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T h e r e l a t i o n s h i p b e t w e e n n e t w o r k s t ructure a n d d y n a m i c s is o n e of the m o s t 

ex tens ive ly i n v e s t i g a t e d p r o b l e m s i n the t h e o r y of c o m p l e x systems of recent 

years . U n d e r s t a n d i n g this r e l a t i o n s h i p is o f re levance to a range 

of d i s c i p l i n e s — f r o m neurosc ience to g e o m o r p h o l o g y . A m a j o r strategy of 

i n v e s t i g a t i n g this r e l a t i o n s h i p is the q u a n t i t a t i v e c o m p a r i s o n of a represen­

ta t ion of n e t w o r k archi tecture ( s t ructura l c o n n e c t i v i t y S C ) w i t h a 

(ne twork) representa t ion of the d y n a m i c s ( f u n c t i o n a l c o n n e c t i v i t y F C ) . 

H e r e , w e s h o w that one c a n d i s t i n g u i s h t w o classes of f u n c t i o n a l c o n n e c ­

t i v i t y — o n e b a s e d o n s i m u l t a n e o u s a c t i v i t y (co-act ivi ty) of n o d e s , the other 

b a s e d o n s e q u e n t i a l a c t i v i t y o f n o d e s . W e del ineate these t w o classes i n 

di f ferent categories o f d y n a m i c a l processes—exci ta t ions , r e g u l a r a n d chaot i c 

o s c i l l a t o r s — a n d p r o v i d e e x a m p l e s for S C / F C corre la t ions o f b o t h classes i n 

each of these m o d e l s . W e e x p a n d the theoret ica l v i e w of the S C / F C r e l a t i o n ­

s h i p s , w i t h c o n c e p t u a l instances o f the S C a n d the t w o classes of F C for 

v a r i o u s a p p l i c a t i o n scenar ios i n g e o m o r p h o l o g y e c o l o g y systems b i o l o g y 

neurosc ience a n d s o c i o - e c o l o g i c a l systems. S e e i n g the o r g a n i s a t i o n of 

d y n a m i c a l processes i n a n e t w o r k ei ther as g o v e r n e d b y c o - a c t i v i t y or b y 

s e q u e n t i a l a c t i v i t y a l l o w s u s to b r i n g s o m e o r d e r i n the m y r i a d of 

o b s e r v a t i o n s re la t ing s t ructure a n d f u n c t i o n of c o m p l e x n e t w o r k s . 
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1. Introduction 
T h e re la t ionship b e t w e e n n e t w o r k structure a n d d y n a m i c s 
has been at the forefront o f inves t iga t ion i n the f i e l d of c o m p l e x 
systems d u r i n g the past decades , w i t h n e t w o r k s s e r v i n g as 
p o w e r f u l abstract representations of r e a l - w o r l d systems. H o w ­
ever, a s o l i d theoret ical u n d e r s t a n d i n g of the generic features 
re la t ing n e t w o r k structure a n d d y n a m i c s is s t i l l m i s s i n g . H e r e , 
o u r strategy of inves t iga t ing these features is v i a the quant i ta t ive 
c o m p a r i s o n of n e t w o r k architecture (structural connect ivi ty , 
SC) w i t h a n e t w o r k (or matr ix ) representat ion o f the d y n a m i c s 
( f u n c t i o n a l connect ivi ty , F C ) . W e establ ish k e y re lat ionships 
u s i n g s i m p l e m o d e l representations o f d y n a m i c s : excitable 
d y n a m i c s represented b y a stochastic ce l lu lar a u t o m a t o n , 
c o u p l e d phase osci l lators , chaotic osci l lators represented b y 
c o u p l e d logist ic m a p s . W e v a l i d a t e these re la t ionships i n 
c o u p l e d F i t z H u g h - N a g u m o osci l lators , i n the excitable a n d 
the osc i l la tory regimes. F u r t h e r m o r e , w e g i v e examples of 
h o w the t w o classes of F C c a n be a p p l i e d to v a r i o u s a p p l i c a t i o n 
d o m a i n s , i n w h i c h n e t w o r k s p l a y a p r o m i n e n t role. 

T h e s i m p l e s t w a y of represent ing t i m e series o f d y n a m i c a l 
e lements as a n e t w o r k is to c o m p u t e p a i r w i s e correlat ions. 
O f t e n , one a lso k n o w s a b o u t the ' t rue ' o r 'static' c o n n e c t i v i t y 
of these d y n a m i c a l e lements b e f o r e h a n d . T h e statistical ques­
t i o n t h e n arises i n a n a t u r a l w a y , w h e t h e r the k n o w n 
n e t w o r k (SC) a n d the n e t w o r k d e r i v e d f r o m the d y n a m i c a l 
observat ions (FC) are s i m i l a r . A s w e w i l l see i n the a p p l i ­
cations, f u n c t i o n a l c o n n e c t i v i t y c a n either be t h o u g h t of as 
d y n a m i c a l s imi lar i t i es o f n o d e s o r f l o w s (of m a t e r i a l , act ivity, 
i n f o r m a t i o n , etc.) c o n n e c t i n g t w o nodes . 

T h e s i m p l i c i t y of the d y n a m i c s i n c l u d e d i n o u r inves t iga t ion 
a l l o w s u s to w o r k w i t h this corre lat ion-based a p p r o a c h . I n case 
of a large heterogeneity of d y n a m i c a l elements , v e r y n o i s y 
d y n a m i c s , p o o r statistics ( tempora l s a m p l i n g ) or i n c o m p l e t e 
i n f o r m a t i o n , m o r e sophis t icated representations of d y n a m i c a l 
re la t ionships a m o n g nodes are r e q u i r e d [1-5]. 

O r i g i n a t i n g i n neurosc ience [6], research i n t o S C / F C 
correlat ions has b e c o m e a p r o m i s i n g m a r k e r for changes i n sys­
temic f u n c t i o n a n d a m e a n s for e x p l o r i n g the p r i n c i p l e s 
u n d e r l y i n g the r e l a t i o n s h i p b e t w e e n n e t w o r k architecture 
a n d d y n a m i c s — i n systems b i o l o g y [7,8], s o c i a l sciences 
[9-11], g e o m o r p h o l o g y [12-14] a n d t e c h n o l o g y [15-17], just 
to n a m e a f e w of the a p p l i c a t i o n areas. 

S u c h S C / F C re la t ionsh ips are at the same t i m e m a r k e r s 
for cer ta in f o r m s of systemic b e h a v i o u r (e.g. a loss of S C / F C 
corre la t ion m a y ind ica te p a t h o l o g i c a l b r a i n a c t i v i t y patterns 
[18]) a n d h i g h l y i n f o r m a t i v e s tar t ing p o i n t s for a mechanis t i c 
u n d e r s t a n d i n g of the s y s t e m (e.g. r e v e a l i n g h i g h l y connec ted 
e l e m e n t s — h u b s — a s centres of s e l f - o r g a n i z e d exc i ta t ion 
w a v e s i n scale-free g r a p h s [19,20]). 

W h i l e the sys temic i m p l i c a t i o n s a n d the k e y results h a v e 
b e e n r e v i e w e d e l sewhere [21], here w e w o u l d l i k e to s h o w 
that across a range of d y n a m i c a l processes a n d n e t w o r k 
architectures s o m e f u n d a m e n t a l c o m m o n p r i n c i p l e s exist. 
W e a r g u e that one needs to d i s t i n g u i s h b e t w e e n t w o types 
of f u n c t i o n a l connec t iv i ty , o n e re la ted to s y n c h r o n o u s a c t i v i t y 
(or co-ac t ivat ion) , the other re la ted to c h a i n s of events 
(or s e q u e n t i a l ac t ivat ion) . A sys tem, l i k e p h a s e osc i l la tors 
[22-24], f a v o u r i n g o n e t y p e of f u n c t i o n a l c o n n e c t i v i t y ( for 
this e x a m p l e , s y n c h r o n i z a t i o n ) c a n also d i s p l a y the other 
t y p e of S C / F C corre la t ions u n d e r cer ta in c o n d i t i o n s . 

A c o n d i t i o n here is c h a r a c t e r i z e d b y the n e t w o r k t y p e , the 
s trength of the c o u p l i n g of the d y n a m i c a l e lements a n d the 

choice of f u r t h e r ( intr insic) p a r a m e t e r s of each o f the d y n a m i ­
ca l e lements . H e r e , w e s h o w m a n y e x a m p l e s o f t rans i t ions 
f r o m o n e t y p e of S C / F C corre la t ions to a n o t h e r t y p e u n d e r 
changes of these c o n d i t i o n s . 

S t y l i z e d m o d e l s of d y n a m i c s o f ten offer a d e e p mechanis t i c 
u n d e r s t a n d i n g o f the d y n a m i c a l processes a n d p h e n o m e n a 
a n d , i n par t i cu lar , h e l p d i s c e r n h o w n e t w o r k architecture 
shapes the d y n a m i c a l b e h a v i o u r . T h i s p o i n t is i l lus t ra ted b y 
the intense research over the past decades o n n e t w o r k s of 
c o u p l e d p h a s e osci l lators as a s t y l i z e d m o d e l of osc i l la tory 
d y n a m i c s . T w o p r o m i n e n t e x a m p l e s of this l i n e of inves t i ­
ga t ion are the t o p o l o g i c a l d e t e r m i n a n t s of s y n c h r o n i z a b i l i t y 
[23,25], the l i fe t imes of i n t e r m e d i a t e s y n c h r o n i z a t i o n patterns 
i n a t i m e course t o w a r d s f u l l s y n c h r o n i z a t i o n a n d their 
re la t ionsh ips to the n e t w o r k ' s m o d u l a r o r g a n i z a t i o n [22]. 

R e m a r k a b l y , i t is p r e c i s e l y th is f o r m a l d i s t i n c t i o n b e t w e e n 
f u n c t i o n a l c o n n e c t i v i t y b a s e d o n c o - a c t i v a t i o n a n d s e q u e n t i a l 
a c t i v a t i o n that is o f ten h a r d to d i s c r i m i n a t e i n m o r e d e t a i l e d 
(e.g. c o n t i n u o u s ) m o d e l s [26] a n d e x p e r i m e n t a l d a t a [27]. 

In the case of S C / F C correlat ions, the best- invest igated 
s t y l i z e d m o d e l is the—three-state ce l lu lar a u t o m a t o n — S E R 
m o d e l of excitable d y n a m i c s [19,28,29]. K e y results i n c l u d e 
that the t o p o l o g i c a l o v e r l a p [30] is h i g h l y associated w i t h f u n c ­
t iona l c o n n e c t i v i t y b a s e d o n s i m u l t a n e o u s activity, F C s m v a n d 
that v i a this m e c h a n i s m — a c lus ter ing of h i g h t o p o l o g i c a l over­
l a p v a l u e s w i t h i n m o d u l e s — m o d u l a r graphs d i s p l a y h i g h S C / 
F C correlat ions, w h i l e scale-free g r a p h s t e n d to d i s p l a y l o w , or 
even systemat ica l ly negat ive S C / F C correlat ions w i t h th is d e f i ­
n i t i o n of F C [28,30]. F u r t h e r m o r e , a large a s y m m e t r y of the 
sequent ia l ac t iva t ion m a t r i x ( w h i c h is the f o u n d a t i o n of f u n c ­
t iona l c o n n e c t i v i t y b a s e d o n sequent ia l ac t ivat ion , F C s e q ) c a n 
be associated w i t h se l f -organ ized w a v e s a r o u n d h u b s [20]. 
A d d i t i o n a l l y the role o f cycles for o r g a n i z i n g S C / F C corre­
lat ions has been invest igated [31] a n d i n the determinis t i c 
l i m i t of the m o d e l , a theoret ical f r a m e w o r k for p r e d i c t i n g S C / 
F C correlat ions has been establ ished [30]. 

A s a f irst i l l u s t r a t i o n of the t r e m e n d o u s p o w e r o f p r o b i n g 
n e t w o r k s w i t h v a r i o u s types of d y n a m i c s , i n o r d e r to u n d e r ­
s t a n d h o w n e t w o r k archi tecture d e t e r m i n e s s o m e of the 
d y n a m i c a l features, i n f i g u r e 1, w e s h o w s n a p s h o t s of d y n a ­
m i c a l states for three real - l i fe n e t w o r k s c o m i n g f r o m dif ferent 
d o m a i n s — N e u r o s c i e n c e (the m a c a q u e c o r t i c a l area n e t w o r k 
f r o m [32]), systems b i o l o g y (the core m e t a b o l i c s y s t e m of 
the g u t b a c t e r i u m Escherichia coli f r o m [33]) a n d s o c i a l 
sciences ( i n t r a - o r g a n i z a t i o n a l n e t w o r k of s k i l l s awareness i n 
a c o m p a n y f r o m [34])—under the a c t i o n of three types of 
d y n a m i c s — e x c i t a b l e d y n a m i c s , p h a s e osc i l la tors , the logis t i c 
m a p as a n e x a m p l e of a chaot ic osc i l la tor . 

T h e real- l i fe n e t w o r k s s h o w n i n f i g u r e 1 c a n a l l be c o n ­
s i d e r e d e x a m p l e s of s t r u c t u r a l c o n n e c t i v i t y . T h e d e t a i l e d 
d e s c r i p t i o n o f the s tructure of these n e t w o r k s is g i v e n i n 
the e lectronic s u p p l e m e n t a r y m a t e r i a l . 

A n i m p o r t a n t q u e s t i o n a r o u n d f i g u r e 1 is w h e t h e r the 
three types of d y n a m i c s are p l a u s i b l e for the n e t w o r k s at 
h a n d . F i rs t , w e w o u l d l i k e to e m p h a s i z e that the strategy of 
o u r i n v e s t i g a t i o n is to p r o b e n e t w o r k architectures b y 
s i m p l e p r o t o t y p e s (or v e r y s t y l i z e d forms) of d y n a m i c s , 
rather t h a n d e v i s i n g real ist ic m o d e l s of the m o s t p l a u s i b l e 
f o r m of d y n a m i c s for each of these n e t w o r k s . 

In the case of the c o r t i c a l area n e t w o r k , the excitable 
d y n a m i c s as w e l l as the o s c i l l a t o r y d y n a m i c s c a n be seen as 
s t y l i z e d b u t p l a u s i b l e d y n a m i c a l probes a n d , i n fact, those 
have b e e n p r e v i o u s l y e m p l o y e d to explore s u c h n e t w o r k 
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Figure 1. An illustrative example of applying different categories of dynamical processes to real networks with different structures. Neural network: macaque cortical 
area network from [32]. Metabolic network: core metabolic system of the gut bacterium Escherichia coli from [33]. Social network: skills awareness network from 
[34]. SER: The mean activity of each node after 1000 timesteps, with a rate of spontaneous activity f= 0.001 and a recovery probability p = 0.1. Phase oscillators: 
The average effective frequency of each node for ten simulations of length T= 200 initialized with a uniform distribution of eigenfrequencies. Logistic map: The 
average standard deviation of the time series of each node for 10 simulations of 500 timesteps with the parameter R for each node randomly selected from a 
uniform distribution with ffmin = 3.7 and /?m a x = 3.9. 
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structures [20,35-37]. B u t a lso chaot ic d y n a m i c s , as i n the 
t h i r d r o w of f i g u r e 1, h a v e b e e n u s e d to s t u d y n e u r o n a l c o n ­
n e c t i v i t y pat terns [38,39]. 

I n the case of m e t a b o l i c n e t w o r k s , s y n c h r o n o u s a c t i v i t y 
patterns , a n d hence c o u p l e d p h a s e osc i l la tors , are a p l a u s i b l e 
f o r m of d y n a m i c s (see, fo r e x a m p l e , the a r g u m e n t s i n [40], 
w h e r e e n z y m e s are d e s c r i b e d as c y c l i c a l l y o p e r a t i n g dev ices , 
as w e l l as the p r o m i n e n t usage of c o r r e l a t i o n n e t w o r k s i n 
m e t a b o l o m i c s [41^13]). A m o r e p a t h w a y - o r i e n t e d v i e w of 
m e t a b o l i s m m i g h t e m p h a s i z e the p r o p a g a t i o n o f a c t i v i t y 
a n d , hence, w o u l d be closer to the exci table d y n a m i c s 
s h o w n i n the first r o w of f i g u r e 1. C h a o t i c osc i l la tors are 
c lear ly less re levant fo r this a p p l i c a t i o n d o m a i n . 

Interact ion d y n a m i c s , contact d y n a m i c s a n d i n f o r m a t i o n 
f l o w i n a corporate se t t ing u n i t e aspects of exci table 
d y n a m i c s (as i n the case of r u m o u r s p r e a d i n g , [44]) or 
s y n c h r o n i z a t i o n [45,46]. B u t also chaot ic d y n a m i c s h a v e 
b e e n e m p l o y e d to m o d e l d e c i s i o n d y n a m i c s a n d a c t i v i t y i n 
corporate sett ings [47-49]. 

T h e three m a i n messages of the i l l u s t r a t i o n of d y n a m i c s o n 
real- l i fe n e t w o r k s s h o w n i n f igure 1 are: (1) T h e representat ion 
of c o m p l e x systems as n e t w o r k s enables the p r o b i n g of s u c h 
c o m p l e x structures w i t h d y n a m i c s . (2) Di f ferent n e t w o r k s 
react d i f fe rent ly to o n e t y p e of d y n a m i c s . T h i s genera l p o i n t 
c a n be seen for e x a m p l e i n f igure 1 b y f o l l o w i n g one t y p e of 
d y n a m i c s (e.g.excitable d y n a m i c s ; f irst r o w i n f igure 1) across 
the three n e t w o r k s a n d o b s e r v i n g that g r o u p s of nodes 
ac t ing together ( s imi lar co lour , represent ing s i m i l a r d y n a m i c a l 
states) c a n be ei ther i n the p e r i p h e r y or i n the centre of these 
n e t w o r k representat ions. (3) A g i v e n n e t w o r k reacts d i f fe rent ly 

to di f ferent d y n a m i c a l probes . T h i s genera l feature c a n be seen 

b y f o l l o w i n g a s ing le n e t w o r k across dif ferent types of 

d y n a m i c s ( c o l u m n s i n f igure 1). R e g i o n s i n the g r a p h w i t h a 

s i m i l a r d y n a m i c a l state (same colours) for one d y n a m i c s l o o k 

heterogeneous (different co lours) for another d y n a m i c s . A l s o , 

s imi lar i t i es occur . T h e p e r i p h e r y a n d the centre o f the n e t w o r k s 

t e n d to behave d i f fe rent ly i n a l l the e x a m p l e s o f d y n a m i c s 

s h o w n i n f i g u r e 1. 

It is o b v i o u s that s u c h a n i l l u s t r a t i o n c a n o n l y p r o v i d e a 

s ingle s n a p s h o t of the d i v e r s e d y n a m i c s poss ib le o n s u c h 

n e t w o r k s , e v e n for a s ing le t y p e o f d y n a m i c s , as the i n t e r n a l 

parameters at each n o d e , as w e l l as the c o u p l i n g t y p e a n d 

strength a m o n g t h e m c a n have di f ferent v a l u e s . I n the f o l l o w ­

i n g , w e w a n t to fur ther explore the systematic changes of these 

d y n a m i c a l patterns as a f u n c t i o n o f n e t w o r k architecture, 

c o u p l i n g a n d i n t e r n a l d y n a m i c a l parameters a n d h o w this 

theoret ical f r a m e w o r k c a n be a p p l i e d to v a r i o u s d i s c i p l i n e s . 

2. Results and discussion 
W e create different instances that indica te the b e h a v i o u r o f the 

t w o classes of F C u s i n g v a r i o u s n u m e r i c a l schemes. T h e 

m e a n s of e n h a n c i n g or d e s t r o y i n g S C / F C correlat ions c a n be 

structural (i.e. d r i v e n b y n e t w o r k architecture) or d y n a m i c a l 

( i n d u c e d b y c h a n g i n g the parameters o f the d y n a m i c a l 

m o d e l ) . T h e inves t iga t ion is o r g a n i z e d a r o u n d the f o r m of 

change: §2.1 t o p o l o g i c a l changes , §2 .2 changes i n the c o u p l i n g 

strength, §2.3 changes of the in t r ins i c parameters o f the i n d i v i d ­

u a l e lements . In §2.4 , w e il lustrate these p r i n c i p l e s i n a case 
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Figure 2. (a) SC/FCsjm and SC/FCseq correlations across the randomization of a modular network, (b) Illustration of the SC and the FCsjm, FCseq matrices for three 
network cases, pointed out by the dashed vertical black lines on the left figure (original modular network, 30% randomized network and completely randomized 
network). The dynamical model used for the FC is the SER model (parameters: fmax = 10, NR = 10000, p = 0.1, f= 0.001.) 

s t u d y o n a n e t w o r k of c o u p l e d F i t z H u g h - N a g u m o osci l lators 

i n the excitable a n d osc i l la tory regimes . U s i n g the three 

examples f r o m f igure 1, i n §2.5 , w e s h o w the b e h a v i o u r of 

S C / F C correlat ions o n these r e a l - w o r l d n e t w o r k s . 

2.1. Topological changes 
T h e first par t o f o u r inves t iga t ion is related to the effect of t o p ­
o l o g y i n the S C / F C correlat ions. W e started w i t h n e t w o r k s w i t h 
a dis t inct structure ( m o d u l a r g r a p h , h ierarchica l g r a p h , regular 
graph) , w h i c h w e g r a d u a l l y des t royed either b y r a n d o m i z i n g or 
b y r e w i r i n g the i n i t i a l n e t w o r k (see M e t h o d s , §5) . 

F i g u r e 2 i n t r o d u c e s the c o m p a r i s o n of s t r u c t u r a l connec­
t i v i t y a n d f u n c t i o n a l c o n n e c t i v i t y o n the m a t r i x l e v e l , b y 
d e p i c t i n g the ad jacency matr i ces o f t w o n e t w o r k s , together 
w i t h e x a m p l e s of the c o r r e s p o n d i n g f u n c t i o n a l c o n n e c t i v i t y 
matr i ces d e r i v e d f r o m d y n a m i c s (here: the c o - a c t i v a t i o n a n d 
sequent ia l a c t i v a t i o n matr ices o b t a i n e d f r o m s i m u l a t i o n s of 
the S E R m o d e l ; see M e t h o d s , §5 ) . T h i s m a t r i x v i e w o n S C / 
F C r e l a t i o n s h i p s is s i m i l a r to f i g . 1 i n [26] a n d f i g . 1 i n [28] 
a n d a l l o w s u s to v i s u a l l y d i s c e r n the s t r o n g p o s i t i v e corre­
l a t i o n b e t w e e n the adjacency m a t r i x a n d the c o - a c t i v a t i o n 
m a t r i x i n the case o f the m o d u l a r g r a p h (f irst r o w ) a n d the 
a p p a r e n t lack thereof i n the m o r e r a n d o m g r a p h (second 
r o w ) , for w h i c h w e , h o w e v e r , c a n v i s u a l l y perce ive a n agree­
m e n t b e t w e e n the adjacency m a t r i x a n d the s e q u e n t i a l 
a c t i v a t i o n m a t r i x . So , here a change i n n e t w o r k t o p o l o g y 
goes a l o n g w i t h a c h a n g e f r o m o n e t y p e of S C / F C corre­
la t ions ( co-ac t ivat ion to s e q u e n t i a l ac t ivat ion) . T h i s is the 
p h e n o m e n o n w e set o u t to e x p l o r e f u r t h e r i n the f o l l o w i n g . 

I n the electronic s u p p l e m e n t a r y m a t e r i a l , f igures S2 a n d 
S3 s h o w the s a m e m a t r i x v i e w , b u t for c o u p l e d p h a s e o s c i l ­
lators a n d logis t i c m a p s , respect ive ly . I n f i g u r e S2 ( p h a s e 
osci l lators) i n the electronic s u p p l e m e n t a r y m a t e r i a l , a 
v i s u a l i n s p e c t i o n c l e a r l y s h o w s that the S C / F C corre la t ions 
b a s e d o n s e q u e n t i a l a c t i v a t i o n are m u c h w e a k e r t h a n the 

ones b a s e d o n c o - a c t i v a t i o n . A l s o , S C / F C s j m r e m a i n s v i s i b l y 
h i g h d u r i n g r a n d o m i z a t i o n . In f i g u r e S3 i n the e lectronic s u p ­
p l e m e n t a r y m a t e r i a l ( logist ic m a p s ) , the lack o f c o r r e l a t i o n 
b e t w e e n c o - a c t i v a t i o n a n d the m o d u l a r s t ructure is c l e a r l y 
seen, as is the ( faint , b u t d iscern ib le ) agreement of this m o d ­
u l a r s t ructure w i t h s e q u e n t i a l a c t i v a t i o n . C a r e f u l v i s u a l 
i n s p e c t i o n a lso reveals the p e r s i s t i n g p o s i t i v e S C / F C s e q cor­
re lat ions , as w e l l as the negat ive S C / F C g j m corre la t ions , 
u n d e r r a n d o m i z a t i o n of the m o d u l a r n e t w o r k . I n f i g u r e S4 
i n the electronic s u p p l e m e n t a r y m a t e r i a l e x a m p l e s of 
space—time p l o t s for s i n g l e r u n s o f the chaot ic d y n a m i c s are 
s h o w n a n d this t h u s p r o v i d e s a m i c r o s c o p i c v i e w of the 
results s u m m a r i z e d i n f i g u r e 2. 

In f i g u r e 3, w e go f r o m rather s t r u c t u r e d n e t w o r k t o p o l o ­
gies to rather u n s t r u c t u r e d r a n d o m n e t w o r k t o p o l o g i e s . 
F i g u r e 3 s u p p o r t s the v i s u a l i m p r e s s i o n f r o m the m a t r i x 
e x a m p l e s s h o w n i n f i g u r e 2 b y s h o w i n g the t w o types of 
S C / F C corre la t ions as a f u n c t i o n of n e t w o r k r a n d o m i z a t i o n 
p r o c e d u r e s , for the S E R m o d e l ( w h i c h w a s also u s e d i n 
f i g u r e 2), as w e l l as t w o other types of d y n a m i c s , n a m e l y 
c o u p l e d p h a s e osc i l la tors a n d c o u p l e d log is t i c m a p s i n the 
chaot ic r e g i m e (see M e t h o d s , §5 ) . It s h o u l d be n o t e d that 
each o f these d y n a m i c a l m o d e l s has b e e n i n s t r u m e n t a l i n 
the past i n a d v a n c i n g o u r u n d e r s t a n d i n g of f u n d a m e n t a l 
r e l a t i o n s h i p s b e t w e e n n e t w o r k archi tecture a n d d y n a m i c s 
(see, e.g. [19,30,50] for the S E R m o d e l , [22,24] fo r c o u p l e d 
p h a s e osc i l la tors , a n d [51,52] for the logis t i c m a p s ) . 

F o r the S E R m o d e l , w e see a t r e n d that s t r u c t u r e d t o p o l o ­
gies f a v o u r h i g h S C / F C corre lat ions o f b o t h types , w h e r e a s 
u n s t r u c t u r e d r a n d o m n e t w o r k s f a v o u r h i g h S C / F C s e q corre­
lat ions . W e c a n also see that S C / F C s j m i s v e r y sensi t ive to 
t o p o l o g i c a l changes , i n contrast to S C / F C s e q , w h i c h , i n this 
case, s h o w s a m o r e stable b e h a v i o u r . T h e n e t w o r k s of c o u p l e d 
phase osci l lators behave i n a l m o s t the o p p o s i t e w a y , w h e r e 
co-ac t ivat ion (rather t h a n sequent ia l act ivat ion) is f a v o u r e d 
b y r a n d o m n e t w o r k structures a n d s h o w s a m o r e stable 
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Figure 3. SC/FCsjm and SC/FCseq correlations across the range of randomization/rewiring processes. First column: randomization of a modular graph. Second 
column: rewiring of a regular graph. Third column: randomization of a hierarchical graph in the three models. First row: SER model; parameters: fmax = 10, 
NR (over different initial conditions) = 10000, Wff (over different initial graphs) = 10, p = 0.1, f= 0.001. Second row: coupled phase oscillators; parameters: 
fmax = 50, Wff (over different initial conditions) = 100, NR (over different initial graphs) = 10, co e (0,1), k = 10, a = 0.25, u e (0,1). Third row: logistic map 
(chaotic oscillators); parameters: fmax = 500, Wff (over different initial conditions) = 50, R e (3.7, 3.9), k = 2. 

b e h a v i o u r u n d e r t o p o l o g i c a l changes. In the case o f chaotic 
osc i l lators , the deta i l s a b o u t the n e t w o r k architecture a n d the 
select ion o f the t y p e of c o u p l i n g matter . F o r th is case, the 
t rans i t ion f r o m s t r u c t u r e d to u n s t r u c t u r e d n e t w o r k s does not 
affect the S C / F C s e q , b u t leads to s t r o n g negat ive correlat ions 
of the S C / F C s m v T h e h i e r a r c h i c a l n e t w o r k is the o n l y one , 
t h o u g h , i n w h i c h the d e s t r u c t i o n of the m o d u l a r i t y is not 
r e v e a l e d f r o m the d y n a m i c s . F o r this g r a p h , a l l the d y n a m i c a l 
m o d e l s s h o w that the r a n d o m i z a t i o n does not essent ia l ly affect 
the v a l u e of S C / F C corre lat ions , ins tead constant , l o w p o s i t i v e 
correlat ions o f S C / F C s e q a n d constant , l o w negat ive corre­
la t ions of S C / F C s j m are m a i n t a i n e d d u r i n g the 
r a n d o m i z a t i o n process. 

2.2. Changes in coupling strength 
T h e s e c o n d set o f o u r n u m e r i c a l exper iments per ta ins to 

changes i n the c o u p l i n g s trength a m o n g n o d e s . F o r this t y p e 

of change , o n l y the m o d e l s of the phase a n d chaot ic osci l lators 

c a n be u s e d , as the S E R m o d e l — i n the f o r m u s e d here—has n o 

c o u p l i n g parameter ( w h i c h c o u l d , h o w e v e r , be i n t r o d u c e d v i a 

a relat ive exc i ta t ion t h r e s h o l d , as i n [29,53]). 

F i g u r e 4 s h o w s that i n the case of c o u p l e d p h a s e osci l lators , 

a l l the n e t w o r k architectures s tab i l ize S C / F C g ^ against 

changes of c o u p l i n g s trength. L a r g e v a l u e s of c o u p l i n g 

strength l e a d to r a p i d s y n c h r o n i z a t i o n (co-act ivi ty o f the 

nodes) a n d therefore to i n a d e q u a t e a m o u n t o f i n f o r m a t i o n 

for the sequent ia l ac t iva t ion . A s a result , see ing the s tructure 

of the n e t w o r k t h r o u g h the d y n a m i c s u s i n g the sequent ia l act i ­

v a t i o n i s , i n th is case, n o t poss ib le . F o r the chaot ic osc i l la tors , 

w e observe genera l t rends of i n c r e a s i n g S C / F C s e q w i t h 

i n c r e a s i n g c o u p l i n g , r e a c h i n g a m a x i m u m , a n d g r a d u a l l y 

decreas ing for fur ther increase of the c o u p l i n g , essent ia l ly 

across a l l n e t w o r k architectures ( f igure 4). 

2.3. Changes in intrinsic parameters 
E a c h d y n a m i c a l m o d e l is c h a r a c t e r i z e d b y spec i f i c i n t r i n s i c 

parameters that d e t e r m i n e the b e h a v i o u r o f the i n d i v i d u a l 

e lements a n d of the sys tem, too . C h a n g e s i n the v a l u e s of 

the i n t r i n s i c p a r a m e t e r s m a y result i n dras t i c changes to the 

f u n c t i o n a l c o n n e c t i v i t y . In this p a r t o f the i n v e s t i g a t i o n , the 

t w o types of f u n c t i o n a l c o n n e c t i v i t y are s t u d i e d as a f u n c t i o n 

of s u c h i n t r i n s i c parameters . W e are here a t t e m p t i n g to 

address the f o l l o w i n g q u e s t i o n : i s there at least o n e class of 

the f u n c t i o n a l c o n n e c t i v i t y that c a n s u r v i v e u n d e r the 

changes of a d y n a m i c a l p a r a m e t e r of the m o d e l ? O r r e l a t e d l y 

is i t p o s s i b l e to observe the s t ructure of the n e t w o r k t h r o u g h 

the d y n a m i c s e v e n i f w e are cons is tent ly c h a n g i n g a n 

i n t r i n s i c parameter? 

T h e stochastic S E R m o d e l is charac ter ized b y the recovery 

p r o b a b i l i t y p, that d e t e r m i n e s if a n o d e i n the refractory state 

w i l l r e t u r n to the suscept ib le state. F o r the phase osc i l la tors , 

w e use the range of n a t u r a l f requencies as the i n t r i n s i c p a r ­

ameter. T h e logis t i c m a p has o n l y one i n t r i n s i c parameter , R, 
w h i c h def ines the d y n a m i c a l b e h a v i o u r of the u n c o u p l e d 
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Figure 5. SC/FCsjm and SC/FCseq correlations under changes of dynamical parameters in the three models. First row: SER model with increasing recovery prob­
ability (parameters: fmax =10, Wff = 10 000 (over initial conditions), Ng = 10 (over different initial graphs), f= 0.001). Second row: coupled phase oscillators under a 
widening of the distribution of the natural frequencies (parameters: fmax = 50, Wff = 100 (over initial conditions), Ng = 10 (over different initial graphs), k = 10, 
rj= 0.25, u e (0,1)). Third row: logistic map under a shift of /?average of the distribution of R within the interval (3.7, 3.9), keeping the width equal to 0.2 
(parameters: fmax = 500, Wff = 50 (over initial conditions), k=2). Four network architectures were used for each model: First column: modular graph. Second 
column: Erdos-Renyi graph. Third column: Barabasi-Albert graph. Fourth column: hierarchical graph. 

osci l lator . W e here v a r y the average R s u c h that the u n c o u p l e d 
osc i l la tor w o u l d res ide i n the chaot ic r e g i m e (3.7, 3.9). 

F i g u r e 5 s h o w s the results of this p a r t of the i n v e s t i g a t i o n . 
F o r the S E R m o d e l , w e see that n e t w o r k effects are consistent 
across the w h o l e p a r a m e t e r range . W e c a n see that S C / F C s m l 

is cons is tent ly h i g h for the m o d u l a r g r a p h a n d v e r y close 
to zero for a l l the other g r a p h s , w h e r e , i n contrast , the 
S C / F C s e q has p o s i t i v e c o r r e l a t i o n v a l u e s . F o r the p h a s e 
osc i l la tors , the w i d t h of the f r e q u e n c y d i s t r i b u t i o n 
matters : i n c r e a s i n g w i d t h l eads to a consistent decrease of 

S C / F C s m v b u t leaves S C / F C s e q intact i n a l l g r a p h s , except 

for the m o d u l a r , i n w h i c h the b e h a v i o u r of S C / F C s e q is s i m i ­

l a r to S C / F C s m v T h e logis t i c m a p d o e s n o t s h o w a n y 

p a r a m e t e r s e n s i t i v i t y of S C / F C corre la t ions i n the di f ferent 

n e t w o r k architectures . 

2.4. Additional case study 
T h e F i t z H u g h - N a g u m o m o d e l c a n be u s e d as a case s t u d y 

v e r i f y i n g w h e t h e r o u r p r e v i o u s results translate to this 
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Figure 6. SC/FC correlations from the FitzHugh-Nagumo model in excitable (a) and oscillatory (b) regime while randomizing random modular networks. The blue 
curves represent co-activation (i.e. a time window of 1 ms), while the red curves represent sequential activation (i.e. using a time window of 12 ms). 

m o r e d e t a i l e d , m o r e real is t ic m o d e l . T o this e n d , w e s t u d y the 
b e h a v i o u r of S C / F C corre la t ions as a f u n c t i o n of r a n d o m i z ­
i n g a m o d u l a r g r a p h i n the o s c i l l a t o r y r e g i m e (a = 0) a n d i n 
the exci table r e g i m e (a = 0.8). T h e results of this m o r e 
c o m p l i c a t e d m o d e l s h o w n i n f i g u r e 6 c o n f i r m the g e n e r a l 
o b s e r v a t i o n s d e r i v e d f r o m the t w o c o r r e s p o n d i n g m i n i m a l 
m o d e l s : the exci table d y n a m i c s enhance the S C / F C s e q 
across the t r a n s i t i o n of a m o d u l a r to a n E r d o s - R e n y i g r a p h , 
w h e r e a s osc i l l a t ions f a v o u r the S C / F C s m l across the 
r a n d o m i z a t i o n process. 

2.5. SC/FC correlations in real networks 
W e c a n n o w r e t u r n to the real - l i fe n e t w o r k s f r o m f i g u r e 1 a n d 
s t u d y the t w o t y p e s of S C / F C corre la t ions i n these n e t w o r k s 
as a f u n c t i o n of the i n t r i n s i c p a r a m e t e r s of the d y n a m i c a l 
m o d e l s , as d o n e i n f i g u r e 5 for the abstract n e t w o r k a r c h i ­
tectures. T h e results are s u m m a r i z e d i n f i g u r e 7. R e g a r d i n g 
the S E R m o d e l , w e see h i g h S C / F C s e q corre la t ions for the 
n e u r a l s y s t e m a n d , i n contrast , h i g h S C / F C s j m corre la t ions 
for the s o c i a l sys tem, u n d e r the increase of the r e c o v e r y 
p r o b a b i l i t y , w h i l e i n the case of the m e t a b o l i c sys tem, the 
t y p e of S C / F C c o r r e l a t i o n that is h i g h e r d e p e n d s s t r o n g l y 
o n the p a r a m e t e r v a l u e . F o r the p h a s e osc i l la tors , w e see 
i n i t i a l l y h i g h corre la t ions that a p p r o a c h zero v a l u e as w e 
increase the w i d t h o f the e igenfrequencies d i s t r i b u t i o n , 
w i t h the S C / F C g ^ to h a v e c o n s t a n t l y h i g h e r v a l u e s . I n the 
m e t a b o l i c n e t w o r k , d o m i n a n t a n d r e l a t i v e l y s t r o n g a n d 
stable S C / F C s j m a p p e a r s u n d e r the s a m e changes o f the 
o) d i s t r i b u t i o n , w h e r e a s the zero v a l u e s o f S C / F C g ^ for the 
n a r r o w d i s t r i b u t i o n s g i v e p lace to s t r o n g negat ive corre­
la t ions as w e m o v e to w i d e r d i s t r i b u t i o n s . T h e b e h a v i o u r of 
the s o c i a l n e t w o r k is s i m i l a r to the n e u r a l one , b u t w i t h 
l o w e r S C / F C c o r r e l a t i o n v a l u e s . T h e results for the logis t ic 
m a p are d o m i n a t e d b y S C / F C s e q corre la t ions , i n d e p e n d e n t 
of n e t w o r k archi tecture a n d p a r a m e t e r v a l u e . 

c o n n e c t i v i t y exist i n this d o m a i n a n d (3) h o w the t w o types 
of f u n c t i o n a l c o n n e c t i v i t y a p p e a r i n this set t ing. 

T h r o u g h o u t this i n v e s t i g a t i o n , w e have the f o l l o w i n g 
scenario i n m i n d : g i v e n a n e t w o r k (s tructural connec t iv i ty ) 
a n d d y n a m i c a l processes for each of the nodes , w e analyse 
the t i m e series o b s e r v e d at each n o d e a n d d e r i v e re la t ionships 
a m o n g the n o d e s ( f u n c t i o n a l connec t iv i ty ) i n o r d e r to u n d e r ­
s tand h o w n e t w o r k architecture d e t e r m i n e s or shapes the 
d y n a m i c a l re la t ionsh ips a m o n g n o d e s . T h i s i n t e r p l a y of struc­
ture a n d d y n a m i c s is t h e n i l lus t ra ted b y a n d q u a n t i f i e d i n 
terms of S C / F C corre lat ions . T h e t o p i c o f d y n a m i c s o n 
graphs is , of course , m u c h b r o a d e r t h a n w e descr ibe it 
here. T h e clear d i s t i n c t i o n b e t w e e n (static or s l o w l y c h a n g i n g ) 
s t ruc tura l c o n n e c t i v i t y — w h i c h serves as ' infras tructure ' for 
d y n a m i c a l p r o c e s s e s — a n d (often r a p i d l y c h a n g i n g ) f u n c t i o n a l 
c o n n e c t i v i t y is n o t p l a u s i b l e for a l l a p p l i c a t i o n s . A s a conse­
quence, a debate a b o u t S C / F C corre lat ions is not poss ib le i n 
i m p o r t a n t areas of research. O f t e n , i n those d i s c i p l i n e s , the 
e v o l u t i o n of the n e t w o r k itself u n d e r the ac t ion o f its agents 
(nodes) is inves t iga ted , therefore w e c a n o n l y c o n c e p t u a l i z e 
the F C i n the context of the e v o l u t i o n of the structure o f the net­
w o r k . Soc ia l n e t w o r k a n a l y s i s ( S N A ) is the m e t h o d o l o g y of 
choice for s u c h s i tuat ions [54] (see electronic s u p p l e m e n t a r y 
m a t e r i a l fo r m o r e details) . 

W h e n m u l t i p l e re la t ionships m u s t be taken in to account to 
p r o v i d e a m o r e realistic a n d precise d e s c r i p t i o n o f a c o m p l e x 
system o r w h e n interact ions g o b e y o n d the p a i r w i s e l e v e l 
( w i t h e x a m p l e s f r o m systems b i o l o g y b e i n g p r o t e i n complexes 
or b i o c h e m i c a l reactions), h y p e r g r a p h s [55,56] c a n serve as a 
u s e f u l f r a m e w o r k for represent ing these systems. F u r t h e r m o r e , 
if the s t ructura l n e t w o r k changes o n a s i m i l a r t imescale to f u n c ­
t iona l c o n n e c t i v i t y or e v e n u n d e r the inf luence of the f u n c t i o n a l 
d y n a m i c s , w e enter the r i c h f i e l d of a d a p t i v e n e t w o r k s [57-59]. 
In this case, inevi tably , the t o p o l o g y inf luences the character of 
the col lect ive d y n a m i c s o f the sys tem, b u t d y n a m i c s affect t o p ­
ology, too, l e a d i n g to a c o n t i n u i n g i n t e r p l a y b e t w e e n t h e m . T h i s 
is of p a r t i c u l a r relevance i n s o c i a l - e c o l o g i c a l systems (see §3.5) . 

3. Applications 
I n th is sec t ion , w e b r i e f l y r e v i e w s o m e areas o f a p p l i c a t i o n to 

i l lustrate , (1) h o w s t r u c t u r a l c o n n e c t i v i t y c a n be d e f i n e d i n 

these contexts , (2) w h i c h a p p r o a c h e s for d e f i n i n g f u n c t i o n a l 

3.1. Application to geomorphology 
W i t h i n h y d r o l o g y a n d g e o m o r p h o l o g y , the e x a m p l e s of s truc­

t u r a l l y c o n n e c t e d p a t h w a y s that w e w i l l d i s c u s s here are 

those that d i rec t the f l o w of w a t e r a n d s e d i m e n t over the 
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surface a n d w i t h i n the near-surface z o n e . O n steeper s lopes , 
these s t r u c t u r a l l y c o n n e c t e d p a t h w a y s are p r e d o m i n a n t l y 
c o n t r o l l e d b y the t o p o g r a p h y a n d vegeta t ion , w h e r e a s 
o n s lopes (ca < 5°) other surface characterist ics s u c h as m i c r o -
t o p o g r a p h y a n d s o i l h y d r a u l i c p r o p e r t i e s c a n b e c o m e 
r e l a t i v e l y i m p o r t a n t . T h e d y n a m i c a l processes o c c u r r i n g 
over th is s t r u c t u r a l t e m p l a t e a n d subsequent f u n c t i o n a l c o n ­
n e c t i v i t y are t h e n a n e m e r g e n t p r o p e r t y of these s t r u c t u r a l 
contro ls i n c o m b i n a t i o n w i t h d y n a m i c a l i n p u t s (e.g. p r e c i p i ­
tation). T h e presence of v e g e t a t i o n a l so (i) m o d i f i e s s o i l 
proper t i es , (ii) o f ten has a n assoc ia ted m i c r o t o p o g r a p h y a n d 
(iii) c a n i m p e d e / r e d u c e f l o w s d u e to f r i c t i o n a n d d a m m i n g 
effects, so that there are d y n a m i c feedbacks b e t w e e n the 
s t r u c t u r a l a n d f u n c t i o n a l c o n n e c t i v i t y [12,13,60]. 

There are v a r i o u s a p p r o a c h e s to assess ing s t r u c t u r a l 
c o n n e c t i v i t y i n h y d r o l o g y a n d g e o m o r p h o l o g y . If w e take a 
r i v e r n e t w o r k , the s t r u c t u r a l c o n n e c t i v i t y of the n e t w o r k 
c a n be d e f i n e d b a s e d o n the p a t h w a y s c o n n e c t i n g a l l l i n k s 
t h r o u g h w h i c h w a t e r c a n p o t e n t i a l l y f l o w , r e s u l t i n g i n a 
g r a p h s t ructure m o s t o f ten i n the f o r m of a tree [61,62], 
w i t h the e x c e p t i o n o f b r a i d e d streams [63], de l tas [64,65] or, 
for a m o r e b r o a d e x a m p l e , coasta l s e d i m e n t p a t h w a y s [66]. 
T h u s , the s t r u c t u r a l c o n n e c t i v i t y of r i v e r n e t w o r k s c a n be 
q u a n t i f i e d u s i n g , for e x a m p l e , the p a i r w i s e c o n n e c t i v i t y of 
its u n d e r l y i n g tree s t r u c t u r e — a n a p p r o a c h that has b e e n 
u s e d b o t h for n a t u r a l a n d synthet ic r i v e r n e t w o r k s [67]. 
These synthet i c n e t w o r k s are u s e f u l as they i n f o r m o u r 

m e c h a n i s t i c u n d e r s t a n d i n g of these c o m p l e x systems. O n e 
s u c h e x a m p l e is o p t i m a l c h a n n e l n e t w o r k s ( O C N s ) , w h i c h 
c a n be genera ted for v a r y i n g v a l u e s of the e n e r g y e x p o n e n t 
(a p a r a m e t e r that character izes the m e c h a n i c s of e r o s i o n p r o ­
cesses i n c h a n n e l f o r m a t i o n ) i n o r d e r to r e v e a l h o w s u c h 
t o p o l o g i c a l factors l e a d to e m e r g e n t n e t w o r k proper t ies 
[68]. O C N s repl icate the ma jor s c a l i n g features associated 
w i t h r i v e r n e t w o r k s a r o u n d the w o r l d [69,70], a n d thus 
b r i d g e the g a p b e t w e e n r a n d o m g r a p h s s h o w n i n f i g u r e 3 
that go f r o m s t r u c t u r e d to u n s t r u c t u r e d n e t w o r k t o p o l o g i e s 
a n d r i v e r n e t w o r k s o b s e r v e d i n nature . F u r t h e r m o r e , r i v e r 
n e t w o r k s have a d i r e c t i o n a l s t r u c t u r a l template , w i t h l i n k s 
c o n n e c t i n g h i g h - e l e v a t i o n n o d e s to l o w - e l e v a t i o n n o d e s . O n 
h i l l s l o p e s , s t r u c t u r a l c o n n e c t i v i t y has b e e n m e a s u r e d b a s e d 
o n the u p s l o p e c o n t r i b u t i n g area to a p a r t i c u l a r n o d e (e.g. 
[71]), a n d o n the c o m b i n a t i o n o f t o p o g r a p h i c a l l y c o n n e c t e d 
f l o w paths ( u s i n g f l o w r o u t i n g a l g o r i t h m s ) a n d the presence 
of v e g e t a t i o n ( m e a s u r e d u s i n g remote s e n s i n g techniques) 
that intersects ( a n d i n cer ta in e n v i r o n m e n t s disconnects ) 
these f l o w paths (e.g. [72]). S i m i l a r l y i n h y d r o l o g i c a l ana lys i s 
of sub-surface f l o w , s t r u c t u r a l c o n n e c t i v i t y of a n e t w o r k of 
w e l l s m a y be d e t e r m i n e d f r o m the d o w n s l o p e d i r e c t i o n of 
surface t o p o g r a p h y f r o m a n y w e l l (e.g. [73]). 

In these e x a m p l e s f r o m h y d r o l o g y a n d g e o m o r p h o l o g y 
w e are c o n c e r n e d w i t h (1) areas that h a v e a s i m i l a r response 
to a d y n a m i c a l p r o b e (e.g. r a i n f a l l event) a n d (2) c o n n e c t i v i t y 
of f luxes , i .e. f l o w s of w a t e r a n d / o r s e d i m e n t that are 



t r a n s p o r t e d t h r o u g h the n e t w o r k to a d o w n s l o p e / s t r e a m 
l o c a t i o n . These t w o types of f u n c t i o n a l c o n n e c t i v i t y m a p 
onto F C s j m a n d F C s e q , respect ive ly . A p p r o a c h e s u s e d to 
m e a s u r e F C i n h y d r o l o g y a n d g e o m o r p h o l o g y are v a r i e d . 

I n r e l a t i o n to (1), F C s j m geostat ist ical a n a l y s i s is o f ten 
u s e d to assess h o w the scales o f c o - a c t i v a t i o n c h a n g e i n 
response to a d y n a m i c a l p r o b e . F o r e x a m p l e , one c a n 
m e a s u r e the a u t o c o r r e l a t i o n of s o i l - m o i s t u r e content a n d 
h o w this changes o v e r t i m e , b o t h i n response to a r a i n f a l l 
event a n d t h e n d u r i n g a refractory p e r i o d (see for e x a m p l e 
[74]). In the case of sub-surface f l o w s , F C b e t w e e n t w o 
w e l l s (nodes) a a n d b is d e e m e d to exist i f w e l l b is d o w n -
s lope of w e l l a a n d the w e l l s are co -ac t iva ted (i.e. w a t e r is 
present i n both) (e.g. [75,76]). 

I n re la t ion to (2), F C s e q i s o f ten assessed / i n f e r r e d b a s e d 
o n g a u g e s w i t h i n a n e t w o r k b e i n g a c t i v a t e d at a range of 
l a g t imes , t h u s i n d i c a t i n g the f l o w of w a t e r or s e d i m e n t 
b e t w e e n the t w o loca t ions [77]. Geosta t i s t i ca l a n a l y s i s has 
also b e e n u s e d to q u a n t i f y h o w F C s e q changes t h r o u g h o u t 
a f l o o d event [67]. T h e F C s e q o f f l u x e s t h r o u g h a rea l or s y n ­
thetic r i v e r n e t w o r k has also b e e n s i m u l a t e d a n d 
i n c o r p o r a t e d i n t o a d y n a m i c tree a p p r o a c h b y a n a l y s i n g 
d y e p r o p a g a t i o n m o d e l s at success ive s n a p s h o t s [78]. S u c h 
approaches c o u l d be p a r t i c u l a r l y v a l u a b l e fo r s t u d y i n g the 
l i t t le u n d e r s t o o d i m p a c t of p u l s e s o f s e d i m e n t [79], nut r ients 
[80] or other d i f f u s e c h e m i c a l s [81] t r a n s p o r t e d b y surface 
waters . I n the case of sub-surface f l o w s , s e q u e n t i a l a c t i v i t y 
of the t w o w e l l s m a y be i n f e r r e d f r o m t ime-ser ies a n a l y s i s 
of w a t e r levels at a range of t i m e lags (e.g. [73]). 

Sui tab le e m p i r i c a l d a t a for m e a s u r i n g these e x a m p l e s of 
f u n c t i o n a l c o n n e c t i v i t y are re la t ive ly scarce, a n d therefore 
researchers of ten t u r n to process -based m o d e l l i n g as a w a y to 
q u a n t i f y b o t h types of f u n c t i o n a l connec t iv i ty . F o r e x a m p l e , 
h i g h s p a t i o - t e m p o r a l r e s o l u t i o n m o d e l l i n g c a n be u s e d to 
m e a s u r e t imes d u r i n g a s t o r m event w h e n i n f i l t r a t i o n w i l l be 
l o c a l l y sat is f ied a n d thus the onset of r u n o f f genera t ion 
(excited) or not (susceptible/refractory) d u e to spat ia l v a r i a b i l ­
i t y i n i n f i l t r a t i o n c a p a c i t y r a i n f a l l i n t e n s i t y a n d antecedent 
so i l -mois ture content . F r o m this h i g h s p a t i o - t e m p o r a l m o d e l ­
l i n g , the degree of s y n c h r o n i z e d f u n c t i o n a l c o n n e c t i v i t y of a l l 
locat ions w i t h i n the m o d e l spa t ia l d o m a i n c a n be d e r i v e d . 
T h e spa t ia l pa t te rn of these s y n c h r o n i z e d p o i n t s i n t u r n deter­
m i n e s the sequent ia l c o n n e c t i v i t y of r u n o f f a n d s e d i m e n t f l u x 
[82,83]. F o r e x a m p l e , u s i n g h i g h - r e s o l u t i o n process-based 
m o d e l l i n g [21] m e a s u r e d the l e n g t h of c o n n e c t e d f l o w paths 
o n grass a n d s h r u b h i l l s l o p e s that h a d v a r y i n g lengths of s truc­
t u r a l l y c o n n e c t e d p a t h w a y s . In this e x a m p l e , the l o n g e r the S C , 
the h i g h e r the F C s e q of d i s c h a r g e a n d s e d i m e n t f l u x , w h i c h is 
s i m i l a r to that o b s e r v e d i n the case of c o u p l e d phase osci l lators 
w h e r e F C s e q is d e s t r o y e d w i t h a n increase i n the r a n d o m n e s s 
of the n e t w o r k . 

W h e r e a s s o m e e v i d e n c e exists for the i m p a c t o f S C o n 
F C s e q at a p a r t i c u l a r t imescale [21], there r e m a i n s scope to 
e x a m i n e patterns o f F C s e q b o t h at i n c r e a s i n g l a g t i m e s a n d 
i n response to d y n a m i c a l probes of dif ferent m a g n i t u d e s for 
their i m p a c t o n l a n d s c a p e change ( t o p o l o g i c a l changes) . F u r ­
thermore , g e o m o r p h o l o g i c a l assessment o f the i m p o r t a n c e of 
c o u p l i n g s trength a m o n g n o d e s r e m a i n s u n e x p l o r e d . A n 
i m p o r t a n t p o i n t to h i g h l i g h t is that t imescales of s y n c h r o n i z e d 
versus sequent ia l f u n c t i o n a l c o n n e c t i v i t y i n h y d r o l o g y a n d 
g e o m o r p h o l o g y are of ten m a r k e d l y dif ferent . T h e w i d e s p r e a d 
s y n c h r o n i z a t i o n of a c t i v i t y over a s p a t i a l range is v a l i d for 
a s m a l l t i m e p e r i o d ( m i n s / h o u r s ) , w h i l e the sequent ia l 

p r o p a g a t i o n o f f luxes t h r o u g h the n e t w o r k occurs over 

l o n g e r t i m e p e r i o d s — h o u r s to d a y s to d e c a d e s — d e p e n d i n g 

o n the s i z e / c o n f i g u r a t i o n / c o n n e c t i v i t y of the n e t w o r k / 

system. S i m i l a r l y e a r t h q u a k e / s t o r m - d r i v e n l a n d s l i d e s t e n d 

to be s y n c h r o n i z e d over t imescales of h o u r s - d a y s , w h e r e a s 

the r e s u l t i n g cascade of m a t e r i a l t h r o u g h the n e t w o r k is 

sequent ia l over s i g n i f i c a n t l y l o n g e r t imescales (e.g. [84-86]). 

L i k e w i s e , the s p a t i a l scales assoc ia ted w i t h s y n c h r o n i z e d 

a n d s e q u e n t i a l c o n n e c t i v i t y t e n d to di f fer . F o r e x a m p l e , 

n e a r b y n o d e s o f ten e x h i b i t s y n c h r o n i z a t i o n , w h e r e a s s e q u e n ­

t ia l f l u x p r o p a g a t i o n is o b s e r v e d at a larger s p a t i a l scale [87]. 

R o o d events h i g h l i g h t the p o t e n t i a l fo r s e q u e n t i a l p r o p a ­

g a t i o n o f processes o v e r large s p a t i a l scales over t i m e 

p e r i o d s of h o u r s to d a y s . In catas trophic f l o o d i n g i n the L o c k -

yer v a l l e y i n Q u e e n s l a n d , A u s t r a l i a i n 2011, the h y d r o l o g i c a l 

a n d s e d i m e n t o l o g i c a l c o n n e c t i v i t y b e t w e e n the c h a n n e l a n d 

the f l o o d p l a i n w a s s p a t i a l l y v a r i a b l e d e p e n d i n g o n the m o r ­

p h o l o g y of the reach a n d w h e t h e r i t w a s e x p a n d i n g o r 

contrac t ing [88]. H e n c e , i n this e x a m p l e , the o r g a n i z a t i o n of 

d y n a m i c a l processes i n the n e t w o r k w a s c r u c i a l to the 

change i n c h a n n e l m o r p h o l o g y d e s p i t e a s s u m p t i o n s that i n 

s u c h a large f l o o d i n g event t h r e s h o l d s fo r c o n n e c t i v i t y 

w o u l d h a v e b e e n exceeded. 

3.2. Application to freshwater ecology 
O v e r the decades , ecosys tem e c o l o g y has d e v e l o p e d a c o n ­
s iderable a m o u n t of m e t h o d o l o g i e s fo r n e t w o r k ana lys i s , 
w h i c h c o n t r i b u t e d to the charac ter iza t ion o f the e v o l u t i o n 
a n d status o f ecosystems [89]. T h e s t r u c t u r a l c o n n e c t i v i t y 
(SC) is represented i n these m o d e l s b y d e p i c t i n g s t a n d i n g 
stocks (e.g. b i o m a s s , l o c a l c o m m u n i t i e s o r p o p u l a t i o n s , 
species, i n d i v i d u a l s , o r habi tat patches) as n o d e s , a n d the 
interact ions b e t w e e n t h e m (e .g . feeding, the m o v e m e n t of a n i ­
m a l s or diseases) as l i n k s [89]. W i t h i n l a n d s c a p e c o n n e c t i v i t y 
the s p a t i a l s t ructure of r i v e r n e t w o r k s (SC) p l a y s a k e y role i n 
s t r u c t u r i n g e c o l o g i c a l pat terns [90]. G r a p h representat ions of 
r i v e r n e t w o r k s are o f ten m o d e l l e d to resemble the h i e r a r c h i ­
ca l s t r u c t u r i n g of habi ta t patches (nodes) a n d the p o t e n t i a l 
d i s p e r s a l c o r r i d o r s ( l inks) [91-95]. 

D y n a m i c a l a p p r o a c h e s have n o t e x p l i c i t l y u s e d the terms 
co -ac t iva t ion or s e q u e n t i a l a c t i v a t i o n for d e s c r i b i n g f u n c ­
t i o n a l c o n n e c t i v i t y . H o w e v e r , s o m e of the n o t i o n s i n this 
p a p e r c a n also be d e d u c e d f r o m d y n a m i c a l a p p r o a c h e s of 
habi tat c o n n e c t i v i t y a l r e a d y a p p l i e d i n aquat i c eco logy . T h e 
focus o n a n i m a l m o v e m e n t a n d d i s p e r s a l has b e e n d r i v i n g 
the theoret ica l a n d e m p i r i c a l w o r k i n the past f e w decades 
[62,93,96-100], e spec ia l ly i n the l i g h t of f r a g m e n t e d l a n d ­
scapes. I n m o d e l s o f o r g a n i s m a l - e n v i r o n m e n t interact ions 
b a s e d o n l a n d s c a p e ' s resistance to d i s p e r s a l [101,102] a n d 
i n m o d e l s that i n c l u d e the i n t r i n s i c d i s p e r s a l ab i l i t ies a n d 
l i m i t a t i o n s o f o r g a n i s m s (i.e. i n d i v i d u a l - b a s e d p o p u l a t i o n o r 
m e t a c o m m u n i t y m o d e l s [90,103,104]), the m o v e m e n t of 
a n i m a l s is represented as the d i s p e r s a l o f i n d i v i d u a l s f r o m 
n o d e to n o d e ( a n a l o g o u s to the f l o w of vehic les i n a 
t ranspor t n e t w o r k [97]. 

C o m m u n i t y ecologists h a v e l o n g seen i n d i v i d u a l p o p u ­
la t ions a n d c o m m u n i t i e s as osc i l la tors [105]. T h e y f o c u s e d 
o n the d y n a m i c s of a m o d u l a r n e t w o r k , i n f e r r e d f r o m the 
s y n c h r o n y b e t w e e n the rate of c h a n g e of the p o p u l a t i o n 
d e n s i t y w i t h i n n o d e s [105]. A n o t h e r e x a m p l e is the e c o h y d r o -
l o g i c a l s t u d y of [103], w h e r e they p r o p o s e d the concept of 
' f l u v i a l s y n c h r o g r a m s ' to e x p l a i n pat terns o f the g e o g r a p h y 



of m e t a p o p u l a t i o n s ' s y n c h r o n y w i t h i n a r i v e r n e t w o r k , u s i n g 
the case of f reshwater f ishes o f E u r o p e . I n their e m p i r i c a l l y 
d r i v e n a p p r o a c h b a s e d o n the g e o g r a p h y of s y n c h r o n y , they 
d e v e l o p e d theoret ica l s y n c h r o g r a m s u s i n g s i m u l a t e d t i m e -
series of species a b u n d a n c e f r o m the s p a t i a l l y expl i c i t 
d y n a m i c m e t a c o m m u n i t y m o d e l [103]. These f l u v i a l s y n c h r o -
g r a m s d e p i c t e d the d e c a y i n s y n c h r o n y over E u c l i d e a n , 
watercourse , a n d f l o w - c o n n e c t e d dis tances [103]. S y n c h r o n y 
w a s h i g h e r i n p o p u l a t i o n s c o n n e c t e d b y direc t w a t e r f l o w 
a n d decreased faster w i t h the E u c l i d e a n a n d w a t e r c o u r s e 
distances , h i g h l i g h t i n g the extent of s p a t i a l pat terns o f s y n ­
c h r o n y that e m e r g e f r o m d i s p e r s a l [103]. O t h e r a p p r o a c h e s 
l i k e the ones of [103,105-108] are e x a m p l e s o f inves t iga t ions 
f o c u s e d o n the effect of the n e t w o r k t o p o l o g y (SC) o n the 
s y n c h r o n o u s d y n a m i c s o f n o d e s (FC) ( S C / F C re la t ionships) . 
Representa t ions of s y n c h r o n o u s f u n c t i o n a l c o n n e c t i v i t y g o 
b e y o n d the m o v e m e n t - b a s e d a p p r o a c h e s a n d c a n i n c l u d e 
m o d e l s u s i n g the i n p u t - o u t p u t a n a l y s i s d e s c r i b e d i n the eco­
l o g i c a l n e t w o r k a n a l y s i s ( E N A ) sec t ion (§3.5.2) (i.e. species 
interact ions m o d e l s q u a n t i f y i n g p r e d a t o r - p r e y , m u t u a l i s t i c 
or c o m p e t i t i v e re lat ions [109]; spec ies - resource interact ions 
m o d e l s q u a n t i f y i n g c o n s u m e r - r e s o u r c e s re la t ions [110-112]; 
f o o d w e b s m o d e l s that trace e n e r g y m o v e m e n t [113-115]; 
a n d n u t r i e n t c y c l i n g m o d e l s [116]). I n c o m p e t i t i v e c o n s u ­
m e r - r e s o u r c e systems, c o n s u m e r s c a n o v e r l a p their d ie t a n d 
resources interact w i t h o n e another, w h i c h m a k e s it poss ib le 
to v i s u a l i z e t h e m as c o u p l e d osc i l la tors [110,117]. To e x p l a i n 
the d y n a m i c s o f c o m m u n i t i e s i n these systems, H a j i a n - F o r -
o o s h a n i & V a n d e r m e e r [110] a p p l i e d the e n d u r i n g L o t k a a n d 
V o l t e r r a equat ions [111,112] a n d the K u r a m o t o m o d e l [118] i n 
a s i m p l i f i e d three-osci l lator sys tem. I n this s y s t e m c o m p o s e d 
of three c o n s u m e r s a n d three resources, they m e a s u r e d t w o 
dis t inct types o f c o u p l i n g : t r o p h i c - c o u p l i n g (the s t rength of 
cross-feeding) a n d r e s o u r c e s - c o u p l i n g (strength of c o m p e t i t i o n 
b e t w e e n resources) [110]. G i v e n a persistent osc i l la tor i n the 
L o t k a - V o l t e r r a f o r m u l a t i o n s , t r o p h i c - c o u p l i n g i m p l i e d event­
u a l s y n c h r o n y (al l osc i l la tors are i n the s a m e p o i n t i n circle 
space) a n d r e s o u r c e - c o u p l i n g i m p l i e d a s y n c h r o n y [110]. T h e 
s i m u l a t i o n s i n b o t h o f the t w o m o d e l s h a d s i m i l a r results , 
sugges t ing that c o u p l e d osc i l la tors a n d the a p p l i c a t i o n of the 
n o t i o n s of the K u r a m o t o m o d e l c a n p r o v i d e theoret ica l c o n t r i ­
b u t i o n s o n ecosystem a n d c o m m u n i t y o r g a n i z a t i o n [110]. 

T o i l lustrate the i d e a o f s e q u e n t i a l a c t i v a t i o n i n f reshwater 
systems, w e c o n s i d e r e x a m p l e s u s i n g r a n d o m w a l k s . 
R a n d o m w a l k is the m o s t c o m m o n a p p r o a c h to s i m u l a t e a n i ­
m a l s ' m o v e m e n t a n d c a n be c o n s i d e r e d as s e q u e n t i a l F C , 
s ince the s e q u e n t i a l steps of the i r d i s p e r s a l c a n p r o v i d e v a l u ­
able i n f o r m a t i o n a b o u t the n e t w o r k s tructure . F o r theoret ica l 
s tudies that m o d e l the d i s t r i b u t i o n of l o c a l species ' persist­
ence i n t i m e , r a n d o m w a l k w i t h o u t d r i f t is the s i m p l e s t 
base l ine d e m o g r a p h i c m o d e l [119]. I n o r i g i n a t i o n s a n d ext inc­
t ions m o d e l s w o r k i n g w i t h m a c r o e v o l u t i o n a r y t imescales , 
the a b u n d a n c e of a species i n a n o d e has the s a m e p r o b a b i l i t y 
of i n c r e a s i n g o r d e c r e a s i n g b y o n e i n d i v i d u a l i n each t i m e 
step [119]. T h e n , the increase of one i n d i v i d u a l w i l l represent 
the c o l o n i z a t i o n o f a free site b y a n i n d i v i d u a l o f a n e w 
species i n the sys tem, or a r a n d o m l y s a m p l e d i n d i v i d u a l 
w i t h i n the c o m m u n i t y [119]. A n a s s u m p t i o n of this m o d e l 
to a c c o u n t for l i m i t e d d i s p e r s a l effects is that o n l y o f f s p r i n g 
of the nearest n e i g h b o u r s of the d y i n g i n d i v i d u a l are a l l o w e d 
to c o l o n i z e the e m p t y space [119]. A d d i t i o n a l l y , the l o c a l 
e x t i n c t i o n c o r r e s p o n d s to a f irst passage of a r a n d o m 
w a l k e r e q u a l to zero , l e a v i n g a persis tence t i m e d i s t r i b u t i o n 

f o l l o w i n g a p o w e r - l a w d e c a y w i t h e x p o n e n t 3/2 [119]. A s i m ­

p l e r a l ternat ive m o d e l w i l l be the stochastic p a t c h o c c u p a n c y 

m o d e l ( S P O M ) that descr ibes the presence/absence of a 

f o c a l species i n a n o d e (s imulates o n l y c o l o n i z a t i o n a n d 

not c o l o n i z a t i o n - e x t i n c t i o n d y n a m i c s ) [120,121]. H e r e , i n a 

g i v e n s t r u c t u r a l r i v e r n e t w o r k w i t h discrete habi tat patches 

as n o d e s , each n o d e has a p r o b a b i l i t y to be c o l o n i z e d b y 

species b e l o n g i n g to the r e g i o n a l species p o o l [120]. A t the 

s tar t ing p o i n t o f each s i m u l a t i o n , a s e q u e n t i a l c o l o n i z a t i o n 

process starts. F r o m i n i t i a l l y o c c u p i e d n o d e s , o r i n i t i a l l y 

i n t r o d u c t i o n sites o f the n e w species , the e m p t y patches 

c a n b e c o m e o c c u p i e d i n a s e q u e n t i a l m a n n e r (successive 

snapshots) . T h e p o t e n t i a l o c c u p a n c y of a n o d e w i l l be d e p e n ­

dent o n a c h a i n of c o l o n i z a t i o n events a n d the presence of 

u n o c c u p i e d n o d e s w i t h i n a cer ta in range ( o n l y e m p t y 

n o d e s c o u l d b e c o m e c o l o n i z e d ) . T h e S C / F C re la t ionsh ips 

i m p l i e d b y the a f o r e m e n t i o n e d s tudies are di f ferent f r o m 

the ones d e s c r i b e d i n th i s p a p e r . T h e d i s p e r s a l of a n i m a l s 

( w h i c h serves as s e q u e n t i a l F C ) f i n a l l y d e t e r m i n e s the struc­

ture o f the n e t w o r k a n d i n the a p p r o a c h e s of [115] a n d [114] 

this o n e is b u i l t u s i n g t i m e - o r d e r e d g r a p h s (i.e. c o n t i n u o u s -

t i m e M a r k o v c h a i n for [115]). T h e m a i n di f ference is that 

this p r o v i d e s a t i m e - r e s o l v e d v i e w of the d y n a m i c s , w h e r e a s 

i n the a p p r o a c h of the current paper , the t i m e is e l i m i n a t e d b y 

s u g g e s t i n g the t ime-average v i e w o n d y n a m i c s . B r i d g i n g 

over these t w o types of t i m e v i e w s o n d y n a m i c s requires 

fur ther i n v e s t i g a t i o n o n h o w the F C that d e r i v e d f r o m the 

t e m p o r a l g r a p h s contr ibutes to the t i m e average i n f o r m a t i o n 

of d y n a m i c s . E c o l o g i c a l a p p l i c a t i o n s of d y n a m i c a l 

approaches , l i k e the ones m e n t i o n e d above , a n d the c lass i f i ­

ca t ion of the t w o t y p e s of F C a d d r e s s e d i n this p a p e r b r i n g 

n e w perspect ives to assess f u n c t i o n a l c o n n e c t i v i t y i n f resh­

w a t e r eco logy . A d d i t i o n a l l y , e v a l u a t i n g the S C / F C 

r e l a t i o n s h i p s c a n h i g h l i g h t the i m p o r t a n c e o f spec i f i c n o d e s 

i n f ac i l i t a t ing the o v e r a l l c o l o n i z a t i o n processes, w h i c h c a n 

h e l p to est imate a n u m b e r of effect ive reserves necessary to 

achieve a p a r t i c u l a r c o n s e r v a t i o n g o a l [103,122-126]. 

3.3. Application to systems biology 
In systems b i o l o g y , w e f i n d m a n y instances w h e r e a 
d i s t i n c t i o n b e t w e e n s i m u l t a n e o u s a n d s e q u e n t i a l events i n 
n e t w o r k s is m a d e , e v e n t h o u g h the t e r m i n o l o g y of 
' f u n c t i o n a l c o n n e c t i v i t y ' is r a r e l y u s e d . O n the l e v e l of gene 
regulation, fo r e x a m p l e , t e m p o r a l p r o g r a m m e s s t r u c t u r a l l y 
i m p l e m e n t e d v i a s i n g l e i n p u t m o d u l e s [127], l e a d i n g to a 
' jus t - in - t ime ' p r o d u c t i o n of prote ins fo r spec i f i c b i o l o g i c a l 
f u n c t i o n s i n a bac ter ia l c e l l [128] are a n e x a m p l e of a c o n t r i ­
b u t i o n to f u n c t i o n a l c o n n e c t i v i t y b a s e d o n s e q u e n t i a l 
ac t iva t ion . N o t e that here the u n w e i g h t e d g r a p h w o u l d 
l e a d to a m i s l e a d i n g r e l a t i o n s h i p b e t w e e n s t r u c t u r a l a n d 
f u n c t i o n a l connec t iv i ty , as s t ructure i n the unweighted g r a p h 
w o u l d suggest a c o - a c t i v a t i o n , rather t h a n a s e q u e n t i a l 
ac t iva t ion . T h e latter, i n fact, is i m p l e m e n t e d v i a d is t inc t 
w e i g h t s f r o m the regula tor to the target genes or operons . 
A s w e see i n a l l the case s tudies p r e s e n t e d here, s u c h deta i l s 
matter, w h e n b r i n g i n g these abstract concepts to a speci f ic 
d o m a i n o f a p p l i c a t i o n . 

A n o t h e r e x a m p l e is the sequence o f events d u r i n g the 
yeast c e l l cyc le , w h i c h is h a r d - w i r e d i n t o the c o r r e s p o n d i n g 
gene r e g u l a t o r y n e t w o r k [129] a n d c a n be u n d e r s t o o d u s i n g 
s i m p l e , discrete c e l l u l a r a u t o m a t a - t y p e m o d e l s [130,131], 
n a m e l y B o o l e a n n e t w o r k m o d e l s [132]. 



A m o r e c o m m o n a p p r o a c h i n systems b i o l o g y address ­
i n g the r e l a t i o n s h i p of gene express ion (or t ranscr iptome) 
d a t a — s i m u l t a n e o u s m e a s u r e m e n t s of gene ac t iv i ty v i a h i g h -
t h r o u g h p u t t e c h n o l o g i e s — a n d the u n d e r l y i n g r e g u l a t o r y net­
w o r k is n e t w o r k inference. T h i s a p p r o a c h s u m m a r i z e s a 
range o f statist ical m e t h o d s to infer the r e g u l a t o r y n e t w o r k 
f r o m express ion prof i l es [3,133]. It s h o u l d be n o t e d that this 
a p p r o a c h a l r e a d y starts w i t h a s s u m p t i o n s a b o u t S C / F C 
re la t ionships , i n par t i cu lar , that i n d e e d s t ruc tura l c o n n e c t i v i t y 
c a n be reconstructed f r o m observat ions of the d y n a m i c a l 
states [134]. 

I n the case of metabolic networks—bipartite g r a p h s of metab­
oli tes a n d b i o c h e m i c a l reactions a v a i l a b l e i n a ce l l , w h e r e 
react ions c a n be represented either b y e n z y m e s or b y the 
genes e n c o d i n g these e n z y m e s [33,135,136]—the ac t iv i ty 
levels o f genes e n c o d i n g e n z y m e s c a n be t h o u g h t o f as a rep­
resentat ion of the m e t a b o l i c state of a ce l l . These a c t i v i t y 
levels are g i v e n b y t r a n s c r i p t o m e data . Statist ical analys is 
of t r a n s c r i p t o m e d a t a (either b y repeated m e a s u r e m e n t s — 
repl i ca tes—or b y cont ras t ing the ce l lu lar c o n d i t i o n w i t h a 
base l ine or reference c o n d i t i o n s (e.g. m u t a n t gene express ion 
levels w i t h w i l d - t y p e gene express ion levels)) l eads to sets of 
genes c h a r a c t e r i z i n g a c e l l u l a r state, for e x a m p l e , the sets 
of ' u p r e g u l a t e d ' a n d ' d o w n r e g u l a t e d ' genes or the sets of 
genes w i t h ' h i g h ' o r ' l o w ' express ion levels w i t h i n a large set 
of s a m p l e s . A poss ib le d e f i n i t i o n o f f u n c t i o n a l c o n n e c t i v i t y 
t h e n is the i n d u c e d s u b g r a p h of a gene-centr ic pro jec t ion of 
the m e t a b o l i c n e t w o r k s p a n n e d b y s u c h a gene set d e r i v e d 
f r o m t r a n s c r i p t o m e d a t a [137]. 

T h e c o n n e c t i v i t y of s u c h a s u b g r a p h c o m p a r e d to r a n ­
d o m l y d r a w n gene sets is a c o n v e n i e n t a n d f r e q u e n t l y 
e m p l o y e d m e a s u r e fo r S C / F C corre la t ions i n this context 
[7,138-140], as i t addresses the statist ical q u e s t i o n o f h o w 
c lus tered s u c h a gene set ( represent ing f u n c t i o n a l connec­
t iv i ty ) is w i t h i n a g i v e n (metabol ic ) n e t w o r k ( represent ing 
s t r u c t u r a l c o n n e c t i v i t y ) . 

T h e c o n c e p t u a l m o d e l of f u n c t i o n a l c o n n e c t i v i t y b e h i n d 
s u c h a n i n v e s t i g a t i o n is that of s y n c h r o n o u s ac t iv i ty . D i s ­
t i n g u i s h i n g b e t w e e n the t w o types o f f u n c t i o n a l c o n n e c t i v i t y 
is c h a l l e n g i n g , g i v e n the current state of ' o m i c s ' d a t a i n systems 
b i o l o g y , d u e to the lack of sui table t i m e - r e s o l v e d data . 

T h i s o b s e r v a t i o n is f u r t h e r u n d e r l i n e d b y the fact that pre­
d i c t i v e theories of genome-sca le m e t a b o l i c a c t i v i t y (e.g. f l u x -
b a l a n c e a n a l y s i s , [141,142]) are a lso b a s e d o n a steady-state 
a s s u m p t i o n . In o r d e r to d i s c r i m i n a t e b e t w e e n c o - a c t i v i t y 
a n d s e q u e n t i a l act iv i ty , o n e needs to resort to t i m e - r e s o l v e d 
m o d e l s , t y p i c a l l y b a s e d o n o r d i n a r y d i f f e r e n t i a l equat ions 
( O D E s ) , w h i c h , h o w e v e r , d u e to the i r of ten h u g e n u m b e r of 
r e q u i r e d p a r a m e t e r s are restr ic ted to s i n g l e p a t h w a y s or 
other s u i t a b l y d e f i n e d c e l l u l a r subsys tems , rather t h a n the 
scale o f a w h o l e ce l l . 

B e y o n d these t w o bas ic s i tuat ions c h a r a c t e r i z e d b y a gene 
r e g u l a t o r y n e t w o r k a n d a m e t a b o l i c n e t w o r k as s t r u c t u r a l 
connect iv i ty , respect ively , there are m a n y other e x a m p l e s of 
sequent ia l a n d s y n c h r o n o u s usages o f a g i v e n ' h a r d w a r e ' i n 
systems b i o l o g y . M e t a b o l i c c o n t r o l a n a l y s i s [143,144] relates 
the d i s t r i b u t i o n o f c o n t r o l i n b i o c h e m i c a l n e t w o r k s to the i r 
s tructure . P r o t e i n in terac t ion n e t w o r k s [145] s u m m a r i z e 
h o w select ive b i n d i n g pat terns (s tructural ) a n d p r o t e i n 
c o m p l e x e s (the d y n a m i c assembl ies to execute b i o l o g i c a l 
f u n c t i o n ) are i n t e r l i n k e d . F e r m e n t a t i o n processes (e.g. i n 
cocoa fermentat ion) o f ten r e l y o n a s e q u e n t i a l a c t i v a t i o n of 
m i c r o b i a l p o p u l a t i o n s [146]. 

S u m m a r i z i n g the S C / F C s i tuat ion i n systems b i o l o g y i n a 

quali tat ive f o r m , one can conc lude that gene regulatory n e t w o r k s 

lean t o w a r d s sequential act ivation, w h i l e prote in interaction 

n e t w o r k s funct iona l ly lean t o w a r d s co-act ivation (prote in c o m ­

plexes) a n d metabol ic n e t w o r k s m a y d i s p l a y aspects of b o t h 

(steady-state act ivi ty versus metabol ic pathways) . 

3.4. Application to Neuroscience 
N e u r o s c i e n c e is one of the first d i s c i p l i n a r y f i e lds i n w h i c h 
the n e e d to f o r m a l i z e n o t i o n s of S C a n d F C w a s felt. P e r h a p s 
this w a s d u e to the fact that n e t w o r k d e s c r i p t i o n s i n n e u r o ­
science g o b e y o n d a m a t h e m a t i c a l representa t ion b u t 
c o r r e s p o n d to a n ac tua l , concrete rea l i ty : n e u r a l c i rcu i t s are 
n e t w o r k e d systems, w i t h the i r ' r e t i cu lar ' ( f r o m L a t i n fo r 
' l i t t le net') na ture d e b a t e d s ince at least the t u r n of past cen­
t u r y [147]. N e t w o r k n o d e s c a n be , d e p e n d i n g o n the scale of 
o b s e r v a t i o n , i n d i v i d u a l n e u r o n a l cel ls (at the micro-sca le ) , 
p o p u l a t i o n s i n v o l v i n g t h o u s a n d s o f n e u r o n s (at the m e s o -
scale), u p to entire b r a i n reg ions (at the macro-scale) . T h e 
re lat ions d e f i n i n g l i n k s are di f ferent d e p e n d i n g o n the c o n ­
s i d e r e d t y p e of c o n n e c t i v i t y a n d are d e f i n e d b o t h i n terms 
of a n a t o m y of w i r i n g a n d of i n f o r m a t i o n exchange. 

It i s n a t u r a l to c o n s i d e r S C i n N e u r o s c i e n c e as the d e s c r i p ­
t i o n o f a n a t o m i c a l c o n n e c t i o n s p h y s i c a l l y ex i s t ing b e t w e e n 
n e t w o r k n o d e s : i n d i v i d u a l s y n a p t i c c o n n e c t i o n s f o r m i n g 
e lec t rochemica l junc t ions b e t w e e n the o u t w a r d a x o n s a n d the 
i n w a r d d e n d r i t e s of di f ferent n e u r o n s ( w i t h i n v o l u m e s < 
1 m m 3 , a l r e a d y c o n t a i n i n g a p p r o x . 1 0 4 — 1 0 5 neurons ) ; o r b u n ­
dles of long- range c o n n e c t i o n a x o n s c o u p l i n g together s m a l l e r 
or larger g r o u p s o f n e u r o n s , separated b y v a r y i n g distances 
(approx . 1 - 1 0 m m for mesosca le c i rcui ts u p to a p p r o x . 10 -
100 m m for macroscale , b r a i n - w i d e n e t w o r k s ) . A t a l l these 
scales, one u s u a l l y refers to the c o m p i l a t i o n of a l l s t r u c t u r a l 
connect ions b e t w e e n p r o b e d n e t w o r k n o d e s as to a connec-
tome [148,149]. Di f ferent techniques m u s t be u s e d to extract 
S C i n f o r m a t i o n at dif ferent scales, e v e n i f a systematic r e v i e w 
of t h e m is n o t p o s s i b l e here. W e c a n b r i e f l y m e n t i o n , t h o u g h , 
that w e d i s p o s e of w h o l e matr ices o f S C for rodent , n o n h u m a n 
a n d h u m a n p r i m a t e b r a i n s [32,146-151], as w e l l as d e t a i l e d 
m i c r o c i r c u i t reconstruct ions [152-154]. 

S tudies of S C i n N e u r o s c i e n c e of ten r e v o l v e a r o u n d : the 
search for g e n e r a l a rch i tec tura l [159] or w i r i n g o p t i m i z a t i o n 
[160,161] p r i n c i p l e s i n connec t iv i ty , o r the i d e n t i f i c a t i o n of 
characterist ic m o t i f s of c o n n e c t i v i t y that are over - represented 
w i t h respect to chance - leve l [162,163] a n d s p e c i a l s tructures 
s u c h as dense c lusters at the micro -sca le l e v e l [164], or cores 
a n d ' r i c h - c l u b s ' at the macro-sca le l e v e l [151,165]. Recently , 
a t tempts h a v e also b e e n m a d e to use t o p o l o g i c a l d a t a a n a ­
lyses t echniques [166,167] to character ize the ' shape ' of 
n e t w o r k s b e y o n d the l i m i t a t i o n s of g r a p h theoret ica l d e s c r i p ­
t ions , w h i c h grea t ly e m p h a s i z e s t r ic t ly l o c a l or s t r ic t ly g l o b a l 
aspects b u t are def i c ient i n c a p t u r i n g i n t e r m e d i a t e structures 
at a r b i t r a r y meso-scales . O t h e r l ines of research a i m at l i n k i n g 
speci f ic s t r u c t u r a l m o t i f s to spec i f i c f u n c t i o n s , as i n the case of 
speci f ic a r r a n g e m e n t s of p o s i t i v e l y w e i g h e d exc i ta tory c o n ­
nect ions a n d n e g a t i v e l y w e i g h e d i n h i b i t o r y connec t ions 
a l l o w i n g m o d u l a t i o n s of p e r c e p t i o n [168] or of spec i f i c pat­
terns of i n t e r c o n n e c t i o n b e t w e e n c o r t i c a l layers at di f ferent 
d e p t h s i n the t issue th ickness , a l l o w i n g the r e g u l a t i o n o f sen­
s o r y a n d p r e d i c t i v e i n f o r m a t i o n f l o w s [169]. F i n a l l y , m a n y 
efforts h a v e b e e n d e v o t e d to i d e n t i f y S C al terat ions that 
m a y be i n d i c a t i v e of d e v e l o p i n g a n d p r o g r e s s i n g 



n e u r o l o g i c a l o r p s y c h i a t r i c p a t h o l o g i e s , a n d thus serve as 
d i a g n o s t i c o r p r e d i c t i v e b i o m a r k e r s [165,170]. H o w e v e r , a 
c o m p r e h e n s i v e s u r v e y of a l l these a p p l i c a t i o n s l a r g e l y trans­
cends the scope of th is r e v i e w . 

N o t o n l y are n e u r a l n e t w o r k n o d e s (neurons or p o p u ­
lations) w i r e d together b y l i v i n g cables, b u t messages are 
c o n t i n u a l l y e x c h a n g e d a l o n g these cables. A l l i n f o r m a t i o n p r o ­
cess ing re la ted to o u r p e r c e p t i o n , o u r c o g n i t i o n a n d o u r 
b e h a v i o u r is g e n e r a l l y b e l i e v e d to arise f r o m the exchange of 
' s p i k e s ' — p r o p a g a t i n g pulses of electric d e p o l a r i z a t i o n of the 
cel l m e m b r a n e , able to el icit neurot ransmi t te r release at s y n a p ­
tic t e r m i n a l s — b e t w e e n s y n a p t i c a l l y connec ted n e u r o n s . S u c h 
spikes , i n d i v i d u a l l y or g r o u p e d i n m o r e c o m p l e x spat io -
t e m p o r a l patterns, represent ' c o d e w o r d s ' e n c o d i n g i n f o r ­
m a t i o n a b o u t external a n d i n t e r n a l w o r l d s i n s t i l l l a r g e l y 
u n k n o w n languages . Streams of s p i k e - e n c o d e d i n f o r m a t i o n 
are thus c o p i e d , t ransferred a n d m e r g e d b e t w e e n system's 
c o m p o n e n t s l i n k e d b y S C , a s s e m b l i n g i n t o emergent n e u r a l 
a l g o r i t h m s that u l t i m a t e l y u n d e r l i e f u n c t i o n s a n d b e h a v i o u r s 
[171]. These c o m p u t a t i o n s are h i g h l y d i s t r i b u t e d a n d the c o m ­
m u n i c a t i o n b e t w e e n system's u n i t s that they i n v o l v e c a n also 
be seen as g i v i n g rise to n e t w o r k s , b u t th is t i m e of f u n c t i o n a l 
rather t h a n s t ruc tura l nature . T w o u n i t s are thus d e f i n e d as 
f u n c t i o n a l l y connec ted if they ' interact ' . T h e p r o b l e m is there­
fore to o p e r a t i o n a l l y d e f i n e h o w a n ' in terac t ion ' c a n be 
p r a g m a t i c a l l y m e a s u r e d f r o m o b s e r v i n g h o w c o o r d i n a t e d 
n e u r a l a c t i v i t y u n r o l l s t h r o u g h t ime. 

S o m e measures of F C d e f i n e ' i n t e r a c t i o n ' as ' s y n c h r o n y 7 

b e t w e e n a c t i v i t y f l u c t u a t i o n s a n d m o d u l a t i o n s . T h i s is the 
case for instances of s o - c a l l e d res t ing state F C [172], descr ib ­
i n g l i n e a r c o v a r i a n c e b e t w e e n the f l u c t u a t i o n s of di f ferent 
b r a i n reg ions d u r i n g u n c o n s t r a i n e d m i n d - w a n d e r i n g , as 
r e v e a l e d b y f u n c t i o n a l M R I ( f M R I ) . S u c h m e t r i c s of connec­
t i v i t y are a k i n to the f irst f o r m of F C p r e v i o u s l y d e s c r i b e d . 
G i v e n the r e m a r k a b l e o s c i l l a t o r y c o m p o n e n t s present i n a n 
n e u r a l a c t i v i t y a n d s i m u l t a n e o u s l y at d i f ferent f r e q u e n c y 
b a n d s [173,174], ana lyses of s y n c h r o n i z a t i o n - t y p e F C i n 
neurosc ience are o f ten c o n d u c t e d i n the spectra l d o m a i n , 
t r a c k i n g coherence a n d p h a s e - l o c k i n g [175]. I n d i v i d u a l n e u r ­
ons are n o t necessar i ly o s c i l l a t i n g a n d c a n keep f i r i n g i n 
i r r e g u l a r m a n n e r , nevertheless n e u r o n a l p o p u l a t i o n s c a n c o l ­
l e c t i v e l y osci l late because of the i n t e r p l a y b e t w e e n exc i ta tory 
a n d i n h i b i t o r y currents w i t h i n l o c a l recurrent m i c r o c i r c u i t s 
[176]. S u c h co l lec t ive osc i l l a t ions p r o d u c e p e r i o d i c m o d u ­
la t ions of the e x c i t a b i l i t y of n e u r o n s w i t h i n large 
p o p u l a t i o n s , so that eff icient t r a n s m i s s i o n b e t w e e n s y n a p t i ­
c a l l y c o u p l e d p o p u l a t i o n s c a n o c c u r o n l y if the i r respect ive 
l o c a l osc i l l a t ions are s u i t a b l y a l i g n e d i n p h a s e ( ' c o m m u n i ­
c a t i o n - t h r o u g h - c o h e r e n c e ' h y p o t h e s i s [177]). T h u s , t w o 
n e u r o n a l p o p u l a t i o n s that are s t r u c t u r a l l y c o n n e c t e d m a y 
b e c o m e f u n c t i o n a l l y d i s c o n n e c t e d if their osc i l l a t ions are, 
for e x a m p l e , i n a n t i p h a s e a n d s p i k e s e m i t t e d i n p r o x i m i t y 
of the sender p o p u l a t i o n ' s o s c i l l a t i o n p e a k s reach p o s t s y n ­
apt ic n e u r o n s at the t h r o u g h s of the target p o p u l a t i o n ' s 
osc i l la t ions a n d h i t t h u s against a w a l l of l o c a l l y generated 
i n h i b i t o r y b l o c k a d e , p r e v e n t i n g i n f o r m a t i o n c a r r i e d b y 
i n p u t s p i k e s f r o m b e i n g t r a n s d u c e d i n t o o u t p u t ac t iv i ty . 
U n d e r th is h y p o t h e s i s , it is t h u s p o s s i b l e to f l e x i b l y ' s w i t c h 
o n a n d o f f F C o n t o p of a static S C l i n k , just b y a d j u s t i n g 
the re lat ive p h a s e of the sender ' s a n d target 's osc i l la t ions . A 
n a t u r a l g e n e r a l i z a t i o n of l i n e a r c o r r e l a t i o n f r o m the t i m e to 
the spectra l d o m a i n w h e n d e a l i n g w i t h o s c i l l a t o r y n e u r a l 
a c t i v i t y is i n t e r - r e g i o n a l coherence or p h a s e s y n c h r o n i z a t i o n 

[175]. C o h e r e n c e i n the g a m m a b a n d (40-100 H z ) b e t w e e n 
f r o n t a l / p r e f r o n t a l a n d s e n s o r y reg ions is k n o w n , for instance , 
to be b o o s t e d i n s e n s o r i m o t o r c o o r d i n a t i o n o r a t tent ion 
[178,179]. F u r t h e r m o r e , F C c a n a lso be es tab l i shed b e t w e e n 
p o p u l a t i o n s o s c i l l a t i n g at d i f ferent f requencies v i a n o n l i n e a r 
cross - f requency c o u p l i n g [180]. N o t o n l y c o g n i t i o n b u t a lso 
p a t h o l o g y c a n p e r t u r b c o o r d i n a t e d n e u r a l osc i l l a t ions a n d 
the assoc ia ted F C [181], b u t once a g a i n a d e t a i l e d coverage 
of the use of o s c i l l a t i o n ana lyses for b i o m a r k i n g goes 
b e y o n d the l i m i t s of the present w o r k . 

O t h e r m e a s u r e s of F C g o b e y o n d m e r e s y n c h r o n y o r 
c o r r e l a t i o n — b e y o n d the f irst f o r m of F C — a n d a t tempt 
re f lec t ing a c t u a l c a u s a l in f luence . U n l i k e cor re la t ion , w h i c h 
is s y m m e t r i c a n d t h u s g i v e s rise to u n d i r e c t e d g r a p h s of 
F C , measures of c a u s a l i n t e r d e p e n d e n c e b e t w e e n t i m e 
series of n e u r a l a c t i v i t y g i v e rise to d i r e c t e d n e t w o r k s . In 
N e u r o s c i e n c e , ' f u n c t i o n a l ' a n d 'effective c o n n e c t i v i t y ' are 
s o m e t i m e s u s e d as d i s t i n c t terms , w i t h the latter s e r v i n g as 
a F C m e a s u r e that t racks causa l i ty . H o w e v e r , here, w e keep 
n a m i n g c o n n e c t i v i t y of f u n c t i o n a l t y p e a l l c o n n e c t i v i t y 
re lat ions that d o n o t express a n a t o m i c a l i n t e r c o n n e c t i o n . A 
v e r y s i m p l e w a y to a c c o u n t for the d i r e c t i o n of i n t e r a c t i o n 
c a n be to assess the t e m p o r a l precedence of the ' c a u s i n g ' o n 
the ' c a u s e d ' f l u c t u a t i o n . T h i s c a n be a c h i e v e d for instance 
b y u s i n g l a g g e d cross -corre la t ion or m u t u a l i n f o r m a t i o n 
rather t h a n z e r o - l a g c o r r e l a t i o n (e.g. [183]), s ince the effect 
cannot precede the cause. I n th is sense, these m e t r i c s are 
re la ted to the s e c o n d f o r m of F C , re f lec t ing s e q u e n t i a l act i ­
v a t i o n , as p r e v i o u s l y d i s c u s s e d . H o w e v e r , the 
c o r r e s p o n d e n c e is o n l y p a r t i a l , i n th is case a n d u n l i k e for 
n e u r a l F C s of the f irst f o r m . If exact sequences of n e u r a l act i ­
v a t i o n c a n be p r o d u c e d b y n e u r a l architectures k n o w n as 
' synf i re c h a i n s ' [184], they h a v e b e e n o n l y r a r e l y s o u g h t for 
i n ac tua l r e c o r d i n g a n d n e u r o i m a g i n g d a t a [185,186] a n d 
not b e e n p u t i n re la t ion w i t h n o t i o n s of f u n c t i o n a l c o u p l i n g . 
D i r e c t e d F C m e a s u r e s i n neurosc ience are d e f i n e d o p e r a t i o n ­
a l l y i n t e r m s of t ime-ser ies -based stat ist ical metr i cs , rather 
t h a n i n t e r m s of e x p l i c i t l y d y n a m i c cons idera t ions . T h u s , 
w h i l e i n m a n y cases the s ta t is t ica l ly- inferred d i r e c t e d F C 
goes, for e x a m p l e , f r o m the p h a s e - l e a d i n g to the p h a s e - l a g g i n g 
n e u r o n a l p o p u l a t i o n [187,188], i.e. respects a sequent ia l i ty c r i ­
ter ion , i n other cases the re la t ion c a n be i n v e r t e d , re f lec t ing 
n o n l i n e a r interact ions b e t w e e n p o p u l a t i o n s , as a n t i c i p a t o r y 
s y n c h r o n i z a t i o n [189] o r heterogeneit ies i n i n t e r n a l s y n c h r o n y 
levels [190]. M o r e expl ic i t ly , causa l i ty c o u l d be c a p t u r e d : b y 
the detec t ion of remote effects o n dis tant reg ions t r iggered 
b y i n t e r v e n t i o n s i n l o c a l reg ions (as i n d y n a m i c c a u s a l m o d e l ­
l i n g [182]); or b y s h o w i n g that c o n s i d e r a t i o n of the past ac t iv i ty 
of a p u t a t i v e c a u s a l source r e g i o n i m p r o v e s the p r e d i c t i o n of 
the future a c t i v i t y of a target r e g i o n , as i n G r a n g e r c a u s a l i t y 
analyses of n e u r a l t i m e series [191-193]. Im por ta nt l y , G r a n g e r 
causa l i ty c a n also be spec t ra l ly d e c o m p o s e d [194], a l l o w i n g the 
detec t ion of the c o n t r i b u t i o n of di f ferent o s c i l l a t o r y c o m ­
p o n e n t s of n e u r a l a c t i v i t y to i n t e r - r e g i o n a l c a u s a l inf luences . 
It has t h u s b e c o m e poss ib le to observe that c a u s a l inf luences 
i n di f ferent d i rec t ions c a n be m e d i a t e d b y osc i l la t ions i n d i f fer ­
ent f requency b a n d s , e.g. i n the g a m m a - b a n d (a pprox . 40 H z ) 
for b o t t o m - u p a n d i n the b e t a - b a n d (a ppr ox . 20 H z ) for t o p -
d o w n i n f o r m a t i o n exchange b e t w e e n p r e f r o n t a l a n d v i s u a l 
reg ions [195,196]. 

M o r e recently, e m p h a s i s has b e e n p u t o n the fact that F C 
n e t w o r k s are not static b u t change i n v e r y f lexible w a y s t h r o u g h 
t ime, i.e. they are better d e s c r i b e d as t e m p o r a l n e t w o r k s [197]. 



T h e n e w t e r m of ' chronnectome ' has b e e n i n t r o d u c e d to stress 
h o w , b e y o n d analyses of the static f u n c t i o n a l connectome, e x p l i ­
cit c o n s i d e r a t i o n of the spontaneous r e c o n f i g u r a t i o n d y n a m i c s 
of F C over t i m e m a y h e l p to better d i s c r i m i n a t e cohorts of sub­
jects a n d patients, b y d i s e n t a n g l i n g t e m p o r a l f r o m inter-subject 
v a r i a b i l i t y [198]. A t the macro-scale , dif ferent F C n e t w o r k s are 
sequent ia l ly recru i ted a l o n g the u n f o l d i n g of c o g n i t i v e tasks, 
po tent ia l ly s i g n a l i n g different n e u r o c o m p u t a t i o n a l steps 
[199,200]. S p o n t a n e o u s rest ing state F C n e t w o r k s w a x a n d 
w a n e i n a s e e m i n g l y stochastic f l o w that is n o t r a n d o m l y struc­
t u r e d b u t d i s p l a y s characteristic l o n g - t e r m m e m o r y [59] a n d 
w h o s e rate of r e c o n f i g u r a t i o n a n d degree o f t e m p o r a l s tructur­
i n g predic t cogni t ive p e r f o r m a n c e at the s ingle subject l e v e l 
[201,202]. A t the micro-sca le as w e l l , the emergence a n d d i s s o l ­
u t i o n o f transient s y n c h r o n o u s assemblies o f cells w i t h i n 
h i p p o c a m p u s a n d e n t h o r i n a l cortex c a n be m o d e l l e d w i t h 
t e m p o r a l n e t w o r k descr ip t ions [203]. F u t u r e s tudies w i l l be 
n e e d e d to u n d e r s t a n d w h e t h e r this c o m p l e x F C n e t w o r k 
d y n a m i c s c a n be seen as a meas u rab le f i n g e r p r i n t o f o n g o i n g 
n e u r a l c o m p u t a t i o n s l i n k e d to f u n c t i o n a l b e h a v i o u r [204]. 

T h e d e f i n i t i o n s of S C a n d F C g i v e n i n the p r e v i o u s s u b ­
sect ions are i n p r i n c i p l e c o m p l e t e l y i n d e p e n d e n t : o n e c o u l d 
i n d e e d assess the existence of F C b a s e d o n the analyses of 
m u l t i v a r i a t e n e u r o n a l a c t i v i t y t i m e series w i t h o u t k n o w i n g 
a n y t h i n g a b o u t the u n d e r l y i n g a n a t o m y a n d S C . T h i s 
scenar io of a 'perfect s e p a r a t i o n ' b e t w e e n S C a n d F C is 
o b v i o u s l y u n l i k e l y . H o w e v e r , a n e q u a l l y n a i v e scenar io d o m ­
inates the d i s c u s s i o n o f m a n y articles i n the l i terature i n w h i c h 
a s t ruc tura l cause is necessar i ly s o u g h t for to e x p l a i n a n y 
change a r i s i n g at the l e v e l of F C . In r e a l i t y the f l e x i b i l i t y of 
F C o n v e r y fast b e h a v i o u r a l t ime-scales w i t h respect to p h y s i o ­
l o g i c a l processes r e s h a p i n g S C (at least at the m e s o - a n d m a c r o -
scales) a l r e a d y suggests that F C c a n n o t just be a pass ive m i r r o r 
of the u n d e r l y i n g S C . W e have p r e v i o u s l y p r o p o s e d that F C is 
the m e a s u r a b l e b y - p r o d u c t of u n d e r l y i n g col lec t ive d y n a m i c s 
[187,205]. I n this p r o p o s e d theoret ical v i e w [206], a l ternat ive 
m o d e s of a system's d y n a m i c s , o r states w i t h i n the ' d y n o m e ' 
[207]—or d y n a m i c a l repertoire [208]—of a s y s t e m w o u l d 
g i v e rise to a l ternat ive F C c o n f i g u r a t i o n s o n t o p of a s a m e 
u n d e r l y i n g S C ( f u n c t i o n a l m u l t i p l i c i t y ) . 

A n a l o g o u s l y c i rcu i t s w i t h v e r y di f ferent S C b u t that g i v e 
r ise nevertheless to e q u i v a l e n t d y n a m i c a l m o d e s — a p r o p e r t y 
k n o w n i n systems neurosc ience as f u n c t i o n a l homeostas i s 
[ 2 0 9 ] — w o u l d g i v e r ise to s i m i l a r F C (s t ructura l degeneracy) 
[210]. A n e x a m p l e of d e g e n e r a c y c a n be f o u n d i n s i m u l a t i o n s 
of n e u r o n a l cu l tures in vitro, i n w h i c h h i g h c l u s t e r i n g of F C is 
i n v a r i a n t l y f o u n d because of co l lec t ive n e t w o r k a c t i v i t y 
b u r s t i n g , i n d e p e n d e n t l y f r o m the s i m u l a t e d c u l t u r e ' s S C 
b e i n g w e a k l y or s t r o n g l y c lus tered [211]. 

It is i m p o r t a n t to stress that, i n o u r v i e w , F C goes b e y o n d 
the l e v e l o f the node-spec i f i c d y n a m i c s a n d i n c l u d e s col lec­
t ive d y n a m i c a l m o d e s o f the ent ire n e u r a l sys tem. T h i s is 
m a d e e v i d e n t i n s tudies that a t t empt to p r e d i c t large-scale 
F C i n s p o n t a n e o u s resting-state a c t i v i t y c o n d i t i o n s s tar t ing 
f r o m s i m u l a t i o n s of S C - c o n n e c t o m e - b a s e d s i m u l a t i o n s . In 
these cases, a g o o d f i t b e t w e e n s i m u l a t e d a n d e m p i r i c a l F C 
is o b t a i n e d o n l y w h e n the m o d e l is t u n e d to operate c lose 
to a c r i t i c a l p o i n t o f d y n a m i c o p e r a t i o n [212,213], i n d i c a t i n g 
that F C mani fes ts a p e c u l i a r d y n a m i c a l r e g i m e , c e r t a i n l y 
s h a p e d b u t n o t f u l l y c o n s t r a i n e d b y structure . F o r instance , 
w a v e s [19,20] or ' c o n n e c t o m e h a r m o n i c s ' [214] s h a p e large-
scale c o o r d i n a t e d a c t i v i t y a n d , hence, F C . T h e i m p o r t a n c e 
of b e i n g t u n e d i n t o spec i f i c d y n a m i c a l r e g i m e s to account 

for the q u a l i t a t i v e features of large-scale c o o r d i n a t e d a c t i v i t y 
has a lso b e e n c o n f i r m e d b y m i n i m a l m o d e l s , w i t h r e d u c e d 
r e a l i s m b u t e n h a n c e d p o s s i b i l i t y to r i g o r o u s l y u n d e r s t a n d 
m e c h a n i s m s [27,28,215]. A p r e d i c t e d consequence of this 
h y p o t h e s i s is that l o c a l p e r t u r b a t i o n to i n d i v i d u a l nodes 
w i t h i n a n e u r a l n e t w o r k m a y i n d u c e a n e t w o r k - w i d e recon­
f i g u r a t i o n of F C , i n c l u d i n g of remote n o d e s n o t d i r e c t l y 
c o n n e c t e d to the p e r t u r b e d n o d e [205]. I n a n o n l i n e a r 
s y s t e m the exact s a m e p e r t u r b a t i o n c a n l e a d to di f ferent 
effects i n di f ferent d y n a m i c a l states a n d s ince the F C c l e a r l y 
d e p e n d s o n the d y n a m i c a l state o f the sys tem, the effects of 
a l o c a l p e r t u r b a t i o n c a n be d e p e n d e n t o n F C rather t h a n o n 
S C . O n c e a g a i n , c o m p u t a t i o n a l s i m u l a t i o n s of v i r t u a l b r a i n 
m o d e l s i n f o r m e d b y e m p i r i c a l S C i n f o r m a t i o n b u t a u g m e n ­
ted w i t h n o n l i n e a r b r a i n d y n a m i c s c o n f i r m the v a l i d i t y of 
o u r p r e d i c t i o n [216]. V i r t u a l b r a i n m o d e l s t u n e d to regimes 
m a x i m i z i n g the d e g e n e r a c y of their ' d y n o m e ' , s a m p l e d v i a 
a n o i s e - d r i v e n e x p l o r a t i o n , a lso s u c c e e d i n q u a l i t a t i v e l y 
r e p r o d u c i n g the s w i t c h i n g ' c h r o n n e c t o m e ' o b s e r v e d i n rest­
i n g state f M R I [217]. C o m p u t a t i o n a l m o d e l l i n g thus 
p r o v i d e s s t r o n g e v i d e n c e i n f a v o u r of o u r h y p o t h e s i s of f lex­
ib le F C b e i n g the b y - p r o d u c t of a c o m p l e x d y n a m i c a l sys tem, 
w h o s e b e h a v i o u r is c o n s t r a i n e d b u t n o t f u l l y d e t e r m i n e d b y 
the u n d e r l y i n g S C . In other w o r d s , f u n c t i o n f o l l o w s 
d y n a m i c s , n o t s tructure . 

3.5. Application to social-ecological systems 
Soc ia l -eco logica l systems (SES) are c o m p l e x a d a p t i v e a n d m u l ­
t i leve l ( p o l y centric) systems a t t r i b u t e d w i t h in terp lays 
b e t w e e n h u m a n a n d n o n - h u m a n entit ies (nodes) at spat ia l 
a n d t e m p o r a l scales [218], t h r o u g h the m e t a b o l i c f l o w s of 
m a t e r i a l a n d e n e r g y ( l inks) . T h e concept of ' soc ia l m e t a b o l i s m ' , 
taken f r o m ce l lu lar m e t a b o l i s m , is centra l i n the s t u d y of S E S 
[219]. N e t w o r k ana lys i s has i n c r e a s i n g l y b e e n u s e d to s t u d y 
c o u p l e d , o r soc ia l -eco log ica l systems [220-224]. H e r e , the S E S 
is o f ten d e p i c t e d as a m u l t i l e v e l soc ia l -eco log ica l n e t w o r k 
( S E N ) , w h e r e s o c i a l / h u m a n actors c o m p r i s e o n e n e t w o r k , 
n a t u r a l entit ies a separate n e t w o r k , a n d f l o w s are c a p t u r e d 
b e t w e e n a n d w i t h i n each n e t w o r k l e v e l . S u c h m u l t i l e v e l net­
w o r k s are m o d e l l e d v i a a stochastic e n v i r o n m e n t , s u c h as a 
M u l t i l e v e l E R G M [225]. H e r e , m i c r o - c o n f i g u r a t i o n s are spec i ­
f i e d , c o n s i s t i n g of actors a n d / o r entities f r o m either or b o t h 
the t w o n e t w o r k s , s u c h as the t e n d e n c y for t w o soc ia l nodes 
to share a c o o r d i n a t i o n tie w h e n b o t h n o d e s are l i k e w i s e 
l i n k e d to the same n a t u r a l resource. These m i c r o c o n f i g u r a t i o n s 
are t h e n m o d e l l e d , a l o n g s i d e other c o m p e t i n g tendencies ( such 
as the genera l t e n d e n c y of a n e t w o r k to exhib i t t ransi t ive c lo ­
sure), to test hypotheses l i n k i n g S E N patterns to susta inable 
(or unsusta inable ) m a n a g e m e n t practices. 

3.5.1. Social networks 
T h e s t a n d a r d S C / F C approaches are u s u a l l y u n c o m m o n i n 

socia l n e t w o r k s because the d i s t i n c t i o n b e t w e e n the ' h a r d w a r e ' 

(s tructural connec t iv i ty ) a n d the d y n a m i c s ( f u n c t i o n a l connec­

t iv i ty) is less clear t h a n i n other f ie lds . H o w e v e r , m e a s u r i n g the 

(often r a p i d ) f l o w s a l o n g the edges of a m o r e stable ( s l o w l y 

changing) n e t w o r k , as the e x a m p l e o f the competence percep­

t ions a n d the e v e r y d a y i n f o r m a t i o n exchanges i n a c o m p a n y 

s h o w s , c o u l d be a n interest ing perspec t ive for fu ture research 

approaches , i n c o r p o r a t i n g t w o theoret ica l f r a m e w o r k s : soc ia l 

systems t h e o r y [226,227] a n d S N A [54,228,229], e.g. i n the 

context of re la t iona l events m o d e l s [230]. 
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B o t h approaches are d e b a t i n g h o w the i n t e r n a l f u n c t i o n (of 
n e t w o r k s or systems) c a n p r o d u c e emergent proper t ies that 
t r a n s f o r m the structure a n d v i c e versa . H o w e v e r , i n s o c i a l 
science, these debates are not w i t h o u t tens ions (i.e. b e t w e e n 
structure a n d agency) a n d cr i t i c i sms (i.e. b y m o r e conf l ic t -
o r i e n t e d approaches) . W e a r g u e that the o v e r l a p b e t w e e n 
' sys tem' a n d ' n e t w o r k ' c o u l d be h e l p f u l for S C / F C i n s o c i a l 
science, s p e c i f i c a l l y to u n d e r s t a n d the connect ions b e t w e e n 
actors e m b e d d e d i n di f ferent s o c i a l subsys tems a n d h o w 
u n d e r l y i n g n e t w o r k t o p o l o g i e s a m o n g those actors i m p a c t 
the subsys tems ( for e x a m p l e , e c o n o m y a n d d e m o c r a c y ) , a n d 
vice versa. S i g n e d contracts b e t w e e n p u b l i c ins t i tu t ions (PI) 
a n d p r i v a t e c o m p a n i e s (PC) c a n serve as a n i l lus t ra t ive 
e x a m p l e . T h e o u t c o m e of a re la t iona l a n a l y s i s of p u b l i c p r o ­
c u r e m e n t is a m u l t i l e v e l , m u l t i - r e l a t i o n a l , t w o - m o d e n e t w o r k 
of b u s i n e s s - g o v e r n m e n t connect ions , w h o s e n o d e s a n d 
relat ions are e m b e d d e d i n di f ferent s o c i a l subsystems: the 
e c o n o m i c sys tem, the p o l i t i c a l s y s t e m a n d the State. H e r e , 
the m a i n focus is the S C / F C r e l a t i o n s h i p s that emerge 
f r o m the ana lys i s of the p r o c u r e m e n t n e t w o r k . 

F C s e q is the l o n g i t u d i n a l a n d d y n a m i c p r o c u r e m e n t p r o ­
cess, a n a l y s i n g the s e q u e n t i a l c o n f i g u r a t i o n s to u n d e r s t a n d 
w h y a P I is i s s u i n g a contract , w h e t h e r to o n e a n d not to 
another P C . S o m e of these c o m p a n i e s c o u l d be i m p o r t a n t 
m a r k e t leaders o r p o t e n t i a l c o r r u p t e r s . F C s e q is e s p e c i a l l y 
s ign i f i cant i n the case of p r i v a t e actors, as w e a s s u m e that 
v e r y o u t s t a n d i n g degree-peaks o f a f e w c o m p a n i e s c o u l d 
be e v i d e n c e of a c o r r u p t e d n e t w o r k d y n a m i c . C o m p a n i e s 
w i t h a n e x t r a o r d i n a r i l y h i g h n u m b e r of contracts i n a short 
p e r i o d m a y have e x t r a o r d i n a r y p o l i t i c a l in f luences (i.e. inter­
l o c k s o r br ibes) . B o t h the re la t iona l p o s i t i o n s a n d the 
d y n a m i c a l p e a k s c o u l d correlate d i r e c t l y to s t ruc tura l 
n e t w o r k t ransi t ions (col lapse or e v e n f ragmentat ion) a n d also 
to system-related i m p l i c a t i o n s , s u c h as the resource d i s t r i ­
b u t i o n i n the e c o n o m i c s y s t e m o r the d e c i s i o n - m a k i n g 
process i n the State. F C g ^ is the speci f ic l i n k a g e - c o n f i g u r a t i o n 
at each t i m e step: n o d e s that have act ive l i n k s to the s a m e 
node(s) are co-act ive. T h e co-ac t iva t ion t h r o u g h s h a r e d l i n k s 
is c h a n g i n g i n each t i m e step w h e n a n e w l i n k is created, a n d 
a n ex is t ing l i n k is d e c a y i n g . F C g ^ a p p l i e s to P I a n d also to 
P C , a n d c a n be seen as a n i n d i c a t o r for s t r o n g re la t iona l 
p o s i t i o n s of other n o d e s ( in the o p p o s i n g type) i n the n e t w o r k . 
F o r e x a m p l e , m a n y co-act ive ins t i tu t ions are a ' p o i n t e r ' to 
i n f l u e n t i a l c o m p a n i e s , w h e t h e r i m p o r t a n t m a r k e t leaders or 
p o t e n t i a l corrupters . 

3.5.2. Ecological networks 
E c o l o g i c a l n e t w o r k a n a l y s i s ( E N A ) is a sys tems-or iented m e t h ­

o d o l o g y d e v e l o p e d b y ecologists to u n d e r s t a n d w h o l e - s y s t e m 

d y n a m i c s a n d proper t ies [231,232]. T h i s m e t h o d o l o g y is b a s e d 

o n n e t w o r k a n d i n f o r m a t i o n t h e o r y a n d d e r i v e s itself f r o m 

i n p u t - o u t p u t ana lys i s , m o d e l l i n g ecosystems as a set of 

n o d e s a n d ties (vertices, edges) [233,234]. U n d e r this f rame­

w o r k , species, a g g reg a t ion of species i n t o f u n c t i o n a l g r o u p s , 

or n o n - l i v i n g resource p o o l s are taken as n o d e s w h i l e the 

exchange of m a t e r i a l or e n e r g y b e t w e e n species is t a k e n as 

edges. I n a d d i t i o n , E N A m e t h o d o l o g y has also b e e n w i d e l y 

a p p l i e d to ana lyse direct a n d i n d i r e c t exchange of e n e r g y 

a n d c a r b o n e m i s s i o n s b e t w e e n e c o n o m i c sectors at u r b a n / 

c o u n t r y l e v e l f r o m a s y s t e m perspect ive [235]. T h i s m e t h o d ­

o l o g y is u s e f u l to evaluate s y s t e m proper t ies s u c h as c y c l i n g 

i n d e x , tota l t h r o u g h f l o w a n d re la t iona l interact ions b y p a i r -

w i s e c o m p o n e n t s i n the s y s t e m t h r o u g h t h e r m o d y n a m i c a l l y 
c o n s e r v e d transact ions of a c h o s e n c u r r e n c y [236]. 

A l t h o u g h not e x p l i c i t l y u s i n g the l a n g u a g e of s t r u c t u r a l 
c o n n e c t i v i t y a n d f u n c t i o n a l c o n n e c t i v i t y E N A i n t e r n a l 
log ics resemble those u s e d i n c o n n e c t i v i t y science [21]. 
U n d e r the E N A f r a m e w o r k , S C is d e f i n e d b y the n u m b e r 
a n d p o s i t i o n of f u n c t i o n a l g r o u p s — s p e c i e s , a g g r e g a t i o n of 
species or e c o n o m i c s e c t o r s — f o r m i n g the n o d e s a n d the 
f l o w s of m a t e r i a l a n d e n e r g y b e t w e e n t h e m (edges) [231]. 
T h i s set of a r r a n g e m e n t s def ines the n e t w o r k archi tecture 
or n e t w o r k t o p o g r a p h y a n d , therefore, the ' h a r d w a r e ' o n 
w h i c h d y n a m i c processes take place , n o r m a l l y represented 
w i t h a n ad jacency m a t r i x [114,231]. E c o s y s t e m s are o p e n , 
t h e r m o d y n a m i c , f a r - f r o m e q u i l i b r i u m systems, w h i c h i m p l i e s 
that they require c o n t i n u a l i n p u t f l o w of h i g h - q u a l i t y l o w -
e n t r o p y e n e r g y [237]. O n c e e n e r g y enters the sys tem, it is 
the s t r u c t u r a l c o n n e c t i v i t y that def ines the system's o v e r a l l 
d y n a m i c f l o w - s t o r a g e pat terns [236]. E N A is a p p l i e d to 
steady-state systems, therefore c a p t u r i n g , i n a s n a p s h o t , 
b o t h the s t r u c t u r a l c o n n e c t i v i t y a n d the c u m u l a t i v e b e h a v ­
i o u r of a g i v e n h i g h l y d y n a m i c n e t w o r k . 

N o w , w e t u r n to the f u n c t i o n a l c o n n e c t i v i t y u n d e r the 
E N A f r a m e w o r k , e m p l o y i n g a bas ic i n p u t - s t a t e - o u t p u t 
m o d e l f r a m e . A s o p e n systems require c o n t i n u a l i n p u t , a n 
ecosystem is s u s t a i n e d b y the d y n a m i c c o - a c t i v a t i o n pulses 
e n t e r i n g across the b o u n d a r y . In nature , these p u l s e s c o u l d 
be seen as the so lar e n e r g y r e c e i v e d b y the p r i m a r y p r o d u c e r s 
( m u l t i p l e i n d i v i d u a l s or m u l t i p l e species, d e p e n d i n g o n 
scale). I n this m a n n e r , w e interpret c o - a c t i v a t i o n as nodes 
s h a r i n g a f u n c t i o n a l s i m i l a r i t y , s u c h as t r o p h i c l e v e l , a n d 
thus b e i n g c h a r g e d s i m u l t a n e o u s l y . T h i s is d i f ferent f r o m 
v i e w i n g c o - a c t i v a t i o n as t w o or m o r e at tr ibutes to a l i g n for 
a c t i v a t i o n to o c c u r . T h e latter m a y n o t h a v e a d i rec t a n a l o g y 
i n E N A . In this case, the i n p u t of e n e r g y is s i m u l t a n e o u s to 
several n o d e s d u e to the i r i n n e r characterist ics (e.g. they a l l 
b e l o n g to the s a m e t r o p h i c l eve l ) . O n c e c o - a c t i v a t i o n 
occurs , the e n e r g y / m a t e r i a l f l o w s s e q u e n t i a l l y f r o m n o d e to 
n o d e . A l t h o u g h e c o l o g i c a l n e t w o r k s h a v e c o m p l e x connec­
t i o n patterns i n c l u d i n g c y c l i n g , each i n d i v i d u a l s e q u e n t i a l 
p a t h w a y c a n be ' d e c o m p o s e d ' a n d i d e n t i f i e d as a u n i q u e 
carrier of e n e r g y matter f r o m i n i t i a l a c t i v a t i o n to f i n a l d i s s i p a ­
t i o n b e y o n d the s y s t e m b o r d e r . These e n e r g y f l o w s are the base 
of a l l exchanges a n d f o r m the m o d e l s tructure e n c o m p a s s i n g a 
d i v e r s i t y o f n o d e s a n d t r o p h i c levels . T h e sequent ia l a c t i v a t i o n 
is c a p t u r e d a l o n g these c a s c a d i n g i n d i r e c t p a t h w a y s f r o m the 
i n i t i a l co -ac t iva t ion p u l s e . Therefore , the m o s t s t r a i g h t f o r w a r d 
w a y to v i s u a l i z e f u n c t i o n a l c o n n e c t i v i t y b a s e d o n the sequen­
t ia l a c t i v a t i o n of n o d e s is w i t h a l i n e a r f o o d c h a i n . T h e i n i t i a l 
i n p u t o f e n e r g y tr iggers the sequent ia l a c t i v a t i o n of nodes 
d o w n the f o o d c h a i n , w h e r e a s each c o m p o n e n t is d e p e n d e n t 
o n the p r e v i o u s for its f l o w source [237]. E v e n t u a l l y as the 
i n i t i a l p u l s e travels t h r o u g h o u t the m a n y n e t w o r k e d p a t h w a y s , 
it i s d i s s i p a t e d , i ts u s e f u l e n e r g y spent , c o m i n g to rest o u t s i d e 
the s y s t e m b o u n d a r y (as h i g h e r ent ropy) a n d c o m p l e t i n g the 
input - s ta te -output t r i u m v i r a t e . E c o l o g i c a l n e t w o r k ana lys i s 
c a n expose s o m e of the interest ing proper t ies that e m e r g e i n 
the state b a s e d o n those i n p u t - o u t p u t relations. 

W h a t is p a r t i c u l a r a b o u t eco log ica l , a n d therefore a lso SES , 
systems a n d n e t w o r k s is that o n e major e lement c o n d i t i o n s 
b o t h their architecture a n d their f u n c t i o n a l c o n n e c t i v i t y over 
the l o n g r u n : net e n e r g y (as a n i n d i c a t o r of l o w entropy) 
[238-241]. A s l o n g as there are h i g h levels of net e n e r g y c o n ­
n e c t i v i t y ( a n d therefore c o m p l e x i t y i n terms of n o d e s a n d 
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funct ions) c a n increase, as n e w 'agents ' o r 'e lements ' are 

attracted to the s y s t e m or d r a w n i n t o it b y ex is t ing agents. 

N o d e s that h a p p e n to (or m a n a g e d to) c o n t r o l large 

a m o u n t s of net -energy f l o w s c a n leverage the i r re la t ive p o s ­

i t i o n i n the n e t w o r k a n d exert p o w e r over o ther n e t w o r k 

m e m b e r s . T h i s m e a n s that s u c h agents t h e n have s u b s t a n t i a l 

p o w e r to a d a p t the n e t w o r k archi tecture to their o w n prefer­

ences, e.g. to increase the i r re la t ive p o w e r [242]. It acts 

c o l l e c t i v e l y o n ma jor sets o f n o d e s , t h u s it cont r ibutes to s y n ­

c h r o n o u s F C , b u t i t c a n also t r igger c a s c a d i n g effects w i t h i n 

the n e t w o r k , c o n t r i b u t i n g this w a y to s e q u e n t i a l F C . P o w e r 

enables agents to exert a cer ta in l e v e l o f c o n t r o l o v e r other 

agents a n d e v e n a l l o w s t h e m to e l i m i n a t e or a d d other 

agents or n o d e s . In p a r t i c u l a r , they m a y c o n t r o l the d i s t r i ­

b u t i o n of f l o w s as they m o v e t h r o u g h the sys tem. 

3.5.3. Social-ecological networks 
A r i c h b o d y of l i terature o n s o c i a l - e c o l o g i c a l s y s t e m a n a l y s i s 

focuses o n the structures a n d patterns o f i n t e r d e p e n d e n t 

s o c i a l a n d e c o l o g i c a l interact ions (SC) , w h i c h are f u r t h e r 

associated w i t h p h e n o m e n a of interests l i k e c o o p e r a t i o n 

a n d conf l i c t [223,243-246]. M o r e s p e c i f i c a l l y it invest igates 

the actor-to-actor r e l a t i o n s h i p i n the s o c i a l sys tem, the eco­

l o g i c a l c o m p o n e n t - t o - c o m p o n e n t i n t e r d e p e n d e n c i e s i n the 

e c o l o g i c a l sys tem, as w e l l as the a c t o r - t o - c o m p o n e n t re la t ion­

s h i p across the s o c i a l a n d e c o l o g i c a l s y s t e m [247]. A l t o g e t h e r 

i t f o r m s a m u l t i l e v e l n e t w o r k c o n f i g u r a t i o n m a d e of n o d e s 

a n d l i n k s b e t w e e n di f ferent s y s t e m entit ies . I n t e r m s of S C / 

F C r e l a t i o n s h i p s , o n e l i n e o f research is e x p l o r i n g h o w cer ta in 

s o c i a l - e c o l o g i c a l s y s t e m c o n f i g u r a t i o n s c a n faci l i tate suc­

cessful a d a p t a t i o n a n d t r a n s f o r m a t i o n i n S E S to address 

resource m a n a g e m e n t chal lenges [243,248,249]. B o t h a d a p t i v -

i t y a n d t r a n s f o r m a b i l i t y are c r i t i c a l e lements of res i l ience 

s t u d y d e s c r i b i n g the c a p a c i t y of the i n t e r d e p e n d e n t s o c i a l -

e c o l o g i c a l systems d e a l i n g w i t h u n k n o w n o r u n f o r e s e e n 

shocks [250,251]. 

A l t h o u g h u s i n g d i f ferent terms , other l ines o f research 

h a v e i d e n t i f i e d t w o types of c a s c a d i n g effects that connect 

v a r i o u s r e g i m e shif ts , the d i r e c t i o n a l a n d b i d i r e c t i o n a l l i n k s 

[252,253]. O n e is c a l l e d the d o m i n o effect, w h i c h reveals a 

o n e - w a y d i r e c t i o n a l d e p e n d e n c e [254]. W e a r g u e that it fits 

m o r e w i t h s e q u e n t i a l f u n c t i o n a l c o n n e c t i v i t y because the 

feedback f r o m o n e r e g i m e shi f t affects the d r i v e r s a n d out ­

comes of a n o t h e r r e g i m e shif t , w h i l e the other o n e is 

t e r m e d h i d d e n feedback , s h o w i n g a s e l f - a m p l i f y i n g / d a m p ­

i n g b i d i r e c t i o n a l cyc le [246,255], w h i c h w e a r g u e is m o r e of 

a s y n c h r o n o u s c o n n e c t i v i t y nature . 

V a r i o u s a n a l y t i c a l f r a m e w o r k s h a v e b e e n a p p l i e d to cap­

ture the process o f c o - e v o l u t i o n , s u c h as the M u S I A S E M 

(mul t i - sca le - in tegra ted assessment of soc ie ta l a n d ecosystems 

m e t a b o l i s m ) f r a m e w o r k . F r o m a M u S I A S E M perspec t ive , 

f l o w s of m a t e r i a l a n d e n e r g y m o v e t h r o u g h a s y s t e m (or net­

w o r k ) i n o r d e r to f u l f i l cer ta in soc ie ta l f u n c t i o n s . W e a r g u e 

that it d e p a r t s f r o m a set of k n o w n s t r u c t u r a l connec t ions 

(e.g. the m i x of p r i m a r y e n e r g y sources for a soc ie ty a n d its 

e n d uses) a n d t h e n tries to descr ibe f u n c t i o n a l c o n n e c t i v i t y 

of a centra l e lement of a n e t w o r k s t ructure b y u s i n g ratios 

that are c o m p o s e d of b o t h a f l o w a n d a f u n d e lement . R o w 

is the e lement that e i ther d i s a p p e a r s over the d u r a t i o n , s u c h 

as p r i m a r y e n e r g y or a p p e a r s b y the e n d of the d u r a t i o n 

l i k e the p r o d u c t , w h i l e f u n d c a n be seen as a conver ter that 

t r a n s f o r m s i n p u t f l o w s i n t o o u t p u t f l o w s d u r i n g the e n t e r -

exit d u r a t i o n , e.g. l a b o u r , l a n d or m a c h i n e r y . M o r e o v e r , 

f u n d s are i m p e r m a n e n t s tructures w h o s e existence d e p e n d s 

o n the a v a i l a b i l i t y of f l o w s [239]. These rat ios g i v e ( a m o n g 

other th ings) i n f o r m a t i o n a b o u t the re lat ive p o w e r of 

nodes/agents i n m u l t i - l e v e l n e t w o r k s . H i g h rates o f m e t a b ­

o l i z e d e n e r g y p r o v i d e i n c r e a s e d p o w e r to (1) c o n t r o l a n d 

b o t h create a n d s y n c h r o n o u s l y co-act ivate m a n y n o d e s / 

agents i n a n e t w o r k ( h i e r a r c h y - d e p e n d e n c y effect) a n d (2) 

i n f l u e n c e s e q u e n t i a l a c t i v a t i o n b y c o n t r o l l i n g f l o w s 

(control l ing-the-tap-effect) . M u S I A S E M tries to p r o v i d e 

measures a n d i n d i c a t o r s for s u c h re lat ions , i n o r d e r to 

g u i d e the t r a n s f o r m a t i o n t o w a r d s a P o s t - C a r b o n society. 

A n o t h e r concrete e x a m p l e of a n S E S here is the g l o b a l 

c o m m o d i t y t rade s y s t e m c o n n e c t i n g resource extract ion a n d 

f i n a l d e m a n d s . H e r e , n o d e s are the t r a d i n g par tners s u c h 

as c i t i es/countr ies/reg ions (at v a r i o u s j u r i s d i c t i o n levels) , 

w h i c h c a n be l i n k e d t h r o u g h f l o w s of p r o d u c t s , m a t e r i a l , 

m o n e t a r y v a l u e a n d e n v i r o n m e n t a l foo tpr in t s . A l t o g e t h e r , 

the es tabl i shed static t r a d i n g structure w i t h c o m p l e x 

interact ions const i tutes the n e t w o r k architecture (SC). F o r 

instance, i n the p a l m o i l t r a d i n g m a r k e t , I n d o n e s i a a n d M a l a y ­

sia have b e e n the m a i n p r o d u c e r s , e x p o r t i n g p r o d u c t s to 

countr ies l i k e the E U , C h i n a a n d I n d i a . T h e i d e n t i f i e d re la t iona l 

structure b e t w e e n the countr ies is the S C . O n the other h a n d , 

n e t w o r k d y n a m i c s (FC) descr ibe the d y n a m i c s o f the f l o w 

(i.e. the q u a n t i t y of trade; the e n v i r o n m e n t a l footpr int ) 

e m b e d d e d i n the re la t iona l patterns. I n p u t - o u t p u t ana lys i s 

[234,256] has b e e n w i d e l y u s e d to capture the i n p u t f l o w s 

a m o n g each sector of t rade partners i n the n e t w o r k . T h e f l o w 

d y n a m i c i n the I O table is rather s y n c h r o n o u s , i n the sense 

that i t is the m a r k e t in terac t ion w h e r e p r i c e co-activates b o t h 

s u p p l y a n d d e m a n d sides . F o r instance, w i t h the E U p a s s i n g 

a stricter s u s t a i n a b i l i t y r e g u l a t i o n w h i l e i m p o r t i n g p a l m o i l , 

b i g p r o d u c e r s l i k e I n d o n e s i a t e n d to expor t m o r e of their p r o ­

ducts to less r e g u l a t e d m a r k e t s l i k e C h i n a . T h e n e t w o r k 

structure r e m a i n s the same, yet the f l o w d y n a m i c changes 

s y n c h r o n o u s l y as d r i v e n b y the m a r k e t p r i c e (i.e. h i g h e r stan­

d a r d s w i l l increase the p r o d u c t i o n costs, thus the p r i c e w i l l 

r ise a c c o r d i n g l y ) . Sequent ia l a c t i v a t i o n cannot be m o d e l l e d 

u s i n g i n p u t - o u t p u t ana lys i s ( I O A ) , as i t is m o r e l i k e a snapshot 

of a n e c o n o m i c s y s t e m i n a g i v e n m o m e n t i n t i m e . In fact, this 

static nature o f I O A is o f ten c r i t i c i z e d as one of its ma jor short­

c o m i n g s that have o n l y p a r t i a l l y b e e n o v e r c o m e b y the 

d e v e l o p m e n t of d y n a m i c m o d e l s . 

A l t h o u g h c o n n e c t i v i t y t e r m i n o l o g y is n o t e x p l i c i t l y u s e d 

here, the p h e n o m e n o n of n e t w o r k e v o l u t i o n t h r o u g h act ions 

of its agents (nodes) is f o u n d qui te ev ident . T h e theoret ica l f ra­

m e w o r k d e v e l o p e d i n the p a p e r r e g a r d i n g the d i s t i n c t i o n 

b e t w e e n s y n c h r o n o u s a n d sequent ia l events has a great p o t e n ­

t ia l to p r o v i d e a di f ferent n e t w o r k perspec t ive to u n d e r s t a n d 

the u n d e r l y i n g m e c h a n i s m s i n s o c i a l - e c o l o g i c a l n e t w o r k s . 

4. Conclusion 
H e r e , w e have a t t e m p t e d to u n i f y the b r o a d range of S C / F C 

approaches w i t h i n a c o m m o n f r a m e w o r k . W e have r e p r o d u c e d 

k e y f i n d i n g s f r o m the l i terature a n d e x t e n d e d t h e m t o w a r d s 

a d d i t i o n a l v a r i a t i o n s of n e t w o r k t o p o l o g y a n d d y n a m i c a l 

characteristics i n o r d e r to see c o m m o n proper t ies a n d u n d e r ­

l y i n g p r i n c i p l e s a n d offer a d e e p m e c h a n i s t i c u n d e r s t a n d i n g 

of the ma jor c o n t r i b u t o r s to S C / F C corre la t ion . 

b 

o 
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M i n i m a l m o d e l s ( s m a l l t o y m o d e l representat ions of 
cer ta in classes of d y n a m i c s ) are h e l p f u l to explore these 
generic features. O u r cha l lenge here w a s to descr ibe h o w the 
strengths of the t w o t y p e s of S C / F C c o r r e l a t i o n s — b a s e d o n 
co-ac t ivat ion a n d sequent ia l a c t i v a t i o n — d e p e n d o n the class 
of d y n a m i c s , the n e t w o r k architecture, the c o u p l i n g a n d 
the i n t e r n a l d y n a m i c a l parameters . W e u s e d n u m e r i c a l s i m u ­
la t ions to d e r i v e s o m e u n i v e r s a l b e h a v i o u r s of S C / F C 
correlat ions u n d e r changes of these s y s t e m proper t ies a n d to 
a p p l y this k n o w l e d g e to real- l i fe systems o r data . 

T h e s t rength of S C / F C corre la t ions c a n be sh i f t ed 
b e t w e e n the t w o c l a s s e s — f u n c t i o n a l c o n n e c t i v i t y b a s e d o n 
c o - a c t i v a t i o n a n d s e q u e n t i a l a c t i v a t i o n — i n b a s i c a l l y three 
w a y s : (1) m o d i f i c a t i o n of n e t w o r k archi tecture (e.g. the g r a ­
d u a l r a n d o m i z a t i o n of a m o d u l a r g r a p h ) , (2) c h a n g e i n 
p a r a m e t e r s of the d y n a m i c s (e.g. i n c r e a s i n g or d e c r e a s i n g 
the no ise or the c o u p l i n g ) a n d (3) a c h a n g e i n the t e m p o r a l 
r e s o l u t i o n i n w h i c h d y n a m i c a l d a t a are o b s e r v e d (e.g. b y 
t e m p o r a l l y c o a r s e - g r a i n i n g the o b s e r v e d t i m e series). 

T h e bas ic c h a l l e n g e of th is t y p e of i n v e s t i g a t i o n is that the 
s trength of each t y p e of S C / F C c o r r e l a t i o n d e p e n d s n o t o n l y 
o n the class of d y n a m i c s , the n e t w o r k archi tecture , the c o u p ­
l i n g s t rength a n d the d y n a m i c a l parameters , b u t a lso o n the 
t y p e of statistics that are a p p l i e d . I n s o m e cases, the effect 
of the di f ferent statistics is so s t r o n g that there is a not iceable 
change i n the proper t i es that are p r e s e r v e d o r not . 

A n i m p o r t a n t q u e s t i o n is h o w to assess the r e l i a b i l i t y of 
the results . In o r d e r to c o n f i r m that a n u m e r i c a l l y o b s e r v e d 
b e h a v i o u r of S C / F C corre la t ions ( u n d e r sys temic changes) 
is re l iable , w e p e r f o r m e d the f o l l o w i n g tests: (1) W e v a r y 
the other s y s t e m p a r a m e t e r s s l i g h t l y i n o r d e r to s t u d y the 
robustness of the result . (2) W e r e p r o d u c e the b e h a v i o u r 
o b s e r v e d i n a m i n i m a l m o d e l also i n a r i cher representa t ion 
of the s a m e class of d y n a m i c s . 

O f course , the q u e s t i o n is m o r e i n v o l v e d o n the technica l 
l e v e l t h a n o u r br ief i n t r o d u c t i o n h in ts at. There are dif ferent 
w a y s of assessing f u n c t i o n a l c o n n e c t i v i t y b e y o n d p a i r w i s e 
correlat ions. A c r o s s a l l d i s c i p l i n e s , the re l i ab i l i ty a n d c o m p l e t e ­
ness of s t ruc tura l d a t a are a n i m p o r t a n t issue. In the case of 
b r a i n n e t w o r k s o n the l e v e l of cor t i ca l areas (or connectomes) , 
one issue is w h e t h e r or n o t to r e g a r d these n e t w o r k s as 
w e i g h t e d or u n w e i g h t e d g r a p h s [32,257]. F u r t h e r m o r e , most 
systems for w h i c h s u c h corre lat ions are of interest w i l l have 
s o m e f o r m of m u l t i s c a l e o r g a n i z a t i o n [258]. H e n c e , a n y a n a l y ­
sis o n S C / F C re la t ionsh ips w i l l require se lect ing sui table 
spat ia l a n d t e m p o r a l scales. O n s o m e leve l , w e c a n f u r t h e r m o r e 
expect that the s t ruc tura l n e t w o r k (often t h o u g h t of as 'static' i n 
the context of S C / F C correlat ions) w i l l a lso change w i t h t i m e , 
t h o u g h o f ten o n a l o n g e r t imescale t h a n f u n c t i o n a l connec­
t i v i t y . W e c a n f u r t h e r m o r e e n v i s i o n a c o e v o l u t i o n of 
s t ruc tura l a n d f u n c t i o n a l c o n n e c t i v i t y t o w a r d s j o i n t l y e n s u r i n g 
a re l iable f u n c t i o n i n g of the s y s t e m [50]. 

E v e n the s m a l l d i s c u s s i o n of the p l a u s i b i l i t y of these 
s t y l i z e d f o r m s of d y n a m i c s i n the context of the a p p l i c a t i o n 
d o m a i n s s h o w n i n f i g u r e 1 i l lustrates h o w real - l i fe c o m p l e x 
systems c o n t a i n a range of d y n a m i c a l usages ( f u n c t i o n a l 
a c t i v i t y patterns) of a g i v e n in f ras t ruc ture ( s t ructura l connec­
t i v i t y ) . It is less clear, h o w e v e r , that e v e n a f o r m of d y n a m i c s , 
w h i c h b y d e f i n i t i o n seems to f a v o u r o n e t y p e of f u n c t i o n a l 
c o n n e c t i v i t y (sequent ia l a c t i v a t i o n for exci table d y n a m i c s ; 
s y n c h r o n o u s a c t i v i t y for c o u p l e d osci l lators) c a n d i s p l a y 
s t rong S C / F C s i g n a l s for the other t y p e of f u n c t i o n a l connec­
t i v i t y i f the conste l la t ions of n e t w o r k archi tecture , c o u p l i n g 

a n d d y n a m i c a l parameters are r ight . T h i s p o i n t is i l lus t ra ted 
w i t h the n u m e r i c a l s i m u l a t i o n s d i s c u s s e d here. 

W e be l i eve that s u b s e q u e n t inves t iga t ions m i g h t e m p l o y 
the pa t te rn of S C / F C corre la t ions as a m e a n s of i d e n t i f y i n g 
f r o m a g i v e n n e t w o r k s tructure , w h i c h t y p e of d y n a m i c s is 
m o s t p l a u s i b l e , i.e. w h i c h t y p e of d y n a m i c s th is n e t w o r k 
w a s ' b u i l t for ' . O u r current u n d e r s t a n d i n g of d y n a m i c s o n 
n e t w o r k s d o e s n o t ye t a l l o w for s u c h a d e t a i l e d assessment. 

A n o t h e r d i r e c t i o n of e x t e n d i n g o u r i n v e s t i g a t i o n is to h a v e 
c o n t i n u o u s chaot ic systems. H e r e , the L o r e n z s y s t e m [259,260], 
Ross ler s y s t e m [261,262] o r S t u a r t - L a n d a u s y s t e m [263,264] 
w o u l d be sui table candidates . T h e q u e s t i o n is then , h o w the 
results d e s c r i b e d above change w h e n g o i n g f r o m discrete to 
c o n t i n u o u s t i m e a n d w h e n g o i n g f r o m a o n e - d i m e n s i o n a l 
sys tem (at each node) to a h i g h e r - d i m e n s i o n a l system. A s w e 
have s h o w n above , i n the case of excitable d y n a m i c s , the step 
f r o m discrete to c o n t i n u o u s t i m e leaves the results q u a l i t a t i v e l y 
intact, as does the step f r o m a o n e - d i m e n s i o n a l to a t w o -
d i m e n s i o n a l s y s t e m i n the case of r e g u l a r osc i l la t ions . F o r 
chaotic systems, this needs to be inves t iga ted i n de ta i l . 

C o m p l e x b e h a v i o u r (patterns w i t h long-range correlat ions, 
i n contrast to chaotic d y n a m i c s w i t h o u t o r d e r o n a larger scale) 
can emerge near cr i t i ca l po ints . G i v e n o u r h y p o t h e s i s that h i g h 
S C / F C s e q is associated w i t h large-scale patterns (e.g. exci tat ion 
w a v e s [20]), the d i s t i n c t i o n b e t w e e n chaot ic a n d c o m p l e x be­
h a v i o u r m a y have a s t rong effect o n S C / F C correlat ions. T h i s 
aspect requires fur ther inves t iga t ion a n d c o u p l e d electronic 
chaotic osci l lators m a y be a n interest ing test case for this , as 
they p r o v i d e a h i g h l e v e l of rea l i sm, i n p a r t i c u l a r for b r a i n 
d y n a m i c s , together w i t h a d e t a i l e d u n d e r s t a n d i n g of their c o l ­
lect ive b e h a v i o u r s [265,266]. E lec t ronic chaotic osci l lators c a n 
be u s e d as a p h y s i c a l m o d e l of b r a i n d y n a m i c s [265,266] as s i m i ­
lar d y n a m i c s to n e u r o n a l ac t iv i ty are o b s e r v e d i n s u c h n e t w o r k s 
of d i f f u s i v e l y c o u p l e d s ingle-transistor osci l lators. 

See ing s e q u e n t i a l a c t i v a t i o n as a p r o x y of large-scale pat­
terns c e r t a i n l y has its l i m i t a t i o n s . I n par t i cu lar , w e expect that 
c r i t i c a l i t y — p o w e r - l a w d i s t r i b u t i o n s of a c t i v i t y a n d l o n g -
range corre la t ions that have b e e n s t u d i e d i n great d e t a i l i n 
genera l n e t w o r k s [267,268] a n d i n p a r t i c u l a r i n b r a i n 
d y n a m i c s [27,269-271]—cannot be i d e n t i f i e d i n th is w a y . 

O n the t e c h n i c a l l e v e l , v a r i o u s d e f i n i t i o n s of c o - a c t i v a t i o n 
a n d s e q u e n t i a l a c t i v a t i o n are p l a u s i b l e , e.g. d i f ferent n o r m a l ­
i z a t i o n s , t i m e d e l a y s a n d d iscre t iza t ions . W e d i d not e x p l o r e 
these aspects i n d e t a i l . A d i s c u s s i o n of the i m p a c t of these 
aspects c a n be f o u n d for e x a m p l e i n [30,50]. 

A s of ten w i t h n u m e r i c a l invest igat ions , s o m e s e e m i n g l y 
s m a l l ' d e s i g n d e c i s i o n s ' affect the results . I n the S E R m o d e l , 
for e x a m p l e , near the d e t e r m i n i s t i c l i m i t , l o n g e r r u n s d o not 
p r o v i d e m o r e i n f o r m a t i o n , as the s y s t e m r a p i d l y settles i n t o a 
(per iodic ) attractor. T h e n , o n l y a large n u m b e r of shor t r u n s 
c a n revea l the u n d e r l y i n g n e t w o r k architecture. T h e s a m e is 
true for phase osc i l la tors , w h i c h p r o v i d e d the c o u p l i n g is 
h i g h e n o u g h g i v e n a cer ta in s p r e a d of e igenfrequencies , 
r a p i d l y settle i n t o a f u l l y s y n c h r o n i z e d state n o l o n g e r i n f o r m a ­
t ive a b o u t the architecture of the n e t w o r k . H e r e a lso , transients 
f r o m m a n y r u n s n e e d to be col lected. 

In the case of c o u p l e d p h a s e osci l lators , d e l a y e d c o u p l i n g 
[272,273] a n d p h a s e shif t c o u p l i n g [274] c a n alter the s y n c h r o ­
n i z a t i o n proper t ies a n d the d y n a m i c a l b e h a v i o u r d r a m a t i c a l l y . 
In the case of t i m e de lays , w e c a n expect that s t rength is sh i f t ed 
b e t w e e n co -ac t iva t ion a n d sequent ia l ac t iva t ion . T i m e delays 
are p r e s u m e d to be a k e y i n g r e d i e n t i n r e p r o d u c i n g realistic 
n e u r a l d y n a m i c s [187,275,276]. Phase shif t c o u p l i n g , o n the 



other h a n d , c a n t r a n s f o r m p h a s e osc i l la tors in to exci table u n i t s 
[274]. These p o i n t s , together w i t h o u r o b s e r v a t i o n that the exact 
f o r m of the c o u p l i n g is re levant for the b e h a v i o u r of S C / F C 
correlat ions, u n d e r l i n e s that e v e n for the s i m p l e m o d e l s d i s ­
c u s s e d here m o r e inves t igat ions are necessary. 

W i t h o u r inves t iga t ions , w e set o u t to u n d e r s t a n d 
w h i c h n e t w o r k features a n d w h i c h class of d y n a m i c s rather 
enhance S C / F C g ^ or rather enhance S C / F C s e q . A s a r u l e , 
w e f i n d that m o d u l a r i t y enhances S C / F C g ^ , w h i l e b r o a d 
degree d i s t r i b u t i o n or r a n d o m n e s s enhances S C / F C s e q . 
Increase i n c o u p l i n g f a v o u r s h i g h S C / F C s m v w h i l e h i g h 
p a r a m e t e r d i v e r s i t y t ends to enhance S C / F C s e q . 

F r o m the v i e w of d y n a m i c s , exci tat ion m o d e l s t e n d to 
f a v o u r F C s e q , a t r e n d w e observe b o t h w i t h the m i n i m a l 
(SER) m o d e l of the excitable d y n a m i c s a n d w i t h the m o r e rea­
l is t ic F i t z H u g h - N a g u m o m o d e l . B y contrast , r egular osci l lators 
f a v o u r F C s m l , as w e see w i t h the s t y l i z e d ( c o u p l e d phase 
osci l lator) m o d e l a n d , at a h i g h e r l e v e l of r e a l i s m , w i t h the 
F i t z H u g h - N a g u m o m o d e l i n its o s c i l l a t o r y r e g i m e . I n the 
case of the chaot ic osc i l lators , the choice of the c o u p l i n g t e r m 
u s e d here leads to a persistent d o m i n a n c e of h i g h p o s i t i v e 
S C / F C s e q , b u t for a c o m p l e t e v i e w a b o u t the S C / F C strengths 
fur ther i n v e s t i g a t i o n w i t h other types of c o u p l i n g is n e e d e d . 

T h e c o n c e p t u a l i z a t i o n of the s y n c h r o n o u s a n d s e q u e n t i a l 
a c t i v i t y i n di f ferent a p p l i c a t i o n scenar ios is m o r e s o p h i s t i ­
cated t h a n i n the case of m i n i m a l m o d e l s , w h i c h indicates 
that b r o a d e r d e f i n i t i o n s o f the t w o n o t i o n s are n e e d e d . H o w ­
ever, as w e s h o w i n the s e c o n d hal f of o u r i n v e s t i g a t i o n , the 
systematics extracted f r o m i n v e s t i g a t i n g m i n i m a l m o d e l s h e l p 
u s better o r g a n i z e the d i v e r s e f i n d i n g s i n the a p p l i c a t i o n 
d o m a i n s a n d t h u s p r o v i d e s a f resh perspec t ive o n d y n a m i c a l 
processes i n n e t w o r k - l i k e systems i n these f i e lds . Spec i f i ca l ly , 
w e a r g u e that F C s j m is associated w i t h s i m u l t a n e o u s 
m e a s u r e m e n t s ei ther o f the d y n a m i c a l a c t i v i t y of n o d e s or 
of l i n k s , w h e r e the concept of ' s i m u l t a n e o u s events ' i n t r o ­
d u c e s a t imesca le , at w h i c h events are c o n s i d e r e d to be 
' s y n c h r o n o u s ' . Re la tedly , i n terms of a m o r e g e n e r a l v i e w 
o n F C s e q / w e a r g u e that it c a n be seen as f l o w of i n f o r m a t i o n 
or mater ia l s i n the sys tem, s u m m a r i z i n g concepts s u c h as 
i n f l u e n c e a n d d i f f u s i o n . 

5. Methods 
5.1. Network topologies 
The s imulat ions were per formed o n a set of abstract graphs 
(modular , E r d o s - R e n y i , Barabasi -Albert , N e w m a n - W a t t s - S t r o -
gatz a n d hierarchical [277]) a n d three real-life networks (neural 
[32], social [34], metabolic [33]). The descr ipt ion of the ne twork 
architectures of the graphs is g iven be low: 

M o d u l a r g r a p h : includes 60 nodes a n d has density 0.23. Each 
graph is constructed b y starting f r o m four cliques, i n w h i c h every 
node is l i n k e d w i t h a l l the other nodes i n the same cl ique. Then, 
edges are r a n d o m l y rewired w i t h probabi l i ty p = 0.23 to l i n k 
different cliques. 

Watts -Strogatz g r a p h : includes 60 nodes a n d every node 
of the g r a p h is l i n k e d w i t h its 15 nearest neighbours i n a r i n g 
topology [278]. 

E r d o s - R e n y i (ER) g r a p h : inc ludes 60 nodes a n d the prob­
abi l i ty of edge creation for each node is 0.23 [279]. 

B a r a b a s i - A l b e r t ( B A ) graph : Each B A g r a p h consists of 60 
nodes a n d it is g r o w n b y attaching new nodes, each w i t h 8 
edges that are preferentially attached to existing nodes w i t h h i g h 
degree [280]. 

H i e r a r c h i c a l graph : includes 64 nodes, 174 edges a n d it 
has a scale-free topology w i t h m o d u l a r structure. The detai led 
construction process is described i n [277]. 

N e u r a l graph : inc ludes 89 nodes (cortical areas) a n d 676 
edges d e r i v e d v i a thresholding a n d symmetr iza t ion f r o m the 
29 x 91 connect ivi ty matr ix (inter-areal connect ion strength 
measurements) described i n [32]. A n edge between t w o nodes 
is accepted if the d e c i m a l l o g a r i t h m of the corresponding connec­
t ion strength measurement is above the threshold va lue 10 (see 
electronic supplementary mater ia l for more details). 

M e t a b o l i c graph : includes 72 nodes (metabolites) a n d 486 
edges [33]. W e use the systems b i o l o g y m a r k u p language 
(SBML) m o d e l 'e-coli-core' f r o m the B I G G database (bigg.ucs-
d.edu) a n d extract the stoichiometric matr ix S. The adjacency 
matr ix of the metabolite-centric metabolic ne twork s h o w n i n 
figure 1 is then obtained b y m a p p i n g a l l non-zero entries i n 
SST to 1, where ST is the transpose of S. 

Soc ia l graph: includes 77 nodes (people) a n d 875 edges [34]. It 
is a n undirected g r a p h a n d a n edge between t w o nodes is created, 
if one's k n o w l e d g e about the ski l ls of others w i t h i n the c o m p a n y 
exceeds a threshold equal to 5.0 (see electronic supplementary 
material for more details about the real-life networks) . 

5.2. Topological changes 
In the first instance, three in i t ia l graphs that have distinct structure 
were r a n d o m i z e d or rewired i n different proport ions, such as the 
ratio N o C h a n g e s / N o Edges ^ 0.11 corresponds to a percentage 
of 10% of r a n d o m i z a t i o n / r e w i r i n g process. Thus , for the m o d u l a r 
a n d the regular g r a p h every 10% of r a n d o m i z a t i o n / r e w i r i n g 
process corresponds to 50 s w a p s / r e w i r i n g changes of edges. The 
degree of the nodes is preserved a n d o n l y the structure of the net­
w o r k changes. For the hierarchical graph, 20 swaps of the edges for 
every 10% of randomizat ion are enough to e n d u p w i t h a scale-free 
graph, whose m o d u l a r i t y is completely destroyed. A s a conse­
quence, the r a n d o m i z e d network retains its degree dis tr ibut ion 
a n d the presence of hubs, but w i t h o u t the e m b e d d e d m o d u l a r i t y 
that it in i t ia l ly h a d , s imi lar to a scale-free topology as the preferen­
tial attachment m o d e l f r o m [280]. The m o d u l a r a n d the 
hierarchical networks were r a n d o m i z e d , according to the 
M a r k o v chain a l g o r i t h m [281]: pairs of r a n d o m l y selected edges 
are s w a p p e d , p r o v i d i n g no self-loop or mul t ip le edges between 
t w o nodes are created. The r e w i r i n g process was per formed o n 
the Watts-Strogatz m o d e l according to the scheme f r o m [278]: a 
r a n d o m l y selected l ink was destroyed a n d a new one was created 
between one of the t w o nodes a n d a r a n d o m l y selected one; the 
requirement of self-loops a n d mul t ip le edges between t w o nodes 
must be, also, satisfied. D u r i n g the r e w i r i n g process a n d before 
we end u p w i t h an E r d o s - R e n y i graph, the network passes 
through a ' smal l w o r l d ' regime [278]. 

5.3. SER model 
The models we used to h ighl ight the t w o classes of funct ional con­
nectivity cover a range of different types of d y n a m i c a l processes: 
excitable dynamics , regular oscillations a n d chaotic oscillations. 
The S E R m o d e l , a s imple cel lular automaton m o d e l of excitable 
dynamics , acts o n discrete t ime a n d the update rules are s i m u l ­
taneously a p p l i e d as fo l lows to go f r o m the state at t ime t to the 
state at t ime t + 1: (1) A node i n the susceptible state (S) changes 
into a node i n the state of the excited nodes (£) if one or more of 
its neighbours are excited. Alternatively, a node can go f r o m S to 
E i n a stochastic w a y w i t h a g iven (usually small ) rate of spon­
taneous excitation, /. (2) A node i n the excited state (E) changes 
into a node i n the refractory state (R). (3) A node i n the refractory 
state (R) changes into a node i n the susceptible state (S) i n a 
stochastic w a y w i t h a g iven refractory probabi l i ty p. This m o d e l 
has been or ig ina l ly s tudied as a m o d e l of self-organized crit icality 
[282] a n d later been a p p l i e d to address abstract questions of 



excitable d y n a m i c s o n graphs [29,31,283], as w e l l as topics i n 
neuroscience [19,50]. In the deterministic l imi t , p = 1, /= 0, the con­
tr ibut ion of the three cycles s ignif icantly affects the collective 
dynamics [28,30]. D u e to its discreteness i n t ime a n d states, i n 
the S E R m o d e l co-activity a n d sequential activity of the nodes 
can be def ined i n a parameter-free w a y : each node can be f o u n d 
i n one of the three states x,(ř) e (S, E, R], however, i n the analysis 
of S C / F C relationships w e o n l y dis t inguish t w o states: 

Í 1 * , ( * ) = E 
, { > ~\0 Xi(t) = S o r R . 

Separating the nodes into the t w o categories (active or inactive) 
is a convenient w a y to define the t w o classes of funct ional 
connectivity. The co­activation matrix is 

Q = 5>(f)c,­(f), 
t 

a n d the sequential activation matrix is 

S? = $ > ( f ) c , ­ ( f ­ l ) . 
t 

It s h o u l d be noted that different normal izat ions of these quantities 
can be envis ioned (see [28] for a detai led discussion). 

For a l l the cases where the S E R m o d e l was used, we s imulated 
NR = 10 000 runs of i m a x = 10 (unit timestep) w i t h r a n d o m l y gener­

ated in i t ia l condit ions, w i t h 6% of the nodes to be i n the E state 
a n d the rest to be i n S or R state w i t h a n equiprobabi l i ty . The infor­

mat ion for the F C matrices was accumulated b y in i t ia l ly tak ing the 
s u m over the t ime of each matrix, a n d then b y tak ing the s u m over 
the mult ip le runs. The S C / F C correlations were c o m p u t e d w i t h 
the Pearson correlation between the flattened adjacency a n d the 
co­activation/sequential activation matrix. The f ina l average 
value was c o m p u t e d as the mean of the correlations f r o m the 10 
different in i t ia l graphs, a n d the errors as the standard deviat ion 
of these correlation values. W e obtain the m a i n results u s i n g the 
recovery probabi l i ty p = 0.1 a n d transmission probabi l i ty/= 0.001. 

5.4. Phase oscillators 
The second, also w e l l s tudied , m o d e l s tudied here is the 
K u r a m o t o m o d e l [118,284]. It describes the behaviour of a 
large set of c o u p l e d phase oscillators a n d their transit ion to 
synchronizat ion. W e use it here i n a variant , where the oscillators 
are c o u p l e d according to the architecture of a given network [24]. 
Each of the oscillators has a n intrinsic natural frequency (or 
'eigenfrequency') &>,­ a n d a l l of them are equal ly c o u p l e d w i t h 
their neighbours w i t h c o u p l i n g k. The evo lut ion of the phase 
of a node i n a p o p u l a t i o n of N oscillators is governed b y the 
f o l l o w i n g dynamics : 

- £ = W I + Ň S A i j s i n { d i ~ 0 i ) ' i = 1 N ­

This m o d e l has been instrumental i n the past for understand­

i n g h o w network topology determines synchronizabi l i ty [23] a n d 
h o w synchronizat ion patterns emerge f r o m architectural features 
of networks [22]. 

Investigating the behaviour of the t w o classes of F C , i n this 
m o d e l , requires oscillators that have not reached the total synchro­

nizat ion, w h i c h indicates the absolute ' w i n ' of the co­activation. 
Thus , Gauss ian noise, scaled b y ampl i tude a, was a d d e d i n 
order to delay the synchronizat ion process. 

d-0- k ^ 
-r1 = COÍ + — V AH siní Oj -6Í) + <TU, i = 1, . . . , N 
at N 

;=i 

The matr ix of funct ional connectivity, i n this case, is con­

structed f r o m the correlation coefficient between the t ime series 

of the effective frequency: 

Qy(Si) = c o r r t ( A ( i ) , + St)), (5.1) 

where 

m = (Ae ! (i)> ( = ^ ' + f ' W + 1 ) ­ ei{f) 
Z a l t'=t-M 

for some suitable choice of a t ime w i n d o w At. 
For a continuous m o d e l , such as the coupled phase oscillators, 

the def ini t ion of the t w o classes of funct ional connectivity is not 
possible i n a parameter­free manner. In equation (5.1), for St = 0, 
we have strict co­activation a n d w i t h increasing t ime lag St a tran­

sit ion f r o m correlations dominated b y co­activation to correlations 
dominated b y sequential activation (before the t w o timeseries 
of effective frequencies essentially de­couple). Particularly, the 
decision of the appropriate selection of the t ime lag for the sequen­

tial activation was based o n the results of S C / F C correlations as a 
funct ion of the c o u p l i n g strength for different values of t ime lag . In 
the electronic supplementary material , figure S5 shows the m u l ­

tiple curves of the different t ime delay values for a m o d u l a r a n d 
an E R graph. W h i l e the effect of the increasing t ime delay i n a m o d ­

ular g r a p h is the gradual decrease of the S C / F C correlation, i n the 
E R graph three groups of curves emerge. The first one corresponds 
to the co­activity of the nodes (includes the zero a n d t ime l ag equal 
to 1), the second group includes the curve that corresponds to the 
t ime­delay 2 a n d , i n this case, is the appropriate selection for the 
sequential activation, since larger values for the t ime delay, 
w h i c h constitutes the t h i r d group of curves, have zero contr ibut ion 
i n the sequential activation. 

For this case, we s imulated NR = 100 runs over f m a x = 50 u s i n g 
the Euler method, w i t h r a n d o m l y generated in i t ia l condit ions f r o m 
the u n i f o r m distr ibut ion (—n, TI) o n different graphs w i t h non­ iden­

tical oscillators. The integration timestep for the solut ion of the 
system was equal to 0.1. The Gauss ian noise was selected to 
have zero mean, unit variance a n d it was scaled b y a m p l i t u d e 
a = 0.25. The eigenfrequencies were u n i f o r m l y selected f r o m the 
interval (0,1). The size of the t ime w i n d o w w e selected At for the 
effective frequency was equal to 20 a n d the F C matrices were con­

structed f r o m the Pearson correlation of the effective frequencies 
between each pair of nodes. The d i a g o n a l elements are zero, b y 
default. A s i n the S E R m o d e l , the S C / F C correlations were com­

pute d w i t h the Pearson correlation of the flattened adjacency a n d 
F C matrices. For the latter one, the s u m , over mult ip le runs, was 
taken a n d the average correlation values d e r i v e d f r o m the S C / 
F C correlations of 10 different in i t ia l networks ; the corresponding 
errors der ived f r o m the standard devia t ion of these 10 values. For 
the m a i n results, w e selected a c o u p l i n g strength equal to 10. 

5.5. Logistic map 
The t h i r d m o d e l that was used as a d y n a m i c a l probe of network 
architectures is the logistic m a p . Such dimens iona l m a p s (also 
termed finite­difference equations or recursion relations) are used 
to describe the evolut ion of one variable over discrete steps i n 
t ime, f o l l o w i n g a template of the f o r m xM =f(xf). The logistic m a p 

xi+i = Rx,(l - xt) 

is the most w e l l ­ k n o w n example of this class of d y n a m i c a l models 
[285]. Starting f r o m a stable f ixed point at l o w R, the system under­

goes a sequence of p e r i o d ­ d o u b l i n g bifurcations w i t h increasing R 
leading to a large regime of deterministic chaos, occasionally inter­

r u p t e d b y s m a l l periodic w i n d o w s . Systems of coupled logistic 
maps have been studied extensively as a m o d e l for spatio­temporal 
pattern format ion [286] a n d o n networks [51,52,287]. 



The c o u p l e d system has the f o r m 

k N 

Xi(t + l)=RjXi(t)(l-Xi(t)) + t ; 

1 = 1, 

where k is the c o u p l i n g strength a n d Ay is the network 's adja­
cency matr ix (structural connectivity) . N o t e that w e impose 
a d d i t i o n a l constraints o n the system to force each xt(t) to be i n 
the in terva l x e [0, 1]. W e define F C as the correlation between 
the timeseries of the nodes for zero t ime lag (co-activation) a n d 
a t ime lag of 1 (sequential activation): 

Cjj = corr,(x;(f) , Xj{t)), Si, = corr,(x,-(f), Xj(t + 1)). 

W e s imulated NR = 50 runs over f m a x = 500 (unit timestep) 
w i t h r a n d o m l y generated in i t ia l condit ions f r o m the u n i f o r m 
dis tr ibut ion (0,1). The parameter R was r a n d o m l y selected b y 
each oscil lator f r o m the interval (3.7, 3.9). For the m a i n results, 
the c o u p l i n g strength that was u s e d was equal to 2. The F C 
matrices were constructed f r o m the Pearson correlation between 
the t ime series of the x var iable (diagonal elements are zero b y 
default). The S C / F C correlations d e r i v e d f r o m the c o m p a r i s o n 
of the flattened adjacency a n d F C matrices, b y taking the 
Pearson correlation, after each r u n . The average correlation 
va lue d e r i v e d f r o m the m e a n correlation values over the m u l t i p l e 
runs a n d the errors f r o m the s tandard devia t ion of the correlation 
values over the m u l t i p l e runs. 

5.6. FitzHugh-Nagumo model 
A s a more sophisticated m o d e l of excitable d y n a m i c s a n d 
regular oscil lations, w e use the F i t z H u g h - N a g u m o m o d e l 
[288,289], a t w o - d i m e n s i o n a l m o d e l of o r d i n a r y differential 
equations (ODEs) . 

The F i t z H u g h - N a g u m o m o d e l is c o m p o s e d of t w o coupled 
variables, where x represents the membrane potent ia l a n d y is 
the recovery variable: 

x?(f) 
•Vi{t) (d) 

the r a n d o m i z a t i o n process of a m o d u l a r g r a p h i n the excitable 
a n d i n the oscil latory regime. 

A s w i t h the logistic m a p , c o u p l e d F i t z H u g h - N a g u m o osci l ­
lators have been e m p l o y e d i n a range of investigations focusing 
on spat io- temporal pattern format ion [290] a n d collective 
dynamics i n networks [26]. 

W e s imula ted 10 runs , u s i n g the Euler m e t h o d to solve the 
system. The total t ime of each s imulated r u n was 180 s a n d the 
integration step 0.1 ms . W e d o w n s a m p l e d the output at 1 ms 
a n d w e used this to calculate the F C . The F C s m l matr ix d e r i v e d 
f r o m the s u m of the co-activation matrices over the t ime of each 
r u n . The co-activation matrices were constructed as i n the SER 
m o d e l , after discret iz ing the t ime series (spike detection) w i t h a 
threshold equal to one a n d u s i n g a t ime w i n d o w equal to 
1 ms . For the F C s e q matrices, var ious w i d t h s of t ime w i n d o w s 
were selected i n order to discretize the t ime series a n d detect 
the spikes. Larger t ime w i n d o w s inc lude both spikes that occur 
s imultaneously a n d sequentially, thus, f r o m the w h o l e act ivity 
w i t h i n the w i n d o w , the co-activity (time w i n d o w 1 ms) was sub­
tracted. The calculat ion of S C / F C correlations d e r i v e d f r o m the 
flattened adjacency a n d funct ional connectivity matrices, after 
exc luding the d i a g o n a l elements. The f i n a l correlation values 
came f r o m the m e a n value of the 10 correlation values f r o m 
the different runs a n d the errors f r o m the corresponding stan­
d a r d deviat ion . The co-activity of the nodes, as w e l l as the 
sequential act ivity of the nodes, u s i n g different w i n d o w sizes, 
were tested u n d e r different values for the c o u p l i n g strength 
a n d the noise a m p l i t u d e for both the excitable (a = 0.8) a n d osci l ­
latory regime (a = 0) (see electronic supplementary material , S6). 
The selected parameter values for the system are /? = 0.6, y=l, 
rx = 0.001, Ty = 0.1. The r a n d o m numbers for the noise ux were 
selected f r o m a n o r m a l d is t r ibut ion w i t h zero m e a n a n d unit 
variance, whose ampl i tudes were scaled b y a a n d w i t h a n 
a d d i t i o n a l scal ing parameter y/dt/rx (At is the size of the inte­
gration step). The scal ing term for the uy is equal to zero. For 
the m a i n results, we selected the c o u p l i n g strength ( d i v i d e d b y 
the average degree i n the network) equal to 0.044, the a m p l i t u d e 
of the noise equal to a = 0.15 a n d the t ime w i n d o w of 12 ms for 
the sequential activation. 

b 

ho o 
ho 
o 
C O 

a n d 

ßyit)+a, 

where (d) is the average degree i n the network , xx, Ty are the t ime-
scale parameters for each variable , again k the c o u p l i n g strength 
a m o n g the connected nodes, vx, vy are r a n d o m variables d r a w n 
f r o m a Gauss ian dis t r ibut ion of zero m e a n a n d unit variance 
a n d a the a m p l i t u d e of the noise. In the xy plane, w e can dis­
t inguish three regions a n d the intersection of the nullc l ines of 
the system (see electronic supplementary material , f igure SI), 
dxj(t)/dt = 0 A dyi(t)/dt = 0 defines the f ixed point . Hence , 
d e p e n d i n g o n the region that the f ixed point is placed, the 
system can be f o u n d either i n the osci l latory or i n the excitable 
regime. B y shi f t ing the l inear nul lc l ine (changing the parameter 
a), w e can m o v e f r o m region 1 (excitable regime) to region 2 
(oscillatory regime). Here , w e plot the correlation values d u r i n g 
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