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I. INTRODUCTION
A bank’s access to and cost of unsecured funding depends on its creditors’ assessment of the
counterparty risk associated with the loan contract. Among other factors, the perception of
counterparty risk is driven by measures of the bank’s fundamentals such as solvency and
asset quality. This dependence creates an interaction between the state of a bank’s assets and
its access to funding. In other words, it establishes a link between asset risk and funding risk.
Theoretical models have shown that the interaction between these different types of risk can
cause significant financial fragility, see for example Caccioli et al. (2014) or Brunnermeier
and Pedersen (2009).
The literature on the role of “market discipline” asks related questions. Markets can
discipline banks by affecting their funding costs or their equity prices. A number of studies in
the literature focus on depositor-induced discipline. For instance, Berger and Turk-Ariss
(2014) assess the presence of depositor discipline effects in the wake of the global financial
crisis. Likewise, Ioannidou and Dreu (2006) study the impact of explicit deposit insurance on
market discipline, whereas Maechler and McDill (2006) analyze banks’ dynamic response to
depositor discipline.
A good understanding of the interaction between solvency and funding risk is crucial for the
assessment of a bank’s fragility. This is particularly relevant for stress tests to determine a
bank’s susceptibility to exogenous shocks. Typically an exogenous shock is derived from a
macro-economic model that produces various growth scenarios. A particular growth scenario
then determines the bank’s pay-off on its investments and thereby the value of its assets.
Thus, an adverse growth scenario can lead to a deterioration of the bank’s solvency position.
Once the bank’s solvency has deteriorated, providers of unsecured funding are likely to
respond by raising the interest rate charge on these loans. As a result, the bank not only has to
cope with deteriorating asset quality and reduced income, but also faces a higher cost of
funding. In such a scenario, the bank’s net interest margin is squeezed on both ends. This can
have two effects. First, a decline in the bank’s net interest margin impairs its ability to
recover from the initial shock. This will make the effects of the adverse shock more
persistent. Second, and more importantly, an increase in funding cost can render the entire
bank or parts of its business (i.e. certain asset classes) unprofitable. A destabilizing feedback
may ensue: the losses triggered by the increase in funding cost may lead to a further
deterioration of solvency which in turn raises funding cost even higher. In order to restore
capitalization to adequate levels the bank is likely to sell off unprofitable assets. If this occurs
in a sufficiently large scale, the resulting price impact can lead to contagion across the
financial system affecting the solvency position of banks holding assets similar as those held
by the stressed bank. As a result of these feedback and knock-on effects an initial shock to a
bank can be greatly amplified.
This paper is related to the literature on bank funding cost, and its effect on different
financial risks. Previous studies on bank funding costs have found a negative relationship
between measures of solvency and funding cost. Typically such studies use market-based
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proxies for funding cost. For example, Babihuga and Spaltro (2014) show that, within the
context of an error correction model, the credit default swap (CDS) spreads of 25 large banks
from the United States (US), United Kingdom (UK), Euro Area (EA), and Scandinavia are
negatively related to the level of a bank’s total capital ratio in the long run. This paper
confirms this initial finding and extends it to a larger sample of banks; it also shows its
validity beyond market-based measures of funding cost.
Measures of capital and funding cost can also be backed out from observed equity volatility,
for instance, using Contingent Claims Analysis (CCA). Gray (2015) outlines how CCA can
be used to compute credit spreads from default probabilities and ratings. Combing implied
credit spreads with an implied capital ratio yields a strong non-linear relationship between
funding cost and solvency, where lower levels of solvency increases funding cost. This
approach has already been applied to a number of stress tests. A similar approach relating a
bank’s implied rating with its funding cost has been proposed by Schmieder et al (2012),
which incorporate the interaction between funding cost and solvency in a framework for
system-wide liquidity stress testing.
Hybrid models using both ratings and balance sheet data have also been used to assess the
interaction between bank funding cost and its solvency (see for example Aikman et al.
(2009)). In the Bank of England’s Risk Assessment Model for Systemic Institutions
(RAMSI), the impact of fundamentals on a bank’s rating is estimated using an ordered profit
model. A shock to fundamentals can then be translated directly to a shock to the bank’s
rating. A rating shock is then translated into a funding cost shock via Merrill Lynch’s indices
of UK sterling bond spreads.
This paper is also related to the literature on the interaction between different types of
financial risk. In times of financial stress, funding risk and market risk tend to amplify each
other. When borrowers rely on short term debt, lenders may be unwilling to roll-over debt if
the quality of the borrower’s assets decreases. The borrower may therefore be forced to
liquidate part of its assets at fire sale prices. This mechanism has been illustrated in a
theoretical model by Brunnermeier and Pedersen (2009). In this paper we study how
sensitive lenders are to shocks to the capital and other fundamentals of borrowers. The
magnitude of this sensitivity is crucial in understanding the strength of the amplification
mechanism between funding and other sources of risk.
We use data for U.S. and global banks to improve our understanding of the link between
solvency and funding cost. In particular, we perform a panel estimation to assess the effects
on balance sheet based measures of average and wholesale funding cost to changes in
measures of bank fundamentals.1 In order to capture a wide range of indicators of bank
fundamentals while avoiding the problem of co-linearity of regressors, we construct
measures of bank fundamentals by aggregating different indicators into CAMELS-type
measures using Principal Component Analysis (PCA). We restrict our analysis to balance
1

We proxy wholesale funding cost by the bank’s interbank funding cost.
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sheet data for two reasons. Firstly, this allows us to undertake the analysis using a very large
sample of banks both in cross section and over time.2 To our knowledge this is the first study
of this type with such a comprehensive dataset. Secondly, the use of balance sheet data
makes our findings directly applicable to stress tests that themselves rely on balance sheet
data. While the core of our analysis focused on the linear sensitivity of funding cost to
solvency and how it changes over time, we also make an attempt at characterizing the
nonlinear aspects of this relationship.
The remainder of the paper is structured as follows. Section II introduces the U.S. dataset and
focuses on the construction of measures relating to bank fundamentals. Section III presents
the estimation model and the main findings for U.S. banks. Section IV presents further
evidence from a global bank dataset. Section V interprets the results and concludes.
II. DATA AND CONSTRUCTION OF THE MAIN VARIABLES
A. Datasets
Our analysis of the link between bank funding cost and solvency is based on balance sheet
data. A bank’s wholesale funding cost, i.e. the interest rates charged by the bank’s creditors,
depends, among other factors, on the lenders’ perception of the bank’s probability of
distress.3 That is, lenders assess the bank’s default probability and adjust the interest rate they
charge accordingly. In principle, there are two ways to access data on interest rates and
default probabilities of any given bank.
First, interest rates and default probabilities can be extracted from market data. A popular
proxy for a bank’s marginal wholesale funding cost are CDS spreads (see for example
Babihuga and Spaltro (2014)). An alternative proxy of bank marginal wholesale funding cost
is bank bond prices. However, it is harder to gain access to the relevant data for such proxy.
Furthermore, a bank’s default probability is often implied from the bank’s CDS spreads, see
for example, Gray (2015).
A second source of data on bank funding cost and their default probability are bank balance
sheet reports. Data on a bank’s interest expense on debts allows for the construction of
proxies of wholesale funding cost. In addition, several balance sheet indicators (such as nonperforming loans or capital ratios) can be used to construct measures of a bank’s default
probability, see for example Cole and Wu (2009).
Market data is usually available at a much higher frequency than balance sheet reports and
generally offers better proxies of a bank’s marginal wholesale funding cost. However, market
data is only available for a rather small subset of banks while balance sheet reports are
2

Our sample size for the U.S. is approximately 10,000 banks over 21 years; for the global dataset, the sample
contains 2,700 banks over 10 years.
3

While retail depositors may still be sensitive to the bank’s default probability, deposit insurance schemes will
make them much less sensitive than wholesale investors who are not covered by deposit insurance.
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available for a very large sample of both U.S. and global banks. Furthermore, the temporal
variation of bank funding cost is driven to a large extent by common factors such as the
central bank policy rate, market volatility or global risk aversion. Therefore, the dependency
between perceived default probability and bank funding cost has to be identified by
exploiting the cross-sectional rather than the temporal dimension. These considerations
motivate our choice of balance sheet data over market data.
We use balance sheet reports from two datasets of U.S. and global banks. Our primary
analysis is based on the Federal Deposit Insurance Corporation (FDIC) Call Report dataset
that contains quarterly data for approximately 10,000 U.S. banks over a period of 21 years
ranging from 1993 to 2013. We supplement this analysis with a global dataset from SNL
Financial with yearly data for approximately 2,700 banks from 80 different countries. In
order to make the FDIC data compatible with the SNL dataset we average the FDIC data
over four quarters to obtain annual averages. The core of our analysis is centered on the fairly
comprehensive sample of U.S. banks, and thus we focus on the FDIC dataset in the next
sections. We will briefly discuss the SNL dataset subsequently in section IV.
B. Variable Construction
Our analysis takes the perspective of a “fundamentalist investor.” In a simple model, a
fundamentalist investor observes measures of bank fundamentals in order to infer the bank’s
probability of default and then sets the interest rate it charges to the bank.
Measures of funding cost
We construct proxies for average and wholesale funding cost. The average funding cost will
include payments made to all the bank’s creditors (i.e., both retail and wholesale depositors)
while wholesale bank funding cost will only include a subset of wholesale lenders. The
distinction between average and wholesale funding costs allows us to disentangle the
response of wholesale and retail depositors to shocks to bank fundamentals.
Average funding cost: We define the average funding cost as the ratio of total interest
expense to total liabilities during the reporting period. For the FDIC data, this corresponds to
the ratio of quarterly total interest expense to total liabilities during that quarter. The
annualized ratio is then averaged over the corresponding year to yield a variable with yearly
frequency.
The average funding cost captures all the bank’s liabilities, and is dominated by retail
deposits for most banks. We therefore expect the sensitivity of this funding cost measure to
changes in bank fundamentals to be relatively small. Nevertheless, it is important to estimate
this sensitivity for two reasons. First, it provides a baseline for comparison for the sensitivity
of wholesale funding cost to changes in bank fundamentals. Second, it allows an estimate of
the relevance of a realistic shock to fundamentals for the operation of a bank as a whole.
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We use total liabilities rather than total interest-bearing liabilities for data availability
reasons, given that none of the datasets used in this analysis reports total interest-bearing
liabilities. However, evidence from other global banking datasets (in particular, Bankscope)
shows that these two measures are very similar with a highly significant correlation
coefficient of approximately 0.99.4 Thus, while the numerical value of the computed average
funding cost may be biased downwards, the estimated regression coefficient will still be
accurate due to the strong co-movement of total liabilities and total interest bearing liabilities.
Wholesale funding cost: We proxy wholesale funding cost by a bank’s interbank funding
cost, which we define as the ratio of interest rate expense on federal funds and repos
purchased to the total stock of federal funds and repos purchased during the reporting period.
Again, we first compute the interbank funding cost on a quarterly basis and then average over
the corresponding year to obtain yearly data. This measure of funding cost includes secured
and unsecured loans, as well as overnight and term loans, and represents on average about
9 percent of U.S. bank’s total liabilities. While a breakdown of this measure along the
maturity and collateral dimensions is not available from the FDIC, studies have shown that
unsecured federal funds represent 70 percent of the liabilities summarized in this measure;
see for example, Afonso et al. (2011). Furthermore, most of the unsecured federal funds are
overnight with estimations of the term segment ranging from 10 percent to 50 percent. Since
the majority of the liabilities captured by our measure of wholesale funding cost are
unsecured, we expect that “active lenders”, i.e., banks, are sensitive to the fundamentals of
the borrower and charge varying risk premia. However, since most of the captured liabilities
are also of very short maturity, any effect detected with our measure of wholesale funding
cost is likely to underestimate the true sensitivity of the cost of long-maturity wholesale
funding.
Table 1 shows that both proxies of funding cost are significantly correlated with the U.S. TBill rate, the central bank policy rate (i.e., Fed funds rate target), and the VIX. This again
reinforces the need for a large cross-sectional sample in order to identify a relationship
between funding cost and bank fundamentals.
Measures of bank fundamentals
We measure the quality of bank fundamentals via its solvency, asset quality, liquidity and
profitability. These are the variables a fundamentalist investor will use to assess a bank’s
default probability. All these measures of bank fundamentals appear to be linked to the
default probability of a bank. In general, one would expect that the higher a bank scores in
any of these dimensions, the lower its default probability. We explicitly check this conjecture
later. Since bank capital ratios, such as the Tier 1 capital ratio, are subject to regulation and
of particular relevance during bank stress tests, we will focus on the impact of changes to

4

This might underestimate the level of funding cost, but not necessarily the variation in it. Thus, this is not
likely to affect in any meaningful way most of the estimation results presented hereafter.
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these solvency measures on bank funding cost throughout this paper while controlling for all
other measures of bank fundamentals.
We construct a measure for each of the four fundamental dimensions by aggregating a
number of balance sheet variables that correspond to a particular dimension via Principal
Component Analysis (PCA). Suppose we use balance sheet variables V1i to VNi to construct a
measure of liquidity, where the index i labels the i-th bank in the dataset. We then compute
the principal components of the distribution of N dimensional data points for the entire
dataset, i.e., over all banks i. The value of the corresponding liquidity measure for a
particular bank j is then obtained from the projection of (V1j, V2j, ..., VNj) onto the first
principal component. This method allows us to include the contribution of a larger number of
indicators of bank fundamentals while avoiding co-linearity among the regressors. In
particular, for the FDIC dataset we choose the following constituent variables (V1i in the
above example) for the four dimensions of bank fundamentals:


Solvency (



Asset quality (
):5 Net-charge offs to loans, credit loss provisions to net charge
offs, earnings coverage of net-charge offs, noncurrent loans to total loans.6



Liquidity (
): liquid assets to total assets, volatile liabilities to total liabilities,7
deposits to assets.



Profitability (
margin.

): Tier 1 capital ratio, total regulatory capital ratio, leverage ratio.

): Return on equity (ROE), return on assets (ROA), net interest

Note that we proxy bank solvency with measures of capital adequacy or capitalization. This
is because capital adequacy is an important predictor of bank solvency and default. We check
the relevance explicitly by estimating the effect of this solvency measure on a bank’s
probability of default. We compute explicitly the correlations within a dimension of
fundamental value and among the constructed measures of bank fundamentals (see Table 1).
Constituent variables for a particular measure are typically highly correlated, while the
constructed measures are not very correlated.

5

Some of the constituent variables for asset quality are negatively associated with asset quality, i.e. the higher
their value, the lower a bank’s asset quality. We therefore take the convention that lower values of asset quality
are preferred. The underlying variables are thus multiplied by “-1” within this component.
6
7

Assets past due 90 days or more, plus assets placed in nonaccrual status.

Federal funds purchased and securities sold under agreements to repurchase, demand notes issued to the U.S.
Treasury and other borrowed money, time deposits over $250,000 held in domestic offices, foreign office
deposits, trading liabilities less trading liabilities revaluation losses on interest rate, foreign exchange rate, and
other commodity and equity contracts.
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Bank and temporal controls
Two additional factors, not captured by our four measures of bank fundamentals, are likely to
affect the bank’s funding cost: (1) relative size (
) and (2) the fraction of insured
deposits (
). We define the relative size of the bank as the log of the ratio of the bank’s
total assets divided by the total assets in the sample. One would expect that larger banks are
able to achieve lower funding costs due to their market power and access to a larger set of
potential lenders. Similarly, a bank with a larger fraction of insured deposits should have
lower funding costs due to a decreased probability of default. Furthermore, we control for
temporal effects either by including time dummies or time series of the variables such as
VIX, U.S. T-bill rates and GDP growth rate. Since our focus is on the relationship between
bank fundamentals and funding cost we will choose time dummies in most cases.
C. Data Cleaning—U.S. Banks
We exclude outliers and invalid observations from our analysis. Observations are dropped
from the dataset when they meet any of the following conditions: Funding cost in excess of
30 percent per quarter, ROE (ROA) larger than 50 percent (5 percent) or smaller than 50 percent (-5 percent), net interest margin larger than 10 percent, any variable with an
invalid value (e.g., ratio larger than one or wrong sign). Table 2 summarizes the final dataset.
III. ESTIMATION METHODOLOGY AND MAIN RESULTS: U.S. BANKS
A. Estimation Methodology
To evaluate the relation between our measures of bank fundamentals and bank default
probability, we estimate a simple logit model. We obtain data on bank default from the FDIC
bank default dataset.
We then proceed to estimate linear and nonlinear models relating bank funding costs to bank
fundamentals. For the FDIC datasets, we estimate a linear model on the entire panel data. We
repeat the same estimation for each year in the sample. These annual estimations allow us to
investigate whether the sensitivity of investors to shocks to fundamentals varies over time.
However, a simple linear model is not likely to be useful to capture the response of an
investor to changes in bank fundamentals. Investors are likely to penalize more the same
absolute deterioration in bank fundamentals when a bank is already in trouble than if it is not.
We investigate this conjecture by estimating two types of nonlinear models on the entire
panel. First, we estimate a simple piecewise linear regression with a variable threshold on the
solvency measure. Second, we apply a two-parameter non-linear transformation to the
solvency measure and re-estimate the model on the entire panel dataset for different values of
the transformation parameters.
Bank fundamentals and bank default
The dependent variable in the logit model estimated to check whether our measures of bank
fundamentals are reasonably related to bank default is defined as follows:
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And the logit model is then specified as:

where
is the logit function and the explanatory variables are solvency, asset quality,
liquidity, profitability, relative size and fraction of insured deposits.
Table 3 presents the results of this estimation. We estimate four different specifications. In
the first one we only include solvency and a constant as regressors. In the second we include
all proxies of bank fundamentals while in the third and fourth specification we include
specific controls such as relative size (RE) and the share of insured deposits (FI). The table
shows that all proxies for bank fundamentals are significant at the 1 percent level in all
specifications, and the respective coefficients have the expected sign. Note that we expect a
positive sign for asset quality since we adopted the convention that lower values of asset
quality are better. Interestingly, bank specific controls are not significant. The fact that poor
performance embedded in the measures of bank fundamentals is indicative of future bank
default, suggests that the measures we have constructed should indeed affect a bank’s
funding cost.
Linear panel estimation
To determine the relationship between bank fundamentals and funding cost we estimate the
following baseline linear panel model:

The dependent variable
represents the bank’s funding cost (proxied either by the
average funding cost or the wholesale funding cost). The explanatory variables are the same
as before: solvency, asset quality, liquidity and profitability. We added year dummies to
capture all temporal effects.

Starting from this baseline model, M1it,we estimate the following extended model:

Finally, we estimate a model in which we replace the time dummies by the VIX (
10-year U.S. T-bill rate (
), in particular:

) and
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We estimate all the models using the Arellano-Bond Generalized Method of Moments
(GMM) since our panel is large in the cross-sectional dimension relative to the temporal
dimension.8 This technique automatically takes care of bank fixed effects, allows for weakly
exogenous independent variables and lags of the dependent variable.
Linear estimation by year
We re-estimate the baseline linear model with simple ordinary least squares for every year in
the sample to investigate how the sensitivity of funding cost to bank fundamentals changes
over time. This yields a regression coefficient for each independent variable for every year in
the sample.
Non-linear estimation
As noted earlier, a lender’s response to shocks to the quality of bank fundamentals is not
likely to be linear. The distribution of the wholesale funding cost conditional on the solvency
measure SO seems to confirm this conjecture (Figure 1). As bank solvency decreases the
wholesale funding cost distribution becomes more disperse, with an increasing number of
observations with very large wholesale funding cost. At the same time the majority of
observations are concentrated at relatively low values of wholesale funding cost. This
suggests that under certain circumstances, low solvency can be associated with very large
wholesale funding cost. In order to explore this further we estimate models with two different
non-linear transformations of the solvency measure. In both cases we choose the non-linear
transformation such that it allows for an increased sensitivity of wholesale funding cost to
changes in solvency at low values of solvency.
The first non-linear model estimated is a simple piecewise linear regression with variable
threshold
.

We estimate this model on the entire panel dataset for several different values of
, and
choose the threshold that yields the best statistical fit, measured by the relative value of the
pseudo R-square. This then identifies a critical value of solvency. Based on the intuitive
argument above, we expect
, i.e. the sensitivity of lenders to solvency shocks
below the critical value of solvency increases. We perform a T-test in order to assess whether
the difference in the regression coefficients below and above SOC is significant. Thus

8

See Arellano and Bover (1995) and Blundell and Bond (1998).
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piecewise linear regression allows us to identify whether there is evidence for an increased
sensitivity to solvency shocks for low values of solvency.
As an alternative, we estimate a model with a two parameter non-linear transformation of the
solvency measure of the following form:

The offset parameter determines a critical value of solvency at which the funding cost
diverges. Thus could be interpreted as the solvency threshold below which banks are shut
out from the wholesale funding markets. The exponent determines the rate at which the
sensitivity of wholesale investors to solvency shocks increases as solvency drops. The larger
the the faster the investors’ sensitivity will increase. We also estimate this model on the
entire panel for several values of the offset and exponent parameters and select the
parameters that yield the best statistical fit.
B. Main Results
The estimation of the linear and non-linear models described above yields the following
results:
(i) The proxy for bank solvency is negatively related to both average and wholesale funding
cost. This is apparent from columns 2 and 10 in Table 4 where we estimate the baseline
specification of the linear model including only measures of bank fundamentals and year
dummies as regressors. This result is robust to the inclusion of relative size and fraction of
insured deposits as bank specific controls as well as the replacement of year dummies with
the VIX and U.S. T-bill rate. This result suggests that when banks are subject to a solvency
shock, investors will respond to the increase in default probability by raising the banks’
funding cost. It should be noted however that these results are driven by cross-sectional
variation rather than temporal variation. It may therefore not be straightforward to translate
these results to the temporal evolution of the funding cost of an individual bank that suffers a
solvency shock.
(ii) The sensitivity of wholesale funding cost to shocks in solvency is somewhat larger than
the sensitivity of the average funding cost. This can be seen by comparing the estimated
coefficient of the solvency measure for both average and wholesale funding cost presented in
Table 4 columns 2 and 10, respectively. In particular, in these two regressions the estimated
coefficients are equal to -0.0004 for wholesale funding cost and -0.0002 for average funding
cost. This suggests that banks with a 1 percentage point lower level of solvency tend to pay
0.04 percentage points more on their wholesale liabilities. Similarly, they tend to pay
0.02 percentage points more on their total liabilities. Thus, in relative terms, the sensitivity of
funding cost to solvency is stronger for wholesale funding cost than for average funding cost.
This is consistent with the intuition that wholesale investors that provide unsecured loans to
banks are more sensitive to counterparty risk than retail investors.
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(iii) Based on the results from the linear model, the magnitude of the solvency effect on
funding cost is small. For example, a comparatively large solvency shock of 5 percentage
points would only lead an average increase in interbank funding cost of approximately 0.2
percentage points.9 While this effect is small, it is important to keep in mind that such an
increase in funding cost will tend to erode the bank’s net interest margin and impair its ability
to retain earnings and recover from the solvency shock. This distinguishes a solvency
induced shock from a transitory shock, for example to the U.S. federal funds target rate,
which is likely to affect both funding cost and asset returns and thereby have less of a direct
effect on the bank’s net interest margin. Thus, in principle, the results do not rule out the
possibility of an adverse feedback loop between solvency and funding cost.
(iv) The sensitivity of wholesale investors to solvency is stronger during times of crisis.
Yearly re-estimation of the relationship between solvency and funding cost shows that the
sensitivity of interbank funding cost to solvency shocks varies significantly over the cycle
(see Figures 2 and Figure 3). This contrasts to the results from the annual re-estimation of
equations with average funding cost where the sensitivity is relatively stable over time. This
finding suggests that during normal times wholesale investors are less likely to discipline
banks based on their solvency levels, and is consistent with the clustered nature of bank
failures and the correlation of failure events with broader economic downturns. In normal
times wholesale investors tend to perceive the likelihood of bank failure as low and are less
concerned about counterparty risk. However, when overall economic conditions deteriorate
wholesale investors tend to discipline banks more heavily. Thus banks with relatively low
levels of solvency that were, prior to a crisis, able to sustain moderate and stable funding
costs, are likely to face a stronger response by lenders to further deteriorations in solvency.
Note that this conclusion may be biased by the relatively short maturities on the interbank
market and might therefore not translate to wholesale lending more generally.
(v) There is evidence that investors are more sensitive to solvency shocks for poorly
capitalized banks. The results from the piecewise linear panel estimations reported in Table 5
show that the sensitivity of wholesale funding cost to solvency is larger in magnitude for
banks with low levels of solvency than for strong banks. In fact, the sensitivity for poorly
capitalized banks is more than twice as large as for well-capitalized banks. Furthermore a ttest indicates that this difference is statistically significant at a 5 percent significance level.
While the distribution of wholesale funding cost conditional on the solvency measure
9

The estimated elasticities of the response of funding cost to a solvency shock presented in Table 4 are indeed
small in magnitude, albeit statistically significant in most cases. A possible explanation is the existence of a
highly non-linear relationship, which cannot be captured by our simple core linear models. This underscores the
importance of analyzing non-linearities between funding cost and bank fundamentals, as we do in subsequent
models in this paper. However, these results are also a direct consequence of a simple characteristic in the
observed data: whereas funding costs tend to “explode” for banks with low values of our solvency measure
(Figure 1), which yields the expected negative relation between these two variables, it only happens for a
relatively small number of banks. In other words, even among banks with weak fundamentals, funding costs
tend to be very high for only a handful of them, whilst the vast majority of ‘weak’ banks would still exhibit
relatively low funding costs.
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suggests an inverse relationship between wholesale funding cost and solvency (see Figure 1),
we find that the introduction of the two-parameter non-linear transformation of solvency does
not improve the model fit relative to the piecewise linear estimation (see Table 6 and
Figure 4). This is likely due to the fact that a majority of the observations remains
concentrated at low levels of wholesale funding cost even for low levels of solvency.
Therefore, a strong inverse relationship between wholesale funding cost and solvency will fit
the extreme outliers of wholesale funding cost better while missing the majority of
observations with relatively low wholesale funding cost at low solvency. This of course
reduces the goodness of fit of this inverse non-linear model. Ultimately, the data suggests
that low solvency is a necessary but not sufficient condition for very high wholesale funding
costs even when controlling for other aspects of the quality of bank fundamentals.
IV. EXTENSION TO A GLOBAL BANK DATASET
In order to check whether our results using the FDIC dataset also hold for global financial
institutions, we re-estimate our baseline model with data from SNL for a range of banks from
advanced and emerging economies. We summarize the data in Table 7. In particular, we
estimate the following model.

As before, the dependent variable
represents the bank’s average funding cost. The
independent variables are as before: solvency, asset quality, liquidity and profitability.
Furthermore, we have added year dummies, which automatically capture all temporal effects.
We estimate the above model both using the fixed effects estimator and Arellano-Bond
GMM estimator. The estimation results are summarized in Table 8.
As for the FDIC dataset, we find that funding cost is significantly negatively associated with
changes in bank solvency.
V. SUMMARY AND CONCLUSIONS
The main results from the empirical analysis can be summarized as follows.
(1) Linear panel estimation shows that our solvency measure (comprised of the leverage
ratio, Tier 1 capital ratio, and total regulatory capital ratio) is negatively and significantly
related to both average and wholesale measures of funding cost. While the magnitude of the
relationship is small, shocks to bank solvency can have a non negligible impact on the bank’s
profitability.
(2) On average, the coefficient linking funding cost and solvency is larger in magnitude for
wholesale funding cost than for average funding cost. This is consistent with the notion that
wholesale investors that provide unsecured loans to banks are more sensitive to counterparty
risk than retail investors whose deposits are covered to a large extent by deposit insurance.
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(3) Re-estimation of the relationship between funding cost and solvency on a yearly basis
shows that wholesale funding cost is more sensitive to solvency during periods of economic
stress than in normal times. This finding is relevant from a stress testing perspective. The
fact that the strength of the interaction between solvency and funding cost is state contingent
introduces an additional factor of uncertainty into the stress testing process: when a severe
enough crisis hits, historically estimated average sensitivities may be rendered invalid and
underestimate the true sensitivity.
(4) There is evidence that the relationship between funding cost and solvency is non-linear,
with higher sensitivity of funding cost at lower levels of solvency. While further work will be
required to better quantify this non-linear relationship, our results suggest that banks with
already low levels of solvency will be hit harder by funding cost increases making them even
more susceptible to exogenous shocks.
These results have a number of implications. Increasing capital ratios may help banks reduce
their cost of funding. Depending on the cost of raising additional capital it may be beneficial
for banks to increase their capital in order to drive down their average funding cost. While
this is a theoretical possibility, it is unclear whether the magnitude of the reduction in funding
cost identified here would be sufficient to convince banks to increase their capital level.
Estimates of the sensitivity of bank funding cost to solvency shocks are critical for stresstesting, but the fact that the sensitivity of wholesale lenders to solvency shocks varies
considerably over time and appears particularly elevated during times of crisis makes it hard
to predict how funding cost will respond in future crises.
Furthermore, the non-linear estimations performed in this paper suggest that solvency should
be viewed as an indicator of banks vulnerability to wholesale funding shocks. This adds to
the view that the level of solvency is a determinant of funding cost. Banks with low
capitalization are at risk of stark wholesale funding cost increases. However, whether or not
such a funding cost increase materializes is likely to be conditional on other bank specific
events that are notoriously hard to predict. This alternative interpretation suggests the
following approach to funding cost stress testing. Rather than focusing on the mean of a
heavily skewed distribution of funding cost conditional on a given level of solvency, an
alternative approach would consider the probability of a particular funding cost spike
conditional on a level of solvency.
Given an exogenous shock to bank solvency derived from a satellite model, a stress tester
may use the funding cost elasticity, derived from the linear panel estimation, to compute
changes in the overall interest expense of a stressed bank. However, it should be noted that
the estimated increase in interest expense obtained through this procedure is likely to be
conservative, and may underestimate the actual effect of a solvency shock in times of crisis.
Based on this conservative estimate, the net interest margin of the stressed bank could be
recomputed in order to project bank’s earnings following the solvency shock. This would
ultimately allow for the computation of a secondary solvency shock via the funding cost
channel.
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Nevertheless, a better grasp of the nonlinearities at play in the response of funding cost to
solvency shocks is crucial for improving the calibration of stress test models. As mentioned
above, estimates of funding cost elasticity based on linear models are likely to underestimate
the actual impact of solvency shocks on ‘weak’ banks. In particular, those models are not
able to estimate a threshold value at which banks may be shut out from wholesale funding
markets altogether. Furthermore, the models used in this paper probably place too strong
emphasis on the mean of a skewed distribution of funding cost when outliers represent the
events of actual importance for risk management and regulation.
Better data may help resolve some of the estimation issues. While the data available for this
study allowed for a rough proxy of wholesale funding cost and the identification of linear
sensitivities, an improved dataset could help make the conclusions of this study more robust
and actionable. In particular data on wholesale funding cost (e.g., actual bond yields) and
events of extreme funding liquidity tightening (including cases where liquidity completely
dried out) would be useful. While data on the latter are rare, it is crucial to understand the
nonlinear response of funding cost and the identification of a potentially state contingent
solvency threshold for access to wholesale funding markets.

Table 1. Pairwise Correlations of Funding Cost Variables, Constituent Variables of Measures of Bank Fundamentals and
Measures of Bank Fundamentals
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Table 2. Summary Statistics for FDIC Dataset

Note that values for solvency, asset quality, profitability and liquidity can take on negative values as
they were constructed using Principal Component Analysis (PCA).
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Table 3. Estimates of Logit Model Linking Measures of Bank Fundamentals to Bank
Default Probability in the FDIC Dataset

Table 4. Estimation Results for Linear Panel Estimation with Arellano-Bond
AI: Average funding cost. FFR: Wholesale funding cost.
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Table 5. Estimation Results for Piecewise Panel Estimation with Arellano-Bond
FFR: wholesale funding cost. SOC: threshold for piecewise linear estimation.
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Table 6. Estimation Results for Panel Estimation with Arellano-Bond of Model with Two Parameter Non-linear Transform of
Solvency
FFR: wholesale funding cost. SOT: non-linear transform of solvency. Mu: offset parameter. z: exponent. We choose z = 6 since this
yields the highest pseudo R squared and show the results for different values of the offset parameter mu.
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Table 7. Summary Statistics for SNL Dataset

2323

Note that values for solvency, asset quality, profitability and liquidity can take on negative values as they were constructed using
Principal Component Analysis (PCA).
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Table 8. Estimation Results for Linear Panel Estimation with Arellano-Bond and Fixed
Effects for SNL Dataset
AI: Average funding cost.
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Figure 1. Distribution of Wholesale Funding Cost (proxied by Interbank Funding Cost)
Conditional on the Bank Solvency Measure
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Figure 2. Estimated Coefficients of the Solvency Measure for the Linear Model over
Time with Either Wholesale or Average Funding Cost as Dependent Variable
Blue triangles: Wholesale funding cost. Red circles: Average funding cost.
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Figure 3. Estimated Coefficients and p-values of Coefficients of the Solvency Measure
for the Linear Model over Time with Either Wholesale or Average Funding Cost as
Dependent Variable
Blue triangles: Wholesale funding cost. Red circles: Average funding cost. Observations are
labeled by the corresponding year of the estimation. Observations in the lower left quadrant
both have the right sign for the coefficient and are significant at 1 percent level.
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Figure 4. Goodness of Fit (as measured by the Pseudo R-squared) of the two
parameter non-linear transformation of the solvency measure
We plot the pseudo R-squared for each pair of offset value mu and exponent z. For
comparison we also plot the pseudo R-squared of the piecewise linear model for the highest
scoring threshold parameter.
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