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Cohort selection

We selected four general surgery journals with the highest SIR2 rankings in the subject area
“Surgery” from 2018-2020.1 We selected articles by screening the titles and abstracts of every
original article published in every issue of these four journals from January 1, 2018 - August 31,
2021, and included only studies that described a surgical prediction model. Three authors (JSM,
HC, KH) independently screened studies for potential inclusion and reconciled any differences in

final cohort composition by consensus.

Data collection

The Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or
Diagnosis (TRIPOD) Statement is the guideline used by the Enhancing the Quality and
Transparency of Health Research (EQUATOR) Network for studies that describe the
development, validation, or updating of clinical prediction models, and is endorsed by many
prominent publishers and journals.? The TRIPOD categorizes studies as one of four types:
development and internal validation; external validation only; incremental value (i.e., updating
the parameters of a previously-developed model based on new data); and development and
external validation. It also categorizes models as performing either a diagnostic or prognostic
task. Study types and prediction tasks for each paper were independently classified by three

authors (JSM, HC, KH), and any differences in classification were reconciled by consensus.
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https://paperpile.com/c/XC9avL/8GkrB
https://paperpile.com/c/XC9avL/DNsHB

The TRIPOD Statement is a 37-item checklist of best practices for reporting of information in
these studies. Within each item are several adherence criteria that all must be met in order for the
study to receive credit for that item. Each paper was scored according to the TRIPOD Statement
recommendations: an item received a “0” if at least one adherence criterion was not met, or
received a “1” if all adherence criteria were met.® The overall compliance of the study with the
TRIPOD statement was defined as the number of fulfilled items divided by the total number of
items applicable to that study. These definitions and processes are consistent with many other

studies that have scored papers against the TRIPOD Statement as well.*”

Not all 37 items were applicable to all study types; for example, items specifically addressing
model development steps were not applicable to studies performing external validation or model
updating only. Items were excluded from analysis if they were not applicable to that particular
study type according to the TRIPOD Statement or applicable to less than five studies in the full

cohort.? For each study type, the following items were excluded from analysis:

Development and internal validation: 5c, 6b, 7b, 10c, 10e, 11, 12, 13c, 14b, 17, 19a
External validation: 5c, 6b, 7b, 10a, 10b, 10e, 11, 14a, 14b, 15a, 15b, 17
Incremental value: 5c, 6b, 7b, 11, 17

Development and validation: 5c, 6b, 7b, 10e, 11, 14b, 17

Of note, when examining reporting of model specifications, the TRIPOD statement specifically

notes reporting regression coefficients. However we found that regression coefficients were not

always the most appropriate piece of information to report for every type of model. We

© 2022 American Medical Association. All rights reserved.


https://paperpile.com/c/XC9avL/kNmMG
https://paperpile.com/c/XC9avL/ASzbp+avviI+wGCX4+xRULD
https://paperpile.com/c/XC9avL/kNmMG

interpreted this statement to allow for more flexible parameter reporting based on the type of
model that was developed. For example, when random forest, deep learning, or other complex
models were developed, we accepted relevant feature importance measures such as mean

decrease in Gini impurity® and Shapley values.®

Two authors (HWC, KH) independently scored articles against all adherence criteria, and any
scoring differences were reconciled by a third author who independently reviewed the article
(JSM). Cohen’s Kappa statistic for inter-rater reliability of adherence to individual TRIPOD
items prior to reconciliation of scoring differences was 0.83, with 8.3% of scored items requiring
reconciliation. All authors who participated in the screening and scoring of articles have a
background in conventional statistical and/or machine learning methods, development and
validation of surgical prediction models, and/or assessing the quality of published surgical
analyses.'®* Comparison testing between groups was conducted using Pearson’s chi-square test

with a significance threshold of 0.05.

Methodologic limitations

This study was not a formal systematic review. However, all surgical prediction model studies
from the top four general surgery journals (as defined by SJR2 rankings) were included by
manual title and abstract review. Studies published in other general surgery journals or surgical
subspecialty journals were not included. Studies published in non-surgical journals that describe
surgery-related or perioperative prediction models - including ones published in notable journals

such as the New England Journal of Medicine®® and the Journal of the American Medical
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Association®® - were also not included. The quality of surgical prediction model development and
validation in studies published by these other journals is unknown and cannot be inferred from

our findings.

Our study is also limited by the level of granularity of some TRIPOD statement elements. For
example, item 16 is a composite measure that requires reporting of model discrimination,
confidence interval, model calibration results, and additional performance measures to receive
credit. This made it difficult for us to retrospectively discern which specific element of
performance measure reporting needs improvement once all studies had been scored. Our ability
to measure the quality of a study was also limited by what the authors chose to report in their
published manuscript and supplemental materials. For example, the authors may have performed
hyperparameter tuning during model development but not described this step in the manuscript.
However, poor reporting alone has been recognized as a significant barrier to translating
academic discoveries into clinical practice.!’ Finally, poor compliance with some elements of the
TRIPOD statement such as a statement on funding (item 22) may have been a function of the
journal rather than the study’s authors; for example, not all journals include an explicit funding
statement in the final published manuscript when the authors state during the submission process

that no funding was received for the study.

Data availability

The full dataset for this study has been made publicly available and can be viewed and

downloaded here: https://github.com/jayson-marwaha/ TRIPOD
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