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Abstract

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

1 Introduction

Recent advances in deep learning and natural lan-
guage generation (NLG) enable the automatic trans-
lation of medical images into diagnostic text, a task
known as Automated Radiology Report Generation
(RRG)1 (Artsi et al., 2025). Machine-generated
reports, reviewed by radiologists, can accelerate
clinical workflows (Liu et al., 2023) amid a global
shortage of radiologists (Afshari Mirak et al., 2025;

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

Do et al., 2023; Rimmer, 2017; Arora, 2014). Cur-
rent RRG methods use deep learning to encode im-
ages and large language models (LLMs) to generate
text (Wang et al., 2023). Some approaches further
integrate knowledge graphs to improve RRG perfor-
mance (Kale et al., 2022, 2023a,b; Liu et al., 2021).
However, performance gaps remain, and owing
to the sensitivity of this field, errors can be criti-
cal, making fairness and reliability important. De-
spite technological progress, these systems are vul-
nerable to biases stemming from data imbalances,
cognitive biases in human annotations, and limita-
tions of LLMs. Such biases can lead to incorrect
depiction of health condition in radiology reports
thus propagating and amplifying health disparities
(e.g., underrepresented demographic groups, re-
duced diagnostic accuracy for women, etc.), under-
mining trust and clinical utility. Therefore, mitigat-
ing these biases is essential for recovering correct
cause-effect relationships in diagnostic reports, mo-
tivating the use of causal inference. Further discus-
sion of causal challenges in the medical domain is
provided in Appendices K and C.

Causal inference reveals underlying mecha-
nisms, distinguishing genuine cause–effect rela-
tionships from mere correlations in observational
data (Pearl, 1995). In this survey, we examine
RRG from the perspective of causal inference, a di-
rection that is increasingly essential for producing
reliable diagnostic reports. A systematic analysis
of prior RRG surveys reveals a critical research
gap in the integration of causal inference (refer
to Appendix B), necessitating this work bridging
causal reasoning and automated radiology report
generation. To the best of our knowledge, none of
the existing RRG surveys systematically examine
the task through a causal lens—particularly with
respect to how spurious correlations, dataset con-
struction biases, shortcut learning, reporting con-
ventions, and evaluation metrics interact across the
full RRG pipeline.
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Figure 1: RRG Pipeline with bias induced in each step.

Our contributions are:

1. A systematic review of the RRG pipeline,
identifying and cataloging potential sources of
bias that contribute to report inaccuracy. This
analysis forms a critical foundation for under-
standing RRG bias and guides the design of
future mitigation efforts (Refer §2).

2. Modeling RRG as a causal inference prob-
lem to mitigate biases, using structural causal
models (SCMs) to identify confounding vari-
ables and review the application of counterfac-
tual augmentation and causal debiasing. This
will help researchers in RRG to apply causal
frameworks helping in report accuracy (Refer
§3).

3. A clear categorization of mitigation ap-
proaches into a three-tiered taxonomy: data-
level, model-level, and evaluation-level inter-
ventions. This systematic categorization of-
fers researchers and practitioners a systematic
methodology for selecting and applying op-
timal interventions to improve RRG fairness
and accuracy (Refer §4).

4. Examining biases in public medical imag-
ing datasets and evaluation metrics through
a causal lens, identifying that these metrics
fail to capture causal alignment and clinical
fidelity. We argue that broader demographic
coverage in datasets (e.g., age and diversity)
and causal-aware metrics can help in making
RRG more fair and reliable (Refer §5).

Figure 3 in Appendix A presents taxonomy used
in this survey. It also conveys the outline of this
paper.

2 Origin of Bias in RRG

Figure 1 illustrates the complete RRG pipeline
with the bias induced at each stage with the so-

lution as causal inference techniques. Bias in RRG
originates from various factors but can be broadly
classified according to its pipeline into 3 factors:
humans, medical imaging and LLMs. These cumu-
lative biases risk perpetuating disparities in diag-
nosis and treatment recommendations, particularly
affecting marginalized populations (Tejani et al.,
2024). Therefore, understanding these biases is
very important for developing effective mitigation
strategies. We discuss these biases in the following
subsections.

2.1 Bias in Radiology Practice and Reporting

The models get trained on data annotated by radi-
ologists who, like all humans, are susceptible to
cognitive biases that may influence their interpre-
tation and reporting of imaging studies. The key
cognitive biases include the following.

i Alliterative Bias: Radiologists rely heavily on
previous reports when interpreting follow-up
studies, which could perpetuate previous errors
or assumptions. It concerns the influence of
prior radiological reports i.e., a radiologist’s
interpretation is anchored to conclusions drawn
by a previous radiologist on the same patient.
The bias arises from within the radiology work-
flow itself, through a chain of successive re-
ports. This bias can lead to diagnostic iner-
tia, where new findings are overlooked (Busby
et al., 2018; Zhang et al., 2023). The study by
(Murphy et al., 2024) has shown that it accounts
for about 6% of diagnostic errors in radiology.

ii Framing Bias: Radiologists’ diagnostic con-
clusions can be influenced by how clinical infor-
mation is presented. Limited or misleading clin-
ical histories (for example, brief or incomplete
indications) can skew interpretation, sometimes
causing errors if the whole context is unknown
(Busby et al., 2018; Lee et al., 2013). It con-
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cerns the influence of clinical history and indi-
cation provided by the referring clinician i.e.,
how the case is presented to the radiologist be-
fore or during interpretation. The source is ex-
ternal to the radiology report chain entirely. A
radiologist could fall prey to Framing Bias even
on a first-time patient with no prior reports.

iii Availability Bias: Diagnoses that are more eas-
ily recalled or recently encountered tend to be
overestimated, e.g., a radiologist who recently
missed lung cancer may overcall nodules, caus-
ing false positives (Busby et al., 2018; Itri and
Patel, 2018).

iv Anchoring bias: It refers to the undue influ-
ence of an initial diagnostic impression on sub-
sequent decision-making despite new contra-
dictory information, is typically viewed as a
source of diagnostic error in radiology (Itri and
Patel, 2018; Yoon et al., 2024).

v Hindsight bias: It refers to the tendency to
overestimate the predictability of an event after
knowing the outcome can affect learning from
errors and diagnostic decision making (Itri and
Patel, 2018; Onder et al., 2021).

vi Blind Spot bias: Radiologists may be aware of
common errors in others but may fail to recog-
nize their own errors, leading to a false sense of
objectivity that can result in diagnostic errors
(Yoon et al., 2024; Onder et al., 2021).

vii Scout Neglect bias: Important findings in pre-
liminary or scout images may be overlooked
because it is not expected to show meaningful
pathology (Yoon et al., 2024).

2.2 Bias in Medical Imaging

RRG systems depend heavily on large datasets of
medical images paired with corresponding radi-
ology reports. Various biases are associated in
the process of constructing medical image datasets.
Models inherit biases in medical imaging datasets,
for example demographic imbalances (e.g., racial
or ethnic under-representation), reducing accuracy
for minority groups (Koçak et al., 2025; Ricci Lara
et al., 2022).

Sampling bias occurs when the dataset does not
adequately represent the diversity of the patient
population or disease spectrum. This phenomenon

was explicitly noted in large vision-language mod-
els for chest X-rays: (Yang et al., 2025) found state-
of-the-art models tended to underdiagnose patholo-
gies in marginalized subgroups (e.g., black patients
and especially black females) compared to radiol-
ogists. In that case, the AI model trained on this
data may perform well on similar populations but
poorly on underrepresented groups (Busby et al.,
2018). For example, disparities have been observed
in AI for detecting diabetic retinopathy (73% ac-
curacy on light-skinned vs 60.5% on dark-skinned
subjects) and for chest X-ray interpretation (higher
rates of false negatives in underserved populations)
(Ricci Lara et al., 2022).

Annotation bias arises from variability and er-
rors in how radiologists label images or write re-
ports. Radiologists’ subjective interpretations, ex-
perience levels, and cognitive biases can introduce
systematic errors during annotation. For instance,
radiologists may focus more on malignant lesions
while under-annotating benign findings. This leads
to skewed training data that causes AI models to de-
tect specific pathologies over others preferentially
(Catala et al., 2021; Yi et al., 2025a; Banerjee et al.,
2023; Multusch et al., 2025).

Propagation bias arises from data quality issues
such as missing metadata, inconsistent report for-
mats or transcription errors, etc. These issues in-
troduce inconsistencies propagating through the AI
training pipeline and may be amplified in the final
model (Tripathi et al., 2023; Catala et al., 2021).
For example, missing or incorrect demographic
information can mislead the model’s learning pro-
cess.

Images collected from different hospitals or de-
vices may have systematic differences (e.g., scan-
ner type, imaging protocol, resolution), resulting in
acquisition bias (or domain shift) even when data
quality is high or data is complete. A model trained
on high-quality research images might fail on rou-
tine clinical scans. For example, a model trained
on 3T MRI scans may not generalize to the lower-
resolution 1.5T scans commonly used in practice
(Castro et al., 2020; Banerjee et al., 2023). Differ-
ences in scanner hardware or imaging parameters
are well-known to cause distribution shifts in medi-
cal imaging. Addressing such bias is a significant
challenge: performance can drop when applied to
new clinical settings unless the model is explicitly
trained to be invariant to acquisition factors. It
reflects systematic distributional differences intro-
duced during data generation itself and can occur
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even when data quality is high and annotations are
accurate, as it represents domain shift rather than
data irregularities.

2.3 Bias due to Large Language Models

Despite their strong and coherent report-generation
capabilities, LLMs introduce several sources of
bias in RRG, as discussed below.

i Hallucinations: LLMs sometimes generate
plausible-sounding but factually incorrect state-
ments called hallucinations (Huang et al., 2025;
Tonmoy et al., 2024; Bang et al., 2023; Guer-
reiro et al., 2023). LLMs are known to halluci-
nate in RRG (Das et al., 2025; Nakaura et al.,
2024b; Rahsepar et al., 2023). In the context of
RRG, hallucination means describing a condi-
tion not present in the image, i.e., may gener-
ate fndings with content that cannot be directly
linked to the input information, a serious danger
in clinical use. In a recent review of LLMs for
radiology reporting, all evaluated models (e.g.,
GPT-3.5, GPT-4 (Achiam et al., 2023), and fine-
tuned variants) were found to hallucinate, with
GPT-4 producing notably more false findings
than a specialized vision-language model (Artsi
et al., 2025; Tanno et al., 2025).

ii Dataset imbalances and spurious correlations:
LLMs may learn spurious correlations between
clinical findings and patient demographics or
co-occurring diseases that do not reflect true
causal relationships (Tanno et al., 2025). For
example, (Voinea et al., 2024) found that fine-
tuned Llama 3 on chest X-rays and noted that
the model’s conclusions lacked clinical judg-
ment and exhibited biases due to dataset limita-
tions.

iii Sociodemographic bias: LLMs also inherit bi-
ases from their training data (Yu et al., 2023).
Pretrained on broad text corpora, they encode
societal stereotypes and historical inequities
(Shejole and Bhattacharyya, 2025; Shimabu-
coro et al., 2024; Nadeem et al., 2021; Nangia
et al., 2020). In medical settings, these biases
can manifest in subtle but harmful ways (Adiba
et al., 2025; Omar et al., 2025). For instance,
(Omiye et al., 2023) finds that GPT-4 could
recapitulate debunked race-based medical mis-
conceptions when answering questions. Simi-
larly, (Yang et al., 2024) showed that GPT-3.5

and GPT-4 project higher costs and more ex-
tended hospitalizations for White populations
and hold optimistic outcome views in harsh
scenarios, reflecting real-world disparities. Al-
though not specific to RRG, these studies show
that LLM outputs can vary harmfully by patient
demographics.

In this way, we systematically reviewed the po-
tential origins of bias by examining each phase of
the RRG pipeline.

3 Causal Inference Perspective on RRG

Causal inference provides tools to analyze these
biases by explicitly modeling cause-and-effect re-
lationships. The necessary background on causal
inference is detailed in Appendix K.

3.1 Causal Modeling of RRG
The generation of radiology reports can be viewed
through causal modeling by constructing structural
causal models (SCMs) that represent the relation-
ships between imaging features, clinical variables,
and textual descriptions. Many existing models in-
advertently learn spurious correlations, such as as-
sociating standard anatomical features or frequent
disease co-occurrences with specific report phrases,
rather than the true causal factors. The research
carried out by (Song et al., 2023; Jantscher et al.,
2025; Vigneshwaran et al., 2024) explicitly model
disease co-occurrences as confounders. They have
observed that certain diseases often co-occur in
the biased training data. Without accounting for
this, an RRG model may learn spurious associ-
ations, e.g., mentioning disease B whenever dis-
ease A is present, even if B is absent in the image.
Bayesian networks and SCMs have actively used
to discover causal associations between imaging
findings and diseases from large-scale radiology
report corpora (Ma et al., 2023; Pyrros et al., 2007;
Do et al., 2017), achieving high precision in iden-
tifying true causal pairs. Moreover, causal model-
ing helps address dataset shift and annotation bias,
such as when prior imaging or clinical history influ-
ences report content, by representing these factors
as causal nodes and adjusting for their effects. Both
approaches in-tandem improves the generalizabil-
ity and clinical validity of generated reports.

RRG can be framed as a causal process involving
multiple variables such as the medical image X ,
clinical context C, radiologist’s interpretation I ,
and the final report text R. This process can be

4032



modeled using an SCM defined as a tuple M =
{U, V, F}, where U is a set of exogenous variables
(unobserved noise), V = {X,C, I,R} is a set of
endogenous variables, and F = {fX , fC , fI , fR}
denotes the set of causal mechanisms, specifying
causal mechanisms as follows:

X = fX(UX) (1)

C = fC(UC) (2)

I = fI(X,C,UI) (3)

R = fR(I, UR) (4)

where fI captures how the image features and the
clinical context influence the radiologist’s inter-
pretation, while fR models how the interpretation
generates the textual report. Biases emerge when
confounders Z (e.g., patient demographics or an-
notation policies) influence both X and R, creat-
ing spurious associations and can be written as
X = fX(UX , Z), R = fR(I, Z, UR) To assess
the causal effect of X on R, the do-operator is
used, defining the interventional distribution as
P (R | do(X = x)) =

∑
z P (R | X = x, Z =

z) · P (Z = z).
Unknown confounders can jointly influence vi-

sual features (e.g., lung texture) and linguistic cues
(report words). Conceptually, this mimics a front-
door causal adjustment, where latent mediators are
added to break the direct spurious path (Chen et al.,
2023). Training with these modules encourages the
model to rely on causal visual information. Con-
structing SCMs for RRG means including nodes
for image features, diseases, patient attributes, and
report tokens. By tracing the causal graph, one
can identify sources of bias. The causal perspec-
tive forces transparency about assumptions: for
instance, if it is assumed that demographic vari-
ables do not affect the diagnostic finding except via
disease prevalence, any direct edges from race/age
to the report (bypassing disease) would indicate
unfair bias (Castro et al., 2020).

3.2 Counterfactual Reasoning and
Augmentation

Counterfactual reasoning asks how a model’s out-
put would change under a hypothetical interven-
tion setting X to X ′? This corresponds to evalu-
ating the counterfactual quantity YX←X′ , defined
within a structural causal model as the value of the
outcome Y under the intervention do(X = X ′)
(Ji et al., 2023; Balashankar et al., 2021). Coun-
terfactual methods have been used to generate

augmented datasets and improve model robust-
ness against bias (Song et al., 2023; Pitis et al.,
2022; Uwaeze et al., 2025). In RRG, this ap-
proach facilitates the generation of counterfactual
images by selectively altering critical regions (e.g.,
lung or heart patches) to simulate alternative di-
agnoses, thereby exposing and mitigating spuri-
ous correlations learned by models (Song et al.,
2023). Formally, given an observed instance with
variables X = x, R = r, the counterfactual out-
come RX=x′ represents the report that would have
been generated had the image been x′ instead of
x. Using the SCM, the counterfactual is computed
as RX=x′(u) = fR

(
fI(x

′, C(u), UI(u)), UR(u)
)

where u denotes a realization of all exogenous vari-
ables, counterfactual augmentation techniques gen-
erate synthetic samples by altering critical regions
in X (e.g., lung patches) to x′, producing new pairs
(x′, r′) that help models learn invariant causal fea-
tures. Frameworks like Counterfactual Feature Ex-
change (CoFE) (Li et al., 2024) synthesize new
image-report pairs by swapping lesion patches be-
tween positive and negative samples, effectively
creating counterfactual images that differ only in
the presence or absence of specific pathologies.
This augmentation helps models learn to focus on
causal features related to disease presence rather
than confounding anatomical context. Similarly,
counterfactual report reconstruction (Magic Cube)
(Song et al., 2023) techniques generate alternative
report narratives that exclude certain confounding
disease mentions, breaking spurious co-occurrence
patterns that commonly bias models.

Contrastive learning approaches further lever-
age counterfactual examples to teach models to
distinguish between factual and counterfactual im-
age representations, enhancing their generalization
ability beyond training biases (Roschewitz et al.,
2025; Li et al., 2024; Aloui et al., 2023; Zhang
et al., 2020; Shvetsov et al., 2024). These counter-
factual strategies address critical challenges such
as the independence of diseases problem, where
models mistakenly infer causal relationships be-
tween unrelated conditions due to their frequent
co-occurrence in the data. By explicitly training
models on counterfactual variations, researchers
can significantly reduce such biases and improve
the clinical reliability of generated reports.

In addition to these image-based augmentations,
text-level counterfactuals could be used. For exam-
ple, one might imagine generating patient records
with swapped demographic attributes to measure
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fairness. While not yet common in RRG, such
methods have been used in fairness research (e.g.,
counterfactual examples where gender or race is
changed (Howard et al., 2024; Sahoo et al., 2024;
Nadeem et al., 2021; Nangia et al., 2020; Kus-
ner et al., 2017; Mehta et al., 2026)) and could
be applied to modify image–report pairs. Overall,
counterfactual reasoning concretely implemented
as data synthesis or perturbation is a key causal
tool for RRG bias mitigation.

3.3 Causal Debiasing in LLMs
Causal ideas have been applied to mitigate
language-model biases in NLG tasks (Sun et al.,
2024; Wu et al., 2024; Zhou et al., 2023). Although
most studies focus on social or linguistic biases,
similar principles apply to medical text generation.
Causal debiasing methods for LLMs aim to reg-
ulate these biases by incorporating causal reason-
ing into the generation process. Causal prompt-
ing (Zhang et al., 2025) is one such front-door
adjustment approach. It involves altering the input
prompt to steer the LLM away from undesirable
biases. It treats the chain-of-thought generated by
the LLM as a mediator variable, and then com-
putes the causal effect of the prompt on the an-
swer by marginalizing over the chain-of-thought.
Causal debiasing techniques integrate causal inter-
ventions such as back-door and front-door adjust-
ments to remove confounding effects by redesign-
ing prompts (without changing model parameters)
to simulate intervening on hidden reasoning. See
Appendix K.4 for details on front- and back-door
adjustments.

Another approach is causality-guided selection
and filtering. Li et al. (2025a) outlines a frame-
work called Prompting Fairness, which first iden-
tifies how social information (e.g., terms related
to race or gender) flows through an LLM’s reason-
ing graph, and then applies selection mechanisms
in the prompt to block or weaken biased paths.
Beyond prompting, one can use adversarial debias-
ing in representation learning for instance, training
the LLM (or its adapter) with an adversary trying
to predict patient attributes from its hidden states,
thereby encouraging invariant representations.

In practice, learnable prompts (Moore et al.,
2024; Lester et al., 2021; Li and Liang, 2021) en-
coding factual and counterfactual information act
as interventions that guide LLMs to generate se-
mantically coherent and factually accurate reports.
The training objective incorporates these causal
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Figure 2: RRG Bias Matrix describing Severity vs
Mitigation difficulty

adjustments (e.g., by minimizing a loss function
weighted to penalize predictions correlated with
confounders).

3.4 Implications, Severity, and Mitigation
Difficulty of RRG Biases

Figure 2 further situates these biases along two
practical dimensions: clinical severity and miti-
gation difficulty. The most concerning biases are
those that are both clinically consequential and dif-
ficult to mitigate. Dataset bias, confounding bias,
hindsight bias, anchoring bias, and alliterative bias
fall into this category. These biases are dangerous
because they can distort both model training and
downstream clinical interpretation, leading to sys-
tematic errors that are hard to detect from aggregate
performance alone. Biases such as visual-linguistic
misalignment and blind spot bias are problematic
because they can degrade report fidelity. Fram-
ing bias can be reduced through standardized re-
porting protocols. Similarly, language bias, scout
neglect bias, availability bias, and selection bias
are generally easier to address through dataset bal-
ancing, lexicon normalization, sampling controls,
and improved study design. Thus they are lower
on the mitigation-difficulty axis because they ad-
mit more direct intervention. Low-difficulty biases
can be easily handled through direct interventions,
whereas other biases require deeper causal model-
ing, better dataset design, and counterfactual evalu-
ation.

Table 1 summarizes the main biases in RRG and
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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

Table 1: Summary of Bias in RRG with Mitigation
Ability of Causal Inference Techniques.

the extent to which causal inference can mitigate
them (see Appendix D for details). RRG biases
vary significantly in both their clinical impact and
the difficulty of mitigating them. Some biases can
be substantially reduced by modeling observed con-
founders, while others are deeply embedded in data
collection, representation learning, or generative
decoding, and therefore resist full correction. As
a result, non-causal techniques are essential com-
plements to causal methods. More discussion on
non-causal techniques is provided in Appendix H.

4 Categorization of Mitigation Strategies

We broadly categorize various interventions against
bias in RRG by their application stage as data-
level, model-level, and evaluation-level interven-
tion. Each category contains specific techniques,
often inspired by causal thinking.

4.1 Data-level intervention

Data-level intervention focuses on improving the
quality and representativeness of training data to re-
duce confounding and selection biases inherent in
radiology datasets. It invoves adjusting the dataset
to equalize representation. For example, if certain
patient subgroups or rare pathologies are under-
represented, one can oversample those cases or
undersample overrepresented ones (Koçak et al.,
2025). Causal sampling can also create a balanced
distribution conditional on key factors, mimick-
ing an intervention that breaks confounding. New
data can be generated that explicitly decorrelates

confounders, which can be done by synthesizing
images with or without a particular finding (e.g.,
using generative models or patch-mixing) to break
spurious co-occurrences (Song et al., 2023; Li et al.,
2024). Domain knowledge can augment datasets
with rare or critical cases; for example, adding
diverse COVID-19 or tuberculosis chest X-rays
can reduce bias toward common Western diseases
(Wynants et al., 2020; Zech et al., 2018; Oakden-
Rayner et al., 2020). Data can be re-annotated
to reduce label bias. For instance, correcting sys-
tematic errors in report labels or using multiple
annotators for ambiguous cases can help produce a
fairer ground truth (Santomartino et al., 2024).

4.2 Model-level intervention

Model-level interventions incorporate causal prin-
ciples directly into the architecture and training ob-
jectives of RRG systems to disentangle true disease
signals from confounders. For instance, the Visual-
Linguistic Causal Intervention (VLCI) framework
(Chen et al., 2023) employs visual and linguistic
deconfounding modules that implicitly mitigate
cross-modal confounders by applying causal front-
door interventions. This approach helps the model
focus on medically relevant features rather than
superficial correlations such as high-frequency con-
text words or salient but irrelevant visual patterns.
When using large LLM decoders, one can fine-
tune or prompt them in a debiasing way. For in-
stance, the causal prompting methods (Li et al.,
2024, 2025a) are model-level since they alter input-
output processing. Such causal debiasing ensures
that language models generate reports grounded in
actual pathology rather than dataset artifacts, im-
proving diagnostic accuracy and trustworthiness.

4.3 Evaluation-level intervention

Evaluation-level interventions do not change the
model but change how we measure or enforce fair-
ness during testing and deployment. By understand-
ing the causal pathways that generate observed data,
evaluation frameworks can better assess whether
models capture true disease mechanisms and avoid
misleading correlations (Baradwaj et al., 2024).
Counterfactual simulations (e.g., changing patient
age) can reveal biases if model outputs shift without
explanation. Post-processing and interpretability
techniques further identify residual biases and help
clinicians interpret decisions causally (Kibria et al.,
2025; Jiao et al., 2025; Zamir et al., 2025), ensur-
ing generated reports are clinically valid. Causal
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inference tools should be applied at evaluation, for
example by estimating the average causal effect of
protected attributes on model outputs via counter-
factual sampling to quantify unintended influence.
Ultimately, radiologist review remains essential, as
targeted audits focused on known biases, such as
sampling underrepresented groups or checking for
common hallucinations, can reveal failures missed
by automated metrics. Over time, audit feedback
can guide retraining or redesign, helping address
dataset shift, selection bias, and spurious correla-
tions that limit RRG models.

Since this work focuses on a systematic survey
and conceptual analysis, we do not experimentally
evaluate existing mitigation methods. Appendix L
outlines a roadmap for their systematic evaluation
in future research.

5 Analyzing Datasets and Metrics

In this section, we analyze the biases present in
commonly used RRG datasets and the limitations
of traditional evaluation metrics, while highlighting
the importance of causal-aware metrics for robust
and fair assessment.

5.1 RRG Datasets

Table 2 summarizes widely used public medical
imaging benchmarks that exhibit age and geo-
graphic biases due to non-random data collection,
limited geographic coverage, and incomplete demo-
graphic annotation. Most datasets originate from a
few tertiary-care institutions in high-income coun-
tries, inducing strong selection effects that skew
age and disease severity. Age distributions of-
ten misalign with real-world prevalence, confound-
ing demographics with disease labels, while race
and ethnicity metadata are frequently missing or
inconsistently reported. From a causal perspec-
tive, demographic and geographic biases arise from
three mechanisms: confounding (demographics
affect both disease prevalence and image appear-
ance), mediation (demographics influence health-
care processes that alter images), and selection bias
(dataset inclusion depends on institutional or clini-
cal pathways). Ignoring these mechanisms under-
mines model interpretability and clinical reliability.
Broader demographic representation (e.g., age and
geographic diversity) should be incorporated into
datasets to enhance their global applicability.

5.2 Evaluation Metrics

Evaluation metrics in RRG such as BLEU (Pap-
ineni et al., 2002), ROUGE (Lin, 2004), METEOR
(Banerjee and Lavie, 2005), and CIDEr (Vedantam
et al., 2015) that measure textual overlap but are ag-
nostic to causal structure. As a result, these metrics
cannot detect or correct biases arising from con-
founding, mediation, or selection bias in the data.
In contrast, causal-aware evaluation metrics (Table
3) align model assessment with clinically mean-
ingful variables by corresponding to interventional
or counterfactual queries, making bias mitigation
identifiable and actionable. Concept-level evalua-
tion metrics such as CheXbert F1 (Irvin et al., 2019)
and RadGraph F1 (Jain et al., 2021) are highly sen-
sitive to spurious correlations in radiology data, for
example when patient in Intensive care unit (ICU)
is most likely to be associated with medical devices
(e.g., tubes) that are themselves correlated with dis-
ease labels. As a result, high metric scores may
reflect shortcuts rather than true clinical reasoning.
To address this, these metrics can be evaluated con-
ditional on key confounders such as age, sex, and
scanner type, and compared under causal interven-
tions (e.g., do(ICU = outpatient)). In addition, the
Demographic Performance Gap (DAP) measures
accuracy differences across demographic groups,
helping to identify demographic confounding, fair-
ness violations, and counterfactual unfairness in
report generation systems.

Calibration error (e.g., ECE, Brier score) (Guo
et al., 2017; Subbaswamy and Saria, 2019) as-
sesses whether predicted confidence matches true
correctness; under dataset shift, miscalibration in-
dicates selection bias arising from changes in the
data-generating process. Counterfactual consis-
tency (Pearl et al., 2016) tests invariance of gener-
ated reports to non-causal attributes (e.g., sex, care
setting) given fixed pathology, directly reflecting
counterfactual queries. Invariant risk minimiza-
tion (IRM) (Arjovsky et al., 2019) aims to learn
image–text generation models whose performance
remain stable across different radiological imaging
environments. Using IRM (Gulrajani and Lopez-
Paz, 2021) and causally grounded representation-
learning methods (Magliacane et al., 2018) can
reduce shortcut-driven hallucinations. Transporta-
bility error (Bareinboim and Pearl, 2013) quantifies
performance drop across datasets (e.g., MIMIC-
CXR to IU-Xray), capturing institutional and ac-
quisition biases that limit external validity.
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Organ Datasets Geographic Bias Age Bias

Chest

MIMIC-CXR (Johnson et al., 2019) United States (Boston) Predominantly elderly ICU pa-
tients

IU-Xray (Demner-Fushman et al., 2015) United States (Indiana Univer-
sity)

Middle-aged (mean age ≈ 49
years)

CheXpert (Irvin et al., 2019) United States (Stanford Univer-
sity)

Middle-aged adults

PadChest (Bustos et al., 2020) Spain Elderly patients

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

Germany, United States Degenerative cases overrepre-
sented

Abdomen

LiTS (Bilic et al., 2023) United States

Middle-aged adultsKiTS (Heller et al., 2019) United States (University of
Minnesota Medical Center)

CHAOS (Kavur et al., 2021) China

Brain BraTS (Menze et al., 2015), CQ500 (Chilamkurthy
et al., 2018)

India, United States, China Adult glioma cases (age ≥ 35
years)

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

Metrics Causal Variable Eval-
uated

Causal Estimand Bias Type Detected

CheXpertF1 (Irvin et al., 2019) Clinical findings (dis-
ease presence)

P (F |do(X)) Confounding, annota-
tion bias

RadGraph F1 (Jain et al., 2021) Entities & relations P (E,R|do(X)) Mediation

Demographic Performance Gap (Obermeyer
et al., 2019)

Group-conditioned
findings

E[Y |do(D=g)] Demographic con-
founding

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

Model confidence vs
correctness

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

Counterfactual Consistency (Pearl et al.,
2016)

Stability under irrele-
vant 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 en-
vironments

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

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.

6 Conclusion and Future Directions

Fairness in RRG is an important concern as medical
AI tools move toward clinical use. In this survey,
we reviewed the origins of bias in the RRG pipeline.
Since these biases mainly arise from spurious cor-
relations, examining cause-effect relationships can
help mitigate them. Accordingly, we modeled RRG
as a causal model and explored causal inference
techniques such as counterfactuals and causal debi-
asing. To assist researchers in selecting and apply-
ing appropriate bias mitigation methods, we catego-
rized mitigation approaches into a three-tier taxon-
omy based on the level of intervention. We also ana-
lyzed which biases are mitigable and non-mitigable
using causal inference. Further, we examined popu-
lar medical imaging datasets and identified various
biases within them. We analyzed current evaluation
metrics through a causal lens and found that they
fail to capture causal alignment and clinical fidelity.
We argued that broader demographic coverage in
datasets (e.g., age and geographic diversity) and
the development of causal metrics can improve fair-

ness and reliability in RRG. Continued research
integrating causal reasoning, domain expertise, and
advanced machine learning is essential for advanc-
ing trustworthy medical imaging AI, making this
survey a practical guide for researchers and clini-
cians developing radiology AI systems.

Future work should prioritize causal fairness cri-
teria, such as evaluating whether report content
remains invariant under counterfactual changes to
sensitive attributes while pathology is held fixed.
High-priority directions include developing coun-
terfactual and group-conditional evaluation metrics
aligned with causal estimands, as well as causal
auditing and intervention strategies for foundation
models, including targeted counterfactual testing
and controlled fine- tuning, to ensure that perfor-
mance gains do not compromise fairness or clinical
validity. Practical application to RRG and Broader
Applicability to similar fields such as medical re-
port summarization are briefly discussed in Ap-
pendix M and N respectively. Additional details
and guidelines for clinicians and researchers are
provided in Appendices I and J, respectively.
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Limitations

This survey focused on bias obtained from the pub-
lished research at the intersection of RRG, fairness,
and causal inference; many practical systems or
proprietary models are not publicly documented.
Thus, real-world deployment issues (regulatory
constraints, liability, workflow integration) are only
briefly mentioned. The emphasis was more on tech-
nical methods and did not comprehensively cover
sociotechnical factors. Topics like patient privacy
laws, the cost of collecting balanced datasets, and
the ethics of AI in radiology were largely beyond
our scope.

As noted in Section 4, this work focuses on a sys-
tematic survey and conceptual analysis. Therefore,
we do not experimentally evaluate existing mitiga-
tion methods. Appendix L outlines a roadmap for
their systematic evaluation in future research.

RRG is closely related to other medical language
tasks (like report summarization or question an-
swering) where causal bias methods may also ap-
ply. Still, these adjacent areas are not explored in
detail as our focus was specifically on RRG.

Ethical Considerations

RRG systems operate in a high-stakes clinical
domain, where errors or biases in generated re-
ports can influence diagnostic reasoning, decision-
making, and patient diagnosis. Ethical considera-
tions in surveying causal methods, bias mitigation
strategies, and evaluation protocols for RRG ex-
tend beyond general concerns in natural language
generation (NLG) and must be grounded in clini-
cal safety, fairness, and accountability. A primary
ethical concern is the risk of reinforcing existing
health disparities; for instance, models trained on
imbalanced data may underdiagnose pathologies
in marginalized subgroups, such as Black female
patients, or recapitulate debunked race-based med-
ical misconceptions. To mitigate these risks, we
advocate for a causal inference perspective that pri-
oritizes the identification of true underlying disease
mechanisms over spurious correlations. We em-
phasize that RRG systems should not be deployed
as autonomous diagnostic tools but as supportive
aids within a human-in-the-loop framework, requir-
ing rigorous validation via causal-aware metrics
and prospective clinical trials to ensure that perfor-
mance gains do not come at the cost of fairness or
clinical validity.
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cation causes clinically meaningful failures in medi-
cal imaging. In Proceedings of the ACM Conference
on Health, Inference, and Learning, pages 151–159.

Ziad Obermeyer, Brian Powers, Christine Vogeli, and
Sendhil Mullainathan. 2019. Dissecting racial bias
in an algorithm used to manage the health of popula-
tions. Science, 366(6464):447–453.

4042

https://doi.org/10.1109/TMI.2014.2377694
https://doi.org/10.1109/TMI.2014.2377694
https://doi.org/10.1109/TMI.2014.2377694


Mahmud Omar, Shelly Soffer, Reem Agbareia,
Nicola Luigi Bragazzi, Donald U Apakama, Carol R
Horowitz, Alexander W Charney, Robert Freeman,
Benjamin Kummer, Benjamin S Glicksberg, et al.
2025. Sociodemographic biases in medical decision
making by large language models. Nature Medicine,
pages 1–9.

Jesutofunmi A. Omiye, Jenna C. Lester, Simon Spichak,
Veronica Rotemberg, and Roxana Daneshjou.
2023. Large language models propagate race-based
medicine. npj Digital Medicine, 6(1):195.

Omer Onder, Yasin Yarasir, Aynur Azizova, Gamze
Durhan, Mehmet Ruhi Onur, and Orhan Macit
Ariyurek. 2021. Errors, discrepancies and underly-
ing bias in radiology with case examples: a pictorial
review. Insights into Imaging, 12(1):51.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic evalu-
ation of machine translation. In Proceedings of the
40th Annual Meeting of the Association for Compu-
tational Linguistics, pages 311–318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

J. Pearl, M. Glymour, and N.P. Jewell. 2016. Causaf
Inference in Statistics: A Primer. Wiley.

Judea Pearl. 1995. Causal diagrams for empirical re-
search. Biometrika, 82(4):669–688.

Judea Pearl. 2009. Causality: Models, Reasoning and
Inference, 2nd edition. Cambridge University Press,
USA.

Derek C. Penn and Daniel J. Povinelli. 2007. Causal
cognition in human and nonhuman animals: A com-
parative, critical review. Annual Review of Psychol-
ogy, 58(Volume 58, 2007):97–118.

C G Peterfy, E Schneider, and M Nevitt. 2008. The
osteoarthritis initiative: report on the design rationale
for the magnetic resonance imaging protocol for the
knee. Osteoarthritis Cartilage, 16(12):1433–1441.

Silviu Pitis, Elliot Creager, Ajay Mandlekar, and Ani-
mesh Garg. 2022. Mocoda: Model-based counterfac-
tual data augmentation. Advances in Neural Informa-
tion Processing Systems, 35:18143–18156.

Ayis Pyrros, Paul Nikolaidis, Vahid Yaghmai, Steve
Zivin, Joseph I. Tracy, and Adam Flanders. 2007. A
bayesian approach for the categorization of radiology
reports. Academic Radiology, 14(4):426–430.

Amir Ali Rahsepar, Neda Tavakoli, Grace Hyun J Kim,
Cameron Hassani, Fereidoun Abtin, and Arash Be-
dayat. 2023. How ai responds to common lung can-
cer questions: Chatgpt versus google bard. Radiol-
ogy, 307(5):e230922.

C Rainey, A England, PC Murphy, AA Mohammad,
YH Hadi, and M McEntee. 2026. Large language
models (llms) in radiography research: A narrative
review. Radiography, 32(1):103244.

Graciela Ramirez-Alonso, Olanda Prieto-Ordaz,
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A Taxonomy Chart

Unified taxonomy provides a conceptual frame-
work (Figure 3) for understanding RRG through a
causal lens, organizing how biases emerge across
the RRG pipeline and how causal interventions
can be systematically aligned with mitigation and
evaluation.

B Prior Surveys in RRG

As discussed in the introduction (§ 1), a systematic
analysis of prior RRG surveys reveals a critical
research gap in the integration of causal inference.
In this section, we provide more details about prior
surveys in RRG and discuss how there is a critical
need of integrating causal inference.

Early perspectives on radiology reporting,
grounded in radiologists’ and referring clinicians’
needs, emphasised clarity, clinical relevance, and
contextual reasoning in reports, long before the ad-
vent of deep learning models (Reiner et al., 2007;
Grieve et al., 2010). These works highlighted that
reporting is not merely a transcription of visual
findings, but a reasoning process shaped by clin-
ical context, prior knowledge, and diagnostic in-
tent—an insight that remains highly relevant to
modern AI-driven systems.

With the rise of deep learning, multiple surveys
have systematically reviewed automatic RRG meth-
ods. Foundational surveys focus on convolutional
and recurrent architectures, dataset characteristics,
and evaluation metrics (Monshi et al., 2020; Kaur
et al., 2022; Ramirez-Alonso et al., 2022). More
recent reviews provide comprehensive taxonomies
of multimodal pipelines, covering dataset availabil-
ity and adoption, encoder–decoder designs, atten-
tion mechanisms, transformer-based models, and
training strategies such as contrastive learning and
reinforcement learning (Wang et al., 2024; Li et al.,
2025b; Melendez-Rojas et al., 2025).

Several works have extended the scope of us-
ing deep learning architectures by examining clini-
cal knowledge incorporation. (Wang et al., 2024;
Yi et al., 2025b) have discussed the use of struc-
tured clinical data, multimodal fusion, and knowl-
edge graphs to enhance report completeness and
clinical fidelity, whereas other surveys (Nguyen
et al., 2023; Seah et al., 2025) have emphasised
pragmatic considerations, such as deployment con-
straints, robustness, and alignment with radiol-
ogy workflows . Evaluation practices are also
critically reviewed, highlighting the dominance
of NLP similarity metrics (e.g., BLEU, ROUGE,
CIDEr) alongside emerging qualitative clinical as-
sessments, while noting persistent limitations in
capturing true clinical correctness (Monshi et al.,
2020; Li et al., 2025b).

With the rapid adoption of LLMs, their ap-
plication in radiology includes spanning report
drafting, structured reporting, question answering,
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Figure 3: Taxonomy of bias sources and causal mitigation strategies for radiology report generation.
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and decision support has also seen an increasing
growth in surveys carried out in this field of ra-
diology (Bhayana, 2024; Nakaura et al., 2024a;
Kim et al., 2024; Lee et al., 2025; Busch et al.,
2025; Mamdouh et al., 2025; Rainey et al., 2026).
These reviews highlight the transformative poten-
tial of LLMs, particularly when combined with
vision models in multimodal large language model
(MLLM) frameworks (Yi et al., 2025b). However,
they primarily frame progress in terms of scale, flu-
ency, and alignment with radiology-specific tasks,
rather than underlying causal reasoning. Despite
their breadth, existing surveys predominantly adopt
a correlational perspective. Models are typically
evaluated on their ability to reproduce report text
patterns given image–report pairs, implicitly as-
suming that learning statistical associations is suf-
ficient for reliable clinical reporting. Yet, system-
atic reviews on the effect of clinical information
demonstrate that radiology reporting is causally
influenced by prior history, indications, and contex-
tual factors (Castillo et al., 2021). While current
RRG surveys acknowledge multimodal inputs, they
rarely examine whether models meaningfully rea-
son about cause–effect relationships linking imag-
ing findings, clinical context, and diagnostic con-
clusions.

As a result, a critical gap remains no survey
to date systematically examines RRG through a
causal lens. There remains a foundational questions
such as whether models distinguish confounders
from true pathological signals, how spurious corre-
lations in datasets affect generated reports, or how
causal knowledge can be embedded and evaluated
are largely unaddressed. As RRG systems move
closer to clinical deployment, understanding and
formalising causal reasoning is essential for robust-
ness, generalisation, and patient safety. This gap
motivates the need for a dedicated survey on causal
perspectives in RRG. Such a survey would com-
plement existing methodological and architectural
reviews by analysing datasets, models, and evalu-
ation protocols through the lens of causality, and
by identifying concrete pathways toward causally
grounded and clinically trustworthy report genera-
tion systems.

C Prior Work in Medical Domain using
Causal Inference

As discussed in the introduction (§ 1), causal rea-
soning is being used in medical imaging field due

to its advantages. In this section, we discuss vari-
ous prior works in medical domain that used causal
inference techniques.

Causal reasoning in medical imaging broadly
(Castro et al., 2020), or proposed specific causal
methods such as counterfactual augmentation for
RRG (Song et al., 2023) . In the study (Kheya
et al., 2024; Tripathi et al., 2023) often focuses
on either technical statistical bias or social bias
in AI models separately. (Tripathi et al., 2023)
uniquely highlights how cognitive biases in radiol-
ogists, social biases embedded in language models,
and statistical confounding in imaging data inter-
play and propagate unfairness in automated report
generation, providing a holistic causal framework
to understand and mitigate these intertwined biases.

Beyond acquisition, contextual confounders in
the image can spuriously correlate with disease.
For instance, an EKG lead or a chest tube in an
X-ray might correlate with a diagnosis, but is not a
causal feature of the pathology (Castro et al., 2020;
Koçak et al., 2025). A model might erroneously
rely on such cues. Ideally, clinical findings should
be derived from the image itself. However, many
models are trained using correlations, which can
mistakenly be treated as causal relationships.

Shi and Norgeot (2022) proposes a unified frame-
work that organizes causal inference methods by
the level of decision-making they target like indi-
viduals, groups, or entire populations. The paper
provides existing healthcare applications and shows
that current medical studies rely on a narrow set
of causal techniques and lag behind other fields
and also provides a practical schematic to guide re-
searchers and healthcare stakeholders in selecting
appropriate causal methods and interpreting their
results.

Martı́-Bonmatı́ (2021) proposes his work pro-
poses a data-centric research framework for med-
ical imaging that critically examines causal infer-
ence and its associated uncertainties. Within the
proposed data-centric, observational, and causal-
inference-based research approach in radiology
is positioned as a computational and epidemi-
ological discipline for precision medicine, rely-
ing on longitudinal observational designs and
case–control analyses. Causal inference is per-
formed on closed, retrospectively collected cohorts,
where researchers do not intervene clinically but
leverage secondary data to derive consistent causal
insights.

Lv et al. (2025) proposes the Causal Intervention
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Segmentation Network (CiSeg), which integrates
causal inference into Unsupervised domain adapta-
tion (UDA) using a Structural Causal Model (SCM)
to separate causal factors from bias. A Counterfac-
tual Disentanglement module decomposes latent
features into causal and bias components, while
prototype-guided contrastive learning and causal-
bias residual alignment improve cross-domain con-
sistency.

Xu et al. (2025) propose a causal inference
framework for Medical Visual Question Answer-
ing (MedVQA) that addresses cross-modal bias by
introducing an explicit visual–textual causal graph
and a front-door adjustment to mitigate unobserved
confounders between images and questions.

Liu et al. (2025) propose Heterogeneous Causal
Disease Pattern Detection (HCDPD), a causal in-
ference framework that models how early-stage
diseases give rise to latent disease patterns and
corresponding organ-level changes visible in med-
ical images. The method is formulated within a
potential outcomes framework with multivariate
responses, making it suitable for heterogeneous pa-
tient populations and relatively homogeneous con-
trol groups. Using Bayesian inference, HCDPD
estimates both direct and indirect causal effects.

D About Mitigation Ability of Causal
Inference for various RRG biases

In Section 3, Table 1 summarizes biases in RRG
and the extent to which causal inference mitigates
them. In this section, we provide a more detailed
analysis of the conditions under which biases can
be fully mitigated, partially mitigated, or remain
fundamentally resistant to mitigation.

Causal inference provides a range of method-
ological tools, including backdoor adjustment,
mediation analysis, frontdoor identification, and
selection-aware modeling. However, these tools
are not universally applicable to all types of bias en-
countered in RRG. For example, backdoor adjust-
ment is effective when relevant confounders—such
as age, sex, or care setting—are observed and can
be conditioned on. In contrast, when confounders
are unobserved but intermediate variables, such
as clinical workflows or reporting conventions, are
available, mediation-based or frontdoor approaches
are more appropriate. Nevertheless, some biases,
particularly selection bias and collider bias that
arise from dataset curation and clinical inclusion
criteria, remain difficult to address because key

variables are unobserved or causal effects are not
identifiable from the available data.

Causal inference can correct spurious correla-
tions when the causal effect is identifiable via the
backdoor criterion. All common causes of the ev-
idence (e.g., imaging features or AI outputs) and
the outcome (diagnosis or decision) are observed.
Biases such as framing, availability, and hindsight
satisfy these conditions because they arise from
contextual information that influences decisions af-
ter the true diagnostic signal is available and can
therefore be explicitly modeled or removed. By ac-
counting for these contextual factors, causal meth-
ods can eliminate spurious associations through
counterfactual reasoning.

Causal inference is only partially effective when
key assumptions required for identifiability such
as the absence of unmeasured confounding, a cor-
rectly specified causal structure, or the existence of
a valid adjustment set are not fully satisfied. Biases
such as scout neglect and acquisition bias satisfies
these conditions in medical imaging, where selec-
tion mechanisms induce selection bias that cannot
be fully blocked by observed variables.

Causal inference fails when bias arises from un-
observable or fundamentally non-identifiable pro-
cesses. This includes biases introduced during data
generation or representation learning, such as sys-
tematic label biases, historical diagnostic practices,
or large-scale imbalances in training corpora. For
example, if certain populations are consistently un-
derdiagnosed or underrepresented in the data, the
corresponding counterfactuals are never observed
and cannot be recovered through causal adjustment.
Similarly, LLM-specific behaviors, such as halluci-
nated content, emerge from internal representation
dynamics shaped by opaque pretraining processes.
Because the causal relationships between training
data, internal representations, and generated out-
puts are not explicitly observable or intervention-
ally accessible, causal correction at inference time
is not feasible.

E Mapping RRG Biases by Clinical
Impact and Mitigation Complexity

Figure 2 in Section 3 presents a conceptual map-
ping of different bias types in RRG systems along
two critical dimensions: severity and mitigation
difficulty. In this section, we discuss about this
conceptual mapping in more detail.

The matrix reveals a stratification of biases based

4048



on both clinical risk and tractability. In the upper-
right quadrant, biases such as Dataset Bias, Con-
founding Bias, Hindsight Bias, Anchoring Bias,
and Alliterative Bias cluster together, indicating
that they are simultaneously high-impact and diffi-
cult to mitigate; these biases are typically rooted in
data collection practices, latent causal structures, or
human cognitive tendencies that propagate through
model training and evaluation, making them partic-
ularly dangerous for clinical reliability and fairness.
Slightly below but still on the high-difficulty side,
Visual-Linguistic Misalignment and Blind Spot
Bias highlight challenges arising from multimodal
representation gaps and unobserved failure modes,
which can silently degrade report quality despite
strong aggregate metrics. These biases occur when
the model fails to attend to subtle but important
visual findings or when textual generation does not
faithfully reflect image correctly. In contrast, the
upper-left quadrant contains Framing Bias, which
has high impact but relatively lower mitigation dif-
ficulty, suggesting that careful task formulation,
prompt design, and reporting standards can substan-
tially reduce its effects. The lower-left quadrant
groups Language Bias, Scout Neglect Bias, Avail-
ability Bias, and Selection Bias, reflecting biases
that tend to have lower downstream clinical impact
and are comparatively easier to address through
data balancing, lexicon control, and improved sam-
pling strategies. Notably, the lower-right quadrant
is sparsely populated, implying that biases which
are both low-impact yet hard to mitigate are less
prominent or less consequential in RRG. Although
they are easier to mitigate through data cleaning,
balanced sampling, or controlled vocabularies, ig-
noring them can still skew model behavior and eval-
uation. The matrix therefore encourages a tiered
mitigation strategy: address low-difficulty biases
early as hygiene factors, while dedicating focused
methodological and causal modeling efforts to high-
severity, hard-to-mitigate biases that most directly
threaten clinical trust and generalization. Overall,
the matrix serves as a prioritization tool, emphasiz-
ing that the most urgent research attention should
focus on causally rooted, high-impact biases that re-
sist surface-level fixes and require principled causal
modeling, dataset redesign, or counterfactual eval-
uation strategies.

F Causal Inference pipeline for RRG

As discussed in Section 3, that biases in RRG can
be controlled by causal modeling of RRG pipeline.
In this section, we outline the causal inference
pipeline in RRG, showing how factors affect image
acquisition, representation learning, report genera-
tion, and evaluation, leading to distinct biases.

Figure 4 presents a causal inference–oriented
pipeline for RRG, explicitly modeling how clini-
cal, demographic, institutional, and temporal fac-
tors propagate through image acquisition, repre-
sentation learning, report generation, and evalua-
tion, while giving rise to distinct classes of bias.
At the upstream level, patient demographics (D),
clinical history (P), clinical context (C), and un-
observed confounders (U) jointly influence imag-
ing workflows, including the choice between scout
images and diagnostic images. The figure high-
lights scout neglect bias as a key early-stage failure
mode, where preliminary or low-quality views are
systematically underutilized or ignored, leading
to distorted image feature representations (I). Im-
portantly, these image-level biases are not purely
technical artifacts but are causally downstream of
social, institutional, and clinical processes, empha-
sizing that representation bias emerges before any
language generation occurs.

The middle of the pipeline comprises of tem-
poral and cognitive dependencies, particularly
through previous reports (Rprev) and previous find-
ings (Fprev). These historical variables, coupled
with training order and exposure history, introduce
availability bias and alliterative bias, where models
over-rely on recently seen or frequently occurring
patterns rather than the true underlying clinical
state (F: true findings). This section makes ex-
plicit that RRG systems are not memoryless predic-
tors; instead, they encode temporal feedback loops
in which prior text influences current predictions,
thereby entangling causal signal with learned re-
porting habits. The presence of model parameters
(M) as a central mediator illustrates how architec-
tural choices and learned weights consolidate these
biases, creating blind spots that systematically af-
fect certain pathologies, populations, or rare find-
ings. Multiple biases converge at the level of the
generated report (R), including framing bias, hind-
sight bias, and blind spot bias, often amplified by
artifacts and spurious correlations (A) learned dur-
ing training. Crucially, the evaluation loop—via
clinical outcomes (O) and automatic metrics (E)
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Figure 4: Detailed directed acyclic graph illustrating biases in the RRG pipeline, including unobserved confounders.

such as BLEU, ROUGE, and Clinical F1 feedback
into model development, potentially reinforcing
biased behaviors when evaluation criteria are mis-
aligned with clinical correctness. By explicitly
separating findings, reports, outcomes, and metrics
within a single causal graph. Many failures in RRG
arise not from model capacity limitations, but from
misidentified causal targets and biased feedback
mechanisms. As such, this motivates the need for
causal interventions, counterfactual evaluation, and
bias-aware training strategies that operate across
the entire pipeline rather than at isolated stages.

G From Confounding to Mediation: A
Causal View of Bias in RRG

As noted in Section 2 and 3, biases are interrelated
with each other and hence, it is very important
to study their interrelationships in RRG. In this
section, we provide a structured causal view of bias
interrelationships

Figure 5 presents a structured causal view of
bias interrelationships in RRG, organized around
causal mechanisms such as confounding, collider
bias, measurement bias, and mediation. Dataset
bias, confounding bias, and alliterative bias are
shown as primary sources that influence anchor-
ing bias, indicating that systematic properties of
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Figure 5: Causal view in RRG from Confounding to Mediation
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the data and reporting conventions shape the ini-
tial hypotheses or reference points used by models
and evaluators. Availability bias, although shown
as less severe, still acts upstream and contributes
indirectly by skewing which patterns are most fre-
quently learned or recalled. This structure empha-
sizes that many apparent reasoning errors are not
isolated failures, but are causally inherited from
biased data distributions and institutional practices.

The middle layer highlights collider and mea-
surement biases, where interactions between up-
stream factors distort evaluation and interpretation.
Selection bias and hindsight bias appear within the
collider bias region, indicating that conditioning
on observed outcomes or selected samples induces
spurious correlations. Hindsight bias directly feeds
into evaluation bias, showing how knowledge of
ground-truth outcomes contaminates model assess-
ment. In parallel, visual–linguistic misalignment is
placed under measurement biases, capturing errors
that arise when visual evidence and generated text
are not causally aligned. The arrows from anchor-
ing bias and dataset bias to this node suggest that
misalignment is not merely a modeling issue, but a
consequence of biased supervision and entrenched
reporting patterns.

The lower part of the figure focuses on medi-
ation biases, where earlier distortions propagate
into final model behavior and clinical interpretation.
Framing bias acts as a mediator between upstream
biases and downstream language and scout neglect
biases, demonstrating how task formulation and re-
port structure shape what the model ultimately ex-
presses. Blind spot bias emerges as a downstream
consequence of evaluation bias and hindsight bias,
reflecting systematic failure modes that remain in-
visible under biased assessment protocols. Overall,
the diagram conveys a key message: biases in ra-
diology report generation are causally connected
rather than independent. Effective mitigation there-
fore requires intervening at upstream confounders
and evaluation practices, rather than addressing
surface-level language errors alone.

H Discussion on Non-causal Techniques

In Section 3.4, we discussed that non-causal ap-
proaches remain essential complements as causal
inference techniques may fail when bias arises from
unobservable or fundamentally non-identifiable
processes.

Causal inference is useful for identifying

whether a bias can be explained by observed con-
founding, mediation, or selection effects, but it is
not a complete solution. Blind spot bias and hal-
lucinations cannot be fully resolved by causal ad-
justment alone, because these failures often emerge
from model uncertainty, imperfect grounding, or
internal generative dynamics that are not directly
identifiable from the available variables.

For such cases, complementary non-causal meth-
ods are necessary. Uncertainty quantification can
flag low-confidence sections of a report, such as
ambiguous nodule descriptions or uncertain local-
ization claims, so that radiologists can focus re-
view where the model is least reliable (Abdar et al.,
2021). This does not eliminate bias, but it reduces
the clinical risk of overconfident errors. Hallucina-
tion mitigation can also be strengthened through
constrained decoding, retrieval-augmented genera-
tion, and post-generation verification, which help
ensure that generated statements remain aligned
with the image evidence and the source findings
(Das et al., 2025; Nakaura et al., 2024b; Rahsepar
et al., 2023). Memory-driven transformers may fur-
ther improve consistency by maintaining structured
context across time, reducing drift and improving
report coherence in longitudinal cases.

For blind spot bias, adversarial data augmenta-
tion and targeted re-sampling are particularly im-
portant (Chen et al., 2020). These methods can
increase exposure to underrepresented subgroups,
rare pathologies, and subtle findings that are other-
wise insufficiently learned during training. Unlike
causal methods, they do not require a fully spec-
ified causal graph; instead, they directly improve
coverage and robustness in the learned representa-
tion space.

In summary, causal inference should be viewed
as a diagnostic framework and a partial corrective
tool, not as a universal remedy. Biases that are
structurally identifiable can often be reduced by
causal adjustment, but hallucinations, blind spots,
and other generation-specific failures usually re-
quire a hybrid strategy that combines causal rea-
soning with uncertainty estimation, augmentation,
constrained generation, and human oversight. Fi-
nally, human-in-the-loop systems remain indispens-
able. Expert review, iterative feedback, and clinical
validation can identify errors that automated meth-
ods miss, particularly in high-stakes settings like
radiology. Rather than replacing human judgment,
effective RRG systems should integrate it as a cor-
rective mechanism.
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I Detailed Future Research Directions

In Section 6, we noted that despite recent progress,
several concrete and causally grounded research di-
rections remain open for RRG. In this section, we
outline specific challenges, methodological gaps,
and high-priority opportunities, explicitly linking
them to underlying causal assumptions, bias mech-
anisms, and mitigation strategies.

Unlike classification, RRG produces free-form
clinical text, where bias may appear through word-
ing choices, or inclusion of clinically irrelevant risk
factors for specific demographic groups. Existing
metrics such as BLEU (Papineni et al., 2002) or
ROUGE (Lin, 2004) do not capture these dispari-
ties. Future work should focus on causal fairness
criteria for text generation, for example, by eval-
uating whether report content is invariant under
counterfactual changes to sensitive attributes when
pathology is held fixed. Developing counterfactual
and group-conditional evaluation metrics aligned
with causal estimands is a high-priority direction.

The image encoder and the language genera-
tor are treated as a simple pipeline in many RRG
models. However, biases often arise because vi-
sual features and language priors influence each
other during generation. For example, the lan-
guage model may rely on frequent or stereotypical
phrases learned from the training data and overem-
phasize certain findings when specific visual pat-
terns or contextual cues are present, even if those
patterns are not clinically decisive. Modeling the
joint causal structure between patient attributes,
image appearance, intermediate visual findings,
and report text can help identify whether biased
wording comes from the visual representation, re-
porting conventions in the data, or the language
model itself. This is particularly important for
large multimodal models, where tightly coupled vi-
sion–language representations can hide the source
of bias and make targeted mitigation more difficult.

The deployment of large multimodal models in-
troduces new causal risks. These models may in-
herit and amplify biases from both medical and non-
medical pretraining data. Future work should in-
vestigate causal auditing and intervention strategies
for foundation models, including targeted counter-
factual testing and controlled fine-tuning, to ensure
that performance gains do not come at the cost of
fairness or clinical validity.

J Guidance for Radiologists and Clinical
Practitioners

Radiologists and clinicians play a key role in iden-
tifying clinically meaningful subgroups and real-
world failure modes, such as differences in per-
formance for pediatric or elderly patients. Their
expertise is essential for defining which disparities
matter in practice. At the same time, AI researchers
should develop and apply causal methods that can
diagnose and mitigate these issues in a principled
way.

Prospective clinical trials of RRG systems
should explicitly include fairness evaluation, for
example by monitoring whether report accuracy
and clinical usefulness remain consistent across pa-
tient populations. Such evaluations can help ensure
that improvements in overall performance do not
mask systematic errors affecting specific groups.

On the modeling side, progress in causal rep-
resentation learning and generative modeling of-
fers opportunities to design more effective data
balancing and augmentation strategies that respect
underlying causal structure rather than relying on
superficial correlations. Ultimately, fairness in ra-
diology report generation is not only a technical
concern but also an ethical one, as biased reports
can directly influence clinical decisions and patient
outcomes.

K Causal Inference in Medical imaging

As discussed in the introduction (§ 1), causal infer-
ence is highly useful in medical imaging fields like
RRG. In this section, we aim to provide the details
of terminologies and concepts involved in causal
inference.
Why do things happen the way

they do? This question is essential in many
fields, from healthcare and finance to law. Humans
can look for the cause and effect (Penn and
Povinelli, 2007), leading to amazing inventions
and progress. Often in healthcare, we observe the
symptoms or outcomes of a medical condition, but
the actual causes remain hidden. For instance, a
patient might have a persistent cough and shortness
of breath. While these symptoms are visible to
the doctor, the underlying cause remains unseen,
such as a bacterial infection, long-term smoking,
or exposure to air pollutants. Doctors must deduce
the hidden causes behind the visible symptoms.
In this case, diagnostic tests like chest X-ray
scans can help uncover the cause, but some more
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factors may be involved which may require other
tests for correct diagnosis. The same applies
across healthcare, where we often see the effects
(symptoms).

To better understand cause and effect, the follow-
ing two things must be considered (Pearl, 2009)

• Thinking beyond what we see: To fully un-
derstand an event, we need to think about un-
seen causes, even if they are not immediately
visible. For example, in a chest X-ray, we
see the effects of lung disease, but we need to
think about the patient’s medical history, en-
vironmental exposure, or other hidden factors
that contributed to the disease.

• Linking of unseen reasons: We need to con-
nect the unseen causes to the data we observe.
In the case of medical imaging, this means
linking of patients medical background, genet-
ics, and lifestyle to the patterns that is detected
in their X-rays.

To address these challenges, a mathematical
framework has been developed known as a struc-
tural causal model (SCM). This model maps out
how different causes lead to various effects, help-
ing us to understand not only what is happening
but why it is happening. It shows the path from the
unseen cause to the observed effect, enabling us to
make more informed decisions based on a clearer
understanding of the underlying factors.

In the field of medical imaging, SCMs can help
us better interpret chest X-rays by linking patterns
in the images to the underlying health conditions
that caused them. This is especially important in
cases where AI models struggle to differentiate be-
tween correlations and true causations. By apply-
ing causal inference, AI systems can move beyond
pattern recognition to provide more meaningful
insights into a patient health, offering not just a
diagnosis but an explanation of why that diagnosis
was made.

K.1 Correlation is not causation
Correlation refers to a statistical relationship be-
tween two variables. Correlation does not imply
a causal relationship. In other words, just because
two variables are correlated does not mean that one
variable causes the other to change. Causation im-
plies a direct cause-and-effect relationship between
two variables. Changes in one variable directly
lead to changes in the other variable.

Interpreting radiology images is a crucial as-
pect of diagnosing conditions. However, it should
be noted that while correlations between findings
taken from radiology reports and clinical outcomes
are often observed, it may be the case that there
is no causal relationship between them. Correla-
tions do not necessarily imply causation, due to the
following reasons:

• Confounding variables: Confounding vari-
ables refer to those factors which lead to
causally unrelated events. Due to these hid-
den variables, correlation of observed between
these causally unrelated events. Confounding
leads to a disagreement between the calculus
of conditional probabilities (observation) and
do-interventions (actions). Real-world exam-
ples of confounding are a common threat to
the validity of conclusions drawn from data.
For example, in a well known medical study
a suspected beneficial effect of hormone re-
placement therapy in reducing cardiovascu-
lar disease disappeared after identifying so-
cioeconomic status as a confounding variable
(Humphrey et al., 2002; Barocas et al., 2023).

• Reverse Causation: The identified feature
might be a consequence of the reported find-
ing, not the cause. Suppose that an AI model
had reported presence of nodule in Chest X-
Ray images with a corresponding report of
lung cancer. This correlation may seem wrong
as the nodule could be a benign tumor, not can-
cerous. A patient has a smoking history in the
past that could be a risk factor for lung cancer,
which influences both the nodule formation
and the development of cancer.

• Selection bias: Selection bias is a common
concern in medical research and clinical prac-
tices such as the interpretation of radiology
images. It occurs when the selection of sub-
jects for analysis is not random or true repre-
sentative of the population. In RRG, selection
bias can occur if certain patient demograph-
ics, such as age, gender, or pre-existing con-
ditions, disproportionately influence the find-
ings reported (i.e., demographic variables are
confounding variables), e.g. doctors want to
understand how chest X-ray findings relate to
lung cancer. But instead of including people
from all age groups and different places, they
only look at elderly patients from one specific
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area. This might make the results less useful
because they only reflect what is happening in
that particular group of older people. So, the
findings might not apply to younger patients
or those from other backgrounds. Similarly, if
doctors study how chest X-rays and smoking
are connected, but only focus on people who
are already sick with lung problems, it seems
like smoking is more closely linked to those
lung issues than it is. It is because they are
not considering healthier people who smoke
and are healthy.

K.2 Structural Causal Model
A structural causal model (SCM) M is a mathemat-
ical framework that represents causal relationships
between variables. M is a 4 tuple (U ,V,F , P (U))
(Pearl, 2009), where

• External variables or Exogenous variables
are represented by the set of exogenous ran-
dom variables (U). They are assumed to
be independent of each other and have the
same probability distribution across all obser-
vations.

• Internal variables or Endogenous variables
are represented by V = V1, V2, · · · , Vn. Their
values are determined by other variables in
the model, which can include both external
factors (from U) and other internal variables
(from V themselves).

• Causal relationships is represented by
F , which is a set of structural equations
{f1, f2, · · · , fn}, where each function de-
scribes how an internal variable depends on
external and other internal variables. fi : Ui ∩
Pai → Vi, where Ui ⊆ U, and Pai ⊆ V\Vi

and F : U → V. Equation 5 captures the
causal relationships in the system.

Each Structural equation fi is of the form,Pai
is the set of parent variables of Vi, i.e., the
variables directly influencing Vi:

Vi = fi(Pai,Ui) (5)

• P (U) is a probability function defined over
the domain of U

K.3 Confounding
Confounding refers to a scenario where a shared
cause, possibly unobserved, masks the causal con-
nection between two or more variables. In causal

inference, we can precisely define a causal effect
of X on Y as confounded if the probability of Y
given X equals x (p(Y |X = x)) is not equal to
the probability of Y given an intervention on X
(p(Y |do(X = x))), indicating that collider bias
is a form of confounding. It poses a significant
challenge in analyzing observational data. Imagine
you want to understand why someone might get a
headache. There are many factors involved, like
stress, lack of sleep, and even dehydration. Causal
DAGs can visually show how these things might
be connected. For instance, stress could lead to a
lack of sleep, which in turn could cause a headache.
There could be other factors that are often ignored.
Maybe someone has a headache because they’re
stressed, but they’re also dehydrated because they
haven’t been drinking enough fluids. Dehydration
itself can cause headaches too. This is where do-
calculus comes in. It helps us to figure out which
factors (like dehydration) are likely to be taken into
account how stress truly affects headaches, without
any misleading information.

K.4 Front-door and Back-door criterion
The frontdoor criterion is useful when there are
hidden factors that influence both the image and
the report, and these factors cannot be directly mea-
sured. However, if there is an observable interme-
diate step on the causal path—such as structured
clinical findings—then we can still reason about
causality. In radiology report generation, findings
like cardiomegaly or opacity naturally play this
intermediate role.

In RRG, the causal process follows a clear se-
quence: the image leads to clinical findings, and the
findings lead to the final report. Even if unobserved
factors affect how reports are written, frontdoor ad-
justment can recover the causal effect of the image
as long as these hidden factors do not directly in-
fluence the extracted findings.

Under the frontdoor assumptions, the causal ef-
fect is identifiable as given by equation 6

P (R | do(X = x)) =
∑

m

P (M = m | X)

∑

x′
P (Y | M = m,X = x′)

× P (X = x′)
(6)

where X is the input image, M is the extracted
clinical findings (mediator), Y is the generated, and
U is the unobserved confounder.
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Many RRG systems work in two steps. First,
they predict clinical findings from the image. Then,
they generate the report using only those findings.
If the findings capture all important medical in-
formation in the image, this design follows the
frontdoor principle. Using a two-stage approach is
especially helpful when information such as prior
history or reporting style is missing or unknown.
Because the report is generated only from predicted
findings, the model is less influenced by hospital-
specific language or reporting habits. As a result,
the generated reports are more faithful to the image
and easier to interpret. It also supports counterfac-
tual reasoning: if patient demographics change but
the findings stay the same, the report should remain
unchanged.

The backdoor criterion is used when it is affected
by both the radiology image and the generated re-
port. These variables are called confounders. If the
confounders are ignored, the model may learn pat-
terns that are correlated with disease but not truly
caused by the image.

In RRG, common confounders include patient
age and sex, scanner type (portable vs fixed), and
care setting (ICU vs outpatient). These factors can
change how images look and also influence how
radiologists write reports. For example, ICU pa-
tients often have portable X-rays and more severe
conditions, so a model may wrongly link portable
scanner artifacts to disease. Backdoor adjustment
removes these misleading paths by conditioning on
confounders, so the model learns causal relation-
ships rather than correlations. Backdoor criterion
is given by equation 7

P (Y |do(X)) =
∑

z

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

(7)
where X is the input image, Y is the generated
radiology report (or a finding), and Z is the con-
founders (e.g., age, sex, ICU status)

For a detailed discussion of causality and causal
inference, we refer the reader to standard references
such as (Barocas et al., 2023; Pearl et al., 2016).

L Experimental Roadmap for Evaluating
Existing Mitigation Methods

This section outlines a structured experimental
roadmap for evaluating existing mitigation meth-
ods discussed in Section 4. The goal is to enable
systematic and reproducible assessment of their

effectiveness.

1. Baseline setup. Train a standard radiology
report generation model on any publicly avail-
able dataset (Step 2). This model serves as
the reference point for evaluating mitigation
methods.

2. Dataset configuration. As described in Sec-
tion 5.1 and Table 2, one public dataset can be
used for training. Evaluation should be con-
ducted both on its test split and, if possible, on
an external dataset from a different institution
to assess generalization.

3. Mitigation method implementation. Imple-
ment the mitigation approaches described in
Section 4. Each method should be applied
independently to the same baseline model to
ensure comparability.

4. Controlled comparison. The baseline model
and mitigation variants should be trained us-
ing identical preprocessing pipelines, dataset
splits, and training settings. This ensures that
performance differences reflect the effect of
the mitigation method.

5. Evaluation metrics. Models should be evalu-
ated using causal-aware metrics such as Coun-
terfactual Consistency and Invariant Risk, as
discussed in Section 5.2 and Table 3. These
metrics aim to measure clinical correctness
and robustness to bias.

6. Counterfactual validation. Controlled ex-
amples can be constructed where a specific
clinical finding is added or removed from the
input. The generated reports can then be exam-
ined to determine whether the model correctly
reflects the change, providing a test of causal
sensitivity.

7. Human evaluation. As emphasized in this
paper (Appendix J), expert human evaluation
is an important component of assessment. A
subset of generated reports can be reviewed
by radiologists to evaluate clinical accuracy.
In addition to automatic metrics, practical in-
dicators such as the number of edits required
to correct a report and the time required for
verification can be recorded.

8. Statistical comparison and reporting. Per-
formance differences between the baseline
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and mitigation methods should be reported
using appropriate statistical analysis, such as
confidence intervals and standard significance
tests.

We discuss the practical applicability of the pro-
posed framework in the following section.

M Practical Applicability

An overview of the proposed causal framework
pipeline is presented in Appendix F. This appendix
outlines the causal inference pipeline for radiology
report generation (RRG), illustrating how factors
across image acquisition, representation learning,
report generation, and evaluation may introduce
distinct sources of bias. The focus of this survey
is on technical methods rather than deployment
considerations.

A technical description of the causal inference
concepts used in this work is provided in Ap-
pendix K. In particular, we discuss how Structural
Causal Models (SCMs), the do-operator, and back-
door adjustment can be applied to analyze and mit-
igate bias in RRG systems.

Illustrative example. As discussed in Section 2,
framing bias can affect radiology report genera-
tion. One possible mitigation strategy is to apply
a front-door causal intervention (Appendix K.4)
by explicitly adjusting for confounders such as pa-
tient demographics and prior clinical history. Such
an approach may improve the accuracy of model-
generated reports, enabling clinicians to verify find-
ings and perform fewer edits.

Future empirical studies could evaluate the ef-
fectiveness of this approach using measures such
as radiologists’ satisfaction, the number and type
of edits required to correct reports, and the time
spent verifying them. Improvements along these
dimensions could potentially reduce the workload
associated with report verification and contribute
toward addressing the global shortage of radiolo-
gists.

N Broader Applicability to Similar Tasks

Recent work has increasingly explored causal rea-
soning in medical AI systems. For example, Xu
et al. (2025) propose a causal framework to miti-
gate cross-modal bias in medical visual question
answering (VQA), while Liu et al. (2025) apply
causal modeling to identify disease-relevant pat-
terns from medical images. These studies highlight

the growing relevance of causal methods for im-
proving robustness and reliability in clinical AI
applications.

The causal perspective underlying our frame-
work is not restricted to radiology report genera-
tion (RRG) and can generalize to other medical
language and vision tasks. In medical report sum-
marization, models often learn to replicate stylis-
tic patterns from hospital-specific templates or
frequently occurring phrases in the training data,
rather than focusing on clinically meaningful find-
ings. A causal formulation can instead model the
underlying clinical observations (e.g., diagnoses or
radiological findings) as the true causal factors that
should determine the generated summary, while
treating stylistic artifacts or institutional conven-
tions as spurious correlations.

A similar issue arises in medical question an-
swering (QA). Models may exploit superficial regu-
larities in question phrasing or answer distributions
in the dataset instead of grounding their predic-
tions in relevant clinical evidence. Incorporating
causal structure can encourage models to base pre-
dictions on medically meaningful signals rather
than dataset-specific biases.

Overall, these examples illustrate that the causal
principle used in our framework i.e., distinguishing
clinically relevant causes from spurious correla-
tions, can be applied more broadly across medi-
cal AI tasks, including medical summarization and
medical QA, where robustness to dataset artifacts
and domain biases is critical.

O Information about use of AI Assistants

We used Gemini for minor writing and presentation
improvements.
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