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Abstract 
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1 Introduction

Firms’ investments have been noted to exhibit lumpy behavior (Doms and
Dunne (1998); (Cooper et al., 1999)). There is wide dispersion in the investment–
capital ratio, and episodes exceeding 20% are common. These investment
spikes are considered an extensive margin adjustment of capital, such as new
establishments, factories, large equipment, or research centers.

Investment spikes also tend to coincide. Cooper and Haltiwanger (1996)
and Gourio and Kashyap (2007) document that much of the variation in
aggregate investments is attributed to concurrent investment spikes across
firms and industries, which can occur due to common exogenous shocks and
endogenous complementary decisions in firms’ investments. There have been
efforts to empirically estimate complementarity across firms’ investment de-
cisions (Cooper and Haltiwanger (1996); Guiso et al. (2017)). However, it
has been difficult to isolate the effect of the strategic complementarity from
common shocks.

Recently, the availability of firm-level network data has opened up the
possibility of empirically isolating the propagation effects running through
production network links. Carvalho et al. (2021) used firm network data to
identify the propagation effects of a shock emanating from a natural disaster.

In this paper, we estimate the propagation effect of a firm’s investment
spike on its transaction partner firms. We first present a model of a firm’s
lumpy investments when it is a monopolistic supplier of a differentiated good,
which is used as a final and intermediate good. The firm also uses a set of
differentiated intermediate inputs. The model assumes that each firm’s set
of customer and supplier firms is given and fixed over time. We then define a
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general equilibrium in which wages and returns to capital are determined in
equilibrium. In a stationary equilibrium, where wages and capital returns are
constant over time, we present an optimal lumpy investment function that
maps the firm’s productivity and customers’ and suppliers’ lumpy invest-
ments to the firm’s investment decision. This provides us with an equation
to structurally estimate the complementarity of investment spikes.

We combine the transaction network data with the firm-level panel data
compiled from a Japanese business survey to estimate the complementarity.
We compute the fraction of customer or supplier firms engaging in lumpy
investments and their profitability measures. Considering the firm and year
fixed effects, the logit regression shows there is a significant effect of a firm’s
investment spike on the fraction of partner firms with lumpy investments.
The result is robust when the estimation is switched to a linear probability
model.

The remainder of this paper proceeds as follows. Section 2 presents the
model and the equation for structural estimation. Section 3 explains the
data. Section 4 shows the estimation results. Section 5 explores the aggregate
implications of the estimates. Section 6 concludes.

2 Model

2.1 Firms

A model economy has a unitary measure of firms indexed by i ∈ [0, 1], each
producing a differentiated product. Consider that firm i uses intermediate
goods produced by suppliers and sells its products to customers and a final
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goods producer. The supply chain network is denoted by an adjacency matrix
S, where its nonzero element Sij = 1 indicates that firm i uses good j as an
intermediate input. The set of i’s suppliers is denoted by Ii := {j : Sij = 1},
and the set of i’s customer is denoted by Oi := {j : Sji = 1}. We assume
both Ii and Oi are finite for all i.

The intermediate goods are aggregated to form an intermediate composite
good as

mi,t =

(
∑

j∈Ii

x(φ−1)/φ
ij,t |Ii|−1/φ

)φ/(φ−1)

where cardinality |Ii| indicates the number of i’s suppliers.
The final good is competitively produced using the following production

function.
Yt =

(∫ 1

0

χjx
(φ−1)/φ
Y j,t dj

)φ/(φ−1)

The final goods are used for consumption and investment.
Given prices (pj,t)j, firms’ cost-minimization leads to demand functions

for good j as

xij,t =

(
pj,t
Pi,t

)−φ mi,t

|Ii|
, (1)

xY j,t = p−φ
j,t χjYt, (2)

where Pi,t :=
(∑

j∈Ii p
1−φ
j,t /|Ii|

)1/(1−φ)

. The unit cost of the final good,
(∫ 1

0 χjp
1−φ
j,t dj

)1/(1−φ)

, is set to 1. Firm i faces demand from the final good
producers and firm i’s customers. The total demand for i is written as a
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function of pi,t as

xY i,t +
∑

j∈Oi

xji,t = p−φ
i,t Di,t, (3)

Di,t := χiYt +
∑

j∈Oi

P φ
j,tmj,t

|Ij|
. (4)

Firm i uses the composite intermediate good mi,t, labor li,t, and capital
ki,t to monopolistically supply good i using a production function specified
as

yi,t = Ai,tm
α
i,tl

β
i,tk

γ
i,t (5)

with returns to scale α + β + γ ≤ 1. Ai,t denotes firm-specific total factor
productivity.

We assume that capital investment is indivisible up to “lumpiness” pa-
rameter λi. Hence, a firm’s choice for capital is restricted to a discrete set:

ki,t+1 ∈ {λn
i (1− δi)ki,t}n=0,±1,±2,....

We assume λi > 1/(1− δi) for all i.
Firm i’s static profit maximization problem given ki is

πi,t(ki,t) = max
pi,t,yi,t,mi,t,li,t

pi,tyi,t − Pi,tmi,t −Wtli,t

subject to production function (5) and demand function yi,t = p−φ
i,t Di,t. Solv-

ing the cost-minimization problem, the profit function is derived as follows:

πi,t(ki,t) = ωt

((
Ai,t

Pα
i,t

)1−1/φ

D1/φ
i,t

) 1
1−(α+β)(1−1/φ)

kθ
i,t,

θ :=
γ(1− 1/φ)

1− (α + β)(1− 1/φ)
,

ωt :=

(
1− (α + β)

(
1− 1

φ

))((
1− 1

φ

)α+β ααββ

W β
t

) 1−1/φ
1−(α+β)(1−1/φ)

.
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Future productivities Ai,t+1 may incur idiosyncratic shocks; however, we
assume that their realizations, and relevant prices, Pi,t+1, Wt+1, and Rt+1,
are known in t. Firm i maximizes its sum of future discounted profits,
∑∞

τ=t(Π
τ
s=t+1R

−1
s )π(ki,τ ), where R−1

t denotes the discount factor. The firm
value relevant to choice of ki,t+1 is

R−1
t+1(πi,t+1(ki,t+1) + (1− δi)ki,t+1)− ki,t+1.

We recall that ki,t+1 must be chosen from {(1 − δi)ki,tλn
i }n=0,±1,±2,.... Then,

there must be a lower threshold above which i chooses not to increase capital
from (1−δi)ki,t. At the optimal threshold, the firm is indifferent to investing.
Thus, the optimal threshold k∗

i,t satisfies the following equation:

R−1
t+1(πi,t+1(k

∗
i,t)+(1−δi)k

∗
i,t)−k∗

i,t = R−1
t+1(πi,t+1(λik

∗
i,t)+(1−δi)λik

∗
i,t)−λik

∗
i,t.

Solving for k∗
i,t, we obtain

k∗
i,t =

((
λθ
i − 1

λi − 1

ωt+1

Rt+1 − 1 + δi

)1−(α+β)(1− 1
φ)(Ai,t+1

Pα
i,t+1

)1− 1
φ

D1/φ
i,t+1

) 1

1−(α+β+γ)(1− 1
φ)

.

(6)

This determines the optimal threshold policy by which firm i chooses to
invest in t only if ki,t < k∗

i,t. On the right-hand side, Di,t+1 summarizes the
effect of i’s customers and Pi,t+1 the effect of i’s suppliers, as discussed below.
Under the constant returns to scale α+ β+ γ = 1, the optimal threshold k∗

i,t

in (6) is a linear function of Di,t+1.
From (6), we can see that firm i’s lumpy investment is a strategic comple-

ment to the investment decision of firm i’s customers and suppliers. We first
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investigate the effect of i’s customers. Suppose customer j of firm i decides
to invest in t. Then, kj,t+1 increases to λj(1 − δj)kj,t, and output yj,t+1 also
increases. This raises the demand for intermediate inputs mj,t+1, affecting
the total demand for i through P φ

j,t+1mj,t+1/|Ij|, as in (4). Thus, a lumpy
investment by j raises the investment threshold of i provided that Pj,t+1 is
fixed, i.e., j’s supplier prices are unaffected. An increase in k∗

i,t causes a
lumpy investment of i in t if ki,t−1 is close to the threshold k∗

i,t. In this way,
the likelihood of i’s lumpy investment is increased by the lumpy investments
of i’s customers.

Suppliers also affect the threshold. We note that (6) includes Pi,t+1, which
is the unit cost of i’s intermediate inputs. When i’s supplier j invests in t

and increases the level of capital in t + 1, it increases optimal output yj,t+1

and decreases optimal price pj,t+1. Since pj,t+1 is a part of i’s intermediate
unit cost, a decrease of pj,t+1 decreases Pi,t+1, leading to an increase in k∗

i,t.
Namely, j’s capital investment decreases j’s future price, reducing i’s future
intermediate cost and inducing i to produce more in the future, calling for
investment today.

2.2 Investment spike probability in a stationary equi-

librium

We consider a stationary equilibrium in which the real wage rate and discount
factor are constant at W and R, respectively. For simplicity, we assume that
Ai,t is constant at A for all i and t. The aggregate investment is defined as
Xt =

∫
i:k∗i,t>(1−δi)ki,t

(λi − (1− δi))ki,tdi.
To close the model, we assume representative households that supply
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labor Lt and consume Ct. Households maximize utility
∑∞

t=0 β
tU(Ct, Lt)

subject to budget constraints,
∫ 1

0

qi,tsi,t+1di+ Ct = WLt +

∫ 1

0

(qi,t + πi,t − ki,t+1 + (1− δ)ki,t)si,tdi,

where si,t denotes the stock share of firm i and qi,t denotes its price in t. The
supply of the share is normalized to 1. The market clearing condition for final
goods is Yt = Ct+Xt. At a stationary equilibrium, R = 1/β, −UL/UC = W ,
and Y = C +X must hold.

We define the gap between the current capital and the threshold level
capital as the logarithmic difference between ki,t and k∗

i,t, normalized by the
lumpiness,

si,t :=
log ki,t − log k∗

i,t

log λi
.

The lower threshold of a lumpy investment in the stationary equilibrium
is determined by

k∗
i,t =

((
λθ
i − 1

λi − 1

ω

R− 1 + δi

)1−(α+β)(1− 1
φ)(Ai,t+1

Pα
i,t+1

)1− 1
φ

D1/φ
i,t+1

) 1

1−(α+β+γ)(1− 1
φ)

where (ω, R) is the stationary value of (ωt, Rt).
In the stationary equilibrium, firm i’s state si,t follows an optimal (S,s)

rule in which si,t evolves according to

si,t = si,t−1 +
log(1− δi)

log λi
−

(
1− 1

φ

)
log
(

Ai,t+1

Ai,t

(
Pi,t

Pi,t+1

)α)
+ 1

φ log
Di,t+1

Di,t

(1− (α + β + γ)(1− 1/φ)) log λi
, (7)

if si,t ≥ 0, and si,t is reset to 1 if the right-hand side of the above equation is
less than 0.
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An invariant distribution of state si,t is uniform. This can be seen as fol-
lows. Consider a type of firm with (λi, δi). State si,t evolves as firms’ idiosyn-
cratic shocks drive (Ai,t, Pi,t, Di,t). If the initial distribution si,0 is uniform
over a circle with unit circumference, any realization of (Ai,t, Pi,t, Di,t) ro-
tates the distribution over the circle. Hence, the unit uniform distribution is
time-invariant for each type. Because the mixture of uniform distribution is
also uniform, even when the economy has different types of firms in terms of
their lumpiness and depreciation rate, the unit uniform distribution of si,t is
time-invariant. Under mild conditions, the evolution of si,t is also stationary
(Caballero and Engel (1991); Nirei (2015)).

We focus on a stationary equilibrium in which si,t follows the stationary
uniform distribution over (0, 1]. Let di,t be an indicator function that takes
1 when i experiences an investment spike in period t and 0 otherwise. Then,
the unconditional probability of firm i’s spike investment is derived as a linear
function:

Pr(di,t = 1) =
1

(1− (α + β + γ)(1− 1/φ)) log λi

×

⎡

⎣
(
1− 1

φ

)⎛

⎝
Productivity shock︷ ︸︸ ︷

(logAi,t+1 − logAi,t)−α

Supplier shock︷ ︸︸ ︷
(logPi,t+1 − logPi,t)

⎞

⎠

+
1

φ

Customer shock︷ ︸︸ ︷
(logDi,t+1 − logDi,t)

⎤

⎦ . (8)

An innovation of Di,t represents a shock from i’s customer firms, as their
intermediate demand induces i’s lumpy investment. An innovation of Pi,t

represents a shock from i’s suppliers. A supplier’s lumpy investment reduces
i’s intermediate cost and induces i’s investment. Finally, an innovation of
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Ai,t denotes i’s productivity shock.

2.3 Propagation of investment spikes over the supply

chain

The customer and supplier shocks in Equation (8) arise from their lumpy
investments. First, we investigate the customer shock. The optimal supply
function of a customer j is

yj,t = ω̃t

(
Aj,tP

α
j,tD

α+β
φ

j,t kγ
j,t

) 1
1−(α+β)(1−1/φ)

,

ω̃t :=

((
1− 1

φ

)α+β ααββ

W β
t

) 1
1−(α+β)(1−1/φ)

.

Using the derived demand for intermediate goods, we obtain

P φ
j,tmj,t = α (1− 1/φ)P φ−1

j,t D1/φ
j,t y1−1/φ

j,t

= α (1− 1/φ)P φ−1
j,t D1/φ

j,t ω̃1−1/φ
t

(
Aj,tP

α
j,tD

α+β
φ

j,t kγ
j,t

) 1−1/φ
1−(α+β)(1−1/φ)

= α

(
1− 1

φ

)
ω̃
1− 1

φ

t

(
P
(1− 1

φ)((φ+α)−(α+β)φ(1− 1
φ))

j,t D
1
φ

j,t

(
Aj,tk

γ
j,t

)1− 1
φ

) 1

1−(α+β)(1− 1
φ) .

Suppose that j is a customer of firm i: j ∈ Oi. Then, j’s lumpy investment’s
impact on i’s lumpy investment is

Pr(di,t = 1 | dj,t = 1)− Pr(di,t = 1 | dj,t = 0)

=
logDi,t+1 − logDi,t

(φ+ (α + β + γ)(1− φ)) log λi

=
λ

γ(1−1/φ)
1−(α+β)(1−1/φ)

j − 1

(φ+ (α + β + γ)(1− φ)) log λi

P φ
j,tmj,t

|Ij|Di,t
+O

(
P φ
j,tmj,t/(|Ij|Di,t)

)2
.
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Note that if the technology exhibits constant returns to scale, we have

λ
γ(1−1/φ)

1−(α+β)(1−1/φ)

j − 1

(φ+ (α + β + γ)(1− φ)) log λi
=

λ
γ(1−1/φ)

1−(α+β)(1−1/φ)

j − 1

log λi
.

Moreover, if i’s customer firms are symmetric, we have

P φ
j,tmj,t

|Ij|Di,t
=

Di,t − χiYt

Di,t

1

|Oi|
.

Furthermore, if the numbers of customers and suppliers are equal across firms
and χi = 1, the expression is reduced to

1− α(1− 1/φ)

|Oi|
.

Thus, in the simplest case with constant returns to scale and symmetric firms
and networks, the first-order effect of the lumpy investment of j ∈ Oi on the
probability of i’s lumpy investment is

λ
γ(1−1/φ)

1−(α+β)(1−1/φ)

j − 1

log λi

1− α(1− 1/φ)

|Oi|
.

Similarly, we can derive the increase in spiking probability when firm i’s
supplier makes a lumpy investment. If j ∈ Ii, we have

Pr(di,t = 1 | dj,t = 1)− Pr(di,t = 1 | dj,t = 0) =
−α
(
1− 1

φ

)
(logPi,t+1 − logPi,t)

(
1− (α + β + γ)

(
1− 1

φ

))
log λi

.

Note that Pi,t is affected by pj,t. Also, optimal pj,t satisfies

pj,t = (Dj,t/yj,t)
1/φ = D1/φ

j,t

[
ω̃
(
Aj,t)P

α
j,tD

(1−γ)/φ
j,t kγ

j,t

) 1
1−(1−γ)(1−1/φ)

]−1/φ

.

Then, p1−φ
j,t increases due to j’s lumpy investment by a factor

λ
− γ(1−φ)

φ(1−(1−γ)(1−1/φ))

j − 1.
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Then, we have, for j ∈ Ii,

logPi,t+1 − logPi,t =
λ
− γ(1−φ)

φ(1−(1−γ)(1−1/φ))

j − 1

(1− φ)|Ii|

(
pj,t
Pi,t

)1−φ

+O (1/|Ii|)2 .

3 Data

This paper combines Japanese business survey and production network data
provided by TOKYO SHOKO RESEARCH, LTD. (TSR). The survey (Ba-
sic Survey of Japanese Business Structure and Activities conducted by the
Ministry of Economy, Trade and Industry) collects data from firms with 50
or more employees and 30 million yen or more capital. In 2022, 44812 firms
were asked to participate in the survey, with a 90.2% response rate. We first
use an unbalanced panel data set with an annual frequency covering 2007 to
2021. The number of firms is 31197. We define an investment spike as an
indicator variable that takes the value of one when the investment–capital
ratio exceeds 0.2. We take the spike dummy’s time-series average to com-
pute each firm’s spike rate. The mean spike rate across firms is 0.135, and its
standard deviation is 0.216. The median is 0, so we observe no investment
spikes for more than half of the firms during the sample period.

We construct supplier–customer network data using the TSR database
following the methodology described in Carvalho et al. (2021). We use the
corporate number issued by the National Tax Agency as a key to merge the
network data with the survey data. Each firm’s average number of suppliers
and customers over time is computed as follows: Among the 31197 firms in
the survey, 28970 firms reported the number of suppliers and 26771 firms
reported the number of customers at least once in the TSR data. In the TSR
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data, the cross-firm mean of the average number of suppliers is 23.3, and
the median is 11.1. The heterogeneity is so considerable that the standard
deviation is 66.3. Only firms with more than 50 employees were observed
among these suppliers in the survey. In the following analysis, we count
suppliers and customers only if they are in the survey. In this dataset, the
cross-firm mean of the average number of suppliers is 5.75, and the median
is 3.25, with a standard deviation of 13.88.

Similarly, the cross-firm mean of the average number of customers in TSR
is 29.8, and the median is 11, with a standard deviation of 99.9. The cross-
firm mean of the average number of customers in the survey is 6.30, and the
median is 3.92, with a standard deviation of 12.8.

Figure 1 shows the time series of the aggregate variables in the dataset.
Total investment indicates the aggregate investments (tangible and intangi-
ble) across firms in each period. The lumpy investment shows the investments
aggregated over firms that exhibited an investment spike in the year. The
left panel shows the levels of aggregate investments. The lumpy investment
accounts for a sizable portion of total investments. The ratio of lumpy in-
vestment to total investment is 33% on average for the sample period. The
right panel shows the growth rates of the total investments and lumpy invest-
ments, along with the growth rate of smooth investments, defined as the total
minus the lumpy investment. We note a clear comovement of the lumpy and
total growth rates. The coefficient of correlation is more than 95%, while the
coefficient of correlation between the smooth and total growth rates is 29%,
indicating the importance of lumpy investments in driving the total invest-
ment, as noted by many authors (Cooper and Haltiwanger (1996); Licandro
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Figure 1: Aggregate investments over sample period

et al. (2006); Gourio and Kashyap (2007); Tanaka and Miyagawa (2009)).

4 Estimation

We estimate Equation (8) using a logit or linear probability model, where
the dependent variable is the binary indicator of an investment spike. The
independent variables are the fractions of supplier and customer firms that
exhibit investment spikes. In addition, profit rate and liquidity are included
as control variables. The profit rate is calculated by dividing gross profits
(sales minus production costs) by outstanding capital stock (including tan-
gible and intangible). The profit rate is considered a proxy for productivity
in (8). We measure liquidity using the ratio of a firm’s liquid assets to its
capital stock. The summary statistics of the dependent variables are shown
in Table 1. The median fraction of investment spikes in the firm’s suppliers
is 0.054, and that in the firm’s customers is 0.068. The median profit rate is
0.159, and the median ratio of liquid assets to capital stock is 1.638.

Table 2 shows our main estimation result of the logit regression coeffi-
cients with firm fixed and year fixed effects. In specification (1) shown in
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median mean st. dev.

Fraction of spiking suppliers 0.054 0.088 0.125
Fraction of spiking customers 0.068 0.106 0.140
Profit rate 0.159 0.429 3.825
Liquidity 1.638 5.337 40.20

Table 1: Summary statistics of the independent variables

the first column, only the contemporaneous fractions of spiking customers
and suppliers are included in the explanatory variables, whereas the second
includes lagged fractions. The third column shows the result when the firm
fixed effect is replaced with an industry fixed effect, increasing the sample
size. There are 174 distinct industries in the sample. The coefficients show
an increase in the odds ratio when the explanatory variable is increased by
1. We observe significant positive effects for all contemporaneous fractions.
The lagged fractions are also significantly positive when the sample size is
increased using the industry fixed effect. The magnitude of the coefficients is
consistent across the specifications. We find that the effect of lagged liquid
assets is significantly positive, which is consistent with the empirical studies
on investment functions that find that firms need sufficient liquidity before
investment (Fazzari et al. (1988); Hoshi et al. (1991); Whited (1992)). The
lagged profit rate exhibits nonsignificant effects, whereas it is significantly
positive in specifications that exclude liquidity.

Table 3 shows the estimates of the same logit regression with balanced
panel data. The estimated coefficients for the spiking fractions of trading
partners are largely consistent with those of the unbalanced panel in Table 2,
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(1) (2) (3)

Customer 1.17*** (.061) 1.16*** (.064) 1.21*** (.063)
Customer (lag) 1.06 (.058) 1.12** (.057)
Supplier 1.12** (.062) 1.15** (.067) 1.24*** (.069)
Supplier (lag) 1.10* (.063) 1.20*** (.065)
Profit (lag) 1.0007* (.0021) 1.0009 (.0021) 1.0023 (.0021)
Liquidity (lag) 1.0018*** (.0005) 1.0017*** (.0005) 1.0029*** (.0004)
Year FE ! ! !
Firm FE ! !
Industry FE !
N firms 9,487 9,014 22,321
N obs 97,594 91,744 194,297

Table 2: Logit estimates (odds ratio) of a firm’s investment spike.

while the significance levels of some variables are lower because of the smaller
sample size. A difference from the estimates in the unbalanced panel is the
increased estimates for lagged profits, but they are nonsignificant except for
specification (3).

Table 4 shows the results of the same regression with a linear probability
model. The coefficients in the linear probability model show the impact of a
trading partner’s spike on a firm’s spiking probability. The coefficients again
show the same significance pattern as before. The estimates are comparable
with those of spike probability we infer from the logit estimates, as discussed
below.

In summary, the estimates in Tables 2–4 show that the likelihood of a
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(1) (2) (3)

Customer 1.20* (.131) 1.18 (.129) 1.21* (.131)
Customer (lag) 1.16 (.124) 1.20* (.127)
Supplier 1.30** (.153) 1.26** (.149) 1.30** (.151)
Supplier (lag) 1.31** (.150) 1.38*** (.153)
Profit (lag) 1.0129 (.0093) 1.0131 (.0093) 1.0240** (.0096)
Liquidity (lag) 1.0013 (.0011) 1.0013 (.0011) 1.0022** (.0011)
Year FE ! ! !
Firm FE ! !
Industry FE !
N firms 2,687 2,687 5,587
N obs 34,931 34,931 72,492

Table 3: Logit estimates (odds ratio) of a firm’s investment spike with bal-
anced panel data.

firm’s investment spike positively depends on the investment spikes of its
trading partners. The positive correlation was statistically significant and
robust to estimation methods and samples.

5 Implications for the aggregate investment

Using these estimates, we can infer the impact of an investment spike over
the production network as follows. Let pI and pO denote the probability of
an induced investment spike for a supplier firm’s and a customer firm’s spike,
respectively. Also, let L.pI and L.pO denote the probability of the investment
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(1) (2) (3)

Customer .016*** (.0044) .015*** (.0047) .020*** (.0047)
Customer (lag) .006 (.0046) .015*** (.0046)
Supplier .011** (.0046) .013*** (.0049) .029*** (.0050)
Supplier (lag) .010** (.0048) .024*** (.0049)
Profit (lag) .0003 (.00018) .0003 (.0002) .0008*** (.0002)
Liquidity (lag) .0003*** (.00004) .0002*** (.0000) .0004*** (.0000)
Year FE ! ! !
Firm FE ! !
Industry FE !
N firms 23,224 22,326 22,326
N obs 205,052 194,366 194,366

Table 4: Estimates of the linear probability model of a firm’s investment
spike.

spike for a partner’s lagged spike, respectively.
Suppose firm i spikes. The number of firms directly affected by the spike

is |Ii| + |Oi|. The spike increases the probability of each customer spiking
by pO/|Oi| and of each supplier by pI/|Ii| contemporaneously, and with one
period lag by L.pO/|Oi| and L.pI/|Ii|. Note that the p’s are normalized by
the number of i’s trading partners, because the explanatory variables in the
regressions are normalized as such, which is consistent with the propagation
probability derived in our model in Section 2.3.

If the probability of a spike is independent across suppliers and customers,
which holds if the gap between a firm’s capital and its threshold is indepen-
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dent of each other, the average number of customers and suppliers that spike
is pI and pO, respectively, because there are |Ii| suppliers and |Oi| customers.
Because there are also lagged effects, the average number of total firms that
are induced to make lumpy investment by a firm is p = pI+pO+L.pI+L.pO.

Specifically, let us consider the estimates of the third column in Table
4. Then, we obtain the probability of the induced investment spike to be
p = 0.088. If we use the estimates in Table 2, we need to translate the increase
in the odds ratio to an increase in probability. The marginal effects pI , pO,
L.pI , and L.pO are computed as 0.034, 0.037, 0.024, and 0.014, respectively.
These estimates are consistent and slightly greater than the results from the
linear probability model in Table 4. We use estimates from the linear model
as a conservative estimate.

Correlating spiking investments can cause fluctuations in aggregate in-
vestments in several ways. First, a stochastic chain reaction in a homoge-
nous network can generate aggregate fluctuations even when the underlying
states of firms are independent. Second, chain reactions interacting through
local network structures such as cliques amplify the aggregate fluctuations.
Third, the heterogeneity of degrees augments aggregate fluctuations. Finally,
the correlated states of firms contribute to aggregate fluctuations. The final
route is possible because firms’ states are coupled by the strategic comple-
mentarity of investments, as shown in the model. We leave this for future
research and here concentrate on the first route where firms are homogeneous
and firms’ states are independent.

Suppose that there are n firms. Each firm i draws state si independently
from a unit distribution function. Using Equation (7), we determine that
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firm i conducts an investment spike even without any trading partners con-
ducting investment spikes. Then, firms’ fraction E[| log(1−δi)/ log λi|] spikes
because of capital depreciation. In our back-of-the-envelope exercise, we as-
sume homogeneous firms with common δ̄ and λ̄. In our sample, the mean
and median of λi conditional on λi > 1.2 (our definition of lumpy invest-
ment) are 1.502 and 1.314, respectively. We set λ̄ to the mean (1.502) to
represent the average impact of lumpy investments. Each investment spike
will have a spillover effect on p trading partners on average. Hence, the sum
of spikes induced by the deprecation and the multiplier effect is on average
(| log(1− δ̄)|/ log λ̄)/(1−p). We calibrate this variable to the average spiking
rate observed in our sample, f = 0.135. Thus, δ̄ is identified by the equation
f = | log(1 − δ̄)/ log λ̄|/(1 − p). Using λ̄ = 1.502 and p = 0.088, this yields
δ̄ = 0.0489.

In this setup, the number of firms induced to spike due to capital depre-
ciation, say m, follows a binomial distribution with probability µ := f(1−p)

and population n. Each firm in m has a multiplier effect, which is assumed
to be independent across firms in m. Let L denote the total number of spik-
ing firms, including m, and L1 denote L conditional on m = 1. Using the
variance decomposition formula, we have V (L) = E[V (L | m)] + V (E[L |

m]) = E[m]V (L1) + V (m)E[L1]2 = µnV (L1) + µ(1− µ)nE[L1]2.
Moreover, we make a simplifying assumption that a firm’s downstream

and upstream firms never overlap. This is the case in a random graph with
infinitely many nodes. Furthermore, we approximate the binomial distribu-
tion of the induced spikes per firm by a Poisson distribution with the same
mean, which holds asymptotically as |O| + |I| tends to infinity. Under this
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approximation, the propagation process of a firm’s spike follows a Poisson
branching process in which each spike induces trading partners’ spikes, fol-
lowing a Poisson random variable Q with mean p. The sum of the Poisson
branching process from the start until the process ends with 0 corresponds to
L1. Thus, E[L1] = 1/(1 − p). Also, L1 follows the same distribution as one
plus Q-times convolution of L1. Hence, V (L1) = E[QV (L1)] + V (QE[L1]) =

pV (L1) + pE[L1]2, resulting in V (L1) = p/(1 − p)3 (also see Nirei and
Scheinkman (2024)). Combining with the previous result, we approximately
obtain V (L) to be µnp/(1− p)3 + µ(1− µ)n/(1− p)2.

If we let the aggregate capital be K̄, the aggregate lumpy investment is
(λ̄ − 1)LK̄, whereas the steady-state level of aggregate investment is δ̄K̄.
Hence, the volatility of the aggregate investment’s deviation from the steady
state is Std((λ̄−1)L/(δ̄n)). We compute this using the benchmark estimates
from the third specification in Table 4: p = 0.088 and n = 22326. Combining
with λ̄ = 1.502 and f = 0.135, implying δ̄ = 0.0489 in the model, we obtain
the aggregate investment volatility in our model as Std((λ̄ − 1)L/(δ̄n)) =

0.0261. This amounts to 32% of the standard deviation of the aggregate
investment growth rate in the data, which is 0.0812.

Note that this estimate is derived under the restricting assumption of a
homogeneous network with nonoverlapping propagations, lowering the volatil-
ity. Hence, our back-of-the-envelope calculation suggests the potential im-
portance of the complementarity of lumpy investments in generating aggre-
gate investment fluctuations.
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6 Conclusion

This study presents evidence of strategic complementarity for a firm’s in-
vestment spikes. We first present a general equilibrium model with an input-
output network of firms and indivisible capital investments. The model de-
termines steady-state wages and returns to capital and derives the firm’s
optimal threshold policy for an investment spike. The policy function deter-
mines the probability of an investment spike as a function of the spikes of the
firm’s suppliers and customers, which provides an estimation equation for the
complementarity of investment spikes between firms linked by intermediate
input transactions.

We use the firm-level panel data and the firm-level transaction network
data of Japanese firms to estimate the probability of an investment spike
when a firm’s trading partner exhibits an investment spike. By controlling
for firm-level fixed effects, the contemporaneous investment spikes of trading
partners generate positive impacts on the likelihood of a firm’s investment
spike with statistical significance. Significantly positive impacts extend to
the lagged investment spikes of partners under the industry fixed effect spec-
ification. The impacts are quantitatively nontrivial, as the total average
number of investment spikes caused by an investment spike is estimated to
be 0.088.
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