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Background: To systematically evaluate the clinical utility of machine learning in predicting postoperative outcomes following
colorectal surgery.
Methods: A systematic literature search was conducted using PubMed, MEDLINE, Embase, and Google Scholar. Clinical studies
investigating the role of machine learning models in predicting postoperative complications following colorectal surgery were
included. Outcome measure was area under the curve for the model under investigation. The area under the curve and standard
error were pooled using a random effects model to estimate the overall effect size. Statistical analyses were performed using the
MedCalc (version 23) software, and the results presented as forest plots.
Results: Eighteen eligible articles were included. These reported outcomes on postoperative complications, namely anastomotic
leak, mortality, prolonged length of hospitalization, re-admission rates, risk of bleeding, paralytic ileus occurrence, and surgical site
infection. Pooled area under the curve for anastomotic leak was 0.813 [standard error: 0.031, 95% confidence interval (0.753–
0.873)]; mortality 0.867 [standard error: 0.015, 95% confidence interval (0.838–0.896)]; prolonged length of stay 0.810 [standard
error: 0.042, 95% confidence interval (0.728–0.892)]; and surgical site infection 0.802 [standard error: 0.031, 95% confidence
interval (0.742–0.862)], respectively.
Conclusion:Machine learning methods and techniques are displaying promising clinical utility and applicability in accurately predicting
the risk of developing complications following colorectal surgery. Future well-designed, adequately powered, multi-center studies are
needed to investigate the usefulness and generalizability of these novel approaches in optimizing peri-operative surgical care.
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Introduction

Colorectal resections are performed for a wide variety of condi-
tions, including malignancies, inflammatory bowel disease (IBD),
diverticular disease, volvulus, polyposis syndromes, infections,
bowel obstruction, or following trauma. Colorectal cancer is the
third most common malignancy worldwide[1] and the second lead-
ing cause of cancer-related mortality[2]. Moreover, a significant
proportion of patients with IBD (ulcerative colitis and Crohn’s
disease) require surgery either for symptom control (disease refrac-
tory to medical therapy) or as a consequence of developing
a complication. The type of surgery is dependent upon disease
location and mapping, and may involve the small bowel, colonic
segmental resection, and surgery to the perineum.
Resectional colorectal surgery performed for both benign and

malignant disease can potentially be curative but is associated
with significant morbidity and mortality. Postoperative compli-
cations following cancer surgery can impact overall and disease-
free survival[3] and may have an adverse impact on quality of life.
These include anastomotic leaks (ALs), surgical site infections
(SSIs), intra-abdominal abscess formation, and hemorrhage.
Postoperative complications vary in severity, and early recog-

nition and treatment are critical in achieving a favorable
outcome[3]. Despite advances in surgical techniques, the reported
AL rate varies between 2.8% and 30%[4], with these differences
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being associated with non-standardized definitions and grading
systems used to define ALs[5] and SSIs estimated at 2.4%-
21.6%[5]. The occurrence of such complications can negatively
impact patient well-being and health care providers by increas-
ing length of stay (LOS), readmission rates, cancellation of
elective lists, and significant cost implications.
Machine learning [branch of artificial intelligence (AI)] is

concerned with the study and use of statistical algorithms
derived from data and used to generate predictions[6].
Inferences can be drawn from patterns in data either through
supervised or unsupervised learning. The application of machine
learning techniques in various fields, including medicine, has
been gaining popularity in an attempt to predict patient out-
comes accurately[7].
A number of predictive tools and risk stratification models are

already in use to stratify an individual’s risk of postoperative mor-
bidity and mortality[8] and are important in aiding peri-operative
decision-making, especially in major surgical procedures. These
include the American Society of Anaesthesiologists (ASA) score,
the American College of Surgeons Surgical Risk Calculator[9], and
thePhysiologic andOperative Severity Score for theEnumerationof
Mortality and Morbidity (POSSUM)[10] score.
However, machine learning models may be more comprehen-

sive and superior to existing linear risk prediction tools. This
study aims to systematically evaluate the clinical utility of
machine learning in predicting postoperative outcomes follow-
ing colorectal surgery.

Methods

The systematic review and meta-analysis were designed, per-
formed, and reported according to the following guidelines:
Cochrane Handbook for Systematic Reviews of Interventions[11];
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA)[12]; Assessing the Methodological Quality of
Systematic Reviews (AMSTAR 2)[13]; and Transparency In The
reporting of Artificial INtelligence (TITAN 2025)[14]. The TITAN
checklist is provided in Supplemental Digital Content, Appendix 1,
available at: http://links.lww.com/JS9/E785.
The protocol of this review was registered at the International

Prospective Register of Systematic Reviews (registration num-
ber: CRD42025638998 available at: https://www.crd.york.ac.
uk/prospero).

Search strategy

Studies reporting machine learning models used to predict post-
operative complications following elective or emergency color-
ectal surgery (performed either through an open or minimally
invasive approach for benign and malignant pathologies includ-
ing restoration of bowel continuity) were deemed eligible for
inclusion. The types of procedures included were as follows:
ileo-caecal resections; right (extended) hemicolectomies; left
hemicolectomies; subtotal colectomies; segmental colonic resec-
tions; sigmoid colectomies; anterior (low) resections; pan-proc-
tocolectomies; abdominoperineal resections; proctectomies;
Hartmann’s resection/reversal; diverting stoma; intestinal
bypass; and insertion of self-expanding metallic stents.
Literature search was performed using the following online

electronic databases: PubMed, MEDLINE, Embase, and
Cochrane Central Register of Controlled Trials (CENTRAL)

up to and including the 20/01/2025. Additionally, the reference
list of relevant studies were reviewed manually to identify
further eligible studies. A combination of the following search
terms were used: “machine learning,” “artificial intelligence,”
“AI,” “postoperative complication,” “colorectal surgery,” “gas-
trointestinal surgery,” and “colectomy.”
Supplemental Digital Content, Appendix 2, available at:

http://links.lww.com/JS9/E786 shows the search strategy used
in the literature search.

Eligibility and study selection criteria

Inclusion criteria were all clinical studies using machine learning
tools to predict postoperative complications in patients under-
going colorectal surgery. No restrictions were applied to the
indication for surgery, and both benign and malignant pathology
were considered. Furthermore, all types of colectomies, ileocecal
resection and proctectomy were deemed eligible. Study exclusion
criteria were as follows: anorectal conditions (including common
perineal approaches such as Delorme’s and Altemeier’s operation)
and appendicectomy, non-clinical articles, expert and technical
opinions, conference abstracts, and letters to the editor.
Titles and abstracts of selected articles were screened indepen-

dently by two authors, and the full text of potentially eligible
articles were retrieved and reviewed. Disagreements were resolved
through consensus following discussion with the authorship team.

Data extraction and outcomes

Two authors extracted data independently, which were revised
by a third author using a standard Microsoft Excel spreadsheet
after pilot-testing. The information collected from each study
included name of first author, year of publication, country of
origin, total number of patients, inclusion and exclusion criteria,
assessed postoperative complication(s), machine learning model
and training method, area under the curve (AUC) for the
assessed complication/outcome and important predictors/vari-
ables. In instances where more than one machine learning model
was utilized, the model with the greatest AUC was reported.

Risk of bias assessment

The prediction model Risk of Bias Assessment Tool (PROBAST)
was used to evaluate the risk of bias (ROB)[15]. The PROBAST
tool, informed by a Delphi procedure and refined through pilot-
ing, evaluates ROB and applicability. ROB comprises four
domains: participants, predictors, outcome, and analysis.

HIGHLIGHTS

● Role and potential clinical utility of machine learning
techniques in predicting postoperative complications fol-
lowing colorectal surgery.

● Overall pooled area under the curve for anastomotic leak
was 0.813; mortality 0.867; increased length of hospital
stay 0.810; and surgical site infection 0.802.

● Machine learning pipelines display promising clinical uti-
lity and good predictive ability in determining postopera-
tive complications following colorectal resectional
surgery, and should be further investigated with better
design standardization and reporting of results.

8551

Mohamedahmed et al. International Journal of Surgery (2025)

http://links.lww.com/JS9/E785
https://www.crd.york.ac.uk/prospero
https://www.crd.york.ac.uk/prospero
http://links.lww.com/JS9/E786


These domains, containing 20 questions, help facilitate
a structured judgement of ROB in a study that develops, vali-
dates, or updates a prediction model. Moreover, the applicabil-
ity assessment covered three domains: Participants, Predictors,
and Outcomes. PROBAST enables a transparent and focused
approach to identify potential flaws in study design, conduct,
and data analysis, resulting in distorted estimates of a particular
model’s predictive performance.

Data synthesis and statistical analyses

The meta-analysis was performed using the MedCalc (version
23) software, and the results were presented as forest plots. The
AUC, along with the standard error (SE), was pooled from
included studies using a random effects model to estimate the
overall effect size and pooled AUC with a 95% confidence
interval (CI). Where SE was not reported, the 95% CI was
used instead to estimate the SE[16]. Heterogeneity was evaluated
using the Cochran Q test and I2 statistic. An I2 value exceeding
50% signified significant levels of between-study heterogeneity,
and a value of 0% indicated no heterogeneity.
To check for possible sources of heterogeneity and evaluate

the robustness of our results, sensitivity analysis was performed
by calculating the fixed effects model.

Results

Our initial search identified a total of 421 studies. Following
review of titles and abstracts, 275 were excluded due to

duplication or lack of relevance. This resulted in 146 studies
remaining for full-text screening, and 128 were excluded for not
meeting the inclusion criteria. A total of 18 studies[17–34] were
included in the final systematic review.
Figure 1 demonstrates the PRISMA flow chart.
The characteristics of the included studies are presented in

Table 1, and a summary of the machine learning models’ per-
formance is provided as Supplemental Digital Content,
Appendix 3, available at: http://links.lww.com/JS9/E787.

Risk of bias and applicability assessment

Overall, most of the included studies demonstrated a low ROB
across all domains. In the participants’ domain, 14 studies
(78%) showed a low ROB, whilst four studies (22%) presented
an unclear ROB. Only one study showed a high ROB in the
predictors’ domain, with two studies showing an unclear ROB.
For the analysis domain, one study (6%) had a high ROB, and
four studies (22%) revealed an unclear ROB. Overall, ROB
assessment showed 11 (61%) of the included studies as being
low risk, five (28%) unclear risk, and two (11%) as high risk.
For the applicability assessment, in the participants and pre-

dictors domains, three studies (17%) and one study (6%) had
high concerns, respectively. Moreover, three studies (17%) had
some concerns, and one (6%) had high concerns in the outcome
domain. Overall, applicability assessment indicated that 13 stu-
dies (72%) were of low concern, four (22%) high concern, and
one (6%) unclear.

Records identified from:
Databases (n = 417)

Records screened
(n = 417)

Records excluded
(n = 275)

Reports sought for retrieval
(n = 142)

Reports assessed for eligibility
(n = 142)

Reports excluded (n=125):
Reported ineligible surgical 

operation (n = 73)
Review articles/opinions and 

letters (n = 28)
Articles didn’t report machine 

learning (n=24)

Records identified from Citation 
searching (n = 4)

Reports assessed for eligibility.
(n = 4) Reports excluded (n=3):

Reported ineligible surgical 
operation (n = 3)

Studies included in review
(n = 18)

Identification of studies via databases and registers Identification of studies via other methods

n
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Reports sought for retrieval
(n = 4)

Figure 1. PRISMA flow chart.
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The ROB and applicability assessments are shown in Table 2
and Figure 2.

Anastomotic leak

Eight studies[17,23,24,26,28,29,32,33] used predictive modeling to
assess AL developing postcolorectal surgery, giving a pooled
AUC of 0.813 [SE: 0.031, 95% CI (0.753–0.873)] (Fig. 3a).
The AUC and accuracy varied by study design and the number
of patients included. For example, artificial neural networks
(ANNs) achieved the highest AUC of 0.93 in a large study of
14,935 patients[32], while smaller cohorts[33] reported lower
AUCs (0.78–0.89).
Key predictors consistently linked to the risk of developing

AL were as follows: tumor location in relation to the anal verge
(e.g. distances <5 cm), intra-operative factors such as blood loss
>100 mL, and postoperative laboratory results [elevated creati-
nine, C-reactive protein (CRP)].

Surgical site infection

Postoperative infection was reported in three studies[20,27,31]

with two specifically focusing on SSI occurrence[27,31]. Both
studies used several risk prediction tools, with the ANN models
outperforming others. The pooled AUC of the best-performing
models was 0.802 [SE: 0.031, 95% CI (0.742–0.862)] (Fig. 3b).
For SSIs, surgical approach (open vs laparoscopic), type of
suture used for closure, operative time, and preoperative albu-
min were significant predictive factors.

Paralytic ileus

Paralytic ileus was assessed in two studies[30,34] with seven dif-
ferent prediction models. These models demonstrated
a moderate to strong performance (AUC: 0.80–0.84). Brydges
et al[30]. highlighted age, body mass index (BMI), and pre-exist-
ing renal dysfunction as critical predictors for the development

of paralytic ileus. Traeger et al[34] identified sarcopenia, post-
operative hypokalemia, and opioid use as key drivers for this
outcome occurring postoperatively.

Mortality and prolonged length of stay

Four studies[21,22,25,32] reported mortality prediction with
a pooled AUC of 0.802 [SE: 0.031, 95% CI (0.742–0.862)]
(Fig. 3c). A Danish study[25] of 65,612 patients using LASSO
(Least Absolute Shrinkage and Selection Operator) regression
achieved an AUC of 0.87, driven by factors like emergency sur-
gery, age, and ASA scores. Similarly, a Dutch analysis[21] of
62,501 patients linked pre-existing co-morbidities such as chronic
obstructive pulmonary disease and hypertension to mortality risk.
Prediction for prolonged LOS was reported in two

studies[18,32], and the pooled AUC was 0.810 [SE: 0.042, 95%
CI (0.728–0.892)] (Fig. 3d).

Re-admission and bleeding

Re-admission risk was evaluated in three studies[18,21,29]. One
study[29] reported an AUC of 0.9, with the remaining two achiev-
ing much lower values of 0.63[18] and 0.68[21], respectively. Chen
et al[19] used gradient boosting and logistic regression models,
showing an AUC of 0.81 and 0.77 for postoperative bleeding
risk, respectively. The presence of anemia, hemophilia, and
nutritional status were the variables most strongly associated
with hemorrhage risk in the first postoperative week.

Discussion

To our knowledge, this is the first systematic review and meta-
analysis comprehensively assessing the predictive performance
of machine learning models across multiple postoperative com-
plications following colorectal surgery. Eighteen studies[17–34]

published between 2013 and 2024, originating from a wide

Table 2
Risk of bias and applicability assessment

Author, Year

Risk of Bias Applicability Overall

1. Participants 2. Predictors 3. Outcome 4. Analysis 1. Participants 2. Predictors 3. Outcome Risk of Bias Applicability

Adams 2013[17] + + + + + + + + +
Francis 2015[18] ? + + - ? + ? - ?
Chen 2018[19] + + + + + + + + +
Azimi 2019[20] ? + + + - + ? ? -
Bosch 2021[21] + + ? + + + + ? +
Degett 2021[22] + + + ? + + + ? +
Mazaki 2021[23] + - + ? + - ? - -
Wen 2021[24] + + + + + + + + +
Bräuner 2022[25] + + + + + + + + +
Lin 2022[26] + + + + + + + + +
Chen 2023[27] + + + + + + + + +
Shen 2023[28] + + + + + + + + +
Agnes 2024[29] + + + + + + + + +
Brydges 2024[30] ? + ? ? - ? - ? -
Li 2024[31] ? + + ? - + + ? -
Nwaiwu 2024[32] + + + + + + + + +
Taha-Mehlitz 2024[33] + + + + + + + + +
Traeger 2024[34] + + + + + + + + +

Green = low risk of bias; Red = high risk of bias; Yellow = unclear risk of bias.
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geographical area were included. Analyzed outcomes included
AL, postoperative infection, paralytic ileus occurrence, mortal-
ity, delayed discharge/increased LOS, re-admissions, and post-
operative hemorrhage. Unlike previous narrative reviews, this
study quantifies a model’s performance using AI, providing
a benchmark for future machine learning studies.
The ability to learn and adapt (without following explicit

instructions) using algorithms and statistical modeling, drawing
inferences based on pattern recognition, often from large datasets,
means that machine learning has potential applications and utility
in many fields. Computer-aided diagnosis can assist in many
imaging and diagnostic technologies, including X-ray[35],
ultrasound[36], magnetic resonance imaging[37], and endoscopy
(polyp detection)[38]. In radiology, machine learning algorithms
are already employed to detect tumors and predict biomarkers[39].
This technology could be further extrapolated into other fields,
including colorectal surgery, using non-linear predictive models
to aid clinicians in assessing the likelihood of developing compli-
cations following major bowel resections. The use of predictive
modeling could, therefore, contribute significantly to improving
surgical outcomes and aiding in perioperative decision-making.
This will be of great value to both clinicians and patients alike.

The present study highlights the promising potential of
machine learning in predicting several outcomes. Eight studies
used machine learning to predict AL with a pooled AUC of 0.81.
Clinically significant AL remains one of the most severe and
dreaded complications following colorectal surgery[40]. It is asso-
ciated with considerable morbidity and mortality[41] and pro-
longed LOS[42] and consequently has implications on health care
systems for both capacity and costs.
The etiology of AL is both complex andmultifactorial[43], often

involving both patient and technical factors, including (but not
limited to) male gender[44,45], obesity, comorbidities, nutritional
status, intra-operative contamination, preoperative treatments
(steroids, radiotherapy), and emergency resections[46]. The out-
come following such a catastrophic event can be detrimental both
oncologically and often, leading to the creation of an ostomy.
Therefore, understanding the complex interplay between various
risk factors through machine learning that may predispose
patients to a higher risk for developing AL will allow more
tailored and personalized treatment to mitigate this risk.
For predicting post colorectal surgery mortality using

machine learning methods, we calculated a pooled AUC of
0.87. This compared favorably with the UK National

Figure 2. Risk of bias (ROB) and applicability assessment of the included studies.

8558

Mohamedahmed et al. International Journal of Surgery (2025) International Journal of Surgery



Emergency Laparotomy Audit (NELA) risk score (AUC 0.75–
0.79)[47]. The NELA risk calculator is a tool used to assess
predicted 30-day mortality following an emergency laparotomy.
High-risk emergency laparotomy is defined as any patient with
a NELA score of ≥ 5%. Other scoring systems quantifying
mortality risk following an emergency laparotomy include the
American College of Surgeons National Surgical Quality
Improvement Score (NSQIP) and the Portsmouth Physiological
and Operative Severity Score (P-POSSUM)[48].
The original Physiological and Operative Severity Score for the

Enumeration of Mortality and Morbidity (POSSUM)[10], pro-
posed in the early nineties, assesses expected morbidity and mor-
tality based on a physiological score (12 factors) and a surgical
severity score (six operative factors). To better predict mortality,
the refined P-POSSUM was later introduced[49], collecting the
same physiological/operative parameters but using different cal-
culations to determine estimated mortality risk. These scoring
systems are utilized to guide better expenditure of finite health
care resources in the care of postoperative patients.
We estimated the AUC for these widely used scoring systems

and found that machine learning methods were comparatively

superior in assessing predicted mortality: AUC values of 0.62
and 0.76 for POSSUM and P-POSSUM, respectively[48]. Both of
these established scoring systems have been validated for
a number of surgical specialities. However, machine learning
techniques may, in the near future, provide a more accurate
reflection of the risk faced by patients undergoing increasingly
complex gastrointestinal surgery.
The present study also revealed the potential clinical value of

machine learning techniques in assessing other outcomes,
including predicting prolonged LOS (pooled AUC 0.81) and
SSI (AUC 0.80). These are clinically important and relevant
findings, particularly in the context of modern health care sys-
tems. An ageing population, increasing demands in accessing
care, major reforms required in social care, and financial con-
straints mean that unexpected delays in hospital discharge or
deviation from anticipated recovery time can lead to adverse
consequences. Delayed discharges have knock-on effects on
institutional capacity and a bearing on treatment waiting times.
Therefore, continued innovations and the correct application

of validated available technology, including machine learning,
are important adjuncts in planning and providing modern health

Figure 3. Forest plots of the AUC for (a) anastomotic leak; (b) surgical site infection; (c) mortality; and (d) prolonged length of hospital stay. ROC, receiver operator curve.
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care. They serve as useful guides in helping clinicians with peri-
operative decision-making, tailoring and delivering personalized
patient care.
Although the aforementioned existing models and scoring

systems have been instrumental in clinical decision-making and
have been proposed as surgical quality measures, some studies
have questioned their validity. For instance, an analysis of color-
ectal cases assessing the NSQIP risk calculator found it under-
estimated SSI and overall complication rates[50]. Novel machine
learning algorithms may prove useful in preoperative patient
education, helping them to understand the rationale for pro-
posed treatment and improving the consent process. For clini-
cians, better decision-making, including the need for higher
levels of postoperative care and interventions to improve surgi-
cal outcomes may be achieved through these models[51].
Advances in the field of deep learning, a subset of machine

learning, have allowed neural networks to exceed previous
approaches to performance. Machine learning aims to find gen-
eralizable predictive patterns that differ from statistics (drawing
inferences from a sample) with approaches broadly divided into
three categories depending on available “feedback” and include
supervised, un-supervised, and reinforcement learning[52].
AI-based risk prediction tools have demonstrated their clin-

ical value in a cohort of elderly patients undergoing emergency
surgery[53]. The tool predicted in-hospital mortality for patients
aged 65 to 85 years with an AUC of 0.80–0.84, acute renal
failure (AUC 0.85), respiratory failure (AUC 0.86), and septic
shock (AUC 0.90). This allows for improved future decision-
making and better patient counseling.
Nwaiwu et al[32] reported three machine learning models pre-

dicting AL, prolonged LOS, and inpatient mortality, with high
AUC in patients undergoing laparoscopic and open surgery for
colorectal malignancy. These results compared favorably with
other studies using machine learning techniques to predict dis-
ease recurrence and risk of developing colorectal cancer. Merath
et al[7] used machine learning to predict postoperative complica-
tions after liver, pancreatic, and colorectal surgery. Decision tree
models were used, and the authors reported good results in
predicting specific complications, outperforming established
methods such as the ASA and NSQIP risk calculator.
In modern surgical practice, especially for cancer treatment and

using a multi-disciplinary team approach, validated machine
learning models can be integrated into existing patient pathways.
The benefits of this are early recognition of the high-risk surgical
patient and initiation of interventions to mitigate identified risks.
For instance, such patients may be suitable for preoperative reha-
bilitation and optimization, or following risk assessment, it may
be decided via consensus to pursue non-surgical treatment.
Alternatively, with robust, highly accurate modeling systems,
clinicians may decide preoperatively on the creation of
a temporary/permanent stoma and communicate these decisions
and counsel patients appropriately. Moreover, risk-prediction
models may suggest the need for higher levels of care postopera-
tively and these too can be planned well in advance. The advan-
tages of machine learning algorithms over established risk
predictors are a non-linear approach, use of large, complex data-
sets to identify patterns, and provide flexibility[34].
Several machine learning techniques were used in the included

studies, including ANNs or connectionist systems based on
nodes called “artificial neurons,” decision tree classifier, sup-
port-vector networks, random forest (RF), and many more[52].

Each has its own strengths and advantages. For instance, deci-
sion trees are easy to interpret, similar to a flowchart showing
how decisions are reached[54]. Logistic regression, meanwhile,
highlights factors strongly influencing outcomes and provides
more clear numerical insights.
Overfitting is a common challenge with these models and occurs

whena toolworks perfectly on the data it is trainedon, but struggles
with new real-world patient data. To address this, researchers often
combine multiple models, balancing accuracy with reliability, as
combining methods reduces the risk of introducing errors[27].
While the included articles introduced a wide range of features,

some studies[28] used only 6–10 features and others[26] used 58–111
features. Attempting to define relevant features is critical in pre-
dicting the dependent variable. Excluding redundant and irrelevant
features duringmodelingwill help improve overall performance[20].
In this review, some of the included studies used patient records

to train machine learning using extensive datasets[27,32], whilst
others[17] used smaller cohorts. Datasets require delicate handling
of missing values, outlier detection, normalization, encoding cate-
gorical variables, and feature engineering. Imbalanced data
requires additional processing, re-sampling, and class weighting
to optimize model performance.
This study is not without its limitations. Firstly, regarding

model preferences, ANNs and random forests were favored for
high-dimensional data, while LASSO and logistic regression
provided interpretability for smaller datasets. Secondly,
data challenges were encountered, and studies with less than
500 patients often reported inflated AUCs (AUC: 0.89, 76
patients)[17], leading to concerns of overfitting. Conversely,
large registry-based studies[27] prioritized generalizability but
faced missing data issues. A further limitation concerns the
pooling of AUC values from diverse machine learning models.
Given the heterogeneity in algorithms, model architecture,
input variables, training data, validation methods, and popula-
tion characteristics, such pooling may not be methodologically
robust. While pooling AUCs provides a general impression of
a given model’s performance, it oversimplifies the inherent
complexity associated with AI models. Future work should
consider subgroup analyses or more refined approaches such
as meta-regression to account for and factor this variability[55].

Conclusions

Machine learning algorithms and methods have promising clin-
ical utility and applicability in accurately predicting patient risk
of developing complications following colorectal surgery. These
tools demonstrate superiority over presently available linear risk
prediction calculators used by clinicians to aid prognostication;
however, machine learning tools require rigorous validation
before replacing established risk calculators. Their current use
should be as an adjunct while further validation studies emerge.
Future well-designed studies are needed to fully appreciate and
understand the power of machine learning in various medical
settings, including surgery.
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