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Introduction 
• Leverage ratios were widely ignored before the subprime 

crisis but were in fact shown to be warnings of risk for 
many banks, whose risk adjusted ratios were favourable. 
Excessively optimistic ratings given to structured products, 
and also to excessive optimism built into credit risk models 
underlay this pattern 

• The leverage ratio in Basel III was accordingly introduced to 
complement the risk adjusted capital ratio (RAR). It can 
prevent excessive leverage building up both for individual 
institutions and for the system as a whole.  

• In this paper, we undertake empirical research that sheds 
light on the leverage ratio as a regulatory tool. We assess its 
effectiveness relative to the risk adjusted capital ratio (RAR) 
and the corresponding risk adjusted Tier 1 ratio in 
predicting bank risk given competition for up to 8216 banks 
in Europe and 1270 in the US, using the Fitch-Connect 
database of banks’ financial statements 

 





Literature review 
•



• Grill et al (2015)show a leverage ratio requirement incentivises banks 
bound by the constraint to slightly increase risk-taking, but this is more 
than outweighed by the increase in loss-absorbing capacity from higher 
capital, thus increasing bank stability.  

• Pfeifer et al (2015) show constraining effect of the leverage ratio on 
exposures is diminished unless it rises in line with the RAR when the 
latter is increased for macroprudential purposes.  

• Empirical work: Barrell et al (2009) looking at optimal capital show 
dynamics of bank capital buffers can affect lending and pricing of loans. 
Barrell et al (2010) indicates the aggregate leverage ratio is a key 
predictor of banking crises. Karim et al (2013) show the additional 
importance of Off Balance Sheet exposures.  

• Davis and Karim, (2018) 



• Ondo-Ndong and Rigot (2011) test for the effectiveness of a 
global aggregated leverage ratio (including investment 
banks) and find it a helpful empirical indicator of overall 
financial stress.  

• Yang (2016) looked at leverage and risk weighted capital as 
predictors in US bank failures, finding leverage was 
important for both large and small banks but that risk 
adjusted capital was not significant for large banks. 
Contrasts to Haldane and Madouros (2012) who found the 
RAR a superior failure predictor to the leverage ratio. 

• Hambusch and Shaffer (2012) sought to forecast bank 
leverage as an alternative tool for assessing the likelihood 



• Diverse results of empirical studies of the relation of capital 
and risk – the other basis of our own work - justify differing 
hypotheses on the relation of capital to risk. 

• According to “skin in the game”, it would be expected that a 
higher capital ratio would be consistent with lower risk as bank 
managers become prudent and wiser in their investment 
choices (Bitar et al 2018). Banks hold higher capital to resist 
earnings shocks and to be able to repay deposits as requested, 



 

• As a response, regulators may require banks to hold more 
capital to reduce moral hazard and ensure capital is 
commensurate with risks. Hence the “regulatory hypothesis” 
would suggest that regulators require higher capital in response 
to higher risk, and so a positive relation of capital to risk would 
be expected (Iannotta et al (2007), Bitar et al (2018)).  

• Alternatively, such a positive relation could be explained by 
agency issues in banks with high capital, such that there may be 
an “outsider equity effect” with managers taking risks or being 
less active in screening at the expense of shareholders. 

• A third possibility is a zero effect; ineffectiveness of risk 
adjusted measures may relate to untruthful assessment of bank 
real risk exposure.  

• We comment that leverage ratios are intrinsically related to risk, 
since they show the overall debt/equity ratio of the bank; on 
the other hand, if risk adjustment is done properly, then risk 
adjusted measures will have a weaker relation to risk, 
depending on whether the authorities choose to enforce higher 
risk adjusted ratios for risky banks (or managers choose such 
higher ratios independently). 
 



Methodology 

• We have data on 8216 banks in the EU and 1270 in the 
US, over 1998-2016, using the Fitch-Connect database 



• wit is a three-dimensional vector of factor prices the 
log of the ratio of interest expense to total debt 
funding, IED; the log of the ratio of personnel expenses 
to total assets, PTA; and the log of the ratio of other 
costs as a proportion of fixed assets, OCF.  

• Then H = Σαj H = 1 perfect competition, H 0 to 1 
imperfect competition, H below 0 monopoly 

• Xit is a vector of exogenous and bank-specific variables 
that may shift the cost and revenue schedule (business 
mix). N = 4: the log of loans as a proportion of assets, 
(LAR), showing credit risk; the log of the ratio of other 
non-earning assets to total assets (OTA), reflecting 
asset composition; the log of customer deposits as a 
proportion of deposits plus money market liabilities 
(CDT), showing liquidity risk; and the log of equity to 
total assets (LEVERAGE), showing leverage and hence 
risk preferences. 
 



• The Lerner index can be seen as proxy for current and 
future profits stemming from pricing power, and unlike 
H it varies that the level of the individual bank. To 
obtain it, we first estimate a translog cost function 
(appended), with the following input prices: 

• W1it is the ratio of interest expenses to the sum of total 
deposits and money market funding (IES); W2it is 
measured as personnel expenses divided by total 
assets (PTA); and W3it is the ratio of other operating 
expenses to fixed assets (OCF). We have time fixed 
effects. 

• The Lerner index for each bank–year is  
• Lernerit = (Pit – MCit)/Pit                                                   
• where Pit is the price of assets and is equal to the ratio 

of total revenue to total assets and MCit is derived from 
the restricted translog cost function as described in the 
Appendix. 
 





• Control variables (capital) 
– the leverage ratio of equity to assets,  
– the total regulatory capital/risk adjusted assets  
– the Tier 1 regulatory capital ratio (with equity only in the numerator) 

• Control variables (competition) 
– H and LERNER are entered as a first difference, second and third lag to enable 

short and long run effects to be distinguished.  
– The first difference of LERNER is instrumented by first and second lags of 

itself to reduce simultaneity (since the margin is related to the return on 
assets that enters the Z-score). 

• Other control variables similar to Beck et al (2013) and Davis and Karim (2018) 
– NONINTSH (share of noninterest income in the total) 
–  CDT (ratio of customer deposits to total short term funding),  
– PII (provisions to net interest income ratio) except for provisions equation 
– LAR (loans as a proportion of assets)  
– log of total assets and its first difference.  

• Estimation: We use panel OLS, estimated again using the within estimator and 
pooled FGLS, with year fixed effects and White’s cross-sectional standard errors 
and covariance (corrected for degrees of freedom) as in Davis and Karim (2018). 
Other than competition, all variables are entered as 1-year lags to assess 
indicator properties and reduce the risk of simultaneity. Variables winsorised at 
99% except H for Europe (95%) 
 



Statistical properties of capital ratios 
and competition measures 

 
 

 US Europe 

 LEV TOT TIER LEV TOT TIER 

 US Europe 

 H statistic Lerner index H statistic Lerner index 

 Mean -0.25  0.239  0.121  0.211 

 Median -0.465  0.246  0.313  0.214 

 Maximum  0.758  0.551  1.47  0.567 

 Minimum -1.188 -0.376 -2.169 -0.397 

 Std. Dev.  0.549  0.141  0.973  0.135 

 Observations  24130  13491  149354  72381 

 



Equations for Z score/H statistic 

 
Z SCORE US Europe 

Variable Coefficient t-Statistic Coefficient t-Statistic 

C 3.47 9.1 3.5 17.6 

DH_Q95 (Europe) Q99 (US) 0.052 0.4 0.0029 0.1 

H99_ Q95 (-2) (Europe) Q99 (US) -0.22 -1.6 0.088 3.6 



Equations for Z score/Lerner index 

 





Capital on risk in subsamples 

 

Measure US: H statistic US: Lerner index Europe: H statistic Europe: Lerner index 



Country assessment of capital effects 
(Dependent: log Z Score) 

 
Z-Score H statistic   Lerner index   



Competition measures with capital 

 



Conclusions 

• Using annual data for a sizeable range of banks in Europe and the US 
over 1998-2016 using the Fitch-Connect database, we have found that 
capital ratios are consistently significant as predictors of risk, but the 



Deriving marginal costs from translog 
equation 

• log(Cit) = α + β1log(TAit) + β2(log(TAit))2 + 
β3log(W1,it) + β4log(W2,it) + 
β5log(W3,it)+β6log(TAit)log(W1,it) + 
β7log(TAit)log(W2,it) + β8log(TAit)log(W3,it)+ 
β9(log(W1,it))2 + β10(log(W2,it))2 + β11(log(W3,it)) 2 + 
β12log(W1,it) log(W2,it)+ β13log(W1,it) log(W3,it) + 
β14log(W2,it)log(W3,it) + ΘYear Dummies + εit 

• Cit is total costs and TAit is the quantity of output 
and is measured as total assets, W are as 
described above. 



•  Having estimated this equation, we impose the 
following restrictions to ensure homogeneity of 
degree one in input prices: 

• β3 + β4 + β5 = 1;  β6 + β7 + β8 = 0;  β9 + β12 + β13 = 
0;  β10 + β12 + β14 = 0;  β11 + β13 + β14 = 0 

• We then use the coefficient estimates from the 
previous regression to estimate the marginal 
costs for bank i in calendar year t: 

• MCit = δCit/δTAit = Cit/TAit × [β1 + 2×β2×log(TAit) + 
β6×log(W1,it) + β7×log(W2,it) + β8×log(W3,it)] 

 


