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自己紹介

研究の基本スタンス

とりあえず経済学のモデルを忘れる



マクロ経済学の概念図
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マクロ経済学の概念図



これまでの論文テーマ(経済学除く)

❖ 金融破綻/情報カスケードモデルの構築 (EPJB 2013, PRE 2015) 

❖ コミュティー構造がある場合における重要ノードの同定 (Sci Rep 2016)  

❖ 重要なノード組の同定 (国民経済雑誌 2016) 

❖ 銀行間取引ネットワークの実データ解析 (EPJ Data Science 2018) 

❖ 非負値テンソル分解(NTF)を用いた銀行取引のパターン抽出(Sci Rep 2018) 

❖ テンポラル・ネットワークにおける友好関係の検定(Backboning)
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Review article on financial networks

1. Fabio Caccioli, Paolo Barucca, Teruyoshi Kobayashi
　“Network models of financial systemic risk: a review”

　Journal of Computational Social Science, 2018

2.Handbook on Systemic Risk (2013)
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“Economic	networks:	The	new	challenges”
Frank	Schweitzer et	al.	Science,	2009.
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Poledna et	al.
(2015,	J.Finan.Stability)
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Huang	et	al.	2013,	Sci.	Rep.	“Cascading	Failures	in	Bi-partite	
Graphs:	Model	for	Systemic	Risk	Propagation”.
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連鎖破綻のモデル



Watts (2002)の情報カスケードモデル

1. 初期はすべてのノードが inactive 

2. active な隣接ノードの割合が φより大きいと自身もactiveに

i . e . ,
m
k

> ϕ
m : activeな 隣接ノードの数
k : 次数
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1/4	<	φ		 2/4	> φ		



ρ = ρ0 + (1 − ρ0)
∞

∑
k=1

pk

k

∑
m=0

( k
m) qm(1 − q)k−mF ( m

k ),

q = ρ0 + (1 − ρ0)
∞

∑
k=1

k
z

pk

k−1

∑
m=0

(k − 1
m ) qm(1 − q)k−1−mF ( m

k ),

•Recursion equation for the cascade size    :ρ

Gleeson and Cahalane, PRE (2007)
Caccioli et al., JCSS (2018)

シードの割合

カスケードのサイズ：

次数分布



ρ = ρ0 + (1 − ρ0)
∞

∑
k=1

pk
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m=0

( k
m) qm(1 − q)k−mF ( m

k ),

q = ρ0 + (1 − ρ0)
∞

∑
k=1

k
z

pk

k−1

∑
m=0

(k − 1
m ) qm(1 − q)k−1−mF ( m

k ),

(1 − ρ0)
∞

∑
k=1

k(k − 1)
z

pk [F ( 1
k ) − F(0)] > 1.

•First-order cascade condition:

•Recursion equation for the cascade size    :ρ

Gleeson and Cahalane, PRE (2007)
Caccioli et al., JCSS (2018)

一階微分係数が 1より大 (at         )ρ0 = 0

これが満たされると、無限小のノードが破綻するだけで 
グローバルなカスケードが発生する

シードの割合

カスケードのサイズ：

次数分布
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Threshold	model	���	�

A	node	is	activated	if		%& >	R
(e.g.,	Watts,	2002	PNAS)

1 − !
���
)

Gai and Kapadia, Proc. Roy. Soc. A (2010)
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Gai and	Kapadia	(2010,	Proc.	Roy.Soc.	A) Watts	(2002,	PNAS)



拡張版：多層型情報カスケードモデル

1. ノードは複数のレイヤーに属す 

2. active になる閾値(φ)はレイヤーごとに異なる

e . g . ,
m1 + m2

k1 + k2
> ϕ1 レイヤー１で active

m1 + m2

k1 + k2
> ϕ2 レイヤー2 でも active

ϕ1 < ϕ2

Figure 1 from Discrete-time distributed consensus on multiplex networks
I Trpevski et al 2014 New J. Phys. 16 113063 doi:10.1088/1367-2630/16/11/113063



Cascades in multiplex financial networks with debts of 

different seniority 



��+����
�: a	multiplex	financial	network

l ���)����849,
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c.f.	Gai and	Kapadia	(2010,	Proc.Roy.Soc.A)
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Balance	sheet	(2-layer	model:	senior and	junior)





Tree-like	approximation	for	the	cascade	size	
(Gleeson	et	al.	2007,	2008,	PRE)

Cascade	condition:

t	=	2

t	=	0

t	=	1



Tree-like	approximation	for	the	cascade	size	
(Gleeson	et	al.	2007,	2008,	PRE)

Cascade	condition:

t	=	2

t	=	0

t	=	1



Simulation
再帰式の不動点

Simulation



Cascade	region	and	the	optimal	seniority	ratio



• 債務の優先劣後構造がある場合の銀行間ネットワークをmultiplex model で表現できた 

• 任意のレイヤー数に対応する解析的なcascade condition を 導出した 

• システミック・リスクが最小になる seniority ratio の存在を示した 
 　⇒  senior debts/ junior debts > 0.5 

まとめ



Identification of relationship 
lending in the interbank market



Question

❖ 信用不安が起こると、銀行間取引に何が起こるか

❖ 借手、貸手の取引相手選択の自由度に変化？

❖ “Substitutability of trading partners” を捉えたい! 



Question
★ Measuring the substitutability of trading partners

✓ Number of trades?

✓ Frequency of trades? 

✓ Volume of trades?



Question
★ Measuring the substitutability of trading partners

✓ Number of trades?

✓ Frequency of trades? 

✓ Volume of trades?

Null model: ランダムに取引相手を選ぶ



Question
★ Measuring the substitutability of trading partners

✓ Number of trades?

✓ Frequency of trades? 

✓ Volume of trades?

Null model: ランダムに取引相手を選ぶ

Data: 実際の取引回数はランダムで説明できるか？



ai aj

“activity” 

‧ Daily matching probability (undirected)

u(ai, aj) = aiaj

Null model

“Fitness model”

/ # contacts



Significant ties in temporal networks

2 1

2

If random (= null hypothesis):

If there is a strong partnership:

+ =
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Under random matching, # bilateral transactions should 
follow a binomial distribution:

p({mij}|~a) =
Y

i,j:i 6=j

✓
⌧

mij

◆
u(ai, aj)

mij (1� u(ai, aj))
⌧�mij ,

Fi(~a
⇤) ⌘

X

j:j 6=i

mij � ⌧(a⇤i a
⇤
j )

1� (a⇤i a
⇤
j )

= 0, 8 i = 1, . . . , N,

Maximum-likelihood estimator:



# unique partners# trades

# trades: real ≈ model 
# unique partners: real < model 

→ preferential relationship? 

Performance of ML



Identification of significant ties

Under the null,        should follow a binomial distribution:mij

mij > mC
ij indicates the presence of a significant tie.

• Edge-based test

g(mij |a*i , a*j ) = ( τ
mij) u(a*i , a*j )mij(1 − u(a*i , a*j ))τ−mij, ∀ i, j = 1,…, N .



Under the null, aggregate degree Ki should follow  
a Poisson binomial distribution:

• Node-based test

indicates node i depends on significant ties  
(i.e., relationship-dependent).

Ki < KC
i

f(Ki | ⃗a *) ≈
λ*Ki

i e−λ*i

Ki!



pnorelij (t) =
b0

b1 + b2Dij(t� 1)
,
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• Introduce “relationship lending” 

1. Create random temporal networks 
2. Assign a fraction of pairs as relationship pairs 
3. Decreasing hazard prob for terminating a relationship:

Experiments on synthetic networks



Results: synthetic network
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Results: empirical network



All ties

Significant 
 ties

June 2007 June 2014April 2001

Red: Italian bank 
Black: foreign bank



 Difference in interest rates Difference in trade amount

 (relationship - non-relationship)



Duration of a significant tie
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1. Fitness model works well as a null model (i.e., 

random matching).  

2. Significant ties and relationship-dependent 

nodes are statistically identified by testing the 

null hypothesis.  

3. Banks connected by significant ties trade in a 

different manner from the others. 

Conclusion



Paper: 

“Identifying relationship lending in the interbank market:
A network approach” 

Journal of Banking & Finance, in press.

T. Kobayashi and Taro Takaguchi (LINE Corp), 



Extracting the multi-timescale activity 

patterns of online financial markets 

Teruyoshi Kobayashi 

Anna Sapienza, USC  

Emilio Ferrara, USC 

Scientific Reports, 2018 



• Extracting patterns from a high-dimensional data
•Representing a tensor by the sum of outer products 

X
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Non-negative tensor factorization

← R 個の外積の和



Previous applications:

• Interaction patterns in online games (Sapienza et al, Informaiton, 
2018 ), Twitter (Panisson, et al, WWW 2014 )

•Detection of temporal community structure (Gauvin et al, 2014, 
PLOS ONE)

Non-negative tensor factorization



Aim of the work

2010/06/1

2010/06/2

Bank A Bank B

Lending: A to B

Repayment: B to A

★Extract intra- and inter-day trading patterns!



X
<latexit sha1_base64="6W5CRwpStDm25D9z3lclEK9MHjc="></latexit><latexit sha1_base64="6W5CRwpStDm25D9z3lclEK9MHjc="></latexit><latexit sha1_base64="6W5CRwpStDm25D9z3lclEK9MHjc="></latexit><latexit sha1_base64="6W5CRwpStDm25D9z3lclEK9MHjc="></latexit>

ba
nk

s

time

da
ys

Input
Tensor 

representation
A

<latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit><latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit><latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit><latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit>

B
<latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit><latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit><latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit><latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit> C

<latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit><latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit><latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit><latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit>

R
<latexit sha1_base64="Bb2DjEHY55aoi3+PEEN9cH9jPC4="></latexit><latexit sha1_base64="Bb2DjEHY55aoi3+PEEN9cH9jPC4="></latexit><latexit sha1_base64="Bb2DjEHY55aoi3+PEEN9cH9jPC4="></latexit><latexit sha1_base64="Bb2DjEHY55aoi3+PEEN9cH9jPC4="></latexit>

N
<latexit sha1_base64="aUDVxJLZPUYa19sNL3GRZ9U6Sfc="></latexit><latexit sha1_base64="aUDVxJLZPUYa19sNL3GRZ9U6Sfc="></latexit><latexit sha1_base64="aUDVxJLZPUYa19sNL3GRZ9U6Sfc="></latexit><latexit sha1_base64="aUDVxJLZPUYa19sNL3GRZ9U6Sfc="></latexit> D

<latexit sha1_base64="zindnqn2W3eXlO1/2zPXhteU2Is="></latexit><latexit sha1_base64="zindnqn2W3eXlO1/2zPXhteU2Is="></latexit><latexit sha1_base64="zindnqn2W3eXlO1/2zPXhteU2Is="></latexit><latexit sha1_base64="zindnqn2W3eXlO1/2zPXhteU2Is="></latexit>

T
<latexit sha1_base64="wiqdU9MYHgJYIw2X5PDdhoelT7k="></latexit><latexit sha1_base64="wiqdU9MYHgJYIw2X5PDdhoelT7k="></latexit><latexit sha1_base64="wiqdU9MYHgJYIw2X5PDdhoelT7k="></latexit><latexit sha1_base64="wiqdU9MYHgJYIw2X5PDdhoelT7k="></latexit>

NTF

A
<latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit><latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit><latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit><latexit sha1_base64="UWTrowFizWth8nh2hmSTLZl9uyA="></latexit>

B
<latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit><latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit><latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit><latexit sha1_base64="qIF3bpTLBXeq86oN3haerejsrmI="></latexit> C

<latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit><latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit><latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit><latexit sha1_base64="JKwQVk5M+D7tfTs2pzKVVCxnNc8="></latexit>

Bank’s belongingness to Component 1

Intra-day activity of Component 1

Inter-day activity of Component 1

Multi-timescale activity patterns
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Synthetic network
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Patterns embedded in synthetic temporal networks

pij,t = ai,taj,tFitness model:
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Determination of #components, R

If #component R is large,

• Overidentification problem

If #component R is small,

•Tensor decomposition will be less accurate



Determination of #components
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PARAFAC or CP model:

Tucker3 model:

λnmp = δnmδmpδnp



Determination of #components

xijk =
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∑
n=1
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gnmpainbjmckp

PARAFAC or CP model:

Tucker3 model:

λnmp = δnmδmpδnp

コンポーネント間の相関許さない

コンポーネント間の相関許す



Determination of #components
Core-consistency:

•100に近いほどPARAFACモデルが相対的に良い 
•でもRが小さいと分解の精度が低い

CC = 100 × 1 −
∑R

n=1 ∑R
m=1 ∑R

p=1 (gnmp − λnmp)2

R
,
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Interbank network
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•Interbank network: activity pattern
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•Interbank network: banks’ belongingness to components
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•Interbank network: characterization of components

(a) (b)


