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Executive Summary
Artificial Intelligence has quickly entered in the financial services industry covering
a wide range of applications. Its use is not new in Financial Institutions, to reach
better predicting power, specifically for default forecast and classification purposes
but it has grown significantly of recent years, thanks to the exponential increase in
data availability and storing capacity, coupled with the improvements in
computing power. Models based on Machine Learning approaches are often quite
effective in classifying NPL and estimating debtors default probabilities, due to the
ability in catching complex connections existing among variables, however, this
often occurs at the expenses of clarity and interpretation as the connections among
inputs and results are often obscured by the complexity of the process. This is one
of the main reasons why, though ML models provide an opportunity to interpret
massive and unstructured data sources, they have not been rapidly adopted into
institutions’ IRB models without an adequate understanding by the management
and supervisors who see them more like a black box[6].
This work proposes a structured framework for the classification and evaluation of
unsecured commercial NPLs according to their potential recovery level. The first
part of the work introduces the methodology used to create homogeneous clusters
through decision trees, i.e. by recursively splitting the variable space. Following,
the most relevant performance indicators, necessary to select and validate models
estimated, are presented. Beside standard single variable indicators, providing a
rapid overview of performances, the ’Confusion Matrix’ is explained and extended.
Finally, the definition of the threshold necessary to correctly identify recovered
dossiers is determined following different criteria. In order to evaluate the
approach analyzed, the results form the Random Forest framework are compared
to those of more classical Logit methods proving to be as reliable and slightly more
performing even with a limited set of information.
The RF approach used to forecast the overall recovery at aggregate levels is then
extended to analyze the recovery dynamic on the basis of provided payment flows,
obtaining good results again at aggregate level. Like for the overall recovery rate
model, the dynamic is also studied at aggregate level on the basis of a simple
functional form for which parameters’ fitting is much less calculation intensive,
obtaining a good fit to the real recovery profile.
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A Random Forest Approach to
Evaluating NPL Porfolios
Massimiliano Zanoni

Paolo Guarneri

tatistically learning is a process meant to identify patterns and rules among apparently
casual data to forecast future outcomes. It entails the ability to infer inputs-outputs mappings
in order to solve complex problems. Traditional modelling performs this task by assuming
an underling functional form and estimates key parameters from past data through a procedure
called fitting, while Machine Learning methodologies assume no functional form and classification
is inferred based on direct characteristics of the events processed.
Hence, differently from standard approaches, with ML models no prior functional knowledge is
required. For its ability to identify hidden and nonlinear mapping, the ever-increasing availability
of data and processing power, ML was quickly adopted by Financial Services to support a wide
range of applications, in particular classification of credit exposures and forecasting.
This work investigates a Machine Learning procedure, known as Random Forest, on a portfolio
non-performing commercial exposures sold from a bank to a professional collector and compares
the outputs with those of a standard linear approach as in Moscatelli, Narizzano et al. [7] where
non-financial firms are analyzed with several techniques, from standard regressions to Machine
Learning, confirming that ML models, in particular those based on a Random Forest approach,
perform better than the standard models, in particular when limited information is available.
Differently from that study, this work focuses on non-performing exposures as in Brigo et al. [4]
where however, information relative to the bank recovery process prior to sale were considered.
Though in the case considered in chapter 2.1, little was known on the bank recovery process prior to
acquisition, the comparison with standard statistical approaches shows consistent and sometimes
improved performance in terms of recovery forecast, though this may occurs at the cost of a higher
model complexity and lower transparency on the variables selection process. The study is presented
in more details in a previous publication by the author [1], but it is here extended in chapter 2.2
by including the analysis of the recovery dynamics with a dedicated RF model and examining the
impact of bullet recoveries. Before considering the case study in chapter 2, a review of the approach
is presented in chapter 1, focusing on the description of the model structure and the selection of
thresholds.
The training set consists of short-term non-performing utility bills to be recovered by the servicer,
which usually purchases such exposures at a discount and then works them out to some degree of
recovery. The correct price estimates and an efficient workout process are hence key to profitability.
Data provided is limited to basic information on the debtor, the exposure and the recovery flow.
Process information would be very useful, in particular to model the recovery dynamic, unfortunately that provided was limited and of bad quality.
The work estimates models both the recovery event and the recovery rate on this restricted information set. Performance are quite limited at dossier level but fair at aggregate level. The main
applications of ML within innovative Financial Service Institutions are:

S

• Classification;
• PD estimates;
• Credit scoring and monitoring;
• Early warning;
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• NPL management;
• Decision making.
While in ares of Regulatory concern its use is limited mostly to:
• Model validation, mainly to develop challenger models;
• Data quality improvement;
• Variable selection.

1.
1.1

Approach Overview

Tree-based Clustering

Within a ML approach event, classification is attained by dividing the predictor space into a number
of smaller regions (clusters) where the output can be considered homogeneous. A clustering rule
is a set of splitting points for each variable, called tree, each dividing the event space into two
separate areas. Space splitting into homogeneous clusters occurs recursively with each split being
independent from all others, till when a stop condition is reached, such as the minimum number of
events in a given cluster. This allows asymmetric mappings unlike any functional linear approaches,
as illustrated in figure 1.
In the standard Logit approach, available information are combined linearly following a known
functional form and parameters are determined by regressing each model variable in the event
space:
Y = aX1 + bX2 + cX3 + dX4 + ... + nXn + ε.
While tree-based clustering recursively splits the space, on the basis of a well-defined mechanism,
generating complex aggregates. For each selected variable, at each stage of the process, splitting
points are determined in order to create two separate areas in which the sum of distances of the
events from the cluster average is minimized.
In practice, if a linear relationship among inputs and outputs effectively exists, the classical
approach provides good results and variables simply add up to the final result which is more easily
interpreted. On the other hand, when such a relationship does not easily stem out of available data,
or involves complex non-linear patterns, tree branching presents a number of advantages over more
classical approaches, as it:
• Provides a robust estimate without the need for cross-validation;
• Over-fitting is automatically reduced with the random selection of variables at each split;
• Classifications rules can be easily represente (single trees-only);
• Mirrors human decision-making more closely than the regression approach;
• Can identify existing non-linear relations between the variables and easily handle qualitative
predictors without the need to create dummy variables;
• Provides a measure for the importance and contribution of each variable;
• Naturally fills missing data through proximity forecast and allows to handle to unstructured
data.
Unfortunately, while single trees can be graphically represented, tree-bundles associated to a
RF approach cannot and look more like a black box which worries the Regulator when it comes to
validating such models. The forest is formed by a large number of trees, each grown on a different
event subset. Initially n bootstrapped1 sub-samples are selected from the event space for which
1 Bootstrapping is a re-sampling technique which creates the desired number of samples of the same size and distribution
as the original sample, using sampling with replacement.
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FIGURE 1: Cows vs Wolves identification

FIGURE 2: Bi-dimensional splitting dynamics

the RF procedure will create a distinct decision tree defined by a set of splitting points for every
variable considered, as shown in figure 2. Every tree is created by recursively cycling through the
following steps, at each know, until the minimum size is reached:
• Randomly2 select m variables from all the p descriptive variables available in the dataset
(procedure known as feature bagging);
• For each of the selected variables find the splitting point that creates the ’purest’ sub-nodes,
i.e. the point minimizing the residual sum of squares of predictions in the identified areas;
• Repeat the previous steps till the whole event space is partitioned into clusters reflecting
the limit condition (i.e. each final node contains a number of events not exceeding a given
number);
• Generate a prediction Y (terminal nodes) for each observation by applying the clustering rules
defined to the subset of events selected;
• For each observation, in every final node, take the arithmetic average of the predicted values,
over all the trees created.
The tree-building procedure automatically eliminates any bias among different layers as the
splitting point is locally defined, i.e. it optimizes that specific node and no other down the branching
path. In addition, averaging the results of different trees reduces output variance and improves
model stability and precision.
It is important to underline that, the extent to which the trees grasp patterns in the data is
affected not only by the number of variables used at each split, but also by the depth to which trees
are grown (number of splitting layers). The depth of the trees is determined mainly by the terminal
2 Randomizing the selection of variables at each split is meant to reduce the dependence of the model upon the most
relevant variables

8

www.iasonltd.com

Research Paper Series

FIGURE 3: ROC curve

TABLE 1: Confusion Table

node size, i.e. the maximum number of observations that are contained in the final node. Therefore,
the model is characterized both by the number of variables involved at each branching as well as by
the number of processed layers.
As mentioned, for a randomly selected variable j, in order to maximize the homogeneity, the
split point C is defined by the following condition:
• For each variable j selected, the splitting point C must grant the following condition:

R1 ( j, c) = X | X j < C
and

R2 ( j, c) = X | X j ≥ C .
• Determined as the value minimising the sum of squared residual of predictions in each
partitioned cluster (Hastie 2009):

∑

( y i − y R1 ) +

i:xi ∈ R1 ( j,c)

1.2

∑

(yi − y R¯ 2 ).

i:xi ∈ R2 ( j,c)

Performance Indicators

Performance measures are key to model selection and validation and models based on the ML
approach make no difference. Indicators based on a single variable provide a quick assessment,
though sometimes simplistic. The most used are:
1. A commonly used indicator is the PseudoR2, or Percentage Variance explained (PVE),
measure calculated using the out-of-bag partition3 (OBB), of how close predictions on new
observations get to the real variance in the output variable, formally:
3 For

each tree, usually, one third of observations are set aside for validation purposes.
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TABLE 2: Extended Confusion Table

TABLE 3: Comparison of model performance

PVE =

1/n ∑in=0 (yi − ȳi )2 − 1/n ∑in=0 (yi − ŷi )2
1/n ∑in=0 (yi − ȳ)2

= 1−

MSE
,
Var (y)

where ŷi , ȳi are the average of real and estimated outputs respectively.
A small value reflects a sub-optimal model, while the perfect model (i.e. the model which
gives predictions equal to the observed values) would be associated to a PVE equal to 1.
2. The Mean decrease in Accuracy evaluates the importance of each variable included, by
comparing the “node purity” at a given split, in the alternative to include or not the variable
in analysis:
1
Imp( Xm ) = ∑ ∑ p(t)∆(S, t),
n t∈T V (S)=X
m

where:
• ∆(S, t) is the reduction of the node purity in node ’t’, measured as a reduction in RSS
(Residual Sum of Squares), due to the new split in the selected variable;
• p(t) is the portion of all generated trees reaching node ’t’ hence it represents the probability that any given tree reaches that node.
3. The ROC curve (Figure 3) is based on the rate of real positive events - Sensitivity (on the Y
axis) and the rate of real negative events - Specificity. In this case (1-Specificity) is displayed on
the X axis, i.e. the fraction of negative events incorrectly classified as positive (i.e. the false
positives, FPR). A key feature of ROC is that the graph can display several models in the same
chart, making it easier to visually compare their performances. The diagonal line representing
the totally random model while curves bending more to the top-left corner are associated to
models with higher performance values.
4. The Confusion Table (table 1) is a multi-dimensional indicator displaying the detail components of the ROC curve, specifically the number of cases correctly identified and those
incorrectly labelled. To facilitate analysis, in this work the Confusion table has been extended
to include totals and more ratios.
5. The Extended Confusion Table (table 2) extends the information of the standard Confusion
Table by adding totals and ratios linked to different components, specifically:

10
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• Portfolio mix shows the percentage components (recovered and not-recovered, real vs
forecast) in the portfolio. A similar mix is key for a coherent forecast though, of course
not sufficient.
• OK ratio displays the fraction of correctly forecast dossiers recovered and not-recovered
(e.g. ’correctly recovery forecast’/’tot recovery forecast’).
• KO ratio is the complement of OK.
• OK on sample ratio represents the fraction of correct forecasts (recovered or not-recovered)
with respect to their real correspondents.
• All True ratio represents the fraction of correctly identified dossier recovered or notrecovered out of all dossiers.
For instance, in the example provided in table 2, the model correctly identifies 20.221 dossiers as
non-recovered out of the 20.722 selected as such (OK = 97,6%), however in reality there are 20.606
non-recovered dossiers hence the model identifies 98,1% of them (OK on sample). Unfortunately,
this dynamic reverses for positive cases where the model real hit ratio is only 20% instead of 24,4%
when referred to estimated recovery.
The All True ratio of 95,8% showing the fraction of all dossiers correctly identified, both recovered
and non, quite a good result considered the limited number of information available.
1.3

Model Development

The total recovery at portfolio level is the sum of recoveries from all successful dossiers. The recovery
amount can be factored into its key components as outlined in equation 1 where the three terms
represents respectively:
• The fraction of dossiers where a collection occurs (Ii is a Boolean variable associated to
recovered dossiers), weighted by the exposure (i.e. the weighted probability of recovery);
• The recovery ratio limited to recovered dossiers (i.e. the recovery given recovery, RgR);
• The total portfolio exposure:
N

Rec =

∑ Reci =

i =0

N
∑iN=0 expi Ii ∑iN=0 Reci
·
expi ,
·
∑
∑iN=0 exp
∑iN=0 expi Ii i=0

(1)

where (IRec,i ) is a Boolean variable stating if the dossier is recovered, determined by the the
probability recovery.
Similarly to the PD/LGD problem, the process of forecasting the recovery potential is divided
into two parts, each represented by a separate models, one dedicated to estimating the probability
of recovery of the single dossier and the other meant to forecast the recovery rate of that dossier in
case of a recovery. Aggregates in equation 1 are simply represented as sums over a limited perimeter
K, where the average RgR and probability of recovery can be used instead as an approximation:
Reck =

∑ RGRi ( Ii Ei ) = RGRk ∑ ( Ii Ei )

i∈K

i∈K

≈ RGRk PRk Ek .
When the probability of recovery is used instead of the exact selection of dossiers recovered, the
recovery amounts are note exactly equal if the simple count of successful dossiers is considered i.e.
it is not exposure weighted. When the analysis moves from real recoveries to estimates, the two
models mentioned estimate the rate and the probability of recovery respectively. The last is then
converted into a recovery event (Ii = 1) through the defined threshold:
N

d=
Rec

RGRi Iˆi Ei ).
∑ (\

(2)

i =0

As the RF approach is a stocastic process, different trees will select a different list of successful
dossiers, hence also estimated recovered amounts would be slightly different in different runs.
www.iasonltd.com
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In order to compare the performance of the the standard and the RF approach, the model meant
to estimate the probability of recovery is developed also with as standard Logit, while the one
addressing the recovery rate is developed with a generalized Logit framework, including categorical
variables. The RgR and PR models are independent of each other but they are depended on the
availability and quality of data and potentially based on the same explanatory variables. The
probability of default is then converted into a Boolean variable (recovered/ not-recovered) through
a threshold. Different options are available to determine the choice of the threshold:
• When both recovered and unsuccessful dossiers are normally distributed along the the
probability of recovery, usually the threshold is defined as the half-sum of the scores where
the two distributions present a maximum.
• A more heuristic approach would be to determine the threshold that selects a number of
estimated recoveries equal to the real number of recovered dossiers.
• A totally analytical approach is that based on Youden’s index, meant to maximise the sum of
True Positive and True negative, i.e. the “All True” ratio of the Extended Confusion Matrix.
This approach provides equivalent performance on both recovery and non-recovery cases, i.e.
the “Ok” percentage is the same for both categories, which is sub-optimal if classification
errors are not symmetric. That happens in this case since the wrong classification of a recovery
and of a non-recovery bear different economic value.
As shown in figure 4, where the distribution of successful and negative recovery events are
plotted along their probability of recovery, in the same score interval both types of dossiers can
be found. If the threshold is lowered, for instance, the classification of recoveries would be more
certain (i.e. the number of dossier wrongly classified as recovered would be lower) but the correct
classification ratio (CCR) would also reduce as a higher number of recovered dossiers would be
classified as non-recovered.
Beside this threshold, an additional filter is applied in order to reduce the classification noise due
to the large number of dossiers with a limited recovery amounts, in absolute or relative terms. In
practice, those dossiers where the ratio recovery rate to is lower than the defined ratio are classified
as a non-recovered.
The RF training process is structured as follow:
• The Forest is trained with client personal data and financial data relative to the exposure;
• RF hyper-parameters, specifically the number of variables selected at each split and the number
of trees trained in the forest, are defined in order to optimize model;
• Contrarily to standard models, where correlated variables are excluded, the RF includes all
available variables and reduces correlation by selecting a subset of them at each node.

FIGURE 4: Comparison of model performance
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FIGURE 5: Dossier distribution by recovery range

FIGURE 6: Comparison of ROC performance

2.
2.1

Case Study

Recovery on NPL Portfolio

This case intends to provide a RF approach to estimate the value of a portfolio of non-performing
retail utility bills, sold from a bank to a specialized NPL manager after a period of internal collection.
The purpose is to determine the value of portfolio aggregates on the basis of recovery estimates
to be compared to real flows and debtor exposures. In practice, three models were estimated: two
targeting the probability of recovery, with a RF and with a standard Logit approach respectively;
while the recovery rate in case of a recovery is estimated through a standard regression. Results
from the RF model are also compared to the outputs of a standard Logit model.
Though forecasting occurs at single dossier level, in fact with limited performance, what really
matters to the investor is to determine a fair purchase price i.e. to correctly determine the recovery
rate for aggregates (e.g. at geographical area level). Results at aggregate levels confirm that the RF
approach is comparable to that of the Logit approach but slight more performing, even when little
information is available.
Possible improvement to the model would consider the total recovery rate, including collection
expenses associated to the different phases and discounting of successive recovery flows.
2.1.1

Dataset and Performance Analysis

The dataset provided includes unpaid utility bills from 21.234 defaulted retail clients, previously
processed by a bank As shown in figure 5, the recovery profile is highly skewed, with the vast
majority of dossiers showing no recovery (successful dossier are only at 2,9% of the total), few
presenting nearly total recovery, many of which with a bullet payment, while a negligible portion
presents a number of recovery flows.
Dossiers provide information relative to exposure and the debtor such as:
• Total exposure & total recovery;
www.iasonltd.com
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TABLE 4: Summary of results by macro-area

FIGURE 7: Dossier distribution and final recovery rate by process duration

• Age and gender (extracted form tax ID);
• Geographical area;
• Recovery flows;
• Time from default (months);
• Bank processing time (months);
• Number of contacts.
In order to improve model accuracy, data quality was examined thoroughly before development
performing a detailed analysis of recovery flows and a process of data cleaning which led to the
exclusions of several dossiers with contrasting profiles.
When the performance of both approaches used to estimate the probability of recovery, are
plotted on the same ROC graph (figure 6), the RF model shows a moderate improvement with
respect to the standard Logit. From their relative extended Confusion tables (see table 5 in appendix
2.2.2), more details are available on the comparison of the correct classification of dossiers.
While the ROC curve is an absolute measure, the correct classification rate, on which the
Confusion table is based, requires the definition of a threshold determining which dossier is
considered as recovered. In this analysis the threshold was determined to target the effective number
of recovered dossiers and mirror the population split.
It is worth noticing that, differently from the deterministic Logistic approach, the Random Forest
includes a non-deterministic component that introduces minor changes at each new run, which will
thus assign different probability of recovery and thus a different dossier classification which may
slightly change the value of aggregates.

14
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FIGURE 8: Alignment of recovery flows

FIGURE 9: Total recovery dynamic by area

2.1.2

Summary Results

Before checking the results reported in table 4, it is useful to review the definitions used to average
recoveries in the summary table .
The expected recovery at cluster level is the sum, over a defined perimeter, of expected recovery on
each exposure estimated as recovered, as outlined by equation 2. As mentioned, this is a non-linear
function of the estimated probability of recovery (i.e. I=1 if PR > threshold) provided from a model
estimated through by a stochastic process, hence detailed results may vary at each run, however
averages at aggregated level are quite stable:
N

c =
ER

[i = RgR
\K ∑ Ei ,
∑ Ei Ii RgR
i∈K

i

where the average expected recovery rate RgR is given by the total expected recovery on dossiers
estimated as positive divided by the total exposure on the same perimeter. To be compared with the
real recovery amounts over a limited perimeter k at
RECK = PRK RgRK

∑ Ei .

i∈K

The final results are summarized in table 4 by averaging estimates over macro-areas and
comparing them to realized values. They confirm a fair match at aggregate level, both for the
www.iasonltd.com
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FIGURE 10: Forecast of dynamic profile - effect of bullet payments in the training set

probability of recovery and the recovery rate. In columns showing amounts (# dossier, Exp/000 and
Recovery), percentage figures represent the quota of the total reported in the bottom line.
2.2

Recovery Dynamic

2.2.1

Overview

Looking at the recovery dynamic instead of the total recovery rate, it is possible to estimate the
recovery profile i.e. the rate of collection at aggregated level. The case in analysis considers a RF
model to simulate the recovery dynamics and compares it to an asymptotic functional form for
which parameters are estimated at the same aggregated level. The model links the cumulative
recovery rate for each period to the same customer and exposure information used for the overall
recovery estimates, plus a time variable (months) tracking the process duration, the only input
variable changing in the dataset.
Evidence from figure 7 shows that initial collection actions are the most effective, in fact over 70% of
the payments occurs as a single cash flow and presents a higher total recovery rate, while this is
usually lower in dossiers with a longer collection process.
Analytical evidence suggest that the recovery process starts in different moments for different
dossiers. In order to homogeneously average the recovery dynamic across aggregated clusters, it
may be useful to align the starting phase of their recovery process so that the first payments are
aligned with processing time. In general a lag between the start of the recovery process and the first
payment flow might effectively occur but, generally, this could be confirmed only by a detailed data
quality check, unfortunately not possible on the given sample. Once the recovery process is aligned
on a common starting date for every dossier, as in figure 8, aggregated clusters can be compared
graphically showing a substantially overlapping dynamic though with different final recovery rate
(figure 9).
The model is estimated as a supervised RF targeting the cumulative recovery rate at months
of the recovery process for each dossier. Unfortunately the only available data updated monthly
is the recovery amount, all other dossier information, are repeated equal each month of the
recovery process while a progressive time stamp is added to track the collection process. Estimates
would probably benefit from considering relevant data updated monthly (e.g. number of contacts,
processing phase etc.). The model is trained only on the recovered dossiers and applied to estimated
recoveries. Considering the high number of dossiers with a bullet recovery, i.e. showing no
payment dynamics, the question arises whether that may affect estimates of the dynamic profile.
To inquire the possible bias, the model is trained both with and without the dossiers presenting a
bullet payment and their outputs are presented in figure 10 where they are compared to the real
recovery profile of a dossier with two payments and one with a longer collection flow. In the case of
a dossier with an extended payment history, evidence shows that:
• The payment profiles forecast by the two models nearly overlap but grow from a higher initial
recovery rate than the real payment flow;
• Their curve also flattens earlier than the real one, reaching a lower overall recovery rate.
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FIGURE 11: Comparison of estimates to the real dynamic recovery profiles

FIGURE 12: Recovery profile - fitted vs real

While considering a dossier with two payments only, evidence shows that:
• The profile generated by the model trained with the dataset including bullet payments starts
from a higher recovery rate but it is nearly flat;
• The model trained excluding bullet payments shows a slightly growing profile but its recovery
rate is always below the previous one, hence further form the real one; both forecasts provide
a recovery rate lower than real along all the recovery process.
The analysis of the two cases suggest that, excluding an important recovery component from the
training set affects the final recovery rate in dossier with short payment history, which are poorly
represented anyway due to the fact that their recovery dynamic is not a smooth function.
2.2.2

Results

The two models, trained with and without bullet payments respectively, are applied to each dossier
to forecast the relative recovery profile. The forecast profiles are then aggregated at macro-area level
and compared to the real recovery dynamics (dark red) as shown in figure 11. Forecasts from both
models correctly reproduce the recovery profile at aggregated level: output from the “no-bullet
payments” model practically overlaps with the real recovery profile, while the model trained with
bullet payments shows an higher recovery rate than the real, probably due to a bias generated by
the high number of bullet payment dossiers.
www.iasonltd.com
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As for the estimates of the recovery rate in the previous case, where the RF approach was
compared to a standard Logit approach, this study attempts to identify a functional form able
to reproduce the recovery dynamic at aggregate level without analyzing dossiers’ details. The
functional choice for the recovery profiles is the Michaelis-Mentem function (equation 3), a pillar of
enzymatic kinetics, which seems to approximate the real cumulative recovery flows.
y=

ax
.
b+x

(3)

Mathematically it represents an hyperbole passing through the origin with slope ’a/b’ and with
y = a as the horizontal asymptote.
Parameters are estimated from aggregated data instead than from detailed forecasts at dossier
level. This approach is much quicker and less calculation intensive as it does not need to process
every information available and project recovery profiles at dossier level, but it is based on the
recovery curves for the considered aggregates.
In figure 12 the real recovery profiles for different aggregates (solid line) are shown together
with their forecast profiles (dots series). Fitting the functional form only on aggregates smooths
irregularities existing at dossier level and saves calculation efforts (fitted parameter are listed in
appendix 2.2.2, table 6).
Graphical evidence in figure 12 confirms that the functional form represents a good estimate of real
profiles on all aggregates, with the first payment sometimes above the level expected, a sign that
this approach may overestimates the initial payment.
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Annex
Case I
The analysis of the relative extended Confusion matrix in table 5 provides more details on the
comparison between the performances of RF and the Logit approach. The RF model does slightly
better in terms of correct classification both for non recovered (increasing from 21,5% to 24,9% ) and
non recovered and correspondingly the identification of recovered dossiers on sample (increasing
from 22,5% to 25,2% ).

Case II
Though the case is meant to study the recovery dynamics, the selection of positive dossiers is still
a key process, where the definition of the threshold depends on the parameters to be optimized.
In this case, the selection is optimized to reduce the number of wrongly predicted recoveries and
maximize the OK ratio. This does not automatically equates the number of estimated positive
dossiers to the real one.
On the sample of 137,369 dossier, the selected threshold optimizes the number of correctly
predicted recoveries but it is not automatically calibrated to the effective number of unrecovered
dossiers. When, on the other hand, the threshold is calibrated to the effective number of recovered
dossiers (Fit to default), in fact:
• The portfolio mix mirrors the real one;
• The number of recovery forecasts increases from 5,000 to 5,834, allowing to identify more
effective recoveries (OK on sample) increases nearly by 5%) but at the expenses of significantly
increasing wrong forecasts;
• The 25,7% increase in wrong forecasts (from 2170 to 2729) lowers the OK ratio from 56,6% to
53,2% the “All True” ratio by 0,2% to 96,0%.
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TABLE 5: Confusion Table - RF vs Logit comparison

TABLE 6: Functional form - estimated parameters

TABLE 7: Comparison of selected threshold
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