_scores, top_features 

 

# Define the list of features and target for all three datasets 

features = [ 

    'Credit Score', 

    'Original Loan-to-Value (LTV)', 

    'Original Debt-to-Income (DTI) Ratio', 

    'Current Actual UPB', 

    'Current Loan Delinquency Status', 

    'Loan Age', 

    'Remaining Months to Legal Maturity', 

    'Current Interest Rate', 

    'Current Deferred UPB', 

    'Interest Bearing UPB', 

    'Original Combined Loan-to-Value (CLTV)', 

    'Mortgage Insurance Percentage (MI %)', 
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    'Number of Units', 

    'Original UPB', 

    'Original Loan Term', 

    'First Time Homebuyer Flag', 

    'Channel', 

    'Occupancy Status', 

    'Prepayment Penalty Mortgage (PPM) Flag', 

    'Amortization Type (Formerly Product Type)', 

    'Property State', 

    'Property Type', 

    'Loan Purpose', 

    'Seller Name', 

    'Servicer Name' 

] 

target = 'Estimated Loan-to-Value (ELTV)' 

 

# Call the function for the three different datasets and capture importance scores and feature names 

pre_pandemic_scores, pre_pandemic_features = train_and_evaluate_model( 

    r"D:\Msc Managmt\Work Project\My Work 

project\Data_manipulated_Beta\output_combined_filtered_201712_to_201911_2.xlsx", 

    features, 

    target, 

    'Pre_Pandemic', 

    'Pre_Pandemic' 

) 

 

pandemic_scores, pandemic_features = train_and_evaluate_model( 

    r"D:\Msc Managmt\Work Project\My Work 

project\Data_manipulated_Beta\output_combined_filtered_201912_to_202111_2.xlsx", 

    features, 

    target, 

    'Pandemic', 

    'Pandemic' 

) 

 

post_pandemic_scores, post_pandemic_features = train_and_evaluate_model( 

    r"D:\Msc Managmt\Work Project\My Work 

project\Data_manipulated_Beta\output_combined_filtered_202112_to_202311_2.xlsx", 

    features, 

    target, 

    'Post_Pandemic', 

    'Post_Pandemic' 

) 

 

# Ensure the feature names are consistent across all periods (using the top 10 features) 

combined_features = pre_pandemic_features  # We can use one set of features for consistency 

 

# Combine and plot all the feature importances in a single plot 

plot_combined_feature_importance( 

    pre_pandemic_scores, pandemic_scores, post_pandemic_scores, combined_features 

) 
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Table 7. Python Code for ELTV Prediction using the Optimized LightGBM Model 

Python Code 

import pandas as pd 

import lightgbm as lgb 

import matplotlib.pyplot as plt 

import numpy as np 

from sklearn.model_selection import train_test_split, RandomizedSearchCV 

from sklearn.metrics import mean_squared_error, r2_score 

 

# Function to create and save combined feature importance plots 

def plot_combined_feature_importance(pre_pandemic_scores, pandemic_scores, 

post_pandemic_scores, feature_names): 

    # Set up the figure and axis 

    bar_width = 0.2 

    index = np.arange(len(feature_names)) 

 

    # Set offsets for each period (Pre-Pandemic, Pandemic, Post-Pandemic) 

    offsets = [-bar_width, 0, bar_width] 

 

    # Define grey shades for each period 

    greys = ['#4d4d4d', '#7f7f7f', '#b3b3b3'] 

 

    # Create a figure 

    fig, ax = plt.subplots(figsize=(12, 8)) 

 

    # Plot the bars for each period 

    ax.barh(index + offsets[0], pre_pandemic_scores, bar_width, color=greys[0], label='Pre-Pandemic') 

    ax.barh(index + offsets[1], pandemic_scores, bar_width, color=greys[1], label='Pandemic') 

    ax.barh(index + offsets[2], post_pandemic_scores, bar_width, color=greys[2], label='Post-

Pandemic') 

 

    # Labeling 

    ax.set_xlabel("Feature Importance Score", fontsize=12, fontname="Times New Roman") 

    ax.set_ylabel("Feature", fontsize=12, fontname="Times New Roman") 

    ax.set_yticks(index) 

 

    ax.set_yticklabels(feature_names, fontsize=10, fontname="Times New Roman") 

 

    # Add a legend 

    ax.legend() 

 

    # Gridlines and layout adjustments 

    ax.grid(True, axis='x', linestyle='--', alpha=0.6)  # Light gray gridlines 

    plt.tight_layout() 

 

    # Display the combined plot 

    plt.show() 

 

# Function to extract and return feature importances 

def extract_feature_importances(best_model, X): 

    feature_importances = pd.DataFrame({ 

        'Feature': X.columns, 

        'Importance': best_model.feature_importances_ 

    }).sort_values(by='Importance', ascending=False) 

    return feature_importances['Importance'][:10], feature_importances['Feature'][:10] 

 

# Function for training the model, tuning it, and evaluating the performance 

def train_and_evaluate_model(file_path, features, target, model_name, period): 
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    # Load dataset 

    data = pd.read_excel(file_path, sheet_name='Sheet1') 

 

    # Ensure all selected features and target exist in the dataset 

    data.columns = data.columns.str.strip()  # Remove leading/trailing spaces 

    missing_columns = [col for col in features + [target] if col not in data.columns] 

     

    if missing_columns: 

        raise KeyError(f"The following columns are missing from the dataset: {missing_columns}") 

 

    # Define predictors (X) and target (y) 

    X = data[features] 

    y = data[target] 

 

    # Convert categorical features to 'category' dtype for LightGBM to process 

    categorical_columns = [ 

        'First Time Homebuyer Flag', 

        'Channel', 

        'Occupancy Status', 

        'Prepayment Penalty Mortgage (PPM) Flag', 

        'Amortization Type (Formerly Product Type)', 

        'Property State', 

        'Property Type', 

        'Loan Purpose', 

        'Seller Name', 

        'Servicer Name' 

    ] 

     

    for col in categorical_columns: 

        X[col] = X[col].astype('category') 

 

    # Train-test split 

    X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

 

    # Initialize LightGBM regressor 

    model = lgb.LGBMRegressor() 

 

    # Define the hyperparameters grid for tuning 

    param_grid = { 

        'learning_rate': [0.01, 0.05, 0.1, 0.2], 

        'n_estimators': [100, 200, 300], 

        'num_leaves': [31, 50, 100], 

        'max_depth': [-1, 5, 10], 

        'min_data_in_leaf': [20, 30, 40], 

        'subsample': [0.7, 0.8, 1.0], 

        'colsample_bytree': [0.7, 0.8, 1.0] 

    } 

 

    # Perform random search with cross-validation (3-fold) 

    random_search = RandomizedSearchCV(estimator=model, param_distributions=param_grid, 

n_iter=100, cv=3,  

                                       verbose=1, n_jobs=-1, random_state=42, scoring='neg_mean_squared_error') 

 

    # Fit the random search model 

    random_search.fit(X_train, y_train) 

 

    # Best parameters found 

    print(f"Best parameters for {model_name}: {random_search.best_params_}") 
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    # Use the best model from random search 

    best_model = random_search.best_estimator_ 

 

    # Make predictions 

    y_pred = best_model.predict(X_test) 

 

    # Evaluate the model 

    mse = mean_squared_error(y_test, y_pred) 

    r2 = r2_score(y_test, y_pred) 

 

    print(f"Mean Squared Error for {model_name}: {mse}") 

    print(f"R² Score for {model_name}: {r2}") 

 

    # Create and save the feature importance plots 

    importance_scores, top_features = extract_feature_importances(best_model, X) 

 

    # Save the results (optional) 

    output_file_path = f"D:\\Msc Managmt\\Work Project\\My Work 

project\\Data_manipulated_Beta\\{model_name}_LightGBM_model_results_{period}.xlsx" 

    results = pd.DataFrame({'Actual': y_test, 'Predicted': y_pred}) 

    results.to_excel(output_file_path, index=False) 

 

    print(f"Results saved to {output_file_path}") 

 

    return importance_scores, top_features 

 

# Define the list of features and target for all three datasets 

features = [ 

    'Credit Score', 

    'Original Loan-to-Value (LTV)', 

    'Original Debt-to-Income (DTI) Ratio', 

    'Current Actual UPB', 

    'Current Loan Delinquency Status', 

    'Loan Age', 

    'Remaining Months to Legal Maturity', 

    'Current Interest Rate', 

    'Current Deferred UPB', 

    'Interest Bearing UPB', 

    'Original Combined Loan-to-Value (CLTV)', 

    'Mortgage Insurance Percentage (MI %)', 

    'Number of Units', 

    'Original UPB', 

    'Original Loan Term', 

    'First Time Homebuyer Flag', 

    'Channel', 

    'Occupancy Status', 

    'Prepayment Penalty Mortgage (PPM) Flag', 

    'Amortization Type (Formerly Product Type)', 

    'Property State', 

    'Property Type', 

    'Loan Purpose', 

    'Seller Name', 

    'Servicer Name' 

] 

target = 'Estimated Loan-to-Value (ELTV)' 

 

# Call the function for the three different datasets and capture importance scores and feature names 

pre_pandemic_scores, pre_pandemic_features = train_and_evaluate_model( 

    r"D:\Msc Managmt\Work Project\My Work 
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project\Data_manipulated_Beta\output_combined_filtered_201712_to_201911_2.xlsx", 

    features, 

    target, 

    'Pre_Pandemic', 

    'Pre_Pandemic' 

) 

 

pandemic_scores, pandemic_features = train_and_evaluate_model( 

    r"D:\Msc Managmt\Work Project\My Work 

project\Data_manipulated_Beta\output_combined_filtered_201912_to_202111_2.xlsx", 

    features, 

    target, 

    'Pandemic', 

    'Pandemic' 

) 

 

post_pandemic_scores, post_pandemic_features = train_and_evaluate_model( 

    r"D:\Msc Managmt\Work Project\My Work 

project\Data_manipulated_Beta\output_combined_filtered_202112_to_202311_2.xlsx", 

    features, 

    target, 

    'Post_Pandemic', 

    'Post_Pandemic' 

) 

 

# Ensure the feature names are consistent across all periods (using the top 10 features) 

combined_features = pre_pandemic_features  # We can use one set of features for consistency 

 

# Combine and plot all the feature importances in a single plot 

plot_combined_feature_importance( 

    pre_pandemic_scores, pandemic_scores, post_pandemic_scores, combined_features 

) 



 

 

Appendix D: Models Performance 

 

 

 

Table 8. Performance of Standard and Optimized LightGBM Models across periods in predicting ELTV (in detail) 

Period
Model 

Type
MSE R²

% Change 

in MSE for 

same period 

(Optimized 

vs. 

Standard)

% Change 

in MSE 

Standard 

(Pandemic 

vs Pre-

Pandemic)

% Change 

in MSE 

Standard 

(Post-

Pandemic 

vs Pre-

Pandemic)

% Change 

in MSE  

Standard 

(Post-

Pandemic 

vs 

Pandemic)

% Change 

in MSE 

Optmized 

(Pandemic 

vs Pre-

Pandemic)

% Change 

in MSE 

Optmized 

(Post-

Pandemic 

vs Pre-

Pandemic)

% Change 

in MSE  

Optmized 

(Post-

Pandemic 

vs 

Pandemic)

% Change 

in R
2
 for 

same 

period 

(Optimized 

vs. 

Standard)

% 

Change in 

R
2 

Standard 

(Pandemi

c vs Pre-

Pandemic

)

% Change 

in R
2 

Standard 

(Post-

Pandemic 

vs Pre-

Pandemic)

% 

Change in 

R
2  

Standard 

(Post-

Pandemic 

vs 

Pandemic

)

% 

Change in 

R
2 

Optmized 

(Pandemic 

vs Pre-

Pandemic)

% Change 

in R
2 

Optmized 

(Post-

Pandemic 

vs Pre-

Pandemic)

% 

Change in 

R
2 

Optmized 

(Post-

Pandemic 

vs 

Pandemic)

Pre-Pandemic Standard 12465.99 0.872 - -

Pre-Pandemic Optimized 8626.26 0.911 -30.80 4.52

Pandemic Standard 1913.97 0.951 - -

Pandemic Optimized 1122.63 0.971 -41.35 2.14

Post-Pandemic Standard 4210.80 0.896 - -

Post-Pandemic Optimized 2375.61 0.942 -43.58 5.04

-3.04-84.65 120.00-66.22 -86.99 -72.46 111.61 9.02 2.79 -5.72 6.54 3.30


