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COMMUNITY DETECTION
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COMMUNITY ANALYSIS

Community analysis (or graph clustering) is aimed at
revealing groups of nodes (communities) with dense
intra- but sparse inter-community connections.

Important applications in biology, social networking,
economics and finance, telecom, computer science,
correlation networks, ...

Plenty of methods [Fortunato, Phys. Rep., 2010]: "traditional"
graph theory, betweenness-based, modularity-based,
"dynamical" methods, statistical inference, ...

e PROBLEM 1 (CONCEPTUAL): How to rigorously define a community? That is, when a sub-

network can be considered to be a significant cluster?

e PROBLEM 2 (TECHNICAL): For a N-node network, the "best" partition must be sought for in a
set growing faster than exp (N): effective algorithms are needed.

n. of partitions = By = Bell number (e.g., Bs = 52,B;, = 115975,B,, > 5 x 1013, ..)
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Modularity optimization [Newman, PNAS, 2006]

C. is a set of nodes (a "candidate" community) and
P, ={Cy,C,,...,C,} is a partition.

The modularity Q quantifies to what extent the intra-

/inter-community link densities are anomalous in
comparison to chance (i.e., to their expected value:
"null model").

C;

Q = (fraction of links internal to communities) - C,
(expected fraction of such links)

AN
~ 2L RUENDY)

h=1,2,..,q ijECh

A large value of O (i.e. QO — 1) typically reveals a significant community structure.

5@%@ Carlo Piccardi - Politecnico di Milano - ver. 01/10/2024



Modularity optimization: find the partition that maximizes Q.
kik;
2L

Q:% y y[au— ]]: Z LL_h_(IZ{_Z)Z]

h=1,2,..,q ijECy h=1,2,..,q

where L, is the n. of links internal to C,, and k;, = ¥, k; is the total degree of C,,.

Example: Zachary's "karate club" social network

e The 4-community partition has the
maximal modularity (Q = 0.417)
among all partitions.

e E.g., the 2-community partition
{darkblue u green},{lightblue u
pink} has Q = 0.371.

e Predictive capability: the actual
(historical) fission of the "karate
club" is the 2-community partition
squares/circles.
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An exact solution to modularity optimization is practically unfeasible.

Many suboptimal algorithms are available: the most popular/fast is the Louvain method

[Blondel et al 2008] (0(n) in typical cases).
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[from Barabasi 2016]

Each pass is composed of:

Step I: increase modularity by moving
nodes to adjacent communities (try all
nodes, move only if AQ > 0 - formula for
efficient computation of AQ !).

Step II: build a meta-network by
aggregating nodes of the same community.

Repeat a new pass on the latest meta-
network.

Stop when no further improvement of Q is
possible.

Leiden method [Traag et al 2019] improves the method by solving some issues.
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Applying the Louvain method to medium-scale networks
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Extensions to the max-modularity method:

e directed and weighted networks

e overlapping communities

e hierarchical methods for very |large
networks

A few drawbacks:

e need to check "a posteriori" the quality of
the resulting partition (any network has a
max-modularity partition!) - see next page

e lacks to quantify the individual quality of
each community - see next page

e since it forces a partition, it might miss to
highlight a single strong community to
favour the global optimization

e in very large networks, very small communities are missed ("resolution limit")
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How to measure the quality of partitions/communities?

for partitions ( partition_quality in NetworkX):

e Coverage (0 <€ <1): the ratio of the number of intra-community edges to the total
number of edges in the graph (=the first term of the modularity Q).

-3 TH- T4

h=12,.,q iECy h=1,2,..q

e Performance (0 <P <1): the number of intra-community edges plus inter-community
non-edges divided by the total number of potential edges.

{(i,)) in the same community and a;; = 1}| + |{(i,)) in dif ferent communities and a;; = 0}|

P= N(N —1)/2

for individual communities

e Persistence probability (0 < a¢, < 1): the ratio of the sum of the internal degrees of the
nodes of ¢, to the sum of the (total) degrees (more follows to justify the name...)

_ Ziech klmt ZijECh aij

h Ziech k; Ziech Zje{1,2,...,1v} aij

Ac
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....Mmore on network models: LFR (Lancichinetti-Fortunato-Radicchi) model

It is a block model creating a network with “realistic” planted community structure:

e with heterogeneous node degrees P(k) = k™7
e with heterogeneous community sizes P(N,) = N;°
e with tunable intra-/inter-community connectivity (0 <u < 1)

> 9000000000 & o

(a) Start with N isolated nodes.

(b) Select community sizes and b Y AL Y ALY \ALAL. ..
assign each node to a a R E AN EREEREED. ="l.':;.'.‘- a
community. g e g

(c) For each node i select the W AL R T . o1
degree k;: the fraction uk; © QEEY W W/W\W’ . e e fEE e
will connect outside the e ; L
community, the rest (1 — 3 g = X
wk; inside. T

(d) Randomly connect intra- T,
and inter-community links. R

from Barabasi, 2016

Extensions to weighted and directed networks, and to overlapping communities.
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Finding communities by means of random walkers

Given a community, links internally directed are many
more (and/or with much larger weights) than links
towards the rest of the network.

A random walker will be trapped in a community for a
long time.

A number of different implementations:

Infomap [Rosvall and Bergstrom, 2008], based on
information theoretic coding of random paths

Stability of partitions [Delvenne et al, 2010], based on the autocorrelation function of a
signal emitted by the random walkers

LinkRank [Kim et al, 2010], extending the notion of PageRank to links

...others...
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RECAP: RANDOM WALKS ON NETWORKS

Directed, strongly connected network with N nodes, L edges,
weight matrix W = [w;;], node out-strength s/** =¥ ; w;;.

A random walker jumps from node i to j with probability

Wi Wi
pu Zj Wij Siout
The state probability r = (m1 m -+ 7y) evolves according

to the Markov chain equation m,,; = m,P.

The network is strongly connected = the transition matrix P = [p;;] is irreducible = there exists a unique
stationary state probability distribution T = P, which is strictly positive (rr; > 0 for all i).
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INFOMAP [Rosvall and Bergstrom, 2008]

To naively describe the 71-step random walk on this 25-
node network, we need 71x5=355 bits (coding each node

with 5 bits).
° ()

- .

I 00010

Using a Huffman code, we save space by assigning shorter
codes to frequently visited nodes (=higher random walk
CentraIItY): here We Only need 314 bltS. 1111100 1100 0110 11011 10000 11011 0110 0011 10111 1001 0011

1001 0100 0111 10001 1110 0111 10001 0111 1110 0000 1110 10001
011111100111 11101111101 1110 0000 10100 0000 1110 10001 0111
0100 10110 11010 10111 1001 0100 1001 10111 1001 0100 1001 0100
0011 0100 0011 0110 11011 0110 0011 0100 1001 10111 0011 0100
0111 10001 1110 10001 0111 0100 10110 111111 10110 10101 11110
00011

N,

73
R34l 'f»
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111 0000 11 01101100101 010001 0 110 011 0011000 117 1011 10 111 0 10
111 000 10 111 000 111 10 011 10 000 111 10 111 10 0010 10 011 010

011 10 000 111 0001 0 111 010100011 00 1171 00 01100 111 00 111 0

110 111 110 1011 111 01 101 01 0001 0 110111 00011 110 111 1011 111 0

10111000 10 000 111 0001 0111 0101010010 1011 1100010011 10 0 110

A two-level description: modules receive unique names (111,10,0,110), plus an extra code to
indicate the exit (0001,0001,1011,000), and the names of nodes within clusters are reused.
Here describing the 71-step walk only needs 243 bits.
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The partition M yielding - on average - the minimal description length of a random
walk is the one that minimizes this quality function ("*map equation”):

LM) = g~ H(2) + > psH(P).

i=1

= avg bits per step for describing (inter-community + intra-community) dynamics

The partition attaining min L(M) is taken as the “best” partition, as small
L(M) implies long persistence within modules.

(implementations with complexity 0(NlogN), with strategies similar to Louvain)
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Applying Infomap to a citation network (6,128 journals, 6M+ citations) reveals 88
thematic modules:

Fluid Mechanics

Circuits Material Engineering

. Computer Science Tribsiogy Geosciences
Operations Research

Astronomy & Astrophysics

Computer Imaging

Mathematics

Power Systems
- Physics

Electromagnetic Engineering

Telecommunication
Cantrol Theory

Chemical Engineering
Probability & Statistics

( \hem|stry ﬂ" Environmental Chemistry & Microbiology
A ']

Applied Acoustics ) _r":‘
Analytic Chem'\stryfrjﬁ;'

|
/

|

Business & Marketing

Economics =~ ©ecgraphy

Sociology Crop Science (8

Political Science Ecology & Evolution

Agpiculture
Law

Environmental Health

Anthropology

/’ Medical Imaging .
/ Orthopedics Veterinar J MOIeCUIar & Ce" B'OIOgy

Parasitology

. Dentistry
Medicifiess,
— / Ophthalmology Citation flow within field
Otolaryngology =S, Citation flow from Blo A
Gaslroenterology
Urology Pathology A =
Dermatology  Rheumatalogy Citation flow from A 0 B

Citation flow out of field
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NETWORK + PARTITION = LUMPED MARKOV CHAIN

C. is a set of nodes (a "candidate" community), and P, =
{C,,Cy, ..., C,} is a partition.

IP, is coded by the N X g binary collecting matrix H = [h;]:

hiC=1 (= iECC

The dynamics of the random walker at this aggregate scale ("meta-network") is described, at
stationarity (m, = ), by the g-state lumped Markov chain

M;,, =N,U where U = [diag(wH)] *H'diag(m)PH

Uu.q = probability that the random walker is at time t + 1 in any of the nodes of C,; provided it is in t in any
of the nodes of C,

SR
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PERSISTENCE PROBABILITIES [Piccardi, PLoS ONE, 2011]

The diagonal terms u.., i =1,2,...,q, of the lumped Markov matrix U are called PERSISTENCE
PROBABILITIES.

Significant communities are expected to have large persistence probability u.. (thus large escape time 7. =
(1- ucc)_l)-

N iec. TiD;i links
Uee = LS VU — fraction of time spent by the random walker on the
Yiec, T nodes

of community C,

If the network is undirected:

Yiec,si™  total internal strength
Uee = =

Y total strength of community C. = fraction of strength internally directed
ieC. i

If the network is undirected and unweighed:

total internal d . . . . —
Uy = 29T o f community C, > 0.5 (=) C, is a "community" according to Radicchi et al.

total degree
[PNAS, 2004]
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Persistence probabilities reveal significant communities / partitions.

11
@
o

v

¢ A4l
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X -COMMUNITIES AND (X-PARTITIONS

Set a quality level 0 < a < 1.
e C, is an a-community if the persistence probability u.. = «.

o P, ={C;,C,,...,Cy} is an a-partition if Cy, Cy, ..., C, are a-communities (i.e., min uq = a).

A strategy for community analysis:
e set the quality level a

e generate a set of "good" candidate partitions, with different number g of clusters (many algorithms are
available)

o take the a-partition with the largest g (i.e., the finest decomposition with the desired quality level)

Remark: the "quality" (significance) of each individual community is simultaneously assessed.
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Finding communities: the "persistence probabilities' diagram (PPD)"

any "partitions generator":
P,, P3, Py, ...

2: This is the a-partition

with the largest q
| /
0.8 L[ % @ _
R q Q
30
0.6 [ _
1: Weseta __ g | . ¢ Y .
quality level, a
S 04 L 4
€.g. a = 05 g )
5 o &
02 L _
O 1 1 1 1 1 1 1 1 1
1 15 2 25 3 3.5 4 4.5 5 55 6
number of communities q
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Example: Communities in the World Trade Network (WTN, 2008)

The network can only be decomposed into 3 significant clusters, if a reasonably high quality level is
sought for (e.g., @ = 0.5).

1 | | | | | | | | |
! ! : : : : : i €y (u1y =0.77):
o TR l """ R R T S A A Y Europe (incl. ex-USSR countries) + half of Africa
g Mol 5| g g g e &R El1N C, (uy, = 0.59):
|2 N N N O N NN N N .= = Asia + Australia + half of Africa
= 0 ------- oo e E’} ------ e g ------ g g ------- C3 (u33 = 0.55):
; : : : : ; : Americas
0 i | | | | i |
1 2 3 4 5 B T a g 10 11

number of communities g

e No further decomposition is significant I:> the partition is more or less "trivial"
e The 3 clusters have a "stable core": taking a larger g simply "peels off" a few peripheral countries

e "Europe" (C,) is the only community with large persistence probability |:> even the 3-way partition
is "weak" (i.e., the network is weakly clusterized)
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.U/r

Cq (uqy; = 0.77): Europe (incl. ex-USSR countries) + half of Africa
C, (u,, = 0.59): Asia + Australia + half of Africa
C3 (uz3 = 0.55): Americas
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Example: Communities in criminal networks: the Infinito case
[Calderoni, Brunetto & Piccardi, Social Networks, 2017]

o " O pe razione I I"Ifl nito " ( 2 O 11 ) : la rge law W e g el M T e || ITALIA POLITICA |
. L .Eem“""“{ o ,,m'cm'.;g:‘:; e & capitale di Stato
enforcement operation (more than 150 people N LT " St mare

m-, ol
%Bell_ 5

arre Sted ) > v"ﬁi?vz_ma o

T
. Lubjanad !
izig Z

o establishment of several 'Ndrangheta
groups in Lombardy

e structure of the criminal organization:
formal membership to a Locale

e from the investigations: records
meetings/participants

iy

dar PR o
J i}

i ?saagr:cm {

o Ceanisgen )

e,

Aims of network analysis: e

o understanding the structure (is the L
organization really clustered?) |

e helping future investigations (could the Locali
membership be predicted?)
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The Infinito network o o
s %% %% o e
o © ® 9 @ o e
. .. e®e % 008" & %oge’® © H °
records meetings/participants S eve’e  “eoeelLig il e ®oeet) ;
—> p A '
. . @
bipartite (two-mode) network ®eeet’L0 & o %o o
= L6 0 2%, 0
—> %o ® %c @ 10
projection onto the set of « % 288  CLi1 ®eoLlIs
HP 0a® 000 20g0®
participants e go o: HORE .:..L16
®90® &% 8L 3
o®e o%e o ¢
o 08 - % %..: 3 0:.:0 %%
=4 ® 9 983 L8 o% % 1 e} .,
& o8 14
E 03
% 0.2
2o
g, e . |
" 1w om aw 4I|:|d 50 ;Csln W e s 4o N == 254 nOdeS; L == 2132 |InkS; denS|ty p == 0066
egree
g EIlS—
S o
E 04 . .
2 ., undirected, weighted network
E 02 (Wij=n. of co-participations in meetings)
.:-=n 014
a 20 40 60 a0 Stre‘ltf;th;QD 140 160 180 200
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Testing the significance of the Locali partition

"Operazione Infinito": 177 individuals (70%) are associated to 17 Locali in Lombardy

Are the Locali significant as communities (i.e., cohesive)?

C, = subgraph induced by Locale k (with N, nodes)
We quantify the cohesiveness of C, by:
a;, = persistence probability of ¢, =
prob. that a random walker in C, remains in C, at the next step

In undirected networks: a;, = fraction of the strength of the nodes of C, directed within C,

Yiec, jec, Wij
Kk &jECK Wij

Zieck Zje{l,Z,...,N} Wij

(045

The larger «,, the larger the cohesiveness of ¢, =—> threshold «a; > 0.5
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TABLE . TESTING THE Locali PARTITION

| locale | Np | o | 2z |
E‘? iﬂf ﬁ%ﬁ-iﬁﬁj 3; g-gﬁ -3-; Remark: in all nets a; tends to increase (from 0
oF e v -4 :‘::
12 | Bollate I3 | 025 | L31 to 1.) as Ny grows need to check for
T3 T Bresso 5 T 03 | 27 statistical significance:
L4 Canzo 2 0.10 0.47 B
L5 | Cormano 22 | 041 | 396 7, = SeH(@)
16 | Corsico 4 e2— 021 k o (@x)
L7 | Desio 19 || 0.63 [| 6.40
L8 | Erba 0 EeEee=t 044 .
I0 | Giussano 10 || 0.63 || 5.26 u(ay), o(a,): mean & st. dev. of the persistence
10 | Legnano 10 H—0w2o— 0.77 probabilities of all (connected) subnets of size N,
LI11 | Limbiate 1 0
L12 Mariano Comense S 2Ty 140
L13 | Milano 16 || 0.62 || 5.78
L14 | Pavia 5 == 0.25
L15 | Pioltello 20 | 043 | 3.83 Only 4 Locali (over 17) are cohesive as
L16 | Rho 5 ot 0.78 " :
L7 | Seregno 7 {053 1| 573 communities (a; > 0.5, with z, > 3).
L18 | Seolaro 5 EroweT 042
LI0 | Calabria locali 35 | 0.19 | 097
L20 | Brescia 3 | 017 | 098

Overall, no evidence of strong clusterization based on the Locali.
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Community analysis: max-modularity

1 SiSj s
max Q = 2_52k=1'2""K Zi,jeck (Wl-j — ) —> partition €4, C,, ..., Ck
RESULTS OF MAX-MODULARITY COMMUNITY ANALYSIS
| o | = |
0.93 8.07
072 | 7.9 e Q4 = 0.48
0.66 9.85 e
0.63 | o.11 e K =7 communities
ol e all (very) cohesive (a; > 0.5, with z, > 3)
0.67 | 572
@ ..‘.35.000
°o. o, o ‘e C4
£ 7 =2 R :
" A ! LN
How do communities s *eeenss®”
{Cy,C,, ..., C5} relate to the Locali ..
ezn@@@ eu.o = o=o=§ eo®® %00, .’.. s
L2, L3, oo Lag} 7 : O fdc
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Precision/Recall analysis (“set matching”)

Phic = % Thi = %, mp=n. nodes in locale L, and in community C,
k h

precisionp_ recallr

1 o2 Z3 Ca (o431 CE o) 1 c2 C3 4 C5 Ch o)

LD
L1
L2
L3
L4
LS
LE
L7
L&
LS

L10

L11

L1z

L13

L14

Li5

L1

RS

L1

L13

L20

Single locali weekly matches
with communities - but we
note that...

Mpk
T = —— =1
LT
m
D = —£ small
|Ck|

29




If we suitably aggregate /ocal....

precision p recallr
i cz C3 cd Ca CE CT o c2 o3 4 o5 6 o7
1 ] |

L17

L7 B0 {02

L3 .20 Jos Lz, {0z

qo07 107
L13 L12
La.L12 La,L1z
L1,L5, L1,L5,
LG, L14 L&, L14
EAD;LA 45, L1a,L11,L15,
L16 L2 L16,L12
L2,L4, L2,L4,
L7 L= L7 LS

...we discover that, given the strong clusterization, communities are in fact single
locali or mostly unions of /ocali.
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CORE-PERIPHERY ANALYSIS

QUIEC
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CORE-PERIPHERY ANALYSIS

Core-periphery paradigm: the network is the union of a dense core with a sparsely
connected periphery.

Origin in the 70's in economics (unequal economic

growth/development of countries) and social

sciences (elites and power), recent applications in « Y
communication networks, biology, etc.

Core-periphery analysis: i
e Assess whether the network does have = = & ="*%_°*° 1%
a core-periphery structure (i.e., is there a e
central core through which most of the * e
network flow passes?). | e
e Assign each node to the relevant TR T TN
subnetwork.
Connections with centrality measures, but main
focus on the whole network structure. .

B 7 Carlo Piccardi - Politecnico di Milano - ver. 01/10/2024 32




Block-modelling [Borgatti & Everett, Soc. Networks, 1999]

The ideal core-periphery network structure: "...core nodes are adjacent to other core
nodes, core nodes are adjacent to some periphery nodes, periphery nodes do not connect to
other periphery nodes..." complete (all-to-all)

7 8 9 10

6 ~__ / 1 0 0 0 0
> 2 1 1 0
N8 3 1 o 1 1
S # | / 4 1 0 0 0
\ /=13 5 0 0 0 0
4— 6 1 0O 0 O
/ / 7 1 0 0
| 8 1 0 0

10 9 9 0 0
Fig. 1. A network with a core /periphery structure. 10 0 0 \

. : fully disconnected
Fitting the ideal structure to our concrete network:

e find the 2-way partition that maximizes 1's among core nodes and 0's among
periphery nodes (can be cast as an optimization problem).

Drawbacks: unknown significance of the obtained partition; too crude separation.
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k-core (k-shell) decomposition

The k-core is the (maximal) subgraph S whose nodes have (internal) degs > k.

The k-shell is the set of nodes belonging to the k-core but not to the (k+1)-core.

Thus the network is organized into "concentric" layers, the k-shells. The union of all k'-shells
with k' > k is the k-core.

Decomposition algorithm:
e putin the 1-shell - and remove - the degree-1

nodes, as well as, recursively, those having degree
1 after removal of the former;

e put in the 2-shell - and remove - the degree-2
nodes, as well as, recursively, those having degree
<2 after removal of the former;

e etc...




Example: k-core decomposition of the Internet (autonomous system level)

.10
. 38
« 150
e 598
e 2389
it 4
L N .
n—
TS\
U .

~5,000 nodes

(L GHRN |
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Example: k-core decomposition of a criminal network (mafia groups in Northern Italy)

h

WR > AW

O¢
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1.0 4
Core-Periphery profile
[Della Rossa, Dercole, Piccardi, Scientific Rep., 2013] - 08
50
A heuristic procedure for ordering the nodes from to the g .
periphery to the core: &
'% 0.4 4
o start by the node i with minimal strength e &
N _ = S &
e generate a sequence of sets {i} =S5, c S, c - c Sy = 8 gz S 5
{1,2,...,N} by adding, at each step, the node attaining the
minimal persistence probability aq, a,, ..., ay. 4 | | | |

0.0 0.2 0.4 0.6 0.8
(number of nodes of S,) / n

The sequence 0 =a; < a, < < ay =1 is the
Core-Periphery profile (and «a, is the coreness of the node inserted at step k).

The Core-Periphery score C is the ([0,1]-normalized) area between the Core-Periphery profile
and the profile of the complete network.

complete nets

star nets

1.0
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o

core-periphery profile o,
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Figure 2 | Core-periphery analysis of real-world networks. (a). The core-periphery profiles of the networks describing: the social interactions within a
troop of monkeys, n = 20 (graph in panel (b)); the friendship among the members of a karate club, n = 34 (graph in panel (c) ); the coauthorships among

scientists working on networks (netscience), n = 379; the protein-protein interaction (ppi) network of Saccharomyces cerevisiae, n = 1458; the

international airports network, n = 2868; the Internet in 2006, at the level of autonomous systems, n = 11745; and the neural network of the worm

Caenorhabditis elegans, n = 239. In graphs (b) and (c), nodes are coloured according to their coreness: p-nodes (x; = 0) are in black.
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core-periphery profile a,

1.0 A
The World Trade Network:

0.8 -

e is complete-like, if weights are neglected (binary -

0.6 - topology only)

0.4 e is star-like, if weights are accounted for (only United
States, Germany, China, France, United Kingdom, Japan, Italy, and

02 4 the Netherlands, in order, have coreness a; > 0.5).

0.0 : .

0.0 0.2 0.4 0.6 0.8

(number of nodes of P,) / n

B,
SB, O,
=
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Example: COMPLEXITY, CENTRALIZATION, AND FRAGILITY IN ECONOMIC NETWORKS
[Piccardi and Tajoli, 2018]

How fragile is the world economy?

Given the increasing globalization of economic systems, will
economic shocks have widespread diffusion to all countries?

Two contrasting effects of the increased number of economic
links:

- Diversification, averaging effects, more resilience

- More connections, more effective shock propagation

v oo

[E7 REER——

world trade network, 1992 (www.mpi-fg-koeln.mpg.de)

The international financial crisis (2007-2008) and the European debt crisis (2009-
2010) suggest that indeed most of the world countries are highly exposed.
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Broad (economic) impact of localized (non-economic) events:

Eyjafjallajékull eruption (2010)

Japan earthquake (2007)

We analyzed the effect of business network damaged by an
earthquake of July 16, 2007,

K2 Shkentin | NEAT PYE WEST COAST D HONEH, w::“ Magnitude 6.6, not very big .

Vo 2000 8 L3 20OMT WY ML ElSE e Dush Wbtk O 200

' But it has huge impact on the economy. @

| All Japanese car makers (Toyota, Honda, Nissan,
Matsuda, Mitsubishi...) stopped their production lines
| for about a week.

! It causes a loss of 130,000 car production
(=3 billion US dollars)

S e | This was due to a breakdown of a small factory called
' — ' "Riken" producing "piston rings"

Riken is the leading company ERRUSD
50% share in Japan

2 20% in the world

g Very high-tech

Riken is an indispensable company. No alternative company
to make such high quality piston rings for luxury cars.
No body paid attention to such a local company before the earthquake

Misako Takayasu,
plenary talk @ CCS 2016, Amsterdam
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We focus on product trade networks and explore the relationship between product
complexity and network centralization.

Research question:

Are complex (high-tech) products distributed through
centralized (hence more fragile) networks?
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DATA

e Inter-country trade (year 2014) among 223 countries (CEPII-BACI database).
e HS 4-digit classification (1,242 products, partitioned into 15 Sections).

Examples:
e Products #1211: "Plants and parts of plants, including seeds and fruits" (Section
"Vegetable Products")
e Product #8513: "Portable electric lamps designed to function by their own source of
energy” (Section "Machinery/Electrical”)

fTTO L{:18
®BRB

SLCA
OATG

@,
.GHSVCYP

°p
Suct NICg q-”\ID’FIN wﬁOR:SYC

DMA © SLVe DOMGRC MLIVEN

VGE, BGR

KNA® - h?MU.EB.YSVf A,,HE% QOL .'HEUSJ
BOL® e o pO,_

MExe-— PERG s UL @% Lo @O example: trade network of bananas

CHLJAM M

7 OISO ESP- “op | PGHA
IDN o MYs | 4 UZE Az LBN%E %c OFRA Jun

o ,PfNo S JPNT Nl ALk LVA e MRT
Q@ BHR RUS/-CsAU @) o NEF

@  PHL oSEN /CIV *MLI
Js e PRK® SDN ®
oH @ KEN o BFA

L ]
[ ]
o BEN
MNG oi-HKG BRT\I' EGY, BRATJK Som
®UGA

TWN MAC O GUY
N KWT ® .IND
L ]

KOR QAT BM
JORR

YEM De Benedictis et al., Global Econ ], 2014

- % e °NIPI

<HM*®

L]
PRY
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Aggregating data: the Country-Product bipartite (“two-mode”) network

E = [ey]: trade matrix,
export (USD) of product p from country ¢

Caldarelli et al., Plos One, 2012

Countries

M = [m.,]: binarized trade matrix,
me, =11ifr,, > 1 | | | | | |
(Revealed Comparative Advantage) ’ ” 0 Products . S

20,'..“ :




MEASURING PRODUCT COMPLEXITY

“Traditional” measures:

e Technological class: products are partitioned into 5 categories (qualitative, based on
expertize - Lall, 2000).

PP: primary product

RB: resource-based manufacture

LT: low-technology manufacture complexity
MT: medium-technology manufacture

HT: high-technology manufacture

e (PRODY) The complexity of product p is the (weighted) average wealth of the
countries exporting that product:

PRODY, = I
— Y.cr Scip

scp+ Share of product p in the export basket of country c;
I.: GDP per capita (adjusted by PPP) of country c.

P
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“Modern” measures:

e (HH - Hidalgo and Hausmann, 2009): an iterative algorithm (“method of
reflections”) simultaneously defining Product and Countries complexity (“the
complexity of a product is the average of the complexities of the countries
exporting it”).

my _ 1 (n-1)
Germany . . 9504 kc = W Mep kp
China . ... 9108 ¢ p
ltaly . 9616
® k= N
Japan . 4 ® 7107 p k(o) cp'tc
Ush @ 4 e 3705 p c
France .. ® 8108
UnitedKingdom g 4 e B80S Rationale: Complex goods require many specific skills
] : and inputs to be produced: their complexity can be
ki S e assessed looking at the characteristics of the countries
Spain @ s 3703 able to produce them.
Belgium 4 ™ 2913
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Complexity values are available in a website ("the Observatory of Economic
Complexity”) updated yearly:

*

Altri Prefer

ankings/prod

*
€ > C (Y| @ Sicuro | httpsi//atlasmediamitedu
I3 Web of Science [v.5

< C ) | @ Sicuro | https://atlas.media.mit.edu/en,
Altri Preferi
® Complex Networks: Wi Dizionario Italiano- O OEC: The Observato

I3 Webof Science [v5. @ OEC: The Observatc
) (o] Jof
Product Complexity Rankings (PCl)

and can be used to construct relative measures of the knowledge  and Hausma
tionfor  income inequality (see Hartm al

@ Complex Networks i Dizionario ltaliano-
RANKINGS  PUBLI

and explain international variations in

Complexity Index (ECI) and the Product Complexity

The Economi
spectively, measures of the relative knowledge

Index (PCl)a
intensity of an economy or a product. ECI measures the
knowledge intensity of an economy by considering the knowledge
intensity of the products it exports. PCl measures the knowledge
intensity of a product by considering the knowledge intensity of  showi

of economies and products (see
more details).
This page includes rankings using the Economic Complexity Index
ECI has been validated as a relevant economie measure by (ECH).
its ability to predict future economic growth (see H

its exporters. This circular argument is mathematically tractable

Download Download All Years

Showing Product Classification Year Range

1966-1970 1971-1975 1976-1980 1981-1985 1986 - 1990

1991 - 1995

Countries  Products SITC HS92 HS9 HS02 HSo7

1996-2000 2001-2005 2006-2010 2011-2016

ellaneous Metalworking Machine-Tools
Epoxide Resins 1.94236 96141
Internal Combustion Engines for Boats 2.01504 2936

1.55225

Silicones

X-Ray Equipment
Analog Instruments for Physical Analysis 2.06129
Miscellaneous Metalworking Machinery 124256

e (FC - Fitness/Complexity, Tacchella et al. 2012): a nonlinear modification of the
above HH iterative algorithm, to solve some conceptual problems.

47




FC

PRODY

-3 -2 -1 0 1 2
HH
x10*
6 F T T T O @) d 3
4t i
E <%o ©
27 5 o 0 @] 7
3 o oege
o gt 00 0 1
20 | O p=7.1056e-105] |
-8 -6 4 -2 0 2 4
FC

FC, HH, PRODY are highly correlated - yet remarkable differences exist for several
products.
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MEASURING NETWORK CENTRALIZATION

A gallery of product world trade networks:

KHM

KOR

GA !
*
S \\ \ A 160
]

#8513

#7227 = X

(Metal) N (Machin./Electr.)

#1211 #4106
(Vegetable Prod.) an, 3 . (Raw Hides,

‘%’;E Skins, etc)
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We want to capture - product by product - the centralization of the world trade
network topology:

VS
centralization = 0 centralization = 1

We use three indicators - related to topology, dynamics, and robustness.

‘7 Carlo Piccardi - Politecnico di Milano - ver. 01/10/2024
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GINI index: it directly measures the export heterogeneity:

e Re-order nodes (=countries) by increasing out-strength (=export) s; = Y; w;;:

e Define the Lorenz (cumulated) curve as

Z1=Sl/5 ) Zzz(sl‘l‘Sz)/S , Z3:(51+52+53)/S ,
where § = };s; = X;;w;; is the total world export.
1.0
0.8 1
GINI is the ([0,1]-normalized) green area. —
Zj
0.4 4
GINI index = 0: all countries have the same export. @é@ .
GINI index = 1: the export is concentrated in one single country. 0477 - S w
OO 1 1 1 L]
0.0 0.2 0.4 0.6 0.8 1.0
nodes i/n
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(CP) Core-Periphery index: it is based on the dynamics of a random-walker
[Della Rossa, Dercole, Piccardi, Sci Rep, 2013]

1.0 4
A heuristic procedure for ordering the nodes from to the
periphery to the core: & U8
g
e start by the node i with minimal strength = 06-
>
)
e generate a sequence of sets {i} =5, c S, c--c Sy = ‘c:i 5
{1,2,...,N} by adding, at each step, the node attaining 8 5
the minimal persistence probability a;,a,, ..., ay 0 OO@Q\ 5
(=prob. that a random walker remains in S, at the = 1025
next step).
OO L) L) I I

0.0 0.2 0.4 0.6 0.8 1.0

. number of nodes of S,)/ n
The sequence 0 =a; < a, <--<ay =1 is the Core- ( %

Periphery profile.

The CP index is the ([0,1]-normalized) green area between the Core-Periphery
profile and the profile of the complete network.
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(VI) Vulnerability index: how rapidly the aggregated weight is lost by node removal
[Dall’Asta, Barrat, Barthelemy, Vespignani, J Stat Mech Theory Exp, 2006]

e Re-order nodes (=countries) by decreasing out-strength (=export) s; = ¥ ; w;;:
512522'”2571
e Define the vulnerability profile as

1=v02v12”'2vn:0

where v, is the total network weight after (the most important) nodes {1,2,---,k} have been
removed.

Remark: the VI index explicitly quantifies network
robustness.

vulnerability profile \Z
o
(4]

" o i 074 3
nodesi/N
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VI

09r

0.8

S 095

09r

0% © O p=5.1327e-243

0_85_ L L 1 L 1 L L 1 L =3

084 08 08 09 092 094 096 0098 1
CP

GINI, CP, and VI are also highly correlated.

) Carlo Piccardi - Politecnico di Milano - ver. 01/10/2024

54



RESULTS: COMPLEXITY VS CENTRALIZATION

GINI

GINI

GINI

0.98
0.96
0.94 r
0.92r
0971
0.88

0.95

0971

0.85

0.98r
0.96
0.94
0.92

09r

p=9.9422e-10

0 5 10
PRODY

x 104

0.98 |
0.96 [
o 0.947
0.92

091

0957

CP

0.9f

085

o
O 0.95¢

09r1

| x p=6.9353e-17

5 10
PRODY

x10*

Vi

Vi

Vi

0.98
0.96 |
0941
092 |
097

1.05f

095

097

0.85¢E

0.99 |
0.98 |
097 1
0.96 |
095
0.94

-2 0 2

-5 0 5
FC

| x  p=5.5284e-05

0 5 10
PRODY

x10%

Linear regressions
(weighted by product
total export)

Complexity and
centralization are
positively
correlated
(consistently true and
statistically significant
for all the 3 x 3
complexity
/centralization pairs.)
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Cross-validation: classification based on technological class (from Primary Product - PP - to
High-Technology manufacture — HT ).

1
X X
095 %
s g
= X
o
N X
© 2 %
09Fr
X
X X
X
x X
x
X % »
X
085 1 1 L 1 1
PP RB LT MT HT

complexity

We have again an increasing trend of network centralization for increasing
technological level.
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01-97 ALL PRODUCTS - export 44-49 Wood & Wood Products

HH
FC
PRODY]

Which categories (Sections) of products are the

GINI cpP Vi

01-05 Animal & Animal Products 50-63 Textiles maln drlvers Of the Overa” CompleXIty/

centralization pattern?

:

06-15 Vegetable Products 64-67 Footwear/Headgear

We repeat the analysis on individual Sections:

16-24 Foodstuffs 68-71 Stone/Glass

e The Sections most responsible of the overall
pattern are Machinery/Electrical, Chemicals, and
Metals.

3.2%

25-27 Mineral Products 72-83 Metals

17.8%

e Other Sections display similar behaviour (e.qg.,
Animal & Animal Products) but a rather small trade
share.

28-38 Chemicals & Allied Industries 84-85 Machinery/Electrical

:
&

9.4% 24.7%

39-40 Plastics/Rubbers 86-89 Transportation

e No Section evidences a clear opposite trend.

4.5% 10.1%

41-43 Raw Hides, Skins, Leather, & Furs 90-97 Miscellaneous

0.6%‘ ‘ 5.4%ﬂ
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So far:

e Products with larger complexity are — on average - distributed through a trade
network with higher centralization.

e The same holds if we separately consider some of the most important (in terms
of trade volume) subsets of products.

0.95

OTWEAR — 5. Complementary analysis:

FO
MACHINERY/ELECTRICAL—— "
MISC—>

TRANSPORTATION\,*

0.94
VEGETABLE PROD.—. g

aggregate products by Section, and
compare average complexity with
average centralization.

RAW HIDES, SKINS, ETC

0.93 TEXTILES— 5. o

7‘.

el ANIMAL PROD.—~ 3. CHEMICALS |
7 Y ® The hi.gh-co.mplexi’gy=high-centralization
oo | ﬂof / 2\ \ 1 trend is again confirmed.
STONE/GLASS
FOODSTUFFS
PLASTICS/RUBBERS
WOQOD PROD. -

09
METALS

0.89 . MINERAL PROD. .
1 1 1 1 1 1 1 1 1
55 -5 4.5 -4 -3.5 -3 25 -2 -1.5 -1 -0.5 0
FC
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e The results confirm the conjecture on the positive correlation between
complexity of products and centralization of their trade networks.

e Centralization implies fragility: The more complex are the traded goods, the
more fragile are their trade networks.

e Given the relevant role played by complex goods in world trade, the global trade
network appears to be uncomfortably vulnerable.

O'PLOS | oxe

RESEARCH ARTICLE
Complexity, centralization, and fragility in
economic networks

Carlo Piceardi " *, Lucia Tajoli®

1 Departmant of Electronics, Information, and Bioanginaearing, Politecnico di Milano, Milano, Italy,
2 Department of Managemeant, Economics, and Industrial Engineering, Politecnico di Milano, Milano, Italy

B 7 Carlo Piccardi - Politecnico di Milano - ver. 01/10/2024 59




	Mesoscale Network Analysis
	Community Detection, Core-Periphery Analysis
	Community Detection
	COMMUNITY ANALYSIS
	Modularity optimization [Newman, PNAS, 2006]
	Finding communities by means of random walkers

	Core-Periphery Analysis
	CORE-PERIPHERY ANALYSIS
	Block-modelling [Borgatti & Everett, Soc. Networks, 1999]
	k-core (k-shell) decomposition

	Example: Complexity, Centralization, and Fragility in Economic Networks

