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INTRODUCTION
Advancements in artificial intelligence 
(AI) have revolutionized the generation of 
realistic images from simple text prompts. 
These AI applications rely on extensive 
datasets of preexisting images for training, 
a practice that could inadvertently propa-
gate bias if the datasets fail to represent the 
diversity of the general population.1 AI has 
had a transformative impact in the health 
care sector, fostering innovation in diverse 
fields such as radiology, pathology, gastro-
enterology, and ophthalmology.2 However, 
adoption of AI in these domains has raised 
concerns about potential bias.3 

Limited research has examined bias in 
AI-generated images for specific profes-
sions, although general studies found that 
images of people with lighter skin tones 
perceived as White are overrepresented.4,5

A recent study in Australia demonstrated 
that DALL-E-generated images of medical 
students favored males with lighter skin 
tones; however, a more granular analysis 

of demographics and student depiction has not been conducted.6

AI image generation technology is so new that little attention 
has been given to its applications. With ever-increasing demand 
for visual content, these algorithms may be used to produce stock 
images for web content, presentations, and marketing materials, 
including those in medicine and medical education. Understanding 
and mitigating biases in AI-generated images is essential to ensure 
fair and inclusive use across different sectors.7,8

In this context, our study aimed to investigate whether AI-generated 
images of medical students accurately reflect the diversity of the 
US medical student population. We specifically examined whether 
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these images displayed evidence of bias 
towards certain demographic groups. 
Investigating potential bias in AI-generated 
images is critical because perceptions of 
diversity in medicine can significantly 
influence inclusivity and equity within 
the profession.9 Consequently, this study 
assessed the presence and extent of bias in 
AI image-generation algorithms by evalu-
ating differences in portrayals of medical 
students by race/ethnicity and sex. 

METHODS
The study was exempt from institutional 
review board review as it did not involve 
human subjects. We generated 300 images 
of medical students by entering the text 
prompt, “medical student” into the 
DALL-E (Open AI) image-generation algorithm between the 
dates February 1 and March 1, 2023. We selected 300 images to 
provide reasonable confidence intervals for proportions, ensure 
adequate cell counts in chi-square subgroup analysis, and main-
tain feasibility for independent double rating and manual data 
extraction.

Two researchers independently analyzed each image for demo-
graphic indicators. Because artificially generated images of virtual 
people have no inherent biological sex or racial/ethnic identity, 
demographic indicators were based on researcher perception. 
Although “perceived sex” or “perceived race” may be more accu-
rate, for brevity the terms are used without qualification through-
out this manuscript. 

Demographic variables included sex (male, female, nonbinary); 
race/ethnicity based on Association of American Medical Colleges 
(AAMC) categories (White, Black, Latino/Hispanic, Asian, Native 
American/Alaskan Native, and Native Hawaiian/Pacific Islander); 
and age group (20-25, 26-30, 31-35, 36-40, and 40+). Additional 
portrayal variables included attire (collared shirt, scrubs, or white 
coat) and setting (outdoors, hospital, classroom, or plain back-
ground).

We summarized data using descriptive statistics and calculated 
interobserver variability. To explore differences in how students 
were portrayed by sex and race, we conducted subgroup analyses 
using 2-way tabulations and chi-square tests to compare attire and 
setting across demographic groups.

Finally, we graphically compared the proportion of sex and 
racial/ethnic groups represented in the virtual cohort with those 
reported in the AAMC medical school enrollment data for aca-
demic years 2019-2020 through 2022-2023.10 Statistical signifi-
cance was set at P < .05, and all analyses were performed in Stata 
version 17 (StataCorp LLC).
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Figure 1. Representative Images Generated by Dall-E 2 With the Prompt “Medical Student” 

Black students were more likely to be portrayed in scrubs than White students who were more frequently 
portrayed in a white coat (P < .001).
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Figure 2. Comparison of the Proportion of Men and Women in AI-generated 
Images of Medical Students and Actual Medical School Matriculants From AAMC 
Data for the Years 2019-2023

Abbreviations: AAMC, Association of American Medical Colleges; AI, artificial 
intelligence.

RESULTS
Of the 300 AI-generated images of medical students, 227 (76%) 
were female and 73 (24%) were male. The most common racial 
group was White (223 [74%]), followed by Asian (46 [15%]), 
Black (19 [6%]), and Latino/Hispanic (12 [4%]), There were no 
images assessed to be representative of Native American/Alaskan 
Native or Native Hawaiian/Pacific Islander students. 

Most students fell into the age range 26-30 years (226 [75%]), 
followed by age 20-25 (42 [14%]), age 31-35 (28 [9%]), age 
36-40 (4 [1%]); none were assessed as older than 40 years.

For setting, most students were depicted against a plain back-
ground (163 [54%]), followed by classroom (57 [19%]), hospi-
tal (51 [17%]), and outdoors (29 [10%]). Scrubs were the most 
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common attire (184 [61%]), followed 
by white coats (105 [35%]) and collared 
shirts (11 [4%]). 

Black and Latino/Hispanic students 
were more commonly portrayed in scrubs 
(84% and 83%, respectively) compared 
with White students (61%; P = .002), who 
were more frequently depicted in white 
coats or collared shirts (39%) (Figure 1). 
Outfit and setting did not vary signifi-
cantly by sex. White students (74%) and 
females (76%) were overrepresented com-
pared with actual medical school matricu-
lant demographics (53% and 54%, respec-
tively) (Figures 2 and 3).

Interrater agreement was as follows: 
sex, κ = 0.96 (excellent); age, κ = 0.28 
(fair); race/ethnicity, κ = 0.83 (excellent); 
outfit, κ = 1.0 (perfect); setting, κ = 0.69 
(substantial).

DISCUSSION
Our study revealed significant disparities in the representation 
of demographic groups in AI-generated images of medical stu-
dents, highlighting the potential for bias in these technologies. 
Female and White students were notably overrepresented com-
pared with national medical school enrollment data. The source 
of this bias likely lies in the diversity  – or lack thereof  – within 
the algorithm’s training set. As AI-generated images increasingly 
appear in online content, these discrepancies could perpetuate 
misrepresentations.

Beyond the demographic imbalances, we observed disparities 
in portrayal across racial and ethnic groups. White students were 
more frequently depicted in white coats, whereas Black and Latino 
students were predominantly shown in scrubs. These differences 
carry symbolic significance: the formal white coat often repre-
sents the physician role and professional authority, while scrubs 
are more commonly associated with other health care roles. Such 
portrayals may mirror real-world marginalization experienced by 
medical students of color, raising concerns about bias influencing 
perceptions of professional status.11

Although these biased portrayals occur in the digital realm, 
their impact may extend to real world perceptions. AI systems 
trained on large quantities of online content reflect the bias we 
encounter daily on the internet. Given the growing demand for 
online content, AI-generated images are likely to be used in a mul-
titude of applications and platforms, including stock photogra-
phy, social media, presentations, and marketing materials, includ-
ing those for medical schools. Unaddressed, these biases could 
reinforce stereotypes and hinder efforts to promote diversity and 
inclusivity in medicine.

Native Hawaiian/
Pacific Islander

American Indian/
Alaskan Native

Hispanic 
or Latino

Asian

Black

White

0	 0.1	 0.2	 0.3	 0.4	 0.5	 0.6	 0.7	 0.8	 0.9	 1
Percentage

AAMC

AI

Ra
cia

l/E
th

ni
c G

ro
up

Abbreviations: AAMC, Association of American Medical Colleges; AI, artificial intelligence.

Figure 3. Comparison of Proportion by Race/Ethnicity in AI-generated Images of Medical Students and Actual 
Medical School Matriculants From AAMC Data for the Years 2019-2023

Our findings align with previous research showing that 
AI-generated images favor individuals with lighter skin tones 
perceived as White.5 This bias may be especially pronounced for 
high-status roles such as physician or medical student.12 AI sys-
tems trained on existing datasets can perpetuate or even amplify 
human biases.13 While our study focused on AI-generated images 
of medical students, these findings are consistent with a growing 
body of evidence indicating the potential for bias across multiple 
AI technologies.14-16

Limitations
Our study has several limitations. We used only 1 image-generation 
application (DALL-E) during a specific time frame, so generaliz-
ability of other platforms or later versions is unknown. Given the 
rapid evolution of AI image generation, these findings are likely to 
change over time. Future studies should examine newer iterations 
of DALL-E and compare results to other AI image-generating pro-
grams to assess stability of these findings over time.

An additional limitation is that the demographic indicators (sex, 
race/ethnicity, age) were based on researcher perception. Because 
virtual humans lack biologic sex or racial identity, this approach 
was unavoidable. Other investigators have analyzed skin tones or 
features associated with gender or race quantitatively,5,12 but it is 
unclear whether this approach is superior. Ultimately, perception 
matters because it influences how viewers interpret these images. 
Interrater agreement was high for most variables, suggesting reli-
able assessments; agreement was lower for age, although this was 
not central to our hypothesis. 
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CONCLUSIONS
This study provides evidence of bias in AI-generated images of 
medical students primarily related to race. The implications of 
these findings underscore the importance of addressing bias in 
AI-generated images used across applications, including medical 
education. Future research should further investigate the sources 
of bias to inform strategies that promote equitable and inclusive 
use of AI tools.
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