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A B S T R A C T   

Loss Given Default (LGD) is an essential element in effective banking supervision, as set out in the 
Basel Accords. In this paper, we focus on improving LGD predictions with the help of time-varying 
covariates. Based on online unsecured consumer loan data, we first build application scores with a 
Cox proportional hazard model, and behavioral scores with a multiplicative hazard model. We 
add these time-varying survival scores to fit the specifications of four separate LGD models - Tobit 
regression, decision trees, Logit-transformed linear regression and Beta regression. It is shown 
that better LGD predictions can be achieved when both application and behavioral scores are 
incorporated. Our framework further facilitates the prediction of expected loss, which can pro-
duce loss estimates at any time during the repayment period. Our experiment shows that the loss 
estimates are accurate, though some inherent errors cannot be avoided.   

1. Introduction 

Loss Given Default (LGD), given as a fraction of exposure at default (EAD), is one of the major risk elements set out in the Basel 
Accords. It is thus extremely important for banking institutions to accurately estimate LGD. Banks are required to retain regulatory 
capital for potential credit risk losses by utilizing either a standard approach or an advanced internal ratings-based (IRB) approach, in 
which the expected loss of the underlined assets is calculated by LGD, EAD and the probability of default (PD). Moreover, LGD or the 
corresponding recovery rate is one of the targets in the process of collections after default (Bellotti and Crook, 2012), thus a good 
prediction of LGD also helps to stimulate effective and efficient collection actions. Although better LGD predictions have profound 
implications for financial institutions, it is generally difficult to obtain accurate estimates due to the complicated circumstances of 
individual borrowers, mainly related to their inability or unwillingness to repay (Zhang and Thomas, 2012). Therefore, finding new 
techniques to improve LGD predictions has already garnered much attention in academic circles. 

Compared to LGD, PD is much easier to estimate, largely due to the development of credit scoring algorithms, which have been 
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widely used by financial institutions at the loan acquisition stage. To meet the capital requirements of the Basel Accords, financial 
institutions need to estimate the PD of their loan portfolios, as discussed, by Thomas et al. (2017) for instance. Credit scores are 
numeric statistics that indicate the level of the likelihood of each borrower being good. Depending on the scenarios, credit scores 
traditionally take two broad forms (Bijak and Thomas, 2012; Kennedy et al., 2013). The first is the application score, which is 
developed at the time of loan application using demographics, credit bureau data and other available information. Application scores 
help lenders identify and reject risky applicants. The second is the behavioral score, which is reassessed regularly during the repayment 
process, and thus can guide the decisions of the limit increase requests (Kennedy et al., 2013). Compared to application scores, 
behavioral scores incorporate up-to-date repayment and performance information available for the current loan account (Gao et al., 
2017), so that they generally have more predictive power than the application scores (Stepanova and Thomas, 2001). Predicting PD 
using both application and behavioral scores is a well-studied topic such as Crook et al. (2007); Crook and Bellotti (2010); Thomas 
et al. (2017). Among them, survival analysis has attracted particular attention, since it is able to predict not only if but also when 
borrowers will default (Banasik et al., 1999; Stepanova and Thomas, 2002; Bellotti and Crook, 2009; Leow and Crook, 2014; Djeundje 
and Crook, 2019). Thus, survival analysis is regarded as a dynamic model which produces estimates over time for PD problems. 

In this paper we take these dynamic credit scores that developed by survival analysis as survival scores. They are time-varying and 
linked to the probabilities of default. But here we focus on LGD. The coefficient of determinationR2and adjustedR2 for LGD are 
generally low, as shown in Loterman et al. (2012), Tobback et al. (2014), Nazemi et al. (2017), Bellotti et al. (2021). This means that 
only a small proportion of the variation can be explained by the LGD models. We are keen on looking for new predictors that can 
increase the proportion of the explained and predicted variations. Bellotti and Crook (2012), who argued that behavioral scores could 
be used to keep track of the personal circumstances of an obligor over time. A divorce or bereavement may eventually lead to a higher 
LGD. By partly revealing personal circumstances, such as behavioral scores integrating up-to-date information, we may improve 
overall LGD prediction. The evidence found by Krüger et al. (2018) is that survival scores are associated with LGD. 

In this paper, it is proposed that dynamic credit scores such as survival scores are also of value in LGD predictions. Though both PD 
and LGD are important components of expected losses, little research has thus far investigated the power of credit scores in LGD 
predictions. We attempt to improve the performance of LGD models by incorporating both application scores and behavioral scores. 
The literature shows that PD and LGD are correlated (Altman et al., 2005; Chava et al., 2011; Krüger et al., 2018). In particular, PD and 
LGD demonstrate some common dynamic patterns related to the business cycle, for instance, both tend to be high during an economic 
downturn (Creal et al., 2014). Therefore, we expect that these scores, which work on PD predictions, will also be beneficial for LGD 
predictions. 

Since both application scores and behavioral scores in this paper are time-varying covariates that are calculated at each month-on- 
book, we in fact construct a new dynamic framework for LGD modeling. Considering LGD from a dynamic point of view benefits us in 
the following regards. First, it allows us to incorporate time-varying factors which may have an impact on LGD, including macro-
economic variables (MVs) (Bellotti and Crook, 2012; Tobback et al., 2014). In this paper, dynamic behavioral scores offer value in 
addition to MVs in LGD modeling. Second, these frameworks allow us to dynamically estimate LGD (Calabrese, 2014; Calvori et al., 
2016; Camba-Méndez et al., 2016). Ignoring the dynamic nature of LGD would result in an underestimation of credit losses (Calabrese, 
2014; Calvori et al., 2016). In this paper, we not only produce dynamic LGD estimates but also further evaluate credit losses based on 
them. 

The LGD and credit loss modeling frameworks proposed in this paper can be used in both emerging and developed markets, though 
we only test them on the US data. With accurate LGD and loss predictions, banks can take effective debt collections and allocate capital 
wisely to meet the requirements of regulators. In developed countries, banks are kept under strict regulations while in developing 
countries common commercial banks do not have sufficient data and resources to implement IRB approaches. However, financial 
innovations driven by financial technologies are active in developing countries (Li et al., 2018). Online lending companies particularly 
need to be monitored and regulated as they are growing quickly and their impacts on society as well as the economy are unsure (Wang 
and Overby, 2022). These financial institutions may use the frameworks to minimum capital requirements for credit assets and price 
loans in their portfolios. Asia-Pacific countries take a large portion of the world’s population so that micro and consumer loans are 
popular in the markets. Our framework will be particularly useful there. 

Three main contributions are made in this paper. First, we show that the application and behavioral scores developed with survival 
analysis can improve LGD predictions. The improvements brought from these two types of credit scores are robust and effective over 
different LGD models and performance metrics. Second, we consider LGD predictions from a dynamic viewpoint over the whole 
process of account management, rather than merely at the time of application or default. This can provide valuable insights to lenders 
so that they are able to adjust strategies in their customer relationship management. Third, we propose a framework based on survival 
scores and dynamic LGD estimates, to predict expected loss accurately at any given point of time during the repayment period. 
Changing economic and behavioral factors can be included in the expected loss calculation in a way that is not possible with static LGD 
estimates, which are not linked to the time to default. It is necessary to predict the loss before default occurs so that effective actions 
can be taken in advance to prevent significant losses. When default occurs, any action taken may be too late, since it becomes 
exceedingly difficult to recover the unsecured loans when borrowers fall into financial hardship. 

This paper is organized as follows. In Section 2, we review the literature on LGD predictions. Section 3 describes the data and 
variables used. In Section 4, we introduce the LGD modeling framework and the results are presented in Section 5. In Section 6, we 
propose a modeling framework to predict expected loss over a broad time horizon, incorporating dynamic PD and LGD, with some 
experimental results given in Appendix B. Conclusions are drawn in the final section. 
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2. Literature review 

The New Basel Accord provides important guidance and implications for risk management. By stipulating the regulatory capital for 
credit assets, the Accord is designed to ensure that banks have adequate capital to handle credit risks in their lending activities. Because 
LGD is one of the key risk components used in estimating regulatory capital, the modeling and prediction of LGD have become 
increasingly important since the New Basel Accord was implemented in 2004 (Kaposty et al., 2020). 

Early empirical analyses of LGD mainly tried to find variables that determined and explained the LGD. For example, Dermine and 
de Carvalho (2006) were some of the first to analyze defaulted bank loan recovery rates, defined as one minus LGD. Their results 
showed that loan size, personal guarantee, collateral and the industry factors were all significant determinants of recovery rates. Qi and 
Yang (2009) conducted an empirical analysis on mortgage LGD using linear regression, and showed that LGD could partially be 
explained by looking at a variety of loan characteristics, of which the loan-to-value ratio was found to be the most significant 
determinant. Similar results can also be found in Park and Bang (2014), who obtained an additional determinant of LGD – the fore-
closure auction process. Both Bellotti and Crook (2012) and Tobback et al. (2014) analyzed the effect of MVs on LGD. Results showed 
that bank interest rates and unemployment rates had a significant negative effect on recovery rates, thus a positive effect on the LGD. 
There are a total of 11 MVs with five kinds of variants investigated by Tobback et al. (2014). Khieu et al. (2012) classified the possible 
determinants of LGD into different categories, such as the characteristics of loans, borrowers and recovery actions, as well as mac-
roeconomic and industry conditions. One of the findings in their analyses was that loan characteristics were more significant than 
borrower characteristics as determinants of LGD. 

The prediction of LGD has been extensively studied since the New Basel Accord. Bastos (2010) argued that ordinary least squares 
regression should not be utilized to predict LGD since its true value lay within the unite interval only. Thus he used two techniques to 
deal with the bounded nature of the dependent variable, i.e. a parametric fractional response regression model and a nonparametric 
regression tree model. In fact, later studies have shown that ordinary least squares regression is able to provide a robust and effective 
performance in LGD prediction (Nazemi et al., 2017), as well as giving a decent fit in LGD modeling (Qi and Zhao, 2011; Zhang and 
Thomas, 2012). Following Bastos (2010), many studies have tried to source or build better models that can improve LGD predictions. 
Qi and Zhao (2011) compared six predictive methods for LGD, and found that non-parametric methods - regression trees and neural 
networks - outperformed the parametric methods in terms of both model fit and predictive accuracy. Loterman et al. (2012) further 
evaluated 24 techniques and found a clear trend that non-linear techniques, in particular support vector machines and neural net-
works, outperformed traditional linear techniques for LGD prediction. Bellotti et al. (2021) focused on the performance of machine 
learning algorithms in terms of their ability to forecast LGD. They compared 20 machine learning techniques, and from these 
shortlisted the three best, which were tree-based methods: Cubist, random forest and boosted trees. 

Instead of comparing a group of methods, some of the studies has instead proposed new methods to increase predictive accuracy. 
Yao et al. (2015) and Yao et al. (2017) modified support vector regression, and were able to obtain some improvements. Tong et al. 
(2013) proposed a zero-adjusted gamma model, and found that it yielded a modest improvement when compared to two common 
methods, namely the ordinary least squares-beta approach and Tobit regression. Other methods, such as the fuzzy decision fusion 
technique (Nazemi et al., 2017), quantile regression (Krüger and Rösch, 2017), the heterogeneous stacking ensemble approach (Xia 
et al., 2021), the non-parametric boundary kernel method (Chen et al., 2019), and the multi-step approach (Leow and Mues, 2012; 
Gürtler and Hibbeln, 2013; Tanoue et al., 2017; Do et al., 2018; Miller and Töws, 2018), have also been put forward and have shown 
significant increases in LGD predictive accuracy compared to the benchmark model - ordinary least squares regression in most cases. 

Despite the fact that many studies have attempted to seek out novel predictive models, a consensus on which performs the best has 
not yet been reached. The accurate prediction of LGD largely depends on the data and performance metrics used (Loterman et al., 
2012). Often, one model that produces satisfactory LGD predictions for one performance metric on a particular dataset is likely to 
perform worse when using a new metric or dataset. In general, it remains difficult to draw a clear conclusion regarding which model is 
preferable for the LGD prediction. 

Another stream of LGD studies, which is closely related to this paper, therefore switches focus and attempts to look for the best 
predictive variables rather than models to improve LGD predictions. These lines of enquiry in the field have thus far not stimulated 
much debate among academics. Bellotti and Crook (2012) showed that MVs improved LGD forecast. By simultaneously using data 
related to the home equity line of credit and corporate loans, Tobback et al. (2014) further corroborated that the incorporation of MVs 
improved the predictive performance of LGD models. Han and Jang (2013) found that recovery action variables were useful in 
enhancing the predictive accuracy of LGD models. However, they admitted that their results were not directly applicable to common 
debts, since recovery actions were only carried out after default. Li et al. (2021) incorporated a post-default variable - a dummy 
variable indicating whether the defaulted borrower had cooperated with a debt-settlement company - into LGD prediction. Their 
experiments showed both the potential and importance of such post-default information in LGD modeling and prediction. Kaposty 
et al. (2020) investigated variable selections for LGD in leasing. They understood that outstanding exposure at default, internal rating, 
asset types and lessor industries were all important drivers of accurate LGD predictions. In fact, scholars have unearthed many 
important determinants of LGD, for example, Dermine and de Carvalho (2006); Qi and Yang (2009); Khieu et al. (2012); Park and Bang 
(2014); Gambetti et al. (2019)), but they have failed to examine the improvements that these factors bring to the LGD prediction itself. 

Although the above modeling techniques and predictive variables have shown an effective way to improve LGD prediction, many of 
them have only been tested, so far, on mortgages (Tong et al., 2013; Park and Bang, 2014; Do et al., 2018), credit cards (Bellotti and 
Crook, 2012; Yao et al., 2017; Bellotti et al., 2021) and other bank loans (Bastos, 2010; Tanoue et al., 2017). The methods may not 
work well for online loans, where there is no associated collateral. The LGD for this category of credit also remains underexplored (Xia 
et al., 2021). Online loans have experienced rapid growth in recent years, due to the boom in information and financial technology (Li 
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et al., 2021; Cao and Zhai, 2022). However, little research has focused on the LGD of these emerging loans. For example, Xia et al. 
(2021) incorporated application data, special data in peer-to-peer lending (e.g. the number of investors and loan description) and MVs 
into their LGD models, and their linear regression showed that these were the most significant determinants of LGD in online lending. 
Zhou et al. (2018) analyzed the impact of both the loan and the borrower characteristics on the LGD of online loans, but they failed to 
investigate the predictive power of these factors. Calabrese and Zanin (2022) used borrower characteristics, loan characteristics, credit 
history transactions and recovery actions as the main predictors of their LGD models for peer-to-peer lending. As Li et al. (2021) 
demonstrated, post-default information should also be included in the model. However, one drawback of this inclusion is that post- 
default information may still be uncertain when predicting LGD at the time of default. 

This paper adds to the literature on LGD predictions by proposing two types of new time-varying variables, which are shown in this 
paper to improve the performance of the LGD models. To the best of our knowledge, we are also some of the first to examine the 
predictive power of credit scores on the LGD of online loans. 

3. Data and variables 

Data on a total of 851,307 matured and unsecured consumer loans were collected from Lending Club, a market‑leading online 
lending company. These 36-month loans were issued between January 2012 and December 2016, and were followed until December 
2019. Among these loans, 85.17% were fully paid off, while the remaining 126,240 loans were defaulted. The data contains appli-
cation information and monthly payments for each loan, leading to a total of 20,614,874 observations. Additional information, 
including recovery amounts, charge-off or pay-off time, were recorded for the defaulted loans. 

Default is defined as four consecutive missed monthly payments on the lending platform. When borrowers are unable to meet 
repayment requirements after default, the loans will be charged off. Some of these charged-off loans may be sold to third party col-
lectors, and the proceeds obtained after fees are deducted. The total recovered amount for each defaulted loan is thus equal to pay-
ments from the borrower during the recovery process, plus sale proceeds, minus fees. Consequently, the LGD is calculated as 

LGD = 1 −
Payments + Sale proceeds − Fees

EAD
(1)  

where ‘Payments’ refers to the sum of payments made by each defaulter during the recovery process, if any. Here we ignore the time 
values of payments made at various times, because the time of collections is not available and the difference is trivial. The distribution 
of LGD calculated by Eq. (1) for all defaulted loans are given in Fig. 1. 

Unlike the LGD of credit cards, which has a U-shaped distribution (Bellotti and Crook, 2012) and the LGD of secured bank loans, 
which shows spikes around 0 (Loterman et al., 2012), the LGD of online unsecured consumer loans is mostly distributed around 1 and 
shows low frequencies around 0. In the above figure, most of the observations lie in the range of [0.8,1] , whereas the majority of 
mortgage LGDs are in the[0,0.1]range (Tong et al., 2013; Do et al., 2018). This pattern is not surprising, since no guarantees or 

Fig. 1. The distribution of LGD.  
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collaterals are attached to these consumer loans. The lenders have very limited means to recover losses, which leads to a higher value of 
LGD. Online lenders generally suffer high loss rates once borrowers have defaulted. 

In this paper, the dataset of all loans is randomly divided into four approximately equal subsets. The first three datasets are taken as 
training samples to build application scores, behavioral scores and LGD models successively, while the last subset is taken as a test 
sample to evaluate the model’s predictive performance. Table 1 shows the number of samples in each dataset. 

In Table 1, the percentage of defaulted and fully paid loans in each dataset is similar to those found in the whole population, 
roughly 15% and 85% respectively. In addition, when LGD was modelled and tested on Panel C and D, only defaulted loans were used, 
because default is an assumption. 

In this paper, the variables are grouped into four categories. The first group encompasses application characteristics, which are 
gathered at the time of application and remain the same over time. These application characteristics are important attributes for the 
credit scoring models. For example, ratios of loan amount to income and debt to income indicate the indebtedness of the borrower, and 
as such have been widely used in modeling the borrower’s default risk (Malekipirbazari and Aksakalli, 2015; Serrano-Cinca et al., 
2015; Bastani et al., 2019; Li et al., 2019; Li et al., 2023) as well as the online loan’s LGD (Zhou et al., 2018). Interest rates and the 
accorded loan grade are the result of the risk assessment made by the lending company. Both are important loan features, and have 
thus been widely utilized to model PD (Emekter et al., 2015; Serrano-Cinca et al., 2015; Iyer et al., 2016; Jiang et al., 2019; Li et al., 
2019) and the LGD of online loan (Zhou et al., 2018; Li et al., 2021; Xia et al., 2021). The covariates delinquency 2 years, inquiry in last 
6 months, open account, public record, total account and public record bankruptcies all detail different aspects of the borrower’s credit 
history. These characteristics have previously been used in credit risk models (Serrano-Cinca et al., 2015; Bastani et al., 2019; Li et al., 
2019; Bai et al., 2021; Li et al., 2023). The other three groups of variables - repayment behaviors, macroeconomic conditions and credit 
scores - are time-varying. Repayment behavior data are typically updated monthly, and they describe the fulfillment of obligations by 
the borrower on their current credit. These repayment behavior variables are important dynamic inputs for behavioral scoring models. 
Some of the related research can be found in Stepanova and Thomas (2001); Sarlija et al. (2009); Bakoben et al. (2020). The MVs used 
in this study are also monthly values which were extracted from the Economist Intelligence Unit CountryData database. The credit 
scores, i.e., survival application scores and behavioral scores, for each loan are built into this paper. Please note that although the 
application data was collected at the time of applications, the application scores developed by survival analysis are produced for each 
month-on-book (presumed survival time), which means that this is also a time-varying covariate. The details of all variables are 
summarized in Table 2. 

Descriptive statistics of continuous application variables are presented in Table 3. A borrower on average has an annual income of 
$74,285.75 and requests a loan of $12,653.47. The interest rates of the loan range from 5.32% to 30.99%, which are generally higher 
than the banks’ prime interest rate, as shown in Fig. 2. The average records for delinquency in the last 2 years, the inquiries having 
been made in the last 6 months, public records and public record bankruptcies all show that borrowers have experienced relatively few 
bad credit activities in the past. For time-dependent variables, we calculate statistics ranging over all 20,614,874 observations. For 
example, the number of times that the borrower has not fully paid off in terms of their monthly payments ranges from 0 to 33, reaching 
a mean value of 0.14, and the monthly payments made by borrowers are on average $133.24 more than the payments required by the 
contract or provision. Note that descriptive statistics of MVs are not reported in Table 3, but we do provide their monthly time-series in 
Fig. 2. 

The choice of MVs in this paper follows Bellotti and Crook (2012) and Tobback et al. (2014). Both papers established that un-
employment rates and income were significant drivers of LGD. Bellotti and Crook (2012) also found that the bank’s prime interest rate 
had a significant effect on LGD. The GDP growth rate may also be a good indicator of macroeconomic conditions. We have not included 
it here, however, since figures for a monthly GDP are not available, which is the granularity that lenders typically require (Bellotti and 
Crook, 2012). Instead, another indicator of the state of the economy – the producer price index – has been added to the model. This MV 
has a significant effect on PD (Bellotti and Crook, 2009) and on LGD too, due to the link between PD and LGD that we mentioned 
previously. In light of these facts, four MVs have been considered in this paper, and the graphs showing the time-series of these MVs are 
given in Fig. 2. 

In Fig. 2, a clear time trend can be observed for three of the MVs: we see that the unemployment rate generally declines over time, 
while both the producer price index and average real wage index increase overall. To remove the time trend and reduce the corre-
lations, we follow Bellotti and Crook (2014) to take the difference in the value over a year for these three MVs. A graph of the annual 
differences for these MVs is shown in Fig. 3. A less pronounced time trend is revealed in this graph. All the MVs are incorporated as 
time-dependent covariates into the multiplicative hazard model in order to develop behavioral scores. We also consider the lag 
structure of these MVs, i.e., 1-month, 3-month and 6-month lags are taken as a basis for our behavioral scoring model. The best lag 
structure is chosen by the Akaike Information Criterion (AIC). 

Table 1 
A summary of the datasets.  

Outcome All loans Panel A Panel B Panel C Panel D 

Sample Percent Sample Percent Sample Percent Sample Percent Sample Percent 

Defaulted 126,240 14.83 31,645 14.87 31,547 14.82 31,503 14.80 31,545 14.82 
Fully Paid 725,067 85.17 181,181 85.13 181,280 85.18 181,324 85.20 181,282 85.18 
Total 851,307 100 212,826 100 212,827 100 212,827 100 212,827 100  
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4. LGD modeling framework 

In this paper, survival analysis is employed to build both application scores and behavioral scores. Let Tdenote the time to default. 
The distribution of T in survival analysis is described by the hazard and survival functions. The hazard function is defined as 

h(t) = lim
Δt→0

Pr(t ≤ T < t + Δt|T ≥ t)
Δt

, (2)  

while the survival function is given byS(t) = Pr (T > t). These two functions, together with the cumulative distribution function and 
probability density function, are equivalent ways of describing the distribution of continuous random variables. 

Table 2 
A summary of variables.  

Variables Description 

Application characteristics Static covariates 
Loan amount to income A ratio calculated by dividing the loan amount by annual income. 
Interest rate Interest rate of loans 

Loan grade 
A grade quantified by Lending Club, where Grade A is the safest while Grades E, F and G are integrated into a single ‘risky’ group 
based on similar hazard ratios. 

Residential status Indicated by owned, rented and mortgaged. The omitted category is rented. 
Credit history length Number of months since the date that the borrower’s earliest reported credit line was opened. 
FICO The borrower’s FICO scores at loan origination. 
Revolve utility Revolving line utilization rate, or the amount of credit the borrower is using relative to all available revolving credit. 
Debt to income A ratio calculated by dividing a borrower’s monthly debt payments to their monthly income. 
Delinquency 2 years The number of 30+ days past-due incidences of delinquency in the borrower’s credit file for the past 2 years. 
Inquiry in last 6 months Number of credit inquiries in past 6 months. 
Open account The number of open credit lines in the borrower’s credit file. 
Public record Number of derogatory public records. 
Total account The total number of credit lines currently in the borrower’s credit file. 
Public record bankruptcies Number of public record bankruptcies.  

Repayment behavior data Time-varying covariates 
Number of late payments The number of times that the borrower has not made full monthly payments until the current month-on-book. 
Average number of late 

payments The average number of times per month that the borrower has not made full monthly payments until the current month-on-book. 

Differences of payments The differences between received payments and contracted payments at each month-on-book. 
Cumulative differences The cumulative differences between received payments and contracted payments until the current month-on-book.  

Macroeconomic conditions Time-varying covariates 
Prime interest rate The prime interest rates offered by the largest US banks on short term loans to their creditworthy customers. 
Producer price index The producer price index rebased to 2010 = 100, seasonally adjusted. 
Unemployment rate Recorded official unemployment as a percentage of total labor force, seasonally adjusted. 
Average real wage index The average real wage index in local currency rebased to 2010 = 100, seasonally adjusted.  

Credit scores Time-varying covariates 
Application score Developed by the Cox proportional hazard model using application characteristics. 
Behavioral score Developed by the multiplicative hazard model using application score and time-varying variables.  

Table 3 
Descriptive analysis of continuous application variables.  

Variables N Mean St.D Min. Max. 

Loan amount 851,307 12,653.47 8,050.80 1,000.00 40,000.00 
Annual income 851,307 74,285.75 67,975.73 3,000.00 9,573,072.00 
Loan amount to income 851,307 0.19 0.11 0.00 0.71 
Interest rate 851,307 11.96 4.00 5.32 30.99 
Credit history length 851,307 195.87 92.15 36.00 999.00 
FICO 851,307 696.81 31.12 662.00 847.50 
Revolve utility 851,307 52.21 23.71 0.00 100.00 
Debt to income 851,307 17.98 8.36 0.00 49.96 
Delinquency 2 years 851,307 0.33 0.90 0.00 30.00 
Inquiry in last 6 months 851,307 0.64 0.93 0.00 8.00 
Open account 851,307 11.48 5.40 1.00 86.00 
Public record 851,307 0.23 0.64 0.00 86.00 
Total account 851,307 24.44 11.82 2.00 176.00 
Public record bankruptcies 851,307 0.14 0.39 0.00 12.00  
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Fig. 2. Time-series of MVs.  

Fig. 3. Annual differences for the MVs with time trends.  
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More concretely, we use the Cox proportional hazard model (Cox, 1972) to build application scores at the time of application. 
Compared to the widely used application scoring models - logistic regression, support vector machine, neural network and random 
forest (Dumitrescu et al., 2022; Li et al., 2023), the Cox proportional hazard model shows some clear advantages. First, it can take 
account of any length of time horizon, as it models the time until default occurs (Li et al., 2023). Recent research has investigated the 
use of machine learning in developing survival models for credit risk modeling (Ptak-Chmielewska and Matuszyk, 2020; Blumenstock 
et al., 2022), enabling them to reap the benefits of both machine learning and survival models for credit risk. Again, since our focus is 
on LGD, we do not take this further in this paper, and focus instead on using traditional survival models. Second, the Cox proportional 
hazard model can predict not only whether default will occur, but also give the probability of when the default might occur (Banasik 
et al., 1999; Stepanova and Thomas, 2002). The question of when default will occur is not an easy one to answer when using other 
methods such as logistic regression, or other machine learning algorithms. Third, the Cox proportional hazard model can deal with 
censoring (Allison, 2010), a common situation in which the value of target variables is only partially available. We have not, however, 
taken full advantage of this when we model time until default, since the main focus in this current study is LGD where default itself is 
the condition. Given a vector of application characteristicsx, the Cox proportional hazard model is 

h(t, x) = h0(t)exβ (3)  

whereβ is a vector of parameters to be estimated and h0(t) is a baseline hazard function depending on t. The values of the Breslow 
estimator Ŝ(t, x) are taken as the application score, which measures how likely the applicant will survive up to the time of interest. For 
vectors of given covariatesx and parameters β̂ estimated by the partial likelihood method, the Breslow estimator of the survival 
function is given by 

Ŝ(t, x) = exp[ − Λ̂(t, x) ] (4)  

where Λ̂(t, x) is the cumulative hazard function estimator. For more details about Λ̂(t, x) and the Breslow estimator Ŝ(t, x), see Lin 
(2007). 

When loans are issued, lenders will closely monitor the behaviors of borrowers. For example, if the borrower goes through a period 
of financial hardship, possibly due to illness or unemployment, they may be unable to repay the loan, thus making it difficult to recover 
the funds. Therefore, PD and LGD are likely to be higher than those recorded at the time of issuance. Application information given at 
the beginning of the process cannot capture the changing situation of the borrower, especially as the loan ages. However, behavioral 
scores which integrate account behavioral data are useful to help monitor the borrower’s status over time (Bellotti and Crook, 2012). 

In this paper, we employ a multiplicative hazard model (Fleming and Harrington, 1991) to develop behavioral scores, which are 
expected to reveal a borrower’s successive hardships over time and thus facilitate LGD predictions. The multiplicative hazard model, 
based on a counting process formulation, is a generalization of the Cox proportional hazard model. It can also incorporate time-varying 
variables and provide a dynamic framework for prediction (Leow and Crook, 2014). Behavioral scoring generally requires time- 
varying characteristics and a dynamic estimation of the PD, which is why this method is ideal for behavioral scoring. Moreover, a 
multiplicative hazard model can deal with recurrent events and complex censoring patterns (see Kleinbaum and Klein (2012) for more 
details), although we do not make use of this unique feature in this paper. Assuming a set ofnborrowers, the counting process Ni ≡

{Ni(t), t ≥ 0} counts the number of observed events experienced over time t. In this paper, the event of interest is default, and the count 
is 0 or 1 for the i thborrower. Ni (i = 1,2,⋯,n)are right-continuous step functions with a jump of size+1and zero at time zero. 
Letβdenote the column vector of regression coefficients to be estimated. The multiplicative hazard functionΛ(t,Zi(t)) for processNi is 
given by 

dΛ[t,Zi(t) ] = Yi(t)exp[β
′

Zi(t) ]dΛ0(t) (5) 

WhereYi(t) is an indicator with the value of 1 if the i th borrower is at risk at time t , and 0 otherwise. Zi(t) is a column vector of 
covariates for the ithborrower at time t , andΛ0(t) is a baseline cumulative hazard function. The partial likelihood function for -
n independent triplets{Ni(t),Yi(t),Zi(t)}of counting, censoring and covariates, has the form 

Fig. 4. The timeline of an issued loan.  
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L(β) =
∏n

i=1

∏

t≥0

{
Yi(t)exp[β

′

Zi(t) ]
∑n

j=1Yj(t)exp
[
β′Zj(t)

]

}ΔNi(t)

(6)  

in whichΔNi(t) = 1ifNi(t) − Ni(t − 1) = 1andΔNi(t) = 0otherwise. We take the values of the Breslow estimator obtained from the 
multiplicative hazard model as our behavioral scores. For details of the Breslow estimator under counting process notation, see Lin 
(2007). 

In this paper, the borrower will be scored for each month-on-book until either the loan is defaulted or fully paid. If an event of 
default occurs at the m th (m ≥ 4due to the definition of default) month-on-book, static application information and time-dependent 
variables, including repayment behavior data, MVs, application scores and behavioral scores, are all taken to predict LGD. These 
processes can be illustrated in a timeline, given in Fig. 4, which also shows the relevant actions taking place during the process. 

Fig. 4 is a depiction of the processes of credit risk management for a loan account in practice. Application scoring is applied to loan 
acquisition and credit evaluation, which is the first step after a loan has been requested. Application scores are used to determine 
whether a loan is acceptable, based on the lender’s tolerance, and those with application scores below a certain cut-off (thus a higher 
credit risk) are denied. Behavioral scores are used for account management (Anderson, 2007). Collections and recoveries are the final 
steps taken to deal with delinquent accounts. In this paper, we predict LGD at the time of default, followed by collections and re-
coveries. We pay particular attention to how time-dependent variables, such as credit scores, can benefit LGD predictions. Thus, four 
types of model specifications for each LGD model are considered, which are used to evaluate the improvement as more time-dependent 
variables are introduced. They are listed in Table 4. 

Model 1, which merely contains static application characteristics, is used as a benchmark. Models 2 to 4 successively incorporate 
application scores and repayment behavior data, as well as MVs and behavioral scores. We expect that Model 2 will perform better than 
Model 1, indicating that survival application scores can facilitate LGD prediction, and that models currently in use cannot fully reveal 
the relationship between application characteristics and LGD. Since evidence from retail credit cards (Bellotti and Crook, 2012), home 
equity lines of credit and corporate loans (Tobback et al., 2014) has found that the inclusion of MVs improves LGD forecasts, we have 
accordingly not separated those MVs from repayment behavior variables. The claim that Model 3 performs better than Model 2 is 
expected to hold true, according to evidence from previous studies. Model 3 should in fact serve as a reference for Model 4, which 
contains additional behavioral scores. If Model 4 has the best overall ability in predicting LGD, this means that the statement that 
behavioral scores can facilitate LGD prediction and hypothesis set out in Bellotti and Crook (2012) is to some extent corroborated. 
Moreover, these results would support the point that LGD prediction needs to be considered in the context of a changing loan man-
agement process. 

Four performance metrics are applied to the test sample for model comparison. The first one is adjustedR2, which measures how 
well the variability of LGD in the test sample can be explained by the model. RMSE and MAE measure the difference between ob-
servations and predictions. The former is defined as the square root of the average squared difference between the observed and 
predicted LGD, while the latter is the mean absolute difference between the observed and predicted values (Loterman et al., 2012). The 
final metric is Pearson’s correlation r, which measures the linear relationship between the observed and predicted LGD. 

As the literature shows, there are a large number of approaches used for LGD prediction. Since we focus on the performance of 
dynamic credit scores on LGD prediction, we select four widely used techniques from Thomas et al. (2017), which we consider to be the 
most appropriate in dealing with the truncated distribution of LGD. They are Tobit regression, decision trees, Logit-transformed linear 
regression and Beta regression. For details of these models, please see Appendix A. The other widely used model, ordinary least squares 
regression, is not selected, due the bounded nature of the dependent variable LGD. Predicted values from the ordinary least squares 
regression can never be guaranteed to lie in the unit interval (Bastos, 2010). 

5. Main results 

In this section, we first report the results of application scoring and behavioral scoring models. Then, a brief comparison between 
application scores and behavioral scores is provided. Next, we report out-of-sample predictive accuracy for the four model techniques 
with various specifications. 

Application scores are developed on Panel A using a Cox proportional hazard model. The results of model fitting are given in 
Table 5. 

There are a large number of variables which meet the 0.001 criterion for statistical significance. For example, a higher ratio of loan 
amount to income indicates a heavier repayment burden on the current loan, thus the hazard of default significantly increases. This 
result is consistent with Serrano-Cinca et al. (2015) and Li et al. (2023), who also obtained a significantly positive coefficient for loan 

Table 4 
A list of different kinds of LGD model specifications.  

Covariates Model 1 Model 2 Model 3 Model 4 

Application characteristics √ √ √ √ 
Application scores  √ √ √ 
Repayment behavior data, MVs   √ √ 
Behavioral scores    √  
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amount to income using the Cox proportional hazard model. The lending company would in this case assign a lower grade and a higher 
interest rate for the loan which is perceived to be a high default risk. Our results show that these loan grades and determined interest 
rates are effective indicators of creditworthiness. Similar results can be found in Emekter et al. (2015) and Iyer et al. (2016). Debt to 
income exhibits a significant positive relationship with default hazard. A higher ratio of debt to income means a heavier debt burden, 
thus borrowers are more likely to default. Inquiries being made in the last 6 months and public record bankruptcies are all also 
positively related to default risk. Other noticeable variables, such as credit history length, FICO scores and revolve utility are found to 
have significant and negative relationship with the risk of default. These results are in accordance with Li et al. (2023), Mo and Yae 
(2022). 

When we develop behavioral scores using the multiplicative hazard model, application scores, repayment behavior data and MVs 
are taken as covariates. The choice to incorporate application scores rather than static application characteristics into our behavioral 
scoring model is inspired by Stepanova and Thomas (2001), who built behavioral scores using a Cox proportional hazard model with 
an application score and behavioral variables only. In this paper, we have adopted this method, as there are many more additional 
parameters to be estimated if static application characteristics are incorporated instead. The results of our multiplicative hazard model 
are given in Table 6. 

Nearly all variables listed in Table 6 are statistically significant at the 0.001 level, except for the application score, which is 
negatively related to the hazard of default during the repayment period at the 0.05 level. A higher application score indicates a greater 
creditworthiness, so the associated hazard of default during the repayment period is accordingly lower. As for repayment behavior 
variables, both the number of late payments and average number of late payments have a positive coefficient, while it is negative for 
the other two variables - differences of payments and cumulative differences. These results are logically sound, since a higher value for 
the first two repayment behavior variables at any given time t means that there has been a relatively poor repayment performance up 
until that time, meaning that the hazard of default at time t will inevitably be higher. On the other hand, borrowers with a high value 

Table 5 
Results of model fitting for application scoring.  

Parameter Parameter estimate Standard error Chi-square p-value 

Loan amount to income 0.8721 0.0520 281.7467 <0.0001 
Interest rate 0.0547 0.0039 196.6270 <0.0001 
Grade A − 1.0345 0.0630 269.7022 <0.0001 
Grade B − 0.5357 0.0477 126.3565 <0.0001 
Grade C − 0.1973 0.0367 28.9608 <0.0001 
Grade D − 0.0938 0.0274 11.7269 0.0006 
Residential status mortgage − 0.1992 0.0128 243.8408 <0.0001 
Residential status own − 0.0798 0.0183 18.9997 <0.0001 
Credit history length − 0.0004 0.0001 28.3293 <0.0001 
FICO − 0.0046 0.0003 260.5095 <0.0001 
Revolve utility − 0.0054 0.0003 368.6454 <0.0001 
Debt to income 0.0104 0.0007 213.7191 <0.0001 
Delinquency 2 years 0.0073 0.0060 1.4802 0.2238 
Inquiry in last 6 months 0.0751 0.0058 168.6529 <0.0001 
Open account 0.0013 0.0015 0.7691 0.3805 
Public record − 0.0160 0.0111 2.0524 0.1520 
Total account 0.0045 0.0007 40.4766 <0.0001 
Public record bankruptcies 0.0997 0.0177 31.6827 <0.0001 
Model Fit Statistics     

Criterion Without Covariates With Covariates LR-test p-value 
AIC 745,859 732,738 13,157 <0.0001  

Table 6 
Results of multiplicative hazard model.  

Parameter Parameter estimate Standard error Chi-Square p-value 

Application score − 0.1643 0.0771 4.5411 0.0331 
Number of late payments 0.1112 0.0035 1002.5074 <0.0001 
Average number of late payments 8.6331 0.0639 18,273.9697 <0.0001 
Differences of payments − 0.0025 0.0000 18,248.4441 <0.0001 
Cumulative differences − 0.0000 0.0000 33.9413 <0.0001 
Prime interest rate 1.0254 0.0234 1928.2572 <0.0001 
Producer price index − 0.6517 0.0150 1883.6073 <0.0001 
Unemployment rate 0.2840 0.0225 159.3626 <0.0001 
Average real wage index − 0.7104 0.0204 1217.6151 <0.0001 
Model Fit Statistics     

Criterion Without Covariates With Covariates LR-test p-value 
AIC 743,685 557,673 186,029 <0.0001 

Notes: MVs have taken on a lag of 1 month, as the AIC values for the model with no lags, 3- or 6-month lag on the MVs are 557,892, 558,137 and 
559,060 respectively. The producer price index, unemployment rate and average real wage index have already taken on twelve-month differences. 
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for the differences of payments or cumulative differences taken at any time during the repayment period have a relatively better 
repayment performance, so the hazard of default at time t is accordingly lower for these borrowers. Although little research has 
examined their effect over time, we find that some evidence from research into credit cards supports our analysis. For example, a 
higher delinquency count indicates that credit card holders have performed relatively badly on the account, and the hazard of default 
therefore increases significantly at time t (Sarlija et al., 2009). However, the definition of a delinquency count for credit cards differs 
slightly from that of number of late payments for a loan. If the credit card holder has a lower current balance, which for our purposes 
corresponds to a higher cumulative differences, then the hazard of default significantly decreases over time, since a lower balance is 
easier to clear (Bellotti and Crook, 2013). Of these MVs, greater values of the prime interest rate and the unemployment rate represent 
an increasing stress on obligors (Bellotti and Crook, 2009, 2014), thus the effect of these two MVs is positive. According to Bellotti and 
Crook (2014), a higher value of producer price growth and average real wage growth should indicate improved economic conditions, 
and hence a negative effect on hazard of default. 

After these parameters have been estimated based on the training samples, we are able to score each new borrower and continue to 
refresh behavioral scores according to the latest information. Evaluating the performance of application and behavioral scores on 
default prediction is not the focus of this paper, however. Instead, we only make a brief comparison and provide an overview of these 
scores on LGD prediction. The following Fig. 5 depicts the time-dependent mean values of application and behavioral scores for 
defaulted loans on both Panel C & D. 

As seen in Fig. 5, the borrower in default would on average have lower behavioral scores than application scores. For example, 
when the time of interest is at the 36th month-on-book, an average behavioral score of 0.24 would be given to the borrower in default. 
This means that, on average, the estimated probability of surviving longer than 36 months is 0.24, based on the behavioral scoring 
model. However, the application scoring model predicts a probability of 0.74, which is clearly an overestimation, as the true prob-
ability of surviving more than 36 months for defaulted loans is 0. It is necessary to use receiver operating characteristic (ROC) analysis 
to further prove that behavioral scores are better than application scores in predicting default (Stepanova and Thomas, 2001). Next, we 
evaluate the performance of these scores in predicting LGD. 

Here we first model LGD on Panel C, and then assess the predictive accuracy on Panel D. Modeling techniques and their specifi-
cations have been given in Section 4. It should be mentioned that, for time-dependent variables, the values at the time of default are 
used to predict LGD. Some historical information of the time-dependent variable is incorporated through the use of historical average 
values or cumulative values, such as the average number of late payments for the number of late payments and cumulative differences 
for the differences of payments. To best incorporate historical information for these credit scores, we added the historical average 
values of both the application score and behavioral score over the repayment period to Model 4. Results of the predictive accuracy in 
terms of LGD are given in Table 7. 

Metrics such as adjustedR2, RMSE and Pearson’s r show that the Tobit and decision tree models generally perform better in pre-
dicting LGD, since first application scores, then repayment behavior data and MVs, and finally behavioral scores are all successively 

Fig. 5. Time-dependent mean values of application scores and behavioral scores.  
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incorporated. The results of MAE are inconsistent. This is possibly because MAE gives the same weight to all errors rather than giving 
more weight to large errors as RMSE does, which seems to be more reasonable. These latter two methods, Logit-transformed linear 
regression and Beta regression, require an adjustment to LGDs of 0 and 1, i.e. a subtraction of ε from the value of 1 and then an addition 
of ε to the value of 0, before we are able to correctly model LGD. Evidence from previous research shows that the performance of these 
kinds of models is very sensitive to the adjustments made (Qi and Zhao, 2011). In this study, we search for the optimalε in the set 
{5 × 10x,10y|x, y = − 1,− 2,− 3,− 4,− 11}. Finally, we found thatε = 0.01gives a relatively better performance. Note that the negative 
adjustedR2 andR2 are not uncommon in LGD cross-validations, e.g. see Loterman et al. (2012) and Tobback et al. (2014). Generally, 
except for a little discordance in MAE for Beta regression, the predictive performance of Logit-transformed linear regression and Beta 
regression will be improved as more time-dependent variables, especially application scores and behavioral scores, are incorporated. 

Thus far, we have shown that both survival application scores and behavioral scores improve LGD prediction on the test sample. 
Since the application score is obtained at the time of application, while the behavioral score is produced during the process of 
repayment, it can be concluded that LGD is not independent from these two processes. We need to update behavioral information and 
dynamically predict LGD in the repayment process. 

Next, we further examine whether the above improvement of LGD prediction holds true for different portfolio segments. Since 
banks, insurance companies and fund managers build their portfolios based on loan grades, we examined the results for several 
portfolios of different grades of loans in our test sample. Each portfolio is a collection of loans with the same grade, which are 
considered to contain similar risks. In Table 8, it can be observed that the performance of Tobit regression, decision tree, Logit- 
transformed linear regression and Beta regression in predicting LGD for different portfolios generally improves when application 
scores, repayment behavior data and MVs as well as behavioral scores are all successively incorporated. For example, the portfolio of 
Grade C loans includes the largest number of loans. Regardless of the technique applied, Model 4, which incorporates behavioral 
scores, has the highest values of adjustedR2and Pearson’s r, as well as the lowest value of RMSE, thus making it the best performing 
model specification overall. Model 1 is the poorest, while Model 2 is much improved from Model 1 according to these three metrics. 
While the improvements are minor, the result is robust across various portfolios. 

Given these results, we are able to draw some inferences about why application scores and behavioral scores consistently improve 
LGD predictions, even for different types of loan portfolio. First, PD and LGD are correlated and show some common dynamic features 
related to the business cycle (Creal et al., 2014). Both application scores and behavioral scores, which are predictors of PD, are 
therefore also predictive for LGD. Second, application and behavioral scores are measures of creditworthiness, which is regarded as a 
marker of a given borrower’s ability and willingness to repay the debt. They can therefore, to some extent at least, reveal how much the 
borrower will repay the loan after default, i.e. predict the LGD. Third, application and behavioral scores can reflect the borrower’s 
personal circumstances and future economic scenarios, both of which have an impact on LGD, as per Bellotti and Crook (2012). Thus 
both scores improve LGD prediction by adding more timely information to the models. 

6. Expected loss modeling framework 

In this section, we move a step further from LGD prediction, by proposing a framework to estimate expected loss over a broad time 
horizon. We begin by calculating the loss Li,t for loan i at the default time t, which equals toEADi, t ⋅ LGDi. Suppose the date of 
prediction is t′i

(
t′i ≤ t ≤ Ni

)
, the estimated expected loss at the time of ti′ is 

Table 7 
Out-of-sample predictive accuracy of LGD.  

Tobit regression Decision trees 

Model AdjustedR2 RMSE MAE Pearson’s r Model AdjustedR2 RMSE MAE Pearson’s r 

Model 1 0.0002 0.1318 0.0867 0.0597 Model 1 0.0035 0.1316 0.0848 0.0641 
Model 2 0.0060 0.1314 0.0870 0.0975 Model 2 0.0094 0.1312 0.0852 0.1008 
Model 3 0.0186 0.1305 0.0872 0.1577 Model 3 0.0434 0.1289 0.0842 0.2106 
Model 4 0.0226 0.1303 0.0875 0.1682 Model 4 0.0444 0.1288 0.0842 0.2130   

Logit-transformed linear regression Beta regression 

Model AdjustedR2 RMSE MAE Pearson’s r Model AdjustedR2 RMSE MAE Pearson’s r 

Model 1 − 0.1538 0.1416 0.0868 0.0356 Model 1 − 0.0054 0.1321 0.0884 0.0369 
Model 2 − 0.1465 0.1411 0.0867 0.0706 Model 2 − 0.0007 0.1318 0.0885 0.0709 
Model 3 − 0.1455 0.1410 0.0857 0.1059 Model 3 0.0095 0.1311 0.0902 0.1343 
Model 4 − 0.1182 0.1393 0.0840 0.1321 Model 4 0.0154 0.1307 0.0904 0.1514  
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Table 8 
Performance of LGD prediction models for loan portfolios.   

Tobit regression Decision tree model Logit-transformed linear regression Beta regression 

Grade Model AdjR RMSE MAE Pearson AdjR RMSE MAE Pearson AdjR RMSE MAE Pearson AdjR RMSE MAE Pearson 

A 
2564 

Model1 − 0.0034 0.1502 0.1053 0.0615 − 0.0047 0.1503 0.1064 0.0555 − 0.1958 0.1639 0.1036 0.0253 − 0.0077 0.1505 0.1040 0.0271 
Model2 − 0.0023 0.1500 0.1052 0.0768 − 0.0032 0.1501 0.1063 0.0720 − 0.1948 0.1638 0.1035 0.0410 − 0.0072 0.1504 0.1039 0.0409 
Model3 0.0197 0.1481 0.1039 0.1744 0.0518 0.1457 0.1029 0.2507 − 0.1724 0.1620 0.1006 0.1179 0.0111 0.1488 0.1039 0.1506 
Model4 0.0253 0.1477 0.1037 0.1918 0.0533 0.1455 0.1029 0.2556 − 0.1550 0.1607 0.0990 0.1576 0.0195 0.1481 0.1035 0.1794 

B 
8655 

Model1 − 0.0037 0.1331 0.0882 0.0467 0.0003 0.1328 0.0864 0.0546 − 0.1615 0.1431 0.0889 0.0478 − 0.0030 0.1330 0.0888 0.0493 
Model2 0.0006 0.1328 0.0882 0.0803 0.0056 0.1324 0.0864 0.0916 − 0.1569 0.1428 0.0887 0.0756 − 0.0001 0.1328 0.0888 0.0730 
Model3 0.0178 0.1315 0.0881 0.1619 0.0465 0.1296 0.0853 0.2238 − 0.1450 0.1420 0.0863 0.1225 0.0132 0.1319 0.0904 0.1471 
Model4 0.0215 0.1313 0.0884 0.1721 0.0473 0.1295 0.0853 0.2260 − 0.1199 0.1404 0.0845 0.1494 0.0184 0.1315 0.0906 0.1622 

C 
10,906 

Model1 − 0.0011 0.1274 0.0836 0.0649 0.0029 0.1271 0.0812 0.0677 − 0.1466 0.1363 0.0835 0.0424 − 0.0089 0.1279 0.0863 0.0440 
Model2 0.0061 0.1269 0.0839 0.1091 0.0107 0.1266 0.0815 0.1121 − 0.1372 0.1358 0.0832 0.0866 − 0.0036 0.1275 0.0863 0.0839 
Model3 0.0182 0.1261 0.0843 0.1643 0.0412 0.1246 0.0809 0.2091 − 0.1415 0.1360 0.0826 0.1135 0.0073 0.1268 0.0882 0.1454 
Model4 0.0215 0.1259 0.0847 0.1733 0.0419 0.1246 0.0809 0.2111 − 0.1124 0.1342 0.0811 0.1392 0.0128 0.1264 0.0886 0.1618 

D 
6523 

Model1 − 0.0024 0.1289 0.0828 0.0683 0.0023 0.1286 0.0804 0.0715 − 0.1528 0.1382 0.0834 0.0293 − 0.0100 0.1294 0.0844 0.0314 
Model2 0.0037 0.1285 0.0834 0.1055 0.0075 0.1282 0.0813 0.1058 − 0.1448 0.1377 0.0833 0.0704 − 0.0037 0.1289 0.0845 0.0805 
Model3 0.0069 0.1282 0.0839 0.1453 0.0299 0.1267 0.0807 0.1853 − 0.1560 0.1383 0.0832 0.0820 − 0.0034 0.1288 0.0869 0.1150 
Model4 0.0112 0.1279 0.0844 0.1566 0.0305 0.1266 0.0807 0.1876 − 0.1253 0.1364 0.0816 0.1075 0.0018 0.1285 0.0873 0.1320 

EFG 
2897 

Model1 − 0.0011 0.1332 0.0864 0.0757 − 0.0005 0.1332 0.0844 0.0873 − 0.1421 0.1423 0.0861 0.0304 − 0.0152 0.1341 0.0905 0.0323 
Model2 0.0065 0.1326 0.0875 0.1181 0.0046 0.1328 0.0859 0.1169 − 0.1313 0.1415 0.0862 0.0818 − 0.0090 0.1337 0.0908 0.0806 
Model3 0.0051 0.1325 0.0880 0.1436 0.0216 0.1314 0.0851 0.1801 − 0.1557 0.1429 0.0873 0.0895 − 0.0101 0.1336 0.0919 0.1056 
Model4 0.0076 0.1323 0.0882 0.1488 0.0211 0.1314 0.0849 0.1804 − 0.1264 0.1410 0.0857 0.1094 − 0.0045 0.1331 0.0921 0.1183 

Notes: AdjR denotes AdjustedR2and Pearson represents Pearson’s r. The number under each grade is the number of loans in each portfolio. To maintain consistency, ε takes a value of 0.01. 
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(7)  

whereNi is the term of the loan, Thas been defined as the time to default, andℜ(ti′) represents the set of information available at the 
time of ti′. Note that the time is treated as discrete, since the information is provided on a monthly basis. 

In Eq.(7), there are actually four parts to be estimated: EADi, t, LGDi, as well as two conditional probabilitiesPri[T = t|T ≤ Ni & 
ℜ(ti′) ] and Pri[T ≤ Ni|ℜ(ti′)]. The EAD for credit cards has previously been predicted using credit conversion factors (Leow and Crook, 
2016; Tong et al., 2016). In our scenario, EADi, t can simply be taken from the current exposure, since the payment amount for each 
month-on-book is fixed. Assume the current exposure is CEi,t′i 

and the fixed monthly instalment is Ii, then 

EADi,t = CEi,t′i
− Ii ·max

(
t − t′i − 4, 0

)
(8) 

Noting that default is defined as four consecutive missed monthly payments. So, with discrete time, default at time tmeans that the 
last instalment is paid 4 months back. Therefore, all payments made between the time of prediction and default are Ii ⋅ (t − ti′ − 4), 
supposing loan i is not currently late. 

As forLGDi, we made estimations in Section 5 using the information setℜ(t), i.e. the set of information available at the time of 
default. Here we only have access to the informationℜ(ti′). Therefore, for time-dependent variables, the value at or before the time of  
ti′ will be taken to model LGDi. Here we employ Model 4 for analysis since it has the best performance overall. Other processes are the 
same as those discussed in Section 5. 

Pri[T = t|T ≤ Ni & ℜ(ti′) ]andPri[T ≤ Ni|ℜ(ti′)]are difficult to calculate, since the termPri[ℜ(ti′) ] is not easy to estimate. Even 
though we assume that{ℜ(t) = (X1(t),X2(t),⋯,Xτ(t)), t ≥ 0}is a vector-valued continuous time stochastic process, where Xj(t) (j =
1,2,⋯,τ)denotes the j th covariate, the probability given by Eq.(9) nevertheless remains hard to calculate. 

Pri
(
ℜ
(
t
′

i

) )
= Pr{(X1(t) ,X2(t) ,⋯,Xτ(t) ) = (x1(t

′

, i) , x2(t
′

, i) ,⋯xτ(t
′

, i) ) } (9) 

We solve the problem by applying the behavioral scores to the two conditional probability terms. Note thatℜ(ti′) facilitates the 
calculation of the possibility in two dimensions. First, it provides us with information on which of the borrowers will survive until 
time ti′ , from which we can estimate the probability. Second, it provides us with the conditions to build a behavioral score Ŝi(t, xi) for 
the i thborrower who survives until ti′. Therefore Ŝi(t − 1, xi) − Ŝi(t, xi)

(
t′i ≤ t ≤ Ni

)
is a way to approximate the probability of sur-

viving past time t − 1but failing at time t , given conditionsT ≤ Niandℜ(ti′). We thus use the term Ŝi(t − 1, xi) − Ŝi(t, xi), where ti′ ≤ t ≤
Ni, to estimate the conditional probabilityPri[T = t|T ≤ Ni & ℜ(ti′) ] for the loan which survives past the time ti′ − 1but will default 
before its maturity. As for Pri[T ≤ Ni|ℜ(ti′) ], which denotes the PD before maturity given conditionℜ(ti′), we use 1 − Ŝi(Ni, xi) for 
similar reasons. 

Finally, the model to predict expected loss at any prediction time ti′ given the set of informationℜ(ti′) is as follows: 

E
[
Li|ℜ

(
t′i
) ]

=
∑Ni

t=t′i

⎧
⎨

⎩

[
CEi,t′i

− Ii ·max
(
t − t′i − 4, 0

) ]
·LGDi

[Ŝi(t − 1, xi) − Ŝi(t, xi) ] ·[1 − Ŝi(Ni, xi) ]}

(10) 

As mentioned before, little needs to be done to the modeling process when we estimate expected loss using Eq.(10), provided 
theLGDiis predicted using behavioral scores Ŝi(t, xi). It should be mentioned that Thomas (2009) has also provided a survival analysis- 
based model which allows us to use PD and LGD for predicting expected loss. However, their predictions were performed at the time of 
application, and it was not easy to extend their predictions of net present value, the present discounted profitability of the loan, over a 
broad time horizon. 

To evaluate the predictive performance of the expected loss model in Eq.(10), we conduct an additional experiment with our data. 
Please refer to Appendix B for details. This experiment shows that the expected loss can be well estimated by Eq.(10) at the time of ‘first 
late’, i.e. the first time the monthly payment was not fully paid off. Due to model errors, Eq. (10) does not always outperform the mean 
values in our experiment. In future, better methods to estimate Eq. (7) or Eq. (10) should be proposed to improve performance. In 
addition, we find that Logit-transformed linear regression performs best at the time of ‘first late’, while at the time of default, decision 
trees give a better performance. This means that the timing of prediction also matters in both the prediction of LGD and the choice of 
modeling technique to be used. 

7. Conclusions 

LGD is one of the key elements determining the expected loss of a loan asset or portfolio. In the literature, many algorithms have 
been proposed to estimate LGD. In this paper, we study LGD in a dynamic framework with time-varying survival scores which integrate 
both repayment behavior data and macroeconomic conditions. Based on the dynamic estimation of LGD, this paper further provides a 
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solution to the losses that would otherwise be underestimated with static LGD values. 
In credit scoring, we commonly apply application scoring and behavioral scoring to the prediction of default. Motivated by the 

correlation between PD and LGD, we believe that a borrower’s current repayment capacities as well as their personal circumstances are 
also closely related to LGD. By adding time-varying application scores and behavioral scores to the four most popular LGD models, we 
can obtain better out-of-sample LGD predictions, which display a robust performance for different metrics and portfolio segments. In 
addition, we argue that repayment behavior variables and MVs are also prominent time-varying predictors of LGD. Thus, it is suggested 
that LGD should be estimated not only at the time of loan issuance but also at later stages as and when borrower circumstances change. 

The dynamic nature of time-varying LGD and survival scores can facilitate the estimation of expected losses at any time during the 
repayment period. In this paper, we further propose a framework to optimize the estimation of expected losses, as regulated by the 
Basel Accords. We conduct an experiment where we take the first occurrence of late payment prior to default. The framework shows 
potentials to outperform the mean values as the benchmarks. The framework is more effective in predicting expected losses, especially 
for riskier cohorts, and hence a tool which deserves further attention. Banks are suggested to closely monitor the risky groups of 
borrowers and update the behavioral scoring models by integrating latest information. In this way banks can not only act to control the 
risk but also prepare capital wisely for the potential losses. Online lenders can also benefit from this even if they may not be regulated 
by capital requirements. 

Although our data mainly come from the US - one of the 35 Asia-Pacific countries and regions (Tang et al., 2021), the models and 
methods used in this paper are not only tailored to this country alone. Our methods and results can serve as important references for 
other members of the Asia-Pacific markets, particularly for those regions of underdeveloped and developing inclusive finance. For 
example, our research may be of benefit in countries where the governments apply regulations to online lending, since the LGD and 
credit losses of online loans are typically high. For banks, credit scores are important risk indicators. A better estimation of PD and LGD 
with credit scores would allow for a more accurate estimation of the losses on loan assets, which leads to optimal regulatory capital 
under the Basel Accords or other banking regulations in Asia-Pacific countries and beyond. Our models and results are particularly 
meaningful to online lenders in Asia-Pacific countries, which have experienced rapid growth in recent years and in fact suffer from a 
higher credit risk than the bank does since they provide loans to subprime borrowers. Our models and results provide practical 
guidance and support for online lenders to make wise decisions, not only at the time of loan application but also at later stages where 
potential losses occur. It is suggest to monitor the borrower’s behaviors throughout the repayment and collection periods. 
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