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Abstract

Automatic radiology report generation (RRG)001
has emerged as a promising approach to re-002
duce clinicians’ workload, yet existing systems003
are vulnerable to biases induced by spurious004
correlations across data, models, and evalua-005
tion pipelines. Such biases raise serious fair-006
ness concerns and may adversely affect patient007
care, making their mitigation critical in clin-008
ical settings. Leveraging causal inference to009
identify true cause-effect relationships can mit-010
igate many biases and yield fair, reliable sys-011
tems with clinically meaningful outputs. Exist-012
ing surveys on RRG primarily emphasize deep013
learning approaches while overlooking the crit-014
ical role of causality. This survey addresses this015
gap by analyzing bias across the RRG pipeline,016
formalizing RRG as a causal modeling prob-017
lem, and reviewing representative causal tech-018
niques from the literature. Based on the level019
of intervention, we organize existing mitiga-020
tion strategies into a three-tier taxonomy. We021
further examine commonly used public med-022
ical imaging datasets and evaluation metrics023
through a causal lens, revealing their biases024
and limitations in capturing causal alignment025
and clinical fidelity. To address these limita-026
tions, we advocate broader demographic cov-027
erage and causal-aware evaluation metrics to028
improve fairness and reliability, and identify029
important directions for future work.030

1 Introduction031

Recent advances in deep learning and natural lan-032

guage generation (NLG) enable the automatic trans-033

lation of medical images into diagnostic text, a task034

known as Automated Radiology Report Generation035

(RRG)1 (Artsi et al., 2025). Machine-generated036

reports, reviewed by radiologists, can accelerate037

clinical workflows (Liu et al., 2023) amid a global038

shortage of radiologists (Afshari Mirak et al., 2025;039

1In this work, RRG denotes automated radiology report
generation.

Do et al., 2023; Rimmer, 2017; Arora, 2014). Cur- 040

rent RRG methods use deep learning to encode 041

images and large language models (LLMs) to gen- 042

erate text (Wang et al., 2023). Some approaches fur- 043

ther integrate knowledge graphs to improve RRG 044

performance (Kale et al., 2022, 2023a,b; Liu et al., 045

2021). However, performance gaps remain, and 046

owing to the sensitivity of this field, errors can be 047

critical, making fairness and reliability important. 048

Despite technological progress, these systems are 049

vulnerable to biases stemming from data imbal- 050

ances, cognitive biases in human annotations, and 051

limitations of large language models (LLMs). Such 052

biases can lead to incorrect depiction of health con- 053

dition in radiology reports thus propagating and 054

amplifying health disparities (e.g., medical devices 055

(e.g., tubes, lines), underrepresented demographic 056

groups, reduced diagnostic accuracy for women), 057

undermining trust and clinical utility. Therefore, 058

mitigating these biases is essential for recovering 059

correct cause-effect relationships in diagnostic re- 060

ports, motivating the use of causal inference. Fur- 061

ther discussion of causal challenges in the medical 062

domain is provided in Appendices J and C. 063

Causal inference reveals underlying mecha- 064

nisms, distinguishing genuine cause–effect rela- 065

tionships from mere correlations in observational 066

data (Pearl, 1995). In this survey, we examine RRG 067

from the perspective of causal inference, a direction 068

that is increasingly essential for producing reliable 069

diagnostic reports. A systematic analysis of prior 070

RRG surveys reveals a critical research gap in the 071

integration of causal inference (refer to Appendix 072

B), necessitating this work bridging causal reason- 073

ing and automated radiology report generation. Our 074

contributions are: 075

1. A systematic review of the RRG pipeline, 076

identifying and cataloging potential sources of 077

bias that contribute to report inaccuracy. This 078

analysis forms a critical foundation for under- 079
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Figure 1: RRG Pipeline with bias induced in each step.

standing RRG bias and guides the design of080

future mitigation efforts (Refer §2).081

2. Modeling RRG as a causal inference problem082

to mitigate systemic biases, using structural083

causal models (SCMs) to identify confound-084

ing variables and review the application of085

counterfactual augmentation and causal de-086

biasing. This will help researchers in RRG087

to apply causal frameworks helping in report088

accuracy (Refer §3).089

3. A clear categorization of mitigation ap-090

proaches into a three-tiered taxonomy: data-091

level, model-level, and evaluation-level inter-092

ventions. This systematic categorization of-093

fers researchers and practitioners a systematic094

methodology for selecting and applying op-095

timal interventions to improve RRG fairness096

and accuracy (Refer §4).097

4. Examining biases in public medical imag-098

ing datasets and evaluation metrics through099

a causal lens, identifying that these metrics100

fail to capture causal alignment and clinical101

fidelity. We argue that broader demographic102

coverage in datasets (e.g., age and diversity)103

and causal-aware metrics can help in making104

RRG more fair and reliable (Refer §5).105

Figure 3 in Appendix A presents taxonomy used106

in this survey. It also conveys the outline of this107

paper.108

2 Origin of Bias in RRG109

Figure 1 illustrates the complete RRG pipeline with110

the bias induced at each stage with the solution as111

causal inference techniques. Bias in RRG origi-112

nates from various factors but can be broadly classi-113

fied according to its pipeline into 3 factors: humans,114

medical imaging and LLMs. These cumulative bi-115

ases risk perpetuating disparities in diagnosis and116

treatment recommendations, particularly affecting117

marginalized populations (Tejani et al., 2024).118

2.1 Bias in Radiology Practice and Reporting 119

The models are trained on data annotated by radi- 120

ologists who, like all humans, are susceptible to 121

cognitive biases that may influence their interpre- 122

tation and reporting of imaging studies. The key 123

cognitive biases include the following. 124

i Alliterative Bias: Radiologists rely heavily on 125

previous reports when interpreting follow-up 126

studies, which could perpetuate previous errors 127

or assumptions. This bias can lead to diagnos- 128

tic inertia, where new findings are overlooked 129

(Busby et al., 2018; Zhang et al., 2023). The 130

study by (Murphy et al., 2024) has shown that 131

it accounts for about 6% of diagnostic errors in 132

radiology. 133

ii Framing Bias: Radiologists’ diagnostic con- 134

clusions can be influenced by how clinical infor- 135

mation is presented. Limited or misleading clin- 136

ical histories (for example, brief or incomplete 137

indications) can skew interpretation, sometimes 138

causing errors if the whole context is unknown 139

(Busby et al., 2018; Lee et al., 2013). 140

iii Availability Bias: Diagnoses that are more eas- 141

ily recalled or recently encountered tend to be 142

overestimated, e.g., a radiologist who recently 143

missed lung cancer may overcall nodules, caus- 144

ing false positives (Busby et al., 2018; Itri and 145

Patel, 2018). 146

iv Anchoring bias: The undue influence of an 147

initial diagnostic impression on subsequent 148

decision-making despite new contradictory in- 149

formation, is typically viewed as a source of di- 150

agnostic error in radiology (Itri and Patel, 2018; 151

Yoon et al., 2024). 152

v Hindsight bias: The tendency to overestimate 153

the predictability of an event after knowing the 154

outcome can affect learning from errors and di- 155

agnostic decision making (Itri and Patel, 2018; 156

Onder et al., 2021). 157
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vi Blind Spot bias: Radiologists may be aware158

of common errors but general or misinterpret159

findings due to increased vigilance, which can160

also lead to errors (Yoon et al., 2024; Onder161

et al., 2021).162

vii Scout Neglect bias: Important findings in pre-163

liminary or scout images may be overlooked164

because it is not expected to show meaningful165

pathology (Yoon et al., 2024).166

2.2 Bias in Medical Imaging167

RRG systems depend heavily on large datasets of168

medical images paired with corresponding radiol-169

ogy reports. Models inherit biases in medical imag-170

ing datasets, primarily demographic imbalances171

(e.g., racial or ethnic under-representation), reduc-172

ing accuracy for minority groups (Koçak et al.,173

2025; Ricci Lara et al., 2022). We describe these174

biases as follows:175

i Sampling bias: Sampling bias occurs when the176

dataset does not adequately represent the diver-177

sity of the patient population or disease spec-178

trum. This phenomenon was explicitly noted179

in large vision–language models for chest X-180

rays: (Yang et al., 2025) found state-of-the-art181

models tended to underdiagnose pathologies182

in marginalized subgroups (e.g., black patients183

and especially black females) compared to ra-184

diologists. In that case, the AI model trained185

on this data may perform well on similar popu-186

lations but poorly on underrepresented groups187

(Busby et al., 2018). For example, disparities188

have been observed in AI for detecting diabetic189

retinopathy (73% accuracy on light-skinned vs190

60.5% on dark-skinned subjects) and for chest191

X-ray interpretation (higher rates of false neg-192

atives in underserved populations) (Ricci Lara193

et al., 2022).194

ii Annotation bias: Annotation bias arises from195

variability and errors in how radiologists label196

images or write reports. Radiologists’ subjec-197

tive interpretations, experience levels, and cog-198

nitive biases can introduce systematic errors199

during annotation. For instance, radiologists200

may focus more on malignant lesions while201

under-annotating benign findings. This leads202

to skewed training data that causes AI models203

to detect specific pathologies over others pref-204

erentially (Catala et al., 2021; Yi et al., 2025a;205

Banerjee et al., 2023; Multusch et al., 2025).206

iii Propagation bias: Propagation bias arises 207

from data quality issues such as missing meta- 208

data, inconsistent report formats, transcription 209

errors, and variations in imaging protocols 210

across institutions. These issues introduce in- 211

consistencies propagating through the AI train- 212

ing pipeline and may be amplified in the final 213

model (Tripathi et al., 2023; Catala et al., 2021). 214

For example, variability in imaging equipment 215

or protocols across hospitals can result in insti- 216

tutional bias. 217

iv Acquisition bias: Images collected from differ- 218

ent hospitals or devices may have systematic 219

differences (e.g., scanner type, imaging proto- 220

col, resolution), resulting in acquisition bias 221

(or domain shift). A model trained on high- 222

quality research images might fail on routine 223

clinical scans. For example, a model trained on 224

3T MRI scans may not generalize to the lower- 225

resolution 1.5T scans commonly used in prac- 226

tice (Castro et al., 2020; Banerjee et al., 2023). 227

Differences in scanner hardware or imaging pa- 228

rameters are well-known to cause distribution 229

shifts in medical imaging. Addressing such 230

bias is a significant challenge: performance 231

can drop when applied to new clinical settings 232

unless the model is explicitly trained to be in- 233

variant to acquisition factors. 234

2.3 Bias due to Large Language Models 235

Despite their strong report-generation capabilities, 236

LLMs introduce several sources of bias in RRG, as 237

discussed below. 238

i Hallucinations: LLMs sometimes generate 239

plausible-sounding but factually incorrect state- 240

ments called hallucinations (Huang et al., 2025; 241

Tonmoy et al., 2024; Bang et al., 2023; Guer- 242

reiro et al., 2023). LLMs are known to halluci- 243

nate in RRG (Das et al., 2025; Nakaura et al., 244

2024b; Rahsepar et al., 2023). In the context of 245

RRG, hallucination means describing a condi- 246

tion not present in the image, i.e., may gener- 247

ate fndings with content that cannot be directly 248

linked to the input information, a serious danger 249

in clinical use. In a recent review of LLMs for 250

radiology reporting, all evaluated models (e.g., 251

GPT-3.5, GPT-4 (Achiam et al., 2023), and fine- 252

tuned variants) were found to hallucinate, with 253

GPT-4 producing notably more false findings 254

than a specialized vision-language model (Artsi 255

et al., 2025; Tanno et al., 2025). 256
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ii Dataset imbalances and spurious correla-257

tions: LLMs may learn spurious correlations258

between clinical findings and patient demo-259

graphics or co-occurring diseases that do not260

reflect true causal relationships (Tanno et al.,261

2025). For example, (Voinea et al., 2024)262

found that fine-tuned Llama 3 on chest X-rays263

and noted that the model’s conclusions lacked264

clinical judgment and exhibited biases due to265

dataset limitations.266

iii Sociodemographic bias: LLMs also inherit267

biases from their training data (Yu et al., 2023).268

Pretrained on broad text corpora, they encode269

societal stereotypes and historical inequities270

(Shejole and Bhattacharyya, 2025; Shimabu-271

coro et al., 2024; Nadeem et al., 2021; Nangia272

et al., 2020). In medical settings, these biases273

can manifest in subtle but harmful ways (Adiba274

et al., 2025; Omar et al., 2025). For instance,275

(Omiye et al., 2023) finds that GPT-4 could276

recapitulate debunked race-based medical mis-277

conceptions when answering questions. Simi-278

larly, (Yang et al., 2024) showed that GPT-3.5279

and GPT-4 project higher costs and more ex-280

tended hospitalizations for White populations281

and hold optimistic outcome views in harsh282

scenarios, reflecting real-world disparities. Al-283

though not specific to RRG, these studies show284

that LLM outputs can vary harmfully by patient285

demographics.286

3 Causal Inference Perspective on RRG287

Causal inference provides tools to analyze these288

biases by explicitly modeling cause–and–effect re-289

lationships. The necessary background on causal290

inference is detailed in Appendix J.291

3.1 Causal Modeling of RRG292

The generation of radiology reports can be viewed293

through causal modeling by constructing structural294

causal models (SCMs) that represent the relation-295

ships between imaging features, clinical variables,296

and textual descriptions. Many existing models in-297

advertently learn spurious correlations, such as as-298

sociating standard anatomical features or frequent299

disease co-occurrences with specific report phrases,300

rather than the true causal factors. The research301

carried out by (Song et al., 2023; Jantscher et al.,302

2025; Vigneshwaran et al., 2024) explicitly model303

disease co-occurrences as confounders. They have304

observed that certain diseases often co-occur in305

the biased training data. Without accounting for 306

this, an RRG model may learn spurious associa- 307

tions, always mentioning disease B whenever dis- 308

ease A is present, even if B is absent in the image. 309

Bayesian networks and SCMs have actively used 310

to discover causal associations between imaging 311

findings and diseases from large-scale radiology 312

report corpora (Ma et al., 2023; Pyrros et al., 2007; 313

Do et al., 2017), achieving high precision in iden- 314

tifying true causal pairs. Moreover, causal model- 315

ing helps address dataset shift and annotation bias, 316

such as when prior imaging or clinical history influ- 317

ences report content, by representing these factors 318

as causal nodes and adjusting for their effects. Both 319

approaches in-tandem improves the generalizabil- 320

ity and clinical validity of generated reports. 321

RRG can be framed as a causal process involv- 322

ing multiple variables such as the medical image 323

X , clinical context C, radiologist’s interpretation 324

I , and the final report text R. This process can be 325

modeled using an SCM defined as a tuple M = 326

⟨U, V, F ⟩, where U is a set of exogenous variables 327

(unobserved noise), V = {X,C, I,R} is a set of 328

endogenous variables, and F = {fX , fC , fI , fR} 329

denotes the set of causal mechanisms, where X = 330

fX(UX), C = fC(UC), I = fI(X,C,UI), and 331

R = fR(I, UR), where fI captures how the image 332

features and the clinical context influence the radi- 333

ologist’s interpretation, while fR models how the 334

interpretation generates the textual report. Biases 335

emerge when confounders Z (e.g., patient demo- 336

graphics or annotation policies) influence both X 337

and R, creating spurious associations and can be 338

written as X = fX(UX , Z), R = fR(I, Z, UR) To 339

assess the causal effect of X on R, the do-operator 340

is used, defining the interventional distribution as 341

P (R | do(X = x)) =
∑

z P (R | X = x, Z = 342

z)P (Z = z). 343

Unknown confounders can jointly influence vi- 344

sual features (e.g., lung texture) and linguistic cues 345

(report words). Conceptually, this mimics a front- 346

door causal adjustment, where latent mediators are 347

added to break the direct spurious path (Chen et al., 348

2023). Training with these modules encourages the 349

model to rely on causal visual information. Con- 350

structing SCMs for RRG means including nodes 351

for image features, diseases, patient attributes, and 352

report tokens. By tracing the causal graph, one 353

can identify sources of bias. The causal perspec- 354

tive forces transparency about assumptions: for 355

instance, if it is assumed that demographic vari- 356

ables do not affect the diagnostic finding except via 357
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disease prevalence, any direct edges from race/age358

to the report (bypassing disease) would indicate359

unfair bias (Castro et al., 2020).360

3.2 Counterfactual Reasoning and361

Augmentation362

Counterfactual reasoning asks how a model’s out-363

put would change under a hypothetical interven-364

tion (Ji et al., 2023; Balashankar et al., 2021).365

Counterfactual methods have been used to gener-366

ate augmented datasets and improve model robust-367

ness against bias (Song et al., 2023; Pitis et al.,368

2022; Uwaeze et al., 2025). In RRG, this ap-369

proach facilitates the generation of counterfactual370

images by selectively altering critical regions (e.g.,371

lung or heart patches) to simulate alternative di-372

agnoses, thereby exposing and mitigating spuri-373

ous correlations learned by models (Song et al.,374

2023). Formally, given an observed instance with375

variables X = x, R = r, the counterfactual out-376

come RX=x′ represents the report that would have377

been generated had the image been x′ instead of378

x. Using the SCM, the counterfactual is computed379

as RX=x′(u) = fR
(
fI(x

′, C(u), UI(u)), UR(u)
)

380

where u denotes a realization of all exogenous vari-381

ables, counterfactual augmentation techniques gen-382

erate synthetic samples by altering critical regions383

in X (e.g., lung patches) to x′, producing new pairs384

(x′, r′) that help models learn invariant causal fea-385

tures. Frameworks like Counterfactual Feature Ex-386

change (CoFE) (Li et al., 2024a) synthesize new387

image-report pairs by swapping lesion patches be-388

tween positive and negative samples, effectively389

creating counterfactual images that differ only in390

the presence or absence of specific pathologies.391

This augmentation helps models learn to focus on392

causal features related to disease presence rather393

than confounding anatomical context. Similarly,394

counterfactual report reconstruction (Magic Cube)395

(Song et al., 2023) techniques generate alternative396

report narratives that exclude certain confounding397

disease mentions, breaking spurious co-occurrence398

patterns that commonly bias models.399

Contrastive learning approaches further lever-400

age counterfactual examples to teach models to401

distinguish between factual and counterfactual im-402

age representations, enhancing their generalization403

ability beyond training biases (Roschewitz et al.,404

2025; Li et al., 2024b; Aloui et al., 2023; Zhang405

et al., 2020; Shvetsov et al., 2024). These counter-406

factual strategies address critical challenges such407

as the “independence of diseases” problem, where408

models mistakenly infer causal relationships be- 409

tween unrelated conditions due to their frequent 410

co-occurrence in the data. By explicitly training 411

models on counterfactual variations, researchers 412

can significantly reduce such biases and improve 413

the clinical reliability of generated reports. 414

In addition to these image-based augmentations, 415

text-level counterfactuals could be used. For exam- 416

ple, one might imagine generating patient records 417

with swapped demographic attributes to measure 418

fairness. While not yet common in RRG, such 419

methods have been used in fairness research (e.g., 420

counterfactual examples where gender or race is 421

changed (Howard et al., 2024; Sahoo et al., 2024; 422

Nadeem et al., 2021; Nangia et al., 2020; Kus- 423

ner et al., 2017; Mehta et al., 2026)) and could 424

be applied to modify image–report pairs. Overall, 425

counterfactual reasoning concretely implemented 426

as data synthesis or perturbation is a key causal 427

tool for RRG bias mitigation. 428

3.3 Causal Debiasing in LLMs 429

Causal ideas have been applied to mitigate 430

language-model biases in NLG tasks (Sun et al., 431

2024; Wu et al., 2024; Zhou et al., 2023). Although 432

most studies focus on social or linguistic biases, 433

similar principles apply to medical text generation. 434

Causal debiasing methods for LLMs aim to reg- 435

ulate these biases by incorporating causal reason- 436

ing into the generation process. Causal prompt- 437

ing (Zhang et al., 2025) is one such front-door 438

adjustment approach. It involves altering the input 439

prompt to steer the LLM away from undesirable 440

biases. It treats the chain-of-thought generated by 441

the LLM as a mediator variable, and then computes 442

the causal effect of the prompt on the answer by 443

marginalizing over the chain-of-thought. Causal 444

debiasing techniques integrate causal interventions 445

such as back-door and front-door adjustments to re- 446

move confounding effects by redesigning prompts 447

(without changing model parameters) to simulate 448

intervening on hidden reasoning. See Appendix J.4 449

for details on front- and back-door adjustments. 450

Another approach is causality-guided selection 451

and filtering. Li et al. (2025a) outlines a frame- 452

work called Prompting Fairness, which first iden- 453

tifies how social information (e.g., terms related 454

to race or gender) flows through an LLM’s reason- 455

ing graph, and then applies selection mechanisms 456

in the prompt to block or weaken biased paths. 457

Beyond prompting, one can use adversarial debias- 458

ing in representation learning for instance, training 459
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Table 1: Summary of Bias in RRG with Mitigation
Ability of Causal Inference Techniques.

Bias Category Bias Mitigable via
Causal Inference

Linguistic Alliterative No

Heuristic
Framing

YesAvailability

Anchoring No

Heuristic
(Domain-specific) Scout Neglect Partially

Cognitive Hindsight Yes

Blind Spot No

Data-related
Sampling Bias Yes

Annotation Bias Partially

Acquisition Bias Yes

Data Imbalance Yes

Systemic Propagation Bias Partially

Model-related LLM Hallucination Partially

Societal Sociodemographic Bias Partially

the LLM (or its adapter) with an adversary trying460

to predict patient attributes from its hidden states,461

thereby encouraging invariant representations.462

In practice, learnable prompts (Moore et al.,463

2024; Lester et al., 2021; Li and Liang, 2021;464

Elazar et al., 2021) encoding factual and counter-465

factual information act as interventions that guide466

LLMs to generate semantically coherent and factu-467

ally accurate reports. The training objective incor-468

porates these causal adjustments (e.g., by minimiz-469

ing a loss function weighted to penalize predictions470

correlated with confounders).471

Table 1 summarizes biases in RRG and the ex-472

tent to which causal inference mitigates them (see473

Appendix D for details). Figure 2 maps bias types474

along severity and mitigation difficulty, revealing475

stratification by clinical risk and tractability (Ap-476

pendix E). Appendix F outlines the causal inference477

pipeline in RRG, showing how factors affect image478

acquisition, representation learning, report genera-479

tion, and evaluation, leading to distinct biases. A480

structured causal view of bias interrelationships is481

provided in Appendix G.482

4 Categorization of Mitigation Strategies483

We broadly categorize various interventions against484

bias in RRG by their application stage as data-485

level, model-level, and evaluation-level interven-486

tion. Each category contains specific techniques,487

often inspired by causal thinking.488

4.1 Data-level intervention489

Data-level intervention focuses on improving the490

quality and representativeness of training data to re-491

duce confounding and selection biases inherent in492

Language Bias

Scout Neglect Bias

Availability Bias

Blind Spot BiasSelection Bias

Anchoring Bias

Alliterative Bias Hindsight Bias

Confounding Bias

Dataset Bias
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RRG Bias Matrix: Severity vs Mitigation Difficulty

Figure 2: RRG Bias Matrix describing Severity vs
Mitigation difficulty

radiology datasets. It invoves adjusting the dataset 493

to equalize representation. For example, if certain 494

patient subgroups or rare pathologies are under- 495

represented, one can oversample those cases or 496

undersample overrepresented ones (Koçak et al., 497

2025). Causal sampling can also create a balanced 498

distribution conditional on key factors, mimick- 499

ing an intervention that breaks confounding. New 500

data can be generated that explicitly decorrelates 501

confounders, which can be done by synthesizing 502

images with or without a particular finding (e.g., 503

using generative models or patch-mixing) to break 504

spurious co-occurrences (Song et al., 2023; Li et al., 505

2024a). Domain knowledge can augment datasets 506

with rare or critical cases; for example, adding 507

diverse COVID-19 or tuberculosis chest X-rays 508

can reduce bias toward common Western diseases 509

(Wynants et al., 2020; Zech et al., 2018; Oakden- 510

Rayner et al., 2020). Data can be re-annotated 511

to reduce label bias. For instance, correcting sys- 512

tematic errors in report labels or using multiple 513

annotators for ambiguous cases can help produce a 514

fairer ground truth (Santomartino et al., 2024). 515

4.2 Model-level intervention 516

Model-level interventions incorporate causal prin- 517

ciples directly into the architecture and training ob- 518

jectives of RRG systems to disentangle true disease 519

signals from confounders. For instance, the Visual- 520

Linguistic Causal Intervention (VLCI) framework 521

(Chen et al., 2023) employs visual and linguistic 522

deconfounding modules that implicitly mitigate 523

cross-modal confounders by applying causal front- 524

door interventions. This approach helps the model 525

focus on medically relevant features rather than 526

superficial correlations such as high-frequency con- 527
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text words or salient but irrelevant visual patterns.528

When using large LLM decoders, one can fine-tune529

or prompt them in a debiasing way. For instance,530

the causal prompting methods (Li et al., 2024a,531

2025a) are model-level since they alter input-output532

processing. Such causal debiasing ensures that lan-533

guage models generate reports grounded in actual534

pathology rather than dataset artifacts, improving535

diagnostic accuracy and trustworthiness.536

4.3 Evaluation-level intervention537

Evaluation-level interventions do not change the538

model but change how we measure or enforce fair-539

ness during testing and deployment. By understand-540

ing the causal pathways that generate observed data,541

evaluation frameworks can better assess whether542

models capture true disease mechanisms and avoid543

misleading correlations (Baradwaj et al., 2024).544

Counterfactual simulations (e.g., changing patient545

age) can reveal biases if model outputs shift without546

explanation. Post-processing and interpretability547

techniques further identify residual biases and help548

clinicians interpret decisions causally (Kibria et al.,549

2025; Jiao et al., 2025; Zamir et al., 2025), ensur-550

ing generated reports are clinically valid. Causal551

inference tools should be applied at evaluation, for552

example by estimating the average causal effect of553

protected attributes on model outputs via counter-554

factual sampling to quantify unintended influence.555

Ultimately, radiologist review remains essential, as556

targeted audits focused on known biases, such as557

sampling underrepresented groups or checking for558

common hallucinations, can reveal failures missed559

by automated metrics. Over time, audit feedback560

can guide retraining or redesign, helping address561

dataset shift, selection bias, and spurious correla-562

tions that limit RRG models.563

5 Analyzing Datasets and Metrics564

5.1 RRG Datasets565

Table 2 summarizes widely used public medical566

imaging benchmarks that exhibit age and geo-567

graphic biases due to non-random data collection,568

limited geographic coverage, and incomplete demo-569

graphic annotation. Most datasets originate from a570

few tertiary-care institutions in high-income coun-571

tries, inducing strong selection effects that skew572

age and disease severity. Age distributions of-573

ten misalign with real-world prevalence, confound-574

ing demographics with disease labels, while race575

and ethnicity metadata are frequently missing or576

Table 2: Summary of age and geographic biases in
commonly used medical imaging datasets.

Organ Datasets Geographic
Bias

Age Bias

Chest

MIMIC-CXR (Johnson
et al., 2019)

United States
(Boston)

Predominantly
elderly ICU
patients

IU-Xray (Demner-
Fushman et al., 2015)

United States
(Indiana Uni-
versity)

Middle-aged
(mean age ≈
49 years)

CheXpert (Irvin et al.,
2019)

United States
(Stanford Uni-
versity)

Middle-aged
adults

PadChest (Bustos et al.,
2020)

Spain Elderly pa-
tients

Spine OAI (Peterfy et al.,
2008), RSNA Spine
(Flanders et al., 2022)

Germany,
United States

Degenerative
cases overrep-
resented

Abdomen

LiTS (Bilic et al., 2023) United States

Middle-aged adultsKiTS (Heller et al.,
2019)

United States
(University
of Minnesota
Medical Cen-
ter)

CHAOS (Kavur et al.,
2021)

China

Brain BraTS (Menze et al.,
2015), CQ500 (Chil-
amkurthy et al., 2018)

India, United
States, China

Adult glioma
cases (age ≥
35 years)

inconsistently reported. From a causal perspec- 577

tive, demographic and geographic biases arise from 578

three mechanisms: confounding (demographics 579

affect both disease prevalence and image appear- 580

ance), mediation (demographics influence health- 581

care processes that alter images), and selection bias 582

(dataset inclusion depends on institutional or clini- 583

cal pathways). Ignoring these mechanisms under- 584

mines model interpretability and clinical reliability. 585

Broader demographic representation (e.g., age and 586

geographic diversity) should be incorporated into 587

datasets to enhance their global applicability. 588

5.2 Evaluation Metrics 589

Evaluation metrics in RRG such as BLEU (Pap- 590

ineni et al., 2002), ROUGE (Lin, 2004), METEOR 591

(Banerjee and Lavie, 2005), and CIDEr (Vedantam 592

et al., 2015) that measure textual overlap but are ag- 593

nostic to causal structure. As a result, these metrics 594

cannot detect or correct biases arising from con- 595

founding, mediation, or selection bias in the data. 596

In contrast, causal-aware evaluation metrics (Table 597

3) align model assessment with clinically mean- 598

ingful variables by corresponding to interventional 599

or counterfactual queries, making bias mitigation 600

identifiable and actionable. Concept-level evalua- 601

tion metrics such as CheXbert F1 (Irvin et al., 2019) 602

and RadGraph F1 (Jain et al., 2021) are highly sen- 603

sitive to spurious correlations in radiology data, for 604

example when patient in Intensive care unit (ICU) 605

is most likely to be associated with medical devices 606
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Table 3: Causal-aware metrics applicable in RRG. F is
findings, X is input, E,R are entity relationships, Y is
outcome, A is variable name, and E(·) is expectation.

Metrics Causal
Variable
Evaluated

Causal Esti-
mand

Bias Type
Detected

CheXpertF1 (Irvin
et al., 2019)

Clinical
findings
(disease
presence)

P (F |do(X)) Confounding,
annotation
bias

RadGraph F1 (Jain
et al., 2021)

Entities &
relations

P (E,R|do(X)) Mediation

Demographic Perfor-
mance Gap (Ober-
meyer et al., 2019)

Group-
conditioned
findings

E[Y |do(D=g)] Demographic
confound-
ing

Calibration Error
(ECE/Brier) (Guo
et al., 2017; Sub-
baswamy and Saria,
2019)

Model
confidence
vs correct-
ness

P (Y |do(X)) Selection
bias,
dataset
shift

Counterfactual Con-
sistency (Pearl et al.,
2016)

Stability
under
irrelevant
changes

YA←a = YA←a′ Shortcut
learning

Invariant Risk /
Stability Score
(Arjovsky et al.,
2019; Gulrajani and
Lopez-Paz, 2021;
Magliacane et al.,
2018)

Performance
across
environ-
ments

Y ⊥ E|do(X) Dataset
shift

Transportability
Error (Castro et al.,
2020; Bareinboim
and Pearl, 2013)

Cross-
dataset
correct-
ness

P (Y |do(X)) Institutional
bias

(e.g., tubes) that are themselves correlated with dis-607

ease labels. As a result, high metric scores may608

reflect shortcuts rather than true clinical reasoning.609

To address this, these metrics can be evaluated con-610

ditional on key confounders such as age, sex, and611

scanner type, and compared under causal interven-612

tions (e.g., do(ICU = outpatient)). In addition, the613

Demographic Performance Gap (DAP) measures614

accuracy differences across demographic groups,615

helping to identify demographic confounding, fair-616

ness violations, and counterfactual unfairness in617

report generation systems.618

Calibration error (e.g., ECE, Brier score) (Guo619

et al., 2017; Subbaswamy and Saria, 2019) as-620

sesses whether predicted confidence matches true621

correctness; under dataset shift, miscalibration in-622

dicates selection bias arising from changes in the623

data-generating process. Counterfactual consis-624

tency (Pearl et al., 2016) tests invariance of gener-625

ated reports to non-causal attributes (e.g., sex, care626

setting) given fixed pathology, directly reflecting627

counterfactual queries. Invariant risk minimiza-628

tion (IRM) (Arjovsky et al., 2019) aims to learn629

image–text generation models whose performance630

remain stable across different radiological imaging631

environments. Using IRM (Gulrajani and Lopez-632

Paz, 2021) and causally grounded representation-633

learning methods (Magliacane et al., 2018) can 634

reduce shortcut-driven hallucinations. Transporta- 635

bility error (Bareinboim and Pearl, 2013) quantifies 636

performance drop across datasets (e.g., MIMIC- 637

CXR to IU-Xray), capturing institutional and ac- 638

quisition biases that limit external validity. 639

6 Conclusion and Future Directions 640

Fairness in RRG is an important concern as medical 641

AI tools move toward clinical use. In this survey, 642

we reviewed the origins of bias in the RRG pipeline. 643

Since these biases mainly arise from spurious cor- 644

relations, examining cause-effect relationships can 645

help mitigate them. Accordingly, we modeled RRG 646

as a causal model and explored causal inference 647

techniques such as counterfactuals and causal debi- 648

asing. To assist researchers in selecting and apply- 649

ing appropriate bias mitigation methods, we catego- 650

rized mitigation approaches into a three-tier taxon- 651

omy based on the level of intervention. We also ana- 652

lyzed which biases are mitigable and non-mitigable 653

using causal inference. Further, we examined popu- 654

lar medical imaging datasets and identified various 655

biases within them. We analyzed current evaluation 656

metrics through a causal lens and found that they 657

fail to capture causal alignment and clinical fidelity. 658

We argued that broader demographic coverage in 659

datasets (e.g., age and geographic diversity) and 660

the development of causal metrics can improve fair- 661

ness and reliability in RRG. Continued research 662

integrating causal reasoning, domain expertise, and 663

advanced machine learning is essential for advanc- 664

ing trustworthy medical imaging AI, making this 665

survey a practical guide for researchers and clini- 666

cians developing radiology AI systems. 667

Future work should prioritize causal fairness cri- 668

teria, such as evaluating whether report content 669

remains invariant under counterfactual changes to 670

sensitive attributes while pathology is held fixed. 671

High-priority directions include developing coun- 672

terfactual and group-conditional evaluation metrics 673

aligned with causal estimands, as well as causal 674

auditing and intervention strategies for foundation 675

models, including targeted counterfactual testing 676

and controlled fine- tuning, to ensure that perfor- 677

mance gains do not compromise fairness or clinical 678

validity. Additional details and guidelines for clini- 679

cians and researchers are provided in Appendices 680

H and I, respectively. 681
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Limitations682

This survey focused on bias obtained from the pub-683

lished research at the intersection of RRG, fairness,684

and causal inference; many practical systems or685

proprietary models are not publicly documented.686

Thus, real-world deployment issues (regulatory687

constraints, liability, workflow integration) are only688

briefly mentioned. The emphasis was more on tech-689

nical methods and did not comprehensively cover690

sociotechnical factors. Topics like patient privacy691

laws, the cost of collecting balanced datasets, and692

the ethics of AI in radiology were largely beyond693

our scope. RRG is closely related to other medical694

language tasks (like report summarization or ques-695

tion answering) where causal bias methods may696

also apply. Still, these adjacent areas are not ex-697

plored in detail as our focus was specifically on698

RRG.699

Ethical Considerations700

RRG systems operate in a high-stakes clinical701

domain, where errors or biases in generated re-702

ports can influence diagnostic reasoning, decision-703

making, and patient diagnosis. Ethical considera-704

tions in surveying causal methods, bias mitigation705

strategies, and evaluation protocols for RRG ex-706

tend beyond general concerns in natural language707

generation (NLG) and must be grounded in clini-708

cal safety, fairness, and accountability. A primary709

ethical concern is the risk of reinforcing existing710

health disparities; for instance, models trained on711

imbalanced data may underdiagnose pathologies712

in marginalized subgroups, such as Black female713

patients, or recapitulate debunked race-based med-714

ical misconceptions. To mitigate these risks, we715

advocate for a causal inference perspective that pri-716

oritizes the identification of true underlying disease717

mechanisms over spurious correlations. We em-718

phasize that RRG systems should not be deployed719

as autonomous diagnostic tools but as supportive720

aids within a human-in-the-loop framework, requir-721

ing rigorous validation via causal-aware metrics722

and prospective clinical trials to ensure that perfor-723

mance gains do not come at the cost of fairness or724

clinical validity.725
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A Taxonomy Chart1460

Unified taxonomy provides a conceptual frame-1461

work (Figure 3) for understanding RRG through a1462

causal lens, organizing how biases emerge across1463

the RRG pipeline and how causal interventions1464

can be systematically aligned with mitigation and1465

evaluation.1466

B Prior Surveys in RRG1467

As discussed in the introduction (§ 1), a systematic1468

analysis of prior RRG surveys reveals a critical1469

research gap in the integration of causal inference.1470

In this section, we provide more details about prior1471

surveys in RRG and discuss how there is a critical1472

need of integrating causal inference.1473

Early perspectives on radiology reporting,1474

grounded in radiologists’ and referring clinicians’1475

needs, emphasised clarity, clinical relevance, and1476

contextual reasoning in reports, long before the ad-1477

vent of deep learning models (Reiner et al., 2007;1478

Grieve et al., 2010). These works highlighted that1479

reporting is not merely a transcription of visual1480

findings, but a reasoning process shaped by clin-1481

ical context, prior knowledge, and diagnostic in-1482

tent—an insight that remains highly relevant to1483

modern AI-driven systems.1484

With the rise of deep learning, multiple surveys1485

have systematically reviewed automatic RRG meth-1486

ods. Foundational surveys focus on convolutional1487

and recurrent architectures, dataset characteristics,1488

and evaluation metrics (Monshi et al., 2020; Kaur1489

et al., 2022; Ramirez-Alonso et al., 2022). More1490

recent reviews provide comprehensive taxonomies1491

of multimodal pipelines, covering dataset availabil-1492

ity and adoption, encoder–decoder designs, atten-1493

tion mechanisms, transformer-based models, and1494

training strategies such as contrastive learning and1495

reinforcement learning (Wang et al., 2024; Li et al.,1496

2025b; Melendez-Rojas et al., 2025).1497

Several works have extended the scope of us-1498

ing deep learning architectures by examining clini-1499

cal knowledge incorporation. (Wang et al., 2024;1500

Yi et al., 2025b) have discussed the use of struc-1501

tured clinical data, multimodal fusion, and knowl-1502

edge graphs to enhance report completeness and1503

clinical fidelity, whereas other surveys (Nguyen 1504

et al., 2023; Seah et al., 2025) have emphasised 1505

pragmatic considerations, such as deployment con- 1506

straints, robustness, and alignment with radiol- 1507

ogy workflows . Evaluation practices are also 1508

critically reviewed, highlighting the dominance 1509

of NLP similarity metrics (e.g., BLEU, ROUGE, 1510

CIDEr) alongside emerging qualitative clinical as- 1511

sessments, while noting persistent limitations in 1512

capturing true clinical correctness (Monshi et al., 1513

2020; Li et al., 2025b). 1514

With the rapid adoption of large language mod- 1515

els (LLMs), their application in radiology includes 1516

spanning report drafting, structured reporting, ques- 1517

tion answering, and decision support has also seen 1518

an increasing growth in surveys carried out in this 1519

field of radiology (Bhayana, 2024; Nakaura et al., 1520

2024a; Kim et al., 2024; Lee et al., 2025; Busch 1521

et al., 2025; Mamdouh et al., 2025; Rainey et al., 1522

2026). These reviews highlight the transformative 1523

potential of LLMs, particularly when combined 1524

with vision models in multimodal large language 1525

model (MLLM) frameworks (Yi et al., 2025b). 1526

However, they primarily frame progress in terms 1527

of scale, fluency, and alignment with radiology- 1528

specific tasks, rather than underlying causal rea- 1529

soning. Despite their breadth, existing surveys 1530

predominantly adopt a correlational perspective. 1531

Models are typically evaluated on their ability to 1532

reproduce report text patterns given image–report 1533

pairs, implicitly assuming that learning statistical 1534

associations is sufficient for reliable clinical report- 1535

ing. Yet, systematic reviews on the effect of clinical 1536

information demonstrate that radiology reporting 1537

is causally influenced by prior history, indications, 1538

and contextual factors (Castillo et al., 2021). While 1539

current RRG surveys acknowledge multimodal in- 1540

puts, they rarely examine whether models mean- 1541

ingfully reason about cause–effect relationships 1542

linking imaging findings, clinical context, and di- 1543

agnostic conclusions. 1544

As a result, a critical gap remains no survey 1545

to date systematically examines RRG through a 1546

causal lens. There remains a foundational questions 1547

such as whether models distinguish confounders 1548

from true pathological signals, how spurious corre- 1549

lations in datasets affect generated reports, or how 1550

causal knowledge can be embedded and evaluated 1551

are largely unaddressed. As RRG systems move 1552

closer to clinical deployment, understanding and 1553

formalising causal reasoning is essential for robust- 1554

ness, generalisation, and patient safety. This gap 1555
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Figure 3: Taxonomy of bias sources and causal mitigation strategies for radiology report generation.
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motivates the need for a dedicated survey on causal1556

perspectives in RRG. Such a survey would com-1557

plement existing methodological and architectural1558

reviews by analysing datasets, models, and evalu-1559

ation protocols through the lens of causality, and1560

by identifying concrete pathways toward causally1561

grounded and clinically trustworthy report genera-1562

tion systems.1563

C Prior Work in Medical Domain using1564

Causal Inference1565

As discussed in the introduction (§ 1), causal rea-1566

soning is being used in medical imaging field due1567

to its advantages. In this section, we discuss vari-1568

ous prior works in medical domain that used causal1569

inference techniques.1570

Causal reasoning in medical imaging broadly1571

(Castro et al., 2020), or proposed specific causal1572

methods such as counterfactual augmentation for1573

RRG (Song et al., 2023) . In the study (Kheya1574

et al., 2024; Tripathi et al., 2023) often focuses1575

on either technical statistical bias or social bias1576

in AI models separately. (Tripathi et al., 2023)1577

uniquely highlights how cognitive biases in radiol-1578

ogists, social biases embedded in language models,1579

and statistical confounding in imaging data inter-1580

play and propagate unfairness in automated report1581

generation, providing a holistic causal framework1582

to understand and mitigate these intertwined biases.1583

Beyond acquisition, contextual confounders in1584

the image can spuriously correlate with disease.1585

For instance, an EKG lead or a chest tube in an1586

X-ray might correlate with a diagnosis, but is not a1587

causal feature of the pathology (Castro et al., 2020;1588

Koçak et al., 2025). A model might erroneously1589

rely on such cues. Ideally, clinical findings should1590

be derived from the image itself. However, many1591

models are trained using correlations, which can1592

mistakenly be treated as causal relationships.1593

Shi and Norgeot (2022) proposes a unified frame-1594

work that organizes causal inference methods by1595

the level of decision-making they target like indi-1596

viduals, groups, or entire populations. The paper1597

provides existing healthcare applications and shows1598

that current medical studies rely on a narrow set1599

of causal techniques and lag behind other fields1600

and also provides a practical schematic to guide re-1601

searchers and healthcare stakeholders in selecting1602

appropriate causal methods and interpreting their1603

results.1604

Martı́-Bonmatı́ (2021) proposes his work pro-1605

poses a data-centric research framework for med- 1606

ical imaging that critically examines causal infer- 1607

ence and its associated uncertainties. Within the 1608

proposed data-centric, observational, and causal- 1609

inference-based research approach in radiology 1610

is positioned as a computational and epidemi- 1611

ological discipline for precision medicine, rely- 1612

ing on longitudinal observational designs and 1613

case–control analyses. Causal inference is per- 1614

formed on closed, retrospectively collected cohorts, 1615

where researchers do not intervene clinically but 1616

leverage secondary data to derive consistent causal 1617

insights. 1618

Lv et al. (2025) proposes the Causal Intervention 1619

Segmentation Network (CiSeg), which integrates 1620

causal inference into Unsupervised domain adapta- 1621

tion (UDA) using a Structural Causal Model (SCM) 1622

to separate causal factors from bias. A Counterfac- 1623

tual Disentanglement module decomposes latent 1624

features into causal and bias components, while 1625

prototype-guided contrastive learning and causal- 1626

bias residual alignment improve cross-domain con- 1627

sistency. 1628

Xu et al. (2025) propose a causal inference 1629

framework for Medical Visual Question Answer- 1630

ing (MedVQA) that addresses cross-modal bias by 1631

introducing an explicit visual–textual causal graph 1632

and a front-door adjustment to mitigate unobserved 1633

confounders between images and questions. 1634

Liu et al. (2025) propose Heterogeneous Causal 1635

Disease Pattern Detection (HCDPD), a causal in- 1636

ference framework that models how early-stage 1637

diseases give rise to latent disease patterns and 1638

corresponding organ-level changes visible in med- 1639

ical images. The method is formulated within a 1640

potential outcomes framework with multivariate 1641

responses, making it suitable for heterogeneous pa- 1642

tient populations and relatively homogeneous con- 1643

trol groups. Using Bayesian inference, HCDPD 1644

estimates both direct and indirect causal effects. 1645

D About Mitigation Ability of Causal 1646

Inference for various RRG biases 1647

In Section 3, Table 1 summarizes biases in RRG 1648

and the extent to which causal inference mitigates 1649

them. In this section, we provide a more detailed 1650

analysis of the conditions under which biases can 1651

be fully mitigated, partially mitigated, or remain 1652

fundamentally resistant to mitigation. 1653

Causal inference provides a range of method- 1654

ological tools, including backdoor adjustment, 1655
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mediation analysis, frontdoor identification, and1656

selection-aware modeling. However, these tools1657

are not universally applicable to all types of bias en-1658

countered in RRG. For example, backdoor adjust-1659

ment is effective when relevant confounders—such1660

as age, sex, or care setting—are observed and can1661

be conditioned on. In contrast, when confounders1662

are unobserved but intermediate variables, such1663

as clinical workflows or reporting conventions, are1664

available, mediation-based or frontdoor approaches1665

are more appropriate. Nevertheless, some biases,1666

particularly selection bias and collider bias that1667

arise from dataset curation and clinical inclusion1668

criteria, remain difficult to address because key1669

variables are unobserved or causal effects are not1670

identifiable from the available data.1671

Causal inference can correct spurious correla-1672

tions when the causal effect is identifiable via the1673

backdoor criterion. All common causes of the ev-1674

idence (e.g., imaging features or AI outputs) and1675

the outcome (diagnosis or decision) are observed.1676

Biases such as framing, availability, and hindsight1677

satisfy these conditions because they arise from1678

contextual information that influences decisions af-1679

ter the true diagnostic signal is available and can1680

therefore be explicitly modeled or removed. By ac-1681

counting for these contextual factors, causal meth-1682

ods can eliminate spurious associations through1683

counterfactual reasoning.1684

Causal inference is only partially effective when1685

key assumptions required for identifiability such1686

as the absence of unmeasured confounding, a cor-1687

rectly specified causal structure, or the existence of1688

a valid adjustment set are not fully satisfied. Biases1689

such as scout neglect and acquisition bias satisfies1690

these conditions in medical imaging, where selec-1691

tion mechanisms induce selection bias that cannot1692

be fully blocked by observed variables.1693

Causal inference fails when bias arises from un-1694

observable or fundamentally non-identifiable pro-1695

cesses. This includes biases introduced during data1696

generation or representation learning, such as sys-1697

tematic label biases, historical diagnostic practices,1698

or large-scale imbalances in training corpora. For1699

example, if certain populations are consistently un-1700

derdiagnosed or underrepresented in the data, the1701

corresponding counterfactuals are never observed1702

and cannot be recovered through causal adjustment.1703

Similarly, LLM-specific behaviors, such as halluci-1704

nated content, emerge from internal representation1705

dynamics shaped by opaque pretraining processes.1706

Because the causal relationships between training1707

data, internal representations, and generated out- 1708

puts are not explicitly observable or intervention- 1709

ally accessible, causal correction at inference time 1710

is not feasible. 1711

E Mapping RRG Biases by Clinical 1712

Impact and Mitigation Complexity 1713

Figure 2 in Section 3 presents a conceptual map- 1714

ping of different bias types in RRG systems along 1715

two critical dimensions: severity and mitigation 1716

difficulty. In this section, we discuss about this 1717

conceptual mapping in more detail. 1718

The matrix reveals a stratification of biases based 1719

on both clinical risk and tractability. In the upper- 1720

right quadrant, biases such as Dataset Bias, Con- 1721

founding Bias, Hindsight Bias, Anchoring Bias, 1722

and Alliterative Bias cluster together, indicating 1723

that they are simultaneously high-impact and diffi- 1724

cult to mitigate; these biases are typically rooted in 1725

data collection practices, latent causal structures, or 1726

human cognitive tendencies that propagate through 1727

model training and evaluation, making them partic- 1728

ularly dangerous for clinical reliability and fairness. 1729

Slightly below but still on the high-difficulty side, 1730

Visual-Linguistic Misalignment and Blind Spot 1731

Bias highlight challenges arising from multimodal 1732

representation gaps and unobserved failure modes, 1733

which can silently degrade report quality despite 1734

strong aggregate metrics. These biases occur when 1735

the model fails to attend to subtle but important 1736

visual findings or when textual generation does not 1737

faithfully reflect image correctly. In contrast, the 1738

upper-left quadrant contains Framing Bias, which 1739

has high impact but relatively lower mitigation dif- 1740

ficulty, suggesting that careful task formulation, 1741

prompt design, and reporting standards can substan- 1742

tially reduce its effects. The lower-left quadrant 1743

groups Language Bias, Scout Neglect Bias, Avail- 1744

ability Bias, and Selection Bias, reflecting biases 1745

that tend to have lower downstream clinical impact 1746

and are comparatively easier to address through 1747

data balancing, lexicon control, and improved sam- 1748

pling strategies. Notably, the lower-right quadrant 1749

is sparsely populated, implying that biases which 1750

are both low-impact yet hard to mitigate are less 1751

prominent or less consequential in RRG. Although 1752

they are easier to mitigate through data cleaning, 1753

balanced sampling, or controlled vocabularies, ig- 1754

noring them can still skew model behavior and eval- 1755

uation. The matrix therefore encourages a tiered 1756

mitigation strategy: address low-difficulty biases 1757
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early as hygiene factors, while dedicating focused1758

methodological and causal modeling efforts to high-1759

severity, hard-to-mitigate biases that most directly1760

threaten clinical trust and generalization. Overall,1761

the matrix serves as a prioritization tool, emphasiz-1762

ing that the most urgent research attention should1763

focus on causally rooted, high-impact biases that re-1764

sist surface-level fixes and require principled causal1765

modeling, dataset redesign, or counterfactual eval-1766

uation strategies.1767

F Causal Inference pipeline for RRG1768

As discussed in Section 3, that biases in RRG can1769

be controlled by causal modeling of RRG pipeline.1770

In this section, we outline the causal inference1771

pipeline in RRG, showing how factors affect image1772

acquisition, representation learning, report genera-1773

tion, and evaluation, leading to distinct biases.1774

Figure 4 presents a causal inference–oriented1775

pipeline for RRG, explicitly modeling how clini-1776

cal, demographic, institutional, and temporal fac-1777

tors propagate through image acquisition, repre-1778

sentation learning, report generation, and evalua-1779

tion, while giving rise to distinct classes of bias.1780

At the upstream level, patient demographics (D),1781

clinical history (P), clinical context (C), and un-1782

observed confounders (U) jointly influence imag-1783

ing workflows, including the choice between scout1784

images and diagnostic images. The figure high-1785

lights scout neglect bias as a key early-stage failure1786

mode, where preliminary or low-quality views are1787

systematically underutilized or ignored, leading1788

to distorted image feature representations (I). Im-1789

portantly, these image-level biases are not purely1790

technical artifacts but are causally downstream of1791

social, institutional, and clinical processes, empha-1792

sizing that representation bias emerges before any1793

language generation occurs.1794

The middle of the pipeline comprises of tem-1795

poral and cognitive dependencies, particularly1796

through previous reports (Rprev) and previous find-1797

ings (Fprev). These historical variables, coupled1798

with training order and exposure history, introduce1799

availability bias and alliterative bias, where models1800

over-rely on recently seen or frequently occurring1801

patterns rather than the true underlying clinical1802

state (F: true findings). This section makes ex-1803

plicit that RRG systems are not memoryless predic-1804

tors; instead, they encode temporal feedback loops1805

in which prior text influences current predictions,1806

thereby entangling causal signal with learned re-1807

porting habits. The presence of model parameters 1808

(M) as a central mediator illustrates how architec- 1809

tural choices and learned weights consolidate these 1810

biases, creating blind spots that systematically af- 1811

fect certain pathologies, populations, or rare find- 1812

ings. Multiple biases converge at the level of the 1813

generated report (R), including framing bias, hind- 1814

sight bias, and blind spot bias, often amplified by 1815

artifacts and spurious correlations (A) learned dur- 1816

ing training. Crucially, the evaluation loop—via 1817

clinical outcomes (O) and automatic metrics (E) 1818

such as BLEU, ROUGE, and Clinical F1 feedback 1819

into model development, potentially reinforcing 1820

biased behaviors when evaluation criteria are mis- 1821

aligned with clinical correctness. By explicitly 1822

separating findings, reports, outcomes, and metrics 1823

within a single causal graph. Many failures in RRG 1824

arise not from model capacity limitations, but from 1825

misidentified causal targets and biased feedback 1826

mechanisms. As such, this motivates the need for 1827

causal interventions, counterfactual evaluation, and 1828

bias-aware training strategies that operate across 1829

the entire pipeline rather than at isolated stages. 1830

G From Confounding to Mediation: A 1831

Causal View of Bias in RRG 1832

As noted in Section 2 and 3, biases are interrelated 1833

with each other and hence, it is very important 1834

to study their interrelationships in RRG. In this 1835

section, we provide a structured causal view of bias 1836

interrelationships 1837

Figure 5 presents a structured causal view of 1838

bias interrelationships in RRG, organized around 1839

causal mechanisms such as confounding, collider 1840

bias, measurement bias, and mediation. Dataset 1841

bias, confounding bias, and alliterative bias are 1842

shown as primary sources that influence anchor- 1843

ing bias, indicating that systematic properties of 1844

the data and reporting conventions shape the ini- 1845

tial hypotheses or reference points used by models 1846

and evaluators. Availability bias, although shown 1847

as less severe, still acts upstream and contributes 1848

indirectly by skewing which patterns are most fre- 1849

quently learned or recalled. This structure empha- 1850

sizes that many apparent reasoning errors are not 1851

isolated failures, but are causally inherited from 1852

biased data distributions and institutional practices. 1853

The middle layer highlights collider and mea- 1854

surement biases, where interactions between up- 1855

stream factors distort evaluation and interpretation. 1856

Selection bias and hindsight bias appear within the 1857
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Figure 4: Detailed directed acyclic graph illustrating biases in the RRG pipeline, including unobserved confounders.

collider bias region, indicating that conditioning1858

on observed outcomes or selected samples induces1859

spurious correlations. Hindsight bias directly feeds1860

into evaluation bias, showing how knowledge of1861

ground-truth outcomes contaminates model assess-1862

ment. In parallel, visual–linguistic misalignment is1863

placed under measurement biases, capturing errors1864

that arise when visual evidence and generated text1865

are not causally aligned. The arrows from anchor-1866

ing bias and dataset bias to this node suggest that1867

misalignment is not merely a modeling issue, but a1868

consequence of biased supervision and entrenched1869

reporting patterns.1870

The lower part of the figure focuses on medi-1871

ation biases, where earlier distortions propagate1872

into final model behavior and clinical interpretation. 1873

Framing bias acts as a mediator between upstream 1874

biases and downstream language and scout neglect 1875

biases, demonstrating how task formulation and re- 1876

port structure shape what the model ultimately ex- 1877

presses. Blind spot bias emerges as a downstream 1878

consequence of evaluation bias and hindsight bias, 1879

reflecting systematic failure modes that remain in- 1880

visible under biased assessment protocols. Overall, 1881

the diagram conveys a key message: biases in ra- 1882

diology report generation are causally connected 1883

rather than independent. Effective mitigation there- 1884

fore requires intervening at upstream confounders 1885

and evaluation practices, rather than addressing 1886

surface-level language errors alone. 1887
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Figure 5: Causal view in RRG from Confounding to Mediation
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H Detailed Future Research Directions1888

In Section 6, we noted that despite recent progress,1889

several concrete and causally grounded research di-1890

rections remain open for RRG. In this section, we1891

outline specific challenges, methodological gaps,1892

and high-priority opportunities, explicitly linking1893

them to underlying causal assumptions, bias mech-1894

anisms, and mitigation strategies.1895

Unlike classification, RRG produces free-form1896

clinical text, where bias may appear through word-1897

ing choices, or inclusion of clinically irrelevant risk1898

factors for specific demographic groups. Existing1899

metrics such as BLEU (Papineni et al., 2002) or1900

ROUGE (Lin, 2004) do not capture these dispari-1901

ties. Future work should focus on causal fairness1902

criteria for text generation, for example, by eval-1903

uating whether report content is invariant under1904

counterfactual changes to sensitive attributes when1905

pathology is held fixed. Developing counterfactual1906

and group-conditional evaluation metrics aligned1907

with causal estimands is a high-priority direction.1908

The image encoder and the language genera-1909

tor are treated as a simple pipeline in many RRG1910

models. However, biases often arise because vi-1911

sual features and language priors influence each1912

other during generation. For example, the lan-1913

guage model may rely on frequent or stereotypical1914

phrases learned from the training data and overem-1915

phasize certain findings when specific visual pat-1916

terns or contextual cues are present, even if those1917

patterns are not clinically decisive. Modeling the1918

joint causal structure between patient attributes,1919

image appearance, intermediate visual findings,1920

and report text can help identify whether biased1921

wording comes from the visual representation, re-1922

porting conventions in the data, or the language1923

model itself. This is particularly important for1924

large multimodal models, where tightly coupled vi-1925

sion–language representations can hide the source1926

of bias and make targeted mitigation more difficult.1927

The deployment of large multimodal models in-1928

troduces new causal risks. These models may in-1929

herit and amplify biases from both medical and non-1930

medical pretraining data. Future work should in-1931

vestigate causal auditing and intervention strategies1932

for foundation models, including targeted counter-1933

factual testing and controlled fine-tuning, to ensure1934

that performance gains do not come at the cost of1935

fairness or clinical validity.1936

I Guidance for Radiologists and Clinical 1937

Practitioners 1938

Radiologists and clinicians play a key role in iden- 1939

tifying clinically meaningful subgroups and real- 1940

world failure modes, such as differences in per- 1941

formance for pediatric or elderly patients. Their 1942

expertise is essential for defining which disparities 1943

matter in practice. At the same time, AI researchers 1944

should develop and apply causal methods that can 1945

diagnose and mitigate these issues in a principled 1946

way. 1947

Prospective clinical trials of RRG systems 1948

should explicitly include fairness evaluation, for 1949

example by monitoring whether report accuracy 1950

and clinical usefulness remain consistent across pa- 1951

tient populations. Such evaluations can help ensure 1952

that improvements in overall performance do not 1953

mask systematic errors affecting specific groups. 1954

On the modeling side, progress in causal rep- 1955

resentation learning and generative modeling of- 1956

fers opportunities to design more effective data 1957

balancing and augmentation strategies that respect 1958

underlying causal structure rather than relying on 1959

superficial correlations. Ultimately, fairness in ra- 1960

diology report generation is not only a technical 1961

concern but also an ethical one, as biased reports 1962

can directly influence clinical decisions and patient 1963

outcomes. 1964

J Causal Inference in Medical imaging 1965

As discussed in the introduction (§ 1), causal infer- 1966

ence is highly useful in medical imaging fields like 1967

RRG. In this section, we aim to provide the details 1968

of terminologies and concepts involved in causal 1969

inference. 1970

Why do things happen the way 1971

they do? This question is essential in many 1972

fields, from healthcare and finance to law. Humans 1973

can look for the cause and effect (Penn and 1974

Povinelli, 2007), leading to amazing inventions 1975

and progress. Often in healthcare, we observe the 1976

symptoms or outcomes of a medical condition, but 1977

the actual causes remain hidden. For instance, a 1978

patient might have a persistent cough and shortness 1979

of breath. While these symptoms are visible to 1980

the doctor, the underlying cause remains unseen, 1981

such as a bacterial infection, long-term smoking, 1982

or exposure to air pollutants. Doctors must deduce 1983

the hidden causes behind the visible symptoms. 1984

In this case, diagnostic tests like chest X-ray 1985

scans can help uncover the cause, but some more 1986
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factors may be involved which may require other1987

tests for correct diagnosis. The same applies1988

across healthcare, where we often see the effects1989

(symptoms).1990

To better understand cause and effect, the follow-1991

ing two things must be considered (Pearl, 2009)1992

• Thinking beyond what we see: To fully un-1993

derstand an event, we need to think about un-1994

seen causes, even if they are not immediately1995

visible. For example, in a chest X-ray, we1996

see the effects of lung disease, but we need to1997

think about the patient’s medical history, en-1998

vironmental exposure, or other hidden factors1999

that contributed to the disease.2000

• Linking of unseen reasons: We need to con-2001

nect the unseen causes to the data we observe.2002

In the case of medical imaging, this means2003

linking of patients medical background, genet-2004

ics, and lifestyle to the patterns that is detected2005

in their X-rays.2006

To address these challenges, a mathematical2007

framework has been developed known as a struc-2008

tural causal model (SCM). This model maps out2009

how different causes lead to various effects, help-2010

ing us to understand not only what is happening2011

but why it is happening. It shows the path from the2012

unseen cause to the observed effect, enabling us to2013

make more informed decisions based on a clearer2014

understanding of the underlying factors.2015

In the field of medical imaging, SCMs can help2016

us better interpret chest X-rays by linking patterns2017

in the images to the underlying health conditions2018

that caused them. This is especially important in2019

cases where AI models struggle to differentiate be-2020

tween correlations and true causations. By apply-2021

ing causal inference, AI systems can move beyond2022

pattern recognition to provide more meaningful2023

insights into a patient health, offering not just a2024

diagnosis but an explanation of why that diagnosis2025

was made.2026

J.1 Correlation is not causation2027

Correlation refers to a statistical relationship be-2028

tween two variables. Correlation does not imply2029

a causal relationship. In other words, just because2030

two variables are correlated does not mean that one2031

variable causes the other to change. Causation im-2032

plies a direct cause-and-effect relationship between2033

two variables. Changes in one variable directly2034

lead to changes in the other variable.2035

Interpreting radiology images is a crucial as- 2036

pect of diagnosing conditions. However, it should 2037

be noted that while correlations between findings 2038

taken from radiology reports and clinical outcomes 2039

are often observed, it may be the case that there 2040

is no causal relationship between them. Correla- 2041

tions do not necessarily imply causation, due to the 2042

following reasons: 2043

• Confounding variables: Confounding vari- 2044

ables refer to those factors which lead to 2045

causally unrelated events. Due to these hid- 2046

den variables, correlation of observed between 2047

these causally unrelated events. Confounding 2048

leads to a disagreement between the calculus 2049

of conditional probabilities (observation) and 2050

do-interventions (actions). Real-world exam- 2051

ples of confounding are a common threat to 2052

the validity of conclusions drawn from data. 2053

For example, in a well known medical study 2054

a suspected beneficial effect of hormone re- 2055

placement therapy in reducing cardiovascu- 2056

lar disease disappeared after identifying so- 2057

cioeconomic status as a confounding variable 2058

(Humphrey et al., 2002; Barocas et al., 2023). 2059

• Reverse Causation: The identified feature 2060

might be a consequence of the reported find- 2061

ing, not the cause. Suppose that an AI model 2062

had reported presence of nodule in Chest X- 2063

Ray images with a corresponding report of 2064

lung cancer. This correlation may seem wrong 2065

as the nodule could be a benign tumor, not can- 2066

cerous. A patient has a smoking history in the 2067

past that could be a risk factor for lung cancer, 2068

which influences both the nodule formation 2069

and the development of cancer. 2070

• Selection bias: Selection bias is a common 2071

concern in medical research and clinical prac- 2072

tices such as the interpretation of radiology 2073

images. It occurs when the selection of sub- 2074

jects for analysis is not random or true repre- 2075

sentative of the population. In RRG, selection 2076

bias can occur if certain patient demograph- 2077

ics, such as age, gender, or pre-existing con- 2078

ditions, disproportionately influence the find- 2079

ings reported (i.e., demographic variables are 2080

confounding variables), e.g. doctors want to 2081

understand how chest X-ray findings relate to 2082

lung cancer. But instead of including people 2083

from all age groups and different places, they 2084

only look at elderly patients from one specific 2085
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area. This might make the results less useful2086

because they only reflect what is happening in2087

that particular group of older people. So, the2088

findings might not apply to younger patients2089

or those from other backgrounds. Similarly, if2090

doctors study how chest X-rays and smoking2091

are connected, but only focus on people who2092

are already sick with lung problems, it seems2093

like smoking is more closely linked to those2094

lung issues than it is. It is because they are2095

not considering healthier people who smoke2096

and are healthy.2097

J.2 Structural Causal Model2098

A structural causal model (SCM) M is a mathemat-2099

ical framework that represents causal relationships2100

between variables. M is a 4 tuple (U ,V,F , P (U))2101

(Pearl, 2009), where2102

• External variables or Exogenous variables2103

are represented by the set of exogenous ran-2104

dom variables (U). They are assumed to2105

be independent of each other and have the2106

same probability distribution across all obser-2107

vations.2108

• Internal variables or Endogenous variables2109

are represented by V = V1, V2, · · · , Vn. Their2110

values are determined by other variables in2111

the model, which can include both external2112

factors (from U) and other internal variables2113

(from V themselves).2114

• Causal relationships is represented by2115

F , which is a set of structural equations2116

{f1, f2, · · · , fn}, where each function de-2117

scribes how an internal variable depends on2118

external and other internal variables. fi : Ui ∩2119

Pai → Vi, where Ui ⊆ U, and Pai ⊆ V\Vi2120

and F : U → V. Equation 1 captures the2121

causal relationships in the system.2122

Each Structural equation fi is of the form,Pai2123

is the set of parent variables of Vi, i.e., the2124

variables directly influencing Vi:2125

Vi = fi(Pai,Ui) (1)2126

• P (U) is a probability function defined over2127

the domain of U2128

J.3 Confounding2129

Confounding refers to a scenario where a shared2130

cause, possibly unobserved, masks the causal con-2131

nection between two or more variables. In causal2132

inference, we can precisely define a causal effect 2133

of X on Y as confounded if the probability of Y 2134

given X equals x (p(Y |X = x)) is not equal to 2135

the probability of Y given an intervention on X 2136

(p(Y |do(X = x))), indicating that collider bias 2137

is a form of confounding. It poses a significant 2138

challenge in analyzing observational data. Imagine 2139

you want to understand why someone might get a 2140

headache. There are many factors involved, like 2141

stress, lack of sleep, and even dehydration. Causal 2142

DAGs can visually show how these things might 2143

be connected. For instance, stress could lead to a 2144

lack of sleep, which in turn could cause a headache. 2145

There could be other factors that are often ignored. 2146

Maybe someone has a headache because they’re 2147

stressed, but they’re also dehydrated because they 2148

haven’t been drinking enough fluids. Dehydration 2149

itself can cause headaches too. This is where do- 2150

calculus comes in. It helps us to figure out which 2151

factors (like dehydration) are likely to be taken into 2152

account how stress truly affects headaches, without 2153

any misleading information. 2154

J.4 Front-door and Back-door criterion 2155

The frontdoor criterion is useful when there are 2156

hidden factors that influence both the image and 2157

the report, and these factors cannot be directly mea- 2158

sured. However, if there is an observable interme- 2159

diate step on the causal path—such as structured 2160

clinical findings—then we can still reason about 2161

causality. In radiology report generation, findings 2162

like cardiomegaly or opacity naturally play this 2163

intermediate role. 2164

In RRG, the causal process follows a clear se- 2165

quence: the image leads to clinical findings, and the 2166

findings lead to the final report. Even if unobserved 2167

factors affect how reports are written, frontdoor ad- 2168

justment can recover the causal effect of the image 2169

as long as these hidden factors do not directly in- 2170

fluence the extracted findings. 2171

Under the frontdoor assumptions, the causal ef- 2172

fect is identifiable as given by equation 2 2173

P (R | do(X = x)) =
∑
m

P (M = m | X)∑
x′

P (Y | M = m,X = x′)

× P (X = x′)
(2) 2174

where X is the input image, M is the extracted 2175

clinical findings (mediator), Y is the generated, and 2176

U is the unobserved confounder. 2177
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Many RRG systems work in two steps. First,2178

they predict clinical findings from the image. Then,2179

they generate the report using only those findings.2180

If the findings capture all important medical in-2181

formation in the image, this design follows the2182

frontdoor principle. Using a two-stage approach is2183

especially helpful when information such as prior2184

history or reporting style is missing or unknown.2185

Because the report is generated only from predicted2186

findings, the model is less influenced by hospital-2187

specific language or reporting habits. As a result,2188

the generated reports are more faithful to the image2189

and easier to interpret. It also supports counterfac-2190

tual reasoning: if patient demographics change but2191

the findings stay the same, the report should remain2192

unchanged.2193

The backdoor criterion is used when it is affected2194

by both the radiology image and the generated re-2195

port. These variables are called confounders. If the2196

confounders are ignored, the model may learn pat-2197

terns that are correlated with disease but not truly2198

caused by the image.2199

In RRG, common confounders include patient2200

age and sex, scanner type (portable vs fixed), and2201

care setting (ICU vs outpatient). These factors can2202

change how images look and also influence how2203

radiologists write reports. For example, ICU pa-2204

tients often have portable X-rays and more severe2205

conditions, so a model may wrongly link portable2206

scanner artifacts to disease. Backdoor adjustment2207

removes these misleading paths by conditioning on2208

confounders, so the model learns causal relation-2209

ships rather than correlations. Backdoor criterion2210

is given by equation 32211

P (Y |do(X)) =
∑
z

P (Y |X,Z = z)P (Z = z)

(3)2212

where X is the input image, Y is the generated2213

radiology report (or a finding), and Z is the con-2214

founders (e.g., age, sex, ICU status)2215

For a detailed discussion of causality and causal2216

inference, we refer the reader to standard references2217

such as (Barocas et al., 2023; Pearl et al., 2016).2218

K Information about use of AI Assistants2219

We used Gemini for minor writing and presentation2220

improvements.2221
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