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Abstract 

In this paper, we analyze the worldwide perception of the Russia-Ukraine conflict (RU 
conflict for short) on the Twitter platform. The study involved collecting over 17 million 
tweets written in 63 different languages and conducting a multi-language senti-
ment analysis, as well as an analysis of their geographical distribution and verification 
of their temporal relationship to daily events. Additionally, the study focused on ana-
lyzing the accounts producing pro-conflict tweets to evaluate the possible presence 
of bots. The results of the analysis showed that the war had a significant global impact 
on Twitter, with the volume of tweets increasing as the war’s threats materialized. There 
was a strong correlation between the succession of events, the volume of tweets, 
and the prevalence of a specific sentiment. Most tweets had a negative sentiment, 
while tweets with positive sentiment mainly contained support and hope for peo-
ple directly involved in the conflict. Moreover, a bot detection analysis performed 
on the collected tweets revealed the presence of many accounts spreading tweets 
including pro-conflict hashtags that cannot be identified as real users. Overall, this 
study sheds light on the importance of social media in shaping public opinion dur-
ing conflicts and highlights the need for reliable methods to detect bots.
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Introduction
Since the beginning of the 20th-century several significant global events such as wars, 
revolutions, and pandemics have affected the world. Just to mention a few, the First and 
Second World Wars, the Cold War, the Spanish and Asian pandemics. In recent years, 
the COVID-19 pandemic has disrupted daily life and habits, causing health and social 
problems for individuals and governments worldwide [1–3]. While the fight against 
COVID-19 continues, a new threat has rocked governments worldwide: the Russia-
Ukraine conflict.

Unfortunately, as history teaches us conflicts have been an inherent part of human 
existence since the time of hunter-gatherers, and unfortunately, it seems that we have 
not yet been able to eliminate them. Whether fighting over food, borders, or power, war 
has been a constant presence in human life [4]. While people throughout history have 
tried to justify war in various ways, a real reason for it has never been found. Some have 
sanctified the methods and purposes of war, while others have seen it as the enemy of 
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civilization. Margaret MacMillan argues that conflicts are an integral part of a country’s 
and society’s development [4]. However, one thing is certain: war has never had a posi-
tive impact on people.

In modern times, social networks have become crucial platforms for providing infor-
mation and enabling people to express their opinions on various topics such as govern-
ment decisions [5], school closures [6], climate [7], vaccines [8, 9], and more. As a result, 
we now have the ability to analyze user-generated content to assess public perception 
of specific events and issues. However, due to the abundance of content and account-
related information, analyzing such data can be a challenging task, especially when mul-
tiple evaluation variables need to be taken into account.

In this paper, we do not discuss the reasons behind the conflict or provide any com-
mentary on current events. Instead, our focus is on exploring the emotional impact of 
war through the lens of tweets shared by people from around the world. To this end, 
we present a dataset containing a large collection of posts collected from Twitter at the 
beginning of the conflict between Russia and Ukraine, and we discuss results obtained 
from different analysis tasks devoted to a multifaceted evaluation of the worldwide 
perception of the conflict. The dataset contains tweets collected using Twitter Stream-
ing API with relevant keywords related to the war, and covers the period from Febru-
ary 25, 2022, to March 3, 2022, comprising more than 17 million tweets from 3,990,969 
unique accounts and written in 63 different languages. Our analysis encompasses vari-
ous aspects of the tweets, including frequency of hashtags, geographic distribution, and 
sentiment analysis in multiple languages. Such an analysis proved the worldwide impact 
of the RU-Conflict on the users’ opinions. In fact, as the news concerning the main 
events began to spread, the volume of tweets increased on a global scale, with a senti-
ment that can vary either towards positive or negative sentiment according to the nature 
of the events reported. Additionally, we conducted an analysis of 20,474 accounts associ-
ated with 34,955 tweets including pro-conflict hashtags in order to identify the presence 
of bots on the social network and evaluate the effectiveness of social media campaigns in 
countering fake accounts.

Overall, the main goal of this research is to gain an understanding of how warfare is 
perceived in a broad context. To achieve this, we will conduct a thorough analysis that 
takes into account various factors, including geographical distribution, linguistic diver-
sity, war-related events, and the use of automated content generation systems. By lev-
eraging NLP-based sentiment analysis techniques, we aim to answer the following 
research questions (RQs): 

RQ1:	 To what extent do tweet sentiments vary based on either location or language?
RQ2:	 How much war-related events impacted the number of tweets and the RU-Con-

flict perception?
RQ3:	 What is the perception of the Russia-Ukraine conflict in public debates on Twit-

ter, especially those of the people most involved in the conflict?
RQ4:	 Is it possible to identify bots among Twitter accounts that spread opinions in 

favor of the war?

The main contributions of this paper can be summarized as follows:
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•	 We provide a new dataset of tweets related to the Russia-Ukraine conflict containing 
over 17 million of posts shared by verified and unverified accounts. This dataset was 
collected by listening to the Twitter streaming service from the beginning of the con-
flict;

•	 We present a detailed analysis of tweet content to identify the most frequently used 
words and hashtags, aiming to examine the existence of positive and negative corre-
lations between them when used in the same post;

•	 We conduct an extensive sentiment analysis of tweets in several languages, includ-
ing geo-localization, providing an overview of the global perception of the Russia-
Ukraine conflict. We also analyze the sentiment with respect to events that occurred 
during the initial phase of the conflict. The latter has also been deepened by specifi-
cally considering tweets written in Russian and Ukrainian languages or located in the 
Donbass area. An additional analysis seeks to classify the underlying opinions within 
tweets linked to Cyrillic hashtags according to a prompt-based strategy.

•	 We analyze the accounts spreading pro-conflict tweets to identify and evaluate the 
presence of bots designed to manipulate public opinion.

•	 We analyzed how the conflict’s perceptions and debates changed one year later, by 
considering the 2023 tweets on the Russia-Ukraine conflict in the Ukraine Conflict 
Twitter Dataset [10].

The outline of this paper is as follows: Sect. "Related work" discusses work available in 
the literature concerning the analysis of social network discussions. Section "RU-Con-
flict dataset" presents an overview of the new dataset proposed in this study, along with 
a preliminary analysis of the tweets and commonly used hashtags. In Section "Analyzing 
the conflict perception in the RU-Conflict dataset", we present a worldwide geo-local-
ized sentiment analysis in response to the four RQs introduced above. In Section "Analy-
sis of public debates changes one year later" we present an analysis of public debates 1 
year after the start of the conflict. Finally, Sect. "Conclusion and future works" outlines 
our conclusions and suggests potential future research directions.

Related work
In recent years, social networks have attracted the attention of many users who use 
them not only for communication purposes, but also for following topic-specific discus-
sions [11] expressing their viewpoints on global events [12, 13]. Moreover, social media 
networks have been found to be useful in supporting early warning systems for disas-
ter relief agencies to obtain rapid disaster assessments. Among the various social media 
platforms, Twitter has emerged as one of the most widely-used microblogging platforms 
for sharing thoughts and opinions in response to current events. Twitter provides proper 
APIs that can be leveraged to gain insights into collective thinking about specific issues.

Until mid-2023, Twitter APIs enabled analysts to collect tweets together with account 
information. This also allowed researchers to focus on the problem of the potential dis-
information spread by bots. Specifically, the social bot detection problem requires dis-
tinguishing between human and computer-controlled profiles. The diverse range of 
social bot types, products of human creativity, requires systems to learn their charac-
teristics. To this end, many deep learning-based approaches have been defined in the 
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literature, mainly including convolutional neural networks (CNN), long short-term 
memory (LSTM), and recurrent neural networks (RNN) [14]. In particular, as stated by 
Hayawi et al. CNNs typically excel in classifying textual content and identifying abusive 
language, angry terms, and named entities. On the other hand, LSTMs and RNNs are 
particularly valuable for understanding the relationship between consecutive time point 
data [15]. Among these, it is worth mentioning the approach outlined in [16] involves 
the integration of three LSTM models and a fully connected layer. Each of these models 
is dedicated to a distinct feature group, enabling the capture of complex social media 
behaviors. Additionally, BotRGCN, as presented in [17], stands out as one of the most 
effective bot detection frameworks available in current literature. It simultaneously 
encodes multi-modal user data, constructs a heterogeneous graph to represent real-
world Twitter dynamics, and applies relational graph convolutional networks. Both 
above-described bot detection methods have proved to outperform Botometer v4 [18]. 
The latter represents the most popular state-of-the-art bot detection system.

Despite the possible presence of bots among social media accounts, user-generated 
content continues to represent a crucial source of information. In fact, numerous topic-
specific datasets containing tweets and account features from the social network plat-
form have been used to conduct various analyses of user-generated content related to 
specific topics. As an example, in [19] Effrosynidis et al. present a detailed examination 
of public opinions on climate change using Twitter. In [20], Dooms et  al. propose an 
analysis of tweets related to movie ratings to enhance movie recommender systems uti-
lizing natural language processing techniques. Additionally, sentiment analysis of tweets 
has been used in sports analytics decision models to predict match and point spreads in 
the English Premier League [21].

Numerous studies have gone beyond collecting opinions on general topics and have 
conducted various analyses on the impact of events occurring during a particular period. 
For example, Ibrahim and Wang [22] examined tweets associated with leading UK retail-
ers during the Black Friday to Christmas and New Year’s sales period to comprehend the 
underlying content within a large corpus of unstructured text, with the goal of improv-
ing online retailing services and engaging with customers. The COVID-19 pandemic 
has been one of the most extensively analyzed recent events, with numerous works pub-
lished on its impact using social media networks [23]. Multiple Twitter datasets have 
been created to evaluate users’ perceptions and sentiments regarding the pandemic’s 
progression [2, 24]. Other studies have focused on analyzing the misinformation spread 
on Twitter and other social media platforms to exacerbate negative emotions [25, 26]. 
Furthermore, the COVID-19 topic has been employed as a case study for developing 
novel analysis models, such as identifying relevant influencers [27] and detecting emo-
tions [28], among others.

The analysis of user-generated content on Twitter has also been devoted to political 
discussions [29]. For example, researchers have investigated the impact of politicians’ 
tweets, specifically those of former US President Donald Trump, on financial markets 
[30]. Moreover, political discussions are commonly analyzed to predict election out-
comes (see [31] for a review). Sentiment analysis of tweets has also been used in crisis 
situations, such as in [32], where a crowd sentiment detection model was introduced to 
detect public emotions during calamitous events. In contrast, the Syrian refugee crisis 
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was analyzed in [33], where Turkish and English tweets were compared to identify dif-
ferences in sentiment. Researchers have been paying attention to sentiment analysis on 
microblogging platforms across various languages and application domains, including 
politics [34], product reviews [35], and health crises [36], among others.

Finally, the Russia-Ukraine conflict has led to the proliferation of many topic-specific 
tweets. As a result, several focused datasets have emerged in the literature to perform 
proper analysis, as highlighted in previous studies [37, 38].

As for our aim, in the last year, other works proposed sentiment, emotion, and/or 
intention analysis over user-generated content concerning the Russia-Ukraine conflict in 
order to deepen the war perception [39], by also using ML-based strategies [40] or defin-
ing proper models, as for the MF-CNN-BiLSTM model defined by Aslan [41]. Most of 
them exploit Twitter API and/or previously published tweets’ datasets. Instead, the Red-
dit.com social network has been involved in [42], to specifically measure hope and fear 
within users’ posts of the first 3 months of the conflict through a dictionary-based analy-
sis. The authors also used the Latent Dirichlet Allocation (LDA) algorithm to perform a 
topic modeling analysis revealing that the presence of geopolitical arguments exhibits a 
correlation with both hope and fear. However, these works have either presented tweet 
datasets with basic statistics or have focused on generally classifying the sentiments and 
emotions over the considered datasets, or by considering specific users and their politi-
cal affiliations. In contrast, to the best of our knowledge, the current study offers a more 
comprehensive analysis that aims to evaluate users’ perceptions of the RU-Conflict. 
The study incorporates over 17 million multi-language tweets directly collected from the 
Twitter streaming APIs and provides extensive sentiment analysis of the language and 
their geographical distribution, as well as their contextual categorization with respect to 
conflict-related opinions. Moreover, this study also represents the first proposal evaluat-
ing the presence of bots among accounts sharing Russia-Ukraine conflict-related content.

RU‑Conflict dataset
In this section, we first provide an overview of the RU-Conflict dataset, by describing 
the different types of tweets extracted from Twitter and the strategy for collecting them. 
Then, we analyze the most frequent hashtags used in the tweets, also showing statistics 
about them, and discussing their correlation with the aim of performing a preliminary 
analysis of people’s collective thoughts.

Overview of RU‑Conflict dataset

To collect tweets, we used the keyword-based approach by considering a set of keywords 
related to the Russia-Ukraine conflict. Initially, we manually extracted a small set of pop-
ular keywords from the most commonly used hashtags on Twitter using online services, 
such as Tweeplers1. We then used the Twitter Streaming API and the initial set of key-
words to collect tweets for a single day, with the goal of identifying additional keywords 
that co-occur with the initial set. We considered a set of more than 25 keywords that 
are frequently used in tweets around the world, including terms such as “UkraineUn-
derAttack”, “RussiaUkraineConflict”, “Zelensky”, or “Putin”. Starting from 

1  Tweep​lers.

http://www.tweeplers.com/
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the set of keywords, through the Twitter APIs we were able to collect a large number of 
tweets related to the Russia-Ukraine conflict. It is important to notice that, Twitter APIs 
are not limited to extracting only tweets that contain the specified keywords, but they 
find a tokenized match of keywords within the body of a Tweet, extracting a larger set 
of tweets than the hashtags-based approach2. Thanks to this, the RU-Conflict dataset 
contains a large collection of tweets written in different languages, which also include 
keywords written in other alphabets, such as Cyrillic. The resulting dataset, called RU-
Conflict, and the list of initial keywords used for tweet collection are publicly available 
on GitHub’s official repository3.

Table  1 shows statistics on tweets extracted before and after the hydration process. 
As we can see, we have collected 17,045,908 tweets including 259,971 from verified 
accounts and 16,785,937 from non-verified accounts. Starting from this collection of 
tweets, we have performed cleaning operations of the contents by removing all spe-
cial characters, yielding the standardization of the tweet syntax. After standardizing 
the content of tweets, it was possible to identify the most common hashtags used in 
the tweets and analyze their frequency in the dataset. In particular, we used a specific 
regular expression to identify and collect hashtags, which allowed us to standardize the 
syntax of the hashtags, which often are syntactically different due to the use of upper-
case and/or lowercase letters, such as in the case of “StayWithUkraine” and “Stay-
withukraine” or “Peace” and “PEACE”.

Figure  1 reports the occurrences of the different types of tweets shared by verified 
and non-verified accounts. As we can see, among the different types of tweets, there are 
about 13 million of them that are retweets, which represents 76% of all tweets. Moreover, 
1,434,862 tweets contain at least one mention of other accounts ( 8% of all tweets), and 
about 3 million of tweets are Plain Text Tweets, i.e., tweets that are not retweets and do 
not contain mentions that are written in a standard text-based format ( 15% of all tweets).

Correlation and statistical analysis

The concept of hashtags arises from the need to create specific labels capable of con-
cisely expressing thoughts and quickly sharing them with other people. In the case of 
Twitter, the functionality of a hashtag is twofold: (i) identifying the main topic of the 
tweet, and (ii) allowing the connection between people who have used the same hashtag. 

Table 1  Details of RU-Conflict dataset

Before hydrating After hydrating

Number of tweets 17,393,039 17,045,908

Tweets from non-verified accounts – 16,785,937

Tweets from verified accounts – 259,971

Accounts with location – 2,316,555

Average tweets per account – 4.27

Most recent tweet 2022-03-03

2  Build​ing queri​es for Searc​h Tweet​s -​ www.​devel​oper.​twitt​er.​com.
3  https://​github.​com/​DastL​ab/​RU-​Confl​ict-​Twitt​er-​datas​et.

https://developer.twitter.com/
https://github.com/DastLab/RU-Conflict-Twitter-dataset


Page 7 of 33Breve et al. Journal of Big Data           (2024) 11:76 	

In both cases, the hashtag creates a stream of posts concerning the same topic to gather 
user opinions and points of view on the same issue.

In our dataset, we have collected 307,055 different hashtags that have been used 
29,820,401 times in over 17 million tweets. These statistics show the importance that 
hashtags have for people when expressing positive and negative thoughts in tweets, lead-
ing people to use more of them in the same tweet.

Table 2 shows the occurrences and the frequencies of the most used hashtags written 
in both Latin and Cyrillic alphabets. The occurrence values represent the total number 
of times a hashtag appears, while the frequency is the number of occurrences of each 
hashtag with respect to the tweets shared from both verified and non-verified accounts. 
It is important to notice that only 11,767,496 of 17,045,908 tweets contain at least one 
hashtag, which corresponds to 69% of all the tweets. As shown in Table  2, we have 
defined three different frequency values that represent the frequency of each hashtag 
with respect to (i) the number of all the hashtags used in the tweets (i.e., NX ); (ii) the 
number of tweets that contain at least one hashtag (i.e., NY  ), and (iii) the number of 
all tweets in the data collection (i.e., NZ ). Let N be the number of occurrences of each 
hashtag in the data collection, the frequencies are formally defined as:

As we expected, there are a large number of tweets that contain general hashtags that 
refer to Ukraine and Russia, such as “#ukrainerussia”, “#russiaukrainewar”, 
“#украина (#ukraine)”, “#россия (#Russia)”, and so forth. However, several 
hashtags show strong anti-conflict sentiments, such as “#stopputin”, “#stoprus-
sia”, “#standwithukraine”, “#нетвойневукраине (#nowarinUkraine)”, 
“#нетвойне (#nowar)”, and “#противвойны (#anti-war)”, which represent 
about 8.79% of all the hashtags used in the tweets. Moreover, as we can see, these 
hashtags are contained in approximately 17.92% of the tweets of users who have used at 
least one hashtag in their posts, and 12.76% of the entire collection of tweets. It is impor-
tant to note that, among the most used hashtags, there are no pro-conflict hashtags, i.e., 
hashtags that clearly express an opinion in favor of the Russia-Ukraine conflict. These 
initial statistics allow us to estimate how much the war has aroused strong anti-conflict 
thoughts in people around the world.

(1)F1 =
N · 100

NX

F2 =
N · 100

NY

F3 =
N · 100

NZ

Fig. 1  Types of tweet in RU-Conflict 
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Table 2  The most used hashtags in the Latin and Cyrillic alphabets in the streaming data collection

Latin alphabet Cyrillic alphabet

Hashtag N F1 (%) F2 (%) F3 (%) Hashtag N F1 (%) F2 (%) F3 (%)

#ukraine 5,955,147 20.26 50.76 34.94 #нетвойне
(#Nowar)

63,891 0.21 0.54 0.37

#stand-
withukraine

314,028 1.07 2.68 1.84 #укра
(#ukra)

58,529 0.2 0.5 0.34

#russia 1,545,860 5.26 13.18 9.07 #против
(#against)

41,476 0.14 0.35 0.24

#ukrainerussia 312,396 1.06 2.66 1.83 #украина
(#Ukraine)

23,308 0.08 0.2 0.14

#putin 986,260 3.36 8.41 5.79 #россия
(#Russia)

12,776 0.04 0.11 0.07

#anonymous 247,337 0.84 2.11 1.45 #всрф
(#vsrf)

11,979 0.04 0.1 0.07

#kyiv 638,271 2.17 5.44 3.74 #нетвойневукраине
(#nowarinUkraine)

9,609 0.03 0.08 0.06

#ucrania 207,879 0.71 1.77 1.22 #славаукра
(#slavaukra)

7,551 0.03 0.06 0.04

#ukrainerus-
siawar

549,428 1.87 4.68 3.22 #харьков
(#Kharkiv)

5,674 0.02 0.05 0.03

#ukraineinva-
sion

186,176 0.63 1.59 1.09 #ки
(#ki)

5,368 0.02 0.05 0.03

#stopputin 479,403 1.63 4.09 2.81 #харк
(#hark)

5,230 0.02 0.04 0.03

#russiaukraine-
conflict

177,166 0.6 1.51 1.04 #нет_войне
(#Nowar)

4,852 0.02 0.04 0.03

#ukraineunder-
attack

432,614 1.47 3.69 2.54 #потерьнет
(#lose)

3,939 0.01 0.03 0.02

#nato 169,276 0.58 1.44 0.99 #новости
(#news)

3,705 0.01 0.03 0.02

#stoprussia 426,473 1.45 3.63 2.5 #путин
(#Putin)

3,642 0.01 0.03 0.02

#russiaukraine 149,949 0.51 1.28 0.88 #россиясмотри
(#Russialook)

3,400 0.01 0.03 0.02

#nowar 385,962 1.31 3.29 2.26 #киев
(#Kyiv)

3,225 0.01 0.03 0.02

#war 147,753 0.5 1.26 0.87 #нетвойн
(#nowar)

3,115 0.01 0.03 0.02

#rus-
siaukrainewar

370,078 1.26 3.15 2.17 #война
(#war)

3,020 0.01 0.03 0.02

#ukrainian 135,380 0.46 1.15 0.79 #рос
(#grewup)

2,947 0.01 0.03 0.02

#ukrainewar 361,952 1.23 3.08 2.12 #херсон
(#Kherson)

2,929 0.01 0.02 0.02

#prayforukraine 126,923 0.43 1.08 0.74 #нетвойнесукраиной
(#thereisnowar-
withUkraine)

2,781 0.01 0.02 0.02

#kiev 353,493 1.2 3.01 2.07 #нато
(#NATO)

2,689 0.01 0.02 0.02

#stopwar 125,494 0.43 1.07 0.74 #противвойны
(#anti-war)

2,525 0.01 0.02 0.01

#russian 336,102 1.14 2.86 1.97 #рф
(#rf)

2,019 0.01 0.02 0.01

#breaking 111,966 0.38 0.95 0.66 #нетвойнес
(#nowarness)

1,842 0.01 0.02 0.01

#zelensky 315,696 1.07 2.69 1.85 #буча
(#butch)

1,839 0.01 0.02 0.01

#europe 100,953 0.34 0.86 0.59 #япротиввойны
(#Iamagainst-
thewar)

1,736 0.01 0.01 0.01
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Aiming to analyze how sentiments influenced collective opinion, we performed a 
correlation analysis between the most used hashtags in tweets within the entire data-
set. To identify the correlation between these hashtags, we converted them into a vec-
tor form. In particular, we created a binary vector for each tweet, where the dimensions 
were equivalent to the number of hashtags present in the tweet. Each element of the 
vector was assigned a value of 1 if the corresponding hashtag was present in the tweet, 
and 0 otherwise. As an example, let us consider the hashtags “#nato”, “#saynoto-
war”, “#saveinnocentlives”, “#europe”, “#russiaukraineconflict”, and 
“#humanityfirst”, then the tweet:

“War never guarantees lasting peace but lasting death, it’s the humanity that dies 
a painful death. Why on earth the innocent and non-combatant bear the brunt. 
Peace and dialogue must prevail! #SayNoToWar #RussiaUkraineConflict 
#HumanityFirst #SaveInnocentLives”

will be represented as [0, 1, 1, 0, 1, 1] in its vector form.
In this analysis, we started by considering the top-100 hashtags in Latin and Cyrillic 

alphabets, i.e., the ones that appear in the highest number of tweets. This means that, 
for each tweet, we defined a binary vector of size 200, each representing a row and a col-
umn of a binary matrix. Thus, the correlation between hashtags has been computed by 
using the Pearson coefficient4, which returns a value in the range between [−1.0, 1.0] for 
each matrix element, i.e., a pair of hashtags. Among the resulting values, we selected the 
hashtags that contain the most relevant correlation values, i.e., those that express inter-
esting strong and weak correlations, obtaining a set of 35 hashtags. Figure 2 shows the 
correlation matrix and the resulting values of the considered hashtags.

Concerning results, as we expected, there are several strong correlations between 
hashtags in the same domain, such as “#ucrania” with “#rusia”, “#украина 
(#Ukraine)” with “#россия (#Russia)”, and “#russianukrainianwar” 
with “#russians”. However, the analysis reveals many other strong correlations, 
especially among hashtags written in Cyrillic, such as the ones between “#stop-
putin” with “#safeairliftukraine”, “#stoprussia” and “#europe”, 
and “#против (#against)” with “#нетвойне(#nowar)”, and “#nowar” with 
“#против(#against)”. In fact, these strong correlations clearly express the anti-
conflict sentiment that resides in the people who wrote the tweets, regardless of their 
nationality or country. Furthermore, other interesting strong correlations have been 
provided by the hashtags “#europe” and “#stopputin” and “#stoprussia”. This 
shows that many people from different countries associate the end of the conflict with 

Table 2  (continued)

Latin alphabet Cyrillic alphabet

Hashtag N F1 (%) F2 (%) F3 (%) Hashtag N F1 (%) F2 (%) F3 (%)

#kharkiv 315,179 1.07 2.69 1.85 #русские
(#Russians)

1,650 0.01 0.01 0.01

#putinwarcrimi-
nal

80,399 0.27 0.69 0.47 #мол
(#theysay)

1,547 0.01 0.01 0.01

4  The Pearson coefficient measures the degree of the association involving linear related variables [43].
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Europe, which could have a significant influence to make NATO intervene in favor of 
Ukraine. On the other hand, there are some interesting weak negative correlations con-
cerning the hashtag “#ukraine” with “#putin”, “#standwithukriane”, “#nowar”, 
and “#russiaukrainewar”, and “#stoprussia”, and “#putin”. In fact, although 
we would have expected a strong correlation between these hashtags, their negative cor-
relations describe how negatively the idea of war is viewed, especially when associated 
with Ukraine.

Analyzing the conflict perception in the RU‑Conflict dataset
In this section, we will describe the extensive sentiment analysis performed on a por-
tion of the RU-Conflict dataset. Our primary objective is to investigate and answer 
our RQs by evaluating the tweets’ expressions of positive, negative, and neutral senti-
ments. Moreover, we will present contextual analysis performed with Dolly 2.0 [44], a 
new open-source Large Language Model (LLM), aiming to identify the context of tweets 
associated with Cyrillic hashtags and provide insights on the tweets written by people 
who are indirect protagonists of the conflict.

The analyzed portion of the RU-Conflict dataset covers the events that happened 
during the initial days of the conflicts, in particular, the period going from February 25th 
to March 3rd, 2022. Figure  3 summarizes the most significant events reported by the 
media, extracted by a web search on the main newspapers. In the early days, news of 

Fig. 2  Correlation matrix of the most used hashtags in tweets
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Russian attacks on cities near Kyiv5 was interspersed with statements from world lead-
ers, who affirmed their commitment to support the Ukrainian people6 and impose eco-
nomic sanctions on Russia78. As the number of refugees and casualties increased, the 
international community intensified the sanctions, severing all ties with Russian-linked 
entities such as banks9, airlines10, athletes1112, events promoters13, and so forth, which 
were in any way linked to Russia14. Mediation efforts between the two nations were also 
made during this time14, including two rounds of negotiation talks, but both proved 
unsuccessful1516.

The events surrounding the war in Ukraine have gained global attention, with a sig-
nificant amount of tweets being collected in a dataset. This calls for a comprehensive 

Fig. 3  Timeline of events that occurred during the 1st week of the conflict

5  Source: www.​tribu​neind​ia.​com
6  Source: www.​reute​rs.​com
7  Source: www.​white​house.​gov
8  Source: www.​bloom​berg.​com
9  Source: www.​euron​ews.​com
10  Source: www.​wsj.​com
11  Source: www.​autos​port.​com
12  Source: www.​euron​ews.​com
13  Source: www.​formu​la1.​com
14  Source: www.​reute​rs.​com
15  Source: www.​nbcne​ws.​com
16  Source: www.​twitt​er.​com

https://www.tribuneindia.com/news/world/russia-presses-invasion-to-outskirts-of-ukrainian-capital-372984
https://www.reuters.com/world/biden-approves-350-million-military-aid-ukraine-2022-02-26/
https://www.whitehouse.gov/briefing-room/press-briefings/2022/02/27/background-press-call-by-a-senior-administration-official-on-imposing-additional-severe-costs-on-russia/
https://www.bloomberg.com/news/articles/2022-02-26/eu-edges-toward-nuclear-option-of-blocking-russia-from-swift
https://www.euronews.com/my-europe/2022/03/02/these-are-the-7-russian-banks-banned-from-swift-and-the-two-exempted
https://www.wsj.com/articles/russian-planes-barred-from-airspace-over-europe-canada-11645995117
https://www.autosport.com/national/news/russian-drivers-banned-from-british-motorsport-by-motorsport-uk/8632589/
https://www.euronews.com/2022/03/03/ukraine-war-russian-and-belarusian-athletes-banned-from-beijing-paralympics#:%7e:text=Russian%20and%20Belarusian%20athletes%20have,colours%2C%20flags%20or%20national%20symbols.
https://www.formula1.com/en/latest/article.formula-1-terminates-contract-with-russian-grand-prix-promoter.5geFNbONEePwRCSQj25Xg3.html
https://www.reuters.com/world/europe/vatican-says-ready-facilitate-dialogue-between-russia-ukraine-2022-02-28/
https://www.nbcnews.com/news/world/blog/russia-ukraine-news-live-updates-n1290145/ncrd1290162#blogHeader
https://twitter.com/Podolyak_M/status/1499440266591232004?s=20%20&t=TtxYeP_UWuhB_4-eeeXtag
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analysis of the sentiments conveyed in microblogging texts. Several research questions 
need to be addressed, such as the language and geographical distribution of tweet sen-
timents, the correlation between events and sentiments over time, and the potential 
existence of fake texts generated by non-human sources. The following sections provide 
details on these research questions, the specific analysis processes designed to answer 
them, and a discussion of the obtained results.

RQ1: To what extent do tweet sentiments vary based on either location or language?

To answer RQ1, we have conducted sentiment analysis on the tweets collected, tak-
ing into consideration various tweet and account features, such as tweet language and 
location. Details on the analysis methods and the obtained results are provided in the 
following.

Multi-language Sentiment Analysis As first analysis, we conducted a sentiment anal-
ysis on the RU-Conflict dataset by taking into account the language specificity of 
tweets. Since the dataset includes over 17 million tweets from all over the world, we had 
to account for the significant differences in language. Figure 4 describes the number of 
tweets posted in the considered period (from February 25th to March 3rd, 2022), and we 
identified a total of 63 languages. To maintain the representation of minority languages, 
we intentionally excluded English tweets from the plot, as they were significantly more 
numerous than the other languages, with a peak of 9,958,016. Including English tweets 
in the plot would have flattened the lines of minority languages, making it challenging to 
perceive the differences.

Regarding some of the observations that can be made from Fig. 4, a common trend 
across all languages is an increase in the volume of tweets as the days progress. Specifi-
cally, the volume of tweets posted on the RU-Conflict on February 25th, 2022 (repre-
sented by the red line) is consistently lower across all languages than the other days. It 
appears that at this point, people may not have fully comprehended the severity of the 
events and their potential implications. Interestingly, although there is a preference for 

Fig. 4  Statistics on the language of the tweets
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the “majority” languages spoken worldwide, such as German, Spanish, French, Hindi, 
and Portuguese, other languages such as Serbian, Tagalog, Japanese, and Icelandic also 
contributed significantly to the overall volume of tweets during the initial period of the 
RU-Conflict. This suggests that the events were already perceived as a global phenom-
enon affecting everyone, without exception.

Due to this variability in languages found within the RU-Conflict dataset, we were 
obliged to select a subset of them following a trade-off between the number of tweets 
and the availability of libraries supporting the sentiment analysis for such languages. To 
this end, we selected a total of 12 languages (see Figure 5) and performed a multilingual 
sentiment analysis employing a specific set of libraries supporting each of them. The 
total number of tweets in the considered languages is 14,055,251, which corresponds to 
approximately 81% of the total tweets.

The sentiment analysis for all languages has been performed by using XLM-Roberta 
[45]. The latter is based on Google BERT (Bidirectional Encoder Representations from 
Transformers) [46], which represents a bidirectional model capable of identifying the 
meaning of words by considering only the other words contained in a sentence. BERT 
has been designed to be easily fine-tuned for multiple tasks, like language inference and 
it has been already trained on a huge number of texts in different languages.

Figure 5 provides an overview of how sentiment is distributed among the considered 
languages. In particular, we plotted histograms counting the amount of positive, nega-
tive, and neutral tweets and retweets for each language.

In this context, tweets with a positive sentiment can express support, optimism, or 
approval regarding certain aspects of the conflict. This could include tweets express-
ing hope for a peaceful resolution, admiration for acts of kindness or cooperation, or 
positive views toward the country’s army, humanitarian efforts, and diplomatic initia-
tives. Conversely, tweets with a negative sentiment typically convey disapproval, criti-
cism, frustration, anger, or sadness related to the conflict. This may encompass tweets 
condemning acts of violence, expressing concern for civilian casualties, criticizing 

Fig. 5  Statistics of multi-language sentiment analysis
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political decisions or actions, or expressing anger towards any party involved. Instead, 
tweets with a neutral sentiment are those that do not express a clear positive or nega-
tive stance regarding the Russia-Ukraine conflict. They might provide factual infor-
mation, updates, or observations without conveying a strong emotional tone or bias.

Findings showed an equal distribution between negative and neutral sentiment, with 
a slightly lower volume of positive sentiment tweets. Moreover, as we can see, most of 
the analyzed tweets are retweets and the majority of them are verified for all languages, 
especially when considering the positive sentiment. In fact, most languages show that 
the number of retweets with positive sentiment is higher than tweets, especially for 
Arabic, Dutch, Hindi, Portuguese, Russian, and Ukrainian languages. This suggests that 
users who want to spread positive sentiment prefer to share tweets written by others or 
respond to existing posts with positive comments. These findings regarding tweets with 
positive sentiment tweets prompted us to manually analyze some of the positively clas-
sified tweets. The analyzed tweets and retweets have shown messages of support for the 
people affected by the war, indicating that many users focused on providing hope to the 
downtrodden citizens rather than criticizing the offenders.

Geo-localized Sentiment Analysis To complement our multilingual analysis, we con-
ducted a worldwide geo-localized sentiment analysis to investigate how tweets were 
distributed across the globe while still distinguishing between positive, neutral, and 
negative sentiments. To achieve this, we used the Location field that users may 
fill in to indicate where they are tweeting from. However, Twitter does not verify the 
accuracy of these locations, so we filtered the tweets used for sentiment analysis to 
exclude those with fake or non-specific locations such as “Wonderland” or “here”. 
This filtering procedure reduced the total number of tweets analyzed from 14,055,249 
to 12,780,183, which we then plotted on a world map.

The distribution of tweets across the globe is visualized in Fig.  6. The world map is 
divided into rectangular areas based on the longitude and latitude coordinates of the 
tweets, allowing us to group them and generate a bar chart for each area. The bar chart 
displays the number of tweets collected in each area for each sentiment category, with 
the color scheme distinguishing between positive (green bar), neutral (yellow bar), and 
negative (red bar) sentiment. Moreover, the size of the bar chart and the label on top 
indicate the number of tweets collected in that area.

Concerning results, as we expected, there is a particularly high presence of tweets 
in densely populated areas, i.e., Europe, UK, USA, and Southeast Asia. These findings 
partially confirm the results of the previous analysis, where English-speaking countries 
tended to lean towards negative or neutral sentiment, but also had a significant num-
ber of positive sentiment tweets. On the other hand, some discrepancies were observed 
when comparing the results with those presented in Fig. 5. For instance, when evaluating 
European countries with a high percentage of people speaking Polish, Ukrainian, and 
Russian, and the two primary Portuguese-speaking countries, i.e., Portugal and Brazil, 
we can note that the high predominance of tweets with a neutral sentiment, which was 
observed in the previous sentiment analysis (see Fig. 5), is not evident. This difference is 
due to the filtering process mentioned earlier. In fact, further manual analysis revealed 
that tweets in Polish, Ukrainian, Russian, and Portuguese were among the most excluded 
ones due to empty Location fields.
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Overall, our sentiment analysis showed a predominance of tweets with negative sentiments regardless of both 
language and geographical position. It is worth mentioning that the tweets with negative sentiment resulted 
being less than what we would have expected. In fact, the volume of tweets with negative sentiment through-
out the areas rarely goes above 50% of the total.

RQ2: How much war‑related events impacted the number of tweets and the RU‑Conflict 

perception?

To answer RQ2, we evaluated the variation in the average number of positive and nega-
tive tweets over time. Figure 7 provides an overview of both positive (represented by the 
blue line) and negative (represented by the red line) sentiment during the early days of 
the RU-Conflict. As expected, the number of tweets with negative sentiment is almost 
always higher than the number of positive ones, and we observe a general upward trend 
in the number of posted tweets as time passes. Moreover, we cross-checked some of 
the peaks with the significant events that occurred during that period. In particular, the 
increase in both positive and negative tweets during the early hours (GMT) of February 
28th, 2022 coincided with the publication of news announcing the start of the first round 
of negotiations between Russia and Ukraine17.

On the other hand, the peak of negative sentiment tweets in the period between 
the end of February 28th and March 1st, 2022 coincided with the publication of news 
announcing that the negotiations had failed18. Another peak of negative tweets was 
observed in the early hours of March 2nd, 2022 which appears to correspond with the 
reports from American officials suggesting that China had prior knowledge of the Rus-
sian invasion plans months before the conflict began19.

It is worth noting that during the late hours of March 3rd, 2022, the number of posi-
tive tweets surpassed that of negative ones. Upon further investigation, we found that 

Fig. 6  Geo-localized sentiment analysis of the considered tweets

17  Source: www.​npr.​org
18  Source: www.​kyivi​ndepe​ndent.​com
19  Source: www.​nytim​es.​com

https://www.npr.org/2022/02/28/1083581054/russia-and-ukraine-met-in-1st-negotiations-since-the-invasion?t=1655401630525
https://kyivindependent.com/national/first-round-of-ukraine-russia-negotiations-inconclusive-as-casualties-pile-up
https://www.nytimes.com/2022/03/02/us/politics/russia-ukraine-china.html
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this coincided with a tweet from the Adviser to the Head of the Office of President of 
Ukraine regarding the results of the second round of negotiations between Russia and 
Ukraine that, although did not lead to a complete resolution of the conflict, at least 
allowed to reach an agreement on the organization of humanitarian corridors to rescue 
civilians20. Unfortunately, this positive trend was short-lived as the day ended with an 
increase in the number of negative tweets. This may have been due to news published 
about a call between Emmanuel Macron and Vladimir Putin, during which the Russian 
president stated that “the worst is yet to come”21.

The analysis suggests that the number of tweets related to the RU-Conflict is affected by events that occur dur-
ing the early days of the conflict. The volume of tweets generally increases over time, but peaks are observed 
when certain news is published by the media. The sentiment of the tweets also varies depending on the nature 
of the news. Events associated with a possibility of resolution tend to result in more positive sentiment tweets, 
while news about increasing loss and conflict exacerbation results in more negative sentiment tweets.

RQ3: What is the perception of the Russia‑Ukraine conflict in public debates on Twitter, 

especially those of the people most involved in the conflict?

To answer RQ3, we conducted two different analyses focused both on tweets written 
in the Ukrainian and Russian languages and on those containing hashtags written in 
the Cyrillic alphabet in order to gauge the opinions of the people most impacted by the 
conflict.

The first analysis focused on tweets originating from Ukraine and Russia. For this 
analysis, we plotted the distribution of the tweet on a world map, highlighting the 
associated sentiments22. By means of this analysis, we intend to gain further insight 
into the global distribution of tweets in Ukrainian and Russian languages.

The second analysis focused on tweets containing hashtags written in the Cyrillic 
alphabet. For this analysis, we tried to investigate the context of the tweets by exploit-
ing a Large Language Model (LLM) in order to gain deeper insights into the discus-
sions within this subset of tweets.

Sentiment Analysis of tweets written in Russian and Ukrainian languages In this 
analysis, we tried to investigate the perception of the conflict among the most affected 
people, by analyzing tweets written in Russian and Ukrainian languages. Furthermore, 

Fig. 7  Sentiment analysis overview

20  Source: www.​twitt​er.​com
21  Source: www.​editi​on.​cnn.​com
22  An interactive version of these maps is available on the official GitHub repository

https://twitter.com/Podolyak_M/status/1499440266591232004?s=20%20&t=TtxYeP_UWuhB_4-eeeXtag
https://edition.cnn.com/europe/live-news/ukraine-russia-putin-news-03-03-22/h_8d9688920afd8cb222505d9f88d6ead3
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through the analysis of the geographical origin of the users who wrote tweets, we 
focused our discussion on those originating from the area of conflict.

Figure 8 shows the results obtained for Ukrainian tweets. Overall, it highlights that the 
majority of Ukrainian tweets are either positive or neutral, with most of them originat-
ing from locations outside of Ukraine, including Europe, Japan, and the USA. This could 
be due to the support of the Ukrainians abroad or foreigners who choose to express their 
solidarity with Ukraine in the local language. However, when focusing on the tweets 
originating from within Ukraine, despite being in a few quantities, the sentiment leans 
more toward negativity.

Table 3 reports the most representative examples of tweets located in Ukraine. per-
taining to different sentiments and written in either Ukrainian or Russian. The first two 
rows, which consist of tweets written in Ukrainian, show that while one tweet moti-
vates the army to not surrender, the other expresses concerns and the grim reality of the 
conflict.

Figure 9 shows the results obtained for Russian tweets, which exhibit a negative senti-
ment, unlike the Ukrainian tweets. Once again, the majority of these tweets are situated 
outside of Russian territories, mainly in Europe, Turkey, and the USA. This suggests that 
people want to directly convey their opposition to the Russian political choices. Moreo-
ver, by focusing on tweets located in the conflict area (i.e., Ukraine), we observe that the 
few tweets are mainly located in Kyiv and the territories most affected by the conflict 
(i.e., Donbass), with the majority expressing negative sentiment.

Concerning the most representative tweets located in Ukraine and written in the Rus-
sian language, i.e., the last two rows in Table 3, they present similar arguments to those 
written in Ukrainian. The positive tweets express a desire to defend Ukraine, while the 
negative tweet expresses concerns against the war. It is likely that these tweets were 

Fig. 8  Geo-localized sentiment analysis of tweets in Ukrainian
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written by Ukrainian people who want to make their thoughts clear to Russian people. 
Although we expected some pro-conflict tweets originating from pro-Russia regions in 
the Donbass area, also following several newspaper articles2324, these types of tweets 
did not emerge in our analysis. This may be due to a twofold aspect. The first aspect 
to consider is that the process of identifying the place of origin of the tweets consid-
ered the user’s location, which was the only location information available related to the 
tweets. This has led to some tweets written in Russian, where the user’s location was not 

Table 3  Examples of tweets from Ukraine written in Ukrainian and Russian

Language Sentiment Tweet Tweet (English)

Ukrainian Positive “Рекомендую до просмотру та 
поширення!! Слава Україні!! Слава 
Збройним Силам України!! #SlavaUkraini 
#StandWithUkraine.”

“Recommend to watch and share!! Glory 
to Ukraine!! Glory to the Armed Forces of 
Ukraine!! #SlavaUkraini #StandWithUkraine.”

Ukrainian Negative “Вони гірше звірів, бо вбивають не 
з необхідності, а просто тому що 
можуть. Дякувати богу, людина в авто 
наче вижила, пишуть.”

“They are worse than animals, because they 
kill not out of necessity, but simply because 
they can. Thank God, the person in the car 
seems to have survived, they say.”

Russian Positive “Обычный житель Киева, который 
тоже готов защищать нашу Украину.
Вільна Україна #UkraineRussiaWar #Kyiv 
#Ukrania”

“An ordinary resident of Kyiv, who is also 
ready to defend our Ukraine. #UkraineRus-
siaWar #Kyiv #Ukrania”

Russian Negative “#Ukraine Снова впадаю в истерику и 
хочу, чтоб это всё прекратилось и 
было, как раньше. Но, как раньше уже 
ничего не будет.”

“Again I fall into hysterics and I want it all 
to stop and be like before. But, as before, 
nothing will be.”

Fig. 9  Geo-localized sentiment analysis of tweets in Russian

23  www.​washi​ngton​post.​com/​polit​ics/
24  www.​aljaz​eera.​com/​news/

https://www.washingtonpost.com/politics/2022/04/15/russia-ukraine-donbas-donetsk-luhansk-public-opinion/
https://www.aljazeera.com/news/2022/4/22/reporters-notebook-how-donbas-evolved-under-separatists
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specified. The second aspect may concern the impact of the conflict on the local popula-
tion. The people who wrote from these regions probably first thought about finding safe 
havens, regardless of political alignment, and then about sharing messages in support of 
Russia but not necessarily conflict actions. In general, this absence of pro-war sentiment 
in tweets from the Donbass area highlights the complex and multifaceted nature of pub-
lic sentiment, where even within conflict zones different perspectives can exist.

Contextual Analysis of tweets containing hashtags written in the Cyrillic alphabet As 
discussed above, in this analysis, we have tried to delve deeper into the content of the 
tweets to investigate the opinions held regarding the Russia-Ukraine conflict. To this 
end, we employed  Dolly 2, a recently proposed open-source LLM, trained on a huge set 
of high-quality data generated by people [44]. Through the knowledge behind the LLM, 
we aimed to extract more information from the tweets and to investigate more precisely 
public opinions on the Russia-Ukraine conflict.

We used two distinct prompts defined on the basis of the Manual Template Engineer-
ing approach, which is considered one of the approaches for defining prompts that are 
most natural and close to people’s requests based on human introspection [47]. The two 
templates for the prompts have been defined as follows:

Prompt 1: Does the content of this tweet support actions to resist the conflict? [T][A]

Prompt 2: Does the content of this tweet express a desire to stop the conflict? [T][A]

The first prompt aims to evaluate whether the content of a tweet expresses a posi-
tion in line with the promotion of messages of resistance to the Russia-Ukraine conflict. 
Instead, the second prompt aims to verify whether the content of a tweet conveys the 
intention or desire to put an end to the Russia-Ukraine conflict.

Figure 10 shows the statistics about the answers provided by Dolly for the considered 
prompts.

As we expected, for Prompt 1, most of the tweets written in Ukrainian and in all other 
languages express messages of encouragement to resist conflict. Many Ukrainians, in 
fact, may support actions to resist the conflict as it reflects their desire to protect their 
army and territorial integrity. Moreover, because many of the Ukrainian tweets have 
been shared by other countries (Fig. 8), probably by emigrant citizens, they contain mes-
sages of support for friends and family stranded in Ukraine. Regarding tweets written in 
other languages, the positive results achieved by our analysis can show the solidarity that 
most people in the world have towards those involved in the conflict.

The two interesting results for Prompt 1 are the number of tweets written in Ukrain-
ian that do not support conflict resistance actions and those written in Russian that 
do support them. In the first case, several tweets express messages against the behav-
ior of the Russian citizens, asking them to stand against their government with pro-
tests. Instead, some of them express the will that the Russian people can experience 
the same hardship as the Ukrainian people in wars, asking their army to attack Rus-
sian cities. In other tweets about this case, they express opinions against the cruelty 
of the Russian army, inciting the Ukrainian army not to have remorse when attacking 
their opponents. These tweets likely arise from Ukrainians’ anger towards the conflict 
and the actions it has caused.
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Concerning tweets written in Russian that express support for actions to resist the 
conflict are of a different nature. A part of the tweets aims to provide warning mes-
sages to Ukrainian citizens about the decisions of the Russian government, urging 
them to resist the current situation. Other tweets in this case address the Russian peo-
ple themselves, highlighting that they are not responsible for the conflict and that they 
themselves must resist all restrictions imposed by the Russian government since the 
beginning of the conflict. Instead, some of them contain news about the resistance 
actions of Ukrainian citizens against the Russian army, expressing support for Ukrain-
ian actions. Some examples of Ukrainian and Russian tweets are shown in Table 4.

Concerning Prompt 2, as we can see from Fig.  10, the positive number of tweets 
that explicitly express the intention to stop the conflict is much greater than the other 
answers. This observation is particularly evident in the number of tweets shared in 
languages other than Russian and Ukrainian, which is a symbol of the widespread 
international concern and support for ending the conflict.

Among the interesting results achieved by Prompt 2, there are many tweets with a 
negative answer, especially in tweets written in Ukrainian and Russian. Regarding the 
tweets in Ukrainian, as we expected, many tweets express a desire for anger towards 
the Russian government. Other tweets contain news and messages to the Ukrainian 
people about humanitarian interventions from other nations, such as food distribu-
tion or safe places to take refuge. Instead, many of them contain news retweeted from 
official pages of newspapers and TV or requests for help from NATO and world pow-
ers. However, as we expected, none of these tweets express a thought in favor of the 
continuation of the conflict, but rather, as we also saw from the analysis of Prompt 1, 
many tweets in Ukrainian that had a negative response to Prompt 2 want the attacks 
to be addressed to the Russian government. Probably, these tweets stem from the 
frustration of Ukrainians in response to the conflict and its resulting consequences.

Concerning tweets written in Russian with negative responses to Prompt 2, simi-
lar to tweets in Ukrainian, many of them contain news or closeness messages to the 
Ukrainian people. Some other tweets contain thoughts against the Russian govern-
ment, expressing words of anger against the military and government systems. It is 
important to note that these messages were shared before communications controls 
were imposed in Russia, which is why they often contain strong words against the 
government. However, among the tweets in Russian that do not express a desire to 
stop the conflict, there are also messages that support government choices and the 

Fig. 10  Statistics of the context-based analysis
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Russia-Ukraine conflict. These tweets are present both in tweets written in Russian 
and in tweets in other languages and containing Cyrillic hashtags. Some examples of 
these tweets are shown in Table 4.

It is important to notice that, among the analyzed tweets written in all languages, 
i.e., Russian, Ukrainian, and other languages, many of them analyzed by the LLM are 
retweets. This can be due to the fact that people often use retweets as a means for 
sharing public news or amplifying their support or agreement with the original tweet, 
without needing to compose a new message. Therefore, the number of retweets in the 

Table 4  Some examples of tweets extracted from the RU-Conflict dataset and analyzed with the 
LLM

Tweet Tweet (English) Answer

Prompt 1 Ukrainian “я хочу щоб росіяни відчули те ж саме 
що ми зараз. з москви пітеру з цих 
заспокоєний міст з комфортним 
життям. я хочу, щоб наші війська 
пульнули ракети в тому напрямку, 
я хочу щоб вони відчули, як це чути 
вибухи і розуміти, що твоє життя 
більше ніколи не буде як раніше 
#україна”

“I want the Russians to feel the same as 
we do now. from Moscow to Peter from 
these calm cities with a comfortable life. I 
want our troops to shoot missiles in that 
direction, I want them to feel what it’s like 
to hear explosions and understand that 
your life will never be the same again 
#ukrainia”

No

“нелюди... не забудемо, не пробачимо! 
хлопці, не беріть полонених. смерть 
російським окупантам! #україна #рф 
#війна #ukrainerussiawar”

“inhumans... we will not forget, we will 
not forgive! guys, take no prisoners. 
death to the Russian invaders! #україна 
#рф #війна #ukrainerussiawar”

No

Russian “местные жители в черниговской 
области не пустили технику 
оккупантов и они уехала обратно 
под границу глуши, не пали соляру, 
а то потом не уедешь #украина 
#война #ukraine #ukrainerussiawar 
#warinukraine #stopwar #standwithukri-
ane”

“Local residents in the Chernigov region 
did not allow the equipment of the 
invaders to enter and they drove back to 
the border of the wilderness, don’t fall to 
the diesel fuel, and then you won’t leave 
#украина #война #ukraine #ukrainerus-
siawar #warinukraine #stopwar #stand-
withukriane”

Yes

“мы все знаем, что русский народ 
не несет ответственности 
за #украинскую #войну. но 
русский народ должен активно 
сопротивляться и продолжать 
требовать окончания #войны!!”

“We all know that the Russian people are 
not responsible for the #Ukrainian #war. 
but the Russian people must actively 
resist and continue to demand the end 
of the #war!!”

Yes

Prompt 2 Ukrainian “почуйте нас! для нас зараз дуже 
важливо, щоб #нато закрило нам 
небо від літаків, ракет, вертольотів. 
допоможіть нам з небом! #ukrain-
ians_asks #nato_to_being_their_forces_
to #ukraine at least to close the sky. to 
give shelter from the sky #help_us_in_
the_sky”

“hear us out! it is very important for 
us now that #nato close our sky from 
planes, missiles, helicopters. help us with 
the sky! #ukrainians_asks #nato_to_
being_their_forces_to #ukraine at least 
to close the sky. to give shelter from the 
sky #help_us_in_the_sky”

No

Russian “когда там уже этот русский мир 
наступит? а то пока что только 
русскую разруху видела... #россия 
#украина #ukraine #istandwithputin”

“When will this Russian peace come 
there? and so far I have only seen Russian 
devastation... #Russia #Ukraine #ukraine 
#istandwithputin”

No

English “#istandwithputin and I 
guess every sane mind should 
stand with Putin. watch this video 
and decide by yourself, what you 
have done, if you be at the place 
of president @kremlinrussia_e 
#istandwithrussia #rus-
sia #русский #русскийсолдат 
#русскийвоенный #america 
#americaterror”

– No
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dataset can indicate the level of resonance of content expressing opinions or news 
events, regardless of the language in which they are expressed. Furthermore, as we can 
see from Fig. 9, a part of the tweets do not have any associated response from the LLM 
(Grey bars). This is due to the fact that some tweets are mostly composed of hashtags or 
emoticons, or do not contain information related to the prompt under analysis. In both 
cases, the LLM was unable to provide a useful answer for the purpose of our analysis.

The sentiment analysis, performed on tweets written in Russian and Ukrainian language, shows that there is 
a significant distribution of both Ukrainian and Russian-language tweets outside of Ukraine. The sentiment of 
Ukrainian tweets is predominantly positive or neutral, while Russian tweets are predominantly neutral or nega-
tive. However, there is no big difference in the sentiment of tweets posted in Ukraine, whether in Ukrainian 
or Russian. These tweets are published mainly in the capital and Donbass areas and express a predominantly 
negative sentiment. Instead, the contextual analysis of tweets composed in Russian, Ukrainian, and other lan-
guages shows that the majority of these tweets contain messages of resistance to war actions and messages 
expressing a desire to put an end to the Russia-Ukraine conflict. Furthermore, many of the tweets that express 
none of this, contain opinions against the cruelty of the conflict and the armies or express a desire for anger 
toward the Russian government.

RQ4: Is it possible to detect bots among Twitter accounts that spread opinions on behalf 

of the war?

Following the geo-localized sentiment analysis, it is evident that social media has 
emerged as an influential platform for expressing public opinions and propagating per-
sonal viewpoints for or against political decisions. In recent years, citizens have lever-
aged social media platforms to disseminate ideas and perspectives among communities, 
sometimes in opposition to the governments of various nations25. This has led to indi-
viduals infiltrating democracies of many countries via social media, using fake accounts 
that appear to belong to real citizens to spread extremist views against their countries25 . 
Major social media companies like Facebook and Twitter, prompted by the EU and other 
governments, have already taken action to curb this propaganda on their platforms.

Starting from these considerations, to answer RQ4, we deepened our analysis by 
evaluating pro-conflict hashtags using the strategy proposed in [48]. In particular, from 
the complete collection of tweets, we extracted their associated hashtags and manually 
selected those that are pro-conflict, i.e., those that promote or support Russia’s actions 
in the conflict (see Table 5). We then identified 34,955 tweets containing at least one of 
these hashtags, which were written by 20,474 distinct users. This allowed us to evaluate 
each user and determine how many of them were suspected of being bots.

To conduct this analysis, we considered two different types of approaches widely 
employed in the classification of bots on social media, namely Botometer and BotRGCN. 
Botometer, defined by Observatory on Social Media (OSoMe) at Indiana University [49, 
50], leverages machine learning techniques to determine whether an account is a bot 
or a human account by calculating a rating score. The higher the score, the higher the 
probability that the account is a bot. Botometer uses multiple models trained on various 
types of bots and human accounts and returns the scores from each model to compute 
an overall score between 0 and 5. A score of 0 indicates that the account is likely real, 
while a score of 5 indicates that it is most likely a bot. Botometer can be queried by con-
tacting the API endpoints passing the basic information of the user account to classify. 

25  Source: www.​bloom​berg.​com

https://www.bloomberg.com/news/articles/2022-03-04/putin-propaganda-machine-undercut-by-social-media-blackout
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Such information is then integrated with further details obtained through the Twitter 
APIs, enabling the classification of the account. Hence, through Botometer we were able 
to identify four types of bots26:

•	 Astroturfing: bots involved in specific campaigns that have been conceived by inter-
est groups and/or companies to spread consent or dissent of a product, an idea, and/
or an event;

•	 Fake follower: bots that have been purchased to increase follower counts;
•	 Self declared: bots included into botwi​ki.​org;
•	 Spammer: bots already labeled as spambots from several datasets;
•	 Other: either bots that have been obtained from manual annotation, user feedback, 

and so forth or accounts that cannot be classified due to them being suspended or 
banned.

Among all the information obtained by Botometer, we considered the “overall” score 
to determine which account could be classified as bots (i.e., those with an overall score 
of 3 or greater) and assigned them to different categories based on the type of bot that 
scored the highest. We then determined the number of tweets posted by real accounts 
and each category of bots, segmented by day throughout the analysis period.

BotRGCN (Bot detection with Relational Graph Convolutional Networks) is a frame-
work for the identification of Twitter Bots which recently affirmed itself as one of the 
most accurate ones [51]. In particular, it tackles the identification of both by utiliz-
ing both numerical and categorical user property items while also encoding the user’s 
tweets using pre-trained language models. Furthermore, it reinforces the classification 

Table 5  List of considered pro-conflict Hashtags

Note: #славароссии: #GlorytoRussia | #путинмойпрезидент: #Putinismypresident | #путинлучший: 
#Putinisthebest | #россияспутиным: #RussiawithPutin | #россиянепротивпутина: #RussiaisnotagainstPutin | 
#россиянененавидятпутина: #RussiansdonothatePutin

Pro-conflict Hashtags

#belarusiswithputin #idonotstandwithukraine #isupportru

#belausstandwithputin #iostoconputin #isupportrus

#brazilwithputin #istandwithputin #isupportrusia

#brazilwithrussia #istandwithrus #isupportrussia

#chinastandsbyrussia #istandwithrusia #isupportvladimirputin

#chinastandwithputin #istandwithrusia #lsandwithputin

#chinasupportrussia #istandwithrussia #notstandwithukraine

#chinasupportsputin #istandwithrussiaarmy #prowar

#comboversstandwithputin #istandwithrussiafedera-
tion

#prowarmedia

#iamsupportrussia #istandwithrussianbots #prowarnecrophile

#iamwithputin #istaywithputin #prowarnecrophiles

#iamwithrussia #isupportputin #wesupportrussia

#славароссии #путинмойпрезидент #путинлучший
#россияспутиным #россиянепротивпутина #россиянененавидятпутина

26  “Botom​eter FAQs”

http://botwiki.org
https://botometer.osome.iu.edu/faq#which-score
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by producing a graph structure from the Twitter network and then applying relational 
graph convolutional networks. Unlike what happened with Botometer, for employ-
ing BotRGCN in the identification of bots among the accounts we considered, we were 
required to train the model upon a labeled dataset of bots. To this end, we decided to 
employ the Twibot-22 dataset [52], which as of to date represents the largest benchmark, 
labeled dataset, for bots available in the state of the art, comprising 1,000,000 users and 
86+ million tweets. Thus, we performed the training phase of BotRGCN on Twibot-22 
and then employed the trained model over the 20,474 distinct users, seeking bots. As for 
the Botometer analysis, we then cross-referenced the classified accounts with respect 
to the tweets they posted within the analysis period. Two important aspects are worth 
mentioning when highlighting the differences between Botometer and BotRGCN, in the 
first place BotRGCN can only provide a binary classification, i.e., whether the account 
can be identified as a bot or not, and secondly, BotRGCN solely relies on the informa-
tion gathered from the training set and classifies considering only the features fed to the 
trained model, not requiring any further information to be retrieved by means of the 
Twitter APIs.

Table 6 reports statistics on the pro-conflict hashtags analyzed according to both the 
detection approaches we considered. In particular, we reported the number of tweets 
posted for each account category during the analysis period, differentiating tweets from 
retweets. As expected, among the accounts that have posted pro-conflict hashtags, both 
approaches associated the highest rate of pro-conflict tweets to real accounts, even 
though the presence of about 33% of tweets associated with non-real accounts reveals 
that information on social networks is often disrupted by fake accounts. war27.

In terms of the accounts identified as bots by Botometer, the highest volumes of 
tweets are posted by accounts linked to Astroturf bot type which, as aforesaid, is 
typically used to promote a specific idea or message related to military campaigns. 
Another type of bots that posted frequently during the analysis period is the Fake 
Follower. The latter can be acquired for just a few dollars [53] and used to dissemi-
nate fake information or conduct propaganda campaigns. Interestingly, Self Declared 
and Spammer bots have a much lower number of tweets shared compared to other 
types. This is likely because these types of bots are easily identifiable and blockable by 
Twitter, resulting in their reduced usage. An important volume of tweets is then asso-
ciated with the Other type. As previously stated, such type of classification for a spe-
cific account might be provided due to the fact that such an account might have been 
banned, or suspended, by Twitter. This makes it impossible for Botometer to retrieve, 
through the Twitter APIs, the further information required to complete the classifica-
tion. Thus, such a high number of the Other type accounts identified, especially as the 
days pass by and the volume of tweets increases, might suggest that such accounts 
could have been banned by the social network due to their extolling the conflict.

The comparison between Botometer and BotRGCN revealed an interesting detail 
regarding the distribution of tweets that can be associated with humans or bots. 
In fact, in spite of the fact that BotRGCN conducts an exclusively binary classifi-
cation, we can see that when we add up the number of tweets associated with bots 

27  Source: www.​abc.​net.​au

https://www.abc.net.au/news/science/2022-03-30/ukraine-war-twitter-bot-network-amplifies-russian-disinformation/100944970
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by Botometer (11,244), with those by BotRGCN (11,818), we are faced with suffi-
ciently comparable numbers. However, compared to tweets that are instead linked 
to Human accounts, the numbers differ by no small margin (16,860 from Botometer 
VS 23,137 from BotRGCN). The remaining portion of tweets associated with Human 
accounts, per Botometer, must therefore be sought precisely among those accounts 
classified with the type Other. The motivation behind this statement lies in the type 
of approaches with which the two frameworks perform bot identification. In fact, 
BotRGCN does not need to query Twitter’s API to make the identification, basing 
the latter only on the features that are passed to the model. Consequently, BotRGCN 
is able to classify a possible account as a bot even if in the meantime the account for 
which the classification is being performed has been banned, something that cannot 
be done with Botometer, which precisely integrates the basic information with the 
updated information that it retrieves from the social network. Consequently, we can 
assume, with some degree of confidence, that a conspicuous portion of tweets linked 
to real accounts were banned from Twitter in a progressively more noticeable manner 
as days passed during the analysis period.

Table  6 also shows that bots preferred retweeting posts rather than creating origi-
nal ones. This may be because Twitter bots are often programmed to monitor specific 
hashtags or keywords and share relevant tweets using them. Sharing retweets is an 
easier and more straightforward option than creating new original tweets. Addition-
ally, resharing posts allows bots to reduce the possibility of spamming accounts. Twitter 
limits the number of tweets a single account can post in a given time period to prevent 
spam. Bots that share more retweets than original tweets can overcome this limit and 
continue spreading content without being blocked by Twitter. Moreover, retweets can 
help increase the visibility of a bot’s account, as users receive notifications when their 
tweets are shared and may decide to follow the bot for more content.

In general, the presence of pro-conflict propagandist bots still active is probably due to 
the fact that the creators of these bots have initially maximized the creation of accounts, 
and then developing fake profiles that appear to be genuine. Recent observations indi-
cate that many of these bots utilize the faces of influencers from various countries to 
disseminate false information about the conflict28. Thanks to this strategy, the creators of 
the bots avoid the control of Twitter and create parallel identities with different political 
views on the conflict.

To summarize, when analyzing the types of accounts that promote conflict, it is important to consider their 
behaviors in the 1st week of the conflict based on the tweets shared. As shown in Table 6, real users exhibit 
almost linear growth in the number of shared tweets over the days, except for March 3rd. The number of 
shared tweets increases daily, reaching a peak on March 2nd, which coincided with various political actions 
taken by different countries against Russia, probably leading to an increase in tweets to support military actions 
on Ukrainian territories (Fig. 3). Furthermore, the behavior concerning the number of tweets posted and shared 
by bots undergoes a sudden exponential growth during the last two days of the analysis period. In fact, while 
bots, in particular the ones classified as Astroturf and Fake follower, produce few tweets in the first few days, 
on the 2nd and 3rd of March, they shared a conspicuously higher number of tweets. This might be due to the 
creation of several bots during those days for the purpose of amplifying disinformation and immediately shar-
ing pro-conflict tweets (See footnote 27, 28).

28  Source: www.​bbc.​com

https://www.bbc.com/news/blogs-trending-61351342
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Analysis of public debates changes one year later
As introduced in Sect. "RU-Conflict dataset", the RU-Conflict dataset contains a large 
collection of tweets collected from the Streaming APIs of Twitter related to the 1st week 
of the conflict, i.e., from the 25th of February to the 3rd of March 2022. As we have seen 
in the previous analyses, different and sometimes divergent opinions have been shared 
by people all over the world. In this analysis, we want to investigate what are the opin-
ions of Twitter users one year after the start of the conflict. To this end, we selected one 
of the most recent datasets proposed in the literature29, namely Ukraine Conflict Twitter 
Dataset (UA dataset) [10].

Differently from RU-Conflict dataset, the UA dataset has been created using two 
different approaches, i.e., location- and hashtag- based approaches. The location-based 
approach aims to collect only tweets from Ukraine country. Instead, the hashtag-based 
approach involves the definition of a set of hashtags related to the conflict with the aim 
of extracting tweets containing these hashtags30. This approach is limited compared 
to the keywords-based approach used for RU-Conflict, since it only collects tweets 
with at least one of the hashtags specified in the configuration step of the crawler, and 
discards all others. Instead, the keyword-based approach finds a tokenized match of 
keywords within the body of a Tweet, extracting a larger set of tweets than the hashtag-
based approach31.

For the purposes of our analysis, we extracted tweets from the UA dataset shared 
between February 25 and March 3, 2023. Therefore, we evaluated 1,321,957 tweets writ-
ten in 62 different languages, of which only 23,390 retweets.

Sentiment-Analysis Starting from the selected tweets, we conducted the sentiment 
analysis using XLM-Roberta and considering the same languages used for the analysis 
shown in Sect.  "RQ1: To what extent do tweet sentiments vary based on either loca-
tion or language?". Through this analysis, we aimed to investigate whether the senti-
ment distribution of tweets in 2023 differed from the sentiments expressed 1 year earlier. 
Figure 11 shows the statistics on the results of the sentiment analysis conducted on the 
tweets extracted from UA dataset. As we can see, similar to the tweets shared in 2022, 
there is a predominance of tweets with negative sentiment, especially in tweets writ-
ten in Italian, French, Arabic, and Dutch. Furthermore, tweets with positive sentiment 
are always lower in number, except for tweets written in Polish where the number of 
tweets with positive sentiment is very similar to that with negative sentiment. As a gen-
eral result, we can see a trend of sentiments very similar to that of tweets shared in 2022. 
However, for almost all languages analyzed the percentage of negative tweets shared in 
2023 is always higher than that of 2022, except for Spanish, Hindi, Polish, Portuguese, 
and Russian. Instead, concerning the tweets with positive sentiments, the number of 
tweets is almost always greater in 2022, except for tweets in Spanish, Polish, and Russian.

Contextual Analysis To further investigate the content of the tweets, we conducted the 
context analysis using Dolly LLM and the prompts defined in Sect." RQ3: What is the 
perception of the Russia-Ukraine conflict in public debates on Twitter, especially those 

29  It is important to notice that, after the closure of the Twitter API in June 2023, many of the datasets available in the 
literature became unusable, since they contain only the identifier of the tweets and not their content, in order to comply 
with Twitter’s Terms of Service. Thus, it was no longer possible to reconstruct (or rehydrate) the content of these tweets.
30  www.​kaggle.​com
31  Build​ing queri​es for Searc​h Tweet​s -​ www.​devel​oper.​twitt​er.​com

https://www.kaggle.com/datasets/bwandowando/ukraine-russian-crisis-twitter-dataset-1-2-m-rows/discussion/310953
https://developer.twitter.com/
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of the people most involved in the conflict?". Similar to the previous analysis, we selected 
tweets shared with at least one Cyrillic hashtag, focusing on tweets written in Russian 
and Ukrainian. Figure 12 shows the results achieved by the context analysis using Dolly. 
As we can see, similar to the results obtained from the analysis of the tweets in the RU-
Conflict dataset (Fig. 10), the number of tweets expressing opinions in line with the 
promotion of messages of resistance to the actions of the conflict and those that convey 
the intention to end the conflict (green bars) is greater than all the others. In general, the 
trend in tweet content is very similar to that of tweets shared in 2022.

Concerning the tweets written in Russian with a positive response to Prompt 1, 
some of them continue to contain messages against the Russian government’s actions 
despite the Russian government’s propaganda restriction, while supporting Ukraine’s 
conflict resistance actions. Furthermore, a part of these tweets, which presents positive 
responses to both Prompt 1 and Prompt 2, appeal to the Russian military, asking them to 
lay down their weapons and return home to their families. On the other hand, regarding 
tweets written in Ukrainian with a negative response to Prompt 1, similar to the analysis 
of the tweet of 2022, part of the tweets continue to express messages against the behav-
ior of Russian citizens and governments, also asking their army to attack the Russian 
government. However, some of these tweets contain messages asking for the expulsion 
of Russians who harm civilian citizens in Ukraine in contrast to the ideals of the conflict, 

Fig. 11  Percentage of tweets per sentiment shared in the 1 week of the conflict (2022) and those 1 year later 
(2023)
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and messages against the actions of the Ukraine government. The latter represents an 
interesting difference compared to the tweets of the previous year, when Ukrainians at 
the beginning of the war gave complete support to their government’s choices. After a 
year, messages began to emerge that no longer supported some members and decisions 
of the Ukrainian government. Some examples of these tweets are shown in Table 7.

Regarding the analysis of the tweet evaluated with Prompt 2, similar to the tweets of 
2022 (see Sect.  "RQ3: What is the perception of the Russia-Ukraine conflict in public 
debates on Twitter, especially those of the people most involved in the conflict?"), there is 
a predominance of tweets that express the intention to cease the conflict. However, there 
are different tweets with a negative response to Prompt 2. In particular, the majority of 
Ukrainian tweets with a negative response report news on the government’s choices and 
on the aid decided by other states. Differently from the Ukrainian tweets analyzed in 
RU-Conflict with the same prompt, which contain many messages expressing a feeling 
of anger towards the Russian government, the tweets extracted from UA dataset with a 
negative response for Prompt 2 mostly report news and messages of hope for the war. 
Concerning the tweets written in Russian, most of them with negative answers to the 
Prompt 2 report general news about the conflict and the attacks that occurred in dif-
ferent areas of Ukraine. However, different from 2022, many tweets expressed opinions 
about the attacks that were about to be launched against the government in Moscow and 
the attempted coup d’état that took place in Russia in that period. In Table 7 we report 
some examples of tweets extracted from the UA dataset.

In this final analysis, we have tried to investigate how the opinions in tweets on the 
Russia-Ukraine conflict changed from 2022 to 2023, analyzing the content of the tweets 
collected in UA dataset. Although the analysis is not directly comparable to that of the 
tweets in the RU-Conflict dataset, mainly due to the fact that the tweets available in 
the UA dataset were extracted with a hashtag-based strategy that is more restrictive than 
the one used for our dataset, we tried to investigate how public discourse on Twitter 
changed from one year to the next. As we expected, some of the content of the tweets 
has changed probably due to the influence of political developments and the ever-chang-
ing perspectives in the Russia-Ukraine conflict. This has led to a shift of a part of the 
public discussions towards an increased focus on geopolitical events of the other coun-
tries, and the introduction of discussion about potential threats to the Russian govern-
ment, which were not considered at the beginning of the conflict.

Fig. 12  Statistics of the context-based analysis
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Conclusion and future works
In this paper, we presented an analysis of the worldwide perception of the Russia-
Ukraine conflict. In particular, we evaluated the tweets shared by the users during the 
first week of the conflict, since they provide a good overview of the worldwide reac-
tions towards this new disruptive event. We have constructed a new dataset of tweets, 
named RU-Conflict, containing over 17 million tweets written in 63 languages, 
directly collected from the streaming of the Twitter platform. The dataset allowed us 
to perform a deep analysis trying to answer four research questions. In particular, we 
carried out statistical analysis on the frequencies of the hashtags used in the tweets 

Table 7  Some examples of tweets extracted from the UA dataset and analyzed with the LLM

Tweet Tweet (English) Answer

Prompt 1 Ukrainian “сцуко, чому цих кацапських уйобків 
не пиздять і не викликають 
копів, щоб забрали російських 
неонацистів за напад на мирних 
людей? #россиястранатеррорист 
#россиястранаоккупант 
#россиястранаубийца 
#кацапинелюди #norussianofascism 
#russiaisaterroriststate”

“It’s stupid, why don’t they kick these little 
motherfuckers and call the cops to take 
away Russian neo-Nazis for attacking 
civilians? #россиястранатеррорист 
#россиястранаоккупант 
#россиястранаубийца 
#кацапинелюди #norussianofascism 
#russiaisaterroriststate”

No

“#єрмак: - пане президенте, після 
того як ви показали себе на 
прес-конференції ідіотом, який не 
розуміє що таке повага до людини, 
культура, демократія, бо вас 
випустили без папірця, рейтинги 
летять шкереберть!! #зеленський: 
- випускай іво бобула.. вжаримо 
вкраїнчиків знову!”

“#ermak: - Mr. President, after you 
showed yourself at the press conference 
with an idiot who does not understand 
that you care so much about people, 
culture, democracy, since you were 
released without a papier, the ratings will 
fly through the roof!! #zelensky: - let out 
the beans... fry the edges again!”

No

Russian “это было красиво! 
#українапереможе #slavaukraini #bue-
nosaires #caba”

“This was beautiful! #ukraine can over-
come #slavaukraini #buenosaires #caba”

Yes

“#нетвойнесукраиной #stand-
withukraine #путинубийца год 
войны... год горя, геноцида, зверств, 
убийств, жертв. буча, ирпень, 
гостомель, харьков... год безсонницы 
миллионов людей. год за который 
должен ответить путин перед 
трибуналом и просидеть остаток 
жизни в тюрьме. нет войне!”

“#нетвойнесукраиной #stand-
withukraine #путинубийца year of 
war... year of grief, genocide, atrocities, 
murders, victims. Bucha, Irpen, Gostomel, 
Kharkov... the year of insomnia for mil-
lions of people. a year for which Putin 
must answer before the tribunal and 
spend the rest of his life in prison. No 
war!”

Yes

Prompt 2 Ukrainian “вірте у збройні сили! разом 
переможемо! слава україні! #stoprus-
sianagression #ukrainerussianwar 
#armukrainenow #вірювзсу ”

“Believe in the armed forces! together we 
will win! Glory to Ukraine! #stoprussiana-
gression #ukrainerussianwar #armukrai-
nenow #вірювзсу”

No

“депортованих дітей-сиріт з 
україни змушують проходити 
військово-патріотичну підготовку 
і вчать любити росію , пишуть 
росгеббельсзмі. як російські 
фашисти старанно копіюють 
політику своїх дідів-нацистів! #rus-
siaisaterroriststate #norussianofascism 
#смерть_фашистской_федерации”

“Deported orphans from Ukraine are 
forced to undergo military and patriotic 
training and are taught to love Russia, 
Rosgebbelszmi writes. how Russian 
fascists diligently copy the policy of their 
Nazi grandfathers! #russiaisaterrorist-
state #norussianofascism #death_of_
the_fascist_federation”

No

Russian “#украина победит! империя 
зла падет, и все ее сатанинские 
последователи также будут 
побеждены. #putin #украина 
#ukrainerussiawar #россияне #ukraine”

“#Ukraine will win! the evil empire 
will fall, and all its satanic followers 
will also be defeated. #putin #ukraine 
#ukrainerussiawar #россияне #ukraine”

No
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and their correlations, as well as a sentiment analysis revealing that about the 53% of 
analyzed tweets turned out being negative, the 14% being neutral, and the 33% being 
positive. The latter are in general related to events that instill hope or, more in gen-
eral, include support sentences targeted to people affected by the war. This is further 
supported by the contextual analysis, which highlights that most tweets convey senti-
ments of opposition to acts of war with messages of resistance, and a strong desire to 
see a resolution to the Russia-Ukraine conflict. The study also identified a significant 
presence of pro-conflict tweets shared by accounts that cannot be associated with real 
users, including over 10,000 bots. As a final result, by analyzing tweets on the Russia-
Ukraine conflict 1 year later, the sentiment trends in 2023 closely resemble those in 
2022. Instead, the contextual analysis revealed a shift in tweet content, which is likely 
influenced by political developments and evolving perspectives in the Russia-Ukraine 
conflict, resulting in increased discussions on geopolitical events in other countries, 
which were not initially considered at the conflict’s onset.

The proposed study paves the way for other interesting analyses for further inves-
tigations into the impact that the Russia-Ukraine conflict keeps having on social 
networks. In particular, in the future it would be interesting to investigate the correla-
tions between users exploiting single and multi-network analysis approaches, identi-
fying communities and hidden relationships between users who shared tweets pro or 
against the conflict. Finally, it will be possible to provide new interesting contextual 
analyses by using different prompts.

Abbreviation
RU-Conflict	� Russia-Ukraine conflict

Acknowledgements
This work was partially supported by project SERICS (PE00000014) under the NRRP MUR program funded by the EU 
- NGEU.

Author contributions
BB: developing and testing of the analysis, methodology, Writing- Original draft preparation; LC: developing and testing 
of the analysis, methodology, Writing- Original draft preparation; SC: developing and testing of the algorithm, methodol-
ogy, Software, Validation, Writing- Original draft preparation; VD: methodology, Writing- Original draft preparation; GP: 
methodology, Writing- Original draft preparation;

Data availability
The data used to support the findings of this study is available in the following repository: https://​github.​com/​DastL​ab/​
RU-​Confl​ict-​Twitt​er-​datas​et.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 24 March 2023   Accepted: 15 April 2024

References
	1.	 Luo C. Analyzing the impact of social networks and social behavior on electronic business during COVID-19 pan-

demic. Inf Process Manag. 2021;58(5):102667.

https://github.com/DastLab/RU-Conflict-Twitter-dataset
https://github.com/DastLab/RU-Conflict-Twitter-dataset


Page 32 of 33Breve et al. Journal of Big Data           (2024) 11:76 

	2.	 Lwin MO, Lu J, Sheldenkar A, Schulz PJ, Shin W, Gupta R, Yang Y. Global sentiments surrounding the COVID-19 pan-
demic on Twitter: analysis of twitter trends. JMIR Publ Health Surveill. 2020;6(2):19447.

	3.	 Zhang Y, Lyu H, Liu Y, Zhang X, Wang Y, Luo J. Monitoring depression trend on Twitter during the COVID-19 pan-
demic. Computing Research Repository; 2020. arXiv:​2007.​00228

	4.	 MacMillan M. War: how conflict shaped Us. New York: Random House; 2021.
	5.	 Habib MA, Anik MAH. Impacts of COVID-19 on transport modes and mobility behavior: analysis of public discourse 

in Twitter. Transp Res Rec. 2023;2677(4):65–78.
	6.	 Hung M, Lauren E, Hon ES, Birmingham WC, Xu J, Su S, Hon SD, Park J, Dang P, Lipsky MS. Social network analysis of 

COVID-19 sentiments: application of artificial intelligence. J Med Internet Res. 2020;22(8):22590.
	7.	 Ward MP, Xiao S, Zhang Z. The role of climate during the COVID-19 epidemic in New South Wales Australia. Trans-

bound Emerg Dis. 2020;67(6):2313–7.
	8.	 Latkin C, Dayton LA, Yi G, Konstantopoulos A, Park J, Maulsby C, Kong X. COVID-19 vaccine intentions in the United 

States, a social-ecological framework. Vaccine. 2021;39(16):2288–94.
	9.	 Ertem Z, Araz OM, Cruz-Aponte M. A decision analytic approach for social distancing policies during early stages of 

COVID-19 pandemic. Decis Support Syst. 2022;161:113630.
	10.	 BwandoWando: UA Ukraine Conflict Twitter Dataset. Kaggle; 2023. https://​doi.​org/​10.​34740/​KAGGLE/​DSV/​59349​08. 

https://​www.​kaggle.​com/​dsv/​59349​08
	11.	 Panchendrarajan R, Saxena A. Topic-based influential user detection: a survey. Appl Intell. 2023;53(5):5998–6024.
	12.	 Zhang S, Lv Q. Hybrid EGU-based group event participation prediction in event-based social networks. Knowl-Based 

Syst. 2018;143:19–29.
	13.	 Zhang Y, Chen F, Rohe K. Social media public opinion as flocks in a murmuration: conceptualizing and measuring 

opinion expression on social media. J Comput-Med Commun. 2022;27(1):1–22.
	14.	 Aljabri M, Zagrouba R, Shaahid A, Alnasser F, Saleh A, Alomari DM. Machine learning-based social media bot detec-

tion: a comprehensive literature review. Soc Netw Anal Min. 2023;13(1):20.
	15.	 Hayawi K, Saha S, Masud MM, Mathew SS, Kaosar M. Social media bot detection with deep learning methods: a 

systematic review. Neural Comput Appl. 2023;35(12):8903–18.
	16.	 Arin E, Kutlu M. Deep learning based social bot detection on twitter. IEEE Trans Inf Forensics Secur. 2023;18:1763–72.
	17.	 Feng S, Wan H, Wang N, Luo M. BotRGCN: Twitter bot detection with relational graph convolutional networks. In: 

Proceedings of the 2021 IEEE/ACM international conference on advances in social networks analysis and mining; 
2021. p. 236–239.

	18.	 Yang K-C, Varol O, Hui P-M, Menczer F. Scalable and generalizable social bot detection through data selection. In: 
Proceedings of the AAAI conference on artificial intelligence, vol 34; 2020. p. 1096–1103.

	19.	 Effrosynidis D, Karasakalidis AI, Sylaios G, Arampatzis A. The climate change twitter dataset. Expert Syst Appl. 
2022;204:117541.

	20.	 Dooms S, De Pessemier T, Martens L. Movietweetings: A movie rating dataset collected from Twitter. In: Proceedings of 
the workshop on crowdsourcing and human computation for recommender systems, CrowdRec at RecSys; 2013. p. 43.

	21.	 Schumaker RP, Jarmoszko AT, Labedz CS Jr. Predicting wins and spread in the Premier League using a sentiment 
analysis of Twitter. Decis Support Syst. 2016;88:76–84.

	22.	 Ibrahim NF, Wang X. A text analytics approach for online retailing service improvement: evidence from Twitter. Decis 
Support Syst. 2019;121:37–50.

	23.	 Trevisan M, Vassio L, Giordano D. Debate on online social networks at the time of covid-19: an italian case study. 
Online Soc Netw Media. 2021;23:100136.

	24.	 Naseem U, Razzak I, Khushi M, Eklund PW, Kim J. COVIDSenti: a large-scale benchmark Twitter data set for COVID-19 
sentiment analysis. IEEE Trans Comput Soc Syst. 2021;8(4):1003–15.

	25.	 Shahi GK, Dirkson A, Majchrzak TA. An exploratory study of COVID-19 misinformation on Twitter. Online Soc Netw 
Media. 2021;22:100104.

	26.	 Li L, Zhang Q, Wang X, Zhang J, Wang T, Gao T-L, Duan W, Tsoi KK-F, Wang F-Y. Characterizing the propagation of situ-
ational information in social media during covid-19 epidemic: a case study on weibo. IEEE Trans Comput Soc syst. 
2020;7(2):556–62.

	27.	 Srour A, Ould-Slimane H, Mourad A, Harmanani H, Jenainati C. Joint theme and event based rating model for identi-
fying relevant influencers on twitter: Covid-19 case study. Online Soc Netw Media. 2022;31:100226.

	28.	 Kabir MY, Madria S. Emocov: machine learning for emotion detection, analysis and visualization using covid-19 
tweets. Online Soc Netw Media. 2021;23:100135.

	29.	 Sosnkowski A, Fung CJ, Ramkumar S. An analysis of twitter users’ long term political view migration using cross-
account data mining. Online Soc Netw Media. 2021;26:100177.

	30.	 Peder G, Peter FM, Peter M, Thomas DN. Do president Trump’s tweets affect financial markets? Decis Support Syst. 
2021;147:113577.

	31.	 Gayo-Avello D. A meta-analysis of state-of-the-art electoral prediction from Twitter data. Soc Sci Comput Rev. 
2013;31(6):649–79.

	32.	 Kaur HJ, Kumar R. Sentiment analysis from social media in crisis situations. In: International conference on comput-
ing, communication & automation. IEEE; 2015. p. 251–256.

	33.	 Öztürk N, Ayvaz S. Sentiment analysis on twitter: a text mining approach to the syrian refugee crisis. Telemat Inform. 
2018;35(1):136–47.

	34.	 Brönnimann L. Multilanguage sentiment-analysis of twitter data on the example of swiss politicians. Switzerland, 
Windisch; 2013.

	35.	 Erdmann M, Ikeda K, Ishizaki H, Hattori G, Takishima Y. Feature based sentiment analysis of tweets in multiple lan-
guages. In: Web Information Systems Engineering–WISE 2014: 15th International Conference, Thessaloniki, Greece, 
October 12-14, 2014, Proceedings, Part II 15. Springer; 2014. p. 109–124.

	36.	 Lopez CE, Vasu M, Gallemore C. Understanding the perception of covid-19 policies by mining a multilanguage twit-
ter dataset; 2020. arXiv preprint arXiv:​2003.​10359

http://arxiv.org/abs/2007.00228
https://doi.org/10.34740/KAGGLE/DSV/5934908
https://www.kaggle.com/dsv/5934908
http://arxiv.org/abs/2003.10359


Page 33 of 33Breve et al. Journal of Big Data           (2024) 11:76 	

	37.	 Haq E-U, Tyson G, Lee L-H, Braud T, Hui P. Twitter dataset for 2022 russo-ukrainian crisis. Computing Research Reposi-
tory; 2022. arXiv:​2203.​02955

	38.	 Park CY, Mendelsohn J, Field A, Tsvetkov Y. VoynaSlov: A data set of russian social media activity during the 2022 
Ukraine-Russia war. Computing Research Repository; 2022. arXiv:​2205.​12382

	39.	 Vyas P, Vyas G, Dhiman G. RUemo-the classification framework for russia-ukraine war-related societal emotions on 
twitter through machine learning. Algorithms. 2023;16(2):69.

	40.	 Baker M, Taher YN, Jihad KH. Prediction of people sentiments on Twitter using machine learning classifiers during 
Russian-Ukrainian conflict. Jordanian J Comput Inf Technol (JJCIT). 2023;9(3):189–206. https://​doi.​org/​10.​5455/​jjcit.​
71-​16762​05770.

	41.	 Aslan S. A deep learning-based sentiment analysis approach (MF-CNN-BILSTM) and topic modeling of tweets 
related to the ukraine-russia conflict. Appl Soft Comput. 2023;143:110404.

	42.	 Guerra A, Karakuş O. Sentiment analysis for measuring hope and fear from reddit posts during the 2022 russo-
ukrainian conflict. Front Artif Intell. 2023;6:1163577.

	43.	 Kalamatianos G, Mallis D, Symeonidis S, Arampatzis A. Sentiment analysis of greek tweets and hashtags using a 
sentiment lexicon. In: Proceedings of the Panhellenic Conference on Informatics; 2015. p. 63–68.

	44.	 Conover M, Hayes M, Mathur A, Xie J, Wan J, Shah S, Ghodsi A, Wendell P, Zaharia M, Xin R. Free Dolly: Introducing 
the World’s First Truly Open Instruction-Tuned LLM; 2023.

	45.	 Barbieri F, Anke LE, Camacho-Collados J. XLM-T: A multilingual language model toolkit for Twitter. Computing 
Research Repository; 2021. arXiv:​2104.​12250

	46.	 Devlin J, Chang M-W, Lee K, Toutanova K. Bert: Pre-training of deep bidirectional transformers for language under-
standing. In: Proceedings of the international conference of the North American chapter of the association for 
computational linguistics: human language technologies; 2019. p. 4171–4186.

	47.	 Liu P, Yuan W, Fu J, Jiang Z, Hayashi H, Neubig G. Pre-train, prompt, and predict: a systematic survey of prompting 
methods in natural language processing. ACM Comput Surv. 2023;55(9):1–35.

	48.	 Di Giovanni M, Corti L, Pavanetto S, Pierri F, Tocchetti A, Brambilla MG. A content-based approach for the analysis 
and classification of vaccine-related stances on twitter: the italian scenario. In: Proceedings of the information cred-
ibility and alternative realities in troubled democracies; 2021. p. 1–6.

	49.	 Davis CA, Varol O, Ferrara E, Flammini A, Menczer F. Botornot: A system to evaluate social bots. In: Proceedings of the 
25th International conference companion on World Wide Web; 2016. p. 273–274.

	50.	 Yang K-C, Varol O, Hui P-M, Menczer F. Scalable and generalizable social bot detection through data selection. Proc 
AAAI Conf Artif Intell. 2020;34(01):1096–103.

	51.	 Feng S, Wan H, Wang N, Luo M. Botrgcn: Twitter bot detection with relational graph convolutional networks. In: 
Proceedings of the 2021 IEEE/ACM International conference on advances in social networks analysis and mining; 
2021. p. 236–239.

	52.	 Feng S, Tan Z, Wan H, Wang N, Chen Z, Zhang B, Zheng Q, Zhang W, Lei Z, Yang S, Feng X, Zhang Q, Wang H, Liu 
Y, Bai Y, Wang H, Cai Z, Wang Y, Zheng L, Ma Z, Li J, Luo M. TwiBot-22: Towards Graph-Based Twitter Bot Detection; 
2022. arXiv. https://​doi.​org/​10.​48550/​ARXIV.​2206.​04564. https://​arxiv.​org/​abs/​2206.​04564

	53.	 Cresci S, Di Pietro R, Petrocchi M, Spognardi A, Tesconi M. Fame for sale: efficient detection of fake twitter followers. 
Decis Support Syst. 2015;80:56–71.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

http://arxiv.org/abs/2203.02955
http://arxiv.org/abs/2205.12382
https://doi.org/10.5455/jjcit.71-1676205770
https://doi.org/10.5455/jjcit.71-1676205770
http://arxiv.org/abs/2104.12250
https://doi.org/10.48550/ARXIV.2206.04564
https://arxiv.org/abs/2206.04564

	Analyzing the worldwide perception of the Russia-Ukraine conflict through Twitter
	Abstract 
	Introduction
	Related work
	RU-Conflict dataset
	Overview of RU-Conflict dataset
	Correlation and statistical analysis

	Analyzing the conflict perception in the RU-Conflict dataset
	RQ1: To what extent do tweet sentiments vary based on either location or language?
	RQ2: How much war-related events impacted the number of tweets and the RU-Conflict perception?
	RQ3: What is the perception of the Russia-Ukraine conflict in public debates on Twitter, especially those of the people most involved in the conflict?
	RQ4: Is it possible to detect bots among Twitter accounts that spread opinions on behalf of the war?

	Analysis of public debates changes one year later
	Conclusion and future works
	Acknowledgements
	References


