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ABSTRACT10

This study investigates the propagation of economic shocks through production networks by comparing
firm- and establishment-level networks. To achieve this, we integrate a comprehensive firm-level
production network dataset for Japan with a dataset covering nearly all Japanese establishments and
including detailed output information. This approach allows us to construct an establishment-level
production network that identifies multiple inputs and outputs for each establishment, encompassing
183,951 manufacturing establishments within 157,537 firms and capturing 919,982 inter-establishment
linkages. Applying the data to a probabilistic diffusion model, we simulate the transmission of supply
chain disruptions and derive the following key findings: (1) The establishment-level network exhibits
a higher degree of shock propagation than the firm-level network. (2) Incorporating product-level
information enhances the estimated propagation effects relative to industry-level classifications alone.
(3) Regional shocks propagate significantly differently across the two network levels, highlighting the
misidentification of more micro supply chains in the firm-level network. These findings underscore the
importance of granular data in accurately assessing economic shock transmission through production
networks.

11

1 Introduction12

Supply chain disruptions pose significant risks to the real economy, as they can propagate through13

production networks, amplifying their impact beyond the initially affected firms. When an exogenous14

shock,such as a natural disaster, pandemic, or geopolitical conflict, reduces the production capacity of15

certain firms, the effects extend to their suppliers, which experience a decline in demand, and to their16

customers, which face shortages of essential materials, parts, or components1, 2. As a result, even relatively17

small initial shocks can generate substantial indirect effects, sometimes surpassing the direct impact of18

the original disruption3, 4. These cascading effects can contribute to large-scale fluctuations across the19

economy5–7.20

A key limitation of prior research on shock propagation in supply chains is its reliance on inter-industry21

analysis based on input-output (IO) tables7–9. While IO tables provide a useful macroeconomic perspective,22

they fail to capture the granular complexity of actual production networks, which operate at the firm or23

even establishment level. The interactions in these networks are significantly more intricate than physical24

interactions, such as those between molecules, due to the heterogeneity of firms and their organizational25

structures. Furthermore, because IO tables aggregate firm-level transactions, they obscure individual26
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firm-specific circumstances and, as a result, tend to underestimate or misrepresent the true magnitude of27

shock propagation10, 11. To address these limitations, recent research leveraging firm-level production28

network data has provided new insights into the complexities of supply chain disruptions, a development29

made possible by the increasing availability of detailed datasets10, 12–14.30

Despite the progress made in firm-level analyses, several challenges remain. First, supply chains31

primarily operate at the establishment level, where intermediate goods are transacted between individual32

plants rather than between firms as a whole. Consequently, the structure of the production network at33

the establishment level differs from that at the firm level and is likely to be more intricate. Second,34

many firm-level datasets record the location of corporate headquarters but not the locations of individual35

establishments. Since headquarters tend to cluster in major metropolitan areas such as Tokyo, firm-level36

networks may fail to accurately represent inter-regional supply chain linkages. This limitation can lead to37

an underestimation of regional economic interdependence and an inability to analyze the propagation of38

region-specific shocks. Finally, standard firm-level datasets often classify firms by industry but do not39

provide detailed information about the specific products manufactured at each establishment. To account40

for input substitution and resilience within production networks, previous studies have often assumed41

that firms within the same industry produce homogeneous products. However, this assumption is overly42

simplistic and neglects potentially significant variations in product characteristics within a given industry.43

To address these challenges, this study constructs a large-scale production network in Japan that44

explicitly identifies the linkages between establishments and the products they manufacture. This analysis45

is based on two key datasets. The first is the Company Information Database and Company Linkage46

Database compiled by Tokyo Shoko Research (TSR), which, as of 2020, contains data on 1,520,605 firms47

and 5,860,726 supplier-client relationships. Our analysis focuses on a subset of manufacturing firms. The48

second dataset is the Economic Census for Business Activity, conducted by the Ministry of Economy,49

Trade, and Industry in 2021, which includes data on 512,401 manufacturing establishments. Crucially, the50

Census data provide information on the specific products manufactured at each establishment, enabling us51

to decompose inter-firm linkages into establishment-level connections by inferring the “recipe” of input52

combinations required to produce a given output. From this process, we construct a production network53

comprising 183,951 manufacturing establishments affiliated with 157,537 firms and 919,982 supply chain54

linkages between these establishments. We then apply a probabilistic diffusion model to simulate the55

propagation of supply chain disruptions across networks of varying levels of granularity.56

Our main findings are as follows. First, simulations comparing the TSR firm-level network with the57

newly constructed establishment-level network reveal that the latter exhibits greater shock propagation58

effects. Second, we analyze different levels of input substitutability, considering scenarios with no substitu-59

tion, substitution between identical products as classified in the Census data, substitution between products60

within the same industry, and complete substitution. Our results indicate that incorporating detailed61

product-level information significantly amplifies shock propagation relative to models relying solely on62

industry classifications. Finally, when disruptions originate in Tokyo, where corporate headquarters are63

concentrated, firm-level analyses tend to overestimate the extent of propagation compared to shocks64

originating from other regions. In contrast, establishment-level analysis, which accounts for the precise65

locations of production facilities, does not exhibit such overestimation, highlighting the importance of66

accurately mapping network structures. By integrating establishment-level production network data and67

detailed product information, this study provides a more comprehensive framework for assessing the68

resilience and vulnerability of supply chains. Our findings underscore the necessity of granular data in69

capturing the true dynamics of economic disruptions and offer valuable insights for policymakers and70

businesses seeking to enhance supply chain robustness.71
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2 Data72

2.1 Primary data73

One of the primary data sources for this study is the Company Information Database and Company Linkage74

Database, collected by Tokyo Shoko Research (TSR). The Company Information Database provides75

key attributes for each firm, including its name, address, industry classification, sales, and corporate76

identification number. The Company Linkage Database details domestic supplier-client relationships. We77

utilize data from 2020 to ensure consistency with the Economic Census for Business Activity, conducted78

in 2021, as described below. Among the available years, 2020 is the closest to 2021, making it the79

most suitable for our analysis. The TSR dataset contains 1,520,605 firms and 5,860,726 trade links,80

encompassing a broad range of firms in Japan, and capturing the majority of significant production81

relationships. As outlined later, we extract manufacturing firms from this dataset for our analysis.82

While the TSR dataset provides valuable information to construct the firm-level production network83

of most firms in Japan, a key limitation is its lack of information on individual establishments and84

the specific products they manufacture. To address this gap, we incorporate data from the Economic85

Census for Business Activity (hereafter referred to as the Census). The Census is conducted every five86

years by the Ministry of Internal Affairs and Communications and the Ministry of Economy, Trade and87

Industry in Japan15. It covers all establishments across all industries, including those of micro, small, and88

medium-sized enterprises. The Census dataset provides comprehensive details for each establishment,89

including its name, address, phone number, number and type of employees, business activities, enterprise90

type, breakdown of sales by products, breakdown of expenses, and purchased items. For this study, we91

specifically use the 2021 Census data, which includes 5,156,063 establishments.92

To construct a more detailed production network, we integrate the Census data with the TSR dataset93

using corporate identification numbers. This process adds 1,014,673 non-headquarter establishments to the94

dataset, supplementing the TSR dataset’s information on firm headquarters. Although the merged dataset95

encompasses all firms and establishments in Japan, our analysis focuses on the manufacturing sector for96

three primary reasons. First, identifying a network of establishments requires inferring the "recipe" for97

producing each product based on a combination of specific inputs. This inference is more feasible for98

the manufacturing sector compared to other industries. Second, including additional sectors, particularly99

the wholesale sector, complicates the analysis of production networks between establishments due to the100

nature of trade relationships. Finally, we utilize purchase data from the Basic Survey of Japanese Business101

Structure and Activities (BSJ) (Kigyo Katsudo Kihon Chosa), an annual survey conducted by the Ministry102

of Economy, Trade, and Industry. This survey primarily targets the manufacturing sector, making it a103

suitable complement to our dataset. As a result of this data integration and selection process, our final104

sample consists of 157,537 firms and 183,951 establishments, producing 2,396 distinct products, classified105

into 595 industries according to the Japanese Standard Industrial Classification (JSIC)16.106

2.2 Creating the production network with establishments and products107

Using the two data sources, i.e., the TSR dataset containing firm-level links and the Census dataset108

with establishment-level attributes but no explicit link information, we infer plausible supplier-client109

relationships between establishments. To achieve this, we adopt a two-step methodology. First, we filter110

links based on standard input-output relationships. Second, we refine these connections using a set cover111

optimization approach.112

In the first step, we establish initial links by assuming that every establishment of a supplier firm is113

potentially connected to every establishment of its client firms. We then refine these connections by identi-114

fying "standard recipes"—the typical input-output relationships observed in the economy. Specifically, we115
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consider an input essential for a product if it appears in at least 50% of the maximum number of observed116

connections for that product. For instance, if all 1,000 establishments producing automobiles are linked117

with machinery producers but only 300 have links to food producers, we infer that machinery is a valid118

input for automobile production, whereas food is not. While the 50% threshold is an arbitrary cutoff, we119

verify the robustness of our results using alternative values.120

After filtering links based on these standard recipes, some client establishments may still have redundant121

supplier connections. For example, if a supplier firm operates multiple establishments producing the same122

product, a client establishment may not need to maintain links with all of them. To resolve this, we apply123

a set cover problem formulation to determine the minimal set of supplier establishments required to satisfy124

the input demands of each client establishment.125

The set cover problem is a well-known optimization problem. It involves a universal set containing126

all elements and a collection of subsets each of which contains some elements from the universal set.127

The objective is to find the smallest number of these subsets that together include every element in the128

universal set. Although this problem is usually NP-hard, it is solvable in this study due to the relatively129

small size of each instance.130

In our context, the set cover problem is to select the minimal combination of supplier establishments131

for each client establishment. The universal set consists of the collection of inputs identified by the cutoff132

recipes. The subsets represent supplier establishments, and their elements are the products produced by133

these establishments.134

Additionally, we incorporate groups into the set cover problem. A group represents a collection of135

subsets, corresponding to a firm (as a group of establishments) in this study. The group constraint requires136

that at least one subset (establishment) from each group (firm) be chosen, ensuring consistency with137

firm-level transactions observed in the TSR data.138

Furthermore, we introduce a priority into the set cover problem. If a subset (an establishment) is139

chosen, the priority of other subsets (establishments) within the same group (firm) is reduced by one.140

Therefore, if multiple subsets (establishments) contain the same elements (output products) but belong to141

different groups (firms), the selection process prioritizes those with lower priority values.142

By solving this optimization problem, we construct a minimal yet functional establishment-level143

network that aligns with firm-level production relationships and product information for each establishment.144

However, it is important to note that this inferred network represents a lower-bound approximation of145

actual supplier-client relationships. In practice, additional supplier links may exist beyond those predicted146

by the set cover solution, but without direct establishment-level trade data, validation against the true147

network remains challenging.148

2.3 Structure of establishment-level network149

This subsection describes the establishment-level network obtained from the two-step procedure outlined150

above. In the first step, the total number of all possible product combinations based on the firm-level151

network and establishment-level production information is 1,182,274. After applying the cutoff, the152

standard recipes retain 43,340 input-output product combinations. The complete set of trade connections153

between supplier and client establishments, encompassing all establishments of supplier and client firms,154

amounts to 18,872,233. After applying the cutoff recipes and solving the set cover problem, we identify155

919,982 plausible connections between establishments.156

The firm-level network extracted from the TSR data consists of 157,537 nodes (firms) and 480,507157

links, whereas the inferred establishment-level network includes 183,951 nodes (establishments) and158

919,982 links, as summarized in Table 1. As expected, the establishment-level network exhibits a higher159

average number of links per node than the firm-level network.160
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Table 1. Number of nodes and links for firm- and establishment-level networks.

Average link
node Link per Node

Firm-level 157,537 480,507 6.1
Establishment-level 183,951 919,982 10.0

The degree distributions for both networks are illustrated in Figure 1, disregarding link directionality.161

Although the establishment-level network (panel (b)) is constructed using more granular data, its degree162

distribution retains the overall form of the firm-level network (panel (a)) and appears to follow a power-law163

distribution. Notably, networks with power-law degree distributions tend to have short average path164

lengths, implying that shocks can propagate rapidly throughout the network17.165

(a) Firm level (b) Establishment level

Figure 1. Degree of production networks

However, there are notable differences in the lower frequency of low-degree nodes. For example,166

90% of the nodes have fewer than 7 links in the firm-level network, while 90% have fewer than 17 links167

in the establishment-level network. This difference may be due to our inference process where every168

establishment is assumed to find supplier establishments to fulfill its recipe, often resulting in multiple169

connections with establishments within the same supplier firm. These connections are simply counted as170

one in the firm-level network. This reasoning is supported by the difference observed in the distribution of171

the complete connections between establishments (SI Fig. 1). In this complete connection network, 90%172

of the nodes have fewer than 56 links, a significant deviation from the firm-level network.173

One key advantage of constructing an establishment-level network, as opposed to a firm-level network,174

is the ability to analyze production linkages at a more granular geographic scale. Figure 2 compares175

the geographic distribution of firms and manufacturing establishments across Japan’s prefectures. As176

expected, Tokyo (Code 13), the capital city, has a significantly higher concentration of corporate head-177

quarters—approximately double the number of establishments. By contrast, major industrial prefectures178
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such as Saitama (Code 11), Shizuoka (Code 22), and Aichi (Code 23) exhibit the opposite pattern, with a179

greater number of establishments than firm headquarters.180

Figure 2. Degree of production networks

3 Method181

3.1 Model182

To examine propagation of the effect of supply chain disruptions, we propose a model in which infeasibility183

of production propagate probabilistically through a production network. While many existing models184

account for complex behaviors within and between entities to simulate shock propagation10, 18, 19, this185

paper introduces a substantially simpler model, similar to the one in Zhao et al.’s work20, allowing for186

straightforward comparison between networks at firm and establishment levels. A key feature of the present187

model is our assumption that each establishment produces its products from the same combination of188

inputs determined by the current network. In other words, in case of supply chain disruptions, substitution189

of the disrupted input for another type of product that is not currently used as an input is not possible.190

However, when an input product is provided by multiple suppliers, substitution between suppliers can191

mitigate the propagation of supply chain disruptions.192

The formal description of the model is as follows. First, we define notations in the model. Consider a193

production network of entities where entities are either firms or establishments. The adjacency matrix194

between entities i and j is denoted by Ai j that is one if entity i supplies any of its products to j and zero195

otherwise. The set of output products of each entity i are denoted as Pout
i . Then, the input products of196
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entity i can be described as Pin
i =

⋃
j A ji ⊗Pout

j , where ⊗ indicates that if the left operand is equal to one,197

the right operand is valid, and vice versa.198

Next, we describe the propagation process. The state of entity i at time t, si(t), is one if i is active and199

produces outputs and 0 if i is inactive and does not produce any product. Once an entity becomes inactive200

due to the propagation of economic shocks, it cannot become active again during the simulation process.201

Let U be the set of entities that became newly inactive at time t −1. The set of active client entities that202

have at least one supplier in U is denoted as V . For an entity v in V , let Uv be the subset of U that supplies203

to v. Then, we assume that the probability that entity v becomes inactive at time t (sv(t) = 0), defined as204

ρv, is given by:205

ρv(t) = 1−Πq∈
⋃

i∈Uv Pout
i

(1− pvqt). (1)

pvqt is the probability of shock propagation to entity v at time t through product q. Eqn. (1) indicates that206

only when there is no shock propagation for all supply products that newly inactive suppliers have, v207

remains active and vice versa. Further, we assume that pvqt is expressed by:208

pvqt = p

(
1−

∑ j s j(t)A jv1Pout j(q)

∑ j A jv1Pout j(q)

)
, (2)

where p is a parameter that determine the benchmark propagation probability of becoming inactive and209

assumed to be either 0.2, 0.4, 0.6, 0.8, or 1, and 1 is an indicator function defined by210

1A(x) =

{
1 if x ∈ A
0 if x /∈ A.

(3)

Eqn. (2) shows that if client entity v has more than one suppliers producing product q and some of the211

suppliers become inactive, v can reduce the probability of becoming inactive by the share of its active212

suppliers of q. In other words, client firms can mitigate propagation of shocks through the production213

network by substitution disrupted suppliers for other existing suppliers producing the same product.214

In each simulation run, all entities are active initially: si(0) for any i. At time 1, one entity is uniformly215

and randomly selected to become inactive from all entities (or within specific candidates depending on the216

setting). Then, the inactive state propagates through the production network, following the assumptions217

defined by Eqns. (1)-(3), until any entity becomes newly inactive. At the conclusion of each simulation218

run, we measure the share of inactive entities in the economy, which serves as an indicator of the extent219

of shock propagation. To ensure robustness, we conduct 100,000 independent simulation runs for each220

scenario, varying the initially selected entity. We then compute the mean inactive ratio and its standard221

deviation to assess the overall impact and variability of disruptions under different network structures and222

settings.223

3.2 Simulation frameworks224

Using the data and model described above, we will address three issues by comparing simulation results225

using different networks, assumptions, and parameter values.226

First, we analyze the differences in shock propagation between the firm-level network and the227

establishment-level network. To ensure comparability, we define "products" represented by q in Eqn. (2)228

using 545 industry classifications within the manufacturing sector, following previous studies10, 12–14. This229

approach assumes that inputs from suppliers in the same industry are substitutable. Notably, we do not230

employ the product classifications for the establishment-level network in this step, as our primary goal is231
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to isolate the differences in propagation dynamics between the two networks under a consistent definition232

of q. In cases where a firm or establishment is classified under multiple industries, we use the primary233

industry classification. Accordingly, the industry of a firm and that of an establishment belonging to the234

firm are not necessarily identical.235

Second, we assess the impact of different levels of input substitutability on shock propagation within236

the establishment-level network. We consider four scenarios. First, we assume no substitution between237

inputs even if inputs are defined by the same product classification. In other words, q in Eqn. (2) is238

defined by each establishment. This assumption implies that each establishment produces unique outputs.239

Second, we relax this assumption slightly and assume substitution within product classifications, defining240

q by the 2,396 product types in the census data. In other words, inputs are substitutable if they belong241

to the same product type. Third, substitution within industry classifications is allowed for. Inputs are242

substitutable if they belong to the same industry, even if they are classified under different product types.243

This assumption aligns with the industry-based classification used in the first analysis. Finally, we assume244

that all establishments produce the same product, allowing for universal substitution of inputs regardless245

of product or industry classification. Under this assumption, the probability of shock propagation, pvqt in246

Eqn. (2), is equal to q times the share of inactive suppliers.247

Finally, we examine how the geographic origin of shocks influences propagation dynamics. This248

analysis is motivated by the differences in the spatial distribution of firms (headquarters) and establish-249

ments, as illustrated in Fig. 2. Importantly, geographic distribution alone does not inherently affect the250

magnitude of shock propagation, as (i) only a single node is initially disrupted in each simulation and (ii)251

network topology, rather than physical location, determines propagation patterns. To test the hypothesis252

that firm-level data overstates the economic importance of Tokyo—where corporate headquarters are253

concentrated—we simulate shock propagation originating from Tokyo and compare it to propagation from254

other regions using both the firm-level and establishment-level networks. Regardless of the network type,255

we assume that each entity (firm or establishment) may produce multiple products to ensure comparability256

across scenarios. Specifically, in the establishment-level analysis, each establishment produces multiple257

products as in the second analysis, while in the firm-level analysis, each firm is assigned the combined258

products of its establishments. By incorporating actual product information rather than relying solely on259

industry proxies, we aim to provide a more realistic assessment of shock propagation. We hypothesize that260

simulations using the firm-level network will overestimate the impact of shocks originating from Tokyo,261

whereas the establishment-level network will offer a more accurate representation by incorporating the262

actual locations of production facilities.263

4 Simulation Results and Discussions264

4.1 Comparisons between firm- and establishment-level networks265

We begin by comparing the extent of shock propagation between the firm- and establishment-level266

networks. Fig. 3 shows that the establishment-level network exhibits a significantly greater propagation267

effect, as measured by the mean share of inactive entities at the end of each simulation. The difference is268

statistically significant based on t-tests. In particular, when the baseline probability of propagation p is269

low, such as 0.2 and 0.4, the difference is substantial. As the baseline probability increases, economic270

shocks are more likely to propagate across both networks, reducing the relative difference between them.271

The discrepancy is notable, because the links in the firm-level network are maintained in the establishment-272

level network and because the number of entities, 157,537 in the former and 183,951 in the latter, is not273

very different (Section 2.2). Furthermore, the variation in shock propagation is not driven by differences274

in input classifications, as both networks define products based on industries, ensuring comparability.275
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Figure 3. Comparison in the propagation effect between firm- and establishment-level networks: This
figure shows the mean and standard error of the share of inactive entities at the end of each of 100,000
simulations, using either firm- (blue bars) or establishment-level (red bars) network and the baseline
probability of propagation q of 0.2, 0.4, 0.6, 0.8, or 1. In both networks, industries are used as the
definition of products q in the propagation model.

The primary explanation for this difference lies in the greater diversity of input linkages in the276

establishment-level network. As indicated in Table 1, the average number of suppliers per node is higher277

in the establishment-level network than in the firm-level network. While one might expect that a higher278

number of suppliers per entity would lead to more substitutable inputs, reducing the impact of shocks, our279

results indicate the opposite. Instead, the establishment-level network reveals a wider variety of input types280

with less overlap, implying that firms classified under a particular industry often operate establishments281

involved in different industries to support their diverse production activities. This structural complexity282

leads to a higher degree of shock propagation in the establishment-level network.283

This distinction between firm- and establishment-level networks is conceptually similar to the well-284

documented differences between analysis using industry-level IO tables and firm-level production networks.285

Previous studies have shown that IO table analyses tend to underestimate supply-side shocks compared286

to firm-level analyses21, 22. This discrepancy is often attributed to the difference in network structures:287

IO tables depict dense and nearly completely interconnected networks, whereas firm-level networks are288

sparse with each firm connecting to distinct partners. This sparsity and heterogeneity have been identified289

as a primary factor contributing to the observed differences. However, in our comparison between firm-290

and establishment-level network reveals that even within an already heterogeneous network, incorporating291

denser connections among establishments to reflect real-world interactions can amplify the propagation of292

shocks. In other words, this study demonstrates that disaggregation from firms to establishments has a293

significant impact on shaping differences in shock propagation.294

4.2 Input substitutability in the establishment-level network295

Next, we focus on the establishment-level network and compare shock propagation between different296

assumptions of the input substitutability. The results presented by Fig. 4 show that the mean ratio of297

inactive establishments, our measure of the propagation effect, is the lowest under the assumption of298

complete substitution between inputs, followed by that of substitution within identical products and then299

between products within the same industry, and the highest when no input substitution is assumed, for300

any value of p, the baseline probability of propagation. All differences between scenarios are statistically301

significant based on t-test.302

These findings align with the structural properties of a power-law degree distribution network, where303
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Figure 4. Comparison between different levels of input substitutability: This figure shows the mean
ratios of inactive establishments and their standard errors from simulations using the establishment-level
network under four different assumptions of input substitutability: complete substitution (labeled as
"Complete Subs." and represented by yellow bars), substitution at the industry level ("Industry" and light
orange), at the product level ("Product" and orange), and no substitution ("No Subs." and red). "Prob."
indicates the baseline probability of propagation, p, in the model.

hubs (highly connected establishments) play a critical role in propagation dynamics. Large-scale shock304

transmission is only possible if the shock successfully spreads through these hubs. Under perfect substi-305

tution, highly connected hubs can replace inactive suppliers with alternative sources, preventing further306

propagation, as reflected in the (almost invisible) yellow bars in Figure 4. Conversely, when no substitution307

is possible, even hubs are vulnerable to shock propagation, leading to cascading failures across their308

dependent establishments, as illustrated by the red bars in the figure. These results underscore the crucial309

role of input substitutability in determining the extent of shock transmission, consistent with the findings310

from the firm- versus establishment-level comparison in the previous subsection.311

However, it is important to emphasize that, conceptually, the assumption of substitution within312

identical products can either increase or decrease the propagation effect compared to the assumption of313

substitution between products within the same industry. On one hand, for instance, consider a scenario314

where establishment A1 sources supplies from establishment B1 of firm B and establishment C1 of firm315

C. Suppose further that firms B and C belong to the same industry. Then, under the industry-level316

substitution assumption, suppliers B1 and C1 are considered substitutable. However, if B1 and C1 produce317

different products according to our product-level classification, they would not be substitutable under318

the product-level substitution assumption. Consequently, the assumption of substitution at the product319

level implies lower input substitutability and, therefore, predicts a greater propagation effect compared to320

substitution at the industry level.321

On the other hand, our establishment-level analysis, which incorporates detailed product information,322

allows each establishment to produce multiple products. For example, if firms B and C belong different323

industries, but establishments B1 and C1 produce multiple products that are overlapped with each other, the324

two suppliers would be substitutable under the product-level substitution, but not under the industry-level325

substitution. In this case, shock propagation is greater in the firm-level network than in the establishment-326

level network. Our findings suggest that the reduction in substitutability due to finer product classifications327

outweighs the increase in substitutability that arise from establishments producing multiple products.328

In conclusion, the approach of this paper—using establishments instead of firms, using products instead329
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of industries, and allowing for multiple products per establishment—offers a more realistic representation330

of shock propagation through production networks. These results emphasize the importance of granular331

data in accurately modeling economic disruptions.332

4.3 Comparison between regional shocks333

In the final set of simulations, we compare the propagation of shocks originating from Tokyo versus other334

regions, using both the firm-level network and the establishment-level network. Figure 5 illustrates the335

differences between these network structures.336

When using the firm-level network, shock propagation is significantly greater when the shock originates337

in Tokyo (dark blue bars) compared to when it originates in other regions (lighter blue bars), across all338

values of p, the baseline probability of propagation. These differences are statistically significant according339

to t-tests. However, when using the establishment-level network, this pattern disappears. There is no340

statistically significant difference in propagation effects between Tokyo-origin and other regional shocks341

(red and orange bars).342

Figure 5. Comparison of firm- and establishment-level networks in response to different regional shocks:
This figure shows the mean ratios of inactive establishments and their standard errors from simulations
using the firm- and establishment-level networks assuming shocks originating in and outside Tokyo.
"Prob." indicates the baseline probability of propagation, p, in the model.

These findings suggest that relying on a firm-level network may lead to incorrect conclusions due to343

the misrepresentation of the geographic distribution of production sites within supply chains. For example,344

the firm-level simulation results might imply that firms headquartered in Tokyo should be prioritized for345

protection against supply chain disruptions to mitigate widespread economic consequences. However, the346

establishment-level analysis challenges this implication, revealing that the actual production sites, which347

are more dispersed across regions, do not support such a policy recommendation.348

Several factors contribute to this discrepancy between firm- and establishment-level analyses. A key349

factor is the concentration of corporate headquarters in Tokyo, while production activities are often spread350

across multiple regions. Firms headquartered in Tokyo tend to operate multiple establishments, often351

located outside Tokyo. Examining the distribution of out-degree (i.e., the number of client connections),352

we find that at the firm level, the average out-degree for firms in Tokyo is 7.24 and larger than that for353

firms in other regions, 3.66. However, at the establishment level, the average out-degree for Tokyo-based354

establishments is 5.61 and smaller than for establishments outside Tokyo, 7.79. Since out-degree is355
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more critical for shock diffusion than in-degree (the number of suppliers), these differences highlight356

the structural variation in networks at different levels of aggregation. However, shock diffusion is not357

solely determined by out-degree distributions; network topology and input substitutability also play crucial358

roles, as demonstrated in our previous analyses. This complexity underscores why our simulation-based359

approach, which utilizes large-scale firm and establishment data, is more effective than relying solely on360

conceptual reasoning or descriptive statistics when evaluating supply chain resilience and economic shock361

propagation.362

5 Conclusion and future works363

In this study, we constructed an establishment-level production network with detailed product information,364

covering 183,951 manufacturing establishments of 157,537 firms and 919,982 inter-establishment linkages,365

by integrating firm-level supply chain data with establishment-level economic census data. Using the firm-366

and establishment-level networks, we applied a probabilistic diffusion model to simulate the propagation367

of economic shocks resulting from supply chain disruptions. Specifically, we examined the differences in368

shock propagation: (1) Between firm- and establishment-level networks; (2) Under different assumptions369

of input substitutability; (3) Between shocks originating in Tokyo and those in other regions370

Our key findings are as follows. (1) The establishment-level network exhibits greater shock propagation371

than the firm-level network. (2) Shock propagation is more extensive when input substitutability is defined372

at the product level rather than at the industry level. (3) Firm-level networks overstate the propagation373

of shocks originating from Tokyo, whereas establishment-level networks show no significant difference374

between Tokyo-origin and other regional shocks.375

These results consistently indicate that greater network granularity amplifies shock propagation effects.376

That is, propagation is stronger when using establishment-level rather than firm-level data and when377

defining products at a more disaggregated level rather than by industry classification. These findings378

suggest that incorporating more detailed and realistic production network information can significantly379

alter the assessment of economic shock propagation.380

Several avenues exist for extending this research. First, the network can be expanded to include381

non-manufacturing establishments. This study focuses on the manufacturing sector, utilizing 157,537 out382

of 1,520,605 firms and 183,951 out of 5,156,063 establishments in the census data. However, similar383

methodologies could be applied to other sectors, thereby expanding the sample. A key challenge is that384

wholesalers do not transform products but rather facilitate distribution between sectors. By establishing385

comprehensive input-output relationships for non-manufacturing sectors, future research could develop a386

more holistic model of inter-industry shock propagation.387

Second, alternative algorithms for constructing establishment-level networks can be explored. In this388

study, we inferred a minimal connection network using a set cover optimization approach (Section 2.2).389

However, alternative algorithms could introduce additional structural complexity. For example, empirical390

evidence suggests that geographic proximity influences supplier-client relationships23. Future studies391

could incorporate spatial constraints, as well as additional firm-level factors such as sales relationships,392

shared financing banks, or cross-shareholding ties24. Comparing these alternative network structures in393

terms of their estimated shock propagation effects would be an important extension of this work.394

Finally, a significant portion of firms operate with only one establishment, and this information could395

be used to refine the network further. For instance, if both a supplier and a client are single-establishment396

firms, their connection could be treated as a definitive trade relationship, eliminating the need for inference397

in those cases. Such an approach could improve the accuracy of network construction, particularly in398

sectors where firm-establishment correspondence is more straightforward.399
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Data availability400

The data utilized in this study were obtained from Tokyo Shoko Research, Ltd., the Ministry of Internal401

Affairs and Communications, and the Ministry of Economy, Trade, and Industry. However, access to these402

data is restricted, and they are not publicly available without the appropriate licenses.403
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