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Abstract

Background: Gangrenous cholecystitis complicates emergency surgical assessment because routine clinical findings overlap with
nongangrenous inflammation. Preoperative prediction offers a basis for risk stratificati n and operative planning. This review
evaluated model performance and the strength of external validation. Methods: Two authors searched PubMed, Scopus, Web of
Science, and the Cochrane Library through Jan 2026, screened studies, and extracted data. Original multivariable development and
validation studies using operative or pathological gangrene outcomes were synthesized narratively. Discrimination, threshold
accuracy, calibration, and validation design were examined separately. Results: eleven original articles described clinical equations,
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bedside scores, imaging approaches, and machine learning. Independent evaluations of established scores yielded areas under the
receiver operating characteristic curve of 0.72-0.78. A six-factor clinicoradiological score reported an area of 0.83, although cohort-
specific validation reporting required interpretation. A random forest achieved 0.818 in another-centre validation, while a fusion
computed tomography model achieved 0.879 and 0.887 in two external cohorts. Same-centre temporal testing was distinguished from
geographical validation. Conclusions: External validation supports several approaches, without establishing a universally transferable
tool or improved clinical outcomes. Representative multicentre evaluation, transparent calibration, and prospective assessment of
model-guided decisions remain priorities for emergency surgical implementation.

Keywords: Gangrenous cholecystitis; acute cholecystitis; prediction models; external validation; emergency surgery; machine learning;

systematic review.
Introduction

Acute cholecystitis requires systematic clinical
assessment of local inflammation, systemic
inflammatory responses, and imaging
abnormalities, with severity grading informing the
urgency and complexity of surgical management.
Gangrenous  cholecystitis (GQC) represents
destructive gallbladder inflammation, and the
Tokyo Guidelines classify this finding in the marked
local inflammatory conditions defining Grade I
disease (1). Early laparoscopic cholecystectomy is
central to management of operable patients with
acute calculous cholecystitis, supported by the
World Society of Emergency Surgery
recommendations (2). The Tokyo management
algorithm integrates disease severity, comorbidity,
physiological fitness, surgical expertise, and
institutional resources when selecting early surgery,
drainage, or delayed intervention (3).

The clinical importance of timely treatment is
supported by randomized evidence comparing
immediate and delayed surgical strategies in acute
cholecystitis (4). In the ACDC trial, immediate
cholecystectomy produced lower morbidity than
initial antibiotic treatment followed by delayed
surgery, with shorter hospitalization and lower
costs (4). A Cochrane review found shorter total
hospital stay with early surgery, without statistically
significant differences in conversion or serious
complications, while identifying substantial trial
limitations (5). These studies establish the
importance of efficient surgical pathways, although
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their treatment comparisons do not validate a
diagnostic model for gallbladder gangrene or
establish the benefit of score-directed operating
priorities (4,5).

Earlier observational investigations identified
patient characteristics associated with gangrenous
disease, providing a clinical foundation for
subsequent prediction research. Merriam et al.
identified older age, male sex, cardiovascular
disease, and pronounced leukocytosis as risk factors
in patients undergoing cholecystectomy for acute
cholecystitis (6). Fagan et al. identified diabetes and
white blood cell count as independent predictors in
a retrospective surgical cohort (7). The differing
predictor sets indicate that clinical associations
depend on the population examined, while
distinguishing association from reliable individual
risk estimation remains essential when translating
these findings into practical emergency surgical
assessment (6,7).

Within this clinical context, preoperative risk
assessment addresses the recognition of
destructive local disease before its operative or
pathological confirmation (1,6). Routine
demographic, laboratory, and imaging findings
provide the information underpinning that
assessment, although isolated risk factors do not
establish the performance of a combined prediction
tool (6,7). The present review evaluates published
multivariable approaches for identifying GC,
emphasizing discrimination, threshold
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performance, calibration, and validation in patients
assessed for surgical treatment.

Methods

This systematic review followed the PRISMA 2020
reporting framework. Two authors independently
searched PubMed, Scopus, Web of Science, and the
Cochrane Library from database inception through
Jan 2026. Searches combined controlled vocabulary
and free-text terms for cholecystitis and gangrene
with prediction, model, score, nomogram, risk
stratification, discrimination, validation, and
machine learning. Database-specific field tags and
syntax were applied. Reference lists of relevant
reports and reviews were examined to identify
additional studies.

Original studies were eligible when they evaluated
preoperative multivariable prediction of GC in
surgical patients, including model development,
validation, or evaluation of a combined diagnostic
rule for gangrene. Histopathological confirmation or
defined operative gangrene constituted acceptable

reference  standards. Predictor-only reports
provided contextual evidence. Mixed surgical
cohorts and imaging studies containing

nongangrenous or healthy controls were retained,
with applicability to emergency presentations
assessed separately. We exclude case reports,
reviews, postoperative prediction tools, isolated
biomarker analyses, and studies predicting
composite severe cholecystitis without separate
gangrene information. English-language reports
containing sufficient information for extraction
were retained for synthesis.

Two authors screened titles and abstracts,
examined full texts, and extracted data using a
standardized form. Disagreements were resolved
through discussion and reassessment of the source
report. Extracted items comprised publication
details, setting, recruitment design, sample size,
outcome definition, predictor availability, model
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structure, missing-data handling, and evaluation
procedures. Performance extraction covered area
under the receiver operating characteristic curve,
sensitivity, specificity, predictive values, calibration,
and decision-analytic measures. Development
estimates, internal resampling, same-centre
temporal evaluation, geographical validation, and
independent testing of previously published models
were distinguished. Cohorts and alternative models
within the same publication were recorded
separately.

Two authors examined methodological limitations
in participants and data sources, predictors,
outcomes, and analysis. Particular attention
addressed selected surgical populations, healthy-
control inclusion, incomplete predictor data,
outcome heterogeneity, optimism, and separation
of model development from evaluation. Findings
were synthesized narratively and tabulated
according to model family and validation design.
Meta-analysis was not undertaken because the
reports evaluated different models, thresholds,
populations, and performance measures, with
insufficient comparable independent evaluations of
individual models. Accuracy, discrimination, and
clinical utility were interpreted separately. The
review used published aggregate information and
involved no collection of identifiable patient data.
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Identification of studies via databases and registers

Records removed before screening:
Duplicate records removed
(n=21)
Records marked as ineligible by
automation tools (n = 13)
Records removed for other reasons (n
:9)

Records excluded
(n=72)

Reports not retrieved
(n =64)

)
=
=
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=
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Records screened
(n=187)
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Reports sought for retrieval
(n=115)
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= Studies included in qualitative analysis
& review (n=11)
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©
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Reports excluded: 22

Figure 1: PRISMA flow chart
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Results

We included 11 articles in our qualitative analysis,
Bennett et al. evaluated CT findings in 75 patients,
including 23 with gangrenous disease, and reported
86.7% accuracy for a multivariable imaging model.
This model achieved 85.7% sensitivity and 87.5%
specificity, whereas the overall observer diagnosis
of gangrene had 29.3% sensitivity (8). Nguyen et al.
prospectively tested a previously derived equation
in 98 patients, including 18 with GC. At a probability
threshold of 0.724, sensitivity was 83%, specificity
93%, positive predictive value 71%, and negative
predictive value 96% (9).

Yacoub et al. developed a five-variable score in 245
patients and evaluated its risk categories in 313
subsequently admitted patients. The score
incorporated age, sex, heart rate, leukocytosis, and
ultrasound wall thickness, with derivation-cohort
gangrene frequencies of 13% and 87% in the low-
risk and high-risk categories, respectively. The later
cohort  represented same-centre  temporal
evaluation rather than geographical validation (10).
Falor and colleagues identified male sex, elevated
white blood cell count, tachycardia, and
hyponatraemia through multivariable analysis of
391 urgent cholecystectomies, including 89
gangrenous cases, without reporting model
discrimination in the abstract (11).

Wu et al. provided independent evaluation of the
Yacoub score in a broader cholecystectomy cohort
containing 351 gangrenous cases among 5,243
eligible patients. Complete predictor information
was available for 478 patients, and the original
score achieved an AUC of 0.74. Their locally

Table 1. Original reports characteristics

modified four-variable score achieved an AUC of
0.77 (12).

Chang et al. studied 308 patients, including 28
gangrenous cases, and identified distension, mural
striation, and decreased mural enhancement as
independent CT predictors (13). Reader-specific
specificity was 93.9% and 89.6%, although the
comparison population included chronic
cholecystitis and healthy gallbladders (13).
Mangukiya et al. constructed two equations in 437
patients, combining diabetes, leukocytosis, wall
thickening, and pericholecystic fluid (14). Their
standard model reported 82% sensitivity and 82.2%
specificity within the original single-centre
retrospective development population, without
independent external validation data (14).
Bouassida et al. developed a six-factor
clinicoradiological score in 587 patients, reporting
an AUC of 0.83, sensitivity of 81.4%, and specificity
of 70% (15).

Ma et al. developed machine learning models in
1,006 patients, with 109 reserved for same-centre
testing, and reported an XGBoost AUC of 0.944 (16).
Guo et al. analyzed 1,228 patients, with external
cohorts of 143 and 164 patients, obtaining fusion
CT-model AUCs of 0.879 and 0.887 (17). Hu et al.
trained models in 744 patients and evaluated a
random forest in 300 patients from another centre,
reporting an external AUC of 0.818 (18). Calibration
and decision curves were reported in the latter
study, while comparable quantitative calibration
information remained inconsistent across the
model reports, supporting separate interpretation
of discrimination, validation design, and clinical
usefulness.

Study Cohort size

Approach and principal predictors

Bennett, 2002 |75; 23 GC

CT regression:
distension (8)

irregular wall, enhancement, thickness,
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Nguyen, 2004

98; 18 GC

Equation: diabetes, WBC, liver enzymes, pericholecystic fluid

(9)

Yacoub, 2010

245 development; 313 temporal

Score: age, sex, heart rate, WBC, ultrasound wall thickness
(10)

Contextual predictor analysis: sex, WBC, heart rate, sodium

300 external

Falor, 2012 1;
alor, 20 391; 89 GC (11)

Wu, 2014 5,243 overall; 478 complete cases Existing-score  validation and  four-variable score
development (12)

Chang, 2016 B08; 28 GC CT analysis: distension, mural striation, decreased
enhancement (13)

Mangukiya, Two equations: diabetes, WBC, wall thickness,

437; 151 GC . . .

2019 pericholecystic fluid (14)

Bouassida, 587 development; prospectiveScore: ASA class, temperature, symptom duration, WBC, sex,

2021 cohort size NRt fluid (15)

Ma, 2025 897 development; 109 temporal X.C-]Boos.t: |anammatory/coaguIat.|(.)n markers, gallbladder
dimensions, electrolyte abnormalities (16)

Guo, 2025 921 training; 143/164 external  Self-supervised fusion of plain and contrast-enhanced CT (17)

Hu. 2075 744 development/internal testing;Random forest: clinical, inflammatory, and imaging variables

(18)

Table 2. Performance and validation evidence

Study Evaluation design Reported performance Interpretation
Accuracy 86.7%;
Bennett  |[Development sensitivity/specificity Fitted model; selected controls (8)
85.7%/87.5%
Neuven Prospective equationSensitivity/specificity  83%/93%;AUC and geographical
d testing NPV 96% transportability NR (9)
Development plusDerivation risk-category . .
\¢ L -h I 1
acoub temporal cohort frequencies 13%-87% ater same-hospital testing (10)
Contextual predictor| .. . . . Associations; no validated bedside
Falor . Discrimination NR
analysis score (11)
WU Independent existing-scorelYacoub AUC 0.74; revised scoreRevised-score estimate from
testing 0.77 development data (12)
R i ;. mi I
Chang CT reader evaluation Specificity 93.9%/89.6% (le;)der estimates; mixed controls
. Standard/abbreviated AUCNO . mdepen(.dent . ev§luat|9n;
Mangukiya Development equation-reporting inconsistencies
0.908/0.861
(14)
Bouassida Development; prospectiveNew score AUC 0.83; Yacoub/WulNew-score cohort-specific
validation reportedt 0.78/0.72 evaluation uncleart (15)
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0.875

Ma Sam.e-centre temporaIAUC 0.944; 95% Cl 0.888-0.984 Temporall . generalization;
testing geographical testing absent (16)
A .879/0.887 ini
Guo Two external centres 0%250 879/0.887 versus tra“’“ngCross—centre imaging evaluation (17)
N AUC 0.818 versus internal testing/Calibration curves and decision
Hu Another-centre validation

curves reported (18)
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Discussion

We identify reproducible discrimination in clinical
and imaging approaches, with limited evidence of
transportability and uneven reporting of absolute
risk accuracy. The repeated independent evaluation
of established scores provides a stronger basis for
judging generalizability than the development
performance of newly fitted alternatives. The
variation between geographical testing and same-
centre temporal evaluation remains central to
interpreting the newer machine learning results,
because these designs examine different changes in
patient populations and clinical practice. The
evidence supports prioritizing validation design and
performance transparency when comparing tools
for emergency surgical risk assessment.

Recurring inflammatory and structural predictors
clearly differ between populations. Leukocytosis,
tachycardia, gallbladder wall abnormalities, and
pericholecystic changes reflect the combinations of
systemic inflammation and local tissue injury
represented in the included studies. Sex was
strongly weighted in the original Yacoub score,
while its adjusted association disappeared in the
Wu cohort, demonstrating instability in at least one
established predictor. PROBAST+AI distinguishes
development quality from evaluation bias and
examines participants, predictors, outcomes, and
analysis, providing an appropriate framework for
interpreting such differences without treating every
significant association as a dependable clinical
prediction (19).

Discrimination alone does not establish whether a
predicted probability reflects an individual patient's
risk, because ranking and calibration answer
different questions (20). This distinction is relevant
when clinicians interpret score categories as
numerical probabilities and transfer them between
institutions with different gangrene prevalence
(12,20). The calibration reporting in Hu's study
advances evaluation beyond a single AUC, although
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external calibration intercepts and slopes offer
more informative transportability assessment than
a development goodness-of-fit test alone (18,20).
Decision curve analysis evaluates net benefit in
clinically relevant thresholds, connecting prediction
errors with the consequences of acting on a result
(21). Its interpretation depends on defining the
surgical decision under consideration rather than
assuming that identifying gangrene automatically
mandates a particular intervention (3,21).

The observed advantage of advanced imaging and
machine learning requires cautious comparison
because the studies used different cohorts,
predictor sets, reference standards, and evaluation
procedures (8,13,16-18). Healthy controls and
chronic cholecystitis in imaging datasets introduce
applicability concerns when the intended
population consists exclusively of acute emergency
presentations (8,13). Yacoub's grouping of three
xanthogranulomatous cases with gangrenous
disease adds outcome heterogeneity, while
complete-case availability restricted the Wu model
analysis substantially (10,12). Mangukiya's report
contains inconsistencies between coefficient signs,
coded predictors, and illustrative probability
calculations, limiting direct equation reuse (14).
External validation guidance emphasizes applying a
specified model to an appropriate new dataset and
evaluating discrimination, calibration, and clinical
usefulness, supporting replication across
representative emergency surgical services (22).

Clinical integration requires distinguishing diagnosis
of existing gangrene from prediction of future
deterioration, since the included models
predominantly classified disease confirmed during
surgery or pathological assessment. Model-assisted
prioritization complements established
management pathways without establishing a
demonstrated reduction in bile duct injury,
complications, or mortality (2,3,12,18). TRIPOD+AI
reporting supports reproducible evaluation through
clear descriptions of development, data handling,
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model specification, performance, and intended
use across regression and machine learning
approaches (23).

Conclusion

Prediction models for gangrenous cholecystitis
combine accessible clinical findings with laboratory
and imaging information to support individualized
preoperative risk stratification. Established scores
show moderate discrimination during independent
testing, while newer machine learning approaches
report stronger performance in selected external
cohorts. Differences in patient selection, outcome
definitions, missing data, and validation design limit
comparisons between models. Current data
supports further evaluation within emergency
surgical pathways rather than universal adoption of
a single tool.

Abbreviations

ASA: American Society of Anesthesiologists; AUC:
area under the receiver operating characteristic
curve; Cl: confidence interval; CT: computed
tomography; GC: gangrenous cholecystitis; NPV:
negative predictive value; NR: not reported;
PRISMA: Preferred Reporting Items for Systematic
Reviews and Meta-Analyses; PROBAST+AI:
Prediction model Risk Of Bias ASsessment Tool plus
Artificial Intelligence; TRIPOD+Al: Transparent
Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis plus Artificial
Intelligence; WBC: white blood cell count; XGBoost:
extreme gradient boosting.
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