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Abstract 

Funding contagion is the impaired ability of a firm to raise external funds when negative 

shocks hit other firms under the same owner. We study this possibility with pairs of private 

firms in unrelated industries that share a large common shareholder. We find that a firm’s 

debt growth and financial leverage go down when the partner firm experiences negative 

shocks. Our results are consistent with creditors contracting the supply of credit because of 

cash-flow cross-pledging between related firms. Funding contagion increases when control 

rights are strong, and the credit market is less developed.  
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Control rights allow firms to reallocate resources across projects, divisions, and 

business units (Stein, 1997; Shin and Stulz, 1998; Whited, 2001; Maksimovic and Phillips, 2002; 

Matvos and Seru, 2014). A consequence of these reallocations is that conglomerates and 

multi-establishment firms propagate shocks across their divisions. For instance, negative 

shocks to one division reduce investment and employment in other divisions (Lamont, 1997; 

Giroud and Mueller, 2015, 2019). We study whether the propagation of shocks across business 

units can go beyond pure internal reallocation. In particular, we study whether shocks to one 

unit can also make capital raising more difficult in other units. 

We refer to funding contagion as the impaired ability of a firm to raise external funds 

when a related firm is hit by a negative shock. Funding contagion is important to understand 

the interplay between internal reallocation and external capital markets. Hann, Ogneva, and 

Ozbas (2013) show that the average cost of external funds is lower in conglomerates because 

of the cross-pledging of cash flows between units, i.e., because the income produced by one 

unit is (implicitly or explicitly) pledged to repay the financial obligations of related units. We 

argue that, to the extent that creditors factor in cross-pledging in their lending decisions, a 

negative shock to one firm reduces the funds that other firms under the same owner can raise.  

To study funding contagion, we focus on firms linked through a common owner rather 

than units or divisions within a conglomerate. In conglomerates, capital raising is done in a 

centralized manner with a common balance sheet for all units. The common balance sheet 

absorbs both the direct effect of the shock and the funding contagion toward other units, 

making it hard to isolate the contagion effect. While the investment response of each unit is 

often observable in conglomerates and has been documented by previous literature, the 

individual funding response is not. In our setup, instead, each unit of observation is a firm with 

its own balance sheet. While joint ownership is the defining feature both in conglomerates 

and in our setting, we can observe how individual balance sheets respond to shocks to other 

firms under the same owner. In other words, the key advantage of our setting, and which 

allows us to identify funding contagion, is that we study the transmission of shocks across 

firms, rather than within firms in conglomerates or multi-establishment firms.  

Our empirical strategy identifies, as cleanly as possible, funding contagion through 

common owners. Using Amadeus, a comprehensive sample of European private firms, we 

select shareholders that simultaneously have equity stakes in just two (non-financial) firms. 
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This is the simplest possible setup to explore contagion. The key identification challenge is to 

find pairs of firms that, although related through a common shareholder, are not related in 

other ways that also transmit shocks, e.g., customer-supplier links (Acemoglu, Carvalho, 

Ozdaglar, and Tahbaz-Salehi, 2012). For this purpose, we look at pairs of firms that operate in 

different industries and that are not vertically integrated. We exploit shocks that can be 

transmitted by the owner but are not caused by the owner herself. These hand-collected 

shocks represent deep industry downturns related to input and output prices or to regulatory 

changes. 

Our main regressions study the outcomes of one firm when the partner firm is hit by a 

negative shock. We saturate the regressions with industry-by-year fixed effects, which implies 

that, within each industry and year, we identify the extent of contagion solely through the 

identity of the partner firm. After also accounting for firm fixed effects and lagged size, we 

find that a shock to the other firm’s industry reduces asset growth by a cumulative 6.6% over 

three years. This investment response is consistent with the previous literature on 

conglomerates (Lamont, 1997, among others). 

The key test of funding contagion is to examine the capital structure of the unaffected 

firm. We find that debt growth falls by 8.6% when a negative shock hits the partner firm. Since 

the effect on debt growth is larger than on asset growth, leverage significantly falls by 1.2% 

after a shock to the partner firm. This is primary evidence for funding contagion since leverage 

would remain constant or increase otherwise. For instance, debt does not change in the case 

that the unaffected firm only deviates internal resources (i.e., cash holdings) to help the 

affected firm. The unaffected firm could even increase its demand for credit to help the 

affected firm, resulting in higher leverage. Instead, we find that debt and leverage fall. Our 

evidence is consistent with creditors contracting credit supply as the partner firm is hit by a 

negative shock. Cross-pledging implies that the future cash-flow stream from both firms is 

relevant to assess the debt capacity of the firms under a common owner. A negative shock to 

one firm reduces the joint cash-flow stream and, hence, reduces the funds that the firm not 

directly affected by the shock can raise from creditors. 

We examine whether the strength of the results is related to the two main ingredients 

behind funding contagion. First, ownership stakes must be high enough to yield significant 

control rights. That is, the owner must have the ability to decide what to do with the assets of 
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each firm (Grossman and Hart, 1986). Consistent with control being a defining feature of the 

mechanism, we find that funding contagion weakens if a stake of 20% or more is absent in any 

of the firms. Hence, the transmission is related to common owners, i.e., those with significant 

control rights, and not to any common shareholder.  

The second necessary ingredient for funding contagion is financial constraints, which 

should be pervasive in this setup. Private firms have limited access to external financing since 

they have not yet tapped public equity markets (Farre-Mensa and Ljungqvist 2016). Financial 

constraints are important for the mechanism because there should be no contagion if each 

firm can smooth shocks by raising enough capital from financial markets. Within our sample, 

we find that funding contagion is stronger in countries with relatively low credit market 

development. Overall, the heterogeneity related to control rights and financial constraints is 

consistent with the idea that funding contagion occurs through common owners rather than 

through other channels. 

Cash-flow cross-pledging is the baseline case considered in the literature (e.g., Tirole, 

2006). However, collateral cross-pledging, where hard assets instead of income are pledged, 

can also play a role in our results. We argue that cash-flow cross-pledging is the more natural 

explanation for two reasons. First, the industrial shocks that we study are more likely to 

represent shocks to cash flows rather than to collateral, which is often not industry-specific 

(e.g., real estate). Second, we find that when a high-profitability partner is hit by a shock, 

funding contagion is stronger, while the opposite happens when a high-tangibility partner is 

hit. This suggests that a reduction in collateral value is less likely to be responsible for the 

contraction in credit supply.   

Finally, we address alternative hypotheses through a placebo test. One preeminent 

alternative explanation is that both firms in the pair are affected simultaneously because the 

demands for their goods and services are correlated, and not because they share a common 

owner. We form a placebo sample by looking for stand-alone firms that match the treated 

firms (i.e., firms that receive a shock to their partner firm) in terms of industry, country, year, 

size, and other firm characteristics. These placebo firms should have a similar demand for 

credit as the treated firms in our sample. At the same time, a stand-alone firm cannot be 

affected by shocks to another firm with the same owner because, by construction, their 

owners do not have other firms. In our test we examine whether the placebo firms reduce 
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their debt growth and leverage in response to shocks to their made-up partners (i.e., the 

partner firms of the actually treated firms). In line with our identification strategy, we do not 

find any significant effects for placebo firms. This confirms that the most likely explanation for 

our results is a credit supply reduction, and not a reduction in credit demand due to correlated 

shocks across industries. 

We contribute to the literature that studies the reallocation of resources across 

business units (see Stein, 2003, for a survey). Owners, or managers endowed with the control 

rights that owners delegate, can directly reallocate capital across units. The empirical 

literature is centered on the role of these internal capital markets for investment (Lamont, 

1997; Duchin and Sosyura, 2013; Matvos and Seru, 2014; Giroud and Mueller, 2015, 2019). 

Less emphasis has been placed on studying the effects of internal reallocation for external 

capital raising (Gopalan, Nanda, and Seru, 2007; Hann, Ogneva, and Ozbas, 2013, are among 

the exceptions). We provide novel evidence that credit supply adjusts in response to negative 

shocks to partner firms. In particular, when a negative shock hits a firm, other firms with the 

same owner find it harder to raise financing. This shows that the owner's consolidated 

financial position influences each firm's debt capacity, or that there is cross-pledging between 

firms.  

Our results also speak to the recent literature on networks as a propagation 

mechanism for shocks (Acemoglu, Carvalho, Ozdaglar, and Tahbaz-Salehi 2012). The networks 

that we study are very simple (only two firms). Simplicity is precisely what renders our 

contribution, namely, to be able to empirically identify funding contagion through common 

owners abstracting from other confounding factors (e.g., input-out linkages).  While we 

identify the effects in a simple context, the transmission mechanism that we document is 

potentially at play in more complex ownership networks such as business groups (Khanna and 

Yafeh, 2007). Achieving identification in those settings would be more challenging for at least 

two reasons. First, in business groups, there are links between many more firms and 

potentially important feedback loops. Second, large business groups can have general 

equilibrium effects (Almeida and Wolfenzon, 2006), which we can put aside when studying 

small firms. Besides being an interesting laboratory, small private firms are in and of 

themselves important for aggregate employment and wealth (Hurst and Pugsley, 2011; 
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Lyandres et al., 2019), and account for a large fraction of business cycle fluctuations (Gertler 

and Gilchrist, 1994). 

Our setup of two-firm networks is similar to the one used by Larrain, Sertsios, and 

Urzua (LSU, 2019). LSU study the effects of leaving a two-firm network to identify the overall 

advantage of network affiliation. LSU conclude that this advantage is related to the cross-

pledging of hard assets since they find that the debt capacity of a firm that splits from a group 

is reduced more strongly when they lose a high-tangibility partner. Our paper, instead, focuses 

on funding contagion with a sample of firms that are still paired. By definition, contagion from 

one network member to another has to be studied while both members are part of the 

network, and not after they split. In short, funding contagion cannot be studied within LSU’s 

setup of firms that leave a network. Moreover, our results point towards cash-flow cross-

pledging, instead of collateral cross-pledging, as the main mechanism behind funding 

contagion when firms are part of the same ownership structure.   

The rest of the paper is organized as follows. Section 1 develops the main hypotheses 

and explains the empirical design of our tests. Section 2 describes the firm-level data and the 

identification of the industrial shocks. Section 3 shows the main results and the mechanisms, 

together with auxiliary results. Section 4 concludes. 

 

1. Conceptual Framework 

a. Hypotheses Development 

Consider a simple model of investment with financial constraints in the spirit of Stein 

(2003). There are two firms 𝑖 = 1,2 with a common large shareholder. For the purposes of the 

model, we assume that the large shareholder controls the investment policy of both firms. 

This is the maintained assumption throughout the theoretical analysis, although empirically, 

we test for a breakdown of the mechanism when control is absent. For simplicity, investment 

𝐼𝑖 can be described as a one-period project that produces cash flows through a standard 

concave function 𝐹(𝐼𝑖). Cash flows are discounted with the risk-adjusted rate 𝑅𝑖. The cash-

flow rights of the owner are a fraction 𝛼𝑖 of each firm. The objective function of the owner is 

therefore 𝛼1(𝐹(𝐼1) − 𝑅1𝐼1) + 𝛼2(𝐹(𝐼2) − 𝑅2𝐼2). 
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The financial constraint can be written as 𝐼1 + 𝐼2 = 𝑤1 + 𝐸1(𝑤1,𝑤2, 𝜃)+𝑤2 +

𝐸2(𝑤1,𝑤2, 𝜃), where 𝑤𝑖 represents the internal resources in each firm and the function 

𝐸𝑖(𝑤1,𝑤2, 𝜃) represents the external funds that each firm can raise. Internal resources can be 

cash flows or hard assets to use as collateral. The external funds function simply captures the 

imperfect substitutability between internal and external funds, and hence the failure of 

Modigliani-Miller’s irrelevance theorem in our setup. The parameter 𝜃 summarizes the 

financial frictions in the market. For example, 𝜃 can be the multiplier on internal resources as 

in 𝐸𝑖(𝑤1, 𝑤2, 𝜃)= 𝜃(𝑤1 + 𝑤2). 

Notice that the financial constraint is a joint constraint, meaning that funds can be 

moved across firms. For example, the owner can use the internal funds of one firm to fund 

the investment of the other firm. Our main departure from standard models in the literature 

is that we consider separate external funds’ functions for each firm. We allow each one to be 

a function of the internal funds of both firms, so there is cross-pledging in our formulation 

(Tirole, 2006, chapter 4). Cross-pledging refers to the situation where the internal resources 

of one firm are (implicitly or explicitly) pledged to repay the financial obligations of the other 

firm. Basically, creditors consider the consolidated position of the owner when determining 

the supply of external funds to each firm. Cross pledging implies that the first derivative of 

𝐸𝑖(𝑤1,𝑤2, 𝜃) with respect to the internal resources of the other firm is positive (𝐸𝑖𝑗
′ > 0).  

The first-order condition for the optimization problem is 𝛼𝑖(𝐹𝑖
′ − 𝑅𝑖) = 𝜇, where 𝜇 is 

the shadow price of the financial constraint. If firms are not financially constrained (𝜇 = 0), 

then each firm invests at its first best level (𝐹𝑖
′ = 𝑅𝑖), and there is no cross-firm dependence 

despite common ownership. If firms are financially constrained (𝜇 > 0), then firms do not 

invest at their first-best level. The owner still invests up to the point where the marginal 

benefit of investment in both firms is the same, i.e., 𝛼1(𝐹1
′ − 𝑅1) = 𝛼2(𝐹2

′ − 𝑅2). 

We examine the effect of a shock to the internal resources of firm 2 (𝑤2) on the 

investment of firm 1 (i.e., asset reallocation). We can show that: 

𝜕𝐼1
𝜕𝑤2⏟

𝑎𝑠𝑠𝑒𝑡 𝑟𝑒𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

=
1 + 𝐸22

′

1 +
𝛼1𝐹1

′′

𝛼2𝐹2
′′

⏟      
𝑝𝑢𝑟𝑒 𝑟𝑒𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

+
𝐸12
′

1 +
𝛼1𝐹1

′′

𝛼2𝐹2
′′

⏟      
𝑓𝑢𝑛𝑑𝑖𝑛𝑔 𝑐𝑜𝑛𝑡𝑎𝑔𝑖𝑜𝑛

> 0                                 (1) 
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In words, a negative shock to the internal resources of firm 2 reduces investment in 

firm 1, even when the internal resources of firm 1 (𝑤1) or the relevant discount rate for firm 

1 (𝑅1) remain constant. Asset reallocation has two components that we label pure reallocation 

and funding contagion. Pure reallocation refers to the fall in investment to accommodate the 

direct fall in the internal funds of firm 2 plus the fall in the external funds that firm 2 can raise 

(1 + 𝐸22
′ ). Even if firm 1 can raise the same amount of external funds as before (if 𝐸12

′ = 0), 

the owner forces firm 1 to reduce its investment so the investment of firm 2 does not fall as 

much. Funding contagion, the second term in equation (1), refers to the additional drop in 

investment that is caused by the reduction in the external funds that firm 1 can raise. 

There is asset reallocation (𝜕𝐼1/𝜕𝑤2) if there is funding contagion (𝐸12
` > 0), but there 

can be asset reallocation without funding contagion. Hence, evidence of asset reallocation 

(i.e., to find an effect of a shock to firm 2 on the investment of firm 1), by itself does not imply 

nor contradict funding contagion. To really test for funding contagion we need to look beyond 

investment and study funding variables (i.e., directly looking at 𝐸12
` > 0). Similarly, evidence 

for funding contagion does not exclude the existence of pure reallocation.  

The owner can reallocate funds between firms because of the control rights granted 

by ownership (Grossman and Hart 1986). This is expressed in the joint financial constraint for 

the two firms. As noted by Stein (2003), firm 1 can be forced to accommodate the shock to 

firm 2 and invest less than it would invest as a standalone firm. By the same token, firm 2 can 

get additional financing to smooth its own shock when outside funding is limited.1 If control 

rights are weak or if they disappear, then the link between the two firms should weaken or 

disappear too. Control is best characterized as a dichotomic variable: the owner either 

controls the investment policy or not. Within our setup, we can simulate the absence of joint 

control by studying the case where 𝛼2 → 0. As implied by equation (1), in this case the 

investment in firm 1 does not respond to shocks in firm 2. In other words, the links between 

both firms are severed when joint control is absent. 

As emphasized by Kaplan and Zingales (1997), the response of investment in equation 

(1) is mediated by the curvature of the production function. The curvature reflects how costly 

 
1 The derivative of investment with respect to a firm’s own internal resources is analogous to the cross-derivative 
in equation (1). Interestingly, the effect of own funds is smaller than in a standalone firm, precisely because of 
the smoothing effect produced by the second firm. See also Giroud and Mueller (2019) on this point. 
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it is for a firm to distort investment away from the first best. If firm 1 is small, which suggests 

high 𝐹1
′′/𝐹2

′′, then the response of firm 1 to shocks on firm 2 is weak. In this case, firm 1 is so 

constrained that adjusting its investment plan to accommodate the other firm’s shock is too 

costly for the owner.   

It is interesting to compare our setting of one owner and two firms with a 

conglomerate of two fully-owned divisions (𝛼1 = 𝛼2 = 1). In this case, the financial constraint 

can be written as 𝐼1 + 𝐼2 = 𝑤1+𝑤2 + 𝐸(𝑤1,𝑤2, 𝜃). Notice that there is only one external 

funds’ function 𝐸(𝑤1,𝑤2, 𝜃) since, in a conglomerate, there is only one vehicle for raising 

capital. Investment is still observed individually for each division, but not capital raising. The 

equivalent to our previous equation (1) is now:   

𝜕𝐼1
𝜕𝑤2

=
1 + 𝐸2

′

1 +
𝐹1
′′

𝐹2
′′

> 0                                                                                                  (2) 

The impact on investment encompasses both pure reallocation and funding contagion 

as before. However, now there is only one sensitivity of external funds to shocks (𝐸2
′ ) because 

capital raising at the conglomerate level subsumes the two effects that before we identified 

separately (𝐸2
′ = 𝐸12

′ + 𝐸22
′ ). The advantage of observing separate vehicles for raising capital, 

i.e., separate balance sheets, is that we can identify funding contagion independently since 

we can measure cross-effects (𝐸12
′ ). That is, we can see if shocks to a firm affect the partner 

firm’s ability to raise external funds. 

b. Empirical design 

The combination of strong control rights and financial constraints suggests that private 

firms are a good laboratory to test these hypotheses. Private firms usually have concentrated 

ownership, which results in strong control rights. Private firms have not yet accessed public 

equity markets, so they face more obstacles to raising equity. Often, they do not have a debt 

rating, which is another proxy for financial constraints (Kashyap, Lamont, and Stein 1994; 

Faulkender and Petersen 2006). 

Besides being an interesting laboratory, small private firms are an important part of 

wealth, employment, and business cycle fluctuations. Equity in small private firms represents 

close to one-third of business owners' wealth (Lyandres et al., 2019). At the aggregate level, 
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controlling stakes in companies represent the second-largest source of wealth after real 

estate. More than 25% of owners have two or more small businesses in their portfolio 

(Lafontaine and Shaw, 2016; Lyandres et al., 2019), which suggests that contagion across firms 

with common owners has the potential for aggregate implications. In terms of their relevance 

for the macroeconomy, firms with fewer than 20 employees represent approximately 90% of 

firms, and 16% of total U.S. employment (Hurst and Pugsley, 2011).2 Finally, small firms are 

more sensitive to recessions and hence contribute more to business cycle fluctuations (Gertler 

and Gilchrist, 1994).  

We start with pairs of private firms that share a common large shareholder, and that 

operate in different industries. In this sample, we run a regression like the following: 

𝑌𝑖𝑡 = 𝛽 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 + 𝛿
′𝑋𝑖𝑡−1 + 𝜏𝑗𝑡 + 𝜇𝑖 + 𝜖𝑖𝑡.                                   (3) 

We regress  𝑌𝑖𝑡, firm 𝑖′𝑠 outcome in year 𝑡, on the variable 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 that captures 

negative shocks to the internal resources of the other firm in the pair. These shocks are 

defined at the industry-year level considering the industry of the other firm in the pair. 𝑋𝑖𝑡−1 

denotes lagged firm size.3 We proxy for investment opportunities of the own firm by 

saturating with industry-by-year fixed effects, 𝜏𝑗𝑡, at the three-digit SIC level. The industry-by-

year fixed effects absorb the effect of shocks to the own industry. Hence, the identification of 

𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 comes solely from variation in the partner firm within each of the 

approximately 2,880 industry-year bins in the data. That is the most stringent test of contagion 

in our setup, and hence it is the baseline specification throughout the paper. Time-invariant 

unobservable characteristics are captured by firm fixed effects 𝜇𝑖. Standard errors are double 

clustered at the level of the owner (firm-pair) and the industry of the own firm. 

 
2 See reports of the U.S. Small Business Administration at www.sba.gov. 
3 Our baseline regression specification is parsimonious in the sense that it only controls for firm size, but we 
believe that, given the data constraints, it is the most appropriate one. The traditional control variables in capital 
structure papers are firm size, the market-to-book ratio or Tobin’s q, profitability, and tangibility. Since the firms 
in our sample are private firms we do not have data for the market-to-book ratio or Tobin’s q. We add industry-
year fixed effects to try to capture swings in investment opportunities at the industry level. Profitability is only 
available for 20% of the firm-year observations (see OROA in Table 1). Hence, it is impracticable to include 
profitability in the main specification. The results go through when we control for tangibility, even if we run the 
risk of over-controlling and losing observations. Lemmon, Roberts, and Zender (2008) point out that firm fixed 
effects (which are included in our specification) capture a lot more variation in leverage ratios across firms than 
traditional control variables.  

http://www.sba.gov/
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The main challenge is, of course, the identification of the effect of 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡. 

Changes in the internal resources of the second firm can correlate with unobservable variation 

in the investment opportunities of the first firm. In other words, even if there are no financial 

constraints or control rights, we can see the internal resources of the second firm moving 

together with the investment or financing decisions of the first firm. Our empirical strategy is 

designed to suppress several sources of co-movement and alleviate endogeneity concerns. 

We focus on three sources of co-movement. First, since both firms share a common owner, a 

mistake or bias in the owner's expectations can reduce internal funds and investment in both 

firms, even without financial constraints. Second, correlated industry shocks can also make 

the internal funds in one firm, and investment opportunities in the other firm, move together. 

This is the case if both industries are connected, for example, through input-output links. 

Third, if firms face correlated demands, shifts in demand can impact the two firms 

simultaneously, regardless of their ownership links or financial position. 

Our empirical design handles these sources of co-movement in different ways. First, 

to abstract from owner or firm-specific shocks we consider only industry-wide shocks. These 

shocks can be traced back to known sources (e.g., input prices) and leave out idiosyncratic 

elements of each firm or pair of firms. Unlike other work, we do not use direct changes to 

internal funds at the firm level, such as cash flows or sales growth, as possible shocks. 

Second, in order to abstract from industry co-movement, we focus on pairs of firms in 

industries that are not related by input-output flows. The unrelatedness of both industries 

allows us to distinguish our setup from the propagation of shocks through customer-supplier 

links (Acemoglu, Carvalho, Ozdaglar, and Tahbaz-Salehi 2012; Barrot and Sauvagnat 2015). At 

the same time, it distinguishes our setup from propagation within multi-establishment firms 

(Giroud and Mueller 2019), where establishments usually operate in the same industry. We 

only look at pairs of firms, so the constraint of unrelatedness is not too binding. For instance, 

it is much harder to find sets of 3 or 4 firms that are industrially unrelated and that have a 

large common shareholder at the same time. Also, the transmission of a shock in a pair can 

only go from one firm to the other. With multiple firms, the owner can choose which other 

firms to use as a buffer for the shock, creating selection problems that muddle the 

experimental design. 
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Third, we explore the independence of our results from several demand channels 

through a placebo exercise. Both firms in the pair can be affected simultaneously because the 

demands for their goods and services are correlated, and not because they share a common 

owner. We form a placebo sample of firms that should have a similar demand for credit as the 

treated firms in our sample (i.e., similar to firms that face a shock to their partner firm), but 

that are not paired with any firm. We then see whether the placebo firms are affected by the 

shocks to our treated firms. If co-movement is due to correlated demands, then the shocks 

should also affect placebo firms. However, if co-movement is due to funding contagion, then 

placebo firms should not be affected by the shocks, because there cannot be contagion if 

these firms are not paired with other firms. The placebo test, combined with tests that exploit 

variation in financial constraints and control rights, allows us to attribute our results to a credit 

supply contraction instead of a reduction in credit demand. 

Our identification strategy is in the spirit of Lamont (1997), who studies the effect of 

oil shocks on non-oil segments in conglomerates. Our approach has several advantages with 

respect to Lamont (1997). First, and most importantly, we deal with firms instead of segments, 

plants, or divisions of a conglomerate, which allows us to compute independent funding 

effects for the different business units. Second, we have variation in control rights within our 

sample, which means that we can test for the importance of control for the transmission 

mechanism. In contrast, full control is the only case in conglomerates. Third, segments in a 

conglomerate have other margins of integration besides the common owner (e.g., joint 

distribution channels, centralized HR, and R&D departments). The focus on firms allows us to 

emphasize ownership as the defining element of the transmission mechanism rather than 

these other margins of integration. Fourth, by focusing on common owners of just two firms, 

we avoid dealing with selection issues present in large conglomerates, such as the choice of 

which business unit to use as buffer for the shock. Fifth, we focus on small firms, which makes 

it easier to discard general equilibrium effects. Conglomerates and multi-establishment firms 

can have general equilibrium effects at the level of regions or even countries (Gabaix, 2011). 

It is worth emphasizing the differences and similarities in empirical design with respect 

to LSU. LSU study firms that split from their groups (“treated” firms) and compare them to 

firms that still belong to a two-firm group (“control” firms). We only study firms that belong 

to a two-firm group. The different focus of the two papers can also be seen in the variable of 
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interest in the right-hand side of the regression. In LSU, the variable of interest is a dummy for 

affiliation to a group. In our setting, the variable of interest is the sensitivity to the 

𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡, and there is no variation in affiliation. 

The similarity is that both papers use the 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡, although for different 

purposes. LSU use the 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 as an instrument for group affiliation. The 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 

identifies exogenous group splits (1st stage of their instrumental variables setup), and 

ultimately it allows the authors to estimate the causal impact of group affiliation (2nd stage of 

the instrumental variables setup). Consequently, the reduced-form regression in LSU looks at 

first sight like our equation (3). However, the treatment of interest and identification 

strategies are different. The identification assumption in LSU is that the 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 does 

not have a direct effect on the own firm, except for the fact that groups are more likely to split 

when hit by the 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡. The entire effect of the 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 is assumed to be in the 

extensive margin of affiliation. In our setting, instead, the own firm and the other firm are still 

together, and direct transmission of the 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 towards the own firm is the focus of 

study. As we show later, we can check within our setup the types of firms for which the 

identification assumption of LSU is more appropriate.  

 

2. Data 

a. Firm-level data 

We get firm-level data from Amadeus, a database assembled by Bureau van Dijk that 

provides both accounting and ownership information for private (and public) firms in Europe. 

Amadeus’ accounting data include balance sheets and income statements that can be easily 

accessed through WRDS. The ownership data cannot be directly downloaded, so we obtain it 

from Amadeus’ DVDs at the yearly frequency. The ownership information includes the names 

of large shareholders and their stakes. Our sample begins in 2005 since Amadeus dramatically 

increased its coverage of private firms in the early 2000s. Regulatory requirements in Europe 

imply that ownership structures, together with abbreviated balance sheets, are available for 

every firm (Bernard, Burgstahler, and Kaya 2018). Income statements are available less 

frequently (e.g., Germany and the U.K. do not require their disclosure below a certain level of 

firm size). The data goes up to 2014 since we get the ownership data only with delay. 
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We select individuals or families with stakes in just two firms.4 We require these firms 

to have no direct ownership stakes between them, nor with any other firm. The full 

description of our sample selection criteria is in Appendix A.1. Some examples can illustrate 

the type of firms and shareholders that we study. Steven Jones-Blackett has 49% of Wendy 

Jones-Blackett Limited (assets €0.54 MM), a firm in commercial printing, and a 5% stake in 

Metachem Diagnostics (assets €0.71 MM), a biotech distributor. Frank Balke has 100% stakes 

in two German firms: FRABA Fliesenbau GmbH (assets €0.26 MM), a firm in painting and paper 

hanging, and ASS Sicherheit GmbH (assets €0.54 MM), a firm that provides security services. 

These examples make it clear that we deal with small firms run mainly by owners. Some of 

these firms also have smaller shareholders, probably due to family or business connections.  

As explained before, a key element of our identification strategy is to drop pairs of 

firms in well-integrated industries. Following Fan and Goyal (2006), we construct a measure 

of vertical integration based on the U.S. input-output matrix. Using this matrix, we compute 

the fraction of input (output) that an industry acquires (sells) from (to) other industries. Then, 

for each pair of firms, we compute the average of what each firm's industry sells to the 

industry of the other firm, and what it buys from the industry of the other firm. As is standard 

in the literature, we drop the pair if this average is larger than 1% (Ahern and Harford, 2014; 

Hoberg and Phillips, 2016). In the same line, we also exclude pairs where both firms are in the 

same three-digit SIC code. After imposing these restrictions, and if we focus on firms with non-

missing book assets and asset growth, we have data for approximately 71,000 firms and 

248,000 firm-years.5 This sample is the baseline sample that we use throughout the paper.6 

 
4 We speak interchangeably of individuals and families because entire families are sometimes identified as 
shareholders in the data (e.g., in some French firms). However, most of the data is organized around individuals. 
5 We also develop a measure of integration based on Eurostat’s input-output tables for the European zone. These 
data are reported at the NACE2 level. The higher level of aggregation implies that integration measures increase 
mechanically, and therefore we drop more firms when applying our main restriction on integration (i.e., dropping 
firms in the same industry or with integration above 1%). Our results remain strong in this reduced sample. 
6 The different focus of this paper and LSU can be seen in the different samples under study. LSU study close to 
3,800 firms that leave a two-firm network. The “treatment” under study is leaving a network. LSU compare the 
treated firms with other 3,800 control firms that are always affiliated to a two-firm network. In the current paper 
we study approximately 71,000 firms that are always affiliated to a network. Hence, the 3,800 treated firms of 
LSU are not part of our sample; only the 3,800 control firms are potentially here. Overall, the possible overlap 
between the two samples is at most 5% of the firms studied in the current paper (≈3,800/71,000). The firms in 
LSU are also smaller than our firms. Average firm assets are €1.5 MM in LSU (see their Table 2), while they are 
€8.8 MM in our sample (see our Table 1). 
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Figure 1 illustrates the distribution of firm pairs across industrial segments. The x-axis 

represents the SIC code of the first firm in the pair, and the y-axis represents the SIC code of 

the second firm. As explained above, pairs in related industries have been removed from the 

data. We find that the remaining pairs are not clustered in any combination of industries, 

which is also a check that the cleaning procedure for relatedness is effective. Figure 1 is 

consistent with owner preferences for diversification (Lyandres et al., 2019). However, the 

rationale behind this diversification does not seem to be systematic since we observe firm 

pairs all over the industrial spectrum. As emphasized by Hurst and Pugsley (2011), non-

pecuniary motives (e.g., “doing something new,” or “lifestyle”) are the most important 

reasons for starting small businesses. These motives can potentially explain the scattered 

distribution of firm pairs that we see in Figure 1.  

Observations are well distributed across years (see Table A.1 in the appendix for data 

coverage). We cover 10 Western European countries, with a focus on Germany and the U.K. 

Some of the cross-country differences in coverage are related to market size and reporting 

standards for private firms. In terms of industries, we have more observations in services, as 

can be expected for small firms, but overall the sample is well balanced across sectors. SIC 6 

(finance) includes firms that provide finance-related services such as accounting or real estate 

management. Financial firms or intermediaries in the traditional sense are not present in our 

sample. SIC 9 (government) includes services such as security for government infrastructure. 

Table 1 shows summary statistics for the main variables in our analysis. The size 

distribution is highly skewed. Mean (median) assets are €8.82 MM (€0.18 MM). Asset growth 

is our main proxy for investment since CAPEX is typically missing. Asset growth, which includes 

growth in fixed assets, inventories, accounts receivables, and working capital broadly 

speaking, is also a better measure of investment for firms in services. Debt growth is the 

percentage change in the book value of total debt, and leverage is book debt over assets. Debt 

includes all types of liabilities: bank loans, trade credit, factoring, leases, and any non-bank 

private debt, such as loans from business development companies, credit unions, fintech 

lenders, and others. Debt issuance (retirement) is a dummy for cases where the annual change 

in debt over lagged assets is greater (smaller) than 5% (-5%) (Leary and Roberts, 2005). Net 

debt issuance is equal to 1 for large issuance, -1 for large debt retirement, and 0 otherwise 

(i.e., the difference between the dummies for issuance and retirement).  



16 
 

Amadeus also reports information on the names of banks with which a firm has a loan 

each year. There is no information on the size of loans or the interest rate. Small firms, like 

the ones in this sample, are only required by law to report abbreviated notes to financial 

statements, which typically do not include information on banking relationships. Data 

providers in each country complement balance sheet notes with other public and private 

sources (e.g., credit registries, courts, etc.) to get a more complete picture of credit 

relationships. Still, missing reports can partly explain the low average number of relationships 

(0.67) in our sample. Due to these reporting issues, we only use banking relationships as a 

secondary data source (appendix A.2 explains in more detail the coverage of the banking 

data). We focus on breaking banking relationships, which happen with a frequency of around 

13%. This variable is less likely to be affected by the absence of coverage since the banking 

relationship has already been reported in the past.   

We note that the mechanism in our model can be applied broadly to any credit 

relationship and not only to banking relationships. Non-bank credit relationships, which are 

crucial for small businesses (e.g., trade credit, credit union loans, etc.), are not considered in 

the Amadeus data. Non-bank lending is affected by the main idea behind funding contagion, 

namely that the credit provider considers the consolidated position of the owner when 

extending credit to any of her firms. Credit providers of all types constantly screen their clients 

and gather information to assess their risk. Hence, even absent banking relationships, funding 

contagion is a possibility worth investigating. 

The mean (median) number of employees is close to 13 (4), which shows again that 

these are small firms. The mean (median) operating return on assets (OROA=EBIT/assets) is 

4% (2%), but it is missing for many firms in the sample given the reporting standards for 

income statements. Mean (median) sales are 1.91 (1.42) times assets, suggesting that many 

of our sample firms are in services. The low mean (median) tangibility of 25% (13%) points in 

the same direction. 

The average ownership stake is relatively high (61%), which can be expected from the 

focus on private firms. As seen in Figure 2, the distribution of stakes has clusters around 50% 

and 100%. The median stake is 50%. There are still many smaller stakes, which provide 

interesting variation for our tests. For example, approximately 15% of firms have a 
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shareholder with a stake of 20% or less.7 Large changes in owner stakes are very infrequent 

(1% of observations), as shown by the average of the dummies for large stake increases and 

decreases (larger than 5% in absolute value). 

b. Industrial shocks 

The identification of shocks follows LSU. We proceed in a reverse engineering fashion 

by identifying candidate shocks from the stock returns of listed firms. Although the firms in 

our sample are not listed, they are likely to be affected by the same shocks. For instance, many 

small firms provide services to the listed firms in their industries. We first form four-digit SIC 

industrial portfolios in each European stock market. We then select periods where the 6-

month returns on these portfolios fall below the 5th percentile of the empirical distribution. 

From this list of candidate shocks, we select poor returns that affect a given industry across 

Europe. That is, we make sure that shocks are not driven by a few firms. Then, we check by 

hand, in the press or analyst reports, the likely cause of the negative returns. We only use 

periods of poor returns where we can confidently pin down the potential source of the shock, 

which we classify in terms of input or output prices (e.g., materials, commodity prices, etc.), 

and regulation (e.g., safety laws, tobacco laws, etc.).  

After merging the shock database with our main database (which is at the three-digit 

SIC level), we have 255 industry-year shocks for 116 unique three-digit SIC codes.8 The shocks 

that we identify are deep downturns. The average industry return in a shock-year is -43% 

lower than the sample average (see Panel B of Table A.2 in the appendix). Even after 

accounting for year fixed effects, the average return in a shock-year is -11%.  

In order to provide context, we discuss some examples of shocks and the firms they 

hit. David B. Sharples owns two U.K. companies that are hit at different points in this sample 

period. The first one (Holdsworth Chocolate Limited) operates in SIC 206 (chocolate and cocoa 

products) and experienced a negative shock in 2009 due to the strong increase in the cost of 

cocoa and sugar. The second one (Bond Printing Associates) operates in SIC 275 (commercial 

 
7 An additional difference with the sample in LSU is that we include shareholders with small equity stakes. The 
shareholders in LSU have a median stake of 100%, as seen in their Table 2. Shareholders with smaller stakes allow 
us to test whether significant control matters for shock transmission, or if any ownership link suffices. 
8 Details on the aggregation of shocks to the three-digit level are explained in Panel A of Table A.2 in the appendix. 
Appendix A.3 describes examples of shocks in our sample. 
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printing) and suffered from the rise in the price of ink during 2011-12.9 These are two 

examples of input shocks. Other shocks refer to output prices or regulations. For instance, 

recycling companies in SIC 505 (metal service centers) did poorly because of low output prices 

when commodity prices fell in 2014-15. Similarly, companies in SIC 382 (measuring and 

controlling instruments) experienced a regulatory shock that increased production costs with 

the harmonization of weighting instruments across Europe.  

For our identification strategy, we need shocks to be exogenous to the firms under 

study, which is more likely to be the case with small firms, but we do not claim that shocks are 

exogenous to market forces in general. Naturally, input and output prices can be related to 

macro crises and aggregate cycles. For example, a spike in the price of gold represents a shock 

to a gold-intensive industry such as jewelry. In our sample period, the price of gold can 

increase due to uncertainty around the European banking crisis and not because of a pure 

demand or supply effect of gold (e.g., mine closings in Africa). This is not a problem for our 

empirical design since we compare a firm paired with a jewelry firm with a firm paired with 

another firm in a different industry. If the price of gold is simply a reflection of macro 

uncertainty, it will similarly affect both firms (i.e., the one paired with a jewelry firm and the 

one paired with a firm in a different industry). In that case, we would not find a significant 

coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 in equation (3). Our identification assumption is, therefore, that 

the 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 does not differentially affect both firms, except for the links that firms have 

to their partner firms.  

An example from our sample can help to illustrate how the identification strategy 

works. In the years 2007-2013, Claudia Berlin had stakes in two firms, Creba Haus GmbH, a 

real estate management company (SIC 653), and Envitex Textile Industrieprodukte GmbH, a 

manufacturer of industrial filters for air pollution (SIC 281). In the years that followed the 

financial crisis of 2008-2009, real estate managers were struggling to produce cash flows (e.g., 

high vacancy rates), while Envitex’s industry enjoyed a healthy profitability of around 9%. 

Despite the strong profitability, Envitex had negative asset and debt growth. For example, in 

 
9 David B. Sharples and Genevieve E. Sharples each owns 50% of Holdsworth Chocolate Limited. David B. 
Sharples and Robert H. Stead each owns 49% of Bond Printing Associates. Hence, David B. Sharples is the 
common shareholder between both companies. 
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2011, its debt contracted 27.6% against a growing and profitable industry. Our regression 

model in equation (3) basically tests whether this behavior generalizes to a large sample. 

In the bottom part of Table 1, we report summary statistics for dummy variables that 

take a value of one the year an industry suffers a shock and zero otherwise. The average of 

each dummy corresponds to the frequency of being hit by a shock. About 11% of the firm-year 

observations correspond to years when a shock hits the firm’s own industry. Similarly, 11% of 

the observations correspond to years when a shock hits the industry of the other firm in the 

pair. These numbers imply that not all firms are hit by shocks, either to their own industry or 

to the industry of the other firm in the pair. Also, it implies that shocks are more narrow than 

global recessions and aggregate cycles.  

Figure 3 shows the frequency of shocks by industrial code. To simplify the picture, we 

aggregate to the one-digit SIC level, but shocks are identified at a more granular level. More 

than 30% of the firm-years in SIC 1 suffer a shock to their own industry, which is close to three 

times the sample average. This could be related to our procedure for pinning down shocks. 

However, notice that while own shocks are more frequent in SICs 1 through 3, there is no 

cluster of other shocks in any industry. This last comparison is the relevant one since we get 

identification from other shocks rather than from own shocks. As can be seen in Figure 3, it is 

not the case that firms in any industry are more frequently paired with other firms that are hit 

by shocks. Hence, the distribution of other shocks is consistent with quasi-random assignment, 

which is what matters for our empirical design.10 

We further validate our measure of shocks by presenting regressions that relate firm-

level investment to shocks. In the first three columns of Table A.3, we present regressions 

without industry-by-year fixed effects, so the coefficient on 𝑂𝑤𝑛𝑆ℎ𝑜𝑐𝑘𝑖𝑡 can be identified in 

conjunction with the coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡. Consistent with the prior literature, 

negative shocks to the firm’s own industry and to the industry of the other firm in the pair 

reduce asset growth.11 The coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 is very stable across specifications 

 
10 Figure A.1 in the appendix repeats our Figure 1 but identifying firms with and without shocks to the other 
firm’s industry. Again, the firm pairs with shocks are scattered all over the industrial spectrum.  
11 The coefficient on 𝑂𝑤𝑛𝑆ℎ𝑜𝑐𝑘𝑖𝑡  is slightly larger than the coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 . According to the model, 
both effects should be symmetric. In practice, one could expect the magnitude of the coefficient of 𝑂𝑤𝑛𝑆ℎ𝑜𝑐𝑘𝑖𝑡  
to be larger because of endogeneity: future investment opportunities go down, as well as own internal funds, 
when there is a shock. However, there could also be a selection effect since own shocks are not evenly distributed 
across industries (Figure 3). It is plausible that industries more frequently affected by own shocks are better at 
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regardless of the level of aggregation of the industry-by-year fixed effects, which eventually 

absorb the own shock. 

Our shocks focus on extreme negative events. The industry Tobin’s q, which is widely 

used in the literature on internal capital markets, is perhaps more appropriate to estimate the 

response to average shocks. In Table A.3 Panel B in the appendix, we present regressions of 

asset growth on the Tobin’s q of the own industry and the Tobin’s q of the other industry (Shin 

and Stulz 1998; Rajan, Servaes, and Zingales 2000). We find that both q’s enter the regression 

significantly and positively, in line with the previous literature. Still, our shocks are 

economically and statistically significant regardless of the inclusion of q’s (see column 8 of 

Table A.3 Panel B). Measurement error and the consequent distortion in statistical inference 

are a disadvantage of q (Whited, 2001). Our shock variables deal with measurement error by 

focusing on a subset of shocks with well-identified sources. 

  

3. Results 

a. Funding contagion 

In Table 2, we show our main tests of funding contagion. The idea is to see whether 

shocks to a partner firm reduce the ability of a firm to raise external funds. Because of 

adjustment frictions, the funding response can be spread out in time. Hence, we consider if 

there is a shock to the industry of the other firm in that year or in any of the previous two 

years. We combine this three-year period into a single dummy, 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘 3𝑝, equal to 1/3 

each one of the three years and 0 otherwise. The advantage of this normalization is that the 

coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘 3𝑝 can be understood as the cumulative effect over the three-

year period that follows a shock. Hence, it captures the medium- or long-run effects of the 

shock in an easily interpretable way.12  

 
dealing with them and suffer a smaller impact on investment. Hence, the relative magnitude of the coefficients 
of own and other shocks is empirically an open issue. 
12 Alternatively, one could run a conceptually similar regression by including three different dummies (one for 
each year) and report a test for the sum of the three coefficients. Table A.4 in the appendix reports the results 
using dummies for the years before and after the shock. There is no anticipation before the main year of the 
shock, which is reasonable given that shocks are identified from stock prices that move ahead of real variables 
such as asset growth. This absence of a secular decline in the firms that subsequently experience other shocks is 
consistent with the parallel-trends assumption of the differences-in-differences setup. There is some persistence 
as indicated by the coefficients on the years following the main year. 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘 3𝑝 captures the period 
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As a baseline for comparison, the first column in Table 2 reports the regression for 

asset growth. The coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘 3𝑝 shows a cumulative fall in asset growth of 

6.6%, which suggests that shocks to partner firms have economically meaningful effects.13 

Asset reallocation is a necessary –but not sufficient— condition of funding contagion (see our 

equation 1). Hence, this is not really a test of funding contagion.   

In the rest of Table 2, we focus on funding-related variables. The null hypothesis is that 

there is no funding contagion, i.e., 𝐸12
′ = 0, which cannot be tested with asset growth. Under 

the null we should not see falls in debt growth or leverage, but we can still see falls in asset 

growth due to pure reallocation.  

External funds come from two main sources: debt and equity. In column 2 of Table 2-

A, the coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘 3𝑝 implies a reduction in debt growth of 8.6%, which is 

approximately 30% larger than the coefficient of 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘 3𝑝 on the asset growth 

regression (column 1). For column 3, we define debt growth with asset base as the change in 

debt over lagged assets, so the numerator is the same as for asset growth.14 In a firm with 

50% leverage, and if all the effects on the right-hand side of the balance sheet are symmetric, 

the effect on debt growth with asset base should be exactly half of the effect on asset growth. 

Instead, in column 3 we find that the coefficient on 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘 3𝑝 is 3.5%, or more than half 

of the 6.6% effect on asset growth. The immediate consequence of a stronger fall in debt is 

that the leverage ratio goes down by 1.2% with shocks to the industry of the other firm 

(column 4). This reduction in leverage is comparable to the effects of traditional capital 

structure determinants (e.g., a 10% decrease in tangibility or a 1% increase in profitability; see 

Frank and Goyal, 2009). 

We interpret these results as evidence in support of funding contagion. It is hard to 

explain the more than proportional fall in debt —and the associated fall in leverage — in a 

model without funding contagion (i.e., if 𝐸12
′ = 0). We consider below three counterfactual 

 
between t=0 and t=+2. The coefficients on Other Shock 3p in Table 2 do not match the sum of the coefficients 
for t=0, t=+1, and t=+2 reported in Table A.4 since there is overlap in the event windows for some shocks.  
13 The coefficient on the three-year shock dummy in Table 2 is larger than the single-year shock dummy shown 
in Table A.4 of the appendix (column 4, Panel A) suggesting there is persistence instead of reversal after the first 
year of the shock. A quick reversal in asset growth would imply a smaller coefficient on the three-year dummy 
than on the single-year dummy. 
14 From the accounting identity, asset growth is equal to debt growth plus equity growth when both are 

measured with asset base: 
∆𝐴

𝐴𝑡−1
=

∆𝐷

𝐴𝑡−1
+

∆𝐸

𝐴𝑡−1
. 
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scenarios without funding contagion. Regardless of reallocation between firms, these 

alternative cases cannot account for our findings.  

Consider first the case where firm 1 supports firm 2 simply by substituting assets. For 

instance, firm 1 can reduce current assets (cash holdings, inventories, accounts receivables) 

and issue an inter-company loan to firm 2 (Gopalan, Nanda, and Seru, 2007; Buchuk et al., 

2014). In this case, the debt and leverage of firm 1 stay constant, and there is only a change 

in the composition of assets. Therefore, asset substitution cannot explain the fall in debt and 

leverage that we find. 

Consider next a case where firm 1 supports firm 2 by rearranging its own capital 

structure. Support can be given through extraordinary dividends (Gopalan, Nanda, and Seru, 

2014), which implies that equity in firm 1 goes down as retained earnings are distributed. 

Assets also go down, as cash holdings or other assets are liquidated to pay dividends. Debt 

stays constant, and therefore leverage increases in firm 1. Leverage also increases if, instead 

of extraordinary dividends, firm 1 raises more debt from creditors and issues an inter-

company loan to firm 2.  

A third and subtler alternative is that the reduction in the equity of firm 1 due to the 

distribution of retained earnings prompts a response from lenders who cut credit to that firm. 

This can happen, for example, if creditors lend in direct proportion to the firm’s equity and 

they do not consider the position of the owner in other firms. However, the reduction in debt 

would leave leverage constant instead of falling.  

Overall, in these counterfactual scenarios, debt either increases, remains constant, or 

falls proportionally with assets. Only funding contagion, which entails a contraction in credit 

supply as lenders factor in the cross-pledging between firms, can generate the pattern of 

decreasing leverage that we observe in the data. 

The difference between the coefficients for Other Shock 3p in the asset growth and 

debt growth (with asset base) regressions allows us to perform a back-of-the-envelope 

calculation of how much asset growth would fall under the null of no funding contagion. Given 

that the coefficient is -6.6% in the asset growth regression and -3.5% in the debt growth 

regression, then asset growth would fall by only 3.1% (=6.6%-3.5%) in a world without funding 
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contagion. This is not a formal test of funding contagion, but simply a way to gauge the relative 

importance of funding contagion for asset reallocation. 

In columns 5 through 7, we explore large changes in funding by studying the effects of 

other shocks on the dummies for debt issuance and retirement. These large funding events 

are informative, as they represent more active financing decisions. We find that the frequency 

of large debt issuance falls by 7.3% with other shocks. In terms of economic magnitude, this 

effect is equivalent to a quarter of the sample frequency of large debt issues (see Table 1). We 

find that the frequency of large debt retirements increases by 4.9%. Overall, the effect of other 

shocks on net debt issuance (=issuance-retirement) is -12.1%.  

Consistent with the inability of the firm to issue or roll over debt, we find that banking 

relationships are affected by negative shocks to the partner firm (column 1 Table 2-B). The 

effect on the destruction of banking relations over three years is 11%. Given the importance 

of banking relationships in the flow of soft information, particularly for small firms (Petersen 

and Rajan, 1994), these results can explain why it is harder to raise additional debt. They also 

speak against an alternative hypothesis where the owner voluntarily decides to cut back on 

debt to control the increasing risk of her portfolio of firms. Risk aversion could explain the 

debt reduction, but an owner is unlikely to voluntarily break banking relationships and waste 

the accumulated goodwill with creditors. 

Finally, we study if external equity (the second source of external funds) reacts to 

shocks to the other firm (columns 3-4 Table 2-B). An increase in external equity would dilute 

the owner, and a decrease in external equity would increase owner concentration. We find a 

negative but economically small and statistically insignificant effect on the owner’s stake. Over 

three years, owners reduce their stake by just 0.023% (column 2). We do not find evidence of 

a higher frequency of large changes in the owner’s stake (columns 3 and 4). Hence, funding 

contagion works mainly through debt rather than external equity, at least in our sample.  

b. Control rights 

Control is a crucial element behind funding contagion. Without substantial control 

rights, i.e., without the ability to dispose of a firm's assets, the links between firms are severed. 

Ownership stakes of 50% or more are typically considered to grant full control over a firm’s 

financial and investment policies. The literature has also considered lower thresholds. For 



24 
 

instance, La Porta, Lopez-de-Silanes, and Shleifer (1999) use cutoffs of 10% or 20%. These 

cutoffs typically ensure that the shareholder has the right to a seat on the board of directors. 

To explore the effects of control, we split the sample into three subsamples. In the first 

subsample, which represents about half of the observations, the shareholder has stakes of 

50% or more in both firms. We call this the “full control” sample. In the second subsample, 

which represents approximately 25% of the observations, the shareholder has a stake of 20% 

or more in both firms (but never 50% or more in both). This allows us to see if the transmission 

mechanism is present without a dominating stake of 50%, while still retaining a significant 

stake of 20% or more. Stakes of 20% or more are often observed in firms owned by several 

business partners with explicit or implicit shareholder agreements. We call this the “partial 

control” sample. The third subsample includes the rest of the firm pairs where any of the two 

stakes falls below 20%. In this last sample, significant control is absent from at least one firm, 

so we call it the “no control” sample. 

The effect of shocks to the other firm’s industry on asset growth is large and significant 

in the full and partial control subsamples but smaller and insignificant in the no-control sample 

(columns 1-3 Table 3-A). Comparing across columns with the full-control sample, the effect on 

debt growth (9.3% in column 4) is larger than the effect on asset growth (6.4% in column 1). 

Leverage consequently goes down by 1.2% (column 1 Table 3-B). Also, net debt issuance is 

12.4% less likely, and breaking banking relationships is 14.3% more likely in the full control 

sample (columns 4 and 7 Table 3-B).  

The focus of our hypothesis is on the funding variables. The coefficients for debt 

growth (with or without asset base), net debt issuance, and banking relationships are always 

smaller (in magnitude) in the partial-control and no-control samples than in the full-control 

sample. Furthermore, the effect of the other shock on leverage is statistically significant only 

in the full control sample. Hence, funding contagion is stronger in firms where the large 

shareholder has full control, which is precisely what one would expect if the owner were the 

culprit of contagion.  

Although ownership stakes may still be large (say 5% or 10%), the effect of the other 

shock on asset growth, debt growth, and leverage weakens when significant control rights are 

absent, as in the no-control sample (columns 3, 6, and 9 Table 3-A, column 3 Table 3-B). This 
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is most likely the case because other shareholders have stronger control rights in the firm.15 

This last result represents an important falsification test for the theory and for our 

identification strategy since the effects are weak precisely when control is weak. In this 

respect, our results are unique in comparison to the literature on shock transmissions within 

ownership structures. This literature is focused on conglomerates with fully owned 

subsidiaries, and hence 100% ownership is the sole case under study (Lamont, 1997, Giroud 

and Mueller, 2019, and others).  

c. Financial Constraints 

Financial constraints represent the second essential element behind funding 

contagion. While we expect small private firms to be constrained on average, there can also 

be variation in financial constraints within the sample. One obstacle to measuring financial 

constraints is that standard proxies, such as the indexes of Kaplan and Zingales (1997), or 

Whited and Wu (2006), require more data than what is available for private firms. It is also 

unclear whether these indices apply to private firms because they are calibrated to public 

firms. Moreover, the relevant constraint in our setup is a joint constraint so that any individual 

firm characteristic can be a poor proxy for the financial constraints faced by the pair of firms.  

In this context, we proxy for financial constraints at the market level using the total 

availability of credit in the economy. There are two advantages of measuring financial 

constraints at the country level. First, unlike firm-level characteristics, they are exogenous to 

the firms under study. Second, they are less subject to Kaplan and Zingales (1997)’s critique. 

Kaplan and Zingales (1997) argue that derivatives of investment-cash-flow sensitivities (like 

our equation 1) with respect to measures of financial constraints (𝜃 in the model) have 

ambiguous signs. The source of the ambiguity is the non-monotonicity produced by the 

curvature of the production function 𝐹(𝐼𝑖). By averaging across firms in an entire market, we 

can smooth out possible non-monotonicities. 

In Table 4, we sort firms according to the degree of development of the credit market 

(measured as private credit to GDP). The effect of shocks to the other firm’s industry on asset 

 
15 In line with the relevance of other shareholders, in unreported tests we study the effects of the number of 
shareholders, and whether the firm is a family firm or not. We define family as two or more shareholders with 
the same last name. The effects of the other shock are slightly stronger when there are more shareholders 
involved in the firm, and when the firm is not a family firm. This suggests that the owner has more effective 
control when the rest of the ownership structure is more dispersed. 
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growth is larger in magnitude and only significant in countries with low credit market 

development (-6.6% vs. -2.7%). The difference is even stronger with debt growth, which falls 

by 9.4% in less developed credit markets compared to 2.5% in more developed markets. The 

effects on leverage, net debt issuance, and breaking banking relationships go in the same 

direction. Overall, differences in market development are consistent with financial constraints 

as an important element for funding contagion. 

d. Firm size 

Beyond market characteristics, firm-level variables are often used as proxies for 

financial constraints. Although size is a standard predictor of financial constraints, the 

evidence in the previous literature comes mostly from comparing public firms of different sizes 

(e.g., Hadlock and Pierce, 2010). It is less obvious that size can be a good proxy for financial 

constraints within our sample of private firms. Regardless of empirical applicability, firm size 

also has opposing theoretical effects. One interpretation is that, if individual size proxies for 

financial constraints, then we should find that small firms suffer the most when a shock hits 

their partner firm. However, our model in equation (1) suggests the opposite: small firms 

adjust less to their partner’s shock, because it is too expensive for them to cut investment 

given their high marginal returns. The key difference in predictions arises because we assume 

a joint financial constraint in our model, while the standard argument considers a firm-level 

financial constraint. 

In order to study which effect of firm size prevails in our sample, we split firms into 

“large” and “small” with respect to median assets. Large firms are 20 times larger than small 

firms, as judged by the median assets in each sample. Admittedly, these represent small and 

very small firms in comparison to the general population of firms in the economy. The results 

for asset growth by sorts of firm size are reported in Panel A of Table 5. We find that small 

firms are not affected by shocks to the other firm’s industry (column 1), and hence, the 

contagion that we see in previous tables is towards the relatively large firms in our sample 

(column 2). In columns 3-4, we consider pairs of small or large firms. When both firms are 

small (column 3), the effect of the other shock is small and insignificant (2.8%). When both 

firms are large (column 4), the effect is large and strongly significant (4.7%). The results for 

debt growth in Panel B basically mirror the results for asset growth in terms of significance, 

but the coefficients are larger in magnitude. The results for debt growth with asset base (Panel 
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C) and leverage (Panel D) confirm that funding contagion happens to the large firms in the 

sample. These results are consistent with the interpretation of our model, where large firms 

are more likely to accommodate shocks since the returns to investment are lower for them.  

Table 6 showcases the heterogeneity related to firm size in a more compact way. We 

define the dummy Small Pair for the pair of firms where both firms are small. We then interact 

this dummy with Other Shock 3p. Columns 1 through 4 present a positive and significant 

coefficient on the interaction. The interaction is of similar magnitude as the main coefficient 

on Other Shock 3p, but with the opposite sign, implying that total funding contagion (the sum 

of the interacted and un-interacted coefficients) is basically zero in small pairs.  Overall, the 

results in Tables 5 and 6 suggest that large firms, rather than small firms, are hit hardest since 

they behave as shock absorbers for the shocks to the other firm in the pair.  

The analysis so far does not consider the possible impact of shocks on firm survival. In 

other words, we have focused, as in our model, on the impact of shocks on the intensive 

margin (growth rates), and not on the extensive margin (survival). The lack of response of 

small firms so far in Tables 5 and 6 implies that there is little adjustment on the intensive 

margin, but not necessarily on the extensive margin.  

To study the extensive margin, we define a dummy for the last year that a pair of firms 

appear in the sample (Pair dissolved), either because one or both firms later disappear or 

because of a change of owners.16 In the last two columns of Table 6, we run a linear probability 

model for the dummy pair dissolved as the dependent variable. In column 5, we find that the 

Other Shock 3p increases the likelihood of disaffiliation by 3.2%. However, in column 6, we 

find that the coefficient on Other Shock 3p interacted with Small Pair is strongly positive 

(15.4%) and larger in magnitude than the coefficient on Other Shock 3p alone (-3.6%), which 

corresponds to the effect on pairs without small firms. Hence, other shocks increase the 

probability of disaffiliation, but only for small pairs. Since small firms show less funding 

contagion than large firms, the increased probability of disaffiliation is unlikely to explain our 

main results on funding contagion.17  

 
16 We do not include the last year of the sample in this calculation because these are censored observations. 
17 The identification strategy of LSU is consistent with the exit response of small firms (columns 5 and 6 in Table 

6), combined with the absence of an effect on the intensive margin (columns 1-4 in Table 6). Using a sample of 

small firms comparable to the sample of small firms in this paper, LSU argue that shocks increase the likelihood 

of breaking up firm pairs without a direct effect of those shocks on the investment of the other firm.  
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e. Cash-flow and collateral cross-pledging 

Cash-flow cross-pledging is the baseline case of cross-pledging considered in the 

literature. In this case, the income of one firm is (implicitly or explicitly) pledged to repay the 

financial obligations of another firm. Collateral cross-pledging refers to the case where the 

hard assets -and not the cash flows- of the firm are cross-pledged. Lamont (1997) suggests 

that this can be an alternative explanation for the negative impact of oil shocks on non-oil 

segments. LSU (2019) provide evidence in favor of collateral cross-pledging since they find 

that the debt capacity of a firm that splits from a group is reduced more strongly when its 

former partner firm is a high-tangibility firm.  

In principle, both types of cross-pledging can be captured by the cross-derivative 𝐸12
`  

in our model. This derivative captures changes in the funding capacity of firm 1 when firm 2 

receives a shock, and this shock can be to cash flows or to collateral values. The nature of the 

shocks that we study empirically is key for the interpretation of our results. The industrial 

shocks are more likely to represent shocks to cash flows rather than to collateral values. 

Collateral values (e.g., real estate prices) are typically not dependent on the shocks to a 

particular industry because they are not specific to that industry. Hence, we believe that cash-

flow cross-pledging is the more natural explanation. However, we study both types of cross-

pledging now since collateral cross-pledging is also a possibility.   

It is worth noting that the role of collateral is more complicated in our setup than in 

LSU (2019). In LSU, the firm loses access to all the collateral provided by the former partner 

firm. In their case, the argument does not hinge on the marginal loss of collateral value. In our 

setup, where firms are still together, collateral is not lost. Therefore, there can be two effects. 

On the one hand, if collateral loses value with the shock, having a high-collateral partner leads 

to higher funding contagion. On the other hand, if the collateral value is not too sensitive to 

shocks, having a high-collateral partner can help dampen the shock and mitigate funding 

contagion. We note that, although there is ambiguity regarding the predictions of collateral 

cross-pledging, there is no ambiguity in the predictions of cash-flow cross-pledging. 

It is not easy to disentangle both types of cross-pledging empirically. Hence, the 

challenge is to devise a test that allows us to disentangle both types of cross-pledging. With 

this in mind, in Table 7, we add to our baseline specification interactions of the dummy Other 

Shock 3p with indicator variables for cases where the other firm has above-median 
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profitability (OROA) and above-median tangibility. The idea is that, if cash-flow cross-pledging 

is important, then having a high-cash-flow partner affected by a shock should increase the 

severity of funding contagion since the cash flows of the partner firm are an integral part of 

the joint pledgeable income. Similarly, if collateral cross-pledging is important, then having a 

high-tangibility partner affected by a shock should increase the severity of funding contagion. 

We note that our tests control for the interactions between size and the shocks to mitigate 

the concern that firm size could also proxy for collateral. 

As seen in Table 7, the interaction of the Other Shock 3p and High Other OROA is 

negative and significant for all funding variables (columns 2-4). The most telling result is for 

leverage (column 4) since it summarizes all changes in the capital structure. When a high-

profitability partner is hit by a shock, contagion is stronger, and debt capacity goes down. The 

interaction of Other Shock 3p and High Other Tangibility is, instead, positive and significant for 

debt growth and debt growth with asset base (columns 2 and 3). This suggests that collateral 

serves to dampen rather than to amplify shock transmission. The effect of the interaction with 

tangibility on leverage (column 4) is not statistically significant. Overall, our results side with 

cash-flow cross-pledging more than with collateral cross-pledging as the mechanism behind 

funding contagion. 

f. Identification threats and alternative hypotheses  

We first study threats to our identification strategy that come from subtler customer-

supplier links. To this end, we keep pairs of firms with zero integration in an input-output 

sense (previously, as in the literature, we kept industries with integration below 1%). We can 

see in Table 8 that the effects of the other shock on asset and debt growth are even stronger 

in this subsample (compare the coefficients in columns 1 and 3 of Table 8 with the coefficients 

in columns 1 and 2 of Table 2). In the same spirit, we further drop firms if they are in the same 

two-digit SIC industry (previously, we dropped firms in the same three-digit SIC industry). As 

seen in columns 2 and 4 and in the rest of Table 8, the results remain very similar. 

A second possibility is that correlation in the demand for goods and services explains 

the co-movement between firms. For example, industries may have high demand 

complementarity (e.g., landscaping services and fertilizers). Demand correlation can also 

follow from aggregate wealth effects. A negative shock to a key industry (e.g., oil in Norway) 

can generate large wealth effects, causing a fall in demand in otherwise unrelated sectors of 
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the economy. If demands are correlated, a firm can reduce asset and debt growth while the 

other firm’s industry is experiencing a negative shock, even in the absence of funding 

contagion. In financial terms, we should worry that the demand, and not the supply of credit, 

is moving in tandem for the two firms.  

To address the hypothesis of correlated demands, we propose a placebo test.18 Pairs 

in our original sample are formed by the “own firm” and the “other firm”. The own firm is the 

treated firm in our experiment since it is potentially affected by the shock to the other firm. 

Not all pairs in our original sample receive shocks; hence, not all pairs are treated. According 

to Table 1, only 11% of firm-year observations are treated. Untreated pairs are not part of the 

analysis that follows. For each own firm, whose pair eventually receives a shock during the 

sample period, we find a suitable match, which we call the placebo firm. 

Placebo firms are selected in the following way. We start by assembling a sample of 

stand-alone firms, i.e., firms whose owners do not have any other firms. We then look at each 

country-year-industry cluster where there is a treated firm. We further refine the sample by 

searching, within each cluster, for the stand-alone firm with the most similar assets and 

ownership stake to the treated firm the first year that the firm appears in the dataset (shocks 

can arrive later on). Given that this search algorithm is computationally very demanding (in 

particular because of the continuous variables size and stake), we perform the search in two 

steps. First, we split the stand-alone sample into 50 buckets along the distribution of assets 

and stake. For example, assume that we have a treated firm from SIC3 999, Germany, in 2010, 

with €2.5M in assets, and an owner with a 75% stake. The potential placebo firms for the 

treated firm also belong to SIC3 999, Germany, and the year 2010. Furthermore, these 

potential placebo firms belong to a size bucket that contains €2.5M in assets and a stake 

bucket that contains the 75% stake. Second, within the refined sample of placebo firms that 

consider size and stake buckets, we identify the nearest neighbor match for each treated firm. 

Hence, for each treated firm, we pick one placebo firm. We also consider a second, more 

stringent, matching criterion where we add age and leverage to the previous matching 

variables.19 By definition, the stand-alone firms cannot receive a shock from the “other firm” 

 
18 We thank an anonymous referee for suggesting this test. 
19 In Table A.5 in the appendix we show summary statistics for the eventually treated firms (own firms) and 

placebo firms according to two matching criteria. Panel A reports averages of firm characteristics when the 
matching is based on industry, country, year, size, and ownership stake. For Panel B we add leverage and firm 
age to the matching variables. There are 5,156 control firms according to the first criterion in Panel A, and 296 
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in the original pair since they are not really paired with any firm. However, they could, in 

theory, experience correlated demand shocks given that they belong to the same industry, 

country, and year, and share similar firm characteristics as the original treated firms. 

The placebo test consists of running our main regression in the sample of placebo 

firms. We have close to 17,000 (600) firm-year observations with our first (second) matching 

criterion. The Other Shock 3p dummy corresponds to the years when the “other firm” in the 

original pair received shocks. In the regression with the placebo firms, the coefficient on the 

Other Shock 3p dummy captures the difference in the dependent variable when comparing 

placebo firms in the years when they supposedly receive shocks from their made-up partners 

with placebo firms in the years when their made-up partners are not receiving shocks. The 

other shock should be completely irrelevant, given that placebo firms do not have a real 

partner firm.  

As seen in Table 9, other shocks have no effect on our main outcome variables of asset 

growth, debt growth, debt growth with asset base, and leverage. None of the coefficients for 

the Other Shock 3p is statistically significant. The coefficient sign often flips between positive 

and negative across the table. For example, leverage, which summarizes the effects on capital 

structure, shows a positive instead of a negative response to the placebo shocks. Overall, the 

placebo test speaks against correlated demands and in favor of our identification strategy.20 

g. Other outcomes 

In Table 10, we study the components of asset and debt growth. We first decompose 

asset growth into current asset growth and fixed asset growth to understand the adjustment 

of different asset classes.21 These variables are constructed using lagged total assets as the 

 
control firms according to the second and more stringent criterion in Panel B. There are fewer firms in the second 
case because, as we add more variables to the matching criterion, many clusters of potential placebo firms end 
up empty. As seen in both panels, there are no significant differences in characteristics between the treated and 
placebo firms. Economically speaking, the differences are also negligible. 
20 The analysis for Table 9 is based solely on placebo firms. We also run regressions in a sample of placebo pairs, 

which are formed by the “other firms” that received shocks in the original sample, plus their matched placebo 
firms. In this case the coefficient on the Other Shock 3p captures the difference between placebo firms when 
they (supposedly) receive shocks relative to the “other firms” and placebo firms when they do not receive shocks. 
The only difference with Table 9 is the reference group for estimating the effect on placebo firms. The unreported 
results convey the same message as Table 9, namely that there is no effect of other shocks on the placebo firms. 
21 The balance sheet identity is 𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 + 𝐹𝑖𝑥𝑒𝑑𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 . We define current asset 
growth as (𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 − 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡−1)/𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡−1, and fixed asset growth as 
(𝐹𝑖𝑥𝑒𝑑𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡 − 𝐹𝑖𝑥𝑒𝑑𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡−1)/𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑡−1. 
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denominator to ease comparisons across them. In columns 1 and 2, we find that other shocks 

have a weaker effect on fixed asset growth (coeff. -0.015) than on current asset growth (coeff. 

-0.046). In columns 3 and 4, we further decompose current asset growth into cash growth and 

non-cash current asset growth (i.e., growth in inventories and accounts receivables). We find 

that the effect is stronger on non-cash current asset growth (coeff. -0.032) than on cash 

growth (coeff. -0.021), which implies that shocks to the other firm are not simply 

accommodated by drawing down on cash holdings. The fact that shocks have more 

pronounced effects on the non-cash component of current assets is consistent with the idea 

that financial constraints have a large effect on inventory investment (Dasgupta, Li, and Yan 

2018; Kashyap, Lamont, and Stein 1994) and trade credit (Jacobson and von Schedvin, 2015). 

On the liability side, the effects also point to a stronger effect on current debt growth than on 

non-current debt growth (columns 5 and 6). Current debt is often related to trade credit. Non-

current debt is more likely associated to hard assets. This result is also consistent with cash-

flow cross-pledging rather than with collateral cross-pledging. 

Employment hoarding and training is an important form of investment for small firms 

(Sharpe, 1994; Bernstein et al., 2018). Small firms also account for a disproportionate fraction 

of total employment in the economy, so understanding employment response to shocks is 

important for aggregate labor dynamics. In Table 10 (column 7), we see that 𝑂𝑡ℎ𝑒𝑟𝑆ℎ𝑜𝑐𝑘𝑖𝑡 

implies a reduction in employment of 4.1%, significant at the 1% level. Given the decrease in 

asset growth, these results suggest complementarity between capital and labor. 

We finally explore the impact on profitability. We find that shocks to the other firm’s 

industry led to a cumulative drop in OROA of 1% over three years (column 8 Table 10). The 

effect is, however, statistically insignificant. In column 9 of Table 10, we use the level of EBIT 

to focus on the numerator of OROA without the confounding effect of assets (denominator), 

which are also affected by the other shocks (i.e., through a reduction in asset growth). We find 

that other shocks reduce EBIT by close to €17,000 over three years, or about 5% of the EBIT 

of the average firm in the sample (€352,000=4% OROA x €8.82 MM assets). This suggests that 

firms reduce their profits on average, albeit not in a statistically significant way. The lack of 

significance can be rationalized as the result of two opposing forces. On the one hand, the 

average profitability of the firm goes up when the firm cuts relatively poor marginal projects 

(e.g., stopping service to marginal clients). On the other hand, the profitability of assets goes 
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down when sales go down. The lack of statistical significance can also be related to the smaller 

sample size, given that disclosing income statements below a certain firm size threshold is not 

required in many countries.  

 

4. Conclusions 

We study funding contagion, which is the impaired ability of a firm to raise external 

funds when a negative shock hits another firm under the same owner. The effects of adverse 

shocks on investment across divisions in conglomerates or across establishments in multi-

establishment firms are well known in the literature (e.g., Lamont, 1997, Giroud and Mueller, 

2019, Stein, 2003). However, funding contagion across those units has not been documented 

before. One of the reasons is that the individual capital raising of divisions or establishments 

operating under a common balance sheet is not observable. The ability to estimate effects 

across different balance sheets, i.e., across different firms, is an advantage of our approach. 

Our empirical setup is designed to identify the presence of contagion and the 

underlying mechanisms as cleanly as possible. To this end, we focus on pairs of firms that 

share a large common shareholder and operate in unrelated industries. Firms in unrelated 

industries help us to rule out input-output linkages by design. Owners with stakes in just two 

firms help to circumvent selection effects that would be present in more complex ownership 

structures. Our sample consists of private firms, which tend to be small and financially 

constrained, and where owners have substantial control rights. All these ingredients make 

private firms more likely to experience contagion through common owners.  

Our evidence is consistent with firms having a harder time raising external funds when 

negative shocks hit other firms under a common owner. We find that debt growth falls by 

more than asset growth, and, consequently, that leverage goes down as shocks hit a partner 

firm. These results suggest that creditors factor in the cross-pledging of cash flows between 

firms when supplying credit to firms under a common owner. 
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Figure 1: Pairwise distribution of firms’ industries 

This figure shows the distribution of firms according to their three-digit sic code and the three-digit sic code of its 

partner firm. Pairs in related industries (including the same industry) have been removed. The size of the crosses 

indicates the number of firms in any given SIC/other-SIC coordinate. Smaller crosses represent a single pair of 

firms; mid-sized crosses represent between two and five pairs of firms; larger crosses represent more than 5 pairs 

of firms in a coordinate. 
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Figure 2: Distribution of ownership stakes 

This figure displays the frequency of stakes of large shareholders in our sample. 
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Figure 3: Distribution of shocks by industry 

This figure displays the frequency of shocks by the one-digit SIC code. Own Shock represents shocks to the 

industry of the own firm and Other Shock represents shocks to the industry of the other firm with a common owner. 

Both shocks are defined at the three-digit SIC code level and later aggregated to the one-digit SIC level solely for 

the purpose of this figure.  
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Table 1. Summary statistics 
This table presents summary statistics for our sample. Firm-level characteristics include firms’ financials, ownership, and banking relationship variables. Assets are measured 

in millions of Euros. Assets (Debt) growth is the difference between a firm’s logarithm of book assets (debt) and its lag.  Debt issue (retirement) is a dummy variable that takes 

a value of 1 if a firm changes its debt in a year by more than 5% (less than -5%) of its lagged assets, and 0 otherwise. Net debt issuance is debt issue minus debt retirement. 

Leverage is the book value of debt over assets. Banking relations is the number of credit relationships a firm has in a year. Breaking bank relations takes a value of 1 if a firm 

in a year discontinues a relation with a bank, and 0 otherwise. Employment is the number of firm employees. OROA (operational return on assets) is EBIT (earnings before 

interest and taxes) divided by assets. Sales/Assets is the ratio of sales over assets. Tobin’s q (industry) is the median q of a firm’s industry in their country, where the industry is 

measured at the two-digit SIC code level. Tangibility is defined as fixed assets over total assets. Stake (%) is the shareholder’s ownership stake in the firm. Stake increase 

(decrease) is a dummy variable that takes a value of 1 if the shareholder increased (decreased) its stake in the firm’s equity by more (less) than 5% (-5%), and 0 otherwise. Own 

Shock takes a value of 1 if a firm operates in a year and industry where we identify an industrial shock, and 0 otherwise. Other Shock takes a value of 1 if the other firm with 

the same owner operates in a year and industry where we identify an industrial shock, and 0 otherwise. 

 

 Mean P10 P25 P50 P75 P90 Total 

Assets (Mill Eur) 8.82 0.01 0.04 0.18 0.73 2.32 248,940 

Asset growth 0.05 -0.33 -0.12 0.00 0.12 0.41 248,940 

Debt growth 0.08 -0.44 -0.18 -0.00 0.19 0.63 197,333 

Debt issue 0.27 0.00 0.00 0.00 1.00 1.00 211,278 

Debt retirement 0.29 0.00 0.00 0.00 1.00 1.00 211,278 

Net debt issuance -0.02 -1.00 -1.00 0.00 1.00 1.00 211,278 

Leverage 0.52 0.02 0.16 0.55 0.85 0.97 216,980 

Banking relations 0.67 0.00 0.00 0.00 1.00 2.00 241,396 

Breaking bank relations 0.13 0.00 0.00 0.00 0.00 1.00 241,396 

Employment 13.34 1.00 2.00 4.00 12.00 30.00 64,266 

OROA 0.04 -0.10 -0.00 0.02 0.09 0.22 50,793 

Sales/Assets 1.91 0.11 0.61 1.42 2.55 4.17 56,794 

Tobin's q (industry) 1.25 0.89 0.99 1.15 1.44 1.75 244,244 

Tangibility 0.25 0.00 0.02 0.13 0.40 0.79 198,195 

Stake % 60.98 16.66 35.00 50.00 100.00 100.00 248,940 

Stake increase (>5%) 0.01 0.00 0.00 0.00 0.00 0.00 248,940 

Stake decrease (>5%) 0.01 0.00 0.00 0.00 0.00 0.00 248,940 

Own Shock 0.11 0.00 0.00 0.00 0.00 1.00 248,940 

Other Shock 0.11 0.00 0.00 0.00 0.00 1.00 248,940 
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Table 2. Funding contagion through common owners 

Panels A and B present estimation results that examine the relation between shocks to the other firm and outcomes 

of the own firm in the year of the shock and the next two years. In all columns, the main explanatory variable is 

Other Shock 3p, which takes a value of 1/3 during the year of the shock in the industry of the other firm and the 

two years after that. Panel A presents results for asset growth, debt growth (with and without asset base), book 

leverage, and the dummies for debt issuance, retirement, and net issuance. Panel B presents results for banking 

relationships and ownership stakes. Standard errors are adjusted by heteroscedasticity and two-way clusters at the 

owner and own industry levels. Significant at the *10%, **5%, ***1%.    

Panel A 

 (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Asset 

growth 

Debt 

growth 

Debt growth 

(asset base) 

Leverage Debt issue Debt ret Net debt 

iss. 

        

Other Shock 3p -0.066*** -0.086*** -0.035*** -0.012*** -0.073*** 0.049*** -0.121*** 

 (0.017) (0.032) (0.011) (0.004) (0.019) (0.018) (0.034) 

Log(assets) (t-1) -0.125*** -0.137*** -0.060*** 0.001* -0.054*** 0.068*** -0.122*** 

 (0.006) (0.007) (0.003) (0.001) (0.003) (0.003) (0.006) 

        

Observations 248,666 194,071 208,401 213,920 208,401 208,401 208,401 

R-squared 0.428 0.334 0.346 0.925 0.384 0.369 0.302 

Firm FE Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

 

Panel B 

 

 (1) (2) (3) (4) 

VARIABLES Breaking bank rel. Ownership 

% 

Stake incr. (>5%) Stake decr. (>5%) 

     

Other Shock 3p 0.110*** -0.023 -0.003 -0.001 

 (0.011) (0.234) (0.003) (0.003) 

Log(assets) (t-1) 0.021*** -0.093*** -0.001*** 0.000 

 (0.001) (0.012) (0.000) (0.000) 

     

Observations 241,119 248,666 248,666 248,666 

R-squared 0.583 0.980 0.293 0.312 

Firm FE Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 
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Table 3. Funding contagion through common owners: Sub-samples according to control 

rights 

Panels A and B present results that examine the relation between shocks to the other firm and outcomes of the own 

firm in the year of the shock and the next two years, according to the owner’s control rights.  The full control 

sample considers pairs of firms where the owner holds an equity stake larger or equal than 50% in each firm. The 

partial control sample considers pairs of firms where the owner holds an equity stake larger or equal than 20% in 

each firm but does not have stakes larger or equal than 50% in both firms. The no control sample considers pairs 

of firms where the owner holds an equity stake smaller than 20% in one or both firms. Standard errors are adjusted 

by heteroscedasticity and two-way clusters at the owner and own industry levels. Significant at the *10%, **5%, 

***1%.    

Panel A 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES Asset 

growth 

Asset 

growth 

Asset 

growth 

Debt 

growth 

Debt 

growth 

Debt 

growth 

Debt 

growth 

(asset 

base) 

Debt 

growth 

(asset 

base) 

Debt 

growth 

(asset 

base) 

          

Other Shock 3p -0.064*** -0.081*** -0.034 -0.093** -0.066* -0.075 -0.039*** -0.038** -0.005 

 (0.023) (0.028) (0.027) (0.046) (0.039) (0.047) (0.014) (0.017) (0.016) 

Log(assets) (t-1) -0.136*** -0.116*** -0.125*** -0.154*** -0.125*** -0.128*** -0.067*** -0.055*** -0.057*** 

 (0.007) (0.006) (0.008) (0.009) (0.006) (0.008) (0.003) (0.003) (0.004) 

          

Observations 136,814 66,875 44,076 109,260 50,791 32,925 116,478 54,717 36,123 

R-squared 0.429 0.441 0.468 0.326 0.364 0.387 0.342 0.368 0.408 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

Sample Full 

control 

both 

Partial 

control in 

one or 

both 

No 

control in 

one or 

both 

Full 

control 

both 

Partial 

control in 

one or 

both 

No 

control in 

one or 

both 

Full 

control 

both 

Partial 

control in 

one or 

both 

No 

control in 

one or 

both 

 

Panel B 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES Leverage Leverage Leverage Net debt 

iss. 

Net debt 

iss. 

Net debt 

iss. 

Breaking 

bank rel. 

Breaking 

bank rel. 

Breaking 

bank rel. 

          

Other Shock 3p -0.012** -0.015 0.000 -0.124*** -0.115** -0.094* 0.143*** 0.076*** 0.041** 

 (0.005) (0.009) (0.011) (0.045) (0.052) (0.055) (0.017) (0.016) (0.020) 

Log(assets) (t-1) 0.003*** -0.000 -0.001 -0.137*** -0.109*** -0.123*** 0.021*** 0.021*** 0.018*** 

 (0.001) (0.001) (0.001) (0.008) (0.006) (0.008) (0.001) (0.001) (0.001) 

          

Observations 119,310 56,350 37,204 116,478 54,717 36,123 132,866 64,317 43,012 

R-squared 0.931 0.917 0.925 0.297 0.328 0.371 0.605 0.577 0.568 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

Sample Full 

control 

both 

Partial 

control in 

one or 

both 

No 

control 

in one or 

both 

No control 

in one or 

both 

Full 

control 

both 

No 

control in 

one or 

both 

No 

control in 

one or 

both 

Full 

control 

both 

No 

control in 

one or 

both 
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Table 4. Funding contagion through common owners: Sub-samples according to credit 

market development 

Panels A and B present estimation results that examine the relation between shocks to the other firm and outcomes 

of the own firm in the year of the shock and the next two years, according to the credit development of the country 

where the pair-of-firms operate. Credit development is measured by the ratio of private credit to GDP (source: 

World Bank).  Columns (1), (3) and (5) present results from the subsample of countries with above-the-median 

credit development and Columns (2), (4) and (6) present results from the subsample of countries with below-the-

median credit development. Standard errors are adjusted by heteroscedasticity and two-way clusters at the owner 

and own industry levels. Significant at the *10%, **5%, ***1%.    

Panel A 

 (1) (2) (3) (4) (5) (6) 

VARIABLES Asset growth Asset growth Debt growth Debt 

growth 

Debt growth 

(asset base) 

Debt growth 

(asset base) 

       

Other Shock 3p -0.027 -0.066*** -0.025 -0.094** -0.001 -0.041** 

 (0.023) (0.024) (0.045) (0.043) (0.014) (0.016) 

Log(assets) (t-1) -0.312*** -0.084*** -0.720*** -0.109*** -0.150*** -0.048*** 

 (0.011) (0.004) (0.023) (0.006) (0.007) (0.002) 

       

Observations 119,569 121,199 76,935 111,351 89,875 112,588 

R-squared 0.528 0.357 0.456 0.271 0.444 0.277 

Firm FE Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

Sample High credit 

develop 

Low credit 

develop 

High credit 

develop 

Low credit 

develop 

High credit 

develop 

Low credit 

develop 

 

Panel B 

 (1) (2) (3) (4) (5) (6) 

VARIABLES Leverage Leverage Net debt iss. Net debt iss. Breaking 

bank rel. 

Breaking 

bank rel. 

       

Other Shock 3p -0.004 -0.016*** -0.052 -0.151*** 0.016*** 0.062** 

 (0.008) (0.005) (0.050) (0.052) (0.006) (0.028) 

Log(assets) (t-1) 0.004* 0.000 -0.319*** -0.101*** 0.000 0.035*** 

 (0.003) (0.001) (0.017) (0.005) (0.000) (0.001) 

       

Observations 93,255 114,323 89,875 112,588 119,567 121,192 

R-squared 0.921 0.933 0.417 0.243 0.526 0.613 

Firm FE Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

Sample High credit 

develop 

Low credit 

develop 

High credit 

develop 

Low credit 

develop 

High credit 

develop 

Low credit 

develop 
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Table 5. Funding contagion through common owners: Sub-samples according to firm 

size  

Columns (1)-(4) present estimation results for Equation (3) for different sample splits. Columns (1)-(2) present 

results for sample splits based on the own firms’ size (above and below the sample median). Columns (3)-(4) 

present results based on firm pairs: the own and the other firm are above (large both) or below (small both) the 

sample median of size. The dependent variable is Asset growth in Panel A, Debt growth in Panel B, Debt growth 

(asset base) in Panel C, and Leverage in Panel D.  Standard errors are adjusted by heteroscedasticity and two-way 

clusters at the owner and own industry levels. Significant at the *10%, **5%, ***1%.    

 

Panel A (1) (2) (3) (4) 

VARIABLES Asset growth Asset growth Asset growth Asset growth 

Other Shock 3p -0.019 -0.094*** -0.028 -0.047*** 

 (0.019) (0.017) (0.027) (0.018) 

Log(assets) (t-1) -0.321*** 

(0.010) 

-0.091*** 

(0.004) 

-0.331*** 

(0.012) 

-0.086*** 

(0.004) 

Observations 124,011 124,175 67,960 60,210 

R-squared 0.509 0.439 0.527 0.521 

Panel B Debt growth Debt growth Debt growth Debt growth 

Other Shock 3p -0.014 -0.126*** -0.061 -0.094*** 

 (0.029) (0.029) (0.064) (0.033) 

Log(assets) (t-1) -0.588*** 

(0.047) 

-0.110*** 

(0.004) 

-0.619*** 

(0.053) 

-0.096*** 

(0.003) 

Observations 84,745 108,807 42,379 49,526 

R-squared 0.373 0.371 0.433 0.456 

Panel C Debt growth 

(asset base) 

Debt growth 

(asset base) 

Debt growth 

(asset base) 

Debt growth 

(asset base) 

Other Shock 3p 0.001 -0.059*** -0.004 -0.040*** 

 (0.009) (0.012) (0.019) (0.013) 

Log(assets) (t-1) -0.149*** 

(0.007) 

-0.048*** 

(0.002) 

-0.148*** 

(0.008) 

-0.040*** 

(0.001) 

Observations 98,545 109,333 51,045 49,965 

R-squared 0.411 0.344 0.437 0.434 

Panel D Leverage Leverage Leverage Leverage 

Other Shock 3p -0.006 -0.017*** -0.009 -0.013** 

 (0.007) (0.005) (0.013) (0.006) 

Log(assets) (t-1) 0.003* 

(0.002) 

0.001 

(0.001) 

0.002 

(0.002) 

-0.000 

(0.001) 

Observations 101,433 111,969 53,013 51,828 

R-squared 0.924 0.911 0.919 0.896 

Firm FE Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 

Sample Small Own Large Own Small Both Large Both 
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Table 6. Funding contagion through common owners: Heterogeneity in the intensive and 

extensive margins according to pair size  

Columns (1)-(4) present estimation results for Equation (3) adding the interaction of Other Shock 3p and a dummy 

variable for firm pairs where both firms are below the sample median of firm size (Small pair). In Columns (5) 

and (6), the dependent variable is Pair dissolved. It takes a value of 1 for the last year in the sample period the pair 

was observed under the common shareholder, and 0 otherwise. We drop pairs of firms in the final sample year 

(2014) if, in that year, they still share a common owner (censored observations). 

 (1) (2) (3) (4) (5) (6) 

VARIABLES Asset 

growth 

Debt 

growth 

Debt growth 

(asset base) 

Leverage Pair 

dissolved 

Pair 

dissolved 

       

Other Shock 3p -0.102*** -0.128*** -0.063*** -0.024*** 0.032*** -0.036*** 

 (0.025) (0.038) (0.016) (0.005) (0.012) (0.011) 

Other Shock 3p x Small Pair 0.086*** 0.104** 0.062*** 0.028***  0.154*** 

 (0.031) (0.040) (0.019) (0.009)  (0.032) 

Log(assets) (t-1) -0.111*** -0.129*** -0.056*** 0.002** 0.020*** 0.020*** 

 (0.005) (0.006) (0.002) (0.001) (0.001) (0.001) 

       

Observations 196,226 162,055 169,903 174,004 196,226 196,226 

R-squared 0.372 0.302 0.305 0.918 0.730 0.731 

Firm FE Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 
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Table 7. Funding contagion though common owners: Collateral vs. cash-flow cross-

pledging 

The present estimation results that examine the relation between shocks to the other firm and outcomes of the own 

firm in the year of the shock and the next two years, according to the tangibility and profitability of the other firm. 

High Other Tangibility are firms with above median own tangibility, defined as the ratio of fixed over total assets. 

High Other OROA are firms with above median own profitability, or cash-flow generating ability, defined as 

OROA. We use as additional controls the interaction of Other Shock 3p with dummies for small own and small 

other (below the median in terms of assets). Standard errors are adjusted by heteroscedasticity and two-way clusters 

at the owner and own industry level. Significant at the *10%, **5%, ***1%.    

 (1) (2) (3) (4) 

VARIABLES Asset growth Debt growth Debt growth 

(asset base) 

Leverage 

     

Other Shock 3p -0.106** -0.148** -0.057** -0.005 

 (0.045) (0.073) (0.028) (0.012) 

Other Shock 3p x High Other Tang 0.025 0.158*** 0.055** 0.015 

 (0.040) (0.061) (0.024) (0.020) 

Other Shock 3p x High Other OROA 0.022 -0.138* -0.078** -0.046** 

 (0.040) (0.072) (0.032) (0.022) 

     

Observations 47,721 36,341 37,688 39,385 

R-squared 0.524 0.464 0.461 0.902 

Firm FE Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 

Size x shock controls Yes Yes Yes Yes 
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Table 8. Funding contagion through common owners: Dropping finer margins of 

integration 

This table presents additional results using the specification presented in Table 2. In odd-numbered columns, we 

replicate the main specification, but excluding pairs of firms in industries with a measure of vertical integration 

between 0% and 1%. We had previously excluded pairs of firms in industries where the measure of vertical 

integration was above 1%. In even-numbered columns, we additionally exclude pairs of firms in the same two-

digit SIC code. We had previously excluded pairs of firms in the same three-digit SIC code. Standard errors are 

adjusted by heteroscedasticity and two-way clusters at the owner and own industry levels. Significant at the *10%, 

**5%, ***1%.    

 (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES Asset 

growth 

Asset 

growth 

Debt 

growth 

Debt 

growth 

Debt growth 

(asset base) 

Debt growth 

(asset base) 

Leverage Leverage 

         

Other Shock 3p -0.072*** -0.066*** -0.093*** -0.086*** -0.035*** -0.034*** -0.015*** -0.016*** 

 (0.019) (0.019) (0.034) (0.033) (0.012) (0.012) (0.004) (0.005) 

Log(assets) (t-1) -0.123*** -0.123*** -0.135*** -0.135*** -0.059*** -0.059*** 0.001 0.002* 

 (0.006) (0.006) (0.007) (0.007) (0.003) (0.003) (0.001) (0.001) 

         

Observations 218,264 209,361 172,180 165,379 184,452 176,985 189,152 181,477 

R-squared 0.435 0.434 0.337 0.336 0.350 0.350 0.929 0.929 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

Excl. 0%<Int. <1% Yes Yes Yes Yes Yes Yes Yes Yes 

Excl. Same SIC2 No Yes No Yes No Yes No Yes 
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Table 9. Placebo regressions using matched standalone firms 

This table presents regression results on a placebo sample of standalone firms. We match firms from our main sample whose partner eventually receives a negative shock to 

standalone firms. We perform two matching procedures using the nearest neighbor approach within industry, country, and year. One matches on the owner’s stake and firm size 

(Panel A, Table A.5) and the other matching additionally uses firm age and leverage (Panel B, Table A.5). After firms are matched on their initial year, we follow the pair over 

time, allowing us to assign the shocks of the partner firm from our main sample to the matched standalone firm. Columns 1-4 (5-8) presents the results for the first (second) matching 

procedure. Standard errors are adjusted by heteroscedasticity and two-way clusters at the owner and own industry level. Significant at the *10%, **5%, ***1%.    

 (1) (2) (3) (4) (7) (8) (9) (8) 

VARIABLES Asset growth Debt growth Debt growth 

(asset base) 

Leverage Asset growth Debt growth Debt growth 

(asset base) 

Leverage 

         

Other Shock 3p -0.022 -0.009 -0.010 0.004 -0.014 0.056 0.033 0.044 

 (0.033) (0.027) (0.022) (0.013) (0.165) (0.119) (0.092) (0.051) 

Log(assets) (t-1) -0.118*** -0.073*** -0.058*** 0.003** -0.170*** -0.089*** -0.063*** 0.013 

 (0.004) (0.003) (0.003) (0.001) (0.019) (0.024) (0.016) (0.012) 

         

Observations 17,257 17,255 17,255 16,116 640 640 640 633 

R-squared 0.438 0.365 0.362 0.896 0.657 0.594 0.589 0.935 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

Sample Placebo firms Placebo firms Placebo firms Placebo firms Placebo firms Placebo firms Placebo firms Placebo firms 

Matching Nearest 

neighbor 

Nearest 

neighbor 

Nearest 

neighbor 

Nearest 

neighbor 

Nearest 

neighbor 

Nearest 

neighbor 

Nearest 

neighbor 

Nearest 

neighbor 

Matching by Stake, size, 

year, industry, 

and country 

Stake, size, 

year, industry, 

and country 

Stake, size, 

year, industry, 

and country 

Stake, size, 

year, industry, 

and country 

Stake, size, 

leverage, age, 

year, industry, 

and country 

Stake, size, 

leverage, age, 

year, industry, 

and country 

Stake, size, 

leverage, age, 

year, industry, 

and country 

Stake, size, 

leverage, age, 

year, industry, 

and country 
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Table 10. Funding contagion through common owners: Other outcomes 

This table presents estimation results for different firm-level variables using the specification presented in Table 2. First, we decompose asset and debt growth using lagged assets 

as a common base to ease the comparison of coefficients in terms of the magnitudes. Column (1) presents results using Fixed Asset Growth, and Column (2) presents results using 

Current Asset Growth. Columns (3) and (4) present results for the two main components of Current Asset Growth as dependent variables: Column (3) presents results using Cash 

Asset Growth, and Column (4) presents results using Non-cash Current Asset Growth. Columns (5) and (6) present results decomposing Debt growth (asset base): Column (5) 

presents results for Non-current debt growth and Column (6) for Current debt growth.  Columns (7) presents results using the logarithm of employment as the dependent variable. 

Column (8) presents the results for OROA. Column (9) presents results for EBIT in Euros. Standard errors are adjusted by heteroscedasticity and two-way clusters at the owner and 

own industry levels. Significant at the *10%, **5%, ***1%.    

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES Fixed asset 

growth 

Current asset 

growth 

Cash 

growth 

Non-cash current 

asset growth 

Non-current 

debt growth 

Current 

debt growth 

Log(Empl) OROA EBIT 

          

Other Shock 3p -0.015*** -0.046*** -0.021*** -0.032*** -0.009* -0.019* -0.041*** -0.010 -16,828 

 (0.004) (0.015) (0.007) (0.009) (0.005) (0.010) (0.014) (0.009) (13,314) 

Log(assets) (t-1) -0.015*** -0.113*** -0.028*** -0.043*** -0.012*** -0.052*** 0.009*** -0.001 284 

 (0.001) (0.006) (0.003) (0.002) (0.001) (0.003) (0.001) (0.001) (696) 

          

Observations 248,662 248,662 206,227 199,738 208,401 208,401 59,551 48,375 48,375 

R-squared 0.373 0.398 0.284 0.303 0.187 0.306 0.977 0.597 0.818 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 

Sample All All All All All All All All All 
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A.1 Ownership Data 

We illustrate our sampling criteria using the year 2008 for concreteness. In 2008 our database 

covers 5.2M firms with 6.8M different shareholders, of which 80% have a stake in a single 

firm, 12% have stakes in two firms, 4% have stakes in three firms, and 4% have stakes in four 

firms or more. For comparison, the average shareholder in the sample of Lyandres, Marchica, 

Michaely, and Mura (2019) has four stakes. From the 6.8M shareholders, 5.6M are individuals 

or families (entire families are sometimes identified as shareholders), 0.8M are industrial 

firms, and 0.2M are financial firms.  

To this baseline sample, we apply the following restrictions: 

1) We only keep shareholders that are families or individuals.  

2) We only keep firms with complete ownership data, which we define as knowing more 

than 50% of the shareholder register. Within these firms, the average shareholder has 

a 50.07% stake, and the average firm has 5.37 shareholders. 

3) We only keep shareholders who own stakes in exactly two firms, which reduces our 

sample to 0.5M shareholders and approximately 0.9M firms. The number of firms is 

slightly less than twice the number of shareholders because many shareholders hold 

shares in the same pair of firms (e.g., couples or family members).  

4) We keep firms with only one shareholder with stakes in two firms. We exclude firms 

where more than one shareholder has multiple stakes. Hence, besides the shareholder 

with stakes in two firms, the other shareholders have a single stake. 

5) We only keep shareholders with stakes in two firms throughout the sample period. For 

example, many shareholders go from one to two stakes or from two to three stakes. 

This restriction leaves us with approximately 150,000 firms.  

6) We drop shareholders who have stakes for periods shorter than four years in any of 

the two firms. This further cuts a third of the sample, which now has close to 95,000 

firms. Other shareholders in these same firms, including controlling shareholders, may 

change during the sample period. For example, consider shareholder #1 with a 10% 

stake in firms A and B. Shareholder #2 has a 50% stake in firm A, and shareholder #3 

has a 50% stake in firm B. Hence, shareholders #2 and #3 are the controlling 

shareholders of firms A and B respectively. The identity of shareholders #2 or #3 may 
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change during the period under study. In our sample, there is a change in control of 

this type in less than 3% of the firms.  

7) We drop pairs of firms without industry classification, that are in the same industry, or 

in vertically related industries, as explained in the main text. This implies dropping 

close to 25,000 firms. 

8) We drop firms with stakes in other firms. This includes pairs of firms where one firm 

has a stake in the other firm. 

9) We drop firms with no data for assets or lagged assets.  

We are left with 35,000 firms in 2008. We repeat this process for all years between 2005 and 

2014, which renders a final sample of close to 71,000 firms and 248,000 firm-year 

observations. Given the size of the firms involved, there are no cross-country pairs in our 

sample. 

A.2 Coverage of Banking Data 

The banking data varies in coverage due to a combination of regulation, data sources, and 

different data providers across Europe. Companies’ reports represent the primary source of 

information, particularly the notes of the balance sheet where banking relationships are 

reported. The information available from companies’ reports varies according to firm size 

since, in line with European disclosure regulations, the smallest firms are only required to 

disclose abbreviated notes. For example, German firms with assets and sales below €4.015M 

and €8.03M are only required to report abbreviated notes. As seen in our Table 1, most firms 

in our sample fall below this threshold. Data providers complement balance sheet notes with 

other public sources (credit registriers, courts, etc.) and private sources. It is often the case 

that Bureau van Dijk has a different data provider for each country: Creditreform in Austria 

and Germany, Vistra in the UK and Ireland, Ellisphere in France, and others. Overall, good 

coverage depends on the availability of data in each country and the breadth of each data 

provider. For instance, the credit ratings of Creditreform are often used by trade creditors and 

lessors. Consistent with better coverage, average banking relationships reported in Germany 

are much higher (1.1 per firm) than in other countries (e.g., 0.27 per firm in the UK). It is worth 

noting that our results are robust to the exclusion of the three countries with the lowest 

banking relationships per firm (Uk, Ireland, and Denmark), which could signal poor data 

coverage. 
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A.3 Examples of Shocks 

 

1) SIC 206, Sugar and Confectionery Products. Year 2009. Input price shock. Cocoa increased 

by 75% and sugar by 100%.  

References: http://www.indexmundi.com/commodities/?commodity=cocoa-

beans&months=300 

http://www.indexmundi.com/commodities/?commodity=sugar&months=300 

 

2) SIC 242, Sawmills and Planning Mills. Years 2009-2010. Regulatory shock. The European 

Commission proposed regulation with the aim of reinforcing the voluntary measures in the 

FLEGT Action Plan. The Regulation was formally adopted at the end of 2010. Market 

participants are required to be able to trace the source of timber products and conduct due 

diligence. 

References:https://eur-

lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2010:295:0023:0034:EN:PDF 

https://ec.europa.eu/environment/forests/timber_regulation.htm 

 

3) SIC 271, Newspapers: Publishing, or Publishing and Printing. Years 2011-2012. Input price 

shock. Rise in costs of ink materials like TiO2, nitrocellulose and other resins like acrylics 

increased between 50% and 60% during 2011 and 2012.  

Reference: http://www.inkworldmagazine.com/the-european-ink-report 

 

4) SIC 287, Agricultural Chemicals. Year 2014. Output price shock. Drop in fertilizer prices.  

Reference:https://www.indexmundi.com/commodities/?commodity=rock-

phosphate&months=120 

 

5) SIC 308, Miscellaneous Plastic Products. Years 2010-2011. Input price shock. Large increase 

in plastic prices.  

Reference: http://www.indexmundi.com/commodities/?commodity=rubber&months=301 

 

6) SIC 331. Steel Works, Blast Furnaces, and Rolling and Finishing Mills. Years 2008-2009; 2014. 

Output price shock. Drop in steel prices.  

Reference: http://steelbenchmarker.com/files/history.pdf 

 

http://www.indexmundi.com/commodities/?commodity=cocoa-beans&months=300
http://www.indexmundi.com/commodities/?commodity=cocoa-beans&months=300
http://www.indexmundi.com/commodities/?commodity=sugar&months=300
https://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2010:295:0023:0034:EN:PDF
https://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2010:295:0023:0034:EN:PDF
https://ec.europa.eu/environment/forests/timber_regulation.htm
http://www.inkworldmagazine.com/the-european-ink-report
https://www.indexmundi.com/commodities/?commodity=rock-phosphate&months=120
https://www.indexmundi.com/commodities/?commodity=rock-phosphate&months=120
http://www.indexmundi.com/commodities/?commodity=rubber&months=301
http://steelbenchmarker.com/files/history.pdf
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7) SIC 382, Measuring and Controlling Instruments. Year 2009. Regulatory shock. Directive 

2009/23/EC of the European Parliament and of the Council of 23 April 2009 (OJ 2009 / L 122 

p.6). Codification replacing Council Directive 90/384/EEC of 20 June 1990 on the 

harmonization of the laws of the Member States relating to non-automatic weighing 

instruments (NAWI). This led to increased production costs.  

Reference: http://eur-

lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2009:294:0007:0009:EN:PDF 

 

8) SIC 391, Jewelry, Silverware, and Plated Ware. Year 2011. Input price shock. Gold price 

increased by 30% and silver by 53%.   

References: http://themoscownews.com/business/20121224/191055616.htm 

http://www.indexmundi.com/commodities/?commodity=gold&months=311 

 

9) SIC 503. Lumber and Other Construction Materials. Years 2014-2015. Output price shock. 

Drop in global lumber prices.  

Reference: https://www.indexmundi.com/commodities/?commodity=plywood&months=60 

 

10) SIC 505. Metal Service Centers. Years 2014-2015. Output price shock. With low commodity 

prices recycling companies do poorly.   

References: 

https://www.indexmundi.com/commodities/?commodity=aluminum&months=87 

https://www.cnbc.com/2016/03/09/why-recycling-business-is-feeling-so-discarded-these-

days.html 

 

11) SIC 651-653. Real Estate Operators; Real Estate Agents. Years 2008-2009. Output price 

shock. Subprime crises affected firms in the real estate sector.   

References:https://www.nytimes.com/2008/04/13/business/worldbusiness/13iht-

housing.1.11931770.html 

https://es.tradingeconomics.com/european-union/housing-index  

http://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2009:294:0007:0009:EN:PDF
http://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2009:294:0007:0009:EN:PDF
http://themoscownews.com/business/20121224/191055616.htm
http://www.indexmundi.com/commodities/?commodity=gold&months=311
https://www.indexmundi.com/commodities/?commodity=plywood&months=60
https://www.indexmundi.com/commodities/?commodity=aluminum&months=87
https://www.cnbc.com/2016/03/09/why-recycling-business-is-feeling-so-discarded-these-days.html
https://www.cnbc.com/2016/03/09/why-recycling-business-is-feeling-so-discarded-these-days.html
https://www.nytimes.com/2008/04/13/business/worldbusiness/13iht-housing.1.11931770.html
https://www.nytimes.com/2008/04/13/business/worldbusiness/13iht-housing.1.11931770.html
https://es.tradingeconomics.com/european-union/housing-index
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Figure A.1: Pairwise distribution of firms’ industries by the presence of “other shocks” 

This figure shows the distribution of pairs of firms according to their three-digit sic code and the three-digit sic 

code of its partner firm. Pairs in related industries (including the same industry) have been removed. Squares 

represent firms whose partner firm did not receive an industrial shock. Circles represent firms whose partner firm 

did receive an industrial shock. The size of the symbols indicates the number of firms in any given SIC/other-SIC 

coordinate. Smaller symbols represent a single pair of firms; mid-sized symbols represent between two and five 

pairs of firms; larger symbols represent more than 5 pairs of firms in a coordinate. 
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Table A.1. Sample distribution by year, country, and industry 
This table displays the distribution of observations in our sample by year (Panel A), country (Panel B), and one-

digit SIC codes (Panel C). 

Panel A: By years 

 Observations Percentage 

2005 1,860 0.75 

2006 12,527 5.03 

2007 25,451 10.22 

2008 29,045 11.67 

2009 32,596 13.09 

2010 32,704 13.14 

2011 31,796 12.77 

2012 17,538 7.05 

2013 39,757 15.97 

2014 25,666 10.31 

Total 248,940   

 

Panel B: By country 

 Observations Percentage 

Austria 4,817 1.94 

Germany 94,459 37.94 

Denmark 118 0.05 

Spain 5,859 2.35 

France 2,430 0.98 

Greece 22 0.01 

Ireland 10,901 4.38 

Norway 7,536 3.03 

Portugal 19,795 7.95 

United Kingdom 103,003 41.38 

Total 248,940  

 

Panel C: By one-digit SIC code 

 Observations Percentage 

0 4,166 1.67 

1 33,508 13.46 

2 11,018 4.43 

3 17,666 7.10 

4 11,539 4.64 

5 46,308 18.60 

6 52,228 20.98 

7 45,045 18.09 

8 27,317 10.97 

9 145 0.06 

Total 248,940  
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Table A.2. Detail on industrial shocks 

Panel A summarizes the data collection process of the shocks’ database and how it maps into our final sample of 

firms. We identify 618 shock-years for 238 unique four-digit SIC codes in Europe between 2005 and 2014. We 

aggregate the shock years at the three-digit-SIC-code level as this is the finest level of aggregation of SIC codes 

in our main sample. We are left with 360 shock-years for 160 unique three-digit SIC codes. When we match the 

shocks database with our main firm-year level sample, we are left with 255 shock-years for 116 unique three-digit 

SIC codes. Panel B presents regression results of industry returns on the shock dummy to highlight that the shocks 

are indeed associated with episodes of poor industry performance. The dependent variable is the weighted average 

returns in an industry-year in Europe. Yearly returns are twelve-month cumulative returns measured at the end-of-

June of each year, and industries are defined at the four-digit SIC code level. The main explanatory variable, Shock, 

is a dummy variable that takes a value of 1 if a shock is coded in that industry-year, and zero otherwise. In Column 

(4), the dummy Shock is split into two mutually exclusive categories: Input-output (IO) price shock and Regulatory 

shock.  Standard errors are adjusted by heteroscedasticity and clusters at the industry level. Significant at the *10%, 

**5%, ***1%.    

Panel A: Shock collection process 

Period: 2005-2014                       # shock-years      # Industries 

Four-digit SIC shocks 618 238 

Four-digit SIC Input-output 

price shocks 

528 199 

Four-digit SIC regulatory 

shocks 

90 42 

Three-digit SIC shocks 360 160 

Three-digit SIC shocks 255 116 

in the main data   

   

Panel B: Shocks and industry returns 

 (1) (2) (3) (4) 

VARIABLES Ind. ret. Ind. ret. Ind. ret. Ind. ret. 

     

Shock -0.434*** -0.105** -0.214***  

 (0.060) (0.046) (0.062)  

Input-output price shock    -0.213*** 

    (0.070) 

Regulatory shock    -0.220** 

    (0.108) 

     

Observations 5,767 5,767 5,766 5,766 

R-squared 0.011 0.272 0.396 0.396 

SIC FE No No Yes Yes 

Year FE No Yes Yes Yes 
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Table A.3. The transmission of shocks through common owners: Links to the previous literature 

Panel A presents estimation results from several variations of equation (3) in the main text. When industry-by-year fixed effects are included, considering industry at the three-digit 

SIC code level of the own firm, the dummy Own Shock cannot be included due to perfect collinearity (Columns 6-7). Panel B uses the logarithm of Tobin’s q (own and other) as 

the main explanatory variables. Own Tobin’s q can still be included with two and three-digit SIC code industry fixed effects, as it varies across countries (Columns 7-8). Column 

8 includes Other Shock in addition to Tobin’s q (own and other) as explanatory variables. Standard errors are adjusted by heteroscedasticity and two-way clusters at the owner and 

own industry levels. Significant at the *10%, **5%, ***1%.    

Panel A 

 (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

        

Own Shock -0.017**  -0.017** -0.022*** -0.010*   

 (0.007)  (0.007) (0.006) (0.006)   

Other Shock  -0.016*** -0.016*** -0.016*** -0.016*** -0.014*** -0.014*** 

  (0.005) (0.004) (0.004) (0.004) (0.004) (0.004) 

Log(assets) (t-1)       -0.125*** 

       (0.006) 

        

Observations 248,940 248,940 248,940 248,940 248,899 248,666 248,666 

R-squared 0.330 0.330 0.331 0.333 0.341 0.350 0.428 

Firm FE Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes No No No No 

Industry-year FE No No No 1-dig 2-dig 3-dig 3-dig 
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Panel B 

 (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

         

Log(Own ind. Tobin’s q) 0.190***  0.163*** 0.184*** 0.249*** 0.249*** 0.247*** 0.365*** 

 (0.034)  (0.031) (0.030) (0.045) (0.048) (0.048) (0.076) 

Log(Other ind. Tobin’s q)  0.211*** 0.184*** 0.169*** 0.137*** 0.128*** 0.130*** 0.176*** 

  (0.016) (0.015) (0.016) (0.019) (0.019) (0.019) (0.027) 

Other Shock       -0.013*** -0.011*** 

       (0.003) (0.003) 

Log(assets) (t-1)        -0.138*** 

        (0.007) 

         

Observations 244,222 244,336 240,605 240,605 240,563 240,335 240,335 240,335 

R-squared 0.330 0.330 0.330 0.333 0.340 0.349 0.349 0.433 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes No No No No No 

Industry-year FE No No No 1-dig 2-dig 3-dig 3-dig 3-dig 
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Table A.4. Anticipation and Persistence in Shock Transmission 

The table presents regressions in the style of Table 2 in the main text. The difference is that we now use dummy indicators for various years before and after the Other Shock (the 

shock to the industry of the other firm in the pair). The year t-k is the kth year before the main year of the other shock (year 0). The year t+k is the kth year after the main year of 

the other shock. Standard errors are adjusted by heteroscedasticity and two-way clusters at the owner and own industry levels. Significant at the *10%, **5%, ***1%.   

Panel A 

 (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

Asset 

growth 

         

Other Shock (t-3) 0.012**       0.008 

 (0.005)       (0.005) 

Other Shock (t-2)  0.002      -0.005 

  (0.004)      (0.005) 

Other Shock (t-1)   0.001     0.000 

   (0.004)     (0.005) 

Other Shock (t=0)    -0.014***    -0.017*** 

    (0.004)    (0.005) 

Other Shock (t+1)     -0.010**   -0.006 

     (0.004)   (0.004) 

Other Shock (t+2)      -0.008*  -0.012** 

      (0.005)  (0.005) 

Other Shock (t+3)       -0.000 -0.001 

       (0.004) (0.004) 

Log(assets) (t-1) -0.125*** -0.125*** -0.125*** -0.125*** -0.125*** -0.125*** -0.125*** -0.126*** 

 (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) 

         

Observations 248,666 248,666 248,666 248,666 248,666 248,666 248,666 248,666 

R-squared 0.428 0.428 0.428 0.428 0.428 0.428 0.428 0.428 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 
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Panel B 

 (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES Debt 

growth 

Debt 

growth 

Debt 

growth 

Debt 

growth 

Debt 

growth 

Debt 

growth 

Debt 

growth 

Debt 

growth 

         

Other Shock (t-3) 0.018**       0.013 

 (0.008)       (0.008) 

Other Shock (t-2)  0.001      -0.006 

  (0.005)      (0.006) 

Other Shock (t-1)   -0.006     -0.006 

   (0.007)     (0.008) 

Other Shock (t=0)    -0.021***    -0.022*** 

    (0.006)    (0.007) 

Other Shock (t+1)     -0.012*   -0.009 

     (0.006)   (0.006) 

Other Shock (t+2)      -0.004  -0.009 

      (0.008)  (0.008) 

Other Shock (t+3)       0.003 0.000 

       (0.007) (0.008) 

Log(assets) (t-1) -0.137*** -0.137*** -0.137*** -0.137*** -0.137*** -0.137*** -0.137*** -0.137*** 

 (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) 

         

Observations 194,071 194,071 194,071 194,071 194,071 194,071 194,071 194,071 

R-squared 0.334 0.334 0.334 0.334 0.334 0.334 0.334 0.334 

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-year FE 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 3-dig 
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Table A.5. Matched Sample 

This table presents summary statistics and t-tests for comparing matched firms from our sample to standalone 

firms. From our main sample of pairs of firms under the same controlling shareholder, we keep firms whose partner 

firm eventually received a negative shock (i.e., eventually treated firms). We match these firms to standalone firms 

from the Bureau Van Dick database using the nearest neighbor matching within industry, country, and year for the 

first year we observe the treated firm in the sample. Within these categories, we use two criteria to determine the 

nearest neighbor. In Panel A, we match based on the owner’s stake in the firm and firm size (measured in assets). 

In Panel B, we additionally match based on firm age and financial leverarage, resulting in a smaller sample. We 

present the firms’ sample-mean characteristics and their differences for the matched year.  Significant at the *10%, 

**5%, ***1%.  

   

Panel A: Nearest neighbor matching by stake, size, industry, year, and country   

 

(Eventually) 

Treated Firms 
 Stand Alone from 

BvD 
    

  Mean (a) N Obs   Mean (b) N Obs  Diff (a-b) 

Stake (%) 67.12 5156  67.5 5156  -0.38 

Size (€ million) 54.67 5156  54.3 5156  -0.37 

Leverage 0.54 5156  0.53 5156  0.00 

Age (years) 12.01 5156  12.03 5156  -0.02 

Own shock 0.09 5156   0.09 5156   0.00 

Panel B: Nearest neighbor matching by stake, size, age, leverage, industry, year, and country 

 

(Eventually) 

Treated Firms 
 Stand Alone from 

BvD 
    

  Mean (a) N Obs   Mean (b) N Obs  Diff (a-b) 

Stake (%) 75.17 296  76.14 296  -0.97 

Size (€ million) 11 296  11.8 296  -0.79 

Leverage 0.15 296  0.13 296  -0.02 

Age (years) 7.12 296  6.91 296  -0.21 

Own shock 0.08 296   0.08 296   0.00 

 

 

 

 

 

 

 

 

 

 

 

 


