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Modeling Interest Rate Risk in Swedish Mortgages Using Survival Analysis
Simon Rödén
Department of Mathematical Science
Chalmers University of Technology

Abstract
This thesis investigates interest-rate risk in Swedish adjustable-rate mortgages by
combining survival analysis with mortgage valuation techniques. The objective is to
estimate the behavioral maturity of mortgage loans and model interest rate sensi-
tivity. Using mortgage data from Handelsbanken, mortgage prepayment behavior is
modeled through parametric survival analysis, with particular emphasis on shifted
gamma frailty models to capture unobserved heterogeneity among borrowers. A
mortgage-rate forecasting model is developed to describe the relationship between
mortgage rates and risk-free market rates for a banking industry average.

The estimated survival model is integrated with a valuation framework to deter-
mine effective mortgage maturity, duration, and portfolio sensitivity under various
interest-rate environments. Results show that Swedish three-month adjustable-rate
mortgages exhibit longer behavioral maturities. This is driven by incomplete pass-
through of market interest rates to mortgage rates and persistent borrower behavior.

Stress-testing based on Basel-inspired interest-rate shock scenarios demonstrates
that mortgage portfolios are particularly vulnerable to rising interest rates. The
findings indicate that financing adjustable-rate mortgages exclusively with short-
duration liabilities may underestimate the true level of interest-rate risk. This high-
lights the importance of incorporating behavioral maturity into asset–liability man-
agement and provides a practical way for evaluating mortgage-related interest-rate
risk in the Swedish banking sector.

Keywords: interest-rate risk, Swedish mortgages, survival analysis, frailty models,
behavioral maturity
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Nomenclature

Below is the nomenclature for indices, sets, parameters, and variables used through-
out this thesis.

Parameters

t time
τ time to maturity
P (τ) present value
C(t) Cash flow at time t

rd(t) Discount rate at time t

rf (t) Risk free rate at time t

Dt Duration in years at time t

λ individual baseline hazard rate
a 1

a
is the variance of the gamma distribution

ω Parameter for shiftiness
θ coefficient for proportional hazard
β1 Passthrough
β0 Mortgage spread component
K The floor of the interest rate
S(t) survival function
h(t) hazard function
H(t) cumulative hazard function
wt Weight given time t

Lf (t) Laplace transform
m Commercial margin
g(rf (t)) Pricing function for mortgage rate given risk free rate
r risk-free interest rate

ix



Terms

Maturity Time until full repayment
Duration Weighted average time of repayments
Present Value How much the asset or liability is currently worth
floating interest
rate

an interest rate that resets periodically

churn The rate at which customers stop using a product, in this case
mortgages

x
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1
Introduction

This chapter outlines the background, problem statement, purpose, and research
questions of the thesis. It also details the limitations, provides an overview of the
methodology, and outlines the structure.

1.1 Background

Banks manage a large portfolio of loans whose value fluctuates with changes in the
risk-free interest rate. They also obtain financing with varying sensitivities to inter-
est rate movements. The mismatch between the interest rate sensitivities of loans
and financing creates interest rate risk. This thesis analyzes interest rate risk using
survival analysis applied to mortgage loan data from Handelsbanken.

Approximately 60% of all bank lending in Sweden is extended to households [1],
with the remainder going to corporations. Of these, 80% are mortgage loans [2],
meaning that almost half of all loans issued by banks in Sweden are mortgage loans.
75% of those are 3-month adjustable-rate mortgage loans [2]. These mortgage loans
are important for the entire Swedish financial system. Therefore, understanding the
interest rate risk of these loans is crucial.

In 2023, the United States faced a significant banking crisis caused by interest rate
hikes intended to curb inflation. The largest collapse was Silicon Valley Bank [3]. In
contrast to other banking collapses, the bank didn’t hold subprime or other bad debt;
instead, it held US Treasury bills, which are loans to the US government and are
commonly considered the safest assets. The bank had invested in long US Treasuries
with fixed payments. This meant that when interest rates rose, the US Treasuries
fell in value on the secondary market because their interest rates were fixed at low
levels. However, their deposits were not fixed at the same time frame. Because
of rising interest rates and competition, the bank was forced to raise deposit rates
but couldn’t raise rates on its long-term loans. Facing a crisis, depositors withdrew
their money, and to meet its obligations, the bank was forced to sell long-term US
Treasuries at a loss. This ultimately led to the bank’s collapse, leaving it unable to
cover all its depositors. This underscores the importance of managing interest-rate
risks.

1



1. Introduction

1.1.1 Mortgages

A mortgage is a loan secured by property [4]. It is a common arrangement, but
its implementations vary widely worldwide. Sweden’s mortgage market differs from
those of other countries in several respects. In particular, it combines adjustable-rate
mortgages with strong banking competition between banks. Swedish adjustable-rate
mortgages reset every three months, so these loans should track the risk-free three-
month rate plus a premium, as banks do not lend without compensation. However,
this is not true in practice; changes in the risk-free interest rate are not fully passed
on to the mortgage interest rate. The customer’s mortgage rate is generally deter-
mined by the bank’s listed mortgage rate and an individual discount.

The customer has a mandatory contractual amortization schedule determined by
the mortgage loan size, the underlying property’s value, and income. At the highest
contractual amortization rate, the customer must amortize 3% of the mortgage loan;
if the mortgage loan is below 50% of the property value, the customer doesn’t have
to amortize at all. However, the customer can choose to prepay, amortizing more
than required for the 3-month adjustable mortgages. The customer can also change
the interest rate term; for example, setting it to 12 months will apply a different
interest rate. In addition, when a customer has a longer-term mortgage, they must
pay the difference in mortgage interest if they prepay the loan. However, they will
not be compensated when the mortgage interest rate falls [4].

Most research on behavioral interest rate risks has focused on the deposit side of
banking or on mortgage markets in other countries with different regulatory frame-
works. A study in the Swedish context could therefore help mitigate future risks in
both the mortgage market and the banking sector as a whole.

1.2 Problem Statement

Each mortgage loan doesn’t have a maturity date or a remaining term until repay-
ment. Effective duration, by contrast, is the weighted-average time of all payments
and measures the loan’s sensitivity to interest rate changes. To fund these loans,
the bank assumes liabilities, such as deposits, which also have varying effective
durations. The difference between the effective durations of assets and liabilities
represents the bank’s interest rate risk.

Because of the gap between the three-month interest rate and the three-month mort-
gage rate, there exists an interest rate risk. A bank shouldn’t finance these loans
solely with 3-month-term liabilities. However, the behavioral maturity of a mort-
gage is unknown because a customer has no obligation to prepay their loan after a
certain period.

2



1. Introduction

1.3 Purpose and Research Questions
The purpose of this thesis is to provide banks with a better understanding of their in-
terest rate risk, particularly that on mortgage loans. Another purpose is to improve
the modeling of different scenarios for changes in risk-free interest rates, known as
stress tests, by modeling mortgage loans.

The objectives are to develop a model of mortgage prepayments using survival anal-
ysis and to investigate how interest rates primarily affect prepayment behavior. In
this thesis, the following research questions are to be investigated:

• How can mortgage interest rates be forecasted?
• How can survival analysis be used to model prepayments for deciding the

average observed maturity of a mortgage?
• What are the interest rate risks for a portfolio of mortgage loans?
• How do different interest environments affect prepayment behavior?

1.4 Scope and Limitations
This thesis focuses on interest-rate risk in Swedish mortgage loans, using mortgage
data from Handelsbanken and publicly available data from all banks. The analysis
is restricted to mortgage observations between 2018 and 2026, although the dataset
contains loans with origination dates as early as 2010. Consequently, the study is
subject to left truncation, as loans that originated and terminated before 2018 are
not observed. Many loans are also right-censored because they remain active at the
end of the observation period.

The analysis is performed at the portfolio level and does not model individual bor-
rower characteristics such as income, age, geographic location, or loan-to-value ra-
tios. Instead, mortgage behavior is represented through aggregate survival models.
The objective is therefore to estimate portfolio-level behavioral maturity rather than
predict the behavior of individual borrowers.

1.5 Thesis Structure
The objective of this thesis is to estimate the behavioral maturity of Swedish adjustable-
rate mortgages and assess the resulting interest-rate risk. To achieve this, the anal-
ysis combines survival analysis with a valuation model for mortgage loans.

First, the mortgage loan data are transformed to be suitable for survival analysis.
A parametric survival model is then estimated to describe mortgage prepayment
behavior. In addition, a mortgage-rate forecasting model is estimated to describe
the relationship between mortgage interest rates and risk-free interest rates.

3



1. Introduction

The behavioral maturity and mortgage-rate models are combined to value the port-
folio. This is used to estimate present values, effective durations, and the sensitivity
of the mortgage loan portfolio to different interest-rate shock scenarios.

The thesis is organized as follows. Chapter 2 presents the theory, including interest
rate risk, survival analysis, frailty models, and stress testing. The data and their
handling are described in Chapter 3. Chapter 4 presents the empirical results, while
Chapter 5 presents the findings, limitations, and practical implications. Finally,
Chapter 6 concludes the thesis with the final remarks.

4



2
Theory

This chapter introduces the theory used throughout the thesis. First, valuation and
measures of interest-rate risk are presented. Survival analysis is then introduced
for modeling mortgage prepayments. Finally, frailty and competing-risk models are
presented to capture unobserved variability in borrower behavior and distinguish
between different mortgage prepayment outcomes.

2.1 Financial theory
A mortgage loan portfolio can be partitioned into different parts. For this reason,
all mortgage loans end after a certain period. In a portfolio, the mortgage interest
will be the average across all loans, not the individual rate for each customer. Each
time-based partition is treated as a monthly interest-bearing loan, with the principal
repaid at the end. The aim is not to model the exact amortization schedule, but
to capture the interest-rate sensitivity arising from borrower prepayment behavior.
Thus, all future payments should be discounted to present value at a discount rate
rd(t) at time t. Discounting is performed using continuous compounding for analyt-
ical convenience, meaning that a discounted payment is e−t·rd(t) instead of nominal
discount (1+rd(t))−t. Continuous compounding simplifies analytical derivations and
aligns with the European Central Authority’s regulatory practice [5]. Cash flows are
modeled monthly, while the discount rate is expressed monthly.

The present value P (τ) of the mortgage loan with maturity τ is obtained by dis-
counting all future payments C(t) at times t back to the present [6]. The equation
for present value is

P (τ) =
τ∑

t=1
C(t) · e−t·rd(t).

Normalizing by the size of the initial loan, and considering a loan with monthly
mortgage interest payments and repayment of the initial loan at maturity τ . The
mortgage rate gets transformed with exp(r(t)) − 1), with a mortgage interest rate
of r(t) in months, giving a cash flow of

C(t) =

r(t) if t ̸= τ

(1 + r(τ)) if t = τ

results in the present value of a partition. This gives the normalized present value
equation for a mortgage loan if the customer pays back their entire loan after τ
months:

5



2. Theory

P (τ) =
τ∑

t=1
r(t) · e−t·rd(t) + e−τ ·rd(τ).

This framework can be extended to model a portfolio of mortgage loans with different
final maturities τ and amortization schedules. P (τ) is the present-value component
of the portfolio, which matures at τ . For the entire portfolio, all different P (τ)
values need to be summed to obtain Ptotal. However, the volume that ends at τ is
determined by a weight wT which are 1 = ∑∞

τ=1 wτ . This gives the

Ptotal =
∞∑

τ=1
P (τ) · wτ .

The present value for all loans that end at different times is multiplied by the
probability of ending at that time. The weights wτ are controlled by amortizations.
In the method, there will be a discussion on how amortization on parts of the loan
works; however, this framework can still be used. It also requires knowledge of the
future mortgage interest rate, r(t), and the weights wτ .

2.1.1 Risk-free interest rate
To ensure a consistent valuation framework, a risk-free interest rate is used. Govern-
ment bond yields are commonly used as a proxy for the risk-free rate, as government
debt is generally considered to have very low credit risk. The valuation of mort-
gage portfolios depends on future interest rates because floating-rate mortgage cash
flows are linked to short-term market rates. In Sweden, adjustable-rate mortgages
reset every three months and are therefore closely connected to short-term risk-free
interest rates. However, mortgage rates do not move one-to-one with market rates,
creating behavioral and valuation effects that contribute to interest-rate risk.

An interest rate swap is an agreement between two parties to exchange future in-
terest payments. This gives the forward interest rate, meaning the implied future
interest rate. The forward interest rates given by the swap rates are used as market-
consistent estimates of future short-term interest rates rf (t) at time t. To discount
payments, the discount rate rd(t) should be used rather than the forward rate. The
discounting process involves taking the payments and discounting them using all the
forward rates up to that point

et·rd(t) = e
∫ t

0 rf (u)du,

which corresponds to

rd(t) = 1
t

∫ t

0
rf (u)du.

The forward curve is used to project future mortgage interest rates, while discount
rates are used to convert future cash flows into present value. Although both are
derived from the same underlying interest rate curve, they serve different purposes
in valuation.

6



2. Theory

2.1.2 Discounting margin
Discounting mortgage cash flows using only the risk-free interest rate would result in
a present value greater than the original loan amount. This is because mortgage rates
are usually higher than risk-free rates, as banks charge extra interest to compensate
for the risks and costs of lending. Since the objective of this thesis is to study interest-
rate sensitivity rather than excess profitability, a constant discounting margin m is
introduced into the discount curve:

P (τ) =
τ∑

t=1
C(t) · e−t·(m+rd(t)).

The margin m is calibrated so that the mortgage portfolio has a present value of 1
under the initial interest-rate environment, so that P (τ) = 1. This isolates interest-
rate risk, ensures comparability across scenarios, and is consistent with accounting
principles. The m is constant at the initial time, but the present value can change
depending on the risk-free interest rate after initialization.

2.1.3 Effective Duration
Interest-rate risk arises because the value of future mortgage cash flows depends
on market interest rates. A common measure of this sensitivity is effective dura-
tion. For fixed-rate instruments with deterministic cash flows, effective duration
can be interpreted as the weighted-average timing of payments. However, Swedish
adjustable-rate mortgages have behavioral uncertainty because borrowers may pre-
pay, refinance, or change interest-rate terms, which will affect the weights in the
portfolio’s total present value. The timing and size of future cash flows are therefore
dependent on the interest-rate environment itself.

Effective duration D measures the sensitivity of the portfolio value to changes in
the entire interest-rate curve while allowing cash flows and expected maturities to
change as interest rates change [6]. ∆Ptotal is the change of the present value Ptotal

given a small change ∆r in risk free interest. This expression approximates the
proportional change in present value for a small parallel shift in interest rates:

∆Ptotal

Ptotal

≈ −D · ∆r.

A higher effective duration implies greater sensitivity to interest-rate changes. For
example, an effective duration of five years implies that a one-percentage-point in-
crease in risk-free interest rates approximately reduces the portfolio value by five per
cent, assuming a sufficiently small, parallel shift in the risk-free interest rate curve.

2.1.4 Interest Rate Shock Scenarios
Interest rate risk is regulated under the Basel IV, which establishes international
standards for banking regulation and risk management. In particular guidelines for
measuring and managing interest rate risk in the banking book. Basel IV is the
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latest iteration of the regulations; in Basel III, the stress test came. The Basel III
framework specifies that interest rate risk should be assessed using different scenar-
ios [7]. The scenarios are constructed by specifying shocks to the discount rates;
however, these can be reverse-engineered into forward rates at different maturities
(e.g., 1-month, 12-month, and 24-month). Basel III defines different scenarios for
how risk-free interest rates change. These scenarios are used to identify the plausible
worst-case scenario and determine the amount of capital reserve needed to remain
solvent. The shock scenarios use specific constants for each currency, which differ
from one currency to the next. For SEK, see Table 2.1.

The six scenarios to be tested are parallel up and down: all interest rates move up
or down by the same amount, with short rates moving up or down while longer rates
don’t receive the same shock. Then there is steepening, which means that long-term
rates increase while short-term rates decrease. And finally, flattening, which is an
increase in the short term and a decrease in the long term, makes the curve flatter.

Type percentage unit change
±Cparallel ±2%
±Cshort ±3%
±Clong ±1.5%

Table 2.1: Shock amplitudes used in the interest-rate stress scenarios. The table
reports the sizes of the parallel, short-rate, and long-rate shocks applied to SEK
interest rates.

The base case for the discount interest rate rd(t) is defined as ∆R(t). The different
∆R(t) is how much the discount interest rate at time t changes. The interest-rate
shock scenarios are defined as follows, with a complementary plot in Figure 2.1.

Parallel shock:
∆Rparallel(t) = ±Cparallel

Short rate shock:

∆Rshort(t) = ±Cshort · e−t/x, with x = 4 years

Long rate shock:

∆Rlong(t) = ±Clong ·
(
1 − e−t/x

)
, with x = 4 years

Steepener shock:

∆Rsteepener(t) = 0.9 · |∆Rlong(t)| − 0.65 · |∆Rshort(t)|

Flattener shock:

∆Rflattener(t) = −0.6 · |∆Rlong(t)| + 0.8 · |∆Rshort(t)|

8



2. Theory

Figure 2.1: Interest-rate shock scenarios used in the stress-testing. The figure
illustrates how parallel, short-rate, long-rate, steepener, and flattener shocks affect
the interest rate across maturities. The x-axis is the term maturity, and the y-axis
is the interest rate.

2.2 Survival analysis
Mortgage loans have no contractual maturity; the customer can prepay the entire
loan or any portion of it at any time. For a portfolio of loans, the maturities should
be modeled as a statistical distribution. For this thesis, survival analysis is used.
Survival analysis is a branch of statistics that focuses on the time until an event
occurs. The event can be a machine failure, a default, or death. For A portfolio of
mortgage loans the survival is how many mortgage loans remains per time step.

To model mortgage maturities, a survival function [8] is introduced. The survival
function represents the probability that a mortgage remains active after time t. Let
T denote the random time until prepayment. For a cumulative density function
F (t), the survival function is defined as

S(t) = P (T > t) =
∫ ∞

t
f(x)dx = 1 − F (t)

where f(x) is a probability density function for the prepayment time with support
in [0, ∞).

The hazard function is defined as the probability of prepayment at a maturity t
conditional on survival up to t. It takes the form

h(t) = lim∆t→0
P (t < T ≤ t + ∆t|T > t)

∆t
= f(t)

S(t) = − d

dt
ln(S(t)).

The integral of the hazard function is called the cumulative hazard function H(t),
given as

9
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H(t) =
∫ t

0
h(u)du = −ln(S(t)).

and conversely

S(t) = exp(−H(t)) = exp(−
∫ t

0
h(u)du).

Given a survival function, it is valuable to know the expected time until the event.
The expected survival time is given by

∫∞
0 t · f(t)dt =

∫∞
0 S(t)dt.

2.2.1 Censoring and truncation
Not all mortgage loans will be prepaid before the observation time ends. Therefore,
there can be a censoring effect. This can also include not knowing when the mort-
gage loans are prepaid, as they are only known for an interval during which they
are prepaid.

Left truncation occurs when mortgage loans originate before the observation period,
because loans that terminate before the observation period begins are not observed.
A typical example is the time after the mortgage loan inception. The mortgage loan
might have started before the observation time began. This introduces bias because
some mortgage loans might have prepaid before the observation period began, and
the remaining loans might be less likely to prepay.

Figure 2.2: The figure shows what censoring and truncation look like for different
loans A, B, ..., E. The X represents an event, and the line represents an entrance.

2.2.2 Kaplan Meier estimator
The Kaplan-Meier estimator is a widely used nonparametric estimator [9].
It computes survival as the product of conditional survival probabilities at each
observed event time. The probability of prepayment at time t is

prepayments at time t

loans existing at time t
.

10
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However, this does not include the probability of surviving up to time t. The
unconditional probability of prepayment at time t is therefore the probability of
no prepayment before t, multiplied by the conditional probability of prepayment at
time t.

S(t) =
∏
ti≤t

(
1 − di

ni

)

where:
• 0 < t1 < t2 < · · · < tk are the ordered event times,
• di is the number of events (e.g., prepayments) at time ti,
• ni denotes the number at risk immediately prior to ti excluding observations

censored at ti.
The Kaplan–Meier estimator cannot extrapolate beyond the observation period and
requires a large number of parameters. Moreover, the estimates cannot be used to
make predictions beyond the observation period. These limitations motivate the use
of parametric survival models.

2.2.3 Common distributions
Some common parametric distributions in survival analysis include the exponential
and Pareto distributions [8]. The exponential distribution is used to model prepay-
ments that occur at a constant rate and are independent of previous events. A Pareto
distribution decays more quickly at the beginning, then decreases more slowly. These
distributions and their corresponding probability distribution function, cumulative
distribution function, survival function, hazard function, and cumulative hazard
function are provided in Appendix A.3.

2.2.4 Cox proportional hazards model
In survival analysis, it can be useful to model the survival rate with covariates. This
can be the current interest rate or the income level. For covariates, a commonly
used model is the Cox proportional hazards model [8]. This model assumes that
the baseline hazard rate h0(t) is proportional conditional on some covariates x and
coefficients θ. The conditional probability hazard h(t|x) is expressed as

h(t|x) = h0(t) · eθx.

Comparing different hazards corresponds to

h(t|x1)
h(t|x2)

= h0(t) · eθ·x1

h0(t) · eθ·x2
= eθ·(x1−x2).

The model is semi-parametric. The baseline hazard can be approximately non-
parametric, and the θ is approximately parametric. In this case, because we want a
parametric model, we will specify the baseline hazard function h0(t).

11
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2.3 Frailty models
As stated previously, a parametric model is needed to enable prediction beyond the
observation period. In a mortgage portfolio, customers do not behave identically;
some are more likely to prepay than others due to unobserved factors such as re-
financing preferences or moving behavior. Ignoring this heterogeneity may lead to
misleading survival estimates. Frailty models address this by introducing an unob-
served random effect that scales the individual hazard rate. Customers with higher
frailty are more likely to prepay early, while those with lower frailty tend to remain
in the portfolio longer.

For each mortgage loan, one can assume that the hazard varies with different co-
variates. However, there might be multiple unobservable effects that lead to higher
or lower hazard. All these effects might be thought of as a random variable Z. The
hazard rate is then conditional on Z. For interpretability, Z is normalized to have a
mean of 1 and a finite variance. If frailty is greater than 1, they are more likely to
repay than the baseline hazard; if it is less than 1, they are less likely to repay than
the baseline hazard. This is frailty h(t|Z) [10] and is conditional on Z

h(t|Z) = Z · h(t),

where h(t) = h(t|Z = 1) is the baseline hazard and could, for example, be set to a
constant value λ. Recalling the Cox proportional hazards model, there is a parallel
in how Z and eβX scale the hazard. The cumulative hazard H(t) could be used to
give the survival function

S(t) = exp(−H(t) · Z).

However, for the entire portfolio of loans, we are interested in the expected value
S̄(t) of S(t). To estimate it, take the expected value of the survival function.

S̄(t) = E[e−H(t)·Z] =
∫ ∞

0
e−H(t)·z · f(z)dz.

For a function f(x), the Laplace transform Lf (t) can be used to express the expected
survival function as S̄(t) = Lf (H(t)). This provides a convenient way for calculating
the expected survival function using established analytical methods.
Commonly used distributions for Z are the gamma distribution or the inverse Gaus-
sian. The gamma distribution is commonly used because it has an analytical solution
via the Laplace transform. For a gamma distribution [11] with mean 1 and a variance
of 1

a
, where a is a constant, the probability density function is the following

f(x) = aa

Γ(a) · xa−1 · e−a·x,

and using the Laplace transform to get the survival function

S̄(t) = Lf (H(t)) = (1 + H(t)
a

)−a.
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The frailty-induced survival distribution has a decreasing hazard but an infinite
expected value for a < 1. The cumulative hazard H(t) could be set to λt for
a constant hazard rate per mortgage loan. Another common frailty model is the
inverse Gaussian distribution f(x) [12], with parameters λ, µ > 0.

f(x) =
(

λ

2 · π · x3

)1/2

exp
(

−λ · (z − µ)2

2 · µ2 · x

)
, z > 0,

with the frailty

S̄(t) = Lf (H(t)) = e
λ
µ

·(1−
√

1+2· µ2
λ

·H(t))
.

2.3.1 Shifted frailty model
A common probability density function for frailty is a gamma distribution with
mean one. However, this could pose a small hazard when a < 1, meaning the
expected value is infinite. To avoid small hazards, a shifted frailty is introduced
Z’ = ω + (1 − ω) · Z where Z is a random variable and ω ∈ [0, 1]. This will ensure
that the mean is still 1, because E[Z ′] = (1 − ω) · E[Z] + ω = 1, but as long as ω is
greater than zero, the hazard will be strictly larger than zero.

S̄(t) = E[e−H(t)·(ω+(1−ω)·Z)] =
∫ ∞

0
e−H(t)·(ω+(1−ω)·z) · f(z)dz =

e−H(t)·ω ·
∫ ∞

0
e−H(t)·(1−ω)·zf(z)dz = e−ω·H(t) · Lf ((1 − ω) · H(t)).

For ω = 1, it equals e−H(t), and for ω = 0, it equals Lf (H(t)). The exponential term
ensures sufficiently fast decay under ω > 0, yielding a finite expectation.

2.4 Survival function
Using a gamma distribution with mean 1, a shifted frailty model, and a constant
hazard H(t) = λ · t yields the following survival function

S(t) = e−ω·λ·t · Lf ((1 − ω) · λ · t) = e−ω·λ·t · (1 + (1 − ω) · λ · t

a
)−a.

The survival function details are provided in the appendix. Here, λ is the constant
for the baseline hazard, and a represents the inverse variance of the frailty. ω ∈ [0, 1]
represents how much it behaves like an exponential or a Pareto distribution. It has a
finite expected value and a decreasing hazard, meaning that long-standing mortgage
loans are less likely to prepay than newer ones. The hazard rate is

h(t) = ω · λ + (1 − ω) · λ

1 + (1−ω)·λ·t
a
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The hazard will converge to ω · λ when t → ∞. The decreasing hazard captures
mortgage stickiness, and the non-zero asymptotic hazard reflects eventual prepay-
ment; the finite expectation avoids an infinite expected value, which is unrealistic
for a portfolio of mortgage loans.

2.5 Likelihood
To estimate the parameters of the survival model, maximum likelihood estimation
is used [8]. The likelihood depends on the type of observation available for each
mortgage loan. Some mortgage loans terminate during the observation period, while
others are censored or truncated.
For a right-censored observation at time Cr, the only information available is that
the mortgage loan survived beyond Cr. The contribution to the likelihood is

S(Cr).

For interval-censored observations, where the event is only known to occur between
ti and ti+1, as is the case for prepayments observed during a given month, the
contribution to the likelihood becomes

S(ti) − S(ti + 1).

Assuming independent observations, where I, R denote the sets of interval-censored
observations, and right-censored, respectively. The full likelihood for the parameters
θ is obtained by multiplying all contributions:

L(θ) =
∏
i∈R

S(Cr,i)
∏
i∈I

(S(ti) − S(ti + 1)) ,

The model parameters are estimated by numerically maximizing the log-likelihood.

2.5.1 Goodness of Fit
The goodness of fit of the survival models was evaluated using Akaike Information
Criterion (AIC) [13]. AIC assesses model quality by penalizing model complexity. It
uses the estimated log-likelihood ℓ(θ̂) and the number of parameters k. It is defined
as

AIC = −2 · ℓ(θ̂) + 2 · k,

where ℓ(θ̂) denotes the maximized log-likelihood of the model and k is the number
of estimated parameters. Lower AIC values indicate a better trade-off between
goodness of fit and model complexity.
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2.6 Competing hazard
Competing risks arise when multiple prepayment events are possible [8]. For in-
stance, a customer can prepay and leave the bank, or change their loan term. Leaving
the bank is commonly called churn and means that a mortgage has been completely
terminated. Both of these scenarios are prepayments, but they are inherently dif-
ferent. One could treat the other hazard as a censoring event, but that violates the
assumption of non-informative censoring. Instead, a cause-specific hazard function
is introduced

hi(t) = lim∆t→0
P (t < T ≤ +∆t, δ = i|T ≥ t)

∆t
.

Here is T = min(X1, ..., XK) and Xi is the event i and δ indicate which hazard. All
K hazards can be added together to

hT (t) =
K∑

i=1
hi(t)

Which corresponds to the hazard of any event occurring. Let

S(ti, ..., tK) = P (X1 ≥ t1, ..., XK ≥ tK)

which is used to give the cause-specific hazard as

hi(t) =
−∂S(ti,...,tK)

∂ti |t1=...=tk=t

S(t, ..., t) .

To get a better interpretation of competing risk, one could look at the Cumulative
Incidence Function (CIF), which is defined as

Fi(t) = P (T ≤ t, δ = i) =
∫ t

0
hi(u) · e−HT (u)du

where HT (t) is the cumulative distribution for all cause-specific hazards, which is
derived by integrating and summing all cause-specific hazards. This is not a cumu-
lative hazard or a true distribution. This is because Fi(t) is the cumulative risk that
event i happens before t while all hazards are active, but another event could occur,
so Fi(t) cannot go to one [8].

15



2. Theory

16



3
Methods

The method consists of four steps. First, the raw mortgage balance data are trans-
formed to be suitable for survival analysis. Second, a mortgage-rate forecasting
function is estimated from historical mortgage interest rates and risk-free rates.
Third, a parametric survival model is used to estimate the distribution of mortgage
loan prepayment. Finally, the forecasting and survival models are combined to value
the mortgage portfolio under different interest-rate scenarios.

3.1 Data

The mortgage data were provided by Handelsbanken and included all mortgage loans
for Handelsbanken customers between 2018 and 2026. The mortgage portfolio was
observed monthly using end-of-month balances. Each observation contains a cus-
tomer identifier, a mortgage balance, a mortgage type, an interest-rate term, and a
loan start date and term start date. Due to confidentiality restrictions, some obser-
vations cannot be reported. However, the full modeling framework and estimation
procedure are reproducible. Some mortgages originated as early as 2010.

Variable Description
Customer ID Anonymous borrower identifier
Date Monthly observation date
Balance Outstanding mortgage balance
Mortgage Type Interest-rate fixation period
Start date Start date of the total loan

Table 3.1: Variables included in the Handelsbanken mortgage-loan dataset. The
table summarizes the mortgage loan fields in the dataset.

The forward interest rate curve was used to forecast monthly mortgage interest rates
based on publicly available interest rate data aggregated across all banks. This mort-
gage interest data stretched from 2013 to 2026. In addition, the forward interest
rate data cover all forward interest rates from 1 to 360 months, month by month,
for the dates 2013 to 2026.
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3.1.1 Data limitations

Only mortgage loan data from 2018 to 2026 were included in the analysis. How-
ever, the dataset contains mortgage loans with origination dates as early as 2010.
Consequently, the data are subject to left truncation, since loans that originated
and terminated before 2018 are unobserved. Many mortgage loans are also right-
censored because they remained active at the end of the observation period. In
addition, some loans may, in practice, be older than their recorded origination dates
indicate. The mortgage interest-rate dataset did not exhibit the same limitations
and was available continuously from 2013 to 2026.

3.2 Data preparation

Mortgage balances are observed as dynamic time series rather than fixed contrac-
tual loans. Customers may increase balances, make partial prepayments, or change
terms. Consequently, the raw data cannot directly be interpreted as standard sur-
vival observations.

A customer can increase or decrease their mortgage loan and pay it back whenever
they want. To model these mortgage loans, one proposed approach is to break
payments into parts using a method similar to that used for deposits [14]. This
is done by splitting each customer’s total loan amount into inflows and outflows.
When a customer’s total mortgage loans increase or are added, it is modeled as
if a new mortgage loan has been initiated, and it decreases from the top down as
payments are made according to Last In, First Out (LIFO). This is a modeling
assumption, but it can be motivated on behavioral grounds: if a customer increases
their mortgage balance and subsequently makes a large repayment, it is reasonable
to assume that the newly added borrowing is repaid first.
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Figure 3.1: Illustration of the mortgage loan transformation procedure. Increases
in a borrower’s total mortgage balance are treated as new loan components, while
subsequent repayments are allocated according to a last-in-first-out structure.

For mortgages, this can be a change of term, a change of bank, or excess amorti-
zation. The loan can also increase if the customer increases their mortgage. This
transformation makes the mortgage loan data suitable for survival analysis. This
meant that if a customer increased their mortgage for a renovation or a similar pur-
pose, a new mortgage loan was initiated, and all additional amortization was applied
to the new loan until it was depleted.

Amortizations smaller than 0.25% per month were excluded to avoid capturing
contractual amortization rather than behavioral prepayments. This ensured that
amortizations did not exceed 3% per year, the maximum contractual amortization
requirement. Only behavioral maturity is modeled because contractual amortiza-
tion requirements changed over the observation period and cannot be consistently
identified from the available data. Also, large mortgage loans that existed for only
1 to 3 months were filtered out (sizes over 50,000 SEK). These observations likely
represent bridge financing and were therefore excluded.

The mortgage loans were then classified either as a mixture of loans or by term
(e.g., 3-month, 12-month, etc.). If a customer had multiple mortgage loans, they
were merged if they were identical. Otherwise, it was classified as a mixed mortgage
loan. This is because the data structure doesn’t allow for clear analysis of different
loan types; that’s why we need this modeling approach.

3.3 Mortgage interest rate forecasting model
Swedish adjustable-rate mortgages are repriced using short-term market interest
rates. However, mortgage rates do not move one-for-one with market rates. This
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non-full pass-through creates interest-rate risk because mortgage cash flows don’t
fully adjust to changes in the discount rate. A pricing function is introduced to
estimate future mortgage interest rates from forward risk-free interest rates. A
function for the mortgage interest rate is proposed to estimate mortgage interest
rates g(rf (t)) using the forward risk-free interest rate rf (t) by

g(rf (t)) = rmin + β1 · max(rf (t) − K, 0)

with the parameters:
• rf (t): forward risk-free three months interest rate for given time t

• β1: passthrough coefficient
• rmin: Minimum interest, which is equal to β0 + K · β1

• K: floor threshold
• β0: mortgage spread component

The passthrough coefficient determines how much of the change in market rates is
passed on to borrowers. A passthrough below one implies that mortgage interest
rates don’t fully adjust to the risk-free interest rate. The floor reflects the empiri-
cal observation that mortgage rates do not decrease linearly as market rates fall to
near-zero or negative levels.

The parameters were estimated using historical observations of the average three-
month mortgage interest rate and the corresponding three-month forward risk-free
interest rate. ri is the mortgage interest rate and rf,i at index i is the risk-free
interest rate, n is the number of data points, and the βi are the coefficients that
should be estimated

(β̂0, β̂1, K̂) = arg minβ0,β1

n∑
i

(ri − g(rf,i))2.

For each chosen threshold value K̂, the coefficients (β̂0, β̂1) were re-estimated condi-
tional on K̂. The observations were divided into two regions depending on whether
the forward risk-free interest rate was above or below K̂. For observations with
rf,i < K̂, the mortgage rate was assumed to remain constant at the floor level. For
observations with rf,i ≥ K̂, a linear regression model was estimated without the
intercept. The optimal threshold K̂ was then obtained numerically with K̂, as the
value that minimized the total squared error across both regions.

The function assumes constant pass-through behavior over time and does not ac-
count for customer-specific pricing, competitive dynamics, or changing funding con-
ditions. The model is intended to capture average portfolio-level repricing behavior
rather than individual mortgage pricing. To evaluate R2 was chosen

R2 = 1 − SSres

SStot

= 1 −
∑n

i (ri − gi(rf,i))2∑n
i (ri − r̂i)2
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3.4 Survival model
Survival analysis is used to estimate the distribution of behavioral maturity for
mortgage exposures. Because mortgage prepayment is borrower-driven rather than
contractually fixed, maturity must be estimated statistically. The survival function
is the remaining balance per month, weighted by the mortgage loan amount. A
prepayment is classified as an amortization of the mortgage loan or a change in
term. Model fit was evaluated using Kaplan-Meier and parametric models. The
parametric models were the shifted gamma and inverse Gaussian frailty models.
The mortgage loan data were processed, and the parameters were estimated using
maximum likelihood. Delayed entry was incorporated into the likelihood by condi-
tioning on survival up to the entry time. For comparisons, AIC was used to compare
different models. Competing risks are modeled separately because these events have
different implications for valuation and repricing behavior.

3.5 Portfolio valuation and stress testing
The mortgage portfolio is interpreted as a collection of uncertain cash-flow streams
whose maturities are determined behaviorally rather than contractually. Using the
pricing function g(rf (t)), which computes the mortgage interest rate from the for-
ward risk-free interest rate curve rf (t) for a given time t, can predict the mortgage
interest rate and calculate the present value. Given that we have a mortgage loan
with a behavioral maturity at time τ , the present value given maturity P (τ) is

P (τ) =
τ∑

t=1
g(rf (t)) · e−t·(rd(t)+m) + e−τ ·(rd(t)+m).

The monthly payments are the three-month mortgage rate (divided by 12), and at
the final time τ , the mortgage loan is repaid. The commercial margin can then be
calculated by setting P (τ) to one. However, the maturity of the mortgage loan is
unknown; a survival function can be used to estimate the number of mortgage loans
that mature at each time step. This will make the total Ptotal be

Ptotal =
∞∑

t=1
wt · P (t).

This will be the average present value for all maturities. The weight wτ is wτ =
S(τ − 1) − S(τ). This represents the probability of prepayment occurring dur-
ing month t. Mortgage loans are not unlimited, so an upper limit should be set.
It is set at 30 years or 360 months; all remaining mortgage loans are paid back
(w360 = S(360)). 30 years is chosen as a modeling assumption and is reasonable in
this context because a mortgage loan can’t outlive the borrower, and the risk-free
forward interest rate data is constrained by 30 years. The equations are connected
in Figure 3.2.
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P (τ) = ∑τ
t=1 g((rf (t)) · e−t·(r(t)d+m) + e−τ ·(rd(τ)+m)

g(rf (t)) = rmin + β1 · max(rf (t) − K, 0)

wτ = S(τ) − S(τ + 1)

Ptotal = ∑∞
τ=1 wτ · P (τ)

S(τ) = e−w·λ·τ · (1 + (1−w)·λ·τ
a

)−a

Figure 3.2: The diagram shows how the mortgage-rate forecasting model, survival
function, maturity weights, and present-value equation are combined to estimate
portfolio value.

A portfolio of mortgage loans can be constructed from two parts: a 3-month, fully
interest-rate-resetting part and a core part. The core represents the fraction of
the mortgage portfolio that behaves like a long-duration fixed-interest-rate asset
rather than a short-duration floating-rate asset. The total present value Ptotal of the
mortgage portfolio is therefore represented as a weighted combination of a short-
duration present value Pshort and a fixed-interest-rate long-duration present value
Pfixed:

Ptotal = c · Pfixed + (1 − c) · Pshort.

The c ∈ [0, 1] is the core percentage, indicating how much is allocated to the fixed
part; c can then be modeled over time. The fixed-part percentage is important
because, if it remains consistent over time, it can serve as a baseline for financing,
thereby reducing interest-rate risk. However, if it increases or decreases rapidly
across different interest periods, it poses a risk that warrants monitoring.

The short-term component Pshort is calculated using a pricing function based on the
three-month risk-free rate. For the fixed term part Pfixed a fixed interest rate, ra, is
needed and it can be calculated by

1 = ra ·
τ∑

t=1
e−rd(t)·t + e−rd(τ)·τ ,

which gives ra closed form solution

ra = 1 − e−rd(τ)·τ∑τ
t=1 e−rd(t)·t .
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We can then calculate the core percentage using a small change in present values
∆Ptotal, ∆Pshort, ∆Pfixed, which gives

c = ∆Ptotal − ∆Pshort

∆Pfixed − ∆Pshort

.

Otherwise, the present value will be sensitive to changes in the shape of the risk-free
interest rate curve.

3.6 Implementation
All empirical analyses were implemented in Python. Data preparation was per-
formed using pandas and numpy. Survival models were estimated using lifelines,
with custom likelihood functions implemented for delayed entry, censoring, and
frailty specifications. Numerical optimization was performed using scipy.optimize.
Figures were produced using matplotlib.
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4
Results

This chapter presents the empirical results obtained from the mortgage rate forecast-
ing model, the survival analysis, and the valuation framework. The findings include
estimates of mortgage rate pass-through, behavioral maturity, portfolio duration,
stress-test outcomes, and additional behavioral analyses.

4.1 Mortgage interest rate forecasting model

For the mortgage interest rate forecasting model, an average of all banks’ interest
rates was used and compared to the 3-month forward interest rate. A comparison
between the 3-month mortgage interest rate and the 3-month forward interest rate
shows that they are approximately linearly related; however, the interest rate ap-
pears to have a minimum (or floor) at negative interest rates. Optimizations with
a minimum mortgage interest rate in mind are shown in Figure 4.1. The optimized
values are presented in Table 4.1. It shows that the mortgage rate increases, but
at a slower rate than the risk-free rate, meaning the spread, the difference between
the mortgage and risk-free interest rate, shrinks when risk-free interest rates rise
and widens when they fall. An observation is that the slope appears different when
rates are increasing than when they are decreasing. This, however, has not been
accounted for in the regression.
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Figure 4.1: Relationship between the three-month risk-free forward rate on the x-
axis and the observed three-month mortgage rate on the y-axis. The blue line is the
estimated pricing function that captures the mortgage-rate floor and pass-through
from risk-free interest rates to mortgage rates. The dotted line is a floor at 0 and a
one-to-one increase.

mean square
Passthrough 0.84
Floor 1.43
Floor interest rate 0.17
R2 0.9891

Table 4.1: Estimated parameters of the mortgage-rate forecasting model. The
table reports the estimated pass-through coefficient, mortgage-rate floor, the floor
threshold, and the model R2.

4.2 Mortgage loan survival behavior
For the behavioral maturity modeling, survival analysis was used with a Kaplan–Meier
estimator to establish a nonparametric baseline. Afterward, a parametric survival
model, specifically the shifted-gamma frailty model, was estimated and compared.
This analysis was conducted using a mortgage loan dataset comprising approxi-
mately 90 million observations.

4.2.1 Kaplan-Meier estimation
The Kaplan–Meier estimate of the survival function for Handelsbanken mortgage
loans is shown in Figure 4.2. The survival curve shows the proportion of the initial
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mortgage loans that remain in the portfolio over time. The observation period
extends to approximately 175 months, though the oldest loans are subject to left
truncation because they originated before 2018. Three survival curves are presented:
one for churn, one for borrowers changing interest-rate terms (e.g., from a three-
month term to a longer term), and one for either event occurring.

Figure 4.2: Kaplan–Meier survival estimates for mortgage-loan termination events
by month on the x-axis. The curves show the share of the initial mortgage exposure
remaining over time before churn, change in interest-rate terms, or experience either
event.

4.2.2 Shifted gamma frailty model

The estimated shifted gamma frailty model closely follows the Kaplan–Meier es-
timator throughout the observation period. The estimated shifted gamma frailty
model closely matches the Kaplan–Meier estimate over most of the observation pe-
riod, suggesting it provides a reasonable description of the observed prepayment
behavior.

Estimating the parametric model discussed in the theory gives Figure 4.3. The
expected survival time for the parametric model, defined as the time until the mort-
gage loan terminates, either by switching to another term or by churn, is 19.2 years.
However, when using the survival function for valuation, a restriction is imposed: all
active loans will be terminated after 30 years. This effectively reduces the expected
lifetime to 13.5 years instead.
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Figure 4.3: Comparison between the Kaplan–Meier survival estimate and esti-
mated shifted-gamma frailty models. The estimated curves show how the paramet-
ric survival model approximates the observed mortgage prepayment behavior.

4.2.3 Inverse Gaussian vs shifted gamma frailty model
For model comparison, two frailty models were used: shifted gamma and inverse
Gaussian. Table 4.2 shows the goodness of fit for the models. Both models exhibit
similar goodness-of-fit metrics, although the shifted gamma frailty model achieves
a marginally lower AIC. The likelihood scale depends on the SEK volume, which is
large in this case.

Metric Shifted gamma Inverse gaussian Difference
Log-Likelihood −9.639 · 1011 −9.643 · 1011 3.568 · 108

AIC 1.928 · 1012 1.929 · 1012 −7.137 · 108

Table 4.2: Goodness-of-fit of the shifted-gamma and inverse-Gaussian frailty mod-
els. The table reports log-likelihood and AIC values for the two parametric survival
specifications.

4.3 Portfolio valuation and duration
In the final step, the mortgage interest rate model and the mortgage loan survival
model are combined to calculate the present value. The present value is normalized
to 1 with a commercial margin, meaning it is normalized to the nominal value at
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the initial time. A 1 percentage point shock to the risk-free interest rate curve is
shown in Figure 4.4. The change depends on the mortgage loan date and is ca −3%
on average.

Figure 4.4: Percentage change in mortgage-portfolio present value following a
one-percentage-point parallel interest-rate shock. The estimates are calculated sep-
arately for each monthly valuation date from 2013 to 2026.

To measure the interest rate sensitivity, the effective duration was calculated. The
effective duration was at least ca 2 years, but during periods of low interest rates, it
could extend to ca 6 years. As seen in Figure 4.5. The estimated effective duration
ranged from 2 to 4 years for non-negative interest periods.

Figure 4.5: Estimated effective duration of the mortgage portfolio over time. The
figure shows how the portfolio’s interest-rate sensitivity varies across the valuation
period.
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4.4 Stress Testing and Funding Risk

The Basel interest-rate shock scenarios are illustrated in Figure 4.6. The portfolio
is relatively insensitive to short-rate shocks, indicating that changes in short-term
rates alone have a limited impact on present value. In contrast, the present value
increases under both the parallel-down and flattener scenarios, reflecting the effect
of lower interest rates. The largest declines in present value occur under the parallel-
up, steepener, and long-rate-up scenarios. It should be noted that the analysis does
not impose a floor on negative interest rates; there is literature on capping the risk-
free interest rate at −1.5%. Consequently, these estimated gains under falling-rate
scenarios may be somewhat larger than those observed in practice.

Figure 4.6: Change in mortgage-portfolio present value under the interest-rate
shock scenarios. The impact of parallel, short-rate, long-rate, steepener, and flat-
tener shocks from Basel III is shown.

4.4.1 Funding

Figure 4.7 compares the change in present value following a 2 percentage-point
interest-rate shock under two funding strategies: three-month duration financing
and two-year duration financing. The results show that two-year-duration financing
produces smaller losses than three-month-duration financing throughout the sample
period. Indicating that longer-duration funding reduces the portfolio’s exposure to
interest rate risk.
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Figure 4.7: Comparison of portfolio value changes under two-year financing and
three-month financing following a two-percentage-point interest-rate shock up and
down.

4.4.2 Core

Figure 4.8 shows the estimated proportion of the mortgage portfolio held in the
fixed-rate portfolio, called core, from 2012 to 2026. However, the pricing function
could be implemented with or without a max or floor function, and each scenario
yields different effects. The core falls to approximately 10−30% and doubles during
periods of low interest rates. Consequently, as interest rates decline and the mort-
gage rate floor takes effect, a larger share of the portfolio behaves like a long-term
fixed-rate asset. However, the core will not be 100% because of the length of the
mortgage loans; the long-term risk-free interest rate will be positive. This increases
the portfolio’s effective duration from around three years to more than six years in
the most extreme cases.
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Figure 4.8: Estimated core share of the mortgage portfolio over time. The figure
compares how the stable long-term component changes when the mortgage pricing
function includes or excludes an interest-rate floor compared with a floor and no
floor.

4.5 Behavioral extension

The baseline survival model provides an aggregate description of mortgage prepay-
ment behavior, but additional factors may influence the observed maturities. To
explore these effects, the analysis was extended to include competing-risk and Cox
proportional hazards models. These approaches allow the underlying behavioral
mechanisms behind mortgage prepayments to be examined in greater detail.

4.5.1 Competing risk

The competing-risk estimates are shown in Figure 4.9, with the estimated parametric
model presented in Figure 4.10. The parametric model allows future mortgage loan
transitions to be forecast.
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Figure 4.9: Cumulative incidence functions for competing mortgage termination
events over time. The figure shows the probability of each event type occurring
while accounting for the presence of other competing events.

Figure 4.10: Cumulative incidence functions for mortgage termination events by
event type. The figure separates the probability of churn from the probability of
changing interest-rate terms.

4.5.2 Cox proportional hazards model
To investigate the relationship between interest rates and mortgage prepayments,
interest-rate variables were included as covariates in a Cox proportional hazards
model with a shifted gamma frailty term. Two covariates were considered: the
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current interest rate and the change in interest rates between quarters, which are
displayed in Figure 4.11. The former shows the current risk free interest rate, while
the latter captures the effect of risk free interest rate movements on borrower be-
havior. These results are in Table 4.3 and Table 4.4, which show that the spread
between the three-month floating mortgage interest rate and longer-term rates drives
term switching.

Figure 4.11: Relationship between mortgage termination behavior and risk-free
interest-rate conditions. The figure compares the churn rate for the portfolio against
both the current risk-free interest rate and the change in the risk-free interest rate.

3 month interest rate Shock
Churn or change term -0.17 0.75
Churn -0.16 1.05
Change term -0.09 0.56

Table 4.3: Estimated Cox proportional-hazard model coefficients for mortgage
prepayment behavior. The table reports the estimated effects on the event hazard
given the covariate.
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Changed to term Spread Shock of the term rate
1 year 0.08 1.06
2 year 0.49 0.92
3 year 0.92 -0.43
5 year 0.77 -0.91

Table 4.4: Estimated Cox proportional-hazard model coefficients for the mortgage
term change. The table reports covariate effects on changes in term, given the
difference between the term mortgage interest rate and the three-month mortgage
interest rate.
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It has been shown in section 4.3 that 3-month adjustable-rate mortgages have a
duration longer than three months. This is because changes in interest rates are
not fully passed through to borrowers. Combined with the long behavioral maturity
estimated through survival analysis, this results in a portfolio duration longer than
the contractual interest-rate reset period.

The mortgage interest rate is the aggregate for the entire portfolio and isn’t the
individual mortgage interest rate per customer. The estimated mortgage interest
rate forecasting function has a pass-through coefficient which is smaller than 1.
This indicates that increases in the risk-free interest rates are only partially passed
to customers. This implies that the spread between the risk-free interest rate and
the mortgage interest rate compresses in rising-rate environments and widens in
low-rate environments. When the risk-free interest rate is below 0
Behavioral maturity is modeled using survival analysis. Specifically, a shifted gamma
frailty survival function, where the shift ensures finite expected survival time, and the
frailty component captures heterogeneity across mortgage loans. This specification
is similar to mortgage prepayment models: it allows expected lifetime behavior to
remain bounded while also producing “stickiness,” meaning that loans that have
survived for a long time become less likely to prepay.

5.1 Risks in a mortgage loan portfolio
When constructing a fixed-interest portfolio and a short three-month interest-rate
portfolio to approximate the present value of the mortgage loan portfolio, the follow-
ing results are obtained, shown in Figure 4.8. The fixed-interest portion is roughly
10 − 30% and has a duration of 12.5 years. However, during periods of negative in-
terest rates, it can double. This is because when the risk-free interest rate is below
0%, mortgage loans behave more like fixed-rate loans, which is why the percentage
increases. The results suggest that exclusive reliance on short-duration funding may
yield a lower present value than longer-duration funding.

The different risk scenarios can be used to draw some conclusions from section
section 4.4. The biggest effects come from parallel shifts in risk-free interest rates.
The best case is when all risk-free interest rates fall, and the worst case is when all
risk-free interest rates rise. This connects to the pass-through because the rising
risk-free interest rate isn’t fully passed on to the customer; therefore, the present
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value decreases. However, when the risk-free interest rate falls, the customer doesn’t
fully benefit from the lower rate, resulting in an increase in present value. This risk
is, however, asymmetric: the downside is smaller than the upside gains. For a bank
with large mortgage lending, the risk is in rising interest rates.

5.2 Model risk and limitations
The shifted gamma frailty model has been shown to be a useful model for modeling
mortgage portfolios. The expected survival time is estimated to be 19.2 years; when
all mortgage loans terminate after 30 years, it is 13.5 years. This behavioral matu-
rity could be used alongside the mortgage interest rate forecasting function to reduce
the bank’s risk; the position’s duration could then be calculated. The loans could be
financed with the estimated model rather than three-month floating financing. For
instance, for February 2013, the estimated duration is around 3.09 years. Taking
financing with the same duration can reduce risks. However, this model remains
subject to parameter uncertainty; for instance, the parameter estimates could be
incorrect. This motivates reliability testing by testing different parameters.

The parameters to be changed are the pass-through and the hazard. The pass-
through is the extent to which the mortgage interest rate changes in response to
changes in the risk-free interest rate. The hazard affects the time until prepayment
for the mortgage. Changing the hazard in the survival function will make the behav-
ioral maturity longer or shorter. Changing parameters from the original estimation
gives comparison cases. The change is compared to 3-month financing. This means
that 3-month financing is less risky than the financing provided by the model.

Figure 5.1: Sensitivity of average behavioral maturity to the mortgage-rate pass-
through parameter. The light blue region indicates where the modeled mortgage
portfolio financing outperforms three-month funding, while the marker shows the
estimated pass-through value.

Figure 5.1 shows the model sensitivity for different parameters. This suggests that
customer behavior needs to change significantly before the estimated strategy be-
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comes more sensitive to interest rate changes than a three-month financing would be.
The pass-through is the more sensitive parameter; if it increases significantly, the
three-month floating-rate interest financing becomes less sensitive to interest rates.
If the pass-through is 1, maturity doesn’t matter because the interest rate will fully
reset. An increase in the hazard will shorten the duration of the fixed-interest-rate
period. However, it isn’t as sensitive to duration, so it can drop significantly before
the three-month financing improves.

5.2.1 Model assumptions
The results presented in this thesis depend on several modeling assumptions. These
assumptions were necessary due to data limitations and computational constraints,
but they also introduce model risk.

Mortgage loan data consist of monthly balances rather than individual loan con-
tracts. To obtain observations suitable for survival analysis, mortgage loans were
decomposed using a Last-In-First-Out (LIFO) assumption. New borrowing was
treated as a new piece, and reductions in the mortgage loan were allocated first
to the most recent. This assumption was chosen because additional borrowing is
often associated with specific purposes and may therefore be expected to be repaid
before older borrowing. Alternative assumptions, such as first-in, first-out (FIFO)
or proportional allocation, could yield different estimates of survival distributions
and behavioral maturities.

The analysis focuses on behavioral maturity rather than contractual maturity. Small
amortizations were excluded to avoid modeling mandatory amortization require-
ments. As a result, the estimated survival curves describe customer prepayment
behavior rather than the complete contractual repayment process.

Survival models were estimated at the aggregate portfolio level. Individual bor-
rower characteristics, such as income, age, loan-to-value ratio, geographic location,
and property type, were not included. This approach was chosen because the ob-
jective was to estimate portfolio-level interest-rate sensitivity rather than individual
customer behavior.

The pass-through was assumed to be a constant over time. In practice, pass-through
behavior may change due to competition, funding conditions, regulatory changes, or
shifts in customer behavior. Therefore, the estimated duration should be interpreted
conditionally on the historical pass-through relationship remaining approximately
unchanged.

The valuation framework assumes that all remaining mortgages are repaid after 30
years. This assumption was introduced because forward interest-rate data were only
available up to a 30-year horizon and because mortgage loans cannot realistically
remain active indefinitely. Although relatively few mortgage exposures survive to
very long horizons, the assumption affects the tail of the maturity distribution and
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therefore influences estimated expected maturities and durations.

5.3 Behavioral interpretation
The thesis has mainly focused on interest rate risk in a mortgage loan portfolio.
However, certain factors may lead to prepayment behavior. The main driver that
was studied was mortgage interest rates. A comparison was made between leav-
ing the bank and changing the interest rate term. This, in addition to how the
spread between mortgage interest rates between terms affected switching behavior.
30% churn and 70% switch mortgage terms. A customer is therefore more likely to
change their terms on their mortgage loan than to churn.

The spread between three-month and longer-term interest rates drives outflows into
the respective longer-term instruments. Implying that customers are more likely to
change mortgage loan terms if it is likely to improve their interest rate. On the
other hand, customers are less likely to change their interest rates when doing so
would increase their mortgage interest rate.
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The core finding of the thesis is that for a portfolio of mortgage loans with three-
month floating interest rates, the estimated duration exceeds 3 months. The results
suggest that the pass-through effect is significant. This means that three-month
mortgage interest rate risk may not be minimized with three-month financing. The
maturity of mortgages, therefore, needs to be modeled, because otherwise the inter-
est rate risk is neglected.

Mortgage maturity has been modeled using survival analysis. The shifted gamma
frailty model performed well in the empirical analysis and may be useful for future
studies of mortgage-prepayment behavior. Different approaches were examined. The
cause-specific effects of leaving the bank versus moving into different-term interest
rates. Additionally, different spreads were considered to model prepayment behavior.

The models were then used to conduct different stress tests. The results suggest
that the present value will decrease under parallel up shocks and steepening scenar-
ios. The present value will increase during parallel down shocks and flattening. The
short-rate scenarios don’t meaningfully affect the present value. The risk is asym-
metric: positive scenarios increase in value more than negative scenarios decrease
during periods when the risk-free interest rate is negative.

6.1 Implications for funding and regulation
The results suggest that financing a portfolio of three-month mortgages with lia-
bilities of two- to three-year durations may reduce potential losses by protecting
against the theoretical worst-case scenarios. For a bank to minimize interest rate
risk, a 2-year duration financing is suggested, structured as part 3-month duration
financing and the additional 12.5 years, split roughly 70 − 90% short duration and
10 − 30% long duration. The ratio of fixed-rate, long-duration financing to short-
duration financing shifted over time, especially under negative interest rates, when
the mortgage loan portfolio behaved more like a fixed-interest-rate portfolio. For
further improvement, the model can be used in full, but the 2-year 70−90% 3-month
and 10 − 30% 12.5-year financing may serve as practical benchmarks derived from
the estimated model.

Under current regulatory guidelines, three-month mortgage loans are considered to
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have a duration of three months. Banks that hold short-term financing are con-
sidered less interest-rate sensitive than banks with longer-duration funding. The
results suggest that contractual repricing may underestimate behavioral sensitivity
to interest rates in Swedish adjustable-rate mortgages. The thesis results suggest
that behavioral maturity should be considered when assessing the interest-rate sen-
sitivity of mortgage loan portfolios, because the maturity is unknown and therefore
needs to be modeled. The current regulatory framework makes banks sensitive to
interest rate changes. With non-maturing deposit modeling becoming increasingly
prevalent in the industry, the asset side of banking needs to undergo similar modeling
and regulatory scrutiny.

6.2 Limitations and future research
The work relies on a number of modeling assumptions. In addition to flaws in LIFO
decomposition, there are assumptions. The forecasting function is static; however,
it may behave differently during periods of rising versus falling interest rates. The
model could be strengthened by adding covariates, with the survival function cap-
turing macroeconomic conditions and the pass-through component modeled as a
stochastic interest-rate process. However, in the Basel scenarios, the macroeco-
nomic variables may be correlated, so this must be kept in mind.

For future research, it is important to combine a mortgage and financing model.
This could be useful in modeling changes in equity under different shocks. There
might even be a relationship between them. Additional parameters, such as age and
income, could be used to obtain a better survival function.

6.3 Use of AI
AI tools were primarily used to support the writing process, particularly to improve
language, clarity, grammar, and phrasing. AI was not used to generate ideas, develop
the methodology, perform the analysis, or write the code used in this work. The
underlying reasoning, modeling choices, implementation, analysis, and conclusions
were carried out independently.
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A
Appendix 1

A.1 Censoring and truncation

Censoring and truncation for the different scenarios are presented in Table A.1. This
is useful, for instance, for maximum-likelihood estimation.

Exact lifetime f(t)
Right censoring S(t)
Left censoring 1 − S(t)
Intervall censoring S(t1) − S(t2)
Left truncation f(t)

S(t)

Right truncation f(t)
1−S(t)

Interval truncation f(t)
S(t1)−S(t2)

Table A.1: Likelihood contributions under different censoring and truncation
schemes. The table summarizes how exact, censored, and truncated observations
are incorporated into the survival likelihood.

A.2 Expected lifetimes

In Table A.2, we present the expected values of the estimated survival functions. It
is worth noting that cause-specific hazards don’t indicate the time until a specific
event. The leave asset scenario, however, shows the time until the event, assuming
no other events occur. This is why the expected time to leave is so long: a customer
is more likely to change terms than leave the bank.

Expected value
Leave or fix 19.2 years
Leave 102.4 years
fix 29.8 years

Table A.2: Expected lifetimes implied by the estimated survival models. The table
reports the estimated average time until termination for the combined event and for
the separate cause-specific event models.
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A.3 Survival functions
Some survival functions have been discussed throughout the thesis. This section has
a detailed list of all of them.

A.3.1 Exponential
Probability distribution function (PDF):

f(t) = λe−λt, t ≥ 0, λ > 0.

Cumulative distribution function (CDF):

F (t) = 1 − e−λt, t ≥ 0, λ > 0.

Survival function:

S(t) = P (T > t) = e−λt, t ≥ 0, λ > 0.

Hazard function:

h(t) = f(t)
S(t) = λ, t ≥ 0, λ > 0.

A.3.2 Pareto
Probability distribution function (PDF):

f(t) = θλθ

(t + λ)θ+1 , t ≥ 0, λ > 0, θ > 0.

Cumulative distribution function (CDF):

F (t) = 1 −
(

1
t
λ

+ 1

)θ

, t ≥ 0, λ > 0, θ > 0.

Survival function:

S(t) = P (T > t) =
(

1
t
λ

+ 1

)θ

, t ≥ 0, λ > 0, θ > 0.

Hazard function:

h(t) = f(t)
S(t) = θ

t + λ
, t ≥ 0, λ > 0, θ > 0.
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A.3.3 Shifted Gamma Frailty
Probability distribution function (PDF):

f(t) =
ωλ + (1 − ω)λ

1 + (1−ω)λt
a

 e−ωλt

(
1 + (1 − ω)λt

a

)−a

, t ≥ 0, λ > 0, a > 0, 0 ≤ ω ≤ 1.

Cumulative distribution function (CDF):

F (t) = 1 − e−ωλt

(
1 + (1 − ω)λt

a

)−a

, t ≥ 0, λ > 0, a > 0, 0 ≤ ω ≤ 1.

Survival function:

S(t) = P (T > t) = e−ωλt

(
1 + (1 − ω)λt

a

)−a

, t ≥ 0, λ > 0, a > 0, 0 ≤ ω ≤ 1.

Hazard function:

h(t) = f(t)
S(t) = ωλ + (1 − ω)λ

1 + (1−ω)λt
a

, t ≥ 0, λ > 0, a > 0, 0 ≤ ω ≤ 1.

A.3.4 Inverse Gaussian Frailty
Probability distribution function (PDF):

f(t) = λ√
1 + 2θλt

exp
{1

θ

[
1 −

√
1 + 2θλt

]}
, t ≥ 0, λ > 0, θ > 0.

Cumulative distribution function (CDF):

F (t) = 1 − exp
{1

θ

[
1 −

√
1 + 2θλt

]}
, t ≥ 0, λ > 0, θ > 0.

Survival function:

S(t) = P (T > t) = exp
{1

θ

[
1 −

√
1 + 2θλt

]}
, t ≥ 0, λ > 0, θ > 0.

Hazard function:

h(t) = f(t)
S(t) = λ√

1 + 2θλt
, t ≥ 0, λ > 0, θ > 0.
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