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Regulating Financial Networks
ABSTRACT
I study the problem of regulating a network of interdependent financial institutions that is
susceptible to contagion when there is uncertainty regarding its precise structure. I show that
such uncertainty reduces the scope for welfare improving regulations. Although acquiring
institution-level information potentially reduces this uncertainty, it does not always lead
to welfare improving interventions. Under certain conditions, welfare can be improved by
regulation that targets a small set of institutions to reduce their risk-taking incentives. The
size and composition of such a set crucially depends on the cost of acquiring institution-level
information, the cost of regulating institutions, and investors’ attitudes toward ambiguity.
Keywords: Financial networks, contagion, policy design under model uncertainty.
JEL classification: C6, E61, G01.

The 2007–2009 financial crisis underscored the importance of interdependencies among
institutions—e.g., firms, investment banks, insurance companies, etc.—in the functioning of
modern financial systems. As the crisis showed, the interconnected nature of these systems
can lead to cascades of defaults and, in doing so, alter financial stability. Consequently,
policymakers around the world implemented responses that directly or indirectly take into
account measures of interconnectedness. Importantly, the opacity and multifaceted nature
of the financial network underlying these systems makes it hard to determine its precise
structure. This problem becomes particularly acute in times of economic stress, as spirals
of fire sales and other contagion channels may become relevant. A natural question arises:
How can policymakers regulate a financial system that is susceptible to contagion when
those policymakers are fundamentally uncertain about its precise structure when aggregate
conditions deteriorate? Despite its importance, this question has been overlooked by most of
the literature. This paper partially fills this gap by developing a model to study the behavior
of such policymakers.
I show that uncertainty about the precise structure of the financial system can reduce
the ability of policymakers to increase welfare. In particular, if the system is likely to exhibit
a highly asymmetric structure when conditions deteriorate, then only regulation that considers institution-level information is capable of preventing large cascades of distress. While
acquiring institution-level information may help policymakers overcome forecasting limitations, it does not always lead to welfare improving interventions. For example, acquiring
institution-level information tends to be suboptimal in systems that are likely to exhibit
highly symmetric structures when conditions deteriorate. However, under certain conditions, targeting a small set of institutions to reduce their risk-taking incentives can increase
welfare. The size and optimal composition of that set is jointly determined by the costs
of acquiring institution-level information, the costs of restricting institutions, and investors’
attitudes toward ambiguity.
The model is motivated by a large financial system in which institutions (banks, for short)

3

are interconnected through an exogenous network of opaque interbank exposures, on either
the asset side or the liability side, which cannot be mitigated through contractual protections.
In times of economic stress, some exposures function as a distress propagation mechanism,
as banks become more vulnerable to distress affecting related banks (henceforth referred to
as neighbors). Consequently, cascades of distress may occur as a result of contagion, as the
distress affecting one bank could cause distress to that bank’s neighbors, which, in turn, may
cause distress to the neighbors’ neighbors, and so on.
The set of exposures that potentially allows distress to propagate in times of economic
stress is unknown. This uncertainty makes it hard to determine the likelihood of systemic
events. Because banks fail to internalize the consequences of their actions on the propagation
of distress, introducing regulation could potentially lead to a Pareto improvement. A social
planner (henceforth referred to as policymaker) seeks to maximize expected total output
by imposing preemptive restrictions on a set of banks. While restrictions decrease banks’
likelihood of distress, they also adversely increase banks’ cost of lending as restrictions limit
banks’ ability to allocate funds towards productive projects, thereby introducing resource
misallocation. While the policymaker is uncertain which exposures may propagate distress
when a crisis manifests, she can acquire bank-level information at a cost in order to partially
uncover the set of most contagious banks in times of economic stress.
The proposed framework helps overcome some of the challenges inherent in designing policies in the presence of spillovers and network uncertainty. By incorporating results from the
literature on random graphs, the model makes it possible to compute closed-form solutions in
systems with arbitrary network structures. When the network’s degree distribution—which
captures the distribution of exposures across banks—is known, the baseline model provides
the complete description of the optimal policy. However, when such a distribution is unknown, an extension of the model describes the optimal policy by drawing insights from the
literature on decision-making under ambiguity. When the size of the system is sufficiently
large, policies that prevent large cascades of distress can be analytically determined.
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I first analyze the behavior of the policymaker when the network’s degree distribution is
known. I show that the optimal policy is jointly determined by that distribution, the costs of
acquiring bank-level information, and the costs of restricting banks. If the network exhibits
a highly asymmetric structure when conditions deteriorate, then a handful of banks play an
important role in the propagation of distress. Learning the identity of those banks becomes
critical to avoid contagion, as regulating them effectively deters the emergence of cascades of
distress. Consequently, acquiring bank-level information tends to be optimal in systems with
highly asymmetric structures. However, if the system exhibits a highly symmetric structure,
acquiring bank-level information tends not to be optimal. The reason is that bank-level
information does not necessarily allow policymakers to uncover the set of most contagious
banks, as every bank is likely to play a similar role in the propagation of distress when a crisis
manifests. Hence, in several cases, the cost associated with increasing network transparency
tends to exceed the benefit. Finally, in most regions of the parameter space, higher costs of
restricting banks lead to a smaller fraction of banks that must be restricted.
Next, I analyze the behavior of the policymaker when she is unsure about the network’s
degree distribution. The optimal policy intervention is then affected by investors’ attitudes
toward ambiguity and their beliefs regarding the susceptibility of the network to contagion
in times of economic stress. Under certain conditions, small changes in beliefs generate large
changes in the optimal fraction of restricted banks. When investors are sufficiently ambiguity
averse, they care about the worst-case scenario. If the system is prone to contagion in such a
scenario, then information regarding the most contagious banks becomes particularly useful
when implementing welfare improving regulations.
The first set of results provides a theoretical foundation for regulation that seeks to
improve network transparency, and, in particular, improve banks’ information disclosure.
More broadly, these results provide a foundation for policies that aim to enhance standards
of highly interconnected financial institutions. The second set of results highlights the dependence of optimal regulation on the opacity and complexity of linkages among financial
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institutions and the uncertainty such linkages could generate when conditions deteriorate.
Related literature. This paper contributes to several strands of the literature. First,
this paper adds to a body of work that explores how network features of the financial system
affect the likelihood of contagion. An incomplete list includes Rochet and Tirole (1996), Allen
and Gale (2000), Freixas et al. (2000), Eisenberg and Noe (2001), Lagunoff and Schreft
(2001), Dasgupta (2004), Leitner (2005), Nier et al. (2007), Allen and Babus (2009), Haldane and May (2011), Allen et al. (2012), Amini et al. (2013), Cont et al. (2013), Georg
(2013), Zawadowski (2013), Cabrales et al. (2014), Elliott et al. (2014), Glasserman and
Young (2015, 2016), Acemoglu et al. (2015), and Castiglionesi et al. (2017). Unlike these papers, my paper explicitly focuses on the social planner’s problem in the presence of spillovers
and network uncertainty. Second, my paper adds to recent research that explores how regulations affect the mechanism through which shocks propagate (see, for example, Beale et al.
(2011), Gai et al. (2011), Battiston et al. (2012), Goyal and Vigier (2014), Adrian et al.
(2015), Erol and Ordoñez (2017), Aldasoro et al. (2017), and Galeotti et al. (2018)). While
my paper also focuses on how contagion varies with different policy interventions, it provides
a tractable framework in which optimal policies can be determined if there is uncertainty
regarding the system’s connectivity structure. Third, my paper is also related to the recent
literature that studies how interconnectedness can serve as a source of uncertainty (see, for
example, Caballero and Simsek (2013), Battiston et al. (2016), and Roukny et al. (2018)).
My paper adds to this literature by developing a probabilistic framework that explicitly
models contagion and explores the implications of interconnectedness and model uncertainty
for the design of optimal policy interventions.
The rest of the paper is organized as follows. Section I introduces the baseline model.
Section II explores how regulation affects the likelihood of contagion and, in doing so, the
distribution of total output. Section III describes the optimal policy and explores how that
policy varies with the costs of restricting banks, the cost of institution-level information, and
aggregate features of the system’s connectivity structure. Section IV extends the baseline
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model to environments where agents are uncertain about aggregate characteristics of the
system’s connectivity structure. Section V concludes. All proofs, unless otherwise stated,
appear in the Appendix.

I.

Baseline Model

A. The economy
There are three periods (0, 1, 2), n ≫ 1 banks, a continuum of entrepreneurs, and numerous investors. Entrepreneurs borrow funds from banks to finance their projects. Banks
raise funds from investors. Banks alone can identify entrepreneurs with profitable projects.
Banks, investors, and entrepreneurs are risk-neutral.
Banks’ payoffs are linked via an exogenous network of interbank exposures with an arbitrary topology. Importantly, such exposures cannot be mitigated through contractual protections.1 While banks may differ in their number of exposures, banks are ex ante identical
in other respects such as size and leverage.
At t = 0, a policymaker imposes (liquidity) restrictions on a set of banks. The policymaker chooses the set of restricted banks to maximize expected total output. Later it
becomes clear that this intervention is potentially welfare improving as banks fail to internalize the consequences of their actions on the susceptibility of the economy to contagion.
At t = 1, investors endow each bank with one unit of resources. Immediately after, each
bank faces a continuum of entrepreneurs with measure 1. To maximize expected profits,
banks invest their funds in a risky portfolio consisting of both liquid and illiquid assets
subject to their liquidity constraints. Liquid assets are investment opportunities that can be
easily converted into cash. Illiquid assets are entrepreneurs’ projects.

1

It is useful to think of this network as a reduced form that captures the overall effect of multiple
financial linkages among banks within a multilayer network. Treating the multilayer network as a single
network simplifies the analysis by allowing me to circumvent the complications that arise from having to
model how dependencies among banks are aggregated in equilibrium.

7

At t = 2, payoffs are realized and consumption occurs. Before payoffs are realized,
aggregate conditions deteriorate, and banks become more vulnerable to adverse liquidity
shocks that affect their neighbors. Cascades of distress occur if the distress of one bank
causes distress to some of its neighbors, which may cause distress to the neighbors’ neighbors,
and so on.2
For tractability, the propagation of distress among banks is determined by the following
stochastic process. First, one randomly chosen bank faces an adverse liquidity shock. If that
bank was not restricted, it faces distress. Second, distress spreads via randomly selected
exposures (henceforth referred to as susceptible links). Bank i faces distress if two things
happen: (a) it was not restricted at t = 0, and (b) there is a sequence of susceptible links
between i and the first bank that faces distress. Importantly, all banks in such sequence
must be nonrestricted.3
The random selection of susceptible links serves as a metaphor for agents having difficulty
assessing how interbank exposures will react when aggregate conditions deteriorate. This
difficulty makes the policymaker fundamentally uncertain which banks are more prone to
propagate distress in times of economic stress. Of course, this random selection provides
a crude approximation of how distress propagates when a crisis manifests. Yet, it allows a
tractable analysis of cascades of distress.
For concreteness, I assume that the resulting distribution of susceptible links across
n−1
banks can be approximately characterized by an arbitrary distribution {pαk }k=0
, with shape
2

In practice, cascades may capture liquidity-driven crises (as in Diamond and Rajan (2011) and Caballero
and Simsek (2013)) in which the distress of a small set of banks induces adverse liquidity shocks for some
of their neighbors. When market participants face high uncertainty, those neighbors may face a run due
to solvency concerns, which, in turn, potentially causes solvency concerns about some of the neighbors’
neighbors, possibly generating cascades of runs. Another example of cascades relates to situations in which
the distress of some banks leads to write-downs in the balance sheets of some of their neighbors. If resulting
losses exceed the capital of such neighbors, those neighbors will face distress, which, in turn, may cause other
banks to face distress as well.
3
The main results continue to hold if a small set of banks initially face distress. Conditional on banks i,
j, and k being connected, the existence of a susceptible link between i and j is independent of the existence
of a susceptible link between j and k. A richer model would include local dependencies among such events so
that the effect that a single distressed neighbor has on a bank depends critically on whether other neighbors
face distress. For a model that introduces such dependencies, see Watts (2002). If one introduces such
dependencies, the basic trade-off behind the main results should continue to appear.

8

parameter α, where pαk denotes the probability that a randomly chosen bank has k susceptible
links when a crisis manifests.
Before designing her policy, the policymaker observes noisy signals about the future
number of susceptible links per bank. Importantly, she can acquire bank-level information
at a cost to improve the precision of those signals.
Figure 1 depicts the timeline of events.

Period 0

Period 1

Policymaker
Policymaker
observes signals
restricts
and chooses whether
banks
to acquire information

Restricted banks
react to
regulation

Period 2

Distress
potentially
propagates

Payoffs
are realized

Figure 1. Model timeline

B.

Banks’ problem
For each unit invested at t = 1, the (random) payoff of bank i at t = 2 equals

πi (ωi ) = ωi × RL + (1 − ωi ) × RI − εi ,

(1)

where ωi denotes the fraction of bank i’s portfolio invested in liquid assets. For simplicity, ωi
takes two values, ωL or ωH , with 0 < ωL < ωH < 1. RL and RI denote the (random) payoff
to banks of liquid and illiquid assets, respectively. Variable εi captures whether or not bank
i faces an adverse liquidity shock at t = 2.
Illiquid assets yield a higher expected payoff; hence, E[RL ] < E[RI ]. Additionally, banks
whose portfolio contains a fraction ωH in liquid assets are resilient to adverse liquidity shocks.
Thus, the impact of εi on banks’ payoff depends on the liquidity of bank i’s portfolio, ωi . In
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particular, if ωi = ωH , then εi = 0. However, if ωi = ωL , then

εi =




0 with probability (1 − ϕi )


ǫi with probability ϕi ,

where ǫi > 0 and ϕi = P[i faces an adverse liquidity shock at t = 2|ωi = ωL ]. Consequently,
bank i faces the following trade-off when choosing ωi . The more liquid a bank’s portfolio, the
higher a bank’s resilience to adverse liquidity shocks, but potentially the lower its expected
payoff.
I assume no bank beliefs to be too interconnected at t = 2 (in a sense specified in
Appendix A). In that case, Appendix A shows that investing in illiquid assets dominates
storing funds in cash from banks’ perspective. Consequently, bank i chooses ωi = ωL ,
unless the policymaker imposes liquidity restrictions on i. As a result, the optimal portfolio
allocation of bank i, ωi∗ , solves
max
ωi

s.t.

EIi [πi (ωi )]

(2)

max {ωH × ei , ωL } ≤ ωi ,

where Ii denotes the information available to bank i at t = 1, and ei equals 1 if bank i is
restricted at t = 0, and 0 otherwise. Importantly, within the model, liquidity restrictions
effectively provide better incentives for prudent risk-taking, thereby decreasing the likelihood
of distress in restricted banks.

C. Liquidity restrictions
To fix ideas, I focus on liquidity requirements as a specific type of restriction. At the
end of the section, I discuss how these restrictions map to other commonly used regulatory
tools. The policymaker restricts banks by forcing them to hold at least a fraction ωH of
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their portfolio in liquid assets. By imposing such a lower bound, the policymaker aims to
increase the likelihood that restricted banks absorb, rather than amplify, adverse liquidity
shocks when a crisis manifests.
In reality, liquidity restrictions take different forms. For example, with the aim of promoting the short-term resilience of banks, the liquidity coverage ratio requires banks to have
enough liquidity, defined as having high quality liquid assets—such as central bank reserves
and government debt—on their balance sheets and access to facilities, including some forms
of central bank liquidity, to cover a 30-calendar-day liquidity stress period. Another example
is the net stable funding ratio, which aims for a better match between the asset and liability
sides of banks over a longer horizon. This ratio is defined as the amount of available stable funding—which is the portion of capital and liabilities expected to be reliable over one
year—relative to the amount of required stable funding.

D.

If susceptible links were known
If susceptible links were known, banks’ actions would be strategic substitutes: An increase

in bank i’s liquidity reduces the incentives of its neighbors to increase their liquidity. Because
bank i is resilient to distress, its neighbors are less vulnerable to adverse liquidity shocks that
propagate through i, and, thus, i’s neighbors have fewer incentives to increase their liquidity.
As in Galeotti et al. (2018), optimal policy interventions would target banks that are not
necessarily connected so as to move neighbors’ incentives in opposite directions. However,
susceptible links are unknown, and thus, banks are ex ante identical; which, to an extent,
facilitates the analysis as banks’ strategic considerations do not play a role.

E.

Inefficiency of the market equilibrium
Let y ∼ U[0, 2β] denote the (random) output of projects financed at t = 1, with β > 0.

Without regulation, every bank holds a fraction ωL of its portfolio in liquid assets. As a
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result, the expected total output generated in the market equilibrium, E [T OE ], equals

E [TOE ] = E

" n
X

πi + (1 − ωL )y

i=1

#

= n (ωL E[RL ] + (1 − ωL )E[RI ]) −
|

{z
banks’ profits

n
X
i=1

!

E0 [εi ] + n(1 − ωL )β
{z
}
|
}
projects’ payoffs

where E0 [εi ] = E[εi |ωi = ω−i = ωL ]. The first term in the above expression corresponds to the
sum of banks’ expected profits while the second term corresponds to the expected payoffs
of projects financed at t = 1. To appreciate the potential benefits of liquidity regulation,
suppose only one bank, say bank i, is forced to hold a fraction ωH of its portfolio in liquid
assets. Let E [T Oi ] denote expected total output in this case. Then, E [T Oi ], equals

output derived from bank i’s response to regulation
}|
{
z
E [TOi ] = ωH E[RL ] + (1 − ωH )E[RI ] − E′ [εi ] + (1 − ωH )β +
!
n
X
(n − 1) (ωL E[RL ] + (1 − ωL )E[RI ]) −
E′′ [εj ] + (n − 1)(1 − ωL )β,
j6=i

{z
output derived from other banks’ actions

|

}

with E′ [εi ] = E[εi |ωi = ωH and ω−i = ωL ] and E′′ [εj ] = E[εj |ωi = ωH and ω−i = ωL ].
Thus, the difference (E [TOi ] − E [TOE ]) describes the welfare effects of imposing liquidity
requirements on bank i. This difference can be written as
′

(E0 [εj ] − E′′ [εj ]) − ∆ω [(E[RI ] − E[RL ]) + β],
{z
}
|
j6=i
{z
}
benefit
cost

(E0 [εi ] − E [εi ]) +
|

n
X

where ∆ω = (ωH − ωL ). The benefit of increasing the liquidity of bank i’s portfolio is
composed of two terms. The first term captures the increase in bank i’s resilience to adverse
12

liquidity shocks, as an increase in bank i’s liquidity increases its resilience to adverse liquidity
shocks when conditions deteriorate. The second term captures the increase in the resilience
of bank i’s neighbors (and the neighbors of those neighbors, and so on), as bank i no longer
propagates distress when conditions deteriorate because it is resilient to shocks. Importantly,
bank i fails to internalize this term when choosing ωi . The cost of increasing bank i’s liquidity
is also composed of two terms. The first term captures the decrease in the expected payoff
of bank i conditional on i not facing distress when conditions deteriorate, as illiquid assets
yield a higher expected payoff. The second term—which is also not considered by bank i—
captures the decrease in the amount of external financing available to productive projects,
as a fraction ∆ω of projects are no longer financed as a result of i being force to hold a more
liquid portfolio.
To ensure that regulation can potentially lead to a Pareto improvement, I assume that
there exist at least one bank too interconnected to fail, say bank l, so that the following
inequality is satisfied
′

(E0 [εl ] − E [εl ]) +

n
X

(E0 [εj ] − E′′ [εj ]) > ∆ω [(E[RI ] − E[RL ]) + β] .

j6=l

Namely, the increase in resilience of bank l, its neighbors, and the neighbors of those neighP
bors, (E0 [εl ] − E′ [εl ]) + nj6=l (E0 [εj ] − E′′ [εj ]), more than compensates the loss in profitability

associated with regulating bank l and the cost associated with a reduction in external financing, ∆ω [(E[RI ] − E[RL ]) + β]. Consequently, the market equilibrium is not efficient and
regulatory interventions are potentially welfare improving.

F.

Policymaker’s information

F.1.

Prior information

While the number of susceptible links per bank is unknown, the policymaker is able to
n−1
uncover the precise functional form of {pαk }k=0
as she has detailed institutional knowledge
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about the economy. Section IV discusses extending the model to environments wherein the
functional form of such a distribution is unknown, even by the policymaker.
F.2.

Bank-level information

Noisy signals are assumed to have no use for policymaking. Thus, without acquiring
bank-level information, banks are ex ante identical from the policymaker’s perspective. I
assume that if the policymaker acquires bank-level information, then she is able to identify
(and rank) only the set of banks with the highest number of susceptible links.

G.

Policymaker’s problem
Suppose the policymaker has decided whether or not to acquire bank-level information.

Let I denote her information set, and let RI denote a set of banks restricted based on that
information. Let |RI | ≥ 0 denote the cardinality of such a set. The policymaker chooses RI
to solve

max
RI

s.t.

where TO =

Pn

i=1 [πi



E TO RI − κ × 1κ

(3)

|RI | ≤ λ × n,

+ (1 − ωi )y] denotes total output. Variable 1κ is an indicator function

that equals 1 if the policymaker acquires bank-level information, and 0 otherwise. Parameter λ is strictly positive and less than 1, as restricting a large fraction of banks is assumed
to be (politically) difficult and thus not feasible. Finally, parameter κ represents the cost
of acquiring bank-level information. It can be broadly interpreted as the overall cost of
designing and implementing policies to improve information disclosure and network transparency. In particular, these policies may allow policymakers to uncover banks that play an
important role in the transmission of shocks when a crisis materializes. Two important examples of such policies are the Comprehensive Liquidity Assessment and Review (CLAR) and
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the Dodd-Frank Act supervisory stress test, run annually by the Federal Reserve. In these
programs, regulators evaluate the liquidity risk profile of bank holding companies (BHCs)
through a range of metrics and project whether BHCs would be vulnerable during times of
weak economic conditions.4
Even when requirements are determined optimally at the bank level, problem (3) highlights that the selection of RI requires a macroprudential perspective that takes into account
the role that the structure of the network plays in the propagation of distress when aggregate
conditions deteriorate.
Because imposing liquidity restrictions not only precludes a bank from facing distress, but
also precludes that bank from propagating distress, identifying the most contagious banks is
potentially important, as it allows the policymaker to prevent contagion more efficiently. As
a result, acquiring bank-level information may be optimal in some cases. Using the previous
analysis, I now formulate the policymaker’s problem. Let I1 denote the information available
to the policymaker when she acquires bank-level information. Otherwise, her information
set is I0 . The policymaker chooses I ∈ {I0 , I1 } and RI to solve

max

I ∈ {I0 ,I1 }








max E TO RI0 , max E TO RI1 − κ ,
RI0

RI1

(4)

with both |RI0 | and |RI1 | strictly smaller than λ × n.
When deciding the optimal policy, the policymaker recognizes that acquiring bank-level
information is costly. However, not acquiring such information may also be costly because
it results in losses of profitability and reduced availability of financing as a consequence of
restricting an excessive number of banks. This trade-off determines the optimal choice of
information and, ultimately, the susceptibility of the economy to contagion.

4

Other examples include programs implemented by the SEC such as forms N-MFP and PF. Form NMFP requires registered money market funds to report their portfolio holdings and other information on a
monthly basis, while form PF requires private funds to report assets under management.
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H. Mapping liquidity requirements to other policy tools
In a broad sense, liquidity restrictions within the model conceptually capture a diverse set of regulatory tools. In particular, ωH is assumed to be sufficiently large so that
E [εi |ωi = ωH ] < E [εi |ωi = ωL ] , ∀ i. Namely, liquidity restrictions effectively provide banks
with better incentives for prudent risk-taking, generating greater buffers to support operations when a crisis manifests.
While different forms of regulation, such as the risk-weighted capital ratio (RWC), the
liquidity coverage ratio (LCR), and the net stable funding ratio (NSFR), seek to address
different distortions, arguments in favor of them share a common ground with the benefits
associated with liquidity requirements in the model. For example, the RWC aims to increase
banks’ skin in the game, effectively reducing their incentives to engage in excessive risktaking and therefore reducing banks’ insolvency risk. Likewise, the LCR aims to serve as
a mechanism that curbs banks’ incentives to engage in risky funding activities, thereby
decreasing the likelihood of runs due to solvency concerns. Comparably, the NSFR seeks to
address significant maturity mismatches between assets and liabilities, providing banks with
better buffers to absorb losses when affected by adverse liquidity shocks.

II.

Welfare Effects of Regulation

This section studies how regulation alters the distribution of total output. For simplicity,
suppose the policymaker has decided whether or not to acquire information. Based on that
information, suppose the policymaker restricts all banks that belong to an arbitrary set R,
with |R| = xI and 0 ≤ xI ≤ 1. Define the following constants

π = ωL E[RL ] + (1 − ωL )E[RI ]

and

δ =1−

16



ωH E[RL ] + (1 − ωH )E[RI ]
ωL E[RL ] + (1 − ωL )E[RI ]



.

Under mild conditions, banks’ payoffs can be rewritten as5

πi (ωi ) =




π × 1i + ηiL



π(1 − δ) + ηiH

if ωi = ωL

(5)

if ωi = ωH ,

where ηiL and ηiH are small error terms that are independently and uniformly distributed
over [−η̄, +η̄], with η̄ ≪ 1. Variable 1i is random and equals 0 if bank i faces an adverse
liquidity shock at t = 2, and 1 otherwise. Importantly, the distribution of 1i depends on
how distress propagates among banks.
Total output can be approximately written as

TO (xI ) =

X

[πi + (1 − ωH )y] +

X

!

[πi + (1 − ωL )y]

i is not restricted
i is restricted


e
≈ n xI (π(1 − δ) + (1 − ωH )y) + Z (xI ) + (1 − xI )(1 − ωL )y ,
|
{z
} |
{z
}

restricted

where Ze (xI ) =

1
n

not restricted

 P
( i is not restricted πi ). Thus, the distribution of total output is directly

affected by regulation through xI and Ze (xI ).

Because restricted banks become resilient to adverse liquidity shocks and their susceptible

links do not contribute to the spread of distress, restricted banks and their susceptible
links might as well be absent from the perspective of distress propagation. So, imposing
restrictions on a set of banks can be represented by the removal of such banks (and their
exposures) from any realized network of susceptible links. As a result, the distribution of
total output is shaped by regulation, as regulation changes how distress propagates when a
crisis manifests.
To determine how regulation alters the distribution of total output, it is illustrative to
5

Banks’ payoffs can be rewritten as in equation (5) if Rν = E[Rν ] + small error, with ν ∈ {L, I}, and
and ηiL are defined as ηiH = ωH (RL − E[RL ]) + (1 − ωH )(RI − E[RI ]) and ηiL = ωL (RL − E[RL ]) + (1 −
ωL )(RI − E[RI ]).

ηiH
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analyze how distress propagates at t = 2. Because the bank that initially faces a liquidity
shock is selected uniformly at random, the probability that such a bank was restricted at
t = 0 is xI . In this case, contagion is prevented from its onset, and no bank faces distress.
However, if such a bank was not restricted, then at least one bank faces distress (and distress
may propagate). Consequently, the distribution of Ze (xI ) is approximately given by
Ze (xI ) ≈




π(1 − xI )



π 1 − xI −

with probability xI
m
n



with probability (1 − xI ) φxmI , with m = 1, · · · , n(1 − xI ),

where φxmI denotes the probability that distress affects m nonrestricted banks, once a fraction
xI of banks is restricted. As a result,
  

h
i
1
E TO xI ≈ π(1 − δ)xI + E Ze (xI ) + β ((1 − ωL ) − xI ∆ω) ,
n
and the first order condition in problem (3) can be approximated by the following equation
h
i
∂
∗
e
β∆ω + πδ =
E Z (xI ) .
| {z }
∂x
| I {z
}
marginal cost
marginal benefit

(6)

where Ze∗ (xI ) = πxI + Ze (xI ) . Equation (6) highlights the policymaker’s trade-off when

deciding the optimal set of restricted banks. The marginal cost is composed of two terms.

The first term, β∆ω, captures the decrease in the availability of external financing as a
result of restricting the marginal bank. The second term, πδ, captures the decrease in the
marginal bank’s expected payoff conditional on such bank not facing distress when conditions
deteriorate. To better understand the benefit of restricting the marginal bank, it is worth
noting that
h
i
∂
E Ze∗ (xI ) = π +
∂xI

 
∂
1
n ∂xI
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X

i is not restricted

!

πi (xI ) .

Thus, the marginal benefit is also composed of two terms. The first term, π, captures an
increase in the marginal bank’s resilience to adverse liquidity shocks, as restrictions force such

P
a bank to hold a more liquid portfolio.6 The second term, n1 ∂x∂I ( i is not restricted πi (xI )),

captures an increase in expected output associated with an increase in the resilience of the
marginal bank’s neighbors (and the neighbors’ neighbors and so on) as the marginal bank no
longer propagates distress. As xI increases, fewer banks can be affected by distress through
propagation.
To pin down the optimal set of restricted banks, it is pivotal to determine probabilities

I)
{φxmI }n(1−x
. While computing these probabilities is challenging—as distress may propagate
m=1

in intricate ways—the following two lemmas tell us that, within the model, these probabilities
can be computed for economies with arbitrary sizes and connectivity structures.
LEMMA 1 (Probabilities φxmI ): Suppose all banks within an arbitrary set R are restricted,
with

|R|
n

= xI . Let θkxI = θkxI (pαk ) denote the probability that a nonrestricted bank shares k

susceptible links with other nonrestricted banks, with k = {0, · · · , n − |R| − 1}. Then

φxmI =


 m−2 
m 

hθ xI i
xI
d

 (m−1)!
g z, {θk }k
dz m−2


 θ xI
0

where



dm−2
dz m−2


m  
g z, {θkxI }k

, with m = {2, · · · , n − |R|}
z=0

, with m = 1,

denotes the (m−2) derivative of g z, {θkxI }k
z=0

at z = 0, with

g(z, {θkxI }k )

=

n−|R|−2 

X
k=0

xI
(k + 1)θk+1
hθx i



m

evaluated

n−|R|−1

z

k

and

xI

hθ i =

X

kθkxI .

k=0

Given probabilities {θkxI }k , lemma 1 determines the likelihood of cascades of distress for
any given size m. In doing so, it allows me to keep track of the entire size distribution of
cascades of distress at t = 2. More importantly, it allow me to characterize the approximated
6

Under mild conditions, (E[πi |ωi = ωL ] − E[πi |ωi = ωH ]) ≈ π + ∆ω(E[RI ] − E[RL ]). As a result,
(E[εi |ωi = ωH ] − E[εi |ωi = ωL ]) ≈ π.
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distribution of total output. The following lemma determines probabilities {θkxI }k as a
function of the policymaker’s information set and the network’s structure.
LEMMA 2 (Probabilities {θkxI (pαk )}k ): Let hki =

Pn−1
k=0

kpαk denote the expected number of

susceptible links per bank when a crisis manifests. Suppose the policymaker restricts a fraction
xI of banks, with I = {I0 , I1 }.
• If I = I0 , then


Pn−1 α j 

 j=k
pj k (1 − xI0 )k xIj−k
0

x

θk I0 =



0

• If I = I1 , then

x

θk I1 =

where kx and κx satisfy

if k = {0, · · · , n(1 − xI0 ) − 1}
otherwise.



P x α j

 kj=k
pj k (1 − κx )k κxj−k


0

xI1 = 1 −

kx
X

pαk , κx

k=0

if k = {0, · · · , kx }
otherwise,

1
= 1−
hki

kx
X
k=0

kpαk

!

.

Lemma 2 illustrates the importance of bank-level information for the selection of restricted banks. When I = I0 , the policymaker cannot identify whether some banks are
more prone to propagate distress than others, and thus, she effectively acts as if she restricts
banks uniformly at random. However, when I = I1 , the policymaker is able to identify
the most contagious banks. She then restricts such banks first to prevent contagion more
efficiently, as this intervention results in the removal of a larger fraction of susceptible links
than when restricting at random.
n(1−xI )
The computation of probabilities {φxmI }m=1
in lemmas 1 and 2 requires calculating

sums and derivatives, which can always be done numerically for any finite number of banks.
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However, for certain network structures, it is possible to derive a closed-form expression for
these probabilities, as example 1 shows.
n−1
EXAMPLE 1 (Poisson Distribution): Suppose {pαk }k=0
follows a Poisson distribution, that
k

is, pαk = e−α αk! , and a fraction xI of banks is restricted.
• If I = I0 , then
xI

φm 0 =

e−(1−xI0 )αm ((1 − xI0 ) αm)m−1
, m = {1, · · · , n(1 − xI0 )} .
m!

• If I = I1 , then κx = 1 −

x

φmI1 =

1
α


P x kαk 
Pn−1
e−α kk=0
, xI1 = e−α k=k
k!
x

αk
,
k!

and

e−(1−κx )αm ((1 − κx ) αm)m−1
, m = {1, · · · , ⌈n (1 − xI1 )⌉} .
m!

In summary, the previous analysis shows that the distribution of total output is shaped by
(a) the network’s degree distribution and (b) how restricted banks are selected. The reason
is that regulation reshapes the way that adverse liquidity shocks propagate among banks
when a crisis manifests, as restricted banks are forced to change their risk-taking behavior.
Importantly, bank-level information has an intrinsic social value to the extent that it allows
the policymaker to prevent cascades of distress more effectively. As the next section shows,
this value is determined by aggregate features of the network’s structure and dictates the
optimal choice of information.

III.

Optimal Policy Interventions

This section describes the optimal policy intervention—which is jointly determined by
the selection of a set of restricted banks and a choice of information—and explores how that
policy varies with the primitives of the model. Given a choice of information, the following
proposition determines the optimal fraction of restricted banks:
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PROPOSITION 1 (Selection of Restricted Banks): Suppose the policymaker has decided
whether or not to acquire bank-level information. Define


h
i
π(1 − δ)
∆ω
e
,
∆1/n ≡
+ E Z(1/n)
+ β (1 − ωL ) +
n
n
h
i
e
∆λ ≡ π(1 − δ)λ + E Z(λ) + β ((1 − ωL ) + ∆ωλ) ,
n
h
i
o
e
∆I ≡
max
π(1 − δ)x + E Z(x)
+ β ((1 − ωL ) + x∆ω) ,
x ∈ (1/n,λ)

The optimal fraction of restricted banks, x∗I , is given by

x∗I

where x∗I ∈ (1/n, λ) solves





1/n if ∆1/n > max {∆λ , ∆I }





=
λ
if
∆
>
max
∆1/n , ∆I
λ







x∗I if ∆I > max ∆λ , ∆1/n ,

β∆ω + πδ =

h
i
∂
E Ze∗ (xI )
∂xI

.
xI =x∗I

Proposition 1 underscores the dependence of the optimal policy intervention, x∗I , on the
n−1
cost of restricting banks and the distribution {pαk }k=0
. For simplicity, fix β, ∆ω, and π.
I
If δ is above a certain threshold, δ ≥ δH
(condition equivalent to ∆1/n > max {∆λ , ∆I }),

the deadweight losses associated with restricting banks are sufficiently high. Thus, it is
suboptimal to restrict more than one bank; hence, x∗I = 1/n. If δ is below a certain threshold

δ ≤ δLI (condition equivalent to ∆λ > max ∆1/n , ∆I ), the benefits of restricting banks

outweigh the costs for any xI > 1/n. So, it is optimal to restrict as many banks as possible;

I
thus, x∗I = λ. However, when δLI < δ < δH
(condition equivalent to ∆I > max ∆1/n , ∆λ ),
the benefits of restricting banks may not necessarily outweigh the costs, and thus, x∗I ∈

n−1
I
(1/n, λ). Importantly, thresholds δLI and δH
depend on the network’s structure as {pαk }k=0

determines the vulnerability of the economy to contagion.
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Consider now the policymaker’s choice of information. The next proposition determines
her optimal choice:
PROPOSITION 2 (Optimal Choice of Information): It is optimal to acquire bank-level information if and only if




κ ≤ E TO|x∗I1 − E TO|x∗I0 ,
{z
}
|
social value of bank-level information
where x∗I0 denotes the optimal fraction of banks that are restricted when the policymaker does
not acquire bank-level information. Similarly, x∗I1 denotes the optimal fraction of restricted
banks when the policymaker acquires bank-level information.
Propositions 1 and 2 give the full description of the optimal policy in economies with
arbitrary sizes and connectivity structures. As proposition 2 shows, when the value of banklevel information is greater than its cost, it becomes optimal to acquire such information.
Notably, different connectivity structures yield different values of information, as the spread




n−1
E TO|x∗I1 − E TO|x∗I0 varies with distribution {pαk }k=0
.

To better understand how the optimal intervention varies with changes in the costs of

restricting banks, the cost of bank-level information, and the network’s structure, the following sections provide comparative statics under two distinct families of networks: Poisson
and Power-law.

A. Symmetric networks: the Poisson case
Figure 3 describes the optimal policy when the network exhibits a Poisson distribution.
Figure 3(a) depicts the social value of bank-level information as a function of δ and α—which,
within the Poisson family, captures the average number of susceptible links per bank. Curves
connect pairs (δ, α) where information yields the same value. The outer curve represents zero,
while inner curves represent higher values. Pairs outside the outer curve yield negative values.
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Figure 3(b) depicts the optimal fraction of restricted banks, x∗I , as a function of α for different
values of δ. Because the policymaker takes into consideration the rise of large cascades of
distress when designing her policy, figure 3(b) also depicts the smallest fraction of banks that
must be restricted to (almost surely) prevent large cascades. Appendix C gives a precise
definition of large cascades and how these events can be prevented within the model.
Figure 3 has three main implications. First, it is optimal not to acquire bank-level information in most networks within the Poisson family. When δ is sufficiently small, the
deadweight costs associated with restricting banks are negligible, and, thus, restricting as
many banks as possible is optimal for all connectivity structures. In this case, bank-level
information has no value, as the optimal policy does not depend on whether or not the policymaker has such information. Similarly, when δ is sufficiently large, bank-level information
has no value, as the policymaker decides not to restrict more than one bank, regardless of the
network’s structure. In this case, the costs associated with restricting banks are too high.
For intermediate values of δ, the analysis becomes more involved, as acquiring bank-level
information may be optimal depending on its cost. Suppose δ is fixed at one of these values.
Because α captures the average number of susceptible links per bank, the vulnerability of
the network to contagion increases with α. When α is sufficiently small, contagion is a zeroprobability event, as susceptible links are rare. As a consequence, bank-level information has
no value because almost no regulation is required. As α increases, the susceptibility of the
network to contagion increases, thereby increasing the policymaker’s incentives to uncover
the set of most contagious banks. In these cases, acquiring information is optimal only if
its social value is higher than κ. When α is sufficiently large, contagion tends to happen
anyway. Thus, bank-level information adds no value, as it does not help the policymaker
increase the effectiveness of policy interventions.
Second, preventing large cascades of distress may be suboptimal, as the costs associated
with restricting banks may be too high. Figure 3(b) illustrates this point. Let αc denote
the value of α at which the policy that prevents large cascades and x∗I (α; δ = 0.2) intersect.
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When α ≥ αc , preventing large cascades requires a larger fraction of restricted banks than
the one required by x∗I (α). In these cases, δ is too high relative to the marginal increase in
expected total output associated with a larger fraction of restricted banks.
Third, the thresholds that determine whether α is sufficiently small (large) to make acquiring bank-level information optimal depend on δ and κ. Intuitively, κ captures the marginal




cost of bank-level information, while its marginal benefit, E TO|x∗I1 − E TO|x∗I0 , is determined by the economy’s vulnerability to contagion, parameterized by α, and the costs of

restricting banks, δ. As a result, the interaction between these three parameters is what determines the optimal choice of information and the set of restricted banks within the model.
Importantly, this interaction is shaped by the nature of the economy’s connectivity structure
when a crisis manifests. In symmetric structures, such as Poisson networks, banks behave in
a similar fashion when conditions deteriorate. Consequently, the marginal benefit of acquiring bank-level information is capped by the network’s structure, as such information does
not necessarily allow the policymaker to rank banks in an informative way. This feature
makes it optimal not to acquire information in many cases within the Poisson family. However, asymmetric structures, such as Power-law networks, exhibit fundamentally different
behavior than symmetric structures, as the next section shows.

B.

Asymmetric networks: the Power-law case
Figure 4 describes the optimal policy when the network exhibits a Power-law distribution.

Figure 4(a) depicts the value of bank-level information as a function of δ and α. As in
figure 3(a), curves connect pairs (δ, α) where bank-level information yields the same value.
Figure 4(b) depicts the optimal fraction of restricted banks, x∗I , as a function of α for different
values of δ, as well as policies that (almost surely) prevent large cascades of distress.
As with Poisson distributions, when δ is sufficiently small, it is optimal to restrict as
many banks as possible for all connectivity structures. As a result, bank-level information
has no value. When δ is sufficiently large, the costs associated with restricting banks are too
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high; hence, bank-level information has no value, as it is optimal to restrict almost no bank
regardless of the network’s structure.
For intermediate values of δ, acquiring bank-level information may be optimal depending
on its cost. Importantly, the analysis of this case differs fundamentally from the Poisson
case. When α < 3 and the policymaker does not acquire bank-level information, it can be
shown that large cascades of distress cannot be prevented (see Appendix C). The reason is
that only a few banks exhibit a large number of susceptible links. Thus, the policymaker
is likely to miss such banks when implementing restrictions at random. Nonetheless, the
policymaker can prevent large cascades by using bank-level information (as Appendix C
shows and figure 4(b) illustrates). As a consequence, bank-level information is valuable for
the policymaker, and acquiring it is optimal as long as its value is larger than κ.
In general, bank-level information proves to be more helpful with Power-law distributions
than with Poisson distributions. This difference is due to the asymmetric nature of Powerlaws. With Power-laws, a handful of banks play an important role in the propagation of
distress. As a result, it is optimal to acquire bank-level information for a much larger set of
pairs (δ, α) than when the distribution is Poisson, as figure 4(a) illustrates.
Notably, optimal policies are nonmonotonic functions of α for intermediate values of
δ. When α ≤ 2, an extremely small fraction of banks drives the propagation of distress;
hence, restricting these banks prevents the onset of contagion. This fact explains why the
optimal fraction of restricted banks is close to zero if α ≤ 2. For larger values of α, the
fraction of banks that drive the propagation of distress increases with α, thereby increasing
the fraction of banks that must be restricted to avoid large cascades. However, for even
larger values of α, the fraction of banks that must be restricted to avoid large cascades
decreases with α. The reason is that the size of the largest set of banks that are potentially
affected by distress through propagation decreases with α even before restrictions have been
implemented. The nonmonotonic pattern exhibited by a policy that prevents large cascades
of distress is inherited by the optimal policy, as figure 4(b) shows.
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To summarize, the marked differences between the connectivity structures of Poisson
and Power-law networks have important implications for policymakers. In Poisson networks,
acquiring bank-level information does not necessarily improve policy interventions. However,
in many Power-law networks, acquiring bank-level information tends to be optimal, as large
cascades of distress can be prevented only with such an information.

IV.

Extended Model

This section extends the baseline model to environments where the policymaker is uncertain about the economy’s connectivity structure when a crisis manifests. This type of
uncertainty fundamentally differs from the uncertainty captured by the baseline model. In
the baseline model, the policymaker does not know the exact number of susceptible links
n−1
. Here, however, the
per bank, but she is able to uncover the exact distribution {pαk }k=0

policymaker is unable to uncover such a distribution. Consequently, she faces model uncertainty, as she is unsure about the precise distribution of susceptible links, which ultimately
determines how the economy behaves when a crisis manifests.7
To better appreciate the implications of model uncertainty for the previous analysis,
n−1
suppose parameter α is random and unknown, but the functional form of {pαk }k=0
continues

to be known. Because α affects how distress propagates, it is now more difficult to analyze
the distribution of total output. For example, suppose a fraction x of banks are restricted.
For a given value of α, the previous analysis tells us that
 
n(1−x) 
X
m x
1
Eα [TO|x] ≈ π(1 − δ)x + π(1 − x)x + π(1 − x)
φm (α)
1−x−
n
n
m=1
+ β ((1 − ωL ) − x∆ω)

where probabilities φxm are written as φxm (α) to emphasize their dependence on the net7

See Routledge and Zin (2009) and Easley and OHara (2010) for models that connect liquidity and model
uncertainty. See Ruffino (2014) for a discussion of some implications of model uncertainty for regulation.
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work’s structure. Importantly, probabilities φxm (α) are random variables, as α is now random
which, in turn, makes expected total output a random variable. As a result, the previous
framework—in which x is selected to maximize expected total output—is incapable of dealing
with this type of uncertainty.
To capture model uncertainty in a tractable way consistent with the previous analysis, I
extend the baseline model along two dimensions. First, I include a representative investor
who owns all assets in the economy and has preferences that can be characterized by the
smooth ambiguity model of Klibanoff et al. (2005). In a broad sense, these preferences
capture circumstances in which agents are uncertain about the “true model” that determines
the behavior of the economy. Given the uncertainty about the model, agents may exhibit
aversion to (or preference for) that uncertainty. For example, if agents are ambiguity averse,
they worry about making non-optimal decisions ex ante because they do not know the “true
model.” Importantly, with these preferences, agents’ tastes over risk and ambiguity can be
separated in a simple form that makes it tractable to nest the baseline model into the new
framework.
Second, parameter α is unknown, but the exact distribution of susceptible links is as
n−1
sumed to belong to a known family of distributions—say, {pαk }k=0
—where A denotes
α∈A

the set of plausible values for α. While agents do not know the exact value of α, the

observation of noisy signals allows them to generate subjective beliefs over A. These beliefs are captured by µ, which denotes a Borel probability measure on A with barycenter
R
ᾱ ≡ α∈A αdµ(α). For consistency, the barycenter ᾱ is assumed to satisfy
s
X

n

pᾱk =

k=0

1X
1s ≤s , −∞ < s < ∞,
n i=1 i

where 1si ≤s equals 1 if si ≤ s, and 0 otherwise. Variable si represents a noisy signal about
the number of susceptible links of bank i. In other words, the policymaker is able to infer ᾱ
from observing signals {si }ni=1 .
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Taking these two modifications into account, I now formulate the policymaker’s problem.
Given a choice of information, the policymaker chooses RI to solve

max
RI

s.t.

Eᾱ TOα RI



 

θ
× Vµ Eα TOα RI − κ × 1κ
−
2

(7)

0 ≤ |RI | ≤ λ × n,

where operator Eᾱ (·) denotes the expectation when α = ᾱ. Operator Vµ (Eα (·)) denotes
the variance of expected total output, computed using distribution µ. Parameter θ is a
non-negative coefficient capturing the representative investor’s attitudes toward ambiguity.
Notably, the extended model is equivalent to the baseline model when A is singleton or θ = 0.
When A is singleton, there is no model uncertainty, as the exact value of α is known. When
θ = 0, agents are ambiguity neutral, as they do not mind not knowing α. As a result, they
behave as if α = ᾱ.
Using equation (7), I can now write the complete description of the policymaker’s problem.
The policymaker chooses I ∈ {I0 , I1 } and RI to solve

max

I ∈ {I0 ,I1 }




max

RI0



maxRI
1



Eᾱ TOα RI0 − 2θ Vµ Eα TOα RI0


Eᾱ TOα RI1 −

θ
V
2 µ

Eα TOα RI1




,


−κ









,

with both |RI0 | and |RI1 | strictly smaller than λ × n. Consequently, the social value of
bank-level information is now determined by the following spread


 θ 


Eᾱ TOα x∗I1 − Eᾱ TOα x∗I0 −
Vµ Eα TOα x∗I1 − Vµ Eα TOα x∗I0
,
2
where x∗I1 and x∗I0 are defined as in section III.
To better understand how model uncertainty changes the analysis in section III, I explore
how the optimal policy varies with changes in the costs of restricting banks, δ, and investors’
subjective beliefs, µ. The following sections provide comparative statics under Poisson and
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Power-law networks to facilitate the comparison between the extended and the baseline
models. For concreteness, I assume hereafter that µ follows a truncated normal distribution
with variance σ 2 > 0 and support A = [ᾱ − ǫ, ᾱ + ǫ], with 0 ≤ ǫ ≤ ᾱ. In this environment,
σ 2 captures model uncertainty. I further assume ᾱ = 5 to be consistent with the range of
numerical values used for α in section III.

A. Symmetric networks: the Poisson case
Figure 5 depicts the optimal policy when the family of distributions is Poisson and θ = 20.
Figure 5(a) depicts the value of bank-level information as a function of δ and σ 2 . Curves
in figure 5(a) connect pairs (δ, σ 2 ) where information has the same value. The outer curve
represents zero, while inner curves represent higher values. Pairs outside the outer curve
yield negative values. Figure 5(b) depicts the optimal fraction of restricted banks, x∗I , as a
function of σ 2 for different values of δ.
Figure 5 shows that the analysis in section III.A continues to hold as long as agents
do not exhibit sufficiently high aversion to ambiguity. To see this point, suppose agents
are ambiguity neutral—that is, θ = 0. Figure 3 shows that it is optimal not to acquire
information when α = 5. Additionally, when δ is sufficiently small, the deadweight costs
associated with restricting banks are negligible, which makes it optimal to restrict as many
banks as possible. When δ is sufficiently large, the costs associated with implementing
restrictions are too high. Thus, not restricting more than one bank becomes optimal and
bank-level information has no value. Figure 5 shows that these arguments continue to be
valid when θ = 20. The reason is that agents behave as if α = ᾱ because they do not
experience sufficiently large disutility from making non-optimal decisions ex ante when not
knowing α.
However, when agents exhibit sufficiently high aversion to ambiguity, the optimal policy is
heavily affected by changes in network uncertainty. Figure 6 depicts the optimal policy when
agents are extremely ambiguity averse. In this case, the value of information is non-negative
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for a much larger set of pairs (δ, σ 2 ) than when agents exhibit low aversion to ambiguity.
When agents are sufficiently averse to ambiguity, it is extremely costly to make non-optimal
decisions ex ante. As a result, acquiring bank-level information becomes optimal even though
the network is highly symmetric with high probability. Moreover, the optimal fraction of
restricted banks is weakly increasing with σ 2 . This is because model uncertainty increases as
σ 2 increases. When facing high model uncertainty, agents are more worried that the fraction
of restricted banks may not be sufficiently large to prevent cascades of distress when a crisis
manifests. As a result, it is optimal to weakly increase the fraction of restricted banks as
model uncertainty increases.

B.

Asymmetric networks: the Power-law case
Figure 7 depicts the optimal policy when the family of distributions is Power-law and

θ = 20. Figure 7(a) illustrates the value of bank-level information as a function of δ and
σ 2 . Figure 7(b) depicts the optimal fraction of restricted banks, x∗I , as a function of σ 2 for
different values of δ.
Figure 7 suggests that the analysis in section III.B continues to hold when agents do not
exhibit sufficiently high aversion to ambiguity. When θ = 20, agents do not worry too much
about making non-optimal decisions ex ante; hence, they act as if α = ᾱ. Additionally, small
variations in σ 2 do not affect the value of information or the selection of restricted banks.
Consistent with results in section IV.A, figure 8 shows that the optimal policy is heavily
affected by changes in model uncertainty when agents exhibit sufficiently high aversion to
ambiguity. In particular, figure 8(a) shows that for relatively small values of σ 2 , the value of
bank-level information increases as δ increases. Intuitively, as δ increases, it becomes more
costly to make mistakes (by restricting an excessively large fraction of banks). Consequently,
the higher the policymaker’s incentives to identify banks that drive the propagation of distress, and, thus, the greater the value of bank-level information. However, for relatively large
values of σ 2 , bank-level information does not help the policymaker improve policy interven31

tions, as there is too much ambiguity in the environment. As a consequence, bank-level
information has no value. Figure 8(b) shows that the optimal fraction of restricted banks
is a weakly increasing function of σ 2 . The reason is that agents worry that the fraction of
restricted banks may not be sufficiently large to prevent cascades of distress when a crisis
manifests.
To summarize, while differences in connectivity structures have important implications
for policymaking, model uncertainty also has first-order effects on the optimal design of
policy interventions.

V.

Conclusion

By adapting techniques from random graphs and decision making under ambiguity, this
paper presents a tractable framework to study the problem of a policymaker who seeks to
regulate a network of interdependent financial institutions. As in reality, the policymaker is
uncertain about the precise structure of the network. The paper shows that such uncertainty
affects the design of policy interventions.
The proposed framework helps overcome some of the challenges inherent in designing
policies in the presence of contagious spillovers and network ambiguity. Although the model
does not capture the economic incentives underlying the formation of financial interdependencies or the reasons some institutions may be more prone to propagating distress than
others in times of economic stress, the model provides a simple, yet general, approximation
of the problem faced by such policymakers.
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Appendix A

Banks’ problem

Let Ii denote the information set of bank i at t = 1. The payoff of bank i is given by

πi = ωi RL + (1 − ωi )RI − εi ,

where

εi





0 if ωi = ωH




=
0 with probability (1 − ϕi ) if ωi = ωL






ǫi with probability ϕi if ωi = ωL ,

with ǫi > 0 and ϕi = P[i faces an adverse liquidity shock|ωi = ωL and I = Ii ].
Given how adverse liquidity shocks propagate among banks,


1 EIi [|Ci |]
1
φi (Ci ) = + 1 −
n
n
n
where Ci denotes the set of banks whose portfolio has a fraction ωL in liquid assets that are
connected to bank i via a sequence of susceptible links at t = 2. Importantly, the expected
value of |Ci | is computed conditional on the information available to bank i, Ii . It directly
follows,

EIi [πi |ωi = ωH ] − EIi [πi |ωi = ωL ] = ǫi






1
1 EIi [|Ci |]
− ∆ω(E(RI ) − E(RL )).
+ 1−
n
n
n

where ∆ω = (ωH − ωL ). Consequently, if bank i beliefs not to be too interconnected at t = 2,
i.e. EIi [|Ci |] = o(n), then

lim (EIi [πi |ωi = ωH ] − EIi [πi |ωi = ωL ]) < 0.

n→∞
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Namely, if bank i beliefs that the size of Ci is small compared to the size of the economy,
investing in illiquid assets dominates storing funds in cash from its perspective.

Appendix B

Proofs

This section contains the derivations of propositions and the example in the body of the
paper.
Proof of Proposition 1. It is worth noting that {θkr }n−r−1
represents the degree distribution
k=0
of a randomly generated network among (n − r) banks. Consequently, φrm is equivalent to
the probability that a randomly chosen nonrestricted bank belongs to a connected subgraph
of size m. Therefore, one can directly apply results in Newman (2007) and show that

φrm =


 m−2


m
hθ r i
d
r

 (m−1)!
[g
(z,
{θ
}
)
]
k k
dz m−2


θ r

0

, with m = {2, · · · , n − r}
z=0

, with m = 1.

where hθr i denotes the average number of susceptible links among nonrestricted banks and
 m−2

m
d
r
denotes the (m − 2) derivative of g (z, {θkr }k )m evaluated at z = 0,
[g (z, {θk }k ) ]
dz m−2
z=0

where g(z, {θkr }k ) represents the excess degree distribution function of {θkr }k , defined as
g(z, {θkr }k )

≡

n−r−2
X 
k=0

r
(k + 1)θk+1
hθr i



zk .

Proof of Proposition 2. There are two cases.
(a) I = I0 . Here banks are ex ante identical from the point of view of the policymaker, as
she is unable to identify whether some banks will exhibit more susceptible links than
others. Hence, when solving her problem, the policymaker effectively acts as if she
restricts banks uniformly at random.
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It is then illustrative to explore the distribution of susceptible links among nonrestricted
banks after imposing restrictions on a fraction nr . Consider an bank with k0 susceptible
links. After imposing restrictions, that bank may have k susceptible links, with k ≤
k0 , as some of its neighbors may be restricted. Additionally, the probability that a
k
subset of k neighbors is not restricted is 1 − nr , whereas the probability that the
k0 −k

. Because there are kk0 different subsets
remaining neighbors are restricted is nr
of k neighbors, the distribution of susceptible links among nonrestricted banks is

θkr =


k

Pn−1 α j 

 j=k
pj k 1 − nr


0


r j−k
n

if k = {0, · · · , n − r − 1}

(B1)

otherwise.

In other words, θkr captures the probability that a nonrestricted bank shares susceptible
links with other k nonrestricted banks, once r banks are restricted.
(b) I = I1 . Here the policymaker is able to identify which banks will exhibit the highest
number of susceptible links. Then, she can use that information and restrict such
banks first to prevent contagion more efficiently than restricting at random, as such
intervention may result in the removal of a large fraction of susceptible links.
Because the policymaker is able to rank some banks before implementing her policy,
suppose she imposes restrictions on all banks with more than kx susceptible links, with
kx ≥ s∗ . Restricting those banks is equivalent to restricting a fraction x of banks with
the highest number of susceptible links. The relationship between x and kx is given by

x =

X

pαk

=⇒

x = 1−

kx
X

pαk .

(B2)

k=0

kx <k

Implementing the above policy results in an approximate random removal of susceptible links from nonrestricted banks, as susceptible links of restricted banks no longer
propagate distress. The probability κx that a susceptible link leads to a restricted bank
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equals

κx =

X

kx

kpα
1
P k α =
hki
k kpk
<k

X

kpαk

kx <k

!

=⇒

κx

1
= 1−
hki

kx
X
k=0

kpαk

!

. (B3)

It is important to note that the network of susceptible links that remains after implementing the above policy is equivalent to a network in which the maximum number of
susceptible links per bank is kx and a fraction κx of banks is restricted uniformly at
random. It follows from the previous analysis that the probability that a nonrestricted
bank has k susceptible links once a fraction x of banks has been restricted, ϕxk , is given
by

ϕxk =



P x α j

 kj=k
pj k (1 − κx )k κxj−k


0

if k = {0, · · · , kx }

(B4)

otherwise.

Proof of Example 1. There are two cases.
n−1
(a) I = I0 . When {pαk }k=0
follows a Poisson distribution with parameter α, {θkr }n−r−1
k=0

approximately follows a Poisson distribution of parameter 1 − nr α. As a result,

(1− nr )α(z−1) ,
g(z, {θkr }n−r−1
k=0 ) = e
and thus,
e−(1− n )αm
r

φrm =

1−
m!

r
n



k

m−1
αm

, m = {1, · · · , n − r} .

(b) I = I1 . Here pαk = e−α αk! , with k = {0, n − 1}. The result follows directly from (a)
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after replacing pαk into

κx =

X

kx

1
kpα
P k α =
hki
k kpk
<k

X

kpαk

kx <k

!

=⇒

κx

1
= 1−
hki

kx
X

kpαk

k=0

!

.

Proof of Proposition 1. Define


h
i
π(1 − δ)
∆ω
e
∆1/n ≡
,
+ E Z(1/n)
+ β (1 − ωL ) +
n
n
h
i
e
∆λ ≡ π(1 − δ)λ + E Z(λ) + β ((1 − ωL ) + ∆ωλ) ,
n
h
i
o
e
∆I ≡
max
π(1 − δ)x + E Z(x)
+ β ((1 − ωL ) + x∆ω) ,
x ∈ (1/n,λ)

If ∆1/n > max {∆λ , ∆I } then x∗I = 1/n as expected total output is maximized with almost

no regulation. If ∆λ > max ∆1/n , ∆I , then the policymaker’s problem has an interior
solution, that is x∗I ∈ (1/n, λ) . In this case, x∗I satisfies the first order condition,
β∆ω + πδ =

h
i
∂
E Ze∗ (xI )
∂xI

.
xI =x∗I


Finally, if ∆λ > max ∆1/n , ∆I , then x∗I = λ as expected total output is maximized by

restricting as many banks as possible.

Proof of Proposition 2. Let x∗I0 denote the optimal fraction of banks that are restricted when
the policymaker does not acquire granular information. Similarly, let x∗I1 denote the optimal
fraction of restricted banks when the policymaker acquires granular information.
Whenever
i
i
h
h
∗
∗
e
e
κ ≤ E C|xI1 − E C|xI0
{z
}
|
social value of granular information
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it is optimal to acquire granular information as the maximized value of the objective function
is great with information than without information.

Appendix C

Large Cascades of Distress

A large cascade of distress is defined as an event in which a finite fraction of banks in a
system of infinite size faces distress as a result of the distress of any one bank. In practice,
these failures capture situations in which a non-negligible fraction of banks in a large but
finite financial system face distress as a result of the distress of a small set of banks. Focusing
on a system of infinite size is convenient for two reasons: (1) it makes the analysis tractable,
and (2) it provides results that are potentially useful as modern financial systems comprise
a large number of banks.
Rise of Large Cascades of Distress. To fix notation, let Gn denote a network of
susceptible links among n banks and {Gn }n∈N denote a sequence of such networks, indexed
by the number of banks n. Let S (Gn ) denote the largest subset of connected banks in Gn , and
let |S (Gn ) | denote the cardinality of such a set. To determine the condition under which
large cascading failures arise, one can use the following idea, similar to the one proposed
by Molloy and Reed (1995) and Cohen et al. (2000). Let n0 denote a large natural number.
Suppose there are two banks belonging to each element in the subsequence {S (Gn )}n≥n0 —
say, i and j, which are directly connected. If bank i (or j) is also directly connected to
another bank—and loops of susceptible links can be ignored—then the size of the largest
sequence of connected banks is proportional to the size of the system, i.e. limn→∞

E|S(Gn )|
n

> 0,

and thus, large cascading failures occur; otherwise, the largest sequence of connected banks
n )|
= 0.8 Therefore, the condition that determines the
is fragmented, and thus, limn→∞ E|S(G
n

8

As n grows large, loops of susceptible links can be ignored for
et al. (2000).

42

En (k2 )
En (k)

< 2. For more details, see Cohen

emergence of large cascading failures is given by

lim En [ki |i ↔ j] =

n→∞

lim

n→∞

X

ki Pn [ki |i ↔ j] ≤ 2,

(C1)

ki

where Pn [ki |i ↔ j] denotes the probability that bank i has ki susceptible links, given that i
and j are connected via one susceptible link. It follows from Bayes’ rule that

Pn [ki |i ↔ j] =

Pn [i ↔ j|ki ] Pn [ki ]
.
Pn [i ↔ j]

Because susceptible links are randomly determined,

Pn [i ↔ j] =

En [k]
n−1

and

Pn [i ↔ j|ki ] =

ki
.
n−1

Thus, equation (C1) is equivalent to
En [k 2 ]
lim
≤ 2,
n→∞ En [k]

(C2)

It is important to note that the derivation of equation (C2) does not rely on the functional
form of Pn [k] and applies to any distribution of links in which banks are randomly connected
to each other. Equation (C2) establishes that if, in the limit, there is enough variation in the
number of susceptible links among banks, distress affecting one bank almost surely affects
a non-negligible fraction of them. High variation in the number of susceptible links makes
the economy more prone to contagion, as banks with a large number of susceptible links can
effectively reach a large fraction of banks.
Preventing large cascades of distress. Because restricting a bank not only precludes
that bank from facing distress, but also precludes that bank from propagating distress,
restricting a sufficiently large fraction of banks can potentially prevent the emergence of large
cascades of distress. When x exceeds a certain threshold, x∗ , large cascading failures can
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be prevented as the network of susceptible links disintegrates into smaller and disconnected
parts, keeping distress locally confined. Importantly, the value of x∗ critically depends on
how restricted bank are selected, as the ratio in (C2) varies across policies.
First, suppose a fraction x of bank are restricted uniformly at random. After imposing
restrictions, an bank with k0 susceptible links may only have k susceptible links, with k ≤ k0 ,
as some of its neighbors may be restricted. In addition, the probability that a subset of k
neighbors is not restricted is (1 − x)k , whereas the probability that the remaining neighbors

are restricted is xk0 −k . Because there are kk0 different subsets of k neighbors, the distribution
of susceptible links among nonrestricted banks is
P′n

(k) =

X

k≥k0

pαk0

 
k0
(1 − x)k xk0 −k ,
k

and thus,
E′n [k] = hki(1 − x)

and

E′n [k 2 ] = hk 2 i(1 − x)2 + hkix(1 − x),

(C3)

where expectations with superscript prime denote expectations after implementing restrictions. After banks are restricted, large cascading failures arise if and only if
E′n [k 2 ]
≤ 2.
n→∞ E′n [k]
lim

(C4)

It then directly follows from substituting equation (C3) into equation (C4) that x∗ must
satisfy
x∗ = 1 −

hki
.
− hki

hk 2 i

Now, suppose banks with the highest number of susceptible links are restricted. The
following computations follow closely the ideas in Cohen et al. (2001). Restricting banks
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with more than K(x∗ ) susceptible links is approximately equivalent to restrict a fraction x∗
of banks, where x∗ satisfies
K(x∗ )

x∗ = 1 −

X

pαk .

k=0

Take an bank with k susceptible links. The fraction of susceptible links attached to all
banks with k susceptible links equals

kpα
k
.
hki

As a consequence, the fraction of susceptible links

attached to restricted banks is

s(x∗ ) =



1 
hki

n−1
X

k=K(x∗ )+1



kpαk  = 1 −



K(x∗ )

1 
hki

X
k=0



kpαk 

Because imposing restrictions on a set of banks can be represented by the removal of
such banks and their linkages, the optimal policy x∗ must satisfy
s(x∗ ) = x∗ = 1 −

hk(x∗ )i
.
hk(x∗ )2 i − hk(x∗ )i

Therefore,
hk(x∗ )i
1 − s(x∗ ) =
hk(x∗ )2 i − hk(x∗ )i
 ∗

PK(x∗ ) α
K(x )
1  X α
kpk
kpk
= PK(x∗ ) k=0 PK(x
∗)
α
α
2
hki k=0
k=0 kpk
k=0 k pk −

 ∗
PK(x∗ ) α
K(x )
X
1 
kpk
α
kpk
= PK(x∗k=0
)
α
hki k=0
k=0 k(k − 1)pk
K(x∗ )

hki =

X

k(k − 1)pαk .

(C5)

k=0

which determines the condition under which large cascades of distress emerge.
Preventing large cascades in Poisson networks. Suppose n is sufficiently large. If the
policymaker cannot identify whether some banks will exhibit more susceptible links than
45

others, then
∗

x

 
1
= 1−
.
α

However, if the policymaker is able to identify which banks will exhibit the highest number
of susceptible links, then



 ∗

K(x )
k
X αk
X
α
 , where K(x∗ ) satisfies α = e−α 
.
= 1 − e−α 
k!
(k
−
2)!
k=0
k=2
K(x∗ )

x∗

The derivation of the above equations uses the following arguments. For a Poisson
distribution with parameter α, the first two moments are given by hki = α and hk 2 i = α2 +α.
Thus, when restricting at random, the optimal policy is given by x∗ = 1 − α1 . Provided that
k

pαk = e−α αk! , a direct application of condition (C5) yields


K(x∗ )

x∗ = 1 − e−α 





K(x∗ )



X
X α
α
 , where K(x∗ ) satisfies α = e−α 
.
k!
(k − 2)!
k=0

k

k=2

k

Preventing large cascades in Power-law networks. Suppose n is sufficiently large. If the
policymaker cannot identify whether some banks will exhibit more susceptible links than
others, then

x∗ =




1 −

2−α
3−α



1



k0 − 1

−1

if α > 3
if 1 ≤ α ≤ 3.

However, if the policymaker is able to identify which banks will exhibit the highest number
of susceptible links, then
K(x∗ )
∗

x

= 1−

X
k=0
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k −α .

where K(x∗ ) satisfies


K(x∗ )
k0

2−α



−2 =

2−α
3−α





k0

K(x∗ )
k0

3−α

!

−1 .

The derivation of the above equations uses the following arguments. A continuous Powerlaw distribution with parameter α, minimal value k0 , and maximum value K, satisfies





α−1
α−1
2
α−1 3−α
hki =
and hk i = k0 K
if 1 < α < 2
α−2
α−3




α−1
α−1
and hk 2 i = k0α−1 K 3−α
if 2 < α < 3
hki = k0
α−2
α−3




α−1
α−1
2
2
hki = k0
and hk i = k0
if 3 < α
α−2
α−3
k0α−1 K 2−α

As a consequence, when K grows large,

hki = k0



α−1
α−2



if α > 2

and

2

hk i =

k02



α−1
α−2



if α > 3

and they diverge in all other cases.
Now, consider the case when the policymaker cannot differentiate among banks before
implementing her policy. Using the above equations and the condition that determines the
emergence of large cascading failures, it is easy to show that

x∗ =

as n grows large.




1 −


1

2−α
3−α



k0 − 1

−1

if α > 3
if 1 ≤ α ≤ 3.

When the policymaker can identify banks with the highest number of susceptible links,
kx
X

k(k − 1)pk = hki

k=k0
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determines the emergence of large cascading failures. Because the network follows a Powerlaw distribution with parameter α, the above equation is equivalent to

(α −

1)k0α−1



kx3−α − k03−α kx2−α − k02−α
−
3−α
2−α

kx
k0

3−α



= k0



α−1
α−2



which is equivalent to


k0
3−α

 

−1

!

−



1
2−α

 

kx
k0

2−α

−2

!

= 0,

and thus, kx can be derived from α.
The importance of the network topology when preventing large cascades. The previous
analysis underscores two important results. First, networks of different nature exhibit different susceptibility to contagion, imposing distinct challenges to policymakers when trying to
prevent large cascading failures. To see this, suppose banks are restricted at random. If the
network exhibits a Poisson distribution, the fraction of banks that needs to be restricted is
significantly lower than 1. However, if the network exhibits a Power-law distribution with
1 ≤ α ≤ 3, then preventing large cascading failures becomes unfeasible as xH < 1. Large
cascading failures cannot be prevented as too many banks continue to be connected to banks
with a very large number of susceptible links, even after a large fraction of banks is restricted.
Second, the ability of the policymaker to avoid large cascading failures in some networks
heavily depends on how restricted banks are selected, and thus, the knowledge available
to the policymaker about the network’s structure may be critical. For instance, when the
network exhibits a Power-law distribution with 1 ≤ α ≤ 3, the policymaker is able to prevent
large cascading failures only if she can identify the most contagious banks.

Appendix D

Figures

This section contains the figures mentioned in the body of the paper.
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(b) Optimal selection of restricted banks and policies that prevent large cascades

Figure 3. Optimal policies with Poisson networks. π = 1, λ = 0.95, κ = 10−4 , and n = 20.
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(b) Optimal selection of restricted banks and policies that prevent large cascades

Figure 4. Optimal policies with Power-law networks. π = 1, λ = 0.95, κ = 10−4 , and
n = 20.
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(b) Optimal selection of restricted banks

Figure 5. Optimal policies with Poisson networks and model uncertainty (θ = 20). π = 1,
λ = 0.95, κ = 10−4, ᾱ = 5, and n = 20.
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(b) Optimal selection of restricted banks

Figure 6. Optimal policies with Poisson networks and model uncertainty (θ = 104 ). π = 1,
λ = 0.95, κ = 10−4, ᾱ = 5, and n = 20.
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(b) Optimal selection of restricted banks

Figure 7. Optimal policies with Power-law networks and model uncertainty (θ = 20).
π = 1, λ = 0.95, κ = 10−4 , ᾱ = 5, and n = 20.
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(b) Optimal selection of restricted banks

Figure 8. Optimal policies with Power-law networks and model uncertainty (θ = 104 ).
π = 1, λ = 0.95, κ = 10−4 , ᾱ = 5, and n = 20.
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