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Introduction

The supervision of globally systemically important financial institutions (G-SIFIs) is a major pillar, along with leverage and liquidity ratios and countercyclical buffers, of the post-crisis banking regulation. As of 2016, the financial institutions that contribute the most to the risk of the financial system will be subject to more intense supervision and have to maintain higher regulatory capital. According to the latest draft released by the Basel Committee on Banking Supervision (BCBS, 2013), the additional capital requirement will range between 1 and 3.5% of risk-weighted assets, depending on the bank's scores of systemic importance. [START_REF]Update of group of global systemically important banks[END_REF] According to Fitch (2012), the 29 G-SIFIs would need to raise $566 billion in extra capital, which represents a 23% increase relative to the banks' aggregate regulatory capital (see Appendix 1 for the latest list of G-SIFIs).

The scoring methodology developed by the BCBS is both simple and intuitive. It aggregates information about five broad categories of systemic importance: size, cross-jurisdictional activity, interconnectedness, substitutability/financial institution infrastructure, and complexity. [START_REF] Fitch | Basel III: Return and deleveraging pressures[END_REF] In order not to favor any particular facet of systemic risk, the BCBS aims to give an equal weight to each input (see BCBS, 2013, page 5):

"The methodology gives an equal weight of 20% to each of the five categories of systemic importance".

To meet this objective, the original data are transformed as follows (page 6):

"For each bank, the score for a particular indicator is calculated by dividing the individual bank amount (expressed in EUR) by the aggregate amount for the indicator summed across all banks in the sample. This amount is then multiplied by 10,000 to express the indicator score in terms of basis points.

For example, if a bank's size divided by the total size of all banks in the sample is 0.03 (ie the bank makes up 3% of the sample total) its score will be expressed as 300 basis points. Each category score for each bank is determined by taking a simple average of the indicator scores in that category. The overall score for each bank is then calculated by taking a simple average of its five category scores. The maximum total score, ie the score that a bank would have if it were the only bank in sample, is 10,000 basis points (ie 100%)."
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We show in this note that the relative importance of the five categories may not be equal and that the resulting systemic risk score will be mechanically dominated by the most volatile categories. As a result, the scores, the ranking of banks, and in turn, their extra capital buffer, will be driven by a subset of variables only, i.e., the most volatile ones, which seems inconsistent with the original intention of the BCBS to give equal weight to each input.

The documented bias is likely to have severe implications in practice. Indeed, the BCBS acknowledges that some variables have an abnormally high influence on the value of the systemic risk score. On page 6, the Committee states that:

"The Committee has analysed the application of the scoring methodology described above to three years of data supplied by banks. It has found that, relative to the other categories that make up the G-SIB framework, the substitutability category has a greater impact on the assessment of systemic importance than the Committee intended for banks that are dominant in the provision of payment, underwriting and asset custody services. Therefore, the Committee has decided to apply a cap to the substitutability category score."

The truncation of some inputs is a crude and had hoc way of reducing the influence of the most volatile variables. Instead, we suggest a slightly modified formula that prevents any category to play a dominant role in the computation of the score. The adjustment we suggest is to scale it by its cross-sectional standard deviation prior to the calculation of the score. This simple modification guarantees that each input contributes equally to the systemic risk score.

The rest of this note is structured as follows. We explain and document the bias in Section 2 and suggest a way to correct it in Section 3. We summarize and conclude this note in Section 4.

Why the Systemic Risk Scores can be Biased?

Each bank i, for i = 1,…,N, is characterized by K inputs or categories denoted X i1 ,…,X iK . The systemic risk score for bank i, denoted S i , is then defined as a weighted sum of these K inputs:

ij j K j i x w S    1 (1) 
where w j corresponds to the weight (common to all banks) of input j in the systemic risk score, and

100 / 1     ij N i ij ij X X x
corresponds to the relative value (in percentage) of input j for bank i. Note that all ij x , for j = 1,…,K, have the same empirical mean.

Currently, the BCBS considers K = 5 inputs, namely the bank's size, cross-jurisdictional activity, interconnectedness, substitutability/financial institution infrastructure, and complexity. In order to give the same importance to each of these categories, the Committee considers an equally weighted index with w j = 1 / K. This assumption is justified by the fact that all inputs have the same importance in the score: an increase of 10% of a given input can be offset by a decrease of 10% of another input.

However, this assumption becomes problematic when the cross-sectional variances of the inputs are different. In such a case, a 10% increase of a given input does not represent the same signal if the factor has a variance of 1 or a variance of 100. One implication of this situation is that the ranking issued from the systemic risk score will be mainly driven by the most volatile categories. [START_REF] Gagliardini | Positional Portfolio Management[END_REF] To illustrate this point, let us assume that the K inputs are independently distributed with a common mean but have different cross-sectional variances. For simplicity, we assume that the inputs are generated by:

i j ij u a X    (2) 
where  > 0, u i is an i.i.d. uniform variable on [-1,1] and . j 10 a j × = Note that by definition, var(u i )=1/3.

In this simple example, the K inputs have a mean equal to but var(X K )>...> var(X 1 ) since var(X j ) = (100/3)× j 2 . By simulation, we generate a series of realizations for X ij , x ij , and S i , and then compare (1) the firms' ranking based on the equally weighted systemic risk score to (2) the firms' ranking based on each of the K inputs. In accordance with BCBS (2013), we use K=5 inputs and N=75 banks. 5

Figure 1 displays the average rank correlations (Spearman) measured between the ranking based on S i and the input j. The average rank correlations are based on 1,000 simulations. We can verify that the correlation increases with the variance of the input: the higher the volatility of the input, the more similar are the rankings based on the score and the input. 6 The fact that the systemic risk scores are distorted by the most volatile inputs comes in violation of the Committee's intention to give all inputs equal weights. The high sensitivity of the scores with respect to volatility seems to be an unintended consequence of the current methodology. The sample comprises the 75 largest global banks based on their total exposures as defined for use in the Basel III leverage ratio (BCBS, 2013). 6 We obtain similar results when we allow the K inputs to have different means ( j ). 

A Potential Correction

We show in this section how to remove the above-mentioned bias. One simple correction consists in standardizing the variables that enter in the definition of the index by their volatility. In that case, the systemic risk score becomes:

    K j j ij j i x w S 1 ~ (3) where   ij j x var 2 
 corresponds to the cross-sectional variance of input j. Note that the rest of the formula remains unchanged. In particular the weight of each input is still equal to w j = 1 / K. Figure 2 displays the corresponding average rank correlations (obtained for 1,000 simulations) between the rankings based on the modified score i S ~ and the initial inputs X j . The suggested correction guarantees that each input contributes equally to the systemic risk score as desired by the BCBS. 

Conclusion

The purpose of this note is twofold. First, it aims to show that the methodology for computing systemic risk scores proposed by the BCBS (2013) can be biased towards the most volatile categories. Second, it suggests a simple modification of the current methodology that corrects for this bias.

The slightly modified formula proposed in this note is as simple as the one currently advocated by the Committee, but it is robust to the presence of highly volatile variables and it always guarantees that all categories contribute equally to the systemic risk score.
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Based on their systemic risk score, banks are allocated into buckets. There are four populated equally sized buckets (1 to 4), with an additional empty bucket (5) with a higher loss absorbency requirement of

3.5% of riskweighted assets to provide an incentive against banks further increasing their systemic importance. Any bank with a score lower than the cutoff level of the first bucket is classified as non-systemically important and faces no additional capital charge.[START_REF] Fitch | Basel III: Return and deleveraging pressures[END_REF] As shown in the Appendix 2, most categories are then divided into two or three sub-categories.

For an in-depth discussion of score aggregation techniques in finance, see for instance Gagliardini, Gourieroux and Rubin (2013).