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Abstract 

As the real estate market plays a central role in a countries financial 

situation, as a life insurer, a bank and a property developer, Skandia wants a 
method for better assessing the risks connected to the real estate market. The 

goal of this paper is to increase the understanding of property market risk 
and its covariate risks and to conduct an analysis of how a fall in real estate 
prices could affect Skandia’s exposed assets. 

This paper explores a recurrent neural network model with the aim of 
quantifying identified risk factors using exogenous data. The recurrent 

neural network model is compared to a vector autoregressive model with 
exogenous inputs that represent economic conditions. 

The results of this paper are inconclusive as to which method that produces 

the most accurate model under the specified settings. The recurrent neural 
network approach produces what seem to be better results in out-of-sample 

validation but both the recurrent neural network model and the vector 
autoregressive model fail to capture the hypothesized relationship between 
the exogenous and modeled variables. However producing results that does 

not fit previous assumptions, further research into artificial neural networks 
and tests with additional variables and longer sample series for calibration is 

suggested as the model preconditions are promising. 

  



Sammanfattning 

Fastighetsmarknaden har en stor inverkan på ett lands allmänna finansiella 

situation. Skandiakoncernen innefattar utöver ett livbolag både 
bankverksamhet och ett helägt fastighetsbolag och har därför en bred 

exponering mot rörelser på fastighetsmarknaden. Skandia vill därför ha en 
metod för att kvantifiera risker kopplade mot fastighetsmarknaden. Målet 
med det här arbetet är att skapa en modell som fångar upp de huvudsakliga 

riskerna för att på så vis utöka deras förståelse för exponeringen. 

I det här arbetet utforskas en neural nätverksmodell som kalibreras mot 

exogena variabler för att på så vis replikera de relevanta riskfaktorerna. Den 
neurala nätverksmodellen jämförs med en vektor-autoregressiv modell med 
exogena faktorer. 

Resultaten av arbetet med avseende på vilken av metoderna som är mest 
lämplig är oklara. Den neurala nätverksmodellen producerar vad som ser ut 

att vara bättre resultat i valideringsprocessen men i den framåtblickande 
modelleringen så producerar båda modellerna resultat vilka bedöms som 
orealistiska. Även om resultaten i det här steget av modelleringsansatsen 

inte är användbara i Skandias riskkvantifiering så föreslås ändå en fortsatt 
utvärdering av neurala nätverk med längre tidsserier och integrering av fler 

eller andra exogena faktorer. Anledningen till detta är att den neurala 
nätverksmodellens grundförutsättningar i det här sammanhanget är 
tilltalande men att de rätta förutsättningarna inte har kunnat ges inom 

ramarna för det här arbetet. 
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1. Introduction 

In this chapter, the background, purpose, motivation, and goal of this paper 

are presented.  

1.1 Skandia 

Skandia is one of the largest independent banking and insurance groups in 

Sweden. At the top of the Skandia Group is Skandia Liv (Skandia’s life 
insurance company), which is a mutual company and thus owned by its 

customers. The life insurance company Skandia Liv is in turn the owner of a 
number of subsidiaries including Skandia Liv Properties AB, Skandia Link 
Life Insurance A/S, Skandia Insurance Company Ltd (publ) and 

Skandiabanken AB. A chart of the structure of the group can be seen in 
figure 1. (Skandia, 2016)  

 

Figure 1. An organization map of the Skandia group. 

This paper has been written on behalf of Skandia at the department of 
capital calculation and market risk. 

1.2 Problem definition 

Skandia is exposed to the real estate sector in several ways. Through 
mortgage lending, direct investment and owning of real estate, owning 
stocks in banks and realty developers and through issuing and holding bonds 

with mortgages as security.  

As the real estate market plays a central role in a country’s financial 

situation (European Central Bank, 2003), as a life insurer and a bank, 
Skandia wants a method for better assessing the risks connected to the real 
estate market. The goal of this paper is to increase the understanding of 

property market risk and its covariate risks and to conduct an analysis of 
how a fall in real estate prices could affect Skandia’s exposed assets. 
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1.3 Background 

The valuations of the property market in Sweden has been in an upwards 

trend since the end of the real estate crisis in the early 90’s, greatly 
outperforming the development of the consumer prices in the same period, 

as seen in figure 2.  

 

Figure 2. Development of real estate prices and CPI. (Statistics Sweden, 2015) 

Real estate prices play a crucial role in the overall economy; changes in 
property prices, rents and mortgage interest rates may have a significant 

impact on aggregate demand, inflation and the overall financial cycles 
(European Central Bank, 2003). This connection between real estate and the 

overall economy makes this asset class an interesting one to analyze in a 
perspective of market risk. Real estate as an asset class differs from many 
other types of assets as it is often of high value and at the same time non-

liquid. That is, they cannot easily be converted to cash if needed. 

Life insurance companies and banks are typically exposed to the real estate 

market in several ways. For example through direct ownership of real estate, 
investment and issuing in/of mortgage bonds and holding of bank shares 
with credit exposure through loans to households with or without collateral. 

Both life insurers and banks have obligations toward their customers and 
while they would want to maximize the profits from owned assets this 

exposure creates a situation where under large market movements, the 
company would not be able to meet their obligations and thereby become 
insolvent.  

0

100

200

300

400

500

600

700

800

900

Y
ea

r

1
9

83

1
9

86

1
9

89

1
9

92

1
9

95

1
9

98

2
0

01

2
0

04

2
0

07

2
0

10

2
0

13

R
e

la
ti

ve
 p

ri
ce

 

Property Index 

Small houses for
permanent residence

Cottages

Apartment houses

Consumer prices



3 

 

 

1.4 Solvency II  

Solvency II is a European Union directive designed to harmonize the 

European insurance industry. The aim of the directive is to ensure the 
financial reliability of insurance undertakings and in particular, to ensure 

that they survive periods of difficulty. Solvency II introduces economic risk-
based capital requirements, which are more risk sensitive than the ones 
stipulated in the previous directive. (European Comission, 2007) 

Insurers as Skandia will under the Solvency II directive need to establish 
technical provisions to cover expected future claims from policyholders. 

The technical provisions should be equivalent to the amount the insurer 
would expect to pay in order to take over and meet the obligations to the 
policyholders. Insurers must have available resources to cover both a 

Minimum Capital Requirement (MCR) and a Solvency Capital Requirement 
(SCR). (European Comission, 2007) 

In Solvency II, a standard formula for calculating the Solvency Capital 
Requirements is proposed. The European Insurance and Occupational 
Pensions Authority (2014) present the standard formula and the underlying 

assumptions of the formula for calculating SCR and press on the fact that 
the standard formula should be used in union with the forward looking 

assessment of own risks (ORSA). The standard formula is constructed to 
capture the quantifiable risks that most undertakers are exposed to and 
might not cover all specifics. The ORSA is an internal process where the 

undertaker assesses the adequacy of its own risk assessment as well as 
analyzing its solvency under stressed scenarios. (EIOPA, 2014) 

1.5 Purpose and objective 

The purpose of this paper is to increase Skandia’s understanding of the risk 
surrounding their exposures toward the real estate market. 

The main objective is to conduct an analysis of the risks surrounding the 

real estate market from Skandia’s viewpoint quantitative using external 
factors. This by developing create a model that captures the dynamics 

between different factors that are connected to Skandia’s real estate 
exposure that has the capability of creating a sample space to evaluate 
potential losses in the event of financial distress. The ultimate goal is for the 

model to be usable in Skandia’s ORSA process. 

1.6 The proposed method 

Due to the lack of adequate data regarding Swedish real estate returns, this 

paper will investigate an artificial neural network model for estimating the 
general movements of the property markets and related asset. The 

quantitative focus will lie on the neural network models since the prior 
assumption is that the real estate market exhibits complex inner system 
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dynamics as there exist no fundamental theory on the exact inner workings. 

The artificial neural network can be seen as an estimate of a dynamic model 
without the need of assumptions of the inner workings of the system and has 

been used by Guresen (2011), Reid (2014), and more in financial time series 
modeling. 

1.7 Delimitations 

This paper will treat the Swedish property market as isolated, i.e. in this step 
of the modeling process we will not assume any dependencies towards 
foreign countries. Also, the property market will be treated as one region. In 

reality, local regional markets are emerging and large differences can be 
observed between geographical regions. 

The models in this paper will also not be designed to be directly calibrated 
towards Skandia’s holdings. They will instead be general models, which 
after further development could be used in a more specific quantification 

process.  
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2. Theory 

This section contains an introduction to real estate markets and the factors 

driving them. It also contains a brief description of the Swedish property 
crisis and the theory behind the implemented models. 

2.1 Real estate markets 

Real estate markets go through cycles of demand and supply that follow 
local economic and employment cycles. As one of the major factors of 

production; land, labor and capital, the demand for real estate is an 
important part of economic growth. The supply of real estate over time has 
historically been uneven and at times of growth there has been too little 

space available and when the production of new space has geared up, the 
demand has subsequently slowed. This lag between demand growth and 

supply response is a major cause of volatility in real estate cycles, after the 
effect of economic cycles. (Mueller, 2007) 

According to Emanuelsson (2015), heavy price falls on various types of 

properties have historically been associated to major disruptions in financial 
markets and the all over state of the economy. He states that the financial 

disruptions many times have been preceded by long periods of rising 
property valuations and an increased indebtedness of households. A recent 
example of the property markets impact on the real side of the economy is 

the rapid rise and subsequent collapse of the US real estate market 2007-
2009. The housing bubble is generally considered as one of the major 
determinants of the credit crisis (Holt, 2009). 

2.1.1 The Swedish real estate market 

In the early 1990s, the Swedish real estate market went through a deep 
crisis, characterized by a fast drop in real prices and production, high 
vacancy-ratios, non-performing loans and economic problems for banks and 

credit-institutions. Virtually all types of real estate classes were affected, 
from commercial real estate to private housing, but the most dramatic price 

drops could be seen in commercial real estate in downtown areas. 
Homeowners, real estate companies and investors in commercial real estate 
were greatly affected as prices dropped and vacancy-ratios rose. Swedish 

banks need government guarantees and in some cases financial support to 
cope with the credit losses that arose. These credit losses had effects on the 

entire economy and reduced the total demand, reinforcing the already strong 
recession (Jaffe, 1994). 
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Jaffe (1994) lists five major factors that he identified as the main drivers of 

the crisis: 

 Income growth 

 Real interest rates 

 Financial deregulation 

 Tax rates applicable for mortgage interest rate deduction 

 Housing subsidies 

After the crisis, real estate prices have been rising sharply and Swedish 
households have become more indebted in relation to their incomes as made 

clear by Winstrand & Ölcer (2014). The Swedish real estate market did not 
fall to the same extent as in many other countries during the financial crisis 

in 2008-2009 and continued to rise in the recent years. Emanuelsson (2015) 
propose that a possible explanation for this is that the supply of new housing 
has been low in relation to demand and that construction of real estate has 

been low ever since the crisis. In figure 3, the number of housing units 
completed and net population changes can be viewed. From this we can see 

that after the crisis in the early 1990, construction activity has been low 
compared to the previous periods. One should remember that the period 
prior to the crisis was characterized by heavy housing subsidies and should 

not be viewed as an equilibrium state. 

 

Figure 3. Housing construction and population changes in Sweden. (Emanuelsson, 2015) 
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2.1.2 Real estate demand 

According to Case (1990), there is evidence that economic variables and 
economic conditions, such as demographic variables, income, employment, 

tax rates, construction costs and other regulatory variables are associated 
with the development of property prices. He concludes that real estate 
markets in general are ineffective and thereby should thereofore be 

predictable. As property markets, as most other markets, are driven by 
supply and demand, it is of great interest to analyze what previous 

researchers conclude as the drivers of these two. Mourouzi-Sivitanidou 
(2011) lists four categories of exogenous drivers of the demand-side of real 
estate markets as being: 

 Market size 

 Income/wealth 

 Price of substitutes 

 Consumer/firm expectations 

Factors included in Market size are population, employment, and output. 
The relevant factor depends on the type of property of consideration; 

weather its private housing, retail or industrial. For housing and retail, the 
most relevant factor is the number of households on the market. In office 

space, employment is more explanatory and in industrial property demand, 
the most relevant drivers are total output, warehouse distribution as well as 
employment. The size of the market affects the demand in that at the same 

price level with an increased market size, a higher quantity of real estate, in 
terms of numbers would be demanded. (Mourouzi-Sivitanidou, 2011) 

Income/wealth affects the demand for retail and residential real estate in the 
sense that, if keeping prices constant, as income increases more households 
can afford to buy housing and at the same time, a greater amount of capital 

is available for consumption. Increases in real income or wealth should 
therefore be associated with an increase in the total demand of real estate. 

Income movements may also indirectly affect office and industrial space 
demand in the way that when income or wealth increases, the demand for 
office services may increase to the point that firms may need to hire more 

employees and expand their office space usage to meet the demand. 
Increased consumption of goods might also lead to retailers and wholesalers 

increasing their distribution and storage space and thereby creating a 
demand. (Mourouzi-Sivitanidou, 2011) 

Price of substitutes affects the demand in the way that, for a given dwelling, 

an increase in rents is likely to increase the demand for housing as renting 
gets less favorable in contrast to owning. As for the office space market, an 

increase in rents in a specific class of office space might force some firms to 
shift to lower class accommodations where rents are more affordable, 
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increasing the demand in that specific market class. (Mourouzi-Sivitanidou, 

2011) 

Consumer or firm expectations are also factors that might create shift in real 

estate demand for different types of real estate. Expectations of higher 
future valuations and/or rents may result in an increase of the total demand 
as investors are expecting to make future profits. Expectations of firm 

growth may have an effect as if firms grow rapidly or expect to grow 
rapidly in the future, they might require or perceive that they require more 

space in anticipation of the expansion. (Mourouzi-Sivitanidou, 2011) 

According to Lind (2008), interest rates and bank lending affect the demand 
of real estate in the way that the cost of acquiring a property decreases. We 

can therefor expect that property valuations are negatively associated with 
interest rate and the availability of capital.  

2.1.3 Real estate supply 

According to Mourouzi-Sivitanidou (2011),  new construction of real estate 

is the most important concept when analyzing the supply side. Jaffe (1994) 
states that new construction of real estate is determined by the profit 

incentive for realty evelopers which is provided by the ratio of the asset 
price of currently existing properies to the cost of new construction.  

2.2 Financial institutions and their exposure to the property market 

In the case of a fall in property prices for a bank or a life insurer, this will 
lead to a negative outcome on the asset side of the balance sheet; this drop 
in asset valuation could lead to a need to rebalance and sell risk-bearing 

assets as to meet the capital requirement. 

Gaspar (2015) identifies four types of indirect real risks that banks are 
exposed to other than the direct risk of owning real estate. These being: 

 Credit risk – the risk of reduced creditworthiness of borrowers as a 
response to property market movements. 

 Collateral risk – the risk that the underlying value of collateral in 
issued loans are reduced,  

 Profitability risk - the profitability of investments surrounding the 
real estate market decreases as a result of market variations 

 Price risk - the risk of real estate market having a negative spillover 
effects on other market trends and prices. 
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2.3 Covered bonds 

The market for covered bonds in Sweden is large and one of the most 

important financing sources for banks and mortgage institutions. It has a 
crucial importance for the Swedish economic system as a whole. Swedish 

financial institutions has a long tradition of financing lending through 
mortgage institutes, which since the early 1900’s have issued mortgage 
bonds. (Sandström et. al, 2013) 

Covered bonds work in large as ordinary bonds as they have fixed maturity 
dates, coupon rates and principal values but they also exhibit some unique 

characteristics that make them a significantly different asset from ordinary 
mortgage bonds. 

2.3.1 Key characteristics 

The key characteristics of covered bonds are according to Sandström et. al 
(2013): 

 Covered bonds are regulated by legislation, both at EU level by the 
UCITS and CRDI IV directives and also by individual laws that is 

set up by the countries where the issuers are active. 

 The holder of a covered bond has a claim on both the issuer and on 

the underlying cover pool. This means that the holder has a priority 
on the securitized assets if the issuer should default. The legislations 
that are set up regulate what assets that may be included in the cover 

pool. 

 The underlying cover pool is not fixed but dynamic and can be 

altered during the holding time if it contains assets that do not 
measure to the standards. Assets can be removed and added to the 

cover pool to meet the legislated standards.  

 The assets in the cover pool and their credit risk remains on the 

issuer’s balance sheet and the credit risk is thus directly transferred 
to the holder. This means that the credit quality of the securitized 
assets affect the issuer and strengthens the incentive to make a good 

credit risk assessment. 

2.3.2 Covered Bonds, bank financing and risk 

The time to maturity of Swedish covered bonds are shorter than that of the 
mortgages that are included in the security mass, this means that the banking 

institutions must renew their financing of the mortgages multiple times 
during the mortgages life time. This effectively creates a situation of 
liquidity risk if the bank does not manage to renew the mortgage financing. 

(Sandström et. al, 2013)  

Swedish banks and insurers own almost 50% of the outstanding covered 

bonds on the market. This means that their capital buffers consist of both 
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covered bonds that they themselves have issued and bonds issued by other 

banks and institutions. If looked at as a whole system, covered bonds is an 
instable financing source, as even if a mortgage is transferred between 

banks it will still need to be financed. If there would occur a crisis of 
confidence for the Swedish banking system, multiple banks would be in 
need of liquidity at the same time and if they were to sell their bonds at the 

same time they would effectively obstruct their ability to finance through 
bonds. (Sandström et. al, 2013) 

The Swedish Riksbank (2011) has made an analysis of how credit ratings of 
covered bonds would be affected in the event of a rapid decline in real estate 
prices. The conclusion was that the credit ratings of covered bonds in 

Sweden would not be significantly affected by a shock to real estate prices 
by the fact that the issuers of covered bonds can alter the underlying security 

mass to adequately match the matching regulations. However, if the loan-to-
value ratios on the underlying mortgages increase it will be harder to match 
the securities if real estate prices fall, which could create a situation where 

the cost of capital increases, and financing becomes harder. A fall, or even 
just the anticipation of a fall, can also have an effect in the sense that 

investor confidence in covered bonds is decreased, broadening spreads and 
lowering liquidity thus increasing the cost of financing. 

2.4 Financial forecasting 

When forecasting macroeconomic and financial time series, one must take 
into account the characteristic features of them in order to make correct 
assumptions in the process of modeling them. The aim of time series 

prediction is to forecast the next value in a series from given data set. 

Financial time series exhibit certain characteristics such often being noisy. 

According to Kondratenko and Kupering (2003) the noise is due to both the 
many unobservable underlying variables in the collected data and the 
methods of obtaining them. They also state that the time series are generally 

non-stationary as both the noise and the methods used in collecting them are 
evolved. According to Montavon (2012), even if traditional macroeconomic 

time series models are linear there is research suggesting that nonlinear 
models in some cases improve modeling performance.  

2.5 Artificial neural networks 

One way to handle the problem of noise, non-stationarity and non-linearity 
and as in this case, replication of a complex system such as property 
markets, is the use of artificial neural networks for forecasting the relevant 

time series. In financial time series modeling, many methods used are based 
on analyzing the time series themselves without taking into account external 

factors (O'Connor, 2006). The underlying assumptions such as distribution 
of returns and the inner workings of the system affecting the series can 
many times skew the results in the trial of attempting the modeling. 
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Artificial neural networks are often used in time series modeling when there 

exists no theoretical model due to the fact that they under the right 
circumstances can create their own internal model. 

Artificial neural networks (ANN’s) are type of models that are inspired by 
the neural networks that are found in biological brains (Kriesel, 2007). 
ANN’s are used to estimate functions that depend on a number of inputs 

similar to linear regression models but do not rely on the assumption that the 
dependencies between the exhibit any certain structure (Adhikari, 2013). 

There are many variants of networks and they have a variety of uses such as 
speech and image recognition (Lippman, 1987). All types of ANN’s behave 
under the same principle and are made of four main components 
(Shanmuganathan, 2016):  

 A neuron or node that activates upon receiving incoming signals or 

inputs. 

 Weighted connections between neurons. 

 An activation function inside each neuron that transforms input 
signals to output. 

 A function for managing the weights of connections between 
neurons.  

Neurons in an ANN can are computational units or functions as they receive 
inputs and process them to obtain an output. Depending on the setup of the 
network, the neurons can perform simple computations such as summing all 

the inputs or more complex computations where each neuron in itself 
contains a new network. (Gershenson, 2003) Interactions between neuron, 

even if every neuron operate under simple premises, lead to a global 
behavior of the network which is said to be emergent. This emergent 
behavior means that the abilities of the network exceed the abilities of the 

elements themselves.  
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Figure 4. A representation of a feed forward ANN. (Futurehumanevolution.com, 2016) 

In figure 4, a simple feed forward ANN is displayed with three input 
neurons, one hidden layer with four neurons, two output neurons and 

weighted links connecting them are displayed. As each neuron in the 
network can be viewed as a function, we can notate the neural function as 

𝑦 = 𝑓(𝑦1, 𝑦2 , … 𝑦𝑛;𝑤1. 𝑤2 , … , 𝑤𝑝), (1) 

as done by Kriesel (2007) and Inwin & Wilamowski (2011). Where 𝑦𝑖 are 
the inputs and 𝑤𝑗 are the weights of the respective inputs to the neuron. The 

weights are assigned to the inputs of the neurons. The output of the neuron 
is a nonlinear combination of the inputs 𝑦𝑖 weighted by 𝑤𝑗. Subsequently, 

the output node of neuron j with 𝑛𝑖 inputs can be notated as  

𝑦𝑗 = 𝑓𝑗(𝑛𝑒𝑡𝑗). (2) 

Where 𝑓𝑗 is the activation function of neuron 𝑗 and net value 𝑛𝑒𝑡𝑗 is the sum 

of weighted input nodes of neuron 𝑗, defined as 

𝑛𝑒𝑡𝑗 = 𝑤𝑗,0 + ∑ 𝑤𝑗,𝑖𝑥𝑗,𝑖
𝑛𝑖
𝑖=0 . (3) 

Where 𝑤𝑗,0 is the bias weight, or constant, of  neuron 𝑗. 

The function 𝑓𝑗, the activation function of a neuron should return values 

between 0 and 1. The reason for this being that each neuron should 
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represent hidden factors in the model that are more or less activated 

depending on their weighted inputs. The most commonly used activation 
function is the sigmoid function (Levine, 1993) because of it having the 

domain [0,1] and it being differentiable. The function being differentiable is 
crucial in the optimization process where the gradient of the network with 

respect to the weights will be used. The function 𝑓 in this case will be the 

sigmoid function, such that: 

𝑓𝑗(𝑛𝑒𝑡𝑗) = 𝜎(𝑛𝑒𝑡𝑗) =
1

1 + 𝑒−𝑛𝑒𝑡𝑗
. (4) 

A representation of a neuron in a network can be seen in figure 5. Variables 
𝑦𝑗,𝑖 can either represent network inputs or outputs of other neurons and 

𝐹𝑚,𝑗(𝑦𝑗) is the representation of an output neuron.  

 

Figure 5. Representation of a neuron j with inputs and outputs. (Inwin, 2011) 

The output neuron 𝐹𝑚(𝑦𝑗) works similarly to the hidden layer neuron 𝑓𝑗 as it 

receives weighted input and transforms it onto target values. The difference 
lies in the neural function as the hidden layer function is of sigmoidal type 

and the output neural function is linear. This means that it does not 
transform the input values onto any domain but freely can adapt to the target 
values 𝑜𝑚. In practice, the output layer is a linear regression of hidden layer 

output onto the target values which we can notate as 

𝐹𝑚(𝑦𝑗) =∑𝑤𝑗𝑦𝑖

𝑗

𝑖=1

. (5) 

Where the regression coefficients are represented as weights 𝑤𝑖. 
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The ANN can be viewed as a more complex variant of a regression model 

where we instead of finding regression coefficients, look to optimize the 
weights of neuron inputs 𝑤𝑖, so that the network output best fits the target 

data. By doing this, each neuron will essentially act as internal factors of the 
model as they are functions of weighted external inputs. 

2.5.1 Recurrent neural Network 

Recurrent neural networks are a type of artificial neural networks that 

creates an internal state of the network through feedback-cycles and is more 
suitable than ordinary feed forward artificial neural networks when new 

information in a time series depend on previous states. (Giles, 2001) The 
signals that are passing through the feedback-cycles effectively serve as an 
internal memory for the network and are therefore more suitable for 

modeling dynamic systems (Dreyfus, 2004). In figure 6, a representation of 
the feedback cycles of nodes in a recurrent neural network can be seen.  

 

Figure 6. A representation of a recurrent neural network. (wikibooks.org, 2016) 

The feedback cycles create an internal memory of previous states for each 
node and are fed back along with new states from the input nodes. The 
feedback cycles are in similarity to the node inputs also weighted. 
Mathematically we can represent each state in the network as  

 ℎ𝑡 = 𝑓(𝑊𝑥𝑡 +𝑈ℎ𝑡−1) (6) 

Were ℎ𝑡 is the hidden state at time 𝑡, similar to the feed forward neural 
network, it is a function of the input at the same time step 𝑥𝑡 modified by 

weight matrix 𝑊. In addition, it also has weight matrix 𝑈, a transition 

matrix between states, that depends on the previous state ℎ𝑡−1 . The weight 

matrix 𝑈 determine how much importance previous states have on the 
current state. By the fact that this feedback loop occurs at each time step, 
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each hidden state will contain information on not only the preceding state 

but also all previous states. (Deeplearning4J, 2016) 

2.6 Levenberg-Marquardt 

To optimize the ANN, many solutions exist but one of the most used is the 

Levenberg-Marquardt algorithm. The goal of the optimization procedure is 
to find the weights 𝑤, i.e. the weights between nodes, that produces network 

outputs that best fits the target data. The algorithm is a blend between the 
steepest decent method and the Gauss-Newton algorithm and thereby 

inherits advantages from both.  

To evaluate how well the network performs during the training process, the 

sum square error SSE is used. The sum square error is defined as 

 𝐸(𝑥,𝑤) =
1

2
∑ 𝑒𝑚

2𝑀
𝑚=1 . 

(7) 

Where m is the index of outputs from 1 to 𝑀, M is in this case defined as 

the length of the training set. The variable 𝑒𝑚 is the error output, defined as 

𝑒𝑚 = 𝑑𝑚 − 𝑜𝑚, (8) 

where 𝑑 is the obtained output vector of the network and 𝑜 is the target 

output vector form the calibration data.  

Following are the steps as to deriving and understanding the Levenberg-

Marquardt algorithm; the steps being based on the original works of Inwin 
& Wilamowski (2011). 

2.6.1 Steepest descent algorithm 

The steepest descent algorithm uses the gradient of the total error function 
to find the minimum of the error space. The gradient being defined as 

𝑔 =
𝜕𝐸(𝑥,𝑤)

𝜕𝑤
= [

𝜕𝐸

𝜕𝑤1
,
𝜕𝐸

𝜕𝑤2
… 

𝜕𝐸

𝜕𝑤𝑁
]
𝑇

. 
(9) 

Where N is the total number of weights. With the help of Equation 8, the 
weight update rule for the network weights with the steepest descent 

algorithm is 
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𝑤𝑘+1 = 𝑤𝑘 −𝛼𝑔𝑘 . (10) 

Where 𝛼 is the arbitrarily defined step size and 𝑘 is the index of iterations of 

the training algorithm. 

The steepest descent algorithm converges around the solution and as the 

algorithm gets closer to the solution, the gradient vector will be closer to 
zero and thereby the weight updates will be small. 

2.6.2 Newton’s method 

In Newton’s method, the gradient components 𝑔1, 𝑔2, … , 𝑔𝑁  are assumed to 

be functions of the weights. All weight are assumed to be linearly 
independent such that we obtain the equation system 

{

𝑔1 = 𝐹1(𝑤1,𝑤2 , … , 𝑤𝑁)

𝑔2 =  𝐹2 (𝑤1,𝑤2 , … ,𝑤𝑁)…
𝑔𝑁 =  𝐹𝑁 (𝑤1, 𝑤2, … , 𝑤𝑁)

. 

(11) 

Where 𝐹1 ,𝐹2 , … , 𝐹𝑁  are non-linear relationships between weights and 

related gradient components. Describing each 𝑔𝑖  (𝑖 = 1…𝑁) by Taylor 

series expansion and taking the first-order approximation gives us 

{
  
 

  
 𝑔1 ≈ 𝑔1,0 +

𝜕𝑔1
𝜕𝑤1

∆𝑤1 +
𝜕𝑔1
𝜕𝑤2

∆𝑤2 +⋯+
𝜕𝑔1
𝜕𝑤𝑁

∆𝑤𝑁

𝑔2 ≈ 𝑔2,0 +
𝜕𝑔2
𝜕𝑤1

∆𝑤1 +
𝜕𝑔2
𝜕𝑤2

∆𝑤2 +⋯+
𝜕𝑔2
𝜕𝑤𝑁

∆𝑤𝑁
…

𝑔𝑁 ≈ 𝑔𝑁,0 +
𝜕𝑔𝑁
𝜕𝑤1

∆𝑤1 +
𝜕𝑔𝑁
𝜕𝑤2

∆𝑤2 +⋯+
𝜕𝑔𝑁
𝜕𝑤𝑁

∆𝑤𝑁

. 

(12) 

Where 𝑔𝑖,0 is the gradient with respect to weight 𝑖 at the initialized point. By 

using the definition of the gradient vector in Equation 8 we can see that 

𝜕𝑔𝑖

𝜕𝑤𝑗
=

𝜕(
𝜕𝐸

𝜕𝑤𝑗
)

𝜕𝑤𝑗
=

𝜕2𝐸

𝜕𝑤𝑖𝜕𝑤𝑗
 (𝑗 = 1…𝑁) . 

(13) 

By inserting Equation 12 into Equation 11 we obtain the system 
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{
 
 
 

 
 
 𝑔1 ≈ 𝑔1,0 +

𝜕2𝐸

𝜕𝑤1
2
∆𝑤1 +

𝜕2𝐸

𝜕𝑤1𝜕𝑤2
∆𝑤2 + ⋯+

𝜕𝑔1
𝜕𝑤1𝜕𝑤𝑁

∆𝑤𝑁

𝑔2 ≈ 𝑔2,0 +
𝜕2𝐸

𝜕𝑤1𝜕𝑤2
∆𝑤1 +

𝜕2𝐸

𝜕𝑤2
2
∆𝑤2 +⋯+

𝜕𝑔1
𝜕𝑤1𝜕𝑤𝑁

∆𝑤𝑁
…

𝑔𝑁 ≈ 𝑔𝑁,0 +
𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤1
∆𝑤1 +

𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤2
2
∆𝑤2 +⋯+

𝜕𝑔1
𝜕𝑤𝑁

2
∆𝑤𝑁

 

(14) 

In this case, the second-order derivatives of the total error function needs to 
be calculated for each component of the gradient vector. In order to get the 
minima of the total error function 𝐸, each element of the gradient vector 

should be zero. Setting the left-hand side of Equation 13 to zero gives us: 

{
 
 
 

 
 
 0 ≈ 𝑔1,0 +

𝜕2𝐸

𝜕𝑤1
2
∆𝑤1 +

𝜕2𝐸

𝜕𝑤1𝜕𝑤2
∆𝑤2 + ⋯+

𝜕𝑔1
𝜕𝑤1𝜕𝑤𝑁

∆𝑤𝑁

0 ≈ 𝑔2,0 +
𝜕2𝐸

𝜕𝑤1𝜕𝑤2
∆𝑤1 +

𝜕2𝐸

𝜕𝑤2
2
∆𝑤2 +⋯+

𝜕𝑔1
𝜕𝑤1𝜕𝑤𝑁

∆𝑤𝑁
…

0 ≈ 𝑔𝑁,0 +
𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤1
∆𝑤1 +

𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤2
2
∆𝑤2 +⋯+

𝜕𝑔1
𝜕𝑤𝑁

2
∆𝑤𝑁

 

(15) 

And by combining equation 14 with equation 8, the gradient definition in 
the steepest descent method, we obtain 

{
 
 
 

 
 
 −

𝜕𝐸

𝜕𝑤1
= −𝑔1,0 ≈

𝜕2𝐸

𝜕𝑤1
2
∆𝑤1 +

𝜕2𝐸

𝜕𝑤1𝜕𝑤2
∆𝑤2 +⋯+

𝜕𝑔1
𝜕𝑤1𝜕𝑤𝑁

∆𝑤𝑁

−
𝜕𝐸

𝜕𝑤2
= −𝑔2,0 ≈

𝜕2𝐸

𝜕𝑤1𝜕𝑤2
∆𝑤1 +

𝜕2𝐸

𝜕𝑤2
2
∆𝑤2 + ⋯+

𝜕𝑔1
𝜕𝑤1𝜕𝑤𝑁

∆𝑤𝑁
…

−
𝜕𝐸

𝜕𝑤𝑁
= −𝑔𝑁,0 ≈

𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤1
∆𝑤1 +

𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤2
2
∆𝑤2 +⋯+

𝜕𝑔1
𝜕𝑤𝑁

2
∆𝑤𝑁

 

(16) 

In this equation system, there are 𝑁 equations for 𝑁 parameters; therefore 

all weight changes ∆𝑤𝑖 can be calculated. With the solution to the system, 
the weight space can be updated at each iteration. Equation 15 represented 

in matrix form as 
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[

−𝑔1
−𝑔2
…
−𝑔𝑛

] =

[
 
 
 
 
 
 −

𝜕𝐸

𝜕𝑤1

−
𝜕𝐸

𝜕𝑤2…

−
𝜕𝐸

𝜕𝑤𝑁 ]
 
 
 
 
 
 

=

[
 
 
 
 
 
 
 
𝜕2𝐸

𝜕𝑤1
2
  

𝜕2𝐸

𝜕𝑤1𝜕𝑤2
 …  

𝜕2𝐸

𝜕𝑤1𝜕𝑤𝑁
𝜕2𝐸

𝜕𝑤2𝜕𝑤1
  
𝜕2𝐸

𝜕𝑤2
2
   …    

𝜕2𝐸

𝜕𝑤2𝜕𝑤𝑁…          …     …         …
𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤1
  

𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤2
   …   

𝜕2𝐸

𝜕𝑤𝑁
2]
 
 
 
 
 
 
 

× [

∆𝑤1
∆𝑤2
…
∆𝑤𝑁

] 

(17) 

where the square matrix is the Hessian matrix as follows 

𝐻 =

[
 
 
 
 
 
 
 
𝜕2𝐸

𝜕𝑤1
2
  

𝜕2𝐸

𝜕𝑤1𝜕𝑤2
 …   

𝜕2𝐸

𝜕𝑤1𝜕𝑤𝑁
𝜕2𝐸

𝜕𝑤2𝜕𝑤1
  
𝜕2𝐸

𝜕𝑤2
2
   …   

𝜕2𝐸

𝜕𝑤2𝜕𝑤𝑁…          …      …         …
𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤1
  

𝜕2𝐸

𝜕𝑤𝑁𝜕𝑤2
   …    

𝜕2𝐸

𝜕𝑤𝑁
2]
 
 
 
 
 
 
 

 

(18) 

And by combining Equation 16 and 17 with Equation 8 we obtain 

−𝑔 = 𝐻∆𝑤. (19) 

As we have a new definition of the gradient, we can rewrite the change of 

weights as 

∆𝑤 = −𝐻−1𝑔. (20) 

Where the inverted Hessian matrix properly evaluates the step size at each 
iteration as opposed to the constant 𝛼, which is set arbitrarily. We can 

therefore write the weight-update rule for Newton’s algorithm as 

𝑤𝑘+1 = 𝑤𝑘 − 𝐻𝑘
−1𝑔𝑘 . (21) 

2.6.3 Gauss-Newton algorithm 

If Newton’s method were to be applied for weight updating, we would need 
to obtain the Hessian matrix and thus calculate all second order derivatives, 
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which will be very time consuming, as 𝑤 is large. As a simplification, the 

Jacobian matrix 𝐽 is introduced which is based on the first order derivatives:  

𝐽 =

[
 
 
 
 
 
 
 
𝜕𝑒1
𝜕𝑤1

𝜕𝑒1
𝜕𝑤2

…
𝜕𝑒1
𝜕𝑤𝑁

𝜕𝑒2
𝜕𝑤1

𝜕𝑒2
𝜕𝑤2

…
𝜕𝑒2
𝜕𝑤𝑁…  …     …   …

𝜕𝑒𝑀
𝜕𝑤1

𝜕𝑒𝑀
𝜕𝑤2

…
𝜕𝑒𝑀
𝜕𝑤𝑁 ]

 
 
 
 
 
 
 

 

(22) 

 

By integrating the SSE definition in Equation 6 and Equation 8, the gradient 

vector can be calculated as 

𝑔𝑖 =
𝜕𝐸

𝜕𝑤𝑖
=
𝜕 (
1
2
∑ 𝑒𝑚

2𝑀
𝑚=1 )

𝜕𝑤𝑖
= ∑ (

𝜕𝑒𝑚
𝜕𝑤𝑖

𝑒𝑚)

𝑀

𝑚=1

 
(23) 

Combining Equation 21 with Equation 22, the relationship between the 
gradient vector and the Jacobian matrix is 

𝑔 = 𝐽𝑒, (24) 

where the error 𝑒 has the form  

𝑒 = [

𝑒1
𝑒2
…
𝑒𝑀

]. 

(25) 

Inserting Equation 6 into Equation 17, one can see that ℎ𝑖,𝑗, the element at 

the 𝑖th row and 𝑗th column, of Hessian matrix can be calculated as  

ℎ𝑖,𝑗 =
𝜕2𝐸

𝜕𝑤𝑖𝜕𝑤𝑗
=
𝜕2 (

1
2
∑ 𝑒𝑚

2𝑀
𝑚=1 )

𝜕𝑤𝑖𝜕𝑤𝑗
 

(26) 
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= ∑
𝜕𝑒𝑚
𝜕𝑤𝑖

·
𝜕𝑒𝑚
𝜕𝑤𝑗

+ 𝑆𝑖,𝑗  

𝑀

𝑚=1

 

Where 𝑆𝑖,𝑗  is 

𝑆𝑖,𝑗 = ∑
𝜕2𝑒𝑚
𝜕𝑤𝑖𝜕𝑤𝑗

𝑒𝑚

𝑀

𝑚=1

 
(27) 

In Newton’s method, the assumption is that 𝑆𝑖,𝑗  is close to zero. This means 

that, under the assumption, the relationship between the Hessian matrix H 

and the Jacobian matrix J can be approximated by 

𝐻 ≈ 𝐽𝑡𝐽 (28) 

By combining Equation 20, 23 and 27 we obtain the update rule for Gauss-
Newton: 

𝑤𝑘+1 = 𝑤𝑘 − (𝐽𝑘
𝑇𝐽𝑘)

−1𝐽𝑘𝑒𝑘 (29) 

The advantage of Gauss-Newton over Newton’s method is that with Gauss-

Newton, the second order derivatives do not have to be calculated. 
However, the matrix 𝐽𝑇𝐽 may be non-invertible thus leading to a complex 

error space. 

2.6.4 Levenberg-Marquardt algorithm 

To solve this problem of non-invertabilty the Levenberg-Marquardt 

algorithm introduces an approximation of 𝐽𝑇𝐽: 

𝐻 ≈ 𝐽𝑇𝐽 + 𝜇𝐼 (30) 

Where 𝜇 is always positive coefficient called the combination coefficient 

and 𝐼 is the identity matrix. As the elements of the main diagonal will be 

larger than zero, the approximated Hessian matrix will always be invertible. 

By combining Equations 28 and 29 we obtain the weight-update rule for 

Levenberg-Marquardt: 
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𝑤𝑘+1 = 𝑤𝑘 − (𝐽𝑘
𝑇𝐽𝑘 +𝜇𝐼)

−1𝐽𝑘𝑒𝑘 (31) 

In conclusion, the Levenberg-Marquardt algorithm is a combination 

between the steepest descent and the Gauss-Newton algorithm and switches 
between the two during the training process. When the combination 
coefficient 𝜇 is near zero, the algorithm is approaching the Gauss-Newton 

algorithm and when it is large, the method approximates the steepest 

descent method. The combination coefficient 𝜇 is initialized to be large, if 
iteration results in a worse approximation 𝜇 is increased and when it 

improves 𝜇 is decreased to better accelerate to a local minima.  

2.7 Vector autoregressive methods 

As a contrast to the non-linear modeling technique of artificial neural 
networks, vector autoregressive (𝑉𝐴𝑅) methods are used to capture linear 

interdepencies between multiple time series. It has been extensively studied 

and is widely used to for simulating financial time series. (Zivot, 2006) 

2.7.1 VAR(p) 

A 𝑉𝐴𝑅(𝑝) model, where 𝑝 is the defined lag-length, is defined as  

𝑦𝑡 = 𝑎 +∑𝐴𝑖𝑦𝑡−1 + 𝜖𝑡

𝑝

𝑖=1 

. 
(32) 

Where 𝑦𝑡is the vector of response time series at time 𝑡, 𝑎 is a constant 

vector of offsets, 𝐴𝑖 are autoregressive matrices containing regressive 
coefficients to both time variables themselves and dependency coefficients 

to the other variables. In the model, there also exists variable 𝜖𝑡, which is a 
vector of serially uncorrelated innovations, 𝜖𝑡 are multivariate normal 

random vectors with covariance matrix 𝑄. (MathWorks, 2016) 

The lag-length of the 𝑉𝐴𝑅(𝑝) model determines how many time steps of 

previous observations that the model will take into account when simulating 
new observations. 

2.7.2 VARX(p,r) 

The difference between the standard 𝑉𝐴𝑅(𝑝) model and the 𝑉𝐴𝑅𝑋(𝑝,𝑟) 
model is the introduction of exogenous variables to the system. The 
𝑉𝐴𝑅𝑋(𝑝, 𝑟) model is defined as 
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𝑦𝑡 = 𝑎+ 𝑋𝑡 · 𝑏 +∑𝐴𝑖𝑦𝑡−1 + 𝜖𝑡

𝑝

𝑖=1

 
(33) 

Where 𝑋𝑡 is a 𝑛 × 𝑟 matrix representing exogenous terms at each time 𝑡, 𝑟 

is the number of exogenous series. 𝑏 is a constant vector of regression 
ceofficients of size 𝑟. (MathWorks, 2016) 

2.7.3 Stability and invertibility 

A 𝑉𝐴𝑅(𝑝) model considered to be stable if  

det(𝐼𝑛 −𝐴1𝑧 − 𝐴2𝑧
2 − ⋯− 𝐴𝑝𝑧

𝑝) ≠ 0 𝑓𝑜𝑟 |𝑧| ≤ 1. (34) 

If the model is stable, it means that it will not diverge into infinity during 

the modeling. However, there is no well-defined notion of stability of 
invertibility for models with exogenous inputs such as 𝑉𝐴𝑅𝑋(𝑝, 𝑟) due to 

the fact that there is no control over the future exogenous inputs as these are 
not produced by the model itself. 

2.7.4 Lag length 

The optimal lag length can be determined using various methods. Two 

popular statistical criterions exist such as Akaike Information Criterion 
(𝐴𝐼𝐶) and the Bayesian Information Criterion (𝐵𝐼𝐶). 𝐴𝐼𝐶 is defined as 

𝐴𝐼𝐶 = −2𝐿𝐿𝑚 + 2𝑚 (35) 

Where 𝐿𝐿𝑚 is the maximized log-likelihhood function and 𝑚 is the number 
of model parameters. (Everitt, 2010) When determining the best structure 

using 𝐴𝐼𝐶, the model parameters 𝑚 are varied and we seek the number of 
parameters that returns the largest value. 
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3. Methodology 

This chapter describes the methodology of assessing the property related 

risks surrounding Skandia. This includes the operation and process to 
calibrate and test the artificial neural network including the choice of the 

explanatory variables and target variables. Several different models such as 
agent based, dynamical, and advanced variations of vector autoregression 
models have been evaluated before the neural network approach. However, 

due to them producing inaccurate results, requiring unobtainable data or 
being too time consuming to implement, and the recurrent neural network 

approach producing promising results initially, this method will be 
presented. The recurrent neural network model will be evaluated against a 
𝑉𝐴𝑅𝑋 model with based on the same inputs. 

3.1 Alternative approaches 

In this section, a short introduction to different approaches to the problem 

will be covered, including the motivation for them not being used in this 
context. 

3.1.1 Agent based modeling 

Agent based models are simulation models where the behavior of an 

enclosed system is replicated, with the aim of recreating phenomena’s and 
observe emerging behaviors and mechanics. The model consists of a 
collection of autonomous, decision making entities called agents. Each 

agent is set up to execute different set of actions based on preset rules 
depending of the environment that they operate in. In the application of real-

estate risk the model could consist of households, companies, brokers and 
banks. Where all the entities operate in an enclosed system where there exist 
properties, interest rates, demand etc. to try to replicate the behavior of the 

entire market. In the model, different scenarios could be tested and different 
parameters of the agents could be altered such as demand, risk tolerance and 

personal income.  

The main problem with the agent based modeling approach is that it 
requires a lot of assumptions to be made about the decision making 

processes and behaviors of the entities in the model. This makes the model 
rather difficult and time consuming to calibrate to real world data and prone 

to delivering inaccurate results if not performed carefully. 

3.1.2 System dynamics model 

A system dynamics model is a model of processes where the more broad 
mechanics of a system is replicated, as a contrast to the agent based 
approach. The model also consists of an enclosed system with nodes or 

factors affecting each other. As an example, the price of specific goods 
could be modeled with help of the demand and supply of the goods which in 
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turn both affects the profits and relative value of the goods. This system 

would be an enclosed loop where we could insert exogenous factors to the 
relative value and profits such as the price of substitutes and cost of 

production. The model requires knowledge of the mechanics and factors of 
a market, which in the case of real estate markets are really not accessible as 
there are many factors and many unknown processes affecting it. For the 

system dynamics model to be accurate enough it requires the model to be a 
complete replication of the real market which is not possible to achieve in a 

limited time. 

3.1.3 Alternative Autoregressive models 

There are numerous versions of autoregressive models that can be used in 
this application. However, they are often hard to evaluate and in this case, 

which will be made clear later in this thesis, there is not enough data points 
to calibrate the models to a satisfactory degree. The autoregressive models 
are also the most commonly used for applications like this and for 

comparative reasons one will also be used in this thesis. However, as this is 
meant to be an exploratory study, the focus will lie on recurrent neural 

networks. 

3.2 Towards the recurrent neural network model 

For making an analysis of the risks surrounding property prices and factors 

that are associated with them, the first step will be to create a model that 
captures how the factors of interest will react to changes in their economic 
environment. We can start by defining the main risk exposures of Skandia 

as seen in table 1. 

  



25 

 

 

Table 1. Identified risk factors for the Skandia Group 

Type Originating 

Direct investment   

Real estate owned Skandia Fastigheter 

Real estate leased Skandia Fastigheter 

Bonds   

Holding and issuing covered bonds 
with mortgage debt as security Skandiabanken/Skandia Liv 

Holding and issuing bonds 
connected to the property market Skandiabanken/Skandia Liv 

Loans   

Mortgage loans Skandiabanken 

Loans to the construction and real 
estate industry Skandiabanken 

Indirect investment   

Holding of stocks in banks Skandiabanken/Skandia Liv 

Holding of stocks in real estate 
companies Skandiabanken/Skandia Liv 

 

Direct investment 

The direct exposure of Skandia to the real estate market is identified as 

mainly being through Skandia Fastigheter. Skandia Fastigheter owns, 
develops and manages office, residential, shopping malls and public 

buildings. (Skandia Fastigheter, 2015) Negative price changes has 
historically brought rental rates down as the market adjusts for high vacancy 
ratios. The direct effect of a decrease in market valuations will both affect 

the balance sheet through decreased asset valuations but with falling rental 
rates and high vacancy ratios, as is what happened in the Swedish real estate 

crisis, the effect could spill over to the profits of Skandia Fastigheter.  

Bonds 

Covered bonds are used both for financing and as an investment 

opportunity. As covered bonds are clearly exposed to mortgage market 
through the cover pools; higher perceived risk on the mortgage market due 

to high loan-to-value ratios caused by either falling property prices or 
increased indebtedness can cause the spread to increase. This can lead to a 
situation where refinancing of mortgages becomes more difficult for the 

banking part of Skandia.  
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Loans 

Loans are issued both through mortgages and to other actors such as 
property developers. The immediate risk on the loans being that the 

borrower cannot fulfill its obligation and defaults. In the event of a steep 
downturn in property valuations if a mortgage defaults the borrower is 
forced to a compulsory sale and the creditor must realize a loss.  

Indirect investment 

Stocks in other banks and in real estate companies will react to their indirect 

and direct exposure to the real estate market. As the exposures of other 
banks and life insurers are more or less alike Skandia’s, we would expect 
the valuations of stocks react negatively to turmoil on property markets. 

3.2.1 Variables of interest 

The availability of high- frequent, long indices of real estate returns for the 
Swedish market is sparse. Either, the IPD Sweden Annual Property Index 
can be used with the downside of it only being annual and therefore might 

not be containing enough information with only 35 observations. The 
advantage of using this index however is that it extends to 1981 and thereby 

contains information on the Swedish real estate crisis in early 1990’s. The 
alternative to the IPD Sweden Annual Property Index is the Nasdaq OMX 
Valueguard-KTH Housing Index, which is a monthly index, which extends 

from 2005. This has over 130 observations, which is more suitable when 
dealing with artificial neural networks due to the fact that observations both 
for calibration and testing are needed. In this model, the Nasdaq OMX 

Valueguard-KTH Housing Index is used and to make the model and 
analysis consistent, all other data used in the model should therefore be on a 

monthly frequency. The Nasdaq OMX Valueguard-KTH Housing Index in 
the context of risk modeling is used to evaluate the risks of direct 
investment. 

Covered bonds, as explained earlier, are interesting since they have clear 
connection to both the real estate market and to financing in the banking 

system. In the model, the spread of Swedish covered bonds are used as an 
indicator of investor risk appetite and liquidity on the market. The spread of 
the bond is calculated as the difference between the yield of the bond and 

the corresponding Treasury bond yield with the same time to maturity. The 
Treasury bond yield that is used is the average yield of the bonds issued by 

the Swedish debt office with a maturity time of 2 and 5 years respectively. 
The covered bond yield used is the value of the HMSMYL35 Index 
published by Handelsbanken that is based the yield of covered bonds with 

maturity 3 and 5 years. 

For evaluating the valuations of bank stocks over time, a simple index is 

constructed that is the mean stock valuation of two of Sweden’s largest 
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banks Nordea and Swedbank. The index representing the market valuations 

of the major Swedish banks.  

As data on mortgage defaults are difficult to obtain and the internal data 

from Skandia Bank is not sufficient, a proxy for mortgage default frequency 
can be constructed using business bankruptcy and other variables. This 
method will not be explored here as it is internal information of Skandia but 

in the context of the model, the rate of bankruptcies in Sweden is used as a 
proxy for mortgage default. Data on bankruptcies has been gathered from 

Statistics Sweden.  

3.2.2 Exogenous factors 

From theory, we learn that real estate markets are generally driven by the 
size of the market, income and wealth, the prices of substitutes, expectations 

and the availability and cost of capital. However, the consensus of Swedish 
real estate market today is that it for the latest years mainly has been driven 
by economic conditions such as low interest rates and a shortage of housing 

as stated in a recent analysis made by Wallström (2016). In the context of 
the model we will try to capture overall economic conditions and 

demographic variables to try to explain all the four asset movements that we 
are interested in. The availability of data has influenced the choosing of 
explanatory variables for the model, as many of the variables that we would 

want to incorporate into the model are not available in monthly frequencies 
and some are not available at all. Also, a partial goal of the model 
development has been that the model should be implementable with 

Skandia’s internal Economic Scenario Generator. The exogenous factors in 
this step of the modeling process are chosen as: 

 3-month mortgage interest rate 

 Indicated inflation rate 

 2 year treasury bond yield 

 10 year treasury bond yield 

 OMX Stockholm 30 index 

 Unemployment rate 

 Average rate on 3 month T-bills 

 Real income 

 12 month consumer expectations 

 [Sources: SCB,NIER, Bloomberg] 

Where real income is the deflated median income and the 12 month 
consumer expectations is the households view of their economy 12 months 

ahead. The variables are sampled over the time period 2005-01-01 to 2015-
12-31 in order to fit the available response data.  
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3.2.3 Data processing 

In order to make the explanatory variables suitable for the recurrent neural 
network model, some reprocessing and rescaling is needed. The activation 

functions of nodes in the network will act as factors for driving the 
dependent time series, themselves driven by explanatory variables. The 
optimization in neural networks is crucial, especially when using gradient-

based methods as Levenberg-Marquardt where there always is a risk of 
finding local optimums. In order to create the best possible for the network 

to converge, the variables need to be of the same scale. If the external inputs 
of the network are not of the same scale, the rescaling will occur in the 
optimization process, which makes it less effective and increases the risk of 

incoherent results. 

For rescaling the variables containing any type of yield or interest rate we 

transform the variables into log-returns accordingly: 

𝑦𝑡
𝑠𝑐𝑎𝑙𝑒𝑑 = log (𝑦𝑡) (36) 

The variables containing index data are brought down to the same scale 
using logarithmic returns: 

𝑦𝑡
𝑠𝑐𝑎𝑙𝑒𝑑 = log(𝑦𝑡) − log(𝑦𝑡−1) (37) 

3.2.4 Defining the model 

The model used for analyzing the movements used is a recurrent neural 
network. The software used in the modeling is Matlab. 

As in all attempts on predicting time series, there is always a risk of over 
fitting thus not making the network generalize well. The number of neurons 

in the hidden layer will be the main factor in this issue. Making the hidden 
layer to large will lead to over fitting, making the network perform 
extremely well on the calibration data but the out of sample prediction will 

be very poor. Having too few neurons will lead to under fitting making the 
variance of the network large. The network is initialized with one hidden 
layer of neurons with the number of neurons determined by  

2√(𝑚+ 2)𝑁, (38) 

as proposed by de Oliveira et al (2013). Where 𝑚 is the number of outputs 
and 𝑁 is the dimension of the input data. However, over- or under fitting 
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can still occur and different sizes of the layer have to be tested if the 

network does not converge well. 

The proposed architecture for the model is presented in figure 7. In this step, 

the network calibration is done 20 times to each dependent variable, 
producing 20 different networks. As the calibration methods used are not 

finding global minima in the optimization process but rather local minima, 
the average of the estimated values of the 20 networks will be used as an 

estimate in order to decrease the model bias. All 20 networks will be 
different each time the calibration is made as the initial weights are drawn 
randomly. In addition to the 9 variables listed earlier, the Nasdaq OMX 

Valueguard-KTH Housing Index will be incorporated in the modeling of the 
bank valuations, foreclosure rate and the spreads of covered bonds in order 

to capture any dependencies between them. 

 

 

Figure 7. A representation of the proposed model architecture. 

The motivation of this is that we want to find common factors that by 
themselves and in combination with one another act as drivers of returns of 
the different assets.  

3.2.5 Network calibration 

When calibrating the network, the data series are divided into two parts, one 
part for direct calibration and another part for evaluation the predictive 
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ability of the model, visualized in figure 9. The calibration period 

representing the time span 2005-01-01 - 2014-12-31 and the evaluation 
period being 2015-01-01 - 2015-12-31. 

 

Calibration Evaluation 

120 months 12 months 

Figure 8. Calibration and evaluation periods used in the modeling. 

 

 

Each network is calibrated using the following steps: 

i. Initialize random weights of the network and evaluate SSE. 

ii. Update the weights using the Levenberg-Marquardt method. 
iii. If SSE is increased, increase 𝜇 by a set increase factor and go to ii.  

iv. If SSE is decreased, decrease 𝜇 by a set decrease factor. 

v. Repeat from step ii until SSE is smaller than the set threshold. 

The parameters of the networks can be seen in table 2 and table 3 

respectively. Initial 𝜇 and its increase/decrease factors are set based on the 
design of Inwin & Wilamowski (2011) and is essentially a decrease or 

increase with a factor of 10. The SSE threshold is set arbitrarily to a number 
close to zero, we do not want to set it to small in order to minimize the risk 

of overfitting. 

Table 2. Parameters of networks for modeling Nasdaq OMX Valueguard-KTH Housing Index. 

 

 

 

 

 

  

Parameter Value 

Neurons in hidden layer 2√(1+ 2)9 ≈ 11 

Feedback loops 1 

SSE Threshold 10−5 

Initial 𝜇 0.001 

𝜇 decrease factor 0.1 

𝜇 increase factor 10 
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Table 3. Parameters of networks for modeling covered bond spread, bank valuation and 

foreclosure rate 

 

 

 

 

 

3.2.6 Evaluation 

In evaluating the network, the calibrated networks are benchmarked against 
the 12-month testing period described earlier. 20 Networks are calibrated 

and to take into account the model variance and bias, the mean output is 
used to evaluate the network’s predicted values against the target values. In 

the evaluation process we would like to see that the model produces near-
accurate results on the out-of-sample data. In figure 9, a representation of 
the process is illustrated. 

 

 

Figure 9. Representation of the network output. 

3.2.7 Testing scenarios and impulse responses 

Impulse responses are tested on models calibrated on the whole data set 
from 2005-01-01 - 2015-12-31. Scenarios generated from a random normal 

Parameter Value 

Neurons in hidden layer 2√(1+ 2)10  ≈ 11 

Feedback loops 1 

MSE Threshold 10−5 
Initial 𝜇 0.001 

𝜇 decrease factor 0.1 

𝜇 increase factor 10 
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distribution with covariance based on the last 36 months is used, impulse 

responses are set by increasing the variance of one or more of the exogenous 
variables at a time with one unit of 𝜎 and introducing an arbitrary set 

negative or positive drift of the returns to be negative/positive. The 
scenarios are generated in 12 time steps, representing one-year projections. 

100 scenarios of exogenous inputs are used in each run; the limiting factor 
regarding the number of scenarios is time as the network calculations are 

rather performance intensive.  

The testing procedure consists of both testing the responses of the model to 
a standstill economy and introducing variable shocks. In a standstill 

economy, all exogenous variables are drawn from 𝑁𝑝(0,Σ). The shocks are 

introduces accordingly: 

 Mortgage interest rate – 150% increase of the 3-month mortgage 
interest rate gradually over 12 months. 

 General interest rate – 150% increase of mortgage interest rates and 
yields of bonds and T-bills gradually over 12 months 

 Property market – 25% decrease in property prices gradually over 12 
months. 
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3.3 The VARX(p,r) model 

In addition to just obtaining results from the recurrent neural network 

model, we would like to compare the model to a more conservative type 
model as 𝑉𝐴𝑅𝑋(𝑝, 𝑟) can be considered to be.  

3.3.1 Determining the model structure 

The comparative 𝑉𝐴𝑅𝑋(𝑝, 𝑟) used is defined as 

𝑦𝑡 = 𝑎 +𝑋𝑡 · 𝑏 +∑𝐴𝑖𝑦𝑡−1 + 𝜖𝑡

𝑝

𝑖=1

, 
(39) 

where  
 

𝑦 = [

𝑁𝑎𝑠𝑑𝑎𝑞 𝑂𝑀𝑋 𝑉𝑎𝑙𝑢𝑒𝑔𝑢𝑎𝑟𝑑−𝐾𝑇𝐻 𝐻𝑜𝑢𝑠𝑖𝑛𝑔 𝐼𝑛𝑑𝑒𝑥

𝐶𝑜𝑣𝑒𝑟𝑒𝑑 𝐵𝑜𝑛𝑑 𝑆𝑝𝑟𝑒𝑎𝑑
𝐵𝑎𝑛𝑘 𝑉𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝐼𝑛𝑑𝑒𝑥
𝐹𝑜𝑟𝑒𝑐𝑙𝑜𝑠𝑢𝑟𝑒 𝑅𝑎𝑡𝑒

] 

(40) 

and 

 
 

𝑋 =

[
 
 
 
 
 
 
 
 
 
3 − 𝑚𝑜𝑛𝑡ℎ 𝑚𝑜𝑟𝑡𝑔𝑎𝑔𝑒 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑟𝑎𝑡𝑒

𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑑  𝑖𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒

2 − 𝑦𝑒𝑎𝑟 𝑡𝑟𝑒𝑎𝑠𝑢𝑟𝑦 𝑏𝑜𝑛𝑑 𝑦𝑖𝑒𝑙𝑑
10 − 𝑦𝑒𝑎𝑟 𝑡𝑟𝑒𝑎𝑠𝑢𝑟𝑦 𝑏𝑜𝑛𝑑 𝑦𝑖𝑒𝑙𝑑

𝑂𝑀𝑋𝑆30 𝐼𝑛𝑑𝑒𝑥
𝑈𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 𝑟𝑎𝑡𝑒

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑡𝑒 𝑜𝑛 3−𝑚𝑜𝑛𝑡ℎ 𝑇 − 𝑏𝑖𝑙𝑙𝑠
𝑅𝑒𝑎𝑙 𝑖𝑛𝑐𝑜𝑚𝑒

12 −𝑚𝑜𝑛𝑡ℎ 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑟 𝑒𝑥𝑝𝑒𝑐𝑡𝑎𝑡𝑖𝑜𝑛𝑠 ]
 
 
 
 
 
 
 
 
 

. 

(41) 

The 𝑉𝐴𝑅𝑋(𝑝, 𝑟) model is set up using symmetric lag length 𝑝 i.e. the same 

lag length is used for all variables in the model. We use AIC to determine 
the appropriate lag length. This is done by fitting a 𝑉𝐴𝑅𝑋(𝑝, 𝑟) model of lag 

length 𝑝 to the data and then using the resulting maximized log-likelihood 

function to, for each lag length, calculate the AIC. The, according to this 
criterion, optimal lag length is the lag length with the corresponding largest 

AIC value. Table 4 displays the results of the AIC.  
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Table 4. AIC values of the VARX(p,r) model using lag lengths 1 to 4. 

Lag length AIC 

1 -2.2927e+03 

2 -2.2950e+03 

3 -2.3141e+03 

4 -2.3277e+03 

According to the tests, the best lag length used in this case will be 1. The 
parameter 𝑟 is determined by the number of variables in 𝑦 and 𝑋, as it in 

practice is a regression of exogenous series 𝑋 onto 𝑦. In this case, we have 4 

response series and 9 exogenous series, which gives us 36 parameters in 
regression vector 𝑏.  

For estimating the parameters of the model, 𝑎, 𝑏 and 𝐴, maximum 

likelihood estimation is used.  

3.3.2 Evaluation and simulation 

The 𝑉𝐴𝑅𝑋 model is simulated in the same fashion as the recurrent neural 

network model. After determining the model structure it is calibrated to 120 
months of calibration data and evaluated on the remaining 12 months. Since 
the 𝑉𝐴𝑅𝑋 model is a stochastic model, 10000 paths are simulated and the 

mean is used in evaluating the model’s performance compared to the target 

values. 

In the forward looking simulation, 1000 scenarios of exogenous inputs are 
generated, for each scenario there are 100 simulated paths where the mean 

of the simulated paths is used as the result for each scenario. The shocks of 
the exogenous variables are introduced identical to the shocks that are used 

in the evaluation of the recurrent neural network. 

3.4 Conceptual risk estimation 

As the aim of the neural network model is not just to replicate movements 

of the property market and related exposure but also to use the model for 
assessing the potential losses in various exogenous scenarios, a conceptual 
assessment of the risks will be introduced. 

As being easy to analyze and to understand, Value-at-Risk (VaR) will be 
used in the risk estimation. As both models are producing 1-year 

projections, the 1-year VaR at a 99% confidence level can be estimated. For 
each method of modeling, 1000 identical exogenous scenarios are generated 
and run through the models, producing 1000 different scenarios of the assets 

of interest. The 1-year 99% worst-case scenario for each asset is determined 
by observing the 1% quantile of the simulated return distribution. For the 

Nasdaq OMX Valueguard-KTH Housing Index and the Bank Valuation 
Index, the 10th largest negative 1-year return is used and for the foreclosure 
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rate and covered bond spread, the 10th highest 1-year ending values are 

used. The risk calculations are comparability performed for the same 
scenarios as the impulse response shocks. 
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4. Results 

In this section, the results from the recurrent neural network and 

𝑉𝐴𝑅𝑋(1,36) modeling tests are presented. This includes the validation and 
introduction of shocks to the models as well as a conceptual risk calculation 

in different scenarios for both models. 

4.1 Recurrent neural network modeling results 

4.1.1 Validation data 

In figure 10-13, the results from modeling the four time series are presented. 

The neural networks are calibrated to the first 120 months of exogenous 
data and the predictions are based on 12 months of exogenous out-of-sample 
data. As can be seen in the figures, the models are producing results close to 

their target values except the modeled covered bond spread which it do not 
seem to capture the upturn at the end of the time period. 

 

Figure 10. Predicted time series response in contrast to the target response, the red line 

indicating where out-of-sample modeling starts. 
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Figure 11. Predicted time series response in contrast to the target response, the red line 

indicating where out-of-sample modeling starts. 

 

 

Figure 12. Predicted time series response in contrast to the target response, the red line 

indicating where out-of-sample modeling starts. 



38 

 

 

 

Figure 13. Predicted time series response in contrast to the target response, the red line 

indicating where out-of-sample modeling starts. 
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4.1.3 Impulse responses - No shock to exogenous variables 

In figure 14, we can see the results from modeling the four time series in a 
baseline scenario where the exogenous variable drift is set to 0. Due to all 

the returns of the underlying variables being centered on 0 we would expect 
that the endogenous variable returns be also about the same. The Nasdaq 

OMX Valueguard-KTH Housing Index produces an upward trend and the 
foreclosure rate decreases. 

 

Figure 14. Percentile plot of impulse responses based on 100 exogenous scenarios.       

Percentiles  being 5%, 10%, 25%, 50%, 75%, 90% and 95%. 
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4.1.4 Impulse responses - mortgage interest rate shock 

In figure 15, the results from modeling the four time series in a scenario 
where a shock to mortgage interest rates occurs with one unit 𝜎 increased 

volatility and a positive drift, driving interest rates upwards. The Nasdaq 
OMX Valueguard-KTH Housing Index still produces an upward trend and 

the bank valuation index is still stationary. In contrast to the scenario in a 
baseline scenario, both the covered bond spread and foreclosure rate has 

shifted upwards. 

 

Figure 15. Percentile plot of impulse responses based on 100 exogenous scenarios.       

Percentiles  being 5%, 10%, 25%, 50%, 75%, 90% and 95%. 
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4.1.5 Impulse responses - general interest rate shock 

Following are the impulse responses following a general interest rate 
increase where the mortgage interest rate, T-bonds and T-bills are shocked 

with increased volatility and positive drifts. As seen in figure 16, the 
housing index is not reacting to interest rate changes, as we would expect it 
to, the upward response is however still dampened in contrast to the baseline 

scenario.  
 

 

Figure 16. Percentile plot of impulse responses based on 100 exogenous scenarios.       

Percentiles  being 5%, 10%, 25%, 50%, 75%, 90% and 95%. 
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4.1.6 Impulse responses - property market shock 

In figure 17, the impulse responses to a negative shock on the property 
market are presented. The shock introducing one 𝜎 increased volatility and a 

negative drift in the returns. As seen, only the foreclosure rate seems to react 
to the shock, indicating that the model has not captured all dependencies. 

Nasdaq OMX Valueguard-KTH Housing index is not presented, as it is part 
of the exogenous input. 

 

Figure 17. Percentile plot of impulse responses based on 100 exogenous scenarios.       

Percentiles  being 5%, 10%, 25%, 50%, 75%, 90% and 95%. 
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4.2 VARX modeling results 

In this section, the results from the implemented 𝑉𝐴𝑅𝑋(1,36) model are 

presented. 

4.2.1 Validation data 

In figure 18-21, the validation results from modeling the four time series are 

presented. In the figures, the entire target time series is contrasted to the 
simulation results at the last 12 months at the end of the period. The 
simulations are based on out-of-sample exogenous data and what is 

presented is the mean of 1000 simulations 

In figure 18, we can see that the simulated mean from the 𝑉𝐴𝑅𝑋(1,36) 
model does not capture the development of the Nasdaq OMX Valueguard-
KTH Housing index in the out-of-sample period. The same occurs with the 

simulated covered bond spread and foreclosure rate. In figure 21 however, 
we can see that the bank valuation index is, as it is in the neural network 
model, simulated close to target. 

 

Figure 18. S imulated mean based on 1000 runs compared to the target response. The red line 

indicating where out-of-sample modeling starts. 
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Figure 19. S imulated mean based on 1000 runs compared to the target response. The red line 

indicating where out-of-sample modeling starts. 

 

Figure 20. S imulated mean based on 1000 runs compared to the target response. The red line 

indicating where out-of-sample modeling starts. 
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Figure 21. S imulated mean based on 1000 runs compared to the target response. The red line 

indicating where out-of-sample modeling starts. 
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4.2.2 Impulse responses - no shock to exogenous variables 

In figure 22, the results from simulating the four time series in a baseline 
scenario where the exogenous variable drift is set to 0. Due to all the returns 

of the underlying variables being centered on 0 we would expect that the 
endogenous variable returns be also about the same and not diverge 

extremely. We can see that there is a hint of a positive drift in both the 
property index and the covered bond spread and the foreclosure rate and 

bank valuation index are almost stationary. 

 

Figure 22. Percentile plots of impulse responses based on 1000 exogenous scenarios.      

Percentiles  being 5%, 10%, 25%, 50%, 75%, 90% and 95%. 
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4.2.3 Impulse responses -mortgage interest rate shock 

In figure 23, the results from modeling the four time series in a scenario 
where a shock to mortgage interest rates occurs with one unit 𝜎 increased 

volatility and a positive drift, driving interest rates upwards. The simulated 
Nasdaq OMX Valueguard-KTH Housing Index is now almost stationary 

and the simulated covered bond spread has further increased upwards from 
the previous scenario. 

 

Figure 23. Percentile plots of impulse responses based on 1000 exogenous scenarios.      

Percentiles  being 5%, 10%, 25%, 50%, 75%, 90% and 95%. 
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4.2.4 Impulse responses - general interest rate shock 

Following are the impulse responses following a general interest rate 
increase where the mortgage interest rate, T-bonds and T-bills are shocked 

with increased volatility and positive drifts. As seen in figure 24, the 
housing index is not reacting to interest rate changes as we would expect it 
to, the upward response is however still dampened in contrast to the 

scenario with no shocks to the system. The covered bond spread decreases 
from the previous scenario when only the mortgage interest rate is shocked. 

 

Figure 24. Percentile plots of impulse responses based on 1000 exogenous scenarios.      

Percentiles  being 5%, 10%, 25%, 50%, 75%, 90% and 95%. 
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5. Analysis 

In this section, an analysis and discussion is conducted regarding results 

obtained from each of the models as well as a comparative discussion. 

5.1 Recurrent neural network model 

In the validation plots of the model, we can see that the projected index 

values, spreads and default rates seem to be explained by the model fairly 
well except the covered bond spreads. However, from the baseline 

scenarios, displayed in figure 15, where the exogenous variables are 
stationary, we can see that the modeled response for Nasdaq OMX 
Valueguard-KTH Housing Index is increasing, indicating that the model, 

due to the mostly increasing time series has incorporated a drift term in the 
calibration process. This is also shown in the impulse response figures 

where the positive shocks to yields and interest rates still results in a 
positive upward trend of the index. We would expect a negative response to 
the modeled returns for the model to be consistent.  

As each neuron fits a bias term, on an almost constant increasing time series 
as is the Nasdaq OMX Valueguard-KTH Housing Index, the bias terms 

themselves can fit to the model and thus creating a situation where the 
projection becomes constant increasing. The bias of the model could be due 
to over fitting but lowering the number of neurons creates a situation where 

the model does not converge in the calibration process and thereby loses its 
explanatory power.  

The model would benefit from use of longer time series of more high 

frequent data in order to increase their predictive ability out-of-sample. One 
drawback using neural networks in this application is that they are 

completely reliant on previous observations, the network replicates the 
human brain but it only learns from the inputs that it is given. Had there 
been data dating back as long as the previous real estate crisis, we could 

have been in a different situation as the network could have learned the 
inner workings of the previous crisis, however as earlier stated, no high 

frequency data is available making the calibration period contain too little 
information for the network to process in the training phase.  

The fact that the models do seem to explain part of the development in the 

time period 2015-01-01 - 2015-12-31, i.e. the validation data, supports the 
theory that the models do in fact carry some explanatory power in this area. 

However, in this case there is little use further analyzing the specific 
forecasts or incorporating them into the risk assessment of Skandia as the 
model is inconsistent in it’s forecasts. All tough the used model producing 

inaccurate forward predictions the results from the validation process shows 
that there might be value in further investigation of neural network models 
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in the application of modeling economic time series from exogenous 

variables.  

5.2 VARX 

From the validation results in figure 20 we can see that the 𝑉𝐴𝑅𝑋 model 

does capture the movements of the bank valuation index. This is however 

expected as the returns of the bank stocks will be highly correlated with the 
index that they are a part of and the regression terms in the models manages 
to capture the co-movement. As seen in the regression coefficient matrix in 

Appendix A, the regression coefficient between OMXS30 and the bank 
valuation is large, further indicating this. The other validation results in 

figures 18, 19 and 21 point towards that the model does not fully capture the 
evolution of the series.  

From the impulse response results we can see that the 𝑉𝐴𝑅𝑋 model seem to 

be insensitive to changes of the exogenous inputs as the impulse response 

plots in large look the same. As the 𝑉𝐴𝑅𝑋 model fits linear regression terms 
to the exogenous inputs, one of the main assumptions of the model is that 

there exist linear relationships between the input and the output variables.  

5.3 Comparative analysis 

As the neural network model is only driven by exogenous factors and by 

previous events in the calibration data, the dataset and the choice of 
exogenous variables will be crucial for the quality of its predictive ability. 

The main difference between the two methods is that in the neural network 
modeling, no assumptions are made of how the dependencies in the data is 
structured. In the case of the 𝑉𝐴𝑅𝑋 model, we are assuming that the 

exogenous factors have a linear effect on the process and that the underlying 
return distribution is normally distributed. The drawback with the neural 

network model is that we cannot analyze the effects of the exogenous input 
on the modeled data in any other way than observing the effects of shocks; 

in the 𝑉𝐴𝑅𝑋 model we can however observe the regression coefficients to 
see how the model has calibrated to the data and the exogenous factors in 

order to further explore the model.  

Comparing the responses of the methods, we can observe that the neural 

network model generally reacts more strongly to changes in the exogenous 
inputs as seen in the impulse response plots. In order to test the model 
consistency, severe, unrealistic shocks can be introduced. In Appendix B an 

interest rate shock of expected monthly return 𝜇 = 0.5 is introduced. From 

the figures we can see that in both cases the shock leads to increased spreads 
of covered bonds and a lowered valuation of the property index. Apart from 
this, the neural network simulation also produces an increase in the 

foreclosure rate and the 𝑉𝐴𝑅𝑋 model produces a decrease in the bank index 

valuation. In the figures, we can observe that the simulation results from the 
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𝑉𝐴𝑅𝑋 model produces more drastic movements than the neural network 

model for the property index in this scenario. This might be counterintuitive 

as it in the more sensible shock scenarios produces results that are less 
drastic, but as the 𝑉𝐴𝑅𝑋 model fits linear regression terms to the exogenous 

data, the responses will always be more drastic as the exogenous shocks are 
increased.  Since the recurrent neural network model is a non-linear model, 

the introduced shocks will not always behave as expected. Increased shocks 
will not necessarily lead to increased movements of the simulated data, as 
they are heavily dependent of the calibration and practically learn from 

previous events.  

When analyzing the conceptual risk calculations, which can be viewed in 

Appendix C, we can see that there are major differences between the two 
modeling methods. What is striking is the difference between the risk 
calculations regarding the bank valuation index which in the scenario 

without shocks delivered to the models is more than twice as large when 
using the VARX model than the recurrent neural network. Differences are 

also observed between all the other modeled assets further indicating the 
fundamental differences between the two methods. 

5.4 Conclusion 

In this stage of the modeling process, there is no use in inferring from the 
results regarding Skandia’s risk exposure. However, this paper is able to 
highlight the complexity of attempting to create consistent models of this 

type where there is a lack of data and no solid theoretical foundation to rely 
on. The results of this paper do not exactly point toward a method being 

better at capturing the asset movements. It is difficult to determine which of 
the models that does the best job at replicating the movements and 
producing the most realistic return distribution for the risk calculations. As 

neither of the models seem to capture any realistic relationships between the 
exogenous factors and the asset movements that we are investigating, one 

might raise the question whether or not the chosen variables actually carry 
any clear explanatory power. The exogenous factors clearly have some part 
in the evolution of the series but there are other underlying factors such as 

the availability of housing, broad and local demographic factors, taxation 
and government subsidies etc., which were not incorporated into the models 

due to the fact that the data is not available on a monthly basis. Interpolating 
and de-smoothing yearly data is an option but within the framework of this 
paper due to the time limitation this is not performed.  

As the recurrent neural network is driven only by exogenous factors, with 
no assumptions needed for the inner workings of the system it is set up to 

replicate, further testing with longer time series and incorporation of 
more/other exogenous factors should be investigated. The preconditions of 
the model are promising and could perform better under different settings. 

The no-need of assumptions about the inner workings of the system is both 
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a strength and weakness in this context as there is no way of altering the 

network to fit known mechanics of the system it is calibrated to. This makes 
the validation process problematic and prone to user bias as the only way to 

validate and observe the mechanics is to test it on historical data. The 𝑉𝐴𝑅𝑋 
approach in its simplicity is appealing but as it is a linear model, the 

regression terms will have a symmetrical effect, i.e. positive and negative 
returns of the exogenous factors will identical negative or positive effects on 

the response data. This symmetric behavior is not desirable, as we do not 
expect the markets to react similarly to negative and positive information.  
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Appendix A 

Regression coefficients 𝑏 of the 𝑉𝐴𝑅𝑋(1,36) model. 

In the regression coefficient matrix from the 𝑉𝐴𝑅𝑋 model, we can see the 

linear impacts of the exogenous data on the target variables. We can see that 
the variable that has the largest linear effect on the property index is real 

income growth. As for the spread of covered bonds, real income, mortgage 
interest rates, OMXS30 and the yields of covered bonds has the largest 
effects. Regarding the foreclosure rate, there are only small effects in the 

regression terms. The bank valuation index seems to be mainly driven by 
OMXS30 in this case. This is as stated earlier expected as the underlying 

assets are a part of the index. 

Table 5. Regression coefficient matrix obtained from the estimated VARX model. 

VARX Regression Terms 

  

HOX 
Index 

Covered 
Bond Spread 

Foreclosure 
Rate 

Bank 

Valuation 
Index 

3-month Mortgage Interest Rate -0,0562 0,3530 0,0092 -0,0034 

Indicated Inflation Rate 0,0049 0,0323 -0,0002 -0,0143 

2-year Government Bond Yield 0,0055 0,1251 -0,0115 0,0076 

10-year Government Bond Yield 0,0027 -0,1945 0,0037 0,0101 

OMXS30 0,0383 -0,6009 -0,0176 1,2729 

Unemployment Rate 0,0045 -0,0158 0,0021 -0,0094 

3-month T-bill 0,0230 -0,0276 0,0019 0,0657 

Real Income -0,1835 -1,4008 0,0822 -0,0831 

12-month Consumer Expectations -0,0355 0,5975 -0,0248 -0,0590 
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Appendix B  

Percentile plots of RNN and VARX model response to extreme interest rate 

shocks. 

In figure 25, the impulse responses from the recurrent neural network model 

are presented. We can see that there now is a negative trend of the property 
index. The covered bond spread and foreclosure rate reacts with going up 
but the bank valuation index is still stationary.  

 

Figure 25. Percentile plots of recurrent neural network simulation. Extreme mortgage interest 

rate shock. 
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In figure 26, we can see the impulse response plots from the VARX model. 

We can see that the property index and the spread of covered bonds reacts 
strongly to the shock, however we do not get any clear response from the 

foreclosure rate or the bank valuation index. 

 

Figure 26. Percentile plot of VARX simulation. Extreme mortgage interest rate shock. 
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Appendix C  

Conceptual risk estimation based on the two methods 

In table 6-8, the estimated 𝑉𝑎𝑅99%  calculations for each of the models in 
different scenarios are presented. Looking at the conceptual risk calculations 
for both methods, we can see that there are major differences between the 

two methods. The recurrent neural network model estimates a lower 

𝑉𝑎𝑅99%  of the property index and the bank valuation index in all scenarios 
compared to the 𝑉𝐴𝑅𝑋 model and consistently produces a higher covered 

bond spread. 

Table 6. Value-at-Risk estimations for recurrent neural network and VARX model. Scenario 

with no shock to exogenous factors. 

No shock 

  RNN VARX 

Nasdaq OMX Valueguard-KTH Housing Index  -0,26% -2,10% 

Covered Bond Spread 1,85% 1,44% 

Bank Valuation index -14,21% -31,76% 

Foreclosure Rate 0,05% 0,06% 

 

Table 7. Value-at-Risk estimations for recurrent neural network and VARX model. Scenario 

with a shock to mortgage interest rates. 

Mortgage interest rate shock 

  RNN VARX 

Nasdaq OMX Valueguard-KTH Housing Index  -4,23% -6,50% 

Covered Bond Spread 2,14% 1,67% 

Bank Valuation index -24,07% -33,70% 

Foreclosure Rate 0,08% 0,05% 

 

Table 8. Value-at-Risk estimations for recurrent neural network and VARX model. Scenario 

with a shock to interest rates and yields. 

General interest rate shock 

  RNN VARX 

Nasdaq OMX Valueguard-KTH Housing Index  -2,05% -3,91% 

Covered Bond Spread 1,97% 1,61% 

Bank Valuation index -15,44% -27,08% 

Foreclosure Rate 0,06% 0,05% 

 


