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1 | INTRODUCTION
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Abstract

This paper examines the predictive power of interest rate uncertainty over pre-
provision net revenues (PPNR) in a large panel of bank holding companies
(BHC). Utilizing a linear dynamic panel model based on Bayes predictor, we
show that supplementing forecasting models with interest rate uncertainty
improves the forecasting performance with the augmented model yielding
lower forecast errors in comparison to a baseline model which includes unem-
ployment rate, federal funds rate, and spread variables. Further separating
PPNRs into two components that reflect net interest and non-interest income,
we show that the predictive power of interest rate uncertainty is concentrated
on the non-interest component of bank revenues. Finally, examining the point
predictions under a severely stressed scenario, we show that the model can
successfully predict the negative effect on overall bank revenues with a rise in
the non-interest component of income during 2009:Q1. Overall, the findings
suggest that stress testing exercises that involve bank revenue models can ben-
efit from the inclusion of interest rate uncertainty and the cross-sectional infor-
mation embedded in the panel of BHCs.
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perspective, compared to the bottom-up approach that
utilizes loan-level data, that is particularly useful for reg-

Following the introduction of the 2010 Dodd-Frank Act,
stress tests have become the norm in the banking indus-
try to conduct macroprudential regulation and supervi-
sion (Covas et al., 2014), allowing financial institutions
and regulators to assess the resilience of the financial sys-
tem to stressed macroeconomic and financial conditions.
The top-down approach to stress testing offers a broad

ulators by focusing on aggregate data at the balance sheet
and income statement levels, thus allowing regulators to
assess the resilience of the banking system cross-
sectionally using publicly available financial statement
data (Kapinos & Mitnik, 2016)." At the heart of stress
tests are forecasting models that are able to generate
accurate predictions under the actual macroeconomic
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and financial conditions so that these models can be
deemed reliable when it comes to generating projections
under stressed scenarios.

Stress testing exercises, however, are often challenged
by the lack of sufficiently long data as changes in the
industry, such as mergers or acquisitions and/or regula-
tory environment, as experienced following the global
financial crisis in 2008, put limitations on the availability
of data required to build reliable forecasting models. In a
recent study, Liu et al. (2020) propose a method that
allows to forecast short time series using information
embedded in cross-sectional panel data and show that
the empirical Bayes predictor generated from cross-
sectional information in a dynamic panel setting per-
forms well compared to various predictors in generating
forecasts of bank revenues. Clearly, this is an issue of
high importance for regulators as well as financial insti-
tutions during the post-global financial crisis era that
experienced a wave of consolidation activity as well as
regulatory changes which in turn imposed limitations on
the availability of data analysts require in order to build
reliable forecasting models.

We contribute to this debate in several novel aspects.
First, we examine the role of interest rate uncertainty as
a predictor of pre-provision bank revenues (PPNR) by
comparing the forecasting performance of the baseline
model of Liu et al. (2020) that includes unemployment
rate, the federal funds rate, and an interest rate spread
against an augmented model that also includes interest
rate uncertainty as a predictor. The use of interest rate
uncertainty in the context of stress testing of bank perfor-
mance is motivated by the evidence in Istrefi and
Mouabbi (2018) that interest rate uncertainty is a key
leading indicator that drives macroeconomic conditions
and the evidence in Creal and Wu (2017) that interest
rate uncertainty is countercyclical, preceding worse eco-
nomic conditions and higher unemployment rates.
Examining the transmission mechanism of monetary pol-
icy uncertainty to the real economy, Creal and Wu (2017)
show that uncertainty of interest rates captures two eco-
nomic dimensions, one associated with monetary policy
and the other associated with the market transmission of
risk, captured by the term spread. Clearly, given the
evidence that monetary policy uncertainty drives other
forms of economic uncertainties (e.g. Gabauer &
Gupta, 2018) and that the monetary policy component of
interest rate uncertainty is captured by the volatility in
short-term rates (Creal & Wu, 2017), one can argue that
the monetary policy driven component of uncertainty in
interest rates opens one channel of predictability that
motivates us to explore the role of interest rate uncer-
tainty in the context of banking revenues as policy driven
uncertainty regarding short-term rates will contribute to

funding uncertainty that is shown to explain the behavior
of commerical banks, particularly during market crisis
periods (Ritz & Walther, 2015).

The use of interest rate uncertainty as a predictor of
bank revenues can also be justified via the credit channel
of the monetary transmission mechanism in which banks
are forced to curtail loan supply in response to monetary
tightening in order to satisfy the capital requirements
imposed by regulators (e.g., Beutler et al., 2020) as well as
the evidence that establishes a link between interest rate
risk exposure and bank lending (e.g., van den
Heuvel, 2007). Another justification might be that a
downturn in the Fed's monetary policy actions
(i.e., lower interest rates and quantitative easing) helps
stimulate the economy and boosts the income from other
bank activities such as investment banking, advisory,
underwriting fees, trading income, and so forth. Thus,
the literature presents ample evidence to support the pre-
dictive role of interest rate uncertainty in the context of
business activity and profitability in the banking sector.
The novelty of our approach is that our predictive model
employs cross-sectional information from a large panel of
bank holding companies and given the evidence of het-
erogeneity in the firm-level determinants of bank profit-
ability (e.g., Menicucci & Paolucci, 2016), the panel
setting allows for a better assessment of the predictive
information captured by interest rate uncertainty over
bank revenues at the aggregate sector level, which is an
important consideration for policy making purposes.

A second novelty of our analysis is that we distinguish
between the interest and non-interest components of
bank revenues and examine whether the predictive
power of interest rate uncertainty is concentrated on a
particular component of PPNRs. This distinction is
indeed an important consideration as diversification of
business operations across the traditional and non-
traditional banking activities was at the core of the
2007/2008 Global Financial Crisis (Kamani, 2019). Such
a distinction is also important considering the evidence
that establishes a link between non-traditional banking
activities and systemic risk (e.g., Wagner, 2010), suggest-
ing that non-traditional bank related activities have a
negative effect on banks' performance, thus contributing
to the deterioration of their risk profiles
(e.g., Stiroh, 2004; Stiroh & Rumble, 2006). Accordingly,
the comparative analysis of the predictability of the inter-
est and non-interest components of bank revenues could
be important for regulators as the results could be used to
devise improved pre-warning signals regarding the poten-
tial systemic risk that exists within the banking sector.
This consideration becomes even more important given
the evidence that banks have attempted to make up for
the loss in interest income due to low interest rate
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environment during the post global crisis period by
increasing their revenues from service charges and other
nontraditional  income  activities (Haubrich &
Young, 2019). Finally, we compare the forecasts from the
augmented model under the actual and severely adverse
macroeconomic conditions in order to assess the applica-
bility of the model to stress testing exercises.

Our analysis suggests that supplementing forecasting
models with interest rate uncertainty indeed improves
the forecasting performance with the augmented model
generating lower forecast errors compared to a baseline
model which includes unemployment rate, federal funds
rate, and spread variables only. Further separating
PPNRs into the net interest and non-interest compo-
nents, we find that the predictive power of interest rate
uncertainty is concentrated on the non-interest compo-
nent of bank revenues. We argue that a combination of
factors including the effect of interest rate risk exposure
and funding uncertainty on bank lending and increasing
use of nontraditional revenue generating activities as a
hedge against the fall in the interest component of reve-
nues drives the predictive relationship between interest
rate uncertainty and the non-interest component of
PPNRs. Finally, examining the point predictions under a
severely stressed scenario, we find that the model can
successfully predict the negative effect on overall bank
revenues with a rise in the non-interest component of
income during the first quarter of 2009. While the find-
ings provide strong support for the predictive information
captured by interest rate uncertainty over bank revenues,
they also highlight the importance of the cross-sectional
information embedded in the panel of bank holding com-
panies in order to generate reliable projections in stress
testing exercises.

The remainder of the paper is organized as follows.
Section 2 provides the data description and the methodo-
logical details of the dynamic panel model utilized in the
forecasting application. Section 3 presents the empirical
findings on the performance of the empirical Bayes pre-
dictor under the actual and severely distressed scenarios
as well as the findings for the interest and non-interest
components of PPNRs. Finally, Section 4 concludes with
suggestions for future research.

2 | DATA AND METHODOLOGY

2.1 | Data

The construction of our data is based on Liu et al. (2020)
who examine pre-provision net revenues (PPNR) from a
panel of bank holding companies (BHC) with average
assets above $500 million. Using quarterly financial

statements of BHCs, obtained from the web portal of the
Federal Reserve Bank of Chicago, PPNR relative to assets
is computed as the sum of the net interest income (NII)
and total non-interest income (TNII) less total non-
interest expenses (TNIE), divided by the value of consoli-
dated assets.” This ratio is then multiplied by 400 to
obtain annualized percentages.’

Following Liu et al. (2020), our benchmark stress test
scenarios utilize quarterly data on unemployment rate,
federal funds rate, and spread variables to represent
stressed macroeconomic conditions. This also allows us
to compare our findings to those of Liu et al. (2020). In
order to explore the predictive value of interest rate
uncertainty in the forecasting models, we augment our
forecasting models by including the interest rate uncer-
tainty index of Istrefi and Mouabbi (2018) which mea-
sures the uncertainty on the 3-month government bond
interest rate at a 3-month forecast horizon. Based on
Consensus Economics survey data, this index offers a
subjective measure of interest rate uncertainty represent-
ing disagreement among forecasters as well as the per-
ceived variability of future aggregate shocks.* The sample
period is 2002:Q1 to 2014:Q4.

2.2 | Methodology

We utilize a linear dynamic panel model which allows
the interaction of unobserved individual heterogeneity,
denoted by the vector 4;, with observed predictors W;;_;:

Yi=AWi1+p' X1+ Zy_1 + Uy,

1
i=1,.,N,t=1,..,T, @)

where Yy is the pre-provision net revenue (relative to
assets) for BHC i in quarter t,X; ; is a predetermined
vector of variables which may contain lags of Yy, Z;_; is
a vector of strictly exogenous variables, 4;s are considered
as random variables that are possibly correlated with
some of the predictors, and Uy is the idiosyncratic error
component. The cross-sectional dimension N varies from
sample to sample and ranges from 613 to 920.

In order to generate point forecasts of Yir.;, we
employ an empirical Bayes approach to take into account
the information captured both cross-sectionally and in
time series. Given that the distribution z(4;|-) of the het-
erogenous coefficients 4; and the common coefficients
(p,a) are not known,> we employ Tweedie's formula that
defines the posterior mean of 4; as a function of the cross-
sectional information.® This yields an empirical Bayes
estimate of 4;, and for a given (p,a), the empirical Bayes
predictor of Y;r,; at time T is given by
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E(Yir|Y,p,a) =pYir + E(4]Y,p,a). (2)

We compare the performance of the empirical Bayes
predictor under actual and stressed scenarios with two
benchmark predictors that have different assumptions
about the distribution of the 4;s, that is, the plug-in pre-
dictor and the pooled OLS predictor. The former is
obtained by estimating 4; conditional on (p,«) via maxi-
mum likelihood for each unit i, while the latter assumes
the absence of heterogeneity, that is, 4; =1 for all i.

As a novel aspect of our analysis, we examine
whether the inclusion of interest rate uncertainty to the
forecasting model increases the predictive performance
by comparing our results with the model in Liu et al.
(2020) which employs as predictors the unemployment
rate, federal funds rate, and an interest rate spread only.
In order to gain further insight to the predictability pat-
terns, we further separate PPNRs into two categories: net
interest income and net non-interest income. This allows
us to compare the predictive information captured by
interest rate uncertainty over the interest versus non-
interest components of PPNRs separately. Finally, we
analyze the effect of severely adverse macroeconomic
conditions on BHC revenues by replacing the observed
values of model covariates by hypothetical values that
reflect stressed conditions.

3 | EMPIRICAL RESULTS

Following Liu et al. (2020), we begin the analysis by gen-
erating rolling samples that include T+ 2 observations
where the size of the estimation sample (T) takes values
T =6,8,10 quarters. To initialize the lag in the first
period and calculate the error of the one-step-ahead fore-
cast, the additional two observations are added to the
rolling samples obtained. For instance, if the sample size
is selected as T=6, we can generate M =45 rolling
samples with forecast origins running from z = 2003:Q3
to ¢ = 2014:Q3 given that our sample covers the period
2002:Q1 to 2014:Q4. We compute the mean-squared error
(MSE) across BHCs using the formula:

T=6 T=8

0.5 0.5 0.5

-~

2
~N NL,Zi:TI (YirJrl - Yir+1>
MSE (YTH) - S )
N, 2ui=1

3.1 | Forecastresults under actual
macroeconomic conditions

In Figure 1, we present the MSE differentials, computed
as percent reduction in MSE, for the empirical Bayes and
pooled-OLS predictors relative to that of the benchmark
plug-in predictor, for various sample sizes including
T=6, T=8, and T = 10, respectively.” A negative value
for the relative MSE (y axis) implies that the selected
predictor produces better PPNR forecasts compared to
the plug-in predictor. The findings depicted in Figure 1
support the results in Liu et al. (2020), confirming that
the empirical Bayes predictor performs well against the
plug-in and pooled-OLS predictors in the model that
includes the unemployment rate, federal funds rate,
interest rate spread, and interest rate uncertainty. We
observe that the empirical Bayes predictor outperforms
the plug-in predictor for almost all sample sizes and also
dominates the pooled-OLS estimator in a large fraction of
samples with T =10, indicating that the shrinkage
induced by estimated correlated random effects distribu-
tion results in an improvement in forecast accuracy.® This
establishes the preliminary assessment of the empirical
Bayes predictor, confirming that the results reported in
Liu et al. (2020) regarding the performance of the Bayes
predictor also hold for the augmented model that
includes interest rate uncertainty.

Having established the baseline evidence on the per-
formance of the empirical Bayes predictor within the
augmented model, we next examine the predictive contri-
bution of interest rate uncertainty in the forecasting
models. Panels A and B in Table 1 present the MSEs for
PPNR forecasts under the actual macroeconomic condi-
tions from the baseline model of Liu et al. (2020) which
includes the unemployment rate, federal funds rate,
interest rate spread only, and the augmented model that

T=10

FIGURE 1
relative to plug-in predictor. Note: The plug-in

Percentage change in MSE

predictor is the benchmark. y axis displays the
percentage change in MSE with a negative value

indicating improvement compared to the plug-in
predictor. Time periods are sorted to
monotonically increase the MSE of pooled OLS.
The empirical Bayes predictor is plotted in solid
teal, and the pooled OLS predictor is represented

10 20 30 40

10 20 30 40

by dotted black
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TABLE 1 Forecast results for bank pre-provision net revenues TABLE 2 Forecast results for interest and non-interest
. . . components of PPNRs
Sample Size  Empirical Bayes Pooled OLS  Plug-in
Panel A: Baseline model Sample Size = Empirical Bayes  Pooled OLS  Plug-in
T—=10 0332 0.810 1.287 Panel A: Baseline model without uncertainty
T—38 0.348 0.429 1.387 Al. Total net interest income
T—6 0.361 0475 1427 T=10 0.104 0.067 0.324
Panel B: Model with interest rate uncertainty T=8 0.092 0.069 0.346
T=10 0.325 0.381 1.193 T=6 0.099 0.076 0.355
T—8 0.338 0.431 1.255 A2. Total net non-interest income
T—6 0.372 0.471 1.379 T=10 0.158 0.251 0.651
Note: The table presents the mean-squared errors (MSE) for PPNRs under T=8 0.163 0.272 0.736
the actual macroeconomic conditions. Panels A and B present the results for T=6 0.165 0.274 0.747
the baseline model of Liu et al. (2020), which includes the unemployment Panel B: Model with interest rate uncertainty
rate, federal funds rate, interest rate spread only, and the augmented model . .
that also includes interest rate uncertainty, respectively. MSE values B1. Total net interest income
highlighted in bold represent cases for which the augmented model that T=10 0.106 0.067 0.319
includes interest rate uncertainty yields smaller forecasting errors than the
baseline model of Liu et al. (2020). T=8 0.094 0.069 0.315
T=6 0.116 0.084 0.371
also includes interest rate uncertainty, respectively. We B2. Total net non-interest income
observe that the inclusion of interest rate uncertainty as T=10 0.156 0.250 0.627
an additional predictor can improve the predictive perfor- T=38 0.164 0.275 0.715
mance of models, implied by smaller forecasting errors, T—6 0.162 0.261 0.702

compared to the baseline model. Considering the evi-
dence that links interest rate risk exposure and bank
lending (e.g., van den Heuvel, 2007), one can argue that
the predictive power of interest rate uncertainty over
PPNRs is driven by the sensitivity of loan growth rates on
interest rate uncertainty. Indeed, in a recent study, apply-
ing a dynamic panel model to 297 Swiss banks, Beutler
et al. (2020) show that realized interest rate risk affects
bank lending with the effect mainly driven by the capital
channel rather than liquidity, driving banks to reduce its
lending to satisfy the capital requirements imposed by
regulators. Building on Ritz and Walther (2015), one can
also argue that funding uncertainty, in part driven by
interest rate uncertainty, also serves as a determinant of
lending activities, thus contributing to the predictive
information captured by interest rate uncertainty over
bank revenues over and above the predictors in the base-
line model of Liu et al. (2020). Nevertheless, the findings
clearly suggest that supplementing forecasting models
with interest rate uncertainty can help improve the fore-
cast accuracy of revenue models, which is an important
consideration for stress testing exercises.’

3.2 | Interestincome component vs non-
interest income component

It can be argued that the predictive relationship between
bank revenues and macroeconomic/financial factors

Note: The table presents the mean-squared errors (MSE) for the interest and
non-interest components of PPNRs under the actual macroeconomic
conditions. Panels A and B present the results for the baseline model of Liu
et al. (2020), which includes the unemployment rate, federal funds rate,
interest rate spread only, and the augmented model that also includes
interest rate uncertainty, respectively. MSE values highlighted in bold
represent cases for which the augmented model that includes interest rate
uncertainty yields smaller forecasting errors than the baseline model of Liu
et al. (2020).

largely depends on the nature of the income as interest or
non-interest based.'” While the interest income compo-
nent of revenues can be driven by the yield curve and
credit spreads (Schuermann, 2014), the non-interest com-
ponent of income can be harder to model as banks have
to compete with a wide range of financial intermediaries
like hedge funds and insurance companies to capture
market share. Indeed, de Young and Roland (2001) show
that non-interest revenue is more volatile than the more
stable interest revenue and also more sensitive to eco-
nomic fluctuations. Confirming this finding, Brunnerme-
ier et al. (2020) further show that non-interest income is
positively related to banks' tail risk, while it has an insig-
nificant or positive relationship with a bank's exposure to
macroeconomic/financial factors. Against this backdrop,
we extend our tests by distinguishing between the inter-
est and non-interest components of PPNRs and examine
whether the predictive power of interest rate uncertainty
is driven by a particular component of bank revenues.
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Table 2 presents the mean-squared errors (MSE) for
the interest and non-interest components of PPNRs
under the actual macroeconomic conditions. Similar to
Table 1, we compare the forecasting performance of the
baseline model (Panel A) without interest rate uncer-
tainty with the augmented model (Panel B) that includes
uncertainty as an additional predictor. In each panel, we
report the MSEs for the net-interest and non-interest
components of PPNRs. Interestingly, we observe that the
predictive value of interest rate uncertainty is largely
driven by the non-interest component of revenues. The
comparison of the MSEs in panels Al and B1 indicates
smaller forecast errors for the baseline model, suggesting
that interest rate uncertainty does not play a significant
role in predicting the net interest component of bank rev-
enues. Considering that the baseline model performs bet-
ter for most sample sizes, particularly for the short term
forecast horizon (T =6), the use of interest rate hedging
strategies may limit the predictive contribution of interest
rate uncertainty in the forecasting model as hedging miti-
gates the sensitivity of earnings to interest rate fluctua-
tions (e.g., Purnanandam, 2007).

On the other hand, we observe smaller forecasting
errors in panel B2 compared to those in A2, suggesting
that the predictive power of interest rate sensitivity is
largely concentrated on the non-interest component of
PPNRs. In a recent study, Baum et al. (2020) show that
inflation uncertainty curtails banks' lending capacity to
the private sector, which in turn increases their reliance
on non-interest income activities. It is thus possible that
the predictive power of interest rate uncertainty on the
non-interest component of PPNRs is driven by the
increased reliance of bank revenues on non-interest
related activities due to uncertainty in inflationary expec-
tations. Indeed, Haubrich and Young (2019) note that,
during the post-global crisis period, banks have
attempted to make up for the loss in interest income due
to low interest rate environment by increasing their reve-
nues from service charges and other nontraditional
income activities. One can thus argue that the predictive

Empirical Bayes Pooled OLS
MSE =0.32 MSE=0.38
40
k5 k5 % 20
7] 0 7]
7 a 0
£ £ g o
(7] (7] (7]
-20

Actual Actual

power of interest rate uncertainty over the non-interest
component of PPNRs captures the increasing use of
non-traditional revenue generating activities as a hedge
against the loss in the interest component of revenues.

3.3 | Forecast results under stressed
macroeconomic conditions

Clearly, stress tests are aimed to assess the resilience of a
bank's operations under stressed macroeconomic/
financial conditions, and the value of a forecasting model
in this context depends on the reliability of its forecasts
under such scenarios. Therefore, in this section, we com-
pare the forecasts under the actual economic conditions,
presented in the previous section, to the forecasts
obtained under a particular stress scenario. For this pur-
pose, we design a stress scenario that represents severely
adverse macroeconomic conditions by increasing the
unemployment rate, federal funds rate, interest rate
spread, and interest rate uncertainty by 5%. This can be
interpreted as an environment in which aggressive mone-
tary tightening, high unemployment, and an elevated
interest rate uncertainty induce a slowdown in economic
activity.

Given that the global financial crisis had a dramatic
impact on macroeconomic conditions and financial mar-
kets, we focus on 2009:Q1 in the midst of the Great
Recession as our target for point predictions under the
stressed scenario. Figure 2 displays the predictions for
2009:Q1 (for sample size T=10) with each circle
representing a one-quarter ahead point forecast for a
particular BHC. Point predictions of PPNRs under the
actual macroeconomic conditions and the stressed
scenario are displayed on the y and x axes, respectively.
The institutions with assets greater than 50 billion dollars
are highlighted by green circles, while the other BHCs
are represented as black circles. Interestingly, we find
that the pooled-OLS estimator does not forecast any
impact on BHCs revenues, implied by the points that are

Plug-in
FIGURE 2 Predictions of PPNRs under
actual and stressed scenarios (T = 10). Note:

MSE=1.19

ogo Each dot represents a BHC in our dataset with

% / the institutions that have assets greater than
50 billion dollars highlighted by green circles.
Point predictions of PPNRs under the actual
macroeconomic conditions and a stressed
scenario are displayed on the y and x axes,

‘ ‘ respectively. Also reported on top of each plot

0 20 40

Actual

are the MSEs based on the predictions under the
actual macroeconomic conditions
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FIGURE 3
non-interest components of PPNRs under actual

Predictions of net interest and

and stressed scenarios (T = 10). Note: See notes

MSE =0.11

to Figure 2

Empirical Bayes

Total Net Interest Income
Pooled OLS Plug-in
MSE=0.07

MSE=0.32

Stressed

Stressed
o
Stressed

-5

Empirical Bayes

MSE =0.16

-5 0 5 20 0 20 40
Actual Actual

Total Net-Non Interest Income
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very close to the 45° line. This suggests that the pooled-
OLS estimator does a poor job in predicting the impact of
the great crash on bank revenues by predicting essen-
tially no effect on PPNRs. In contrast, the plug-in predic-
tor forecasts a more heterogeneous reaction across the
BHCs by predicting that 45% of the institutions are
expected to experience lower revenues in comparison to
the actual macroeconomic conditions. Finally, in the case
of the empirical Bayes predictor, which is the preferable
model with the lowest MSE in the actual scenario, we
find that 30% of BHCs are predicted to suffer a decrease
in revenues under the severely stressed scenario. This
implies that the plug-in estimator predicts more bank
losses than the Bayes predictor during the market crash
period.

In Figure 3, we present the point predictions for the
net interest and non-interest components of PPNRs. We
observe that the drop in revenues is generally more
pronounced in the case of the net interest income compo-
nent as the actual-versus-stressed predictions generally
cluster below the 45° line. This is not unexpected given
the observation by Haubrich and Young (2019) that,
during the post global crisis period, banks have attempted
to make up for the loss in interest income due to low
interest rate environment by increasing their revenues

Stressed
o
\
N,
Stressed

-5

-5 0 5 20 0 20 40
Actual Actual

from service charges and other nontraditional income
activities. On the other hand, examining the plots for the
non-interest component of PPNRs, presented in the lower
panel of Figure 3, we see that all BHCs are predicted to
be able to raise their non-interest revenues according to
the pooled-OLS predictor, in line with the argument by
Haubrich and Young (2019). A similar pattern, although
not as consistent as in the case of the pooled-OLS estima-
tor, is also observed for the empirical Bayes estimator in
which a majority of BHCs are predicted to raise their
non-interest income relative the actual conditions.
Overall, the findings suggest that forecasting models
supplemented by interest rate uncertainty perform quite
well in generating point predictions for stressed scenar-
ios; however, distinguishing between the interest and
non-interest components of revenues can add to the
forecasting performance of the models, particularly under
stressed scenarios that are the focus of stress testing
exercises.''

4 | CONCLUSION

This paper examines the predictive power of interest rate
uncertainty over pre-provision net revenues (PPNR) in a
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large panel of bank holding companies (BHC). Utilizing a
linear dynamic panel model that allows the interaction of
unobserved individual heterogeneity across the panel of
BHCs and the interest rate uncertainty index recently
developed by Istrefi and Mouabbi (2018), we show that
supplementing forecasting models with interest rate
uncertainty indeed improves the forecasting perfor-
mance. The augmented model is found to generate lower
forecast errors for various sample sizes in comparison to
a baseline model which includes unemployment rate,
federal funds rate, and spread variables.

Further separating PPNRs into two components that
reflect the net interest and non-interest income, we show
that the predictive power of interest rate uncertainty is
concentrated on the non-interest component of bank rev-
enues. We argue that a combination of factors including
the effect of interest rate risk exposure and funding
uncertainty on bank lending and increasing use of
nontraditional revenue generating activities as a hedge
against the fall in the interest component of revenues
drives the predictive relationship between interest rate
uncertainty and the non-interest component of PPNRs.

Finally, examining the point predictions under a
stressed scenario implied by a 5% rise in the unemploy-
ment rate, federal funds rate, interest rate spread, and
uncertainty, we show that the model can successfully
predict the negative effect on overall bank revenues with
a rise in the non-interest component of income during
the first quarter of 2009. However, the choice of the
estimator is found to be critical in the accuracy of the
forecasts with the empirical Bayes predictor performing
relatively well compared to its counterparts. Overall, the
findings suggest that stress testing exercises for bank
revenue models can benefit from the inclusion of interest
rate uncertainty and the cross-sectional information
embedded in the panel of bank holding companies.
Given that the Federal Reserve conducts stress tests on
the largest banks to assess the capital adequacy of banks
every year, our results indicate that supplementing the
models that project non-interest income with interest rate
uncertainty would improve the forecasting performance
of those models. In this regard, our findings are useful
because stress tests are used to set banks' capital require-
ments, and it is well documented that tighter capital
requirements reduce lending and economic growth.

For future research, it would be interesting to explore
whether bank lending activity indeed serves as a channel
that facilitates the predictive relationship between inter-
est rate uncertainty and bank revenues, particularly
during stressed market conditions. Furthermore, given
the finding in Brunnermeier et al. (2020) that links non-
interest income to banks' tail risk, our findings could be
extended to build tail risk forecasting models with

interest rate uncertainty utilized as a predictor. Finally,
the models used by the Federal Reserve to forecast
non-interest income are considerably more granular and
complex relative to those used in the analysis conducted
in the paper. In this regard, it would be interesting to
augment interest rate uncertainty to additional compo-
nents of interest income and expenses.

ACKNOWLEDGMENTS

We would like to thank two anonymous referees for
many helpful comments. However, any remaining errors
are solely ours. Ahmet Sensoy gratefully acknowledges
support from Turkish Academy of Sciences under its
Outstanding Young Scientist Award Programme
(TUBA-GEBIP).

DATA AVAILABILITY STATEMENT

The data that support the findings of this study are
openly available online (at https://www.chicagofed.org/
banking/financial-institution-reports/bhc-data).

ORCID
Oguzhan Cepni ‘© https://orcid.org/0000-0003-0711-8880
Riza Demirer © https://orcid.org/0000-0002-1840-8085
Rangan Gupta ‘© https://orcid.org/0000-0001-5002-3428

Ahmet Sensoy ¥ https://orcid.org/0000-0001-7967-5171

ENDNOTES

! In a recent study, Ma et al. (2021) focus on the different impacts
of oil shocks on the risks in the banking sector rather than on
earnings as examined in previous studies. The advantage of their
framework is that monthly stock return data present more
flexible findings and can disclose more information than quar-
terly or yearly data.

2 Data obtained from https://www.chicagofed.org/api/sitecore/
BHCHome/.

3 For further details about the dataset, see the online appendix of
Liu et al. (2020).

4 Data are available at https://sites.google.com/site/

istrefiklodiana/interest-rate-uncertainty.

° Hence, we change the unkonwn parameters by a consistent
estimator.

® For Tweedie's formula and its applications, see Brown and
Greenshtein (2009), Efron (2011), and Gu and Koenker (2017).

~N
7 We modify Equation (3) as A <17N ) = e <YM) 7MSF(plug—ln :
7+1 MSE( plug-in )

8 In the online appendix of the paper, we also present bank
holding company-specific forecast error differentials relative to
the plug-in predictor. Furthermore, for a robustness check, we
also examine the performance of predictors on three different
periods starting from 2007:Q1, 2009:Q1, and 2012:Q1.

° As one of the main sources for financing of economic growth,
the banking sector's revenue is directly related to economic
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activity (Horobet et al., 2021). In this regard, we compare the
mean squared forecast errors obtained from predictions of BHC's
revenues by considering macroeconomic uncertainty. In particu-
lar, we utilize the different types of uncertainty (financial, macro,
and real) indices of Jurado et al. (2015). The findings reported in
Table A1l suggest that macroeconomic and financial uncertainty
yields slightly better results compared to the baseline model.

Non-interest income can roughly be defined as the income attrib-
utable to sources that are not related to interest payments such
as investment banking fees and commissions or income from
trading and securitization.

As a robustness check, we replicate results using the monetary
policy index of Husted et al. (2020). The findings presented in
Figure A.1 show that the forecasting models supplemented by
monetary policy uncertainty result in slightly higher MSFEs
values than the model with interest rate uncertainty, which
confirms the superior predictive ability of the interest rate
uncertainty.
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APPENDIX A

(a) Total Net Interest Income

Empirical Bayes Pooled OLS Plug-in
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(b) Total Non-Net Interest Income

Empirical Bayes Pooled OLS Plug-in
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FIGURE A1l Predictions of net interest and
non-interest components of PPNRs under actual

Stressed
Stressed
Stressed

and stressed scenarios (T = 10) where we use

monetary policy uncertainty instead of interest . — .

20 0 20 40
[Color figure can be viewed at Actual Actual Actual
wileyonlinelibrary.com] Notes: See notes to Figure 2.

rate uncertainty. Note: See notes to Figure 2

TABLE A1 MSFEs values under different types uncertainty
indices (T =10)

Uncertainty  Empirical Bayes Pooled OLS Plugin

Financial 0.27 0.39 1.87
Macro 0.32 0.36 1.30
Real 0.33 0.39 1.29

Note: See notes to Table 1.
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