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Abstract001

We investigate biases related to ageism,002
ableism, nationality, and gender in four Nor-003
wegian and two multilingual language mod-004
els. Our methodology involves using a set of005
templates1 constructed around stimuli and at-006
tributes relevant to these categories. We use007
statistical and predictive evaluation methods,008
including Kendall’s Tau correlation and depen-009
dent variable prediction rates, to assess model010
behaviour and output bias. Our findings in-011
dicate that models frequently associate older012
individuals, people with disabilities, and poorer013
countries with negative attributes, potentially014
reinforcing harmful stereotypes. However,015
most tested models appear to handle gender-016
related biases more effectively. Our findings017
indicate a correlation between the sentiment of018
the input and that of the output.019

1 Introduction020

Bias in Large Language Models (LLMs) can021

emerge at various stages of a model’s lifecycle,022

from data collection to deployment. During the023

data collection phase, biased data may inadver-024

tently be included in the training data, particularly025

if it reflects historical stereotypes, social biases, or026

the underrepresentation of certain groups. In the027

training phase, LLMs learn patterns from this data,028

potentially amplifying the existing biases. These029

biases are subsequently encoded in the model’s pa-030

rameters, influencing the generation of responses.031

The term bias has been variously defined in032

the context of LLMs. In the context of NLP,033

this includes representational harms (misrepresen-034

tation, stereotyping, disparate system performance,035

derogatory language, and exclusionary norms) and036

allocational harms (allocating or withholding op-037

portunities or resources from specific groups or038

1We will release our templates and codes upon acceptance
of the paper.

individuals.) (Gallegos et al., 2024). If not prop- 039

erly addressed, these biases may reinforce social 040

divisions by perpetuating stereotypes. Identifying 041

and mitigating such biases is therefore crucial for 042

developing fair and responsible AI systems. 043

Very little work has been done on social biases in 044

LLMs for the Norwegian language, and most of the 045

work has focused on gender bias (Bergstrand and 046

Gambäck, 2024; Touileb et al., 2023, 2022; Touileb 047

and Nozza, 2022; Touileb, 2022). We therefore fo- 048

cus on the Norwegian language, and explore social 049

biases beyond gender. Here we investigate two 050

research questions: 1) to what extent do LLMs ex- 051

hibit ageism, ableism, gender, and nationality bias 052

in their generated outputs in Norwegian? and 2) 053

Are the levels of ageism, ableism, gender, and na- 054

tionality bias in Norwegian LLMs comparable to 055

those in multilingual LLMs? 056

2 Background 057

Chu et al. (2024) identified three primary sources of 058

bias in LLMs: training data bias, embedding bias, 059

and label bias. Training data bias arises from the 060

quality and characteristics of the data, which can re- 061

flect historical inequalities, social stereotypes, and 062

underrepresentation of certain groups. This bias 063

can be exacerbated by inappropriate content such 064

as hate speech. Embedding bias occurs when these 065

biases are encoded into the model’s vector rep- 066

resentations, affecting semantic relationships and 067

potentially leading to skewed outputs (Bolukbasi 068

et al., 2016; Bansal, 2022). Label bias is intro- 069

duced by human annotators during the labelling 070

process, where subjective judgments can influence 071

the model’s learning and decision-making, result- 072

ing in unfair outcomes (Chu et al., 2024). These 073

biases collectively impact the performance and fair- 074

ness of LLMs, necessitating comprehensive strate- 075

gies to mitigate their effects. 076

Quantifying bias in LLMs is a multifaceted 077
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endeavour, with researchers employing various078

methodologies to assess and measure it. Three prin-079

cipal approaches have been identified: embedding-080

based metrics, probability-based metrics, and081

generation-based metrics (Gallegos et al., 2024;082

Chu et al., 2024). Embedding-based metrics, for083

instance, use vector representations to evaluate084

bias by measuring distances between words or sen-085

tences in the embedding space. The Word Em-086

bedding Association Test (WEAT), proposed by087

Caliskan et al. (2017), and its extension, the Sen-088

tence Encoder Association Test (SEAT) by (May089

et al., 2019), exemplify methods that reveal biases090

in static and sentence embeddings, respectively.091

These intrinsic metrics focus on a model’s internal092

representations, yet some researchers argue that093

biases detected in the embedding space may not094

necessarily translate to downstream tasks, neces-095

sitating complementary evaluations (Gupta et al.,096

2024; Cabello et al., 2023; Cao et al., 2022).097

There is a predominant focus on gender bias098

(48%) in the literature, followed by nationality099

(7%), ableism (5%), and ageism bias (4%) (Gupta100

et al., 2024). Ageism manifests through nega-101

tive assumptions about older adults’ abilities and102

relevance (Zhao et al., 2024; Kim et al., 2023).103

Ableism, reflects discrimination against individuals104

with disabilities, where models have been shown105

to underrepresent disabilities and associate nega-106

tive attributes with disability-related terms (Urbina107

et al., 2025; Venkit et al., 2022). Nationality bias108

refers to the tendency to associate certain nation-109

alities with specific attributes (either positive or110

negative), often reflecting stereotypes (Venkit et al.,111

2023; Narayanan Venkit et al., 2023; Ladhak et al.,112

2023; Zhu et al., 2024).113

3 Bias statement114

Gallegos et al. (2024) highlight that research on115

LLMs frequently lacks precise descriptions of how116

biases are harmful, in addition to the lack of consis-117

tency in definitions and terminology. While these118

terms are context-dependent, normative, and sub-119

jective, clear definitions facilitate understanding120

what is measured and mitigated. In this work, we121

use Gallegos et al. (2024)’s definition of social bias,122

where social bias refers to disparate treatment or123

outcomes between social groups arising from his-124

torical and structural power asymmetries.125

We identify bias in system behaviours where126

models exhibit preferential or discriminatory ten-127

dencies based on attributes such as gender, age, 128

nationality, or disability. This is especially true 129

when models consistently produce responses that 130

reinforce stereotypes, fail to select appropriate al- 131

ternatives, or generate outputs that are influenced 132

by irrelevant contextual factors in the input. 133

These biases can be harmful in various ways. 134

Biased behaviours reinforce societal stereotypes, 135

perpetuating harmful prejudices and contributing to 136

the marginalisation of certain groups. For instance 137

when models predominantly associate negative at- 138

tributes with specific genders or nationalities. Also, 139

bias leads to inaccurate and unfair representations, 140

and can result in exclusion and discrimination, es- 141

pecially when models fail to appropriately handle 142

attributes related to disability. These harmful ef- 143

fects primarily impact marginalised and underrepre- 144

sented groups, including women, older individuals, 145

people with disabilities, and minority nationalities, 146

exacerbating existing societal inequalities. 147

4 Methodology 148

We use a fill-in-the-blank approach to investigate 149

biases in LLMs, a method widely used to mea- 150

sure bias in various domains (Gallegos et al., 2024). 151

Our approach aims to determine whether LLMs 152

make general associations between stereotyped cat- 153

egories and unrelated positive, negative, or neutral 154

attributes, rather than inferring specific stereotypes. 155

What is positive and negative does not reflect real- 156

ity, but rather represents stereotypical associations. 157

We follow the work of Kamruzzaman et al. (2024) 158

and examine bias in two directions which involves 159

inferring an attribute given a social group and vice 160

versa. We believe that testing how a model makes 161

associations in both directions provides a broader 162

basis for comparison and evaluation. 163

Following Kamruzzaman et al. (2024), we define 164

the term stimulus to refer to the description used 165

in the fill-in-the-blank sentences based on the bias 166

category. Our primary experiments are divided into 167

two main directions (Kamruzzaman et al., 2024): 168

Stimulus to Attribute Inference (SAI) and Attribute 169

to Stimulus Association (ASA). The SAI direction 170

involves providing a social group as the stimulus 171

and inferring an associated attribute, while the ASA 172

direction involves providing an attribute and infer- 173

ring the associated social group. 174

Figure 1 shows an example of the task in both 175

directions. In the SAI experiment, a stimulus is 176

provided, and the model is tasked with inferring 177
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(a) Two sentences in the SAI direction for
ageism.

(b) A sentence in the ASA direction for
ageism.

Figure 1: Stimulus to Attribute Inference (SAI) and Attribute to Stimulus Association (ASA) bias detection as
defined in Kamruzzaman et al. (2024)

a related attribute. The model then selects from178

a set of three attributes: positive, negative, and179

neutral. While in the ASA experiment, an attribute180

is provided, and the model is tasked with selecting181

a specific stimulus. Here again, the model must182

choose between a set of three stimuli that are also183

classified as positive, negative, or neutral.184

The initial step of our methodology involves pro-185

viding context sentences and alternatives from our186

dataset to the models using a prompt. The alter-187

natives represent attributes in the SAI direction188

and social groups in the ASA direction, and were189

always shuffled to avoid order bias. The context190

sentence input are binary (positive or negative),191

while the alternatives are ternary (positive, nega-192

tive, or neutral). Models were instructed to choose193

the most appropriate alternative to fill in the blank,194

responding with a single word or phrase to match195

the provided alternatives. This was crucial for our196

evaluation methods. If a model’s response did not197

exactly match an alternative, string matching was198

used to check for any partial matches. Responses199

that did not match were excluded from the evalua-200

tion but saved for error analysis (see Section 9).201

5 Data202

We use the ageism, gender, and nationality bias203

dataset of Kamruzzaman et al. (2024), we adapt204

it and translate it into Norwegian. We use GPT-205

42 to translate from English to Norwegian, as our206

tests showed that it required minor adjustments for207

accuracy. Translations were then manually verified208

and corrected if necessary. This included checking209

the grammatical gender. The dataset includes both210

singular and plural references, and gender-neutral211

terms like “they” or “people”.212

We also extend this dataset by manually creat-213

2Accessed using the OpenAI API https://openai.com/
index/openai-api/

Bias type SAI ASA Total

Ageism 857 1,296 2,153
Ableism 792 429 1,221
Nationality 1,711 790 2,501

Total 3,360 2,515 5,875

Gender

Male 1,200 838 2,038
Female 1,200 839 2,038
Other 1,119 839 1,957

Total 3,519 2,517 6,033

Table 1: Distribution of bias instances across ageism,
ableism, gender, and nationality bias in our dataset.

ing sentences about people with disabilities. This 214

required designing template sentences, defining at- 215

tributes for people with and without disabilities, 216

and selecting appropriate stimulus adjectives. At- 217

tributes were sourced from NRK (2024), a glossary 218

of neutral and non-offensive functional diversity 219

words compiled by the Norwegian Broadcasting 220

Corporation.The distribution of instances of each 221

bias in our dataset can be seen in Table 1. 222

6 Experimental Setup and Methods 223

Pre-trained Language Models We use six dif- 224

ferent LLMs: four Norwegian models and two mul- 225

tilingual models that support Norwegian. These 226

models were selected for their diverse training 227

datasets, encompassing both Norwegian and multi- 228

lingual corpora, and their mix of architectures. We 229

use the following models: 230

• NorMistral-warm-instruct: a Norwegian 231

model from the NORA LLM family3, initial- 232

ized from Mistral-7B-v0.1 (Jiang et al., 2023) 233

and instruction-tuned on open datasets. 234

3https://huggingface.co/norallm/
normistral-7b-warm-instruct

3
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• NorwAI-Llama2-7b: this model is continue-235

pre-trained on Llama2 using public datasets236

and data shared by news outlets. It includes237

Norwegian, Swedish, Danish, and English4.238

• NB-BERT-large: based on BERT-large-239

uncased architecture (Devlin et al., 2019). It240

is trained on the Norwegian Colossal Corpus241

(NCC), including newspapers, books, govern-242

ment reports, legal documents, and Norwe-243

gian Wikipedia (Kummervold et al., 2021).244

• NorBERT3-large: trained on Norwegian245

Wikipedia, NBDigital, Norwegian News Cor-246

pus, NCC, and the Norwegian part of the web-247

crawled mC4 corpus (Samuel et al., 2023).248

• GPT-4: trained on both publicly available249

data and data from third-party providers Ope-250

nAI et al. (2024).251

• Llama3-8b: pre-trained on diverse data252

sources until the end of 2023, including253

a significant amount of coding-related data254

(Grattafiori et al., 2024; Touvron et al., 2023).255

Model setup All generative models were tested256

using the same methodology with zero-shot and257

one-shot prompting, though prompt formulations258

varied slightly. Norwegian models were particu-259

larly sensitive to prompt phrasing, affecting their260

outputs. Encoder-based models followed standard261

token prediction methods.262

Prompt engineering Prompt formulation signifi-263

cantly influences the language of models’ outputs,264

and is affected by context, ambiguity, and cul-265

tural interpretations. We experimented with various266

prompts, using a qualitative approach to determine267

the most effective ones. GPT-4 and Llama3 were268

simple to use. GPT-4 was accessed via an API5 and269

Llama3 was run locally using Ollama6). Despite270

Llama3’s initial design for English, it performs271

well for Norwegian text generation. Both models272

adhered strictly to prompt instructions, selecting a273

single option without justification in zero-shot and274

one-shot scenarios.275

We experimented with various prompt struc-276

tures using NorMistral and NorwAI-Llama2, in-277

cluding context sentences formatted as Context:278

<sentence>, alternatives listed with prefixes such279

4https://huggingface.co/NorwAI/
NorwAI-Llama2-7B

5https://openai.com/index/openai-api/
6https://ollama.com/

as A) B) C), 1., 2., 3., and simple dashes (-), as 280

well as different positions for the instructions. In- 281

structions placed at both the beginning and end 282

of the prompt, without prefixes, yielded optimal 283

results. Both models often produced verbose re- 284

sponses, failing to adhere to simple instructions, 285

necessitating a check for inclusion of any alter- 286

natives in the response (except for NorMistral in 287

one-shot scenarios which adhered to the given 288

example). To counter this, we used the recom- 289

mended hyper-parameters for NorMistral, adjust- 290

ing max_new_tokens to 40, resulting in a 24-hour 291

runtime for both zero-shot and one-shot scenar- 292

ios. The special tokens <|im_start|> user, 293

<|im_start|> assistant, and <|im_end|> were 294

also required for proper functioning. 295

NB-BERT and NorBERT3 predict the most 296

likely token to replace the [MASK] token in a sen- 297

tence. To use these models, we adapted sentences 298

with varying lengths of options by including the 299

appropriate number of [MASK] tokens, allowing us 300

to compute the probability of each token in its re- 301

spective position, and returning the average score 302

across all positions. 303

7 Evaluation 304

We use two metrics to assess the presence of biases 305

in models: Dependent Variable Prediction Rates 306

(DVPR) and Kendall’s Tau (τ ) Correlation Coeffi- 307

cient. Both metrics, adopted from Kamruzzaman 308

et al. (2024), were tested on all models. 309

DVPR offer an intuitive measure of how fre- 310

quently a model assigns favourable characteristics 311

to different social groups, facilitating easy inter- 312

pretation and comparison across models, thereby 313

identifying potential disparities in attribute associa- 314

tion. Conversely, Kendall’s τ quantifies the ordinal 315

association between two numerical sequences by 316

comparing the relative ordering of all possible pairs, 317

providing a robust statistical measure of agreement. 318

DVPR We analyse how LLMs associate posi- 319

tive and negative attributes with different stim- 320

uli by measuring the conditional probability of 321

selecting positive, negative, or neutral attributes 322

in response to various stimuli (SAI). Our anal- 323

ysis also covers the reverse direction, where 324

LLMs infer a stimulus in response to differ- 325

ent attributes (ASA). These probabilities, termed 326

[stimulus]-to-[attribute] likelihoods, de- 327

pend on the context sentence direction (Kamruz- 328

zaman et al., 2024). For example, if the model 329

4
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Model Direction τ p H0?

GPT-4
SAI 0.069 7.65e-06 Reject
ASA 0.289 1.20e-39 Reject

Llama3
SAI 0.200 9.12e-26 Reject
ASA 0.200 2.39e-20 Reject

NorMistral
SAI 0.086 1.001e-05 Reject
ASA 0.078 0.0004 Reject

NorwAI-Llama2
SAI 0.007 0.711 Reject Fail
ASA 0.064 0.004 Reject

NB-BERT
SAI 0.209 3.78e-06 Reject
ASA -0.002 0.951 Reject Fail

NorBERT3
SAI 0.117 0.010 Reject
ASA -0.050 0.330 Reject Fail

Table 2: Kendall’s τ test results for zero-shot evaluations
across the LLMs. We fail to reject the null hypothesis
in three settings, namely for NorwAI-Llama2 SAI, NB-
BERT ASA, and NorBERT3 ASA. GPT-4 in the ASA
direction yielded the worst τ test results (highlighted in
bold), while NB-BERT in the ASA direction achieved
the best τ test results (highlighted with an underline).

assigns positive attributes (e.g., vennlig–friendly,330

motivert–motivated, kreativ–creative), to stimuli331

that follows this works’ definition of negative7 (e.g.,332

65 år gammel–65 year old, mann med autisme–333

man with autism, Sør-Sudan–South Sudan) is334

termed negative-to-positive likelihood (NPL). Simi-335

larly, we define positive-to-positive (PPL), positive-336

to-negative (PNL), negative-to-negative (NNL),337

positive-to-neutral (PNuL), and negative-to-neutral338

(NNuL) likelihoods, where P stands for positive, N339

for negative, and Nu for neutral.340

A model is considered biased if the likelihood of341

selecting positive, negative, or neutral attributes (or342

stimuli) shifts with the sentiment of the stimulus343

(or attribute) (Kamruzzaman et al., 2024). In an344

unbiased model, ∆PL, ∆NL, and ∆NuL should345

be zero, where: ∆PL = PPL−NPL, ∆NL =346

PNL−NNL, and ∆NuL = PNuL−NNuL.347

Consistently negative ∆NL indicates systematic348

adjustment of negative predictions in response to349

stimulus sentiment changes (Kamruzzaman et al.,350

2024). Prediction rates are expressed as changes351

when shifting from positive to negative independent352

variable values. If there is no dependency between353

stimuli and attributes, values should remain close354

to zero, with minor random variations.355

Kendall’s Tau (τ ) Correlation Coefficient This356

is a non-parametric measure of the strength and357

7It is important to note that what we refer to as positive and
negative categories do not reflect reality nor do they reflect
our beliefs. We use them as terms to identify stereotypical
associations.

direction of the relationship between two ordinal 358

or ranked variables. It assesses the correspondence 359

between the rankings of two variables by compar- 360

ing the number of concordant and discordant pairs 361

in the dataset (Puka, 2011). The coefficient ranges 362

from -1 (perfect negative correlation) to +1 (perfect 363

positive correlation), with 0 indicating no correla- 364

tion. Concordant pairs occur when the relative or- 365

der of both variables is the same, while discordant 366

pairs occur when the order is reversed. This work 367

uses the tau-b variation, which accounts for ties 368

in the data (Kendall, 1945). The pairs are created 369

by combining the input sentence with the model’s 370

response, with binary inputs (positive or negative) 371

and ternary responses (positive, negative, or neu- 372

tral). Following Kamruzzaman et al. (2024), our 373

null hypothesis posits no correlation between the in- 374

put and the models’ responses, with a significance 375

level of α < 0.05 used to reject the null hypothesis. 376

8 Results and discussion 377

Table 2 presents Kendall’s τ test results for zero- 378

shot evaluations across all tested LLMs. Results for 379

the one-shot evaluations are presented in Table 5 in 380

Appendix A. The results indicate a statistically sig- 381

nificant correlation between the chosen stimuli and 382

attributes for GPT-4, revealing patterns of ageism, 383

ableism, and nationality bias across different set- 384

tings. The highest τ test results were observed in 385

the ASA direction. The results also show a statisti- 386

cally significant correlation between the dependent 387

and independent variables for Llama3, with the null 388

hypothesis rejected in all four settings. The τ test 389

results, all with very low p-values, indicate that 390

Llama3 exhibits biases related to ageism, ableism, 391

and nationality, similar to GPT-4. 392

The τ test results for NorMistral show that the 393

null hypothesis is rejected in three out of four set- 394

tings, indicating a statistically significant correla- 395

tion between the input variable and the model’s 396

response in these cases. The model exhibits biases 397

in ageism, ableism, and nationality in these three 398

settings, although the correlation is weaker com- 399

pared to GPT-4 and Llama3. The one-shot ASA 400

setting is the only case where the null hypothesis 401

is not rejected, suggesting no bias in that scenario. 402

For NorwAI-Llama2 we see that the null hypothe- 403

sis is rejected in two out of four settings, indicating 404

a significant correlation between the input variable 405

and the model’s response in these cases. However, 406

in the zero-shot SAI and one-shot SAI settings, the 407
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GPT-4 Llama3

SAI ASA SAI ASA
zero-shot one-shot zero-shot one-shot zero-shot one-shot zero-shot one-shot

Ageism
12.23

-11.44
-0.79

16.34

-14.75

-1.58

17.45

-29.83

12.38 15.12

-22.97

7.86
15.91

-18.43

2.52
9.98

-11.67

1.68 4.35

-11.18

6.83

-2.93 -3.78

6.71

Ableism

2.06 1.97

-4.03

10.63

-5.88 -4.75

5.19

-17.01

11.83

0.16

-21

20.84

5.69

-4.8 -0.89

10.77

-10.54
-0.23

4.11

-23.7

19.49 15.79

-31.9

16.11

Nationality

5.07

-3.45 -1.62

8.55

-6.45 -2.09

20.61

-23.2

2.59

19.58

-18.4

-1.18

19.87

-22.27

2.4

28.85

-28.6

-0.24

31.17

-28.23

-2.94

30.58

-26.56

-4.03

Normistral NorwAI-Llama2

SAI ASA SAI ASA
zero-shot one-shot zero-shot one-shot zero-shot one-shot zero-shot one-shot

Ageism

5.53

-5.63

0.1
7.61

-6.04 -1.57

0.03

-1.18

1.15

-6.02

0.62
5.4 5.93

-1.81 -4.12

5.66 2.41

-8.07

8.18

-3.86 -4.32

4.63

-2.16 -2.47

Ableism

8.53

-1.73
-6.8 -2.88

-13.17

16.05 13.15

-14.67

1.52
11.02

-10.45
-0.57

-8.49

6.93
1.56

-15.02

7.87 7.14
12.88

-11.13
-1.75

5.53

-14.47

8.95

Nationality

8.07

-10.93

2.86
9.28

-9.05
-0.23

15.47

-4.34
-11.14

5.57

-11.26

5.69 3.24

-1.79 -1.45

0.85 0.07

-0.92 -3.46 -2.81

6.27 6.08
0.46

-6.55

Table 3: Dependent Variable Prediction Rates ( ∆PL , ∆NL , ∆NuL ) for GPT-4, Llama3, Normistral, and
NorwAI-Llama2 with zero-shot and one-shot in both SAI and ASA directions. An unbiased model should have
∆PL, ∆NL, and ∆NuL scores close to 0.

τ values are very low with p-values exceeding 0.05,408

so we fail to reject the null hypothesis, suggesting409

no bias. In the zero-shot ASA and one-shot ASA410

settings, the null hypothesis is rejected, indicating411

a correlation and potential bias.412

In Table 2 we also see that for NB-BERT, the413

null hypothesis is rejected only in the SAI direction,414

with a τ score of 0.209 and a low p-value, indicat-415

ing a significant correlation. In the ASA direction,416

the τ score is -0.002, suggesting no systematic417

correlation. For NorBERT3, the null hypothesis418

is rejected in the SAI direction with a τ score of419

0.117 and a p-value of 0.010, indicating statistical420

significance, but not in the ASA direction, where421

the τ score is -0.050 with a p-value of 0.33.422

Table 3 shows the dependent variable prediction423

rates, colour-coded as ∆PL , ∆NL , ∆NuL , for424

our tested models in zero-shot and one-shot in both425

SAI and ASA directions for ageism, ableism, and426

nationality. An unbiased model should have ∆PL,427

∆NL, and ∆NuL scores close to 0. GPT-4 exhibits428

the most pronounced deviation from zero in pre-429

diction rates for ageism, indicating that it is more430

biased towards ageism compared to other types of431

bias. The results are particularly poor in the one-432

shot scenario and the ASA direction. For Llama3,433

nationality bias consistently results in the poorest434

prediction rates across all settings. The ∆NL rates 435

for ableism are notably worse in the ASA direction, 436

suggesting that when presented with a negative at- 437

tribute, the model is more inclined to associate it 438

with a person with a disability. 439

NorMistral demonstrates rather good prediction 440

rates overall, with smaller deviations from zero 441

compared to the two other models. Highest levels 442

of bias are related to ableism, in both the SAI and 443

ASA directions. Similarly, NorwAI-Llama2 ex- 444

hibits strong prediction rates across all settings, but 445

shows the highest level of bias concerning ableism. 446

In the SAI direction for ableism, the ∆PL rates are 447

negative, indicating that the model is less likely 448

to select a positive alternative when the context 449

sentence refers to someone with a disability. 450

The dependent variable prediction rates for NB- 451

BERT in the SAI and ASA directions are in Table 452

10 in Appendix A. The results for ageism are worse 453

in the SAI direction, while the results for ableism 454

and nationality bias are weaker compared to those 455

of the Norwegian auto-regressive models. For Nor- 456

BERT3, the prediction rates in the SAI direction are 457

worst for ageism, indicating that the model makes 458

more stereotypical associations based on age. In 459

the ASA direction, the prediction rates for ableism 460

are very good, with values close to zero. 461
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We also analysed the percentage of times the462

models select positive, negative, or neutral alter-463

natives, for both zero-shot and one-shot settings.464

GPT-4 generally shows positive sentiment, except465

for ableism in the ASA direction, where positive466

attributes are chosen only 10-11% of the time.467

Llama3 has a strong tendency towards negative468

responses, especially for ageism and ableism in469

the ASA direction, while nationality-related sen-470

tences are more positive. NorMistral is relatively471

balanced, with an increase in neutral responses472

from SAI to ASA. NorwAI-Llama2’s sentiment473

varies by bias type, showing the most positive bias474

for ageism in the SAI direction but the least in the475

ASA direction. NB-BERT mostly provides positive476

or neutral responses, with negative responses being477

less frequent, except for ageism in the ASA direc-478

tion. NorBERT3 shows more positive responses479

for ageism and nationality in the SAI direction, but480

more negative responses across all bias types in the481

ASA direction. More details about this can be seen482

in Tables 9 and Table 6 in Appendix A.483

In addition to this, we looked separately at gen-484

der bias and explored the Kendall’s τ correlation485

between female gender and positive outputs both486

for zero-shot and one-shot (respectively Table 7 and487

Table 8 in Appendix A). In the zero-shot setting,488

we failed to reject the null hypothesis in all but two489

cases: GPT-4 in SAI and NorMistral in SAI. The490

p-values were below the 0.05 threshold, enabling491

us to reject the null hypothesis and indicate a sta-492

tistically significant correlation in those instances.493

The failure to reject our null hypothesis suggests494

that, for the majority of models, there is insufficient495

statistical evidence to conclude a meaningful cor-496

relation between feminine-gendered prompts and497

positive outputs. In the one-shot evaluation, we fail498

to reject the null hypothesis in three cases: Llama3499

in ASA, NorMistral in SAI, and NorwAI-Llama2500

in ASA. For the rest of the models, we were able to501

reject the null hypothesis and prove a statistically502

significant correlation.503

Table 4 shows dependent variable predictions504

rates for female, male, and other (not specified)505

gender dimensions. GPT-4 exhibits the most pro-506

nounced deviation from zero in prediction rates507

in the ASA direction, in both zero- and one-shot508

settings. While smaller, the model still has consid-509

erable deviations from zero in the SAI direction.510

However, there are no considerable differences be-511

tween genders. Llama3 has the worst performance512

overall in SAI and ASA directions, and zero- and513

one-shot settings. But similarly to GPT-4, there are 514

no clear differences between genders. 515

As noted with the other types of biases, the two 516

Norwegian generative models seem to perform bet- 517

ter for genders as well, in all combinations of set- 518

tings SAI, ASA, zero-shot, and one-shot. There is 519

however a notable exception, in one-shot setting, 520

ASA direction, with the model NorwAI-Llama2 521

with regards to male gender. This means that the 522

model is 14.71 percentage points more likely to 523

generate a positive response when the input is posi- 524

tive than when it is negative. Conversely, the model 525

is 14.63 percentage points less likely to generate a 526

negative response when the input is positive than 527

when it’s negative. NB-BERT and NorBERT3 have 528

worse results, with NB-BERT performing worst in 529

all Norwegian models in all settings (see Table 10 530

in Appendix A for more details). 531

Overall, the results indicate a positive correla- 532

tion between positive input and positive output, 533

with models reflecting the positivity of the input. 534

Conversely, they also reveal a negative correlation 535

between positive input and negative output, as mod- 536

els avoid negativity when the input is positive and 537

tend to be more negative when the input is negative. 538

9 Error analysis 539

We analyse models’ invalid responses, focusing on 540

instances where they fail to select an alternative 541

from the provided options. We categorise these 542

responses into five groups (four of them overlap- 543

ping with (Kamruzzaman et al., 2024)), revealing 544

patterns in the models’ mistakes and providing 545

insights into their specific failures. A statistical 546

overview of the distribution of these categories can 547

be seen in Table 11 and Table 12 in Appendix A. 548

Non-Option Responses Responses that repeat 549

parts or the entire context sentence without includ- 550

ing any alternative from the option list (Kamruzza- 551

man et al., 2024). This category is frequent, espe- 552

cially among Norwegian models. 553

Almost Option Responses that closely resemble 554

one of the alternatives but do not match exactly, 555

often due to misspellings or mismatches between 556

singular and plural forms. For instance, a model 557

might generate “smart” instead of “smarte” (the 558

plural form of “smart” in Norwegian). 559

No Response Covers instances where the model 560

produces null outputs, empty strings, or fails to 561

generate any response. 562
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GPT-4 Llama3

SAI ASA SAI ASA
zero-shot one-shot zero-shot one-shot zero-shot one-shot zero-shot one-shot

Female

5.57

-3.45 -2.11

10.14

-7.61
-2.53

18.83

-25.58

6.75
15.87

-18.85

2.98

18.23

-17.45

-0.77

23.12

-20.84

-2.27

16.19

-20.96

4.77
12.69

-15.89

3.19

Male

10.07

-5.098 -4.97

11.97

-9.43
-2.53

16.58

-27.08

10.49 14.81

-21.40

6.59
14.54

-18.37

3.82

19.37

-21.00

1.63
9.79

-15.32

5.52 6.82

-11.94

5.12

Other

2.80

-3.95

1.14
10.79

-8.03
-2.76

17.05

-24.84

7.79
14.73

-24.78

10.05 13.92

-15.92

1.99

16.43

-18.16

1.72

14.28

-20.16

5.88
13.01

-20.34

7.32

Normistral NorwAI-Llama2

SAI ASA SAI ASA
zero-shot one-shot zero-shot one-shot zero-shot one-shot zero-shot one-shot

Female

7.85

-8.12

0.27
5.01

-9.18

4.17
8.85

-6.62 -2.23

0.22

-7.18

6.47
0.05

-0.49

0.43

-3.13

3.55

-0.42

5.15

-1.73 -3.41

1.38 1.37

-2.75

Male

7.37

-6.69
-0.68

7.55

-11.01

3.46
8.61

-3.50 -5.11 -4.09 -2.22

6.31 3.65 0.90

-4.56 -1.22

1.58

-0.35

4.53

-5.21

0.68

14.71

-14.63

-0.07

Other

7.18

-7.47

0.29
5.88

-7.13

1.25 3.69

-3.36 -0.33

2.88

-5.06

2.17 0.19

0 -0.19 -1.25

2.62

-1.36

6.28

-7.17

0.88 0.31 1.50

-1.82

Table 4: Dependent Variable Prediction Rates for gender ( ∆PL , ∆NL , ∆NuL ), for the models GPT-4, Llama3,
Normistral, and NorwAI-Llama2 with zero-shot and one-shot in both SAI and ASA directions. An unbiased model
should have ∆PL, ∆NL, and ∆NuL scores close to 0.

Stereotype Awareness Includes instances where563

the model acknowledges that responding might re-564

inforce stereotypes and explicitly states this con-565

cern, and when the model indicates that the context566

is insufficient to select any of the alternatives.567

Out-of-Context Responses Includes responses568

that fall outside the provided alternatives and con-569

text sentence. Some responses were nonsensical570

and resembled hallucinations. It also covers in-571

stances where models respond with a related stim-572

ulus or attribute not found in the option list.573

10 Conclusion and discussion574

When examining inherent bias, the Norwegian575

autoregressive models, NorMistral and NorwAI-576

Llama2, are the best performers, consistently577

achieving prediction rates close to zero and ex-578

hibiting minimal bias. Among the models tested,579

Llama3 was notably the poorest performer, display-580

ing the highest prediction rates overall, particularly581

for nationality bias, and exhibiting the most neg-582

ative sentiment. This model tends to select posi-583

tive alternatives when the input referenced wealthy584

countries and negative alternatives for poorer coun-585

tries. For ageism, Llama3 showed good prediction586

rates but a high proportion of negatively chosen587

alternatives, indicating a consistently negative view588

of individuals regardless of age. 589

Our findings reveal that the LMs more frequently 590

associate older individuals, people with disabilities, 591

and poorer countries with negative attributes, such 592

as lower adaptability or effectiveness. Models also 593

associate negative attributes with all genders, if the 594

stimulus is negative. From a purely descriptive 595

standpoint, these associations might reflect real- 596

world trends. However, this reasoning becomes 597

problematic normatively speaking, as it risks rein- 598

forcing harmful stereotypes rather than accounting 599

for individual and contextual variability. 600

Regardless of the type of bias, our results indi- 601

cate that the tested models tend to align with the 602

sentiment of the input: they are more likely to gen- 603

erate positive content when given positive prompts, 604

and more negative content when the prompts are 605

negative. These patterns suggest that the models 606

are not neutral and are influenced by the sentiment 607

of the input, even when such sentiment should be 608

irrelevant. This indicates bias in the models. 609

Biases in language models do not merely mirror 610

reality; they also shape it. When integrated into 611

downstream applications, these biases can influ- 612

ence perceptions, decision-making processes, and 613

ultimately how individuals and groups are treated 614

by institutions and systems. 615
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Limitations616

One limitation of this study is the quality of the617

data. Most of our template sentences and attributes618

were from Kamruzzaman et al. (2024), translated619

from English to Norwegian using GPT-4, which620

sometimes introduced errors. Although most mis-621

takes were manually corrected, some may have622

been overlooked.623

Our experiments employed a one-shot prompt-624

ing technique, which may have introduced bias625

as well. Some models overgeneralised responses626

based on the example we provided, which may627

skew the analysis. Future work could involve using628

frameworks to optimise prompt examples.629

Our list of attributes and stimuli is not exhaus-630

tive, lacking representation of all ages, countries,631

genders, and disabilities. The selection of neutral632

attributes warrants further discussion, as some may633

inadvertently introduce bias. For instance, traits634

like “blue eyes” versus “brown eyes” could lead to635

racial bias.636
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A Appendix830

One-shot

Model Direction τ p H0?

GPT-4
SAI 0.124 6.27e-16 Reject
ASA 0.233 5.64e-27 Reject

Llama3
SAI 0.240 2.41e-31 Reject
ASA 0.154 3.76e-10 Reject

NorMistral
SAI 0.084 2.94e-05 Reject
ASA 0.033 0.134 Reject Fail

NorwAI-Llama2
SAI -0.025 0.187 Reject Fail
ASA 0.064 0.0076 Reject

Table 5: Kendall’s τ test results for one-shot evaluations
across the LLMs. W fail to reject the null hypothesis in
two settings, namely for NorMistral ASA and NorwAI-
Llama2 SAI. Llama3 in the SAI direction yielded the
worst τ test results (highlighted in bold), while NorwAI-
Llama2 in the ASA direction achieved the best τ test
results (highlighted with an underline).

NB-BERT
Bias SAI ASA

Pos Neg Neu Pos Neg Neu

Ageism 54.14 20.38 25.48 62.39 8.55 29.06
Ableism 37.59 24.06 38.35 36.99 28.77 34.25
Nationality 50.19 25.48 24.33 55.71 22.14 22.14

NorBERT3
SAI ASA

Pos Neg Neu Pos Neg Neu

Ageism 58.60 12.74 28.66 28.21 39.74 32.05
Ableism 33.08 33.08 33.83 45.21 36.99 17.81
Nationality 42.97 15.59 41.44 30.71 32.86 36.43

Table 6: Percentage of how often NB-BERT and Nor-
BERT3 choose the positive, negative, or neutral alter-
native from the option list in SAI and ASA directions.
The highest percentage for each setting is highlighted
in bold, and the lowest with an underline.

Table 9 represents the percentage of times the831

model selects the positive, negative, or neutral alter-832

native from the option list, for both zero-shot and833

one-shot settings in SAI and ASA directions, for all834

autoregressive models. The highest percentage for835

each setting is highlighted in bold, and the lowest836

is underlined.837

GPT-4 predominantly shows a positive senti-838

ment, often choosing positive or neutral attributes.839

However, sentences about ableism in the ASA di-840

rection are an exception, with the model selecting841

the positive stimulus or attribute only 10% and842

11% of the time. Llama3 exhibits a stronger ten-843

dency towards negative responses. In the ASA844

direction, sentences about ageism and ableism are845

Model Direction τ p H0?

GPT-4
SAI 0.0608 0.0001 Reject
ASA 0.0262 0.1425 Reject fail

Llama3
SAI 0.0050 0.7481 Reject fail
ASA 0.0229 0.1941 Reject fail

NorMistral
SAI 0.0350 0.0281 Reject
ASA 0.0105 0.5626 Reject fail

NorwAI-Llama2
SAI 0.0152 0.3366 Reject fail
ASA -0.0098 0.5854 Reject fail

NB-BERT
SAI -0.0017 0.9630 Reject fail
ASA 0.0335 0.4000 Reject fail

NorBERT
SAI 0.0025 0.9456 Reject fail
ASA 0.0572 0.1735 Reject fail

Table 7: Kendall τ test results to determine if there is a
correlation between female gender and positive outputs
for zero-shot evaluations across the tested LLM.

One-shot

Model Direction τ p H0?

GPT-4
SAI 0.0284 0.0237 Reject
ASA 0.0581 0.0009 Reject

Llama3
SAI 0.0619 0.0002 Reject
ASA 0.0370 0.0649 Reject fail

NorMistral
SAI 0.0238 0.1467 Reject fail
ASA 0.0473 0.0089 Reject

NorwAI-Llama2
SAI 0.0486 0.0029 Reject
ASA 0.0178 0.3631 Reject fail

Table 8: Kendall τ test results to determine if there is a
correlation between female gender and positive outputs
for one-shot evaluations across the tested LLM.

predominantly negative, while sentences regarding 846

nationality are more positive. 847

NorMistral appears relatively balanced in its 848

responses, with the most notable shift from SAI 849

to ASA being an increase in neutral responses. 850

NorwAI-Llama2’s sentiment is fairly balanced and 851

varies depending on the bias type in different set- 852

tings. The model is most likely to choose the pos- 853

itive attribute for ageism in the SAI direction, but 854

this shifts in the ASA direction, where it exhibits 855

the lowest level of positive bias. 856

NB-BERT tends to provide more positive or neu- 857

tral responses. Negative responses constitute only 858

20% - 29% of the total, except for ageism in the 859

ASA direction, where it chooses the negative stim- 860

ulus or attribute only 8.55% of the time. For Nor- 861

BERT3 in the SAI direction, the responses are more 862

positive for ageism and nationality, while ableism 863

is very evenly distributed. In the ASA direction, 864

there are more negative responses across all bias 865

types. These results can be seen in Table 6. 866
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GPT-4 Llama3 Normistral NorwAI-Llama2

Bias SAI ASA SAI ASA SAI ASA SAI ASA
Pos Neg Neu Pos Neg Neu Pos Neg Neu Pos Neg Neu Pos Neg Neu Pos Neg Neu Pos Neg Neu Pos Neg Neu

Zero-Shot
Ag 74.16 6.82 19.02 31.33 33.28 35.39 42.49 31.57 25.93 14.05 61.85 24.09 61.68 28.05 10.25 41.66 29.04 29.28 61.18 22.10 16.71 26.46 40.81 32.71
Ab 62.36 7.86 29.78 10.27 29.34 60.39 28.64 46.52 24.82 19.82 55.68 24.48 41.96 36.21 21.81 21.62 39.88 38.48 43.73 39.21 17.05 30.72 41.92 27.34
Nat 78.58 3.96 17.46 60.21 18.44 21.35 33.94 47.19 18.86 59.55 21.71 18.72 41.43 41.36 17.19 46.12 15.23 38.64 31.92 46.73 21.34 50.76 26.22 23.01

One-Shot
Ag 72.32 11.22 16.47 42.29 28.35 29.36 32.85 48.81 18.32 22.94 53.62 23.43 50.49 39.43 10.07 25.84 18.68 55.47 68.82 18.61 12.55 26.54 35.33 38.11
Ab 68.69 6.72 24.59 11.53 36.47 52.00 22.38 53.30 24.31 17.75 52.95 29.28 44.57 35.69 19.73 33.23 29.19 37.57 45.28 34.68 20.02 30.41 27.31 42.26
Nat 76.81 4.40 18.79 67.06 15.02 17.92 30.91 49.70 19.38 58.85 25.64 15.49 51.08 36.45 12.46 31.44 40.36 28.18 49.57 29.73 20.68 53.22 29.41 17.36

Table 9: Percentage of how often GPT-4, Llama3, Normistral, and NorwAI-Llama2 choose the positive, negative, or
neutral alternative from the option list, for both zero-shot and one-shot settings in SAI and ASA. Where Ag stands
for Ageism, Ab for ablesim, and Nat for Nationality bias. The highest percentage for each setting is highlighted in
bold, and the lowest with an underline.

NB-BERT NorBERT3

SAI ASA SAI ASA

Ageism 23.33

-29.35

6.03

-5.35

3.86 1.49

16.67

-23.77

7.1

-12.24

11.45
0.79

Ableism

7.72

-7.94

0.23

-19.68

1.21

18.48

-13.55

7.51 6.04

-2.04

2.34

-0.3

Nationality
17.14

-11.31
-5.84

13.74

-12.62
-1.13

11.1

-11.7

0.6
8.72

-9.64

0.92

Gender

Male
17.95

-15.22

-2.72 -1.71
-8.47

10.19
17.02

-18.59

1.56 3.14

-1.71 -1.42

Female

8.57

-8.88

0.31

14.86

-5.74 -9.12

5.71

-11.74

6.03

-0.91

1.38

-0.47

Other 25.90

-24.14

-1.75

-18.18

8.36 9.81

-1.55 -3.27

4.82

-14.78

11.11
3.66

Table 10: Dependent Variable Prediction Rates ( ∆PL ,
∆NL , ∆NuL ) for NB-BERT and NorBERT3 with

zero-shot and one-shot in both SAI and ASA directions.
An unbiased model should have ∆PL, ∆NL, and ∆NuL
scores close to 0.

A.1 Types of errors867

Tables 11 and 12 summarise the invalid responses868

and their categories. Table 11 shows that the per-869

centage of invalid responses varies across models,870

with all models exhibiting some Non-Option and871

Out-of-Context responses. GPT-4 had the fewest872

errors (111, or 1.89% of the dataset), while NorMis-873

tral had the most (590, or 10.04%).874

Table 12 indicates that most models, except GPT-875

4, produced more errors with a one-shot example.876

Notably, Llama3 generated over four times as many877

invalid responses compared to the zero-shot setting. 878

The increase in errors also affected the distribution 879

across error categories. 880

GPT-4 Llama3 NorMistral NorwAI-Llama2

NOR 2 (0.03%) 11 (0.19%) 130 (2.21%) 170 (2.89%)
AO 0 171 (2.91%) 245 (4.17%) 33 (0.56%)
NR 0 0 0 196 (3.34%)
SA 108 (1.83%) 0 0 0
OoCR 1 (0.01%) 103 (1.75%) 215 (3.66%) 26 (0.44%)
Total 111 (1.89%) 285 (4.85%) 590 (10.04%) 425 (7.23%)

Table 11: Number of invalid responses for each category
in the zero-shot experiments. The percentage shows
how many sentences of the total dataset affected by the
category. Such that: NOR = Non-Option Responses, AO
= Almost Option, NR = No Response, SA = Stereotype
Awareness, OoCR = Out-of-Context Responses.

GPT-4 Llama3 NorMistral NorwAI-Llama2

NOR 8 (0.14%) 70 (1.20%) 158 (2.69%) 717 (12.20%)
AO 2 (0.03%) 472 (8.03%) 567 (9.65%) 68 (1.16%)
NR 0 0 0 0
SA 43 (0.73%) 0 0 0
OoCR 17 (0.27%) 748 (12.73%) 88 (1.50%) 114 (1.94%)
Total 70 (1.20%) 1290 (21.96%) 813 (13.83%) 899 (15.30%)

Table 12: Number of invalid responses for each category
in the one-shot experiments. The percentage shows
how many sentences of the total dataset affected by the
category. Such that: NOR = Non-Option Responses, AO
= Almost Option, NR = No Response, SA = Stereotype
Awareness, OoCR = Out-of-Context Responses.
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