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Abstract

Bank lending shocks affect firm behaviour and permeate, via firm inter linkages,
throughout the real the economy. In this paper, we investigate how the structure of
the real economy determines the aggregate real influence of individual banks. Data
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tions of the Belgian economy allows us to reconstruct (a) the firm–level input–output
production architecture of the Belgian economy and (b) the credit network support-
ing it. These objects allow us to structurally quantify and decompose the network
origins of individual bank influence. We then study how the current structure of
the Belgian economy affects the size of aggregate real GDP fluctuations induced
by shocks from individual banks. Lastly, we revisit the Lucas (1976) argument –
i.e. the rate at which this aggregate effect vanishes as the number of banks in the
economy increases. We show that our analysis speaks to key research questions
related to financial sector competition policy, strategic bank lending and various
macro prudential topics.

Keywords: Shock propagation · Input–output linkages · Bank–level influence
JEL classification: E32 · E51 · D85 · F41

∗The authors wish to thank Vasco Carvalho, Frank Smets, Raf Wouters, Hans Degryse, Olivier De
Jonghe and audiences at KU Leuven, National Bank of Belgium, European Central Bank. Joris Tie-
lens gratefully acknowledges the financial support from the Research Foundation Flanders. The views
expressed in this paper are those of the authors and do not necessarily reflect the views of the National
Bank of Belgium, the Eurosystem or any other institutions to which the authors are affiliated. All
remaining errors are our own.
†National Bank of Belgium, KU Leuven, & CESifo.
‡KU Leuven, National Bank of Belgium.
§KU Leuven.

1



1 Introduction

There is a long and well–established tradition in the macroeconomic liter-

ature of adding financial frictions to standard macroeconomic models in

order to show the importance of the banking sector for real business cycle

fluctuations (Bernanke and Gertler, 1989; Bernanke and Blinder, 1988).

In most models, the banking sector acts either (i) as an amplification

mechanism of shocks originating elsewhere in the economy or (ii) as an

exogenous source of shocks.1 In the latter case, these models typically

appeal to aggregate shocks, common across all banks, in order to explain

aggregate fluctuations (e.g. Gerali et al. (2010); Andrés et al. (2013);

Andrés and Arce (2012)). Idiosyncratic – bank specific – shocks to credit

supply to firms are not taken into account as a material source of business

cycles. Algebraically, this assumption enters these models through the in-

clusion of a representative bank (or atomistic banks) instead of a finite set

of heterogeneous banks. The diversification argument by Lucas (1977)2

justifies this approach: the real effects of idiosyncratic variation in lending

from individual banks cancel out, implying that bank specific shocks are

irrelevant for the study of fluctuations in macroeconomic aggregates.

Although aggregate shocks to credit supply are without any doubt

important, recent empirical research identifies idiosyncratic credit–supply

shocks of individual banks as important drivers of macroeconomic vari-

ables, e.g. (i) aggregate investment (Amiti and Weinstein, 2016; Amador

and Nagengast, 2016), (ii) gross domestic product (Buch et al., 2014; Buch

and Neugebauer, 2011), (iii) international trade patterns (Dewachter et al.,

1When financial frictions act as amplification mechanisms, a shock originates in the
non–financial sector (e.g. exogenous changes in productivity, preferences, etc.) and
is consequently aggravated by financial frictions. Such models include Bernanke and
Gertler (1989); Bernanke et al. (1999); Carlstrom and Fuerst (1997). Alternatively,
the initial disruption arises in the financial sector without initial changes in the non-
financial sector. Typically, financial frictions cause fewer funds to be channelled from
banks to borrowers which in turn affects the real economy. Standard models include
Kiyotaki and Moore (2012); Del Negro et al. (2010); Gertler and Karadi (2011); Chris-
tiano et al. (2010).

2Not to be confused with the well-known Lucas (1977) critique about behavioural
changes in macroeconomic models.
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2017; Niepmann and Eisenlohr, 2014), (iv) aggregate employment (Green-

stone et al., 2014), (v) economywide total factor productivity growth

(Manaresi and Pierri, 2018), etc.

In view of this disconnect between (i) traditional macro models and

(ii) the emerging empirical evidence, we revisit the scale of aggregate real

GDP fluctuations due to bank specific credit supply shocks in a New–

Keynesian (NK) set–up. Our model features three sources of heterogene-

ity that are shown to attenuate the extent to which bank–specific credit

supply shocks cancel out in the aggregate. (i) First, we embed a hetero-

geneous firm–level input–output structure into the model (in the spirit of

Long and Plosser (1983)) where firms rely on each other for intermediate

input requirements. (ii) Second, we allow for heterogeneity in the level of

value added that individual firms produce. (iii) Finally, we introduce a

monopolistic banking sector (a variant to Gerali et al. (2010); Cuciniello

and Signoretti (2015)) featuring a firm–bank credit network and hetero-

geneous collateral constraints. The model is set up such that – under

extreme parametrizations – the framework nests the NK models of Ia-

coviello (2015, 2005); Pasten et al. (2018a,b); Carvalho and Lee (2011)

and IO–like models of Bremus et al. (2018); Gabaix (2011); Acemoglu

et al. (2012).

The general equilibrium of the model is analytically tractable and

delivers an influence measure for individual banks. The latter summarizes

the extent to which credit of an individual bank supports value added

creation in the economy. Key to our framework is that the effect of a shock

to credit conditions from an individual bank (in casu, cost of debt and

collateral requirements) does not remain confined to its borrowing firms,

but permeates across the production architecture of the real economy and

endogenously affects credit constraints elsewhere in the economy. The

total influence of an individual bank on real gdp is then determined by

the extent the bank, both directly and indirectly (via the input–output

structure), affects value added creation by individual firms in the real

economy.
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We show that two interlocked networks (in casu individual firm credit

portfolios and the production architecture of the real economy) potentially

introduce large asymmetries in the influence of individual banks. Stated

differently, some banks intensively support – directly and/or indirectly

– value added of the non–financial sector, whereas other banks are only

marginally connected to firms involved in value added creation. Con-

sequently, when some banks are asymmetrically influential, their credit

supply shocks do not easily cancel out with that of other banks – even

when the number of banks in the economy is large. We derive closed form

expressions to characterize this relationship between (i) the asymmetry

in bank influences, (ii) the number of banks in the economy and (iii)

aggregate real GDP fluctuations.

The model is calibrated to the Belgian economy. The backbone of

our calibration exercise relies on three confidential databases provided

by the National Bank of Belgium; (i) the corporate credit register, (ii)

the Business–to–Business database and (iii) value added tax declarations.

The first datasource provides detailed information on the population of

loans from banks to firms (as well as underlying collateral). It allows

us to calibrate the credit network that ties banks to firms and loan–

to–value ratio’s that banks demand from firms. The second contains a

quasi exhaustive list of all business–to–business transactions between VAT

liable Belgian firms. We use it to calibrate an input–output matrix at the

firm level.3 Finally, the VAT declarations allow us to directly observe

value added from individual firms. In sum, the three datasets allow us to

reconstruct the production architecture of the Belgian economy as well as

the credit network supporting it.

We find that the true structure of the Belgian economy, bank specific

3While there has been an increased interest in shock propagation across networks,
the available firm–to–firm data is often restricted in terms of the (i) sectoral coverage
(see e.g. Acemoglu et al. (2015a)), (ii) geographical coverage (see e.g. Carvalho et al.
(2015) ), (iii) reporting thresholds (see e.g. Atalay et al. (2011); Bernard et al. (2015)),
(iv) nominal quantification of business relationships (see e.g. Kelly et al. (2014); Car-
valho et al. (2015)) or (v) level of aggregation (see e.g. Acemoglu et al. (2012); Shea
(2002)). The B2B is unrestricted in aforementioned dimensions.
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shocks have material aggregate effects; Their aggregate effect is 60% as

large as that of a common shock of similar size that affects all banks.

This underscores that the widespread practice of discarding bank–specific

shocks in macro models is highly restrictive. In the full symmetric Belgian

economy, this multiplier is only 10% of what an aggregate bank shock

would generate. We show that asymmetries in the credit network and

the production economy reinforce each other, i.e. banks that dispropor-

tionally lend to firms that create a lot of value added are also indirectly –

through IO interactions – very supportive to value added creation of firms

elsewhere in the economy to which they do not lend directly.

We quantify and decompose the influence of individual banks to dis-

entangle the (network) origins of individual bank influence in the Belgian

economy. We show that the most banks derive their real influence from

lending directly to firms that produce value added (∼ 70%). The remain-

ing 30% of bank–level influence is obtained from indirect shock propaga-

tion throughout the real economy. Nonetheless, this influence structure

of banks is very heterogeneous, e.g. some banks obtain most of their

influence from shock propagation whereas some banks derive all of their

influence from lending to large firms. Importantly, we show that bank size

does not map one–to–one with our influence measure. The reason is that

a small bank (in terms of credit volume) can have a significant impact on

the aggregate economy if it supports key activities in the real economy

whereas a large bank might not.

We distill three important policy implications from the analysis. First,

the input–output structure of the real economy as a vehicle through which

bank shocks propagate is an important feature in the context of skewed

sector presence. Skewed sector presence implies that some individual

banks are dominant credit providers to firms in specific (non–financial)

sectors (e.g. Boeve et al. (2010); De Jonghe et al. (2016); Paravisini et al.

(2014)).4 An important takeaway from our framework is that special-

4Skewed sector presence, arising from bank specialization, is widespread. E.g. it is
not uncommon for specific industries to be exclusively served by a single bank.
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ization of banks can lead to increased macroeconomic volatility as bank

shocks propagate, via their respective sector of specialization, to all other

other firms that rely on inputs from this sector. E.g. we show that, for

Belgium, in the aftermath of the financial crisis, such shifts in strategic

bank lending have caused an increase in macroeconomic volatility.

The Herfindahl–Hirschmann index (HHI) is a popular policy measure

to quantify financial sectoral competition, concentration and financial sec-

tor stability. It is often used to identify potentially disruptive M&A’s given

that an increase in the HHI is often associated with increased macroeco-

nomic volatility Bremus (2015); Bremus and Buch (2017); Bremus et al.

(2018). We show that the HHI is only marginally informative about

macroeconomic volatility. The reason is that the HHI focuses exclusively

on market shares. Our framework, instead, focuses on the (in)direct role

that the borrowing NFCs in the banks’ portfolio play in the real econ-

omy. M&A activity in the banking sector might lead to an increase in

the HHI, but might enhance symmetry in the real economy, which lowers

volatility. We show that the HHI has effectively remained relatively stable

in Belgium over the last decade whereas macroeconomic volatility from

bank–specific shocks has increased.

Finally, the role of shock propagation through production networks

also speaks to the identification of significant banks. In a European con-

text, following SSM regulation, such identification is i.a. based on con-

cepts such as size – “too big to fail” – and interconnections – “too inter-

connected to fail” (Freixas et al. (2000); Allen and Gale (2000); Acemoglu

et al. (2015b)). The latter principle refers to connections arising from

inter bank claims and connections to highly leveraged shadow financial

institutions. Our view on interconnectivity complements this more tradi-

tional notion of financial sector connectedness and focuses on the way the

production architecture of the economy is matched to the banking sector.

Literature & Contribution. Most directly, this paper contributes to

the emerging literature on the micro origins of aggregate fluctuations.
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Although it has been a topic of interest in both the real business cycle

literature and the financial economics literature, both research areas de-

veloped largely in isolation from each other. Our focus on the financial

micro origins of aggregate real fluctuations bridges the gap between these

two research areas.

For the real economy, Gabaix (2011) was the first to develop the view

that a large part of aggregate fluctuations arises from idiosyncratic pro-

ductivity shocks to large individual firms. Empirical evidence strongly

supports this view in the case of aggregate exports (Di Giovanni et al.,

2014), GDP (Gabaix, 2011), the trade balance (Canals et al., 2007), etc.

A related literature, originating from the seminal contribution of Long

and Plosser (1983), explores the role of production networks in generat-

ing aggregate fluctuations in GDP. Idiosyncratic productivity shocks to

individual sectors are found to propagate throughout the economy via

input-output linkages, causing comovement across sectors and ultimately

leading to aggregate fluctuations in GDP (see e.g. Shea (2002); Horvath

(1998); Foerster et al. (2011); Dupor (1999); Conley and Dupor (2003);

Acemoglu et al. (2012)). More recently, this network view has been taken

to the firm level (e.g. Kelly et al. (2014), Carvalho et al. (2015), Carvalho

(2014), Baqaee (2016), Stella (2015), Magerman et al. (2015), Dewachter

et al. (2017), etc.).

A parallel, but distinct, literature has focused on how the architecture

of the financial system works as an amplification mechanism of shocks

to individual banks. Early contributions include Freixas et al. (2000)

and Allen and Gale (2000) who investigate how inter–bank claims affect

the resilience of the aggregate financial system to the insolvency of any

individual bank. This network view has been central in subsequent con-

tributions as well (e.g. Dasgupta (2004); Elliott et al. (2014); Allen et al.

(2012); Acemoglu et al. (2015b)).5

5Anecdotal evidence of the financial crisis (e.g. Brunnermeier and Pedersen (2009))
and the empirical banking literature (e.g. Degryse and Nguyen (2007); Haldane and
May (2011)) establish the relevance of these mechanisms.
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More generally, this paper is part of a larger agenda that investigates

the impact of credit frictions on the real economy. Credit frictions are

found to distort key economic activities, e.g. investment (Almeida and

Campello, 2007), export (Paravisini et al., 2015; Amiti and Weinstein,

2011; Strasser, 2013), pricing behaviour (Strasser, 2013), etc. While most

of these studies offer compelling micro-level evidence that individual banks

matter for individual firms, they have not addressed the question of how

important individual intermediaries are in determining their aggregate

counterpart. An emerging (but exclusively empirical) literature aims to

fills this gap (e.g. Amiti and Weinstein (2016); Buch and Neugebauer

(2011); Niepmann and Eisenlohr (2014)). This paper is the first to for-

mally identify the exact mechanisms and preconditions that drive these

empirical results.

Although this contribution is not the first paper to show that bank

shocks spread through a network, our paper is the first to show how

these shocks propagate and amplify through interlocked networks (in casu

individual firm credit portfolios and the production architecture of the real

economy). Our empirical results reveal patterns that remain hidden when

using isolated datasets.

The remainder of the paper is organized as follows. Section 2 presents

a basic economic environment. Section 3 analyses the log linearised model

and relates the size of aggregate real volatility to the structure of the econ-

omy. Section 4 discusses the data sources and calibration exercise under-

lying the analysis of the model in section 5 and 6. Section 7 concludes.

All proofs and mathematical details are relegated to the appendix.

2 The model

The model is a variant of the standard New Keynesian (NK) model from

which we make three key departures; (i) a heterogeneous firm–level input–

output structure in the spirit of Long and Plosser (1983) where firms rely

on each other for intermediate input requirements, (ii) heterogeneity in
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the level of value added individual firms produce, (iii) a monopolistic

banking sector featuring a firm–bank credit network and heterogeneous

collateral constraints. The model is set up such that, under extreme

parametrizations, the framework nests the NK models of Pasten et al.

(2018a,b) and Iacoviello (2005) and IO models analyzed in Bremus et al.

(2018); Acemoglu et al. (2012); Gabaix (2011).

2.1 Households

A large number of infinitely lived households exist. Households derive

utility from non–durable consumption, land holdings and leisure. The

representative household maximizes the additive separable utility function

E0

[ ∞∑
t=0

βt
(

log(ct) + ιht −
J∑
j=1

gj
l1+ϕ
jt

1 + ϕ

)]
where ct is an aggregate household consumption bundle, ht denotes hold-

ing of land, and ljt denotes the hours of labour supplied to firm j. The

parameters β, ϕ, ι and {gj}Jj=1 denote the discount factor, the inverse of

the (Frisch) elasticity of labor supply, relative land utility and the rela-

tive disutilities of supplying labour to individual firms, respectively. The

aggregate consumption bundle is defined as

ct =
( J∑
j=1

θ
1
η

j c
1− 1

η

jt

) η
η−1

J∑
j=1

θj = 1 ∧ θj ∈ [0, 1] ∀k (1)

where cjt denotes consumption of goods produced by firm j and θ collects

the steady state share of good j in household consumption. If θj = 0, firm

j does not sell to households directly. The price index associated with

aggregate consumption, Pt, is defined as

Pt =
( J∑
j=1

θjP
1−η
jt

) 1
1−η
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where Pjt denotes the nominal price of goods from firm j. The households’

demand schedule for goods from firm j is

cjt = θj
(Pjt
Pt

)−η
ct

The budget constraint, in real terms, is given by

ct + qt(ht − ht−1) +
Rt−1dt−1

πt
= dt +

J∑
j=1

wjtljt +

J∑
j=1

∆jt +

B∑
b=1

∆bt

Where πt ≡ Pt/Pt−1 denotes the gross inflation rate, qt ≡ Qt
Pt

is the real

land price, wjt ≡ Wjt/Pt is the real wage paid by firm j. ht denotes the

stock of land owned by the household. We assume that nominal, risk–free,

one–period bank deposits dt ≡ Dt/Pt are the only financial asset available

to households. Dt pays an interest rate Rt set by the monetary authority.

πjt and πbt are lump sum firm and bank profits, respectively, which are

channelled to households.

The first order conditions w.r.t. {ct, dt, ljt, ht}∞t=0 deliver firm–level

labour supply schedules (2a), Euler equation (2b) and demand for land

(2c)

wjt = gj l
ϕ
jtct (2a)

1

ct
= βEt

( Rt
ct+1

)
(2b)

qt
ct

=
ι

ht
+ βEt

(qt+1

ct+1

)
(2c)

2.2 Production

Production in the economy is shaped by J monopolistic competitive firms.

Firm j produces quantity yjt according to the constant returns to scale

Cobb–Douglas technology

yjt = Aj
(
n
φj
jtm

1−φj
jt

)δj
k

1−δj
jt s.t. φj , δj ∈ [0, 1] and δj < 1
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where njt, mjt and kjt denote (i) hired household labour, (ii) an inter-

mediate input bundle and (iii) capital services, respectively. The first

constraint imposes constant returns to scale in variable inputs. The sec-

ond ensures the existence of a stable equilibrium. Aj is an innocuous

technology parameter.6 The intermediate input bundle mjt

mjt =
( J∑
j′=1

ω
1
η

jj′m
1− 1

η

jj′t

) η
η−1

J∑
j′=1

ωjj′ = 1 ∧ ωjj′ ∈ [0, 1] ∀k, k′

is a Dixit–Stiglitz aggregate over intermediate inputs sourced from other

firms; mjj′t denotes the amount of goods that firm j procures from firm

j′. Optimal demand schedules for intermediate goods are given by

mjj′t = ωjj′
(Pj′t
Pωt

)−η
mjt

where Pωt =
(∑J

j=1 ωjj′P
1−η
jt

) 1
1−η

is the input–cost index of firm j. Ω ∈
RJ×J with generic element ωjj′ denotes the input–output matrix of the

economy at the firm level, describing the flow of intermediates across the

economy. ωjj′ = 0 if firm j does not directly buy from firm j′ and the

larger ωjj′ , the more important firm j′ is as an input supplier to firm

j. This interconnected production architecture leaves firms exposed to

distress originating with other firms.

Firms are further characterized by staggered price setting consistent

with a Calvo (1983)–Yun (1996) framework. Firm j has a probability of

1 − αj to reset its price each period and is thus faced with the following

dynamic price setting problem

Max
P∗jt

Et
∞∑
s=0

αsjΛt,t+s(Pjtyjt+s −MCjt+s(Wjt+s, P
ω
jt+s, Fjt+s)yjt+s)

6It is a normalization constant introduced for convenience when loglinearizing the
model. Its value does not affect volatility of gross domestic product, the main quantity
of interest in this paper.
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Where Λt,t+s ≡ βsct
ct+s

Pt
Pt+s

is the stochastic discount kernel between period

t and t + s. Fjt is the capital rental rate and MCjt(·) denotes nominal

marginal costs and is defined as

MCjt =
(Wjt

δjφj

)δjφj( Pωjt
δj(1− φj)

)δj(1−φj)( Fjt
1− δj

)(1−δj)
after imposing the optimal mix of variable inputs.

The production process of firm j is overseen by an entrepreneur (which

we consider as integrally part of firm j and thus indexed as such). En-

trepreneur j does not receive wages, but receives income from combining

its own land holdings h̃jt with labour from the household ñjt to produce

capital services kjt for firm j

kjt = (ñ′jt)
1−νj (h̃′jt−1)1−νj

We assume entrepreneur j to consume and to maximize the utility function

E0

∞∑
t=1

γtc̃jt (γ < β)

subject the flow of funds in real terms

fjtkjt + sjt = c̃jt + qt(h̃jt − h̃jt−1) +
Rjt−1sjt−1

πt
+ wjtñjt

where for simplicity, but w.l.o.g., we assume that entrepreneur j has the

same taste for varieties as households: c̃jt =
(∑J

j=1 θ
1
η

j (c̃jt)
1− 1

η

) η
η−1

.

Along the lines of Iacoviello (2015) and Kiyotaki and Moore (1997),

we cap the amount of bank debt firm j can obtain. More precisely, banks

impose a collateral constraint on entrepreneur j: the nominal loan gross of

interest payments cannot exceed a certain fraction (the pledgeability ratio)

of the expected nominal resale value of the entrepreneurs land holdings.
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The collateral constraint can be expressed in real terms as,

sjt ≤ `jtEt
qth̃jtπt
Rt

Define λjt as the shadow value of the borrowing constraint. Optimizing

w.r.t. {c̃jt, h̃jt, sjt, ñjt}∞t=0 then yields an (i) Euler equation, (ii) real

estate demand and (iii) labor demand schedule

1

c̃jt
= Et

( γRjt
c̃jt+1

)
+ λjtRjt

qt
c̃jt

= Et
( γ

c̃t+1

(
νj
kjt

h̃jt
+ qt+1

)
+ λjt`jtπt+1qt+1

wjt = (1− νj)kjtfjt/ñjt)

Where the equations show that a tightening of the loan–to–value ratio (or

a drop in the value of pledgaeble collateral) curtails the amount of capital

services and thus production capacities, yjt.

2.3 Banks

Banks are assumed to intermediate all credit flows between households

(savers) and firms (borrowers). We assume that banks are perfectly com-

petitive on the deposits market, and so they take the nominal deposit

rate, Rt, which is set by the central bank, as given. However, competition

in the loans market is imperfect, so each bank enjoys some monopolistic

power when providing working credit to firm k.

Following Gerali et al. (2010), we assume that units of loan contracts

are a composite constant elasticity of substitution basket of slightly dif-

ferentiated financial products – each supplied by a different bank

Sjt =
( B∑
b=1

ψ
1
µbt

jb S
1− 1

µbt

jbt

) µbt
µbt−1
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Where Sjbt denotes demand for credit of firm j from bank b. Optimal

demand schedules of firm j

Sjbt = ψjb

(Rjbt
Rjt

)−µbt
Sjt

Ψ ∈ RJ×B , with generic element ψjb introduces a bank–firm credit net-

work into the model. Ψ fixes the extensive margin; ψjb > 0 (ψjb = 0)

if bank b lends (does not lend) to firm j. The CES specification allows

for substitution in the intensive margin, i.e. across existing bank—firms

relations. In the steady state, Ψ introduces the feature that some banks

are large/small or intensively/marginally connected to firms in the real

economy.

Bank b sets the interest rates on credit to firm j, rjbt, in order to

maximize a discounted stream of profits

E0

∞∑
s=0

Λt,t+sPt+s∆bt+s

subject to credit demand schedules and a flow of funds

∆bt +Rt−1dbt−1πt +

J∑
j=1

sjbt =

J∑
j=1

rjbt−1sjbt−1πt + dbt

In addition, bank b has to abide its balance sheet identity,
∑J
j=1 sjbt ≡ dbt,

which implies that real profits simplify to πbt+1 = (
∑J
j=1Rjbtsjbt−Rt)sjbt.

Optimal interest rate set to firm k are then rjbt = µbt
µbt−1Rt.

2.4 Monetary Authority

The monetary authority sets the gross short–term nominal interest rate,

Rt, according to a Taylor rule

Rt =
1

R

( Pt
Pt−1

)φπ(gdpt
gdp

)φgdp
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where R and GDP are the steady state policy rate and real gross domestic

product. Note that, in our model with intermediate inputs, gdpt and

economy wide production
∑J
j=1 yjt do not collapse.

2.5 Market Clearing

The model equilibrium is characterized by an allocation of quantities

and prices that satisfy (i) the households/entrepreneurs optimality con-

ditions and budget constraint, (ii) the firms optimality conditions, (iii)

the monetary policy rule, (iv) the bank balance sheet identity and (v)

market clearing conditions; {dt =
∑B
b=1 dbt}, {lt =

∑J
j=1(njt + ñjt)},

{h = ht +
∑J
j=1 h

′
jt}, {yjt = cjt +

∑J
j=1 c̃jt +

∑J
j′=1mj′jt}Jj=1. Where

the expressions represent, respectively, the asset market clearing condi-

tion, the labour market–clearing condition, the fixed stock of land, market

clearing and Walras’ law.

2.6 Exogenous processes

We assume the following processes on the shocks of the model

log(`bt) = ε
(`)
t + ε

(`)
bt

log(
µbt

µbt − 1
) = ε

(r)
t + ε

(r)
bt

where ε
(`)
t , ε

(r)
t represent an aggregate shock to LTV and borrowing rates,

respectively. ε
(`)
bt and ε

(r)
bt capture the bank–specific idiosyncratic shocks

to aforementioned variables. Aggregate and bank–specific shocks follow

an AR(1) process and share lag coefficients ρ` and ρr, respectively.

2.7 Log linearised model

We solve the model by log–linearizing the equilibrium conditions around

the deterministic zero–inflation steady state. The appendix E provides a
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detailed derivation of the steady–state equilibrium as well as the full set

of log–linearized equations.

2.8 Relation to the literature

In general, our model combines a standard amplification mechanism brought

about by financial frictions (such as analysed by Kiyotaki and Moore

(1997)) with an amplification mechanism in the real economy caused by

firm–to–firm interactions (such as analysed by e.g. Long and Plosser

(1983)). Both amplification mechanisms are often analysed in isolation.

E.g. as shown in appendix E, the one–sector version of our model collapses

to that analyzed in Iacoviello (2005). Alternatively, if we discard the role

of entrepreneurs, housing and financial frictions, the model tightly tracks

that elaborated by Pasten et al. (2018a,b). Mappings to other models are

further discussed in appendix E.

3 Theoretical results in a simplified frame-

work

We now investigate how (i) the production architecture of the economy

(Ω), the credit network supporting it (Ψ) and (iii) the concentration of

value added in the economy (θ) give rise to macroeconomic fluctuations

from small idiosyncratic bank shocks. We also assess the rate at which this

aggregate effect decays as the number of banks in the economy increases.

The theoretical results in this section hold under a set of simplifying as-

sumptions, which we gradually relax in the last subsection.

3.1 Simplifying assumptions

Assumption 1. Households have linear disutility of labor (ϕ = 0).
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Assumption 2. Monetary policy targets nominal gross domestic product

PtCt = PC

Assumption 3. All firms are equally capital intensive ({δj = δ}Jj=1).

Assumption 4. Entrepreneurs have zero consumption mass, {C ′jt =

0}Jj=1.

Assumption 5. We replace the Calvo (1983)–Yun (1996) framework of

staggerd price/rate setting of firms/banks by a simple rule. All prices are

flexible, but with a probability α, a firm has to set its price before observing

shocks. Thus,

Pkt =

{
Et−1[P ∗kt] with probability α

P ∗kt with probability 1− α

where Et−1 is the expectation operator conditional on the t−1 information

set.

Assumption 6. We make the following assumptions on the shock struc-

ture. Zero mean: Etε(`)t = Etε(r)t = Etε(`)
bt = Etε(r)

bt = 0, all shocks are

orthogonal and have a finite second moment, V(ε
(`)
t ) = V(ε

(r)
t ) = V(ε

(`)
bt ) =

V(ε
(r)
bt ) = σ < infty.

Assumption 1 and 2 jointly fix labour supply and pin down wages.

Assumption 3 implies that all firms are equally credit intensive. Assump-

tion 4 shuts down an amplification mechanism via collateral constraints.

Assumption 5 collapses the time dimension of the model impulse response

functions. Assumption 6 is not restrictive and is maintained throughout

the text.

3.2 Equilibrium and Propagation Mechanism

In our simplified model, aggregate real household consumption, ct, equals

total real value added (real gross domestic product). As shown in ap-
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pendix B, under simplifying assumptions (1)–(6), the expression for log

linearised real GDP is analytically tractable and given by (henceforth, hat

notation signals log linearised variables)

ĉt|B = ν′BιBεt + ν′Bεt|B (3)

where ιB is a unity vector of size B, εt is a common banks shock and εt|B
is the vector capturing bank specific shocks εbt defined in assumption 6.

Shocks to LTV ratios do not enter the simplified framework. Subscript

B (or |B) is henceforth included to denote the number of banks in the

economy. νB is the influence vector defined as

νB ≡ κΨ′B [I− Ω̃
′
]−1θ ; Ω̃ ≡ δ(1− α)ΦΩ, κ ≡ (1− δ)(1− α) (4)

where Φ is a diagonal matrix with φj on the diagonal. νB ≡ [ν1|B , . . . , νB|B ]′ ∈
RB×1 is a vector of multipliers (elasticities) that maps the vector of bank

shocks, εt|B , to aggregate GDP fluctuations. In that respect, νB quantifes

the aggregate real influence of B individual banks in the economy.

To develop more intuition w.r.t. the structure of νB , it is useful to

rewrite it as a converging Neumann series

νB = κΨ′B
( ∞∑
n=0

Ω̃
n
)
θ =

∞∑
n=0

ν
(n)
B (5)

The summands in the infinite sum capture the separate steps through

which shocks propagate throughout the real economy. Hence, the expres-

sion identifies the channels through which individual banks affects the real

economy. (4) is then interpreted as a collapsed impulse response function

(IRF) whereas (5) disentangles the steps of this IRF.7

7To see this more clearly, the first-order effect of εbt|B on real gdp is obtained for
n = 0

ν
(n=0)
b|B = κθ′ψb|B
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3.3 Aggregate volatility

From assumption 6 it is possible to decompose the standard deviation of

real gdp into an aggregate source and a bank–level source:√
V ar(ĉt|B) = ‖νB‖2σ︸ ︷︷ ︸

Bank–specific
origin

+ ‖νB‖1σ︸ ︷︷ ︸
Common bank

origin

(6)

where ‖νB‖2 =
√∑B

b=1 ν
2
b|B is the Euclidean norm of νB . In addition,

‖νB‖1 =
∑B
b=1 νb|B is the Manhattan norm of νB – i.e. the sum of the

elements in νB .

Note that ‖νB‖1 is a constant, the size of which depends on the struc-

ture of the economy but invariant to the number of banks in the econ-

omy.8 In contrast, as shown later, the size of ‖νB‖2 also depends on

the number of banks in the economy. This means that, as the number of

banks in the economy varies, the aggregate impact of bank–specific shocks

varies, whereas the impact of a common shock remains constant. More-

over, ‖νB‖2 depends on the structure of the economy (Ψ,δ, φ, Ω and θ).

This means that, as we consider alternative structures of the economy,

the aggregate impact of bank–specific shocks varies.

In the remaining sections we thus study how the structure of the bank–

to–firm network (Ψ), firm–to–firm network (Ω) and heterogeneity in value

added (θ) act as mechanisms through which individual bank shocks lead

where and ψb|B is the b’th column of the ΨB matrix. This expression shows that gdp
is affected because the firms borrowing from bank b are forced to downscale production.
However, aforementioned expression is not the end of the adjustment process. There is
a second–order effect as these contractions additionally affect all firms (including those
not borrowing from bank b) that rely on inputs from these firms. This is captured by
the second term in (5)

ν
(n=0)
b|B = κθ′Ω̃ψb|B

where Ω̃ quantifies the spillovers from affected firms to their immediate firm customers.
Continuing the propagation in this fashion, with higher order effects (n > 1), we have
that the total real effect of the shock from bank b is given by (4).

8More precisely, ‖νB‖1 = κ(
∑n

n=0 Ω̃n)ι.
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to aggregate fluctuations. To this end, we first investigate the size of ag-

gregate volatility generated by micro level volatility σ in an economy with

a given number of banks B and network structure (Ψ, Ω and θ). Second,

we assess the rate at which this aggregate effect decays as the number of

banks increases. That is, we investigate how fast ‖νB‖2 vanishes as B

increases.

To achieve these two objectives, we do not analyse νB directly. Recall

from (5) that νB can be rewritten as a Neumann series. The elements

of this infinite sum are positive. Hence, one can provide lower bounds on

the size and decay of ‖νB‖2 by incremently analyzing ν
(n=0)
b|B , ν

(n=1)
b|B , ....

Not only is this analytically more tractable, it also delivers direct insight

into the reason why some banks are more influential than others.

3.4 Disentangling the Network Origins of Bank Influ-

ence

3.4.1 First–Order Connections

This section analyses ν
(n=0)
B ≡ [ν

(n=0)
1|B , . . . ,ν

(n=0)
B|B ]′

νB ≥ ν(n=0)
B = κΨ′θB︸ ︷︷ ︸

First–order
outdegree of

banks

= κ


d

(1)
1|B
...

d
(1)
B|B

 (7)

where ≥ and = hold elementwise.

ν
(n=0)
B does not depend on the production structure of the real econ-

omy since shock propagation through production chains in the real econ-

omy is muted in the first order approximation. In ν
(n=0)
b|B , the influence of

bank b on real gdp depends only on its connection with firms that produce

value added. In order to quantify this notion, we define the first–order

outdegree firm k.

Definition 1. The first–order outdegree of firm j is defined as d
(1)
j|J ≡ θj.
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The set d
(1)
J = {d(1)

1|J , ...., d
(1)
J|J} is called the first–order outdegree sequence

of the real economy EB.

In d
(1)
j|J , the superscript (1) signals it is a first–order outdegree. The

subscript |J designates it is an outdegree for firms (not banks). The

first–order outdegree of firm j trivially equals its share in aggregate real

gdp. The motivation for including this trivial definition is to illustrate the

analogy with higher order outdegrees to be defined below. The first–order

outdegree of bank b maps this firm–level influence to banks, as is evident

from the following definition.

Definition 2. The first–order outdegree of bank b is defined as: d
(1)
b|B ≡∑J

j=1 d
(1)
j|J(1− δ)ψjb|B. The set d

(1)
B = {d(1)

1|B , ...., d
(1)
B|B}, is called the first–

order outdegree sequence of the financial sector in economy EB.

Since d
(1)
j|J quantifies the contribution of firm j in real gdp, d

(1)
b|B quan-

tifies the extent to which bank b lends to such firms. In general, here and

below, the credit network Ψ maps the firm–level influence to individual

banks.
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Figure 1: A graphical representation of two hypothetical economies.

We next define the coefficient of variation, which measures the asymmetry

in d
(1)
B
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Definition 3. Provided an economy EB with first–order outdegree se-

quence of the financial sector d
(1)
B , the coefficient of variation of d

(1)
B is

CV
d
(1)
B

≡

√
V(d

(1)
B )

d̄
(1)
B

(8)

where d̄
(1)
B ≡ 1

B

∑B
b=1 d

(1)
b|B is the average bank outdegree and V(d

(1)
B ) =(

1
B

∑B
b=1(d

(1)
b|B − d̄

(1)
B )2

) 1
2

is the population variance of d
(1)
B .

To ground the intuition of CV
d
(1)
B

, reconsider stylized economies E(i)
B .

If {θj = J−1}Jj=1, each bank supports an equal share of gdp, in which

case CV
d
(1)
B

= 0. To the extent that θ1 6= θ2 6= ..., some banks are better

tied to value added production than other, CV
d
(1)
B

increases.

The following proposition documents the impact of such an asym-

metric structure on the size of aggregate volatility caused by bank–level

shocks

Proposition 1. In economy EB, aggregate volatility satisfies

√
V ar (ĉt|B) ≥ (1− α)

(√√√√ B∑
b=1

(d
(1)
b|B)2

)
σ + ‖νB‖1σ

or, equivalently,√
V ar (ĉt|B) ≥ κ√

B

√
1 + CV 2

d
(1)
B

σ + ‖νB‖1σ

Proof: See appendix.

Proposition 1 posits that, for a fixed number of banks B, a larger

asymmetry in the first–order outdegree distribution of the financial sec-

tor implies a larger aggregate volatility that originates from bank–level

shocks. Intuitively, for a fixed B, the shocks from the influential banks

are not easily set off by shocks from other banks.
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In addition, proposition 1 posits that, for a constant CV
d
(1)
B

, a larger

number of banks in the economy implies a lower aggregate volatility that

originates from bank–level shocks. The reason is that, when B is small,

bank level idiosyncrasies generally have a smaller tendency to cancel out.

When B increases, following a law of large numbers type of intuition,

banks shocks tend to average each other out, resulting in smaller aggregate

fluctuations. The rate at which this happens depends on the distribution

of the first–order outdegree of the financial sector. It is then interesting

to verify what the bracketed expression in proposition 1 looks like for

relevant distributions of the first–order outdegree of the financial sector.

In general, the first–order outdegree sequence of a network is often

found to have power law tails (Clauset et al., 2009).9 In keeping with

Gabaix (2008), we define a power law as

Definition 4. The random variable X follows a power-law distribution

with shape parameter % when Pr(X > x) = ( xx0
)−% for x ≥ x0 and % > 0.

As shown in the appendix, the following proposition quantifies the rate

of decay of aggregate volatility if the first–order outdegree of the financial

sector follows a power law distribution

Corollary 1. Consider a sequence of economies {EB}B∈N with a power

law first–order outdegree sequence of the financial sector and shape pa-

rameter % ∈ (1, 2). Then aggregate volatility due to bank–specific shocks

satisfies √
V ar (ĉt|B) = Ω

( 1

B
%−1
%

)
where the Landau notation f(B) = Ω(g(B)) implies f(B) is bounded below

by g(B) asymptotically.

The corollary establishes that, if the distribution of the first-order

outdegree the financial sector is governed by a power law distribution,

9Stiglitz et al. (2011) finds that the number of clients per bank follows a power law.
Ennis (2001) finds that bank sizes can be characterized by a power law.

23



then aggregate volatility decays at a rate 1

B
%−1
%

. This rate becomes slower

as %→ 1, where % close to 1 means that the distribution of the first–order

outdegree which is very asymetric. Intuitively, when % is close to 1, only

a few banks have a large first–order outdegree (compared to the bulk of

other banks, which have a small first–order outdegree). Then, even when

the number of banks in the economy is very large, shocks to this minority

of influential banks do not easily cancel out with the bulk of less influential

banks.

Corrollary 1 is therefore useful when comparing the relative size of

aggregate volatility between economies with the same number of banks B

but a different asymmetry %, or vice versa. An important assumption un-

derlying corrollary 1 is that throughout the increase in B, the asymmetry

as governed by % should stay constant. E.g. if the number of banks in the

economy decreases because two banks merge, the net effect on aggregate

volatility depends on (i) the move of B to B − 1 and on (ii) whether

CV
d
(1)
B

increases or decreases.

Lastly, note that the standard diversification argument, based on the

central limit theorem, rate in the corollary allows for decay rates sig-

nificantly slower than the one predicted by the diversification argument:√
B.

The arguments in this subsection relied on a first–order approxima-

tion of the influence vector and ignored propagation of shocks through

production linkages. We take this step in the next subsection.

3.4.2 Second Order Connections

This section analyses ν
(n=0)
B + ν

(n=1)
B

ν
(n=0)
B + ν

(n=1)
B = κθ′ΨB︸ ︷︷ ︸

First–Order
Outdegree of

banks

+κθ′Ω̃ΨB︸ ︷︷ ︸
Second–Order
Outdegree of

banks

= κ


d

(1)
1|B
...

d
(1)
B|B

+ κ


d

(2)
1|B
...

d
(2)
B|B

 (9)

24



ν
(n=0)
B +ν

(n=1)
B not only takes into account that banks are influential be-

cause of their first–order interconnectedness. It also accounts for the fact

that the impact of a shock from bank b to its borrowers does not remain

confined with its borrowers. In a first step, the shock also propagates from

the corporate borrowers to their corporate customers. E.g. although an

electricity distributor typically represents a material share in gdp (large

d
(1)
j|J), this direct share underestimates its importance for aggregate gdp

given that a material share of other firms directly rely on this electricity

distributor for their production (i.e. d
(2)
j|J is large).

In order to formalize this notion, we define the second–order outdegree

of firm j.

Definition 5. The second–order outdegree of firm j is defined as d
(2)
j|J ≡∑J

j′=1 θj′ ω̃j′j = Ω. The set d
(2)
J = {d(2)

1|J , ...., d
(2)
J|J} is called the second–

order outdegree sequence of the real economy EB.

In general, d
(2)
j|J quantifies the extent to which firm j is a direct input

supplier to firms in the economy that sell to households. The second–

order outdegree of bank b captures the extent to which bank b lends to

firms with a high second–order outdegree

Definition 6. The second–order outdegree of bank b is defined as: d
(2)
b|B ≡∑J

j=1 d
(2)
j|J(1 − δ)ψjb|B = θ′ΩΨb|B. The set d

(2)
B = {d(2)

1|B , ...., d
(2)
B|B}, is

called the second–order outdegree sequence of the financial sector in econ-

omy EB.

d
(2)
b|B captures the fact that, for a bank to be influential for gdp, it need

not necessarily borrow to those firms that produce a lot of value added

(proposition 1). It can also be influential if it provides credit to these firms

that are important input suppliers to the firms that produce much value

added. Hence, the the information contained in d
(2)
b|B is fundamentally

different from that contained in d
(1)
b|B .

The next proposition refines proposition 1 using the additional infor-

mation of the firm–to–firm production network:
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Proposition 2. In economy EB, aggregate volatility satisfies

√
V ar (ĉt|B) ≥

√√√√ B∑
b=1

(d
(1)
b|B)2(1− α)σ +

√√√√ B∑
b=1

(d
(2)
b|B)2(1− α)σ + ‖νB‖1σ

or, equivalently,

√
V ar (ĉt|B) ≥

( 1√
B

√
1 + CV

d
(1)

b|B
+
θ′Ω̃ι√
B

√
1 + CV

d
(2)

b|B

)
κσ + ‖νB‖1σ

Proof: See appendix.

Proposition 2 shows how second–order interconnections, captured by

CV
d
(2)
B

, affect aggregate volatility. Proposition 2 is economically a more

interesting result as it captures not only the fact that some banks are

important credit providers to producers of the household good, but also

the more subtle notion that some firms are key input suppliers to afore-

mentioned firms, and banks gain influence when lending to these firms.

E.g. in economy E(II)
B , bank b has a zero first–order outdegree yet it is

influential since its borrower is a key input suppliers to all other firms.

The input–output structure of the real economy as a vehicle through

which bank shocks propagate is an interesting feature in the context of

skewed sector presence. Skewed sector presence implies that some individ-

ual banks are dominant credit providers to firms in specific (non–financial)

sectors (e.g. De Jonghe et al. (2016)). Following Proposition 2, this can

lead to increased macroeconomic volatility as bank shocks propagate, via

their respective sector of specialization, to all other other firms that rely on

inputs from this sector. In addition, it also alludes to the identification

of economic significance of banks (e.g. in the context of macropruden-

tial policy, state aid, etc.) and competition policy concepts (such as the

Herfindahl Index). We come back to these policy related questions at the

end of the paper.

We have the following counterpart to corrollary 1
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Corollary 2. Consider a sequence of economies {EB}B∈N where (i) the

first-order outdegree of the financial sector d
(1)
b|B follows a power law out-

degree sequence with shape parameter % ∈ (1, 2) and (ii) the second-order

outdegree of the financial sector d
(2)
b|B follows a power law outdegree se-

quence with shape parameter ζ ∈ (1, 2), then aggregate volatility due to

bank–specific shocks satisfies√
V ar (ĉt|B) = Ω

(
B−

(ν−1)
ν

)
where ν = Min{%, ζ}

where the Landau notation f(B) = Ω(g(B)) implies f(B) is bounded below

by g(B) asymptotically.

As before, this corollary establishes that, if the distribution of second-

order outdegree of the financial sector has a power law tail, then aggregate

volatility decays at a slower rate than predicted by the standard diversi-

fication argument.

The dominance property (see. Jessen and Mikosch (2006)) of the power

law bridges corrolary 1 and corrolary 2. For a sequence of economies in

which the empirical distributions of the first and second order outdegrees

of the financial sector have power law tails with shape parameters % and ζ,

the tighter bound for the decay rate of aggregate volatility is determined

by min{%, ζ}.10

3.4.3 Higher Order Bank Shocks

We now allow for shock propagation beyond the buyer–supplier relation-

ship and account for higher order relationships (e.g. customers of cus-

tomers). These interconnections in the real economy imply that bank

shocks are not confined to its immediate borrowers (as in section 3.2) or

corporate customers of these borrowers (as in section 3.3), but propagate

10In addition, if the first-order outdegree sequence of the financial sector does not
have a power law tail but the second-order does (or vice versa), then the power law
tail will dominate and the rate of decay is determined by the shape parameter of the
power law tail.
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further through the economy across the value chain.

To formally capture these complex patterns of interconnections, we

define the p’th order outdegree of firm j.

Definition 7. The p’th-order outdegree of firm j is defined as d
(p)
j|J ≡∑J

j′=1 θj′
[
Ωp−1

]
j′j

. The set d
(p)
J = {d(p)

1|J , ...., d
(p)
J|J} is called the p′th–

order outdegree sequence of the real economy EB.

where
[
Ωp
]
j′j

designates the (j′, j)’th element of Ωp. This (j′, j)’th

element quantifies the indirect share of firm j of order p in the production

function of firm j′. Note that for p = {1, 2}, this definition collapses to

{d(1)
j|J , d

(2)
j|J}, respectively. Analogously, the p’th order outdegree of bank b

is

Definition 8. The p’th–order outdegree of bank b is defined as: d
(p)
b|B ≡∑J

j=1 d
(p)
j|Jξkb. The set d

(p)
B = {d(p)

1|B , ...., d
(p)
B|B}, is called the p’th–order

outdegree sequence of the financial sector in economy EB.

The statistic captures the extent to which individual banks affect in-

fluential firms in the economy indirectly through input-output linkages in

the real economy. In general d
(p)
b|B captures these higher order intercon-

nections.

In general, for m ≥ 0 we have the following decomposition in outde-

grees

ν
(N=m)
B =


ν1|B

...

νB|B

 = κ

m∑
n=0


d

(n+1)
1|B

...

d
(n+1)
B|B


︸ ︷︷ ︸

(n+1)’th–Order outdegree

(10)

where the expression collapses to (7) and (9) for m = 0 and m = 1,

respectively. The generalization of proposition 1 and proposition 2 is
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Proposition 3. In economy EB, aggregate volatility satisfies

√
V ar (ĉt|B) ≥

( M∑
m=0

θ̃(Ω̃
′
)mι√
B

√
1 + CV

d
(m)

b|B

)
κσ + ‖νB‖1σ

Proof: See appendix.

Proposition 3 captures the role of higher order interconnections. It

captures the impact of cascade effects, where a bank induced firm shock

propagates, not only to its immediate corporate customers, but also to

customers of customers and higher order relationships in the real econ-

omy. The proposition echoes the intution of the network–based financial

accelerator in Stiglitz et al. (2010), in which the failure of a single firm

propagates via firm–to–firm linkages causing an avalanche of firm fail-

ures (although Proposition 3 provides a closed form expression whereas

Stiglitz et al. (2010) provide no closed form solution but instead rely on

a simulation exercise).

Proposition x also speaks to a recent empirical literature that empha-

size bank size (total credit volume) as the relevant statistic for bank–

specific contributions to real aggregate fluctuations Bremus et al. (2018).

Although a correlation with bank size is apparent, as we demonstrate in

our application below, a focus on bank–size tells is potentially misleading

whereas proper identification of the banks’ borrowers and their role in the

production architecture is more informative.

3.5 Relaxing assumptions

We now discuss the implications of relaxing the model assumptions 1–6.

Throughout, we focus on the intuition.

3.5.1 Relaxing assumption 3

We first allow for heterogeneous capital intensity. This requires modifying

definition 2
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Definition 9. The modified first–order outdegree of firm j is defined as

d
(1)
j|J ≡ (1 − δj)θj. The set d

(1)
J = {d(1)

1|J , ...., d
(1)
J|J} is called the modified

first–order outdegree sequence of the real economy EB.

The modified first–order outdegree of bank b, d̃
(1)
b|B now take into ac-

count the fact that production of some of its borrowers are relatively

more/less credit intensive. Proposition x then generalizes as follows

Proposition 4. In economy EB, aggregate volatility satisfies

√
V ar (ĉt|B) ≥

( B∑
b=1

(d
(1)
b|B)2 +

B∑
b=1

(d
(1)
b|B − d̃

(1)
b|B)2

)
+
(
Cov(d

(1)
b|B , d

(1)
b|B − d̃

(1)
b|B) + E[d

(1)
b|B ]E[d

(1)
b|B − d̃

(1)
b|B ]
)

+ ‖νB‖1σ

or√
V ar (ĉt|B) ≥ κ√

B

√
1 + CV 2

d̃
(1)
B

σ + ‖νB‖1σ

where Cov is the population covariance operator. Proof: See appendix.

As per proposition x, the volatility of gdp depends on an asymmetry

effect and a level effect. The role of asymmetry is similar to before, but

potentially exacerbated/moderated by a covariance term. If banks with

a large first order outdegree typically lend to firms that are relatively

less credit intensive, the covariance term dampens aggregate volatility.

The level effect (last term) does not affect the asymmetry of banks, but

dampens aggregate volatility as less of the value added activities in the

economy require bank debt.11

3.5.2 Relaxing assumption 5

First, relaxing assumption 5 brings a time dimension to the story. That

is, under assumption 5 the impulse response function is collapsed to the

single period in which the shock occurs. The Calvo (1983)–Yun (1996)

11Generalizing proposition x beyond for higher order terms is straightforward, albeit
the notation becomes very thorny and cumbersome. They are available upon request.
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framework requires us to take into account the time dimensions. Following

DeJong and Dave (2011)

ct|B =

B∑
b=1

∞∑
s=t

νb,t−sεbt−s +

∞∑
s=t

νb,t−s

such that V ar(ct|B) =
√∑∞

s=t ν
′
t−sνt−s +

∑∞
s=t ι

′
Bνt−s = ‖νB‖2σ +

‖νB‖1σ.

3.5.3 Relaxing assumption 4

Allowing for collateral constraints introduces a heterogeneous amplifica-

tion mechanism to the model. To see this consider the households’ Euler

equation, which can be solved forward to yield

qt
ct

=

∞∑
s=0

%sjh−1
t+s ≡ Ht

Since land does not depreciate, ht is effectively an idealized durable in the

sense of Barsky et al. (2007). As % is close to 1, any short term fluctuations

in ht affects Ht relatively little. The following approximation then holds

qt
ct
≈ H

This condition means that movements in land prices comove intimately

with household consumption. Hence, shocks in the economy that stimu-

late household consumption will also drive up land prices.

E.g., a shock to the loan premium spills over to the firms marginal

cost and is subsequently reflected in firm output prices. This cascades

through the IO structure of the economy. Higher prices in the economy

lower household consumption and depress housing prices. This decline in

housing prices reduces the value of the pledgeable collateral of the firm,

which endogenously constrains its ability to borrow and, consequently, its
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production capabilities. This, in turn, feeds back into rising prices, etc. A

similar sequence of events unfolds following shocks to LTV ratios directly.

Aforementioned mechanism only introduces a level effect, i.e. it ampli-

fies the size of individual bank shocks, but it does not affect the incidence

to which they cancel each other out. Heterogeneous bank–firm specific

LTV ratios do affect the tendency of averaging out. Banks that require

higher LTV ratios from their borrowers install stronger financial acceler-

ator mechanism with their firms. Shocks from these banks get amplified

more vis–a–vis banks that set lower LTV ratios (see the discussion in

Jensen et al. (2018); Walentin (2014)).

3.5.4 Relaxing assumption 1 and 2

As shown in our quantitative results below, a Taylor rule and non–linear

labour supply only marginally affects the dynamics of the model variables.

The role of relaxing these assumptions is thoroughly discussed in Pasten

et al. (2018a).

4 Data sources and calibration

In this section we calibrate our model to the Belgian economy. We first

elaborate the used data sources and subsequently discuss the details of

our calibration.

4.1 Data sources

The calibration of our model relies on six confidential administrative

data sources provided by the National Bank of Belgium (NBB): (i) the

Business–to–Business transactions database (B2B), (ii) the Corporate

Credit Register (CCR), (iii) the International Trade database (ITD), (iv)

Firm Annual Accounts (AA) (v) Vale Added Tax declarations (V AT ), and

(vi) a panel of firm product–level price data underlying the official Bel-
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gian producer price index (PPI) statistics. All datasets are linked by

VAT numbers and all minimally span the time frame 2002− 2014.

The backbone of our analysis constitutes the NBB B2B transactions

database. This dataset documents both the extensive and the intensive

margins of domestic buyer–supplier relationships in Belgium. In particu-

lar, an observation is the sum of all sales (in euros, excluding any value–

added tax) from VAT–liable firm j to VAT–liable firm j′ in a given cal-

endar year. Coverage is quasi universal, as all relationships with annual

sales of at least 250 euros must be reported, and pecuniary sanctions on

late and erroneous reporting ensure high data quality.12

Note that, while the VAT ID is the legal entity of a firm in Belgium,

some firms might be owned by other firms, generating intra–firm trade

between parents and subsidiaries, which might not be subject to typical

market forces. In this paper, we focus on propagation across firm bound-

aries. Given that the nature of propagation across firms, but within the

confinements of a group structure, is likely to be different from across

boundaries, we aggregate VAT IDs up to the group–level using ownership

filings in the annual accounts. We carry out this aggregation in all data

sources.13

The CCR contains monthly updated information on the population

of loans granted from banks to non–financial firms. The banks are es-

tablished in Belgium and licensed by the NBB. This concerns both (a)

branches incorporated under foreign law established in Belgium as well

as (b) banks incorporated under Belgian law. An observation in the CCR

12While there has been an increased interest in shock propagation across production
networks, the available firm–to–firm data is often restricted in terms of the (a) sectoral
coverage (see e.g. Acemoglu et al. (2015a)), (b) geographical coverage (see e.g. Car-
valho et al. (2015) ), (c) reporting thresholds (see e.g. Atalay et al. (2011); Bernard
et al. (2015)), (d) nominal quantification of business relationships (see e.g. (Kelly
et al., 2014; Carvalho et al., 2015)) or (e) level of aggregation (see e.g. ?Acemoglu
et al. (2012); Shea (2002)). The B2B is unrestricted in these dimensions.

13We aggregate variables across multiple VAT IDs owned by the same firm. Inputs
(B2B), Credit lines (CCR), Exports and Imports (ITD), labor costs (AA) are summed
across subsidiaries to the group level. Intra–group transactions in the B2B database
are dropped.

33



documents: (a) the bank, (b) the firm and (c) the nominal value (denom-

inated in Euros) (d) and the collateral value of the granted loan at time t.

The CCR is available at the monthly level but for our purpose converted

to the annual level (i.e. the frequency of the other data sources). As of

2011, there is no reporting threshold (before, a threshold of 25, 000 euro

was installed).

The AA reports firm–level costs attributed to day–to–day business

operations. Firm level sales are also documented in the AA, but since

their coverage is incomplete, we rely on V AT declarations to obtain firm–

level sales. Given that both costs and sales also reflect cross–border trade

we rely on the ITD to strip these numbers from imports and exports.

The latter are obtained from the ITD database. This harmonizes our

calibration with our closed economy set–up of our model.

Finally, the Belgian National Institute of Statistics collects, on a monthly

basis, prices of industrial products, which are used to compute the Bel-

gian producer price index. The price information is collected through a

monthly phone survey of around 1, 500 firms. The firms participate on a

voluntary basis. We use this data source to measure price stickiness.

To significantly reduce the dimensions (and computational complexi-

ties) of our model, we impose a set of mild sample restrictions at the firm–

level. We restrict our analysis to firms in the private and non–financial

sector that report (i) fixed assets larger than 100 Euro, (ii) more than one

full time equivalent employee and (iii) non–negative wages at least once

during the sample period. In addition, we require firms to participate in

the Belgian production network (i.e. have at least one trade flow reported

in the B2B database) and borrow from at least one bank.

Applying these criteria reduces the number of firms significantly. Ta-

ble 1 documents the dimensions of the used sample. In 2014, for example,

only 217, 973 firms satisfy the above criteria (representing 22.10% of the

then active firms in Belgium). The large reduction in sample size is mostly

driven by the exclusion of very small firms that do not submit annual ac-

counts to the Central Balance Sheet Office. Although these firms account
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for a sizeable fraction of firms in the Belgian economy, they only represent

a small fraction of Belgian economic activity. E.g. in 2002, our subset of

firms represent 74.01% of aggregate value added, 90.01% of total private

employment. Although it captures only 66.08% of all observed firm–to–

firm linkages, it does captures 82.27% of its volume.

4.2 Calibration

In this section we discuss the calibration of our model. The calibration of

parameters not specific to our model set–up {β, γ, ϕ, j, φπ, φgdp, ρ`, ρr} are

taken from the literature and their values are documented in table 3. The

calibration of the parameters {δj , φj , αj , `j , ωjj′ , θj , ψjb} are elaborated

upon below. Unless stated otherwise, parametrization relies on the 2014

vintage of the available datasets.

Ω̂ is constructed using the B2B database. From the first–order condi-

tions ωjj′ = P ′jMjj′/(P
ω
j Mj), i.e. ω̂jj′ is the share of firm j expenditures

on j′ inputs in total inputs sourced by firm j. Both Pj′Mjj′ and Pωj Mj

are directly inferred from the B2B database. Some firms do not buy in-

termediates, in which case φj = 1 and
∑J
j′=1 ω̂jj′ = 0. For all other firms,∑J

j′=1 ω̂jj′ = 1.

Ψ̂, the empirical counterpart for Ψ, makes use of the CCR. In keeping

with the model, ψ̂jb is calculated as the share of bank b credit to firm j

in the total credit portfolio of firm j. The lTV values of individual firms,

`jb, is inferred from the CCR as the total amount of pledged collateral of

credit from bank b to firm j. Furthermore, `j =
∑J
j=1 ψjb`jb.

θ̂ captures the steady state shares of firm sales to final demand. We

obtain total firm–level sales from the VAT declarations, from which we

subtract (i) intermediate sales to other firms (from the B2B) and (ii)

exports (from the ITD). The remaining sum captures firm–level sales for

final domestic consumption.

For simplicity, we assume that entrepreneurs do not hire labour, νj : 1.

In that case, entrepreneur capital services purely reflect variation in credit
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supply. Then, in order to arrive at a model consistent estimate for δj and

φj , note that, under CRS Cobb–Douglas technologies, δjφj , δj(1 − φj)
and δj reflect the share of wages, intermediates and capital services in

total costs of firm j, respectively. Total costs, are observed from the AA.

The wage bill, WtNjt is directly reported in the AA, total intermediate

inputs, PωjtMjt, is observed from the B2B database.

We use the confidential microdata underlying the producer price data

(PPI) to calculate the frequency of price adjustment at the firm–level;

αj . We calculate the frequency of price changes at the firm level, as the

ratio of the number of price changes to the number of sample months.

For example, if an observed price path is 10 Euro for two months and

then 15 Euro for another three months, one price change occurs during

five months, and the frequency is 1/5. For firms that are not in the micro

price sample, we set αj as the average αj of the sector in which firm j is

active.

Table 2 documents summary statistics related to our calibration. The

average capital share of production is 0.22, which is close to macroeco-

nomic estimates (?). The average Calvo parameteres is 0.88, which implies

that the average firms keeps its prices fixed for 2.77 quarters. In addition,

the average ωij is small, meaning that most firms have a disaggregate

input portfolio. The mean of LTV ratio’s, here directly calibrated from

micro–level data, is close to that used in related models (e.g. 0.89 in Ia-

coviello (2005), 0.9 Iacoviello (2015)). Nonetheless, significant dispersion

in LTV ratios is present. Note that our model assumes a fixed extensive

margin of firm–firm and bank–firm relations. In appendix E, we provide

evidence that such a simplified view on the economy provides a good ap-

proximation of the Belgian production architecture and credit network

supporting it.
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5 Size of aggregate fluctuations

In this section we estimate the size of aggregate real volatility: ‖νB‖2.

Throughout, we report this multiplier relative to ‖νB‖1, i.e. relative to

the multiplier that maps an aggregate (common) bank shock of the same

size to aggregate GDP volatility. (‖νB‖2)(‖νB‖1)−1 then quantifies the

relative size of aggregate fluctuations caused by bank specific shocks vis–

à–vis common shocks.

In addition to the calibrated true heterogeneous scenario, we consider

various hypothetical economies where we impose symmetry on Ψ̂, Ω̂, θ̂, α̂, φ̂

and δ̂ respectively. More precisely, we define these as Ψ̂
S

= B−1ιJι
′
B , Ω̂

S
=

J−1ιJι
′
J , θ̂

S
= J−1ιJ , α̂

S = ᾱιJ , φ̂
S

= φ̄ιJ , δ̂
S

= δ̄ιJ . ι are unit vectors

and the superscript S is shorthand notation for symmetry. In words; Ψ̂
S

shuts down all heterogeneity in the bank–firm network and considers an

economy where all banks are equally tied to the real economy. θ̂
S

rep-

resents an economy where all firms are equally important contributors to

GDP. Ω̂
S

captures a set–up where all firms operate in isolation (i.e. no

production network). α̂S , φ̂
S
, δ̂
S

impose homogeneous price stickiness,

homogeneous labour and capital shares for all firms in the economy, re-

spectively.

5.1 Simplified framework

The calibration results from our simplified framework (abiding assump-

tions 1–6) are documented in table (A). Across all rows and columns,

aggregate volatility from idiosyncratic bank shocks is the smallest in sce-

nario’s involving Ψ̂ (scenario 1, 3, 6). From the discussion in the theory

section, this scenario equalizes all {νb|B}Bb=1, implying that (‖νB‖2)(‖νB‖1)−1 =
1√
B

= 0.18. Intuitively, if all banks are tied to the Belgian economy in

the same way, their idiosyncratic shocks maximally cancel each other out

relative to an economywide shock, which does not cancel out. The role of

individual banks is the largest in the full heterogeneous set–up, in which

the impact of bank–level shock is 44% of what an aggregate shock of the
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same magnitude would cause. As per the discussion above, in this sce-

nario the dominance of a minority of banks is most outspoken and their

shocks do not easily cancel out with that of the other banks.

Which dimension of the structure of the economy introduces this large

asymmetry in the influence of banks? First, consider the role of a het-

erogeneous value added structure. (‖νB‖2)(‖νB‖1)−1 increases, meaning

that banks that are better tied to the real economy are also – on average –

more tied to firms that create a lot of value added. A similar story is true

for scenario 3, where some banks are very intimately connected to firms

that take up a central role in the production process. Moreover, both

asymmetries brought about by Ω and θ reinforce each other in the full

heterogeneous set up. Banks that are disproportionally lend to firms that

create a lot of value added are also indirectly – through IO interactions

– very supportive to value added creation of firms to which they do not

borrow directly. In the wording of the discussion in section 3, in figure

6, panel (a), we see that banks with a high (low) first order outdegree

typically also have a high (low) second order outdegree, etc.

Across columns, we see that aggregate volatility is slightly attenuated

while allowing for heterogeneous δ. This means that influential banks are,

on average, tied to firms that are less credit intensive than the average

firm. On the other hand, allowing for heterogeneous Calvo probabilities

and labour shares, influential banks are tied (in)directly more to firms

that have flexible prices and less labour intensive.

In conclusion, throughout, the magnitude of aggregate volatility in-

duced by individual bank shocks is sizeable compared to that of an aggre-

gate shock common to all banks. Throughout all scenarios, the multiplier

associated with idiosyncratic bank shocks is almost half as large as the

multiplier associated with one single aggregate (common) shock that af-

fects all banks. This implies that the common practice of ignoring bank

specific volatility is a strong restriction when explaining aggregate volatil-

ity. In appendix E we document similar results for other years.
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Figure 2: The panels maps the k′th order outdegree of bank b to the
k + 1′th outdegree of bank b to establish a positive correlation. Data are
for 2012.

5.2 Full framework

Compared to the simplified framework, the full model allows for (i) a

collateral constraint amplification mechanism, (ii) the Calvo (1983)–Yun

(1996) framework of staggered price setting, (iii) nonlinear labour disu-

tility, (iv) a Taylor rule. The introduction of the Calvo Yun framework

gives rise to impulse response functions whereas, in the previous section,

all adjustments were instantaneous and the impulse response functions

were collapsed to the period of the shock.

We first relax (i) and (ii). Figure x plots impulse response functions

when in the presence of (i) the Calvo (1983)–Yun (1996) framework and

(ii) collateral constraints amplification mechanism. We focus on a unit

standard deviation in bank specific LTV requirements (similar graphs for a

standard deviation in borrowing rates is included in appendix E). We focus

on two banks, one in the top and bottom 10 banks according to the size

of νb|B in figure x. On impact, a contraction in LTV ratios depresses the

amount of debt its borrowers can take out, dkt. This constrains production

of firms borrowing from bank b. A drop in output drives up prices, which

– in the context of an interlinked production structure – spill over to

other firms (conditional on the role of intermediates). The latter firms

will pass this marginal cost increase into their own prices, giving rise to a
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cascade effect on price. This, in turn, affects consumption and real gdp.

In addition, a drop in the value of collateral endogenously tightens the

the ability of firms to borrow, which sets in motion a second round of

amplification effects.

In table x, we replicate table x. In panel A, we focus on homogeneous

LTV ratios. In panel B, we allow for bank–firm specific LTV ratios. In

panel A, Confirming our results from above, the processes that induce

asymmetry in the simplified framework are still at work in the full frame-

work. Appendix E gives similar results for an interst rate shock.

Heterogeneous collateral requirements introduce an additional source

of asymmetry into the model. LTVs requirements of particular banks

required by individual borrowers are heterogeneous.

In figure x we relax (iii) and (iv). and assess volatility in table x and

y. A comparison with figure x and table x indicates that the introduction

of (iii) non–linear labour disutilty (ϕ = 1) and a (iv) a Taylor rule does

not bring quantitatively different dynamics to the table.

6 Decay of aggregate fluctuations

In section 5 we quantified the aggregate effect of bank–level shocks for a

fixed number of B banks. In this section we investigate the rate at which

this multiplier would decay should the number of banks in the economy

vary. Following proposition 1, 2 and 3 in our simplified framework this

rate depends on the asymmetry of the constituent elements of the influence

vector.

We derived approximate (proposition 1, 2) and exact (proposition 3)

rates of decay and focused on the particular case of power law distributions

(corrollary 1, 2). In view of these propositions, table 6 fits a power law to

the first four out-degrees of the banks.

The first order outdegree is found to follow a power law distribution

with shape parameter 1.57, such that corrollary 1 implies that the multi-

plier in section 5.3 should not decay faster than the rate B
β
β−1 = B0.36.
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The law or large number agument as posited by Lucas (1977), would

suggest a rate of decay of B0.5. The rate we identify is much slower. Intu-

itively, when there is a large asymmetry, shocks from banks with a large

first–order outdegree are not easily offset by shocks from other banks, even

in the face of a large number of other banks. Table 5 reveals that that the

asymmetry in the higher order effects is even larger. Hence, by the dom-

inance property (supra), these higher order effects place an even tighter

bound of the rate of decay. E.g. using corrollary 2, the second–order

outdegree suggests ‖ν2‖ to decay at the rate B0.33.

In principle, it is possible to fit a power law tail to any distribution.

Hence, using the goodness–of–fit test described in Clauset et al. (2009),

we formally test whether the obtained power law is indeed a good char-

acterization of the data. This test relies on a bootstrapping procedure

and generates a p-value that can be used to quantify the plausibility of

the hypothesis. If the p-value is large, then any difference between the

empirical data and the power law can be explained with statistical fluc-

tuations. If p ' 0, then the power law does not provide a plausible fit to

the data. The goodness-of-fit tests reveal that the p values for the first

three outdegrees are well above the 0.1 threshhold suggested by Clauset

et al. (2009), confirming that the the distributions indeed follow a power

law.

figure 6 then delivers a graphical intuition why higher order outdegrees

reinforce the assymetry in the influence vector and further slow down the

rate of decay. A similar result holds in figure 6, panel (b) and (c).

7 Financial sector policy

In this section, we show that our framework provides insights into various

policy topics that have recently been addressed in the literature.
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7.1 Distortion of the Herfindahl–Hirschmann index

Gabaix (2011) develops a theory of granularity for non–financial corpora-

tions (NFCs). It states that the Herfindahl–Hirschmann index (HHI) of

the non—financial sector is a sufficient statistic to map microlevel volatilty

of NFCs to economywide volatility.14 Intuitively, a larger HHI reflects a

larger market share of a subset of NFCs, in which case a non–trivial part

of macroeconomic volatility can be traced to shocks to microeconomic

volatility originating with large firms.

Bremus et al. (2018) develop a parallel framework for the financial

sector, which puts bank size (total credit supplied to NFCs) at the center

of the analysis. Under extreme parametrizations of our model, i.e. no inter

firm trade {φj}Jj=1 = 1, {ωjj′}Jj,j′=1, equal value added of firms {θj}Jj=1 =

1 on top of assumptions 1 − 6, our framework collapses to theirs (see

appendix E);

√
V ar(ct|B) =

√√√√ B∑
b=1

( db∑B
b=1 db

)2

σ

=
‖νB‖2
‖νB‖1

σ

=
1√
B

√
CV 2

db∑B
b=1

db

+ 1

=
1√
B

√
CV 2

d
(1)
b

+ 1

where db is steady state of bank b credit in economywide credit (i.e. mar-

ket shares), σ is microeconomic volatility and the bracketed terms reflects

the HHI index. Under aforementioned assumptions, our relative multiplier
‖νB‖2
‖νB‖1

collapses to the HHI. Also note that the last equation holds exactly.

That is, under this extreme parametrization, higher order outdegrees are

zero and bank market shares are isomorph to gdp shares.

14But see recent contributions of Pasten et al. (2018a) and ? who falsify this claim
in the context of price rigities and nonlinearities, respectively.
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Figure 3: This figure plots the HHI and the norm of the influence vector
under assumption 1− 6.

In general
‖νB‖2
‖νB‖1

does not collapse to the HHI. The reason is that

the HHI focuses exclusively on market shares. Our framework, instead,

focuses on the (in)direct role that the borrowing NFCs in the banks’

portfolio play in the real economy. Providing a large volume of credit, but

does not necessary make a bank influential if this credit is only marginally

used for value added activities.
‖νB‖2
‖νB‖1

instead accounts how banks are tied

to value added production in the economy, both directly and indirectly.

Figure x plots the HHI of the Belgian banking sector. In addition, we

graph
‖νB‖2
‖νB‖1

. We document two interesting insights. First,
‖νB‖2
‖νB‖1

is much

larger than the HHI. Using the HHI as a multiplier for microeconomic

volatility severly underestimates aggregate volatility given that it does not

take into account the heterogeneous amplification mechanisms. Second,

given the evolution of the HHI, equation 5 suggests that that macroeco-

nomic volatility from micro–level shocks has remained stable over the last

decade, whereas our framework highlights that it has gone up.

7.2 Strategic bank lending

An emerging literature has documented the incidence of bank specializa-

tion. E.g. banks have been documented to specialize in particular domes-

tic geographic regions (Boeve et al. (2010)), industrial sectors (De Jonghe
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et al. (2016)), export activities (Paravisini et al. (2014)), etc. The benefits

from such non–random matching of firms and banks include i.a. better

screening abilities which reduce the problem of adverse selection and a

better assessment of the collateral value (?). Specialized banks can de-

tect a deterioration of the borrower’s business earlier and may react in a

timely manner by risk mitigation, for example, by requesting additional

collateral (monitoring in a narrow sense). The large concentration of the

banks lending portfolio and the increased sectoral Herfindahl are often

cited as the downsides of bank specialization.

A relevant question is to ask whether such bank specialization is de-

sirable from a macroeconomic viewpoint. That is, does sectoral special-

ization dampen or amplify macroeconomic volatility? In our framework,

the question boils down to whether such specialization increases or de-

creases asymmetry in the economy. E.g. non–influential banks that start

to specialize in the steel sector now indirectly impact all sectors that

(in)directly rely on steel. As specialization renders this bank more influ-

ential, its shocks offset those from other influential banks. On the other

hand, if such specialization occurs with an already influential banks, spe-

cialization enhances asymmetry and increases volatility.

In order to investigate the effect of bank–specialization in the Bel-

gian economy, we define a hypothetical “specialization–neutral” credit

network, which mutes the role of specialization. Define Ψ̃ with {ψ̃jb}Jj=1 =
ι′Jψb
ι′JΨι

′ . Ψ̃ homogenizes lending patterns of banks across sectors.

Figure 4 plots
‖νB‖2
‖ν̃B‖2

, i.e. the ratio of the norm of the influence vector

with the actual credit network and the specialization neutral credit net-

work, respectively. From the plot, sector specialization is shown to have

depressed aggregate volatility throughout 2002− 2009, but increases

7.3 Big banks vs. influential banks

We next relate our influence measure with banks size. Figure x correlates

bank size db∑B
b=1 db

with a measure of bank influence in our framework
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Figure 4: This figure plots the ratio

Figure 5:
‖νB‖2
‖ν̃B‖2

, i.e. the ratio of the norm of the influence vector with

the actual credit network and the specialization neutral credit network).

νb|B . If the production architecture of the economy was irrelevant, all

data would collapse on the 45 degree line. However, significant deviations

exist and banks are ordered differently – even among the top banks.

One interesting question is to investigate how important are higher or-

der effects in explaining bank influence? In order to answer this question,

recall, following (??), that individual bank influence νb|B can be addi-

tively decomposed into its outdegrees d
(1)
b|B , d

(2)
b|B , etc. In figure 4, panel

(a), we plot the relative share of each outdegree in total bank influence

νb|B . Banks are ordered according to bank size db∑B
b=1 db

from left to right.

A key insight from the emerging pattern is that, within banks, the origins

of bank influence is very heterogeneous. Multiple banks derive their in-

fluence almost exclusively from lending to central firms in the production

network. Other banks are influential because they directly support firms

that create a lot of value added. On average, most influence is derived

from the size of their immediate borrowers (first–order outdegree). Higher

order outdegrees, which capture network propagation effects in the real

economy, represent on average 30% of bank influence.

The imperfect correlation of bank size and influence is echoed in art. 4

of the SSM regulation which stipulates that some banks can be significant
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(and fall under supervision of the ECB) due to its economic importance to

a member state – irrespective of its size. Our influence provides guidance

on identifying such significant banks.
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8 Conclusion

Any modern economy is characterized by an interlinked production archi-

tecture in which firms rely on each other for their input requirements. As

credit is vital to support this production process, shocks to credit avail-

ability of individual firms propagate throughout this production network.

In this paper, we study how the structure of the real economy determines

the aggregate real impact of lending shocks from individual banks.

To than end, we develop a NK model which combines a standard

amplification mechanism brought about by financial frictions with an am-

plification mechanism in the real economy caused by firm–to–firm inter-

actions. The framework provides a simple but powerful framework to

identify how banks are both directly and indirectly supportive of value

creation by non financial firms in the real economy.

We show that two interlocked networks (in casu individual firm credit

portfolios and the production architecture of the real economy) introduce

large asymmetries in the influence of individual banks. Stated differently,

some banks intensively support – directly and/or indirectly – value added

of the non–financial sector, whereas other banks are only marginally con-

nected to firms involved in value added creation. Consequently, when
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some banks are asymmetrically influential, their credit supply shocks do

not easily cancel out with that of other banks. We show that this has

policy implications related to the identification of significant banks, the

scope to which one can reliably use the Herfindahl–Hirschmann index and

the role of sector specialization of individual banks.
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A Tables

Table 1: Dimensions used data

B2B CCR Variables
Firms Obs. Banks Obs. Value added Employment Trade transactions Trade volume Firms

Year (number) (number) (number) (number) (share total) (share total) (share total) (share total) (share total)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
2002 113, 809 4, 091, 210 89 165, 081 74.01 90.01 66.08 82.27 15.69
2003 117, 184 4, 271, 350 86 154, 352 72.89 89.56 65.61 76.91 15.98
2004 120, 414 4, 318, 907 81 153, 872 70.26 88.12 66.05 76.44 16.08
2005 123, 028 4, 468, 199 77 156, 458 72.14 88.16 66.93 74.91 16.29
2006 126, 996 4, 677, 163 76 161, 938 72.22 88.07 67.07 74.38 16.42
2007 132, 302 4, 824, 779 80 169, 411 73.78 87.68 68.05 76.34 16.68
2008 134, 466 4, 982, 887 74 173, 061 62.35 86.51 67.44 75.26 16.91
2009 138, 665 4, 934, 340 73 178, 838 62.91 86.31 67.89 76.81 16.97
2010 139, 938 5, 089, 192 67 179, 208 60.03 86.41 38.36 74.56 16.82
2011 146, 335 5, 299, 890 65 187, 191 56.93 86.65 68.81 74.75 17.01
2012 214, 663 6, 697, 987 68 289, 286 54.22 89.94 74.34 73.33 22.86
2013 218, 775 6, 662, 241 64 198, 401 52.2 89.86 74.23 74.99 22.81
2014 217, 973 6, 708, 970 61 194, 046 50.24 88.71 72.86 75.41 22.1

This table reports the dimensions of the data sample used and reports
the share of our sample in aggregate Belgian statistics. Value added (col-
umn (6)) is derived by summing firm–level value added (firm total sales
minus imports and intermediate purchases). Employment (column (7)) is
total full time equivalent obtained from the annual accounts. Total firms
(column (12)) is the total number of individual firms in the raw annual
accounts, B2B data and CCR prior to imposing the exclusion restrictions.

48



Table 2: Descriptive statistics structural parameters

Percentile
Variable Mean 10 25 50 75 90
Calvo probability (αj) 0.88 0.78 0.83 0.93 0.96 0.98
Capital share (1− δj) 0.22 0.01 0.053 0.17 0.31 0.52
Labour share (δjφj) 0.47 0.15 0.29 0.46 0.95 0.79
Intermediate input share (δj(1− φj)) 0.3 0.05 0.13 0.28 0.45 0.602
Loan–to–value ratio (`j) 0.91 0.791 0.915 0.929 1 1
Intermediate input share (ωjj′ × 100) 1.28 0.002 0.013 0.073 0.416 2.031
Share credit portfolio (ψjb × 100) 0.39 0.03 0.12 0.31 0.58 0.78

This table provides summary statistics on the structural parameters used
in the model. Summary statistics are based on the pooled sample of firms
throughout 2002 − 2014. Descriptives of intermediate input shares and
credit portfolio shares are based on the subsample ωj′j′ , psijb ∈ (0, 1).
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Table 3: Parameter values

Parameters Value Explanation
β 0.95 Discount factor households
γ 0.95 Discount factor entrepreneurs
η 2 Elasticity of substitution across firms
α 0.2 Price stickiness parameter
` 0.2 Price stickiness parameter
κ 3.5 Elasticity of substitution across banks
φπ 1.5 Taylor rule parameter, consumer inflation
φgdp 0.5 Taylor rule parameter, consumption variation
ϕ 1.5 Inverse of Frish labour supply
ρ(`) 0.9 AR parameter LTV shocks
ρ(r) 0.9 AR parameter interest shocks

Calibration of model parameters. CES elasticity of substitution is taken
from ?. Bank markups to firms and autoregressive parameters are taken
from Gerali et al. (2010).
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Table 4: Results in a simplified framework

Het α Het α Hom α Hom α Hom α
Het φ Hom φ Het φ Hom φ Hom φ
Het δ Hom δ Hom δ Het δ Hom δ

Ξ Ω θ

(1) Het, Ξ̂ Het, Ω̂ Het, θ̂ 0.464 0.427 0.440 0.473 0.427

(2) Hom, Ξ̂
S

Het, Ω̂ Het, θ̂ 0.134 0.134 0.134 0.134 0.134

(3) Het, Ξ̂ Hom, Ω̂
S

Het, θ̂ 0.400 0.368 0.380 0.408 0.368

(4) Het, Ξ̂ Het, Ω̂ Hom, θ̂
S

0.134 0.134 0.134 0.134 0.134

(5) Hom, Ξ̂
S

Het, Ω̂ Hom, θ̂
S

0.370 0.341 0.352 0.378 0.341

(6) Het, Ξ̂ Hom, Ω̂
S

Hom, θ̂
S

0.134 0.134 0.134 0.134 0.134

(7) Hom, Ξ̂
S

Hom, Ω̂
S

Het, θ̂ 0.330 0.303 0.313 0.336 0.303

(8) Hom, Ξ̂
S

Hom, Ω̂
S

Hom, θ̂
S

0.134 0.134 0.134 0.134 0.134

Ψ̂
S

= B−1ιJι
′
B , Ω̂

S
= J−1ιJι

′
J , θ̂

S
= J−1ιJ , α̂

S = ᾱιJ , φ̂
S

= φ̄ιJ . ι are
unit vectors and the superscript S is shorthand notation for symmetry.

In words; Ψ̂
S

shuts down all heterogeneity in the bank–firm network
and considers an economy where all banks are equally tied to the real

economy. θ̂
S

represents an economy where all firms are equally important

contributors to GDP. Ω̂
S

captures a set–up where all firms operate in

isolation (i.e. no production network). α̂S , φ̂
S
, δ̂
S

impose homogeneous
price stickiness, homogeneous labour and capital shares for all firms in
the economy, respectively.
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Table 5: Results in the full framework

Het α Het α Hom α Hom α Hom α
Het φ Hom φ Het φ Hom φ Hom φ
Het δ Hom δ Hom δ Het δ Hom δ

Ψ Ω θ
Idiosyncratic interest rate shocks

(1) Het, Ψ̂ Het, Ω̂ Het, θ̂ 0.617 0.567 0.586 0.629 0.567

(2) Hom, Ψ̂
S

Het, Ω̂ Het, θ̂ 0.179 0.179 0.179 0.179 0.179

(3) Het, Ψ̂ Hom, Ω̂
S

Het, θ̂ 0.532 0.490 0.505 0.543 0.490

(4) Het, Ψ̂ Het, Ω̂ Hom, θ̂
S

0.179 0.179 0.179 0.179 0.179

(5) Hom, Ψ̂
S

Het, Ω̂ Hom, θ̂
S

0.493 0.453 0.468 0.503 0.453

(6) Het, Ψ̂ Hom, Ω̂
S

Hom, θ̂
S

0.179 0.179 0.179 0.179 0.179

(7) Hom, Ψ̂
S

Hom, Ω̂
S

Het, θ̂ 0.439 0.404 0.417 0.448 0.404

(8) Hom, Ψ̂
S

Hom, Ω̂
S

Hom, θ̂
S

0.179 0.179 0.179 0.179 0.179
Idiosyncratic LTV shocks

(1) Het, Ψ̂ Het, Ω̂ Het, θ̂ 0.893 0.567 0.586 0.629 0.567

(2) Hom, Ψ̂
S

Het, Ω̂ Het, θ̂ 0.259 0.259 0.259 0.259 0.259

(3) Het, Ψ̂ Hom, Ω̂
S

Het, θ̂ 0.770 0.490 0.505 0.543 0.490

(4) Het, Ψ̂ Het, Ω̂ Hom, θ̂
S

0.259 0.259 0.259 0.259 0.259

(5) Hom, Ψ̂
S

Het, Ω̂ Hom, θ̂
S

0.713 0.453 0.468 0.503 0.453

(6) Het, Ψ̂ Hom, Ω̂
S

Hom, θ̂
S

0.259 0.259 0.259 0.259 0.259

(7) Hom, Ψ̂
S

Hom, Ω̂
S

Het, θ̂ 0.635 0.404 0.417 0.448 0.404

(8) Hom, Ψ̂
S

Hom, Ω̂
S

Hom, θ̂
S

0.259 0.259 0.259 0.259 0.259

Ψ̂
S

= B−1ιJι
′
B , Ω̂

S
= J−1ιJι

′
J , θ̂

S
= J−1ιJ , α̂

S = ᾱιJ , φ̂
S

= φ̄ιJ . ι are
unit vectors and the superscript S is shorthand notation for symmetry.

In words; Ψ̂
S

shuts down all heterogeneity in the bank–firm network
and considers an economy where all banks are equally tied to the real

economy. θ̂
S

represents an economy where all firms are equally important

contributors to GDP. Ω̂
S

captures a set–up where all firms operate in

isolation (i.e. no production network). α̂S , φ̂
S
, δ̂
S

impose homogeneous
price stickiness, homogeneous labour and capital shares for all firms in
the economy, respectively.
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Table 6: Power law fit to outdegrees

First order
outdegree

d
(1)
B

Second order
outdegree

d
(2)
B

Third order
outdegree

d
(3)
B

Fourth order
outdegree

d
(4)
B

Shape parameter 1.37 1.31 1.23 1.21

Diversification B
β−1
β B0.27 B0.23 B0.18 B0.17

Goodness-of-fit test p = 0.22 p = 0.14 p = 0.23 p = 0.12

Power law fit using the methodology in Clauset et al. (2009). Power law
fit using the rank correction methodology discussed in ? delivers similar
results.
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B Figures

B.1 Impulse response functions
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Figure 6: Impulse response function of the model assuming ϕ = 0 and
monetary policy targetting PtCt = PC.
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Figure 7: Impulse response function of the model assuming ϕ = 0 and
monetary policy targetting PtCt = PC.

C Proofs

Most of the proofs are modest variations to the proofs included in Gabaix

(2011) and Acemoglu et al. (2012). Consequently we will also rely heavily

on Levy’s Theorem, which for completeness is restated here (taken from

(?, p. 153))

Theorem 1 (Levy’s theorem.). Suppose X1, ..., XK are i.i.d. with a dis-

tribution that satisfies

1. limx→∞ P(X1 > x)/P(|X1| > x) = θ ∈ (0, 1)

2. P(X1 > x) = x−ζLx with ζ < 2 and L(x) satisfies limx→∞ Ltx/Lx =

1.

Let SK =
∑K
k=1Xk, aK = inf{x : P(|X1| > x) ≤ 1/K} and bk =

KE[X11absX1≤aK ]

As K → ∞, (SK − bK)/aK
d−→ u where u has a nondegenerate dis-

tribution.

Proof of Proposition 1. The first part of the proposition readily follows

without proof. For the second part, it is verifiable that

νB ≥ ν(n=0)
B = κθ′ΨB
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where ≥ and = hold element-wise. Hence, it must be true that

‖ν′B‖22 ≥ ‖κθ′ΨB‖22 = (1− α)2
B∑
b=1

(d
(1)
b|B)2

Recall from definition 3 that CV
d
(1)
B

≡ 1

d̄
(1)
B

(
1
B

∑B
b=1(d

(1)
b|B − d̄

(1)
B )2

) 1
2

.

Rewrite the r.h.s. using d̄
(1)
B = (1 − δ)B−1,

∑B
b=1 d̄

(1)
B = 1 − δ and∑B

b=1 d
(1)
b|B = 1− δ in order to obtain

CV
d
(1)
B

= B

√√√√ 1

B

( B∑
b=1

(d
(1)
b|B)2 − (1− δ)2

B

)
B∑
b=1

(d
(1)
b|B)2 =

(1− delta)2B

B2
CV 2

d
(1)
B

+
(1− δ)2

B

Use this expression to rewrite the first part in the proposition

√
V ar (ĉt|B) ≥ κ

( B∑
b=1

(d
(1)
b|B)2

)
σ + ‖νB‖1σ

≥ κ
(√ 1

B
CV 2

d
(1)
B

+
1

B

)
σ + ‖νB‖1σ

≥ κ√
B

√
1 + CV 2

d
(1)
B

σ + ‖νB‖1σ

which delivers the result.

Q.E.D.

Proof of Corollary 1. For ν
(n=0)
B we have that

‖ν(n=0)
B ‖2 = ‖θ′ΨB‖2

=
Ed̄(1)

B

Ed̄(1)
B

√√√√ B∑
b=1

(d
(1)
b|B)2
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if d
(1)
b|B follows a power law with coefficient β ∈ (1, 2) we have that (d

(1)
b|B)2

follows a power law with coefficient β/2 since

P(d
(1)
b|B)2 > x) = P(d

(1)
b|B > x

1
2 ) = a(x

1
2 )−β = ax

−β
2

Using Levy’s theorem we have that

B−2/β
B∑
b=1

(d
(1)
b|B)2 d−→ u

where u is a Levy distributed variable with exponent β/2. Hence,

B‖ν(k=0)
B ‖2 =

√∑B
b=1(d

(1)
b|B)2

Ed̄(1)
B

Such that

B1− 1
β ‖ν(k=0)

B ‖2 =
B−1/β

√∑B
b=1(d

(1)
b|B)2

Ed̄(1)
B

d−→ u1/2

Ed̄(1)
B

Q.E.D.

Proof of Proposition 2. It is readily verifiable that

νB ≥
1∑
n

ν
(n=0)
B = κθ′(I + Ω̃)ΨB

where ≥ and = hold element–wise. It must be true that

‖
1∑

n=0

ν
(n)
B ‖

2
2 =

(
κθ′(I + Ω̃)ΨB

)(
κΨ′B(I + Ω̃

′
)θ
)

= ‖κθ′ΨB‖22︸ ︷︷ ︸
(1)

+ ‖κθ′Ω̃ΨB‖22︸ ︷︷ ︸
(2)

+ 2κ2θ′ΨBΨ′BΩ̃
′
θ︸ ︷︷ ︸

(3)
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Or, after rewriting

(1) : ‖κθ′ΨB‖22 = (1− α)2
B∑
b=1

(d
(1)
b|B)2

(2) : ‖κθ′Ω̃ΨB‖22 = (1− α)2
B∑
b=1

(d
(2)
b|B)2

(3) : 2κ2θ′ΨBΨ′BΩ′θ = 2(1− α)2
B∑
b=1

d
(2)
b|Bd

(1)
b|B

Note that the following expression holds:

B∑
b=1

((1− α)d
(1)
b|B − (1− α)d

(2)
b|B)2 ≥ 0

(1− α)2
B∑
b=1

(d
(1)
b|B)2

(1) + (1− α)2
B∑
b=1

(d
(2)
b|B)2

︸ ︷︷ ︸
(2)

≥ 2(1− α)2
B∑
b=1

d
(2)
b|Bd

(1)
b|B︸ ︷︷ ︸

(3)

such that the sum of (1) and (2) always dominate (3). As a result:

‖νB‖2 ≥κ

√√√√ B∑
b=1

(d
(1)
b|B)2 + κ

√√√√ B∑
b=1

(d
(2)
b|B)2

From proof 1,
∑B
b=1(d

(1)
b|B)2 = (1−δ)2

B CV 2

d
(1)
B

+ (1−δ)2
B . For the second term,

using the same strategy as before, it is readily verifiable that
√∑B

b=1(d
(2)
b|B)2 =

(1− δ)2θ′Ω̃ι( 1
BCV

2

d
(2)
B

+ 1
B ). Hence,

‖νB‖2 ≥
( 1√

B

√
1 + CV 2

d
(1)

b|B
+
θ′Ω̃ι√
B

√
1 + CV 2

d
(2)

b|B

)
κ

Q.E.D.
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Proof of Corollary 2. Note that from the proof of proposition 2 it holds

that

V ar (ĉB) = Ω
( B∑
b=1

(qBb )2
)

The rest of the proof is similar to the proof of corollary 1.

Q.E.D.

Proof of Proposition 3. The proof follows the same logical flow as the pre-

vious proofs.

1. Rewrite the approximation of the influence vector ν
(N)
B as a finite

power series.

2. Show that the squared norm of this finite sum, when the order of ap-

proximation isN equals ‖ν(n=N)
B ‖22 = ς2

∑
1≤i≤j≤M

∑B
b=1($1−id(i)

b|B)($1−jd(j)
b|B).

3. The terms for which i = j dominate all terms for which i 6= j since

expansion of
∑B
b=1($1−id(i)

b|B−$1−jd(j)
b|B)2 delivers

∑B
b=1($1−id(i)

b|B)2+∑B
b=1($1−jd(j)

b|B)2 ≥ 2$1−i$1−j∑B
b=1 d

(i)
b|Bd

(j)
b|B for all i 6= j.

Q.E.D.

D Steady State Solution and Log-linear Sys-

tem

This section elaborates the first–order conditions and other relevant equa-

tions used to log linearize the model.

D.1 First–order conditions

D.1.1 Household

wjt = gj l
ϕ
jtct (B-1)
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1

ct
= βEt

( Rt
πt+1ct+1

)
(B-2)

qt
ct

=
ι

ht
+ βEt

(qt+1

ct+1

)
(B-3)

D.1.2 Firms

Let Λt,t+s ≡ βsct
ct+s

Pt
Pt+s

denote the stochastic discount factor of nominal

profits of firm j with Λt,t = 1 and Λt+s,t+s+1 = R−1
t+s. Firm j maximizes

the present value of profits

maxEt
∞∑
s=0

Λt,t+s(Pjt+syjt+s − (Wjt+snjt+s + Pωjt+smjt+s)− Fjt+skjt+s)

s.t.

yjt+s =
∑J
j′=1mj′jt+s + cjt+s + c̃jt+s

yjt+s = Aj
(
n
φj
jt+sm

1−φj
jt+s

)δj
k

1−δj
jt+s

yjt+s =
(∑J

j′=1 ωj′j
( Pjt+s
Pω
j′t+s

)−η
mj′t+s

)
+ θj

(Pjt+s
Pt+s

)−η
(ct+s + c̃t+s)

Pjt+s =

P ∗jt+s with probability 1− αj
Pjt+s−1 with probability αj

The first order conditions w.r.t. njt,mjt and kjt deliver

njt : Wjt = MCjt(∂yjt/∂njt)

mjt : Pωjt = MCjt(∂yjt/∂mjt)

kjt : Fjt = MCjt(∂yjt/∂kjt)

Where MCjt denotes nominal marginal costs. Furthermore
mjt
njt

=
δj(1−φj)
δjφj

Wjt

Pωjt
njt
kjt

=
δjφj
δj

Fjt
Wjt
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Nominal marginal costs are obtained using

yjt = Aj

[(δj(1− φj)
δjφj

)(Wjt

Pωjt

)]δj(1−φj)[( δj
(1− δj)φj

)(Wjt

Fjt

)]1−δj
njt − Φj

(B-4)

yjt = Aj

[( δjφj
(1− δj)φj

)( Pωjt
Wjt

)]δjφj[( (1− δj)
δj(1− φj)

)(Pωjt
Fjt

)](1−δj)
mjt − Φj

(B-5)

yjt = Aj

[( δjφj
(1− δj)

)( Fjt
Wjt

)]δjφj[(δj(1− φj)
(1− δj)

)(Fjt
Pωjt

)]δj(1−φj)
kjt − Φj

(B-6)

such that

MCjt =
1

Aj

(Wjt

δjφj

)δjφj( Pωjt
δj(1− φj)

)δj(1−φj)(Fjt
δj

)1−δj

or in real terms mcjt ≡ MCjt
Pt

mcjt =
1

Aj

( wjt
δjφj

)δjφj( pωjt
δj(1− φj)

)δj(1−φj)(fjt
δj

)1−δj

with wjt ≡ Wjt

Pt
, pωjt ≡

Pωjt
Pt

and fjt ≡ Fjt
Pt

.

D.1.3 Entrepreneurs

{ 1

c̃jt
= Et

( γRjt
c̃jt+1πt+1

+ λ̃jtRjt

)
}Jj=1 (B-7)

{ qt
c̃jt

= Et
( γ

c̃jt+1

(
νj
fjt+1kjt+1

h̃jt
+ qt+1

)
+ λ̃jt`jtπt+1qt+1}Jj=1

(B-8)

{wjtñjt = (1− νj)kjtfjt}Jj=1 (B-9)

{FjtKjt + Sjt = PtC̃jt +Qt(h̃jt − h̃jt−1) +
Rjt−1Sjt−1

πt
+Wjtñjt}Jj=1

(B-10)
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{kjt = ñ
1−νj
jt h̃

νj
jt−1}Jj=1 (B-11)

{Sjt = `jtEt
qt+1h̃jtπt
Rjt

}Jj=1 (B-12)

D.1.4 Market clearing

{Dbt =

J∑
j=1

Sjbt}Bb=1

Dt =

B∑
b=1

Dbt

lt =

J∑
j=1

(njt + ñjt)

h = ht +

J∑
j=1

h̃jt

{yjt = cjt + c̃jt +

J∑
j′=1

mj′jt}Jj=1

D.2 Steady state

For simplicity, we make three assumptions that deliver a symmetric steady

state.

Assumption A-1. gdp ≡ c+ c̃ = 1.

Assumption A-2. As in Carvalho and Lee (2011); Pasten et al. (2018a)

we take gj = s−ϕj where sj ≡ lj
l denotes the share of household labour

employed by firm k.

Assumption A-3. We normalize {Aj}Jj=1 such that steady state prices

of goods/capital services equal the aggregate price level; i.e.
Pj
P = pj =

Pωj
P = pωj =

Fj
P = fj = 1.
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Assumption A-1, comes w.l.o.g. and merely pins down the size of

the economy.Assumption A-2, equalizes steady state wages across firms.

Assumption A-3 allows for a symmetric steady state.

From the household Euler equation, R = 1
β . From the bank first order

conditions, Rjb = ε
ε−1R, such that

Rj
R = ε

ε−1 . From the firm first–order

conditions (B-4)–(B-6),

njwj = mcjδjφj(yj + Φj)

mjp
ω
j = mcjδj(1− φj)(yj + Φj)

kjfj = mcj(1− δj)(yj + Φj)

Real firm profit is then defined as

πj = yj −
(
njwj +mjp

ω
j + kjfj

)
= yj −mcj(yj + Φj)

In order to rule out entry, πj = 0, we pin down the fixed costs

Φj =
1−mcj
mcj

yj

and since mcj = η−1
η , we have that Φj = (η−1)−1yj . Consequently, from

the first–order conditions of intermediate goods producers, we have that

njwj =
η − 1

η
δjφj(yj + Φj) = δjφjyj

mjp
m
j =

η − 1

η
δj(1− φj)(yj + Φj) = δj(1− φj)yj

kjfj =
η − 1

η
(1− δj)(yj + Φj) = (1− δj)yj

Under Assumption A-3, it is true that

cj = θjc

c̃j = θj c̃
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mjk′ = ωjk′mj

Furthermore, from Assumption A-2,

yj = cj + c̃j +

J∑
j′=1

mj′k

= θj +

J∑
j=1

δj′(1− φj′)ωj′kyj′

implying that y = (I− Ω̃
′
)−1ιJ = τ , where y = [y1, ..., yj ].

Next, from the entrepreneur Euler equation (B-7)

λ̃j =
1

c̃j

(
β(
ε− 1

ε
)− γ)

From the entrepreneur first–order condition (B-8)

qh̃j
kj

=
γνj

1− γ − `j(β( ε−1
ε )− γ)

=
γνj

1− γ̃j

with γ̃j ≡ (1− `j)γ+ `jβ( ε−1
ε ). From the entrepreneur budget constraint,

we have that

b̃j

k̃j
=
ε− 1

ε

β`jγνj
1− γ̃j

From the budget constraint of entrepreneur k

c̃j = νjτj

(
1 +

(
1− (

ε− 1

ε
)(

1

β
)
)(β ε−1

ε `jγνj

1− γ̃j
)
− (1− νj)

)
which can be used to determine c = 1−∑J

j=1 c̃j and cj = θjc. From the

labour supply schedule and assumption (ii)

wj = lϕc
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Note that q
∑J
j=1 h̃j =

∑J
j=1

γνjτj(1−δj)
1−γ̃j , such that

∑J
j=1 h̃j

1−∑J
j=1 h̃j

=

J∑
j=1

γνjτj(1− δj)(1− β)

(1− γ̃j)jc

D.3 Log linearization

Here we present full set of log–linearized equations. Hats denotes devia-

tions from steady state.

Household

ĉt = ĉt+1 − r̂rt

ĉt =

J∑
j=1

θj ĉjt

{ĉjt = ĉt + ηp̂jt}Jj=1

{ŵjt = ϕl̂jt + ĉt}Jj=1

{l̂jt = ζnj n̂jt + (1− ζnj )̂̃njt}Jj=1

q̂t = βq̂t+1 + ζhĥt + ĉt − βĉt+1

Firms & entrepreneurs

{p̂ωjt =

J∑
j′=1

ωjk′ p̂jt}Jj=1

{ŷjt = ζcj ĉjt +

J∑
j=1

ζ c̃j
̂̃cjt +

J∑
j′=1

ζmj′km̂j′kt}Jj=1

{π̂jt = p̂jt − p̂jt−1 + π̂t}Jj=1

{π̂jt = βπ̂jt+1 + ζπ(m̂cjt − p̂jt)}Jj=1

{m̂cjt = δjφjŵjt + δj(1− φj)p̂ωjt + (1− δj)f̂jt + δj(r̂jt − r̂t)}Jj=1

{m̂jt =

J∑
j′=1

ωjk′m̂jk′t}Jj=1

{m̂jt = ẑjt − η(p̂jt − p̂ωjt)}Jj=1
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{ŷjt = δj(φj l̂jt + (1− φj)m̂jt + (1− δj)k̂jt}Jj=1

{ŵjt − p̂ωt = m̂jt − l̂jt}Jj=1

{f̂jt − p̂ωt = k̂jt − l̂jt}Jj=1

{m̂jk′t = mjt + η(p̂jt − p̂ωjt}Jj=1

{̂̃cjt = ̂̃ct + ηp̂jt}Jj=1

{k̂jt = νj ̂̃njt + (1− νj)ĥjt−1}Jj=1

{̂̃bjt =
̂̃
hjt + ̂̀jt + q̂t+1 − r̂rt}Jj=1

{ŵjt + ̂̃njt = f̂jt +
̂̃
kjt}Jj=1

{q̂t = γ̃j q̂t+1 + (1− γ̃j)(k̂jt+1 + f̂jt+1 − ̂̃hjt)− ̂̀jβ ε− 1

ε
r̂rt − (1− β ε− 1

ε
(c̃jt+1 − ̂̃cjt) + β

ε− 1

ε
̂̀
jt}Jj=1

Monetary policy

R̂t = φππ̂t + φcĉt

r̂rt = r̂t − π̂t+1

Exogenous processes

{̂̀jt =

B∑
b=1

ψjb(ε
`
bt + ε`t)}Jj=1

{r̂jt = r̂t +

B∑
b=1

ψjb(ε
r
bt + εrt )}Jj=1

Structural composite parameters

ζnj =
1

1 + ( ε
ε−1 )

(1−νj)(1−δj)
δjφj

ζcj = cj/τj

ζ c̃j = c̃j/τj

ζmj′k =
ε− 1

ε
δj′(1− φj′)

τj
τj′

ζπ =
(1− βαj)(1− αj)

αj

ζh =

J∑
j=1

γνjτj(1− β)

(1− γ̃j)jc
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D.4 Equilibrium in a Simplified Framework

First, under assumptions (1) and (2), household labour supply to firm k

yields

Wjt

Pt
= gjCt = 0

such that Ŵjt = 0. Second, by assumption assumptions (3) and (4),

normal marginal cost collapses to

MCjt =
1

Aj

(Wjt

δφj

)φj( Pωjt
δ(1− φj)

)(1−φj)( Rkt
1− δ

)(1−δ)

or in log linear form M̂Cjt = δ(1 − φj)P̃ωjt + (1 − δ)∑B
b=1 ψjbε

r
bt. Third,

under assumption (5),

P̂jt = αM̂Cjt

This implies that

P̂jt = δ(1− φj)P̂ωt + (1− δ)
B∑
b=1

ψjbε
r
bt

Or in matrix form with P t = [P1t, ..., Pjt]
′, P t = [I − Ω̃

′
]−1Ψε. Given

that P̂t = θ′P t and ĜDPt = Ĉt = −P̂t,

P̂t = −θ′[I− Ω̃
′
]−1Ψεt

D.5 Nesting the literature

D.5.1 Iacoviello (2005)

If we take (1) J = 1, (2) εb →∞, (3) δj = 0, (4) φj = 1. Then,

k̂t =
c

k
ĉt +

c̃

k
ĉt
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ĉt = Etĉt+1 − r̂rt
c

y
̂̃ct =

b

y
̂̃
bt +

b

βk
(π̂t − R̂t−1 − ̂̃bt−1) + ν(k̂t + f̂t)− qh∆ĥt

q̂t = γ̃Etq̂t+1 + (1− γ̃)(k̂t+1 − ĥt + f̂t+1)− `βr̂rt − (1− `β)Et(̂c̃t+1 − ̂̃ct)
q̂t = βq̂t+1 + ζhĥt + ĉt − βĉt+1̂̃
bt = q̂t+1 +

̂̃
ht − r̂rt

k̂t =
ην

η − (1− ν)
̂̃
ht−1 −

1− ν
η − (1− ν)

(̂c̃t − f̂t)

π̂t = βπ̂t+1 +
(1− α)(1− βα)

α
f̂t

R̂t = φππ̂t + φcĉt

with γ̃ ≡ (1 − `)γ + `β, ζh = which is the simplified model analyzed by

Iacoviello (2005).

D.5.2 Pasten et al. (2018a)

If we take (1) δj=1 = 1, (2) Aj = Ajt, (3) zero consumption mass on

entrepreneurs, c̃j = 0, (4) h = ι = 0. Then,

Household

ĉt = ĉt+1 − r̂rt

ĉt =

J∑
j=1

θj ĉjt

{ĉjt = ĉt + ηp̂jt}Jj=1

{ŵjt = ϕl̂jt + ĉt}Jj=1

Firms

{p̂ωjt =

J∑
j′=1

ωjk′ p̂jt}Jj=1
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{ŷjt = ζcj ĉjt +

J∑
j′=1

ζmj′km̂j′kt}Jj=1

{π̂jt = p̂jt − p̂jt−1 + π̂t}Jj=1

{π̂jt = βπ̂jt+1 + ζπ(m̂cjt − p̂jt)}Jj=1

{m̂cjt = φŵjt + (1− φ)p̂ωjt

{m̂jt =

J∑
j′=1

ωjk′m̂jk′t}Jj=1

{m̂jt = m̂jt − η(p̂jt − p̂ωjt)}Jj=1

{ŷjt = (φl̂jt + (1− φ)m̂jt}Jj=1

{ŵjt − p̂ωt = m̂jt − l̂jt}Jj=1

{m̂jk′t = mjt + η(p̂jt − p̂ωjt}Jj=1

Monetary policy

R̂t = φππ̂t + φcĉt

r̂rt = r̂t − π̂t+1

D.5.3 Acemoglu et al. (2012)

If we take (1) δj=1 = 1, (2) Aj = Ajt, (3) zero consumption mass on

entrepreneurs, c̃j = 0, (4) h = ι = 0, (5) {αj = 0}Jj=0, (6) {φj = φ}Jj=0,

(7) {θj = 1/J}Jj=0. (8) η = 1 Then, ĉt = 1
J [I − (1 − φ)Ω]−1εat , where εat

is a vector capturing Harrod neutral shocks to productivity.

D.5.4 Gabaix (2011)

The framework of Acemoglu et al. (2012) can easily be reformulated to

the Gabaix (2011) framework (Acemoglu et al., 2012, p. 1983).

D.5.5 Bremus et al. (2018)

If we take (1) Assumptions 1 – 6 body text. (2) {φj}Jj=1 = 1, (3) {ωjj′}Jj,j′=1,

(4) {θj}Jj=1 = 1. Then, V ar(ĉt) =
∑B
b=1

(
db∑B
b=1 db

)2

σ.
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E Additional results

E.1 Modelling assumptions: supplier switching (ex-

tensive margin)

Our model does not allow firms to adjust their supplier portfolio in the

extensive margin (adding and dropping suppliers) in order to offset shocks

from suppliers. In order to gauge the role of the extensive margin, we

probe the stability of the real economy network for the period 2002−2014.

We find that on average 44.57% of the firm-to-firm linkages at time t

did not exist in the previous period t− 1. Reversely, 42.89% of the firm-

to-firm contracts at time t were discontinued in the following period t+1.

These high levels of variation in the extensive margin conceal that added

(discontinued) supplier relations only represent small shares in the overall

input portfolio of firms. At the firm level, new and discontinued purchases

from input suppliers in total intermediate purchases have an average input

weight (in total intermediates) of 8.45% and 8.81%, respectively. In addi-

tion to genuine supplier switching, these figures also reflect (i) firm entry,

(ii) firm exit, (iii) one–time capital purchases, (iv) transactions crossing

the reporting threshold. In sum, firms actively discontinue supplier re-

lationships and establish new ones but the size of these relationships are

found to be small.
Table E.1: Firm switching

Percentiles

Average p = 90 p = 75 p = 50 p = 25 p = 10

Firm–to–Firm level

New firm–to–firm contracts at t 44.57 100 46.77 37.5 31.25 26.26

(% of total firm–to–firm contracts active at t)

Number of firm-to-firm contracts discontinued at t+ 1 42.89 100 44.89 36.04 30.00 25.27

(% of total firm-to-firm contracts active at t)

Firm level

Total weight of new supplier contracts in firm portfolio 8.45 17.69 10.85 6.75 3.40 0.00

Total weight of discontinued supplier contracts in firm portfolio 8.81 18.22 11.28 7.15 3.86 0.00

t refers to years. The reported statistics are averages across 2002− 2014.
Numbers are denoted in percentages.
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E.2 Modelling assumptions: Bank switching (exten-

sive margin)

We study the impact of bank shocks taking the credit network Ψ as given.

Our model does not allow firms to establish new banking relationships

in order to offset adverse credit–supply shocks. In order to gauge the

restrictiveness of this assumption, we exploit the high frequency panel

structure of the CCR (monthly periods from 2002m1− 2011m3). Figure

x plots the fraction of firms that add (drop) a bank at time t + 1 (at

time t) to their portfolio. We observe that the extensive margin of the

credit network is very stable. On average, only 1.23% of the bank firm-

relationships are discontinued in the next month. Similarly, x% if firms do

not add a bank to their portfolio. These numbers are corrected for changes

of the bank identity due to M&A). This evidence suggests that active

bank switching is not a feature of the Belgian credit network. Various

theoretical arguments explain why we observe this high stability in the

bank-to-firm network; the existence of fixed costs ?, relationship lending

(?), bank specialization (Paravisini et al., 2014), etc.
Table E.2: Bank switching of firms

2004 2006 2008 2010 2012 2014

Firm–to–Firm level

Firms that add a bank to their portfolio at time t 1.54 1.56 1.57 1.36 2.57 2.68

Firms that drop a bank to their portfolio at time t 1.91 1.80 1.71 1.65 2.62 2.70

t refers to years and are 12 month averages. Numbers are denoted in

percentages.
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E.3 Impulse response functions
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Figure 8: Impulse response function of the model assuming ϕ = 0 and
monetary policy targetting PtCt = PC.
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Figure 9: Impulse response function of the model assuming ϕ = 0 and
monetary policy targetting PtCt = PC.
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