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Abstract

Objectives: The use of artificial intelligence, including machine learning, has increased in
recent years, resulting in subsequent synthesis of results via systematic reviews (SR) or
meta-analyses (MA). However, poor reporting quality of methodological information for
SRMA studies has been observed; in response, the Transparent Reporting of a Multivariate
Prediction Model for Individual Prognosis or Diagnosis (TRIPOD)-SRMA reporting guide-
lines were developed in 2023. The objective of this review was to assess adherence to the
26-itemTRIPOD-SRMA checklist (itemized broadly under abstract, introduction, methods,
results, and discussion).

Design: This umbrella review included SRMA publications which applied machine learning
methods, focused on publications pertaining to the most prevalent cancer types (breast, lung,
prostate, and colorectal cancer) to maintain a defined scope for the umbrella review. A
PUBMED search was conducted on 18 June 2024 for articles published in the 10 years prior.

Results: 12 SR publications and 4 MA publications were identified and abstracted by two
independent researchers. For most TRIPOD-SRMA checklist items, between 30 and 75% of
publications achieved the maximum possible score. Highest adherence was observed for:
rationale, methods: synthesis, methods: heterogeneity, study selection, study and model
characteristics, results: synthesis, implications and competing interests. Lowest adherence
was observed for abstract and objectives.

Conclusion: The SRMA publications in scope of this umbrella review demonstrated var-
ied adherence to the TRIPOD-SRMA checklist. The quality and transparency of machine
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learning SRMA analysis and publications may be improved with greater adherence to the
TRIPOD-SRMA checklist, particularly the components with the lowest average scores.

Keywords: Machine learning, Systematic review, Meta-analysis, TRIPOD-SRMA, Re-
porting quality.

1. BACKGROUND

The use of artificial intelligence (Al), including machine learning (ML), in biomedical research and
therapeutic development has increased substantially in recent years: in 2021, submissions to the
FDA that included Al or ML increased approximately ten-fold relative to 2020 [1]. The increasing
use of AI/ML in regulatory submissions highlights the need for consistent and transparent reporting
of such analyses across all submissions, to ensure robust decision-making when AI/ML is included.
One aspects of drug development that has applied AI/ML in regulatory submissions is predictive
modeling for clinical outcomes [1]. However, several reviews of predictive modeling analysis have
noted inadequate quality reporting, including insufficient description of model building approach
and limited information on which predictors were examined [2, 3]. In response to the observed
reporting quality, an expert panel convened to develop a checklist to support improvement of pub-
lished prediction model studies: the TRIPOD checklist, comprising 22 items identified as essential
for good quality publications describing the development or validation of multivariable prediction
models guidelines [4]. In a review of the reporting guideline endorsement in high-impact journals,
20% of the journals under review included the TRIPOD checklist in their author guidelines [5].

Due to the rapid increase in the volume of AI/ML papers, the literature is sufficiently large that
systematic reviews (SR) and meta-analyses (MA) are conducted to synthesize study results. Noting
the need for consistent and transparent reporting across these SR and MA, the TRIPOD checklist was
‘extended’ to the TRIPOD- SRMA statement, built on the PRISMA [6] and TRIPOD[4] guidelines,
to support the quality of reporting in such reviews [7].

The objective of this review was to assess TRIPOD-SRMA adherence in recent SRMA of machine
learning studies, focused on publications pertaining to the most prevalent cancer types (breast, lung,
prostate, and colorectal cancer) to maintain a defined scope for the umbrella review.

2. METHODS

The search was conducted in PUBMED on 18 June 2024. The search terms applied were: ((machine
learning OR deep learning OR supervised machine learning OR data mining[MeSH Terms]) OR
(machine AND (learn* or model*)) AND (breast cancer[MeSH terms] OR lung cancer[MeSH terms]|
OR prostate cancer[MeSH terms] or colorectal cancer [MeSH terms])); the search was restricted to
meta-analysis and systematic review, for article published in the 10 years prior to 18 June 2024
(detailed search terms in Online Resource 1).

Two authors worked independently throughout the PubMed records screening process. After screen-
ing by title and abstract alone, full texts were downloaded for the subset of potentially eligible
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articles for screening in detail. Articles unanimously deemed eligible were included for detailed
review. Disagreements on abstracts to further assess during a full article were resolved jointly
through re-appraisal, and in case of deadlock, a third reviewer was consulted.

To assess article for adherence to the TRIPOD-SRMA checklist, a scoring guideline was developed.
The principle of the scoring guideline development was to provide a simple scoring range that
appropriately assigned high, medium, or low scores according to the degree of adherence to the
TRIPOD-SRMA checklist, acknowledging that not all aspects of the checklist would be required for
developing a scientifically robust SR or MA (e.g. TRIPOD-SRMA checklist item 10c, pertaining
to requests for unreported items; this action may not be required if the in-scope publications are
sufficiently detailed and clear). After the initial draft, an independent reviewer conducted a pilot
test of the scoring guidelines, using a machine learning SRMA publication that was outside of the
scope for the current review (cervical cancer). Observations from the pilot test were used to refine
the scoring system (Online Resource 2). The checklist contained scores for 32 items for MA and
26 items for SR, including a separate checklist for abstract scoring (9 items for MA, 8 items for SR;
noting that TRIPOD-SRMA abstract checklist items that were also included in the overall checklist
were not included in scoring to avoid double-counting for the same criteria).

Scoring of the articles selected for this review was conducted by two independent reviewers (HW
and MM)); a third reviewer was included for discordant scores that could not be resolved following
joint Re-appraisal among the two independent reviewers.

Post hoc, a descriptive analysis of TRIPOD-SRMA checklist scores by quartile of journal impact
factor (IF) ranking in 2023 [8], was conducted, separately for SR and MA.

3. RESULTS

The initial search terms yielded 108 articles; following the review of title/abstract, and full article
(as required), there were 16 publications retained for the present umbrella review (FIGURE 1).

This umbrella review includes 12 SR publications [9-20], and 4 MA publications [21-24], published
between 2021 and 2024. Breast cancer was the cancer subtype most frequently included in the
identified SR or MA publications [10-12, 14, 17, 18, 22, 24], followed by lung cancer [9, 14, 15,
20, 21]. Scores for individual publications are presented in Online Resource 3.

The TRIPOD-SRMA checklist items that yielded the highest adherence across all publications
(i.e. items for which all publications achieved the highest possible score) were: rationale (no. 3),
methods: synthesis, (no. 12a), methods: heterogeneity (no. 12b), study selection (no. 14), study
and model characteristics (no. 15), results: synthesis (no. 18a), implications (no. 22) and competing
interests (no. 25) (FIGURE 2).

In contrast, the TRIPOD-SRMA checklist items that yielded the lowest adherence (i.e., items with
the lowest proportion of publications achieving the maximum score) were abstract (no. 2; zero
publications achieved the maximum score) and objectives (no. 4, maximum score achieved by
6.3% of publications).
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PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only
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Figure 1: Flowchart of the PRISMA literature screening process for study selection.

Overall, for the majority of TRIPOD-SRMA checklist items, a moderate proportion of all publi-
cations demonstrated adherence (i.e. between 30 and 75% of publications achieved the maximum
score) including: study eligibility criteria (no. 5), information sources (no. 6), data: items (no. 10a),
data: performance measures (no. 10b), methods: risk of bias and applicability (no. 11), methods:
sensitivity (no. 12a), methods: certainty assessment (no.13), results: risk of bias and applicability
(no.16), results: heterogeneity (no. 18b), results: sensitivity (no.18c), results: certainty of evidence
(no. 19), limitations (no. 21), registration (no.23a), protocol availability (no. 23b), and availability
of data, code, and other materials (no.26).
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Figure 2: Proportion of reviewed publications achieving the maximum score per checklist item.

There were no trends observed for TRIPOD-SRMA scores according to journal IF: for the 12 SR
publications, median TRIPOD-SRMA scores values from the lowest to highest quartile of journal IF
values were 42, 34, 26, and 35; for the 4 MA publications, the scores followed a non-linear pattern
from lowest to highest journal IF scores (TRIPOD-SRMA scores 49, 48, 42, and 49).

4. DISCUSSION

In this umbrella review, eight of the 32-items (MA) or 26-items (SR) from the TRIPOD-SRMA
checklist items yielded consistently high scores across all publications, however, for most TRIPOD-
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SRMA checklist items, the degree of adherence was moderate or below. This review has identified
several checklist items with very low adherence across the SR or MA studies within the scope
of this review, notably for abstracts and study objective definitions. Most of the articles scored
for TRIPOD-SRMA adherence articles were published prior to TRIPOD-SRMA publication date
(2023), however, this does not fully account for the lower adherence scores observed, given the
significant overlap between the PRISMA guidelines (published in 2009) and the TRIPOD-SRMA
checklist.

The TRIPOD-SRMA scoring framework applied in this review was developed by the authors of this
publication (HW and MM) and involved many decisions on how to interpret and weight the checklist
items. The team aimed to devise a scoring system that was parsimonious and would not penalize
SR or MA studies that did not include items that were not necessarily required for a robust review,
such as describing protocol amendments, which may not have occurred for all studies (item 23c of
the TRIPOD-SRMA checklist). Although the scoring framework underwent a pilot assessment, it is
possible that different values could have been assigned for some checklist items, yielding different
scores than those observed in this review. The use of two independent reviewers and extractors
is a strength of the study, and served to reduce the risk of reviewer bias in the assigned scores.
However, the potential impact of the scoring framework on the present umbrella review results
must be considered in interpreting the findings, particularly at the level of each individual SR or
MA.

The present review aimed to review adherence across all TRIPOD-SRMA components as a broad
commentary on publication quality in the field of machine learning, and is not intended to suggest
that full adherence to the TRIPOD-SRMA checklist should be a publication requirement. There
is evidence that requiring strict adherence to the PRISMA-checklist (the framework for TRIPOD-
SRMA) can results in exclusion of a significant proportion of available evidence, irrespective of the
validity of the work [25]. The feasibility of preparing an SR or MA review that is fully adherent
with TRIPOD-SRMA may be challenging for some studies, depending on wordcount limitations
or other publication-specific requirements. This consideration is particularly applicable for the
study abstract, which yielded low adherence scores across the studies in the umbrella review: the
TRIPOD-SRMA checklist for abstracts includes 12 items, which can be challenging to fulfill in
the context of common abstract limits of between 250 and 400 words [26]. Should the journal
word limits prevent adherence to TRIPOD-SRMA, the TRIPOD-SRMA guidelines recommend that
authors provide additional information in journal supplements or publicly accessible documents[7].
The scoring system for the present review was developed as a simple metric to assess adherence
per component and was not weighted to reflect potentially greater scientific value or complexity of
some components versus others; accordingly, the overall score per publication should be interpreted
with caution.

Adherence to the PRISMA-checklist, the framework on which the TRIPOD-SRMA was developed,
is similar to the results of the present umbrella review: suboptimal adherence to PRISMA has been
observed in SR or MA of rehabilitation science [27], nursing [28], and interventional studies[29].
In particular, a review of PRISMA-A (for SR or MA abstracts) in the field of drug efficacy yielded
evidence of moderate adherence (overall adherence rate 57.9%), with the lowest adherence observed
for funding, registration, and risk of bias [30]; relaxation of abstract word limits was recommended
as one measure to improve adherence. This recommendation is supported by evidence that adher-
ence to PRISMA-A increased linearly according to the permitted abstract word limit [31].
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In the post-hoc evaluation of TRIPOD-SRMA scores ranked by journal IF as a measure of journal
quality, there was no evidence of better adherence to the TRIPOD-SRMA checklist as IF increased.
In contrast, a review of adherence to the PRISMA guidelines noted that journal IF was a significant
predictor of adherence scores; however, that paper included a much larger number of studies and
was specific to studies of low back pain [32]. The small number of studies included in the present
umbrella review may have limited the potential for a trend to emerge based on journal IF, particularly
for MA studies of which only 4 were included in the umbrella review.

Overall, the present umbrella review has highlighted where there is potential for improvement
in SR or MA reporting quality in future publications, particulars in study abstracts and in study
objective definitions. One study observed that only 20% of high impact journals currently endorse
the TRIPOD checklist [5]); greater promotion of the TRIPOD-SRMA checklist by journals may help
to improve the quality and standardization of reporting quality for SR or MA of machine learning
methods. As the volume of machine learning based SRMA publications increase, consistent and
transparent reporting quality will be critical for supporting appropriate interpretation of aggregate
reviews based on novel machine learning methods.

Author statement: HW led the conception, design, acquisition, analysis, and interpretation of
study data, as well as drafting the manuscript. MM led the pilot testing phase of data acquisition,
co-conducted the extraction and analysis, and critically reviewed the manuscript.

5. ARTICLE SUMMARY:

Strengths and limitations of this study

* This study applied a scoring system that was parsimonious and would not penalize systematic
reviews or meta-analyses that did not include items that were not necessarily required for a
robust review

* The use of two independent reviewers and extractors is a strength of the study, and served to
reduce the risk of reviewer bias in the assigned scores.

» The scoring system for the present review was developed as a simple metric to assess ad-
herence per component and was not weighted to reflect potentially greater scientific value or
complexity of some components versus others

* Despite the inclusion of a pilot assessment, it is possible that different values could have been
assigned for some checklist items, yielding different scores than those observed in this review.
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