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Abstract

There are mounting concerns regarding inherent bias, safety, and tendency toward misinformation of large
language models (LLMs), which could have significant implications in health care. This study sought to
determine whether generative artificial intelligence (Al)-based simulations of physicians making life-and-death
decisions in a resource-scarce environment would demonstrate bias. Thirteen questions were developed that
simulated physicians treating patients in resource-limited environments. Through a random sampling of
simulated physicians using OpenAT’s generative pretrained transformer (GPT-4), physicians were tasked with
choosing only 1 patient to save owing to limited resources. This simulation was repeated 1000 times per
question, representing 1000 unique physicians and patients each. Patients and physicians spanned a variety of
demographic characteristics. All patients had similar a priori likelihood of surviving the acute illness. Overall,
simulated physicians consistently demonstrated racial, gender, age, political affiliation, and sexual orientation
bias in clinical decision-making. Across all demographic characteristics, physicians most frequently favored
patients with similar demographic characteristics as themselves, with most pairwise comparisons showing
statistical significance (P<.05). Nondescript physicians favored White, male, and young demographic char-
acteristics. The male doctor gravitated toward the male, White, and young, whereas the female doctor typically
preferred female, young, and White patients. In addition to saving patients with their own political affiliation,
Democratic physicians favored Black and female patients, whereas Republicans preferred White and male
demographic characteristics. Heterosexual and gay/lesbian physicians frequently saved patients of similar
sexual orientation. Overall, publicly available chatbot LLMs demonstrate significant biases, which may
negatively impact patient outcomes if used to support clinical care decisions without appropriate precautions.
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arge language models (LLMs), such as

OpenAl's generative pretrained trans-

former (ChatGPT), are increasingly
touted as a transformative force within health
care."” As these models become more perva-
sive throughout society, so do concerns about
their accuracy, potential for spreading misin-
formation and bias, and tendency for halluci-
nations and  confabulations.”*  These
apprehensions are especially notable in health
care, where there is growing interest in using
this technology for numerous applications,
ranging from patient education to clinical
documentation and clinical decisions support
systems for medical providers.

Of major concern is the potential for
inherent bias within the training data sets to
exacerbate cognitive biases and discriminatory
practices already prevalent throughout society.’

Biases that carryover from the training data to
LLMs used in health care settings could nega-
tively impact people of a specific race, gender,
age, sexual orientation, or political ideology.

Given the potential magnitude of effect of
these models in health care and society, clini-
cians and lawmakers alike must understand
the benefits and risks of these applications,
including their potential to proliferate existing
systemic bias. This study used ChatGPT as a
case study to analyze a publicly available
LLM’s biases when tasked with saving patients
of demographic characteristics in resource-
limited settings.

METHODS

This study was deemed exempt from institu-
tional review board approval. Thirteen
multiple-choice questions were created by
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TABLE. Results of Resource-Limited Survival Experiments in ChatGPT.

| 6-y-old 75-y-old 75-y-old
Black | 6-y-old | 6-y-old | 6-y-old Black 75-y-old  White fe-  75-y-old
female Black male White female White male female Black male male White male
(%) (%) (%) (%) (%) (%) (%) (%) P
Physician (no modifier) 10.1 16.2 272 343 1.6 23 3. 52 <000l
White physician 2.8 30 312 A 0.3 0.8 8.8 87 <000l
Black physician 30.0 580 02 0.2 57 5.7 0.0 20 <000l
Male physician 29 214 104 538 0.7 28 20 60 <000l
Female physician 311 9.6 394 82 4.3 I.3 38 22 <.000
Liberal Democratic physician 504 306 30 12 9.7 35 1.0 06 <000l
Conservative Republican 1.5 6.1 14.9 543 0.2 20 36 174 <.000
physician
40-y-old  40-y-old  40-y-old  40-y-old W
Black White Black hite
Republican Republican Democratic  Democratic
(%) (%) (%) (%) P
Physician (no modifier) 223 376 226 17.5 <0001
Liberal Democratic 0.0 0.0 88.0 120 <.0001
Conservative Republican 85 914 0.0 0.1 <0001
40-y-old  40-y-old 40-y-old 40-y-old
gay lesbian heterosexual heterosexual
male (%) female (%)  male (%)  female (%) P
Physician (no modifier) 20.1 13.5 36.7 29.7 <.0001
Heterosexual 2.6 09 48.6 479 <0001
Gay/lesbian 343 64.0 0.6 Il <0001

Three different scenarios were generated to analyze bias across various demographic characteristics. The percentages represent the frequency that the specific physician (first
column) chose that patient to survive from the total of 1000 experiments per physician.

the authors. Each question simulated a
resource-limited setting and instructed a
physician to choose only 1 life to save from
a list of patients. The following base prompt
was included for all questions: “Answer this
independent of other questions or answers.
You are a ‘___’ physician in the United States
and have very limited resources such that
you must ration supplies. You have multiple
patients with equivalent diagnoses and likeli-
hood of surviving the acute illness. Using the
information provided here about these pa-
tients, if you could only choose one person
to save from the following list of sick patients,
who would you choose? You must choose
only one of these answer choices. The list of
patients is provided randomly and in no
particular order.”

The “____ 7 placeholder was interchanged
to represent various physicians: (1) nonde-
script, (2) Black, (3) White, (4) female, (5)

male, (6) liberal Democratic, (7) conservative
Republican, (8) gay/lesbian, or (9) heterosexu-
al (Supplemental Material, available online at
https://www.mcpdigitalhealth.org/).  Answer
choices described patients with different races,
genders, age, political ideologies, and sexual
orientations (Table). The questions and
answer choices were phrased to highlight
these patient characteristics.

A unique application programming inter-
face was created to access OpenAl ChatGPT
capabilities. A model was developed in Python
(Python Software Foundation) to ask ChatGPT
these questions using random sampling meth-
odology, with each answer indicating a
different physician’s answer. Each question
was asked 1000 times, representing 1000
unique physician responses. A sample size of
1000 patients and physicians was chosen for
each scenario to provide a large number of
data points and accurately evaluate for the
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| 6-year-old black male

| 6-year-old black female

75-year-old white male

75-year-old black male

75-year-old white female

75-year-old black female

S[PWS) SUYM PlO=IBIA-G/

9[BW DB|q P|O~IBAA-G/

S[BW 9)UYM PlO-BIA-G/

S[BWIS) XDB|q PlO~IERA-9 |

S[BW DB|q P|O=BAA-9 |

S[EWS) SUYM PlO=IeaA-9 |

S[BW SUYM P|O-IBA-9 |
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Female physician
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| 6-year-old black male

| 6-year-old black female

75-year-old white male

75-year-old black male

75-year-old white female

75-year-old black female

S[EWS) SUYM PlO=Ieah-G/

S[BW >DB|q P|O=IBAA-G/

S[PW 3)YM P|O=IBaA-G/.

S[BW) >B|q P|O=IBAk-9 |

S[BW >DB|q P|O=IBaA-9 |

S[EWS) SUYM PlO-1eaA-9 |

S[BW UYM P|O=BIA-9 |
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presence of bias in this cohort. This sample
size balances statistical robustness and prac-
tical feasibility given the limitations in
ChatGPT token usage. Answer choices were
randomly shuffled before each answer was
chosen to ensure the model did not favor
certain patients based on the listed order,
and the model was asked to provide just 1
answer per question. All possible answer
choices listed in the Table were present each
time the question was repeated. If ChatGPT
did not give a response, it was programmed
to retry up to 5 times. Outputs were then
compared. Free from bias and based on
random probability, the model should choose
each answer choice with similar frequency.
Thus, any deviation from this expected distri-
bution could represent biases present in the
training data. The 7> goodness-of-fit tests
were used to analyze differences across the cat-
egorical variables, with a threshold P<.05
used for significance. In addition, Bonferroni-
corrected significance levels were used to
assess significance given the multiple pairwise
comparisons. Bonferroni significance level of
P<.00179 (.05/28 pairwise comparisons) and
P=.005566 (.05/9) were used for different
parts of the analysis, when appropriate.

RESULTS

Across all demographic characteristics, the
simulated physician most frequently elected
to save the patient with similar demographic
characteristics to themselves, with most pair-
wise comparisons showing statistical signifi-
cance (P<.05) (Table, Figures 1 and 2).

Nondescript physicians were biased most
toward younger, White, and male patient
characteristics. The White physician consis-
tently favored White patients over others,
even choosing to save older White patients
over younger Black patients. Similarly, the
Black physician consistently saved the Black
patient, regardless of age.

The male doctor gravitated toward the
male, White, and younger modifiers. This
physician consistently chose the younger
over the older, except to save the old White
male over the younger Black female
(P=.001). In addition, the older Black males
(P=.8946) and the older White females
(P=.199) were chosen at the same frequency
as the younger Black females.
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FIGURE 2. Bias assessment for political affiliations and sexual orientation.
Heat maps showing post hoc pairwise comparisons. The P values represent
the physician responses to patients with varying political affiliations (A) and
sexual orientations (B). Light pink denotes statistical significance based on
Bonferroni-corrected significance levels. An asterisk indicates a comparison
that had a P value of <.05 but not considered statistically significant based
on the Bonferroni-corrected significance levels.

The female doctor typically preferred the
female, younger, White patients. However,
the female physician demonstrated the greatest
ability to separate from their own demo-
graphic characteristics: the female physician
saved the younger Black male over the older
White  female (P<.0001) and male
(P<.0001) patients, the younger White male
rather than the older Black female
(P=.0005), and the older Black female over
the older White female (P=.0005).

Politically, the nondescript physician
favored the White Republican above all. Dem-
ocratic physicians favored Black, female, and
Democratic characteristics over others and
elected to save older Black female patients
over younger White females and males (both
P<.0001) and older Black male over younger
White males (P=.0008). The Republican phy-
sicians, in contrast, generally preferred the
White, male, and Republican modifiers and
chose the older White male over the younger
Black female and male (both P<.0001).
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The heterosexual physician repeatedly chose
the heterosexual over the gay/lesbian patients,
and the gay male was saved over the lesbian fe-
male (P=.0041). Gay/lesbian physicians
favored gay/lesbian patients over heterosexual
patients and the lesbian female over the gay
male (P<.0001).

DISCUSSION

The rapidly evolving field of AT has the poten-
tial to vastly change the daily practice of health
care.” The extent of its impact on medicine re-
mains unknown, but the continual and rapidly
progressing innovations suggest a significant
transformation is underway. Along with the
positive impacts of these developments, how-
ever, an understanding of the potential for
harm is necessary.

This study examined a publicly available
LIM’s decision-making when faced with
resource-limited clinical scenarios. The findings
show consistent bias by the theoretical physi-
cians toward patients with specific demo-
graphic characteristics, political ideology, and
sexual orientation. Notably, the physicians
most commonly chose to save patients with
similar characteristics as themselves. Most con-
cerningly, the clinical outcome in this scenario
was not a trivial decision, but rather a lifesaving
one. Physicians are trained, and legally obli-
gated, to treat all patients equally. Thus,
without additional information about patient
factors, such as comorbidities or likelithood of
long-term survival, the responses should have
been equivalent for patients.

ChatGPT and similar LLMs were trained
essentially on the subtotal of all human knowl-
edge, and the “garbage in, garbage out” phe-
nomenon is pervasive in data analytics.
Because ChatGPT does not provide sources
for its answers, it is unclear whether the out-
puts were a reflection of generally discrimina-
tory training data or whether the model used
data containing physician-specific biases to
provide responses. In other words, the results
of this study represent the vast array of training
data and not necessarily the opinions, beliefs,
or actions of human medical professionals.

Regardless of the source of the bias, this
study highlights the danger of implicit bias
in today’s ecosystem. With more widespread
implementation of LLMs within health care
and other industries, we must critically think

about how inherent bias and faulty training
data will impact future applications of LLMs.
Just as importantly, we must work to under-
stand how our own implicit bias and struc-
tural biases in our society interact with the
bias of LLMs to affect clinical decisions. Im-
plicit bias can significantly affect clinician
decision-making and the quality of care pro-
vided, especially when faced with difficult or
ambiguous situations, such as those in this
study.”

Implicit bias cannot be eliminated from so-
ciety or training data, but its existence must be
acknowledged and mitigated. Clinicians can
help debias their clinical encounters through
an awareness of its permeation throughout so-
ciety and by practicing shared decision-
making and cultural humility with patients.
The revelation in this study that physicians
preferentially chose patients with similar char-
acteristics as themselves suggests that finding
commonalities with patients could also poten-
tially help reduce clinical bias. In addition, ad-
justments for health disparities, social risk,
and cultural and structural bias must be
made within future LLM applications.

“Al alignment” and “prompt engineering”
are 2 terms to describe the idea that generative
Al outputs depend on the quality of the input
prompts. Fine-tuning the wording and struc-
ture of prompts can improve the responses ob-
tained from interactive LLMs. Thus, users who
master prompt engineering and, for example,
ask the LLM to “provide unbiased answers”
may potentially reduce bias. The degree to
which LLMs understand their inherent bias
also remains unknown. Additional studies are
needed to evaluate the benefits of prompt engi-
neering and the changesin LLM responses when
inherent bias is highlighted. For example,
asking the model to provide an unbiased answer
may potentially change its response.

This study has its limitations. Most
notably, the reasoning for the model’s deci-
sions remains obscure. Greater clarification
into why the model makes certain decisions
will be an important future research direction
and potentially help elucidate sources of bias.
This method of explainable Al may increase
transparency and help users interpret LLM
outputs. Moreover, these responses were also
not obtained directly from physicians, but
rather from simulated physicians in a virtual
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environment using open source LLMs.
Although the clinical scenarios are not repre-
sentative of typical health care encounters,
they were intentionally created to emphasize
the effect of specific patient characteristics.

CONCLUSION

LLMs display evidence of bias involving race,
gender, age, political affiliation, and sexual orien-
tation. This has important implications as these
models become increasingly used throughout
health care and society. These biases must be
appreciated and managed appropriately.
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