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Abstract Fake news is an emerging problem in online news and social media.
Efficient detection of fake news spreaders and spurious accounts across multiple
languages is becoming an interesting research problem, and is the key focus of
this paper. Our proposed solution to PAN 2020 fake news spreaders challenge
models the accounts responsible for spreading the fake news by accounting for
different types of textual features, decomposed via sparse matrix factorization,
to obtain easy-to-learn-from, compact representations, including the information
from multiple languages. The key contribution of this work is the exploration of
how powerful and scalable matrix factorization-based classification can be in a
multilingual setting, where the learner is presented with the data from multiple
languages simultaneously. Finally, we explore the joint latent space, where patterns from individual languages are maintained. The proposed approach scored
second on the 2020 PAN shared task for identification of fake news spreaders.
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Introduction

The notion of fake news refers to distortions of news with the intention to affect the
political landscape and to create confusion and divisions in society. Even if the phenomenon of fake news is not new, the scale and impact of fake news has never been so
important than today, which can be attributed to the digital transformation of the news
industry, and especially to the rise of social media as a news distribution channel. [6]
One of the crucial problems is the recognition of fake news spreaders. For example,
Twitter bots (fake accounts) are capable of generating fake information and propagating
it through their follower networks, which can impact real-life entities such as stock
markets and possibly even elections [4]. Automatic detection of such spreaders is thus
becoming one of the key approaches to minimize the manual annotation costs employed
by the social media owners. This work fits under the framework of the PAN author
profiling tasks [21,19], and describes our approach submitted to the PAN 2020 shared
task on Profiling Fake News Spreaders on Twitter [22].
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This paper is structured as follows. In Section 2 presents related work, Section 3, we
discuss the problem addressed in this work. Next, in Section 4, we discuss the proposed
method, followed by empirical evaluation and discussion.
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Related work

A critical mass of fake news can have serious, real-life consequences, and can for example impact election process [3]. Distinguishing between real and fake news content has
been addressed by linguistic approaches focusing on text properties, such as the writing style and content [18] and by network approaches, where using network properties
and behavior are ways to complement content-based approaches that rely on deceptive
language and leakage cues to predict deception. [1] A very relevant subtopic of fake
news research is detection of fake news spreaders. Commonly, fake news spreaders
are implemented as bots [23], and are able to carry out the spreading process in completely automated manner. It is still researched, whether active prevention of fake news
spreading is a viable tactic, and to what extent it can be implemented in real-life online
systems [15]. Further, previous PAN submissions on the topic of bot prediction indicate
(e.g., [11]), that the best models perform well when different types of textual features,
entailing semantic, as well as morphological information, are used.
Twitter fake news spreaders can be captured in their own social bubbles, which was
shown to be an efficient defense tactic [10]. Here, simple tweet frequency distributions
were already indicative of spurious behavior. Classification via features, such as the
account age and similar was also shown to work well [7]. In a recent survey [24], the
authors emphasize that fact-checking is an important step in maintaining online social
media quality. By employing automated systems, capable of prioritizing potentially
interesting users, less time is spent on manual curation, which can be an expensive and
time-consuming process.
Traditional classifiers with extensive feature engineering seem to be pervasive in
the literature about distinguishing between bots and humans but there was also some
attempts to tackle the task with neural networks. In the recent work, [5] proposed a
behavior enhanced deep model (BeDM) that regards user content as temporal text data
instead of plain text and fuses content information and behavior information using a
deep learning method. They report an F1-score of 87.32% on a Twitter-related dataset.
Finally, low-dimensional representations have recently been shown to perform well for
social media-based profiling [20].
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Problem description

Provided a timeline of chosen tweets of ground truth labeled data consisting of fake
news spreaders and non-spreaders, the goal is to decide if a new author is a spreader of
fake news or not. Formally, we are given a decision problem which states:
Given an author A who tweets in language L ∈ {English ∨ Spanish} and from the
collection of tweets C, given a subset of tweets CA (of an author A),
CA = t1 , t2 , . . . , tn

where

ti

represents a tweet content,

find a decision function that maps f : CA 7→ author reliability, hence
(
0
a non fake-news spreader;
f (C(A)) =
1
a fake-news spreader;
This decision problem is specialization of the problem of author profiling. It requires
learning a representation from CA , suitable for approximating f . The provided data
consists of tweets by 300 English and 300 Spanish authors respectively, respectively.
For each author 100 tweets are provided making a total of 300000 English and
300000 Spanish tweets. The balance of classes is consistent for both languages, both
having 150 negative and 150 positive samples, as shown in Table 1.
Table 1. Dataset distributions
Language spreaders non-spreaders
English
150
150
Spanish
150
150
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Method description

The following section includes description of the proposed method with the corresponding intermediate steps.
4.1

Pre-processing

First, the tweets from each author are concatenated, and only the printable characters
are kept, which means no non-printable characters are preserved. Data pre-processing
for both English and Spanish includes the following steps:
1. From the original data punctuation is removed
2. URL and hashtags are removed from the result of step (1)
3. stop-words are removed from the output of step (2).
4.2

Automatic feature construction

For each author’s collection of tweets we initially define a collection of candidate n features from the pre-processed data which are iteratively selected and weighted, similarly
to Martinc et. al. [12]. Features generated in the construction are based on choosing
following feature types:
– character based: each of the texts is tagged with character n-grams of size 2 and
3 characters and generates a predetermined maximum allowed number of features
ranging from n2 up to 15000 features.
– word based: each of the texts is tagged with word n-grams of size 1 and 2 words
and generates a preconditioned maximum allowed number of features ranging from
n
2 up to 15000 features.
At this we have prepared word and character features from each author’s collection of
tweets, ready to be used in the feature selection step.

4.3

Dimensionality reduction via matrix factorization

Next, we perform sparse singular value decomposition (SVD)1 [8] that can be summarized via the following expression:
M = U ΣV T .
The final representation (embedding) E is obtained by multiplying back only a portion
of the diagonal matrix (Σ) and U , giving a low-dimensional, compact representation
of the initial high dimensional matrix. Note that E ∈ R|D|×d , where d is the number
of diagonal entries considered. The obtained E is suitable for a given down-stream
learning task, such as classification (considered in this work). Note that performing
SVD in the text mining domain is also commonly associated with the notion of latent
semantic analysis.
4.4

Classifier selection

Classification model we aimed for in this task was to be robust yet highly flexible,
one that will score well on the prepared data without using many features or extensive
processing power. Following this goal we conducted a series of experiments, trying different representations with corresponding linear models as presented in Section 5. The
classifiers used were the following (from scikit-learn [17]): Random Forest, Logistic
Regression and the Support Vector Machines [9].
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Conducted experiments

Considering the size of the dataset and the distribution of the data within the dataset,
we preformed a series of experiments. All of them aimed to test the pipeline described
in the Section 4. The experiments conducted can be divided into two main categories,
based on the language considered by a given model:
1. Multilingual - Both languages’ data is fused together and is subject to the same
feature construction and representation creation steps.
2. Monolingual - For each language in the dataset, English and Spanish, we create a
separate pipeline, that is also executed exclusively on the data from a given language.
For both approaches we performed extensive grid search over parameter space to
find best hyper-parameter configuration with the help of Scikit’s Learn GridSearchCV
function. By doing 10-fold cross validation, the grid consisted of reducing the dimensions parametrized by k in the following interval:
k ∈ [128, 256, 512, 640, 768, 1024]
and the number of generated n features from the interval
n ∈ [2500, 5000, 10000, 20000, 30000].
1

https://scikit-learn.org/stable/modules/generated/sklearn.decomposition.TruncatedSVD.html

Monolingual variant was based on splitting the data from each language separately into
training 90% and 10% validation set, obtaining 270 training examples Ctraining and 30
validation examples Cvalidation . Such splits were obtained for each language. Only training data was used for feature construction and dimensionality reduction.
Multilingual variant merged the data from both languages and after that the same approach as previously was applied. Merging the data from both languages potentially
reduces the computational load required to train two separate models. Data was split
into training 90% and 10% validation set, obtaining 540 training examples Ctraining and
60 validation examples Cvalidation . In each iteration we generated n features in R540xn ,
reduced them to dimension k obtaining a matrix from the space R540xk .
SVD

g(Ctraining , n features) : RN xn −−→ RN xk

where g denotes the 4.3 process.

Once constructed, the feature space was subject to learning. We experimented with both
logistic regression and linear SVMs and in initially some experiments were conducted
with RandomForest model, of which hyperparameters we optimized in 5-fold cross
validation considering the size of the dataset. Finally, we tested the performance on the
Cvalidation set.

Figure 1. English Distribution

Figure 2. Spanish Distribution

Figure 3. Merged Distribution
Figure 4. Visualization of the latent spaces used to train the final models. The orange color corresponds to spread and the blue to non-spreader. The plots indicate the number of clusters is
maintained in the latent space.

We visualise the distribution of the dataset reduced to 2 dimensions using UMAP
[13] dimensionality reduction in Figure 4. Figures 1 and 2 represent the visualization

with the best monolingual model described in Chapter 6, Figure 3 represents the joint
latent space generated by the multilingual model described in the same chapter.
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Results

We constructed two baselines one that was based on TF-IDF on Logistic Regression
(LR) with L1 regularization and the second was doc2vec modeled with RandomForest
(RF) as classifier. The array of experiments conducted yielded the results presented in
Table 2, and the outcomes of our final submission in Table 3.
As discussed in Section 5 all training was conducted by using Ctraining data and the
validation was done on Cvalidation set. The next presented Table 2 shows the model results
as measured on TIRA training evaluation on the whole C validation ∪ C training data.

name
tfidf_large
tfidf_tweet_tokenizer
tfidf_small
tfidf_cv
tfidf_no_hash
doc2vec_baseline
tfidf_tpot_baseline
tfidf_baseline

type #features #dimensions model
multi 5000
768
LR
multi 5000
768
LR
mono 5000
512
SVM,SVM
mono 10000
768
SVM,SVM
multi 10000
768
LR
mono 100
#
RF,SVM
mono 30000
#
LR,SVM
mono 10000
#
LR,LR
Table 2. Final training data on TIRA.

EN ACC
0.9633
0.9633
0.9700
0.9100
0.9300
0.6428
0.7500
0.5567

ES ACC
0.9867
0.9533
0.4900
0.9367
0.9067
0.6971
0.7400
0.7033

The final un-official evaluation as reported on TIRA’s page is presented in Table 3.

name
type #features #dimensions model EN ACC ES ACC
tfidf_large multi 5000
768
LR
0.7150 0.7950
tfidf_cv mono 10000
768
SVM,SVM 0.7000 0.7950
Table 3. Un-official evaluation on test data on TIRA

The Model column in Table 2 refers to the classifiers used, such that if two classifiers
are present the model is monolingual - the first classifier is for English and the second
one for Spanish and in case the model is multilingual only one classifier is used. The
type column discriminates between the number of languages the model is trained on.
Name column consists of vectorizer used and is followed by dimension size or type of
tokinizer used or, dimensions column denotes the number of dimenstions SVD reduces
to.

As it can be seen the highest evaluation score on our training data was obtained
by the multilingual model tfidf_large, with the following hyper-parameters: k = 768
dimensions, n = 5000 features, Logistic Regression classifier with λ 2 = 0.002 and
fit_intercept= F alse.
Monolingual model that preformed best is tfidf_cv which for English is paramatrized as SVM model with the following hyper-parameters: α = 0.001, λ 1 = 0.8 while
penalizing elastic-net, loss-function = hinge and power_t = 0.5 and for Spanish of SVM
model with hyper-parameters: α = 0.0005, λ1 = 0.25 while penalizing elastic-net, lossfunction = hinge and power_t = 0.9 .
The more detailed insight into the performance of the best performing models over
the inference of the number of word and char n-grams and the accuracy on the 5fCV of
the models is also given in Figures 5 and 6. The figures show the performance of the
best mono and multilingual models – the confidence intervals indicate the variability
obtained when repeating the experiments

Figure 5. Best monolingual model on eval data. Figure 6. Best multilingual model on eval data.
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Availability

The code and the pilot experiments are freely available at https://gitlab.com/skblaz/pan2020.
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Discussion and Conclusions

The series of experiments conducted as a part of this work indicates, n-grams for the
task of Author Profiling are still sufficient and method compared to more complex methods as transformers and word2vec [14] alike, which can easily overfit when considering
only hundreds of instances. As part of the initial experiments, we also attempted to
include semantic features [25], however, the results were not significantly better (nor
worse), but only added to the computational time, hence such features were omitted
from the final solution. We tried to change the feature space by trying different NLTK

[2] tokenizers - TweetTokenizer and the TPOT [16] automatic model generation and
selection, however results obtained were similar to the ones obtained by manual construction. The joint vector space, obtained by merging the data from both languages
maintains the patterns, observed when projecting individual language data sets, indicating merging of the data is a suitable tactic that does not result in complete loss of
information.
Further on we can focus on exploring the possibility for detecting fake news profiles across different languages by first considering Latent Semantic Analysis across
different language settings, further segmenting the semantic space prior to learning.
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