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Question:
What can we learn from a complex system
whose network representation is noisy and/or
extremely dense?
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% Taxonomy of filtering
*

* Results

e Take home messages
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Taxonomy of filtering
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Thresholding
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A tool for filtering information in complex 2
systems

M. Tumminello, T. Aste, T. Di Matteo, and R. N. Mantegna
PNAS July 26, 2005 102 (30) 10421-10426; https://doi.org/10.1073/pnas.0500298102
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Thresholding
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- A Topological Criterion for Filtering Information in Complex
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Thresholding

PHYSICAL REVIEW E

covering statistical, nonlinear, biological, and soft matter physics

Highlights Recent Accepted Collections Authors REIEIEES Search Press

Weight thresholding on complex networks

Xiaoran Yan, Lucas G. S. Jeub, Alessandro Flammini, Filippo Radicchi, and Santo Fortunato
Phys. Rev. E 98, 042304 — Published 8 October 2018

e Yan, X., et al. Weight thresholding on complex networks Phys. Rev. E 98, 042304 (2018). J
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Thresholding
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e Granovetter, M. S. The Strength of Weak Ties. Am. Jour. Soc., 78, 1360 (1973). )
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Disparity/Polya Filter
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of the United States of America
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M. Angeles Serrano, Marian Boguiid, and Alessandro Vespignani

PNAS April 21, 2009 106 (16) 6483-6488; https://doi.org/10.1073/pnas.0808904106
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Disparity/Polya Filter
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e Serrano M.A., Boguiia M., & Vespignani A. Proc. Natl. Acad. Sci. (USA) 106 6483 (2009). J




Disparity/Polya Filter

Not Maxent

e Comparison with
null-hypothesis

Local hypothesis
e Easy to implement

No unique p-value

e Computationally fast Bias towards heavier

connections

e Serrano M.A., Boguna M., & Vespignani A. Proc. Natl. Acad. Sci. (USA) 106 6483 (2009).




Disparity/Polya Filter
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COMMUNICATIONS

Article = OPEN = Published: 14 February 2019

A Poélya urn approach to information

filtering in complex networks

. IR .
Riccardo Marcaccioli & Giacomo Livan

Nature Communications 10, Article number: 745 (2019)  Download Citation

e Marcaccioli, R., & Livan, G. Nature Communications, 10, 745 (2019).




PHYSICAL REVIEW E

covering statistical, nonlinear, biological, and soft matter physics

Highlights Recent Accepted Collections Authors Referees Search

Information filtering in complex weighted networks

Filippo Radicchi, José J. Ramasco, and Santo Fortunato
Phys. Rev. E 83, 046101 — Published 1 April 2011

e Radicchi F.,, Ramasco J.J., & Fortunato S. Physical Review E, 83 046101 (2011).

Press
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e Comparison between real e Not Maxent
network and a null-model

e Hard/strict constraints
e Unique p-value assigned (topology + weight distro.)

to edges e Very aggressive

(limitations on p-value)

e Radicchi F., Ramasco J.J., & Fortunato S. Physical Review E, 83 046101 (2011).
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Dianati Filter

PHYSICAL REVIEW E

covering statistical, nonlinear, biological, and soft matter physics

Highlights Recent Accepted Collections  Authors FEEIEES Search Press  About

Unwinding the hairball graph: Pruning algorithms for weighted
complex networks

Navid Dianati
Phys. Rev. E 93, 012304 - Published 11 January 2016

e Dianati, N. Phys. Rev. E, 93, 012304 (2016). J
2 .
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Dianati Filter

e Comparison between real e Maxent based on
network and a null-model conservation of {s;}

based on Maxent

e Two versions: global and
local

o Dianati, N. Phys. Rev. E, 93, 012304 (2016). }
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The ECM-filter




The Enhanced Configuration Model (ECM)
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e Mastrandrea, R., et al. Enhanced reconstruction of . . .. New Jour. Phys., 16, 043022. (2014). J
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ECM-filter

Main Features
1. Based on the comparison between the observed network
and a null model one.

e Mastrandrea, R., et al. Enhanced reconstruction of . . .. New Jour. Phys., 16, 043022. (2014). ) a"
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ECM-filter

Main Features
1. Based on the comparison between the observed network
and a null model one.
2. Null model: maximum-entropy canonical ensemble of
networks satisfying given constraints.
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ECM-filter

Main Features
1. Based on the comparison between the observed network
and a null model one.
2. Null model: maximum-entropy canonical ensemble of
networks satisfying given constraints.

3. Constraints: {k;} and {s;} preserved (on average).

e Mastrandrea, R., et al. Enhanced reconstruction of . . .. New Jour. Phys., 16, 043022. (2014). ) a"
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ECM-filter

Main Features

1. Based on the comparison between the observed network
and a null model one.

2. Null model: maximum-entropy canonical ensemble of
networks satisfying given constraints.

3. Constraints: {k;} and {s;} preserved (on average).

4. Two versions: local (focus on links) and global (focus on
entire network).

e Mastrandrea, R., et al. Enhanced reconstruction of . . .. New Jour. Phys., 16, 043022. (2014). ) a"
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ECM-filter

1. Generate the null model networks’ ensemble and compute:

() °™ (yiyy) " (1 = yiyy)
1 — Yiy; + XiXjyiy;

qij(w)




ECM-filter

1. Generate the null model networks’ ensemble and compute:

o ()™ (1= yiy)

—Yiyj + XiXjYiyj

(Xin)

qij(w)

2. Compute the probability:

w*—1

pi(w —1_2%




ECM-filter

1. Generate the null model networks’ ensemble and compute:

> ()™ (1~ yy)

1 — Yiy; + XiXjyiy;

(xix;)

qij(w)

2. Compute the probability:

w*—1

pi(w —1_2%

3. Associate for each link a p-value, v, such that P(w; > wj).
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ECM-filter

1. Generate the null model networks’ ensemble and compute:

o ()™ (1= yiy)

—Yiyj + XiXjYiyj

(Xin)

qij(w)

2. Compute the probability:

w*—1

pi(w —1_2%

3. Associate for each link a p-value, v, such that P(w; > wj).
4. Select a threshold 7 and remove all the links with ~; > 7.
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ECM-filter

1. Find the subgraph X' with L’ links that minimizes the
likelihood of being generated by chance.




ECM-filter

1. Find the subgraph X' with L’ links that minimizes the
likelihood of being generated by chance.

2. Minimize the function:

P(2) = [T [ai(wi)]™ .

i<j




ECM-filter

1. Find the subgraph X' with L’ links that minimizes the
likelihood of being generated by chance.

2. Minimize the function:

P(2) = [T [ai(wi)]™ .

i<j

3. Rank edges upon their g;;(w) and add the L’ smallest ones.




Results




Comparison among methods
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Comparison among methods
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Comparison among methods

Hub and Spoke

Point to Point



An example

International Trade Network 1998 — 2011 )
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Local vs Global




Local vs Global
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Local vs Global
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ECM and Multiplex
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ECM and Time-varying networks

‘ nature — 4\0\

COMMUNICATIONS

Article = OPEN = Published: 15 January 2019
The structured backbone of temporal
social ties

Teruyoshi Kobayashi, Taro Takaguchi &Alain Barrat ™

Nature Communications 10, Article number: 220 (2019)  Download Citation &

e Kobayashi, T., Takaguchi, T., & Barrat, A. Nature Communications, 10, 220 (2019). J
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Conclusions




Take home messages

Filtering is becoming a more and more
step to continue using networks to study
complex systems.




Take home messages

.
—— \m /P =~

ECM-filter overcomes limitations of previous
approaches, and retrieves non trivial features.
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Filtering & Multiplexity
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Trade: other commodities
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Trade: other commodities

FUEL — IRON in 2011
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Trade: comparison of methods

(i

UNIVERSITAT ROVIRA i VIRGIL



PROCEEDINGS OF THE ROYAL
SOCIETY A

MATHEMATICAL, PHYSICAL AND ENGINEERING SCIENCES

© You have access Research articles

B cook o Constructing networks by filtering

correlation matrices: a null model

approach

A Tools < Share Sadamori Kojaku and Naoki Masuda

. . . Published: 13 November 2019 https://doi.org/10.1098/rspa.2019.0578
Cite this article v

o Kojaku, S., & Masuda, N. Proc. Roy. Soc. A, 475, 20190578 (2019) J

(i

UNIVERSITAT ROVIRA i VIRGIL




Sample correlation matrices
(b 9211

a) 72~ ‘91

Thresholding
(c) ‘7201 (d) ‘9211
- - e

Scola
(e) 7291 () 9211
me o mEms m e mEme m

-1 -0.75-05-025 0 025 05 075 1

W Chemicals (3270) W Beverages & tobacco ($145b)

Miscellaneous ($161b) *Raw materials ($102b)

o Kojaku, S., & Masuda, N. Proc. Roy. Soc. A, 475, 20190578 (2019) Jk

OVIRAIVIRGILI




	Taxonomy of filtering
	The ECM-filter
	Results
	Conclusions
	Appendix

