Prediction of COVID-19 tweeting: classification
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Abstract—This paper presents the application of graph neural
networks (GNNs) to the task of node classification. GNNs have
been shown to be useful in various classification tasks where
data and the relationships between them can be represented
using graphs. This research aims to develop a classifier that
can identify two possible classes of Twitter nodes: COVID and
nonCOVID. COVID nodes refer to Twitter users (nodes) that
post tweets related to COVID-19 and nonCOVID are users
(nodes) that do not post tweets about COVID-19. For that
purpose, in the first step, we implement a pipeline that enables
the automatic, continuous collection of data from Twitter and
network construction. In the second step, we prepare the data
and train a graph convolutional networks(GCN) classifier. We
compare GCN and multilayer perceptron (MLP) in terms of
standard measures: precision, recall, F1 and accuracy. The results
show that GCN performs better than MLP in the task of node
classification.

I. I NTRODUCTION
Social networks are a valuable source of information and
may serve as an important communication platform in the
global crises, such as the COVID-19 pandemic [1]–[3]. During
the last two decades, social media have amplified the spread
of information, as well as misinformation and disinformation
which may lead to an infodemic as a negative side effect [4].
Thus, social network analysis plays an important role and may
improve various aspects of crisis communication.
As a highly popular and used online social network, Twitter
is one of the most studied networks in the domain of natural
language processing (NLP) and social network analysis (SNA)
in general. There is a wide set of tasks that ranges from general
tweet classification [5], [6], sentiment analysis [7], [8], hate
speech detection [9] to fake news detection [10], [11], etc.
During the COVID-19 pandemic, Twitter was again one
of the most studied social networks and numerous studies
analyzed various aspects of tweets related to the COVID-19.
A large number of research papers reported the results of the
fake news detection [1], [12] and sentiment analysis [13], [14],
while some of the research was dedicated to the analysis of
information spreading and infodemic in general [15]–[18].
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One important task related to the analysis of information
spreading is link prediction. There are many different link
prediction algorithms, some are based on the local network
properties and others on the global network properties [19]–
[22]. In relation to this task, it may be of particular interest
to identify which user will post about a certain topic. For
example, in the context of the COVID-19 infodemic, it is
useful to predict which users will tweet about COVID-19.
This task is somewhat different from link prediction, but it
also takes into account the properties of networks and can be
formulated as a classification task.
Motivated by these considerations, this study aims to develop an approach that predicts whether a Twitter user will
tweet about COVID-19. An important aspect in predicting
tweet behaviour is the position of a node in the network of
followers. Following this idea, we based our prediction on
the structure of the network of Twitter followers. Thus, we
chose graph neural networks (GNNs) for the classification
task. Generally, graph neural networks are introduced in [23]
more than a decade ago and have started to be widely used
in many different tasks. There are successful applications of
GNNs in research related to social network analysis such
as fake news detection [24], sentiment analysis [25], social
recommendation [26], user localisation [27], etc.
This work is an extension of our previous research focused
on COVID-19 related tweets [28]–[30]. While in the previous
approaches we analyzed how the content of the tweet influenced the spreading of tweet [29], [30], in this study, we utilize
the network structure.
In the first part of the research, we implement a pipeline that
enables automatic, continuous collecting of data from Twitter
in the first step and automatic network construction in the
second step. We collect the dataset of tweets in the Croatian
language posted during the fourth wave of the COVID-19 pandemic in Croatia and construct the network of followers. The
result is a network dataset of 8,808 users (Cro-USERS) which
are represented as nodes and 319,845 links. The network of
users followers is the subject of analysis in the next steps of
the research. Additionally, we construct a dataset of 1,703,626
tweets.
In the second part of the research, we train neural network
models for node representation and classification. Since tweeting depend on the node position in the network of followers it
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is necessary to capture the network structure. Thus, we choose
node2vec model to represent each node as an embedding.
Next, we train models to classify the user into one of the
two defined classes. We train and compare two models: graph
convolutional network (GCN) [31] and multilayer perceptron
(MLP). For that purpose, we divide the Cro-USERS dataset
into two disjoint classes: (i) Cro-CoV-USERS - dataset that
contains users that tweet about COVID-19 and (ii) CrononCoV-USERS - dataset that contains users that do not
tweet about COVID-19. We perform an evaluation in terms
of precision, recall, F1-measure and accuracy. According to
our preliminary results it seems that GCN outperforms MLP
in the task of node classification.
The rest of the paper is organized as follows. In the next
section we present the used methodology: (i) first we describe
the methods and extensive procedure that we implement for
collecting the data and (ii) second we describe the training
procedure. In the third section, we report the results of the
training. The last section is concluded with a discussion of
the results and future work.

Collect users
metadata

Croatian
locations

List of baseline
accounts

II. M ETHODOLOGY AND E XPERIMENT S ETUP
A. Dataset

A user following network is constructed from a sample of
users who have more than 10 and less than 5000 followers
and friends who posted at least 10 tweets from 31 June 2021.
This date is considered to be the beginning of the "fourth
wave" of the COVID-19 pandemic in Croatia. With this type of
selection, the aim was to filter users who are real persons (not
official or public profiles) and active users who share content
with their friends and followers. This way we a get better
insight into the public communication related to COVID-19
and behaviour of real people on online networks during the
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Collect tweets
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pandemic. Users are nodes and the directed link between two
nodes is established if the first node follows the second one.
Fig. 2 shows the degree distribution in the constructed
network. Due to the directed network of followers, we have
in-degree and out-degree measures. It is obvious that degree
distribution follows the power-law, which is usual distribution
in the cases of online social networks. That indicates that the
dataset that we selected for this experiment is a representative
sample of nodes from the social network.
In degree
10

10

10

10

Out degree

3

Number of nodes

B. Network construction

Collect followers
and friends

Fig. 1. Conceptual model of pipeline implemented for collecting and
preparing the datasets and networks.

Number of nodes

All the data is collected from the Twitter social network
using a pipeline that we implemented for automatic, continuous collecting of data from Twitter. Data is structured that
for each user we have its friends, followers, and a list of
published tweets at a certain time. First, accounts locationbased in Croatia are collected, second, all friends and followers
are taken from accounts gathered in step one and the last step
is collecting tweets from that profiles.
Fig. 1 represents the conceptual model of the pipeline
implemented for collecting and preparing the data.
For this study, we collected the dataset of 8,808 Twitter users from the Republic of Croatia (Cro-USERS) and
1,703,626 of their tweets (Tweets dataset) in the Croatian
language posted during the fourth wave of the COVID-19
pandemic.
After creating the Tweets dataset, the tweet messages are
preprocessed as follows:
• All letters are converted to lowercase.
• Twitter links are removed from the tweets.
• Special characters are removed.
• Tweets without content are removed.
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Fig. 2. Degree distribution within the constructed companion network. Due to
the directed network of followers, we have in-degree and out-degree measures.
Logarithmic scaling on the x and y axes was used.

In the next step each node is assigned a label: COVID or
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nonCOVID depending on whether the user has been posted
or shared a COVID-19 related tweet. COVID-19 tweets are
identified using the list of keywords which are related to
the COVID-19 topic (the list of COVID-19 keywords in the
Croatian language is given in the Appendix).
In Table I we report the total number of nodes and tweets
and numbers of COVID-19 related data.
TABLE I
DATASETS

Number of nodes
Number of tweets

All

COVID

nonCOVID

8808
1,703,626

3670
70,394

5138
1,633,232

Fig. 3 visualizes the user following network with colored
COVID-19 related nodes. The network structure influence
the action of tweeting about COVID-19. Thus, capturing the
network structure as the node embedding using the node2vec
can be used for the prediction of COVID-19 related tweeting.

Dropout is set to 0.3 and learning rate to 0.005.
Optimizer used for training is Adam.
In order to evaluate the performance of the GCN model,
we used MLP as the baseline. Thus, we additionally train the
MLP with the following architecture:
• The input vector has the dimension of the embedding
vector (16, 32 or 64).
• There are 3 layers with the number of hidden channels
is 64 per layer.
• Dropout is set to 0.3 and learning rate to 0.005.
• Optimizer used for training is Adam.
•
•

III. R ESULTS
Here we report the results of node classification task. We
train GCN and MLP models using various dimensions of embeddings and compare their performance in terms of accuracy,
precision, recall and F1-measure. The Cro-USERS dataset of
8,808 Twitter users was split with a ratio (55/30/15) for train,
validation, and test. The model was trained on embeddings
of different dimensions created using the node2vec algorithm.
We experimented with three different embeddings dimensions:
16, 32 and 64. The models were trained on 200 epochs on 100
runs of which the best results are shown in the Table II.
TABLE II
M ODEL PRECISION

@user_profile

following

COVID / nonCOVID

Fig. 3. Visual representation of Twitter following network, where node color
represents COVID and nonCOVID label in dataset. Links between nodes
represent following and friend relations between user nodes, where arrow
direction corresponds if user is following or being followed by other node.

C. Model and training procedure
Model training consists of two steps. In the first step,
node embeddings are created with node2vec method, with
dimensions set on 16, 32, and 64. In the second steps these
embeddings are being forwarded to GCN model. Each dimension was created with parameters where the batch size is 64,
the learning rate is 0.01, walk length is set to 10, and number
of walks is 3 and this was performed in 5 epochs.
We trained a model to classify the tweets into one of the two
classes defined above. When creating the model architecture
and setting the parameters, the ones that gave the best results
were selected. Selected parameters are listed below.
The GCN’s architecture is as follows:
• The input vector has the dimension of the embedding
vector (16, 32 or 64).
• There are 3 layers with the number of hidden channels
is 256 per layer.
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Precision

Recall

F1

Accuracy

MLP + n2v 16d
GCN + n2v 16d

0.4643
0.7721

0.2743
0.6029

0.3449
0.6771

0.5787
0.7676

MLP + n2v 32d
GCN + n2v 32d

0.4825
0.7551

0.3230
0.6985

0.3869
0.7256

0.5962
0.7865

MLP + n2v 64d
GCN + n2v 64d

0.4736
0.7916

0.6217
0.7294

0.5376
0.7592

0.5677
0.813

According the results GCN outperforms MLP in all three
experiment setups. The best performance is achieved in the
case of GCN combined with the embedding dimension set to
64. As expected, higher embedding dimensions provide better
results in almost all cases.
The poor performance of the MLP can be explained by
the fact that the training dataset was small. As shown in
Fig. 4, the proportion of COVID-19 related tweets is very
low in comparison to other tweets. Thus, we need models
that can successfully deal with small training datasets. Since
node2vec embeddings capture the network structure, graph
neural networks are expected to be a better option than
traditional neural networks models, such as MLP.
IV. C ONCLUSION
In this paper, we described a classification of Twitter users
into two classes: (i) users that post tweets about COVID-19
and (ii) users who do not post tweets about COVID-19. The
representation of the user is based on graph neural networks.
In particular, we used node2vec to model a user as the vector
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Fig. 4. The distribution of the number of collected tweets by months from the
collection period is shown. For each month, two bars are displayed where one
shows the number of tweets that do not contain COVID keywords while the
other bar shows the number of tweets with COVID keywords. Logarithmic
scaling was used on the y axis.

of properties extracted from the users followers network. In
the next step, we trained GCN model and compare it with the
MLP as the baseline using three different sizes of node2vec
embeddings (16, 32 and 64). We evaluated both models in
terms of precision, recall, F1-measure and accuracy. Our
results that GCN performs better than MLP in all cases. The
best performance is achieved for the largest size of embedding
for which the F1-measure is 0.7592 and accuracy is 0.813.
The relatively poor performance of the MLP model can be
explained by the fact that we have a small sample of COVID
-19 related tweets. Moreover, the good results of the GCN
model are achieved due to the network-based representation
of the dataset. Thus, we conclude that a similar methodology
and pipeline could be used for other datasets that have inherent
network or graph-based structures.
In further work on this research, the goal is to try other
types of embedding techniques, based natural language processing and deep learning. The goal is also to try predefined
embeddings for nodes and/or links. These types of embedding
can be extracted from the content shared by the user online
for example his tweets. Some of the features can also be
local node measures from the network or quantitative values
taken from the user profile (number of friends, number of
followers, etc.). We also plan to test other GNNs architectures.
The architectures to be tested in the current research will be
determined depending on the tasks. There are a variety of
tasks that can be solved with GNN, such as node classification,
binary and multiclass classification, link prediction, subgraph
and community detection, and whole graph classification.
R EFERENCES
[1] D. Bunker, “Who do you trust? the digital destruction of shared
situational awareness and the covid-19 infodemic,” International Journal
of Information Management, vol. 55, p. 102201, 2020.
[2] C. Cuello-Garcia, G. Pérez-Gaxiola, and L. van Amelsvoort, “Social
media can have an impact on how we manage and investigate the covid19 pandemic,” Journal of clinical epidemiology, vol. 127, p. 198, 2020.

346

[3] D. C. Glik, “Risk communication for public health emergencies,” Annu.
Rev. Public Health, vol. 28, pp. 33–54, 2007.
[4] G. Eysenbach, “Infodemiology: The epidemiology of (mis) information,”
The American journal of medicine, vol. 113, no. 9, pp. 763–765, 2002.
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A PPENDIX
List of words used to extract tweets relevant to COVID.
keywords = [’alemka’, ’markotic’, ’markotić’, ’beros’,
’beroš’, ’capak’, ’hzjz’, ’antigensk’, ’antimaskeri’, ’antivakseri’, ’cijep’, ’cijepiv’, ’cijeplj’, ’cijepljen’, ’cjep’, ’cjepiv’,
’cjepljen’, ’booster doza’, ’prva doza’, ’druga doza’, ’treca
doza’, ’treća doza’, ’astra zeneca’, ’biontech’, ’curevac’, ’inovio’, ’janssen’, ’johnson’, ’novavax’, ’moderna’, ’pfizer’,
’vaxart’, ’sojevi koronavirusa’, ’brazilski’, ’britanski’, ’ceski
soj’, ’delta’, ’indijski’, ’juznoafricki’, ’južnoafrički’, ’lambda’,
’njujorski’, ’njujorški’, ’omikorn’, ’omikron’, ’novi soj’, ’češki
soj’, ’coron’, ’corona’, ’covid’, ’covid-19’, ’covid 19’, ’koron’,
’korona’, ’kovid’, ’ncov’, ’mutira’, ’mutaci’, ’n95’, ’sarscov-2’, ’sarscov2’, ’sputnik’, ’inkubacij’, ’ljekov’, ’obolje’,
’novozaražen’, ’nuspoj’, ’patoge’, ’regeneron’, ’medicin’,
’infekc’, ’dezinf’, ’bolnic’, ’dijagnost’, ’doktor’, ’epidem’,
’respir’, ’respirator’, ’simpto’, ’rt pcr’, ’terapij’, ’viro’,
’virus’, ’slusaj struku’, ’slušaj struku’, ’propusnic’, ’ostani
doma’, ’ostanimo doma’, ’zaraž’, ’festivala slobod’, ’pcr’,
’samoizola’,’samoizolacij’, ’testira’, ’zaraz’, ’distanc’, ’izolac’,
’karant’, ’lockd’, ’mask’, ’festival slobod’, ’ostanimo odgovorni’, ’pandem’, ’pandemij’, ’stozer’, ’stožer’,]
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