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Abstract001

Automated bias detection in news text is heav-002
ily used to support journalistic analysis and003
media accountability, yet little is known about004
how bias detection models arrive at their de-005
cisions or why they fail. In this work, we006
present a comparative interpretability study of007
two transformer-based bias detection models: a008
bias-detector model and a domain-adapted Ro-009
bustly optimized BERT pretraining approach010
(RoBERTa) model (DA-RoBERTa- BABE-FT),011
both fine-tuned on the Bias Annotation for012
Bias Experiments (BABE) dataset, using SHap-013
ley Additive exPlanations (SHAP)-based ex-014
planations. We analyze word-level attributions015
across correct and incorrect predictions to char-016
acterize how different model architectures op-017
erationalize linguistic bias. Our results show018
that although both models attend to similar cat-019
egories of evaluative language, they differ sub-020
stantially in how these signals are integrated021
into predictions. The bias detector model as-022
signs stronger internal evidence to false pos-023
itives than to true positives, indicating a mis-024
alignment between attribution strength and pre-025
diction correctness and contributing to system-026
atic over-flagging of neutral journalistic con-027
tent. In contrast, DA-RoBERTa-BABE-FT028
exhibits attribution patterns that better align029
with prediction outcomes and produces 63%030
fewer false positives. We further demonstrate031
that model errors arise from distinct linguis-032
tic mechanisms, with false positives driven by033
discourse-level ambiguity rather than explicit034
bias cues. These findings highlight the impor-035
tance of interpretability-aware evaluation for036
bias detection systems and suggest that archi-037
tectural and training choices critically affect038
both model reliability and deployment suitabil-039
ity in journalistic contexts.040

Keywords: news bias detection; model inter-041

pretability; SHAP analysis; transformer models;042

linguistic bias;043

1 Introduction 044

Detecting bias in news text is crucial to maintain- 045

ing journalistic standards and helping readers as- 046

sess media credibility. Natural language process- 047

ing models trained to identify biased language 048

in news articles promise to support these goals, 049

but understanding how they make decisions is es- 050

sential for trust and effective deployment (Boluk- 051

basi et al., 2016; Caliskan et al., 2017). As auto- 052

mated bias detection tools enter newsrooms and 053

fact-checking workflows, transparency about their 054

decision-making becomes critical (Blodgett et al., 055

2020). 056

Figure 1: SHAP Reveals the Word Attributions for the
model’s decision. Red words increase bias, Blue words
decrease bias in the sentence. This reveals, how the two
models look differently into the sentence to make the
decision.

Model interpretability helps validate bias detec- 057

tion systems and diagnose failures. While accuracy 058

metrics show overall performance, interpretability 059

reveals which linguistic signals drive predictions 060

that enable validation against journalistic principles 061

and identification of problematic shortcuts (Lipton, 062

2017; Doshi-Velez and Kim, 2017). For journalism 063

applications, interpretability is especially impor- 064

tant: incorrect flagging can affect credibility, and 065

stakeholders need to understand what constitutes 066

bias from the model’s perspective (Rudin, 2019). 067

We apply SHAP (SHapley Additive exPlana- 068

tions) to compare how two bias detection mod- 069
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els: bias-detector (Ghosh et al., 2025) and DA-070

RoBERTa-BABE-FT (Krieger et al., 2022) inter-071

pret news text on the BABE dataset (Spinde et al.,072

2021). By analyzing word-level attributions across073

true positives, false positives, and true negatives,074

we investigate: (1) how models identify bias in075

news articles, (2) what linguistic patterns distin-076

guish correct predictions from errors, and (3) how077

architectural differences affect interpretability and078

error patterns. Our analysis reveals: (1) a reversal079

in attribution strength where false positives show080

higher SHAP magnitude than true positives in one081

model, indicating strong but misleading signals;082

(2) that models conflate emotional or evaluative083

language with social bias, suggesting limitations084

in contextual understanding relevant to journal-085

ism; and (3) significant differences between archi-086

tectures in false positive rates and interpretability087

patterns, with DA-RoBERTa-BABE-FT showing088

63% fewer false positives and more intuitive SHAP089

alignments.090

This work contributes: (1) a comparative inter-091

pretability framework using SHAP for bias detec-092

tion models in news text; (2) a word-level attri-093

bution analysis revealing how different architec-094

tures operationalize bias in journalistic contexts;095

(3) identification of systematic misalignment be-096

tween attribution strength and prediction correct-097

ness, particularly in false positive errors, and its098

implications for model reliability; and (4) insights099

into how bias detection models interpret linguistic100

signals, informing the development of more reli-101

able systems for journalistic applications.102

2 Related Work103

2.1 Transformer Models for NLP104

Transformer architectures, introduced by Vaswani105

et al. (2017), have revolutionized NLP through their106

attention-based mechanism. Devlin et al. (2019)107

developed BERT, demonstrating the power of bidi-108

rectional pre-training for language understanding109

tasks. Liu et al. (2019) introduced RoBERTa, a ro-110

bustly optimized BERT variant that improved per-111

formance through better training procedures. These112

transformer-based models have become the founda-113

tion for many bias detection systems, including the114

Bias-Detector and DA-RoBERTa-BABE-FT model115

analyzed in this work. Understanding how these116

architectures process and interpret linguistic sig-117

nals is essential for developing more reliable bias118

detection systems.119

2.2 Bias Detection in News 120

Automated bias detection in news text has gained 121

attention with the rise of computational journalism. 122

Spinde et al. (2021) introduced BABE (Bias Anal- 123

ysis by Experts), a sentence-level dataset for bias 124

detection in news articles using distant supervision 125

from expert annotations. Their work demonstrated 126

the feasibility of neural models for identifying bi- 127

ased language in journalistic contexts. Building 128

on this foundation, Ghosh et al. (2025) developed 129

the bias-detector model, which we analyze in this 130

work, focusing specifically on detecting bias in 131

news articles. Krieger et al. (2022) advanced the 132

field by proposing domain-adaptive pre-training ap- 133

proaches for language bias detection in news, show- 134

ing that specialized pre-training improves perfor- 135

mance on media bias tasks. Beyond news-specific 136

applications, research on bias detection has ex- 137

panded to measure and identify various forms of so- 138

cial bias in language models. Nadeem et al. (2021) 139

introduced StereoSet, a benchmark for measuring 140

stereotypical bias in pretrained language models, 141

while Nangia et al. (2020) created CrowS-Pairs, 142

a challenge dataset for measuring social biases in 143

masked language models. Powers et al. (2025) 144

proposed the GUS Framework for benchmarking 145

social bias classification using both discriminative 146

and generative language models, providing a com- 147

prehensive evaluation framework. Hutchinson et al. 148

(2020) examined social biases in NLP models as 149

barriers for persons with disabilities, highlighting 150

the importance of inclusive bias detection. Borkan 151

et al. (2019) developed nuanced metrics for mea- 152

suring unintended bias with real data for text clas- 153

sification, while Röttger et al. (2021) introduced 154

HateCheck, a functional test suite for hate speech 155

detection models. These works collectively estab- 156

lish the landscape of bias detection and measure- 157

ment in NLP, with our work focusing specifically 158

on interpretability of bias detection models in news 159

text. 160

2.3 Interpretability Methods in NLP 161

Understanding how NLP models make decisions 162

has become increasingly important as these sys- 163

tems are deployed in high-stakes applications. In- 164

terpretability methods can be broadly categorized 165

into model-agnostic approaches that work with 166

any model and model-specific approaches that 167

leverage internal model representations. Ribeiro 168

et al. (2016) introduced LIME (Local Interpretable 169
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Model-agnostic Explanations), a model-agnostic170

method that explains individual predictions by ap-171

proximating the model locally with interpretable172

models. Lundberg and Lee (2017) proposed173

SHAP (SHapley Additive exPlanations), which uni-174

fies multiple explanation methods under a unified175

framework based on Shapley values from coopera-176

tive game theory, providing theoretically grounded177

feature attributions. The interpretability of atten-178

tion mechanisms in transformer models has been179

particularly debated. Jain and Wallace (2019) ar-180

gued that attention weights do not necessarily pro-181

vide faithful explanations, challenging the com-182

mon assumption that attention can be directly in-183

terpreted. Wiegreffe and Pinter (2019) responded184

by demonstrating cases where attention can in-185

deed provide meaningful explanations, while Ser-186

rano and Smith (2019) provided a more nuanced187

analysis of when attention can be considered inter-188

pretable. These debates highlight the complexity189

of interpreting neural models and the need for rig-190

orous evaluation of interpretability methods. DeY-191

oung et al. (2020) introduced ERASER, a bench-192

mark for evaluating rationalized NLP models, pro-193

viding standardized metrics for assessing explana-194

tion quality. In this work, we employ SHAP as195

our primary interpretability method, leveraging its196

theoretical foundations and model-agnostic nature197

to compare different bias detection architectures.198

2.4 SHAP Applications in NLP199

SHAP has been widely adopted for explaining NLP200

models due to its theoretical grounding and abil-201

ity to provide consistent, locally accurate explana-202

tions. Lundberg et al. (2019) extended SHAP to203

tree-based models, demonstrating how local ex-204

planations can be aggregated to achieve global205

understanding. Mosca et al. (2022) provided a206

comprehensive review of SHAP-based explanation207

methods specifically for NLP interpretability, dis-208

cussing applications across various NLP tasks and209

highlighting best practices. Covert et al. (2022) de-210

veloped a unified framework for model explanation211

based on the principle of explaining by removing212

features, which aligns with SHAP’s approach of213

measuring feature contributions through marginal-214

ization. Despite the widespread use of SHAP in215

NLP, relatively little work has applied it to under-216

stand bias detection models specifically, particu-217

larly in comparative settings. Most existing ap-218

plications focus on single-model explanations or219

task-specific interpretability. Our work extends this220

line of research by applying SHAP to conduct a 221

comparative analysis of two different bias detection 222

architectures, revealing how model design choices 223

affect interpretability patterns and error modes in 224

news bias detection. 225

2.5 Model Comparison Methods 226

Dietterich (1998) proposed statistical tests for com- 227

paring supervised classification algorithms, em- 228

phasizing the importance of accounting for vari- 229

ance in performance estimates. Dror et al. (2018) 230

provided a comprehensive guide to testing statis- 231

tical significance in natural language processing, 232

highlighting common pitfalls and best practices in 233

model comparison. While these frameworks are im- 234

portant for rigorous evaluation, our work focuses 235

on interpretability-based comparison rather than 236

purely statistical comparisons, examining how dif- 237

ferent models interpret the same inputs rather than 238

just comparing their performance metrics. 239

3 Methodology 240

3.1 Dataset and Models 241

We evaluate two bias detection models on the 242

BABE (Bias Analysis by Experts) dataset (Spinde 243

et al., 2021), a sentence-level dataset for bias de- 244

tection in news articles. BABE contains expert- 245

annotated sentences from news sources, labeled as 246

biased or non-biased, making it suitable for ana- 247

lyzing how models interpret linguistic signals in 248

journalistic contexts. 249

Models: We analyze two pre-trained state-of- 250

the-art bias detection models: (1) bias-detector1 251

(Ghosh et al., 2025), a model specifically de- 252

signed for detecting bias in news text, and 253

(2) DA-RoBERTa-BABE-FT2, a domain-adaptive 254

RoBERTa model (Liu et al., 2019) fine-tuned on 255

the BABE dataset (Krieger et al., 2022). Both mod- 256

els are transformer-based architectures (Vaswani 257

et al., 2017; Devlin et al., 2019) that classify sen- 258

tences as biased or non-biased. We use the test split 259

of BABE for evaluation, ensuring that our analysis 260

reflects model behavior on held-out data. 261

Preprocessing: For each model, we use the cor- 262

responding tokenizer from the HuggingFace Trans- 263

formers library. Input sequences are tokenized with 264

a maximum length of 256 tokens, following stan- 265

dard practices for sentence classification tasks. La- 266

1https://huggingface.co/himel7/bias-detector
2https://huggingface.co/mediabiasgroup/

DA-RoBERTa-BABE-FT
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bels are normalized to binary format (0 for non-267

biased, 1 for biased) to ensure consistent analysis268

across models.269

3.2 SHAP-Based Interpretability Framework270

We employ SHAP (SHapley Additive exPlanations)271

(Lundberg and Lee, 2017) to explain model predic-272

tions. SHAP is based on Shapley values from co-273

operative game theory (Shapley, 1953), which pro-274

vide a theoretically grounded method for attributing275

prediction contributions to individual features.276

Theoretical Foundation: Shapley values dis-277

tribute the total prediction value among features278

according to their marginal contributions across all279

possible feature coalitions. For a model prediction280

f(x) on input x with features F , the Shapley value281

ϕi for feature i is:282

ϕi =
∑

S⊆F\{i}

|S|!(|F | − |S| − 1)!

|F |!
[f(S∪{i})−f(S)]

(1)283

where S represents a subset of features, and f(S)284

denotes the model output when only features in285

S are present. This formulation ensures that at-286

tributions satisfy desirable properties: efficiency287

(attributions sum to the prediction difference from288

baseline), symmetry (symmetric features receive289

equal attributions), dummy (features with no effect290

receive zero attribution), and additivity (attributions291

are additive across model outputs).292

SHAP Implementation: We use the SHAP li-293

brary’s TextExplainer with a Text masker, which294

handles tokenization and masking for transformer295

models. For each input sentence, SHAP generates296

token-level attributions by computing Shapley val-297

ues for each token’s contribution to the model’s pre-298

diction. The explainer uses a background dataset (a299

subset of the test set) to establish baseline expecta-300

tions, and computes attributions by marginalizing301

over token presence/absence.302

Prediction Function: For each model, we con-303

struct a prediction function that takes a list of text304

inputs and returns class probabilities. The function305

tokenizes inputs, passes them through the model,306

and applies softmax to obtain probability distri-307

butions over classes. SHAP then explains these308

probability outputs, providing attributions for the309

positive (biased) class probability, which we use as310

our primary analysis target.311

3.3 Word-Level Attribution Aggregation 312

Transformer-based models operate on subword 313

units, while bias analysis is more interpretable at 314

the word level. To bridge this gap, we aggregate 315

token-level SHAP attributions into word-level ex- 316

planations using a structured aggregation pipeline, 317

illustrated in Figure 2. 318

Figure 2: Word-level SHAP aggregation pipeline.
Token-level SHAP values produced by a transformer
model are grouped into words based on tokenizer bound-
aries and text alignment, then aggregated to produce
interpretable word-level attributions.

Given an input sentence, we first compute token- 319

level SHAP values using the model-specific tok- 320

enizer and SHAP TextExplainer. Subword tokens 321

are then grouped into words based on tokenizer 322

boundary markers and original text alignment. For 323

each word, we aggregate the SHAP values of all 324

constituent tokens by summation, preserving the 325

additive property of Shapley values. This produces 326

a single attribution score per word, reflecting its 327

overall contribution to the model’s predicted proba- 328

bility of the biased class. 329

To ensure linguistic consistency, we apply nor- 330

malization steps that correct tokenization artifacts 331

and align word boundaries with the original text. 332

These steps prevent spurious attributions arising 333

from subword fragmentation or punctuation han- 334

dling. The resulting word-level attributions enable 335

consistent comparison across instances and mod- 336

els while retaining faithfulness to the underlying 337

token-level explanations. 338

3.4 Stratified Sampling Strategy 339

To ensure comprehensive analysis across different 340

prediction types, we employ stratified sampling 341

to select instances for SHAP analysis. For each 342

model, we first evaluate all test instances to ob- 343

tain predictions and ground truth labels. We then 344

categorize instances into: (1) True Positives (TP): 345

correctly predicted as biased, (2) False Positives 346

(FP): incorrectly predicted as biased, (3) True Neg- 347

atives (TN): correctly predicted as non-biased, and 348

(4) False Negatives (FN): incorrectly predicted as 349

non-biased. 350

Sampling Procedure: We sample up to 100 351

instances from each category (TP, FP, TN) to en- 352
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sure balanced representation. For the bias-detector353

model, we analyze 237 instances total (100 TP, 37354

FP, 100 TN), while for DA-RoBERTa-BABE-FT,355

we analyze 212 instances (100 TP, 12 FP, 100 TN).356

The sampling is performed with a fixed random357

seed to ensure reproducibility. This stratified ap-358

proach helps us to compare SHAP patterns across359

prediction categories and identify systematic differ-360

ences between correct and incorrect predictions.361

3.5 Analysis Framework362

Per-Instance Analysis: For each sampled instance,363

we compute word-level SHAP attributions and364

store: (1) the original text, (2) ground truth label,365

(3) predicted label, (4) predicted probability for366

the biased class, (5) token-level SHAP values, and367

(6) aggregated word-level attributions with word368

frequencies.369

Global Word Importance: We aggregate word-370

level attributions across all instances to compute371

global word importance metrics. For each unique372

word, we compute: (1) mean absolute SHAP373

value across all occurrences, (2) total occurrence374

count, and (3) mean signed SHAP value (indicat-375

ing whether the word generally increases or de-376

creases bias probability). This global analysis re-377

veals which words are most influential across the378

dataset and how they contribute to model predic-379

tions.380

Category-Specific Analysis: We analyze SHAP381

patterns separately for TP, FP, and TN instances382

to understand how model interpretations differ be-383

tween correct and incorrect predictions. For each384

category, we compute: (1) mean absolute SHAP385

value per instance (indicating overall attribution386

magnitude), (2) top words by mean absolute SHAP387

value, (3) distribution of positive vs. negative388

SHAP values, and (4) word frequency patterns.389

This category-specific analysis enables identifica-390

tion of patterns that distinguish correct predictions391

from errors.392

Comparative Analysis: We compare SHAP pat-393

terns between the two models to understand how394

architectural differences affect interpretability. We395

examine: (1) differences in top bias indicators, (2)396

variations in false positive patterns, (3) differences397

in SHAP magnitude distributions across prediction398

categories, and (4) model-specific word interpreta-399

tion patterns.400

3.6 Statistical Significance Testing 401

To assess whether observed differences between 402

models are statistically significant, we employ Mc- 403

Nemar’s test (Dietterich, 1998). McNemar’s test 404

is appropriate for comparing two classifiers on the 405

same test set, as it accounts for the paired nature 406

of predictions (both models make predictions on 407

identical instances). 408

McNemar’s Test: We construct a 2×2 contin- 409

gency table where: (a) both models are correct, 410

(b) Model 1 is wrong and Model 2 is correct, (c) 411

Model 1 is correct and Model 2 is wrong, and (d) 412

both models are wrong. The test statistic is com- 413

puted as: 414

χ2 =
(|b− c| − 1)2

b+ c
(2) 415

with 1 degree of freedom, where b and c represent 416

the off-diagonal counts. We apply continuity cor- 417

rection for small sample sizes. The null hypothesis 418

is that the two models have the same error rate (i.e., 419

b = c). A significant result indicates that the mod- 420

els differ in their prediction patterns, which may 421

reflect differences in how they interpret linguistic 422

signals. 423

3.7 Evaluation Metrics 424

We report standard classification metrics: accuracy, 425

precision, recall, and F1 score (both binary and 426

macro-averaged). Additionally, we analyze SHAP- 427

specific metrics: (1) mean absolute SHAP value 428

per instance category (TP, FP, TN), (2) distribution 429

of SHAP values across words, and (3) word-level 430

attribution patterns. These metrics provide both 431

performance and interpretability perspectives on 432

model behavior. 433

4 Evaluation Results 434

4.1 Overall Model Performance 435

Table 1 summarizes the performance metrics for 436

both models. While bias-detector achieved higher 437

accuracy and F1, DA-RoBERTa-BABE-FT showed 438

better precision. The significant difference in false 439

positive rates (15.6% vs. 5.7%) suggests that ar- 440

chitectural differences and training approaches sub- 441

stantially affect precision in bias detection tasks. 442

4.2 SHAP Magnitude Patterns 443

Word-level SHAP attribution magnitudes reveal 444

differences in how models interpret linguistic sig- 445

nals. Fig. 3 presents mean absolute SHAP values 446

by prediction category for both models. 447
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Table 1: Model Performance on BABE Test Set

Metric bias-detector da-roberta-babe-ft

Accuracy 0.8520 0.8230
Precision 0.9237 0.9704
Recall 0.8014 0.7048
Binary F1 0.8582 0.8166
Macro F1 0.8517 0.8228
Weighted F1 0.8525 0.8221

Figure 3: SHAP Magnitude Distributions: False posi-
tives in bias-detector exhibit higher attribution magni-
tude than true positives, while DA-RoBERTa-BABE-FT
shows the opposite, indicating better alignment between
explanations and predictions.

This pattern of bias-detector indicates that incor-448

rect predictions (false positives) exhibit stronger449

individual word signals than correct predictions,450

suggesting a reversal in attribution strength be-451

tween false and true positives where the model452

relies on strong but misleading linguistic cues.453

However, DA-RoBERTa-BABE-FT model exhib-454

ited the opposite pattern where correct predic-455

tions show stronger signals than errors suggesting456

that its SHAP attributions better align with actual457

model decision-making. DA-RoBERTa-BABE-FT458

showed lower confidence on false positives, indi-459

cating less overconfidence on incorrect predictions.460

This suggests DA-RoBERTa-BABE-FT is less over-461

confident on incorrect predictions.462

4.3 Global Bias Indicators463

We aggregated word-level SHAP attributions464

across all instances to identify global bias indica-465

tors. Fig. 4 presents the top 10 words with highest466

mean absolute SHAP values for each model.467

For bias-detector, Top indicators include468

emotional and evaluative language: "boasted",469

"bloated", "dubious", "antisemitic", and "skeptics".470

Many top words are negative descriptors ("bloated",471

"dubious") or explicit bias terms ("antisemitic"),472

Figure 4: Top Bias Indicators for the bias-detector
model.

suggesting the model relies heavily on loaded lan- 473

guage and explicit bias markers. While for DA- 474

RoBERTa-BABE-FT, top indicators emphasize dis- 475

missive and moral language: "heartlessness", "flip- 476

pantly", "lashed", "antisemitic", and "dubious". 477

This model shows a stronger focus on dismissive 478

language patterns ("flippantly", "heartlessness") 479

and emotional descriptors compared to the orig- 480

inal model. Some overlap exists ("dubious", "anti- 481

semitic", "lashed"), suggesting consensus on cer- 482

tain linguistic bias markers. 483

4.4 Word-Level Patterns 484

Figure 5: Word category composition of the top 100
SHAP-attributed features for each model.

Figure 5 presents the lexical category composi- 485

tion of the top 100 most influential SHAP features 486

for both models. For both the bias-detector and DA- 487

RoBERTa-BABE-FT, evaluative and emotionally 488

charged language dominates the highest-attribution 489

features, reflecting the fact that bias across political, 490

social, and cultural domains is often linguistically 491

realized through subjective or judgment-laden ex- 492

pressions. At this aggregate level, the two models 493

appear superficially similar in terms of the lexical 494

categories they attend to. 495

However, this similarity conceals important dif- 496

ferences in how such features are operationalized 497

during prediction. As shown by earlier attribu- 498
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tion magnitude analyses, the bias-detector tends499

to treat evaluative language as sufficient evidence500

for bias, often producing high-confidence predic-501

tions even in neutral reporting contexts. In contrast,502

DA-RoBERTa-BABE-FT assigns relatively greater503

importance to framing and reporting verbs, suggest-504

ing that evaluative expressions are more frequently505

interpreted in relation to attribution, quotation, or506

narrative context rather than as standalone bias in-507

dicators.508

Figure 6: Word category composition of the top 100
SHAP-attributed tokens for true positive and false posi-
tive predictions, separated by model.

Figure 6 further disambiguates these behaviors509

by conditioning the analysis on prediction correct-510

ness. For the bias-detector, the category distribu-511

tion remains nearly unchanged between true posi-512

tives and false positives, with evaluative language513

dominating both. This invariance indicates that the514

model relies on similar lexical cues regardless of515

whether its prediction is correct, explaining its ten-516

dency toward systematic false positives driven by517

emotional tone rather than contextual bias.518

By contrast, DA-RoBERTa-BABE-FT exhibits a519

pronounced shift between correct and incorrect pre-520

dictions. While true positives are primarily driven521

by evaluative language, false positives show sub-522

stantially increased reliance on function and tem-523

poral words, alongside weaker evaluative signals.524

This pattern suggests that DA-RoBERTa-BABE-525

FT’s errors arise in structurally or discourse-level526

ambiguous cases where explicit semantic bias cues527

are limited, rather than from indiscriminate over-528

generalization of emotional language. Taken to-529

gether, these findings indicate that although both530

models attend to similar lexical categories, they531

differ fundamentally in how those features are inte-532

grated into bias judgments.533

4.5 Statistical Significance Testing 534

We applied McNemar’s test to assess whether the 535

observed difference in error patterns between the 536

two models is statistically significant. On the test 537

set, we constructed a 2×2 contingency table com- 538

paring correct and incorrect predictions for both 539

models. McNemar’s test yielded χ2 = 5.723 with 540

p = 0.0167, indicating a statistically significant 541

difference in model errors. This result suggests 542

that the difference in false positive rates (15.6% 543

vs. 5.7%) is unlikely to be due to chance, support- 544

ing the conclusion that DA-RoBERTa-BABE-FT 545

achieves higher precision, while the bias-detector 546

attains higher overall F1 score. 547

5 Conclusion 548

In this work, we conducted a comparative inter- 549

pretability analysis of two transformer-based bias 550

detection models for news text using SHAP-based 551

explanations. While both models achieve compet- 552

itive classification performance, the bias-detector 553

assigns stronger internal evidence to false positive 554

predictions than to correct detections, indicating 555

a misalignment between attribution strength and 556

prediction correctness. Such behavior leads to sys- 557

tematic over-flagging of neutral journalistic con- 558

tent, raising concerns for deployment in real-world 559

editorial settings. 560

By contrast, DA-RoBERTa-BABE-FT produces 561

significantly fewer false positives and exhibits attri- 562

bution patterns that align more closely with predic- 563

tion outcomes, with stronger evidence supporting 564

correct detections and weaker, more distributed 565

signals associated with errors. Although both 566

models rely heavily on evaluative language, they 567

operationalize bias differently: the bias-detector 568

emphasizes explicit negatively valenced descrip- 569

tors, whereas DA-RoBERTa-BABE-FT more con- 570

sistently contextualizes evaluative expressions 571

through framing and attribution patterns. 572

Overall, our results highlight the importance of 573

interpretability-aware evaluation when developing 574

and deploying bias detection models for journal- 575

istic applications. Beyond raw accuracy, under- 576

standing how and why models make decisions is 577

essential for ensuring responsible use, minimiz- 578

ing false positives, and maintaining trust in auto- 579

mated media analysis tools. Future work should 580

explore context-sensitive modeling approaches and 581

calibration-aware training strategies to further im- 582

prove the robustness of bias detection systems. 583
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6 Limitations584

This study has several limitations that should be585

considered when interpreting the results. First, our586

analysis focuses on two transformer-based models587

evaluated on a single dataset (BABE). While BABE588

is an expert-annotated benchmark for sentence-589

level news bias detection, it reflects specific anno-590

tation guidelines and normative assumptions about591

bias. Consequently, the observed attribution pat-592

terns and failure modes may not fully generalize to593

other datasets, domains, or cultural definitions of594

bias.595

Second, our interpretability analysis relies on596

SHAP as a post-hoc explanation method. Although597

SHAP provides theoretically grounded, additive598

attributions, it approximates feature contributions599

under independence assumptions that may not fully600

capture complex interactions in transformer archi-601

tectures. As a result, word-level attributions should602

be interpreted as explanatory signals rather than603

definitive causal explanations of model behavior.604

Finally, while we compare attribution patterns605

across correct and incorrect predictions, we do not606

evaluate alternative explanation methods or for-607

mally assess explanation faithfulness beyond con-608

sistency with model behavior. Future work could609

extend this analysis by incorporating multiple in-610

terpretability techniques, calibration metrics, or hu-611

man evaluation of explanations to further validate612

reliability and usability.613

7 Ethical Considerations614

This work analyzes bias detection models and their615

explanations, but does not propose automated sys-616

tems as substitutes for human judgment. Bias in617

journalism is inherently contextual and normatively618

defined, and model predictions along with their ex-619

planations may reflect annotation guidelines, cul-620

tural assumptions, or training data biases present621

in the BABE dataset. As such, outputs from these622

models should not be treated as objective or author-623

itative assessments of bias.624

Our analysis highlights the risk of false posi-625

tives, which may incorrectly label neutral reporting626

as biased and potentially undermine journalistic627

credibility if deployed without oversight. We there-628

fore emphasize that bias detection models should629

be used as assistive tools within human-in-the-loop630

workflows, where explanations can support critical631

inspection rather than automated decision-making.632

Finally, while interpretability techniques such633

as SHAP improve transparency, they do not guar- 634

antee correctness or fairness. Explanations should 635

be understood as diagnostic aids for model behav- 636

ior, not as justifications for deploying models in 637

high-stakes or adversarial settings without careful 638

evaluation and governance. 639
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to indicate tokens that begin new words. We de-795

tect these markers and group consecutive subword796

tokens that belong to the same word. For tokens797

without explicit markers, we use whitespace infor-798

mation from the original text to determine word799

boundaries.800

Word Boundary Detection: To handle cases801

where tokens may be incorrectly merged (e.g.,802

"tuesdayquoting" or "nationalismfueled"), we im-803

plement heuristic word boundary detection. We804

split tokens when: (1) a lowercase letter is followed805

by an uppercase letter (e.g., "tuesdayQuoting" →806

["tuesday", "Quoting"]), (2) common word end-807

ings (e.g., "day", "ing", "ed", "ly") are followed by808

lowercase letters that could start new words, or (3)809

punctuation or hyphens indicate word separation.810

Attribution Aggregation: For each word, we811

sum the SHAP values of all tokens that comprise812

that word. If a word is split across multiple to-813

kens, the word-level attribution is the sum of all814

constituent token attributions. This aggregation pre-815

serves the additive property of SHAP values while816

providing interpretable word-level explanations.817

Normalization: We apply normalization to han-818

dle tokenization artifacts. Merged words (e.g.,819

"dmnboasted" → "boasted") are split, and punc-820

tuation artifacts are stripped from word boundaries.821

This ensures that our word-level analysis reflects822

actual linguistic patterns rather than tokenization823

idiosyncrasies.824

B Appendix: Token-Level SHAP825

Examples826

B.0.1 True Positives827

Refer to Fig. 7 below.

Figure 7: Examples of Biased Terms detected by both
the models for the True Positives.

828

B.0.2 False Positives 829

Bias-Detector: False positives exhibit the high- 830

est SHAP magnitude (0.0354) despite being in- 831

correct predictions. Top words include: "illegal" 832

(0.1400, positive), "said" (0.1304, negative), "tues- 833

day" (0.1128, negative), and "could" (0.1094, nega- 834

tive). Crucially, "illegal" appears in both true pos- 835

itives (0.3489) and false positives (0.1400), indi- 836

cating context-dependent interpretation where the 837

same word can signal bias or not depending on sur- 838

rounding context. Many top false positive words 839

have negative SHAP values (indicating they should 840

decrease bias probability), yet the model predicts 841

bias with high confidence (0.796). This suggests 842

non-linear interactions or missing contextual fea- 843

tures that word-level SHAP cannot capture. Func- 844

tion and temporal words dominate false positives, 845

with intensifiers ("highly": 0.0624, "very": 0.0599) 846

showing positive signals, indicating the model may 847

conflate emotional intensity with bias. 848

DA-RoBERTa-BABE-FT: False positives show 849

lower SHAP magnitude (0.0215) and lower con- 850

fidence (0.673), indicating more reasonable error 851

patterns. Top words include: "claims" (0.2061, 852

positive), function words ("the", "and", "of"), and 853

"abortion" (0.0186). Notably, "claims" appears 854

in both true positives (as "claimed", "claiming", 855

"claim") and false positives, suggesting the same 856

framing language triggers correct and incorrect 857

predictions depending on context. This context- 858

sensitivity is a limitation of both models, though 859

DA-RoBERTa-BABE-FT shows fewer instances. 860

B.0.3 True Negatives 861

Refer to Fig. 8 below.

Figure 8: Examples of Biased Terms detected by both
the models for the True Negatives.

862
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