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ABSTRACT
Background: Predictive models in surgery promise to improve clinical care by anticipating complications, guiding decision‐
making, and supporting personalized treatment strategies. Although their potential to enhance outcomes and efficiency is
substantial, their integration into clinical practice also raises profound ethical challenges.
Ethical Framework: These challenges span the entire lifecycle of predictive models from data collection and development to
validation and clinical use. They touch upon patient privacy, algorithmic bias, transparency, and the shifting responsibilities of
clinicians. Importantly, the ethical concerns are not isolated to one group but shared across patients, developers, and clinicians
within a dynamic stakeholder relationship.
Analysis: Key risks include biased or unrepresentative datasets, privacy breaches, opaque decision‐making processes, and the
danger of deskilling surgeons if reliance on algorithms becomes excessive. To mitigate these risks, strategies, such as out‐of‐
distribution detection, standardized data collection, parallel model development, and continuous auditing, are essential.
Beyond technical safeguards, embedding predictive models within a framework of accountability and patient‐centered care is
necessary to sustain trust and equity.
Conclusion: The integration of predictive models into surgery requires more than technical excellence, and it demands ethical
vigilance. Preparing future clinicians through education that emphasizes both clinical reasoning and ethical awareness is
critical. By aligning predictive model development with human‐centered values, healthcare systems can ensure that these
innovations enhance surgical practice while safeguarding equity, transparency, and patient trust.

1 | Introduction

Anastomotic leakage (AL) is one of the most severe post-
operative complications in gastrointestinal surgical care, with
significant impacts on patient outcomes, morbidity, and
healthcare costs [1, 2]. To address this complication, predictive
models have been developed to assess the risk of AL, repre-
senting a critical step toward improving surgical planning and

postoperative management [3]. By leveraging patient data and
advanced algorithms, models can serve as clinical decision
support tools, offering personalized insights to enable more
informed and proactive decision‐making.

Beyond AL, predictive models have also been designed as clin-
ical decision support systems to address complications, such as
surgical site infections and quality of life outcomes, including
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low anterior resection syndrome [3–5]. These tools demonstrate
the transformative potential of artificial intelligence in
enhancing surgical care, reducing preventable errors, and
improving overall care quality. However, alongside these ad-
vancements, the adoption of predictive models introduces sig-
nificant ethical challenges that demand careful consideration at
every stage of their lifecycle [6].

Development and use of predictive models in surgery involve
multiple stages, each presenting unique ethical challenges, also
reflected in the ‘Ethical Principles for Trustworthy AI’ of the EU
[7]. During data collection, issues in data collection and pro-
cessing, protection of medical confidentiality, and bias must be
addressed, the latter to ensure equitable and robust model per-
formance. Especially in the model's developmental phase, de-
cisions about prediction methods and validation determine its
accuracy and generalizability. In the phase of introducing AI‐
based predictive models in practice, issues may arise concerning
the decision‐making process, such as reduced patient‐centered
care, ambiguity about the clinicians' responsibilities and
accountability, potential deskilling of surgeons, and the like.

The cyclical process of patients generating outcome data, de-
velopers improving predictive capabilities, and clinicians
applying these tools calls for rigorous collaboration and critical
ethical evaluation. This paper identifies the main ethical issues
of relevance to developers, users, and patients involved in the
introduction of AI‐based predictive models in surgery and dis-
cusses strategies for dealing with them. These issues need to be
addressed in time to prevent that AI systems will be marketed or
used by surgeons that are unethical. However, before we do so,
we briefly picture the process of AI‐based model development in
general and indicate which parties are involved in the different
phases and what their most important roles are.

2 | Predictive Modeling in Surgery: A Cyclical
Process

As pointed out in the growing literature, AI‐based predictions
promise to be helpful in many areas of medicine [8]. A good
example is the field of surgical interventions AI‐models gener-
ating information which is useful for anticipating the risks and
outcomes of surgical procedures. Their output assists with
diagnosing and screening the patient and supports both clini-
cian and patient in deciding about surgical interventions and
the necessary preoperative measures [9]. Predictive models
enable personalized data‐driven decisions that enhance treat-
ment outcomes [10].

A good and reliable AI model within surgery that assumes these
advantages is not easily achieved and requires a solid develop-
ment process. It should cover all the key steps for good AI‐
model development, starting with data collection and model
development and ending with validating and updating the
model. We regard the developmental process of such AI‐based
models as a cyclical process [11]. The infographic below
(Figure 1) outlines the models' lifecycle.

Within the lifecycle of any AI‐based model, three key stake-
holders are involved as follows: patients, developers, and

clinicians. We consider their relationship as a ‘stakeholder tri-
angle’ (Figure 2). Essentially, within this triangular relationship,
patients provide their data, developers create algorithms on the
basis of these data, and clinicians, that are in our case mainly
surgeons, apply the algorithms and use their output to make
clinical decision‐making better informed [12].

Each of the stakeholders has its own interests and concerns in
relation to the development and use of these predictive models.
For patients, the primary concerns are their data and privacy
being well protected and receiving care that is safe and of high
quality [13]. However, reliance on algorithms introduces un-
certainties distinct from traditional clinical judgment, raising
concerns about accuracy and trust [14].

Developers focus on creating reliable and fair models that predict
surgical outcomes effectively and pose the least risk of product
liability after they are marketed. They must ensure equitable
performance across all patient groups and address biases.
Postdeployment, developers maintain model reliability by
monitoring data shifts, mitigating model drift, and updating
algorithms as needed. Developers should ensure that predictive
models are guided by clear clinical needs. A lifecycle perspective
includes not only postdeployment monitoring but also early
consideration of whether development is warranted.

Clinicians rely on predictive insights to refine their decisions,
improving patient outcomes. However, they must interpret
model outputs within each patient's unique context and take
into account their patients' individual preferences. Balancing
data‐driven predictions with clinical expertise ensures that de-
cisions remain patient‐centered, prioritizing safety and efficacy.

The following paragraphs explore key ethical issues in devel-
oping and using AI‐based surgical prediction models. Aligning
these tools with ethical standards is essential as failure to
address such concerns could lead to flawed models or sub-
standard care.

3 | Key Ethical Issues in the Data Collection

Although patients are presumably intended as the ultimate
beneficiaries of predictive models, they also serve as the starting
point for any model development. Patient data are considered as
the foundational basis for these models acting as the “seed”
from which predictions are derived.

This raises ethical concerns, particularly around privacy,
informed consent, and the potential for data misuse. Ensuring
that patient data are used responsibly is critical as any bias or
inaccuracy in the data can negatively impact the fairness and
reliability of the model's outcomes.

3.1 | Potential for Data Misuse

Despite safeguards, the potential for data misuse remains a
serious concern [13, 15]. Anonymized datasets can be reidenti-
fied, especially when combined with other datasets [16]. This
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risk becomes especially pressing as predictive models and their
data increasingly shift from hospitals and research institutions
to commercial entities, where motivations are also profit‐driven.

Misuse of predictivemodels can arise not just fromdata issues but
from how they are applied. For instance, AL prediction models
meant to aid surgery could be repurposed by insurers to assess
financial risk, leading to higher premiums or denied coverage
based on algorithmic probabilities rather than clinical need.

A statement from the American Medical Association (AMA)
warned that health insurers increasingly use AI to automate

prior authorization denials, often without clinician oversight,
and sometimes overriding medical judgment [17]. In practice,
this has resulted in patients being denied medically necessary
surgeries or postoperative care based on predictive outputs,
raising profound ethical and legal questions [18]. Such actions
may disproportionately impact individuals with preexisting
conditions or marginalized demographics, compounding
existing healthcare inequities. Moreover, because these models
infer risk based on population data rather than individual
nuance, their outputs are probabilistic not deterministic—yet
insurers may treat them as definitive unjustly penalizing
patients.

FIGURE 1 | Infographic of the lifecycle of a predictive model.
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3.2 | Bias Arises or an Existing Bias Is Magnified

Bias in predictive models can originate during the data collec-
tion stage, where choices about what data to gather, from
whom, and in what setting can significantly impact model
fairness and reliability.

In the context of AL, for example, models trained primarily on
data from one hospital group may not generalize well to another
hospital group in another jurisdiction, where differences in
surgical techniques, patient demographics, or resource avail-
ability can influence outcomes. Beyond these clinical factors,
discrepancies in how hospitals record data or define complica-
tions, such as AL, can further affect model performance. One
institution may use strict diagnostic criteria and structured
electronic health records (EHRs), whereas another relies on
subjective assessments, leading to inconsistencies in labeling
and risk estimation. If a model is trained on data with such
discrepancies, it may misclassify patients when applied else-
where, reinforcing biases rather than mitigating them. These
risks are particularly pronounced in low‐resource or global
settings, where infrastructure and data collection standards may
differ significantly from those of the original development
context.

A well‐documented example of bias in surgical predictive
modeling comes from a 2024 study on postoperative complica-
tion prediction for total joint arthroplasty. The model performed
well for non‐Hispanic White patients but significantly under-
performed for minority groups due to their underrepresentation

in the training data [19]. This resulted in poor generalization
and risk misestimation for these populations. Such disparities
can lead to inequitable clinical decisions, such as failing to
identify high‐risk cases or overestimating risk inappropriately,
thereby amplifying existing inequalities in surgical care.

3.3 | Potential Strategies to Address Ethical
Challenges in Data Collection Out‐of‐Distribution
Detection

To mitigate bias in predictive models, efforts should start with
diverse and representative data collection, inclusive sampling
methods, and regular audits. Collecting data that reflects a wide
range of demographics and clinical profiles is essential for
equitable model performance across populations. However, true
representativeness can be challenging and sometimes unat-
tainable due to systemic biases, data limitations, and hard‐to‐
capture populations, making some level of bias inevitable.

To address this, out‐of‐distribution (OOD) detection could be
implemented alongside predictive models [20]. This mechanism
helps clinicians assess how closely a patient's characteristics
align with the model's training and validation data. Technically,
this can be achieved by analyzing whether a patient's profile
falls within the standard deviation of the training dataset. If a
profile is flagged as out‐of‐distribution, it serves as a warning
that the model's predictions may be less reliable and should be
interpreted with caution. Researchers are actively developing

FIGURE 2 | The cyclical relationship between patients, developers, and healthcare professionals.
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methods to improve OOD detection and its application in clin-
ical practice [21].

3.4 | Data Standardization

Standardizing healthcare data are essential for building reliable
and unbiased predictive models. Inconsistencies in EHRs, such
as varying naming conventions, formats, and definitions, can
introduce bias and reduce model accuracy. These discrepancies
become more pronounced across institutions, hindering data
integration and generalizability.

Frameworks, such as Health Level 7, SNOMED CT, and
LOINC, provide tools to address these issues by standardizing
healthcare data [22–24]. HL7 facilitates data exchange,
SNOMED CT provides uniform clinical terminology, and
LOINC standardizes observations. To address these challenges,
healthcare organizations must prioritize the consistent and
comprehensive adoption of these standards. Doing so will
create the foundation for predictive models that are reliable,
scalable, and equitable.

4 | Key Ethical Issues in the Development of the
Model

The development phase of predictive models introduces acute
ethical challenges, particularly in ensuring fairness, trans-
parency, and accountability.

Decisions made during model design, such as choosing algo-
rithms, selecting features, and setting parameters, can unin-
tentionally lead to unequal or discriminatory outcomes once the
application has been put into practice.

Furthermore, the complexity of many models can limit their
interpretability, making it difficult for practitioners to under-
stand or explain the basis for certain predictions. Ensuring that
the development process is technically and ethically sound re-
quires ongoing scrutiny to prevent unintended harm, prioritize
patient welfare, and align the model's design with core health-
care ethics.

4.1 | Selecting the Prediction Method

Predictive models range from simpler statistical techniques,
such as logistic regression, to advanced artificial intelligence
methods such as artificial neural networks (ANNs) and random
forests (RFs). Each has distinct advantages depending on data
complexity and analysis goals, making the selection process
challenging. Factors, such as dataset size, interpretability,
computational resources, and team expertise, all influence this
choice. Importantly, interpretability remains crucial in health-
care, where transparent models, such as logistic regression, can
be beneficial.

In a study by Taha‐Mehlitz et al. (2024), six modeling tech-
niques, including logistic regression and artificial intelligence

methods, were tested for performance [5]. Surprisingly, logistic
regression slightly outperformed random forests in area under
the curve (AUC) discrimination, demonstrating that simpler
models can sometimes match or exceed complex ones.

More complex models, such as ANN and RF, although capable
of handling intricate data, often function as “black boxes,”
where the processes underlying their predictions are opaque.
This lack of transparency poses challenges in healthcare as it
hinders the ability of clinicians and patients to fully understand
and trust the decision‐making process. Such opacity can
compromise patient autonomy and make informed decision‐
making more difficult [25].

4.2 | Appropriately Handling Internal and
External Validation

Rigorous internal and external validation is essential before
implementing a predictive model to ensure its reliability, accu-
racy, and generalizability. Internal validation assesses the model
within its original dataset, often using cross‐validation, to detect
overfitting and confirm consistency. However, internal valida-
tion alone is insufficient as models must also perform reliably in
new environments.

External validation tests a model across diverse populations and
settings to ensure it generalizes beyond its development group
and helps uncover bias (see Section 3.2). Without it, models may
fail in different contexts—for example, one trained on urban
patients may misjudge risk in rural areas leading to harmful
delays or exclusions. These challenges are even more critical in
low‐resource settings, where local healthcare realities may differ
substantially and the risk of out‐of‐distribution application is
higher. Broad validation is key to accuracy, equity, and reliable
clinical use.

It is also important to recognize that validation only provides a
“snapshot” of performance at a given time as highlighted by Van
Calster et al. (2023) [26]. Over time, changes in clinical practices
or patient populations, patient demographics, and technology
may alter the model's performance, necessitating ongoing
monitoring, revalidation, or updating to maintain relevance in
dynamic healthcare settings.

All considerations from the data collection phase must also be
revisited and often with greater scrutiny. Since external data-
sets are not created internally, there is limited visibility into
how the data were collected, by whom, and under what
conditions.

4.3 | Potential Strategies to Address Ethical
Challenges in Development

4.3.1 | Parallel Model Development

A potential solution to selecting the optimal predictive model is
a parallel approach, where developers create and test multiple
models, such as LR, RF, and ANN, on the same dataset as
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demonstrated by Taha‐Mehlitz et al. (2024).5 This method al-
lows developers to evaluate each model's interpretability, ac-
curacy, and robustness, helping to identify which model fits the
specific healthcare application best. By developing models side‐
by‐side, developers can gain a comprehensive view of each
model's strengths and limitations, enabling more informed
choices that align with both the technical requirements and
clinical objectives of the project. This process is most effective
when grounded in a clearly defined clinical question, ensuring
that model development responds to genuine needs rather than
being driven by technical interest alone.

4.3.2 | Continuous Auditing and Self‐Validation Tools

To ensure predictive models in healthcare remain reliable, ac-
curate, and ethical, continuous auditing is essential beyond
initial validation stages. As clinical practices, populations, and
technologies evolve, both healthcare institutions and model
developers have roles to play in ongoing monitoring. Although
large hospitals may be equipped to perform internal audits, such
as quarterly performance reviews or daily drift detection,
smaller clinics and low‐resource settings may lack the capacity
to implement these processes.

To support consistent and safe use across varied environments,
developers should provide accessible tools for local validation,
recalibration, and performance monitoring. These tools could
include features such as automated alerts for performance
changes, user‐friendly interfaces for reevaluation, and clear
guidance for maintaining model relevance over time. Providing
such support aligns with regulatory frameworks, such as the EU
AI Act and MDR, and helps uphold ethical principles by iden-
tifying biases, preventing harm, and ensuring models remain
appropriate for the populations they serve.

By enabling healthcare providers in all settings to maintain
oversight of predictive models, developers contribute to a system
of shared responsibility that promotes trust, safety, and
accountability in AI‐supported care.

5 | Key Ethical Issues in the Decision‐Making

In the predictive model cycle, the most critical potential failure
occurs in the leg between patients and surgeons, specifically in
the application of data‐driven decisions. This is the point where
predictive insights generated by the model are used by the
medical team to make decisions about the patient's care. How-
ever, as Sauerbrei et al. argue, they must do so while simulta-
neously ensuring shared decision‐making and patient‐centered
care [27].

5.1 | Balancing Algorithmic Guidance With
Clinical Judgment

Predictive models offer promise for personalized care through
data‐driven recommendations but overreliance on them may

overlook individual patient contexts. Although these tools
analyze broad trends, they cannot fully account for unique
factors such as medical history or social determinants. Surgeons
must integrate model insights with their expertise to maintain
patient‐centered care.

For example, a model predicting AL risk may recommend
avoiding a surgical approach based on general trends but fail to
consider patient‐specific factors such as prior surgeries or
intraoperative findings. Blind adherence to such recommenda-
tions could lead to unnecessary changes in surgical plans.

Overreliance on models can shift accountability from clinicians
to opaque algorithms creating responsibility gaps. Maris et al.
(2024) highlight patients' concerns about losing the “human
touch” in AI‐driven healthcare settings, emphasizing the irre-
placeable role of clinicians in interpreting and assessing algo-
rithmic recommendations [28]. They also advocate for
normative research on patients’ “right to a human doctor,”
reinforcing the importance of empathy, individualized care, and
accountability in decision‐making.

Accountability must stay with the surgeon, who is best equipped
to balance algorithmic advice with clinical and ethical judg-
ment. Overreliance on predictive models risks eroding patient
trust and violating the duty of care, especially if model errors
cause harm. Transparency about system limitations and shared
decision‐making are essential to maintain trust and uphold
ethical standards.

By reinforcing accountability, fostering shared decision‐making,
and safeguarding the “human touch,” clinicians can ensure that
predictive models enhance patient care rather than compromise
its core humanistic and ethical principles.

5.2 | Deskilling the Future Generation of
Surgeons

There is another crucial phenomenon that these models bring
about within clinical settings: the creeping and pervasive risk
of deskilling among surgeons. Overreliance on model outputs
can lead to a diminished capacity for critical diagnostics.
The danger lies in being cognizant of the models ‘superiority
and not being acquainted with the digital decision making
process. Rainey et al.’s (2022) warn of the dangerous
perception of AI as a “superior” decision‐maker, a belief that
could lead practitioners to uncritically accept algorithmic
guidance [29].

For example, if surgeons rely too heavily on an AI model pre-
dicting AL risk, they may overlook critical intraoperative factors
such as tension or vascularization. Over time, this could erode
their independent judgment, a deskilling effect that becomes
risky if the model degrades or underperforms in certain patient
groups.

A current real‐world example of deskilling concerns is seen in
diagnostic radiology, where a qualitative study by Chen et al.

6 World Journal of Surgery, 2025
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(2021) has shown that AI integration may lead to an uncon-
scious reliance on algorithmic tools [30]. As AI improves in
detecting imaging abnormalities, radiologists risk losing the
ability to identify nuanced features outside AI parameters. This
reliance becomes problematic if AI performance falters,
reducing their diagnostic adaptability. Chen et al. stress the
need for radiologists to maintain expertise alongside AI to
ensure resilience and avoid potential liability risks.

5.3 | Potential Strategies to Address Ethical
Challenges in Decision‐Making

5.3.1 | Educating Future Generations

Both the loss of patient‐centered care and the risk of deskilling
arise from overreliance on predictive models. To address this,
clinicians should be encouraged to develop and document their
clinical impressions alongside model predictions rather than

relying solely on algorithmic output. Although in the future it
may not be practical to separate human and machine input
entirely, especially as predictive tools become embedded in
workflows and improve efficiency, the emphasis should remain
on maintaining clinical reasoning as a core skill. Positioning
models as advisors rather than decision‐makers helps ensure
that clinicians stay actively engaged in interpretation, judgment,
and care delivery.

As predictive models and AI become standard in healthcare,
future medical professionals must learn to use these tools
responsibly. For instance, surgeons using an AI‐driven AL
prediction model may receive basic training on its usage but
often lack in‐depth knowledge of how it works, what biases exist
in its training data, and where its limitations lie. This raises the
question: Do they need to fully understand the model's internal
workings or is it enough to know how to interpret and apply its
outputs? Not every surgeon needs to be a data scientist, just as a
driver does not need to be an engineer to operate a car. Still,

TABLE 1 | Overview of the ethical pitfalls, their underlying cause, and potential solutions.

Pitfall Cause Potential solution
Potential for data
misuse

Anonymized datasets can be reidentified when
combined with other data, particularly by

commercial entities.

Enforce strict legal and regulatory safeguards,
mandate the use of robust anonymization

techniques, and implement transparency policies
requiring disclosure of data‐sharing arrangements.

Bias in data collection Sampling from nonrepresentative populations or
using biased proxies, such as healthcare costs, can
result in unfair predictions that disproportionately

impact specific groups.

Use diverse and representative data sampling.
Implement out‐of‐distribution (OOD) detection
mechanisms to flag cases where a patient's

characteristics differ from the model's training data.
Conduct regular audits of dataset fairness and

representativeness.

Lack of data
standardization

Variability in healthcare documentation practices
and terminologies across institutions leads to

inconsistent data integration.

Adopt and enforce standardized frameworks, such
as HL7, SNOMED CT, and LOINC, for data
collection and exchange. Provide training for
healthcare staff to ensure consistent data entry

practices.

Choosing the
prediction method

Overreliance on complex “black‐box” models, such
as neural networks, can reduce interpretability and

transparency, compromising trust and
accountability.

Use a parallel model development approach to
evaluate multiple methods (e.g., logistic regression
vs. neural networks) for accuracy, transparency, and
suitability. Prioritize interpretable models where

possible, especially in high‐stakes applications such
as surgery.

Validation challenges Internal validation alone may lead to overfitting,
whereas external validation can be hindered by
differences in data quality or collection methods

across institutions.

Conduct both internal and external validation on
diverse datasets. Use continuous auditing to

monitor performance over time. Provide hospitals
with self‐validation tools to assess the relevance of

models in real‐world applications.

Algorithmic
overreliance

Clinicians may rely excessively on predictive
models, reducing accountability, and neglecting

individual patient contexts.

Encourage independent clinical assessments
alongside model recommendations. Require

clinicians to document their reasoning when using
predictive insights.

Deskilling of
clinicians

Prolonged use of predictive models can lead to
diminished diagnostic and decision‐making skills

among medical practitioners.

Integrate AI and predictive model training into
medical education. Encourage active engagement

with predictive tools while emphasizing the
importance of independent diagnostic reasoning.
Develop exercises to test clinicians' skills without

model input periodically.
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clinicians must understand the limitations of predictive models
and recognize how and when they might fail. Equally important
is knowing how to interpret model outputs and integrate them
into their own clinical judgment, especially when deciding
whether a model is appropriate for a given context. This re-
inforces the irreplaceable role of human expertise in clinical
decision‐making.

Currently, many medical students have limited skills and
exposure when it comes to engaging with AI tools, which can
leave them underprepared [31]. Educational programs should
teach students how to use predictive models and other AI tools
ethically and responsibly, with a clear understanding of their
capabilities and limitations. By incorporating AI into medical
education, future clinicians can develop a balanced approach
to technology that supports rather than undermines core
medical knowledge. AI should reinforce foundational princi-
ples and clinical reasoning, not replace them, ensuring that
students remain actively engaged in their learning. This
approach encourages critical thinking, patient‐centered care,
and continuous skill development in an AI‐enhanced
environment.

6 | Concluding Remarks

The integration of AI‐based predictive models into surgical
practice holds tremendous promise for enhancing patient care,
reducing complications, and improving outcomes. However, as
with any transformative technology, the development and use of
these tools are accompanied by significant ethical challenges.
Issues, such as bias, data misuse, diminished transparency, and
the potential for deskilling clinicians, highlight the need for
careful consideration and proactive mitigation strategies. An
overview of these pitfalls, their underlying causes, and possible
solutions is presented in Table 1.

These challenges, although serious, are not insurmountable.
Through effective stakeholder collaboration that bridges the
perspectives of patients, developers, and surgeons, practical
application can be established. Prioritizing transparent data
practices, rigorous validation, and accountability ensures equity,
trust, and patient‐centeredness, aligning predictive models with
core bioethical principles.

Moreover, as predictive models become routine in surgical
decision‐making, the importance of preparing future genera-
tions of surgeons cannot be overstated. Medical education must
evolve to teach clinicians not only how to interpret and apply
predictive models responsibly but also how to recognize their
limitations. Balancing the use of these tools with clinical
expertise will help sustain critical diagnostic skills, preserve the
human touch in patient care, and uphold shared decision‐
making principles.

By embedding ethical vigilance and a culture of continuous
learning into the lifecycle of predictive models, the surgical
community can maximize their benefits while minimizing po-
tential harms. This commitment will ensure that AI‐driven

innovations enhance surgical practice without compromising
the values and principles that define high‐quality patient care.

Author Contributions

Conceptualization: Sara Ben Hmido, Houssam Abder Rahim, Boris
Keller. Funding acquisition: Freek Daams. Investigation: Sara Ben
Hmido, Houssam Abder Rahim, Boris Keller. Methodology: Sara Ben
Hmido, Houssam Abder Rahim, Boris Keller, Corrette Ploem. Supervi-
sion: Corrette Ploem, Freek Daams, Marieke Bak. Visualization: Hous-
sam Abder Rahim. Writing – original draft: Sara Ben Hmido, Houssam
Abder Rahim, Boris Keller. Writing – review and editing: Freek Daams,
Matthijs Schakel, J. Carel Goslings, E. J. M Nieveen van Dijkum, Ste-
phen Rainey, Geert Kazemier, Marieke Bak, Corrette Ploem.

Conflicts of Interest

All other authors declare no conflicts of interest. Medtronic had no role
in study design, data collection, data analysis, data interpretation, or
writing of the manuscript.

Data Availability Statement

Data sharing is not applicable to this article as no datasets were
generated or analyzed during the current study.

References

1. D. J. Nijssen, K. Wienholts, M. J. Postma, et al., “The Economic
Impact of Anastomotic Leakage After Colorectal Surgery: A Systematic
Review,” Techniques in Coloproctology 28, no. 1 (May 2024): 55:
[Internet], https://doi.org/10.1007/s10151‐024‐02932‐4.

2. O. Rennie, M. Sharma, and N. Helwa, “Colorectal Anastomotic
Leakage: A Narrative Review of Definitions, Grading Systems, and
Consequences of Leaks,” Frontiers in Surgery 11 (May 2024): 1371567:
[Internet], https://doi.org/10.3389/fsurg.2024.1371567.

3. W. T. Stam, L. K. Goedknegt, E. W. Ingwersen, L. J. Schoonmade,
E. R. J. Bruns, and F. Daams, “The Prediction of Surgical Complications
Using Artificial Intelligence in Patients Undergoing Major Abdominal
Surgery: A Systematic Review,” Surgery 171, no. 4 (April 2022): 1014–
1021: [Internet], https://doi.org/10.1016/j.surg.2021.10.002.

4. Z. Wang, S. L. Shao, L. Liu, Q. Y. Lu, L. Mu, and J. C. Qin, “Machine
Learning Model for Prediction of Low Anterior Resection Syndrome
Following Laparoscopic Anterior Resection of Rectal Cancer: A Multi-
center Study,” World Journal of Gastroenterology 29, no. 19 (May 2023):
2979–2991: [cited 2024 Oct 24]: [Internet], https://doi.org/10.3748/wjg.
v29.i19.2979.

5. S. Taha‐Mehlitz, L. Wentzler, F. Angehrn, et al., “Machine Learning‐
Based Preoperative Analytics for the Prediction of Anastomotic Leakage
in Colorectal Surgery: A Swiss Pilot Study,” Surgical Endoscopy 38, no. 7
(July 2024): 3672–3683: [Internet], https://doi.org/10.1007/s00464‐024‐
10926‐4.

6. F. Grass, C. B. Storlie, K. L. Mathis, et al., “Challenges of Modeling
Outcomes for Surgical Infections: A Word of Caution,” Surgical In-
fections 22, no. 5 (June 2021): 523–531: [cited 2024 Oct 24]: [Internet],
https://doi.org/10.1089/sur.2020.208.

7. N. T. Nikolinakos, “Ethical Principles for Trustworthy AI,” in Law,
Governance and Technology Series [Internet] (Springer International
Publishing, 2023), 101–166, https://www.google.com/url?q=doi:10.
1007/978‐3‐031‐27953‐9_3&sa=D&source=docs&ust=174286442963711
7&usg=AOvVaw1xyw9PRsi_‐rWL5Z_zW3Jh.

8. K. B. Johnson, W. Q. Wei, D. Weeraratne, et al., “Precision Medicine,
AI, and the Future of Personalized Health Care,” Clinical and

8 World Journal of Surgery, 2025

 14322323, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/w

js.70080 by T
echnical U

niversity D
elft, W

iley O
nline L

ibrary on [18/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1007/s10151-024-02932-4
https://doi.org/10.3389/fsurg.2024.1371567
https://doi.org/10.1016/j.surg.2021.10.002
https://doi.org/10.3748/wjg.v29.i19.2979
https://doi.org/10.3748/wjg.v29.i19.2979
https://doi.org/10.1007/s00464-024-10926-4
https://doi.org/10.1007/s00464-024-10926-4
https://doi.org/10.1089/sur.2020.208
https://www.google.com/url?q=doi:10.1007/978-3-031-27953-9_3%26sa=D%26source=docs%26ust=1742864429637117%26usg=AOvVaw1xyw9PRsi_-rWL5Z_zW3Jh
https://www.google.com/url?q=doi:10.1007/978-3-031-27953-9_3%26sa=D%26source=docs%26ust=1742864429637117%26usg=AOvVaw1xyw9PRsi_-rWL5Z_zW3Jh
https://www.google.com/url?q=doi:10.1007/978-3-031-27953-9_3%26sa=D%26source=docs%26ust=1742864429637117%26usg=AOvVaw1xyw9PRsi_-rWL5Z_zW3Jh


Translational Science [Internet] 14, no. 1 (January 2021): 86–93, https://
doi.org/10.1111/cts.12884.

9. A. M. Hassan, A. Rajesh, M. Asaad, et al., “A Surgeon’s Guide to
Artificial Intelligence‐Driven Predictive Models,” American Surgeon 89,
no. 1 (January 2023): 11–19: [Internet], https://doi.org/10.1177/0003134
8221103648.

10. I. A. Adeniran, C. P. Efunniyi, O. S. Osundare, and A. O. Abhuli-
men, “Data‐driven Decision‐Making in Healthcare: Improving Patient
Outcomes through Predictive Modeling,” International Journal of
Scholarly Research in Multidisciplinary Studies 5, no. 1 (August 2024):
059–067: [Internet], https://www.researchgate.net/publication/3835
61714_Data‐driven_decision‐making_in_healthcare_Improving_patient
_outcomes_through_predictive_modeling.

11. C. Lu, J. Strout, R. Gauriau, et al., An Overview and Case Study of
the Clinical AI Model Development Life Cycle for Healthcare Systems
[Internet]. arXiv [cs.CY], 2020, http://arxiv.org/abs/2003.07678.

12. C. Giordano, M. Brennan, B. Mohamed, P. Rashidi, F. Modave, and
P. Tighe, “Accessing Artificial Intelligence for Clinical Decision‐
Making,” Front Digit Health [Internet] 3 (June 2021): 645232, https://
doi.org/10.3389/fdgth.2021.645232.

13. N. Yadav, S. Pandey, A. Gupta, P. Dudani, S. Gupta, and K. Ran-
garajan, “Data Privacy in Healthcare: In the Era of Artificial Intelli-
gence,” Indian Dermatol Online Journal 14, no. 6 (November 2023): 788–
792: [Internet], https://doi.org/10.4103/idoj.idoj_543_23.

14. A. Akingbola, O. Adeleke, A. Idris, O. Adewole, and A. Adegbesan,
“Artificial Intelligence and the Dehumanization of Patient Care,”
Journal of Medicine, Surgery, and Public Health 3, no. 100138 (August
2024): 100138: [Internet], https://doi.org/10.1016/j.glmedi.2024.100138.

15. B. Murdoch, “Privacy and Artificial Intelligence: Challenges for
Protecting Health Information in a New Era,” BMC Med Ethics
[Internet] 22, no. 1 (September 2021): 122, https://doi.org/10.1186/
s12910‐021‐00687‐3.

16. I. G. Cohen, R. Amarasingham, A. Shah, B. Xie, and B. Lo, “The
Legal and Ethical Concerns That Arise From Using Complex Predictive
Analytics in Health Care,” Health Affairs (Millwood) 33, no. 7 (July
2014): 1139–1147: [Internet], https://doi.org/10.1377/hlthaff.2014.0048.

17. American Medical Association, Physicians Concerned AI Increases
Prior Authorization Denials [Internet] (American Medical Association,
2025): [cited 2025Mar 28, https://www.ama‐assn.org/press‐center/press‐
releases/physicians‐concerned‐ai‐increases‐prior‐authorization‐denials#
:~:text=More%20recently%2C%20health%20insurers%20have,PDF.

18. C. Ross, B. Herman. “Denied by AI: How Medicare Advantage Plans
Use Algorithms to Cut off Care for Seniors in Need,” STAT (2023): [cited
2025 Mar 28]: [Internet], https://www.statnews.com/2023/03/13/medi
care‐advantage‐plans‐denial‐artificial‐intelligence/.

19. C. A. Pean, A. Buddhiraju, T. Lin‐Wei Chen, et al., “Racial and
Ethnic Disparities in Predictive Accuracy of Machine Learning Algo-
rithms Developed Using a National Database for 30‐day Complications
Following Total Joint Arthroplasty,” Journal Arthroplasty 20 (October
2024): [Internet], https://doi.org/10.1016/j.arth.2024.10.060.

20. M. Azizmalayeri, A. Abu‐Hanna, and G. Cinà, “Unmasking the
Chameleons: A Benchmark for Out‐of‐Distribution Detection in Medi-
cal Tabular Data,” International Journal of Medical Informatics 195
(2025): 105762, https://doi.org/10.1016/j.ijmedinf.2024.105762.

21. K. Zadorozhny, P. Thoral, P. Elbers, and G. Cinà, “Out‐of‐
distribution Detection for Medical Applications: Guidelines for Prac-
tical Evaluation,” in Multimodal AI in Healthcare [Internet] (Springer
International Publishing, 2023), 137–153: (Studies in computational
intelligence), https://link.springer.com/chapter/10.1007/978‐3‐031‐
14771‐5_10#Abs1.

22. Home [Internet], LOINC: [cited 2024 Dec 30], https://loinc.org/.

23. J. Kabachinski, “What Is Health Level 7?,” Biomedical Instrumen-
tation & Technology 40, no. 5 (September 2006): 375–379, https://doi.
org/10.2345/i0899‐8205‐40‐5‐375.1.

24. Home [Internet], SNOMED International: [cited 2024 Dec 30],
https://www.snomed.org/.

25. A. A. Adeniran, A. P. Onebunne, and P. William, “Explainable AI
(XAI) in Healthcare: Enhancing Trust and Transparency in Critical
Decision‐Making,” World Journal of Advanced Research and Reviews 23,
no. 3 (September 2024): 2447–2658: [Internet], https://doi.org/10.30574/
wjarr.2024.23.3.2936.

26. B. Van Calster, E. W. Steyerberg, L. Wynants, and M. van Smeden,
“There Is No Such Thing as a Validated Prediction Model,” BMC
Medicine 21, no. 1 (February 2023): 70: [Internet], https://doi.org/10.
1186/s12916‐023‐02779‐w.

27. A. Sauerbrei, A. Kerasidou, F. Lucivero, and N. Hallowell, “The
Impact of Artificial Intelligence on the Person‐Centred, Doctor‐Patient
Relationship: Some Problems and Solutions,” BioMed Central Medical
Informatics and Decision Making 23, no. 1 (April 2023): 73: [Internet],
https://doi.org/10.1186/s12911‐023‐02162‐y.

28. M. T. Maris, A. Koçar, D. L. Willems, et al., “Ethical Use of Artificial
Intelligence to Prevent Sudden Cardiac Death: An Interview Study of
Patient Perspectives,” BMC Med Ethics [Internet] 25, no. 1 (April 2024):
42, https://doi.org/10.1186/s12910‐024‐01042‐y.

29. S. Rainey, Y. J. Erden, and A. Resseguier, “AIM, Philosophy, and
Ethics,” in Artificial Intelligence in Medicine [Internet] (Springer Inter-
national Publishing, 2022), 371–384, https://doi.org/10.1007/978‐3‐030‐
64573‐1_243.

30. Y. Chen, C. Stavropoulou, R. Narasinkan, A. Baker, and H. Scar-
brough, “Professionals’ Responses to the Introduction of AI Innovations
in Radiology and Their Implications for Future Adoption: A Qualitative
Study,” BioMed Central Health Services 21, no. 1 (August 2021): 813:
[Internet], https://doi.org/10.1186/s12913‐021‐06861‐y.

31. S. F. Mousavi Baigi, M. Sarbaz, K. Ghaddaripouri, M. Ghaddar-
ipouri, A. S. Mousavi, and K. Kimiafar, “Attitudes, Knowledge, and
Skills Towards Artificial Intelligence Among Healthcare Students: A
Systematic Review,” Health Science Reports 6, no. 3 (March 2023): e1138:
[Internet], https://doi.org/10.1002/hsr2.1138.

9

 14322323, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/w

js.70080 by T
echnical U

niversity D
elft, W

iley O
nline L

ibrary on [18/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1111/cts.12884
https://doi.org/10.1111/cts.12884
https://doi.org/10.1177/00031348221103648
https://doi.org/10.1177/00031348221103648
https://www.researchgate.net/publication/383561714_Data-driven_decision-making_in_healthcare_Improving_patient_outcomes_through_predictive_modeling
https://www.researchgate.net/publication/383561714_Data-driven_decision-making_in_healthcare_Improving_patient_outcomes_through_predictive_modeling
https://www.researchgate.net/publication/383561714_Data-driven_decision-making_in_healthcare_Improving_patient_outcomes_through_predictive_modeling
http://arxiv.org/abs/2003.07678
https://doi.org/10.3389/fdgth.2021.645232
https://doi.org/10.3389/fdgth.2021.645232
https://doi.org/10.4103/idoj.idoj_543_23
https://doi.org/10.1016/j.glmedi.2024.100138
https://doi.org/10.1186/s12910-021-00687-3
https://doi.org/10.1186/s12910-021-00687-3
https://doi.org/10.1377/hlthaff.2014.0048
https://www.ama-assn.org/press-center/press-releases/physicians-concerned-ai-increases-prior-authorization-denials#:%7E:text=More%20recently%2C%20health%20insurers%20have,PDF
https://www.ama-assn.org/press-center/press-releases/physicians-concerned-ai-increases-prior-authorization-denials#:%7E:text=More%20recently%2C%20health%20insurers%20have,PDF
https://www.ama-assn.org/press-center/press-releases/physicians-concerned-ai-increases-prior-authorization-denials#:%7E:text=More%20recently%2C%20health%20insurers%20have,PDF
https://www.statnews.com/2023/03/13/medicare-advantage-plans-denial-artificial-intelligence/
https://www.statnews.com/2023/03/13/medicare-advantage-plans-denial-artificial-intelligence/
https://doi.org/10.1016/j.arth.2024.10.060
https://doi.org/10.1016/j.ijmedinf.2024.105762
https://link.springer.com/chapter/10.1007/978-3-031-14771-5_10#Abs1
https://link.springer.com/chapter/10.1007/978-3-031-14771-5_10#Abs1
https://loinc.org/
https://doi.org/10.2345/i0899-8205-40-5-375.1
https://doi.org/10.2345/i0899-8205-40-5-375.1
https://www.snomed.org/
https://doi.org/10.30574/wjarr.2024.23.3.2936
https://doi.org/10.30574/wjarr.2024.23.3.2936
https://doi.org/10.1186/s12916-023-02779-w
https://doi.org/10.1186/s12916-023-02779-w
https://doi.org/10.1186/s12911-023-02162-y
https://doi.org/10.1186/s12910-024-01042-y
https://doi.org/10.1007/978-3-030-64573-1_243
https://doi.org/10.1007/978-3-030-64573-1_243
https://doi.org/10.1186/s12913-021-06861-y
https://doi.org/10.1002/hsr2.1138

