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Networks in epidemiology: The SIS Model
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Stable solution

Unstable solution

Epidemic Threshold




In SF networks we have many groups
corresponding to nodes with different

degree, S, I

diJdt =i, +rk(1-i,) 2. i, P(kk’)
di Jdt =-i +rk(1-i,) @

i =rk@(1+1k6) (1)
0=<>12 ikPk) (2
(1)=>2)

O=<c>12. kP(k) rk@/(1+rk6)

R. Pastor-Satorras and A. Vespignani.
Epidemic spreading in scale-free networks.
Physical Review Letters 86, 3200-3203 (2001).
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e=1 o

dfjdl| g >1 —> r<k?>/<k>>1
ro> <k>/<>
P(k)~k* r.=0 fora=<3

R. Pastor-Satorras and A. Vespignani.
Epidemic spreading in scale-free networks.
Physical Review Letters 86, 3200-3203 (2001).



No epidemic threshold in SF
(Threshold in exp. net. (WS))

Infected

R. Pastor-Satorras and A. Vespignani.
Epidemic spreading in scale-free networks.
Physical Review Letters 86, 3200-3203 (2001).



Scale free networks have a vanishing
epidemic threshold



Black Death in 14th Century Europe
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The modern long-range links
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ANNUAL TRAFFIC (IATA 2002)
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The role of the airline transportation network in the
prediction and predictability of global epidemics

Vitteria Colizza*, Alain Barrat!, Marc Barthelemy**, and Alessandro Vespignani*s
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Oppinion dynamics
(Viral memes)






Structure and tie strengths in mobile
communication networks
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Characterizing dynamics by ergodic parameters

¢ Invariant measures and ergodic parameters

T
) . I Nl O

n=1

¢ Lyapunov and conditional exponents

From the k x k and (m-k)x(m-k) lim ID,! f | xT JI},! I“ 1 T II II~'“
blocks of the Jacobian , obtain n—0o0
the conditional exponents as . .. g o -

ll]'_l_l_ |I -D m—~k f - l: £ | -D k f "’ |I T ] :' 2n

the eigenvalues of the limits
n—00

or

1 k)
lim —luu D f™(z)ul| = &7

—00 §

T

with 0 # u € EL/E'"! | E! being the subspace ot R* spanned by eigenstates

. . { k)~
corresponding to eigenvalues < exp(& ‘- ).




Existence of the conditional exponents

¢ First proposed by Pecora and Carroll to study the phenomenology of
synchronization of chaotic systems
PRL 64 (1990) 821 ; PRA 44 (1991) 2374

¢ Theorem: The existence of the conditional exponents is guaranteed
under the same conditions as for the Lyapunov exponents

Existence of a measurable map
from the dynamical space V to

m X m matrices

- j p(dx)log*|T(x)|| < e

The proof follows the same steps as for the Oseledec’s theorem
PLA 248 (1998) 167

¢ Regular functionals of the exponents will also be well-defined
ergodic parameters




Structures and self-organization

¢ Structure index

diverges whenever a Lyapunov exponent approaches zero from above (points
where long time correlations develop)

¢ Self-organization  (partitions >3 — 2 g [RUIE

N
I(S.3. n) = Z {hi(p) + hm—r(p) — h(p)}

f A - [ |{|: II|
he(p) = o (&),

£ag™ 505t

(Physica A276 (2000) 550-571)



¢ Self-organization concerns the dynamical relation of the
whole to its parts. Therefore, I-(1) is a measure of
dynamical self-organization

+ Itis a measure of apparent dynamical freedom (or apparent
rate of information production), that each agent may infer
from the local dynamics

¢ Self-organization occurs when local information is very
different from global behavior

¢ These global parameters, besides providing information on
structure formation and self-organization may also be used
to characterize the topology of the interactions (network
connectivity)



Examples :

¢ Fully coupled system

X (t+1) = (1-6) f(x (1)) + (c/(N-1)) S F(x 1 (1))
f(x)=2x (mod 1)

u | |} || o
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Fully coupled system. Structure and self-organization index
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Nearest-neighbor coupling

¢ X (t+1) = (1-c) f(x (1)) + (c/2) ( (X 14 (t) + F(x 4(L) )
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Synchronization and beyond

¢ Synchronous flashing of fireflies, cells, fads, ......




Synchronization and beyond

¢ Synchronization
(Classical mathematical example: the Kuramoto model)
A similar, discrete-time oscillators model :

i N
Ti(t+1) =a; (t) +w; + _' |

> fal
i\:,- L _I_ AV A

J7=1

¢ Order parameter
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¢ The Lyapunov spectrum controls the dynamical self-
organization of the system.

¢ In this case
A=0 and
A=log(1-aAk(N/N-1)) (N-1) times
N-1 contracting directions for kz0

“One-dimensional” system !

¢ = strong dynamical correlations even before
synchronization

(Int. J. Bifurcation and Chaos, 15 (2005) 1185-1213)



Syncnet  (k=0.1)
|

1
0.5F ] \
\ 111 l \\\\\\ W l "
OH ‘ / N/,w///_ l U / /l/”/ 1
?
0.5
o 0 200 300 400 50 600 700 500 500 1000
t
2
! ) | J 1IN
‘ﬁ N My
ol JL V ( \H\mm Il :
i le (R
-1 -
25 0 200 300 400 50 60 700 200 500 1000



Network structure and dynamics.The small world phase
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Define a dynamical system on the network nodes

* x(t+1) = N W f(x(1)) *1_ n(0) . if i =k
2v
f(x)=ax (mod 1) .21 o= ifi#kand kOn,()
0 0 otherwise
¢ Dg=-20 A

Dy=c N (B-By)" B, <105 1 =1.010.06

(T. Aradjo, J. Seixas, RVM, Phys. Lett. A319 (2003) 285-289)
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Define a dynamical system on the network nodes

X i(t+1) = Z N Wy f(xi (1)) *1_ n(0) . if i =k
2v
f(x)=ax (mod 1) .21 o= ifi#kand kOn,()
0 0 otherwise
¢ Dg=-20 A

Dy=c N (B-By)" B, <105 1 =1.010.06

¢ Cp= hé_h , Z( > A (1)] hy =D A,0)

hﬁ_h l/],B>O Aﬁ>0

B, =0.04 Co~|B-Bey I 5 =114 §,=0.93
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Scaling laws and self-organized criticality (SOC)

¢ A qualitative definition :
SOC = mechanism of slow energy accumulation and fast
enerqgy redistribution (avalanches) driving the system
towards a critical state, where the distribution of avalanche
sizes is a power law obtained without fine tuning, that is,
there is no tunable parameter in the model.

¢ Power law — no natural scale, excitations at all scales

¢ No tunable parameter # usual critical points in phase
transitions

¢ A critical point as an attractor ? PHASE DIAGRAM

¢ Ubiquity of SOC (geophysics, cosmology
evolutionary biology, ecology, economics
sociology, solar physics, ...)
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¢ Question: Can SOC be characterized by
ergodic parameters ?

PRESSURE —»

FIGURE 4



Real world manifestations

¢ The Gutenberg-Richter law
Data from 1977-1995
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Real world manifestations

¢ Electron temperature fluctuations in a magnetically confined

plasma (ECE diagnostic)
(Politzer, PRL 84 (2000) 1192)

Low frequency part of &T./T, spectrum shows
power-law (l1/f) behavior at all radii

10-1 eia =087 rfa = 0.50 r/a = 0.05

10 100 1k 10k 1 10 100 1k 10k1 10 100 1k 10k
f (Hz) f (Hz) f (Hz)

95153 1.3-1.8¢8




Real world manifestations

¢ Avalanches in living neurons
Magnetoencephalography data compared with models
(de Arcangelis et al. PRL 96 (2006) 028107)

=101

Amplitude

—— Experimental data
— Square lattice L=1000
— Small world p=0.01

«  pamma=0.01




Real world manifestations

& Distribution of lengths of open spaces in urban

environments
(Carvalho and Penn, Physica A 332 (2004) 539)
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Real world manifestations

Bristol
Hereford
London
Manchester
Norwich
Nottingham
Winchester

.
——
——
.
—.—
—— Wolverhampton
——
—
.

/

LulniZal

line length

York
Athens
Nicosia
Dhaka
Hong Kong
Istanbul

- Milton Keynes

Iength/:length
o

=
o
o
=
Ol
AN

i
T o

- Eindhoven 0
- Barcelona 10
- Denver
- Pensacola rank

- Seattle 2

-3 -2

10 10
rank/max(rank)

Hamedan -1/4 10

- Kerman TBristol
- Kermanshah [ Hong Kong (©) =~

. rYork - L
- Qazvin —1/3} —-tendon. | . - _ =Ou! =Nicosia athens,

_ ; : Hereford__' TDhaka " TWolverhampton 1
Shiraz Nottinghary | ~~THerefoidyy, EDfield = Norwich 10
- Ahmenabad

— - Bangkok
— - Tokyo
Amsterdam

Hague i i
] 2 Eindhoven Shiraz Denver
Baltimore IPensacola=Bangkok ] grmanchan T amedars 1OKY0 T M.IKeynes

Chicago -1/2t— = = JAbmenabad — . o 25
Las Vegas zKerman TSeattle
New Orleans
Santiago
Semnan

Lyl bdl il
>

-1/a

rBarcelona

Iength/:\length
o

=
oI
=

Region

10

10

10

10° 107

rank/max(rank)



Toy models

¢ Sand piles on the computer and on the lab

| CAPACITOR -
. <I CAPACITOR

TO ANALYZER

+ However, the emergence of scaling laws on lab sand piles
depend on grain size and shape




Toy models

¢ Springer — slider block mode
(friction of the blocks on the fixed plate)

/\

MOVING PLATE

FIXED PLATE




A mathematical model: Bak-Sneppen (BS)

¢ Toy model for the evolution of species

J:!’c!a N fitnesses in[0,1]

Rules:
1) update the minimal AND

d 2) update the neigbours

At initial moment
fitnesses are i.i.d. ~U([0,1])

¢ After a short transitory period the system self-organizes with
most species having fithess above 0.667

¢ Avalanches show power-law behavior



Two features of most models and a mathematical result

¢ Most SOC models display :
- Unstable behavior of the local dynamics
- Extremal dynamics

¢ Theorem If, in a N-agent model :
- The single-agent dynamics has positive Lyapunov exponents and
- The global dynamics is extremal with finite range

then, in the N — | the Lyapunov spectrum converges to 0*

¢ Inthe T — <« limit, used to compute the Lyapunov spectrum, the tangent

maps have only a nontrivial finite size block during an average time of
order (2r+1)T/N

+ With the Lyapunov spectrum converging to 0* there are no dynamical
scales. Thus, in the N — % | the system is “tuned” to SOC

(Physica D 214 (2006) 182-186)



¢ The SOC state has zero measure, but its finite-
dimensional projections have full measure.

+ It is not an attractor, nor a repeller (not invariant)
¢ “Ghost weak repeller”

¢ The invariant measure is like a cloud around the SOC
state.



Beyond the classical ergodic parameters

Lyapunov and conditional exponents and derived quantities depend on
the actual (or expected) average rates of expansion

Fluctuations of the expansion rates along the trajectories
Generalized Lyapunov exponents
Dynamical Rényi entropies

N(B) = yg%mg [ (o) exp[ﬂNZIog\f'(m
K@) =lim——"log ¥ (pliy-irs))’  A(B) = KL~ f5)

Newl-g N 7.

Cumulants of the Lyapunov spectrum
-1
1-a)° ~
K(a)U Z C. ( ?
g _1 S
Traces of Hessian powers
%) %) 7))

5 _afk_(l_%v)%—l d‘ﬂ R P " - % N9k axﬂ axa
; ’



The p53 network

P53 is atumor suppressor gene. Its protein acts by :
- Inhibition of progress through the cell cycle
- Apoptosis
- Inhibition of blood-vessel formation (angiogenic phase)
- Modulating the balance between respiration and glycolysis

|s activated by :

- DNA damage (ATM, Chk?2)

- Aberrant growth signals (p144RF)
- Cell stress (ATR, Casein I, ...)

Is “off” In normal circumstances. Produced at some rate but
degraded by ubiquitin labelling (MDMZ2, ...)

Is activated through inhibition of degradation

It activates its own controller

In many tumors (~ 50%) it is found to be mutated

In a number of cases normal p53 cannot achieve control

A very complex network of interactions (an highly connected
module in the mammalian cell cycle control and DNA repair
system)
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¢ Our motivation : The non mutated 50%.

¢ Malfunction of wild type p53

Amino—acid—chang_ihg' .
mutation in the DNA-
binding domain

Typical tumours.

e e e o S P A BTl

Colon, breast, _iiuhg-,..'b!adder,
brain, pancreas, stomach,
oesophagu's and r‘riar*ﬂyr others

Prevents p53 ft’ﬂm bmdmg
to specific DNA sequences and
activating the adjacent genes

Multtpllcatron c:-f the

Ex’tra MDM’L’E Stlmuiates.

MDMQ gene m the genome

the degradatlon Df p53

e e

Fﬁﬂd ' Eﬁ&

_U;\-\.,?' l,:,'.\-l.

p14A7F gene

Breast braln Iung and
others, expemally when
p53 itself is not mutated

Fallure to inhibit MDME
and keep p53

‘ degradatlon under cantml

¢ Is there also a dynamical (malfunction) mechanlsm in the
network ?
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A positive and a negative cycle in interaction




A positive and a negative cycle in interaction

p(t+1) = a, p(t) + Wy, H(T, - m(1))

m(t+1) = ap m(t) + me H(p(t) 'Tp) * ng H(Tg B g)

C(t+1) = a; C(t) +ch H(b(t) 'Tb) +ch H(Tp B p(t))+ch H(g'Tg)
b(t+1) = a, b(t) + Wy, H(C(Y) -T;) + Wy, H(T, - p())

a+ X Wy =1
Piecewise linear dissipative dynamics with thresholds
“Extended” modular approach

Important quantities :

fmg =W, /(1-a,) ; fmp =1 - fmg
fcp =W, /(1-a)) ; fcb =W, /(1-a,); fcg=1-fcp -fcb
foc =W, /(1- a,) ; fop =1 —fbc

(C. Aguirre, J. Martins, RVM, Int. J. Bifurcation and Chaos 16 (2006)
393-394)









Complete characterization of asymptotic states and
coding of trajectories

The qualitative nature of the dynamics only depends on
the 4 quantities (fmg, fcp, fcb, fbc) and on the position
of the thresholds.

The periods ( and delays )depend on the specific values
of the parameters



The p - m system

g Asympt. behavior Coding
g< T, p— 0m — fmg OH?_)Z
Th fmg L e __i__
Tm fmp 2 —- 0 — 1
g> Tq p— 1,m — fmp :T))
g< T, p— 0;m — fmg OH?HZ
T i fmg L e __i__
Tm fmp 0—1
g> T, oscillation ) 3
g< Tq4 oscillation ?H}
Tm > fmg o - __2i3__
Tm fmp 2 - 0—-1
g> T, p— 1,m — fmp §
g< Tq4 oscillation ?_f
T fmg I e R 2 :i_
1 fmp 0— 1
g> T, oscillation )3







The ¢ - b system

TABLE 2A. (Case g< Ty and p< Tp)

g<Tg,p<Tp Asympt. behavior Coding
TC<pr b— 1 a—d«—b
Tp < fbp c—fcp+fcb )
T.< fop b1 a—b—d
Tp> fhp c—fcp+fcb )
feco+fch> T > fop b— 1 a—c—d
Tp< fbp c—fep+fcb tT)
b—1l,c—fcp+fcb d=
or
fep+fco>Te>Tp | ) tpc fop a2
To> fhp or
oscillation beé.c
T.>fcp+fcb b— fbp a—Cc—Db
T, < fbp c—fep+fab a
T.> fop+fab b — f bp b—c—a

Tb>fm C—>pr d




TABLE 2B. (Case g< Ty and p> T,)

g< Tq,p> T, | Asympt. behavior | Coding
b— 0;c— 0 a2
or
T.<fcb _ -
T. < f b b— fbc,c— fcb d
or
oscillation bé.c
T.< fcb b— 0 c—b—a
Tb> f bc c— 0 (g
T.> fcb b— 0 b—c—a
Tb< f bc c— 0 (g
T.>fcb b— 0 c—a«Db
T, > fbc c— 0 (g




TABLE 2C. (Case g> Ty and p< T,)

g>Tg,p< T, Asympt. behavior Coding
T.< fog+fop b—1 c—d«Db
Tp < fbp c—1 cIi
T.< fog+fop b—1 a—hb—d
Tp> fbp c—1 (t,
T.> fog+fcp b1 a—Cc—d
Tp < fbp c—1 g
b—1,c—1 d=
or
To> Thp or
oscillation bé.c




TABLE 2D. (Case g> Ty and p> Tp)

g>Tg,p>Tp Asympt. behavior Coding
Te < fcg b— fbc a—b—d
Ty < fhc c—fog+fcb )
Te < ng b— f bc a—b<«—d
Tp, > f bc C—>fcg (T:
b—fbc,c—fog+fch d=
or
fl_:g<w;fbccb> T.> fcg gr_>o;0_>fcg 42
oscillation beé.c
feg+fcbhb> T, > fcg b— 0 c—b—a
T, > f bc C—>fcg (Tj
T.>fog+fcb b— 0 b—c—a
Tb<f|x3 C—>fcg (Tj
T.>fog+fcb b— 0 c—a«<Db
Tp> flc c— fcg 4




Complete characterization of asymptotic states and coding
of trajectories.

Biological realism imposes some conditions on the threshold

values :

T, <fmg (for g< T, p33is ata low level)

T,>fcp +fcb; Ty <fbp (for g< T, cell growth should not
be explosive)

Most interesting case : Expressed pd3 (p>T,) with

oncogenes (g>T, )

- T, > fcg+fcb = effective control of cell growth

- T.<fcgand T, <fbc = no control

- fcg < T.<fcg+fcb ; T, < fboc = depends on initial conditions
(a matter of chance)

fmg=0.55;fbp=0.4;fcb=0.35;fcp=0.2; a =0.8
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Periods and rotation numbers

g>T,; T,=05;T,=04;1mg=0.5
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Networks In evolutionary sociology.
Strong reciprocity

¢ Nash equilibrium and experimental games
¢ Homo Oeconomicus rejected in all cases

¢ The player's behavior is strongly correlated
with existing social norms in their societies
and market structure

¢ Human decision problems involve a mixture
of self-interest and a background of
(internalized) social norms

¢ Exits Homo Oeconomicus

¢ Enters Homo Reciprocans (Samuel Bowles,
Herbert Gintis) Strong reciprocity

(Advances in Complex Syst. 7 (2004) 357-368)



Homo reciprocans

¢ Homo reciprocans comes to new social situations with a
propensity to cooperate and share, responds to
cooperative behavior by maintaining or increasing the
level of cooperation and responds to selfish free-riding
behavior on the part of others by retaliating, even at a
cost to himself and even when he could not expect future
personal gains

¢ Strong reciprocity is a form of altruism in that it benefits
others at the expense of the individual that exhibits this

trait. ; zjﬁ



Homo reciprocans

¢ Monitoring and punishing selfish agents or norm
violators is a costly (and dangerous) activity without
immediate direct benefit to the agent that performs it

¢ It seems that the strong reciprocity trait could not invade
a population of self-interested agents, nor be maintained
In a stable population equilibrium

¢ Not evolutionary stable ?
i

@




Homo reciprocans. The Bowles-Gintis model

Small hunter-gatherer bands of the late Pleistocene
Population of size N with two species of agents:
Reciprocators (R-agents)

Self-interested (S-agents)

Public goods activity: each agent can produce a
maximum amount of goods g at cost b

The benefit that an S-agent takes from shirking is the
cost of effort b(o), o being the fraction of shirking
time

¢ b(O=b b(1)=0 b'(0)<0O b’(0)>0 q(1-0)>b(0)

¢ At every level of effort, working helps the group
more than it hurts the worker

® & 6 o o

2



Homo reciprocans. The Bowles-Gintis model

¢ R-agents never shirk and punish free-riders at cost ca, the
cost being shared by all R-agents

¢ f=fraction of R-agents

¢ For an S-agent the estimated cost of being punished is so. He
chooses o* to minimize the function
B(o) =b(o) + s f o + q(1- 0)/N
¢ Fitness of each species :
T, = max( q(1-(1-f) o*)-b(c*)-yf o*, 0)
T, = max( q(1-(1-f) o*)-b-c(1-f)Na/(Nf) , 0)
¢ Replicator dynamics

: : Iz (f)

“(1— f)IIs + fIIg (f)



DB ........ ....... ....... ............. o DB

06k S SO L SN ) 0.6

new
I
L)
5

04+ ------ ...... x’ ....... ....... ....... | 0.4

0.2F - --. . / ....... ....... ...... | 0.2

0.05 . . . .
004F------- SRR SRR e R

003 ------ ............. ....... .......
gnc 002t ------ ...... ....... ....... ........
o001} et A T R

0
001 - TR -\ - e N

. . ; . -0.02 .
0 0.2 04 M) 0.8 1 0 0.2

q=2, b=1, =2, c=0.1, v=3.5, N=1000 Fig.1



0.8k o AR e A L )

08F - SR i SRR :

New
N

Qaf e

02k - -.. . / ...... ...... ....... ...... ]

0 02 04 068 0B 1 0 02 04 08 08 1
f f
q=2, b=1, 8=2, c=0.1, y=1, N=1000 Fig.2



Homo reciprocans. The Bowles-Gintis model

¢ If yislarge enough, the map has an unstable fixed point
(A) and a left-stable one (B)

¢ Between B and f = 1 there is a continuum of marginally
stable fixed points

¢ For smaller y the region between A and B disappears
and only the marginally stable fixed points remain

¢ The asymptotic behavior corresponds eitherto f =0
(0*=1) or to f between 0 and 1 but o*=0

¢ When 20, reciprocators and shirkers remain in the
population but shirkers choose not to shirk

¢ For initial f smaller than f, the fraction of reciprocators
falls very rapidly to zero



Homo reciprocans. The Bowles-Gintis model

¢ Intragroup dynamics
either reciprocators are eliminated from the population or
they remain in equilibrium with a large number of
shirkers (which do not shirk for fear of being punished)

¢ Intragroup dynamics cannot explain how strong
reciprocity might have become a dominant trait.

¢ Intergroup dynamics
Only groups that contain at the start >f, will have in the
end a nonzero fitness. All others suffer a "tragedy of the
commons" with final zero fitness.
Groups with reciprocators tend to dominate and impose
an above average predominance of the reciprocator trait.

¢ For initial f smaller than f, the fraction of reciprocators
falls very rapidly to zero



Network dependence of strong reciprocity

¢ What happens when, later on, the Pleistocene
reciprocators and their fellow shirkers become imbedded
into a larger society?

¢ Monitoring and punishment of shirkers by reciprocators
necessarily looses its global collective nature.

# It becomes the business of the neighbors of the shirker

¢ Monitoring and (or) punishing free-riders requires force
to insure the effectiveness of the punishment and to
make the punisher safe from direct retaliation from the
violator.

¢ Central authorities play a role in the control of serious
offenses, but not so much on the day to day monitoring
of public goods work



Network dependence of strong reciprocity

¢ Punishing a norm-violator requires a minimal social
power and consensus. Punishment occurs only if at least
two neighbors agree to do so.

¢ R-agents and (1-f) S-agents placed at random in a
network where, on average, each agent is connected to
kK other agents, rewired with probability 3

¢ Each reciprocator, on detecting an S-agent, looks for
another reciprocator in his own neighborhood also
connected to S-agent. If he finds one, he punishes by an
amount proportional to the fraction of shirking.

¢ The amount of work an S-agent does is inversely
proportional to the number of reciprocators in his
neighborhood.



Network dependence of strong reciprocity

¢ WK( ) = work vector

¢ Pu( ) = punishment vector

¢ Cpu( ) = cost of punishment vector

¢ f = fraction of reciprocators

¢ g = maximum amount of goods produced by each agent
¢ b = cost of work

¢ C = cost to punish

¢ Yy = cost to be punished



Network dependence of strong reciprocity

¢ Average fitness of R-agents and S-agents
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Conclusions

¢ 1 -In small groups with collective monitoring, the
interplay of intra- an intergroup dynamics makes the
emergence of the strong reciprocity trait a likely event.

¢ 2 - Self-interested (S-agents) are not completely
invaded. If the social structure changes, they may be a
source of instability and invade the population.

¢ 3 - In a large population, monitoring of the public goods
behavior cannot be a fully collective activity and
punishment of free-riders requires a certain amount of
local consensus among reciprocators.

¢ 4 - The clustering nature of the society plays an
important role in the maintenance and evolution of the
reciprocator trait.



Conclusions

¢ Modern societies are "small worlds" in the sense of short
path lengths but not necessarily in the sense of also
maintaining a high degree of clustering.

¢ Therefore if the reciprocator trait has a high cultural
component, it may very well happen that, eventually, we
will see homo oeconomicus leaving the benches of
economy classes for a life on the streets.



