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Abstract

This paper investigates the presence of spatial dependence in the non–performing

loans (NPL) ratio of small Italian cooperative banks. As these financial interme-

diaries operate in a delimited area, the strategies they adopt to recover NPL can

produce spatial spillover effects on the ability of neighboring banks to recover

credit. Furthermore, small banks’ reliance on the relationship lending technique

to select and monitor borrowers suggests a similar ability to identify underper-

forming borrowers, which may have a negative impact on the community in which

those banks operate. Our empirical estimations provide strong evidence for both

spatial and spatial–temporal variables driving impaired loans in local banks. The

results indicate different effects of the spatial terms, showing a direct positive effect

of the contemporaneous spatial lag variable and a negative effect of the space–time

autoregressive coefficient. Whereas the former effects can be ascribed to changes in

the macroeconomic cycle, the latter confirms the insight that the recovery capaci-

ties of local banks can be harmed by neighboring banks’ credit recovery policies.
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1. Introduction

Non–performing loans (NPL) represent a backward–looking measure of

credit risk and an indicator of banks’ asset quality and of the soundness of

their loan portfolios (Behr and Wang, 2020; Davis et al., 2020).1 Indeed,

high levels of and volatility in NPLs are often the forerunner of a banking

crisis and often mark the persistence of such a crisis (Reinhart and Rogoff,

2011; Ari et al., 2019).

The strategies for the recovery of NPLs can be strongly influenced by

neighborhood effects, particularly for local banks. In fact, the procedures

adopted by a bank to deal with its own bad loans can convey individual

effects on the capacity of neighboring banks to handle their NPLs.2 Foreclo-

sures, for example, have spillover effects that end up lowering local property

prices, which not only impairs the debt collection ability of nearby banks but

also triggers cascading effects of a higher default probability for homeowners

(Frame, 2010; Campbell et al., 2011). These spillover effects are spatially de-

pendent, vanishing rapidly as distance increases, and they completely disap-

pear one year after the bank sells the property to a new homeowner (Gerardi

et al., 2015). Similarly, the liquidation of bankrupt firms generates nega-

tive externalities for a local economy (e.g., Maté-Sánchez-Val et al., 2018;

Bernstein et al., 2019).

The financial distress of a local bank produces an additional spillover in

the form of the wake–up call from depositors imposing market discipline on

2



the management of local banks. In particular, depositors heavily monitor

the capital buffer of their banks following a local bank failure, although

this effect vanishes for distressed intermediaries located outside of the local

market (Lamers, 2015).

Local banks pursue relationship lending practices with small borrowers

to reduce information asymmetry, drawing on elements gathered informally

through their direct connections with the local community in which they op-

erate (for a review of the studies on this topic, see Duqi et al., 2018). As

these practices may result in a common inability to identify the elements

required to prevent lending to risky borrowers, their widespread adoption by

small banks may further explain the network effect among local bank NPLs.

In addition, Schäfer (2019) demonstrates that banks engaging in relationship

lending are more accommodating to troubled borrowers and flexible in ad-

justing contract terms and offering drawdowns on credit lines and overdrafts,

which provides a rationale for the higher interest rates charged by lenders

in this type of financial relationship. Furthermore, as the portfolios of small

banks are concentrated in the few sectors characterizing their limited operat-

ing area, a cluster of local banks tends to be subject to similar shocks (Meyer

and Yeager, 2001).

To summarize, several negative market externalities can arise from this

scenario. The higher interest rates charged by local banks to compensate for

their additional lending risks is a cost to the local community; furthermore, a

cluster of local banks is subject to a simultaneous increase in NPLs, generat-

ing a fly–to–quality strategy and strong recovery activity. In both instances,

the local economy bears the side effects of the resulting credit crunch for
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smaller and higher risk local borrowers and of the lack of capacity among the

financial service providers in the same area and the affected creditors to pick

up the debt.

Although the aforementioned studies have provided insight into contem-

poraneous risk co–movement, to the best of our knowledge there has been

no empirical analysis on the intertemporal spatial risk spread.3 The present

study aims to fill this gap by analyzing whether there is contemporaneous

and cascading spatial dependence in the loan portfolio soundness (i.e., NPLs)

of local banks. Studies have shown that contagion effects among banks op-

erating in the same geographical area and competing for similar customers

in the same markets are present for both local banks and commercial banks

that operate through branches, but the present study identifies only the net-

working effect of NPLs among mutual banks.4

Small cooperative banks constitute a suitable laboratory to estimate if

and how cascade effects occur between local neighborhood intermediaries.

More specifically, we consider Italian small cooperative banks (Credit Coop-

erative Banks, CCBs), which combine the characteristics of non–profit and

local banks. CCBs can operate only within a restricted geographical area,

as they must adhere to the principle of territorial continuity, which confines

their activities to municipalities in which their branches are located or nearby

municipalities. At least 95% of their loans must be granted locally and they

lend primarily to their members. CCBs must also adhere to the democratic

principle of “one head, one vote,” under which no shareholder can own bank

stock worth more than 100,000 euros. Finally, at least 70% of their profits are

kept in an undivided reserve.5 In accordance with this abridged set of rules,
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CCBs are directed to grant credit primarily to the micro, small, and medium

enterprises that are predominant features of the Italian productive system.

As small banks, CCBs are adept at reaping the benefits of using relation-

ship lending techniques to assess borrowers’ creditworthiness (for example,

Berger et al., 2001; Coccorese and Ferri, 2020). Finally, it has been shown

that cooperative banks financing small agents (firm and family), which suffer

from credit rationing by the funding channel providers, contributes to local

economic growth (Bernini and Brighi, 2018).

The panel specification estimated in the present study incorporates the

current and previous levels of neighboring NPLs and is therefore robust

against the spatial dependence and heterogeneity that are typically present in

models that take spatial interactions into account (Algeri et al., 2021, 2022;

Tao and Yu, 2012). Furthermore, the inferences are based on a System–

GMM (SYS–GMM) technique, which is a dynamic estimator that is well

suited to treating endogeneity and the high persistence that usually affects

NPLs (Tabak et al., 2011; Tajik et al., 2015; Gulati et al., 2019).

The study is structured as follows. Section 2 introduces the literature on

the determinants of NPLs. Section 3 discusses the geographical methodology.

Section 4 reports the sample and the specification adopted in the empirical

analysis. Section 5 presents and discusses the main empirical results. The

final section (6) presents the closing remarks.

2. Background literature

The large body of literature on the determinants of NPLs are reviewed in

Subsection 2.1, and Subsection 2.2 summarizes the literature on geographical
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effects in finance.

2.1. Literature on the determinants of NPLs

There have been many studies of the determinants of NPLs, including

several systematic literature reviews (e.g., Manz, 2019; Naili and Lahrichi,

2022) and a meta–analysis exploring the credit risk–business cycle relation-

ship (Chortareas et al., 2020). The empirical studies mainly consider macroe-

conomic factors and bank–specific variables. In fact, Louzis et al. (2012)

argue that to examine the determinants of bank loan quality, scholars should

consider not only systematic risk but also bank–level variables.

The literature relating the business cycle to bank loan portfolio soundness

rests on the financial accelerator theory (Gertler and Bernanke, 1989) and

enumerates several measures as proxies for macroeconomic conditions. Many

of these studies adopt the real gross domestic product (GDP) as a driver of

NPLs: Chortareas et al. (2020), for instance, conduct a meta–analysis on the

relationship between GDP growth and NPLs. Other studies use the unem-

ployment rate to represent the business cycle in empirical models explaining

credit risk (e.g., Dimitrios et al., 2016), with the effect being positive because

the wage bill reduction weakens demand and borrower repayment capacity

(for a recent study, see Staehr and Uusküla, 2020). Similarly, the interest

rate is a widely considered variable to explain NPLs, since its variation af-

fects borrowers’ spending power and hence their ability to repay loans (Beck

et al., 2015). Equally, the higher is the interest rate, the larger is the adverse

selection mechanism and moral hazard effect. Less univocally defined in the

literature is the influence of inflation on NPLs. In short, depreciation debases

the real debt, restructuring it and favoring the borrower (Ghosh, 2017), but
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inflation deteriorates the repayment capacity of fixed–income earners. Con-

versely, Radivojević et al. (2019) show that the inflation rate does not affect

NPLs. Additional NPL determinants that have been identified are the finan-

cial wealth effect as a result of capital gains from the stock and real estate

markets (see Beck et al., 2015; Manz, 2019) and capital inflow in emerging

countries by foreign direct investment Kuzucu and Kuzucu (2019).

One stream of the literature focuses on the regional heterogeneity of NPLs

in countries with significant development disparities. In Italy, bad loans are

directly related to regional development, with the southern regions showing

an average NPLs ratio (about 15%) that is three times higher than that in

the most developed regions; only sustained local economic growth can reduce

impaired loans (Mohaddes et al., 2017) and during the financial crisis the

regional gap in NPLs expanded (Maggi and Guida, 2011; Mohaddes et al.,

2017), due to the fragility of the economic productivity system.

Empirical studies have tested several bank–level variables for their effect

on NPLs, such as managerial behavior, bank performance, economic infor-

mation, and corporate governance. Berger and DeYoung (1997) focus on the

negative effect of cost efficiency and moral hazard on banks’ credit–portfolio

soundness (Williams (2004) offers a similar analysis of European banks and

Podpiera and Weill (2008) analyze transitional economies). Specifically,

Berger and DeYoung (1997) tested four causes of cost inefficiency affecting

bank risky portfolio: moral hazards, “bad management,” “bad luck,” and

“skimping.” They showed that “bad management” causes a larger increase

in NPLs than any of the other three variables. Poor quality management

leaves banks unable to sufficiently evaluate borrower creditworthiness or to
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monitor it over time, which negatively affects bank credit risk. Similarly,

the “bad luck” hypothesis postulates a negative effect of exogenous events

on bank cost efficiency, as external negative factors boost NPLs and add to

costs. Under the “skimping” hypothesis, banks pursuing a myopic strategy

that allocates few resources to credit functions increase their short–run cost

efficiency, but in so doing pave the way for a long–run increase in NPLs.

Among many others, Louzis et al. (2012) provide evidence of the dynamic

relationship between bank performance indicators and credit portfolio sound-

ness, while Ghosh (2017) focuses on the relationships between accounting–

based profitability indicators and NPLs. One stream of the literature has

posited information asymmetry problems as determinants of NPLs. Specifi-

cally, less capitalized banks can suffer from moral hazard issues and end up

taking more risk, thus increasing problematic bank loans (Berger and DeY-

oung, 1997; Salas and Saurina, 2002). In this vein, the well–known “too big

to fail” principle, according to which larger banks can rely on government

support if their financial stability is impaired, can be adopted to explain in-

creasing NPLs. In addition, the standard adverse selection approach (Stiglitz

and Weiss, 1981) can be useful to explain bad loans.

Ghosh (2015) shows that regional level economic conditions are key deter-

minants of NPLs among U.S. commercial banks and savings institutions. In

this respect, it can be assumed that the dynamics of NPLs among local banks

are also affected by local macroeconomic data–and, consequently, that spatial

dependence affects these banks’ NPLs. In this regard, Barra and Ruggiero

(2021) highlight large disparities between cooperative and non–cooperative

banks operating in the south of Italy and those operating elsewhere in the
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country. Their evidence confirms that the NPLs of Italian CCBs are strongly

related to microeconomic factors (capitalization, level of loans and costs, and

intermediation costs) but only to a single macro factor at regional level (de-

posit density).

2.2. Geographical effects in finance studies

A novel stream of the literature has emphasized the geographical effects

within local bank markets. Aiello and Bonanno (2016) demonstrate that local

credit risk quality, as proxied by NPLs at the provincial level, has a positive

effect on the bank profit efficiency of CCBs because these banks impose

higher interest rates to hedge against credit risk. The market concentration

of a cluster of nearby small banks thus improves their operational efficiency

as consolidation in the local banking industry enables a relative improvement

in scale and in the associated economies (Aiello and Bonanno, 2018).

Some more recent empirical studies have modeled the spillover effects to

investigate whether spatial dependence affects the financial performance of

banks. Ding and Sickles (2019) propose a spatial error model for proficiently

grasping the unobserved spatial effect and discovered network effects on the

risk, capital, and technical efficiency of U.S. banks; Parnes (2022) finds that

these network effects were amplified among U.S. commercial banks by the

subprime crisis. Similarly, Chen and Lee (2020) use a spatial autoregressive

model based on a distance matrix to emphasize that spillover effects matter

for liquidity risk, as proxied by Chinese banks’ liquidity creation risk. Algeri

et al. (2021) show that including spatial terms improves the ability of models

to detect the soundness of small cooperative banks, as proxied by the Z

Score indicator. Ramlall (2022) demonstrates the positive effect of spatial
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co–movements on the profitability, as measured by net interest margin, of

the world’s leading banks.

The literature focusing on the spatial effect has generally analyzed the

effect on a particular indicator of the performance of financial intermediaries,

such as technical efficiency. Glass et al. (2020) find a cost efficiency spillover

within the network of medium and large U.S. banks. Similarly, Algeri et al.

(2022) show that several microeconomic factors have spatial externalities on

input and output technical efficiency within the network of Italian CCBs. At

a macroeconomic level, Zhang et al. (2017) detect a spatial effect in the NPL

ratio in 31 Chinese provinces over the years 2005–2014. Their spatial panel

data model includes macroeconomic regressors that are both considered on

their own and multiplied for spatial matrices contiguity, thereby supporting

the relevance of geographical effects in the network of regional NPLs.

In this fashion, although Pino and Sharma (2019) observe no significant

contagion of risk taking (i.e., Z Score) in the U.S. banking sector, their

analysis reveals that bank contagion is significantly locally spread across

intermediaries of similar size and specialization. Other evidence of a spatial

co–movement effect on bank risk contagion regards liquidity risk spillover

occurring through the balance sheet channel (Chen and Lee, 2020). Financial

contagion takes place between neighboring banks with the spread of credit

risk spillovers in credit default swaps. The evidence presented by Foglia

et al. (2020) shows that the equity market dynamics of neighboring banks

are important factors in risk transmission.

Given the promise of the spatial technique for investigating network ef-

fects, we to use this framework to examine the NPLs of small banks as a
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result of the contagion effect caused by their bad loan recovery strategies,

depositor pressure inducing safer risk management practices, and the com-

mon techniques these banks use to select and monitor bank borrowers.

3. Spatial methodology

The empirical investigation is based on the estimates of a spatial dynamic

panel data (SDPD) model (see, for instance, Elhorst, 2014; Jeong and Lee,

2020), which allows us to model the spatial interdependence among panel

units.6 In more detail, as in Cainelli et al. (2014) and Segura III (2017), we

apply a SYS–GMM technique to the time–space dynamic (TSD) specification

of Anselin et al. (2007). The equation is as follows:

yi,t = ϑyi,t−1 + δ
∑
j ̸=i

wij · yj,t + ϱ
∑
j ̸=i

wij · yj,t−1 + zi,tτ + (µi + εi,t) (1)

|ϑ| < 1, |δ| < 1, |ϱ| < 1; i = 1 . . . N ; t = 1 . . . T

where
∑

j ̸=i wij · yj,t is the spatial auto regressive component, and
∑

j ̸=i wij ·

yj,t−1 is the spatial lag of yi,t. zi,t is the vector of the covariates, and (µi+εi,t)

are the two error components.

In Equation (1), the parameters δ and ϱ capture the intensity of the con-

temporaneous and non–contemporaneous spatial dependence, respectively,

under the stationarity condition: |ϑ+ δ + ϱ| < 1.

Spatial econometric models allow researchers to deal with the effects of

spatial connections among variables via the specification of a spatial matrix.

Therefore, the spatial weighting matrix W is the main element for spatial

investigation. To build the spatial and spatial–temporal variables (generally
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indicated with Wyt and Wyt−1) and the estimate of the spatial dependence

tests, a balanced panel dataset is required (e.g., Elhorst, 2014).

To shape the geographical interactions between spatial units, we adopt

a Gaussian kernel matrix W in Equation (1) (Lu et al., 2014; Otranto and

Mucciardi, 2019), in which the weight wij is a monotonically decreasing func-

tion of the physical distance between the two units.7

In detail, the Gaussian distance decay–based weighting function is given

by:

wij =


exp

[
−1

2

(
dij
λ

)2
]
, ∀ i ̸= j

0, ∀ i = j

(2)

where dij is the geographical distance between point i and point j, and

λ is a non–negative dispersion parameter (bandwidth) that generates an

influence decay with increasing distance, tending toward zero as the distance

increases. The dispersion parameter λ defines the sphere of influence per

unit. As the model includes a spatial autocorrelation component, it requires

a normalized weight matrix such that the row sum is equal to one. In a

panel data framework, W requires the following transformation (Anselin

et al., 2007):

Wnt = It ⊗Wn (3)

where It is the identity matrix.
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4. Empirical specification and data

After describing the specification used in the empirical model, this section

reports the sample and analyzes the bad loan dynamics over time and across

Italian regions.

4.1. Empirical model

Our empirical study is based on a panel of annual data from 259 CCBs

for the years 2011 to 2018, making for a total of 2,072 observations. As the

SDPD model requires a balanced panel dataset, we remove all the banks that

do not report data over the whole period considered.8

The sample is based on the data provider Orbis.9 By geocoding the

address of the headquarters of each CCB with its geographic coordinates

(latitude and longitude), we determine a geo–reference for each observation.

The distribution of CCB headquarters across Italy is depicted in Figure 1.

[Figure 1 about here]

For a valid and unbiased inference and to address the endogeneity prob-

lem, we adopt a robust SYS–GMM estimator (Blundell and Bond, 1998),

based on a forward orthogonal transformation.

The dependent variable is NPL, defined as the ratio of NPLs to total

gross loans (for example Ghosh, 2017; Karadima and Louri, 2021), with the

following specification:
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NPLi,t = α + βNPLi,t−1 + ς
∑
j ̸=i

wij ·NPLj,t + ϕ
∑
j ̸=i

wij ·NPLj,t−1

+ φLerneri,t−1 + ψ
3∑

k=1

Ck,i,t−1 + γ
4∑

h=1

Macroh,i,t−1

+ (µi + εi,t)

(4)

The explanatory variables can be grouped into four categories: the spa-

tially lagged NPL and its time lag, a measure of bank competitiveness (the

Lerner index at the bank level), a group of bank–individual determinants,

and a set of macroeconomic variables at provincial level. The macroeconomic

variables are lagged by one period to address the issue of reverse causality.

The first–order spatial lag operator is obtained by multiplying the depen-

dent variable (NPL) by three spatial weighting matrices. Our kernel matrix

was designed with three distinct bandwidths (λ) measured in kilometers. In

more detail, the first distance is equal to 3.6 km, equal to the shortest length

required for each bank to have at least one neighbor, while the second and

third distances correspond to 1 and 2 percent of the maximum range between

any two CCBs, respectively (1,336.6 km).

Our specification also controls for the banking market competition level,

as empirical analyses have widely confirmed that market power affects bank

stability, even if the direction of causality is ambiguous. In particular, ac-

cording to the competition fragility hypothesis, high market power induces

bank management to pursue a less risky strategy to preserve the rent aris-

ing from the market structure (Keeley, 1990). In contrast, the competition

stability hypothesis assumes that the high rates on the loan market follow-

ing on from high market power can trigger classic moral hazard and adverse
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selection issues, and therefore stresses the positive effect of competition on

banks’ soundness (Boyd and De Nicolo, 2005).

The specification includes a variable (Lerner) that has been widely adopted

to measure bank market power (e.g., Coccorese and Ferri, 2020; De-Ramon

and Straughan, 2020). Lerner defines the firm’s ability to set prices above

its marginal cost, and is expressed as follows:

Lerneri,t =
Pi,t −MCi,t

Pi,t

(5)

where the price Pi,t is the ratio of operating income dived by total assets,

and MCi,t represents the marginal cost. As MC is not publicly available

data, in line with recent studies (Coccorese and Santucci, 2020; Coccorese

and Ferri, 2020; Degl’Innocenti et al., 2020), it is necessary to apply the

stochastic frontier analysis (SFA) on a translog cost function, from which we

obtain the coefficients of MC. The function adopted is based on one output

(total assets) and three input prices (price of labor, price of physical capital,

and price of borrowed funds), as follows:

lnTCi,t = ξ0 + ξ1lnYi,t +
1

2
ξ2lnY

2
i,t +

3∑
k=1

ϕklnPk,i,t

+
1

2

3∑
k=1

3∑
j=1

θk,jlnPk,i,tlnPj,i,t +
1

2

3∑
k=1

σklnYi,tlnPk,i,t + ui,t + vi,t

(6)

where TCi,t represents the total operating expenses and Yi,t corresponds to

the bank’s total assets, a good proxy of small banks’ output. P1, P2 and P3

measure the prices of the bank inputs: respectively, labor (staff expenses over

total assets), physical capital (the sum of other administrative expenses and
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other operating expenses divided by fixed assets), and borrowed funds (inter-

est charges on bank funding). Finally, vi,t is the i.i.d. white noise ∼ N (0, σ2
v),

and ui,t denotes the one–way error term representing the bank cost ineffi-

ciency, defined as a censored semi–positive random parameter N+ (0, σ2
u).

After Equation (6) is estimated, MCi,t is calculated as follows10

MCi,t =
∂TCi,t

∂Qi,t

=
∂lnTCi,t

∂lnQi,t

TCi,t

Qi,t

=

(
∧
ξ1 +

∧
ξ2 lnQi,t +

3∑
k=1

∧
σk lnPk,i,t

)
TCi,t

Qi,t

(7)

The last set of control variables are related to bank–specific characteris-

tics and macroeconomic variables at a provincial level. Specifically, at bank

level, Capital is the ratio of bank equity to total assets and is a measure of

bank capitalization. Capital is a buffer for potential bank losses and their

implications for bank debtholders. The moral hazard hypothesis predicts an

indirect effect of bank capitalization on NPLs, with this forecast confirmed in

the empirical literature (e.g., Berger and DeYoung, 1997; Salas and Saurina,

2002). The other bank–level control variables are bank size, defined by the

number of employees (Employees), and a measure of operating inefficiency

(Inefficiency), defined, as in Ghosh (2015), as non–interest expenses over

total assets. We expect a negative relationship with NPLs for the former,

under the “too big to fail” assumption, and a direct positive effect for the

latter.

As pointed out in Section 2, the local macroeconomic environment affects

NPL dynamics. In our analysis, we select five provincial macroeconomic

variables related to variance in NPLs: the per capita GDP growth rate in
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local purchasing power parity terms (GDP), interest rate on loans to non–

financial firms (Interest), the ratio of bank branches to every 100 thousand

residents (Branches), and criminal proceedings and other judicial activities

(Crime), as well as the difference between the interest rates charged by banks

in provincial markets and those charged by CCBs (Int rate diff ).11 We

expect to find a negative association between GDP (representing the local

business cycle) and NPLs, and a positive correlation between Interest and

NPLs. For Branches the expected sign is uncertain: on the one hand, the

number of branches can be considered a proxy for local financial wealth

and thereby should be inversely related to changes in NPLs; on the other

hand, Bernini and Brighi (2018) find that a local economy is not affected

by the density of bank branches, and Barra and Zotti (2019), using data at

regional level, find no relationship between NPLs of CCBs and bank branches.

Interestingly, the literature neglects to control for the impact of crime on the

extent of impaired loans, and the presence of a large heterogeneity across

Italy encouraged us to test this effect (Crime). A high crime rate, reaching

levels that are becoming unsustainable, would harm the solvency capacity of

borrowers. Finally, we expect a negative impact of Int rate diff because as

the spread between the interest rates offered by the larger banking system

and CCBs widens, the bank loan portfolios of CCBs tend to include more

borrowers with lower creditworthiness due to an adverse selection problem

and moral hazard issue.12

4.2. Data

Definitions for the explanatory variables are given in Table 1. Table 2

reports the summary statistics and Table 3 shows the Pearson correlation
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matrix of the variables used in the specifications.

[Table 1 about here]

[Table 2 and Table 3 about here]

The sample is strongly balanced and consists of 2,072 observations re-

garding 259 cooperative banks during the period spanning from 2011 to 2018.

Due to the adoption of lagged variables, the number of observations for anal-

ysis becomes 1,813. Italian cooperative banks suffer from a relatively high

average weight of NPLs on total assets (14%), with a spike of 41%. This

kind of bank holds market power, being able to set an average mark–up of

34%, reaching as high as 63%. The average capitalization seems appropri-

ate, with Capital ranging from 4% and 22%, with a mean of 10.3%. The

macroeconomic variables confirm large economic disparities between Italian

provinces.

Table 4 and Table 5 report additional data at provincial level regarding

the summary statistics for impaired loans across Italian regions over time,

and the spread of NPLs ratio of all Italian banks, that is the difference

between our dependent variable and the NPLs divided by the loans for all

Italian banks.13

[Table 4 and Table 5 about here]

As expected, the regional distribution of NPLs (Table 4) is skewed to-

ward the underdeveloped regions of Italy, despite the share of bad loans also

being relatively high in the rest of Italy, reaching a peak of 35% in the most

developed region (Lombardy).
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Looking at the time dynamics of NPLs at provincial level (Table 5), it

is worth noting that impaired loans follow the business cycle with a lag; the

euro crisis hit Italian credit until 2015 and the effect was prolonged for the

following year. From 2017 the bad loans of CCBs revert toward the stan-

dard value, with the figure for 2018 lower than that of the initial sample

period. The standard deviation follows a similar pattern, confirming that

this trend appears to be consistent at the provincial level over time. The

spread in NPL ratio between non–CCBs and CCBs shows that the latter

banks have more underperforming loans over all time periods considered,

but for some provinces the delta is positive, indicating that CCBs perform

better than other banks due to the presence of a small number of CCBs in

these provinces and thus greater efficiency in their risk management activity.

Jiménez-hernández et al. (2019) have verified the assumption that mutual

banks exploit a few advantages in managing NPLs with respect to com-

mercial banks, despite their disadvantages of less diversified loan portfolios

(Becchetti et al., 2016), exposure to political pressure (Infante and Piazza,

2014), and small size. The temporal dynamics of CCBs’ NPLs should also

be considered a conjunctural effect of the reforms directed at improving the

financial soundness of cooperative banks in Italy.

5. Empirical results and discussion

This section presents and discusses the empirical results of the analysis.

After having verified that spatial dependence matters, we analyze the SYS–

GMM estimates to explain the spatial interaction effects among cooperative

banks. We then assess the robustness of the spatial models through a set of
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tests to detect the absence of strong cross–sectional dependence.

5.1. The importance of spatial dependence

As neglecting geographical connections leads to misspecification and in-

accurate estimates (e.g., Zhang et al., 2017; Kutlu and Nair-Reichert, 2019),

a set of Lagrange multiplier tests (LMs) for serial and spatial autocorrelation,

and random effects are performed (Table A.1 reports the results).

The first series of LMs control for the existence of spatial relations. The

null hypothesis is supported if both spatial error autocorrelation and spatial

lag autoregression coefficients take the value of zero (Anselin, 2013). The

test results shown in Table A.1 reject the null hypothesis and thus indicate

the presence of spatial interdependence.

The second series of LMs verify the hypothesis of the presence of spatial

autocorrelation and random effects, using the tests specified in Baltagi et al.

(2003). For all specifications, the test results categorically reject the null

hypotheses. More specifically, the joint LM test confirms the bias in the

error term, due to autocorrelation and/or random individual effects. Both

the LM tests (marginal and conditional) indicate that spatial correlation and

random individual components are present in the model. The results of the

Baltagi et al. (2007) tests show that serial correlation, spatial autocorrelation

and random effects affect our model. 14

The aforementioned diagnostic tests rely on the weighting matrix prop-

erties used in the spatial model. Thus, as a robustness check for the co–

movement among panel units, we also executed Pesaran (2004) and Pesaran’s

(2015) cross–sectional dependence (CD) tests. These tests are for strong and

weak CD, namely the unobserved common factors and spatial dependence.
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Table 6 shows the test results, which confirm the occurrence of strong and

weak CD in the non–spatial specification (column 1). Furthermore, the test

results of the TSD models accept the null hypothesis, confirming the absence

of unobserved common factors.15

5.2. Estimation results

Table 6 reports the SYS–GMM estimates of the TSD model.

[Table 6 about here]

In line with the literature, NPLs is an AR–1 process and its magnitude is

higher than the other explicative variables (Tajik et al., 2015; Gulati et al.,

2019).

The empirical findings show that there is a strong local network effect on

mutual bank NPLs. In more detail, the two spatial coefficients are highly

statistically significant for all distances considered and, interestingly, they

present different signs for the contemporaneous and lagged term.

On the one hand, the negative signs associated with the space–time au-

toregressive coefficients mean that the higher (lower) are the NPL ratios of

neighboring banks, the lower (higher) is the same ratio for the ith bank at

time t. This could reflect the recovery strategy of banks at times t-1 weak-

ening the ability of the cluster of banks at time t to recover their impaired

loans. For example, an overhang of foreclosure sales is the reduction of prop-

erty values in the same area, causing a negative spillover effect for nearby

banks in collecting their impaired loans (Campbell et al., 2011). From a

different perspective, this result may indicate reputation issues arising from

high NPL stock in bank balance sheets. Indeed, the literature shows that
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high NPLs, by impairing capital and increasing costs, reduce a bank’s ability

to provide loans (see, for instance, Chiesa and Mansilla-Fernández, 2021).

For local banks, this dynamic can trigger specific effects on the loan de-

mand side. Considering that local banks compete mainly among themselves

(Coccorese et al., 2016), concerns over future credit tightening induces more

creditworthy firms to seek credit from local banks with low NPLs. This be-

havior induces greater riskiness in the loan portfolio of local banks with high

NPLs, which in turn increases NPLs.

On the other hand, the current spatial term is positive, in that CCBs

within a cluster experience the same dynamics in their impaired loans as

their frequent targeting of micro and small businesses leaves them interde-

pendent with the local economy. In other words, this effect can be ascribed to

exogenous macroeconomic effects that, in the short run, induce homogeneous

variations of bad loan levels among local banks, with little wriggle room to

implement strategies for dealing with them. Furthermore, the use of relation-

ship lending practices by CCBs appears to generate similar credit–granting

behavior, which has comparable shortcomings for identifying problematic

loans, implying a relevant detrimental impact on the local economy due to

exposure to credit rationing across the network of CCBs.

Arguably, the two effects described above imply that the financial stability

of the local credit market departs from the steady state only transitorily, with

a kind of reversion to the mean characterizing the NPL ratio over time. An

adverse credit quality shock affects the entire cooperative bank cluster but

local financial stability does not seem to follow a persistently unstable path.

However, it is most likely that CCBs manage troubled loans to restore their
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own financial soundness by adopting aggressive credit crunch policies toward

weaker agents. The final effect could be a weakening of the role played in the

regional economy by small banks, which are historically the unique providers

of funding for marginal borrowers (Barone et al., 2018), as they exit the

market due to temporary liquidity problems. A temporary shock could then

have permanent effects on the local economy.

The coefficients of the Lerner variable are statistically significant and

take a positive sign in all four specifications. Our evidence thus supports the

competition stability hypothesis, as greater bank market power implies more

NPLs for local banks. An interesting insight can be gained by comparing

the magnitude of the Lerner coefficient estimated in the model without the

spatial lagged variables to those estimated in the other three models. The

first is higher because it also captures the spatial autocorrelation present in

data that the other models handle appropriately by resizing the bank market

power on NPLs.

For the remaining control variables, large banks in terms of capitalization

(Capital) and staff (Employees) are more prone to credit risk management,

while operating inefficiencies are mirrored in the worsening of impaired loans.

Of the macroeconomic variables, the business cycle (GDP) is the most impor-

tant determinant of the trend in NPLs. Interestingly, having a large density

of bank branches in an Italian province worsens the bank credit portfolio.

The effects of Crime and Interest are weak. As expected, the Int rate diff

has an adverse effect on the CCBs’ impaired loans. Therefore, with mutual

banks charging interest rates higher than those prevailing in the bank loan

market, adverse selection and moral hazard problems arise, increasing NPLs.
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Overall, the empirical strategy confirms the robustness of the estimates,

with the parameters of the terms incorporating serial dependence, spatial

dependence, and spatial–temporal dependence satisfying the assumption of

global stationarity—i.e., the sum of the three coefficients is less than one

for all the specification models. Furthermore, following the literature, the

specifications adopt a parsimonious number of instruments (32 or less). Both

the Hansen and Arellano–Bond tests also confirm that the estimates are

reliable.

Although the incorporation of spatial operators permits us to address

the spatial dependence among panel units, common factors causing strong

cross–sectional dependence could be present through the spatial model. The

CD test (Pesaran, 2004) accepts the null hypothesis and thereby confirms the

robustness of the spatial models against the presence of strong cross–sectional

dependence in the errors of SDPD specifications, as reported in Table 6.

5.3. Robustness checks

A set of additional estimates used for the robustness checking of our

estimates are presented in this section. The first concerns the Equation 4

estimate, which is modified to consider only the space–time lagged value to

evaluate whether the sign change in spatial coefficients results from reversion

to the mean. The results reported in Table A.2 validate the sign and the

significance of the spatial–temporal variable, rejecting the concern with mean

reversion.

The second robustness check regards the variable used to identify bank

soundness. For this purpose, following the wide literature on this topic (for

recent examples, see Goetz, 2018; Shim, 2019; Ozili et al., 2019), we select Z
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Score, a direct measure of bank insolvency risk.16 The Z Score looks at bank

soundness from a different perspective to that of NPLs.

The signs and the validity of the coefficients reported in Table A.3 and

Table A.4 are almost all in line with the estimates of the benchmark equation,

with the exceptions of bank size, which is non–significant in this specifica-

tion, and interest rate, which now significantly affects bank soundness. In

summary, the main spatial effect is not sensitive to the specification or to

the proxy used to capture bank risk. Similarly, the competition stability

hypothesis is reconfirmed by the robustness check.

6. Conclusions

This paper takes a spatial econometrics approach to examine the neigh-

borhood effects on the impaired loans ratios of local banks. Our empirical

investigation used a dataset of Italian cooperative banks with a high degree

of heterogeneity in territorial coverage across Italian regions and analyzed

data for the years 2011–2018.

Our findings strongly support the presence of spatial autocorrelation in

the NPLs of CCBs, but surprisingly the neighborhood effect is different

for contemporaneous and serially lagged spatial terms. Specifically, while

the instantaneous spatial effect positively affects the NPL ratios, the non–

contemporaneous spatial effects are negative. Whereas the positive simulta-

neous spatial spillover effect is the consequence of variations in the business

cycle that cause homogeneous movements in NPLs, the negative spatial–

temporal spillover effect should be interpreted in terms of the recovery strate-

gies of local banks, which tend to cannibalize neighboring banks. For in-
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stance, banks that maintain recovery policies—through foreclosures, bankrupt-

cies, etc.—increase their loan recoveries but cause a reduction in local prop-

erty prices, which in turn harms collateral value and thus the capacities of

nearby banks to recover their NPLs.

It well known that relationship lending mitigates the credit rationing

effect on opaque firms (Ferri et al., 2020), but the spillover effect increases

NPLs, consumes equity, and in turn temporarily cuts the lending supply

of CCBs, inducing a hysteresis effect on the weak agents characterizing the

underdeveloped regions of Italy. Equally, this finding underlines that Italian

mutual banks are not able to implement credit risk mitigation strategies that

depart from those of the banks belonging to the same network, as their local

roots limit the diversification of their loan portfolio activity. Therefore, an

idiosyncratic shock in a single unit spreads across all the banks in the same

cluster.

Reputation can explain the negative signs of the time–lagged spatial

terms. In detail, a specific bank having high NPLs suggests possible credit

rationing, which induces highly creditworthy customers to shift from riskier

banks to more stable competitors nearby, with customers also being mem-

bers of co–operative banks. The outcome of this process is to improve the

loan portfolio of CCBs with low NPLs in the previous period, thus reducing

their NPL ratios. Alternatively, this effect could be linked to a bank receiv-

ing a wake–up call in response to local bank stress or failure, with old and

new depositors encouraging more prudential credit risk management, through

greater attention to quality in credit–rationing policies (Lamers, 2015).

Finally, the results validate the assumption that greater bank competition
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improves the soundness of small banks, in accordance with the competition

stability view.

Our empirical findings have several policy implications. Because each

idiosyncratic shock that occurs in a single cooperative bank propagates to the

other geographically close cooperative banks, accurate monitoring of banks

operating in the same cluster is required. To a large extent, in a country

where banks are the only funding channel, and in underdeveloped areas of

Italy where cooperative banks are able to finance weak borrowers due to the

reduction in information asymmetry from their proximity to the territory

(Bragoli et al., 2022), an adverse spillover on all local CCBs can trigger a

credit rationing policy in the sense that bank risk management would pursue

a fly–to–quality strategy.

In the light of structural reforms of Italian CCBs, an increased equity

buffer is needed to discourage impaired loans, and the merger and acquisition

process resulting from the reforms are therefore welcome. However, although

our sample period partially covers the implementation of the reforms, it is

equally important to emphasize that the new regulation may exacerbate the

contagion effect arising from the local network spillover emphasized here

and have an impact on the Cooperative Banking Group. Moreover, bank

authorities cannot disregard evidence that mutual banks that do not meet

local credit market conditions can attract high–risk borrowers, resulting in

adverse selection and moral hazard problems.

In conclusion, this paper constitutes the first attempt to study the ef-

fects of simultaneous and non–simultaneous spatial dependence on the bad

loans of small cooperative banks. However, this preliminary attempt to cap-
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ture the geographical effects of impaired loans is unable to identify all the

contagion effects pertaining to all the intermediaries in the same province.

Furthermore, data on interest rates on CCBs loans at provincial level are

not publicly available and have been indirectly estimated, which might have

led to measurement errors. The intriguing results of different effects of the

spatial and spatial–temporal terms on the quality of local banks’ loan port-

folios would benefit from a stress test, perhaps by using specific measures to

control for the effects of recovery strategies and reputation indicators. The

study also opens avenues for further research. Our findings may constitute

the micro foundation for further macroeconomic models investigating the fi-

nancial stability and, in particular, economic relevance of the spillover effects

on the credit market. Future studies can also verify whether the presence of

herding behavior in the event of adverse shocks arising from bad loans would

have an effect on inverting the catch–up process characterizing the weaker

regions of Italy.
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1NPLs are usually defined as loans for which interest and principal payments have been

past due for at least 90 days (Lee et al., 2019).

2The credit recovery procedures undertaken by Italian banks are foreclosures, bankrupt-

cies, arrangements with creditors, restructuring agreements, recovery plans, and out–of–

court agreements, but also straight portfolio sales or securitization (Carpinelli et al., 2017).

3Section 2.2 below reviews the literature analyzing the geographical effects.

4Our model’s estimates should be robust given that the specification controls for com-

mon shocks affecting provincial financial markets.

5CCBs have undergone reform in recent years that has confirmed their characteristics

of mutualism and localism but has also prescribed limits on management independence

due to high levels of risk. The reform requires that each CCB joins and enters into an

agreement with a holding group (Cooperative Banking Group) authorized by the Bank of

Italy. CCBs have retained ownership of their assets and generally retained their managerial

independence, but this can be limited in high risk circumstances.

6To treat co–movements among cross–sectional units located in different geographic

areas, methods have been devised in the spatial econometrics literature to incorporate

spatial autocorrelation and spatial heterogeneity within linear regression models (Elhorst,

2014). Such a relationship is termed spatial autocorrelation, or weak spatial dependence.

7W is a non–negative, time–invariant, and deterministic matrix of order n contain-

ing the spatial weights (wij) representing the weights assigned to the spatial connection.

Because no unit is spatially correlated with itself, wi,j = 0 when i = j (e.g., Kelejian

and Prucha, 2010), while the other elements define the spatial connection according an

assigned weight (wij ̸= 0).

8Based on the intermediaries listed on the Bank of Italy website, there were 268 CCBs as

of December 31, 2018 (see https://infostat.bancaditalia.it/GIAVAInquiry-public/

ng/).

9To build a balanced dataset, the missing values were filled in from the balance sheets

published on the banks’ websites.

10Given that the elasticity (ε) of TC with respect to Q is: εTC,Q = dTC/TC
dQ/Q = MC ×

1
AC → MC = εTC,Q ×AC, where AC is the average cost

(
TC
Q

)
and MC = dTC

dQ .
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11We owe the inclusion of Int rate diff to the suggestion of an anonymous referee. The

suggestion is appreciated as we found that including a variable comparing CCB credit

costs to those of other banks improved our estimates. It is essential to note, however, that

as provincial–level data on the interest rate of CCBs are unavailable we calculate it from

our sample, which represents a limitation of our analysis.

12To stress test our results for stability, we also considered additional macroeconomic

variables, such as population density and the amount of provincial NPLs net of those

associated with CCBs. The estimated results of our model’s main variables did not change

but the multicollinearity issues associated with the estimated coefficients led us to exclude

these additional variables from our models. Overall, our specification does not suffer from

multicollinearity bias, with a mean VIF value of 1.57 and no value exceeding 2.

13The Bank of Italy provides data on NPLs and loans for the Italian provinces but

does not specify the type of banks to which that they refer. Therefore, we calculated the

subtrahend of the difference (NPL for CCBs) from our sample of bank–level data.

14The results of the LM tests shown in Table A.1 are based on the minimum bandwidth,

but the results have been also confirmed when the model uses the other two bandwidths.

15These test results for the TSR models, reported in Table A.2, also support the need

for spatial specification.

16Z Score is the result of the sum of return on assets (ROA) and the equity–to–assets

ratio over the standard deviation of ROA, and is calculated with a five–year rolling time-

frame.
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Jiménez-hernández, I., Picazo-Tadeo, A.J., Sáez-Fernández, F.J., 2019. Are
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Figure 1: Spatial distribution of Italian CCBs
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Table 1: Definition of variables

Variable Description Source
Dependent variables
NPL Non–performing loans to gross loans BankScope/BankFocus
Z Score (ROA+Equity/Assets)/σROA Our elaboration on Bank Focus data

Bank–specific characteristic variables
Lerner Lerner index Our elaboration on Bank Focus data
Capital Equity to total assets BankScope/BankFocus
Ln[Employees] Number of employees∗ BankScope/BankFocus
Inefficiency Non–interest expenses to total assets BankScope/BankFocus
TC Sum of personnel expenses, other administrative expenses,

and other operating expenses
BankScope/BankFocus

Q Total bank assets BankScope/BankFocus
P1 Personnel expenses to total assets BankScope/BankFocus
P2 Sum of other administrative expenses and other operating

expenses over total fixed assets
BankScope/BankFocus

P3 Interest expenses to total funds BankScope/BankFocus
Price Total revenue to total assets BankScope/BankFocus

Local social–economic environment at provincial level
∆GDP Annual percentage change of GDP per capita in ppp Istat
Ln[Crime] Criminal proceedings and other activities at judicial

offices∗
Istat

Branches Number of bank branches for 100,000 inhabitants Bank of Italy
∆Interest rate Annual percentage change of interest rate on loans to non–

financial firms
Bank of Italy

Int rate diff Banking lending rates minus interest rates applied by CCBs Bank of Italy–BankScope/BankFocus

Notes: ∗ in logarithm terms.

Table 2: Summary statistics

Variable Mean Std. Dev. Min Max
NPL 0.147 0.073 0 0.408
Lerner 0.341 0.125 0 0.630
Capital 0.107 0.039 0.044 0.225
Employees 101.1 119.9 5 1452
Inefficiency∗ 1.919 0.471 0.353 5.799
∆GDP 0.012 0.027 -0.212 0.195
Crime 3692.6 998.3 1618.2 8482.3
Branches 58.18 21.36 17 104
∆Interest rate -0.002 0.006 -0.025 0.024
Int rate diff ∗ 1.54 0.845 -0.566 4.867

Notes: The number of observations is 1,813 for all the
variables. ∗ in percentage terms.

Table 3: Pearson correlation matrix

1. 2. 3. 4. 5. 6. 7. 8. 9. 10
1. NPLt 1
2. Lernert−1 0.163∗ 1
3. Capitalt−1 -0.267∗ -0.033 1
4. Ln[Employees]t−1 0.215∗ 0.118∗ -0.482∗ 1
5. Inefficiencyt−1 0.090∗ -0.593∗ 0.115∗ -0.290∗ 1
6. ∆GDPt−1 -0.048∗ -0.026 0.060∗ -0.022 -0.061∗ 1
7. Ln[Crime]t−1 0.176∗ 0.012 -0.067∗ 0.160∗ 0.138∗ -0.015 1
8. Branchest−1 -0.180∗ 0.148∗ 0.043 0.171∗ -0.385∗ 0.063∗ -0.110∗ 1
9. ∆Interest ratet−1 -0.163∗ -0.142∗ 0.044 -0.061∗ 0.081∗ -0.085∗ -0.035 0.088∗ 1
10. Int rate diff t−1 0.342∗ 0.039 -0.223∗ -0.072∗ 0.147∗ -0.064∗ -0.123∗ -0.580∗ -0.170∗ 1

Notes: ∗ denotes significance at the 5% level or better.
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Table 4: Summary statistics for CCBs NPLs across Italian
regions

Region N Mean Std. Dev. Min Max
Abruzzo 38 0.127 0.044 0.036 0.214
Basilicata 24 0.094 0.049 0.038 0.228
Calabria 48 0.216 0.067 0.022 0.329
Campania 128 0.178 0.083 0.034 0.408
Emilia Romagna 88 0.137 0.059 0.044 0.295
Friuli Venice Julia 80 0.089 0.036 0.026 0.224
Latium 104 0.150 0.067 0.041 0.322
Lombardy 216 0.146 0.068 0.009 0.354
Marche 136 0.180 0.064 0.043 0.335
Molise 10 0.177 0.095 0.046 0.323
Piedmont 64 0.104 0.042 0.033 0.199
Apulia 184 0.132 0.062 0 0.277
Sardinia 24 0.163 0.053 0.083 0.279
Sicily 176 0.183 0.078 0.033 0.374
Tuscany 96 0.167 0.065 0.047 0.31
Trentino–Alto Adige 480 0.109 0.067 0.002 0.334
Umbria 8 0.162 0.041 0.102 0.212
Aosta Valley 8 0.104 0.052 0.044 0.18
Veneto 160 0.137 0.057 0.013 0.276

Table 5: Summary statistics for CCBs’ NPL across
the years and for the difference between total NPL
and CCBs’ NPL at provincial level.

Year NPL∗ Mean Std. Dev. Min Max
2011 CCBs 10.15 5.14 0 29.38

∆ -3.62 3.58 -13.27 7.94
2012 CCBs 12.41 5.62 0 30.34

∆ -4.75 3.76 -13.87 7.20
2013 CCBs 14.69 6.80 0.25 34.44

∆ -4.77 4.88 -17.6 8.32
2014 CCBs 16.10 7.32 0.77 35.54

∆ -4.68 4.83 -17.6 10.56
2015 CCBs 17.53 7.87 0.71 39.84

∆ -4.57 5.48 -20.27 14.19
2016 CCBs 16.95 7.60 0.70 40.77

∆ -3.71 5.67 -19.91 12.72
2017 CCBs 15.61 7.12 0.21 36.27

∆ -5.72 4.59 -15.81 8.07
2018 CCBs 9.34 4.50 0.31 31.87

∆ -2.25 3.37 -15.04 7.32

Notes: ∗ the ratio of impaired loans to total gross loans.
∆ is the difference between the ratio of provincial NPLs
and the one of CCBs (259 for each year). The data are
expressed in percentage terms.
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Table 6: Estimates for NPL (SYS–GMM models)

Variable
Non–spatial model TSD models

λmin λ01p λ02p

(1) (2) (3) (4)
NPLt−1 0.8380∗∗∗ (0.186) 0.8801∗∗∗ (0.169) 0.8907∗∗∗ (0.170) 0.8241∗∗∗ (0.165)
W ×NPLt 0.1815∗∗ (0.084) 0.2656∗∗ (0.111) 0.3545∗∗ (0.153)
W ×NPLt−1 -0.1232∗∗ (0.055) -0.1835∗∗ (0.077) -0.2333∗∗ (0.093)
Lernert−1 0.4996∗∗∗ (0.088) 0.3310∗∗∗ (0.080) 0.3102∗∗∗ (0.083) 0.2948∗∗∗ (0.089)
Capitalt−1 -1.2768∗∗∗ (0.358) -0.8799∗∗∗ (0.322) -0.7993∗∗ (0.318) -1.0357∗∗∗ (0.340)
Ln[Employees]t−1 -0.0619∗∗∗ (0.023) -0.0554∗∗∗ (0.016) -0.0534∗∗∗ (0.015) -0.0560∗∗∗ (0.018)
Inefficiencyt−1 0.0588∗∗∗ (0.016) 0.0393∗∗ (0.015) 0.0375∗∗ (0.015) 0.0359∗∗ (0.016)
∆GDPt−1 -0.2707∗∗ (0.121) -0.2244∗∗ (0.108) -0.2254∗∗ (0.105) -0.2119∗∗ (0.102)
Ln[Crime]t−1 0.0080 (0.046) -0.0462 (0.034) -0.0443 (0.033) -0.0593∗ (0.032)
Branchest−1 0.0323∗∗ (0.016) 0.0264∗∗ (0.012) 0.0263∗∗ (0.012) 0.0279∗∗ (0.012)
∆Interest ratet−1 -0.4844 (0.460) -0.5113 (0.349) -0.5181 (0.340) -0.4235 (0.332)
Int rate diff t−1 -0.0146∗∗ (0.006) -0.0157∗∗∗ (0.005) -0.0152∗∗∗ (0.005) -0.0159∗∗∗ (0.005)
No. Instruments 23 33 33 33
AR(1) p–value 0.0000 0.0000 0.0000 0.0000
AR(2) p–value 0.6838 0.6081 0.5670 0.4835
Hansen test p–value 0.1542 0.2209 0.2385 0.3302

CD Pesaran (2004)♭ 11.313∗∗∗ -1.224 -1.188 -1.009

CD Pesaran (2015)♭ 3.037∗∗∗ -0.728 -0.620 -0.474

Notes: Robust standard errors are reported in parentheses (Windmeijer, 2005). ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗

p < 0.01. Year dummies and constant term in all regressions. The estimates regard 259 banks for a total of
1,813 observations. ♭ H0 no strong or weak cross–sectional dependence.
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A Appendix

Table A1: LM tests for spatial, serial correlation and random effects

LM test description Statistic P–value

Anselin (1988)
Conditional test for spatial error autocorrelation
(H0: spatial error autoregressive coefficient equal to zero) 9.66 0.000
Conditional test for spatial lag autocorrelation
(H0: spatial lag autoregressive coefficient equal to zero) 20.86 0.000
Baltagi et al. (2003)
Joint test
(H0: absence of random effects and spatial autocorrelation) 2843.9 0.000
Marginal test of random effects
(H0: absence of random effects) 50.32 0.000
Marginal test of spatial autocorrelation
(H0: absence of spatial autocorrelation) 17.66 0.000
Conditional test of spatial autocorrelation
(H0: absence of spatial autocorrelation, assuming random effects are non null) 15.42 0.000
Conditional test of random effects
(H0: absence of random effects, assuming spatial autocorrelation may or may not be equal to 0) 48.82 0.000
Baltagi et al. (2007)
Joint test
(H0: absence of serial or spatial error correlation or random effects) 2976.2 0.000
One–dimensional conditional test
(H0: absence of spatial error correlation, assuming the existence of both serial correlation and random effects) 22.48 0.000
One–dimensional conditional test
(H0: absence of serial correlation, assuming the existence of both spatial error correlation and random effects) 436.77 0.000
One–dimensional conditional test
(H0: absence of random effects, assuming the existence of both serial and spatial error correlation) 117.59 0.000

Table A2: Estimates for NPL (SYS–GMM models)

Variable
TSR models

λmin λ01p λ02p

(5) (6) (7)
NPLt−1 0.9673∗∗∗ (0.218) 0.9863∗∗∗ (0.220) 0.9302∗∗∗ (0.187)
W ×NPLt−1 -0.1237∗∗ (0.054) -0.1770∗∗ (0.075) -0.2111∗∗ (0.105)
Lernert−1 0.4719∗∗∗ (0.098) 0.4767∗∗∗ (0.098) 0.5175∗∗∗ (0.077)
Capitalt−1 -1.0801∗∗∗ (0.403) -1.0690∗∗∗ (0.406) -1.1847∗∗∗ (0.341)
Ln[Employees]t−1 -0.0539∗ (0.029) -0.0520∗ (0.029) -0.0515∗∗ (0.020)
Inefficiencyt−1 0.0513∗∗∗ (0.017) 0.0521∗∗∗ (0.018) 0.0558∗∗∗ (0.015)
∆GDPt−1 -0.2879∗∗ (0.142) -0.2842∗∗ (0.144) -0.2241∗ (0.123)
Ln[Crime]t−1 -0.0425 (0.039) -0.0468 (0.039) -0.0492 (0.041)
Branchest−1 0.0272∗ (0.014) 0.0262∗ (0.014) 0.0234∗ (0.013)
∆Interest rate -0.3915 (0.441) -0.3635 (0.436) -0.2013 (0.376)
Int rate diff t−1 -0.0156∗∗ (0.007) -0.0147∗∗ (0.007) -0.0140∗∗∗ (0.005)
No. Instruments 31 31 31
AR(1) p–value 0.0000 0.0000 0.0000
AR(2) p–value 0.7694 0.7910 0.9776
Hansen test p–value 0.7378 0.7653 0.6997

CD Pesaran (2004)♭ 0.790 0.674 0.224

CD Pesaran (2015)♭ -0.203 -0.176 -0.392

Notes: Robust standard errors are reported in parentheses (Windmeijer, 2005). ∗

p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Year dummies and constant term in all regressions.
The estimates regard 259 banks for a total of 1,813 observations. ♭ H0 no strong or
weak cross–sectional dependence.
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Table A3: Estimates for Z Score (SYS–GMM models)

Variable
Non–spatial model TSD models

λmin λ01p λ02p

(8) (9) (10) (11)
Z Scoret−1 0.4326∗∗∗ (0.117) 0.4231∗∗∗ (0.156) 0.4181∗∗ (0.172) 0.4864∗∗∗ (0.124)
W× Z Scoret 0.2984∗∗∗ (0.089) 0.3635∗∗∗ (0.109) 0.5332∗∗∗ (0.139)
W× Z Scoret−1 -0.1629∗∗∗ (0.052) -0.1666∗∗ (0.066) -0.2301∗∗ (0.115)
Lernert−1 -2.9536∗∗∗ (0.758) -1.2761∗∗ (0.618) -1.4456∗∗ (0.653) -1.5249∗∗ (0.691)
Ln[Employees]t−1 -0.1575 (0.132) -0.0284 (0.143) 0.0129 (0.153) -0.0160 (0.132)
Inefficiencyt−1 -1.3080∗∗∗ (0.401) -1.2402∗∗∗ (0.379) -1.3074∗∗∗ (0.394) -1.1898∗∗∗ (0.395)
∆GDPt−1 2.0265∗∗ (0.784) 1.4326∗∗ (0.682) 1.6891∗∗ (0.688) 1.7894∗∗ (0.735)
Ln[Crime]t−1 0.5777∗∗∗ (0.185) 0.6380 (0.453) 0.6017 (0.455) 0.5604 (0.403)
Branchest−1 0.0048 (0.005) -0.0119∗∗ (0.006) -0.0132∗∗ (0.006) -0.0123∗∗ (0.006)
∆Interest ratet−1 -8.6613∗∗ (4.365) -6.8278∗ (3.951) -7.2007∗ (4.251) -8.3115∗ (4.386)
Int rate diff t−1 0.1590∗∗ (0.077) -0.2264∗∗ (0.090) -0.2411∗∗∗ (0.089) -0.2118∗∗ (0.087)
No. Instruments 23 30 30 30
AR(1) p–value 0.0023 0.0042 0.0035 0.0024
AR(2) p–value 0.5242 0.4726 0.4796 0.5280
Hansen test p–value 0.6913 0.5237 0.7086 0.8169

Notes: Robust standard errors are reported in parentheses (Windmeijer, 2005). ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗

p < 0.01. Year dummies and constant term in all regressions. The estimates regard 259 banks for a total of
1,813 observations.

Table A4: Estimates for Z Score (SYS–GMM models)

Variable
TSR models

λmin λ01p λ02p

(12) (13) (14)
Z Scoret−1 0.4689∗∗∗ (0.106) 0.4011∗∗∗ (0.131) 0.4143∗∗∗ (0.115)
W× Z Scoret−1 -0.1201∗∗ (0.049) -0.1207∗∗ (0.060) -0.1903∗∗ (0.078)
Lernert−1 -2.3151∗∗∗ (0.693) -2.0221∗∗∗ (0.660) -2.2514∗∗∗ (0.670)
Ln[Employees]t−1 -0.1380 (0.137) -0.2545∗ (0.152) -0.2861∗ (0.156)
Inefficiencyt−1 -1.1287∗∗∗ (0.374) -0.9697∗∗∗ (0.360) -1.0826∗∗∗ (0.352)
∆GDPt−1 1.6010∗∗ (0.651) 1.6503∗∗ (0.696) 1.9221∗∗∗ (0.741)
Ln[Crime]t−1 0.5543∗∗∗ (0.182) 0.5703∗∗∗ (0.199) 0.6415∗∗∗ (0.207)
Branchest−1 0.1099 (0.105) 0.0055 (0.005) 0.0058 (0.005)
∆Interest ratet−1 -7.6260∗ (4.049) -8.3922∗∗ (3.695) -9.9265∗∗ (3.884)
Int rate diff t−1 0.0569∗∗ (0.029) 0.1125∗ (0.067) 0.1230∗ (0.069)
No. Instruments 29 29 29
AR(1) p–value 0.0015 0.0045 0.0039
AR(2) p–value 0.5076 0.4563 0.4792
Hansen test p–value 0.4220 0.2259 0.3615

Notes: Robust standard errors are reported in parentheses (Windmeijer, 2005). ∗

p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Year dummies and constant term in all regressions.
The estimates regard 259 banks for a total of 1,813 observations.
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