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Abstract
[412/500 words]

Objective: This scoping review aims to systematically map externally validated machine
learning-based models developed for patient care in oncology, quantify their performance and
clinical utility, and associate specific models with particular types of cancer and decisions to
be made, as well as reveal research gaps in these areas.

Introduction: Although numerous algorithms are developed for cancer-related decisions, the
overwhelming majority has yet to reach oncology practice, mainly due to subpar
methodological reporting and validation standards. When presenting a new or updated
machine learning (ML) method, demonstrating its performance on the patients used for
development (internal validation) is unsatisfactory, especially for small sample sizes, as this
does not ensure clinical validity. However, although several systematic and scoping reviews
concerning patient-related decision-making in oncology do exist, these are either context-
specific, not approached from a machine-learning perspective, not focused on external (or
clinical) validation, or focused on the lack of reporting standards and risk of bias. Furthermore,
none of these reviews gather which machine learning algorithms were used, how performance
was assessed, and if any correlations could be found between cancer types and specific ML
methods.

Inclusion criteria: Quantitative primary research papers written in English and published in
peer-reviewed journals will be considered. The primary concept is the use of externally
validated and clinically useful machine learning algorithms to assist in clinical decision-making.
The population consisted of human cancer patients (with no restriction for age groups,
demographics, or cancer types). The records' main focus must be on clinical outcomes for
cancer patients. Machine or deep learning models had to be externally validated with reporting
performance metrics, and clinical utility must have been assessed. The context is any cancer-
patient-related settings and assessments (e.g., diagnosis, outcome prediction, and
surveillance) as long as data is commonly available in most clinical settings. Thus, genetic
studies (e.g., omics, genetics, molecular biomarkers) will not be included.

Methods: The proposed scoping review will follow the Joanna Briggs Institute's (JBI)
methodology for scoping reviews and the Preferred Reporting ltems for Systematic reviews
and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR). The Population, Concept
and Context (PCC) mnemonic will guide the review. It will cover quantitative scientific literature
published in journals since January 1, 2014 whose Scimago Journal and Country Ranking is
higher than one and whose best quartile is Q1. The following databases will be searched:
Embase, IEEE Xplore, PubMED, Scopus, and Web of Science. Results will be summarized in
diagrammatic, tabular and graphical form, accompanied by descriptive statistics and narrative
synopses.
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Objectives

The presented scoping review will systematically gather publications regarding externally

validated machine (and deep) learning models developed with commonly collected data to

provide clinical decision support to oncologists and other health professionals concerning

cancer-related outcomes for individual patients. Our specific goals are to:

Map these models' focus, contents, and implementation status;

Quantify their predictive performance;

Determine how their clinical utility was established;

Associate specific models with particular types of cancer and decisions to be made;

Unveil research gaps in this field.

Review questions

The outlined research questions and sub-questions were defined as follows:

What externally validated machine learning algorithms have been developed to assist
patient-related decision-making in oncology practice?

o For what types of cancer variants and clinical outcomes were these models
developed?
How were the validation studies designed?
Which populations and types of inputs were used?
Have these methods been tested on real-world data?

Have the models been implemented in clinical practice?

© O O O O

How was performance assessed during external validation?
How was clinical utility established for these methods?

0 Which comparators and metrics have been used?
Which machine learning algorithms show the best performance depending on the type
of cancer, clinical modalities, and the decision(s) to be made?

0 What are the reported effects of these ML-based models on decision-making
and outcomes?

What are the research gaps in this field?

Keywords

Clinical decision support; Deep learning; Electronic Health Records; Machine learning;
Prediction models
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Eligibility criteria

Population

As we intend to explore machine learning methods for all patient-related decision-making in
oncology, we will not define age groups, demographics, medical specialties, specific tumor
sites, organs, or patient cohorts (e.g., children with glioma). Samples can consist of human
patients or lesions (for image classification), provided that the focus is on cancer patient

outcomes.

Concepts

The central concept is new or updated externally validated machine or deep learning
algorithms using routinely collected data to assist decision-making regarding clinical outcomes
for cancer patients. Specifically, the focus is on quantifying their performance during external
validation and clinical utility. Since genetic information is not generally available in EHRS,
studies concerning sequencing, omics, and molecular biomarker discovery will not be

considered. Animal studies and papers using synthetic patients will be discarded.

Machine learning models are broadly defined as having the ability to learn from and identify
patterns in the available data without being explicitly programmed. These can be supervised
or unsupervised and regression or non-regression based. Deep learning refers to subsets of
artificial neural networks with two or more hidden layers. All commonly known machine
learning algorithms will be considered, including, for example, boosting, random forests,
neural networks, and support vector machines. Nonetheless, since the line between traditional
statistical and machine learning models can be tenuous for homonymous methods (e.g.,
logistic regression, naive Bayes), these will only be included if explicitly described as an ML
model. These algorithms can either be qualified as clinical decision support systems (CDSS),
computer-aided diagnosis or detection (CADx or CADe), or provided as a standalone tool. If
aimed at replicating cancer patients, digital twin approaches will also be included, as these
align with clinical prediction models. Algorithms developed for anything other than patient care
(such as medical education, structured data collection, text classification, cohort-specific
assessments, or EHR dashboards) will be excluded. Articles whose primary focus is not

oncology will also be disregarded.

External validation refers to evaluating the model's performance on a dataset not used for
development 3. Model performance should be reported concerning calibration (using a
calibration plot, for example), discrimination (AUC or C-index), and classification (e.g.,
accuracy, sensitivity, and specificity). Articles not stating which algorithms were used, not
presenting those quantitative metrics, or only internally validated will be excluded. Randomly

splitting the patient dataset or cohort — whichever the sample size — into training and test sets
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will be perceived as internal validation 2 and therefore excluded. Although not unanimously
qgualified as an external assessment, papers reporting model performance on temporally

different datasets (temporal validation) will also be included.

Clinical validation involves testing the model on real-world data collected from routine care
(e.g., EHRSs) rather than synthetic patients or pre-existing datasets. However, models
externally validated on pre-existing datasets will also be considered as long as they are
composed of actual patients (not necessarily collected in routine care). Animal studies and

synthetic patients will not be considered.

Clinical utility entails quantifying the impact of the model on decision-making and health
outcomes through comparative assessments (e.g., clinicians performing the same task with
and without assistance or health outcomes before and after implementation). We will report
on how clinical utility was established, i.e., how the model influenced decision-making or
compared against standard care (or other control groups). Non-comparative articles will not

be included.

Context

The context is any cancer-patient-related setting, including primary, secondary, tertiary, and
guaternary oncology care. Possible cancer-related assessments include surveillance,
diagnosis, survival, staging, and anticipation of the response to specific treatments,

medications, and surgeries, among many others.

Types of Sources

This scoping review will consider quantitative experimental, quasi-experimental, and
observational study designs and any additional relevant quantitative and comparative
research frameworks. Qualitative studies, conference abstracts, and other secondary
research designs (such as reviews, editorials, letters, and book chapters) will not be
considered due to not typically reporting individual (if any) performance metrics, thus impeding
guantitative analyses. Grey literature will also not be included. To limit the scope of this review
and allow its reproducibility, it will only encompass peer-reviewed journal articles with
institutional or open full-text access. Furthermore, to ensure quality and reliable reporting,
papers will only be assessed for eligibility if published in journals whose SJR (Scimago Journal
and Country Rank, an indicator of scientific journal prestige) is higher than one and whose

best quartile is Q1 4.

Methods

The proposed scoping review will follow the updated Joanna Briggs Institute (JBI)

methodology for scoping reviews 2>2¢, It will also follow the Preferred Reporting Items for
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Systematic Reviews and Meta-Analysis extension for Scoping Reviews (PRISMA-ScR) %’

checklist, adapted to encompass the PRISMA 2020 statement 28,

As recommended by JBI 2526, the Population/Concept/Context (PCC) mnemonic guided the
identification of the main concepts, research questions, and search strategy in this review.
Accordingly, keywords were divided into three categories: machine-learning-based
decision-making ("machine learning" OR "deep learning" OR "classification" OR "regression"
OR "clinical decision support" OR "computer-aided diagnosis" OR "computer-aided detection"
OR "digital twin(s)" OR "decision-making"), cancer ("cancer" OR "oncology" OR "tumor(s)" OR

"neoplasm(s)"), and evaluation ("comparison” OR "performance" OR "valid*").

Search strategy

The search strategy will aim to locate primary research papers published in peer-reviewed
journals. An initial limited search of PubMed was undertaken to identify articles on the topic.
The text words in the titles, abstracts, and keywords of relevant articles were used to develop
a complete search strategy for the EMBASE, IEEE Xplore, PubMed, Scopus, and Web of
Science databases, with the search terms adapted to each database (see Appendix I). This
study selected IEEE Xplore to address computing articles, PubMed and EMBASE to include
biomedical literature, and Scopus and Web of Science to cover multidisciplinary reports. Due
to being part of the first author's Ph.D., a one-year timeframe was outlined. Therefore, the
reference list of all included sources of evidence will not be screened for additional studies
unless related to the original article, and only publications written in English will be considered
for inclusion. Studies published from January 1, 2014, will be included as this year aligns with

when deep learning became mainstream °.

Study selection

Following the search, all identified citations will be collated in RIS format and uploaded
into EndNote 20.4.1 /2022 (Clarivate Analytics, PA, USA)and deduplicated (first
electronically, followed by a manual sweep). A Python script will then be used to filter
publications by SJR ranking. The remaining citations will be imported into a spreadsheet, and
titles and abstracts will be screened for assessment against the inclusion criteria for the
review. To generate the Excel file, the EndNote citations will be exported as a tab-delimited
text file, pasted into Excel, and saved as a workbook. Full-text inspection of the potentially
relevant sources will then be assessed against the inclusion criteria by both authors. Reasons
for excluding sources of evidence at a full-text level that do not meet the inclusion criteria will
be recorded and reported in the scoping review. Disagreements at each stage of the selection
process will be resolved through discussion among the authors. The results of the search and

study inclusion process will be reported in full in the final scoping review. These will be
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presented in a Preferred Reporting Items for Systematic Reviews and Meta-
analyses extension for scoping review (PRISMA-ScR) flow diagram 27 updated per the
PRISMA 2020 statement .

Data Extraction (Data Charting)

Data will be extracted from papers included in the scoping review by the first author and
confirmed by the second author using a data extraction form developed by the first author.
These data will be stored in Excel spreadsheets and include specific details about the
participants, concept, context, study methods, and critical findings relevant to the review
guestions. A draft extraction form is provided (see Appendix Il). The draft data extraction form
will be iteratively modified and revised as necessary while extracting data from each included
evidence source. Modifications will be detailed in the scoping review. Any disagreements

between the reviewers will be resolved through discussion.

Data Analysis and Presentation
The data are to be presented in tabular and graphical form. A narrative summary will
accompany the tabulated and charted results and describe how the results relate to the

review's objective and questions.
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Appendices
Appendix |: Search strategy

PUBMED

(((((cancer*[Title] OR oncolog*[Title] OR tumor*[Title] OR neoplas*[Title] OR malign*[Title])) AND
(("digital twin*"[Title/Abstract] OR "machine learning"[Title/Abstract] OR "deep
learning"[Title/Abstract] OR "artificial* intelligen*"[Title/Abstract] OR "predict*
model*"[Title/Abstract]))) AND (("precision medicine"[Title/Abstract] OR '"personalized
medicine"[Title/Abstract] OR "computer aided diagnosis"[Title/Abstract] OR "computer aided
detection"[Title/Abstract] OR "prognos*"[Title/Abstract] OR "decision making"[Title/Abstract] OR
"decision support"[Title/Abstract] OR "classification"[Title/Abstract] OR
"regression"[Title/Abstract]))) AND ((valid* OR performance OR compar*))) AND
(CCCCCCCCC((("english"[Language]) AND (ffrft[Filter])) AND ("journal article"[Publication Type])) AND
((2014/1/1:2022/09/30[pdat]))) AND (excludepreprints[Filter])) NOT (comment[Filter])) NOT
(systematicreview[Filter])) NOT (review([Filter])) NOT (dataset[Filter])) NOT (englishabstract[Filter]))
NOT (retractionofpublication[Filter])) NOT (retractedpublication(Filter])) NOT
(introductoryjournalarticle[Filter])) NOT (booksdocs[Filter]))

Appendix Il: Data extraction instrument

General data

Stud Randomized Study Institutional Cancer Cancer
Authors Year Journal Title Citation v data? Design Design Type Type Uses_EHR?
Type .
(General) (Specific)
Methods Information
method_s method compared explaina
L Focus Focus relevant_non best_ML_ _details _single_vs_ . P — deep_le P
tated_in_ (General) (Specific) ml_methods method /archite ensemble with_other arning? ble_mo
abstract? P - cture _methods? B! del?
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uses_tran supervisi type_of_impl system_ rocessi  softwar
sfer_learn ~ P task ype_ -, P Interface  classific  tool_name url P .
. on ementation . ng_time e
ing? ation
External validation
. . real_world_ rou?mely_ .. . IMPLEMENTE international_vali  independent
mentioned_in_abstract? available_ clinical_setting? D_IN_PRACTI . N
data? dation? validation?
data? CE? -
public_da
number_of_institutions_in  data_availab tabases_i opulation
u - —_I ' utions_t .—.v' . —'. validation_type data_source population_details popufation_
_validation ility n_validati age_group
on
female_co le_t
population_size —cou male_count sample_size sample_ty auc auc_95CI accu accuracy_95CI
nt pe racy
PPV
sensitivity specificity_T specificity_9 PPV_preci recis_iz NPV
sensitivity_recall 95C1 rue_Neg_Ra 5cl sion n_95C NPV _95 f1_score
te : Cl
brier_score C_in C_index_9 reports_thresho reports_calibration_graphic
dex 5CI Id? ally
Clinical utility
mentioned_in_abstract? comparators comparators_details metrics results
Other information
limitations_stated? limitations_description Notes Summary
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