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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 metrics?,
such as Credit Scores? 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

L n 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.



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.



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 (Hadzi¢ 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.



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 (R?). MSE measures the average squared difference between predicted and
actual values of ELTV, with lower values indicating better predictive accuracy. On the other
hand, R? 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 R? 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.

%

9 9 0 % Change % Change
/f)C,\f/llaSnlge % Change Change in ch /o . A_ncl\:asnge 0_ zg 0_ Zg
fI:r same inMSE MSE I@Inglg ; Omtimized " Ir? R
. Model X Standard Standard . P Standard - Optimized
Period Type MSE R2 period (Pandemic  (Post- Optimized  (Post- (Post- (Post-
(Opt\l/rSTIIZEd vs Pre-  Pandermic (P\ani;mc Pan\(;ismlc Pandemic Pandemic
’ Pandemic VS . . Vs Vs
Standard) ) Pandemic) Pandemic) Pandemic) Pandemic) Pandemic)
Pre-Pandemic Standard 12465.99 0.872 -
Pre-Pandemic Optimized 8626.26 0.911 -30.80
Pandemic  Standard 1913.97 0.951 -84.65 120.00 -86.99 11161 572 -3.04

Pandemic  Optimized 1122.63 0.971 -41.35
Post-Pandemic Standard 4210.80 0.896 -
Post-Pandemic Optimized 2375.61 0.942 -43.58

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 R? 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 R? of 0.911, demonstrating a 30.8% lower MSE and a 4.5% higher R? 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 R? 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 R?
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
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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
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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 Importance® Analysis for Predicting ELTV Across All Periods Using the Optimized LightGBM Model
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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

18



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
21



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 — VVariables Characterizing
Each Loan and Borrower

Table 2. Origination Data File

FORMAL NAME AND DEFIMITION

LENGTH
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Fredde Mao requines that the Seller must provide anew appraisal value
wiichis used in e CLTV caloulalion. In oeriain cases, whene the Seller
delwered a loan o Freddie Mao wilh o special oode indicating addlonal
secondany mongage koan amounts, Bhose amounis may hae been
inchadiad in the CLTV oaloulaion
Fihe CLTV b5 < LTV, sai e CLTV 10 ‘Mot Avallabde.
This disclosune s subject io the widely varying standards oiginaions use i
ey Bonowers' secondary mongage loan amounis and will nol be
updated.
i ORIGINAL DEBET-TONCOME {DTT RATIO - Disclosure of the deb io . O%=OTl==65%: Burmeic

Income rabio & based on (1) e som ol te bomose s monitly deibt
paymanis, inchading monihily housing experses Fal incomorate the
moigage payment Fe borrower s making af the Bmae of the delvery of e
moigage oan fo Fredds Mac, divided by (2) e ioial ronibly oo wsed
o undkenarile the lnan as of the dale of Te originalion of Fe such koan.

Ratics grealer Tan 55% ans indicalesd that daia i Mot Avalable. Al loarns
in thia HARP dataese will be discosed ae Mok Awaillabie.

This disclosune s subject io the widely varying standards oiginaions use i

. 929 = Mot Al able:

HARF rmnges
= 999 = Mo Avalable
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EFINITION

" ORIGINAL UPE - The LPE of e motgage on e note dale. s Amount will be rounded | Iamsnic 12
o e nearesd 51,000
1z ORIGINAL LOAN-TO-VALLUE [LTV]) - In the case of a purchase mongage | 201801 and prior e 3
loar, the ratic obtained by dividing e onigiral mongage lcan amourton |« 5% - 106%
e noter dale by the lesser of e Mongaged proporty's appased vakeon |« 999 = Mot Avalabie
e nobe dale o (s purchase price.
201802 and laber:
i the: case: ol a refinance morigage loan, the rato ohisined by dwidng the | magm
onginal mongage ioan amount on T nobe date and e mongaged CE
property's appraised value on e nobe daie. = 9= NotAadable
I thie case: of @ Seasoned movigage ioan, f the Seiler cannot wamant thal | HARF mnges
e vailue of the morigaged property has not dedined since the note date, |« 1% . 598%
Froddie Mao requines that the Seller must provide & new appraisal waiue = 599 = Not Available
which is used in e LTV calouialion.
For loans in the ron HARP dalasel. mbos below 5% of grealer than 105%
will be discliosed a5 "MNot Avallabls " indicaied by 999, For loans in the
HARP dalaset, LTV ratios grealer Than 999% will be disclosed as Mot
iyl able.
12 ORIGINAL INTEREST RATE - The inferest rale of T loan as staied on e ]
e ot &t the e T l0an was onginated . Lilerad
decimal
14 CHANNEL - Disclomure indicates wheher a Broker o Comespondent, as . R = Retal Alpra 1
oS 1o ane defined beiow, originated of was rvoived inTe origiralon [« B = Beoker
of the: morigage loan. ¥ a Third Party Originaion ks applicable, but the «  C=Comespondent
‘Sellor does not spedify Broker or Comespondent, the disdosure sl indoale [« T = TPO Mot Specited
TP Mot Specified”. Simiarty, i nether Third Party Originaton rar Retall | g = Mot Avadabie

are awnllable, e disciosore wil ndicate "TPO Not Specfied”
i a Broker, Comesponcent o Third Farty Driginason disciceune b5 not
appicabic, he morgage ioan wil be designated as Retad, as deined
Eeiow.

Eroker is a person of ently hat speciaizes in loan oiginalions, recsiving a
commission (rom & Comespondent or other lender) i maloh Bormowers
and lencders. The Broker perfoms some o most of e an roosssing
funaotions, such as king oan appilcations, o orerng oredit FEpons,
apprasals and ke reporis. Typoally, th Broler does rnob Urdenare or
SEIVIoE e Momgage lan and geranlly does ot use s own funds for
closing, howeser, I the Broker fundasd & morigags koo on 2 ende's bahalt
such a morgage loan ks conskiensd a "Broker thind party orignabion

kean. The momgage inan s ganerally cosed in T namae of the
lender wha commissioniad thi Broker's sendoes

Coaressporaent & an endty Tat fypically sells the Moigages i cniginaes o
ot lenders, which ane not Allliabes of thai eniity, under a specific
commimient o as parl of an ongoing relabionshio. The Comespondent
performs some, of al, of e ban processing lunclons, such as- faking e
koan application; ondering ocredi reports, appradsals, and Be reponis; ard
werlying the Eomowers income and employment. The: Comespondent may
of may not harve delegaied undenwiling and typically funds the mofgage:
loars ab setfement. The morfgage koan s dosed in T Comespondent's
riame and e Corespordent may o may mol service Fe moigages lan.
Thee: Cowmespondent may use a Broker b periom some of Fe processing
Bunciions or even io furd fhe koan on s behall, wnder such drosrsSanoes,
e morgage kuan is considered a "Broker” hied party ofgination mongage
Inar, rather than a “Cormespandent” third party origination momgage: koan.

Ftal Morigage & a morigage loan that is onginaled, underaTiten and
funded by a lender or s Aflates. The mogage loan is cosed in the name
of the: lender or s Afiliale and if it is S0l in Fredde Mac, itis soid by the
lender of s Afilabe at ciginaled & A morigage nan that a Broker or
Corresporaient o O [y ¢ d, processed, undersroie,
packaged, funded or cicesed b not considened a Retal morigage loan
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AL NAME AND DEFIN

For purposes: o the definfions of Correspondent and Fetal, "Sfiliate™
mzars ary enlity that ks relaisd o anoler party as a corssguence of the
enkity, direciy or indineclly, confnoliing the offer party, beirg controlbed by
ez ofhaer party, o being undes comimon coninol wilh the ofher party

15 PREFAYMENT PENALTY MORTGAGE [PPM) FLAG - Denoles whither ¥ = PEM Alpra 1
i morigage s a PPRL A PPM s a modgage with respect io which the M = Mot PPM
bomower ks, or al ary ime has been, chigaied o pay & peraky in the event
of certain repayments of principal
18 AMORTIZATION TYIPE - Denoles thail the produc i & fied-rabe moigage FRM - Fixed Rale Alcha 5
o adjustable-raie morgage.
ARM - Adystable Rate
1w PROPERTY STATE - A waodefer abbresdaion indcaling the siate or AL TX VA, sin flpra 2
femilory within which the propery seouring e momgage is localed
1= PROPERTY TYPE - Deroles whether e property ype secured By the CO = Condo Alpra 2
moigage i & condominium, kasehold, planned unit devsiopment (FUDL PU = PUD
cooperative shane, manutactuned home, o Single-Family home. MH = Manulactuned
Housl
¥ the: Property Type is Mot Avadabe, His will be indicaied by 59. 5F = Srgle-Family
CP = Co-op
99 = Mol Available
19 POSTAL CODE - The posial code for S locabion of the morgaged 22200 where "33837 umeric 5
property represenis Fe first
three digits of T 5-
digil postal cods
00 = Unioracewri
20 LOAN BEQUENCE MUMBER - Uinigus ideniifier assigned io each lban P OO0 &jpha- iz
AT
Product F = FRM and &
= ARM;
¥I0n = rigination yoar
ard quarter, and,
MO0C0CN, = rardomiy
assigred dgis
] LOAN PURPOSE - Indicales whether Ta morgage loan s a Cash-out P = Purchase Alpha 1

Rfirance momgage, Mo Cash-out Refinance morigage, of a Purdhase

Gererally, 3 Cash-cut Refinanos morigage Kan s & marigage oan in
witich T use of the koan amount i not §miled 1o spedific purposes. &
moigags kan placed on & property preeoushy cwned fee and dear by the
Bomower & always onskdened a Cash-oul Refirance morgags koan.
Generally. a Mo Cash-out Refinance morgages koan & a mongage kanin
wiich T loan amount is limited i T lollowing uses

Fay off the: first morgage. regardiess of is age

Fay off any junior lers seoured by the morgaged property, hal wem used
In thir eninety 10 acquine the subject property

Fay related ciosing costs, firancing oosts and prepaid s, and
Dishurse cash out to e Bomower (or any ohier pares) nol o aoeed 2%
of the: nesw refirance modgage koan or 52,000, whichever i less

Az an exceplion io Fe above, for coraruciion corsersion modigage: kans

COfstUChon costs pad By B Bonowsr oUsie of the secured erm
consuction inancing is conskdened cash out io the Borrower, if grealer
Fan 52000 or 2% of loan amounit.

This disclosune ks subject 1o vanous special exceptions used by Sebers 1o
deimming whether 2 mongage koan s & Mo Cashout Refirance mongage
koar.
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EFIMITION

LENGTH

DRIGINAL LOWN TERM - A caloula@on of the numbes of sohaduled . CalioulaSor: [Loan Purmeic 3
monily paymenis of T morgage based on e First Payment Dale and Mafuriy Dale [MBLYY) -
Mabriy Dale Loan First Paymant Daie
[MBANY] + 1)

NUNBER OF BORROWERS. - The number of Bomowers) who ae 201801 and pricr. Purmeic 2
obigated io repay e momgage nole seowed by the morigaged property. |« 01 = 1 Bomower
Disciosune denoies only whether Fere s one bomower, o mone Fan ofe |« 02 = = bomoawers
bomower asscoiied with e mofngage noke. This dsciosume will nob be & 00 = Mot Awalabie
updater o reflect any subsequent 2ssampion of the moigage nobe. 201BO2 and laber

- 01 = 1 bomoswer

- 02 = 2 baomoawers

- O3 = 3 Eaimoawers

= 9= bomowers

- 10 = 10 bormoswvers

- 99 = Mol fwaliabie
SELLER HAME - Tre enity @cing in iis capacty as a seler of morgages | Mame of the selier, or Blpra- 50
o Freddie Mac at T ime of acgusiton “Other Sellers™ L
Soler Name will be disciosed for sellers with 2 1olal Onginal UP2
representing 1% or more of the iotal Onginal UPE of all loans in e Dalaset
fior @ giwven calendar quarier. Dthensise, the Seller Name will be s io
"Dihver Sallers™
SERVICER MAME - The enity aciing in s capacity as the sericer of Mame of Fe serdicer, or Blpra- 50
maigages o Fredde Mao as of the last period for which loan acivity is "Other Serioers” AT
reporied in the Dalasel.
‘Sendoer Mame will be discosed for sendoers with a iotal Original LUP2
representing 1% of mose of the iotal Onginal UFE of all loans in T Dalaset
fior @ giwven calendar quarier. Dthensise, the Serviosr Mame sl be sef 1o
“Difver Servioes".
SUPER CONMFORMENG FLAG - For m: it esoessd oo - ¥ = Yes Apra 1
Inan mits with originalion dales on or afer 1042008 and were deivered iv |« Space (1) = Mot Super
Fredde Mao on or afer 112009 Cororming
PRE-RELIEEF REFINANCE LOAN SEQUENCE NUMBER = The Loar P OO 0 Ajpha- 1z
Sequence Number link Thal assodates 3 Relief Refinance ioan o e Loan FATETIC
Sequence Number assigred 1o the loan from which il was refiranced wilhin | Froduct F = FRM and &
In thie Single-Family Loar-Level Datasel. = ARM;

= YO = Origination year
Bobe: Fopulated only o ioans whisre e Reliel Refirance indicaion is sel o ared quarter; and,
Y. Al ogrer loans will be blank - MO = randomiy

assigred dgis

PROGRAM INDICATOR = The indicator that ideniifies F a loan paticpates | H = Home Possibis slpha- 1
In and o the: Freddie Mac programs ksted in the valkd values F = HF\ Advariage remenic

R= Red Possible
Mot The standand dataset discioses hese orumrations for kans 9 = Mol Avadiable or Mot
originated on o afer March 1, 205 The Non-Standand dateso! dsdoses | Apploabie
enumerations for oans originaied under he HP program beteeen 1956
and Febnsary 78, 3015, UndensTiing standands for Homes Possible prion i
Ieflarch 1, 205 may be dflenenl than the curment standands.
[RELIEF REFINANCE INDICATOR = Indicafor that idendles whother the ¥ = Reled Relnano: Loan &lpha 1
nan i part ol Freddie Mac's Reliel Refinance Program. Loans wiich ane Spaoe = NorRebel Refirance
both & Akl Refinance and have an Original Loarn-io-'Yalue abowe 50 e | loan
HARP oars
PROPERTY VALLATION METHOD = The indcalor denoting whicdh 1= ACE Loars Bumeric 1
mathod was used io ob%ain a property appraisal, fary. 2 = Full Appraisal

3 = Cerer Appraisals
Mobe: Fopulated for loans onginated on o afer 112017, [ Deskiop, diveby, exormal

AVM)

&= ACE + PDR

9 = Nol Avalable
INTEREST OHMILY INDECATOR {10 BNDHCATOR] - Thes iraficaion deroling | Y = Yes Adpha 1
wiiziher the loan only requines inferes? payments for a s pecifed period H=Ho
beginning with the st paryment daie.
W CAHCELLATIOHN INDICATOR: The indicator denoting if the ¥ = Canceled Mlipha 1
morigaye insranoe has besn reported as canoelled afer e Sme of H = Hot Cancoled Mumeric

Freddie Mac's. purchase of the morigage loar IF a loan dd not have
morigage insarance at the e of Freddie Mac's purchase of the
morigage loan, then this fiekd will be disclosed as "Hot Applicable.”

T = Mot Applicable
8 = Mot Disclosed

Source: Freddie Mac

34



Table 3. Monthly Performance Data File

DEFINITION

LD SEQLENCE NUBBER - Uiy ideniler assiored i each lnan.

LENGTH

MONTHLY REPORTIMNG PERIOD ~ The as-cf manth for knan inlormiakion
conbainessd i the koan reciond.

CURRENT ACTUAL UPB - The Cument Actual LIFE relecks the morigage
ending balance as reponied by thee servioer jor the cormesponcing monthiy
reporing period. For faed rate mongages, tis UPE ks derved rom the
morigage balance as reporied by e sendcer and includes any schedued
and unscheduied principal reductions. appled o Fe mongage:

Fior morigages. with knan moctboations or payment deferrals, e ourrent
actual unpaid principal balanoe could include non-ntenest beanng
“delerred” amounts. The Curent Actual UPE will egual T sum of the
Cument Imenest-Bzaring LIPS (the amonizing principal balanoe of the
marigage jand e Curment Non-Interes? Bearning LIPE.

H e Curent Aciual UPE i geeaber than 500 fen Te value will be
rounded ko the nearest 51,000 for e st sk payment penods. The
Cument Actual UPE s niol rounded afer a modScalon ooowrs.

Calculation: |interest bearing
UFE] + jron-inbevest bearning
UFE)

Bumenic

decimal

CURRENT LOAN DELINGUENGY STATUS - A value comespording 1o
the number of days thi bomower 5 delinguent, based on the due daie of
lasst paid instalment ("DOLPT) reporied by senvicers 1o Freddie Mac, and Is
raloulated under the Morigage Bankers Association (MBA] method.

H & lkoan has been acquined by RED, e the Cument Loan Delingue
Enalus wil refiedt T value comesponding i Tat siahs jnsiead of he
vakae comesponding io e number of days the Bomower & delinguent]

= 0= Courrent, or less than
30 days delnguent

= 1= 3059 days
delrguent

« 7=E0-BSdays
delrguent

« 3=50- 119 days

dislirguent

And 50 on...

« R =RED Acquisiion

&

LIOAN AGE - The rumiber of schaduled payments from e ime the oan
wat orfiginated up o and including the current penod. For modified loans,
thee: numiber of schadulked payments from e modificason first payment
date up i and including the ourent period. Nole that Payment Deflemais
are Fot oons idened modiications and Serelone the loan age s not resat
wihis thiy ane compisied

Caiculation = Mon-modifiod
Loans: {[Monthly Reporing
Fricd) - Loan First Fayment
Daie (MMYY]] +1 morth

Caiculation = Modified
Loans: {[Monthly Feporing
o) - Modibcation First
Fayment Dale (MMFY)) +1
o
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COLUMM WALID VALU
POSITION FORMAL MAME AND DEFINITION CALCULATIONS LENGTH
] REMAINING MONTHS TO LEGAL MATURITY - The resraining number | Calculation — Non-modified | Mumenic 3
of morths o the mortgage matsity dabe. Lowaris: (Maturity Dabe
(MMYY) — Monthly Reporting
For margages with ban modibzations, as indicated by *Y™ in fhe Period (MMYY)
Medification Flag field, the calculalion uses e modified matunty date.
Calculation — Modified
Lowaris: (Modified Matunty
Diaitier (M) — Maithiy
Feporting Pariod (MMYY)
T DEFECT SETTLEMENT DATE: M Diate B
For underwriting defects, the date on which there is the ocoumence of
anry af the fallewing: (8) such mongage is repurchased by the related
seller of servicer, (b) in lieu of repurchase, an alternative remedy (such
as indesmnification) i mutually agreed upon by both Freddie Mac and
the seller or servicer of (c) Fredde Mac in its sole discretion elects to
waive the enforcement of a refmedy against the seler of sendcer in
respect of such unconfinmed undensriting defect
For servicing defects, the date on which there ks the occurrence of any
of the following: (a) the related servicer repurchasad such morigage or
made Freddie Mac whole resulting in a full recovery of losses incurmed
["Make Whole™) or (b) the party responsible for the representations and
warranbes andior servicing obligations or Eabilities with respect 1o the
morigage that is determined io have an unconfimed servicing defect
becomes subject to & bankmupley, an insolvency proceeding or &
recefvenship.
B MODIFICATION FLAG — A flag indicaling if the loan has been modified in |« ¥ = Cument Period Alpha 1
the curment penod or a pror perod. Madfcation
= P =Prior Perod
Madifcation
= Hull = Mot Modified
] ZERD BALANCE CODE - A code indicating the reason the nan's balance |« 01 = Prepaid or Matured | Mumeie 2
wis reducesd bo Zero. [Veluntary Payoff)
= 02 = Third Party Sale
= 03 = Shoet Salke or
Charnge Off
= DB = REQ Disposition
= 15 = Whole Loan sales
= 16 = Reperiofming |oan
seciuritizations
= BE = Defect prior 1o ather
termination ewent
10 ZERD BALAMCE EFFECTIVE DATE - The dabe an which the event hhaagt Disates ]
triggering ihe Zero Balance Code took placs. The period in which the
ever triggering he Zero Balance Code coourmed Space (6) = Nol Applicable
1 CURREMT INTEREST RATE - Reflects the ciment interest rate on the Muifreric B
morgage nole, laking inlo account any loan modications. Literal
Decirnal
12 CURRENT NON-INTEREST BEARING UPB - The non-mnberest- 3 Amnaunt Mumerc 12
biaring porton of the UPB for a given martgsge
13 DUE DATE OF LAST PAID INSTALLMENT (DDLPI} The due dats YA Diate B
that the loan's scheduled principal and interest is paid through,
regardiess of when the instalment payment was actisaly made.
14 MI RECOVERIES - Mortgage Insurance Recoveras afe procesds 1 Arnaunt. Mumere 12
received by Freddie Mac in the event of credit losses. These procseds Literal
are based on claims under a morigage nsurance policy. Decimal
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COLUMMN WALID WaALL

A Wl 'Y
POSTTRIN FORMAL NAME AND DEFINITION CALCULATIONS LENGTH

Muate: The MI Recoveres ekl will be st 1o 2emm for lans with a Defect
Sattlement Date value populated.

15 NET SALE PROCEEDS - The amount remitted to Freddie Mac F Amount Algha- 14
resulting from a property disposition or loan sale (which in the case of numeric
bullk gales, may be an alocabed amount) once alowable selling L = Linknawn Literal
expenses have bean deducted from the gross sales proceads. Decirmal

A value of *U” indicates that the amount IS unknown.

Mate: The Net Sale Procesads field will be sed bo zero for loans with a
Defect Setlement Date value populated.

18 MOM MI RECOVERIES: Mon-Ml Recoveries are proceeds recaived by | 3 Amoumt Mumersc 12
Freddie Mac baged on confirmed defect' make whole procesds, nan- Literal
sale incofme such as refunds (Lax of insurance), hazand insurance Decirmal
proceeds, rental receipls, positive escrow, andion other miscellaneous
credils.

Naote: The Mon M Recovesies fiekd will be set o 2ero for loans with a
Diefect Satilement Date value populated.

T TOTAL EXPENSES - Expenses will include allowable expensas that F Amount Mumenc 12
Freddie Mac bears in the process of acquinng, mantaining and’ or Literal
disposing a property (excluding seling expenses, which are sublracted Decirmal

from gross sales proceeds 1o derive net sales proceeds). Ths is an
apggregaton of Legal Costs, Maintenance and Preseration Coats,
Taxes and Insurance, and Miscellaneous Expenses.

Mate: The Total Expenses feld will be sat to 2ero for loans with a
Defect Setlement Date value populated.

18 LEGAL CO3T3 - The amount of legal cosls associated with the sale 3 Amount Mumeric 12
of a propedty (bul not included in Netl Sale Proceeds. Literal
Decirnal

Mate: The Leqal Costs hield will be sel bo Zero for loans with a Detect
Setilement Date value populated.

13 MAINTENANCE AND PRESERVATION COSTS —-The amaun of 3 Arnount Mumernis 12
mainlenance, preservalion, and repair costs, incuding bul not limited Litaral
o property inspection, homeraner's association, ulilities, and REQ Decirnal

management, that is associed with the sale of a property (but not
imsluded in Nat Sale Proceads

Mote: The Maintenance and Preservation Costs eld will be et o 2ere
Tor loans with a Dedect Sefllement Date value populated.

20 TAXES AND INSURANCE — The amount of taxes and insurance 3 Armouni Mumeric 12
owed thal are assocated with the sale of a property (bul not ncuded Literal
im Met Sale Proceeads Decirnal
21 MISCELLANEOUS EXPENSES - Miscellaneous expenses associated | $ Amount Humeric 12
with the sale of a property (bul not incuded in Netl Sale Proceeds Literal
Decimal

Note: The Miscellaneous Expenses feld will be sl to Zedo fof koans
with a Defect Selllement Daba value populated.

22 ACTUAL LO33 CALCULATION F Armount Mumernic 12
Literal
Achial Loss s caleulated wsing the balow approach for lsans with Zero Decimal

Bakance Codes of 02, 03, 08, and 15:




COLUMMN

FORMAL MAME AND DEFINITION

Actual Loss = (Zero Balance Removal UPB — Net Sale Procesads) +
Delinguent Accrued Interest - Expenges — Ml Recovesias — Mon M|
Recoveries.

Please note that the following business rules are applied 1o this

calculation:

a. Fof all loams, 35 bps is used as 8 proxy for sendcng fee, sendcing

Tee will ba used I higher than 35 bps.

b. The Actual Loss will be sat 1o 2ero for leans with a Defect

Sefttlement Date value populated.

c. The Actual Loss will be sel to 2en for loans with Met Sales

Proceeds = 'U° (Met Sales Procesds afe missing). of expenses ane not

available.

d. The Actual Loss will be set to missing for loans dsposed within

thires mchths prior o the perormance culof dabe.

a. & Modification Costs are not ncluded in the calculation of the
Actual Loss field

VAaLID VALLUE
L CLl

CUMULATIVE MODIFICATION COST = The cumulalive modication | 3 Amount Mumersc 12
cost amount calcutaled when Freddie Mac delemines asuch mortgage Literal
loan has experenced a rabe modification event or a UPB forbearancs. Decirmal
This amount will be caloulated on a monthly basis beginning with the
firet reporting period a modificabon event is reported and disclosed in
the last performance recond.
For example: calculate monthly madilicatbon cost as
(min{Origination ANY, (Oiginal inberest Rate - 0.35))1200 * Current
Actual UPB) — | minf Curment ANY (Current nberest Fate-0.35)y1200 *
(Imterest bearing UPE)) .and aggregate each month since modificaton
through the Performance Culolf Date into a cumulalive amount
Far foans that go through a8 payment deferal program, cumulalive
modification cosf includes inferes! foragone on the UFE deferred by the
payment deferral untl e lasl perfommance recard.
STEP MODIFICATION FLAG — A YN Nlag will be disclosed for every  |[» ¥ = Siep Mod Alpha 1
moddied boan in teir curent perod of modifisation, o denote il the e M= Non-Step Med
terms of modification agreement call for nobe rate 1o increase over Mull = Loan mot modfied
i N period
PAYMENT DEFERRAL - A flag indicaling a lean has been granted a |« ¥ = Cument Pesiod Alpha 1
Payment Defarral in the current of prior period. = P = Prios Pesicd

= Null = Kot Payment

Deferral

ESTIMATED LOAN TO VALUE (ELTV) = A ratio indicating curment « 1-938 Musmenic d
LTV based an the estimated current value of the property oblained = 000 = Lnknown Literal
throwgh Freddie Mac's Automated Valuation Model (AVM). For mone = Mull = Daka Mot
inforrration on our propristary AVM please visit Aualable
hittps sl freddiemac. comdlools-Jearninghome-value-suile/home-valle-
Explaer
ZERO BALANCE REMOVAL UPB =~ The amount of 1ot UPB $ Amount Numeric 12
remaining on the loan immeoedately prior 1o the appication of the Zero Uterad
Baance Code Deamal
DELINQUENT ACCRUED INTEREST - The amount of delinguent $ Amount Numenc 12
Interest owed by the Dorrower at e Sme of defauit.  This Seid will anly | Delinguent Accrued interest | Literad
be popuated for Zero Balance Codes 02,03, 09 . & 15 = (Zero Balance Removal Decamal

Note: The Delinquent Accrued Interest fieid wil be set to 2ero for lbans
wih 3 Defect Settiement Date value populated

UPB - Non Interest boaring
UPB) * Min{Current Interest
rate - 0.35, Current Interest
Rate - Servicing Fee) * (
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COL NN

FORMAL HAKE AND DEFINITION

WALID VALUES!

TYPE

LENGTH

POSITION CALCULATIONS
Mionths betwesn Last
Frincipal & Inferest paidio
date and zero balance dale |
" 30v3E0100.
28 DELINQUENCY DUE TO DISASTER - A flag indicalineg Tat he W = Delingusray Dus B0 Alpha 1
Senicer has reporied disaster-related hardship as defined by Se Disaster
Freddie Mac Seller/Servicer Guide Ml = Mot Delinguency Due
o Disasher
Moke: Oviy populaied for Jarwary 2004 and fobowing periods.
30 BORROWER ASSISTANCE ETATUS CODE = Regardless of F = Forbearano Alpha 1
delinguency stafus, the type of assistance plan that the bormower & R = Repayment
enrciled in that provides temporary morigage payment relief or an T = Trial Period
opporunity o owe a morigage delnquency over a defined period Ml = Mo workout plan or
ot applicabile
Moke: Oviy populaied for Jarwary 2004 and fobowing periods.
kb CURRENT MONTH MODIFICATION COST: The curnent month & Amoun Mumeric 12
modiication oosl amount calculated wien Freddie Mac delemines Literal
such morngage loan has experienced a rale modification, principal Decimal
forbeararoe, or Payment Deferal. This amount will b caloulated on a
manthly basis beginning with the first reporting period such
modiication event is reporied and dischossd until the last performance
record
For emample: calculate monhly modification oost as
[min{Crigination AMY, (Original interest Fabe - 03501200 * Current
Actual UPE) — [min| Current AMY {Curment Inlenest Aate-0 3551200 *
{Interest bearing UFE]) . For a loam that s aoguired by Freddie bac
Homesteps and subsequently disposed as REQ, Current Month
Modiication Cost represents Fw monghly modification oost aggregated
during e period between RED acquisiion and RED disposition. For
koars that go Swough a payment deferal program, modficabion wost is
calodated as inlerest foregore on the UPE defered by the payment
delemal.
az INTEREST BEARING UPB: Tre: currerd intenesi bearing UFE of the & Amounl Mumeric 12
modiied morigage. Literal
Dicimal

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 (M1 %)
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 Igh

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_
1 .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 = Igh.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}.xIsx"

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 (Ml %)',
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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 Igb

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 = [‘#4d4dad', ‘#7T77f, '#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 = Igh.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,
_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}.xIsx"

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 (Ml %)',
'‘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
)
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Appendix D: Models Performance

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

%
% . %
0, 0, 0, 0,
% Change % Change % Change % Change % Change 0/(_)Change % Change % Change Change in % Change Change in % _ % Change Change in
inMSE for inMsE  MMSE  INMSE Ty T INMSE - InMSE i R® for 2 in R? R?  Changein inR? )
: ; 2 .
) Model . same period Standard Standard  Standard Optmized Optmized Optmized same Standard Standard Standard R. Optmized Optmized
Period MSE R S - (Post- (Post- - (Post- (Post- period (Post- (Post- Optmized  (Post-
Type (Optimized (Pandemic . . (Pandemic . . L (Pandemi . . . . (Post-
vs vs Pre- Pandemic  Pandemic vs Pre- Pandemic Pandemic (Optimized s Pre- Pandemic Pandemic (Pandemic Pandemic pandemic
Stand;ard) Pandemic) vs Pre- Vs Pande mic) vs Pre- vs Vs. pandemic VS Pre- Vs vs Pre-  vs Pre-
Pandemic) Pandemic) Pandemic) Pandemic) Standard) Pandemic) Pandemic Pandemic) Pandemic) .
) ) Pandemic)
Pre-Pandemic Standard ~ 12465.99 0.872 - -
Pre-Pandemic Optimized  8626.26 0.911 -30.80 4.52
Pandem!c Star]d?rd 1013.97 0.951 ) -84.65 -66.22 120.00 -86.99 -72.46 111.61 ) 9.02 2.79 -5.72 6.54 3.30 -3.04
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




