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We formulate a general model for the growth of scale-free networks under filtering information 
conditions—that is, when the nodes can process information about only a subset of the existing nodes in the 
network. We find that the distribution of the number of incoming links to a node follows a universal scaling 
form, i.e., that it decays as a power law with an exponential truncation controlled not only by the system size 
but also by a feature not previously considered, the subset of the network “accessible” to the node. We test our 
model with empirical data for the World Wide Web and find agreement.
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There is a great deal of current interest in understanding the structure and growth mechanisms of global networks [1–3], such as the World Wide 
Web (WWW) [4,5] and the Internet [6]. Network structure is critical in many contexts such as Internet attacks [2], spread of an Email virus [7], or 
dynamics of human epidemics [8]. In all these problems, the nodes with the largest number of links play an important role on the dynamics of the 
system. It is therefore important to know the global structure of the network as well as its precise distribution of the number of links.
Recent empirical studies report that both the Internet and the WWW have scale-free properties; that is, the number of incoming links and the 
number of outgoing links at a given node have distributions that decay with power law tails [4–6]. It has been proposed [9] that the scale-free 
structure of the Internet and the WWW may be explained by a mechanism referred to as “preferential attachment” [10] in which new nodes link 
to existing nodes with a probability proportional to the number of existing links to these nodes. Here we focus on the stochastic character of the 
preferential attachment mechanism, which we understand in the following way: New nodes want to connect to the existing nodes with the largest 
number of links—i.e., with the largest degree—because of the advantages offered by being linked to a well-connected node. For a large network it 
is not plausible that a new node will know the degrees of all existing nodes, so a new node must make a decision on which node to connect with 
based on what information it has about the state of the network. The preferential attachment mechanism then comes into play as nodes with a 
larger degree are more likely to become known.
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networks leading, possibly, to different dynamics, e.g., for the initiation and spread of epidemics.
In the context of network growth, the impossibility of knowing the degrees of all the nodes comprising the network due to the filtering process—
and, hence, the inability to make the optimal, rational, choice—is not altogether unlike the “bounded rationality” concept of Simon [17].
Remarkably, it appears that, for the description of WWW growth, the preferential attachment mechanism, originally proposed by Simon [10], 
must be modified along the lines of another concept also introduced by him—bounded rationality [17].
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Figure 1: Output (P) and impact (C+sc) trend for EPFL, 1994-2003 
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I M M U N O L O G Y    ( 1 . 2 2 )

H E M A T O L O G Y    ( 1 . 2 7 )

G E N E T IC S  &  H E R E D    ( 1 . 4 8 )

P H A R M A C O L  &  P H A R    ( 1 . 1 1 )

P H Y S I C S , M U L T ID I S    ( 1 . 8 4 )

P H Y S IC S ,  C O N D  M A    ( 1 . 2 1 )

E N D O C R IN  &  M E T A B    ( 0 . 9 9 )

M E D IC I N E , G E N E R A L    ( 3 . 3 5 )

R A D , N U C L  M E D  IM    ( 1 . 0 4 )

C H E M ,  P H Y S I C A L    ( 1 . 0 0 )

C A R D  &  C A R D  S Y S T    ( 0 . 9 5 )

R H E U M A T O L O G Y    ( 1 . 7 5 )

C L IN  N E U R O L O G Y    ( 1 . 7 2 )

N E U R O S C I E N C E S    ( 0 . 8 6 )

C H E M ,  I N O R G & N U C    ( 1 . 8 2 )

P H Y S IC S ,  A T ,M , C    ( 0 . 8 7 )

P E R I P H L  V A S C  D I S    ( 1 . 1 0 )

C E L L  B IO L O G Y    ( 1 . 0 5 )

M U L T I D IS C IP L  S C    ( 1 . 3 1 )

C H E M , O R G A N I C    ( 1 . 0 2 )

P L A N T  S C I E N C E S    ( 1 . 0 4 )

P A T H O L O G Y    ( 1 . 5 6 )

S U R G E R Y    ( 1 . 3 4 )

C H E M IS T R Y    ( 1 . 6 0 )

C O M P U  S C I ,T H E O R Y    ( 1 . 0 5 )

P E D I A T R IC S    ( 1 . 5 6 )

F I E L D
( C P P /F C S m )

S h a r e  o f  t h e  o u t p u t  ( % )

RESEARCH PROFILE
Output and impact per field

1994 - 2003

ETH Zurich

0 1 2 3 4 5 6 7

CHEMISTRY   (2.37)

BIOCH & MOL BIOL   (1.10)

PHYSICS, COND MA   (1.38)

CHEM, PHYSICAL   (1.44)

PHYSICS,MULTIDIS   (1.87)

PHYSICS, APPLIED   (1.04)

GEOCHEM&GEOPHYS   (1.55)

PHYSICS, AT,M,C   (1.36)

ENG, ELEC&ELEC   (1.64)

MATER SC, MULTID   (1.30)

PLANT SCIENCES   (1.43)

BIOTECH & APPL M   (1.46)

OPTICS   (1.48)

NEUROSCIENCES   (1.20)

ENG, CHEMICAL   (1.86)

GEOSCIENCES,MULT   (1.54)

MULTIDISCIPL SC   (1.78)

MICROBIOLOGY   (1.25)

ASTRON & ASTROPH   (0.87)

COMPU SCI,THEORY   (1.54)

ENVIRONMENTAL SC   (1.92)

CELL BIOLOGY   (1.15)

CHEM, ANALYTICAL   (1.89)

CHEM, INORG&NUC   (2.10)

PHYSICS, PART&FI   (5.77)

MATHEMATICS   (1.85)

MATH, APPLIED   (2.27)

POLYMER SCIENCE   (1.49)

CHEM, ORGANIC   (1.99)

FIELD
(CPP/FCSm)

Share of the output (%)

Citing Publications: Knowledge users 
with field-specific profile

Cited Publications: Knowledge producers with
field-specific profile

FIGURE 7:

COGNITIVE ORIENTATION:
PUBLICATIONS AND IMPACT PER FIELD

1998 - 2004

UT

0 2 4 6 8 10 12 14 16 18 20

ENG, ELEC&ELEC   (1.30)

PHYSICS, APPLIED   (1.31)

OPTICS   (1.13)

INSTRUMENTS & IN   (1.93)

CHEM, ANALYTICAL   (2.02)

MATER SC, MULTID   (1.09)

COMPU SCI,THEORY   (0.50)

ENG, BIOMEDICAL   (0.78)

PHYSICS, COND MA   (2.64)

ELECTROCHEMISTRY   (0.67)

CLIN NEUROLOGY   (0.59)

CHEMISTRY   (1.30)

NEUROSCIENCES   (0.64)

BIOCHEM RES METH   (1.12)

PHYSICS,MULTIDIS   (0.91)

ACOUSTICS   (0.94)

ENG, MECHANIC   (2.29)

MECHANICS   (1.72)

COMPU SCI, AI   (0.70)

COMPU SCI,HAR&AR   (1.21)

REHABILITATION   (1.20)

AUTOM & CTRL SYS   (0.60)

MED, RES & EXP   (0.21)

COMPU SCI,INT AP   (1.09)

TELECOMMUNICATIO   (2.78)

ENG, CHEMICAL   (1.02)

SPORT SCIENCES   (1.29)

PHYSIOLOGY   (0.41)

BIOCH & MOL BIOL   (0.12)

BIOPHYSICS   (0.25)

FIELD
(CPP/FCSm)

Share of  the output (%)

IMPACT: LOW AVERAGE HIGH

FIGURE 12:

IMPACT PROFILE:
CITING OUTPUT AND IMPACT PER FIELD

1998 - 2004

Knowledge users of UT

0 2 4 6 8 10 12 14 16

PHYSICS, APPLIED   (1.71)

ENG, ELEC&ELEC   (1.73)

CHEM, ANALYTICAL   (3.32)

OPTICS   (1.30)

PHYSICS, COND MA   (1.67)

MATER SC, MULTID   (1.93)

CHEMISTRY   (1.58)

INSTRUMENTS & IN   (3.12)

CHEM, PHYSICAL   (1.51)

PHYSICS,MULTIDIS   (1.62)

ENG, BIOMEDICAL   (2.08)

BIOCHEM RES METH   (2.76)

NEUROSCIENCES   (0.99)

ELECTROCHEMISTRY   (1.45)

CLIN NEUROLOGY   (1.00)

COMPU SCI,THEORY   (0.93)

ENG, MECHANIC   (2.75)

MECHANICS   (2.38)

ENG, CHEMICAL   (0.74)

SPECTROSCOPY   (1.09)

TELECOMMUNICATIO   (1.46)

MATER SC,COAT&FI   (1.32)

MULTIDISCIPL SC   (3.09)

ACOUSTICS   (0.85)

REHABILITATION   (1.00)

SPORT SCIENCES   (1.26)

MED, RES & EXP   (0.39)

POLYMER SCIENCE   (1.36)

MATER SC, CERAM   (2.92)

PHYSICS, AT,M,C   (0.62)

CITING FIELD
(CPP/FCSm)

Share of the citing output  (%)

IMPACT: LOW AVERAGE HIGH
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1998 - 2002

NIOZ Netherlands Inst Sea Research

0 5 10 15 20 25

OCEANOGRAPHY   (1.30)

MARINE & FRESHWB   (1.77)

GEOCHEM&GEOPHYS   (1.40)

ECOLOGY   (1.23)

GEOSCIENCES,MULT   (1.56)

ORNITHOLOGY   (3.34)

ENVIRONMENTAL SC   (1.56)

MICROBIOLOGY   (1.74)

MULTIDISCIPL SC   (1.68)

PLANT SCIENCES   (0.93)

PALEONTOLOGY   (1.70)

CHEMISTRY   (3.35)

BIOLOGY   (2.05)

ZOOLOGY   (2.34)

CHEM, ANALYTICAL   (1.53)

LIMNOLOGY   (2.34)

BIOCH & MOL BIOL   (0.28)

BIOTECH & APPL M   (3.33)

FIELD
(CPP/FCSm)

Share of the Output (%)

NIOZ as Knowledge Producer: 
Impact of NIOZ publications 

by field

OUTPUT AND IMPACT PER CITING FIELD
1998 - 2002

NIOZ Netherlands Inst Sea Research

0 2 4 6 8 10 12 14 16 18 20

MARINE & FRESHWB   (1.46)

OCEANOGRAPHY   (1.46)

ECOLOGY   (1.22)

GEOCHEM&GEOPHYS   (1.39)

ENVIRONMENTAL SC   (1.61)

GEOSCIENCES,MULT   (1.66)

MICROBIOLOGY   (1.63)

PALEONTOLOGY   (1.81)

ORNITHOLOGY   (1.98)

FISHERIES   (1.11)

CHEMISTRY   (1.81)

ZOOLOGY   (1.70)

MULTIDISCIPL SC   (1.35)

PLANT SCIENCES   (0.96)

CHEM, ANALYTICAL   (0.95)

TOXICOLOGY   (1.86)

LIMNOLOGY   (2.28)

BIOTECH & APPL M   (1.92)

BIOLOGY   (1.33)

GEOLOGY   (1.09)

METEOR&ATMOS SC   (1.55)

GEOGRAPHY   (1.54)

CITING FIELD
(CPP/FCSm)

Share of the output (%)

Users of NIOZ Knowledge:

Impact of all publications 
citing NIOZ work, by field

Different from NIOZ profile

OUTPUT AND IMPACT PER CITING COUNTRY
1998 - 2002

NIOZ Netherlands Inst Sea Research

0 5 10 15 20 25 30 35

USA   (1.58)

JAPAN   (0.74)

GREAT BRITAIN   (1.20)

GERMANY   (0.81)

FRANCE   (1.19)

ITALY   (0.98)

CANADA   (1.19)

PEOPLES R CHINA   (0.31)

SPAIN   (1.45)

NETHERLANDS   (1.99)

AUSTRALIA   (0.78)

SWEDEN   (0.50)

RUSSIA   (0.49)

SWITZERLAND   (1.39)

INDIA   (0.95)

ISRAEL   (0.72)

TAIWAN   (0.63)

BRAZIL   (0.53)

SOUTH KOREA   (0.75)

BELGIUM   (1.03)

CITING COUNTRY
(CPP/FCSm)

Users of Knowledge: Who/where are they?

All citing publications with country-profile

EC-ASSIST Project
(CWTS team: Henk Moed, Thed van Leeuwen, Robert 
Tijssen, Clara Calero, Ton van Raan)

-All universities world-wide with > 700 WoS
publications/year (1997-2004);
- this implies the about 349 largest universities in the 
world, of which 105 in Europe;
- in each of these universities at least 700 active 
researchers.
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P (y)
D is c  
C o n c C P P /F C S m P *C P P /F C S m

U N IV  C A M B R ID G E  U K  4 ,5 0 0 0 .3 1 1 .6 7 3 5 7
U N IV  C O L L  L O N D O N  U K  4 ,3 0 0 0 .3 6 1 .5 6 2 7 3
U N IV  O X F O R D  U K  4 ,2 0 0 0 .2 7 1 .7 7 0 1 8
IM P E R IA L  C O L L  L O N D O N  U K  3 ,4 0 0 0 .2 6 1 .4 4 9 2 7
M O S C O W  L O M O N  U N IV  R U  3 ,0 0 0 0 .5 8 0 .3 1 0 4 2
L U D W  M A X  U N IV  M U N C H E N  D E  2 ,9 0 0 0 .3 0 1 .1 3 2 9 8
U N IV  M IL A N O  IT  2 ,9 0 0 0 .4 1 1 .1 3 2 1 5
U N IV  P A R IS  V I P  &  M  C U R IE  F R  2 ,9 0 0 0 .4 9 1 .1 3 1 7 5
U N IV  U T R E C H T  N L  2 ,8 0 0 0 .2 9 1 .4 3 8 3 3
K A T H O L IE K E  U N IV  L E U V E N  B E  2 ,8 0 0 0 .1 2 1 .2 3 4 1 4
U N IV  M A N C H E S T E R  IN S T  S C I &  T E C  U K  2 ,8 0 0 0 .1 9 1 .2 3 2 3 8
U N IV  W IE N  A T  2 ,7 0 0 0 .2 9 1 .0 2 7 1 5
U N IV  R O M A  S A P IE N Z A  IT  2 ,7 0 0 0 .3 5 0 .9 2 5 5 9
U N IV  H E L S IN K I F I 2 ,6 0 0 0 .3 0 1 .4 3 5 9 7
K A R O L IN S K A  IN S T  S T O C K H O L M  S E  2 ,6 0 0 0 .7 0 1 .3 3 3 7 0
L U N D S  U N IV  S E  2 ,6 0 0 0 .2 6 1 .2 3 1 4 2
U N IV  A M S T E R D A M  N L  2 ,4 0 0 0 .2 7 1 .3 3 2 2 9
K O B E N H A V N S  U N IV  D K  2 ,4 0 0 0 .3 5 1 .2 2 8 4 1
U P P S A L A  U N IV  S E  2 ,4 0 0 0 .2 3 1 .2 2 8 0 3
E T H  Z U R IC H  C H  2 ,3 0 0 0 .4 9 1 .5 3 4 9 0
K IN G S  C O L L  U N IV  L O N D O N  U K  2 ,3 0 0 0 .5 4 1 .3 3 0 4 0
R U P R  K A R L S  U N IV  H E ID E L B E R G  D E  2 ,3 0 0 0 .3 9 1 .2 2 8 0 4
U N IV  P A R IS  X I S U D  F R  2 ,3 0 0 0 .6 1 1 .1 2 6 0 4
U N IV  E D IN B U R G H  U K  2 ,2 0 0 0 .2 2 1 .5 3 2 5 1
H U M B O L D T  U N IV  B E R L IN  D E  2 ,2 0 0 0 .3 4 1 .1 2 4 9 0
U N IV  Z U R IC H  C H  2 ,1 0 0 0 .4 0 1 .3 2 7 9 1
L E ID E N  U N IV  N L  2 ,1 0 0 0 .3 4 1 .3 2 6 5 0
U N IV  B A R C E L O N A  E S  2 ,1 0 0 0 .3 3 1 .0 2 1 7 1
T E C H  U N IV  M U N C H E N  D E  2 ,0 0 0 0 .4 0 1 .4 2 8 2 4
U N IV  B R IS T O L  U K  2 ,0 0 0 0 .2 1 1 .3 2 6 2 5

Major 30 European Universities with P(y) > 2,000 
ranked by ‘scientific size’

Major 68 European 
Universities 

with P(y) > 1,500 
ranked by 

normalized impact

P(y)
Disc 
Conc CPP/FCSm P*CPP/FCSm

UNIV OXFORD UK 4,200 0.27 1.7 7018
UNIV CAMBRIDGE UK 4,500 0.31 1.6 7357
ETH ZURICH CH 2,300 0.49 1.5 3490
UNIV GENEVE CH 1,600 0.33 1.5 2379
UNIV EDINBURGH UK 2,200 0.22 1.5 3251
ERASMUS UNIV ROTTERDAM NL 1,700 0.64 1.5 2487
UNIV COLL LONDON UK 4,300 0.36 1.5 6273
IMPERIAL COLL LONDON UK 3,400 0.26 1.4 4927
TECH UNIV MUNCHEN DE 2,000 0.40 1.4 2824
UNIV HELSINKI FI 2,600 0.30 1.4 3597
UNIV UTRECHT NL 2,800 0.29 1.4 3833
VRIJE UNIV AMSTERDAM NL 1,800 0.35 1.4 2450
UNIV AMSTERDAM NL 2,400 0.27 1.3 3229
UNIV ZURICH CH 2,100 0.40 1.3 2791
KINGS COLL UNIV LONDON UK 2,300 0.54 1.3 3040
UNIV BRISTOL UK 2,000 0.21 1.3 2625
KAROLINSKA INST STOCKHOLM SE 2,600 0.70 1.3 3370
UNIV SHEFFIELD UK 1,800 0.19 1.3 2316
UNIV GLASGOW UK 1,900 0.21 1.3 2410
LEIDEN UNIV NL 2,100 0.34 1.3 2650
UNIV GRONINGEN NL 1,800 0.28 1.3 2265
UNIV NOTTINGHAM UK 1,800 0.21 1.2 2235
JOHANN GUTENB UNIV MAINZ DE 1,500 0.40 1.2 1852
WAGENINGEN UNIV NL 1,500 0.71 1.2 1847
UNIV BERN CH 1,500 0.37 1.2 1842
KATHOLIEKE UNIV LEUVEN BE 2,800 0.12 1.2 3414
RUPR KARLS UNIV HEIDELBERG DE 2,300 0.39 1.2 2804
UNIV BIRMINGHAM UK 2,000 0.21 1.2 2432
LUNDS UNIV SE 2,600 0.26 1.2 3142
GOTEBORG UNIV SE 1,900 0.35 1.2 2287
UNIV FREIBURG DE 1,700 0.32 1.2 2046
UNIV SOUTHAMPTON UK 1,700 0.20 1.2 2042
AARHUS UNIV DK 1,500 0.25 1.2 1791
KOBENHAVNS UNIV DK 2,400 0.35 1.2 2841
UNIV LEEDS UK 2,000 0.18 1.2 2366
RADBOUD UNIV NIJMEGEN NL 1,700 0.38 1.2 2010
STOCKHOLM UNIV SE 1,700 0.29 1.2 1999
UPPSALA UNIV SE 2,400 0.23 1.2 2803
UNIV MANCHESTER INST SCI & TEC UK 2,800 0.19 1.2 3238
UNIV GENT BE 1,700 0.28 1.2 1958

P(y)
Disc 
Conc CPP/FCSm P*CPP/FCSm

UNIV CAMBRIDGE UK 4,500 0.31 1.6 7357
UNIV OXFO RD UK 4,200 0.27 1.7 7018
UNIV CO LL LONDON UK 4,300 0.36 1.5 6273
IMPERIAL COLL LONDO N UK 3,400 0.26 1.4 4927
UNIV UTRECHT NL 2,800 0.29 1.4 3833
UNIV HELSINKI FI 2,600 0.30 1.4 3597
ETH ZURICH CH 2,300 0.49 1.5 3490
KATH UNIV LEUVEN BE 2,800 0.12 1.2 3414
KARO LINSKA INST STO CKHO LM SE 2,600 0.70 1.3 3370
LUDW  MAX UNIV MUNCHEN DE 2,900 0.30 1.1 3298
UNIV EDINBURGH UK 2,200 0.22 1.5 3251
UNIV MANCHESTER INST SCI & TEC UK 2,800 0.19 1.2 3238
UNIV AMSTERDAM NL 2,400 0.27 1.3 3229
UNIV MILANO IT 2,900 0.41 1.1 3215
UNIV PARIS VI P & M CURIE FR 2,900 0.49 1.1 3175
LUNDS UNIV SE 2,600 0.26 1.2 3142
KING S COLL UNIV LONDON UK 2,300 0.54 1.3 3040
KO BENHAVNS UNIV DK 2,400 0.35 1.2 2841
TECH UNIV MUNCHEN DE 2,000 0.40 1.4 2824
RUPR KARLS UNIV HEIDELBERG  DE 2,300 0.39 1.2 2804
UPPSALA UNIV SE 2,400 0.23 1.2 2803
UNIV ZURICH CH 2,100 0.40 1.3 2791
UNIV W IEN AT 2,700 0.29 1.0 2715
LEIDEN UNIV NL 2,100 0.34 1.3 2650
UNIV BRISTOL UK 2,000 0.21 1.3 2625
UNIV PARIS XI SUD FR 2,300 0.61 1.1 2604
UNIV RO MA SAPIENZA IT 2,700 0.35 0.9 2559
HUMBO LDT UNIV BERLIN DE 2,200 0.34 1.1 2490
ERASMUS UNIV RO TTERDAM NL 1,700 0.64 1.5 2487
VRIJE UNIV AMSTERDAM NL 1,800 0.35 1.4 2450
UNIV BIRMINGHAM UK 2,000 0.21 1.2 2432
UNIV GLASGOW  UK 1,900 0.21 1.3 2410
UNIV GENEVE CH 1,600 0.33 1.5 2379
UNIV LEEDS UK 2,000 0.18 1.2 2366
UNIV SHEFFIELD UK 1,800 0.19 1.3 2316

105 European Universities with P(y) > 700 
ranked by ‘brute force’ 252 European Universities with P(y) > 350 

Top-20, Chemistry, ranked by ‘brute force’
 ETH ZURICH 5242.963
 UNIV CAMBRIDGE 4057.947
 IMPERIAL COLL LONDON 3736.316
 UNIV OXFORD 3654.543
 TECH UNIV MUNCHEN 3367.051
 UNIV PARIS VI PIERRE & MARIE CURIE 3003.744
 UNIV STRASBOURG III 2897.976
 EINDHOVEN UNIV TECHNOL 2704.677
 LUNDS UNIV 2362.192
 UNIV PARIS XI SUD 2310.778
 UNIV BARCELONA 2290.266
 JOHANNES GUTENBERG UNIV MAINZ 2247.93
 ECOLE POLYTECN FEDERALE LAUSANNE 2235.849
 UNIV BOLOGNA 2232.659
 UNIV UTRECHT 2177.924
 UNIV GRONINGEN 2141.133
 UNIV FREIBURG 2115.408
 UNIV MANCHESTER INST SCI & TECHNOL 2020.539
 UPPSALA UNIV 1978.754
 UNIV NOTTINGHAM 1921.713
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y = 4551.4x -0.7493

R2 = 0.9501

y = -0.0003x + 24.356
R2 = 0.2625

10

100

100 1000 10000

r 

P(threshold)

Leiden ranking by normalized impact ( CPP/FCSm ) an d 
by 'brute force impact' ( P*{CPP/FCSm} ) as a funct ion of P(threshold)

Correlation between impact and ranking
Worldwide top-universities in life/biomedical sciences

1.00

10.00

100.00

1 10 100 1000

r

CPP

Science mapping based on co-word 
analysis

Step 1(crucial!):

field definition � set of publications on the 
basis of journals, keyword-selection, special 
databases 

Major fields (e.g., neuroscience, condensed matter physics) 
cover about 50,000 publ/y)
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VOLUME 88,  Number 13      PHYSICAL REVIEW LETTERS            1 April 2002

Truncation of Power Law Behavior in “Scale-Free”
Network Models

due to Information Filtering

We formulate a general model for the growth of scale-free 
networks under filtering information conditions—that is, 
when the nodes can process information about only a subset 
of the existing nodes in the network. We find that the 
distribution of the number of incoming links to a node 
follows a universal scaling form, i.e., that it decays as a 
power law with an exponential truncation controlled not only 
by the system size but also by a feature not previously 
considered, the subset of the network “accessible” to the 
node. We test our model with empirical data for the World 
Wide Web and find agreement.

Step 2:

Computerized grammatical 

parsingof 

title and abstract

VOLUME 88,  Number 13      PHYSICAL REVIEW LETTERS            1 April 2002

Truncation of Power LawBehavior in “Scale-
Free” NetworkModels due to Information 

Filtering

We formulate a general model for the growth of 
scale-free networksunder filtering information
conditions—that is, when the nodes can process 
information about only a subset of the existing nodes in 
the network. We find that the distribution of the 
number of incoming links to a node follows a 
universal scalingform, i.e., that it decays as a 
power lawwith an exponential truncation

Step 3:

*  The parsing procedure will yield many thousandsof 
keywords � concepts

*  These concepts are ranked by frequency

*  We take the top-200: w1, w2, ……. , w200

*  We encode each of the 50,000 publications with a 
binary string, e,g.,  p1 = [1,1,0,0, ………0 ]

Publications encoded as a string of concepts(keywords)
‘DNA-coding of publications’

w1 w2 w3 w4 w5        …………………

p1
p2
p3
p4
.
.
.

1 1 1 1 1

1 0 1 1 0

1 0 0 1 0

0 0 0 0 0

With matrix-algebra  >  concept (w1,…w5) correlation

Calculation of word-correlations

PT(w)  x P(w)

1…1…1…0

1…0…0…0

1…1…0…0

1…1…1…0

1…0…0…0

1…1…1…1…1
1…0…1…1…1
1…0…0…1…0
0…0…0…0…0
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P(w) × PT(w)  =  C(P)
PT(w) × P(w)  =  C(w)

w1    w2    w3    w4     w5

w1         3…1…2…3…1

w2         1…1…1…1…1
w3         2…1…2…2…1

w4         3…1…2…3…1

w5         1…1…1…1…2

w1    w2    w3    w4     w5

w1         3…1…2…3…1

w2         1…1…1…1…1
w3         2…1…2…2…1

w4         3…1…2…3…1

w5         1…1…1…1…2

w4

w1

w3

w5

w2

Transformation of the matrix (think of a 
kilometer-table of cities) into a landscapein which 

these cities have their locations

17- Dielectric 
Propert/Mat/Dev

18- Supercond; Magn 
Propert/Struct

16- Radio/TV/Audio; 
Computer Storage

14- Physical Chemistry

15- Micro/Electromagn 
Waves

13- Control Theoy/Appl

10- Tele/Data 
Communication

12- Optical/Optoelec 
Mat & Dev

11- Measuring & 
Equipment

8- Optics; Lasers & 
Masers

9- Computer Theory; 
Software Eng

6- Liquids/Solids 
Structures4- Circuit Theory

7- Electron. 
struct/propert Surfaces

5- Maths Techniques

2- Circuits & Design

3- Materials

1- General Micro-
electronics

mathematics physicsinstruments

applications

Map of Genetics
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activity Leiden activity Karolinska impact Leiden impact Karolinska

Thank you for your attention


