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1 Introduction

Many econometric settings require the decomposition of the outcome of an observed match

into two components, with one associated with each side of a market. In a seminal paper,

Abowd et al. (1999) (henceforth AKM) decompose log wages into worker and employer

characteristics using two-way fixed e!ects. This decomposition problem applies broadly

across bipartite networks, where two distinct types of agents interact exclusively with agents

of the opposite type (see Bonhomme 2020 for a review). For instance, Khwaja and Mian

(2008) and Amiti and Weinstein (2018) use fixed e!ects to decompose firm-bank credit

relationships into credit demand and supply shocks, while Abowd et al. (2004) consider

relationships between importers and exporters. Similar empirical challenges and applications

abound throughout corporate finance, production networks, and international trade.

The majority of subsequent reduced-form research has adopted the AKM framework,

relying on two-way fixed e!ects to recover agent-level components. However, these decom-

positions are premised on homogeneous e!ects, which are uniform across a worker’s employers

or a bank’s credit relationships. Recent work questions this assumption across multiple lit-

eratures. Borovičková and Shimer (2024) and Bonhomme et al. (2023) demonstrate that

sorting, worker mobility, and assortative matching can violate uniform worker-firm e!ects.

In credit markets, Paravisini et al. (2023) document bank specialization across export mar-

kets, while Chodorow-Reich (2014) shows the empirical importance of relationship lending.

Furthermore, banks may ration credit based on correlated firm riskiness, and firms uniquely

value specific lending relationships (e.g., Anderson et al. 2022), plausibly generating mean-

ingful heterogeneity in supply and demand shocks. Moreover, a model with homogeneous

shocks precludes crucial policy questions, such as how credit supply propagates di!erentially

across heterogeneous firms following regulatory or monetary interventions.

We propose an alternative decomposition to identify heterogeneous relationship-level ef-

fects. To do so, we introduce a second observable variable. In a labour setting, this could

be match duration studied alongside wages; in credit markets, it is natural to study the

interest rate on credit alongside its volume. We model this bivariate, relationship-level vec-

tor as a linear combination of two relationship-level e!ects, such as match-specific worker

and employer e!ects or relationship-level demand and supply shocks. Rather than imposing

homogeneity across relationships, we assume that these e!ects are correlated. Crucially, we

permit two-way correlation, meaning for instance that demand shocks can be correlated not

just within a firm but also across firms, for the same bank. We illustrate how this realis-

tic feature naturally leads AKM-style decompositions that rely on two-way fixed e!ects to

conflate demand and supply e!ects. Our identification strategy exploits the cross-sectional
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covariance of the observable vector across both firms and banks, adapting the intuition of

identification via heteroskedasticity from the time-series literature (Rigobon 2003; see Lewis

2025 for a review) to a cross-sectional network setting.

Our strategy gives rise to a simple, closed-form estimator of the matrix linking observables

and relationship-level e!ects, and we establish its consistency and asymptotic normality. We

also provide a test for the presence of two-way correlation, under which traditional fixed

e!ects approaches may fail to separate demand and supply. Our estimator is consistent

provided a non-vanishing share of agents on each side of the market have degree (number of

relationships) increasing with the number of opposite-type agents. Under this assumption, we

decompose all relationships with vanishing error, even for agents with only two relationships.

Recently, Jochmans and Weidner (2019) established that the consistency of traditional two-

way fixed e!ects estimates requires the number of connections per agent and their immediate

neighbors to grow to infinity. Our requirement is more plausible in our empirical setting

where most multi-bank firms borrow from only two or three lenders, while a few large firms

maintain extensive banking relationships. Inference adapts standard variance estimators, and

we provide Stata/Python routines for implementation. Empirically-calibrated simulations

(based on the Italian credit market) demonstrate strong finite-sample performance.

We view our decomposition as an alternative to AKM; each requires di!erent assump-

tions that will be more plausible in some settings than others. Our approach hinges on two

key structural assumptions that reflect its limitations. First, we assume the same coe”cient

matrix maps observables to underlying shocks across all relationships, though the scale of

the shocks themselves can vary. While potentially restrictive, the econometrician can weaken

this assumption by conditioning on narrower sample slices, such as limiting attention to sim-

ilar firm sizes within a given industry. Moreover, this restriction must be weighed against

the similarly stark assumption of standard decompositions that all shocks are equal across

relationships for a given agent. Second, our decomposition is defined by the assumption that

e!ects of opposite type (demand and supply) are orthogonal across relationships, aligning

with macroeconomic notions of structural shocks. While we argue that this condition is

suitable for intensive-margin variation, it requires careful interpretation when network for-

mation is involved and does not allow us to study aggregate time-series variation. Finally,

like AKM, our approach is applicable when agents have multiple relationships within the

sample to leverage cross-relationship covariance.

Throughout the paper, we interpret our methodology and assumptions through the lens

of our empirical application, the supply and demand of corporate credit. This setting easily

maps to a range of other financial market contexts. However, the methodology also extends

to labor markets, product markets, and broader industrial organization settings where price
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and quantity data are available across multi-agent matches, such as Nielsen consumer panels.

We apply our identification strategy to recover quarterly relationship-level demand and

supply shocks for thousands of firms and banks across nine euro-area credit markets from

2019 to 2023 using the AnaCredit dataset. We establish seven key sets of empirical facts.

First, we document substantial cross-country heterogeneity in the slopes of credit demand

and supply curves, though they remain stable within countries over time. Second, under our

assumptions, we statistically reject the one-way correlation restriction required for AKM

decompositions to disentangle demand and supply in the vast majority of country-periods.

Third, we find pervasive heterogeneity across relationships, with within-firm and within-bank

variation in demand and supply shocks being substantial, on the same order of magnitude

as variation between firms and banks. Fourth, regressions using AKM-based measures yield

results at odds with economic theory; demand e!ects appear contaminated by supply shocks,

with a positive demand shock lowering interest rates. Fifth, as a result, controlling for AKM-

style demand measures in regressions, following Khwaja and Mian (2008), attenuates the

estimated impact of the post-2022 monetary contraction, whereas controlling for our demand

measures uncovers a significant and substantial reduction in credit growth for exposed firms

borrowing at floating or short-term rates. Sixth, this supply-driven borrowing contraction

leads to significantly worse real firm-level outcomes in terms of total assets, turnover, and

credit-to-asset ratios, which are similarly attenuated when using AKM controls. Finally,

following identified monetary policy shocks, relationships with higher shares of fixed-rate

loans exhibit lower relative credit demand, but the relative supply of credit to these same

firms increases, consistent with banks assessing lower interest rate risk. These empirical

results illustrate how our alternative decomposition can speak to important policy questions

regarding the distributional and real e!ects of contractionary monetary policy actions —

insights that may be lost under aggregate or homogeneous shock assumptions.

Our paper connects to several strands of literature. Existing approaches to incorporating

heterogeneity into decompositions of this type have typically relied on interactions or other

functions of fixed or random e!ects, which remain homogeneous, to do so (e.g., Chamberlain

1980; Graham et al. 2014; Amiti and Weinstein 2018; Crippa 2025). Our model maintains

a tractable linear structure by embedding heterogeneous relationship-level shocks directly.

Our identification strategy also relates to the granular instrumental variables approach of

Gabaix and Koijen (2024), which similarly exploits idiosyncratic shock variation. However,

while granular identification leverages size-weighted idiosyncratic demand to instrument for

market-level aggregates under a uniform price, our approach exploits the variance within an

individual firm’s relationships and requires price variation at the relationship level.

We di!er from several contemporaneous extensions of the AKM model. Crippa (2025)
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introduces complementarities via an interaction function but maintains homogeneous unit-

level e!ects. There is a growing contemporaneous literature questioning the suitability of

AKM decompositions specifically for credit markets. Gutierrez et al. (2025) apply a grouped

fixed e!ects estimator (Bonhomme and Manresa 2015) to allow for latent group-specific sup-

ply shocks, but they retain homogeneous firm demand and require many relationships for

each firm to consistently estimate group membership. Bruche et al. (2026) focus on firm

preferences over specific lenders, measured using a multinomial logit framework based on

observables, but do not generate relationship-level demand shocks or speak to supply het-

erogeneity. After constructing a structural banking model to isolate supply substitution,

Bergman et al. (2025) make similar observations to ours about how AKM-type decomposi-

tions may not recover true relationship-level e!ects in the face of heterogeneity and propose

estimators to recover the e!ects of both supply shifters and total supply shocks on firm

outcomes. However, their framework restricts attention to two-bank firms and is silent on

demand-side heterogeneity. Lastly, Pietrosanti and Rainone (2026) provide instrumental

variables valid in the presence of network spillovers, which can be viewed as endogenous re-

sponses to structural shocks and can contaminate AKM-type decompositions; our framework

can accommodate these interactions on the intensive margin.

Empirically, we build directly on the literature pioneered by Khwaja and Mian (2008),

and pursued by Amiti and Weinstein (2018), Greenstone et al. (2020), Cingano et al. (2016),

and many others, which principally uses fixed e!ects-based measures of demand and/or sup-

ply shocks as regressors. For instance, Khwaja and Mian (2008) exploit an exogenous event

impacting bank liquidity to estimate heterogeneous credit supply shocks to firms and their

e!ects, while controlling for homogeneous credit demand with firm-time fixed e!ects. By

relaxing the common foundational assumption of relationship homogeneity, our methodol-

ogy provides an alternative framework for identifying relationship-level e!ects or shocks in

matched data environments.

The remainder of the paper is organized as follows. Section 2 provides a simple example

showing how AKM-type decompositions can fail to recover true e!ects in the presence of

heterogeneous shocks and details the intuition underlying our strategy. Section 3 presents

the formal econometric framework, asymptotic properties, and Monte Carlo simulations.

Section 4 applies our approach to euro-area credit markets and contrasts the results with

those based on AKM-derived benchmarks. Section 5 concludes.
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2 The challenge of heterogeneous shocks

In this section, we present a simple example to illustrate both a limitation of AKM-style

decompositions and the intuition behind our identification strategy. Following our empirical

application, we frame this illustration within a corporate credit market, though the underly-

ing results generalize directly to any bipartite matching setting. Let ufb = (ud
fb, u

s
fb)

→ denote

the relationship-specific demand and supply shocks for firm f and bank b. Consider an econ-

omy with two firms and two banks. Assume bank 1 is specialized – for instance, in finance

for export – and that a change in trade policy has led both firms to expand their export

operations. Suppose that

u
d
f1 = df + a, f → {1, 2},

u
d
f2 = df ↑ a, f → {1, 2},

u
s
fb = sb + ef f → {1, 2}, b → {1, 2}.

Here, a > 0 reflects a common bank-specific demand component driven by export specializa-

tion, resulting in a substitution e!ect from bank 2 to bank 1.1 The parameter df represents

a firm demand e!ect, sb represents a bank supply e!ect, and ef captures a firm-specific

component of supply, due to both banks similarly assessing firms’ risk profiles, say. For

expositional clarity, we omit idiosyncratic errors. If a = ef = 0, this setup collapses exactly

to a standard AKM decomposition where demand shocks are purely firm-specific (df ) and

supply shocks are purely bank-specific (sb). Otherwise, demand includes a bank-specific

component and supply includes a firm-specific component, with both representing realistic

features of credit market heterogeneity, which we refer to as two-way correlation. We show

below that two-way correlation causes traditional two-way fixed e!ects estimators to conflate

demand and supply.

To demonstrate this fact, assume for simplicity the change in loan quantity between firm

f and bank b is the sum of these shocks, #lfb = u
d
fb + u

s
fb, yielding the system

#lf1 = df + s1 + ef + a,

#lf2 = df + s2 + ef ↑ a.

Fitting firm and bank fixed e!ects to #lfb as an AKM decomposition (using firm 2 as the

1The symmetric impact of a on ud
f1 and ud

f2 is chosen for expositional simplicity and can be relaxed
without altering our conclusions.
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reference group) identifies the objects

d̃1 = (d1 ↑ d2) + (e1 ↑ e2)

s̃1 = s1 + a+ (d2 + e2)

s̃2 = s2 ↑ a+ (d2 + e2).

Evidently, the AKM decomposition fails to identify either the firm-specific common com-

ponents of demand or the bank-specific common components of supply. Because firm 2 is

the reference unit, the estimated firm e!ect d̃1 is intended to capture firm 1’s relative de-

mand component, d1 ↑ d2. Instead, it is contaminated by the relative firm-specific supply

component, (e1 ↑ e2). Similarly, the estimated bank supply e!ects s̃b are contaminated by

the bank-specific demand shock ±a and the reference unit-specific e!ects. Even if these

reference firm components are normalized to zero (d2 = e2 = 0), the parameters are not

identified: d̃1 = d1 + e1, s̃1 = s1 + a, and s̃2 = s2 ↑ a. Thus, an AKM-style decomposition

may fail to recover the true shocks when there is correlation in demand for a specific bank

across firms, or any correlation in supply to a specific firm across banks. Appendix C.1

demonstrates that this result holds symmetrically if a bank is selected as the reference unit.

This finding complements similar arguments based on a structural credit model in Bergman

et al. (2025), which highlight how supply substitution can distort AKM demand controls.

Our reduced-form argument shows that this limitation extends to supply itself as well as

demand and generalizes across network settings.

However, rather than impeding identification, these cross-relationship correlations can

actually be leveraged to separate the underlying shocks if a second observable variable is

introduced. Suppose we observe both the change in the interest rate (#rfb) and the loan

quantity (#lfb), linked to the underlying shocks through the system:

(
#rfb

#lfb

)
= Aufb, A =

[
1 A12

A21 1

]
, (1)

where the matrix A encodes the relative response of each observable to the relationship-

level shocks, and the unit diagonal normalizes the scale.2 Standard economic theory implies

that both shocks positively impact loan volume (A21 > 0), while demand and supply exert

opposite forces on the interest rate (A12 < 0). If the parameter matrix A can be identified,

the shocks can be fully recovered by inverting (1).

Let a, df , sb, and ef be mutually orthogonal, mean-zero random variables with variances

2Without a scale normalization, it is impossible to separate the magnitude of the underlying shocks from
the scale of their impacts.
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ω
2
a, ω

2
d, ω

2
s , and ω

2
e . For this stylized example, we impose the additional restriction that

ω
2
s = ω

2
e , meaning the bank-specific and firm-specific components of supply share equal

variance. Consider four cross-sectional moments:

E [#r11#l21] = A21ω
2
a + A12ω

2
s ,

E [#r11#l12] = A21(ω
2
d ↑ ω

2
a) + A12ω

2
e ,

E [#r11#r21] = ω
2
a + A

2
12ω

2
s ,

E [#r11#r12] = (ω2
d ↑ ω

2
a) + A

2
12ω

2
e .

These moments capture the cross-firm and cross-bank covariances of interest rates and quan-

tities, holding one side of the market fixed. Taking the ratio of the di!erences between the

cross-firm and cross-bank covariances identifies A21:

E [#r11#l21]↑ E [#r11#l12]

E [#r11#r21]↑ E [#r11#r12]
=

A21ω
2
a + A12ω

2
s ↑ (A21(ω2

d ↑ ω
2
a) + A12ω

2
e)

ω2
a + A2

12ω
2
s ↑ ((ω2

d ↑ ω2
a) + A2

12ω
2
e)

(2)

=
A21(2ω2

a ↑ ω
2
d)

2ω2
a ↑ ω2

d

= A21.

This closed-form expression maps directly to an instrumental variables (IV) strategy, where

the relationship-specific interest rate #r11 is an instrument in the regression of (#l21↑#l12)

on (#r21 ↑#r12):

E [#r11(#l21 ↑#l12)]

E [#r11(#r21 ↑#r12)]
=

E [#r11#l21]↑ E [#r11#l12]

E [#r11#r21]↑ E [#r11#r12]
.

The corresponding exogeneity condition requires

E [#r11 ((s1 ↑ s2 + e2 ↑ e1)↑ A21A12(s1 ↑ s2 + e2 ↑ e1))]

= E [#r11(1↑ A21A12)(s1 ↑ s2 + e2 ↑ e1)]

= (1↑ A21A12)E [(a+ d1 ↑ s1 ↑ e1)(s1 ↑ s2 + e2 ↑ e1)]

= (1↑ A21A12)(ω
2
s ↑ ω

2
e)

= 0,

which holds exactly under the restriction ω
2
s = ω

2
e . Intuitively, di!erencing – or comparing

outcomes across relationships – systematically eliminates the endogeneity induced by the

shared components of supply. The instrument is relevant provided 2ω2
a ↑ ω

2
d ↓= 0. Once A21
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is recovered, A12 is immediately identified from the covariance of (#rfb, #lfb)
→, for instance,

allowing the econometrician to invert A in (1) and recover the vector ufb.

The assumption that ω2
s = ω

2
e is restrictive; we adopt it here only to endow our strategy

with an IV interpretation. Our general formulation below imposes no restrictions of this

type, but, while identification is still achieved in closed form, it no longer boasts an IV

interpretation. The problem above is also over-identified, even in this simple 2-firm, 2-bank

example.3 The estimator we propose exploits possible combinations of firms and banks

connected in the network to increase precision.

3 A decomposition of heterogeneous e!ects

In this section, we present our general identification result and the corresponding estimator.

We interpret the identification assumptions through the lens of our illustrative application.

We next characterize the estimator’s asymptotic distribution and inference. We compare the

assumptions to those required for AKM to decompose the true shocks. Finally, we summarize

the results of an empirically calibrated Monte Carlo study found in Appendix D.

3.1 The AKM decomposition

The classical AKM framework (see e.g., Bonhomme 2020 for a review) models an observable

match outcome, such as the change in loan quantity #lfb, by decomposing it into homoge-

neous firm and bank components meant to capture demand and supply shocks:

#lfb = df + sb + $Xfb + εfb, ↔{f, b} : Dfb = 1, f = 1, . . . , F, b = 1, . . . , B,

where Dfb is an indicator for whether a relationship exists between f and b. To identify

the firm-specific demand e!ect, df , and bank-specific supply e!ect, sb, each agent must have

at least two relationships. The idiosyncratic error term εfb is assumed to be mean-zero

and independently distributed across relationships. Strict exogeneity is typically assumed,

E [εfb|D,X,d, s] = 0, where the vectors d and s stack the realized agent e!ects and X

stacks the observables. Under this exogeneity assumption, the parameter vector $ can be

consistently estimated, and the covariates Xfb can be partialed out via a standard Frisch-

Waugh-Lovell argument. This allows the researcher to focus on the simplified model:

#lfb = df + sb + εfb. (3)

3Note that we could permute either or both of the firm and bank indices to construct a new IV estimator.
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The AKM decomposition defines firm demand, df , as invariant across all lenders from which

a firm borrows, and bank supply, sb, as invariant across all of its borrowers. As illustrated in

the preceding section, if the true shocks are heterogeneous and exhibit two-way correlation,

these fixed e!ects cease to align with the latent economic shocks, since the imposed structure

is misaligned with the DGP. Put di!erently, for an AKM decomposition to recover demand

and supply shocks, they must be homogeneous and all correlation in demand e!ects across

relationships must be captured by df and all correlation in supply captured by sb.

3.2 A new relationship-level decomposition

We consider a vector of relationship-level observables, ϑfb ↗ (#rfb,#lfb)→, for instance, the

change in the interest rate and loan quantity between firm f and bank b. These observables

are jointly determined by two relationship-level e!ects, ufb ↗ (ud
fb, u

s
fb)

→, (demand and supply

shocks):

ϑfb ↗
(
#rfb

#lfb

)
= A

(
u
d
fb

u
s
fb

)
= Aufb, ↔{f, b} : Dfb = 1, f = 1, . . . , F, b = 1, . . . , B, (4)

where the matrix A is left unrestricted. While (4) models ϑfb as an exact combination

of the two shocks, additional relationship-level idiosyncratic factors can be accommodated,

as explained in Section 3.5. We focus our development on intensive-margin variation on a

static, pre-determined network structure, consistent with firms that may draw down lending

facilities with certain banks, but rarely terminate relationships entirely. We thus abstract

from network formation and destruction and condition our analysis on the observed network

structure in the realized sample, D = {Dfb}. We discuss modifications to accommodate

matching in the context of a labour market example below.

Assumption 1.

1. The matrix A is invertible and constant across relationships,

2. cov
(
u
d
fb, u

s
fb→
)
= 0, b→ ↓= b,

3. cov
(
u
d
fb, u

s
f →b

)
= 0, f → ↓= f .

A encodes the response coe”cients of both observables to the e!ects. The cross-

relationship orthogonality conditions are definitional for the decomposition of the match

outcome into distinct relationship-level e!ects. If ufb are interpreted as shocks, it is natural

to further assume that they are mean-zero. We expand on these assumptions below.

To identify A, and subsequently recover the latent relationship-level shocks via ufb =

A
↑1
ϑfb, we exploit two distinct sets of cross-sectional covariance equations. The first captures
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the covariance of ϑfb across firms while holding the bank fixed,

cov
(
ϑfb, ϑ

→
f →b

)
↗ %FF = A&FFA

→
,

where &FF =

[
cov(ud

fb, u
d
f →b) 0

0 cov(us
fb, u

s
f →b)

]
. The second captures the covariance across

banks while holding the firm fixed:

cov
(
ϑfb, ϑ

→
fb→
)
↗ %BB = A&BBA

→
,

where &BB is defined symmetrically. After imposing a standard scale normalization, such

as setting the diagonal elements of A to unity, or normalizing &FF = I2, there are six free

parameters stacked in the vector ϖ. Together, these covariance structures yield six equations:

m(ϖ) =

[
vech (%FF ↑ A&FFA

→)

vech (%BB ↑ A&BBA
→)

]
= 0. (5)

Finally, we require that the covariance of e!ects across firms is not proportional to the

covariance of e!ects across banks:

Assumption 2. &FF ↓= c&BB for any scalar c.

The following result establishes identification:

Proposition 1. If Assumptions 1 and 2 hold, then ϖ is the unique solution to (5) up to

scale, sign, and column ordering of A.

This identification strategy builds on simultaneous equation models identified via het-

eroskedasticity (e.g., Rigobon 2003). When the diagonals of &FF and &BB are non-zero,

A is identified in closed form as the matrix of eigenvectors of %FF%
↑1
BB = A&FF&

↑1
BBA

↑1.

Intuitively, separately exploiting variations within a firm across banks, and within a bank

across firms, provides two linearly independent sets of moments linked by A. While a sin-

gle covariance matrix only determines A up to an arbitrary orthogonal rotation, a second

linearly independent covariance matrix ensures uniqueness up to scale and column order.

The matrix A directly summarizes the responses of interest rates and credit volumes to

demand and supply shocks, tracing out the slopes of the curves. Once A is identified, the

relationship-specific shocks ufb are immediately recovered for each match by inverting (4).

We now interpret the identifying conditions in Assumption 1 in our leading corporate

credit setting. Credit demand and supply shocks are likely heterogeneous due to lender spe-

cialization (e.g., Paravisini et al. 2023), substitution e!ects, or various portfolio adjustment
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incentives. Supply shocks may be correlated across firms for a given bank due to aggregate

shifts in the bank’s lending posture or credit reallocation (measured by cov(us
fb, u

s
f →b)), and

across banks for a given firm due to common assessments of the firm’s underlying creditwor-

thiness (measured by cov(us
fb, u

s
fb→)). Symmetrically, demand shocks are correlated across

banks for a given firm due to aggregate changes in the firm’s financing needs or substitution

behavior (measured by cov(ud
fb, u

d
fb→)), and across firms for a given bank due to bank special-

ization or product attractiveness (measured by cov(ud
fb, u

d
f →b)). These covariances populate

the diagonals of the within-firm &FF and within-bank &BB shock covariance matrices, which,

jointly with A, dictate the reduced-form price and quantity covariances, %FF and %BB.

Assumption 1.1 requires that the relative responses of the interest rate and loan quantity

on the intensive margin to the underlying shocks are linear and invariant across the sample

within a given time period. This condition need not hold intertemporally, since only a

single time period is required for identification. If a researcher is concerned that the relative

response elasticities vary across firm characteristics – such as industry, size, credit rating,

collateral, or maturity – the estimation sample can be partitioned into narrower slices where

this invariance is more appealing. For instance, in our application, we study the euro-area but

allow for country-period-specific elasticities. In addition, in Appendix E.3, we demonstrate

how, for a single country (Spain), attention can be limited further to subsamples by region,

industry, or firm size. Crucially, this restriction does not require the scale of e!ects to be

constant, only that the responses of price relative to those of quantity are fixed.

In macroeconomic settings (and random-e!ects models), demand and supply shocks like

those in (4) are assumed to be orthogonal or mutually independent. Without this indepen-

dence, they lack a structural interpretation, as they could either stem systematically from

a common proximal cause or embody endogenous responses to one another. This inter-

pretation implies that orthogonality holds even within a relationship; our cross-relationship

orthogonality restrictions in Assumptions 1.2 and 1.3 are therefore weaker assumptions. For

ufb to be unpredictable structural shocks, Xfb will typically include lagged controls. While

motivated by this construct, we interpret the conditions in a somewhat weaker manner:

on average, there should be no systematic relationship between shocks of opposite types

across relationships, so that these orthogonality conditions hold. There may be situations

where demand and supply shocks positively comove, for example if a firm receives positive

news about future productivity, raising both its demand for credit and banks’ willingness

to lend to it. But there may also be cases where, following negative news, a firm demands

more credit, as banks’ retract credit supply. Our assumptions do not rule either of these

cases out, but rather state that, on average, such comovements are zero. These covariance

restrictions are definitional to our decomposition, just as the homogeneity assumption, rul-
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ing out two-way correlation, is definitional to the AKM decomposition. Economic intuition

clarifies the content of these restrictions. Assumption 1.2 ensures that &BB is diagonal.

This requires a reorientation or transmission delay, meaning bank b
→’s supply shock to firm

f cannot instantaneously alter firm f ’s credit demand from bank b, and that no omitted

common factor simultaneously drives both demand from and supply to a given firm. Sym-

metrically, Assumption 1.3 ensures that &FF is diagonal. This condition is satisfied when

firms are atomistic, so firm f ’s demand shock cannot directly alter bank b’s supply decision

toward firm f
→, and when cross-firm spillovers operate as endogenous equilibrium responses

to the structural shocks rather than contemporaneous shock innovations themselves. This

assumption generally rules out unobserved industry-wide shocks unless Xfb includes industry

controls. Similar interpretations extend to other financial environments featuring bipartite

matching or trade settings involving networks of importers and exporters.

Adapting this methodology to settings like the worker-firm environment of Abowd et al.

(1999) requires accounting for outcomes of sequential matches rather than an intensive mar-

gin. There, the network structure, D, cannot be held fixed, so Assumptions 1.2 and 1.3 must

be modified to depend explicitly on the realized network, yielding cov(ud
fb, u

s
fb→ |D) = 0 and

cov(ud
fb, u

s
f →b|D) = 0. Taking unconditionally orthogonal e!ects as definitional, these condi-

tional covariance restrictions may be satisfied under several existing matching frameworks.

Examples include unilateral selection models (a firm decides to hire a worker purely based

on the firm’s idiosyncratic demand for that worker’s profile, and workers accept all o!ers,

with worker e!ects determined ex post, see e.g., Bernard et al. 2019), independent mutual

consent models (workers and firms consent to a match if the independent quality draw they

observe surpasses a threshold, see, e.g., Comola and Fafchamps 2014), or selection strictly

on observables included in Xfb (see, e.g., Graham 2017, Fafchamps and Gubert 2007).

3.3 Estimation

Estimation proceeds by replacing the population covariance matrices, %FF and %BB, with

their sample analogues, SFF and SBB. Without loss of generality, we assume that the observ-

able vector ϑfb is mean-zero in-sample, which follows from either demeaning or projecting

out relationship-level covariates, Xfb. The natural estimators are the sample averages across

all unique pairwise combinations of firms sharing a common bank, and all banks sharing a
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common firm, respectively:

SFF =
1

NFF

B∑

b=1

∑

f → ↓=f

ϑfbϑ
→
f →b

SBB =
1

NBB

F∑

f=1

∑

b→ ↓=b

ϑfbϑ
→
fb→ ,

where NFF = 1
2

∑B
b=1 Fb(Fb↑1) and NBB = 1

2

∑F
f=1 Bf (Bf↑1). Here, Fb denotes the number

of distinct firms connected to bank b, Bf represents the number of distinct banks connected

to firm f , and the indices f → ↓= f and b
→ ↓= b indicate summations over all unique, unordered

pairs of connected agents. Given SFF and SBB, the sample analogue of the moments m(ϖ)

is given by

q(ω, ϖ) =

(
vech (SFF ↑ A&FFA

→)

vech (SBB ↑ A&BBA
→)

)
,

where ω stacks all observed relationship-level vectors ϑfb. The minimum distance estimator

ϖ̂ solves the just-identified sample system,

q(ω, ϖ̂) = 0. (6)

An initial solution for the response matrix, Ã, is obtained in closed form as Ã =

evec
(
SFFS

↑1
BB

)
, where evec (·) denotes the matrix of right eigenvectors of its argument. This

spectral decomposition determines Ã uniquely up to sign, scale, and column permutation.

To complete estimation, we must impose a normalization for A and establish a column

ordering to label the latent shocks. We first normalize Ã such that the covariance of both

shocks across firms is unity, &FF = I2. We then select the column permutation of the-rescaled

matrix that minimizes the distance to the reference matrix,

(
std(#rfb) ↑std(#rfb)

std(#lfb) std(#lfb)

)
.

This criterion signs and labels the columns to obtain the signed permutation of A that is

most consistent with the first shock being a demand shock and the second a supply shock.

The resulting transformed matrix defines our final estimator, Â. For the rescaled and labeled

bank-level shock covariances, &̂BB = Â
↑1
SBBÂ

→↑1. Appendix B provides further details.
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3.4 Asymptotic properties

Deriving the asymptotic distribution of Â requires regularity conditions on the network struc-

ture and error processes, which we formalize in Appendix A. To summarize, Assumption 3

decomposes each relation-specific shock into two mutually independent processes: one oper-

ating across firms and the other across banks. We require these components to possess finite

eighth moments and non-degenerate covariance matrices. Assumption 4 governs the network

structure, requiring a non-vanishing share of agents whose degrees grow proportionally with

the number of agents on the opposite side of the market (B or F ).4 We permit the two

sides of the market to grow at asymmetric rates, provide that neither side asymptotically

dominates the other (F/B2 ↘ 0 as F,B ↘ ≃ and vice versa).

Theorem 1. Suppose ϖ0 → interior(’) and ’ is compact. Under Assumptions 1 to 4,

following appropriate column labeling and scale normalization, ϖ̂ satisfies

1. Consistency: ϖ̂
p↘ ϖ0;

2. Asymptotic Normality: (̃(ϖ̂ ↑ ϖ0)
d↘ N (0,W);

3. Variance Estimation: Ŵ
p↘ W;

where the normalizing matrix is given by

(̃ =

([⇐
B 0

0
⇐
F

]
⇒ I3

)
(̂, (̂ =

ϱq(ω, ϖ)

ϱϖ→

∣∣∣∣
ω̂

,

ŴFF =
B

2

N2
FF

1

B

B∑

b=1

(
∑

f → ↓=f

vech
(
ϑfbϑ

→
f →b

)
↑ vech(SFF )

)(
∑

f → ↓=f

vech
(
ϑfbϑ

→
f →b

)
↑ vech(SFF )

)→

,

ŴBB is defined symmetrically, and Ŵ =

[
ŴFF 0

0 ŴBB

]
.

Theorem 1 establishes the consistency and asymptotic normality of Â, and an estimator

for the asymptotic variance. In practice, the asymptotic covariance matrix of ϖ̂ is computed

as ) = (̃↑1
W(̃→↑1. ŴFF and ŴBB are standard clustered variance matrices, at the bank

and firm levels, respectively.

4This network restriction contrasts with the requirements for consistent estimation of individual fixed
e!ects in traditional AKM settings. As shown by Jochmans and Weidner (2019), AKM requires the degree
of all nodes to diverge to infinity. Our approach is also distinct from the variance decomposition methods
in Kline et al. (2020), which do not speak to the e!ect estimates themselves and require at least two time
periods with time-invariant agent e!ects to avoid more restrictive degree conditions.
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Testing for two-way correlation. A consequence of Theorem 1 is that it provides a test

for whether homogeneity or one-way correlation hold. Section 2 illustrated that two-way

correlation can prevent AKM from recovering even the firm component of demand shocks

or the bank component of supply shocks. Rather, the shocks must either be homogeneous

or else demand consist of firm and purely idiosyncratic components and supply of bank

and purely idiosyncratic components. In either case, the covariance of demand shocks across

firms is zero, and the covariance of supply shocks across banks is zero. These two restrictions

are over-identifying in our system (6), so under Assumptions 1-4 and the null hypothesis that

these conditions hold,

min
ω:!FF=diag(0,1),!BB=diag(1,0)

q̃(ω, ϖ)→Ŵ↑1
q̃(ω, ϖ)

d↘ ς
2
2,

where q̃(ω, ϖ) =

([⇐
B 0

0
⇐
F

]
⇒ I3

)
q(ω, ϖ).5 This test provides a tool to evaluate whether

empirical correlation patterns violate the structure underlying the AKM decomposition un-

der our maintained assumptions.

3.5 Extensions

Including covariates. In models of unobserved heterogeneity, it is common to include

covariates, as in (3), either to purge predictable variation so ufb can be interpreted as shocks,

or as regressors of interest in their own right. We can extend our baseline framework to

incorporate a vector of covariates, Xfb,

ϑfb = Aufb + $Xfb, (7)

where $ represents a matrix of coe”cients. In our empirical application, Xfb includes one-

period lagged relationship-level characteristics. In Appendix C.2, we show that, under the

preceding assumptions, if the structural shocks are additionally mean independent of Xfb, $

can be consistently estimated via OLS .

Including idiosyncratic errors. The baseline specification in (4) writes the observable

vector ϑfb as an exact linear combination of the latent demand and supply shocks, a standard

convention in macroeconometric settings. However, realizations may feature unmodeled

shocks unrelated to demand or supply, measurement error, or errors reflecting non-linearities

5Proposition 1 remains satisfied under these restrictions; for instance, the elements of ”FF simplify,
”FF,22 = A2

22 and ”FF,21 = A22A12, ensuring that A remains identified from the remaining variance blocks.
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not captured in a linear framework. We can accommodate such factors by introducing an

additive error term:

ϑfb = Aufb + εfb.

If εfb is strictly idiosyncratic – uncorrelated across distinct relationships – its presence has

no bearing on identification. Because these match-specific errors are cross-sectionally inde-

pendent, they vanish from the cross-firm and cross-bank covariance matrices, leaving %FF

and %BB unchanged. The asymptotic properties of our minimum distance estimator are

likewise unaltered, as these errors contribute only higher-order terms. The only drawback

is that relationship-level idiosyncratic errors will contaminate relationship-level shock esti-

mates: ûfb = Â
↑1(Aufb + εfb). However, if the ultimate objective involves aggregating such

estimates to the agent level (i.e., constructing firm-level demand controls, as in Sections 4.3

and 4.4), this measurement error vanishes asymptotically as an agent’s degree grows.

Exploiting multiple time periods. While our identification strategy and asymptotic

theory require only a single cross-section of data, empirical settings often feature sparse net-

work structures or lower-frequency adjustment, so cross-sectional variation may be limited.

Researchers can leverage a multi-period panel to expand the e!ective sample size and improve

precision. Pooling observations across multiple periods leaves our identification argument

unchanged, subject to the obvious requirement that the response matrix A remain invariant

over the pooled estimation window. Computing SFF and SBB as averages over both cross-

sectional relationships and time dimensions yields equivalent asymptotic distributions. If the

shocks are not serially correlated, the diagonal blocks of the asymptotic variance should now

cluster at bank-time and firm-time levels; if the shocks are persistent, the variance should

continue to cluster at bank and firm level.

3.6 Contrasting AKM and covariance restrictions

While our decomposition relaxes key assumptions relative to the AKM approach, it intro-

duces important restrictions of its own. It is instructive to summarize the trade-o!s between

these two frameworks. The AKM decomposition su!ers from two documented limitations: it

does not accommodate or recover relationship-level heterogeneity, and it fails to recover even

the common components of shocks when the underlying shocks exhibit two-way correlation

across both firms and banks. In contrast, our approach directly models relationship-level

shocks. The first key trade-o! is that our framework requires the response matrix A to be

invariant across relationships within a given cross-section. This is a restriction on the relative

transmission of the shocks across the two outcomes, rather than on their absolute magni-
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tudes.6 Because classical AKM applications consider a single outcome equation, there are no

analogous cross-outcome restrictions. A drawback of this flexibility is that decomposing two

separate outcomes following AKM is not guaranteed to provide internally consistent results.

While the of an invariant A under our approach is significant, its empirical relevance can be

mitigated and evaluated by estimating the model on plausibly homogeneous subsamples, as

we demonstrate in Appendix E.3.

The invariance of A also imposes a linear relationship between observables and shocks.

While several extensions of the AKM framework incorporate non-linearities, these adapta-

tions are often motivated by a desire to capture match-level heterogeneity through non-linear

agent e!ects. Our framework achieves the same objective directly by modeling shocks at the

relationship level. As noted in Section 3.5, the introduction of idiosyncratic match-level er-

rors does not distort identification, ensuring that this exact linear structure is not a binding

restriction. Furthermore, our linear structure o!ers asymptotic advantages; Theorem 1 es-

tablishes consistency of our parameters with only a fraction of agents well-connected. This

contrasts with the AKM environment, where Jochmans and Weidner (2019) demonstrate

that for all e!ects to be consistently estimated, the degree of all agents must diverge.

Second, our framework introduces orthogonality restrictions on opposite-type shocks

across di!erent relationships (and within a relationship to facilitate asymptotic results),

which is definitional to our decomposition. This condition is motivated by standard macroe-

conometric definitions of structural shocks. While it rules out scenarios where demand and

supply innovations systematically co-move, it can accommodate occasional patterns of co-

movement, provided these correlations cancel out in expectation in population. The classical

AKM decomposition, conversely, leverages two-way fixed e!ects, which impose no restrictions

on cross-shock covariances within a relationship, thereby accommodating arbitrary common

drivers of demand and supply. However, for the fixed e!ects to correspond to underlying

shocks, an alternative strong assumption on covariances must hold: demand shocks can only

be correlated across banks (holding firm fixed) and supply shocks can only be correlated

across firms (holding bank fixed).

In sum, our covariance restriction framework and the AKMmodel o!er alternative decom-

positions. Each recovers the true shocks under DGPs featuring di!erent covariance patterns,

and fails to recover the shocks when its respective core assumptions are violated. The choice

between them ultimately rests on the specific economic environment and the researcher’s

objects of interest. To aid this decision, our methodology provides an over-identification test

to reject the one-way correlation structure required by AKM, which is valid under our iden-

6Since A and the latent shocks are identified up to scale, the underlying variances of the shocks may vary
arbitrarily across relationships.
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tification assumptions. Furthermore, as we demonstrate in Section 4.3, estimating an AKM

specification across multiple outcome variables can reveal whether the recovered fixed e!ects

appear to isolate the intended structural objects. AKM simply cannot speak to heterogene-

ity, which is increasingly a topic of first-order interest for researchers, while our methodology

allows the researcher to recover e!ect or shock estimates at the relationship level, which may

o!er rich economic possibilities.

3.7 Monte Carlo Study

Appendix D details a Monte Carlo study assessing our estimator’s finite-sample performance.

The design is empirically calibrated using our estimates for the Italian data from 2022 Q3

to 2023 Q4. In the simulations, we vary the dimensions of the market by setting F = 1000B

while holding the network density fixed at its empirical value.7

When the number of banks is small (B = 10), a setting significantly sparser than the

100–200 lenders observed in the Italian data and lower than any country in our sample, the

percentage bias for the coe”cients in A can be non-trivial (see Table D.1). However, this

bias decays considerably for B = 25 and by B = 100, which remains below the empirical

bank count, falls to 1-2%. For B = 250, the parameter estimates are virtually unbiased.

Further, pooling four periods of cross-sectional data together mitigates small-sample distor-

tions remarkably well, capping the maximum bias at 7% for B = 10 and at 5% for B = 25.

This highlights the value of pooling quarterly observations in empirical setups with smaller

cross-sections.

Next, we evaluate the empirical size of t-tests at a 5% nominal size for each coe”cient in

A (Table D.2). While notable size distortions emerge when B = 10 or B = 25, the empirical

size improves once B = 100, ranging between 4.8% and 8.3%. Pooling again yields significant

improvements, controlling size for B = 25 between 5.5% and 7.8%, though distortions persist

at B = 10.

Finally, we evaluate our estimator’s ability to recover the common agent-level compo-

nents of these heterogeneous shocks. The simulated DGP incorporates a firm component in

demand and a bank component in supply, but exhibits the two-way correlations we high-

light as problematic for two-way fixed e!ects. We aggregate our estimated relationship-level

shock estimates to the agent level, compute their correlation with the true components, and

compare the results against standard two-way fixed e!ects estimates (D.3). Our aggregated

firm-level demand shocks are 7–10 times more strongly correlated with the true firm demand

7While the Italian market features a large absolute number of multi-bank firms, its network density ranks
as the third-lowest among the nine countries in our full study, and there is minimal variation in the average
degree of firms across countries.
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components than the fixed e!ects estimates across all specifications. Similarly, our aggre-

gated bank shocks exhibit higher correlations with the true supply component for B > 25

in a single period, and for all B ⇑ 25 when pooling data. These findings highlight the

challenge facing two-way fixed e!ects when two-way correlation exists and also illustrate our

estimator’s e”ciency gains from leveraging data over the entire network rather than relying

solely on an agent’s immediate neighbors. As a result, our approach frequently outperforms

conventional fixed e!ects, particularly for low-degree agents like most firms.

4 Demand and Supply in European Credit Markets

We apply our methodology to estimate credit demand and supply dynamics using the Eu-

rosystem’s AnaCredit dataset, a harmonized loan-level registry containing the near-universe

of corporate credit exposures exceeding e25,000 in the euro area (see Kosekova et al. 2025,

for an extensive overview). Technical documentation regarding the underlying data and

collection is detailed in the AnaCredit Manual (European Central Bank 2019). Although

the original records are collected at a monthly frequency and instrument level, we collapse

the data to a firm-bank-quarter frequency. This quarterly aggregation is chosen because

contract-level adjustments to loan quantities and interest rates occur relatively infrequently

at a monthly horizon. In aggregating individual instruments, we focus exclusively on the

three dominant categories of commercial credit used to finance corporate working capital

and investments: term loans, credit lines, and revolving credit.

For each active firm-bank relationship in a given quarter, we compute the total committed

credit. We define the change in loan quantity as the quarter-on-quarter change in this total

committed amount rather than utilized credit. This choice reflects the fact that committed

credit lines represent the outcome of both demand and supply forces, whereas variation in

utilization is primarily driven by the unilateral demand choices of the firm given pre-existing

commitments. We convert these quarterly variations into a symmetric growth rate:

#lfb,t =
lfb,t ↑ lfb,t↑1

0.5lfb,t + 0.5lfb,t↑1
.

The corresponding price measure, #rfb,t, tracks the quarter-on-quarter change in the volume-

weighted average interest rate across all active instruments within the relationship, incorpo-

rating the prevailing values of reference rates for floating-rate contracts. The relationship-
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level observable vector is then

ϑfb,t =

(
#rfb,t

#lfb,t

)
.
8

Our methodology is restricted to the intensive margin and we limit our estimation sample

to multi-bank firms. Consequently, a firm is included in quarter t only if it maintains active

borrowing relationships with at least two distinct banks in both t and t ↑ 1. To insulate

our estimators from reporting anomalies and extreme tail observations, we winsorize both

#lfb,t and #rfb,t at the 5% level. As a final preprocessing step, we project the observable

vector onto quarter fixed e!ects and a vector of lagged relationship- and bank-sector-specific

controls to ensure that ϑfb,t captures unpredictable, non-aggregate variation.9

Our empirical analysis covers 9 euro-area countries over the sample period from July

2019 to December 2023: Austria (AT), Belgium (BE), Germany (DE), Spain (ES), France

(FR), Greece (GR), Italy (IT), the Netherlands (NL), and Portugal (PT). We partition this

sample into three distinct 6-quarter estimation windows. This pooling framework balances

several econometric considerations. First, while quarterly estimation across nine separate

nations would yield an unmanageable set of coe”cients for the purpose of this illustration,

pooling the entire 2019–2023 period into a single sample would make the assumption of an

invariant transmission matrix A implausible due to major structural shifts in credit markets.

The 6-quarter window strikes a balance. Second, these three sub-periods isolate distinct

macroeconomic and policy regimes. The first window (2019Q3–2020Q4) spans the pandemic

onset and its immediate aftermath, characterized by substantial real-economy disruptions

and large-scale public credit support interventions. The second window (2021Q1–2022Q2)

covers the onset of global inflation prior to active monetary tightening. The final window

(2022Q3–2023Q4) captures an aggressive monetary contraction and credit tightening. It is

intuitive that the demand and supply elasticities embedded in A vary across these regimes.

Third, while some core euro-area countries feature exceptionally large networks, smaller or

highly consolidated banking sectors benefit significantly from the increased e!ective sample

size resulting from pooling six quarters of data, as illustrated in the Monte Carlo Study

(Appendix D).

Table E.4 in the Appendix presents descriptive statistics for the number of unique firms,

8As we note in the Conclusion, future work could consider augmenting the observation equation with
loan maturity, for example, to generate over-identifying restrictions.

9We residualize using four variables at the firm-bank-time level and two at the bank-sector-time level
to net out systematic variation related to pricing rigidity, collateralization, loan composition, relationship
intensity, and the bank’s sectoral positioning. Specifically, these are the lagged shares of a firm’s borrowing
from a bank that are fixed-rate, secured by collateral, or structured as credit lines/term loans, alongside the
lender’s share in the firm’s total credit, the bank’s market share in the firm’s sector, and the bank’s overall
exposure to that sector.
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banks, and active firm-bank relationships across each country and sub-period within our final

estimation sample. Mirroring the stylized facts documented by Kosekova et al. (2025), these

metrics highlight substantial variation in credit market structure across Europe. Multi-bank

borrowing is pervasive in economies like Italy and Portugal, yet remains relatively rare in

the Netherlands, even when comparing countries of comparable economic scale. Banking

sector concentration similarly diverges; the number of active lenders ranges from roughly 20

institutions in Belgium, Greece, and the Netherlands to over 800 in Germany. As a result,

our final estimation samples vary substantially in scale, ranging from approximately 8,000

unique relationships per window in the Netherlands to more than 700,000 in Italy, and does

not map one-to-one with country size.

4.1 Credit demand and supply patterns over countries and time

We begin by reporting the point estimates of A, which measure the transmission of demand

and supply shocks to interest rates and loan volumes. Figure 1 plots these responses across

the three macroeconomic regimes for each country along with their 95% confidence intervals.

To ensure comparability across separate banking systems and time periods, the coe”cients

are scaled to represent responses to a unit standard deviation shock, with price changes in

interest rate basis points and quantity adjustments in symmetric growth rates.

First, these coe”cient estimates provide a validation of our decomposition. Across all 27

country-period blocks, our framework uncovers one shock that moves price and quantity in

the same direction – consistent with a demand shock – and a second shock that drives price

and quantity in opposite directions, matching a supply shock, up to statistical significance.10

Because our methodology leaves the raw estimate of A entirely unrestricted (using the sign

pattern only to label columns), this pattern is an empirical result, and not by construction.

Second, although the coe”cients evolve over time within countries, cross-country varia-

tion generally dominates these temporal shifts. There are some notable exceptions to this

pattern. The price response to demand shocks (Â11) increases significantly during the mon-

etary contraction in Austria, Belgium, Germany, Greece, Italy, and Portugal. Concurrently,

the sensitivity of pricing to supply shocks (Â12) falls across Germany, France, Greece, Italy,

and Portugal, implying that these credit markets became increasingly demand-driven. Quan-

tity responsiveness to demand shocks (Â21) declines over time in Belgium, France, Greece,

and Italy, while quantity sensitivity to supply innovations (Â22) drops in Spain, France, Italy,

and Portugal.

To provide a more intuitive economic interpretation of these parameters, the coe”cients

10While there are a small number of point estimates that may display the wrong sign pattern, the o!ending
estimates are never statistically distinct from zero.
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Figure 1: Responses of Price and Quantity to Demand and Supply

Notes: This figure displays estimates of the entries of Â across nine European countries. For a given country, a
subplot reports sequentially the response of price to demand shocks (Â11); the response of quantity to demand
shocks (Â21); the response of price to supply shocks (Â12); and the response of quantity to supply shocks
(Â22). The four coe#cients are reported for the three estimation periods: the pandemic (2019Q3–2020Q4),
the inflationary period (2021Q1–2022Q2), and the monetary tightening episode (2022Q3–2023Q4). Point
estimates are scaled by the standard deviation of the corresponding structural shock. Error bars represent
95% confidence intervals constructed using autocorrelation robust standard errors.

in A can be translated into the implied slopes of credit demand and supply curves. Figure

2 summarizes how these curves vary by country and time by plotting the angle each curve

forms with the horizontal axis, which avoids the scaling issues associated with reporting

near-vertical slopes.11 An angle of 0° indicates a perfectly elastic curve, 45° marks unit

elasticity, and 90° signifies a perfectly inelastic relationship.

During the pandemic (blue diamonds), Austria, France, Greece, and Italy display stan-

dard downward-sloping demand and upward-sloping supply schedules. However, half of the

11Figure E.1 in the Appendix plots conventionally demand and supply curves for each country-period.
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economies feature at least one near-vertical, inelastic curve. Credit demand is highly inelas-

tic in Belgium, Germany, and the Netherlands, which aligns with firms aggressively seeking

emergency liquidity to survive pandemic-related operational halts regardless of borrowing

costs. Conversely, the credit supply curve is nearly vertical in Spain, Portugal, and the

Netherlands.

During the subsequent inflationary episode (orange circles), slopes remain stable in Aus-

tria, Germany, and Greece, but shift substantially elsewhere. Inelastic regimes remain

widespread. Credit demand becomes highly inelastic in Germany, the Netherlands, and Italy,

indicating corporate borrowers prioritized raising funds to cover inflation-driven operating

costs. In contrast, credit supply turns highly inelastic in Spain, France, and Portugal. This

pattern is consistent with lenders restricting credit volumes to avoid locking in long-term

loan yields that face real depreciation from persistent inflation. Note that while Portugal

displays a marginally upward-sloping demand curve, this specific estimate is statistically

insignificant and highly noisy.

During the monetary policy tightening regime (green squares), all countries exhibit at

least one inelastic curve, predominantly an inelastic supply curve. This widespread steepen-

ing reflects constrained credit in response to tighter conditions fostered by monetary policy,

with interest rates serving to ration credit. Spain and the Netherlands emerge as the only

exceptions to this supply inelasticity with highly inelastic credit demand curves instead (Ger-

many likewise has nearly inelastic demand). Elsewhere, demand ranges from highly elastic

schedules (France and Greece) to a standard downward slope.

Overall, these estimates underscore that while monetary policy actions were uniform

across the euro area, national credit markets behave with considerable heterogeneity. These

divergent dynamics also o!er valuable insights for designing or evaluating localized macroe-

conomic and macroprudential policies. Investigating the institutional drivers behind these

cross-country di!erences in the responsiveness of price and quantity remains an open area

for empirical research. An important caveat is that these results are representative only of

multi-bank firms, which tend to be larger, safer, and better positioned to substitute across

lenders than single-bank borrowers. Extending this linear framework to incorporate single-

bank relationships represents another promising direction for future work.

4.2 Assessing the plausibility of an AKM decomposition

Before moving to regression analyses following leading empirical designs, we evaluate whether

standard two-way fixed e!ects specifications are compatible with the data. We first execute

the test derived in Section 3.4, which leverages the over-identifying restrictions of our decom-
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Figure 2: Demand and Supply Elasticity Estimates Across Countries and Time Periods

Notes: This figure presents demand and supply slope estimates across nine European countries over three
time periods: 2019Q3–2020Q4 (blue diamonds), 2021Q1–2022Q2 (orange circles), and 2022Q3–2023Q4
(green squares). Slopes are derived from the supply-demand decomposition coe#cients in A, where sup-
ply slope=A11/A21 and demand slope=A12/A22. Rather than raw slopes (which may diverge), we plot the
angle of the curves relative to the x↑axis. An angle of 0→ represents a perfectly flat (elastic) curve, 45→

corresponds to unit elasticity, and 90→ represents a vertical (perfectly inelastic) curve. The reference lines at
45→ delineate four quadrants representing combinations of elastic and inelastic demand and supply.

position to test for the one-way correlation patterns required by the AKM decomposition

to separate demand and supply. Across the 27 distinct country-period blocks, the data re-

ject the null hypothesis of one-way correlations at the 5% level in 25 cases.12 While this

over-identification test relies on the validity of our underlying covariance restrictions, these

widespread rejections provide strong preliminary evidence that two-way fixed e!ects may

struggle to separate clean demand and supply innovations in this setting.

Table 1 documents the extent of match-level heterogeneity that would be masked by a

12The two exceptions are the Netherlands in period 3 and Portugal in period 1. For many country-periods,
the null hypothesis can be rejected with far smaller p-values.
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Table 1: Between and within variation

Collapse at the firm-time level
p10 p25 p50 p75 p90 IQR StD

Average demand innovation -0.677 -0.253 0.000 0.171 0.677 0.424 0.646
Std dev demand innovation 0.019 0.063 0.225 0.863 1.681 0.801 0.780

Collapse at the bank-time level
p10 p25 p50 p75 p90 IQR StD

Average supply innovation -0.218 -0.088 0.009 0.095 0.231 0.184 0.399
Std dev supply innovation 0.267 0.485 0.712 0.952 1.266 0.467 0.511

Notes: Within and between variation in the (standardized) relationship level demand
and supply innovations can be assessed at either the firm or bank level. In the upper
panel, we start from the firm-bank-time level demand innovations and compute the
average firm-time demand innovation and the within-firm standard deviation in the
demand innovation. In the lower panel, we construct similar measures at the bank
level focusing on the supply innovations. For each of these collapsed firm-time and
bank-time measures, we provide summary statistics to shed light on the between-firm
(bank) heterogeneity versus the within-firm (bank) heterogeneity in demand (supply)
innovations.

decomposition making the conventional homogeneity restriction. For each firm-period, we

calculate the average demand shock across its lending relationships alongside the correspond-

ing within-firm standard deviation. The upper panel tracks the distribution of these met-

rics across firm-quarters, while the lower panel presents a symmetric breakdown for supply

shocks at the bank level. The estimates reveal that within-unit variation across relationships

is large, frequently matching or exceeding between-unit variation. Specifically, the median

within-firm standard deviation of demand shocks is 0.225, approximately 35% of the cross-

sectional between-firm standard deviation (0.646). At the 75th percentile of the distribution,

the within-firm standard deviation exceeds the between-firm variation. This pattern is even

more pronounced for credit supply: the median within-bank standard deviation (0.712) is

78% greater than the cross-sectional variation observed between banks (0.399).

These patterns call into question the premise that demand and supply shocks can be

meaningfully approximated using a homogeneous decomposition like AKM. Our findings

demonstrate instead that, for most firms and banks, the heterogeneity across their relation-

ships exceeds the average di!erences across firms or banks. Consequently, strategies relying

on standard two-way fixed e!ects may discard a primary component of economically mean-

ingful variation. While one might object that this heterogeneity could be just noise, due to

imposing that all variation is either demand or supply (rather than idiosyncratic errors as in

AKM), the results in Section 4.5 demonstrate that this within-agent variation is not noise,

but instead economically meaningful.
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4.3 Assessing validity using price responses

To assess the empirical plausibility of previous identification strategies, we evaluate the

recovered demand and supply measures against a basic tenet of economic theory with unam-

biguous predictions: demand shocks that increase quantities should increase prices, whereas

supply shocks that increase quantities should decrease prices. In doing so, we show that

AKM-style firm fixed e!ects appear to be confounded by supply shocks.

Table 2 reports the results of regressing relationship-level interest rate changes – residu-

alized against our baseline controls – on demand and supply measures, pooled over countries

and time periods, after controlling for country-time fixed e!ects. Standard errors are two-way

clustered at the firm and bank levels. Column (1) displays the results using our relationship-

level demand and supply innovations identified via covariance restrictions. The estimated

coe”cients match economic theory: a one-standard-deviation increase in the demand inno-

vation raises lending rates by 21.9 basis points, while a symmetric supply innovation reduces

them by 18.7 basis points. Both e!ects are highly significant and economically meaningful,

explaining 48% of the total variation in match-level interest rate adjustments.13

Column (2) replaces our innovations with firm-time and bank-time fixed e!ects estimates

from the quantity equation, alongside the corresponding residuals.14 The AKM firm-time

e!ect, typically deployed as a proxy for credit demand shifts, has a negative coe”cient of

-0.483, suggesting that this measure is actually dominated by supply factors. The bank-time

e!ect has the expected negative sign, but the model’s explanatory power collapses to an

adjusted R
2 of 0.01. Additionally, the AKM residual exhibits a highly significant negative

correlation with interest rate changes, demonstrating that residual idiosyncratic variation

in the quantity equation remains systematically relevant for prices. To isolate the potential

source of the sign reversal of the demand measure, Columns (3) and (4) implement sequential

substitution tests. In Column (3), controlling for our identified supply innovation flips the

coe”cient on the AKM firm-time component to a positive 1.151. This reversal suggests that

the firm-time fixed e!ect does contain demand variation, but that it is confounded by supply

factors in Column (2) for which our supply innovation e!ectively controls. Symmetrically,

Column (4) shows that controlling for our demand innovation steepens the loading of the

AKM bank-time fixed e!ect from -0.751 to -1.260, which is consistent with the removal of

attenuation due to the firm-time e!ect being contaminated by supply. Taken together, these

patterns are consistent with two-way fixed e!ects estimates being mixtures of both structural

13The remaining variation reflects variation in the responses A across country-period blocks; within any
single country-period estimation field, these innovations explain 100% of the price variance by construction.

14Following Khwaja and Mian (2008) and Amiti and Weinstein (2018), these components are extracted
from the quarterly specification $lfb,t = df,t + sb,t + %Xfb,t + ωfb,t, estimated by country and six-quarter
window after partialing out relationship controls. Xfb,t is as in our baseline.
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Table 2: Innovations versus fixed e!ects: Impact on Interest rate changes

(1) (2) (3) (4)
Change in the relationship-level interest rate

Demand innovation 0.219*** 0.261***
(0.008) (0.012)

Supply innovation -0.187*** -0.259***
(0.007) (0.009)

AKM Firm-Time FE -0.483*** 1.151***
(0.054) (0.084)

AKM Bank-Time FE -0.751*** -1.260***
(0.096) (0.104)

AKM Residual -0.470*** 1.150*** -1.549***
(0.054) (0.082) (0.111)

Adjusted R2 0.48 0.01 0.25 0.36

Notes: The table reports coe#cients from regressions of relationship-level interest rate
changes on demand and supply measures. The dependent variable is the quarterly
change in the relationship-level lending rate (expressed in percentage points) between
bank b and firm f in period t, $Pfb,t, after residualizing with respect to relationship-
level controls, Xfb,t. In column (1), Demand innovation and Supply innovation are our
relationship-level shocks (f, b, t) identified using covariance restrictions (standardized to
have mean zero and unit standard deviation) . In column (2), the independent variables
are AKM firm-time fixed e!ect (f, t), AKM bank-time fixed e!ect (b, t), and the AKM
residual (f, b, t), obtained from the regression $lfb,t = df,t+sb,t+%Xfb,t+ωfb,t, where
$lfb,t is the quarterly change in credit from bank b to firm f in period t. Column (3)
tests if firm-time FEs recover demand conditional on substituting our identified supply
measure. Column (4) tests if bank-time FEs recover supply conditional on substituting
our identified demand measure. Standard errors are two-way clustered by bank and
firm. ↑, ↑↑, and ↑↑↑ denote significance at the 10%, 5%, and 1% levels, respectively. All
regressions are based on 30,569,791 observations and include country-time fixed e!ects.

forces rather than identified measures of demand and supply.

These insights are robust to aggregating the data to the firm-time and bank-time levels.

Our results reinforce the rejections of the one-way correlation restrictions documented in the

previous section and match the contamination illustrated analytically in Section 2. They also

accord with contemporary evidence by Bergman et al. (2025), who argue from a structural

model that firm fixed e!ects reflect loan supply shocks in addition to demand shocks and

document considerable bias in Khwaja and Mian (2008)-style estimates of the e!ect of banks’

real estate exposure in Spain.
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4.4 The impact of decompositions on firm outcome regressions

While the price regressions o!er insights into the plausibility of demand and supply controls,

they do not mirror typical empirical specifications, where firm-level real outcomes are the

primary objects of interest (e.g., Khwaja and Mian 2008; Chodorow-Reich 2014; Jiménez et

al. 2020). In this section, we demonstrate how the contamination documented above distorts

parameters in real outcome regressions.

Following the literature, we first assess the impact of an exogenous supply shock on

credit growth via a quasi-natural experiment inspired by Core et al. (2025). We exploit the

large, sudden monetary policy tightening initiated by the ECB in July 2022, which raised

policy rates by 450 basis points over the subsequent fourteen months. Because the timing

and magnitude of this tightening cycle were largely unanticipated, firms’ pre-determined

exposure to interest rate fluctuations, determined by their ex ante choice of floating versus

fixed-rate contracts and debt maturity structure, is exogenous relative to the shock. Our

objective is to identify the di!erential change in credit growth between exposed (floating-rate)

and unexposed (fixed-rate) firms while controlling for confounding credit demand. For each

horizon h during the 2022Q3–2023Q4 window, we estimate the following relationship-level

cross-sectional regression:

ln(Qfb,2022Q2+h)↑ln(Qfb,2022Q2) = φ
h
b+z

h
c,s+↼

h
1f,pre[exposed]+

h∑

j=1

↽
h
j ·demandfb,2022Q2+j+⇀

h
fb,

(8)

where the coe”cient of interest, ↼h, measures the supply e!ect on loan quantities. The term

φ
h
b represents bank fixed e!ects, which absorb bank-level di!erences in deposit franchises

(Drechsler et al. 2017), interest rate risk exposure (Gomez et al. 2021), or valuation losses on

securities (Greenwald et al. 2024). The vector zhc,s denotes country-sector fixed e!ects that

capture asymmetric real-economy shocks. Estimating (8) over an expanding horizon up to

six quarters traces the cumulative impact of the monetary tightening episode.

Figure 3 plots the responses. A baseline specification, omitting demand controls alto-

gether (black line), shows that exposed firms experienced significantly lower credit growth

from 2022Q2 onward. When controlling for our relationship-level demand innovations (ud
fb,

blue line), the estimated supply contraction from 2022Q4 to 2023Q2 is more than twice as

large.15 This divergence reveals the presence of a countervailing positive demand channel

with floating-rate firms demanding more credit. These findings are consistent with banks

viewing firms with lower exposure to risks from rising interest rates as more attractive bor-

15While our demand innovations are relationship-specific, aggregating them to a firm-level average yields
nearly identical results.
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Figure 3: Dynamic E!ect of Tightening on Quantities

Notes: This figure plots dynamic coe#cients over the monetary policy tightening episode captur-
ing the di!erential credit growth of floating-rate versus fixed-rate borrowing firms. The aim is to
uncover the heterogeneous credit supply impact. All specifications include bank fixed e!ects and
country-sector fixed e!ects to absorb heterogeneous bank and country-sector responses over the
tightening episode. The regressions are at the bank-firm relationship level. The solid lines show
the point estimates for three specifications: specification without controls (black), specification
with credit demand captured by firm-time fixed e!ects in a first-stage Khwaja and Mian (2008)
decomposition (red), and specification with our credit demand innovations (blue). Shaded areas
represent 90% confidence bands based on two-way clustered standard errors at the bank and firm
level. The reference quarter is 2022Q2.

rowers, while firms with greater exposure seek to secure credit before rates rise higher. In

contrast, controlling for demand with firm-time fixed e!ects as in Khwaja and Mian (2008)

(red line) substantially attenuates the response, rendering the supply e!ect barely significant

at most horizons. This is consistent with our price-response analysis: the firm-time fixed

e!ects appear to be dominated by supply factors, so controlling for it washes out the supply

channel this strategy seeks to identify, more so than omitting demand controls entirely.

We next document how this credit supply contraction transmitted to firm-level real out-

comes, as in the framework of Khwaja and Mian (2008), Chodorow-Reich (2014), Cingano

et al. (2016), and Jiménez et al. (2020). We estimate annual regressions of the form

Yf,2021Q4+h↑Yf,2021Q4 = φ̃
h
b↑(f)+z̃

h
c,s+↼̃

h
1pre[exposed]+

h∑

j=1

↽̃
h
j ·demandf,2021Q4+j+⇀̃

h
f , h → {4, 8}

(9)

where Yf,t represents a firm-level real outcome evaluated at the one-year (h = 4) or two-year

(h = 8) horizon relative to the pre-tightening baseline (2021Q4). The term b
↔(f) isolates the

firm’s primary lender, allowing φ̃
h
b↑(f) to absorb main-bank characteristics, while z̃

h
c,s controls

for country-sector trends. demandf,t is a quarterly demand control.
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Table 3 reports results for three key dependent variables: (log) total assets (panel 1), (log)

turnover (panel 2), and the change in the credit to total assets ratio (panel 3). The left side

reports results for 2022 and the right for 2023, with the first column on each side featuring

no demand control, the second the firm fixed e!ect, following Khwaja and Mian (2008), and

the third our demand innovations aggregated at firm level. Our object is the coe”cient

on firm exposure, ↼̃h. For total assets, the responses in 2022 are negative and significant,

reflecting a largely supply-driven e!ect. In 2023, however, the estimate controlling for our

demand measure is nearly 1.5 times as large as that controlling for the firm fixed e!ect, and

for both periods controlling for the fixed e!ect attenuates responses relative to including no

control at all, again consistent with supply factors contaminating the firm fixed e!ect. For

turnover, the ranking of point estimates is unchanged, with our demand measure delivering

the largest responses and the fixed e!ect specification the smallest. For the credit to total

assets ratio, in 2022 the point estimates are more than twice as large and significant (at the

10% level) with no control or our demand measure compared to when the firm fixed e!ect

is included. For 2023, all coe”cients are significant, but the coe”cient using our measure is

again more than 1.5 times that with the firm fixed e!ect.

In sum, we find that the credit supply contraction induced by the 2022 monetary tighten-

ing significantly curtailed real economic activity among interest rate-exposed firms, driving

down total assets, turnover, and leverage ratios. Accounting for match-specific demand het-

erogeneity helps to uncover this channel, while relying on conventional firm fixed e!ects as

a demand proxy misattributes supply retrenchment to the borrower, reflecting the supply

contamination we documented in the previous section.

Taking stock, we have highlighted how using two-way fixed e!ects as demand and supply

measures, following an AKM decomposition, can deliver results at odds with economic theory,

since the one-way correlation structure it imposes on demand and supply is unlikely to hold

– a fact we detected in 25 of 27 country-periods. The consequences of mixing of demand and

supply in the fixed e!ects extend beyond price e!ects to real outcome regressions, where the

resulting demand controls substantially attenuate the responses of both credit volume and

several real outcomes amongst firms exposed to the post-2022 credit supply contraction, even

relative to omitting demand controls altogether. In this setting, demand measures based on

our novel decomposition appear more economically credible.

4.5 Heterogeneous Transmission of Monetary Policy

Finally, we exploit the heterogeneity in our demand and supply innovations to examine

the heterogeneous transmission of monetary policy across relationships. Although quarterly
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demeaning mechanically purges aggregate level e!ects from our innovations, these measures

can still capture how macroeconomic shocks transmit heterogeneously based on relationship-

specific characteristics. We estimate specifications of the form:

u
i
fb,t = ⇁

i ·sharefb,t↑1+↼
i
mp ·mpt⇓sharefb,t↑1+↼

i
cbi ·cbit⇓sharefb,t↑1+fixed e!ects . . . (10)

where i → {demand, supply}. The interaction coe”cients, ↼i
mp and ↼

i
cbi, capture how demand

and supply innovations covary with pre-determined, 1-quarter lagged relationship attributes

(sharefb,t↑1) following monetary policy (MP) and central bank information (CBI) shocks

from Jarociński and Karadi’s (2020) popular series.

Table 4 reports the results, where Columns (1)–(3) use our demand innovations as the

dependent variable and Columns (4)–(6) employ supply innovations. We consider two key

covariates for sharefb,t↑1: the share of fixed-rate loans, to capture the floating-rate channel

(Ippolito et al. 2018; Gürkaynak et al. 2022), and the share of collateralized loans, to capture

the bank lending channel (Ivashina et al. 2022). Our estimates reveal contrasting demand

and supply patterns across these contract structures. Following a contractionary monetary

policy shock, a higher share of fixed-rate loans is associated with significantly lower credit

demand. This pattern is consistent with borrowers who have secured credit at lower fixed

rates avoiding new, costlier debt. Conversely, following a positive central bank information

shock signaling expanding economic activity, these same firms who borrow at a fixed rate

increase demand, anticipating higher interest rates in the near future. Turning to supply,

following a contractionary MP shock, a larger fixed-rate share is associated with a significant

increase in credit supply as banks perceive these counterparties as less exposed to interest

rate risk. Following a positive CBI shock, however, supply to fixed-rate borrowers falls as

banks retrench from fixed-rate exposures to prioritize floating-rate originations likely to be

more profitable as rates rise. Meanwhile, loan collateralization does not meaningfully explain

credit demand variations following either shock. On the supply side, however, a higher share

of collateralized loans is associated with a significantly greater supply of credit following

a contractionary MP shock, confirming banks actively prioritize asset-based lending over

cash-flow-based alternatives during periods of contraction.

These relationship-level estimates augment three strands of the monetary transmission

literature. On the demand side, our results complement the floating-rate channel docu-

mented by Ippolito et al. (2018), who show that firms with unhedged bank debt exhibit

heightened sensitivity to monetary policy. We extend this by showing that this channel op-

erates at the relationship level and manifests asymmetrically on each side of the market, with

exposed firms reducing relative demand while banks concurrently reallocate relative supply
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toward insulated, fixed-rate borrowers. On the supply side, our collateral findings reinforce

structural models of the collateral channel (Kiyotaki and Moore 1997; Chaney et al. 2012)

by documenting that banks explicitly shift toward secured exposures as monetary conditions

contract. Finally, while traditional frameworks emphasize firm-level characteristics to ex-

plain asymmetric transmission (Gertler and Gilchrist 1994; Ottonello and Winberry 2020),

we document that substantial transmission heterogeneity exists within a single firm across its

separate banking relationships – a granular dimension that current macroeconomic models

omit.

From a policy perspective, these results highlight the distributional and procyclical con-

sequences of monetary policy. The incidence of central bank tightening depends on the

pre-existing credit contract structures. Firms reliant on floating-rate or unsecured loans face

a double penalty: higher debt-servicing costs compounded by an endogenous contraction in

relative loan supply as banks de-risk. This amplification mechanism –whereby the banking

sector’s risk management response reinforces rather than dampens the contractionary e!ect

on vulnerable borrowers – raises concerns about procyclicality. Because the distribution of

these contract structures is heavily shaped by macroprudential policy tools such as borrower-

based limits or interest rate risk regulations, these findings reveal a crucial interaction where

macroprudential choices enacted during benign conditions directly dictate the distributional

costs of monetary tightening when it arrives.

Importantly, these relationship-level dynamics could not be uncovered using previous

identification strategies, which generate demand and supply measures strictly at the aggre-

gated firm or bank level. These results also address the potential concern that the demand

and supply heterogeneity we recover is just “noise”, treating variation appearing in the

AKM decomposition’s idiosyncratic errors as part of demand or supply. Instead, these find-

ings show that within-firm and within-bank variation – precisely what appears in those

idiosyncratic errors – is significantly associated with economically meaningful relationship

characteristics following a monetary contraction.

5 Conclusion

This paper proposes a novel decomposition to recover relationship-level e!ects or shocks as

an alternative to two-way fixed e!ects framework of Abowd et al. (1999). By exploiting

the covariance structure of observed outcomes across an agent’s relationships, we identify

parameters and underlying innovations without distributional assumptions. The identifica-

tion strategy leverages linearity and mutual orthogonality assumptions in exchange for the

possibility of uncovering rich patterns of heterogeneity and simple estimation and inference.
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Empirically, we document extensive insights into euro-area corporate credit markets.

While the slopes of credit demand and supply curves are relatively stable within coun-

tries over time, they exhibit substantial cross-country heterogeneity. A specification test

detects two-way correlations of shocks across agents, making AKM decompositions likely

to conflate demand and supply. As a consequence, AKM-style “demand” e!ects exhibit a

counter-theoretical negative impact on interest rates, appearing to be dominated by supply-

side variation. Consequently, using such proxies to control for credit demand attenuates

responses in regressions studying the credit supply contraction following the 2022 monetary

tightening cycle. In contrast, our covariance-identified demand measures help to uncover

a large, persistent contraction in credit supply to exposed firms over the subsequent six

quarters. This supply reduction transmitted directly to real outcomes, lowering total assets,

turnover, and leverage for exposed firms, e!ects that are systematically underestimated us-

ing a firm fixed e!ect as a demand control. Finally, the relationship-level heterogeneity in

our shocks reflects di!erential transmission of monetary policy and central bank information

via contract structures, informing modeling exercises and macroprudential policy debates.

On the theoretical front, fruitful avenues for future research include extensions to ac-

commodate single-relationship agents or formalizing the extensive margin of relationship

formation. Incorporating additional relationship-level observables, such as loan maturity,

could provide valuable over-identifying restrictions to test underlying assumptions or place

structure on temporal variation in the response parameters. While extending the framework

to absorb aggregate time-series variation (e.g., Amiti and Weinstein 2018) is conceptually ap-

pealing, it remains a challenge, as aggregate macro-shocks inherently act as proximal causes

driving both sides of the market simultaneously.

Finally, while our empirical focus is corporate credit markets, our decomposition is

broadly applicable across several fields. It translates directly to other financial settings,

international trade, and production networks. Furthermore, application to the classic AKM

setting of matched employer-employee data could unveil match-specific wage-setting dynam-

ics, with rich consumer data another exciting avenue.
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Assumption 3. Demand and supply shocks have the structure

u
d
fb = e

d
fb + v

d
fb

u
s
fb = e

s
fb + v

s
fb.

where e
i
fb, i → {d, s} is mean zero and independent of all innovations except for e

i
fb→ and

v
i
fb, i → {d, s} is mean zero and independent of all innovations except for vif →b. All innovations

are identically distributed, have strictly positive variance and finite eighth moments, and

lim
F,B↘≃

B

N2
FF

B∑

b=1

var

(
∑

f → ↓=f

vech(vfbv
→
f →b)

)
and lim

F,B↘≃

F

N2
BB

F∑

f=1

var

(
∑

b→ ↓=b

vech(efbe
→
fb→)

)

are symmetric positive definite, where efb and vfb stack the bank and firm demand and supply

components, respectively.

This structure allows either positive or negative correlation of each shock across both

firms and banks; edfb and e
s
fb are firm-specific demand and supply components (correlated

over banks, and v
d
fb and v

s
fb are bank-specific demand and supply components (correlated

over firms). The moment existence assumptions allow consistent estimation of the asymptotic

variance and the variance assumptions ensure non-degenerate limiting distributions.

We next impose assumptions on the network structure.

Assumption 4. The following limits hold:

1.

lim
F,B↘≃

N

FB
= κ → (0, 1] , N ↗

B∑

b=1

Fb =
F∑

f=1

Bf ;

2.
B

F 2
↘ 0 as F,B ↘ ≃;

3.
F

B2
↘ 0 as F,B ↘ ≃.

While the first point of Assumption 4 does require that the average degree of a firm grows

linearly with B (and vice versa for banks), this only requires that there is a non-vanishing

share of firms (banks) whose number of connections increases proportionally with B (F ), in

contrast to the stronger firm-by-firm conditions in Jochmans and Weidner 2019. The latter

points require that neither B nor F dominates the other asymptotically, but realistically

allows them to grow at di!erent rates.
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We begin by proving two preliminary lemmas. We first prove that the variance of

vech(SFF ) vanishes as F,B ↘ ≃.

Lemma 1. Under Assumptions 3 and 4, var(SFF ) ↘ 0 and var(SBB) ↘ 0 as F,B ↘ ≃.

Proof.

var(vech(SFF )) = var

(
1

NFF

B∑

b=1

∑

f → ↓=f

vech
(
ϑfbϑ

→
f →b

)
)

= N
↑2
FFvar

(
vech

(
B∑

b=1

∑

f → ↓=f

ϑfbϑ
→
f →b

))

= N
↑2
FF

B∑

b=1

B∑

b→=1

cov



vech

(
∑

f → ↓=f

ϑfbϑf →b

)
, vech




∑

f̃ ↓=f̄

ϑf̃ b→ϑf̄ b→




→



= N
↑2
FF

B∑

b=1

∑

f → ↓=f

∑

f̃ ↓=f̄

cov
(
vech (ϑfbϑf →b) , vech

(
ϑf̃ bϑf̄ b

)→)
(11)

+ 2N↑2
FF

∑

b→ ↓=b

∑

f → ↓=f

cov
(
vech (ϑfbϑf →b) , vech (ϑfb→ϑf →b→)

→) (12)

↗ ωFF ,

where in (11)-(12) terms are dropped for which
(
f̄ , f

)
↓= (f, f →) since these are zero by the

structure and independence conditions in Assumption 3. We now derive the asymptotic

behaviour of this variance. Note that the first summation contains

1

4

B∑

b=1

(Fb(Fb ↑ 1))2

terms, while the second summation contains

∑

b→ ↓=b

∑

f → ↓=f

1fb1fb→1f →b1f →b→

terms, where 1fb is an indicator for whether there is a connection between f and b. Since

the number of connections of any single bank, Fb, cannot be larger than F , Assumption 4

guarantees that Fb grows proportionally to F for a non-vanishing share of banks, µF,B ↘
µ̃ → (0, 1]. It follows that

lim
F,B↘≃

1

F 2B

B∑

b=1

Fb(Fb ↑ 1)

2
= ▷̃ → (0, 1/2] (13)
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and thus

lim
F,B↘≃

(
1

F 2B

B∑

b=1

Fb(Fb ↑ 1)

2

)2

= ▷̃
2 → (0, 1/4] ,

and additionally

lim
F,B↘≃

1

F 4B

B∑

b=1

F
2
b (Fb ↑ 1)2

4
= ◁̃ → (0, 1/4] .

Then, since in the denominator N2
FF =

(
1
2

∑B
b=1 Fb(Fb ↑ 1)

)2

= O (B2
F

4), the first term

of ωFF is O(B↑1), since the covariances are assumed to be finite, and thus converges to zero

as F,B ↘ ≃. The number of non-zero terms entering the second summation is bounded

above by that for the fully dense network where all firms are connected to all banks, in

which case there are 1
4B(B ↑ 1)F (F ↑ 1) terms. Then, given the denominator N

2
FF , the

second term is O(F↑2), and converges to zero as F,B ↘ ≃. Thus, the total variance

ωFF = O(B↑1) + O(F↑2) = O(B↑1) by the third point of Assumption 4, and converges to

zero asymptotically. The same is true for SBB by symmetry, whose variance we denote as

ωBB.

The consistency of SFF for %FF then follows from Lemma 1:

Lemma 2. Under Assumptions 3 and 4, SFF
p↘ %FF and SBB

p↘ %BB; the convergence of

q(ω, ϖ) is uniform in ϖ.

Proof. Consistency of SFF for %FF follows directly from Lemma 1 by applying Chebyshev’s

Inequality. The convergence of

qFF (ω, ϖ) = vech (SFF ↑ A&FFA
→)

to E [qFF (ω, ϖ)] is also uniform in ϖ since it is entirely separable in ϖ and ω, where ω denotes

the sample of ϑfb, and thus

⇔qFF (ω, ϖ)↑ E [qFF (ω, ϖ)]⇔ = ⇔SFF ↑ %FF⇔,

independent of ϖ. By symmetry, the same arguments apply to qBB(ω, ϖ).

Note that this result closely resembles those found in the literature on U-statistics, see

for instance Hoe!ding (1948). However, we opt to develop asymptotic properties directly to

ensure the results are self-contained and make clear how the various assumptions contribute

to the asymptotic results. We now prove Theorem 1.
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Proof. Following the uniform consistency result of Proposition 2, ϖ̂
p↘ ϖ by standard mini-

mum distance results, for instance Theorem 2.1 of Newey and McFadden (1994), establishing

the first part of the theorem.

We derive the limiting distribution of qFF , qBB separately. The proof of Lemma 1 contains

the variances of each block; their covariance, ωFB is:

ωFB = cov



 1

NFF

B∑

b=1

∑

f → ↓=f

vech
(
ϑfbϑ

→
f →b

)
,

1

NBB

F∑

f̃=1

∑

b̃ ↓=b→

vech
(
ϑf̃ b→ϑ

→
f̃ b̃

)→




=
4

NFFNBB

∑

f → ↓=f

∑

b→ ↓=b

cov
(
vech

(
ϑfbϑ

→
f →b

)
, vech

(
ϑfbϑ

→
fb→
)→)

.

Thus, ωFB = O(F↑1
B

↑1) and vanishes at a faster rate than either of the variances.

Under Assumption 3, vech
(
ϑfbϑ

→
f →b

)
can be decomposed

ϑfb,iϑf →b,j ↗ 0b,ff →,ij + 1b,ff →,ij + 2b,ff →,ij + 3b,ff →,ij,

where

0b,ff →,ij =
(
Ai1e

d
fb + Ai2e

s
fb

) (
Aj1e

d
f →b + Aj2e

s
f →b

)

1b,ff →,ij =
(
Ai1v

d
fb + Ai2v

s
fb

) (
Aj1v

d
f →b + Aj2v

s
f →b

)

2b,ff →,ij =
(
Ai1e

d
fb + Ai2e

s
fb

) (
Aj1v

d
f →b + Aj2v

s
f →b

)

3b,ff →,ij =
(
Ai1v

d
fb + Ai2v

s
fb

) (
Aj1e

d
f →b + Aj2e

s
f →b

)
.

Working term by term, for 0b,ff →,ij, E [0b,ff →,ij] = 0 as it is the product of independent

firm-specific components. Note that

⇐
B

NFF

B∑

b=1

∑

f → ↓=f

0b,ff →,ij =

⇐
BF

2

NFF

B∑

b=1

1

F 2

∑

f → ↓=f

0b,ff →,ij =

⇐
BF

2

NFF

B∑

b=1

Op(F
↑1),

since the inner summation is is the sample average of at most F (F↑1)/2 uncorrelated mean-

zero terms by the independence conditions in Assumption 3, and is thus
⇐
F 2 consistent by

the weak LLN. Then

⇐
BF

2

NFF

B∑

b=1

Op(F
↑1) = O


BF

2

NFF


Op

(
B

1
2F

↑1
)
↘ 0
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jointly in F,B, where the limit follows since O

(
BF 2

NFF

)
↘ O(1) by (13) and B

1
2/F ↘ 0 by

Assumption 4.

Turning to 1b,ff →,ij, E[1b,ff →,ij] = E [ϑfb,iϑf →b,j] = %FF,ij, since v
d
fb and v

s
fb are the only

source of correlation across firms. Then

⇐
B

(
1

NFF

B∑

b=1

∑

f → ↓=f

1b,ff →,ij ↑ %FF,ij

)

is a (scaled) sum of B mean-zero independent random variables
∑

f → ↓=f 1b,ff →,ij ↑ %FF,ij.

Note that under Assumption 3, in particular the i.i.d. and finite moments assumptions on

the shock components, Lyapunov’s condition holds. Then, by the Lyapunov Central Limit

Theorem, ⇐
B

NFF

B∑

b=1

∑

f → ↓=f

1b,ff →,ij ↑ %FF,ij
d↘ 4b,ij ↖ N (0, Vij),

where

Vij = lim
F,B↘≃

B

N2
FF

B∑

b=1

var

(
∑

f → ↓=f

1b,ff →,ij ↑ %FF,ij

)
.

Joint asymptotic normality holds for
⇐
B

(
1

NFF

∑B
b=1

∑
f → ↓=f 1b,ff → ↑ vech(%FF )

)
, for 1b,ff → ,

the vector stacking unique entries over i, j, by the Cramer-Wold device, so

⇐
B

(
1

NFF

B∑

b=1

∑

f → ↓=f

1b,ff → ↑ vech(%FF )

)
d↘ *b ↖ N (0, V ).

For 2b,ff →,ij, which is mean zero,

⇐
B

(
1

NFF

B∑

b=1

∑

f → ↓=f

2b,ff →,ij ↑ E [2b,ff →,ij]

)
=

⇐
BOp

(
N

↑ 1
2

FF

)
,

since the expression in parentheses is the sample average of NFF mean-zero finite variance

uncorrelated random variables, converging in probability to zero (e.g., Chebyshev’s Weak

LLN). Then limF,B↘≃
⇐
BOp

(
N

↑ 1
2

FF

)
= 0 by Assumption 4. By symmetry, the same argu-

ment applies to 3b,ff →,ij. Thus, combining the limits,

⇐
B vech

(
SFF,ij ↑ (A&FFA

→)ij

)
d↘ N (0, Vij)

by Slutsky’s Theorem. Stacking entries and using the joint normality established above

for sums of 1b,ff → yields
⇐
BqFF (ω, ϖ)

d↘ N (0,WFF ), where WFF ↗ V . By symmetry,⇐
FqBB(ω, ϖ)

d↘ N (0,WBB).
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Joint asymptotic normality (as F,B ↘ ≃) of
⇐
BqFF (ω, ϖ) and

⇐
FqBB(ω, ϖ) follows

from
⇐
F
⇐
BωF,B ↘ 0, which ensures they are asymptotically independent. Thus

(⇐
BqFF (ω, ϖ)⇐
FqBB(ω, ϖ)

)
d↘
(
*b

*f

)
↖ N (0,W),

where

W =

[
WFF 0

0 WBB

]
.

Regularity conditions for continuous di!erentiability and the Jacobian of q, denoted (, re-

quired for minimum distance estimation, are trivially satisfied due to the structure of q.

Therefore, following standard arguments (e.g., Theorem 3.2, Newey and McFadden 1994),

(̃(ϖ̂ ↑ ϖ)
d↘ N (0,W),

where

(̃ =

([⇐
B 0

0
⇐
F

]
⇒ I3

)
(̂, (̂ =

ϱq(ω, ϖ)

ϱϖ→

∣∣∣∣
ω̂

.

The final part of the proof establishes the consistency of estimators ŴFF ,ŴBB. Note

WFF = lim
F,B↘≃

B

N2
FF

B∑

b=1

var

(
∑

f → ↓=f

1b,ff → ↑ vech(%FF )

)

= lim
F,B↘≃

B∑

b=1

B(Fb(Fb ↑ 1)/2)2

N2
FF

var

(
1

Fb(Fb ↑ 1)/2

∑

f → ↓=f

1b,ff → ↑ vech(%FF )

)
(14)

=
◁̃

▷̃2
µ̃ lim var

(
1

Fb(Fb ↑ 1)/2

∑

f → ↓=f

1b,ff → ↑ vech(%FF )

)

=
◁̃µ̃

▷̃2
)FF ,

where )FF ↗ limF↘≃ var
(

1
Fb(Fb↑1)/2

∑
f → ↓=f 1b,ff → ↑ vech(%FF )

)
for banks with limFb/F →

(0, 1]. The third equality follows from the fact that Fb increases proportionally to F for

a non-vanishing share, µ̃, asymptotically, of banks as a consequence of Assumption 4, and

for the remaining banks B(Fb(Fb↑1)/2)2

N2
FF

↘ 0, so their contribution to the variance in (14) is

asymptotically negligible. For µ̃B, the scaled summations are asymptotically independently

and identically distributed.
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Define

ŴFF =
B

2

N2
FF

1

B

B∑

b=1

(
∑

f → ↓=f

vech
(
ϑfbϑ

→
f →b

)
↑ vech(SFF )

)(
∑

f → ↓=f

vech
(
ϑfbϑ

→
f →b

)
↑ vech(SFF )

)→

.

Adopting the decomposition in (??)-(??), ŴFF is a function of four types of terms. The

argument above shows that sample averages of three of them converge in probability to

zero, i.e. 1
F 2

∑
f → ↓=f 0b,ff → = Op(F↑1) ↘ 0, 1

F 2

∑
f → ↓=f 2b,ff → = Op(F↑1) ↘ 0, 1

F 2

∑
f → ↓=f 3b,ff → =

Op(F↑1) ↘ 0. Therefore, second powers involving those terms are asymptotically negligible.

The only non-vanishing terms are those depending exclusively on 1b,ff → .

First, denote
1

F (F ↑ 1)/2

∑

f → ↓=f

1b,ff → ↑ vech(%FF )
d↘ 5b,

as F ↘ ≃, where var(5b) is bounded for all b by Assumption 3. It follows that

5b ↖ 5, E[5] = 0, var(5) = )FF ,

for a fraction µ̃ of banks as F,B ↘ ≃, and is asymptotically negligible for all others.

Since SFF is consistent for %FF by Lemma 2,

B

N2
FF

B∑

b=1

(
∑

f → ↓=f

1b,ff → ↑ vech(SFF )

)(
∑

f → ↓=f

1b,ff → ↑ vech(SFF )

)→

=
1

B

B∑

b=1

B
2(Fb(Fb ↑ 1)/2)2

N2
FF

(
1

Fb(Fb ↑ 1)/2

∑

f → ↓=f

1b,ff → ↑ vech(SFF )

)

⇓
(

1

Fb(Fb ↑ 1)/2

∑

f → ↓=f

1b,ff → ↑ vech(SFF )

)→

p↘ lim
F,B↘≃

1

B

B∑

b=1

B
2(Fb(Fb ↑ 1)/2)2

N2
FF

5b5
→
b = µ̃

◁̃

▷̃2
)FF + (1↑ µ̃)⇓ 0 =

◁̃µ̃

▷̃2
)FF ,

as the average of µ̃B i.i.d. random variables. Symmetric results apply to ŴBB, defined

analogously, completing the proof of Theorem 1.
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B Labeling and normalization of Â

As noted in the text, the preliminary estimate Ã requires labeling and normalization to

obtain the supply and demand elasticities. In particular, let

Â = P̂ (Ã+̃)Ã+̃,

where P (·) is a signed permutation matrix and +̃(·) is a diagonal matrix imposing a scale

normalization. In practice, we set +̃ = |&̃FF |
1
2 (where | · | denotes the element-wise absolute

value of a matrix), where &̃FF = Ã
↑1
SFF Ã

→↑1, which normalizes the covariances of demand

and supply shocks across firms (within a given bank) to be ± unity.16 A signed permutation

matrix is one in which a subset of columns may be negative. We choose P̂ (Ã+̃) to be the

signed permutation matrix P → P , where P is the set of all such matrices, that minimizes

the Frobenius norm of PÃ+̃ ↑
(
std(#rfb) ↑std(#rfb)

std(#lfb) std(#lfb)

)
. That is, it is the signed permu-

tation that minimizes the elementwise distance between Â and

(
std(#rfb) ↑std(#rfb)

std(#lfb) std(#lfb)

)
.

Formally,

P̂ (Ã+̃) = argminP⇐P


2∑

i=1

2∑

j=1

(
PÃ+̃↑

(
std(#rfb) ↑std(#rfb)

std(#lfb) std(#lfb)

))2

ij

,

16Using the absolute value of &̃FF means that after normalization the entries of &FF may be +1 or ↑1,
depending on the covariance pattern in the data.
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where (M)ij denotes the ij entry of matrix M . As a result, the first column of Â corresponds

to the shock whose properties are most consistent with those of a demand shock, while the

second corresponds to a supply shock, and the e!ects of the shocks are scaled such that the

shocks’ covariances across firms (within a given bank) are unity. Once Â is obtained, it is

trivial to obtain &̂BB, and thus the full vector of estimated parameters, ϖ̂.

C Additional theoretical results

C.1 Additional details on AKM with two-way correlations

In this appendix, we show that the results in the main text on the bias of AKM in the simple

example (Section 2) are robust to alternative implementations.

Suppose instead of treating firm 2 as the reference group, we treat bank 2 as the reference

group. Then we obtain

d̃1 = d1 + e1 + (s2 ↑ a)

d̃2 = d2 + e2 + (s2 ↑ a)

s̃1 = s1 ↑ s2 + (a↑ (↑a))s1 ↑ s2 + 2a.

The identified demand shocks are contaminated by two terms: the firm’s common supply

component, ef , and the reference bank’s common components (both supply and demand).

s̃1 should recover bank 1’s supply relative to the reference bank, but it is contaminated by

an additional term, the di!erence between the two banks’ demand components. If we set the

reference bank-specific components to zero to abstract from normalization, s2 = 0, ud
f2 = df ,

we still obtain d̃f = df + ef and s̃1 = s1 + a, so both supply and demand shocks remain

unidentified.

Our identification strategy employs changes in prices in addition to the usual changes in

quantity used in the banking literature. Suppose that #rfb is generated as

#rfb = u
d
fb ↑ u

s
fb,

and that we apply the AKM approach to #rfb instead of #lfb. Similar results hold, with

just a flip in sign of supply-related terms. For instance, with firm 2 as the reference unit,
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d̃1 = (d1 ↑ d2)↑ (e1 ↑ e2)

s̃1 = ↑s1 + a+ (d2 ↑ e2)

s̃2 = ↑s2 ↑ a+ (d2 ↑ e2).

The commentary is qualitatively unchanged from that in the text.

C.2 Partialing out covariates

In this section, we show that covariates, Xfb, can be partialed out of the regression model

in (7), under some additional assumptions.

Assumption 5. ufb is mean independent of Xfb

E [ufb|Xfb] = E [ufb] .

Lemma 3. In the model ϑfb = Aufb + $Xfb, $ can be consistently estimated by OLS under

Assumptions 1-5 provided that Xfb is independent of Xf →b→ , for all f → ↓= f, b
→ ↓= b, Xfb has full

rank and finite variance, and var
(
AufbX

→
fb

)
< ≃.

Proof. By the usual algebra, the OLS estimator of $ is

$̂ = $+
1

N

F∑

f=1

B∑

b=1

AufbX
→
fb

(
1

N

F∑

f=1

B∑

b=1

XfbX
→
fb

)↑1

.

The expectation of the numerator of the error term is zero by Assumption 1: by the law of

iterated expectations,

E

[
1

N

F∑

f=1

B∑

b=1

AufbX
→
fb

]
=

1

N

F∑

f=1

B∑

b=1

AE

E [ufb|X]X →

fb



=
1

N

F∑

f=1

B∑

b=1

AE

E [ufb]X

→
fb



= 0,

using the conditional mean independence of Assumption 5. The variance of the numerator
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is

var

(
1

N

F∑

f=1

B∑

b=1

AufbX
→
fb

)

=
1

N2

F∑

f=1

B∑

b=1

F∑

f →=1

B∑

b→=1

cov
(
AufbX

→
fb, Xf →b→Au

→
f →b→

)

↙ F
2
B

2

N2

1

F 2B2

F∑

f=1

B∑

b=1

(F +B ↑ 1)var
(
AufbX

→
fb

)

=
F

2
B

2

N2

(F +B ↑ 1)

FB
var

(
AufbX

→
fb

)
↘ 0,

where the inequality uses the independence of Xfb for observations with no common indices.

Applying Chebyshev’s Inequality shows that the numerator converges in probability to 0.

Since the correlation pattern in the denominator is identical, the variance of the denominator

also vanishes as F,B ↘ ≃, so the denominator converges in probability to E

XfbX

→
fb


.

Finally, applying Slutsky’s Theorem yields $̂
p↘ $.

D Monte Carlo Study

In this Appendix, we describe our Monte Carlo study in detail. In our simulations, we set

A =

[
7.5101 ↑1.5346

0.1670 2.2644

]
.

which corresponds to empirical estimates for Italy in the monetary policy tightening sub-

sample. We also match the second moments of the supply and demand shocks to those

estimated in that specification. We generate the shocks according to:

u
i
fb = z

i
f + z

i
b + z

i
fb, i → {d, s}, f = 1, . . . , F, b = 1, . . . , B,

where each of the components is independent and normally distributed with a mean of zero

and empirically calibrated variance.

We consider four di!erent sample sizes: a small sample with 10 banks, a small empirical

sample with 25 banks, a moderate empirical sample (comparable to that in most countries

studied in Section 4) with 100 banks, and a large sample with 250 banks. In each case, we

set F = 1000B. We consider settings using either a single quarter (T = 1) or 4 quarters of

data (T = 4). We draw relationship dummies uniformly to match the density of the sparse
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Table D.1: Bias and standard deviation of parameter estimates

B = 10 B = 25 B = 100 B = 250
T = 1, i.i.d. bias std bias std bias std bias std
A11 -0.12 0.21 -0.06 0.14 -0.02 0.07 -0.00 0.04
A21 -0.35 4.64 -0.22 2.64 0.02 1.03 0.01 0.37
A12 -0.59 1.66 -0.13 1.43 -0.01 0.75 -0.00 0.43
A22 -0.26 0.59 -0.10 0.39 -0.00 0.07 -0.00 0.05
T = 4, i.i.d. bias std bias std bias std bias std
A11 -0.04 0.12 -0.01 0.07 -0.01 0.04 -0.00 0.02
A21 -0.07 1.97 -0.05 1.08 -0.00 0.51 -0.01 0.20
A12 -0.03 1.19 0.04 0.76 -0.00 0.37 0.01 0.22
A22 -0.04 0.23 -0.00 0.07 -0.00 0.04 -0.00 0.02

Notes: The table reports the bias and standard deviation (both relative to the corresponding
entry of A) of estimates of each entry in A across 1,000 Monte Carlo samples generated according
to the DGPs described in the text. The top panel considers four sample sizes for T = 1, with
shocks independent over time: B = 10, 25, 100, 250, and F = 1000B in each case. The second
panel considers T = 4 time periods, where the shocks are independent in each period.

network structure observed in the data, subject to the constraint that each firm borrows

from at least two banks. For each design, we draw 1000 Monte Carlo samples.

Table D.1 reports the relative bias and relative standard deviation of each entry of Â

over 1,000 samples. Starting with the T = 1 case, for B = 10, which is a smaller sample size

than in all countries in our empirical application, the bias can be fairly large. These results

are potentially driven by the fact that, with sample sizes this small (and with a relatively

sparse network), complex values for Â are obtained in some samples, so that these statistics

are computed only across those samples for which Â is real. However, as B increases to 25

and then 100, comparable to the order of magnitude observed in most countries, the bias

decreases quickly for all parameters. The standard deviation falls steadily for all parameters

when B increases, though it remains sizable for two coe”cients. Finally, for B = 250, all

biases are negligible, and standard deviations are further reduced. As T increases to 4, the

bias falls substantially, essentially vanishing for B > 25, and the standard deviation also

decreases, as expected. The results make a clear case for pooling data across multiple time

periods due to the reduction in bias, as we opt to do in our empirical analysis. Overall, the

estimation strategy performs well with realistic sample sizes and suggests that our results

are likely to be reliable for most countries studied.

Table D.2 presents the empirical size of nominal 5% t-tests for each parameter in the

same specifications. The size distortions are small for all parameters when B = 100 or larger

in the case of T = 1, and moderate in the case of B = 25. When B ⇑ 25 and T = 4, size is

better controlled, as expected.
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Table D.2: Empirical size of t-tests

B = 10 B = 25 B = 100 B = 250
T = 1
A11 18.3 13.2 8.3 5.4
A21 15.8 10.2 4.8 3.4
A12 11.1 10.7 7.3 4.1
A22 25.0 12.8 6.1 6.2
T = 4
A11 10.3 7.8 6.7 4.8
A21 9.3 6.8 6.1 6.1
A12 7.4 5.5 5.4 4.9
A22 9.7 5.6 5.5 5.5

Notes: The table reports the e empirical rejection rates of 5% t-tests for each entry in A across
1,000 Monte Carlo samples generated according to the DGP described in the text. For each
specification, rejection rates are reported using the baseline variance estimator that assumes
serially uncorrelated shocks. The top panel considers four sample sizes for T = 1, with shocks
independent over time: B = 10, 25, 100, 250, and F = 1000B in each case. The second panel
considers T = 4 time periods, where the shocks are independent in each period.

Table D.3 considers the problem of estimating the average demand shock for each firm

and average supply shock for each bank. Given the DGP described, there are indeed

firm and bank common components corresponding to each of these objects, to which the

average heterogeneous shocks should converge. In particular, the “demand” firm e!ects

are z
d
f and the “supply” bank e!ects are z

s
b , and we have E


B

↑1
f

∑Bf

b=1 u
d
fb|zdf


= z

d
f and

E


F

↑1
b

∑Fb
f=1 u

s
fb|zsb


= z

s
b . For each Monte Carlo sample, we compute the correlation of

both the average heterogeneous shocks for each firm (bank) with z
d
f (zsb) as well as the cor-

relation of each estimated firm (bank) fixed e!ect with z
d
f (zsb). Finally, for comparison, we

also compute the correlation of each estimated firm and bank fixed e!ect with the true firm

and bank components of quantity (which mix both demand and supply e!ects)17.

We report the average correlations across 1000 samples. For all specifications and esti-

mators, the correlations are much stronger for bank fixed e!ects than for firm fixed e!ects,

reflecting the much larger number of relationships for each bank relative to each firm. Across

specifications, the firm average heterogeneous demand shock is substantially better corre-

lated with the firm component of demand than the estimated firm fixed e!ect – by a factor

of 7 to 10. This is due to two factors. First, the fixed e!ects estimates are biased for the firm

component of demand, since there is also a firm-specific component of supply in the DGP.

Second, as explained in the text, although the firm fixed e!ect can only make use of a firm’s

very limited number of relationships, our new estimator leverages information across the

17In particular, these are A21zdf +A22zsf and A21zdb + A22zsb , respectively
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Table D.3: Correlations of average shocks and fixed e!ects

B = 10 B = 25 B = 100 B = 250
T = 1, i.i.d. firm bank firm bank firm bank firm bank
corr(True, Avg. Het.) 0.22 0.73 0.23 0.90 0.24 0.99 0.30 1.00
corr(True, FE) 0.03 0.99 0.03 0.99 0.03 0.99 0.04 0.99
corr(True Q, FE) 0.20 0.99 0.20 0.99 0.20 0.99 0.25 1.00

T = 4, i.i.d. firm bank firm bank firm bank firm bank
corr(True, Avg. Het.) 0.23 0.97 0.24 0.99 0.24 1.00 0.30 1.00
corr(True, FE) 0.03 0.95 0.03 0.98 0.03 0.99 0.04 0.99
corr(True Q, FE) 0.20 0.95 0.20 0.98 0.20 0.99 0.25 1.00

Notes: The table reports the average correlations across 1,000 Monte Carlo samples of the
average estimated heterogeneous demand and supply shocks and the true firm components of
demand and bank components of supply (corr(True, Avg. Het.)), the average correlations of the
estimated fixed e!ects with the true firm components of demand and bank components of supply
(corr(True, FE)), as well as the average correlations of the estimated fixed e!ects with the true
fixed e!ects in the quantity equation (corr(True Q, FE)) in the DGP described in the text. The
top panel considers four sample sizes for T = 1: B = 10, 25, 100, 250, and F = 1000B in each
case. The second panel considers T = 4 time periods.

entire dataset to separate supply and demand factors. For B = 10 and B = 25 with T = 1,

the estimated bank fixed e!ects have slightly higher correlations with the true bank supply

e!ects than the bank average heterogeneous supply shocks. However, as more observations

become available (through more firms/banks and/or time periods) the bank average supply

shocks become more accurate, as the advantage of exploiting information from the whole

dataset grows more pronounced. The third set of correlations in each panel help to quantity

the relative importance of the misspecification bias of fixed e!ects for the shock components

versus network structure exploited in estimator performance. In particular, the correlations

of the estimated firm fixed e!ects with the true firm components of quantity are considerably

higher – although still lower than those for the average heterogeneous shocks – suggesting

that the misspecification bias channel is more important than the network structure ex-

ploited in explaining the poor correlation of fixed e!ects estimates with the firm components

of demand.
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E Additional empirical results

E.1 Sample composition

We first summarize the number of firms, banks, and relationships by country and time period

in Table E.4. This table characterizes the network structure present in the data.

Table E.4: Summary Statistics by Country and Time Period

Pandemic Inflation Tightening

Country Firms Banks Pairs Firms Banks Pairs Firms Banks Pairs

AT 16,799 338 45,248 18,705 456 50,592 19,256 417 51,551
BE 28,195 20 61,387 28,478 21 62,266 30,121 21 65,771
DE 137,938 886 373,311 140,317 827 370,753 148,497 794 396,387
ES 142,902 100 426,001 152,289 101 469,943 149,558 99 434,075
FR 169,106 134 395,590 189,810 139 449,290 190,769 138 449,919
GR 7,458 16 20,983 8,802 15 24,709 9,714 14 23,759
IT 250,545 214 757,802 253,576 203 758,457 242,958 195 719,489
NL 4,201 19 8,732 3,729 20 7,714 3,930 21 8,477
PT 33,610 111 92,805 36,520 104 98,368 37,451 99 100,668

Notes: This table reports the sample sizes by country for each of the three sub-samples
studied. The three time periods are: Pandemic (2019Q3-2020Q4), Inflation (2021Q1-2022Q2),
and Tightening (2022Q3-2023Q4). For each country and period, we report the number of
multi-bank firms (firms borrowing from at least two banks), the number of banks lending to
these firms, and the total number of firm-bank relationships (N).

54



E.2 Supply and demand curves over time

Figure E.1 presents the results found in Figure 2 in the main text as supply and demand

curves. This is a more familiar depiction of the slopes that are represented as angles in that

figure. Naturally, the conclusions and patterns discussed in the main text apply to this figure

as well.
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E.3 The level of aggregation and the constant-A assumption

Treating A as constant within a country-period reflects a choice about the level of aggre-

gation, not a restriction imposed by our identification strategy. Estimating a separate A

for each country in a currency area already makes this choice explicit: applied to U.S.

data, an analogous decision would be whether to let A vary by state rather than treat the

country as a whole. The covariance restrictions we exploit can be estimated at any level

of (dis)aggregation, provided enough firms borrow from multiple banks and enough banks

lend to multiple firms within a cell to identify the relevant second moments. Pooling more

coarsely reduces sampling variance at the risk of averaging over genuine heterogeneity; split-

ting further reverses this trade-o!, shrinking the firms and, especially, the banks entering

the two-way clustered variance estimator and widening the resulting confidence intervals.

Whether a finer partition is informative or merely noisier is thus an empirical question, gov-

erned by the same bias-variance trade-o! that arises whenever a homogeneity restriction is

imposed to gain precision.

Figure E.2 illustrates this trade-o!, re-estimating Â for Spain in 2022Q3–2023Q4 after

partitioning the sample by sector, region, and firm-size quartile. We choose this country-

period purely for illustration: Spain is large and heterogeneous enough across regions, sectors,

and firm sizes that each partition still retains su”cient firms and banks to estimate Â

with confidence intervals of comparable magnitude to the pooled estimate. We make no

claim that this example is representative of the other 26 country-periods, nor that A would

remain estimable under arbitrarily fine partitions of a smaller or more homogeneous sample.

The exercise demonstrates only that the constant-A assumption is a choice available to

the researcher, weighed against the same bias-variance considerations as any homogeneity

restriction, and one that can be tested directly whenever the data permit.

Beyond serving as a robustness check on the constant-A assumption, the ability to esti-

mate A at a finer level, when the data permit, speaks to questions in which cross-sectional

heterogeneity in demand and supply elasticities is itself the object of interest. Quantifying

how strongly credit supply and its pricing respond to policy shocks across sectors, regions,

or firm sizes is a key input for heterogeneous-firm models of monetary transmission, and for

calibrating targeted macroprudential tools, such as sectoral capital bu!ers or size-dependent

credit guarantee schemes, whose rationale rests on such elasticities di!ering enough across

groups to justify di!erentiated treatment.
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E.4 Assessing validity using price responses

In this Appendix, we repeat the analysis of Table 2, except that we now collapse the de-

pendent variable, the change in interest rate at the firm or bank level. Table E.5 reports

the results; qualitatively, the findings are essentially identical to those in the main text, for

regressions conducted at the relationship level.
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Figure E.2: Within-country heterogeneity of Supply and Demand curves

Notes: This figure assesses the stability of the estimated response matrix Â within a single country-
period, Spain, 2022Q3–2023Q4, when the sample is further partitioned along three dimensions:
two-digit NACE sector (left column), province of the firm’s headquarters (middle column), and
quartile of firm size (right column). Rows report, in turn, the response of price to demand
shocks (Â11), the response of price to supply shocks (Â12), the response of quantity to demand
shocks (Â21), and the response of quantity to supply shocks (Â22). Size quartiles are based on
(log) total assets, with firms ranked and re-assigned to a quartile separately in each quarter; a
firm’s quartile can therefore change from one quarter to the next within the 6-quarter estimation
window, so “Q1” denotes the bottom quartile of the size distribution in a given quarter rather
than a fixed panel of firms. Sectors and regions are not selected by an explicit statistical rule;
but the five regions shown are in general Spain’s largest by population, employment, and GDP,
and the six sectors are chosen for their economic relevance. Blue points are the sub-sample point
estimates, with error bars denoting 95% confidence intervals constructed using autocorrelation
robust standard errors. The dashed horizontal line and shaded band in each panel report the
point estimate and 95% confidence interval for the full Spain, 2022Q3–2023Q4 sample, i.e., one
of the 27 country-period estimates underlying Figure 1. Within the sector and region columns,
sub-samples are ordered from the largest to the smallest by number of firms; size quartiles are
ordered Q1 (smallest) to Q4 (largest). Sector codes are: C10 (Manufacture of food products), C25
(Manufacture of fabricated metal products, except machinery and equipment), F41 (Construction
of buildings), G46 (Wholesale trade, except of motor vehicles and motorcycles), G47 (Retail trade,
except of motor vehicles and motorcycles), and L68 (Real estate activities).
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Table E.5: Innovations versus fixed e!ects: Impact on Interest rate changes

(1) (2) (3) (4)
Firm-Time average of dP (residualised)

Average Demand innovation 0.229*** 0.234***
(0.000) (0.000)

Average Supply innovation -0.189*** -0.263***
(0.000) (0.000)

AKM Firm-Time FE -0.483*** 1.179***
(0.002) (0.003)

Firm-time average of AKM Bank-Time FE -0.741*** -1.102***
(0.007) (0.006)

Observations 11601979 11539414 11539414 11539414
Adjusted R2 0.47 0.01 0.25 0.29

Bank-Time average of dP (residualised)

Average Demand innovation (b,t) 0.376*** 0.499***
(0.017) (0.017)

Average Supply innovation (b,t) -0.362*** -0.406***
(0.008) (0.009)

Bank-Time average of AKM Firm-Time FE -0.401*** 0.223*
(0.129) (0.117)

AKM Bank-Time FE -0.439*** -2.256***
(0.077) (0.190)

Observations 31823 31148 31148 31148
Adjusted R2 0.62 0.08 0.40 0.42

Notes: The table reports coe#cients from regressions of interest rate changes, collapsed at either firm- or
bank-level, on supply and demand measures. In the top panel, the dependent variable is the quarterly value-
weighted average change in the interest rate for firm f in period t, after residualizing relationship-level controls
Xfb,t. In the bottom panel, the dependent variable is the quarterly value-weighted average change in the
interest rate for bank b in period t, after residualizing relationship-level controls Xfb,t. In column 1, Demand
innovation and Supply innovation are our firm- or bank-level aggregated relationship-level shocks identified
using covariance restrictions. In column 2, the independent variables are AKM firm-time fixed e!ects (f, t)
and AKM bank-time fixed e!ects (b, t) obtained from the regression $lfb,t = df,t+ sb,t+%Xfb,t+ ωfb,t, where
$lfb,t is the quarterly change in credit from bank b to firm f in period t. Column 3 tests if firm-time FEs
recover demand conditional on substituting our identified supply measure. Column 4 tests if bank-time FEs
recover supply conditional on substituting our identified demand measure. All columns include country⇓time
fixed e!ects. Standard errors are clustered at the firm level in panel 1 and bank level in panel 2. ↑, ↑↑, and
↑↑↑ denote significance at the 10%, 5%, and 1% levels, respectively.
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