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Artificial intelligence (AI), especially with the recent ad-
vancements of large-language models (LLMs), has be-
come an integral part of clinical decision-making, affecting 
triage, risk stratification, diagnosis, and treatment selec-
tion.1 These tools are typically presented as ways to im-
prove efficiency and objectivity within healthcare. However, 
emerging research suggests that healthcare-related artifi-
cial intelligence does something more consequential and 
troubling: it takes pre-existing biases in clinical practice 
and translates them into a seemingly “objective” clinical 
judgment.2  

Recently, a 2025 study evaluated nine different LLMs, and 
demonstrated that even when the same clinical data is 
inputted, triage priority, treatment recommendations, and 
even the mental health assessments differed solely on the 
basis of race or gender-based demographic indicators.3 As 
opposed to correcting inequities, large-language models 
seem to legitimize them, under the guise of objectivity.3 

The majority of the evaluation metrics pertaining to medi-
cal AI systems focuses primarily on technical performance, 
measuring values such as sensitivity, specificity, area un-
der the receiver operating characteristic curve (AUC-ROC), 
and F1-scores (a composite measure of recall and preci-
sion).4 These metrics address the wrong question entirely. 
The core issue here is not about the performance of these 
AI systems, but about the type of knowledge that is being 
learned and reproduced by them.5 

The root cause for AI biases is well understood. Decades 
of research document systematic disparities in care. For 
instance, in comparable injuries, Black patients are signifi-
cantly less likely than White patients to receive opioid an-
algesia in emergency department settings.6 Women with 
acute coronary syndrome experience longer times to di-

agnosis and are less likely to receive guideline-consistent 
treatment.7 Black patients are more likely to be diagnosed 
with schizophrenia and less likely to be diagnosed with 
mood disorders compared to White patients presenting 
with similar symptoms.8 These inequities remain significant 
after adjusting for clinical severity and comorbidities, sug-
gesting that they cannot be explained by medical factors 
alone. When such clinical decisions are treated as ground 
truth by machine-learning systems, historical inequities are 
learned, reinforced, and then propagated throughout the 
healthcare system.5 

Bias also enters healthcare through clinical documenta-
tion. Studies of electronic health records (EHR) show that 
symptoms of Black patients are more likely to be docu-
mented in ways that suggest non-compliance or exagger-
ation, and symptoms of women are more likely to be at-
tributed to anxiety or stress.9 Medical documentation is the 
primary training input for many AI models, meaning what 
is considered neutral training data is already plagued with 
social bias.5 

Machine learning algorithms trained on such data cannot 
differentiate between medically relevant information and 
systemic inequity. Their task is simply to identify statistical 
patterns which predict future outcomes. When historical 
practice has been unequal, the algorithms encode these 
disparities as a normative pattern. From the model’s per-
spective, unequal care is not a problem to be solved, but 
the very process from which it learns. Bias has thus, be-
come knowledge.10 

The true danger of algorithmic bias lies in its authority. 
Unlike clinicians who can reflect and change behavior, 
algorithms codify historical patterns as fixed parameters, 
reproducing them consistently at scale without capacity 
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for self-correction. Their recommendations are often per-
ceived as data-driven, but this perception is misleading.5 
This contributes to automation bias, where clinicians defer 
to algorithmic recommendations even when they conflict 
with clinical judgment.11 Bias that once emerged episodi-
cally in bedside encounters now operates continuously at 
population scale, shaping care across institutions in ways 
that are systematic, persistent, and far more difficult to rec-
tify. 

No single solution can fully address this. From a techni-
cal perspective, evaluation criteria need to shift from pure-
ly performance-focused validation to evaluation methods 
that interrogate bias directly.12 A promising method would 
be counterfactual stress testing, where models are tested 
on the same set of clinical cases with varying social cues 
such as names or pronouns. This method directly assess-
es whether models are biased towards demographic iden-
tifiers rather than medical data while making recommenda-
tions.13 Adding such tests to the pre-deployment validation 
process would enable institutions to identify bias mecha-
nisms that are normally missed by standard validation met-
rics.14 

However, technical solutions alone are not sufficient. As 
long as AI models are trained on clinical documents that are 
reflective of inequitable care, models will inevitably learn 
inequity as the ground truth.15 This highlights the need to 
intervene at the data curation and annotation phase. In-
struction tuning datasets with balanced representation of 
clinical presentations across sociodemographic groups 
can minimize the strength of associations learned by mod-
els between certain conditions/behaviors and sociodemo-
graphic groups.10 Furthermore, data augmentation tech-
niques, which involve the use of counterfactuals such as 
swapping demographic information and keeping medical 
content constant, can also be employed to break associ-
ations learned by models between identity and healthcare 
needs. While these techniques cannot completely remove 
inequity from model representations, they can minimize its 
salience.16 

Individual stakeholders also play a key role. Medical stu-
dents should begin to see AI literacy as a core clinical 
competency, seeking formal education on algorithmic bias. 
Clinicians should continue to critically appraise AI-gener-
ated recommendations, especially when they conflict with 
clinical judgement. Researchers and developers should 

also employ equity-centered validation into model design 
from the start, rather than treating bias audits as an after-
thought. 

Although AI has tremendous potential to revolutionize 
healthcare, one of its greatest dangers is in hardwiring 
such invisible biases as “knowledge” that informs care. 
Several challenges lie ahead. To tackle this, we need to 
mitigate bias in training data, rigorously test performance 
across subgroups, and build regulatory frameworks that 
keep equity enforced beyond initial model deployment. 
The future is promising however. Medical regulators are 
starting to acknowledge this need. For example, the U.S. 
Food and Drug Administration (FDA) new 2025 draft guid-
ance on AI-enabled medical devices emphasizes bias mit-
igation.17 The medical-AI landscape is advancing fast, and 
awareness among clinicians, researchers, and policymak-
ers is growing. Done right, AI can do more than streamline 
care; it can push medicine toward something more equi-
table and transparent. That future is possible and worth 
pursuing.
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