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  Abstract 

In this paper we examine using a network approach, the transmission of idiosyncratic 
credit  supply  shocks  to  aggregate  volatility  in  a  developing  economy.   Our  
analytical framework  is  based  on  Acemoglu,  Carvalho,  Ozdaglar  and  Tahbaz-Salehi  
(2012). The model is extended to capture financial frictions and the role of 
intermediation via bank-lending.  The economy comprises of households, banks and 
firms operating in an input-output system. In demonstrating the implications of our 
theoretical results in an empirical application to Uganda, an economy defined by high 
bank dependence and concentration in the banking industry.  The empirical results 
suggest that idiosyncratic shocks to credit supply  account  for  more  than  a  third  of  
the  volatility  observed  at  the  aggregate  level. Results from the counterfactual 
experiments show that configuration of the network plays a marginal part in 
determining aggregate volatility, whereas the architecture of financial intermediation 
has a bigger effect.   In banking system environments characterised by financial frictions, 
the Herfindahl index is no longer a sufficient statistic for explaining the banking sector’s 
contribution to aggregate volatility.  From a policy perspective this paper opens up a 
debate on how financial intermediation should be organised with respect to its 
implications for aggregate volatility 
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1 Introduction

There is by now extensive evidence on the relationship between financial conditions and macroe-

conomic outcomes, both in settings where the financial sector works to amplify real shocks and

where shocks originate in the financial sector itself. However, the details of the underlying

propagation mechanisms and their dependence on the anatomy of production and financial in-

termediation are still not fully understood. In this paper, we formally examine these issues from

a network perspective with a particular focus on the transmission mechanism from idiosyncratic

credit supply shocks to aggregate volatility.

Our analytical framework follows Acemoglu, Carvalho, Ozdaglar and Tahbaz-Salehi (2012)

and considers a static version of the multi-sector model in Long and Plosser (1983). We extend

this environment to encompass financial frictions and a role for intermediation via bank lend-

ing. The economy is populated by households, banks and firms operating in an input-output

system. Production displays decreasing returns to scale and is subject to a financial constraint,

which requires firms to finance their wage bill in advance via bank loans. Banking services

are differentiated so that loans from different banks are aggregated with a finite elasticity of

substitution. Individual banks finance these loans by issuing deposits to households, whereby

their funding costs are subject to shocks that are passed through into loan rates. Idiosyncratic

shocks to banks’ lending capacity therefore have real implications because they affect the price

and volume of credit available to firms. The shocks are then further propagated through the

economy’s production network and ultimately affect aggregate output.

The model is intentionally kept simple in order to retain analytical tractability with results

in closed-form. At its heart are two networks: the production network represented by the econ-

omy’s input-output matrix W, and the financial intermediation network Φ summarising the

financial links between banks and the industrial sectors. An important property of the interme-

diation network is that, generically, banks have links to multiple sectors so that idiosyncratic

credit supply shocks become a direct source of comovement. Starting from this setup, we show

that firms’ production decisions are distorted under a binding financial constraint. Since the

working capital constraint applies only to the wage bill, firms are induced to substitute their

factor employment away from labour and towards intermediate inputs. And in consequence of
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this factor demand distortion, their combined expenditure share for labour and intermediate

inputs falls short of what is dictated by decreasing returns alone. That is, both the intermediate

input share and firms’ profitability are increased relative to their technologically determined

levels.

Building on this result, we go on to derive expressions for the equilibrium level of (the

log of) aggregate output and its volatility. Aggregate output is characterised as a function

of two objects: the distortion vector Θ, which collects the bank-level shocks weighted by

their relevance for the financial intermediation network, and the distortion influence vector d,

which traces their propagation through the input-output network and ultimately maps them

into final output. The volatility of aggregate output inherits these determinants, but it can

equivalently be rewritten in terms of (i) a Herfindahl term proportional to the sum of squared

bank market shares, and (ii) an additional outdegree correction term accounting for the sectoral

interdependence beyond what is captured via bank market shares.

The outdegree correction term becomes relevant whenever financial frictions distort firms’

input decisions. The important implication for such environments therefore is that the bank

Herfindahl index is no longer a sufficient statistic for the banking system’s contribution to ag-

gregate volatility. This opens the door for normative questions about the desirable organisation

of financial intermediation with respect to its implications for aggregate volatility. In a series

of simple examples, we show under which conditions these considerations have bite and how

they twist the usual recommendation of simply minimising the bank Herfindahl index.

We conclude by demonstrating the implications of our theoretical results in an empirical

application to the case of Uganda, an economy characterised by high bank dependence and

concentration in the banking industry. In a first step, we exploit credit registry data to provide

an empirical estimate of the magnitude of bank-level credit supply shocks and their conse-

quences for credit dynamics at the bank and sector level. The pattern of our empirical results

supports the conclusion that idiosyncratic shocks to credit supply have real consequences for

bank-dependent industrial sectors. In light of this evidence, we calibrate our theoretical model

to capture the empirical features of the intermediation and production networks observed in

Uganda. We then subject the calibrated economy to a number of counterfactual experiments

focused on (i) the decomposition of the sources of aggregate volatility and (ii) the degree of am-
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plification in the mapping from idiosyncratic shocks to aggregate outcomes. The key findings

from this exercise are as follows.

The configuration of the production network W plays only a marginal role in the deter-

mination of aggregate volatility, whereas the architecture Φ of financial intermediation has

important effects. These effects are often visible in the bank Herfindahl index. But the bank

Herfindahl index is not necessarily an appropriate indicator for aggregate volatility, in line with

our theoretical results. Closely related to this observation is the question about the role of

financial frictions for the degree of amplification of idiosyncratic shocks. Our theoretical model

points at an increased intermediate input share and increased profit leakage as the principal

consequences of financial frictions. A larger intermediate input share increases the network

multiplier for the input-output system substantially – by a factor of 2.25 in our calibrated

economy. Increased profit leakage, however, works in the opposite direction, illustrating the

quantitative relevance of the outdegree correction term. The degree of amplification after ac-

counting for both effects is thus diminished to a factor of about 1.38. Neverthless, when we

square the estimated volatility of the credit supply shocks estimated from the credit registry

data with the volatility of GDP in Uganda, we find that these idiosyncratic shocks alone can

account for more than one third of the volatility recorded at the aggregate level. Owing to their

granularity and to the propagation mechanism via the intermediation and production network,

we thus find bank-level credit supply shocks to have sizeable real implications.

Related literature

Our work is related to three strands of literature. The first strand links network structure

in production economies to the real economy. In the second we empirically illustrate how

financial shocks feed to the economy and finally we focus on how bank size is important in the

propagating systemic risks in the sector.

In the first strand, we examine the importance of network structure in production economies

in the transmission of idiosyncratic shocks to the real economy through intersectoral linkages

as a factor in the contagion:

Acemoglu et al. (2012) argue that in presence of intersectoral input-output linkages, idiosyn-

cratic shocks at a microeconomic level can feed into aggregate fluctuations. The authors suggest
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that the structure of the network of the linkages affects the rate at which aggregate volatility

decreases. The paper also manages to rank relationship between different sectors as suppliers

to their direct and indirect customers using network analysis techniques. In a related paper

Acemoglu, Ozdaglar and Tahbaz-Salehi (2017) and based on a multi-sector general equilibrium

model show the interplay of idiosyncratic microeconomic shocks and input-output linkages con-

tribute tail co-movement as large recessions cause significant declines in GDP and industrial

activity. These papers highlight the importance of the network structure in a developed coun-

try setting. We deviate from these papers by considering a developing country environment

characterised by financial frictions.

Although, the above papers take a theoretical approach using network analysis to explain the

contagion to the real economy, we note empirically the following papers consider an environment

where credit supply shocks originate from the financial sector. Chava and Purnanandam (2011)

explore the effect of Russian banking crisis as an exogenous shock on U.S banking system. They

observe firms that primarily used bank capital suffered larger valuation losses translating into

lower capital expenditure and lower profitability. Chodorow-Reich (2014) also examines the

impact of bank lending frictions on employment outcome during 2008-9 financial crisis using

fixed effects models. The paper finds that banking relationships are important and therefore

there is a cost in switching to other lenders. The author establishes firms that had a banking

relationship with less healthy lenders had a lower probability of obtaining a loan after the

Lehman bankruptcy, paid higher interest rates and reduced employment. Kroszner, Laeven

and Klingebiel (2007), investigates the impact of banking crises on industries dependent on

bank credit and report sectors that rely on bank credit experience a greater reduction in value

added during a bank crisis. These papers illustrate how shocks to the banking sector can feed

through to the real economy. We differ from these papers by considering the impact of banking

sector shock during normal times.

Following Gabaix (2011), a number of papers have examined the role of bank-specific shocks

for the real economy, another strand considers the importance of bank size in propagating

systemic risks in the sector. Buch and Neugebauer (2011) analyse whether shocks to loan

growth at large bank impacts on real GDP growth using a measure of idiosyncratic shocks

developed by Gabaix (2011). The authors find changes in lending have short-run effects on
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GDP. In a related paper, Bremus, Buch, Russ and Schnitzer (2018) examine both theoretically

and empirically whether the presence of big banks affects macroeconomic outcomes. They

show that big banks have a positive and significant relationship with macroeconomic outcomes

such as GDP. Although, we do not explicitly consider the size of banks in our analysis, we are

aware that the banking industry in Uganda is characterised as fore-mentioned and therefore

the presence of few large banks could propagate the shocks. In this paper we consider how

important are network structure in production economies in the transmission of idiosyncratic

shocks to the real economy through intersectoral linkages. Our own empirical work complements

the above papers with results for Uganda, 2012-2020. We therefore present evidence from a

different environment, namely a developing economy where financial market are relatively less

developed and subject to substantial financial frictions.

The remainder of this paper is organised as follows. Section 2 presents our theoretical model,

whose properties are then analysed in Section 3. Section 4 contains the empirical application

to the case of Uganda along with our counterfactual experiments. Section 5 concludes.

2 The model

We consider a static general equilibrium model of input-output trade within a network of

industrial sectors subject to financial frictions. In line with some recent papers in the literature,

we assume that bank loans are differentiated products.1

2.1 Economic environment

Each good in the economy is produced by one of n competitive sectors and can be used either

for consumption or as an intermediate input for production in other sectors. Labour is the only

primary factor and assumed in exogenous supply, normalised to unity, L = 1. The production

technology for intermediate good firms in sector i is given by

qi = (ui)
η , (1)

1There is a range of possible interpretations for this differentiation, most of them evolving around the services

provided by banks in the process of lending. We should elaborate on this point.
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where ui is an input composite, and η ∈ (0, 1) denotes the degree of decreasing returns to scale.2

Let qij denote the intermediate inputs from sector j used in sector i to produce its output good

qi. The input composite ui aggregates these intermediate inputs together with labour `i hired

in sector i according to a Cobb-Douglas function,

ui = `αi

n∏
j=1

q
(1−α)ωij

ij , (2)

where
∑n

j=1 ωij = 1 so that the input aggregation displays constant returns. Intermediate good

firms are competitive and take prices as given. A limited enforcement constraint forces them to

finance their wage bill upfront with bank loans whose gross-of-interest volume cannot exceed a

fraction ξ of their sales revenue. Notice, however, that this working capital constraint relates

only to firms’ wage payments, but not to their expenditure on intermediate inputs. The implicit

assumption therefore is that trade credit to support the flow of intermediate inputs between

sectors is available without frictions, while wage payments must be facilitated via bank credit.3

Sectoral output qi can be used either for consumption ci or as an intermediate input for

production in other sectors,

qi = ci +
n∑
j=1

qji. (3)

As in Acemoglu et al. (2012) and Jones (2013), the sectoral consumption goods ci are aggregated

into a single final good through a log-linear function (which can either represent the technology

for final good production or household preferences over the aggregate consumption bundle C),

Y = C =
n∏
i=1

cβii , (4)

where βi denotes the expenditure share falling on sector i and
∑n

i=1 βi = 1.

2Decreasing returns naturally arise as a consequence of factors of production like capital that are (in the

short-run) fixed or immobile across sectors.
3Bigio and La’O (2020) consider a related setting with exogenous working capital constraints where they

allow only for bank credit but not for trade credit. Altinoglu (2020) and Luo (2020) consider economies with

trade credit subject to endogenous financial constraints.
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2.2 Banks

There are m banks providing differentiated loans to the intermediate good firms. This dif-

ferentiation is associated with limited credit market competition whose ultimate source we

leave unmodeled here. The theoretical literature typically links banks’ market power to asym-

metric information problems, long-term customer relationships, switching costs or spatial and

regulatory considerations of bank reach.4 Against this background, we take the limited sub-

stitutability across loans originated by different banks as a primitive of our model. Banks are

owned by households and fund their working capital loans by issuing demand deposits, which

are passed on by the firms to compensate workers for their labor supply. Deposits are remu-

nerated at an exogenous gross interest rate R, which is common to all banks, consistent with

perfect competition on the deposit market.

On top of the common cost of deposits, the funding cost facing an individual bank b is subject

to an idiosyncratic shock zb ∈ (0, 1) relating to the operating cost of the bank’s lending activity.

The resulting variable cost of lending is thus bank-specific and passed on to the borrowing firms,

resulting in a gross lending rate

rb =
R

zb
> R. (5)

Hence, for a given deposit rate R, the gross lending rate rb varies inversely with the idiosyncratic

cost shock zb. Let xib denote the volume of loans from bank b to sector i, and let Db denote the

bank’s deposit base. Taking account of the full variable cost of lending, zero profits in banking

then imply

rb

n∑
i=1

xib = RDb, (6)

or equivalently,

xb =
n∑
i=1

xib = zbDb, (7)

4Most microeconomic studies of financial intermediation consider market power as a distinctive feature of

the banking industry (Freixas and Rochet, 1997), and it is empirically well-documented (Claessens and Laeven,

2004; Degryse and Ongena, 2008). Recent papers introducing heterogenous banks with differentiated loans and

markups due to market power include Gerali, Neri, Sessa and Signoretti (2010), Mandelman (2010), Andres

and Arce (2012), Bremus et al. (2018) and Corbae and D’Erasmo (2019).
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which can be interpreted as a balance sheet constraint restricting the bank’s volume of funds

xb available for lending to firms. The pass-through of funding costs to borrowers in the form of

increased lending rates is possible due to imperfect competition on the loan market.5 Specifi-

cally, we assume that bank loans are relationship-specific and thus differentiated products with

a finite elasticity of substitution across loans originating from different banks. In the following,

we presume a Cobb-Douglas aggregation with unitary elasticity across loans,

xi =
m∏
b=1

xφibib , (8)

where
∑m

b=1 φib = 1. Accordingly, the effective loan volume available to intermediate good

firms operating in sector i is given by the weighted geometric mean of loans xib obtained from

individual banks, where the weights φib capture the importance of bank b in financing sector

i. Finally, let D =
∑m

b=1Db denote the aggregate volume of deposits created by the banking

sector.

2.3 Firms

Intermediate good firms are competitive and take prices and the technology specified in (1)

and (2) as given. In addition, they face a financial constraint, which forces them to finance

their wage bill w`i (but not their expenditure on intermediate inputs) upfront with bank loans

whose gross-of-interest volume cannot exceed a fraction ξ ∈ (0, 1) of their sales revenue. That

is,

w`i = xi =
m∏
b=1

xφibib , (9)

rixi ≤ ξpiqi, (10)

where the overall cost of financing capital is based on the optimal combination of bank loans

xib and satisfies

ri =
m∏
b=1

(
rb
φib

)φib
. (11)

5In a closely related paper, Bremus et al. (2018) provide a micro-foundation for this mechanism within a

model with imperfect competition among heterogeneous banks charging endogenous markups in the face of a

search friction.
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Notice again that this presumes a Cobb-Douglas aggregation of bank loans as in (8). The

problem faced by intermediate good firms then is

max
xi,`i,qij

πi = pi

(
`αi

n∏
j=1

q
(1−α)ωij

ij

)η

− rixi −
n∑
j=1

pjqij, (12)

subject to (9) and (10). We assume ξ < ηα so that financial constraint (10) is binding.

Lemma 1 Suppose ξ < ηα. Given the wage rate w, the vector of sectoral prices p = [p1, ..., pn]′

and the vector of interest rates r = [r1, ..., rm]′, the factor and loan demand of the representative,

financially constrained firm in sector i satisfy

`i =
χαpiqi
riw

, (13)

xi =
χαpiqi
ri

, (14)

xib =
χαφibpiqi

rb
, (15)

qij =
ζ(1− α)ωijpiqi

pj
, (16)

where ri =
∏m

b=1

(
rb
φib

)φib
and ξ

α
= χ < η < ζ = 1−ξ

1−ηαη. The firm’s total expenditure satisfies

rixi +
m∑
j=1

pjqij = [χα + ζ(1− α)] piqi < ηpiqi. (17)

The compound parameter χ < η captures the effective tightness of the financial constraint,

which we interpret as an indicator of financial development. Taking this parameter as given,

equation (15) indicates that that sector i’s demand for loans from bank b varies inversely with

the lending rate rb. At the same time, the expression retains the limited substitutability across

loans originated by differentiated banks.

More generally, the results summarised in Lemma 1 indicate that a binding financial con-

straint distorts firm decisions in three dimensions. The distortions are best understood relative

to the unconstrained benchmark where, given decreasing returns to scale, a firm’s total expen-

diture amounts to a fraction η < 1 of its revenue. First, since the working capital constraint

applies only to the wage bill, the immediate effect is that firms have to economise on their

gross-of-interest expenditure on wages. The associated expenditure share now amounts only to
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ξ = χα < ηα of firm revenue. Second, since firm revenue can be increased by expanding the

use of intermediate inputs which are not subject to the financial constraint, firms seek to relax

their financial constraint by increasing the overall expenditure share on intermediate inputs to

ζ(1 − α) > η(1 − α). There is thus a technologically inefficient substitution of inputs away

from labor and towards intermediate inputs. Third, the cumulative effect of these demand

distortions for labour and intermediates is that firms have to limit their expenditure below

what is dictated by decreasing returns alone, χα+ ζ(1− α) < η. The financial constraint thus

leads firms operate at an inefficient scale. It is straightforward to show that this distortion is

increasing in the labour share.

Lemma 2 Suppose ξ < ηα. Then the shortfall of total expenditure relative to the volume

implied by decreasing returns to scale is increasing in α. Formally,

d

dα
[χα + ζ(1− α)] < 0.

2.4 Equilibrium

Recall from (3) and (4) that sectoral output can be used either for consumption or as an inter-

mediate input for production in other sectors, and that final output coincides with aggregate

consumption,

qi = ci +
n∑
j=1

qji,

Y = C =
n∏
i=1

cβii .

With P denoting the aggregate price level, expenditure for final consumption goods from sector

i is then given by

pici = βiPC, (18)

and the aggregate price level under Cobb-Douglas aggregation is

P =
n∏
i=1

(
pi
βi

)βi
, (19)

which is normalized to one, P = 1. A competitive equilibrium for the given economy is defined

as follows.
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Definition 1 A competitive equilibrium of the economy with m banks and n intermediate good

sectors consists of prices w, R, p = [p1, ..., pn]′, r = [r1, ..., rm]′ and quantities ` = [`1, ..., `n]′,

D, c = [c1, ..., cn]′, q = [q1, ..., qn]′, x = [x1, ..., xn]′ with qi = [qi1, ..., qin]′ and xi = [xi1, ..., xim]′

for all sectors i = 1, ..., n such that:

(i) the consumption allocation c is consistent with (4);

(ii) interest rates r satisfy (5);

(iii) the intermediate good firm allocation `i, qij and xib solves problem (12);

(iv) markets clear, that is,

n∑
i=1

`i = L = 1, w
n∑
i=1

`i = w = D, qi = ci +
n∑
j=1

qji,
n∑
i=1

xib = xb;

(v) prices aggregate, that is,

P =
n∏
i=1

(
pi
βi

)βi
= 1, ri =

m∏
b=1

(
rb
φib

)φib
.
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3 Analysis

Figure 1: A combination of the Input-Output(W) and Intermediation(Φ) Matrices

In the above Figure 1 we provide a graphical illustration of the linkages between the input-

output(W) matrix and the intermediation(Φ) matrix. To begin, it is convenient to define a

number of important primitives. Let the n×m matrix Φ collect the coefficients for the given
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bank-sector relations,

Φ ≡


φ11 . . . φ1m

...
. . .

...

φn1 . . . φnm


with typical element φib, capturing the importance of bank b in financing sector i. Similarly,

let W denote the n× n input-output matrix,

W ≡


ω11 . . . ω1n

...
. . .

...

ωn1 . . . ωnn


collecting the intermediate input shares ωij across sectors. Based on the intersectoral depen-

dence embodied in W, we obtain the influence vector,6 defined as

v = α [I− ζ(1− α)W′]
−1
β. (20)

Intuitively, element vi of the influence vector captures the importance of sector i for aggregate

outcomes, taking into account the effects of propagation through the network of input-output

linkages across sectors (Acemoglu et al., 2012). Consequently, the influence vector is charac-

terised in terms of ζ, which captures sectors’ (endogenous) dependence on intermediate inputs

(cf. Lemma 1).

In an economy where firms operate under constant returns to scale and are not subject to

financial frictions (η = 1 and ξ ≥ ηα), the influence vector can be interpreted in terms of the

share of labor (the only primary input into production) assigned to the sectors: Each sector

purchases intermediate inputs and hires labor, which is then transformed into intermediate

output and – by way of the intersectoral input-output linkages – ultimately into final output.

Thus, the influence vector provides a measure of sectors’ importance in the mapping from

labour inputs to final output, with
∑n

i=1 vi = 1. That is, the influence vector coincides with

the sectoral sales vector, and the vi correspond to the Domar weights.

In the economy at hand, however, firms operate under decreasing returns to scale (η < 1)

and are financially constrained (ξ < ηα). Under decreasing returns, firms make profits, which

6See Appendix A.3 for a derivation of the influence vector and its relation to the sectoral sales vector.
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are paid to households in the form of dividends rather than recycled within the input-output

network for purchases of intermediate inputs. There is thus ‘profit leakage’ (Bigio and La’O,

2016). Under financial frictions, the allocation is further modified because the scale of firms’

production as measured by the share of expenditure relative to sales is reduced below what

is dictated by decreasing returns alone (cf. Lemma 1), so that the share of profits increases

further. On the other hand, in an effort to relax their financial constraint, firms increase the

share of their expenditure on intermediate inputs relative to sales to ζ(1 − α) > η(1 − α).

The joint effect of these forces is to distort the influence vector away from the sales vector. In

particular, we have

n∑
i=1

vi =
α

1− ζ(1− α)
,

which is generally different from one. Notice that α
1−ζ(1−α) > 1 holds if ζ > 1, which is true

provided the extent of financial frictions as captured by the shortfall of ξ below ηα is sufficiently

strong relative to the extent of decreasing returns to scale η < 1. Formally, ζ = 1−ξ
1−ηαη > 1 if

1−ξ
1−ηα >

1
η
. By contrast, under moderate financial frictions, we have ζ < 1 and hence α

1−ζ(1−α) <

1. Accordingly, depending on their relative strength, decreasing returns and financial frictions

can work to amplify (attenuate) the importance of individual sectors for aggregate outcomes

because they increase (limit) the use of intermediate inputs relative to sales and hence augment

(contain) the propagation of changes at the sector level through the input-output network. We

summarise our findings, which resonate results in Bigio and La’O (2016), in the following

Proposition.

Proposition 1 The elements of the the influence vector v are given by

vi = α
piqi
Y
.

Under constant returns to scale (η = 1) and absent financial frictions (ξ ≥ ηα), ζ = 1 and the

vi coincide with the Domar weights (the sectoral shares of total intermediate good sales), that

is,

n∑
i=1

vi = 1.
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Otherwise, when ζ 6= 1, this equivalence is lost and

n∑
i=1

vi =
α

1− ζ(1− α)
6= 1.

For all scenarios in Proposition 1, the influence vector remains crucial in the expressions for

firms’ equilibrium demand for intermediate inputs and loans. They are given by

qij = ζ(1− α)ωijqj
vi
vj

and

xib =
φibvi∑m

b=1

∑n
i=1 φibvi

zbD,

where zb is the idiosyncratic cost shock for bank b and D =
∑n

i=1w`i = w by clearing on

the market for working capital loans. But despite this importance, the influence vector is not

in itself a sufficient statistic for the characterisation of aggregate outcomes in the presence

of financial frictions. Instead, this requires consideration of the distortion influence vector,7

defined as

d = α [I− η(1− α)W′]
−1
β. (21)

Comparison of the definition of the distortion influence vector in (21) with that of the influence

vector in (20) reveals an almost identical structure – up to the difference between ζ and η.

Thus, different from the influence vector, the distortion influence vector is defined not with

reference to the importance of intermediate input flows, but instead in terms of the returns-to-

scale parameter η. At a deeper level, however, it turns out that the mapping between v and

d depends in a non-trivial way on the structure of the input-output matrix W. In detail, we

have

d′ = v′M,

with

M = [I− ζ(1− α)W] [I− η(1− α)W]−1 . (22)

7See Appendix A.5 for a derivation of the distortion influence vector.
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Notice in particular that it is generally not possible to write M as a linear matrix function of

the input-output matrix W. Accordingly, the mapping M is generally different from a simple

rescaling of v into d. Instead, it depends explicitly on the input-output matrix W; that is, the

sectoral interdependence embodied in the input-output network matters.8

Intuitively, the characterisation of aggregate outcomes recurs on the distortion influence

vector with its key parameter η (rather than ζ) because, unlike productivity shocks, the distor-

tions zb do not affect firms’ production frontier. Firms’ (efficient) production scale is therefore

determined by the returns-to-scale parameter η, and this is what ultimately matters for the

aggregate consequences of distortions in financing the intersectoral production network. On

the other hand, the flow of intermediate inputs within the input-output network is still gov-

erned by the expenditure share parameter ζ, which is endogenous to the tightness of financial

constraints (cf. Lemma 1) but does otherwise not interact with the idiosyncratic bank shocks

zb. In consequence, the influence vector v has an effect on the level of final output, whereas the

aggregate impact of financial distortions zb can be traced via the distortion influence vector d.

The following Proposition details this further.

Proposition 2 In equilibrium, the natural logarithm of final output is given by

lnY = Γ + η
n∑
i=1

[
di

m∑
b=1

φib ln (φibzb)

]
,

where Γ collects terms constant in zb, and where φib and zb denote elements of the intermediation

matrix Φ and idiosyncratic bank shocks, respectively. As
∑n

i=1 di ≤
∑n

i=1 vi, the equilibrium

allocation is generically inefficient.

In compact notation, the expression from Proposition 2 can be written as

lnY = Γ + ηd′Θ,

where the constant term Γ is determined via the influence vector v,9 and where the distortion

8A trivial exception is the case when W = I so that each sector operates in isolation without any interme-

diate inputs flows between sectors. Then, M degenerates to a scaling factor, M = 1−ζ(1−α)
1−η(1−α) I. However, this

simplification of M to a scaling factor is impossible in the presence of sectoral interdependence via intermediate

inputs.
9That is, we have Γ = Γ(v); see the proof of Proposition 2.
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vector

Θ ≡


∑m

b=1 φ1b ln (φ1bzb)
...∑m

b=1 φnb ln (φnbzb)


collects the bank-level shocks zb weighted by their relevance for the financial intermediation

network Φ. Accordingly, the organisation of financial intermediation, as captured by Φ, has a

direct level effect on final output,10 and the quantitative relevance of this effect for aggregate

production depends on the distortion influence vector d. Moreover, since
∑n

i=1 di ≤
∑n

i=1 vi =

α
1−ζ(1−α) , the equilibrium allocation is inefficient, which has two sources.

First, the inefficiency reflects the misallocation arising due to the input substitution de-

scribed in Lemma 1, which distorts the aggregation of inputs in (2). Second, the idiosyncratic

credit supply shocks zb generally affect the intermediate goods sectors in an asymmetric fash-

ion, which is governed by the particular cross-sectional pattern of shocks {zb} and their the

propagation via the network of bank-sector relations Φ. Since the production technology (1)

displays decreasing returns to scale, the resulting dispersion in the scale of sectoral production

activity is inefficient. The distortion vector Θ captures these distortions, and the distortion

influence vector d traces their propagation through the input-output network and ultimately

maps them into final output. Specifically, element di of the distortion influence vector captures

the importance of sector i for the transmission of credit supply shocks into the production

network. Notice, however, that in the considered environment with exogenous labor supply,

inefficiency cannot materialise in terms of the supply of primary inputs, but exclusively in terms

of reduced aggregate productivity.11

10Even absent shocks (that is, when zb = 1 for all banks b), the level effect arises due to the finite-elasticity

aggregation of loans in (8), whereby the fact that this is presumed to happen with an unitary elasticity is not

important in itself. To understand the mechanics, notice from the expression for Θ that the contribution of

sector i to lnY depends on
∑m
b=1 φib ln (φib), or equivalently, ln

{
Πm
b=1 (φib)

φib

}
. The structure of this Cobb-

Douglas aggregator results from firms’ optimal demand for loans, given the weights φib. In a situation where

(risk-neutral) firms could instead choose these weights, they would opt for complete concentration, that is, for

obtaining the entirety of their loans from one single bank. This rationale for concentration is driven by the

benefit from rationalising on the need to aggregate different loans subject to a finite elasticity of substitution.
11In the terminology of Bigio and La’O (2020), there is a loss of total factor productivity (misallocation), but

no labour wedge (distortion of primary input supply).
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Moving on from the level of final output, we now turn to analyse the aggregate volatility

generated by idiosyncratic bank-level shocks. This requires consideration of two key objects.

First, the vector of bank outdegrees ob, whose entry for bank b accumulates its funding shares

across all industrial sectors,

ob =
n∑
i=1

φib. (23)

Second, the vector of bank market shares sb, defined as the ratio of the loans Db issued by bank

b over the aggregate volume of loans extended by the whole banking system, D =
∑m

b=1Db.

Using this definition, the market share of bank b can be related to the influence vector (see

Appendix A.4),

sb =
Db

D
=

∑n
i=1 φibvi∑m

b=1

∑n
i=1 φibvi

. (24)

Bank market shares are an important – but generally not the only – factor explaining aggregate

volatility, as detailed in the following Proposition.

Proposition 3 Suppose all banks have the same distribution of shocks, σb = σ, and the shocks

zb are independent across banks. In equilibrium, the variance of the natural logarithm of final

output is then given by

var[lnY ] = σ2η2
m∑
b=1

(
n∑
i=1

diφib

n∑
j=1

djφjb

)

= σ2η2
m∑
b=1

((
α

1− ζ(1− α)

)
sb +

(
n∑
i=1

δiφib

))2

.

where sb = Db

D
denotes the market share of bank b, and where δi ≡ di− vi can be approximated,

to the first-order, as

δi ≈ (η − ζ)(1− α)
n∑
j=1

vjωji ≤ 0.

Similar to Proposition 2, the first line in the expression for var[lnY ] in Proposition 3 makes

clear that the key determinants of aggregate volatility are the distortion vector Θ and the

distortion influence vector d. The second line in this expression instead establishes that the

mapping from idiosyncratic bank-level volatility to aggregate volatility generally depends on
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two terms: (i) a Herfindahl term proportional to the sum of squared bank market shares, and

(ii) an outdegree correction term, which interacts the vector of bank outdegrees ob with the

vector of sectoral differences δi ≡ di − vi and thus accounts for the sectoral interdependence

beyond what is captured directly via the influence vector. From equation (24), we can infer

that the Herfindahl term, that is, the sum of squared bank market shares, can be computed

based on the influence vector v. But to the extent that v differs from the distortion influence

vector d, the Herfindahl term alone fails to account for the correct mapping from idiosyncratic

to aggregate volatility, which also requires consideration of the correction term. Indeed, as

seen from the definition δi ≡ di − vi, the outdegree correction term emerges exactly due to the

divergence of the distortion influence vector d from the influence vector v. To better understand

the substance of the Proposition, it is useful to consider a number of special cases.

First, suppose the production technology (1) displays constant returns to scale (η = 1) and

financial frictions are irrelevant (ξ ≥ ηα). In this friction-less economy, there is no need for

firms to distort their input mix between capital and intermediate goods so that ζ = η = 1 and

δ = 0. The variance expression from Proposition 3 thus degenerates to

var[lnY ] = σ2

m∑
b=1

s2b .

Accordingly, aggregate volatility is equal to the product of idiosyncratic volatility and the

Herfindahl index of bank market shares (cf. Gabaix, 2011). From the expression for sb in (24) it

is clear that the bank market share embodies the structure of the input-output network W (via

the sectoral influences vi) and the intermediation network Φ (via the bank-sector coefficients

φib). However, given the Herfindahl index, the details of neither W nor Φ matter for aggregate

volatility (cf. Bigio and La’O, 2020). In other words, even though the intermediation matrix Φ

determines the way financial shocks hit the economy and the input-output network W plays

an important role in their propagation, the structure of bank market shares sb as captured by

the Herfindahl index is a sufficient statistic for tracing the relevance of bank-specific shocks

for aggregate volatility. That is, W and Φ play no role beyond pinning down the bank size

distribution. This is a reflection of Hulten’s theorem (Hulten, 1978) which states in a production

context that, in efficient economies, the impact of an idiosyncratic shock at the micro level is

equal to the relevant unit’s sales share of GDP.12

12Key to the derivation of Hulten’s theorem are equilibrium efficiency and the envelope theorem. It may thus
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Next, continue to assume that financial frictions play no role (ξ > ηα), but allow for de-

creasing returns to scale (η < 1). As before, there is no input substitution, implying ζ = η < 1.

Aggregate volatility can then again be characterised in terms of the Herfindahl index of bank

market shares, now with an additional scaling term which arises because firms’ expenditure

share on intermediate inputs generally amounts to η(1− α) < (1− α). It is now given by

var[lnY ] = σ2η2
m∑
b=1

((
α

1− η(1− α)

)
sb

)2

= σ2

m∑
b=1

((
ηα

1− η(1− α)

)
sb

)2

.

Thus, as
(

ηα
1−η(1−α)

)
< 1, aggregate volatility is now dampened. This is because of profit

leakage: firms’ sales revenues are now in part diverted from the propagation within the input-

output system and rebated to households in the form of profits. In consequence, the role of

the input-output network as a source of amplification is reduced. However, conditional on a

given Herfindahl index of bank market shares, the network architecture embodied in W and Φ

continues to have no influence on aggregate volatility.

This result is finally broken when financial frictions are sufficiently strong to make them

relevant for firms’ input decisions (ξ > ηα). By Lemma 1, firms will then inefficiently substi-

tute inputs away from labor and towards intermediate goods. With firms’ expenditure share

on intermediate inputs given by ζ(1− α), the cofactor in the Herfindahl term is now given by(
α

1−ζ(1−α)

)
. As seen before, this cofactor exceeds (falls short of) one when financial frictions

are sufficiently strong (moderate) relative to the extent of decreasing returns to scale; accord-

ingly, the fundamental role of bank market shares sb for aggregate fluctuations is amplified

(dampened). Importantly, however, the effects of sectoral interdependence via spending on

intermediate inputs as captured by parameter ζ are different from the extent of profit leakage

governed by η. Indeed, Lemma 1 established η < ζ, and as a consequence, the Herfindahl term

overstates the contribution of idiosyncratic shocks to aggregate volatility.13 This leads to the

emergence of the additional outdegree correction term.

The nature of the outdegree correction term becomes clear from the approximation of δi

in Proposition 3. As η < ζ, the correction term is generally negative. The magnitude of

not hold in inefficient economies like the one considered here when η < 1 and ξ > ηα.
13In detail, the Herfindahl term accounts for the increased intermediate input share ζ(1− α) under financial

frictions, which leads to an increased network multiplier. But it fails to account for the increased extent of

profit leakage as measured by the reduced overall expenditure share χα+ ζ(1− α) (cf. Lemma 1).
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this adjustment depends on
∑n

j=1 vjωji, that is, on the importance of individual sectors i as

suppliers to the other sectors j, scaled by these sectors’ influence vj. Hence, sectors that are

important as suppliers of intermediate inputs get assigned a lower weight in the determination

of the volatility of aggregate output. Similarly, the weight adjustment is also relevant for banks

whose contribution to aggregate volatility is no longer captured by their market shares sb and

the corresponding simple Herfindahl index. Instead, as seen from the outdegree correction term∑n
i=1 δiφib, banks which lend to more important sectors get assigned a lower weight; that is,

bank size is punished less if it is the result of lending to important sectors. The underlying

notion of sectoral importance is again captured via the difference vector δ, which incorporates

the full structure of the input-output matrix W.

In addition to the input-output matrix W, the outdegree correction term
∑n

i=1 δiφib also

recurs on the intermediation matrix Φ. Intuitively, the term
∑n

i=1 δiφib accounts for the part of

bank b’s contribution to aggregate volatility that has been incorrectly captured by its market

share sb; evidently, this contribution is determined by the relevant bank-sector links φib. In

consequence, also the intermediation matrix Φ plays a key role in shaping aggregate volatility.

One interesting aspect here is that, through Φ, idiosyncratic bank shocks zb induce a correlation

structure for the effective financial distortions the production network is subject to. This is

readily seen from the distortion vector Θ, where an idiosyncratic shock zb to bank b shows up as

a distortion for all sectors i which have an existing lending relationship φib > 0 with that bank.

Thus, credit supply shocks are naturally correlated across sectors. The financial intermediation

network Φ is therefore a second source of co-movement in addition to the input-output linkages

embodied in W.

3.1 An example

How should financial intermediation be organised in order to minimize aggregate volatility?

That is, for a given input-output network, what are banks’ optimal (volatility minimising)

shares φib in financing individual sectors, and what are the implications for the the distribution

of bank market shares sb? To gain insights towards answering these questions, consider a

stylised economy with n = 2 sectors and m = 2 banks. We set η = 0.85, α = 0.71 and ξ = 0.20;

these parameter values conform with our baseline calibration obtained in Section 4.2 below and
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imply a binding borrowing constraint as ξ < ηα. We also assume that the idiosyncratic cost

shocks zb have a uniform volatility σ2
b = σ2 across banks. Since the effects of the shocks zb are

scaled by the volume Db of banks’ lending, this implies that larger banks expose the production

network to potentially larger shocks. Recall also that, whenever sectors have a joint exposure

to individual banks, their financial shocks are correlated.

Looking at a number of different specifications, the four panels of Figure 1 plot (i) the vectors

v and d for the two sectors, (ii) the minimum volatility configuration of financial intermediation,

and (iii) the associated bank market shares. For given GDP shares β and a given input-output

structure W, the minimum volatility configuration of financial intermediation is given by the

collection {φib} that minimises the expression for aggregate volatility in Proposition 3; in the

context of the 2 × 2 economy at hand, it can be described in terms of the two coefficients

(φ11, φ22), which allows for a convenient graphical representation.14 The associated bank market

shares can then be inferred from equation (24).

Indeed, the respective determination of the minimum volatility configuration of financial

intermediation and the vector of bank market shares highlights a general property. As seen

from (24), bank market shares are calculated based on the influence vector v, which mirrors

sectors’ importance in terms of intermediate input flows. What matters for aggregate volatility,

however, is not the influence vector v but the distortion influence vector d, which additionally

captures the extent of inefficiency (that is, the wedge between the actual and the efficient scale of

production) originating at the sector level. Specifically, the approximation of δi in Proposition

3 makes clear that the difference vector δ traces the role of individual sectors as a source of

distortions generated within the whole input-output network. In consequence, minimising the

Herfindahl index of bank market shares will minimise the variance of final output whenever

the distortion influence vector coincides with the influence vector, d = v. But when the two

vectors differ, the minimum volatility configuration of financial intermediation will generally

not entail or require the minimisation of the Herfindahl index. Figure 1 illustrates this for the

simple 2× 2 economy described above.

14Appendix A.7 provides the underlying analytical results for the characterisation of the minimum volatility

collection {φib}.
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(a) β′ = [0.5, 0.5], W = [0.5, 0.5; 0.5, 0.5]

(b) β′ = [0.9, 0.1], W = [0.5, 0.5; 0.5, 0.5]

(c) β′ = [0.5, 0.5], W = [1, 0; 0.5, 0.5]

(d) β′ = [0.5, 0.5], W = [1, 0; 0.9, 0.1]

Figure 2: Minimum volatility configuration of financial intermediation. Vertical lines indicate

the domain for φ11 compatible with minimum volatility.
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Panel (a) of Figure 1 considers the symmetric economy where both sectors have identical

GDP shares and are equally important as suppliers of intermediate inputs. The top middle chart

shows that the minimum volatility configuration of financial intermediation is then given by all

combinations of (φ11, φ22) ∈ [0, 1]2 such that φ22 = φ11. Common to all these combinations is

that they imply equal bank market shares s1 = s2 = 0.5 (see top right chart) and therefore also

minimize the bank Herfindahl index. This happens in spite of a binding borrowing constraint

(ζ > η). The reason lies in the complete symmetry of the specification in panel (a). Although

d 6= v, the individual entries in the two vectors are actually identical across sectors (see top

left chart) so that the difference has no further implications.

Panel (b) introduces asymmetry via the vector β′ = [0.9, 0.1] of GDP shares but maintains

a balanced input-output matrix W. The middle chart again plots the minimum volatility

relationship between φ11 and φ22; the admissible domain for φ11 compatible with minimum

volatility is now given by φ11 ∈ [0.3750, 0.6250]. The minimum volatility relationship (red line)

implies that as φ11 increases, φ22 rises with a slope larger than one.15 That is, when bank 1

expands its lending share to the larger sector 1, bank 2 must expand its lending share to the

smaller sector 2 more than proportionately. This happens for two reasons: First, to prevent

the amount of credit intermediated by the two banks from diverging too strongly; and second,

to compensate for the correlation of financial shocks across sectors, which is governed by the

profile of bank outdegrees, ob =
∑n

i=1 φib. The second motive actually implies that minimum

volatility rebalancing (red line) is more pronounced than what would be required to retain

equal bank market shares (blue line), to the extent that the principal financier of sector 1

ends up with a lower outdegree. To understand the underlying logic, recall the expression for

aggregate volatility in Proposition 3 and observe from the left chart in panel (b) that, in the

present example, the difference vector is constant across sectors, δ1 = δ2 = δ < 0. The volatility

formula then implies

var[lnY ] = σ2η2
m∑
b=1

((
α

1− ζ(1− α)

)
sb + δob

)2

.

Accordingly, as δ < 0, the minimum volatility configuration assigns a low market share sb to

15Formally, the minimum volatility relationship is given by φ22 = d1
d2
φ11 − d1−d2

2d2
subject to d1−d2

2d1
≤ φ11 ≤

d1+d2
2d1

.
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banks with a small outdegree ob. As seen from the right chart, the consequence is that the

bank with the larger funding share φ1b for the important sector 1 should have a smaller overall

lending volume Db and hence a market share sb < 0.5.

Panel (c) breaks symmetry in the other dimension by considering an input-output matrix

W with a supply chain structure where sector 2 relies on intermediate inputs from both sectors

while sector 1 produces without external intermediate inputs. That is, asymmetry is now gener-

ated not via sectoral GDP shares but via the input-output network; the left chart demonstrates

that the difference vector then becomes unbalanced, δ1 < δ2 < 0. The minimum volatility rela-

tionship between φ11 and φ22 (red line) again displays a slope larger than one, but in contrast

to the previous example it is now flatter than the equal market shares relationship (blue line).

This is because the minimum volatility configuration assigns a larger market share sb > 0.5

to the principal financier of the high-influence sector 1, here bank 1. The minimum volatility

configuration thus displays tolerance towards the size of banks that are important for funding

important, high-influence sectors.

Finally, panel (d) considers a variation of the example considered in panel (c), which further

amplifies the asymmetry in intermediate input flows. In line with its increased dominance as

a supplier of intermediate goods, an increased funding contribution to sector 1 is now assessed

with an extra amount of tolerance for market share expansion. Compared to panel (c), the

admissible interval for φ11 compatible with minimum volatility is centered more tightly around

0.5, but the range of the distribution of tolerated market shares is now wider.

In sum, the preceding set of examples illustrates that, in an (asymmetric) inefficient economy,

the minimum volatility configuration of financial intermediation is compatible with a non-

degenerate distribution of bank market shares. The expression for bank market shares in

(24) illustrates that banks lending to high-influence sectors tend to be large. Looking at the

minimum volatility configuration, whether asymmetry amplifies or mitigates this natural effect

depends on the particular source of heterogeneity across sectors: An increased funding share for

high-β sectors implies that the bank’s market share should shrink (see panel (b)). By contrast,

an increased funding share for sectors that play a dominant role as input suppliers implies that

the bank’s market share should expand (see panels (c) and (d)).
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4 Empirical illustration

In this Section, we provide an empirical illustration of the implications of the theory developed

so far. The application is to the Ugandan economy. In view of the importance of financial

frictions and the institutional environment for financial intermediation, we see Uganda as par-

ticularly suitable for this purpose. As detailed in Appendix B.1, the formal economy in Uganda

displays a pronounced bank dependence with few alternative means of finance available to firms;

on average, 96 per cent of private credit comes from banks. The banking sector itself relies

strongly on funding via deposits and the interbank market is weak; these features are consistent

with the formalisation of credit supply shocks developed in our theory. Finally, with a 3-bank

(5-bank) concentration ratio in 2017 of more than 40 per cent (60 per cent), the Ugandan

banking industry – comprised of 25 banks – is characterised by a high degree of concentration.

We proceed in three steps. First, Section 4.1 provides an empirical estimate of the magnitude

of bank-level credit supply shocks and their consequences for credit dynamics at the bank and

sector level. Second, Section 4.2 describes the structure of the intermediation and production

networks in detail and calibrates the model to the environment observed in Uganda. Third,

Sections 4.3 and 4.4 employ the calibrated economy to undertake a number of counterfactual

experiments focused on (i) the decomposition of the sources of aggregate volatility and (ii) the

degree of amplification in the mapping from idiosyncratic shocks to aggregate outcomes.

4.1 Credit supply shocks

Data. Our empirical assessment of credit supply shocks in the Ugandan banking sector builds

on data obtained from the Bank of Uganda (BoU), the national central bank which is also

responsible for the supervision of the banking sector in Uganda. We use loan-level data on

credit in the domestic banking system compiled by Compuscan, a credit reference bureau, for

the Bank of Uganda. Compuscan maintains the credit register under the supervision of the

Bank of Uganda. Covering the entire banking system in Uganda, it provides monthly data on

firm borrowing for the period from January 2012 to June 2020.

The credit register data records the parties involved in each loan and thus allows for the

classification of loans according to identifiable bank-firm pairs. We eliminate the two smallest
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banks from our data set as their lending is driven by special considerations and quantitatively

insignificant, accounting for a negligible share of overall bank credit. This leaves us with 23

banks, whose lending activity accounts for the bulk of private-sector lending in Uganda.

While the data is in principle available at the firm-level, compliance with the BoU’s confi-

dentiality standards forces us to aggregate data at the level of industrial sectors – the level of

aggregation also relevant to our theoretical model. Hence, the primary data at the bank-firm

level are collapsed into loan series at the sector-level according to the International Standard

Industrial Classification (ISIC) codes used by the Ugandan Bureau of Statistics and the cen-

tral bank. In detail, the ten broad sectors are: Agriculture, Forestry and Fishing; Business;

Building; Electricity and Water; Manufacturing; Mining and Quarrying; Social; Trade; Trans-

port; Others.16 We then consolidate the monthly bank-sector level series into quarterly and

annual loan aggregates, computed as the total volume of credit provided by a lender (bank) to

a particular sector over the quarter or year, respectively. At quarterly frequency, this produces

a data set of 6881 bank-sector observations, where the lending relationship lasts more than

one quarter. For the annual data, we end up with 1535 bank-sector observations with credit

relationships over more than one year.

Methodology and results. A key challenge for empirical work on banking is to isolate

changes in loan supply from changes in loan demand. This leads Khwaja and Mian (2008) to

argue that the assessment of how shocks to the banking system affect the real economy must

simultaneously confront two separate channels: the bank lending channel and the firm borrowing

channel. The bank lending channel rests on bank’s inability to insulate borrowing firms from

bank-specific liquidity shocks, while the firm borrowing channel is due to firms’ inability to

compensate bank lending shocks by substituting towards alternative sources of financing.

We examine the bank lending and firm borrowing channels in Uganda, following ideas in

Amiti and Weinstein (2018) and Alfaro, Garćıa-Santana and Moral-Benito (2020). In line

with our theoretical model, our approach exploits linked bank-sector data so that the unit of

observation is given by xib, that is, the volume of loans from bank b to sector i. Specifically,

our identification of supply and demand shocks to the growth of bank credit exploits the fact

16Table 2 below provides the mapping of ISIC codes into these broad sectors as well as their GDP shares.
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that each bank lends to multiple sectors, and each sector borrows from multiple banks.

To start, consider the following decomposition of credit growth between bank b and sector i

at time t,

∆ ln(xibt) = ςbt + δit + εibt, (25)

where xibt denotes the average of outstanding loans from bank b to firm i over period t; ςbt is

a bank-time fixed effect, and δit is a firm-time fixed effect. The fixed effects in (25) can be

interpreted as supply and demand shocks, respectively. In particular, ςbt captures idiosyncratic

shocks to bank b which are identified through differences in credit growth across banks lending

to the same sector: From observing a sector whose credit from bank b displays stronger growth

than that from bank b′, we conclude that bank b was subject to a more favourable supply shock

than bank b′. The identification of the demand shocks δit follows a similar logic. Finally, εibt

captures other shocks to the bank-firm relationship assumed to be orthogonal to the bank and

firm effects.17

We find no evidence indicating a systematic effect of bank size on volatility (see Appendix

B.2 for a scatter plot). A linear regression of bank volatility on size results in a slope estimate

of -0.01 estimated without significance (p = 0.28). Our subsequent analysis will thus assume a

uniform volatility at the level of the cross-sectional average, σb = σ = 0.3313.

In order to quantify the magnitude of the bank lending channel, we estimate the following

model,

∆ ln(xibt) = βbς̂bt + ηit + νibt, (26)

where ς̂bt is the bank-specific credit supply shock estimated in (25) and then normalised to have

zero mean and unit variance. The sector-time fixed effect ηit controls for time-varying demand

shocks, which is feasible due to banks’ credit exposure to multiple sectors. The magnitude of

the bank lending channel is then captured by parameter βb; given the normalisation of ς̂bt, the

17Amiti and Weinstein (2018) show that the bank-time and sector-time fixed effects estimated on the basis of

(25) are identical to those obtained from a specification that also allows for bank-sector-time effects Zibt. The

key insight is that one can always express the interaction term as Zibt = ςbt + δit + ζibt, where ζibt is an error

term. It is therefore possible to define the bank and sector shocks such that they are invariant to the inclusion

of the interaction term, and they can be consistently estimated from equation (25).
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estimate can be interpreted in terms of the change in the gross rate of credit growth induced

by a one-standard deviation bank-specific shock to credit supply.

Table 1 reports our results. The first column examines the bank lending channel at the bank-

Table 1: Bank lending channel

quarterly credit growth annual credit growth

credit supply shock 0.331∗∗∗ 0.532∗∗∗

(369.11) (256.90)

obs 6881 1535

adj.R2 0.169 0.245

Heteroskedasticity robust standard errors clustered at the bank level;

t statistics in parentheses; ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

sector level at quarterly frequency and identifies a positive and significant effect. Conditional on

sector-time fixed effects, increased credit supply from a given bank implies higher credit growth

for sectors with a credit relationship to that bank. The magnitude of this effect is substantial: A

one standard deviation increase in credit supply leads to an increase in the growth rate of bank-

sector credit by 0.33 percentage points; this is relative to an average growth rate of credit of 2.67

per cent. The second column repeats the exercise at annual frequency.18 Bank credit supply

shocks are again associated with positive effects on credit growth. For sectors with an existing

credit relationship to a particular bank, bank-specific credit supply shocks are estimated to

result in an increase in credit growth by 0.53 percentage points relative to an average growth

rate of 8.08 per cent. We conclude that credit supply shocks have statistically and economically

important effects on bank-sector credit growth. When comparing the estimates at quarterly

and annual frequency, notice that, even though the shocks have a smaller absolute effect for

the quarterly data, their magnitude relative to the underlying average growth rates is actually

larger. This points to the fact that borrowers are able to partially offset the effect credit supply

shocks over time. Indeed, borrowing firms or sectors may still be able to insulate themselves

from idiosyncratic bank credit supply shocks by resorting to credit from alternative sources,

18Working with annual data implies having more sector observations per bank, allowing for a better estimation

of bank credit supply shocks. On the other hand, though, with quarterly data sector-time effects can vary within

a year, which facilitates a better control for demand shocks.
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and in particular from other banks.

In a second step, we seek to examine to what extent a negative bank lending shock actually

translates into a reduction of available credit for borrowers. To that end, we use the idiosyncratic

credit supply shocks ς̂bt identified in (25) to construct a measure of credit availability at the

sector level. Specifically, we again start from the normalised version of ς̂bt and compute the

credit supply shock facing a particular sector as the weighted average of the idiosyncratic supply

shocks across the banks with an existing credit relationship to the sector,

ς̄it =
∑
b

xibt−1∑
b xibt−1

ς̂bt. (27)

Next, we regress sectors’ credit growth on the constructed credit supply measure and the

idiosyncratic demand shocks δ̂it (again normalised to have zero mean and unit variance) from

(25),

∆ ln(xit) = βiς̄it + γδ̂it + uit. (28)

Similar to the bank lending channel estimated in (26), the magnitude of the sector borrowing

channel is reflected in parameter βi.

Table 2 provides our estimates, contrasting effects at quarterly and annual frequency. The

Table 2: Sector borrowing channel

quarterly credit growth annual credit growth

credit supply shock 1.090∗∗∗ 1.583∗∗∗

(7.67) (6.09)

obs 5919 1361

adj.R2 0.069 0.073

Heteroskedasticity robust standard errors clustered at the bank level;

t statistics in parentheses; ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

first column examines the sector borrowing channel based on quarterly data. Our estimate

implies that, controlling for credit demand, a one-standard deviation shock in the overall credit

supply available to a given sector leads to an increase in the growth of the sector’s bank credit

by 1.09 percentage points. Revisiting the credit dynamics induced by credit supply shocks at
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annual frequency, the second column reports an even larger borrowing channel estimate of 1.58

percentage points. Hence, consistent with our theoretical model, there is a quantitatively rele-

vant pass-through of idiosyncratic credit supply shocks to observed credit growth at the sector

level. Interestingly, the estimated effects are even larger in magnitude than their counterparts

from Table 1 (βi > βb).

4.2 Production and intermediation networks

Building on the empirical estimates, we now examine the consequences of idiosyncratic credit

supply shocks within our model economy when it is calibrated to network data from Uganda.

The key primitives of our model economy are the input-output matrix W and the intermediation

matrix Φ. Data for the construction of W come from the Eora Global Supply Chain Database

(Lenzen, Moran, Kanemoto and Geschke, 2013) which provides the input-output table across

26 industrial sectors in Uganda for the year 2015.19 Consistency with the loan information

described in Section 4.1 requires that we aggregate the 26 original sectors into 10 broad sectors

as detailed in Table 2 below along with sectors’ ISIC codes and GDP shares β.

Table 3: Industrial sectors

Sector ISIC GDP share β

Agriculture, Forestry and Fishing A 0.2639

Mining and Quarrying B 0.0098

Manufacturing C 0.1768

Electricity and Water D + E 0.0384

Building F + L 0.1216

Trade G + I 0.1331

Transport H + J 0.0525

Business K + M + N 0.0793

Social P + Q + R 0.0857

Others S + T 0.0389

GDP shares from Uganda Bureau of Statistics and authors computations.

We obtain the coefficients ωij by dividing the empirically observed input flow from industry

19The Eora Global Supply Chain Database is available at https://worldmrio.com/.
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j to industry i by the sum of all input flows to industry i. The intermediation matrix Φ is

constructed in the same fashion based on data obtained from Compuscan (see Section 4.1); as

for W, we again exploit data for the year 2015. Specifically, the coefficients φib are derived by

dividing the empirically observed volume of loans originated by bank b to industry i by the

overall volume of loans to industry i. Figure 2 below presents heatmaps for the input-output

matrix W and the intermediation matrix Φ, respectively. The input flows summarised in panel

(a) show relatively strong entries along the main diagonal, indicating that the mix of industrial

sectors’ intermediate inputs assigns an important role for inputs originating within the same

sector. Moreover, three sectors stand out as important suppliers of inputs: Manufacturing,

Transport and Business. Similarly, the loan flows mapped in panel (b) reveal the dominance

of individual banks (e.g., bank 10 and bank 22) in financing the production in many industrial

sectors; these are banks with a high bank outdegree, ob =
∑n

i=1 φib. Moreover, there is sub-

stantial heterogeneity in sectoral loan exposures across banks.20 In sum, both matrices W and

Φ are characterised by a fair amount of asymmetry.

20Examining repeated snapshots of the data, we find this heterogeneity to be persistent, consistent with the

idea of specialisation in bank lending. We take this as evidence of relationship lending where expertise and

relationship capital are built up within bank-sector pairs. There is thus only limited substitutability across

bank loans originated by different banks, and shocks affecting a bank’s lending capacity can be expected to

have real effects on their borrowers.
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(a) Input-output flows (2015) (b) Loan flows (2015)

Figure 3: Heatmaps for input-output matrix W and intermediation matrix Φ.

To complete the parameterisation of the model, the degree of decreasing returns to scale η,

the Cobb-Douglas share for the labor input α and the tightness of the borrowing constraint ξ

must be calibrated. While ξ can be pinned down from information in the input-output table,

the parameters η and α cannot be determined directly. This reflects the fundamental prob-

lem of separately identifying differences in distortions from differences in technology (cf. Jones,

2013). We therefore proceed as follows. The input-output table provides information not only

on intermediate input flows but also on the compensation of primary factors, including the

compensation of employees. For each sector i, we can thus break down overall expenditure into

the aggregate intermediate input component across all industries
∑n

j=1 pjqij and the compen-

sation of primary factors, which, among other things, includes the wage bill w`i as a separate

item. Calculating the respective expenditure shares and averaging across sectors, we thus ob-

tain statistics for the intermediate expenditure share and the wage bill relative to sales revenue;

they are given by ζ(1− α) = 0.31 and ξ = 0.20.21

21Jones (2013) argues that the intermediate goods share of gross output is about 0.5 across a large number

of countries (see his Table 3). Compared to that, our measure of ζ(1 − α) = 0.31 under the 10-sector dis

aggregation is lower. Reverting to the original, finer 26-sector dis aggregation results in an intermediate goods

share of 0.50.
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We set the returns-to-scale parameter at η = 0.85 as in Restuccia and Rogerson (2008);

conditional on this value for η and a guess for α, we can compute ζ = 1−ξ
1−ηαη and thus obtain

an implied value for the intermediate good share ζ(1 − α); iterating on the guess for α to hit

the target ζ(1 − α) = 0.31 then delivers α = 0.89 and ζ = 2.78. In view of the fundamental

identification problem surrounding η and α, we also explore the robustness of our results under

different values for η.22 Table 3 below summarises the outcomes of our calibration exercise

when η ranges in the interval [0.7, 1).

Table 4: Baseline calibration and sensitivity to η

ζ(1− α) = 0.31 η = 0.7 η = 0.8 η = 0.85 η = 0.9 η = 0.99

α 0.7289 0.8418 0.8884 0.9297 0.9936

ζ 1.1433 1.9600 2.7767 4.4100 48.5100

χα+ ζ(1− α) 0.5100 0.5100 0.5100 0.5100 0.5100

α
1−ζ(1−α) 1.0563 1.2201 1.2875 1.3474 1.4400

ζ(1− α) = 0.50 η = 0.7 η = 0.8 η = 0.85 η = 0.9 η = 0.99

α 0.2857 0.5833 0.7059 0.8148 0.9832

ζ 0.7000 1.2000 1.7000 2.7000 29.7000

χα+ ζ(1− α) 0.7000 0.7000 0.7000 0.7000 0.7000

α
1−ζ(1−α) 0.5714 1.1667 1.4118 1.6296 1.9663

The top panel considers the 10-sector disaggregation where ζ(1 − α) = 0.31. As seen, the

effects are monotonic in the degree of decreasing returns: The higher η, the higher α and ζ.

By contrast, there is no effect on the ratio of total expenditure relative to sales revenue, which

is always given by χα + ζ(1− α) = 0.51. In addition, the fraction 1− η can be interpreted as

the share of sales revenue accrued to fixed factors like physical capital and land. Consistent

with the importance of financial constraints, which inefficiently restrain the scale of business

operation, firms are thus fairly profitable. In consequence, profit leakage plays a quantitatively

important role. Indeed, the multiplier
∑n

i=1 vi = α
1−ζ(1−α) rises from about 1.05 when η = 0.7

(high profit leakage) to about 1.44 when η = 0.99 (low profit leakage). Nevertheless, the

multiplier throughout exceeds one because the input substitution effect from labour towards

intermediate goods dominates the effect of decreasing returns.

22Bigio and La’O (2020) take a similar approach.
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Although the intermediation matrix Φ is based on a dis-aggregation into n = 10 broad

industrial sectors, the EORA data on the input-output network W are available at a finer

resolution with n = 26 sectors. The bottom panel of Table 3 therefore considers the finer 26-

sector dis aggregation, which results in a higher intermediate goods share of ζ(1−α) = 0.50; the

working capital parameter remains basically unchanged at ξ = 0.20. Qualitatively, the results

are similar to the previous specification, but they display greater sensitivity to η. Overall, the

implied parameterisation appears more plausible with an overall expenditure share for labour

and intermediate inputs of 0.70 and a Cobb-Douglas parameter of α = 0.71 when η = 0.85.

Moreover, in view of the lower labor share α, it is also more conservative with respect to the

implied scale distortion of firms’ production (cf. Lemma 2). The multiplier α
1−ζ(1−α) now ranges

from about 0.57 when η = 0.7 to about 1.97 when η = 0.99.23 Since the dis-aggregation into

n = 26 industrial sectors arguably delivers a more accurate picture of the role of intersectoral

input-output linkages, we will work with this as our baseline calibration.

Figure 3 examines the properties of key objects summarising the sectoral and banking com-

position of the calibrated economy. Beginning with the production network, panel (a) displays

the influence vector v and the distortion influence vector d. The underlying heterogeneity in

sectors’ size and their role for the input-output flows is visible for both vectors, which highlight

the network importance of the Agriculture, Manufacturing and Business sectors. At the same

time, however, there are non-trivial differences between the two vectors, reflecting the diver-

gence between sectors’ fundamental role for the flow of intermediate inputs and their importance

for the transmission of credit supply shocks within the production network.

Turning to financial intermediation, panel (b) shows the composition of the banking industry

as measured by individual banks’ market shares sb. The top 5 banks command a cumulative

market share of about 60 per cent, and the bank Herfindahl index is given by
∑

b s
2
b = 0.0905.

Panel (c), in turn, plots the profile bank outdegrees ob =
∑n

i=1 φib, which generally resembles

that of the bank market shares, although there are some differences as the bank outdegree does

not take account of the overall loan volume going to individual borrowing sectors.

23When η = 0.7, the borrowing constraint is just binding (ξ < ηα ≈ 0.2). There is almost no input substitution

(η < ζ ≈ 0.7), and the profit leakage induced by decreasing returns implies that the multiplier is smaller than

one.
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This is addressed in panel (d), which depicts two weighted bank outdegree vectors, where the

weights are given by v and d, respectively. When weighted with the sectoral influence vector,

the weighted outdegree vector
∑n

i=1 viφib actually corresponds to the vector of market shares up

to a scaling term.24 When weighing with the distortion influence vector instead, the alternative

weighted outdegree vector
∑n

i=1 diφib gives a slightly different picture. As seen in Proposition

3, it is the latter vector that determines the economy’s level of aggregate volatility, and its

divergence from the former vector gives rise to the outdegree correction term characterised

there.

24See (A.10) in Appendix A.4.
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(a) Influence and distortion influence vectors (b) Bank market shares

(c) Bank outdegrees (d) Weighted bank outdegrees

Figure 4: Intermediation statistics.

4.3 Decomposition

An important question concerning the relationship between financial intermediation and macroe-

conomic outcomes is whether concentration in the banking industry matters in itself or whether

it is merely a reflection of concentration on the economy’s production side. For example, Bre-

mus et al. (2018, p. 32) observe that the effects of granularity in banking identified in their
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empirical work ‘might, in fact, be merely manifesting granular effects from the manufacturing

sector. If large banks and large firms are linked financially, then our effects might pick up large

firm effects in general.’ Here, we address this question through the lens of the decomposi-

tion result in Proposition 3, which traces aggregate volatility back to two determinants, the

Herfindahl term and the outdegree correction term.

As the definition of sb in (24) makes clear, bank market shares arise exclusively from lending

to firms, whereby large banks emerge as the consequence of lending to important (high vi)

sectors. The resulting volatility effects are captured via the Herfindahl term in Proposition

3. By contrast, the outdegree correction term term arises as a consequence of the divergence

between sectors’ influence vi and distortion influence di coupled with banks’ lending exposure

to these sectors. As seen in Proposition 3, this term becomes relevant independent from bank

concentration.

Exploiting the binomial structure of these two terms, another way to write the expression

for aggregate volatility established in Proposition 3 is

var[lnY ] = σ2η2
m∑
b=1

( α

1− ζ(1− α)

)2

s2b + 2
α

1− ζ(1− α)
sb

n∑
i=1

δiφib +

(
n∑
i=1

δiφib

)2
 .

(29)

The three constituent terms have the following interpretation. The first term,
∑m

b=1

(
α

1−ζ(1−α)

)2
s2b ,

gives the contribution of the familiar Herfindahl index of bank market shares already discussed

above. The last term,
∑m

b=1 (
∑n

i=1 δiφib)
2
, represents the sum of squared bank outdegree correc-

tions and captures the aggregate contribution of shocks in the banking system, insofar as they

lead to distortions that matter independently from what is already accounted for via bank size.

This extra distortion term arises because, under financial frictions, firms operate at a lower scale

as measured by their total expenditure share. Given the curvature in (1), this implies that fluc-

tuations in factor use translate into larger fluctuations in output and hence in higher volatility.

Finally, the middle term ,
∑m

b=1 2 α
1−ζ(1−α)sb

∑n
i=1 δiφib, represents the interaction between the

Herfindahl term and the extra distortion term. Notice that this term is non-positive as δi ≤ 0.

This reflects the fact that the Herfindahl term incorporates the increased intermediate input

share ζ(1 − α) only but not the increased extent of profit leakage induced by the lower total

expenditure share.

40



Table 4 details the decomposition of aggregate volatility for the two calibrations considered

in Table 3, breaking it down into the three constituent terms described above (rows one to

three of the respective panels). The sum of these terms, that is, the aggregate volatility factor

given by the expression in parenthesis in (29), is presented in the fourth row (‘overall’); finally,

the fifth row (‘volatility’) denotes the aggregate volatility factor multiplied by η2.

Table 5: Decomposition of aggregate volatility factor

ζ(1− α) = 0.31 η = 0.7 η = 0.8 η = 0.85 η = 0.9 η = 0.99

concentration 0.1004 0.1339 0.1491 0.1633 0.1866

interaction -0.0299 -0.0565 -0.0712 -0.0865 -0.1146

extra distortion 0.0024 0.0063 0.0090 0.0121 0.0186

overall 0.0728 0.0837 0.0869 0.0890 0.0906

volatility 0.0357 0.0536 0.0628 0.0721 0.0888

ζ(1− α) = 0.50 η = 0.7 η = 0.8 η = 0.85 η = 0.9 η = 0.99

concentration 0.0296 0.1232 0.1804 0.2404 0.3500

interaction -0.0000 -0.0625 -0.1221 -0.1952 -0.3494

extra distortion 0.0000 0.0082 0.0213 0.0409 0.0899

overall 0.0296 0.0689 0.0797 0.0861 0.0905

volatility 0.0145 0.0441 0.0576 0.0697 0.0887

‘Overall’ denotes the aggregate volatility factor given by the expres-

sion in parenthesis in (29). ‘Volatility’ denotes the aggregate volati-

lity factor multiplied by η2.

Moving across the columns for the different values for the returns-to-scale parameter η, since the

bank market shares sb are given from the data, the relative behaviour of the concentration term

follows that of the multiplier α
1−ζ(1−α) , which is monotonically increasing in η (cf. Table 3). The

same is true for the extra distortion term, which is generally smaller in magnitude but becomes

more important when the intermediate goods share ζ(1 − α) is higher. This latter feature is

evident from the definition of the difference vector in Proposition 3: The distortions induced via

the input substitution mechanism described in Lemma 1 become more relevant under a higher

intermediate goods share. While the concentration and extra distortion terms contribute to

higher aggregate volatility, their interaction is sizeable and works in the opposite direction.

Reflecting the importance of profit leakage, both the resulting aggregate volatility factor and
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aggregate volatility itself are increasing in η. As the production technology approaches its CRS

limit of η = 1 (no profit leakage), we observe the highest aggregate volatility of almost 9 per

cent.

Behind these aggregate outcomes lies a profile of bank-level shocks that are transmitted

first via the intermediation network Φ and then via the input-output network W. In order to

understand the details of this transmission, Figure 3 looks at the bank-level contributions to

aggregate volatility under the baseline calibration with ζ(1− α) = 0.50.

(a) Empirical data (b) No β heterogeneity

(c) No W heterogeneity (d) No Φ heterogeneity

Figure 5: Contribution to aggregate volatility: bank-level decomposition.
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As seen in panel (a), the economy with the empirically observed asymmetry in β, W and Φ

has substantial heterogeneity in (i) the contribution of individual banks to aggregate volatility,

and (ii) the bank-level decomposition of this contribution into its respective components. On

the one hand, this heterogeneity mirrows the differences across banks already identified in the

intermediation heatmap of Figure 2 above; and on the other hand, it provides a dis-aggregate

perspective at the volatility decomposition in Table 4. The other panels of Figure 3 examine

the consequences for the bank-level contribution to aggregate volatility when individual sources

of asymmetry are removed. Eliminating heterogeneity from the input-output network, either

via β (panel (b)) or W (panel (c)), keeps this general pattern intact but leads to some changes

in both the decomposition across and within banks. By contrast, eliminating the asymmetry

in the intermediation network via the matrix Φ (panel (d)) mechanically implies that the

decomposition becomes identical across banks.

What are the implications for aggregate volatility? Table 5 addresses this question on the

basis of the above counterfactuals.

Table 6: Aggregate volatility under changing heterogeneity pattern

ζ(1− α) = 0.50 baseline no β no W no β & no W no Φ full symm.

concentration 0.1804 0.1737 0.1755 0.1778 0.0797 0.0797

interaction -0.1221 -0.1176 -0.1165 -0.1185 -0.0531 -0.0531

extra distortion 0.0213 0.0209 0.0198 0.0198 0.0089 0.0089

overall 0.0797 0.0771 0.0787 0.0790 0.0354 0.0354

volatility 0.0576 0.0557 0.0569 0.0571 0.0256 0.0256

Herfindahl 0.0905 0.0871 0.0881 0.0892 0.0400 0.0400

‘Overall’ denotes the aggregate volatility factor given by the expres-

sion in parenthesis in (29). ‘Volatility’ denotes the aggregate volati-

lity factor multiplied by η2.

Compared to the baseline economy, removing asymmetry from the input-output network via

sectoral GDP shares β (column two), the configuration of intermediate input flows as captured

by W (column three) or both (column four) has only marginal effects on aggregate volatility

and its decomposition. The pattern of the relevant figures reveals that, at a general level,

asymmetry in the input-output network actually has mixed effects on aggregate volatility.
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The underlying reason is that, empirically, heterogeneity in β and W do not work hand in

hand in that large sectors are not necessarily important as suppliers of intermediate inputs for

other sectors.25 By contrast, eliminating asymmetry in financial intermediation by imposing a

uniform intermediation matrix Φ implies a degenerate bank size distribution and thus minimises

the bank Herfindahl index at 25 × 0.042 = 0.04. This leads to a substantial reduction in

aggregate volatility from 0.0576 to 0.0256.26 Finally, as seen from comparing columns five and

six, establishing full symmetry by eliminating all sources of heterogeneity across banks (Φ) and

sectors (β and W) has no detectable (to four digits) further effects. The key take away from

Table 5 therefore is that, both conditional on the empirically observed intermediation matrix

Φ and on the uniform counterfactual, the input-output network as captured by β and W plays

only a marginal role in the determination of aggregate volatility and its decomposition. Instead,

what matters for aggregate volatility is the architecture Φ of financial intermediation.

To get more detailed insights into the role of financial intermediation as a determinant of ag-

gregate volatility, Table 6 examines the implications of a number of counterfactual experiments

based on variations in borrowing and lending arrangements.27

To begin, we consider variations in the concentration of sectors’ borrowing away from the em-

pirically given intermediation matrix Φ. To that end, column two (low concentration) reduces

sectors’ dependence on individual banks by taking the square root of the existing funding

shares φib and then re-scaling them so that
∑

b φib = 1. Similarly, by taking the square of the

φib instead, column three (high concentration) evaluates the consequences of increased sector

dependence on important lenders. As seen, increased concentration of borrowing at the sec-

tor level implies a less diversified funding pool with increased exposure to idiosyncratic bank

shocks, which ultimately results in increased aggregate volatility.

Second, we examine the consequences of diversification of banks’ lending activity. Specifically,

25For example, Agriculture, Forestry and Fishing accounts for more than a quarter of GDP, but it has only

a limited role as supplier of intermediate inputs to other sectors (cf. Figure 2).
26Interestingly, despite this drop in aggregate volatility, the breakdown into its constituent factors remains

remarkably stable, with concentration, interaction and extra distortion contributing about 225 per cent, -150

per cent and 25 per cent of the overall, respectively. Notice also that, although the Herfindahl index of bank

concentration remains an appropriate indicator for aggregate volatility in relative terms, there is a noticeable

level effect as seen from comparison of the entries under ‘overall’ and ‘Herfindahl’, respectively.
27Figure B.1 in Appendix B.3 provides the associated bank-level decomposition of aggregate volatility.
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Table 7: Aggregate volatility under changing intermediation

ζ(1− α) = 0.50 low high specialisation specialisation

baseline concentration concentration diversification m = 25 m = 10

concentration 0.1804 0.1161 0.3076 0.1778 0.1185 0.3080

interaction -0.1221 -0.0776 -0.2110 -0.1185 -0.0922 -0.2275

extra distortion 0.0213 0.0132 0.0384 0.0198 0.0207 0.0492

overall 0.0797 0.0516 0.1350 0.0790 0.0470 0.1298

volatility 0.0576 0.0373 0.0975 0.0571 0.0339 0.0937

Herfindahl 0.0905 0.0582 0.1543 0.0892 0.0594 0.1546

‘Overall’ denotes the aggregate volatility factor given by the expres-

sion in parenthesis in (29). ‘Volatility’ denotes the aggregate volati-

lity factor multiplied by η2.

for each bank b, we redistribute the φib by spreading them out equally across sectors so that their

sum
∑

i φib remains unchanged. Notice from (24) that, as long as there is heterogeneity in the

sectoral influence vector v, this experiment does generally not keep bank size sb unchanged.

Here it is of little consequence, though, as the bank Herfindahl index barely changes when

moving from the baseline in column one to the diversified lending economy in column four. In

line with this observation, we find that, compared to the baseline, diversified lending has almost

no effect on aggregate volatility. This reflects the following trade-off: On the one hand, sectors’

exposure to bank-level shocks becomes completely balanced, which the previous experiment

has demonstrated to reduce aggregate volatility. But on the other hand, idiosyncratic shocks

are now by construction spread across the whole network so that idiosyncratic shocks in effect

become aggregate shocks, which undermines the benefits of diversification.

Third, the scenario of specialisation in bank lending has individual banks concentrate their

entire lending on only one sector. With n = 10 sectors and m = 25 banks, our first experiment

(column five) here assumes that two banks each concentrate their lending on one sector, and

the five sectors with the highest GDP shares βi obtain funding from three banks.This coun-

terfactual is at the opposite end of the above diversification experiment and hence results in

lower aggregate volatility. Notice in particular that the specialisation scenario eliminates the

correlation of credit supply shocks across sectors so that the the intermediation network is no
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longer a source of co-movement. In a second experiment (column six), we set the number of

banks to m = n = 10 so that lending relationships between banks and sectors are one-to-one.

In environments with idiosyncratic risk, an increase in the number of entities subject to such

shocks is normally associated with a decay in aggregate volatility (cf. Gabaix, 2011). The reduc-

tion in the number of banks considered here substantially limits this diversification mechanism,

resulting in an increase in aggregate volatility.

Finally, comparison across the various configurations of borrowing concentration and lend-

ing specialisation (columns two and three versus columns five and six) shows similar bank

Herfindahl indices and levels of aggregate volatility. Importantly, however, and contrary to

our previous findings from Table 5, the relative ranking of the Herfindahl indices levels is not

aligned with that of the volatility levels. Although the numerical differences are moderate, this

illustrates that in the distorted economy at hand the bank Herfindahl index is not necessarily

an appropriate indicator for aggregate volatility: there is no proportionality between the bank

Herfindahl index and the predicted level of aggregate volatility.28

4.4 Amplification?

CThe volatility expression in Proposition 3 makes clear that, whenever the the influence vector

and the distortion influence vector diverge so that δ 6= 0, aggregate volatility must be lower

than predicted from the Herfindahl term alone. Consistent with that, Tables 5 and 6 indicate

that, irrespective of the configuration of the intermediation and production networks, the bank

Herfindahl index actually always exceeds the overall volatility factor.

It is thus useful to revisit the discussion following Proposition 3 from a quantitative per-

spective. There, we identified profit leakage as one key factor contributing to the dampen-

ing of aggregate volatility. Looking at our baseline parameterisation with decreasing returns

to scale, but assuming financial frictions play no role, the expression for aggregate volatil-

ity is var[lnY ] = σ2
∑m

b=1

((
ηα

1−η(1−α)

)2
s2b

)
. When η = 0.85, the cofactor in this expression

amounts to
(

ηα
1−η(1−α)

)2
= 0.64. Relative to this technologically determined benchmark, the

28Instead, the correct and economically relevant index for market concentration is given by the modified

Herfindahl index computed based on the bank outdegrees weighted by the distortion influence vector, that is,

the red line in panel (d) of Figure 3.
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consideration of financial frictions with ξ = 0.20 changes this co-factor to
(

ηα
1−ζ(1−α)

)2
= 1.44.

Accordingly, the direct effect of financial frictions is substantial amplification by a factor of

1.44
0.64

= 2.25.

The driving force behind this amplification is the factor substitution discussed in Lemma 1,

which induces a rise in the intermediate input share from η(1−α) = 0.25 to ζ(1−α) = 0.50, but

also a fall in the total expenditure share from η = 0.85 to χα+ζ(1−α) = 0.70. The amplification

effect discussed above accounts only for the former effect via an increased network multiplier.

The latter effect of financial frictions is accounted for via the additional outdegree correction

term in Proposition 3. In line with (29), this term can be decomposed into an extra distortion

term, (
∑n

i=1 δiφib)
2
, and another term, 2 α

1−ζ(1−α)sb
∑n

i=1 δiφib, reflecting the interaction with

the Herfindahl term. As seen in Tables 5 and 6, the extra distortion term is positive but

only of moderate size; by contrast, the interaction term, which multiplies bank size with the

relevant outdegree correction, is negative and sizeable. Taken together, these additional effects

partially compensate the original amplification. For the baseline economy, dividing the ‘overall’

volatility factor by the technologically determined co-factor multiplied by the bank Herfindahl

index results in an amplification factor of 0.0797
0.64×0.0905 = 1.3754. Hence, there is still substantial

amplification relative to the benchmark without financial frictions. But the amplification is

significantly smaller than the one predicted on the adjustment of intermediate input shares

alone.

We conclude our discussion with an assessment of the empirical contribution of idiosyncratic

credit supply shocks to the volatility of GDP in Uganda. Between January 2012 and June

2020, the quarterly volatility of log GDP was 1.72 per cent. Over the same time horizon, the

volatility of the bank-level credit supply shocks identified in Section 4.1 was σ2 = 0.1098 (cf.

Appendix B.2). Relating these figures through our model (baseline calibration), we thus infer

that the predicted level of aggregate volatility is 0.63 per cent (0.1098 × 0.0576 = 0.0063).

That is, idiosyncratic credit supply shocks account for more than one third (0.0063
0.0172

= 0.3668)

of the empirically observed volatility. When the returns-to-scale parameter changes from its

baseline value of η = 0.85 to η = 0.7 (low returns to scale) or η = 0.99 (CRS limit), the

contribution changes to 9.2 per cent or 56.5 per cent, respectively. Hence, even though bank

finance has a relatively small volume relative to GDP (low ξ), the financial sector can be an
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important source of aggregate volatility, particularly in environments with a limited extent of

profit leakage. Notice also that similar calculations, which incorrectly rely on the Herfindahl

term only, would significantly overstate this role.29 Moreover, the experiments underlying

Tables 5 and 6 demonstrate that the structure of financial intermediation summarised in the

intermediation matrix Φ has potentially significant implications on macroeconomic outcomes

that are not necessarily captured via concentration measures alone.

5 Conclusion

The relationship between financial conditions and macroeconomic variables has been exten-

sively studied in the developed economies. We present evidence from a different environment,

namely a developing economy, where financial market are relatively less developed and sub-

ject to substantial financial frictions. In this paper we explore using network approach the

transmission of idiosyncratic credit supply shocks to aggregate volatility in a developing econ-

omy. In demonstrating the implications of our theoretical results in an empirical application

to Uganda, an economy defined by high bank dependence and concentration in the banking

industry, the empirical results suggest that idiosyncratic shocks to credit supply have real con-

sequences for bank-dependent sectors. Results from the counterfactual experiments show that

configuration of the network plays a marginal part in determining aggregate volatility, whereas

the architecture of financial intermediation has a bigger effect. In a banking system environ-

ment characterised by financial frictions, the Herfindahl index is no longer a sufficient statistic

for explaining the banking sector’s contribution to aggregate volatility. In addition, our theo-

retical model highlights an increased intermediate input share and increased profit leakage as

the principal consequences of financial frictions. From a policy perspective this paper opens up

a debate on how financial intermediation should be organised with respect to its implications

for aggregate volatility. Results goes against the usual argument that we need to minimise

bank size to reduce aggregate volatility.

29For example, in the baseline economy the Herfindahl term would trace a share of 83.0 per cent of aggregate

volatility (0.1098×0.852×0.1804
0.0172 = 0.8300) back to credit supply shocks.
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A Theoretical results

A.1 Proof of Lemma 1

Using (1), (2) and (9), sectoral output can be written as qi = qi(xi, qij). The problem faced by

intermediate good firms thus becomes

max
xi,qij

πi = piqi(xi, qij)− rixi −
n∑
j=1

pjqij + λ [ξpiqi(xi, qij)− rixi] ,

where λ ≥ 0 is the Lagrange multiplier on financial constraint (10). The optimality conditions

for xi and qij are

(1 + λξ)
ηαpiqi
xi

= (1 + λ)ri,

(1 + λξ)
η(1− α)ωijpiqi

qij
= pj.

Hence,

xi =
(1 + λξ)

(1 + λ)

ηαpiqi
ri

≤ ηαpiqi
ri

,

qij = (1 + λξ)
η(1− α)ωijpiqi

pj
≥ η(1− α)ωijpiqi

pj
,

where the inequalities follow because ξ ∈ (0, 1). Let χ ≡ (1+λξ)
(1+λ)

η and ζ ≡ (1 + λξ)η. As

ξ ∈ (0, 1), we have ξη < χ ≤ η. Moreover, (1 + λξ)η = (1 + λ)χ and hence λ = η−χ
χ−ξη ≥ 0 and

ζ = (1 + λ)χ ≥ η. The demand for the loan aggregate, labor and intermediate inputs can thus

be written as

xi =
χαpiqi
ri

,

`i =
xi
w

=
χαpiqi
riw

,

qij =
ζ(1− α)ωijpiqi

pj
.

Finally, when ξ < ηα, the financial constraint (10) is strictly binding and χ = ξ
α
< η. This

implies λ = η−χ
χ−ξη = ηα−ξ

ξ(1−ηα) > 0, and ζ = (1 + λξ)η = 1−ξ
1−ηαη > η.

The demand for bank loans xib is obtained from the loan expenditure minimization problem

min
xib

m∑
b=1

rbxib
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subject to
∏m

b=1 x
φib
ib = xi. The associated optimality condition is

rb = µ
φibxi
xib

,

where µ > 0 is a Lagrange multiplier. Hence,

m∑
b=1

rbxib =
m∑
b=1

µφibxi = µxi = µ
m∏
b=1

xφibib ,

and

xi =
m∏
b=1

xφibib =
m∏
b=1

(
µ
φibxi
rb

)φib
= µxi

m∏
b=1

(
φib
rb

)φib
.

Solving for µ, we obtain the loan price index,

µ =
m∏
b=1

(
rb
φib

)φib
= ri.

Substituting into the loan optimality condition, we obtain

xib = µ
φibxi
rb

=
φibrixi
rb

=
χαφibpiqi

rb
,

where the last equality makes use of the demand condition for the loan aggregate.

Total expenditures are given by

rixi +
m∑
j=1

pjqij = [αχ+ (1− α)ζ] piqi.

When the financial constraint (10) is strictly binding, χ = ξ
α

and total expenditures are

[αχ+ (1− α)ζ] piqi =

[
α
ξ

ηα
+ (1− α)

1− ξ
1− ηα

]
ηpiqi.

The expression in brackets is continuous in ξ and converges to one as ξ → ηα. Its derivative

with respect to ξ is given by

d

dξ

[
α
ξ

ηα
+ (1− α)

1− ξ
1− ηα

]
=

1

η
− 1− α

1− ηα
> 0.

Hence,
[
α ξ
ηα

+ (1− α) 1−ξ
1−ηα

]
< 1 when ξ < ηα. It follows that, under a binding financial con-

straint, total expenditures are strictly smaller than their level in the absence of the constraint,

rixi +
m∑
j=1

pjqij < ηpiqi.
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A.2 Proof of Lemma 2

As seen in the proof of Lemma 1, total expenditures under a binding financial constraint (10)

are given by

[αχ+ (1− α)ζ] piqi =

[
α
ξ

ηα
+ (1− α)

1− ξ
1− ηα

]
ηpiqi.

The derivative of the expression in brackets with respect to α is given by

d

dα

[
α
ξ

ηα
+ (1− α)

1− ξ
1− ηα

]
= −(1− ξ)(1− η)

(1− ηα)2
< 0.

A.3 Proof of Proposition 1

Derivation of the influence vector. From (3), market clearing for output goods implies

cj +
n∑
i=1

qij = qj.

Using (16) to substitute for qij and multiplying by pj,

pjcj +
n∑
i=1

ζ(1− α)ωijpiqi = pjqj.

Using (18) to substitute for prices and simplifying,

βj +
n∑
i=1

ζ(1− α)ωijβi
qi
ci

= βj
qj
cj
.

Defining γi ≡ βi
qi
ci

,

βj +
n∑
i=1

ζ(1− α)ωijγi = γj. (A.1)

In vector notation, stacked over sectors, this becomes

β + ζ(1− α)W′γ = γ.

Solving for γ,

γ = [I− ζ(1− α)W′]
−1
β. (A.2)
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Notice that the elements of γ can be written as

γi = βi
qi
ci

=
pici
PC

qi
ci

=
piqi
Y
,

where we used (18), the normalization for the aggregate price level, P = 1, and the fact that

final output coincides with aggregate consumption, Y = C. That is, the elements of γ are given

by the sectoral ratio of total intermediate good sales relative to final output. Notice from (A.1)

that
n∑
i=1

γi =
1

1− ζ(1− α)
,

which converges to 1
α

as the expenditure coefficient for intermediate inputs approaches its

value under constant returns to scale (η = 1) and no financial frictions (ξ > ηα), ζ → 1.30

Multiplication of the sales vector in (A.2) with α yields the influence vector,

v = αγ = α [I− ζ(1− α)W′]
−1
β, (A.3)

with transpose

v′ = αβ′ [I− ζ(1− α)W]−1 . (A.4)

Notice that the multiplication with α implies

n∑
i=1

vi =
n∑
i=1

αγi =
α

1− ζ(1− α)
,

indicating that, when ζ = 1, the elements of the influence vector sum to one and correspond

to the sectoral shares of total intermediate good sales – the Domar weights. However, when

ζ 6= 1, this equivalence is lost.

Financial frictions and the influence vector. Notice that the input-output matrix W is

positive and that all the eigenvalues of W are inside the unit circle. Applying the Perron-

Frobenius Theorem, we can then express the influence vector as a Neumann series,

v′ = αβ′
∞∑
k=0

[ζ(1− α)]k Wk.

30Given the technology in (2), when η = 1 and ξ > ηα, final output amounts to a share α (the labor share,

corresponding to the remuneration of the only primary input) of total intermediate good sales; the remaining

share (1− α) is netted out for expenditure on intermediate inputs.
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Post-multiplying by a vector of ones,

v′1 = αβ′
∞∑
k=0

[ζ(1− α)]k Wk1.

The geometric series converges as |ζ(1− α)| < 1. Hence,

v′1 = αβ′
∞∑
k=0

[ζ(1− α)]k 1 =
α
∑n

i=1 βi
1− ζ(1− α)

=
α

1− ζ(1− α)
, (A.5)

which is different from one, unless ζ = 1. Notice that α
1−ζ(1−α) > 1 holds if ζ > 1, which

is true provided the extent of financial frictions as captured by the shortfall of ξ below ηα

is sufficiently strong relative to the extent of decreasing returns to scale η < 1. Formally,

ζ = 1−ξ
1−ηαη > 1 if 1−ξ

1−ηα > 1
η
. By contrast, under moderate financial frictions, we have ζ < 1

and hence α
1−ζ(1−α) < 1. Recall from the proof of Lemma 1 that, under a binding financial

constraint, we have ζ = 1−ξ
1−ηαη with dζ

dξ
= − η

1−ηα < 0. Since the ratio in (A.5) is increasing in ζ,

it follows that tighter financial frictions (that is, a reduction in ξ in the range where constraint

(10) is binding) lead to an increase in v′1 =
∑n

i=1 vi.

A.4 Equilibrium

Derivation of intermediate input demand. From (18) and the definition of γi, we have

pi
pj

=
cj
ci

βi
βj

=
qj
qi

γi
γj
.

From (16), we have

qij = ζ(1− α)ωijqi
pi
pj
.

Substituting for pi
pj

from the previous equation, and using the relationship vi = αγi, we get

qij = ζ(1− α)ωijqj
γi
γj

= ζ(1− α)ωijqj
vi
vj
. (A.6)

Derivation of loan demand and bank market shares. From (15) and the definition of γi,

we have

xib =
χαφibpiqi

rb
=
χαφib

pici
βi
γi

rb
.
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From (18), pici
βi

=
pjcj
βj

so that

xib =
χα

pjcj
βj

rb
φibγi. (A.7)

Summing (A.7) across sectors,

n∑
i=1

xib =
χα

pjcj
βj

rb

n∑
i=1

φibγi.

The previous two expressions imply

xib =
φibγi∑n
i=1 φibγi

n∑
i=1

xib,

or equivalently (since vi = αγi),

xib =
φibvi∑n
i=1 φibvi

n∑
i=1

xib =
φibvi∑n
i=1 φibvi

zbDb, (A.8)

where the last equality uses (7). Next, (6) implies

n∑
i=1

rbxib = RDb.

Summing across banks,

m∑
b=1

n∑
i=1

rbxib = R
m∑
b=1

Db = RD.

The previous two expressions imply

Db =

∑n
i=1 rbxib∑m

b=1

∑n
i=1 rbxib

D.

Substituting from (A.7),

Db =

∑n
i=1 χα

pjcj
βj
φibγi∑m

b=1

∑n
i=1 χα

pjcj
βj
φibγi

D =

∑n
i=1 φibγi∑m

b=1

∑n
i=1 φibγi

D,

or equivalently (since vi = αγi),

Db =

∑n
i=1 φibvi∑m

b=1

∑n
i=1 φibvi

D. (A.9)

Defining the bank market share sb ≡ Db

D
, we thus have

sb =
Db

D
=

∑n
i=1 φibvi∑m

b=1

∑n
i=1 φibvi

. (A.10)
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Moreover, substituting for Db in (A.8), we get

xib =
φibvi∑n
i=1 φibvi

zb

∑n
i=1 φibvi∑m

b=1

∑n
i=1 φibvi

D =
φibvi∑m

b=1

∑n
i=1 φibvi

zbD, (A.11)

where D =
∑n

i=1w`i = w by clearing on the market for working capital loans. Finally, notice

that the denominator of the previous expressions satisfies

m∑
b=1

n∑
i=1

φibvi =
n∑
i=1

m∑
b=1

φibvi =
n∑
i=1

vi

m∑
b=1

φib =
n∑
i=1

vi =
α

1− ζ(1− α)
,

where the result follows from
∑m

b=1 φib = 1 and from (A.5).

A.5 Proof of Proposition 2

First, substitute from the factor demand functions (A.6) and (A.11) into the production function

(1) of sector i to get

qi =

(
m∏
b=1

`αi

n∏
j=1

q
(1−α)ωij

ij

)η

=

(
w−α

m∏
b=1

xαφibib

n∏
j=1

q
(1−α)ωij

ij

)η

=

(
w−α

m∏
b=1

[
φibvi∑n
i=1 vi

zbD

]αφib n∏
j=1

[
ζ(1− α)ωijqj

vi
vj

](1−α)ωij

)η

,

where
∑n

i=1 vi = α
1−ζ(1−α) . Taking logs,

ln qi = η
{
− αw + α

m∑
b=1

φib [lnφib + ln zb + ln vi − lnα + ln(1− ζ(1− α)) + lnD]

+ (1− α)
n∑
j=1

ωij [ln(ζ(1− α)) + lnωij + ln qj + ln vi − ln vj]
}
,

where D =
∑n

i=1w`i = w by clearing on the market for working capital loans. Reorganizing,

ln qi = η
{
α

[
(ln vi − lnα + ln(1− ζ(1− α)))

m∑
b=1

φib +
m∑
b=1

φib (lnφib + ln zb)

]

+ (1− α)

[
(ln(ζ(1− α)) + ln vi)

n∑
j=1

ωij +
n∑
j=1

ωij (lnωij + ln qj − ln vj)

]}
.

As
∑m

b=1 φib = 1 and
∑n

j=1 ωij = 1, and stacking over n sectors,

q = η
{
α [v − 1 lnα + 1 ln(1− ζ(1− α)) + Θ]

+ (1− α)
[
v + 1 ln(ζ(1− α)) + Wq−Wv + (W ◦W)1

] }
,
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where vectors and matrices with bars are in logs, and where

Θ ≡


∑m

b=1 φ1b ln (φ1bzb)
...∑m

b=1 φnb ln (φnbzb)

 .
Solving for q,

[I− η(1− α)W] q = η
{
α [v − 1 lnα + 1 ln(1− ζ(1− α)) + Θ]

+ (1− α)
[
v + 1 ln(ζ(1− α))−Wv + (W ◦W)1

] }
,

or

q = [I− η(1− α)W]−1 η
{
α [v − 1 lnα + 1 ln(1− ζ(1− α)) + Θ]

+ (1− α)
[
v + 1 ln(ζ(1− α))−Wv + (W ◦W)1

] }
.

Pre-multiplying the right-hand-side by I = [I− ζ(1− α)W]−1 [I− ζ(1− α)W],

q = [I− ζ(1− α)W]−1 Mη
{
α [v − 1 lnα + 1 ln(1− ζ(1− α)) + Θ]

+ (1− α)
[
v + 1 ln(ζ(1− α))−Wv + (W ◦W)1

] }
,

where

M = [I− ζ(1− α)W] [I− η(1− α)W]−1 . (A.12)

Recall the definition of the (transposed) influence vector in (A.4), v′ = αβ′ [I− ζ(1− α)W]−1.

Hence, appropriate multiplication implies

αβ′q = v′Mη
{
α [v − 1 lnα + 1 ln(1− ζ(1− α)) + Θ]

+ (1− α)
[
v + 1 ln(ζ(1− α))−Wv + (W ◦W)1

] }
,

or

β′q = ηv′MΘ + ηv′M
{

[v − 1 lnα + 1 ln(1− ζ(1− α))]

+
(1− α)

α

[
v + 1 ln(ζ(1− α))−Wv + (W ◦W)1

] }
.
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Defining

Γ0 ≡ ηv′M
{

[v − 1 lnα + 1 ln(1− ζ(1− α))] +
(1− α)

α

[
v + 1 ln(ζ(1− α))−Wv + (W ◦W)1

] }
,

the previous equation becomes

β′q = ηv′MΘ + Γ0. (A.13)

Next, recall that vi = αγi = αβi
qi
ci

. Taking logs, and expressing in vectorial form, we get

c = q− v + 1 lnα + ln β.

Pre-multiplying by β′,

β′c = β′q− β′v + lnα− β′ ln β.

Finally, from (4), market clearing for final consumption goods implies

lnY = β′c.

Putting the previous results together,

lnY = β′q− β′v + lnα− β′ ln β

= ηv′MΘ + Γ0 − β′v + lnα− β′ ln β,

where the last equality uses (A.13). Collecting in Γ the terms that are invariant to the balance

sheet shocks zb, we get

lnY = ηv′MΘ + Γ, (A.14)

where

Γ ≡ Γ0 − β′v + lnα− β′ ln β.

Defining d′ ≡ v′M and using (A.4) and (A.12), we have

d′ = v′M

= αβ′ [I− ζ(1− α)W]−1 [I− ζ(1− α)W] [I− η(1− α)W]−1

= αβ′ [I− η(1− α)W]−1 . (A.15)
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Hence,

d = α [I− η(1− α)W′]
−1
β. (A.16)

Using (A.15), equation (A.14) can be written as

lnY = ηd′Θ + Γ, (A.17)

which is equivalent to

lnY = Γ + η
n∑
i=1

[
di

m∑
b=1

φib ln (φibzb)

]
. (A.18)

Characterization of the distortion influence vector. The following Lemma helps to

further characterize the vector d′ defined in (A.15).

Lemma 3 Consider scalars α, β and quadratic matrix A. Then,

(I− αA) (I− βA)−1 = (I− αA)
(
I + βA + (βA)2 + . . .

)
=
(
I + βA + (βA)2 + . . .

)
− αA

(
I + βA + (βA)2 + . . .

)
= I + βA + (βA)2 + · · · − αA− αβA2 − αβ2A3 + . . .

= I + (β − α) A + (β2 − αβ)A2 + (β3 − αβ2)A3 + . . .

= I + (β − α) A + (β − α)βA2 + (β − α)β2A3 + . . .

= (β − α) I + (β − α) A + (β − α)βA2 + (β − α)β2A3 + · · · − (β − α) I + I

=
(β − α)

β

[
I + βA + β2A2 + β3A3 + . . .

]
− (β − α)

β
I + (β − α) I− (β − α) I + I

=
(β − α)

β
(I− βA)−1 +

(
1− (β − α)

β

)
I

=
(β − α)

β
(I− βA)−1 +

α

β
I

=
α

β
I +

(β − α)

β

[
I + βA + β2A2 + β3A3 + . . .

]
.

Using this Lemma, we have

M = [I− ζ(1− α)W] [I− η(1− α)W]−1 =
(η(1− α)− ζ(1− α))

η(1− α)
[I− η(1− α)W]−1 +

ζ(1− α)

η(1− α)
I

=
η − ζ
η

[I− η(1− α)W]−1 +
ζ

η
I
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and hence

d′ = v′M = v′ [I− ζ(1− α)W] [I− η(1− α)W]−1

=
η − ζ
η

v′ [I− η(1− α)W]−1 +
ζ

η
v′I

=
η − ζ
η

v′
[
I + η(1− α)W + (η(1− α))2W2 + (η(1− α))3W3 + . . .

]
+
ζ

η
v′I,

=
η − ζ
η

v′
[
η(1− α)W + (η(1− α))2W2 + (η(1− α))3W3 + . . .

]
+ v′I,

where the third line simply expands [I− η(1− α)W]−1. Next, define vector δ as the deviation

of vector d from the influence vector v,

δ ≡ d− v, (A.19)

so that

δ′ = d′ − v′

=
η − ζ
η

v′ [I− η(1− α)W]−1 +
ζ − η
η

v′I

=
η − ζ
η

v′
[
I + η(1− α)W + (η(1− α))2W2 + (η(1− α))3W3 + . . .

]
+
ζ − η
η

v′I

=
η − ζ
η

v′
[
η(1− α)W + (η(1− α))2W2 + (η(1− α))3W3 + . . .

]
. (A.20)

By Lemma 1, η < ζ. Since α < 1 and the input-output matrix W is non-negative, it follows

that vector δ contains only non-positive entries. Hence,

n∑
i=1

di ≤
n∑
i=1

vi =
α

1− ζ(1− α)
, (A.21)

where the expression for
∑n

i=1 vi comes from (A.5).

A.6 Proof of Proposition 3

Recall (A.18),

lnY = Γ + η
n∑
i=1

[
di

m∑
b=1

φib ln (φibzb)

]
,
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so that

var[lnY ] = var

{
Γ + η

n∑
i=1

[
di

m∑
b=1

φib ln (φibzb)

]}
.

Since Γ is composed of constants and η is a parameter, we have

var[lnY ] = η2var

{
n∑
i=1

[
di

m∑
b=1

φib ln (φibzb)

]}

= η2var

{
m∑
b=1

n∑
i=1

diφib ln(φibzb)

}

= η2
m∑
b=1

var

{
n∑
i=1

diφib ln(φibzb)

}
,

where the last equality follows from the fact that the shocks zb are independent across banks b.

However, given the input-output network structure embodied in W (and relevant here via the

vector d), the propagation of shocks implies that there is no independence across intermediate

good sectors. The variance expression therefore needs to take into account the covariances

across sectors i. Therefore,

var[lnY ] = η2

(
m∑
b=1

{
n∑
i=1

var [diφib ln(φibzb)]

}
+ 2

m∑
b=1

∑
i,j:i<j

cov [diφib ln(φibzb), djφjb ln(φjbzb)]

)
.

According to the properties of the variance and covariance operators and recalling that di and

φib are constant, we can express the previous equation as

var[lnY ] = η2
m∑
b=1

{
n∑
i=1

d2iφ
2
ibvar [ln(φib) + ln(zb)]

}

+ 2η2
m∑
b=1

∑
i,j:i<j

diφibdjφjbcov [ln(φib) + ln(zb), ln(φjb) + ln(zb)]

= η2

(
m∑
b=1

{
n∑
i=1

d2iφ
2
ibvar [ln(zb)]

}
+ 2

m∑
b=1

∑
i,j:i<j

diφibdjφjbcov [ln(zb), ln(zb)]

)

= η2

(
m∑
b=1

{
n∑
i=1

d2iφ
2
ibvar [ln(zb)]

}
+ 2

m∑
b=1

∑
i,j:i<j

diφibdjφjbvar [ln(zb)]

)

= η2
m∑
b=1

{var [ln(zb)]}

[
n∑
i=1

d2iφ
2
ib + 2

∑
i,j:i<j

diφibdjφjb

]

= η2
m∑
b=1

{var [ln(zb)]}

[∑
i,j

diφibdjφjb

]
.
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Thus, defining σ2
b ≡ var [ln(zb)], we have

var[lnY ] = η2
m∑
b=1

σ2
b

[∑
i,j

diφibdjφjb

]
. (A.22)

If all banks have the same distribution of shocks, σb = σ, and these are independent, we have

var[lnY ] = σ2η2
m∑
b=1

n,n∑
i,j

diφibdjφjb = σ2η2
m∑
b=1

(
n∑
i=1

diφib

n∑
j=1

djφjb

)
. (A.23)

Next, recall from (A.10) the definition of the bank market share,

sb =
Db

D
=

∑n
i=1 φibvi∑m

b=1

∑n
i=1 φibvi

=
1− ζ(1− α)

α

n∑
i=1

φibvi,

and from (A.19) the definition of vector δ = d−v. The variance expression in (A.23) can then

be rewritten as

var[lnY ] = σ2η2
m∑
b=1

(
n∑
i=1

diφib

n∑
j=1

djφjb

)

= σ2η2
m∑
b=1

(
n∑
i=1

(vi + δi)φib

n∑
j=1

(vj + δj)φjb

)

= σ2η2
m∑
b=1

(
n∑
i=1

viφib

n∑
j=1

vjφjb +
n∑
i=1

viφib

n∑
j=1

δjφjb +
n∑
i=1

δiφib

n∑
j=1

vjφjb +
n∑
i=1

δiφib

n∑
j=1

δjφjb

)

= σ2η2
m∑
b=1

((
α

1− ζ(1− α)

)2

sbsb +
α

1− ζ(1− α)
sb

n∑
j=1

δjφjb +
n∑
i=1

δiφib
α

1− ζ(1− α)
sb +

n∑
i=1

δiφib

n∑
j=1

δjφjb

)

= σ2η2
m∑
b=1

((
α

1− ζ(1− α)

)2

s2b +
α

1− ζ(1− α)
sb

(
n∑
j=1

δjφjb +
n∑
i=1

δiφib

)
+

n∑
i=1

δiφib

n∑
j=1

δjφjb

)

= σ2η2
m∑
b=1

( α

1− ζ(1− α)

)2

s2b + 2
α

1− ζ(1− α)
sb

n∑
i=1

δiφib +

(
n∑
i=1

δiφib

)2


= σ2η2
m∑
b=1

((
α

1− ζ(1− α)

)
sb +

(
n∑
i=1

δiφib

))2

, (A.24)

where sb is defined in (A.10) and δi is an element of vector δ defined in (A.20),

δ′ =
η − ζ
η

v′
[
η(1− α)W + (η(1− α))2W2 + (η(1− α))3W3 + . . .

]
.

To the first-order, we thus have

δ′ ≈ (η − ζ)(1− α)v′W,
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implying

δi ≈ (η − ζ)(1− α)
n∑
j=1

vjωji ≤ 0,

where the inequality follows since η < ζ, α < 1 and all entries of the input-output matrix

W are non-negative. Generically (that is, when sector i is relevant at all as a supplier of

intermediate inputs), the inequality is strict, δi < 0, since at least one ωji > 0 when sector i

supplies intermediate inputs to other sectors.

A.7 Analytical results for Section 3.1

From Proposition 3, aggregate volatility is given by

var[lnY ] = σ2η2
m∑
b=1

(
n∑
i=1

diφib

n∑
j=1

djφjb

)
.

Considering the case with n = 2 sectors and m = 2 banks, we have

var[lnY ] = σ2η2
2∑
b=1

(
2∑
i=1

diφib

2∑
j=1

djφjb

)

= σ2η2
2∑
b=1

2∑
i=1

diφib [d1φ1b + d2φ2b]

= σ2η2
2∑
b=1

d1φ1b [d1φ1b + d2φ2b] + d2φ2b [d1φ1b + d2φ2b]

= σ2η2d1φ11 [d1φ11 + d2φ21] + σ2η2d2φ21 [d1φ11 + d2φ21]

+ σ2η2d1φ12 [d1φ12 + d2φ22] + σ2η2d2φ22 [d1φ12 + d2φ22] .

Since for sector 1 φ12 = 1− φ11 and for sector φ21 = 1− φ22,

1

σ2η2
var[lnY ] = d1φ11 [d1φ11 + d2(1− φ22)] + d2(1− φ22) [d1φ11 + d2(1− φ22)]

+ d1(1− φ11) [d1(1− φ11) + d2φ22] + d2φ22 [d1(1− φ11) + d2φ22]

= 2φ2
11d

2
1 + 2φ2

22d
2
2 − 4φ11φ22d1d2 − 2φ1(d

2
1 − d1d2)− 2φ22(d

2
2 − d1d2) + d21 + d22.
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As φ11 and φ22 are independent (but 0 ≤ φ11, φ22 ≤ 1), the first-order conditions for an interior

extremum are

4d21φ11 − 4φ22d1d2 − 2(d21 − d1d2) = 0

4d22φ22 − 4φ11d1d2 − 2(d22 − d1d2) = 0,

or equivalently,  d21 −d1d2
−d1d2 d22

φ11

φ22

 =
1

2

d21 − d1d2
d22 − d1d2

 .
As the determinant is zero, the equations are either dependent or incompatible. In fact, the

solution is given by any φ22 satisfying

φ22 =
d1
d2
φ11 −

d21 − d1d2
2d1d2

=
d1
d2
φ11 −

d1 − d2
2d2

(A.25)

subject to the restriction 0 ≤ φ11, φ22 ≤ 1.

As an example, consider the case where β′ = [0.5, 0.5] and

W =

 1 0

0.5 0.5

 ,
so that

d = α [I− η(1− α)W′]
−1
β ≈ [0.5378, 0.4034]′.

Notice that φ11 = φ22 = 0.5 is a solution. That is, although the input-output network is asym-

metric, the set of volatility minimizing configurations for financial intermediation includes the

symmetric one where both sectors have equal funding shares from both banks. Going away

from the symmetric configuration, as the high-distortion influence sector 1 starts to concentrate

its funding on bank 1 (higher φ11), the low-distortion influence sector 2 needs to accommodate

this by increasing its funding from bank 2 more than proportionately (higher φ2); mathe-

matically, this is the consequence of the fact that d1 > d2. Notice also that the constraint

0 ≤ φ22 ≤ 1 requires d1−d2
2d1
≤ φ11 ≤ d1+d2

2d1
. That is, the high-distortion influence sector 1 cannot

fully concentrate its borrowing on one bank. Figure A.1 below plots the minimum volatility

configuration between φ11 and φ22 implied by equation (A.25) and the volatility surface for all

feasible combinations of φ11 and φ22.

66



(a) Minimum volatility configuration (b) Volatility surface

Figure A.1: Configuration of financial intermediation in the example economy

B Empirical illustration and quantitative results

B.1 Financial intermediation in Uganda

Although Uganda’s recent economic history has seen significant financial development, most

indicators of financial development are still low by international standards. Similar to most

low income countries, financial market depth in general, and the size of the banking system in

particular, are smaller – in terms of domestic credit relative to GDP – and less open – in terms

of de iure and de facto measures of financial integration – in Uganda than their counterparts

in developed countries (Abuka, Alinda, Minoiu, Peydro and Presbitero, 2019).

The informal economy in Uganda is large, with estimates in the range of 30 to 40% of

GDP (La Porta and Shleifer, 2014). Informality is thus important both in the financial and

non-financial sectors. Importantly, however, this informal activity remains largely disconnected

from the formal economy: There are only very few transitions of firms between the informal and

the formal sectors. Moreover, the interaction between trading partners and on credit markets

is characterized by substantial self-enforcement mechanisms (e.g. through the operation of the

tax system; de Paula and Scheinkman, 2010), which induce a tendency of separation between

formal and informal activity.31 LaPorta and Shleifer (2008, 2014) thus advocate a dual view

31LaPorta and Shleifer (2008, 2014) report that, in firm-level survey data across a number of developing
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of informality. Accordingly, informal activity on both financial and non-financial markets is

separate from the formal economy. In particular, access to formal finance is limited to firms

which themselves operate as formal, registered businesses.

With this in mind, Table B.1 provides some statistics relating to formal finance in Uganda

from the Global Financial Development Database.

Table B.1: Financial development and banking in Uganda (2010-2017)

2010 2011 2012 2013 2014 2015 2016 2017

(1) Private credit by financial sector to GDP (%) 11.23 12.29 12.31 12.34 12.67 13.44 13.28 12.37

(2) Private credit by deposit money banks to GDP (%) 10.86 11.86 11.84 11.84 12.18 12.89 12.67 11.81

(3) Bank dependence [(2)/(1)] 0.97 0.96 0.96 0.96 0.96 0.96 0.95 0.95

(4) Total loans to total deposits (%) 46.41 52.26 50.70 48.53 47.47 49.37 48.28 44.20

(5) Total loans to total assets (%) 65.34 73.84 74.96 73.42 70.48 73.14 70.67 64.41

(6) Deposit dependence [(5)/(4)] 0.71 0.71 0.68 0.66 0.67 0.68 0.68 0.69

(7) Bank concentration (largest 3 banks, %) 43.47 41.00 39.10 37.63 37.98 42.68

(8) Bank concentration (largest 5 banks, %) 59.02 56.84 55.45 54.27 54.84 61.20

Source: Bank of Uganda, Uganda Bureau of Statistics and authors’ computations.

Financial sector defined as deposit money banks and other financial institutions.

Formal financial sector credit to the private sector has increased from 11.2% of GDP in 2010

to 12.4% of GDP in 2017. The overwhelming share of this is actually originated in the banking

system, whose credit volume to the private sector expanded from 10.9% to 11.8% of GDP over

the same period. The Ugandan economy is thus characterized by significant bank dependence,

with an average of 96% of private sector credit coming from banks. The banking system itself is

strongly dependent on deposit funding. Deposits as a share of GDP range between 14.6% and

16.9% (Global Financial Development Database, 2018), and they are by far the most important

source of funding for bank assets. Indeed, deposit dependence, calculated as the fraction of bank

deposits relative to assets, was at 71% in 2010 and at 69% in 2017. By contrast, the availability

of wholesale funding is very limited; with a ratio of interbank borrowing to total deposits in

the banking system at only 2% in 2017 (Bank of Uganda Financial Stability Report, 2017), the

countries, only two percent of informal firms sell their output to large (formal) firms.
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interbank market is weak.

While Uganda still has a substantial informal financial sector, the formal banking sector is

well-established and adequately capitalized,32 though with a relatively small number of banks.

It currently comprises 25 (private) banks and is characterized by a high degree of concentration.

The market share (in terms of total assets) controlled by the three largest banks accounted for

more about 40% in 2017, and the combined balance sheet of the five largest banks made up

more than 60% of the overall assets held in the banking system.

B.2 Bank-level volatility

Figure B.1 plots the standard deviation of the bank-level supply shocks ςb estimated in (25)

against the banks’ market share. There is no evident pattern indicating a systematic effect of

bank size on volatility. A linear regression results in a slope estimate of -0.01 estimated without

significance (p = 0.28). We thus assume a uniform volatility at the level of the cross-sectional

average, σb = σ = 0.3313.

Figure B.1: Bank market shares and volatility

32In 2017, the average tier one capital adequacy ratio and total capital adequacy ratio were 21.4% and 23.6%,

respectively (Bank of Uganda Financial Stability Report, 2017).
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B.3 Bank-level decomposition under intermediation counterfactuals

(a) Empirical data (b) Low concentration

(c) High concentration (d) Diversification

(e) Specialization m = 25 (f) Specialization m = 10

Figure B.2: Contribution to aggregate volatility: bank-level decomposition.
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