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Abstract: This paper examines bias in healthcare AI using standpoint theory, showing how demographic imbalances 

in training datasets can produce unequal diagnostic performance and highlighting the need for more representative 

data in medical AI development. 

 

 

INTRODUCTION 

 

The use of Artificial Intelligence (AI) has been on the rise across numerous healthcare domains, with 71% of hospitals 

reporting the use of AI in 2024 for predicting patient health trajectories, identifying high-risk patients, scheduling, 

and hospital operations [5]. Similarly, 66% of physicians reported the use of AI [4] for diagnosis assistance, writing 

visit notes and medical charts, creating discharge instructions and care plans, translation services, and more [8]. This 

rapid adoption has been accompanied by increasing financial investments as well. Global venture funding of AI 

startups in the medical field approximately reached $10.5 billion in 2024, showcasing the investors’ confidence in AI 

technologies [6]. Additionally, the global AI healthcare market was valued at $39 billion last year and is projected to 

exceed one trillion dollars by 2034 [7]. These statistics reinforce the development of AI technologies and reliance in 

the upcoming decade.  

 

As artificial intelligence continues to become integrated in healthcare systems, it is crucial to ensure its accuracy and 

safety, especially in its applications in decision-making processes. In applications such as diagnostic imaging and risk 

prediction, AI directly influences disease diagnosis and treatment. Therefore, AI-based technologies and programs 

carry significant implications for patient outcomes and mortality rates.  

 

This cautionary perspective isn’t uncommon. In fact, a survey conducted in 2022 by the Pew Research Center found 

that 60% of Americans are apprehensive about their medical providers using Artificial Intelligence in their practice 

[17]. In a more recent survey by the same organization, conducted in 2024, 56% of adults still didn’t think that the 

impact of AI in the U.S. “over the next 20 years would be very or somewhat positive” [18]. This shows that the public 

opinion is more anxious than excited or trusting of this change, which presents more reason to correct any fault and 

improve AI systems before further development.  

 

AI systems use clinical datasets and patient electronic records to generate predictions as they recognize patterns 

and relationships between medical symptoms and conditions. Standpoint theory leads us to understand how patient 

records aren’t equally representative of different ethnicities, and prompts us to analyze the consequences of that.  

"This work is in partial fulfillment of the ENGR184 course using the blueprint curriculum in Ref [1,2] and captured in 

a collection [3]." 

 

 



METHODS 

Standpoint Theory 

 

This paper uses standpoint theory as a framework to examine the use of AI tools in the healthcare system and its 

implications on marginalized communities.  

 

Standpoint theory states that knowledge is socially situated rather than being an isolated truth, and that 

marginalized people’s experiences offer an epistemic advantage due to their oppressed positions and thus lead to 

true objectivity. This framework highlights the importance of examining AI not only as a technically functioning and 

optimized instrument, but also as a product of social context that accounts for marginalized experiences.  

 

In this case, the broad, hegamonic understanding is that AI models can achieve proper analytical capabilities and 

become fully functional by the standard AI model training. As previously mentioned, AI models are trained using 

large datasets, where algorithms recognize patterns and relationships between the presented data. Using the 

framework of standpoint theory, we question what additional requirements are essential for the true preparation 

of AI technologies. By examining the demographics across datasets, AI training reveals gaps in its preparation as it 

overlooks marginalized patient experiences.  

 

 

RESULTS AND INTERPRETATION 

 

MIMIC III Dataset: Biased Representation 

 

In “Artificial Intelligence in Medicine and Healthcare - AI Datasets”, The Philadelphia College of Osteopathic Medicine 

Library lists several datasets from medical organizations that are used for training and developing AI in healthcare, 

one of which is from the Beth Israel Deaconess Medical Center between 2001 and 2012 [9]. This dataset provided 

data for machine learning approaches in areas such as predicting patient outcomes, clinical implications of blood 

pressure monitoring techniques, and semantic analysis of unstructured patient notes [10]. Demographic 

descriptions, however, reveal a bias towards white/caucasian patients, with around 70% patient demographics 

belonging to White/Caucasians, 8–10% to Black/African Americans, 3–5% to Hispanic/Latino, 2–4% to Asians, and 

10-15% to Other/Unknown/Multiracial patients [11]. 

 

This dataset provides an example of unequal representation, where one demographic group - White/Caucasian 

patients - dominates the dataset, which leads to a heavily biased algorithm in AI technologies, as AI machines are 

mostly exposed to one group.  

 

This disparity presents an issue because people of the same ethnicity generally share a higher percentage of DNA 

compared to those from different ethnicities. Consequently, some genetic disorders are more likely to occur among 

the same ethnicities due to the presence of disease-causing variants among common ancestry [12]. For instance, 

sickle cell disease is more common among African and Mediterranean heritages, while Tay-Sachs disease is more 

common among eastern and central European heritages [12]. (It is important to note, however, that these disorders 

can occur in any ethnic group.  

 

Therefore, in a heavily biased dataset, AI algorithms wouldn’t be given enough chances to learn patterns among 

specific ethnic demographics on account of the misrepresentation.  

 



Diverse Dermatology Images (DDI) Dataset; Diagnostic Imaging Bias  

 

The Diverse Dermatology Images (DDI) dataset consists of 656 images created to evaluate diverse skin tones and 

determine whether AI systems in dermatology applications perform equally well across different skin tones. This 

study was prompted by the fact that most AI models haven’t been rigorously assessed on images of diverse skin 

tones or uncommon diseases, and so researchers were concerned the system would perform inadequately were it 

to be tested across darker skin tones [14]. As expected, the results showed that the standard,  state-of-the-art 

dermatology AI models perform significantly worse on the DDI dataset, with the accuracy dropping by approximately 

27–36% compared to the performance reported during the original model testing [14].  

 

These results provide yet another example that demonstrates how the composition of the datasets directly affects 

the accuracy and reliability of AI technologies. Because many dermatology datasets contain a larger proportion of 

images from lighter-skinned patients, AI models are exposed to fewer examples of how diseases appear on darker 

skin tones during training. As a result, the algorithm learns patterns that are more representative of the groups most 

frequently included in the dataset. When the system encounters patients whose characteristics are 

underrepresented in the training data, diagnostic accuracy Is likely to decrease. 

 

 

Risk Prediction Algorithms and Social and Political Biases 

 

Using standpoint theory as a framework helps clarify another point regarding the described defects. Standpoint 

theory argues that knowledge is shaped by the social, thus institutional, contexts in which it is produced. Since 

artificial intelligence in medicine reflects the populations that have historically been most represented in medical 

research and documentation, which is in favor of societal power structures, the biased algorithms serve as yet 

another method against marginalized communities. 

 

In addition to diagnostic accuracy concerns, biased algorithms could also benefit institutions that prioritize efficiency 

and cost management within healthcare systems. An example of that is a healthcare risk prediction algorithm 

analyzed by Obermeyer et al., which was widely used by hospitals in the United States to identify patients who 

should receive additional medical care management [15]. The algorithm predicted which patients were most likely 

to develop serious health complications, but instead of directly measuring illness, the model used healthcare 

spending as a proxy for patient health needs. Because healthcare spending historically differs across racial groups 

due to unequal access to care, the algorithm tended to underestimate the health needs of Black patients compared 

to White patients who struggled with similar conditions [15]. The algorithm functioned effectively for institutional 

cost rather than health risk prediction, which benefits healthcare systems attempting to manage spending and 

maximize profits, while failing to reflect the true medical needs of all patient populations. 

 

Several social and political factors may also explain why these disparities can remain unnoticed or insufficiently 

addressed. Many healthcare algorithms are developed by private companies and integrated into hospital systems 

as proprietary technologies, meaning the internal logic of the models is often difficult for clinicians or researchers to 

fully evaluate [15]. Additionally, algorithms are frequently perceived as objective because they rely on statistical 

analysis and large datasets, which may discourage questioning the assumptions embedded within the data used to 

train them. Historical inequalities in healthcare access further contribute to the problem. Marginalized communities 

often receive less medical care due to barriers such as insurance limitations, geographic access to healthcare 

facilities, and socioeconomic constraints [16]. When AI systems are trained on data produced within these unequal 

systems, they may reproduce those same patterns without being immediately recognized as biased. From the 



perspective of standpoint theory, this demonstrates how dominant institutional perspectives embedded in 

healthcare datasets can obscure the experiences of marginalized populations, whose perspectives may reveal 

limitations that remain invisible within dominant knowledge systems. 

 

 

CONCLUSION 

 

The increasing use of artificial intelligence in healthcare has introduced significant opportunities for improving 

efficiency, diagnostic accuracy, and clinical decision-making. However, the effectiveness of these systems is closely 

tied to the data used to train them. As shown through the examples discussed in this study, including the 

demographic imbalance present in the MIMIC III dataset and the diagnostic performance differences observed in 

dermatology AI systems tested on the Diverse Dermatology Images dataset, unequal representation within training 

data can directly influence the accuracy and reliability of AI technologies. When certain demographic groups are 

overrepresented while others are underrepresented, algorithms may learn patterns that are more reflective of 

dominant patient populations while overlooking the medical characteristics of marginalized groups. Through the 

perspective of standpoint theory, this issue demonstrates how datasets produced within existing healthcare systems 

may reflect dominant institutional perspectives while failing to capture the full range of patient experiences.  

This is not to imply that Artificial Intelligence should be eliminated or limited in medicine, for it has shown immense 

promise and potential benefit to the field. This is not to imply that Artificial Intelligence should be eliminated or 

limited in medicine, for it has shown immense promise and potential benefit to the field. For example, AI-generated 

reports were compared to surgeon-written reports involving 14,606 patients across 158 cases. The AI-generated 

reports held a 87.3% accuracy, outperforming the surgeon-written ones, which had 72.8% accuracy [22].  

These results illustrate how AI technologies can meaningfully assist medical practitioners when used appropriately. 

However, ensuring that these benefits apply to all patient populations requires careful consideration of how AI 

systems are developed and trained. By incorporating more diverse datasets and considering the perspectives of 

marginalized communities, researchers and healthcare institutions can work toward developing AI systems that 

produce more accurate and equitable outcomes. 

Going forward, research in this field should focus on improving the representation of datasets used to train AI 

models. Because AI systems learn patterns from the data they are exposed to, expanding datasets to include patients 

from a wider range of hospitals, geographic regions, and demographic groups would allow algorithms to learn 

patterns that are more representative of the broader population. 
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