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Abstract

We analyze the high-resolution data from Blogs and Diggsdiathgs between friends along the MySpace net-
work, which contain information about user actions and falt of their comments posted over time. The data
are mapped onto bipartite networks with users, as one pamtiand posts and comments, as another partition,
on which users interact via posted material. With the maeh@arning methods the text of the posts and com-
ments is analyzed against emotional contents, classifipdsitive, negative, or objective. Within the framework

of physics of complex dynamical systems and network thesgerform quantitative analysis of user behavior

and unravel the role of emotions in the collective phenonemarging within the user communities, which are

grouped around popular posts. We give the conclusive eeatrat the communities self-organize into dynamical
critical states with avalanches of the emotional commeagtrg over large periods of time, and determine the
control parameters which have the potential to tune the gpmrstates.
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Deliverable D6.1: Objectives & Research
Methodology

Deliverable D6.1: Estimate of the conditions for the setjamized critical emotional states in e-communities
based on realistic parameters, and their robustness witheet to parameter variations.

2.1 Objectives of D6.1

Mapping the high-temporal resolution data which includeiimation about Users and their Posts and Comments
onto bipartite graphs. Then using the graph theory methodsdvanced statistical analysis suitable for complex

dynamical systems and classified emotional contents ofeflaged texts, give quantitative evidences of the self-

organized critical states with robust patterns of user biehsaand extract related control parameters which can
tune the emergent states.

2.2 Research approach and methods used

The complex task of the data-driven modeling and extradlirgelevant parameters required suitable approaches
and number of numerical methods, which we have developeansuized as the following sequence of steps:

e Data collection by developing Python scripts (Blogs, My&paetworking);
e Mapping the large data streams onto bipartite networks fuigiers and Post+Comments] partitions;

e Topological analysis of these bipartite networks and thejections; setting additional filtering criteria for
the data according to the network topology measures;

e Spectral analysis of the emergent networks and Detectmgyfer-Communities and the related Posts;

¢ Running the Emotional Classifier (developed by WP3) for tmetonal contents in all Post+Comments of
the selected user communities; analysis on the subgrapiteicing the emotional comments;

e Analysis of temporal patterns of user behaviors and traitingemotional avalanches over the networks;
e Defining and extracting the realistic parameters behindbserved behaviors;

e Theoretical modeling (Cellular Automata Models on biganietworks) of the emotional avalanche dynam-
ics within the real networks structure and parameters taodsistness of the observed emotional states.

e Graphical visualization of the bipartite and projectedvueks, and the emotional avalanches on them.



2.3 Data sources and structure

For ournetwork approach to techno-social interactiome need the high-resolution data of the temporal occur-
rence of the events (witlime resolution of 1 minute) and full information about botksersand Posts-and-
Comments as well as the fullfext of the Post and Comments. Using the bipartite network ambread the
temporal behavior of users over these networks, we havefddmange of analysis, listed above, on several sets
of data on Blogs and Diggs, and of MySpace-networks datasé tata have been collected by our group (Blogs
B92 and BBC Blogs, and MySpace networking data), and by Wbhhmpton group (Diggs data). Depending
on the source (policy of the Website), several variationy appear regarding the information available in the

datasets, which may limit the output networks. Specific#ilg data that we considered are described here:

¢ Blogs dataare collected by us starting from March 2009. We have used®iagsites, B92 Blogs and BBC
Blogs, with entirely different structure and managing ppliWe were able to download and analyse the data
from B92 Blogs (Belgrade radio B92) from its opening in 200#iluMarch 2009, where the policy with
completely free access, authorship and subject strucfuPesis was practiced. This enabled us to study
self-organizing dynamics and the emergence of commuratiedsgroupings of Posts according to how the
Users considered them, as we reported in Ré&j. [We also downloaded the data from BBC Blogs from the
same period (size of all data are given in Tabl8. In the case of BBC Blogs the Post are pre-classified by
Categories, authorship of Posts is not free, and informatimut Comment-on-Comment is not available.

e Diggs datahave been collected by WP3, and made available to us in Sbpte2009. The data contain

full information as we need it, including User IDs, Post IDela&Comment-on-Comment information and

emotion classification, done by WP3, with binary valdelsfor the emotional, and else objective text;

o MySpace-networked dataare small portions of the huge network of “friends” from My, collected
by our robot around different locations and time windowse(details in Chapter devoted to networks).

The structure of MySpace is highly inhomogeneous and aitiktysof the networked data together with

dialogs between connected nodes appeared as a major proBlecently we managed to make a robot
which is able to adapt to many of potential pitfalls along thawling for the network of connected users
and have done some preliminary analysis of the collectaedarks.

Table 2.1: Summary of the data analysed by 1JS group (WP®pidviations: U=user, P=Post, C=Comment;]

Name Source Collector Script/Author Emotional content &3ste Analysis
IJS group done Np = 3972 time patterns;
BBC  www.bbc. JSI python script ~ emotion analysis Nc = 80873 U+P+C networks
Blog  co.uk group M. Mitrovi€  with Classifier Ny = 21462 statistics of
/blogs/ by UW group emotions within
binary user communities;
emot.avalanches;
Np = 4784 statistics;
B92 blog. JSI python script  in Serbian Nc = 406527  U+P+C networks
Blog b92.net group M. Mitrovit no classifier! Ny = 4598 time.patterns;
user communities
My. WWW. Js| python script Ny = 64738 network structure}
Space myspace. group Buvakov  text cleaning! Ne =172128  time-series;
com - time.windows;
Np = 1195808 time.series;
Digg  www. uw ? UW group Nc = 1646153 statistics;
digg.com  group binary Ny = 484986  networks U+P+C
user communities
emot.avalanches;
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Data to Networks & Finding User
Communities

3.1 MySpace networks

Figure 3.1: An example of MySpace network collected by otnoto Nodes represent Users, who are connected
by the dialogs (indicated by the widths of Links) occurrinighin a specified time window.

We have developed a robot to collect the data from MySpatarins of a connected network and related dialogs
The script works in a kind ofirst breathsearch starting from a specified position (user) and obeginen
conditions. The search is made versatile to avoid a largebeuwf pitfalls (e.g., due to diversity of user profiles
and missing or non-public data stored). More importantly,the crawling we can change several parameters,
depending on the situation found at a site or according toipe requirements:

e initial position, depending on the user properties, nunabeonnections and recent history of the activity;
e time depth, or time-windowyy |y Of the dialogs (typically 2 months, 3 months, or more);

e topological depthd;, i.e., number of “breaths” away from the starting positibth@ nodd;



All these parameters affect the outcome network of usereXample is shown in Fig8.1). During the crawling

we collect all data about the users with public profile, addeadts of the dialogs occurring within a given time
window that we are interested in. The data are automatisatiyed in an SQL database. Up to now we have
collected several datasets which contain networks witlolNyt~ 6.4 x 10* connected users amg ~ 1.7 x 10°
their dialogs in two different time windows. Some topolagiteatures of such networks are shown in B,
indicating also the time-window effects on the emergentvoet topology. These are recent developments in our
research of MySpace networks and full analysis of this tyfp#ate is still to be conducted.

2 months © a] 2 months ©
3months O 3months O

Pcum(qin)
=)

Figure 3.2: For MySpace networks collected starting froengame position and including links which are effec-
tive within two different time windows: Cumulative disttiions of (a) in-degree, and (b) out-strengths of nodes
(users).

3.2 Bipartite networks of Blogs and Diggs

The data from Blogs and Diggs, which we analyse in all detagise, are of different structure: we have high
resolution in time of the data on both Users and Posts and Gortaywhich we map ontol@partite network On
these networks Users are recognized as one natural partitid Posts and Comments together, as another natural
partition. This representation is particularly suitabde the users in the Cyberspace of Blogs (and similar Web
portals, see alsd3[ 17]), since in such networks a link is allowed only betweenetiint partitions! Depending

on the type of user activity, i.e., reading the existing ®xposting a new text, we distinguish the directions of
the links as follows: Post (Comment)User representthe User reading the Post (Commenthile User—Post
(Comemnt) indicates thaélhe User is writing a new Post (Comment)

In our research within the Project we use several types efor&s derived from the data:

(a) Full bipartite network as described above, with Users (U) and Posts & Comments JP&dch is most
suitable for visually presentingreetwork of an individual Post with all its Users and their Qoients Notice that
these networks amirectedgraphs, which provides additional features of the dynabhsigstem. In the considered
datasets such network can be very large (see Tall®r the size of data);

(b) Weighted bipartite networis a compressed bipartite network with Users and Posts assrat-P), while the
widths of linksWij represent the number of comments of the ugarthe Posf. These networks are undirected
and more suitable for the spectral analysis, compared tdifjphrtite networks. An example of such network
representing the evolving Community on Blogs is given in Bi@ (detailed analysis i given in.f3);

(c) Weighted networks in User projection or Post projectiane undirected monopartite versions obtained by
suitable projections from the full bipartite network of ttigta. In the projection two Users are connected directly
with weighted links, representing number of common Postspp& of Users,CiEj‘, or the number of common
Users per pair of Post@}f, in the Post projection (see Refs5 9)).

We have explored in all details the topological propertfdbe networks derived from the data of Blogs and Diggs
[15, 13]. For the purpose of this report, it is useful to mention tthegt topology analysis alone already suggest
a clear Post popularity measure (number of comments exugeditain value, here 100, which is visible as a
break point in the degree distributions and the distrimgiof commons in each considered dataset). The popular



Figure 3.3: Evolution of a weighted network on Blogs of nofpapularity: Users (blue circles) linked to Posts
(squares), which are colored by their net emotional confatitive (red), negative (black), or objective (white).

Posts appear to have different power-laws. We concentrait@yron popular Posts as most suitable for detecting
the collective emotional behavior. Moreover, a strikingdtogical property of these networks is theiesoscopic
inhomogeneity, or the occurrence@mmunitieof nodes with stronger connections among each other/].
These communities play an important role in the collectiyeainics that we are interested in and thus we have
developed a systematic way to detect them. The methodolaggdoon theigenvalue spectral analysis of the
weighted bipartite graphs outlined below (detailed study of modular monopartiteaeks is given in Ref.

[14, 15]).

3.3 Identification of user communities on Blogs and Diggs

Having the network constructed from the data and put intoitalsle form (as discussed above), we look for
the community structure on that network by the eigenvalgespl analysis of the Laplacian operator, which is
related to the network adjacency matrix. In particular,tfeg networks of popular Posts from Blogs and Diggs,
we find that the appropriate forms of the networkS][are the weighted bipartite networks of Users and Posts,
for which the normalized Laplacian is given 3] [

Wi o .
it b= ZWJ : (3.1)

Here/; is so calledstrengthof a node (that can be defined both for User or Post nodes)\Mgrate the elements
of a real symmetrical matrix defined by the widths of the link&ich are uniquely determined as the number
of comments of the Userto the Postj. In the case of User-projected networks, which is more Blgtéor
the community analysis in normally popular Blogs, discdsseRef. [L5], the matrixWj is replaced by the

LiLf:&j—
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Figure 3.4: For Diggs network: in- and out-degree for usetitian (a) and out-degree of post partition (b).

commonﬁi‘?. The standard algorithms for solving the eigenvalue pmtaee then used to determine the complete
spectrum of the eigenvaluédo, A1, ---An} and the corresponding eigenvectors. The size of the netiNar&n

be sometimes a limiting factor for the numerical algorithim.such cases we reduce the network by using the
topological properties, e.g., node’s connectivity, calityr or strengths.
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Figure 3.5: Left: Scatter plot in the space of of three eigetors indicating the occurrence of user communities,
and Right: The community structure in the weighted netwdrBBC popular Blogs with Users (circles) and
Posts (squares). Weights on links correspond to the nunflimmoments posted by the User on the Post, while
the color on the Posts indicates their overall emotionatemtn averaged over all comments on it.

Detecting the communities on such networks is based on welvk properties of the eigenvalues and corre-
sponding eigenvectors of the adjacency matrix and singitairbther matrices related to it, such as the Laplacian
(3.1). In particular, in the presence of subgraphs, apart franzéro eigenvalue corresponding to the entire graph,
the eigenvalue spectrum shofesv small non-zero eigenvalyerresponding to each of the subgraphs. These
eigenvalues appear to be separated from the main part optieérem for a particular network realization, or a
separate peak appears in the spectral-density, when ambelesef the networks can be consideréd][ The
eigenvectors belonging to these eigenvalues, are ortlab¢mithe eigenvector of the zero eigenvalue (which has
all positive components), and hence appedotalizeon the subgraphs. This means that non-zero components
of such an eigenvector carry indexes of the nodes in a subg@amsequently, one can identify the nodes of each
subgraph by looking at different branches in the scatt¢qfithe eigenvectors against each other. An example
relevant for our discussion of popular Blogs is shown in Big.indicating four communities. Three such com-
munities of Users with related Posts are shown on the netwiédch Post is colored to indicate its emotional
content: positive/negative (red/black) if the average gonaf all comments exceeds0.25, else neutral (white).
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User Behavior & Emotional Avalanches
on Blogs and Diggs

4.1 Robust patterns of user collective activities

From the high-resolution data that we have one can easitp@xhe events at a particular post and, similarly,
the activities of a particular user over time. The stat&#tanalysis of such daté §], together with the emotional
contents of the related comments], gives insight into the underlying mechanisms driving élcéivity on Blogs
and Diggs. Here we mention (see also discussion below) tlwostdfeatures related to the lifetime of Posts:
(i) Delay t—to of the activity to posted materiahe distributionP(t —to) is shown in Fig4.1a, exhibits robust
power-law tail (data are from two Blogsites, see also d#ifeisystems studied irZ]); (i) Number of comments
Ncom(i) On a Postover time has a particular pattern of fluctuations (insetitp &.1b). Considering all posts in
the dataset we plot the dispersion of such time series ag#naverage, which is shown in Fig.1b, where
each point represents one Post. The occurrence of the Tadbng [] with two distinct sets of Posts is visible
(corresponding to two slopes on the plot), one with predamily internally drivendynamics, slope- 0.5, and
the other set where external driving is more prominent,esiogreasing towards 1. In order to further examine
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Figure 4.1: (a) Deleyed action of events at posted mateni@logs and (b) Dispersion of time-series of all Posts
(different time windows are considered).

the nature of the activity on these Posts, we need to conidaretwork connecting themia active usersin
particular, we find themergent community of useedated to specific sets of Posts and consider detailedtsctiv
of these users and their emotional comments. To studgahective user behavior over networkadrole of
emotiongn it, we select from the Diggs dataset those popular Postshagxhibit over 50% of Comment-on-
comment actions (discussion-driven or ddDiggs).



4.2 Evidence for self-organized criticality in the emotioml comments

Represented as a network, popular discussion-driven Digge a large community consisting b = 81925
Users, who made\: = 918019Comments onNp = 3984Posts Time sequence of the cumulative activity, i.e.,
number of comments within a small time kg, = 5 minutes on these Posts is followed within entire time pkrio
available in the dataset. Similarly, the time-series ofribenber ofemotional commentsehbmn{t) and number
of negative-emotion commentéthin the time bins is shown in Figt.2 (Only a part of the time-series is shown.
The community exists for 3229 hours, of which the intensistivity with avalanches occurs over 2153 hours.)
Two characteristic features are immediately recognizaBl&@he time-series are fractal (antipersistent), wité th
long-range correlations of the/ &-type over a large frequency range (except for very larggueacy); (i) Each
peak in the time-series, indicating amalancheof comments within certain time period, is superimposea ont
such a peak ofiegativecomments, suggesting a particular role of negative emsiiothe dynamics on Diggs.
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Figure 4.2: Timeseries showing the cumulative emotionalamches in large communities at popular ddDiggs
(top); Power-spectrum (bottom) shows long-range coiimatwith 1/v type of noise occurring in the timeseries
of negative comments, all subjective (emotional) commeartd all comments including objective ones.

Occurrence of the temporal correlations, manifested irirdatality of the time-series and the power-spectrum of
1/v-type, is an indication of theelf-organizing criticality(SOC) in this dynamical system. Further evidences of
the SOC B, 9, 19, 4, 16] can be found, typically in power-law distribution of thesd@nche sizes according to the
expression

P(s) ~ s "exp(—s/%0) ; (4.1)
where s is a finite-size cut-off, and similarly for the avalanche ationsP(T), and other related quantities
[4, 18, 17]. Furthermore, the distribution of temporal distance kestw consecutive avalanché¥dT), also
exhibits a broad power-law behavior, as seen for instandedncase of earthquake$| [and other nonlinear
systems with self-organizing dynamic<].

Here we give such evidences of the SOC by focusing first ontkate occurring at each of 398ddividual
postsin our dataset. The results for several representativetifigarare given in Fig4.3 The time-series of the
emotional comments at a particular post, Fida, shows two large peaks and several smaller peaks, inticati
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avalanches with different number of comments on the Poste M@t an avalanche can be determined from the
time series as an area under the signal between two consepotints where the signal drops to the base line, as
it is usually done in the experiments/. The dispersion of the signal plotted against its averaee/represents

a single point on the plot in Figt.30. Shown are the results for all Posts in the considered elat@scurrence

of the scaling behavior according to (see recent review]ind; ~< Necomni{i) >#, with u = 0.5 indicated by the
straight line, suggesendogeneouslgriven dynamics on these popular Posts. The size of avadanohmeasures

in terms of the number of comments in consecutive time bifarbehe activity stops, etc. along the entire time-
series, is computed for all Posts in our dataset. The digtoib of the avalanche sizes averaged over all Posts
is given in Fig.4.3c. Three lines are for the distributions of the size of avelfes of all comments, comments
with negative, and comments with positive emotional cotstehhe distributions of sizes of the avalanches which
contain connected negative comments (black line), andvalbaches (pink) are fitted by the expressidri)
with the scaling exponert; ~ 1.5, indicating closely SOC behavior. However, the avalaschikich contain
the connected positive comments (red) seem to be away frerarifical state, with a dominant cut-off, which
suggests subcriticality. These findings are in agreemehtawviother measure of the SOC states, the distribution
of the time between avalanches, shown in Fd@d. Again, the avalanches of positive comments exhibit an
exponential decay, while the avalanches of negative (dhdahments have a broad power-law distributions.
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Figure 4.3: Example of the timeseries of the number of ematicomments on a popular Posts in the ddDiggs
dataset (a) and the respective scatter plot of the dispersicaverage of the timeseries of emotional comments at
all such Posts (b). Distribution of (c) the sizes and (d) #moral distance between the emotional avalanches.

The observed differences in the distributions related éostlibsets of positive- and negative-emotion avalanches
of comments, as shown in Figé.3c and d, suggest that there might be a control parametergcideldrom the
human behavior on Posts, which can tune the emergent gglfi@ed states in the blogging dynamics.

Our aim here is to further investigate how such SOC statesiroaed their robustness with respect to potential
control parameters. The strategy is as follows: In the nextisn we extract several such parameters, which in
our opinion are relevant for the microscopic dynamics. V@timtroduce a cellular-automaton model in which we
can first reproduce the SOC dynamics of the type documentectai Figs4.2and4.3. Furthermore, within the
model these control parameters are varied in a wider rangriad their values extracted from the real dataset,
and the predictions made of their impacts onto the SOC stdtdse system.
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5

Control Parameters & Predictions of SOC
Dynamics

5.1 Extracting control parameters from real data

Based on our experience with Blogs and Diggs, the microscdypnamics (user—posting—comment, triggering
more users for their actions, etc.) depends on several fahtsh can be formulated in terms of thpdate rules
and constraintswhich affect the course of the dynamics, and thus the emesgates. A minimal set of such
control parametersegulating the dynamics with the emotions is given here eleed to the real data (see the
related Fig5.1and Tables.1):

e User delayed actioo posted material; data analysis gives distributions wifhower-law tailP(At), see
Fig.5.1a; The parameters are: the slapeand, in some cases, the threshold (or characteristic sgle)

e User tendency to a negative commenteasured by the parameter which can be inferred from a given
set of data as a fraction of negative comments among all cartsnneade by the same user, and averaged
over all users in the considered set; The distribuR¢a) for a set of ddDigs is given in Fid.1d.

e Post strengthS, is a topological measure uniquely defined on our biparétevarks as a sum of all weighted
links of a Post node (that is, number of users linked to it andtipiicity of their action). It takes into account
the number of comments on the Post, which is a measure oftatitya (relevance) of the posted material;
Post strengths from the data are given by a stretch-expiahdistribution, see an example in Fig.1c.

e User dissemination activifyparameted, is a measure of contingency of the bloggers activity, amdbea
deduced from the data as the average fraction of the actionsess who are active more than once and
at different Posts within a small time bin (we set time fjr= 5 minutes); In real data this is a very small
fraction of users, however, it appears that they play an maporole in accelerating the activity on a Post
or transmitting an activity (and possibly emotion) from d®wst to another one at the same Blogsite.

o Network structuremapped from the real da# various instances of timare important for the quantitative
analysis but also play an important role in the evolutioreaf events; The network of users at Posts evolves
over time and new users appear, however, among the alregidiered users those who are very active often
return to the Posts that they have commented previouslya&tual network structure predicts where these
type of actions may occur.

In Fig. 5.1b we also show a small part of a pattern of user emotionale€twer certain period of time. Colors
indicate emotional charge (difference between the numbpositive and the number of negative comments) by
a particular user within one-day time bin. Users are ordbsetiime of their first appearance (within the dataset).
Comments by each particular user can be traced along thetiimevhereas the diagonal stripes indicate potential
chain of the emotional activity on a particular Post.

12
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Figure 5.1: (a) DistributionB(At) of the temporal delagt between two emotional (positive/negative) comments
of the same user on BBC Blogsite, averaged over all usergicdhsidered dataset. (b) Patterns of user emotional
activity over time (for better resolution only a small pashown) where color code indicates overall “charge” of
comments made by the user within one day time bin. (c) Curnwveldtstribution of the strength of Posts averaged
over all Posts in the set of popular Diggs. (d) Cumulativeritistion of the probabilitya for a user to post a
negative comment, averaged over all users in the datasepoigr Diggs.

5.2 Varying the parameters within CA model on realistic network

In order to grasp into the role that a particular control pater has in the bloggers dynamics, we need a suitable
theoretical concept and a numerical model, within whichhquarameter can be varied in a wider range compared
with its value extracted from the dataset. A suitable modé¢he case of data and parameters studied above is a
cellular-automator(CA) model, defined on the bipartite network structure, whdeduced from the real data
and supplemented with the following set of update rules. gifoeedure implemented in C++ is as follow:
Weighted bipartite network (like the one in Fi8.5) is constructed from the considered set of ddiia; Each
Post node on the network is attributed its real strength,peded from the data; Similarly, each User node is
attributed its actual list of links with their weights and @pability a from the distributiorP(a) (cf. Fig.5.1d);

(iii) An active User preferentially selected to start the dynarhiccommenting one of the Posts from its list; With
the probabilitya associated with the user, the comment gets negative erspttse equal probability of being
positive or neutral appliegiv) Users linked to the active Post are prompted, however, dablem takes its delay
time, which is taken from the distributid®(At) of the actual dataset; Users whose delay-time appear tadotesh
than the preset time big, are considered as active and comment the Post; Within the §ane bin, with the
probabilityA each active user choses to comment additional Posts frdistit$he cycle continues from the list

of Posts being active within the preceding time bin, and s@otentially producing an avalanche of comments.

We use time bir, = 5 minutes, same as in the analysis of the real data. Folloadeh comment on a particular
Post the available strength at that Post is reduced by ongidway, an avalanche of connected events may
stop when either none of the prompted Users chose to be agtitlee Post strength is exhausted, or the network
topology does not permit a link to other still active nodesie Bimulations results based on the parameters and
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the network structure extracted from popular Diggs datashosvn in Fig.5.2and summarized in TabR 1

Fixing the set of parameters at their values extracted fluanréal data, and varying the parametewe find

the power-law distributions of the avalanche sizes for alhments and for the emotional (positive/negative)
comments wheld = Ac ~ 2.1 x 10~* (see more discussion below). Varying the param&tar the simulations
appear to have major effects on the emergent avalanche Spesifically, forA < A¢ the cut-off limiting the
power-law observed a; dominates, indicatingubcritical behavior. Conversely, wheh > A, we observe
excess of large avalanches, compatible gitipercriticalbehavior in SOC systems. Other dynamical variables
are also sampled (i.e., time-series, duration of avalas)alibich are compatible with the critical stateAat

0

10° T
107 .
~107 .
£
) A=A
5_’10‘3 e E
o All
10" - Negative il
+ Positive
10'5 . L L L
10 10° 10" 10° 10° 10*

S,

em

Figure 5.2: Simulated avalanches on realistic network aititl @ontrol parameters extracted from the real data:
Testing the role of dissemination(left) and the distribution of emotional avalanches in thigaal state (right).

Table 5.1: Extracted from the datasets: Parameters whittnaidhe critical behavior on Blogs and Diggs.

Description/ | Parameter Range Varied Effects
meaning symbol in Data in CA model | onthe emergent states
User A 1.33-2.15 real: Power-law SOC
action delay A% < 10°min Exponential | other universality clas$
User a 0<a<l1 real SOC
emotion pref. Ao ~1071t power-law SOC, less negative
Post S stretch-exponential real SOC
relevance (strength) P(S) - -
User A distribution! 1.2-28 Ae=21x10"1%
dissemination| (probability) 0<A<1 x107% Sub- Super-criticality
Network N, CC N>1x10° real Ac(N)
structure P(W) power-law real SoC

Varying other parameters while = A; remains fixed we further test the robustness of the obseroegplaw
avalanches. Specifically, assuming a different type ofibistion for the user-delaf?(At), e.g., with an expo-
nential decay (see Tabe1), we find that the power-law avalanches still exist but witlother set of the critical
exponents. Similarly, assuming a power-law distributionthe user preference to the negative commBfs),
which is entirely different from the one derived from thelrdata, the SOC persists but with a reduced fraction
of the negative avalanches. It is expected that the usevlmhahich is modeled by the above parameters and
distributions may vary, for instance by the coupling to tkéeenal environment, or by changing geographical
location. Thus our simulations suggest to what directiochsthanges can drive the criticality at the popular
Blogs and Diggs. The network structure and the strengthesif fodes, on the other hand, are the fingerprints of
the considered dataset, thus they are not varied withinithelations. Theoretically, the topological parameters
of the network and of the nodes can be varied and their effactthe dynamics studied in the same manner.
Specifically, we expect the value of the critical paramateio depend on the network size (number of users and
comments) and node strength (posts attractivity). Heheenétwork structure need to be varied according to the
actual data, in order to theoretically predict the diretsiof the future events within the considered dataset.

14



In the above CA model we consider the control parametas a free parameter. The actual value of this parameter
can be also determined from the considered dataset. We fra/érage valuef this parameter a8 = 3.75x

104 from the same dataset corresponding to the time-serieg @frtiotional comments shown in Fg2 Note

that, according to our model, this value impliesupercritical behavioin this community, where different Posts
are connected by the Users, in contrast to the case of idoRasts, with the avalanche distributions shown in
Fig. 4.3c. Computing the distribution of the avalanches in the winolenmunity we find the excess of the large
emotional and negative avalanches (see 5ig.right). Note that occurrence of such avalanches is aldblgis
(large peaks) in the corresponding time series in &ig. Similar analysis of the emotional avalanches was done
for a large community on popular Blogs, shown in FBgB, left, where the overall behavior is compatible with the
critical or sub-critical state (we fountl = 1.37 x 10~ for this dataset).

[+ all emotional
B—M negative

100001
- y=10000x *“exp(-x/20) 10t L
- y=5000x “*exp(-x5)
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10° 10' 10° 10" 10° 10° 10" 10

Figure 5.3: Distribution of the emotional avalanches onnaated Posts in Blogs (left) and in ddDigs (right).

In the case of MySpace netwonk® consider the time-series of tdéalogs between users along the networks
occurring within two different time windows, shown in Fig.4. We find that the avalanche-like dynamics also
occursin this case, however, with quantitatively diffafeatures. As mentioned above, the cumulative avalanches
can be determined from the time-series. The distributiothefavalnche sizes is given in Fig.4, indicating a
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Figure 5.4: Time-series (top) of the dialogs from MySpademoeks with two different time depths. Distributions
of the avalanche size (bottom) obtained from the time-se&ird (inset) power-spectrum of the time-series.

clear power-law behavior before a cut-off, with the expdrdese to 06, and slightly varying with the time-depth
of the network. Similarly, the fractality of the time-sesief the dialogs along MySpace networks is reduced
and, consequently, the power-spectrum shows weaker abore$ and the extended region of white-noise at large
frequencies, compared with the above studied time-seatssftbm Diggs and Blogs.
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5.3 Summary & Future work

Data, Networks & Emotionanalysis performed by WP6 in the first reporting period idelsi a range of the
activities of our group, which (i) enabled us to conduct theamingful analysis of the data based on theory of
complex dynamical systems and complex networks and dévévestsults anticipated in the Deliverable D6.1; and
(i) makes the foundations (i.e., numerical algorithmsthmoes and theoretical concepts) for a straightforward
continuation in the future work on the Project. In particuvee have developed several methodologies and related
numerical algorithms (listed in the attachment) for thdemilon and the analysis of the particular type of data,
i.e., high-resolution data from Blogs and Diggs and netwdrkype of data with the dialogs from MySpace.
In addition, we have developed the theoretical concept hadppropriate model to understand the origin and
robustness of the observed collective behavior in Cybersppecifically on Blogs and Diggs.

It should be stressed that within our network approach ai@rpoint is to identify theJser Communitieswvhich
make natural social groups in the Cyberspace, and then apgbtailed analysis of the emotional contents,
temporal patterns of user behavior, etc., to understandahective phenomenaithin such connected groups of
users Our methodology developed within this part of Project agsk enables a comprehensive analysis of large
datasets, as demonstrated above and in the related pidsiei, 15, 13], which can be summarized in three
major parts as follows:

e Networks & User CommunitiesHigh-resolution streaming data are mapped onto biparéte/orks and
User-communities detected on them, and ID’s of users wittése communities and the lists of their actions
over time and related ID’s of Posts and Comments selected;

e Emotions within Selected User Communiti€&mnotional contents of the texts posted by the selected in-
dividual user, user groups, and dynamical user commuratiség over time is analysed and the results
associated to the original data as additional property désdor further (statistical, temporal) analysis and
visualization;

e Self-Organized Criticality with Emotional Avalanchéghe dynamical evolution with avalanches of com-
ments is traced over bipartite networks, in particular tredanches of mutually connected emotional com-
ments, as demonstrated in our analysis for the user comi@sigitouped around certain sets of Posts (and
individual but very popular posts). The tightly connectegtucommunities and the posts keeping them
together are identified danctional units on the bipartite network3 his provides a topology evidence in
addition to the number of other quantitative evidencesweafound for the self-organized criticality with
(emotionally charged) avalanches of comments. The seteafdhtrol parametershat have potentials to
tune such self-organized critical states are determinsddan the data-analysis and the theoretical model
built on the real data and network, are summarized in Tabl&l& numerical values of the control pa-
rameters are expected to depend on the size of communityding both users and posts) and internal
connectivity of the network and potentially on the geogieghocation of the Blogsite.

In the next period, applying the methodology which we haweetiped so far, we intend to expand the research
in the following directions:

e Complete and analyze the MySpace datasets; Analyze ottesads from Blogs including hyperlinking
between different Blogsites, microblogs, etc., to prowe statistics and dynamical stability of the self-
organized emotional states in relation to the actual copaameters;

e Developing an agent-based model of blogging and improvetésent cellular-automata modeling related
to the data by introducing the psychological profiles of teers, according to the measurements of WP7
and the emotional classifier with the extended s¢al® +5) of emotion, currently developing by WP3. At
this level of modeling we expect to better understand thetyithg mechanismsl[l] of the dynamics and
uncover a full range of the emotional activities within thiggical avalanches that we are detecting;

e Set up an automated analysis which incorporates all ourigtigaes along the line discussed above:
Data = Network€& Communities=- Criticality and back, in order to improve search in real time for posts,
users, and user communities, where relevant events ocalipradict their potential future development.
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D6.1: Conclusions

The dynamic critical states with emotional avalanches nwyowithin user communities arising in the networks
of popular posts on Blogs and discussion-driven Diggs. €las analysis of the data indicates the self-organized
criticality in several measures (avalanche size distiids, 1/v-noise in the fluctuations of the number of emo-
tional comments, Taylor scaling, and time-spacing of treawhes). These dynamical states depend on several
control parameters, which are readily determined from thgpective dataset. On the quantitative basis, the criti-
cal states are most sensitive to the fraction of very actsezs) who may give raise of the dissemination parameter
over its critical valueA; for that community (in the case of popular Diggs, estimatgdorresponds to approx-
imately 2% of such users), where the supercritical statesiowith a number of very large avalanches. These
users can be easily identified by their IDs and action timekéndata, which gives a possibility to influence their
activity and thus the emergent collective behavior. Othedes of the control, e.g., planting positive comments,
changing the delay time of user actions, etc., which arewaptby other control parameters in our analysis, have
much lesser effects on the course of the dynamics. On thiajival basis, the comments with negative emotions
(critiqgue) seem to have much profound effects on the oceoeref the critical states in the considered datasets
(different situation is expected in the case of unpopulat®and in communications within 'friendly’ networks
like MySpace).
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6

List of Algorithms, Attached material and
Online-information

6.1 List of numerical algorithms by WP6

(a) Algorithms developed by WP6 (JSI group):

e Python scripts for Blogs data crawling;
e Python script for MySpace networked data crawling;
e Number of C++ codes for:

— Data mapping onto bipartite graphs; Topology analaysie®@fraphs and their projections;
— Spectral analysis of projected and/or bipartite networidsidentification of communities;

— Statistical analysis of data; Extraction of control partare from the sets of data; Extraction and
analysis of time series for different types of quantities;

— Simulations of CA-type update rules on real networks andyaisof the simulated data;
(b) Algorithms from other sources used by WP6 (JSI group):

e Emotional classifier with Objective anfl1Emotional contents (provided by WP3);
e Pajek software for graph visualization (by Pajek); Othepinic packages within Matlab, GNU, xmgr,...;
e SQLite for managing the crawled data from MySpace;

e MEncoder, video decoding, encoding and filtering tool reéshunder the GNU General Public License;

6.2 Movie: evolution of a network with users and emotional cooments

Movie describes the evolution of a User community on popBlags: Appearance of the Users and Posts and
Comments linking the Users are shown in series of steps advbkition in real-time; Collor of the Comments
indicates their emotional content classified as positied)megative (black) or neutral (white). Link: http://www
f1.ijs.si/l~tadic/projects/pub/blognet.avi
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6.3 List of published science papers, draft, and online-datby WP6

Publications in Journals and Conference presentatioateceto our results obtained within the CYBEREMO-
TIONS project (links to the online-data are also availabiéntip://www-f1.ijs.si~tadic/projects/cybere.html):

e M. Mitrovi¢ , G. Paltoglou, and B. Tadi€. Networks and eias in user communities at popular blogs.
DRAFT , 2010.

e M. Mitrovi¢ and B. Tadic, Bloggers behavior and emergemhawunities in Blog space Europ. Phys. J. B:
online version: DOI=10.1140/epjb/e2009-00431-9

e M. Mitrovi€ and B. Tadi€, Spectral and Dynamical Propestin Classes of Sparse Networks with Meso-
scopic Inhomogeneities, Phys. Rev. E vol.80, 026123-120Q9)

e J. Grujie, M. Mitrovi¢ and B. Tadi¢, Mixing patterns an@mmunities on bipartite graphs on web-based
social interactions, Proceedings of Digital Signal Preaeg 2009 16th International Conference, 5-7 July
2009, Santorini, Greece, ISBN: 978-1-4244-3297-4, DOI1109/ICDSP.2009.5201238 Current Version
Published: 2009-08-18

e B. Tadit, Blogs Dynamics and User Communities , Modellimie8ce: Understanding, forecasting, and
communicating the science system, 6-9 October, Amsterbatierlands, 2009

e M. Mitrovi€, B. Tadi€, Finding Strucure in Blogs: Bipat#i Network Analysis, VALUETOOLS 2009 Oc-
tober 20-22, 2009 - Pisa, Italy Fourth International Coaifiee on Performance Evaluation Methodologies
and Tools;

e B. Tadi¢, Modeling Traffic on Networks as Complex Dynami8gktem, Colloquium, Lakeside Labs, Kla-
genfurt, 9. November 2009,

e M. Mitrovi€, Emotions & user communities in Blogs and Diggpresented at The CyberEmotions Work-
shop, 21-23 January, Wolverhampton, UK. 2010.

e M. Mitrovi¢, Spectral analysis of networks reveals comiities in complex systems data, COST action
NP0801 Meeting: Physics of Competition and Conflicts [anE]IN2009: evolution and complexity, Rome,
May 28th-30th, 2009.
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