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Plan of the Talk

� Background on Interbank Network Modelling

� Part I: A bipartite model of bank-firm 
interaction

� Part II: A dynamic model of link formation in 
a banking system with liquidity shocks

– Endogenous formation of a core-periphery structure

– The role of interest rate heterogeneity



The importance of the network aspect

• Failure of individual bank poses risk to further financial 
institutions and even the economy as a whole (domino 
effects, systemic risk)

• -> banking system as network where each node 
represents a bank and each link represents a lending 
relationship

• knowledge is required about the structure of the 
interbank market (mapping the financial system) 

• … and on the role of particular institutions  (systemic 
importance)

• … and the role of various channels of contagion



Existing Literature

• Starting a few years before the crisis: 
Network studies of interbank data in the 
style of natural sciences
– Germany: Upper and Worms (2004)

– Austria: Boss et al. (2004)

– US Fedwire network: Soramäki et al. (2006), May et al. 
(2008)

– Italian e-MID data: de Masi et al. (2006), Iori et al. 
(2008), etc.

• Simulations of interbank contagion:
– Nier et al. (2008), May and Arinaminpathy (2010) etc.



Snapshot of 
the e-MID 
network at 
2010/4

Triangles: 
foreign banks 
(20)

Dots: Italian 
banks (89)

Size and 
brightness 
indicate size as 
lender

Typical Interbank Network



Insights from recent literature
(various papers with K. Finger and D. Fricke on e-MID)

• What format of data to use? Interbank relations 
aggregated over longer horizons (from monthly) 
provide for much more stable statistics than high-
frequency data

• Disassortative mixing: high-degree nodes are more 
likely to have associations with low-degree nodes 

• A core-periphery structure provides a better fit than 
alternative network models

• Distribution of links does not correspond to the 
scale-free ideal

• Standard network formation models cannot 
reproduce the entirety of statistical findings



Multiple Layers of Contagion Effects

• Interbank credit (since Nieret al. (2008) basic 
module of all interbank network models)

• Funding risk (Halaj and Kok, 2013)

• Portfolio overlaps and valuation effects 
(Huang et al., 2012, Montagna and Kok, 2013)

• Joint exposures via loans to same counterparty 

• Joint exposure via derivatives

New Features: Bipartite or tripartite network 
structures



What do we know about the firm-bank credit 
network?

• Banks typically have more links and a broader link 
distribution than firms

• From Italian data: mean degree of firms = 1.8, for 
banks = 149, maxima are 15 and 6699, respectively

• While not monotonic, there is a tendency of the no. of 
links to increase with size for both banks and firms



Large banks have more credit links



Furthermore: Realistic distribution of balance sheet size, N = 50
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Modelling the Firm-Bank Network

• Matrix M contains credit extended from bank i
to firm j

• To capture size dependence and heterogeneity, 
we draw the number of links per bank and firm 
via Poisson distributions with size-dependent 
parameter

• Normalization so that averages for banks and 
firm are in harmony with empirical findings

• Links are then matched randomly
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A bipartite network 
of firm and bank 
connections, 
Nb = 20, Nf = 200
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The resulting 
connections between 
banks via joint 
exposures, given by 
M MT



The resulting 
connections between 
firms via joint 
exposures, given by 
MTM



Degree distributions of firms and banks



Application: We now consider as external 
shocks the failure of a specific company

• Nb = 250, Nf = 10,000

• Default contagion plus interbank knock-on effects and 
feedback to firms via funding risk

• … leads to huge heterogeneity of no. of defaults

• Almost uncorrelated to size of firm, but dependent on exact 
position in the network

Size of 
firm

# defaults of banks

All firms have at 
least one 
connection to a 
bank



also independent of no. of links

# of credit 
links of 
firms

# defaults of banks

fraction of 
breakdowns

Pareto index



Role of Capitalization

fraction of 
defaults

capitalization

Mean and maximum 
fraction of defaults over all 
sources of shocks (i.e., 
firms)

capitalization



Frac. of 
defaults

Mean and maximum no. of defaults over all sources of 
shocks (i.e., firms)

Fraction of interbank exposures

Similar: Role of Interbank Exposures



Part II: Towards Dynamics
- Some empirical results -

Networks constructed from overnight credit contracts 
display some stylized facts:

• Dissassortativity

• Proximity to core-periphery structure

• Pronounced asymmetry between all statistics for in-
versus out-activity

• Strong persistence (Jaccard index)

• Large banks mostly have high centrality

• Large banks are mostly net lenders



Most trades are buyer initiated



A very simple dynamic model

• Ensemble of banks with power-law 
distribution of balance sheet size

• Simple balance sheet structures 

• Banks are facing liquidity shocks that are 
mean-reverting and have mean zero

• Liquidity is reallocated in the system through 
borrower-initiated trades in interbank market

• Banks decide about potential lender via a trust 
function depending on past experience



The basic framework: Banks‘ balance sheet structure



A few book keeping conventions

• Bank’s assets consist of external assets, interbank loans
and liquidity:

• Liabilities consist of inter-bank borrowing, deposits and
net worth

• Initially, we impose:
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Dynamic evolution

• Banks are hit in every period by liquidity shocks:

• …mean-reverting to bank-specific mean, with bank-specific size
of randomshock

• If shock <0: bank asks for credit at other banks choosing creditor
according to a „trust“ function

• If shock >0: credit is paid back; if no credit remaining, liquidity
increases
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Dynamic evolution     …ct’d

Trust function: Matrix Tij with entries in range (0,1)

• Banks contact partners with highest trust value

• If credit is granted: trust increases; it decreases if credit is
declined (reinforcement learning)

• In this minimal model: credit is declined only if liquidity of
creditor bank is belowa certain lower threshold:

• Note: nothing is happening in this simple model to external assets
and net worth of banks!
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Results: The system converges to a statistical equilibrium

Underlying parameters are: a = 5, b = 100, α = 2, N = 25 and 
250, θ = 0.8, γ = 0.08, β = 0.5, σi ~ 0.025 Ai, ϑ = 0.04





Endogeneous Money and Liquidity, N = 250

The total balance sheet size across the banking sector is 
endogeneous and increases due to intensifying interbank credit 
links (starting from a situation without interbank market)



Typical asymmetry: many banks have zero out-links, but some 
have relatively many,

distribution of in-links much more narrow



Larger banks are net lender, smaller banks are net borrowers,

Despite symmetric shocks!



Development of Network Structure

t = 100 t = 10000t = 5000

Development of core-periphery structure as documented by Craig/ von Peters, 
Fricke/Lux and Lelyfeld/in`t Veld



Development of Network Structure

t = 100 t = 10000t = 5000

Development of core-periphery structure as documented by Craig/ von Peters, 
Fricke/Lux and Lelyfeld/in`t Veld



Assortativity

N ∆t = 
250

500 1000

α = 2.0 50 0.032 0.198 0.176 

100 0.206 0.205 0.282

250 0.337 0.253 0.175

α = 1.2 50 0.037 0.236 0.284 

100 0.139 0.170 0.246 

250 0.399 0.277 0.247



Density under different levels of size heterogeneity



Correlation between Size and 
Centrality

N ∆t = 1000 500 250

α = 1.2 250 0.898 0.868 0.844 

100 0.880 0.788 0.793

50 0.857 0.879 0.800

α = 2.0 250 0.838 0.758 0.763

100 0.738 0.773 0.710 

50 0.726 0.803 0.729



Size versus centrality



Temporal development of Jaccard 
index, N =  250



Temporal development of Jaccard 
index, N = 1000



Adding (constant) interest rates

Intermediation benefits the largest banks (right) and is costly 
to the smaller ones (left)  - at zero average liquidity shocks!

(development is not monotonic!)

Balance sheets of 5 smallest and 5 largest banks, r = 0.02/250



Adding (heterogeneous) interest rates

Relationship-based interest rates compensate for 
„exploitation“ by intermediators

Balance sheets of 5 smallest and 5 largest banks, same initial 
conditions



The „relationship“effect is not only an effect of lower interest 
rates, above the uniform interest rate is lower than any single 
heterogenous rate.

Balance sheets of 5 smallest and 5 largest banks, same initial 
conditions, r = 0.01/250, uniformly



Conclusions

• We have extended existing interbank models along two 
dimensions:

� loans to firms and the resulting bipartite network structures

� dynamic aspects of network formation

• taking into account firm-bank links shows a high potential 
for cumulative failures

• a dynamic model with learning easily replicates important 
stylized facts, such as core-periphery structures

• much of the dynamics of a complex system like the banking 
network can be understood from its inherent logic of 
interaction


