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Methods to represent data as networks
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Pairwise relationships

Higher-order relationships
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Higher-order network

Representing higher-order dependencies in networks



Higher-order network




Fixed-order network

First—order Markov Second-order Markov

New York

Chicago
i Atlanta Atlanta
San Francisco San Francisco

21 Rosvall et al. (Nature Comm. 2014)
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Variable orders in HON

Assuming a fixed order
beyond the second order
becomes impractical
because i h i gorderr
Markov models are more
C 0 mp ldaexoo
combinatorial explosion

--- Rosvall et al. (Nature
Comm. 2014)

Fixed-order

Relatively
€asier to builg

Variable-order

Accurate: yse
higher-order
when
necessary

Scalable: yse
lower-order
when sufficient




Variable orders in HON

Variable orders of dependencies in HON
Shanghai Singapore

Shanghai|- E : Singapore|Shanghai
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Scalable for big data




Compatible with existing tools

Conventionally: every node

represents a single entity
(location, state, etc.)

Now: break down nodes into
higher-order nodes that carry
different dependency relationships

First-order network

Higher-order network (HON)

Singapore|

) P(X. = 1%

i |h))

Only change the node labeling
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Takeaways

Higher-order network Is:

More accurate in capturing dynamics in raw data.

More scalable than fixed-order networks.

Compatible with existing network algorithms.

Limitations:

Multiple parameters: maximum order & minimum support.

Costly to build for very high orders.



Higher-order network optimized revision

Parameter-free, scalable for arbitrarily high order



HON construction workflow

Raw data Rule Network

extraction wiring

ASequential data ~ AWhich nodesto  AConnect nodes AUse HON like

split into higher- representing the conventional
order nodes, and different orders network for
how high the analyses

orders are

27
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HON

Raw data

ABCABCACSB
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HON

Raw data

Build observation
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HON

Raw data

Build observation

Build distribution
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ABCABCACSB

Bx all *-order
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\ 4

Build all 3-order
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BJAC->C:1
C|BA->A:0.67
C|A.C-> B:0.33



HON

Raw data

Build observation

Build distribution

Rule growing
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NewOrder
Dy (ExtDistr||Distr) <
kr(ExtDistr||Distr) < log,(1+ > C|ExtSourcel|x|)



4% order

3" order

2nd order

1st order

Actual dependencies
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4% order
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max(Dgr(ExtDistr||Distr)) = max( Z Ppetpistr (1) X logs f’iz;j:trt(i() ))
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NewOrder
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HONOR

Raw data

ABCABCACB
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HONOR

Raw data

Build observation

ABCABCACSB

Build all 1*-order
A->B: 2
A->C 1
B->C: 2
C>A: 2
C->B:1
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HONOR

Raw data

Build observation

Build distribution

ABCABCACSB

Build all +*-order
A->B: 2
A->C 1
B->C: 2
C>A:2
C->B:1

v

Build all +*-order
A->B: 0.67
A->C: 033
B->C: 1
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HONOR

Raw data

Build observation

Build distribution

Rule growing
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Build all +**-order
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HONOR

Rawdata ABCABCACB
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Build observation

Build distribution

Rule growing

42

Build all +*-order
A->B: 2
A->C 1
B->C: 2
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C->B:1
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HONOR

Rawdata ABCABCACB

|

Build observation

Build distribution

Rule growing
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Build all +*-order
A->B: 2
A->C 1
B->C: 2
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v

Build all +*-order
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v
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C|A->B:0.33

Max divergence < threshold

Stop rule growing
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Takeaways

HONOR is:

Parameter-free version of HON.
More scalable for big data
Supports arbitrarily high order.

Lazy evaluation reduces actual search space.



HONVIs

Visualization & interactive exploration software
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HoNVIs framework

Input

Raw trajectories |

IMapping

Time, location, etc.
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HoNVIs framework

Input

Raw trajectories

IMapping

Time, location, etc.

Network construction
Extract
dependencies >| HON
e .
G Y s IMappmg

FoN




HoNVIs framework

Visualization and interactive exploration

Input Network construction Global Individual Local
Identifying node of interest  Exploring dependencies of single node Tracing diffusion at multiple nodes

Extract igher- ? = :
I Raw trajectories I depenz;cies | HoN | Where are igher oidernodss ){ Geographic view Subgraph view I
Mapping Mapping Mapping Mapping
N L

oN_l Quantified difference with HoN \{

[ Time, location, etc. | Table view Aggregation view |
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HoNVIs interface

Parameter
Control
Panel

Geographic View

Subgraph View

Dependency View

Aggregation View

Table View




Visualization & interactive exploration
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Takeaways

HONVIS IS:

The first visualization software for HON.

Facilitates interactive explorations.
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Part I

Insights in real -world applications



Species invasion network

Non-indigenous species risk assessment &
prediction framework (NIS -RAPS)



Invasive species

$120 billion / year
damage & control costs

Zebra mussels @ Great Lakes

Clogging water pipes, attach to boats
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Photos: Great Lakes Environmental Research Lab; TIME & LIFE Images, Getty Images



Ship-borne species invasion

Discharging

- o e
Loading ballast water -

o
»
.
- 0 At source port

Picture from GloBallast Programme 2002



Discharging ballast water .
e At destination port .

Picture from GloBallast Programme 2002



i Ballast discharge

&




| Transportation Probability of vessel v introducing species from port i to port j

\ (v)
i Ballast discharge

(v) (v)
piy = piy) (1— e Pis ) e Ha%

L]
ﬂ

Mgmt efficacy Ballast discharge Mortality
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* Invasion risk estimation inspired by Seebens et al. (2013)



Species flow network

| Transportation o

Ballast discharge

Invasion risk
Environment network

Ecoregion
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: Species flow network
Transportation —— -

&=

% Noah Am Medtemanea - Pac
L N\
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Ballast discharge 2005. 208 :

Invasion risk
Environment network

Ecoregion
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* Clustering uses MapEquation by Rosvall et al. (2008)



Clustering analysis
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]
S European Atlantic Shelf
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* Clustering uses MapEquation by Rosvall et al. (2008)
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Takeaways

NIS-RAPS:

Integrates multiple sources of data.
A network approach for invasive species modeling.

Provides insights to inform policy makers.



Shipping network construction

How does network construction choices
Influence network properties and analysis results?



Work

ship movement data

Ducruet Ducruet Ducruet Ducruet Gonzalez Hu Kaluza Xu
2013 2012 2010 2010b Laxe 2012 2009 2010 2014
T I T I T T T
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Work

Time and
duration

ds ship movement data

Ducruet Ducruet Ducruet Ducruet Gonzalez Hu Kaluza
2013 2012 2010 2010b Laxe 2012 2009 2010
Oct 2014 — Nov 2014 1996 or 2006 1996 or 2006 1996 or 2006 2008 or 2010 2007 1997/1999/2002/2005
Unknown
(1 month) (1 year) (1 year) (1 year) (1 year) (1 year) (1 year)
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Work
Time and
duration

Edge
/ weight

s ship movement data

Ducruet Ducruet Ducruet Ducruet Gonzalez Hu Kaluza Xu
2013 2012 2010 2010b Laxe 2012 2009 2010 2014
Oct 2014 — Nov 2014 1996 or 2006 1996 or 2006 1996 or 2006 2008 or 2010 Unknown 2007 1997/1999/2002/2005
(1 month) (1 year) (1 year) (1 year) (1 year) (1 year) (1 year)

Gross Registered
Tonnage (GRT)

Twenty-foot
equivalent unit (TEU)

Number of vessels
between two ports

Number of vessels,
Trip time, DWT
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Work

Time and
duration

Edge

weight

Edge
directionality

s ship movement data

Ducruet Ducruet Ducruet Ducruet Gonzalez Hu Kaluza Xu
2013 2012 2010 2010b Laxe 2012 2009 2010 2014
Oct 2014 - Nov 2014 1996 or 2006 1996 or 2006 1996 or 2006 2008 or 2010 Unknown 2007 1997/1999/2002/2005
(1 month) (1 year) (1 year) (1 year) (1 year) (1 year) (1 year)

Gross Registered
Tonnage (GRT)

Twenty-foot

equivalent unit (TEU)

Number of vessels
between two ports

Number of vessels,
Trip time, DWT

47\-
Undirected Directed
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Work

Time and
duration

Edge

weight

Edge
directionality

Connections

s ship movement data

Ducruet Ducruet Ducruet Ducruet Gonzalez Hu Kaluza Xu
2013 2012 2010 2010b Laxe 2012 2009 2010 2014
Oct 2014 — Nov 2014 1996 or 2006 1996 or 2006 1996 or 2006 2008 or 2010 Unknown 2007 1997/1999/2002/2005
(1 month) (1 year) (1 year) (1 year) (1 year) (1 year) (1 year)

Gross Registered
Tonnage (GRT)

Twenty-foot

equivalent unit (TEU)
—

—

Number of vessels
between two ports

Number of vessels,
Trip time, DWT
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Linkages (GDL
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Work

Time and
duration

Edge

weight

Edge
directionality

Connections

Network
model

s ship movement data

Ducruet Ducruet Ducruet Ducruet Gonzalez Hu Kaluza Xu
2013 2012 2010 2010b Laxe 2012 2009 2010 2014
Oct 2014 — Nov 2014 1996 or 2006 1996 or 2006 1996 or 2006 2008 or 2010 Unknown 2007 1997/1999/2002/2005
(1 month) (1 year) (1 year) (1 year) (1 year) (1 year) (1 year)

Gross Registered
Tonnage (GRT)

Twenty-foot

Number of vessels
between two ports

Number of vessels,
Trip time, DWT

equivalent unit (TEU)
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‘ Multigraph |
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Graph Gt AT ] Graph of Direct
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