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Duvanova, Dinissa, Nikolaev, Alexander, Nikolsko-Rzhevskyy, Alex, and Se-

menov, Alexander—Violent conflict and online segregation: An analysis of social network

communication across Ukraine’s regions

Does the intensity of a social conflict affect political division? Traditionally, social cleavages

are seen as the underlying cause of political conflicts. It is clear, however, that a violent con-

flict itself can shape partisan, social, and national identities. In this paper, we ask whether

social conflicts unite or divide the society by studying the effects of Ukraine’s military con-

flict with Russia on online social ties between Ukrainian provinces (oblasts). In order to do

that, we collected original data on the cross-regional structure of politically relevant online

communication among users of VKontakte social networking site. We analyze the panel of

provinces spanning the most active phases of domestic protests and military conflict and iso-

late the effects of province-specific war casualties on the nature of inter-provincial online

communication. The results show that war casualties entice strong emotional response in the

corresponding provinces, but do not necessarily increase the level of social cohesion in inter-

provincial online communication. We find that the intensity of military conflict entices online

activism, but activates regional rather than nation-wide network connections. We also find

that military conflict tends to polarize some regions of Ukraine, especially in the East. Our re-

search brings attention to the underexplored areas in the study of civil conflict and political

identities by documenting the ways the former may affect the latter. Journal of Comparative
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1. Introduction

Does the intensity of social conflicts affect political divisions? On the one hand, the traumatic experience of violence may

reinforce polarizing identities (Wilkinson, 2004). On the other, violent conflict may help consolidate the society and promote

social capital (Russett, 1990; Voors et al., 2012; Blattman, 2009). How exactly do violent conflicts reshape the society? We attempt

to answer this question by studying the effects of Ukraine’s “Revolution of Dignity” and the military conflict with Russia on online

social ties between Ukrainian provinces.

Researchers identified digital communication and online activism as increasingly consequential forms of behavior, as well

as important mechanisms of political change. Social media has been shown to affect civic engagement, political participation,

and economic choice.1 Digitally enabled forms of political communication have also become increasingly important sources of

attitudinal and behavioral data. As the digital revolution gives rise to new electronic forms of mass communication and virtual

association, it opens greater opportunities to study how people form attitudes, express their opinions, and engage in collective

behavior. In this paper, we explore such opportunities by analyzing ways in which political information shapes online social

engagement.

We examine online political activism and engagement during the period of political contention spanning the anti-regime

Euro Maidan protests, annexation of Crimea, and armed insurgency and foreign intervention in Eastern Ukraine. We believe

that Ukraine’s case presents advantageous settings not only for investigating online activism as an increasingly popular form of

civil engagement, but also for evaluating long-standing questions about the role of violent conflict in promoting social change.

Ukraine’s turbulent politics provide a rich context for studying social conflict. In Ukraine, the relative weakness (Aslund and

McFaul, 2006; Birch, 2000) and “fluidity” (Zielinski et al., 2008) of institutional mechanisms of routine public engagement (po-

litical parties, unions, advocacy groups) make virtual communication a particularly important venue of political engagement.

The ability to freely exchange opinions and share relevant political information is the cornerstone of a democratic society

(Huckfeldt and Sprague, 1995). In new democracies that lack proper institutions, social networking websites such as Facebook

may not only provide easily accessible venues for political expression, but also serve as substitutes for underdeveloped insti-

tutions of civil society.2 In order to analyze such increasingly accessible and important mechanisms of political expression, we

collected original data on the cross-regional structure of politically relevant online communications. In particular, our dataset

contains user-created posts and comments from public political groups in VKontakte (VK.com)—the largest, by the number of

registered users and daily visits, social networking site in Ukraine. Each post and related comments, in addition to the date and

time stamp, contain user-specific information such as their name, self-reported home and current cities, education, the list of

languages spoken, etc. Unfortunately, due to the privacy concerns, the individual-level data, while present in the original dataset,

had to be first aggregated to the group level before we could use it for our analysis. Nevertheless, we are able to utilize informa-

tion on contributors to specific discussions, including their regional composition.

Our analysis of virtual communication carried out in VKontakte discussion groups reveals that the intensity of military ag-

gression as captured by the widely publicized information about army fatalities while uniting some segregates other parts of the

Ukrainian social media community. We analyze volumes of cross-provincial communication and engagement in online discus-

sion groups and find that information about civil protests (Maidan) and war casualties leads to greater online activism on the

part of users from the affected provinces. Such engagement, however, remains mostly localized and does not affect other parts of

the country. We also find considerable variation in the ways different parts of the country respond to the violent conflict as mea-

sured by the number of casualties.3 Political information enticing a strong emotional response has a polarizing effect in Eastern

oblasts (provinces), but not in the rest of the country. While in Western oblasts war casualties result in increased disengagement

from the rest of the country, in the East they lead to greater polarization. This finding corroborates previous studies that link

online communication to political fragmentation and polarization (Rozenblat and Mobius, 2004; Duvanova et al., 2015; Bennett

and Segerberg, 2013; Webster, 2007; Prior, 2007).4 To our knowledge, it is the first study to systematically examine the causal

effects of divisive news on the digitally enabled form of public engagement.

The paper is organized as follows. The next section develops our argument, analytical model, and hypotheses. We then de-

scribe our data collection, methods, and aggregation procedures in Section 3. Section 4 presents our empirical analyses. Conclu-

sions that summarize our results and contributions are presented in Section 5.
1 Researchers find empirical links between exposure to digital communication technology and political attitudes (Kerbel, 2009), voting (Christakis and Fowler,

2009; Vitak et al., 2011; Bond et al., 2012), civic engagement (Jennings and Zeitner, 2003; Jensen et al. 2007; Bennett and Segerberg, 2013), campaign contributions

(Hamilton and Tolbert, 2012), support for political parties (Norris, 2003), and collective action (Earl, 2011; Bennett and Segerberg, 2013). Scholars studying

authoritarian regimes link social media to oppositional attitudes and protest behavior (Tang et al., 2012; Howard and Hussain, 2013; Lim, 2012; Tufekci and

Wilson, 2012). Social media is also identified as an effective tool of governance that affects policymaking (Kerbel, 2012; Baum, 2012; Lawless, 2012). Enikolopov

et al. (2015) demonstrate that blogs affect stock market and corporate governance. See Fox and Ramos (2012) and Jensen et al. (2012) for a review of the related

literature.
2 See Beissinger (2012) for a related discussion.
3 We divide Ukraine into Western, Center, Southern, and Eastern parts according to the established convention. The list of oblasts falling into each region is

presented in Fig. 1.
4 Gentzkow and Shapiro (2011) on the contrary, find that the ideological fragmentation in online news consumption is higher than in offline media, but low in

absolute terms and in comparison to face-to-face communication. While we do not make any claims about the absolute levels of social media fragmentation in

Ukraine, our finding that information about intensity of fighting heightens regional segregation of virtual network does not contradict Gentzkow and Shapiro’s

conclusions and further extends this line of research.
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2. Insurgency, casualties, and social network communication

2.1. Theoretical considerations

Traditionally, social identities are seen as the underlying causes of political contention (Fearon and Laitin, 2000; Montalvo and

Reynal-Querol, 2005; Montalvo and Reynal-Querol, 2010). Deep and persistent cleavages polarize the society and may contribute

to violent conflict (Fearon and Laitin, 2003; Blattman and Miguel, 2010; Jackson and Morelli, 2011).5 At the same time, tribal,

ethnic, and national identities are shaped by collective experiences of war and violence. Instead of asking whether social divisions

affect political conflict, we investigate the reverse causal link between the intensity of violent conflict (measured by the number

of fatal casualties) and networking of diverse groups of online population.

Scholars have long recognized war as a companion and catalyst of nation building (Anderson, 1982; Mylonas, 2012) and state-

making (Tilly, 1992; Thies, 2005; Acemoglu and Robinson, 2006). External threats (international conflict or outer-group attacks)

reduce the salience of internal divisions, suppress internal dissent, and help build the sense of group identity. In the face of

external threats—violent conflicts in particular—citizens tend to re-define the relationship between their partisan, social, and

national identities. The studies of the “rally ‘round the flag” effect demonstrate that, if considered as such by the majority of the

country, external threat tends to unite its citizens (Mueller, 1970; Russett, 1990). According to this theory, foreign threats activate

non-divisive identities and have a unifying effect in politically diverse groups.

When studying Ukraine, however, it is unclear whether the war in the Donbas would have such a unifying effect. An ethno-

linguistically diverse nation, Ukraine might not have yet developed a strong sense of national identity. Since the introduction of

competitive elections, political preferences and voting patterns of the Ukrainian citizens largely overlapped with ethno-linguistic

divisions (Clem and Craumer, 2008). Anti-government protests were fueled by ethnic and cultural cleavages, rather than by

universalistic democratic principles (Beissinger, 2013). Russian media have had an important influence on the political behavior

of exposed Ukrainians, reinforcing a pro-western—pro Russian schism (Peisakhin and Rozenas, 2015). With most Ukrainians

being fluent in Russian, self-selected exposure to biased media explains why the very nature of Ukraine’s armed conflict remains

unclear. While the nationalist, pro-western outlets see the conflict in terms of foreign intervention, Russian state-controlled

media cover it as an insurgency, separatism, and civil war. In more general terms, one might debate whether the “rally ‘round

the flag” effect would be appropriate in a deeply divided nation in the midst of a war. The ethno-linguistic as well as regional

dimensions of the conflict may further fragment the society along these fault lines.

A cursory analysis of online communication might suggest that in fact the Ukrainian virtual public is getting increasingly en-

gaged in a way that bridges geographically defined linguistic and political barriers. Fig. 2 plots the strength of online communica-

tion ties connecting users of VKontakte social networking platform at two points in time.6 The first graph maps cross-provincial

communication during the early phase of Maidan protests (November 2013). The second graph does the same for the period of

intense fighting between the Ukrainian army and insurgent forces (August 2014). It appears that online communication has a

greater density and more pronounced cross-regional nature during the war, comparing to the period before the start of insur-

gency. On the other hand, the Southern part of Ukraine (especially the occupied Crimean peninsula) is generally excluded from

interprovincial communication in 2014, although in 2013 it was closely connected to the Central and Western oblasts. Does that

mean the Ukrainian public becomes more or less united in response to the violent conflict in the Donbas? Visual analysis of online

communication might be misleading. First, the overall importance of inter-regional ties cannot be adequately assessed without

explicit reference to intra-regional communication. Second, communication does not mean an agreement. Heated debates might

entice participation, but at the same time, may further polarize virtual communication.

Although this is a grossly simplified characterization, the political cleavage lines that have been observed since the early post-

independence period closely follow the East–South vs. West–Center geographical divide. Previous research has identified ethnic,

linguistic, socio-economic, and cultural-historical cleavages as mutually reinforcing factors accounting for regional variation in

public attitudes and political behavior (Birch, 2000; Aslund and McFaul, 2006; Clem and Craumer, 2008; Beissinger, 2013).

While researchers disagree on the precise composition and relative theoretical merits of the underlying social factors, it

appears that Ukrainian political preferences clearly and consistently vary across regional lines, with Russian-speaking Eastern

and Southern Ukraine, which is more industrialized and dominated by highly concentrated industry, being significantly different

from the Ukrainian-speaking Western and Central provinces, which are characterized by small enterprises and tertiary-sector

domination.

Making use of such persistent and clearly defined social divides, our identification strategy consists of using the province-

specific Ukrainian military fatalities as a measure of a conflict’s intensity. Ukrainian media routinely reports personal information
5 Studies have shown that mass media can increase the salience of ethnic identities, heighten racial animosity (DellaVigna et al., 2014; Adena et al., 2015), and

influence political behavior (see Enikolopov et al. (2011) and DellaVigna and Gentzkow (2010) for review). Similarly, social media that harnesses social networks

of like-minded people is seen as an important source of influence in politics (Murphy and Shleifer, 2004; Christakis and Fowler, 2009; Bond et al., 2012).
6 We first aggregate individual-level data on online political communication to the level of the province. For each pair of provinces (dyads), we identify

discussion topics with participants from each province. For every dyad, the intensity of shared communication is measured as the number of topics that both

provinces contributed to. In order to account for the value of a topic in determining communication intensity, we use the percentages of messages contributed

by the regions with respect to their total message volumes. In other words, for each topic we calculate its share in the total number of wall posts contributed by

each of the provinces. Then we add the products of provinces’ contributions (as the share of total posts) to each of the shared topics for the corresponding dyad.

The resulting measure of the inter-provincial ties ranges from 0 to 1, with the higher numbers corresponding to stronger ties. Our measure has an advantage of

being balanced with respect to the total number of users from the specific province and the number of topics they discuss.
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on all military personnel and volunteers killed in Eastern Ukraine, including one’s place of origin. This makes it possible for the

online groups to link casualties with specific provinces. Soldiers and officers from all parts of the country serve in Ukrainian

armed forces; solders from the South, East, West, and Center are equally likely to die in fighting separatists. The key advantage

of considering casualties is that they can be, for the most part, considered exogenous and due to their specific geographical

attributes we can derive province-specific expectations about unifying/polarizing effects. Conflict casualties were first reported

in March 18, 2014, and peaked in August 2014 at over 500 dead during the Ilovaisk massacre. Fig. 3 graphs the monthly casualties

data over time.

We identify two dimensions of cross-regional communication: levels of cross-regional fragmentation and the degree of its

polarization. Fragmentation and polarization are two distinct aspects of network communication. We define fragmentation of

online communication as the lack of connections (exchange of information) between different groups in the society. For the

purpose of our analysis, we concentrate on the inter-provincial connections. But how do we know the information is being

exchanged? Open communication platforms allow all network users to access the information, but this does not guarantee all

users are exposed to such information. In fact, prior studies clearly documented “selective exposure” in pluralistic information

environments (Sunstein, 2001; Stroud, 2011). We explore inter-regional fragmentation using three different empirical metrics

capturing: (1) how active users from a given province are in contributing to online communication; (2) to what extent the online

communication (in a group or discussion forum) brings together users from different provinces; and (3) how “influential” the

content of one province’s posts and comments is in enticing a response from other members of the social network. In our specific

case, the response is captured by the number of comments the original message (post) attracts.

Of course, active communication among users from various provinces does not necessarily imply a constructive dialogue.

Therefore, we consider how polarized the sentiment is in each discussion. Because we analyze online discussions on a diverse set

of political topics, we measure polarization as the difference in the intensity of positive and negative sentiment captured by the

content analysis of the comments.

2.2. The Model and Hypotheses

We model all online communication as falling into two types. Type I communication is carried between users residing in the

same province. Type II communication takes place between users from any two different provinces. Interprovincial communi-

cation, in our view, is more likely to be carried out by the friendship, familial, occupational, and off-line association networks

and, due to geographical patterns of ethno-linguistic and political cleavages, unite people of proximate political preferences and

ethno-linguistic background. Type II communication, on the contrary, is less likely to be anchored by physical connections and

more likely to engage people of different backgrounds and political preferences. While we are unable to differentiate between

in-group ties based on physical connections and impersonal out-group ties, it is more likely that inter-provincial communication

would fall into an impersonal out-group type because of the greater physical and cultural distance.

We assume that the users incur time costs and social benefits by posting messages and comments. Furthermore, social bene-

fits increase with the sense of community, solidarity, and social efficacy. Hence, a user is more likely to contribute a costly effort

to a conversation that is more socially relevant to her. 7 In our analysis, political events, such as Maidan revolution and escalation

of the war in the Donbas, increase social relevance of some online communication. We also assume that VKontakte users are

generally aware of ethno-linguistic backgrounds and political preferences of the authors of wall posts. They may deduce this

information from the author’s choice of language (Ukrainian or Russian), content and tone of the message, previous history of

public communication, and, perhaps, from the home town and/or town of residence associated with users’ profiles.8 We model

communication as initiated by user i, who posts a message on the VKontakte wall. User j �= i may respond to i’s posts by a number

of comments xij. If both i and j reside in the same province, xij will constitute Type I communication. If i and j are from different

provinces, Type II communication takes place.

In our model, the social network users utilize the information on the intensity of social conflict to update their political beliefs

and preferences. They may rely on various media sources to obtain such information. Because the media outlets may be selective

in covering various aspects of the conflict, we chose to concentrate on the widely publicized objective measure of the intensity of

social conflict—war-related fatalities of pro-Ukrainian armed forces. This measure has an important advantage of being specific

to our unit of aggregation. The VKontakte users may obtain province-specific war causalities from official and unofficial (i.e.,

Wikipedia) sources. Besides, they may be exposed to province-specific casualties via physical interactions with people whose

family members and acquaintances serve in the army.

If the military intervention in Eastern Ukraine promotes solidarity and strengthens an all-Ukrainian national identity, one

would expect Ukrainians of all ethno-linguistic backgrounds and political preferences engage in online discussions (Type II com-

munication). On the contrary, if the conflict activates divisive ethnic, regional, or political identities, one would expect VKontakte

communication be more localized, as the people would resort to the safety of familial, friendship, occupational, and generally

more localized networks (Type I communication) where they are more likely to be accepted. Moreover, solidarity with the de-

fenders of Ukrainian independence should be compatible with the inclusive Ukrainian national identity. As such, if Ukrainians

are becoming more united in their patriotism and opposition to Russia, they should be more likely to engage in Type II commu-

nication with provinces experiencing war casualties on the Ukrainian side to show emotional support and express sympathy. If,
7 Relevance may mean both agreement and disagreement.
8 Our analysis excludes users whose profiles do not identify the place of residence.
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on the contrary, the war polarizes rather than unites the nation, province-specific war casualties should increase Type I commu-

nication: provincial, rather than all-Ukrainian identity should be activated in response to province-specific fatalities.

The first set of hypotheses, therefore, addresses the general nature of inter-provincial communication carried over the digital

social networking platform:

Hypothesis 1a. Intensification of violent conflict should lower fragmentation of online communication.

Hypothesis 1b. Intensification of violent conflict should lower the degree of polarization in online communication.

These hypotheses are consistent with the notion that the war in the Donbas unites Ukrainians and promotes an inclusive

scene of patriotism. The opposite expectations are consistent with the notion that the war further fragments and polarizes the

nation. To evaluate these hypotheses, we analyze the entire daily panel of Ukrainian provinces between January 1, 2013 and

December 31, 2014.

Given the regional clustering of Ukraine’s socio-political and ethno-linguistic cleavages, we develop a set of complementary

hypotheses to test whether the patterns of inter-provincial fragmentation and polarization differ in West–Central and East–

Southern provinces.

Hypothesis 2a. Intensification of violent conflict should reduce fragmentation and polarization of online communication in the

subset of provinces with a strong prior sense of Ukrainian identity, e.g., West–Central Ukraine.

Hypothesis 2b. Intensification of violent conflict should increase fragmentation and polarization of online communication in

the subset of provinces lacking a very strong sense of Ukrainian identity, e.g., East–Southern Ukraine.

To evaluate these hypotheses, we split the sample into Western, Central, Eastern, and Southern provinces. After describing

our data in the next section, the following Section 4 evaluates these two sets of theoretical expectations against the observed

patterns of online communication.

3. Data

3.1. Data collection methods

In order to investigate how social conflict affects mass political communication, we collected data on online groups and users

of VKontakte (vk.com or simply “VK” previously—vkontakte.ru), which is the most visited social network site in Ukraine.9 With its

three official languages—Russian, Ukrainian, and English—VKontakte has over 200 million users who primarily reside in Russia,

Ukraine, Kazakhstan, Moldova, Belarus, and Israel. In Ukraine, the site’s share of total Internet searches is second only to the

amount carried out using the Google search engine. According to Ukraine Business Online,10 out of 30 million Ukrainians who

used social networks in 2012, 20 million had VKontakte accounts. VKontakte allows users to post public or private messages and

share audio, video, and text content as well as create groups, public pages, and events. In what follows, we analyze user-created

groups that have explicitly identifiable political content in the body of their wall posts and comments.11

VKontakte offers its users the possibility to create a profile and fill it with various personal and non-personal information,

such as name, gender, date and place of birth, pictures, etc. Each user has her own wall, where she could post various messages.

These messages, along with the user’s data, can be seen on the user’s profile page, which can be accessed by a URL. Users can cre-

ate explicit communities: groups and public pages. Communities have separate pages. These pages contain various community

details, such as name, description, logo, community’s wall, where community news are displayed, and community discussion

boards. Users may join communities. When they do, their public information becomes accessible under community “members”

field. Depending on privacy settings, communities may be public (available to anyone) or closed communities, where an invita-

tion to join is required. Settings also regulate who can post on a community wall, e.g., all users or administrators only. VKontakte

allows searching communities by different keywords. Each community has a different URL, by which it can be accessed.

The data were collected from public communities using social media monitoring software described in Semenov and

Veijalainen (2013) and Semenov et al., (2011). Collection relied on the application programming interface (API) of VKontakte.

This API interface exports data in JSON format. At the end, the data were placed in a repository based on PostgreSQL database.

Initially, the groups were identified by communities search over all their posts using one or more of the following keywords

“Ukraine”, “Украина”, “Украïна”, “Майдан,” “Євромайдан” with all their grammatical variations.12 In total, the search identified
9 Alexa, the web information service, http://www.alexa.com/topsites/countries/UA, retrieved in February 2015.
10 http://www.ukrainebusiness.com.ua/news/7110.html.
11 It should be noted that following the 2014 politically motivated resignation of VKontakte founder P. Durov, the site was subject to increased control by the

Russian secret services (http://www.ewdn.com/2014/04/22/durov-says-he-gave-up-vkontakte-share-because-of-anti-maidan-pressure-from-fsb/). Following

Durov’s resignation, pundits predicted mass migration of pro-Ukrainian users to Facebook. Despite this, VKontacte remains the most visited networking site in

Ukraine, far surpassing the number of Facebook users. It should be taken into account, however, that with some anti-Russian users leaving VKontakte in protest,

the subset of remaining users has become biased towards supporting Russia. The self-selection of users into different networking platforms should bias our

analysis against finding fragmentation and polarization.
12 Including keywords such as “war”, “protest”, and “conflict” produced redundant results because these overlapped with “Ukraine” and “Ukrainian.”

http://www.alexa.com/topsites/countries/UA
http://www.ukrainebusiness.com.ua/news/7110.html
http://www.ewdn.com/2014/04/22/durov-says-he-gave-up-vkontakte-share-because-of-anti-maidan-pressure-from-fsb/
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14,777 public communities. Then, all public posts (message text and date) were downloaded from each community wall. Com-

ments attached to selected posts were gathered as well. Next, city and country, listed in users’ public profiles, were gathered

for those users who were members of the mentioned communities, as well as those who posted commenters of the wall. No

personal information was ever collected or stored. We gathered 19,430,445 wall posts, which jointly had 62,193,711 comments.

During wall post and comment gathering, we downloaded 71 GB of text data. To capture a temporal dimension to the devel-

opment of online networks, we separate posts contributed to the discussion topics into daily segments based on the times-

tamps of the user-supplied posts.13 In effect, our analysis only includes discussion groups that had active contributors dur-

ing the analyzed day. Fig. 3 displays the changes in the number of wall posts and comments contributed during the analyzed

period.

Relying on the user-supplied information about the place of residence, we can identify the regional dimension of politically

motivated Internet communication, which we expect to follow the existing ideological fault lines of the present-day Ukrainian

politics. Our analysis groups users’ comments by oblasts.14 For each discussion group, we compute the share of participants from

each province.

In order to investigate how regional patterns of online communication respond to the intensification of political tension

and violent conflict, we supplement our online networks data with data tracing province-specific unfortunate war casualties.

There are several potential official government sources of the casualties data (e.g., the Ministry of Defense of Ukraine) as well

as several unofficial sources, collected by individual volunteer organizations (e.g., the Wings of Phoenix). While the former lacks

biographical information on the fallen (thus making it impossible to match them to their home cities) as well as data on volunteer

fighters, the latter might be incomplete. For that reason, we decided to use a crowd sourced Wikipedia webpage on Ukrainian

casualties that appears to be more complete than other individual sources, and in addition to the name, rank, and the date of

death, contains a short biographical sketch.15 Using the supplied information, we were able to calculate the number of casualties

each oblast suffered each day from January 1, 2013 through the last day of 2014. Among the 1466 casualties, 560 and 398 are

from the Western and Central oblasts (65% of the total), while 204 and 304 are from the Southern and Eastern oblasts (35% of the

total).

Our identification strategy is based on the assumption that if war casualties affect the way people engage using VKontakte

platform, the number of comments Commentsi originated in oblast i should respond positively to casualties from the same oblast.

And this is the first thing we check in our empirical analysis. This alone, however, will tell us little about whether different users

are engaged in inter-provincial dialog and even less about the nature of the dialogue. To quantify and measure these effects

we identify two dimensions of cross-regional communication: fragmentation, or the lack of connections between regions, and

polarization of the sentiment of each discussion.

3.2. Measuring fragmentation

To capture the extent to which social network communication unites users from different provinces, we adopted the reverse

of “group separation” measure by Rosenblat and Mobius (2004). We define interprovincial cohesion (reverse of fragmentation)

as the share of total comments falling in Type II communication. The larger the share, the less compartmentalized online com-

munication is. To capture the same concept of cohesion in a regional dyads analysis (either West–Center vs. East–South or any

pair of regions identified on Fig. 1) that is more relevant for our purpose, we modify the above measure for the case of only two

groups. The idea is that if a share of comments to a particular post coming from any of the two regions equals to either one or

zero, this would mean that there is little or no interaction between the regions.16 If, instead, the share is close to 0.5, neither

region dominates the discussion, so users from different parts of the country exchange opinions on relevant political issues. To

account for that, we construct the dyadic cohesion index as:

CohesionIndext = 1 − − 2 ×
∣∣∣∣∣

1

J

J∑

j=1

Comments1 jt

Comments1 jt + Comments2 jt

− 1

2

∣∣∣∣∣ (1)

where Commentsijt is the number of comments to wallpost j on day t coming from region i. Thus, in both measures, values closer

to zero mean no interprovincial conversation, and values close to one mean full engagement. While reflective of the extent

of “connectedness” with users residing outside a given province, this index does not take into account the overall volume of

conversation carried by the province and the popularity of the original posts (often assessed by the number of comments they

attract). Therefore, it ignores informational and persuasive properties of inter-provincial dialog.
13 Aggregating our data to weekly frequency does not affect our conclusions. Results can be found in Appendix B, Tables B1–B5.
14 VKontakte users do not identify their oblasts, but only use city and country names. Cities were matched to their corresponding oblasts using the open-source

dataset Geonames (http://download.geonames.org/export/dump/). For those cities presented in the dataset more than once, the one having maximal population

was selected. Based on the user-provided place of residence, we group users by provinces. Some users kept their information private. In those cases we were not

able to identify their home province, we assigned them to a separate “unidentified” group.
15 Biographical data were missing or incomplete on several soldiers, which did not allow us to identify their home city. In those cases their oblast in the dataset

was coded as “unknown.”
16 To correctly calculate the shares, we had to adjust for the comments coming from other countries, as well as comments from users whose location we were

not able to identify. Also, we limited our consideration to posts with at least 10 comments to remove noise from the data.

http://download.geonames.org/export/dump/
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Fig. 1. The geographical breakdown of Ukrainian oblasts. W – Western region; C – Central region; S – Southern region; E – Eastern region. The cities of Kyiv and

Sevastopol are included into Kyivs’ka oblasts and Autonomous Republic of Krym, respectively. The cities of Luhansk and Donetsk are excluded from the empirical

analysis since they both are war-ridden cities, currently controlled by the Russian Army and pro-Russian rebels.
To capture the extent to which the content produced by users from a given province can attract inter-provincial response,

we use a recently introduced measure of engagement capacity to assess the ability of groups of online forum users to entice

peer response from other oblasts (Godre et al., 2015). The online social network or forum communication directly depends on

the content continuously created by the users, and in particular, the synergy they gain from responding to each other, thereby

building relationships, and in particular, finding common political interests, sharing/spreading attitudes, establishing themselves

as a cohesive self-identifying entity. The engagement capacity index quantifies the share of any user, or user group, in this

synergistically created value, under the assumption that a forum post is only valuable if it is able to attract peer responses, which

can be either in support of or in opposition to the original post.

The engagement capacity measure relies on the principles of cooperative game theory that calculates “fair-share” equilibria

in settings with agents that form coalitions to achieve a common goal. The first widely used measure of this sort is known as the

Shapley value (Shapley, 1953). While the Shapley value is useful for evaluating the fairly contributed values with unstructured

coalitions, the engagement capacity works with directed trees of forum threads (Godre et al., 2015). The engagement capacity in-

dex takes into account an initiator/responder tradeoff. This means that in a single exchange it gives more value to the “originator,”

or more precisely, all the users, who have posted in the thread up until this moment.

We view VKontakte posts as discussion seeder/originator actions, and the ensuing comments as the responder actions. We

posit that VKontakte users form groups, by oblast, and calculate the groups’ engagement index as the measure of their abil-

ity (as originators) to engage other groups (as responders) in political communication. We track the engagement values for

all oblasts over time, daily, and study whether information available through public channels (reported war casualties from a

given province), serves as a statistically significant predictor of the ability of each particular oblast “to be heard.” Fig. 4 plots

the engagement capacity index for West–Central and East–Southern oblasts. We can see that before the Revolution started, both

West–Central oblasts and South–East oblasts had similar power in starting valuable discussions that were followed by residents

of other oblasts. This clearly changed after November 2014. Now the majority of influential discussions that attract a wide array

of participants originate in the West.
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Fig. 2. Interprovincial network ties: VKontakte discussion groups with active contribution during November 2013 (top) and August 2014 (bottom). Each line rep-

resents the intensity of shared communication as the number of discussion groups that both provinces contributed to. For each discussion group, we calculated

its share in the total number of messages contributed by each of the provinces. Then we added the products of provinces’ contributions (as the share of total

messages) to each of the shared topics for the corresponding dyad. The width and color of the lines reflect the strength of inter-provincial ties. Thicker, darker

lines correspond to stronger ties. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Monthly casualties suffered by Ukraine and the total nuber of political post and comments on VK.com.
3.3. Measuring polarization

Our second dependent variable—political polarization—is conceptualized as the distance in sentiment, or the intensity of

comments’ positive and negative connotation (Pang and Lee, 2008). We capture this by performing a content analysis of all wall

posts using Ukrainian and Russian “bag of words” datasets that include 8863 positive and 24,299 negative words in both Russian

and Ukrainian.17 In economic analyses, the “bag of words” methods had been previously used to study media market segregation

(Gentzkow and Shapiro, 2010), consumer confidence and political opinion (O’Connor et al., 2010), and economic uncertainty

(Baker et al., 2013).

Our comments data jointly include about 417 million words. In an automated analysis using “the bag of words” databases, we

identified the degrees of negative and positive sentiment by matching the content of the comments with the positive or negative

words from our “bag of words” datasets. Of the total number of words used, 29 million (or 7%) were identified as positive or

negative words. We use the results of the content analysis to construct two variables that capture the overall number of positive

and negative words in the content supplied by each oblast. Both variables, in our opinion are crucial in understanding changes

in attitudes and political identification. If we see these variables responding similarly to casualties, this would indicate greater

polarization of sentiment. If, on the other hand, these variables move in the opposite direction, this would indicate greater

convergence in the overall sentiment.

4. Analysis

4.1. Casualties and online activism

Before examining the relationship between our measures of fragmentation and polarization on the one hand and violent

conflict on the other, we ensured that online communication in fact responds to war casualties. Hence, we start by testing the

mechanism. We define the time variable as the number of months past the start of the 2013 Maidan protests (which, therefore, is

negative before November 2013 and positive after that). In Fig. 3, we can clearly see the exponential rise in user activity. In fact,

the average number of comments to political posts grew from about a thousand per month in early 2013 to several millions in

2014.

We organize the data as a time-oblast panel, where for each day, each oblast Casualtiesit lists the number of soldiers native to

that oblast who died in conflict on that day.18 We first want to see if the news about lost lives increases the number of comments
17 For the review of the “bag-of-words” method, as well as alternative approaches to sentiment analysis see Maragoudakis et al. (2011).
18 Note that we use the actual dates of casualties rather than their announcement in official media. To allow for the news to reach the public we include time lags.

Effectively, we assume that the public becomes aware of the casualties from a wide variety of sources, including unofficial sources, rumors, and word-of-mouth.

We do not want to discount such alternative methods of obtaining information. Moreover, the ministry of Defense has published daily updates of casualties’ data,

making the lags of official reporting sufficiently uniform. Another potential issue is that many army battalions are formed on territorial basis, hence making the
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Fig. 4. Engamenent index for the West–Center and South–East oblasts of Ukraine.
from residents of the affected oblasts relative to the rest of Ukraine. To test this, we estimate the following fixed effects model19:

Commentsit = ci + dayt + montht + γ · aftert + δ · TimeTrendt +
6∑

n=0

βn · Casualtiesit−n + eit (2)

where Commentsit is the total number of comments left by residents of oblast i at time t, ci are oblast fixed effects that take care

of unobserved heterogeneity among oblasts, dayt and montht are two sets of time dummies, aftert is the time-dummy, equal one

after March 18, 2014 (the date the first Ukrainian soldier died defending Crimea), TimeTrendt is the quadratic time trend, and eit

is the error term.20

Our full-sample results are presented in Table 1, Columns 1–3. We can see that regardless of model specification, casualties

heighten the online activity of the affected oblasts’ residents—they significantly increase the number of comments. Moreover,

the effect appears to last for at least a week as indicated by the joint significance of the six lags of Casualties in addition to the

variable itself. Depending on the set of controls, the point estimate for the contemporaneous effect ranges from 48 to 212.

One of the caveats of the regression specified above is that before Maidan, which roughly coincides with the middle of our

sample, casualties were zero and the number of political discussions and therefore comments was very small. After Maidan, on

the other hand, both increased substantially. Hence, despite the fact that we attempted to control for time trends in the data, there

is a possibility of finding a spurious relationship. To make sure that our results are not driven by the zero values of the variable

before November 2013, we run the same set of fixed-effects regressions, while restricting the sample to the post-Maidan period

(Columns 4–6). There is no clear trend in the number of comments, nor is there a trend in war casualties in 2014. Nevertheless, it

can be seen from Table 1 that while the size of point estimates are expectedly smaller for this subsample, the coefficients remain

statistically significant.

Table 2 re-estimates our model in the regionally divided subsamples. We see that the previous results are driven by the users

from Eastern–Southern provinces responding to their casualties, while the results for West–Central provinces are not significant.

It appears that unlike VK users from Eastern–Southern provinces, residents of West–Central provinces either do not respond at

all or are no more sensitive to their home province casualties than the casualties suffered by other provinces. To examine whether

VK users indeed react to casualties from other provinces, in Table 3 we estimate the effect of casualties attributable to all other

provinces except those from province i and specify the independent variable as OtherCasualtiesit = ∑
i Casualtiesit − Casualtiesit .

Columns 1–3 in Table 3 present different model specifications for the entire sample. Columns 4 and 5 re-estimate the models

for the regionally-defined subsamples. These show that our expectations about the effect of casualties on online activisms hold
natives of particular oblasts overrepresented in daily death tolls. The model’s province-level fixed effects, however, help accounting for the presence of territorial

battalions. The rotation of forces in the regular army is slow and usually exceeds three months. Since we base our analysis on daily fluctuations, Casualties, for

the most part, are exogenous in the model.
19 We used six lags to take into account cyclicality of weekly work and news schedules (contemporaneous value plus six lags produces one full week). Our

results are robust to adding an extra seventh lag and could be seen in Appendix A, Table A1.
20 We estimate all regressions in levels. Log–log regressions, although less sensitive to outliers, are not a good fit for our data because the dependent and

independent variables in Eq. (2) equal zero for most of 2013. Table A3 demonstrates, however, that re-estimating the model in logs does not affect our conclusions.
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Table 1

The effect of casualties on the absolute number of comments from the same oblast. oblast-level fixed effects regressions.

Region Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine

Casualtiesit (1) (2) (3) (4) (5) (6)

212.310∗∗∗ 120.610∗∗∗ 48.148∗ 18.788∗∗ 16.742∗∗ 17.286∗∗

(74.288) (41.251) (26.899) (7.019) (6.981) (7.225)

Sum of lagged casualties 755.027∗∗∗ 264.878∗ 57.579∗∗∗ 64.084∗∗ 48.043∗

(252.503) (155.727) (19.390) (27.702) (25.606)

Max lag of casualties 114.316∗∗∗ 43.018 12.467∗∗ 12.902∗ 12.580∗

(40.045) (26.283) (5.743) (6.673) (6.684)

Year 2014 dummyt 964.557∗∗∗

(237.415)

2014 only sample No No No Yes Yes Yes

M/D/W dummies No No Yes No Yes Yes

Daily quadratic time trend No No No No No Yes

R-square 0.017 0.059 0.353 0.002 0.130 0.154

Sample size 16,790 16,652 16,652 8395 8395 8395

Notes: DV: Absolute number of comments from an oblast suffering casualties. Daily oblast-level panel data spanning 2013 and 2014 are used for es-

timation. M/D/W stands for month, calendar day, and weekday. All specifications include a constant term. All specifications, except specification 1,

include six lags of the independent variable in addition to its contemporaneous value. Robust oblast-clustered standard errors are in parentheses.21

∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Table 2

The effect of casualties on the number of comments from the same oblast.

Regional analysis. oblast-level fixed effects regressions.

Region West–Center South–East

Casualtiesit (1) (2)

11.689 28.424∗∗

(9.104) (8.779)

Sum of lagged casualties 13.68993 110.4895

(16.04082) (50.00867)

Max lag of casualties 8.885 24.566∗∗

(8.717) (9.724)

R-square 0.092 0.405

Sample size 5840 2555

Notes: DV: absolute number of comments from an oblast suffering casual-

ties. Daily oblast-level panel data for 2014 only. West, Center, South, and

East are the regions of Ukraine, defined according to Fig. 1. All specifica-

tions include a constant term; daily quadratic time trend; and month, cal-

endar day, and weekday dummies. Robust oblast-clustered standard errors

are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.
for the entire sample and for West–Central provinces, but not for the East–South. VK users from East–Southern oblasts do not

respond to war casualties from outside of their oblasts. While the news about war casualties heighten online activism across

the entire country, our results suggest that in West–Central provinces, users show more solidarity with causalities from other

provinces, while the online activism of their East–Southern counterparts is driven primarily by their home province losses.22

4.2. Assessing fragmentation

We have already uncovered some non-trivial differences between West–Center and South–Eastern parts of Ukraine. Next

we proceed to assess how the intensity of armed conflict affects online fragmentation. Prior research indicates that regional

fragmentation of online communication was typical during the times of electoral political mobilization (Duvanova et al., 2015).

First, we would like to test whether Maidan and the war in Eastern Ukraine have changed this and opened up a dialogue be-

tween different parts of the country. We examine whether online discussions bring together users from the parts of the country

historically separated by linguistic and political divides.
21 We also estimated our regressions using Driscoll and Kraay (1998) standard errors (Table A2 in Appendix A) and found results to be very similar to those

obtained using clustering.
22 In a recent experimental study, Bauer et al. (2013) found that individual experiences with war strengthen preference for in-group parochialism, but reduce

trust in strangers. One possible psychological mechanisms accounting for our findings is that the information about war casualties may heighten the sense of

belonging to a narrowly defined group and alienate the out-group members.
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Table 3

The effect of casualties from outside the oblast on the number of comments from a given oblast. oblast-level fixed effects

regressions.

Region Whole Ukraine Whole Ukraine Whole Ukraine West–Center South–East

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

9.691∗∗∗ 1.523∗∗ 1.091∗∗∗ 1.105∗∗ 1.060

(2.556) (0.618) (0.386) (0.455) (0.801)

Sum of lagged OtherCasualties 57.332∗∗∗ 3.202 2.376 4.168∗∗ −1.740

(15.098) (2.862) (1.783) (1.595) (4.593)

Max lag of OtherCasualties 8.577∗∗∗ 0.945∗∗ 1.240∗∗∗ 1.159∗∗∗ 1.459∗

(2.251) (0.364) (0.321) (0.383) (0.639)

2014 only sample No Yes No No No

M/D/W dummies No No Yes Yes Yes

Daily quadratic time trend No Yes Yes Yes Yes

R-square 0.075 0.001 0.347 0.238 0.656

Sample size 16,652 8395 16,652 11,584 5068

Notes: DV: absolute number of comments from a given oblast. OtherCasualtiesit is defined as �iCasualtiesit − Casualtiesit .

Daily oblast-level panel data for 2013 and 2014. M/D/W stands for month, calendar day, and weekday. All specifications

include a constant term. All specifications, except specification 1, include six lags of the independent variable in addition to

its contemporaneous value. Robust oblast-clustered standard errors are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Fig. 5. Over-time changes in cohesion capacity indices for various groups of Ukrainian provinces. Notes: OY axis is the cohesion index (0; 1). OX axis is time to

Maidan (November, 2013), in months. The confidence bands are computed using non-parametric bootstrap.
Had the majority of comments to individual political posts come from either South–Eastern or West–Central Ukraine, or is

there a balanced mix of the two thus indicating an inclusive dialogue? Fig. 5 illustrates how our dyadic cohesion index (1), which

measures fragmentation of communication between any two different groups of provinces, evolved over time in 2013 and 2014.23
23 We had to take monthly averages to smooth out daily fluctuations in the index, particularly in the first half of the sample with generally fewer political posts

and comments.
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Table 4

Dyadic communication cohesion among various regions of Ukraine

West–Center vs.

East–South South vs. East West vs. Center West vs. South West vs. East Center vs. South Center vs. East

Maidan dummy (1) (2) (3) (4) (5) (6) (7)

0.001 0.067∗∗∗ 0.116∗∗∗ 0.066∗∗∗ -0.010 0.084∗∗∗ 0.026∗∗

(0.012) (0.012) (0.013) (0.012) (0.014) (0.010) (0.011)

R-square 0.000 0.062 0.146 0.062 0.001 0.118 0.011

Sample size 730 713 718 705 716 717 721

Notes: Daily time-series data is used for estimation. All regression includes a constant term. Maidan dummy = 1 after November 2013.

West, Center, South, and East are the regions of Ukraine, defined according to Fig. 1. Newey–West standard errors are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Table 5

The effect of casualties on the engagement index of a given oblast. oblast-level fixed effects regressions.

Region Whole Ukraine Whole Ukraine West Center South East

Casualtiesit (1) (2) (3) (4) (5) (6)

−1.008 −0.851 −0.060∗ −0.047 0.290 0.022

(0.596) (0.547) (0.033) (0.049) (0.313) (0.050)

Sum of lagged casualties −6.991∗ −5.671 −.585 −.510 2.377 .371

(3.902) (3.480) (.401) (.348) (2.523) (.127)

Max lag of casualties −0.958∗ −0.721 −0.041 −0.033 0.445 0.082

(0.514) (0.458) (0.050) (0.063) (0.363) (0.024)

2014 only sample No No Yes Yes Yes No

M/D/W dummies No Yes Yes Yes Yes Yes

Daily quadratic time trend No Yes Yes Yes Yes Yes

R-square 0.004 0.011 0.403 0.258 0.226 0.410

Sample size 16,629 16,629 3650 2190 1825 730

Notes: Daily oblast-level panel data for 2013 and 2014. M/D/W stands for month, calendar day, and weekday. West,

Center, South, and East are the regions of Ukraine, defined according to Fig. 1. All specifications include a constant

term. All specifications, except specification 1, include six lags of the independent variable in addition to its contem-

poraneous value. Robust oblast-clustered standard errors are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.
One common element in the nature of political communication across different groups of provinces is its high volatility before

Maidan, which reflects the fact that political discussions were relatively infrequent before the Revolution of Dignity. The volatility

subsided significantly for most groups of provinces after the Maidan protests. Although on average the levels of communication

between West–Central and East–Southern parts of the country remained the same, after Maidan, cohesion capacity slightly

decreased for the West vs. East pair, but improved or stayed the same for all other combinations of provinces. It appears that

communication became more integrated and inclusive for all regional pairs that do not include the East. For those that do, it has

improved only between South and East—the regions that are culturally and historically close to each other.

To test whether these changes are statistically significant, we regress the cohesion index on a Maidan dummy, defined as zero

before November 21, 2013 and one after that. The regression results are presented in Table 4. The results in Column 1 confirm

that engagement between West–Central and East–Southern Ukraine did not increase after the Maidan protests. At the same time,

we find that engagement went up for all other groups of provinces except the West–East pair, which experienced a negative, but

statistically insignificant change. The effects of statistically significant improvements in communication are larger for the pairs

including Central provinces than for the pairs including Southern Ukraine.

When it comes to Hypotheses 1a and 2a , both find only partial support. We can see that while there is no change in commu-

nication between the broad West and broad East, the intensification of the violent conflict clearly increased communication in

all regional pairs except West–East, reducing intra-regional fragmentation.

Our measure of inter-provincial cohesion relies on the geographical decomposition of VK users’ comments, which constitute

responses to the original messages posted by users residing in a given province, but ignores the posts and their origins. This

might bias our analysis, making it more likely to find null results. The engagement capacity index described in Section 3.2 takes

into account the original post and measures their capacity to entice response from outside the originators’ home oblasts. In line

with Hypothesis 1, we test whether posts from provinces with casualties will attract more attention (and perhaps, sympathy)

from the wider online community. Specification 1 and especially specification 2, with additional controls in Table 5 clearly rule

out the notion that news about oblast-specific losses entices users from other oblasts to more readily engage in cross-provincial

communication. We see no or only marginally significant effects of casualties on the ability of posts from affected provinces to

entice strong response from other provinces; moreover, point estimates are negative. Hence, Hypothesis 1a finds no clear support

when using both the communication cohesion and engagement capacity measures.
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Table 6

The relationship between casualties and the number of positive/negative words used in comments. oblast-level fixed effects regressions.

Region Negative words Positive words

Ukraine West Center South East Ukraine West Center South East

Casualtiest (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

5.795∗ −1.223 10.466 25.155 10.289∗∗ 13.872∗∗ −0.996 25.695 45.180 20.991∗∗

(3.219) (1.126) (9.478) (18.666) (3.443) (6.472) (1.661) (21.647) (27.241) (6.178)

Sum of lagged casualties 13.013 −2.226 2.696 108.1747 45.050∗∗ 34.256∗ 4.370∗ 33.366 177.465 76.675∗∗

(13.343) (2.738) (8.711) (110.914) (14.471) (19.717) (2.281) (34.959) (157.331) (26.095)

Max lag of casualties 4.825 1.595 5.659 19.031 13.645∗∗∗ 9.932∗ 4.125 13.422 29.108 20.676∗∗∗

(3.067) (2.022) (5.958) (25.486) (1.138) (4.845) (4.259) (14.977) (36.945) (3.021)

R-square 0.170 0.177 0.139 0.393 0.467 0.166 0.189 0.132 0.381 0.469

Sample size 8395 3650 2190 1825 730 8395 3650 2190 1825 730

Notes: Daily oblast-level panel data for 2014 only. West, Center, South, and East are the regions of Ukraine, defined according to Fig. 1. All specifications

include a constant term; daily quadratic time trend; and month, calendar day, and weekday dummies. Robust oblast-clustered standard errors are in

parentheses.
∗p<0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.
Columns 3–6 in Table 5 also rule out both Hypotheses 2a and 2b . We can see that while no effect can be detected in the

East, South, and Center subsamples, the West’s ability to engage users from other provinces actually diminishes with casualties

(the opposite of Hypotheses 2a is true). This means that online activism on the part of users from the affected provinces is

perhaps directed at and influences other users from the same province, rather than bridging across provincial lines. Coupled

with our finding that West–Center responds more actively to casualties suffered by other provinces, this result suggests that

province-specific casualties make VK communication more region-specific, rather than appealing to broad, cross-regional dialog

that engages heterogonous parts of Ukraine.

Together our results show that while war casualties tend to mobilize VK users from the affected provinces (as well as users

from West–Central provinces regardless of whether their home province incurred losses), such mobilization does not necessarily

lead to cross-provincial communication. Not only does the analysis fail to detect evidence that casualties increase inter-regional

engagement, VK users from the West engage in less dialog with the rest of the country as the casualties go up. As a result of

such regional compartmentalization, the ability of users’ posts to attract comments from outside of their province (and hence

“influence” the social network) diminishes.

4.3. Assessing the polarization hypotheses

Although the above analysis finds users of VKontakte respond to war casualties with increasing fragmentation of inter-

provincial communication, this does not necessarily mean virtual conversation becomes polarized as well. In our data, some

communication continues to be carried between users from different provinces. It is possible that those users develop bridging

cross-regional connections by expressing sympathy and solidarity, or abstaining from divisive political debates. (The latter inter-

pretation would be consistent with our findings of decreased engagement of the West.) Without knowing whether users agree

or argue over the posted content, it is impossible to rule such interpretation out.

In order to differentiate between constructive and destructive conversations, we analyze their context with the help of pos-

itive and negative “bags of words”. If the news about war casualties increase polarization in online discussions, we should see

the rise in negative sentiment (negative connotation words) go hand-in-hand with the increase in positive sentiment (and vice

versa). If, as Hypothesis 1b postulates, news about war casualties decreases polarization, we should expect to see the positive

and negative words move in opposite directions as a result of the news about war casualties. Table 6 reveals that for Ukraine as

a whole, discussions do become more polarized in response to war casualties; both coefficients in Columns 1 and 6 are positive

and statistically significant. Interestingly, this conclusion does not hold for all parts of Ukraine. Only provinces located in the

Eastern part of the country experience simultaneous increases in both positive and negative sentiments. Our analysis shows that

war casualties have no discernible effect on the intensity of negative and positive sentiments in other parts of the country. These

results are inconsistent with Hypotheses 2a. The fact that war casualties appear to be a divisive subject in Eastern provinces is

consistent with Hypothesis 2b: as a province located in the East experiences more war fatalities, the overall sentiment of the

comments responding to this province’s posts becomes more emotionally charged and polarized.

Piecing together the results of our empirical tests, we can rule out the notion that Ukrainians as a whole are becoming more

united in the face of the challenges to the country’s territorial integrity. Most revealing results come from the analysis of regional

subsamples that show profound differences in the way West and East Ukrainians react to the conflict. East–Southern provinces,

including Crimea, which is currently occupied by Russia, and Donetsk and Luhansk in active war zone, tend to respond to their

own, but not other oblasts’ war casualties with greater participation in online discussions. Yet, oblast-specific death tolls have no

discernible impact on the fragmentation of online discussion in East–Southern Ukraine. This is in sharp contrast to West–Central

provinces that tend to increase their network participation in response to other oblast’s casualties. West–Central oblasts do not
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respond to their own casualties with greater online activism when compared to casualties from other oblasts. Our results also

show that war casualties have a polarizing effect in the East of Ukraine, but not in West–South–Central Ukraine. As a result,

Eastern oblasts appear to be increasingly polarized by the conflict.

5. Conclusion

Discussing the ideological battles waged in Russia and Ukraine, Roberts and Orttung (2015) summarized an increasingly

popular notion that: “In the context of the war, Ukrainians are becoming only more united in their patriotism and opposition

to Russia”. Using the data on cross-regional structure of politically relevant online communication among users of VKontakte

social networking site, we put this notion to a test. We examined how political online communication among Ukraine’s residents

responds to violent civil conflict and foreign intervention.

Ukraine’s geographically concentrated political and ethno-linguistic divisions presented us with a unique opportunity to

identify the underlying structure of social cleavages without the use of individual-level data which often are subject to a

host of methodological problems and are rarely available in time series. The paper analyzed the panel of provinces span-

ning the most active phases of domestic protests and military conflict and evaluated how online activism, inter-provincial

cohesion and peer influence (engagement), as well as the overall discourse sentiment respond to the province-specific war

casualties.

Our analysis provides little support for the notion that Ukraine’s public as a whole becomes more united in response

to the violent conflict in the Donbas – for a number of provinces this does not appear to be the case. We found that

generally, war casualties led to increased levels of online activism (measured by the amount of user-contributed context).

At the same time, we found no evidence that war casualties impact the level of network cohesion in inter-provincial

online communication between West–Central and East–Southern Ukraine. While the intensity of military conflict entices

online activism, it mainly activates regional rather than nation-wide connections. Our analysis suggests that at least in

the sphere of social network communication among VK users, the war separates rather than unites Ukrainians living far

apart.

Our analysis also revealed nontrivial differences in the ways different parts of the country respond to the violent conflict.

While the users of social network platforms in East–Southern Ukraine react very little to war casualties from other parts of

Ukraine, network users from West–Central provinces respond with increasing activism to war casualties outside of their home

provinces. Moreover, we found that while the war intensity does not affect the degree of fragmentation of network communica-

tion in East, Central, and, Southern provinces, Western provinces’ communication becomes more, rather than less fragmented as

indicated by the engagement index. Together these results suggest that as the war in the Donbas progresses, Ukrainian virtual

society, at least its part that uses VKontakte platform, becomes more politically galvanized but fragmented along political and

ethno-linguistic divisions.

We also found that military conflict tends to polarize network discourse in Eastern Ukraine, but not in other provinces. This

shows that while Western oblasts’ residents’ online behavior contributes to the provincial fragmentation of online discussions,

Eastern oblasts appear to be increasingly polarized by the conflict. In some sense, the “West” becomes more united as its network

communication drifts away from the increasingly polarized “East.”

This research makes several contributions. It engages the literature on mass communication and political conflict. Studies

of persuasion and public opinion formation suggest that selective exposure and media bias may reinforce partisan preferences

and further fragment and polarize the public (Stroud, 2010; Durante and Knight, 2012). At the same time, media messages may

reinforce the sense of in-group (as in the case of Nazi propaganda in Germany; Adena et al., 2015) and out-group (as in the

case of Serbian radio in Croatia; DellaVigna et al., 2014) identities. In Ukraine, exposure to Russian media had been linked to

the electoral support for pro-Russian parties (Peisakhin and Rozenas, 2015), and pre-war national elections had coincided with

increased regional fragmentation of social media (Duvanova et al., 2015). Our research suggests that the social media might

further reinforce selective exposure, and as a result, contribute to political fragmentation and polarization.

Our research also contributes to the study of new, technology-enabled forms of political participation. A growing number of

people around the world use social networking platforms not only to consume, but also to produce political information. This

paper furthers our understanding of digitally-enabled forms of political participation and its relation to conventional forms of

political conflict. Our research contributes to the emerging field in the study of political roles of digital social media. We believe

the Ukrainian case is of major significance because it helps highlight the importance of social networks in societies with a deficit

in traditional channels of political expression, collective action, and organization.

We also make a methodological contribution. We propose practical methods for integrating big data in the study of mass

attitudes and social behavior. As the ongoing digitization of social relations produces large repositories of data, social sciences

face an important task of developing tools and approaches towards utilizing these resources. Our research contributes to this

task.

Appendix A. Robustness checks for results reported in Table 1

Tables A1–A3
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Table A1

The effect of casualties on the absolute number of comments from the same oblast. Seven-lags specification. oblast-level fixed effects regressions.

Region Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine

Casualtiesit (1) (2) (3) (4) (5) (6)

212.310∗∗∗ 108.748∗∗∗ 43.925∗ 17.424∗∗ 15.371∗∗ 16.216∗∗

(74.288) (37.669) (24.754) (6.606) (6.655) (6.923)

Sum of lagged casualties 799.759∗∗∗ 286.719∗ 64.216∗∗∗ 75.158∗∗ 56.730∗

(267.633) (167.543) (21.359) (30.659) (28.023)

Max lag of casualties 102.926∗∗ 38.878 11.163∗ 11.485∗ 11.478∗

(36.734) (24.131) (5.411) (6.281) (6.358)

Year 2014 dummyt 961.455∗∗∗

(236.023)

2014 only sample No No No Yes Yes Yes

M/D/W dummies No No Yes No Yes Yes

Daily quadratic time trend No No No No No Yes

R-square 0.017 0.062 0.354 0.002 0.131 0.154

Sample size 16,790 16,629 16,629 8395 8395 8395

Notes: See notes to Table 1.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Table A2

The effect of casualties on the absolute number of comments from the same oblast. oblast-level fixed effects regressions with Driscoll and Kraay

(1998) errors.

Region Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine

Casualtiesit (1) (2) (3) (4) (5) (6)

212.310∗∗∗ 120.610∗∗∗ 48.148∗∗∗ 18.788∗∗ 16.742∗∗∗ 17.286∗∗∗

(33.395) (19.337) (8.347) (8.664) (5.690) (6.280)

Sum of lagged casualties 755.027∗∗∗ 264.878∗∗∗ 57.579 64.084∗∗∗ 48.043∗∗

(128.899) (44.349) (48.813) (20.189) (21.658)

Max lag of casualties 114.316∗∗∗ 43.018∗∗∗ 12.467 12.902∗∗∗ 12.580∗∗

(25.328) (9.183) (8.136) (4.799) (5.315)

Year 2014 dummyt −964.557∗∗∗

(35.855)

2014 only sample No No No Yes Yes Yes

M/D/W dummies No No Yes No Yes Yes

Daily quadratic time trend No No No No No Yes

Sample size 16,790 16,652 16,652 8395 8395 8395

Notes: See notes to Table 1.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Table A3

The effect of casualties on the logarithm of the absolute number of comments from the same oblast. Log–log specification. oblast-level fixed effects

regressions.

Region Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine

log Casualtiesit (1) (2) (3) (4) (5) (6)

1.588∗∗∗ 0.800∗∗∗ 0.213∗ 0.090∗∗∗ 0.051∗ 0.054∗

(0.307) (0.156) (0.108) (0.020) (0.026) (0.028)

Sum of lagged log casualties 5.283∗∗∗ 1.271∗ 0.387∗∗∗ 0.251∗∗ 0.149

(1.003) (.666) (.071) (.112) (.109)

Max lag of log casualties 0.783∗∗∗ 0.195∗ 0.066∗∗∗ 0.057∗∗∗ 0.036

(0.151) (0.103) (0.015) (0.020) (0.021)

Year 2014 dummyt 0.553∗∗∗

(0.081)

2014 only sample No No No Yes Yes Yes

M/D/W dummies No No Yes No Yes Yes

Daily quadratic time trend No No No No No Yes

R-square 0.031 0.102 0.619 0.005 0.231 0.285

Sample size 16,790 16,652 16,652 8395 8395 8395

Notes: See notes to Table 1. Both dependent and independent variables are in logs. To deal with the zero values of the number of comments and

casualties, we added 1000 to the number of comments, and added 10 to the number of casualties, before taking logs.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.
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Appendix B. Weekly data analysis

Tables B1–B5

Table B1

The effect of casualties on the absolute number of comments from the same oblast. Weekly oblast-level fixed effects regressions.

Region Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine Whole Ukraine

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

745.045∗∗∗ 274.633 69.596∗∗ 63.555∗ 57.967∗

(258.912) (164.483) (27.227) (31.479) (30.733)

Year 2014 dummyt 6663.461∗∗∗

(1649.563)

2014 only sample No No Yes Yes Yes

Month dummies No Yes No Yes Yes

Daily quadratic time trend No No No No Yes

R-square 0.062 0.365 0.003 0.165 0.191

Sample size 2415 2415 1196 1196 1196

Notes: DV: absolute number of comments from an oblast suffering casualties. Weekly oblast-level panel data spanning 2013

and 2014 are used for estimation. All specifications include a constant term. Robust oblast-clustered standard errors are in

parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Table B2

The effect of casualties on the number of comments from the same oblast.

Regional analysis. Weekly oblast-level fixed effects regressions.

Region West–Center South–East

Casualtiesit (1) (2)

30.831 101.463∗

(30.324) (51.918)

R-square 0.109 0.505

Sample size 832 364

Notes: DV: absolute number of comments from an oblast suffering casual-

ties. Weekly oblast-level panel data for 2014 only. West, Center, South, and

East are the regions of Ukraine, defined according to Fig. 1. All specifica-

tions include a constant term; quadratic time trend; and month dummies.

Robust oblast-clustered standard errors are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Table B3

The effect of casualties from outside the oblast on the number of comments from a given oblast. Weekly oblast-

level fixed effects regressions.

Region Whole Ukraine Whole Ukraine Whole Ukraine West–Center South–East

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

56.655∗∗∗ 4.189 3.762∗ 5.084∗∗ 0.733

(14.976) (2.919) (1.858) (1.795) (4.739)

Year 2014 dummyt 6873.703∗∗∗ 5490.030∗∗ 1.0e+04∗∗∗

(1768.482) (2336.605) (2047.761)

2014 only sample No Yes No No No

Month dummy No No Yes Yes Yes

R-square 0.079 0.002 0.358 0.244 0.681

Sample size 2415 1196 2415 1680 735

Notes: DV: absolute number of comments from a given oblast. OtherCasualtiesit is defined as

�iCasualtiesit − Casualtiesit . Weekly oblast-level panel data for 2013 and 2014. All specifications include a

constant term. Robust oblast-clustered standard errors are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.
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Table B4

The effect of casualties on the engagement index of a given oblast. Weekly oblast-level fixed effects regres-

sions.

Region Whole Ukraine Whole Ukraine West Center South East

Casualtiesit (1) (2) (3) (4) (5) (6)

−0.970∗ −0.777 −0.086 −0.105 0.356 0.024

(0.537) (0.471) (0.049) (0.066) (0.386) (0.054)

2014 only sample No No Yes Yes Yes Yes

Month dummies No Yes Yes Yes Yes Yes

Quadratic time trend No Yes Yes Yes Yes Yes

R-square 0.013 0.027 0.476 0.292 0.285 0.533

Sample size 2415 2415 520 312 260 104

Notes: Weekly oblast-level panel data for 2013 and 2014. West, Center, South, and East are the regions of

Ukraine, defined according to Fig. 1. All specifications include a constant term. Robust oblast-clustered stan-

dard errors are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.

Table B5

The relationship between casualties and the number of positive/negative words used in comments. Weekly oblast-level fixed effects regres-

sions.

Negative words Positive words

Region Ukraine West Center South East Ukraine West Center South East

Casualtiest (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

16.345 −3.721 19.768 108.554 39.394 38.835∗ 0.449 77.928 159.192 61.182∗∗∗

(14.057) (4.559) (20.088) (123.056) (32.874) (22.559) (5.299) (59.922) (169.949) (23.046)

R-square 0.223 0.236 0.159 0.513 0.637 0.212 0.241 0.147 0.499 0.618

Sample size 1196 520 312 260 104 1196 520 312 260 104

Notes: Weekly oblast-level panel data for 2014 only. West, Center, South, and East are the regions of Ukraine, defined according to Fig. 1. All

specifications include a constant term, quadratic time trend, and month dummies. Robust oblast-clustered standard errors are in parentheses.
∗p < 0.10.
∗∗p < 0.05.
∗∗∗p < 0.01.
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