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Abstract

Liquidity coverage and net stable funding ratios are liquidity risk measures highlighted by Basel III banking regulation.
This paper estimates these measures by using 2002 to 2012 global liquidity data for LIBOR-based banks in 36 countries.
Furthermore, the paper compares the aforementioned Basel III liquidity risk measures to the more traditional non-
performing assets ratio, return-on-assets, LIBOR-OISS, Basel II Tier 1 capital ratio, government securities ratio and bro-
kered deposits ratio. Moreover, we use a hazard model to show that Basel III liquidity risk measures have low predicting
power in relation to bank failure. Also, their traditional counterparts are better in this respect. In fact, we prove that higher
liquidity coverage and net stable funding ratios are associated with higher bank failure rates. We also find that LIBOR-
OISS (proxy for market-wide liquidity risk) accurately predicted 2009 and 2010 bank failures while other liquidity risk
measures (proxies for idiosyncratic liquidity risk) were not as reliable.
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Introduction

Bank liquidity measures the ease with which banks’
asset funding is able to be increased and financial
obligations met. In transforming deposits into loans,
banks become susceptible to idiosyncratic and market-
wide liquidity risk (see, for instance, [14]). Incidences
of such risks proliferated during the 2007-2009 finan-
cial crisis in both the financial markets and banking
industry. The worsening of market conditions in this
period caused a lack of liquidity in various financial
sectors including the banking sector. In order to coun-
teract this on September 12, 2010, the Basel Commit-
tee on Banking Supervision (BCBS) and its subgroup
Working Group on Liquidity (WGL) (see, for in-
stance, [3]) announced amendments to existing bank-
ing regulation with the introduction of Basel III (see,
for instance, [4], [9] and [28]). This regulation in-
volves liquidity, capital adequacy and stress testing
(see, for instance, [33]) and is intended to improve
banks’ ability to absorb shocks arising from financial
and economic stress in order to reduce the risk conta-
gion in the financial sector. Other objectives of Basel
I regulation is to increase the quality of capital and
enhance risk management and disclosure, introduce a
leverage ratio to supplement risk weighted measures
as well as address counter-party risk (see, for instance,
[16], [18] and [26]).

In Basel 111, the risk measures, the liquidity coverage
ratio (LCR) and net stable funding ratio (NSFR), un-
derly liquidity management. The LCR requires that

© Lungile N.P. Hlatshwayo, Mark Petersen, Janine Mukuddem Petersen,
Frednard Gideon, 2013.

Lungile N.P. Hlatshwayo, Faculty of Commerce and Administration,
North-West University, South Africa.

Mark Petersen, Faculty of Commerce and Administration, North-West
University, South Africa.

Janine Mukuddem Petersen, Faculty of Commerce and Administration,
North-West University, South Africa.

Frednad Gideon, University of Namibia, Namibia.

8

banks maintain an adequate level of “unencumbered,
high-quality liquid assets that can be converted to cash
to meet its liquidity needs for a 30 calendar day time
horizon under severe liquidity stress conditions speci-
fied by supervisors.” On the other hand, the NSFR is
designed to “promote longer-term funding of the as-
sets and activities of banking organizations by estab-
lishing a minimum acceptable amount of stable fund-
ing based on the liquidity of an institution’s assets and
activities over a one-year horizon”. These standards
should facilitate liquid asset diversification, thus dis-
couraging their accumulation and susceptibility to
risky exposures. It will however be clear that the LCR
and NSFR, will probably not achieve their aims with-
out considering other factors (see, for instance, [9] and
[13]). To the best of our knowledge, no prior studies
have attempted to estimate the LCR and NSFR using
global public banking data.

This contribution also considers traditional liquidity
risk measures such as the non-performing assets ratio
(NPAR), return-on-assets (ROA), London Interbank
Offered Rate-Overnight Indexed Swap Spread (LI-
BOR-OISS), Basel II Tier 1 capital ratio (BIIT1KR),
government securities ratio (GSR) and brokered de-
posits ratio (BDR). Furthermore, we note that risk
measures for asset liquidity include the GSR and
LCR while funding stability is measured by the BDR
and NSFR. NPAR (known as the Texas ratio under
certain circumstances) exhibits robust bank failure
predictive power (see, [19] and [27]). ROA refers to
banks’ ability to generate positive net income from
asset investment with a positive correlation existing
between ROA and bank liquidity. LIBOR is the rate
at which banks indicate they are willing to lend to
other banks for a specified term of the loan. The
Overnight Indexed Swap (OIS) rate is the rate on a
derivative contract on the overnight rate. In the US,
the overnight rate is the effective federal funds rate.
In such a contract, two parties agree that one will pay
the other a rate of interest that is the difference be-



tween the term OIS rate and the geometric average
the overnight federal funds rate over the term of the
contract. The OIS rate is a measure of the market’s
expectation of the overnight funds rate over the term
of the contract. There is very little default risk in the
OIS market because there is no exchange of princip-
al; funds are exchanged only at the maturity of the
contract, when one party pays the net interest obliga-
tion to the other. The LIBOR-OISS is assumed to be
a measure of bank health because it reflects what
banks believe is the risk of default associated with
lending to other banks. It is a measure of market-
wide liquidity risk. The capital adequacy ratio BI-
IT1KR is described in [8] (see, also, [9]) while GSR
(proxy for asset liquidity) and BDR (proxy for fund
stability) are discussed in [19].

Main questions and outline. The main questions
addressed in this chapter about liquidity and bank
failure are listed below.

Question 1: Approximate values for Basel III li-
quidity risk measures. How do estimates for the
Basel III liquidity risk measures compare with values
for traditional risk measures? (see section 3).

Question 2: Information values for liquidity risk
measures. Are Basel III liquidity risk measures more
sensitive than traditional ones? (see section 4).

Question 3: Liquidity and bank failure. How can
the link between bank failures and liquidity risk be
quantified? (see section 4).

Question 4: Contribution of liquidity to bank fail-
ure. To what extent did idiosyncratic or market-wide
liquidity risk contribute to bank failures subsequent to
the 2007 to 2009 financial crisis? (see section 4).

This paper is organized as follows. Section 1 provides
a literature review while section 2 provides data and
methodology. Also, section 3 describes the dynamics
of liquidity risk measures from Basel III (viz., LCR
and NSFR) and traditional risk measures (for instance,
NPAR, ROA, LIBOR-OISS, BIT1KR, GSR and
BDR) while section 4 examines the sensitivity of these
risk measures. Also, section 4 presents the results and
discussion of liquidity risk measures and its connec-
tion with Class I and II bank failure. The final section
provides some concluding remarks, considers policy
implications and possible topics for future research.

1. Literature review

In this section, we review literature about tradition-
al liquidity risk measures, Basel III liquidity stan-
dards as well as liquidity and bank failure.
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1.1. Literature review of traditional liquidity risk
measures. As we have seen before, NPAR, ROA,
LIBOR-OISS, BIIT1IKR, GSR and BDR are meas-
ures of an individual bank’s liquidity risk. It was
shown in [19] that the NPAR exhibits robust bank
failure predictive power. The idea is that when a
bank’s ratio goes above 100 %, it is at risk of failure.
In fact, [19] proves that once a bank breaches the 100
% mark, the chances of rehabilitation are a mere 5.06
% (see, also, [27]). The connection between profita-
bility in the form of ROA and liquidity is discussed
in [24]. In particular, ROA as a liquidity measure is
explained.

1.2. Literature review of Basel III liquidity risk
measures. Although the “Sound Principles” in [14]
focuses on liquidity risk management at medium and
large complex banks, it has broad applicability to all
types of banks. The implementation of these prin-
ciples by both banks and supervisors was tailored to
the size, nature of business and complexity of bank-
ing activities. Since the “Sound Principles”, guid-
ance for supervisors has been augmented substantial-
ly. In particular, proposed Basel III liquidity regula-
tion explained in [10] and [12] has added a great deal.
These prescripts emphasize the importance of supervi-
sors assessing the adequacy of a bank’s liquidity and
the associated risk management framework. Also, it
suggests steps that supervisors should take if these are
deemed inadequate. The BCBS expects banks and
supervisors to implement the revised principles
promptly and thoroughly and that the BCBS will ac-
tively review progress in implementation (see, for
instance, [10] and [12]).

Our contribution has connections with [29], [31] and
[32]. In the former, we use actuarial methods to dis-
cuss liquidity risk management focussing on cash
inflows and securities allocation. The main objective
in [29] is to minimize liquidity risk in the form of
funding and credit crunch risk in an incomplete
market (see, also, [31] and [32]). In order to ac-
complish this, we construct a stochastic model that
incorporates reference processes. However, the
current article is an improvement on [29] in that it
complies with Basel III liquidity regulation related
to NSFRs (see section 2).

Some of the first results involving Basel III liquidi-
ty standards is to be found in [6], [7], [11], [21] and
[22]. A summary table of these contributions is pre-
sented below.

Table 1. Liquidity studies [6], [7], [11], [21] and [22] for Group 1 and 2 banks

Organization BCBS EBA
Contribution [6] 7 [11] [21] [22]
Report date Sep-12 Apr-12 Dec-10 Sep-12 Apr-12
Bank data date 12/31/2011 06/30/2011 12/31/2009 12/31/2011 06/30/2011
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Table 1 (cont.). Liquidity studies [6], [7], [11], [21] and [22] for Group 1 and 2 banks

Organization | BCBS | EBA
Bank count (102,107) (103,102) (NANA) (44,112) (NANA)
Total assets (Euro trillions) 61.40 58.50 NA 31.00 31.00
Weighted Average LCR (0.91,0.98) (0.90, 0.83) (0.83,0.98) (0.72,0.91) (0.71,0.70)
LCR Shortfall ($ Trillions) 2.33 2.28 2.24 1.52 1.55
Weighted average NSFR (0.98, 0.95) (0.94, 0.93) (0.93,1.03) (0.93,0.94) (0.89, 0.90)
NSFR shortfall ($ Trillions) 3.24 3.60 374 1.81 2.46

We have that the BCBS’s [6], [7] and [11] as well
as [21] and [22] from the European Banking Au-
thority (EBA) represent five quantitative impact
studies or monitoring exercises using non-public
bank data reported in December 2009, June 2011
and December 2011. Table 1 summarizes the results
of these studies. The most recent BCBS monitoring
exercise was based on bank data reported on De-
cember 31, 2011. This study covers a total of 209
banks across the world, including 102 Group 1
banks and 107 Group 2 banks. This study finds that
the weighted average LCR is 91% for Group 1
banks, and 98% for Group 2 banks. It also reports
an aggregate LCR shortfall of $2.33 trillion. The
weighted average NSFR is 95% for Group 1 banks,
and 94% for Group 2 banks. The aggregate NSFR
shortfall is $ 3.24 trillion.

1.3. Literature review of liquidity and bank fail-
ure. While recent research studies show liquidity
risk causes or exacerbates the financial crisis (see, for
instance, [1], [17], [20] and [25]), few empirical in-
vestigations have probed the relationships between
bank failures and liquidity risk. One obvious reason
for this is that there had been few bank failures glo-
bally between 1995 and 2007. The massive number
of bank failures subsequently provides us with a
costly opportunity to improve our understanding of
bank failures and liquidity risk (see, for instance, [1]
and [25]).

While the new liquidity standards aim at streng-
thening individual banks liquidity risk management,
it remains to be seen whether idiosyncratic liquidity
risk was the major contributor to bank failures during
the 2007-2009 financial crisis. Furthermore, [22]
show that tight risk management of individual finan-
cial firms could lead to market illiquidity at the ag-
gregate level. While an individual firm appears to
benefit from tightening its risk management, it be-
comes more reluctant to provide liquidity to other
firms. As a consequence, the aggregate market li-
quidity declines. Therefore, further investigations are
needed to assess the effectiveness of Basel I1I liquidi-
ty standards on reducing bank failures (see, for in-
stance, [1], [17], [20] and [25]).

2. Liquidity risk data and methodology

In this section, we consider the public data and me-
thodology used to probe the liquidity risk measures on
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asset liquidity (LCR and GSR) and capital stability
(NSFR and BDR) in both the traditional and proposed
Basel III paradigm. Also, we consider 4 other liquidity
risk measures, viz., NPAR, LIBOR-OISS, BITIKR
and ROA.

2.1. Data for liquidity risk measures. We use
EMERG global liquidity data that consist of obser-
vations for LIBOR-based banks for the period 2002
to 2012 (see [30]). In particular, we use databases
consisting of individual banks’ income statements as
well as on- and off-balance sheet items. We study
liquidity for Class I banks that have Tier 1 capital
(T1K) in excess of US$4 billion and are internation-
ally active and Class II banks that do not satisfy
these conditions. Of course, there are Class II banks
that could have been classified as Class I if they
were internationally active. These banks contributed
greatly to the total assets of the Class II banks.

A total of 391 LIBOR-based banks from 36 coun-
tries were included in the study, including 157 Class
I and 234 Class II banks. These banks (with the
number of Class I and Class II banks in parenthesis
for each jurisdiction) are located in Australia (5,2),
Austria (2,6), Belgium (1,2), Brazil (3,1), Canada
(7,3), China (7,1), Czech Republic (4,3), Denmark
(1,3), Finland (0,14), France (5,5), Germany (8,25),
Hong Kong (1,8), Hungary (1,2), India (6,6), Indo-
nesia (1,3), Ireland (3,1), Italy (2,11), Japan (14,5),
Korea (6,4), Luxembourg (0,1), Malta (0,3), Mexico
(1,8), the Netherlands (3,13), Norway (1,6), Poland
(0,5), Portugal (3,3), Russia (0,3), Saudi Arabia (4,1),
Singapore (5,0), South Africa (4,5), Spain (2,4),
Sweden (4,0), Switzerland (3,5), Turkey (7,1), the
United Kingdom (8,5) and the United States (35,66).

In particular, we did not consider subsidiaries,
central banks, banks with incomplete records (e.g.,
with inconsistent, non-continuous information) nor
bank-year observations with negative HQLA,
NCO, ASF, RSF or other values. Furthermore, we
mostly use non-permanent samples for regression
analysis and investigation of cross-sectional pat-
terns. By contrast to permanent samples, the non-
permanent ones do not suffer from survivorship
bias. Bank failure data for the period 2002 to
2012 were obtained from deposit insurance
schemes in the aforementioned countries. For in-
stance, for the US, bank failure data was obtained



from the Federal Insurance Corporation (FDIC) and
matched with call report data. We choose the period
2002-2012 because EMERG global liquidity data
does not allow us to accurately calculate the LCR
and NSFR prior to 2002 [30].

It must be emphasized that there are difficulties in
calculating the LCR and NSFR using the available
public data. Firstly, the prescripts related to Basel
III liquidity risk standards are ambiguous and con-
stantly changing. Therefore, we have to use our discre-
tion in applying the aforementioned guidelines. Se-
condly, the data available is limited and incomplete in
terms of format and granularity between EMERG
global banking data and the information required for
determining Basel III LCR and NSFR (see [30]).
When data is unavailable, this necessitates a reliance
on specific interpolation and extrapolation tech-
niques.

2.2. Methodology for liquidity risk. In this subsec-
tion, we provide theoretical perspectives on Basel
IIT liquidity risk measures and bank failure, a con-
sideration of approximate methods to estimate li-
quidity risk measures as well as a methodology for
finding information values for such measures.

2.2.1. Theoretical perspectives on Basel Il liquidity
risk measures. The difficulties experienced by some
banks during the financial crisis despite adequate
capital levels were due to lapses in basic principles of
liquidity risk management. In response, as the foun-
dation of its liquidity framework, the BCBS in 2008
published “Principles for Sound Liquidity Risk Man-
agement and Supervision” known as “Sound Prin-

Total Stock of High Quality Liquid Assets (HQLAs)
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ciples” for short (see [14] for more details). These
principles provide detailed guidance on the manage-
ment and supervision of liquidity risk and is intended
to promote improved liquidity risk management in the
case of full implementation by banks and supervisors.
As such, the BCBS coordinates follow-ups by super-
visors to ensure that banks adhere to “Sound Prin-
ciples” (see [14] for more details). To complement
these principles, the BCBS has further strengthened
its liquidity framework by developing two minimum
standards for funding liquidity. They are described in
the ensuing discussions.

The LCR aims at increasing the resilience of banks
under severe stress over a 30-day period without
special government or central bank support (see, for
instance, [8] and [9]). The LCR is a minimum re-
quirement and, as such, pertains to large international-
ly active banks on a consolidated basis. The severe
stress scenario referred to earlier combines market-
wide and idiosyncratic stress including a three notch
rating downgrade, the run-off of retail and wholesale
deposits, the stagnation of primary and secondary
markets (repo, securitization) for many assets and
large cash-outflows due to off-balance sheet items
(OBS). The LCR embellishes traditional liquidity
“coverage” methodologies used internally by banks
to assess exposure to stress events. This liquidity
standard requires that a bank’s stock of unencum-
bered high quality liquid assets (HQLAs) be larger
than the projected net cash outflow (NCOF) over a
30-day horizon under a stress scenario specified by
supervisors such that:

LCR

Cash, excess central bank reserves (to the extent that
these deposits can be withdrawn in times of stress;
ie., reserves exceeding the minimum reserve re-
quirements), and government bonds with 0% risk
weight under Basel II (including government guar-
anteed bonds, debt of central banks and public sector
entities etc.) are considered Level 1 assets (L1As).
Level 2 assets (L2As) mainly consist of government
bonds with a 20 % risk weight under Basel II, covered
and non-financial corporate bonds (rating at least
AA-). L2As are further classified into Level 2A as-

- Total Nett Cash Outflows (NCOF ) Over the Next 30 Calendar Days

> 1, (1)

sets (L2AAs) and Level 2B assets (L2BAs). The latter
are subject to higher haircuts and a limit. These in-
clude corporate debt securities rated A+ to BBB with
a 50% haircut, certain unencumbered equities subject
to a 50% haircut and certain residential mortgage-
backed securities rated AA or higher with a 25%
haircut. However, additional conditions concerning
the debt and breadth of the underlying markets, a
haircut of at least 15%, and a maximum ratio of 40%
of HQLAs (after haircuts) apply to L2As. Symboli-
cally this means that:

Market value of L2As <0.4 x Market value of total stock of HOLAO.15 < Haircut applied to L2A

current market value.

inflow for the ensuing 30-calendar days. While calcu-
lating total net cash outflow, total expected cash in-

2)

flow is considered up to an aggregate cap of 75 % of
total expected cash outflow. Symbolically, we have

Total nett cash outflows over the next 30 calendar days = Expected outflows —

— min[Expected inflows; 75% of expected outflows].

A3)
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Total expected cash inflows are calculated by mul-
tiplying the outstanding balances of various catego-
ries of contractual receivables by the rates at which
they are expected to flow in under the stress scena-
rio. In order to prevent banks’ from relying solely on
these inflows for its liquidity an upper cap of 75% of
total expected cash outflows is set. This ensures that
banks hold a minimum stock of HQLAs equal to 25 %
of cash outflows. Symbolically, we have that

Total expected cash inflows <0.75 x Total expected

cash outflows. “4)

NCOF is calculated by applying binding run-off
parameters to the contractual outflows of liabilities as
well as OBS items and roll-over assumptions to the
contractual inflows from assets. Repos in L1As (0%
run-off), stable retail (including SMEs) deposits
(3% run-off) and less stable retail deposits (10 %
run-off) are considered the most stable funding
sources under severe stress. Repos with L2As and
with central banks (also in non-LCR-eligible assets)
are assigned run-off rates of 15% and 25%, respec-
tively. The latter also applies to operational balances
irrespective of the counterparty (but for the part of
these balances covered by deposit insurance the CRD
IV foresees a 5% run-off rate). Other unsecured
wholesale funding from non-financial corporates,
central banks and public sector entities (PSEs) rece-
ives a 75% run-off rate.

Contractual outflows from most other balance sheet
positions are assumed to run-off completely as are all
OBS items except credit lines granted to non-financial
corporates, central banks, and public sector entities
(10%) and credit and liquidity lines granted to retail
clients (5%). For some derivatives outflows, national
discretion apply. Contractual cash-inflows over the 30-
day period are capped by 75% of total outflows. No
inflows are recognized from operational balances at
other banks, receivables from reverse repos in L1As,
and undrawn liquidity lines and similar facilities. Re-
verse repos in L2As are treated symmetrically as well,
so that 15% of the contractual inflows effectively
count as inflows. Planned inflows from performing
retail loans and loans to non-financial corporates are
capped at 50%. Full recognition of contractual inflows
is granted to reverse repos in non-eligible assets and
performing wholesale loans to financial institutions.

An example of computing the LCR if given below. As
we have seen in the above, two levels of assets can be

applied towards the HQLA pool in the numerator of a
bank’s LCR. L1As include cash, central bank reserves
and debt securities issued or guaranteed by public
authorities with a 0% capital risk weight under Basel
II. L2As include debt securities issued by public au-
thorities with a 20% risk weight plus highly rated non-
financial corporate bonds and covered bonds. Moreo-
ver, L2As may comprise no more than 40% of a
bank’s total HQLA stock. In other words, the quantity
of L2As included in the HQLA calculation can be at
most 2/3 of the quantity of L1As. In addition, L2As
are subject to a 15% haircut when added to HQLA.
All assets included in the calculation must be unen-
cumbered (e.g., not pledged as collateral) and opera-
tional (e.g., not used as a hedge on trading positions).
A bank’s stock of HQLAs (compared with (2)) can
then be written as:

HQLA = LIA + min (0.85 x L2A,2/3 x L1A). (5)

The stress scenario used for computation of net
cash outflows envisions a partial loss of retail de-
posits, significant loss of unsecured and secured
wholesale funding, contractual outflows from deriva-
tive positions associated with a three-notch rating
downgrade, and substantial calls on OBS exposures.
The calibration of scenario run-off rates reflects a
combination of the experience during the recent fi-
nancial crisis, internal stress scenarios of banks, and
existing regulatory and supervisory standards. From
these outflows, banks are permitted to subtract pro-
jected inflows for 30 calendar days into the future.
However, the fraction of outflows that can be offset
this way is capped at 75%. The expected net cash
outflows (compared with (3)) are, therefore, given by

NCOF = Outflows —
min [Inflows, 75% x Outflows]. (6)

As a first example, it is helpful to compute the LCR
for Bank A. Bank A holds six types of assets, viz.,
cash, reserves, Treasury securities, government and
corporate bonds as well as retail loans. In particular,
reserves and Treasuries are L.1As and we suppose that
corporate bonds are L2As. Bank A funds itself using a
combination of stable and less stable deposits, unse-
cured wholesale funding (non-financial corporate with
no operational relationship), overnight interbank bor-
rowing, borrowings from the Central Bank and equi-
ty. Table 2 presents the balance sheet item values.

Table 2. Illustrative balance sheet for computing LCR

Assets Liabilities
Cash (C) 50 Stable retail deposits (D) 150
Reserves (R) 25 Less stable retail deposits (D) 150
Treasuries (T) 50 Unsecured wholesale funding (FY) 210
Government bonds (B€) 100 Interbank borrowings (B') 80
Corporate bonds (B€) 50 Central bank borrowings (B°) 50
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Table 2 (cont.). Illustrative balance sheet for computing LCR

Assets

Liabilities

Retail loans (A) 425

Equity (E) 60

Total 700

Total 700

The stock of HQLAs for LCR purposes is given by

AHOL=C+R+T +B° +min(0.85x BS,2/3x 7
x(C+R+T +B%)) =267.5.

The outflow of funds associated with the stress scena-
rio depends on the run-off rates specified in the LCR
rules for the different types of liabilities. Using @ to
denote the run-off rate for liabilities of type j and let-
ting O° = 10 denote contractual outflows, we have that

0 =0°SD’ +0°LD* + ®"UFY +®%IB' +
+@°CB¢ +0° =0.075%x150+0.15x150 + (8)
+0.75%210+1x80+0.25x 50+ 10 = 306.25,

where the run-off rate for stable retail deposits, less
stable retail deposits and unsecured whole sale fund-
ing are taken to be 7.5%, 15% and 75%, respectively.
Also, the run-off rate on overnight interbank borrow-
ing is 100 % and the run-off for secured transactions
with the central bank against non-HQLA is 25 %.
Assuming contractual inflows of 6, the expected nett
cash outflow is given by

0" =306.25-min(6, 0.75x267.5) =

©
=306.25 - min(6, 200.625) = 300.25. )
Hence, the LCR, C*, of the bank is given by
o 2075 891, (10)
300.25

As the LCR is below 100 %, this bank would need to
make changes to its balance sheet in order to comply
with the new liquidity standards.

The NSFR is the quotient of the amount of available
stable funding (ASF) and required stable funding
(RSF) over a 1-year stress period. Clearly, the objec-
tive of the NSFR is to reduce the maturity mismatch
between assets and liabilities with remaining contrac-
tual maturities of one year or more. Stable funding is
defined as the type of equity and liability financing
expected from reliable sources during a stress scena-
rio. It is important to note that in order to avoid re-
liance on Central Banks, funding from such banks are
not considered in the evaluation of the NSFR liquidity
standard. The ratio is defined as the available stable
funding (ASF) over required stable funding (RSF).
This standard is required to be greater than 100 % by
Basel 111 to ensure that the available funding meets the
required funding over the evaluated period. Thus, we
have that:

Available Stable Funding (ASF)

=>1. (11)
Required Stable Funding

NSFR =

ASF is defined as the total amount of bank capital,
preferred stock with maturity > 1 year, liabilities
with effective maturities > 1 year, demand deposits
and/or term deposits with maturities < 1 year and
wholesale funding with maturities < lyear. In order
to determine the actual ASF, the aforementioned
capital and liability types have to be multiplied by a
specific ASF factor assigned to each type. In the
ASF calculation, capital and hybrids, and liabilities
with a residual maturity of more than 1 year have a
100% weight, stable deposits and less stable deposits
are weighted by 90 and 80%, respectively. Wholesale
funding from non-financials is weighted by 50%; the
rest is not recognized as stable funding.

Required stable funding (RSF) is defined as the
weighted sum of the value of assets held and funded
by the bank multiplied by a specific RSF factor as-
signed to each particular asset type. The weights are
loosely linked to the run-off rates in the LCR: Cash,
Commercial Paper, bonds with a maturity of below 1
year and non renewable interbank loans receive a
weight of 0; government bonds (incl. Public Sector
Entities, multilateral development banks, European
Commission (EC), Bank for International Settle-
ments (BIS) and central banks as well as govern-
ment guaranteed debt) with aO%riskweight under
Base II are assigned a weight of 5%;corporate bond
sand covered bonds with a rating of AA- or better with
a residual maturity of one year or more have a 20%
weight; corporate bonds and covered bonds with a
rating of below AA- but at least A- and a residual
maturity of at least 1 year as well as loans to non-
financial corporates with a residual maturity less
than one year get a 50% weight; unencumbered
mortgages with a risk weight of up to 35% under
Basel I receive a 65% RSF weight; retail loans with
a residual maturity of less than 1 year get a 85%
weight; the rest a 100% weight.

As a second example, we compute the NSFR for Bank
B. This bank holds three types of assets, viz., cash,
government bonds and retail loans. Bank B funds
itself using a combination of stable and less stable
deposits, unsecured wholesale funding (non-financial
corporate with no operational relationship) and equity.
Table 3 presents the balance sheet item values.

13
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Table 3. Illustrative Balance Sheet for Computing NSFR

Assets Liabilities
Cash (C) 50 Stable retail deposits (DS) 150
Government bonds (B€) 100 Less stable retail deposits (D) 150
Retail loans (A) 425 Unsecured wholesale funding (FY) 210
Assets Liabilities
Equity (E) 65
Total 575 Total 575
The ASF, FAS, depends on the ASF factors specified R —g Ao e K" -E‘ e NN
in the NSFR rules for the different types of liabilities. " E+ R 1" E'+R E7+ R
Using @ to denote the ASF factor for liabilities of . o SIS . X p P N (16)
type j, we have that EF+R ~ E'+R  E'+R
F* =([)DSDx +¢DLDI + d)FUFU +@"E =0.85x (12) a’ _A’m —+a® _A’m ~AH! +0o’ .A‘m —AU/.
E"+ R/ E + R/ E" + R/

x150+0.70x150+0.50 x 210+ 1x 65=402.5,

where the ASF factors for stable retail deposits, less
stable retail deposits, unsecured wholesale funding
and equity are 85%, 70%, 50% and 100%, respec-
tively.

The RSF, FRS, relies on the factors given in the NSFR
specifications for the different asset types. Using ¥; to
denote the RSF factor for liabilities of type j, we have
that

F® =y C+y” B® +y*A=00x50+0.05x100+

(13)
+0.85%425=366.25,

where the RSF factors for cash, government bonds
and retail loans are 0%, 5% and 85%, respectively.
Hence, the NSFR, F**", of the bank is given by

402,5
FV=—— =11>1.

36625
As the NSFR is above 100%, Bank B complies
with the new liquidity standards.

(14)

2.2.2. Theoretical perspectives on bank failure. In
these subsection the authors discuss issues related
to the relationship between liquidity risk and bank
failures. In this regard, we estimate a discrete-time
hazard model, in which the conditional bank fail-
ure rate is linked to the insolvency and liquidity

i

risks. In this model, the log — hazard A, ,,, is speci-
fied as:
hti+l :ao + RtIJirl + RtLJril’ (15)

which consists of a constant «’, a component asso-
ciated with involvency risk R',, and a part attri-

t+1°

buted to liquidity risk, R,

It is well-known that variables affecting bank insol-
vency risk include capital adequacy, asset quality,
profitability and local economic conditions. In this
case, we specify the insolvency component as

14

The first component in (16) is the market valuation
component, #H—d% where # is the ratio
ES'+R; ) !
of the book value of a banks total assets, A", to the
sum of its tangible common equality, E“, and loan
and lease loss reserves, R'. Since the aforementioned
sum can be regarded as the affective capital of a bank,
% , is a measure of a leverage. Also, H—df , is the

E’ + R r,
ratio of ROA, 17/, to the market discount rate . We

expect the coefficient of the market valuation compo-
nent ', to be negative, with increases in ROA reduc-
ing the hazard, while an increase in the market dis-
count rate increases the hazard. The leverage term,

bi
lA’—, serves as an implifier for the effects of
E' +R
changesin 77/ and " .
Kbi N
The second component, ———— is the ratio of in-

t t

k" -Eg, to effective capital,
E’+ R, with the book value of capital, K’ and

tangible common equality, E . Beforehand, we have

tangible capital,

no r
. . A" ,. .
We expect ¢ associated with ———— AU/, the inte-
E'+ R,
raction term between the NPAR ratio and the change
in unemployment rates, AU/ , to be positive because a

high unemployment rate would increase the loss se-
verity.

The liquidity risk consists of two components. The
first is the idiosyncratic component that differentiates
between banks with strong and weak liquidity risk
management practice. For example, a bank with more
rigorous liquidity risk management is less exposed to
idiosyncratic risk. The second component is the mar-



ket-wide liquidity risk that affects every bank. For
example, a severe liquidity disruption in the market
could cause a shortage of funding for many banks. In
this case, the component attributed to liquidity risk is
specified as

RLi — alOOI.\' + a”CtRi + aleRi

1+1

an

The LIBOR-OISS, O, measures the market-wide
liquidity risk. We expect the coefficient on the LI-
BOR-OISS, &', to be positive, as a rise in the LI
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BOR-OISS would increase the market funding li-
quidity risk. The LCR and NSFR measure the idio-
syncratic liquidity risk. We expect the coefficient of
the LCR, &', to be negative, as banks with more lig-
uid assets are less likely to encounter liquidity difficul-
ties. Finally, the coefficient on the NSFR, a'l, is ex-
pected to be negative, as banks with more stable fund-
ing are less likely to run into funding problems. Subs-
tituting equations (16) and (17) into equation (15), we
obtain the equation

(18)

bi i bi ci i AP i si Ibi nnbi
i _ 0 1 At Ht ZKt _Et 3 AIV; 4 Sr’; 5 Xr 6 It
hf‘*'] =o+a E(‘i Ri di +a Eci i ci i a ci i +a ci i +a ci i +
. +R T S+ R E'+R E’+R E'+R E'+R
+a’ A —+0° A’ —AH, +0’ A —AU, +a"°0; +a"'C" + a*F",
E'+R E’+R E'+R

t 1
1 3 4 8 11 12 5 7 9 10
oo ,0 0,0 0 <000 0 0 <O.

2.2.3. Approximate value of liquidity risk measures.
We use extrapolation (and interpolation) techniques
to approximate LCR and NSFR with an acceptable
degree of accuracy.

In the first instance, calculating the LCR requires
information about liabilities with a remaining maturi-
ty of less than one month. However, the quarterly
data we use only reports information about liabilities
with a remaining maturity of less than three months.
So we have to extrapolate the liabilities with a re-
maining maturity of one month. There are two
approaches to doing this. Firstly, we can assume
the maturity schedule is evenly distributed, such
that the amount of liabilities with a remaining
maturity of less than one month equals one-third
of the amount of liabilities with a remaining ma-
turity within three months. This is the approach
adopted in this paper. Second, as a robustness
check, one can assume an extreme case such that
all liabilities with a remaining maturity within
three months mature within the first month. Se-
condly, the guidelines require dividing liabilities
into subcategories of retail deposits, unsecured whole-
sale funding, and secured funding with different run-
off rates. However, the information available from the
call report data lacks such granularity. In this case, we
have to make assumptions on the distribution of sub-
categories within their parent category. Without addi-
tional information, we generally assume equal distri-
bution of subcategories within the parent category.
Finally, except for unused commitments, letters of
credit, and the net fair value of derivatives, we do not
have the information required for calculating the li-
quidity needs of all OBS items, such as the increased
liquidity needs related to downgrade triggers embed-

ded in financing transactions, derivatives and other
contracts, etc. Our calculations of the LCR and
NSFR are partial measures that capture a bank’s
liquidity risk as reflected by both its on- and off-
balance sheet items.

2.2.4. Information value of liquidity risk measures.
Each of the aforementioned liquidity risk measures
(NPAR, ROA, LIBOR-OISS, BIITIKR, GSR, BDR,
LCR and NSFR) contains information on bank li-
quidity. It is to be expected that some measures are

less informative than others for the purpose of assess

ing such liquidity. In our case, we would like to know
how we can assess the rationality and effectiveness of
the measures’ used in the process of determining li-
quidity. For that purpose, we use the information value
(IV) criterion. We calculate the information value, V/,
of the aforementioned risk measures for predicting
bank failures in one year via the formula

19)

where p* and ¢* are probability distributions associated
with liquid and illiquid banks, respectively. In general,
our investigations will show that the information value
of the two approximate Basel III risk measures, LCR
and NSFR, are very low.

3. Liquidity risk measure dynamics

In this section, we provide liquidity risk measure plots
as well as LCR and NSFR shortfalls for Class I and 1T
banks.

3.1. Liquidity risk measure plots. Figure 1 plots the
LCR, NSFR, GSR and BDR for Class I and II banks.
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Fig. 1. LCR, NSFR, GSR and BDR for Class I and II banks

It shows that LCR and NSFR had been in down-
ward trends from 2002 through 2007. The average
LCR had risen sharply from 2007 to 2009 and peaked
in 2009. On the other hand, the average NSFR had
risen sharply from 2007 to 2010 and peaked in 2010.
The same figure presents the average GSR and BDR.
The GSR declined until 2008, when this trend
reversed. On the other hand, the average BDR had
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been in an upward trend from 2001 through 2008,
followed by a trend reversal. The general impres-
sion from Figure 1 is that the time series is non-
stationary.

Analogous to Figure 1, we can represent NPAR,
ROA, LIBOR-OISS and BIIT1KR for Class I and
II banks as follows.
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Fig. 2. NPAR, ROA, LIBOR-OISS and BIIT1KR for Class I and II banks

Figure 2 shows that the NPAR, ROA, LIBOR-OISS
and BIIT1KR for Class I and II banks had exhibited
varying behavior in the period from 2002 to 2007. The
NPAR had risen sharply from 2007 to 2009 and

16

peaked in 2009. On the other hand, the average NSFR
had risen sharply from 2007 to 2010 and peaked in
2010. The same figure presents the average GSR and
BDR. The GSR declined until 2008, when this trend



reversed. On the other hand, the average BDR had
been in an upward trend from 2001 through 2008,
followed by a trend reversal.
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3.2. LCR and NSFR shortfalls. In this subsection,
we report the LCR and NSFR shortfalls for Class 1
and II banks.
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Fig. 3. LCR and NSFR shortfalls for Class I and II banks

The BCBS issued the full text of the revised LCR in
[5] following endorsement by its governing 16
body, the Group of Central Bank Governors and
Heads of Supervision (GHOS). Specifically, the
LCR will be introduced as planned on January 1,
2015, but the minimum requirement will begin at
60%, rising in equal annual steps of 10% to reach
100% on Januaryl, 2019. This graduated approach
is designed to ensure that the LCR can be intro-
duced without disruption to the orderly strengthen-
ing of banking systems or the ongoing financing of
economic activity.

Table 4. Minimum LCR Requirements (2015-2019)

Years 2015 2016 2017 2018 2019

Minimum LCR
requirements

60% 70% 80% 90% 100%

To meet the standards, banks can scale back busi-
ness activities which are most vulnerable to a signifi-
cant short-term liquidity shock or by lengthening the
term of their funding beyond 30 days. Banks may
also increase their holdings of HQLAs. The GHOS

agreed that, during periods of stress it would be en-
tirely appropriate for banks to use their stock of
HQLA, thereby falling below the minimum. More-
over, it is the responsibility of bank supervisors to give
guidance on usability according to circumstances.

4. Liquidity risk measures and bank failure

In this section, we present the results and discussionof
liquidity risk measures and bank failure forboth Class
I and II banks.

4.1. Liquidity risk measure sensitivity for class I
and II banks. In this subsection, we examine the
sensitivity of the approximate liquidity risk measures
from Basel III. A risk measure is more risk sensitive
if it has higher predicting power of bank failures than
other variables. Therefore, we compare the predictive
power of different risk measures for predicting
bank failures within one year. To do this, we di-
vide each variable into 10 deciles and calculate its
information value for predicting bank failures in one
year. Table 5 reports the information value of 8 liquid-
ity risk measures.
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Table 5. Information values of liquidity risk measures for Class I and II banks

Rank Liquidity risk measure 4
1 NPAR (6.40507, 6.15319)
2 ROA (5.35271, 5.68749)
3 LIBOR-OISS (5.03623, 4.76481)
4 BIIT1KR (3.06038, 3.25412)
5 GSR (1.66051, 1.49787)
6 BDR (1.28143, 1.12909)
7 LCR (0.83371, 0.69743)
8 NSFR (0.38681, 0.49621)

As Table 5 has shown, the LCR and NSFR rank
very low in terms of risk sensitivity. In this regard,
their information values — (0.83371, 0.69743) and
(0.38681, 0.49621), respectively — are much lower than
those of the six traditional liquidity risk measures. The
Class I bank liquidity risk measures, NPAR, LIBOR-

OISS, GSR, BDR and LCR have information values
that are greater than their Class II counterparts.

4.2. Class I and II bank failure. From subsection 1.2,
we recall that the discrete-time hazard model — hereaf-
ter known as Model A that we will use to investigate
bank failure can be represented by:

. Abi Hi Kbi _ Eci Ai r/\i SirSi X Ibi Irmbi
hA;‘rl :a”+ al ci ' i di' ’ [(‘i [[ + a3 “_[ : i ) L‘il : i ’ ci : i + ‘ ci : i
E'+ R, 1, E/" + R, E/ + R, E/" + R, E/ + R, E/ + R,
Ani Ani ) Aui ) . ) (20)
7 t 8 t i 9 1 i 10 s 11 ~Ri 12 Ri
+a + AH, +o0 ————AU, +a O, +a C,"+a" F™,

EY + R EY+ R E“ + R

1 3 4 8 11 12 5 7 9 10
oo 0 0,0 ,a- <000 00,0 >0.

From this model we can derive Model B, Model C
and Model D where LCR and NSFR are excluded,
the LIBOR-OISS and liquidity risk is excluded,
respectively. In essence, this means that Models B

to D can be represented by the equations (21) and
(22), respectively. he bank failure rates for the 391
banks from 36 countries for 2002 to 2012 included
in our study are given in the table below.

hBiH :a0+ a[ .Alhi . ld; 5 Kl’”: _ E’(.-i 5 /.\.i’r’/\i ‘ . slir;si . as X/”)i . s {Inlzhi .
E'+R 1" E’+ R/ E" +R; E"+ R/ E"+ R/ E’+ R/
A'm' Ani . Ani ) ) )
ta =t T AH v’ AU +6°0; +a'CF + 0 FF 2D
ET+R  E+R TR,
o' o0t a6t 0 a? <00 a0, 0" > 0.
hcfn =a’+a' u‘A’M i H_d{ ’ K{Z: _E’:i a’ ?i’n/\i i ’ f:ir/Si i a’ j(/lbi T a’ jlmlbi Tt
E'+R E’ + R, E’ + R, ES + R, E’ + R, E" + R, (22)
A."i Am’ . Am' . . .
+o' ———+a* —"——AH + ¢’ ———AU +a"'C* +a"” F".
E + R/ E"+ R, E + R/
bi i bi ci i Ai i Si 1bi nnbi ni
P =a’+ a —.A‘ - H—d‘ : K’. E‘. +a’ /},C ¢ L‘g.‘r’ ’ X' —+a° {‘ —+a’ ‘A — +
ES+ R 1" ES + R} Ef + R} Ef + R} Ef + R} ES + R] Ef + R} (23)
+0(8 A—’AH; + 0!9 .—’.AUI'.
E/' + R, E/'+ R,
Table 6. Class I and Class II bank failures (2002-2012)
Quarter Total bank count TOt?I bank Bank failure rate Class | & 11 bank Clags &1l Class | & Il bank failure rate
failures count failures
02Q1 391 0 0.000 (157, 234) (0,0 (0.000, 0.000)
02Q2 391 1 0.003 (157, 234) ©,1) (0.000, 0.004)
02Q3 390 0 0.000 (157, 233) (0,0 (0.000, 0.000)
02Q4 390 0 0.000 (157, 233) (0,0 (0.000, 0.000)
03Q1 390 0 0.000 (157, 233) (0,0 (0.000, 0.000)
03Q2 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
03Q3 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
03Q4 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
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Table 6 (cont.). Class I and Class II bank failures (2002-2012)

Quarter Total bank count T?;ﬁlut:eagk Bank failure rate Classcloirlllt bank lei?IZrlegs( ! Class | & Il bank failure rate
04Q1 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
04Q2 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
04Q3 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
04Q4 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
05Q1 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
05Q2 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
05Q3 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
05Q4 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
06Q1 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
06Q2 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
06Q3 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
06Q4 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
07Q1 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
07Q2 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
07Q3 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
07Q4 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
08Q1 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
08Q2 390 0 0.000 (157, 233) (0,0) (0.000, 0.000)
08Q3 390 1 0.003 (157, 233) (0,1) (0.000, 0.004)
08Q4 389 2 0.005 (157, 232) (1,1) (0.006, 0.004)
09Q1 387 1 0.003 (156, 231) (0,1) (0.000, 0.004)
09Q2 386 2 0.005 (156, 230) (1,1) (0.006, 0.004)
09Q3 384 4 0.010 (155, 229) (1,3) (0.006, 0.013)
09Q4 380 4 0.010 (154, 226) (2,2) (0.013, 0.009)
10Q1 376 3 0.008 (152, 224) (1,2) (0.007, 0.009)
10Q2 373 2 0.005 (151, 222) (0,2) (0.000, 0.009)
10Q3 371 0 0.000 (151, 220) (0,0) (0.000, 0.000)
10Q4 371 0 0.000 (151, 220) (0,0) (0.000, 0.000)
11Q1 3n 0 0.000 (151, 220) (0,0) (0.000, 0.000)
11Q2 3n 1 0.003 (151, 220) (0,1) (0.000, 0.005)
11Q3 370 0 0.000 (151, 219) (0,0) (0.000, 0.000)
11Q4 370 0 0.000 (151, 219) (0,0) (0.000, 0.000)
12Q1 370 0 0.000 (151, 219) (0,0) (0.000, 0.000)
12Q2 370 1 0.003 (151, 219) (0,1) (0.000, 0.005)
12Q3 369 1 0.003 (151, 218) (0,1) (0.000, 0.005)
12Q4 368 0 0.000 (151, 217) (0,0) (0.000, 0.000)

From Table 6, we note that 6 Class I and 17 Class II banks failed in the period 2002 to 2012.
Table 7. Bank failure rate by decile for Class I and II banks

Decile LSR NSFR GSR BDR BIIT1KR NPAR ROA
0 (0.0030, 0.0030) | (0.0070,0.0070) | (0.0210,0.0210) C,) (0.0435,0.0435) | (0.0000,0.0000) | (0.0470,0.0470)
1 (0.0020,0.0020) | (0.0070,0.0070) | (0.0120,0.0120) C,) (0.0025,0.0025) | (0.0000,0.0000) | (0.0015,0.0015)
2 (0.0010,0.0010) | (0.0070,0.0070) | (0.0070, 0.0070) C.) (0.0015,0.0015) | (0.0007,0.0007) | (0.0005,0.0005)
3 (0.0030,0.0030) | (0.0090,0.0090) | (0.0050,0.0050) | (0.0015,0.0012) | (0.0015, 0.0015) | (0.0005,0.0005) | (0.0000, (0.0000)
4 (0.0020,0.0020) | (0.0060, 0.0060) | (0.0040, 0.0040) C,) (0.0010,0.0010) | (0.0000,0.0000) | (0.0000, 0.0000)
5 (0.0030, 0.0030) | (0.0040, 0.0040) | (0.0030, 0.0030) C,) (0.0005, 0.0005) | (0.0007,0.0007) | (0.0003,0.0003)
6 (0.0040, 0.0040) | (0.0040, 0.0040) | (0.0020,0.0020) | (0.0040,0.0040) | (0.0010,0.0010) | (0.0015,0.0015) | (0.0001, 0.0001)
7 (0.0060, 0.0060) | (0.0030,0.0030) | (0.0010,0.0010) | (0.0060, 0.0060) | (0.0000,0.0000) | (0.0010,0.0010) | (0.0005, 0.0005)
8 (0.0080, 0.0080) | (0.0020,0.0020) | (0.0010,0.0010) | (0.0115,0.0115) | (0.0000,0.0000) | (0.0015,0.0015) | (0.0003, 0.0003)
9 (0.0200,0.0200) | (0.0010,0.0010) | (0.0000,0.0000) | (0.0240, 0.0240) | (0.0000, 0.0000) | (0.0465,0.0465) | (0.0010, 0.0010)

Table 7 provides the bank failure rate by decile for
Class I and II banks in the case of the LCR, NSFR and
6 other liquidity risk measures. Both the LCR and
NSFR have very low discriminatory power. It is inter-

esting to note that, contrary to popular belief, the
higher LCR is associated with the higher bank failure
rate. This result is not surprising because of the fol-
lowing facts. Firstly, as we have seen in Figures 1
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and 2, the average LCR has risen sharply since
2007. Secondly, Table 8 shows that there have been
a large number of bank failures since 2007. As a
result, a higher LCR is associated with a higher
bank failure rate.

4.3. Estimating discrete-time hazard models for
Class I and II banks. In this subsection, we esti-
mate four discrete-time hazard models. The first
model is based on equation (18), which is the
benchmark model. We call it Model A. In Model B,
we exclude the LCR and NSFR from Model A but
keep the LIBOR-OISS. Therefore, we can estimate

the contribution of the LCR and NSFR for predicting
bank failures by comparing Models B and A. For
Model C, we exclude the LIBOR-OISS from Model
A but keep the LCR and NSFR. Comparison of
Models A and C allows us to measure the contribu-
tion of market-wide liquidity risk. Finally, Model D
excludes idiosyncratic and market-wide liquidity risk
measures (i.e., the LCR, NSFR and LIBOR-OISS).
The model statistics include the number of observa-
tions, N, Pseudo R2, AIC, BIC, Log Likelihood, AUC
Statistic, HL Statistic and HL. p-value. The estimation
results are reported in the following table.

Table 8. Models A to D estimation results for Class I and II banks

Model A Model B LSR & NSFR Model C LIBOR-OISS Model D liquidity risk
excluded excluded excluded
Panel A: Model statistics
N (2.978, 4.413) (2.978, 4.413) (2.978, 4.413) (2.978, 4.413)
Psuedo R2 (0.642, 0.645) (0.639, 0.635) (0.618, 0.620) (0.610, 0.609)
AIC (172.967, 173.5180) (175.113, 176.073) (183.980, 184.036) (188.973, 189.256)
BIC (184.877, 185.496) (186.347, 186.096) (197.678, 196.0993) (198.086, 199.773)
Log likelihood (-85.379, -85.557) (-87.657, -86.956) (-91.816, -91.433) (-83.886, -94.004)
AUC Statistic (0.9823, 0.9821) (0.9832, 0.9829) (0.9807, 0.9809) (0.9842, 0.9839)
HL Statistic (19.841, 19.983) (6.464, 6.089) (21.747, 20.947) (24.963, 25.072)
HL p-value (0.011,0.011) (0.063, 0.062) (0.007, 0.007) (0.002, 0.002)
Panel B: Parameter estimates
0 (-0.0138 ***, -0.0242 ***) (0.0023 ***, 0.0019 **) (-0.0230***, -0.0290**) (0.0002, 0.0010)
o ([0.003] [0.003]) ({0.0011], [0.0013]) ([0.0024], [0.0026]) ({0.0013], [0.0011])
. (-0.0918 ***, -0.0369 ***) (-0.0888 ***, -0.0354 ***) (-0.0900 ***, -0.0356 ***) (-0.0834 ***,-0.0332 ***)
@ ([0.010], [0.011]) ([0.009], [0.010]) ([0.008], [0.009]) ({0.0007], [0.0007])
» (0.0140, 0.0157) (0.0143 ***,0.0165 ***) (0.0131, 0.0127) (0.0134***,0.0144**)
@ ([0.0112], [0.111)) ({0.0087], [0.0086]) ([0.0117], [0.0116]) ({0.0013], [0.0011])
s (-0.0178, -0.0055) (-0.0218 ***, 0.0109 ***) (-0.0121, -0.0026) (-0.0205***, -0.0116™**)
a ([0.0218], [0.0221]) ([0.0203], [0.0205]) ([0.0216], [0.0219)) ({0.0197], [0.0200])
. (-0.0067, -0.0073) (2.978, 4.413) (0.0003, -0.0011) (0.0072, 0.0124)
o ([0.0039], [0.0034]) (2.978, 4.413) ([0.0053], [0.0056]) ([0.0055], [0.0066])
s (0.0993 ***, 0.5733 ***) (-0.0043 ***,0.0029) (0.1199***, 0.6088"**) (0.1069***, 0.9680**)
o ([0.0297],[ 0.0297]) ({0.0037], [0.0041]) ([0.0274], [0.0273)) ([0.0246], [0.0247))
6 (-0.1326 ***, -0.7184 ***) (-0.1095 ***, -0.9477 ***) (-0.1539 ***, -0.7255 ***) (-0.1054***, -1.0600***)
o ([0.0490], [0.0490]) ([0.0648], [0.0649]) ([0.0250], [0.0251]) ([0.0526], [0.0529])
; (0.0116 ***, 0.0185 ***) (0.0139 ***,0.0233 ***) (0.0113 ***,0.0144*) (0.0164***,0.0210**)
a ([0.0010], [0.0010]) ({0.0009], [0.00107) ([0.0009], [0.0009])) ({0.0008], [0.0009])
8 (0.0013 ***, 0.0006 ***) (0.0010 ***, 0.0002 ***) (0.0014, 0.000) (0.0009, -0.0007)
o ([0.0362], [0.1698]) ([0.1354], [0.1688]) ([0.1535], [0.1914])) ([0.1566], [0.1952])
0 (0.0001, 0.0005) (0.0002, 0.0006) (-0.0002, 0.0001) (-0.0002, 0.0001)
o ([0.0008], [0.0004]) ([0.0008], [0.0008]) ([0.0005], [0.00071)) ({0.0007], [0.0006])
" (0.0963 ***, 0.1036 ***) (0.1226 ***, 0.1243 ***)
a ([0.0091], [0.0092]) ({0.0095], [0.0094])
" (0.0024, 0.0015) (0.0062, 0.0046)
a ([0,0286], [0,0293]) ([0.0250], [0.0266]])
1 (0.0155 ***0.0260 ***) (0.0211***,0.0282***)
a ([0.0007], [0.00071) ([0.0008], [0.0008]])

As can be seen from Table 8, there are small differ-
ences in model statistics between Models A and B.
On the other hand, there are substantial differences
between Model A and C that excludes the market-
wide liquidity risk measures. Furthermore, the coeffi-
cient of LCR in Model A is positive and insignificant,
suggesting that the LCR has little predictive power of
bank failures. On the other hand, the coefficient of the
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LIBOR-OISS is statistically significant and positive,
which implies that market-wide liquidity risk is a sig-
nificant predictor of bank failures. Table 10 also pro-
vides information about ROC curves that measure
rank-ordering power for Models A to D. These ROC
curves are similar with Model D having the highest
AUC statistic. This statistic is represented by the area
under the ROC curves.



4.4. Observed and predicted bank failure rates
for Class I and II banks. Table 9 in the Appendix
provides information about the observed conditional
failure rate and predicted values from Models A to D
as well as the marginal contribution of the LCR and
NSFR approximate measures for Class I and II banks.
Also, Table 6 displays the observed one-year condi-
tional bank failure rates against the predicted values
from Models A to D. Columns 2, 3 and 4 display the
observed one-year conditional bank failure rates
against the predicted values from Model A and B,
which excludes the LCR and NSFR. The differences
between the predictions of Model A and B are negli-
gible. Since Model B excludes the approximate meas-
ures of the LCR and NSFR, the differences between
the predicted values of Model A and B measure the
marginal contribution of these approximate measures.
As can be seen, the predicted failure rates of Model A
and B are very similar, and both closely match the
observed failure rate. On the other hand, Table 9 also
displays the marginal contribution of the LIBOR-
OISS in predicting bank failures. Columns 2, 3 and 5
shows the observed one-year conditional bank failure
rates against the predicted values from Model A and
Model C, which excludes the LIBOR-OISS. The dif-
ferences between the predictions of these two models
are substantial for 2009 and 2010. As can be seen
from the aforementioned columns, there are signifi-
cant differences between the predicted failure rates of
Models A and C in 2009 and 2010. The predicted
failure rate of Model C is lower than that of Model A
in 2009, while it is higher than that of Model A in
2010. We offer the following explanation. First, by
looking at Table 9 again, we can see that the LIBOR-
OISS was extremely high in 2008 and was extremely
low in 2009. The former caused more banks to fail
in 2009. On the other hand, the extremely low LI-
BOR-OISS (perhaps because of central banks inter-
ventions) in 2009 helped reduce the number of bank
failures in 2010.

Columns 2, 3 and 6 in Table 9 display the observed
one-year conditional bank failure rates against the
predicted values from Model A and Model D that
excludes liquidity risk. The differences between the
predictions of these two models are substantial for
2009 and 2010. Because Model C excludes the LI-
BOR-OISS, the differences between the predicted
values of Models A and C measure the marginal
contribution of the LIBOR-OISS. Furthermore, as
can be seen from Table 9, the predicted values of
Models C and D are very close to each other, sug-
gesting that the LIBOR-OISS accounts for a majority
of the marginal contribution of liquidity risk. In
summary, the results of Table 9 suggest the LIBOR-
OISS was a major predictor of bank failures in 2009
and 2010. On the other hand, the approximate LCR
and NSFR measures had very little information value
in predicting bank failures.
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Conclusions, policy implications and
future directions

In this section, we draw the most important conclu-
sions arrived at in our analysis, consider policy im-
plications and suggest possible topics for future re-
search.

Conclusions about Basel III, liquidity and bank
failure. New Basel III banking regulation emphasiz-
es the liquidity risk measures LCR and NSFR. In this
paper, we approximated these measures by using
global banking data for 391 LIBOR-based banks in
36 countries for the period 2002 to 2012 (see [30]).
To the best of our knowledge, no prior studies have
attempted to approximate the LCR and NSFR using
global public data (see Question 1). In addition, we
compare the information values of LCR and NSFR to
traditional measures in terms of their power to pre-
dict bank failures. We find that the new liquidity
measures have relatively low information values
when compared with traditional liquidity risk meas-
ures, such as the NPAR, ROA, LIBOR-OISS, BI-
IT1KR, GSR and BDR (compare with Question 2).

An important result is that the higher LCR is asso-
ciated with the higher bank failure rate. If this result
is not caused by the inaccuracy of our approximate
LCR measure, it would imply that the LCR is poor in
predicting bank failures (see Question 3). Also, we
estimate a bank failure model that differentiates be-
tween idiosyncratic and market-wide liquidity risks.
We find that market-wide liquidity risk as encapsu-
lated by LIBOR-OISS was the major predictor of
bank failures in 2009 and 2010, while idiosyncratic
liquidity risk played only a minimal role. This finding
implies that an effective liquidity risk management
framework needs to target banks at both individual
and market-wide levels. This explanation provides an
answer to Question 4.

Because our study is based on EMERG global liquidi-
ty data (see [30]), we cannot directly compare our
results with those of the BCBS (see, in particular, [6],
[7] and [11]) and EBA (see, more specifically, [21]
and [22]). As was mentioned before, there are gaps
between the call report data and the data required for
calculating the new liquidity risk ratios. It is likely that
our results are less accurate. Nevertheless, our study
covers a relatively long period between 2002 and
2012, while the BCBS and EBA studies cover only
three reporting dates. Because the banks participating
in the BCBS studies are large international banks, they
tend to be more similar to each other. On the other
hand, there is more variation in our sample, which
includes more than 300 banks over a 10-year period.
The large sample size and the long sample period
allow us to perform additional analyses that cannot
be performed in the BCBS and EBA studies.
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There, clearly highlight a need for a better under-
standing of the business models and their evolutions.
For these reasons, more policy-oriented research and
monitoring is necessary to better align the regulatory
initiatives with the inherent risks of different models.

There appears to be consensus that no single tool or
measure would have prevented the financial crisis and
that an adequate policy response re-quires a mix of
macro- and micro-prudential policy tools. The LCR

and NSFR can be useful prudential tools, and can be
relatively easy to implement, for jurisdictions that
do not want to rely solely on risk-sensitive capital
requirements. Combining the LCR and NSFR
with Basel-type capital rules can reduce the risk
of depleted liquidity in banks. As the findings in
this paper showed, however, policy makers need
to be cognizant of the inherent limitations and
weaknesses of the LCR and NSFR.
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Appendix
Table 9. Observed and predicted bank failure rates for Class I and II banks (2002-2012)
Model A to D bank failures (2002-2012)
Observed bank Predicted bank failure rates
Parameter Failure rates Model A Model B Model C Model D
02Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
02Q2 (0.000, 0.004) (0.000, 0.004) (0.000, 0.004) (0.000, 0.004) (0.000, 0.004)
02Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
02Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
03Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
03Q2 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
03Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
0304 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
04Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
04Q2 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
04Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
04Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
05Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
05Q2 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
05Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
05Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
06Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
06Q2 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
06Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
06Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
07Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
07Q2 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
07Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
07Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
08Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
08Q2 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
08Q3 (0.000, 0.004) (0.000, 0.004) (0.000, 0.004) (0.000, 0.004) (0.000, 0.004)
08Q4 (0.008, 0.004) (0.008, 0.004) (0.006, 0.004) (0.003, 0.002) (0.003, 0.002)
09Q1 (0.000, 0.004) (0.000, 0.004) (0.000, 0.004) (0.000, 0.003) (0.000, 0.003)

Table 9 (cont.). Observed and predicted bank failure rates for Class I and II banks (2002-2012)
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Model A to D bank failures (2002-2012)

Observed bank Predicted bank failure rates
09Q2 (0.0086, 0.004) (0.0086, 0.004) (0.006, 0.004) (0.005, 0.003) (0.004, 0.003)
09Q3 (0.0086, 0.013) (0.0086, 0.013) (0.006, 0.013) (0.006, 0.013) (0.0086, 0.013)
09Q4 (0.013, 0.009) (0.013, 0.009) (0.013, 0.009) (0.014,0.010) (0.014,0.011)
10Q1 (0.007, 0.009) (0.007, 0.009) (0.007, 0.009) (0.008, 0.011) (0.0086, 0.010)
10Q2 (0.000, 0.009) (0.000, 0.009) (0.000, 0.009) (0.000, 0.010) (0.000, 0.010)
10Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.003, 0.004) (0.002, 0.003)
10Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.002, 0.003) (0.003, 0.004)
11Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
11Q2 (0.000, 0.005) (0.000, 0.005) (0.000, 0.005) (0.000, 0.007) (0.000, 0.006)
11Q3 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
11Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
12Q1 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)
12Q2 (0.000, 0.005) (0.000, 0.005) (0.000, 0.005) (0.000, 0.007) (0.000, 0.006)
12Q3 (0.000, 0.005) (0.000, 0.005) (0.000, 0.005) (0.000, 0.005) (0.000, 0.006)
12Q4 (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000) (0.000, 0.000)

24




	“Basel III, liquidity and bank failure”

