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1 Systemic Risk

Systemic risk has some universally accepted characteristics:1 It is a risk that has (i) a large
impact, (ii) is widespread, and (iii) creates a ripple effect that endangers the viability of the
economic system.

Systemic risk is an attribute of the economic system and not that of a single entity. Its
measurement should have two important features: (a) Quantifiability: It must be measurable
on an on-going basis. (b) Decomposability: Aggregate system-wide risk may be broken down
into risk contributions from all financial entities in the system. Financial instituions (FIs)
that have large risk contributions to aggregate systemic risk may be deemed “systemically
important.”

The Dodd-Frank Act of 2010, and Basel III regulations charaterize a systemically risky FI
as one that is (a) large, (b) complex, (c) interconnected, and (d) critical, i.e., provides hard
to substitute services to the economy. Failure of such an institution is potentially disruptive
to the financial system. The DFA does not offer quantification specifics.

I propose a metric for systemic risk that has both the attributes of system risk, captures
the features of SIFIs, and is consistent with the three universal characteristics of systemic
risk.2

2 Framework

I propose a system-wide score across n entities that incorporates (i) the credit quality of
each FI, denoted C = [C1, C2, ..., Cn]> ≥ 0, where increasing Ci denotes poorer firm qual-
ity, and (ii) the interconnectedness of these FIs, represented by a network adjacency matrix
E ∈ Rn×n, where element Eij ∈ [0, 1], Eii = 1 represents a directed network where Eij is the
influence of one FI on another. We note that size and complexity of an FI j impacts both
Cj and its network {Eij, Eji}, which captures its interconectedness and importance.

Definition: The aggregate systemic risk score is

S(C,E) =
√
C>E C (1)

Scalar S is a function of the compromise level vector C for all nodes and the connec-
tions between nodes, given by adjacency matrix E.

1See the brief discussion of some literature in Section 4.
2Details of this metric are availale in Das (2015). The proposal in this paper draws from this research

article.
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Figure 1: Network of banks in India and Risk Decomposition, December 3, 2015.

The function S(C,E) has useful mathematical properties. First, when any element of
C increases, the score S also increases. Second, an increase in FI dependence from an
increase in any Eij also raises S, as it should. Third, since all numbers in the C vector
and E matrix are positive, E is positive definite, and the value of S remains positive as
well. Fourth, the metric is analogous to portfolio return standard deviation, where we have
replaced portfolio weights with C and the covariance matrix of returns with E. The pre-
and post-multiplication of the adjacency matrix E with the credit score vector C ensures
that we obtain a scalar quantity. Finally, and most important, S is linear homogenous in C,
and this supports decomposing the aggregate risk score into contributions from each FI.

Definition: Decomposition of the aggregate network risk score S into each node’s
individual risk contribution Di = ∂S

∂Ci
Ci, i = 1, 2, ..., n, such that

S =
∂S

∂C1

C1 +
∂S

∂C2

C2 + . . .+
∂S

∂Cn

Cn (2)

This decomposition formula is the result of applying Euler’s theorem3 to the function
S(C,E).The individual risk contributions sum up to the total systemic score S.

3 Implementation

Definition of a SIFI: Regulators may use the score S to detect when the financial system is
under stress, and use a cut-off level K to define a SIFI as any FI i whose risk contribution
exceeds the cut off, i.e., Di = ∂S

∂Ci
Ci > K.

I implemented the model in India, with support from the Reserve Bank of India. The
vector C was populated from credit ratings that were converted from letter grades into
integer scores. The adjacency matrix E was created using stock returns of the FIs using
the Granger causality approach in Billio, Getmansky, Lo, and Pelizzon (2012). The data

3Euler’s theorem states that if a function f(x),x ∈ Rn is homogenous of degree 1, then it may be written
equivalently as

∑n
i=1

∂f
∂xi

xi.
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was back-filled to 2008 and is now populated daily to provide an ongoing real-time series of
systemic risk. The metrics described here are produced daily. More details are presented
in Das (2015), and for illustration Figure 1 in this proposal shows the network, systemic
score S, and risk decomposition D. The metric is therefore easy to implement and offers a
real-time systemic risk management tool for regulators. Section 5 below provides additional
systemic risk measures that are based on and supplement S and D = {Di}i,∀i.

4 Other Systemic Risk Measures in the Literature

There is a growing literature with related systemic risk measures. Not all may be used
to define SIFIs. An important paper is Billio, Getmansky, Lo, and Pelizzon (2012); they
construct network maps and develop network measures of systemic risk. Joint tail risk is
also used as a systemic risk measure, in the CoVaR metric of Adrian and Brunnermeier
(2010). The SES (systemic expected shortfall) measure of Acharya, Pedersen, Philippon,
and Richardson (2011) uses tail risk for a financial institution when the aggregate system
is under stress, and is similar to the DIP (distressed insurance premium) metric of Huang,
Zhou, and Zhu (2011). Kritzman, Li, Page, and Rigobon (2011) develop the Absorption
Ratio (AR), defining systemic risk as higher when the comovement of returns of assets in
a principal components analysis becomes concentrated in a single factor. A modification
of this approach by Reyngold, Shnyra, and Stein (2013) denoted Credit Absorption Ratio
(CAR) extends AR to default risk data. And Carciente, Kenett, Avakia, Stanley, and Havlin
(2015) undertake systemic stress testing using a bipartite graph of financial institutions and
assets.

My systemic risk score differs from these related papers in some aspects. First, it is
general and can be used with any measure of interconnectedness, not just stock return
correlations. For example, the network of interbank transactions (FX, CDS, loans, etc.)
may be used (see Burdick et al (2011)), as might be the network generated from Granger
causality analysis in Billio, Getmansky, Lo, and Pelizzon (2012); and Billio, Getmansky,
Gray, Lo, Merton, and Pelizzon (2014). Second, the measure clearly demarcates two aspects
of overall risk: compromise level (C) and connectivity (E) across nodes. Third, similar to
a suggestion in Acharya, Pedersen, Philippon, and Richardson (2011), it is decomposable
additively into individual contributions to systemic risk, enabling identification and taxing
of SIFIs.

5 Supplemetary Systemic Risk Metrics

The primary risk score S and its decomposition
∑n

i=1 = ∂S
∂Ci

Ci in my framework may be
supplemented with other metrics that are related to systemic risk, and may be used to
construct a multi-attribute characterization of a SIFI.

1. Eigenvalue centrality is the normalized principal eigenvector x ∈ Rn, that for scalar λ,
satisfies the eigensystem λ x = E x. This measure identifies influential FIs.

2. Criticality is compromise-weighted centrality. This new measure is defined as y = C×x
where y,C,x ∈ Rn. Note that this is an element-wise multiplication of vectors C and
x. This measure combines centrality and FI quality to give an individual contribution
score.

3. Risk Increment is the change in the aggregate network risk score S when the compro-
mise score Ci of an asset changes, i.e., Ii = ∂S

∂Ci
. The vector of risk increments is easily

computed altogether: I = ∂S
∂C

= 1
2S

[EC + E>C] ∈ Rn.
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6 Concluding Comments

The main metric S and its decomposition vector D presented in Section 2 are easy to imple-
ment. These provide the foundation for determining which firms are SIFIs. By enhancing
these metrics with supplementary metrics in Section 5 a dashboard for managing SIFIs is
feasible. This has been shown with an implementation in India. I am in the process of
building a similar system for the US, Canada, and Europe, and the data gathering for these
metrics and their backfitting over the past decade is now underway.

Notes: A more extensive version of the model is in the background paper, downloadable
here: http://algo.scu.edu/~sanjivdas/risknet.pdf
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