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The properties ofc-motif networks can reveal important creating the dictionary; [S9]. The entries of the dictio-
characteristics of the message encrypted in the origirtal da nary are the nodes of the 3-motif network. The nodas
as the analysis of topological quantities (clustering ficieht,  then linked toY with a directed arc if the number of times
average path length and degree distributions) has helped that motifY” follows motif X within the same protein is sta-

understand various linguistic features in networks of sord tjstically significant, according to the relatiof-(V1X)

co-occuring in sentences [S1, S2], and also to model how lan 2 (Y[X) o o prr (V1 X)
guage has evolved in networks of conceptually-related word< op Y|X)> + 20. The statistical S|gn|f|canc§—m(y‘x) is

[S3]. We present here details and further results on the aplso the weight of the arc. In this way we obtain the 3-motif
plication of the method described in the main article to¢hre graph of 199 nodes and 1302 directed links, shown in Fig.
different datasets: proteomic sequences, short text messa 1 of the main article. The graph has 86 isolated nodes (not
acquired fromTwitter, the well-known social network and displayed in Figure), while the remaining 113 nodes are-orga
microblogging platform, and ensembles of sequences dkrivenized into 10 weak components. The largest component of the
from dynamical trajectories of the standard map by means dgraph contains 5 clusters, detected by means of the MCl algo-
a symbolic dynamics approach. rithm [S10]. Therefore, 15 different communities are prese
in the graph. In Table | we report, for each community, the
number of nodes and its total internal weight, defined as the
BIOLOGICAL SEQUENCES sum of the weights of links between nodes of the communi-
ties normalized by the sum of the weights of links incident
Methods to study over- or under-representation of particin nodes of the community. By submitting a query to the
ular motifs in a complete genome [S4, S5] or in a proteomeProsite database [S11] we have obtained, for each couple of
[S6], have already been proposed, and the results have been
used to make functional deductions. Although the informa-
tion contained in strings deviating from expectancy is usef TABLE I. List of communities in the 3-motif network of the hem
for the analysis of many biological mechanisms [S7], it furn proteome. Community labels as in Fig. 1 of the main text, neimb
out to be not sufficient for a complete and exhaustive interpr of nodes, total internal weight, associated domain, anditmeain
tation of the genomic and proteomic message. A fundamentgpecificity are reported.
key to its comprehension is in fact hidden in the correlation

among recurrent patterns of strings. The spatial struafire #nodes Internal  Domain  Domain

roteins provides an example: when a protein folds, seggnent weight recognition
P! : ’ : 1] 6  8330% Offactory 1717175
distant on the sequence come to be close to each others in the receptor

space. This can happen because two (or more) segments need > 25 74.91% —

to physically interact in order to perform the biologicahtu 3| 43 94,13% Zinc Finger 1345/1364
tion the protein is supposed to go through. Such a mechanism 4 6 55,42% G-proteinand  9/11
translates into a statistical correlation between shotifmof CUB-Sushi

100% Cadherin 330/347
100% Lipoproteins 16/19
100% Homeobox 65/84

aminoacids, which is well captured by an analysis in terms of
k-motif networks.
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100% —
Human proteome 100% Collagen 271/482
10 100% Serine 22/51
rotease
In our application, we have considered the ensemble of se- 11 2 100% < -
guences relative to the human proteome [S8]. It consists of 12 3 60,30% C-type 3/4
34180 aminoacidic sequences of variable size, with an aver- proteins
age length of 481 letters. For this dataset, we have computed 13 5 100% —
the probabilitieg?®* andp*» for each of the20® = 8000 14 2 100% —
15 2 100% —

possible strings of three aminoacids, and we have selested a
3-motifs the strings saUsfym% < D:p> + 20, hence




FIG. 1. Components of th&motifs network of the twitter dataset. Each component énessociated topic are described in table I1.

connected motifs belonging to the same community, the lisaddition to this, the method df-motif networks turns to be
of all proteins, classified by domain, where the two motifsvery useful in all those contexts where it is necessary te pro
co-occur. The results show that linked couples of motifs be€ess and compact information from large amount of symbolic
longing to the same community, all co-occur in the same kinddata. This is the case of Internet, where the amount of text
of domains. In addition to this, one can associate 9 of thesdata provided by blogs, dialogs in social networks, forums,
15 communities just to one protein domain, since the mgjorit etc. is growing and growing.
of co-occurrences emerge in proteins matching a well-dgfine In the following, we provide details on how network of mo-
function. In Table | we report, when possible, the assamiati tifs are able to deduce information about hot topics and cas-
to a single protein domain, together with the ratio betwdent cades [S15, S16] in a dataset extracted from Twitter, a well-
number of times the couple of motifs with the highest weightknow platform for social networking and microblogging.
occurred in that specific domain, and the total number of co—
occurrences in the database.
Analogous results were also found for the 4-motif graph Twitter
[S12], while it is not possible to derive the same kind of info
mation by using lower order Markov models to construct dic- Twitter [S14] is a social networking and microblogging ser-
tionaries. For example, the 3-motif network constructetihwi vice which allows users to send short messages known as
a dictionary based on a lower order approximation rather thatweets Tweets are composed only of text, with a strict limit
on a 2-bodies Markov chain, exhibits a community structureof 140 characters: they are displayed on the author’s pro-
with just four communities, none of which could be identified file page and delivered to the authors subscribers, who are
with a functional protein domain. also known as “followers”. The dataset we have analyzed
is a collection of 28143 tweets, crawled on two days, from
the 23rd to 24th April 2010, and selected through the Twit-
SOCIAL NETWORKS AND MICROBLOGGING ter Streaming API [S17] if they contained the stritilpad-
ersdebate The choice of such a keyword, called in Twitter
By means ofk-motif networks, information can also be alsohashtagwas aimed to select all those tweets concerning
retrieved from datasets of social dialogs and microbloggin electoral campaign in UK, where general election to eleet th
websites. Although in these cases, in principle, a dictipna members of the House of Commons would have taken place
is a-priori known, not all terms used in the Internet languag two weeks later. We have analyzed the dataset removing all
are always listed in a dictionary: abbreviations, pung,liee  blank spaces between words and all symbols that where not
guage words [S13], names of websites or names of public figaumbers or letters (punctuation, symbols like $, @, *, etc.)
ures, are just some examples. Moreover, some expressionad not distinguishing between lower- and upper-casefette
or combinations of terms appear more frequently in some peFrom these sequences, dictionaries of mafifsand 2, have
riods or contexts due to the interest to some hot topics. Ifeen extracted, selecting respectively the 10% and 1% af mos



significant strings of3 and 4 letters. As described in the
main text, we have constructed networks whose nodes re

TABLE II. We report the number of nodes, the number of links t
Riveet or the expression containing the motifs and the retl&ipic

resent the entries of a dictionary, and an arc is drawn fr@m thg,; each of the13 communities represented in Fig. 1.

node representing string X to the node standing for string Y,
if p°¥(Y'|X)/p°*P(Y|X) is greater than a certain threshold.

In Fig. 1, we show thel-motifs network when the threshold _C€omm.| Nodes |Links| Expression or Tweet ; T?pi?
is set equal to 400 (isolated nodes not reported). Such a high * o | B3 g:ﬁ;'zr;\é%')%'\fowiglj s re\sggzitégm j\(’)irr'_
threshold is chosen to have a small network that can be eas- Clegg 27% nals, tv channels, etc
ily visualized and studied. More information can be obtdine = 2 25 | 33 [Brown wins on 44%poll results from var-
by setting the threshold to lower values or analyzing nekaor g'egg is Sicsg/”d ,\Cl’” 42°df?UIS Weﬁs'tesvl jour-
made up of motifs of different length Searching in the orig- famee none phas. tv channes, etc
inal dataset the connecteq motifs, it is plossible to asedcia—3 > T [www.slapometer.com |A funny website on
each component to a particular tweet which generated a cas- the election
cade or with a specific expression, related to a specific hot 4 10 | 11 |hey Dave, Gordon androposal for a 4th de-
topic discussed by users of the microblogging platform. For Nick : how about a 4thbate among_leaders,
. . debate on Channel 4 thisnade by a journalist
all components of Fig. 1, we report in Table Il the tweet or wednesday night witholion his Twitter page
expression associated and its meaning. For example, compo- the rules?!
nent 1 and 4 can be associated to two exit polls disclosed on_5 6 3 |#disobeymurdoch Twitter hashtag
those days by two different journals, or component 6 to the © 3 2 |Gillian Duffy }’t\)’i‘;g‘t","” b)?rag‘ifgona
name “Gillian Duff)_/", a 6_5_-years old pensioner invol\{ed ina Brown in general
olitical scandal wi rts ordon orown aurin e election campaign
political dal with British PM Gordon B during th lecti paig
election tour (Brown’s remarks of her as a “bigoted woman” . . [S20]
were accidentally recorded and broadcast). 2 1 |Tactical voting Strategy that when a
voter mlsrepresents
his or her sincere
preferences in or-
SYMBOLIC DYNAMICS der to gain a more
favorable  outcome
. . . [S21]

Symbollc dynfimICS Isa general method to transform trajec=—g 6 5 |[Cameron: | believe that [Electoral  campaign
tories of dynamical systems into sequences of symbols. The you've inherited hard allfrom David Cameron
distinct feature in symbolic dynamics is that time is meadur your life you should pass it
in discrete intervals. So at each time interval the systeim is : - &’;;?yy&ugc‘;g'r';re” Head of press Tor e
a particulgr state. Each state is associaFed with a symidol an Conservatives, owner
the evolution of the system is then described by a sequence of of a twitter account
symbols. The method turns to be very useful in all those cases 10 4 2 |#citizensuk Twitter hashtag
where system states and time are inherently discrete. | cas 11 2 | 1 |htp:f]...ly \'I:v‘;'brﬂ?tks‘ﬁ t\iﬂggﬁ”ed
the time scale of the system or its states are not discre¢e, or— 5 5 [Very Tunny screengrahbout a funny piciure
has to set a coarse-grained description of the system.rBiiffe from the LeadersDebate | of the leaders debate
initial conditions usually generate different trajecésrin the . on BBC [S19]
phase space, which map onto different sequences of symbols. 13 12 | 14 |Benjamin Cohen iol\‘:g\:vasl'?;logf]c*‘a””e'

A large number of initial conditions produces an ensemble ot

sequences whose analysis can be addressed with the method

based on networks of motifs, as described in the main article
In the following, we will describe the application of the

wheret represents time iteration andis a parameter as-

method to the standard map, and we will show how the relateguming real values. The map is increasingly chaotia &s

networks of motifs shape according to its chaotic behavior. reases (see inset of Fig. 2 in the main article to see a plot

of the Lyapunov exponent as a function of the parame}er

Fora = 0, the map is linear and only periodic and quasiperi-

odic orbits are allowed. When evolution of trajectories are

. . . .plotted in the phase space (tkp plane), periodic orbits ap-

The standard map, also known as Chirikov map, is a bidinear a5 closed curves, and quasiperiodic orbits as neekdéce

mensional area-preserving chaotic map. It maps a squate Wigjosed curves whose centers lie in another larger closae cur

side2x onto itself [S22]. It is described by the equations: Which type of orbit is observed depends on the map’s initial
conditions. When the nonlinearity of the map increases, for

{ appropriate initial conditions it is possible to observaatic

dynamics.

Standard Map

mod 27
mod 27

Tty1 = pr +asinay
Pt+1 = Pt + Teq1

1)
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In order to obtain sequences from the standard map (1) bjg2] S.M.G. Caldeira, T.C. Petit Lobao, R.F.S. AndradeN&me,
means of the symbolic dynamic approach [S23], one needs to _and J.G.V. MirandaEur. Phys. J. B9, 523 (2006).
make a coarse graining of the phase space, defining a discrdfe3] A. Motter, A.P.S. De Moura, Y.C. Lai, and P. Dasgupitays.
and finite number of possible states the trajectory can gccup Rev. £ 65, 065102 (2002).

) . . . S4] V. Brendel, J.S. Beckmann, and E.N. Trifonalournal of
This way it is possible to associate a symbol to each of thé Biomolecular Structure & Dynamic 011 (1986).

possible states and derive a sequence according to the-trajgss) . caselle, F. Di Cunto, and P. ProveBMC Bioinformatics
tory originating from an initial condition. We have coarse- 3, 7 (2002); D. Cora, F. Di Cunto, P. Provero, L. Silengo, and
grained the phase space into 25 5) squares of equal size M. Caselle BMC Bioinformaticss, 57 (2004).

and we have derived for different values of the parameter [S6] P. Nicodeme, T. Doerks, and M. VingroBjoinformatics18:
10* sequences af0® symbols. In other words, this means to S161, Suppl.2 (2002).

follow for 102 time steps the trajectories originating framr [S7] fgig:agseZTglMéS%O(CZng%i’ V. Rosato, and S. Musumeei;-
different initial conditions. ’ )

. . . . - [S8] Data downloaded from theConsensus Coding Sequence
The idea is that closed orbits or quasi periodic-ones corre- database(CCDS), http:/Avww.ncbi.nlm.nih.gov/CCDS/, ver-

spond to correlations between motifs and therefore in lofks sion Hs35.1.
the graph of motifs. When the map becomes more and mors9] With the notation(p (x)), we denote the average pfz) over
chaotic, closed orbits disappear and, correspondingynét- all the possible configurations efand witho the standard de-

works break in many components. In the extreme limit of _viation of the distribution. o
map highly chaoticq > 3), the network of motifs are com- [510] A J. Enright, S. Van Dongen, and C. A. Ouzourisicleic

; . . . Acids ResearcB0:1575 (2002).
pletly disconnected, with all nodes isolated. Nevertrelésgs [S11] hitp:/Avww.expasy.ch/prosite

scenario is different from the one generated by stochastic S [s12] R, Sinatra, D. Condorelli, A. Giansanti, V. Latora,Rosato,
guences, since in this case motifs would not be detectedg whi Analysis of proteomes by meanskemotif networksin prepa-
this still happens in the chaotic map, although only for $mal ration.

values ofk. This result is well depicted in Fig. 3 of the main [S13] http://en.wikipedia.org/wiki/Leet

article, where the number of components of3hmotif graphs  [S14] www.twitter.com

is plotted as a function of the valueof the map generating [S15] K. Lerman and R. Ghosh, in Proc. of ICWSM (2010).

the ensemble. This curve is shown to have the same behavibi:6] M- Cha, A. Mislove, B. Adams, K. P. Gummadi, in Proc. of

fthe L t ted in the inset of th WOSN 08 - USA (2008).
o1 e Lyapunov exponent, asreporiedin e nseto esam[%ﬂ] http://apiwiki.twitter.com/Streaming-API-Docntation

figure. [S18] http://en.wikipedia.org/wiki/Benjamifohen%28journalist%29
[S19] http:/itwitpic.com/1jge7b
[S20] http://www.guardian.co.uk/politics/2010/jul/28lian-duffy-
backs-david-miliband
[S21] http://wiki.electorama.com/wiki/Tacticabting
[S22] B.V. Chirikov, Phys. Re52:263 (1979).
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