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Abstract: In this paper, a method was proposed for pricing NPL portfolios, which is currently a
crucial point in the portfolio transactions between the banks and NPL servicers. The method was
based on a simple mathematical model which simulated the collection process of the NPL portfolios
considering the debtors’ behavioral response to various legal measures (phone calls, extrajudicial
notices, court orders, and foreclosures). The model considered the recovery distribution over time
and was applied successfully to the case of Greece. The model was also used to predict recovery, cost,
and profit future cash flows, and to optimize the collection strategies related to the activation periods
of different measures. A sensitivity analysis was also conducted to reveal the most significant factors
affecting the collection process.

Keywords: debt collection; debt recovery; legal measures; NPL portfolio evaluation; debtors’ behavior
modeling; recovery rate

1. Introduction

A Non-Performing Loan (NPL) portfolio could be handled by three managing methods
(as shown in Figure 1):

(1) By in-house collection;
(2) By being assigned to a legal agency for collection; or
(3) By selling to a servicer.

Method one was initially used by banks when the volume of NPLs was low, but this
method is rarely used today. In method two, the NPL portfolio is assigned to a law firm for
collection, the law firm applies legal measures, and depending on their efficiency, recovers
a fraction of the initial debt. The portfolio owner pays for the various costs of the measures
and receives the collected debt minus a success fee for the compensation of the law office.

Method three is the most commonly used method in recent years. A servicer buys NPL
portfolios at a negotiated value and assigns the collection to law firms. An NPL servicer
is a specialized legal entity that engages in all stages of the NPL lifecycle. The primary
objective of the servicer is to collect the payments and manage the NPL's credit assets.

The NPL portfolio’s value is a crucial point for negotiations in method three. Thus,
it is very useful to have an initial feasible estimation of the net present value of the NPL
portfolio based on the collection efficiency, cost, and implementation timeframe.

This paper proposes a simple but effective NPL portfolio pricing model based on the
economics of collection performance. The model considers the most significant factors
which determine the collection results, for example: the collection strategy, the debtor’s
behavior, and the financial and institutional environment. The main goal of the model is to
estimate the net present value of the debt portfolio, but it also aims to estimate the input
and output cash flows with time, according to the collection procedure.
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Figure 1. The NPL portfolio management system.

It should be noted that the present analysis does not use the usual black-box approach
based on a multiple linear model. Instead, it is based on the use of statistical distributions
for the debtors’ performance concerning their response to the available legal measures.
This alternative approach, taken from an engineering standpoint, constitutes the main
innovation of this paper.

Various macroeconomic factors affect the debtors’ behavior and, consequently, the debt
collection efficiency (Khairi et al. 2021). Government deficit and indebtedness, quantitative
easing policies (Cortes et al. 2022), implicit government guarantees (Dantas et al. 2023), and
economic policy uncertainty (Bloom 2009; Baker et al. 2016; Campello et al. 2022) can all be
influential factors.

This article does not aim to discover the effect of macroeconomic factors on debt
recovery. Rather, it aims to predict the future recovery based on the available historical data
using a simple fitted model. Substantially, the model combines the macroscopic factors into
several model parameters. Thus, the model application is limited to the time and region
where the model is fitted. Under that assumption, the model is accurate and sheds light on
the important practical problem of NPL portfolio pricing.

In engineering, it is common to use a simple, imperfect model to obtain accurate
predictions after fitting (tuning) it to real data. This concept is often used on-line (that is, as
data are produced), and has proven to be efficient in many cases.

We emphasize that the scientific research on NPLs started about 15 years before the
global bank crisis of 2008, and has increased exponentially until today. Research on NPL
recovery started after the crisis, and has also increased exponentially. Despite this, the
amount of research on NPL portfolio pricing is still almost negligible, since the related
market developed just a few years ago. Figure 2 shows the trend based on published
papers, along with the countries involved.

Multi-factor linear econometric models have been used to determine the effects of
various factors, e.g., Beck et al. (2015); Chaibi and Ftiti (2015); Ghosh (2015); Girardone
et al. (2004); Messai and Jouini (2013); Dimitrios et al. (2016); Louzis et al. (2012); Makri
et al. (2014); Foglia (2022).

Emphasis on recovery and/or pricing is found in the work of AlihodZzi¢ and Eksi
(2018); Blanchard and Portugal (2017); Bolognesi et al. (2020a); Chamboko and Bravo (2016);
Orlando and Pelosi (2020); Perotti (1993); Scardovi (2015); Stijepovic (2014); Bolognesi
et al. (2020b); Carleo et al. (2023); Carpinelli et al. (2017); Li et al. (2022); Saulitis (2023);
Tupayachi and Silva (2022); Marouli et al. (2015); Bellotti et al. (2021); Calabrese and Zenga
(2008); Ye and Bellotti (2019); Manz et al. (2020); Wang et al. (2021).
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Authors who have focused on the case of Greece include Karadima and Louri (2020,
2021); Konstantakis et al. (2016); Nikolaidou and Vogiazas (2017); Nikolaidou and Vogiazas
(2014); Dimitrios et al. (2016); Louzis et al. (2012); Makri et al. (2014); Marouli et al. (2015).
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Figure 2. Published papers on non-performing loans and recovery. Data from Scopus (March 2023).

2. Process Description

Depending on the regulations in each country, the collection procedure generally
consists of the following measures (Figure 3):

e  Phone communication and discussion with the debtor;
e  Extrajudicial notification of the debt and debtor obligations;
e  Court order of payment;
e  Foreclosure in the case of existing real estate properties.
Assigned
Debt
Phone S
Communication i
v
Extrajudicial I
Notification i
v
Court S
Payment Order -
v
Foreclosure >
v v

Debt Failed Recovered
to Recover Debt

Figure 3. Legal measures applied for debt recovery.
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Financial and Institutional Environment

These measures are implemented sequentially, leaving adequate time between the
measures to receive the debtors’ response. At the beginning of the measure application,
some related cost is paid. After some time, some debtors are motivated and some of the
debt is paid. According to the debtor’s statistical behavior, a wave of payments follows.

3. Process Model
3.1. Targets

The main goal of the model was to estimate the Net Present Value (NPV) of the debt
recovered (that is, the NPL portfolio present price) when some critical data are known or
can be estimated. The model also aimed to calculate the significant cash flows through time
during the time-consuming collection procedure, such as the debt recovery payments, the
various costs of the measures, and the overall profit. Furthermore, the model aimed to be
appropriate for optimizing the collection procedure.

The model results are summarized as follows:

e  The recovery cash flow;

e  The measure cost cash flow;

e  The profit cash flow;

e  The NPL portfolio Net Present Value.
3.2. Factors

The model incorporated the most significant factors affecting the collection process.
These factors are summarized and classified below (factors named “Financial and Institu-
tional Data” refer to the general conditions within the process):

The discount rate, which expresses the time value of money;
The measure cost, which refers to various measure application costs;
The success fee for the collection agency.

The “Debtor Behavior” was represented by the following factors:

The measure efficiency;
The mode debtor response time;
The median debtor response time.

The “Collection Strategy” factors referred to various decision variables which are
determined by the law firm and/or the portfolio owner:

e  The debt fraction for which the measure is applied;
e  The time interval for which the measure is kept active.

Based on the above, the information flow diagram is presented in Figure 4.

Collection Agent Success Fee

Discout Rate
Measure Cost

Results
Debtor Behavior Collection Process Model Recovery Cash Flow
Measure Efficiency Cost Cash Flow

Response Mode Time
Response MedianTime

Collection Strategy

Measure Application Duration
Extent of Measure Application

Figure 4. Model information flow diagram.

Profit Cash Flow
Net Present Value
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3.3. Parameter Estimation

Figure 4 suggests that the debtors” behavior depends on three model parameters.
These parameters adequately describe the development of recovery, but they do not explain
how they depend on the macroeconomic factors described in the introduction.

Thus, in order to use the model, these parameters must be estimated by fitting the
model to the historical data; consequently, the model application is limited to the time and
region of the data.

Figure 5 explains how the macroeconomic factors are combined into the model pa-
rameters, while Figure 6 shows an information flow diagram concerning the parameter
estimation procedure.

Macroeconomic Factors Debtor Behavior
Government Deficits and Indebtedness Measure Efficiency
Quantitative Easing Policies Unknown Model Response Mode Time
Implicit Government Guarantees Response MedianTime
Economic Policy Uncertainty|

Figure 5. Effect of macroeconomic factors on model parameters.

Historical
Datfa . |Deb't Recovery :
Registration |Reg|stered Historical Vaues
Debtor Behavior,|
Measure Efficiency Debtor
Response Mode Time Behavior |Debt Recovery
Response MedianTime Model |Mode| Predicted Values

Minimization |Residua|
Algorithm |Sum of Squares

Figure 6. Parameter estimation information flow diagram.

3.4. Process Optimization

Most of the factors listed above are values received from the process environment (e.g.,
institutional, debtors’ performance, market, etc.), and only a few remain at the disposal of
the NPL’s portfolio manager for process optimization:

e  The extent of measure application (the debt fraction for which the measure is applied);
o  The measurement duration (the time interval for which the measure is kept active).

The optimum value of measure extent is 1, which represents the measure applied to
all debt, except for foreclosure, which is applied only to the debt with collateral (e.g., real
estate, etc.).

Thus, optimization means finding the optimum collection time for each measure,
considering that the total collection time may be constrained to 3-5 years, depending on
the servicer’s policies.

Figure 7 presents an information flow diagram for the process optimization, with
portfolio Net Present Value as the objective function.
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Figure 7. Optimization information flow diagram.

3.5. Model Equations

The measures were implemented sequentially, leaving adequate time between the
measures to allow the debtors to respond.

Suppose that a measure i is applied at the time instance f;. After some time, some
debtors are motivated and some of the debt is paid. The debt recovery R; due to measure i
is calculated by the integral:

tit1

R; = eifiDi—l/ ri(t) dt

ti

where:

D;_1 is the initial unrecovered debt at time ¢; when the measure i is applied;

e; is the extent of measure application;

fi is the measure efficiency;

ri(f) is a function which describes the rate of payments versus time.

The extent of measure application e; expresses the portion of the initial debt D;_; in
which the measure is applied. The debt for which the measure is applied is generally lower
than the total initial debt D;_; because, in practice, there are cases for which the specific
measure cannot be applied. For example, foreclosure cannot be applied in cases that do not
involve real estate properties or other collateral.

The measure efficiency f; is defined as the total amount which can be collected given
infinite time divided by the initial debt for which the measure was applied ¢; D;_1.

Only the payments which happen in the time interval between ¢; and t;,; are consid-
ered as payments due to measure i.

Marouli et al. (2015) proposed a log-normal distribution:

_ 1 (Int — y)z
T(t) - ; /727_[0'2 exp <_ 202 >

H= ln(tmedian )

o? = 1n(tmedian) - ln(tm()d@)

where t,,,4ian and t,,,4. are the distribution characteristics.

The response mode time t,,,4, is the point in time corresponding to the maximum
payment rate (Figure 8), while the response median time t,,,4, is the point in time by which
50% of the maximum recoverable amount has been obtained (Figure 8).
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Figure 8. Measure recovery: (a) Recovering rate; (b) Cumulated recovery.

Marouli et al. (2015) fitted the model to real data, and for each measure they estimated
the three crucial parameters (measure efficiency, mode response time, and median response
time) which describe the debtor’s response to four measures (phone call, extrajudicial

notification, order, and foreclosure).

The unrecovered debt D; at the end of the application of measure i is:

D; =Dij1—R;

The application cost of measure i consists of two separated costs: (a) the institutional
cost Cyy; and (b) the law agent success fee Cg;. Institutional cost is proportional to initial
unrecovered debt D;_1, while the law firm success fee is analogous to recovered debt R;:

Cmi = cieiDj_q

where:

Csi = siR;

¢; is the institutional cost coefficient of measure i

s; is the law agent success fee coefficient for measure i

Generally, the institutional cost ¢; further consists of two parts, one of which is constant
per case and one of which is analogous to the case loan, that is:

o Cpi + CmiLm

1

where:
Cp; is the cost constant per case;

Cri is the cost analogous to case loan;

L, is the average loan of the portfolio, that is, the total debt per number of cases.
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It must be noted that the measure institutional cost Cyy; is paid at the time ¢;, while the
law office success fee cost Cg; follows the time variation of debt recovery R;.

The profit measure P;, that is, the net debt recovery, is obtained by subtracting the
various collection costs Cyy; and Cg; from the debt recovery R;:

P; = R — Cpi — Csi

The total collection profit is:

-

I
—

P=Y P
Collection profit is a function of time, and so future payments could be discounted to
present value (NPV) using the equation:

_ [T _P®)
nev = [ T

where:

t is the time;

ig is the discounted rate, expressing the time value of money.

The Net Present Value (NPV) of an NPL portfolio is essentially its fair price. It is a
crucial point for NPL purchase negotiations.

Figure 9 is a schematic representation of the profit resulting from the measure.

Measure not
Applied

Unable Recovery
Initial
Unrecovered
Loan

Loan Portion
Measure Applied Measure Cost

Measure
Recovery Net Recovery
> > Profit

Figure 9. Schematic representation of loan, recovery, cost, and profit cash flows.

3.6. The Case of Greece

Two kinds of data were needed: (a) the debtors’” behavior characteristics and (b) the
measure cost data.

In a previous paper, Marouli et al. (2015) presented a large set of data from Greece
regarding the debtors’ behavior. It consisted of 170,000 real cases from systemic Greek
banks (personal loans and credit cards). The data referred to both the pre-Greek-crisis
period (2003-2007), which was marked by sustainable economic growth, and the Greek
crisis period (2008-2012).

A log-normal distribution was proposed and validated using the available data to
reveal the debtors’ behavior concerning the applied measures (phone calls, extrajudicial
notification, payment orders, and foreclosure). The results are summarized in Table 1 and
are used in this present analysis.

Table 1 describes the debtors’ characteristics using (a) the measure effectiveness, (b)
the mode time (at which the maximum rate of payments occurs), and (c) the median time
(at which 50% of the overall collected amount is obtained). Data are shown for both growth
and recession periods.
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Table 2 describes the costs of measures. Data was collected from the relevant legislation
along with an appropriate questionnaire answered by some related specific law offices.

Table 1. Debtors’ behavior model characteristics (Marouli et al. 2015), Greece 2003-2012.

Phone Extrajudicial Order Foreclosure
Expansion
Recovery (%) 8.40 23.6 28.0 100
Mode (mo) 1.48 3.20 1.34 2.54
Median (mo) 4.44 22.8 19.1 25.2
Recession
Recovery (%) 490 114 17.9 18.6
Mode (mo) 0.12 1.90 0.13 2.44
Median (mo) 1.80 11.6 435 12.5
Table 2. Measure cost data, Greece 2020.
1. Law Office
1.1 Success Fees 15 % of Recovery
2. Extrajudicial
2.1 Real Estate Check 45 € per Case
2.2 Notification 30 € perCase
3. Court Order
3.1 Court Fees 1 % of the Loan
3.2 Lawyer Compensation 64 € for Loan less than 12,000 €
139 € for Loan between 12,000 and 20,000 €
268 € for Loan greater than 20,000 €
3.3 Notification 20 % of the Loan
4. Foreclosure
4.1 Registration of 172 % of the Loan
Encumbrance
4.2 Court Fees 150 € per Case
4.3 Bailiff Compensation 53 € for the loan portion less than 590 €
2.50 % for the loan portion between 590 and 6500 €
1.00 % for the loan portion between 6500 and 42,200 €
0 % for the loan portion greater than 42,200 €

4. Results and Discussion

The proposed model was simple; it could easily be supported even by Excel, and can
be used to solve various typical problems during the collection process, such as preliminary
portfolio pricing, predictions of future collection cash flow, optimal measures activation
periods, etc.

This section presents a “Base Case” corresponding to the situation in Greece during
recent years. It suggests some actions that could optimize the process, and reveals the effect
of crucial factors on the collection results.

4.1. Base Case
A “Base Case” scenario is presented in Table 3 and Figure 10, and is defined as follows:

The NPL portfolio consisted of personal loans and credit cards;

The size of the loans had a medium average of about EUR 7500/ case;

Collaterals existed for 25% of the loans;

Cost data were according to recently updated Greek legislation;

Debtors’ behavior was according to the period of economic expansion in Greece;
The collection period of 5 years was divided equally into 15 months per measure;
The time value of money was 10% discount rate.
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Table 3 presents the input/output data of the model for the Base Case scenario, sepa-
rately for every legal action. Since the data for the financial and institutional environment
were typical for the present period, the debtors” behavior parameters were estimated
using recent data, and the collection strategy expressed the typical practice; the results
could be considered as a benchmark case. That is, 34.3% of the initial debt could be col-
lected after 5 years, 8.3% of the initial debt corresponded to the various costs of collection,
and the resulting net profit was estimated to be 26.0%, which corresponded to 20.9% net
present value.

Figure 10 shows the information graphically for every legal action. The legal measure
collection efficiency and cost are compared in Figure 10c.

Figure 11 is a complete integrated picture of the collection process cash flows for
the entire 60-month collection period. It could be used as a guide for collection offices
to evaluate their efficiency and improve their strategy. It shows the waves of successive
payments in current and discounted values.

Moreover, Figure 11 presents the evolution with time of the critical collection variables
(collection recovery, cost, and profit) for 0% and 10% discount rates.

Table 3. Base Case Scenario: Model Input Data and Results.

Total Phone Extra- Court Fore- Units
Collection Juditial Order Closure
Model Input Data
Case Study Base Case
Average Loan Size 7500 €/Case
Financial and Institutional Environment
Measure Constant Cost 0 75 75 150 €/Case
Measure Variable Cost 0.00 0.00 0.01 0.10 % Loan
Collection Agent Success Fee 0.10 % Recovery
Discount Rate 0.10 %
Debtors Behavior Characteristics
Efficiency 0.10 0.20 0.30 0.90 %
Mode Time 1 1 1 1 Months
Median Time 6 18 24 15 Months
Collection Strategy
Measure Extent 1.00 1.00 1.00 0.25 %
Measure Duration 0.25 0.25 0.25 0.25 % Total
Total Collection Processing Time 60 Months
Model Results
Recovery 0.343 0.075 0.085 0.100 0.083 %
Cost 0.083 0.008 0.018 0.027 0.031 %
Profit 0.260 0.068 0.067 0.073 0.053 %
Net Present Value 0.209 %




Risks 2023, 11, 96 11 of 17

30 - 1.00
«
c -]
S 24
=3 |
= - 0.75
£
= 18 =
E 050 §
=1 (=]

=

% 12 =
2
< 0.25
X 6
(=]
=

0 = o o ) 0.00

0 1 2 3 4 5
Measure

—— Mode Time —#&— Median Time —@— Efficiency

(a)

1.00
0.75
[=4
2
& 050
(¥
0.25 | L 8-
0.00
0 1 2 3 4 5
Measure
—@— Measure Extent —ll— Measure Duration
(b)
0.15
>
5]
3 0.10
o
L
<
) I I I
000 — —
1 2 3 4

Measure
m Profit ~ Cost

(©)

Figure 10. Base case scenario: (a) debtors behavior characteristics, (b) collection strategy charac-
teristics, (c) resulting collection efficiency and cost. Legal measures: (1) phone communication,
(2) extrajudicial notice, (3) court order of payment, (4) foreclosure.
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Figure 11. Base case scenario: Recovery (a), cost (b), and profit (c) versus time. Discount Rate:
0% (continuous line) and 10% (dotted line).

4.2. Optimization

For the Base Case Scenario, the total collection profit (objective function) was optimized
by varying the measure activation times (decision variables); the results are presented in
Figure 12. The results suggest that, by decreasing the phone activation time from 15
to 8 months and increasing the court order activation time from 15 to 22 months, the
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resulting optimized profit becomes 26.7% instead of 26.0%. In this optimum case, the 2.7%
improvement in the total collection profit was small but not negligible.
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o ﬁ
= (]
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£ c
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£ 15 o 0.06
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0 12 24 36 48 60

Collection Period (Months)

Figure 12. Optimal measure processing time (continuous line) in comparison with equal measure
processing time (dotted line).

4.3. Sensitivity Analysis

A sensitivity analysis was conducted in order to explore the effect of the factors on the
total profit during the lifetime of a collection process. The results are presented in Figure 13,
using both spider and tornado diagrams.

Debt Characteristics

The “Average Loan size” affected the cost data since a part of the cost was analogous
to the loan size, but the resulting total effect on the profit proved to be limited. Instead,
as expected, the “Collateral Fraction” of the loans played the most important role in the
collection process, since the effective foreclosure measure could be applied only to loans
with collateral.

Debtors Behavior

Debtors’ behavior is described mathematically by three parameters. Both “Measure Ef-
ficiency” and “Measure Median Time” play a significant role in the total profit. Conversely,
“Measure Mode Time” appears to have a negligible effect.

Cost Data

The “Law Office Success Fee” played a significant negative role in the total profit.
Substantially, it allocated the profits between the NPL portfolio manager and the legal
office. For this reason, this parameter is crucial for portfolios purchase agreements.
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Collection Strategy

“Total Collection Time” had a significant positive effect, but it was constrained by the
servicer’s collection policy. Instead, the allocation of the total collection time into measures
of differing duration was a topic of optimization.

Based on the above sensitivity analysis, it can be concluded that the profit ranged
between 20% and 30%.

0.35
Measure
Median Collateral
Time Fraction
0.30
Measure
Mode
= Time
©=
<]
% 0.25 Average Loan
[
o N
[ Law Office
Success Fee
0.20
Total
Collection
Time
Measure
Efficiency
0.15
0.00 0.50 1.00 1.50 2.00

Relative Variation
(a)
Total Collection Time I
Measure Efficiency I
Collateral Fraction I

Measure Median Time T 1]
Law Office Success Fee 1]
Average Loan D:
Measure Mode Time |
BPositive Variation 010 -0.05 0.00 0.05 0.10
O Negative Variation Total Profit Variation
(b)

Figure 13. Sensitivity Analysis. (a) Spider plot (b) Tornado plot.
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5. Conclusions

A simple mathematical model was proposed to simulate the collection process of
NPL portfolios based on the debtors’ response to several legal measures (phone calls,
extrajudicial notices, court orders, and foreclosures). The data on the debtors” behavior was
taken from Greece during both expansion and recession periods.

The proposed model was used to price NPL portfolios, which is a crucial point in
portfolio transactions between the banks and NPL servicers. For an NPL portfolio of credit
cards and medium-sized personal loans, recent Greek data on cost, and a 5-year collecting
period equally allocated to each measure, a total profit of 26% of the initial debt could be
obtained, considering this value as a typical price of the NPL portfolio.

The model was also used to predict recovery, cost, and future profit cash flows which
could be discounted against time to obtain the Net Present Value of the portfolio.

In addition, the collection efficiency could be increased using a better allocation of total
time to measures. This could be an advantage for law offices with a collection recording
system, who could update the parameters by periodically fitting the model to recorded data.

A sensitivity analysis was conducted to reveal the most significant factors affecting
the collection process. The total collection time, the measure efficiency, and the portion of
the loans with collateral proved to be the most significant factors affecting the results of the
collection process.

In conclusion, the proposed method proved effective in: (a) pricing NPL portfolios,
(b) predicting recovery, cost, and profit future cash flows, (c) optimizing recovery strategies,
and (d) revealing the significant factors affecting the recovery process.

The innovation of this approach consisted of considering: (a) the effect of different
legal measures on recovery separately, (b) the cost of legal actions, and (c) the time variable
response of debtors.

The main contribution of this work is that it sheds light on the important question of
NPL portfolio pricing, which is a crucial point for financial institutions concerning the NPL
portfolios market.
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