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Abstract 

This paper proposes a three-stage GMM estimation procedure for estimating firm-level 
productivity in the presence of potential spatial dependence across firms via the product 
market, the input market, and the supply chain. The procedure builds on Ackerberg, Caves 
and Frazer (2015) and Wooldridge (2009), but in addition, allows the productivity process to 
depend on the lagged output levels and input usages of related firms, and to accommodate 
spatially correlated productivity shocks across firms. The procedure provides the estimates 
of the production function parameters (the capital and labor shares in value-added, and the 
degree of serial correlation in the productivity process), and the spatial dependence 
parameters (of productivity on related firms’ past outputs and inputs, and current innovation 
shocks), where the set of related firms can differ across the three dimensions of spatial 
dependence.  
We establish the asymptotic properties of the proposed estimator, and conduct Monte Carlo 
simulations to validate these properties. In particular, our proposed estimator is consistent 
under DGPs with or without spatial dependence. In contrast, the conventional estimators are 
biased when the true DGPs are indeed characterized by spatial dependence. 
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1 Introduction

This paper proposes methodologies to estimate firm-level productivities in the presence of

potential spatial dependence across firms via the product market, the input market, and the

supply chain. The estimation algorithm builds on Ackerberg, Caves and Frazer (2015) and

Wooldridge (2009), but in addition, allows the firm-level productivity process to depend on

the lagged output levels and input usages of related firms, and to accommodate spatially

correlated productivity shocks across firms.

First, a firm’s productivity may depend on the lagged output levels of some other firms

due to input-output linkages and economies of scale. Such positive externality may be

further limited by geographical proximity and localized in nature if transportation cost is

significant. Second, the productivity of a firm may depend on the lagged input choices

(e.g., labor input usages) of some other firms positively if agglomeration externalities exist

in the factor markets, or negatively if competition for the input factors leads to marginally

lower-quality employed factors. The boundary of such externalities may be determined by

the similarity of factors used by the firms (e.g., workers employed in the same industry-

location are more likely to be closer substitutes). Finally, innovations (or shocks) to firm

productivities may be interdependent if there exists knowledge spillover across related firms,

where the extent of such spillover could be limited by the industry-location and further by

the scope of interaction across firms (e.g., via buyer-supplier relationships). In general, the

set of related firms that a firm’s productivity depends upon via the output channel can

differ from the set of related firms in terms of the input market, and can further differ

from the set of related firms that are likely subject to simultaneous productivity innovation

shocks. As illustrated above, they could be defined by the supplier-customer relationship,

by the physical location, by the industry of operation, by the ownership structure, or by the

combinations of the above, as the context of the study may deem appropriate.

The prior literatures on the estimation of firm-level production functions often ignore

potential spatial dependence across firms. The firm productivity levels are often taken to

be independent and estimated, before they are used to analyse potential linkages across

firms. For example, Javorcik (2004) and Keller and Yeaple (2009) examine how foreign

direct investments (FDIs) affect the productivity of domestic Lithuanian and US manufac-

turing firms, respectively; Alfaro-Ureña et al. (2021) study how domestic Costa Rican firms’

productivities change when firms start to supply to MNC. The recent work by Iyoha (2021)

highlights the need to estimate firm productivities in an extended framework taking into

account the presence of cross-firm dependence. Her work, however, models the productivity

interdependence across firms “in reduced form” in terms of their productivities, and not
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directly in terms of outputs, inputs, and the residual productivity shocks of related firms.

Her framework, albeit with a dynamic-spatial structure for productivities, has relied heavily

on static-spatial estimation techniques.

In this paper, we propose methodologies that model productivity dependence across

firms structurally where the spatial effects operate via potentially firm outputs, inputs, and

productivity shocks. We provide estimation algorithms that lead to consistent estimates

for the parameters of production functions under these effects. In doing so, we draw on

the approaches proposed in the productivity estimation literature (e.g., Olley and Pakes,

1996; Levinsohn and Petrin, 2003; Wooldridge, 2009; Ackerberg et al., 2015), and the spatial

econometrics literature (e.g., Kelejian and Prucha, 1998, 1999; Kapoor et al., 2007; Lee and

Yu, 2014; Elhorst, 2014) to develop and estimate the model, and test the validity of spatial

effects in each of the three dimensions proposed. Specifically, we first establish the asymptotic

properties of the proposed estimator, and then conduct Monte Carlo simulations to validate

these properties. We show that our proposed estimator is consistent under DGPs with or

without spatial dependence. In contrast, the conventional estimators are biased when the

true DGPs are indeed characterized by spatial dependence.

We plan to apply the proposed estimation algorithm to a Japanese firm-to-firm panel

dataset for the period 2009–2018. The dataset combines the firm-level financial statement

information from the Basic Survey of Japanese Business Structure and Activities (BSJBSA),

and the firm-to-firm buyer-supplier relationship from Tokyo Shoko Research (TSR). The

merged dataset covers close to 29,000 firms per year (both publicly listed and unlisted firms

in Japan of all sizes, locations, and industries), and in particular, provides information on

each firm’s most important domestic suppliers and customers (up to 24 connections, respec-

tively). The analysis will help us identify whether spatial dependence plays a significant

role in Japanese firm-level productivity processes, and if so, which of the channels is of most

importance economically.

2 Model

Consider the following production function, where a firm’s value-added depends on its inputs

and productivity, while its productivity depends on its lagged productivity, related firms’

lagged outputs and input choices, and possibly the lagged characteristics of the firm (such

as its lagged exporting status and R&D expenditure). In addition, the innovations to the

productivity of related firms are allowed to be spatially correlated. The set of related firms

that a firm’s productivity depends upon can be defined by supplier-customer relationship, by

ownership structure, by physical location, by industry of sales, or by combinations of them,
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and can differ across the three dimensions of spatial dependence, as the context of the study

may deem appropriate. In particular, define:

vait = α0 + αllit + αkkit + ωit + ξit, (1)

ωit = f(ωi,t−1) + λ
∑

j∈N y
i,t−1

w
y
ij,t−1yj,t−1 +

∑
j∈NΩ

i,t−1

wΩij,t−1Ωj,t−1βΩ̄ + xi,t−1βx + uit, (2)

uit = µ
∑
j∈Nu

it

wuij,tujt + vit, (3)

i, j = 1, 2, 3, ..., N and t = 2, 3, ..., T.

where vait, yit, lit, kit and ωit denote the log of: value-added, gross output, labor input,

capital stock at the beginning of period, and productivity, respectively, of firm i in period

t, with ξit denoting the value-added shock to firm i in period t. A firm’s productivity ωit

is assumed to be dependent on its lagged productivity ωi,t−1 via an unknown function f(·)
as in Olley and Pakes (1996), Levinsohn and Petrin (2003), Ackerberg, Caves and Frazer

(2015), and Wooldridge (2009). In addition, a firm’s current productivity may also depend

on the lagged characteristics xi,t−1 of the firm (such as its lagged exporting status and R&D

expenditure) à la De Loecker (2013), Doraszelski and Jaumandreu (2013), and Braguinsky

et al. (2015).

We generalize the setup of the literature, and allow a firm’s current productivity to

depend on a set N y
i,t−1 of related firms in terms of lagged output yj,t−1, and correspondingly

a set NΩ
i,t−1 of related firms in terms of lagged inputs Ωj,t−1 ≡ {lj,t−1, kj,t−1,mj,t−1}, where

mj,t−1 denotes the log of: 1 × M vector of intermediate inputs of firm j in period t − 1.

Furthermore, the innovation uit to the productivity of firm i in period t is allowed to be

spatially correlated with those of related firms in the set N u
it contemporarily. The weight

assigned to each of the related firms in the set N y
i,t−1 is indicated by w

y
ij,t−1, and similarly

those for firms in NΩ
i,t−1 and N u

it by wΩij,t−1 and wuij,t, respectively.

2.1 Assumptions

We adopt standard assumptions similar to those in the productivity estimation literature,

but extend them to allow for potential spatial dependence as specified in Equations (1)–(3).

Assumption 1. E(ξit|lit, kit,mit) = 0.

Assumption 2. E(ξit|ljt, kjt,mjt, lj,t−1, kj,t−1,mj,t−1) = 0.

Assumption 3. E(uit|kit, lj,t−1, kj,t−1,mj,t−1,xj,t−1) = 0.
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Assumption 4. The output shocks ξit are assumed to be i.i.d. across both i and t, and have

finite fourth moments:

ξit
iid∼ (0, σ2

ξ ), E|ξ4+η
it | < ∞, for some η > 0.

Assumption 5. The productivity innovations uit are spatially correlated as specified in

Equation (3), with residual vit
iid∼ (0, σ2

v).

As suggested by the productivity estimation literature (e.g., Levinsohn and Petrin, 2003;

Wooldridge, 2009), we could infer the unobserved productivity level ωit of firm i in period t

by the firm’s capital stock kit and its choice of intermediate inputs mit, and possibly labor

input lit as well (as in Ackerberg, Caves and Frazer, 2015):

ωit = g(lit, kit,mit), (4)

where g(·, ·, ·) is some unknown general function in the input choices. Intuitively, a firm

makes its optimal choice of intermediate input to maximize profits, given its capital stock,

labor force, and realized productivity level. Thus, one may invert the relationship to infer a

firm’s productivity given its capital stock and observed input choices. Equation (4), together

with Equation (1), imply the following reduced-form value-added function:

vat = α0ιN + αllt + αkkt + ωt + ξt

= α0ιN + αllt + αkkt + g(lt, kt,mt) + ξt

≡ h(lt, kt,mt) + ξt (5)

where vat ≡ (va1t, ..., vaNt)
′ denotes the N×1 vector of value-added across firms in period t;

lt, kt, ωt, ξt, and mt are similarly defined; g(lt, kt,mt) is a N × 1 column vector with

g(lit, kit,mit) as its i-th entry; and ιN a N × 1 vector of one’s. Similarly, h(lt, kt,mt) is a

N × 1 column vector with h(lit, kit,mit) as its i-th entry, where h(lit, kit,mit) ≡ α0 + αllit +

αkkit + g(lit, kit,mit).

Furthermore, given the productivity process’s dynamic and spatial dependence structure

specified in Equation (2), and Equation (4), we can also write the value-added function in

the following alternative reduced form:

vat = α0ιN + αllt + αkkt + ωt + ξt

= α0ιN + αllt + αkkt + f[g(lt−1, kt−1,mt−1)]

+λWy
t−1yt−1 +WΩ

t−1Ωt−1βΩ̄ + xt−1βx + ut + ξt, (6)
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where yt−1 ≡ (y1,t−1, ..., yN,t−1)
′ denotes the N × 1 vector of gross outputs across firms in

period t − 1; xt−1 is similarly defined; and f[g(lt−1, kt−1,mt−1)] is a N × 1 column vector

with f [g(li,t−1, ki,t−1,mi,t−1)] as its i-th entry. The matrices Wy
t−1 ≡ {wyij,t−1}ij and WΩ

t−1 ≡
{wΩij,t−1}ij are N ×N connectivity matrices in period t− 1 that describe the dependence of

firm productivity in period t on related firms’ lagged outputs and inputs, respectively.

Assumption 6. (IN − µWu
t ) are non-singular for t = 1, 2, . . . , T with |µ| < 1, where

Wu
t ≡ {wuij,t}ij and IN is the identity matrix of size N .

Assumption 7. The row and column sums of the matrices, Wy
t−1,W

Ω
t−1,W

u
t and (IN −

µWu
t ) are uniformly bounded in absolute value for t = 2, 3, . . . , T , as N approaches infinity.

Assumption 8. The regressor matrices {Ωt, yt−1,Ωt−1,xt−1} have full column rank, and

the elements are uniformly bounded in absolute value for t = 2, 3, . . . , T .

We further add the above three assumptions, adopted from Kelejian and Prucha (1998)

and Elhorst (2014), to ensure that the spatial parameter estimates exist. In particular, we

will construct the connectivity matrices such that they are row-normalized (with zeros in

the diagonal by construction).

Following Ackerberg, Caves and Frazer (2015) and Wooldridge (2009), one could approx-

imate h(·, ·, ·) in (5) by a n-degree polynomial that contain at least lit, kit and mit. For

example, in the case where mit is a scalar, h(lit, kit,mit) is linear in lpitk
q
itm

r
it, where p, q and

r are nonnegative integers such that p+ q + r ≤ n. That is:

h(lit, kit,mit) = α0 + c(lit, kit,mit)δ, (7)

where c(lit, kit,mit) is a 1 × Q vector of functions in (lit, kit,mit) and δ a Q × 1 vector of

parameters. Similarly, as suggested by Wooldridge (2009), one could use a G-th degree

polynomial to approximate f(·):

f(ν) = ρ1ν + ρ2ν
2 + . . .+ ρGν

G. (8)

3 Estimation Algorithms

In this section, we propose a three-stage estimation procedure based on Generalized Methods

of Moments (GMM) to obtain consistent estimates of the production function and spatial

dependence parameters in (1)–(2), as well as the auxiliary parameters for the spatial error

structure in (3).

6



3.1 Moment Conditions

Given Assumptions 1–5, the following moment conditions hold with respect to the error

terms in (1) and (2):

E(ξt|lt, kt,mt,Ωt−1) = 0, (9)

E(ξt + ut|kt,Ωt−1,W
y
t−1yt−1,W

Ω
t−1Ωt−1,xt−1) = 0, (10)

where the conditional mean is defined element (firm) wise in each period t. Furthermore, by Kelejian

and Prucha (1998) and Kelejian and Prucha (1999), the following three moment conditions hold

with respect to the error term in (3):

E


1
N v′tvt

1
N vt

′Wu
t
′Wu

t vt
1
N v′tW

u
t vt

 =

 σ2
v

σ2
v
N tr(Wu

t
′Wu

t )

0

 . (11)

where vt ≡ (v1t, ..., vNt)
′ denotes the N × 1 vector of the residual term from Equation (3) across

firms in period t.

3.2 Estimation Strategy

We propose the following three-stage procedure for the estimation of (1) and (2) based on Ackerberg,

Caves and Frazer (2015), Wooldridge (2009), and Lee and Yu (2014), and of (3) based on Kelejian

and Prucha (1998) and Kelejian and Prucha (1999).

3.2.1 Stage 1

Given the moment condition (9), Equation (5) given Equation (7) can be estimated using the

following set of instrument variables (IVs) in period t:

Zt,I = (ιN , lt, kt,mt,Ωt−1). (12)

Note that since g(·, ·, ·) is allowed to be a general function (including linearity in the arguments as

a special case), the slope coefficients (αl, αk,αm) on the inputs are not identified from Equation

(5), as highlighted by Ackerberg, Caves and Frazer (2015). However, it does produce an estimate

ĥ(lit, kit,mit) of h(lit, kit,mit). In turn, the slope coefficients of the production function can be

identified in a second stage, along with the other parameters, as laid out in the next section.

The set of IVs in (12) is identified given Assumptions 1–2. One could potentially enlarge the

set and include longer lags of the input variables by making stronger assumptions than required in

Assumptions 1–2 such that they include lagged input variables of longer periods in the conditioning

set.
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3.2.2 Stage 2

Next, given the moment condition in (10), Equation (6) can be estimated using the following set

of IVs in period t:

Zt,II = (ιN , kt,Ωt−1,W
y
t−1yt−1,W

Ω
t−1Ωt−1,xt−1), (13)

with up to one lag of the variables (or a longer past history of the variables if one is willing to

make the stronger assumptions). Additional spatio-temporal lags of explanatory variables, such as

(Wy
t−1)

2yt−1, (W
y
t−1)

3yt−1, (W
Ω
t−1)

2Ωt−1 and (WΩ
t−1)

3Ωt−1, may also be added to the set of IVs

to help identify the spatial coefficients.

While Ackerberg, Caves and Frazer (2015) propose to estimate (5) and (6)—in the absence of

spatial structure—sequentially, by plugging in estimates from (5) into (6), we adopt the approach

proposed by Wooldridge (2009) and estimate them jointly. In particular, denote the parameters of

the system by θ = (δ′, α0, αl, αk, λ,β
′
Ω̄
,β′

x, ρ1, ..., ρG)
′ and the residual functions rt,I(θ) and rt,II(θ)

from Stage 1 and Stage 2 given the parameters, respectively, as:

rt,I(θ) = vat − α0ιN − ctδ, (14)

rt,II(θ) = vat − α0ιN − αllt − αkkt − f[ct−1δ − αllt−1 − αkkt−1]

−λWy
t−1yt−1 −WΩ

t−1Ωt−1βΩ̄ − xt−1βx, (15)

where ct is a N × Q matrix with c(lit, kit,mit) as its i-th row entry. Recall that ωi,t−1 =

g(li,t−1, ki,t−1,mi,t−1) = c(li,t−1, ki,t−1,mi,t−1)δ − αlli,t−1 − αkki,t−1, given Equations (4) and (7).

The moment conditions in (9) and (10) imply that:

E[Z ′
it rit(θ)] ≡ E

[ (
Z ′
it,I 0

0 Z ′
it,II

) (
rit,I(θ)

rit,II(θ)

) ]
= 0, (16)

where Zit,I , Zit,II , rit,I(θ), and rit,II(θ) are the i-th row entry of Zt,I , Zt,II , rt,I(θ), and rt,II(θ),

respectively.

3.2.3 Stage 3

We estimate µ and σ2
v based on the GMM approach of Kelejian and Prucha (1998), Kelejian

and Prucha (1999) and Kapoor, Kelejian and Prucha (2007). In particular, given the parameter

estimates θ̂ from the previous two stages, we impute estimates of the productivity innovation term,

ût, according to:

ût ≡ ctδ̂ − α̂llt − α̂kkt

−f[ct−1δ̂ − α̂llt−1 − α̂kkt−1]

−λ̂Wy
t−1yt−1 −WΩ

t−1Ωt−1β̂Ω̄ − xt−1β̂x, (17)
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and use the moment conditions in (11) to estimate µ and σ2
v jointly by GMM, noting that vt =

(IN − µWu
t )

−1ut.

Define ut ≡ Wu
t ut, vt ≡ Wu

t vt, and ut = (Wu
t )

2ut. Note that vt = ut − ut and vt = ut − ut.

Given the moment condition (11), one can derive Equation (18) below, following similar steps as in

Kelejian and Prucha (1998), Kelejian and Prucha (1999) and Kapoor, Kelejian and Prucha (2007):

γt = Γt

 µ

µ2

σ2
v

 , (18)

where

γt =
1

N

 E(u′tut)

E(u′tut)

E(u′tut)

 , (19)

Γt =
1

N


2E(u′tut) −E(u′tut) N

2E(u
′
tut) −E(u

′
tut) tr(Wu

t
′Wu

t )

E(u′tut + u′tut) −E(u′tut) 0

 . (20)

Use the estimates of the productivity innovation term from (17), ût, to construct the sample

counterparts of the γt vector and the Γt matrix:

gt ≡ 1

N

 ût
′ût

ût
′Wu

t
′Wu

t ût

ût
′Wu

t ût

 , (21)

Gt ≡ 1

N

 2ût
′Wu

t ût −ût
′Wu

t
′Wu

t ût N

2ût
′Wu

t
′Wu

t
′Wu

t ût −ût
′Wu

t
′Wu

t
′Wu

tW
u
t ût tr(Wu

t
′Wu

t )

û′tW
u
tW

u
t ût + û′tW

u
t
′Wu

t ût −û′tW
u
t
′Wu

tW
u
t ût 0

 , (22)

and form the sample counterpart of the relationship in (18):

gt = Gt

 µ

µ2

σ2
v

+ ϵt, (23)

where ϵt is a 3×1 vector of residuals. We can hence estimate µ and σ2
v by the transformed moment
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condition E(ϵt) = 0. Specifically,

ϵt(µ, σ
2
v) =

1

N

 ût
′(IN − 2µWu

t + µ2Wu
t
′Wu

t )ût − σ2
vN

ût
′Wu

t
′(IN − 2µWu

t + µ2Wu
t
′Wu

t )W
u
t ût − σ2

vtr(W
u
t
′Wu

t )

ût
′ (IN − µ(Wu

t +Wu
t
′) + µ2Wu

t
′Wu

t

)
Wu

t ût

 . (24)

3.3 Efficient GMM Estimator

We now itemize the steps to implement the proposed estimation strategy and obtain the efficient

GMM estimator of θ and ψ ≡ (µ, σ2
v).

1. Minimize the objective function:
[

1
N(T−1)

∑N
i=1

∑T
t=2Z ′

itrit(θ)
]′
W
[

1
N(T−1)

∑N
i=1

∑T
t=2Z ′

itrit(θ)
]

with respect to θ by setting W = IM to obtain the one-step estimator θ̃ of θ, where M is

the combined number of instruments from Stage 1 and Stage 2.

2. Estimate V ≡ E ([Z ′
itrit(θ)][Z ′

itrit(θ)]
′) using its sample counterpart:

Ṽ =
1

N(T − 1)

N∑
i=1

T∑
t=2

[Z ′
itrit(θ̃)][Z ′

itrit(θ̃)]
′. (25)

3. Minimize the objective function in Step 1 with respect to θ again, this time setting W = Ṽ
−1

to obtain the efficient GMM estimator, θ̂EGMM .

By Lee and Yu (2014), the following asymptotic properties hold for θ̂EGMM under a large-N

and small-T framework given Assumptions (1)–(8):

√
N(θ̂EGMM − θ) ∼ N(0,plimn→∞

1

T − 1
Σ), (26)

where Σ = (Z ′
∆V

−1Z∆)
−1 and Z∆ = E[ d

dθ′Z
′
itrit(θ)].

The following sample counterparts of Z∆ and V can be used to obtain a consistent estimator

of Σ:

Ẑ∆ =
1

N(T − 1)

N∑
i=1

T∑
t=2

[
d

dθ′
Z ′
itrit(θ̂EGMM )

]
,

V̂ =
1

N(T − 1)

N∑
i=1

T∑
t=2

[Z ′
itrit(θ̂EGMM )][Z ′

itrit(θ̂EGMM )]′.

(27)

We have Σ̂ = (Ẑ
′
∆V̂

−1
Ẑ∆)

−1 p−→ Σ by the Slutsky theorem.

4. Given the estimate of θ, obtain the residuals {ût}Tt=2 by (17). This in turn can be used to
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obtain an estimator of ψ = (µ, σ2
v) based on the transformed moment condition (23):

ψ̃ = argmin
ψ

[
1

(T − 1)

T∑
t=2

ϵt(ψ)

]′
Wψ

[
1

(T − 1)
ϵt(ψ)

]
(28)

by setting Vψ = I3.

5. We can obtain an estimator of the variance-covariance matrix for ψ by:

V
ψ̃
=

1

(T − 1)

T∑
t=2

ϵt(ψ̃)ϵt(ψ̃)
′. (29)

6. An efficient GMM estimator ψ̂ for ψ can be obtained based on the objective function in

(28) again but by setting Wψ = V−1

ψ̃
. In turn, the variance-covariance matrix Σψ of the

parameters (in the original scale) can be estimated by:

Σ̂ψ =
1

(T − 1)
(Ĝ′

∆V
−1

ψ̂
Ĝ∆)

−1, (30)

where

V
ψ̂

=
1

(T − 1)

T∑
t=2

ϵt(ψ̂)ϵt(ψ̂)
′, (31)

Ĝ∆ =
1

(T − 1)

T∑
t=2

dϵt(ψ̂)

dψ′ (32)

=
1

N(T − 1)

T∑
t=2

 2ût
′(µ̂Wu

t
′ − IN )Wu

t ût −N

2ût
′Wu

t
′(µ̂Wu

t
′ − IN )Wu

tW
u
t ût −tr(Wu

t
′Wu

t )

ût
′(2µ̂Wu

t
′Wu

t − (Wu
t +Wu

t
′))Wu

t ût 0

 .

4 Data

Our dataset is constructed by combining two Japanese datasets. The first dataset is the Basic Sur-

vey of Japanese Business Structure and Activities (BSJBSA), provided by the Ministry of Economy,

Trade and Industry (METI), Japan. The data include a firm-level annual survey of detailed busi-

ness information, such as sales, employment, capital stock, industry classification (Japan Standard

Industrial Classifications, JSIC) and intermediate purchases. The data cover the full population

of manufacturing firms, and the subset of non-manufacturing firms that satisfy both criteria of:

(1) having more than 50 employees, and (2) having capital stocks of more than 30 million yens

(approximately 350 thousand USD in 2012).

The second dataset contains information on firm-to-firm relationship provided by Tokyo Shoko

Research (TSR), a major credit reporting company in Japan. It provides a firm’s most important
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domestic suppliers and customers (up to 24 connections, respectively) and covers both publicly

listed and unlisted firms in Japan with all sizes and industries. Because the first and second

datasets do not have the unique identification codes, we match them on the basis of firm name,

address, phone number, and postal code. Using the BSJBSA as the denominator (since it provides

the required firm-level variables for productivity estimations), the percentage of firms in BSJBSA

that are matched with its counterpart in TSR is very high, typically at 93%–94%, across years

during the sample period 2009–2018. Table 1 provides the detailed firm counts.

[Table 1 Here]

We supplement the BSJBSA-TSR matched data with the Japan Industrial Productivity (JIP)

database 2021, provided by RIETI, and information on commuting zones (CZs), constructed by

Adachi, Fukai, Kawaguchi and Saito (2021). The JIP database is used for deflating variables and

obtaining the average hours per worker. It has nominal and real values of outputs, intermediate

inputs, investment, and value added, for the 100 industries classified by the JIP database. After

calculating the deflators by taking their ratios, we merge the 100 JIP industries with the industry

classification used by the BSJBSA (i.e., JSIC) based on concordance provided in the JIP database.

There are, in total, 433 industries in the 3-digit JSIC classification and a JIP industry is thus

matched, on average, with 4.8 JSIC 3-digit industries. The average hours per worker is also cal-

culated for each JIP industry and then merged with the industry classification in the BSJBSA.

The information on CZs is used in defining connectivity matrices across firms. Adachi, Fukai,

Kawaguchi and Saito (2021) construct the CZ information for Japan using the hierarchical agglom-

erative clustering (HAC) method, following the approach of Tolbert and Killian (1987) and Tolbert

and Sizer (1996) in the construction of the US CZs. There are 267 CZs in 2010 and 265 in 2015 in

Japan. We merge the CZ information with the BSJBSA observations based on the prefecture and

city names of a firm’s address, and examine/adjust manually if necessary.

The variables used for the production function estimation is constructed in the following man-

ners. The main labor variable is constructed by the sum of regular workers and part-time workers

in headquarter, head office, branch office, and assignee company available from the BSJBSA. The

real capital stock variable is based on the physical fixed assets reported in the BSJBSA at the start

of the period, deflated by the capital deflator constructed using the JIP databese 2021. The real

intermediate inputs are constructed by: (i) either the sum of “goods purchased” and “material

purchased amount” in cost of sales in the P/L statement in the BSJBSA, deflated by the input

deflator constructed using the JIP database, or (ii) the sum of the cost of goods sold and general

and administrative expenses, minus wages, rental costs, depreciation, and taxes reported in the

BSJBSA, deflated by the input deflator. The real revenue is measured by sales, deflated by the

output deflator imputed from the JIP database. The real value added is constructed by the differ-

ence of the real sales and the real intermediate inputs. The R&D expenditure is deflated by the

intangible-asset deflator constructed using the JIP database 2021. The export and import statuses

of a firm are directly available from the BSJBSA.
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4.1 Summary Statistics

Table 2 provides the summary statistics of the compiled dataset. First, the average firms tend to

be large (e.g., having 459 workers, and 5.1 billion JPY physical capital, roughly equivalent to 40

million USD), because the BSJBSA only covers medium and large firms. Second, the average firms

report 6.8 customers and 6.7 suppliers, suggesting that the TSR’s limit of reporting suppliers and

customers up to 24 connections is not practically binding for most of the firms.

[Table 2 Here]

Figures 1–3 illustrate the number of firms, their average size in terms of employment, and

their average number of customers and suppliers for each 1-digit JSIC rev12 industry. Figure 1

indicates that most of the firms in our sample are in the manufacturing, wholesale & retail trade,

and information & communications industries. Among them, those in the service industries tend

to be large in terms of employment (e.g., accommodations, eating, & drinking service, electricity,

gas, heat, & water, and finance & insurance) (Figure 2). In terms of connectedness with other

firms, those in the construction, manufacturing, and mining & quarrying industries tend to have

a larger number of customers and suppliers, while those in the service industries tend to have a

smaller number of connections (Figure 3).

[Figure 1 Here]

[Figure 2 Here]

[Figure 3 Here]

Figures 4–6 show a large heterogeneity across prefectures in terms of the number of firms, their

average size, and their average number of customers and suppliers. Most of the firms in our sample

are located in economically large prefectures, such as Tokyo, Osaka, Aichi, Kanagawa, and Hyogo

(Figure 4). Firms in these large prefectures tend also to be large in terms of employment (Figure 5)

and connected with a larger number of both customers and suppliers (Figure 6).

[Figure 4 Here]

[Figure 5 Here]

[Figure 6 Here]

The potential spatial dependence across firms through the product and input markets and the

supply chain can be more local than the prefecture level. Bernard, Moxnes and Saito (2019) show

that the median distance of any customer-supplier pair in the TSR data is 30 km and thus smaller

than the typical size of prefectures. Thus, the following figures further provide the characterization

at the commuting zone level. Figure 7 shows the number of CZs within each prefecture in 2015.

Prefectures with large areas (e.g., Hokkaido, Fukushima, Iwate) tend to have many CZs, while

those with small areas and economic sizes (e.g., Kagawa and Saga) tend to have few CZs. Figure 8

shows the number of firms per commuting zones in each prefecture. As expected, Tokyo, Osaka,

and Aichi have larger number of firms per CZs, because they are economically large but not large

in terms of geographical areas.

[Figure 7 Here]
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[Figure 8 Here]

4.2 Definition of Connectivity Matrices

To model the spatial-temporal lag dependence in outputs, we define the output connectivity matrix

Wy
t−1 based on the set of a firm’s customers and/or suppliers located in the same commuting zone.

The ij-th element of Wy
t−1 takes on the value one when both firms i and j are located in the same

commuting zone, and when firm j is a customer or supplier of firm i in period t− 1. This is in line

with the research conducted by Ellison, Glaeser and Kerr (2010). They find that the geographical

proximity of firms and the input-output linkages across firms play an important role in productivity

spillovers.

Next, for the spatial-temporal lag dependence in inputs, we restrict our focus to labor input

usage of related firms, and define input connectivity matrix WΩ
t−1 such that the ij-th element of

WΩ
t−1 takes on the value one if both firms i and j operate in the same industry and are located

in the same commuting zone in period t − 1. Firms that operate in the same industry are more

likely to employ the same type of workers, while commuting zone is taken into account considering

potential labor mobility frictions across locations. Multiple theories have been proposed about the

benefits associated with a large labor pool. When firms in the same industry and location employ

more workers, the potential pool of labor in the industry-location increases. This facilitates better

worker-firm matches (e.g., Helsley and Strange, 1990); allows risk sharing and worker turnover

across firms (e.g., Diamond and Simon, 1990; Krugman, 1991); and induces stronger incentives for

workers to invest in human capital knowing that they do not face ex post appropriation (Rotemberg

and Saloner, 2000). As a result, conditional on the amount of labor input hired by a firm, the quality

of labor input (and hence firm productivity) is likely higher when the total labor employed in the

same industry-location in the past period is larger. Relatedly, Greenstone, Hornbeck and Moretti

(2010) find that estimated spillover effects resulting from the opening of Million Dollar Plants are

larger for other plants that share labor pools and similar technologies with the new plant.

To model the spatial diffusion of the productivity shock ut, we consider two variants of the

connectivity matrix Wu
t . In the first variant, the ij-th element of Wu

t takes on the value one when

both firms i and j are in the same industry and location. In the second variant, the ij-th element

of Wu
t takes on the value one when both firms i and j are in the same industry and location, and

in addition, firm j is also a customer or supplier of firm i’s in period t. Supporting evidence of the

criteria used above includes the work by Audretsch and Belitski (2020) and Matray (2021). The

latter shows that local innovation spillovers decline rapidly with distance. In the second variant, the

spillover is further restricted specifically to firms in supplier-customer relationships. An unexpected

productivity shock experienced by a firm may trickle down to its buyers via the provision of higher

quality inputs, allowing its buyers to scale up their productivities. Alternatively, the technology

innovation or discovery may occur simultaneously to the network of firms belong to the same supply

or value chain. Note that the second variant is a relatively sparse matrix compared to the first
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variant.

After obtaining the connectivity matrices for each time period t, we conduct row normalisation.

In the event where the row sum is zero, the row remains as it is.

5 Monte Carlo Simulations

In this section, we conduct Monte Carlo simulations to assess the consistency and efficiency of the

estimator proposed in Section 3 (which allows for spatial dependence in productivity), in comparison

with the conventional estimators (that assume no such spatial dependence). We consider three base

data generating processes (DGPs). The first, DGP1, is favorable to the conventional estimator and

assumes that the productivity ωt follows an AR(1) process. The second, DGP2, is favourable to our

estimator and assumes the productivity ωt to depend on both lagged productivity and the lagged

outputs/inputs of connected firms as in Equation (2). The third, DGP3, furthermore allows the

productivity shock ut to be spatially correlated as in Equation (3). These simulations help evaluate

the implications of not accounting for spatial effects when they are indeed present (and vice versa).

We generate the simulation data based on the empirical sample statistics of the Japanese

BSJBSA-TSR matched dataset that we will apply our methodology to in Section 6. Appendix A

provides detailed documentations of the simulation setups, but the basics are as follows. We follow

ACF and adopt a production function that is Leontief in materials such that:

V Ait = min {eα0Lαl
it K

αk
it eωit , eαmMit}eξit ,

which implies Equation (1). In turn, gross output is linear in value-added. In particular, we set

eαm = 1 in simulating the gross output. The firm-level productivity is then simulated based on

Equations (2)–(3), with suitable restrictions on the parameters according to the DGPs studied.

The firm-level input variables (labor and capital inputs) and the firm-to-firm connectivity ma-

trices are simulated based on the firm-level statistics and the supplier-customer network statistics

of the BSJBSA-TSR matched dataset. For example, based on the BSJBSA-TSR matched dataset,

we tabulate the distribution of firms that supply to one, two, three, . . ., and up to 24 other firms;

and respectively, the distribution of firms that purchase from one, two, three, . . ., and up to 24

other firms. We use these distribution statistics across time to simulate the time-varying supplier-

customer network, taking into account network addition, attrition, and persistency observed in the

data.

Given the model structure, we assume the error terms (ξit, vit) are normally distributed with

mean zeros and standard deviations of σξ = 0.3 and σv = 0.7. We simulate a balanced panel of 250,

500 or 1000 firms for 10 or 19 time periods. For each DGP, 500 simulated samples are drawn and

estimated. We report the mean (Mean) and the standard deviation (SD) of the parameter point

estimates across the 500 Monte Carlo simulations, together with the estimated standard errors (SE)

derived from the variance-covariance matrices of the estimators. The exact parameter values used
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in the DGPs are listed in the first row of Tables 3–8. The parameter values that are common across

DGPs are: α0 = 0, αl = 0.6, αk = 0.4; ρ1 = 0.5 and ρ2 = . . . = ρG = 0. To simplify the Monte

Carlo exercises, we drop xi,t−1 (a firm’s lagged exporting status and/or R&D expenditure) from

consideration in the simulation. In DGP2, the strength of spillovers in terms of lagged outputs and

labor inputs are set at: λ = βl = 0.01. In the appendix, we also consider stronger spillovers such

that λ = βl = 0.1 and alternatively negative spillovers such that λ = βl = −0.1. In DGP3, with

spatial error dependence, we set µ = 0.25.

Given the simulated sample, we use theWooldridge (2009) GMM estimator (henceforthWGMM)

to represent the conventional estimators (that assume no spatial dependence in productivity across

firms). The Wooldridge (2009) procedure estimates the production function parameters in one step,

in contrast with the two-step procedures proposed by LP and ACF. For our proposed estimator

(SGMM), we use the instruments indicated in (12) and (13) in estimations. In particular, the

current and first lag of labor, capital and material inputs are used as the instruments for the first-

stage equation (5), with a degree-1 h function in labor, capital and material inputs (à la Ackerberg,

Caves and Frazer, 2015). For the second-stage equation (6), the current capital along with the first

lag of labor, capital and material inputs, and the lagged-one-period outputs and labor inputs of

related firms (Wy
t−1yt−1, (W

y
t−1)

2yt−1, W
l
t−1lt−1, (W

l
t−1)

2lt−1) are used as instruments. For the

third-stage estimation of SGMM, we consider the two variants of Wu
t (dense or sparse) as defined

in Section 4.2, which specifies how the productivity shocks ut are spatially correlated across firms,

whether by the industry-location of the firms or further restricted to firms with supplier-customer

relationships within the same industry-location. The same set of instruments are also used in

the case of WGMM estimations, but excluding the related firms’ lagged outputs and labor inputs

(Wy
t−1yt−1, (W

y
t−1)

2yt−1, W
l
t−1lt−1, (W

l
t−1)

2lt−1).

5.1 Simulation Results

Tables 3 and 4 report the results given DGP1. The conventional estimator (WGMM) performs well

as it should when the DGP has no spatial dependence across firms in productivity. Importantly,

our proposed estimator (SGMM) performs just as well. The point estimates of both estimators

are close to the true parameter values, and the 95% confidence intervals (CIs) include the true

parameter values for the input coefficients of the production function (αl, αk). While our estimator

has wider confidence intervals than the conventional estimator for the input coefficients, it returns

mean estimates of the spatial coefficients (λ, βl, µ) nearly identical to zeros, consistent with the

true parameter values of the underlying DGP. Both estimators are able to obtain estimates for the

autoregressive parameter that are close to the true parameter value (ρ1), even when the duration

of the panel is relatively short. Both the conventional and our proposed estimator yield standard

error estimates (SE) that are close to their Monte Carlo standard deviations (SD), and improve

with a larger sample size.

[Table 3 Here]
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[Table 4 Here]

Tables 5 and 6 report the findings for the second set of simulations (DGP2). The conventional

estimator of the input coefficients of the production function is biased, when spatial dependence

across firms via lagged outputs and labor inputs are indeed present. In particular, while its mean

estimates for αl across variations inN and T are higher than the true parameter value, this bias does

not shrink even with a larger sample size, suggesting the inconsistency of the conventional estimator

when spatial effects are present. On the other hand, our proposed estimator yields estimates that

are close to the true parameter values for both the input elasticities (αl, αk) as well as the spatial

dependence coefficients (λ, βl), with 95% CIs that well cover the true parameter values. Finally,

our proposed estimator (SGMM) obtains a statistically insignificant estimate of µ when no spatial

correlation in the error terms (i.e., the productivity shocks ut) are present.

[Table 5 Here]

[Table 6 Here]

In DGP3, the data generating process for the productivity term further allows for spatial error

correlation across related firms. In DGP3a, we simulate the data based on the sparse definition of

Wu
t ; and in DGP3b, the dense definition ofWu

t . The third-stage estimation of SGMM uses the same

definition of Wu
t in its empirical specification as the underlying DGP. Thus, misspecification bias

is not addressed in this set of experiments. Tables 7 and 8 show that the conventional estimator of

the labor coefficient of the production function is inconsistent, while our proposed estimator yields

consistent estimates that are close to the true parameter values for all the coefficients of interest. In

particular, we note that the estimator returns estimates of the spatial error dependence coefficient

(µ) that are close to its true parameter value when it is indeed non-zero.

[Table 7 Here]

[Table 8 Here]

Across all the DGPs, we find that the proposed estimator yields estimates that are unbiased

and consistent for the parameters of interest both in the absence and presence of spatial effects. As

the sample size (N(T − 1)) increases, the standard error estimates (SE) tend towards the Monte

Carlo standard deviations (SD) for all parameters. Importantly, we note that the both the standard

errors and the Monte Carlo standard deviations shrink at a
√
2 rate when the sample size doubles,

suggesting a convergence rate of
√

N(T − 1).

6 Empirical Analysis

The methodology and estimation algorithms proposed above are being applied to the Japanese

dataset documented in Section 4.
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7 Conclusion

Firm-level productivity (production function) estimation is critical to both positive and normative

research in inferring the characteristics of firm-level production activities and identifying the effect of

policy/exogenous shocks. Equally important, a large literature has documented/analyzed how firms

interact with each other via the input-output linkages, factor markets, and geographical/sectoral

agglomeration. This paper contributes to the literature by proposing methodologies for estimating

firm-level productivity (production function), simultaneously taking into account potential spatial

interaction across firms. In particular, a firm’s productivity is modelled structurally to depend on

related firms’ lagged outputs (e.g., via buyer-seller relationships in the same geographical area), on

related firms’ lagged labor inputs (e.g., via sharing the labor pool in the same industry-location),

and on related firms’ current productivity shocks (e.g., via buyer-seller relationships in the same

industry-location).

We develop a three-stage estimation algorithm, and show by theory the asymptotic properties

of the proposed estimator and by Monte Carlo simulations the finite sample performance of the

estimator. The procedure provides the estimates of the production function parameters (the capital

and labor shares in value-added, and the degree of serial correlation in the productivity process), and

the spatial dependence parameters (of productivity on related firms’ past outputs and inputs, and

current innovation shocks). We demonstrate that our proposed estimator is consistent under DGPs

with or without spatial structure. In other words, it returns zero coefficient estimates of the spatial

dependence parameters, when the underlying DGPs are free of such structures, and consistent

estimates of the spatial dependence parameters when the underlying DGPs are characterized with

such structures (in the output/input, and/or the productivity shock dimension). In contrast, the

conventional estimators of the labor input coefficient are biased when the true DGPs are indeed

characterized by spatial dependence (and thus, the conventional specification is misspecified).

We plan to conduct additional sets of simulations, to understand how the conventional and

the proposed estimators perform in the presence of stronger positive externalities or negative ex-

ternalities. Our preliminary analysis suggests that with stronger positive externalities (i.e., larger

values for the spatial dependence parameters), the biases of the contentional estimates (of the in-

put coefficients and the autoregressive parameter) are larger than the case with weaker positive

externalities, and the bias does not go away with a larger sample size. In the presence of negative

spillover effects (contrary to the benchmark studied, but conceptually possible, e.g., due to over-

crowding or competitive effects among firms in an industry-location), the contentional estimator

underestimates the labor and capital coefficients, and overestimates the degree of serial correlation

in the productivity process. In contrast, our proposed estimator yields consistent estimates for the

parameters of interest.

Finally, we plan to apply the developed methodology and estimation algorithm to the Japanese

firm-to-firm panel dataset that we have compiled for the period 2009–2018. The analysis can help

us identify whether spatial dependence plays a significant role in Japanese firm-level productivity
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processes, and if so, which of the channels is of most importance economically. In the current

empirical context, we can also assess whether the pattern and the degree of spatial dependence

differ across industries and across major metropolitan areas. The findings will be of very much

academic and policy interest.
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A Simulation Appendix

A.1 Simulation of Connectivity Matrices

The BSJBSA-TSR matched dataset provides the distribution of the number of customers (and

respectively suppliers) that a firm has. We assign a time-invariant random number for each firm, ri,

which is uniformly distributed in [0, 1], for i ∈ {1, 2, . . . , N}. For the initial period, we use a weakly

monotonic mapping function, qnumt (·), to map the firm random number ri ∈ [0, 1] to the number

of customers, given the empirical distribution. In other words, qnumt (ri) = numit, where qnumt (·) is
the inverse of the empirical distribution function of the number of customers in period t. Given the

number of customers assigned to each firm in the initial period, we randomly draw its customers

from the pool of firms. Subsequently, given the mapping from the firm random number to the

number of customers that firm i has at time t, qnumt (ri) = numit, we randomly drop firms from the

set of customers that a firm initially has in the previous period if numit < numi,t−1∗persistency t−1,

where persistency t−1 is the fraction of firm-to-firm relationships in period t − 1 that survive in

period t as observed in the data. Alternatively, we add firms (randomly drawn from the pool of

unrelated firms) to the set of customers that a firm has in the previous period after attrition (the

identity of the connections dropped being randomly drawn from the pool of existing customers of

a firm) if numit > numi,t−1 ∗ persistency t−1. The number of suppliers that a firm has across time

is simulated in similar manner.

Similarly, given data on the distribution of firms across industries (or commuting zones), we use

the inverse of the empirical distribution function of industries, qindt (·), or commuting zones, qczt (·), to
map each firm ri ∈ [0, 1] to industry (or commuting zone) in each period, such that qindt (ri) = indit

and qczt (ri) = czit. The procedure above guarantees that the simulated connectivity matrices are

representative of the actual data, in terms of the distribution of firms according to the criteria

adopted (supplier-customer relationship, industry, and/or commuting zone).

A.2 Simulation of Input and Output Variables

Based on the BSJBSA-TSR matched dataset, we obtain the mean and standard deviation of labor

(and respectively, capital) input variable in each year from 2009 to 2018. We then simulate the

usage of labor (and respectively, capital) input by each firm, by drawing randomly from Normal

distributions that have the empirically observed mean and standard deviation specific to the input

variable and year.

Following Ackerberg, Caves and Frazer (2015), the production function is assumed to be Leontief

in materials:

V Ait = min {eα0Lαl
it K

αk
it eωit , eαmMit}eξit , (33)

which gives rise to the following relationship between material inputs and productivity after taking
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logs:

αm +mit = α0 + αllit + αkkit + ωit. (34)

Setting eαm = 1 as in ACF, we have: mit = α0 + αllit + αkkit + ωit. The logged output,

yit = lnYit, is then derived using the sum of value-added and material inputs: yit = ln(V Ait+Mit).

A.3 Simulation Procedure

The following steps are taken to generate the data used for the simulations, given information on

{lit}i=N,t=T
i=1,t=1 , {kit}i=N,t=T

i=1,t=1 , {Wy
t }

T−1
t=1 , {W

l
t}T−1

t=1 and {Wu
t }Tt=1, along with the parameter values for

{α0, αl, αk, λ, βl, ρ1, µ, σξ, σv}:

1. Set ωi,t−1 = 0, for t = 1.

2. Given ωi,t−1, generate vai,t−1 based on the simulated li,t−1 and ki,t−1, and the random draw

of ξi,t−1 from a Normal distribution with mean 0 and variance σ2
ξ .

3. Set mi,t−1 according to Equation (34) and yi,t−1 = ln(V Ai,t−1 +Mi,t−1).

4. Given yi,t−1, proceed to generate ωit based on Equations (2)–(3), and the random draw of

vit from a Normal distribution with mean 0 and variance σv.

5. Iterate steps 2–4 for t = 1, 2, . . . , T to generate values of {vait}i=N,t=T
i=1,t=1 , {mit}i=N,t=T

i=1,t=1 and

{yit}i=N,t=T
i=1,t=1 .

B Estimation Appendix

B.1 Instruments

In this section, we specify in detail the instruments used in the estimations/simulations. The

set of instruments used for our proposed estimator, SGMM, are based on the moment conditions

established in Section 3.1.

First Stage As introduced in Section 3.2.1, given the moment condition (9), we use the current

and first lag of labor, capital and material inputs as the instruments for the first-stage Equation (5),

with a degree-1 h function in labor, capital and material inputs (à la Ackerberg, Caves and Frazer,

2015). In particular, the instruments used for the t-th element of the first-stage equation are:

ZSGMM
t,I = (ιN , lt, kt,mt, lt−1, kt−1,mt−1).

If a higher-order h function is adopted, one may consider using higher-order lags of the input

variables as instruments to increase the number of identifying moment conditions (albeit at the

cost of a shorter panel duration and smaller sample size).
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Second Stage Next, as introduced in Section 3.2.2, given the moment condition (10), Equa-

tion (6) can be estimated using the following set of IVs:

ZSGMM
t,II = (ιN , kt, lt−1, kt−1,mt−1,W

y
t−1yt−1, (W

y
t−1)

2yt−1,W
l
t−1lt−1, (W

l
t−1)

2lt−1,xt−1),

where we have added higher-order spatial dependence on lagged outputs and labor inputs of related

firms (weighted by the connectivity matrices), (Wy
t−1)

2yt−1 and (Wl
t−1)

2lt−1, to the set of IVs to

help identify the spatial coefficients.

In Monte Carlo simulations, we compare the performance of WGMM and SGMM. In the case of

WGMM, the set of instruments ZWGMM
t,I used for Stage 1 are the same as ZSGMM

t,I , but the set of

instruments ZWGMM
t,II used for Stage 2 excludes (Wy

t−1yt−1, (W
y
t−1)

2yt−1, W
l
t−1lt−1, (W

l
t−1)

2lt−1),

since WGMM assumes away the spatial terms in Equation (2). Finally, in simulations, where the

DGPs omit xt−1 from Equation (2), we drop the variable from the set of instruments correspond-

ingly.
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Table 1: BSJBSA and TSR Matching Percentage

Variable (median) 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

# firms in BSJBSA 29096 29570 30647 30584 30217 30180 30231 30151 29530 29780
# TSR firms matched 26947 27559 28486 28557 28237 28263 28196 28448 27715 27978

Percentage 92.61 93.20 92.95 93.37 93.45 93.65 93.27 94.35 93.85 93.95

Table 2: Summary Statistics for 2015

Variable Observations Mean Std. Min Max

Labor 29044 458.93 1826.51 0 130725
Real capital 28861 5149.71 53513.25 0 4275886
Real investment 29044 684.22 5995.05 0 288458.9
Real revenue 29044 21954.38 137121.6 0.93 1.06+07
Real spending on intermediate inputs 29044 14004.56 106970.4 0 7086646
Real valued added 29044 3128.06 16631.27 -208309.8 1411724
R&D expenditure 29044 403.9078 7896.737 -17 689019
Export status 29044 0.23 0.42 0 1
Import status 29044 0.23 0.42 0 1
Number of buyers 27788 6.77 5,54 0 24
Number of sellers 27788 6.73 4.75 0 24
Number of buyers existing in BSJBSA 27788 4.09 3.95 0 23
Number of sellers existing in BSJBSA 27788 3.73 3.17 0 22
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Table 3: DGP1 – No Spatial Dependence in Productivity; Sparse Wu
t used in SGMM

Estimator N T-1 Stat.
αl αk λ βl ρ1 µ σ2

v

0.6 0.4 0 0 0.5 0 0.49

WGMM

250 9
Mean 0.6000 0.3999 - - 0.4998 - -
SD (0.0112) (0.0070) - - (0.0196) - -
SE (0.0111) (0.0071) - - (0.0198) - -

250 18
Mean 0.5998 0.4001 - - 0.4997 - -
SD (0.0078) (0.0050) - - (0.0139) - -
SE (0.0079) (0.0050) - - (0.0134) - -

500 9
Mean 0.6007 0.4000 - - 0.4989 - -
SD (0.0078) (0.0049) - - (0.0150) - -
SE (0.0079) (0.0051) - - (0.0140) - -

500 18
Mean 0.6002 0.4001 - - 0.4993 - -
SD (0.0054) (0.0035) - - (0.0098) - -
SE (0.0057) (0.0036) - - (0.0095) - -

1000 9
Mean 0.6000 0.3998 - - 0.4999 - -
SD (0.0061) (0.0038) - - (0.0097) - -
SE (0.0057) (0.0036) - - (0.0099) - -

1000 18
Mean 0.5997 0.4000 - - 0.4996 - -
SD (0.0040) (0.0024) - - (0.0067) - -
SE (0.0040) (0.0026) - - (0.0067) - -

SGMM

250 9
Mean 0.5999 0.3999 0.0000 0.0001 0.4989 -0.0038 0.4889
SD (0.0127) (0.0070) (0.0041) (0.0060) (0.0197) (0.1064) (0.0162)
SE (0.0131) (0.0071) (0.0041) (0.0063) (0.0198) (0.0812) (0.0120)

250 18
Mean 0.5998 0.4001 0.0001 -0.0001 0.4993 -0.0094 0.4902
SD (0.0092) (0.0050) (0.0030) (0.0044) (0.0139) (0.0767) (0.0118)
SE (0.0093) (0.0051) (0.0029) (0.0045) (0.0134) (0.0668) (0.0096)

500 9
Mean 0.6008 0.4000 0.0002 -0.0002 0.4984 0.0047 0.4897
SD (0.0097) (0.0049) (0.0027) (0.0045) (0.0151) (0.0798) (0.0121)
SE (0.0099) (0.0051) (0.0029) (0.0047) (0.0140) (0.0618) (0.0087)

500 18
Mean 0.6003 0.4001 0.0001 -0.0002 0.4990 -0.0004 0.4900
SD (0.0068) (0.0036) (0.0021) (0.0034) (0.0098) (0.0497) (0.0083)
SE (0.0070) (0.0037) (0.0020) (0.0033) (0.0095) (0.0436) (0.0068)

1000 9
Mean 0.6000 0.3998 -0.0001 0.0000 0.4997 0.0017 0.4889
SD (0.0079) (0.0039) (0.0020) (0.0035) (0.0097) (0.0485) (0.0083)
SE (0.0076) (0.0036) (0.0020) (0.0035) (0.0099) (0.0399) (0.0063)

1000 18
Mean 0.5995 0.4000 0.0000 0.0001 0.4995 0.0008 0.4896
SD (0.0053) (0.0025) (0.0014) (0.0027) (0.0067) (0.0331) (0.0060)
SE (0.0053) (0.0026) (0.0014) (0.0025) (0.0067) (0.0313) (0.0048)
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Table 4: DGP1 – No Spatial Dependence in Productivity; Dense Wu
t used in SGMM

Estimator N T-1 Stat.
αl αk λ βl ρ1 µ σ2

v

0.6 0.4 0 0 0.5 0 0.49

WGMM

250 9
Mean 0.6000 0.3999 - - 0.4998 - -
SD (0.0112) (0.0070) - - (0.0196) - -
SE (0.0111) (0.0071) - - (0.0198) - -

250 18
Mean 0.5998 0.4001 - - 0.4997 - -
SD (0.0078) (0.0050) - - (0.0139) - -
SE (0.0079) (0.0050) - - (0.0134) - -

500 9
Mean 0.6007 0.4000 - - 0.4989 - -
SD (0.0078) (0.0049) - - (0.0150) - -
SE (0.0079) (0.0051) - - (0.0140) - -

500 18
Mean 0.6002 0.4001 - - 0.4993 - -
SD (0.0054) (0.0035) - - (0.0098) - -
SE (0.0057) (0.0036) - - (0.0095) - -

1000 9
Mean 0.6000 0.3998 - - 0.4999 - -
SD (0.0061) (0.0038) - - (0.0097) - -
SE (0.0057) (0.0036) - - (0.0099) - -

1000 18
Mean 0.5997 0.4000 - - 0.4996 - -
SD (0.0040) (0.0024) - - (0.0067) - -
SE (0.0040) (0.0026) - - (0.0067) - -

SGMM

250 9
Mean 0.5999 0.3999 0.0000 0.0001 0.4989 0.0060 0.4896
SD (0.0127) (0.0070) (0.0041) (0.0060) (0.0197) (0.0465) (0.0162)
SE (0.0131) (0.0071) (0.0041) (0.0063) (0.0198) (0.0371) (0.0120)

250 18
Mean 0.5998 0.4001 0.0001 -0.0001 0.4993 -0.0004 0.4901
SD (0.0092) (0.0050) (0.0030) (0.0044) (0.0139) (0.0320) (0.0121)
SE (0.0093) (0.0051) (0.0029) (0.0045) (0.0134) (0.0284) (0.0096)

500 9
Mean 0.6008 0.4000 0.0002 -0.0002 0.4984 -0.0002 0.4894
SD (0.0097) (0.0049) (0.0027) (0.0045) (0.0151) (0.0335) (0.0124)
SE (0.0099) (0.0051) (0.0029) (0.0047) (0.0140) (0.0266) (0.0087)

500 18
Mean 0.6003 0.4001 0.0001 -0.0002 0.4990 0.0017 0.4899
SD (0.0068) (0.0036) (0.0021) (0.0034) (0.0098) (0.0229) (0.0083)
SE (0.0070) (0.0037) (0.0020) (0.0035) (0.0095) (0.0204) (0.0068)

1000 9
Mean 0.6000 0.3998 -0.0001 0.0000 0.4997 -0.0005 0.4890
SD (0.0079) (0.0039) (0.0020) (0.0035) (0.0097) (0.0241) (0.0083)
SE (0.0076) (0.0036) (0.0020) (0.0035) (0.0099) (0.0204) (0.0063)

1000 18
Mean 0.5995 0.4000 0.0000 0.0001 0.4995 -0.0006 0.4898
SD (0.0053) (0.0025) (0.0014) (0.0027) (0.0067) (0.0160) (0.0061)
SE (0.0053) (0.0026) (0.0014) (0.0025) (0.0067) (0.0157) (0.0048)
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Table 5: DGP2 – Spatial Dependence in Productivity via Lagged Outputs and Labor Inputs
of Related Firms; Sparse Wu

t used in SGMM

Estimator N T-1 Stat.
αl αk λ βl ρ1 µ σ2

v

0.6 0.4 0.01 0.01 0.5 0 0.49

WGMM

250 9
Mean 0.6166 0.4017 - - 0.5057 - -
SD (0.0112) (0.0070) - - (0.0198) - -
SE (0.0111) (0.0071) - - (0.0197) - -

250 18
Mean 0.6165 0.4016 - - 0.5065 - -
SD (0.0078) (0.0050) - - (0.0136) - -
SE (0.0079) (0.0050) - - (0.0133) - -

500 9
Mean 0.6189 0.4012 - - 0.5044 - -
SD (0.0078) (0.0049) - - (0.0149) - -
SE (0.0079) (0.0051) - - (0.0139) - -

500 18
Mean 0.6185 0.4013 - - 0.5053 - -
SD (0.0054) (0.0035) - - (0.0099) - -
SE (0.0057) (0.0036) - - (0.0094) - -

1000 9
Mean 0.6198 0.4010 - - 0.5039 - -
SD (0.0061) (0.0038) - - (0.0096) - -
SE (0.0057) (0.0036) - - (0.0098) - -

1000 18
Mean 0.6195 0.4013 - - 0.5052 - -
SD (0.0040) (0.0024) - - (0.0067) - -
SE (0.0040) (0.0026) - - (0.0067) - -

SGMM

250 9
Mean 0.5999 0.3999 0.0100 0.0101 0.4988 -0.0039 0.4890
SD (0.0127) (0.0070) (0.0041) (0.0060) (0.0197) (0.1064) (0.0161)
SE (0.0131) (0.0071) (0.0040) (0.0063) (0.0197) (0.0812) (0.0120)

250 18
Mean 0.5998 0.4001 0.0102 0.0099 0.4993 -0.0094 0.4902
SD (0.0092) (0.0050) (0.0030) (0.0044) (0.0138) (0.0767) (0.0118)
SE (0.0093) (0.0051) (0.0029) (0.0045) (0.0134) (0.0668) (0.0095)

500 9
Mean 0.6008 0.4000 0.0102 0.0098 0.4985 0.0047 0.4896
SD (0.0097) (0.0049) (0.0027) (0.0045) (0.0150) (0.0798) (0.0121)
SE (0.0099) (0.0051) (0.0028) (0.0047) (0.0139) (0.0618) (0.0087)

500 18
Mean 0.6003 0.4001 0.0101 0.0098 0.4991 -0.0004 0.4899
SD (0.0068) (0.0036) (0.0021) (0.0034) (0.0098) (0.0497) (0.0083)
SE (0.0070) (0.0037) (0.0020) (0.0033) (0.0095) (0.0436) (0.0068)

1000 9
Mean 0.6000 0.3998 0.0099 0.0100 0.4997 0.0017 0.4889
SD (0.0079) (0.0039) (0.0020) (0.0035) (0.0097) (0.0485) (0.0083)
SE (0.0076) (0.0036) (0.0020) (0.0035) (0.0099) (0.0399) (0.0063)

1000 18
Mean 0.5996 0.4000 0.0100 0.0101 0.4995 0.0008 0.4896
SD (0.0053) (0.0025) (0.0014) (0.0027) (0.0067) (0.0331) (0.0060)
SE (0.0053) (0.0026) (0.0014) (0.0025) (0.0067) (0.0313) (0.0048)
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Table 6: DGP2 – Spatial Dependence in Productivity via Lagged Outputs and Labor Inputs
of Related Firms; Dense Wu

t used in SGMM

Estimator N T-1 Stat.
αl αk λ βl ρ1 µ σ2

v

0.6 0.4 0.01 0.01 0.5 0 0.49

WGMM

250 9
Mean 0.6166 0.4017 - - 0.5057 - -
SD (0.0112) (0.0070) - - (0.0198) - -
SE (0.0111) (0.0071) - - (0.0197) - -

250 18
Mean 0.6165 0.4016 - - 0.5065 - -
SD (0.0078) (0.0050) - - (0.0136) - -
SE (0.0079) (0.0050) - - (0.0133) - -

500 9
Mean 0.6189 0.4012 - - 0.5044 - -
SD (0.0078) (0.0049) - - (0.0149) - -
SE (0.0079) (0.0051) - - (0.0139) - -

500 18
Mean 0.6185 0.4013 - - 0.5053 - -
SD (0.0054) (0.0035) - - (0.0099) - -
SE (0.0057) (0.0036) - - (0.0094) - -

1000 9
Mean 0.6198 0.4010 - - 0.5039 - -
SD (0.0061) (0.0038) - - (0.0096) - -
SE (0.0057) (0.0036) - - (0.0098) - -

1000 18
Mean 0.6195 0.4013 - - 0.5052 - -
SD (0.0040) (0.0024) - - (0.0067) - -
SE (0.0040) (0.0026) - - (0.0067) - -

SGMM

250 9
Mean 0.5999 0.3999 0.0100 0.0101 0.4988 0.0032 0.4895
SD (0.0127) (0.0070) (0.0041) (0.0060) (0.0197) (0.0465) (0.0162)
SE (0.0131) (0.0071) (0.0040) (0.0063) (0.0197) (0.0371) (0.0121)

250 18
Mean 0.5998 0.4001 0.0102 0.0099 0.4993 -0.0004 0.4900
SD (0.0092) (0.0050) (0.0030) (0.0044) (0.0138) (0.0320) (0.0120)
SE (0.0093) (0.0051) (0.0029) (0.0045) (0.0134) (0.0284) (0.0096)

500 9
Mean 0.6008 0.4000 0.0102 0.0098 0.4985 -0.0002 0.4893
SD (0.0097) (0.0049) (0.0027) (0.0045) (0.0150) (0.0335) (0.0123)
SE (0.0099) (0.0051) (0.0028) (0.0047) (0.0139) (0.0266) (0.0087)

500 18
Mean 0.6003 0.4001 0.0101 0.0098 0.4991 0.0026 0.4899
SD (0.0068) (0.0036) (0.0021) (0.0034) (0.0098) (0.0230) (0.0083)
SE (0.0070) (0.0037) (0.0020) (0.0033) (0.0095) (0.0204) (0.0068)

1000 9
Mean 0.6000 0.3998 0.0099 0.0100 0.4997 -0.0005 0.4889
SD (0.0079) (0.0039) (0.0020) (0.0035) (0.0097) (0.0241) (0.0083)
SE (0.0076) (0.0036) (0.0020) (0.0035) (0.0099) (0.0204) (0.0063)

1000 18
Mean 0.5996 0.4000 0.0100 0.0101 0.4995 -0.0006 0.4898
SD (0.0053) (0.0025) (0.0014) (0.0027) (0.0067) (0.0160) (0.0061)
SE (0.0053) (0.0026) (0.0014) (0.0025) (0.0067) (0.0157) (0.0048)

29



Table 7: DGP3a – Spatial Dependence in Productivity via Lagged Outputs and Labor Inputs
of Related Firms, and via Productivity Shocks; Sparse Wu

t used in both DGP and in SGMM

Estimator N T-1 Stat.
αl αk λ βl ρ1 µ σ2

v

0.6 0.4 0.01 0.01 0.5 0.25 0.49

WGMM

250 9
Mean 0.6166 0.4016 - - 0.5058 - -
SD (0.0112) (0.0070) - - (0.0198) - -
SE (0.0112) (0.0071) - - (0.0197) - -

250 18
Mean 0.6165 0.4016 - - 0.5066 - -
SD (0.0079) (0.0050) - - (0.0137) - -
SE (0.0079) (0.0051) - - (0.0133) - -

500 9
Mean 0.6189 0.4012 - - 0.5045 - -
SD (0.0078) (0.0049) - - (0.0149) - -
SE (0.0080) (0.0051) - - (0.0139) - -

500 18
Mean 0.6185 0.4013 - - 0.5054 - -
SD (0.0054) (0.0035) - - (0.0099) - -
SE (0.0057) (0.0037) - - (0.0094) - -

1000 19
Mean 0.6198 0.4010 - - 0.5039 - -
SD (0.0061) (0.0038) - - (0.0096) - -
SE (0.0057) (0.0036) - - (0.0098) - -

1000 18
Mean 0.6195 0.4013 - - 0.5054 - -
SD (0.0040) (0.0024) - - (0.0068) - -
SE (0.0037) (0.0025) - - (0.0067) - -

SGMM

250 9
Mean 0.5999 0.3999 0.0099 0.0101 0.4988 0.2450 0.4889
SD (0.0127) (0.0070) (0.0041) (0.0061) (0.0197) (0.1065) (0.0162)
SE (0.0131) (0.0071) (0.0040) (0.0063) (0.0197) (0.0811) (0.0120)

250 18
Mean 0.5998 0.4001 0.0102 0.0099 0.4992 0.2401 0.4902
SD (0.0092) (0.0050) (0.0030) (0.0045) (0.0138) (0.0766) (0.0118)
SE (0.0093) (0.0051) (0.0029) (0.0045) (0.0134) (0.0667) (0.0095)

500 9
Mean 0.6008 0.4000 0.0102 0.0098 0.4984 0.2541 0.4896
SD (0.0097) (0.0049) (0.0027) (0.0045) (0.0150) (0.0798) (0.0121)
SE (0.0099) (0.0051) (0.0029) (0.0047) (0.0139) (0.0618) (0.0087)

500 18
Mean 0.6003 0.4001 0.0101 0.0098 0.4990 0.2492 0.4899
SD (0.0068) (0.0036) (0.0021) (0.0034) (0.0099) (0.0495) (0.0083)
SE (0.0070) (0.0037) (0.0020) (0.0033) (0.0095) (0.0434) (0.0068)

1000 9
Mean 0.6003 0.3998 0.0099 0.0101 0.4996 0.2520 0.4892
SD (0.0079) (0.0038) (0.0020) (0.0036) (0.0097) (0.0485) (0.0083)
SE (0.0076) (0.0036) (0.0020) (0.0035) (0.0099) (0.0399) (0.0063)

1000 18
Mean 0.5995 0.4000 0.0100 0.0101 0.4995 0.2506 0.4896
SD (0.0053) (0.0025) (0.0014) (0.0027) (0.0067) (0.0331) (0.0060)
SE (0.0050) (0.0025) (0.0014) (0.0025) (0.0067) (0.0313) (0.0048)
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Table 8: DGP3b – Spatial Dependence in Productivity via Lagged Outputs and Labor Inputs
of Related Firms, and via Productivity Shocks; Dense Wu

t used in both DGP and in SGMM

Estimator N T-1 Stat.
αl αk λ βl ρ1 µ σ2

v

0.6 0.4 0.01 0.01 0.5 0.25 0.49

WGMM

250 9
Mean 0.6165 0.4017 - - 0.5055 - -
SD (0.0116) (0.0070) - - (0.0201) - -
SE (0.0112) (0.0072) - - (0.0197) - -

250 18
Mean 0.6166 0.4015 - - 0.5064 - -
SD (0.0081) (0.0050) - - (0.0140) - -
SE (0.0080) (0.0051) - - (0.0133) - -

500 9
Mean 0.6190 0.4012 - - 0.5040 - -
SD (0.0081) (0.0049) - - (0.0152) - -
SE (0.0080) (0.0051) - - (0.0139) - -

500 18
Mean 0.6181 0.4015 - - 0.5051 - -
SD (0.0052) (0.0035) - - (0.0099) - -
SE (0.0052) (0.0036) - - (0.0094) - -

1000 9
Mean 0.6198 0.4012 - - 0.5037 - -
SD (0.0061) (0.0038) - - (0.0096) - -
SE (0.0057) (0.0036) - - (0.0098) - -

1000 18
Mean 0.6195 0.4013 - - 0.5052 - -
SD (0.0043) (0.0025) - - (0.0069) - -
SE (0.0040) (0.0026) - - (0.0067) - -

SGMM

250 9
Mean 0.5999 0.4000 0.0100 0.0101 0.4986 0.2522 0.4895
SD (0.0129) (0.0070) (0.0042) (0.0062) (0.0201) (0.0458) (0.0162)
SE (0.0131) (0.0072) (0.0040) (0.0063) (0.0197) (0.0365) (0.0121)

250 18
Mean 0.5998 0.4001 0.0101 0.0100 0.4992 0.2492 0.4900
SD (0.0093) (0.0050) (0.0030) (0.0046) (0.0141) (0.0315) (0.0120)
SE (0.0087) (0.0050) (0.0029) (0.0046) (0.0134) (0.0279) (0.0096)

500 9
Mean 0.6008 0.4000 0.0102 0.0099 0.4982 0.2494 0.4894
SD (0.0098) (0.0049) (0.0027) (0.0046) (0.0153) (0.0330) (0.0124)
SE (0.0099) (0.0051) (0.0029) (0.0047) (0.0139) (0.0262) (0.0087)

500 18
Mean 0.6002 0.4000 0.0101 0.0098 0.4990 0.2491 0.4890
SD (0.0068) (0.0035) (0.0021) (0.0035) (0.0098) (0.0227) (0.0083)
SE (0.0070) (0.0036) (0.0020) (0.0033) (0.0095) (0.0201) (0.0068)

1000 9
Mean 0.6003 0.3998 0.0099 0.0101 0.4996 0.2498 0.4890
SD (0.0079) (0.0038) (0.0020) (0.0036) (0.0098) (0.0239) (0.0083)
SE (0.0076) (0.0036) (0.0020) (0.0035) (0.0099) (0.0202) (0.0063)

1000 18
Mean 0.5996 0.4000 0.0100 0.0101 0.4996 0.2493 0.4898
SD (0.0054) (0.0025) (0.0014) (0.0028) (0.0069) (0.0159) (0.0060)
SE (0.0053) (0.0026) (0.0014) (0.0025) (0.0067) (0.0155) (0.0048)
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Figure 1: Number of firms in each industry in 2015
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Figure 2: Average firm’s employment in each industry in 2015
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Figure 3: Average number of connections in each industry in 2015
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Figure 4: Number of firms in each prefecture in 2015
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Figure 5: Average firm’s employment in each prefecture in 2015
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Figure 6: Average number of connections in each prefecture in 2015
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Figure 7: Number of commuting zones in each prefecture in 2015

0 5 10 15 20 25
# CZs within prefectures in 2015

Hokkaido
Nagano
Saitama

Niigata
Kumamoto
Kagoshima
Fukushima

Shizuoka
Mie

Iwate
Hyogo

Gifu
Fukuoka

Aomori
Yamagata

Wakayama
Tokyo

Okinawa
Miyazaki

Kyoto
Ibaraki
Ehime
Chiba
Akita

Yamanashi
Shimane
Nagasaki

Miyagi
Kochi

Kanagawa
Gunma

Aichi
Yamaguchi

Tottori
Tokushima

Tochigi
Saga

Osaka
Okayama

Oita
Nara

Ishikawa
Hiroshima

Toyama
Shiga

Kagawa
Fukui

Figure 8: Number of firms per commuting zones in each prefecture in 2015
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