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Abstract

Medical errors in surgical departments pose significant risks to patient safety and healthcare efficiency, yet traditional
error prevention strategies remain insufficient. While industries like aviation employ systematic approaches to mitigate
errors, healthcare has been slower to adopt such measures. Machine learning (ML) offers promising solutions by
enhancing decision-making and reducing human error; however, its implementation in surgery is hindered by biases
and limitations. This review synthesizes literature on ML applications in surgical error prevention, identifying key
challenges: (1) data-related biases (e.g., underrepresentation of minority groups, anatomical bias, and poor data
quality); (2) algorithmic limitations (e.g., "black box" opacity, over fitting, and small sample sizes); (3) deployment
barriers (e.g., clinician distrust and lack of generalizability); and (4) ethical and legal concerns (e.g., accountability gaps
and exacerbation of healthcare disparities). Mitigation strategies, including improved data curation, robust validation,
and transparency-enhancing techniques, are discussed to address these issues. Despite ML’s potential, its success
depends on overcoming these challenges to ensure equitable, reliable, and clinically actionable tools. This review
underscores the need for interdisciplinary collaboration to refine ML models for surgical safety, balancing innovation
with ethical responsibility.

Keywords: Machine learning; Surgical errors; Medical bias; Patient safety; Healthcare Al; Algorithmic transparency

1. Introduction

Medical errors, particularly in surgical departments, remain a critical concern for healthcare systems globally. These
errors jeopardize patient safety, increase healthcare costs, and decrease society’s trust in medical institutions (Sarker
& Vincent, 2005). In other high-risk industries, such as aviation and the military, errors have long been acknowledged
by researchers as inevitable but manageable through systematic error prevention strategies (Barach & Small, 2000).
These industries invest heavily in understanding, identifying and preventing errors, often relying on controlled
environments and simulations to re-enact incidents and refine protocols (Flin & O'Connor, 2017). In contrast, the
healthcare industry has historically lagged behind in adopting similarly comprehensive strategies to mitigate errors,
despite their significant human and economic costs (Havens & Boroughs, 2000).

While research into medication-related errors has been extensive, errors in surgery—a high-risk specialty—continue
to present challenges (Makary & Daniel, 2016). Studies show that a significant percentage of these errors are associated
with a surgical procedure (Sarker & Vincent, 2005), while others emphasize on the unpredictable nature of surgical
environments and the limited adoption of structured error prevention strategies (Marsh et al.,, 2022). Despite efforts to
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promote safety, such as the establishment of the National Patient Safety Agency (NPSA) in the UK, surgical errors persist
due to the dynamic and unpredictable nature of surgical environments (Sarker & Vincent, 2005).

The urgency of addressing these issues was brought to global attention with the 1999 Institute of Medicine (I0M) report
“To Err Is Human”which highlighted the prevalence of medical errors and called for a cultural and systemic shift towards
safety (Havens & Boroughs, 2000). Subsequent research has both reinforced and expanded upon these findings,
emphasizing the enduring prevalence of errors and the need for innovative solutions (Smith et al., 2018; Patel et al,,
2020).

Surgical error shave been attributed to a range of factors, from technical failures to lapses in communication and
decision-making processes (Sarker & Vincent, 2005). Author shave highlighted the role of surgeons themselves as
significant contributors, with errors linked to fatigue, high workload, and variability in surgical skills (Sarker & Vincent,
2005). Recent studies, such as Marsh et al, (2022), have expanded on this problem, highlighting the role of
communication breakdowns and lapses in standard operating procedures. Traditional methods for identifying and
addressing these errors have largely relied on retrospective reviews and root cause analyses. While these approaches
have contributed to understanding the problem, they often lack the predictive capacity needed to preemptively identify
and mitigate risks.

Machine learning (ML) is a subset of artificial intelligence (Al), which allows computers to define a model for complex
relationships or patterns utilizing large datasets. In healthcare, ML has demonstrated potential for diagnosis and
outcome prediction (Martins et al. 2019). In surgical departments, ML can be utilized to support the individual
physician’s decision-making process by reducing the margin of human error in judgment and risk of unintentional
deviation from established standards of care (Stahel et al., 2024).

2. Literature Review

This review paper investigates the impact of implementing machine learning to predict medical errors in surgical
departments. It aims to offer a comprehensive perspective on leveraging machine learning-powered technologies to
advance patient safety in surgical care. The integration of machine learning (ML) into surgical clinics has shown promise
in reducing medical errors and improving patient outcomes. However, this technology is not without its limitations and
biases, which can hinder its effectiveness and fairness in clinical applications. This response explores the potential
limitations and biases of ML approaches in surgical settings, drawing insights from relevant research or review papers.

e De Micco et al in their review of 2025, highlight challenges such as socio-technical issues, implementation
barriers, and the need for standardization as potential limitations of using machine learning in preventing
medical errors. These factors can hinder effective integration and consistent application in surgical clinics.

e Loftus et al in their work of 2020, present the potential limitations and biases of machine learning in surgery
include reliance on standardized data, algorithm bias, the need for robust external validation, and the challenge
of integrating human intuition and bedside assessment, which are crucial for effective decision-making.

e C(Cross et al in their paper of 2024, also discuss about potential limitations and biases in using machine learning
for preventing medical errors in surgery clinics include insufficient sample sizes for certain patient groups,
biased data features and labels, and model performance deterioration when applied to data outside the training
cohort (Table 1).

e Additionally form 2022 Morris et al, include reliance on biased datasets, which can perpetuate discrimination
and disparities, and the "black box" nature of algorithms, leading to challenges in transparency, interpretability,
and trust among patients and providers.

e Intheir work of 2021 Feehan et al, discuss the inherent biases in machine learning applications can limit their
effectiveness in preventing medical errors in surgery clinics. These biases may arise from data sources,
algorithm design, and implementation, potentially leading to harm and exacerbating health inequities among
patient populations.

e Intheir paper of 2021, Saxena et al, highlights that machine learning algorithms can suffer from biased training
data, leading to under- or over-representation of certain groups, errors, and missing values, which may
negatively impact their effectiveness in preventing medical errors in surgery clinics.

e Another work of 2023, the team of Pedersen et al, highlights anatomical bias as a significant limitation in clinical
machine learning algorithms, where performance varies by anatomical location, potentially leading to unfair
treatment of patient subgroups and hindering the algorithms' effectiveness in preventing medical errors.

e The paper of Keelin G from 2023 already, discusses algorithmic biases in clinical machine learning, highlighting
that biases can arise from underrepresented training data and stereotype associations, which may exacerbate
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existing stigmas and clinical harm, thus limiting the effectiveness of machine learning in preventing medical
errors.

In their paper of 2023, Tran et al highlight biases in data collection, algorithm development, and human review,
which can affect Al's application in clinical settings. Limitations include black box decision-making, biased
datasets, and a lack of common reporting standards, necessitating ongoing research for transparency.

In the same year the paper of Baurasien et al, highlights challenges such as data privacy, algorithm
transparency, and integration into clinical workflows as potential limitations of using machine learning in
surgery clinics. Additionally, biases in training data can lead to inaccurate predictions and exacerbate existing
disparities in patient care.

Potential limitations and biases include missing data, underrepresentation of certain patient demographics,
misclassification errors, and reliance on biased data, which can lead to inaccurate predictions and exacerbate
existing healthcare disparities, ultimately affecting the quality of surgical care are presenting in their paper
Gienfrancesco et al, already from 2018.

The paper of Openja M et al, in 2023, does not specifically address limitations and biases of using machine
learning in preventing medical errors in surgery clinics. It focuses on identifying bias-inducing features in
machine learning models, which may indirectly relate but does not provide direct insights.

During the same year Moghadasi et al, published a paper that highlights concerns about Al algorithms in
healthcare, including errors, biases, and lack of transparency, which can undermine trust among clinicians and
patients, potentially exacerbating pre-existing biases against marginalized groups and increasing inequities in
medical diagnosis.

The paper of Siddik & Pandit in 2024 also highlights that biases, data incompleteness, and inaccuracies in
training datasets can lead to unfair outcomes in Al applications, including those aimed at preventing medical
errors in surgery clinics, potentially amplifying existing disparities in patient care.

A recent paper of Aldoihi et al in 2023, does not explicitly discuss potential limitations and biases of using
machine learning in surgery clinics. However, general concerns may include data quality, algorithmic bias, and
the need for comprehensive training datasets to ensure accurate error detection.

Chen et al in 2024 also explicitly discuss potential limitations and biases of using machine learning approaches.
However, common concerns may include data quality, underreporting of errors, and the model's reliance on
historical claims data, which may not capture all surgical contexts.

Shaikh et all in 2024 present common concerns of the Al application in surgical security and they include data
quality, algorithmic bias, and the need for comprehensive training datasets to ensure accurate predictions and
minimize errors in surgical settings.

Potential limitations include the imbalanced nature of data and biases from diverse data sources are discussed
by Arad et al in their work of 2023. Additionally, machine learning may not capture all contributing factors,
such as human communication errors, which can significantly impact the occurrence of Never Events in surgical
settings.

Dong et al in their paper form 2023 focuse on cardiac surgery risk prediction and the performance of various
machine learning models in that context.

Finally Khosla et al in a paper of 2024, do not specifically address potential limitations and biases of using
machine learning approaches to prevent medical errors in surgery clinics but they focus on predicting adverse
outcomes and identifying racial disparities in prostate cancer surgery.

Table 1 Key limitations and biases of ML approaches in surgical clinics, along with the relevant citations from the

research papers

Limitation/Bias

Description

Citation

Data-Related Biases

Bias due to incomplete, imbalanced, or
skewed training data.

(Cross et al, 2024) (Saxena et
2021) (Gianfrancesco et al., 2018)

al,

Lack of | Opaque models hinder understanding of | (Morrisetal, 2022) (Tran et al.,, 2023)

Transparency decision-making processes.

Overfitting Models may fail to generalize well to new, | (Cross etal., 2024) (Saxena et al., 2021)
unseen data.

Deployment User interaction and real-world | (Cross et al, 2024) (Gianfrancesco et al,

Challenges generalizability can introduce bias. 2018)
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Ethical Concerns Models may perpetuate biases, leading to | (Cross etal., 2024) (Saxena et al., 2021)
unfair treatment of patient groups.

Accountability Determining responsibility for errors can be | (Morris etal.,, 2022) (Tran et al.,, 2023)

Issues challenging.

3. Discussion

One of the most significant challenges in machine learning (ML) models is the potential for bias in training data. If the
data used to train a model is incomplete, imbalanced, or skewed, the model may replicate these biases, leading to unfair
or discriminatory outcomes. For example, if certain patient groups—such as racial minorities—are underrepresented
in the training data, the model may perform poorly for them, worsening existing healthcare disparities. Missing or
incomplete data can also introduce bias, particularly if key patient populations are excluded. This is especially
problematic in surgical settings, where accurate predictions are critical for patient safety. Another issue is anatomical
bias, where algorithms produce unfair results for conditions affecting specific body regions. Studies show that clinical
text-based models are particularly prone to this type of bias, leading to inaccurate predictions for certain patient
subgroups.

The quality of training data is equally important. Poor data curation, including errors or inconsistencies, can result in
unreliable models. For instance, if outdated or incorrect data is used, the model’s predictions may be flawed. Many ML
models rely on oversimplified data curation methods, which can lead to biased or incomplete datasets—a serious
concern in surgery, where high-stakes decisions demand precise and trustworthy data.

A major drawback of many ML models, especially deep learning systems, is their lack of transparency. Often described
as "black boxes," these models make it difficult for clinicians to understand how decisions are made, reducing trust and
making bias harder to detect. Without clear explanations for predictions, healthcare providers may hesitate to adopt
these tools, particularly in critical surgical applications. Another challenge is overfitting, where models become too
specialized to their training data and fail to generalize to new cases. Additionally, biases in training data can lead to
underestimation of certain patient groups, reducing the model’s accuracy for those populations. Small sample sizes
exacerbate this issue, as limited data for specific demographics can result in suboptimal performance in real-world
surgical scenarios.

The way clinicians interact with ML models can introduce bias. Some may rely too heavily on algorithmic predictions,
leading to misdiagnoses or overlooked clinical cues, while others may distrust the technology and ignore useful insights.
Another hurdle is generalizability—models trained on narrow datasets may perform well in controlled environments
but fail when applied to diverse real-world populations, particularly underrepresented groups. This gap between
research and clinical practice is a significant barrier to effective Al integration in surgery.

The lack of transparency in ML models raises accountability concerns. If an Al-assisted decision leads to patient harm,
determining responsibility becomes difficult without clear insight into the model’s decision-making process. This
opacity also poses legal risks, as hospitals and developers could face liability for errors caused by biased or poorly
understood algorithms. Ethically, biased models risk reinforcing healthcare disparities, particularly if they disadvantage
already marginalized groups. Ensuring fairness and equity in ML-driven decisions is crucial to maintaining trust in these
technologies.

Improving data curation and standardization can help reduce biases. Using diverse, representative datasets and
documenting their sources and limitations increases transparency and helps identify potential biases. Rigorous model
evaluation—including testing across varied patient populations and real-world clinical settings—ensures reliability
before deployment. Clinical trials play a key role in validating model performance under different surgical conditions.
To address algorithmic bias, techniques such as data augmentation, statistical debiasing, and enhanced interpretability
can be used. By combining these approaches, developers can create more equitable and trustworthy Al tools for surgical
applications.

4., Conclusion

While ML approaches have the potential to revolutionize surgical care by reducing medical errors and improving patient
outcomes, they are not without limitations and biases. Addressing these challenges requires careful consideration of
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Data quality,

Algorithmic limitations,
Deployment challenges, and
Ethical and legal concerns.

By implementing mitigation strategies such as data curation, model evaluation, and transparency, we can ensure that
ML models are fair, accurate, and reliable in surgical settings.
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