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Abstract001

We present a study of open-weight large lan-002
guage models for Danish hate speech detec-003
tion. We evaluate four models (LLaMA, Mis-004
tral, Gemma, Qwen) across various prompting005
strategies, cross-prompt generalization, Dan-006
ish orthographic effects, and robustness under007
balanced and imbalanced distributions. Un-008
der balanced evaluation, models achieve strong009
performance with minimal fine-tuning, with010
Gemma excelling on format-based prompts and011
Qwen showing consistent performance across012
theory-driven patterns. Surprisingly, zero-shot013
fine-tuning matches or exceeds few-shot per-014
formance while introducing fewer failures, sug-015
gesting that in-context examples may interfere016
with fine-tuned representations. However, im-017
balanced evaluation reflecting real-world dis-018
tributions reveals substantial degradation, with019
Gemma maintaining the strongest performance020
under class skew. Theory-informed prompts021
grounded in linguistic frameworks prove more022
robust under class imbalance than simple023
format-based patterns. Cross-prompt general-024
ization varies substantially by model, though025
format-constrained patterns consistently fail026
to transfer while semantically-grounded pat-027
terns show more robustness. ASCII transliter-028
ation of Danish characters (æ, ø, å → ae, oe,029
aa) significantly degrades performance, demon-030
strating that multilingual pre-training has es-031
tablished meaningful orthographic representa-032
tions. These findings demonstrate that strong033
balanced performance does not guarantee real-034
world readiness and we recommend comple-035
menting balanced training with imbalanced036
evaluation to estimate deployment performance.037
Code and evaluation scripts are available.1038

1 Introduction039

The proliferation of online hate speech poses ur-040

gent societal challenges demanding effective auto-041

mated detection. Danish represents a critical yet042

1https://github.com/EAZUUZ/Danish-LLM-Hate

understudied case as a low-resource language with 043

approximately six million speakers, it lacks the 044

annotated corpora and specialized models avail- 045

able for English (Kirkedal et al., 2019). Danish 046

statistics document increased hate crimes with ap- 047

proximately half occurring on digital platforms 048

(Rigspolitiet, 2024), concerning given causal links 049

between social media activity and real-world hate 050

crimes (Müller and Schwarz, 2020). Open-weight 051

LLMs offer a promising path forward due to their 052

customizability, transparency, and sensitivity. How- 053

ever, their effectiveness for Danish hate speech de- 054

tection remains unexamined. To our knowledge, 055

this paper presents the first systematic investigation 056

of LLM efficacy for Danish hate speech detection. 057

Research on LLM-based hate speech detection 058

has focused on English revealing that effectiveness 059

depends on many factors. Zhang et al. (2024b) 060

show LLMs exhibit excessive sensitivity to linguis- 061

tic cues and poor calibration; Melis et al. (2025) 062

demonstrate that hate speech definitions substan- 063

tially affect performance. Prompt design plays a 064

critical role (White et al., 2023), with chain-of- 065

thought strategies improving implicit hate detection 066

(Nghiem and Daumé Iii, 2024). Class imbalance 067

also remains central as hate speech constitutes only 068

a small fraction of real-world content (Tonneau 069

et al., 2025). 070

Research on Danish hate speech detection re- 071

mains limited. Zhang et al. (2024a) introduce 072

SnakModel, the first open Danish LLM, showing 073

continued pre-training on native text outperforms 074

multilingual baselines, but notes Danish lacks na- 075

tive instruction-tuning data. Müller-Eberstein et al. 076

(2025) show native Danish data more than doubles 077

LLM acceptance rates versus translated alterna- 078

tives, highlighting cross-lingual transfer limitations. 079

Contemporary LLMs also exhibit anglocentric bi- 080

ases (Pedersen et al., 2025; Müller-Eberstein et al., 081

2025). These findings motivate our investigations 082

main findings: 083
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• Under balanced evaluation, open-weight084

LLMs achieve strong performance with mini-085

mal fine-tuning. Imbalanced distributions re-086

veal substantial degradation.087

• Theory-informed prompts demonstrate robust-088

ness under class imbalance. Cross-prompt089

generalization varies by model, but format-090

constrained patterns consistently fail to trans-091

fer, while semantically-grounded patterns092

show more robust generalization.093

• ASCII transliteration of Danish characters (æ,094

ø, å → ae, oe, aa) degrades performance, in-095

dicating meaningful learned representations096

that should be preserved.097

2 Methodology098

Dataset. We construct a balanced subset of 850099

samples (425 hate, 425 non-hate), partitioned into100

training (80%), validation (10%), and test (10%)101

splits using stratified sampling. All models are102

fine-tuned on the same balanced training set.103

To assess robustness, we evaluate under two set-104

tings: (1) a balanced test set from the balanced sub-105

set, and (2) an imbalanced test set preserving the106

natural class distribution ( 13% hate). Additionally,107

we create ASCII-transliterated variants replacing æ,108

ø, å with ae, oe, aa to examine orthographic effects.109

Models. We evaluate four open-weight LLMs:110

LLaMA-3.1-8B-Instruct (Grattafiori et al., 2024),111

Mistral-7B-Instruct-v0.3 (Jiang et al., 2023),112

Gemma-2-9B-it (Team et al., 2024), and Qwen2-113

7B-Instruct (Yang et al., 2024). None are explicitly114

fine-tuned on Danish and the extent of Danish in115

their pre-training corpora is unclear. In preliminary116

tests, we found that models exhibit some Danish117

comprehension but cannot consistently produce flu-118

ent Danish, suggesting limited exposure during pre-119

training. All models are fine-tuned using LoRA120

adapters (Hu et al., 2021) with rank 16 and alpha121

32.122

Evaluation Design. We examine LLM effective-123

ness across three dimensions: (1) prompting strate-124

gies, (2) language-specific factors, and (3) data con-125

ditions. For prompting, we study (RQ1) effective-126

ness of different strategies and (RQ2) cross-prompt127

generalization. For language-specific factors and128

data conditions we investigate (RQ3) Danish or-129

thographic conventions and (RQ4) preprocessing130

strategies. All experiments use fine-tuning to eval- 131

uate performance under both balanced and imbal- 132

anced distributions, including few-shot settings. 133

We evaluate eleven prompting patterns in 134

five categories: (1) format-based: vanilla_qa, 135

choice_qa, cloze (Zhang et al., 2024b); (2) 136

reasoning-oriented: chain-of-thought (Wei et al., 137

2023) and target identification; (3) theory- 138

driven: illocutionary (Austin, 1962) and functional 139

prompts; (4) criteria-based: explicit definitions 140

and rules (Sigurbergsson and Derczynski, 2020); 141

(5) perspective-based: victim viewpoints (Chiril 142

et al., 2022) and expert moderator personas. Com- 143

plete templates appear in Appendix A. 144

3 Results 145

We evaluate models under three experimental con- 146

figurations. Configuration A trains and tests on 147

balanced data. Configuration B trains and tests 148

on imbalanced data. Configuration C trains on 149

balanced data and tests on imbalanced data to as- 150

sess transfer robustness. The balanced dataset con- 151

tains 850 samples with equal class representation. 152

The imbalanced dataset preserves the natural dis- 153

tribution of the DKHate corpus with 3,289 sam- 154

ples and approximately 13% (425 samples) hate 155

speech. Configuration C proved ineffective due 156

to the model overfitting to the majority class, so 157

our primary research focuses on Configurations A 158

and B. Configuration C, transfer precision-recall 159

distributions appear in Appendix F. 160

3.1 Results of Primary Classification 161

Table 1 reports zero-shot SFT results and Table 2 162

reports 8-shot SFT results across all eleven prompt- 163

ing patterns. Base model results without fine- 164

tuning appear in Appendix B. From these results, 165

we derive findings concerning (1) fine-tuning effec- 166

tiveness under different data distributions and (2) 167

sensitivity to prompting strategies. 168

First, open-weight LLMs demonstrate meaning- 169

ful potential for Danish hate speech detection with 170

minimal task-specific fine-tuning. Additional vi- 171

sualizations appear in Appendix F and D reveal- 172

ing base and fine-tuned models consistent improve- 173

ments under both balanced and imbalanced settings 174

suggesting these models were exposed to Danish 175

during pre-training. 176

Under balanced evaluation, Gemma achieves the 177

strongest results for both zero-shot and few-shot us- 178

ing format-based patterns. LLaMA and Qwen also 179
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Balanced Imbalanced
Pattern Ll Mi Ge Qw Ll Mi Ge Qw

vanilla .55 .44 .89 .77 .27 .00 .52 .10
choice .48 .44 .77 .67 .18 .56 .62 .19
cloze .76 .66 .87 .66 .23 .14 .47 .20
cot .64 .38 .44 .60 .19 .21 .37 .26
target .66 .44 .68 .77 .29 .18 .54 .04
illocution. .75 .44 .56 .79 .16 .34 .36 .26
functional .50 .16 .65 .74 .43 .29 .51 .56
definition .32 .66 .56 .77 .30 .32 .61 .22
victim .73 .68 .84 .70 .27 .00 .57 .17
expert .76 .57 .58 .32 .35 .28 .40 .24
rules .39 .64 .64 .82 .26 .11 .38 .25

Table 1: F1 scores with zero-shot prompting (SFT).
Ll=LLaMA, Mi=Mistral, Ge=Gemma, Qw=Qwen.
Bold indicates best per row.

perform well with perspective- and theory-based180

prompts respectively. These results are encourag-181

ing given the limited fine-tuning data.182

However, under imbalanced conditions ( 13%183

hate speech), performance degradation is observed.184

The strongest configuration is Gemma with a185

theory-based prompting approach that analyzes186

social function scoring F1 of 0.62 for zero-shot187

and few-shot. This shift suggests theory-informed188

prompts provide more robust cues under class skew.189

Second, model performance is highly sensitive190

to prompting strategy (RQ1). This reflects both191

the lightweight fine-tuning applied in contrast with192

English-centric LLMs undergoing large-scale SFT193

and the fundamental role of prompt design with194

even same-pattern fine-tuning and evaluation show-195

ing substantial variation across patterns. Gemma196

performs best with format-based prompts, LLaMA197

with cloze and perspective patterns, while Qwen198

shows the least variation.199

Mistral exhibits the most severe instability with200

failures on choice_qa, illocutionary, and rules201

(format-, theory-, and criteria-based respectively).202

These stem from potential weaker instruction-203

following as the model generates outputs deviat-204

ing from expected formats. This persists across205

runs suggesting fundamental prompt sensitivity206

that lightweight fine-tuning cannot overcome on207

Danish language.208

3.2 RQ2: Cross-Prompt Generalization209

We evaluate whether representations learned dur-210

ing fine-tuning transfer across prompting patterns211

by training on one pattern and testing on all212

others. Complete transfer matrices appear in213

Appendix E. Cross-pattern generalization varies214

Balanced Imbalanced
Pattern Ll Mi Ge Qw Ll Mi Ge Qw

vanilla .13 .24 .80 .64 .36 .00 .49 .36
choice .55 .00 .86 .68 .18 .33 .17 .11
cloze .77 .62 .71 .66 .23 .04 .00 .29
cot .70 .49 .71 .77 .34 .00 .41 .18
target .61 .54 .55 .73 .08 .25 .62 .36
illocution. .70 .00 .83 .73 .32 .22 .54 .49
functional .05 .63 .60 .79 .46 .29 .62 .27
definition .29 .24 .44 .78 .51 .20 .60 .19
victim .54 .61 .55 .77 .00 .04 .51 .38
expert .84 .63 .59 .78 .39 .00 .31 .31
rules .43 .05 .46 .71 .39 .03 .46 .00

Table 2: F1 scores with 8-shot prompting (SFT).
Ll=LLaMA, Mi=Mistral, Ge=Gemma, Qw=Qwen.
Bold indicates best per row.

substantially across models. On imbalanced 215

data, victim_perspective achieves highest mean 216

cross-pattern F1 for Llama and Mistral, while 217

vanilla_qa performs best for Gemma. On bal- 218

anced data, illocutionary shows strong transfer 219

for Llama and Qwen, while expert_moderator 220

and cot excel for Gemma. Two consistent pat- 221

terns emerge. First, format-constrained patterns 222

choice_qa and cloze exhibit near-zero cross- 223

pattern transfer across all models—rigid output 224

structures do not generalize when evaluation 225

prompts expect different formats. Second, seman- 226

tically grounded patterns framing classification in 227

terms of intent, impact, or perspective transfer more 228

robustly than format-driven alternatives, though the 229

best-performing pattern varies by model. Prompt 230

selection for SFT should thus consider not only 231

same-pattern performance but also deployment con- 232

text. 233

3.3 RQ3: Danish Orthographic Effects 234

Table 3 presents orthographic effects. On imbal- 235

anced data, ASCII transliteration consistently de- 236

grades performance, with Gemma showing the 237

largest drop (0.486 to 0.258). This contradicts 238

the hypothesis that Danish characters might con- 239

fuse tokenizers trained primarily on English—if so, 240

ASCII transliteration should improve performance. 241

Instead, consistent degradation demonstrates that 242

multilingual pre-training has established meaning- 243

ful representations for æ, ø, and å; replacing them 244

destroys learned signal. 245

Qwen presents an exception, showing slight im- 246

provement with ASCII on imbalanced data, pos- 247

sibly reflecting tokenizer design differences. This 248

finding aligns with Müller-Eberstein et al. (2025), 249
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LLaMA Mistral Gemma Qwen

Balanced

Original (æøå) .594 .501 .679 .691
ASCII (aeoeaa) .597 .562 .550 .579

Imbalanced

Original (æøå) .267 .283 .486 .227
ASCII (aeoeaa) .187 .149 .258 .250

Table 3: F1 comparing original Danish orthography
versus ASCII transliteration (SFT, averaged across pat-
terns).

LLaMA Mistral Gemma Qwen

Balanced

Standard .594 .501 .679 .691
Denoising .547 .555 .600 .582

Imbalanced

Standard .267 .283 .486 .227
Denoising .220 .155 .263 .261

Table 4: F1 comparing standard versus denoising
prompts (SFT, averaged across patterns).

who show native Danish data outperforms trans-250

lated alternatives, suggesting cross-lingual normal-251

ization loses important information.252

3.4 RQ4: Preprocessing Strategies253

Table 4 compares standard prompts against denois-254

ing prompts that explicitly instruct models to ig-255

nore social media noise. Denoising provides no256

benefit and often degrades performance. On im-257

balanced data, Gemma drops from 0.486 to 0.263258

with denoising prompts.259

These results suggest that instruction-tuned260

LLMs already handle social media noise effectively261

without explicit guidance. The models were pre-262

trained on diverse web text including informal lan-263

guage and textual noise. Adding denoising instruc-264

tions may harm performance by shifting attention265

toward identifying and filtering noise rather than266

focusing on classification. The cognitive overhead267

of explicit noise handling appears to outweigh po-268

tential benefits.269

4 Discussion270

The disconnect between balanced and imbalanced271

evaluation is striking. Configurations achieving272

high F1 on balanced data collapse by half on im-273

balanced data. This aligns with work showing hate274

speech comprises only a small fraction of real con-275

tent (Tonneau et al., 2025). Balanced evaluation276

alone provides fundamentally misleading deploy- 277

ment guidance. Gemma consistently outperforms 278

other models despite identical fine-tuning, suggest- 279

ing architectural choices matter more than fine- 280

tuning strategy. The ASCII degradation demon- 281

strates that multilingual pre-training has established 282

meaningful representations for Danish characters; 283

preprocessing pipelines should preserve original 284

orthography. Zero-shot SFT often outperforms few- 285

shot SFT. Zero-shot achieves the highest balanced 286

F1 overall, and few-shot introduces additional insta- 287

bility with increased failures across models. This 288

suggests that few-shot examples may interfere with 289

fine-tuned representations rather than enhance them 290

when working in Danish, and practitioners can 291

achieve strong results with zero-shot fine-tuning 292

alone. 293

Cross-prompt generalization reveals that format- 294

constrained patterns consistently fail to transfer, 295

while semantically-grounded patterns show more 296

robust generalization. Though, the best-performing 297

pattern varies by model. This suggests prompt 298

selection should consider context, not just same- 299

pattern performance. 300

5 Conclusion 301

We presented the first systematic evaluation of 302

open-weight LLMs for Danish hate speech detec- 303

tion. Theory-driven prompts outperform format- 304

based patterns under class imbalance, while format- 305

constrained patterns fail to transfer across prompts. 306

Zero-shot fine-tuning matches or exceeds few-shot 307

performance while avoiding additional instability. 308

Danish characters should be preserved as ASCII 309

transliteration degrades performance. Most criti- 310

cally, strong balanced performance does not guar- 311

antee real-world readiness. We recommend com- 312

plementing balanced evaluation with imbalanced 313

evaluation to accurately estimate deployment per- 314

formance. 315

Limitations 316

We evaluate only four models in the 7-9B parame- 317

ter range without closed-source models or Danish- 318

specific models from Danish Foundation Models 319

(Enevoldsen et al., 2023). The performance gaps 320

we observe may partly reflect the broader Danish 321

NLP resource constraints documented by Zhang 322

et al. (2024a). Additionally, the DKHate corpus 323

provides only binary labels (offensive versus non- 324

offensive), limiting analysis to coarse-grained clas- 325
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sification. Future work should explore multi-class326

Danish hate speech detection distinguishing cate-327

gories such as racism, sexism, and religious hatred,328

provided adequate samples exist for each class to329

ensure robust model learning across all categories.330

Ethical Considerations331

This work addresses hate speech detection, where332

false positives risk silencing legitimate speech333

while false negatives permit harmful content. Our334

finding that models achieve high recall but low pre-335

cision on imbalanced data suggests deployment336

would disproportionately affect non-hateful con-337

tent.338
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A Prompt Templates

Pattern Danish Template English Translation Response

vanilla_qa Givet udsagnet, er dette udsagn hadefuld
tale? Svaret skal indeholde Ja eller Nej. Ud-
sagn: {text} Svar:

‘Given the statement, is this statement hate
speech? The answer must contain Yes or No.
Statement: {text} Answer:’

ja / nej

choice_qa Givet udsagnet, er dette udsagn hadefuld
tale? A: Ja. B: Nej. Angiv venligst dit valg.
Udsagn: {text} Svar:

‘Given the statement, is this statement hate
speech? A: Yes. B: No. Please indicate your
choice. Statement: {text} Answer:’

a / b

cloze Givet udsagnet, er dette udsagn hadefuldt
eller neutralt? Udsagn: {text} Svar: Det er
et [MASK] udsagn.

‘Given the statement, is this statement hate-
ful or neutral? Statement: {text} Answer: It
is a [MASK] statement.’

hadefuldt /
neutralt ‘hate-
ful / neutral’

cot Er dette udsagn hadefuld tale? Svar Ja eller
Nej, og giv derefter din forklaring. Udsagn:
{text} Svar:

‘Is this statement hate speech? Answer Yes
or No, and then give your explanation. State-
ment: {text} Answer:’

ja / nej

target Er dette udsagn hadefuld tale? Svar Ja eller
Nej, og identificer derefter målgruppen. Ud-
sagn: {text} Svar:

‘Is this statement hate speech? Answer Yes
or No, and then identify the target group.
Statement: {text} Answer:’

ja / nej

illocution. Analyser hvilken sproghandling dette ud-
sagn udfører. Hadefuld tale fungerer typisk
som udtryk for foragt. Er dette hadefuld
tale? Udsagn: {text} Svar:

‘Analyze which speech act this statement per-
forms. Hate speech typically functions as an
expression of contempt. Is this hate speech?
Statement: {text} Answer:’

ja / nej

functional Overvej tekstens sociale funktion.
Udelukker den andre eller etablerer
dominans? Er dette hadefuld tale? Tekst:
{text} Svar:

‘Consider the social function of the text.
Does it exclude others or establish domi-
nance? Is this hate speech? Text: {text}
Answer:’

ja / nej

definition Hadefuld tale angriber en person eller
gruppe baseret på race, religion, køn, seksu-
alitet eller handicap. Tekst: {text} Er teksten
hadefuld? Svar:

‘Hate speech attacks a person or group based
on race, religion, gender, sexuality, or dis-
ability. Text: {text} Is the text hateful? An-
swer:’

ja / nej

victim_persp. Forestil dig du er den person teksten handler
om. Ville du føle dig angrebet? Er dette
hadefuld tale? Tekst: {text} Svar:

‘Imagine you are the person the text is
about. Would you feel attacked? Is this
hate speech? Text: {text} Answer:’

ja / nej

expert_mod. Du er en erfaren moderator på sociale me-
dier. Overtræder denne tekst retningslinjer
mod hadefuld tale? Tekst: {text} Svar:

‘You are an experienced social media moder-
ator. Does this text violate guidelines against
hate speech? Text: {text} Answer:’

ja / nej

rules Hadefuld tale kræver angreb på en gruppe
baseret på race, religion, køn eller nation-
alitet OG trusler eller nedværdigende sprog.
Tekst: {text} Svar:

‘Hate speech requires an attack on a group
based on race, religion, gender, or national-
ity AND threats or degrading language. Text:
{text} Answer:’

ja / nej

Table 5: Complete Danish prompt templates organized by category, with English translations.

B Base Model Few-Shot Results

Balanced F1 Imbalanced F1
Pattern LLaMA Mistral Gemma Qwen LLaMA Mistral Gemma Qwen

vanilla_qa .590 .579 .556 .575 .252 .297 .284 .324
choice_qa .577 .612 .560 .680 .261 .297 .332 .352
cloze .527 .047 .275 .537 .227 .088 .222 .276
cot .384 .523 .689 .583 .199 .282 .358 .320
target .466 .590 .698 .582 .188 .311 .350 .331
illocutionary .539 .651 .649 .644 .251 .302 .354 .333
functional .447 .635 .464 .553 .177 .289 .252 .276
definition .493 .653 .602 .426 .218 .282 .288 .223
victim_persp. .517 .553 .588 .617 .222 .261 .331 .337
expert_mod. .612 .582 .327 .627 .229 .274 .239 .346
rules .444 .614 .649 .467 .176 .312 .315 .240

Mean .509 .549 .551 .572 .218 .272 .302 .305

Table 6: Base model few-shot results without fine-tuning.

7



C Zero-Shot SFT Results

Balanced F1 Imbalanced F1
Pattern LLaMA Mistral Gemma Qwen LLaMA Mistral Gemma Qwen

vanilla_qa .545 .441 .886 .773 .274 .000 .519 .103
choice_qa .478 .444 .765 .672 .183 .564 .618 .189
cloze .764 .659 .867 .656 .232 .136 .474 .197
cot .636 .379 .444 .602 .194 .208 .368 .264
target .657 .438 .676 .767 .288 .182 .541 .044
illocution. .750 .436 .557 .785 .160 .338 .355 .260
functional .495 .163 .653 .736 .429 .287 .512 .556
definition .320 .661 .562 .769 .298 .321 .609 .222
victim_persp. .732 .684 .842 .701 .265 — .571 .171
expert_mod. .759 .568 .575 .323 .355 .279 .405 .235
rules .393 .639 .640 .816 .257 .109 .375 .253

Mean .594 .501 .679 .691 .267 .242 .486 .227

Table 7: Zero-shot SFT results. — indicates corrupted data.
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D Radar Charts by Evaluation Condition

(a) Balanced dataset performance across all eleven prompt patterns.

(b) Imbalanced dataset performance across all eleven prompt patterns.

(c) Balanced data and tested on imbalanced data across all eleven prompt patterns.
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E Cross-Prompt Transfer Matrices

Imbalanced Dataset (DKhate)

Figure 2: Cross-prompt transfer matrices (imbalanced dataset, part 1: LLaMA and Gemma).
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Figure 3: Cross-prompt transfer matrices (imbalanced dataset, part 2: Mistral and Qwen).
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Balanced Dataset

Figure 4: Cross-prompt transfer matrices (balanced dataset, part 1: LLaMA and Gemma).
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Figure 5: Cross-prompt transfer matrices (balanced dataset, part 2: Mistral and Qwen). Rows indicate training
pattern; columns indicate evaluation pattern. Diagonal cells (blue outline) represent same-pattern performance;
off-diagonal cells show cross-pattern generalization.
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F Precision-Recall Distributions

Figure 6: Precision-recall for distribution transfer (trained on balanced, tested on imbalanced).
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