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“Our auto analysts expect roughly a 10% decline in North American vehicle production
in Q2, overwhelmingly due to a shortage of MCU supply. (To put this in perspective
with the financial crisis, US vehicle unit production fell at slightly faster rates in the
third and fourth quarter of 2008, and three times as rapidly in the first quarter of
2009.)”
“Reasonable parameters suggest a potential impact on Q2 annualized real GDP
growth from one-quarter point to as much as a full point. Although there could be
some additional impact in other sectors of the economy, this seems likely to be quite
small.”

Speech by Ben S. Bernanke at the International Monetary Conference,
Atlanta, Georgia, on June 7, 2011
U.S. economic growth so far this year looks to have been somewhat slower than
expected. Aggregate output increased at only 1.8 percent at an annual rate in the first
quarter, and supply chain disruptions associated with the earthquake and tsunami in
Japan are hampering economic activity this quarter. A number of indicators also suggest
some loss of momentum in the labor market in recent weeks.
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Inequality across firms/sectors in terms of “Importance” of firms in a buyer-supplier
network
Dupor (1999) shows that, without inequality, idiosyncratic shocks are canceled out with each
other due to LLN, so that their impact on aggregate volatility decays quickly with the number of
firms (at the rate of 𝑁).
 Acemoglu et al. (2010, 2011, 2012) and Carvalho (2008) derive some conditions about the
structure of networks to deliver low convergence rates. One of the necessary conditions is that
the number of customer links follows a power law distribution with a tail exponent lower than 2.




Acemoglu et al (2010, 2011, 2012) provides some empirical evidence on the structure of
US trade network among sectors using IO data. Foerster et al (2011) also provides
evidence on the propagation of sectoral shocks through the US IO network.
Trade occurs not between sectors but between firms. The definition of sectors is, in some sense,
arbitrary. More importantly, empirical evidence from sectoral data may overestimate the role of
networks because it does not fully account the possibility of substitution of partners. For
example, an automobile firm may switch to a new steel firm from its old partner firm which is in
trouble.
 Evidence on the structure of trade networks is only suggestive. There is not much direct
evidence on the propagation of shocks through networks.
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Assumption 1: Final demand is equal across firms
Assumption 2: Supplier link is of the same size

Brin, Sergey and Lawrence Page “The
Anatomy of a Large-Scale Hypertextual
Web Search Engine,” Comput. Networks
ISDN Systems 33, 107–117, 1998.
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Firm 1 purchases from firm 3 by
1/10, and from firm 4 by 9/10

Firm 1 purchases evenly from
firm 3 and from firm 4

where
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Network Hypothesis

Granular Hypothesis

Gabaix (2010, Proposition 2)

Acemoglu et al (2010, 2011, 2012, Corollary 1)





Firm sales follows a power law
with an exponent of µ.
 The SD of the growth rate of
individual firm is σ (identical
across firms)

Page rank follows a power law with an
exponent of µ.
 The SD of the growth rate of individual
firm is σ (identical across firms)

The SD of GDP decays with the number of firms, N, but the
convergence rate depends on the value of µ.
The SD of GDP converges at
The SD of GDP converges at
The SD of GDP converges at

for
for
for
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Is PageRank distribution with a heavy tail?
 Acemoglu et al (2010, 2011, 2012) shows that idiosyncratic shocks matter if

the influence vector (another name of PageRank vector) has elements of
unequal size, implying that the distribution of PageRank across firms has a
heavy tail.



How is PageRank of a firm related with its sales?
 Does a firm with large PageRank have large sale? If PageRank of a firm and

its sales are independent, it implies that the granular hypothesis and the
linkage hypothesis are not related. However, if there is an exact one-to-one
relationship between PageRank and sales, the two hypothesis is not
indistinguishable.



Are growth correlations across firms higher for
neighbor firms?
 The linkage hypothesis implies that the growth rates of firms are highly

correlated if their locations are close on the network.
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Data and Some Facts
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The dataset contains the total number of relationships a firm has with other firms.
 customers (i.e., the set of firms to which a firm sells its products)
 suppliers (i.e., the set of firms from which a firm purchases raw materials and
intermediate products)
 owners (i.e., the set of firms by which a firm is owned).



The dataset records the list of core partners (i.e. customers, suppliers, and owners)
for a firm, with their IDs.
 The list is not exhaustive and the length of the list cannot exceed thirty firms. For
some firms, typically large firms, with more than thirty partners, only a part of
their lists of partners is recorded, with the most important one on the top of the
list, and the second important one on the next line and so on.



A distinctive feature of the dataset is that it records information on linkages for
three different years (i.e. 2008, 2009, and 2010), so that it allows us to investigate
not only the structure of a customer-supplier network at a particular point in time,
but also its evolution over time.
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Source: Acemoglu, Daron, Vasco M. Carvalho, Asuman Ozdaglar, and Alireza TahbazSalehi (2012), “The Network Origins of Aggregate Fluctuations,” Econometrica, Vol. 80,
No. 5 (September, 2012), 1977–2016.
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List of core customers

Total number of customers
List of core suppliers

Total number of suppliers
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Cumulative densities

Number of
customer links

Number of
supplier links

Number of links
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Number of customer links

Number of supplier links
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0.4
家具・装備品製造業

倉庫業

保健衛生，廃棄物処理業

専門サービス業（他に分類されないもの）

その他の事業サービス業

広告・調査・情報サービス業

協同組合（他に分類されないもの）

その他の修理業

自動車整備業，駐車場業

映画・ビデオ制作業

物品賃貸業

運輸に付帯するサービス業

2.2

道路貨物運送業

2.4

不動産業

投資業

その他の小売業

家具・じゅう器・家庭用機械器具小売業

飲食料品小売業

織物・衣服・身の回り品小売業

卸売業（２）

卸売業（１）

その他の製造業

Manufacturing

精密機械・医療機械器具製造業

輸送用機械器具製造業

電気機械器具製造業

一般機械器具製造業

金属製品製造業

鉄鋼業，非鉄金属製造業

窯業・土石製品製造業

ゴム製品製造業

化学工業

出版・印刷・同関連産業

パルプ・紙・紙加工品製造業

0.6

木材・木製品製造業（家具を除く）

衣服・その他の繊維製品製造業

繊維工業（衣服，その他の繊維製品を除く）

食料品・飼料・飲料製造業

設備工事業

総合工事業

職別工事業

農業（農業サービス業を除く）

2.6

Tail exponents for sales

Tail exponents for the number of customers

Tail exponents for the number of suppliers

2.0

1.8

1.6

1.4

1.2

1.0

0.8

Wholesale/Retail
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Firms Connected with Firm A by One Link

Red dots represent firms connected
with firm A by one link. Black dots
are all firms in the dataset.
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Firms Connected with Firm A by Two Links or Less

Red dots represent firms connected
with firm A by one link. Black dots
are all firms in the dataset.
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Firms Connected with Firm A by Three Links or Less

Red dots represent firms connected
with firm A by one link. Black dots
are all firms in the dataset.
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Probabilities

Shortest path length (SPL)
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Sales [in million yen]

ln Sales = 1.38 ln Degree

The red, black, blue lines represent the
first, second, and third quartiles

Number of customer links

This implies:
When the sales of firm A is higher
than the sales of firm B by 10
percent, the contribution of the
number of links (i.e. extensive
margin) is 7.2 percent while the
contribution of the size of the links
(i.e. intensive margin) is 2.8 percent.
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PageRank Distributions
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Network among core partners
Estimated using the list of main
partners

•
•
•

Network among all partners
Estimated using the total number of
customer/supplier links

PageRank distributions are close to power law with a tail exponent ranging from 1.0 to 1.5.
The tail part is less heavy for network among core partners than for network among all partners.
The estimated tail exponents are almost the same as the tail exponents for the number of customers.
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Acemoglu et al (2010)

For the firms in our dataset, the average of the SDs is 0.4878
PL exponent = 1.0

PL exponent = 1.5

PL exponent > 2

N=10,000

0.1310

0.0639

0.0299

0.0146

0.0100

0.0049

N=100,000

0.1061

0.0517

0.0137

0.0067

0.0032

0.0015

N=1,000,000

0.0891

0.0435

0.0064

0.0031

0.0010

0.0005
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PageRank vs. Sales
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PageRank is estimated using the list of core
partners in 2008

ln Sales = 1.45 ln PageRank
When the sales of firm A is higher than the sales
of firm B by 10 percent, PageRank of A is higher
than PageRank of B only by 6.9 percent,
indicating that there is a close relationship
between the two but it is not one-to-one.
This implies that the assumptions adopted in
defining PageRank is violated in the data;
(1) final demand may not be equal across firms
(2) the size of links may not be equal across
firms

PageRank
Note: Solid lines indicate the first, second, and third quartiles.
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Network Hypothesis

Granular Hypothesis

Gabaix (2010, Proposition 2)

Acemoglu et al (2010, 2011, 2012, Corollary 1)





Firm sales follows a power law
with an exponent of µ.
 The SD of the growth rate of
individual firm is σ (identical
across firms)

Page rank follows a power law with an
exponent of µ.
 The SD of the growth rate of individual
firm is σ (identical across firms)

The SD of GDP decays with the number of firms, N, but the
convergence rate depends on the value of µ.
The SD of GDP converges at
The SD of GDP converges at
The SD of GDP converges at

for
for
for
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Growth Correlations of Neighbor Firms
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Average growth correlations conditional
on the shortest path length

Distributions of pairwise growth correlations
0.20

Average of Pairwise Correlations

0.18
0.16
0.14
0.12
0.10
0.08
0.06
0.04

Pairwise correlations

The correlation for those firms not
connected with anyone is 0.0569

0.02
0.00
1

Note: Pairwise growth correlations are calculated
for those firms with growth rate data available in
1980 to 2009 (# of OBS=134,067）

2

3

4

5

6

7

8

Shortest Path Length
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: Sales growth rates
: Productivity shocks

Common
Shocks

Idiosyncratic
Shocks

Step 1
Step 2

We eliminate a simultaneous pairwise correlation between and
by randomly exchanging
and
until the correlations are completely
destroyed (“random shuffling”). We denote the uncorrelated new series by

Step 3
Growth rates for i and j are not correlated through common shocks but
correlated through linkage
Step 4

We estimate the growth correlation due to common shocks by looking at
the correlation for pairs of firms which are not connected through the
network.
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.

Shortest Path
Length

Actual

SPL=1
SPL=2
SPL=3
SPL=4
SPL=5
SPL=6
SPL=7
SPL=8

0.1740
0.1275
0.0969
0.0746
0.0634
0.0565
0.0528
0.0521

SPL=∞

Pairs of firms not
connected through
the network

0.0569 (A)

Growth correlations
calculated for 𝑔�𝑡
(B)
0.1385
0.0739
0.0497
0.0327
0.0195
0.0122
0.0088
0.0113

Predicted
(A)+(B)
0.1954
0.1308
0.1066
0.0896
0.0764
0.0691
0.0657
0.0682

Predicted
= Growth correlations calculated for 𝑔�𝑡
+ correlation due to common shocks (0.0569)
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Average of Pairwise Correlation

0.20
0.18

Actual

0.16

Predicted
No common shocks

0.14
0.12
0.10
0.08
0.06
0.04
0.02
0.00
1

2

3

4

5

Shortest Path Length

6

7

8

35

1.

The number of customer links follows a power law distribution with an exponent of one (Zipf’s
law). The number of supplier links also follows a power law, but the tail exponent is greater (i.e.
less heavy tail) compared to the customer link distribution.

2.

Firm sales is closely correlated with the number of customer links. When the sales of a firm
increases by 10 percent, the contribution of the number of inks (i.e. extensive margin) is 7.2
percent while the contribution of the size of the links (i.e. intensive margin) is 2.8 percent.

3.

PageRank follows a power law distribution with the tail exponent ranging from 1.0 to 1.5 (it
depends on how it is measured). The tail exponent of 1.0 to 1.5 implies that the impact of
idiosyncratic shocks on aggregate volatility decays with the number of firms much more slowly
than implied by the law of large number.

4.

PageRank is closely correlated with firm sales, but the relationship is not one-to-one. When the
sales of firm A is higher than the sales of firm B by 10 percent, PageRank of A is higher than
PageRank of B only by 6.9 percent. This implies that inequality in sales may come not only from
inequality in intermediate demand, but also from inequality in final demand.

5.

Correlations of sales growth between a pair of firms depends negatively on the shortest path
length between the two firms. This result remains unchanged even if one eliminates growth
correlations due to common shocks. This is a direct evidence that non-trivial portion of
aggregate volatility stems from the propagation of idiosyncratic shocks through buyer-supplier
networks.
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