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ABSTRACT OF THE DISSERTATION

Essays on Theoretical and Empirical Models of Macroeconomics and Finance
by
Ali R Bagherpour
Doctor of Philosophy, Graduate Program in Economics
University of California, Riverside, September 2018
Dr. Marcelle Chauvet, Chairperson

This dissertation presents two chapters on empirical models of macroeconomics and finance,
and one chapter on a theoretical model for conducting monetary policy. The first chapter
applies machine learning algorithms to construct non-parametric, nonlinear predictions of
mortgage loan default. I compile a large dataset with over 20 million loan observations from
Fannie Mae and Freddie Mac, for the period 2001-2016 at the quarterly frequency. Di↵erent
machine learning algorithms are applied to predict in sample (training sample), and to
forecast out-of-sample (testing data). I find that the forecast performance of nonlinear
and non-parametric algorithms are substantially better than the traditional logit model.
Additionally, machine learning algorithms allow identification of the predictive power of
specific variables. The results indicate that loan age is the most important predictor of
loan default before and after the 2008 financial crisis. However, I find that market loanto-value is the most e↵ective predictor of mortgage loan default during the recent financial
crisis. Finally, I use machine learning to formulate risk-based capital stress tests for Fannie
Mae and Freddie Mac under di↵erent scenarios. I forecast their mortgage credit losses and

vii

associated capital needs during the financial crises. The results obtained are more accurate
than those from the Federal Housing Enterprise Oversights (OFHEO), and other existing
stress test studies. In the second, and third chapters, I tested the e↵ectiveness of Monetary
policy by empirical, and theoretical models. With the severity of the 2008 financial crisis,
and apparent inefficacy of traditional monetary and fiscal policies, the Federal Reserve
together with the U.S. government introduced unconventional policy measures. The Large
Scale Asset Purchase (LSAP) and Troubled Asset Relief Program (TARP) are some of
these policies introduced by the Federal Reserve and Department of Treasury. While these
policies may have been important in preventing a deepening of the financial crisis and laying
the foundation for the economic recovery, there were collateral e↵ects on bank profitability.
In this chapter, I study the impact of both the LSAP and TARP programs on banks?
profit and risk taking using a large panel. The results indicate that these programs had a
positive e↵ect on banks? profit (Chapter 2). In chapter three ,I use a small-scale DSGE
model for the economy of Iran to analyze monetary policy. The model is extended to
include housing and oil sectors. The model is adapted for the peculiarities of Iran?s Central
Bank, which uses money supply as a function of oil income and production growth. I
study the reaction function of the model to technology, oil, and monetary shocks in this
specific Iranian monetary policy framework. The results show that monetary shocks has
only nominal e↵ect on inflation but not on the real sector such as investment, consumption,
or production. Also, positive oil income shocks lead to an increase in inflation instead of
an increase in production.
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CHAPTER

1

Predicting Mortgage Loan Default with Machine Learning Methods

1.1

Introduction

The recent financial crisis that hit the U.S. in 2008 and spread to other countries highlighted the importance of risk measurement and management at large financial institutions.
Policymakers have since been conducting annual stress tests of banks as one of their supervision and regulation tools. These tests involve evaluating financial stability under adverse
economic scenarios. Although these tests may help stabilize financial institutions against
severe recessions or crises, they are also subject to shortfalls. In particular, the tests require
model forecasts of financial institutions’ losses, which involve ”model risk” arising from
problems in model validation, stress scenarios, and data1 . That is, the model used may be
misspecified, the scenarios may not accurately reflect all possible outcomes, and the data
might not contain enough information, which can all lead to unreliable stress test results.
Thus, model specification and data choices can be crucial to their success.
1

See e.g. Frame, Gerardi, and Willen (2015) and Jacobs, Sensenbrenner, and Karagozoglu (2017), Kandani, Kim, and Lo (2010)

1

This paper proposes the use of machine learning techniques to model and forecast
bank losses, which can be used in stress tests. In particular, we study the dynamics of
mortgage loan losses in the U.S. and provide forecasts. We use a set of parametric and nonparametric algorithms specifically designed to tackle computationally intensive recognition
of patterns in very large datasets. The methods are applied to a large data set of over
20 million observations (”big data”). The methods use all possible information available
regardless on prior conceptions about their usefulness, and take into account interaction
among all variables. Thus, they may unveil underlying relationships that have not yet
been discovered. We compare the forecast performance of several di↵erent specifications.
Since the methods are not constrained to a limited dataset, but use instead full available
information in a big data set, the methods reduce model risk in terms of specification and
data2 .
Two main financial service corporations that perform an important role in the
U.S. housing finance system are Fannie Mae and Freddie Mac. In the past decades, these
agencies led to increases in home ownership of low- and middle-income families by improving
availability of mortgage credit under a range of economic conditions. The Office of Federal
Housing Enterprise Oversight (OFHEO) has developed and conducted capital regulation
”stress tests” on these agencies starting in 2002. However, these tests proved to be a
failure in forecasting the housing crisis and mortgage loan default risks of the late 2000s.
The large losses of these agencies led them to be insolvent and the Federal Housing Finance
2

There are very few studies that apply machine learning in Economics (there are many more in Finance
and a large literature on science fields). Recently, Chakraborty and Joseph 2017 introduced practical aspects
of machine learning and associated methodologies in the context of central banking and policy analysis. Other
studies with applications of machine learning in Economics are Varian (2014) and Einav and Levin (2013).
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Agency (FHFA) put them into conservatorship in 20083 . Frame, Gerardi, and Willen (2015)
study the sources of failure of these OFHEO risk-based capital stress tests on 30-year fixedrate mortgage performance. They challenged the OFHEO stress test in terms of model
specification, sample period, scenarios, and assumptions. In particular, these tests were
estimated using mortgages data from 1979 and 1997, and then applied to forecast mortgage
performance between 2002 and 2008. That is, the tests were implemented with no changes
in variables, and the models and forecasts of mortgage default were not reestimated as
new data become available4 . Frame, Gerardi, and Willen (2015) forecast quarterly default
forecasts over the period 2000-2010 using the Lender Processing Services (LPS) dataset
for this period. They consider loan performance data and relevant acquisition features,
such as borrower credit score, loan documentation and local unemployment rates. The
OFHEO stress test, on the other hand, used only loan performance data without regarding
information on borrowers’ risk. Frame, Gerardi, and Willen (2015) show that their updated
model improves forecasts of loan default and default rate even from 2005 on, when the
housing market risk increased substantially. However, the paper use data from 2000 to
2010 to provide predictions for the same period. That is, the study does not conduct outof- sample real time forecasting tests. Also, both OFHEO and Frame, Gerardi, and Willen
(2015) used a logistic regression to forecast loan default, which is one of the most widely
used techniques for classification purpose.
This paper uses machine learning algorithms to model and forecast loan performances using a new large database of over 20 million observations from Fannie Mae and
3
Concurrently, the Treasury entered into senior preferred stock purchase agreements with each institution.
Under these agreements, U.S. taxpayers ultimately injected $187.5 billion into Fannie Mae and Freddie Mac.
4
One of the reasons, as pointed by Frame, Gerardi, and Willen (2015), was that all details of OFHEO
stress tests had to be made public by law, which made it difficult to implement constant updates and changes.

3

Freddie Mac single family dataset, which was released in the beginning of 2013. The quarterly data are at loan level ranging from 2001Q1 to 2016Q4, and include loan performances
and acquisitions. In order to evaluate the model performance and provide forecasts that
could be used out of sample in real time, we divide the data into three samples: before the
financial crisis (2000-2006), during the crisis (2007-2011), and after the crisis (2012-2015).
In each period, the data is split into a training dataset (70%) for model estimation and a
testing dataset (30%) used for out of sample forecasts.
We apply four machine learning models to forecast mortgage loan default: KNearest Neighbors (KNN), the tree-based classifier Random Forest (RF), Support-Vector
Machines (SVM), and Factorization Machines (FM). These models are ideally suited for loan
level analysis because of the large sample sizes and complexity of the possible relationships
among features. We compare our results with those obtained from logistic regression as
estimated in the OFHEO stress tests and in Frame, Gerardi, and Willen (2015). The
logistic regression is the most widely used techniques for classification purpose5 .
The machine learning methods used have many advantages and some disadvantages over logistic regressions. In particular, K-nearest neighbors are non-parametric, simple, and suited for forecasting, particularly when the training data contain missing observations and outliers, and are unbalanced. However, since the method does not o↵er a
description of the learned concepts, the results are not directly interpretable. Random Forest applies the general technique of bootstrap aggregating to tree learners. This algorithm
is not only extremely useful for forecasting but the methods also allow classification on
5

logistic regression are parametric algorithms that consider linear connections between predictors and
classes. Moreover, these regressions measure the e↵ect of changes in a predictor on the response, which is
independent of the values of the other predictors.

4

whether a variable is more or less important when constructing the (bootstrapped) decision
tree. The Support-Vector Machines algorithm seeks to find a hyperplane that separates the
data as well as possible. Additionally, we can use the kernel function to unveil non-linear
connection between input variables with output variables. Finally, we propose the application of Factorization Machines introduced by Rendle (2010) to forecast mortgage loan
defaults. Factorization Machine models consider all interactions among variables implicitly,
which may lead to large improvements in forecast accuracy.
The results indicate that each one of the four machine learning methods considered
display higher forecasting accuracy relative to logistic models. We evaluate the forecast
performance using the metric Area Under the Curve (AUC) using the ROC Curve, which
plots the true positive rates against false positive rates6 . The AUC is a metric for binary
classification that measures the accuracy of forecasts, ranging from 50% to 100% 7 .
The machine learning methods provide substantially more accurate forecasts of
mortgage loan defaults than the traditional logit methods for all periods including before,
during, and after the finance crisis. The AUC values for Factorization Machines forecasts
are the highest compared to all other methods with values between 88% and 91%. This is
followed by the K-Nearest Neighbors and Random Forest forecasts, whose AUC is 88% on
average, while the forecast accuracy of the nonlinear Support-Vector Machine with radial
kernel is around 87%. On the other hand, the AUC for logit models are just around 85%.
Additionally, some of the machine learning methods (such as Random Forest)
allow classification of the importance of variables in forecast accuracy in each period con6
Given that we balance the data before model fitting and forecasting, other accuracy measures such as
Recall, Precision, Sensitive, and F1 score are all encompassed in the AUC metric used in this paper.
7
Generally, the AUC value between 0.9-1 is considered excellent forecast accuracy, 0.8-0.9 good, 0.7-0.8
fair, 0.6-0.7 poor, 0.5-0.6 fail.

5

sidered. We find that negative equity is the most important variable in loan default during
the financial crisis. However, the age of the loan has the most weight in forecasts of loan
default during normal periods. We construct out-of-sample forecasts with four-year rolling
windows starting from 2001 to 2016. The results show that all machine learning methods
provide substantially more accurate forecasts of mortgage loan defaults compared to logistic
regressions. The remainder of the paper is structured as follows: section 2 describes the machine learning models used, which include K-Nearest Neighbors, Random Forests, Support
Vector Machines, and Factorization Machines. Section 3 explain the data collection, data
treatment and procedure, and provides statistical analysis of Fannie Mae and Freddie Mac
loan level data. Section 4 reports the empirical results for several forecasting procedures
in-sample and out-of-sample. Section 5 concludes.

1.2

Machine learning algorithms

In this section, we describe the machine learning techniques that we use to forecast mortgage
loan default in a supervised learning framework. In the supervised learning problem, a
learner is presented with input/output pairs, where the input data to be used to determine
the output value (Khandani et al.,2010)8 . In this study the supervised learning problem
represent as classification problem since the output is a discreet binary variables. In fact,
we are looking for a classifier function that correctly maps such input vectors to the output
values. We focus on commonly used machine learning techniques such as KNN, RF, SVM,
and FM and compare them with the logistic regression.
8

In this study, we call input variables either ”features” or ”exogenous variables”

6

1.2.1

Logistic Regression

This study uses a logistic regression as a benchmark model to forecast mortgage loan defaults
to compare logistic regression forecast performance with other classifier methods. Let Y be
a binary random variable that gets value one if the loan is defaulted and zero otherwise.
Suppose X = (x1 ....xp ) are exogenous variables. Then the conditional probability of a
defaulted loan is:
P
exp( 0 + pi=1 Xi i )
P
p(X) = E(Y |x1 , x2 , ..., xp ) =
1 + exp( 0 + pi=1 Xi i ))

(1.1)

Note that feature spaceX contains to the borrower characteristic variables, loan performance
variables ,and macroeconomic variables such as the unemployment rate, slope of yield curve,
and housing price index that do not vary for loans but change across geographic areas
during the life of the mortgage loan. Applying the transformation and taking logarithm
from equation 1:
log(y) = log(y/(1

y)) =

0+

p
X

Xi

i

(1.2)

i=1

Equation 2 is a linear model in the parameters and one can use ”maximum Likelihood”
methods to estimate parameters

=(

1 , ...,

p ).

These parameters have been applied to

forecast testing observations. For example, the default probability of a new observation
from testing data x⇤ can be written as :
P
exp( 0 + pi=1 Xi⇤ i )
P
p(x ) =
1 + exp( 0 + pi=1 Xi⇤ i ))
⇤

(1.3)

If the probability is more than a certain threshold, then observation x⇤ takes value one and
zero otherwise.

7

1.2.2

K-Nearest Neighbors (KNN)

In a forecasting problem with a classification setting we are interested to know what is the
appropriate class for a new test observation. However, we don’t know the exact distribution
of the data. One of the simple, non-parametric methods that doesn’t consider a distribution
for the data is K-Nearest Neighbors (KNN). KNN highlights K points close to the test
observation

9

x⇤ , and fits a conditional probability for class i = {1, 0} as a portion of K

points that belong to classi in the training dataset:
P r(Y = i|X = x0 ) = 1/K

X

I(yi

i)

(1.4)

One of the challenging parts of KNN is choosing K. In fact, K sets the trade o↵ between
variance and bias in the estimation. A small number of K returns low bias and high variance
for the prediction.This causes excellent prediction performances during training observation
but weak performances during the testing dataset. If K = 1 the forecast error rate is zero
for the training observation but unreliable for the test datasets. On the other hand, a
large K may decrease the variance of the predication but cause high bias that returns an
inaccurate forecast. Figure 1 shows an example for KNN algorithm with k =1,2, and 3.
There are two classes (+,-), and x is a new observation. When k =1 , the new observation
belongs to class -, however, KNN classifier assigns + to the new observation when k=3.
This study uses across validation methods to find the optimal K.
In comparison to logistic regressions that present as a linear decision boundary,
KNN is non-parametric methods and doesn’t assume decision boundary. Therefore, one can
expect the KNN approach to return higher performances than a logistic regression when
9

One can use euclidean distance d(p, q) =

pP

i (pi

8

qi )2 to measure how close two points are.

Figure 1.1: Definition of K Nearest Neighbor

the decision boundary is not linear. On the other hand, KNN is not able to find important
predictors, and doesn’t deliver the table of coefficients.

1.2.3

Tree Based Learning Algorithms

Decision trees are useful algorithms for interpretation since they are simple but generally
have a lower prediction performance in comparison to other machine learning algorithms.
In the classification tree, the training observations are partitioned in to m regions. A class
is assigned to each region based on the most commonly occurring classes. The tree classifier
finds the cut o↵ points by the minimizing the classifier error rate in each region. Figure
2 shows a tree classifier alghorithm. Suppose there are two classes, loan default and not
default, and two features, loan to value(LTV) and debt to income (DTI) . The tree classifiers
find cut o↵ points, L1 , L2 and L3 such as if LOTV > L1 and DTI > L2 , default is assigned;
if LOTV < L1 and DTI > L2 , Non-default is assigned ; and so on. There are a few measures
for classifier error rates; the simplest one is defined as the portion of the observations that
don’t belong to the most common classes. We can show it mathematically as:
error = 1

maxPi,k
9

(1.5)

Where Pi,k is the portion of observations that belong to class k in region i. Since the simple
classifier error rate is not sensitive enough to grow a tree ( James et al., 2015), many studies
considered Gini index:
G=

K
X

Pi,k (1

Pi,k )

(1.6)

k=1

Similar to other classifiers, one can add a tuning parameter to the above Gini index in order
to control the tradeo↵ between bias and variance, and to avoid overfitting. Specifically, a
complicated tree may have a very low bias, and a high variance of fitting. In this case,
there is an overfitting issue for training observations. It means, prediction performance is
very good during training observations, but very weak during the test set. By making the
tree simpler, the variance may decrease significantly with the cost of increasing bias a little.
Suppose T0 is the biggest possible tree. Then for each tuning parameter
T . The tuning parameter

there is a subtree

is determine by cross validation. Therefore, the Gini index can

written as :
G=

K
X

Pi,k (1

k=1

Pi,k ) + kT k

(1.7)

where kT k is the number of terminal nodes of tree T .
There are some advantages to using tree classifiers rather than linear logistic regressions.
Besides easy and understandable visualizations, tree classifiers consider the non-linear connection between outputs and inputs.But, one problem with the tree classifier is low accuracy
of prediction in relation to other classifiers. In fact, tree classifiers su↵er from high variances
: a slightly di↵erent sample can yield entirely di↵erent splits. Furthermore, the forecast
performance is good during train observations but weak during the test. To avoid large
variance of the tree classifiers, one can bootstrap by taking repeated samples from a train-

10

ing observation and find classifier prediction for each sample. The average of predictions
gives a new classifier called bagging:
ˆ = 1/N
f (x)

N
X

fˆn (x)

(1.8)

n=1

Where N is number of bootstraps. Bagging is a proper algorithm to reduce variance of tree
classifiers and improve the forecast accuracy by splitting the boosted training observations.
However, bagging considers the same features in each split. It means the important features
are considered in the top of each bagged tree in each bootstrap. Therefore, highly correlated
trees may not decrease the variance of the prediction significantly. To achieve un-corolated
trees, one can use Random Forest (RF) algorithms. RF classifiers not only split training
observations but get random samples from features. There are di↵erent features in each
tree and less important features are considered and may get a top position in a specific tree.
While the predictions of a single tree are highly sensitive to noise in its training set, the
average of many trees is not, as long as the trees are not correlated.

1.2.4

Support vector machines (SVM)

Support Vector Machines (SVM) are one of the best learning algorithms for classification and
regressions. The SVM finds a hyperplane that separates training observations to maximize
the margin(smallest vertical distance between observations and the hyperplane). Intuitively,
there are many hyperplanes that can separate the classes and each of them has a certain
margin. The distance between observations and the decision boundary explains how sure
about prediction. If one observation is in longer distance with hyperplane, more probably
it belongs to the correct classes. Therefore, an optimal hyperplane maximizes the margin.
11

Figure 1.2: A tree example with binary dependent variables default and non-default, and
two independent variables {LTV,DTI}
.
This optimal hyperplane is determined based on observations within the margin which
are called support vectors. Therefore, the observations outside of support vectors don’t
influence the hyperplane. Considering a training set S = {(xi , y i ), i = 1, ..., m} where m is
the number of observations. Define (w, b) as the smallest margin on training observations
S where w contains parameters of the hyperplane and b is the hyperplane intercept
M = min Mi

i = 1, ..., m

10

:

(1.9)

Assume the positive and negative classes can be separated by a linear hyperplane then one
can write the SVM optimization problem as :
M axw,b M
st

yi (wT xi + b)

M,

kwk = 1
10

(1.10)
i = 1, ..., m

(1.11)
(1.12)

Note that a functional margin define as M̂i = yi (wT x + b) and a geometric margins define as Mi =
yi ((w/kwk)T xi + b/kwk)

12

Where M is the margin. Yi is the class of the training observation i,xi is the feature spaces
i in the training dataset. w are the parameters of the hyperplane, and b is the intercept.
Constraint 11 guarantee all of the observations are on the correct side of the hyperplane
and constraint 12 ensures that functional and geometric margins are the same. In fact, both
constraints together guarantee that each observation is on the correct side of the hyperplane
and at least a distance M from the hyperplane (James et al., 2013). Since the constraint
kwk = 1 is non-convex, we can plug in to the objection function and maximize M/kwk.
However, objection function M/kwk is still non-convex. By scaling margin M to one the
optimization problem can be written as:
1
kwk2
2

M inw,b
st

(1.13)

T

yi (w xi + b)

1,

i = 1, ..., m

The optimization problem can be solved efficiently and returns parameters w and b. Note
that above optimization problem included an inequality constraint. Thus, one can consider
a Lagrange duality to solve the problem. We set the Lagrangian problem as :
1
L(w, b, ) = kwk2
2

m
X

i [yi (w

T

xi + b)

1]

(1.14)

i=1

In the first step, we should minimize the above Lagrangian with respect to w and b:
5w L(w, b, ) = w

m
X

m
X

i yi x i

i yi x i

=0

(1.15)

i=1

which implies optimal w as:
w=

(1.16)

i=1

and after taking the derivative with respect to b :
m
X

i yi

i=1

13

=0

(1.17)

In the second step, we should plug in the optimal w and constrain 17 in Lagrangian equation
and maximize it with respect to :
m
X

max

i

i=1

s.t
m
X

i
i yi

m
1 X
yi yj
2

i j

< x i , xj >

i,j=1

0,

(1.18)

i = 1, ..., m

=0

i=1

Constraint

i

0 implies that constraint 13 holds with equality. and constraint

Pm

i yi

i=1

=

0 coming from equation 17. Also < xi , xj > is inner product of two vector xi and xj .
Suppose there is a new observation from testing data x⇤ and we wish to predict if
it belongs to class one or zero. We fit the model and find the optimal w as a function of ,
and then calculate wT x⇤ + b. If this quantity is bigger than zero y takes a value of one and
zero otherwise. By substitute 16 in the margin, this quantity can written as:
w T x⇤ + b = (

m
X

i yi x i )

i=1

m
X

i yi

T

x+b
(1.19)

< xi , x⇤ > +b

i=1

In fact, the prediction depends on the inner product of the new observation x⇤ and the
training observations xi . However,

i

are all zero except for support vectors; thus, many

of the quantities will be zero, and we just need to find the inner products between x⇤ and
the support vectors. Intuitively, the prediction depends on how far the new observation is
from support vectors. If it is too far the quantity is higher and we can assign classes with
more confidence. Similar to other classifiers, SVM includes parameters that implies tradeo↵
between bias and variance. Specifically, a hyperplane which separates all observations in
exactly two classes may not be very reliable because changing only one observation, can
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create new hyperplane. Therefore, the SVM algorithm allow some observation to violate
the correct classification and stand on the wrong side of the margin, or even the hyperplane.
The measure of misclassifications depends on the tradeo↵ between bias-variance. Specifically
when the width of the margin is narrow, the classifier fits the training data well but with
low bias and high variance. Further, with a wider margin, more observations lie on the
wrong side of the hyperplane and margin and classifier fits the data with lower variance
and a higher bias. The measure of misclassification, known as the tuning parameter, is
determined by cross validation. Therefore, optimization problem 13 can be adjuststed as:
m

X
1
M inw,b kwk2 + C
✏i
2
i=1

yi (wT xi + b

s.t
✏i

0

n
X

and

i=1

1

(1.20)

✏i

✏i  C

Where C is a non negative tuning parameter and ✏1 , ..., ✏m are slack variables (James et al.,
2013) that allow training observations to be on the wrong side of the margin.
We consider linear SVM models so far. But, in equation 19 one can substitute the
kernel function K(xi , xj ) instead of the inner product < xi , xj > where:
K(xi , xj ) =

p
X

xik xjk

(1.21)

j=1

Where p is number of observations. Kernel function K(xi , xj ) is called a linear kernel
since the hyperplane is linear in features and it calculates how similar two observations are.
However, we may be interested to learn using some features such as x2 , x3 , x1 x2 , and... .
In this case we can use non-linear kernels. For example, suppose
one can replace

(x) = [x, x2 , x3 ]T . Then

(x) instead of the original x in the above equation. This means we can
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replace < (xi ), (xj ) >in equation 21 and corresponding kernel can be defined as :
K(xi , xj ) = (xi )T (xj )
Then the SVM algorithm uses the feature

(1.22)

(xi ). One of the advantages of using a kernel

instead of the inner product of two features is that computing (xi ) can be very complicated
since it is a high dimensional vector(requires O(n2) time ),however, calculating a kernel is
more simple and efficient ( requires O(n)time). The intuition of using a SVM algorithm
with a kernel is exactly like before: K(xi , xj ) = (xi )T (xj ) shows how far (xi ) and (xj )
are from each other. There are di↵erent kernel functions which can reasonably measure how
similar xi and xj are. One of the most well known non linear kernels use in this study is
known as the radial kernel function (RBF):
k(xi , xi, ) = exp( c

P
X

(xij

xi , j ) 2 )

(1.23)

j=1

Which is one when xi and xj are close and approach zero when they are far from each other.
Using the kernel SVM for forecast mortgage loan defaults is di↵erent from the logistic
regression in at least two ways: First, kernel SVM are non-parametric methods which use
kernel function to enlarge the feature space and contain non-linear class boundary. But
a logistic regression is a parametric method that estimates parameters based on a linear
decision boundary. Second, In SVM only support vectors play a role in the classifier, and
other observations do not a↵ect the decision boundary, but in a logistic regression, all
observations are involved.
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Table 1.1: The summary of categorical data
Borrower
one or more

Loan Size
[0, 50] [50, 100]

Unemployment
5%

Loan to Value
[0 , 70%] [70% , 99%]

0
1
1
0
0

0
1
1
0
1

0
0
1
0
0

1
1
1
0
1

1.2.5

1
0
0
1
0

0
0
0
1
0

Credit Score

600
0
0
0
1
0

Factorization Machines

This study proposes the application of Factorization Machines (FM) introduced by ( Steffen Rendle, 2010) to forecast mortgage loan defaults. In this section we briefly describe
FM in relation to other learning methods. In all methods, we are interested in including
interactions between features. For example consider a degree 2 (d=2) polynomial classifier
:
y(x) = w0 +

n
X

w i xi +

i=0

n X
n
X

wi,j xi xj

(1.24)

i=0 j=i+1

Where w0 2 R is global bias, w 2 Rn are the weights for feature vector xi , and W 2 Rn⇥n
is the weight matrix for the feature vector combination xi xj . This polynomial classifier is
an improvement over linear models since they can capture interactions between variables
at least for two variables at a time. However, there is a O(n2 ) complexity, and training the
model requires more time and memory. A more important problem is that the polynomial
regression doesn’t consider many interactions in a categorical dataset, which is a feature
we are interested in. For example, consider table 1 which is a summary of our categorical
dataset. The table displays five features which are categorical. Column one takes a value
of one If the number of borrowers is more than 1, and zero otherwise ; column 2 is loan
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size split in to two categories : [0, 50]and[50, 100]. Column three displays the change in the
unemployment as categorical: if unemployment changes more than 5% this variable takes a
value of one, and zero otherwise. LTV is split in to two categories : [0, 70]and[70, 99], and
the last column shows the credit score as categorical: if it is more than 600 takes a value of
one and zero otherwise. Given this dataset, the polynomial in equation 24 won’t consider
the joint e↵ects of a large loan size (e.g. , 70) when the number of borrowers is more than
one. However, They can be highly related. This issue arises due to a lack of co-occurrence
of variables in a specific row of the design matrix ( Perros and Sun ,2015). Factorization
machines (FM) on the other hand can ensure that all interactions between pairs of features
are modeled using factorized interaction parameters. The FM model of order d=2 is define
as follows :
ˆ = w0 +
y(x)

n
X

w i xi +

i=0

n X
n
X

xi xj

i=0 j=i+1

k
X

vif vjf

(1.25)

f =1

Where w0 2 R is global bias, w 2 Rn are the weights for feature vector xi , and V 2 Rn⇥k
is the weight matrix for feature vector combination vi vj . In fact, the feature combination
weights wij 2 Rn⇥n in an FM model are replaced with factorized interaction parameters
between pairs such that, wij =< vi , vj >=
equation 25 as

11 :

ˆ = w0 +
y(x)

n
X

Pk

f =1 vif vjf

k

w i xi +

i=0

n

where V 2 Rn⇥k . One can write

1X X
((
vif xi )2
2
f =1

i=1

n
X

2
vi,f
x2i )

(1.26)

i=1

The computation complexity in equation 26 is O(kn). Moreover, this equation shows <
vi , vj >and< vi , vl > are related, because parameter (vi ) is shared in both. Thus, variable
11

Please see Ste↵en Rendle, 2010 for the proof
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interaction parameters can be estimated even thought there are no observations about the
pairs of interest, since data for one interaction can facilitate the parameter estimation of
related interactions ( Perros and Sun ,2015)

1.3

Data

There are several mortgage loan level datasets that can apply for the prediction of loan
defaults. The department of Housing and Urban Development (HUD) released single family
loan level data on mortgages acquired by Fannie Mae and Freddie Mac. Also, Frame,
Gerardi, and Willen (2015) use Lender Processing Services(LPS) mortgage data to estimate
loan performances and capital stress tests. Since neither of these two datasets are available
to me, I used Fannie Mae single family loan performances datasets released at the beginning
of 2013. The public dataset includes around 22 million loan level observations of Fannie
Mae’s 30-year fixed-rate, amortizing loans that Fannie Mae owned or guaranteed on or after
January 1, 2000.12 We used the data from 2000Q1 to 2015Q4. Fannie Mae loan performance
data divides into two parts : acquisition and performance. Acquisition includes static data
at the time of a mortgage loan’s origination and delivery to Fannie Mae and contains three
types of information. First, it includes some information about the borrower such as, debt to
income ratio (DTI), borrower credit score , number of borrowers, and first time home buyer
indicators. Second, some property characterizes data such as property type and location of
property (State and zip code), and number of units. Finally, fixed loan characteristics such
as original loan to value (OLTV), original date of loan, and original interest rate
12

In July of 2015 Fannie Mao published additional credit performances data.
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The performance part contains the monthly performance data for each mortgage
loan from the time of Fannie Mae’s acquisition up until the mortgage loan has been liquidated (e.g., paid-o↵, repurchased, short sale, etc.). This part covers some information about
unpaid principle balance (UBP), Interest rate, and delinquency status in each month.

13 .

The size and dimension of the dataset is a significant challenge, even for computing
basis summary statistics. For this reason, we included variables that either have been
considered by FGW(2015) and OFHEO, or intuitively may influence probability of loan
defaults. We can categorize theses variables into three parts. First, raw variables which
catch directly from either performance or acquisition parts of the Fannie Mae dataset such
as DTI, OLTV, loan size, loan age, loan purpose, and credit scores (FICO). Second, the
variables that are derived by combining loan information with external economic data,
such as mortgage premium (spread), market loan to value (MLTV), and loan size.14 .
Finally, macroeconomic variables such as slope of the yield curve, local unemployment
rate, and housing price index. These variables are constant over loans but change across
geographic areas during the life of the mortgage loan. List of the variables with more detail
are presented in the appendix 1. Moreover, the target variable is a binary outcome that
indicates whether a loan is defaulted or not. We follow Fannie Mae’s definition of a default:
a mortgage loan is defaulted if a property ends through either transfer of the property to
third party, sale of real estate less than amount of the debts secured by liens against the
property (short sale), owned property by lender after unsuccessful sale at foreclosure auction
13

This dataset does not include data on adjustable-rate mortgage loans, balloon mortgage loans,
interest-only mortgage loans, mortgage loans with prepayment penalties, government-insured mortgage loans, Home A↵ordable Refinance Program (HARP) mortgage loans, or non-standard mortgage
loans.(http://www.fanniemae.com)
14
The complete name of the variables and their calculations are listed in appendix 1
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(REO), or note sale. This definition is consistent with the OFHEO definition of a default
when a mortgage is terminated with a loss.
Also, we provide some illustrative examples of the relationship between certain
variables and subsequent loan defaults to develop intuition for both the data and the
machine-learning algorithms.

15

. OLTV ratio is an index of the borrower’s ability to

pay o↵ their loan. Figure 3a displays that loans with higher LTVs are more likely to default
and figure 3b shows this connection is stronger during financial crisis. However, OLTV can
change over time when the local housing price goes up or down. Sometime, a significant decline in housing prices lead to borrower negative equity where the value of house is less than
borrower mortgage debt. OFHEO and FGW capture this by adding a measure of the probability that a borrower is currently in a position of negative equity. This process requires
dynamic loan information since it is created until terminated. An easier way is updating
loan balance and home price inputs to create a new LTV (MLTV) that reflects amortization
and home price change to-date16 . For this exercise, we used FHFA’s recently published 3Digit-Zip Home Price Index (HPI). Figure 4 shows a significant higher MLTV for the loans
that have been defaulted; specially during financial crisis. FGW (2015) considers borrower
credit score (FICO) as an expansionary variable for loan default. Fig 5 displays that a lower
credit score makes a loan default more likely. Also, we consider DTI as an expansionary
variable for loan defaults. The DTI can be an indicator of the borrower’s income, and loans
with higher DTI are more likely to default. Although, figure 6 shows a positive relationship
between DTI and default but, this connection is not as strong as other variables. Gyourko
15

Fannie Mae illustrate the connection between mortgage loss and certain variables over time
(http://www.fanniemae.com/resources/file/fundmarket/pdf/webinar-102.pdf)
16
The calculation of MLTV is in appendix one
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and Tracy (2013) show there is strong correlation between household-level unemployment
rates and defaults, however this relationship is weak for aggregate unemployment. We use
county-level unemployment rates from the Bureau of Labor Statistics to add local unemployment change as an expansionary variable. Figure 7 shows change in unemployment
over time in connection with defaults. Finally, slope of the yield curve (Slp Yld), which is
calculated as the di↵erence between the ten-year Constant Maturity Treasury yield to the
one-year Constant Maturity Treasury yield can influence expectations of the future levels
of interest rates. Figure 8 shows the connection between slope of yield curve and default
during time.

1.3.1

Using Smote function to balance data

One issue with the Fannie Mae loan level dataset is highly unbalanced distribution of
the two classes default and non-default. 1644452 out of 1689199 observations (97%)

17

defined as non-default while just 3% of the data is assigned to class 1(defaulted). In this
case the classifiers won’t be able to recognize minor classes and are influenced by major
classes. For example, In a logistic regression the conditional probability of minor classes
are underestimated (King and Zeng, 2001) and Tree based classifiers, and KNN yield high
recall but low sensitivity when the data set is extremely unbalanced ( Cieslak and Chawla,
2008). Before fitting the model over the training dataset and forecast classes over the testing
dataset, we should balance the data. There are di↵erent methods to balance the data such as
oversampling , under-sampling , and Synthetic Minority Oversampling Technique (SMOTE)
17

Total of observations are around twenty millions loan level data. After cleaning the data and 10%
sampling for each year, we work on 1689199 loan level observations.
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proposed by Chawla et al. (2002). Oversampling methods replicate the observations from
the minority class to balance the data. However, adding the same observation to the
original data causes overfitting, where the training accuracy is high but forecast accuracy
over testing data is low. Conversely, the under-sampling methods remove the majority of
classes to balance data. Obviously, removing observations causes the training data to lose
useful information pertaining to the majority class. SMOTE finds random points within
nearest neighbors of each minor observation and by boosting methods generates new minor
observations. Since the new data are not the same as the existing data the overfitting
problem won’t be an issue anymore, and we won’t loose the information as much as with
the under-sampling methods. For these reasons, this study considers the SMOTE function
to balance the data.

1.4

Measure of Forecast Accuracy

To compare di↵erent classification methods, we should find an appropriate measure for
forecast accuracy. In a classification problem, appropriate performance measures may be
obtained from a confusion matrix

18

which displays predicted classes versus true classes

(Table 2). A common performance measure are test error rates. The test error rate is the
referring loans that do not default to the default class or defaulted loans that are incorrectly
assigned to non-defaulted loans. Base on confusion matrix 2 error rate can be defined as
(F P + F N )/(T N + T P + F P + F N ), however, error rates are highly dependent on changes
in data and return ambiguous results. Moreover, the performance of di↵erent models can
18

Some literatures use term ”classification table” instead Confusion matrix
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be compared by sensitivity and specificity of classifiers over the test data set.

19 .

Note

that class-specific performances vary with a change in the threshold ratio, and there is a
tradeo↵ between specificity and sensitivity when the threshold ratio goes up or goes down. If
P r(yi = 1) is relatively large there is a high probability that loan i belongs to default classes
,but we need to determine the thresholds. For this reason, this study considers one of the
widely used measures of forecast accuracy known as the Receiver Operating Characteristics
(ROC) curve. The true positive rate (sensitivity of the classifier) is then plotted versus the
false positive rate (1 - specificity of the classifier) for each classification threshold. If the
ROC curve is closer to the top left, the classifier performs better and the area under roc
curve (AUC value) is larger. A completely random guess yields AUC 50% which is a point
a long of the diagonal line from the bottom left to the top right corners of ROC curve
while a perfect classifier would yield a point in the upper left corner of the ROC space,
representing 100 % sensitivity (all true positives are found) and 100% specificity (no false
positives are found). This study applies AUC to compare the forecast accuracy of di↵erent
classifiers.
Table 1.2: Confusion Matrix

Predicted Default

True Default
True Negative
False Negative
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False Positive
True Positive

the sensitivity define as percentage of true defaulters and specifying specify as a percentage of nondefaulters that recognize correctly. Therefore, error type 1 is (1- specifying) and error type 2 is (1-sensitivity)
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1.5

Results

We now turn to present the results of model evaluation. First, we focus on the data that we
split into three parts: before financial crisis (2002-2006),during financial crisis (2007-2011),
and after financial crisis (2012-2017). In each period, we split the sample to the training
and testing datasets randomly, balance both training and testing observations, and finally
normalize the data to have mean zero and variance one20 . We use training observations to
fit certain model and adopt fitted parameters to forecast testing observation.
Table 3 displays forecast accuracy measures for the di↵erent models during di↵erent time horizons. The first row of table 3 is AUC for the logit model. Forecast accuracy of
the logistic regression is around 85% all the time. However, AUC value for KNN classifiers
is higher than logistic regression all the time but it is decreasing : 90% before financial
crisis, 89% during financial crisis, and 87% after financial crisis. Note k inside the parenthesis is the optimal k which is earned by cross validation. The AUC value for SVM and
RF models are almost similar to each other, higher than logistic regressions, and lower than
KNN models before and during financial crisis. Note, SVM classifiers adopts a radial basis
kernel function (RBF). We try other kernel functions which obtain almost the same results.
.

21 .

Accuracy forecast in FM models dominates logistic regressions and other machine

learning classifiers: 91% AUC value before financial crisis, 89% during financial crisis, and
88% after financial crisis.

22 .

FM models include the interaction of the all variables and

20

Note that the order of this operations are important. For example, we won’t get an accurate results if
the data was balanced then split to training and testing observations.
21
We don’t report AUC value for the linear SVM models since it is similar to logistic regressions
22
Note, that we can also present other accuracy measures such as Recall, Precision, and F1 score. But
the value of these measures are almost same as AUC value. The reason is that we balance the data before
fit and forecast the models
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this can be one reason for high forecast accuracy of this models. Figure 9 presents ROC
curve for the classifiers where three graphs are for three di↵erent time horizons.
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In a

ROC curve, the horizontal axes is the true positive rate (Sensitivity) and the vertical axes
is the false positive rate (1-Specificity) for di↵erent threshold points of a parameters. Thus,
If the curve is closer to the top left then the accuracy of the forecast is higher. According
to the ROC curve, FM models have the highest accuracy and the logistic models have the
lowest one in all three di↵erent time horizons. One of the important results of this study
is to determine the important features. Figure 10 ,11, and 12 show important variables
in each period of the time. The loan age is the most important variable before and after
financial crisis, however, MLTV is the most e↵ective variable in failing a mortgage loan
during financial crisis. Generally, the loan age, MLTV, credit score (CSCORE), and the
ratio of loan to value(OLTV) are the top four important features to predict loan default.
Moreover, we construct an out of sample forecast with three year windows and
predict loan default one year ahead. The result is displayed in figure 13 where the horizontal
axes is the time and the vertical axes is the AUC value. FM forecast accuracy dominates
other classifiers and logistic regressions over time. machine learning methods (RF, SVM,
and KNN) perform better than logistic regressions but their forecast accuracy are lower
than FM models.
23

Remind that the AUC value is the area under ROC curve.
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1.6

Conclusion

After financial crisis (in 2009) supervisory authorities have consider stress testing a central
part of their supervisory regimes to insure health of big and complex financial institutions.
However, in designing stress tests, authorities need to explore models, stress scenarios, and
data. If forecast models do not accurately reflect all possible outcomes, it can lead to a
failed stress test.
One of the supervisory authorities, Office of Federal Housing Enterprise Oversight
(OFHEO), was charged with ensuring the capital adequacy, financial safety, and soundness
of Fannie Mae and Freddie Mac. However, the Federal Housing Finance Agency (FHFA)
put Fannie Mae and Freddie Mac into conservatorship in the summer of 2008.
This studies’ focus is to challenge the models that are used by OFHEO to forecast
mortgage loan defaults. More specificity, OFHEO and some other studies use logistic regression to forecast mortgage loan defaults, and prepayments. In this study, we use machine
learning methods to forecast mortgage loan defaults. we discuss about the most commonly
used supervised learning methods such as KNN,SVM,RF, and FM and apply them on Fannie Mae single family loan performances dataset from 2001 to 2016 to predict mortgage
loan defaults.
First, we divide the data to three parts: before financial crisis (2002-2006), during
financial crisis (2007-2011), and after financial crisis (2012-2017). In each period the sample
is split to training observation to fit the models and testing observations to forecast new
observations. The results confirm that applying machine learning methods yields better
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forecast accuracy than traditional classifier methods such as logistic regression. AUC value
using logistic regression is 85% on average, however, this value is 88% on average for the
KNN,SVM, RF, and it is around 90% for the FM model. Moreover, we construct an out of
sample forecast with rolling windows three years ahead and forecast loans default one year
ahead.
The results, verify that machine learning classifiers yield higher forecast accuracy
than logistic regressions. Finally, we can recognize the importance of the variables using
machine learning algorithms. The loan age is the most important variable before and after
financial crisis, however, MLTV is the most e↵ective variable in failing a mortgage loan
during financial crisis. Generally, the loan age, MLTV, credit score (CSCORE), and LTV
are the top four important features to predict loan defaults.
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1.7

Appendix
Raw Variables
loan age
loan purpose
FICO
DTI
OLTV
Number of Borrower

External Economic Data
MLTV
Spread
Loan Size

Macroeconomics Variables
Unemployment Rate
Slope of Yield Curve

Mortgage Premium (Spread) = (Current Interest Rate - Market Mortgage Rate)/Current
Interest Rate
Loan Size = Original un-payment balance (UPB) / Average UPB in the same state and
same date
Market Loan to Value (MLTV) = (Current UPB/HPI Factor) * Original Housing Value
Where HPI Factor = Current HPI / Original HPI

Table 1.3: AUC for Classifires

MODEL
LOGIT
KNN
RF
SVM
FM

01-06

Time
07-11

12-16

0.85
0.90 (k=30)
0.88
0.88
0.91

0.85
0.89(k=12)
0.87
0.87
0.89

0.85
0.87(k=14)
0.87
0.86
0.88
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Figure 1.3: The relationship between OLTV and loan default

Figure 1.4: The relationship between MLTV and loan default
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Figure 1.5: The relationship between DTI and loan default

Figure 1.6: The relationship between MLTV and loan default
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Figure 1.7: The relationship between change in unemployment and loan default

Figure 1.8: The relationship between slope of yileld and loan default
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Figure 1.9: ROC Curve
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Figure 1.10: Importance of variables (2001-2006)

Figure 1.11: Importance of variables (2006-2011)

Figure 1.12: Importance of variables (2012-2016)
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Figure 1.13: AUC value for classifiers over time
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CHAPTER

2

E↵ects of Unconventional Monetary Policy on Bank Profitability

2.1

Introduction

The link between monetary policy and bank profitability is a topic that has been recently
considered in economics. Empirical studies show that bank profitability is an important
indicator for financial crises (Demirgc-Kunt and Detragiache, 1999). Also, bank profit
volatility has an e↵ect on real side of economy through the bank capital channels. When
banks capital are sufficiently low, and there are so costly to issue new shares 1 , a drop in
banks profit causes a decrease in banks lending, since they should meet bank capital requirements. Therefore it has a significant impact on investment and consumption. If monetary
policy a↵ect banks profit, it carries an implications for financial stability (Alessandri and
Nelson 2015).
1

Banks cannot easily issue new equity because of the presence of agency costs and tax disadvantages (see
Myers and Majluf, 1984; Cornett and Tehranian, 1994; Calomiris and Hubbard, 1995; Stein, 1998).
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Most of the empirical studies try to evaluate the e↵ects of interest rates or yields on
bank risk taking and profitability.

2

However, the link between unconventional government

policy and banks profitability is considered less well understood. In fact, when the 2007-09
financial crises appeared, Federal Open Market Committee (FOMC) began using di↵erent
monetary policy instrument is known to quantity easing (QE). In this policy the Fed buys
some assets such as treasury and agency bonds as well as mortgage back security concerning
federal fund rate target close to zero. The goal of this was to reduce long-term interest rates
even when the short-term nominal interest rate could not be reduced any further. This was
an attempt to mitigate the e↵ects of financial crises on the real side of economy (Saroj
et all 2015). On the other hand unconventional monetary policy was paired with some
government operations. In the USA, the Treasury Department established theTroubled
Asset Relief Program (TARP) in October 2008. One part of this program was the Capital
Purchase Program (CPP), which provided additional capital to financial institutions. A
boost in bank capital increases the capacity of bank to increase lending, since the marginal
loan that was not made before becomes feasible. While these unconventional government
policies were very important for economic recovery 3 , they can have side e↵ects on bank
profitability.

Only, few studies empirically scrutinize the e↵ect of unconventional measures on banks
profit and risk taking using transaction data. Only one study has used LSAP transac2

For example see Borio, Gambacorta and Hofmann 2015 or Alessandri and Nelson 2015 to link between
policy rate and bank profitability . Also see Buch et al (2014) and Angeloni et al (2014) to link between
policy rate and bank risk taking
3
These studies include Bauer and Rudebusch (2012), D Amico, Lopez Salido and Nelson (2013), D Amico
and King (2013), Gagnon et al (2011), Hamilton and Wu (2012), Joyce and Tong (2013), Krishnamurthy and
Vissing Jorgensen (2011), Li and Wei (2013), Meaning and Zhu (2011), Neely (2010), Rosa (2012), Rogers,
Scotti and Wright (2014), and Swanson (2011)
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tion data to explore the e↵ect of unconventional monetary policy on bank profitability (
Monteciono and Epstein 2014). Monteciono and Epstein examine the impact of federal
reserve (Fed) purchases of Mortgage back security (MBS) on banks asset returns and lending. They combined transaction level data on MBS purchase and balance sheet data for
individual banks. Other studies that have explored the e↵ect of TARP on bank profit and
risk taking such as Harris, Huerta, and Ngo (2013). They compare 227 TARP recipient
commercial banks with same amount of non-TARP banks six quarters before TARP fund
disbursements and six months after TARP fund disbursements. They find lower profitability
among TARP recipients following the capital injections compared to non-TARP recipients,
as measured by relative interest-earning. In regard to the correlation of TARP on bank risk
taking, Black and Hazelwood (2013) consider 29 tarp banks and 28 non tarp banks with
26632 loan observations. They find that TARP program increases bank risk taking among
larger banks but decreases risk in small banks.

A problem with these empirical studies is that the e↵ect of one specific policy cannot
separate from others because di↵erent policies were applied simultaneously. While the above
studies consider either the e↵ect of TARP or LSAP on banks risk taking and profitability, in
this study we control for the both unconventional monetary and fiscal policies that directly
a↵ect banks profit and risk taking. We also include long term interest rates to examine the
symmetric e↵ects. Therefore we examine a number of policies instead just one single policy
response. We consider 856 banks from 2008Q1 to 2009Q4 in a dynamic panel regression.
In compare to pervious studies that only use short term interest rates as an explanatory
variable, I also incorporate LSAP and TARP transaction data which are vary across banks
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and time. 236 banks participated in TARP and 8 of them participated in LSAP. This helps
identify the e↵ect of participation in theses governments programs on bank risk taking and
profitability. Compared to Monteciono and Epstein (2014) I use variety of indicators for
banks profit. This paper considers net interest and non-interest income since Unconventional
government policy may increase ROA but have a negative e↵ect on the net interest margin.
Moreover, I consider TARP transactions as well as LSAPs and longterm interest rates to
study the symmetric e↵ects. Finally, we focus on non-performing loans, past-due loans ,
and non-accrual loans as indictors for bank risk taking. Di↵erently from other studies that
focus on ex ante risk taking our indictors are on outstanding loans and show ex post risk
taking

This paper yields the following main results. First, we find a positive and significant relationship between the LSAP banks and bank profitability. This is consistent with Monteciono
and Epstein (2014) study. The e↵ect of TARP policy on bank profitability is significant
and negative. This may be explained by higher operation cost and other restrictions in
TARP banks. The e↵ect of slope of yield curve on bank profitability is positive which is
consistent with most theoretical literature. Although the e↵ect of TARP and LSAP on
non-performing loans are not significant but the e↵ect of long term interest rate on bank
risk taking is significant and negative which is consistent with Angeloni et al (2014).

In what follow I will discuss the TARP and LSAP programs. In chapter 3 I focus on
analytical framework and considers the main channels through which LSAP and TARP
influences bank profitability and risk taking. In chapter 4, I will review the literature. In
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chapter 5, we explain the unique data set and our empirical model. In this section we apply
a dynamic panel model. Finally, in chapter 6, we will show the results.

2.2

TARP Program

After Lehman Brothers bankruptcy President Bush sign to law the Emergency Economic
Stabilization Act of 2008. According to this act, the Treasury Department authorized
spending $700 billion to the US financial system in two stages of $350 billion each. On
October 14,2008, One of notable part of TARP program ,the CPP, was announced. the
program distributes $250 billion to the financial institutions by purchasing their preferred
stock. On this day nine of the largest financial institutions4 received an infusion of $125
billion without submitting an application. Other banks needed to submit an applications to
their primary federal regulator: The Federal Reserve, FDIC, OCC or OTS until November,
14, 2008. Under CPP, the qualified banks can apply an infusion 1% to 3% of the value of
risk weighted assets. The dividends on the preferred stock was set at 5% in the first five
years, and a 9% dividend thereafter.Participation in TARP program is not cost free. Participating banks need to follow regularity restrictions enacted by the department of Treasury
on February, 4, 2009. The total annual compensation for senior executive officers is limited
to $500,000, except for long-term restricted stock awards. Also, Golden parachutes are
prohibited for the top ten senior executives, and the next twenty executives are prohibited from receiving golden parachute payments greater than one years compensation upon
severance. These restrictions went further on February 17, 2009; they prohibited bonuses,
4

Nine financial institution including Citigroup, Wells Fargo, JPMorgan, Bank of America, Goldman
Sachs, Morgan Stanley, State Street, Bank of New York Mellon, and Merrill Lynch
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retention awards, and incentive compensation other than long-term restricted stock awards
that did not exceed one-third of annual compensation. In the second stage of TARP , the
government allocated $350 billion on February 10,2009 to four programs, including the capital assessment program (CAP) for banks, a consumer lending initiative, a public-private
investment fund for illiquid assets, and a home mortgage modification initiative (Bayazitova
and Shivdasani 2012). According to CAP, the U.S. Treasury will purchase preferred stock
convertible to common equity from nineteen U.S. banks with assets exceeding $100 billion.
Comparison to CPP, participation in CAP was mandatory. Also the government purchased
preferred stock in CPP while they purchases common equity in CAP.

2.3

Federal Reserve’s QE Program

In the United States, the Federal Reserve maintained a quantitative easing (QE) policy
In response to the acute financial crisis and deepening recession for nearly six years (from
December 2008 until March 2010, from November 2010 until June 2011, from October
2012 until October 2014), consisting of three waves of asset purchases (US Treasuries, debt
securities and mortgage-backed securities MBSs issued by the Agencies). In the first QE
program on November 25, 2008, Almost the same date as TARP program, the Fed bought
up to $100 billion in direct obligations of government-sponsored enterprises (GSEs) and
$500 billion in mortgage- backed securities (MBS) guaranteed by Fannie Mae, Freddie Mac,
and Ginnie Mae.On march 2009 Fed purchase $200 billion more in GSE and $1.25 trillion
MBS. At the end of the first quarter of 2010, QE1 purchases had finished, with $172 billion
of agency debt, $1.25 trillion of MBS, and $300 billion of Treasury securities.
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2.4

Analytical Analysis

The LSAP program can a↵ect bank profitability and bank risk taking through di↵erent
channels. One of the indirect channels is the impact on bank profits and risk taking through
long term interest rate. The LSAP causes a reduction in long-term interest rates by riskpremium channel (Chen, Curdia, and Ferrero (2012)) and also a signal to private individuals
that the central bank will keep interest rate low even when zero lower bound is not a
constraint Woodford (2012).

5

If we accept the e↵ect of LSAP on long term interest

rates then as Borio, Gambacorta, and Hofmann have argued, the slope of the yield curve
positively correlated with banks net interest income 6 . This is because the return to maturity
transformation increases when the slope of yield curve increases as banks raise their loan
rates and shrink their lending quantities.7 . However, an increase in policy rate may decrease
the non-interest income of banks such as commissions, fees, and security valuations.( Borio,
Gambacorta and Hofmann 2015, Alessandri and Nelson 2015). For example, at low long
term interest rates , asset prices are higher, and the search for that yield increases (Rajan
2005). On the other hand, Dell Ariccia et al, (2013) show a drop in risk-free rates will
unambiguously decline bank monitoring and increase bank risk taking. This e↵ect is akin
to the portfolio reallocation e↵ect present in portfolio choice models. In these models, when
the real yield on safe assets declines, banks will typically increase their demand for risky
5

There are many studies on e↵ects of LSAP on longterm interest rates. For example see Chen, Curdia,
and Ferrero (2011), Chung et al (2012), Baumeister and Benati (2013), Gertler and Karadi (2013), and
Weale and Wieladek (2014).
6
The net interest income (NII) of the bank is the di↵erence between the total interest income on the asset
side of its balance sheet and the interest expense on the liabilities side of its balance sheet.
7
Banks transform debts with very short maturities (deposits) into credits with very long maturities
(loans), and collect the di↵erence in the rates as profit
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assets (Asset or lending part). On the liability side, when interest rate decrease since cost
of the the liabilities increase, banks will limit risk taking however this depend to amount of
the equity in the bank balance sheets. Fully leveraged banks that finance through deposits,
they limit taking risk but banks with high capital doesn’t choice risk. (Dell Ariccia and
Marquez, 2006, Dell Ariccia et al., 2013)

Beside of the systematic e↵ect of policy rates on bank profitability and risk taking, we are
interested in how LSAP and TARP programs can a↵ect these two important bank indexes
directly. We can argue that LSAP may increase bank interest income through increase in
core liability.8 The core deposits are a stable source of funding for banks and they carry
relatively low interest costs compared with managed liabilities (Lee and Rose 2010). Also,
LSAP can a↵ect bank profit through asset prices. After QE trading revenue in banks
with large amounts of market-traded securities, was increased to significant improvements
in financial markets , including higher equity prices and lower interest rates on corporate
bonds and other securities (Lee and Rose 2010). In particular, If securities with di↵erent
maturity are imperfect substitution, then increasing demand by Fed would cause the asset
prices goes up. Hancock and Passmore (2014) show that when share of the MBS in the
Fed goes up, the MBS yield decreases and their prices increase. Therefore counterparts in
LSAP that carry a large amount of the asset may makes large trading profit.
8

If banks themselves sell securities then their assets simply converse, Reserve instead of Securities. But
from the end of the third quarter of 2008 until the fourth quarter of 2014, it was mainly US households ,
the States and local authorities, non-bank financial institutions, notably Government-Sponsored Enterprises
(GSEs) and money-market funds, and no residents that reduced their holdings of Treasuries .Since they
don’t have any account with Fed, they sell to banks and federal reserve add reserve in the asset side of bank
balance sheets and Fed liabilities. Banks also, credited customer deposits.
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The e↵ect of the TARP on bank profits is not very obvious. As Bayazitova and Shivdasani
(2012) show, banks participated in CPP, experienced a stock valuation gain however this
gain appears when they apply for the program and not when they approved. Also, the
government imposed some restrictions on TARP recipient banks that may improve their
performance. For example the cash salary for the banks that participated in TARP program
can not be more than $500000 and they can receive stock bonuses instead. This restriction
can lead to efficiency gain since bank managers have more incentives to increase more
efficient act and it may improve bank profits. Also, a boost in bank capital increases the
capacity of the bank to increase lending in the sense that the marginal loan that was not
made before, now becomes feasible under the greater risk-bearing capacity of the banks.
On the other hand, capital injection may allow some banks with fundamental problems
or mismanaged to operate without any e↵ort to act more efficient ( Harris, Huerta, and
Ngo 2013) and bank profit decreases in longer period. This can be happen also when some
bank recipients expect capital infusion occurs if they were in trouble again. Furthermore,
policymaker expect banks to increase lending after participating in TARP program. This
political pressure can lead to issue low quality loans ( Harris, Huerta, and Ngo 2013) then
loss provision increase and banks profit decrease.

There are some channels through which LSAP can a↵ect bank risk taking directly. First,
increasing core deposits decreases bank funding risk. Hahm et al. (2013) show that while retail deposits (core liabilities) are stable, non-core liabilities are more volatile, are associated
with credit booms, and have significant predictive power for currency and credit crises. Shin
and Shin (2012) show that increasing credit supply by non-core liability ( CDs, repos, asset
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backed instruments) cause an increase bank risk. On the other hand, TARP improved bank
stabilization through the injection capital (Hoshi and Kashyap (2010)). There are di↵erent
goals for TARP. According to the Emergency Economic Stabilization Act (EESA),one purpose of TARP is to reduce bank risk taking ( Black and Hazelwood 2013). Another goal
of TARP was to stimulate loan supply in the economy (Li 2013). To achieve this the government supported banks to facilitate lending. Although government support may increase
social welfare and lending, It may also create a moral hazard problem for banks. This can
motivate banks to shift their lending toward higher-risk, higher-return projects.

2.5

Literature Review

Demirg-Kunt and Huizinga (1999) were among the first to relate bank profits to macroeconomic variables such as the real interest rate. They find a positive relationship between
bank profit and real interest rate. Albertazzi and English (2002) use data from ten industrial countries to find the slope of the yield curve is more related to asset returns than to
return on liabilities. Therefore the interest margin increases when long term interest rates
increase. Recently, Alessandri and Nelson(2015) develop a theory and empirical model to
link slope of the yield curve with banks’s profit. Onthe empirical side, They use quarterly
data for UK entities of the United Kingdom and non-UK resident banks with assets over 5
billion from 1992 to 2009. They run a panel regression model with bank income components
including net interest income, trading income, and fee income. Their model also includes
leverage and the growth rate of total assets. Macro variables including GDP growth, and
FTSE volatility and slope of the yield curve with di↵erent types of interest rates are con-
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sidered as monetary policy. They find that slope of the yield curve has a positive e↵ect on
NIM but a negative e↵ect on trading income (noncore activities like investment banking,
venture capital and trading activities). Borio, Gambacorta and Hofmann (2015) contemplate data for 109 large international banks headquartered in 14 advanced economies for
the period 1995-2012, and use a comprehensive indicators for bank profitability, such as
net interest income, non-interest income , loan loss provisions and overall return on assets.
They also consider a non linear relationship between bank profit and interest rate. However, they ignore the indirect role of monetary policy on bank profitability from aggregate
demand. Using a generalized method of the moments panel methodology, they find two
opposing forces. On the one hand, the slope of the yield curve is positively related to the
interest rate margin. On other hand, it has a negative e↵ect on loan loss provisions (An
expense set aside as an allowance for bad loans such as customer defaults, or terms of a loan
that have to be renegotiated, etc)and non interest income. One important result is that a
non-linear relationship between the slope of the yield curve and bank profitability, exists
when profit is low. Finally, Monteciono and Epstein (2014) consider MBS transaction data
combined with bank indicators and macro variables for 862 bank holding companies from
2008Q1 to 2009Q4. To show quantitative easing e↵ects bank’s profits through asset price
channels. They selected banks that had the most MBS to total asset ratio ( MBS shares
greater than 95th percentile) before QE and assigned a dummy to banks that belong to
the exposure group. They run a panel regression with bank fixed e↵ects and serially and
sectionally corollated disturbances where ROA (An indicator for bank profit) is selected as
a dependent variable, and two dummy variables are used to indicate whether a specific bank
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participated in the program at a certain time or not. They find QE1 increases bank profit
relative to non treatment banks and non QE quarter. Also, banks with large amounts of
MBS experienced greater returns on assets relative to the non exposure banks.

In regard to studies that focus on bank risk taking and monetary policy, Altunbas et
al.( 2009) use the probability of default (PD) as measure of bank risk. To find a single
measure of PD, they consider several markets and balance sheet indicators. They use
data for 600 European banks, in 16 countries from Moody’s data sets. In their panel
model PD is a dependent variable and they use variety of expansionary variables including
macroeconomic variables, bank characteristics , and monetary policy variables. They find
that changes in the short term interest rate may have short term and long term impacts
on bank risk taking. In the short term, decreasing the policy rate will reduce bank risk
taking. this positive relationship can be explained by considering PD’s e↵ect on on exciting
loans. Expanding monetary policy improves the value of collateral and PD decreases. On
the other hand, in the long term, this relationship can run in the opposite direction. Risk
in new loans may increase by decreasing the interest rate since bank behaviors change.
In another study, Ignazio , Ester, and Marco (2015) use a VAR augmented model to find
that monetary policy a↵ects bank risk by changing a bank’s funding structure and the
riskiness of it’s assets. Using quarterly data over period of 1980Q1 to 2008Q4, they include
the industrial production index, the consumer price index, commodity price index, federal
funds rate, and non-borrowed bank reserves and total bank reserves in a VAR model. The
identification assumption implicit in the ordering of the variables is that monetary policy
reacts to prices and the real activity. They then consider funding risk, lending risk and

47

total banking risk as the most endogenous variables. As we have mentioned in the last
section, the change in monetary policy can alter the composition on the liability side of
the banks. This risk is coming from non- core liabilities. Core liabilities including short
term revolving funding instruments like CDs, repos, and asset backed instruments which
are subject to roll-over risk.

9

They consider the di↵erence between two measures of broad

money, M3 and M2, to measure non-core liabilities and some aspects of wholesale bank
funding. Since it is very hard to con- sider bank balance sheet indicators to capture lending
risk, they use the soundness of bank borrowers, i.e., households and corporations . They
also consider realized volatility of the US bank equity index to measure total bank risk. The
realized volatility is calculated as the average daily absolute return of the index over each
quarter. They show that with an increase in the federal fund rate, both household debt and
non-financial corporation debt will decline; thus there is negative correlation between bank
risk and policy rate on the asset side. Regarding bank liabilities, monetary contraction
decreases the reliance of banks on volatile sources of funding (non-core liabilities) and bank
risk decreases on the funding side. Finally, they conclude the link between the federal funds
rate and bank risk taking is negative and significant at longer lags when the decrease in
asset and funding risk is also large and significant.

Recently, Bucha, Eickmeierd, Prietod (2015) use a FAVAR model to analyze the reaction
of the banks to monetary policy shocks. Using Federal Reserve’s Survey of Terms of Business
Lending (STBL) data set

10

they categorize loans into di↵erent risk categories, and classify

9

Rollover risks are risks in regard to refinancing debt.
The STBL is a panel survey conducted by the Federal Reserve each quarter consisting of a stratified
sample of insured commercial banks and US branches and agencies of foreign banks. The STBL collects
data on gross commercial and industrial loan originations made during the first full business week in the
10
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banks to small banks, large banks, and foreign banks. They also focus on di↵erences of the
logarithms of GDP and the GDP deflator as well and level of the e↵ective Federal Funds
rate as observable common factors and banking factor as non observable common factors.
In their model, banks profitability is an exogenous variable, and a channel through which
monetary policy e↵ects bank’s risk. Their data is from1997Q2 to 2008Q2 and uses 400
domestic and international banks. Their results suggest that, on average, small domestic
banks significantly increase new loans to high risk borrowers after expansionary monetary
policy shocks. The composition of loan supply of small banks shifts towards riskier loans.
Large domestic banks give out more new high risk loans, but the composition of their loan
portfolio does not change significantly.

Foreign banks increase risk only during the mid-2000s, when interest rates were particularly low for a prolonged period of time (too-low-for-too-long). The e↵ect of TARP on
bank risk taking is also considered by Black and Hazelwod (2013). They use multiple data
sources including 2 years of STBL data from November 2007 through August 2010. Using
STBL data set they rate each loan issued by the bank. Second, They use National information center data to identify banks top holders. Finally, they use information from the
US treasury department to sort banks into tarp banks and non tarp banks. Overall they
consider 29 tarp banks and 28 non tarp banks with 26632 loan observation. They do a loan
panel regression analysis with risk rating as a dependent variable and TARP recipient as
an explanationary variable. Moreover, they include other control variables such as bank
characteristics and macro variables. They find that the tarp program increased bank risk
middle month of each quarter
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taking in big banks relative to non tarp banks but decreases risk in small tarp bank to non
tarp banks. This result may be explained by the fact that large banks are ”too big to fail”;
therefore, they are willing to invest in riskier projects.

Moreover, bank profit and bank risk taking are related to each other independent of policy
rate. Gander (2011) considers the capital to asset ratio and its volatility as a proxy for risk,
and focus on interest income as bank profit. In a theoretical framework they claim that
bank profit is a function of the amount of lending and bank’s cost. On the other hand, the
magnitude of the customer loans determine banks assets. Therefore when lending increases
assets increase, then the ratio of capital to asset (Risk) decreases. Moreover Using data
from 1999-2001 for five European countries (1197 bank-year observations) they consider a
seemingly unrelated regression (SUR) method and Breusch, Pagan test of independence
to test the integration between bank risk and bank profit. The test rejects independency
between bank’s profit and risk. In the second step of their empirical work they run a
regression generated from a reduced form model where the dependent variable is bank
capital (normalized with GDP) and banks profit (ratio of net income to equity), and macro
variables are considered as independent variables. Their result shows that an increase in
profitability was associated with an increase in capitalization.

2.6

Empirical analysis

We consider 785 bank holding companies (BHC), from 2006Q4 to end of 2010Q2. We
include these data in order to cover the period of before financial crises as well as both The
Troubled Asset Relief Program (TARP), established by the U.S. Treasury Department in
50

October 2008 and Quantity Easing 1(QE1)

11

formally announced on November 25, 2008

and finally after financial crises. The counterparties for open market operations are primary
dealers, that is, banks and securities brokerages that the federal reserve bank of New York
has designated as counterparties for its operations. There were 16 primary dealers that 8 of
them were BHC and matched with our data. Moreover 236 out of 758 of banks participated
in TARP. Our panel data source is from the Fed’s FRY-9C reports.This report collects basic
financial data from a domestic bank holding company (BHC), a savings and loan holding
company (SLHC), and a securities holding company (SHC) on a consolidated basis in the
form of a balance sheet, an income statement, and detailed supporting schedules, including
a schedule of o↵ balance-sheet items.
The dependent variables include di↵erent measures of bank profits and bank risks. We
consider three measures for bank profits including net interest income to total assets, noninterest income to total assets, and overall return on assets (ROA) where ROA defines as
total profits to total assets. Moreover, we use three variables to measure ex post bank credit
risk include the ratios of non-performing loans

12

to total assets, past-due assets to to total

assets, and non-accrual assets to total assets. They complement each other in a number of
ways. Beside of participation in TARP or LSAP, there are some bank characterizes that can
e↵ect on bank profits. We control some variables that used in pervious studies including
bank size (the logarithm of total assets (Kashyap and Stein (2000)), the tier1leverge capital
ratio (Adrian and Shin (2010)). Bank efficiency (the cost to income ratio), the share of repo
liabilities (Gambacorta and Marques (2011), and bank risk taking. we use three variables to
11

We study the impact of MBS purchases in QE1
Non-performing assets include assets past due 30-89 days, assets past due more than 90 days, as well as
non-accrual assets
12
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measure ex post bank credit risk include the ratios of non- performing loans to total assets,
past-due assets to to total assets, and non-accrual assets to total assets. They complement
each other in a number of ways.
Table 1 shows the descriptive statistics including mean and standard deviation for the
profit, risk, and bank characteristics used in our analysis. We divide the statistics to
TARP recipients, Non-TARP recipients, LSAP counterparties, Non- LSAP counterparties
and both TARP recipients and LSAP counterparties. We also sort data to three period
of the time. Panel 1 shows the variables mean and standard deviation from 2008Q1 to
2008Q3(3 quarter before QE1 and TARP). Panel 2 shows the variables statistics from
2008Q4 to 2009Q2(During financial crises) and panel c shows the variables statistics from
2009Q3 to 2009Q4.
Our key variables are risk (Non-Performing assets to total assets) and profit. We observe the
average of the risk is increasing over time probably because of financial crises. While TARP
recipients and non- TARP recipients took almost same risk before financial crises, risk in
TARP recipients increase relative to non- TARP recipients during financial crises. Also,
in average LSAP counterparties carry less risk relative to other banks. As we expect, the
average of total profits decreases over time, this may explain by financial crises. However,
profit of LSAP counterparties has increased after QE1. Panel (a) & (b) of Figure 1 illustrates
the relative average risk and profit cross banks that received TARP capital and banks that
did not receive bank capital infusion. The panel (a) illustrates that average risk increase
for both TARP banks and non-Tarp banks where TARP banks had a higher average risk
during financial crises and lower average risk before that. Panel (b) describes the average
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profits of TARP banks relative to the banks that did not received TARP capital. While
TARP bank have lower average profit, the di↵erence between average profit of TARP banks
and non-TARP bank increase over time. Panel (c) & (d) of Figure 1 illustrates the relative
average risk and profits cross banks that are LSAP counterparties and other banks. We
can observe that LSAP banks takes less risk but their non-performing loans decrease after
QE1 while average of non performing loans of other banks is increasing. The average profit
of LSAP counterparties decrease significantly during financial crises and they experience
negative profit in average but their profits goes back to zero after QE1.
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Table 2.1: Descriptive Statistics
Mean and Standard Deviation of variables before financial crises (2006Q4 to 2007Q4)
Total

risk

1.222
(1.096)
Profit/Asset
0.934
(1.125)
Efficiency
0.831
(0.117)
log Assets
14.129
(1.322)
Loan/Asset
0.700
(0.122)
leverage
9.411
(12.719)
Observations
3920
mean coefficients; SD in parentheses

LSAPCounterparti
es

NonLSAPCounterparti
es

TARPrecipient

NonTARPrecipient

BothLSAP&Tarp

0.866
(0.562)
1.547
(2.448)
0.778
(0.174)
19.374
(1.604)
0.463
(0.220)
5.310
(2.702)
30

1.225
(1.099)
0.929
(1.108)
0.831
(0.116)
14.088
(1.236)
0.702
(0.119)
9.442
(12.761)
3890

1.176
(0.862)
0.967
(1.039)
0.824
(0.102)
14.567
(1.523)
0.724
(0.111)
9.549
(23.804)
1090

1.240
(1.173)
0.921
(1.157)
0.833
(0.122)
13.960
(1.194)
0.691
(0.125)
9.358
(2.445)
2830

0.927
(0.205)
1.369
(0.790)
0.750
(0.103)
21.287
(0.213)
0.360
(0.017)
5.320
(0.918)
10

Mean and Standard Deviation of variables from 2008Q1 to 2009Q4
risk
Profit/Asset
Efficiency
log Assets
Loan/Asset
leverage
Observations

Total

LSAPCounterparti
es

NonLSAPCounterparti
es

TARPrecipient

NonTARPrecipient

BothLSAP&Tarp

2.612
(2.353)
0.191
(1.040)
1.002
(5.930)
14.238
(1.332)
0.703
(0.122)
8.999
(2.468)
5488

2.079
(1.320)
-0.410
(1.434)
1.290
(0.826)
19.487
(1.583)
0.474
(0.238)
5.497
(2.547)
42

2.617
(2.359)
0.195
(1.035)
0.999
(5.952)
14.198
(1.247)
0.705
(0.119)
9.026
(2.448)
5446

2.761
(1.909)
0.025
(1.112)
0.939
(3.472)
14.716
(1.516)
0.726
(0.109)
9.103
(1.842)
1526

2.555
(2.502)
0.255
(1.004)
1.026
(6.638)
14.054
(1.205)
0.695
(0.125)
8.959
(2.669)
3962

2.139
(0.819)
-0.133
(0.874)
1.029
(0.282)
21.407
(0.090)
0.356
(0.024)
6.211
(0.890)
14

Mean and Standard Deviation of variables from 2010Q1 to 2010Q4

risk
Profit/Asset
Efficiency
log Assets
Loan/Asset
leverage
Observations

Total

LSAPCounterparti
es

NonLSAPCounterparti
es

TARPrecipient

NonTARPrecipient

BothLSAP&Tarp

3.753
(3.172)
0.068
(0.712)
0.848
(6.581)
14.282
(1.333)
0.665
(0.118)
8.736
(3.478)
1568

3.192
(1.825)
0.021
(0.397)
1.065
(0.389)
19.446
(1.691)
0.477
(0.250)
6.736
(4.219)
12

3.757
(3.180)
0.068
(0.714)
0.846
(6.606)
14.242
(1.250)
0.666
(0.116)
8.752
(3.469)
1556

4.038
(2.460)
-0.044
(0.760)
0.979
(2.160)
14.776
(1.507)
0.682
(0.105)
9.274
(2.172)
436

3.643
(3.401)
0.111
(0.688)
0.797
(7.629)
14.091
(1.207)
0.658
(0.123)
8.529
(3.846)
1132

3.070
(0.045)
0.378
(0.170)
0.787
(0.024)
21.427
(0.041)
0.363
(0.016)
6.503
(0.335)
4
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Figure 2.1: Relative Average Risk and Profits Cross Banks
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We use below dynamic panel model with bank fix e↵ect as our benchmark model.
We consider this model for di↵erent measures of bank risks and bank profits. The main
hypothesis we want to test is whether the bank risk and bank profits changed after the
TARP infusions and whether LSAP e↵ects on bank profits and bank risk taking while
controlling for other bank characteristics and macroeconomic variables.

Yit = ✓i + Yi(t
1 (LSAP

1)

+ ↵ 0 R t + ↵ 1 rt +

0 (T ARP

Recipient)it +
(2.1)

Banks)it + ⇢0 Mit + ⇢1 Xt + Crises + ✏it

We index individual banks with i, and time with t. In our benchmark model Yit is our
interest variables. It includes Non-performing loans, past-due loans, non-accrual loans to
indicate ex post credit risk and return of assets, interest income and non-interest income
to indicate profits. Yi(t

1) is

one quarter lag of Yit , Rt shows slope of the yield curve (10

years treasury constant rate ? 3 months treasury constant rate), rt is federal fund rate,
T ARP Recipient are dummy variables that takes value of 1 if a bank in a quarter of time
participated in TARP and 0 otherwise. Similarly, (LSAP Banks)it are dummy variables
that take value of 1 if a bank in a quarter of time participated in LSAP and 0 otherwise. In
order to take into account bank characteristics, we include a set of bank fixed e↵ects ✓i and
a vector of (time-varying) bank-specific indicators Mit . Mit includes bank size (logarithm
of total assets) , bank efficiency ( total cost to total income ratio) , tier1 leverage ratio, and
number of bank subsidiary. Moreover, we use several control variables. The macroeconomic
indicators in the vector A are detrending real GDP with the Hodrick-Prescott filter (gap),
Industrial production index(indpro2), and Herfindhal-Hirshman Index(HHI). We also consider VIX in order to capture uncertainty about financial conditions. A dummy crisis takes
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the value of 1 in the period 2008Q3-2009Q2. We deal with a balance panel where N is large
and T is small. There are two problems in estimation; one problem is well known endogeneity in dynamic panel data. When we want to eliminate fix e↵ect ✓i by first di↵erencing
equation (1), Yi(t

1))

Yi(t

2)

correlate with ✏it

✏i(t

1) that

is one source of endogeneity.

Thus OLS estimation is biased. The second problem is our dependent variables (Risk and
Profit) can e↵ect on bank characterizes such as bank efficiency or bank size. To address
these potential problem we lag all bank-specific characteristics by one period ( Borio et
al (2015)) And we consider dynamic System Generalized Method of Moments (S-GMM)
panel methodology, which yield a consistent and unbiased estimates. S-GMM proposed
by Arellano and Bover (1995). In their method, variables in levels are instrumented with
suitable lags of their own first-di↵erences. The assumption needed is that these di↵erences
are uncorrelated with the unobserved country e↵ects. Table 2 and 3 show the result of
estimation.

Table 2 shows the regression result of the equation 1 where dependent variables are profit
indicators. The coefficient estimates for 1 period lag of three independent variables are
statistically significant. The key independent variables that we are interested to see their
e↵ect on bank profits are LSAP treatment dummy and TARP participation dummy as
well as long term interest rate and federal fund rate. The coefficient estimates for LSAP
treatment on ROA is statistically significant and positive which is consistent with Montecino
and Epstin (2015) study. The coefficient estimates for LSAP treatment on interest income
is significant and small and is not significant on non-interest income. While LSAP has
a positive e↵ect on bank profits, the coefficient estimates for TARP treatment dummy
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are negative and statistically significant on all three bank indicators. The e↵ect of long
term interest rate and federal fund rate on bank profit is consistent with our expectation
from theory and other empirical studies (See Borio et al 2015). They have a positive and
significant e↵ect on bank profit. As Table (3) shows neither TARP treatment dummies and
LSAP treatment dummies have an e↵ect on bank risk taking. However, the e↵ect of the
conventional monetary policy, long term interest rate and federal fund rate, is consistent
with our expectation. They have significant and negative e↵ect on bank risk taking. In
fact, Risk may increase as a consequence of additional availability of liquidity which lowers
the risk aversion of banks (Diamond and Rajan, 2009; Acharya and Naqvi, 2012).
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Table 2.2: Empirical Results
Profit Regressions. Independent variables are in the left side of the table. Three column on the right side of the table show the regression results
for three dependent variables: Profit/Assets (ROA), Interest Income Share, and Non-Interest Income Share.

(1)
Profit/Assets

VARIABLES
lag(Profit/Assets)

0.703***
(0.039)
1.362***
(0.508)
-0.220**
(0.099)
0.203***
(0.033)
-0.133
(0.100)
-0.078***
(0.018)
-0.052***
(0.019)
0.268***
(0.075)
0.209***
(0.052)
20.170***
(4.875)
4.954**
(2.377)
-0.017**
(0.007)
-0.141**
(0.060)
-0.151***
(0.036)

LSAP treatment dummy
TARP participation dummy
Tier 1 leverage capital ratio
lag efficiency
Risk: nonperforming assets/total assets
lag of risk
long term interest rate
Federal Fund Fate
Herfindhal-Hirshman Index
Output gap
Industrial Production Index (EOP)
Logarithm of total assets
Financial crises dummy
lag interest income/Assets

(2)
Interest Income
Share

(3)
Non-Interest
Income Share

0.0110***
(0.0036)
-0.0013**
(0.0006)
0.0010***
(0.0002)
-0.0002
(0.0002)

0.0012
(0.0031)
-0.0015*
(0.0009)
0.0010
(0.0007)
-0.0005
(0.0004)

0.0000
(0.0001)
0.0366***
(0.0007)
0.0158***
(0.0003)
0.7845***
(0.0796)
0.0264
(0.0354)
0.0001
(0.0001)
-0.0026***
(0.0006)
0.0027**
(0.0011)
0.5059***
(0.0324)

0.0001
(0.0001)
0.0111***
(0.0006)
0.0057***
(0.0004)
0.4486***
(0.0347)
0.0827***
(0.0187)
-0.0003***
(0.0001)
0.0009*
(0.0005)
-0.0022***
(0.0006)

lag Non-interest income/Assets
Constant
Observations
Number of id
Bank FE
Time FE
Number of ins.

5,984
856
Yes
No
139
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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-0.1412***
(0.0120)

0.8175***
(0.0791)
-0.0543***
(0.0192)

5,984
856
Yes
No
139

5,984
856
Yes
No
139

Table 2.3: Empirical Results
Profit Regressions. Independent variables are in the left side of the table. Three column on the right side of the table show the regression results
for three dependent variables: Profit/Assets (ROA), Interest Income Share, and Non-Interest Income Share.

(1)
Profit/Assets

VARIABLES
lag(Profit/Assets)

0.703***
(0.039)
1.362***
(0.508)
-0.220**
(0.099)
0.203***
(0.033)
-0.133
(0.100)
-0.078***
(0.018)
-0.052***
(0.019)
0.268***
(0.075)
0.209***
(0.052)
20.170***
(4.875)
4.954**
(2.377)
-0.017**
(0.007)
-0.141**
(0.060)
-0.151***
(0.036)

LSAP treatment dummy
TARP participation dummy
Tier 1 leverage capital ratio
lag efficiency
Risk: nonperforming assets/total assets
lag of risk
long term interest rate
Federal Fund Fate
Herfindhal-Hirshman Index
Output gap
Industrial Production Index (EOP)
Logarithm of total assets
Financial crises dummy
lag interest income/Assets

(2)
Interest Income
Share

(3)
Non-Interest
Income Share

0.0110***
(0.0036)
-0.0013**
(0.0006)
0.0010***
(0.0002)
-0.0002
(0.0002)

0.0012
(0.0031)
-0.0015*
(0.0009)
0.0010
(0.0007)
-0.0005
(0.0004)

0.0000
(0.0001)
0.0366***
(0.0007)
0.0158***
(0.0003)
0.7845***
(0.0796)
0.0264
(0.0354)
0.0001
(0.0001)
-0.0026***
(0.0006)
0.0027**
(0.0011)
0.5059***
(0.0324)

0.0001
(0.0001)
0.0111***
(0.0006)
0.0057***
(0.0004)
0.4486***
(0.0347)
0.0827***
(0.0187)
-0.0003***
(0.0001)
0.0009*
(0.0005)
-0.0022***
(0.0006)

lag Non-interest income/Assets
Constant
Observations
Number of id
Bank FE
Time FE
Number of ins.

5,984
856
Yes
No
139
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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-0.1412***
(0.0120)

0.8175***
(0.0791)
-0.0543***
(0.0192)

5,984
856
Yes
No
139

5,984
856
Yes
No
139

2.7

Conclusion

In this paper we use a simple dynamic panel model to analysis the impact of unconventional monetary policy on bank risk taking and profitability. We consider 856 bank holding
companies (BHC), from 2008Q1 to end of 2009Q4. We used di↵erent indictor for the bank
profitability including Total profit , Interest income , and non interest income. Also we
consider non performing loans as an indictor for bank risk taking. Our key variables are
dummy variables for the participation in the TARP and LSAP and federal fund rate and
slope of the yield curve. The key independent variables that we are interested to see their
e↵ect on bank profits are LSAP treatment dummy and TARP participation dummy as well
as long term interest rate and federal fund rate. The coefficient estimates for LSAP treatment on ROA is statistically significant and positive which is consistent with Montecino
and Epstin (2014) study.
The coefficient estimates for LSAP treatment on interest income is significant and
small and is not significant on non interest income. While LSAP has a positive e↵ect on bank
profits, the coefficient estimates for TARP treatment dummy are negative and statistically
significant on all three bank indicators. The e↵ect of long term interest rate and federal
fund rate on bank profit is consistent with our expectation from theory and other empirical
studies (See Borio et al 2015). They have a positive and significant e↵ect on bank profit.
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CHAPTER

3

Monetary Policy and Housing Price in the DSGE Model: Evidence from Iranian
Economy

3.1

Introduction

Since the early 1990s, an increasing number of countries have adopted explicit inflation
targets as the defining principle that should guide the conduct of monetary policy. This
development is often credited with having brought about substantial reductions in both the
level and variability of inflation in the inflation-targeting countries, and is sometimes argued
to have improved the stability of the real economy as well (Woodford 2003). But high and
chronic inflation is still one of the concerns of economists in the economy of Iran. In this
country money supply is monetary policy instrument because of Islamic Banking System 1 .
However, because of Iranian economic dependency to oil income, the oil shocks

2

are one of

the factors in determine of money supply.
1
It is s banking or banking activity that is consistent with the principles of Sharia law and its practical
application through the development of Islamic economics Sharia prohibits the fixed or floating payment or
acceptance of specific interest or fees (known as riba , or usury ) for loans of money. Prohibits the fixed or
floating payment or acceptance of Sharia specific interest or Fees (known as Riba , or Usury ) for loans of
money.
2
Oil price shocks, defined as unexpected changes in the price of oil, have additional e↵ects on oil-producing
country compared to their impact on developed economies.
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In this paper we are going to address the question in regards to how the Iranian
central bank sets monetary policy as stabilize both inflation and economic activity. Moreover House price has a specific role in the economy of Iran where financial markets like stock
market and bond market are inefficient and households invest in real estate. In setting a
model for monetary policy analyses in the Iranian economy we mention the house price role
because not only housing prices may a↵ect demand via direct and indirect wealth e↵ects
(Modigliani, 1971) or according to Tobin’s Q

3

approach, it can be profitable for a firm to

invest on an additional unit of capital and e↵ect on production but they are good indicator
for inflation and production forecast in economy of Iran (Atrianfar 2011). Moreover, when
the oil price shocks occurs money supply, which is monetary policy instrument in the Iran?s
economy, increases to finance budget deficit and causes speculative demand for housing.
So we insert the housing price as it can explain co-movement between oil price shock and
housing price boom.
The rest of the paper is organized as follows: section 2 presents the basic structure
of the model. Section 3 discusses the optimal monetary policy. Section 4 discusses the
results obtained and compares them with other models. Section 5 concludes. An appendix
details the linearized conditions for the model.

3.2

The Model

This section describes a dynamic stochastic general equilibrium (DSGE) model for the economy of Iran as small and close economy. The structure of the model is similar to that in
3

Tobin?s Q ratio links investment expenditures with the market value of a firm?s total assets.
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Iacoviello and Neri (2004, 2010), Mendicino et al (2010) and Kannan et al (2010) considering
Iran?s economy characters. There are four decision-making agents in the model including
households, non-housing producers, the housing producers, and government.
Consumer
We assume economy is populated by a continuum of infinitely lived, identical households
with the population size normalized to one. They decide on consumption, asset holdings
(money, physical capital) and labor supply. This paper assumes that households buy physical capital and rent to firms directly. Also, because the real estate loans in Iran are issued
with fixed and equal mortgages for all households, financial friction is not considered in this
model and they have the same utility function, discount factor, and budget constraint.
Following Iacoviello and Neri (2004,2010) Mendicino et al (2010) and Kannan et
al (2010) in the utility function, households obtain utility from housing ht (i), non-housing
consume Ct (i) , and disutility from labor supply nst (i)that include housing produce and nonhousing produce. Moreover, following Ireland (2002), they obtain utility from real balances
Mt
pt .

So Households maximize a lifetime utility function given by:

Et

P1

t=0 [lnct (i)

+ lnht (i)

1
s
1+⌘
1+⌘ nt (i)

t
+ ln( M
pt (i))]

(3.1)

Where jt presents housing preference shocks. According to Iacoviello and Neri (2010),
there are at least two possible interpretations of this shock. One interpretation is that the
shock captures, in a reduced form way, cyclical variations in the availability of resources
needed to purchase housing relative to other goods or other social and institutional changes
that shifts preferences towards housing. Another Interpretation is that fluctuation in jt
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could proxy for random changes in the factor mix required to produce home services from a
given housing stock. In the Iranian economy the most important reason for these shocks is
the co-movement between household speculation demand for housing and oil price shocks
as with an oil price positive shock the Government income will increase thus government
expenditure will increase. Central bank for financing converts dollars that can be obtained
from oil, in exchange for Rials3. The foreign assets of the central bank will increase and
the monetary base will rise and finally cause money supply to increase as well. This money
causes aggregate demand increases. To prevent inflation in a short period of time the
government attempts to import commodity. However, prices of the non-tradable goods,
like housing, increases and causes prices in this sector (in relation to other prices) goes up
and inflation expectation in that sector also increases and economic agents expect capital
gain in the housing sector rise which, causes a speculate demand in the housing. Thus I
can show jt as below:

jt = ⇢j jt

Where uj,t and
variances

2
j

and

p
t
2.

1

+ (1

⇢j )J + ⇣

p
t

+ uj,t

(3.2)

are preference shocks and oil price shock with i.i.d. processes with
The budget constraint of the households, in nominal terms, is given

by

s.t.

ct (i) + (kt (i)

(1

)kt

1 (i))

+ (ht (i)
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wt nst (i)

(1

⇤ )h

t 1 (i))

+ Tt (i) + rt kt

+

1 (i)

+

Mt
pt (i)
Mt
pt

1

(3.3)

Where wt =

Wt
Pt

is the real wage in both sectors, and rt =

Rt
Pt

is the real interest rate.

Note that we do not insert the interest rate on the housing sector, so it adjusts with nonhousing price index in this model. The left side of the above unequal denotes household
expenditure where ct (i) is real non- housing consumption, (ht (i)
change in housing stock where
(kt (i)

(1

)kt

1 (i))

(1

⇤ )h

t 1 (i))

is the

denotes the rate of depreciation of the housing stock.

is household investment on the physical capital where

rate of depreciation of the physical capital, and

Mt
pt

1

denotes the

? is money balances is divided by

the price level held at the beginning of period t. In the right hand the household income
includes wt nst (i)? that denote real wage where nt are hours of work per capita,Tt is lump
sum net transfers from the government. rt kt

1 (i)

denotes the real rental of capital stock.

Solving this problem yields first order conditions for consumption , housing demand , labor
supply , and money demand .

1
1
= Et
(1
Ct
ct+1
(nst )⌘ =
1
1
=
mt
ct

+ rt+1 )
wt
ct

BEt
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(3.4)
(3.5)

1
ct+1

(3.6)

Producers:
There is a continuum of producers that supply imperfectly substitutable intermediate goods
and operate under monopolistic competition and a continuum of final goods producers in
each of the two sectors that operate under perfect competition and flexible prices.
Final goods producers:
In the non-housing sector, final goods producers purchase intermediate goods producers
and aggregate them according to the following CES production function:
Ytnh

=[

Z

1
0

Ytnh (i)

✓ 1
✓

d(i)]

✓ 1
✓

(3.7)

Where ✓ > 0 is the elasticity of substitution between di↵erent intermediate inputs. Profit
maximization delivers the following demand for individual intermediate non-durable goods

Ytnh (i)

pnh
= tnh
pt

✓

Ytnh

(3.8)

Where the price level is given by imposing the zero-profit condition:
Ptnh = [

Z

1
0

Ptnh (i)1

✓

d(i)] 1

1
✓

(3.9)

In the non-durable goods sector, expressions are similar.
Intermediate goods producers
There is a continuum of firms indexed by i"[0, 1] that produce Ytnh (i) units of each variety
of domestic intermediate input according to a standard Cobb-Douglas function:
Yt (j) = At (j)nt (j)↵ kt
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1 (j)

(1 ↵)

(3.10)

Cost minimization implies that the real marginal cost of production is:
M Ctnh =

(rt )( 1 ↵)(wt )↵
↵a lpha(1 ↵)1 ↵

(3.11)

Factor demand, Kt andnt are determined by the first-order conditions implied by the cost
minimization of domestic-input firms:
kt

1

nt =

=

Ytnh 1 ↵ ↵ wt ↵
(
) ( )
At
↵
rt

Ytnh
↵ 1
(
)
At 1 ↵

↵

(

rt 1
)
wt

(3.12)
↵

(3.13)

Fiscal policy:

During past three decades, Iranian government finances it?s spending, Gt , with tax income
from households Tt , oil revenue ort , and money financing,
Mt /Mt

1

. Therefore, we write the government budget as:
Gt = Tt + ort +

Mt
pt

Mt
pt

1

(3.14)

Where Government tax revenues can be summarized as:Tt = bYt
Monetary policy:
Monetary policy instrument in the economy of Iran di↵ers from other countries. There
is no interest rate, and money supply is the instrument. With a positive oil price shock
government expenditure increase, and there would be a budget deficit that leads to monetary
growth. Moreover, according to Iranian economy data, the central bank reacts to produce
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deviation from the long term trend. So we set money growth

t

of oil income growth

1:

t

and produce growth with one lag ⇥t

t

Where

t

= Mt /Mt

1,

⇥t

=

1 ⇥t 1

1 =Yt 1 /Yt 2 ,

+

and
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2 t

+ ✏t

t =ort /ort 1 .

as endogenous and function

3.3

Calibration

The calibration of the model is summarized in Table 1. Part of the parameters including
discount factor

or Inverse Frisch elasticity of labor supply

Production ↵ and the depreciation rates for housing

, share of nondurables in

are given values from the literature.

Some of the parameters created due to linearization. We use the Iranian Data for calibration
of them.

Yh
Y

It shows the steady state of housing production to the steady state of total

production. We use the GDP and the housing surplus value data and procedure HedricPrescot filter to determine the steady states. All of the Data in this work are annual in the
1973-2008 range. Also, we estimate some of the parameters including Technology coefficient
or monetary policy equation. Finally, two of the key parameters are Calvo coefficient in
housing and non- housing sectors that show rigidity. In the literature for most of the
countries they are given the value of 0.8 (Romero 2008) or higher. However, according to
Nili and Eslami (2011), rigidity price in Iran is 0.4, but it includes structural breaks and in
the last few years it was given the value of 0.1. Thus, we used sensitivity analysis for the
basis of this model to fit these two numbers in the 0.01 to 0.4 range. The best value for
Calvo in the housing is 0.01 and for non- housing is 0.1.
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3.4

Properties of the Model

The Performance of Policy Rules in Reaction to technology Shocks ? Figure
(1) plots impulse responses to the technology shock in scale of a standard deviation. As the
figure illustrates the non-oil production, housing production and total production increased,
inflation in two sectors housing and non- housing decreased. This result is consistent with
economics literature and expectation on the basis data of the Iranian data. The reason for
this result is, in our opinion, technology shock causes marginal cost of the firm decreases.
As a result, investment and consumption increases and production goes up.

The Performance of Policy Rules in Reaction to Monetary Shocks - Figure 2
plots an i.i.d. monetary policy shock in scale of a standard deviation. Firs, shock e↵ect
increases non- housing production but after one period non ?housing production drops and
remains below the baseline for about six quarters. Housing production decreases and total
production increases around 0.2 percent. This result is consistent with the data where
monetary shock has a monetary e↵ect.

The Performance of Policy Rules in Reaction to Oil Shocks ? According to figure
(3) oil income shocks in scale of a standard deviation increase relative price in the housing
sector rather than the non- housing sector. Government expenditure increase and firm
investment decrease. Housing production increases and non- housing production decreases.
Money supply, in following oil income shocks, increases. This result is consistent with
a Dutch disease mechanism. This can be a reason for a consistent inflation. All of the
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variables in this model are based on log deviation from their steady state. Which means they
have two parts including cyclical movement and growth movement. To compare standard
deviation and relative standard deviation variables, we use real data as the business cycle
component of each simulated series that is extracted by using the HP filter. As Table 2
shows, the model replicates the joint behavior of the components of aggregate demand, the
Non- housing production, Housing production, consumption and investment.

3.5

Optimal Monetary Policy

In this section I propose an optimal monetary policy for economy of Iran. Following Clarida
et al. (1999)Clarida (1999), Gali(2003), and Adolfson et al (2009), I consider the Tylor rule
where the interest rate is substituted by money supply. Also, the central bank?s preferences
are represented by a quadratic loss function whose arguments are the deviations of inflation
and the output gap from the target values. Thus the optimal monetary policy is the
coefficients of the monetary policy rule:

t

=

1 t

+

2 Yt

+

3

t 1

(3.15)

That minimizes a discounted sum of expected instantaneous loss functions, defined over
inflation and output gap according to:
1 X
L = Et
j = 01
2
Where, 0 <

j

2
(⇡t+j + Yt+j + !t+j
)

(3.16)

< 1, is a discount factor and Et denotes the expectations operator condi-

tional on information available in period t, and
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is the relative weight placed on output gap

stabilization. Also !t =

t

t 1

in the loss function is the averseness of the central bank to

fluctuating the money supply. The loss function reflects the mandate for the central bank
to achieve an output and inflation stability. This type of loss function is common in the
literature.4 Note that the monetary policy rule does not contain monetary policy shocks.
Thus, the optimal monetary policy analysis does not take into account any possibility of
policy error. The optimal coefficients of the optimal rule are found by Newton method.
Table report the optimal Taylor rule in alternative weights in the loss function. I consider
= 0.5 in table where the first column indicates alternative relative weights. The second
column shows optimal coefficient of the central bank, and the last column indicates loss
function values. According to our expectation, the reaction of money supply to output gap
increases when the central bank considers more weight on the output gap. This response is
opposite where the central bank should decrease money supply when inflation and output
gap increase.
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3.6

Conclusion

I divide the conclusion of this paper into three parts. First, I described a dynamic stochastic
general equilibrium (DSGE) model for economy of Iran as a small and close economy which
considers a special role for the housing prices. The structure of the model was similar to
Iacoviello and Neri (2004, 2010), Mendicino et al (2010) and Kannan et al (2010) considering
the characteristics of Iranian?s economics. The model includes rigidity in prices, and four
decision-making agents: households, non-housing producers, the housing producers, and
government. I evaluated the model by impulse response functions and cyclical properties.

Second, I propose an optimal monetary policy for the economy of Iran. Table (3) and (4)
report the optimal coefficient of the Taylor Rule. This loss function reflects the mandate
for the central bank to achieve output and inflation stability goals.

Finally, I compare the shock e↵ects in two types of monetary policy: when the central
bank sets a discretionary policy in compare to an optimal monetary policy. The comparison
between two types of monetary policy confirms the hypothesis of stability of inflation and
output gap by conduct of an optimal monetary policy.
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3.7

Appendix

Table 3.1: Calibration of the Model
Parameter

Description

Value

References

discount factor

0.98

Ebrahimi and
Shahmoradi (2009)

η

Inverse Frisch elasticity of labor supply

2.17

Taie(2006)

"

Calvo lottery non-housing

0.1

sensitivity analysis

γ

Calvo lottery housing

0.01

sensitivity analysis

a

Share of nondurables in Production

0.412

Shahmoradi(2008)

d

The depreciation rates for non- housing

0.037

Amini (2005)

δ

The depreciation rates for housing

0.031

Amini (2005)

%&

Preference shocks

0 .5

sensitivity analysis

'

Preference shocks

0.8

Corolotion coefficient
and sensitivity analysis

(

Share of Non housing index in the CPI

0.74

Centrtal Bank Data

%)

Technology coefficient

0.72

Estimation

%*

Oil revenue coefficient

0.52

Estimation

λ,

Monetary Policy Coefficient

0.4

Estimation

λ-

Monetary Policy Coefficient

2.2

Estimation

./
.

Steady state of Housing production to total production

0.05

Data

. 0/
.

Steady state of non- Housing production to total
production

0.8

Data

1

Steady state of Housing production to total production

0.55

Data

Steady state of Investment to non-housing production

0.25

Data

b

. 0/
2
. 0/
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Table 3.1: Calibration of the Model (Count)
Parameter

Steady s Description Description Housing price
index to CPI

Value

References

!"
!

Steady state of Non-Housing price index to CPI

0.9

Data

#
$

Steady state of Total tax to government expenditure

0.3

Data

%
$

Steady state of Money stock to government
expenditure

1.5

Data

&'
$

Steady state of Oil revenue to government
expenditure

0.7

Data

&'
(

Steady state of Oil revenue to total production

0.18

Data

&'

Steady state of Oil revenue to total non-housing
production

0.15

Data

()*

Table 3.2: Cyclical Property

Variables

Standard deviation

Relative Standard
deviation variables
than Total
Production
standard deviation

Model

Data

Model

Data

+,

0.084

0.09

1

1

+-./

0.08

0.088

0.95

0.97

+-/

0.49

0.41

6.4

4.5

ℎ-

0.29

0.24

3.5

2.66

C

0.083

0.078

0.93

0.86

I

0.28

0.235

3.14

2.63
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Table 3.3: Optimal Coefficient of the Monetary Policy when ! = 0.5
relative weight on output gap

&'

&(

&)

Loss Function Value

* = 0.5

-3.23

-0.67

-0.02

0.002

*=1

-3.21

-0.68

-0.05

0.004

*=4

-3.1

-0.79

-0.31

0.01

Table 3.4: Optimal Coefficient of the Monetary Policy when ! = 1
relative weight on output gap

-.

-/

-0

Loss Function Value

* = 0.5

-3.05

-0.57

0.39

0.002

*=1

-3.01

-0.59

0.35

0.004

*=4

-2.88

-0.72

0.12

0.01

Notes: The optimal coefficients of the Taylor rule are found by Newton method. The initial value are found by grid search,
and The intervals of the grid points are 0.05 for -. , 0.05 for -/ , and 0.02 for -0

Figure 3.1: The Performance of Policy Rules in Reaction to technology Shocks
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Figure 3.2: The Performance of Policy Rules in Reaction to monetary Shocks
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Figure 3.3: The Performance of Policy Rules in Reaction to oil price Shocks
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Figure 3.4: Comparison between the Performance of the Optimal Policy and Discretionary Policy in
Reaction to Monetary Shocks
Discretionary Monetary Policy

Total Inflation

Inflation in the Housing Sector

Inflation in the Non-Housing Sector

Optimal Monetary Policy

Total Inflation

Inflation in the Housing Sector

Inflation in the Non-Housing Sector

Discretionary Monetary Policy

Housing production

Non-oil production

Total production

Optimal Monetary Policy

Housing production

Non-oil production

80

Total production

Figure 3.5: Comparison between the Performance of the Optimal Policy and Discretionary Policy in
Reaction to Oil Price Shocks
Discretionary Monetary Policy
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