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therefore be used to gain new insights on the structural and functional
relations occurring in large-scale structured populations, eventually
leading to the identification of metrics that might be used for the def-
inition of precursors of large-scale social events.
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RESULTS

Our data sets consist of time-stamped and geolocalized time series
of tweets associated to the following events: the Spanish 15M social
unrest in 2011, the Outono Brasileiro (“Brazilian Autumn”) in 2013,
the discovery of the Higgs boson in 2012, the release of a Hollywood
blockbuster in 2012, and the acquisition of Motorola by Google in 2011.

The spatiotemporal annotation of each tweet in the time series
allows the construction of spatially localized activity maps that help
identify, as time unfolds, the role that different geographical subunits
played in the global exchange of information. For each data set, the
definition of the corresponding spatial unit is performed according
to administrative and geographical boundaries as specified in
Materials and Methods (see Fig. 1 as well). Note that the map only
shows how the signal increases in all regions and does not provide
evidence of any unexpected transition, pointing out that volume
alone is not a good indicator of the evolution of the events.

The time-stamped series of tweets that originated from each spatial
subunit X (supra-urban aggregates) defines the activity time series Xt of
the corresponding subunit in the social system. Time stamps are mod-
ified for each data set to account for different time zones (see the Sup-
plementaryMaterials for details). Activity time series encode the role of
each geographical subunit, a sort of “who steers whom,” and several
techniques can be used to detect directed exchange of information
across the social system.Here, we characterize the dominating direction
of information flow between spatial subunits using STE (21, 22). This
well-established technique has been used to infer directional influence
between dynamical systems (23–25) and to analyze patterns of brain
connectivity (26).

STE quantifies the directional flow of information between two
time series, X and Y, by first categorizing the signals in a small set of
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symbols or alphabet (see section B.3 in the Supplementary Materials),
and then computing the joint and conditional probabilities of the
sequence indices from the relative frequency of symbols in each se-
quence, X̂ and Ŷ, as

TY ;X ¼ ∑p x̂iþd; x̂ i; ŷ i
� �

log2
pðx̂ iþdjx̂ i; ŷ iÞ
pðx̂ iþdjx̂ iÞ

� �
ð1Þ

where the sum runs over each symbol in the sequence and d = 1. The
transfer entropy refers to the deviations of the cross-Markovian
property of the series (independence between them), measured as
the Kullback-Leibler divergence (27) (see the Supplementary Materials
for all technical details). An important feature of symbolic approaches is
that they discount the relative magnitude of each time series; this is im-
portant in our case because different geographical units differ largely in
population density or Internet penetration rates. Flattening and discre-
tizing the original signal are a key feature to enhancing the sensitivity of
our proposal to any changes (evenminor ones) in the interaction dynam-
ics between subsystems (see section F in the Supplementary Materials).

Within this framework, we first analyze the temporal patterns
characterizing the flow of information. Admittedly, microblogging
data can be sampled at different time scales, Dt. To select the optimal
sampling rate, we consider all possible pairs (X,Y) of geographical
units and measure the total STE in the system T = ∑XYTX,Y as a
function of Dt. We consider the system-wide characteristic sampling
time scale t as that which maximizes the total information flow T.
This quantity provides an indication of the time scale at which the
information is being exchanged in the system, which is not necessar-
ily correlated with volume; see the early stages of (A) to (D) in Fig. 2
where the time scale drops by ~50% in a very scarce volume scenario
(see section F in the Supplementary Materials as well). The charac-
teristic time scale t changes as the phenomena under analysis unfold;
that is, it decreases as the system approaches the exponential increase
in overall activity that signals the onset of the collective event. As shown
in the top panels of Fig. 2, t is a proxy for the internally generated co-
ordination in the system that culminates simultaneously with the time
 21, 2018
Fig. 1. Spatiotemporal activity as observed from themicrobloggingplatformTwitter. Spain’s 15Mprotest growth in time shows that the protest did
not transcend the online sphere until May 15 when the political movement emerged on the streets. Broadcasting traditional media started reporting
about it soon after; by that time, demonstrations had been held in the most important cities of the country.
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of the occurrence of the social event: the street protest day in the case of
political unrest, themovie release date in the case of theHollywood block-
buster, and the announcement to the press of the Higgs boson discovery.
The only clear exception to this behavior is offered by the company acqui-
sition data set: the Google-Motorola announcement is a clear example of
collective phenomena driven mostly by an exogenous factor, that is, a
media announcement. In this case, the dynamical time scale is constant
until the announcement ismade public. In the SupplementaryMaterials,
we present the same analysis for the randomized signals, showing that
time scale variations are then washed out from the signal, as expected.

Themaximized information exchange can be analyzed at the level of
geographical subunits by constructing the effective directed network (28)
of information flowon adaily basis. This network is encoded in thematrix
{TXY}, which contains pairwise information about how each component
in the system controls (or is controlled by) the others. Thematrix {TXY} is
asymmetric. The directionality is crucial and denotes that the geographic
area x can exert some driving on area y and, at the same time, ymight
exert some driving on x. For this reason, it is convenient to define the
directionality index TS

X;Y ¼ TY;X � TX;Y , which measures the balance
of information flow in both directions. This index quantifies the dominant
direction of information flow and is expected to have positive values for
unidirectional couplingswith x as the driver and negative values if y is driv-
ing x. For symmetric bidirectional couplings, we expect TS

X;Y to be null.
We show in Fig. 3 the temporal evolution of the maximized

∑YTS
X;Y that provides the information flow balance of each specific

geographical area. The results show that in the 15M grassroots pro-
tests, a limited number of urban areas initially drive the onset of the
social phenomenon. These units correspond mostly to major cities;
however, the analysis also uncovers hidden drivers, such as Orotava,
a less known urban area. Only after the first demonstration day on
May 15 does the driving role become much more homogeneously
distributed. In the Brazilian case, a set of clear drivers is present only
during the onset phase preceding a demonstration on June 6 and
becomes fuzzier up until the major demonstration (June 17) and to-
tally blurred afterward. We find a similar behavior in the Higgs boson
cases (with rumors around the discovery on July 2 and the final an-
nouncement on July 4) (29). The blockbuster case is driven by a steady
excitement of the public before themovie release. Again, as expected, we
observe completely different patterns in the case of the Google data set.

In general, the evolving effective networks reveal a transition from
hierarchical causal relationships to symmetric (if rather fluctuating)
networks where information is flowing symmetrically among all sub-
units. If information flows mainly in one direction (that is, if the sub-
systems are arranged in a highly hierarchical structure), a subunit
dominates another, with no or little information flowing in the op-
posite direction. In this situation, a convenient manipulation of the
matrix (T→T†) based on the ranking and reordering of the elements
according to their directionality index yields an upper triangular
matrix (see Materials and Methods). The transition from such hier-
archical or centralized driving to a symmetric scenario can be clearly
identified by monitoring the ratio q ¼ T†

l =T
†
u between the sum of all

elements of T† in the lower triangle and the same quantity evaluated
in the upper triangle. As schematically illustrated in Fig. 4, in a re-
gime of perfectly directed driving, all the elements below the diagonal
are zeros; that is, q ≈ 0. In the opposite situation (that is, in the per-
fectly symmetric regime), the values below and above the diagonal are
comparable; that is, q ≈ 1. Hence, the quantity q can be considered a
suitable order parameter to characterize this order-disorder transition
Fig. 2. Characteristic time scale t. (A to E) The panels report the variation
of the characteristic time scale (blue) that maximizes the STE flow as the so-
cial event is approached. Red lines correspond to activity volume (number of
tweets). Light red vertical lines correspond to the onset of the main social
event. Gray vertical lines (B and C) indicate a smaller precursor event. (A)
The 15M event shows a progressive decline of the characteristic time scale
well before the actual social event; the same is observed for the Outono Bra-
sileiro in (B) (note a data blackout between days 10 and 11). The patterns for
the Higgs boson discovery data set in (C) and the Hollywood blockbuster
data (D) also reveal a drop in the characteristic time scale, although this is
smoother in the movie case. Overall, in (A) to (D) (endogenous activity), the
time scale has already dropped to 50% by the time the absolute volume
signals a system-wide event. Finally, the Google-Motorola deal triggers a
high volume of microblogging activity without actual change in the time
scale of the information flow (E). In this case, the decline is observed in
the aftermath of the announcement. As discussed in themain text, this event
is the only one that is clearly elicited by an exogenous trigger.
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and thus helps in the identification and differentiation of communica-
tion patterns across the subunits of a system.

We show in Fig. 5 the behavior of the parameter q as a function of
time in our five data sets. In all of the cases, we initially observe a highly
asymmetric effective network, where a few subunits have a dominant
directional coupling to the rest of the system and q≪ 1. As the systems
approach the onset date of the collective event, the quantity T†

l =T
†
u under-

goes a quick transition toq≈ 1, identifying a regime inwhich the couplings
indicate the existence of collective phenomena where all subunits mu-
tually affect each other. We see that in four of the five data sets, the system
has a clear order-disorder transition occurring in the proximity of the col-
lective event. In the case of the Brazilian protests, the measure significantly
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increases before the main event (June 17). Such behavior probably
results from the effects of small precursor protests taking place from
June 6 onward. The same behavior is observed in the Higgs boson data
set, given that rumors started circulating after July 2. Once more, the
Google data set behaves in a completely different way, never showing
a clear signature of a collective regime for the couplings network. In the
Supplementary Materials, we report the same analysis using the rando-
mized signal for both the 15M and Brazil events, and we observe no
order-disorder transition. Similarly, no transition exists for the Twitter
unfiltered stream case study (also in the Supplementary Materials).

All data sets cover a time span preceding and following the event,
and details on data collection, spatial aggregation (including keyword
Fig. 3. Evolution of information flow balance between geographical locations for the analyzed events. (A to E) The color goes from dark blue to
dark red (white corresponds to null driving), with the former standing for negative values of � yTSX;Y (that is, driven locations) and the latter correspond-
ing to positive information flow balances (that is, drivers). The size of the circles is log-proportional to the number ofmessages sent from the location at
that time, and the vertical bars mark the day of the main event. The geographical locations are ordered according to population size, except for (C), in
which countries are ranked with the amount of Higgs-related tweets produced.
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