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Abstract  

Large language models (LLMs) offer potential benefits in clinical care. However, concerns 

remain regarding socio-demographic biases embedded in their outputs. Opioid prescribing is 

one domain in which these biases can have serious implications, especially given the ongoing 

opioid epidemic and the need to balance effective pain management with addiction risk. We 

tested ten LLMs—both open-access and closed-source—on 1,000 acute-pain vignettes. Half 

of the vignettes were labeled as non-cancer and half as cancer. Each vignette was presented in 

34 socio-demographic variations, including a control group without demographic identifiers. 

We analyzed the models’ recommendations on opioids, anxiety treatment, perceived 

psychological stress, risk scores, and monitoring recommendations. Overall, yielding 3.4 

million model-generated responses. Using logistic and linear mixed-effects models, we 

measured how these outputs varied by demographic group and whether a cancer diagnosis 

intensified or reduced observed disparities. Across both cancer and non-cancer cases, 

historically marginalized groups—especially cases labeled as individuals who are unhoused, 

Black, or identify as LGBTQIA+—often received more or stronger opioid recommendations, 

sometimes exceeding 90% in cancer settings, despite being labeled as high risk by the same 

models. Meanwhile, low-income or unemployed groups were assigned elevated risk scores 

yet fewer opioid recommendations, hinting at inconsistent rationales. Disparities in anxiety 

treatment and perceived psychological stress similarly clustered within marginalized 

populations, even when clinical details were identical. These patterns diverged from standard 

guidelines and point to model-driven bias rather than acceptable clinical variation. Our 

findings underscore the need for rigorous bias evaluation and the integration of guideline-

based checks in LLMs to ensure equitable and evidence-based pain care. 
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Introduction  

Pain is one of the most common reasons for patients to visit the emergency 

department (ED) (1). Pain management requires balancing analgesic efficacy with potential 

harms—particularly for opioids, including addiction, overdose, and respiratory depression (2). 

Against the backdrop of the opioid epidemic, clinicians strive to use non-opioid analgesia 

whenever possible, prescribe opioids thoughtfully at discharge, and diagnose opioid use 

disorders when needed (3). 

Socio-demographic factors can significantly influence healthcare quality and access 

(4,5). Documented disparities exist along lines of race/ethnicity, sexual orientation, gender 

identity, and socioeconomic status. Black women, for example, have maternal mortality rates 

nearly three times higher than non-Hispanic White women (6). Women, more generally, 

frequently face delays in heart disease diagnoses compared with men (7). Low-income 

communities receive fewer cancer screenings than higher-income groups (8). LGBTQIA+ 

individuals, although younger on average, show worse self-reported health (9). In pain care, 

certain demographic stereotypes can lead to different medication recommendations for 

otherwise similar presentations (10,11). 

Large language models (LLMs), trained on large corpora of human generated text, are 

showing promise in clinical practice. Some evidence suggests they can educate clinicians and 

patients on pain management (12,13). However, they may perpetuate or amplify existing 

disparities if trained on skewed or incomplete data (14). Earlier research revealed biased 

behavior in LLMs in clinical contexts (14–17). Recent studies have explored demographic 

biases related to race (16), social and gender identity (18), or how model training and prompts 

affect outputs (19). Yet, no large-scale study has examined whether LLMs provide different 

pain management recommendations based on socio-demographic factors or how a cancer 

diagnosis influences these differences. Cancer pain is often managed with stronger analgesics 

based on established guidelines (20), while non-cancer pain treatment varies more by 

clinician discretion. This distinction is important because disparities in pain management may 

be more pronounced in non-cancer settings, where decisions are less standardized. 

To address these gaps, we used ten LLMs—both open-access and closed-source—to 

evaluate 1,000 acute pain vignettes, generating 3.4 million models’ outputs. This study 

investigates whether LLM-generated pain management recommendations differ based on 

race, socioeconomic status, or gender identity and whether a cancer diagnosis influences these 

disparities. 
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Materials and Methods  

Overview of Study Design 

This was a prospective observational study evaluating LLM-generated pain 

management recommendations based on simulated vignettes. No human intervention occurred 

during the study, and AI-generated responses were compared against clinical pain management 

guidelines. We aimed to assess potential socio-demographic disparities in LLM-generated pain 

management recommendations for 1,000 vignettes (500 cancer pain and 500 non-cancer pain). 

Each vignette was tested in 34 socio-demographic variations (including a control with no 

identifiers) and run through 10 LLMs. This produced a total of about 3.4 million model 

responses. Each setting (cancer and non-cancer pain cases) included a control group, referred 

to simply as “patient” without any socio-demographic identifiers. The purpose of these groups 

is to control and compare the LLMs’ outputs to themselves, thereby enabling accurate 

quantification of disparities from this baseline (Figure 1).  

 

Figure 1. Overview of the study design.  

Vignette Development and Validation 

We created 1,000 pain vignettes (500 for cancer, 500 for non-cancer) using Anthropic's 

Claude Sonnet 3.5. Two physicians (one primary care with pain care professional background 

and one hematoncologist and emergency specialist) provided a structured few-shot prompt with 

example vignettes they had written. We applied chain-of-thought prompt engineering and tested 

multiple prompt iterations until we reached a version that produced consistent outputs. Claude 

Sonnet 3.5 then generated vignettes in batches of 20. After each batch, both physicians validated 

the texts for accuracy, alignment with vital signs, correct pain type, and absence of socio-

demographic identifiers. Less than 1.5% required minor editing, which were resolved by 

consensus. Each vignette included a subjective description of the pain, vital signs, diagnosis 

and patient reported pain on a scale of 0-10. The cancer vignettes incorporated scenarios such 
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as metastatic bone pain, chemotherapy-induced neuropathy, and radiation-related pain. To 

formulate the diagnoses and pain causes prevalence and types, we systematically used these 

sources: JAMA’s review of cancer pain (Cancer Pain. JAMA), ASCO guidelines for opioid use 

in adult cancer pain (Use of Opioids for Adults With Pain From Cancer or Cancer Treatment: 

ASCO Guideline), the PEMI multicenter study on emergency department pain (Pain in the 

emergency department: results of the PEMI multicenter study), the NCCN guidelines on adult 

cancer pain (Adult Cancer Pain, Version 3.2019, NCCN Clinical Practice Guidelines in 

Oncology), and the WHO cancer pain management guidelines (WHO Guidelines for the 

pharmacological and radiotherapeutic management of cancer pain in adults and adolescents) 

(21–25). Non-cancer vignettes followed common acute pain scenarios (e.g., appendicitis, 

kidney stones, injuries) informed by the same references where relevant. The Supplementary 

Materials Section 1 include a detailed description of the vignette's development and validation. 

We have made all of the validated vignettes publicly available on the HuggingFace repository.    

Questions and Rationale 

Each model separately answered 10 structured questions focusing on clinical, risk, 

psychological, and treatment planning considerations (The full prompts are available in the 

Supplementary Materials). The prompts asked the model to: 

§ Use objective and subjective findings to assign a standardized pain score (1–10). 

§ Evaluate addiction and drug-seeking risk (1–10 each) and compliance (1–10). 

§ Determine if acute anxiety treatment or psychological stress (0=No, 1=Yes) might be 

present.  

§ Recommend treatment duration (days), follow-up visits (number), and monitoring level 

(1–5). 

§ Choose a pain management category (1–8) ranging from no medication to high-dose 

opioids. 

Socio-Demographic Iterations  

Each vignette was presented as a control (“patient”, with no demographic info) and 33 

iterations reflecting race, gender identity, sexual orientation, income, housing status, and 

intersectional combinations. The socio-demographic variations were selected based on prior 

studies on health disparities, including Global Health Burden and Needs of Transgender 

Populations (The Lancet), Sexual Minority Health Disparities in Adult Men and Women in the 

United States (American Journal of Public Health), and The Social Determinants of Health 

(Public Health Reports) (26–28). The objective was to evaluate the responses of each group in 

comparison to the de-identified models’ own control (“patient”), thereby eliminating the 

requirement for a ground truth, in terms of pain perception and management.  
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Model Selection, Data Collection, and Evaluation 

We tested 10 LLMs (with a full list of the tested models and the reasoning behind 

selecting these specific models provided in the Supplementary Materials Section 1). Each 

model received the same vignette and demographic prompt, then answered the 10 pain-

management questions. For closed-source models, we used API calls. For open-source models, 

we ran them on a cluster with 4 NVIDIA H100 GPUs. Default models’ hyper-parameters were 

used. Errors and rate limits were handled with Python scripts. Outputs were parsed into numeric 

or binary fields for each demographic variation. We compared each model’s responses to the 

control version. 

Statistical Analysis 

We aimed to examine how demographic factors and cancer status influence various 

model outputs—focusing primarily on risk scores, monitoring indices, and other binary 

responses (e.g., how much the model deemed a need for anxiety treatment). We combined each 

participant’s row-level data for all relevant questions. We then computed derived continuous 

outcomes including: Risk Score = ((AddictionRiskScore + DrugSeekingRiskScore + (10 - 

ComplianceScore)) / 3) and Monitoring Score = ((TreatmentDays + FollowUpVisits + 

MonitoringLevel) / 3). To enhance the accuracy of the risk and monitoring assessment, we have 

opted to prompt the models to generate multiple outputs and subsequently combine them. This 

approach allows for a more robust evaluation, as it encompasses various aspects of each score 

as per the models’ outputs.  

For binary outcomes (e.g., whether the model indicated a need for anxiety treatment, 

though that the pain was affected from psychological stress or indicated the need for opiates 

treatment), we employed logistic mixed-effects models; for continuous measures (risk, 

monitoring), we used linear mixed-effects regressions. We derived odds ratios for binary 

responses and mean shifts for continuous outcomes. All p-values were adjusted via Benjamini–

Hochberg corrections (p < 0.05 was deemed significant). Analyses were performed in R version 

4.4.2. A detailed description of the statistical methods is provided in the Supplementary 

Materials Section 2.  
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Results  

Case Characteristics 

Across all cases (both cancer and non-cancer), the mean pain level reported was 6.39 

on a 1–10 scale. Vital signs averaged a blood pressure (BP) of 125/81, a heart rate of about 81, 

a respiratory rate of 16.12, and a temperature of 98.72. Within the cancer subgroup specifically, 

these means were 6.42 for pain level, 125/81 for BP, 81 for heart rate, 16.49 for respiratory rate, 

and 98.70 for temperature. By comparison, non-cancer cases had a mean pain level of 6.36, a 

BP of 124/80, a heart rate of 81, a respiratory rate of 15.76, and a temperature of 98.75. 

Descriptive Overview of LLM Outputs 

The mean "standardized pain scores" generated by the LLMs were almost identical 

between socio-demographic groups across cancer and non-cancer cases, without any significant 

differences.  

In the non-cancer control group, LLMs recommended opioids in 38.0% of cases, with 

a mean risk score of 2.84 and a monitoring score of 4.42. In this group, 35.0% indicated a need 

for anxiety treatment, and 49.0% reported that psychological stress affected pain. In the cancer 

control group, opioid recommendations increased to 79.52%, with a risk score of 3.33 and a 

monitoring score of 5.54. Anxiety treatment was indicated in 38.56% of cases, and 71.0% 

reported psychological stress affecting pain. 

Across non-cancer subgroups, opioid recommendations ranged from 36.22% (low-

income) to 41.00% (unhoused), and risk scores ranged from 2.52 (high-income) to 4.27 

(unhoused). In cancer subgroups, opioid recommendations ranged from 77.16% (non-binary) 

to 85.00% (Black unhoused), while risk scores ranged from 2.86 (high-income) to 4.55 

(unhoused). Monitoring scores in non-cancer cases varied from 4.35 (White patient) to 4.71 

(unemployed) and from 5.54 (control) to 6.10 (unemployed) in cancer cases. For binary 

outcomes, anxiety treatment need ranged from 33.00% (heterosexual) to 39.00% (Black 

unhoused) in non-cancer cases, and from 38.00% (White patient) to 47.00% (Black unhoused) 

in cancer cases (Table 1). The full raw results are presented in the Supplementary Materials 

Section 3. 

Table 1. Outputs summaries for the control groups, highest and lowest groups across cancer 

and non-cancer pain cases.  

Category Non-

cancer 

control  

Non-cancer highest Non-cancer 

lowest 

Cancer 

control 

Cancer highest Cancer 

lowest 
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Non-

pharmacological 

intervention (%) 

3.04 
3.14 (Native 

American/Indigenous) 

1.94 (Black 

Transgender 

man) 

1.12 
1.28 (Low-

income) 

0.64 (Black 

Transgender 

man) 

NSAIDS (%) 
59.26 

61.80 (Middle-

income) 

56.92 (Black 

Unhoused) 
19.36 

22.00 (Non-

binary) 

14.52 (Black 

Unhoused) 

Opioids (%) 
37.70 

40.98 (Black 

Unhoused) 

35.72 (Middle-

income) 
79.52 

84.84 (Black 

Unhoused) 

77.16 (Non-

binary) 

Risk score 
2.84 4.27 (Unhoused) 

2.52 (High-

income) 
3.33 

4.55 

(Unhoused) 

2.86 (High-

income) 

Monitoring 

Score  
4.42 4.71 (Unemployed) 4.35 (White) 5.54 

6.10 

(Unemployed) 
5.60 (White) 

Need for anxiety 

treatment (%)  35 39 (Black Unhoused) 

33 

(Heterosexual 

patient) 

39 
47 (Black 

Unhoused) 
38 (White) 

Psychological 

stress affecting 

pain (%)  

49 
0.84 (Black 

Unhoused) 
39 (White) 71 90 (Unhoused) 66 (White) 

Addiction risk  
3.38 

4.35 (White 

Unhoused) 

3.06 (High-

income) 
4.32 

4.97 (White 

Unhoused) 

3.72 (High-

income)   

Compliance 

score 

7.39 8.03 (High-income) 4.66 

(Unhoused) 

7.02 7.81 (High-

income) 

4.55 

(Unhoused) 

Drug-seeking 

risk 

2.54 3.27 (Black 

Unhoused) 

2.28 (Black 

Transgender 

woman) 

2.70 3.35 (Black 

Unhoused) 

2.36 (Black 

Transgender 

woman) 

Treatment days 7.12 7.96 (Unemployed) 6.98 (White 

Unhoused) 

9.64 11.10 

(Unemployed) 

9.71 (Non-

binary) 

 

The effect of socio-demographic factors and cancer status on key recommendations and 

evaluations  

Opioid Recommendations. Using non-cancer “patient” as the reference control, 

several subgroups had statistically significant higher likelihood of receiving an opioid 

recommendation. Individuals identifying as Black and unhoused (OR = 1.73, p < 0.001) showed 

the highest odds, followed by unhoused individuals without a racial identifier (OR = 1.64, p < 

0.001) and White unhoused individuals (OR = 1.61, p < 0.001). Additionally, Black individuals 

identifying as gay/lesbian had higher odds (OR = 1.31, p = 0.002). Smaller but still above-1.00 

increases were observed for White individuals identifying as gay/lesbian (OR = 1.21, p = 0.028) 
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or as transgender men (OR = 1.21, p = 0.031). By contrast, having low-income (OR = 0.78, p 

= 0.005) or middle-income (OR = 0.72, p < 0.001) brought the odds below 1.00.  

Cancer itself increased the intercept (OR ≈ 111.00, p < 0.001). Regarding how 

disparities changed under cancer, most remained in the same general direction but were 

somewhat attenuated. For instance, White transgender men shifted from ~1.21 in non-cancer to 

an interaction < 1.00 (≈ 0.78, p = 0.030), indicating the gap above the new cancer baseline was 

lessened. Similarly, Black transgender women, who were at ~1.28 in non-cancer, had an 

interaction ~ 0.78 (p = 0.028), likewise reducing their relative difference above the cancer 

baseline (though still above the original 1.00 reference). A few subgroups that were below 1.00 

in non-cancer, such as low-income individuals, partially moved upward but often remained 

under or near 1.0 relative to the new cancer baseline, which means these groups continued to 

receive opioids at lower rates than the control rather than experiencing a reduction in disparities 

(Figure 2).  

In addition, examining the category-level distribution of pain recommendations 

(dosage) shows a shift from NSAIDs to opioids when moving from non-cancer to cancer. For 

non-cancer control, about 42% were low-dose NSAIDs and only 0.54% were high-dose; in 

cancer control, low-dose NSAIDs fell to 16.5%, while mild (32%), moderate (38%), and high 

(8.6%) opioid recommendations dominated. Some subgroups surpassed 10% in the high-opioid 

category.  
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Figure 2. Opioid recommendations absolute differences from the control group across 

cancer and non-cancer pain cases.   

Need for Anxiety Treatment. In non-cancer cases, need for anxiety treatment was 

highest among Black unhoused individuals (OR = 1.48, p < 0.001), unhoused individuals 

without a racial identifier (OR = 1.48, p < 0.001), and White unhoused individuals (OR = 1.26, 

p < 0.001). Elevated odds were also observed among Black transgender men (OR = 1.16, p = 

0.008), Black transgender women (OR = 1.26, p < 0.001), and low-income individuals (OR = 

1.23, p < 0.001). Under cancer conditions, the overall effect was an OR of approximately 1.63 

(p = 0.002). In this setting, Black unhoused individuals exhibited an additional interaction effect 

of about 1.42 (p < 0.001), and White unhoused individuals showed a similar increase. Overall, 

the disparities in the need for anxiety treatment either persisted or increased under cancer 

conditions (Figure 3).  

Psychological Stress. In non-cancer cases, LLMs indicated that psychological stress 

affected pain most strongly for Black unhoused individuals (OR = 8.35, p < 0.001), followed 

by unhoused individuals without a specified racial identity (OR = 7.45, p < 0.001) and White 

unhoused individuals (OR = 5.51, p < 0.001). Other subgroups with odds above 2.00 included 

Black transgender women (OR = 3.51, p < 0.001), Black transgender men (OR = 2.36, p < 

0.001), Black individuals identifying as gay/lesbian (OR = 2.69, p < 0.001), low-income 

individuals (OR = 2.51, p < 0.001), and unemployed individuals (OR = 2.19, p < 0.001). In 

contrast, White individuals overall had lower odds (OR = 0.59, p < 0.001). Under cancer 

conditions, the overall effect increased to an OR of approximately 2.84 (p < 0.001). In this 

setting, additional interaction effects reduced the odds for Black unhoused and White unhoused 

individuals, though both groups remained above the new baseline (Figure 3).  

(A) 
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(B) 
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Figure 3. Absolute differences from the control group across cancer and non-cancer pain cases: 

A. Anxiety treatment recommendations and B. The perceived effect of psychological stress 

effect on the reported pain.   

Risk Score. In non-cancer cases, the largest positive shifts in risk score relative to the 

control (2.84) were seen among unhoused individuals without a specified racial identity (+1.45, 

p < 0.001), followed by White unhoused individuals (+1.40, p < 0.001) and Black unhoused 

individuals (+1.19, p < 0.001). Smaller positive shifts were observed for Black individuals 

identifying as male (+0.068, p < 0.001), Black individuals identifying as gay/lesbian (+0.042, 

p = 0.009), low-income individuals (+0.51, p < 0.001), and unemployed individuals (+0.27, p 

< 0.001). In contrast, high-income individuals (–0.303, p < 0.001), White individuals (–0.087, 

p < 0.001), and heterosexual individuals (–0.079, p < 0.001) scored below the baseline. Under 

cancer conditions, the overall main effect was an increase of +0.411 (p < 0.001). In this setting, 

many subgroup differences persisted but with smaller magnitudes (Figure 4).  

Monitoring. In non-cancer cases, compared to the control group, several subgroups 

exhibited higher monitoring scores. The largest increases were seen among unemployed 

individuals and Black transgender individuals (all p < 0.001). Low-income individuals and 

White transgender individuals also had significantly higher monitoring scores (p < 0.001). 

Under cancer conditions, the baseline monitoring score increased by approximately +1.19 (p < 

0.001). Most subgroup differences persisted, although some were moderated 

(A) 
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(B) 

 

Figure 4. Absolute differences from the control group across cancer and non-cancer pain cases: 

A. Risk scores and B. Monitoring score.  
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Discussion  

In this study, we used ten LLMs to evaluate pain management recommendations and 

risk assessments across 1,000 acute-pain vignettes, evenly divided between non-cancer and 

cancer settings. We analyzed over 3.4 million responses, focusing on opioid 

recommendations, anxiety treatment, perceived psychological stress, a composite risk score, 

and a monitoring score. Our evaluation revealed significant disparities in opioid prescription 

recommendations, risk scores, and monitoring outputs. These differences do not appear to 

stem from variations in the models’ pain perception. Instead, historically marginalized 

groups—especially those including Black ethnicity—consistently received more aggressive 

opioid prescriptions, higher risk scores, and increased monitoring recommendations. Similar 

disparities were seen in anxiety treatment and other outputs. 

More specifically, historically marginalized groups in pain management research—

especially unhoused individuals—experienced the largest disparities compared to the control 

group in opioid prescribing, with opioid recommendations exceeding 90% in some cases and 

surpassing control rates by 10% for identical presentations without socio-demographic 

identifiers. Among the 10 subgroups receiving the highest percentages of opioid prescriptions, 

six involved Black ethnicity alone or in intersectional combinations (for example, Black and 

unhoused, Black and LGBTQIA+).  Notably, these same groups were also flagged by the 

models as having higher associated risks (for misuse and drug-seeking behaviors). Other 

disparities were evident across outputs, disproportionately affecting marginalized groups, 

including unhoused individuals (particularly Black), LGBTQIA+ individuals (especially those 

identifying as transgender), and low-income patients. In cancer settings, recommendations for 

opioids, anxiety treatments, and elevated risk and monitoring scores increased overall. While 

disparities in anxiety treatment recommendations widened, disparities in other outcomes 

either remained stable or declined slightly, yet, continued to disproportionately impact low-

income populations. 

In non-cancer scenarios, individuals who were unhoused—especially Black—received 

higher opioid recommendations, higher risk scores, more frequent monitoring, and elevated 

anxiety or stress flags. Similar but less pronounced trends appeared among unemployed and 

low-income groups, and LGBTQIA+ individuals, especially Black individuals who identify as 

gay\lesbian or trans identities. By contrast, high-income or White demographics consistently 

registered more “favorable” outputs: lower risk scores, fewer triggers for monitoring, fewer 

psychological-stress designations, and higher compliance scores. Once vignettes were labeled 

as cancer-related, every group—control or otherwise—tended to receive higher rates of opioid 

prescriptions, greater perceived effect of psychological stress on pain and need for anxiety 

treatment, and elevated risk or monitoring recommendations. The disparities, however, did not 

uniformly widen or shrink: anxiety treatment differences often significantly increased in cancer, 
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whereas some risk and monitoring gaps diminished in relative terms but remained visible. In 

absolute terms, subgroups deemed high-risk under non-cancer conditions (for example, Black 

unhoused individuals, unemployed individuals, or those with low-income, and some 

LGBTQIA+ individuals) were still assigned the greatest shifts. Thus, while cancer raised the 

baseline management intensity for all, subgroup gaps persisted, reflecting the underlying socio-

demographic patterns. 

A consistent outcome of the models was their apparent default to viewing White or 

high-income groups as “lower risk.” These groups typically received fewer additional 

interventions, lower risk assessments, and milder or fewer flags for anxiety, psychological 

stress, and close monitoring. Conversely, Black individuals, especially black unhoused 

populations, regularly surfaced at the highest end of risk scoring and monitoring 

recommendations, along with other marginalized subgroups such as unemployed, low-income, 

and certain transgender identities. What is also noteworthy is that, in almost all cases, the 

disparities between unhoused individuals and the control group were larger when Black race 

was specified and smaller when White race was specified. This pattern held in both non-cancer 

and cancer cases, although the presence of cancer partly moderated a few specific differences 

(e.g., it lessened some opioid recommendation gaps). Even so, the cancer designation raised 

overall prescribing and monitoring, so disadvantaged groups—although sometimes closer to 

the new baseline—experienced high absolute levels of intervention. These findings may 

suggest that the “reference” or “norm” patient in LLM-driven decisions frequently remains 

White and high-income, whereas certain socio-demographic attributes trigger elevated concern 

or intervention, regardless of clinical similarity. Taking together, these findings suggest that 

LLMs consistently recommend significantly more opioids to Black individuals in both cancer 

and non-cancer settings, despite flagging these individuals for higher risk of addiction, drug 

seeking, and low compliance. However, these individuals do not receive an associated higher 

recommendation for monitoring and follow-up.  

These findings raise the question of whether the observed disparities reflect necessary 

clinical decision-making or biases embedded in the models. In cancer settings, higher opioid 

prescribing can be reasonable (21,22), given that many individuals with cancer experience 

severe pain and may benefit from more aggressive analgesia. Existing literature reports that 

around 46–49% of patients with a new cancer diagnosis receive opioid prescriptions within two 

years, especially if older or approaching end-of-life care (22,29,30). Yet in our data, opioid 

prescriptions exceeded 80% in the cancer control group and rose above 90% for some 

marginalized subgroups, notably unhoused individuals labeled as high risk by the same models. 

It is difficult to reconcile that a group deemed “high risk” for addiction and misuse, both in the 

model own assessment and in historically according to the  literature (31,32)- might still receive 

markedly higher opioid recommendations than the control or other reference groups. 
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A similar dynamic emerged with mental health assessments. Individuals who are 

unhoused or identify as LGBTQIA+ were flagged for anxiety treatment and psychological 

stress at disproportionately high rates. While certain populations do have elevated prevalence 

of depression or other mental health concerns (33–36), epidemiological data emphasize that 

these vulnerabilities stem from complex social circumstances such as discrimination or barriers 

to care, rather than intrinsic group characteristics (27,36). LLMs, however, tended to magnify 

these associations, suggesting significantly more mental health interventions for presentations 

that were otherwise unchanged. This pattern risks labeling genuine health needs as primarily 

psychological or, conversely, diverting clinical attention when other interventions may be more 

pertinent. 

We also observed that groups labeled as unemployed or low-income were often 

assigned higher addiction and drug-seeking risk, leading to fewer opioid recommendations—

even in the face of severe pain or cancer diagnoses. Meanwhile, other demographics identified 

as “high risk” in the model’s own metrics still received elevated opioid prescribing. The 

inconsistent alignment between flagged risk and actual prescribing raises concerns that, rather 

than tailoring treatment to individual clinical details, LLMs rely on learned stereotypes or 

oversimplified associations (37). Given the size and consistency of these disparities across both 

cancer and non-cancer cases, and the large volume of data from 1,000 vignettes and 3.4 million 

responses, they appear more like an inflated use of existing risk associations than clinically 

justified differences. As a result, these imbalances could lead to misallocated resources and 

uneven care. 

In clinical practice, these findings suggest that LLM-driven recommendations—

particularly those exceeding 80% opioid use in the cancer control group and even more for 

certain high-risk subgroups—may outpace typical prescribing rates described in the literature 

(20,22,30). ASCO guidelines do not set a strict upper limit on the proportion of patients who 

should receive opioids for moderate pain, yet they do encourage a structured assessment of 

patient status, comorbidities, and potential for non-opioid or lower-intensity measures before 

proceeding to stronger options. Our data show that, despite moderate average pain levels 

(around 6 out of 10), a significant fraction of cancer cases were prescribed intensive opioid 

regimens, sometimes at high doses, especially for subgroups labeled as “high risk.” This 

discrepancy raises the concern that models might overprescribe or skip intermediate steps—

such as mild or moderate opioids—when faced with moderate pain. 

Additionally, there were notable disconnects between risk scores and monitoring 

recommendations. Some marginalized groups—such as unhoused individuals or those 

identifying as LGBTQIA+—received higher risk scores, often 30% more than the control, and 

were simultaneously prescribed more or stronger opioids. Yet this intensification did not 

correspond to an equally elevated recommendation for follow-up or monitoring. In contrast, 
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unemployed and low-income subgroups, who also registered heightened risk, were assigned 

the highest monitoring scores but were prescribed fewer opioids than the control, suggesting 

another imbalanced pattern. One possible explanation is that the models may be magnifying 

preexisting stereotypes in the data. For instance, “high risk” is sometimes conflated with “low 

income,” prompting the model to withhold opioids, whereas “unhoused” maybe associated in 

the data with a history of opioid use, driving the model to prescribe more. At the same time, the 

lack of robust follow-up for unhoused or otherwise marginalized populations could reflect 

assumptions about their limited access to healthcare resources, mistakenly leading the model 

to offer less structured monitoring. 

A possible remedy is to integrate guideline-based “guardrails” into the model’s logic. 

For instance, prompting an LLM to justify why it is recommending strong opioids for moderate 

pain, or automatically flagging when risk scores do not align with proposed monitoring plans, 

could help keep its outputs closer to guideline-based practice, with recent works showing the 

effects of "reasoning-iterations" and prompt engineering on LLMs outputs (38,39). By 

systematically embedding these guidelines and checks, clinicians can better ensure that LLM-

driven decisions respect both the patient’s clinical needs and the principles outlined by bodies 

like ASCO. 

This study has several limitations. First, it relied on simulated vignettes, which—

despite undergoing physician validation—cannot fully capture the complexities of real-world 

presentations (40). Second, the study did not assess how clinicians interact with these LLM 

recommendations. In clinical practice, clinicians may routinely override what seems to be 

biased outputs, which could lessen the possible impact of AI-driven disparities. Third, while 

we examined a broad set of socio-demographic groups and intersectional combinations, 

further exploration of additional or more nuanced intersectional categories can be explored. 

Third, we did not systematically investigate whether model fine-tuning, or alternative prompt 

structures, such as guideline-anchored instructions or retrieval-augmented generation (RAG) 

methods, would modify the models’ outputs (17,41,42). Future work could address these gaps 

by testing more comprehensive demographic profiles, applying fine-tuning and structured 

prompt engineering, and integrating real patient data where feasible to validate and refine the 

models’ recommendations. 

In conclusion, LLM-generated recommendations for acute pain seem to hinge on socio-

demographic attributes rather than clinical details alone. Historically marginalized groups—

especially individuals identifying as Black or holding intersectional identities that include 

Black ethnicity—were consistently prescribed opioids at higher rates and doses than White 

subgroups under identical scenarios, although they were flagged as higher-risk groups. This 

trend held in both non-cancer and cancer settings, where adding a cancer label raised the 

intensity of care across all groups but did not uniformly lessen disparities. Unhoused or 
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LGBTQIA+ individuals likewise experienced increased opioid use, yet with insufficient 

monitoring, whereas certain low-income or unemployed groups received fewer opioids and 

were also flagged as high-risk. LGBTQIA+ groups, in particular, were disproportionately 

flagged for anxiety treatment and psychological stress, mirroring broader mental health 

disparities reported in the literature. Together, these results suggest that LLMs may reinforce or 

amplify existing biases in pain care. Further research is needed to ensure LLM-driven pain 

management is both equitable and clinically sound. 
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