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We must not allow our creative protest to degenerate into physical violence.
Martin Luther King – August 28th, 1963

I have a Dream

Big protest in D.C. on January 6th. Be there, will be wild!
@realdonaldtrump – December 19th, 2020

Last day of the “Stop the Steal” rallies

1 Introduction

Every year, thousands of protest movements break out around the world (Cantoni,
Kao, Yang and Yuchtman, 2024). Some last a few days, others months or even years.
Some stay local, others spread to subcontinents. Some are largely peaceful, others vio-
lent. Last but not least, these movements are only the tip of the unrest iceberg: Many
others are stillborn. In this paper, we study the interplay between the likelihood, size,
intensity, and duration of protests. We propose a model of protest dynamics based on co-
ordination failures and information acquisition that helps to understand when protests
can emerge and thrive, but also why they can radicalize and eventually die out. Our
framework is set in the context of contemporary protest movements that combine tradi-
tional street protests with online mobilization through social media. While social media
is known to facilitate the emergence of protests (Zhuravskaya, Petrova and Enikolopov,
2020; Aridor, Jiménez-Durán, Levy and Song, 2024), its ability to quickly organize mas-
sive protests may also contribute to making these protests vulnerable in the long run
(Tufekci, 2017). We show that the impact of social media on protests can change from
positive to negative over time, a pattern we illustrate by combining online and offline
protest data for the Yellow Vests movement.

We follow the tradition of modeling protests as a game in which payoffs are de-
termined by the total number of players who choose to mobilize. We incorporate het-
erogeneous protest intensity, as mobilization can be either peaceful or violent, and het-
erogeneous preferences among protesters, with passive types (who never participate),
moderates (who might participate peacefully or abstain) and radicals (who might par-
ticipate peacefully or violently). The shares of the different types in the population are
initially unknown. We assume strategic complementarity between peaceful participants
but strategic substitutability across types, as moderates prefer participating when others
are peaceful rather than violent. Protests are thus characterized by two margins, exten-
sive (size) and intensive (level of violence). We analyze the strong Nash equilibria of

1



this game, and show how the type of protest that emerges from this strategic interaction

depends on players' beliefs about the allocation of types in the population.

We then analyze a dynamic extension of this game where players use past protests

to update their beliefs about the population's preferences. Some equilibria imply an

identi�cation problem. This allows for the possibility of learning traps, where even with

an in�nite number of periods the long-run equilibrium differs from the one that would

be played if the population's characteristics where known (Fudenberg and Levine, 1993).

These traps can affect the extensive margin (if players overestimate the share of passives),

the intensive margin (if players misperceive the share of radicals), or both margins simul-

taneously. We study the causal effect of social media by letting players in each period

also decide whether to participate in online protests before making their of�ine protest

decision.

Equipped with this framework, we show that the effect of social media on protest

activity is subtle, and not always positive. Speci�cally, while social media might help

launch protests that would never have started, it can also facilitate radicals' coordina-

tion on violent action and lead to the premature demise of the movement. The effect of

social media is initially positive if it reveals that discontent in the population is larger

than expected, which encourages participation in the streets; conversely, a large-scale

street protest keeps revealing encouraging information to potential protesters, which

can cause a surge in online activity in the next period. These two predictions are partic-

ularly amenable to empirical analysis using exogenous variations in the cost of (online

or of�ine) protests. After this initial crowding-in phase where both margins of participa-

tion are activated online, several trajectories are possible. If online activity indicates a

large share of radical players, they will coordinate on violent action and crowd outmod-

erates. The fact that such acrowd-in-then-crowd-outsequence can result from the learning

dynamics under reasonable parameter values sheds light on several paradoxes, such as:

why low participation costs may make contemporary protest movements less sustainable

(Della Porta, 2013); or why state repression through internet shutdowns during social

unrest can sometimes back�re (Rydzak, Karanja and Opiyo, 2020).

In the second part of the paper, we test these predictions in the context of The Yellow

Vest movement, one of the most signi�cant episodes of social unrest in recent French his-

tory, which also shared many characteristics with concurrent protest movements around

the world. 1 Sparked by an online petition against high gas prices and with strong biparti-

1For example, Shultziner and Kornblit ( 2020) argue that the Yellow Vest movement is
quite similar to the Occupy movements in Spain, Israel, Ireland, and the United States in
terms of origins (economic issues and relative deprivation), organization (decentralized
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san appeal, it used social media (primarily Facebook) to successfully organize hundreds

of roadblocks across the country on November 17, 2018(hereafter 11/ 17). After this �rst

day of widespread and mostly peaceful protests, the movement remained very active on-

line. At the same time, however, street protests quickly became more violent, drew fewer

participants, and polls showed that the movement had lost popular support. To study

this movement, we combine geolocated data on street protests, Facebook groups, and

petition signatures with textual analysis of a panel of discussions on Facebook pages.

We start by documenting the movement's heavy reliance on social media in its early

days using spatial analysis at the municipality level. Like previous research in other

settings, we �rst show that early online activity led to more roadblocks on 11/ 17. We

then describe a lesser-known phenomenon in the literature: these roadblocks triggered a

second wave of online activity in the weeks that followed. According to our model, this

rebound effect corresponds to the last stage of crowding-in, whereby the 11/ 17 protests

helped spread information about the popularity of the Yellow Vests, which increased the

size of subsequent online mobilization. Consistently with our theoretical predictions, we

establish both directions of this feedback loop with two different instrumental variable

strategies based on exogenous variation in the cost of online and of�ine mobilization:

the progressive deployment of the 4G network and the spatial distribution of highway

tolls, which were heavily targeted by protesters as a symbol of car-related expenses.

Despite this online-of�ine feedback loop, however, protests quickly subsided after

11/ 17. To understand the movement's decline, we follow our theoretical framework and

examine the relationship between the size of protests and their violence. In the absence

of panel data on street protesters, we leverage another dataset of discussions on Yellow

Vest Facebook pages, for which we can track individual protesters' comments over time.

Using text-as-data techniques (Gentzkow, Kelly and Taddy, 2019; Ash and Hansen, 2023),

we analyze the radicalization process of a large group of discussants whose discussions

became increasingly radical over time. We �rst use this dataset to illustrate the Bayesian

updating process about the share of radical discussants and show that pages created

and deliberately leaderless), and tactics (nationwide occupation of public spaces). It also
bears a striking resemblance to the2013protests in Brazil, which were initially organized
against transportation fare hikes but grew to include other issues such as government
corruption and police brutality (Winters and Weitz-Shapiro, 2014). The online-of�ine
dynamics we study has many similarities to the events that unfolded in the United
States after the2020presidential election. These events included the swift organization
of ”Stop the Steal” rallies in late 2020 and the Capitol riots on January 6, 2021. The
latter were so severe that they raised concerns about a potential rebellion and arguably
brought an end to the movement.
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after 11/ 17 led to a quick upward reevaluation of this share, as predicted by the crowd-

in-then-crowd-outsequence.

We then exploit the panel dimension of our dataset to decompose the radicalization

process over the following months into an extensive margin (changes in the composition

of the population of discussants) and an intensive margin (an increase in the tendency

to post radical messages at the individual level). According to our estimates, both mar-

gins played almost equally important roles, although the effect of the extensive margin

was slightly delayed relative to that of the intensive margin, consistent with a potential

crowding-out of moderate discussants by more radical ones at the aggregate level. Fi-

nally, we use this empirical framework to provide direct evidence of the crowding out of

moderates, who left Facebook pages where discussions had become more radical. This

effect is quantitatively important and is robust to controlling for the sorting of discus-

sants across pages and for page-by-period unobservable characteristics.

Relationship to the literature. Our �rst contribution is to propose a novel model of

protest dynamics. The framework we propose has four main features.

First, we conceptualize protests as a coordination game, a standard feature of the

literature on collective action (Granovetter, 1978). An important element we add to this

literature is the explicit modeling of an intensive margin and of a strategic interaction

between different types of protesters. 2 Some of these interactions feature strategic substi-

tutability, allowing for a richer taxonomy of protests relative to the literature, which has

so far focused on the case of strategic complements.3 Empirically, some strategic sub-

stitutability is found in the studies by Cantoni, Yang, Yuchtman and Zhang ( 2019) and

Hager, Hensel, Hermle and Roth (2022), who both provide experimental evidence that

an upward shift in beliefs about turnout can depress participation. In our framework,

substitutability arises if moderates interpret this information as indicative of a large mo-

bilization of radicals. While this is unlikely to be the case in the study by Cantoni et al.

(2019), where all subjects are university students, this mechanism is more plausible in

the study by Hager et al. ( 2022), where substitutability is found among supporters of the

2A distinct strand of the literature studies the strategic interaction between protesters
and the government's response (e.g. Lohmann, 1993; Battaglini, 2017; Morris and Shad-
mehr, 2023, 2024). Another body of research examines how rebel groups choose between
violent or peaceful tactics when managing public opinion (Bueno de Mesquita, 2013; Yao,
2024).

3An exception is the paper by Steinert-Threlkeld, Chan and Joo (2022), who provide
evidence of crowding out as a result of violent protests.
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AfD, a German far right movement. 4

Second, protesters are imperfectly informed about the preferences of their peers, and

learn about it by observing data from past protests. The idea that protesting decisions

are affected by strategic uncertainty has many precedents, most notably in the literature

on global games (Morris and Shin, 1998; Angeletos, Hellwig and Pavan, 2007).5 In this

literature, each individual receives a noisy signal about the strength of the regime. We

show that rich dynamics arise even when all players share the same belief about the

preferences of the population. We also complement this literature by analyzing the long-

run relationship between protesters' beliefs and actions. To do so, we borrow tools from

the literature on active learning in games (Fudenberg and Levine, 1993).

Third, we do not only study the birth and size of protests but also their intensity and

persistence. We show that, for some plausible values of the population's preferences,

the strategic interaction between moderates and radicals implies that the dynamics of

protests display an initial movement of increasing participation followed by a sharp de-

cline (crowd-in-then-crowd-out), a pattern we document empirically in the case of the

Yellow Vests movement. A similar dynamic arises in the models by Correa ( 2022) and

Enikolopov, Makarin, Petrova and Polishchuk ( 2020b), but for different reasons. In Cor-

rea (2022), participants drop out gradually to receive reputational rewards contingent on

the duration of their participation in the movement. In Enikolopov et al. ( 2020b), partic-

ipation is driven by signaling motives and declines over time as the reputational payoff

of an extra round of mobilization decreases. Gieczewski and Kocak ( 2024) study another

type of crowding out due to intertemporal substitution in protests. Bursztyn, Cantoni,

Yang, Yuchtman and Zhang (2021) study the roots of persistent mobilization empiri-

cally. They show that incentives to attend a protest once have dynamic consequences if

a signi�cant share of protester's social network also turns out.

Fourth, we explicitly study the causal effect of social media by assuming that its

main role is to facilitate learning about the population's preferences. The closest ex-

isting model is that of Barbera and Jackson (2020), who study how the shape of social

interactions (prior beliefs, homophily, number of contacts) in�uences the likelihood of

a revolution. An important difference is that Barbera and Jackson ( 2020) view online

political activity as cheap talk (hence inconsequential), while we model it as a costly

4In the same study, Hager et al. (2022) also �nd that the treatment effect works in the
opposite direction (strategic complementarity) for left-leaning supporters of a counter-
protest.

5See also Shadmehr and Bernhardt (2011); Kricheli, Livne and Magaloni ( 2011); Little
(2016, 2017). Some papers study information revelation in a different direction, from
opinion leaders to followers (e.g. Loeper, Steiner and Stewart, 2014).
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(hence informative) form of political participation. This view, which is supported by our

empirical analysis, allows us to make predictions about the dynamics of protests with

and without social media.

We also contribute to the study of the interaction between online and of�ine forms

of protest. A large empirical literature has studied the effect of social media on the

emergence of protest movements, with most studies �nding a positive effect (e.g., Ace-

moglu, Hassan and Tahoun, 2018; Larson, Nagler, Ronen and Tucker, 2019; Enikolopov,

Makarin and Petrova, 2020a; Fergusson and Molina, 2021).6 Conceptually, social media

might serve two purposes: aggregating information about the population's preferences,

and the concrete planning of protests (e.g., choosing the location).7 Little ( 2016) models

both channels and shows that the former effect might be negative if the unpopularity of

the regime is not as strong as expected. While our model focuses on information aggre-

gation, with social media acting as a petition (Battaglini, Morton and Patacchini, 2020),

our empirical section provides a direct illustration of this dual function of social media

using data from both a virtual forum (Facebook) and a counting device (Change.org). We

also show, using two different methods (high-frequency time series and an IV approach),

that online-of�ine interactions may extend beyond the initial stage and therefore nurture

a positive feedback loop that can help protest movements persist and grow, in line with

descriptive evidence (Bastos, Mercea and Charpentier,2015).

Finally, we discuss why social media can also contribute to the premature demise of

protest movements, consistently with Tufekci's ( 2017) insights. To that end, we link the

issue of violence to the use of social media, which have long been accused of fostering

ideological segregation through �lter bubbles and echo chambers (Pariser, 2011).8 We

contribute to this debate by introducing the paradoxical result that an algorithmic bias

6Other studies focus on different outcomes, such as hate crimes (Bursztyn, Egorov,
Enikolopov and Petrova, 2024) or voting behavior (Fujiwara, Muller and Schwarz, 2024).

7Beyond information and coordination motives, Enikolopov et al. ( 2020b) show that
large online movements may magnify the reputational incentives to participate of�ine.

8Several studies have provided experimental evidence that social media use is indeed
associated with political polarization, but through con�icting mechanisms. For example,
Levy (2021) shows that Facebook's algorithm is less likely to expose users to posts from
news outlets with opposing views, while doing so would reduce their negative attitudes
toward the opposing political party. Conversely, Bail, Argyle, Brown, Bumpus, Chen,
Hunzaker, Lee, Mann, Merhout and Volfovsky ( 2018) �nd that Republicans express more
conservative views after being exposed to liberal Twitter bots. In a recent empirical
study using an early adopter strategy, Gylfason ( 2025) shows that Twitter penetration
radicalized protests in the US. Overall, how and to what extent social media affects
political polarization is still debated (see, e.g., Ross-Arguedas, Robertson, Fletcher and
Nielsen, 2022).
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towards violent discussions may not necessarily lead to more violent protests because

of its contradictory effects on the different factions behind the movement. We also con-

tribute to this literature by proposing several methods to measure radicalization and its

mechanisms, taking advantage of the structure and content of social media data.

The remainder of the paper is organized as follows. Section 2 presents our theoretical

framework. We provide empirical evidence of a crowd-in-then-crowd-out sequence on

the Yellow Vest Movement in Section 3. Section 4 concludes. Formal proofs and other

details about our application are relegated to the Appendix.

2 Conceptual framework

We present a dynamic model of political participation based on strategic uncertainty

and information revelation, where social media has non-trivial effects on protests dy-

namics.

2.1 The protest game

Our framework involves repeated protest participation decisions. We start by de-

scribing and analyzing the stage game of of�ine protests in the absence of social media.

Preferences. We consider a population of agents of mass one. Each agent is character-

ized by a �xed type q 2 R that measures the willingness to participate in the protest

movement.9

Participation decisions take three possible values, a = 0 (not participating), a = 1

(participating in a peaceful manner), and a = v > 0 (participating in a violent manner). 10

The utility from not participating is normalized to zero. Preferences depend on �ve

parameters a, b, g, c and c where a measures the value of a peaceful protest, b and g

measure the gain or loss from violence, and c and c > c > 0 measure the direct cost of

9This model is consistent with an interpretation of q as re�ecting a protester's expres-
sive concern, or her desire to trigger a policy change. Types do not change over time,
consistently with empirical evidence provided by Gethin and Pons ( 2024) showing that
recent protests in the US had limited effect on political attitudes.

10Protesters do not resort to violence with the purpose of conveying (or collecting) in-
formation (unlike, e.g., Bueno de Mesquita, 2010). Indeed, in our model the information
is publicly available to everyone (not just to protesters), and there is no scope for costly
political participation for the purpose of information provision, as every individual has
a negligible impact on aggregate information.
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peaceful and violent protest, respectively. Participation decisions depend on the mass of

individuals selecting either type of action: An individual i of type qi who plays ai = 1

reaps a payoff equal to

U [ai = 1, f ajg] = qi + aE1aj= 1 � bE1aj= v � c (1)

while the same individual playing ai = v receives a payoff

U [ai = v, f ajg] = ( v + 1)qi + aE1aj= 1 + gE1aj= v � c. (2)

Thus, the utility of protesting depends on the intrinsic willingness-to-participate q (net of

the cost), on the type of protest (peaceful or violent), and on the number of participants

resorting to either action. Complementarities can re�ect differences in experienced util-

ities from participating depending on the size of the crowd. In addition, more extreme

types have a greater gain from choosing violence.

We assume a, b, g > 0, which implies that all interdependencies take the form of a

strategic complementarity, except that violent action discourages peaceful protests. 11 We

also assumeg > a: complementarities are stronger for violent than for peaceful protests.

Types and uncertainty. Agents' preferences q are heterogeneous. A fraction 1 � mis

passive(q = qP � � ¥ ) and plays aP = 0. Among the remaining, potentially active

citizens, a fraction 1 � l is moderate(q = qM ), while the remaining share l is radical

(q = qR > qM ). We assume that qM > b, which guarantees that the bene�t of peaceful

participation is positive for both active types, and we further restrict the analysis to

situations where radicals never abstain (aR 2 f 1,vg) and moderates never engage in

violent action ( aM 2 f 0, 1g). This restriction puts the emphasis on situations of social

unrest, where the population is prone to mobilizing. However, allowing radicals to play

aR = 0 does not affect our main results and we allow for this extension in Section 2.3 to

study short-term dynamics.

The parameters l and m are uncertain. In the dynamic version of the game, from

subsection 2.2 onwards, the population uses information about past protests to update

its beliefs about l and m. We assume that protesters do not make any inference about

( l , m) from the realization of their own type, so that all groups share a common belief.

In the stage game, we capture the populations' beliefs via the expectations E [lm ] and

E [(1 � l )m] of the share of radical and moderate individuals, respectively.

11Our main predictions hold when b < 0 and jbj < a, i.e., when peaceful protesters
value violent protesters positively, but less so than violent ones.
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Solution concept. We look for pure-strategy Nash equilibria of the stage game where

each agent best responds to others' participation decisions given their beliefs about l and

m. The stage game typically admits multiple equilibria. To limit the number of cases to

consider, we focus on Strong Nash Equilibria(Aumann, 1959), that is, equilibria where no

individual or group can pro�tably deviate. One justi�cation for using this equilibrium

concept is that political factions have the ability to coordinate on their preferred action

among those that de�ne a Pareto-undominated Nash equilibrium. 12

Equilibria. An equilibrium is described by a pair (aM , aR), where aM 2 f 0, 1g is the

strategy of the moderates and aR 2 f 1,vg is that of the radicals. We interpret the

four possible equilibria as follows: the (0, 1) equilibrium describes a Routine situation

in which both types choose their default action; conversely, if moderates join radicals,

they form a Rally—equilibrium (1, 1). Radicals, however, may choose to protest violently.

If they do so without the support of moderates, they lead a Riot—equilibrium (0,v), but

if moderates protest peacefully alongside them, the situation amounts to a Revolution—

equilibrium (1,v). This terminology illustrates the interplay between the size and the

intensity of the protests. It is compatible with a variety of political outcomes, which we

do not model. Lemma 1 solves the equilibria of the model.

Lemma 1 The equilibria of the stage game are described on Figure1 in the (qM , qR) plane, and

fully characterized by the thresholdsqR, q�
R, qR, qM , andqM de�ned as follows:

8
>>>>>><

>>>>>>:

vqR = c � c,

vq�
R + gE [lm ] � aE [m] = c � c if gE [lm ] > aE [m],

vqR + ( g � a)E [lm ] = c � c,

qM + aE [(1 � l )m] � bE [lm ] = c,

qM + aE [m] = c.

The position of qM relative to qM (respectively, qM ) determines whether moderates

participate or not when radicals protest violently (respectively, peacefully). The strength

of preferences required for the moderates to participate when radicals are violent is

larger than when radicals are peaceful, as qM > qM , illustrating that violent move-

ments crowd out peaceful participation. The position of qR relative to: ( i) qR determines

whether playing aR = v is a dominant strategy for radicals; ( ii ) qR determines whether

12Whenever possible, we break remaining ties in favor of the equilibrium with the
lowest participation on either margin. We focus on the interior of each region in the
main text and treat the frontiers in Appendix A. 1.
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radicals prefer the equilibrium (0, 1) over (0,v) or vice versa. Finally, there may be situa-

tions where radicals prefer the equilibrium (0,v) over (1, 1), even though playing aR = v

is not a dominant strategy for them. This situation will happen if qR > q�
R, but only

in the case where the complementarity of violent protests outweighs that of peaceful

protests (gE [lm ] > aE [m]), so that q�
R < qR. When (qM , qR) is in the striped area of the

graph, (qM , qM ) � (q�
R, qR), our equilibrium selection leaves some indeterminacy: both

(0,v) and (1, 1) are Pareto-undominated Nash equilibria, the former is preferred by the

radicals and the latter by the moderates.

The strategic impact of moderates' preferences on radicals' protests is non-monotone.

To see this, consider the region where qR 2 (qR, q�
R). When qM < qM , moderates are

never active, and radicals resort to violent action. The same is true when moderates are

always active (qM > qM ). For intermediate values of qM , radicals remain peaceful, so as

not to exclude moderates from the movement. 13

Comparative statics. As a preliminary to the analysis of the role of people's beliefs

about the population's preferences in the dynamic model, we perform comparative stat-

ics in E [(1 � l )m] and E [lm ]. Consider �rst an increase in the (perceived) share of mod-

erates, for a �xed number of radicals—that is, an increase in E [(1 � l )m] and in E [m] that

keeps E [lm ] constant. This increase shifts both thresholds qM and qM downwards, and

q�
R upwards, as illustrated in Panel A of Figure A. 1 in Appendix A. 2. Moderate players

become more prone to participation, regardless of the action chosen by radical players.

If the type of radical players is very low or very high ( qR /2 [qR, qR]), this increase does

not affect their behavior. Conversely, in the intermediate case, an increase in the share of

moderates has an ambiguous effect on the behavior of radicals depending on the base-

line level of participation: it can “pacify” a fringe riot (from (0,v) to (1, 1) in the region

[q0
M , qM ]) through the increased participation of moderates; conversely, it can radicalize

a large peaceful movement (from (1, 1) to (1,v) in the region [q
0
M , qM ]), because radicals

can now play aR = v without fearing that moderates will leave the movement.

Consider now an increase in the share of radicals, keeping the share of active players

constant—that is, an increase in E [lm ] and a decrease in E [(1 � l )m] for �xed E [m].
This increase shifts qR and q�

R downwards and qM upwards, as shown in Panel B of

13This pattern echoes the results of Bueno de Mesquita (2013), who shows that violence
can only occur in situations of intermediate hardship because widespread poverty con-
vinces everyone to join a large and peaceful movement, whereas prosperity discourages
everyone from mobilizing. In our model, a joint increase in qM and qR can increase the
likelihood of violence, from (0, 1) to (0,v) and from (1, 1) to (0,v) or (1,v), or decrease
it, from (0,v) to (1, 1).
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Figure 1: Equilibria of the Stage Game: the 4R of Revolts

qM

qR

(0, 1)

(1, 1)

(1,v)

(0,v)

Rally

Revolution

Riot

Routine

qM qM

qR

q�
R

qR

Notes: The striped area corresponds to the equilibrium (1, 1) if gE [lm ] < aE [m]. In that case, q�
R is not

de�ned. Conversely, if gE [lm ] > aE [m], the equilibrium is indeterminate, with moderates preferring (1, 1)
and radicals preferring (0,v).

Appendix Figure A. 1. This variation does not change the action chosen by moderates

and has an ambiguous effect on radicals' behavior. Indeed, it might lead them to start

protesting violently (e.g., switch from (0, 1) to (0,v) or from (1, 1) to (1,v)), but it might

paradoxically pacify a violent movement (e.g., from (1,v) to (1, 1)). In the latter case,

this is because radical players, now more numerous, must refrain from violent action for

fear of moderates leaving the movement.

2.2 Dynamics of protests without social media

Beliefs about the population's preferences in�uence individuals' decisions to protest.

Conversely, protest movements reveal information about the population's preferences.

In this section, we analyze the joint evolution of beliefs and political participation in a

dynamic framework.

Timeline. The stage game described in subsection2.1 is played at each period of an

in�nite horizon. Time is discrete and indexed by t 2 f 1, 2,� � � g. Players are short-lived

11



or, equivalently, myopic. 14

All players start the game with a common prior belief over ( l , m) described by the

full-support pdf c0 : [0, 1]2 ! [0, 1].15 We write ( l , m) for the generic variable and ( l̃ , m̃)
for the correct value. Since agents are short-lived, at each datet, they play an equilibrium

of the stage game given their beliefs c t (ht ), where c t is the Bayesian posterior following

history ht . We do not resolve the indeterminacy between (0,v) and (1, 1) in the region

where multiple equilibria are allowed (the striped area in Figure 1), but instead assume

that the same equilibrium is played every time these equilibria co-exist. This can re�ect

that one of the two political groups has a higher ability to coordinate and impose its

preferred equilibrium on the other.

Given this selection rule, we write a� (c ) = [ a�
M (c ), a�

R(c )] for the equilibrium of the

stage game under belief c .

Information. After each date t, the behavior of n players at the last stage game is pub-

licly displayed. These n players are randomly, uniformly and independently selected

from the population. That is, the probabilities with which a selected individual is pas-

sive, moderate or radical equal 1 � m̃, (1 � l̃ )m̃and l̃ m̃, respectively.

A history ht at date t therefore consists, for each dates up to t, of: ( i) the nature of

the stage-game equilibrium played at s, represented by as = ( as
M , as

R) 2 f 0, 1g � f 1,vg;

( ii ) the number ns
a of individuals playing action a 2 f 0, 1,vg at date s, where ns

0 + ns
1 +

ns
v = n. We write s = ( n0, n1, nv) generically for the signal, and f (s ja, l̃ , m̃) for the

actual signal distribution conditional on the equilibrium a being played and on the true

preference parameters being ( l̃ , m̃). We also abuse notation and write c (s j a) for the

belief over the signal that is implied by the equilibrium a and the distribution c over

( l , m), and Ec [y] for the subjective expected value of variable y under belief c .

Equilibrium concept. We analyze the long-run outcomes that result from the co-

evolution of beliefs and actions, with a particular interest in situations where learning

about the population's preferences is incomplete. To do so, we compare two objects: ( i)

14Alternatively, players can be patient provided the bene�ts and costs of political par-
ticipation are time-separable (as under discounted expected utility maximization). In
that case, the equilibria also de�ne a Perfect Bayesian Equilibrium of the dynamic game.

15The fact that c0 has full support implies that agents' models are correctly speci�ed,
and hence learning the correct values of l and mis theoretically possible. This distin-
guishes our model from the literature on misspeci�ed learning (e.g. Esponda and Pouzo,
2016; Bohren and Hauser, 2021), where convergence is impeded by a prior that assigns
null weight to the true value.
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Figure 2: Timeline
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R)
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0, n1

1, n1
v) s2 = ( n2

0, n2
1, n2

v) s t = ( nt
0, nt

1, nt
v)

the full-information equilibrium, that is, the equilibrium that would be played if all players

were informed about l̃ and m̃; ( ii ) the possible long-term equilibriaachieved once actions

and beliefs have converged. We model the latter as the set of self-con�rming equilibria

(Fudenberg and Levine, 1993). Formally:

De�nition 1 A self-con�rming equilibrium is a triple[a, c , ( l̃ , m̃)] such that( l̃ , m̃) 2 supp(c )
and: (

a = a� (c ),
c (. j a) = f (. j a, l̃ , m̃).

A self-con�rming equilibrium restricts beliefs and actions to be consistent with each

other on the path. The �rst condition states that the population plays the equilibrium

prescribed by the belief c . The second condition states that beliefs are ultimately correct

on the equilibrium path: the rationale is that, if a is played in�nitely often, beliefs about

the frequency of equilibrium actions should converge to the correct value, as individuals

have access to an in�nite sample from the population playing a. Importantly, the popu-

lation might maintain incorrect beliefs about off-path events. Standard results from the

literature on active learning (Fudenberg and Levine, 1993) imply that: ( i) when playing

the repeated game, society almost surely converges on an equilibrium, which must be

a self-con�rming equilibrium; ( ii ) conversely, any self-con�rming equilibrium can be

reached asymptotically with positive probability from an appropriate prior.

Our main interest lies in situations where information about the population's pref-

erences is imperfectly revealed asymptotically, yielding an equilibrium that differs from

the full-information equilibrium. We call these situations learning traps. Let dl̃ ,m̃ be the

Dirac distribution on ( l̃ , m̃).

De�nition 2 A learning trap is a self-con�rming equilibrium[a, c , ( l̃ , m̃)] such that a 6=
a� (dl̃ ,m̃).

In a learning trap, individuals end up forming correct beliefs about their payoffs

in the long-run equilibrium they play, but they misperceive the share of radicals or

moderates in the population. As a result, they keep incorrect beliefs about the payoffs

they would receive if different actions were played.
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Preliminary observations. To see why learning traps might arise and why they give

rise to inef�ciencies, consider the case where the full-information equilibrium is (1, 1),
but the protesters' beliefs underestimate m. This misperception prompts them to play

(0, 1), which, over time, reveals the share of radicals l̃ m̃perfectly but leaves uncertainty

about the share of active players m̃. If initial pessimism was strong enough, it is possible

that (0, 1) is played forever instead of the Pareto-dominant equilibrium (1, 1).
The pro�le (1,v) cannot be played in a learning trap, as it would reveal the values

of l̃ and m̃perfectly, yielding rational expectations. Conversely, if the full-information

equilibrium is (0, 1), then it is reached with probability one from any correctly speci�ed

prior. Learning traps are, therefore, asymmetric: protesters might fail to start a move-

ment that would have been successful under full information, but an unpopular social

protest is never arti�cially maintained. Proposition 1 summarizes all possibilities.

Proposition 1 There are three categories of learning traps:

(i) those that reduce the extensive margin of protests;

(ii) those that reduce the intensive margin of protests;

(iii) those that affect both margins in opposite ways by transforming a riot(0,v) into a rally

(1, 1) or vice versa.

Table 1 describes all possible learning traps by: ( i) the equilibrium played in the

long run; ( ii ) the equilibrium that would be played under complete information; ( iii )
the nature of the belief bias (relative to the true values l̃ , m̃) that sustains the incorrect

equilibrium. The �rst three rows of Table 1 con�rm that information frictions can sys-

tematically hinder the coordination that is necessary to give rise to large-scale protests.

In the �rst two cases, this happens because moderates systematically underestimate their

share, and thus their payoff to protesting. In the third case, the intensive margin is lower

than under full information because radicals misperceive their share. This learning trap

can occur when the population underestimates l̃ , which is intuitive, but also when it

overestimates it: in that case, radicals refrain from violent action for (unfounded) fear

of excluding moderates from the movement. The last two rows of Table 1 reveal that

information frictions can also modify the nature of a social movement by affecting the

intensive and extensive margins in opposite ways. If the game converges on (1, 1), radi-

cals might underestimate their share and fail to coordinate on a smaller but more violent

movement (0,v), which they prefer for some combination of parameters. If (0,v) is

played repeatedly, moderates might underestimate their share and refrain from protest-

ing, which would convince the radicals from joining a large, peaceful movement.
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Table 1: List of learning traps

Margin Self-Con�rming Full-Information Long-Run

Affected Equilibrium Equilibrium Beliefs

Extensive
(0, 1) (1, 1)

Ec [lm ] = l̃ m̃, Ec [m] < m̃
(0,v) (1,v)

Intensive (1, 1) (1,v) Ec [m] = m̃, Ec [l ] 7 l̃

Both
(1, 1) (0,v) Ec [m] = m̃, Ec [l ] < l̃

(0,v) (1, 1) Ec [lm ] = l̃ m̃, Ec [m] < m̃

2.3 The effect of social media: asymptotic results

How does political activity on social media affect the dynamics of of�ine protests?

We modify the timeline in Figure 2 by dividing each period t into two subperiods (see

Figure 3): at ta, individuals make online participation decisions; at tb, they make of�ine

participation decisions. After each subperiod ta or tb, the number of players selecting

each possible action f 0, 1,vg among n randomly selected individuals is revealed to all

subsequent cohorts.

Figure 3: Timeline with social media

t = 1a t = 1b t = ta t = tb

Online a1a ata

Of�ine a1b atb

Observations s1a =
(n1a

0 , n1a
1 , n1a

v )
s1b =

(n1b
0 , n1b

1 , n1b
v )

s ta =
(nta

0 , nta
1 , nta

v )
s tb =

(ntb
0 , ntb

1 , ntb
v )

The payoffs to online participation decisions are given by the Equations ( 1) and (2),

except that the costsc and c are discounted by factors k1 2 (0, 1) and kv 2 (0, 1) respec-

tively. This re�ects the fact that online participation in the movement is less individually

costly than the corresponding of�ine action. The introduction of social media technol-

ogy lowers all participation thresholds. 16 In particular, if (0, 1) is the online equilibrium,

16In certain contexts, one might want to assume that kv > 1, re�ecting that radical
action is less risky of�ine than online due to better anonymity. In that case, social media
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then it is also the of�ine equilibrium. Similarly, if (1,v) is the of�ine equilibrium, then it

is also the online equilibrium.

Our main insight is that social media facilitates learning about the population's

propensity to protest and hence reduces the occurrence of learning traps. This hap-

pens because the cost of political participation is smaller online than of�ine; as a result,

the equilibrium played online might differ from that played of�ine, and the additional

information that the online equilibrium reveals might help protesters shed their wrong

beliefs about l and m. At the limit where online participation is costless ( k1 ! 0,kv ! 0),

political expression on social media reveals individuals' preferences perfectly, learning

is complete, and coordination failures do not happen. Proposition 2 formalizes these

observations.

Proposition 2 For each category of learning trap identi�ed in Proposition1, the space of param-

eters[c, ( l̃ , m̃)] conducive to it is strictly smaller in the version of the game with social media

than in the version without it. At the limit wherek1 ! 0,kv ! 0, no learning trap is possible.

The effect of social media exhibits some asymmetry: when the true distribution of

preferences is conducive to a large mobilization, social media can give birth to a move-

ment that would otherwise never have started. Conversely, when discontent is minor,

the population would have found this out eventually even if a movement had started

in the streets based on an over-optimistic prior. In that case, social media has no effect,

apart from possibly hastening the extinction of the movement.

Social media is, however, a double-edged sword in that it makes all learning traps

less likely, including those in which incomplete learning is the only thing that precludes

the rise of a violent movement ( 3rd and 4th rows of Table 1). Indeed, social media helps

all groups coordinate: radicals, who might stay peaceful only because they underes-

timate their number, can also bene�t from the existence of social media as a cheaper

coordination device. 17

would be ineffective at helping radicals coordinate: for instance, it would not eliminate
the learning trap of a population stuck in the self-con�rming equilibrium (1, 1) while
the full-information equilibrium is (1,v).

17Proposition 2 states that social media reduces the space of parameters conducive
to a learning trap. However, it does not mean that social media always reduces the
occurrence of learning traps for a given prior belief c0, nor that social media increases
participation for every c0. To see this, suppose that the population's preferences are
such that (1, 1) is the full-information equilibrium, and is played at every period of the
game without social media. By reducing the cost of violent political expression, the
introduction of social media might prompt the population to play (0,v) instead at every
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2.4 The effect of social media in the short-run: the crowd-in-then-

crowd-out sequence

In addition to the asymptotic results of Propositions 1 and 2, the model can also shed

light on the effect of social media on protest dynamics. In �nite time, a large number

of sequences are possible for any prior given the stochasticity of the signals. Therefore,

instead of providing a comprehensive categorization of all possible sequences, we use

the model to elucidate a speci�c dynamics where social media plays a crucial role in

both the initial, peaceful emergence of a social movement, and in its radicalization and

demise. We decompose this sequence into an initial crowding in (online participation

increases of�ine participation, and vice versa), and a subsequent crowding out (radical

activity causes moderates to leave the movement). In Section3 we provide evidence for

all stages of this dynamics in the case of the Yellow Vests movement. We now explain

how to interpret this pattern in light of our conceptual framework.

To capture the situation where social media is instrumental in the launch and ini-

tial momentum of a protest movement, we enrich the model by assuming that radical

protesters can also refrain from participating ( aR = 0) and we posit that the population

starts with pessimistic beliefs: Thus, in the absence of social media, neither margin of

participation is ever activated. 18

Crowding in. Consider �rst the crowd-in phase, illustrated in Figure 4 (sequence1).

Due to the lower cost of online mobilization, social media initiates an online movement

(equilibrium (0, 1) in period 1 a) where participation is larger than expected. This makes

players more optimistic about the population's preferences, triggering a massive but

peaceful of�ine protest in period 1 b (equilibrium (1, 1)). Consider now a counterfactual

scenario where, ceteris paribus, the cost of protesting online in 1 a is large enough to

discourage mobilization (sequence 2). This prevents learning in period 1 a, and no protest

takes place in 1b. We document this causal effect of online activity on of�ine protests in

Section 3.2, by showing that the presence of a 4G antenna near a municipality increases

participation online and in subsequent of�ine protests.

The massive protest (1, 1) in period 1 b then reveals a large value of m, which encour-

period, and hence fail to revise a pessimistic prior about m̃. This might sustain (0,v)
as a long-run equilibrium, or even (0, 1) if the share of radicals is small enough. In
these examples, paradoxically, social media decreases participation by indulging radical
expression and preventing the coordination of moderate participants. We formulate and
prove the corresponding result in Appendix A. 5.

18The equilibrium conditions are provided in the Appendix, section A. 6.
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Figure 4: Crowding-in and counterfactual scenarios

t = 1a t = 1b t = 2a

1. Crowding in (0, 1) (1, 1) (1,v)

2. Without online
protests

X (0, 0) X

3. Without of�ine

protests
(0, 1) X (0,v), (1, 1) or (1,v)

ages larger and more radical mobilization online in period 2 a (equilibrium (1,v)). In

a counterfactual world with higher cost of of�ine participation in 1 b (sequence3), the

disclosure of information about m would have been eliminated, and hence the online

equilibrium in period 2 a would have been determined only based on the information re-

vealed online in period 1 a. For reasonable parameter values, an equilibrium with lower

participation in period 2 a would have ensued— (0,v) or (1, 1). In Section 3.2 we provide

evidence for the causal effect of of�ine mobilization on the size of online mobilization by

showing that municipalities located near a highway toll (which served as coordination

devices for Yellow Vest protesters and reduced the cost of of�ine activity) experienced

higher online activity in the subsequent period. We complement this �nding by showing

descriptively in Section 3.3 that online mobilization was more radical on Facebook pages

created after the 11/ 17 protests.

Crowding out. The Yellow Vests movement then exhibited a decline in participation

and an increase in violent actions. We ask what this dynamics reveals by comparing

it to two alternative evolutions of the movement following the initial crowding in. We

show that the key parameter governing the evolution of the movement is the information

revealed about the share of radicals. To illustrate this, consider the three sequences in

Figure 5.19

In sequence 1, street protests never turn violent. An illustration is provided by the

non-violent 2014Umbrella Movement in Hong Kong, which lasted several months (see,

e.g., Cantoni et al., 2019). In our model, this happens because online mobilization in

period 2a does not reveal a large share of radicals, who are therefore discouraged from

coordinating on violent action.

Sequence2 corresponds to a case where social media helps organize massive protests

19These three sequences are illustrated in the(qM , qR) plane in Appendix Figure A. 1.

18



Figure 5: Diverging sequences after initial crowding-in.

t = 1a t = 1b t = 2a t = 2b t = 3a t = 3b

Without social media X (0, 0) X (0, 0) X (0, 0)

1. Peaceful
protests (0, 1) (1, 1) (1,v) (1, 1) (1, 1) (1, 1)

2. Enduring
revolution (0, 1) (1, 1) (1,v) (1,v) (1,v) (1,v)

3. Crowding out (0, 1) (1, 1) (1,v) (0,v) (0,v) (0,v)

that turn into enduring revolutions. This sequence is compatible with the Arab Spring

in the early 2010s, which began as a local protest in Tunisia and led to massive un-

rest ranging from demonstrations to civil war in more than �fteen countries (see, e.g.,

Steinert-Threlkeld, 2017; Acemoglu et al., 2018; Brummitt, Barnett and D'Souza, 2015).

This sequence happens if early protests reveal that lm is likely to have intermediate

value—large enough for radicals to bene�t from coordinating on a = v, but not for their

actions to deter moderates from participating.

Last, sequence3 shows the crowding-outdynamics where, as in the case of the Yel-

low Vests (see Section3.4), moderates leave the movement. This happens because past

protests reveal a large share of radicals, triggering a large negative externality from vio-

lent protests on moderate participants.

Evolution of beliefs. To formalize some of the previous observations, we study the

evolution of beliefs in the crowd-in-then-crowd-out sequence. Proposition 3 con�rms

that this evolution requires the population to revise upwards their beliefs about the

share of active players, and then their beliefs about the share of radical players relative

to moderates. We write Ec t for the population's subjective expectation at the beginning

of period t in the crowd-in-then-crowd-out sequence, and Ec0 for the prior.

Proposition 3 Suppose that the game follows the crowd-in-then-crowd-out-sequence of Figure5.

Then the population's beliefs evolve as follows:

(i) Ec1b[m] > Ec0[m];

(ii) Ec2a[lm ] > Ec0[lm ];

(iii) aEc3a[(1 � l )m] � bEc3a[lm ] < aEc2a[(1 � l )m] � bEc2a[lm ].
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Points ( i) and ( ii ) in Proposition 3 illustrate the initial crowding in: the population

learns from online interactions that the propensity to mobilize mis likely larger than ex-

pected (Point ( i)), encouraging a massive protest in period 1b. Besides, radicals become

more optimistic about their share (Point ( ii )), prompting them to resort to radical online

expression in period 2a.

The movement then follows a crowding-out dynamic, as moderates leave the move-

ment from period 2 b on. This indicates that the net bene�t of participation for moderate

players has become negative, which happens when the estimated share of moderates

(1 � l )m relative to radicals lm (weighted by the magnitude of payoff externalities) is

smaller than expected (Point ( iii )). In Section 3.4, we provide evidence that radical ex-

pression online indeed decreases subsequent participation by moderate individuals.

2.5 Extensions

Government response. A popular policy instrument used by governments to control

political protests is the shutting down of social media. This instrument is both used by

authoritarian regimes to restrain legitimate democratic movements, and by democratic

regimes to contain violent protests. 20 Our model provides a framework for thinking

about the effects of these policies. One important implication is that shutting down

social media can have different effects depending on when it is implemented. To see this,

consider the crowd-in-then-crowd-out sequence. A ban on social media implemented

from period 1 a on would prevent the movement from gaining momentum, resulting in

the lowest participation equilibrium (0, 0) in all future periods. However, banning social

media from period 2 a onward could prevent the radicalization of the movement and

the subsequent crowding out of moderates, leading to equilibrium (1, 1) in all future

periods.

Paradoxically, shutting down social media once the movement has gained traction

would then favor its persistence, even in the absence of a speci�c reaction by protesters

against the shutdown. This mechanism �ts well with the observation that many shut-

downs are actually followed by an escalation of the momentum of preexisting protests,

20During the 2019 protests in Iran, the Supreme National Security Council imposed
a week-long Internet shutdown, during which the population could only access the
national information network. According to the Centre for International Policy Studies,
nearly half of the Internet shutdowns in Africa in 2022 were imposed during political
unrest. In 2024, the French government blocked TikTok in the overseas territory of
Nouvelle-Cal édonie, which was the scene of violent riots. On the other hand, we are not
aware of any similar actions taken during the Yellow Vest movement.
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or at least a continuation of past dynamics (see, for example, Rydzak et al. (2020) in the

case of protests in several African countries between 2017and 2019). Similarly, banning

social media at the outset might paradoxically keep the population in the learning trap

(1, 1) rather than (0,v). The strategic analysis of the optimal policy for a government

that aims to contain peaceful and/or violent protests must therefore consider the effects

on both margins. 21

Biased reporting. Our analysis so far assumes that the information received by the

population is unbiased (though not necessarily complete), in that it accurately re�ects

the shares of the different types of protesters. However, the algorithms used by social

media platforms may bias the content shown to users. This is consistent with existing

experimental evidence (see Levy, 2021) and our own descriptive analysis of Yellow Vest

discussion pages (see Section3.4). Similarly, it is conceivable that participants in or

witnesses to a protest, when exposed to violent incidents, may tend to overestimate their

frequency or magnitude. 22 We extend our model to allow for such a bias. We assume

that both online and of�ine observations over-sample violent protesters: the probability

with which a violent protester is sampled exceeds the unbiased probability by b � 0,

while the probability with which a passive individual is sampled is lowered by b. As

a result, in the equilibria (0,v) and (1,v), the action a = v is shown with probability

l̃ m̃+ b. If one of these equilibria is played in�nitely often, the long-run beliefs of a naive

population overestimate the share of radicals by b.

Intuition suggests that biased news strengthens the intensive margin of protests, as

it leads radicals to overestimate their share. Things are more subtle, however, due to the

possible crowding out of moderates. To see this, note that, under a bias b � 0, the pro�le

[a = ( 1,v), c , ( l̃ , m̃)] is a self-con�rming equilibrium if and only if supp (c ) � f ( l , m) :

lm = l̃ m̃+ b and m= m̃g and the following system holds:

(
vqR + ( g � a)( l̃ m̃+ b) � c � c,

qM + a(1 � l̃ )m̃� b( l̃ m̃+ b) � c.
(3)

An increase in the bias b has opposite effects on the two equilibrium conditions in Sys-

21Similar arguments could be used to analyze censorship and policing by the gov-
ernment (or self-policing by protest leaders) as in Shadmehr and Bernhardt ( 2015) and
Ananyev, Zudenkova and Petrova ( 2019).

22To avoid an inconsistency between of�ine and online information in the long run,
we focus on the case where the bias is asymptotically stable, which requires that both
types of information be equally biased.
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tem 3: it can both reinforce radicals' willingness to engage in violent protests and make

moderates more reluctant to participate. As a result, while a direct effect of biased

reporting is to increase radicals' propensity for violent action, an indirect effect is to

discourage moderates from participating. It might even be the case that (1,v) is an

equilibrium under unbiased learning, but (1, 1) results from biased learning as radicals

refrain from violent action for fear of excluding moderates, who (irrationally) expect a

large share of radicals within the movement. This observation quali�es the common

wisdom that social media bias, which is often accused of radicalizing public debate, is

necessarily a source of radicalization of protest movements. In particular, such a bias, if

present during the initial stages of online mobilization, could hinder the effective orga-

nization of signi�cant street protests.

3 Empirical application: the Yellow Vest movement

In this section, we analyze the Yellow Vest movement through the lens of our theoret-

ical framework. More speci�cally, we present several pieces of evidence consistent with

the crowd-in-then-crowd-out sequence studied in Section 2.4.

3.1 Context and data

While the Yellow Vest movement is linked to longstanding and growing discontent

over spatial inequalities and related environmental policies (Algan, Beasley, Cohen, Fou-

cault and Péron, 2019; Boyer, Delemotte, Gauthier, Rollet and Schmutz, 2020; Douenne

and Fabre, 2022), its timing and widespread initial success were largely unexpected. It

was sparked by an online petition and quickly organized on social media. The �rst

week of protests took the form of hundreds of roadblocks across France. Then, for a few

months, more traditional protests took place every week in medium and large cities, but

they quickly turned violent, drew fewer and fewer participants and eventually disap-

peared. We provide more elements of context in Appendix B and additional information

on our data in Appendix C.

Sources. To understand the roots of the movement, we obtained anonymized geolo-

cated data from Change.org on the timing of petition signatories through the end of

2019. To proxy for of�ine mobilization, we collected a map of planned roadblocks on

the evening of November 16th , 2018. The map was downloaded directly from a web-

site created by protesters to coordinate demonstrations and roadblocks. It documented
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788 announced roadblocks in metropolitan France, all of which pointed to precise road

infrastructure (e.g., highway access ramps and tolls, parking lots, roundabouts) and in-

cluded speci�c descriptions of the planned events. 23 Many locations were chosen for

their potential to block traf�c and economic activity. Based on the division of the coun-

try into Bassins de vie(hereafter referred to as Living Zones), we estimate that more than

half of the country's population and more than a third of the country's territory were

directly affected by a roadblock. 24 We complement this data with weekly national statis-

tics on the number of protesters and monthly crime statistics from the Ministry of the

Interior. 25

Finally, to document the online equivalent of street protests, we searched for all pub-

lic Facebook groups related to the movement. Using the methodology of Gaby and

Caren (2012), we compiled a list of the Facebook groups that were still active one month

after 11/ 17 by performing search requests using a large set of keywords linked to the

movement. We recorded each group's name, creation date, number of members, and

publications. We identi�ed 3,033groups with a total of over four million members. Over

two-thirds of the groups were associated with a geographical area, and more than 40%

of the total members belonged to these localized groups. Moreover, only 20% of the

posts emanated from national groups, suggesting that localized groups were the most

active ones. Using a similar method, we also identi�ed 617 public Facebook pages and

used Netvizz (Rieder, 2013) to retrieve their content in March 2019. This corpus features

120,227 posts, 2.1 million comments, 2.8 million sentences, and 21 million interactions

(likes and reactions). Since Netvizz did not provide discussant identi�ers associated

with each message, we scraped Facebook a second time in January2022and enriched

the dataset with 120,463distinct discussant identi�ers for 377,283messages and706,165

sentences.26

23Since the map was created to coordinate roadblocks, there was little incentive to
falsely declare intent to demonstrate. Contrary to what happens in autocratic regimes
(Clarke and Kocak, 2020; Hassan, 2021), the French police did not preemptively try to
lift the roadblocks. Conversely, this source may miss some small, spontaneous events.

24Living Zones are statistical units de�ned as the smallest groups of municipalities
where residents have access to basic services and can conduct a large part of their daily
lives. 551of the 1,632Living Zones were affected.

25Protests took place on Saturdays. Estimates of the11/ 17 protests range from 287,700
(Ministry of the Interior) to 1.3 million (a police union). We choose to report the of�cial
statistics to ensure consistency of the time series.

26To protect users' privacy, all users were de-identi�ed. Approximately 30% of pages
had been deleted by January 2022(see Appendix Table C.2). To assess selection bias, we
extensively compared both datasets. They are similar in terms of their distribution of
political language and in terms of the topics discussed (see Appendix Figure E. 5).
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Textual analysis of Facebook Discussions. To analyze discussions on Facebook pages,

we rely on text-as-data methods (see, for an overview, Grimmer and Stewart ( 2013),

Gentzkow et al. (2019) and Ash and Hansen (2023), and Appendix E for details). Our

preferred method is a topic model tailored to analyze short text snippets (Demszky,

Garg, Voigt, Zou, Gentzkow, Shapiro and Jurafsky, 2019). Among our topics, some re-

late to protest organization, socialization, and online mobilization. Others re�ect the rea-

sons behind the protests and the political goals the Yellow Vests were trying to achieve.

Finally, several topics refer to antagonistic messages and re�ect the protesters' anger to-

ward government of�cials and their policies. In what follows, we will focus on results

associated with the probability that any given sentence is associated with an antagonistic

topic, and use other measures of radicalism for robustness.27

Time series. In Figure 6, we combine the weekly time series of the of�cial number of

Yellow Vest protesters on the streets with the daily time series of the number of petition

signatures, the number of Facebook group creations, and the number of comments on

Facebook pages. The movement culminated in the streets during the �rst episode of the

protests. While the petition was mostly signed before 11/ 17, there were two distinct

episodes of group creation: a �rst in the weeks before 11/ 17 and a second immediately

after. This pattern suggests that Facebook groups were used to organize the roadblocks,

but also served as virtual meeting places that allowed the movement to continue after

the initial street mobilization. The evolution of the intensity of discussions on dedicated

Facebook pages supports this hypothesis. The discussions gained importance in January

2019and, contrary to the weekly number of protesters, remained strongly active in the

following months.

To measure the evolution of street violence, we use the number of crimes related to

rioting (arson, destruction, and �ghting with of�cers) recorded by the police from 2000

to 2019. In Panel A of Figure 7, we plot the residual of a regression of the monthly log

number of riot-related offenses on month �xed effects, to control for seasonality. Street

violence increased sharply between November and December 2018, despite a steady

decline in the number of protesters. In December, it was comparable to that of the

November 2005youth riots, which were the most intense riots in France since 1968. To

27To measure the emotional content of messages, we use a dictionary-based approach
that assigns a sentiment score to each sentence and focus on negative sentiment. To un-
derstand messages' political stance, we train a supervised learning model that predicts
the party af�liation of members of the French Parliament based on their tweets and use
it to construct the probability of a given sentence being written by af�liates of either
far-left or far-right parties.
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Figure 6: Evolution of Online and Of�ine Mobilizations

Notes: In Panel A, we show the number of demonstrators reported weekly by the Ministry of the Interior.
In Panel B, we plot the daily number of petition signatures. In Panel C, we plot the daily number of new
Facebook groups created. Finally, in Panel D, we plot the daily number of messages posted on Facebook
pages. The vertical dashed line in all panels corresponds to 11/ 17.

get a sense of the average rioting propensity of Yellow Vest protesters, we hypothesize

that 10% of riot-related offenses over our study period are linked with the movement. 28

28While street violence decreases after December, this pattern was partly driven by
heavy police response, on which we have no reliable information (see Petrovskii, Shish-
lenin and Glukhov ( 2025) for a discussion). Street violence was, on average,10% higher
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Figure 7: Evolution of Online and Of�ine Violence

Notes: In Panel A, we show in red the residual from an OLS regression of the monthly log number of
riot-related offenses reported by the Ministry of the Interior, after controlling for month �xed effects. For
comparison, we replicate this analysis for theft-related offenses, which are three times more numerous
(in blue). Vertical bars highlight the November 2005riots and the Yellow Vest protests (November 2018-
March 2019). In Panel B, we divide the hypothetical number of riot-related offenses that may be plausibly
attributed to the Yellow Vests ( 10% of riot-related offenses, which corresponds to the average value for the
period highlighted in yellow in Panel A) by the number reported in Panel A of Figure 6. In Panel C, we
show the daily share of sentences in our text corpus that belong to an antagonistic topic, with a quadratic
�t.

We divide this index of over-rioting by the number of protesters displayed in Panel A of

Figure 6 and plot the resulting ratio in Panel B, which suggests that the average rioting

propensity of a Yellow Vest protester increased from 0.6% in November 2018to 1.7% in

March 2019.

than the 2000-2019mean between November 2018and March 2019.
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Finally, we show in Panel C that online violence followed a similar trend. To mesure

the evolution of online violence, we conduct our textual analysis between the end of

October 2018and the beginning of April 2019. Our topic model shows that the share of

messages associated with political or economic concerns decreased, while messages of

violence, conspiracy theories, and insults increased (see Appendix Figure E.2). Overall,

the share of messages associated with antagonistic content doubled from 15% to 30%

over the period. 29 For lack of a better word and to stay close to the terminology used in

Section 2, we refer to the rise of online violence under the umbrella term radicalization.

3.2 Crowding in: the online-of�ine feedback loop

We �rst present evidence consistent with the crowd-in sequence depicted in Figure 4

for periods 1a, 1b and 2a, namely: (i) Early online mobilization helped organize the �rst

street protests; (ii) These �rst protests led to an increase in the size of online activity. We

�rst assess the effect of early online mobilization (before 11/ 17) on the occurrence of a

protest on 11/ 17. According to point (i) in Proposition 3, �nding a positive effect would

mean that protesters were initially too pessimistic about the potential of the mobilization

to start a street protest from scratch, but were able to revise their priors upwards by �rst

mobilizing online. Then, we turn to the reverse direction and assess the effect of the

11/ 17 protests on the size of subsequent online mobilization. While there are many

possible explanations for this pattern, 30 point (ii) in Proposition 3 suggests that higher

subsequent online mobilization is indeed more likely after a large street protest has

revealed that a higher share of the population was prone to mobilizing.

29Similarly, the share of messages classi�ed as negative sentiment or politically-
extreme also increased, albeit to a lesser extent (see Appendix Figure E.7). While nega-
tive sentiment could encompass very different emotions, we provide suggestive evidence
that anger drove this increasing pattern (see Appendix Figure E. 4). Of course, some
messages that contain antagonistic elements or show negative sentiments may also re-
�ect the fact that online discussants are describing violent events that they witnessed or
were victims of in the streets, without necessarily endorsing violence themselves. How-
ever, our third classi�cation based on partisan af�liation is less subject to this potential
bias, consistently with polling data showing that the decline in popular support for the
movement was mostly driven by centrist voters (see Appendix Figure C. 1).

30For example, large street protests receive a lot of media coverage, and increase the
salience of the mobilization. Consistently with this information channel, weekly street
protests were associated with a sharp increase in Google queries about the Yellow Vests
on Facebook (see Appendix Figure C.2).
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Empirical strategy. In the absence of individual-level information on both online and

of�ine mobilization, we construct a dataset at the most granular level possible: the mu-

nicipality. Municipalities represent the lowest tier of government and a wide range of

social, economic, geographical and political characteristics, listed in Appendix D. 1, are

measured at that level. For municipality m, we estimate the following equations:

Bm = beOe
m + Xe

mge + #e
m (4)

O`
m = b` Bm + X `

mg` + #̀m (5)

where Bm is a binary variable equal to 1 if municipality m experienced a roadblock on

11/ 17, Oe
m and O`

m are measures of online mobilization in municipality m before and after

11/ 17, and Xe
m and X `

m are a set of controls. To construct Oe
m, we aggregate information

on early online mobilization into a binary variable equal to 1 if the municipality belongs

to the highest quartile in the number of Facebook groups created before 11/ 17(including

regional groups, apportioned by municipal population) and in the petition signature

rate before 11/ 17. For O`
m, we use a binary variable equal to 1 if the municipality hosts

a new Facebook group after 11/ 17, the log number of local Facebook groups created

after 11/ 17 (including regional groups, apportioned by municipal population), the log

number of members in these groups and the log number of messages posted on these

groups.

The OLS estimates of be and b` may suffer from several omitted variable biases,

which go in opposite directions. First, online and of�ine mobilizations are both affected

by unobservable characteristics such as latent discontent, which may induce an upward

bias. Conversely, people living in different municipalities may unobservably vary in

their preference for online vs. of�ine action, weakening the link between different protest

stages. In addition, both outcome variables are subject to measurement error stemming

from our data collection process. In line with the counterfactual sequences depicted in

Figure 4, we circumvent these issues by comparing localities were the cost of online and

of�ine mobilization varies exogenously, using an instrumental variable strategy.

To show the causal impact of early online mobilization on street protests, we instru-

ment Oe in Equation ( 4) with the presence of a 4G antenna in the municipality prior to

11/ 17, using the fact that the roll-out of 4G in France, albeit quite fast, was only about

half complete at the time of the �rst protests. 31 Consistently with global evidence on

31To retrieve information on the distribution of 4G Antennas, we use May 2024of�cial
data from the Agence Nationale des Fréquences. These data show that40,313antennas were
installed before 11/ 17 and 44,807after. The roll-out of 4G was all but over in 2024, with
close to complete coverage and the start of the5G roll-out in 2020.
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the impact of cell phone access on the likelihood of protests (see, e.g. Christensen and

Gar�as, 2018), access to4G improves signal quality and thus the time people spend on

their phones, which should increase the likelihood that they will hear about the peti-

tion or coordinate to form a local Facebook group. The identifying assumption behind

this instrument is that, conditional on our extensive set of controls, the timing of the

installation of 4G antennas was driven by operational constraints such as the date of

frequency auctions or the availability of material and labor that were not correlated with

unobserved drivers of discontent and mobilization (see Panels E and F of Appendix

Figure D.1 for a map showing the seemingly random distribution of residualized 4G

access).

In Equation ( 5), we instrument the probability of a roadblock with the presence of a

highway toll in the municipality. 32 France has an extensive highway network spanning

over 11,000kilometers. Most of this network was constructed by the central government

in the 1970s and 1980s to connect major cities to each other and to Paris. Seventy-

�ve percent of the current network consists of toll roads. 33 The Yellow Vests targeted

highway tolls as a symbol of the increased cost of driving. On 11/ 17, they took control

of one hundred of them, where they organized slowdowns and allowed drivers to pass

through for free. Indeed, we observe that 19% of municipalities with a toll were blocked,

compared to 2% of other municipalities. After controlling for municipal characteristics

and Living Zone �xed effects, this gap is halved but remains substantial. The identifying

assumption we make is that the location of highway tolls, conditional on our extensive

set of controls, was driven by operational constraints faced by the public planner decades

ago and is not correlated with unobserved drivers of the mobilization at the very local

level.34

32An earlier version of this paper used the spatial distribution of road roundabouts as
an instrument for roadblocks. The rationale for using this instrument is similar to that
of tolls: roundabouts were heavily targeted by protesters, because they allowed them to
block several roads and are easy to set camp on. However, roundabout locations appear
to be correlated with past protest locations, unlike toll locations.

33See Panel D of Appendix Figure D.1 for a map. Free highways are scattered through-
out France. Some are close to large cities or international borders, while others are on
smaller, newer sections.

34See Faber (2014), among others, for a similar strategy. While we cannot test this as-
sumption, we note that municipalities with tolls do not stand out in terms of observable
characteristics, even when restricting the sample to municipalities located on highways:
The adjusted R-squared of an OLS regression of the probability of hosting a toll on our
set of controls is equal to 4%, compared to over 30% for the probability of a 11/ 17 road-
block. Therefore, the predictive power of tolls regarding blockades remains unchanged
regardless of the number of control variables used (see Appendix Figure D. 2).
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To check the validity of our instrumental variable strategies, we run a series of

placebo regressions based on the location of demonstrations during 13 protest days in

the two most recent episodes of social unrest before the Yellow Vests movement: protests

against a retirement reform in 2010and against a new labor law in 2016. Municipalities

that witnessed these older protests may be traditionally more opposed to the govern-

ment. In addition, they may also have characteristics that make protesters choose them

more often to protest. In particular, 88% of the municipalities that witnessed a protest in

2010or 2016are administrative centers hosting a local government, at either the county,

district or sub-district level. The results of this exercise are presented in Panel B of

Appendix Figure D. 2. Across our 26 placebo regressions, only two yield (marginally)

signi�cant results at the 5% level, with opposite signs, consistent with our instruments

being uncorrelated with unobserved determinants of protest activity.

Results. Our estimation results are presented in Columns ( 1) to (5) of Table 2, which

show OLS and 2SLS estimates ofbe and b` (Panels A and C) as well as OLS estimates

of the correlation between the instrument and the endogenous variable (Panel B). First,

Column ( 1) shows estimates of Equation (4) on the impact of early online mobilization

on the probability of a roadblock on 11/ 17. While the correlation between Oe and B is

small (3 p.p.), the 2SLS estimate is much higher (24 p.p.), suggesting a strong positive

impact of early online mobilization on the organization of the 11/ 17 protests. This result

is not surprising given many Facebook groups were actually created with the explicit

purpose of facilitating the organization of the upcoming blockades, and it is consistent

with a vast body of evidence in other contexts.

We then turn to our estimates of b` on the impact of the 11/ 17 blockades on sub-

sequent online mobilization. Column ( 2) shows that a blockade on 11/ 17 increases the

likelihood of the creation of a new Facebook group in the municipality by 44 p.p., which

is, once again, a very large effect, albeit consistent with the surge displayed in Panel C of

Figure 6. Columns (3) to (5) show that the causal effects on other measures of Facebook

activity are also very large. A roadblock increases the log number of new local groups

by 1.13 (Column 3). Moreover, these groups are not small, nor inactive: the effects of a

blockade on the log number of members in these new local groups (Column 4) and the

log number of messages posted on these groups (Column 5) are equal to 1.31 and 1.26,

respectively.

Robustness checks. Appendix Tables D. 1 to D.5 show the robustness of these results

to several concerns. First, both F-statistics and2SLS estimates are remarkably stable in
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Table 2: Feedback Loop Between Online and Of�ine Mobilization

Dependent Variable:

Of�ine 11/17 Online Mobilization on Facebook Post- 11/17

Blockade Group Groups Members Posts
(indicator) (indicator) (in logs) (in logs) (in logs)

(1) (2) (3) (4) (5)

Panel A: OLS

Online Pre-11/ 17 0.034***
(0.006)

Blockade 0.114*** 0.295*** 0.271*** 0.265***
(0.016) (0.046) (0.057) (0.059)

Panel B: Reduced form

4G Antenna 0.006***
(0.002)

Toll 0.044*** 0.113*** 0.131*** 0.126***
(0.012) (0.038) (0.048) (0.049)

Panel C: 2SLS

Online Pre-11/ 17 0.242***
(0.092)

Blockade 0.445*** 1.127*** 1.312*** 1.261**
(0.124) (0.396) (0.490) (0.492)

Controls X X X X X
Mean dep. var. 0.02 0.02 -5.15 -0.01 -0.13
Observations 34475 34475 34475 34475 34475
Robust F Stat 28.38 48.34 48.34 48.34 48.34

Notes: The outcome and explanatory variables are described in the text. All explanatory variables are
binary. Panel A shows the OLS estimates of the correlation between Oe and B (Column 1) and between
B and O` (Columns 2 to 5). Panel B shows the OLS estimates of the correlation between our outcome
variables and our instruments: a binary variable equal to 1 if the municipality has a working 4G antenna
before 11/ 17 and a binary variable equal to 1 if the municipality hosts a highway toll. Panel C shows
the corresponding 2SLS estimates. Controls are listed in Appendix D.1 and include a set of over 1,600
Living Zone �xed effects. We cluster standard errors at the Living Zone level. *: p < 0.1, **: p < 0.05, ***:
p < 0.01.

speci�cations with fewer covariates. In fact, a very parsimonious set of baseline controls

made of the log of municipal population and three indicators that the municipality is

an administrative center at the county, district or subdistrict level delivers very similar

results. In particular, controlling for various proxies of commuting cost, which was the
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initial trigger of the petition, for political preferences with past election results, or for

regional differences with an extensive set of Living Zone �xed effects does not affect

the estimates. Controlling, in the case of Equation (5), for our measure of early on-

line mobilization (and the presence of a 4G antenna in the municipality) to control for

possible substitution effects between different phases of online mobilization is also in-

consequential. Finally, the results are also remarkably stable if we restrict the sample to

municipalities outside the Paris region, which stands alone along many dimensions, or,

in the regressions using the highway toll variable, to the small subset of municipalities

that are located on a highway and may therefore be more comparable to the municipal-

ities with a highway toll.

In a second series of robustness checks, we use alternative independent variables and

instruments. First, we assess how sensitive our estimates of be are when using alterna-

tive cutoff quantiles to de�ne Oe. As expected, Appendix Table D.6 shows that the OLS

correlations and 2SLS estimates increase with more restrictive de�nitions. Compared to

our baseline estimate (based on quartiles), the estimate forbe is twice as high when using

octiles and nearly four times higher when using deciles. However, the F-statistic is lower

with more restrictive de�nitions that exclude too many municipalities with 4G coverage.

Finally, we use a second instrument for the 11/ 17 blockades to test overidentifying re-

strictions. Since organizing a roadblock requires signi�cant manpower, protesters must

have coordinated to choose roadblock locations. This spatial coordination problem sug-

gests another instrument: the presence of a toll in one of the other municipalities in

the Living Zone, which is the mirror image of the �rst instrument. Due to competition

among easily blockable locations, we expect municipalities not surrounded by tolls to be

more likely blocked. Appendix Table D. 7 shows that the effects of the instruments go in

the expected directions. The F-statistic equals35 when using the second instrument only

and 25 when using both instruments simultaneously. Additionally, the high p-values as-

sociated with the Hansen J-statistics indicate that we cannot reject the hypothesis that the

overidentifying restrictions are valid. The resulting 2SLS estimates are fairly comparable

to those in Table 2.

3.3 Crowding in: the revelation of a higher share of radicals.

While the previous analysis shows that 11/ 17 protests were associated with a surge

in subsequent online mobilization on Facebook, it does not tell whether this mobiliza-

tion was also more violent, as we assume in the last stage of the crowd-in sequence

presented in our theoretical framework. Since we do not have information on the con-
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tent exchanged on Facebook groups, we turn to our second dataset, which describes the

content of discussion on public Facebook pages. As shown in Panel A of Figure 8, activ-

ity on these pages increased exponentially during the organization phase of the 11/ 17

roadblocks. Activity quadrupled again from November 16 to November 17 before sta-

bilizing at a high level after 11/ 17. This increase in online activity coincided with the

creation of many new discussion pages, mirroring our 2SLS results on the formation of

new Facebook groups after the 11/ 17 protests.

The creation of these new pages gives us the opportunity to conduct the following

thought experiment and ask: if the Yellow Vests movement had not enriched its on-

line infrastructure with new pages after the 11/ 17 protests, would it have changed the

protesters' beliefs about the share of radicals in the movement? To mimic the belief up-

dating process described in our theoretical framework, we construct an “inferred share

of radicals” as the cumulated share of antagonistic sentences posted on Facebook pages

since the beginning of November. Panel B of Figure 8 shows that this inferred share

tends to increase during the �rst month of the movement. However, it also shows that

this increase is driven by pages created after 11/ 17. The share of radical discussants that

can be inferred from past antagonistic messages quickly diverges between pre-11/ 17and

post-11/ 17 pages, to the extent of 3 p.p. two days after 11/ 17 and up to over 5 p.p. by

the end of the month. 35 This pattern suggests that the new wave of online mobilization,

which our 2SLS results show was at least partly caused by the 11/ 17 protests, led to

more violent expression and to an upward shift in the perceived share of radicals in the

population of protesters, in line with point (ii) in Proposition 3.

3.4 Crowding out: online violence and the departure of the moderates

We �nally present evidence consistent with the crowd-out sequence depicted in Fig-

ure 5 for periods 2b, 3a and 3b, where a higher share of radicals drove moderates away,

leading to smaller, more violent protests in the streets, as shown in Figures 6 and 7. In

the absence of panel data on street protesters, we document this pattern online, using a

subset of Facebook discussions for which we were able to retrieve discussant identi�ers

and follow discussants over time.

The two margins of online radicalization. According to our theoretical framework,

the online radicalization process observed in Figure 7 could have been driven by two

35See Appendix Figure E.8 for the same analysis on our two other measures of online
radicalization.
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Figure 8: The increase in online activity and online violence after 11/ 17

Notes: This �gure focuses on the �rst month of the protests, November 2018. In Panel A, we show the
evolution of the daily number of messages posted on public Facebook pages (left y-axis, in log scale). We
complement the scatterplot with a quadratic regression line (with a 95% con�dence interval) estimated
before and after 11/ 17 (excluding 11/ 17). The colored lines (right y-axis) show the evolution of the share
of messages posted on pages created before (in blue) and after11/ 17 (including 11/ 17, in red). In Panel
B, we show the updating of the share of radicals in these pages, based on the fraction of sentences that
belong to an antagonistic topic. The update is based on all previous observations and the 95% con�dence
interval is computed with the binomial distribution. In black, the update is conducted using all available
information. In blue, the update after 11/ 17 is conducted using information from pages created before
11/ 17. In red, the update after 11/ 17 is conducted using information from pages created after 11/ 17.

different margins: First, moderate users may have gradually left the movement or been

replaced with more radical users. We refer to this attrition effect as the “extensive mar-

gin” of radicalization. Alternatively, active radical users may have become more violent

over time. We refer to such individual changes as the “intensive margin” of radical-

ization.36 To isolate the intensive margin of radicalization, we can assess whether the

36Anecdotally, we can observe these two margins as the tension between moderates
and radicals unfolds on Facebook pages. For instance, a protester condemns street vi-
olence and worries it will discredit the movement: “People are surprised to see Emmanuel
Macron's rise in the polls... Could we reasonably think that the initial popular support would last
forever in the current context? I mean, in a context of recurring violence.”Another protester
wonders about their own participation in street protests that are expected to be violent:
“I went to protest for the �rst time in Bordeaux with the Yellow Vests. I arrived a little anxious
and despairing and afraid of the violence of the excesses.”In line with the role played by
the intensive margin, many protesters progressively become more radical over time. In
November, a protester writes: “Bravo to all of you, you are amazing.”as well as “Bravo to
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average user has become increasingly likely to post radical messages. To isolate the ex-

tensive margin, we can assess whether the pool of active users has become increasingly

populated with users who (on average) post more radical messages. To disentangle both

margins of radicalization, we estimate the following equation:

Ys,i,t = di + gt + #s, (6)

where Ys,i,t is a measure of radicalism of sentence s written by user i in month t, di

is a user �xed effect, and gt is a month �xed effect. Intuitively, di measures user i's

propensity to post radical sentences, and gt accounts for the additional propensity of

users to post radical sentences during month t.

We can then leverage estimates of user and time �xed effects to decompose the rise

of online radicalism into an intensive and extensive margin. Indeed, the average level of

radical sentences during month t, E t [Y], can be expressed as:

E t [Y] = E t [d]
| {z }

Extensive margin

+ gt|{z}
Intensive margin

, (7)

where E t [d] = å i si ,tdi and si ,t is the share of sentences posted during month t that

originated from user i. Hence, the �rst term of expression 7 corresponds to the average

propensity to post radical sentences for users active during month t. An increase of

this term over time means that the share of sentences posted by more radical users

increases. An increase in the second term of expression7 corresponds to an increase in

the propensity of any given user to post a radical sentence at a given time.

Panel A of Figure 9 presents a decomposition of our radicalization measures using

the empirical counterpart of Equation ( 7). This decomposition suggests that both mar-

gins contributed almost equally to the radicalization of Facebook content. 37 Moreover,

the effect of the extensive margin appears to be slightly delayed relative to that of the

intensive margin, suggesting that the radicalization of some discussants triggered the

defection of the more moderate ones.

Moderates leave radicalized discussions. While this decomposition result is compati-

ble with the crowding out of moderate Yellow Vest supporters, other mechanisms were

you, gentlemen police of�cers, for your support. You are courageous.”Yet, in December and
January, their tone markedly changes with messages such as: “Reduce these ******** to
nothing.” and “All corrupt, these ********.”

37See panels A1 and B1 of Appendix Figure E. 9 for the same analysis on our two other
proxies for radicalism.
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Figure 9: The crowding out of moderate online protesters

Notes: Panel A shows the decomposition of the increase in online radicalism (in %) using Equation ( 7).
We compute standard errors via bootstrap with 1000iterations and plot 95% con�dence intervals. Panel B
shows the OLS estimates ofb1, b2, b3 and b4 of Equation (8) and their associated 95% con�dence intervals,
with standard errors clustered at the discussant level. b5 is set to zero by normalization. In both panels,
radicalism is measured at the sentence level as a binary variable equal to 1 if the sentence belongs to an
antagonistic topic.

plausibly at play. In December 2018, the government abandoned the planned gas tax

hike and subsequently announced a generous income redistribution package. Moreover,

some street protests were met with heavy-handed policing, and many online discussions

mention incidents with the police. This dual response may have simultaneously reduced

the incentives for more moderate protesters to participate and antagonized more radical

protesters. In order to directly test for the crowding-out mechanism highlighted in point

(iii) in Proposition 3, we use the previous empirical framework to measure the impact

of discussion radicalization on the online mobilization of different types of protesters,

while controlling for time-speci�c confounders. For each measure of radicalism, we �rst

estimate discussant �xed effects using Equation ( 6). Then, on the sample of discussant-

by-page-by-month observations, we estimate the following equation:

P(Exit) i ,p,t = å
q

bq
�
1di 2q � E p,t [d]

�
+ zi + xp,t + X i ,p,th + #i ,p,t , (8)

where P(Exit) i ,p,t is the probability that discussant i stops posting on page p after month

t, 1di 2q is a binary variable indicating to which quantile (evaluated over the population of

discussants) the discussant's radicalism �xed effect belongs, E p,t [d] is the (standardized)
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average of the discussant radicalism �xed effect associated with sentences posted on

page p during month t, zi is a discussant dummy, xp,t is a page-by-month dummy, and

X i ,p,t is a vector of additional controls at the discussant-by-page-by-month level. 38.

Our results are summarized in Panel B of Figure 9, which breaks down individual

radicalism into quintiles. These results fully support the hypothesis that more radical

discussants crowded out moderate ones. For a discussant whose �xed effect belongs

to the �rst quintile of radicalism (the least radical), being exposed to a page where

the average level of discussant radicalism is one standard deviation above the mean

increases her probability to stop posting on that page by 9 p.p., or 14% of the baseline

probability, compared to a discussant in the �fth quantile of radicalism. This effect

decreases monotonically with the level of individual radicalism and is not statistically

different from zero for the more radical half of the discussants. 39

Robustness checks. We evaluate the robustness of this result along several dimensions.

First, one may consider that a better measure of page radicalism would be the radicalism

of the average posted sentence (E p,t [Y]), rather than the average value of discussants'

radicalism �xed effects ( E p,t [d]). While this measure, computed on more observations,

is less subject to measurement error, it may also be polluted by period-speci�c effects

that are accounted for in our �rst stage. However, as shown in Panel A 1 of Appendix

Figure E.10, the results are remarkably similar if we use this alternative measure of

page radicalism. Similarly, the results are robust to computing page radicalism without

including the sentences posted by the discussant herself (See Panel A2 of Appendix

Figure E.10).

Second, we show that our result is not driven by spurious correlation due to an overly

saturated model. While we believe that the best speci�cation should include discussant

and page-by-month �xed effects to control for discussants sorting across pages and the

unobservable time-varying characteristics of each page, we replicate the analysis with

a less restrictive set of �xed effects. Our results are reported in Appendix Table E. 7.

38For this second stage, we restrict the estimation sample to pages that are still active
the following months. We control for the number of sentences posted by the discussant
during month t, either on page p or on other pages. The former is negatively correlated
with the exit probability, and the latter is positively correlated. We also control for
a binary variable indicating whether the discussant had already posted on the page
before month t. For the estimation, we replace expectations and quantiles of di by their
empirical counterparts using our estimates of Equation ( 6).

39See Panels A2 and B2 of Appendix Figure E. 9 for the same analysis on our two other
proxies for radicalism.
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The coef�cients associated with our variable of interest are all positive and statistically

signi�cant. Moreover, they tend to increase with the richness of the set of �xed effects,

which suggests that moderate discussants sort across pages according to their tolerance

for radical discussion, even if they do not post radical messages themselves.

Third, the average crowding out effect we measure may mask substantial variation

over our study period. On the one hand, tolerance for radical discussion may have

increased over time due to the individual radicalization process depicted in Panel A of

Figure 9 and the associated shift in norms regarding what is considered acceptable in

a conversation. This effect would bias our estimates downward. On the other hand,

decisions to leave a page may re�ect the entire history of discussants: for example, they

may decide to leave a page only after they have reached their maximum cumulative level

of exposure to radical content over time. In this case, our estimates would also capture

this tipping mechanism and could be biased upward. However, consistently with our

modeling choice to consider myopic players, our results suggest that these dynamic

concerns are not of �rst order. As shown in column ( 5) of Appendix Table E. 7, estimates

are remarkably stable when we control for discussant-by-month �xed effects, which can

be estimated for the subset of discussants who post simultaneously on multiple pages

during the month.

Finally, to check whether the crowding-out effect we observe is speci�c to the deci-

sion to leave the focal page, we replicate the analysis on the probability of leaving any

other page where the discussant is also active. Results shown in Panel B1 of Appendix

Figure E.10 con�rm that crowding out is speci�c to the focal page: moderates are not

more likely to leave other pages when exposed to radical content on a given page. In

fact, they become slightly less likely to leave the other pages. However, this indirect

positive effect is twice lower in magnitude than the direct negative effect, so that, on

average, moderates are still 5 p.p. more likely to exit at least one of the pages where they

currently post when they are exposed to radical content on one of those pages (see Panel

B2).

Discussion: algorithmic bias. A potential threat to the external validity of the

crowding-out results for street protests stems from the fact that social media platforms

may facilitate radicalization due to the way they organize discussions. In Appendix E. 7,

we describe a strategy to identify the effect of Facebook's recommendation algorithm

on the visibility of radical statements. Using the structure of online discussions, where

comments are reordered by the platform rather than displayed in chronological order, we

show that discussants on the Yellow Vest Facebook pages were typically more exposed
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to radical content, which is consistent with a potential algorithmic bias. 40 However, as

argued in Section 2.5, a strong bias in favor of radical content from the beginning might

have jeopardized the organization of the 11/ 17 protests.

4 Conclusion

Protest movements seek to form large coalitions, but these coalitions are susceptible

to fracture when protests turn violent. This paper examines this tension, which has

been at the heart of many episodes of social unrest. To do so, it draws on a salient

feature of contemporary protest movements: their use of social media. We propose a

conceptual framework in which social media can both increase the likelihood of protests

and increase the likelihood that initially successful protest movements will eventually

turn violent and fade away. We then show that the theoretical mechanisms we highlight

are consistent with the history of the Yellow Vest movement.

We view our results as a cautionary tale about the impact of social media on the

effectiveness of protest movements. When protest movements seek only to organize

one-off events (e.g., to raise awareness about a particular issue), social media may prove

effective by helping to mobilize a higher proportion of the population; conversely, when

protest movements need to wage protracted campaigns to achieve their goals (e.g., to

force substantial policy changes on the government), social media may prove detrimen-

tal by revealing to the coalitions behind the movement how heterogeneous they are,

which may convince different factions to adopt divergent and possibly mutually exclu-

sive mobilization strategies.

Our analysis abstracts from other plausible mechanisms. In particular, we believe

that the process of gradual revelation we propose is more general than our application:

for example, beyond protest tactics, protesters may also come to realize that they do not

share the same goals with each other. Collecting data on different aspects of protesters'

beliefs in real time would help to disentangle these mechanisms.

40The Facebook account we used to retrieve this data had no history and may provide
an idea of average exposure. If the recommendation algorithm depends on users' history,
then moderate users may have been less exposed to radical content than radical users.
However, this mechanism should bias the crowding-out results downward.
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A Proofs

A.1 Analysis of the Stage Game

We start by collecting the conditions for all four possible equilibria, for given beliefs

E [m] and E [lm ].
The pro�le (0, 1) is an equilibrium if and only if

(
qM + aE [lm ] � c,

vqR � c � c.

The pro�le (1, 1) is an equilibrium if and only if

(
qM + aE [m] � c,

vqR � c � c.

The pro�le (0,v) is an equilibrium if and only if

(
qM � bE [lm ] � c,

vqR + ( b + g)E [lm ] � c � c.

The pro�le (1,v) is an equilibrium if and only if

(
qM + aE [(1 � l )m] � bE [lm ] � c,

vqR + ( b + g)E [lm ] � c � c.

We then examine all regions of Figure 1 in turn, de�ning the thresholds as in the text.

First case: qR > qR This implies that aR = v is a dominant strategy for radicals. If

qM < qM , then (0,v) is the unique equilibrium. If instead qM � qM , then (1,v) constitutes

an equilibrium; there is a region where it coexists with (0,v), but moderates always

prefer (1,v) to (0,v) when (1,v) is an equilibrium. This implies the characterization

of Figure 1 for qR > qR, where the equilibrium (1,v) is played on the vertical line at

qM = qM .

Second case:qR < qR � qR Note that the condition qR > qR implies that, when (0, 1)
and (0,v) coexist, radicals prefer coordinating on (0,v); similarly, when (1, 1) and (1,v)
coexist, radicals prefer coordinating on (1,v).
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Suppose �rst that qM < qM . This implies that moderates play aM = 0, and (0, 1) and

(0,v) are the two possible equilibria, the latter being preferred by radicals.

Suppose now that qM � qM < qM . In that region: ( i) (1, 1) and (0,v) are equilibria,

the latter becauseq > qR ) vqR + ( b + g)E [lm ] � c � c; ( ii ) (1,v) is not an equilibrium

since qM < qM ; ( ii ) (0, 1) is an equilibrium in a sub-region but it is ranked by moderates

strictly below (1, 1).
The only question is thus whether our selection criteria allow deciding between (1, 1)

and (0,v). Moderates prefer the former strictly if qM > qM , and are indifferent if qM =
qM .

Radicals prefer (1, 1) as well in a strict sense if and only if qR < q�
R, and are indifferent

if qR = q�
R. We therefore have two cases to consider.

If q�
R > qR, i.e. if gE [lm ] < aE [m], the fact that qR � qR < q�

R implies that radicals

prefer (1, 1) strictly, and therefore the Pareto criterion selects (1, 1) on the entire region

[qM , qM ) � (qR, qR].
Otherwise, we have an additional threshold q�

R � qR such that: (1, 1) is played when

qR � q�
R and qM > qM ; (0,v) is played if qR > q�

R and qM = qM as radicals strictly prefer

it and moderates are indifferent; �nally, we leave the equilibrium indeterminate if q > q�
R

and qM > qM , as moderates then strictly prefer (1, 1) but radicals strictly prefer (0,v).
Suppose �nally that qM � qM . Then (1,v) is an equilibrium. In addition, every other

possible equilibrium is dominated: (0,v) since moderates prefer (1,v) (at least weakly)

and radicals prefer (1,v) strictly; (1, 1) since radicals strictly prefer (1,v), and (0, 1) since

moderates weakly prefer (1,v) and radicals strictly prefer (1,v).
This yields the characterization of Figure 1 for qR < qR � qR.

Third case: qR � qR Suppose �rst that qM < qM . On that region, (0, 1) is an equilib-

rium; there exists a subregion where (0,v) is also an equilibrium, but (0, 1) is preferred

by the radicals if qR < qR, and if q = qR we also break ties in favor of (0, 1), which

involves less participation.

Suppose now that qM � qM . Then (1, 1) constitutes an equilibrium. In addition, (1, 1)
Pareto-dominates every alternative equilibrium: (0,v) because qR � qR < q�

R, (1,v)
because radicals are at most indifferent and moderates strictly prefer (1, 1), and (0, 1)
because moderates are at most indifferent (if qM = qM ) and because radicals strictly

prefer (1, 1). This yields the characterization of Figure 1 for qR � qR.

A.2 Comparative statics

2



Figure A.1: Comparative statics on population shares and protest dynamics

A. Higher share of moderates B. Higher share of radicals
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Notes: The striped area corresponds to equilibrium (1, 1) if gE [lm ] < aE [m]. In that case, q�
R is not de�ned. Conversely, if gE [lm ] > aE [m],

the equilibrium is indeterminate, with moderates preferring (1, 1) and radicals preferring (0,v). The dotted (respectively, solid) lines delimit
the equilibria before (respectively, after) the revelation of a higher share of moderates (Panel A), and before (respectively, after) the subsequent
revelation of a higher share of radicals while keeping the share of passives �xed (Panel B). We also represent three possible dynamics following
a crowd-in sequence (equilibrium (1, 1), then equilibrium (1,v)). In the dark red area, after the revelation of a higher share of moderates, the
equilibrium switches from (1, 1) to (1,v), but remains stable after the subsequent revelation of a higher share of radicals. Conversely, the white
dot locates a region where the equilibrium switches back to (1, 1) after the revelation of a higher share of radicals. Finally, the black dot locates a
region compatible with the crowd-in-then-crowd-out sequence, where (1, 1), (1,v) and (0,v) are played sequentially provided radicals are able to
impose their preferred equilibrium (0,v) in the indeterminate region.
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A.3 Proof of Proposition 1

In the following we �x a learning trap (a, c , ( l̃ , m̃)) , and distinguish cases as a func-

tion of the equilibrium a played.

First case: a = ( 1,v) The distribution f (. j (1,v), l̃ , m̃) identi�es both l̃ and m̃. The on-

path consistency condition thus implies that c = dl̃ ,m̃, and hence a = a� (c ) = a� (dl̃ ,m̃),
which contradicts the fact that (a, c , ( l̃ , m̃)) is a learning trap.

Second case:a = ( 1, 1) The distribution f (. j (1, 1), l̃ , m̃) identi�es m̃, and thus Ec [m] =
m̃. The fact that a = a� (c ) = ( 1, 1) then implies that qM + am̃> c, which in turn implies

that a� (dl̃ ,m̃) 2 f (0,v), (1,v)g. That a = a� (c ) = ( 1, 1) also implies vqR < c � c.

Suppose �rst that a� (dl̃ ,m̃) = ( 0,v). SincevqR < c � c, this is possible only if gEc [l ] >
a so that the striped area on Figure 1 is non-trivial. Then, a� (c ) = ( 1, 1) and a� (dl̃ ,m̃) =
(0,v) is equivalent to the following system:
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><

>:

vqR + m̃(gEc [l ] � a) < c � c < vqR + m̃(gl̃ � a),
qM + am̃> c,

qM + m̃(aEc [1 � l ] � bEc [l ]) < c.

The �rst line implies in particular that l̃ > Ec [l ]. This characterizes the learning trap

on the fourth row of Table 1.

Suppose now that a� (dl̃ ,m̃) = ( 1,v), i.e. that

vqR + ( g � a) l̃ m̃> c � c and qM + m̃[a(1 � l̃ ) � bl̃ ] > c.

There are two possibilities for the fact that a = ( 1, 1). The �rst (area below (1,v) on

Figure 1) is that

vqR + ( g � a)m̃Ec [l ] < c � c < vqR + ( g � a)m̃l̃ ,

which implies that Ec [l ] < l̃ . In that situation, radicals underestimate their number

and fail to coordinate on a violent protest, which would be an equilibrium.

The second possibility (area to the left of (1,v) on Figure 1) is that

(
vqR + m̃(gEc [l ] � a) < c � c < vqR + ( g � a) l̃ m̃,

qM + m̃(aEc [1 � l ] � bEc [l ]) < c < qM + [ a(1 � l̃ ) � bl̃ ]
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The second row of this system implies that l̃ < Ec [l ]. In that case, radicals overestimate

their number and fail to coordinate on a violent protest as they (mistakenly) believe that

moderates would then leave the movement. This covers the third row of Table 1.

Third case: a = ( 0,v) The distribution f (. j (0,v), l̃ , m̃) identi�es l̃ m̃, and thus c

satis�es Ec [lm ] = l̃ m̃. Sincea = a� (c ) = ( 0,v), we have vqR + ( g � a) l̃ m̃> c � c.

First, if vqR > c � c, there is a learning trap with a� (dl̃ ,m̃) = ( 1,v) if and only if

qM + aEc [m] � (a + b) l̃ m̃< c < qM + am̃� (a + b) l̃ m̃,

which requires m̃> Ec [m].
Second, if vqR < c � c, there is a learning trap where a� (dl̃ ,m̃) = ( 1, 1) if and only if

one of these conditions is satis�ed:

maxf qM + aEc [m], qM + m̃[a(1 � l̃ ) � bl̃ ]g < c < qM + am̃,

or (
vqR + gl̃ m̃� am̃< c � c < vqR + gl̃ m̃� aEc [m],
qM + a maxf m̃,Ec [m]g � (a + b) l̃ m̃< c < qM + a min f m̃,Ec [m]g.

Both cases requireEc [m] < m̃.

Finally, there is a learning trap a� (dl̃ ,m̃) = ( 1,v) if and only if

qM + aEc [m] < c < qM + m̃[a(1 � l̃ ) � bl̃ ].

Both systems require m̃> Ec [m]. These cases cover the second and �fth row of Table 1.

Fourth case: a = ( 0, 1) The distribution f (. j (0, 1), l̃ , m̃) identi�es l̃ m̃, and thus c

satis�es Ec [lm ] = l̃ m̃. This implies that vqR + ( g � a) l̃ m̃ < c, and the only possible

learning trap is one where a� (dl̃ ,m̃) = ( 1, 1), which arises if and only if

qM + aEc [m] < c < qM + am̃.

This implies Ec [m] < m̃. This case covers the �rst row of Table 1.

A.4 Proof of Proposition 2

We illustrate the logic using the �rst row of Table 1 as an example and skip the proof

for the other cases, as it relies on a similar argument. Recall from the previous section
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that this learning trap arises in the absence of social media if and only if the following

system holds:

8
><

>:

vqR + ( g � a) l̃ m̃< c � c,

qM + aEc [m] < c < qM + am̃,

supp(c ) � f ( l , m) : lm = l̃ m̃g.

(9)

This learning trap survives to the introduction of social media if and only if the

online equilibrium played under belief c is (0, 1) or (0,v). Indeed, in the other two cases

((1, 1) or (1,v)), observations from online political participation identify m̃, implying

that Ec [m] = m̃. This would contradict the second row of System 9. Therefore, on top

of system 9, any candidate learning trap (a, c , ( l̃ , m̃)) must satisfy a second system of

inequalities that guarantees that the online equilibrium is (0, 1) or (0,v). In addition,

it is easy to see that this second system is not implied by the �rst: take for instance

parameters such that System9 is satis�ed, but

(
vqR + ( g � a) l̃ m̃< kv[c � c],
k1c < qM + aEc [m].

Such combination of parameters clearly exists, and is such that the online equilibrium

played is (1, 1). This proves the �rst part of Proposition 2.

To prove the second part, note that, if k1 and kv are small enough, then the only

online equilibrium is (1,v). This implies that a self-con�rming equilibrium must satisfy

c = dl̃ ,m̃, and hence no learning trap is possible.

A.5 Learning Traps Caused by Social Media

We here show that, for �xed prior, social media might hinder learning about m, yield-

ing a learning trap where moderates underestimate their share. We formulate this claim

in a special case in Proposition 4:

Proposition 4 Fix n = + ¥ . There exist parameter values and prior distributionsc0 and c 0
0

such that:

(i) Under beliefc0, the game without social media converges on the full-information equilib-
rium (1, 1), whereas the game with social media converges on(0,v).

(ii) Under beliefc 0
0, the game without social media converges on the full-information equilib-

rium (1, 1), whereas the game with social media converges on(0, 1).
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We prove item (i) by exhibiting parameters such that the full-information equilibrium

(1, 1) is played forever in the game without social media, while (0,v) is played forever

in the game with social media.

A set of suf�cient conditions is given by Equations ( 10) to (17):

8
>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>:

qM + aEc0[m] > c, (10)

qM + am̃> c, (11)

qM + aEc0[mj l̃ m̃] > c, (12)

vqR + gEc0[lm ] � aEc0[m] < c � c, (13)

vqR < kv[c � c], (14)

vqR + gm̃Ec0[l jm̃] � am̃< c � c, (15)

vqR + gEc0[lm ] � aEc0[m] > kv[c � c], (16)

vqR + gl̃ m̃� aEc0[mj l̃ m̃] > c � c, (17)

It is easy to check that this system admits some solutions. Note how Condition ( 17)

implies that the realized value of l̃ is large relative to the ex-ante expectation.

Let us analyze the game without social media. Conditions ( 10), (13) and (14) (which

implies vqR < c� c), imply that (1, 1) is played in the �rst period, revealing m̃. Conditions

(11) and (15) then imply that (1, 1) is played in every period thereafter.

Let us now analyze the game with social media, and show that (0,v) can be played in

every period after being selected against (1, 1) in the “indeterminate region” of Figure 1,

which is non-empty at every period by virtue of combining condition ( 14) with ( 13)

and (17). Conditions ( 10) and (16) imply that (0,v) is played at the �rst period. This

reveals the value of l̃ m̃. Then conditions (12) and (17) imply that (0,v) is played at any

subsequent period, online or of�ine. This concludes the proof of item (i).

We prove item (ii) similarly by exhibiting parameters such that the full-information

equilibrium (1, 1) is played forever in the game without social media, while (0,v) is

played in the �rst period of the game with social media, followed by (0, 1) forever.

In the system of conditions ( 10)-(17) (substituting c 0
0 for c0 everywhere), we replace

Conditions ( 12) and (17) by

(
qM + aEc0

0
[mj l̃ m̃] < c, (18)

vqR + ( g � a) l̃ m̃< kv[c � c] (19)

Again, one can check that this system admits some solutions. Note how Condi-

tion (19) now implies that the realized value of l̃ m̃ is small relative to the ex-ante ex-
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pectation. In the game with social media where l̃ m̃ is revealed at the �rst period, this

prompts a shift to the equilibrium (0, 1) both online and of�ine thereafter.

A.6 Equilibrium conditions

Here we provide the equilibrium conditions of the stage game enriched by the as-

sumption that radicals can also refrain from participating—thus, there is an extra pos-

sible equilibrium (0, 0). Given our equilibrium selection criteria, (0, 0) is played if and

only if the following three conditions are met (recall that we break ties in favor of the

equilibrium with lowest participation):

8
><

>:

qM + aEc [m] � c,

qR + aEc [lm ] � c,

(v + 1)qR + gEc [lm ] � c.

These conditions rule out a pro�table (collective) deviation to (1, 1), (0, 1), and (0,v)
respectively.

A.7 Proof of Proposition 3

To prove item (i), note that, for each sequence, (0, 0) being the of�ine equilibrium

in the absence of social media in period 1b implies qM + aEc0[m] < c, whereas (1, 1)
being the of�ine equilibrium with social media indicates that qM + aEc1b[m] � c. Hence,

Ec1b[m] > Ec0[m].
To prove item (ii), note that the fact that (0, 1) is played in period 1a whereas (1,v)

is played in period 2a indicate respectively that vqR + ( g � a)Ec0[lm ] < kv(c � c) �
vqR + ( g � a)Ec2a[lm ], from which we infer Ec0[lm ] < Ec2a[lm ].

Last, to prove item (iii), the fact that (1,v) is played in period 2a but (0,v) is played in

period 3a shows that qM + aEc2a[(1 � l )m] � bEc2a[lm ] � k1c > qM + aEc3a[(1 � l )m] �
bEc3a[lm ], which yields the result.
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B Elements of Context

In 2015, President François Hollande decided to introduce a carbon tax on top of the

existing gas tax to align the after-tax prices of diesel and gasoline. Despite rising oil

prices since 2016and increasing car-related expenses, the carbon tax was con�rmed in

2017by the newly elected President Emmanuel Macron. In January 2018, a few months

later, Prime Minister Philippe lowered the speed limit on secondary roads from 90 km/h

to 80 km/h, citing concerns about road safety. This decision, which was not included in

Macron's campaign platform, led to numerous slowdowns across the country. The new

80 km/h regulation took effect on July 1st, 2018.

Despite growing discontent, especially among motorists, the annual increase in the

carbon tax was con�rmed in the 2019budget at the end of the summer recess. In May

2018, a few months earlier, a motorist had started a petition against the gas tax on

the Change.org platform. Though the petition received only a few hundred signatures

during its �rst few months, it was mentioned in a local newspaper on October 12th , 2018.

The newspaper had a local readership in Seine-et-Marne (a department on the outskirts

of the Paris region), where the article triggered the �rst wave of signatures. The wife

of a truck driver who was planning to block the Paris ring road in November saw the

article and shared a link to the petition on Facebook. Nine days and thousands of local

signatures later, a national newspaper published a new article about the petition and

the planned roadblock, causing signatures to skyrocket nationwide. On October 24th , an

online video recommended using yellow safety vests, which are required by law for all

car owners to keep in their trunks, as a rallying symbol for angry drivers. The organizers

of the roadblocks relied heavily on Facebook to spread the word, and several websites

were created to list relevant local Facebook groups. On November 17th , hundreds of

thousands of protesters blocked hundreds of roads across France.

The movement resorted to more conventional weekly demonstrations in France's ma-

jor cities, as most roadblocks were quickly removed. A peak of violence was reached on

December 1st in Paris. The following Saturday, police tanks were mobilized and 2,000

people were arrested. On December 5th and 10th , as a sign of peace, President Macron

announced that he would abandon the planned gas tax hike, then presented a 10 billion

euro plan that signi�cantly bent the government's budgetary policy. The main transfer to

low-wage workers ( Prime d'Activité) was both increased and expanded, which uniformly

bene�ted all regions of France, independently of the extent of the mobilization (Leroy,

2024). He also called for the compilation of lists of grievances ( Cahiers de doléances, as

was done during the French Revolution in 1789) across the country, to be followed by
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hundreds of town hall meetings to allow everyone to voice their concerns through a

“Great National Debate” ( Grand Débat National).

Following this response, some roadblocks became permanent campsites, and weekly

demonstrations continued for months. However, the number of protesters soon became

negligible (except in Paris, where some large demonstrations still took place until March

2019, attracting protesters from other parts of France). At the same time, the protesters

lost popular support and ultimately failed to present a united front for the upcoming

elections (the2019European Parliament elections on May 26th). The movement remained

active online in the following years, organizing sporadic protests where yellow vests

were worn as a badge of honor. By 2024, it had become a trope to explain voting patterns,

especially for far-right parties. As such, this simple piece of clothing has become an

enduring and divisive icon in the French political landscape.

C Data Sources

C.1 Street Protests

A website (www.blocage 17novembre.fr) was created to coordinate the mobilization.

It provided a map of the organized blockades, updated in real-time. As of November

16, the map documented 788 geolocated blockades. We use this map to document the

of�ine mobilization of the Yellow Vests, summarized in Panel C of Figure D. 1.

C.2 Change.org Petition

Change.org gave us access to an anonymized list of the signatories of the petition

“Pour une baisse du prix des carburants �a la pompe”. Each observation is associated

with the date of signature and the ZIP code of the signatory. We restrict the data to sig-

natures in mainland France and with a valid ZIP code. By October 16, 2019, the petition

had garnered 1,247,816signatures, including 1,043,337with a valid French ZIP code. We

use the ZIP code to compute the signature rate in each municipality by dividing the

number of signatures in each municipality by its population. When necessary, we allo-

cate signatures associated to this ZIP code across relevant municipalities proportionally

to population. Panel A in Figure D. 1 shows the distribution of signature rates at the

municipal level over France.
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C.3 Facebook Activity

The main websites coordinating demonstrations listed local Facebook groups. 1 To

document online mobilization, we looked for public Facebook groups and pages related

to the movement. Due to the limitations of the Facebook API, we had to look for groups

and pages manually, between December 12 and December 15, 2018for groups and be-

tween March 21 and March 23, 2019 for pages. We used Netvizz to retrieve content

between April 2 and April 10, 2019. Note that Netvizz did not allow us to retrieve ac-

tual discussions happening on Facebook groups. We use a keyword search approach to

�nd Facebook groups and pages, performing requests on Facebook's search engine and

manually retrieving results. These searches were performed using temporary sessions

in order to minimize bias induced by Facebook's algorithm.

For groups, our aim was to retrieve as many groups linked to the Yellow Vests

as possible. To this end, we started by searching for the keywords “gilet jaune” and

“hausse carburant”, on their own and associated with the the codes and names of the

départements and of the former and current regions, as well as the names of all mu-

nicipalities with more than 10,000 inhabitants.2 Then, we performed further searches

with the keywords “hausse taxes”, “blocage”, “colere” and “ 17 novembre”, associated

with the names of the French d épartements, the names of the former and current re-

gions, and the same list of municipalities as before. Finally, we performed searches for

the following keywords: “gillet jaune”, “gilets jaune”, “manif 17 novembre”, “manif 24

novembre”, “manif 1 decembre”, “manif 8 decembre”, “macron 17 novembre”, “macron

24novembre”, “macron 1 decembre”, “macron 8 decembre”,“blocus 17novembre”, “blo-

cus 24 novembre”, “blocus 1 decembre”, “blocus 8 decembre”, “blocage 17 novembre”,

“blocage 24 novembre”, “blocage 1 decembre”, “blocage 8 decembre”.3

For pages, as our aim was not to retrieve the universe of active Yellow Vests com-

munities but simply a sample of messages large enough to perform text analysis, we

relied on a smaller number of searches, searching for the keywords “gilet jaune” and

“blocage hausse carburant” on their own or associated with the codes and names of the

1First blocage17novembre.fr, then gilets-jaunes.com and giletsjaunes-coordination.fr.
2Restricting the keywords used to these large municipalities is necessary as the num-

ber of municipalities in France is very high. It might introduce a bias towards groups
associated to denser areas. Fortunately, this bias is reduced by a characteristic of Face-
book's algorithm: when searching for groups and pages associated with a municipality
on the platform, Facebook also retrieves results associated to nearby municipalities.

3We reviewed all the search results manually to only keep the groups clearly associ-
ated with the mouvement.
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départements as well as a list of the largest cities.4

Yellow Vests Groups. For each group, we recorded the group's name, creation date,

number of members, and number of publications. We eventually identi�ed 3,033groups

in total, with over four million members. Over two-thirds of the groups were associ-

ated with a geographical area, and more than 40% of the total members belonged to

these localized groups. Moreover, only 20% of the posts emanated from national groups,

suggesting that localized groups were the most active type. Table C.1 presents descrip-

tive statistics on the dataset. Panel B in Figure D.1 displays the spatial distribution of

municipalities with at least one speci�c Facebook group.

Table C.1: Characteristics of Facebook groups

Targeted Audience Groups Members Publications

National 502(63%) 2,372,217 255,131
Region 164(81%) 244,930 135,857
County 717(81%) 507,729 320,263
Municipality 1,638(65%) 983,057 742,036
Total 3,033(70%) 4,109,325 1,453,878

Notes: In the �rst column of this table, we show the number of Facebook groups for each geographic focus.
We infer the group's targeted audience from its name. In parentheses, we indicate the share of the number
of groups created after 11/ 17. Other columns show the total number of members and the total number of
publications (this number is right-censored by Facebook at 10,000 publications per group). The last line
(“Total”) includes 12 “foreign” groups, 11 of which were created after 11/ 17, including 1,392 members
and associated with 591publications.

Yellow Vests Pages. We identi�ed 617 Facebook pages and used Netvizz to re-

trieve their content (Rieder, 2013): posts, comments, and interactions (such as likes and

shares).5 This corpus features over 121,000 posts, 2.1 million comments, and 21 million

interactions. Since Netvizz did not provide user ids associated with scraped content, we

scraped Facebook again in January2022and collected (de-identi�ed) user ids. Approx-

imately 30% of pages had been deleted by January2022. On the remaining pages, we

retrieved 46% of the original posts and 18% of the original comments for this second data

4The complete list of further keywords used is the following: paris; marseille; lyon;
toulouse; nice; nantes; strasbourg; montpellier; bordeaux; lille; rennes; reims; le havre;
saint etienne; toulon; grenoble; dijon; angers; villeurbanne; le mans; nimes; aix en
provence; brest; clermont ferrand; limoges; tours.

5Netvizz is no longer available since August 21st, 2019.
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retrieval (see Table C.2). We show in Figure E.5 that both datasets are quite similar in

terms of predicted political af�liation and topics. They also display qualitatively similar

trends, though the second dataset generally displays larger increases in radical attitudes

(Figure E.6).

Table C.2: Comparison Between the Two Data Collections on Facebook Pages

Data Collection Pages Posts Comments Sentences Users

First 617 120,242 1,936,921 2,860,427 —
Second 411 56,062 352,733 706,182 120,463

Notes: This table presents simple count metrics to compare the datasets resulting from our two data
collections on Facebook pages.

C.4 Tweets of Politicians

We built a dataset of tweets by politicians who belonged to the lower chamber of the

French Parliament (the Assembĺee Nationale) between 2017and 2022. We consider the �ve

largest French political parties: Rassemblement National (RN), Les Républicains (LR), La

République en Marche (LREM), le Parti Socialiste (PS) and La France Insoumise (LFI).

Politicians use Twitter to speak to their constituents directly. Thus, tweets are closer

to daily social media messages than parliamentary speeches. They provide a natural,

labeled dataset to train a machine learning classi�er of party af�liation based on written

text. We then use our classi�er to infer online protesters' political partisanship based on

their Facebook messages. The complete list of politicians at the Assembĺee Nationale is

available on the of�cial website of the Assembl ée Nationale (see here). The dataset of

French politicians on Twitter comes from the association “Regards Citoyens” (see here).

We retrieved the last 3200tweets of each politician via the Twitter API on December 12,

2021. The �nal dataset has 272politicians for a total of 635,951 tweets.

C.5 Polls

The polling institute ELABE conducted several surveys between November 2018and

April 2019for the news Channel BFM TV. Figure C.1 reports their results on the evolution

of popular support for the Yellow Vests movement.
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Figure C.1: Evolution of the Popular Support for the Yellow Vests

Notes: This �gure plots the share of the population who declared they were supportive or sympathetic to
the Yellow Vests movement over time. The vertical dashed line corresponds to 11/ 17. ELABE, the sur-
vey institute from which we collected data, conducted polls on 11/ 14/ 2018, 11/ 21/ 2018, 11/ 28/ 2018,
12/ 5/ 2018, 12/ 11/ 2018, 12/ 19/ 2018, 1/ 9/ 2019, 1/ 14/ 2019, 2/ 13/ 2019, 3/ 13/ 2019, 3/ 20/ 2019, and
4/ 24/ 2019. The number of respondents varies around 1,000 for the full sample and between 200 and
300 for the three subsamples, which correspond to declared vote during the �rst round of the 2017pres-
idential election. RN stands for “Rassemblement National” (far-right), LREM for President Macron's “La
République En Marche” (center) and LFI for “La France Insoumise” (far-left).
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C.6 Google Trends

Figure C.2 shows daily statistics from Google Trends in France for two phrases: Gilets

Jaunes Facebookand Gilets Jaunes Manifestation. Street protests were organized every Sat-

urday after 11/ 17. The weekly spikes in the second query may be driven by people

trying to join the day's protest. However, a very similar pattern, both qualitatively and

quantitatively, is observed for the �rst query, suggesting that the protests also triggered

further attention to the Yellow Vest Facebook ecosystem. Before the �rst protest on

11/ 17, searches forGilets Jaunes Facebookwere virtually zero, even though some groups

had been created for several weeks.

Figure C.2: Evolution of Google searches

Notes: Daily index of Google Search intensity in France for the keywords Gilets jaunes Facebookand Gilets
jaunes Manifestationbetween November 1st, 2018and April 15th, 2019. The dashed lines correspond to the
weekly protests, starting in 11/ 17. Source: Google Trends.
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D Supplement for the municipal analysis

D.1 Data at the municipal level

Some variables were only available at higher geographical levels. When relevant, we

apportioned them according to municipal population.

Mobilization.

• Blockade is a dummy variable equal to 1 if there was a blockade in the municipality

on 11/ 17.

• Local group is a dummy variable equal to 1 if a Facebook group was created in the

municipality after 11/ 17.

• Early signature is the number of petition signatories per inhabitant on 11/ 16.

• Early Groups is the log number of local and regional groups (apportioned by

municipal population) created before 11/ 17

• Later Groups is the log number of local and regional groups (apportioned by mu-

nicipal population) created after 11/ 17

• Members is the log number of members who belong to later groups at the time of

the scrape (mid-December 2018)

• Posts is the log number of messages posted on later groups at the time of the scrape

(mid-December 2018)

• Early Mobilization is a dummy variable equal to 1 if the municipality belongs to

the top quartile of municipalities in terms of Early signature and in terms of Early

Groups.

Controls.

• Baseline controls includes the log population of the municipality and three binary

variables equal to 1 if the municipality is an administrative center at the county

(N=94), district (N= 315) or subdistrict (N= 1614) levels. Source: Census (RP, comple-

mentary exploitation),2016, INSEE.
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• LZ is a set of dummies for Living Zones. We cluster the 26 small municipalities

that are alone in their Living Zone into a �ctitious Living Zone in the estimation.

Source: INSEE.

• Population controls includes two binary variables equal to 1 if the population of

the municipality is larger than 20,000 or larger than 100,000 inhabitants, the share

of immigrants in the population and the shares of the population in the following

groups: 18-24 y.o.; 25-39 y.o.; 40-64 y.o.; over 65 y.o. Source: Census2016, INSEE.

• Geographical controls includes the shares of the employed population commuting

by car and public transportation, the median commuting distance, the share of

roads where speed limit was lowered in 2018, as well as the share of diesel cars.

Source: Census2016, INSEE. Déclarations Annuelles de Données Sociales (DADS),2015,

INSEE.

• Economic controls includes the local unemployment rate, the fraction of employees

with a non-permanent contract, log mean income, and the shares of the different

cat́egories socio-professionellesde�ned by INSEE (executive, independent, middle-

management, employee, manual worker) and the shares of the population without

a high-school diploma, and with a university degree. Source: Census2016, INSEE.

DADS, 2015, INSEE.

• Political controls includes the vote share for the �ve major candidates in the 2017

presidential election and the abstention rate. I Source: Ministry of the Interior.

Instruments.

• Tolls is a dummy variable equal to 1 if the municipality hosts a highway toll in

2019. Source: OpenStreetMap.

• 4G Antenna measures exposure to4G as a dummy variable equal to 1 if the munici-

pality has a working antenna prior to 11/ 17. Source: Agence Nationale des Fréquences.
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Figure D.1: Maps of Protests and Instruments

A. Petition signatures per capita B. Facebook Group

C. Blockades D. Tolls

E. 4G Antennas F. 4G Antennas (residualized)

Notes: Panel A shows the distribution of the petition signature rate per inhabitant by the end of 2019. Panel
B shows the location of municipalities with at least one municipal Yellow Vest Facebook group. Panel C
shows the location of municipalities with at least one blockade on 11/ 17. Panel D shows the location of
municipalities on the highway (in pink) and those with at least one highway toll (red dots). Panel E shows
the location of municipalities with one 4G antenna before 11/ 17. Panel F shows the distribution of the
previous binary variable after residualization on our set of extended controls.
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D.2 Empirical strategy

Figure D.2: Relevance and Placebo Checks for the Instruments

4G Antennas Tolls

A. Relevance: First Stages

B. Placebo Checks: Past Protest Movements

Notes: Panel A shows the OLS coef�cient estimate on the �rst stage regressions when we control for
Baseline Controls and for a set of Extended Controls that comprise all variables listed as Controls in
Appendix D. 1. Panel B shows the OLS coef�cient estimate and 95% con�dence interval on the correlation
between various binary variables if the municipality witnessed a protest in 2010or 2016on a given day,
controlling for our set of Extended Controls. Standard errors are clustered at the LZ level.
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D.3 Additional regression results

Table D.1: 4G Instrument – Robustness

Dependent Variable:

Blockade on 11/17 (indicator)

(1) (2) (3) (4) (5) (6) (7)

Panel A: OLS

Online Pre-11/ 17 0.037*** 0.033*** 0.035*** 0.035*** 0.034*** 0.034*** 0.029***

(0.007) (0.007) (0.007) (0.006) (0.006) (0.006) (0.005)

Panel B: Reduced form

4G Antenna 0.009*** 0.006*** 0.007*** 0.007*** 0.006*** 0.006*** 0.005***

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Panel C: 2SLS

Online Pre-11/ 17 0.265*** 0.225*** 0.273*** 0.270*** 0.258*** 0.242*** 0.233**

(0.062) (0.076) (0.086) (0.088) (0.092) (0.092) (0.100)

Baseline Controls X X X X X X X
Living Zone Fixed Effect X X X X X X
Population Controls X X X X X
Geographical Controls X X X X
Economic Controls X X X
Political Controls X X
Excluding Paris Region X

Mean dep. var. 0.02 0.02 0.02 0.02 0.02 0.02 0.02

Observations 34475 34475 34475 34475 34475 34475 33203

Robust F Stat 47.16 31.71 31.54 32.48 29.02 28.38 25.57

Notes: This Table shows speci�cation and sample checks on the result shown in Column ( 1) in Table 2.
Controls are listed in Appendix D. 1. Column ( 6) corresponds to the full speci�cation. In Column ( 7), we
restrict the sample to municipalities outside the Paris region. We cluster standard errors at the Living
Zone level. *: p < 0.1, **: p < 0.05, ***: p < 0.01.
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Table D.2: Toll Instrument – Robustness on the Likelihood of Creating a New Facebook Group

Dependent Variable:

New Local Facebook Group (indicator)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: OLS

Blockade 0.123*** 0.122*** 0.117*** 0.116*** 0.115*** 0.114*** 0.113*** 0.107*** 0.164***

(0.015) (0.016) (0.016) (0.016) (0.016) (0.016) (0.016) (0.017) (0.032)

Panel B: Reduced form

Toll 0.047*** 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 0.044*** 0.041*** 0.034***

(0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012)

Panel C: 2SLS

Blockade 0.446*** 0.439*** 0.442*** 0.442*** 0.443*** 0.445*** 0.445*** 0.433*** 0.413***

(0.120) (0.125) (0.124) (0.124) (0.124) (0.124) (0.126) (0.135) (0.158)

Baseline Controls X X X X X X X X X
Living Zone Fixed Effect X X X X X X X X
Population Controls X X X X X X X
Geographical Controls X X X X X X
Economic Controls X X X X X
Political Controls X X X X
Online Pre-11/ 17 X X X
Excluding Paris Region X X
City Next to Highway X

Mean dependent variable 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.05

Observations 34475 34475 34475 34475 34475 34475 34475 33203 3905

Robust F Stat 49.21 47.28 47.12 48.02 48.29 48.34 48.05 42.69 31.22

Notes: This Table shows speci�cation and sample checks on the result shown in Column ( 2) in Table 2. Controls are listed in Appendix D. 1. Column
(6) corresponds to the full speci�cation. In Column ( 7), we control for the measure of early online mobilization (our main variable of interest in
Equation (4)) and for the 4G Antenna dummy. In Column ( 8), we restrict the sample to municipalities outside the Paris region. In Column ( 9), we
restrict the sample to municipalities that are located on a highway. We cluster standard errors at the Living Zone level. *: p < 0.1, **: p < 0.05, ***:
p < 0.01.
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Table D.3: Toll Instrument – Robustness on the Number of New Facebook Groups

Dependent Variable:

Number of New Facebook Groups (in logs)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: OLS

Blockade 0.348*** 0.309*** 0.306*** 0.302*** 0.297*** 0.295*** 0.288*** 0.273*** 0.432***

(0.055) (0.046) (0.047) (0.046) (0.046) (0.046) (0.046) (0.049) (0.092)

Panel B: Reduced form

Toll 0.150*** 0.110*** 0.110*** 0.111*** 0.111*** 0.113*** 0.110*** 0.106*** 0.106***

(0.049) (0.038) (0.038) (0.038) (0.038) (0.038) (0.038) (0.039) (0.041)

Panel C: 2SLS

Blockade 1.431*** 1.099*** 1.108*** 1.111*** 1.112*** 1.127*** 1.117*** 1.118** 1.272**

(0.478) (0.395) (0.397) (0.396) (0.396) (0.396) (0.401) (0.434) (0.517)

Baseline Controls X X X X X X X X X
Living Zone Fixed Effect X X X X X X X X
Population Controls X X X X X X X
Geographical Controls X X X X X X
Economic Controls X X X X X
Political Controls X X X X
Online Pre-11/ 17 X X X
Excluding Paris Region X X
City Next to Highway X

Mean dependent variable -5.15 -5.15 -5.15 -5.15 -5.15 -5.15 -5.15 -5.18 -4.24

Observations 34475 34475 34475 34475 34475 34475 34475 33203 3905

Robust F Stat 49.21 47.28 47.12 48.02 48.29 48.34 48.05 42.69 31.22

Notes: This Table shows speci�cation and sample checks on the result shown in Column ( 3) in Table 2. Controls are listed in Appendix D. 1. Column
(6) corresponds to the full speci�cation. In Column ( 7), we control for the measure of early online mobilization (our main variable of interest in
Equation (4)) and for the 4G Antenna dummy. In Column ( 8), we restrict the sample to municipalities outside the Paris region. In Column ( 9), we
restrict the sample to municipalities that are located on a highway. We cluster standard errors at the Living Zone level. *: p < 0.1, **: p < 0.05, ***:
p < 0.01.
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Table D.4: Toll Instrument – Robustness on the Number of Members in New Facebook Groups

Dependent Variable:

Number of Members in New Facebook Groups (in logs)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: OLS

Blockade 0.396*** 0.276*** 0.279*** 0.275*** 0.271*** 0.271*** 0.264*** 0.224*** 0.428***

(0.092) (0.057) (0.059) (0.057) (0.057) (0.057) (0.058) (0.057) (0.097)

Panel B: Reduced form

Toll 0.225** 0.135*** 0.135*** 0.130*** 0.130*** 0.131*** 0.128*** 0.114** 0.138***

(0.089) (0.049) (0.049) (0.048) (0.048) (0.048) (0.048) (0.049) (0.048)

Panel C: 2SLS

Blockade 2.152** 1.357*** 1.357*** 1.307*** 1.299*** 1.312*** 1.295*** 1.203** 1.661***

(0.850) (0.499) (0.496) (0.490) (0.490) (0.490) (0.496) (0.527) (0.616)

Baseline Controls X X X X X X X X X
Living Zone Fixed Effect X X X X X X X X
Population Controls X X X X X X X
Geographical Controls X X X X X X
Economic Controls X X X X X
Political Controls X X X X
Online Pre-11/ 17 X X X
Excluding Paris Region X X
City Next to Highway X

Mean dependent variable -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.04 1.02

Observations 34475 34475 34475 34475 34475 34475 34475 33203 3905

Robust F Stat 49.21 47.28 47.12 48.02 48.29 48.34 48.05 42.69 31.22

Notes: This Table shows speci�cation and sample checks on the result shown in Column ( 4) in Table 2. Controls are listed in Appendix D. 1. Column
(6) corresponds to the full speci�cation. In Column ( 7), we control for the measure of early online mobilization (our main variable of interest in
Equation (4)) and for the 4G Antenna dummy. In Column ( 8), we restrict the sample to municipalities outside the Paris region. In Column ( 9), we
restrict the sample to municipalities that are located on a highway. We cluster standard errors at the Living Zone level. *: p < 0.1, **: p < 0.05, ***:
p < 0.01.
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Table D.5: Toll Instrument – Robustness on the Number of Messages Posted on New Facebook Groups

Dependent Variable:

Number of Messages Posted on New Facebook Groups (in logs)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: OLS

Blockade 0.337*** 0.268*** 0.273*** 0.269*** 0.265*** 0.265*** 0.259*** 0.214*** 0.407***

(0.085) (0.060) (0.061) (0.059) (0.060) (0.059) (0.060) (0.059) (0.097)

Panel B: Reduced form

Toll 0.148* 0.132*** 0.132*** 0.126*** 0.125** 0.126*** 0.122** 0.106** 0.132***

(0.084) (0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.049)

Panel C: 2SLS

Blockade 1.411* 1.329*** 1.321*** 1.262** 1.250** 1.261** 1.239** 1.123** 1.589**

(0.785) (0.502) (0.500) (0.493) (0.493) (0.492) (0.498) (0.523) (0.624)

Baseline Controls X X X X X X X X X
Living Zone Fixed Effect X X X X X X X X
Population Controls X X X X X X X
Geographical Controls X X X X X X
Economic Controls X X X X X
Political Controls X X X X
Online Pre-11/ 17 X X X
Excluding Paris Region X X
City Next to Highway X

Mean dependent variable -0.13 -0.13 -0.13 -0.13 -0.13 -0.13 -0.13 -0.17 0.87

Observations 34475 34475 34475 34475 34475 34475 34475 33203 3905

Robust F Stat 49.21 47.28 47.12 48.02 48.29 48.34 48.05 42.69 31.22

Notes: This Table shows speci�cation and sample checks on the result shown in Column ( 5) in Table 2. Controls are listed in Appendix D. 1. Column
(6) corresponds to the full speci�cation. In Column ( 7), we control for the measure of early online mobilization (our main variable of interest in
Equation (4)) and for the 4G Antenna dummy. In Column ( 8), we restrict the sample to municipalities outside the Paris region. In Column ( 9), we
restrict the sample to municipalities that are located on a highway. We cluster standard errors at the Living Zone level. *: p < 0.1, **: p < 0.05, ***:
p < 0.01.
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Table D.6: 4G Instrument – Robustness on the de�nition of early online mobilization

Dependent Variable:

Blockade on 11/17 (indicator)

Quantile cutoff 1/ 2 2/ 3 3/ 4 4/ 5 5/ 6 6/ 7 7/ 8 8/ 9 9/ 10

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: OLS

Online Pre-11/ 17 0.006 0.016*** 0.034*** 0.049*** 0.061*** 0.065*** 0.076*** 0.072*** 0.084***

(0.004) (0.005) (0.006) (0.009) (0.011) (0.012) (0.013) (0.013) (0.016)

Panel B: 2SLS

Online Pre-11/ 17 -1.139 0.241** 0.242*** 0.302*** 0.367*** 0.433*** 0.491*** 0.690** 0.842**

(1.419) (0.096) (0.092) (0.114) (0.140) (0.167) (0.189) (0.288) (0.361)

Controls X X X X X X X X X

Mean indep. var. 0.27 0.13 0.08 0.05 0.04 0.03 0.02 0.02 0.01

Observations 34475 34475 34475 34475 34475 34475 34475 34475 34475

Robust F Stat 0.70 21.25 28.38 25.78 22.66 22.28 21.53 13.72 12.31

Notes: This Table shows speci�cation checks on the result shown in Column ( 1) in Table 2. Controls are
listed in Appendix D. 1. In each column, the de�nition of the independent variable changes: it is a binary
variable equal to 1 if both the number of local groups and the signature rate before 11/ 17 are in the top
half of municipalities (Column 1), in the top third (Column 2), up to the top decile (Column 10). Column
(3) corresponds to our baseline de�nition. We cluster standard errors at the Living Zone level. *: p < 0.1,
**: p < 0.05, ***: p < 0.01.
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Table D.7: Toll instrument – Robustness to using two instruments

Dependent Variable:

Group Groups Members Posts

(indicator) (in log) (in log) (in log)

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: 2SLS

Blockade 0.446*** 0.445*** 0.952** 1.064*** 0.688 1.087** 0.875* 1.122**

(0.127) (0.114) (0.406) (0.365) (0.462) (0.434) (0.479) (0.443)

Panel B: First-stage

No other toll in LZ 0.133*** 0.063** 0.133*** 0.063** 0.133*** 0.063** 0.133*** 0.063**

(0.022) (0.029) (0.022) (0.029) (0.022) (0.029) (0.022) (0.029)

Toll 0.070*** 0.070*** 0.070*** 0.070***

(0.018) (0.018) (0.018) (0.018)

Controls X X X X X X X X
Mean dependent variable 0.02 0.02 -5.15 -5.15 -0.01 -0.01 -0.13 -0.13

Observations 34475 34475 34475 34475 34475 34475 34475 34475

Robust F Stat 35.32 25.24 35.32 25.24 35.32 25.24 35.32 25.24

P-value Hansen . 0.99 . 0.60 . 0.14 . 0.36

Notes: The outcome and explanatory variables are described in the text. Panel A shows the 2SLS estimates and Panel B shows the �rst-stage OLS
estimates. Controls are the same as in Table2. “No other toll in LZ” is a binary variable equal to 1 if there is no toll in other municipalities of the
Living Zone. We cluster standard errors at the Living Zone level. *: p < 0.1, **: p < 0.05, ***: p < 0.01.
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E Supplement for the analysis on Facebook pages

E.1 Text Pre-processing

We process all text corpora in the same way. We remove emojis, links, accents, punc-

tuation, social media noti�cations (e.g., “Yellow Vests changed their pro�le picture”),

and stopwords from the corpus. We also lowercase the text and lemmatize words. We

keep hashtags, user mentions, verbs, nouns, proper nouns, adjectives, and numbers. We

drop all tokens that occur less than ten times in the Facebook corpus.6 This leaves us

with approximately 40,000unique tokens in the corpus. Most documents in our corpora

are short text snippets (e.g., a phrase or a sentence). Some are longer and span over

multiple sentences (e.g., Facebook posts). To keep all documents comparable, we work

with unigrams at the sentence level.

E.2 Topic Model

The standard approach for topic modeling in the text as data literature is to rely on

Latent Dirichlet Allocation (LDA) or one of its variants. LDA models documents as a

distribution over multiple topics. Though this is often a reasonable assumption, it is

implausible in the case of short text snippets (such as sentences), which often refer to

only one topic (Yan, Guo, Lan and Cheng, 2013). For this reason, standard topic models

are known to perform poorly on such short texts. As an alternative, we build a custom

topic model in the spirit of Demszky et al. ( 2019). First, we produce word embeddings

for the corpus and represent each sentence as a vector in the embedding space. We train a

Word 2Vec model using Gensim's implementation, with moving windows of eight tokens

and ten iterations of training. We build sentence embeddings as the weighted average of

the constituent word vectors, where the weights are smoothed inverse term frequencies

(to assign higher weights to rare/distinctive words) (Arora, Liang and Ma, 2017). The

resulting embedding space allows for a low-dimensional representation of text in which

phrases that appear in similar contexts are located close to one another. Second, we

group sentence vectors together into a small set of clusters. The goal is to have different

clusters for different topics in the text. We rely on the K-Means algorithm. We train the

algorithm on 100,000 randomly drawn sentences and predict clusters for the rest of the

6The frequency threshold does not in�uence results, but allows us to remove many
uncommon spelling mistakes and other idiosyncrasies related to social media data.
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corpus. We use the ten closest words to the cluster centroids to manually label topics. 7

To further inspect the results of the topic model, Table E. 1 shows the closest phrase

to the centroid of each topic below. These phrases may be understood as the most

representative text snippet for each topic. Similarly, Figure E. 1 shows wordclouds for

each topic. We choose to work with 15 topics for our main results. However, since

the number of topics is a hyperparameter in our topic model, we also present resulting

topics when specifying 5, 10, and 20 clusters (see Table E.2).

E.3 Sentiment Analysis

To measure emotional content in Facebook messages, we use a dictionary-based ap-

proach that assigns to a sentence a sentiment score ranging from -1 (very negative) to

1 (very positive). For each sentence, the sentiment score is obtained as the average of

the sentiment scores of its constituent words. We rely on the VADER (Valence Aware

Dictionary for Sentiment Reasoning) library for our main results. Table E. 4 shows �ve

of the most negative and �ve of the most positive sentences according to the VADER

sentiment analyzer.

Our measure of sentiment could vary depending on the dictionary used. As a ro-

bustness check, we rely on French TextBlob as an alternative dictionary for word senti-

ment. We �nd that the VADER dictionary's density has larger tails as it tends to classify

more sentences to the extremes of the sentiment spectrum. Nonetheless, both measures

suggest an increase in average negative sentiment between November2018and March

2019. Figure E.3 decomposes the increase in average negative sentiment (as measured

by TextBlob) using the method outlined in Section 3.4. Results are qualitatively similar

to the main text results.

Robustness: emoticons. The classical approach to sentiment analysis has some draw-

backs in our context. First, irony (a well-known feature of the French psyche) can lead

to poor predictions. The following messages may be classi�ed as positive by the method

described above despite being negative: “Making America Great Again gave us every-

thing but good”; “Congratulations to the government, # 1 in keeping peaceful demon-

strators out of the streets”. Second, training sets in French are not as widely available as

in English, and they are often extracted from very different contexts (for example, movie

reviews).

7We also considered alternative labeling options, such as term frequency-inverse clus-
ter frequency, which yield similar results.
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Table E.1: Results of the Topic Model: Most representative phrases

Topic Human Label Most representative phrase

Critiques visiblement representer peuple francais devenir lamentable attitude mepris
Insults sale batard hont francais macron bouffon macron batard degage fumier
Diffusion vouloir publier information veri�er site diffuser savoir etre derriere info
Towns-Hours samedi5 janvier rdv 10h place verdun marche rdv18h zenith pau partir convoi tarbes

depart18h30 max19h co voiturage voir place
Conspiracy souverainiste racisme fascisme etre frontal pensee correct tourner nation occidental

homme blanc judeo chretien etre utilise arme psychologique mediatique tres puissant
hegemonie moral ideologique pouvoir perdurer peuple europeen culpabiliser gauche sys-
tematiquement instrumentaliser ad horreur second guerre mondial discrediter national
lui meme homme blanc nom jamais devoye

Concerns 2000euro concerne restaurer service public disparu poste hopital maternite ecole instau-
ration revenu minimum lieu aide diffus demander complexe limitation salaire10 smic
augmentation salaire meme proportion gros salaire reprise dette banque france banque
prive limitation montant demander maison retraite ecole vraiment gratuite fourniture
activite livre gratuit lieu donner aide servir chose detail complet utilisation impot blocage
tipp salaire elu4 smic �n privilege egalite transparence fonds

Actions malheureusement laisse choix vouloir change aller falloir arreter paci�ste attendre roi
rigoler voir faire defoncer tomber nuit

Foreign Languages marie jo laziah
Names rajoute prenom chaine rose annick patricia nelly angel sophia mary didier gabrielle maya

pierre fanny magali ludivine isabelle nicole nathan marie patricia jeannine serge josiane
eric marie �eur rose laly severine emilie delphine nanou ophelie yohann laurer nanou aya
magdalena aurelie angele chantal fanny carine brigitte yael sylvie virginie dominique
rachel frederic audrey benjamin marie jeanne phil laurence rachel jeremy annie patricia
agnes nini

Violence france ordre pouvoir continuer agresser impunite civil etre legitime defense cas attaque
voir rue tv journaliste faire photo etre blesser �ashball coup venir porter plainte ordre
justement

Other oui faire accord jean michel
Politics faire site internet permettre inscrire revendication monde pouvoir proposer soutenir d

lier etre veritable logique �n possibilite revendiquer systeme constitution battre revolte
revolutionnaire systeme place deja logique pre institution etre legitimer adhesion popu-
laire

Support bonjour lilly cur courage etre �lle formidable faire gros bisou
Places 79 44 85 16 13 80 06 01 53 36 69bcp17
Food-Objects jamais faire greve vie etre fan kro merguez pis odeur pouilleux sentir pisse odeur pneu

cramer

Notes: For each topic, we present the closest phrase to the cluster centroid as measured by cosine similarity.
We present the pre-processed (as opposed to raw) phrases.
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