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Abstract— Default risk spreading processes in inter-banking
networks are commonly viewed as contagion processes, with
inter-bank loans as a direct spreading channel and overlapping
investment portfolios as an indirect channel. In this paper, we
propose a multi-layer network default risk contagion model
to incorporate additional panic contagions in the networks of
depositors as a novel augmentation of previous models, allowing
for the direct characterization of the “bank run” phenomenon,
where many depositors simultaneously issue withdrawal re-
quests. Our model is calibrated with post-COVID pandemic
data, accounting for macroeconomic factors such as fluctuating
interest rates and asset bubbles. Using system identification
methods, we analyze relationships between federal interest rates
and market prices, and formulate an optimal control problem
to mitigate default risk via liquidity ratio requirements in
stress tests. Long-term simulation results are presented to reveal
threshold structures under varying contagion parameters.

I. INTRODUCTION

Over the past two decades, there has been substantial
interest in exploring the modeling, analysis, and control of
financial risk contagion, particularly those approaches that
incorporate network topology and structures [1], [2], [3].
Additionally, considerable research has focused on under-
standing how financial risk propagates, often categorized
into counter-party risks and risks associated with holding
common assets [4], [5]. Following the occurrence of three
consecutive regional bank defaults within two months in the
United States during the spring of 2023, specifically, the
failures of Silicon Valley Bank (SVB), Signature Bank, and
First Republic Bank, financial or default risk contagion has
come to the fore again in spread process research. In this
work, we focus on improving the representational granularity
of modeling the spread of financial risk.

Recent studies have explored systemic risk in inter-
banking networks using layered models, examining channels
such as common asset holdings, asset correlations, and inter-
bank loans, but often neglecting behavioral contagion among
financial risk holders [6], [7], [8], [9]. Emerging research has
begun incorporating factors such as risk sentiment contagion
and social behaviors of credit risk holders. For instance, [10]
analyzes the coupling effect between credit risk contagion
and sentiment contagion, considering factors like risk attitude
and supervision behaviors. [11] proposes a dual-layer model
for credit risk contagion among entrepreneurs and their
enterprises, incorporating the influence of entrepreneurs’ risk
attitudes on credit risk spreading processes. In [12] the
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authors examine inter-bank runs triggered by panic, focusing
on scenarios where the creditor-bank demands early repay-
ment of inter-bank loans upon learning of a debtor-bank’s
insolvency. However, this latter study does not address bank
runs initiated by depositors. Authors in [13] investigated
the dual contagion of high-frequency volatility tail risk and
investor’s sentiment in the stock market.

During the 2023 banking crisis in the United States, both
SVB and First Republic Bank filed for bankruptcy following
bank runs, where a significant number of depositors simul-
taneously withdrew funds from their deposit accounts due to
concerns about the solvency of the banks. To address this
distinctive factor, in this paper, we propose a model incor-
porating a novel layer of panic contagion over the (social)
contact networks of depositors during banking crises, explic-
itly characterizing “intra-bank runs.” This approach allows a
direct connection between sentiment contagion among the
depositors to bank asset dynamics, and incorporates varying
levels of depositor network connectedness simultaneously,
which is crucial for realistically modeling default risk con-
tagion among banks [14]. To our knowledge, this is the first
model to connect inter-bank asset dynamics, market price
fluctuations, depositor panic, and resulting bank defaults.
Using ARMA models and time-series data, we calibrate our
model to reflect post-pandemic and 2023 banking crisis char-
acteristics, including interest rate fluctuations, inflation, and
market dynamics. We address default risk mitigation through
an optimal control formulation with liquidity requirements
as the control input, presenting simulation results that reveal
threshold structures in long-term contagion dynamics.

II. FINANCIAL RISK CONTAGION MODELS

We propose a multi-layer default risk model that incor-
porates interactive layers of inter-bank and inter-depositor
contagion dynamics. On one hand, risk proliferates through
the inter-bank layer, influencing banks’ assets; on the other
hand, it spreads through the inter-depositor layer, affecting
banks’ liabilities. These two dynamics define the asset-
liability imbalance, and hence whether the bank defaults.

A. Inter-bank contagion: asset dynamics of banks

We first define the asset dynamics of banks within the
inter-bank network and the associated financial risk conta-
gion. Inspired by [15], we consider an inter-bank network of
N banks with a ”core-periphery” structure, a common con-
figuration in financial networks [1], [16], [18]. Each bank’s
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assets are divided into four categories: cash equivalents;
long-term bond investments, securities and cryptocurrencies;
other non-liquid assets; and inter-bank loans. We denote
these four components of assets for bank k at time t as Ck(t),
Qk(t), Ok(t), and ∑h xkh(t), respectively, where k,h ∈ [N].
Here xkh(t) = g(ykh(t)), where xkh(t),ykh(t), respectively,
represent the size of inter-bank loans that bank h is able
to pay back to, and owes to bank k at time t. The specific
form of the function g(·) is discussed in a later section. The
total assets of bank k at time t is then given by

Ak(t) =Ck(t)+Qk(t)+Ok(t)+ ∑
h̸=k

xkh(t). (1)

Investment Qk(t) is determined by both the investment
portfolio and the prevailing market prices, represented by

Qk(t) := ∑
m

Qkm(t)Pm(t,τ(t)). (2)

Here Qkm(t) denotes the amount of investment of type m
held by bank k at time t, and Pm(t,τ(t)) represents the
current market price per unit of investment type m. We
further assume that these prices are influenced by both time
and the current federal interest rate τ(t). Within this layer,
default risk proliferates through inter-bank loans, xkh(t), and
overlapping portfolios, Qk(t).

Note that by making assumptions that the market price
of investments fluctuates over time in response to general
market conditions (indicated by the federal interest rate, τ),
we extend the contagion model initially proposed in [15]
from a single-shock scenario to a long-term contagion model,
where a series of financial shocks may arise due to market
fluctuations. This augmentation enables us to incorporate
macroeconomic influences, which are particularly significant
in periods like the post-pandemic market era.

B. Inter-depositor contagion: liability dynamics of banks

With the asset dynamics now defined, we focus on the
dynamics of bank liability, which consists of the inter-bank
loans a bank owes to other banks in the system, denoted
as Y k(t) := ∑h̸=k yhk(t), as well as the deposits owed to the
bank’s depositors, represented by V k(t), for all k ∈ [N]. A
critical contribution of our model is addressing the “bank-
run” phenomenon, which predominantly drives the liability
dynamics.

Bank runs, primarily fueled by fear or panic, frequently
lead to bank defaults [17], [18]. Considerable effort has
been devoted to modeling the propagation of emotions or
(mis)information using epidemic models due to their analo-
gous agent-to-agent transmission mechanism; see e.g., [19],
[20]. As a longstanding and classic option in the information
contagion literature [21], [22], we employ a classic net-
worked SIR model to capture sub-layers of rumor contagion
involving a bank’s insolvency and the subsequent panic
reactions from the bank’s depositors to these rumors and their
corresponding funds withdrawal. Consider the social network
for bank k characterized by an adjacency matrix W k, where

W k
i j represents the strength of communication/influence be-

tween depositor i and depositor j. The networked panic
contagion model we propose is given by

ṡk
i (t) =−βisk

i (t)∑
j

W k
i j p

k
j(t)

ṗk
i (t) = βisk

i (t)∑
j

W k
i j p

k
j(t)− γi pk

i (t)

ṙk
i (t) = γi pk

i (t),

(3)

where si(t), pi(t),ri(t), respectively, denote at time t the
probability of depositor i being susceptible to panic, in a
panicked state, and having resolved a panicked state. For
client i, βi is the transmission rate of the panic, and γi is
the recovery rate from panic, i.e., the rate at which panic is
adequately resolved. Note that the model in (3) is based on
the classic mean-field approximation of a continuous-time
agent-based SIR compartment model, therefore assuming
independent evolution processes between agents [23]. We
assume that panic may be triggered by the publication of
a quarterly banking profile (QBP) when the report shows
a significant financial loss or a shortage of capital. We also
assume that each depositor i has a panic threshold denoted as
bi(τ(t)). Depositors will withdraw funds if their panic level
pi(t) exceeds this threshold, i.e., if

pi(t)> bi(τ). (4)

That is, depositors’ decisions are influenced by both their
panic level and current financial market conditions. For
example, in a volatile market, depositors might choose to
keep their money in the bank even if their panic level is
high. Let dk

i (t) be the collective value of deposits client i
has at bank k at time t. hen, the expected amount of funds
withdrawn from bank k during a panic contagion can be
computed as

V k(t) = ∑
i

dk
i (t)1{pi(t)>bi(τ(t))}, (5)

where 1{pi(t)>bi(τ(t))} is the indicator function that depositor
i has a panic level that exceeds their withdrawal decision
threshold bi(τ(t)). (5) directly connects the assets and li-
ability dynamics of banks, which is made explicit in the
following section.

C. Default risk contagion model

By definition, banks default when unable or unwilling
to fulfill required interest or repayment on a debt [24].
Therefore, with the previously defined asset and liability
dynamics, we can define the default of a bank as

Dk(t) = 1{Ak(t)<V k(t)+Y k(t)}, k = 1, · · · ,N. (6)

The number of bank defaults at time t can be consequently
computed as D(t) = ∑

N
k=1 Dk(t). Upon a bank’s default, con-

sistent with [15], we prioritize meeting deposit withdrawals
over repaying inter-bank loans. Connecting the asset and
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liability dynamics, we can calculate bank k’s repayment of
inter-bank loans owed to bank h, xhk(t) as:

xhk(t) = g(yhk(t))

=


yhk(t), if Ak(t)≥V k(t)+Y k(t)

max{0, yhk(t)
Y k(t) (A

k(t)−V k(t))}, otherwise
(7)

That is, after a bank’s default, it repays its inter-bank loans to
other banks in the network proportionally with any remaining
funds upon the satisfaction of deposit withdrawals. Here a
bank’s incomplete payment to its creditor banks in the net-
work results in financial losses of the creditor banks, there-
fore facilitating the default risk contagion through counter-
party risk. Note that the dependency of xhk(t) on Ak(t) and
V k(t) introduces an inter-bank system feedback, and a link
between the financial risk contagion in inter-bank layer (1)
and the inter-depositor layer (3).

In the event of a bank default, the bank initiates a fire sale
of its assets, resulting in an instant drop in overall investment
prices. As per [15], the immediate decrease in market price
for investment type m resulting from a fire sale is given by

Pm(t)−→ Pm(t)e−αxm(t). (8)

Here, xm(t) is the proportion of security type m held by the
bank. This price decline results in financial losses for the
banks that have an overlapping investment portfolio, thereby
facilitating the spreading of default risk through common
asset holdings.

Fig. 1: The Multi-layer default risk contagion process

A flow chart visualizing the multi-layer default risk con-
tagion is shown in Fig. 1. Here, panic contagions over the
depositor networks (3) enhance the spreading of the default
risk contagion over the inter-bank network through both
channels. First, a more aggressive panic contagion could
escalate the volume of deposit withdrawals, thereby height-
ening the risk of inter-bank loan repayment shortfall (7),
leading to potential loss of assets for the creditor banks. Sec-
ond, increased deposit withdrawals elevate banks’ liabilities,
consequently raising the likelihood of potential bank defaults
and subsequent fire sales. This in turn leads to a decrease in
the overall market price of investments and financial losses
for banks holding common assets with the defaulted bank.
A control input, the liquidity ratio input, is included in this

figure to influence the dynamics of banks assets and liability,
and thereby the dynamics of bank defaults, which will be
further explained in Section IV.

Fig. 2: Default risk spread with vs. without panic contagions
A simulation showing the comparison of the default risk

spreading processes with v.s. without panic contagion is
shown in Fig. 2; this showcases the propagation of default
risk across the inter-bank network subsequent to a financial
shock hitting one of the banks, portraying bank defaults
that occur ten time steps after the initial shock. Banks
highlighted in red indicate those that have defaulted, with
explicit labeling of the time step at which each default
occurred. It is visually evident that default risk spreads
rapidly when panic contagions within each bank are at play,
whereas without panic involvement, the default risk remains
localized to the initial ”patient zero” bank.

III. THE DATA-INFORMED CONTAGION MODEL

The three-year COVID-19 pandemic significantly im-
pacted public health and strained the U.S. economy. In
March and April 2023, three major regional banks—SVB,
Signature Bank, and First Republic Bank—collapsed [25].
Our model considers the long-term dynamics of financial
default risk contagion in the inter-banking system, incorpo-
rating key macroeconomic factors such as fluctuating federal
interest rates, rising inflation, increased delinquency rates in
commercial real estate, and stress on the technology sector.
These factors are essential for understanding post-pandemic
economic pressures, which we aim to capture through a data-
driven model utilizing actual post-pandemic data.

A. System ID with ARMA models

As discussed in Section II-A, a critical element of a bank’s
asset composition includes investments in both liquid assets
(e.g. securities, cryptocurrencies) and non-liquid (e.g. long-
term bonds, commercial real estate) assets. Specifically, we
assume investments in 5-year and 10-year U.S. Treasury
bonds, stocks in technology, pharmaceutical/biotech, com-
merce companies, and cryptocurrencies. The prices of these
investments fluctuate based on market conditions, influenced
by the federal interest rate.

To effectively handle temporal dependencies and capture
stationary behavior ([26]), we use an ARMA(p,q) model
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to estimate and detect trends in post-pandemic investment
prices. Specifically, we consider

z(t) =a1z(t −1)+ · · ·+apz(t − p)

+b1τ(t −1)+ · · ·+bqτ(t −q)+ e,
(9)

where z represents the unit market price of investments, τ is
the federal interest rate, and e is a white noise disturbance.
We estimate the model parameters a1, · · · ,ap,b1, · · · ,bq us-
ing simple least-square methods (from Python package
GEKKO), and determine the model dimensions p, q as the
lowest values that yield the highest improvement in terms of
estimation error.

The fluctuation in the prices directly affect the total
assets of each bank as per (1) and (8). We use the pricing
dynamics parameterized in (9) to drive the evolution of the
economic incentives and pressure for banks to hold/offload
certain assets, highlighting the spread of default risk through
common assets holdings, as discussed in II-C.

We collected monthly time series data for U.S. Trea-
sury bond yields, securities, and cryptocurrency prices from
January 2020 to August 2023. Sector stock prices were
computed as weighted averages of historical prices of key
companies: technology (Google, Tesla, Meta, Microsoft),
pharmaceuticals (Pfizer, J&J, AbbVie, Moderna), commerce
(Amazon, eBay, Walmart, Costco), and cryptocurrencies
(Bitcoin, Ethereum). Estimations of investment prices using
the ARMA models are shown in Figures 3, 4, 5, respectively.

Fig. 3: Identified U.S. treasury bonds yields with ARMA models;
p5year = 3,q5year = 2; p10year = 3,q10year = 2.

B. Synthetic model parameters

Accessing specific private data, such as individual banks’
investment portfolios and depositors’ social contact net-
works, poses challenges in model calibration. To address
this, we synthetically generate investment portfolios based on
the Fidelity benchmark [27]. Larger core banks are assumed
to have “balanced” portfolios with more bonds and cash
reserves, while smaller peripheral banks maintain “aggres-
sive” portfolios, emphasizing securities, cryptocurrencies,
and commercial real estate loans, reflecting scenarios like
the Signature Bank crisis.

We also simulate synthetic social contact networks, assum-
ing that depositors of smaller banks have densely connected

Fig. 4: Identified history stock prices with ARMA models; ptech =
5,qtech = 4; ppharm = 1,qpharm = 5; pcommerce = 5, pcommerce = 2.

Fig. 5: Identified history cryptocurrency prices with ARMA mod-
els; pcrypto = 4,qcrypto = 2.

networks, similar to Silicon Valley Bank, whereas those of
larger banks are more sparsely connected. These synthetic
parameters allow us to assess how depositor network inter-
connectedness affects the propagation of default risk in the
inter-banking network. Denser depositor networks lead to
faster contagion and more bank defaults, as detailed in our
simulation results in Section IV-B.

IV. THE OPTIMAL CONTROL PROBLEM

The liquidity stress test is a widely recognized method
for assessing a bank’s preparedness for potential crises,
including bank runs [28], [29]. With the implementation
of a uniform liquidity ratio requirement across all banks,
important questions arise: What is the relationship between
the liquidity ratio and the balance between intra-bank assets
and inter-bank loans? What level of liquidity requirement, s,
would most effectively mitigate the spread of default risk?
In this section, we address the mitigation of default risk
contagion as an optimal control problem, using the state
dynamics defined in Section II and the uniform liquidity ratio
requirement as the control input.

A. Control input: liquidity ratio requirement

We consider a finite time horizon T . To capture the
mitigation of default risk, we define the objective function
of the optimal control problem as the total number of bank

5289



defaults over T following an initial shock:

min
s∈[0,1]

J(s) =
T

∑
t=1

Dt(s), (10)

where Dt(s), as previously defined in Section II-C following
(6), is the number of bank defaults at time t corresponding
to the liquidity ratio requirement s. Asset states Ak(t) are
adjusted to Ak(s, t) to meet the liquidity requirement s
through asset reallocation as per (1). Each fiscal quarter, a
liquidity stress test evaluates the liquidity ratio Liqk(t) - the
proportion of liquid assets to total assets - against s. Banks
with Liqk(t) < s first seek inter-bank loans from the largest
core bank. If these loans are insufficient, they resort to fire
sales of treasury bonds Qk(t) and commercial real estate
Ok(t), at discounts of 20%, 25%, and 30%, respectively.
Significant asset devaluation may trigger depositor panic,
modeled by (3).

A low liquidity threshold might not prevent bank runs, ex-
acerbating default risk through asset fire sales and impacting
other banks with similar holdings, as described by (8) and
(2). Conversely, a high liquidity requirement forces banks to
hold more low-yield assets, which may reduce profitability
and limit their ability to cope with economic challenges like
those seen during the pandemic.

B. Long-term financial contagion simulation

We focus on drawing insights on the optimal policy via
simulations. Using the data-informed model from Section III,
we simulate a 42-month (13 fiscal quarters) financial conta-
gion scenario to examine the effects of seasonal liquidity
requirements on the default risk propagation. The simulation
reflects post-pandemic macroeconomic conditions, including
rising interest rates, inflation, technology and cryptocurrency
market surges, and declining office occupancy impacting
commercial real estate.

We model an 8-bank network: 3 large banks (banks 1-
3) with balanced portfolios and sparsely connected deposi-
tor networks, and 5 small to medium-sized regional banks
(banks 4-8) with aggressive portfolios and denser depositor
networks. Large banks start with approximately 10,000(k)
in assets, diversified across cash, bonds, securities, and
cryptocurrencies, while regional banks hold 3000−5000(k)
with higher allocations in commercial real estate and riskier
assets.

Each fiscal quarter begins with a stress test adjusting
assets to meet the liquidity requirement s. Inter-bank loans
resulting from liquidity adjustments are due at the start of
the next quarter. Investment prices update monthly using
ARMA models identified in Section III. A panic contagion is
triggered if a bank’s assets devalue by more than 15% within
a quarter, prompting large-scale cash withdrawals. If cash
is insufficient, liquid assets are sold first, followed by fire
sales of non-liquid assets at discounted prices if necessary,
as dictated by equations (5), (8), and (7). Simulations were
conducted with liquidity requirements ranging from 0 to 0.9
and varying parameters for panic contagion and depositor
network density. We assessed contagion severity by tracking

(a)

(b)

Fig. 6: Long-term bank default simulations with varying liquidity
ratio requirements comparing the baseline model to models with
different panic contagion parameters: (a) increased panic trans-
mission rate (β ), doubling the speed of panic spread (orange); or
increased panic recovery rate (γ), with resolution 1.5 times faster
than baseline (red); (b) densely connected depositor network (W ),
with 1000 interconnected depositors for larger banks and 400 for
small/medium-sized banks, increasing overall panic spread.

the number of defaults over 42 months and identifying when
the first default occurred. Results are shown in Figs. 6a, 6b.

Examining the effects of panic contagion reveals that a
more severe panic contagion—due to a higher panic trans-
mission rate β or a denser social network W —leads to in-
creased bank defaults. Conversely, a milder panic contagion,
potentially caused by a higher recovery rate γ , results in
fewer defaults.

Interestingly, the relationship between the required liquid-
ity level and bank defaults exhibits a threshold pattern. As the
liquidity ratio requirement initially increases, the number of
bank defaults decreases or remains constant because higher
liquidity serves as a buffer against bank runs. However,
continued increases in the liquidity ratio can stress the default
risk, potentially increasing or maintaining the number of
defaults. This can be due to fire sales by banks to meet
liquidity requirements, which devalue assets and may trigger
more bank runs. In the post-pandemic market, very high
liquidity requirements lead to fewer bank defaults, indicating
protection against systemic risk. However, this protection
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comes at the cost of reduced bank profitability, as banks must
hold a larger portion of their assets in liquid form rather than
in higher-yielding non-liquid assets.

We also derive the analytical form of the optimal policy for
the simple case of a flat market. In this case, the public value
for all assets and investments is time-invariant, the optimal
liquidity requirement s∗ = c,∀c ∈ [0,s†], where s† satisfies

∑
n

(
Cn(0)− s†An(0)

)
= ∑

m

(
s†Am(0)− liqm(0)

)
, (11)

where n,m, respectively denote all the larger-sized and small-
to-medium sized regional banks, and liqm(0) = Cm(0) +
Qm

liq(0) is the size of initial liquid assets of bank m. This
equation ensures that larger banks have enough extra cash to
cover any liquidity shortfall in regional banks, allowing for
liquidity adjustments through inter-bank loans without caus-
ing fire sales. Rigorous analysis and derivation of optimal
policies for more complex cases is deferred to future work.

V. CONCLUSION

We’ve proposed a multi-layer default risk contagion model
for inter-banking networks, introducing a novel layer of panic
contagion that explicitly captures the dynamics and influence
of intra-bank runs. Our model is calibrated to post-COVID
financial data, providing a comprehensive understanding of
long-term default risk dynamics while accounting for market
fluctuations and macroeconomic factors. System identifica-
tion techniques allow for model calibration and formulation
of an optimal control problem related to liquidity ratio
requirements during seasonal banking stress tests. Simula-
tions with varying control inputs reveal intriguing threshold
structures in the optimal policy, suggesting further avenues
for exploration. The detailed characterization and refinement
of these optimal stress testing policies will be addressed in
future work.
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