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Abstract

Under the UK Consumer Act 1974, obligors of Hire Purchase and Condi-
tional Sale contracts are allowed to perform a Voluntary Termination (VT)
once certain conditions are met. Upon such an event, lenders recover the un-
derlying assets but are potentially liable to losses upon liquidation of the as-
sets. This poses a challenge from a risk modelling perspective, as these finan-
cial products exhibit Credit (default) risk as well as VT risk, and these two
events are mutually exclusive. In this paper, we propose a modelling frame-
work to account for Credit/Default and VT risk for Retail portfolios, designed
as a 2-factor Monte Carlo simulation of loan-level termination events. The
paper concludes with numerical and backtesting results from a real-life im-
plementation of such framework in the context of an automotive loan portfo-
lio.
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1. Introduction

1.1. The Consumer Act 1974

The Consumer Credit Act 2006 [1] is the main UK legislation that covers con-
sumer credit law. A large portion of the provisions in this Act are inherited from
the Consumer Act 1974 [2], which introduced specific regulations on a broad

range of retail financial products.

Among the products covered by the Consumer Act 1974, Conditional Sale (CS)
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and Hire Purchase (HP) contracts are among the most popular finance options
available in the UK automotive market. In CS contracts, the customer agrees to
buy specific goods (e.g. a vehicle) whereby the agreed sum, or a part of it, is
payable by installments; once all repayments are made, the customer obtains
ownership of the goods. In HP contracts, the customer leases the vehicle for an
agreed period by paying a monthly sum; at the end of the period, the customer
has the option to gain ownership by paying an additional amount (the Purchase
Fee).

Section 99.1 of the Consumer Act 1974 states the conditions for a Voluntary
Termination (VT) “At any time before the final payment by the debtor under a
regulated hire-purchase or regulated conditional sale agreement falls due, the
debtor shall be entitled to terminate the agreement by giving notice to any per-
son entitled or authorised to receive the sums payable under the agreement’ [2].
Section 100.1 further states that unless alternative arrangements are made, the
obligor is liable to pay half of the total amount due as part of the contract, upon
exercising the right to VT—this is also known as the halves rule in UK financial

services.

1.2. Voluntary Termination as a Risk Factor

In the context of a portfolio of CS/HP loans, Voluntary Termination is effective-
ly an additional source of financial risk for the lender. In the particular case of
automotive CS/HP contracts, the lender retains ownership of the vehicle upon a
VT event. In order to recover the original amount financed for the lease, the ve-
hicle is then typically liquidated via an auction process. Commonly, this results
in a net loss for the lender, as the amount received from the sale of the vehicle at
the auction, net of the auction costs, is typically less than the outstanding amount
owed by the obligor to the lender at the time of VT.

It is important to note that VT risk is a separate loss driver with respect to
traditional Credit risk. CS and HP loans are still exposed to customer defaults
and delinquencies, and the dynamics of VT and default events are fundamentally
different: the VT option is a legal right (enshrined in Consumer law) to termi-
nate a contract, whereas a default is an outright contractual breach. It also fol-
lows that, for any given loan, VT and default events are mutually exclusive: a
loan terminated via the exercise of VT rights cannot default thereafter, and vice

versa.

1.3. Benefits of VT Risk Modelling

VT risk can be a substantial contributor to financial losses. It is therefore impor-
tant to accurately model VT risk in portfolio management, forecasting and bal-
ance sheet stress testing applications. The structuring and management of Signif-
icant Risk Transfer (SRT) securitization transactions also benefits from a sound
modelling of VT risk Expected (EL) and Unexpected Losses (UL), as they provide

validation of the risk-offsetting nature of the transaction to regulatory bodies.
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1.4. Proposed Framework and Aim

Our proposal is to model portfolio losses in a holistic way, by means of jointly
simulating loan-level default and VT events via a Monte Carlo scheme driven by
cumulative probability of default (PD) and probability of VT curves. The result
is a 2-factor model, where VT and Credit risk are sources of separate yet mu-
tually-exclusive loan events. Monetary loss is then modelled via traditional Ex-
posure at Default (EAD) and Loss Given Default (LGD) methods, with the in-
troduction of specific Exposure at VT (EAVT) and Loss Given VT (LGVT)
quantities for VT events. The benefits of the framework are:

1) Adherence to real-life dynamics: VT and default events are separate but
mutually-exclusive events. It is anecdotally known that VT risk is managed as an
independent model by Risk Managers—such an approach makes it difficult to
calculate robust Unexpected Total (Credit + VT) Loss metrics, due to the fact
that Credit and VT events are indeed not independent and the sum of extreme
quantiles from independent distributions is, in general, not a good approxima-
tion for the extreme quantile of the joint distribution. This limitation is not present
in our framework, as the events are jointly modelled in a single model.

2) Output flexibility: the Monte Carlo model computes full distributions of
Credit, VT and Total (Credit + VT) losses at any time horizon;

3) Performance: numerical results show the feasibility of this framework as a
near-real-time risk tool for portfolios of up to hundreds of thousands of loans.

Additionally, we believe the present work can be of particular interest to prac-
titioners and academics alike, as there is no prior literature of models specifically
addressing a Voluntary Termination risk factor for retail portfolios. As the key
novel point of the paper is the introduction of VT risk in a Credit modelling
framework, the present paper will mainly focus on the modelling/quantification
of VT risk. This is also true for the backtesting results: since there are several
references for analysis and benchmarking of Credit risk models (e.g. [3] [4]), the
backtesting in the present paper will focus on the comparison of realized VT

losses and model-predicted VT losses.

1.5. Structure

The paper is organised as follows. Section 2 describes the proposed modelling
framework and methodology for the development of a 2-factor Credit and VT
risk engine. Section 3 presents numerical results from a real-life implementation
of the framework, calibrated against historical data and backtested on the per-
formance of a live securitized portfolio. Section 4 provides some conclusive re-

marks.

2. Framework Methodology
2.1. Input Data

2.1.1. Loan-Level Inputs
The model takes several loan-level quantities as inputs. The list of inputs re-
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quired for a single loan is as follows:

1) Amortization profile: specifies a term structure of principal cashflows to
be repaid by the obligor as per its contractual obligations. Note that this term
structure does not include any prepayment assumption.

2) Cumulative Probability of Default curve: determines the cumulative like-
lihood of a default event. Note that for the purpose of the present implementa-
tion, a defaulted loan is considered equivalent to an IFRS9 Stage 3 delinquent
asset, but other definitions may also be used.

3) Loss Given Default: determines the proportion of outstanding balance (ex-
posure) to be effectively lost due to the default event.

4) Cumulative Probability of VT curve: determines the cumulative likelih-
ood of a VT event. For the purpose of the present implementation, a VI°d loan
is considered as a loan for which a Voluntary Termination process has been
completed and the underlying vehicle liquidated (or written off, e.g. in case of
extensive damage).

5) Loss Given VT: determines the proportion of outstanding balance (expo-

sure) to be effectively lost due to the VT event.

2.1.2. Simulation Parameters
In addition to general Monte Carlo parameters such as the simulation time ho-
rizon and the number of scenarios, additional macro inputs to the model are as
follows:

1) Constant Prepayment Rate (CPR): specifies a percentage of monthly no-
tional paid in excess every month by all loans.

2) Event severity probability: specifies the likelihood of a termination event
being classed as severe. Severe events feature a longer time lag between the ter-

mination event and their resolution, thus resulting in a higher exposure.

2.2. Modelling of Termination Events

As mentioned in the introductory section, our proposed framework revolves
around a Monte Carlo simulation of a selected portfolio of loan assets, which can
each be subject to default and VT termination events. This section illustrates the
framework’s strategy to account for the two events simultaneously for each loan.

Figure 1 provides a high-level flowchart of the modelling strategy.

2.2.1. Determination of Loan Event Time
Without loss of generality, the determination of an event time is performed in a
similar manner for both defaults and VT. A visual example for the default case is
shown in Figure 2:

The procedure to determine the event time is as follows:

1) A uniform random variable a is drawn from the [0, 1] range;

2) The random variable is compared and intersected with the cumulative
probability curve for the event. Note that the cumulative curve is provided as a

vector of cumulative probabilities on a discrete (typically monthly) basis,
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Figure 1. High-level flowchart of the 2-factor termination event modelling.
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Figure 2. Example of determination of default event time.

therefore the intersection is performed in practice with a binary search of the

vector with respect to a;

3) The horizontal coordinate of the intersection point determines the desired

termination event time. If there is no intersection, the termination event time is

conventionally assumed to be infinite, Ze. it does not happen within the loan’s

lifetime.

Note that the role of the Monte Carlo simulation is precisely that of generat-
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ing the uniform random variables a, which eventually allow the explicit simula-
tion of termination events for each loan and scenario.

The random variables can also be correlated via standard techniques, e.g. mul-
tiplying the random variable vector by the Cholesky decomposition factor of the

correlation matrix.

2.2.2. Simulation of Loan Events
In every scenario of the Monte Carlo simulation, the model assesses the occur-
rence of a termination event on a loan-by-loan basis. A termination event is de-
termined for each loan as follows:

1) A potential time of default 7, and a potentialtime of VT 1z, are calcu-
lated as per the method described in Section 0.0.3

2) A realised event is then recorded according to the following rules:

a)If 7, <z, and 7, # o, a default event is recorded.

b)If 7, >7,; and 7,; #o0,a VT event is recorded.

c) If 7z, =7, =, no event is recorded and the loan is assumed to have na-

turally reached its contractual maturity.

2.2.3. Bootstrapping Method for Large Correlated Portfolios

In case the number of loans is too high and in turn correlation matrices are too
large to be kept in memory and/or to be feasibly decomposed, a bootstrapping
method can be used instead. The method consists of sampling a lower number of
loans from the portfolio in such a way to allow the use of correlation matrices,
simulate the smaller portfolio and repeat the procedure for a statistically signifi-
cant number of times. The final simulation output is then taken as the average of

all the smaller sub-runs.

2.3. Calibration of Cumulative VT Curves

The calibration of VT probability curves is based on a historical approach, which
will be described in this section. Note that as the calibration of PD curves is a
well-studied problem in the literature and not the main focus of the present pa-
per, we direct the reader to [4] [5] [6] for treatises on industry-standard design
and calibration of PD curves.

Lenders regularly monitor the performance of their loan portfolios, including
VT event details such as the time of VT, the corresponding incurred loss and all
details of the affected loan (e.g. LTV at origination, original loan term, etc.).
Given sufficient quantity of this historical data, it is possible to infer historical
curves of realized VT rates. It is reasonable to assume that these historical curves
can be used to simulate the behaviour of a portfolio under analysis, provided the
loans in the portfolio and those in the historical dataset are of similar type and
composition.

The historical curves used as part of the present model are calibrated on the
basis by a number of bandings, ie. stratifications of the historical dataset used
for calibration. Such bandings in general will have to be chosen in such a way to

reflect the peculiarities of the financial products in the portfolio, and guarantee-
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ing a sufficient amount of data in each banding.

As the present paper focuses on an application of the model to the automotive
loan industry, the chosen bandings were:

1) Original loan term, expressed in terms of min/max brackets

2) Fuel type of the underlying vehicle

3) LTV at origination, expressed in min/max LTV brackets

4) Applicant credit score at origination, expressed as min/max credit score
brackets

Prior to the start of the simulation, each loan gets mapped to the calibrated
curve whose bandings match the loan’s term, underlying fuel type, LTV and cre-
dit score features. The following sections provide additional details on the cho-

sen bandings and the calibration methodology.

2.3.1. Original Loan Term

Without loss of generality, the probability of a VT event is not constant across
the lifetime of a loan. It is instead usually observed to be higher closer to the
point in time where the conditions to satisfy the halves rule have been met, and
lower towards the start and the end of the original loan term. This behaviour is
driven by:

1) VT exercise conditions: a customer can exercise the VT option at any point
in the lifetime of the loan, but it is more economically sensible to do so when the
halves’ point of the loan is reached, 7.e. when the customer has paid at least 50%
of the total amount owed to the finance company'. This explains the spike in VT
probability around the middle* of the overall term and the relatively low proba-
bility at the start of the term.

2) Asset depreciation: at the halves’ point a loan can frequently be in a nega-
tive equity position due to the car’ s depreciation, thus encouraging the exercise
of the VT option. However, towards the end of the term, loans are more fre-
quently found in a positive equity position, thus carrying less financial appeal
towards the VT exercise and resulting in lower VT rates.

These two factors lead to typical “S”-shaped cumulative VT curves, such as the
ones shown in Figure 3. Additionally, the precise shape of the cumulative curve
is found to be highly dependent on the overall duration of the loan. For example,
the halves’ point (and therefore the expected point of inflexion in the cumulative
curve) is directly dependent on the loan duration, and vehicles do not depreciate

at constant rates across time.

2.3.2. Fuel Type
Different regulations (e.g. European-wide future bans on diesel cars) and incen-
tives (e.g. government subsidies for the purchase of hybrid-powered vehicles)

can greatly influence decisions around keeping or switching cars, influencing in

'Note that the halves rule is specific to the UK market. For example, Danish financial regulations al-
so allow VT for certain products but do not include the halves rule.

*Note that the halves’ point does not necessarily coincide with the chronological midpoint of the
contractual loan term.
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Diesel cumulative VT curve samples by duration bands Diesel cumulative VT curves by loan durations and LTV bandings
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Diesel cumulative VT curves by loan durations, LTV and credit score bandings

—— LTV: 96-100, 49-60mths, CS: 0-229
— LTV: 96-100, 49-60mths, CS: 230-259
—— LTV: 96-100, 49-60mths, CS: 260-400
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Figure 3. Sample VT curves by different banding choices. Note that the probability scales have been hidden for confidentiality

reasons.

turn the overall VT rates. Note that for the specific calibration data at hand, the
only Fuel Type bandings used were “Petrol” and “Diesel”, as data points for elec-

tric, hybrid and alternative fuel vehicles were not sufficient.

2.3.3. LTV at Origination
The economic incentive to the customer in performing a voluntary termination
is likely to be higher if, at the halves’ point of the loan, the value of the underly-
ing vehicle is significantly less than the outstanding balance. An intuitive choice
for a banding is then the so-called Future Loan to Value (FLTV), defined as the
ratio between the theoretical outstanding balance of the loan and the estimated
future value of the underlying asset/vehicle. The estimated future value of the
vehicle, however, is typically provided by 3rd-party specialist firms which may
not necessarily have full data coverage for the historical dataset of interest.

As a proxy of the FLTV, the present model uses the Origination LTV as one of
the bandings, defined as:

Origin. LTV = Funded Amount _
Funded Amount + Deposit

This quantity has the added benefit of not being reliant on 3rd party data that

can be missing for certain loans. Analysis of the available historical data has
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shown a reasonably strong differentiation between historical VT curves across

LTV bands, see for example Figure 3.

2.3.4. Credit Score at Origination

VT events can also be the result of “near-default” situations, Ze. cases where
customers already versing in financial difficulties end up exercising their VT op-
tion to avoid credit records’ deterioration. This suggested a potential dependen-
cy between VT rates and the estimated credit quality of the applicant. Analysis of
historical data confirmed this suggestion, showing reasonably strong differentia-
tion in VT rates across credit score bands, see for example Figure 3. Note that
the credit score utilised in the presented banding is an internal reference credit

score with a value range between 0 and 400.

2.3.5. Calculation of Cumulative VT Probability

VT cumulative curves are constructed using monthly marginal historical VT
rates. The marginal VT rate pvt,(m) for a given month m and portfolio band-
ing b indicates the historical likelihood of a VT event being recorded within
months m and m + 1, for any loan belonging to the banding. The recorded date
for a VT event, in our dataset, is intended as the date of VT loss realization. This

likelihood is calculated using historical data as:

_VT,(m)
pvt, (m) N, (m) (1)
where:

* N, (m) is the total number of loans in the banding b which were recorded to
be active at m months from origination.

* VT,(m) is the total number of loans in the banding b which ended up in VT
between m and m + 1 months from origination. The banding b is the com-
bination of the loan duration, fuel type, LTV and credit score segmentations
mentioned in the previous sections.

Note that both N, (m) and VT, (m) are taken across all available vintages.
Therefore, the overall pool of loans that is available for analysis changes with m,
due to long-term historical data not being available for the most recent vintages.

Once marginal rates are obtained for all months m<D_,, , with D, , being
the maximum duration in the selected duration band, cumulative VT rates

PVTC,(m) are obtained as:

PVTC,(m)=>_ pvt,(n) (2)

n<m

Note that the term structure given by all values of PVTC,(m) describes the
cumulative VT curve from origination. Conventionally, PVTC,(0)=0, as it is
assumed that any loan in the portfolio is active as of origination date m=0.Ifa
loan in the simulated portfolio is not starting from origination, Ze with a
non-zero time on book of ¢ months, its corresponding VT cumulative curve for

any month m>t is expressed as:

PVTC, (m)=PVTC, (m+t)-PVTC, (t) (3)

DOI: 10.4236/jmf.2023.133021

347 Journal of Mathematical Finance


https://doi.org/10.4236/jmf.2023.133021

S. Caenazzo et al.

2.4. Loss Calculation

2.4.1. Exposure Calculation
If a loan has been terminated via a default or VT event at time 7, the loan’s ex-

posure E(7) for the event is computed as:

where:

* AM(t) is the contractual cashflow at month ¢ defined by the amortisation
profile.

* Tis the contractual maturity of the loan.

e 7 isthe termination event time (either default or VT).

* §, isatime lag assigned as per Section 2.4.2. As a result of the lag, the sum-
mation spans the interval [maX(O,T—é}),TJ , thus incorporating cashflows
prior to the actual termination time to account for balance build-ups/arrears
that are commonly observed in real-life portfolios.

Note that the exposure takes the name of Exposure at Default (EAD) or Ex-
posure at VT (EAVT) for default and VT events respectively.

2.4.2. Event Severity and Time Lag Assignment

The model assigns the event’s severity according to the dirty event proportion

input, see Section 2.1.2. In particular, a uniform random variable a is drawn be-

tween 0 and 1, and it is compared to the dirty event proportion input &

e If a<d, the event is flagged as severe and the time lag J, is assigned as a
large lag (e.g. 8 months), representative of loans that require a significant
amount of time before the loss is realized (also known as dirty terminated
loans).

* Otherwise, the event is flagged as non-severe and the time lag &, is assigned
as a smaller lag (e.g. 3 months), representative of normal timeframes between
an event notification and the asset’s liquidation (also known as clean termi-
nated loans).

Clean/dirty lags and dirty event proportions can be calibrated by analyzing the
historical data in the portfolio. In the present implementation, once the termina-
tion events have been categorized as dirty or clean, the dirty event proportion
has been computed as the ratio between the number of dirty events and the total
number of termination events, and the clean/dirty lags have been computed as
the average number of months to liquidate an asset and realize a loss after a
clean/dirty event has been notified. Note that the definition of clean and dirty

events is in general arbitrary, and may vary between portfolios and/or product

types.

2.4.3. VT Loss
If a loan terminated via a VT event, a corresponding VT loss is recorded. The
calculation of VT losses adopts an “Exposure/Loss Given Event” approach simi-

lar to what traditionally done in the Credit risk world. The rationale for this ap-
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proach is that losses due to VT events are driven by a multitude of micro-drivers,
such as vehicle depreciation (due to both market conditions and wear & tear),
bespoke agreements between the lender and the obligor, friction costs in the li-
quidation process, and others. As modelling of these micro-drivers is not feasible,
we propose a Loss Given VT parameter in the same spirit of the Loss Given De-
fault (LGD) parameter used for Credit losses. The LGVT parameter can be his-
torically calibrated, as explained in Section 2.4.4.

If a VT event is recorded for a loan as per the decision tree in Section 2.2.2,

the corresponding VT loss L, is computed as:

Ly; = EAVT (7, )-LGVT

where:

* 7, isthetime ofloss realization for the VT event.
* EAVT(7,;)=E(zy) isthe Exposureat VT.

* LGVTis the Loss Given VT.

2.4.4. Calibration of LGVT Parameters

The LGVT parameter is estimated as the average of the historical VT loss distri-
bution, specified as a percentage of the EAVT. In the present implementation,
the LGVT parameters were calibrated on the basis of the same historical dataset
used to calibrate the VT probability curves.

The analysis of historical loss dataset did not highlight significant differences
in LGVT values across the bandings used for VT curve calibration. However, fuel
type was retained as the only banding for the LGVT. The rationale for this choice
is to allow more tailored specifications of “what-if” scenarios: for example, it could
be argued that future regulations will be increasingly more punitive towards Di-
esel and Petrol vehicles, thus reducing their appeal on the used market and in-
creasing realized losses due to LGVT events. Therefore, having Petrol- and Di-
esel-specific loss parameters would allow the model user to selectively perform

stress analyses.

2.4.5. Default Loss

If a loan terminated via a default event, a corresponding default loss is recorded
instead, calculated using a traditional EAD/LGD approach. A default loss L, is
computed as:

L, = EAD(z,)-LGD
where:
* 7 isthe time of loss realization for the default event.

* EAD(zp)=E(zp) isthe Exposure at Default.
* LGDis the Loss Given Default parameter.

2.5. Applicability to Other Product Portfolios

The introduction of Voluntary Termination as a risk factor makes the proposed

model, as mentioned earlier, particularly suited for the modelling of UK auto-
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motive loans. It is worthy to conclude the description of the proposed modelling

framework with a brief discussion on its applicability to portfolios of different

retail finance products. In general, the proposed framework can accommodate
the simulation of any other retail financial product insofar as loan-level data such
as the contractual amortization profile, Probability of Default and Loss Given

Defaults (and appropriate VT inputs too, if the product is subject to Voluntary

Termination clauses) can be provided. If required, additional considerations for

specific products can be addressed as necessary - some examples are presented in

the following list:

* In the case of credit cards and other revolving credit products, particular care
should be given to the amortization profile. Appropriate estimates should be
made regarding the monthly exposure, which is revolving and could be sub-
ject to seasonality effects;

* In the case of asset-backed loans with hand-back options at loan maturity,
this should be modelled as a separate factor as it is traditionally driven by dif-
ferent drivers than Voluntary Termination;

* Mortgages, especially in the US market, are known to have instead rather pecu-
liar prepayment dynamics that should be modelled into the amortization pro-
file. For these products, a Constant Prepayment Rate approach to be applied

to the whole portfolio may not be suitable.

3. Numerical Results
3.1. Test Portfolio Description

The numerical results were produced by analyzing a real-life portfolio of ap-
proximately 95,000 UK automotive loans, of which roughly 98% are Conditional
Sale contracts and 2% are Lease Purchase contracts. The loans are a mixture of
newly-originated and seasoned loans, with a large prevalence of 60-months,
48-months and 36-months contractual term lengths (respectively 58%, 17% and
16% of the total). Roughly 93% of the loans feature used vehicles as the underly-
ing asset. The portfolio was analyzed as of its inception date of 31 December
2018.

Note that for confidentiality purposes, we will not report the portfolio bal-
ance. Similarly, the numerical results in the following sections will only be re-

ported in percentage points of balance rather than in units of currency amounts.

3.2. Simulation Setup

The portfolio was run with the setup presented in Table 1.

Note that CPR, Clean/Dirty lag and Dirty event probability inputs were ob-
tained as historical averages from 5 years of Conditional Sales loan performance
data. As default correlations are quite difficult to estimate in practice, we have
conservatively based the default correlation input upon the BCBS recommended
value of 4% asset correlation for retail credit card portfolios [7]. As a full correla-

tion matrix is too large for the portfolio at hand, we adopted a bootstrap run as
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Table 1. Simulation setup.

Simulation Parameter Value
Reference date 31 Dec 2018
Monte Carlo Scenarios 10,000
CPR 15%
Default Correlation 5%
Clean lag 3 months
Dirty lag 8 months
Dirty event probability 40%
Timesteps 60 (monthly steps over 5 years’ horizon)
Bootstrap sub-runs 100
Number of loans per bootstrap 1000

described in Section 2.2.3. For the purpose of this test, we have assumed no cor-
relation between VT events.

The model was run as a C# implementation on a standard laptop (Intel i7
processor, 16GB RAM), taking approximately 1.5 minutes to process the portfo-

lio simulation.

3.3. Simulation Results

Figure 4 shows the simulation results in terms of Credit and VT Expected and
Unexpected Losses. Unexpected Losses are defined as 99.9%-percentiles of the
corresponding loss distributions. All values are cumulative unless specifically de-
fined as Point in Time (PiT).

Figure 5 shows cumulative loss distribution graphs for Credit, VT and Total
(Credit + VT) losses, at the final time horizon for the simulation (month 60, or
year 5). Note how the VT loss is bell-shaped, relatively sharp and symmetric,
whereas the Credit loss distribution has a noticeably fatter tail. This is due to:

1) The impact of correlation parameters, which are zero for VT random va-
riables and positive (5%) for default random variables;

2) The relative homogeneity of the portfolio and the bootstrap process, for
which the aggregation of uncorrelated losses (such as in the case of VT) tends to

converge to a binomial distribution.

3.4. Backtesting of VT Event Rate and VT Loss

In order to verify the validity of the VT Risk modelling, a backtesting exercise
was performed on the period between December 2018 and June 2020, i.e. up to
18 months after the portfolio inception date. The rationale behind limiting the
backtesting period to 18 months was to avoid periods heavily impacted by UK
government interventions (e.g. payment holidays) in response to the COVID-19
crisis. As mentioned in the introduction, the backtesting focuses on the compar-

ison of VT simulated risk metrics against realized values.
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VTs per Total Loss (Credit Principal

Credit Loss - 99.9%| Defaults per VT-99.9% | period | EAVT +VT) - 99.9% Repaid
Year | Credit EL percentile period (PiT) |EAD (PiT)| VTEL | percentile | (PiT) (PiT) percentile Balance | (PiT)

0 100%

1 0.46% 2.77% 523 0.60% | 0.20% | 0.61% 517 0.61% 2.98% 62% 37%
2 0.92% 4.46% 599 0.59% | 0.39% | 0.93% 477 0.58% 4.86% 32% 29%
3 1.15% 5.19% 386 0.30% | 0.52% | 1.11% 327 0.38% 5.71% 13% 19%
4 1.24% 5.44% 195 0.11% | 0.53% | 1.13% 58 0.05% 5.98% 2% 10%
5 1.25% 5.47% 46 0.02% | 0.53% | 1.13% 4 0.00% 6.01% 0% 2%

Figure 4. Simulation results for the test portfolio.
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Figure 5. Credit, VT and Total (Credit + VT) Loss distributions, using 200 bins for each distribution.

Figure 6 shows a comparison of average simulated versus realized cumulative
VT rates for the overall portfolio. By visual inspection, the simulated event rate
matches the realized one remarkably well after approximately 7 months. Note
how the realized cumulative curve shows a flattening between months 15 and 17,
likely due to the onset of the COVID-19 crisis and government interventions.

Figure 7 shows a comparison of average simulated versus realized cumulative
VT losses for the overall portfolio. By visual inspection, the simulated loss tracks
the realized one fairly accurately. Additional analyses of the portfolio at hand
revealed that the realized LGVT in this particular portfolio was higher (approx-
imately 5% on average) than in the dataset used for calibration of the LGVT si-
mulation parameters, thus largely explaining the larger discrepancy in the losses

with respect to the VT event rates.

4. Conclusions and Future Work

We have presented a quantitative framework for the inclusion of Voluntary

Termination risk in UK retail portfolios. The framework is based on a granular
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Figure 6. Simulated (average) vs. Actual cumulative VT event rate in the backtested pe-
riod.
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Figure 7. Simulated (average) vs. Actual cumulative VT loss in the backtested period.

loan-level simulation that accounts for mutually-exclusive default and VT events.
We presented calibration strategies for the Voluntary Termination probability
curves and Loss-Given-VT parameters, with special attention to the automotive
business. Finally, we presented simulation and backtesting results from a real-life
portfolio, showing the validity of this framework in modelling portfolio-level

Voluntary Termination event rates and losses with reasonable accuracy.

Challenges in Calibration

The calibration approach described in Sections 2.3 and 2.4.4 relies, like the ma-
jority of approaches in Risk modelling for Retail Banking portfolios, on histori-
cal data. It is worthy to note that, whilst the results of the backtesting presented
here showed a satisfactory degree of accuracy, the incoming years and months
will likely be particularly challenging in terms of parameter recalibration. This is

because:
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1) The historical period that spanned the recent COVID-19 pandemic was
highly influenced by government intervention activities which suppressed Credit
and VT events. A calibration based on the blind application of data from this pe-
riod would not tend to capture true customer behaviours;

2) At the time of writing, inflationary policies and asset prices are at peculiar
historical peaks, which are unlikely to be sustained in the long period;

3) In the specific case of vehicle financing, government policies in Western
countries are going more and more towards incentivizing electric vehicles. This
is likely to have an asymmetrical impact on losses and the frequency of De-
fault/VT events for different vehicle fuel types.

For these reasons, we envisage an approach based on the following high-level
principles:

1) Risk managers should identify a suitable historical period to be considered
as a “baseline” for the customer population under analysis;

2) Baseline parameters should be calibrated on the chosen historical period;

3) Stress factors should then be introduced to reflect Risk managers’ views of
future markets with respect to the chosen baseline. Note that the stress factors
mentioned earlier could be calibrated as a combination of projected data (e.g.
asset price index projections, as provided by specialist third party vendors) as
well as internal models, and/or Subject Matter Expert (SME) inputs. We envi-
sage a detailed analysis and discussion on parameter recalibration as a particu-

larly stimulating basis for future work.
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