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Abstract: Artificial Intelligence (AI) has the potential to optimize personalized treatment tools and enhance clinical decision-making. 
However, biases in AI, arising from sex, race, socioeconomic status (SES), and statistical methods, can exacerbate disparities in pain 
management. This narrative review examines these biases and proposes strategies to mitigate them. A comprehensive literature search 
across databases such as PubMed, Google Scholar, and PsycINFO focused on AI applications in pain management and sources of 
biases. Sex and racial biases often stem from societal stereotypes, underrepresentation of females, overrepresentation of European 
ancestry patients in clinical trials, and unequal access to treatment caused by systemic racism, leading to inaccurate pain assessments 
and misrepresentation in clinical data. SES biases reflect differential access to healthcare resources and incomplete data for lower SES 
individuals, resulting in larger prediction errors. Statistical biases, including sampling and measurement biases, further affect the 
reliability of AI algorithms. To ensure equitable healthcare delivery, this review recommends employing specific fairness-aware 
techniques such as reweighting algorithms, adversarial debiasing, and other methods that adjust training data to minimize bias. 
Additionally, leveraging diverse perspectives—including insights from patients, clinicians, policymakers, and interdisciplinary colla-
borators—can enhance the development of fair and interpretable AI systems. Continuous monitoring and inclusive collaboration are 
essential for addressing biases and harnessing AI’s potential to improve pain management outcomes across diverse populations. 
Keywords: pain, artificial intelligence, biases, race, gender, socioeconomic status, statistical biases

Introduction
Artificial intelligence (AI) is revolutionizing pain management by enabling personalized care and enhancing clinical 
decision-making. AI systems, designed to perform tasks such as data processing, pattern recognition, and natural 
language comprehension, rely on algorithms—step-by-step problem-solving methods—and models, which are mathe-
matical representations of real-world processes. Machine learning (ML), a subset of AI, utilizes techniques such as 
supervised learning, where labeled input and output training data are used, and unsupervised learning, which analyzes 
raw, unlabeled data. Deep learning, an advanced form of ML inspired by the human brain, is particularly impactful in 
recognizing complex patterns in data, such as medical images, text, and audio, enabling more accurate insights and 
predictions.1 These tools have found extensive applications in healthcare, particularly in analyzing medical imaging and 
processing complex datasets critical to pain research. For instance, deep learning models have been employed alongside 
techniques such as random forests and support vector machines for the analysis of medical images,2 which is essential in 
diagnosing and treating pain-related conditions. However, a major limitation is the variability in dataset quality and size, 
as large, high-quality datasets are often required to achieve meaningful results in medical imaging and related analyses.3

The application of AI in pain management encompasses assessing pain, predicting treatment responses, and optimizing 
interventions. Pain management addresses diverse populations with unique needs, including elderly adults, middle-aged 
adults, children, and newborns. The clinical steps involved include accurate pain assessment, determination of underlying 
causes, formulation of treatment plans, monitoring for efficacy, and timely adjustment of interventions. AI-driven systems 
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have the potential to improve each step by providing more precise diagnostic insights, predicting individual responses to 
therapies, and tailoring interventions for specific demographics.

Despite these advantages, biases in AI systems threaten to perpetuate or exacerbate existing disparities in pain 
management. Biases may arise from several sources, including the algorithms themselves, the data used to train them, or 
statistical factors. For example, sampling bias occurs when training data fails to represent broader populations, while 
measurement bias reflects differences in how pain is assessed across demographic groups. Algorithmic bias, meanwhile, 
stems from inequities embedded in algorithmic decision-making, resulting in unequal outcomes for specific populations. 
These biases could disproportionately affect vulnerable groups, such as female patients, racial and ethnic minorities, and 
individuals from lower socioeconomic statuses, ultimately restricting equitable access to care.

To address these challenges, this narrative review explores the origins and implications of biases in AI-driven pain manage-
ment, with a particular focus on sex, race, ethnicity, and socioeconomic status. By incorporating real-world examples, such as 
studies where AI tools underestimated pain levels in specific demographic groups, this review aims to promote awareness and 
advocate for clinical and policy measures that ensure fairness, inclusivity, and personalization in pain management. This review 
also outlines actionable strategies to address bias, such as developing culturally sensitive pain assessment tools, incorporating 
socioeconomic variables into predictive models, and ensuring sex-specific evaluations of treatment efficacy. By informing future 
research directions and equipping clinicians, researchers, and policymakers with tools to create equitable AI-supported 
approaches, this work seeks to maximize the benefits of AI in pain management while minimizing its potential harms.

Methods
We evaluated studies from databases including PubMed, Google Scholar, and PsycINFO. As seen in Figure 1, the searches 
focused on research addressing the applications of AI in pain management and their impacts on sex, race, ethnicity, and 

Figure 1 Flow Diagram for Study Selection in Narrative Review of AI, Pain Management, and Biases (2010–2024).
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socioeconomic status, as well as strategies to mitigate biases in AI algorithms. A total of 4207 non-duplicates records were 
initially identified through database searches specifically mentioning AI and pain in either the title or abstract. Records were 
reduced to 903 after preliminary screening for clinical trials, meta-analysis, randomized controlled trial, review and systematic 
review. Keywords used to further refine the search were “Pain”, “Sex”, “Socioeconomic Status”, “Race”, “Ethnicity”, 
“Statistical Bias”, “Artificial Intelligence”, “Deep learning”, “Algorithmic bias”, “Bias mitigation strategy”, “Data-driven 
AI system”, “Fairness in data mining”, and/or “Fairness management”.

Inclusion criteria specified studies published in peer-reviewed journals between 2010 and 2024, focusing on applica-
tions of AI in pain management or bias mitigation strategies relevant to sex, race, ethnicity, or socioeconomic status. 
Studies were required to provide original data or systematic insights into AI biases, fairness, or mitigation techniques. 
Exclusion criteria included non-peer-reviewed studies, conference abstracts without sufficient methodological detail, and 
papers unrelated to AI applications in pain management or bias mitigation.

To ensure a rigorous and unbiased selection process, at least 2 reviewers screened the studies. Disagreements during 
the screening process were resolved through discussion, and when necessary, an independent reviewer was consulted to 
reach consensus. Following the initial screening, reviewers evaluated for their contribution to the thematic development 
and overall argument of the review. This resulted in the inclusion of 48 studies that offered critical insights into biases in 
pain management and strategies for their mitigation.

Results
Overview of Artificial Intelligence and Pain Management
Pain affects billions of people worldwide, impacting both physical and psychosocial aspects of health.4 Scientists had utilized 
AI to improve pain assessment, diagnoses, and treatment.5 AI and ML has the potential to study pain mechanisms, assist with 
drug and intervention discoveries, and facilitate a fairer and more diverse clinical trials’ recruitment processes.6,7 AI and ML 
techniques are used to analyze both self-reported pain scores and scale-based clinical pain assessments, as well as pain-related 
physiological measurements, to improve pain assessment, prediction, and treatment outcomes.8 For example, the Patient- 
Reported Outcomes Measurement Information System (PROMIS-29) score evaluates a patient’s pain intensity, interference, 
function, and psychological health, which can be monitored with the help of AI, as seen in other patient-reported outcome 
measurement scores. In addition to self-reported pain, scale-based pain assessments, such as the Visual Analog Scale (VAS) or 
Numeric Rating Scale (NRS), are commonly used in clinical settings. Furthermore, AI-driven pain management systems often 
integrate multimodal data and scales as pain labels, enabling more comprehensive and accurate predictions of pain severity 
and treatment responses. These scales may be monitored with the help of AI as seen in other patient reported outcome 
measurement scores.9 AI-powered chatbots may also improve treatment plans and offer immediate access to information.10 

Utilizing AI in pain management can improve patient care by alleviating anxieties, promoting adherence, and facilitating 
a relationship between patients and physicians.

AI can potentially improve pain diagnoses, prediction, and self-management.11 Its ability to rapidly study large 
patient datasets and identify patterns in acute pain symptoms can offer real time feedback and tailor management for 
patients with chronic pain. AI could integrate data from the medical records, wearable devices like Apple watch, or any 
patient reported outcome data to provide a comprehensive description and prediction of pain onset, palliative factor, 
quality, radiation, severity, temporality, and inciting incident.12–14 AI can be a powerful tool to help physicians anticipate 
and manage complex pain effectively.15 Research reveals that AI prediction models could utilize data on patients’ knee 
symptoms, Kellgren-Lawrence grading, their sex, race, and ethnicity to predict outcomes for total knee arthroplasty 
(TKA). In this study, AI was 80% accurate in predicting which patients would undergo TKA within the next two years.16 

This technology could be utilized to predict which patients would undergo successful spinal cord stimulator trials, 
kyphoplasty or other advanced interventional pain procedures. However, more data is needed to validate its efficacy in 
large clinical trials.17 By leveraging extensive datasets available through the medical records system and remote patient 
monitoring system by various medical device companies, we have the potential to personalize pain management, increase 
quality of life and improve long term outcomes for patients with chronic pain.
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Utilizing AI tools in clinical pain setting could forecast unique patient’s responses or lack of responses to treatment during 
acute pain flare ups. AI’s ability to predict symptoms in chronic pain patients could enable better coordination between primary 
care providers and pain specialists to facilitate earlier pain prevention and possible interventions if the likelihood of dangerous red 
flags symptoms, like spinal cord injury, active infection, or tumor, arise.18,19 Despite these positive features, concerns with data 
literacy, algorithmic bias, and the need for uniform standards within the healthcare profession must be resolved if we are to fully 
utilize AI in pain treatment.7 Important measures include teaching providers the application of AI tools and the ethical usage of 
patient data.20 AI can also help reduce administrative burden, such as coordinating appointments, scheduling meetings, 
welcoming visitors, dispatching timely reminders and note writings, and thus improve patient care despite potential biases.21

Regardless of the benefits of AI, there may be ethical issues that need to be addressed. Transparency and accessibility 
of AI systems, which may be viewed as “black boxes” with limited understanding in how they make decisions,22 are 
among the major challenges. If the AI system does not clearly provide rationale to both physicians and patients as to why 
certain clinical predictions or recommendations are made, these AI models may detrimentally affect the patient–doctor 
relation and foster mistrust. When assessing medical records for AI data analysis, researchers should also be wary about 
potential data breach.23 Furthermore, many are still worried that AI biases will aggravate further health inequalities.24 

Biases in AI usage in pain management algorithms might result in differences in treatment depending on sex, color, 
socioeconomic status, and statistical data representativeness utilized to train these AI models.

Sex Biases in AI and Pain Management
For our paper, gender refers to the identities that society describes individuals, while sex is the biological differences such as 
chromosomes, hormone levels, and reproductive/sexual anatomy. Given that our literature review reveals studies examining 
on sex differences and do not account for gender identities that may vary, this paper will focus on sex biases given more 
existing evidence. Future research and AI applications should include a broader variety of gender identities to ensure more 
diverse and comprehensive data. As seen in Table 1, research shows disparities in AI algorithms’ accuracy rates for diagnosing 

Table 1 Summary of Sex-Related Biases in AI-Driven Pain Management Models

Focus Area Description Examples/Findings References

Sex biases in AI 

accuracy rates

Disparities in AI algorithm accuracy for 

diagnosing and treating pain in male vs 
female patients.

Accuracy disparities noted for pain 

disorders presenting differently in 
males and females

Buslón et al (2023),25 Weber et al 

(2021)29

Underrepresentation 
in clinical trials

Female underrepresentation leads to 
inaccurate training data for AI models 

evaluating pain.

Clinical trial designs often fail to 
represent female participants 

adequately

Bierer et al (2022)26

AI recommendations 

and sex disparities

Clinical recommendations from AI 

chatbots vary by sex, influencing 

outcomes.

AI chatbot inconsistencies in clinical 

recommendations by patient sex

Kim et al (2023)27

Perioperative AI 

biases

AI systems may propagate sex 

stereotypes, reducing reliability for female 
patients.

Biases noted in perioperative settings; 

informed consent differences by sex

O’Reilly-Shah et al (2020),28 

Maheshwari et al (2023),30 

Borkhoff et al (2013)31

Risk modeling and 
sex-specific elements

Risk models may neglect sex-specific data, 
distorting risk estimates for females.

Frailty and surgical risk modeling 
discrepancies for female patients

Tam et al (2019)32

Therapeutic 
intervention 

differences

Differences in pain treatment responses 
(eg, knee injections, cardiovascular pain).

Intra-articular knee injections show 
differing effectiveness in females vs 

males

Tan et al (2018),33 Karnib et al 
(2019)34

Osteoid metaplasia 

and back pain 

disparities

Severity differences in osteoid metaplasia 

and low back pain between sexes.

Low back pain management differs 

between male and female patients

Borg et al (2021),35 Schilter et al 

(2024).36
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and treating pain between male and female patients.25 Female underrepresentation in clinical trials can lead to inaccurate data 
being used to train AI models that evaluate pain.26 Advocating for more equitable sex representation in clinical trial data could 
help offset potential disparities. Such bias is seen in research on an AI chat bot that demonstrates variations of clinical 
recommendations based on patients’ sex.27 If left unchecked, these biases can have significant implications for pain manage-
ment, affecting clinical care and health outcomes of both male and female patients.28

For example, the use of AI in clinical care introduces biases in perioperative settings.30 Clinical decision support AI 
systems could unknowingly propagate sex stereotypes. Research shows that data with male patients results in algorithms 
that could be less reliable for females, especially in detecting pain disorders, which show up differently between sexes.29 

Furthermore, algorithms developed usually lack diversity and well-established clinical guidance. These biases are seen in 
the informed consent process for surgeries as well as for clinical research, where researchers communicate differently to 
male and female patients and thus impact how patients of different sex interpret information.31 Female participants are 
less likely than male participants to receive detailed explanations. They are also more likely to have their concerns about 
the clinical trials dismissed, which could contribute to female participants’ understanding of research studies’ risks and 
benefits and thus may contribute to their reluctance to participate in the clinical trials.37 In addition, the risk modeling 
used in AI may neglect sex-specific elements due to lack of data and thus distort risk estimates for female patients 
experiencing pain.32 Sex-sensitive models that focus on sex-based variations in data can produce further biased results.38

In addition, sex-specific responses to therapeutic interventions emphasize the need to involve sex in medicine and clinical 
research to improve produced data for the AI systems. Studies on knee pain, for example, indicate that compared to male 
patients, female patients might react differently to pain treatments, such intra-articular knee injections.33 Cardiovascular- 
related pain conditions utilizing AI also show differences in sex.34 Conventional research practices often either fail to analyze 
results based on sex or include adequate representation of both sexes. Researchers observe disparities between males and 
females in the severity of osteoid metaplasia and low back pain.35,36 Strategies to mitigate these sex biases include but are not 
limited to representing more equitable data for both males and females, increasing understanding of the biological basis of sex 
differences in pain treatment responses through more sex-specific research, and to incorporate sex-specific considerations in 
AI algorithms that provide clinical prediction and recommendations. Researching and implementing strategies to mitigate 
biases could ensure a more equitable healthcare delivery among sexes when utilizing AI.39

Racial Biases in AI and Pain Management
Racial bias biases in AI and pain management may arise from systemic healthcare issues and overrepresentation of 
patients with European heritage in clinical trials. As seen in Table 2, this may be due unequal access to pain clinics and 
tertiary care centers, where data used for AI models could be collected.40 A study that examines AI chatbot responses to 
clinical scenarios reveals AI biases such as different recommendations based on patients’ demographics.27 Therefore, 
these biases can have significant implications for pain management for marginalized populations.28 Particularly in 
diseases like osteoarthritis, research using deep learning techniques revealed significant racial inequalities in pain 
rating.41 These methods can account for discrepancies when predicting patients’ experienced pain using knee X-rays. 
AI assisted CT and MRI image analysis also reveals racial bias that guides pain management. Studies reveal that lower 
socioeconomic level, absence of health insurance, and limited availability of imaging facilities in underdeveloped areas 
may contribute to minorities’ often unequal access to such significant imaging technology.42 More diverse training data 
set may improve the use of AI in pain management for patients of color. In addition, by analyzing facial expressions, 
body language, and vocal signs, AI may be used to automate pain assessment.43 However, racial biases in facial 
recognition software may be problematic as current data mostly contain pictures of lighter skinned individuals. This 
lack of training set could reduce accuracy for those with darker skin.44 While 62% of the population identifies solely as 
white, 38% identify as non-white or multiracial, a demographic growing rapidly due to global migration. Relying 
exclusively on data from white patients can lead to inaccurate outcomes, such as misdiagnosing conditions like 
melanoma in Black individuals when the AI has only been trained on white patient data.19
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Socioeconomic Biases in AI and Pain Management
Socioeconomic status (SES) can also affect biases in AI and pain management because data from lower SES may be 
excluded in the AI models used for pain management. Seen in Table 3, there may be incomplete electronic health record 
data from lower SES population. Important data, such as pain scores, ICD-10 coding, reporting of pain prescriptions and 
therapies, from lower SES patients may be excluded from AI models.45,46 Studies support that lower SES patients had 
a greater proportion of missing data, potentially leading to disparities in AI models affecting patient care.47 Due to 

Table 2 Summary of Racial Biases in AI-Driven Pain Management Models

Focus Area Description Examples/Findings References

Racial Bias in Clinical 
Trials

Overrepresentation of patients with European 
heritage in clinical trials leads to biased AI models in 

pain management. Unequal access to care 

exacerbates disparities.

AI models trained on skewed data may not 
accurately predict pain or treatment 

outcomes for racially diverse populations.

Gebran et al 
(2023)40

AI Chatbot 

Responses

AI chatbots may provide different recommendations 

based on patients’ demographics, highlighting racial 
disparities in AI-generated clinical advice.

AI chatbot studies show inconsistencies in 

recommendations based on race and 
demographics, affecting treatment equity.

Kim et al (2023)27

Racial Inequality in 

Pain Rating

Deep learning models reveal racial disparities in pain 

perception and rating, especially in osteoarthritis 

patients.

Studies indicate discrepancies in predicted 

pain levels from knee X-rays across racial 

groups.

Lee et al (2022)41

AI in Imaging 

Analysis

AI-assisted CT and MRI image analysis exhibits racial 

biases, partly due to limited access to imaging 
technologies in underserved areas.

Unequal access to advanced imaging 

contributes to disparities in pain 
management for racial minorities.

Tejani et al 

(2024)42

Facial Expression 
Analysis

Facial recognition AI models underperform for 
individuals with darker skin due to 

underrepresentation in training datasets.

Biases in facial recognition algorithms lead to 
less accurate pain assessments for individuals 

with darker skin tones.

Fontaine et al 
(2022);43 Bacchini 

& Lorusso 

(2019)44

Impact of 

Underrepresentation

Over reliance on data from white patients leads to 

inaccuracies for non-white patients, such as 
misdiagnosing conditions like melanoma.

Lack of diverse datasets results in diagnostic 

errors and unequal outcomes for 
marginalized populations.

Robinson et al 

(2024)19

Table 3 Summary of Socioeconomic Biases in AI-Driven Pain Management Models

Focus Area Description Examples/Findings References

Exclusion of Lower 

SES Data in AI 

Models

Data from lower SES patients, such as pain scores, 

ICD-10 codes, and prescriptions, are often missing, 

leading to their exclusion in AI pain management 
models.

Studies highlight disparities due to 

missing SES-specific pain data in AI 

models.45,46

Gianfrancesco & 

Goldstein (2021);45 

Clarke & Fitzcharles 
(2024)46

Incomplete EHR 
Data from Lower 

SES Patients

Electronic health records (EHRs) for lower SES 
patients often contain incomplete data, which may 

reduce the accuracy and fairness of AI models.

Lower SES populations show a greater 
proportion of missing EHR data, 

affecting AI model outcomes.47

Nazer et al (2023)47

Variations in AI 

Chatbot 

Recommendations 
by SES

AI chatbot studies show differences in 

recommendations based on patients’ socioeconomic 

status, contributing to disparities in treatment 
outcomes.

AI chatbot responses vary significantly 

based on SES, influencing clinical 

decision-making.27

Kim et al (2023)27

SES and Pain 
Sensitivity 

Correlation

Lower SES patients may be perceived as experiencing 
less pain, a bias that can be perpetuated by AI 

algorithms used in medical decision-making.

AI algorithms may wrongly assume 
lower pain sensitivity for low-SES 

patients, reinforcing biases.48

Summers et al (2021);48 

Dorner et al (2011)49
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incomplete data sets that make up the AI decision making models, lower SES patients are at risk of receiving poorer 
treatments and outcomes.48 The missing EHR data suggests a potential lack of equitable pain related data, which may 
contribute to furthering biases in pain management. Research examining the impact of AI chatbot responses on clinical 
scenarios also supports that there are variations in recommendations based on patients’ socioeconomic status.27

In addition, the correlation between socioeconomic position and assessments of pain sensitivity also underscores the 
important role of bias in medical decision-making processes.49 AI algorithms may contribute to the perpetuation of 
disparity in pain management by assuming that those with lower socioeconomic status suffer less pain. A more robust 
pain related data that also incorporates equitable SES could help improve AI chatbots that are linked into healthcare 
systems as it could help fill in the gap for low resource settings with lack of pain specialists.10 Although there are 
concerns about SES biases in AI and pain management, clinician approved and secured multilingual AI chatbots can 
increase medical information by making it accessible through smart phone applications and clinic kiosks.

Statistical Biases in AI and Pain Management
The use of AI in pain management may also contain statistical biases50 as seen in Table 4. Datasets often exclude 
underrepresented demographics. Biased datasets can lead to a limited ability to apply the algorithms in a diverse patient 
population. The heterogeneity in size and limited datasets in pain research may make the AI tools more susceptible to 
sample bias, measurement or classification bias, and label bias.51 Sampling bias may influence reliability of these AI 
tools because the datasets do not accurately represent the total population. Measurement or classification bias can also 
arise from discrepancies in healthcare provision. Label bias during the data gathering process may also lead to inaccurate 
conclusions being drawn across different demographic groups. Furthermore, the presence of bias caused by incomplete 
data limits the AI’s capacity to consider a wide range of patient attributes, potentially resulting in the exclusion of 
specific groups from receiving certain interventions.52 Publication bias can also exacerbate these challenges by skewing 
the data available for AI model development, favoring positive or statistically significant results over null or negative 
findings. This selective availability of findings may limit the diversity and representativeness of datasets, further 

Table 4 Summary of Statistical Biases in AI-Driven Pain Management Models

Focus Area Description Examples/Findings References

Exclusion of 

Underrepresented 

Demographics

Datasets used in AI for pain management often exclude 

certain demographics, leading to reduced applicability for 

diverse populations.

Underrepresentation leads to a lack of 

generalizable AI models for diverse patient 

populations.50

Chin et al 

(2023)50

Heterogeneity and 

Limited Dataset 
Sizes

Small, heterogeneous datasets make AI tools more 

vulnerable to statistical biases, limiting their 
generalizability.

Limited datasets in pain research increase 

susceptibility to sample, measurement, and 
label biases.51

Faes et al 

(2022)51

Sampling Bias in AI 
Models

Sampling bias occurs when datasets do not accurately 
reflect the total population, reducing reliability of AI 

tools.

AI tools trained on unrepresentative data 
may yield unreliable outcomes for broader 

populations.51

Faes et al 
(2022)51

Measurement or 

Classification Bias

Discrepancies in healthcare provision can result in 

measurement or classification bias in AI models.

Biases in healthcare delivery contribute to 

inaccuracies in pain classification and 

measurement.51,52

Faes et al 

(2022);51 

Bekbolatova et al 
(2024)52

Label Bias in Data 
Gathering

Labeling errors during data collection may lead to 
inaccurate conclusions across demographic groups.

Label biases during data collection cause 
disparities in conclusions for different 

demographics.52

Bekbolatova et al 
(2024)52

Impact of 

Incomplete Data

Incomplete datasets reduce AI’s ability to account for 

diverse patient attributes, potentially excluding specific 

groups from interventions.

Incomplete data limits equitable 

consideration of diverse patient 

populations in AI-driven interventions.52

Bekbolatova et al 

(2024)52
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entrenching disparities in pain management. To promote equitable and effective AI-based tools for pain assessment and 
management, it is important to increase collaboration between clinicians, researchers, policy makers and computer 
scientists.

Strategies and Future Directions for Mitigating Biases in AI and Pain Management
Sex differences, race/ethnicity, socioeconomic status, and statistical biases can affect AI models used in pain treatment. We 
explore the complex issue of bias in pain management by addressing four critical dimensions: identifying clinical areas most 
vulnerable to bias; examining the potential of AI-driven interventions to reduce disparities; analyzing populations dispro-
portionately affected by bias, including distinctions by sex, race, ethnicity, and socioeconomic status, alongside strategies for 
AI to address these inequities; integrating advanced tools in pain assessment to further mitigate bias; and outlining future 
directions to enhance equity, transparency, and inclusivity in AI-supported pain management approaches. We formulate 
various strategies to minimize these potential biases.53 For example, interpretable AI approaches, such as optimal classifica-
tion trees, could identify and reduce racial inequalities in the treatment of post-rehabilitation injuries and pain.40 These 
approaches prioritize fairness and accountability in algorithm design. The use of varied and inclusive datasets can enhance the 
applicability of AI models, transparency, and fairness-conscious protocols. Moreover, engaging with a wide range of view-
points from diverse clinicians, scientists, and patients might help to recognize and resolve possible biases.54 Understanding 
and addressing publication bias requires fair sampling and robust certification procedures that encourage the inclusion of 
diverse study outcomes.55 Continuous monitoring and improving AI detection systems may effectively supervise bias in AI 
models, advancing a more equitable pain management system.56

In addition to post-injury rehabilitation, efforts to reduce racial inequities must address vulnerable clinical areas such 
as perioperative and obstetric care, where biases are more pronounced. For instance, racial disparities during the 
perioperative phase are evident, with patients of non-European descent often experiencing slower recovery due to 
unequal access to effective post-operative care.57,58 AI offers a promising solution by identifying patterns of inequality 
in large datasets related to pain management and rehabilitation outcomes across racial groups and can remotely monitor 
post-operative patients experiencing acute pain, tailoring treatment regimens specifically for patients of color to mitigate 
disparities.59 Similarly, in feto-maternal health, AI-assisted early diagnosis and ongoing monitoring can address inequi-
ties, reducing the higher prevalence of maternal and newborn complications in minority groups. This demonstrates how 
AI can monitor a wide range of patient groups and could guarantee that all patients, regardless of their socioeconomic or 
ethnic background, receive timely therapies.60 By employing AI models designed to “police” other AI systems, 
healthcare providers can detect and correct biases, ensuring equitable access to timely and effective therapies for all 
patients, regardless of socioeconomic or ethnic background. These interventions underscore the potential of AI not only 
to mitigate existing biases but also to create a more inclusive and fair healthcare landscape.

Sex biases in artificial intelligence algorithms can lead to inconsistencies in the identification and treatment of pain, 
disproportionately affecting females. Similarly, racial biases can negatively impact how patients of color are diagnosed 
and treated for pain conditions. Patients from lower socioeconomic status (SES) backgrounds face additional disadvan-
tages, as they are often underrepresented in AI training datasets. These gaps highlight the importance of building and 
utilizing diverse datasets that include females, patients of color, and individuals from lower SES backgrounds to reduce 
the perpetuation of biases in AI models. AI-based interventions can address these disparities by employing sex-agnostic 
models to analyze clinical data, ensuring that treatment recommendations are not influenced by inherent biases in the 
data.61 For example, AI systems trained on diverse and representative data can better predict pain management needs 
across vulnerable populations, promoting equitable care outcomes. Furthermore, incorporating transparency and fairness- 
focused practices at every stage of AI development can minimize bias, such as requiring clear disclosures about training 
data sources, ensuring appropriate labeling, and adopting rigorous bias audits. Effective collaborations and diverse 
perspectives in AI pain research are also essential for identifying and addressing these disparities.62,63 Finally, equitable 
communication strategies tailored to vulnerable populations can enhance patient care, while machine learning models 
trained on diverse data can improve the accuracy of pain diagnoses and treatment recommendations, reducing disparities 
among those most affected by bias.64 These interventions demonstrate how AI can serve as a powerful tool to mitigate 
inequities and create a more inclusive approach to pain management.
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Our review, as seen in Table 5, recommends minimizing bias in AI pain management by creating pain assessment 
tools that are culturally sensitive, incorporating lower SES data into predictive pain models, investigating effectiveness of 
pain treatment to both sexes, and further examining biases in AI algorithms.24,65,66 Strategies to advance a more equitable 
AI-based model in pain management entail comprehending diverse forms of bias and applying these mitigation strategies 
at different phases of development. Scientists creating these models should collaborate with pain specialists to map out 
the life cycle of these softwares and apply machine learning tools appropriately with diverse data sets.67 Researchers 
have advocated for fairness sampling and certification to create precise and effective AI pain management tools.68 

Standardizing reporting procedures, collecting electronic health record data in diverse patient populations and real-world 
testing could minimize bias and create more precise and equitable AI tools.69

Future directions in pain management research should address the unique challenges of special populations, including 
the elderly, children, and newborns, alongside diverse pain contexts such as acute, chronic, intraoperative, and post-
operative pain. In elderly patients, considerations like comorbidities, polypharmacy, cognitive decline, and quality-of-life 
goals necessitate tailored approaches, while pediatric populations require models sensitive to developmental stages and 
caregiver-reported data. Poorly designed AI systems risk amplifying biases by underrepresenting these groups, but well- 
designed models can integrate multimodal datasets—such as physiological signals, behavioral cues, and caregiver input 
—to enhance accuracy and equity. By stratifying data and validating models across these populations, AI can address 

Table 5 Strategies and Impact on Pain Management

Strategies Description and Impact on Pain Management

Interpretable AI Methodologies Develop interpretable AI methodologies like optimal classification trees (OCTs) to detect and mitigate biases. 

Example: Using OCTs to explain why a specific treatment is recommended for different demographic groups, 

ensuring fairness and accountability.

Diverse and Representative 

Datasets

Use diverse and representative datasets to mitigate biases related to sex, race, and socioeconomic status in AI- 

based pain management. 
Example: Including pain perception data from underrepresented groups such as African Americans or 

Indigenous populations.

Transparency and Fairness-Aware 

Techniques

Implement transparency and fairness-aware techniques throughout the AI development process to ensure 

equitable access to care. 

Example: Developing transparent documentation of AI model training that explains data inclusion and 
exclusion criteria.

Collaboration and Diverse 
Perspectives

Engage in collaborations and incorporate diverse perspectives in AI-related pain research to comprehensively 
identify and address biases. 

Example: Working with patient advocacy groups to better understand disparities in chronic pain diagnoses.

Understanding Different Types of 

Bias

Understand different types of bias and implement mitigation techniques tailored to each stage of development. 

Example: Recognizing sampling bias in training datasets and applying re-weighting techniques to balance over- 

or underrepresented populations.

Fairness Sampling and 

Certification

Utilize fairness sampling and certification techniques to create AI technology that is accurate and generalizable 

across diverse pain populations. 
Example: Adopting fairness metrics such as demographic parity to certify models for equitable outcomes.

Addressing Bias in AI Models Address bias in AI models developed using electronic health records, requiring standardized reporting 
methodologies and real-world testing. 

Example: Testing models on data from different hospitals to ensure their performance across various care 

settings.

AI “Policing” AI Models Ensure that AI models eliminate racial, socioeconomic, gender, and other biases by developing AI models that 

“double-check” the original AI models for these biases. 
Example: Training secondary models to flag biased recommendations in pain management AI tools.
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demographic and clinical complexities while complementing efforts to mitigate cultural and socioeconomic biases, 
ensuring inclusive and effective pain management for all.

Conclusion
Our study highlights that the use of AI in pain management may exacerbate biases related to sex, race, ethnicity, 
socioeconomic status (SES), and statistical methodologies seen in Table 6. For example, biases in sex differences within 
AI tools could perpetuate inequalities in pain evaluation and treatment due to the underrepresentation of women in 
clinical research and medical records used to train AI models. Similarly, imbalanced training datasets with over-
representation of patients of European descent and systemic racism could amplify racial disparities when applying AI 
tools. Individuals with lower SES are particularly at risk of not fully benefiting from AI-driven pain management, as the 
performance of algorithms often varies significantly based on SES, resulting in unjust treatment and limited access to 
equitable care. Furthermore, statistical concerns such as sampling bias, measurement or classification bias, and label bias 
limit the generalizability and reliability of AI systems. Sampling bias caused by unrepresentative datasets, inaccuracies in 
clinical measurements, and insufficient data from marginalized populations deprive these groups of the benefits of AI- 
driven pain management solutions.

To address these biases, collaborative efforts are crucial. Policymakers can enforce guidelines for equitable data 
collection and AI governance, ensuring diverse population representation in datasets. Healthcare providers can advocate 
for inclusive clinical trial designs and identify gaps in algorithmic fairness during implementation. Researchers and AI 
developers can focus on creating explainable AI models, prioritizing fairness-aware machine learning techniques, and 
actively testing for bias during the model validation phase. By fostering such collaborations, stakeholders can reduce 
systemic biases, enhance inclusiveness, and ensure that AI-driven pain management solutions are both equitable and 
patient-centered. This narrative review builds upon existing research on ethical stewardship of AI in chronic pain, by 
providing a more targeted focus on addressing specific biases in AI applications.70 As the first study to propose an 
actionable framework for mitigating these biases, it invites future researchers to expand on this foundation, explore 
additional dimensions of AI fairness, and further refine methodologies to optimize equitable and inclusive pain manage-
ment solutions.
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Table 6 Summary of Biases in Artificial Intelligence Pain Management

Aspect Summary

Sex Bias AI algorithms may lead to disparities in pain assessment and treatment due to differences in accuracy rates between male and 
female patients. These biases stem from societal stereotypes and the underrepresentation of females in clinical trials.

Racial Bias AI algorithms contribute to disparities in pain management outcomes among different racial and ethnic groups, rooted in the 
overrepresentation of patients of European ancestry in training datasets and systemic racism in healthcare systems.

Socioeconomic 
Status (SES)

Disparities are observed in algorithm performance based on SES levels, with lower SES individuals experiencing larger prediction 
errors, leading to differential treatment and outcomes. Incomplete data on lower SES individuals exacerbates these biases.

Statistical 

Biases

Includes sampling bias (non-representative datasets), measurement/classification bias (disparities in care or faulty measurements), 

and label bias (missing data). These biases impact the reliability and generalizability of AI algorithms.

Opportunities 

and Challenges

AI integration in pain medicine presents opportunities for improved patient outcomes but also challenges related to the above 

biases. Addressing these biases is crucial for fair and equitable healthcare delivery.
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