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Cluster formation by allelomimesis in real-world complex adaptive systems
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Animal and human clusters are complex adaptive systems and many organize in clustetigirebey the
frequency distributiorD(s)«cs™". The exponentr describes the relative abundance of the cluster sizes in a
given system. Data analyses reveal that real-world clusters exhibit a broad spectrwalwds, 0.7tuna fish
school$ <7<4.61(T4 bacteriophage gene family size8llelomimesis is proposed as an underlying mecha-
nism for adaptation that explains the observed breapectrum. Allelomimesis is the tendency of an indi-
vidual to imitate the actions of others and two cluster systems have diffenealties when their component
agents display unequal degrees of allelomimetic tendencies. Cluster formation by allelomimesis is shown to be
of three general types: namely, blind copying, information-use copying, and noncopying. Allelomimetic adap-
tation also reveals that the most stable cluster size is formed by three strongly allelomimetic individuals. Our
finding is consistent with available field data taken from killer whales and marmots.
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[. INTRODUCTION systems. Allelomimesis is the act of copying one’s kindred
ighborg10,11]. We show that the differences invalues
e caused by variations in allelomimetic behaydescribed

y a single parameter where O< a<1) of the agent phe-
notypes from one cluster system to another. We derive a

' nonlinear relation betweem and « that rationalizes ther

Huge amounts of data have been collected and analyzen
by researchers in various fields of the natural and social SCh
ences concerning cluster formation in animdish schools,
buffalo herds, etg, humans(e.g., cities, slums, companies

etc), and inanimate objectgene families, colloids, galax- distribution which is observed in animal, human, and inani-

les, etc). In the real world different cluster types often ex'St.mate cluster systems. Cluster formation by allelomimesis

a?dlshtarefa COTmOF‘ h;b'tat and an taccu:jat_e undertStand'Bﬂedicts that the most stable cluster size is formed by three
ot cluster formation In diverse animate and inanimate sySgy.onqg)y allelomimetic(a=~1) individuals (s=3) which is

tems is valuable in wildlife preservation, environmental ; . . . . .
. . . consistent with previous observations in groupings of mar-
management, urban planning, economics, genetics, and evﬁ?ots[lz] and killer whaleg13]

olitics. . L . .
P ; . Allelomimesis is the common mechanism underlying pre-
Animal and human clusters are complex systems with

adaptive agents and many of them exist in cluster Szhat vious self-aggregation models. In animal aggregation mod-

LY = els, it is manifested as biosocial attracti@] or as conspe-
obey the frequency distributioD(s)s™. The exponentr cific copying [14]. For example, herding, which has been

determines the relative abundance of the cluster sizes— served in panicking mice escaping from a two-door enclo-
small 7 (.FNVO) '”_‘p"es equal abundance of large ‘?nd_ Sn?a"sure, is an interesting manifestation of nearest-neighbor
Clusters in a given system. Scale-free _c_Iuster d's_t”bu“(_)nEOpying [15]. In the percolation model of urban growth, al-
ha;]/e lbee? observed .W'th gelne_ fam|t|)|es_, COIIC;'.dS' fishelomimesis is implicit in the concept of correlatipt6]. The
SCNools, slum areas, city popu "?‘“O”Sv usINess nrms, a ndency of employees to associate with those belonging to
galaxies to name a few. Table | lists 46 different real-worldthe same income bracket in Axtell's model of firfis7] can
legt(;r systefr_ni W'trr: the|r1 r;easur_ezdlgéueslrangw;g from 4150 be construed as another expression of allelomimesis.
7=0.7 (tuna fish schools[1,2] to 7=2.95 (galaxy clusters Copying is normal among social groups and it is an evo-

[3]'_|_ K led inal i . del | utionary mechanism in human societidd7]. Among
0 our knowledge, no single seli-aggregation model cou trongly allelomimetic individuals, it is natural to expect that

generat? S|z|e—frequt_arn(l:)3|/ cils;\nbgltmé?s th%t Icover t?fe eNntirgI| cooperation is achieved quickly without the threat of
range ofr values in Table |. Available models are efiective ) ,ishmen{18]. In gene families, cluster formation is ex-

only at describing particular systems such as Cif€Sl,  ained as an intricate birth-death procd8&. In olivine

firms [6.’7]’ or gene fam_iligs[S] because they_utilize_ many crystal sizes, it is driven by complicated tectonic processes
interaction details that limit the range of their applicability [19].

[9]- Allelomimetic interaction between agents can be de-

Here, we propose that allelomimesis is an underlymgscribed with few simple local ruldd1]. A single measurex
mechanism for adaptation that can accurately explain thgs o icient to vary the exponent over a wide range of

broad 7 spectrum that is observed with real-world CIUStervalues. Agents search for neighbekindreds and those that
are strongly allelomimeti¢a~=1) are more likely to copy
their neighbors, leading to the formation of relatively large
*Corresponding author. FAX+6329205474. Electronic address: clusters such as those observed in fish sch@ae Table )l
csaloma@nip.upd.edu.ph On the other hand, relatively large clusters are quite unlikely

1539-3755/2005/7%)/04190%8)/$23.00 041905-1 ©2005 The American Physical Society



JUANICO, MONTEROLA, AND SALOMA PHYSICAL REVIEW E71, 041905(2009

TABLE |. Measuredr values of real-world cluster systems with power-IB\s) plots. Also shown are the corresponding values of the
allelomimesis measure.

Real-world cluster system T a

Tuna near fish-aggregating devicg?2] 0.70 0.9895
Clupeid fishSardinella maderensis and S. aurgg?2] 0.95 0.9895
Alpine marmotMarmota marmotg 12] 1.08+0.25 0.9895
African bufallo Syncerus cafe}2] 1.15 0.9894
WaspsRopalidia fasciatd 20] 1.19+0.008 0.9893
Tephritid flies[21] 1.37 0.9888
Free-swimming tuna with three species mixég?] 1.49 0.9877
Spatial sizes of forest fird2] 15 0.9877
Offshore-spotted dolphiStenella attenuatf23] 1.79+0.05 0.9590
Three species of African baboof4] 2.01+0.08 0.7841
West Indian manate@richecus manatuf25] 2.19+0.07 0.4009
Nomadic Serengeti cheetdtinonyx jubatu$26] 2.49+0.35 0.0378
Nomadic Serengeti liofPanthera leq26] 2.49+0.08 0.0379
Mathare valley squatter settlements, Keh2] 1.40+0.20 0.9888
Recife squatter settlements, BrajZi7] 1.60+0.20 0.9844
French manufacturing firms in 19¢28] 1.84+0.08 0.9411
Japanese manufacturing firms in 192%8)| 1.90+0.04 0.9067
Urban agglomerations, Ind{29] 1.93+0.002 0.87

Towns surrounding London in 1984,16) 1.96 0.8514
Towns surrounding Berlin in 198[4,16] 1.98 0.8270
Swedish firms in 19935] 1.98+0.08 0.8270
Urban areas in Great Britain in 1981 and 1998] 2.03 0.7512
City populations in Brazil in 1991 and 19929] 2.04+0.06 0.7329
Urban agglomerations in Russia in 19@0] 2.04+0.06 0.7285
Urban agglomerations in U.S.A. in 19929] 2.04+0.07 0.7250
Urban agglomerations in France in 1982 and 1P24) 2.05+£0.00 0.7049
U.S. firms in 19977] 2.06+£0.05 0.6974
City populations in Mexico in 199(29] 2.07+0.00 0.6814
City populations in China in 199[29] 2.11+0.00 0.5970
World’s most populous cities in 20029] 2.11+0.08 0.5959
British business and manufacturing firms in 1938] 2.11 0.5881
City populations in Germany in 19929] 2.15+0.20 0.5033
City populations in Japan in 19929] 2.16+0.09 0.4692
Gene family sizes oM. pneumoniag8] 2.69 0.0056
Gene family sizes 08. cerevisiag8] 2.81 0.0018
Gene family sizes oE. coli [8] 2.84 0.0013
Gene family sizes o8ynechocystis sp8] 3.17 0.0001
Gene family sizes oH. influenza€8] 3.27 0.0000
Gene family sizes oM. janaschii[8] 3.62 0.0000
Gene family sizes o¥/accinia virus[8] 3.80 0.0000
Gene family sizes oM. genitalum(8] 4.02 0.0000
Gene family sizes of4 bacteriophag¢8] 4.61 0.0000
Olivine crystal sizes of GP45, granoblasii9] 2.83%+0.16 0.0015
Olivine crystal sizes of GP30, coarg&9] 3.03+0.18 0.0002
Olivine crystal sizes of LANZ3, porphyroclasti¢9] 3.81+£0.41 0.0000
Database of 8000 galaxy clusté®y 2.95+0.36 0.0005
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in gene families, colloids, and galaxies which are systems
with (asocial components that are incapable of copying each
other(a=0).

Of particular interest are human cluster systems such as
slums of informal settlers, cities, and business firms. Table |
reveals that such systems occupy a narrow band ofrthe
spectrum(1l.4< 7<2.16. More than other animals, humans
are capable of overcoming the communal pull of blind copy-
ing (herding and to make(unpopulaj decisions that take
into account the merit of available information. We deter-
mine the possible classes of allelomimetic interactions by
establishing a quantitative relation betweemand 7.

Our presentation proceeds as follows: In Sec. Il we de-
scribe briefly our agent-based model for clustering by allelo-
mimesis while in Sec. 1ll we compare the predictions of the
model with those observed in real-world clusters such aE

FIG. 1. Typical configurations of agents wih=0 (first row,
rst column, 0.5 (first row, second column0.99(second row, first
olumn, and 0.995 (second row, second columnafter gr
=600 000 iterationgL=100. Different gray-levels represent three
(M=3) possible phenotypes of an agent.

those listed in Table I. We end our presentation by discussin
the results of our comparison.

Il. METHODOLOGY
y+k) is not ready for occupancy by the agent when
WY (x+j,y+k) # 0 and the potential barrigb(x+j,y+k) is at

A squarelL X L lattice withfree boundarie$31] is utilized  its highest value oNyg.e On the other hand, the cell at
as a platform for our agent-based model of cluster formation(x+j,y+k) is vacant whenW(x+j,y+k)=0 and Nyoore
Initially at time stepg,=0, the lattice cells are empty and for <& (x+j,y+k)<0.
every subsequent time step an agent is injected into a  The set of celld(x+j+u,y+k+v)} represents the Moore
randomly selected vacant cell. An agent at cell locatialy)  neijghborhood of the agent's neighboring céti+j,y+k).
is assigned a statd(x,y) that is taken from a set of pos- The term W(x,y)-W(x+j+u,y+k+v)] is a comparison
sible states{Wp}={1,2,... M}. StateW(x,y) represents a petween¥(x,y) with those in the Moore neighborhood of
particular trait, preference, action, or any other social atthe vacant cell atx+j,y+k). It is equal to unity when
tribute that characterize an agent at any given time. For exgr(x y)=W(x+j+u,y+k+v). The summation in Eq.(1)
ample,{V} could be different species of tuna swimming yields the global minimunt=—Ny,... if all the agents oc-
within the same field of observatidd] or the different types cupying the Moore neighborhood of the vacant cell have the
of behavior in groups of lionge.g., hunting, sleeping, yawn- same state as the highlighted agentat). Otherwise,®
ing, etc) as described by Schall¢e6]. An empty cell is il have a value greater thanNg,,e but not exceeding O.

assigned the value oF =0. o Equation(1) is applied to every cell in the Moore neigh-
An agent atx,y) searches for other agents of similar stateorhood, An agent occupies the cell that yields the least

by occupying the next available cell of its Moore neighbor-y5ye ford, expressed in the following minimum condition:
hood which consists of the agent’s eight nearest cells at lo-

cations{(x+]j,y+k)}, where indiceg ,k=-1,0,1. Theloca- Dpin=mind(x+j,y +K), (2

tion (x+0,y+0)=(x,y) represents the currentdefauly Ik

location of the agent. In deciding to occupy a neighboringwhereinj,k run through all cells in the Moore neighborhood
cell (x+j,y+k) in the next time steg+1, the agent evalu- of (x,y) including itself. If more than one cell satisfies Eq.
ates the viability of its current positidix,y) with those of its  (2), then the agent randomly selects among these cells. Suc-

A. Agent-based model of allelomimetic interaction

neighboring cells using the discrete potential functibn cessive application of the above-mentioned mechanism for a
, . sufficiently long period of time gives rise to the formation of
D(x+ ],y +K) = Nyoorl L =V (x+],y+K ]} clusters such as those shown in Fig. 1. A cluster is defined as
Nmoore a contiguous group of agents of the same stht¢hat are
- JUx+j,y+k] > {dT(xy) connected via neighboring cells.
uv The tendency to copy its neighbors can vary from one
—W(x+j+uy+k+o)]), (1) agent phenotype to another. We use a single parameter

describe different levels of allelomimetic behavior where 0
whereNyoore iS the number of sites in the Moore neighbor- (nonallelomimeti¢ <a<1 (blind copying. The state of a
hood of an agent and(w) is the Dirac delta function which completely allelomimetic agente=1) always depends on
is nonzero and equal to unity only whev=0. For a two-  the condition of its Moore neighborhood while that of a non-
dimensional Moore neighborhoo®y,,=8. The summa- allelomimetic agent is oblivious of the states of its Moore
tion in Eq.(1) is taken fromu=-1,v=-1tou=1,v=1. The  neighborhood. For computational simplicity, we assume that
possible values fou andv are -1,0,1. Thecell at (x+], all the agents in a square lattice have the samealue.
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Agent segregation and clustering are attributed directly to TABLE Il. Some « values and resulting cluster-size distribution
local behavior of the individual agents instead of a globallyfitted by F(s)=As"exp(-s/s;) with exponent -r taken over the

defined probability of segregation and clusterjig cluster-size rangeénmin=< S=< Smax
Let ¢ be a uniformly random variable between 0 and 1. If
{>«, then an agent randomly selects a state from the set T Smin Smax
{\Ifm}. On the other hand, i < «, then the agent’s state is set 2 45140.092 3 21
by its Moore neighborhood such that the state with the high-
est occurrence within the neighborhood is the one copied by’ 2:318+0.096 3 22
the agent. If more than one state satisfies this condition, thetr2 2.298+0.080 3 22
the agent selects randomly from among these states. 03 2.233+0.077 3 20
To avoid completely filling the lattice through the persis- 0.4 2.127+0.085 3 20
tent addition of agents, we also include a constant probability. 5 2.110+0.039 3 22
o_f death for eqch agent. The death probability is. he[d suffip g 2 200+0.047 3 24
ment]y low (; in 10 QOO for every time stepo malnta!n a g7 2.060+0.072 3 24
relatively high lattice population densityp as time
progresses. When an agent dies, its cell location is vacated |0ri8 2.040+0.033 3 27
the next time step. The agent population dengityn the 1.858+0.030 3 25
lattice consistently increases witlhp and agents are more 091 1.887+0.048 3 25
likely to stay in their respective positions after a sufficiently 0.95 1.789+0.047 3 27
long period of time when the number of available vacant0.99 1.343+0.018 3 34
cells has diminished. 0.995 1.199+0.015 3 43
Each simulation is run for a time-step duration @f  ( ggg9g 1.045+0.016 3 42

=600 000 which is sufficient to allow the agent population to
reach a steady-state densilig) = 0.5. To increase the prob-

ability of conspecific agents meeting and coalescing within gated for everya value using ten trials. The cluster-size dis-
reasonably short period of computational time, we choosgripution is fitted by a power-law function over a finite range
M=3—i.e. {¥Vy={1,2,3. The choice oM =3 is consistent  of sizes s < S=< Sy, WHEreSy, andsya,are the minimum

with the dimensional reduction hypothesis of Bonabetal.  and maximum cluster sizes, respectively. We determine-the

[2] which states that clustering is more likely to occur at lowyalue from the best fit curve and use it to characterize the
effective dimensions. We also mentioned that interesting|uster-size distribution. Table Il presents the relation be-

clustering behavior has been observed in real-world systemgyeen the allelomimesis measurewith exponentr.
wherein three different species of individuals are mixed e also determine the average length of tif@ that an

within the same territory1,2,24. agent remains in a particular state and correlate it with the

The essential aspects of scaling found in B@) distri-  ¢lyster size to which the agent belon¢®(s)) is the amount
butions that were generated with=3 are also maintained at f time that an agent stays in a cluster of sizét can serve

M>3. However, large cluster sizgs>100 take signifi- 55 5 rough measure of cluster stability.
cantly longer simulation times to form witivi>3. Our
model is based on the coalescence of kindreds and having a
large number of different phenotypése., M >3) reduces
the likelihood of an individual agent finding a kindred within ~ The predictions of our model are compared with measure-
its neighborhood at any particular time. This reductionments taken from different real-world cluster systefsse
coupled with agent death probability decreases the rate ofable ). Group dynamics is confined within a two-
cluster formation, thereby increasing the amount of time thadimensional plane which is applicable to real-world clusters
is needed to form larger clusters. formed by human beings and terrestrial animals. Our model
The use oM =1 merely leads to an uninteresting result of remains valid even to fishes which have been found not to
filling up the entire lattice whilévl=2 leads to a binary mix- utilize fully the three-dimensional character of oceanic space
ture of two types of agents competing for space within the2].
lattice. Either one phenotype fills the lattice while the otheris  Cluster-size distributions are normally taken from direct-
extinguished or the two phenotypes coexist and are segréount observations and presented as absolute frequ2(sty
gated by a boundary. Botd =1 andM=2 do not produce a plots when the number of data points is sufficiently large or
wide range of cluster sizes which is required to show a staas cumulative-frequency plots when the data set is sparse. To
tistical distribution. within a predefined accuracy, both methods yield the same
Figure 1 presents typical configurations of a cluster sysvalue of theD(s) plot. Cluster-size data from different kinds
tem (M =23) at differenta values. A relatively high local den- of animals are presented commonly as direct-count values
sity of agents is found in the lattice interior due to the “free” and data reliability depends heavily on the accuracy of spot-
boundary condition which eliminates all agents that wandeting the correct number of members in an animal group.
beyond the lattice boundaries. We measure the clusteissize Data on free-swimming tuna, buffalo, and sardinella are
(in cell unity using the Hoshen-Kopelman algoritiB2]. A taken from Bonabeau’s studyt,2] while those of Serengeti
histogram(bin size=1 of the average cluster sizes is calcu- lions and cheetahs were sourced from Schd®&j. Infor-

B. Data from real-world cluster systems
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FIG. 2. Normalized cluster-size distributiori3(s) plots for dl_f L L N6 % b b K & 6 -
ferent a values generated from our modgl=100,M=3). Solid © o o 6 © ©o © © o
o

lines represent curve fits derived from a scaling function of the

form: F(9)=As ™™ ex(=s/s,). FIG. 3. Parameter dependence. The scaling expon€npen

circles, mean cluster sizé&s)=M1/ M (solid circles, cutoff sizes;

mation on baboons is accrued from sgveral separate studi@spen squarésand maximum cluster sizg,,, (solid squaresver-
by Altmann and Altmanii24] on three different baboon spe- sus the allelomimesis measuse

cies. Marmot data were quoted from Grinmh2]. Cluster

formation data in dolphins and manatee were obtained fronElusters. One is cluster breakup or fragmentation which re-

direct counting and their reliability was limited by visibility. duces the frequency of large clusters in a system. Another is

Information about city populations and slum areas WaShe effect of boundaries. which becomes sianifi
. > , gnificant when
taken from Brinkhoff[29] and Sobreira and Gomd27],  ,qents are competing over a finite amount of space. The

respectively. The available data sets were plotted as a CUM{ath rate and migration dynamics are factors that favor clus-

lative frequency distributionC (=5)=2¢N(s'), whereN(s') o pyreakups. Thal=3 cluster phenotypes drive the compe-
— =T

are the’:_number of clusters of size The summation is taken ition for space in a finite-size lattice. The above-mentioned

from s’=s to the largest available cluster sigg,, The ex-  fact0rs do not favor the formation of very large clusters and

ponentr is calculated using the property of power-law dis- co,se the tail 0D(s) to decay at a rate that is faster than a
tributions which states that if’ is the exponent o€ (=s), power law,

then it follows thatr=7"+1 [33]. Data about the employee Figure 3 plots the dependence ofvith « (open circles
sizes of U.S. firms were taken from Axtdlf] while those | hich shows thatr is independent ofx for &< 0.9. How-
from Swedish, Japanese, and British firms were 'obtainegver, ase— 1, 7 rapidly decreases to zero, indicating a non-
from Johanssofb] and Simon and Boniri30], respectively.  jinear relation between and a. Also shown is the depen-

We also studied cluster-size data of inanimate systteM§ence of the mean cluster siz®=M,/M,, with « (solid
(a_%_O) such as gene _fam|||es_|n various k!nds of ba_ct&isﬂa circles whereM, andM; are the zeroth- and first-order mo-
olivine crystal sizes in xenoliths of the lithospheric mantle ;o e of the size distributioN(s), respectively.

[19], and galaxy clusterg3]. The sharp variation of and(s) asa— 1 implies a rapid
increase in the degree of clustering among agents, hence a
lll. EXPERIMENTAL RESULTS greater probability of the formation of large clusters. Figure

3 also plots the values &, (open squargsand sy, (solid
ysquare‘;,as a function ofx. The plots reveal that botf and

Smax INcrease rapidly and in a nonlinear fashion withas
a—1. The plot behavior ofr, (s), s;, and Syax Versusa
consistently indicates that strongly allelomimetic agents are

> capable of forming large, compact, and considerably stable
malization constant. Theyin, Smax @nds; values are related gssociations. The stability of these clusters are further inves-

according t0Syn=3<S.<Smax Sizess=1 ands=2 are ex- igated by looking at the average amount of titQ¥s)) that
cluded from the curve fitting procedure to minimize dewa—an agent stays within a cluster of size

tions from the power-law distribution caused by boundary Figure 4 plots the nonlineata,7) curve, which is de-
effects and finite agent population. Note that es) plot ..o by the Fermi function: ' '
obtained witha=1 is Gaussian like with a characteristic size
at s=56. - + - -1

The fitting functionF(s) is similar to the one utilized by o) =l + e )l 3
Bonabeautet al.[2]. The cutoff sizes; accounts for a number with y=1, 8=0.104, and7,=2.15. We found that Eq3)
of characteristics that are observed in the formation of largstrongly approximates the variode, r) pair of values that

Figure 2 shows plots of normalized cluster-size frequenc
distributionsD(s) =N(S)/N(Spin), With Spin= S=< Spay fOr dif-
ferenta values(0< @< 0.996. To determine its correspond-
ing 7 value, we fit a givenD(s) with the function F(s)
=As "exp(s/s.), wheres. is the cutoff size and\ is a nor-
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FIG. 4. Comparison of the Fermi fitting functigsolid curve A Killer whales
with data(circles from 32 real-world cluster systems. Measured \ 500 L BT O Model (¢ = 0.96)
values are plotted according to listing order of Table I. = 4004 7 .
S a 1 — B Marmots
H v . j | i
were generated using our agent-based model. Also presented 300 g | O~ Model (a = 0.99)
in Fig. 4 are the measuredvalues(solid circles from 32 2004
real-world cluster systems in the order presented in Table I. [
; > 100 /’\D y O
The corresponding value is mterpolated from the lfnown. & ""’M;;_:O"-O-_"_°-~o-»o---o---o---o---o
value of a real-world cluster system via the Fermi function <=
a(7) (reducedy®=0.00529,R?=0.9563 in Eq. (3). 2 4 &6 8 10 12 14
The behavior ofx(7) indicates that allelomimetic interac- Cluster size s

tions are of three general typ_e(é.') blind a”elom'mes_'s(a FIG. 5. Comparison of numerical predictions with real-world
~1) where agents are most likely to copy conspecifié$,  gata:(a) (Q(s)) from an agent-based model at0 (open circles
information-use allelomimeSiGaOCT) where agents are de- 0.5 (solid circles, 0.9 (open squargs 0.95 (solid squares 0.99
liberate in their decisions to copy conspecifics, #B)Jdnon-  (open triangles and 0.995(solid triangles. (b) (Q(s)) from killer
allelomimetic(a=0) where agents do not possess the socialvhales(solid circles and marmotgsolid squaresand correspond-
attribute to copy their neighbors. ing (Q(s)) from our model atx=0.96 (open circlesand 0.99open
Our findings are consistent with the experiment-basegquares respectively.
classifications proposed earlier by Wagner and Danchdh
Information-use copying may be considered an advanceluster-size distribution data are unavailable for killer
(evolutionary trait found in humans. It plays a critical role in whales, so we assumed that they cluster by the same manner
the expansion of business firms and citj@sl6]. Interest-  as dolphins for which group size data are available. Our as-
ingly, our model indicates that the growth of slum areas issumption is justified because ti@rcinus orcais a member
driven by blind copying and not by deliberate decisionsof the dolphin family[34]. Dolphins exhibit a cluster-size
based on available information. ~ distribution (7=1.79+0.05 that corresponds tar=0.9590
Many animal cluster¢e.g., fish schools, buffalpbenefit  (see Table)l The two plots show the same peak values and
from blind copying(0.98< @< 0.99. Herding is more likely  peak locations as=3.
to emerge quickly in systems with strongly allelomimetic  Yellow-bellied marmots(Marmota flaviventrig also ex-
agents. On the other hand, baboons have a relativelydatv  hibit optimum cluster stability as=3 [35]. Also compared in
0.78 because they live in heirarchical sociefi2d] where  Fig. 50b) are the predictedQ(s)) values fora=0.99 (open
higher-ranked individuals are more likely to succeed in im'square}sand that of marmotésolid squares The plots show
posing their will on others below them—allelomimesis is gjmilar peak values and peak locationssat3. We use the
b|asgd towards dominance. The West Indian manatee. have at reproduction rate to represe@t because it is directly
relatively low a of 0.40 because they are solitary animalsyg|ated to the amount of time spent by individuals as a group.
[25] and are unlikely to encounter other individuals of the The predicted Q) values fora=0.99 were obtained using a
same kind within their lifetime. Cheetahs and lions both havqargle lattice (L=500 since marmots operate in relatively
low o of 0.038 because they are nom_adlc and prefer to hung;ge territories such as steppes, alpine meadows, pastures, or
alone or in small packi6]. In these animals, the chances of fields [36]
being influenced by their neighbors are rather low. ’
Figure a) plots the model's predictions of th@)(s))
values for@=0.96 (open circleg and that of killer whales
Orcinus orca(solid circleg. For whales we interpre as the We have shown that allelomimetic adaptation could ex-
number of hours of observation in direct count studies. Theplain the broadr spectrum that is observed in a wide variety

IV. DISCUSSION
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of real-world cluster systems ranging from fish schools tomedium sizedin terms of employee number

shanties to gene family sizes and galax&e=e Table)l Clus- In cluster formation that arises from information-use
ter formation is governed by a few simple rules which makesopying, the cluster-size frequency distribution is weakly
the self-aggregation model effective in describing differentsensitive to slighta variations(a e 7). The cluster systems
kinds of cluster systems. A single parametef0<a<1)is  are quite robust—a significant shift in the allelomimetic ten-

needed to tune the exponenbver a wide range of values. dency of the component agents only results in a slight
A nonlinear relation exists between the degree of alleloghange of the cluster-size frequency distribution.

mimetic behaviolas measured by) and  which describes Allelomimetic adaptation also reveals that the most stable

the relative abundance of the cluster size in the system. Thgster size is formed by three strongly allelomimetic indi-
a(7) curve is accurately approximated by a Fermi function,iqais (s=3). The prediction is supported by field observa-
[Eq. (3)]. Strong correlation is achieved between the predicyjong taken from killer whales and marmots. The cluster size

tions of the model and experimental evidence even with &_3 is stable because it is the minimuthence the most
simplified self-aggregation model that neglects possible dify.qnomical to maintajncluster size where the concept of
ferences in the allelomimetic behavior among agents. In th?najority-based decision remains meaningful.

present investigation, all agents in a given system are as-

sumed to have the sameand are confined to interact on a

two-dimensional field. V. CONCLUSIONS

The nonlinear character of the(7) curve indicates that Allelomimesis is a generic interaction mechanism be-
allelomimetic adaptation is of three general classes: namelyween adaptive agents that could accurately explain the rich-
blind copying information-use copyingand nonallelomi-  ness ofr values observed in real-world cluster systems. Al-
metic Our findings are consistent with previous claims thatlelomimetic adaptation can be described by few and simple
were derived directly from experimental evideridd]. Dif-  |ocal rules. The absence of details makes the self-aggregation
ferent cluster systems that benefit from blind copying aremodel effective to a wide variety of real-world cluster sys-
characterized by a small range that is near unity. Such tems.
systems vyield cluster-size frequency distributions with a \We have generated an(7) curve that rationalizes the
wide range of possible values(0< r<2), implying that the  proadr spectrum observed in real-world cluster systems. The
relative abundance of the cluster sizes in systems wititurve can be utilized to formulate effective strategies in
strongly allelomimetic agents is sensitive to small variationsyildlife conservation, urban planning, and even product mar-
in a. A similar sensitivity characteristic also occurs with non- keting. Allelomimesis explains why the cluster sizesef3 is
allelomimetic cluster systems such as colloids and galaxiegreferred among strongly allelomimetic animals such as
(a=0). killer whales and marmots.

Cluster systems that are formed by humans such as slums, |n the real world, it is not unusual to find several cluster
cities, and business firms are associated with a wide range gf/stems occupying a common habitat. That each of them can
a values(0.1= @<0.9). However, theirD(s) plots are re- pe analyzed by one and the same self-aggregation model is
stricted within a limited spectrum ofr values (1.4<r  proof of the underlying interconnectivity of animate and in-
<2.16. Human beings have developéby evolution and animate clusters. The existence ofbasic mechanism for
learning from past mistakgghe capability to make decisions adaptation is vital in the formulation of effective strategies in
that consider group pressure, on the one hand, and merit @fildlife preservation, environmental management, urban
available information on the other. planning, economics, and even politics.

Slum areas which are antisocial and often illegal entities Allelomimesis in endangered species may be enhanced to
are driven more by collective action of informal settlers favor large-cluster formation where reproductive success is
which is possible among strongly allelomimetic individuals. greater since survivorship is directly related to group size
Collective action has the advantage of strength that is gaineld.0]. Urban overcrowding may be reduced at minimum eco-
by numbers. On the other hand, business firms and the citieomic and social cost, with initiatives that discourage blind
in Germany and Japan are formed deliberately based otopying among humans. On the other hand, an efficient army
information-driven plans and project studies. The cluster-siz@r a successful beauty product may be developed by strate-
distribution of slum areas tend to be uniform while those ofgies that favor blind obedience and mass mimicry, respec-
business firms are likely to be biased towards the small antively.
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