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Abstract

We develop a methodology to estimate quantity cross-elasticities in decentralized markets, and
apply it to measure the extent of credit reallocation between firms and banks following shocks.
Our identification strategy leverages how not all firms borrow from all banks; indirect
connections through the credit network thus provide natural exclusion restrictions. Through
theory and simulation, we demonstrate the viability of our approach and show that neglecting
reallocation leads to an unpredictable bias in treatment and fixed-effects estimates. By applying
our estimator to twenty years of data from the Italian credit registry, we find that credit for firms
is substitutable in normal times but complementary during recessions, whereas banks’ cross-
elasticities do not vary with the business cycle. Such evidence is consistent with the asymmetric
effects of credit expansions and contractions documented by the empirical banking literature.
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1 Introduction!

Empirical research documents how financial shocks to banks can affect firms’ ac-
cess to credit (Khwaja and Mian, 2008; Paravisini, 2008; Paravisini, Rappoport,
and Schnabl, 2023; Peek and Rosengren, 2000) with varying real effects. Sud-
den contractions in credit supply are likely to restrict investment and production
(Alfaro, Garcifa-Santana, and Moral-Benito, 2021; Cingano, Manaresi, and Sette,
2016; Jiménez et al., 2017), while the real effects of expansions appear mixed and
context-dependent (e.g. Bottero et al., 2022; Jiménez et al., 2020). The extent to
which firms can substitute credit across banks, as well as the degree of comovement
in banks’ credit supply, is likely to determine an important part of this variabil-
ity (Ivashina and Scharfstein, 2010). However, current approaches only allow for
indirect measurement of credit reallocation by banks and firms, either by compar-
ing estimates at the firm and bank-firm relationship-level (Jiménez et al., 2020;
Khwaja and Mian, 2008) or by tracking the ease of access to non-bank funding
(e.g., bonds, as in Becker and Ivashina, 2014).

We develop a direct measure of credit reallocation, show that ignoring real-
location distorts treatment and fixed-effects estimation, and use twenty years of
Italian credit register data to document its correlation with the business cycle. In
particular, we estimate the bank and firm credit cross-elasticities, which capture
how credit granted in a given firm—bank relationship responds to changes in other
relationships of the same firm or bank. To estimate the two cross-elasticities, we

need to address a reflection problem (Manski, 1993). Reflection stems from how
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each credit relationship belongs to a firm’s and a bank’s credit portfolio, nested
within a broader network of firm-bank links. Every firm or bank makes decisions
considering its entire portfolio, potentially influencing other relationships through
network connections. This mix of simultaneity and feedback effects introduces
complex bias in all estimates and must be addressed to measure cross-elasticities,
as well as treatment and fixed effects.?

We use sparsity in the credit market structure to address the reflection prob-
lem. As not all relationships are directly connected through a bank or firm link
(portfolios overlap only partially), changes in the outcomes of some relationships
will affect others only indirectly, providing natural exclusion restrictions for the
econometrician. On this ground, we build partially overlapping portfolios instru-
mental variables (OPIVs) to break simultaneity, estimating cross-elasticities and
mitigating the reflection bias of treatment and fixed effects. This approach general-
izes and nests the commonly used Khwaja and Mian (2008) model, which exploits
the same information set while constraining cross-elasticities to equal zero. Thus,
any researcher using standard credit register data can employ it. Furthermore, we
do not rely on a specific quasi-experiment, and the relative context-independence
allows us to measure cross-elasticities repeatedly over long time-spans, enabling
the analysis of their business cycle behavior. Our methodology can also be applied
to estimate cross-elasticities in other settings, including production networks.

As a result of the estimation, we find that firms’ cross-elasticities are neg-
ative in normal times while often becoming positive during recessions, whereas
banks’ cross-elasticities are mostly positive and uncorrelated with the business
cycle. Thus, we present systematic evidence of firms’ difficulties in substituting
credit during recessions, which is consistent with the asymmetric effects of credit
expansions and contractions found in the literature. When conditions ease, credit
increases on one relationship are compensated by equilibrium credit decreases on
other relationships of the same firm, dampening real effects. When conditions
worsen, the average firm is unable or unwilling to substitute credit, systematically
rationalizing the well documented negative real effects. The conclusion is stable
across specifications and robust to accounting for the non-random matching be-

tween firms and banks (adapting to our setting the Jochmans, 2023, ’s approach).?

2The bias affects also reduced form estimates, because cross-elasticities invalidate the stable
unit treatment value assumption (SUTVA, Rubin, 1986), i.e. the outcome of the control group
also changes when the treatment status of treated units changes.

3In particular, network endogeneity arises when link formation depends on unobserved factors
that also affect outcomes, biasing estimates of cross-elasticities and treatments. Jochmans (2023)
proposes a solution based on leave-own-out networks: under mild dependence assumptions, links
sufficiently far from an observation are exogenous and can be used to construct valid internal



We start this paper by introducing a simplified model of joint credit demand
and supply determination to argue that estimating cross-elasticities directly is not
only relevant per se but also key to obtaining unbiased treatment and fixed effects
estimates. We describe a world with two banks and two firms that jointly optimize
their full portfolio of relationships, introducing simultaneity in the credit demand
system implied by the Khwaja and Mian (2008) model. We use this framework
to argue four points. First, the simultaneity of credit decisions introduces bias
in estimates of any treatment of interest. Second, the same simultaneity, if not
addressed, will bias fixed effect estimates too, while fixed effects alone will be likely
to fail in controlling for firm and banks idiosyncratic shocks.* Third, interpreting
differences between estimates with and without the inclusion of fixed effects as a
measure of demand bias (e.g., Jiménez et al., 2020) may be misleading. Fourth
and last, bias can also contaminate the estimates of fixed effects of firms and
banks, preventing us from measuring pure demand and supply changes (Amiti
and Weinstein, 2018).

We proceed by establishing an estimation framework to address such distor-
tions, adapting spatial autoregressive models (e.g. Arduini, Patacchini, and Rain-
one, 2015; Bramoullé, Djebbari, and Fortin, 2009; Calvé-Armengol, Patacchini,
and Zenou, 2009; Lee, 2007) to study outcomes on links (credit relationships) in-
stead of nodes (firms or banks). We show how the very structure of the credit
market network, in which many nodes are only indirectly connected, provides in-
struments for the identification of cross-elasticities, which can be seen as spillover
effects from network peers connected through either banks or firms. If credit port-
folios are not fully overlapping, then such instruments are exogenous. We show
how to use OPIVs to identify cross-elasticities and recover unbiased treatment
effects, as well as firm and bank fixed effects.

As stated above, our model separately identifies the bank credit cross-elasticity
and the firm credit cross-elasticity. We focus on quantity cross-elasticities, be-

cause quantities are the most commonly observed and studied objects in credit

instruments, without specifying a model of network formation.

4Using firms with multiple bank relationships to perform a fixed effect estimate of supply
movements is a standard procedure in the empirical banking literature, first popularized in
Khwaja and Mian (2008). A far from complete list of influential works that use this strategy to
assess the effect of different bank shocks includes Jimenéz et al. (2012), Schnabl (2012), Jiménez
et al. (2014), Behn, Haselmann, and Wachtel (2016), Bonaccorsi di Patti and Sette (2016),
Jiménez et al. (2017).

®This point is related to the one raised by Altavilla, Boucinha, and Bouscasse (2022) and
De Jonghe and Lewis (2025). We elaborate on the differences between contributions in the
Related Literature part of this Introduction.



registers, while prices may be available only for specific subsamples.® We do not
constrain their signs ex-ante, and show that negative estimates can be interpreted
as evidence of substitutability, while positive ones can be interpreted as evidence
of complementarity, as long as the demand (supply) curves at the relationship level
are downward (upward) sloping. Thus, such structurally interpretable measures
can inform our understanding of what drives the real effects of financial shocks.
Can a firm absorb the consequences of a credit cut or leverage the effects of an
expansion, and how much? How do these parameters change during expansions
and recessions? We propose a unified framework to answer similar questions.”

We explore the properties of our OPIV estimation strategy through Monte
Carlo simulation. First, we study the treatment estimate bias if we ignore the
reallocation mechanisms (i.e., not allowing for cross-elasticities). We show that
both the magnitude and sign of the bias depend on observables, such as the share
of relationships affected by a shock and the number of firms or banks that share
relationships (the density of the network), and unobservables, such as the mag-
nitude of the cross-elasticities. Hence, such bias cannot be addressed without a
strategy to estimate cross-elasticities. Second, we confirm that fixed effects can
exacerbate bias and that standard estimates of fixed effects for banks and firms
may pinpoint non-existent demand and supply idiosyncratic movements, especially
for banks and firms that are central to the credit network. Third, we document
that the network estimator performs very well in finite samples, estimating cross-
elasticities, treatment effects, and fixed effects with negligible error.

We apply our method to 2002 to 2022 data from the Bank of Italy’s Credit
Register, matched with firms’ financials from Cerved, the main Italian risk rating
issuer, and banks’ financials from Italian Supervisory Reports. We present two
exercises. First, we adapt to the Italian setting the study of the risk-taking channel
of monetary policy, initially measured in Jiménez et al. (2014). Using data from
2002 to 2008, we investigate whether less capitalized banks extended more credit
to riskier firms after an easing of monetary policy. We estimate this channel twice;

the first time using a standard Khwaja and Mian (2008) approach with firm and

SFor example, for Italian data up to 2018, price information is only available for credit
relationships greater than €75 thousand in credit granted. Price data is often unavailable in
other countries. With suitable data, our approach easily extends to prices and other outcomes
(see Bishop, 1952).

"We stress that our contribution is not about disentangling whether the effects of a shock are
demand- or supply-driven. E.g., if a firm substitutes 30 percent of a credit cut using its other
relationships, whether this occurs because its other banks become aware of the credit cut and
pro-actively reach-out, or thanks to the firm’s effort in finding new credit, does not change the
ultimate result: the degree to which the firm was able to preserve its credit stock.



bank fixed effects, not accounting for cross-elasticities, and the second estimating
cross-elasticities simultaneously using OPIVs. We find that not accounting for
cross-elasticities would have led to underestimating the risk-taking channel.

Within the same exercise, we find that the average firm’s credit cross-elasticity
is negative and large in the 2002-2008 time window, approximately -30 percent.
For a firm with three credit relationships, if credit granted grows by 50 percent on
two of them, it would drop by 30 percent on the third. The average bank’s credit
cross-elasticity is positive, economically significant, and smaller. In particular, for
a bank with 4,403 borrowers (the 25th percentile in the number of relationships
per bank and about a quarter of the median), if credit granted grows by 50 percent
for 4,402 of them, it will increase by an additional 3.5 percent on the remaining
one. Focusing on treatment effects, we estimate that after a one percent drop in
the overnight rate, a risky firm sourcing its credit from a bank with one standard
deviation smaller capitalization and from a bank with average capitalization would
see 43 basis points more credit growth on the less capitalized relationship. Ignoring
cross-elasiticities reduces this effect to one tenth in magnitude and makes it non-
significant, dissolving the risk-taking channel of monetary policy (Jiménez et al.,
2014) in our sample. Moreover, recovering the average of banks and firms fixed
effects estimates with and without OPIVs, we detect a median absolute bias of
38 and a mean absolute bias of 122 percent for banks, and 41 and 95 percent for
firms. The large difference between mean and median absolute bias aligns with
standard network-economics intuition. More connected firms and banks will see
larger errors in their naive fixed effects estimates, as the reflection bias for them
is greater. Furthermore, we notice that by ignoring cross-elasticities, we would
misclassify 76 average bank-level shocks (positive shocks turning negative) out of
a total of 586 banks.

For our second exercise, we study how cross-elasticities evolve over the busi-
ness cycle. Estimating them annually from 2002 to 2022, we find that banks’
cross-elasticities are consistently positive, while firms’ cross-elasticities fluctuate
strongly with macroeconomic conditions. In normal times, they are large and
negative, indicating that firms can offset up to 70 percent of a cut in credit from
one lender or reallocate nearly as much when others expand. However, during the
four recession episodes in our sample (2001-03, 2008-09, 2011-13, and 2020), these
cross-elasticities become less negative, turning positive in the last three episodes.
This evidence suggests that the extent of credit reallocation after a shock varies
at the firm level with the business cycle. For firms, credit is substitutable during

expansions and complementary during downturns. Such heterogeneity in cross-



elasticities aligns with and helps rationalize the asymmetry in the effects of credit
expansions and contractions evidenced in the literature.

We proceed as follows. In the rest of this Introduction we discuss the litera-
ture. In Section 2, we introduce a toy model of a credit network and derive its
econometric implications. In Section 3, we lay down the estimation framework
and introduce the estimators we propose. In Section 4, we explore the proper-
ties of the estimator in finite samples and the bias we would incur from ignoring
cross-elasticities. In Section 5, we use Italian credit data to present an empirical

application. We take stock in Section 6.

1.1 Contributions to the Related Literature

We contribute to the empirical literature on the pass-through of financial shocks
in two ways. First, we build a methodology to account for the endogenous re-
allocation of credit induced by shocks, showing that it is important to consider
the reflection problem in similar settings. Second, we show that the variation in
banks’ and firms’ credit cross-elasticities over time aligns with the intuition that
the extent to which credit losses on one relationship are offset by changes on other
relationships of the same firm can explain the heterogeneity in the real effects of
credit expansions and contractions.

The methodology we propose addresses an important limitation of standard in-
strumental variable (e.g. Paravisini, 2008; Peck and Rosengren, 2000) and within-
firm (Jiménez et al., 2014, 2017; Khwaja and Mian, 2008) estimates of the effect
of bank shocks on firms’ credit access. These approaches cannot control for en-
dogenous reallocation of credit across portfolios of relationships. We also show
how this issue can affect (i) attempts to use the difference between estimates with
and without fixed effects to track the extent of demand bias (Jiménez et al., 2020)
and (ii) attempts to use estimates of bank and firm fixed effects as direct mea-
sures of pure credit demand and supply changes (Amiti and Weinstein, 2018). We
offer a possible solution to these problems based on classical results in network
econometrics (e.g. Ballester, Calvo-Armengol, and Zenou, 2006; Calvé-Armengol,
Patacchini, and Zenou, 2009).%

Such contributions are complementary to work that deepens the identifica-

tion of the transmission of financial shocks to credit and real outcomes (Bergman

8See Jackson (2010), Jackson and Zenou (2015), and Jackson, Rogers, and Zenou (2017) for
a complete critical review of the theoretical literature on network economics, see Bramoullé,
Djebbari, and Fortin (2020a), De Paula (2020), and Graham and De Paula (2020) for insightful
reviews of the literature on network econometrics.
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et al., 2025; Bruche et al., 2026; Chava and Roberts, 2008; Chodorow-Reich, 2014,
De Jonghe and Lewis, 2025; Paravisini, Rappoport, and Schnabl, 2023; Peek and
Rosengren, 2000). Although we focus on the identification challenges that stem
from endogenous reallocation of credit, a recent strand of contributions, start-
ing with Paravisini, Rappoport, and Schnabl (2023), highlights those implied by
imperfect substitutability. In particular, it shows that bank specialization causes
shocks to be unevenly distributed across the relationships of the same firm, limiting
the effectiveness of within-firm strategies to control for unobservable confounders.
Research built on these premises, such as Bripi (2023) and Altavilla, Boucinha, and
Bouscasse (2022), estimates credit demand systems to measure firms’ price elas-
ticity of substitution or to disentangle demand from supply shocks, respectively.
To the best of our knowledge, we are the first study to measure directly and jointly
the credit cross-elasticities for both firms and banks, addressing reflection bias.

Among such works, our results are closely related and complementary to those
of De Jonghe and Lewis (2025). Most articles on shock propagation in credit
markets assume the homogeneity of demand and supply shocks within the same
firm or bank and the lack of endogenous reallocation after a shock. De Jonghe and
Lewis (2025) relaxes the homogeneity assumption by disentangling relationship-
level supply and demand shocks using both prices and quantities. We relax the lack
of simultaneity assumption and address the reflection bias arising from endogenous
reallocation across relationships, estimating credit cross-elasticities using quantity
data. While our approach abstracts from recovering relationship-specific demand
and supply shocks, it allows us to quantify how firms and banks substitute or
complement credit across relationships—a key determinant of the real effects of
financial shocks.? Taken together, the two approaches address distinct but equally
important identification challenges, and a natural avenue for future research is to
combine them.

Moreover, our work closely relates to the series of papers studying how
spillovers complicate the identification of shocks: regional variation in credit sup-
ply shocks can bias estimates of general equilibrium multipliers (Mian, Sarto, and

Sufi, 2022); firm-to-firm interactions may distort measured effects and can even be

90ur estimation procedure controls for unobservable characteristics that are constant across
firms and banks (as in Abowd, Kramarz, and Margolis, 1999), recovering unbiased relationship-
level complementarity /substitutability parameters, as well as firm and bank-level idiosyncratic
shock measures. The latter may include relationship-specific demand/supply components but are
free of the endogenous reallocation component. Interestingly, while we build on a homogeneity
assumption, our setting allows for asymmetric effects of shocks. However, this asymmetry is
due to reallocation effects triggered by complementarity and substitutability through cross-
elasticities.
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aggravated by fixed-effect strategies (Berg, Reisinger, and Streitz, 2021); multiple
channels of spillovers can interact with the mismeasurement of treatment (Huber,
2022). We shift our focus from contextual effects—peers’ treatment status—to
endogenous effects, the influence of peers’ outcomes. We discuss in greater detail
the differences with these papers in Section A.4.4 of the Online Appendix.

Our investigation also complements recent work by Darmouni and Sutherland
(2021) and Gupta et al. (2025), addressing spillovers in bank credit contract design:
the first in SME lending and the other in syndicated lending to large firms, both
in the US. The latter paper, in particular, exploits the network structure of banks’
overlapping lending portfolios through a spatial autoregressive model to estimate
the degree of complementarity in interest rate setting at the bank level, rather
than on credit reallocation at the relationship level.

In studying the numerical properties of OPIVs in credit markets, we show how
credit market structure — specifically, banks’ and firms’ network centrality — is a
key determinant of shock propagation. From this standpoint, our paper relates to
recent works examining the link between credit market structure and the effects of
financial shocks, including Andreeva and Garcia-Posada (2021); Benetton (2021);
Benetton and Fantino (2021); Corbae and D’Erasmo (2021); Giannetti and Saidi
(2019); Huremovic et al. (2020). Indeed, we show how the centrality of banks in
credit networks may amplify the transmission of shocks, possibly counterbalancing
the stabilizing role of credit concentration documented by Giannetti and Saidi
(2019). Furthermore, our focus on the propagation of shocks throughout the credit
network among bank-firm relationships complements Alfaro, Garcia-Santana, and
Moral-Benito (2021) and Huremovic et al. (2020), which study the propagation of
financial shocks across production networks among firms.

From a methodological standpoint, our work is close to other corporate finance
papers that directly address Manski (1993)’s reflection problem. Recent papers
quantified peer effects in firms’ capital structure (Grieser et al., 2022; Leary and
Roberts, 2014), corporate governance (Foroughi et al., 2022), and banks’ liquid-
ity choices (Silva, 2019). We cover firm access to credit and the pass-through
of financial shocks’. More generally, our approach relates to studies that exploit
market structure to derive instrumental variables, such as shift share instrumen-
tal variables (SSIVs), introduced in Bartik (1991), Blanchard et al. (1992), and
recently applied in Borusyak, Hull, and Jaravel (2022) and Goldsmith-Pinkham,
Sorkin, and Swift (2020), as well as granular instrumental variables (GIVs), pro-
posed in Gabaix and Koijen (2024) and applied to banking in Galaasen et al.
(2020). However, SSIVs and GIVs exploit shocks that operate through aggregate

12



prices or quantities, making them suitable for centralized market settings. Our
approach, instead, focuses on pair-specific shocks and is tailored to decentralized
market settings, such as over the counter credit markets. In Section A.4.3, we
discuss the differences between OPIVs, SSIVs, and GIVs in more detail.

Finally, with respect to other works studying peer effects in networks, our
context allows us to achieve identification of spillover effects under lighter as-
sumptions. Unlike social networks, credit networks are easier to observe. The
detail in the data from the credit register limits the concern of irrelevant unob-
servable connections, a common issue when studying other types of interaction
(see Battaglini et al., 2020; Battaglini, Patacchini, and Rainone, 2022; De Paula,
Rasul, and Souza, 2024; Miraldo, Propper, and Rose, 2021, among others). In-
deed, the crucial assumption of non-overlapping bank portfolios is testable and is

always verified in our data.

2 The Conceptual Framework

In Section 2.1 we draft a simple model to introduce the concept of cross-elasticities
in credit markets and highlight how their presence can distort the estimation of

(i) causal effects and (ii) firms’ and banks’ fixed effects.

2.1 Credit Relationships Portfolios and Identification

We present the most parsimonious necessary change to generalize the Khwaja and
Mian (2008) framework and allow reallocation across different credit relationships.
The single change we introduce consists of relaxing the assumption that banks and
firms optimize their choices only at the single relationship level, allowing them
to more realistically maximize their profits by considering all their relationships
together.

In what follows, we consider a very basic static network of two firms, ¢ and
7, and two banks, a and b, in order to keep things simple and to show the main
mechanisms triggered by cross-elasticities, which hold in more complex settings as
well. Bank a and b both lend to firm 4, while bank b also lends to firm j. Figure 1
provides the visual counterpart. Although the standard approach considers credit
relationships in isolation (panel (a)), we emphasize how they form a network (panel
(b)). The credit relationship ib links to the relationship ia, as they share the same
borrower (7), and to jb, as they share the same lender b. In the following, we will

use bank b and firm 7 in most of the derivations as examples.
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Figure 1: A Toy Credit Network

(a) (b)

Notes: Nodes a,b are banks, i, j are firms, edges are credit relationships.

As in Khwaja and Mian (2008), banks fund their loans with a given mix of
costless (insured) deposits and costlier resources (equity, uncovered bonds, etc).
As loans cannot be fully funded with costless resources, banks face a resource
allocation problem, which gives rise to the bank lending channel, i.e. the elasticity
of credit to sudden changes in banks’ funding.'®

Focusing on bank b for ease of exposition, let r; and rj be the interest rates
that bank b earns from its credit relationships with firms ¢ and j, and ¢, cj, the
quantities of credit supplied to firms 7 and j. Let z;;, and xj;, be realizations of our
treatment of interest, tracking some relationship’s characteristic that changes bank
b’s marginal cost of lending to the specific firm, and let v, and v; be unobservable
random shifts in supply at the relationship level. Formally, we make the following

assumption about the behavior of banks.

Assumption 1. Banks are price-takers. Given 1y, and rj, bank b chooses how
much credit c;, and ¢, to supply to firms i and j mazimizing its profit my(cip, Cjp) =
[rib — w(cp, Tip, Ci, Vib)]cib + [rﬂ, — w(¢jp, Tjp, Civ,y ij)}Cjb. The w cost function is

linear, with w(cp, T, Cjp, Vip) = WL + w(€xp + v + 0cjp/2). 1

10Tn the application (Section 5), we will focus on the classic bank lending channel of monetary
policy (Jiménez et al., 2014; Kashyap and Stein, 2000), i.e. the pass-through of monetary policy
to banks’ credit supply, possibly heterogeneous across borrowers.

' The banks may be price-taking because of competition, or because pre-set contracts fix the
cost of credit and grant each bank the right to change the credit commitment at will over the life
of the credit relationship, as in the case of revolving credit. The main purpose of this model is
to propose the smallest possible modification to allow simultaneity in the structural framework
behind most empirical banking papers based on Khwaja and Mian (2008), thus, we take the
market structure as given. This choice implies that we do not model explicitly the extensive
margin of credit granting, i.e. the matching process between banks and firms, either. We focus on
the intensive margin outcomes only. However, bank-firm matching underpins network formation
and network-endogeneity may challenge our identification strategy. Thus, we address potential
network endogeneity using the method proposed by Jochmans (2023) to prove the robustness of
our empirical exercises.
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The same assumptions hold for bank a, and any other bank in the market.
Given the linearity of the cost function, w is a parameter capturing the baseline
cost to the bank of one more dollar in credit commitments.'? In our setting, c;
directly enters the supply choice of firm i (and viceversa), capturing the supply-side
interdependence among lending decisions. Everything else being equal, if bank b
already lends one more dollar to firm j, this changes the cost of lending to i by
w@ dollars. It may reflect limited monitoring resources or provisioning capacity
(Holmstrom and Tirole, 1997) for example. The resulting supply equations follow

from the first order conditions:

Tip = WeCjp + W (fx,b + v + GCﬂ,),

Usp

b = wep + w (Exip + Vi + Ocip), (1)

(.

~\~
ujb

Tia = WCig + W (§Tia + Via),
T
and enter each firm’s demand problem as the firm’s cost function.

On the demand side, we consider a setting in which firms may entertain multi-
ple relationships.'® Reflecting the fungibility of funds in reality, multiple loans to
a firm can be used to finance the same project (or multiple projects); hence, credit
from one source can directly substitute or complement credit from another source
in the firm’s objective function, creating scope for the endogenous reallocation of

demand. Formally, the above translates into:

Assumption 2. Firm i knows the supply schedule of each bank it has a relation-
ship with and sets its credit demand from each bank simultaneously, to maximize

its profit, respectively:

Ti(Ciay Cib) = [ei — a(ciq + Cib)} (Cia + Ci) — Z CikTik (Cik, Wik)-
k=a,b
The same assumptions hold for firm j and any other firm in the market. Focusing
on firm ¢ for ease of exposition, e; is the productivity of firm f’s use of funds

and the source of demand shocks. « drives the marginal productivity of one more

12The assumption of a common w parameter across banks implies that banks face the same
capital market. This assumption can be relaxed to allow for heterogeneity among intermediaries.

13This choice is coherent with empirical facts, as the median number of credit relationships
for Ttalian firms is three (see Table 3) and can be justified by the costs and risks of locking in
with a single credit provider (for empirical evidence on the rising cost of credit captivity, see
Toannidou and Ongena, 2010).
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dollar borrowed, underpinning credit complementarity (o < 0) or substitutability
(ae > 0) across relationships, while 7 is the cost of credit derived in Equation (1).
Allowing firms and banks to optimize their full portfolio of relationships jointly,

we obtain the following simultaneous system of equations:

Cia = PCiy + BTiq + 0; + €ia,
Cib = PCiq + GCjy, + Py, + 05 + €, (2)
Cjp = @i + Py + 05 + €5,

where we summarize the convolution of structural parameters in each equation

with g = —% for the treatment we are interested in, 9; = mei for the firm
idiosyncratic component common across relationships, p = =22~ and ¢ = — 2(§iw)

for the cross-elasticities.!* In such an environment, the amount of credit that firm
i borrows from bank a (c;) depends on the amount that firm ¢ borrows from
bank b. On the other hand, the amount of credit that bank b lends to firm j
depends on the amount that bank b lends to firm i (¢;). In turn, ¢; depends on
both ¢;, and c;p; i.e., the outcome of a single relationship receives impulses from
all relationships sharing the same firm or bank. These endogenous effects induce
reflection, i.e., spillovers among credit relationships based on the structure of links
in the credit network.

The key parameters tracking spillovers over the network are p, which measures
the firm credit cross-elasticity (FCC), and ¢, which captures the bank credit cross-
elasticity (BCC). We provide a formal discussion of the interpretation of ¢ and p
estimates in Appendix A.1.2. At an intuitive level, as long as downward sloping
demand schedules and upward sloping supply schedules generate the data we ob-
serve, we can interpret a positive p or ¢ as evidence of complementarity in credit
at the firm or bank level, and a negative p or ¢ as evidence of substitutability.!®
In our simple example, firm ¢ substituting its credit from bank a with credit from
bank b implies a negative p. Conversely, bank b increasing its credit to firm j in
complement to its higher lending to firm ¢ would imply a positive ¢

It is worth noting that the standard Khwaja and Mian (2008) approach, as-
suming non fungibility of funds, shuts any reallocation mechanism down, forcing

¢ and p to be equal to zero. In what follows, we show that whenever we have

14To solve the system, we assume here that |¢| < 1 and |p| < 1. This is not strictly required
in more general cases. We define the space of these parameters formally in the next section.

5Having slopes of credit demand and supply, respectively downward and upward, aligns with
basic economic logic and with evidence derived from the same data we employ in our empirical
exercises. For example, Burlon et al. (2016, p.22) showcases results for the estimation of a credit
demand system meant to study credit rationing among firms and recovers an upward sloping
supply and a downward sloping demand for credit.
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non-null cross-elasticities in our model, estimates of the standard approach will
be biased. Consider an econometrician estimating, instead of Equations (2), the

following system:

Cia = BTia + 0i + €ia,
cib = By + 0; + €ip, (3)
Cjp = ﬁl‘jb + (Sj + Ejb-

Let B rE be the estimator of 3 for this model and BO s the estimator from a version
of Equations (3) that omits the fixed effects.'6

Proposition 1. Under Assumptions 1, 2, the estimator BFE of the shift in banks’

supply curve, 3, for Equations (3), is biased.

Moreover, as the estimator of § from Equations (3) will be affected by omitted
variable bias, it follows that comparing B g with the BO s Will not necessarily be

informative of the sign of the idiosyncratic bias we are concerned about.!”

Proposition 2. Under Assumptions 1 and 2, BFE # Bors is possible even in the

absence of demand bias.

Finally, Proposition 1 easily extends to all estimates of parameters from Equa-

tions (3), including fixed effects.

Proposition 3. Under Assumptions 1 and 2, firm fized effects’ estimates include
supply shock spillovers, and bank fixed effects’ estimates include demand shock
spillovers. As such, they cannot be regarded as pure measures of each firm or bank

demand and supply shocks, respectively.

This last Proposition implies that retrieving bank and firm fixed effects estimates
and interpreting them as credit supply and demand shifters (Amiti and Weinstein,
2018) may be misleading, as they will probably incorporate the reflections of bank
shocks through firm links and firm shocks through bank links.

We provide the full analytical description of the model, along with proofs of the
above propositions, in Appendix A.1. Here, we focus on an intuitive exploration

of the model’s mechanics, starting with Figure 2, where we display a simplified

60Observe that even if B in Equations (3) is meant to estimate reduced form effects of z and
not a pure direct treatment effect, the issues with BO s and BF g outlined below hold anyway
because of the violation of the stable unit treatment value assumption (Rubin, 1986) induced by
cross-elasticities.

17A very common approach to reconciling firm-level and relationship level estimates (see, e.g.,
Bonaccorsi di Patti and Sette, 2016; Jiménez et al., 2020).
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graphical representation of Equations (2). In particular, we drop relationship jb
and shut down the banks’ reallocation channel, setting cross-elasticity ¢ to 0.
Furthermore, we assume a negative firm cross-elasticity p; hence, firm ¢ will sub-
stitute away from the bank whose credit becomes relatively more costly. Finally,

we assume that the firm’s idiosyncratic shock is null §; = 0.
Figure 2: Cross-elasticities at Work - Reallocation in a Toy Network

Tia ¢+ Reallocation Tib

ceds back Credit supply shock

Reallocation Cib

= BAz;, (spillover, i.e. = p?Aciq
FFC*change) = pAcy
Notes: The Figure represents graphically the interaction between firm ¢ and bank a and b,
captured by Equations (2), in the case bank a receives a positive supply shock. The blue lines
are banks’ credit supply schedules to firm i, while the red lines are firm i’s demand for credit
from a and b respectively. Solid lines are post-shock curves, while dashed lines are pre-shock

curves.

Focusing on the two relationships belonging to firm 7 in Equations (2), suppose
a supply shock Ax;, > 0 hits bank a as a consequence of monetary policy easing, to
which a is especially sensitive, relaxing its supply curve (to mimic the dynamics
described in Jiménez et al., 2014), while bank b’s supply remains unchanged.
Graphically, the shock moves a’s supply from the old dashed line to the new
solid one by SAx;,. Then, for each interest rate, bank a is happy to offer more
credit to firm ¢. As a consequence, ¢ will not only passively take advantage of
the expansion in a’s supply, sliding along the original red dotted demand curve,
but will also readjust its demand to source more of its credit from a than from
b, as a’s credit has become relatively less costly. A pAc;, shift in the equilibrium
consumption of ¢;, partly compensated by an opposite shift by pAcy, = p?Aci, in

Cia, graphically describes this readjustment.!®

18We limit our example to second order adjustments for simplicity; the transition to the new
equilibrium involves an infinite sequence of adjustments whose magnitude converges to zero as
lp| < 1.
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In such a setting, the final change in equilibrium credit from bank a to firm
1 will be composed of two elements: one directly related to the supply shift and
governed by parameter 3, and one indirect, due to reallocation and governed also
by the cross-elasticity p. The reallocation mechanism will bias the estimates if not
properly accounted for in an empirical setting, which leads to the conclusion of
Proposition 1 (and 3). In this specific example, using a typical diff-in-diff setting,
where we compare the pre- and post-treatment values for treated (ia) and control
(2b) units, would overestimate the effect of the treatment: the positive variation
in the treated relationship ¢;, is increased (the red arrow adds to the one in the
left-hand panel in Figure 2), while the control relationship c¢;decreases instead of
being stable (the red arrow in the right-hand panel in Figure 2).

This graphical presentation helps visualize the logic of Proposition 2 as well.
In Figure 3, we show how differentiating within the firm (i.e., including a firm
fixed effect on the right-hand side of an estimation equation) even in the absence
of demand bias may lead to different estimates by changing how the bias affects

the estimates.
Figure 3: Cross-elasticities and Fixed Effects in the Absence of Demand Bias

Tia 1+ Reallocation Tib

‘eeds back

Credit supply shock| s
: ¥ (ca)

l\ \Rcallo cation

S

Aciq — Aciy = BAT + pAcy, —
Notes: The Figure represents graphically how the interaction between firm 7 and bank a and b,
captured by Equations (2), can affect within-firm assessment of supply shifts. The blue lines are
banks’ credit supply schedule to firm ¢, while the red lines are firm ¢’s demand for credit. Solid
lines are post-shock curves, while dashed lines are pre-shock curves. Orange segments highlight

how within-firm differentiation may worsen our assessment of the supply shift.

Consider again the SAx;, supply change we want to quantify, and suppose that
we mistakenly believe that both ¢;, and ¢;;, are affected by unobservables at the firm

level linked to demand-shock confounders. If we differentiate Ac;, —Ac;, to address

19



this demand confounder, we add to the feedback effect of reallocation on ¢, i.e.
pAcy,, which is the initial reallocation from ia to b, Acy, i.e. pAc;,. Within
comparisons may actually increase the reallocation bias affecting the supply shifts.

The simple example presented in this section provides intuitive explanations of
the mechanics at play when banks and firms optimize their portfolios simultane-
ously and highlights the consequences of ignoring reallocation for the estimates of
the main parameters of interest. However, actual credit networks can be even more
complex, involving thousands of firms and hundreds of banks. Figure 4 provides
a visual example of how complex the network formed by real credit relationships
could be, graphically describing the connections in a sample of only 500 real credit

relationships from the Italian Credit Register data.

Figure 4: A Sampled Real Credit Network

Notes: The network is derived from a sample of 500 credit relationships observed in 2012.
Banks are represented in blue and firms in red. The estimated network is represented with a
force-directed layout with five iterations. It uses attractive forces between adjacent nodes and
repulsive forces between distant nodes. To ease the visualization, the size of the nodes is equal

to the (log) of their degree. See Fruchterman and Reingold (1991) for more details.

As a consequence, deriving generalized expressions for the bias is more complex
as well. First, as we can already see from the example, if the shock hits relationship
1b instead of relationship ia, all bias expressions would change, as ¢b’s connections
are different from ia’s, altering the bias. This is actually an instance of a standard

result in the network literature, stating that each node’s location in the network
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drives the extent and sign of the bias, with feedback effects increasing in complexity
with the number of links (Ballester, Calvé-Armengol, and Zenou, 2006).'° In
the remainder of the document, we will introduce a general network model of
credit relationships that can accommodate F' firms and B banks, derive unbiased
estimators for 3, 0, and -, and provide expressions for the bias of commonly used
estimators.

Furthermore, we want to stress that the equations we propose have structural
interpretation in a very specific sense. What we claim is that o governs the sign
of p, while 6 governs the sign of ¢. Hence, estimating the equations we derive, we
can learn about complementarity and substitutability of credit at the bank and
firm level. However, the model does not microfound why « or 6 are positive or
negative. Therefore, for example, a negative p should not be read as evidence that
the observed adjustment is driven exclusively by a firm-side demand action and
vise versa. Continuing with the example, a deeper model may ground a positive a
with the prudential behavior of the firm that expects further supply contractions
by the bank in the future. Empirical estimates should be interpreted as structural
cross-relationship elasticities along portfolio margins, not as decompositions into

primitive demand and supply mechanisms.

3 The Econometric Framework

In this section, we introduce an econometric framework encompassing cross-
elasticities among credit relationships between banks and firms. The framework
adds in two ways to the standard toolkit available in the literature. First, it allows
for the identification and direct measurement of credit cross-elasticities. Second,
it can be used to consistently estimate the direct and indirect effects of treatments
and idiosyncratic shocks on firm and bank outcomes without imposing strong
independence assumptions. We conclude this section by briefly discussing the
possibility of heterogeneous cross-elasticities and unobserved credit relationships;

these matters are explored in more detail in Section A.4 of the Online Appendix.

19We kept the model in this section as simple as possible, with the main goal of providing basic
intuition about why cross-elasticities can bias standard estimates for credit market outcomes.
Equilibrium conditions for a more general model, incorporating a growing number of banks and
firms, would follow the results in Ballester, Calvé-Armengol, and Zenou (2006).
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3.1 The Credit Network Model

Suppose that there are two sets, F and B, of firms and banks in the market with
cardinality respectively equal to F' and B. We can easily generalize the system
described by Equations (2) in Section 2.1 to any number of banks, firms, and

relationships in the credit network as:

Cip =+ ¢ Z Qip,jbCip + P Z Ay ik Cik + 05 + W + TS + €, (4)
JEF\i kEB\b

where ¢;, is credit from bank b to firm 7. J; and 7, are the firm and bank fixed
effects, respectively.?’ x; is a vector of characteristics of the loan, which may
include a specific treatment administered to the relationship ib.2! ¢ is the error
component. The term a; j, captures the connections among credit relationships
from the lender side, being equal to one if both firms ¢ and j borrow from bank
b, and zero otherwise. The term a;,;, captures the connections from the borrower
side, being equal to one if both banks b and k£ lend to firm ¢, and zero otherwise.

In this model, credit relationships are not i.i.d.; credit granted bilaterally from
banks to firms is jointly determined. On the one hand, credit from a bank to a
firm (¢;) reacts to changes in lending from that bank to other firms (¢, over all
js borrowing from b), as firms compete on the demand side to obtain credit from
bank b, which is resource constrained. This effect is captured by the parameter
¢, which measures the BCC (bank credit cross-elasticity). On the other hand, the
credit to a firm by a bank (¢;;) reacts to changes in lending to that firm from other
banks (¢, across all ks lending to i), as banks compete on the supply side to grant
credit to firm ¢. This effect is captured by the parameter p, which measures the
FCC (firm credit cross-elasticity).

The matrix form of this credit network model (CNM) is:

C = a+¢AgC + pAprC + X5+ A+T +e¢,
= QAC + pArC + Zu + ¢, (5)

200bserve that this is a two-way regression model on a bipartite graph. Given the goal of
comparing our method with standard approaches followed in the literature, which overlook such
features, in what follows we do not focus on how the structure of the network affects the accuracy
with which these fixed effects can be estimated Jochmans and Weidner (2019).

21Here, the treatment is at the same level of aggregation as the outcome, the relationship level.
We do not focus on treatments that are bank- or firm-specific, although the framework can be
adapted. Observe that our model includes a bipartite network (Bonhomme, 2020). We do not
deal with situations in which outcomes are observed for one type of node and treatments are
administered to the other type (see Doudchenko et al., 2020, for example).
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where X is the matrix of loan covariates, A is the matrix containing the firm fixed
effects, I' is the matrix containing the bank fixed effects, C' is the vector containing
all credit granted across the IV credit relationships between banks and firms in the
market, Ap is the (IV x N) adjacency matrix of the network that keeps track of
connections among loans through banks, whose generic element a;, ;. is equal to
one if and only if b = k; Ap is the (N x N) adjacency matrix of the network
that keeps track of connections among loans through firms, whose generic element
ap gk is equal to one if and only if ¢ = j. For both adjacency matrices, we let
apip = 0 for all ib, following convention. The vector AgC (bank-network lag)
contains, for each loan, the amount of credit granted by the same bank to other
firms. The vector ApC (firm-network lag) contains, for each loan, the amount of
credit obtained by the same firm from other banks.??
We define the isolated-credit model (ICM) as follows:

C = a+Xp+A+T +¢, (6)

the standard model used in the literature in which credit relationships are forced
to be independent, i.e., imposing the restriction ¢ = p = 0 in Equation (5). It
is worth observing that (i) the CNM nests the ICM, and (ii) the CNM exploits
exactly the same information set necessary for estimating the ICM, because the
network structure (summarized by Ap and Ar) comes directly from the observable
firms and banks’ identities, which are used in A and I'. Thus, our model can be
used by every researcher working with credit register data without further addition
to her dataset.

The matrix form of the model highlights how we deal with a simultaneous
system of equations, in which the credit vector C' enters both on the left and the
right hand side, through AgC' and ArC', the endogenous terms. This feature cap-
tures the more realistic assumption that credit choices are not independent, but

it comes at the cost of additional complexity in the econometric model and its

22(iven that our focus is on reallocation mechanisms, what matters for us is the total amount
of credit; thus, we do not row-normalize these terms as is sometimes done in network economet-
rics. see Liu, Patacchini, and Zenou (2014) for a discussion. Observe also that the model can
eventually accommodate the inclusion of relationships involving firms without multiple lenders,
with the usual limitations on fixed effects. Our model can be extended to accommodate con-
textual effects (ApX and ApX), if needed. While endogenous effects arise quite naturally as
cross-elasticities in this context (see Section 2), exogenous effects are not straightforward. Other
relationship’ characteristics can hardly have direct effects on the equilibrium credit amounts of
each relationship that do not pass through cross-elasticities of firms and banks. However, in the
empirical exercise in Section 5, we also present estimates that include contextual effects as a
robustness check to confirm our main findings.
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identification. Indeed, a CNM cannot be estimated by simple OLS. Nevertheless,
the model described by Equation (5) belongs to the class of spatial autoregressive
(SAR) models; thus, we can exploit some key results in this literature, espe-
cially from the branch that extended these models to the analysis of networks (see
Arduini, Patacchini, and Rainone, 2020; Bramoullé, Djebbari, and Fortin, 2009;
Hsieh and Lee, 2016; Johnsson and Moon, 2021; Lee, 2007; Lee, Liu, and Lin, 2010;
Patacchini, Rainone, and Zenou, 2017, among others). However, standard SAR
models usually consider outcomes at the node level, while in our case, outcomes
are at the link level; thus, we proceed by describing tailored solutions designed for

the features of our framework.

3.2 Identification

The main issue that arises when we want to estimate Equation (5) is the endo-
geneity of AgC' and ArC, which negates the consistency of OLS estimation. The

simultaneity of Equations (5) creates an intrinsic endogeneity problem if

E[(ArC)'e]
E[(ApC)'e]

E[(Ap(I = ¢Ap — pAp) " (a+ Zu+€))'e] #0,
E((Ap(I = ¢Ap — pAp) (e + Zp+ €)' # 0.

The last inequalities hold if

E[(AF(I — gbAB — pAF)71€)/€] O'?tT(AF(I - ¢AB - pAF)il) 7A O,
E[(AB(] - gbAB - pAF)_IE)/G] = U?tT(AB(I — ¢AB - pAF)_l) 7’é 0.

where tr is the matrix trace operator. Endogeneity is determined by the structure
of the observed network, represented by Ar and Ag. In what follows, we achieve
identification under conditions on Ap and Ar that are reminiscent of the linear
independence assumptions in Bramoullé, Djebbari, and Fortin (2009).2* Below,
we establish sufficient conditions under which the parameters in Equation (5) are

identified, even if augmented with exogenous effects AgX and ApX.%*

2There are also other ways of identifying spillovers among outcomes on networks. See
De Paula (2017) and Bramoullé, Djebbari, and Fortin (2020b) for discussions and reviews of the
literature. Focusing on covariance restrictions to identify spillovers, De Paula (2017) provides
an interesting discussion on how they imply a lower bound on the correlation among observable
outcomes, even when spillovers are negative (which is relevant in our framework). Restrictions
on unobservables and higher moments have been explored in the literature (see Graham, 2008,
for example).

24In SAR models, spatial lags of both the endogenous (here AgC and ArC') and exogenous
(here ApX and ApX) effects can be included on the right hand side. The social networks
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Proposition 4. (Identification of the Credit Network Model). The credit
network model described by Equation (5) is identified if I, ApArApg, and Ap are
linearly independent and I, ApAgAr, and Ag are linearly independent—i.e., there

are intransitive quadriads in the credit network—and ¢ # 0 and pf # 0.

A quadriad is a set of four nodes: two banks and two firms, in this case. The
quadriad is transitive if all the between-type (firm-bank) links are realized. For
identification purposes, the market must not be composed of transitive quadriads
only. The presence of intransitive quadriads is a sufficient (but not necessary)
condition for the identification of the model’s parameters. A nice feature of this
result is that it translates into the easy-to-check requirement that banks do not
have fully overlapping portfolios. In other words, it requires that not all the banks
lend to the same set of firms. It follows that the credit market structure itself
can provide the solution to the endogeneity problem if it meets certain conditions.
Precisely, we need the market structure to show a certain degree of intransitivity.
The level of intransitivity is the ratio between the number of intransitive quadriads
and the total number of quadriads. In the credit market, an intransitive quadriad
appears when a bank b lends to a different set of firms with respect to another
bank k, or specularly when a firm ¢ borrows from a different set of banks with
respect to another firm j.

The intuition is that intransitivity provides exclusion restrictions that allow us
to identify the system of simultaneous equations (5). If the market is composed
only of transitive quadriads, we cannot identify the parameters in the system, as
there are no valid exclusion restrictions. This situation is extremely rare, if not
impossible, in credit markets. Figure 5 provides examples of market structures
that allow (networks on the left) and do not allow (networks on the right) the
identification of spillovers among credit relationships, with two (panel (a)), three
(panel (b)), and four (panel (c)) firms in the market. Let us consider the simplest
networks in panel (a). In the left network, the fact that bank & does not have a
relationship with firm j allows jb to be excluded from k’s equation. It follows
that X, can be used as an instrument to estimate the effect of Cj, on Cy, as it
has a direct impact on the former but not on the latter (which influences it only

through the former).

literature calls the latter contextual effects, as they capture the direct influence of peers’ charac-
teristics on outcomes. While endogenous effects arise quite naturally in our context, as shown in
Section 2, exogenous effects are less straightforward in credit markets. We abstract from these
effects, but our model can be extended to accommodate them if needed.
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Figure 5: Network Structure and Identification
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Notes: Nodes a,b are banks, red nodes are firms, edges are credit relationships.

Intuitively, when the number of firms and banks grows, the number of intran-
sitive quadriads must also grow. Panels (b) and (c) show credit networks with and
without intransitive quadriads when the number of firms increases to three and

four units. Similar examples can be constructed for a growing number of banks.

3.3 Overlapping Portfolios Instrumental Variables

In this section, we show how to apply the result in Proposition 4 to identify
treatment effects, fixed effects and cross-elasticities using instrumental variables
based on overlapping portfolios (OPIVs).?

Intuition. Let us consider a simple example in Figure 6. In panel (a), the
credit network is disconnected, as bank a does not lend at all. In panel (b), we

have full overlap. Everybody lends/borrows from everybody. In panel (c), instead,

25The literature of spatial and network econometrics investigated in depth several methods to
treat the endogeneity created by these simultaneous equations, Kelejian and Prucha (1999) and
Liu and Lee (2010) proposed a GMM approach, and Lee (2004) and Lee, Liu, and Lin (2010)
use a Quasi-Maximum Likelihood Estimator. In this paper we use an IV approach in the spirit
of Lee (2007) and Kelejian and Prucha (1998).
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the credit relationship portfolios of bank a and b are only partially overlapping
(respecting the intransitivity conditions for identification). For simplicity, let’s
focus on how a shock to bank a helps us identify ¢. In panel (a), a shock to bank
a is not relevant, as the two banks are not connected through any firm. In panel
(b), the same shock is relevant but not exogenous, because it directly influences jb
through ja. In panel (c), a shock to bank a is a valid instrument, instead. Indeed,
it is relevant, as it directly influences bi through az; moreover, it is exogenous to jb,
as the two relationships are only indirectly connected. The same reasoning applies
to shocks that are firm-specific for the identification of p. If we have bank and
firm fixed effects in the model, variation at the relationship-level can be exploited

instead, as we do in our empirical exercise.

Figure 6: Exogeneity and Relevance of OPIVs
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Notes: Nodes a,b are banks, i, j are firms, edges are credit relationships.

Depending on the circumstances, there could be situations in which the econo-
metrician observes only firm- or bank-specific variables and no pairwise variables.
In such cases, we can use variation in more distant credit relationships for identi-
fication. For instance, let us add two other credit relationships to our toy example
in panel (c¢) of Figure 6 and assume that bank a supplies credit to firm f, and
firm j demands credit from bank k. Figure 7 provides the relative graph. In this
highly intransitive credit network, variation induced by fa (jk) to ia (jb) can be

used as an instrument to identify p (¢), i.e., the effect of ¢;, (c;) on c¢;. Here,
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even if the econometrician only observes banks’ characteristics, a’s (k’s) specific
variables can be used as an instrument for ¢;, (¢;5) to identify ¢ (p). A specular
strategy can be used if the econometrician only observes firms’ characteristics, say
f (7). In Section 3.3.2, we discuss how variation far away through the network

can be used to address relationships’ endogeneity concerns.

Figure 7: IV exclusion restrictions

Xfa

Notes: nodes k,b,a are banks, j, i, f are firms, edges are credit relationships.

In the full model. Following Proposition 4, OPIVs are a natural way to proceed
with the estimation of Equation (5). The OPIVs are basically “network embed-
ded”. Following standard results in Liu and Lee (2010) the theoretically best

OPIVs are just the expected values of the endogenous terms:

TOPIVy = E(ArC)

. (7)
= E[(Ap(I — ¢Ap — pAp) " (a + Zp))]

TOPIVy = E(A5C)
= E[(Ap(I — pAp — pAp)~(a + Zp))]
Given that the parameters in Equations (7)-(8) are unknown, TOPIVp and
TOPIVy are unfeasible. Assuming ||¢pAp + pAp||s < 1, the term (I — pAp —

pAr)~! is an infinite sum of elements >, (¢Ap + pAr)¥. A linear approxima-

(8)

tion, OPIVE and OPIVg, of vectors appearing in Equation (7) and (8) can thus

be used for the empirical IVs. Exploiting only the variation of covariates,?” first

26This is a sufficient condition for the invertibility of (I — ¢Ap — pAF); it also determines the
parameter space for spillover effects.

2"To keep things easy we do not employ I and A in the construction of the OPIVs. In this way,
we do not incur the “many IV” bias and make assumptions on how the ratio between the number
of relationships and the number of firms and banks in the market grows asymptotically. We
consequently abstract from efficiency considerations and the bias correction procedures strategy
discussed in Liu and Lee (2010).
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order approximations of TOPIVy and TOPIVg are respectively:

OPIV} = ApX, (9)
OPIVg = ApX. (10)

second order approximations are

OPIVE = [Ap, ApAp, A7) X, (11)
OPIVj = [Ap, ApAp, A3)X. (12)

and so on and so forth.?® Given that we have a bipartite network with cross type
(firm-bank) links, we exclude the terms A% and A%, for k > 1, from the OPIVs
to exploit variation further away in the credit market. Let us use our example in
Figure 7 again, a first order approximation employs z;, () as an IV to estimate
p (¢), a second order approximation also includes s, (z;;) in the IV. We also
address the potential endogeneity of the credit network structure in Section 3.3.2,
by deriving the leave-one-out estimator of Jochmans (2023) in our framework.
Considering the high dimensionality of credit registers, which contain hundreds of

banks and thousands of firms, it is preferable to use a within transformation:
JY = ¢JARY + pJArY + JX B + Je,

where ' = [A,T] and J = [ — F(F'F)"'F’. One can thus first esti-
mate w = (¢,p,0') by 2SLS. Let R = JRy = J[AgY,ApY, X| and Py =
JH(H'J'JH) " "H'J where H = [OPIVi, OPIVi, X]. Tt follows that

Gasps = (R'PyR) 'R PyY (13)

is a consistent estimator for cross-elasticities and treatment effects. Next, one can

recover the idiosyncratic components ¢ = (7/,¢")" by OLS. Let U=Y — Rolasrs,
then

Cosps = (F'F) ' F'U (14)

28The approximation is as follows. E(ArC) = E[(Ap(I — ¢Ap — pAr)~Ha + Zp))] =

E[Ar[X 0 o(9AB + pAr)*(a+ XB+A+T)] = E[Ap XS]+ E[Ar Ap X f] + E[Ap(a+ A+T)] +

E[ApAp(a+A+D)]+E[Ap> 1oy (pAs+pAp)F](a+ X B+ A+T)]. A specular approximation
can be derived for TIVpg.
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provides a consistent estimator for bank and firm fixed effects.?

The methodology can also accommodate an instrumental variable for the treat-
ment if it is not exogenous. The instrument can be included in the first step in
a quite straightforward way (see Anselin and Lozano-Gracia, 2008; Dall’Erba and
Le Gallo, 2008, for applications of this procedure).?® Interestingly, unbiased cross-
elasticities can be recovered even in the presence of treatment endogeneity and in
the absence of a valid instrument for the treatment. The intuition is that the net-
work lags used as instrumental variables for the identification of spillovers can still
be valid instruments under quite mild conditions. The formal results are shown in
the supplementary online Appendix A.1.5; we present some Monte Carlo exercises

in Section 4.

3.3.1 Bias Induced by Cross-Elasticities

What happens to standard estimators when we ignore cross-elasticities in credit
markets? While our CNM estimator BQSLS in (13) is consistent, what happens to
the ICM estimator of £ in (6)? Here we provide some analytical results; in Section

4, we also report evidence through numerical experiments.

Proposition 5. (Treatment Effects Bias). If cross-elasticities are positive,
network effects imply a positive bias for treatment effects. When cross-elasticities
are negative, the sign of the bias of the ICM is undetermined. The bias depends
on known information, i.e., the network structure and the treatment vector, and

unknown parameters, i.e., the intensity of cross-elasticities themselves.

Given that cross-elasticities can be negative in credit markets, this result is
important because it states that standard estimates cannot be taken as lower or
upper bounds. The intuition behind the indeterminate sign is that when cross-
elasticities are negative, they lower the outcomes of odd-distant credit relationships
(at distances 1, 3, 5, etc), but increase the outcomes of even-distant relationships

(at distances 2, 4, etc).3!

29The 2SLS estimator without within transformation is instead
basrs = (W' PoW) ™ (W'PyC), (15)

where W = [ApC, AgC, Z], Py = Q(Q'Q)"'Q', Q = [OPIVF,OPIVg, X], and 042505 =
[P2sLs, P2sLss fl2sLs)-
30See Fingleton and Le Gallo (2008) for the finite sample properties of this type of estimators.
31The negative sign could prevail, as the first round effects have a higher weight, especially in
denser networks. See also De Paula (2017) for a discussion on identification when spillovers are
negative.
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Intuitively, the bias of firm and bank fixed effects has an indeterminate sign
as well. The intuition behind this result is similar to that of the indeterminacy of
the treatment effect bias’: portfolio joint optimization allows idiosyncratic shocks
to diffuse through the credit network. We provide the details in online Appendix
A.1.4. In Section 4, we show that the bias is larger for nodes that are more central

in the credit network when using finite samples.

3.3.2 Endogenous Credit Relationships

A common concern in the econometric analysis of spillovers over networks is the
possible endogeneity of the network itself. Issues can arise if some unobserved fac-
tors drive the formation of links (here, credit relationships) and outcomes (credit
quantities exchanged). Suppose, for example, that the link formation process is

as follows:
gib = I(d(h“ hb) Z u’ib)) (16)

where g;; = 1 if there exists a credit relationship between firm ¢ and bank b, h;
and hy, are unobserved node-specific (bank- and firm-specific) characteristics, u;
is a relationship-specific random component, and d(.,.) is a matching function.
The unobserved node-specific characteristic h; can be interpreted as a factor that
increases the likelihood of forming a link. Network endogeneity may arise if the
individual unobserved characteristics of the firm (bank) h; (hy), which affect link
formation, are correlated with the firm’s (bank’s) unobserved characteristic de-
termining the outcome c¢;. It is indeed easy to imagine that lower firm risk or
higher profitability of projects, as well as advantages in monitoring or screening
for banks, affect both match-likelihood and credit granted.

Compared to models in which the outcome is at the node level (see Arduini,
Patacchini, and Rainone, 2015; Auerbach, 2022; Goldsmith-Pinkham and Imbens,
2013; Hsieh and Lee, 2016; Johnsson and Moon, 2021; Patacchini and Rainone,
2017; Qu and Lee, 2015, among the others), a key difference in our context is that
we model outcomes at the link level. This feature allows us to include node fixed
effects (0; and ~,), which alleviates concerns related to assortative matching on
unobserved agent characteristics (homophily or heterophily) as well as agent-level
heterogeneity in link surplus (degree heterogeneity, see Graham, 2017). Neverthe-

less, there could also be link-level correlated unobservables:

Giv = L(d(hi, ho, hip) > wip). (17)
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In model (4), a connection between two credit relationships is thus observed if
aipjb = Jingjo = 1(d(hi, by, hip) > wip) I(d(hy, ho, hjp) > ugp) =1, (18)

or

vk = GavGire = 1(d(hi, o, hip) > wip) I (d(Rg, b, hig) > wi) = 1. (19)

It follows that if Ela; jpen] # 0 or Elapren] # 0 the adjacency matrices Ap or
Ap are endogenous.

To tackle this concern, we propose an IV strategy that allows for endogenous
credit relationships. Following Jochmans (2023), instead of specifying a model
for the matching between banks and firms building on Equations (18) and (19),
we exploit two restrictions to construct conditional moment conditions: (i) link
decisions that involve a given firm or bank are not independent of one another,
(ii) but they are independent of the link decisions made between other pairs of
banks and firms that are located sufficiently far away in the network. These
conditions imply that instrumental variables can be constructed from leave-own-
out networks. Given that we are modeling pairwise outcomes at the relationship
level, we leave out both the firm and the bank involved in it (leave-the-pair-out,
LPO henceforth).

To provide intuition about the way the instrumental variables are constructed,
let us make a simple example. Consider the credit network in Figure 8 and focus
on relationship ib. Suppose we use distance-2 (OPIV?). In model (4), the LHS
variable is ¢;,. FCC (upper panels in the figure) comes from relationships involving
the same firm, i.e. the endogenous RHS variables c¢;. and ¢;, in the example.
Unconstrained distance-2 OPIV would exploit the variation in x of all relationships
involving firm ¢ and banks ¢ and a, in this example including 0. In distance-2
LPO-OPIV (LPO — OPIV?), instead, all relationships involving firm 4 or bank b
are excluded.?? Variation in relationships involving banks a,c and firms j, f, h, 1
would be exogenous to €, as it involves completely different agents far away in
the credit network, being relevant for ¢;. and c¢;,. Symmetrically, the lower panels
of Figure 8 depict how the IV is constructed for the BCC.

320bserve that by excluding the terms A% X and A% X, for k > 1, from the OPIVs, we already
removed some of the terms including ;.
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Figure 8: Construction of distance-2 LPO-OPIV

LHSV E-RHSV OPIV? LPO-OPIV?

Notes: columns and rows represent variables in terms of credit relationship used to construct
them. FCC": firm credit cross-elasticitiy; BC'C: bank credit cross-elasticitiy; LHSV: left
hand side variable; E — RHSV: endogenous right hand side variable; E — RHSV: endoge-
nous left hand side variable. OPIV?2: distance 2 overlapping instrumental variable variable;
LPO — OPIV?: distance-2 leave-the-pair-out overlapping instrumental variable variable.
Red nodes are firms, blue ones are banks. Edges represent credit relationships. Relationships

involved in the construction of variables are highlighted in black.

Formally, the second order approximation LPO-OPIV are constructed as fol-

lows:
LPO —OPIVE =Y ) an st atia, (20)
JEF\i dEB\b
LPO —OPIVZ, = > > itk srT. (21)
kEB\b fEF\i

The construction of higher order OPIV follows the same logic.

3.3.3 Extensions and Further Discussion

One limitation of our model is that it imposes constant FCC and BCC across dif-
ferent agents. For example, such cross-elasticities may vary depending on the size,
level of capitalization (for banks) or sector and riskiness (for firms). Our param-
eters, ¢ and p, provide just an average across potentially quite different agents.

Furthermore, to address specific empirical questions on reallocation of credit, it
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may be useful to characterize these parameters depending on both the types of
bank and firm involved. For instance, one may be interested in measuring the
degree of reallocation of innovative firms from low to high-tech banks or whether
specialized banks reallocate differently between sectors or type of borrowers they
know better or not. Extending our work in these dimensions would undermine
the focus of this paper. However, in Section A.4.1 of the supplementary online
Appendix we present some extensions of the CNM, to allow for heterogeneous ¢
and p, which may be of practical relevance for future research in empirical studies
addressing questions similar to those outlined above.

A residual concern stems from unobserved credit relationships. They could
create an omitted variable problem as they may be correlated with the treatment
and the network lags. Sampling and measurement error in links are the two main
possible determinants. From this standpoint, a reassuring feature of the credit
register data we use is that it is not a sample. It covers the entire population
of loans above a very low size threshold: 30 thousand euros as total exposure
in terms of granted credit.>> However, even though the issues of sampling and
measurement error are minor, there could be some market interactions between
realized and unrealized credit relationships that may be in principle at work. For
example, that would be the case if the supply of bank b affects the terms that bank
a applies to firm ¢, even when bank b does not lend to 7. This could be an issue
only in very specific situations, for instance if banks have a poorly diversified but
highly overlapping portfolios of borrowers and apply specific pricing rules for them.
As we measure reallocation from the total amount of credit in other same-bank
or same-firm relationships, such type of unobserved interactions are very unlikely
to be material. We characterize in more detail the conditions under which market
interactions between realized and unrealized credit relationships may threaten
identification in online Appendix A.4.2.

In addition, in online Appendix A.4.3 and A.4.2 we discuss the relationship
between OPIVs and other IVs based on market structure, like granular (GIV) and
shift share instrumental variables (SSIV), and deepen how our paper relates to

the literature on spillovers in corporate finance.

33In several countries, like Spain, the threshold is even lower. Issues may arise if other type
of data is used.
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4 Monte Carlo Simulations

In this section, we simulate credit networks, both entirely fictional and calibrated
to real-world characteristics, to study the finite sample properties of our method-
ology in different settings. Furthermore, we use these numerical experiments to

assess the bias of the standard estimators (ICM) used in the literature.

4.1 Setting

We use a given set of parameters ¢, p and 3, randomly generated characteristics
X, error terms ¢, and a network GG as inputs. We create GG as a ‘circular network’,
ordering nodes according to natural numbers from 1 to N. Odd nodes are banks,
and even nodes are firms. We link node ¢ to all opposite type nodes, from node 141
to node i + z;, where z; is an independent realization from a uniform distribution
U(0,m) for each node i. m regulates the network density, i.e., the average number

3 For example, if z; (22) = 10, bank 1 (firm

of shared borrowers among banks.
2) links with firms 2,4,6,8, and 10 (banks 3,5,7,9, and 11). In this way, there are
only links between banks and firms, with none within the two types. This setup
is useful because it allows us to easily change salient features of the network (like
size and sparsity).

In our benchmark simulation, we generate 500 networks GG with [ links among
n = 200 nodes in each, comprising 100 banks and 100 firms. Once G is randomly
generated, we then derive the adjacency matrix A of the links in G. For each
link, we create an observable () and an unobservable (¢) variable. z is a dummy
variable equal to 1 if the link belongs to a certain subsample of size s of the
population and zero otherwise. We extract e from a normal distribution with
a mean equal to zero and a variance equal to 0. We generate strictly positive
fixed effects for each lender and borrower by sampling from a normal distribution
IN(p, 1), with p sufficiently large to avoid negative draws. We generate outcomes
on credit relationships from the reduced form: C' = (I —¢Ap — pAp) 1 (BX + A+
[+ ¢). In particular, our pivotal setting for sample simulation is (8, N, m,0,0) =
(2,200,2,1,0.1), with R = 500. - We perform two classes of exercises within
this framework. First, we look at the bias of 3 and the estimated firm and bank
fixed effects (FEs) when we ignore the interdependence among credit relationships,
estimating the isolated credit model (ICM). Second, we study the performance of

our credit network model (CNM) estimator for the recovery of the treatment effect

34When z; = 1 for all 4, the network is a circle. The results are not sensitive to the distribution
used for z;.
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B, the cross-elasticities ¢, p, and the firm and bank FEs under different settings
and assumptions. Across all these exercises, we assume positive treatment effects.
In doing so, we focus on a framework similar to the risk-taking channel of monetary
policy, by which less capitalized banks relax their supply more or contract it less
toward some firms after the easing of monetary policy (captured by the X dummy),
which we explore in our empirical exercise in Section 5. Moreover, guided by the

theory and our empirical results, we focus on negative cross-elasticities.®

35Tn our first empirical application, p is negative and larger in magnitude than the positive qg
At the end of this section, we also show the good performance of our estimator when simulations
are calibrated based on the empirical exercise. The sign and magnitude of the treatment effect
bias would still be indeterminate when studying negative treatment effects.
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4.2 Results with Simulated Networks

4.2.1 Treatment Effects

Figure 9: Treatment Effect Estimates - ICM and CNM Performance
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Notes: X-axis: share of treated units (s). Y-axis: mean bias and mean squared error for
treatment effect (3). We compute the mean bias across the 500 simulated samples. For each
sample, the number of nodes IV in the network is 200, 100 firms and 100 banks. In black, we
plot the zero line. In different shades of blue, we plot how the mean bias (upper two figures) and
the mean square error (lower two figures) of the ICM’s estimate change. In red, we do the same
for the CNM’s estimates. Darker shades signal denser networks (m=2,4,6,8,10). In left panels
¢ = —0.2, in right panels ¢ = —0.4. We display the plots’ underlying data in the supplementary
online Appendix Table A.1.

ICM Bias. We first focus on the bias of 5. For simplicity, we set ¢ = p and
A =T = 0; we then show that our results hold in more general settings. Across
exercises, we vary the value of the cross-elasticities, the share of treated relation-
ships in the population, and the network’s density. Figure 9 reports the mean bias
(upper panel) and the mean squared error (MSE) of 8 for ICM (blue lines) and
CNM (red lines). The intensity of the shade is darker for denser networks. The
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right panels are generated with stronger cross-elasticities.®® In Figure 9’s upper
panels, we can see how the sign and intensity of the bias depend on observable
features of the network, i.e., the treated share and the density of relationships.
Nevertheless, comparing the left and right elements of Figure 9’s upper panel, we
can also see that the bias depends on the magnitude of the cross-elasticities as
well. In empirical contexts, we cannot observe these parameters directly and, as
a consequence, we cannot mend the bias without directly confronting it in the
estimation.

Furthermore, Figure 9 shows that when a greater fraction of the population
receives the treatment, the mean bias declines faster if cross-elasticities are greater
in magnitude and the network is denser. The alternating sum of positive and
negative bias components, when cross-elasticities are negative (see Proposition 5
and equation A.18 in its proof), explains this pattern. When there are few treated
units, the positive effect prevails, as most higher-order effects are feedback loops
triggered by own-treatment, amplifying the direct positive effect of treatment. To
provide economic interpretation, we think of a case in which credit from shocked
banks becomes more abundant, and firms with multiple lenders systematically
start sourcing more credit from relationships treated by the positive supply shock,
further decreasing their use of the non-treated relationships in equilibrium. We
stress that this is the numeric counterpart of what we showcased through the
theoretical example in Section 2.1, when only one credit relationship faces a supply
expansion.

Instead, when the supply expansion hits more nodes, the amplifying effect of
feedback loops being more than offset by indirect effects from other treated units,
which are primarily negative under negative cross-elasticities. Again, interpreting
the results through economic logic, we can consider the case in which the majority
of banks suddenly expand their credit supply. When many banks are treated, the
direct positive effect of the treatment on the credit of a single relationship can
be offset by the negative indirect effect from relationships that share the same
borrower.

Higher density, i.e., more relationships per node and thus higher overlap across
lenders’ portfolios of borrowers, allows for more feedback loops and indirect effects,
thereby amplifying the magnitude of bias in both directions. The density also
determines the point in which the bias switches its sign: the higher the number

of shared links, the smaller the number of treated units needed to switch the sign

36We report all the underlying numbers in the supplementary online Appendix A.2, also
presenting results for p = ¢ = —0.3, as well as additional experiments.
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of the bias to negative. The values of cross-elasticity parameters ¢, p determine
the point at which the bias changes its sign as well. The higher such a value,
the more treated units are needed to switch the bias from positive to negative.
This effect is stronger the fewer units are treated, as there are more banks from
which to reallocate away credit demand: the positive-bias component driven by
reallocation is largest when only a small share of relationships is treated, so a
larger |¢| (or |p| ) is required before the bias turns negative.

The results shown do not depend on the chosen setting, which is quite simple
but is able to highlight the main forces at work. We have chosen density as
the main metric for the network; others can be considered. Here, we are not
particularly interested in finding a “sufficient” statistic for the contribution of the
network structure to the bias of 3, because we can derive it: endowed with a credit
register, we observe Ar and Apg, as well as the treatment vector, and we provide
in Section 5 a consistent estimator for ¢ and p. With all these elements, we can
precisely derive the bias (equation A.18 in the online Appendix). In Figure A.1 in
the online Appendix, we report the same evidence when bank and firm FEs are

included.

Estimator Performance. Next, we analyze the performance of our estimator
in more detail. First, we report the mean bias and the MSE of B for the same
setting used above. We visualize the results as the red lines in Figures 9 and A.1.
The mean bias is negligible in all settings, with different shares of treated units,
magnitudes of spillovers, and densities of the credit network (Figure 9’s upper
panel). Moreover, our estimator is precise, as measured by the low MSE, which
decreases with the number of treated units and with density (i.e., with the increase
in the number of relationships, thus the sample size; see Figure 9’s lower panel).
Lastly, we also see that such performance is not affected by the inclusion of fixed
effects in the data generating process (Figure A.1)

Second, we analyze the performance of the estimates of the spillover parameters
¢ and p, relaxing the assumption that ¢ = p and also studying what happens
when n grows. In Table 1, we report the mean and the standard deviation of
the estimates of ¢ and p at different values (by columns) and network sizes and
densities (by rows). We can see that the estimates are always centered at the true
values. The standard deviation decreases with the number of nodes in the network
and the density of the connections among them. With a quite small sample size of
800 nodes, the dispersion of the estimates is limited even with a very small density

(when m = 2). In the online Appendix A.2.1, we show how cross-elasticities can
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be recovered in finite samples even when treatments are endogenous.

Table 1: Performance of the Spillovers’ Estimators (qg, )

n m true true true true true

@ p ¢ p ¢ p ¢ p o} p
200 0.1 0.1 0.1 -0.2 0.1 -0.3 0.1 04 04  -04

2  mean -0.097 -0.100 -0.100 -0.209 -0.101 -0.306 -0.093 -0.414 -0.406 -0.406
std  0.084 0.087 0.090 0.089 0.082 0.081 0.082 0.076 0.066 0.067

6 mean -0.098 -0.098 -0.097 -0.197 -0.097 -0.295 -0.096 -0.398 -0.402 -0.395
std  0.029 0.030 0.029 0.030 0.029 0.033 0.028 0.032 0.039 0.040

10 mean -0.102 -0.096 -0.099 -0.198 -0.099 -0.297 -0.098 -0.398 -0.402 -0.397
std  0.021 0.020 0.023 0.023 0.022 0.024 0.021 0.024 0.031 0.030

800
2 mean -0.102 -0.098 -0.100 -0.201 -0.097 -0.301 -0.097 -0.401 -0.398 -0.401
std  0.041 0.043 0.044 0.042 0.042 0.042 0.040 0.037 0.034 0.033

6 mean -0.099 -0.100 -0.099 -0.200 -0.097 -0.300 -0.099 -0.400 -0.398 -0.401
std  0.015 0.014 0.015 0.016 0.014 0.016 0.014 0.016 0.021 0.020

10 mean -0.100 -0.099 -0.100 -0.200 -0.099 -0.300 -0.099 -0.400 -0.399 -0.400
std  0.010 0.011 0.010 0.011 0.011 0.012 0.010 0.012 0.015 0.015

Notes: Over this Table, we compute the mean and the standard deviation across 500
simulated samples. n is the number of nodes in the network, m regulates the network
density as described in Section 4.1. We report further simulation results in the supple-

mentary online Appendix Table A.5.

4.2.2 Idiosyncratic Firm and Bank Shocks

Thanks to our methodology, we can also improve the estimation of firms and banks
fixed effects. Fixed effects are not only an important tool to mitigate the concern
of unobservable demand and supply shocks that bias treatment estimates, but
they are also used in the literature to measure idiosyncratic credit demand and
supply shifts and quantify their real effects (Amiti and Weinstein, 2018).

For conciseness, we focus on a short graphical presentation, stressing how bias

distributes across nodes in the network and its relation to centrality. We discuss
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the details of our fixed effects estimators’ performance in the supplementary online
Appendix (see Table A.6). We focus on a setting with n = 2000, m = 10, and ¢ =
p = —0.4 to see how idiosyncratic shock estimates perform with dense networks
and high cross-elasticities.

In panel (a) of Figure 10, we plot the true value of the idiosyncratic shocks
on the x-axis against themselves (in yellow), as well as the CNM fixed effects
estimates (in orange) and the ICM fixed effects estimates (in blue) on the y-axis.
We can see that the bias for the ICM estimates can be quite severe for some nodes,
either upward or downward. Indeed, the bias can be positive or negative under

negative spillovers, with the sign depending on the network topology.®”
Figure 10: ICM and CNM Fixed Effects’ Estimates and Distribution over Nodes
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Notes: We sample this network setting n = 2000, m = 10 and ¢ = p = —0.4, the other

parameters are the same as in the pivotal simulation described previously. In panel (a), x-axis:
true value of the idyosincratic shock, y-axis: true value (in yellow), CNM FE estimates (in
orange) and ICM FE estimates (in blue). In panel (b), x-axis: our node i centrality measure
D;MD;, y-axis: absolute value of ICM FE estimate for node 1.

Panel (b) of Figure 10 plots the nodes’centrality on the x-axis against the
absolute value of the ICM-estimates’ bias on the y-axis. We measure the centrality
of relationships in which node ¢ is involved with E; = DIM D;, where M = (I —
®Ap — pAp)~t and D; are the iy, column of the D matrix, whose jiy, entry takes
a value of 1 when node ¢ is involved in the credit relationship j.

As shown in Equations (A.27)-(A.28) in the Appendix, the bias sign and mag-
nitude depend on the number of loops in which the firm or bank is involved. In
particular, spillovers distort the fixed effects estimate of more ‘central’ lenders

and borrowers in the credit network more severely.?® In the Figure, we can indeed

3TThis is consistent with the results in Section 3.3.1.
38Gtill, we remind the reader that under negative spillovers, the bias can be close to zero even
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see that the higher the centrality of the node, the higher the value of the ICM
estimates’ bias.

In other words, even if their idiosyncratic variation is negligible, lenders or
borrowers that are more central in the credit network may show particularly high
absolute values of their ICM-estimated fixed effects. Nevertheless, these large
values may just be the result of shocks originating from other nodes in the network.
Given that central nodes are more exposed to the influence of other nodes’, they
may accumulate a large amount of variation that is not originated by themselves

but comes from other banks and firms instead.

4.3 Results with Networks Sampled from the Credit Reg-

ister

We conclude our simulation study with experiments based on a set of observed real
credit relationships. So far, we have considered fairly simple network structures.
Here, we test whether our method still works when the complexity of the topology
of the credit relationships increases, resembling a real credit market structure. We
thus construct G using realized credit relationships between banks and firms from
the credit network used in the empirical application in Section 5. We randomly
extract n = 400, 800, 2000 nodes from the full set of relationships observed in 2012
in the Italian credit market. The other elements of the simulation are generated
in the same way described above.

Figure 11 depicts the network for the 2000 nodes sample. We highlight two
features of such a credit network. First, the high interconnectedness between banks
and firms; second, the high concentration of connections. In panel (a), the color
of each node changes with its degree, i.e., the number of connections it has; more
violet nodes represent more connected banks and firms. We can see that the real
credit network features high skewness, with some nodes, especially banks, having a
very high number of relationships. In panel (b) we color the nodes denoting firms
in blue and banks in red. We note a tight group of banks with a prominently
central position in the network, surrounded by a cloud of more peripheral banks.
We also highlight a large layer of firms connected to both central and peripheral

banks, whose credit relationships connect many banks indirectly.’

for central nodes, as positive spillovers from even loops can offset negative ones from odd loops.

39This type of core-periphery structure is often observed in financial networks (see Boss et al.,
2004; Craig and Von Peter, 2014; Iori et al., 2008; Soramaéki et al., 2007, among others). As we
are working with a sample, the position of each node is not necessarily represented accurately.
Nevertheless, the sampling procedure guarantees that all the connections among sampled nodes
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Figure 11: The Credit Network
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Notes: We derive the network sampling 2000 nodes from the total observed in 2012. In panel (a),
the color of each node is proportional to its degree, more violet nodes represent more connected
banks and firms. In panel (b), we represent banks in red and firms in blue. We plot the
estimated network with a force-directed layout with five iterations. A force-directed layout uses
attractive forces between adjacent nodes and repulsive forces between distant nodes. To ease
the visualization, the size of the nodes is equal to the (log) of their degree. See Fruchterman
and Reingold (1991) for more details.

We report mean bias for idiosyncratic shocks and treatment effects in Table 2,
varying the intensity of spillovers, the share of treated units, and the sample size.
In the last panel of the table, we set ¢ and p equal to the values estimated in the
empirical exercise (see Table 4). We note that the mean bias of the CNM estimator
is always around zero for both treatment effects and idiosyncratic shocks. On the
contrary, the biases of the ICM treatment and fixed effects estimates’ are large and
increase on average with the magnitude of cross-elasticities, and for the treatment
estimator, with the number of nodes sampled.*!

In conclusion, the results of our last experiment confirm that our estimator
provides consistent estimates for treatment effects and idiosyncratic shocks, even
under a more complex structure of credit relationships and highly heterogeneous
values of ¢ and p estimated from our empirical exercise, while conventional esti-

mators are still severely biased.

are included. In the empirical analysis, we consider the whole credit network. Unfortunately, its
huge dimension does not allow us to examine it visually with standard software.

40We cannot vary the density in this exercise as we are sampling from a real network.

41This is due to the higher density of bigger networks, which is linked to larger bias, as shown,
e.g., in the Figures 9 and A.1. Indeed, the bigger the network sampled, the less we censor links
between sampled and left-out nodes. Accordingly, our sample of 400 nodes has a density of 1.25,
while the samples of 800 and 2000 nodes have respective densities of 1.75 and 2.4.
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Table 2: Simulation study - ICM and CNM estimators performance
with real credit networks and ¢ and p as estimated in the empirical

application
mean bias
400 800 2000
treatment idiosyncratic treatment idiosyncratic treatment idiosyncratic

effect shocks effect shocks effect shocks

d=p=-02 % of treated
0.10 ICM 0.587 -0.224 0.754 -0.228 0.919 -0.228
CNM 0.000 0.008 0.000 0.002 0.000 0.001
0.25 ICM 0.546 -0.398 0.715 -0.379 0.896 -0.359
CNM 0.000 0.007 -0.002 0.001 0.000 0.000
0.50 ICM 0.440 -0.660 0.614 -0.607 0.847 -0.571
CNM 0.000 0.004 -0.003 -0.001 0.000 0.001
0.75 ICM 0.235 -0.840 0.409 -0.770 0.716 -0.749
CNM 0.000 0.005 0.000 0.002 0.000 0.000
0.90 ICM 0.017 -0.862 0.141 -0.780 0.480 -0.788
CNM 0.000 -0.004 0.000 0.006 0.000 0.002

o=p=-04
0.10 ICM 3.043 -0.409 4.363 -0.433 5.480 -0.434
CNM 0.000 0.000 0.000 0.001 0.000 0.000
0.25 ICM 2.857 -0.834 4.193 -0.862 5.379 -0.841
CNM 0.000 0.001 0.000 0.000 0.000 -0.001
0.50 ICM 2.448 -1.412 3.745 -1.466 5.134 -1.482
CNM 0.000 -0.005 0.000 -0.001 0.000 0.000
0.75 ICM 1.701 -1.696 2.836 -1.789 4.517 -1.959
CNM 0.000 0.009 0.000 0.003 0.000 0.000
0.90 ICM 0.846 -1.526 1.660 -1.597 3.376 -1.916
CNM 0.000 0.003 0.000 0.004 0.000 0.002
¢ and p

from the empirical 0.10 ICM 2.359 -0.276 2.526 -0.142 2.825 -0.055
application CNM -0.039 0.002 -0.009 0.000 -0.005 0.002
0.25 ICM 2.209 -0.613 2.418 -0.435 2.772 -0.302
CNM 0.003 -0.002 -0.001 -0.005 0.016 0.001
0.50 ICM 1.860 -1.102 2.106 -0.831 2.600 -0.689
CNM 0.000 -0.001 0.000 0.003 0.000 0.004
0.75 ICM 1.185 -1.311 1.479 -1.038 2.197 -0.972
CNM -0.001 -0.006 -0.001 -0.001 -0.006 0.004
0.90 ICM 0.444 -0.945 0.637 -0.881 1.469 -0.945
CNM -0.005 0.010 -0.005 0.010 0.004 -0.002

Notes: ICM and CNM stand respectively for isolated credit model and credit network model. n is the

number of nodes in the network. The links are extracted from realized credit relationships between a

random sample of firms and banks from all credit relationships observed in 2012. Estimates of ¢ and p are
from Table 4. The bias of the treatment effect is computed as in Table A.1, A.2, A4 and 1. The bias of

idiosyncratic shocks is computed as in Table A.6.

5 Empirical Application

In the following, we re-evaluate the risk-taking channel of monetary policy using
our methodology in an empirical exercise inspired by Jiménez et al. (2014). We
test on Italian data whether the easing of monetary policy rates encouraged less

capitalized banks to extend more credit to risky firms before the Great Financial
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Crisis (2002-2008). Employing our credit network model, we assess the importance
of taking into account cross-elasticities across the different relationships of firms
and banks in the risk-taking channel regressions.

The exercise has two purposes. First, we aim to study how accounting for en-
dogenous reallocation affects a standard result in the empirical banking literature.
Second, and more importantly, we want to quantify the cross-elasticities of credit
at the firm and bank level, and study their behavior over the business cycle. To
do so, we estimate our model year-by-year from 2002 to 2022, documenting the

heterogeneity in the sign and magnitude of the cross-elasticity estimates over time.

5.1 Data Description

We assemble 20 years of data from (i) the Italian credit register, which tracks
all credit relationships between Italian firms and banks whose total exposure in
terms of granted credit is greater than 30,000 euros. We match this data with (ii)
the Company Accounts Data System (CADS), balance sheet information for the
universe of Italian non-financial corporations provided by the Cerved group, and
(iii) the Italian Supervisory Reports, which contain Italian banks’ balance sheets
and group structure.*?

From the population of credit relationships, we drop all observations belonging
to firms with troubled credit relationships (deteriorati and sofferenze), as they are

43 as well as relationships

subject to different reporting thresholds on their size,
belonging to foreign banks or non-bank financial intermediaries, as in such cases
we could not track the lenders’ balance sheet characteristics. Then, following the
literature, we focus on firms with multiple credit relationships so that we can
estimate firm fixed effects. Thus, we drop observations belonging to firms with
only one relationship per year, as well as observations whose balance sheet data

are not dependable.*

42 A5 our main dependent variable is the log growth in credit, each year we project the group
structure as of the 31st of December from the previous year, so that relationships entering a new
banking group due to a change in bank identity (e.g., due to a merger) do not appear as new
relationships with missing credit growth.

43 Whereas healthy credit relationships are included in the register whenever they cross the
30,000 euro threshold for at least a quarter, a 250 euro reporting threshold applies to severely
deteriorated credit (sofferenze). Moreover, banks most often set the amount granted to such
customers to zero, while the drawn credit grows. The combination of these two conditions
implies that the amount granted to firms with severely deteriorated credit outstanding is not
a reliable statistic for our purposes. We filter out all deteriorated credit to be conservative
regarding the changes in credit quantities we consider. For more details on the credit register
reporting standards, we refer to Di Noia and Moretti (2020) (in Italian).

44The “non-dependable data” firms are either firms with negative leverage or those that report
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Table 3: Descriptive Statistics

Mean S.D. P.25 Median  P.75 N.

Credit Relationships Characteristics

A In(C) -0.014 0.431 -0.108  0.000 0.000 9,008,642

Revolving on Total 0.268 0.327 0.034 0.125 0.349 9,008,642

Granted on Total 0.310 0.219 0.135 0.257 0.447 9,008,642

Same Province 0.261 0.439  0.000 0.000 1.000 9,008,642

Rel. Age (1999) 6.145 5.277  2.000 4.000 9.000 9,008,642
Firm Characteristics across Relationships

N. Rel. Firm 3.924 2.157  2.000 3.000 5.000 9,008,642

I(Risk) 0.276 0.447  0.000 0.000 1.000 8,968,260

Risk Rating 5.232 1.826  4.000 5.000 7.000 8,968,260
Bank Characteristics across Relationships

N. Rel. Bank 25,824 23277 4,402 18,732 42,383 9,008,642

In(Bank Eq./Asset) 1.966 0.287 1.810 1.959 2.135 8,505,613

Aggregates
A Overnight Rate (pp) -0.077 1.075 -0.223 -0.044  0.299 9,008,642
Count

N. Firm 447918

N. Banks 771

Years 2002-2022

Notes: This Table presents descriptives for the estimation sample. The first panel, Credit Relationships Charac-
teristics, describes the distribution of changes in granted credit, as well as that of the revolving intensity of credit
relationships, the ratio between credit granted on the relationship and total credit granted to the firm, the dummy
tracking whether firm and bank share the same headquarter province, and the age of the credit relationship since
year 1999. The second panel, Firm Characteristics across Relationships, summarizes the distribution of number
of credit relationships per firm, of the risk dummy (risk rating greater or equal to seven), and that of the un-
derlying firm risk rating (there are 8 levels in increasing risk order) across credit relationships. The third panel,
Bank Characteristics across Relationships, displays the distribution of the number of the credit relationships per
bank, the log of the bank equity to assets ratio, and of the dummy tracking whether the id of the bank in the
dataset changes (e.g., due to a merge) across credit relationships. Finally, we report descriptives for the Italian
overnight rate in percentage points and the number of firms, banks and years covered in our sample.

Table 3 documents the characteristics of our sample, covering about 9 million
observations belonging to approximately half a million firms and 800 banks.%®
First, we document the negative average dynamic of granted credit (in log-growth)

across the entire study period, a negative performance that is strongly influenced

more than 10 credit relationships while not classified as large by the Banca d’Italia reporting
system. Such firms are, respectively, either in distress, with negative equity and, thus, spotty
reporting, or the financial arms of large corporations, which report separately, but whose data
in isolation are not meaningful.

45Tn each year after 2006, we have approximately 150 thousand unique firms and between 400
and 500 banks, due to the progressive consolidation in the Italian banking industry. Before, we
only have information on the 72 major banking groups, which still covers the majority of credit
granted in Italy.
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by the two large crises included in the time-span (the GFC and the European Debt
Crisis). Then, we report our relationship-level control variables: the ratio between
revolving and total credit (Revolving on Total); the ratio between credit granted
on the relationship and total credit granted to the firm (Granted on Total); a
dummy variable taking the value of one if the firm and bank’s headquarters are
located in the same province (Same Prov.); and the age of the relationship since
1999 (Rel. Age (1999)).%6 Their distributions are mostly stable across the years
we consider.

As our treatment variable is the interaction between bank capitalization, firm
risk, and the change in banks’ overnight refinancing rates (Jiménez et al., 2014), we
also document the end-of-year change (year-on-year) in the Italian banks overnight
refinancing rate in percentage points;*” a risk dummy based on the Cerved risk
rating score (a firm is considered risky if the score is equal to or above seven);
the logarithm of bank equity over assets, providing a regulation-independent as-
sessment of each bank equity buffers. Finally, due to our interest in fixed effects
estimation, we report data on the number of relationships per firm and bank within

the estimation sample.

5.2 Empirical Specification

We estimate an instance of Equation (4), inspired by Jiménez et al. (2014), using
the estimators in Equations (13)-(14). Our objective is to assess whether credit
grew more for risky borrowers of under-capitalized banks when monetary policy
rates were lowered between 2002 and 2008 (following Jiménez et al., 2014). Thus,
our treatment of interest (x;; in Equation (4)) is the triple interaction between
the change in the overnight interest rate (A Overnight Rate), a dummy variable
taking the value of one if the firm is rated risky by Cerved (I(Risk)), and the log-
arithm of bank equity over total assets from each banking group’s books (In(Bank
Eq./Asset)).18

46To compute the age variable, in each year we project that year’s group structure back to
1999 to avoid interrupting the life of relationships involving banks that have been incorporated
into new lending institutions.

4TThe 90-day Interbank Rates for Italy, which we retrieve from the ECB Statistical Data
Warehouse.

48We choose the latter measure of bank capitalization as it is the one selected in Jiménez et al.
(2014) and is independent of changes in the definitions of regulatory capital and risk weights,
allowing for inter-temporal comparisons. For the risk measure, we make a slightly different
choice, opting for a rating-based definition. We use the risk-rating instead of the presence of
deteriorated credit, as employed by Jiménez et al. (2014). Indeed, the Italian credit register has
different rules for the reporting of deteriorated and healthy credit relationships, as documented
in Footnote 43. As the reporting threshold changes when a loan becomes deteriorated, the data
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A large positive value represents a relationship involving a risky firm matched
with an under-capitalized bank during a rate decrease, or a risky firm matched
with a highly-capitalized bank during a rate increase. As a consequence, we would
find evidence of the risk-taking channel of monetary policy whenever estimating
a positive impact of this triple interaction. Such a result would imply that the
credit supply of under-capitalized banks is more pro-cyclical for risky customers,
with greater accumulation of risky exposures during easing and greater restrictions
during tightening episodes, thereby increasing overall fragility.

The informativeness of estimates from such an empirical model is threatened
by at least three types of confounders. First and foremost, the matching between
risky firms and under-capitalized lenders is likely to be non-random (Bruche et al.,
2026; Schwert, 2018). For example, Schwert (2018) documents how risky borrowers
match with safer lenders for better liquidity insurance. Hence, when we observe
a risky borrower matched to an under-capitalized lender, we are likely looking at
firms that could not find credit otherwise. Such firms would probably face worse
credit conditions and smaller loan sizes, biasing our estimates downward.

Jiménez et al. (2014) deals with this threat by estimating a static selection
model that explicitly accounts for the matching step. To do so, they use access
requests to the credit register data by banks, which can signal the evaluation of a
loan application. To focus on the matter at hand, we take a less direct approach.
First, we estimate our models on credit log-growth, because first-differencing rela-
tionship outcomes removes static, match-specific confounders, already mitigating
the concern. Furthermore, we document the robustness of our findings to tests
proposed in Jochmans (2023), gauging the importance of endogenous match for-
mation (see robustness exercises in Section 5.4).

Second, even after addressing pair-specific static confounders, firms that match
with banks having smaller buffers may be those expecting overall smaller idiosyn-
cratic increases in their credit demand. With more conservative expectations,
these firms would value the liquidity service less, and banks may be more conser-
vative in extending credit due to the lower balance sheet space at their disposal.
To limit the extent of these concerns about correlated demand and supply shocks,
and in line with Jiménez et al. (2014), we fully saturate our model with bank-time
and firm-time fixed effects. Thus, we will compare the credit growth of relation-
ships with the same risky firm borrowing from more and less capitalized banks

after demeaning all common bank-specific shocks.

reporting becomes noisier. Comparing firms with and without deteriorated credit would mean
comparing firms with inherently different data quality, thereby obtaining unreliable estimates.
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Third and last, recent research on bank specialization suggests that credit
in different relationships is not always perfectly substitutable (Paravisini, Rap-
poport, and Schnabl, 2023), and researchers should account for differences at the
relationship level. We use our rich dataset to do so, controlling for the lag of the
ratio between credit granted in the relationship and credit granted to the firm,
measuring the importance of the relationship to the firm; a dummy variable tak-
ing the value of one if the headquarters of the firm and the bank are located in
the same province (Agarwal and Hauswald, 2010; Degryse and Ongena, 2005); the
age of the relationship expressed in years (capturing the degree of lock-in between
banks and firms, loannidou and Ongena, 2010); the ratio between revolving and
total credit granted on each relationship (proxying for the intensity of information
collection, Berger and Udell, 1995).

The resulting Isolated Credit Model (ICM) is as follows:*?

Alog (Cyp) = PAOvernight Rate, * I(Risk)y_1 * In(Bank Eq./Asset)y 1

+0it + Yo + pControlsipe—1 + e,

(22)
where AOvernight Rate, x I(Risk);;_; * In(Bank Eq./Asset)y_1 is our main vari-
able of interest; d; is the firm-time fixed effect; ~;; is the bank-time fixed effect;
Controls;,; is a vector collecting the four relationship characteristics described
above; €;,; is the heteroskedasticity robust error term.

As we discussed in Sections 2, 3, and 4, the ICM above cannot account for en-
dogenous reallocation across firm and bank relationships. This limitation implies
that we cannot obtain direct estimates of banks and firms’ credit cross-elasticities,
and we may encounter difficulties identifying our main parameters of interest f3,
0;t, and ;. To illustrate the problem, let us focus on the case of a drop in inter-
est rates and a negative firm cross-elasticity of credit. If under-capitalized banks
expand their supply to risky firms (say our treatment group), these firms may fur-
ther reallocate their demand away from less convenient banks in their portfolio.
This endogenous reshuffling will directly impact the credit amounts we observe

in relationships with other banks (say our control group). We may also observe

Following Amiti and Weinstein (2018); Khwaja and Mian (2008), we choose a log change
regression as our empirical specification. Such a choice still matches the model presented in
Section 2.1 if we interpret its choice variables, ¢;, as log credit intensities. IL.e., we are focusing on
the intensive margin of adjustment, abstracting from time-invariant relationship’s characteristics.
All equilibrium conditions can be interpreted as first-order approximations of a model in loan
levels around relationship-specific baselines. Therefore, complementarity and substitutability
refer to proportional reallocations of credit with respect to relationships’ long term averages.
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indirect effects: first, the crowding-out of other borrowers from their more con-
venient suppliers (see Section 3.3.1); second, reallocation by banks may kick in.
Depending on whether the different relationships of the same bank are substi-
tutes or complements, this channel will also determine the credit granted that we
observe in equilibrium.

In other words, the standard approach does not take into account that the
outcome of the control group also changes when the treatment status of treated
units changes, incorrectly assuming a stable unit treatment value (SUTVA, Rubin,
1986). Estimating  with the ICM will result in a bias of unforeseeable magnitude
and sign, driven by the signs of bank and firm credit cross-elasticities, the topology
of the credit network, and the exposure of all credit relationships to the treatment

variable, as illustrated in Section 4. To overcome these limitations, we estimate
the following CNM:

Alog (Cy) = BAOvernight Rate, * I(Risk);;—1 * In(Bank Eq./Asset)y_1
+¢NpAlog (granted;,,) + pNpAlog (granted,,)

+0it + Yo + pControlsyy, + e,

(23)
which includes the bank- and firm-network lags of the dependent variable to
identify the bank (¢) and firm (p) cross-elasticities. We formalize this addi-
tion with the Np and Np operators, such that NpA log (granted;,)= > cp;
ag A log (granted,) is the bank-network lag of Alog (grantedy,) and Np A
log (granted;,) = > ) gy, @ log(grantedy,) is the firm-network lag of A
log(granted,;,). These two variables capture the dependence of one relationship’s
credit growth on the credit growth of other relationships by the same firm and
bank. We estimate this CNM equation using the OPIV strategy described in
Section 3.3.

5.3 Main Results

Estimated Risk Taking Channel and Cross-Elasticities. Table (4) reports
the results, with the risk-taking channel () estimate for the ICM displayed in the
left panel and the 2SLS second stage estimates for the risk-taking channel, as well
as the firm (p) and bank (¢) cross-elasticities for the CNM shown in the right

panel.
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First, we note that we confirm the findings in Jiménez et al. (2014). Looking
at the B entries in Table 4, we observe a positive estimate for both the ICM and
the CNM. Focusing on the CNM estimate displayed in the right-hand panel, we
see that after a one percent drop in the overnight rate, a risky firm sourcing its
credit from a bank with one standard deviation smaller capitalization and from a
bank with average capitalization would see 43 basis points more credit growth on
the less capitalized relationship.®® This is an economically (as well as statistically)
significant result, as it amounts to 13 percent of the average log growth in credit
granted from 2002 to 2008 (three percent). The ICM result displayed in the Table’s
left-hand panel is one tenth in magnitude and non-significant due to unaccounted
endogenous credit reallocation.

Second, in the right panel we report the results for the bank and firm’s cross-
elasticity estimates. p equals approximately -0.32, while the estimate of ¢, rescaled
by 4,402 (¢*) to account for the disparity in the number of relationships per

1" Both estimates are highly

firm and bank, equals 0.07, positive and smaller.?
statistically significant. Before further commenting, we stress that the data do not
support concerns about weak IVs. We show the values of the Fgy test statistics
at the bottom of the panel, summarizing the results of the weak IV tests for
linear models with multiple endogenous variables (Sanderson and Windmeijer,
2016) for the two first stage equations. Both Fsy, are large against any possible
benchmark."?

We perform two back-of-the-envelope calculations to convey the economic sig-
nificance of the cross-elasticity estimates’. For firms, we can think of one with
three relationships (the median number of relationships per firm we report in Ta-
ble 3), observing a 50 percent increase in credit granted from two of its three
banks. Our estimated cross-elasticities suggest that, on average and within the

2002-2008 time window of interest, credit granted in equilibrium on the third rela-

tionship would shrink by approximately 32 percent (—0.32% 2% 0.5 = —0.32 = p).

50We can see that 0.0043 = 0.015 % (—0.284) * (—1), where 0.015 is 3, -0.284 is one standard
deviation smaller capitalization measure (also reported in the Table for ease), while -1 is the one
percentage point drop in overnight rates.

514,402 is the 25th percentile and about a quarter of the median of the distribution of the
number of relationships per bank shown in Table 3. Thus, ¢+ tracks the impact from the
simultaneous growth of about a quarter of relationships for the median bank. We make this
normalization choice to simulate a large but realistic comovement in a bank’s relationships, to
better interpret the economic significance of our result.

52G8tock and Yogo (2002) critical values may be considered excessively permissive in the case of
multiple endogenous regression, such as the one presented in this paper; however, the magnitude
of the F-statistics in any of the first stages exploited to compute the results displayed in this
paper limits concerns about the joint significance of the first stage equations. We report the
results of the estimation of both first stage equations in Appendix Table A.9.
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For banks, we can think of one increasing its credit supply by 50 percent to 4,402
borrowers (about a quarter of the median of the distribution of the number of
relationships per bank). Our ¢+ estimate implies that such growth would entail
a 3.5 percent additional equilibrium crowding-in of credit for the firms borrowing
from that bank (0.07%0.5). One possible explanation for crowding-in is that easing
credit constraints for many borrowers at once makes them all more profitable to
lend to, but other supply- or demand-side explanations of the equilibrium outcome

we measure could drive the result.

Table 4: Cross-elasticities and Treatment Estimates for the Risk
Taking Channel

Dep. Var.: Alog(C) Mean Dep.: 0.032 SD log(Bank Eq./Asset): 0.284
Years: 2002-2008

ICM CNM Second Stage
Estimate Coeff. S.E. Coeff. S.E.
B 0.002 0.002 0.015 0.001
bx 0.069 0.002
0 -0.317 0.010
First Stage Fsw

BCC FCC
Fow 43,919 547
N 2,107,094 2,107,094
Bank-time FEs v v
Firm-time FEs v v
Credit relationship-level controls v v

Notes: This Table reports estimated coeflicients and standard errors for the second stage of model (23), obtained
applying the 2SLS estimator in Equation (14), with OPIV and OPIV} in equations (11) and (12) as instruments.
The dependent variable A log (granted;;,) is the yearly log growth of credit granted on each relationship. The
treatment associated with 3 equals to the change in the overnight rate*the lag of log(100*equity/asset)*the risky
firm indicator. p is the firm-level cross-elasticity (FCC) estimate, measuring the reaction of credit granted on a
certain relationship to increases in credit granted on other relationships of the same firm. ¢ is the bank-level
cross-elasticity (BCC) estimate, measuring the reaction of credit granted on a certain relationship to increases
in credit granted on other relationships of the same bank. ¢ estimate and its errors are multiplied by 4,402,
the 25th percentile of the distribution of the number of relationships per bank (¢*). The Fgy statistics on the
bottom right of the table summarizes the results of F-test for weak instruments in linear IV models with multiple
endogenous variables proposed by Sanderson and Windmeijer (2016). We display full first stage estimation
output in Appendix Table A.9. BCC reports the F-test for the regressor of ¢, FCC reports the F-test for the
regressor of p. We report as N the effective number of observations used for our estimates, this is slightly smaller
than the number of observations without missing controls (2,228,595) due to the iterative drop of singletons,
necessary to identify bank and firm fixed effects. Credit relationship-level controls in the main specification
include revolving credit over total relationship credit, total granted credit on the relationship over total credit to
the firm, relationship age since 1999 and the same province dummy. See Table 3 for variables’ description and
descriptive statistics; we report full descriptives for the estimation sample in Appendix Table A.8.
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Idiosyncratic Shocks’ Bias. Following our simulation study in Section 4, we
focus on the distortion caused by ignoring endogenous reallocation on fixed ef-
fects estimates. Given that we estimated economically significant cross-elasticities,
which imply widespread spillovers, we want to document their effect on the esti-
mates of idiosyncratic credit movements at the firm and bank level by comparing
Ape and &t from the CNM and the ICM. The fixed effects we estimated within the
CNM will proxy for the unbiased parameters. We will measure the bias through
the differences between each fixed effect estimated within the ICM (Equation (22))
and the CNM (Equation (23)).

Table 5: Fixed Effects, Empirical Bias Summary Measures

Bank Firm

Mean Absolute Bias 1.225 0.951
Median Absolute Bias 0.381 0.406

Notes: This Table reports the empirical mean absolute bias and median absolute bias for firm and
bank estimated fixed effects. We consider the fixed effects estimated correcting for network structure
as the true parameters. We compute the bias measures with the following formulas, here reported
only for the bank fixed effect case: MABp. = 1/3{25:1W?CM—%NM\/W@NMH, MedABgank =
Med{(|[Arcm—3cnmll)/Diag(||yonn|l]}. Where B is the number of banks in the market, Med is the
median operator, || - || denotes element-wise absolute value and the division by Diagl] is element-wise. MAB
stands for Mean Absolute Bias, and MedAB for Median Absolute Bias.

In Table 5, we focus on differences divided by the absolute value of the CNM’s
fixed effects, so that the magnitudes are expressed as a percentage of the unbiased
estimate, thereby making them easier to compare. We summarize these quan-
tities by reporting the mean and median absolute biases. We notice two facts.
First, the bias is of first-order economic importance, with the median absolute
bias amounting to 38 percent for banks and 41 percent for firms of the magni-
tude of the CNM idiosyncratic effect estimate. Second, the mean absolute bias is
substantially larger than the median for both sets of fixed effects. For banks, the
same measure increases from 0.381 at the median to 1.225 on average, while for
firms, it increases from 0.406 to 0.951. This finding is not surprising; some firms
and (especially) some banks are much more central, acting as powerful shocks
amplifiers and causing extreme errors in fixed effect estimation.

Figure 12 visually describes the above conclusions, showing the relationship

between the distribution of fixed effects estimates for firms and banks through
the ICM (darker shade) and the CNM (lighter shade). On average, and in the
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context of evaluating the risk taking channel of monetary policy before the GFC,
the ICM returns a bank fixed-effects distribution that is shifted to the left and
more dispersed than the CNM one (left panel). In the case of firm fixed effects
(right panel), the two distributions remain centered around zero, but the ICM’s
suppresses the tails.

Such behavior aligns well with the logic of reallocation effects in a network of
borrowers and lenders, where credit is highly substitutable for firms, as shown in
Table 4 (a large and negative p). For example, it may be the case that banks
whose credit supply eased less during rate cuts experienced widespread drops in
their borrowers’” demand. Ignoring the network component in the model, the
econometrician may end up confusing such reallocation away from a bank with
an idiosyncratic cut by the bank. Conversely, for firms, the ICM cannot separate
borrowers’ idiosyncratic shocks from the effect of lender-level complementarity in

credit allocation, attenuating the magnitudes of many firm fixed effects.

Figure 12: The Empirical Distribution of Fixed Effects Estimates
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Notes: The Figures compare the distribution of estimated banks (left) and firms (right) fixed
effects, obtained from the estimation of the ICM (blue shade) and CNM (red shade) from
Equations (22) and (23). Estimates based on pooled data from 2002 to 2008.

We can further deepen our understanding of the ICM-estimated fixed effects
bias by plotting, for each firm and bank, the mean over the years of the ICM

and CNM estimates. We do so in Figure 13, where we report banks’ idiosyncratic
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shock estimates on the left and firms’ idiosyncratic shock estimates on the right.
We display CNM estimates on the z-axis and ICM estimates on the y-axis, and
divide each plot into eight areas. In particular, we combine the regions above
and below the two 45-degree lines (the dashed y = = and y = —x diagonals,
with the areas indexed clockwise by capital letters from A to D) and the four
quadrants of the plane (numbered clockwise from one to four). Points in quadrants
2 and 4 correspond to sign reversals, with positive shocks turning negative and
negative shocks turning positive. Points in areas Al and C3 (B1 and D3) indicate
overestimation (underestimation) of the absolute magnitude.

On the left, we display the 586 bank fixed effect estimates. Among the 541
bank effects that are positive in the CNM, 465 remain in the first quadrant and
76 move into the second quadrant, so that the ICM assigns them the wrong sign.
All 45 bank effects that are negative in the CNM remain in the third quadrant,
but each of them is amplified in absolute value by the ICM. Overall, 450 bank
effects are attenuated in absolute value by the ICM, whereas 136 are amplified;
the 76 sign reversals amount to 13 percent of the total. On the right, we display
the 205,799 firm fixed effect estimates. Most observations remain in the first and
third quadrants (82,916 and 113,015, respectively), while 1,686 fall in the second
quadrant and 8,182 in the fourth. In absolute value, the ICM attenuates 186,173
firm effects and amplifies 19,626. Hence, the ICM switches the sign of 9,868 firm
effects, about 4.8 percent of the total.
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Figure 13: The Empirical Distribution of Fixed Effects Estimates’ Bias
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Notes: The Figure displays the scatterplots of the fixed effects’ estimates in the CNM (z-axis)
and ICM (y-axis) space, averaging estimates over the years 2002-2008 for each firm and bank.
The dashed lines are the 45-degree lines in the plane, the solid ones the axes crossing zero.
Quadrants between the 45-degree lines are identified by letters, quadrants between the axes by
numbers, both in clockwise order. Points in the areas A1, A4 and C2, C3 indicate overestimation
of the magnitude of the true parameter by the ICM; points in the areas B1, B2 and D3, D4
indicate an underestimation of the magnitude. Points in quadrant 2 and 4 indicate cases in
which the bias induces a sign error in the estimation of the firm or bank idiosyncratic effect.

The plot omits the top and bottom 0.5 percent of estimates for ease of display.

In conclusion, the evidence we gather points to the fact that ICM fixed effects
estimates cannot be interpreted as estimate of idiosyncratic bank and firm shocks,
but rather as weighted averages of equilibrium responses to shocks.?® Therefore,
to mitigate equilibrium contamination from spillover effects and cleanly identify
the impact of monetary policy and other shocks, it is essential to account for

endogenous reallocation, directly estimating cross-elasticities.

How Credit Cross-Elasticities Vary Through the Business Cycle. Pool-
ing the years 2002-2008 to estimate the parameters in Table 4 may mask significant

heterogeneity in credit cross-elasticities over time. Analyzing this heterogeneity

53Node-level analysis of the centrality-bias relationship was precluded by the computational
complexity of measuring centrality in our large-scale credit network. However, it is reasonable
to expect an outcome similar to those demonstrated by our analytical derivations and numerical
exercises above.
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can reveal the conditions under which banks cut or expand credit, rather than
simply reallocating it, and the circumstances that allow firms to absorb credit
shocks through their relationship networks.

In Figure 14, we display point-in-time estimates and confidence intervals for
the re-scaled ¢« (left) and for the p (right) estimates. We obtain each point in
the plots by estimating the same specification as in Equation (23) in repeated
cross-sections over a wide time span from 2002 to 2022. In each plot, we underlay
shaded areas highlighting Italian recessions based on OECD indicators (sourced
from Federal Reserve Economic Data, 2024).5% Two facts stand out. First, the
different credit relationships of the same bank are most often complementary,
suggesting that the doubling of amounts granted on 4,400 relationships of the
same bank would imply a 10 percent to null crowd-in for all others, except for
a more unstable period between 2014 and 2017.°® Second, the cross-elasticity
between different credit relationships of the same firm changes in a significant and
intuitive way with the business cycle. In normal times, credit from different banks
is substitutable, albeit imperfectly, to a high-degree. Our figures suggest that the
average firm is able to substitute between 20 and 70 percent of a credit cut when
the economic conjuncture is normal. However, when the conjuncture worsens, such
an ability quickly fades away. The two most severe crises we cover (2007-2009,
2011-13), as well as the COVID-19 crisis, are characterized by emerging credit
complementarities at the firm level, possibly reflecting simultaneous equilibrium
drop in granted credit on relationships by most affected firms and a rush for
liquidity from firms still able to access funding (Acharya and Steffen, 2020).%

This evidence informs our view of the variability of the effects of credit booms

54To support the conclusion that our estimates of ¢ and p capture the underlying banks’
and firms’ cross-elasticities of credit across the business cycle, we document in Figure 15 that
the cyclical patterns of the estimates are robust to alternative treatments, external instruments
for monetary policy shocks, and the leave-own-out correction. This last piece of evidence is of
special importance. Indeed, if we can actually interpret ¢ and p structurally, their qualitative
behavior should not hinge on a single empirical implementation.

55The two departures from positive bank-level complementarity occur in years in which
the Italian banking system was undergoing unusually intense balance-sheet adjustment. In
2014, the comprehensive assessment and stress-test process coincided with capital strengthening
and weak credit quality (see https://www.bancaditalia.it/media/comunicati/documenti/2014-
02/cs-261014_en.pdf?language_id=1). In 2017, the system was emerging from the NPL
crisis through bad-loan disposals, recapitalizations, and the resolution of several dis-
tressed banks (see https://www.bancaditalia.it/pubblicazioni/rapporto-stabilita/2017-1/en-
FSR-1-2017.pdf?language_id=1). It is then plausible that similar episodes drove system-wide
credit reallocation - thus, credit substitutability at the bank-level.

56The magnitude of COVID-era complementarities being the largest aligns with the fact
that firms had access to unprecedented government guaranties to sustain credit access during
the crisis; see, e.g., https://www.mef.gov.it /en/inevidenza/Liquidity-Decree-over-400-billion-in-
guarantees,/.
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Figure 14: How Credit Cross-Elasticities Vary Through the Business Cycle
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and busts, as highlighted by the empirical banking literature. Although the find-
ings of the negative real effects of credit busts are common in different settings and
episodes of credit contraction (Alfaro, Garcia-Santana, and Moral-Benito, 2021;
Cingano, Manaresi, and Sette, 2016; Jiménez et al., 2017), the real effects of ex-
pansions are mixed (Bottero et al., 2022; Jiménez et al., 2020). In Figure 14, we see
that the firm credit cross-elasticity varies widely in normal times but consistently
exhibits an upward trend during recessions, while the bank credit cross-elasticity
is mostly positive or null over 20 years of data. As credit booms occur in normal
times, their effects are determined by the varying contingencies of the credit mar-
ket, dictating the extent to which firms can exploit the initial positive shock and
how this shock will ripple through the market. As credit busts often occur near or
during a recession, their effects are amplified by emerging credit complementarities

at the firm level.

5.4 Robustness Checks

In our first robustness exercise, we verify the stability of our estimates in alterna-
tive sets of relationship-level controls. In all columns of Table 6 we keep bank-time
and firm-time fixed effects together with controls for the lag in relationship impor-
tance (granted over total credit) and revolving intensity (revolving over granted),
as they ensure that we are comparing credit relationships that could actually be
close substitutes/complements. Starting from this common core, we then add Rel.
Age (1999), Same Province, and, in the last pair of columns, a control for past
relationship utilization, the lag drawn over granted credit. The results in the up-
per panel of Table 6 confirm that our conclusions are not driven by specification
choices. The penultimate pair of columns report Table 4 estimates and errors, for
reference.

In our second exercise, we further address the potential endogeneity of the
credit network structure, a concern discussed in Section 3.3.2, by implement-
ing the leave-own-out estimator of Jochmans (2023). This approach shifts the
identifying variation away from the focal pair’s own local links and toward links
sufficiently distant in the network, under the maintained assumption that these
distant link’s outcomes are conditionally independent of the unobservables of the
focal relationship, including match-related ones.

The lower panel of Table 6 shows that this correction does not overturn the
main results. In the preferred penultimate specification, we obtain B = 0.013,

~

¢ox = 0.069, and p = —0.202; in the last pair of columns, the corresponding
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estimates are 0.012, 0.067, and —0.249. Although the treatment and bank cross-
elasticity estimates are almost unaffected, the firm cross-elasticity is somewhat
attenuated, though maintaining its sign. First, we must note that the attenuation
is expected. Matches are likely to be driven, among other considerations, by the
necessity of firms to insure against credit shocks; controlling for endogenous match
formation is then likely to account for firms that are especially successful at making
their match, decreasing our estimate, but confirming that credit across different
relationships of the same firm is highly substitutable in equilibrium, during normal
times.

Finally, in our third exercise, we assess the stability of the business-cycle
patterns reported in Figure 14 under alternative empirical implementations of
the yearly estimation, using Altavilla et al. (2019) monetary policy shock mea-
sure as an instrument for the crude overnight rate changes, alternative treatment
proxies (risk proxied with relationship drow-down extent), and the leave-own-out
correction. Figure 15 is meant to show that the broad cyclical message is un-
changed across these alternatives: bank-level complementarity is comparatively
stable, whereas firm-level substitutability varies substantially over the cycle and
weakens markedly in downturns.

We particularly stress two findings from this last exercise. First, in panel (e),
we see that the cyclical pattern in the estimated cross-elasticities is almost un-
changed even if we drop our main treatment altogether, just estimating Equation
23 with the four baseline control variables. Furthermore, in panel (f), we see that
the cyclical pattern is robust to controlling for endogenous matching. These two
pieces of evidence strongly suggest that our estimates capture structural comple-
mentarity and substitutability of credit for firms and banks, instead of cyclical,
endogenous changes in the extensive margin of credit or in the sample selection

imposed by the specification of choice.
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Table 6: Robustness for Cross-elasticities and Treatment Estimates
for the Risk Taking Channel

Dep. Var.: Alog (C)

CNM Second Stage, Baseline

Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

B 0.014  0.0014 0.015 0.0013 0.015 0.0014 0.014 0.0013
P 0.0563  0.0026  0.055 0.0024 0.069 0.0024 0.067 0.0022
p -0.276  0.011  -0.328 0.0095 -0.317 0.0097 -0.356 0.0089
First Stage Fsw
BCC FCC BCC FCC BCC FCC BCC FCC
333,504 828 292,869 722 43,919 547 29,383 477
CNM Second Stage, Lag 2, Leave-the-Pair-Out (LPO)

Coeft. S.E. Coeft. S.E. Coeft. S.E. Coeft. S.E.
B 0.013  0.0016 0.013 0.0015 0.013 0.0016 0.012 0.0015
(;B* 0.052 0.0029 0.053 0.0028 0.069 0.0029 0.067 0.0026
p -0.180 0.015 -0.217 0.012 -0.202 0.013 -0.249 0.011

First Stage Fsw

BCC FCC BCC FCC BCC FCC BCC FCC
16,022 619 22,168 564 7,621 433 13,767 413

Controls
Bank-time FEs v v v v v v v v
Firm-time FEs v v v v v v v v
Revolving on Total v v v v v v v v
Granted on Total v v v v v v v v
Rel. Age (1999) v v v v v v
Same Province v v v v
Drawn on Granted v v

Notes: The Table reports robustness tests for the results displayed in Table 4. Across columns we always include bank-time and firm-
time fixed effects together with Revolving on Total and Granted on Total, because these variables capture key differences across the credit
relationships of the same firm and bank. We then add Rel. Age (1999), Same Province, and, in the last pair of columns, Drawn on Granted.
The penultimate pair of columns is our preferred specification and matches Table 4. The upper panel reports estimated coefficients and
standard errors for the second stage of model (23) under these alternative control sets, still using the 2SLS estimator introduced in Equation
(14) with OPIV}} and OPIV} in equations (11) and (12) as instruments. The lower panel reports estimates obtained using the second
network lag and leaving-own-connections-out procedure, inspired to Jochmans (2023) and outlined in Section 3.3.2, with LPO — OPIVg, and
LPO— OPIVF2 in equations (20) and (21) as instruments. The dependent variable A log (C) is the yearly log growth of credit granted on each
relationship. The treatment associated with B is the product between the change in the banks’ overnight rate, the lag of the log-transformed
equity over asset ratio in percentage points and the risky firm indicator variable. p is the firm-level cross-elasticity estimate, measuring the
reaction of credit granted on a certain relationship whenever credit granted increases on other relationships of the same firm. (13* is the
bank-level cross-elasticity estimate, measuring the reaction of credit granted on a certain relationship whenever credit granted increases on
other relationships of the same bank. ¢* estimate and its errors are multiplied by 4,402. BCC reports the F-test for the regressor of ¢, FCC
reports the F-test for the regressor of p.
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Figure 15: Cross-Elasticities over the Business Cycle, Robustness.
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Notes: The Figure displays robustness for the results displayed in Figure 14. Across panels we report yearly
estimates obtained under alternative empirical implementations, including Altavilla et al. (2019) measures
of monetary policy surprises to instrument for monetary policy changes, alternative firm-risk proxies, and
the LPO correction. ¢ estimate and its errors are multiplied by 4,402, the 25th percentile and about a
quarter of the median of the distribution of the number of relationships per bank (¢*). Shaded areas
indicate Italian economy recessions (OECD based recessions, Federal Reserve Economic Data, 2024). We
obtain each point displayed estimating a year by year version of Equation (23).
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We complement these exercises with a final diagnostic aimed at connecting the
time variation in reduced-form bias to the time variation in estimated spillovers,
while also checking that changes in the extensive margin of matching are not driv-

ing the cyclical patterns. Panel (a) of Figure 16 overlays a yearly bias index,
/\/sd(Bcz\;M,t)2 +sd(BICM’t)2, with a yearly cross-

elasticities intensity index s; = 1/ ¢? + p? rescaled as §; = s; (max; bias;/ max; s;).

defined as |Brome — Bonwg

The goal is not to impose a mechanical one-to-one relationship, but to ask whether
the years in which the ICM and CNM treatment estimates diverge the most are
also years in which equilibrium cross-elasticities are strongest. This is precisely
what the figure suggests in the economically most relevant episodes: the largest
spikes in bias coincide with periods of high cross-elasticities intensity, especially
around 2004 and 2018. The alignment is not exact year by year, which is to be
expected because the bias depends not only on the Euclidean norm of (¢, p;)
but also on how spillovers interact with the realized network structure and the

distribution of treatment exposure.

Figure 16: Bias, Spillover Magnitude, and Relationship Counts over Time
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Notes: Panel (a) plots the yearly bias index bias; = ‘BAICMJ — BCNM,t‘ /\/sd(,écNM’t)2 + sd(BIc’M’t)2

together with the yearly spillover-intensity index s; = \/qgf + ﬁ%, rescaled as §; = sy (maxy biasy/ max¢ s¢)
so that the two series have the same maximum and can be compared on the same axis. Panel (b) plots the
mean and median number of relationships per firm over time. In both panels, shaded areas indicate Italian
economy recessions (OECD based recessions, Federal Reserve Economic Data, 2024).

Panel (b) revisits in a descriptive way the same issue addressed by applying
Jochmans (2023) leave-own-out estimator, constituting a sanity check. I.e., if the
number of active lending relationships was moving sharply over time, one might
still worry that the extensive margin of matching is driving all the action and
doubt the results’ robustness to LPO estimators. However, after a mild early-
sample decline, the average number of relationships per firm remains in a narrow

band, and the median is essentially flat at three for most of the sample. In
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particular, the sharp movements in bias and spillover intensity in the mid-2010s
and late-2010s are not accompanied by comparable jumps in relationship counts.
This makes it unlikely that the cyclical patterns we document are simply due to
multi-bank borrowing firms adding or dropping lenders on the extensive margin.
Rather, what varies over time is mostly the strength of equilibrium propagation

within a network whose degree distribution is broadly stable.

6 Conclusion

In the last three decades, empirical research has consistently demonstrated that
shocks to banks significantly impact firms’ credit availability (e.g., Behn, Hasel-
mann, and Wachtel, 2016; Jiménez et al., 2017; Khwaja and Mian, 2008; Paravisini,
2008; Paravisini et al., 2014; Peek and Rosengren, 1995, 2000), subsequently in-
fluencing employment and investment decisions (e.g., Amiti and Weinstein, 2018;
Chodorow-Reich, 2014; Chodorow-Reich and Falato, 2022; Cingano, Manaresi,
and Sette, 2016; Jiménez et al., 2020).

A pivotal tool in achieving these findings has been the within-firm (and of-
ten within-bank) estimation strategy, popularized initially by Khwaja and Mian
(2008). This tool is crucial due to the non-random matching between banks and
firms (see, e.g., Schwert, 2018), necessitating the separation of shocks to banks
from the unobservable idiosyncratic shocks affecting their partner firms. The abil-
ity to disentangle these two types of shocks is a key initial step in assessing the
impact of credit supply contractions and expansions on the real economy.

However, fixed effects have inherent limitations. First, they assume a uniform
distribution of idiosyncratic shocks across different credit relationships within the
same firm or bank. If the data violates this assumption, residual bias may persist,
affecting estimates (as noted in Paravisini, Rappoport, and Schnabl, 2023). In
addition, fixed effects cannot address the endogenous reallocation of the demand
and supply of credit across relationships after a shock.

In this paper, we demonstrated analytically, through Monte Carlo simulations,
and empirically, inspired by standard approaches in the literature (Jiménez et al.,
2014), the relevance of the bias affecting conventional treatment and fixed effects
estimates, which are often used to retrieve proxies for idiosyncratic shifts in de-
mand and supply (Amiti and Weinstein, 2018). We introduced a methodology for
measuring such reallocation directly, without relying on additional information,
such as price data. To do so, we adapted frontier results in network theory and

econometrics (Ballester, Calv-Armengol, and Zenou, 2006; Bramoullé, Djebbari,

64



and Fortin, 2009) to the credit market. Introducing a new overlapping portfolios
instrumental variables strategy, we demonstrated how to estimate firm and bank
cross-elasticities of credit — i.e., the extent to which firms and banks reallocate
credit across their relationships’ portfolios. By controlling for such reallocation
mechanisms, we provided unbiased treatment and fixed effects estimates, gener-
alizing the standard methodology, having the Khwaja and Mian (2008) approach
as a special case where cross-elasticities are forced to be zero. Finally, adapting
the results of Jochmans (2023), we show that our findings are robust to network
endogeneity.

The ability to directly quantify reallocation across credit relationships is essen-
tial for robustly assessing the effects of shocks and policies that affect the credit
market, translating into real effects. For example, how does a low monetary pol-
icy rate spur risk-taking by banks and how much does reallocation across credit
relationships alter its effects? How does reallocation intensity vary over the busi-
ness cycle? Can such variation help explain the heterogeneity in the effects of
credit booms and busts documented by the literature? We made progress in an-
swering these questions, showing that firm and bank credit cross-elasticities are
relevant, could bias standard estimates of the risk-taking channel downward, and
can amplify expansions and contractions of credit over the business cycle. Our
methodology should aid researchers in addressing similar questions, even in the
absence of extremely rich datasets or quasi-experimental settings to account for
reallocation. Moreover, the tool we propose could be especially useful for study-
ing the effects of regulatory changes and monetary policy, which are often enacted

when reallocation is possible and easy.
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Online Appendix

A.1 Proofs
A.1.1 Model

With the toy model in Section 2.1, we describe the estimation consequences of
dealing with the two-firm, two-bank network while ignoring credit relationship in-
terdependence and incorrectly restricting the cross-elasticities in Equations (2) to
zero. Here, we present the full analytical details of the toy model, complementing
the presentation in Section 2.1.

Bank Problem:
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Firm problem:

Firm i: max (ei — a(ci, + cib)) (Cia + Cip) — ZK:a,b cikw(Cig + Uik)

Cias Cib

Firm j: max (ej — OéCjb)Cﬂ, — cipw(Cjp + ujp)
Cjb

FOC deliver:

e; — 2a¢i, — 20y — 2wWeiq — wW(Exiq + Vig) =0

e; — 20, — 20, — 2wegy — w(&xip + vip + Ocp) =0
ej — 2acy — 2wep — w(&xjp + vip + Ocy) =0

Which simplifies to:

Ciqg = a—l—w ——Cijp + 2(a+w) - a+w) (5377,(1 + Vza)
CZb - a+w Cla + (a+w) Z - a-i,—w (gmlb + Vzb + 06][))

Cjp = m €; — 2(a+w (fl’ﬂ; + Vjp + chb)

And delivers the following structural demand system:
Cia = PCib + BTig + 0; + €iq

Cib = PCiq + OCjy, + By + 0; + €

Cjp = QCip + By + 05 + €5

With:
- o

p= oc—l—w

¢ = a+w)

5 = a+w)

517] = 2(a+w) ei:j
o WViaibgb

€ia,ib,jb — 2(otw)

From the above, we can see that the OLS estimator, when ignoring the network

structure, will be biased. To ease the derivations further, we add Assumption 3.

Assumption 3. Treatment only hits relationship ia (z, x5 = 0), firm j experi-

ences no correlated idiosyncratic demand shock (6; =0).

Proposition A.6. Under Assumptions 1, 2, and 3, the estimator of B obtained
from applying OLS to the following system
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Ciqg = Bxia + éiaa
civ = By, + Ep, (A.2)
cip = PBxjy + Ejp,

will be biased. The bias can be expressed as

60LS _ 6 + pcov (Tia,Cib) + cov(T;q,04) . (A3)

var(Tiq) var(Tiq)

Proof of Proposition A.6.
From structural System A.1.1, we can derive the reduced form system as fol-

lows:

Cia = PCib + BTiq + 0; + €iq

ib = p(pc@-b + Bxiq + 0; + €ia)---
+¢(¢Cib + 5£Ujb + 5j + Ejb) + Bxgp + 0; + €
Cjb = Pcip + Brjy + 05 + €5

Cia = PCit + BTig + 0 + €iq

(1= p* = ¢%)ca = B(pTia + Tip + Q).
(L + p)d; + @6 + peiq + dejp, + €

Cjp = @Cip + Bxjp + 05 + €5

(A4)
o (14+p)d; +¢5 PTia+PTip+Tip PEia+PEjptEp
Cia = ( T—62—p L+ 17¢>21p2 + 1,¢2J,p2 )
+5Im + 52 + €iq
1+p)é;+¢d; ia jib+T; ia jbte€i
o = GO | et ity | Luat e
. (1+p)6 +¢>5 PTia+PTjp+Tsp PEia+dejptep
Cjp = ¢( 1-¢2—p . +B 1— ¢2ip2 + 1_¢2J_p2 )
+55L'jb + 5]' + €ib
1 di+pdd; ) Tia j i 1—¢?)eiq j i
Cia = p( +/11_Z )_p+p¢ i 5 —¢ )ﬂlﬁ_;fib;:;ﬁpx by (¢ )f_q:gp_atgﬁpe b
o = R + prtin ¢ St
Cjb ¢(1+F17)5¢‘|2'(1 p J + ﬁp¢$za+1 d)g )x]b+¢xib + ¢pEia+1(i;2Pi);§b+¢eib
exploiting Assumption 3, we obtain:
ia — ﬁxia + Eia
éj.ia - 5 + pCip + €ia (A5)

_(+p) PEiatPe pteip
Cib = T-g2_2 70 _'_Bl 92—p 5 Lig + T—¢2j—p2
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which results in

coV(Zia, Cip) | COV(Tia, 0;)

cov(Ciq,Tiq)

Bors = ar(e) | B+

var(z,) var () (A.6)
spillo;; bias dema?l?i bias

The fact that COV(Qﬁa,Cib) — 1+p COV(Z’ia,(Si) + /Bl_pg_¢2 % 0 COHCludeS the proof

var(ziq) 1—-p2—¢? var(wia)
|

Below, we re-state Proposition 1 with further details, adding Assumption 3 to

ease calculations, and provide its proof.

Proposition A.7. Under Assumptions 1, 2 and 3, the estimator of the shift in
banks’ supply curve, 3, for Equations (3), is biased

FE var(Tiq—T;)

= 5ol ) (34 ) - pentn

var(Tiq) var(Ziq)

(A7)

Proof of Proposition 1.

Indicating averages with bars, so that, for example, ¢; = c"“;rc“’, we have that:
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Cia = BTig + 0; + €ia,
Cip = 51 + Eib-

= (SZ = Cip
e —eir @
BFE = cov(Cia—Ci,Tia—Ti) __ COV( 5 Zb’#a> __ cov(Cia—CibsTia) __

var(ziq,—2;) - var(zi“) - var(ziq) -
2

cov(BTiat+Eia—EibsTia)
var(ziq)

From the structural demand system (Equations 2):
€ia = PCip T+ €ia

Eib = PCia + OCjp + €3y

(A.8)
cov(BTiatEia—Eib,Tia) __ cov(p(cib—Cia)—PCjb,Tia) __
:> ‘(/alE(Iia)) b - 6)+ ) Var(xm) . o
cov(p((1—p)cib—PBTia—0;) —PCjb Tia)
ﬁ + var(ziq) . o

cov(Cip,Tia cov(0;,Tiq cov(C;ip,Tia
B(L= p) + p(1 — p) i) _ peallitia) _ geortepte)

From the reduced form system, simplified thanks to Assumption 3:
(1+p)5i2 _'_61 pxiap2 + PEiatdejptein

Cip =

oot el gt (1Pt
7 ia €ia - €5 €;
Cjb = 1_¢2ﬁ1p2 + Bl_p:i);r_p2 + . 1_¢§_p%b :
B __ cov(Cia—Ci,®ia—Ts) __ coV(Cia—CibsTia) __ COV(BTia+€ia—EinsTia) __
FE — var(Tiq—T;) - var(xiq) - var(xiq) -
cov(p((1=p)cib—BTia—0:) —$Cjb,Tia) __
..'/8 + Var(zm) J —(... )
cov(CibsTia) cov(Cjp,Tia cov(0;,%iq)
LB—=pB+ p(l - P) var(zia) ¢ varé:cia) —p var(ziq)

From the above, and the reduced form of System 2 displayed in the last passage, it
is evident that Spp is biased, and that correlated demand shocks still play a role,
as they are reflected back in the estimator through reallocation spillovers. GBrg is
indeed a function of §; through the —pcov(d;, z,)/var(z;,) element, from demand
reallocation within the relationships of the same firm, and through the impact of
0; on all other bias components. =

Combining Propositions 1 and A.6, we can see that

Proposition A.8. Under Assumptions 1 and 2, BFE #* BOLS 15 possible even in

the absence of demand bias.

Proof of Proposition 2. Using Assumption 3 and the absence of demand bias
to simplify our calculation, we can thus express the reduced form for c;,c;, in
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Equations (2):

PeiatPejptein

z;
cip =B 1_22L1p2 +

1_¢2_p22
o pdw; Ppeiat+(1—p)ejptdesp
Cjb = 51,¢2Tp2 + 1—¢2—p2

From the end of Proposition A.6’s Proof and the absence of demand bias it follows that:
102

. 2
BoLs = 5(1 + 1_¢p2_p2> = 51_p2¢_¢2

Using the bias expression in Proposition 1, the fixed effect estimator is:
Bre =B —p)+p(1—p) 7‘:0“,/;:633)”) (A.9)
cov(cjb,zia) 7
_¢ var(z;q)

=B p)+B(1 - p) =z

2

2 2
P (A—=p)—0<p
+8 12—¢2—p2
=8 1—¢“+p
1*452*/32

the two estimators are different except for specific values of the reduced form

parameters. m

Proposition A.9. Under Assumptions 1 and 2, firm fized effects’estimates con-
tain supply shock spillovers, and bank fixed effects’ estimates may contain demand
shock spillovers. As such, they cannot be regarded as pure measures of each firm

or bank demand and supply shocks, respectively.

Proof of Proposition 3. We start by considering an alternative version of
Assumption 3, which allows for §; # 0. Then, we notice that if the econometrician

tries to estimate Equations 3, she obtains:

~

1—¢2—p 1—¢2—p2™J (A 10)
A _ 2 .
5j = l(i(q;j_pl)ﬁ 6@ + 1(_1¢2p_2)2 5]’

from the reduced form of Equations 2 displayed as the last derivation in Equations
Ad m

Even in this simple setting, where we focus on firm fixed effects only, we can
see that the fixed effect estimates in Equations A.10 are already affected by two
problems. First, fixed effects do not exactly capture the pure demand shock but

rather an amplified or attenuated version of it (based on the signs and relative
(1+p)

1—¢2—02

Second, bank links reflect other firms’ shocks in the estimate, further biasing the

[
520

magnitudes of ¢, p). Focusing on 6;, this is exemplified by the 0; element.

fixed-effect estimates. Focusing again on &;, this is exemplified by the

element.
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A.1.2 On the economic interpretation of the ¢ and p estimates

To interpret positive ¢ or p estimates as complementarity and negative ones as
substitutability in our framework, it is sufficient (but not necessary) that the
following two assumptions hold—conditionally on the observed relationships and

their observable characteristics:

Assumption 4. The demand for credit of each firm from each bank is all-else-

equal downward sloping in the interest rate.

Assumption 5. The supply of credit of each bank towards each firm is all-else-

equal upward sloping in the interest rate.

Before formally discussing their implications, we stress that these assumptions are
reasonable for the data at hand (see, e.g. Bripi, 2023; Burlon et al., 2016).°7

Starting from the demand for credit, the parameter a describes the nature of
the return to scale in credit in our model and determines whether different sources
of credit are complements or substitutes for the firm. Consider the margin of the
project for firm 4, (ei —a(cio+ Cib)> (Cia + cip), where the product element between
Cia, Cip 18 multiplied by —a. A positive a implies substitutability, while a negative
one indicates complementarity.®®

From the model, it follows that

p=—-—2 (A.11)

atw’

To interpret the sign of p structurally as complementarity or substitutability in
the demand for credit, we need a positive denominator that does not confound the
sign of a. In the case of substitutability (v > 0), w > 0 is a sufficient condition.
In the case of complementarity (o < 0), it is necessary that w > 0 and |w| > |a].

Moving to the supply of credit, as long as w > 0 the parameter 6 directly
captures complementarity or substitutability in supplying credit to different bor-
rowers. Consider the margin on the loan to firm é; ry, —w(%b +§xib+9% —i—uib))cib?
the product element between c;, ¢, enters multiplied by —wf. A positive ¢ implies

substitutability, while a negative one implies complementarity.

5"The paper by Burlon and coauthors estimates a credit demand system to study credit
rationing, while the one by Bripi studies the interest rate elasticity of credit demand using the
same data sources we access. The latter work finds evidence of negative elasticity of substitution
across sectors and local credit markets, while the former directly estimates an upward sloping
supply and a downward sloping demand for credit.

58In terms of economic logic, & < 0 implies either scenarios in which a firm has something
extremely profitable to undertake or cases in which, to keep afloat, every source of funding is
strictly necessary.
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From the model, it follows that

¢ = _z(oaﬁw)? (A.12)

and to interpret the sign of ¢ structurally as complementarity or substitutability
in the supply of credit, we again need a positive denominator. In this case, though,
it is enough to have o + w > 0, which implies @ > 0, w > 0, a < 0, and |w| > |«/.
We can see that, as long as we believe that the crossing of downward sloping
demand and an upward sloping supply of credit generates the data we observe, our
estimates respect the interpretability conditions derived above. Upward sloping
supply is possible if and only if offering more credit raises costs for the bank, which
maps to w > 0. To see that downward sloping demand = |a| < w, let’s derive
again the firm’s ¢ demand for ¢;;,, now keeping the dependence on rates explicit:
Firm i: max (ei — afciq + cib))(cia +cp) — ZKZW Cix(Circ, Uire)
FOC for b deliver:
e; — 2acy, — 2ac;, — r(cp, i) — it (Cip, up) =0
(A.13)
Which, given that the FOC in the bank’s problem A.1
implies Or(cyp, wip)/Ocy = w, simplifies to:

e; — 20y — 2aci, — (Cp, ugp) — we =0

o € 20
= Cip = 2a+w 2a+w Cia
_ r(Cib,uib)
20+w

and the demand for credit is downward sloping in rates iff 2ac + w > 0, which is

true when a < 0 iff |o| < ¢ = o] < w.

A.1.3 The econometric framework

Proof of Proposition 4. It follows from the proof of Proposition 1 in Arduini,
Patacchini, and Rainone (2020) when G, the network among nodes, and its sub-
matrices are replaced by A and its sub-matrices, the network among links. Moving
from nodes to links implies that quadriads instead of triads intransitivity is needed.
Quadriads intransitivity is implied by linear independence of I, AgArAp and Ap
and I, ApAgAr and Ap. See condition 1 of the proposition. Alternatively, also
the proof of Proposition 1 in Rainone (2020) brings to the same result if multiple

endogenous terms are considered. m
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Proof of Proposition 5.
Let us abstract from the presence of fixed effect and let the DGP be

C = ¢ApC + pApC + X +¢, (A.14)
For simplicity, let also p = ¢. Then the ICM is
C = Xp+U, (A.15)
and the error term has the following form

= MXp+(M+I)e (A.16)
Suppose that X is univariate and X L ¢,%? then we have

inf

XU = X'MXB+X'(M+1I)e=X"9AY (pA)FXp

k=0
inf inf
= X' (A)FXB=B> ¢*X'A'X =5. (A.17)
k=1 k=1

If 3,6 > 0then B= -8 = (X’X)71S > 0. The positive bias is given by
the amplification generated by spillovers, which is not disentangled in the reduced
form estimate. If ¢ < 0 then the sign of B depends on A, i.e. the network
structure, and the intensity of the spillovers, as it contains decaying functions of
0.

Suppose X is binary. For example, a stark change in regulation hits only part
of our credit relationships population. Then, for each treated relationship, we call
X'AkX = p;, the sum of the number of k— distant treated credit relationships. It
follows that

inf

S = BY " m=B0>_ ¢+ Y ¢"'m)=BOD+EV). (A18)
k=1

k odd k even

Given that OD is negative and E'V is positive, B > 0if OD > —FEV.
[ ]

59To ease the notation we assume independence here, the same conclusions can be reached
assuming E[e’X] = 0.
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Here we include, for completeness, a display of how our identification argument
works in the example we introduced in Section 2.1. We work on the most basic form
of the toy model, where there is no correlated demand confounder (% =0),

and the following assumption holds.

Assumption 6. xj, and z;, do not affect directly c;, and are uncorrelated with €,

and €.
If Assumption 6 holds, then the proposition below follows.

Proposition A.10. Under Assumptions 1, 2, 6, and the network structure in
Section 2.1, we can identify the spillover parameters (¢ and p) using a 2SLS

procedure and deliver an unbiased estimate of .

Proof. We rewrite the Equations in (2) in light of Assumptions 1, 2, and 6

Cia = PCip + BIia + €iq
Cip = PCia + PCjp, + € (A.19)
Cjp = Pcip + Bajp + €

These can be rearranged as

Cia = PCip + ﬂxia + €iq
ciy = p(pciv + Piq + €ia) + O(dci, + Bajp + €j) + €
Cip = Ocip + Brjp + €5

€iqTPPEjb+PE;
Cig = (1 ¢2 5 +6)$la+p1 ¢2 ijb_F( )1 ¢2p¢ jbTPEib

la+¢ + 2
Cib = 1= ¢2ﬁ 3 Lia 1 1— ¢2/6 21']b+ pe—er_bQEb (AQO)
1- ib+Ppeiatde;
Cip = (1 fgz 2 +B)x]b+ 1— ¢2 =022 Lia T U )fj,bd)z,p;z =
call p = —owj(fgibpg%
and m, = %
and 7y =

The result of the above rearrangement is

= PTpTjp + (5 + m)xm + pU A €ig
Cib = TpTjb _'_ 7T¢xm + Q€ (A21)
Cjp = PTpTiq + (1 ¢2 5 + 5)%1: + op + €5y
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where 7, and 74 are the reduced form parameters for the instruments’ effect on
cip- 4 summarizes all other parameters and variables we are not interested in. We
use the ¢; equation from the Equations in (A.21) as the first stage, recovering
Tp0LS, Te.0Ls, Which we then use to deflate @OLS,@OLS in the second stage
to finally obtain ppy = p, qﬁlv = ¢. Endowed with unbiased estimates of the
spillovers through bank and firms’ parameters, we can correct the BO s and derive

an unbiased B 1v. In particular

Tp0LS = Tp
T$,0LS = T
TpPors = TpP

TePors = ToP
TpPoLs _ p (A.22)

Prv = Tp,0LS

fi _ Tebors _
. Prv = 7$,0LS _2¢
_ p
Bors = B(1+ 1,¢22,p2)
3. _ A _ _ Py
Brv = Bors o

The key insight comes from the fact that, under Assumption 6, the credit
relationship jb (ia) provides exogenous variation through z;, (z;,) that does not
directly affect c;, but does affect it indirectly through ¢, (ci). It then allows us
to identify ¢ (p) with a 2SLS estimator. Identification of p and ¢ allows us, in
turn, to retrieve an unbiased estimator of 5.

A.1.4 Bias of Treatment Effects with Fixed Effects
Let us now augment the model with bank and firm fixed effects:
C = ¢ArC + pAgC + XB+A+T +e,
= +¢AC + pArC + Zu + €, (A.23)

where A = D¢ is a matrix of firm FEs and I' = Gy is a matrix of bank FEs. For

simplicity let again p = ¢. Suppose we estimate

C = XB+A+T+0, (A.24)
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then the error term has the following form

= (pAp + pAr)(I — ¢Ap — pAr) '[XB+A+T + ¢ +¢
=M[XB+A+T]+(M+1)e

Suppose again that X is univariate and X L e, then we have

XU=XMXB+A+T]+ (M+1)e
inf
= X'0AY (pA)F[XB+A+T]
k=0
inf
= X' (pAFXB+A+T]
k=1
inf
=S+ ¢ XAA+T.

k=1

Here, A¥A = Dy, is a vector whose generic element contains the FEs of borrowers of
credit relationships at a distance k£ from the relative relationship. Symmetrically,
AFT = (G}, is a vector whose generic element contains the FEs of lenders of credit
relationships at a distance k from the relative relationship. If X L AT, then
the bias obtained from estimating (A.24) is equal to S, similar to random effects
models. If not, ¢ > 0 and X are positively correlated with A and I', then B =
(X’X)71X'U > 0. Otherwise, the sign of the bias is again ambiguous.

A.1.5 Bias with Endogenous Treatments

In the previous analysis, we assumed that the main regressor is exogenous. Let us
now allow X to be an endogenous regressor. In credit markets, as in other fields
where experiments are not possible or easy to implement, regressors are often
endogenous. Endogeneity can arise because of self-selection in the extensive (see
Jiménez et al., 2014) or in the intensive margin (see Paravisini, Rappoport, and
Schnabl, 2023). It can also arise due to the omission of relevant variables on the
right-hand side (RHS). In some cases, a credible instrument (a selection step or
a clever IV) can be found, but in many situations, this is not a possibility, and
the omission of relevant and potentially endogenous variables is always difficult to
assess in practice.

In what follows, we want to understand analytically the consequences of en-
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dogeneity for the bias due to spillovers. For simplicity, we still focus on the case
in which ¢ = p and without fixed effects. In contrast to the previous sections, we
assume that e = 1 X +V, with V being an error term such that V' L X, e. Suppose
we estimate the following CNM’s and ICM’s parameters

C = pApC + pAprC + X[+ ¢ (A.25)

C=XB+U (A.26)

When the DGP comes from Equation A.25, the error term of Equation A.26 takes

the following form

UI¢ABC+pAFO+LX+V
= (¢pAp + pAp)(I — ¢Ap — pAp) XL+ 1 X + V] +1X +V,

then, given that V' L X, we have

XU=S+X'M+IX+V)
= S + (X'X +.X'MX,
~— —— N——
spillovers  endogeneity  combination

Xe=1X'X+1X'MX.

In this case, the estimate of (3 is biased for both Equations A.25 and A.26. Nonethe-
less, the bias of A.26, Bjcas, has three drivers: The pure spillover component; the
pure endogeneity component; the combination of the two. On the other hand, the
bias of A.25, Bonas, is only affected by the last two. It follows that even in a
context with endogeneity, we can use our model to study firms and banks credit
reallocation system-wide. More formally, D = Broy — Bony # 0 does not imply
that ¢ # 0, but it does imply that S # 0, and thus D can inform us about the
presence of (and the bias induced by) spillovers, even if the estimate of 3 is biased.

We obtain this result because unbiased spillovers can be recovered even in the
presence of treatment endogeneity: the network lags used as instrumental variables
for the identification of the spillovers, for example, the OPIV in Equations 9 and
10, are still uncorrelated with the error term, i.e., E[¢ AX]| = 0. The intuition is
that the treatments to other agents in the economy can still be valid instruments

for their outcomes, even if they are endogenous.®® The key requirement is that

60Such a result would not hold if the order of the OPIV used to approximate the TIV is
higher, because X’'A*X could contain powers of the same x; when k& > 2. Using a first order
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they are not endogenous to their network lags.%!

A.1.6 Bias of Idiosyncratic Firm and Bank Shocks

We can now derive the bias of firm and bank FEs defining the DGP as C =
XB+A+T+U. Let A; (I'y) be the 4, (by,) column of A (T') and A_; (T'_;) the
matrix containing all the columns of A (') but the i, (by,). Following the same

derivations as above, we have

DU = DipAM[XB+ A+ A + T+ (M + I)e
inf

=0; Yy _¢"DA*D;
k=1

inf

=06y ¢ (A.27)
k=1

=, < S+ gm;;)

k even k odd

where [% is the number of loops from (to) firm 4 that involve chains of length % in
the credit network.

A similar derivation can be done for G,U:

GU = DigAM[XB+A+Ty+T 4] + (M + I)e

- ( LIS qskzz) (A29)

k even k odd

= N(Ey — Op).

where (¢ is the number of loops from (to) bank b that involve chains of length &
in the credit network. Given that both O, and E, are positive, the sign of the
bias depends on the credit network topology. In indirect networks, we may expect
E, > Oy, as loops generate paths of even length going back and forth at each
step.

approximation helps to avoid this.
61Simulation in Section 4 confirms the result, while we show that our method can easily
accommodate an instrumental variable strategy in Section A.4.
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A.2 Additional Monte Carlo Experiments

Figure A.1: Treatment Effect Estimates

Performance

Mean Bias for ¢ = p = —0.2

Network, m = 2 m-=4 —+— m=6 —e— m-8 —e— m=10

Isolated, m = 2

m=4 —e— m=6 —e— m-8 —e— m=10

Mean Bias
o

Mean Bias

with Fixed Effects - ICM and CNM

Mean Bias for ¢ = p = —-04

Network, m =2 m=4 —+— m=6 —e— m=8 —e— m=10

Isolated, m = 2

m=4 —e— m-6 —e— m=8 —e— m=10

Share Treated

MSE: ¢ = p=—-0.2

Network, m = 2 m=4 —e— m=6 —e— m=8 —e— m=10

Isolated, m = 2

m=4 —e— m=6 —e— m=8 —e— m=10

Mean Square Error

Mean Square Error

0 2 4 1) B 1
Share Treated

MSE: ¢ = p=-04

Network, m = 2 m=4 —e— m=6 —e— m=8 —e— m=10

Isolated, m = 2 m=4 —e— m=6 —e— m=8 —e— m=10

60

40

20

[ 2 4 B B
Share Treated

Notes: Mean bias and mean squared error for treatment effect (5).

0 2 4 5 8 i
Share Treated

We compute the mean

bias across the 500 simulated samples, where the data generating process includes a set of fixed

effects. For each sample, the number of nodes N in the network is 200, 100 firms and 100 banks.

In black, we plot the zero line. In different shades of blue, we plot how the mean bias (upper

two figures) and the mean square error (lower two figures) of the ICM’s estimate change. In red,

we do the same for the CNM’s estimates. Darker shades signal denser networks (m=2,4,6,8,10).
In left panels ¢ = —0.2, in right panels ¢ = —0.4, for both panels 8 = 0.1. We display the plots’

underlying data in Appendix Table A.2.
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Table A.1: Simulation study - ICM treatment effect bias under

different share of treated, spillovers and density

¢=p

-0.2

-0.3

-0.4

% of treated

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

m=4

m=6

m=8

m=10

mean bias
0.059
0.007
-0.142
-0.266
-0.339

0.253
0.105
-0.093
-0.313
-0.436

0.622
0.410
0.052
-0.273
-0.478

mse
0.124
0.036
0.035
0.079
0.123

0.213
0.063
0.031
0.110
0.197

0.653
0.280
0.043
0.095
0.238

mean bias
0.198
0.037
-0.238
-0.516
-0.685

0.660
0.397
-0.067
-0.517
-0.791

2.029
1.512
0.638
-0.201
-0.728

mse mean bias

0.110
0.026
0.067
0.272
0.473

0.574
0.208
0.026
0.277
0.630

4.629
2.479
0.491
0.073
0.541

0.299
0.080
-0.295
-0.660
-0.879

0.958
0.588
-0.013
-0.601
-0.961

3.048
2.334
1.117
-0.081
-0.807

mse
0.143
0.029
0.095
0.441
0.774

1.016
0.388
0.020
0.369
0.929

9.756
5.623
1.337
0.042
0.665

mean bias
0.390
0.117
-0.314
-0.749
-1.006

1.206
0.766
0.064
-0.642
-1.056

3.766
2.890
1.457
0.032
-0.840

mse
0.199
0.031
0.106
0.565
1.014

1.546
0.629
0.022
0.421
1.118

14.635
8.530
2.199
0.032
0.718

mean bias
0.456
0.155
-0.328
-0.813
-1.095

1.352
0.901
0.113
-0.661
-1.133

4.245
3.295
1.723
0.099
-0.867

mse
0.251
0.039
0.114
0.664
1.201

1.909
0.848
0.029
0.444
1.288

18.382
11.025
3.042
0.040
0.765

Notes. The mean bias and the MSE are copmuted across the 500 simulated samples. The number of nodes

N in the network is 200, 100 firms and 100 banks, in each sample. The column spillovers intensity reports

the value of ¢ = p in the simulations.
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Table A.2: Simulation study - ICM treatment effect bias with FEs
under different share of treated, spillovers and density

o =p % of treated

-0.2

-0.3

-0.4

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

m=4

m=6

m=8§

m=10

mean bias
0.085
0.000
-0.136
-0.263
-0.340

0.284
0.116
-0.112
-0.306
-0.439

0.552
0.385
0.069
-0.277
-0.480

mse
0.121
0.038
0.037
0.078
0.123

0.217
0.064
0.035
0.104
0.201

0.564
0.245
0.043
0.094
0.240

mean bias
0.332
0.211
-0.028
-0.312
-0.512

0.896
0.663
0.271
-0.235
-0.564

2.471
2.082
1.222
0.287
-0.418

mse
0.202
0.083
0.019
0.108
0.269

0.994
0.522
0.114
0.075
0.328

6.830
4.646
1.657
0.146
0.204

mean bias
0.855
0.753
0.586
0.254
-0.125

1.936
1.776
1.443
0.816
0.142

5.149
4.786
4.062
2.669
1.162

mse
0.872
0.627
0.378
0.095
0.042

4.023
3.282
2.182
0.748
0.084

27.597
23.521
16.962
7.507
1.610

mean bias
1.119
1.073
0.990
0.755
0.389

2.529
2.433
2.255
1.833
1.099

6.650
6.530
6.022
5.097
3.363

mse
1.373
1.196
1.020
0.615
0.212

6.666
6.035
5.170
3.480
1.347

45.138
43.221
36.735
26.517
11.971

mean bias
1.221
1.204
1.169
1.077
0.790

2.785
2.773
2.663
2.430
1.933

7.313
7.351
7.067
6.503
5.331

mse
1.574
1.489
1.399
1.200
0.684

7.962
7.776
7.165
6.000
3.900

54.346
54.391
50.276
42.740
29.257

Notes. The mean bias and the MSE are computed across the 500 simulated samples. The number of nodes

N in the network is 200, 100 firms and 100 banks, in each sample. The column spillovers intensity reports

the value of ¢ = p in the simulations.
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Table A.3: Simulation study - CNM estimator performance under
different share of treated, spillovers and density

o=p

-0.2

-0.3

-0.4

% of treated

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

m=2 m=4 m=6 m=8 m=10
mean bias mse mean bias mse mean bias mse mean bias mse mean bias mse
-0.058 0.118 -0.022 0.059 -0.013 0.039 0.000 0.030 0.006 0.024
-0.006 0.034 -0.002 0.017 -0.005 0.013 -0.009 0.009 -0.006 0.008
-0.020 0.017 -0.002 0.009 -0.005 0.007 -0.003 0.005 -0.002 0.004
-0.010 0.015 -0.004 0.009 -0.013 0.007 -0.006 0.005 -0.005 0.004
-0.007 0.021 -0.018 0.015 -0.013 0.011 -0.007 0.008 -0.007 0.007
-0.009 0.098 -0.016 0.058 0.000 0.045 0.000 0.032 -0.011 0.033
-0.012 0.035 -0.005 0.020 -0.009 0.013 -0.007 0.011 -0.004 0.009
-0.010 0.016 0.004 0.008 0.001 0.006 0.002 0.005 -0.002 0.004
-0.009 0.015 -0.003 0.007 -0.004 0.005 -0.008 0.003 0.002 0.003
-0.012 0.014 -0.011 0.010 -0.012 0.007 0.000 0.005 -0.008 0.005
-0.019 0.096 -0.014 0.070 0.001 0.058 -0.019 0.045 -0.007 0.040
0.009 0.034 -0.001 0.022 0.006 0.017 0.001 0.011 -0.009 0.012
-0.013 0.017 -0.004 0.009 -0.004 0.006 0.001 0.005 0.000 0.004
-0.008 0.011 -0.004 0.005 -0.001 0.004 0.001 0.000 0.000 0.002
-0.003 0.011 -0.005 0.006 -0.004 0.004 -0.003 0.003 -0.003 0.002

Notes. The mean bias and the MSE are computed across the 500 simulated samples. The number of nodes

n in the network is 200, 100 firms and 100 banks, in each sample. The first column reports the spillovers

intensity, i.e. the value of ¢ = p in the simulations.
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Table A.4: Simulation study - CNM estimator performance with FEs
under different share of treated, spillovers and density

o=p

-0.2

-0.3

-0.4

% of treated

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

0.10
0.25
0.50
0.75
0.90

m=2 m=4 m=6 m=8 m=10
mean bias mse mean bias mse mean bias mse mean bias mse mean bias mse
-0.025 0.120 -0.037 0.069 -0.008 0.139 0.010 0.309 -0.018 0.547
-0.014 0.034 -0.005 0.023 -0.027 0.045 -0.018 0.091 -0.012 0.209
-0.015 0.020 -0.005 0.011 -0.016 0.021 0.001 0.040 -0.009 0.081
-0.005 0.017 -0.003 0.010 -0.005 0.013 0.010 0.026 0.016 0.056
-0.003 0.022 -0.007 0.016 -0.007 0.014 0.013 0.021 -0.015 0.039
-0.002 0.098 -0.011 0.072 -0.015 0.146 -0.035 0.309 -0.033 0.835
-0.011 0.031 -0.016 0.025 -0.007 0.057 0.003 0.116 0.031 0.234
-0.016 0.018 0.002 0.011 -0.004 0.024 0.009 0.052 0.012 0.107
-0.001 0.012 -0.014 0.008 -0.006 0.015 -0.002 0.032 0.019 0.058
-0.016 0.018 -0.005 0.009 -0.003 0.013 0.008 0.026 0.018 0.049
-0.048 0.130 -0.007 0.081 -0.008 0.164 -0.004 0.333 -0.007 0.675
-0.017 0.034 0.006 0.029 -0.006 0.053 -0.001 0.126 -0.030 0.220
-0.004 0.016 -0.011 0.012 0.006 0.029 -0.016 0.049 0.029 0.102
-0.008 0.011 -0.004 0.008 0.001 0.018 0.004 0.035 -0.006 0.087
-0.015 0.014 -0.003 0.003 -0.012 0.015 0.005 0.034 0.005 0.065

Notes. The mean bias and the MSE are computed across the 500 simulated samples. The number of nodes

n in the network is 200, 100 firms and 100 banks, in each sample. The first column reports the spillovers

intensity, i.e. the value of ¢ = p in the simulations.
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Table A.5: Simulation study - estimator performance under different
spillovers, size and density

n.m true true true true true
P B8 9 P B ) P 15 9 P B ) P B8
200 -0.1 -0.1 2 -0.1 -0.2 2 -0.1 -0.3 2 -0.1 -0.4 2 -0.4 -0.4 2

2 mean -0.097 -0.100 1.977 -0.100 -0.209 1.981 -0.101 -0.306 1.979 -0.093 -0.414 1.979 -0.406 -0.406 1.987
std  0.084 0.087 0.131 0.090 0.089 0.138 0.082 0.081 0.128 0.082 0.076 0.123 0.066 0.067 0.129

4 mean -0.099 -0.096 1.983 -0.095 -0.194 1.987 -0.094 -0.299 1.985 -0.096 -0.395 1.985 -0.402 -0.395 1.996
std  0.040 0.041 0.107 0.040 0.040 0.095 0.040 0.044 0.101 0.040 0.042 0.096 0.039 0.040 0.092

6 mean -0.098 -0.098 1.991 -0.097 -0.197 1.985 -0.097 -0.295 1.989 -0.096 -0.398 1.992 -0.402 -0.395 1.996
std  0.029 0.030 0.093 0.029 0.030 0.088 0.029 0.033 0.077 0.028 0.032 0.079 0.039 0.040 0.092

8 mean -0.101 -0.097 1.992 -0.101 -0.197 1.992 -0.100 -0.296 1.991 -0.098 -0.398 1.995 -0.403 -0.396 1.998
std  0.024 0.022 0.079 0.025 0.026 0.070 0.024 0.026 0.070 0.024 0.028 0.069 0.033 0.032 0.073

10 mean -0.102 -0.096 1.999 -0.099 -0.198 1.994 -0.100 -0.297 1.992 -0.098 -0.398 1.995 -0.402 -0.397 2.003
std  0.021  0.020 0.066 0.023 0.023 0.068 0.022 0.024 0.062 0.021 0.024 0.060 0.031 0.030 0.063

800
2 mean -0.102 -0.098 1.999 -0.100 -0.201 1.998 -0.097 -0.301 1.999 -0.097 -0.401 1.998 -0.398 -0.401 2.000
std  0.041 0.043 0.064 0.044 0.042 0.067 0.042 0.042 0.063 0.040 0.037 0.067 0.034 0.033 0.060

4 mean -0.098 -0.098 1.994 -0.099 -0.198 1.994 -0.098 -0.300 1.998 -0.097 -0.400 1.995 -0.398 -0.401 2.001
std  0.022 0.021 0.054 0.021 0.022 0.051 0.021 0.022 0.048 0.018 0.020 0.047 0.021 0.020 0.047

6 mean -0.099 -0.100 1.998 -0.099 -0.200 1.998 -0.097 -0.300 1.996 -0.099 -0.400 1.999 -0.398 -0.401 2.001
std  0.015 0.014 0.048 0.015 0.016 0.042 0.014 0.016 0.040 0.014 0.016 0.041 0.021 0.020 0.047

8 mean -0.100 -0.099 1.996 -0.100 -0.200 1.995 -0.099 -0.300 1.998 -0.099 -0.399 1.997 -0.401 -0.399 2.002
std  0.012 0.012 0.041 0.012 0.014 0.036 0.013 0.014 0.035 0.012 0.014 0.036 0.015 0.016 0.036

10 mean -0.100 -0.099 1.997 -0.100 -0.200 2.001 -0.099 -0.300 1.998 -0.099 -0.400 1.996 -0.399 -0.400 2.000
std  0.010 0.011 0.036 0.010 0.011 0.032 0.011 0.012 0.031 0.010 0.012 0.031 0.015 0.015 0.033

Notes. The mean and the std are computed across the 500 simulated samples. n is the number of nodes

in the network, m regulates the network density as described in Section 4.1.

Idiosyncratic Firm and Bank Shocks, Detailed Exposition. Here we
deepen the properties firm and bank FEs’ estimates, which account for idiosyn-
cratic shocks, when using the isolated credit model (ICM) and the credit network
model (CNM). To better assess the magnitude of the bias in finite samples, we let
all FEs be positive by adding the minimum draw for each replication. To aggre-
gate all the firms’ and banks’ specific parameters, we use the mean bias, the mean
absolute bias and the root mean squared bias: MB = 1/RY. {1/N [2511(53” -
8) + X (v = MY« MAB = 1R [1/N(SIL, 187 — 6 + 300, I — )],
RMSE =1/RY NS (8 — 62 + S0, (F — )2,

Table A.6 reports these indicators for different network sizes (n = 200, 800
and 2000), network densities (m = 4,6,8 and 10) and magnitude of spillovers (¢
and p). The bias for the ICM is increasing in both the density of the network and

the magnitude of spillovers, while the bias of the CNM is always close to zero and
converges to it as n tends to infinity.

Given that # = 0.1 in our pivotal setting and we constrained the FEs to be
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positive, the average FE is greater than 0.3 with a probability lower than 0.001.
The bias of the ICM ranges from about 0.3 (when m =4 and ¢ = p = —0.2) and
3 (when m = 10 and ¢ = p = —0.4), which means that with low (high) density
and small (large) spillovers the ICM estimate is on average about the double
(ten times) the real idiosyncratic shock with very high probability. The intuition
behind this result is that competitive interactions let positive idiosyncratic shocks
diffuse through the credit network and amplify them, overestimating them, if such

feedback loops are not accounted for.

Table A.6: Simulation study - ICM and CNM estimators performance
under different spillovers, size and density

b=p=—02 b=p=-03 S=p=-04
n m MB MABRMSE MB MAB RMSE MB MAB RMSE
200
4 ICM 0.303 0.394 61 0.412 0.460 73  0.628 0.648 98
CNM 0.002 0.418 67 0.002 0.424 71  -0.005 0.420 69
6 ICM 0.435 0.532 627 0.676 0.739 843 1.283 1.330 1,446
CNM -0.005 0.447 556 -0.009 0.448 556 -0.009 0.447 547
8 ICM 0.650 0.732 1,472 1.066 1.125 2,163 2.230 2.281 4,316
CNM-0.013 0.472 1,025 0.001 0.466 1,002 -0.014 0.462 995
10 ICM 0.820 0.891 2,234 1.414 1.462 3,599 3.074 3.138 7,628
CNM -0.027 0.498 1,376 -0.021 0.494 1,376 -0.018 0.474 1,312
800
4 ICM 0.276 0.377 484 0.376 0.429 527  0.594 0.620 729
CNM 0.000 0.414 543 -0.0020.415 535 0.001 0.417 539
6 ICM 0.412 0.516 4,851 0.642 0.710 6,427 1.253 1.305 11,317
CNM -0.002 0.437 4,299 -0.002 0.436 4,284 -0.002 0.435 4,257
8 ICM 0.615 0.701 11,235 1.039 1.100 16,944 2.195 2.256 34,081
CNM -0.004 0.448 7,707 0.000 0.448 7,664 -0.002 0.449 7,710
10 ICM 0.789 0.862 17,467 1.374 1.430 28,187 3.015 3.081 59,562
CNM -0.007 0.458 10,089 -0.002 0.454 10,007 -0.009 0.457 10,041
2000
4 ICM 0.264 0.371 1,882 0.360 0.419 2,052 0.577 0.604 2,821
CNM 0.000 0.415 2,144 -0.002 0.413 2,118 0.002 0.414 2,127
6 ICM 0.399 0.507 18,845 0.632 0.703 25,099 1.238 1.295 44,536
CNM 0.001 0.434 16,831 0.000 0.434 16,802 -0.001 0.435 16,858
8 ICM 0.602 0.691 43,662 1.023 1.086 66,298 2.171 2.231 133,100
CNM -0.001 0.444 30,017 0.000 0.443 30,005 0.000 0.444 30,024
10 ICM 0.775 0.851 68,219 1.354 1.412 109,951 3.001 3.069 234,902
CNM 0.001 0.450 39,115 -0.005 0.450 39,012 -0.004 0.448 38,915

Notes. ICM and CNM stand respectively for isolated credit model and credit network model. n is the number of
nodes in the network, m regulates the network density as described in Section 4.1. MB, MAB and RMSE denote
mean bias, mean absolute bias and root mean square error.

All statistics are averaged across 500 replications using the standard definitions for the estimated bank and firm
fixed effects.

RMSE is reported without decimals.
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A.2.1 Bias with Endogenous Treatments

The analytical results in the supplementary online Appendix Section A.1.5 show
that in the presence of endogenous treatments, both the CNM and ICM estimates
of B can be biased. However, the difference between the two biases can inform
about the presence of spillovers and the latter can be still estimated without
distortion. In this section, we study the performance of both estimators when
treatment endogeneity is introduced and sequentially increased in finite samples.
To analyze this case, we start from the settings used above and generate ¢ =
tX +V, with V being a normal error term with mean equal to 0 and variance
equal to 0. On the one hand, we increase sequentially the endogeneity of the
treatment with + = 0,0.2,0.5. On the other hand, we increase the magnitude of
spillovers ¢ = p =0, —0.2, —0.4, as in the previous exercises.

Table A.7 reports our findings. The first interesting result is that spillovers are
always correctly estimated by the CNM, even in the presence of high treatment
endogeneity. This is because the spillovers among agents’ outcomes can be still
recovered even if the treatment is endogenous, as discussed in Section A.1.5 of the
supplementary online Appendix. Moreover, we can see that when cross-elasticities
are shut down there is no significant difference between the ICM and CNM, but,
when they do, the estimator we propose performs strictly better than the ICM.
The second result is that, while CNM’s estimate bias increases steadily in ¢, it
is not sensitive to ¢ and p, at difference with the ICM estimates’, where biases
compound. Indeed, we can see that the bias of the ICM increases in both ¢ and
¢ = p, almost doubling the magnitude of the estimated effect when spillovers and

treatment endogeneity are high.
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Table A.7: Performance of All Estimators When Treatment is
Endogenous

¢ p B ¢ p B ¢ p B
o=p=0 CNM mean 0.001 -0.001 2.007 0.003 0.004 2.194 0.003 0.001 2.495
std 0.033 0.035 0.076 0.031 0.032 0.075 0.027 0.027 0.077

ICM mean 2.008 2.193 2.494
std 0.073 0.071 0.074

¢o=p=-02 CNM mean -0.197 -0.197 2.002 -0.199 -0.197 2.203 -0.200 -0.199 2.500
std 0.033 0.034 0.073 0.029 0.031 0.072 0.027 0.026 0.073

ICM  mean 2.231 2.457 2.789

std 0.085 0.084 0.087

¢o=p=-04 CNM mean -0.398 -0.399 2.003 -0.400 -0.398 2.196 -0.399 -0.401 2.496

std  0.030 0.030 0.077 0.027  0.028 0.083 0.023  0.023 0.076

ICM  mean 2.915 3.197 3.649
std 0.152 0.152 0.183

Notes: Over this Table, we compute the mean and the standard deviation across
500 simulated samples. The number of nodes is 800, m = 2 and § = 2.
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A.3 Support Tables for the Empirical Application

Table A.8: Descriptive Statistics, Estimation Sample

Mean S.D. P.25 Median  P.75 N.
Credit Relationships Characteristics
A In(C) 0.032 0.416 -0.064  0.000 0.053 2,631,983
Revolving on Total 0.277 0.318 0.052 0.143 0.365 2,631,983
Granted on Total 0.293 0.207  0.129 0.240 0.417 2,631,983
Same Province 0.306 0.461  0.000 0.000 1.000 2,631,983
Rel. Age (1999) 3.859 2.578  2.000 3.000 6.000 2,631,983
Firm Characteristics across Relationships
N. Rel. Firm 4.162 2.304  2.000 4.000 5.000 2,631,983
I(Risk) 0.285 0.452  0.000 0.000 1.000 2,612,755
Risk Rating 5.274 1.794  4.000 5.000 7.000 2,612,755
Bank Characteristics across Relationships
N. Rel. Bank 19,305 1,7528 4,151 13,634 30,657 2,631,983
In(100*Bank Eq./Asset) 1.915 0.284 1.720 1.844 2.082 2,228,595
I(Bank Id. Change) 0.024 0.154  0.000 0.000 0.000 2,631,983
Aggregates
A Overnight Rate (pp) 0.163 0.771 -0.510 0.014 1.130 2,631,983
Count
N. Firm 223,379
N. Banks 696
Years 2002-2008

Notes: This Table presents descriptives for the estimation sample (2002-2008). The first panel,
Credit Relationships Characteristics, describes the distribution of changes in granted credit, as
well as that of the revolving intensity of credit relationships, the ratio between credit granted
on the relationship and total credit granted to the firm, the dummy tracking whether firm and
bank share the same headquarter province, and the age of the credit relationship since year
1999. The second panel, Firm Characteristics across Relationships, summarizes the distribution
of number of credit relationships per firm, of the risk dummy (risk rating greater or equal to
seven), and that of the underlying firm risk rating (there are 10 levels in increasing risk order)
across credit relationships. The third panel, Bank Characteristics across Relationships, displays
the distribution of the number of the credit relationships per bank, the log of the bank equity
to assets ratio, and of the dummy tracking whether the id of the bank in the dataset changes
(e.g., due to a merge) across credit relationships. Finally, we report descriptives for the Italian
overnight rate in percentage points and the number of firms, banks and years covered in our
sample. This is a support Table for Table 4.
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Table A.9: First Stage for Table 4

(1) (2) 3) (4)

Dependent Variable: NpAlog (granted,;;) NpAlog (granted,;,)
Coeft. S.E. Coeft. S.E.
Instrumental Variables:
NpTreat.;p;_1 0.0587 0.00005  -0.0015 0.0003
NgRev. on Total;; 0.2138 0.0004 0.0185 0.0023
NpGranted on Totalyy—q -0.1803 0.0005 -0.0015 0.0031
NgpRel. Agegy, 0.0038 0.00002 -0.001 0.0001
NpSame Province;y 0.0144 0.0002 -0.0018 0.001
NpTreat.jp_1 0.0056 0.0002 0.0302 0.0009
NrRev. on Totaly_1 -0.0309 0.0003 0.0614 0.0017
NpGranted on Total;y_1 -0.1033 0.0017 -0.2387 0.0096
NrRel. Agey 1 0.0006 0.00003 0.0039 0.0001
NpSame Province;,;_q 0.0039 0.0002 0.0023 0.001
N 2,107,094 2,107,094
Fow 43,919 547
Bank-time FEs v v
Firm-time FEs v v
Credit relationship-level controls v v

Notes: Estimated coefficients and standard errors for the two first-stage equations of model (5) employing the
2SLS estimator in Equation (14), whose second stage is displayed in Table 4. The second stage dependent variable
Alog (granted;;, ) is the yearly log growth rate of the credit relationship. Np is the bank-network lag operator and
equals Zje]F\z‘aib,]'b'Ijbt for every covariate x; N is the firm-network lag operator and equals Zke]B\baib,kaiki
for every covariate x. Treat.;p;_1 is the product between the change in the banks’ overnight rate, the lag of the
log-transformed equity over asset ratio in percentage points, and the risky-firm indicator variable. Bank-related
coefficients are re-scaled to account for the disparity in the number of relationships between banks and firms,
using the 25th percentile of the distribution of banks’ credit relationships as point of reference. In particular,
coefficients and standard errors for bank-network-lag covariates in the first stage of Nr A log (granted;;,) (columns
3 and 4, first block) are multiplied by 4,402, while coefficients and standard errors for firm-network-lag covariates
in the first stage of NgA log (granted;;;) (columns 1 and 2, second block) are divided by 4,402. The Fgyy statistic
is the weak-instrument test for linear IV models with multiple endogenous variables proposed by Sanderson and
Windmeijer (2016). This table is generated from the same workbook as Table 4.

A.4 Extensions and Discussions

In this section, we discuss issues related credit relationships that, while not mate-
rializing in practice, still played a role in equilibrium by their simple possibility, as
unrealized outside options still affect the results on-path. In particular, we deepen
our arguments regarding their lack of material relevance in the proposed empirical

exercise in Section 5. Furthermore, we present an extension of the model to allow
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for heterogeneous ¢ and p. Finally, we provide and in-depth comparison of our

model with other approaches used in the literature.

A.4.1 Heterogeneous FCC and BCC

The CNM can be augmented to have bank- and firm-type specific spillovers, for
example if one is interested in studying the substitution of credit from a type
of banks to another type of banks by firms, or the reallocation of credit from a
certain type of firms to another one by banks, and eventually combinations of the
two depending on the specific empirical questions.

A typical example for the FCC is the substitution of credit from low technology
banks to high technology ones by firms demanding new and more modern financial
services.%? Another one, focusing this time on the BCC, is the reallocation of credit
by banks from sectors hit by specific shocks to unaffected ones.®® Let us focus on
the first case and suppose that there are H (high tech) and L (low tech) banks.

H captures the

If we have these two types, we will have four types of ps. p
spillovers among relationships involving type H banks; p” captures the spillovers
among relationships involving type L banks; p“ captures the spillovers from
relationships with type H bank to those with type L; p™* captures the spillovers
from relationships with type L bank to those with type H. If, for example, one
expects high substitution of credit from low tech banks to high tech banks, pf*
should be higher than the others.

Model (5) will then become:

C = (p"Ap + p"Ap + p"FAR" + pHHART)C

where the matrix A% keeps track of connections among relationships involving the
same firm and banks of type H; the matrix A% keeps track of connections among
relationships involving the same firm and banks of type L; AZL and AL are
symmetrically equal matrices that keep track of connections among relationships
involving the same firm and banks of both types.

In such extension of the baseline model, the instrumental variables change

62See Fuster et al. (2019), Fuster et al. (2022), Branzoli, Rainone, and Supino (2024), Core
and De Marco (2021) and Kwan et al. (2021), among the others, for studies on the effects of
bank technological adoption and credit.

63See Paravisini, Rappoport, and Schnabl (2023), Federico, Marinelli, and Palazzo (2023) and
Federico, Hassan, and Rappoport (2023), among the others, for studies on lending behavior by
banks more specialized or with loan portfolios concentrated in sectors more exposed to shocks.
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accordingly to the different specification. First order approximations of the best

IV for the five endogenous variable are respectively:

OPIVi, = AZX,
OPIV}, = ALX,
OPIV} ;= AKX,
OPIV}y,, = AFEX,
OPIVg = ApX.

Second order approximations of the best IV for the five endogenous variable are

respectively:

OPIVZ, = A%l Ap]X,
OPIVE, = AL[I, Ap]X,
OPIVE y = ARE[I, Ap]X,
OPIVZ,, = AZE[I, A X,
OPIVZ = Ap[l, A% AL ALT AL X

Similar derivations can be computed for higher order approximations.

If we are interested in heterogeneous reallocation policies by the banks, sup-
pose within and between two sectors (say S and T, are the only two sectors in
the economy), we will have again four types of ¢s. ¢° captures the spillovers
among relationships involving firms in sector S; ¢ captures the spillovers among
relationships involving firms in sector 7'; ¢™° captures the spillovers from rela-
tionships with firms in sector S to those in sector T; ¢°T captures the spillovers
from relationships with firms in sector 7' to those in sector S. If, for example,
one expects high substitution of credit from firms in sector S (if they are hit by a
shock increasing their cerdit risk for example) to firms in sector T, ¢** should be
higher than the others.

Model (5) will then become:

C = (545 + 6" AL + 65 AF + 6T A)C
+ pArC + Zp + €.

where the matrix A% keeps track of connections among relationships involving the

same bank and firms of sector S; the matrix AL keeps track of connections among
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relationships involving the same bank and firms of sector T; AZT and ALY are
symmetrically equal matrices that keep track of connections among relationships
involving the same bank and firms of both sectors.

In such extension of the baseline model, the instrumental variables change
accordingly to the different specification. First order approximations of the best

IV for the five endogenous variable are respectively:

OPIV)s = ASX,
OPIVg, = ALX,
OPIVine = ALSX,
OPIVigr = AST X,
OPIVE = ApX.

Second order approximations of the best IV for the five endogenous variable are

respectively:

OPIVZs = A3, Ap] X,
OPIVA, = ALII, Ap) X,
OPIVEg = AL, Ap) X,
OPIVEer = AFNI, Ap) X,
OPIVE = Ap[I, A%, AL ALS A3TX.

Similar derivations can be computed for higher order approximations.

Overall, when we are interested in heterogeneous FCC and BCC, instrumen-
tal variables depend on the final specification and thus on the specific research
question. We thus do not provide sufficient identification conditions as those in
Proposition 4, for any possible configuration. Nevertheless, a more general con-
dition for identification is that the matrix including the expected value of the
endogenous variables and the other covariates in the model has full rank. In this

example, we need the matrix

[E(ARC), E(ALC), E(A}'C), E(AR°C), E(ApC), Z]

to have full rank. The intuition is that as long as there are intransitive quadriads
for any combination of heterogeneous BCC and FCC resulting from the selected
choices, this condition is always respected, the parameters are identified and the

IVs can be constructed as linear combinations of the vectors appearing in the
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expected value of each endogenous terms.

A.4.2 Unobserved credit relationships

The issue of unobservable links is pervasive in networks (Bramoullé, Djebbari, and
Fortin, 2020b). Sampling and measurement error are the two main determinants.
When just a sample of links is observed, for example when survey data is used to
capture connections among agents omitted variable issues arise (Chandrasekhar
and Lewis, 2011). As pointed out by Blume et al. (2015), incorrectly assuming
an absence of connections invalidates the exclusion restriction for instrumental
variables built from the network structure. From this standpoint, a reassuring
feature of the credit register data we use is that it is not a sample. It covers
the entire population of loans above a very low threshold: 30 thousand euros as
total exposure in terms of granted credit. However, even though the issues of
sampling and measurement error are no material for us, there could be market
interactions, especially among banks, that may in principle be at work. Let us
call them non-existing but potential credit relationships. Theoretically, a firm ¢
served by bank a could potentially have gone to other banks in the market. Issues
may arise if shocks to those banks influence the terms that bank a applies to
firm ¢ and the OPIV. If the firm borrows also from another bank, say b, these
market interactions are visible and considered in our model. Indeed, it is what we
focus on. If the firm does not borrow from another bank, say ¢, but its borrowing
decisions with bank a are influenced by bank c¢’s supply strategy, then the non-
existing relationship between firm ¢ and bank ¢ may affect our estimates. The
magnitude of this perturbation depends on the extent of the overlap between
banks’ portfolios, as in the OPIV, and the heterogeneity of their pricing strategies.
We use this simple setting to provide examples in Figure A.2. Let us focus on a
situation where we are interested in estimating the effect of a variation of the rest
of bank a’s relationships on relationship ia (¢), using our OPIV| i.e. variation in
the relationships of bank b that have the same borrowers of those of bank a (say
—igp). If the pricing strategy of bank ¢ affects homogeneously firms that borrow
from banks a and b (panel a)), the uniform (across relationships) reactions of both
banks are absorbed by bank FEs and there are no issues. Some issues may arise
if bank ¢ targets exactly firm ¢ and the whole set of borrowers that bank a and
b share (panel b)). In this case, FEs will not capture the heterogeneous reaction
within bank a’s and b’s pricing strategies and such non-existing, but potential,

relationships would be omitted variables that are correlated with the instrumental
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variable. However, if bank ¢ targets a fraction of borrowers in the market, say
based on some characteristics, which include firm ¢ and only a small fraction of
bank b portfolio, variation in non-targeted bank b’s loans can be still used as a
valid instrument. If banks’ pricing rules are known by the econometrician, she
can easily assess which configuration is in place. If not, she has to assume that
we are in the first or the last configuration. Fully homogeneous pricing rules are
difficult to assume. However, as banks are usually risk adverse and diversify their
portfolios, it is very unlikely that —i,, contains the very same type of firms of ¢
and that bank ¢ have a specific pricing rule only for them and 7. In addition, in
our model —i,, contains all the relationships of bank a (shared with bank b) but
1, we do not focus on a subset of them, thus as long as the portfolio is diversified
scenarios as depicted in (panel b)) are unlikely to materialize. In practice, it
could happen only when the bank has only one type of borrower, which again is
almost impossible to observe in the credit market. For this reason and given data

unavailability of bank’s pricing rules, we work under such assumption.
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Figure A.2: Non-existing but potential credit relationships

(a) Full portfolio strategy

i b

(b) Large overlapping partial portfolio strategy

& b

(c) Small overlapping partial portfolio strategy

Notes: Blue nodes a,b and ¢ are banks, red nodes are firms, solid edges are existent credit

relationships, dashed ones are non-existing but potential relationships.
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A.4.3 Comparison between OPIVs, SSIVs, and GIVs

In general terms, OPIVs are related to other approaches decomposing market’s ag-
gregate outcomes to derive instrumental variables, such as shift share instrumental
variables (Bartik, 1991; Blanchard et al., 1992; Borusyak, Hull, and Jaravel, 2022;
Goldsmith-Pinkham, Sorkin, and Swift, 2020, SSIVs, see), and granular instru-
mental variables (GIVs, Gabaix and Koijen, 2024). However, our approach differs
from the GIVs and SSIVs approaches substantially.%* OPIVs and both these ap-
proaches are actually complements, because they can be used in different types of
markets.

The GIVs and SSIVs are procedures designed to estimate price elasticities in
centralized markets, where there is only one price, while we design OPIVs to esti-
mate objects more similar to elasticities of substitution in decentralized markets,
where the price varies at the pair level and the identity of counterparties matters.
For example, GIVs exploit the fact that in centralized markets single agents de-
mand (or supply) depends on the aggregate price, but the aggregate price does
not depend on the demand of the single agent, rather the aggregate demand. The
instrumental variable is obtained when few large actors account for a substantial
fraction of aggregate demand (supply) and idiosyncratic shocks are volatile relative
to the volatility of aggregate shocks. Although being deeply different from each
other, both GIVs and SSIVs derive instruments by decomposing aggregate quan-
tities (like the aggregate demand, for example) and using exogenous components,
under different assumptions.

The OPIV does not decompose any aggregate quantity, it instead derives in-
strumental variables for endogenous disaggregated outcomes, exploiting intransi-
tivity in decentralized markets. The OPIVs exploits the fact that in decentralized
markets agents demand (or supply) in a single contract depends on what happens
in other contracts involving the same parties. We obtain OPIVs under the condi-
tion that agents have not fully overlapping portfolios of counterparties. Whereas
GIVs use players’ size disparities to derive exclusion restrictions, OPIVs use in-
transitivity. GIVs need that idiosyncratic shocks to large players can be separated
from systemic ones (granularity). What OPIVs need is that not all banks lend to

all firms.

64See Gao (2024) for an extension of the shift-share design to the network setting.
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A.4.4 Comparison with Papers on Spillovers in Corporate Finance

In this section we discuss the main differences between our model and those of the
family which Huber (2022), Berg, Reisinger, and Streitz (2021) belong to.

The first difference is about the main outcome variables and the source of
spillovers considered. We study the formation of outcomes in the credit market,
and specifically we focus on quantities of loans. They study the effects of shocks
to banks to firms’ outcomes, such as employment. They assume that spillovers
come from firms operating in the same region or sector. Our spillovers come from
relationships that share the very same counterparty. In other words, they provide
tools to account for spillovers among firms when the effects of financial shocks on
real outcomes are analyzed. We provide a tool to model spillovers among credit
relationships and account for them when the effects of financial shocks on credit
outcomes are analyzed.

Focusing on credit outcomes implies another difference: we study outcomes at
the bilateral level, because we look at credit market outcomes that are bilateral by
construction, the other papers look at individual outcomes. This feature allows
us to exploit the micro structure of the market for identification and infer on
counterparties specific behaviors. It comes with non trivial differences in the
complexity of the model and in the interpretation of the results. Indeed, we can
provide a structural model that not only controls for spillovers, but also allows to
recover parameters that have a direct behavioral interpretation in terms of credit
substitution and reallocation, as discussed above.

Whereas these works focus on the impact of peers’ treatment status (being
more or less hit by shocks, i.e., contextual effects) in reduced form, we mainly
focus on identifying and controlling for the effects of peers’ outcomes (endogenous
effects). It follows that our approach recovers parameters that can be precisely
mapped to the primitives of a structural model, thus having a direct behavioral
interpretation. Measuring these primitives is especially interesting in the case of
credit relationships. The bank-firm relationship is a key determinant of financial
shocks’ pass-through, but its working is still a black box. Our model allows us
to unpack the black box and uncover the importance of bank supply and firm
demand reallocation across different relationships to determine the effect of shocks
in equilibrium.

In summary, we focus on endogenous effects and they focus on exogenous
effects. The endogenous effects capture agents’ choices/outcomes that depend

on that of others, and can be interpreted through assumed response functions
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of agents, while exogenous (contextual, reduced-form) effects control for others’
exogenous characteristics or treatment status. From this perspective, the two

approaches can be useful complements to study the effects of financial shocks.
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