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Abstract

Acute pancreatitis (AP) is an acute inflammatory disorder that is common, costly, and is increasing in incidence world-
wide with over 300,000 hospitalizations occurring yearly in the United States alone. As its course and outcomes vary
widely, a critical knowledge gap in the field has been a lack of accurate prognostic tools to forecast AP patients’ out-
comes. Despite several published studies in the last three decades, the predictive performance of published prognostic
models has been found to be suboptimal. Recently, non-regression machine learning models (ML) have garnered
intense interest in medicine for their potential for better predictive performance. Each year, an increasing number of AP
models are being published. However, their methodologic quality relating to transparent reporting and risk of bias

in study design has never been systematically appraised. Therefore, through collaboration between a group of clini-
cians and data scientists with appropriate content expertise, we will perform a systematic review of papers published
between January 2021 and December 2023 containing artificial intelligence prognostic models in AP. To systemati-
cally assess these studies, the authors will leverage the CHARMS checklist, PROBAST tool for risk of bias assessment,

and the most current version of the TRIPOD-AI. (Research Registry (http://www.reviewregistry1727.).
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Introduction

Acute pancreatitis (AP)—characterized by acute
inflammation of the pancreas—is the most common
cause of gastrointestinal-related hospitalization in the
United States, accounting for over two billion dollars
in annual healthcare spending [1]. The etiology of AP
is variable, with the most common causes being alco-
hol and gallstones in adults and congenital anomalies,
trauma, and drugs being more frequently implicated in
pediatric patients [2]. The condition’s natural history
is both diverse and unpredictable, ranging from short-
term events such as intensive care unit admission,
organ failure, and pancreatic gland necrosis to long-
term sequelae such as diabetes, exocrine pancreatic
dysfunction, malnutrition, recurrent pancreatitis, and
chronic pancreatitis [3, 4]. Currently, the development
of an accurate prognostic model for use in AP popu-
lation for research and clinical setting is among the
top priorities of the National Institute of Health [5].
A variety of potentially effective drugs are in the pipe-
line for testing in AP, where an accurate model which
prognosticates clinically significant developments such
as worsening disease severity or mortality would be
of crucial importance for cohort enrichment for ran-
domized clinical trials [6]. Additionally, there is cur-
rently a critical need for an accurate prognostic model
to use for clinical decision support and for patient
counseling [7].

We have previously shown that the most well-known
regression-based prognostic models in AP (e.g., Glas-
gow criteria, Acute Physiology and Chronic Health
Examination (APACHE), Systemic Inflammatory
Response Syndrome (SIRS), and the Bedside Index
for Severity in Acute Pancreatitis (BISAP), etc.)—
which are broadly characterized as models which
assume a linear association between predictors and
outcome(s)—showed suboptimal predictive perfor-
mances, highlighting the need for better models [7].
Machine learning (ML) is one such field that holds
great promise in AP prognostication. Broadly defined,
ML uses the computer to fit statistical models for data-
sets where predictors and outcomes have non-linear
associations and complex interactions. Some examples
of ML technique include random forests and neural
networks. Recent studies have shown these models to
purportedly surpass existing regression-based models
across multiple predictive performance metrics [8—10].
However, caution is necessary before high-performing
Al models can be fully embraced as numerous concerns
have been documented from methodologic issues, con-
cerning model building practices, and a lack of trans-
parent reporting in different fields of medicine [11-13],

Page 2 of 6

all of which can negatively influence the generaliz-
ability of the model. Contrary to the fields of oncology,
cardiology, and surgery where studies that critically
appraise ML prognostic models started to emerge,
there has never been a critical appraisal of ML prog-
nostic models developed for AP [14-16]. Conducting
such an appraisal can help identify common shortcom-
ings of studies and promote improvement in the meth-
odologic rigor of ML prognostic model studies. Herein,
we address this unmet need by conducting a systematic
review which identifies, describes, and appraises all
non-regression ML prognostic models in AP published
between January of 2021 and December of 2023.

Aims and objectives

This project aims to identify, describe, and appraise all
prognostic models developed through ML in AP pub-
lished from January 2021 through December 2023.
The objective of the review is to critically appraise the
prognostic model studies and the developed models in
AP in terms of the following: (a) risk of bias in the study
design, (b) completeness of reporting in accordance with
the standards of the TRIPOD-AI statement, (c) summa-
rize predictive performances of the published ML prog-
nostic models in AP.

Methods

To achieve these objectives, we will conduct a system-
atic review to identify studies published from January
2021 through December 2023 in which a prognostic
model was either developed and/or validated (either
internally or externally), with or without model updat-
ing. This review will include any studies of prospective
or retrospective design (including post hoc analysis of
clinical trials) that use multiple prognostic factors to
predict an individual’s risk of outcomes related to AP.
We will assess the included studies for risk of bias using
the Prediction Model Risk of Bias Assessment Tool
(PROBAST) [17], Critical Appraisal and Data Extrac-
tion for Systematic Reviews of Prediction Modelling
Studies (CHARMS) checklist [18] for data extraction,
and assess quality of reporting by the standards of the
TRIPOD-AI statement, making this the first systematic
review of ML prognostic models to include these tools
in the AP literature. We have registered this review at
Research Registry (http://www.reviewregistry1727.).

The PICOTS system for our review is presented next
Participants

The target population of interest comprises adult
patients with a diagnosis of AP.
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Intervention
We will consider any ML-based prognostic models that
have been developed/validated to be used in the AP
population.

Comparator

This review seeks to critically appraise all existing ML-
based prognostic models published between January
2021 and December 2023, for their risk of bias, com-
pleteness of reporting, and summary of their predictive
performance as applicable. Therefore, this section is not
applicable.

Outcomes

Our primary focus is the methodologic quality of the
published ML-based prognostic model studies. However,
if sufficient published data (i.e., if more than two studies
investigated the same ML-based prognostic model pre-
dicting the same outcome) are available, meta-analyses
of predictive performance will be performed. Examples
of outcomes commonly predicted in AP are (1) severity
of AP, (2) pancreatic necrosis, and (3) mortality among
others.

Timing and setting

We decided not to set limits on restrictions on the set-
ting (e.g., inpatients or outpatients) or prediction horizon
(how far into the future the model predicts). Given that
our primary focus is methodologic quality of the pub-
lished studies of ML prognostic models, we opted for an
inclusive approach.

Study eligibility criteria
Inclusion criteria

« Studies with all adult patients (i.e., aged 18 years or
older) that contain a prognostic model developed/
validated with non-regression ML techniques in AP

+ Studies published in the English language

« Studies that predict any outcome(s) of AP

Exclusion criteria

« Studies involving participants with chronic pancrea-
titis or pancreatic cancer

+ Studies including animals

« Studies that include post-surgical pancreatitis, which
is considered a different disease entity in pancreatol-
ogy with a different natural history and outcomes

+ Prognostic factor studies without prediction model
building

+ Models published only in abstract form given that it
will preclude adequate PROBAST assessment
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+ Prognostic model studies that predict development
of AP instead of outcomes of AP

+ Studies with regression-based model building

+ Review articles

Information sources

We will search the following databases from January 1,
2021, to December 31, 2023: MEDLINE (OvidSP) and
EMBASE (OvidSP). We will screen the reference lists
of the included studies, relevant review articles, Google
Scholar, medRxiv, and practice guidelines. Search strat-
egies are given in Tables 1 and 2. Because ML method-
ology is rapidly evolving, with newer algorithms quickly
outdating models developed as recent as 4 years ago, we
will focus this review on the studies published in the last
3 years.

Search strategy

We will aim for a broad literature search by target-
ing studies that focus on investigating prognosis in AP
patients, combining validated search strings that are
optimized for sensitivity and specificity [12]. The screen-
ing of title-abstract and full text will be assessed by two
independent reviewers (LN, IL, KT, JP, AH, BC, NM, or
AL) using Covidence software, a system designed to aid
the conduct of systematic reviews [19]. Disputes regard-
ing the inclusion of a publication at either stage will be
resolved by a third independent reviewer, PJL. The objec-
tive nature of our inclusion and exclusion criteria obvi-
ated the need for consensus meetings.

Assessment of study quality

Recently, a tool entitled, “Prediction Model Study Risk
of Bias Assessment Tool (PROBAST)” was developed
to assess both risk of bias and applicability of a predic-
tion model [9]. Using PROBAST, we will systematically
assess the applicability of published prognostic models
in AP and their risk of bias. Given the concerns raised
about low inter-rater agreement [20], we have con-
ducted PROBAST rater training: this included weekly
meetings with an AP content expert who has undergone
appropriate PROBAST training by the PROBAST devel-
opers (PJL) to discuss every signaling question on the
PROBAST domains with examples for 6 months. When
ML content expertise is required to accurately complete
PROBAST, the data scientists, led by ML methodology
expert (LAC), will be consulted for a valid risk of bias
assessment. This training has been and continues to be
conducted according to customized training and guid-
ance described in the literature [21] which was shown to
significantly improve the raters’ ability to correctly apply
and interpret the PROBAST instrument.
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Table 1 Search strategy in Medline

Search string

1. Validat$ OR Predict$.ti. OR Rule$.mp. [mp=title, book title, abstract, original title, name of substance word, subject heading word, floating sub-heading
word, keyword heading word, organism supplementary concept word, protocol supplementary concept word, rare disease supplementary concept
word, unique identifier, synonyms]

2. (Predict$ AND (Outcome$ OR Risk$ OR Model$)).mp. [mp=title, book title, abstract, original title, name of substance word, subject heading word,
floating sub-heading word, keyword heading word, organism supplementary concept word, protocol supplementary concept word, rare disease sup-
plementary concept word, unique identifier, synonyms]

3. ((History OR Variable$ OR Criteria OR Scor$ OR Characteristic$ OR Finding$ OR Factor$) AND (Predict$ OR Model$ OR Decision$ OR Identif$ OR Prog-
nos$)).mp. [mp=title, book title, abstract, original title, name of substance word, subject heading word, floating sub-heading word, keyword heading
word, organism supplementary concept word, protocol supplementary concept word, rare disease supplementary concept word, unique identifier,
synonyms)

4. (Decision$ AND (Model$ OR Clinical$ OR Logistic Models)).mp. [mp=title, book title, abstract, original title, name of substance word, subject heading
word, floating sub-heading word, keyword heading word, organism supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms]

5. (Prognostic AND (History OR Variable$ OR Criteria OR Scor$ OR Characteristic$ OR Finding$ OR Factor$ OR Model$)).mp. [mp=title, book title, abstract,
original title, name of substance word, subject heading word, floating sub-heading word, keyword heading word, organism supplementary concept
word, protocol supplementary concept word, rare disease supplementary concept word, unique identifier, synonyms]

6. (Stratification OR"ROC Curve” OR Discrimination OR Discriminate OR “c-statistic” OR “C statistic” OR "Area under the curve” OR AUC OR Calibration

OR Indices OR Algorithm OR Multivariable).mp. [mp=title, book title, abstract, original title, name of substance word, subject heading word, floating
sub-heading word, keyword heading word, organism supplementary concept word, protocol supplementary concept word, rare disease supplemen-
tary concept word, unique identifier, synonyms]

7.1or2or3or4or5o0r6

8. Exp *Pancreatitis-Associated Proteins/ or exp *Pancreatitis/ or exp *Pancreatitis, Acute Hemorrhagic/ or exp *Pancreatitis, Acute Necrotizing/ or exp
*Pancreatitis, Alcoholic/

9. (Acute adj3 pancrea*).tw.
10.80r9
11.7and 10

Table 2 Search strategy in EMBASE Data elements collected
Data elements listed in the CHARMS checklist will be
extracted. Additionally, we will focus on summarizing

1. exp *Pancreatitis-Associated Proteins/ or exp *Pancreatitis/ or exp the results of our appraisal of specific domains of qual-

*Pancreatitis, Acute Hemorrhagic/ or exp *Pancreatitis, Acute Necrotizing/ ity The following domains will be evaluated
or exp *Pancreatitis, Alcoholic/ ' ’

Search string

2. (Acute adj3 pancrea*).tiab
3.1or2
4. follow-up.mp.

1. Reporting of the study methods and findings: we
will assess for alignment with expected standards of
reporting and identify common areas of deficiency.

5. prognos*.tw.
Frog For this purpose, the most recent draft of the TRI-

6.epf:
P POD-AI checklist will be used, which is publicly
7.4or50r6 .
2 3and 7 available [22].
: 2. Conduct of the study: we will use PROBAST’s frame-
work to assess 4 main domains of a prognostic model
PROBAST includes assessment of participants, pre- study.

dictors, outcomes, and analysis [9]. The risk of bias

assessment will consider study design and sample size, a. Participants
analysis of missing data and continuous variables, prog- b. Predictors
nostic factor selection, data accessibility, and model c. Outcomes
internal or external validation for all included studies. d. Analysis

All studies will be assessed by two independent review-
ers utilizing the PROBAST tool, and any disagreements The contents of this systematic review will adhere to
will be settled by a third party (PJL and LAC). the TRIPOD-SRMA checklist [23].
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Data reporting

Descriptive statistics including study publication infor-
mation, sources of data, participant demographics, can-
didate predictors, outcomes predicted, missing data,
model development information, and model evalua-
tion metrics will all be reported in accordance with the
CHARMS checklist. The overall risk of bias and risk
of bias in each PROBAST domain will be summarized
for all included studies in accordance with PROBAST
developers’ recommendations. Summary statistics
of and fidelity to the current TRIPOD-AI statement
checklist will be reported as well. The fidelity to the cur-
rent TRIPOD-AI statement checklist will be measured
by assigning 1 point to every item on the TRIPOD-AI
checklist if reported, and 0 point when a required item
on the TRIPOD-AI is not reported. And we will add
up the total points divided by the total possible points
to give a numeric representation of an article’s fidelity
to TRIPOD-AI When applicable and feasible, a meta-
analysis of the predictive performance (e.g., c-statistic,
sensitivity, specificity, positive and negative predictive
value) will be conducted and presented. As important,
we will also be looking for measures of calibration (e.g.,
intercept and calibration slope) to assess the agreement
between observed outcomes and model’s computed
predictions.

Discussion

AP is a common and often debilitating gastrointesti-
nal disease, and its incidence is rising worldwide [24].
Despite over 300 studies in the literature reporting
prognostic models for AP, none of the published mod-
els are currently used for clinical decision support [25].
There has been a sharp increase in the ML-based prog-
nostic model studies, but they have not been critically
appraised for their methodologic quality. It is necessary
to appraise the methodologic quality of the published
studies in order to promote studies with valid and repro-
ducible results. Furthermore, transparent reporting of
methodology will allow other investigators to externally
validate existing models. We hope our review will high-
light the current quality of methodology reporting and
thus serve as a framework for the future review of ML-
derived prognostic models for other diseases in gastroen-
terology. Additionally, we hope our work emphasizes the
importance of collaboration between data scientists and
clinicians. As artificial intelligence continues to rapidly
transform the world, the role of the clinician must change
with it. Neither group could have accomplished this work
without the expertise of the other.

Acknowledgements
Not applicable.

Page 5 of 6

Authors’ contributions

Amier Hassan—drafting of the manuscript, editing and proof reading of

the manuscript; Brian Critelli—drafting of the manuscript, editing and proof
reading of the manuscript; lla Lahooti, Ali Lahooti, Nate Matzko, Jan Niklas-
Adams, Lukas Liss, Justin Quion, David Restrepo, Melica Nikahd, Stacey Culp,
Lydia Noh, Kathleen Tong, Jun Sung Park, Venkata Akshintala, John A. Windsor,
Nikhil K. Mull, Georgios | Papachristou, and Leo Anthony Celi—direct editing
and proof reading of the manuscript; Peter J. Lee—substantial drafting of the
manuscript, editing and proof reading of the manuscript, including its submis-
sion form; all authors approved the manuscript for submission.

Funding
Not applicable.

Availability of data and materials
Not applicable.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Division of Gastroenterology and Hepatology, Weill Cornell Medical College,
New York, USA. Division of Gastroenterology and Hepatology, Ohio State
University Wexner Medical Center, Columbus, OH, USA. ®Division of Process
and Data Science, Rheinisch-Westfalische Technische Hochschule Aachen
University, Aachen, Germany. *Laboratory for Computational Physiology,
Massachusetts Institute of Technology, Cambridge, USA. °Division of Bio-
informatics, Ohio State University Wexner Medical Center, Columbus, USA.
SNortheast Ohio Medical School, Rootstown, USA. ’ Division of Gastroenterol-
ogy, Johns Hopkins Medical Center, Baltimore, USA. ®Department of Surgery,
University of Auckland, Auckland, New Zealand. °Division of Hospital Medicine
and Penn Medicine Center for Evidence-based Practice, University of Pennsyl-
vania, Philadelphia, USA. '°Division of Critical Care, Beth Israel Medical Center,
Boston, USA.

Received: 27 October 2023 Accepted: 15 February 2024
Published online: 02 April 2024

References

1. Peery AF, Crockett SD, Murphy CC, Jensen ET, Kim HP, Egberg MD, Lund
JL, Moon AM, Pate V, Barnes EL, et al. Burden and cost of gastrointestinal,
liver, and pancreatic diseases in the United States: update 2021. Gastro-
enterology. 2022;162(2):621-44.

2. Suzuki M, Sai JK, Shimizu T. Acute pancreatitis in children and adoles-
cents. World J Gastrointest Pathophysiol. 2014;5(4):416-26. https://doi.
0rg/10.4291/wjgp.v5.i4.416.PMID:25400985;,PMCID:PMC4231506.

3. Petrov MS, Yadav D. Global epidemiology and holistic prevention of
pancreatitis. Nat Rev Gastroenterol Hepatol. 2019;16(3):175-84.

4. Xiao AY, Tan ML, Wu LM, Asrani VM, Windsor JA, Yadav D, Petrov MS.
Global incidence and mortality of pancreatic diseases: a systematic
review, meta-analysis, and meta-regression of population-based cohort
studies. Lancet Gastroenterol Hepatol. 2016;1(1):45-55.

5. Abu-El-Haija M, Gukovskaya AS, Andersen DK, Gardner TB, Hegyi P, Pandol
SJ, Papachristou Gl, Saluja AK, Singh VK, Uc A, et al. Accelerating the
drug delivery pipeline for acute and chronic pancreatitis: summary of
the working group on drug development and trials in acute pancreatitis
at the National Institute of Diabetes and Digestive and Kidney Diseases
Workshop. Pancreas. 2018;47(10):1185-92.

6. Lee PJ, Papachristou GI. New insights into acute pancreatitis. Nat Rev
GastroenterolHepatol. 2019;16(8):479-96.


https://doi.org/10.4291/wjgp.v5.i4.416.PMID:25400985;PMCID:PMC4231506
https://doi.org/10.4291/wjgp.v5.i4.416.PMID:25400985;PMCID:PMC4231506

Hassan et al. Diagnostic and Prognostic Research (2024) 8:6

20.

21

22.
23.

24.

Mounzer R, Langmead CJ, Wu BU, Evans AC, Bishehsari F, Muddana V,
Singh VK, Slivka A, Whitcomb DC, Yadav D, et al. Comparison of existing
clinical scoring systems to predict persistent organ failure in patients with
acute pancreatitis. Gastroenterology. 2012;142(7):1476-1476.

ZhouY, Ge YT, Shi XL, Wu KY, Chen WW, Ding YB, Xiao WM, Wang D, Lu

GT, Hu LH. Machine learning predictive models for acute pancreatitis: a
systematic review. Int J Med Inform. 2022;157:104641.

Langmead C, Lee PJ, Paragomi P, Greer P, Stello K, Hart PA, Whitcomb DC,
Papachristou GI. A novel 5-cytokine panel outperforms conventional
predictive markers of persistent organ failure in acute pancreatitis. Clini-
cal and translational gastroenterology. 2021;12(5):e00351-e00351.

Fei'Y, Gao K, Li W-Q. Artificial neural network algorithm model as powerful
tool to predict acute lung injury following to severe acute pancreatitis.
Pancreatology : official journal of the International Association of Pan-
creatology (IAP). 2018;18(8):892-9.

. Andaur Navarro CL, Damen JAA, Takada T, Nijman SWJ, Dhiman P, Ma J,

Collins GS, Bajpai R, Riley RD, Moons KGM, et al. Systematic review finds
“spin” practices and poor reporting standards in studies on machine
learning-based prediction models. J Clin Epidemiol. 2023;158:99-110.
Dhiman P, Ma J, Andaur Navarro CL, Speich B, Bullock G, Damen JAA,
Hooft L, Kirtley S, Riley RD, Van Calster B, et al. Overinterpretation of
findings in machine learning prediction model studies in oncology: a
systematic review. J Clin Epidemiol. 2023;157:120-33.

Andaur Navarro CL, Damen JAA, van Smeden M, Takada T, Nijman SWJ,
Dhiman P, Ma J, Collins GS, Bajpai R, Riley RD, et al. Systematic review
identifies the design and methodological conduct of studies on machine
learning-based prediction models. J Clin Epidemiol. 2023;154:8-22.

van Smeden M, Heinze G, Van Calster B, Asselbergs FW, Vardas PE, Bruin-
ing N, de Jaegere P, Moore JH, Denaxas S, Boulesteix AL, Moons KGM.
Critical appraisal of artificial intelligence-based prediction models for
cardiovascular disease. Eur Heart J. 2022;43(31):2921-30. https://doi.org/
10.1093/eurheartj/ehac238.PMID:35639667,PMCID:PMC9443991.
Dhiman P, Ma J, Andaur Navarro CL, et al. Risk of bias of prognostic mod-
els developed using machine learning: a systematic review in oncology.
Diagn Progn Res. 2022;6:13. https://doi.org/10.1186/541512-022-00126-w.
Dhiman P, Ma J, Andaur Navarro CL, Speich B, Bullock G, Damen JAA,
Hooft L, Kirtley S, Riley RD, Van Calster B, Moons KGM, Collins GS. Over-
interpretation of findings in machine learning prediction model studies
in oncology: a systematic review. J Clin Epidemiol. 2023;157:120-33.
https://doi.org/10.1016/jjclinepi.2023.03.012. (Epub 2023 Mar 17 PMID:
36935090).

Wolff RF, Moons KGM, Riley RD, Whiting PF, Westwood M, Collins GS,
Reitsma JB, Kleijnen J, Mallett S. PROBAST: a tool to assess the risk of bias
and applicability of prediction model studies. Annals of internal medi-
cine. 2019;170(1):51-8.

Moons KGM, de Groot JAH, Bouwmeester W, Vergouwe Y, Mallett S,
Altman DG, Reitsma JB, Collins GS. Critical appraisal and data extraction
for systematic reviews of prediction modelling studies: the CHARMS
checklist. PLOS Medicine. 2014;11(10):e1001744.

Covidence systematic review software, Veritas Health Innovation, Mel-
bourne, Australia. Available at www.covidence.org.

Langenhuijsen LFS, Janse RJ, Venema E, Kent DM, van Diepen M, Dekker
FW, Steyerberg EW, de Jong Y. Systematic metareview of prediction
studies demonstrates stable trends in bias and low PROBAST inter-rater
agreement. J Clin Epidemiol. 2023;159:159-73.

Kaiser I, Pfahlberg AB, Mathes S, Uter W, Diehl K, Steeb T, Heppt MV,
Gefeller O. Inter-rater agreement in assessing risk of bias in melanoma
prediction studies using the Prediction Model Risk of Bias Assessment
Tool (PROBAST): results from a controlled experiment on the effect of
specific rater training. J Clin Med. 2023;12(5):1976.

TRIPOD+AI. https://osf.io/yht3d.

Snell KIE, Levis B, Damen JAA, Dhiman P, Debray TPA, Hooft L, Reitsma
JB, Moons KGM, Collins GS, Riley RD. Transparent reporting of multivari-
able prediction models for individual prognosis or diagnosis: check-

list for systematic reviews and meta-analyses (TRIPOD-SRMA). Bmj.
2023;381:e073538.

lannuzzi JP, King JA, Leong JH, Quan J, Windsor JW, Tanyingoh D, Coward
S, Forbes N, Heitman SJ, Shaheen A-A, et al. Global incidence of acute
pancreatitis is increasing over time: a systematic review and meta-analy-
sis. Gastroenterology. 2022;162(1):122-34.

Page 6 of 6

25. Vege SS, DiMagno MJ, Forsmark CE, Martel M, Barkun AN. Initial medical
treatment of acute pancreatitis: American Gastroenterological Associa-
tion Institute technical review. Gastroenterology. 2018;154(4):1103-39.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1093/eurheartj/ehac238.PMID:35639667;PMCID:PMC9443991
https://doi.org/10.1093/eurheartj/ehac238.PMID:35639667;PMCID:PMC9443991
https://doi.org/10.1186/s41512-022-00126-w
https://doi.org/10.1016/j.jclinepi.2023.03.012
http://www.covidence.org
https://osf.io/yht3d

	Critical appraisal of machine learning prognostic models for acute pancreatitis: protocol for a systematic review
	Abstract 
	Introduction
	Aims and objectives
	Methods
	The PICOTS system for our review is presented next
	Participants
	Intervention
	Comparator
	Outcomes
	Timing and setting

	Study eligibility criteria
	Information sources
	Search strategy
	Assessment of study quality
	Data elements collected
	Data reporting
	Discussion
	Acknowledgements
	References


