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Abstract— Di Tella and Kurlat (2017) and Drechsler, Savov,
and Schnabl (2017a) study the effects of a nominal interest
rate shock on various bank balance sheet variables. I study the
same relationships using a vector autoregression (VAR) model,
to understand them over multiple periods of time, without
assumptions of exogeneity, and with clear interactions between
variables through impulse response functions (Hamilton, 1994).
I find that an increase in the nominal interest rate is associated
with a much smaller increase in the rate banks pay on deposits
and other expenses. Furthermore, an interest rate shock does
not have much effect on bank net worth. This finding is
important because previously banks were thought to be very
sensitive to interest rate movements through their maturity
transformation business model (Drechsler et al., 2017a).

I. I NTRODUCTION
Studying the effects of interest rate shocks on bank balance
sheets gives insight into monetary policy transmission as well
as into the workings of banks (Kashyap & Stein, 1994).
Understanding monetary policy transmission is critical to
understanding the impacts of the Federal Reserve’s monetary
policy. The transmission of this policy through bank balance
sheets is relevant since banks play an oversized role in the
economy by acting as financial intermediaries between all
other industries and households (Kashyap & Stein, 1994).
My research is inspired by Di Tella and Kurlat (2017)
and Drechsler, Savov, and Schnabl (2017a). Both study the
effects of interest rate shocks on bank balance sheet variables
using theoretical models and ordinary least squares (OLS)
regressions. Drechsler et al. (2017a) and Di Tella and Kurlat
(2017) come upon similar ideas by looking at different
balance sheet variables. Drechsler et al. (2017a) find that
banks do not face interest rate risk. They explain that banks
are able to conduct “maturity transformation without interest
rate risk” by matching the sensitivity of their interest income
and their interest expense (Drechsler et al., 2017a, p. 2). They
state that this results in interest rate shocks not having an
effect on banks’ return on assets (ROA). Di Tella and Kurlat
(2017) argue that if banks are risk averse, they hedge in order
for their net worth to decrease after interest rates increase,
and vice versa. They state that “banks’ exposure to interest
rate risk is part of a dynamic hedging strategy” and that “the
size of banks’ exposure to interest rate risk is consistent with
a dynamic hedging strategy by highly risk averse agents” (Di
Tella & Kurlat, 2017, p. 2; Di Tella & Kurlat, 2017, p. 4). In
summary, Drechsler et al. (2017a) argue banks do not face
interest rate risk, and if they are risk averse, according to Di

Tella and Kurlat (2017), they hedge their risk exposure using
derivatives. All of these authors test most of these claims
with OLS regressions, and I will test them using a vector
autoregressive (VAR) model. My contribution to this area is
that I study both papers’ claims with a VAR model in order
to see how the variables interact in a dynamic setting over
multiple periods of time, without assumptions of exogeneity,
and with isolated shocks of one variable on another variable
(Hamilton, 1994).
My VAR model of the relationship between the London
Interbank Offered Rate (LIBOR) and the deposit spread
(defined by Di Tella and Kurlat (2017) as the difference
between LIBOR and the rate banks pay on deposits) shows
that a 100 bps increase in LIBOR is associated with around
a 57 bps change in the deposit spread, which is similar to
the findings of Di Tella and Kurlat (2017) and Drechsler
et al. (2017a). This confirms Drechsler et al. (2017a), who
state that bank deposit rates are sticky, leading to interest
rate sensitivity matching. However, I show that when LIBOR
increases by 100 bps, bank net worth increases by 6 bps: a
result that is very different from Di Tella and Kurlat (2017),
who find a 30 percent decrease in bank net worth. My VAR
model states that there is a small positive effect on bank net
worth rather than a large negative effect.
My VAR models of the relationships between the federal
funds rate, interest income, interest expense and ROA show
similar results to Drechsler et al. (2017a). A 100 bps increase
in fed funds is associated with a 22 bps change in interest
expense and 23 bps change in interest income, which confirms Drechsler et al. (2017a) in their claims that: 1) deposit
rates are sticky, and 2) banks match their interest income
and interest expense sensitivities. A 100 bps change in fed
funds is associated with a 3 bps change in ROA which also
matches Drechsler et al. (2017a). This means that interest
rate shocks do not affect banks’ ROA.
The conclusions about the effect of interest rate shocks
on bank balance sheet variables matter for a variety of
reasons. The conclusions of the Di Tella and Kurlat (2017)
and Drechsler et al. (2017a) papers and my VAR models
suggest that the stability of the financial system partially
depends on banks operating as an oligopoly. Drechsler et al.
(2017a) explain: the stability of a bank’s returns (measured as
ROA) partially depends on the matching of the interest rate
sensitivity of their interest expense and interest income. Bank
assets are insensitive to a shock in the short-term interest rate,

and thus liabilities must be as well (Drechsler et al., 2017a).
This is possible if deposit rates are sticky—they don’t move
with the fed funds rate—which is only possible if the bank
market has high market concentration, acting as an oligopoly
(Drechsler et al., 2017a). If banks had less market power and
their interest expense was less predictable, their profitability
would be more volatile.
What is the future of banks’ oligopoly? It may be getting
stronger (Ellis, 2012). One would think that the shift to
electronic payment systems has led to not just more efficient
banking but that it has given households more choices of
payment methods, e.g., holding credit cards with different
banks, peer-to-peer payment systems, etc. However, credit
and debit cards and other electronic payment systems actually reinforce the bank oligopoly when households set up
automatic payments (Ellis, 2012). Automatic payment of
bills, loans, subscription services, and streaming services
all tie a household to a specific bank (Ellis, 2012). All
of these automatic payments make it much more difficult
for a household to switch banks (Ellis, 2012). This could
mean that high market concentration in banking is increasing,
which might continue to stabilize banks’ ROA and thus their
financial stability.
The findings on the relationship between the fed funds rate
and bank balance sheets are relevant to monetary policy. The
Federal Reserve has a dual mandate of full employment and
price stability; it also seeks to promote financial stability
(Board of Governors of the Federal Reserve System, 2018).
Understanding how the Federal Open Market Committee’s
policy changes affect banks’ interest income, interest expense
and ROA informs the relationship between monetary policy
and financial stability.
II. L ITERATURE R EVIEW
The relationship between monetary policy, the deposit
channel of monetary policy transmission, and bank balance
sheets has been studied extensively. Di Tella and Kurlat’s
(2017), Drechsler et al.’s (2017a) and my research depend
on the existence of a bank lending channel of monetary
policy transmission (Kashyap & Stein, 1994). In the study of
the relationship between monetary policy and bank balance
sheets, Kashyap and Stein (1994) have found that when the
Federal Reserve increases the fed funds rate, the substitution
from deposits to other higher-yielding liabilities is not frictionless. This causes a decrease in bank liabilities, impacting
banks’ balance sheets and affecting their lending opportunities (Kashyap & Stein, 1994). This finding is important
because it exhibits how “capital market imperfections” lead
to a contradiction of the Modigliani-Miller theory, which
would predict a seamless substitution from deposits to other
liabilities (Kashyap & Stein, 1994, p. 152).
Di Tella and Kurlat (2017) and Drechsler et al. (2017a)
agree that an increase in the nominal interest rate leads to
a much smaller increase in the deposit rate. Di Tella and
Kurlat (2017) defined the deposit rate as the rate banks paid
on deposits. Drechsler et al. (2017a) analyzed the variable
titled interest expense rate (a ratio of interest expense to

assets), but since deposits are 70 percent of liabilities, the
interest expense rate is similarly useful for analyzing how
much banks pay on deposits. Di Tella and Kurlat (2017)
used LIBOR as the nominal interest rate while Drechsler et
al. (2017a) used the federal funds rate, and both have the
same results on the sensitivity of the deposit rate or interest
expense rate to an interest rate shock. Specifically, Drechsler
et al. (2017a) found that a 100 bps increase in the fed funds
rate leads to a 36 bps increase in the interest expense rate.
Di Tella and Kurlat (2017) found that a 100 bps increase
in LIBOR leads to a 38 bps increase in the deposit rate.
Drechsler et al. (2017a) explain that banks only raise the
deposit rate by 36 bps for every 100 bps LIBOR increase
because they have market power (high market concentration),
which is supported by the fact that bank market concentration
is high at the local level throughout the United States.
The deposit rate is relevant because retail deposits are
more than 70 percent of banks’ liabilities (Drechsler et
al., 2017a). This exposure to deposits naturally leads to a
discussion of the relationship between the nominal interest
rate and bank balance sheets. Drechsler et al. (2017a) studied
the relationship between the fed funds rate, the interest
expense rate, the interest income rate, and ROA. They found
that interest rate changes do not alter banks’ ROA (Drechsler
et al., 2017a). This is possible because banks match the
sensitivity of their interest income (to fed funds shocks)
to the sensitivity of their interest expense (Drechsler et al.,
2017a). Drechsler et al. (2017a) found that when fed funds
increases by 100 bps and the interest expense rate goes up
by 36 bps, the income interest rate also goes up by 38 bps.
They explain it as following: interest income comes from
assets that are generally long-term and fixed-rate. Liabilities
are mostly deposits that are zero maturity (Drechsler et al.,
2017a). How can banks have maturity mismatch without
interest rate risk? Drechsler et al. (2017a) explain that to
maintain their high market concentration and stay high up
in financial markets’ social strata, banks administer many
branches. This high market concentration, or oligopoly, allows banks to keep their deposit rates insensitive to fed funds
changes, and it creates high operation costs for the banks
(Drechsler et al., 2017a). These costs are fixed and thus the
deposits, and so liabilities, are fixed-rate (Drechsler et al.,
2017a). Therefore, the bank has fixed-rate assets as well as
fixed-rate liabilities (Drechsler et al., 2017a). This allows for
the matching of the sensitivity of the interest expense to the
interest income, making it possible “to engage in maturity
transformation without interest rate risk” (Drechsler et al.,
2017a, p. 2).
Di Tella and Kurlat (2017) looked at the relationship
between interest rates and bank net worth. They built a
theoretical model that displays how risk-averse banks build
a dynamic hedging mechanism, which leads to their net
worth increasing when interest rates decrease. Their paper
shows an inverse relationship between LIBOR and bank net
worth; when LIBOR increases by 100 basis points, bank net
worth decreases by around 30 percent. Bank net worth, the
variable z, is, more precisely, measured as the share of banks’

net worth out of the U.S. economy net worth.1 This poses
the question: could a change in z be just a change in the
economy net worth? Di Tella and Kurlat (2017) reassure that
since the economy net worth is unaffected by the Brownian
motion that is responsible for the model’s monetary policy
shocks, the shifts in z are equivalent to shifts purely in
bank net worth. The dynamic hedging mechanism outlined
and modeled by Di Tella and Kurlat (2017) shows that
bank net worth actually decreases when rates increase. Di
Tella and Kurlat’s (2017) empirical work does not include
a regression of bank net worth on LIBOR; they only depict
this relationship though the theoretical model they construct.
Apart from my VAR model of this relationship, I will fill
that gap with an OLS regression of bank net worth on
LIBOR. It will be in the same vein as the authors’ other
OLS regressions. This is an especially interesting inquiry
because Di Tella and Kurlat (2017) use book values in their
existing empirical analysis; an interest rate shock would not
lead to a change in book values, so banks’ book value net
worth should be unchanged after an interest rate shock.
The Di Tella and Kurlat (2017) OLS regressions have
an underlying problem. The variables they use are nonstationary (see Table 8 in appendix), and an OLS regression
of nonstationary variables is a spurious regression, meaning
its results are invalid (Granger & Newbold, 1974). Granger
and Newbold (1974) explain that is because if you regress
y on x, and both x and y are nonstationary, the coefficients
will be nonzero even if there is no relationship between x
and y. They found that even if there is a relationship between
x and y, the estimated coefficient will likely be incorrect. I
will use the VAR to model these variables because it takes
account of the fact that the variables’ residuals are correlated
(Hamilton, 1994).
In their dissertation, Sung-Eun Yu studied the difference
between how banks and non-bank financial institutions react
to changes in the fed funds rate (Yu, 2015). They found that
an increase in the fed funds rate is associated with a large
decrease in bank net worth, which matches the Di Tella and
Kurlat (2017) finding (Yu, 2015). They used a log of the
net worth variable, and did not convert the IRF standard
deviation effects into basis point units (Yu, 2015). They also
used Quarterly Flow of Funds data, but their date range is
1954 to 2010 (Yu, 2015).
The high market concentration in the banking industry
as an explanation for sticky deposit rates which Drechsler
et al. (2017a) cited is supported by Hannan and Berger
(1991). Hannan and Berger (1989) say that it is banks’
“non-competitive pricing behavior” that is behind this concentration (Hannan & Berger, 1989, p. 291). Hannan and
Berger (1991), differ from Drechsler et al. (2017a) in their
conclusion about the relationship between the interest rate
(in Hannan and Berger’s case, the three-month Treasury
bill rate) and the deposit rate after doing a multinomial
logit regression. Hannan and Berger (1991) found that if
1 The variable Di Tella and Kurlat (2017) and I study is the ratio of bank
net worth to economy net worth. For brevity, I will use “bank net worth” to
describe the entire ratio, so “z” is interchangeable with “bank net worth.”

the independent variable is the square of the change in
the security rate, and the dependent variable is the deposit
rate, the coefficient is 2.36 for instances where the security
rate increases, and 3.26 when the security rate decreases.
However, their analysis is less rigorous than Drechsler et al.
(2017a), as they use data on only a select group of 300 banks
from 1983-1986 (Hannan & Berger, 1991).
This line of research was continued by Neumark and
Sharpe (1992). The 1980s saw structural changes in the
deposits market caused by the deregulation of the market
in the early part of the decade (Neumark & Sharpe, 1992).
Neumark and Sharpe (1992) found that market concentration
explains why banks in concentrated markets are quicker
to lower deposit rates and slower to raise deposit rates.
“Since the interest rate is the inverse of the price charged
by the bank for deposits, this suggests more generally that
downward price rigidity and upward price flexibility are the
consequence of market concentration” (Neumark & Sharpe,
1992, p. 660). Neumark and Sharpe (1992) use a dynamic
OLS model. Like Hannan and Berger (1991), Neumark and
Sharpe (1992) chose a small sample of 255 banks over a
period in the mid-1980s, and they have similar results for
the relationship between market concentration and deposit
rates.
Driscoll and Judson (2013) concluded that menu costs
can explain the price stickiness of deposit rates. “Rates are
downwards-flexible and upwards-sticky” (Driscoll & Judson,
2013, p. 1) is a similar finding to Neumark and Sharpe
(1992). They clearly point out why this area of research
matters in depositor dollar terms because “depositors would
have received as much as $100 billion more in interest per
year during periods when market rates were rising,” and
also in the monetary policy setting world because “deposit
rates are likely to lag increases in policy and market rates in
future tightening cycles” (Driscoll & Judson, 2013, p. 1). The
Driscoll and Judson (2013) aggregate-level regressions of the
weekly change in the 6-month certificate of deposit (CD)
rate on the change in the fed funds rate have similar results
to the comparable regressions of Drechsler et al. (2017a),
which regress the interest expense rate on the fed funds rate.
In summary, Driscoll and Judson (2013) find that for a 100
basis point change in the fed funds rate, the rate on 6-month
CD moved by 38 basis points. Drechsler et al. (2017a) find
a 36 basis point change in the comparable aggregate deposit
rate. Both Driscoll and Judson (2013) and Drechsler et al.
(2017a) use OLS regressions. Their branch level results are
more difficult to compare because they analyze the deposit
rates of different product categories separately (CD rate,
MMDA rate, interest checking rate), instead of using one
aggregate asset-weighted average deposit rate (Driscoll &
Judson, 2013).
Driscoll and Judson (2013) and Yankov (2014) find an
asymmetry between the response of the deposit rate to an
increase versus a decrease in the fed funds rate. When the
fed funds rate increases, it takes around seven weeks for
the deposit rates to increase, while when the fed funds rate
decreases, it takes around three weeks for the deposit rate

to decrease (Yankov, 2014). Yankov (2014) attributes this
incongruity to heterogeneous search costs on behalf of the
investors. He creates “an asset pricing model with investors
who are heterogeneous with respect to their search costs of
obtaining information on the best returns on their savings”
(Yankov, 2014, p. 3). This builds on the work of Burdett and
Judd who show that it is possible to have “price dispersion
in equilibrium with fully rational and identical agents on
both sides of the market” (Burdett & Judd, 1983, p. 967).
The heterogeneity of investor information costs leads to “the
degree of interest rate pass-through of market interest rates
onto retail deposit rates” (Yankov, 2014, p. 3). In contrast,
Driscoll and Judson (2013) attribute this asymmetry to the
bank’s menu costs. Banks will change their deposit rate more
aggressively when it is worth the menu cost. When the fed
funds rate rises, banks are reluctant to raise the rate they pay
on deposits, but they are quicker to adjust when the fed funds
rate falls and they have the chance to pay less on deposits
(Driscoll & Judson, 2013). They also believe that in general,
stickiness of deposits may contribute to financial stability
(Driscoll & Judson, 2013).
III. M ETHODOLOGY
I start with a replication of the regression results in Di
Tella and Kurlat (2017) and Drechsler et al. (2017a). This
will allow me to seamlessly test and extend their findings
with a VAR model. Both papers provided good documentation of their methodology. In the Appendix, macroeconomic
variables refers to the variables (LIBOR, the deposit spread,
and z) inspired by Di Tella and Kurlat (2017), and bank balance sheet variables refers to the variables (Fed Funds rate,
interest income rate, interest expense rate, ROA) inspired by
Drechsler et al. (2017a).
From Di Tella and Kurlat (2017), I replicated their original
Table 2 and Table 3 (as seen in Appendix Table 3 and
Table 5). Table 2 in Di Tella and Kurlat (2017) is an OLS
regression of the deposit spread on LIBOR and bank net
worth (variable z) (Di Tella & Kurlat 2017). Table 3 in Di
Tella and Kurlat (2017) is a regression of the deposit spread
on LIBOR and bank maturity mismatch; even though I do
not discuss maturity mismatch in this paper, this replication
is useful to further confirm the validity of my data replication
overall (Di Tella & Kurlat 2017).
From Drechsler et al. (2017a) I replicate parts of their
Table 1, which is Table 8 in this Appendix, and I discuss their
original Table 2 and 3. Table 1 of Drechsler et al. (2017a)
is a cross-sectional analysis of the interest income, interest
expense betas, and ROA betas; the interest income beta is
the bank interest income divided by assets and the other two
betas are calculated in the same manner (Drechsler et al.,
2017a). Table 2 and 3 of Drechsler et al. (2017a) hold the
results of the following regressions:
Table 2 of Drechsler et al. (2017a):

∆IntInci,t = λi +

3
X

γτ ∆F edF undst−τ

τ =0

di,t + εi,t
+ δ∆IntExp

(Stage 2)

(Drechsler et al., 2017a, p. 34)
Table 3

∆IntExpi,t = αi +

3
X

βi,τ ∆F edF undst−τ + i,t

τ =0

∆ROAi,t = λi +

(Stage 1)

3
X

γτ ∆F edF undst−τ

τ =0

di,t + εi,t
+ δ∆IntExp

(Stage 2)

(Drechsler et al., 2017a, p. 35)
Drechsler et al. (2017a) state that they test a two-stage
OLS regression; however, the equations above do not fit
that description. The fed funds rate cannot appear in both
the first and second stage of a two-stage OLS regression
(Wooldridge, 2001). If the fed funds rate is acting as the
instrument variable (IV), it cannot appear in the second stage
(Wooldridge, 2001). If it does, it defeats the purpose of
the fed funds as an IV since it is correlated not just with
∆IntExpi,t , but also with ∆IntInci,t (Wooldridge, 2001).
A. VAR Model
To better understand the relationship between the nominal
interest rate, the deposit spread, and bank net worth, I am
using a reduced form VAR model. According to Sims (1980),
VAR models show the dynamic response of a vector of
variables. Hence, I can analyze the response of only bank net
worth to a shock in only LIBOR over multiple periods, which
is in contrast to the static models of Di Tella and Kurlat
(2017) and Drechsler et al. (2017a). A VAR model also gets
rid of definite classifications of exogenous and endogenous
variables (Sims, 1980). Drechsler et al. (2017a) and Di Tella
and Kurlat (2017) strictly look at the nominal interest rate as
exogenous and the deposit spread as endogenous. Variables
are sometimes considered exogenous because proving their
endogeneity is not the focus of the specific study or because
they are policy variables (federal funds rate in this case),
however, much can be discovered if this a priori assumption
is lifted (Sims, 1980). A VAR prevents one from running
“nominally over-identified” models (Sims, 1980, p. 14). The
VAR formula is:
y t = A1 y t−1 + ... + Ap y t−p + ut
(Pfaff, 2008, p. 2)

∆IntExpi,t = αi +

3
X
τ =0

βi,τ ∆F edF undst−τ + i,t
(Stage 1)

There are “K endogenous variables y t = (y1t , ..., ykt )
for k = 1, ..., K. Ai are (K × K) coefficient matrices
for i = 1, ..., p and ut is a K-dimensional process with

E(ut ) = 0 and time invariant positive definite covariance
matrix E(ut uTt ) = Σu .” (Pfaff, 2008, p. 2).
My endogenous variables are the weekly 6-month LIBOR
rate, the quarterly aggregate deposit spread (LIBOR minus
aggregate rate on deposits), and quarterly aggregate bank
net worth, all of which are defined as in Di Tella and Kurlat
(2017), except I use the variables’ first-difference since they
are nonstationary.
My endogenous variables are the weekly 6-month LIBOR
rate, the quarterly aggregate deposit spread (LIBOR minus
aggregate rate on deposits), and quarterly aggregate bank
net worth, all of which are defined as in Di Tella and Kurlat
(2017), except I use the variables’ first-difference since they
are nonstationary.
To test stationarity, I evaluate the Eigenvalues of the entire
VAR model (Li, 2014). If they are within the unit circle—if
their absolute value is below one—the model is stable and the
VAR analysis can begin (Li, 2014). To test the stationarity of
the individual variables, I use the Augmented Dickey-Fuller
test, which is a hypothesis test; the null hypothesis is that
the model is non-stationary (Said & Dickey, 1984). The VAR
model of the Di Tella and Kurlat (2017) variables as a whole
is stationary, and the same is true for the VAR model of
Drechsler et al. (2017a) variables. However, according to the
Augmented Dickey-Fuller (ADF) Test (Appendix Table 11),
the Di Tella and Kurlat (2017) individual variables are nonstationary. Therefore, I use first-differences of the variables
of Di Tella and Kurlat (2017). On the other hand, the ADF
Test calculates that multiple of the individual Drechsler et
al. (2017a) variables are stationary (Appendix Table 15).
Therefore, I do not use the first-differences of the Drechsler
et al. (2017a) variables. STATA and R provide the model’s
Eigenvalues, and the theory is explained by Hamilton (1994)
as follows:
Consider multiplying the VAR equation by ρ.
y t = ρy t−1 + ... + ρy t−p + ut
Where ρ is a K × K matrix that satisfies:
ρy = λy
and:

λ1
 ..
2
ρ =P .
0
 2
λ1
 ..
=P .
0

...
..
.
...
...
..
.
...


0
..  P −1 ∗ P
. 
λk


λ1
 ..
.
0

...
..
.
...


0
..  P −1
. 
λk



0
..  P −1
. 

λ2k

When the set of non-current-error terms of yt is continuously multiplied by ρ:

y t = ρy t−1 + ... + ρy t−p + ut
= ρ(ρy t−1 + ... + ρy t−p + ut−1 ) + ut
= ρ2 y t−1 + ... + ρ2 y t−p + ρut−1 + ut
= ρn y t−n +

n−1
X

ρs ut−s

s=0

If |ρ| < 1, then:

y=

∞
X

ρs ut−s

s=0
∞
X

= E[

ρ2s u2t−s ]

s=0

=

∞
X

ρ2s σ 2u

s=0

=

σ 2u
1 − ρ2
(Hamilton, 1994)

y t is stable and is a function of the Eigenvalue (Hamilton,
1994). If |ρ| ≥ 1 then the first term of the equation (ρn y t−n )
would not go to zero as n goes to infinity; the system of
equations would be unstable, and the VAR model would not
function correctly (Hamilton, 1994).
The VAR model automatically determines an appropriate
lag length but also provides the metrics from which the
researcher can choose the lag length. To determine the lag
length of the VAR model I evaluate the Akaike (AIC),
Hannan-Quinn (HQIC), and Schwarz Bayesian (SBIC) information criterion values which are determined within the
bounds of a specific maximum lag and an information
criterion (Pfaff, 2008). AIC suggests a lag length that will
give the best forecast (Lutkepohl, 2005). HQIC and SBIC
are a good fit for large data sets and fit the true order of the
data better (Lutkepohl, 2005).
“Autoregressive systems like these are difficult to describe
succinctly. It is especially difficult to make sense of them
by examining the coefficients in the regression equations
themselves. The estimated coefficients on successive lags
tend to oscillate, and there are complicated cross-equation
feedbacks” (Sims, 1980, p. 20). To filter through the crossequation feedback, I will analyze the VAR’s impulse response functions (IRFs) (Hamilton 1994). IRFs depict how
the shock of one variable has an effect on itself and,
separately, on another variable(s) (Hamilton 1994). This is
possible by the Cholesky decomposition of the system’s error
terms. If the VAR’s matrix form is:


yt
φ11 φ12 yt−1 ut
=
+
xt
φ21 φ22 xt−1 vt
 
ut
wt =
vt

(Li, 2014, p. 4)
The error vector’s variance-covariance matrix is
 2

σu σu,v
Ω = Ewt wt0 =
σu,v σv2
(Li, 2014, p. 6)
Which is transformed

the response variable (Hamilton, 1994). To understand the
effect of the impulse variable on the response variable in the
units of the actual variables, I convert them. The effect of
the impulse variable on the response variable is calculated by
dividing the highest absolute value that the response variable
reaches by the standard deviation of the impulse variable’s
residual (Hamilton, 1994).
B. Error Bands

b = T −1 =
Ω



Σû2t
Σût v̂t

Σût v̂t
Σv̂t2



ût and v̂t = residuals
(Li, 2014, p. 6)
In general, ut and vt are contemporaneously correlated
(not-orthogonal), i.e., σu,v 6= 0 (Li 2014, 12). Under this
condition, if there is a shock on yt , it wont be clear if xt
responds to yt or xt−1 Hamilton 1994. This is remedied
with the Cholesky Decomposition as explained by Hamilton
(1994) and Li (2014):
There is a lower triangular matrix A such that
Ω = AA−1
(Li, 2014, p. 12)
Linearly transform wt
w
ft = A−1 wt
(Li, 2014, p. 12)


g


w
ft = h

0
..
.

k

···


0

0

IV. DATA

where g is the initial error term of the first equation, h is
the error term of the second equation with parts of the first
equation error subtracted out, k is the error term of the third
equation with parts of the first and second equation errors
subtracted out and so on (Hamilton, 1994).
The error terms of w
ft are orthogonal as its variancecovariance matrix is an identity matrix:
0

var(f
wt ) = A−1 var(wt )A−1
= A−1 ΩA−1

Different programs in R draw impulse response function
graphs with different types of error bands. The more classic
programs use bootstrap confidence interval methods and
others use the Bayesian interval method (Sims & Zha, 1999).
I analyze both.
The two methods have similar results if the data is
stationary, but the Bayesian method is preferred if the data is
nonstationary (Sims & Zha, 1999). The bootstrap confidence
interval method is a frequentist procedure which “mix[es] the
information about parameter location with information about
model fit” (Sims & Zha 1999, p. 1113). Confidence interval
methods do not express the validity model, rather they
simply show “the location of the parameter values” (Sims
& Zha 1999, p. 1117). This can create inaccurate results
(Sims & Zha, 1999). Likelihood-based error bands drawn
from Bayesian inference use the shape of the likelihood can
avoid this (Sims & Zha, 1999). “Flat-prior Bayesian 1 − α
probability intervals, based purely on the likelihood, are often
very close to exact (1 − α)% confidence intervals” and if
the cases that they are not, one should use the Bayesian
probability interval (Sims & Zha, 1999, p. 1120). In the IRF
graphs, I use the intervals .68 and .90 to create the error
bands (Sims & Zha, 1999).

0
0

= A−1 AA0 A−1
=I

(Li, 2014, p. 12)
The impulse responses show the shocks in the errors in the
w
ft vector over time (Hamilton 1994). Once the error terms
of w
ft are orthogonal, I am able to distinguish between the
effects of an error shock (Hamilton, 1994).
The IRF graph displays a one standard deviation shock of
the impulse variable’s residual leading to a unit response in

Following Di Tella and Kurlat (2017), I used data from
FRED, from the Federal Reserve Board, and from Drechsler
et al. (2017b). The weekly 6-month LIBOR rate is from
FRED, the aggregate bank net worth data is from the
Quarterly Flow of Funds database provided by the Federal
Reserve Board, and the aggregate deposit spread is directly
from the published data of Drechsler et al. (2017b) in
the Harvard Dataverse (Drechsler et al, 2017c). Aggregate
bank net worth data is measured by bank equity (Di Tella
and Kurlat, 2017). Di Tella and Kurlat (2017) provide the
specific data series from the particular databases in their
Appendix C. In the Di Tella and Kurlat (2017) Table 3
regressions, the authors used data from 1997-2016. I only
used data from 1997-2013 in the replication of their Table
3 (Appendix Table 5) as most observations past 2013 had
missing data. Any other missing data is also accounted for
while running the VAR model with a command to omit the
missing observations. Variable definitions can be found in
Table 1 of this Appendix.
I ran a two variable VAR with the variables LIBOR and
the deposit spread which used the weekly rates data. To run
the three variable VAR with LIBOR, the deposit spread, and
z, I collapse the LIBOR and deposit spread variables into a

quarterly frequency to match z which also has a quarterly
frequency (Board of Governors of the Federal Reserve System). To transform the LIBOR and deposit spread weekly
variables into quarterly variables, I choose the last value of
the quarter to represent that quarter because the z variable
is also a value measured at the end of the quarter (Board of
Governors of the Federal Reserve System). Once transformed
into aggregate time series, the variables are ready as inputs
into the VAR model (Hamilton 1994). The summary statistics
for these variables (LIBOR, deposit spread, z) are found in
Table 6 of this Appendix.
Drechsler et al. (2017a) uses bank-level U. S. Call Report
Data that I retrieve as a dataset from the website of one of the
authors, Phillip Schnabl (Drechsler et al., 2017d). Therefore,
I transform them into time series data in order to model
their relationship with a VAR model (Hamilton 1994). To
do this I collapse them into an average per quarter. I use
data from 1984-2013 like Drechsler et al. (2017a), though
some 2013 values are missing, which I account for while
running the VAR model with a command to omit the missing
observations.
Each variable in Drechsler et al. (2017a) is measured as
a change from t to t+1 (except ROA, which is measured as
a year-over-year change). The IRFs of such variables would
then represent the change in a change of the variable which
is not an intuitive measurement. Thus, instead of using the
change variable like Drechsler et al. (2017a), I use the nonchange, level variables in the VAR model.
I also transform the Drechsler et al. (2017a) variables
by winsorizing them at the 1 percent and 99 percent level.
Winsorizing the variable at 1 percent means that the top 1
percent of observations take on the value of the observation
at exactly the 99th percentile, and the bottom 1 percent
of observations take on the value of the observation at
exactly the 1st percentile (Reifman & Keyton, 2012). This
was done as a response to some very negative outliers,
which were making the interest income, interest expense, and
ROA averages negative.2 Interest expense, interest income
and ROA should not be negative, and after digging through
the individual data observations, it seems that the outliers
were among small banks that were not in existence for a
long time and took enormous losses relative to their assets.
For example, before winsorizing each of the three variables,
the average overall interest income rate was -.02, while the
average interest income rate if interest income rate was below
zero was -11.41 and the average interest income rate if
interest income rate was above zero was .02. These statistics
are even more shocking considering there are only 4,000
observations with interest income rate below zero and over
1.1 million observations with interest income rate above zero.
This leads to the conclusion that a small number of very
negative observations were greatly affecting the sample. It
would be interesting how the Drechsler et al. (2017a) results
would change if they winsorized the variables in their OLS
regressions.
2 This

is the ready-made bank-level data from Drechsler et al. (2017d).

Lastly, a graph of the aggregate time series that includes
LIBOR, the deposit spread and z is found in Figure 1, and
an aggregate time series graph of the Fed Funds rate, interest
income rate, interest expense rate, and ROA is found in
Figure 2.
V. R ESULTS
For analyzing the LIBOR-deposit spread relationship, I
use the two variable VAR model with just those two variables. The two variable VAR model has weekly LIBOR and
deposit spread data, which allows for greater granularity in
calculating the relationship. The three variable VAR with
LIBOR, deposit spread, and z, uses quarterly data since z
(bank net worth variable) is reported quarterly (Board of
Governors of the Federal Reserve System). Although the
three-variable VAR does contain LIBOR and the deposit
spread, it should not be used for analyzing the LIBORdeposit spread relationship because the quarterly LIBOR and
deposit spread observations gloss over much of the variation
that they exhibit within a quarter.
Based on OLS regressions, both Di Tella and Kurlat (2017)
and Drechsler et al. (2017a) agree that a 100 bps increase in
LIBOR leads to around a 63 bps change in the deposit spread
or the interest expense rate, respectively.3 My VAR model of
Di Tella and Kurlat (2017) data shows similar results; a 100
bps increase in LIBOR is associated with a 48 bps change in
the deposit spread (Figure 3).4 This means that when LIBOR
increases by 100 bps, the deposit rate increases by only 52
bps, confirming the Drechsler et al. (2017a) bank oligopoly
theory.
A VAR model of Di Tella and Kurlat (2017) data produces
some results that match and some results that differ from the
Di Tella and Kurlat (2017) OLS regressions. The Di Tella
and Kurlat (2017) theoretical model states that a 100 bps
increase in LIBOR is associated with a 30 percent decrease
in bank net worth. Di Tella and Kurlat (2017) do not actually
test this empirically. I tested this relationship using both an
OLS regression and a VAR model, which have similar results
to each other, and greatly differ from Di Tella and Kurlat
(2017). The OLS regression of z on LIBOR indicates that
a 100 bps increase in LIBOR is associated with a 2 basis
point change in banks’ share of net worth. Since the mean
value of z is .006, a 100 bps change in LIBOR is associated
with a 3 percent increase in the average bank’s share of net
worth. The VAR model shows that a 100 bps increase in
LIBOR leads to a 6 basis point increase in banks’ share of
net worth (Figure 4). This is equivalent to a 100 bps increase
in LIBOR being associated with a 10 percent increase in
the average bank net worth. This means that an increase in
LIBOR is associated with an increase in bank net worth.
This contradicts Di Tella and Kurlat (2017) which found a
3 63 bps is the average of the two papers’ findings, 62 bps and 64
bps, found by Di Tella and Kurlat (2017) and Drechsler et al. (2017a),
respectively.
4 This is a result of the two-variable VAR with LIBOR and the deposit
spread variables. The three-variable spread VAR shows a 100 bps increase
in LIBOR leads to a 65 bps change in the deposit spread.

much larger negative impact of LIBOR on banks’ share of
net worth.
Drechsler et al. (2017a) concluded that a 100 bps change
in the Fed Funds rate changes interest expense by 36 bps and
interest income by 38 bps. In comparison to the authors’ OLS
regressions, my VAR model shows that a 100 bps change in
the Fed Funds rate is associated with a 22 bps change in the
interest expense rate. This effect is seen by quarter eight, as
shown in Figure 5.5 This is important to note: the full effect
of a Fed Funds shock on interest expense is not felt until 2
years later. Thus, a VAR model is critical to understanding
this relationship because an OLS regression, even with a 4
quarter lag, does not fully depict this relationship. Next, the
VAR shows that the effect of a 100 bps change in the Fed
Funds rate is associated with around a 24 bps change in
the interest income rate (Figure 5). 6 This is similar, though
slightly lower, compared to Drechler et al. (2017a) results.
The full effect is also not felt until about quarter eight.
Like in Drechsler et al. (2017a), the VAR model shows that
interest income increases slightly more than interest expense
after a Fed Funds shock. Intuitively, it makes sense that when
interest expenses increase, the interest income increases by
more than that to insure the bank stays profitable. The third
relationship in this study shows that a 100 bps shock in the
Fed Funds rate is associated with a 3 bps change in ROA
(Figure 6). The VAR model shows that ROA is more or
less unchanged after a shock in the Fed Funds rate, which
matches the result of Drechsler et al. (2017a), who stated
that ROA remains constant during changes in the Fed Funds
rate.
Besides confirming to or disagreeing with the two papers,
these findings show that following an increase in the nominal
interest rate, the rate banks pay on deposits increases by
much less than the interest rate shock. Interest expense is
also sticky, and it has the same sensitivity to interest rate
shocks as the interest income rate. All of these variables
confirm the Drechsler et al. (2017a) theory that banks have
outsized power in setting the deposit rate, and the rate paid
on other expenses. Beyond these rates, a nominal interest rate
shock does not have much effect on ROA nor bank net worth.
This is surprising because banks have previously been seen
as being exposed to interest rate risk through their maturity
transformation business model (Drechsler et al., 2017a).
A future study could look at why, in the IRFs of the
VARs, the relationship between Fed Funds and itself, or
interest expense and itself or, interest income and itself are
not each equal to one. It would make intuitive sense for
them to equal one: the effect of a 1 unit shock in the Fed
Funds rate should affect the Fed Funds rate by around 1
unit in every VAR. This is not exactly the case. It maybe
5 22 bps is the average effect of a shock in the Fed Funds rate on the
interest expense rate across the three VAR models (the first VAR included
the variables Fed Funds rate, interest expense and interest income, the
second VAR model included the variables Fed Funds, interest expense, and
ROA, and the third VAR had the variables Fed Funds, interest expense,
interest income, and ROA.)
6 24 bps is the average effect of the Fed Funds rate on the interest income
rate across the VAR models

because the data itself is “imperfect;” banks have negative
values of ROA and other variables that should be positive,
whether for bank-level reasons or the time period (2008Q4 or
2009Q4). This, along with outliers, greatly affects the VAR
model, which was seen with the pre-winsorized data that had
nonsensical IRF results. Future studies could also explore
how bank risk-aversion and hedging play into Drechsler et
al. (2017a) results since the authors do not mention either
while Di Tella and Kurlat (2017) do.
VI. C ONCLUSION
Studying interest rate shocks on bank balance sheet variables gives insight into both Federal Reserve monetary policy
and how receptive banks are to changes in interest rates.
Di Tella and Kurlat (2017) studied the relationship between
LIBOR, the deposit spread, and bank net worth with a
theoretical model and OLS regressions, and Drechsler et
al. (2017a) studied the relationship between the Fed Funds
rate, interest expense rate, interest income rate, and ROA
with OLS regressions. I study the relationship between these
variables with a VAR model to understand how they interact
in a dynamic setting over multiple periods of time without
assumptions of exogeneity, and with clear effects of shocks in
one variable on another through impulse response functions
(Hamilton 1994). I find that an increase in the nominal
interest rate is associated with a much smaller increase in
the rate banks pay on deposits and other liabilities, which
matches both papers’ conclusions. Drechsler et al. (2017a)
attribute this to the fact that banks have oligopoly power
and can choose to make deposit rates sticky. Like Drechsler
et al. (2017a), I also find that an interest rate change does
not affect ROA. In contrast to Di Tella and Kurlat (2017)
though, I find that an interest rate shock does not affect bank
net worth either. Drechsler et al. (2017a) state how it was
previously thought that interest rate risk is a necessary part
of maturity transformation; my VAR result shows that the
banking industry is less affected by interest rate shocks than
previously thought.
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VIII. A PPENDIX
IX. A. Variable Definitions
Table 1. Variable Definitions
LIBOR
6-month LIBOR rate
Deposit
Difference between LIBOR and the
Spread
rate banks pay on deposits
(DSpr)
z
Banks share of net worth= Banks
Net Worth / Aggregate Economy
Net Worth
Fed
Funds Federal Funds Rate
Rate
Interest
Interest Expense/Assets
Expense Rate
Interest
Income/Assets
Income Rate
Interest
ROA
Return
on
Assets=
Net
Income/Assets
IX. B. My replication of Di Tella and Kurlat (2017)
Table 2. Original Table 2 in Di Tella and Kurlat (2017)

Table 4. Original Table 3 in Di Tella and Kurlat (2017)

(Di Tella and Kurlat, 2017, p. 28)
Table 5. My replication of Table 3 in Di Tella and Kurlat
(2017)
(1) Maturity Mismatch
(years)
0.639***
LIBOR
(0.0111)
-1.900***
z
(0.255)
4.722***
Constant
(0.179)
Observations
67
Standard errors in parentheses
***p<0.01, ** p<0.05, *p<0.1
Variables

Table 6. Summary of the replicated variables, quarterly
(1)
(2)
(3)
(4)
(5)
Variables
N
mean
sd
min
max
LIBOR
68
0.0307
0.0221
0.00345 0.0692
DSpr
60
0.0149
0.0136 -0.00118 0.0388
z
68 0.00622 0.00212 0.00236 0.0104
(Di Tella and Kurlat, 2017, p. 19)
Table 3. My replication of Table 2 in Di Tella and Kurlat
(2017)
Variables
(1) Deposit Spread (2) Deposit Spread
0.639***
1.055***
LIBOR
(0.0111)
(0.0605)
-5.416***
LIBOR2
(0.775)
-0.756***
-0.255
z
(0.195)
(0.200)
0.00221
-0.00750***
Constant
(0.00149)
(0.00199)
Observations
511
511
R-squared
0.870
0.881
Standard errors in parentheses
***p<0.01, ** p<0.05, *p<0.1

Figure 1. Aggregate time series of macroeconomic variables, quarterly

IX. C. My replication of Drechsler et al. (2017a)
Table 7. Original Table 1 in Drechsler et al. (2017a)

(Drechsler et al., 2017a, p. 33)
Table 8. My replication of Table 1 in Drechsler et al.
(2017a)
Variables
Bank Characteristics (all)
Interest rate sensitivity
0.356
Interest expense beta
(0.109)
0.372
Interest income beta
(0.177)
.028
ROA beta
(0.779)
Bank Characteristics
0.575
Loans/Assets
(0.162)
0.272
Securities/Assets
(0.157)
0.852
CoreDeposits/Assets
(0.100)
0.103
Equity/Assets
(0.063)
Observations
15,309
Table 9. Summary Statistics of the replicated variables,
Level Variables, Winsorized
(1)
(2)
(3)
(4)
(5)
Variables
N
mean
sd
min
max
Fed
120 0.0433 0.0292 0.000700 0.113
Funds
Interest
Expense 120 0.00786 0.00408 0.00115 0.0169
Rate
Interest
Income 120 0.0179 0.00460 0.00967 0.0276
Rate
ROA
120 0.00210 0.000782 -0.000641 0.00315

Figure 2. Aggregate time series of bank balance sheet
variables, quarterly

IX. D. Regression of z on LIBOR and deposit spread
(Di Tella and Kurlat (2017) did not test this.)
Table 10. Regression of z on LIBOR and deposit spread
Variables

(1) z
0.0181***
LIBOR
(0.00677)
-0.0379***
DSpr
(0.00979)
0.00710***
Constant
(0.000109)
Observations
511
R-squared
0.041
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

IX. E. VAR model of LIBOR, Deposit Spread, and z
Table 11. Augmented Dickey-Fuller tests of the individual
macroeconomic variables
Alternative hypothesis: stationary
Variable Dickey-Fuller Lag order P-value
LIBOR
-1.1451
2
0.9153
DSpr
-1.9257
2
0.6046
z
-1.9136
2
0.6095
We cannot reject the null hypothesis that the variables have
a unit root.
IX. F. VAR IRFs of LIBOR, Deposit Spread, and z
Table 12. IRF of LIBOR and Deposit Spread
Impulse
Response Effect
2 variable VAR
LIBOR
LIBOR
.98
LIBOR
DSpr
.48
DSpr
LIBOR
.27
DSpr
DSpr
.43

Table 13. IRF of LIBOR, Deposit Spread, and z
Impulse Response Effect
LIBOR LIBOR 1.16
LIBOR
DSpr
0.65
LIBOR
z
0.06
DSpr
LIBOR 0.21
DSpr
DSpr
0.46
DSpr
z
-0.08
z
LIBOR -0.41
z
DSpr
0.41
z
z
0.76
Table 14. Standard deviation of the error of each macroeconomic variable

IX. H. VAR IRFs of Fed Funds, Interest Expense, Interest
Income, and ROA
Table 16. IRF of Fed Funds, Interest Expense, and
Interest Income
Impulse
Fed Funds
Fed Funds
Fed Funds
Interest Expense
Interest Expense
Interest Expense
Interest Income
Interest Income
Interest Income

Response
Fed Funds
Interest Expense
Interest Income
Fed Funds
Interest Expense
Interest Income
Fed Funds
Interest Expense
Interest Income

Effect
2.09
0.22
0.23
-3.57
1.64
1.79
-4.55
-0.91
0.68

Table 17. IRF of Fed Funds, Interest Expense, and ROA
2 variable VAR, weekly
LIBOR
Deposit Spread
3 variable VAR, quarterly
LIBOR
Deposit Spread
z

0.00178
0.00093
0.00775
0.00483
0.0008

IX. G. VAR model of Fed Funds Rate, Interest Expense
Rate, Interest Income Rate, and ROA
Table 15. Augmented Dickey-Fuller tests of individual
bank balance sheet variables
Alternative hypothesis: stationary
Variable
Fed Funds Rate
Interest
Expense Rate
Interest
Income Rate
ROA

Dickey-Fuller Lag order p-value
-3.6887
2
0.03
-3.8338

2

0.02

-3.1943

2

0.09

-2.4878

2

0.37

The original Drechsler et al. variables were all measured as a
change from t to t+1. For use in my VAR model, I modified
the variables into levels. The statistics above reflect the level
variables.
The fed funds rate, and interest expense rate are stationary.

Impulse
Fed Funds
Fed Funds
Fed Funds
Interest Expense
Interest Expense
Interest Expense
ROA
ROA
ROA

Response
Fed Funds
Interest Expense
Interest Income
Fed Funds
Interest Expense
Interest Income
Fed Funds
Interest Expense
Interest Income

Effect
2.27
0.23
0.03
-7.69
1.92
-0.77
12.50
1.50
1.45

Table 18. IRF of Fed Funds, Interest Expense, Interest
Income, and ROA
Impulse
Fed Funds
Fed Funds
Fed Funds
Fed Funds
Interest Expense
Interest Expense
Interest Expense
Interest Expense
Interest Income
Interest Income
Interest Income
Interest Income
ROA
ROA
ROA
ROA

Response
Fed Funds
Interest Expense
Interest Income
ROA
Fed Funds
Interest Expense
Interest Income
ROA
Fed Funds
Interest Expense
Interest Income
ROA
Fed Funds
Interest Expense
Interest Income
ROA

Effect
2.19
0.22
0.24
0.02
-16.67
1.67
1.67
-1.17
-5.26
-1.05
0.53
0.74
13.16
1.32
1.32
1.42

Table 19. Standard deviation of the error of each bank
balance sheet variable
IRF of Fed Funds, Interest Expense, and Interest Income
Fed Funds Rate
0.0043
Interest Expense Rate
0.00014
Interest Income Rate
0.00022
IRF of Fed Funds, Interest Expense, and ROA
Fed Funds Rate
0.0044
Interest Expense Rate
0.00013
ROA
0.0002
IRF of Fed Funds, Interest Expense, Interest Income, and ROA
Fed Funds Rate
0.00411
Interest Expense Rate
0.00012
Interest Income Rate
0.00019
ROA
0.00019

IX. I. VAR IRF Graphs of Macroeconomic Variables
Figure 3. Accompanies Table 12. IRF graph of LIBOR and Deposit Spread, weekly

Figure 4. Accompanies Table 13. IRF graph of LIBOR, Deposit Spread, and z, quarterly

IX .J. VAR IRF Graphs of Bank Balance Sheet Variables
Figure 5. Accompanies table 16. IRF graph of Federal Funds Rate, Interest Expense Rate, and Interest Income Rate,
quarterly

Figure 6. Accompanies Table 17. IRF graph of Federal Funds Rate, Interest Expense Rate, and ROA, quarterly

Figure 7. Accompanies Table 18. IRF graph of Federal Funds Rate, Interest Expense Rate, Interest Income Rate,
and ROA, quarterly

