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A B S T R A C T

A considerable body of research deals with the automatic identification of hate speech and
related phenomena. However, cross-dataset model generalization remains a challenge. In this
context, we address two still open central questions: (i) to what extent does the generalization
depend on the model and the composition and annotation of the training data in terms of
different categories?, and (ii) do specific features of the datasets or models influence the
generalization potential? To answer (i), we experiment with BERT, ALBERT, fastText, and SVM
models trained on nine common public English datasets, whose class (or category) labels are
standardized (and thus made comparable), in intra- and cross-dataset setups. The experiments
show that indeed the generalization varies from model to model and that some of the categories
(e.g., ‘toxic’, ‘abusive’, or ‘offensive’) serve better as cross-dataset training categories than others
(e.g., ‘hate speech’). To answer (ii), we use a Random Forest model for assessing the relevance
of different model and dataset features during the prediction of the performance of 450 BERT,
450 ALBERT, 450 fastText, and 348 SVM binary abusive language classifiers (1698 in total). We
find that in order to generalize well, a model already needs to perform well in an intra-dataset
scenario. Furthermore, we find that some other parameters are equally decisive for the success
of the generalization, including, e.g., the training and target categories and the percentage of
the out-of-domain vocabulary.

. Introduction

The transformation of the internet into a universal communication forum used by nearly everyone has led to a considerable
ncrease of online hate speech, in particular in social media. While in the US, courts have repeatedly ruled that hate speech is
overed by the Freedom of Speech Amendment of the US Constitution (Herz & Molnár, 2012), the EU Code of Conduct requires
he social media industry to identify and remove hate speech in less than 24 h after its appearance.1 To combat hate speech, some
ocial media companies (cf. e.g., Facebook and Instagram) automatically remove messages if they appear to be similar enough to the
essages in their hate speech reference database. However, a mere removal is often not sufficient in legal terms: some types of hate

peech, including, for instance, aggression, threats, racism, etc. are subject to criminal persecution by law enforcement agencies.
o far, only human moderation, as relied upon, e.g., by Twitter, ensures that these types of hate speech are identified. But human
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moderation is expensive and, in addition, often implies a significant negative psychological impact on the moderators (Roberts,
2019). This calls for automation of the procedure.

Over the last decade, a considerable body of work has been carried out in the area of automatic identification and classification
f hate speech and related phenomena in terms of fine-grained categories such as, e.g., ‘racism’, ‘sexism’, ‘hate speech’, etc.; cf.,
.g., Davidson, Warmsley, Macy, and Weber (2017), Fortuna and Nunes (2018), Mossie and Wang (2020), Salawu, He, and Lumsden
2020), Schmidt and Wiegand (2017), Swamy, Jamatia, and Gambäck (2019) and Waseem and Hovy (2016). However, as argued,
.g., in Badjatiya, Gupta, Gupta, and Varma (2017), most of the research focused so far on a single dataset, with data collected from
single social media platform. Furthermore, in contrast to other research areas, so far no datasets have been established as standard
enchmarks. Researchers often compile datasets of limited size and diversity. Moreover, guidelines for annotation of abusive
anguage content that focus on one specific dataset are prone to shortcuts, dataset-specific rules and over-simplifications (Vidgen &
erczynski, 2021). This is critical since the use of different, sometimes theoretically ambiguous or misleading, terms for equivalent
ategories impedes the reuse of resources (Kumar, Ojha, Malmasi, & Zampieri, 2018; Vidgen et al., 2019). It also raises the question
n how state-of-the-art models trained on one or several commonly used datasets perform on cross-dataset classification. Should
hey perform well, they can be used, e.g., for assisting manual moderation of the large-scale heterogeneous data in social media.

Recently, several studies tackled the question of cross-dataset classification; cf., e.g., Arango, Pérez, and Poblete (2019, 2020),
handrasekharan, Samory, Srinivasan, and Gilbert (2017), Karan and Šnajder (2018), Salminen et al. (2020), Swamy et al. (2019)
nd Waseem, Thorne, and Bingel (2018). However, these studies consider only a limited number of datasets (and thus a limited
umber of categories), as, e.g., Waseem et al. (2018), or they merge all categories into one positive2 category (e.g., ‘abusive’), which

is then contrasted to a negative category (e.g., ‘not abusive’), as, e.g., Karan and Šnajder (2018) and Swamy et al. (2019). Both the
limitation in scope and the fusion of the original categories of the different datasets into one generic category impede a conclusive
answer on the generalization potential of abusive language classification models across datasets. To address this problem, we analyze
the cross-dataset performance of two state-of-the-art models, BERT (Devlin, Chang, Lee, & Toutanova, 2019) and ALBERT (Lan et al.,
2020), and two baselines, fastText (Bojanowski, Grave, Joulin, & Mikolov, 2017), and SVM (Pedregosa et al., 2020), trained on nine
of the most common abusive languagedatasets in English.3 To be able to compare the performance of such models across datasets,
we normalize the original dataset categories using the conversion schema proposed by Fortuna, Soler, and Wanner (2020). To better
understand the generalization potential of the classifiers, we assess the performance of 450 BERT, 450 ALBERT, 450 fastText, and
348 SVM binary abusive language classifiers (1698 in total) based on different features, using a Random Forest model.

Overall, our contribution is threefold:

• using a standardized category schema, we are able to identify dataset categories which favor the generalization potential of a
model;

• we provide clear evidence that, in contrast to the argumentation in some recent works, e.g., Gröndahl, Pajola, Juuti, Conti,
and Asokan (2018), the model itself is equally of high relevance for generalization;

• we identify the dataset features and models that are responsible for a higher degree of generalization.

In the next section, we review the related work on the cross-dataset abusive language model generalization. Section 3 outlines
the set up of our experiments. Section 4 introduces the results of the experiments and discusses them and, finally, Section 5 draws
some conclusions and outlines some lines of our future work.

2. Related work

In what follows, we present in Section 2.1 the most common datasets collected from a single platform, which we use in our
experiments. Since our main goal is to explore the cross-dataset generalization potential of abusive language classification models,
we limit our review of the related work in Section 2.2 to the relevant works on cross-dataset classification.4

2.1. Main datasets in hate speech research

Table 1 lists the main datasets used in the field and the categories these datasets are annotated with; the dataset identifiers (Ids)
in the table are used henceforth to refer to each specific corpus.

2 With ‘‘positive category’’ we refer to the class that we want to detect, as is traditionally done in machine learning, e.g., Sebastiani (2002).
3 In the first phase of our experiments, we assessed the use of a variety of other deep learning models. However, based on previous works, cf., e.g., Pedregosa

t al. (2020), who report poor cross-dataset performance when using CNN+GRU, LSTM, and ULMFiT for abusive language detection on several hate speech
datasets, and on our own experience, we opted to focus on transformer models and on FastText, which shows results that are on par with above mentioned
learning models in terms of accuracy and an order of magnitude faster in performance. We further run a number of experiments with SVMs to assess the
performance of models that have been very prominent in the field until very recently.

4 A research area in which recently data from different social media platforms have also been merged in order to identify messages in an out-of-domain
2

context is content moderation (Chandrasekharan et al., 2017). However, the discussion of the works in this area is beyond our scope.
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Table 1
Main hate speech datasets (‘Id’: identifier we use as reference; ‘Categories’: annotation categories; ‘Size’: number of instances, ‘Source’: data source; ‘Performance’:
best score achieved on the dataset and reference (F1 for all datasets, except Stormfront ; accuracy for Stormfront); ‘Reference’: dataset reference.

Id Categories Size Source Performance Reference

W&H racism, sexism 16,914 Twitter 0.88 (Swamy et al., 2019) Waseem and Hovy (2016)
Waseem racism, sexism, both 16,914 Twitter 0.74 (Karan & Šnajder, 2018) Waseem (2016)
Davidson hate speech, offensive 24,802 Twitter 0.96 (Swamy et al., 2019) Davidson et al. (2017)
Ami misogynous 5000 Twitter 0.66 (Pamungkas & Patti, 2019) Fersini, Nozza and Rosso (2018)
Stormfront hate speech 9656 Stormfront 0.73 (de Gibert, Perez,

García-Pablos, & Cuadros, 2018)
de Gibert et al. (2018)

TRAC covert aggression, overt
aggression, aggression

15,000 Facebook 0.77 (Swamy et al., 2019) Kumar et al. (2018)

Hateval hate speech, aggression 10,000 Twitter 0.65 (Basile et al., 2019) Basile et al. (2019)
Offenseval offensive 14,000 Twitter 0.83 (Zampieri et al., 2019) Zampieri et al. (2019)
Kaggle threat, identity hate, severe

toxic, insult, obscene, toxic
159,571 Wikipedia 0.78 (van Aken, Risch, Krestel,

& Löser, 2018)
Jigsaw (2019)

Founta normal, spam, abusive, hateful 80,000 Twitter 0.93 (Swamy et al., 2019) Founta et al. (2018)
Kol toxicity 730 Newspaper 0.82 (Karan & Šnajder, 2018) Kolhatkar et al. (2020)
Gao hateful 1069 Fox news 0.49 (Karan & Šnajder, 2018) Gao and Huang (2017)
Wul1 aggressive 69,526 Wikipedia 0.70 (Karan & Šnajder, 2018) Wulczyn, Thain, and Dixon (2017)
Wul2 attack 69,526 Wikipedia 0.71 (Karan & Šnajder, 2018) Wulczyn et al. (2017)
Wul3 toxic 95,692 Wikipedia 0.75 (Karan & Šnajder, 2018) Wulczyn et al. (2017)
Salminen hierarchy with 30 classes 137,098 YouTube 0.79 (Salminen et al., 2018) Salminen et al. (2018)
Almerekhi toxicity 10,100 Reddit 0.83 (Almerekhi, Kwak, Jansen,

& Salminen, 2019)
Almerekhi et al. (2019)

Golbeck harassment 35,000 Twitter 0.39 (Pamungkas & Patti, 2019) Golbeck et al. (2017)

2.2. Cross-dataset classification studies

As already mentioned above, a number of studies address the question of the generalization potential of models in ‘‘cross-
ataset’’ abusive language classification tasks.5 Waseem et al. (2018) experiment on three Twitter datasets, W&H, Waseem, and
Davidson.6 Waseem is an extension of W&H ; both are merged and contrasted against the Davidson dataset. The authors show
that the performance of cross-dataset classification is low; to improve it, training data from the other dataset is needed in that
either the different datasets are merged, or the models trained on one dataset are fine-tuned using transfer learning on the data
of the other dataset. Gröndahl et al. (2018) also report poor cross-dataset performance, but on more datasets and with different
experimental setups. The authors use linear regression, character-based multilayer perceptron, CNN+GRU, LSTM, and ULMFiT for
abusive language detection on W&H, Davidson, Wul2 and Zhang datasets, and show that good performance is achieved only when
tested on the same dataset. Karan and Šnajder (2018) use a broader range of nine different datasets: W&H, Waseem, TRAC, Kol, Gao,
Kaggle, Wul1, Wul2, and Wul3.7 Prior to the experiments, the labels of all datasets are binarized into ‘positive’ (abusive language) and
‘negative’ (not abusive language). This implies that the distinction between the original categories gets lost, which impedes a detailed
analysis of the characteristics of each of them and a fine-grained abusive language classification. Support Vector Machines (SVM)
with unigram-count models are first trained on each of the (re-labeled) datasets and tested on the other eight datasets. Transfer
learning is then used (as in another previous work Waseem et al., 2018), namely, FEDA (‘‘Frustratingly Easy Domain Adaptation’’),
to obtain a certain generalization. The authors conclude that for a good performance on the target dataset classification, it is crucial
to have as training data at least some data from the target dataset. Note, however, that this conclusion is not consistent with the
work of Swamy et al. (2019) and also with our analysis; see Section 4.

All three studies from above also assess the influence of the characteristics of the datasets on cross-dataset classification. Thus,
Waseem et al. (2018) state that the Davidson dataset is easier to classify than the W&H dataset since the vocabulary in the Davidson
dataset contains a high percentage of African American Vernacular English and is thus more homogeneous. Karan and Šnajder
(2018) further hypothesize that differences in cross-dataset performance from dataset to dataset are due to the differences between
the categories of the datasets and the dataset sizes. Gröndahl et al. (2018) also argue that the type of data and labeling criteria are
of higher relevance than the model. However, Swamy et al. (2019) show that with state-of-the-art models such as BERT it is possible
to obtain a language model that achieves some generalization, which highly depends on the training data. As Karan and Šnajder
(2018), and Swamy et al. (2019) merge the categories of the considered datasets into two generic categories, ‘positive’ (abusive)
and ‘negative’ (non-abusive or ‘‘benign’’) – although not all of the used datasets capture the same type of abusive language. BERT
models (Devlin et al., 2019) are applied to four Twitter datasets (W&H, Davidson, Offenseval, and Founta). The authors state that a

odel will generalize better if it is used on data that is more similar to the data used for training. Thus, a model trained on the
ounta dataset performs well when tested on the similar Offenseval dataset and vice versa. In a separate experiment, Swamy et al.

5 In the literature, often the term ‘‘out-(of-)domain’’ is used. We prefer the more precise term ‘‘cross-dataset’’ since in some cases, different datasets from the
ame source and of the same domain are considered.

6 Cf. Table 1 for the dataset identifiers.
7 Note, however, that Wul1, Wul2, and Wul3 share data.
3
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(2019) build models with all the categories present in the Offenseval dataset and test them also on all the categories of the other
three datasets. This facilitates the identification of some overlap between the considered datasets.

Swamy et al. (2019) also observe a performance drop when going from a large training dataset to a small test set and vice versa;
this is in line with a related conclusion by Karan and Šnajder (2018) that datasets with a larger percentage of positive samples tend
to generalize better than datasets with fewer positive samples, in particular, when tested against dissimilar datasets. For instance,
models trained on the Davidson dataset, which contains in it majority offensive instances, perform well when tested on the Founta
dataset, which contains in its majority non-offensive instances.

In another study (Pamungkas & Patti, 2019), the authors confirm that a model trained on datasets with a broader coverage of
phenomena is able to also detect other kinds of abusive language than those it has been trained on. The authors use the W&H,
Hateval, Offenseval and Golbeck datasets, with linear SVM with bag-of-words (BOW) and LSTM as models. However, it should be
oted that the generalization quality in this experiment is – with a maximum F1 score of 0.55 – rather moderate.

Arango et al. (2019) bring up an additional characteristic that should be taken into account in the context of the cross-dataset
ate speech classification, namely the number of authors of the material captured in a dataset. They show that the generalization
otential of the Waseem hate speech dataset, whose messages marked as hateful (‘sexist’ or ‘racist’) stem from few accounts, increases

when the dataset is enriched by hate speech examples from other accounts taken from the Davidson dataset (Davidson et al., 2017).
But even in this case, the achieved F1 score is merely 0.54 for the hate speech category. That is, more diverse datasets are useful,
but they do not solve the problem of poor cross-dataset classification.

Another recent study, which aims to overcome the limited generalization potential of models across domains and thus datasets,
was presented by Salminen et al. (2020). The authors argue that models trained on datasets compiled from one online platform
can be assumed to be restricted a priori to that platform and that a cross-platform dataset ensures more generalizability of a model.
They use four datasets collected from YouTube (Salminen et al., 2018), Reddit (Almerekhi et al., 2019), Wikipedia (Jigsaw, 2019),
and Twitter (Davidson et al., 2017). Similarly to Karan and Šnajder (2018) and Swamy et al. (2019), they merge the samples into
two generic categories, positive (‘hateful’) and negative (‘non-hateful’). Several classification algorithms (Logistic Regression, Naïve
Bayes, Support Vector Machines, XGBoost, and Neural Networks) and feature representations (Bag-of-Words, TF–IDF, Word2Vec,
BERT, and their combination) are then applied to the generic categories. With XGBoost and all features, the best performance is
reported to be 0.92 F-score.

As far as the use of models is concerned, previous studies on model generalization draw upon a range of different supervised
classification models. Some use SVMs (e.g., Karan & Šnajder, 2018; Pamungkas & Patti, 2019), mostly as baseline; others use deep
learning (e.g., Gröndahl et al., 2018). More recently, authors have been using transformer-based models such as BERT, which render
better performance; cf., e.g., Salminen et al. (2020) and Swamy et al. (2019).

Transfer learning is also being considered; see, e.g., Karan and Šnajder (2018) and Waseem et al. (2018). For instance, in one
recent study (Mozafari, Farahbakhsh, & Crespi, 2019), the authors introduce a novel transfer learning approach based on BERT. More
specifically, they investigate the ability of BERT for capturing hateful context within social media content by using new fine-tuning
methods based on transfer learning. BERTBASE with an Inserted CNN layer proved to be the best model, leading to F1 of 0.88 on
the W&H and of 0.92 on Davidson datasets.

Even if multilingual hate speech classification is not in the focus of our presented work, it is worth mentioning that recently
onsiderable advances have been made in this area; cf., e.g., Ousidhoum, Lin, Zhang, Song, and Yeung (2019) for a multilingual and
ulti-aspect approach. In Pamungkas and Patti (2019), a promising cross-lingual classification approach to both in-domain (with

1 of 0.69) and out-domain (with F1 of 0.59) abusive language is presented.

.3. Open questions

Recent studies have shown that model generalization in the context of hate speech and abusive language classification can be
chieved by merging different datasets (Salminen et al., 2020). However, we are interested in exploring to what extent a model can
eneralize across datasets when trained on the category or categories of one given dataset. In this context, at least two important
uestions are still open: 1. Are the models or the datasets decisive for cross-dataset generalization? Gröndahl et al. (2018)

defend that the nature and composition of the datasets are more important than the models. However, Swamy et al. (2019) provide
evidence that by using state-of-the-art models such as BERT at least a certain generalization can be achieved. 2. Which model and
dataset characteristics are important for generalization, after all? The authors refer, e.g., to dataset size, similarity between
categories (Karan & Šnajder, 2018; Swamy et al., 2019), advantage of classes with broader coverage of phenomena (Pamungkas
& Patti, 2019), and author diversity (Arango et al., 2019). However, none of these studies carries out an exhaustive analysis that
would assess the effect of dataset characteristics and their correlation. In our experiments, we address this issue. As Salminen et al.
(2020) and Swamy et al. (2019), we use BERT as one of the state-of-the-art models. In order not to rely on one model only, we also
use ALBERT, fastText, and SVM. In contrast to the works of Pamungkas and Patti (2019), Salminen et al. (2020), and Swamy et al.
(2019), we do not merge all categories into two generic categories, but, rather, standardize the category labels across datasets, which
ensures that the original differentiation remains and, at the same time, enables the comparison of classifiers trained on different
datasets. We assess each considered category with respect to its generalization capacity across datasets via binary classification for
all original and standardized labels (<label> vs. NIL). To address the question of the influence of model and dataset characteristics
n their generalization potential, we apply a Random Forest classifier.
4
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Table 2
Used dataset properties and summarized origin of the data.

Dataset
name

Mutually exclusive
classes

Original classes Origin of the data

W&H No racism, sexism Search Twitter for common slurs and terms used to refer to religious, sexual,
gender, and ethnic minorities.

Davidson Yes hate speech, offensive Search Twitter with the Hatebase lexicon.
Ami Yes misogynous Search Twitter for representative slurs, monitoring of potential victims’ and

perpetrators accounts.
Stormfront Yes hate speech Subset of 22 Stormfront sub-forums covering diverse topics and nationalities was

random-sampled.
TRAC Yes covert aggression, overt

aggression
Search Twitter for keywords and constructions that are often included in
offensive messages, such as ‘she is’, ’antifa’, ’conservatives’.

HatEval No hate speech, aggression Collection of tweets directed against immigrants and women.
Offenseval Yes offensive Search Twitter for keywords and constructions that are often included in

offensive messages, such as ‘she is’ or ‘to:BreitBartNews’ in the Twitter API
Kaggle No threat, identity hate, severe

toxic, insult, obscene, toxic
Not provided.

Founta Yes normal, spam, abusive, hateful Search Twitter for a mixture of a random sample with tweets that have strong
negative polarity and contain at least one offensive word.

3. Experimental setup

3.1. Datasets

We use nine publicly available datasets from the list in Table 1 that cover different offensive, abusive language related categories:
&H, Davidson, Ami, Stormfront, TRAC, Kaggle, Hateval, Offenseval, and Founta.
From most of the datasets, we consider only the training sets of the datasets since their test sets were not always available and

n cases they were, the splits between the training and test sets varied. We split these training sets randomly into 70% for training
nd 30% for testing our models. The exceptions are Hateval and Offenseval, of which we use both the training and the test sets in
heir original 70%–30% split. This is because we had them at our disposal from our previous work (Fortuna, Soler-Company and
unes, 2019).

As already mentioned above, to obtain an objective picture of the generalization potential of the models across different datasets,
e use a procedure for category standardization presented in our previous work (Fortuna et al., 2020), extending it to the three
dditional datasets that are considered in the present study (Stormfront, Offenseval and Founta). This procedure relies on analyzing
ataset categories, properties, definitions, and data collections as summarized in Table 2.

Let us illustrate, in what follows, the essence of this procedure. We keep the original labels when possible. For instance, in the
ase of the W&H dataset, the ‘sexism’ and ‘racism’ categories are considered both as separate categories, but also as subcategories
f ‘hate speech’. Hence, a new category (‘hate speech’) is added to this dataset. Furthermore, the ‘sexism’ category in this dataset is
ssumed to be equivalent to the ‘misogynous’ category of the Ami dataset since in the literature no clear distinction between these
wo is provided. The resulting standardized cross-dataset label is called ‘misogyny-sexism’. For the Davidson dataset, we use a new
ategory ‘toxicity’ that subsumes the union of its ‘hate speech’ and ‘offensive’ categories. ‘Toxicity’ is an umbrella term that aims
o capture general offense and different types of ‘aggression’ (Kolhatkar et al., 2020). Ami’s ‘misogynous’ category is assumed to
e equivalent to the ‘sexism’ category in W&H ’s dataset, as already mentioned. The TRAC dataset contains the categories ‘overt
ggression’ and ‘covert aggression’, which we merge into a new category ‘aggression’. We could also convert it to a general category
uch as ‘toxicity’, however, we opt not to do it as TRAC aims to identify subtler aggression, which is a dimension not mentioned
n the Kaggle dataset. Regarding the Hateval dataset, its aggression category covers a specific type of aggression as it is a subset
f ‘hate speech’. In this case, we do not merge the two categories into ‘toxicity’, as this dataset aims to classify only ‘hate speech’,
nd considers ‘aggression’ only when it happens in the context of ‘hate speech’. Moreover, we consider it ‘aggressive hate speech’
nd also not equivalent to the ‘aggression’ category in TRAC dataset. For the Kaggle’s dataset, we kept the original labels, as the
ataset was already annotated in a multiclass manner. For Stormfront, we kept the original category since the authors use a ‘hate
peech’ definition that focuses on the target characteristics of this type of communication (e.g., gender and age). This is similar to
revious definitions found in the literature, and we want to test if the different ‘hate speech’ annotated datasets generalize within
hemselves. In the Offenseval dataset, only ‘offense’ is annotated as a general category that is meant to cover all types of ‘offensive’
peech. Therefore, we converted it to ‘toxicity’, such that it becomes comparable with the equally general terms found in Davidson’s
nd Kaggle’s datasets (again, using the criteria defined in Fortuna et al., 2020). Finally, the Founta dataset is annotated with ‘hateful’,
abusive’, ‘spam’, and ‘normal’ labels. We considered ‘spam’ to fall into the category ‘normal’, as we are interested in abusive speech
nly. In our standardized category scheme, we mark both as ‘none’. In contrast, we keep the original ‘abusive’ labels. Although the
uthors mention that ‘abusive’ significantly correlates with ‘aggression’ and ‘offensive’ categories, we left it as it is since ‘abusive’
s the most popular among the three, the most central in Founta, and it is the label that the authors preferred for their dataset.
urthermore, it seems that this category is not equivalent to ‘aggression’ from TRAC, as it does not include the covert and overt
imensions. In both cases, we discarded their conversion to the ‘offensive’ category of Davidson, since we believe that with the
onversion we would lose information. Finally, the category ‘hateful’ is converted to ‘hate speech’ to be in line with the definition
5

n the literature. The resulting conversion is presented on Table 3.
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Table 3
Standardized categories used in our study (for convenience, we refer in the text to
‘misogyny-sexism’ as ‘sexism’).

Dataset Original category Standardized category

W&H sexism misogyny-sexism
racism racism
sexism or racism hate speech

Davidson hate speech hate speech
offensive offensive
hate speech or offensive toxicity

Ami misogynous misogyny-sexism

TRAC covert aggression covert aggression
overt aggression overt aggression
overt or covert aggression aggression

Hateval hate speech hate speech
aggression aggressive hate speech

Kaggle threat threat
identity hate hate speech
severe toxic severe toxic
insult insult
obscene obscene
toxic toxicity

Stormfront hate speech hate speech

Offenseval offensive toxicity

Founta hateful hate speech
abusive abusive
spam none
hateful or abusive toxicity

3.2. Experiments

3.2.1. Intra-dataset model evaluation
Our first experiment is similar to the one from Swamy et al. (2019), but with more datasets. We first create binary intra-dataset

lassification models for BERT, ALBERT, fastText and SVM and our nine datasets and respective standardized categories. BERT is
he model with state-of-art performance in abusive language related tasks. We also experiment with ALBERT because it has been
eported to outperform BERT (Lan et al., 2020) in some cases, and with fastText and SVM as a baselines. The macro averaged F1
core is used for evaluation of all the models.

For BERT, ALBERT and FastText, we use off-the-shelf models.8 As already mentioned above, we split the training sets of all
datasets, except Offenseval and Hateval, for which we kept the original training and test sets, randomly into 70% for training and
0% for testing. This training-test set division per dataset (cf. Table 4) is kept all over the experiments, hence also for all the
tandardized categories of a given dataset. For the SVM experiments, we use 10-fold cross-validation instead of a 70%/30% split.9

The training of both BERT and ALBERT is carried out on a TPU in COLAB with Tensorflow 1.15.10 In the case of BERT and
ALBERT, we refer to the number of layers or Transformer blocks as 𝐿, to the hidden size as 𝐻 , and to the number of self-attention
heads as 𝐴.

BERT. We use BERTLARGE (𝐿 = 24, 𝐻 = 1024, 𝐴 = 16) with 340M parameters in total, which outperformed BERTBASE across all
tasks, especially those with very little training data (Devlin et al., 2019), as is the case with some of our datasets. We use a batch
size of 32 and fine-tune for 3 epochs over the data of all datasets. The dropout probability is set to 0.1 for all layers; the Adam
optimizer is used with a learning rate of 2e−5.

ALBERT. We use ALBERTXXLARGE (𝐿 = 12, 𝐻 = 4096, 𝐴 = 64) model with about 70% of BERTLARGE’s parameters for an available
trained ALBERT model (Lan et al., 2020), which we fine-tune to all nine datasets as described in Lan et al. (2020). We use a batch
size of 32, the dropout probability is set to 0.1 for all layers and the Adam optimizer is used with a learning rate of 1e−5.

Fasttext. FastText is similar to the CBOW model of Mikolov, Chen, Corrado, and Dean (2013). We ran the model in its version 0.9.2
with 300 dimension-FastText pretrained vectors (Mikolov, Grave, Bojanowski, Puhrsch, & Joulin, 2018), Skipgram Hierarchical
softmax loss function, learning rate of 1.0, considering 1 as minimal number of word occurrences, bi-grams, and 25 epochs.

8 https://fasttext.cc/docs/en/english-vectors.html https://github.com/google-research/bert https://github.com/google-research/albert.
9 For this purpose, we merge the training and test sets of Offenseval and Hateval.

10 https://github.com/paulafortuna/IP-M_abusive_models_generalize.
6
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Table 4
Dataset and respective standardized category (st. category), total number of instances for training (train total N), total number
of instances for test (test total N), total number of positive instances for training (train total pos), and percentage of positive
instances in the training set (train perc positive).

Dataset st. category Train total N Test total N Train total pos Train perc positive

W&H sexism 11 835 5073 2407 0.20
W&H racism 11 835 5073 1377 0.12
W&H hate speech 11 835 5073 3784 0.32
Davidson hate speech 17 348 7435 975 0.06
Davidson offense 17 348 7435 13 517 0.78
Davidson toxicity 17 348 7435 14 492 0.84
Ami sexism 2800 1200 1249 0.45
TRAC covert aggression 12 000 3000 4240 0.35
TRAC overt aggression 12 000 3000 2708 0.23
TRAC ov cov aggression 12 000 3000 6948 0.58
Hateval hate speech 9000 1000 3783 0.42
Hateval aggressive hs 9000 1000 1559 0.17
Kaggle toxicity 111 699 47 872 10 856 0.10
Kaggle hate speech 111 699 47 872 977 0.01
Kaggle severe toxicity 111 699 47 872 1107 0.01
Kaggle insult 111 699 47 872 5593 0.05
Kaggle obscene 111 699 47 872 6008 0.05
Kaggle threat 111 699 47 872 336 0.00
Stormfront hate speech 3501 1500 705 0.20
Offenseval toxicity 13 240 319 4400 0.33
Founta hate speech 64 366 27 587 2885 0.05
Founta abusive 64 366 27 587 14 463 0.23
Founta toxicity 64 366 27 587 17 348 0.27

BOW + SVM. In the BOW+SVM experiments, we use the Scikit Learn models (Pedregosa et al., 2011).11 For the Bag-Of-Words
(BOW) extraction, we remove stopwords and consider only words with a frequency ≥ 1%. For SVM classification, we use most of its
default parameters, except for the kernel, which was set to the linear kernel. Due to the time complexity of the parameter extraction
and training procedures, we use SVM with bagging. The time complexity, paired with the size of the dataset, forces us to exclude
the Kaggle dataset from this classification task.

Figs. 1 and 2 display the results of BERT/ALBERT/fastText/SVM for intra-dataset classification in terms of the macro averaged
F1 score, grouped by standardized categories (Fig. 1) and datasets (Fig. 2).

3.2.2. Inter-dataset model evaluation
The obtained intra-dataset models are tested in a second experiment in a cross-dataset scenario. More precisely, each model,

trained on a certain dataset, is tested against all the remaining datasets and corresponding standardized categories. We use the same
training and test set divisions for intra-dataset and cross-dataset experiments. As already before, the macro averaged F1 measure is
used for evaluation. The results of the experiment on inter-(or cross-)dataset classification are displayed in Table 5.12

Due to space constraints, we show only the results with F1 score ≥ 0.60.13 We assume that there is a better cross-dataset
generalization if at least one of the four algorithms (BERT, ALBERT, fastText, or SVM) achieves with its model an F1 score of
≥ 0.70.

3.2.3. Model performance classification
To systematically study which model and dataset features lead to a better generalization in abusive language-related models,

we run an experiment on the relation between the performance figures obtained when applying BERT, ALBERT, fastText, and SVM
and 16 prominent features of the models and datasets considered in the literature as good generalization predictors; cf. Table 6. For
this purpose, we group the 1698 binary BERT/ALBERT/fastText/SVM models (450 of each for BERT/ALBERT/fastText and 348 for
SVM) into models that generalize better (those with an F1 score ≥ 0.70; 136 in total) and models that generalize worse (those with
an F1 score < 0.70; 1562 in total). The goal is to train a classifier on the above 16 features to predict whether a model belongs to
the better generalizing models or worse generalizing models. As classifier, we use a Random Forest with 50 estimators (Pedregosa
et al., 2011) with 5 Fold cross-validation. We have chosen Random Forest since it is a general-purpose classifier with weak statistical
assumptions. To rank the different features used for classification, we use the permutation feature importance algorithm,14 which
directly measures feature importance by observing how random re-shuffling of each predictor influences model performance, without
changing the distribution of the variable. Before using this model, we normalize data with the Z-score method (Kreyszig, 1960).

11 For BOW, we use the CountVectorizer class, for SVM the SVC class and for bagging the BaggingClassifier class.
12 The shades in the table cells reflect the F1 score: from white (F1 ≤ 0.69) to green (F1 = 1.0).
13 Note that in what follows, we use dataset name abbreviations as introduced in Table 5. The complete results will be provided in the project repository
pon acceptance.
14 https://explained.ai/rf-importance/index.html.
7
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Fig. 1. Macro F1 scores, by standardized categories (‘cag’: covert aggression; ‘oag’: overt aggression, ‘sev toxicity’: severe toxicity, ‘aggr hs’: aggressive hate
speech).

4. Discussion

In this section, we discuss in detail the outcome of the experiments.

.1. Outcome of intra-dataset classification

As can be observed in Figs. 1 and 2, in general (and as expected from previous works), SVM was the model that performed worst,
ith some exceptions. Thus, in general, it performed poorer than fastText, except for the ‘abusive’ category of the Founta dataset,

where both scored equally and the ‘offense’ category of the Davidson dataset, where SVM was slightly better. It also performed worse
than ALBERT for all cases, except for ‘hate speech’ in the Hateval dataset, where it was slightly better.

FastText performed generally worse than BERT and ALBERT, which is in line with d’Sa, Illina, and Fohr (2020) and Uglow,
Zlocha, and Zmyslony (2019), who also report a poorer performance of fastText compared to BERT.

Even though BERT and ALBERT achieved an overall better performance than the baseline models, BERT’s performance was not
good (lower than 0.52) in some categories: ‘hate speech’ in Davidson, ‘sexism’ in Ami, both categories in Hateval, ‘covert aggression’
in TRAC and ‘hate speech’ in Stormfront. In these cases, both SVM and fastText, or at least one of them, obtained a better performance
than BERT. This may be explained by the fact that BERT is unstable on smaller datasets (Devlin et al., 2019). BERT is more unstable
than ALBERT and fastText, both in terms of the same category (cf., e.g., ‘hate speech’, ‘sexism’) Fig. 1, and same dataset (TRAC,
Hateval, Davidson) Fig. 2. However, BERT also achieves the best performance on the largest number of categories.

As illustrated in Fig. 1, from the categories present in more than one dataset, ‘toxicity’ proved to be the easiest category to
classify, followed by ‘sexism’ and then ‘hate speech’, the latter one with more unstable results. From the dataset-specific categories,
‘abusive’ was the easiest to classify, followed by ‘obscenity’, ‘offensive’, ‘racism’, and ‘aggression’. The remaining categories showed
worse performance.

According to Fig. 2, among the datasets with more than one category, W&H shows good and stable results for all categories, while
8

TRAC and Hateval show worse performances. For the other datasets, the performance varies from category to category. Davidson
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Fig. 2. Macro F1 scores, by datasets.

and Founta both show good performances, except for ‘hate speech’. Kaggle shows good performance for ‘obscene’, ‘toxicity’ and
‘insult’, but worsens for ‘hate speech’, ‘threat’ and ‘severe toxicity’. Among the datasets with only one category, Ami, Offenseval, and
Stormfront had the best scores.

When we compare our results in Figs. 1 and 2 with the figures reported in the literature (cf. Table 4), we see that the ALBERT
and BERT models achieve similar performance as reported in other transformer-based works (such as Swamy et al., 2019) for
the classification of, e.g., ‘hate speech’ in W&H, ‘toxicity’ in Davidson, ‘aggression’ in TRAC and ‘toxicity’ in Founta. These models
utperform works that do not use transformers; cf., e.g., Pamungkas and Patti (2019) for classification of ‘sexism’ in Ami; de Gibert
t al. (2018) for classification of ‘hate speech’ in Stormfront ; Basile et al. (2019) for classification of ‘hate speech’ in Hateval, and van
ken et al. (2018) for classification of ‘toxicity’ in Kaggle.

.2. Outcome of inter-dataset classification

The results of the inter-dataset classification experiment provide some interesting insights with respect to both models and
atasets. Both are discussed in the following subsections.

.2.1. Discussion of the models
Table 5 shows that BERT and ALBERT models generalize better more often than fastText and SVM. Thus, the results for fastText

re worse than for BERT and/or ALBERT, except for the generalization of fount.tox to kaggl.obsc (F1 of 0.82) and kaggl.insu (0.78),
nd kaggl.insu to fount.abus (0.70). For this last case, it was the only model capable to generalize. SVM performed generally worse
han fastText, BERT and ALBERT, being better only when trained on offen.tox and tested on kaggl.obsc or kaggl.insu (0.81 and
.74 respectively), or trained on ami.sex and tested on david.offe (0.74). In contrast to fastText, SVM does not show a distinct
eneralization potential, i.e., it is capable to generalize only if BERT, ALBERT or fastText also are.

BERT generalizes best for almost all the models; ALBERT is close to BERT many times and is even better for the models trained
9

ith hateval.hs and ami.sex.



Information Processing and Management 58 (2021) 102524P. Fortuna et al.

a
g
S
b
l

Table 5
Model generalization evaluation of BERT (be), ALBERT (al), fastText (ft) and SVM (svm) in terms of macro F1
score. The second row from the top in bold indicates the dataset and standardized category used for training.
The remaining rows (second column) of the test data (Offenseval (‘offen’), Davidson (‘david’), Founta (‘fount’),
Kaggle (‘kaggl’), Hateval (‘hatev’) and categories toxicity (‘tox’), obscene (‘obsc’), insult (‘insu’), aggression (‘aggr’),
offensive (‘offe’), overt aggression (‘oag’), covert aggression (‘cag’), abusive (‘abus’), hate speech (‘hs’), sexism
(‘sex’), racism (‘race’), severe toxicity (‘stox’), aggressive hate speech (‘aghs’)).

With respect to the first open question on the relevance of models formulated in Section 2.3, we can thus state that models
re indeed important for generalization and not all models are equally good for all datasets/categories. BERT achieves better
eneralization in more cases, but ALBERT and fastText generalize in some cases where BERT does not. On the other hand, an
VM model trained on BOW features generalizes worse than the remaining models. In general, we can observe (and as has already
een shown by Swamy et al., 2019 using BERT) that transformer-based models are able generalize better, while other models are
ess suitable for this task; cf., e.g., Gröndahl et al. (2018), Karan and Šnajder (2018) and Waseem et al. (2018). Our experiments
10
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Table 6
Dataset and model features used for predicting model performance.

Feature Description

Training dataset One of W&H, Davidson, Ami, TRAC, Hateval, Kaggle, Stormfront, Offenseval, or Founta.
Training dataset size Number of instances used for training.
Training dataset percentage of positive instances Number of instances in the positive class divided by the number of instances used for training.
Original F1 Performance of the model when trained and tested with data from the same class, as provided in Figs. 1

and 2.
Training category All the distinct standardized categories in Table 3.
Training social network Social network of the data: Twitter, Facebook, Wikipedia or Stormfront.
Test dataset One of the same dataset list as in the training dataset.
Test dataset size Number of instances in the test dataset.
Test category One of the same category list as in the training category.
Test social network One as in the same social network list as in the training dataset.
BERT, ALBERT, fastText or SVM Model used to classify.
Is same category Boolean indicating whether training and test sets belong to the same category.
Is same social network Boolean indicating whether training and test set belong to the same social network.
Train and test set proportion Training dataset size divided by the test dataset size.
Vocabulary-train After removing stop words (by using NLTK) and keeping only distinct words, we compute the percentage

of words that is present in the positive class of the test set.
Vocabulary-test With the same procedure as for ‘Vocabulary test present training’, we compute the percentage of distinct

words from the positive class that are present in the positive class of the training set.

also show that the generalization capability of a model equally depends on the chosen dataset, and, even more importantly, on the
targeted categories; cf. below.

4.2.2. Discussion of the datasets
BERT models that are trained on the category ‘toxicity’ of a dataset (Offenseval, Davidson, Founta, and Kaggle) generalize well

ver the same category of the other test sets; cf., when trained on offen.tox: (0.91;0.83;0.76)15; on david.tox: (0.91;0.81;0.85), on
ount.tox: (0.84;0.87;0.77); and on kaggl.tox: (0.92;0.85;0.78). This shows that ‘toxicity’ is homogeneous across different datasets.

‘Offensive’ and ‘abusive’ are also consistently predicted well and when a model is trained on one of them, it predicts well ‘toxicity’.
.g., when trained on david.offen BERT predicts well fount.tox (0.89) and kaggl.tox (0.79) and ALBERT predicts well offen.tox (0.79).
ERT also predicts well david.offen when trained on these datasets (0.73;0.72;0.73); and when trained on fount.abus, it predicts well
ffen.tox (0.83), kaggl.tox (0.85), and david.tox (with a borderline result of 0.69). fount.abus is also predicted well when BERT is
rained on these datasets (0.88;0.90;0.89).

Categories such as ‘abusive’, ‘offensive’, ‘aggression’ and ‘toxicity’, whose definitions tend to overlap, generalize well between
ach other, which indicates that these labels are conceptually similar or that they represent the same phenomenon. Thus, when
rained on david.offen, BERT predicts well fount.abus (0.89), kaggl.tox (0.79), and offen.tox (0.79). The prediction of david.offen
s also accurate when BERT is trained on each of these datasets (0.71;0.73;0.72). The same holds for training on fount.abus and
redicting david.offen (0.71) and the reverse (0.89), for training on fount.abus and testing on kaggl.tox (0.85) and the reverse (0.90),
nd for training with fount.abus and testing on offen.tox (0.83) and the reverse (0.88).

Datasets that include the categories ‘abusive’, ‘offensive’, ‘aggression’ or ‘toxicity’ also include ‘obscene’. ‘Obscene’ from Kaggle
kaggl.obsc) as training set obtains good results in different cases: ‘toxicity’ by BERT (cf. fount.tox: 0.89) and ALBERT (cf. offen.tox:
.82, and david.tox: 0.75); ‘offensive’ by ALBERT (david.offen: 0.74); and ‘abusive’ by BERT (fount.abus: 0.90). Another category that
s related to ‘abusive’, ‘offensive’, ‘aggression’ and ‘toxicity’ is ‘insult’. When using any of the former for training, models generalize
easonably well over kaggl.insu (cf., for BERT fount.tox: 0.77, david.offen: 0.75, and fount.abus: 0.81, david.tox: 0.77, for SVM offen.tox:
.74), proving that insults are also commonly subsumed by these categories. In view of the co-occurrence of ‘obscene’ and ‘insult’
ith ‘toxicity’ reported in Fortuna et al. (2020), these generalizations are not surprising. Additionally, Ami ‘sexism’ seems to contain
any insults: BERT generalizes well over Ami.sex when trained on Kaggle insult (cf. kaggl.insu:0.74).

BERT trained on TRAC ‘overt aggression’ or on ‘aggression’ is capable of predicting ‘abusive’, ‘offensive’, and ‘toxicity’-related
ategories. Thus, training on trac.oag, predicts well founta.abus (0.80), fount.tox (0.82), kaggl.tox (0.79) and offen.tox (0.72). This
s similar to when it is trained on trac.aggr (0.80; 0.84; 0.66 and 0.74, respectively), which was to be expected since both TRAC
aggressive’ and TRAC ‘overt aggressive’ datasets share data. BERT also generalizes better over kaggl.insu when trained on trac.oag
0.70). On the other side, when these predicted categories are used for training, the models generalize worse over TRAC ‘overt
ggressive’, and they do not generalize over TRAC ‘covert aggressive’ or TRAC ‘aggressive’. This can be due to the fact that TRAC
ontains covert and overt instances of harmful behavior in general. As a result, when models trained on TRAC are applied to other
atasets, they can still detect and flag the positive instances of more explicit harm. However, models trained on other datasets
truggle to deal with data that mostly contain covert aggression.

Table 5 also shows that models trained on the ‘hate speech’ category of the different datasets generalize much worse. Thus, BERT
rained on Founta ‘hate speech’ generalizes over Stormfront with a worse performance, and poorly over W&H (trained on fount.hs,
ERT’s performance on storm.hs is 0.71 and on W&H.hs 0.63).

15 If not mentioned otherwise, we cite the BERT figures.
11



Information Processing and Management 58 (2021) 102524P. Fortuna et al.

o
g

g
o
o
m
s

m
‘
a
H
o
s
t
c

4

i

t
T
o
T
b
‘
(

l
t
a
t
d
K
a

m
t
i
O
F
s
f

p
r

t
C
t

i
B

Poor performance is also observed for BERT trained on Kaggle ‘hate speech’ over Founta (trained on kaggl.hs, BERT’s performance
n fount.hs is 0.64. For the remaining datasets with hate speech categories (W&H, Davidson, Hateval, and Stormfront) the achieved
eneralization performance was even worse.

However, it is to be noted that in the case of more specific hate speech categories, a better generalization is observed; cf., e.g., the
eneralization overW&H ‘racism’ when trained on Founta ‘hate speech’ and over Ami ‘sexism’ when trained onW&H ‘sexism’ (trained
n fount.hs, BERT’s performance on W&H.race is 0.77, and when trained on W&H.sex, its performance on Ami.sex is 0.73), which
pposes Arango et al.’s (2019) conclusion that W&H is a dataset with a low generalization potential due to its composition by
essages of a low number of authors. Just the contrary: we found that certain categories of this dataset generalize when classifying

exism from Ami’s dataset.
Furthermore, SVM trained on Ami ‘sexism’ generalizes over Davidson’s ‘offensive’ test set (0.74), which indicates that Davidson

ay contain sexist offensive content. On the other side, as expected, Hateval ‘hate speech’ generalizes extremely well over Ami
sexism’ because both datasets share data (Fersini, Nozza et al., 2018). Hateval targets hate speech against immigrants and women,
nd Ami targets only hate speech against women (i.e misogyny). So this second dataset will miss the immigrant hate messages from
ateval. It also generalizes over ‘offensive’ in Davidson (trained on hatev.hs, ALBERT’s performance on david.offe is 0.70 and trained
n hatev.hs, fastText’s performance on ami.sex is 0.99). This suggests that these three categories may be related and some sexist hate
peech may be present in the ‘offensive’ samples of Davidson. This is surprising since the Davidson dataset is annotated with respect
o both ‘offensive’ and ‘hate speech’ and both categories are mutually exclusive in this case. This means that there is probably sexist
ontent annotated in the Davidson dataset as ‘offensive’, but not as ‘hate speech’.

.2.3. Comparison with previous studies
In this subsection, we compare the outcome of our cross-dataset experiments with those reported in previous works mentioned

n Section 2.
First, it is difficult to compare our figures with those presented in Waseem et al. (2018), as we apply binary classification to all

he standardized dataset categories, while Waseem et al. use multiclass classification. Still, some relevant observations can be made.
hus, the authors conclude that poor generalization values are achieved when training BOW and Average of Subword Embeddings
n the Davidson dataset and testing on the W&H dataset (F1 score of 0.58) and the reverse (F1 score of 0.57). From the values in
able 5, we can equally conclude that these two datasets do not generalize very well among each other and that the generalization
etween both datasets is always below 0.70. Consider, e.g., the BERT model trained on W&H ’s ‘sexism’ and tested on Davidson’s

offensive’ (0.69) and ‘toxicity’ (0.65), and the BERT model trained on W&H ’s ‘hate speech’ and tested on Davidson’s ‘offensive’
0.63) and ‘toxicity’ (0.63); or the ALBERT model trained on Davidson’s ‘offensive’ and tested on W&H ’s ‘sexism’ (0.60).

On the other hand, it is easier to compare our results with the results of the other generalization studies, which tag all abusive
anguage-related messages as ‘positive’ and the remaining messages as ‘negative’. For instance, in Gröndahl et al. (2018) the same
wo datasets as by Waseem et al. (2018) are used in their binarized version. The reported macro F1 scores are below 0.49 for
ll of the setups. This performance is lower than what we reported above for our experiments. Karan and Šnajder also binarize
he labels of the W&H, TRAC, and Kaggle datasets (Karan & Šnajder, 2018). They report a generalization performance across the
ifferent categories of F1 scores < 0.48. We achieved better scores when training BERT with TRAC ’s ‘aggression’ and testing on
aggle’s ‘toxicity’ (F1 score of 0.66) and W&H ’s ‘hate speech’ (F1 score of 0.61); and when training BERT on W&H ’s ‘hate speech’
nd testing on Kaggle’s ‘toxicity’ (F1 score of 0.62).

Swamy et al. (2019) binarize the W&H, Davidson, Offenseval, and Founta datasets. Since they also use BERT as we do, in the
ajority of the cases, their and our results are comparable. In some cases, our model achieved a slightly higher performance. This is

he case when BERT is trained on Offenseval’s ‘toxicity’ and tested on Founta’s ‘toxicity’ (0.91) and Davidson’s ‘toxicity’ (0.76); when
t is trained on Davidson’s ‘toxicity’ and tested on Founta’s ‘toxicity’ (0.91) and when the training and test sets are reversed (0.77).
ur figures are better when BERT is trained on Davidson’s ‘toxicity’ and tested on Offenseval’s ‘toxicity’ (0.81); when it is trained on
ounta’s ‘toxicity’ and tested on Offenseval’s ‘toxicity’ (0.84) and W&H ‘hate speech’ (0.67); and when it is trained on W&H ’s ‘hate
peech’ and tested on Davidson’s ‘toxicity’ (0.63). The overall (slightly) better performance in our experiments may be due to the
act that we use BERTLARGE, while Swamy et al. use BERTBASE.

It is to be noted that Swamy et al. carry out an additional separate experiment in which they build models with all the categories
resent in the Offenseval dataset and test them also on all the categories of the other three datasets. Given that they report their
esults in terms of accuracy and not F1, we do not compare them with the outcome of our experiments.

In another study (Pamungkas & Patti, 2019), the authors binarize the categories of W&H, Hateval, and Offenseval datasets. For
he experiments, they use LSTM and SVM, which both render a poorer performance than the one we achieved in our experiments.
ompare, for instance, the case when BERT is trained on Offenseval’s ‘toxicity’ and tested on Hateval’s ‘hate speech’, and when it is
rained on W&H ’s ‘hate speech’ and tested on Hateval’s ‘hate speech’ (both with F1 = 0.60).

The above comparison of the outcome of our experiments with previous studies shows that the deep models we tested perform,
n general, better. As a look at (Swamy et al., 2019) furthermore shows, different variants of BERT (in this case, BERTBASE vs.
ERT ) also perform differently.
12

LARGE



Information Processing and Management 58 (2021) 102524P. Fortuna et al.

t

r
s
‘
v
p

h

(
c
s
b
t

t
d
v
T
t
p
a

4

m
p

Table 7
Random forest model feature importance.

Features Imp.

Original F1 0.22
Train category — toxicity 0.11
Vocabulary test 0.10
fastText 0.10
Train and test set proportion 0.07
Vocabulary train 0.06
test concept — toxicity 0.06
Training dataset size 0.06
BERT 0.05
Test concept — hate speech 0.05
Train concept — overt aggression 0.04
Test concept — offense 0.03
Training dataset percentage of positive instances 0.03
SVM 0.03
Test dataset size 0.02
ALBERT 0.02
Train concept — hate speech 0.02
Test dataset — davidson, founta 0.02
Test sn — twitter, facebook 0.01
Is same social network 0.01
Train dataset — trac, founta 0.01
Train concept — insult, obscene 0.01
Test dataset — trac, ami 0.01
Test concept — overt aggression, abusive, sexism, obscene 0.01
Remaining features 0.00

4.3. Outcome of model performance classification

The model performance classification aims to answer the second open research question raised in Section 2.3. Table 7 displays
he feature importance of the 16 features obtained in the Random Forest classification experiment (F1 score of 0.64).

Four features are most informative. The importance of ‘‘original F1’’ (0.22) shows that for cross-dataset generalization it is
elevant to start with a model that performs well in an intra-dataset scenario — something which has been ignored in previous
tudies. ‘‘Vocabulary-test’’ (0.10) proves also to be relevant. It is also worth pointing out that the generalization relies more on
‘vocabulary-test’’ (0.10) and less on ‘‘vocabulary-training’’ (0.06). It is advantageous to have in the training set a higher share of
ocabulary of the test data in order to avoid ‘out-of-vocabulary’ words. It seems to be of no advantage to have in the test set a high
ercentage of vocabulary appearing in the training set.

FastText (0.10) proved to be a good predictor of a poor generalization potential. BERT (0.05), SVM (0.03), and ALBERT (0.02)
ad lower relevance, which suggests that they add little to the already considered fastText variable.

Regarding categories, the feature ‘‘Train category — toxicity’’ is also of relevance (0.11). This is in line with Karan and Šnajder
2018), who already pointed out that different dataset categories could affect generalization. In this case, ‘toxicity’ as a training set
ategory led to good performance. One could expect that the feature ‘‘Test category — toxicity’’ is also of relevance; however, it
eems not to offer any further information to ‘‘Train category — toxicity’’, since generalization profits from the use of ‘toxicity’ in
oth the training and test sets. The other category-related features contribute less, no matter whether they are used for training or
esting. This also applies to all datasets and social network features.

With the works of Karan and Šnajder (2018) and Swamy et al. (2019) in mind, we expected the dataset size-related features
o be of high importance. However, ‘‘Train and test set proportion’’ obtained only 0.07, ‘‘Training dataset size’’ 0.06, ‘‘Training
ataset percentage of positive instance’’ 0.03, and ‘‘Test dataset size’’ 0.02. This might be due to the fact that dataset size-related
ariables have actually low variability in this and previous studies, but, rather, depend on the considered abusive language datasets.
his would imply that both our experiments and previous research in the field are not the most suitable for assessing the effect of
he dataset size-related variables. In this regard, our study provides a further insight that the presence of categories with different
erformance in the same dataset makes it even more difficult to find possible correlations between dataset size-related variables
nd performance; cf. Table 8.

.4. Implications of the results of the experiments

The results of our experiments have some clear implications for the definition of the categories, new dataset development, and
odel construction in the context of abusive language detection. In what follows, we present the main insights that our experiments
rovide concerning a better model generalization in this field.
13
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Table 8
Correlation between intra and cross model performance and dataset size features.

Intra-dataset Cross-dataset

F1 macro F1 macro

Training data total size 0.14 0.01
Training data total positive 0.31 0.30
Training data percentage positive 0.07 0.16
Testing data total size 0.15 0.24

Use carefully coarse-grained categories. Categories like ‘toxicity’, ‘offensive’, and ‘abusive’ correlate well between each other and lead
to a good cross-dataset generalization. With this in mind, we could have concluded that broader coverage terms work well, and
this would be aligned with the findings of Pamungkas and Patti (2019). However, there is evidence that this happened with generic
umbrella terms not because they supposedly cover more general concepts. If this would be the case, other generic concept categories
such as e.g., ‘hate speech’, would generalize better than more specific concept categories like, e.g., ‘sexism’. On the other side, we
observe that while ‘hate speech’ is difficult to generalize, models trained for an umbrella term (e.g., ‘toxicity’) that subsumes ‘hate
speech’ lead to a rather good performance. We hypothesize that training with such general categories leads to generalization due to
the subclasses’ imbalance. In a previous study (Fortuna et al., 2020), which inspected the Kaggle dataset, we verified that the majority
f the instances of this dataset belong to obscenity and insult and only a small percentage is labeled as ‘hate speech’. The study also
rovided evidence that the Perspective API performance has high variability, which depends on the targeted ‘toxicity’ subcategory.
or instance, concepts such as ‘obscene’ are better detected than ‘hate speech’. Our present study shows (cf. Section 4.2.2) that
eneral umbrella terms lead to a good generalization with ‘obscenity’ and ‘insult’ detection models, but not with ‘hate speech’. We
onclude that coarse-grained general categories may serve well. However, it is necessary to clearly define and quantify the particular
henomenon that a general category in a dataset is supposed to cover. The more specific categories, which subcategorize a generic
ategory, should also be annotated such that an error analysis on the model performance can be conducted and it can be assessed
hether models equally detect all the subcategories.

rioritize fine-grained categories. Our results suggest that in the case of ‘hate speech’, more fine-grained categories would be
ore appropriate. When models were trained and tested on fine-grained categories such as ‘sexism’ or ‘racism’, better levels of

eneralization have been achieved. Thus, we can observe that the use of categories such as ‘hate speech’ does not help that much
n terms of generalization; and that they are likely to contain message samples that largely vary across the datasets with respect
o content and style and thus do not serve well as training categories. This also further buttresses the argumentation for a more
ine-grained classification, e.g., in Fortuna, Rocha da Silva, Soler-Company, Wanner and Nunes (2019) and Salminen et al. (2018).

more fine-grained classification implies that during the dataset compilation and category definition phase, specific phenomena
hat define each category should be identified (cf. Table 2 for some details on the procedure for data collection). Thus, if during the
ataset compilation, only messages targeting sexism and racism are collected, a model trained on this dataset will not generalize
ell with another hate speech dataset that targets, for instance, homophobia.

void redundant labels. Categories such as ‘toxicity’, ‘offensive’ and ‘abusive’ correlate well between each other and lead to a good
ross-dataset generalization when used as training categories. We assume that this is because they contain similar data across the
atasets, which implies that there is some label redundancy and points (again) to the need to establish a coherent cross-dataset
nnotation schema of the type we introduced in Fortuna et al. (2020). With this in mind, it might be appropriate to introduce a new
eneric category term ‘Abuse and Harms’, to replace ‘toxicity’, ‘offensive’ and ‘abusive’.16 Also, ‘sexism’ in W&H and Ami achieved
imilar performance, which indicates that using the label of ‘sexism’ to refer to both avoids the need for an extra label.

se standardized categories. Our experiments have shown that in order to be able to assess the generalization potential of the
ategories across datasets it is of utmost importance not to merge all positive dataset categories (as done in the majority of the
revious works Karan & Šnajder, 2018; Pamungkas & Patti, 2019; Salminen et al., 2020; Swamy et al., 2019), but, rather, standardize
he category labels across datasets, preserving the original labels (as much as possible) when building models.

ontrol dataset size variables. As already mentioned above, with the works by Karan and Šnajder (2018) and Swamy et al. (2019) in
ind, we expected the dataset size and proportion of positive and negative classes to be relevant for generalization. However, our

xperiments did not confirm this hypothesis. When using different categories for the same dataset (e.g., ‘hate speech’, ‘offensive’
nd ‘toxicity’ for the Davidson dataset), we can see that the performance of a model depends more on the training category than
n the dataset size and there is no clear correlation between size and model performance. This is even more surprising as these
igures seem to contradict the general idea in machine learning that large (in particular, training) data sets will lead to better model
erformance and generalization (Halevy, Norvig, & Pereira, 2009). However, this might be due to the fact that dataset size-related
ariables depend on the considered datasets. A thorough study of the effect of size-related variables should ensure that size variables
re independent of datasets. In order to guarantee this, different samples from one dataset should be taken and compared.

16 This term would also capture the recent insight of the Community reflected by the change of the title of the most popular workshop in the area from
14

Abusive Language Workshop’ to ‘Workshop on Online Abuse and Harms’ https://www.aclweb.org/portal/content/fourth-workshop-online-abuse-and-harms.
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Better balance explicit vs. implicit abuse. Our results indicate that models still have problems with the identification of covert
aggression (i.e., ‘‘implicit abuse’’). This problem is at least partially due to the explicit search for specific key words during the
early phases of data collection. Thus, it is common to search for offensive words from Hatebase (e.g., Davidson et al., 2017); for
instance, in the Founta dataset, messages are partially selected because they contain offensive words and negative sentiment (cf.

able 2). Such a selection procedure introduces bias and reinforces the collection of more explicit abuse.

rovide information on users. We have shown that it is possible to reach a reasonable generalization level when using data from few
authors (for instance, ‘sexism’ and ‘racism’ categories from the W&H dataset stem from few authors and were apt for training models
hat achieve a certain generalization when tested against certain categories from other datasets). In view of the results in Arango
t al. (2019), we believe that with a higher number of authors in a dataset, a higher degree of generalization could have been
chieved. Unfortunately, for most of the datasets that we used in our study, no information on the message authors is available,
hich undermines the study of this variable.

valuate classification models. We can also observe that the choice of the proper model is equally of primary relevance. Only a model
hat performs well in an intra-dataset classification setup has also a chance to perform well in an inter-dataset setup (transformer-
ased models are an example of such models). The evaluation of classification models with respect to their generalization potential
nd robustness is also of relevance in the context of cross-dataset studies. In a young research area such as abusive language
etection, where so much subjectivity still prevails, testing models in a cross-dataset scenario brings valuable insights on the quality
f dataset categories.

. Conclusions and future work

We addressed two open questions related to the cross-dataset model generalization in the context of abusive online language: 1.
re the models or the datasets decisive for cross-dataset generalization? and 2. Which model and dataset characteristics

are important for generalization after all? Regarding the 1st question, we have shown that both models and the nature of the
categories within the datasets are relevant and should be taken into account when creating models that generalize. Regarding the
2nd question, we found that the intra-dataset model performance is the most relevant generalization predictor and have identified
the types of categories that are more suitable as training categories for models with a generalization potential. Compared to the
previous works on model generalization in the field of abusive language, our work is the first that attempts to predict generalization
based on dataset features and model properties, by means of applying a Random Forest classifier. We use only public datasets and
make our code available, such that it is replicable and reusable by the community and thus contributes to a hate speech-free internet.

Apart from answering the above two open questions, our work has shown how a cross-dataset generalization study can be used
to detect similarity between datasets and dataset categories and help to come up with a uniform dataset categorization. As already
(Vidgen et al., 2019), our study revealed the need for accurate and non-overlapping definitions of categories.

Several issues still need to be tackled. The use of merged datasets, with the application of a category conversion schema before
the merge, which would allow for a more fine-grained classification, is another promising line of research as recent works have
demonstrated good performance on merged datasets (Salminen et al., 2020). Another open question is whether the number of
annotators for each dataset is a relevant feature for generalization.

Furthermore, we did not tackle so far multilingual hate speech classification and cross-data set generalization, which becomes
increasingly relevant in the field (cf., e.g., Pamungkas, Basile, & Patti, 2020; Pamungkas & Patti, 2019). In order to obtain a first
intuition, we carried out some preliminary experiments on sexism classification with 5 datasets, two for English (Fersini, Nozza et al.,
2018; Waseem & Hovy, 2016), 1 for Spanish (Fersini, Rosso and Anzovino, 2018), 1 for Italian (Fersini, Nozza et al., 2018), and 1 for
Portuguese (Fortuna, Rocha da Silva et al., 2019), using multilingual BERT. The experiments showed a poor generalization between
multilingual datasets (cf. Table 9). Only the generalization from English (Fersini, Nozza et al., 2018) to Portuguese (Fortuna, Rocha
da Silva et al., 2019) (macro F1 = 0.67) indicated a borderline better generalization. The best result is achieved when generalizing
across both English datasets (macro F1 = 0.70). This indicates that a multilingual generalization approach is per se likely to have a
poorer performance than an intra-lingual approach — although many questions remain open. Further investigation is needed as a
multilingual approach may work better with other concepts, models, and possibly combined with dataset merging.
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Table 9
Intra and cross dataset model generalization evaluation of Multilingual BERT
on 5 sexism related datasets, Ami_sex_En (Fersini, Nozza et al., 2018), Ami_sex_It
(Fersini, Nozza et al., 2018), Ami_sex_Sp (Fersini, Rosso et al., 2018), Fort_sex_Pt
(Fortuna, Rocha da Silva et al., 2019) and W&H_sex_En (Fersini, Nozza et al.,
2018; Waseem & Hovy, 2016).
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