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Abstract

The field of machine learning (ML) and explainable artificial intelligence (XAI) has developed
rapidly the last ten years. This development has generated increased interest in the use of com-
plex machine learning models to more accurately assess the credit risk of investments. However,
despite machine learning techniques being flexible in their implementation, we observe a lack
of development focusing on sector-specific default prediction. We therefore develop an extreme
gradient boost (XGBoost) supervised machine learning model specifically for the default pre-
diction of small and medium sized commercial real estate (CRE) companies. CRE is chosen due
to the heavy exposure banks have towards this sector and the importance it holds for a country’s
financial stability. We implement the XAl technique SHAPley additive explanations (SHAP)
for post-hoc interpretation of the XGBoost, and prove that the XGBoost provides higher per-
formance compared to a traditional logistic regression (LR) model. Performance is evaluated
and compared using ROC-AUC and PR-AUC. Model training is done with increasingly large
datasets from 2012-2021, starting with 2012-2017, where testing is done at a one year forward
horizon from 2018-2022. Using global SHAP values we find that the features Total Liabilities
/ Total Assets, the Electricity Price, and Operating Income / Total Assets contribute the most
clearly in increasing default probability. In addition, we implement local SHAP values to ana-
lyze the features associated with the default prediction of two randomly chosen firms. Overall,
we find that several sector-specific features are important for the default prediction in the CRE

sector, which emphasizes the need for further sector-specific credit risk research in the future.
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Sammendrag

De siste ti arene har vi sett at maskinlaring og forklarbar kunstig intelligens har hatt en ty-
delig og hurtig utvikling. Denne utviklingen medfgrer gkt interesse og mulighet for a benytte
komplekse maskinleringsmodeller til & mer presist vurdere kredittrisiko av investeringer. Til
tross for at maskingslaeringmetoder er fleksible i implemetering, sa observerer vi en mangel
pa utvikling som fokuserer pa sektorspesifikk konkursprediksjon. Vi utvikler derfor en ekstrem
gradientforsterkende veiledet maskinleringsmodell (XGBoost) spesifikt for konkurspredikering
av sma og mellomstore neringseiendomsselskap. Nearingseiendomsselskap ble valgt pa grunn
av bankene sin hgye eksponering mot denne sektoren samt viktigheten sektoren har for et lands
finansiell stabilitet. For a forklare modellen implementerer vi SHAPley additive forklaringer
(SHAP) for post hoc fortolkning av XGBoost, og beviser at XGBoost gir hgyere ytelse sam-
menlignet med en tradisjonell logistisk regresjonsmodell (LR). Vi evaluerer og sammenligner
resultatene gjennom ROC-AUC og PR-AUC. Modellen ble trent ved bruk av rullende perioder
der vi gradvis gker treningssett fra 2012-2021, der vi starter med 2012-2017. Vi utvikler mod-
ellen til a predikere ett ar i forveien ved bruk av test sett som inneholder suksessivt ett ar om
gangen fra 2018-2022. Globale SHAP verdier viser at variablene Sum Gjeld / Sum Eiendeler,
Elektrisitets Pris og Sum Driftsinntekter / Sum Eiendeler bidrar mest til en gkning 1 sannsyn-
lighet for konkurs. Videre, bruker vi lokale SHAP verdier for a vurdere hvilke variabler som er
mest tilknyttet sannsynligheten for konkurs i to tilfeldige valgte selskaper. Samlet sett finner
vi at flere sektorspesifikke variabler er viktige for konkurrsprediksjonen i n@ringseiendom-
sektoren, noe som understreker det videre behovet for ytteligere sektorspesifikk forskning pa

kredittrisiko 1 fremtiden.
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1 Introduction and Motivation

The small and medium sized enterprises (SMEs) in Norway represent 99% of all registered
companies, amounting to almost 50% of the value creation in the Norwegian economy (SSB,
n.d.-b). In relative terms, the commercial real estate (CRE) sector is the sector with the biggest
concentration of both employees and created value within SMEs compared to larger companies
in the same sector (NHO, [2024)). In fact, 98% of the value created in the CRE sector comes from
SMEs, making them a crucial puzzle piece for the economy as a whole. However, CREs require
large amounts of capital investment, much of which is financed by debt, making companies in
the CRE sector heavily leveraged. The capital structure of CRE companies, as well as the
generally higher credit risk associated with smaller businesses, therefore makes accurate credit
risk analysis of SMEs in the CRE sector a necessity for potential creditors. Furthermore, CRE
is by far the largest sector by bank loans in Norway (SSB, |n.d.-a) and has historically been the
cause of large financial losses for banks in poor economic times (Hagen et al., 2018). These
financial losses would suggest that traditional credit risk models fail to accurately capture the
true credit risk present in the CRE sector. In order to capture the inherent risks specific to the
CRE sector, we believe new models need to be developed that are better able to capture the

dynamics and nuances of this specific sector.

Credit risk is considered the possibility of taking on a loss due to a borrower’s failure to
repay a loan or meet a contractual obligation. Such a failure will only occur if there is an in-
terruption in the cash flow of the debtor, which most often occurs due to insolvency. As such,
credit risk analysis is often concerned with the probability of default (PD) and consequently the
loss taken upon default, called loss given default (LGD). Although, LGD is an important aspect
of credit risk, we will not include it as a part of this thesis, and will instead focus exclusively on
PD prediction. A lot of research has gone into creating models aimed at preemptively identify-
ing firms that will default by looking at their financial ratios, doing a structural analysis of their
capital structure, or more recently through machine learning (ML) algorithms. Recent research
would suggest that developing such models specifically for SMEs is a necessity (E. I. Altman

and Sabato, 2007), and that using ML models to capture a diverse set of characteristics of SMEs



is a good developmental direction['}

The development of ML models in the banking industry has been slow and stagnant (Eu-
ropean Banking Authority, 2022). This slow development specifically relates to the imple-
mentation of black-box ML models. Such models are able to accommodate for larger and
potentially unstructured datasets, and can extract information from more complex non-linear
relationships (Linardatos et al., 2020). But black-box models are difficult to interpret because
they provide results without explanations. Therefore, the European Banking Authority (EBA;
European Banking Authority, 2022) among others are critical to the practical implementation
of black-box models in default predictiorﬂ Modern advances in ML techniques, however, has
led to the development of explainable artificial intelligence (XAI) techniques. These techniques
include post-hoc methods of interpreting results (Angelov et al., 2021) that can be applied in
combination with black-box ML models to both improve performance and provide interpretable

results.

The extreme gradient boost (XGBoost; Chen and Guestrin, 2016)) is one such black-box
ML model that has been used plentiful in recent default prediction studies. Together with the
XAI technique Shapley additive explanations (SHAP; M. S. Lundberg and Lee, 2017; S. M.
Lundberg et al., 2019), the XGBoost has seen excellent default predictive performance (Son
et al., 2019; Nguyen et al., 2023). The SHAP can be applied to quantify the impact each input
feature has on the model prediction. For credit risk analysis, this implies that we can understand
which variables are the biggest cause for any given estimated default probability. The SHAP can
provide both global feature importance scores for an entire dataset and local feature importance
scores for individual observations (S. M. Lundberg et al., [2019). In other words, for any given
model output we can assign an importance value to all input variables which would allow us to

explain for instance which facet of a given company is the biggest contributor to the predicted

PD.

Following the recent developments within XAl and ML, but the corresponding lack of focus

on sector-specific PD models, the aim of this thesis will be the following:

'See Ciampi et al., 2021 for a comprehensive review of SME default probability studies and their proposed
future direction of the field.

These concerns regard adherence to regulations defined by the EBA in their capital requirements regulation
(CRR) for the internal rating based (IRB) approach, such as human judgement (European Banking Authority,
2024al) and external understanding (European Banking Authority, [2024bl



1. Develop an extreme gradient boost supervised ensemble-based machine learning model
for predicting the probability of default in Norwegian small and medium sized commer-

cial real estate companies at a one year forward time horizon.

2. Implement explainable artificial intelligence techniques by using Shapley additive expla-
nations to interpret the probabilities of default estimated through the extreme gradient

boost model.

The development of such a model will complement the limited, but existing research on the
application of ML and XAl in predicting the PD of Norwegian companies (see Paraschiv et al.,
2023). Given that there is no agreed upon theory for why companies go bankrupt, research
tends to be highly empirical and sector dependent (Perboli and Arabnezhad, |[2021). This thesis
will focus its research on SMEs in the CRE sector in Norway, as sector specific research can
increase model accuracy and better accommodate for sector specific parameters (E. I. Altman

and Sabato, 2007).

We are going to compare three different models in this thesis. The first is an XGBoost
using SHAP feature selection to find the 18 most important features from a set of 189 total
features. The second will be a standard logistic regression (LR) utilizing the four most important
features in order to reduce problems concerning dimensionality. Finally, the third model will
be an XGBoost modeled using the same four features used in the LR, the aim of which is to
see whether the XGBoost performs as well using fewer features, or if the added complexity
of a significantly larger feature set increases performance. Both the XGBoost and the LR are
supervised ML models, implying we are going to make a training set to teach the models, and a
test set to validate. The validation and comparisons of the models will be done using traditional
classification evaluation metrics for machine learning. These metrics include the area under the
curve (AUC) of the receiver operating characteristic (ROC) curve and the precision-recall (PR)

curve. These metrics will be discussed further in the section.

The thesis will be structured in the following way. The section will be dedicated to
explaining the history of credit risk analysis and bankruptcy prediction, the different approaches
used, as well as key advances in machine learning modelling of credit risk. Thelthird|section will
introduce some theory concerning how bankruptcy is defined, some crucial ML techniques, and

lastly present typical metrics used for evaluating binary classification tasks. The section



delves into the methodology of our chosen models, and their underlying frameworks. The
section concerns how we collected our data, what data we are specifically working with, and
how we apply our chosen methods. The|[sixth] and penultimate section will explain the analysis
including the results and findings related to our research problem. Lastly, the section
will conclude the thesis, provide some limitations of the findings, and discuss future research

directions that can build on our presented results.

2 Background

Research on the credit risk of SMEs in Norway is fairly limited. There has been some studies in
recent years (Andersen et al., 2021} Paraschiv et al.,|[2023)), however few of these have attempted
to implement ML modelling (see, Paraschiv et al., [2023). ML models have been found to be
accurate in predicting default of SMEs in other countries, and as such there is an inherent need
to assess their potential in the Norwegian market as well (see e.g., Perboli and Arabnezhad,
2021} Schalck and Yankol-Schalck, 2021)). Given the large number of SMEs in Norway, several
studies suggest that traditional statistical bankruptcy prediction models may be less effective
(E. I. Altman and Sabato, 2007; Ciampi et al., 2021). Therefore, exploring ML techniques

could potentially significantly enhance the predictive accuracy of SME default models.

2.1 The History of Default Prediction modelling

As with all fields of finance, the modelling of credit events is always developing with the ad-
vancements of technology. From the 1930’s to the 1960’s all studies used univariate, single
factor models where the only variable was a significant financial ratio (see Beaver, |1966). The
first paradigm shift came during the end of the 60’s when the first multivariate study was pub-
lished in the form of Altman’s Z-score (E. I. Altman, [1968)). Then, in 1974, in the backdrop of
the successful development of the Z-score, Merton published his famous model on the basis of
Black and Scholes option-pricing theory (Merton, |1974). The Merton model, as opposed to the
Z-score, implements economic theory in its modelling. However its performance is not strictly
better than the Z-score due to the struggles of its implementation, and the strong underlying as-
sumptions that come with the theoretical framework (Das et al.,[2009). For instance, the Merton
model only accommodates for zero-coupon bonds, and only calculates PD at maturity (Merton,

19774). The model has been built upon in more recent models to incorporate more complex



aspects of bankruptcy and to loosen the assumptions imposed. These additions include distance
to default (DD) models which measures the PD as a function of how far the company’s asset
value is from a defined default boundary at any given time (see Vassalou and Xing, 2004)). Other
models incorporate first passage time and argue that bankruptcy occurs whenever a company’s
asset value drops below a given boundary, most often defined through bankruptcy covenants
(Black and Cox, |1976)). In Norway specifically, a model which incorporates sector-specific re-
organization boundaries to accommodate for differences in liquidity across industries, has also

been studied (Andersen et al., [2021)).

Following the turn of the decade and distraught by the lack of statistical theory under-
pinning the Z-score, Ohlson (1980) developed his own model. This model is a conditional
probability model using logistic regression, whereby the output, called the O-score, itself is an
isolated probability of default. Thus, the model is self-contained and is not based on exogenous
arbitrary default boundaries such as those found in Altman’s Z-score [[| Today, the O-score
remains among the most popular methodologies for bankruptcy prediction, yet it too has its
own complications. For instance, it tends to be inaccurate at long time horizons (longer than 12
months) and the underlying assumptions of the true loss function distribution have been proven
to be wrong, and extreme value theory, able to better capture extreme events could be more

applicable (Perboli and Arabnezhad, |[2021).

The next paradigm shift in credit risk analysis came with the introduction of Neural Net-
work (NN) models in the 1990’s and early 2000’s, the first models that implemented machine
learning techniques (see Lacher et al., 1995 and Efrim Boritz and Kennedy, [1995). NNs are
inspired by the workings of the human brain with nodes acting as neurons which are connected
by edges, modelling synapses. An NN consists of at least three layers of nodes, an input layer,
one or more hidden layers, and an output layer. The hidden layer is where the algorithm that
transforms a set of input variables into a given predicted output is based. This algorithm trans-
forms the data using some internal weighting, and passes it through an activation function which
seeks to best learn the complex, non-linear relationship that exists between the input variables
and the company’s solvency. A trade-off for being able to model these complex relationships

is that the internal activation function becomes impossible to interpret, and what occurs in the

! Altman’s Z-score sets a boundary condition whereby companies with a score higher are predicted as bankrupt,
and companies with a score lower are considered healthy. This boundary is exogenously set based on initial
findings in Altman’s research, and subsequently is not based on dynamics of a specific company, but based on the
initial dataset used by E. I. Altman,|1968|



hidden layer is not seen or understood by even the developer himself (Lacher et al., 1995)). As
such, there was a growing concern of whether it was the algorithm in the model or the humans

behind it that made the final decision, for instance, to credit applications (Addo et al., 2018).

Despite the multitude of default prediction studies applying different paradigms, there is a
lack of consensus regarding which models perform the best (Wang et al., 2014)). Several differ-
ent studies have found results that severely contradict each other (see Bauer and Agarwal, 2014).
This finding implies that the field is highly empirical, and that the best methodologies includ-
ing models, variable selection and out-of-sample forecast horizons can vary across countries,
sectors, and firm sizes. For instance, even though E. 1. Altman et al. (2020) find that logistic
regression performs better than even some ensemble-based machine learning techniques, other
studies have found the opposite to be true (Perboli and Arabnezhad, 2021} Alfaro et al., 2008;
Jones et al., 2017), and Wang et al. (2014)) even reported no significant differences between the

two methods.

Even within the different statistical models and across various ML models, studies have
come to different conclusions. Bauer and Agarwal (2014) for instance find several different
studies that argue either in favor of accounting-based models (Reisz and Perlich, 2007), contin-
gent claim models (Hillegeist et al.,|2004) or hazard models (Shumway, 2001; Campbell et al.,
2008). This lack of coherence also holds true regarding the plentiful of ML models, where neu-
ral networks (E. I. Altman et al., 2020), random forests (Petropoulos et al., [2020), or extreme
gradient boosts (Nguyen et al., 2023)) have been shown to more accurately predict bankruptcy.
As such, one should be careful with assuming the transferability of methodologies across coun-
tries, between sectors and across various firm sizes, and any conclusions should be done with

the backing of empirical analysis.

In the view of these methodological complications, machine learning techniques, specifi-
cally ensemble-based models such as extreme gradient boosting can be more readily replicated
across various data sets (Jones et al., 2017). These models require less intervention for data
preparation, have less stringent requirements for variable selection, and have a less rigid model
architecture compared to other bankruptcy prediction models. In general, ensemble-based mod-
els have proven to achieve higher accuracy across both longitudinal and cross-sectional data in

predicting corporate failure (Jones et al., 2017).



Ensemble methods utilize multiple weaker ML models together to achieve a higher com-
prehensive predictive performance. Several different ensemble-based models have been used in
bankruptcy prediction studies, including AdaBoost (Alfaro et al.,|2008), LightGBM (De Lange
et al., 2022), Random Forest (Petropoulos et al., 2020) and XGBoost (Nguyen et al., 2023
Perboli and Arabnezhad, 2021). Across most reviews of the performance of these models, XG-
Boost seems to perform the best (see Nguyen et al., 2023; Son et al., 2019). In addition, the
framework and system packages for the XGBoost are well developed and easy to use for quick
implementation (Chen and Guestrin, n.d.). The XGBoost has been used across several different
fields of research, including bankruptcy prediction, and is well developed for binary classifica-
tion analysis (Chen and Guestrin, [2016). Binary classification is the task of classifying a set of
data into two mutually exclusive categories, which in the case of bankruptcy is bankrupt and

solvent. The XGBoost will be further discussed in the section.

2.1.1 Default Prediction of SMEs

Research pertaining to credit risk, specifically in small and medium sized enterprises has seen
an exponential rise since the 2008 financial crisis (Ciampi et al., 2021)). This increase in studies
is in part due to the substantial financial hit SMEs took during these times, and in part due to
the implementation of a new Basel III framework. Basel III was developed to increase financial
stability by imposing higher regulations and rules on the risk taken by banks to avoid another
collapse as seen in 2008 (Bank for International Settlements, 2017). However, a since noted
effect of the increased minimum capital requirements and liquidity imposed on banks is the

reduced financing available for SMEs (Marek and Stein, 2022; Angelkort and Stuwe, 2011).

Unlike large corporations, which often easily secure debt financing due to robust historical
results and future profit projections, SMEs more often face challenges in attracting investors
and managing debt, especially during periods of rapid economic or industry-specific downturns.
Furthermore, external events which either increase the likelihood of default or decrease it, such
as macro economic events or financial interventions like government bailouts or central bank
policies, have a greater impact on smaller companies compared to larger ones (Ciampi, 2015).
Therefore, credit risk modelling of SMEs can often be quite different in comparison to larger
companies, which is part of the problem with traditional credit risk models such as Altman’s
Z-score (E. I. Altman, 1968). The Z-score specifically was developed on the basis of financial

ratios in large companies, and may not reflect the nuances found in SMEs. Financial ratios



that predict bankruptcy in large companies may not apply to SMEs, either due to data scarcity
or the significant impact of minor accounting changes on financial ratios, which can mislead
the models (Ciampi and Gordini, 2013). Moreover, several studies have demonstrated that
the performance of generic corporate models solely using financial ratios is notably poor in
predicting SME defaults, suggesting that simply relying on quantitative data is insufficient (E. L.
Altman and Sabato, 2007; Ciampi, 2015]).

Instead of solely relying on financial ratios, several studies have tried to incorporate qualita-
tive, macroeconomic, and sector-specific features to increase performance of SME PD models
(Ciampi et al., 2021; Ciampi, 2015). Qualitative features include information on accounting
flags, CEO duality, and the individuals on the board of directors. Although these qualitative
features have been proven to increase model performance, they are also substantially more
difficult to acquire good data for (Ciampi et al., 2021]). Macroeconomic and sector-specific fea-
tures, however are easier to implement. Macroeconomic features have been included in several
studies that have demonstrated an increase in overall model performance due to their implemen-
tation (E. I. Altman et al., 2017; Filipe et al.,[2016). On the other hand, there seems to be a lack
of focus on research pertaining to individual sectors. The reasons for this lack of research in
specific sectors is unknown to us, but it could potentially be due to limited access to bankruptcy
data when exclusively focusing on individual sectors, which can decrease model performance.
Due to this lack of research on individual sectors, Andersen et al. (2021]) argue that this should

be the next step taken in credit risk analysis.

2.2 The Commercial Real Estate Market in Norway

Although, there are many sectors of interest in Norway, perhaps the most connected to the
overall financial stability is the commercial real estate sector. Commercial Real Estate (CRE)
encompasses real estate that is exclusively used for business purposes, the aim of which is
to generate a profit through either capital gain or rental agreements (European Systemic Risk
Board, |2015)). It generally consists of four different categories of real estate, being offices, retail
spaces, hotels, and industrial and logistic properties (Hagen, 2016). A lot of CRE is heavily
financed by debt, mostly provided by banks through loans (Hagen et al., 2018]). Therefore,
banks are heavily exposed to the CRE sector as a whole. This exposure has historically caused
large losses for banks, both in Norway and internationally, during poor economic times such as

the financial crisis in 2008 (Hagen, 2016).



Part of the reason for banks’ willingness to debt finance these companies so heavily is that
they take collateral in the properties themselves. In fact about 80% of the market value of the
properties banks have collateral in are owned by CRE companies (Bjgrland et al., 2022). The
bulk of the market value of these properties falls into the office category, which represents about
40% of the market value of all CRE properties (Hagen, 2016). But, the value of office spaces
can change drastically depending on macro-economic variables (Bjgrland et al., [2022). An
implication of such a high sensitivity to macro-economic factors in the value of office spaces,

is an increased credit risk for the credit service providers (CSPs), such as banks.

As a measure to reduce potential losses in banks during economic crisis, and indirectly in-
crease financial stability, regulatory capital requirements such as Basel III have been introduced
(Bank for International Settlements, 2017). One study found that CRE was the first sector to
experience a cut in available debt from banks as a consequence of new capital requirements
introduced after the 2008 financial crisis (Bridges et al.,2014). Consequently, while these reg-
ulations aim to bolster the overall stability of the economy, they can inadvertently place a strain
on the SME:s that contribute significantly to economic growth, such as small and medium sized

CRE companies (Bjgrland et al., 2022)).

Therefore, in order to effectively make use of available sources of investment, SMEs in the
CRE sector may need to adopt more robust risk management practices and enhance their finan-
cial transparency (European Systemic Risk Board, 2015). Such practices could aid banks and
other CSPs to more accurately identify the risk inherent in CRE companies, subsequently lead-
ing to more available capital. This increased financial transparency may become a necessity, as
European regulatory systems themselves have noted the lack of available data and information
regarding agents in European CRE markets (European Systemic Risk Board, 2015)). In order to
accommodate for such an increase in information, newer default prediction models would have

to be developed, specifically for SMEs in the CRE sector.

Although recent studies on credit risk seems to have increased its focus on SMEs at large,
sector-specific models are still lacking. As Andersen et al. (2021) mention in their development
of a structural model for credit risk analysis in Norwegian SME:s, there is potential for further
optimization by focusing on individual sectors. Therefore, by modelling CRE companies sepa-
rately from SMEs in general, it could become possible to incorporate more nuances of the CRE

market that could aid in increasing transparancy and thus better predict defaults. Such a task



could more easily be done using ML techniques which are able to handle a diverse set of feature

inputs in a flexible way (Jones et al., 2017).

2.3 Interpretability of Machine Learning Models

The major problem with implementing complex ML models concerns compliance with inter-
national rules and regulations. According to the EBA, any estimate of the PD set by an in-
stitution needs to be “plausible and intuitive” (European Banking Authority, |2024b). Other
concerns relates to the level of human understanding and judgement involved (European Bank-
ing Authority, 2024a)), as well as the structure of the theoretical framework and the underlying
assumptions underpinning the model (European Banking Authority, 2024c). A common defini-
tion of black-box ML models is that they “do not explain their predictions in a way that humans
can understand” (Rudin, 2019, p. 1). As such, black-box models cannot by themselves be used
by the CSP, as the CSP lack a sufficient understanding according to the EBA of the bankruptcy
prediction produced by the model. One solution to this interpretability issue is the application
of explainable artificial intelligence (XAI) techniques, which were developed to increase the
“understanding and interpretation of the behavior of Al systems” (Linardatos et al., 2020, p. 2).
The application of XAl has gained traction in recent years due to the increase in unstructured
data sets, big data, and the use of ML techniques such as deep learning (Angelov et al., 2021).
The notion of XAl methods is to provide an accurate intermediary between the complex nature
of the ML systems and the novel understanding of humans (Linardatos et al., 2020). Through
this intermediary, which S. M. Lundberg et al. (2019) call approximated explanation models,
the aim is to make interpretation of the relationship between input features and model output

comprehensible for humans.

To evaluate how good XAI methods are at providing adequate interpretable results for hu-
mans to understand, Phillips et al. (2021) proposed four distinct criteria. These four criteria are
individually called explanation, meaningful, accuracy, and knowledge limits. Explanation en-
compasses the principle that explainable ML methods must provide explanations in the form of
evidence and reasons for its output. Meaningful implies that the explanation provided must be
understandable by human standards, and provide meaningful insights to their comprehension of
the model output. Accuracy states that the approximated model output must accurately reflect
the original model output. Lastly, knowledge limits entails that the XAI methods must be aware

of its own limits, and provide feedback whenever it operates outside of its designated area of
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expertise.

These criteria are relatively new, and the degree to which various XAl methods comply
with them is yet difficult to determine. Despite the lack of such testing, the SHAP framework
has seen frequent implementation in credit risk analysis (European Banking Authority, 2023).
The SHAP performs especially well when interpreting the PD estimated using decision tree
ensemble-based models, such as the extreme gradient boost (XGBoost; Nguyen et al., 2023)
and the light gradient-boosting machine (LightGBM; Andersen et al., 2021)). It has been proven
to interpret these models in a way that is intuitive for humans to understand (M. S. Lundberg
and Lee, [2017) and it provides meaningful insights for understanding the relationship between
feature inputs and output prediction. Furthermore, the SHAP is highly accurate when inter-
preting locally, and provides consistent explanations for predictions (M. S. Lundberg and Lee,
2017;S. M. Lundberg et al., 2019). Yet, most applications of the SHAP is at the global level
as a method of increasing model accuracy. Not enough applications is seen at the local level
as a way of individual feature interpretations (Nguyen et al., 2023)). Applying SHAP as a way
of interpreting local PD predictions is essential, especially in heterogeneous markets such as
commercial real estate, where companies can differ substantially as to the individual risk they

are exposed to (European Systemic Risk Board, [2015)).

3 Theory

In order to accurately predict what facets of a company are the drivers behind bankruptcy, we
need to understand specifically how bankruptcy works. Therefore, this section firstly relates to
how bankruptcy is defined in the literature, which includes how the bankruptcy process works,
and how that relates to the credit risk experienced by a CSP. Furthermore, some principles
behind ML that enables the increased performance of our chosen model is discussed. Lastly,
the standard evaluation metrics used for evaluating the performance of classification ML models

are presented.

3.1 Definition of Bankruptcy

In a perfect capital market, as presented by Modigliani and Miller (1958)), the capital structure

of a company is irrelevant. However, a perfect capital market does not exist most notably due
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to taxes, bankruptcy costs, and other market frictions. Because interest is tax-deductible, there
is an optimal capital structure for a company that balances debt and equity. If we assume taxes
to be present, the value of a company increases proportionally with the amount of debt added
due to a tax shield on interest payments, up to the point where the interest payments exceed the
company’s EBIT. In essence, to maximize firm value, one would increase debt to the maximum
capacity. However, in practice there are other market frictions which ultimately reduces firm

value when debt is increased too much, most notably the risk of bankruptcy.

The risk of bankruptcy brings costs associated with the possibility of defaulting on out-
standing debt. Direct bankruptcy costs such as lawyer and accountant fees reduce the value of
the assets left in the firm. Indirect bankruptcy costs caused by financial distress, whether or not
a firm is declared bankrupt, may be of substantial size (Hillier et al., 2019, p. 589). Especially
relevant for CRE companies are the indirect costs related to fire sale of assets. In the hope of
avoiding bankruptcy a CRE company may try to sell off properties to try and avoid bankruptcy
proceedings. The lack of liquidity due to CRE being a heterogeneous product (Bjgrland et al.,
2022)) may cause significant liquidity discounts when a distressed firm needs to sell quickly.
Not only may the indirect bankruptcy costs pose a threat to the CRE companies, but also for
creditors such as banks, especially if the loan to the CRE company was a significant asset to the

bank.

Bankruptcy is generally referred to as the legal process a firm is put in because they cannot
fulfill their outstanding debt or other obligations (E. I. Altman, 1968, Warner, [1977). When a
firm is leveraged by debt there are two parties involved, the debtor and the creditor. In Norway,
the bankruptcy process starts when either the debtor or creditor files for bankruptcy as an appeal
filed to the district court where the firm is registered. For a company to be declared bankrupt,
it must be insolvent. Insolvency can occur in two forms: either the company cannot meet its
financial obligations as they come due, or the value of its assets does not exceed the value of its
liabilities (Altinn, 2024)). These two types of insolvency are referred to as cash flow insolvency
and balance sheet insolvency, respectively. More formally, cash flow insolvency occurs when a
firm cannot meet its financial obligations at their due dates, and balance sheet insolvency refers

to the situation where liabilities exceed total assets (Uhrig-Homburg, [2005).

An important nuance is that insolvency and bankruptcy do not necessarily occur simulta-

neously. Creditors may treat a firm as if it were insolvent even when it is not, due to a high
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probability of future insolvency. This behavior can lead to situations where the decision to file
for bankruptcy is influenced by subjective judgment (Jackson and Scott, |[1989). As such when
deciding whether to declare bankruptcy, it is crucial to consider whether the firm is experienc-
ing economic or financial distress. Economic distress occurs when the firm cannot generate
sufficient revenue to cover its operational expenses. Financial distress is caused by excessive
leverage, where the interest costs prevent the firm from achieving positive earnings (Onakoya
and Olotu, 2017). For a CRE company, the combination of high leverage and high capital inten-
sity, makes them especially vulnerable to increased interest payments or a drop in rental prices
(Hagen et al., |2018]). It is therefore crucial to consider both the financial health and economic
health of a firm when evaluating its overall stability. A firm is considered financially healthy
if it can pay its debts on time, while it is considered economically healthy if it can produce
goods or services efficiently and profitably. Notably, a firm might be financially distressed, but
still have a viable business model and the potential to recover and be profitable in the long run.

Conversely, it might be able to pay its debt, but lack an efficient business model (Adler, [1997).

3.2 Machine Learning

A creditor will be most concerned with the financial distress of a company. As such, they will
be interested in the company’s ability to repay their debts in the future. Therefore, they would
implement default prediction forecasts of the companies at the individual level. As previously
mentioned, machine learning (ML) is especially suitable for such an analysis. ML is a subset of
artificial intelligence which focuses on developing algorithms and statistical models that enable
computers to perform tasks without explicit human programming (EI Naga and Murphy, [2015).
These tasks involve recognizing patterns, making predictions, or classifying data. Typically,
ML algorithms are categorized along four different approaches: supervised, semi-supervised,
unsupervised, and reinforcement learning (Sarker, 2021). The models used in this thesis utilize
supervised machine learning algorithms, and we will therefore not elaborate on the other three.
Supervised ML involves giving a model a patterned set of inputs and their corresponding true
output. Then, the model is trained such that it is able to learn these patterns to subsequently
identify them when working with new data not seen before. The aim is to generalize these
patterns and make the model understand and correctly predict an output for a new dataset,
solely based on a set of input features (Sarker, 2021). Therefore, supervised ML algorithms

have datasets split in two, one training set to identify the patterns, and one test set to validate
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them.

Supervised ML can be applied for two distinct applications: regression analysis and clas-
sification analysis (Nasteski, [2017). A key difference between them lies in the output of the
model. Regression analysis exists in the real space, and thus the model output is continuous.
Classification analysis on the other hand, produces some categorical (discrete) output defined
by preexisting categories, or some probability of belonging to that category. In relation to
bankruptcy prediction, classification analysis is naturally used, as the motivation lies in identi-
fying the probability of going bankrupt. Specifically, bankruptcy prediction is considered binary
classification analysis, whereby the model output is a probability of default. A threshold is then

defined to categorise the company as either solvent or bankrupt depending on the PD.

A problem that arises in supervised ML concerns how well the model captures actual rele-
vant data features and not noise. This relates to overfitting, a concept in ML whereby the model
effectively reduces the loss in the training data, but not on the test data (Tian and Zhang, |2022)).
Overfitting can be caused by having overly-complex models that are fitted too well on the train-
ing data. This complexity makes the model good at classifying training data observations, but
lacks the power to classify out-of-sample observations. In relation to bankruptcy prediction, this
noise causes a lot of company misclassifications, and thus poor model performance. In order to
cope with these problems concerning overfitting, several measures have been introduced, some

of which will be discussed here (Ying, 2019).

3.2.1 Regularization

They aim of a supervised ML model is to identify patterns in the training dataset that it can
apply to out-of-sample observations. As the field has developed, more advanced and complex
techniques have been developed to ensure the model does not fit too much noise. These tech-
niques include regularization technology which is used to increase the model generalization by
imposing a penalty on the complexity of the model (Tian and Zhang, 2022). Two standard reg-
ularization techniques are the L1 (Lass and L2 (Ridge) regularization parameters. Both L1
and L2 regularization is used to reduce the effect of individual features on the model as a whole
which reduces overfitting. They are added onto a model loss function, creating an objective

function. L1 regularization can be defined as

ILeast Absolute shrinkage and selection operator.
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L) = l(z) +a Y ||Bnll (3.1)

where L(x) is the objective function, [(x) is the original loss function, « is the L1 regularization
parameter, and [3,, is a model coefficient for feature m. When optimizing the objective function
this model constraint encourages the absolute value of the individual feature coefficients to be
smaller. The L1 regularization parameter often leads to coefficient values of zero, effectively
negating that feature from the model. This effect can be especially beneficial when working
with high-dimensional data including many irrelevant features (Ng, 2004). As such, L1 regu-
larization effectively simplifies the model by optimizing the number of relevant features which

makes it easier to interpret model outputs (Schaaf et al., 2019).

L2 regularization is also used to reduce the effect of individual features on the entire model.

The typical formula for L2 regularization can be expressed as

Lix) = i(x) + A Y1182 (32)

where all parameters are the same as in the L1 regularization case, and ) is the L2 regularization
parameter. Because L2 regularization introduces a polynomial model constraint (instead of
an absolute one), the coefficients are not directly set to 0, simply minimized. The effect of
L2 regularization is again to reduce the effect of individual features on the entire model, thus
reducing overfitting. Both L1 and L2 regularization are model constraints, that limit the possible
feature coefficient combinations in different ways. They are additions to any model that changes
the optimal weights assigned to individual features. In addition to regularization techniques,
overfitting can also be reduced by using several less complex models in combination, which in

ML are called ensembles.

3.2.2 Ensemble Methods

Ensemble methods for machine learning are simply ways of combining several models together
into an overarching model that performs better (Dietterich, 2000). “A necessary and sufficient
condition for an ensemble of classifiers to perform better than any of its individual members is if
the classifiers are accurate and diverse” (Hansen and Salamon, [1990|as cited in Dietterich, 2000,

p- 1). A model by itself is accurate if it performs better than simply guessing, and by using a
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variety of such models, the ensemble model can more easily capture the diverse and complex
facets of a dataset. There are three types of standard ensemble techniques most commonly used
in ML today, called bagging, stacking and boosting (Divina et al., 2018; Dietterich, 2000). All
three have been used in the development of a range of different ensemble methods. The model
developed for this thesis is an XGBoost, which by default utilizes a boosting method. Therefore,

we will not go into depth about stacking and bagging. How boosting is used specifically in the

XGBoost will be discussed in the section.

Boosting is a way of minimizing missclassification of observations through the use of suc-
cessive models that sequentially correct the prediction errors. The final prediction, ¥,, is a
weighted combination of all individual model predictions (see figure[3.T)). By assigning a weight
to either a correct or a faulty classification, the model will eventually learn more about a given
observation using a set of input features. Boosting is based on the concept that several weak

models together will eventually perform better than one strong model alone (Dietterich, [2000).

Input Features (x,)

l

Weak | Weighted
Model 1 " | Sample 1
Y
Weak | Weighted
Model 2 " | Sample 2

Y

Weak | Weighted
Model 3 "| Sample 3

| ‘/
Combine |«

Output (§»)

Figure 3.1: Example of the boosting process. Different ensemble-based models use different individual models,
but they all combine using some weighed aggregation of individual predictions.

Regularization techniques and ensemble-methods are two common ways of counteracting

overfitting in a supervised ML algorithm. In addition, specific techniques are also embed-
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ded into individual model frameworks themselves, developed to create better performing algo-

rithms.

3.3 Evaluation Metrics

In order to evaluate how the models perform, several ratios and methods have been developed
to compare model performance along a range of metrics. These metrics relate to how well the
models reduce either type I or type II errors. In order to avoid any confusion as to what type
I and type II errors are in ML and statistical literature, we define the type I and type Il errors
in a ML context. In the context of binary classification of the solvency of companies using
machine learning, type I errors occur when a solvent company is predicted to become bankrupt
according to the model. This is called a false positive, as the company is positively identified as
bankrupt, despite it actually being solvent. The opposite is called a false negative, or a type Il

error, whereby an actual bankrupt company is misclassified as solvent.

When working with binary classification tasks such as bankruptcy prediction, because the
output is a probability, a threshold is defined. This threshold is defined such that companies
that have a higher predicted PD, are categorized as bankrupt. As such, type I and type II errors
are highly sensitive to the threshold level set in the model, and different threshold levels could
drastically change model performance. The threshold can therefore be an asset as it can be
set to increase model performance in the direction of preference according to some evaluation

metrics.

Recall, precision and accuracy are three evaluation metrics used to capture different aspects
of a ML models’ performance. Accuracy captures how well the overall model is at classifying
all companies correctly as either solvent or bankrupt. This measure is therefore more applicable
when working with balanced datasets, as having an overwhelming majority of solvent compa-
nies will often make the accuracy high. In the case of working with imbalanced data sets, this
measure will therefore capture less important aspects of the models. Accuracy is measured by

the following:

True Positives + True Negatives
Accuracy = — _ — - 3.3)
True Positives + True Negatives + False Positives + False Negatives

17



where true positives are correctly classified bankrupt companies and true negatives are correctly

classified solvent companies.

Precision is a metric used to measure how many of the predicted bankrupt companies are
actually going bankrupt. This metric is therefore important when the misclassification costs
of false positives are high. If a model has low precision, then it implies that a lot of solvent

companies are identified as bankruptcies. Precision is defined as

o True Positives
Precision = — — (3.4)
True Positives + False Positives

The last evaluation metric to be introduced is recall. Recall may be the most important met-
ric for bankruptcy studies, as the ability to correctly identify bankrupt companies is generally
of greater importance than correctly identifying solvent companies. In general, misclassifying a
bankrupt company as solvent may lead to a loss that is significantly larger than the opportunity
cost of not granting a loan to a solvent firm. Recall measures how many of the positive instances

(bankrupt firms) are actually predicted as bankrupt by the model. Recall is defined as

Recall — True Positives (3.5)

True Positives + False Negatives

Despite recall being of the highest interest for the models in this thesis, there still needs to
be a balance between recall and precision, as having too low of a precision will lead to large

opportunity costs.

Both precision and recall are sensitive to the threshold defined. A higher threshold means
fewer companies are categorized as bankrupt, meaning less false positives, increasing the preci-
sion. However it also means more false negatives, as more bankrupt companies are categorizes
as solvent, and thus a lower recall. The opposite is true should the threshold be set too low. A
trade-off therefore needs to be made such that model performance is optimized. In general we
want a model that correctly classifies both solvent and bankrupt companies over a large range

of thresholds.

There are two common methods to evaluate classification models according to their average

performance over all thresholds. These are the Receiver Operating Characteristic (ROC) curve
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and the Precision-Recall (PR) curve. Both measures are quantified using the area under the
curve (AUC) of their respective distribution curves, where an AUC value of 1 represents a
perfect model. The ROC captures the trade-off between the True Positive Rate (TPR) and the
False Positive Rate (FPR). The TPR is the same as the recall, whereas the FPR is the rate of

negative cases predicted falsely as positive, defined as

FPR— False Positives (3.6)

False Positives + True Negatives

The FPR shows the frequency of solvent companies that are predicted as bankrupt. The ROC
plots the ratio of recall to FPR for each threshold, going from a threshold of 0 to a threshold of
1. The ROC-AUC is thus a measure of how well a model can classify its positive class without
misclassifying too many of its negative class. The ROC-AUC is subsequently not affected by

the defined threshold set in the model, since the ROC iterates over all possible thresholds.

The PR curve conversely plots the ratio of precision to recall at different threshold levels.
In most cases a high precision will correspond to low precision and vice versa, thus the PR-
AUC in essence measures how well on average a model is able to account for both. The PR
curve is most notably used when working with highly imbalanced datasets in favor of negative
observations, which typically lead an inflation in the number of false positives. Thus, similarly
to the ROC curve, the PR curve iterates over all thresholds, but it can better capture the increased

prevalence of negative cases seen in imbalanced datasets.

4 Methodology

The methods used to create the models for this thesis are the XGBoost and the logistic regression
(LR). Since both are supervised ML models, this involves training the models on a given training
set, and then validating one year ahead. In order to best interpret the results found using the
XGBoost, we incorporate Shapley Additive Explanations values as an explainable machine

learning (XAI) framework.
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4.1 Extreme Gradient Boost

The extreme gradient boost (XGBoost) is a supervised ensemble-based ML model developed
by Chen and Guestrin (2016)), utilizing the ensemble method of boosting, with decision trees
acting as weak learners. A simple decision tree contains decision nodes, which splits companies
based on their feature input values, and leaf nodes which are terminal nodes corresponding to
where the companies end up in each decision tree iteration. Each new decision tree is optimized
at the individual leaf node level through the use of gradient descent algorithms. Specifically,
the model is optimized with respect to the probability of default predicted in the previous weak
learner, similar to other boosting models. The XGBoost framework also incorporates a range
of regularization techniques, including L1 and L2 regularization hyperparameters, as well as

column subsampling and a shrinkage factor (Chen and Guestrin, n.d.).

Consider a dataset, D = {y, X}, where y = {y"} € {0, 1} denotes the true classification
values of 0 (solvent) and 1 (bankrupt) for n = 1,..., N company years. X = {z"} € RV*M
is a matrix of m = 1,..., M feature input values for each company year, n. Furthermore, let
the bankruptcy prediction be calculated iteratively through £ = 1, ..., K decision trees acting
as weak learners, defined by the function f;.(X). Each decision tree contains j = 1, ..., J leafs

which each company year is mapped onto. The overall model is mathematically defined as

K
n=fotnY filx), fr€F (4.1)
k=1

where F = {f(X) = wyx)}(¢ : RM — {1,..., J},w € R’) is the classification and regres-
sion tree (CART) space, containing a set of K decision treeﬂ Un 1s the predicted probability of
default found in the model. The function f, represents the initial guess of the model, which is
defined as the average probability of default in the datase 7 is the shrinkage factor used for
reducing the effect of individual decision trees on the final ensemble-model prediction, which
aids in reducing overfitting. The mapping function ¢(X) maps all company years onto their
corresponding leaf node using their respective feature input values. For each new iteration in

the boosting process, the decision tree, fi, that minimizes the following regularized learning

!See Breiman et al., 2017|for an introduction to the use of decision trees in classification tasks.

’Both §,, and f; are expressed as log-odds. In order to transform them into probabilities we have to apply
the logistic function. For ease of understanding, we will continue to regard it as a probability until otherwise
mentioned.
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objective is fitted:

N

£ =3 o 38570 + i) + Q) 42

n=1

where  Q(fi) =T +1iA Z}]:1 ||w?|| is a regularization addition. Q( f) is a penalization term
which is a function of a pruning parameter, v, the L2 regularization parameter, A\, the number of
leaf nodes in a given tree, J, and the corresponding leaf weights, w;. How exactly a given leaf
weight is calculated can be seen in appendix |Al In addition, the L1 regularization parameter,
«, can also be added to similar to (3.1I). The model framework defines « = 0 (Chen
and Guestrin, [n.d.) by default, which is why it isn’t included in (4.2). The pruning parameter
is set to reduce the complexity of the decision trees such that the most informative splits are
retained and the regularization parameter is set to reduce the sensitivity of the overall model to
individual observations, thereby avoiding overfitting. Lastly, [ represents the loss function. The
loss function used in this thesis will be the logistic loss function (also called the cross-entropy

loss function) defined as

U, 387Y) = =[ynlog g% + (1 — y,,) log 1 — giF] (4.3)

where ;gﬁf‘” is the predicted probability of default in the previous decision tree iteration.

The loss function, uses a greedy split finding algorithm, whereby each splitting node
is added iteratively in a way that best reduces the losses. Thus, the added tree, f, that most
reduces the above loss function, (.3)), is found node by node, until further splitting fails to
significantly improve the loss reduction. Overall, the optimal added tree can be found using
the gain of the model, where for each new decision node, the feature and feature value that
leads to the highest gain is chosen. As the regularization parameter A\ increases, the value of
the gain is reduced. Thus, A ensures that in order to add complexity to the model, there has
to be a sufficient increase in gain to justify adding more nodes. Another aspect of the decision
tree creation is called cover. Cover ensures that features used for decision nodes affect enough
observations. If too few observations are considered for a splitting node, then the split will
not happen. Both gain and cover are embedded feature importance measures in the XGBoost

system. The average gain of a feature reflects how much loss reduction is on average caused
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each time a given feature is used in a decision node. Similarly, the average cover reflects the

average number of observations affected by a given feature each time it is used.

4.2 Logistic Regression

The benchmark technique used to compare against the XGBoost in this thesis will be a LR. The
function 9(x?) € RM is the predicted log-odds of bankruptcy for each company on the basis of
the input features for each year, t = 1, ..., T. 0(x") is defined linearly by the set of input features

weighted by their individual coefficients, defined as

M
b(x') = Bo+ Y Bl (4.4)
m=1

where g € R is the intercept in the absence of all other input features and (3,, € R are the
slope coefficients or weights of each individual input feature. Because these values are still in
the form of log-odds, we need to map them onto the probability space which can be done using

the following logistic function’}

1

T 1 et “

p(i(x"))

The LR and the XGBoost both use the logistic loss function (4.3)) for optimal classifica-
tion. However, the XGBoost is optimized with respect to the prediction from the previous
decision tree in a boosting process (g),(lkfl))

Limited-memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS; see Gao and Reynolds, 2006)

. On the other hand the LR is optimized using a

optimization algorithm, which searches for the coefficient weights, 3,,, that minimizes the loss
function. It fits the model based on some initial guesses, and then updates it consecutively
according to the direction that most reduces the losses across the entire dataset in a gradient de-
scent manner. Once the model parameters are optimized, the LR model is tested on a validation

test, similarly to the XGBoost.

A LR is inherently limited by its rigid structure, and strict assumptions. These assumptions

include linearity between feature inputs and the log-odds of the output, no multicollinearity,

3 As mentioned, the XGBoost (and also the SHAP which will be discussed shortly) are also expressed in the
form of log-odds. We therefore note that the logistic function can also be applied to their respective outputs to
transform the output into probabilities. One simply needs to exchange 4(x?) with 7.
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and independence of errors (Stoltzfus, [2011). Such assumptions can limit the model in the face
of non-linear relationships, and in general make the model less useful in modelling complex
patterns. In addition, the logistic regression works poorly when faced with extreme outliers,
missing values, and too many input features (Stoltzfus, 2011). Therefore, we employ a range of

techniques in order to process and adapt our dataset to best accommodate for these assumptions,

which are explained in the |data preparation|section.

4.3 SHAPley (SHAP) Additive Explanations

As mentioned, in order to effectively understand what factors of a company leads to banruptcy,
we employ XAl techniques. Specifically, we are going to use the SHAP framework developed
by S. M. Lundberg et al. (2019). SHAP is an XAl method based on game theory which can be
applied to interpret the results of any ML model (M. S. Lundberg and Lee, 2017). The benefit of
the SHAP is that it is both global in that it can explain the feature attributes of entire models and
local in that it can provide explanations for single predictions. This is beneficial for credit risk
modelling because it enables the interpretation of the model output for individual companies,
and as such makes providing explanations for credit risk evaluations possible. A specific version
of the SHAP, called the Tree SHAP was specifically developed to provide these explanations
when used together with tree ensemble models such as the XGBoost (S. M. Lundberg et al.,
2019). The Tree SHAP applies the Shapley Values developed in game theory to find a unique
solution to a proposed model developed as a unification of previous additive feature attribution

methods (AFAM) |

AFAMs interpret ML model outputs, such as those found in an XGBoost, as a sum of
weighted importance values attributed to each input feature. They can be viewed as explanation
models that interpret complex models through the use of approximation. For instance it takes
the prediction output from the XGBoost and decomposes it into a weighted combination of
the individual input features. For any given feature, m, a given importance value or SHAP
value, ¢, is attributed to represent the influence that feature has on the model output for that
company year. The SHAP model output, g(2’) which is the log-odds of the predicted bankruptcy

probability for that company year, n, is defined as

“These are LIME, DeepLIFT, and Layer-Wise Relevance Propogation.
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M
9@y =do+ > _ oz, (4.6)
m=1

where 2’ is a set of 0’s and 1’s corresponding to the the same set of feature inputs used in the
original XGBoost. The individual z/, are binary classification values representing whether a
given feature is present or missing, taking the value 1 if present and 0 if missing. ¢ is a base
value attributed to the prediction in the case where all features are missing from the model, and
can be viewed as the same initial prediction as in the XGBoost, which is often just the average
probability of default in the dataset. Figure 4.1 shows an example of how the additive process

works to achieve a final predictive value for a given company.
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Figure 4.1: This is a local interpretation figure which showcases how a prediction for a single company is
calculated. Here, we see that the first two features of the company increase the PD, and the last two features
decrease the PD. The final output is the expected PD conditional on all four features, given by f(x). The biggest
contributor to this result is ¢, since it has the highest SHAP value.

Since not all companies will have available data for all features, it is important that features
that are not present are not given an importance value for those companies. This is a critical
property of the unique solution found using the SHAP, called missingness. The other two im-
portant properties are local accuracy and consistency. Local accuracy is a property which states
that the sum of all present importance values should be equal to the ML model output. This just
means that g(z’) = ¢, essentially stating that when attributing importance to all features, the
underlying model should be explained fully. Lastly, consistency simply states that the attributed
value assigned to a feature can never decrease if a model is changed such that that feature has a
bigger impact on the model output. M. S. Lundberg and Lee (2017) argue that the SHAP is the
first AFAM that adheres to all three properties, which are individually found in earlier AFAMs.

Specifically, SHAP values are calculated iteratively, whereby the original model is fitted for
every possible subset of feature inputs. Then, the average predicted value of the model using
all subsets not containing the feature of interest is compared to the predicted value of the model

using all features, which is just the original model output. By comparing these predictions,
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the SHAP values will reveal how important a given feature is for the overall model prediction.

Specifically, we calculate the following equation:

- 3 BHM R4|!S| “ (S U {m) - () @.7)
SCM\{m}

where f.(S) = f(h.(2')) = E[f(z)|xs| is defined as the expectation of the model output
conditional on the set of feature inputs S. S is a subset of feature inputs which excludes the
feature of interest, m, in each iteration: S C M \ {m}, where M is the set of all feature
inputs. The mapping function h, is responsible for mapping the set of 0’s and 1’s found in 2’
onto the decision tree such that it reflects which features are missing and which are present in
each subset. Thus the expected predicted output, f(z), is conditional on the subset of features
present, zg. The impact of a given feature can now be found by comparing f,(S U {m})
with f,(.S), which are explanation model predictions with and without the feature of interest,
respectively. Additionally, |S| is the number of features in the subset .S, and M is still the total

number of features in the model.

In addition to local SHAP values which are used to identify important feature inputs for in-
dividual companies, the SHAP framework also has global SHAP values. Global SHAP values
are calculated by averaging the absolute value of all local SHAP values across the entire dataset.
By taking the absolute value, importance is assigned to both negative and positive SHAP val-
ues, which ensures that both features which are important for predicting bankruptcy and for

predicting solvency are considered. Global SHAP values, ®,,, are defined as

ot (4.8)

NE

1
D, = —
"N
n=1

Global SHAP values have often been used in the literature as a way of increasing the model
performance of black-box ML models (Nguyen et al.,|2023}; Alfaro et al., [2008). In this study,
the aim will be to use global SHAP values in conjunction with local SHAP values to both

increase interpretability of individual predictions and to better visualize the overall model per-
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formance.

5 Data

This section describes the process of data collection, provides some descriptive statistics, and
details the data preparation needed for the analysis. Data collection shows how the different raw
data was collected and specifically what features we focus on. Bankrupt and solvent companies
will have separate descriptive statistics, the purpose of which is to gain insight into the differ-
ences between the two categories. Data preparation involves detailing how missing values and
outliers are dealt with. Specifically how the financial ratios are used to create new features is
described in feature engineering. Lastly, how we ended up splitting the dataset for the training
and validation as well as the process of selecting features for the XGBoost and the LR will be

discussed.

5.1 Data Collection

In order to acquire a fitting dataset to be used in further analysis, there are several steps that
need to be completed. Firstly, this involves the identification of the relevant companies we are
interested in predicting bankruptcy for. Secondly, it involves gathering financial statements,
macro data, and sector specific data in order to create relevant financial ratios and features. The

variables created from this data collection are to be used in our models as feature inputs.

5.1.1 Financial Variables

Our dataset subject to analysis are financial statements of commercial real estate (CRE) firms
characterized as small medium enterprises. The European Union’s definition of SMEs is mea-
sured by two factors: (1) Staff headcount or (2) Turnover or balance sheet total (Directorate-
General for Internal Market and SMEs, n.d.). We filter our companies by balance sheet total as
it better represents the scale of firms within CRE. Thus, we include only enterprises that have
a balance sheet total between €2m and €43m. We include enterprises that reach this balance
sheet total criteria at least once during our time period. The time period of interest for our anal-
ysis is 2012-2022, with annual frequency on the data, and the proprietary data is downloaded
from Enin AS. We construct a longitudinal panel data set using bankrupt and solvent compa-

nies. Initially, we sort the data by their respective organization number as identification (id)
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and accounting year (year). To identify commercial real estate companies we filter by NACE
codes. We sort by the industrial area code “L - real estate activities”. And we only include the
industrial codes 68.100 and 68.209 (BRREG, n.d.), which ensures that there are no real estate

management firms, real estate brokers and house cooperatives.

ENIN enables us to filter out bankrupt and solvent companies by using “corporate flags”.
We use the flags “Registered bankrupt” and “Bankruptcy defendant”. By only using these two
flags, companies that ceased to exist due to other events than bankruptcy are avoided; such as
demerger and merger & acquisitions activities. We then set our time period, and download
the organization numbers that have met this criteria. After this download, a company batch
is uploaded to ENINs Application Programming Interface (API). We do the same process for
our solvent companies. Now, by using the API we are able to download the income statement
and balance sheet of our chosen CRE companies, as well as their geographical location and

establishment date.

The data set consists of 14,371 unique CRE companies. Of these companies, 678 regis-
tered as bankrupt during the time period 2012-2022. The last 13,693 are considered solvent,
which implies that the dataset is highly imbalanced, with a defaulting frequency of only 4.8%.
Because we are interested in analysing default probabilities of potential investments, we have
already excluded all subsidiaries in the final dataset. Enin’s corporate flags enables us to remove
subsidiaries by filtering out companies with the flag “corporate group”. In general, debt financ-
ing is done through non operational holding companies and not subsidiary companies that are
created for individual CRE projects. By removing subsidiaries we keep the analysis focused on

investments where there is potential risk for the creditor.

5.1.2 Macro and Sector Specific Variables

In addition to financial variables, we include macro and sector specific variables that we believe
are relevant in predicting bankruptcy. For example, a rapid increase in interest rates will increase
financial expenses, potentially leading to struggles for highly leveraged firms. A stock index
consisting of real estate companies may reflect the sentiment of the real estate market as a
whole, and could therefore improve our model. The variables were collected from various
sources, and then transformed to represent change over time. The aim of these transformations

was to acquire dynamic measures of the macro economy and the CRE sector, as previous studies
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have found such features to be of interest (Ciampi et al., [2021). The implementation of these

variables enables a deeper analysis of how changes in the economy as a whole can impact firms

depending on their individual financial situation. More about this under [feature engineering|

Below we list the different sources we collected macro economic and sector specific vari-

ables from:

¢ Annual transaction volume (MNOK) for commercial real estate - Akershus Eiendom AS

(Eiendom, n.d.).

NOK 5 year swap rate 6month (NOKAB60OS5Y) - Eikon Financial Database.

Annual electricity price (NOKgre/kWh) for Norwegian price regions - (Nord Pool, [2024).

VINX Real estate Index NOK GI (SE0004388676) - NASDAQ (Nasdaq, |n.d.).

* Unemployment rate - SSB (Statistisk sentralbyra (SSB), 2024)).

GDP growth for Norway - Trading Economics (Economics, 2024).

These specific variables where chosen as either measures of the sentiment in the economy as
a whole or as a measure of the sentiment in the CRE sector. A change in transaction volume
represents a change in liquidity, and should affect the risk premium required by CSPs, and
subsequently be reflected in the default probability. Furthermore, an increase in transaction
volume can be associated with a higher willingness to invest in CRE. The interest rate swap is
a 5-year contract where one party pays a fixed interest rate, determined by market conditions
and outlook, and the other party pays a floating rate tied to the 6-month NIBOR. The swap
rate represents the forward-looking view of the economy as a whole. We use the 5-year swap
rate because CRE companies typically use contracts with this rate as a tool to hedge interest rate
costs. Utilities are some of the largest variable costs for CRE properties, and electricity price for
each price region in Norway is therefore included. We use the business address to identify the
county the CRE company operates in, then we map the county to the corresponding electricity

price region.

The VINX is a real estate price index containing some of the most traded real estate firms

in the Nordics, and similarly to the transaction volume should provide interesting insights into

28



our bankruptcy prediction studyﬂ The unemployment rate is included to take into account that
an increase in unemployment may result in a reduced occupancy rate for CRE properties, thus
reducing revenue. Lastly, the annual GDP growth rate of Norway may be interpreted as a proxy
for the business cycle, and a decline in the GDP growth rate may reflect an increase in the

number of defaulting companies.

5.2 Data Description

Although, the features mentioned above were included in our initial model, not all features
proved to be relevant for the model we used in the final analysis. Out of 189 features, only
18 features have been selected using SHAP feature selection, which will be discussed in the

feature selectionl section. In order to better understand how the final features differ between

bankrupt and solvent companies we will first discuss some descriptive statistics of our data.
The descriptive statistics are calculated from the entire dataset, consisting of the years 2012-
2022. We show separate statistics for bankrupt and solvent companies in order to visualize
fundamental differences between the two categories. In comparing bankrupt and solvent CRE
companies, we will highlight three different financial dimensions that are typically discussed in

the literature (E. I. Altman et al., [2015)): profitability, liquidity, and solvency.

Table [5.1| shows a range of descriptive statistics for the selected features for all companies.
Features that are financial statement items are denoted in units, trend variables in percentage
and financial ratios are denoted in decimals. We can clearly see that there are large outliers
on several of the financial variables. Very large values of ratios like Capital Employed / Fixed
Assets (CE/FA), Interest Coverage Ratio (ICR) and Operating Income / Total Assets (OI/TA)
are examples of this. As mentioned previously, we we would like to keep these outliers for the
XGBoost model as it is able to specifically categorize the companies using their missing values.
Missing values may be a sign of poor book-keeping which tends to be a sign of financial distress

in small companies.

5.2.1 Profitability

Profitability concerns how effectively a company is at generating revenue using its existing as-

sets. For CRE companies this can be reflected through how well they generate rental income

'The VINX contains mostly Swedish firms with one Danish and one Islandic, but no Norwegian firms. How-
ever, we believe it still represents an overall sentiment of the CRE market in the Nordics as whole, and therefore
also the Norwegian market.
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Table 5.1:

Descriptive Statistics of Bankrupt and Solvent Companies

(a) Descriptive Statistics of Bankrupt Companies

Feature mean std min 25% 50% 75% max
Equity 763546.18  17167135.44 -301831985.00 -240318.50  144445.00  1215483.00 264030583.00
Capital Employed/Fixed Assets -816.12 251161.28 -3181707.00 0.74 0.99 1.19 9514944.00
SWAP 36M MA 1.91 0.59 1.39 1.44 1.65 2.31 3.23
Loss Buffer 14401.00 162538.92 -1396659.50 -0.05 0.04 1.39 999990.00
Retention Ratio Trend 1Y 630.08 39979.93 -30434.78 0.00 0.00 0.00 254444444
Operating Income/Total Assets -63.18 4384.08 -289507.60 0.02 0.12 0.76 3677.55
Retained Earnings -447183.34  16683998.36 -312144985.00 -733931.00  -12000.00 363420.50 263846993.00
Total Assets 10117928.79  25124781.73 -7601000.00  708866.00 3549511.00 10175470.00 547452000.00
‘Working Capital/ TEBIT 30.69 3997.32 -47626.77 -2.06 -0.26 1.08 244472.80
Total Assets Trend 2Y 38974.98 1116574.40  -12137660.00 -26.33 -0.53 42.20 41287029.41
Transferred Equity/Total Assets 0.00 12.51 -548.79 -0.09 -0.00 0.05 357.90
Interest Coverage Ratio 3028.65 183107.29 -4815532.00 -1.24 1.00 5.77 6209574.50
Current Ratio 8.10 168.01 -7229.85 0.20 0.90 2.36 4854.17
Electricity Price 41.81 38.65 9.35 27.34 33.63 48.25 264.97
Operating Income Trend 1Y 240.23 2128.44 -5273.42 -33.19 1.34 50.00 62314.87
Total Liabilities/Total Assets 2503.74 61952.18 -17047.00 0.63 091 1.10 1802583.50
Retained Earnings Trend 1Y 2385.09 176384.39 -2010194.00 -43.79 1.75 46.23 9740925.00
Loan To Value Trend 1Y 14506344.58 730426184.67 -3377.51 -9.62 0.00 8.17 38566392925.21
(b) Descriptive Statistics of Solvent Companies
Feature mean std min 25% 50% 75% max
Equity 16407388.39  36448300.96  -77617502.00 1871413.50  5353148.50 14269092.50 582963217.00
Capital Employed/Fixed Assets 5381.48 372439.38 -33.94 1.00 1.09 1.51  26365193.00
SWAP 36M MA 1.67 0.32 1.39 1.44 1.56 2.05 3.23
Loss Buffer 7739.27 167751.49 -999990.00 0.99 3.22 14.48  15052944.50
Retention Ratio Trend 1Y -123.00 8961.32 -491356.04 0.00 0.00 0.00 178660.12
Operating Income/Total Assets 0.15 0.38 -0.10 0.03 0.09 0.16 13.48
Retained Earnings 12676629.89 31340422.97 -109527281.00  845603.50  3794651.00 11063264.00 582323217.00
Total Assets 30820565.35 54248772.96 55.00 7421166.75 12906777.50 28753892.50 853778885.00
Working Capital/ TEBIT -14.68 1451.11 -140267.63 -0.09 0.69 2.77 12368.79
Total Assets Trend 2Y 2773.88 182842.87 -99.88 -5.42 2.31 2545  17568658.70
Transferred Equity /Total Assets -0.16 14.14 -1239.55 0.00 0.03 0.08 4.06
Interest Coverage Ratio 26114.65  1049815.63 -1131074.67 1.62 4.68 4343 90266034.00
Current Ratio 136.16 6507.74 -8212.35 0.99 2.88 9.54 627849.00
Electricity Price 79.43 81.10 9.35 30.31 48.38 94.62 264.97
Operating Income Trend 1Y 1861.75 129396.94 -29331.26 -6.08 2.40 16.79  12254900.00
Total Liabilities/Total Assets 1.21 42.26 -0.12 0.17 0.53 0.82 3132.53
Retained Earnings Trend 1Y 220.92 10591.47 -109973.74 -5.26 5.15 22.56 904085.19
Loan To Value Trend 1Y 422.79 10517.69 -293.83 -12.03 -2.82 3.16 719407.71

from their properties, typically denoted as operating income to total assets (OI/TA). In our

descriptive data shown in table[5.T| we see that the median OI/TA is higher for bankrupt compa-

nies compared to solvent companies (0.12 versus 0.09). Whilst at first glance this suggests that

bankrupt companies are more profitable, this interpretation can be misleading. The distribution

of OI/TA for bankrupt companies is more variable, with a lower extreme minimum (-289 507)

and higher extreme maximum (3 677) values, resulting in a high standard deviation of 4 384.

In contrast, solvent companies have a more consistent distribution, with a minimum value of

-0.10, a maximum value of 13.48, and a standard deviation of 0.38. These descriptive statistics

indicate that the apparent higher profitability of bankrupt companies is influenced by their wider

range of values, and one could argue that trusting the median in this case is not necessarily the

correct assumption.
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5.2.2 Liquidity

Liquidity reflects the degree to which companies can meet their debt obligations in the short
term. A common way of measuring liquidity is using the current ratio. We can see in table[5.]
that solvent companies generally are more liquid represented by their median Current Ratio of
2.88, which indicates that solvent companies in our dataset have nearly three times more current
assets to cover its current liabilities. In contrast, for the bankrupt companies, the median is only
0.90. A current ratio of 0.90 suggests that the median bankrupt company does not have the

capital on hand to cover its short-term debts.

5.2.3 Leverage & Solvency

Measures of leverage and solvency are generally used to get a better grasp at a company’s
overall financial stability, their capital structure, and their ability to repay debt in the long run.
A typical way of measuring leverage is by calculating how much debt exists in the company,
often measured through total liabilities to total assets (TL/TA). A median TL/TA ratio of 0.91
for bankrupt companies indicates that the median company in this group is highly leveraged,
with liabilities nearly equaling its total assets. Such high leverage exposes these companies to
significant interest rate risk. In contrast, solvent companies have a median TL/TA ratio of 0.53,
meaning that only 53% of their total assets are financed by liabilities. This significantly lower
leverage suggests that solvent companies are in a more stable financial position and are less

vulnerable to interest rate fluctuations.

The interest coverage ratio (ICR) reflects how well a company’s income covers its inter-
est expenses, and is therefore often used to measure solvency. The ICR described in table [5.1]
accounts for total operating income and income from group companies and subsidiaries. Sol-
vent companies have a median ICR of 4.68, indicating that their operating income is nearly
five times their interest expenses. In contrast, bankrupt companies have a median ICR of 1.0,
indicating that their earnings before interest and taxes (EBIT) are just sufficient to cover their
interest costs. An ICR of 1.0 signals financial distress, as these companies are barely managing

to meet their interest obligations.

5.2.4 Feature Correlation

As described above, there are several interesting differences between solvent and bankrupt com-

panies in our dataset. Despite these differences, when looking at individual accounts by them-
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selves it would be difficult to determine whether a company is about to declare bankruptcy or
not. As such, the aim of these descriptions is not to conclude, but simply to highlight some
key differences between bankrupt and solvent companies in the CRE sector. The degree to
which the variables presented in table [5.1] correlate with each other and with the output vari-

able, bankruptcy, can be seen in figure [5.1]
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Figure 5.1: Heatmap of correlations between features and the target variable. The colour scale on the vertical
axis to the right explains the colour coding. Blue indicates a high positive correlation, and brown indicates a high
negative correlation. Most features are not correlated.

Figure [5.1) is a heatmap that displays the linear correlation both between the 18 selected
input features and with bankruptcy. The intensity of the cell color represents the degree of
correlation, as can be seen on the scale on the right. Ratios that share the same numerator or
denominator will have high correlations, such as Retained Earnings (RE) and Equity (E), as
well as RE and Total Assets (TA). The target variable “Bankrupt” does not have any significant
linear correlation with the input features, indicating that there might be non-linear relationships

present, which would support the use of non-linear models such as the XGBoost.
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5.3 Data Preparation

Data preparation involves making sure that the dataset is adapted to the models used for analysis.
For instance, for the LR, outliers and missing values are problematic, and we therefore need to
handle them accordingly. Depending on which ML method is used, we need to make sure we

have taken necessary precautions in order for the analysis to be reliable and accurate.

5.3.1 Data Cleaning

Outliers and missing values are present in the financial ratios that we have created. An outlier
can be defined as a datapoint that is significantly different from the remaining data (Aggarwal,
2017). In the last year of activity it may be reasonable to expect that the financial reporting is
deprioritized. Failure to maintain proper books and records is a common problem for distressed
companies (Floyd et al., 2020). Some of the missing values and outliers may therefore be
assumed to be arising from poor financial reporting. We need to be mindful when removing
outliers and imputing missing values, as bankruptcy could be considered an outlier by itself

since it is considered a rare event.

Handling of Missing Values

We need to decide if the missing values are Missing at Random (MaR), Missing Completely at
Random (MCR) or Not Missing at Random (NMR). Since we believe that missing values may
be a symptom of a company in financial distress, we therefore believe that the missing values are
NMR. Missing values that are NMR can provide valuable information to our XGBoost model,
as the model has the ability to handle missing values as a separate category and learn the optimal
direction to assign for missing values during a split. We will therefore not impute the missing
values in the dataset used for our XGBoost model. On the other hand, the LR model cannot use
missing values. Therefore we will impute missing values for features in the LR model by using

the feature median across all observations for the specific year they are observed in.

Handling of Outliers

The XGBoost itself is not very affected by outliers due to the use of decision trees as weak
learners. The splitting nodes split the data based on absolute values, and do not care whether a

given feature value is far away or close to the given split value. Since an outlier is a datapoint
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far from other observations, this wont affect the split. We have therefore, chosen to keep the

outliers in the models as a way of separating bankrupt from solvent companies.

Similar to missing values, the LR is sensitive to outliers, and cannot handle them very well.
We therefore use winsorization to manage the outliers, and reduce their effect on the model
prediction. Winsorization is a procedure where extreme values of a given feature are replaced
by the values closest to them. We defined the boundary as the 1st and 99th percentile for small

and large outliers respectively.

5.3.2 Feature Engineering

To be able to gain deeper insights into the relationships between the features and our target
variable, as well as align the frequency of our data, we perform a procedure called feature
engineering. Feature engineering is the process of transforming raw data to new features with
the purpose of improving the predictive performance. Usually it is done by a researcher with

domain expertise or through iterative trial and error (Nargesian et al., 2017).

From the financial statements we create a set of financial ratios. These financial ratios are
divided into categories, the most relevant of which, as mentioned, are profitability, leverage and
liquidity ratios. The initial feature set is partly based on previous studies on credit risk analysis
(E. L. Altman, 1968)), partly based on specific studies on SME default prediction (Ciampi et al.,
2021)), and lastly based on the findings that macro-economic and sector-specific data potentially

lead to increase model prediction accuracy (Filipe et al., 2016). All initial features are presented

in tables and [B.2]in appendix

In addition to the financial ratios themselves, we also expand the financial ratio set by
calculating trend variables. The trend variables are calculated by percentage change the last
one, two and three years. For example, the percentage change last year in Total Assets (TA) is

calculated by:

(TA, — TA,,)
TA;

Total Assets Trend 1Y = (5.1

The features we create from macro and sector specific variables have the purpose of explor-
ing new relationships to see if they have any predictive power. From SWAP rates we calculate

the quarterly return and create variables that represent a cumulative return for the last 12, 24 and
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36 months. We also include 12, 24 & 36 months Moving Averages (MA) features for the swap.
Our assumption is that after a significant rise in interest rates - evident by the 250 basis points
rise from 2019 to 2022 - the financial risk remains relevant. This persistence is attributed to the
time it takes for companies to fully experience the impact of the new interest rate levels, due to
their mix of fixed and floating rate bank loans. Using VINX35 index’s quarterly returns we cre-
ate 12, 24 & 36 months of accumulated returns. We also create features, similarly to the SWAP,
at the same intervals for a MA for the VINX35. The purpose of these features is to see whether
the aggregated fluctuations can help represent the evolution of market values in the commercial
real estate market. Lastly, transaction volume with annual frequency is transformed into change
last year, change last two years and change last three years. We believe these transformations of
transaction volume have the capability to reflect access to financing for CRE companies where

an increase (decrease) in transaction volume may indicate loosening (tightening) of credit.

5.3.3 Splitting of Dataset

The standard procedure in supervised machine learning is to split the dataset into a training
set and a test set. When performing this split it is important to reduce the information leakage
between the training and test datasets. Information leakage occurs when the trained model is
trained using information it is supposed to predict. If we simply were to randomly distribute
observations into the training set and the test set, there would most likely be similar company
years in both. This would lead to contamination of the training set for two reasons: (1) the
training set has access to future information of companies included in the test set; and (2) the
training set incorporates the same macroeconomic and sector-specific feature values as the test
set, because these are identical across all companies for a given year. Such information leakage
would lead to inflated model performance in both the test and validation datasets as the model

is trained and validated on similar data.

In order to avoid such information leakage, we therefore apply a modified sliding win-
dow technique. Here we annually expand the training dataset and keep the test set the same
length. As such, we both validate the model through annual iterations, and improve the model
through increasingly informative training datasets. To ensure a similar ratio of bankrupt-to-
solvent companies across all relevant years, we undersampled solvent companies to increase
the ratio of bankrupt-to-solvent companies. Undersampling was specifically done as we ob-

tained spurious evaluation results due to the overpresence of solvent companies in some cases
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where the bankruptcy frequency was lower. We undersample such that we have a somewhat
consistent ratio of bankrupt-to-solvent companies for each year. Table[5.2]displays the distribu-
tion of bankrupt and solvent companies across each validation window. We wish to see whether
the later windows, where the model is trained on a larger set of companies leads to increased

model performance.

Table 5.2: Unique Solvent and Bankrupt Companies by Year

2018 2019 2020 2021 2022
Train Test Train Test Train Test Train Test Train Test
Bankrupt 138 113 251 91 342 92 434 98 532 146

Solvent 4760 1688 6448 1621 8069 1750 | 9819 1660 | 11479 | 2214
Balance | 2.90% | 6.69% | 3.89% | 5.61% | 4.24% | 5.26% | 4.42% | 5.90% | 4.63% | 6.59%

5.3.4 Feature Selection

After performing the feature engineering we will have a considerable amount of features. As
the feature set gets bigger, there are several issues that can arise. More features implies a more
complex model, which leads to concerns regarding the curse of dimensionality. The curse of
dimensionality refers to the multiple problems that can arise when working with many features,
such as overfitting, multicollinearity, and data sparsity (N. Altman and Krzywinski, |2018). Ad-
ditionally, more features leads to more computationally complex models that take longer to
finalize. We therefore wish to find the optimal set of features regarding both performance and
computational time. Some of the initial features may be redundant and others may not provide
much predictive power. Feature selection is thus performed as removing redundant and unnec-
essary variables can improve interpretability, shorten the learning time, simplify modelling as

well as provide a model that is better at generalizing patterns (Guyon and Elisseeff, 2003)).

XGBoost

For the XGBoost, we perform a feature selection by training the XGBoost model on the full
feature set during the time period 2012-2021. SHAP values are then calculated and ranked
from highest to lowest mean SHAP value. Based on these SHAP values we rank the features
from most important to least important. Using the 30 most important variables, we start at the
feature with the least impact, and then recursively remove one feature at a time. After each
iteration we train the model and assess the performance on the test set, 2022 using the ROC-

AUC score. After the performance, measured by the ROC-AUC score, drops below 95% of
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the initial performance the iterations stop. The variable set with the highest ROC-AUC score is

then selected to be the final feature set.

Equity

Capital Employed/Fixed Assels
SWAP 36M MA

Loss Buffer

Retention Ratio Trend 1Y
Operating Income ! Total Assets
Total Assels

Electricity Price

Transferred Equity / Tolal Assels
Current Ratio

Total Liabilities / Total Assels
Retained Earnings

Working Capital f TEBIT
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Figure 5.2: Displays the 18 most important features for default prediction of SMEs in the CRE sector according
to our XGBoost model. The features are ranked according to their mean absolute SHAP values, from highest to
lowest, where the mean absolute SHAP value is in log-odds. Feature names are on the left axis.

In figure [5.2] we see the 18 most important features for the XGBoost model according to
the features’” average absolute SHAP value. These 18 features represent the variables that have
the biggest impact on the model prediction. They were the final 18 features found using the

iterative process mentioned above.

Logistic Regression

To make the LR model more parsimonious, we start with reducing the number of features. The
initial feature set consists of the 18 best features from the XGBoost with SHAP feature selection.

Continuing the feature selection process we remove features that are highly correlated in order
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to reduce the bias caused by multicollinearity. This is done by calculating the variance inflation

factor (VIF), where variables that score above 10 are removed.

After the VIF procedure, we rank the features based on the mean absolute SHAP values
found previously. Recursively we eliminate the features that have the least impact. Again,
features are eliminated until the ROC-AUC score declines below 95% of the initial score. The
features that are present once this optimization has been completed will be included in the final
LR model. We are left with four features that yield the best ROC-AUC score. These features
are: Equity, SWAP 36M MA, OI/TA and ICR.

Once the optimal feature sets are found for the XGBoost and LR we fit a third model
to be evaluated in the analysis. This will be an XGBoost trained and tested using the LR
feature set, namely the features Equity, SWAP 36M MA , OI/TA and ICR, henceforth called the
XGBoost (LR features). We wish to see how the XGBoost (LR features) performs under similar
constraints to a LR. The aim of this XGBoost (LR features) will be to compare results with the
XGBoost (18 features), and to visualize how much the added complexity gained from 14 more

features aids in model performance.

6 Analysis and Results

In this section, we present and discuss the results obtained. The performance of our three models

will be evaluated using the metrics presented in the fevaluation metrics| section. In order to fit

the data as best as possible to our models, we implement hyperparameter tuning for optimal
performance. Hyperparameter tuning is done for each window in the rolling window analysis,
both for the XGBoost (18 features) and the XGBoost (LR features Subsequently, two types
of analysis’ are done. Firstly, we use rolling windows with the purpose of evaluating how the
three models perform at various time periods and sample sizes. Secondly, we will evaluate
the XGBoost (18 features) model trained from 2012-2021 and tested in 2022 using the SHAP
framework. SHAP will be used to explain our XGBoost model’s feature importance globally
by assessing the average absolute SHAP value of each respective feature. Additionally, we will
evaluate the same model locally by sampling two companies from the test set, one bankrupt

and one solvent. Local SHAP explanations are then used on the test set, similarly to the global

IRefer to for specifics on the optimal hyperparameter values across all rolling windows for both
the XGBoost (18 features) and the XGBoost (LR features).
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SHAP explanations. Usually, the SHAP explanations are used on the training set to be able to
interpret what features are the most important in the trained model. Since we have companies
observed over time, we want to isolate one year so that we are able to make the most accurate
interpretation as possible. We therefore chose the test set, as we want to evaluate and explain

the model performance one year ahead, similarly to how its done in practice in banks.

6.1 Rolling Window Performance

To evaluate the models we use both ROC-AUC and PR-AUC over the set of rolling windows
found in table [5.2] From figure [6.1] we see that the performance of the models increase as the
data for the training set increases. According to the ROC curve, XGBoost (18 features) out-
performs the LR and XGBoost (LR features) in all years. The ROC-curve evaluates overall
model performance without a strong sensitivity to class imbalance, as it measures the trade-off
between TPR (recall) and the FPR across different thresholds. The XGBoost (18 features) is
better at detecting true positives with little compromise to how good it is able to avoid false
positives. The performance of LR and XGBoost (LR features) decline in 2022. In 2022 geopo-
litical tensions rose which led to soaring energy prices that put pressure on businesses. Energy
prices are represented by electricity prices in the XGBoost (18 features) model. This feature
has the ability to capture the increased level of operating costs in CRE. Since the parsimonious
models only have four features, non of which are electricity prices, it seems they lack the abil-
ity to fully capture the macroeconomic trends seen in 2022, which may be the cause of their

declining performance in the 2022 test set compare to previous test sets.

ROC AUC across rolling windows

—e— Logistic Regression
XGBoost (18 features)
0.96 1 —e— XGBoost (LR features)

ROC AUC
o
©
S

2018 2019 2020 2021 2022
Year

Figure 6.1: Line plot of ROC-AUC scores for test sets from 2018 to 2022. Each line represents one model
evaluated using rolling windows. Year is plotted on the x-axis with AUC score on the y-axis

In figure we see the same trend as observed in figure increasing the amount of
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training data increases the performance of the models. Using the ROC-AUC one could come
to the conclusion that the XGBoost (18 features) is superior in all years. However, based on
the PR-AUC we see that from 2018-2020, all models perform similarly. The PR curve mea-
sures the tradeoff between precision and recall at different thresholds, which indicates that even
though the XGBoost (18 features) is superior in general, shown by the ROC-AUC, for the spe-
cific purpose of identifying the positive class, it is equal to the other two models. In 2021 the
parsimonious model, XGBoost (LR features), actually outperforms the more flexible XGBoost
model in terms of balancing precision and recall. In 2022, however, the XGBoost (18 features)
excels and is superior compared to the other models with a PR-AUC score of (.74, compared to
0.44 for the XGBoost (LR features) and 0.34 for the LR model, which again showcases that the
more flexible model with more features is better at adapting to large economic changes. This
flexibility is especially crucial for a model aimed at predicting default among CRE companies

that, as mentioned, can cause large losses to banks during financial crisis.

PR AUC across rolling windows

—e— Logistic Regression
XGBoost (18 features)
—#— XGBoost (LR features)
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Year

Figure 6.2: Line plot of PR-AUC scores for test sets 2018-2022. Each line represents one model evaluated using
rolling windows.

Figure depicts the ROC and PR curve for the three models using the year 2022 as the
test set, and the years 2012-2021 as the training set. The charts in the figure provides a more
detailed summary of how the different models perform across all thresholds. The ROC curve,
displayed in the left chart of figure shows that the XGBoost (18 features) outperforms the
other two models at all thresholds, with an ROC-AUC score of 0.97. A random model has a
ROC-AUC score of 0.5, indicated by the red line. Such a case implies that bankrupt and solvent
companies are simply categorized at random. The ROC-AUC score is biased due to the heavy
imbalance between positive and negative instances in the train and test set. Therefore it may

be misleading to interpret the performance of our model solely based on this chart. In addition,
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assessing the PR curve may provide a more nuanced picture.

The PR curve displayed in the right chart of figure shows that XGBoost (18 features)
still outperforms the LR and XGBoost (LR features) model. The XGBoost (18 features) has
a PR-AUC score of 0.74 compared to 0.44 for the XGBoost (LR features) and 0.33 for the
LR. We observe that the XGBoost (18 features) is convincingly better at identifying bankrupt
companies (recall) while still maintaining an ability to classify positive cases correctly. All

models are significantly better than a random guesser, represented by the red line.

Receiver Operating Characteristic (ROC) Precision Recall Curve (PR)

True Positive Rate (sensitivity)
Precision (positive predictive value)

,/ - Logistic Regression. ROC AUC = 0.88 : —— Logistic Regression. PR AUC = 0.33
’/ XGBoost. ROC AUC = 0.97 XGBoost. PR AUC = 0.74
,’ —— XGBoost(LR). ROC AUC = 0.88 = XGBoosti(LR). PR AUC = 0.44
,/ == Random Guesser == Random Guesser
0.0 + T T T T 0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 - specificity) Recall (sensitivity)

Figure 6.3: ROC- and PR-curve for the three models in the test year 2022.

Based on the PR curve seen in figure we observe some unusual behavior from the
LR model. Although, the specific reason for this unusual behavior is unknown, it could be
due to problems regarding how well the data is fitted in the model. The limited number of
macroeconomic features in the LR feature set may imply that the model fails at identifying
crucial features associated with bankruptcy in 2022, not previously seen in the training set. At
the same time, the same erratic behavior is not seen in the XGBoost (LR features), suggesting
some relationships may be non-linear, something the LR cannot capture. These results again
highlight the flexibility of the XGBoost model framework, able to use the same feature set as the
LR to more precisely categorize bankrupt firms. In essence, there is less noise in the XGBoost
(LR features) compared to the LR model, and we observe less false positives, displayed by the

higher precision at most threshold levels in the PR curve.

In table we can see how the recall, precision, and accuracy change as a function of
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the defined thresholds. This shows how sensitive the models are regarding what classifies as a
bankrupt company. What initially becomes obvious is the tradeoff between recall and precision.
The lower the threshold, the more companies are classified as default, and we therefore observe
a high recall. On the other hand, a higher thresholds means more companies are classified as
solvent, which increases precision. Lastly, we also observe that accuracy is less reflective of
the threshold levels. However, because we have a biased dataset towards solvent companies,
a higher threshold tends to increase accuracy. We can observe partially why we found lower
ROC-AUC and PR-AUC values in 2022, as both the XGBoost (LR features) and the LR struggle
to correctly identify solvent companies even as thresholds increase, as reflected through their

low precision ratios.

Table 6.1: Metrics for the three models using 2022 as the test set.

Metric XGBoost XGBoost (LR)  Logistic Regression

Recall 0.98 1.00 0.94
Precision 0.26 0.06 0.10

. [P
Threshold 1.0% Accuracy 0.83 0.06 0.50
Recall 0.93 1.00 0.91
- Precision 0.36 0.06 0.13

. [P
Threshold 1.5% Accuracy 0.90 0.06 0.63
Recall 0.86 1.00 0.86
Precision 0.47 0.06 0.17

. [P
Threshold 2.0% Accuracy 0.93 0.06 0.74
Recall 0.79 1.00 0.80
_ Precision 0.55 0.06 0.26

- [P
Threshold 2.5% 4 \pacy 0.05 0.06 0.85
Recall 0.71 1.00 0.52
Precision 0.62 0.06 0.38

' 3.0%
Threshold 3.0% 4.0 acy 0.96 0.06 0.92
Recall 0.62 1.00 0.30
Precision 0.75 0.06 0.44

. a.-
Threshold 4.0% Accuracy 0.96 0.06 0.03
Recall 0.49 0.86 0.16
Threshold 5.0% Precision 0.80 0.19 0.40
F Accuracy 0.96 0.76 0.93
Recall 0.40 0.71 0.12
Threshold 6.0% Precision 0.85 0.31 0.40

Ua
Accuracy 0.96 0.88 0.93

6.2 SHAP Explanations

In this section we employ the SHAP explanations to interpret our models both at the global
and local levels. Variable importance plots, bee swarm plots and decision plots are used to

interpret the model globally, and waterfall plots are used to interpret the models locally. All
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the figures made using the SHAP library are based on the test set in 2022 using the XGBoost
with 18 features. Keep in mind that the SHAP method when used for post-hoc interpretation
of binary classification models, expresses its output as log-odds. Log-odds is used to reflect the

incremental impact of each feature on the overall likelihood of default.

6.2.1 Global Explanations
Variable Importance Plot

Figure [6.4] displays the average marginal contribution each feature has on the predicted like-

lihood of default. Compared to the |feature selection, the order of features has changed as we

have retrained the model with less features. We note that the 36 month moving average of the
SWAP rate, Capital Employed / Fixed Assets, Loss Buffer, Retained Earnings and the Current
Ratio are the top five most important features. In the top five features in the test set, we observe
only one macro economic variable, two financial ratios, and two balance sheet items. Moving
outside top five there are several trend variables, most notable is Total Assets Trend 2Y, Loan

To Value Trend 1Y and Retained Earnings Trend 1Y.

SWAP 36M MA

Capital Employed / Fixed Assets
Loss Buffer

Retained Earnings

Current Ratio

Equity

Retention Ratio Trend 1Y
Operating Income Trend 1Y
Retained Earnings Trend 1Y
Operating Income / Total Assets
Total Assets Trend 2Y

Loan To Value Trend 1Y

Total Assets

Electricity Price

Working Capital / TEBIT

Total Liabilities / Total Assets
Interest Coverage Ratio

Transferred Equity / Total Assets

000 005 010 015 020 025 030 035 040
mean(|SHAP value|) (average impact on model output magi

Figure 6.4: Variable importance plot displaying absolute average SHAP values for the most important features.

Feature are displayed to the left of each bar. Feature importance are sorted in descending order. X-axis is displayed
using the mean of absolute SHAP values in log-odds.
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Summary Plot

Figure [6.5] plots the distribution of SHAP values, ®,,, for each feature over all companies,
both bankrupt and solvent, in 2022. For a meaningful interpretation of this plot, it is desirable
to have a separation in the distribution between blue and red dots, representing high and low
feature values. Such a separation is most notably observed in features such as Total Liabilities
/ Total Assets (TL/TA) and Operating Income / Total assets (OI/TA). In both cases, we see
that high feature values is associated with a larger SHAP value, seen on the x-axis. Thus,
increased leverage, seen through TL/TA, and increased profitability, seen through OI/TA leads
to increased an increased PD in our model. Although the latter seems counter intuitive, it is
reflective of the higher median OI/TA of bankrupt companies compared to solvent companies
observed in our dataset. Subsequently, it could reflect a decrease in asset value as opposed to
an increase in operational income, which is typical of bankrupt companies whose assets are

liquidated.

High
SWAP 36M MA

Capital Employed / Fixed Assets
Loss Buffer

Retained Earnings

Current Ratio

Equity

Retention Ratio Trend 1Y
Operating Income Trend 1Y
Retained Earnings Trend 1Y

Operating Income / Total Assets

Feature value

il

Total Assets Trend 2Y

Loan To Value Trend 1Y

Total Assets

i

Electricity Price

Af

Working Capital / TEBIT
Total Liabilities / Total Assets

Interest Coverage Ratio

11+

Transferred Equity / Total Assets
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SHAP value (impact on model output)

Figure 6.5: Each dot in the figure represents an observation. The observations are color-graded where blue (red)
observations represent a low (high) feature value. Observations are distributed along the x-axis depending on the

SHAP value. Positive (negative) SHAP values are indicative of an increase (decrease) in probability of default.
SHAP values are measured in log-odds.

There are several features, however that are more difficult to interpret by themselves using
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figure [6.5] These features include the Loan to Value Trend 2Y (LTV) and Working Capital /
Total Assets (WC/TA). Both features have red and blue clusters of observations intertwined.
Such clustering suggests that a high feature value can lead to a decreased PD for one company,
whilst at the same time leading to an increased PD for another company. We also note that the
swap always decreases the PD for all companies. An economy with increasing interest rates
tends to be positive for CRE companies that focuses on the rental markets, and which benefit
from higher rental income from their properties. Another interesting insight is the impact on
PD that the different feature values of Electricity Price has. Electricity Price varies across the
different price regions a company is situated in. High electricity price, illustrated by a red
observation increases the PD in our model. The few observations of a company that is in a
region with low prices sees a low to zero impact on the model output. Given the relatively
high electricity prices observed in 2022 compared to previous years, such an observation seems

intuitive.

The feature Capital Employed / Fixed Assets provides some valueable information about
the XGBoost’s ability to model missing values. Missing values, displayed by grey observations,

seem to increase the probability of default for this feature .

Decision Plot

In order to visualize how each feature affects bankrupt and solvent companies differently, we
separate bankrupt and solvent companies and interpret them separately. In figure [6.6] we ran-
domly sample ten actual defaulted companies from the test set. The threshold for classification
is represented by the grey line, which is also the intercept of our model, where all the predic-
tions start from (¢ as seen in (#.6)). Starting from the bottom, as we add features we can see
how the different features change the PD (here represented by log-odds on the x-axis). The
threshold is around -3.3 in log-odds (3.55% when converted to PD), and we can see from figure

[6.6] that there are two misclassifications.

From figure [6.6] we can see which specific features contribute to the misclassification. For
the left most misclassified observation, hereby denoted MC1, it seems like the model struggles
to use the features to clearly decide if MC1 is bankrupt or not. By tracking the line we can
observe that the one year trend of retention ratio and loan to value increase the PD, whilst the

equity seems to decrease the PD again back to the initial prediction. We see that the company’s
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Figure 6.6: Decision plot shows how different SHAP values of a feature change the predicted log-odds of default.
Each plotted line explains a single prediction. All the observation lines start from the intercept on the x-axis. The
intercept is the models bias, which is the expected value. The figure should be read from the first feature row
and up. As we accumulate SHAP values by adding a feature, the log-odds of default of a company will increase
or decrease depending on the features’ SHAP value. We convert the log-odds to probability using the logistic
function.

ability to withstand losses, indicated by the feature value of the loss buffer, significantly de-
creases the log-odds and thus also the company’s PD. When the 36month moving average of
the swap is also taken into account, the company is eventually misclassified. The final log-odds
of this misclassification equals a 1.6% PD. It is worth noting that depending on the sample gath-
ered from bankrupt and solvent companies, the order of the features with the most importance

will vary.

Figure displays the decision plot for solvent companies, where there is one misclassi-
fication, hereby referred to as MC2. MC2’s cause of misclassification seems to be the features
Electricity Price, Retained Earnings trend one year and Equity. Further we see that especially
the ratio of OI/TA increases PD. Using this plot in conjunction with the Bee Swarm plot, we
can interpret that MC2 most likely has a high ratio of OI/TA. As mentioned, normally a higher
ratio of OI/TA would imply higher operating efficiency, but in the context of a firm in distress
it could be that the value of TA is very low, causing a high ratio. Should we observe a situation
like this in practice, we would examine the books of the company itself to see what could be the

cause behind the high OI/TA.
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Figure 6.7: Decision plot shows how different SHAP values of a feature change the log-odds. Each plotted line
explains a single prediction. All the observation lines start from the intercept on the x-axis. The intercept is the
models bias, the expected value. The figure should be read from the first feature row and up. As we accumulate
SHAP values by adding a features, the log-odds of a company will increase or decrease depending on the features
SHAP value.

6.2.2 Local Explanations

SHAP enables us to interpret a prediction of a single company. This is called a local explanation.
Local explanations can be utilized to explain a single defaulting company and see which features
are the most important in contributing to the probability of default. Conversely it could also be
used to determine which facets of a company are the most solid, contributing the most to a

company’s solvency.

Waterfall Plots

Figure [6.8]shows the waterfall plot for a bankrupt company. The plots display how each feature
either increases the PD or decreases the PD, represented by red and blue bars respectively.
The feature value contributing the most to classifying this company as bankrupt is Transferred
Equity / Total Assets. The feature value of -0.403 for the bankrupt company suggests that
in this particular year (2022), a substantial loss is transferred to equity. We can say that the
company experiences cash flow insolvency. The second variable contributing the most to the

default of our company is Total Liabilities / Total Assets. A feature value of 1.595 shows that

47



the company has more liabilities than it has assets, indicating balance sheet insolvency, which
a negative equity further confirms. These two ratios, together with a reduction of 44% in assets
over the last two years further affirms the conclusion that the company should be classified as

default.

fx) = —3.32

—0.403 = Transferred Equity / Total Assets +0.36

595 = Total Liabilities / Total Assets +0.3

—7213294 = Equity
).049 = Operating Income Trend 1Y
44.946 = Total Assets Trend 2Y
).059 = Operating Income / Total Assets
264.97 = Electricity Price

18 = Retained Earnings Trend 1Y —0.17
9 other features
-3.8 -36 34 32 -3.0 -2.8

ELFX)] = —3.27

Figure 6.8: Local SHAP values for a bankrupt company. The intercept is denoted by E[f(X)], which is the
expected log-odds in our test set. f(x) is the output prediction, displayed in log-odds. Output must be converted
to obtain probability of default. X-axis is displaying SHAP values in log-odds. Features names with their corre-
sponding value is listed to the left of their respective bar.

Despite the aforementioned financial items, we see that several features decrease the com-
pany’s predicted PD. Most notably the swap rate, but also OI/TA and their retained earnings
trend the last year. The degree to which the OI/TA can be trusted seems to be questionable
however. Whether or not the company ends up being classified as bankrupt eventually depends

on the defined classification threshold.

Figure [6.9 displays a waterfall plot for a solvent company. A reduction of 3.6% in loan
to value shown by the feature Loan To Value Trend 1Y is reducing the log-odds the most for
our company. This reduction of LTV in the last year tells us that a decrease in the leverage of
the firm reduces the PD. A ratio of 1.001 for Capital Employed / Fixed Assets indicates that
the company is managing its properties well and using them effectively to generate returns.
Together with a high level of retained earnings the company appears to be financially solid. On
the other hand, a low current ratio of 1 indicates that they may be vulnerable in the liquidity
perspective. One misleading result from the plot is that a loss buffer of 0.576 increases the
log-odds, and hence the PD. A loss buffer of 0.576 indicates that the company can have a loss

of 57.6% before the equity is lost, assuming that last years operating income is the same next
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year.
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Figure 6.9: Local SHAP values for a solvent company. The intercept is denoted by E[f(X)], which is the expected
log-odds in our test set. f(x) is the output prediction, displayed in log-odds. Output must be converted to obtain
probability of default. Features names with their corresponding value is listed to the left of their respective bar.

We can note that, whilst our developed model for the most part correctly identifies com-
panies as either solvent or bankrupt, there are crucial flaws. This fact can be seen with the
aforementioned loss buffer and its misleading effect seen in figure[6.9] It can also be seen that
whilst SHAP can decompose a predicted PD into its features, it cannot interpret how changes
in financial ratios are expressed. For instance, regarding our musings concerning the OI/TA and
its counter intuitive effects, the SHAP cannot enlighten us as to what financial item causes the
effect. It is therefore important to look at the accounts themselves to understand exactly why

the SHAP regards a given feature as important for a specific company.

7 Conclusion

In this thesis we present the argument that sector-specific default prediction models need to be
the next step taken within credit risk analysis. In consideration of this argument, we presented

the following two research problems:

1. Develop an extreme gradient boost ensemble-based machine learning model for predict-
ing the probability of default in Norwegian small and medium sized commercial real

estate companies at a one year forward time horizon.

2. Implement explainable artificial intelligence techniques by using Shapley additive expla-

nations to interpret the probabilities of default estimated through the extreme gradient
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boost model.

Commercial real estate (CRE) was chosen as it is a sector that banks are heavily exposed to-
wards (SSB, n.d.-a). This exposure has historically caused both large losses for banks and large
financial instabilities in the economy as a whole during financial crisis (Hagen et al., 2018).
Therefore, as a first step in the implementation of ML in sector-specific PD prediction, we

decided to focus on uncovering the associated risks with investing in CRE companies.

In order to develop an XGBoost with high predictive performance, we used SHAP feature
selection to identify the 18 most important features. Then, we trained and tested the model in
a modified rolling window from 2012-2022. The XGBoost model was benchmarked against a
logistic regression (LR) that implemented recursive feature elimination to reduce the number
of features further from 18 to four. This reduction in features for the LR was done to avoid
potential issues regarding high dimensionality, typical to linear models. We lastly also modeled
an XGBoost with the same feature set as the LR, to test how the two models performed when

constrained to the same few features.

We evaluated the performance of our models using common classification evaluation met-
rics including ROC-AUC and PR-AUC. These evaluation metrics were applied to all test sets in
a rolling window fashion, from 2018 to 2022. Based on the ROC-AUC, the XGBoost (18 fea-
tures) outperformed the other two models during each annual window, which indicates that the
XGBoost (18 features) more often correctly identified defaults, and also less often misclassified
solvent companies as bankrupt. Based on the PR-AUC, however, all three models performed
somewhat equally from 2018-2021. Then, in 2022 the XGBoost (18 features) again outper-
formed the other two models. The reason for this increase in performance from the XGBoost
(18 features) is believed to come from its higher complexity which better captures the macro

economic turmoil witnessed in 2022.

We furthermore used SHAP in order to interpret the results observed from the XGBoost
(18 features) when trained from 2012-2021, and tested in 2022. SHAP was applied to the
testing dataset in order to decompose the most important input features for the final predictions.
Both global and local SHAP measure were implemented. Global measures allow us to get a
better grasp at the average importance of features across all tested companies. We implemented

the local measures for one randomly classified solvent company and one randomly classified
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bankrupt company to visualize the individual reasons for their respective classifications.

At the global level, the interest rate, modeled as a 36 month moving average swap proved
to be the most important feature. When the model was tested in 2022, this feature exclusively
decreased PD, most probably due to the effect increasing interest rates have on CRE companies
that primarily operate with renting out properties. In addition to the swap, the financial ratios
capital employed to fixed assets, loss buffer, retained earnings and the current ratio proved to
be important. Specifically for identifying defaulting CRE companies in 2022, we observed that
high feature values for the features Total Liabilities to Total Assets, Operating Income to Total

Assets and Electricity Price most clearly contributed to increasing a firms PD.

At the local level, our findings related to the most important features are less relevant,
as we chose companies at random. The implementation of local feature importance was to
showcase how the SHAP framework can not only be implemented at a global level as seen in
many previous studies (e.g., Nguyen et al., 2023; Perboli and Arabnezhad,[2021)) but also at the
individual level to viably interpret feature importance. The aim of this part of the analysis was
to demonstrate how the SHAP can be used to interpret results in accordance with the regulations
presented by the European Banking Authority (European Banking Authority, 2023; European
Banking Authority, |[2022). Furthermore, we aimed to visualize how sector-specific features can

influence the predicted PD even at individual company levels.

7.1 Future Directions and Data Limitations

We realize that the model we developed for this thesis is lacking in some aspects that could be
further improved in future iterations. For instance, the implementation of qualitative data on
companies including information on the board of directors, accounting flags, and management
capabilities could be added. As mentioned during the these variables have been
noted to be of interest in the credit risk analysis of SMEs in previous studies (e.g., Ciampi et
al., 2021; Filipe et al., 2016). We, however lacked a good source for the implementation of
these variables, and therefore chose to disregard them for our model. We do believe that they
could increase the models’ performance in the future however. We wisely chose to focus on
the mother company within a corporate group as they are of the highest relevance for CSPs.
However, should company group structure be modeled, it could provide relevant insight from a

credit risk analysis perspective.
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Furthermore, we noticed some aspects of our results that are counter intuitive to our un-
derstanding of financial markets. For instance, some ratios such as the OI/TA have no clear
interpretation, and the effects on PD displayed in the was unusual for some fea-
tures. Should another similar model be developed, there should be stricter regulations as to
what features to include. Additionally, the LR model struggled with unusual feature relation-

ships more than initially thought, which may have undermined some of the results presented.

In order to further build upon the model presented in this thesis, there are two additional
aspects that could be incorporated. These aspects include loss given default (LGD) and misclas-
sification costs. Our model is independent of scale, however from a creditors perspective the
relevance of correctly modelling credit risk increases the bigger the potential investment. As
such identifying the LGD of potential investments is crucial. In addition, employing misclassifi-
cation costs for false positives and false negatives can make defining a threshold for bankruptcy
classification easier. For instance, for some companies and some investments, the alternative
cost of not investing in solvent companies could be larger than the LGD of investing in bankrupt

companies.
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Appendix A: The XGBoost Decision Tree Calculation

This appendix demonstrates how the XGBoost uses decision trees and boosting to predict a
probability of default for a given company. Given the example companies A-H and their corre-

sponding feature values presented in table[A.I] we are able to fit the decision tree seen in figure

ATl

Company | ICR | D/E | VA/TS | Bankrupt
A 0.8 4 0.2 1
B 05 | 1.8 0.4 1
C 22 1 05 1 0
D 1 2.1 0.6 0
E 1.5 | 1.2 1.2 0
F 25 | 0.7 1.5 0
G 0.7 3 0.5 1
H 1.2 6 0.8 1

Table A.1: Companies used as examples in XGBoost Decision Tree Example figure

Tree 2
ICR >2
Tree 1 Yes No
D/E <2 <
-0.43,-0.43:
rd N
-0.5,0.5,-0.5,-0.5 : -0.5,0.5,0.5,0.5 : /Yes NO\
e v =l 0.43,-0.43,-0.57 : 0.57,0.43,0.43 :
wy = —0.78 ws = 1.94

Figure A.1: Here D/E is the debt-to-equity ratio, ICR is the interest coverage ratio, and VA/TS is the asset
turnover ratio. The leaf weights are calculated naively with A = 0 and an initial prediction of 0.5. Since this is
a binary classification model, they are in the form of log(odds), and when converted using the logistic function
will represent probabilities. Blue output number values represent non-bankrupt company prediction errors, and red
number values represent bankrupt company prediction errors. See appendix [A] for the entire calculation process.
This is a simplification, and does not necessarily qualify as a valid tree in an XGBoost, but suffices for a visual
explanation. See Chen and Guestrin, 2016|for specifics.

When optimizing equation with respect to f, we get the following optimized leaf

weights.
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where g, is the gradient of the objective function with respect to the previous prediction, and
h., is the corresponding hessian. These are found using second order Taylor approximation and
is how the weights were found in figure[A.I] Both the gradient and the hessian are iterated over
the instance set /;, which is the set of all companies contained within a leaf j. It now becomes
obvious that defining A > 0 will decrease the effect of individual observations on the entire

prediction.

When applying equation [A.T|to the logistic loss function then this simply becomes:

~(k—1
Sier, Un— "
~(k— ~(k—
D ier, A G U

(A.2)

where the numerator is the sum of residuals, and the denominator is regarded as the summed
binomial variance of the previous prediction, g}f‘”, over all instances in a given leaf plus the
L2 regularization parameter. Equation (A.2)) was applied when calculating the leaf weights in
figure Following the calculation of the leaf weights, the logistic function (4.5)) for ¢, can

be used to calculate the probabilities.

Using (A.2) we can calculate the leaf weights found in figure For instance for Tree
1, leaf 1, the residuals are (—0.5,0.5, —0.5, —0.5). Setting the initial guess to 0.5 since there
are 50% bankrupt companies in the test dataset, and A = 0, we get the following optimal leaf

weight:

, —05+05-05-05 —1 1 (A3)
w = = — = — .
! 4%0.5%0.5 1

To find the probability that any firm in this leaf will go bankrupt we take the log-odds of the

initial prediction, log(lg—g’ﬁ). The reason is that we want to transform the initial guess, which is

a probability, onto the real coordinate space since the leaf weights also exist here. So that when
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we combine the initial guess with the leaf weights in the final prediction, they exist in the same
space. In this case the log-odds of the initial guess are just 0, but it will change when working
with imbalanced datasets which have more or less bankrupt companies. We add this to the leaf
weights multiplied by some shrinkage factor, often very small. In figure the shrinkage
factor is set to be 0.3, which is the default value seen in Chen and Guestrin (n.d.). In equation
we see the predicted probability of bankruptcy for any company with a debt-to-equity ratio
lower than 2 according to the first decision tree in figure

=0.43 (A4)

For the three solvent companies found in this leaf, we see that this predicted value is closer
to the true value of 0. For the bankrupt company, however, this prediction is further from the
true value of 1, meaning that this company has a higher chance of being misidentified as solvent
now than after the initial guess. However, across the entire leaf, the average loss has been

reduced, which is the aim of such a simple model.
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Appendix B: Complete Feature Set

Here we present all base features used in the initial feature set and their corresponding descrip-

tion. These features were then used to create 189 total features using feature engineering.

Feature Description
Age Accounting year - Year established
County Norwegian “Fylke” as of 01.01.2024

Interest Coverage Ratio

(Operating Profit + Share of Profit Subsidiaries) / In-
terest expenses

Total Liabilities / Total Assets

Total liabilities/total assets

Current Ratio

Current assets / current liabilities

Return On Assets

Net income / Total Assets

Return On Equity

Net Income / Equity

EBIT / Financial Expenses

Operating Profit / Financial Expenses

Current Liabilities / Financial Expenses

Current liabilities / financial expenses

Total Assets

Total Assets

Operating Income

Operating Income

Working Capital / EBIT (Current Assets - Current Liabilities) / Earning Before
Interest & Taxes
Working Capital / TEBIT (Current Assets - Current Liabilities)/ (Operating

Profit + Share of Profit Subsidiaries)

Operating Income / Total Assets

Operating income / total assets

Net Working Capital / Total Assets

(Current Assets - Current Liabilities) / Total Assets

Equity / Total Liabilities

Total Equity / Total Liabilities

Equity / Total Assets

Total Equity / Total Assets

Quick Ratio

(Current Assets - Inventories)/Current Liabilities

Current Liabilities / Total Assets

Current Liabilities / Total Assets

Fixed Assets / Total Assets

Fixed Assets / Total Assets

ROCE (Operating Profit + Share of Profit Subsidiaries) /
(Fixed Assets + Net Working Capital)
Transferred Equity Transferred Equity

Retained Earnings

Retained Earnings

Table B.1: Variable Descriptions (Part 1)
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Feature

Description

Transferred Equity / Total Equity

Transferred Equity as Percent of Total Equity

Transferred Equity / Total Assets

Transferred Equity as Percent of Total Assets

Current Liabilities

Short Term Debt

Debt / Operating Income

Total Liabilities/ Operating Income

Debt / Total Income

Debt / (Total Operating Income + Share of Profit Sub-
sidiaries)

EBITDA/EBIT

Earnings Before Interest Taxes Depreciation & Amor-
tization / Earning Before Interest & Taxes

EBITDA/ Operating Income

Earnings Before Interest Taxes Depreciation & Amor-
tization / Operating Income

Write Down of Assets / Total Assets

Write downs / Total assets

Capital Employed / Fixed Assets

(Fixed Assets + Current Assets - Current Liabilities) /
Fixed Assets

Debt/EBITDA

Debt / Earnings Before Interest Taxes Depreciation &
Amortization

EBITDA/ Current Liabilities

Earnings Before Interest Taxes Depreciation & Amor-
tization / Current Liabilities

Operating Income / Total Assets

Total Operating Income / Total Assets

EBIT/ Operating Income Earnings Before Interest & Taxes / Operating Income

Loan To Value Total long term debt / Total fixed assets

Loss Buffer Balance Sheet Loss Buffer. Measure of how much
equity could be lost before insolvency

5 Year Swap SWAP5SYNOK6M

VINX35 35 largest real estate companies in the Nordics

GDP Growth NO GDP Growth Norway

Inflation NO Consumer Price Index NO SSB

Electricity Price

Electricity price for norwegian counties are mapped
to their respective price region

Transaction Volume

Total annual transaction volume in NOK for all com-
mercial real estate in Norway

Table B.2: Variable Descriptions (Part 2)
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Appendix C: Hyperparameter Tuning

In this appendix we present the hyperparameters that were used in each rolling window. The
hyperparameters are found using Randomized Search CV (see Scikit-learn, 2024). We refer to
the documentation of the XGBoost for specifics on the description of each hyperparameter (see

Chen and Guestrin, n.d.).

Table C.1: XGBoost (18 features) Hyperparameters

Feature 2018 2019 2020 2021 2022
learning_rate 0.0321 0.0878 0.0713 0.1792 0.0722
subsample 0.5836 0.8758 0.5373 0.7366 0.7628
max_depth 2 7 6 6 4
n_estimators 131 90 180 132 173
gamma 0.3449 0.2361 0.0044 0.0026 0.0851
reg_alpha 1.0238 1.9923 1.7302 0.8917 0.7348
reg_lambda 1 1 3 1 2
colsample_bytree 0.6529 0.9135 0.9655 0.8831 0.9508
min_child_weight 1 1 2 4 2
Table C.2: XGBoost (LR features) Hyperparameters
Feature 2018 2019 2020 2021 2022
subsample 0.75 1.0 0.5 1.0 0.75
reg_lambda 1 3 3 2 2
reg_alpha 0.5 1.0 0.5 1.5 0.0
n_estimators 200 200 50 200 200
min_child_weight 2 4 4 4 1
max_depth 1 2 1 1 1
learning_rate 0.2275 0.2275 0.0825 0.155 0.01
gamma 0.4 0.3 0.1 0.3 0.3
colsample_bytree 0.8 0.6 0.6 0.6 0.7
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