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Overview	  

•  Introduc=on	  to	  networks:	  
– Defining	  a	  network	  
– Represen=ng	  a	  network	  
– Network	  measures	  

•  Brain	  func=onal	  networks:	  
– How	  are	  they	  constructed	  
– What	  do	  they	  tell	  us?	  



Defining	  a	  Real-‐World	  Network	  

•  Nodes:	  
–  Individuals	  
– Groups	  of	  people	  

•  Edges:	  
– Simple	  
– Weighted	  
– Directed	  

	  



Represen=ng	  a	  Network	  
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Characterizing	  a	  Network	  
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Central	  Individuals	  are	  Early	  Adopters	  

High	  
betweenness	  
centrality	  

we expect a set of nominated friends to get infected earlier than a
set of randomly chosen individuals (who represent the population
as a whole). More specifically, a random sample of individuals
from a social network will have a mean degree of m (the mean
degree for the population); but the friends of these random
individuals will have a mean degree of m plus a quantity defined by
the variance of the degree distribution divided by m. Hence, when
there is variance in degree in a population, and especially when
there is high variance, the mean number of contacts for the friends
will be greater (and potentially much greater) than the mean for
the random sample. This is sometimes known as the ‘‘friendship
paradox’’ (‘‘your friends have more friends than you do’’) [15–19].
While the idea of immunizing such friends of randomly chosen

people has previously been explored in a stimulating theoretical
paper [12], to our knowledge, a method that uses nominated
friends as sensors for early detection of an outbreak has not
previously been proposed, nor has it been tested on any sort of real
outbreak. To evaluate the effectiveness of nominated friends as
social network sensors, we therefore monitored the spread of flu at
Harvard College from September 1 to December 31, 2009. In the
fall of 2009, both seasonal flu (which typically kills 41,000
Americans each year [20]) and the H1N1 strain were prevalent in
the US, though the great majority of cases in 2009 have been
attributed to the latter.[1] It is estimated that this H1N1 epidemic,
which began roughly in April 2009, infected over 50 million
Americans. Unlike seasonal flu, which typically affects individuals
older than 65, H1N1 tends to affect young people. Nationally,
according to the CDC, the epidemic peaked in late October 2009,
and vaccination only became widely available in December 2009.
Whether another outbreak of H1N1 will occur (for example, in
areas and populations that have heretofore been spared) is a

Figure 1. Network Illustrating Structural Parameters. This real
network of 105 students shows variation in structural attributes and
topological position. Each circle represents a person and each line
represents a friendship tie. Nodes A and B have different ‘‘degree,’’ a
measure that indicates the number of ties. Nodes with higher degree
also tend to exhibit higher ‘‘centrality’’ (node A with six friends is more
central than B and C who both only have four friends). If contagions
infect people at random at the beginning of an epidemic, central
individuals are likely to be infected sooner because they lie a shorter
number of steps (on average) from all other individuals in the network.
Finally, although nodes B and C have the same degree, they differ in
‘‘transitivity’’ (the probability that any two of one’s friends are friends
with each other). Node B exhibits high transitivity with many friends
that know one another. In contrast, node C’s friends are not connected
to one another and therefore they offer more independent possibilities
for becoming infected earlier in the epidemic.
doi:10.1371/journal.pone.0012948.g001

Figure 2. Theoretical expectations of differences in contagion between central individuals and the population as a whole. A
contagious process passes through two phases, one in which the number of infected individuals exponentially increases as the contagion spreads,
and one in which incidence exponentially decreases as susceptible individuals become increasingly scarce. These dynamics can be modeled by a
logistic function. Central individuals lie on more paths in a network compared to the average person in a population and are therefore more likely to
be infected early by a contagion that randomly infects some individuals and then spreads from person to person within the network. This shifts the S-
shaped logistic cumulative incidence function forward in time for central individuals compared to the population as a whole (left panel). It also shifts
the peak infection rate forward (right panel).
doi:10.1371/journal.pone.0012948.g002
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and the same person was frequently nominated several times.
Hence, our data collection procedures wound up yielding
information about 1,789 unique, inter-connected students who
were either surveyed or were identified as friends by those who
took part in the study. A connected component of 714 people was
in turn apparent within these 1,789 individuals. We illustrate the
spread of flu in this component in Figure 4, which shows the
tendency of the flu to ‘‘bloom’’ in more central nodes of the
network, and also in a 122-frame movie of daily flu prevalence
available online (see Supporting Information Video S1).
Sampling a densely interconnected population also allowed us

to actually measure egocentric network properties like in-degree
(number of times a subject was nominated as a friend),
betweenness centrality (the number of shortest paths in the
network that pass through an individual), coreness (the number of
friends an individual has when all individuals with fewer friends
are iteratively removed from the network), and transitivity (the
probability that two of one’s friends are friends with one another).
This would not be possible in a deployment of the friends’
technique in larger populations (wherein surveyed individuals
would be much less likely to actually be connected to each other).
The results showed that, as expected, the friend group differed
significantly from the random group for all these measures,
exhibiting higher in-degree (Mann Whitney U test p,0.001),
higher centrality (p,0.001), higher k-coreness (p,0.001), and
lower transitivity (p = 0.039).
We hypothesized that each of these measures could help to

identify groups that could be used as social network sensors when
full network information is, indeed, available (see Figure 5). For
example, we expect in-degree to be associated with early

contagion because more friends means more paths to others in
the network who might be infected. NLS estimates suggest that
each additional nomination shifts the flu curve left by 5.7 days
(95% C.I. 3.6–8.1) for flu diagnoses by medical staff and 8.0 days
(95% C.I. 7.3–8.5) for self-reported symptoms. On the other hand,
the same is not true for out-degree (the number of friends a person
names). Pertinently, this is the only quantity that would be
straightforwardly ascertainable by asking respondents about
themselves. However, there is low variance in this measure in
the present setting since most people named three friends (the
maximum allowed by our survey).
We also expect betweenness centrality to be associated with

early contagion. NLS estimates suggest that individuals with
maximum observed centrality shift the flu curve left by 16.5 days
(95% C.I. 1.9–28.3) for flu diagnoses by medical staff and 22.9
days (95% C.I. 20.0–27.2) for self-reported symptoms, relative to
those with minimum centrality. A related measure, k-coreness, also
suggests that people at the center of the network get the flu earlier.
NLS estimates suggest that increasing the measure k by one (the
range is from 0 to 3) shifts the flu curve left by 4.3 days (95% C.I.
1.8–6.5) for flu diagnoses by medical staff and 7.5 days (95% C.I.
6.8–8.2) for self-reported symptoms. Moreover, both betweenness
centrality and k-coreness remain significant even when controlling
for both in-degree and out-degree, suggesting that it is not just the
number of friends that is important with respect to flu risk, but also
the number of friends of friends, friends of friends of friends, and
so on [6].
Finally, we expect transitivity to be negatively associated with

early contagion. People with high transitivity may be poorly
connected to the rest of the network because their friends tend to

Figure 3. Empirical differences in flu contagion between ‘‘friend’’ group and randomly chosen individuals. We compared two groups,
one composed of individuals randomly selected from our population, and one composed of individuals who were nominated as a friend by members
of the random group. The friend group was observed to have significantly higher measured in-degree and betweenness centrality than the random
group (see Supporting Information Text S1). In the left panel, a nonparametric maximum likelihood estimate (NPMLE) of cumulative flu incidence
(based on diagnoses by medical staff) shows that individuals in the friend group tended to get the flu earlier than individuals in the random group.
Moreover, predicted daily incidence from a nonlinear least squares fit of the data to a logistic distribution function suggests that the peak incidence
of flu is shifted forward in time for the friends group by 13.9 days (right panel). A significant (p,0.05) lead time for the friend group was first detected
with data available up to Day 16. Raw data for daily flu cases in the friend group (blue) and random group (red) is shown in the inset box (right panel).
doi:10.1371/journal.pone.0012948.g003
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Modularity	  

M	   =	   	   Frac=on	   of	   within-‐module	  
connec=ons	   compared	   to	   what	   is	  
expected	   by	   chance	   (for	   the	  
op=mal	  par==on).	  
	  

Infer	  func=on	  of	  
less	  well-‐known	  
nodes	  based	  on	  
their	  module?	  

Girvan	  &	  Newman	  (2002)	  PNAS	  



Small-‐	  World	  Networks:	  
	  

WaDs	  &	  Strogatz	  (1998)	  Nature	  

High	  C	   Low	  L	  



Degree	  Distribu=on	  

Random	  Network	  

Scale-‐free	  Network	  Barabasi	  &	  Albert	  (1999)	  Science	  



What	  about	  brain	  networks?	  



Brain	  networks	  and	  modali=es	  

BasseD	  &	  Bullmore	  (2009)	  Curr	  Opin	  Neurol	  2009	  



Complex	  brain	  networks	  Network	  analyses	  of	  fMRI	  

Parcella=on	   fMRI	  =me	  series	  
for	  each	  region	  

Matrix	  of	  similarity	  
(correla=on)	  between	  
Time	  series	  

Network	  	  
construc=on	  

1.	   2.	   3.	   4.	  

…	  

Band-‐pass	  
filter	  



Network	  Construc=on	  

Weighted,	  Undirected	  

Weighted,	  Undirected	  

Unweighted,	  Undirected	  

threshold	  

binarize	  



What	  now?	  



Aims	  of	  brain	  network	  analyses:	  

1.  Describe	  healthy	  brain	  networks	  

2.  Help	  understand	  the	  disease	  
•  How	  does	  it	  actually	  affect	  the	  brain?	  

	  
3.  Help	  measure	  the	  effect	  of	  drugs	  	  

4.  Help	  diagnose	  disease	  

5.  Help	  predict	  disease	  or	  recovery	  
•  Will	  the	  coma	  pa=ent	  wake	  up?	  

	  

Op=mis=c	  progress	  bars	  



1.	  Describing	  healthy	  brain	  networks	  
Op=mis=c	  progress	  bars	  



Small-‐world	  
•  	  high	  clustering	  

•  short	  path	  length	  or	  high	  efficiency	  

Cost-‐efficient	  

•  	  high	  efficiency	  for	  rela=vely	  low	  connec=on	  cost	  

Hubby	  

•  fat-‐tailed	  degree	  distribu=ons	  

Modular	  

•  nodes	  are	  more	  densely	  connected	  to	  other	  nodes	  in	  the	  same	  
module	  than	  to	  nodes	  in	  other	  modules	  	  

Describing	  healthy	  brain	  networks	  

Bullmore & Sporns (2009) Nat Rev Neurosci 
Bassett et al (2010) PloS Comp Bio 



Linking	  structure	  and	  func=on	  

Van	  den	  Heuvel	  et	  al	  (2009)	  J	  Neurosci	  
Li	  et	  al	  (2009)	  PLoS	  Comp	  Biol	  

Greater	  efficiency	  (or	  shorter	  path	  length)	  of	  human	  brain	  networks	  
is	  correlated	  with	  higher	  IQ:	  
	  



Similarity	  of	  
Iden=cal	  Twins	  

Heritability	  Similarity	  of	  	  	  	  	  	  
Non-‐iden=cal	  Twins	  

Fornito	  et	  al	  (2011)	  J	  Neurosci	  

High	  heritability	  (60-‐70%)	  means	  that	  network	  cost-‐efficiency	  is	  
under	  strong	  gene=c	  control	  	  

Heritability	  of	  Brain	  networks	  



2.	  Understanding	  disease	  
Op=mis=c	  progress	  bars	  



Schizophrenia	  as	  a	  disorder	  of	  brain	  networks	  

Brain	  func=onal	  networks	  in	  schizophrenia	  are	  slightly	  more	  
random:	  less	  economically	  wired	  and	  less	  modular	  

Healthy	  
Volunteers	  

Par=cipants	  with	  
Schizophrenia	  

Alexander-‐Bloch	  et	  al	  (2010)	  Front	  Sys	  Neurosci	  



Zooming-‐in	  on	  topological	  differences	  in	  
schizophrenia	  

Alexander-‐Bloch	  et	  al	  (2011)	  Cereb	  Cortex	  (in	  press)	  



3.	  Measuring	  the	  effect	  of	  drugs	  
Op=mis=c	  progress	  bars	  



The	  effect	  of	  Sulpiride	  on	  healthy	  volunteers	  

0.1. As shown in Figure 4, older people had reduced global
and local efficiency over the entire range of network costs
comprising the small-world regime, 0.05 ! K ! 0.34. The
integrals of the global and local efficiency curves were used as
summary measures of network efficiency over the small-world

regime, and analysis of variance confirmed detrimental
effects of age on integrated global efficiency (F " 8.47, df "
1,24, p " 0.008) and integrated local efficiency (F" 6.19, df "
1,24, p " 0.02).
Age also significantly reduced the maximum-cost efficiency

(ANOVA, F"6.82, df"1,24, p"0.015); see Table 1 and Figure 3.

Dopamine Blockade Impairs Economical Performance of
Small-World Brain Networks
A single dose of sulpiride, compared with placebo, reduced

global and local efficiency of low-cost networks, with K ; 0.1,
in both young and old people, although drug effects were
more variable in the older age group (see Table 1 and Figure
3). The detrimental effect of drug on global efficiency was
significant (ANOVA, F" 9.43, df " 1,24, p " 0.005), as was its
effect on local efficiency (ANOVA, F " 14.36, df " 1,24, p "
0.0009). Results of post-hoc t-tests are also shown in Figure 3.
There were no significant age by drug interactions on global
or local efficiency.
Drug-related effects on efficiency were evident not only in

the low-cost network with K ; 0.1 but also in terms of global
and local efficiency curves integrated over the small-world
cost regime, 0.05 ! K ! 0.34 (Figure 4). The detrimental
effect of sulpiride on integrated global efficiency was
significant (ANOVA, F " 5.40, df " 1,24, p " 0.03), as was its
effect on integrated local efficiency (ANOVA, F " 6.11, df "
1,24, p " 0.02). There were no significant age by drug
interactions on integrated global or local efficiency.
There was no significant effect of drug on maximum-cost

efficiency.

Figure 3. Efficiency Measures for Low-Cost Brain Functional Networks, with K ; 0.1, in All Participants

(Top row) Within-subject effects of dopamine antagonism (sulpiride 400 mg) on global efficiency (left column), local efficiency (middle column), and
maximum cost efficiency (right column): data on younger subjects are denoted by black lines and black triangles, data on older subjects by red lines
and red triangles.
(Bottom row) Box-plots showing median, interquartile range, and range for global efficiency, local efficiency, and maximum-cost efficiency in each age
group after each treatment. Each horizontal line and the associated number represent the p-value of a post-hoc t-test: there were consistent pairwise
differences in global efficiency related to age (YP–OP and YS–OS), less consistent age-related differences in cost efficiency (YP–OP), and no significant
post-hoc effects of age on local efficiency; however, there were consistent pairwise differences in local efficiency related to drug treatment (YP–YS and
OP–OS), and a significant effect of drug on global efficiency in young people (YP–YS).
doi:10.1371/journal.pcbi.0030017.g003

Figure 2. Economical Properties of Human Brain Functional Networks

Efficiency (y-axis) as a function of cost (x-axis) for two individual brain
networks: a young subject following placebo (left panel) and an older
subject following placebo (right panel). For both subjects, local efficiency
(red lines) and global efficiency (green lines) increase monotonically with
cost; and cost efficiency (the difference between global efficiency and
cost; blue lines) has its maximum value when 0.2 ! K ! 0.4. The low-cost
threshold, K ; 0.1, associated with the sparse networks reported in
Figures 3 and 5, is shown as a black vertical line in each graph.
doi:10.1371/journal.pcbi.0030017.g002
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Economical Brain Networks

Sulpiride	  significantly	  reduces	  the	  Global	  
Efficiency	   of	   healthy	   brain	   networks,	  
counterac=ng	   the	   subtle	   randomiza=on	  
observed	  in	  schizophrenia	  

Young	   Old	  

Sulpiride	  
400mg	  

Sulpiride	  
400mg	  

Global	  Efficiency	  

Achard	  &	  Bullmore	  (2007)	  PLoS	  Comp	  Bio	  



Rela=ng	  drugs,	  networks	  and	  behaviour	  

18	  right-‐handed	  smokers	  were	  measured	  two	  =mes	  in	  an	  fMRI	  scanner:	  	  
•  placebo	  	  
•  	  4	  mg	  nico=ne	  gum	  (Nicoreme®)	  
	  
Subjects	   smoked	   16	   cigaremes	   on	   average	   per	   day	   (sd=8.58)	   for	   on	   average	   10	   years	  
(minimum	   3	   years,	   sd=24).	   Fagerström	  Nico=ne	  Dependence	   Scale:	  mean	   3.4	   (sd=2.3,	  
weak	  nico=ne	  dependence).	  
	  
Last	  nico=ne	  intake:	  2	  hours	  before	  
	  
	  
	  
	  

Giessing	  et	  al	  (2011)	  in	  review	  



Time	  

Con=nuous	  performance	  task:	  

Giessing	  et	  al	  (2011)	  in	  review	  

•  Reac=on	  =me	  on	  bumon-‐press	  for	  ‘Go’	  trials	  
where	  the	  central	  symbol	  is	  C,	  G,	  D,	  W,	  K,	  or	  Y	  

•  Frequency	  of	  No-‐Go	  errors:	  bumon-‐press	  for	  
No-‐Go	  trials	  where	  the	  central	  symbol	  is	  X,	  O	  



Significant	  main	  effect	  of	  Nico=ne	  

Means	  and	  SEMs	  
permuta=on	  test	  p<0.05	  

Nico=ne	  reduces	  reac=on	  =mes	  
for	  Go	  trials	  

Giessing	  et	  al	  (2011)	  in	  review	  

Nico=ne	  reduces	  NoGo	  errors	  in	  
error-‐prone	  subjects	  
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Network-‐effects	  of	  Nico=ne	  

Giessing	  et	  al	  (2011)	  in	  review	  

Nico=ne	  tends	  
to	  increase	  

Global	  Efficiency	  

Nico=ne	  tends	  
to	  decrease	  
Clustering	  



Dependence-‐dependence	  

Giessing	  et	  al	  (2011)	  in	  review	  
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Challenges	  for	  fMRI	  network	  analysis	  

1.  Methodological	  issues:	  
•  Preprocessing	  
•  Differen=a=ng	  neuronal	  effect	  and	  confounding	  vascular	  effect	  
	  

2.  Sensi=vity	  of	  network	  measures:	  
•  Group	  differences	  for	  less	  severe	  diseases	  
•  Diagnosis	  of	  individuals	  

	  
3.  Differen=a=ng	  disease	  profiles:	  	  
•  Increased	  E:	  with	  high	  IQ,	  with	  Nico=ne,	  in	  schizophrenia…	  	  
•  Decreased	  E:	  with	  age,	  in	  Alzheimer’s	  disease,	  with	  Sulpiride…	  

	  



Any	  Ques=ons?	  



Search	  for	  “twimerbrain”	  on	  YouTube	  


