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Abstract
We investigate the potential of rule-based001
systems for the task of offensive text detec-002
tion in English and German, and demon-003
strate their effectiveness in low-resource004
settings, as an alternative or addition to005
transfer learning across tasks and lan-006
guages. Task definitions and annotation007
guidelines used by existing datasets show008
great variety, hence state-of-the-art ma-009
chine learning models do not transfer well010
across datasets or languages. Furthermore,011
such systems lack explainability and pose012
a critical risk of unintended bias. We013
present simple rule systems based on se-014
mantic graphs for classifying offensive text015
in two languages and provide both quan-016
tiative and qualitative comparison of their017
performance with deep learning models on018
5 datasets across multiple languages and019
shared tasks.020

1 Introduction021

The task of offensive text detection, especially022

as applied to social media has seen a rise of023

interest in recent years, with many overlap-024

ping definitions of categories such as toxicity,025

hate speech, profanity etc. Datasets are con-026

structed using different sets of class definitons027

corresponding to different annotation instruc-028

tions, and machine learning models that learn029

patterns of one dataset may perform poorly on030

another. Modern deep learning models also of-031

fer little or no explainability of their decisions,032

and their potential for unintended bias reduces033

their applicability in real-world scenarios such034

as automatic content moderation. In this pa-035

per we present a rule-based approach, a semi-036

automatic method for constructing patterns037

over Abstract Meaning Representations (AMR038

graphs) built from input text, and evaluate its039

potential as an alternative to machine learn-040

ing for offensive text detection across two lan-041

guages (English and German) and 5 datasets 042

from 2 shared tasks. Our quantitative analy- 043

sis compares the rule-based method to both 044

monolingual and multilingual deep learning 045

models trained on data from each language 046

and shared task, demonstrating its potential 047

in low-resource settings as an alternative or 048

addition to transfer learning. Our qualitative 049

analysis examines the decisions made by each 050

system on samples of 100-100 texts from both 051

languages and provides a subjective catego- 052

rization of their errors to demonstrate the sen- 053

sitivity of quantitative evaluation to the char- 054

acteristics of individual datasets and their po- 055

tentially controversial annotations. The rest of 056

this paper is organized as follows. An overview 057

of related work and the most important shared 058

tasks and datasets is given in Section 2, the 059

datasets used in our experiments are described 060

in Section 3. Our method for constructing 061

AMR-based rule systems is presented in Sec- 062

tion 4 and our experiments are described in 063

Section 5. Quantitative evaluation is pre- 064

sented and discussed in Section 6, the qualita- 065

tive analysis on samples from two datasets is 066

provided in Section 7. All software for exper- 067

iments as well as the rule-based systems pre- 068

sented is available as open-source software un- 069

der an MIT license from https://anonymous. 070

4open.science/r/offensive_text. 071

2 Related Work 072

Datasets As pointed out already in a 2017 073

survey (Schmidt and Wiegand, 2017), the def- 074

inition of offensive text varies greatly across 075

datasets, which makes the portability of deep 076

learning models for offensive text detection a 077

hard problem. Annual shared tasks on hate 078

speech detection and related tasks may use 079

similar definitions year after year, but there is 080

great variation when moving from one shared 081
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task to another and models that achieve high082

quantitative results on their targeted test set083

don’t generalize well (see (Yin and Zubiaga,084

2021) for a recent survey). In this paper we085

shall experiment on yearly datasets from two086

tasks that both use the same labeling scheme087

for offensive text, HASOC (Mandl et al., 2021)088

and GermEval (Risch et al., 2021). Both chal-089

lenges define a binary classification of social090

media texts (Tweets or Facebook comments)091

into the offensive and non-offensive classes,092

and a fine-grained classification of the offen-093

sive category into the subclasses abusive, in-094

sulting, and profane. A detailed description095

of these tasks and datasets will be given in096

Section 3. The OLID and SOLID datasets097

of SemEval 2019 (Zampieri et al., 2019) and098

2020 (Zampieri et al., 2020) use task defini-099

tions similar to GermEval. Other widely used100

datasets with a narrower scope include the101

data provided by the TRAC (Kumar et al.,102

2018, 2020b) and HatEval (Basile et al., 2019)103

shared tasks. TRAC contains English, Hindi104

and Bangla data from Twitter and Facebook105

and annotation focuses on the categories ag-106

gression and misogyny, the HatEval task is107

concerned with hate speech directed at immi-108

grants or women in English and Spanish Twit-109

ter data.110

Approaches Most systems for offensive text111

detection rely on distributional text rep-112

resentations, including both static (Chiril113

et al., 2019) and contextual embeddings (Ku-114

mar et al., 2020a; Ranasinghe and Zampieri,115

2020). As in many popular text classifi-116

cation tasks, the most widely used neural117

language models are based on the Trans-118

former architecture (Vaswani et al., 2017),119

and in particular BERT-based models (De-120

vlin et al., 2019) are the basis of the state121

of the art machine learning systems for most122

datasets, including the best-performing sys-123

tems on GermEval2021 (Bornheim et al.,124

2021), GermEval2019 (Paraschiv and Cer-125

cel, 2019), HASOC 2020 English (Ghanghor126

et al., 2021) and HASOC 2020 German (Ku-127

mar et al., 2020a; Dowlagar and Mamidi,128

2021) Top systems enhance quantitative per-129

formance by optimizing metaparameters such130

as maximum sentence length or number of131

training epochs (Kumari and Singh, 2020;132

Liu et al., 2019), by training on joint sub- 133

task labels (Mishra and Mishra, 2019) or uti- 134

lizing multiple Transformer based models to 135

counteract the small dataset sizes (Bornheim 136

et al., 2021), by pre-training on additional 137

hate speech corpora (Caselli et al., 2020), 138

training jointly on different corpora (Kumar 139

et al., 2020a), or by using adversarial learn- 140

ing (Tran et al., 2020). Further deep learn- 141

ing methods used in offensive text detection 142

include LSTMs (Wang et al., 2019; Mishra 143

et al., 2020), CNNs (Gambäck and Sikdar, 144

2017; Park and Fung, 2017), or both (Bad- 145

jatiya et al., 2017), sentence embeddings (In- 146

durthi et al., 2019), and ensembles of multi- 147

ple machine learning models (Badjatiya et al., 148

2017; Nikolov and Radivchev, 2019). 149

Explainability and rule learning The in- 150

terpretability of NLP models and the explain- 151

ability of their decisions is subject of grow- 152

ing interest, also as part of the broader re- 153

search area of explainable artificial intelligence 154

(xAI). Deep learning models are considered 155

black boxes in most applications and efforts 156

to interpret them are generally limited to fea- 157

ture weight visualizations with limited validity 158

(see e.g. (Serrano and Smith, 2019), (Wiegr- 159

effe and Pinter, 2019), and (Jain and Wallace, 160

2019) for the controversy about using atten- 161

tion weights as explanation). Yet even the 162

more mature methods for interpreting neural 163

networks (e.g. LIME (Ribeiro et al., 2016)) 164

do not offer the kind of transparency of ML 165

models that would allow developers to cus- 166

tomize their functionality the way a domain 167

expert can update a traditional rule system. 168

In this work we experiment with a rudimen- 169

tary method for semi-automatic, human-in- 170

the-loop (HITL) learning of simple rule sys- 171

tems over semantic graphs. Recent approaches 172

to automatic learning of rule systems for NLP 173

tasks range from the learning of first order 174

logic formulae over semantic representations 175

using neural networks (Sen et al., 2020) and 176

integer programming (Dash et al., 2018) to the 177

training of probabilistic grammars over seman- 178

tic graphs (Donatelli et al., 2019). Human-in- 179

the-loop (HITL) approaches involve generat- 180

ing rule candidates to be reviewed by experts, 181

e.g. by extracting textual patterns (Lertvit- 182

tayakumjorn et al., 2021) or semantic struc- 183
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tures (Sen et al., 2019) Rule-based approaches184

are also often combined with ML methods, e.g.185

by incorporating lexical features into DL ar-186

chitectures (Koufakou et al., 2020; Pamungkas187

and Patti, 2019) or voting between rule-based188

and ML systems (Razavi et al., 2010; Gémes189

and Recski, 2021).190

3 Data191

In this section we introduce datasets from the192

GermEval and HASOC shared tasks, which193

are the basis of all our quantitative experi-194

ments in Section 5 and our qualitative analysis195

in Section 7. Our choice of two recent tasks196

that use identical labeling schemes and both197

include data for both English and German,198

two languages in which we are able to perform199

qualitative analysis (see Section 7), allows us200

to investigate the ability of both ML and rule-201

based models to transfer between tasks as well202

as languages.203

GermEval The GermEval shared task was204

organized in 2018 (Wiegand et al., 2018),205

2019 (Struß et al., 2019), and 2021 (Risch206

et al., 2021). German Twitter posts were an-207

notated for the 2018 and 2019 challenges, the208

2021 task used comments from a news-related209

Facebook group. Besides the detection of of-210

fensive texts, the 2021 Germeval offered an-211

notations for two additional tasks, the iden-212

tification of engaging and fact-claiming com-213

ments, but these datasets are not part of our214

current experiments. The 2018 and 2019 Twit-215

ter datasets consist of posts from 100 user216

timelines and is limited to tweets in Ger-217

man that are not retweets, do not contain218

URLs, and contain at least 5 alphabetic to-219

kens. The dataset is not a random sample of220

posts meeting these criteria, users were heuris-221

tically selected to ensure a high ratio of of-222

fensive tweets (further details on this selection223

were not given), then the dataset was debi-224

ased using additional tweets with non-offensive225

words that were observed to be overrepre-226

sented in offensive posts, such as Merkel or227

Flüchtlinge ‘refugees’. The 2021 edition of Ger-228

meval featured a collection of comments from229

the Facebook page of a German political talk230

show. The 2021 training data was collected be-231

tween January and June of 2019, while the test232

set is from between September and December233

of 2020. The dataset has been anonymized 234

to comply with Facebook’s guidelines for pub- 235

lishing data. The datasets from 2018 and 2019 236

categorize the offensive texts further into three 237

categories, profanity, insult, and abuse and de- 238

fines offensive text as the union of these cat- 239

egories, this is identical to the definition used 240

at HASOC. The 2021 dataset does not contain 241

such fine-grained labels and defines offensive 242

texts as the union of screaming, vulgar lan- 243

guage, insults, sarcasm, discrimination, dis- 244

crediting, and accusation of lying. 245

HASOC The Hate Speech and Offensive 246

Content Identification in English and Indo- 247

Aryan Languages (HASOC) shared task was 248

inspired by GermEval and OffensEval and 249

was organized in 2019 (Mandl et al., 2019), 250

2020 (Mandl et al., 2020), and 2021 (Mandl 251

et al., 2021). The dataset from 2019 con- 252

tained tweets and Facebook comments in En- 253

glish, Hindi and German. Offensive posts 254

were selected based on keywords and hashtags, 255

and debiased similarly to the process described 256

by GermEval organizers. From 2020 datasets 257

were selected by training a Support Vector 258

Machine classifier (SVM) on a collection of 259

hate speech datasets and using this classifier 260

to select the tweets to be annotated for the 261

dataset. Following the definition of the 2019 262

and 2020 GermEval challenges, each HASOC 263

task distinguishes between three types of offen- 264

sive text, those displaying profanity (PRFN), of- 265

fense (OFFN), or hate (HATE). The binary clas- 266

sification of offensive texts considers the union 267

of these three categories, and both our quanti- 268

tative experiments in Section 5 and our quali- 269

tative analysis in Section 7 are concerned with 270

this task only. 271

4 Method 272

In our quantitative experiments as well as in 273

our error analysis we compare the performance 274

of standard deep learning models with rule- 275

based systems that define sets of patterns over 276

AMR graphs built from the texts of posts to be 277

classified. For the DL models we use standard 278

architectures without modification, technical 279

details will be described along with the exper- 280

imental setup in Section 5. In this section we 281

describe our rule-based approach. 282

Abstract Meaning Representations (AMR, 283
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(Banarescu et al., 2013)) are directed graphs284

of concepts representing the semantics of a285

sentence. We construct AMR graphs for286

each of our datasets using neural text-to-287

AMR parsers. For English we use a pre-288

trained Transformer-based AMR parser (Raf-289

fel et al., 2020) and the amrlib1 library, for290

German we construct AMRs from text us-291

ing a multilingual, transition-based (Damonte292

and Cohen, 2018) system via the amr-eager-293

multilingual2 library. Our rule system for294

each task is a list of patterns over AMR295

graphs, and applying such a rule system to a296

piece of text means labeling it as offensive iff at297

least one pattern in the list matches the cor-298

responding AMR graph. Individual patterns299

are graphs whose edge and node labels may be300

strings or regular expressions (regexes) defin-301

ing sets of possible labels, and a graph pat-302

tern with regexes for labels defines the set of303

all graphs whose corresponding node and edge304

labels are matched by those regexes. Patterns305

can also be negated and a conjunction of pat-306

terns used as a single rule, a complete rule307

system can therefore be considered a single308

boolean statement in disjunctive normal form309

(DNF) of boolean predicates corresponding to310

graph patterns, in this regard our method is311

similar to the approach of (Dash et al., 2018)312

and (Sen et al., 2020) (see Section 2).313

To construct rule systems efficiently, we im-314

plement a form of human-in-the-loop (HITL)315

learning. For each training dataset we con-316

sider all AMR graphs and generate a list of317

frequently occurring subgraphs with at most 2318

edges, then rank them based on their impor-319

tance for the classification task. For this we320

use subgraphs as features to train a decision321

tree on the dataset using the sklearn library322

and then rank these features based on their323

Gini coefficient. The maximum size of sub-324

graphs is a free parameter of the system but325

must be kept low to limit the search space.326

We thus obtain a ranked list of relevant graph327

patterns that we can use to construct our rule328

system manually, by building a list of rules,329

each of which is either a single pattern or the330

conjunction of multiple patterns, any of which331

may be negated. We shall describe the indi-332

1https://amrlib.readthedocs.io/en/latest/
2https://github.com/mdtux89/

amr-eager-multilingual

vidual rule systems built for our experiments 333

in Section 5. 334

5 Experiments 335

Quantitative evaluation is performed using 5 336

datasets. For English we train models us- 337

ing the three datasets from the 2019-2021 edi- 338

tions of the HASOC shared task, for German 339

we use the 2021 GermEval dataset (the train- 340

ing portion of which is from earlier editions 341

of GermEval) and the 2020 HASOC corpus 342

(see Section 3 for details on each dataset). 343

We train standard BERT-based classifiers on 344

each dataset and compare them with rule sys- 345

tems we built manually. We investigate the 346

ability of models to transfer between tasks by 347

evaluating each of them on the test sets of 348

all other datasets as well. We also attempt 349

transfer learning across languages (English to 350

German and German to English), by training 351

models using multilingual BERT on datasets 352

from one language and evaluating them on the 353

other language. Finally, we also measure the 354

contribution of our rule-based system to DL 355

models by evaluating the union of their pre- 356

dicted positive labels, i.e. by considering the 357

strategy of classifying a text as offensive iff at 358

least one of multiple models would classify it 359

as such. In this section we provide details of 360

our deep learning experiments, followed by an 361

overview of our rule systems built from each 362

dataset using the method in Section 4. Re- 363

sults and discussion follow in Section 6. 364

Deep learning models For training 365

BERT-based models we preprocess text data 366

by replacing emoticons with their textual 367

representation using the emoji3 Python 368

library, then removing hashtag symbols 369

and substituting currencies and urls with 370

special tags using the regex-based library 371

clean-text4. Finally, we use our own regular 372

expressions for masking usernames, media 373

tags, and moderators, by replacing each 374

with the [USER] tag. For both languages 375

we fine-tune a language specific pretrained 376

BERT model (bert-base-german-cased5 377

for German and bert-base-uncased6 for 378

3https://pypi.org/project/emoji/
4https://pypi.org/project/clean-text/
5https://deepset.ai/german-bert
6https://huggingface.co/bert-base-uncased
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English) as well as the multilingual model379

(bert-base-multilingual-cased7). On380

each dataset we then train one model with381

the language-specific BERT and one with382

multilingual BERT. Each of the 6 datasets383

consists of a train and test portion. For384

selecting training metaparameters we further385

divide the train portions of each dataset into386

into train and validation sets, using a 3:1387

ratio, then for the final experiments we train388

our models using the full training datasets389

and evaluate them on the test sets. For390

each dataset we train a neural network with391

a single linear classification head on top of392

BERT. Metaparameters are set based on393

performance on the validation set. We use394

Adam optimizer with a weight decay value395

of 10−5 and initial learning rate of 10−5. We396

use the balanced weighted loss function of397

sklearn8, to compensate for unbalanced labels,398

as suggested by (King and Zeng, 2001). We399

set batch size to 8 and train each model for 10400

epochs, then determine the optimal number401

of iterations based on their F-score on the402

validation set9.403

Rule based system For building and ap-404

plying our AMR-based rule systems we parse405

all text with language-specific text-to-AMR406

parsers (see Section 4 for details). The only407

preprocessing step we apply is the replace-408

ment of emoticons, as described in the pre-409

vious paragraph. We build rule systems based410

on each of the 5 training datasets (HASOC411

2019-2021 for English, GermEval 2021 and412

HASOC 2020 for German). Rule systems413

were built semi-automatically by the authors,414

based only on the training portions of each415

dataset, test sets were excluded from the pro-416

cess entirely and even validation sets were only417

used for quantitative evaluation, but not for418

HITL learning or manual analysis. All rule419

lists are presented in their entirety in Ap-420

pendix A, here we provide an overview only.421

In each of the 5 rule systems the rules with422

the highest yield are those that consist of a423

7https://huggingface.co/
bert-base-multilingual-cased

8https://scikit-learn.org/
9the optimal number of epochs for each model were

the following: EN: 2, EN-multi: 2, DE: 1, DE-multi:
3, DE-HASOC: 2, DE-HASOC-multi: 8, GermEval: 6,
GermEval-multi: 4

single node, i.e. that refer to the presence 424

of a single word in the text. The major- 425

ity of these words are in themselves profane 426

and/or insulting. In English rule systems top 427

keywords include asshole, stupid, bitch, shit, 428

fuck as well as useless and disgrace (see Ap- 429

pendix A for full lists). In German rule sets 430

the top words that trigger the offensive la- 431

bel in themselves also include ficken ‘fuck’, 432

porno, hurensohn ‘son of a bitch’, arsch ‘ass’ 433

and scheiße ‘shit’. Rules with multiple nodes 434

typically serve to separate offensive and non- 435

offensive occurrences of a word. For example, 436

the word shame is present in over 200 offen- 437

sive posts of the English HASOC 2021 dataset, 438

but as a keyword rule it would also yield 43 439

false positives. Using a pattern over AMR 440

graphs we can filter occurrences of the word 441

by the object (ARG1) of shame and construct 442

the rule shame ARG1−−−−→ (media|person|publi- 443

cation|they|you|party|have|government), which 444

yields only 8 false positives for 103 true posi- 445

tives. Another example of patterns over mul- 446

tiple nodes are rules covering negation. For 447

example, in the rule system based on the 448

GermEval 2021 training set, the rule nor- 449

mal polarity−−−−−→ − matches all posts where the 450

word normal is negated, such as in the sen- 451

tence Das ist doch nicht mehr normal! ‘That’s 452

just not normal anymore!’. The complete rule 453

lists built from each of the 5 datasets are pre- 454

sented in Appendix A. 455

6 Results 456

The shared tasks we focus on each evalu- 457

ate classifiers by measuring precision, recall, 458

and F1-score on both the offensive and non- 459

offensive class, and systems are ranked based 460

on the macro-average F-score, which is not 461

the average of two F1-scores but the harmonic 462

mean of the macro-average precision and re- 463

call scores. HASOC organizers argue that us- 464

ing macro-average F1-score counteracts class 465

imbalance (Mandl et al., 2019). We follow 466

this practice in our evaluation, especially since 467

many of the top participating systems do not 468

publish scores for individual classes, thus we 469

can only compare our models to theirs using 470

the macro-average F-score. Our main results 471

on the test portions of each of the 5 corpora 472

is presented in Table 1. On each dataset we 473
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evaluate DL models trained on data from the474

same task, on data from the other task of the475

same language, on all data in the language,476

or on all data from the other language (us-477

ing multilingual BERT). Additionally we eval-478

uate our dataset-specific rule systems and the479

pairwise unions of various systems. Where480

available, we also present the (macro-average)481

scores of the top-performing system for each482

dataset, as well as those of the original winner483

of each shared task (if the two differ). Ad-484

ditional quantitative results are presented in485

Appendix B.486

As expected, the best results are achieved by487

DLmodels trained on data from the same task,488

with or without additional data from the same489

language. These models are typically within490

a few percentage points of the best models,491

and are not improved significantly with the492

addition of the rule system. It is also ex-493

pected that rule systems achieve the highest494

precision values on each dataset, this is by495

design and at the expense of recall. The ef-496

fect of rules as an enhancement is consider-497

able in the case of the transfer learning scenar-498

ios, both between task and between languages.499

Since rules are generally high-precision, most500

models’ performance is improved by consid-501

ering their union with the task-specific rule502

system (taking the union of two or more bi-503

nary classifiers means classifying a text as of-504

fensive iff at least one of the models classi-505

fies it as such). This effect can be observed506

on both German and English datasets. On507

the German HASOC dataset, where the EN-508

multi model trained on English data only is in509

itself more than 20 points below the F-score510

on the offensive class achieved by the model511

trained on the training data corresponding to512

the test set (DE-HASOC), but adding labels513

predicted by the rule-based system closes al-514

most half of this gap, raising F-score from 52.9515

to 61.9. On the 2019 English HASOC dataset516

the effect is similar, rules close about half of517

the performance gap between German and En-518

glish models. This effect shows the potential519

of simple rule systems in low-resource scenar-520

ios where training data is only available for521

other languages and/or for other tasks/gen-522

res. On some datasets, our rule systems work523

well as standalone solutions as well. In case524

of the 2020 English dataset our rules achieve 525

83.7 F-score on the offensive class, compared 526

to 90.3 of the best DL system. We believe that 527

in real-world applications, e.g. automatic con- 528

tent moderation, such a system may be pre- 529

ferred despite its lower performance, due to its 530

transparency and the fact that its precision is 531

above 95% compared to the 90% of the top 532

black-box system. 533

7 Error Analysis 534

In this final section we perform manual error 535

analysis on samples of 100 posts each of the 536

2021 datasets for each language (GermEval for 537

German and HASOC for English). Samples 538

were selected randomly and classified by each 539

of the models described and evaluated in previ- 540

ous sections. Here we provide an overview of 541

errors made by each model and cite selected 542

examples. Errors made by our models are 543

grouped into what we consider to be typical 544

error classes, but we note that such a cate- 545

gorization is subjective and is made solely for 546

the purpose of discussion and presentation of 547

the results of our manual analysis. The ex- 548

amples we refer to in our discussion below are 549

presented in Table 2, a full list of errors made 550

by each of the systems as well as quantitative 551

evaluation of each classifier on the two samples 552

is available in Appendix E. 553

The largest error class consists of false neg- 554

ative predictions that are clearly offensive and 555

some models failed to detect them as such. 556

These include e.g. the profanity in FNen14†‡ 557

or the insult in FNde1*†‡. Another major 558

group consists of posts on controversial/sen- 559

sitive topics whose status as offensive/non- 560

offensive is influenced by both form and con- 561

tent and is also probably controversial. False 562

positive predictions in this group include texts 563

that express strong negative opinions in a 564

relatively civil way (FPde2*, FPde4*), while 565

false negatives are those that may have been 566

annotated as offensive because of their tone 567

(FNen1*†‡, FNen2*†‡). Ground truth annota- 568

tions are inconsistent about whether the pres- 569

ence of profanity alone warrants the offen- 570

sive label. The posts FPen1*‡ and FPen2*†, 571

which have been predicted as offensive by sev- 572

eral of our models and contain words such as 573

fuck and bitch, are annotated as non-offensive. 574
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Test System Offensive Other Macro avg
P R F P R F P R F

D
E

G
er

m
E

va
l2

02
1

Rules 65.4 9.7 16.9 64.6 97.0 77.5 65.0 53.3 58.6
DE-All 72.9 35.4 47.7 70.8 92.3 80.1 71.9 63.8 67.6
DE-GermEval 56.7 48.6 52.3 72.0 78.1 75.0 64.4 63.3 63.8
DE-HASOC 69.6 11.1 19.2 65.0 97.1 77.9 67.3 54.1 60.0
EN-multi 53.4 20.0 29.1 65.6 89.7 75.8 59.5 54.9 57.1
DE-All ∪ Rules 69.8 40.3 51.1 71.8 89.7 79.8 70.8 65.0 67.8
EN-multi ∪ Rules 54.9 27.4 36.6 67.0 86.7 75.6 60.9 57.1 58.9
DE-All ∪ EN-multi 62.3 44.9 52.2 72.1 84.0 77.6 67.2 64.4 65.8
DE-All ∪ EN-multi ∪ Rules 60.9 48.9 54.2 73.0 81.5 77.0 66.9 65.2 66.0
FHAC - - - - - - 73.1 70.4 71.8

D
E

H
A

SO
C

20
20

Rules 92.4 28.3 43.4 77.0 99.0 86.6 84.7 63.7 72.7
DE-All 55.4 93.0 69.4 96.0 69.1 80.3 75.7 81.0 78.3
DE-GermEval 47.7 90.7 62.5 93.9 59.0 72.5 70.8 74.8 72.8
DE-HASOC 66.6 81.7 73.4 91.7 83.1 87.2 79.1 82.4 80.7
EN-multi 57.4 49.0 52.9 80.2 85.0 82.5 68.8 67.0 67.9
DE-All ∪ Rules 55.4 93.3 69.6 96.2 69.1 80.4 75.8 81.2 78.4
EN-multi ∪ Rules 62.1 61.7 61.9 84.2 84.5 84.3 73.2 73.1 73.1
DE-All ∪ EN-multi 51.1 94.7 66.4 96.6 62.6 76.0 73.8 78.6 76.2
DE-All ∪ EN-multi ∪ Rules 51.2 95.0 66.5 96.8 62.6 76.0 74.0 78.8 76.3
ComMA - - - - - - - - 52.4
HASOCOne - - - - - - - - 77.9

E
N

H
A

SO
C

20
21 Rules 87.2 45.1 59.5 49.5 89.0 63.7 68.4 67.1 67.7

EN 80.3 95.2 87.2 88.7 61.5 72.6 84.5 78.4 81.3
DE-All-multi 82.7 23.9 37.1 42.2 91.7 57.8 62.4 57.8 60.0
EN ∪ Rules 79.8 95.6 87.0 89.2 60.0 71.8 84.5 77.8 81.0
DE-All-multi ∪ Rules 84.1 53.9 65.7 52.2 83.2 64.2 68.2 68.6 68.4
EN ∪ DE-All-multi 79.3 95.5 86.6 88.8 58.8 70.7 84.0 77.1 80.4
EN ∪ DE-All-multi ∪ Rules 78.8 95.7 86.4 89.1 57.3 69.8 83.9 76.5 80.1

E
N

H
A

SO
C

20
20

Rules 95.3 74.6 83.7 78.6 96.2 86.5 86.9 85.4 86.2
EN 90.2 90.5 90.3 90.2 89.9 90.1 90.2 90.2 90.2
DE-All-multi 79.3 20.9 33.1 53.7 94.4 68.5 66.5 57.7 61.8
EN ∪ Rules 89.6 91.0 90.3 90.6 89.2 89.9 90.1 90.1 90.1
DE-All-multi ∪ Rules 89.8 78.7 83.9 80.6 90.8 85.4 85.2 84.8 85.0
EN ∪ DE-All-multi 86.6 91.9 89.2 91.2 85.4 88.2 88.9 88.6 88.8
EN ∪ DE-All-multi ∪ Rules 86.0 92.3 89.1 91.5 84.6 87.9 88.7 88.5 88.6
IIIT_DWD - - - - - - - - 51.5
IIITK - - - - - - - - 93

E
N

H
A

SO
C

20
19

Rules 73.2 35.1 47.4 81.6 95.7 88.1 77.4 65.4 70.9
EN 59.6 76.7 67.1 91.4 82.7 86.8 75.5 79.7 77.5
DE-All-multi 53.1 47.9 50.4 83.2 85.9 84.5 68.1 66.9 67.5
EN ∪ Rules 57.5 77.4 66.0 91.5 80.9 85.9 74.5 79.2 76.8
DE-All-multi ∪ Rules 55.0 63.5 58.9 87.2 82.7 84.9 71.1 73.1 72.1
EN ∪ DE-All-multi 51.5 82.6 63.5 92.8 74.1 82.4 72.1 78.4 75.1
EN ∪ DE-All-multi ∪ Rules 50.2 83.0 62.6 92.8 72.6 81.5 71.5 77.8 74.5
YNU_wb - - - - - - - - 78.8

Table 1: Quantitative performance of models on 5 datasets. DE-All denotes the German BERT model
trained on all German datasets, EN is the English BERT model trained on all English datasets, DE-All-
multi is multilingual BERT trained on all German data, EN-multi is multilingual BERT trained on all
English data, and Rules is the rule-based system trained on the train set corresponding to the test. The
union of two or more models means classifying a text as offensive iff at least one of the models classifies
it as offensive. Previously published top systems included for comparison are FHAC (Bornheim et al.,
2021), ComMA (Kumar et al., 2020a), HASOCOne (Dowlagar and Mamidi, 2021), IIIT_DWD (Mishra
et al., 2020), IIITK (Ghanghor et al., 2021), and YNU_wb (Wang et al., 2019).
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One might attribute these annotations to the575

lack of hostile intent in these posts, but this576

would be in sharp contrast with FNen22† and577

FNen23†, which contain the same words, also578

lack any offensive content, but are nevertheless579

annotated as offensive (and profane in partic-580

ular). The German sample, taken from the581

GermEval dataset containing longer Facebook582

comments, also contained several instances583

of sarcasm, which typically resulted in false584

negative predictions such as FNde4*†‡ and585

FNde5*†‡. Finally, the English sample con-586

tained several examples of data error, such as587

the inclusion of non-English text (FNen3†‡) or588

encoding issues (FNen13†‡).589

8 Conclusion590

We presented a set of experiments illustrat-591

ing the potential of simple rule-based systems592

for high-precision detection of offensive text as593

an alternative or enhancement of deep learn-594

ing methods, especially in low-resource scenar-595

ios where training data is only available from596

another language or another task/genre. We597

also presented manual error analysis on sam-598

ples from two languages to indicate some chal-599

lenging aspects that are characteristic either600

of the task, such as sarcasm, or the datasets,601

such as inconsistent annotations. We believe602

we have shown the potential of rule-based sys-603

tems as simple, transparent, flexible solutions604

to text classification tasks in general, while at605

the same time we highlighted some issues of a606

popular task for which existing solutions are607

error-prone and sensitive to data bias.608

ID Text

FNen14†‡ How many people you planning to shag
in September? — one person. the rest
are a bonus https://t.co/FcS1FpxSvE

FNde1*†‡ @USER solch sinnfreie Beiträge...

FPde2* Schauspielen kann er nicht. Und in-
zwischen meint er, Ahnung von Allem
zu haben. Schlimm dieser Typ

FPde4* @USER...äh, Verzeihung! Fangen Sie
doch einfach mal bei sich selbst, mit
Ihren unnützen Motorrädern, an!

FNen1*†‡ @timesofindia How dare they call it In-
dian variant when they dint call it a
#wuhanvirus or #chinesevirus?? In-
dia should file a legal case against
WHO and China in international
court.

FNen2*†‡ Sad reality of Indian news channels.
A minute by minute coverage of elec-
tions while a common man struggles to
find #covid treatment essentials. Use-
less News channels. #COVIDSecond-
WaveInIndia #CoronaPandemic #In-
diaCovidCrisis #COVID19India #In-
diaChoked #aajtak #zeenews #ABP-
news

FPen1*‡ miya four creeps into every thought i
have what the fuck

FPen2*† @imtillyherron Happy MF birthday to
my fave bitch out there!! thank you for
always being YOU and for showing me
that I shouldn’t have to worry about
what others might say thank you for
being my motivation, my idol who ra-
diates nothing but positive energ

FNen22† Bitch I done did so much today I’m
tired

FNen23† would you fuck me? - ash — Idk
who ash is? So you gotta tell me lol
https://t.co/I0Jj7LNEho

FNde4*†‡ @USER Sie sind Hellseher?
FNde5*†‡ Oh....die Frau hat eine Glaskugel ? Ist

ja interessant.

FNen3†‡ @ANI Naa desh ko corona se bachaya
Naa WB elections jeeta itna campaign-
ing ke baad Seriously Modi is big fail-
ure for India than what I thought.
#ResignPMmodi

FNen13†‡ Windy says oh ya hoor sir . . .
No long in. Shattered. Got myself a
wee part time job. 3 days a month.
First day. 12 hour shift. Bollocks
ðŸ˜®ðŸ¤¦ðŸ�»â€�â™‚ï¸�ðŸ¤£ Think
Iâ€™ll give ma sel a 9/10 the day
though. What an absolute fuking
stonker eh ðŸ˜ŽðŸ”¥ðŸ™Œ

Table 2: Sample texts misclassified by any of our
systems, grouped by error type. Text IDs indicate
false positive (FP) or false negative (FN) and the
models that made the false prediction. * denotes
the language specific BERT model, † refers to the
multilingual BERT model, ‡ marks the rule-based
system.
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A Rule Systems974

English HASOC 2021:975

(fuck | asshole | whore | fucking | motherfucker | dick976
| bitch | useless | fuck-off | dick | shit | wank |977
bullshit | penis | bastard | shameless | fucker |978
piss-off | piss | clown)979

act prepagainst−−−−−−−−→ country980

shame ARG1−−−−→ (media | person | publication | they |981
you | party | have | government)982

shame ARG0−−−−→ (vulture | elect | I | media | it | expose983
| you | have | obligate | support | nation | result984
| tell | person | get | vote | possible | religious |985
bastard | this | know | democracy | let | we | pull986
| and)987

wanker mod−−−→ (.*)988

embarrass ARG1−−−−→ you989

person mod−−−→ horrible990

kill ARG1−−−−→ person991

GermEval 2021:992

(ARD | außer | ??? | silly | motherfucker | apparent993
| !!!.* | foolishness | framing | arrogant | lach |994
asozial | council | arsch | bullshit)995

propaganda & NOT (.*) mod−−−→ propaganda996

fact & NOT (.*) mod←−−− fact mod−−−→ (.*)997

genericconcept op2−−→ and998

flüchtlinge & NOT (.*) ARG1−−−−→ flüchtlinge999

(.*) .∗−→ hashtag.* & NOT (.*) ARG.∗−−−−→ hashtag.*1000

contrast op1←−− and mod−−−→ this1001

interrogative mode←−−− and mod−−−→ only1002

(komm | willst | sell | heule | beschützt | schä-1003

men) ARG1−−−−→ devour ARG1−−−−→ you1004

(normal | level | complacency | issue | läuft | brechen1005
| money | live | mention | leave | wahlzettel |1006
thank | read | eingerechnet | car | prefer | außer |1007

müssen) polarity−−−−−→ −1008

English HASOC 2020:1009

(stupid | bitch | moron | hoe | damn | fuck | shit | ass1010
| fucking | animal)1011

rape manner−−−−−→ (.*)1012

rape ARG0−−−−→ (.*)1013

rape ARG1−−−−→ (.*)1014

German HASOC 2020: 1015

(hurensohn | maul | fresse | porno | abschaum | anal 1016
| ficken | fick) 1017

(müsste | neger | labern | dass | unerhört | scheiße | 1018

kelbt | performt | silly) mod−−−→ scheiße 1019

(cause | wählen | richt | erzaehlt | say | 1020

muss) ARG1−−−−→ scheiße 1021

and op1−−→ scheiße 1022

(geblockt | ficken | write | tätscheln | strecken | können | 1023

spritzt | hope | need | #ff | use | gefickt) ARG1−−−−→ ar- 1024
sch 1025

(kanacke | bekomm | star | lecken | thinspo | obacht 1026
| schickten | liebst | roxyred19589189 | pornos | 1027
cause | bluejeans | vergas | würde | geiler | fürn 1028
| full | hört | gefickt | fishnets | fisting | lutschen 1029
| geile | präsentiert | herangehensweise | hauen | 1030

peach | hift) mod−−−→ arsch 1031

(grundeis | top | tail | genericconcept | verwöhnen | 1032

für) location−−−−−→ arsch 1033

arsch mod−−−→ (euch | patriots | community | sammer | 1034
shoutoutxobella | #rt | certain | dein | bineuer- 1035
boss | plague | sexy | evt | fick | nackten | total | 1036
geil | nen | molligekleinesie83 | milf | stromkas- 1037
teriks | otherwise | person | ariiiish | holgerewald1 1038
| pornos | süsser | den | verdammten | cam | blöder 1039
| nix | genericconcept | privilegierten | meilenweit 1040
| würde | geiler | ersma | dorne | verfickten | dir | 1041
#kostenlos | andy93893217 | erzähl | elektrogeräte 1042
| GT | veganhure | prallen | real | herrnewstime 1043
| mizunowaverider | kings | few | geilen | in | 1044
einzelfallinfos | voll | schön | pictimundi | gratis) 1045

English HASOC 2019: 1046

(fucking | ass | bastard | rape | FuckTrump | fuck | 1047
vagina | dickhead | shithibbon | FatOrangeFuck | 1048
disgrace | shit) 1049

traitor ARG1−−−−→ person 1050

lie ARG0−−−−→ you 1051
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B Additional results1052

Test set Train set Offensive Other Average
P R F P R F P R F

Ger-
mEval2021

GermEval2021 67.3 19.4 30.2 66.5 94.4 78.1 66.9 56.9 61.5

GermEval2019

GermEval2019 71.3 53.6 61.2 80.5 89.9 84.9 75.9 71.7 73.8
GermEval 63.0 70.6 66.6 85.3 80.4 82.8 74.1 75.5 74.8
German HASOC 71.7 45.9 55.9 78.2 91.5 84.3 74.9 68.7 71.7
German 73.0 63.9 68.2 84.0 88.9 86.4 78.5 76.4 77.4
English multilin-
gual

48.3 35.8 41.1 73.1 82.0 77.2 60.7 58.9 59.7

GermEval2018

GermEval2018 72.0 60.1 65.5 81.0 87.9 84.3 76.5 74.0 75.2
GermEval 67.7 67.8 67.7 83.4 83.3 83.3 75.5 75.6 75.5
German HASOC 77.2 39.4 52.1 75.0 94.0 83.4 76.1 66.7 71.1
German 74.9 54.5 63.1 79.4 90.6 84.6 77.2 72.5 74.8
English multilin-
gual

53.8 22.7 31.9 69.3 90.0 78.3 61.6 56.3 58.8

German
HASOC2020 German

HASOC2020
69.6 74.7 72.0 89.2 86.5 87.8 79.4 80.6 80.0

German
HASOC2019

German
HASOC2019

33.2 77.9 46.6 94.4 70.2 80.5 63.8 74.1 68.5

GermEval 32.0 83.1 46.2 95.4 66.4 78.3 63.7 74.7 68.8
German HASOC 46.1 51.5 48.6 90.5 88.5 89.5 68.3 70.0 69.1
German 35.5 73.5 47.8 93.7 74.5 83.0 64.6 74.0 69.0
English multilin-
gual

35.2 41.2 38.0 88.4 85.6 87.0 61.8 63.4 62.6

English
HASOC2021

English
HASOC2021

84.8 83.3 84.1 73.2 75.4 74.3 79.0 79.3 79.2

GermanEval
multilingual

77.8 18.9 30.4 40.5 91.1 56.1 59.2 55.0 57.0

German HASOC
multilingual

70.6 22.6 34.2 39.8 84.5 54.1 55.2 53.5 54.3

English
HASOC2020

English
HASOC2020

91.5 91.6 91.5 91.3 91.2 91.3 91.4 91.4 91.4

GermanEval
multilingual

66.9 12.3 20.7 51.0 93.8 66.0 58.9 53.0 55.8

German HASOC
multilingual

75.5 19.5 30.9 53.0 93.5 67.7 64.3 56.5 60.1

English
HASOC2019

English
HASOC2019

59.0 75.3 66.2 91.0 82.5 86.5 75.0 78.9 76.9

GermanEval
multilingual

51.0 34.4 41.1 80.3 89.0 84.4 65.7 61.7 63.6

German HASOC
multilingual

43.0 33.3 37.6 79.4 85.3 82.2 61.2 59.3 60.2

Table 3: All BERT models have been trained to
optimize macro F1 on the validation set.
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C Dataset sizes1053

Data Offensive Other

GermEval21 train 1122 2122
GermEval21 test 350 594
GermEval19 train 1287 2708
GermEval19 test 970 2061
GermEval18 train 1688 3321
GermEval18 test 1202 2330
German HASOC20 train 673 1700
German HASOC20 test 300 727
German HASOC19 train 407 3412
German HASOC19 test 136 714
English HASOC21 train 2501 1341
English HASOC21 test 798 483
English HASOC20 train 1856 1852
English HASOC20 test 807 785
English HASOC19 train 2261 3591
English HASOC19 test 288 865

D Models’ performance on1054

analyzed samples1055

Test System TP TN FP FN Prec Rec F1

EN

EN 64 23 11 2 85.3 97.0 90.8
DE-multi 12 32 2 54 85.7 18.2 30.0
Rules 32 32 2 34 94.1 48.5 64.0
EN ∪ Rules 64 22 12 2 84.2 97.0 90.1
DE-multi ∪ Rules 35 30 4 31 89.7 53.0 66.7
EN ∪ DE-multi 64 22 12 2 84.2 97.0 90.1
EN ∪ DE-multi ∪ Rules 64 21 13 2 83.1 97.0 89.5

DE

DE 12 62 5 21 70.6 36.4 48.0
EN-multi 10 63 4 23 71.4 30.3 42.6
Rules 4 66 1 29 80.0 12.1 21.1
DE ∪ Rules 13 61 6 20 68.4 39.4 50.0
EN-multi ∪ Rules 12 62 5 21 70.6 36.4 48.0
DE ∪ EN-multi 15 58 9 18 62.5 45.5 52.6
DE ∪ EN-multi ∪ Rules 16 57 10 17 61.5 48.5 54.2

Table 4: Quantiative performance of models on the
samples used for error analysis
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E Classifier errors on the analyzed1056

samples1057

We list all false predictions made by any of the1058

classifiers on either of the two samples used1059

for manual analysis in Section 7, grouped by1060

language, error type, and model. Table 5, 6,1061

and 7 contain all false positive predictions on1062

the English sample, Tables 8, 9, 10, and 111063

group false negative predictions on the English1064

sample by model. Table 12 contains false pos-1065

itive predictions on the German sample, Ta-1066

bles 13, 14, 15, and 16 contain false negative1067

predictions on the German sample.1068
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ID Text

FP1* miya four creeps into every thought i have what the fuck
FP2† @imtillyherron Happy MF birthday to my fave bitch out there!! thank you for always being YOU and

for showing me that I shouldn’t have to worry about what others might say thank you for being my
motivation, my idol who radiates nothing but positive energ

FP3 @mybmc Total mismanagement for 18-45 years. Fastest finger first. Slots are gone like hot cakes.
BMC expects people to be on Twitter whole day. OTP system is pathetic. what is the need to log out
if job is not done.Puts load on system unnecessarily. #VaccineRegistration #CovidVaccine

FP4 We should not unnecessarily curse PM. What are our people doing. Why they are not taking care of
themselves. Even if you see conditions before 8 months in US and Italy. It was same. No conuntry
has massive health infra to tackle so many cases. #ResignPMmodi

FP5 If I go 30 more minutes without some Samsung Virtual assistant pussy Iâ��m gone fold ð��¯
https://t.co/t5lOT22eFz

FP6 Whatever is happening in Bengal is so disheartening to see! Being a Bong,it hurts more badly.
Elections are conducted peacefully in every state except Bengal. Still can’t figure out why there’s
always violence during polling. For God’s sake,stop it! #BengalViolence #BengalBurning

FP7 Modi’s super-spreader events went in vain. Mamata Banerjee’s Trinamool Congress is on its way to
form a government in West Bengal for the third time in a row. #IndiaCovidCrisis https://t.co/gue-
hujzoD2

FP8 Indian journalists are being arrested, imprisoned, and tortured for speaking on the #COVID19 crisis
in their country.Â India’s use of security, defamation, and hate speech laws to detain critical voices is
a grave violation of human rights. #ResignModi https://t.co/HzTGSOEtIN

FP9 I would have shot myself if I was the reason of so many deaths. #Resign_PM_Modi #ResignModi
#andhbhakts https://t.co/hxkdyAQU3d

FP10 So we already know that WlKlPEDlA, funded by George S0r0s ONLY has misinformation about INDIA
aNd HINDUISM but openly showing their intent of merging #Bengal with Bangladesh? People who
opposed BJP rallies in #BengalElection2021 must know how dumb they were after #BengalBurning
https://t.co/u9h18M36bs

FP11 @Dipankar_cpiml I, also lost my father. #Resign_PM_Modi

Table 5: False positive predictions of the English BERT system in the English HASOC 2021 dataset.
Asterisks (*) denote examples that were also missed by the rule-based approach and the dagger (†)
denotes the one also missed by the German multilingual BERT system.

ID Text

FP12 During the times when the whole nation is facing and fighting the pandemic. Bengal is burning. The
political parties sow the seeds (of hatred) and the innocents get to reap. #stopviolence #BengalBurn-
ing

Table 6: False positive prediction of the German multilingual BERT system on the English HASOC 2021
dataset.

ID Text

FP13 #CovidVaccine #COVID19 if you have been injured or family member killed by vaccine ... you must
report to fda and cdc. These vaccines must never get full approval. @cnn

Table 7: False positive prediction of the rule-based system on the English HASOC 2021 dataset because
of the kill ARG1−−−−→ person relation.

ID Text

FN1 @timesofindia How dare they call it Indian variant when they dint call it a #wuhanvirus or #chinese-
virus?? India should file a legal case against WHO and China in international court.

FN2 Sad reality of Indian news channels. A minute by minute coverage of elections while a common man
struggles to find #covid treatment essentials. Useless News channels. #COVIDSecondWaveInIndia
#CoronaPandemic #IndiaCovidCrisis #COVID19India #IndiaChoked #aajtak #zeenews #ABPnews

Table 8: Offensive tweets in the English HASOC 2021 missed by all classifiers.
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ID Text

FN16 @ErLashe You have a fat pussy.
FN17 Drop it , shameless bully wood creatures .. run some awareness drive about #wuhanvirus /COVID 19

.. if u hv so much fan following (disgusting) than hopefully they wld listen to you .. #RadheTitleTrack
not interested ..

FN18 @wahlstedt007 @pamela53blue Damn dude is being very nice! At a minimum he is at least a lying
orange shitbag.....

Table 9: Offensive tweets in the English HASOC 2021 missed by the rule-based systems.

ID Text

FN19 @smitabarooah Many shameless idiots in media want to project China positively as if nothing has
happened since past 1year... #ChineseVirus destroyed many countries economy and killed millions...
China should be punished

FN20 You think im tripping cause I need some dick. I’m tripping cause I want more than that. But
everything goes over ya head!

FN21 i have shaved my dick, balls, armpits, ass, legs, face, head over the sink and in the shower and it sitll
works absolutely fine

FN22 Bitch I done did so much today I’m tired
FN23 would you fuck me? - ash — Idk who ash is? So you gotta tell me lol https://t.co/I0Jj7LNEho
FN40 @narendramodi Have you no shame ? You count COVID meetings. You count election rallies. You

count votes. While the country counts deaths. Ashamed to have voted for you. Ashamed to have
been brainwashed like the whole country. Shame. #ResignModi #Resi

FN41 @PrathamShashank @LibtardsKaDoc @MamataOfficial @RahulGandhi BJP is not allowed in West
Bengal so tell your modi to fuck off and never come back here #ResignModi

FN42 @Reuters The CCP Virus came from a Lab in Wuhan, China. China is ResponsibleÂ for the
Spread ofÂ Corona VirusÂ Across theÂ World.ðŸŒ�ðŸ¦ It’s a Chinese VirusðŸ¤¬ðŸ¦ Fuck You
ChinaðŸ–•ðŸ‡¨ðŸ‡³ðŸ–•ðŸ˜¡ðŸ¦ #CKMKB #ChuttadChinesePartyÂ CCP #ChineseVirus

FN43 @mePankajBhaskar @derekobrienmp Hey #AndhBhakt your supremo #ResignModi preferred danc-
ing in elections to visiting hospitals. No oxygen, no beds, no ventilators just elections... that turned
the nation into graveyard. Shame #ResignPMmodi , Didi o didi #

FN44 Blatant example of many among one double speak of Modi government. #ModiKaVaccineJumla
is real Jumla for Bankers. They have been deliberately left to die. When it is work everyone be-
comes master of Bank but in case of welfare measures all gets mouth paralysis. Shame @DFS_India
https://t.co/6VrCI5dlkA

FN45 @BSYBJP @mla_sudhakar @nimmasuresh @RAshokaBJP @narendramodi @AmitShah @Shob-
haBJP @DVSadanandGowda What is your take on this. There won’t be any fume without fire.
Still you people want to play with the people’s life? Shame on you people #Resig

FN46 @WrittenByHanna To hell with being the bigger person. Ima be an asshole instead.
https://t.co/7f4q2J3syW

FN47 @Rute_Cauze @farsazadi Lmao mate could you be any more of a wanker ðŸ˜�
FN48 Bitch better be thanking God Almighty because he couldve had his ass seriously BEAT TO A

BLOODY pulp https://t.co/XrmEiQBIxq
FN49 How dare you motherfucker trying to tell everyone to be cool ? R u fucking serious ? #StopAsianHate

https://t.co/lRNzlYOtcD
FN50 @MattHancock This may all be true. But... What did you do to piss off big Dom?
FN51 @OkamotoSan @XIA0SVIA @kobrastarships @IzzieNai @klancezstarz ”gatekeeper” say that to my

face, fucker. SAY THAT TO MY FACE, INSTEAD OF BLOCKING ME, COME ON.
FN52 @PatMcAfeeShow @TWooodley @jakepaul Double leg that fucker and drop hellbows
FN53 ‘Trace of blood’ motherfucker if that’s a trace of hate to see what this guy makes of periods
FN54 @LAVLUXX Nawww.... let me tell y’all what kinda dick this really is. This dat “ Ima Barely wet the

head dick and then shove it in to wake her up dick.”
FN55 @VFLBrentford_ @JxshCFCx @TheVFL_ The next day the fucker was dead

https://t.co/3K6uAKjrjr
FN56 I love people that believe they ’deserve’ to be addressed a certain way and that you should walk on

egg shells even when they’re being a jackass because I’m gonna burst the fuck outta that self-entitled
bubble.

FN57 WTF is happening in our country #BengalBurning #SpinlessBJP https://t.co/SU3CAT87ri

Table 10: Offensive tweets in the English HASOC 2021 missed by the German multilingual BERT-based
classifier.
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ID Text

FN3 @ANI Naa desh ko corona se bachaya Naa WB elections jeeta itna campaigning ke baad Seriously
Modi is big failure for India than what I thought. #ResignPMmodi

FN4 @narendramodi @drharshvardhan It was already knew that second wave would come. You should
have kept necessary stocks. You people are so dumb, unaccountable and ignorant. Feels like curse to
have leaders like you.U Resign! #ModiMustResign #ModiKaVaccineJu

FN5 @@thecoastguy â€¦..But is a real Wanker, you know.
FN6 glad I prefer Dutch beer to Italian beer anyway. Cunt.
FN7 Day after day, whatever little this regime does gets progressively more frustrating and infuriating.

This sheer level of incompetence when people literally die on the streets. You lot can’t really shake
off what you truly are. Murderous genocidal bigots. #ResignPMmodi https://t.co/Mcwi1jIklI

FN8 I as a citizen feel ashamed of you being the PM of this country. PLEASE REALISE YOUR POWER
AND SAVE PPL, YOU ARE NO MORE A CHAIWALA BUT A BLOODY PM of this country.
Or just leave the status and go run a tea stall ð��¡ #ResignPMmodi #ModiResign #ShameOnModi
#ShameOnYou 3/3

FN9 So how has @narendramodi thought of vaccination to rural areas ? Online registration ? Really ?
Then he will have to give them network first ,then cell phones And then after few More years these
people will get vaccine for sure . What a fool India has chosen to lead #ResignModi

FN10 @mollierose0827 Sorry but ur not worth anymore than a hooker on the side of the street
FN11 Geezus you got your old age #CovidVaccine already, first I think! Now you berate renters, a gigantic

swathe of younger people who canâ€™t do what you say? Ignorant &amp; boring. https://t.co/rtB-
nqYWRtM

FN12 No strategy for vaccination. Worried how this halfwit govt shall do it. #ModiKaVaccineJumla
FN13 Windy says oh ya hoor sir . . . No long in. Shattered. Got myself a wee part time job. 3 days a

month. First day. 12 hour shift. Bollocks ðŸ˜®ðŸ¤¦ðŸ�»â€�â™‚ï¸�ðŸ¤£ Think Iâ€™ll give ma sel a
9/10 the day though. What an absolute fuking stonker eh ðŸ˜ŽðŸ”¥ðŸ™Œ

FN14 How many people you planning to shag in September? — one person. the rest are a bonus
https://t.co/FcS1FpxSvE

FN15 not exclusive..... lol Ange just given him permission to shag her daughter unwittingly? &amp; Louie
LoveDay from #Hollyoaks just NOOOO lol lol #HolbyCity

FN24 @spectatorindex Because of Worst PM &amp; Planning #ResignModi
FN25 @BJP4India @sambitswaraj You and your party should be ashamed...Thoda Sharm Kar lo Bhai

#Resign_PM_Modi
FN26 @BJP4India @sambitswaraj You and your party should be ashamed...Thoda Sharm Kar lo Bhai

#Resign_PM_Modi
FN27 @rocktredblood @abbyeddymom @mikecanjerk @MorpheusDeZion @wash77033 @IamWendums

@Sammy5586 @briansjelks @cdhthegreat @RocketSilasEra @jtkilla_13 Iâ€™m not a fan of Capela.
He talked all that smack and whimped out when the chips were down. Harden shouldâ€™

FN28 @HootHoottooh Your timeline is filled with hatred &amp; bigotry towards Republicans. Stay Woke
HootyHoo!

FN29 People in India are still dying like files!! Our govt is not helping at all. The world is seeing the failure
and this will go down in history bold and bloody! Stop #CentralVistaProject! #ModiKaVaccineJumla
#modioxygendo #ModiDisasterForIndia #ModiResign

FN30 Scientists are begging for data but #Modi is going against science and taking no advice. Global com-
munity can’t help us if we hide data and deny science. #ResignPMmodi please, you’re incompetent.
#AndhBhakt #ModiKaVaccineJumla #ModiResign https://t.co/tilRANVPdg

FN31 Reality of Bengal, Comparing the TMC with Nazis, the BJP dubbed the govt in Bengal as fas-
cist. BJP-IT Cell,trying it’s best like always, spreading hate &amp; misleading, manipulating ev-
eryone. Their manipulator in chief @amitmalviya is not stopping. #CruelMamata #BengalBurning
https://t.co/HJMp24Qev4

FN32 @airnewsalerts . @TOIIndiaNews @ANI @BBCHindi @nytimes Please Stop fooling people, have been
checking your pathetic portal every two hours and no slot available.. for proof view the screen shot
attached.!! #ModiResign #ModiKaVaccineJumla #ModiResignOrRepe

FN33 #IndiaCovidCrisis #IndiaNeedsOxygen Shameful of BJP for not being able to manage health system
even after so many weeks; they slept since the 1st pandemic despite knowing the second wave would
be dangerous and oxygen is key to live/ Delhi is a death bed all over !!

FN34 @AfreenFatima136 @HayaatK58831077 To cover up your #Hinduphobia and vulturism, donâ€™t take
help of #islamophobia. We have #Criminalsphobia only. Those who insult dead are with criminal
behaviour. And no one cares for you fellows. Get Out

FN35 Total failure of health infrastructure„, low economy...death of democracy #ExitModi #ResignPMmodi
https://t.co/Wt8nLu9kJz

FN36 If you can’t handle me at my ”show me on the doll where the feminist hurt you”, then you probably
deserve me at my ”get fucked you incel shitbag”.

FN37 @vampirebritcom wanker omg yes
FN38 Bloody hell that got closer than I would have liked!
FN39 @Baddiel That’s is ’ I’m going to Shag you’ look.

Table 11: Offensive tweets in the English HASOC 2021 sample missed by the German multilingual BERT
and rule-based systems.
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ID Text

FP1 Alle die hier so böswillig kommentieren, denkt doch einfach mal an eure eigene Jugend. Was hat sich
da besonders eingeprägt? Die Klassenfahrt an die Ostsee mit den Klassenkameraden, die Ferienreise
wo ihr eine neue Freundschaften geschlossen habt, das Auslandssemester wo ihr die erste Liebe
getroffen habt, der Abend wo ihr beim Tanz eure/n Frau / Mann kennengelernt habt. Erinnerungen
die mit Lachen und einem Gefühl der Unbeschwertheit gefüllt sind. Das lässt sich durch nichts
ersetzen! Und man sollte der Jugend zumindest zugestehen, das es schwer fällt darauf zu verzichten.
Und natürlich ich das nicht so schlimm wie einen Menschen zu verlieren (ich hab selbst meinen Vater
dieses Jahr verloren), aber es ist trotzdem unglaublich frustrierend.

FP2 Schauspielen kann er nicht. Und inzwischen meint er, Ahnung von Allem zu haben. Schlimm dieser
Typ

FP3 Nach Ihrer gestrigen Sendung steigt bei mir die Angst, dass es zu diesem ”Unfall” kommt, vor
allem dieser Mister Weinberg macht mir riesig Angst, er könnte für eine Mehrheit gesprochen
haben/sprechen ! Wir werden sehen, wie das mit der Gerechtigkeit/ Demokratie in den
USA bestellt ist. Gute Gesundheit.

FP4 @USER...äh, Verzeihung! Fangen Sie doch einfach mal bei sich selbst, mit Ihren unnützen Motor-
rädern, an!

FP5 Für Europa wird sich nichts ändern, die alten Männer und die Sümpfe hinter ihnen wird die ”Amer-
ica First” Politik fortführen. Europa sollte endlich zusammenrücken und mit einer demokratisch
gewählten Stimme auftreten!

FP6* @USER Dass es schon immer so war, ist erwiesenermaßen falsch. Als die Demokraten noch für
Sklaverei eintraten, waren die Republikaner für die Abschaffung dieser. Erst mit Harding als Präsi-
dent wandelten sich die Republikaner zu einer konservativen Partei.

FP7* @USER Die Entwicklungen in den USA sind für uns alle evident, nicht nur für uns deutsche Bürger.
Trump’s Verhalten stärkt nicht nur in den USA die rechten Ränder, sondern auch bei uns. Deutsch-
land/Europa muss aufpassen, nicht zu sehr in diesen Sog gezogen zu werden. Unsere Regierungen
müssen sich klar gegen die Politik Trumps wenden, wenn es um die Zukunft der NATO und der UN
geht. Trump steht für Rassismus, Klassenkampf, Frauenfeindlichkeit, Homophobie und Umweltver-
schmutzung. All das geht letztendlich auch mich an.

FP8* Sie durfte / konnte leider nicht so viel sagen.. Lag am Weinberg .. Hat auch einen super tollen
Akzent sehr sympathisch  

FPde9* @USER , es kommt sicher auch auf die Wahl in den USA an. Mit Trump als Präsident kann sich
Putin mehr erlauben. Dann juckt es ihn natürlich nicht,was Europa sagt. Wenn der komplette
Westen Sanktionen verhängt, sieht es wohl anders aus.

FP10† Österreich macht es vor! Ich wünsche mir eine solche Talk Gruppe im ARD und
ZDF: https://www.servustv.com/videos/aa-2549wnudn2112/?fbclid=IwAR1X69rdRKZ8ep-
wJTVXNGM1inpdsSXgtYrxkbGqucid9XFSA4IQPEX1vINc Außerdem wünsche ich, dass
auch unsere Gesundheitsbehörden mal endlich die Wahrheit sprechen: https://www.face-
book.com/jorg.achatz.52/videos/3813957285300040/?extid=Q6XnDuTDc0XGrZ5r

Table 12: False positive predictions on the GermEval 2021 toxic dataset. Examples without notation are
missed by the German BERT, asterisks (*) denote examples missed by the rule-based approach and the
dagger (†) denotes the ones missed by the English multilingual BERT system.
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ID Text

FN1*† @USER solch sinnfreie Beiträge...
FN2*† @USER, sie merken nicht mal wie sie manipuliert werden...
FN3*† @USER welcher amerikanische Präsident war in KEINEN Krieg verwickelt?
FN4*† @USER Sie sind Hellseher?
FN5*† Oh....die Frau hat eine Glaskugel ? Ist ja interessant.
FN6*† Niemanden in den USA interessiert es, was irgendwer in Deutschland über die Wahl redet. Worin

liegt für mich der Mehrwert dieser Sendung ?
FN7*† @USER es wird keine andere Meinung zugelassen
FN8*† Die Frage ist ja nicht welche Meinung man teilt. Egal ob Trump oder Biden verlieren wird wieder

die Unterschicht..
FN9*† Trolle…
FN10† @USER zum Glück werden Kommentare nicht vorgelesen sonst wäre ihrer auch ein Teil davon
FN12*† @MEDIUM, „*innen“ ist links-ideologischer Gender-Sprech und hat im öffentlich-rechtlichen Rund-

funk nichts verloren!
FN13*† @USER Soviel ich weiß, hat die SED und ihre Nachfolgeorganisation PDS heute „die Linke“ Gerichts-

fest festgestellt unter und mit Gysi als Vorsitzender,damals hunderte von Millionen DM „Parteiver-
mögen“ verschoben. Ist mir jetzt zu langweilig und doof all die Berichte und Artikel heraus zu
suchen für dich. Wer das nicht weiß, verweigert sich einfach der Realität.

FN14*† Ach ja... alles doch so einfach... für 2 Cent mehr CO2 neutral tanken
FN15*† Das Format @MEDIUM gehört abgeschafft. - KOMPLETT.
FN16*† @USER 1950er? eher 1650. Ein immer größerer Teil der US-Gesellschaft ist hinter die Aufklärung

zurück gefallen und kommt mit ihrem Rassismus und ihrer Bigotterie daher, als sei sie gerade erst
von Bord der Mayflower gestiegen.

FN17*† @USER Wind, Wasser, Sonne, Kuhdung, Straßenbau etc Sie reden und schreiben ja auch nur und
haben nichts zu sagen.

FN18*† @USER Spekulativ, unfundiert, frustgeschwängert und auch noch ohne jedwede Erwähnung der
Alternative, die Biden gegenüber steht...aah Facebook, right.

FN19*† @USER Das zeigt mal wieder ein ganz intelligenten Beitrag
FN20* Die US-Wahlen 2020 Das Horoskop des Präsidentschaftskandidaten And the winner is - Joe Biden

Wahlforscher, lasst uns doch nicht länger leiden – ins Amt kommt bitteschön Joe Biden! Selten
war das Ergebnis der Auseinandersetzung um die Präsidentschaft der Vereinigten Staaten so ein-
deutig vorhersehbar wie 2020 – jedenfalls aus kosmischer Sicht. Obgleich sich der demokratische
Herausforderer während des gesamten Wahljahres nicht unbedingt gemocht fühlt, ja sogar einsam
und melancholisch, so hat er dennoch einen Trumpf in der Hand, der in der Öffentlichkeit sticht: er
hat die seriöseren, die glaubwürdigeren, vor allem die verlässlicheren Argumente! Und die werden
zunehmend den Ausschlag geben. Joe Biden wird ab dem 10. Oktober bis zum Wahltag immer mehr
argumentative Punkte sammeln. Zudem bietet sein Horoskop eine Projektionsfläche, die kollektive
Sehnsüchte anzieht wie duftender Lavendel die Bienen. Selbst, wenn diese Wünsche anschließend
nicht alle erfüllt werden. Diese Konstellation ähnelt der des Wahlkämpfers Helmut Kohl, der im Juli
1990 von den blühenden Landschaften im Osten schwärmte. Es ist, als sehnte sich die Mehrheit der
Amerikaner nach der Ära eines missratenen Republikaners wieder nach einem Heilsbringer, nach
einem Präsidenten, der für alle da ist. Die Bevölkerung spürt, das da wirklich einer ist, der den Vere-
inigten Staaten dienen will. Und das gibt definitiv am Dienstag, dem 03. November, den Ausschlag!
© Jörg Vos, 28.09.2020

FN21* Trump ist ein pathologischer Lügner. Diese Krankheit heißt: „Pseudologia phantastica“. Häufiger
wird heute der Begriff pathologisches Lügen verwendet. Eine besondere Form der Pseudologia phan-
tastica stellt das Münchhausen-Syndrom dar, bei dem der Patient körperliche Beschwerden erfindet
und durch Lügen untermauert, um Aufmerksamkeit zu bekommen. In der modernen psychiatrischen
Klassifikation wird diese Störung unter „andere Persönlichkeits- und Verhaltensstörungen/artifizielle
Störung“ (ICD-10: F68.1) eingeordnet.

FN22* Erneut haben Zehntausende Menschen in der belarussischen Hauptstadt Minsk gegen Präsident
Alexander Lukaschenko demonstriert. Ohne Masken oder Sicherheitsabstand. Und das schon seit
Wochen. Die Corona Fallzahlen steigen aber nicht. Wenn Demos in Deutschland gegen die Corona
Maßnahmen stattfinden, wird Nazi oder Verschwörung gerufen und Abstand oder fehlende Masken
angemahnt. Die selben Kritiker feiern die Demos ohne Sicherheitsmaßnahmen von Belarus als ein
MUSS. Alles LUG und BETRUG.

Table 13: False negative predictions made by the German BERT system in the GermEval 2021 dataset.
Asterisks (*) mark examples missed by the rule-based approach and the dagger (†) denotes the ones
missed by the English multilingual BERT system.
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ID Text

FN11 @USER Sie haben also Beweise, dass die Russen so dumm sind, dass sie einen bekannten Opposi-
tionellen mit einem russischen Gift ””anfixen”” (er überlebt es), ihn dann nach Russland einfliegen,
um ihn zu ””behandeln”” (er überlebt es) und ihn dann in die Hände der deutschen Russlandfeinde
geben, damit diese eindeutig das Gift feststellen können? Da bekommt man ja schon beim Hören und
Lesen einen hochroten Kopf vom Fremdschämen!

Table 14: False negative prediction made by the English multilingual BERT system on the GermEval
2021 dataset.

ID Text

FN23 Ich würde zu gerne wissen, womit Frau Baerbock im Winter heizt. Oder hängt sie sich stilecht im
Tippi nur ein Bärenfell um ( ein Co2 neutrales)

FN24 Es ist wie mit Corona. Argumente zählen nicht mehr und Wissenschaft ist böse. In den USA greift
der Wahnsinn in Form von Evangelikalen um sich, bei uns nennen sich die Realitätsverweigerer nur
anders.

FN25 Nee nee was für ein Gelaber! Sorry - das brauch ich nicht für meine Gebühren! Was wirklich wichtig
ist weiß die junge Frau nicht! Stereotype einfach nachplappert! So schaut’s aus! Zefix!

FN26 Die finden immer wieder einige Verräter

Table 15: False negative predictions made by the rule-based and the English multilingual BERT systems.

ID Text

FN27 Die Baerbock hat schon oft bewiesen, dass sie nicht gerade die hellste Kerze auf der Torte ist. Sie hat
nur Kobolde im Kopf

FN28 Dummes Geschwätz. Er sitzt alle Dumnscheätzer aus. Zu Recht
FN29 @USER Auf was beziehen sie ihren Beitrag? Ich meine, ich habe Merkel nicht erwähnt, ich habe keine

anderen Politiker oder deren Parteien in Deutschland erwähnt, ich Urteile hier nicht über Amerika...
Irgendwie ist ihr Beitrag komplett aus der Luft gerissen! Und ja, es gibt auch Leute, die radikal

Merkels Meinung vertreten und eine andere nicht zulassen... was Mutti Merkel macht und sagt, ist
richtig, obwohl es nicht richtig ist. Auch diese Leute gibt’s, wenn sie das hören wollten...

FN30 @USER nur weil du zu faul zum selber suchen bist?
FN31 @MEDIUM danke für die Info. Aber ist es nicht so , dass alles bisherige was die Herren Lauterbach

u Drosten usw von sich gaben u geben spekulativ u geschätzt ist und Gottseidank nichts davon so
eingetroffen ist . Trotzdem dürfen sie weiter ihre Spekulationen öffentlich von sich geben. Laden Sie
doch mal zb einen Prof Bhakdi ein u.lassen Sie Leute wie ihn Rede u Antwort stehen. Da hätten sie
unglaubliche Einschaltquoten!!! Und nicht nur einseitige spekulative Redner...

Table 16: False negative predictions made by the rule-based system.
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