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The widespread use of social media allows unprecedented ways to monitor opinions and stances 
regarding critical public health issues globally. Advanced Natural Language processing algorithms are 
being used routinely to extract information and classify vaccination hesitancy or stance. However, 
communication on online social networks such as Twitter (now X) is carried by short messages, the 
meaning of which can be difficult to understand in the absence of context. Therefore, in this study 
we propose the use of complex-network features extracted from the social network to integrate and 
enhance text-based Deep Learning models. Leveraging a dataset of about 20 million Italian language 
posts (of which about 7000 were manually annotated), we showed how the integration of text and 
network features improves vaccine stance classification, especially for the most polarized classes. 
Additionally, network features overperformed text features in a dataset collected a year after model 
training, possibly indicating how the social network changes more slowly than the trending words or 
topics.

With more than 7 million deaths reported by WHO as of March 2025, COVID-19 is marked as one of the 
most severe pandemics in modern history. The velocity of the epidemic spread and the rapid emergence of 
severe respiratory symptoms highlighted the need for worldwide impactful and timely vaccination strategies to 
increase immunization in the population or at least decrease the severity of the illness1. The delivery of scientific 
information displayed unprecedented mechanisms, sometimes with contrasting messages, such as promoting 
the usage of hydroxychloroquine without proven benefits2. Nevertheless, this helped to raise awareness and 
enforce infection control measures, but also added pressure for proper interpretation by the general public3, in 
particular in demographic contexts where health literacy is low, as in Italy4. Vaccines have been developed rapidly 
and approved through the Emergency Use Authorization5 but, despite the enforcement of vaccinations in many 
countries, vaccine hesitancy and opposition posed a significant health risk at individual and population level6. 
The willingness to accept COVID-19 vaccines is related to many cognitive, psychological, socio-demographic 
and cultural factors, and the assessment of the diffusion in the population of negative stance towards vaccination 
is crucial to guide interventional measures aimed at ensuring high-level of public health6–8.

Social media do not only offer access to monitor vaccine hesitancy worldwide9,10 but also may play an 
active role in propagating (mis)information and polarizing views. For COVID-19 in particular, an increasing 
opposition to vaccines has been observed on Twitter during the first two years of the pandemic11. Social network 
discussions and opinions do not live in a parallel world apart from the offline one; in fact, social media monitoring 
during the pandemic has already shown many correlations of sentiments towards vaccination with country-
specific events related to the vaccination programme12. While it is argued how much the different online social 
networks may be representative of the population, a vast majority of internet users search health information 
online13,14, thus increasing the risk of exposure to biased (mis)information. A relevant trend in the vaccine 
discourse on Twitter is the prevalence of negative sentiment also in pro-vax communities of users, as it has 
been observed already in 202015. According to ECDC, the online spread of rumours surrounding vaccination, 
including adverse events following vaccination, has contributed to the growth of vaccine hesitancy and in some 
cases may have contributed to disease outbreaks in unvaccinated populations16.

Many attempts have been done to support public health agencies in monitoring vaccine stance over social 
media, aimed to automatizing the classification of social networks posts and users to estimate prevalence of 
AntiVax views17–20, identify echo-chambers and bubbles spreading misinformation or uncertainty21,22, and 
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possibly gain knowledge about weaknesses of the vaccination communication strategies. Successful vaccination 
programmes are built on understanding and taking into account individuals’ and communities’ beliefs, concerns 
and expectations regarding the vaccine and the disease23. Given the observation that Pro and AntiVax social 
media posts span over different topics and display clear patterns marking them recognizable24, many studies 
opted for machine learning classifiers grounded in Natural Language Processing (NLP) to extract information 
from textual data and classify the posts based on their stance25–27. Since their introduction, deep learning 
Language Models (LMs) based on the attention mechanism, named transformers28, are leading the race for 
automatized text classification29–31. Some studies claim almost perfect accuracies in detecting vaccine stance 
on english-language Twitter posts18,19 although preprocessing and filtering steps can limit the generalizability 
of the performance to real-life scenarios: tweets with irony or sarcasm may have been manually removed18 and 
broadness and complexity of the views may have been reduced by limiting the tweets to specific subtopics (e.g. 
maternal vaccinations19.

It can indeed be very difficult to resolve the stance of certain tweets in the absence of context19,32, so any 
attempt to circumstantiate and contextualize a social media post can help. In this study, we propose to address 
the issue by providing information about the users inside the social network itself. Complex network analysis 
has been applied many times in the context of social media monitoring for vaccine hesitancy, showing that 
communities of tightly-connected users may be related to vaccine stance22, and that vaccine hesitancy is 
associated with pre-existing political or religious beliefs33. The interplay between social network structure and 
vaccine stance is bidirectional, because on the one side the expression of negative opinions on vaccination is 
associated with previous exposure to negative stance within the network14, but on the other side also strong 
stance positions influence and reshape the network density34.

For this reason, we hypothesized that integrating the text of tweets with contextual information encoded in 
the network structure may increase the ability to classify vaccine stance. To test our hypothesis, we employed 
a dataset of over 19 million tweets in Italian language related to vaccination, collected along the COVID-19 
pandemic, partly annotated for a previous study (approximately 7 K tweets)32, partly annotated for this study 
(approximately 700 tweets), and the remaining utilized to build the network structure and for domain-specific 
re-training of the text language model. By comparing vaccine stance classifiers for tweets using as inputs text 
and network features (separately or together), we observed that employing network features for vaccine stance 
classification (1) increased classification accuracy when integrated to text-only classifiers, (2) overperformed 
text classifiers in tweets collected more than a year after training and (3) performed optimally in presence of 
highly-polarized discussion (i.e. with high prevalence of non-neutral tweets).

Methods
Data
We gathered almost 20 million tweets using Tweepy, a specific Python package, from October 2020 during the 
pandemic’s peak until March 2023 (Supplementary Figure S1). We used the continuous stream filter endpoint of 
the Twitter API with the academic license, which was available at that time. The tweets were chosen from Italian 
Twitter using specific search words, namely: “vaccino”, “vaccini”, “vaccinazione”, and “vaccinazioni”, which are 
the Italian translations of “vaccine(s)” and “vaccination(s)”. A subset of tweets was randomly sampled for manual 
annotation of vaccine stance, while the full set of 20 M tweets hasbeen used to build the retweet network (see 
Network features and classifier in the Methods section). The first annotation process involved 6508 randomly 
selected tweets, up to January 2021 (“first dataset” from now on). A second annotation was performed on 715 
tweets from a later period, between July 2022 and March 2023 (“second dataset” from now on). The tweets from 
the second dataset were used to test the model’s robustness against time drifts. The annotation process of the 
dataset by three separate manual annotators for each tweet has already been detailed in a previous study32 and 
aimed to assign a vaccine stance label to each tweet based on the text written by the user. Although it is reasonable 
to assume that most tweets about vaccination in the collection period referred to COVID-19, the relevance of 
all tweets to the COVID-19 theme could not be ensured, so annotators could only assess the stance against a 
generic vaccine. Each of the annotated tweets has a unique label, being: “ProVax” if the tweet encouraged the 
adoption of the vaccine or reported personal stories of having been vaccinated; “AntiVax” if the tweet expressed 
skepticism or aversion to the use of vaccines; “Neutral” if otherwise, including many news reports and mentions.

Of the first dataset 6508 tweets were annotated, 1570 of these were labelled as AntiVax, 952 as ProVax, and 
3986 as Neutral. In the second dataset, 715 tweets have been annotated exclusively for this study with the same 
procedure as the first dataset; 36 tweets were labelled as ProVax, 170 as Neutral and 509 as AntiVax.

Due to the highly imbalanced distribution of classes, with neutral and anti-vaccine annotations being 
overrepresented, random undersampling was utilized to create a balanced dataset for model training. We then 
split the first dataset into a training set and a test set, randomly. We made use of 5-fold cross-validation (CV) on 
the training set to determine the best-performing classifiers. We then re-trained each selected classifier on the 
full training set before evaluating the performances on the test set and on the second dataset, both completely 
independent from the training set. Bootstrapping 10,000 times was used to estimate a confidence interval of the 
classifiers’ performance on the test set and on the second dataset.

Network features and classifier
We built a retweet network at user level, where nodes represent users while a link from user i to user j represents 
the number of times user j retweeted a tweet written by user i35. After cleanup and extracting the giant 
component, the two datasets are composed of 1.40 M and 13.34 M retweeted tweets from 149k to 456k users 
respectively. We used network measures that extract information from the network topology and quantify the 
proximity between users. It is important to note that network analysis focuses on users rather than individual 
tweets, meaning that each tweet from the same user shares the same network information, thus having identical 
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network features utilized for tweet classification. Over time, the network grows by cumulating new retweets, 
which means creating new nodes and links or increasing link weights.

Community participation ratio
Users of online social networks often self organize in tightly connected groups or communities with weaker 
connection to other parts of the network. This mesoscopic structure highlights groups of similar individuals. 
For each user, we determined the strength of community membership to the largest communities. To extract 
the community structure of the network we used the Leiden algorithm and the Label Propagation algorithm 
from the Python module igraph. The former proposes a greedy approach to modularity maximization and was 
introduced as an improvement over the classical Louvain algorithm36. The latter labels each node by identifying 
the dominant community in its neighborhood37. We limited our analysis to the largest communities such that 
they jointly cover at least 90% of the network. From the community structure provided by the two algorithms, 
for each user i we extracted the fraction of neighbours ni,α assigned to community α. We named these user-level 
features norm_leiden and norm_lab_prop, and refer to them as community participation ratio. When expanding 
the network with the second dataset, we maintained the same community structure of the initial dataset. In the 
second dataset network, for each user we computed the fraction of its neighbours assigned to the communities 
computed on the first dataset, hence only edges toward users already present in the first formulation were 
counted.

ForceAtlas2 (fa2)
ForceAtlas2 algorithm is a network layout algorithm which builds two-dimensional coordinatesfor the nodes 
on a force-based approach38, optimized for fast computation in Python ​(​​​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​A​m​i​n​A​l​a​m​/​f​a​2​_​m​
o​d​i​f​i​e​d​​​​​​)​.​ Specifically, it iteratively simulates attractive spring-like and repulsive gravitational-like forces between 
nodes, producing spatial embeddings where highly connected nodes are placed closer together38. To optimize 
the position of users in the second dataset, we executed the algorithm initializing the values to the original 
position, if available, or random, for new users. We named this two-dimensional feature set fa2.

Laplacian eigenvectors
We use the absolute values of the 10 smaller eigenvectors of the Normalized Laplacian (discarding the smallest λ0 
= 0). These spectral embeddings capture the network’s mesoscopic structure — such as community organization 
and smooth variations in connectivity, which are informative for downstream analysis39. The eigenvectors have 
been computed on Octave from the symmetrized graph adjacency matrix. We named this feature set norm_lap.

Node2vec
Node2vec is an algorithm that generates low-dimensional embeddings for nodes in a network using a biased 
random walk approach40. In this process, each node is treated as a word, and the random walk is interpreted 
as a sentence, with embeddings created through a skip-gram method. Network embedding for the two datasets 
is computed independently, using the Python implementation in https://github.com/eliorc/node2vec. For this 
implementation, we have set the dimension of the desired embedding to 10. We named this feature set n2v.

Network-based classifier
The network features above were computed at user-level and were used as predictors for tweet vaccine stance. We 
employed logistic regression, ridge classification, and a dense neural network as classifiers, all implemented with 
5-fold cross-validation. Within each validation fold, we centered the features around the fold training set center 
of mass, with the StandardScaler function of scikit-learn.

Text classifier
For text classification, we tested two Deep Learning language models, namely Italian BERT base ​(​​​h​t​t​p​s​:​/​/​g​i​t​
h​u​b​.​c​o​m​/​d​b​m​d​z​/​b​e​r​t​s​​​​​) and AlBERTo26, both implemented through the HuggingFace transformers library 
in Python. BERT is a bidirectional Transformer-based model pretrained with a masked language modeling 
objective, enabling it to learn deep contextual representations of words from large unlabeled corpora28. Both 
these models were pre-trained on large corpora of Italian text: the first one was pre-trained on a large dump 
of the Italian version of Wikipedia, while AlBERTo was specifically pre-trained on italian tweets. Both these 
models were successively fine-tuned by us on our first dataset of 1.4 M tweets collected up to January 2021, 
performing a domain adaptation, to improve the performance on the specific field of COVID19 tweets. To do 
this, we identified the most common words from our tweet datasets that were absent from BERT’s vocabulary, 
added them to the vocabulary, and then trained the classification model. To determine the best model between 
the BERT and AlBERTo, we compared their vaccine stance classification accuracy a 5-fold cross-validation on 
the training set.

Integrated classifier and performance evaluation
We selected the best network classifier and the best text classifier based on the K-Fold cross-validation as detailed 
in the Data paragraph of the Methods section.

We have compared these models’ performance using accuracy, Matthews coefficient, per-class F1 scores 
and average F1 score, intended as the mean of the per-class F1 scores. The actual choices of models and 
hyperparameters operated on the training set through CV were operated to maximize the CV accuracy because 
the training set is perfectly balanced.

We then built an integrated classifier with a mixture-of-experts approach41, combining the predicted class 
probabilities of the network and text classifiers. The two sets of predicted probabilities were summed with a 
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relative weight w. A weighted average of probabilities estimated by two different classifiers is the simplest and 
most interpretable way of combining them. The optimal value of w has been chosen as the one maximizing the 
accuracy on a 5-fold CV in the 1st dataset training set.

To compare the performance of the network classifier, the text classifier, and the integrated classifier, we 
computed the predictions on the 1st dataset test set and evaluated the aforementioned metrics.

To test the resilience of the classifiers across the passing of time and eventual concept drift, we repeated the 
evaluation on the 2nd dataset, containing tweets collected and annotated more than a year later than the 1st, as 
detailed in the Data paragraph of the Methods section.

Results
We developed various network features, beginning with the clustering of users into communities, specifically 
utilizing the Leiden algorithm. We decided to retain communities that together account for at least 90% coverage 
of all the users, which resulted to be six communities plus one for the excluded elements. The distribution is 
illustrated in Fig. 1.

In Fig. 2, it’s shown the network layout computed with fa2 and colored according to community membership. 
The distribution of fa2 user coordinates displays two main blocks separated over the y-axis, with one of them 
mainly composed of one community.

Once we built a set of network features and text embeddings, we proceeded to build our classifiers. As 
explained in the Methods section, we compared various classification models, in particular an elastic net with 
different mixing parameter value (from now called “enet_x” with x being the mixing parameter value), a logistic 
regression with L1 penalization (named from now “l1”) and a logistic regression with L2 penalization (named 
from now “l2”) over the different network feature sets (see Table 1).

For all the combinations, we obtained an accuracy better than a random guess, which would be 0.33 for 
a 3-class classifier. For each network feature, the accuracies are not statistically different using different 
penalization types. We also tried a non-linear model, specifically a dense neural network with 5 layers with (128, 
64, 256,128,3) neurons, but the results did not improve (maximum accuracy = 0.61 ± 0.04). Based on the results 
presented in Table 1, we concluded that the different penalization values do not drastically influence the classifier 
cross-validation performances. Nonetheless, for each network feature we used the penalization maximizing its 
accuracy on Table 1.

For the text-only classifiers, we observed a higher cross-validated accuracy for AlBERTo (0.67 ± 0.04) than 
for BERT base (0.52 ± 0.04), following domain specific fine-tuning of the language models on the tweets of the 
first dataset.

We then paired each of the top-performing models with AlBERTo predictions. The predicted probabilities 
coming from the text and network classifiers have been combined as in the following:

	 prob = w · probBERT + (1 − w) · probnetwork

Fig. 1.  Community distribution using Leiden algorithm fixing the 90% coverage, The first six communities 
cover the 90% of the first dataset, while the remaining 10% of the users is placed in the seventh community.
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with w a weight being fine-tuned with cross-validation over the training set. In Table 2 we show the results from 
these combination, which were utilized to determine which network feature performed better when associated 
with the text.

Again, the results demonstrate a similar level of accuracy, with the difference between the best-performing 
and the worst-performing being approximately 1%, and comparable w weights for the combination of classifiers. 
Most network features increased their accuracy by about 7–8% when integrated with the text classifier. The 
network feature characterized by the worst performance when considered alone shows the biggest increase in 
accuracy (about 12%). Even though fa2 and n2v embeddings performed similarly, we decided to use fa2 + text 
for the following analysis because it allows better recalculation of embeddings following the addition of new 

n2v + text fa2 + text norm_lap + text norm_leiden + text norm_lab_prop + text

Model enet_025 l2 l1 enet_075 l1

Weights 0,602 0,621 0,607 0,665 0,619

Accuracy 0.71 ± 0.04 0.71 ± 0.05 0.69 ± 0.04 0.70 ± 0.03 0.70 ± 0.03

f1_score 0.71 ± 0.04 0.69 ± 0.04 0.69 ± 0.04 0.70 ± 0.03 0.70 ± 0.03

Matthews_coefficient 0.57 ± 0.05 0.57 ± 0.056 0.55 ± 0.05 0.55 ± 0.04 0.56 ± 0.04

Table 2.  Combination weights for each network feature + text couple. Using AlBERTo’s probabilities for 
the text part and the best model (first row) for the network feature, the accuracies are computed from the 
cross-validation set. In bold, the best-performing couple text + network feature. We observe very comparable 
performances and also a similar weight for the text + network combination of classifiers.

 

enet_025 enet_05 enet_075 l1 l2

n2v 0.631 ± 0.015 0.630 ± 0.013 0.624 ± 0.011 0.625 ± 0.011 0.629 ± 0.013

fa2 0.62 ± 0.02 0.620 ± 0.019 0.619 ± 0.018 0.619 ± 0.019 0.62 ± 0.02

norm_lap 0.613 ± 0.012 0.613 ± 0.012 0.614 ± 0.010 0.617 ± 0.010 0.613 ± 0.011

norm_leiden 0.628 ± 0.017 0.628 ± 0.017 0.630 ± 0.017 0.629 ± 0.015 0.629 ± 0.017

norm_lab_prop 0.594 ± 0.012 0.596 ± 0.012 0.594 ± 0.013 0.597 ± 0.014 0.595 ± 0.014

Table 1.  Model cross validation accuracy comparison for each network feature. In bold, the best-performing 
model per feature. Each row represents a different set of network features: in order node2vec, ForceAtlas 2 
coordinates, normalized laplacian eigenvectors and normalized community participation ratios obtained with 
Leiden algorithm and with label propagation. Each column represents a different classifier: elastic net with 
different mixing parameters (0.25,0.5,0.75 named enet_025, enet_05 and enet_075), logistic regression with L1 
and L2 penalizations.

 

Fig. 2.  Network layout using fa2 algorithm. Different colors denote the distinct Leiden communities 
represented in the visualization. a: first dataset, b: second dataset, N: number of users.
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nodes or links. In fact, fa2 allows to use the positions obtained on the first set network as starting points for 
calculation in the second test network for nodes present in both sets. On the contrary, node2vec needs to 
be reinitialized from scratch, with no memory of the first test set, with the risk of affecting the classification 
parameters previously estimated.

For each combination, a slightly higher weight was assigned to the probabilities provided by the text classifier. 
This choice is probably due to the fact that the text classifier has more balanced probabilities across the three 
classes. In contrast, the network classifier tends to produce more extreme probability values. For this reason, a 
balanced combination of the two classifiers requires boosting the probabilities calculated by the text classifier, 
which otherwise would not affect the final result.

We then evaluated the best model for each feature on the first and second test sets, comparing the various 
metrics to gain a more comprehensive understanding of the model behavior. In Table 3, we show the performance 
of each model on the first test set.

The results of the first test set, which is composed of tweets extracted in the same time period as the training 
set, show a significant performance improvement when combining textual and network information, as opposed 
to using a single-feature classification approach. Furthermore, we acknowledge that a major challenge in 
classifying network features arises from the positioning of neutral tweets. This is largely due to the relative ease of 
network features in distinguishing classes inside highly polarized systems, such as pro-vaccine and anti-vaccine 
users. As shown in the confusion matrices of Supplementary Figure S2, when network features are included, the 
classifiers have less chance of misclassifying AntiVax for ProVax and vice versa. The performance of the single 
network feature is in fact notably superior to that of text classification when identifying ProVax or AntiVax 
tweets (see Fig. 3; Table 3).

The text classifier demonstrates greater consistency in classifying all three categories (see also Supplementary 
Figure S2). This leads to poorer outcomes concerning the network classifier when dealing with pro- and anti-
vaccine users while showing significantly better performance in classifying neutral users. When both features are 

Fig. 3.  F1 scores per class in (a) first test set and (b) in the second dataset, for the integrated classifier 
(fa2 + text), and classifiers based on fa2 and text separately.

 

n2v fa2 norm_lap norm_leiden norm_lab_prop text fa2 + text

Accuracy 0.56 ± 0.03 0.55 ± 0.03 0.42 ± 0.03 0.57 ± 0.03 0.53 ± 0.03 0.52 ± 0.03 0.62 ± 0.03

Average_f1_score 0.57 ± 0.03 0.49 ± 0.03 0.34 ± 0.02 0.56 ± 0.03 0.44 ± 0.02 0.52 ± 0.03 0.61 ± 0.03

Pro_vax_f1_score 0.60 ± 0.04 0.60 ± 0.04 0.46 ± 0.05 0.57 ± 0.04 0.61 ± 0.04 0.45 ± 0.05 0.65 ± 0.04

Neutral_vax_f1_score 0.41 ± 0.04 0.15 ± 0.04 0.03 ± 0.03 0.38 ± 0.05 0.00 ± 0.00 0.56 ± 0.04 0.42 ± 0.05

Anti_vax_f1_score 0.69 ± 0.04 0.73 ± 0.04 0.54 ± 0.04 0.72 ± 0.04 0.71 ± 0.04 0.55 ± 0.04 0.74 ± 0.04

Matthews_coefficient 0.35 ± 0.04 0.38 ± 0.04 0.18 ± 0.04 0.38 ± 0.04 0.38 ± 0.03 0.28 ± 0.05 0.47 ± 0.04

Table 3.  Full metrics results on the first test set, each feature’s results are computed using the best model for 
the specific feature. In bold, the best feature per metric. “average_f1_score” is the unweighted average of the 3 
per-class f1-scores. “matthews_coefficient” is the Matthew’s correlation coefficient for classification.
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combined, the overall effect is averaged, resulting in a still inferior performance on neutral elements compared 
to the other two categories.

However, there is an improvement of approximately 30% for the F1 score of the worst performing (Neutral) 
class when comparing classification using fa2 + text versus the results obtained using only fa2.

We then evaluated our model on the second test set (see Table  4), collected and annotated more than a 
year later. This comparison aims to assess the model’s robustness to temporal drift and to determine whether 
modifications to the network structure and textual approach significantly impact the model’s ability to adapt.

On this second dataset, the accuracy of the integrated classifier is comparable to the one computed on 
the first test set, while we observed a small decrease in average F1-score and Matthew’s coefficient. The high 
accuracy is partially motivated by the imbalance of class labels in the second dataset, which features an increased 
prevalence of the best-performing class (i.e. AntiVax). Considering the performance of the network features, 
which we already observed to perform better on polarized classes, we observed a higher accuracy than on the 
initial dataset (excluding n2v). N2v worse performances are likely explained with the mis-alignment of first and 
second set embeddings, which is caused by the absence of memory in node2vec computation, as we commented 
also before. Among the network features, fa2 and norm_leiden have an average F1 score comparable to those 
in the first test set, and perform relatively better than the other features. The text-only classifier experienced 
a decline in performance over Neutral and ProVax tweets, as also reflected in the average F1-score, while the 
F1-score on AntiVax tweets improved, possibly implying that AntiVax users kept their arguments more stable 
over time, while ProVax and Neutral users likely changed the content of their tweets. As shown in the confusion 
matrices in Supplementary Figure S3, ProVax and AntiVax tweets are almost fully recognized by network-based 
classifiers.

Discussion
In this study, we explored the interplay between network features and textual data for the automated classification 
of user stance on vaccines in online social networks. We collected a Twitter dataset comprising almost 20 million 
vaccine-related tweets, and we compared the tweet-classification performance of classifiers using text and 
network features together or separately. We considered all tweets mentioning the “vaccine” topic without any 
specific preselection, thus, with a more general applicability than other approaches considering only tweets 
selected through filtering or tagging.

Text-only and network-only classifiers had similar accuracy but with different characteristics, and the 
integrated classifier over-performed them across all the performance metrics. On the one side, the text classifier 
helps in recognizing neutral tweets, while network features helped to better classify tweets belonging to the 
two extreme classes despite being computed at user-level: this suggests that to detect extremal vaccine stances 
it could be more effective to see where a user is placed within the social network rather than what they actually 
write. This result not only confirmed the well-known association between user opinions and social network 
structure14,22,33,34, but also showed how to use this knowledge to improve automated stance classification on 
polarizing topics. From a communication strategy perspective, this result could be particularly valuable, as 
undecided individuals are often the most responsive to tailored messaging. Targeted interventions, especially 
when informed by behavioral and psychographic data, have been shown to increase engagement and persuasion 
effectiveness42,43.

On the other side, network-based classification remained stable on the second test set, while the text-only 
classifier suffered a significant drop in performance. This suggests that tweet content and language could drift 
faster than the topology of the network, possibly needing continuous re-training of the language models as 
previously observed in similar contexts44.

In detail, when looking at differences in accuracy for the different classes, on the second dataset the text 
classifier failed to identify pro-vaccine users, likely due to changes in the content of tweets from users in favor 
of vaccination at the beginning of the vaccination campaign. By manually inspecting ProVax tweets, we noticed 
that the users in the first dataset were mostly communicating their intention to vaccinate, and this did not happen 
anymore in the second period.Moreover, the prevalence of the different classes changed in the second dataset, 
with ProVax users seeming less prone to participate in the online debate. This imbalance shift toward AntiVax 
tweets ican be attributed to a waning interest in the topic after the most critical phase of the vaccination process 
was completed. The users who remained most vocal on the subject were the integralist AntiVax proponents, 

n2v fa2 norm_lap norm_leiden norm_lab_prop text fa2 + text

Accuracy 0.24 ± 0.02 0.64 ± 0.02 0.71 ± 0.02 0.69 ± 0.02 0.74 ± 0.02 0.54 ± 0.03 0.66 ± 0.02

Average_f1_score 0.132 ± 0.010 0.51 ± 0.03 0.277 ± 0.005 0.52 ± 0.03 0.46 ± 0.02 0.40 ± 0.03 0.55 ± 0.03

Pro_vax_f1_score 0.00 ± 0.00 0.54 ± 0.07 0.00 ± 0.00 0.50 ± 0.07 0.51 ± 0.07 0.16 ± 0.06 0.53 ± 0.07

Neutral_vax_f1_score 0.39 ± 0.03 0.21 ± 0.04 0.00 ± 0.00 0.23 ± 0.05 0.00 ± 0.00 0.37 ± 0.04 0.32 ± 0.04

Anti_vax_f1_score 0.012 ± 0.009 0.785 ± 0.019 0.832 ± 0.015 0.83 ± 0.02 0.87 ± 0.01 0.67 ± 0.02 0.80 ± 0.02

Matthews_coefficient 0.02 ± 0.03 0.23 ± 0.04 0.00 ± 0.00 0.29 ± 0.04 0.35 ± 0.04 0.15 ± 0.04 0.30 ± 0.04

Table 4.  Full metrics results on the second test set, each feature’s results are computed using the best model for 
the specific feature. In bold, the best feature per metric. “average_f1_score” is the unweighted average of the 3 
per-class f1-scores. “matthews_coefficient” is Matthew’s correlation coefficient for classification.
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which account for the observed disparity. It is, in fact, well-known that vocal minorities are more comfortable 
expressing unpopular views45, and this has already been observed in the context of vaccine hesitancy46.

Conclusion
In this study, we addressed the issue of short text messages classification in social media with respect to their 
vaccine stance. Our results showed that text-classifiers help to better recognize the intermediate class, which 
likely differs by tone and content, while network features have the power to maintain a better performance over 
time, possibly because the social network structure is more stable. Network based features have also proven to 
be particularly helpful to classify the most extreme classes toward vaccine stance, showing the potential of this 
approach in the context of highly polarizing topics.

Data availability
Anonymized tweets (no text), network features and manual annotations are deposited in Zenodo: ​[​​​h​t​t​p​s​:​/​/​d​o​i​.​
o​r​g​/​1​0​.​5​2​8​1​/​z​e​n​o​d​o​.​1​5​4​6​2​6​1​9​​​​​]​. The code is hosted on Github at ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​F​r​a​D​u​​r​a​z​z​i​​/​T​w​i​t​t​​e​r​V​a​c​c​​i​n​
e​/​t​r​​e​e​/​t​i​g​h​t​_​d​e​a​d​l​i​n​e​s.
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