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Abstract [EN]
Readjusting Historical Credit Ratings using Ordered Logistic Re-
gression and Principal Component Analysis

The introduction of the Basel II Accord as a regulatory document for credit
risk presented new concepts of credit risk management and credit risk mea-
surements, such as enabling international banks to use internal estimates of
probability of default (PD), exposure at default (EAD) and loss given default
(LGD). These three measurements is the foundation of the regulatory capital
calculations and are all in turn based on the bank’s internal credit ratings. It
has hence been of increasing importance to build sound credit rating models
that possess the capability to provide accurate measurements of the credit risk
of borrowers. These statistical models are usually based on empirical data and
the goodness-of-fit of the model is mainly depending on the quality and sta-
tistical significance of the data. Therefore, one of the most important aspects
of credit rating modeling is to have a sufficient number of observations to be
statistically reliable, making the success of a rating model heavily dependent
on the data collection and development state.

The main purpose of this project is to, in a simple but efficient way, create
a longer time series of homogeneous data by readjusting the historical credit
rating data of one of Svenska Handelsbanken AB’s credit portfolios. This
readjustment is done by developing ordered logistic regression models that
are using independent variables consisting of macro economic data in separate
ways. One model uses macro economic variables compiled into principal com-
ponents, generated through a Principal Component Analysis while all other
models uses the same macro economic variables separately in different com-
binations. The models will be tested to evaluate their ability to readjust the
portfolio as well as their predictive capabilities.

Keywords: Ordered Logistic Regression, Principal Component Analysis, Macro
Economic Variables, Credit Risk, Credit Ratings, Multivariate Time Series
Data
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Abstract [SV]
Justering av historiska kreditbetyg med hjälp av ordinal logistisk
regression och principialkomponentsanalys

När Basel II implementerades introducerades även nya riktlinjer för finan-
siella instituts riskhantering och beräkning av kreditrisk, så som möjligheten
för banker att använda interna beräkningar av Probability of Default (PD),
Exposure at Default (EAD) och Loss Given Default (LGD), som tillsammans
grundar sig i varje låntagares sannoliket för fallissemang. Dessa tre mått ut-
gör grunden för beräkningen av de kapitaltäckningskrav som banker förväntas
uppfylla och baseras i sin tur på bankernas interna kreditratingsystem. Det
är därmed av stor vikt för banker att bygga stabila kreditratingmodeller med
kapacitet att generera pålitliga beräkningar av motparternas kreditrisk. Dessa
modeller är vanligtvis baserade på empirisk data och modellens goodness-of-fit,
eller passning till datat, beror till stor del på kvalitén och den statistiska sig-
nifikansen hos det data som står till förfogande. Därför är en av de viktigaste
aspekterna för kreditratingsmodeller att ha tillräckligt många observationer
att träna modellen på, vilket gör modellens utvecklingsskede samt mängden
data avgörande för modellens framgång.

Huvudsyftet med detta projekt är att, på ett enkelt och effektivt sätt, skapa
en längre, homogen tidsserie genom att justera historisk kreditratingdata i en
portfölj med företagslån tillhandahållen av Svenska Handelsbanken AB. Jus-
teringen görs genom att utveckla olika ordinala logistiska regressionsmodeller
med beroende variabler bestående av makroekonomiska variabler, på olika
sätt. En av modellerna använder makroekonomiska variabler i form av princi-
palkomponenter skapade med hjälp av en principialkomponentsanalys, medan
de andra modelelrna använder de makroekonomiska variablerna enskilt i olika
kombinationer. Modellerna testas för att utvärdera både deras förmåga att
justera portföljens historiska kreditratings samt för att göra prediktioner.

Nyckelord: Ordinal logistisk regression, Principalkomponentanalys, Makro-
ekonomiska variabler, Kreditratings, Multivariata tidsserier
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1 Introduction

1.1 Background

The credit risk in lending portfolios of the international banks is in general
managed on a significantly more detailed level today than when the Basel
Committee on Banking Supervision was founded in 1974 as a response to
evident issues in the international banking markets at that time. Around a
decade later, in the early 1980’s, the Basel Committee became concerned that
the capital ratios of the main banks around the world were deteriorating due to
increasing international risks. To neutralize these risks, the Committee placed
a strong focus on implementing regulations of the capital adequacy of banks
which resulted in a multinational accord, today known as the Basel Capital
Accord, which was globally introduced in 1988. The accord essentially focused
on credit risk and aimed to improve the financial stability of all international
banks by introducing a minimum capital ratio. This ratio was established by
dividing banks’ assets into five risk categories based on their considered credit
risk. Each category was given a risk weight, starting at cash and treasuries
which were given a risk weight of 0 % and ranging up to corporate debt which
was given a risk weight of 100 %. The minimum capital ratio entailed that
bank’s must maintain a capital ratio of a minimum of 8 % of the accumulated
risk-weighted assets.

As shortcomings of the first Basel Accord became evident, a revised and con-
siderably more extensive accord was released in 2004, known as Basel II. The
new accord was more profound and sensible in locating underlying risks when
estimating the capital adequacy regarding not only credit risk and market risk
but now also operational risk. Consequently, the work around the bank’s risk
management was considerably increased as the calculations were more com-
prehensive and the disclosure of information around their risk management
policies were more detailed than before. However, the banks were also able to
address the calculations of risk in a way that was better targeted to the bank’s
specific situation. For instance, one distinct alteration was that the accumu-
lated credit risk in the lending portfolios now was to be calculated based on
the repayment ability of the specific borrower and the risk that the borrower
would default, in contrast to the Basel I calculations, where all companies in
the private sector were given the same risk weight of 100 %, regardless of their
financial stability (Bank of international settlements, 2016).

1.1.1 Internal Ratings-Based Approach

With the implication of Basel II, two different procedures for calculating the
underlying measurements of credit risk were introduced, the Standard Ap-
proach and the Internal-Ratings Based Approach (IRB Approach). The latter
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has a significantly higher level of sophistication which is grounded in the use of
the borrowers’ credit ratings. When adapting the Standard Approach, banks
use credit ratings from external credit rating agencies to quantify the required
capital in their credit portfolios. This differs from the IRB Approach, were
banks are allowed to use the credit ratings of the borrowers that are derived
from their own internal rating models. The Basel Committee encourages banks
to implement the IRB Approach and is offering them the opportunity to use
the more advanced method of calculating capital requirements for mainly two
reasons. The first reason is due to the prospect of an increased risk sensitivity,
that is, that an internal risk classification should give a more accurate esti-
mate of the credit risk. This is related to the belief that banks have a more
profound insight in their specific lending portfolios as well as to the drivers
behind the credit risk related to the loans in those portfolios than the external
rating agencies have. The second reason is related to incentive compatibility,
such that the IRB Approach should motivate banks to improve their internal
risk management procedures.

Under the IRB Approach, the internal credit ratings act as a foundation to
the three main elements used in the calculation of credit risk. These mea-
surements are the borrower’s Probability of Default (PD), the amount exposed
to the borrower at the time of default, known as the Exposure at Default
(EAD) and the percentage of the exposed capital that is likely to be lost if
the borrower defaults, Loss Given Default (LGD). All three measurements are
calculated based on each lender’s individual likelihood of not being able to
meet its obligations, a likelihood which is then directly translated to a credit
rating. The companies with equal credit ratings are pooled so that the bank
can estimate an average proportion of borrowers that are expected to default
in a one-year time horizon. The average values of PD, EAD and LGD are
calculated for each portfolio, which are then used as a basis in the calculation
of the minimum capital, also known as regulatory capital, that is required by
the regulator. The estimation of the regulatory capital is based on two risk
measures known as the Expected Loss (EL) and the Unexpected Loss (UL).
The EL is the average loss of the bank’s credit portfolio over the chosen time
horizon and is assumed to be dealt with on a daily basis. UL is the loss ex-
ceeding the expected loss which occurs more seldom and is not covered by for
example interest rates or other measures used to handle natural fluctuations
in the market. The value of UL is the amount of capital a bank must hold
in accordance to Basel II to ensure financial stability. Together, EL and UL
compose a value known as Value-at-Risk, calculated on a 99.9 % confidence
level for a one-year horizon in accordance to Basel II. The potential losses
exceeding the Value-at-Risk is considered too expensive to cover by holding
capital. The relation between the measures can be seen in Figure 1.
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Figure 1: Relation between Expected Loss and Unexpected Loss
(Bank of international settlements, 2005).

To cover the UL, individual risk-weights of the assets are calculated and trans-
formed into a measure known as Risk Weighted Assets (RWA) from which the
minimum capital ratio is calculated as 8 % of the accumulated RWA (Bank
of International Settlements, 2001). This capital ratio works as a security to
ensure that banks are equipped to withstand an unexpected downturn in the
economy and is calculated with the measures of PD, LGD and EAD. As a
foundation for these, lies the internal credit ratings, implying the importance
of sound internal credit rating classification methods.

1.1.2 Risk Rating Classifications

Banks have in decades used internal credit ratings for several purposes, for ex-
ample as a qualitative measure in their lending approval process when deciding
whether to issue a loan to a potential debtor or not. Another use of credit
ratings has been to estimate and monitor the credit risk of borrowers in the
bank’s lending portfolios. However, it was only when Basel II was introduced
that financial institutions were allowed to use their internal credit rating mod-
els in the calculations of the regulatory capital requirements. Through their
internal rating system, a bank assigns each individual lender a credit rating
that is typically based on multiple aspects. One example is historical perfor-
mance, such as measures from the income statement, another is predictions of
forward performance, such as potential growth or industry relative risks. Ad-
ditionally, the grader’s personal experiences and judgment also plays a role in
the grading process, making rating classifications a partly subjective measure.

Credit rating classifications are intended to reflect the risk that is taken towards
a borrower by estimating the predicted risk that a counterparty fails to fulfill

3
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previous stated obligations towards the bank. Therefore, the measure directly
corresponds to the company’s estimated likelihood to default. The composition
of the rating classification scales can vary between financial institutions, and
banks have the opportunity to decide what their internal credit rating scales
should look like with some guidelines set by the Basel Committee. However,
the scales are usually made up by some combination of the letters A to D
where the highest grade, for example AAA, represents the lowest probability
of default. In accordance to the regulation of Basel II, each bank is required
to have eight to eleven grades in their internal ratings system, whereof at
least two of the grades should correspond to non-performing loans (Bank of
International Settlements, 2001).

Since the credit ability of a counterparty can vary over time, the rating of
a borrower is a dynamic measure that needs to be updated regularly, at a
minimum of once a year, in line with Basel II. This makes finding good models
both to rate the borrower in a sound manner as well as to predict the transitions
between different stages in the rating scale an important part of managing
credit risk, as to facilitate the allocation of adequate economic capital to be
prepared for major changes in the lenders credit ability and thus also changes
in the required capital to be held.

1.1.3 Risk Rating Modeling

There are several different approaches to developing rating models, such as
Heuristic models which are based on previous experiences rooted in subjective
observations and business theory, or Causal models which derive the credit-
worthiness of counterparties based solely on financial theory, without using
any Statistical methods to test the hypotheses against empirical data. The
models that are most commonly used today are however statistical models, as
they are considered to have numerous advantages over many other methods in
the case of both discriminatory power and calibration (OeNB, 2004). The fact
that credit ratings are naturally ordered and that they are discrete in their
values implicates that an ordered qualitative dependent variable model should
be preferable to use (D. Feng et al., 2008). There are several models matching
this description, such as different varieties of a categorical regression model
which is beneficial to use in credit rating modeling as the output is already
presented in default probabilities. Additionally, a categorical regression model
also makes it possible to estimate how the credit ratings will change over time,
which makes it suitable to use as a prediction model.

As statistical models are based on empirical data, the goodness-of-fit is mainly
depending on the quality and statistical significance of the data. Therefore,
one of the most important aspects of credit rating modeling is to have a suf-
ficient amount of observations to be reliable, making the success of a rating
model heavily dependent on the data collection and development state (OeNB,
2004). The importance of using an adequate amount of data implies that a
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longer series of historical credit rating data should result in higher statistical
significance and thus also a more accurate prediction model when modeling
for credit rating migrations. Unfortunately, long time series of homogeneous
credit data are often sparse in the financial sector, making lack of historical
data one of the primary constraints in the development of internal credit rating
models (Ghosh, 2012) which is an insight bringing us to the purpose of this
report.

1.2 Project Description

The main purpose of this project is to create a longer time series of homoge-
neous data by readjusting the historical credit rating data of one of Svenska
Handelsbanken AB’s credit portfolios of corporate loans. The data in the
rating portfolio deviate over time which may be explained by the fact that
the composition of the portfolio has altered over the years, as companies are
removed from the portfolio when loans are paid off or defaulted and other
companies enter the portfolio when new loans are issued. Another probable
reason is that Handelsbanken might have become increasingly restrictive in
their lending policy over the years and only issues loans to companies with
high credit worthiness and thus, a low probability of default.

In addition to creating a longer, homogeneous time series of data, this project
also aims to examine the use of independent variables in a regression model
intended for predicting credit rating distributions. This is done in order to
evaluate how the independent variables affect the outcome of the readjust-
ment and to see which method gives the most reliable prediction model of risk
rating migrations. Therefore, several prediction models are created with the
only difference lying in the implication and creation of the independent vari-
ables. The first model let principal components derived from multiple macro
economic variables make up the independent variables in the prediction model.
The other models use the same macro economic variables separately in different
combinations. The principal components are created through a principal com-
ponent analysis, PCA (see Section 2.2), which is a procedure which reduces the
dimension of a large data set to a smaller number of uncorrelated components.
Therefore, this project examines the hypothesis that multiple macro economic
variables can successfully be used in a prediction model without making the
model unstable, when used in the form of principal components.

An illustration of the broad structure of the project can be seen in Figure 2,
where step one and two describe the readjustment of historical ratings and step
three and four describe the evaluation of the readjustment. The readjustment
is carried out using ordered logistic regression in separate ways by estimating,
or fitting, the model on the newer part of the data. The resulting models are
then used to readjust the earlier part of the data.
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Figure 2: Illustration of the risk ratings time series between 1990 and 2015.

As to what model gives the most successful readjustment is, to some extent,
subjective and due to the limited amount of data to train the models on, an
out-of-sample forecast is made over the newer part of the data to verify the the
success of the models. This is done by making a new estimation of the models
on the readjusted data which is then used to make a stepwise prediction over
the out-of-sample data. This is done to evaluate how well the model that is
fitted over the readjusted data can predict the distribution of the risk ratings
by comparing them to the observed distributions of risk rating classifications
over the same years.

To decide between what part of the data should be considered new and what
part should be considered old ratings, it is important to find a natural break
point in the data. This break point is set to the year 2007, which was the year
when Sweden’s financial supervisory authority (Finansinspektionen) approved
Handelsbanken to implement the IRB Approach. In line with this alteration
in the usage of internal credit ratings, the data before 2007, when the IRB
Approach was not yet implemented, is regarded as the historical data to be
readjusted. The more recent internal ratings between 2007 and 2015, where
Handelsbanken has used the IRB Approach, is the data on which the models
are estimated.

One interesting component when readjusting the data is to evaluate if, and
if so, to what extent the risk ratings would have differed historically. The
readjustment also has practical usage, as longer, homogeneous time series could
diminish the problem of using only a small amount of relevant statistical data
when developing new prediction models and improving already established
prediction models by using more internal credit rating history in the rating
migration models. Another possible area of application of a longer time series
of internal credit ratings is when conducting stress tests on prediction models.
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1.3 Available Data

The time series to be readjusted is an internal credit portfolio of Handels-
banken consisting of annual risk rating classifications of loans to large Swedish
companies. The risk rating scale used in the portfolio has been modified by the
bank due to confidentiality and is distributed over eight rating classifications,
AAA, AA, A, BBB, BB, B, CCC and D, where AAA is the highest grade
that corresponds to the lowest predicted probability of default. The portfolio
amounts to a total of N observations spanning from 1990 to 2015. However,
the credit ratings of the individual companies do, in most cases, not span over
the whole time period, as the ratings depend on when the loans were issued
and paid off or defaulted. This means that the number of companies in the
portfolio is not constant over time. The data is modified in such a way that the
companies in the credit portfolio are anonymised and no further information
regarding their financial situation, affiliation to industry etc. is known to the
authors. Due to confidentiality, the original data can not be presented, which
is why a fabricated example of the credit portfolio is displayed in Table 1.

Table 1: Visualization of the raw internal data.

Company Rating Year
F1 AA 1990
F1 AAA 1991
F1 AAA 1992
F2 AA 1993
F2 BBB 1998
... ... ...

F200 AAA 2014
F200 AAA 2015

As the interest of this report lies in the overall distribution of the rating clas-
sifications, the migration between rating classes of individual companies is not
relevant. Therefore, the companies are not viewed independently in the model,
but are annually grouped according to rating classification, as can be seen in
the fabricated example presented in Table 2.

Table 2: Visualization of the grouped internal data.

Year / Risk class AAA AA A BBB BB B CCC D
1990 98 132 62 87 63 47 17 3
1991 87 128 82 93 61 48 14 2

... ... ... ... ... ... ... ... ...
2014 118 158 126 45 32 28 6 0
2015 122 159 128 42 27 26 8 1

7
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1.4 Macro Economic Variables

As the financial situations of the companies are unknown, it is not possible
to use company specific data as the underlying factor influencing the rating
classifications. However, earlier research has investigated and confirmed links
between credit rating dynamics and the underlying macro economic environ-
ment, such as the business cycle (see Nickell et al., 2000; Bangia et al., 2002),
unemployment rates, risk free interest rate (Rosch, 2005) and GDP (D. Feng
et al., 2008). Therefore, variables reflecting the overall Swedish economic en-
vironment are used in the form of eleven different macro economic variables
with observations spanning from 1990 to 2015. These variables are used as in-
dependent variables in the prediction model, both separately and in principal
components. All variables are chosen in line with macro economic theory and
many of the variables are used in the European Banking Agencies EU-wide
stress tests. The data is public information collected from Statistics Sweden
(Statistiska centralbyrån), Nasdaq and Riksbanken. The different macro eco-
nomic variables used in the project can be viewed in Table 3.

Table 3: Macro economic variables used in the prediction models.

Macro Economic Variable Unit Observation
Bond Yield (10Y) Percent January each year
CPI Index Mean of monthly data
Export BSEK Annually
Investment Ratio Percent Annually
OMXS30 SEK Closing price first day each year
Price Base Amount SEK Annually
Real Estate Prices Index Q1 each year
Real GDP BSEK Annually
TCW Index Index Annual mean value
Treasury Bill (3M) Percent Annually
Unemployment Rate Percent Annually

All raw, unmodified macro economic variables are collected in the form of level
(not growth), and are measured in several different units. TCW Index stands
for Total Competitiveness Weights Index and measures the development of the
Swedish krona in comparison to a ”basket” of other currencies. A high TCW
Index indicates that the Swedish krona is weakened. The Investment Ratio is
measured as non-public gross investments in proportion to GDP.

1.5 Demarcation

All regression models use macro economic variables that have been modified
identically for the sake of comparability. The possibility that the data is not
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required to be handled or modified in the same way for the two different type
of models has not been taken into consideration and is not included in the
scope of this thesis. Thus, the models that are using macro economic variables
separately instead of in principal components might perform better using raw,
unmodified macro economic data.

Furthermore, the model selection and the internal data that is used in this
project were provided by Svenska Handelsbanken AB. The data is to some
extent modified and the companies in the portfolio are made anonymous to
the authors which is why no further investigation of the model’s suitability
and data composition is possible. The model is constructed and implemented
in MATLAB (MathWorks, 2013) with no regards to compatibility with the
internal systems used at Svenska Handelsbanken AB.
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2 Theory

This section covers relevant mathematical theories and procedures presented
in chronological order as to how they are implemented and utilized in this
project, starting with procedures for data handling of underlying independent
variables, the Principal Component Analysis, Ordered Logistic Regression as a
prediction model and finally different methods of evaluating the goodness-of-fit
and prediction accuracy of the ordered logistic regression models.

2.1 Stationarity and Order of Integration

Stationarity implies that a variable’s distribution is independent of time, i.e.
a series’ mean, variance and auto-correlation does not change over time. Vari-
ables can be non-stationary due to several reasons but one important source
of non-stationarity is a continuous increase or decrease of the mean. Another
is the presence of a unit root, which can best be explained by considering the
first order auto regressive formula, AR(1) as presented in Equation 1

yt = θyt−1 + ϵt, (1)

where yt is an observation of any given variable in time t, while ϵt is a random
error term often referred to as white noise and θ is a coefficient that is deter-
mined using linear regression. When θ = 1 the time series possesses a unit
root and is said to be non-stationary as the movement of the variable depends
on t. The case when θ = 1 is also referred to as the random-walk where the
mean is constant over time but the standard deviation is not, and therefore
the process can not be considered stationary.

Stationarity is often a requirement when using time series data in statistical
methods which is why non-stationarity variables might not always be practi-
cal to use. It is however possible to eliminate non-stationarity by using the
difference between the observed value y in time t on the following form

∆yt = yt − yt−1. (2)

A series that is stationary without having to differentiate the data is said to
be integrated of order zero and is denoted by I(0). Variables that become
stationary after first-differentiating is said to be integrated of order one and
are denoted by I(1). If the first order of integration is insufficient to achieve
stationarity it is possible to use a higher order of integration by once again
applying the same principal as in Equation 2 (Kennedy, 2008). There are
several methods to test variables for stationarity, three of the most common
are briefly described in the following sections.

10



Contents

2.1.1 Augmented Dickey-Fuller Test (ADF)

The Augmented Dickey-Fuller test is a widely used procedure for examining
the presence of a unit root by using a null hypothesis of the variable being
non-stationary. The test is conducted on the form

∆yt = δ + γyt−1 + c1∆yt−1 + ...+ ct−p+1∆yt−p+1 + ϵt, (3)

where δ is a constant, with the coefficient γ, where p gives the lag order of the
auto regressive process and c1, ..., cp−1 are suitable constants often estimated
by ordinary least squares.

The test statistics is performed as

tstat =
γ̂

s.e(γ̂)
, (4)

where s.e(γ̂) is the coefficient standard error.

When fitting a regression model to the time series and finding that γ = 1 there
is a presence of a unit root, this is refereed to as the null hypothesis and can
be expressed as H0 : γ = 1. The alternative is that yt follows a random walk
and is a stationary process, H1 : γ < 1 (Kennedy, 2008).

2.1.2 Phillips-Perron Test (PP)

The Phillips-Perron test is another unit root test, which in line with the ADF
test also has a null hypothesis that the variable possesses a unit root and thus
is non-stationary. The test statistic is given by

yt = δ + ρyt−1 + ϵt, (5)

with δ and ρ beeing a non-parametric corrected form of the t-test to make it
robust against zero-correlation and heteroscedasticity in ϵt. Because of this,
there is no need to choose the number of lags to be used in the regression. The
presence of a unit root is found when ρ = 1 indicating that the time series is
non-stationary (Phillips and Perron, 1998).

2.1.3 Kwiatkowski–Phillips–Schmidt–Shin Test (KPSS)

The Kwiatkowski–Phillips–Schmidt–Shin test differs from the two former tests
by using a null hypothesis that the observed time series is stationary, i.e. that
the variance of the random walk component is zero. The idea of the test is that
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a time series is composed of a sum of a deterministic time trend, a random
walk and a stationary error term resulting in the test statistics given by

KPSS = T−2

T∑
t=1

S2
t /σ̂

2 , (6)

where the partial sum St =
∑t

s=1 es for all t. The term et denotes the residuals
obtained from the ordinary least squares after running a regression of the
variable yt. The consistent estimator of the long-run variance of the residual
et is given by σ̂2. KPSS gives a non-standard, asymptotic distribution and
can be compared to the 5 % critical value of 0.463 for stationarity (Kennedy,
2008).

2.2 Principal Component Analysis

Principal Component Analysis (PCA) is a statistical method used to pre-
process large multivariate data sets with the intention to make the data more
comprehensive and to reduce its dimensions without losing much of the infor-
mation. The procedure is done by using an orthogonal transformation by ro-
tating the coordinate system and creating new, linearly uncorrelated variables,
so called principal components, while still retaining the majority of the vari-
ance from the original data. The resulting principal components are ordered
in how much information they contain, that is, the first component account
for the highest variance of the data, the second component for as much of the
remaining variance as possible down to the last principal component which
barely account for any variance at all. In that way, data with a large number
of variables, which can be hard to comprehend due to its many dimensions,
can be easier to interpret by visualization as well as to utilize in predictive
models, without losing a significant amount of information when reducing the
number of variables.

To define the principal components, let the original data set consist of n ob-
servations in a p-dimensional space, X1, X2,…, Xp. All p dimensions are not
equally interesting, which is why the first principal component, Z1, will be
made up by the normalized linear combination of X1, X2,…, Xp with the high-
est variance. The first principal component Z1 is defined as

Z1 = ϕ11X1 + ϕ21X2 + ...+ ϕp1Xp . (7)

The elements ϕ11, ϕ21, ..., ϕp1 are known as the loadings of Z1 and their squares
sum up to 1, i.e, they are normalized. The loadings define the underlying
nature of a principal component by representing the correlation coefficients
between the original variables and the principal component. It also defines the
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direction in space along which the data vary the most. The loading ϕ11 can thus
be considered the weight that the first variable is given in the first principal
component, the loading ϕ21 the weight the second variable is given in the first
principal component and so on. Together, they make up the first principal
component loading vector ϕ1 = (ϕ11, ϕ21, ..., ϕp1)

T . The sample feature values
can be written on the form

zi1 = ϕ11xi1 + ϕ21xi2 + ...+ ϕp1xip. (8)

The elements z11, ..., zn1 are called the scores of Z1 and represents the orig-
inal data in the rotated coordinate system as the projected values of the n
data points x1, ..., xn onto the direction of the loadings of the first principal
component.

The second principal component, Z2, will similarly consist of the linear com-
bination of X1, X2,…, Xp with the highest variance, but only of all the linear
combinations that are uncorrelated to the first principal component Z1. The
scores of the second principal components z12, ..., zn2 are made up by

zi2 = ϕ12xi1 + ϕ22xi2 + ...+ ϕp2xip, (9)

where the loading vector of the second principal component is represented
by the elements ϕ2 = (ϕ12, ϕ22, ..., ϕp2)

T . In total, the number of principal
components are equal to the number of variables in the original data set,
but the majority of the information is assembled in the first few principal
components.

Derivation of Principal Components

The simplified steps of creating principal components from a data set is ex-
plained below.

Firstly, scale the variables. This is due to the fact that PCA is sensitive to the
size of the variables, meaning that large values are given a higher influence than
low values. Therefore, using variables in different units can be problematic
when conducting a PCA. This problem can be solved by scaling the data
to give the correct influence on the variance. The scaling can be done by
subtracting the mean X̄i and dividing by the standard deviation σi from each
observation Xi in the data set.

Secondly, estimate the covariance matrix Σ from the original data set of vari-
ables X1, X2,…, Xp such as

13
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Σ =

Σ1,1 . . . Σ1,p
... . . . ...

Σp,1 . . . Σp,p

 , (10)

where Σi,j = cov(Xi, Xj) = E[(Xi − X̄i)(Xj − X̄j)] and where X̄i and X̄j is
the mean of Xi and Xj.

Thirdly, calculate the eigenvectors and eigenvalues of the covariance matrix
and derive the principal components. This is done by maximizing the function

var[ϕT
1X] = ϕT

1Σϕ1, (11)

subject to the constraint ϕT
1 ϕ1 = 1, meaning that the squares of the loadings

sum up to 1. By using a Lagrange multiplier λ, the function to maximize is

ϕT
1 (Σ− λI)ϕ1−λ, (12)

where I is the identity matrix. Differentiating with respect to ϕ1 gives

Σϕ1−λϕ1 = 0, (13)

thus λ is an eigenvalue of Σ and ϕ1 is its corresponding eigenvector and loading
vector of the principal component.

The number of eigenvectors obtained equals the number of variables in the
data. Which eigenvector that maximizes the variance of ϕT

1X is decided by
which λ gives the highest value. In general, the kth principal component of
X is ϕT

kX and var(ϕT
kX) = λk. λk is the kth largest eigenvalue of Σ and ϕk

its corresponding eigenvector. The eigenvectors can thus be ordered by their
corresponding eigenvalue from highest to lowest, which corresponds to ordering
the principal components by significance (Jolliffe, 2002).

Lastly, a new data set is created from the obtained eigenvectors. This is done
by multiplying the eigenvector with the highest eigenvalue with the scaled
data. The scores of the first principal component can be described as

z11 = ϕ11x11+ϕ12x12 + ...+ ϕ1px1p (14)
z21 = ϕ11x21+ϕ12x22 + ...+ ϕ2px2p

...
zn1 = ϕ11xn1+ϕ12xn2 + ...+ ϕ2pxnp.
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The first principal component can then be described as Z1 = (z11, z21, ..., zn1).
How many principal components that is considered to hold a sufficient amount
of variance is somewhat subjective but can be decided by visually inspecting
a scree plot which plots the variance captured in each principal component in
decreasing order (G. James et al. 2013).

2.3 Logistic Regression

G. James et al. (2013) describes the logistic regression as a qualitative clas-
sification method where the response variable can take on values between 0
and 1 due to its S-shaped function curve. This differs from linear regression,
where the response variable is continuous and can take on an infinite number
of values, ranging from negative infinity to infinity. As the linear regression is
unlimited in its output, it is not preferable to use when forecasting categorical
answers or probabilities of events. Instead, due to the limited output between
0 and 1 of a logistic regression, it is considerably more intuitive to use when
aiming to predict the probability of a dependent variable taking on a certain
value, or ending up in a certain category. To forecast probabilities, the model
must also ensure that the probabilities of the possible events sum to one.

The logistic model expresses a relationship between the random response vari-
able and input variables that could otherwise be hard to observe by explaining
what happens to a dependent variable y when a vector of independent variables
X changes. A simple way to express a logistic regression model is

p(X) =
eβ0+βX

1 + eβ0+βX
, (15)

where p(X) is the probability of presence of the characteristic of interest in
the dependent variable, β is a vector of unknown parameters, whereof β0 is
an intercept coefficient, and X is the independent variable. The β values
are estimated by maximum likelihood solving for β, as further explained in
Equation 21 and Equation 22. In that way, the model can be used to make
predictions on new data. From Equation 15, it is possible to find the odds
function after some manipulation

p(X)

1− p(X)
= eβ0+βX , (16)

where the left hand side is referred to as the odds and can take any value
between 0 and ∞. Small odds represents a low probability of occurrence of
the event. By taking the logarithm of both sides of the equation, the log odds
function is

ln

(
p(X)

1− p(X)

)
= β0 + βX. (17)
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The log-odds or logit function is used because probabilities often are presented
in the range [0,1]. When observing Equation 17, it is also more intuitive what
happens to the probability when X changes.

If there are multiple predictors, that is, more than one explanatory variable
X, the logistic regression model can be expressed as

p(X) =
eβ0+β1X1+...+βpXp

1 + eβ0+β1X1+...+βpXp
, (18)

where X represent the whole set of variables X1, X2, ..., Xp. The corresponding
log-odds function is

ln

(
p(X)

1− p(X)

)
= β0 + β1X1 + ...+ βpXp. (19)

2.3.1 Ordered Logistic Regression

When a response variable can be classified into more than two categories and
there is a natural order between these categories the prediction model is known
as an ordered logistic regression model. This extension of the logistic regression
model is among many other examples useful when classifying credit ratings,
where a company with the rating AAA is considered to have a lower risk of
defaulting than a company with the credit rating AA has and so on, and thus
the categorical outcomes can be considered to have a natural order.

In an ordered logistic regression the outcome variable Y can take on the as-
sumed values k = 0, 1, 2, ..., K − 1. The probability that Y = k can be esti-
mated in various ways depending on the chosen version of the ordered regres-
sion model. The difference between the variants lies in the way the ordinal
responses are compared to each other. According to Hosmer, D. et al (2013),
the model that is the most commonly used in practice is called the propor-
tional odds model where the probability of an equal or smaller outcome, Y ≤ k
is compared to the probability of the outcome being strictly larger, Y > k.
In the proportional odds model, the probability that Y = k can be generally
expressed as P (Y = k|X) = ϕk. The categorical logit function is defined as
follows
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c0 = ln

(
P (Y ≤ 0|X)

P (Y > 0|X)

)
= ln

(
ϕ0

ϕ1 + ...+ ϕK

)
=

= β0,0 + β1X1 + ...+ βpXp (20)

c1 = ln

(
P (Y ≤ 1|X)

P (Y > 1|X)

)
= ln

(
ϕ0 + ϕ1

ϕ2 + ...+ ϕK

)
=

= β0,1 + β1X1 + ...+ βpXp

...

cK−1 = ln

(
P (Y ≤ K − 1|X)

P (Y > K − 1|X)

)
= ln

(
ϕ0 + ...+ ϕK−1

ϕK

)
=

= β0,K−1 + β1X1 + ...+ βpXp,

where β1, β2, ..., βp are equal for all dependent variables Y , hence the propor-
tional odds. The ordered logistic regression thus describes the probability that
the predicted outcome falls into a certain interval.

2.3.2 Estimation of the Coefficents

When estimating β1, β2, ..., βp to fit the ordered logistic regression model a
loglikelihood function is used which in its general form looks like

l(β) =
n∏

i=1

[ϕ0(Xi)
z0iϕ1(Xi)

z1i × ...× ϕK(Xi)
zKi , (21)

where Z ′ = (z0, z1, ..., zK) are the values of K + 1 dimensional multinomial
outcomes that are created from the ordinal outcome that zk = 1 if Y = k
and zk = 0 otherwise. Only one value of z is equal to 1 as it describes the
probability that Y falls into a certain interval. β denotes both the p slope
coefficients and the K model-specific intercept coefficients. The following log-
likelihood function is

L(β) =
n∑

i=1

z0iln[ϕ0(Xi)] + z1iln[ϕ1(Xi)]) + ...+ zKiln[ϕK(Xi)]. (22)

The maximum likelihood estimator β̂ is found by differentiating L(β) with
respect to each unknown parameter β and setting the equations equal to 0
and solving for β̂ by using iterative computation, which is a inbuilt procedure
in most statistical software that handles logistic regression (Hosmer, D. et al.
2013).
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2.4 Goodness-of-fit

An important part of developing a prediction model is to evaluate how well
the model approximates the observed data it is estimated on. In contrast to
an ordinary linear regression model, there is no single measure that is widely
accepted when testing the fit of a logistic regression model. In this section, two
different measurements for evaluating a models goodness-of-fit are presented.

2.4.1 Deviance

As referred to by W. Green (2012), Deviance is a common goodness-of-fit
measurement of the fit of a model where model-fitting is achieved by maximum
likelihood. Deviance can be used when the R2-test or the χ2-test for fit is
inappropriate, which is for example often the case when using time series data.
The formula for deviance is

dev = 2 ·
n∑
i

K−1∑
j

yij · ln(
yij

π̂ij ·mi

), (23)

where yij is the observed value, π̂ij is the estimated probability of the ordinal
category and mi is the sample size in time step i when i = 1, ..., n and j =
0, ..., K − 1. When the fitted model produces dev = 0 the model is said to be
a perfect fit and the higher the deviance is, the poorer is the fit considered to
be.

2.4.2 Pearson Residuals

The Pearson residuals provide a measurement of how well the observations are
predicted by the fitted model and is therefore also a goodness-of-fit measure.
In similarity to Deviance, a model with a high degree of fit would have a low
Pearson residual. As stated by P. McCullagh and John A. Nelder (1989) the
raw residuals, scaled by the estimated standard deviation produces the Pearson
residuals on the form

rpij =
yij − π̂ij ·mi√

π̂ij · (1− π̂ij) ·mi

, (24)

where yij is the observed value, π̂ij is the estimated probability of the ordinal
category and mi is the estimated number of observations in category i in time
step j. When the fitted model produces residuals that equal zero, the model is
said to be a perfect fit, with decreasing goodness-of-fit with increasing values.
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2.5 Forecast Accuracy

Besides evaluating the fit to the observed data, it is necessary to consider how
well the assumptions contribute to the prediction model’s forecasting accuracy.
This can be done in numerous ways, and several different methods are rec-
ommended in the literature. However, there is no specific test recognized as
being best suited for the ordered logistic regression model, but when comparing
one forecasting model to another, methods of calculating error measures are
useful. Kennedy (2008) mentions several evaluation techniques, two of whom
are described in this section. The formulas for all error measurements are
adapted to a k × n-dimensional data set, where k corresponds to the rows and
n to the columns with the observed outcome yij and predicted outcome ŷij.

2.5.1 Mean Absolute Deviation

The mean absolute deviation refers to the average of the absolute value of the
forecast errors, that is, the difference between the observed values and the pre-
dicted values. This measure is favourable when the absolute size of the forecast
errors are proportional to the cost of the forecast errors. A drawback with the
mean absolute error is its sensitivity to scaling, which makes it impractical if
the data set contains more than one scale or unit. The formula is defined as

MADj =
1

k

k∑
i=1

|ŷij − yij| , (25)

for the jth time step, and for the whole data set, the mean absolute deviation
is defined as

MAD =
1

n

n∑
j=1

MADj. (26)

2.5.2 Root Mean Square Error

The root mean square error measures the squared root of the average of the
squared forecast errors. Due to the squared error term, this error measure
weighs large forecast errors more heavily and is therefore useful when the cost
of forecasting a large error is greater than forecasting several small errors.
This feature makes the root mean square error sensitive to outliers, and in
accordance with the mean absolute error, it is also sensitive to scaling. The
root mean square error is for the jth time step defined as
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RMSEj =

√√√√1

k

k∑
i=1

(ŷij − yij)
2, (27)

and for a data set as

RMSE =

√√√√ 1

n

n∑
j=1

RMSE2
j . (28)
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3 Methodology

This section explains the procedure of preparing the macro economic data, im-
plementing the two ordered logistic regression models as the outline of achieving
the goal of readjusting the historical credit rating data in the most satisfying
and reliable way possible. The structure of this section follows the same ar-
rangement as the broken down steps of the project as can be seen in Figure
3.

Figure 3: Structure of the project.

3.1 Data Handling

The macro economic variables are overall chosen in accordance to availability,
economic theory and are all, to some extent, commonly known. The reason
behind choosing well known variables is to easier be able to understand the
theory behind their movements over time and reaction to the Swedish economy
and thus also make it easier to draw conclusions from the behavior of the
variables. When producing multivariate time series models, the choice of the
explanatory factors X are usually based on their significance to the data to
create prediction models as reliable as possible. Therefore, it is important to
examine the macro economic data that is to be used as independent variables
in the models before implementing the regression models. This is done by
testing the raw macro economic data for trends, eventual lagged reactions to
economic events and for non-stationarity.
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3.1.1 Visual Inspection and Stationarity Testing

The characteristics of the macro economic data is inspected by plotting each
variable. It is of interest to examine how the variables correspond to economic
theory and their reaction to economic events. Some macro economic variables
may be inert, or slow, in their movement, resulting in a delay in the variables
registering the movements connected to economic events. This will potentially
be mistaken as the macro economic variable having low statistical significance
to the dependent variable at that time. Consequently, the macro economic
variables and their progress in time are inspected visually through plotted
data and a lag is added to variables showing slow reactions to shifts in the
market.

When studying the plotted macro economic data, the occurrence of trends are
also examined. This inspection serves the purpose of using the right parameters
in the stationarity tests, as a consideration of time trend can be added to the
variables that indicate having a trend over time. In addition to time trend
parameters, the choice of the number of lags to be used in the stationarity tests
must be made. This can be decided in numerous ways, but in this project,
the number of lags is decided through a visual inspection of an autocorrelation
plot, also known as a correlogram, which plots the correlation of a variable
with an increasing number of lagged copies of itself on the x-axis. The number
of lags to be used in the stationarity tests are decided from the number of
observations outside the 95 % confidence bounds on the y-axis. When the
plotted line is stable along the y-axis, the autocorrelation is low. Each macro
economic variable is individually assigned a number of lags to be used in the
stationarity tests given from the visual inspection of the autocorrelation plot.

Non-stationarity is common in economic time series data and needs to be con-
sidered since it can cause problems when being used in a Principal Component
Analysis. This is due to its possible yield of similar loadings and sparseness
in the resulting principal components, making the interpretation of the re-
sult difficult (Lansangan and Barrios, 2009). The stationarity is tested in the
software JMulTi (Benkwitz, A. and Krätzig, M., 2009), which is specifically
design for multivariate time series analysis. To evaluate the stationarity of
the variables, the three tests described in Section 2.1, ADF, PP and KPSS
are considered. The motivation behind using several tests is that stationarity
tests have different strengths and weaknesses and thus often show varying re-
sults. When non-unanimous results occurs, the integration order corresponds
to the predominant results, e.g. if ADF and PP show an integration order of
one, I(1) and KPSS shows an integreation order of zero, I(0), the variable is
assigned I(1). Variables decided to I(1) is differentiated and once again tested
for stationarity. A variable that still indicates non-stationarity is not included
in the regression models.
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3.1.2 Standardising

The remaining macro economic variables that are modified with potential lags
and differentiations are now to be standardised by subtracting the mean value
and dividing by the standard deviation. This is done for the sake of the
Principal Component Analysis, as it is a process which aims to maximize the
variance. This means that the process favours the influence of variables with
high non-standardised variance, possibly making the results misleading. To
make the contribution of each variable as fair as possible, the data should be
normalised when conducting a Principal Component Analysis on variables with
varying units. In the case of the macro economic data used in this project, the
original data comes in vastly different units, from percentage to SEK, which
ranges from values below zero up to five digit numbers. This makes the scaling
essential to establish reliable independent variables for the regression model
using PCA. Scaling of the macro economic variables might not be necessary
for the model which does not use principal components but the same scaled
macro economic variables are used in all models. This is due to the wish of
keeping as many factors as possible identical in the two models, in order to
easier being able to identify the differences between using the macro economic
variables independently or as principal components in the regression models.

3.2 Principal Component Analysis

For the models using macro economic variables separately, all required input
variables are now available to implement the models. For the other model, a
Principal Component Analysis is conducted in MATLAB (MathWorks, 2013)
using all scaled macro economic variables over the years 1990 to 2015. The
number of principal components extracted are always equal to the number of
variables in the original data but not all principal components are necessary
to include in the regression model, as they decrease in variance. How many
of the principal components to be used in the regression model is decided
through a scree plot, which plots each principal component’s variance from
the highest variance to the left down to the lowest variance to the right. It
is common to detect an ”elbow” in the plot, as the first components often
represent the majority of the data. The components to be used in the regression
analysis are chosen with the limit of representing at least 85 %. However, if the
number of non-significant β-coefficients exceed 20 %, that principal component
is excluded from the model. The resulting scree plot can be found in Figure 4
in Section 4.2.

To further understand the composition of the principal components, an in-
terpretation of their reaction to the economic theory is made. This is made
by interpreting the loadings. which can be viewed as weights. If the differ-
ent macro economic variables are positively or negatively correlated, and how
much variance is captured is unique to each principal component and depend

23



Contents

on the variance in the macro economic data. The loadings of the principal com-
ponents provide a mean to interpret which macro economic variables mostly
explain the movement of a specific principal component and in what way it
influences that component depending on its sign. The principal component
with a heavy positive or negative loading in a specific macro economic vari-
able will be influenced by this variable to a larger extent than it will be by a
variable with a loading close to zero. What is considered a strong correlation
is subjective, but is in this thesis found at a minimum of 0.35. To examine
how well the principal components react to economic events over time, plots of
the scores are examined. The resulting loadings from the three first principal
components are shown in Table 6.

3.3 Model Implementation

The implementation of the models is conducted in MATLAB (MathWorks,
2013). In all but one model, the macro economic variables individually rep-
resents the vectors of explanatory variables X. It would be possible to test
all possible combinations of the macro economic variables, but in regression
analysis, the more independent variables that are used the greater is the risk
for overfitting the model, making the variables too customized for the model
so that it will be unusable to other data sets. Therefore, the number of chosen
principal components will also decide the number of underlying variables X
used in all models. Keeping the number of independent variables equal be-
tween the models makes the comparison of the models easier. After choosing
the number of independent variables, all possible combinations of the macro
economic variables are used in all possible combinations for the model using
the macro economic variables independently. If three explanatory variables
X are chosen as a suitable number of independent variables in the regres-
sion it renders 165 unique combinations of macro economic variables, creating
165 different versions of the ordered logistic regression models. In the second
model, X is instead represented by the most significant principal components
conducted from all macro economic variables, indicating that the principal
components together to some extent represent all the different macro eco-
nomic variables. The number of principal components corresponding to the
example above would be three.

All models are estimated on the internal data between year 2007 and 2015.
This means that the left hand side of the equations represents the actual
probabilities, or the actual distribution of the credit ratings over the estimation
years. This leaves the beta-values as the remaining unknown parameters which
are estimated through maximum likelihood.

24



Contents

3.3.1 Model Estimation and Goodness-of-Fit Validation

The evaluation of which combinations and which regression model that have
the best fit is decided through the models goodness-of-fit results described in
Section 2.4. As there are no specific methods that are more widely recognized
than others, two different goodness-of-fit test are used to give a better and more
fair assessment of the fit. The goodness-of-fit results are compared between the
models with all combinations of macro economic variables as well as with the
model using principal components as to evaluate to what extent the different
models and combinations variate in their goodness-of-fit.

3.3.2 Readjustment of Historical Data

The estimated β-values from each of the models, both the models using all
different combinations of the independent variables and the model using prin-
cipal components, are used to readjust the historical data between 1990 and
2006. The readjustment generates a new distribution of the historical credit
ratings for each model. Before taking further actions to validate the read-
justment, a visual inspection of the readjusted historical portfolio is made,
to evaluate if the distributions of the credit ratings seem reasonable from a
theoretical point of view. To be considered realistic, the distributions could
be expected to alter along with changes in the economic environment. The
higher risk grades should increase with a downturn in the economy, such as
the Swedish real estate crises in the beginning of the 90s, and take an opposite
turn in an economic boom, such as in the years leading up to the crash in year
2000. A high volatility in the distribution of the risk ratings is also considered
implausible and therefore the volatility of the readjusted portfolio is also taken
into consideration.

3.4 Prediction and Forecast Validation

To further validate if the readjustment is reliable, an out-of-sample prediction
is made. This is done by once again estimating the models over the internal
data, but this time over the readjusted data between 1990 and 2006, which
is the time series now known as the in-sample data. A maximum likelihood
estimation is conducted over the readjusted portfolio in an annual stepwise
prediction, generating new β-values each year, through the out-of-sample data.
This procedure is repeated annually over the growing time series, such as
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• Estimation between 1990-2006

• Prediction for 2007

• Estimation between 1990-2007

• Prediction for 2008

• Estimation between 1990-2008

• etc …

until the last prediction of year 2015 is made.

Additionally, an identical out-of-sample forecast that is conducted over the
readjusted portfolios is conducted over the observed portfolio with the observed
distributions, using the same combinations of macro economic variables and
principal components, but estimating new β-values. This is done to enable
an evaluation of the readjustment of the historical data and to examine if the
readjustment can generate an improved prediction or not by comparison of the
forecasting errors.

When all predictions are made for the models, as well as for the identical
models created over the observed portfolio, the results from the out-of-sample
forecast is appraised by comparing the predicted distribution of credit ratings
to the observed distribution of credit ratings of the same year. The comparison
can be difficult to make visually, so the evaluation is mainly made through the
two error measures, MAD and RMSE, described in Section 2.5. The two
measures have both advantages and disadvantages and are chosen as to when
aggregated, weigh up to an accurate error estimate and will be used to compare
the accuracy of the prediction by the different regression models.

3.5 Model Evaluation

The last step is to decide which model or models that gives the most satisfy-
ing results and generates the most reliable, stable and correct readjustments.
This is decided by comparing the results from the goodness-of-fit tests, the
forecasting error results and by visual inspection. By comparing the goodness-
of-fit results to the forecast accuracy results, it is possible to estimate to what
extent a successful goodness-of-fit carries a good prediction. Adding the visual
inspection, it is possible to draw conclusions to how well the goodness-of-fit
methods and the forecast accuracy methods work as a measure to evaluate
the readjustment, as it is not certain that good measures equals a reliable
distribution of the credit ratings over time.

By conducting a forecast over the years 2007 and 2015 with the regression mod-
els fitted over the observed portfolio between 1990 and 2006, an estimation of
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the success of the readjustments can be made. This estimation is made by
comparing the forecast error measures from the models fitted on the observed
portfolio with the corresponding forecast error measures fitted on the read-
justed portfolio. If the models that are estimated on the readjusted portfolio
render lower forecast error measures, the readjustment is considered successful.
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4 Results

Due to confidentiality, results of the readjustment of the internal credit rating
portfolio is not presented either in numbers nor graphically, but the differ-
ences in the resulting distributions are briefly described to provide for deeper
understanding of the results. Instead, focus in this section lies on the result
of the data preparation and handling of the macro economic variables. To
emphasize and provide insight to the importance of using relevant independent
variables in the prediction model, their impact on the resulting readjustment
and out-of-sample validation is shown. The data handling is presented through
visual inspection, correlation and stationarity testing as well as the conducted
principal components.

The result of all generated combinations of macro economic variables is not pre-
sented. Instead the results from the model using principal components and two
different combinations of macro economic variables are presented. The first,
containing the variables OMXS30, Investment ratio and Price Base Amount is
presented because of it being the combination that provides the visually best read-
justment of the portfolio. The second combination with Treasury Bill, TCW
Index and CPI is presented because that combination provides the best goodness-
of-fit measures and the lowest forecasting accuracy errors. The goodness-of-fit
results and forecasting results is not shown in numbers but in relation to each
other, which is once again due to confidentiality.

4.1 Trend Inspection and Stationarity Results

All the macro economic variables are plotted over the time period to allow
for visual inspection of trends and a slow response time to the economic en-
vironment which they seek to explain. From this inspection it is possible to
determine a slow response to macro economic events from Unemployment Rate
and Price Base Amount. From an inspection of the plots it is also possible to
determine if the macro economic variables have tendencies to trend over time.
All variables exhibit a time trend except Unemployment Rate, TCW Index
and Investment Ratio. The results from the visual inspection is presented in
Table 4.
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Table 4: Visual inspection of trends and lags in the macro economic variables.

Variable Trend Lags
Bond Yield (10Y) Yes T
CPI Yes T
Export Yes T
Investment Ratio No T
OMXS30 Yes T
Price Base Amount Yes T-1
Real Estate Prices Yes T
Real GDP Yes T
TCW Index No T
Treasury Bill (3M) Yes T
Unemployment Rate No T-1

A lag T indicates that the macro economic variable show immediate response
to economic events, while a lag T-1 shows a one year delayed response to
corresponding economic events.

The trend inspection is complemented by the three stationarity tests which, to
some extent, give varying results, as can be seen in Table 5. The only variables
that are considered to be stationary before differencing are Unemployment
Rate and Investment Ratio. These macro economic variables are therefore not
differentiated and given an integration order of zero. All other variables show
stationarity after differentiating once, and are hence given an integration order
of one, I(1). After testing the differentiated variables for stationarity once again
and concluding that they are all stationary, the variables are scaled to give
a fair representation of the variance before making the principal component
analysis.

Table 5: Stationarity test results.

Variable ADF KPSS PP Integration order
Bond Yield (10Y) I(1) I(1) I(1) I(1)
CPI I(1) I(1) I(0) I(1)
Export I(1) I(1) I(1) I(1)
Investment Ratio I(0) I(0) I(1) I(0)
OMXS30 I(1) I(1) I(1) I(1)
Price Base Amount I(1) I(1) I(0) I(1)
Real Estate Prices I(1) I(1) I(1) I(1)
Real GDP I(1) I(1) I(1) I(1)
TCW Index I(0) I(1) I(1) I(1)
Treasury Bill (3M) I(1) I(1) I(1) I(1)
Unemployment Rate I(0) I(0) I(1) I(0)
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4.2 Principal Components

The number of principal components to be used in the ordered logistic regres-
sion models is decided through a scree plot, as shown in Figure 4.

Figure 4: Scree plot of captured variance.

The first principal component (PC1) accounts for 37.6 % of the variance, the
second component (PC2) for 19.5 % of the variance and the third component
(PC3) for 14.4 % of the variance. Hence, the three first principal components
together account for 71.5 % of the total variance of all eleven macro economic
variables which is considered an acceptable amount. At four principal com-
ponents, the significance of the β-coefficients in the estimation of the model
increases to above 20 %.

Studying Table 6, it can be seen that the first principal component captures
most variance from Real GDP, Real Estate Prices, Export and Treasury Bill.
The second component is heavy in Price base Amount, CPI and Investment
Ratio. The third component has heavy loadings in Investment Ratio, Unem-
ployment Rate and Export. Positive loadings together with increasing macro
economic variables provides large scores that can be considered to represent
a growing state of the underlying economy. Considering the loadings for the
Unemployment Rate in Table 6, they are all negative. Note that the Unem-
ployment Rate is not differentiated as can be seen in Table 5. Intuitively,
the value for the Unemployment Rate will never be negative, but the loadings
for the Unemployment Rate will always be negative, meaning that a decrease
in the Unemployment Rate will have a smaller negative impact on the score,
driving the score for all three principal components towards a larger value and
thus capturing an upwards movement in the underlying economy. The same
conclusion can be drawn from the Investment Ratio but where an increase
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of the underlying variable gives a larger score. The scores for the first three
principal components are plotted in Figure 5.

Table 6: Loadings of the three first principal components.

Principal Component PC1 PC2 PC3
Bond Yield (10Y) 0.24 -0.05 -0.04
CPI -0.11 0.58 -0.31
Export 0.37 0.02 -0.39
Investment Ratio 0.22 0.35 0.51
OMXS30 0.34 -0.20 -0.28
Price Base Amount -0.01 0.63 -0.27
Real Estate Prices 0.42 -0.02 0.24
Real GDP 0.44 -0.15 -0.19
TCW Index -0.23 -0.04 0.13
Treasury Bill (3M) 0.36 0.16 -0.08
Unemployment Rate -0.29 -0.24 -0.47

4.3 Explanatory Variables

The models chosen to be presented are, in addition to the model using the
three first principal components, one model using the macro combination of
OMXS30, Price Base Amount (PBA) and Investment Ratio and one using the
combination Treasury Bill 3M, CPI and TCW Index. In this section, plots
over the scaled and lag corrected variables are presented in Figures 6 and 7.

The principal components used in the model which use PCA is presented in in
Figure 5 and does to some extent follow the Swedish economy over the years.
All principal components show downturns in the beginning of the 90’s, and
especially PC1 follow overall increases up to year 2000, 2006 and 2010, as well
as corresponding downturns after those peaks, while there seem to be a certain
delay in the reaction of the other two principal components.
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Figure 5: The first three principal components.

Figure 6: OMXS30, Investment Ratio and Price Base Amount.

In the second model, the three macro economic variables show relatively similar
behavior over the time line and particularly OMXS30 and Investment Ratio
are reacting to the Swedish economic climate during the time.
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Figure 7: Treasury Bill, TCW Index and CPI.

In the third model, the macro economic variables show different and unequally
strong reactions to economic events.

4.4 β-coefficients

Presented in Table 7 are the β-coefficients attained from fitting the ordered
logistic regression models using maximum likelihood over the period 2007 to
2015. The actual values are censored due to confidentiality.

Table 7: β-coefficients from model estimations.

Independent variables β1 β2 β3

PC1, PC2, PC3 ...∗∗∗ ...∗∗∗ ...∗
OMXS30, Investment, PBA ...∗∗∗ ...∗∗∗ ...∗∗
Treasury Bill, CPI, TCW ...∗∗∗ ...∗∗∗ ...∗∗∗

A part in evaluating the appropriateness of the model is to examine if the
obtained β-value is significant to the fitted data. *** represents a significance
level of 1 %, ** represents a significance level of 5 % and * represents a signif-
icance level of 10 % or higher.
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4.5 Goodness-of-Fit

In the process of evaluating how well the models are estimated over the esti-
mation period, three goodness-of-fit measures are used. In Table 8, the results
from the three chosen regression models are presented to provide an idea of
how the different goodness-of-fit results vary. The measurements presented
in Table 8 are the models Deviance, the sum of all Pearson Residuals. The
general rule of thumb is that the lower value of the measurement the bet-
ter the fit. It is essential to complement the goodness-of-fit measures with
a visual inspection of the readjusted portfolio since good fit still can yield a
poor readjustment of the portfolio. Due to confidentiality, no true values of
the measures are presented, instead they are ranked from * to *** where *
represent the highest and *** represent the lowest fit.

Table 8: Goodness-of-fit results.

Independent variables Pearson Residual Deviance Total
PC1, PC2, PC3 *** *** ***
OMXS30, Investment, PBA ** ** **
Treasury Bill, CPI, TCW * * *

Both the Pearson Residuals and the Deviance show the highest value for the
model using PCA, indicating that the principal components show the poorest
fit over the estimation period out of the three models, closely behind the model
using OMXS30, Investment ratio and Price Base Amount. The model using
Treasury Bill, CPI and TCW Index is showing the best fit, with around 20
percent lower values than the other two models. As will be discussed later,
this can still not be considered the best model.

4.6 Readjustment Results

As mentioned, plots over the readjusted portfolios is confidential information
and can therefore not be presented, but only generally described. Overall, the
visual inspection of the graphs showed that the results varied substantially
between the models. The readjustment made by the model using principal
components and by the model using OMXS30, Investment Ratio and Price
Base Amount showed reasonable distributions of the credit ratings over the
years, that moderately reacted to fluctuations in the underlying economy. The
model using Treasury Bill, TCW Index and CPI did however show a highly
volatile distribution of the credit ratings, alternating vigorously every other
year, foremost in the beginning of the 90s where it did not follow the underlying
economy in a reasonable manner. Notable is that this was the model showing
the best goodness-of-fit and forecasting error results that can be seen in Table
8 and Table 9 but was also considered to provide one of the most unsatisfactory
readjustments from the visual inspection.
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4.7 Forecasting Results

The model forecast is evaluated using two different error measure results pre-
sented in Table 9. A small error indicates that the model possesses a good
capability to use the readjusted portfolio to make a prediction over the out-of-
sample data that correlates well to the observed portfolio between the years
2007 to 2015. Therefore, the error measurements are used to provide an idea of
how well the readjustment of the portfolio is. The total amount is the sum of
the two error measurements and is used to identify models that have small val-
ues in both error measures. Once again, it is of high importance not to blindly
trust the forecasting results but to additionally combine the evaluation with
the visual inspection of the readjusted portfolio. This is due to the fact that a
model with a good fit does not necessarily make good predictions. The fore-
casting error results from the models estimated on the readjusted portfolios
are shown in Table 9. Due to confidentiality, no true values of the measures
are presented, instead they are ranked from * to *** where * shows the lowest
error and *** the highest error.

Table 9: Forecasting error results from the readjusted portfolio.

Independent variables MAD RMSE Total
PC1, PC2, PC3 *** *** ***
OMXS30, Investment, Price Based Amount ** ** **
Treasury Bill, CPI, TCW * * *

Table 9 shows that the model using PCA presents the largest forecasting error
while the model using Treasury Bill, CPI and TCW Index shows the smallest,
which is in line with the goodness-of-fit results, but not the visual inspection.

To evaluate if the readjustment of the portfolio presents a better prediction,
and thus also a higher resemblance with the out-of-sample observations than
the observed portfolio does, a prediction model is fitted over the observed
portfolio as well. The resulting forecasting errors from the models estimated
on the original portfolio are shown in Table 10.

Table 10: Forecasting error results from the observed portfolio.

Independent variables MAD RMSE Total
PC1, PC2, PC3 *** *** ***
OMXS30, Investment, Price Based Amount * * *
Treasury Bill, CPI, TCW ** ** **

The model that uses principal components as independent variables provides
a higher forecast error than the other models. The model using the combi-
nation of OMXS30, Investment Ratio and Price Base Amount shows the best
forecasting results when making the prediction over the original data.
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When comparing the forecasting errors of the models, the resulting errors from
the model estimated on the original portfolio is three to five times greater than
the corresponding results from the readjusted portfolio.
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5 Discussion

This section has the basic outline of the different steps and procedures covered
in Section 4. The outline of this section does in accordance with the other
sections follow the same structure as the modeling procedure.

Choosing macro economic variables proved to be more time consuming and
complicated than expected. The economic environment is complex and to some
extent subjective, and is explained throughout the literature describing various
variables and measurements. The consensus of what a good explaining variable
could be, turned out to be low. One statistical problem in particular was that
many macro economic variables that are created to capture the economy as a
whole are fairly recently publicly documented and therefore do not date back to
the, in this case, required year of 1990. Additionally, as the dependent variable
has one observation per year, so must the independent variable, indicating that
the macro economic variables that were not measured annually, but instead
daily, weekly and so on, were to be handled either by using mean values or
values of specific dates. Furthermore, the way a variable is measured sometimes
changes over time which makes the same variable non homogeneous over time.
These types of variables could consequently not be included in the model.
Another issue was that the specific companies that make up the credit portfolio
were not revealed to the authors which made it problematic to choose sector
specific variables, or variables related to financial performance. Those kind of
variables were also excluded early in the process. The eleven macro economic
variables that represent the economic environment in this project were chosen
from a combination of intuition, sound economic theory, literature studies and
availability of data.

The model was fitted on a small number of observations. This was due to that
the annual data over the time period 2007 to 2015 resulted in nine observa-
tions for each independent variable. Since three principal components were
deemed sufficient, all models used three independent variables as to make the
comparison more fair. The three independent variables, times the nine annual
observations rendered a total of 27 data points to fit the model on which can
be considered to be a small number of observations to fit a statistical model
on. The trends and movements of the portfolio and the macro economic vari-
ables during that time have a significant impact on the estimated β-values that
are used for the readjustment of the historical portfolio. It would have been
favourable if the model would have been fitted with a larger amount of data
to render specific events and movements of a certain period less important as
to provide a model less sensitive to specific events in the underlying economy.
The small amount of data, with observations between 1990 and 2015, also
poses a problem when assessing the stationarity in a data set. Using a small
amount of data, it is more difficult to, in a reliable way, draw any conclusions
of the quality of the data and any specific trends it might exhibit. Small data
sets are however a reality when it comes to financial statistics and the main
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reason for carrying out this project.

When observing the loadings from the PCA that are presented in Table 6 it is
worth noting that only a few of the loadings have an absolute value that ex-
ceeds 0.5. The loadings can therefore be considered relatively small, or weak,
which makes the evaluation of the effect that every economic variable has on
the principal component analysis hard to evaluate. Preferably some loadings
would stand out as being larger in size compared to other loadings in the
same principal component. It would make conclusions easier on what under-
lying variables drive the specific principal component. On the other hand,
equal loadings suggest an equal effect on the principal component from the
underlying variables, which can suggest that the underlying macro economic
variables are all to some point relevant, indicating that the choice of variables
is reasonable. As mentioned in Section 3.1.1, manipulation of the data is, to
some part, to avoid producing weak loadings. The results presented in Ta-
ble 6 could therefore be an implication that the processing of the economic
variables, before conducting the PCA, is somehow flawed. It is possible that
further manipulation of the underlying data could render more distinct load-
ings. Nevertheless, conclusions on specific variables can still be made, as for
example, the Unemployment Rate is, intuitively, negatively correlated to Real
GDP. This is observable in the first three of the principal components and
indicates that the PCA have captured relationships and trends between the
variables and is, to some extent, successful in doing so.

In Table 8, the result of the three different measurements of the models’
goodness-of-fit is presented. The model using principal components as in-
dependent variables has a lower level of goodness-of-fit than the model using
macro economic variables separately as the general idea is that a model that
has a good level of fit, that is, low values, should provide a satisfying readjust-
ment of the historical portfolio. This was not always the case but the fit of the
model still plays an important role in choosing a preferred readjusted portfolio.
A model with a low fit could be considered less trustworthy than a model with
a high degree of fit and should therefore be disregarded in this stage of the
process. As noted in Table 7, the model using principal components has one
β-coefficient that is not significant on a 5 % significance level. This is more
acceptable in the case of the PCA than when using the macro economic vari-
ables separately. The principal components capture a decreasing amount of
variance in the data set. Intuitively, the third principal component, which also
captures the least amount of the variance possesses the highest chance of being
non-significant. The measurements can, furthermore, only give an idea of one
particular model having a better fit than another model but it can not say if
that model is good, just that it is better than another model. Additionally, it
became evident when visually observing the portfolio that a good fit did not
always provide a reasonable readjustment. This is once again a result of lack of
data, as some macro economic variables showed a very good fit over the years
2007 and 2015, but were acting extraordinarily over the years 1990 to 2006.
One example of this is the Treasury Bill, which gave a very good fit over 2007
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to 2015, but as it showed extreme values in the beginning of the 90’s when
Sweden had a severe real estate crisis. These extreme values lead to strange
reactions in the credit ratings and have a strong impact on the readjustment,
as the relation between the model and the movement of the variable does no
longer hold. Considering Table 7, the Treasury Bill movements have a large
impact on the readjustment because of its large β-value. This makes the model
performance very difficult to evaluate without using a subjective measure such
as visual inspection.

The error measurements of the forecast can be taken into consideration, only
because the observed distribution between 2007 and 2015 is set as a preferred
distribution in the portfolio. This makes the quality of the forecast easy to
evaluate. The quality of the readjustment over the time period 1990 and 2006
can not be evaluated in the same manner. An attempt to evaluate the readjust-
ment is made in the step-by-step out-of-sample forecast using a model that is
estimated over the readjusted data. The idea is that a successful readjustment
must produce an accurate forecast with small forecast errors. This was however
not always true. It once again became clear that a poor readjustment could
still provide a successful forecast and the other way around. This creates a
problem when evaluating the readjustment from the error measures used in the
forecast. It was possible to visually inspect all the different readjustments from
the different combinations of macro economic variables because of the rather
small amount of 165 combinations. If the number of combinations would have
been higher, say if more economic variables were added, this would become
impractical and too time consuming. It was clear that some specific variables
had a strong and unrealistic impact on the readjustment but performed a very
successful forecast, which was also the case for the goodness-of-fit. An example
of such a variable was once again the Treasury Bill as it behaved reasonably in
the years between 2007 and 2015. If the number of combinations would have
been higher, variables as these would have to be omitted from the model to
ensure a more reliable way of measuring the quality of the readjustment.

An important part of evaluating the readjustment was to investigate if the
readjustment of the historical data provided a better forecast than when using
the originally observed portfolio. This was also the case as shown in Table 9 and
Table 10. The accuracy of the forecast when using the readjusted portfolio is
significantly higher than the measured accuracy of the original portfolio. This
indicates that the readjustment, to some extent, was successful. As mentioned
above, a small data set for model fitting is problematic and if it is possible to
use the readjusted portfolio for model estimation, this could provide a more
stable and accurate model for future use. With the forecasting errors of the
observed portfolio being almost four times higher than the forecast using the
readjusted portfolio, it could be possible to use the readjusted portfolio when
developing credit rating migration models.

Considering the error measures presented in Table 9 and Table 10, it is clear
that PCA provides a larger error measure on both the readjusted and the

39



Contents

original portfolio than when using the macro economic variables separately.
However, among the 165 combinations of macro economic variables that were
tested, the model using PCA is still in the upper half when it comes to
goodness-of-fit and forecast accuracy, even though providing poorer results
than many of the separate combinations of macro economic variables. How-
ever, considering the error measures together with the visual inspection of the
readjusted portfolio, it becomes clear that PCA is more robust and trustwor-
thy than using the macro economic variables separately, as each independent
macro economic variable affect the resulting readjustment less when used in
a principal component than when used separately. The effect on the read-
justment of a specific macro economic variable, when used separately, is great
which can be problematic if a specific variable is in some way compromised
or possesses characteristics that are undesired when performing the readjust-
ment. The high influence of a certain variable can lead to an extreme and
unsatisfactory result, especially if the number of macro combinations is great
and can not be visually inspected separately. From Table 7, it is easy to see
why principal components have smaller effect on the readjustment than some
of the separate variables. One way of getting around this could be to use a
higher number of independent variables. Unfortunately, this can lead to the
regression model not being trustworthy due to risk of overfitting. As only a
few independent variables can be used, the choice of which macro economic
variables to use is critical.

After examining the available literature on both credit risk rating modeling and
logistic regression a very limited number of studies explain how to conduct an
ordered logistic regression using independent variables that are not directly
connected to the dependent variable, as is the case with credit ratings and
macro economic variables. A more common way to conduct a regression anal-
ysis is to observe certain characteristics with, for example a specific company
and using these characteristics as independent variables to provide a credit
rating score for the same company. This is common when modeling credit risk
ratings where the the independent variable is for example debt ratio, profit
margin and free cash flow specific for that company. The focus of this thesis
was not specific companies but rather a portfolio as a whole. This makes it
more intuitive to use independent variables that aim to explain the economic
environment in which this portfolio exist. This is, as mentioned earlier, not
often covered in the literature.
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6 Conclusion

The purpose of this thesis was to develop a simple, but efficient, prediction
model to readjust the historical credit ratings in one of Handelbanken’s credit
portfolios. The models were built using ordered logistic regression with inde-
pendent variables consisting of macro economic variables separately or com-
piled into principal components through a Principal Component Analysis.

Two conclusions can be drawn from the results. Firstly, the readjustment of
the portfolio was to some extent successful. The forecast using the readjusted
portfolio provided a much more accurate forecast than when using the orig-
inally observed portfolio. This indicates that a readjusted portfolio can be
used to provide better predictions and could also provide more training data
for future models. Secondly, it is clear that using the macro economic vari-
ables, in some cases, separately provides a more accurate forecast. However,
as argued in Section 5, PCA provides greater robustness and added security
in comparison to using macro economic variables separately. Additionally, it
is of high importance to visually examine the readjustments as a good fit does
not always equal a reasonable readjustment. If the macro economic variables
have been closely examined and can be considered accurate, they could provide
a better result than a principal component analysis. If there are any doubts
of the quality of the macro economic variables, when using a large amount
of macro economic variables or when fitting the model on a small sample, it
could be safer to use a principal component analysis to hedge against the risk
that one variable provides unsatisfactory results.

Suggestions for Further Studies

Further studies in alignment with this thesis could be, but not limited to,
examining the possible use of macro economic variables further. The quality
of the variables has a great impact on the quality of the readjustment. It is
highly possible that there exists variables that provide a better readjustment of
the portfolio. This could be tested by further inspecting and considering using
a greater number of economic variables as well as testing a greater number of
combinations.

An ordered logistic regression model uses the same β-values for every category
with exception for the intercept. A hierarchical model utilizes different β-
coefficients for different categories and therefore possesses a greater power of
capturing different independent variable’s effect on different categories. A
hierarchical model could, because of this feature, provide more satisfactory
results. If that is the case is unclear and is ground for further investigation. The
results from an hierarchical model could be compared to the results acquired
from this project while keeping the drawbacks of using such a model in mind
when comparing the results.
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The lack of data is clear and if there exists a way to acquire more data, for
example through simulation, this is an option worth considering. Simulation
of data was not covered in the scope of this project but would be of interest
to examine. If there exist a possibility that simulating data could provide a
larger data set it is worth investigating. The model presented in this thesis
could, probably without significant modifications provide a more satisfactory
result if fitted over a larger amount of data points.

There are clear drawbacks of using too many independent variables such as
the risk of overfitting the model. A smaller number of independent variable
leads to complications when choosing a few amount of variables to explain
an entire economic environment. The model was tested with both two and
four independent variables. The results of those tests are not presented in this
thesis. There was no clear indication that more or less than three independent
variables yields a better result than using three. The amount of variables when
using PCA is decided through visual inspection of a scree-plot. The process
of choosing how many macro economic variables to use separately is not as
straight forward and the consensus in the literature of an appropriate amount
of independent variables to use is low. The issue of choosing an appropriate
number of independent variables can hence be further investigated.
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