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Non-Technical Summary

Systemic risk models usually assume that distressed firms default on part of their claims
against the financial sector. However, as shown by the recent (as of March 2023) events
concerning the tech industry in the U.S., massive layoffs are another strategy adopted by
firms when faced with unfavorable conditions.

These massive layoffs configure another source of instability for the financial system
through the loans extended by the financial institutions (FIs) to these dismissed employ-
ees. The literature has pointed to job loss as a key determinant of household debt default.
Therefore, these dismissed workers will not be able to fully honor their debt commitments
against the FIs, causing losses to them.

The purpose of this paper is to assess how firms’ layoff decisions propagate through the
financial system. We employ a thorough Brazilian data set from March 2015 through
December 2020, which contains quarterly information on financial exposures and insti-
tutions’ net worth positions. Firms are connected to FIs through the loans extended by
the FIs to the firms (the firms’ layer), and the loans extended to the firms’ employees (the
employees’ layer). On the other hand, FIs are interconnected among them through the
interbank market. Firms can adjust to negative shocks by i) defaulting on part of their
debt commitments, ii) laying off part of their employees, or iii) adopting simultaneously
(i) and (ii). The aggregate loss caused by firms’ decisions – considering situations (i)-(iii)
– is computed through the differential DebtRank approach.

Our main conclusions are the following: i) the importance of the employees’ layer as a
source of systemic risk is smaller than that of the firms’ layer. This is mainly explained
by the smaller amount of loans granted to the firms’ employees than to the firms them-
selves. ii) However, the increase in the total systemic risk caused by the activation of the
employees’ layer has grown during the period assessed by our study (2015–2020). iii)
Moreover, the shock multiplier of the employees’ layer is greater than that of the firms’
layer. It means an initial shock of a given size will cause a larger aggregate loss to the
financial system if transmitted through the employees’ layer than through the firms’ layer.
iv) Public FIs, small-sized FIs, and banks are more vulnerable to shocks in the real sec-
tor. v) Credit unions are the only case in which the employees’ layer is more important
than the firms’ layer as a source of systemic risk. vi) There are no striking differences
concerning the shock propagated by different economic sectors.
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Sumário Não Técnico

Os modelos de risco sistêmico geralmente pressupõem que as empresas em dificuldades
não pagam parte de suas dívidas junto ao sistema financeiro. No entanto, como mostrado
pelos eventos recentes (março de 2023) relativos à indústria de tecnologia nos EUA, de-
missões em massa são outra estratégia adotada por empresas diante de condições desfa-
voráveis.

Essas demissões em massa configuram outra fonte de instabilidade para o sistema finan-
ceiro através dos empréstimos concedidos pelas instituições financeiras (IFs) a esses tra-
balhadores demitidos. A literatura coloca que a perda de emprego é um fator determinante
da inadimplência das famílias. Portanto, esses trabalhadores demitidos não conseguirão
honrar integralmente suas dívidas junto às IFs, causando-lhes prejuízos.

O objetivo deste artigo é avaliar como as decisões de demissão das empresas se propagam
pelo sistema financeiro. Usamos um amplo conjunto de dados brasileiros de março de
2015 até dezembro de 2020 que contém informações trimestrais sobre exposições finan-
ceiras e posições do patrimônio líquido das instituições. As empresas estão conectadas às
IFs por meio dos empréstimos concedidos pelas IFs às empresas (a camada das empresas)
e os empréstimos concedidos aos funcionários das empresas (camada dos empregados).
Por outro lado, as IFs estão interligadas entre si por meio do mercado interbancário. As
empresas podem reagir a choques negativos i) inadimplindo parte de suas dívidas, ii) de-
spedindo parte dos seus empregados, ou iii) adotando simultaneamente (i) e (ii). A perda
agregada causada pelas decisões das empresas – considerando as situações (i)-(iii) – é
calculada através da abordagem differential DebtRank.

As nossas principais conclusões são as seguintes: i) a importância da camada dos empre-
gados como fonte de risco sistêmico é menor do que a da camada de empresas. Isso se
explica principalmente pelo menor montante de empréstimos concedidos aos empregados
das empresas do que às próprias empresas. ii) No entanto, o aumento do risco sistêmico
total causado pela ativação da camada de empregados cresceu durante o perído analisado
por nosso estudo (2015–2020). iii) Além disso, o multiplicador de choque da camada
dos empregados é maior do que a da camada das empresas. Isso significa que um choque
inicial de um determinado tamanho causa maior perda ao sistema financeiro se transmi-
tida através da camada dos empregados do que através da camada das empresas. iv) IFs
públicas, IFs de pequeno porte e bancos são mais vulneráveis a choques no setor real. v)
As cooperativas de crédito são o único caso em que a camada dos empregados é mais im-
portante do que a camada das firmas como fonte de risco sistêmico. vi) Não há diferenças
marcantes quanto ao choque propagado por diferentes setores.
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1 Introduction

In this paper, we use a network-based framework to assess how negative shocks on the labor
market – caused by firms’ layoff decisions – propagate through the financial system. To our best
knowledge, addressing this issue is a novelty. Systemic risk models usually assume that distressed
firms default on part of their claims against the financial sector. However, as shown by the recent (as
of March 2023) events concerning the tech industry in the U.S., massive layoffs are another strategy
adopted by firms when faced with unfavorable conditions. These job cuts can affect the financial
system through the loans extended to these dismissed employees.

To this end, we developed a network-based model. This approach has proved to be a powerful
tool for the analysis of systemic risk in financial systems (Acemoglu et al., 2015; Battiston et al.,
2012; Eisenberg and Noe, 2001; Gai and Kapadia, 2010; Nier et al., 2007; Upper, 2011). Network-
based models assume distressed debtors will default on their debt commitments. They allow for the
computation of potential losses in case of shock propagation throughout the whole network. The
shortcoming of this approach is that it relies on the availability of data on the exposures among
the agents in the network. As in other studies tackling the impact of shocks on the real sector in
the financial system (Lux, 2016; Silva et al., 2017, 2018), the nodes of the network are represented
by banks and firms. However, in this paper, bank-firm linkages are represented by two layers: the
personal loans granted by the bank to the firm’s employees and the corporate loans extended to the
firms.

The role of the deterioration in household financial soundness as a driver of economic insta-
bility has already been largely documented. Many studies highlighted the importance of shocks to
assets held by households. Assuming the nominal value of debt is fixed, a decline in assets’ price
automatically leads to a reduction in household net worth. A primary consequence of a decrease
in household net worth is a decline in consumption. This effect can take place due to many chan-
nels, such as precautionary saving (Carroll and Kimball, 1996) and borrowing constraints due to the
smaller collateral value (Kiyotaki and Moore, 1997). There are also some frictions, such as the zero
lower bound on the nominal interest rate (Eggertsson and Krugman, 2012; Guerrieri and Lorenzoni,
2017; Hall, 2011), which prevents an adjustment in the interest rate and a consequent alleviation in
the household borrowing constraints. These theoretical insights are corroborated by some empirical
studies. For instance, Mian et al. (2013) found the 2007-2009 housing collapse in the United States
caused a sharp decline in consumption. Moreover, this effect is higher for more leveraged households,
as debtors tend to be less wealthy than the average, and debt concentrates losses on the balance sheet
of the debtors.

Other consequences of impairment in household wealth have been explored. Mian and Sufi
(2014) found the housing net worth channel – a deterioration in household balance sheets – was a
key determinant of the sharp decline in U.S. employment between 2007 and 2009. This is a sec-
ondary effect of the decrease in consumption, caused either by a direct wealth effect or a tightening
in the borrowing constraints. Small businesses rely on household collateral for financing more than
large firms (Adelino et al., 2015). Hence, they are more affected by negative shocks to assets held by
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households. Following a slightly different approach, Baker (2018) assesses the impacts of shocks on
household income rather than on assets. He employs a comprehensive data set on U.S. households.
Households are matched to their employers and shocks to these employers – such as earnings reports,
layoff announcements, mergers, acquisitions, and write-offs – are the sources of changes in house-
hold income. He found the elasticity of consumption concerning income is significantly higher in
highly-indebted households. Furthermore, the heterogeneity observed among households is primarily
explained by borrowing and liquidity constraints.

Our approach is similar to that of Baker (2018) in the sense we are assessing the effects of
changes in household income. Moreover, we also match households to their employers, and shocks
on household income are driven by employers’ layoff decisions. However, our focus is on another
deleterious effect of the deterioration of household wealth, which directly affects the financial system:
debt default. A plethora of studies have pointed to unemployment as a key determinant of household
debt default, considering different types of loans: credit card loans (Agarwal and Liu, 2003), student
loans (Looney and Yannelis, 2015), auto loans (Heitfield and Sabarwal, 2004), mortgages (Gerardi
et al., 2013), payroll-deducted and non-payroll-deducted personal loans (Alexandre et al., 2018).

In this paper, we employ a thorough Brazilian data set from March 2015 through December
2020. It contains quarterly information on financial exposures and institutions’ net worth positions.
Firms are connected to financial institutions (FIs) through two layers: the loans extended by the
FIs to the firms (the firms’ layer), and the loans extended to the firms’ employees (the employees’
layer). On the other hand, FIs are interconnected among them through the interbank market. Firms
can adjust to negative shocks by i) defaulting on part of their debt commitments, ii) laying off part
of their employees, or iii) adopting simultaneously (i) and (ii). Strategy (i) affects banks that grant
loans to distressed firms. Strategy (ii) also directly affects the banks that grant loans to the dismissed
employees, as they will be unable to honor their debt commitments. Other banks can be affected
indirectly through the interbank market. The aggregate loss caused by firms’ decisions – systemic
risk – is computed through the differential DebtRank approach (Bardoscia et al., 2015). We compute
the systemic risk in each of the situations (i)-(iii).

Our results show the firms’ layer is more important than the employees’ layer as a source of
systemic risk. That is, when only the firms’ layer is active, the systemic risk is greater than that when
only the employees’ layer is active. This result is expected, as the amount of loans granted to the
firms’ employees is smaller than that extended to the firms themselves. Nonetheless, the importance
of the employees’ layer cannot be dismissed. The increase in the total systemic risk caused by the
activation of the employees’ layer has become larger during the period assessed by our study (2015–
2020). Also, an initial shock of a given size will cause a larger aggregate loss to the financial system if
transmitted through the employees’ layer than through the firms’ layer – that is, the shock multiplier
of the employees’ layer is greater than that of the firms’ layer. Thus, while the firms’ layer is a
more important source of systemic risk because the amount of loans granted to the firms is greater,
the multiplication of an initial shock of the same size is greater when it is transmitted through the
employees’ layer (more detail on Section 4). Concerning the vulnerability of different FIs, we found
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public FIs, small-sized FIs, and banks are more vulnerable to shocks in the real sector. We have also
found credit unions are the only case in which the employees’ layer is more important than the firms’
layer as a source of systemic risk. Finally, by disaggregating the systemic impact by economic sector
– that is, by stressing simultaneously all the firms belonging to a given economic sector –, no striking
differences have been found among different economic sectors.

This study has important implications in terms of policy. The literature on the computation of
systemic risk through network-based models takes into account only the interbank and the bank-firm
layers (Alexandre et al., 2023; Silva et al., 2017, 2018). Our methodology includes a third layer to
this framework, represented by the loans granted by FIs to the firms’ employees. It provides the
policymakers with a more precise measure of the systemic risk, as well as a more reliable tool for the
identification of systemically relevant FIs.

This paper proceeds as follows. The data set and methodological issues are discussed in Sec-
tions 2 and 3, respectively. Section 4 brings the results. Finally, final considerations are presented in
Section 5.

2 The data set

Our data set comprises quarterly information from March 2015 (2015-01) through December
2020 (2020-04), totaling 24 periods. Based on several unique Brazilian databases with supervisory
and accounting data, we build two networks for each of these periods: the bank-bank (interbank)
network and the bank-firm bipartite network.

The interbank network (IB) considers all types of unsecured financial instruments. Credit, cap-
ital, foreign exchange operations, and money markets are among the main types of financial instru-
ments. They are registered in the Central Bank of Brazil (BCB) and controlled by different custodian
institutions, such as Cetip, the BCB’s Credit Risk Bureau System (SCR), and the B3. In this network,
links are represented by net financial exposures between Brazilian financial institutions (FIs) which
meet the following requirements: i) are financial conglomerates or individual financial institutions
that do not belong to conglomerates, ii) are classified as "b1", "b2", or "b4" (the extended banking
system) or "b3" (credit unions) in the BCB’s classification system,1 and iii) have positive equity.2

The number of FIs according to different categories as in 2020-04 is presented in Table 1. At this
database, the average degree of the IB network was 3.26 and its assortativity, -0.36 (Table 2).

1b1: Commercial banks, universal banks with commercial portfolio, or saving banks; b2: Universal banks without
commercial portfolio, investment banks, or foreign exchange banks; b3: Credit unions; b4: Development banks.

2Financial institutions’ equity was retrieved from https://www3.bcb.gov.br/ifdata.
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Table 1: Number of FIs according to different categories, 2020-04.

Category Type Number of FIs

Type
b1 293
b2 113
b3 877
b4 12

Control
Foreign private 215
National private 1041
Public 39

Size
Large 151
Medium 300
Small 304
Micro 540

Total 1295

Table 2: Average degree and assortativity of the IB network, 2020-04

Metric Value
Average degree 3.26
Assortativity -0.36

In the bank-firm bivariate network, we consider two layers: i) the corporate loans granted by
the FIs to the firms, and ii) the personal loans granted by the FIs to the employees of the firms.
To build the second layer, we first use the SCR to identify the personal loans granted to households.
Then, we use the Annual Report of Social Information (RAIS) to match households to their respective
employers. Households who are not employees of any firm are excluded. Finally, we aggregate loans
to the firm level. In this network, we include only non-financial firms with positive equity3 listed on
the Brazilian stock exchange (BM&FBOVESPA). FIs are included in this network if they meet the
criteria (i) to (iii) specified in the previous paragraph. Firms receive corporate loans from a much
smaller number of banks, on average, than the number of banks granting loans to their employees
(Table 3). In Figure 1, one can observe the amount of IB loans in our sample is much larger than the
aggregate loans extended to the firms and to the firms’ employees. For the sake of comparison, the
aggregate equity of the firms of our sample is also presented in this figure. The loans granted by FIs
to the firms of our sample as a fraction of the total stock of corporate loans (15.1%) is much higher
than the loans granted to the employees of the firms in our sample as a fraction of total personal loans
(3.2%). This underrepresentation leads to an underestimation of the systemic risk, whose results are
presented in Section 4. These considerations can be observed in Table 4.

Table 3: Average degree in the bank-firm network, 2020-04

Network FIs’ average degree Firms’ average degree
Employee loans network 22.63 39.82
Firm loans network 19.18 4.90
Employee + firm loans network 22.65 40.13

3Information on firms’ equity was retrieved from the Economatica database. Unfortunately, we don’t have infor-
mation on all Brazilian firms’ equity. Economatica is the only database in which this information is available. For this
reason, we restricted our analysis to firms that are present in this database.
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Figure 1: Loan amount and firms’ aggregate equity (in BRL billions).

Table 4: Total and sample amount of loans, December 2020

Corporate loans Personal loans
Sample (BRL billions) – A 268.73 72.34
Total (BRL billions) – B 1780.25 2241.08
Ratio (A/B) 15.1% 3.2%
Source: Central Bank of Brazil.

3 Methodology

Let us define the exposure matrix A ∈ NB× (NB+NF), where NB is the number of FIs, NF

is the number of firms, and Ai j is the net exposure of i towards j. Observe that A results from the
combination of both networks – the interbank network and the bank-firm network. Agent i – the
creditor – can be only a FI. Agent j – the debtor – can be either a firm or a FI. If j is a firm, Ai j

is equal to the sum of two components: the corporate loan granted by FI i to firm j (AF
i j), and the

personal loan granted by FI i to the employees of firm j (AE
i j). Otherwise, Ai j is the loan granted by

FI i to FI j in the interbank market.

At period t = 0, we impose an exogenous shock on firm j in the form of a loss equal to a fraction
ζ of its equity. This leads the firm to lay off a fraction ζ of its employees and default a fraction ζ of
its corporate loans. Through the firms’ layer, the loss transmitted to FI i is AF

i j. The aggregate loan
extended to the employees of j is AE

j . For simplicity, we assume FI i has exposure on these dismissed
employees equal to ζ AE

i j.
4 We also assume dismissed employees are not able to honor their debt

commitments. Therefore, the direct loss transmitted by the employees of firm j to FI i is equal to
ζ AE

i j. Hence, the total loss transmitted to FI i is ζ AF
i j +ζ AE

i j = ζ Ai j.

We compute the loss suffered by the financial system as a result of the propagation of this
shock following the differential DebtRank – DDR – methodology (Bardoscia et al., 2015). This

4One can suppose this experiment is run for a sufficiently large number of times. Thus, the average exposure of FI i
on the dismissed employees will be equal to ζ AE

i j.
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methodology assumes any loss of equity – distress – suffered by a given agent will imply a default on
its debt commitments. Moreover, the loss given default (LGD) is equal to the fraction of equity lost
by the agent and uniform across creditors. For instance, if the agent suffers a loss of 10% of its equity,
all its creditors will lose 10% of their exposures toward this agent.5 The dynamics of loss propagation
are represented by the following equations:

∆Li j(t) = min
(

Ai j −Li j(t −1),Ai j
[L j(t −1)−L j(t −2)]

E j

)
, (1)

∆Li(t) = min

(
Ei −Li(t −1),∑

j
∆Li j(t)

)
, (2)

in which t ≥ 0. In Eqs. 1 and 2, E j is the agent j’s equity, Li j(t) is the accumulated loss transmitted
by j to i up to period t, ∆Li j(t) = Li j(t)− Li j(t − 1) is the new flow of loss transmitted by j to i,
Li(t) = ∑ j Li j(t) is the total loss transmitted to i by their debtors up to t, and ∆Li(t) = Li(t)−Li(t−1)
is the variation in the total loss transmitted to i by their debtors up to t. Note that equity positions
and the exposure network A are exogenous and, hence, time-invariant. Moreover, to avoid double-
counting, only loss differentials are considered in the propagation process.

We can describe the loss propagation process as follows: when an agent j suffers an additional
loss equal to a fraction ζ of its equity, it will impose a loss to its creditors equal to ζ times their
exposures towards j. Remembering that such exposures are formed by the sum of the loans extended
to the firm and the firm’s employees. There are two restrictions: i) j cannot impose to i a loss greater
than i’s exposures towards j (Eq. 1), and ii) losses imposed to i cannot be greater than its equity (Eq.
2). When Li(t) = Ei, i stops suffering losses from other agents, as well as propagating losses to other
agents.

Observe that, at period t = 0, there is only the direct loss suffered by the FIs with exposures
on the distressed firms. For t ≥ 1, there is the propagation of indirect losses, which takes place
exclusively on the interbank network. After a sufficiently large number of periods T ≫ 1, the system
converges – that is, no more losses are propagated. We repeat this process for the other firms. In the
end, we have the matrix of vulnerabilities Vζ ∈ NB×NF , where V ζ

i j is the loss suffered by FI i after
an initial shock of size ζ on firm j.

Figure 2 depicts a simple example of the loss transmission process according to the DDR
methodology. Firms (denoted by the letter F) and banks (B) are connected through contractual debt
obligations. The numbers indicate the value of the loans, and the arrows indicate the flow of the loans
(e.g., B2 granted a loan of $10 to F1). Firm F1 suffers an exogenous shock, that leads to the loss of
20% of its equity. As a consequence, F1’s creditors – in this case, B2 – will suffer a loss proportional
to this value in their exposures toward F1. Therefore, the exposures of B2 toward F1 will decrease by

5However, the assumption that LGD is uniform across creditors is unrealistic and can lead to the underestimation of
the systemic risk. Empirical evidence shows distressed debtors are more likely to default on weaker creditors. See, for
instance, Alexandre et al. (2023).
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20% – from $10 to $8. It corresponds to the direct loss. As B2 has creditors in the IB market – B3
and B4 –, indirect losses will also occur. Suppose B2 is endowed with an equity of $20, so the loss
suffered by B2 ($2) corresponds to 10% of its equity. Following a similar reasoning, the exposures of
these banks toward B2 will decrease by 10% (from $10 to $9). As B3 and B4 don’t have creditors in
the IB market, no more losses are propagated and the process stops.

(a) (b) (c)

Figure 2: Example of DDR dynamics. Distressed agents are depicted in red. In (a), F1 suffers an exogenous shock. This
loss is transmitted to its creditor B2 (b). In a second round of contagion (c), B2 imposes losses on its creditors B3 and B4.

4 Results

In this section, we present the results concerning the impact of shocks on the real sector in the
financial system. This is done by stressing all the firms simultaneously. After the computation of the
matrix of vulnerabilities (Section 3), we compute the systemic impact (SI) caused by a shock of size
ζ SIζ according to the following equation:

SIζ = 100×
∑i ∑ j V

ζ

i j

∑i Ei
, (3)

where j = {1, ...,NF} refers to the set of firms and i = {1, ...,NB} is the set of FIs. Therefore, SIζ

measures the percentage of the aggregate equity of the financial system which is lost after the firms
lost a fraction ζ of their net worth. The systemic vulnerability (SV) of FI i is equal to

SVi,ζ = 100×
∑ j V

ζ

i j

Ei
, (4)

where j = {1, ...,NF}. Thus, SVi,ζ is the fraction of equity that FI i would lose, on average, if all
firms lost a fraction ζ of their net worth. We consider three levels of the initial shock ζ (0.1, 0.5, and
1.0) and three situations: i) only the firms’ layer is active, ii) only the employees’ layer is active, and
iii) both layers are active. In case (i), firms will default a fraction ζ of their debt commitments. In
case (ii), firms will lay off a fraction ζ of their employees. Finally, in case (iii), both strategies will
be adopted.

The aggregate results are depicted in Figure 3. As expected, the losses are larger for higher
values of ζ . The total impact is considerably larger than the direct impact, which means the losses
caused by the contagion in the IB market are considerable. There was a decrease in the aggregate
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impact in the last periods, particularly for smaller levels of ζ , mainly caused by a decrease in the
impact due to the firms’ layer. The impact caused by the firms’ layer – that is, when only the firms’
layer is active – is larger than that caused by the employees’ layer.

Figure 3: Direct and total impact, aggregate, for ζ = 0.1 (top), ζ = 0.5 (center), and ζ = 1 (bottom).

Despite the impact caused by the employees’ layer being smaller than that caused by the firms’
layer, the increase in the total impact brought by the activation of the employees’ layer rose in the
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last periods (Figure 4). For instance, in March 2015, for ζ = 0.1, the aggregate impact jumped from
16.97% (when only the firms’ layer is active) to 18.25% after the activation of the employees’ layer –
an increase of 7.5%. In December 2020, this increase was 21.5%.

Figure 4: Increase in the total systemic impact brought by the activation of the employees’ layer (in %).

The higher impact caused by the firms’ layer is mainly due to the larger amount of loans ex-
tended to the firms compared to those extended to the firms’ employees (Figure 1).6 Hence, to com-
pare the shock propagation throughout both layers, we performed a slightly different exercise. We
computed the systemic impact for both layers by imposing direct shocks of an equal amount. After
suffering a loss equal to a fraction ζ of its net worth, the firm i will impose to FI j a loss equal to
ζ ′Ai j, where

ζ
′ = ζ × Ei

∑ j Al
i j
. (5)

In the equation above, l = {F,E}. Thus, the aggregate direct impact ∑ j ζ ′Ai j will be equal to
ζ Ei for both layers F and E. Finally, we define the shock multiplier of layer l as the total systemic
impact-to-direct impact ratio. If there is no contagion, the total impact is equal to the direct impact
and the shock multiplier is equal to 1.

As shown in Figure 5, the shock multiplier of the employees’ layer is higher than that of the
firms’ layer. It suggests the adjustment through layoffs made by distressed firms will cause a higher
impact on the financial system than that caused by the adjustment through corporate loan default.

6However, the loans granted in our sample as a fraction of the total stock of loans are much higher in the case of
corporate loans than in the case of personal loans (Table 4). Thus, the actual difference between these two impacts is
probably much smaller.
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Figure 5: Layers’ shock multiplier, for ζ = 0.01 (left), and ζ = 0.02 (right).

Figures 6-8 depict the average systemic vulnerability weighted by the FIs’ equity, grouped
according to different criteria. In general, public FIs, small-sized FIs, and banks are more vulnerable
to shocks in the real sector. Under a high level of the initial shock (ζ =1), FIs of different sizes are
equally affected by the shock. For credit unions, the employees’ layer is at least as important as the
firms’ layer regarding the loss caused to this segment, being the former more important than the latter
when ζ =1.

Figure 6: SV by control, for ζ = 0.1 (left), ζ = 0.5 (center), and ζ = 1 (right).
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Figure 7: SV by size, for ζ = 0.1 (left), ζ = 0.5 (center), and ζ = 1 (right).
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Figure 8: SV by type, for ζ = 0.1 (left), ζ = 0.5 (center), and ζ = 1 (right).

We performed a sectoral analysis by stressing all the firms of a given sector simultaneously. The
firms of our sample are grouped into nine different sectors. The result is presented in Figures 9-11.
There are no striking differences concerning different sectors. Consumer cyclical and utilities are the
sectors with the highest impact, and communications and information technology, have the lowest.
Except for the communications sector, the firms’ layer is more important than the employees’ layer
as a channel for shock propagation.
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Figure 9: Direct and total impact, by sector (ζ = 0.1).
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Figure 10: Direct and total impact, by sector (ζ = 0.5).
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Figure 11: Direct and total impact, by sector (ζ = 1).

5 Concluding remarks

In this paper, we assessed the hitherto unexplored labor market channel of systemic risk. Be-
sides defaulting on part of their debt commitments – as usual in network-based models of systemic
risk –, distressed firms adjust to negative shocks by laying off a share of their employees. This config-
ures an additional source of financial instability, as the dismissed employees will not be able to fully
honor their debt commitments against the financial system.

In our model, distressed firms can react to negative shocks through one of the two possible
strategies – default on their debt commitments or layoff their employees – or adopting both of them.
Relying on an extensive Brazilian data set, we computed the systemic risk in each one of the three
situations: i) only the employees’ layer is active, ii) only the firms’ layer is active, and iii) both layers
are active. In situation (i), distressed firms lay off part of their employees, who will be unable to honor
their debt commitments against the financial institutions. In situation (ii), distressed firms default on
part of their debt commitments. In situation (iii), both strategies are adopted by distressed firms. In
every case, this initial shock will propagate and will be amplified through the interbank market.

Our main conclusions are the following: i) the importance of the employees’ layer as a source of
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systemic risk is smaller than that of the firms’ layer. This is mainly explained by the smaller amount
of loans granted to the firms’ employees than to the firms themselves. ii) However, the increase in
the total systemic risk caused by the activation of the employees’ layer has grown during the period
assessed by our study (2015–2020). iii) Moreover, the shock multiplier of the employees’ layer is
greater than that of the firms’ layer. It means an initial shock of a given size will cause a larger
aggregate loss to the financial system if transmitted through the employees’ layer than through the
firms’ layer. iv) Public FIs, small-sized FIs, and banks are more vulnerable to shocks in the real
sector. v) Credit unions are the only case in which the employees’ layer is more important than the
firms’ layer as a source of systemic risk. vi) There are no striking differences concerning the shock
propagated by different economic sectors.

This study provides policymakers with a better tool for systemic risk monitoring in at least two
dimensions. First, it provides a more precise measure of the systemic risk, as it includes a third layer
– the loans granted by FIs to the firms’ employees – to the usual network-based models of systemic
risk. Second, it allows for a more accurate identification of systemically important economic agents
(FIs, firms, economic sectors), that is, those which are more relevant in the process of transmission of
economic shocks.

Throughout this paper, we adopted some simplistic hypotheses regarding the behavior of the
agents. For instance, we assumed dismissed employees will default on the totality of their debt com-
mitments, which is a clearly unrealistic assumption. Thus, our next steps, in a follow-up paper, will be
to conduct further empirical analysis to obtain more realistic assumptions. This additional empirical
exercise will concern not only firms’ behavior (in terms of default and layoff) in the face of equity
loss but also employees’ behavior (in terms of default) in the face of job loss.
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