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Abstract

Postoperative mortality remains a major global health burden, and accurate risk prediction is essential for
perioperative decision-making and quality improvement. We conducted a systematic review and meta-
analysis comparing artificial intelligence (AI)-based models with logistic regression (LR) for postoperative
mortality prediction in adult surgical populations. PubMed, Excerpta Medica database (Embase), and the
Cochrane Library were searched from inception to February 2, 2026. The review was registered in the
International Prospective Register of Systematic Reviews (PROSPERO) on May 5, 2026 (registration number:
CRD420261365093). Eligible studies directly compared Al-based and LR models within the same adult
surgical population and reported the area under the receiver operating characteristic curve (AUC) for 30-day
and/or 90-day postoperative mortality. Risk of bias was assessed using the Prediction model Risk Of Bias
Assessment Tool (PROBAST). A random-effects meta-analysis with restricted maximum likelihood and
Hartung-Knapp adjustment was performed to pool the between-model difference in AUC (AAUC). The search
identified 977 records; after removal of 70 duplicates, 907 records were screened, 68 reports were assessed
for eligibility, and 11 retrospective cohort studies including 372,343 participants were included. All studies
showed high or unclear risk of bias. Seven studies contributed to the 30-day mortality synthesis, in which
Al-based models showed better discrimination than LR (AAUC: 0.0575, 95% confidence interval (CI): 0.0128-
0.1022; 12 = 89.0%). Six studies contributed to the 90-day mortality synthesis, also favoring Al-based models
(AAUC: 0.0509, 95% CI: 0.0078-0.0940; 1% = 39.9%). Al-based models showed modest pooled improvements
in discrimination compared with LR for postoperative mortality prediction. However, confidence in these
findings is limited by high or unclear risk of bias, the small number of eligible studies, and heterogeneity,
particularly in the 30-day analysis.

Categories: General Surgery, Healthcare Technology
Keywords: ai and machine learning, artificial intelligence, artificial intelligence in surgery, perioperative mortality,
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Introduction And Background

Postoperative mortality represents a major global health burden, although its precise magnitude is difficult
to quantify across healthcare systems. One modeling study estimated that approximately 4.2 million deaths
occur within 30 days of surgery each year, which, if accurate, would place postoperative mortality among the
leading causes of death worldwide [1]. Reliable preoperative risk stratification is therefore essential to guide
perioperative decision-making, optimize patient outcomes, support shared decision-making, and improve
health system efficiency.

Traditional surgical risk prediction models have relied predominantly on logistic regression (LR), a
conventional statistical modeling approach that estimates the probability of an outcome from a specified
relationship between predictors and the log-odds of that outcome. LR remains widely used because of its
interpretability, simplicity, and clinical familiarity. However, its predictive performance depends on
appropriate specification of the relationships between predictors and the log-odds of the outcome, including
relevant non-linear effects and interactions. Inadequate handling of these relationships may limit model
performance, particularly in heterogeneous patient populations [2].

In contrast, artificial intelligence (AI)-based models, including machine learning (ML) approaches, offer
flexible methods for handling high-dimensional data and modeling complex relationships among predictors
[3,4]. In this context, ML refers to data-driven modeling approaches that learn predictive relationships from
observed data. AI/ML approaches are increasingly being investigated for perioperative and surgical risk
prediction, but comparative studies have reported variable incremental performance over conventional
methods. Chiew et al. evaluated several ML algorithms for predicting 30-day postoperative mortality and
prolonged intensive care unit admission in more than 90,000 surgical patients and reported improved
predictive performance compared with established surgical risk models [5]. In a direct comparison using the
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same preoperative predictors, Michelsen et al. found only a modest improvement in discrimination with
boosted decision trees compared with logistic regression, illustrating that the advantage of ML may be
context-dependent [6].

This uncertainty is also reflected in the broader literature on perioperative prediction models. A systematic
review of preoperative models for 30-day perioperative mortality found substantial variability in
discrimination, with c-statistics ranging from 0.82 to 0.96. Calibration was reported in only a minority of
studies, and all model-development studies were judged to have unclear or high risk of bias [7]. These
findings suggest that ML may improve discrimination in selected surgical populations, but the magnitude of
its incremental performance over LR remains uncertain and appears to depend on the population,
predictors, modeling strategy, and validation approach. The previous review focused on 30-day
postoperative mortality across heterogeneous non-cardiac surgical populations [7], whereas evidence from
direct within-cohort comparisons of AI/ML and LR models, particularly for 90-day mortality, has been less
extensively synthesized.

To address this gap, we conducted a systematic review and meta-analysis of studies directly comparing
Al/ML-based models with LR within the same surgical population, with separate analyses for 30-day and 90-
day postoperative mortality. The review question was structured using a PICO-style framework adapted to
prediction-model research: the population (P) comprised adults undergoing abdominal or visceral surgery;
the index prediction approach (I) consisted of AIl/ML-based models; the comparator (C) was LR evaluated
within the same study population; and the outcome (O) was discriminative performance for 30-day or 90-day
postoperative mortality. Discrimination was measured using the area under the receiver operating
characteristic curve (AUC), which reflects a model’s ability to distinguish between patients who do and do
not experience the outcome.

Review
Materials and methods

This meta-analysis was performed in accordance with the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines [8], and all methodological procedures followed the
recommendations of the Cochrane Handbook for Systematic Reviews of Interventions, version 6.3 [9]. The
protocol was registered in the International Prospective Register of Systematic Reviews (PROSPERO)
database on May 5, 2026 (registration number: CRD420261365093). Because this review analyzed previously
published aggregate data and did not involve individual patient participation, ethics committee approval
and informed consent were not required. The study was conducted in accordance with the ethical standards
of the Declaration of Helsinki as revised in Brazil in 2013 [10].

Search Strategy

A systematic literature search was conducted in PubMed, Excerpta Medica database (EMBASE), and the
Cochrane Library from database inception through February 2, 2026. The search strategy combined
database-specific controlled vocabulary terms and free-text keywords related to Al, ML, LR, surgery,
postoperative mortality, and risk prediction. Boolean operators (“AND” and “OR”) were used to combine the
search concepts as appropriate for each database. The complete search syntax for each database, including
the specific search terms, field tags, and Boolean combinations used, is provided in the Appendices to allow
reproducibility. In addition, the reference lists of all included studies and relevant reviews were manually
screened to identify potentially eligible studies not retrieved through the electronic database searches.

Study Selection

All retrieved records were imported into Zotero reference management software (Corporation for Digital
Scholarship, Vienna, VA, USA) [11], and duplicate records were removed. Study selection was conducted
independently by two reviewers (L.M.M. and G.G.C.) in two stages: first, titles and abstracts were screened
against the predefined eligibility criteria described in the following section; second, the full texts of
potentially eligible articles were assessed for inclusion. Disagreements were first resolved through
discussion between the two reviewers. If consensus could not be reached, a third reviewer (E.A.E.V.) was
consulted; unresolved disagreements were subsequently discussed with the remaining two authors (M.A.P.V.
and R.G.E.R.) to reach a final decision. Reasons for exclusion at the full-text stage were documented and are
summarized in the PRISMA flow diagram.

Eligibility Criteria

Studies were eligible for inclusion if they met all of the following criteria: (i) original research studies,
including randomized controlled trials or observational cohort studies, published in English; (ii) inclusion of
adult patients undergoing abdominal or visceral surgical procedures, including general, gastrointestinal,
colorectal, hepatobiliary, bariatric, and abdominal oncological surgery; (iii) direct comparison of an AI/ML-
based prediction model with an LR model evaluated within the same study population; and (iv) reporting of
discriminative performance for 30-day and/or 90-day postoperative mortality using the AUC, with sufficient
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information to extract or calculate the between-model difference in AUC and its corresponding measure of
variance.

Studies were excluded if they were systematic reviews, meta-analyses, editorials, letters, conference
abstracts, case reports, case series, or animal studies. Studies evaluating only one modeling approach
without a direct within-cohort Al/ML-versus-LR comparison, or those lacking sufficient data to derive the
required effect estimate or measure of uncertainty, were also excluded. When multiple publications were
derived from the same cohort or database, the publication providing the most comprehensive data and
methodological detail was retained to avoid duplicate inclusion.

Data Extraction and Model Selection

Data extraction was performed independently by two reviewers (L.M.M. and G.G.C.) using a standardized
form based on the Checklist for Critical Appraisal and Data Extraction for Systematic Reviews of Prediction
Modeling Studies (CHARMS) framework [12]. Extracted information included study and population
characteristics, including age and sex; type of surgery; sample size; number of outcome events; mortality
time frame; modeling approach; predictor variables; validation strategy; and model-performance measures.
For the quantitative synthesis, the AUC and its corresponding 95% confidence interval (CI), standard error
(SE), or other reported measure of uncertainty were extracted when available. Calibration metrics were also
recorded when reported. Missing or unclear information was recorded as such in the original studies.

When multiple AI/ML algorithms were reported within the same study, the model designated by the original
authors as the primary or final model was selected. If no model was explicitly designated, the model
evaluated using the most rigorous validation strategy and, where possible, in the same validation cohort as
the LR comparator was selected. Only one AI/ML-versus-LR comparison per study and mortality time point
was included in each meta-analysis.

Risk of Bias and Applicability Assessment

Risk of bias and applicability were independently assessed by two reviewers (L.M.M. and G.G.C.) using the
Prediction model Risk Of Bias Assessment Tool (PROBAST) [13]. PROBAST evaluates four domains:
participants, predictors, outcome, and analysis. Each domain was rated as having low, high, or unclear risk
of bias according to the corresponding signaling questions and guidance. Particular attention was given to
methodological aspects relevant to prediction-model studies, including the handling of missing data, model
overfitting, and validation strategy.

Because the included studies employed AI/ML methods, additional Al-specific considerations consistent
with PROBAST-AI guidance [14] were considered, including model-tuning procedures, feature selection, and
potential data leakage. Overall study-level risk of bias was determined according to PROBAST
recommendations; a study was classified as being at high overall risk of bias if at least one domain was rated
as high risk. Disagreements between reviewers were resolved through discussion and consensus. Individual
study-level risk-of-bias and applicability assessments, as well as overall domain-level summaries, were
graphically presented using the Risk-Of-Bias VISualization (robvis) web application [15].

Statistical Analysis

A pairwise meta-analysis was performed to compare the discriminative performance of Al-based models
with that of conventional LR models for predicting 30-day and 90-day mortality. The primary outcome was
the difference in AUC (AAUC), calculated for each study as the AUC of the Al-based model minus the AUC of
the LR model. Studies were allocated to each synthesis according to the mortality time frame reported in the
original article, with separate meta-analyses for 30-day and 90-day outcomes.

Effect sizes were derived from reported AUC values. When 95% CIs were available, SEs were approximated as
(upper confidence limit - lower confidence limit)/(2 x 1.96), assuming approximate normality. When neither
an SE nor a CI was reported, the SE of the AUC was estimated from the reported AUC and the numbers of
participants with and without the outcome using the Hanley-McNeil approximation for the sampling
variance of the area under the receiver operating characteristic curve [16]. When studies reported variability
in AUC estimates across repeated resampling or validation procedures, the reported standard deviation (SD)
of those repeated AUC estimates was used as an empirical approximation of uncertainty. Patient-level SDs
were not converted into SEs.

Because Al and LR models were generally evaluated within the same patient cohorts, their AUC estimates
were considered correlated, consistent with methods for comparing receiver operating characteristic areas
derived from the same cases [17]. The variance of the difference in AUC was calculated as SE?(AI) + SE%(LR) -
2p x SE(AI) x SE(LR), where p represents the within-study correlation between the paired AUC estimates.
Because the covariance between the paired AUC estimates was not reported in the primary studies and could
not be recovered from the available aggregate data, p = 0.6 was assumed as a pragmatic representation of
moderate-to-high positive dependence. This value was treated as an analytical assumption rather than an
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empirically validated universal correlation coefficient.

Meta-analyses were conducted using the inverse-variance method within a random-effects framework.
Between-study variance (t%) was estimated with the restricted maximum likelihood estimator. Given the
limited number of studies and the potential for heterogeneity, pooled Cls were calculated using the Hartung-
Knapp adjustment to provide more conservative and robust inference. Publication bias and small-study
effects were not formally assessed because fewer than 10 studies contributed to each meta-analysis, limiting
the statistical power and interpretability of funnel-plot asymmetry tests. Statistical significance was defined
as a two-sided p-value below 0.05. All analyses were conducted in R (R Foundation for Statistical Computing,
Vienna, Austria) using the meta package [18].

Assessment of Heterogeneity

Heterogeneity was assessed using Cochran’s Q test, with a p-value below 0.05 considered indicative of
statistically significant heterogeneity. The I? statistic was used to quantify the percentage of variability in
effect estimates attributable to between-study heterogeneity rather than sampling error and was interpreted
as low (£25%), moderate (26%-50%), substantial (51%-75%), or considerable (>75%).

Results

The database search identified 977 records. After removal of 70 duplicate records, 907 records were screened
by title and abstract. Of these, 68 reports underwent full-text review against the predefined criteria. Eleven
studies were ultimately included in the quantitative synthesis [19-29]. The PRISMA flow diagram (Figure 1)
summarizes the selection process, including the number of studies included and the reasons for exclusion at
full-text review.

PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only

[ Identification of studies via datat and registers ]
c
,—°_ Records identified from: SR‘;ZZ';%? grgmoved before
g zthMr:\?\ér}:zg?)) > Duplicate records removed
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_ :
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!
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2 (n=68)
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: ;
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7]
Reports assessed for eligibility
(n=68) »| Reports excluded:
Wrong outcome (n=33)
Wrong intervention (n=21)
Wrong population (n=3)
—
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° Studies included in review
=
= (n=11)
=

FIGURE 1: Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 flow diagram.

The diagram shows the identification, screening, eligibility assessment and inclusion of studies, together with the
reasons for exclusion at full-text review.

General Study Characteristics
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All included studies were observational cohort studies with retrospective data collection. More than half
used multicentre datasets (seven of 11, 63.6%), and the remainder were single-centre studies (four of 11,
36.4%). The studies encompassed a range of populations undergoing abdominal procedures, including
general, colorectal, bariatric, oncological, and upper gastrointestinal surgery, reflecting variability in clinical
settings and patient populations (Table ).

Type of Sample  Outcome time frame
First author Year Journal ol Study design ) s
surgery size (days)
Abdollahzade et 2025 Journal of Li\./er Liver . Single-cer.ltre 454 30 and 90
al. [19] Transplantation transplantation retrospective cohort
an den Bosch et Oncological Multicentre retrospective
v 2021 JAMA Network Open g u PECIVe 62501 30
al. [20] surgery cohort
Multicentre retrospective
Bunn et al. [21] 2020 Surgery Appendicectomy 4 o 223,214 30
cohort
International Journal of Multicentre retrospective
Riepe et al. [22] 2025 : N General surgery 4 pectlv 7,711 30 and 90
Surgery cohort
Oncological Multicentre retrospective
Dal Ceroetal.[23] 2024 Cancers 2l - PECVE 2546 90
surgery cohort
International Journal of Single-centre
Kong et al. [24] 2020 I . General surgery 9 . 1,495 90
Surgery retrospective cohort
Multicentre retrospective
Pera et al. [25] 2022 Annals of Surgery Gastric surgery col:wcl)rt pectlv 3,182 90
Hepatobiliary Surgery and  Oncological Multicentre retrospective
Saharaetal.[26] 2021 | CPaobliary surgery 9! U PECVe  §3507 30
Nutrition surgery cohort

. . Single-centre
Vasavada [27] 2023 medRxiv (preprint) General surgery . 504 90
retrospective cohort

Multicentre retrospective
Wise et al. [28] 2023 Surgical Endoscopy Bariatric surgery coLIlwc;rt To retrospeciv 2,907 30

Single-centi
Yan et al. [29] 2022 Anesthesia & Analgesia General surgery Helle cer? e 4,322 30
retrospective cohort

TABLE 1: Main characteristics of the included studies.

The primary outcome in all studies was postoperative mortality. Five studies (45.5%) assessed 30-day
mortality, four (36.4%) evaluated 90-day mortality, and the remaining two (18.2%) reported both time
frames. All studies developed predictive models from preoperative variables, and three studies (27.3%) also
incorporated intraoperative data, demonstrating heterogeneity in model design and variable selection
(Table 2).
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Study characteristic n (%) or median (range)
Study design
Cohort study 11 (100)

Outcome time frame

30-day mortality 5 (45.5)
90-day mortality 4 (36.4)
Both 2(18.2)

Type of data collection
Retrospective 11 (100)
Prospective 0 (0)

Participant sampling

Multicentre 7 (63.6)

Single centre 4 (36.4)

Sample size, median (range) 3,182 (454-223,214)
Predictors

Preoperative only 8 (72.7)
Preoperative and intraoperative 3(27.3)

TABLE 2: Summary of the study characteristics.

All studies evaluated at least one ML algorithm, most frequently in comparison with LR. Non-penalized
multivariable LR was the most common regression approach (eight of 11, 72.7%), whereas penalized
regression, specifically elastic net, was used in two studies (18.2%). In one study (9.1%), LR was
incorporated into an ensemble framework rather than used as a standalone predictive model. The most
frequently applied ML methods were random forest (seven of 11, 63.6%) and gradient boosting (six of 11,
54.5%), followed by support vector machines (four of 11, 36.4%) and neural network-based models (three of
11, 27.3%). Less frequently used approaches included decision trees (two of 11, 18.2%) and k-nearest
neighbours (one of 11, 9.1%). Several studies also incorporated regularized regression and ensemble-based
approaches within ML frameworks (Table 3). Overall, the included studies showed substantial heterogeneity
in population, sampling, sample size, and modeling strategy.
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Model n (%)

Logistic regression

Non-penalized 8 (72.7)
Elastic net 2(18.2)
Not used as a standalone model 1(9.1)

Machine learning

Random forest 7 (63.6)
Gradient boosting (XGBoost or GBM) 6 (54.5)
Support vector machine 4 (36.4)
Neural network (ANN or CNN) 3(27.3)
Elastic net (within machine learning framework) 3(27.3)
Decision tree 2(18.2)
k-nearest neighbours 1(9.1)

Other 3(27.3)

TABLE 3: Overview of the modelling approaches used in the included studies.

Abbreviations: ANN, artificial neural network; CNN, convolutional neural network; GBM, gradient boosting machine; XGBoost, extreme gradient boosting.
Categories are not mutually exclusive because studies could evaluate more than one model.

Risk of Bias Assessment

No study was classified as having a low overall risk of bias. Five studies (45.5%) were rated as high risk and
six (54.5%) as unclear risk. The analysis domain was most frequently affected, primarily because of
insufficient reporting of model-development procedures, absence of external validation, and potential
overfitting. Several studies also showed unclear risk in the participants, predictors, and outcome domains,
largely because of incomplete methodological reporting (Figures 2, 3).

Participants

Predictors

Outcome

Analysis

Overall

0% 25% 50% 75% 100%

| I noinformation [l criical [l Hioh sk [ unciear [l Lowrisk

FIGURE 2: Summary of risk of bias across the 11 included studies.

Risk of bias was assessed with the Prediction model Risk Of Bias Assessment Tool (PROBAST). Bars show the
proportion of studies rated as being at low, high or unclear risk of bias within each domain (participants,
predictors, outcome and analysis) and overall.
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Risk of bias

0000000000 @

Study

Ol I I JO) JOIOCIOCIOK

0000000000
0000000 OOO

D1: Participants Judgement
D2: Predictors e
D3: Outcome . High risk
D4: Analysis - Unclear

. Low risk

FIGURE 3: Study-level risk of bias assessment for each included study
across the four Prediction model Risk Of Bias Assessment Tool
(PROBAST) domains.

Studies included: [19-29]

In contrast, applicability concerns were generally low. Most studies showed adequate alignment between
their populations, predictors, and outcomes and the objectives of this review. Minor concerns arose in a
small number of studies, primarily because of highly selected populations or single-centre designs; these
concerns were not considered sufficient to substantially limit overall applicability (Figures 4, 5).

0% 25% 50% 75% 100%

| [ voinformation [l crivcar [l Hioh concern [T] unciear [Hl] tow concer |

FIGURE 4: Summary of applicability concerns across the 11 included
studies.

Applicability was assessed with the Prediction model Risk Of Bias Assessment Tool (PROBAST). Bars show the
proportion of studies rated as being of low, high or unclear concern within each domain (participants, predictors
and outcome) and overall.
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FIGURE 5: Study-level applicability assessment for each included study
across the Prediction model Risk Of Bias Assessment Tool (PROBAST)
domains.

Studies included: [19-29]

Thirty-Day Mortality Prediction Performance

Seven studies were included in the 30-day mortality analysis, comprising predominantly retrospective
cohort studies with variable sample sizes and overall high or unclear risk of bias. The random-effects model
with Hartung-Knapp adjustment showed a statistically significant improvement in discrimination favoring
Al-based models over LR, with a pooled AAUC of 0.0575 (95% CI: 0.0128-0.1022; P = 0.020) (Figure 6),
corresponding to an average increase of approximately 0.06 in AUC. Considerable heterogeneity was
observed (1% = 89.0%), indicating substantial variability in effect sizes across studies. Although the direction
of effect consistently favored Al-based models, the magnitude of improvement differed across cohorts,
suggesting contextual or methodological differences between studies.
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Weight
Study 95%-Cl (random)
Riepe C et al., 2025 s oF 0.02 [0.00; 0.04] 17.9%
Yan X et al., 2022 o 0.02 [-0.01;0.05]  16.5%

Bosch T et al., 2021 :——I— 0.08 [0.05;0.11] 17.1%
Wise et al., 2022 = 0.07 [-0.08; 0.22] 4.9%
Abdollahzade A et al., 2025 | 0.02 [-0.07; 0.11] 8.9%
Sahara K et al., 2021 1 e 0.15 [0.11; 0.18] 16.5%
Bunn et al., 2020 I 0.04 [0.03;0.06] 18.2%
IR
I
L
T

Common effect model
Random effects model (HK)
Heterogeneity: 1>=89.0%

0.05 [ 0.04; 0.06] )
0.06 [0.01; 0.10] 100.0%

-0.056 0 0.05 0.1 0.15 0.2
Mean Difference in AUC (Al - LR)

FIGURE 6: Forest plot of the difference in the area under the receiver
operating characteristic curve (AAUC) between artificial intelligence-
based models and logistic regression for 30-day postoperative
mortality.

Squares represent study-level AAUC estimates and horizontal lines the corresponding 95% confidence intervals;
the diamond represents the pooled random-effects estimate with the Hartung-Knapp (HK)-adjusted 95%
confidence interval. Between-study variance (12) was estimated by restricted maximum likelihood. Values above
zero favour artificial intelligence-based models.

Studies included: [19-22,26,28,29]

Ninety-Day Mortality Prediction Performance

Six retrospective cohort studies with overall high or unclear risk of bias were included in the 90-day
mortality analysis. The random-effects model with Hartung-Knapp adjustment showed a pooled AAUC of
0.0509 (95% CI: 0.0078-0.0940; P = 0.029) (Figure 7), again demonstrating a statistically significant but
modest improvement in discrimination with AI-based models. In contrast to the 30-day analysis, between-
study heterogeneity was lower (12 = 39.9%), and Cochran's Q test was not statistically significant, indicating
greater consistency of effect estimates across studies evaluating 90-day mortality.
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FIGURE 7: Forest plot of the difference in the area under the receiver
operating characteristic curve (AAUC) between artificial intelligence-
based models and logistic regression for 90-day postoperative
mortality.

Squares represent study-level AAUC estimates and horizontal lines the corresponding 95% confidence intervals;
the diamond represents the pooled random-effects estimate with the Hartung-Knapp (HK)-adjusted 95%
confidence interval. Between-study variance (12) was estimated by restricted maximum likelihood. Values above
zero favour artificial intelligence-based models.

Studies included: [19,22-25,27]

Overall Comparative Performance

Overall, Al-based models were associated with modest but statistically significant improvements in AUC for
both short-term and longer-term mortality prediction. Although the magnitude of benefit was similar for
30-day and 90-day outcomes, heterogeneity was substantially higher in the 30-day analysis, suggesting that
short-term mortality prediction may be more sensitive to differences in study design, population
characteristics, or modeling strategy.

Discussion

In this systematic review and meta-analysis, ML models showed a statistically significant but modest
improvement in discrimination compared with LR for postoperative mortality prediction, with pooled AAUC
values of 0.0575 for 30-day mortality and 0.0509 for 90-day mortality. Previous work has emphasized that
heterogeneity among surgical populations may influence the predictive performance of perioperative risk
models [7]. Our findings extend this observation by showing a similarly modest incremental improvement
with ML across two mortality horizons despite markedly different levels of between-study heterogeneity.
The 30-day analysis showed considerable heterogeneity (1% = 89.0%), whereas heterogeneity was
substantially lower for 90-day mortality (12 = 39.9%); nevertheless, the pooled AAUC was similar in
magnitude. This pattern suggests that between-study heterogeneity alone is unlikely to explain the limited
incremental discrimination observed with ML and highlights the importance of how prediction models are
evaluated and reported.

Previous comparative studies and reviews have also shown that the relative performance of ML and
conventional regression varies across populations and modeling settings [30-34]. ML-based surgical risk
calculators have been developed for specific surgical settings, but performance in individual cohorts does
not establish consistent superiority across settings [35,36].

The clinical significance of these improvements should be interpreted cautiously. Discrimination alone does
not establish clinical usefulness, and an increase in AUC does not necessarily translate into improved
decision-making or patient outcomes [32]. Calibration, which reflects agreement between predicted and
observed risk, is also an important component of model evaluation [37]. Decision curve analysis assesses net
clinical benefit across clinically relevant thresholds [38]. However, few included studies reported calibration
metrics or decision curve analysis, precluding quantitative synthesis of these domains. Consequently,
whether the observed improvements in discrimination translate into meaningful clinical benefit remains
uncertain.

These findings suggest that the central limitation of the current literature may not be the modest difference
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in discrimination between ML and LR itself, but the incomplete assessment of model performance beyond
discrimination. Future studies should prioritize transparent reporting of calibration, decision curve analysis,
and external validation to determine whether statistically improved discrimination translates into clinically
meaningful benefit.

Limitations

This study has several limitations. First, the number of studies eligible for quantitative synthesis was
limited, reflecting the scarcity of direct within-cohort comparisons between ML and LR for postoperative
mortality prediction. This may have reduced the precision of the pooled estimates and limited the scope of
sensitivity analyses. Despite restricting inclusion to direct within-cohort comparisons, substantial
heterogeneity remained, particularly in the 30-day analysis. Differences in patient populations, surgical
procedures, sample size, case mix, predictor selection, ML algorithms, feature engineering, and validation
strategies are likely contributors to this variability. Accordingly, the elevated I? in the 30-day analysis should
be interpreted as reflecting both clinical and methodological diversity across prediction-model studies.
Because the covariance between paired Al and LR AUC estimates was unavailable, estimating the variance of
AAUC required an assumed within-study correlation, which introduced additional uncertainty into study
weights and Cls.

Second, most included studies primarily reported discrimination metrics, with limited and inconsistent
reporting of calibration and decision curve analysis. Because AUC was the most consistently reported and
comparable performance measure across studies, the meta-analysis necessarily focused on discrimination.
The absence of sufficient calibration and clinical utility data limits conclusions about the real-world
applicability of the observed performance differences.

Third, PROBAST assessment identified methodological concerns in several included studies, particularly in
the analysis domain, including unclear reporting of model development, lack of external validation, and
potential overfitting. These issues may have influenced individual model-performance estimates and
contributed to between-study variability.

Additionally, the literature search was restricted to PubMed, Embase, and the Cochrane Library and did not
include dedicated searches of grey-literature sources or trial registries. Although the reference lists of
included studies and relevant reviews were manually screened and preprints were eligible for inclusion,
relevant unpublished or non-indexed studies may have been missed, potentially introducing retrieval or
publication bias. Studies published or indexed after the search date of February 2, 2026, are not represented.
Publication bias and small-study effects could not be formally evaluated because few studies contributed to
each meta-analysis; selective publication of studies reporting more favorable model performance therefore
cannot be excluded. Finally, although risk of bias was formally assessed using PROBAST, the overall
certainty of evidence was not evaluated using a structured framework such as Grading of Recommendations
Assessment, Development, and Evaluation (GRADE) [39]. Confidence in the pooled estimates is therefore
limited by methodological concerns in the included studies, the small number of studies available for each
synthesis, and the observed heterogeneity.

Conclusions

In this systematic review and meta-analysis, ML models demonstrated a statistically significant but modest
improvement in discriminative performance compared with LR for postoperative mortality prediction.
Although these findings suggest a potential advantage of ML approaches, the magnitude of improvement is
limited and may not translate into meaningful clinical benefit without adequate calibration and
demonstrated clinical utility. The current evidence base is characterized by substantial methodological
heterogeneity and incomplete reporting of key performance domains, limiting full assessment of the clinical
impact and generalizability of these models. Future research should prioritize rigorous model development
and validation, including routine assessment of calibration, decision curve analysis, and external validation
across diverse patient populations. Adoption of ML in perioperative risk prediction should therefore be
guided by improvements in discrimination together with evidence of clinical utility, calibration, and
reproducibility across settings.

Appendices

Database Search string

(("artificial intelligence"[Title/Abstract] OR Al[Title/Abstract] OR "machine learning"[Title/Abstract] OR "deep learning"
[Title/Abstract] OR "neural network*"[Title/Abstract] OR "artificial neural network*"[Title/Abstract] OR "convolutional neural
network*"[Title/Abstract] OR CNN[Title/Abstract] OR RNN[Title/Abstract] OR LSTM[Title/Abstract] OR transformer*
[Title/Abstract] OR "large language model*"[Title/Abstract] OR LLM[Title/Abstract] OR "foundation model*"[Title/Abstract] OR
random forest*[Title/Abstract] OR "support vector machine*"[Title/Abstract] OR SVM[Title/Abstract] OR
XGBoost[Title/Abstract] OR LightGBM[Title/Abstract] OR CatBoost[Title/Abstract] OR gradient boosting[Title/Abstract] OR
AdaBoost[Title/Abstract] OR "decision tree*"[Title/Abstract] OR ensemble*[Title/Abstract] OR "Bayesian network*"
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[Title/Abstract] OR "fuzzy logic"[Title/Abstract] OR "expert system*"[Title/Abstract] OR "generative pre-trained transformer"
PubMed  [Title/Abstract] OR "logistic regression"[Title/Abstract]) AND ("mortality"[Title/Abstract] OR "death"[Title/Abstract] OR
"postoperative mortality"[Title/Abstract] OR "risk prediction"[Title/Abstract] OR "predictive model*"[Title/Abstract] OR
"prognostic model*"[Title/Abstract]) AND (("elective"[Title/Abstract] OR "planned"[Title/Abstract] OR "non-emergent"
[Title/Abstract]) AND ("abdominal surgery"[Title/Abstract] OR "general surgery"[Title/Abstract] OR "visceral surgery"
[Title/Abstract] OR "gastrointestinal surgery"[Title/Abstract] OR "colorectal surgery"[Title/Abstract] OR "coloproctology"
[Title/Abstract] OR "bowel surgery"[Title/Abstract] OR "intestinal surgery"[Title/Abstract] OR anastomosis[Title/Abstract] OR
"hepatic surgery"[Title/Abstract] OR "hepatobiliary surgery"[Title/Abstract] OR cholecystectomy[Title/Abstract] OR
appendectomy([Title/Abstract] OR appendicectomy([Title/Abstract] OR gastrectomy[Title/Abstract] OR
pancreatectomy[Title/Abstract] OR splenectomy|[Title/Abstract] OR laparotomy[Title/Abstract] OR laparoscopy|[Title/Abstract])))

(‘'gastrointestinal surgery'/exp OR 'esophagus surgery'/exp OR 'liver surgery'/exp OR 'abdominal surgery'/de OR
(((gastrointestin* OR 'digestive tract*' OR 'digestive system* OR anus OR bariatric* OR intestin* OR pancrea* OR stomach*
OR esophag* OR oesophag* OR gastric OR liver* OR hepatic OR colon OR rectal OR rectum OR colorect* OR abdominal OR
abdomen) NEAR/3 (surger* OR resection* OR operation* OR 'surgical proced*' OR reconstruction*)):ab,ti,kw) OR
esophagectom*:ab,ti,kw OR oesophagectom*:ab,ti,kw OR gastrectom*:ab,ti,kw OR gastroresection*:ab,ti,kw OR
gastroduodenostom*:ab,ti,kw OR gastroenterostom*:ab,ti,kw OR gastrojejunostom*:ab,ti,kw OR pancreatectom*:ab,ti,kw OR
colectom*:ab,ti,kw OR appendectom*:ab,ti,kw OR appendicectom*:ab,ti,kw OR hepatectom*:ab,ti,kw OR
pancreaticoduodenectom*:ab,ti,kw) AND ('machine learning'/de OR 'supervised machine learning'/de OR 'support vector
machine'/exp OR 'random forest'/de OR 'artificial intelligence'/exp OR 'natural language processing'/de OR ‘artificial neural
network'/exp OR 'statistical model'/de OR 'logistic regression analysis'/exp OR 'learning algorithm'/de OR 'bayesian
learning'/de OR 'deep learning'/de OR 'computational intelligence'/de OR (((machin* OR bayesian OR deep OR hierarchical)
NEAR/3 learning*):ab,ti,kw) OR (((artificial* OR machin* OR computational) NEAR/3 intelligen*):ab,ti,kw) OR ((support*
NEAR/3 vector*):ab,ti,kw) OR ((natural NEAR/3 languag* NEAR/3 processing*):ab,ti,kw) OR ((neural NEAR/3
network*):ab,ti,kw)) AND ((((logistic OR 'proportional odds') NEAR/3 (model* OR regression*)):ab,ti,kw) OR ((random NEAR/3
forest*):ab,ti,kw) OR ((learning NEAR/3 algorithm*):ab,ti,kw) OR ((naive NEAR/3 bayes):ab,ti,kw) OR (((computer OR
automated OR machine) NEAR/3 reasoning):ab,ti,kw) OR nlip:ab,ti,kw) AND (‘controlled clinical trial’/exp OR random*:ti,ab OR
placebo*:ti,ab OR trial:ti OR ((‘controlled clinical trial'/exp OR random*:ti,ab OR placebo*:ti,ab OR trial:ti) AND [embase]/lim))
AND ('morbidity'/de OR 'mortality'/de OR 'surgical mortality'/de OR 'perioperative mortality'/de OR 'clavien dindo
classification'/de OR 'postoperative complication'/de OR 'survival'/de OR 'surgical outcome'/de OR 'mortality rate'/exp OR
'hospital mortality'/de OR morbidit*:ab,ti,kw OR mortalit*:ab,ti,kw OR 'clavien dindo*:ab,ti,kw OR survival:ab,ti,kw OR
(((postoperativ* OR perioperativ* OR surgical OR 'post operat* OR 'peri operativ*' OR postoperat* OR 'post surg* OR
postsurg*) NEAR/3 (complicat* OR outcome*)):ab,ti,kw) OR (((predict* OR model*) NEAR/3 outcome*):ab,ti,kw)) NOT
((‘animal'/exp OR animal*:de OR 'nonhuman'/de) NOT 'human'/exp) NOT ((‘juvenile'/exp OR juvenil*:ab,ti,kw OR
adolescen*:ab,ti,kw OR preadolescen*:ab,ti,kw OR youth*:ab,ti,kw OR child*:ab,ti,kw OR schoolchild*:ab,ti,kw OR
minors:ab,ti,kw OR teen:ab,ti,kw OR teens:ab,ti,kw OR teenager*:ab,ti,kw OR infan*:ab,ti,kw OR toddler*:ab,ti,kw OR
pediatr*:ab,ti,kw OR paediatr*:ab,ti,kw OR puber*:ab,ti,kw OR baby:ab,ti,kw OR babies:ab,ti,kw OR girl*:ab,ti,kw OR
boy*:ab,ti,kw OR newborn*:ab,ti,kw OR neonate*:ab,ti,kw OR premature*:ab,ti,kw OR 'pre matur*:ab,ti,kw OR kid:ab,ti,kw OR
kids:ab,ti,kw OR underag*:ab,ti,kw OR kindergar*:ab,ti,kw OR pubescen*:ab,ti,kw OR prepubesc*:ab,ti,kw OR school*:ab,ti,kw
OR preschool*:ab,ti,kw OR highschool*:ab,ti,kw OR suckling:ab,ti,kw OR picu:ab,ti,kw OR nicu:ab,ti,kw OR picus:ab,ti,kw OR
nicus:ab,ti,kw) NOT (‘adult/exp OR adult*:ab,ti,kw OR elderl*:ab,ti,kw OR man:ab,ti,kw OR men:ab,ti,kw OR woman:ab,ti,kw
OR women:ab,ti,kw)) AND [english])/lim NOT (([conference abstract])/lim OR [conference review]/lim) AND 1800-2019/py) NOT
'editorial’/de NOT ('case report’/de OR 'case report':ti)

Embase

(("artificial intelligence™:ti,ab,kw OR "machine learning":ti,ab,kw OR "deep learning":ti,ab,kw OR "neural network*":ti,ab,kw OR
"artificial neural network*":ti,ab,kw OR "convolutional neural network*":ti,ab,kw OR CNN:ti,ab,kw OR RNN:ti,ab,kw OR
LSTM:ti,ab,kw OR transformer*:ti,ab,kw OR "large language model*":ti,ab,kw OR "foundation model*":ti,ab,kw OR random
forest*:ti,ab,kw OR "support vector machine*":ti,ab,kw OR SVM:ti,ab,kw OR XGBoost:ti,ab,kw OR gradient boosting:ti,ab,kw
OR AdaBoost:ti,ab,kw OR "decision tree*":ti,ab,kw OR ensemble*:ti,ab,kw OR "Bayesian network*":ti,ab,kw OR "fuzzy
Cochrane logic":ti,ab,kw OR "expert system*":ti,ab,kw OR "logistic regression":ti,ab,kw) AND (Mortality:ti,ab,kw OR death:ti,ab,kw OR
Library "postoperative mortality":ti,ab,kw OR "risk prediction":ti,ab,kw OR "predictive model*":ti,ab,kw OR "prognostic model*":ti,ab,kw)
AND ((elective:ti,ab,kw OR planned:ti,ab,kw OR nonemergent:ti,ab,kw) AND ("abdominal surgery":ti,ab,kw OR "general
surgery":ti,ab,kw OR "visceral surgery":ti,ab,kw OR "gastrointestinal surgery":ti,ab,kw OR "colorectal surgery":ti,ab,kw OR
"bowel surgery":ti,ab,kw OR "intestinal surgery":ti,ab,kw OR anastomosis:ti,ab,kw OR "hepatic surgery":ti,ab,kw OR
"hepatobiliary surgery":ti,ab,kw OR cholecystectomy:ti,ab,kw OR appendectomy:ti,ab,kw OR gastrectomy:ti,ab,kw OR
pancreatectomy:ti,ab,kw OR splenectomy:ti,ab,kw OR laparotomy:ti,ab,kw OR laparoscopy:ti,ab,kw)))

TABLE 4: Database search strategies

Full electronic search strategy for PubMed, Embase and the Cochrane Library.
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