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Abstract

Background and Objectives: Having a sufficient sample size is crucial when developing a clinical prediction model. We reviewed
details of sample size in studies developing prediction models for binary outcomes using machine learning (ML) methods within oncology
and compared the sample size used to develop the models with the minimum required sample size needed when developing a regression-
based model (Nin)-

Methods: We searched the Medline (via OVID) database for studies developing a prediction model using ML methods published in
December 2022. We reviewed how sample size was justified. We calculated N,,;,, which is the N,,;,, and compared this with the sample
size that was used to develop the models.

Results: Only one of 36 included studies justified their sample size. We were able to calculate N, for 17 (47%) studies. 5/17 studies
met Ny, allowing to precisely estimate the overall risk and minimize overfitting. There was a median deficit of 302 participants with the
event (n = 17; range: —21,331 to 2298) when developing the ML models. An additional three out of the 17 studies met the required sample
size to precisely estimate the overall risk only.

Conclusion: Studies developing a prediction model using ML in oncology seldom justified their sample size and sample sizes were
often smaller than N,,;,. As ML models almost certainly require a larger sample size than regression models, the deficit is likely larger.
We recommend that researchers consider and report their sample size and at least meet the minimum sample size required when developing
a regression-based model. © 2025 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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What is new?

Key findings
e A sample size calculation or justification was only
reported in one of the included studies.

e 17/36 (47%) studies reported enough information
for the minimum required sample size to be calcu-
lated, of which five studies met the recommended
minimum sample size to precisely estimate the
overall risk and minimize overfitting, and an addi-
tional three studies only met the recommended
minimum sample size to precisely estimate the
overall risk for regression-based approaches.

e Studies developing a prediction model using ma-
chine learning (ML) were a median 302 events
smaller than the minimum required sample size
for regression-based approaches.

What this adds to what is known?

e We build on existing research that has highlighted
poor reporting of sample size calculations for pre-
diction models developed using regression ap-
proaches and found similar results in studies
developing prediction models using ML methods.

e Our study provides evidence that sample size cal-
culations are rarely considered in ML studies,
and that the actual sample sizes are often much
smaller than minimum sample size requirements
even for regression-based approaches.

What is the implication and what should change

now?

e Formal sample size guidance is needed for studies
that develop and validate a prediction model using
ML methods. Until guidance is available, sample
size calculations for regression-based models pro-
vide a suitable lower bound for any ML method.

e We urge researchers to consider and justify their
sample size at the design and protocol stage of
their study.

e Researchers should transparently report their avail-
able and used sample sizes (total number and num-
ber of events) throughout their study flow (eg,
before and after data splitting or modifications to
address class imbalance).

1. Introduction

Prediction models are used in health care for the diag-
nosis and prognosis of health-related outcomes. Though
clinical prediction models are developed in many clinical

areas, they are frequently developed and used in oncology
to help diagnose cancer [1,2], assess the risk of developing
cancer in the future [3], and determine patient prognosis af-
ter diagnosis or treatment [4,5]. Cancer prediction models
are often used to plan health-care delivery, using patients’
predicted risks to help determine treatment plans or the
need for further tests. They are used in clinical practice
as well as for research purposes.

Use of machine learning (ML) methods to predict cancer
related outcomes has increased over recent years and con-
tinues to rise given their potential to model complex data-
sets [6,7]. ML is often used with a view to improve the
accuracy of predictions (frequently over statistical ap-
proaches) and to help guide clinical decision making. How-
ever, many studies have found inherent limitations in the
studies that develop ML prediction models in oncology
[8—11], and specifically with the too-small amount of data
that is used to develop them. Dhiman et al. found that only
five (8%) of 62 studies developing prediction models using
ML in oncology justified their sample size [8], but as sam-
ple size guidance does not exist for ML models, details of
the ‘deficit’ in sample size remains unclear.

ML models are complex and known to be data hungry
[12]. They typically require larger sample sizes than
regression-based approaches as they, by default, are more
flexible. If enough data is not used to develop them, it
can increase instability in model predictions [13]. Though
there is a lack of sample size guidance for ML models,
guidance is available for regression-based prediction
models [14,15], including when predicting binary out-
comes, based on precisely estimating the overall risk and
minimizing overfitting. As both criteria are applicable to
ML, these sample size calculations provide a useful lower
bound for the required sample size for ML models.

The aim of this study was to review sample size calcu-
lations or justifications reported in studies developing a pre-
diction model using ML methods for a binary outcome in
the field of oncology. We investigated whether and how
sample size calculations are reported or justified. We also
compared the reported sample size with the minimum
required sample size needed when developing a
regression-based model minimum recommended for
regression-based approaches (N,,,), as calculated using
the Riley et al. formulae [16].

2. Methods

We carried out a methodological systematic review of
sample size calculations or justifications for studies devel-
oping a ML prediction model in oncology. The study pro-
tocol was registered with The International Prospective
Register of Systematic Reviews (CRD42023394388). The
review is reported in accordance with the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses
(PRISMA) 2020 [17] and PRISMA-Search [18] checklists.
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2.1. Eligibility

We included studies that described the development of a
multivariable (including at least two predictors) prediction
model (diagnostic or prognostic) using any standard (non-
regression based) ML modeling method, in oncology for
individualized risk predictions in humans. Though we
excluded studies that developed only regression-based
models, such as logistic regression alone, studies were
included if ML models were also developed in the same
study. Studies could use any study design (eg, case-
control, cohort and registry studies, and randomized trials)
to develop a model predicting a binary patient-related
health outcome. We included studies that developed a
model using clinical predictors alone, or in combination
with radiomic features extracted from imaging datasets,
or in combination with genetic predictors.

We excluded studies that developed a prediction model
using only regression methods (eg, least absolute shrinkage
and selection operator [LASSO] logistic regression), that
were predicting a time-to-event outcome, and were
(external) validation only studies (without a model develop-
ment component). We excluded studies developing a model
using only lab-based (eg, in vitro), molecular, imaging and
genetics predictors/features (indicating high dimensional
data — data with an extensive number of features or predic-
tors that are also often correlated). We also excluded con-
ference abstracts and reviews and studies where the full
text was unavailable (authors were not contacted) or pub-
lished in a non-English language.

2.2. Information sources and search strategy

We searched the MEDLINE® ALL (via Ovid) database
on January 24, 2023, using a search strategy developed in
consultation with a senior information specialist (SK). We
limited the search to one database to obtain a convenience
sample of studies to review. A publication date limit for ar-
ticles published between December 1, 2022, and December
31, 2022, was applied to the search (including Epub Ahead
of Print and In-Process & Other Nonindexed Citations arti-
cles) to obtain a contemporary sample of studies.

Search terms included Medical Subject Headings head-
ings and free-text terms related to ML (eg, “supervised”,
“classification”, ‘“‘boosting’, ‘“‘ensemble’’), prediction
(eg, “risk”, “prognosis”, ‘‘probability’’), model perfor-
mance (eg, “‘accuracy”’, ‘“discrimination”, “AUC”, “deci-
sion curve’”, ‘“‘validation”, ‘“calibration”) and oncology
(eg, “neoplasm”, “oncology”’, “‘carcinoma”, ‘“‘adenocarci-
noma”, ‘“‘malignant”, ‘“metastasis’’). The terms within
each of the four search facets (ML, prediction, model per-
formance, oncology) were combined with ‘OR’ and then
the facets were combined with ‘AND’. No other limits were
applied to the literature search. The full search strategy is
provided in Supplementary Table 1.

2.3. Data management and selection process

The references identified by the MEDLINE (OVID)
search (including abstracts and titles) were imported as a
complete reference into EndNote Citation Manager [19]
where they were deduplicated. The remaining records were
then uploaded to Rayyan Web Application [20] for title and
abstract screening by two reviewers (BT and PD) in line
with the eligibility criteria.

The same reviewers then assessed the full text publica-
tions for studies that met the inclusion criteria. Any uncer-
tainties and disagreements throughout the screening
processes were discussed and adjudicated through another
independent reviewer (GSC). Reasons for the exclusion of
studies were recorded during full text screening.

2.4. Data extraction form and data collection

The data extraction form was informed by the CHecklist
for critical Appraisal and data extraction for systematic Re-
views of prediction Modeling Studies [21] and Transparent
Reporting of a multivariable prediction model for Individ-
ual Prognosis or Diagnosis (TRIPOD) checklists [22]. We
also extracted necessary information to calculate the mini-
mum required sample size based on formulae by Riley et al
for binary outcome measures (described below) [16].

The data extraction form was piloted on three randomly
selected studies to achieve consistency on the data extrac-
tion among the reviewers. Three reviewers (BT, KS, and
LA) then independently extracted data using the standard-
ized data extraction form. BT extracted from all the articles
included, and KS and LA were each allocated half of the
studies. Any conflicts through the extraction processes were
discussed and adjudicated with another independent
reviewer (PD).

If more than one model was developed per study, we
noted the total number of developed models, but only ex-
tracted data on one model based on the following order
of preference:

1. The model that was suggested as the best model to
predict the outcome of interest by the study authors,

2. The model with best performance (highest c-statistic)
compared to other models, or

3. The first reported model in the abstract, results, or
discussion sections of the paper.

If a study develops multiple models and includes a
regression-based model, we extracted on the best perform-
ing ML model, excluding the performance of the
regression-based model.

2.5. Data items and outcome

Data extraction items included study characteristics
(cancer type, study design, data source, prognostic or diag-
nostic outcome type), details on any sample size calcula-
tions or justifications, study type (model development
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only, or development and validation), type of ML ap-
proaches or algorithms used for the developed model, num-
ber of models developed, total number predictors and
predictor parameters considered during the modeling pro-
cess, sample sizes (total participants available, and number
used for model development), number of outcome events
(total number of events, and number of events used for
model development) and model performance measures
(for example, c-statistic/area under the receiver operating
characteristics curve, calibration-in-the-large, calibration
slope). We also collected detail about the model perfor-
mance measures and if they were apparent, split sample,
bias corrected or external validation performance measures,
depending on the validation type. We judged whether a
study outcome was prognostic or diagnostic based on the
timing of the outcome and the time lapsed between predic-
tor and outcome measurement.

When available we used the extracted information to
calculate the minimum sample size to develop a
regression-based (N,;,) model using Riley et al formulae,
which is based on the following three criteria:

1. Small overfitting (where a developed model’s predic-
tions are more extreme than they should be in new in-
dividuals from the same target population) - defined
by an expected global shrinkage (penalization/regula-
rization) of predictor effects by 10% or less,

2. Small optimism (<0.05) in the model’s apparent Na-
gelkerke’s R-squared value (a measure of overall
model fit).

3. Precise estimation (within a small margin of error) of
the average outcome risk in the target population,

A sample size was calculated to meet each criterion and
the largest of the three sample sizes was taken as N;,. The
calculation was implemented using the ‘pmsampsize’ pack-
age [23], which requires specification of the outcome type
(binary for all cases), Cox-Snell R-squared (calculated from
the c-statistic, if not reported [24]), number of predictor pa-
rameters, and the outcome prevalence. The value of the c-
statistic used for the sample size calculation was chosen
in order of preference, from the reported c-statistic from
(i) bias-corrected (derived from either bootstrapping or
cross-validation methods) or (ii) split sample, where multi-
ple values were reported. An example scenario for a typical
sample size calculation is provided in Box 1.

No formal analysis on reporting adherence was conduct-
ed; however, we evaluated whether any statement about
sample size was reported (including a calculation or justifi-
cation) by original authors and the reporting quality of
these sample size statements, if provided. The total avail-
able sample size and sample size used to develop the pre-
diction models was compared to N, calculated using
recommended formulae by Riley et al. [16]. The difference
between the actual sample size used and N,,;, was calcu-
lated and reported for each sample size criteria and overall.
Studies that met N,,;, to precisely estimate the overall risk

Box 1 Implementing the Riley et al. minimum
sample size criteria for model
development: an example scenario

Consider a study wanting to develop a prediction
model using a random forest to predict an incident
lung cancer diagnosis in a ‘healthy’ population. Pre-
vious literature estimates that the prevalence of lung
cancer in the population is 5% and the anticipated
c-statistic is 0.68. The study aims to predict incident
lung cancer using data on 37 candidate predictors.

Of these 37 candidate predictors:

e 20 are binary (equating to 20 predictor parameters)

e 7 are categorical with three categories each
(equating to 14 predictor parameters)

e 5 are continuous and have a linear relationship
with the outcome (equating to five predictor pa-
rameters); and

e 5 are continuous and have a non-linear relationship
with the outcome, such that each introduces at
most one additional term in the modeling process
(equating to 10 predictor parameters).

Thus, in total, a minimum of 49 candidate predic-
tor parameters will be estimated during the modeling
process.

For this scenario and using the ‘pmsampsize’ sta-
tistical package available in R and Stata R code:

pmsampsize (type = "b", cstatistic = 0.68, param-
eters = 49, prevalence = 0.05) to estimate the overall
risk precisely and minimize overfitting, the minimum
sample size required for developing the new model is
21,586 participants (1080 incident lung cancer
events), with an events per predictor parameter of
about 22.

and minimize overfitting (criteria 1—3), only precisely esti-
mate the overall risk (criterion 3), and to minimize overfit-
ting (criteria 1 and 2) were identified.

2.6. Data analysis

We summarized results of the review using descriptive
statistics and a narrative synthesis. Numbers and percent-
ages are used to describe categorical data, median, 25th
and 75th percentiles and range for continuous data. The dif-
ference between the actual and N,,;, was calculated and
visually presented using a scatterplot. The scatterplot also
indicated studies that met the N, to precisely estimate
the overall risk and minimize overfitting (criteria 1—3),
studies that met the N,,;, to only precisely estimate the
overall risk (criterion 3), and studies that met the N;, to
minimize overfitting (criteria 1 and 2). Data analysis was
performed using R (version: R.4.3.1) statistical software
package [25].
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2.7. Sensitivity analysis

As we calculate post hoc sample size calculations for the
included studies and use their reported results to estimate
their N,,;,, our sample size estimates may be optimistic.
We, therefore, also conducted a sensitivity analysis using
the reported outcome prevalence and the number of candi-
date predictors for the included studies and took this informa-
tion with 15% of the maximum Cox-Snell R? possible for
each prediction scenario — a recommended approach when
the anticipated Cox-Snell R? or c-statistic is unavailable [16].

3. Results

The search identified 175 published articles on Ovid
MEDLINE (R) ALL between December 1, 2022, and
December 31, 2022. After title and abstract screening,
126 studies were excluded leaving 49 studies for full text
screening. After full text screening, 36 studies were eligible
and included in the review for data extraction. A flowchart
of the study selection is provided in Figure 1.

3.1. Study characteristics

Of the 36 included studies, 28 were model development on-
ly (78%; Table 1) [26—53] and eight were development with

validation (22%) [54—61]. Over half of the studies were diag-
nostic (n = 19/36; 53%) [26,27,30,32,38—42,48,49,51,
53—56,58,60,61]. Most studies used a retrospective cohort
study design (n = 31/36, 86%) [28—31,34—309,
41—61] and half of the studies used electronic health records
(n = 18/36, 50%) [27,32,36—39,41,42,44,46,48—50,52,53,
57,59,60].

A median of eight models (lower quartile to upper quar-
tile: 4—16; range: 1—64) were developed per study and on-
ly two studies developed a single model [30,42]. Of the 34
studies that developed multiple models, 30 studies
[26—28,31—-36,39—41,43—47,49—61] used  different
modeling methods (30/34; 88%), including 11 studies that
also used different predictor sets [26,27,36,39,41,
46,50—52,58,59], and three studies that also developed
models for different outcomes [35,56,61]. Two studies
developed different models using only different predictor
sets [29,38], one study reported three separate Light
Gradient-Boosting Machine framework forecasting models
depending on different classification thresholds [48], and
one study developed models with different predictor sets
and predicting multiple outcomes [37]. Random forests
were used to develop models in most studies (n = 26/36,
72%) [26—29,32,34—39,43—47,51-59,61] and was the
commonly developed model type (n = 26/133 models;
Supplementary Table 2).

Records excluded on title and abstract

screening (n = 126 studies)

Records excluded (n = 13 studies):

=
o
- Records identified from Ovid MEDLINE
= (R) between 1 December 2022 and 31
e December 2022 (n = 175 studies)
o
) +
g
'E Records screened for title and abstract
v (n =175 studies)
A
—\ A 4
Fey
= Records assessed for eligibility with full
® text screening (n = 49 studies)
w
—
— v
o |
-§ Records included in the review (n = 36
= studies, 36 models)
S

#Survival analysis studies (n = 3)
sLab based study (n=1)

«Chinese language (n=1)

*Only radiomic features used (n = 1)
*No binary outcomes (n = 2)
*Logistic regression used (n = 5)

Figure 1. Studies selection flowchart (PRISMA). PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses.
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Table 1. Study characteristics for the 36 included studies
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Table 1. Continued

Characteristics n (%) studies (N = 36) Characteristics n (%) studies (N = 36)

Study type Ensemble model 4 (11.1)
Development only 28 (77.8) Light gradient boosting machine 3(8.3)
Development and validation 8 (22.2) Artificial neural network 3(8.3)

Study design AdaBoost 2 (5.6)
Retrospective cohort 31 (86.0) Bayesian network 2(5.6)
Case-control 2 (5.6) Imaging features
Prospective cohort 1(2.8) Image features used 14 (39.0)
Cross-sectional 1(2.8) Image features not used 22 (61.0)
Unclear 1(2.8) SEER, surveillance, epidemiology, and end results,

Data source EHR, electronic health record.

EHR 19 (52.8) @ Data sources: cancer registry, Cancer Genome Atlas Lung
SEER 6 (16.7) Adenocarcinoma dataset, existing cohort from other publications,

cross-sectional survey, Chinese clinical trial registry, from different in-
Other* 11 (30.6) stitutions — by University of Pennsylvania, community oral cancer

Model type (prediction type) program and hospital clinic.

Diagnostic 19 (53.0) b Presence of simultaneous symptoms with advanced cancer pa-
} tients, External/internal respiratory motion correlation in lung cancer
Prognostic 17 (47.0) patients, Presence of immune Checkpoint Inhibitors — Acute Kidney

Cancer type Injury, High risk of nodular thyroid disease and Select patients who
Lung 6 (17.0) are not suitable for Transarterial chemoembolization as the first
Liver 3(8.3) treatment.

Kidney 3(8.3) ¢ Values do not add up to n = 36 (100%) as more than one model

e 3(8.3) developed per study, and we describe the number of times each model
was developed.

Colorectal 3(8.3) 9 We include the number of logistic regression models that were

Oral 2 (5.6) develop in additional to the machine learning models for descriptive

Ovarian 2 (5.6) purposes only. These were not included when evaluating sample size

Breast 2 (5.6) statements.

Prostate 2 (5.6)

Esophageal 2(5.6) 3.2. Observed sample size for model training

Gastric 2 (5.6)

Cervical 2 (5.6) All but one study (n = 35/36; 97%) failed to report

Any cancer 2 (5.6) rationale for their sample size (given as a calculation or

Brain 1(2.8) some justification) for their model development or valida-

Abdominal lymph node 1(2.8) tion analysis in their studies. One study reported that a

Tyt 12.8) !earning curve (a vispal display of model performance With

Outcome type increasing sample size) was used to assess whether their

sample size was sufficient [47] — “A learning curve is used

Metastases 8 (22.2) . . . .

. to diagnose if the sample size is adequate for modeling and
Death/survival 10 (27.8) if an overfitting or underfitting problem occurs. It com-
Cancer diagnosis 4L prises two lines that represent the errors of the training
Cancer screening 2 (5.6) set and the validation set, respectively, in relation to the
Recurrence 2(5.6) sample size.” A plot of the learning curve was provided
Treatment response 5(13.9) in the results, which illustrated “that with 25 features being
Other® 5(13.9) considered, the gap between the train and the validation er-

Developed models® ror became steady as the sample size exceeded 200" — this
Random forest 26 (72.0) study used 399 individuals to train their model, of which
Logistic regression 22 (61.1) 242 experienced the outcome.

Extreme Gradient Boosting 20 (55.6) The median available sample size before any splitting
Support vector machine 20 (55.6) was 426 (range: 67—71,414) and 147 events (range:
Decision tree 10 (27.8) 18—3749) (Table 2). After data modification through omis-
Naive Bayes 9 (25) sion of missing data, imputation, or data-splitting (into train
K-nearest neighbor 8 (22.2) and test sets), the median sample size used to train the
Gradient boost tree 4(11.1) model was 310 (range: 54—57,134) and a median of 87

(Continued)

events (range: 25—2544).
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3.3. Candidate predictors

The number of candidate predictors was clearly reported
in only five studies (n = 5/36; 14%) but could be counted
(by counting from reported tables in the publication) or
estimated (by adding counts from multiple sources in the
publication) in an additional 30 studies (n = 30/36;
83%). The median total number of candidate predictors in
these 35 studies was 38 (range: 5, 3244). The median num-
ber of predictors in the final models reporting in 33studies
(n = 33/36, 92%) was 10 (range: 4, 119) (Supplementary
Table 3).

3.4. Calculated minimum required sample size for
model training

The minimum required sample size was calculable for
17 studies (n = 17/36; 47%) that provided all the informa-
tion (prevalence rate of the outcome of interest, number of
candidate predictor parameters and reported c-statistic)
needed for the sample size calculation. In the remaining
19 studies there was insufficient information about the
prevalence of the outcome of interest or the number of
events used to develop the model, thus comparison of sam-
ple size to recommendation was not possible in these 19
studies.

Of the 17 studies where sample size could be calculated,
we used the reported bias-corrected c-statistic from 10
studies (59%) [38,42,44,50,55—60] and the reported c-sta-
tistic from a split-sample internal validation from seven
studies (41%) [26,28,30,31,39,43,46]. Only five studies
(n = 5/17; 29%) met N ,,;, to estimate overall risk precisely
(criterion 3) and minimize overfitting (criteria 1 and 2)
[31,38,43,55,56], with a further three studies (n = 3/17;
18%) that only met the N,,;, to estimate overall risk pre-
cisely [39,44,60]. The remaining nine studies (n = 9/17;
53%) studies did not meet the N ,;, for any criteria (Fig 2).

Overall, there was a median deficit of 302 events [LQ to
UQ: —13 to 1031] in the number used to develop (train) the
models compared the minimum required sample size,
which reduced to a deficit of 265 events [LQ to UQ: —60
to 1020] if the total available sample size had, hypothetical-
ly, been used (before any data modification such as split
sample or excluding missing data) (Table 3).

3.5. Methodological conduct affecting sample size

3.5.1. Missing data

Missing data were mentioned or reported in 25 studies
(n = 25/36; 69%). Approaches used to handle missing data
varied; 17 (n = 17/25; 68%) studies conducted complete
case analysis, where those with missing data were excluded
during patient screening, data cleaning or during data pre-
processing [29,31,34,38,43—47,
51,53—56,58—60]. Of these studies, six studies (n = 6/17,
35%) reported the number of patients excluded, with a me-
dian 1464 individuals (range: 24—217,885) excluded from

the study due to missing data, equating to a total of 69%
of data being excluded (proportion of total excluded indi-
viduals in six studies over total patients before any exclu-
sions) [38,43,45,49,56,59]. Imputation (single, multiple,
random forest, and multiple imputations by chain equation)
were used in five studies (20%) [26,28,33,40,57]. One study
reported there was no missing data [61]. Two (8%) studies
used the equivalent to a missing indicator approach which
is inherent to the eXtreme Gradient Boosting (XGBoost)
modeling method. For example, one study mentioned
“XGBoost uses parallel tree boosting and handles missing
data well” and “an algorithm like XGBoost that can
tolerate lots of missing data’ [27]; while another study re-
ported “[XGBoost] can make full use of missing data
without filling in the data” [49].

3.5.2. Model testing and hyperparameter tunning

All studies tested (internally validated) their models.
Fifty-eight percent of studies used a random split sample
approach to internally validate their models (n = 21/36)
[26—28,30—33,35—37,39,41,43,45—47,49,51,52,56,61],
22% used cross-validation (n = 8/36) [34,40,42,48,55,57,
58,60] and 11% used a random split sample approach with
cross-validation (n = 4/36) [44,50,53,54]. Two studies used
bootstrapping to internally validate their models [29,38]
and one study used a non-random split sample approach
(holding out one center for internal validation) [59]. One
study that used a random split sample approach, also re-
ported averaging the performance index and calculating
95% confidence intervals by ‘repeating 100 tests’ [36].

Of the 25 studies that included a random split sample, a
median of 75% of the data was used to train the models
(range: 60—90). Of the 12 studies that included a cross-
validation approach for internal validation, a median of 5-
fold cross-validation was used to train the models (range:
4 to 10).

Hyperparameter tunning was reported in 75% of studies
(n = 27/36). Of these, 10 studies reported using cross-
validation (n = 10/27, 37%) [30,37—40,45—48,59] and
three studies used random grid search (n = 3/27, 11%)
[33,34,43]. Eight studies reported using cross-validation
with grid search to tune hyperparameters (n = 8/27,
30%) [32,35,41,44,56,58,60,61] and one study reported us-
ing cross-validation with ‘random hyperparameter tuning’
[28]. One study reported using ‘default hyperparameters’
[57], two studies reported prespecified hyperparameters
[36,42], one study used random split sampling to allocate
a portion of the data to tune hyperparameters and one study
specified using the ‘training set’ [29].

3.5.3. Class imbalance

Class imbalance was reported in 14 (n = 14/36; 39%;
Table 4) studies with Synthetic Minority Oversampling
Technique (SMOTE) or SMOTE with Edited Nearest
Neighbor (SMOTE-ENN) most often used to balance data
(n = 12/36; 28%) [28,30,33—35,39,42,
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Table 2. Sample sizes presented and used for development and internal validation of prediction models

Sample sizes Reported (%) (N = 36) Median [LQ, UQ] Range
Available for model training
Number of participants 36 (100%) 426 [180, 1646] [67,71,414]
Number of events 29 (80.6%) 147 [58, 743] [18, 3749]
Used for model training
Number of participants 36 (100%) 310[159, 5123] [54, 57,134]
Number of events 17 (47.2%) 87 [48, 190] [25, 2544]
Used to tune hyperparameters
Number of participants 1 (2.8%) 561 [NA] [NA]
Number of events - - -
Used for model testing (internal
validation)
Number of participants 34 (94.4%) 176 [59.5, 527.0] [21, 42,827]
Number of events 15 (41.7%) 42 [25.5, 87.0] [8, 404]

[LQ, UQ], lower and upper quartiles (25th and 75th percentiles).

49,53,54,58,61]. One study [46] reported using under sam-
pling and another one reported using oversampling class
and under sampling majority class [48]. Of 14 studies that
applied SMOTE, only five studies reported their new

10000

Actual number of events used

sample size [30,34,46,49,54], and only four also provided
the new number of events [30,46,49,54].

The initial sample size, number of events and percentage of
events had a median of 1708 individuals (range: 102—42,827),

Used number of events > minimum required

Used number of events < minimum required

10 100

1 A0

10000

Calculated minimum required number of events (Riley et al)

Recommended sample size criteria 4 Met all criterion (1-3)

B Met criteria 3, but did not meet criteria 14 2

® Did not meet any criteria (1-3)

Figure 2. Scatter plot of calculated minimum required number of events against the number of events used for model development. Reference line
(red) with slope 1 differentiates the studies that meet/exceed the minimum required sample size and those did not meet the minimum required
sample size (Riley et al). Points below the red reference line indicate studies that use smaller sample sizes compared to calculated minimum
required sample sizes; points above the red reference line indicate studies that use sample sizes higher than the minimum required. Green triangles
represent studies that met recommended sample size criteria (criteria 1, 2 and 3), blue squares indicate studies that met precise overall risk esti-
mation (criteria 1) but did not meet overfitting (criteria 2 and 3) and red circles indicate studies that did not meet any of the sample size calculation

criteria.
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Table 3. Minimum required sample size (N,i,) and the difference between actual and calculated estimates where the observed value is the sample
size used to develop a prediction model and the total available sample size; the values are presented median and (25% and 75% percentiles)

Median required sample

Sample size calculations size [LQ, UQ]

Median required
events [LQ, UQ]

Median required events per predictor
parameter (EPP) [LQ, UQ]

Calculated minimum required sample

size

Criterion 1 — small overfitting defined
by an expected shrinkage of predictor
effects by 10% or less (n = 17)

Criterion 2 — small absolute difference
of 0.05 in the model’s apparent and
adjusted Nagelkerke's R? value
(n=17)

Criterion 3 — precise estimation
(within = 0.05) of the overall risk
(n=17)

Minimum required sample size (Npin) to
meet all the three criteria for model
training (n=17)

Difference in observed and calculated
minimum required sample size (used
sample size)

Difference between sample size used
for model training and the Npin
required to meet all criteria (n = 17)

1981 [1170, 3818]

1462 [648, 4708]

289 [234, 343]

1981 [1170, 4708]

—1010 [-3054, 45]

Difference between sample size used
for model training and the Npin
required to meet criterion 3 (n = 17)

—10[-134, 224]

Difference in observed and calculated
minimum required sample size (total
available sample size)

Difference between available sample
size for model training and the Npin
required to meet all criteria (n = 17)

—419 [-3004, 214]

Difference between available sample
size for model training and the Npin
required to meet criterion 3 (n = 17)

110 [-108, 1308]

342 [241, 1056] 815,121
253 [201, 1042] 715,71
72 [44, 115] 110.2, 4]
342 [246, 1056] 816, 121
~302 [-1031,13] —5[-7, 4]
-3[-37, 75] 0.1[-0.1,8.1]
—265 [~1020, 60] ~-5[-7,9.8]
8 [-23, 162] 0.2 0.0, 13.4]

Bold indicates maximum of the minimum required sample size for the criterion 1-3.

323 events (range: 56—1631) and 29% (4% to 55%), respec-
tively. After SMOTE under (and over) sampling methods were
applied, the sample size, number of events and percentage of
events increased to a median of 3390 individuals (range:
248—73,890), 665 events (range: 68—4932) and 42%
(27%—50%), respectively (Supplementary Table 4).

Of the 17 studies that provided enough information to
calculate the minimum required sample size using Riley
et al formulae, six studies [28,30,39,42,46,58] also reported
having used methods to handle «class imbalance
(Supplementary Table 5). Only one of these studies pro-
vided its new sample size for model development [30];
however, none provided their new number of events for
model development.

3.5.4. Handling of overfitting

Nineteen studies reported their strategies to reduce risk
of overfitting their models (m = 19/36, 53%)
[27,28,30,32—34,37,41,42,44—48,53,54,56,57,59]. Seven

studies referred to a form of regularization when training
their models to reduce overfitting — these included five
studies using the LASSO to screen and select predictors
[37,41,45,51,59], one study using the early-stop method
[56] and one study reporting that the ‘objective function
of XGBoost is regularized’ [54]. Seven studies reported us-
ing a cross-validation method when training their models to
reduce overfitting [32—34,42,44,46,48] — which in fact
does not reduce overfitting as it does not change your
model, rather it gives you a more realistic estimate of your
model performance. These studies included one study that
also used feature selection to reduce overfitting [33]. One
study reported using a large amount of data to reduce over-
fitting [28], and another study used feature selection [57].
One study reported that a ‘receiver operating characteris-
tics (ROC) curve was built, and its area under the curve
(AUC) was considered to discard all trained models most
prone to overfitting’ [35]. One study used a learning curve
to diagnose overfitting [47] and one study used a reliability
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Table 4. Methodological characteristics of the included 36 studies
n (%) (N = 36)

Methodology

Class imbalance reported 14 (38.9)
SMOTE® 12 (85.7)
Under/over sampling 2 (14.3)

Hyperparameter tuning reported 27 (75)
Grid search 3(11.1)
Cross-validation 10 (37.0)
Cross-validation with grid search 8 (29.6)
Cross-validation with random 1(3.7)

hyperparameter tuning
Prespecified 2(7.4)
Random split sample 1 (3.7)
Training set 1 (3.7)
Default hyperparameters 1(3.7)

Internal validation reported 36 (100)
Random split sample 21 (58.3)

Non-random split sample 1(2.8)

Cross-validation 8 (22.2)
Bootstrapping 2 (5.6)
Random split sample and cross- 4(11.1)

validation

2 Includes two studies performing SMOTE-ENN (Synthetic Minor-
ity Oversampling Technique — Edited Nearest Neighbor).

curve (a plot that checks calibration — difference between
the predicted and actual probabilities) to check and prevent
overfitting [27].

In addition to the five studies using LASSO to select
their features to reduce overfitting, six studies also used
LASSO or regularized Ridge regression to select their pre-
dictors but did not explicitly specify using these methods to
reduce overfitting [26,38,49,50,55,60].

3.6. Model performance

All studies reported the model discrimination (c-statistic).
The apparent c-statistic was reported in eight studies (n = 8/
36; 22%) [26,30,31,37,39,42,49,50] with a median apparent
c-statistic of 0.89 (range: 0.76—0.98) (Supplementary
Table 6). The twenty-five studies that randomly split their
data into model training and testing reported a median c-sta-
tistic of 0.86 (range: 0.62—1.0). A c-statistic was reported in
15 studies out of 21 studies (n = 15/21, 71%) that used cross-
validation and two studies used bootstrapping (n = 2/21,
10%) with a median value of 0.84 (range: 0.65—0.96) and
0.77 (range: 0.77—0.78), respectively.

Calibration was poorly reported, with only nine studies
(25%) presenting a calibration plot or reporting
calibration-in-the-large and calibration slope estimates
[31,38,40,43,44,50,56,59,60]. Other model performance
measures such as sensitivity, specificity, accuracy, Positive
Predictive Value (PPV), Negative Predictive Value (NPV),

and Fl-score were reported in some studies; however,
almost all studies reported at least two of these performance
measures. The number of studies that reported sensitivity,
specificity, accuracy, PPV, NPV and Fl-score were 26
(72.2%), 20 (55.6%), 24 (66.7%), 17 (47.2%), 9 (25%),
17 (47.2%), respectively and decision curve analysis was
performed in 10 studies (n = 10/36, 28%) [36,38,
43—45,50,56,59—61].

3.7. Reporting guidelines

Only seven studies mentioned using any reporting guide-
line (n = 7/36, 19.4%). Of these, five studies used the rec-
ommended reporting guideline for prediction model studies
- TRIPOD [28,34,42,48,61], one study used a reporting
guideline recommended for diagnostic accuracy studies -
Standards for Reporting Diagnostic accuracy studies
(STARD) [51], and one study used a risk of bias tool as a
reporting guideline - Prediction Model Risk Of Bias
ASsessment Tool [39]. However, of the studies that used
a reporting guideline, none reported any rationale for their
sample size (either calculation or justification), despite item
five of the TRIPOD checklist asking authors to ‘Explain
how the study size was arrived at’, and STARD “’Intended
sample size and how it was determined’.

The 36 included studies were published in 27 journals. Of
these 27 journals, reporting guidelines were mentioned in the
author instructions of 10 journals (n = 10/27; 37%), and
TRIPOD was specifically mentioned in three of these journals
(n = 3/10; 30%). Of the seven studies that used a reporting
guideline, only one published in a journal where reporting
guidelines (including TRIPOD) was mentioned. Of the re-
maining 29 studies that did not use a reporting guideline, 11
were published in journals that mentioned reporting guide-
lines in their author instructions (Supplementary Table 7).

3.8. Sensitivity analysis

We repeated calculations to derive the minimum
required sample sizes using the reported outcome preva-
lence and the number of candidate predictors for the
included studies and took this information with 15% of
the maximum Cox-Snell R? possible for each prediction
scenario. Taking this more conservative approach led to on-
ly three (18%) studies meeting N.;, for all criteria
[43,55,56] and the deficit between the used and calculated
sample sizes was 1758 [LQ to UQ: —10,370 to —378]. Full
results are provided in Supplementary Figure 1 and
Supplementary Table 8.

4. Discussion
4.1. Summary of findings

We evaluated 36 studies that included the development
of a clinical prediction model for cancer risk prediction
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using supervised ML approaches (excluding regression-
based approaches). We found that almost all the studies
did not report a sample size calculation or provide any justi-
fication of their sample size. Further, over half of the
studies did not report the sample size that was eventually
used to develop their models, after accounting for any
omission of missing data and splitting of the data into
testing and training sets. In turn, when applying the Riley
et al. formulae to 17 studies, only five met the minimum
recommended sample size. There was a large deficit in
the sample size that was used to develop a model compared
to what was minimally required. Given the Riley et al.
formulae calculates the minimum required sample size
for logistic regression, and that more flexible ML ap-
proaches typically require more data to achieve the same
stability [12], the true deficit will likely be much greater,
depending on the modeling approach used.

The deficit in the sample size used to develop a model was
influenced by carrying out complete case analyses and arbi-
trarily splitting the data into training and testing datasets.
However, we also found that, should the entire available data-
set be used to develop the models, the shortfall in sample size
reduces but remains substantial. When we focused our anal-
ysis on whether studies met the minimal sample size criterion
of precisely estimating the overall average outcome risk only
(the least stringent of the Riley et al. criteria), we found,
though much smaller, there was still a deficit in the sample size
that was used compared to the minimum required to meet this
criterion. Collectively, our findings indicate that research
teams are not adequately considering sample size when
designing their study.

The sample used to develop the prediction models was
also affected by methods to handle class imbalance, namely
using under and over sampling methods such as SMOTE.
Though these methods artificially increase the sample size
available to develop models, the natural events fraction will
be distorted. In the most extreme case, a study developing a
prediction model to predict high-grade squamous intraepi-
thelial lesions, reported an event rate of 25% which
increased to 50% when over sampling was performed. No
recalibration methods were used to recalibrate any of the
models back to the natural event rates, leading to increased
risk of developing miscalibrated models [62].

Many studies did not report using a reporting guideline
despite reporting guidelines being specified in the author
instructions of the journal. This emphasizes that more work
is needed to ensure author adhere to reporting guidelines
and also that journals enforce their author guidelines.

4.2. Context and implications

Generally, our findings contribute to a growing body of
evidence of poor reporting and conduct in prediction model
research as indicated in several studies [11,63—66]. There
has been limited research that specifically calculates and
evaluates the sample size requirements for prediction

models using ML. Recently, Dhiman et al. reviewed the
sample size requirements for regression-based prediction
models in oncology and found that only 8% of studies pro-
vided sample size calculation or justification. Though a
similar proportion of studies did not meet the minimum
required sample size (73%) compared to our review
(71%), the deficit in the sample size that was used to
develop the prediction models was much higher in our
study (median deficit of 75 events compared to median
deficit of 302 events in this study). A study by Collins
et al also reviewed the sample sizes in prediction model
studies in prostate cancer and found a low rate of reporting
of sample size justification (2%), though the proportion
meeting the minimum required sample size was higher
(51%) [67].

The implications of using an insufficient sample size to
develop a model include imprecise measurement of any
parameter estimates, increased risk of overfitting and insta-
bility in the model and its predictions (ie, the developed
model and its predictions could be different if a different
sample from the same population and of the same size
was used) if used in clinical practice [13,16]. Some studies
included in our review used penalization and shrinkage
methods when selecting their predictors for the model
building and it is tempting to assume that these methods
would limit the risk of overfitting. However, studies have
shown that when the sample size is too small, these
methods do not overcome the problem and the shrinkage
parameter would also be estimated with great uncertainty
[68—70].

4.3. Strengths and limitations

We provide a comprehensive review of sample size con-
siderations and reporting of the justification (if provided)
and the reporting of numbers informing analyses along
the study pathway (eg, before and after data modifications).
We build on existing literature by focusing our review of
studies specifically on those using ML methods to develop
their prediction models and not limiting our study to any
specific cancer type. We also include imaging studies where
a prediction model was developed using extracted features
from images in combination with clinical data to provide a
broader and more relevant view of conduct around sample
size in cancer prediction research.

Though we provide a contemporary view by limiting our
search to studies published between December 1, 2022, and
December 31, 2022, and limited it to search only one data-
base, it is likely we will have missed some eligible studies.
However, our findings are in line with existing research,
and it is likely that additional studies would not change
the conclusions of this review. Further, we only assess the
sample size requirements for binary outcomes and not
continuous or time to event outcomes. We decided to focus
on binary outcomes as they are predominantly the outcome
of interest for prediction, especially within ML models. We
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do, however, recommend further research to assess sample
size requirements for other types of outcomes.

We used recommended Riley et al. formulae to calculate
the minimum required sample size for each study (where
possible). It can be argued that as these formulae are
focused on regression-based models, that they are not
completely relevant for studies using ML methods. Howev-
er, regression and ML should not be viewed as two separate
entities, rather a spectrum of inherent modeling
flexibility — a modeling flexibility that can also be added
to regression models through using methods such as frac-
tional polynomials and restricted cubic splines, and thus
requiring a higher sample size as additional predictor pa-
rameters need to be estimated. We, therefore, believe these
formulae are relevant to the ML field as ML methods typi-
cally require larger sample sizes than regression; thus, if
studies do not achieve this minimum sample size for regres-
sion it is unlikely to be large enough to use ML methods.
As such, these calculations also provide the minimum
required sample for studies and so our review reflects a con-
servative estimate of the sample size requirements in this
area. For example, if the sample size is not even large
enough to estimate the overall risk precisely, developing a
model to generate individual-level predictions is futile.

Further, we used the outcome proportion, number of pre-
dictor parameters, and c-statistics reported in the included
studies to inform the minimum required sample size calcu-
lations in our review. As such these are post hoc calcula-
tions and may differ if they were conducted before the
study was conducted. However, in the absence of existing
information, our estimates provide the ‘best case scenario’
for each study.

As our calculations were reliant on the reported model
performance measures and as poor reporting and conduct
was found in the reviewed studies, it is likely that the re-
ported model performance estimates are optimistic and
higher than what may have been anticipated should a sam-
ple size calculation been done at the outset of the study. As
such, this may have introduced some bias in our findings
and a lower minimum sample size requirement may have
been needed. To mitigate this, we assessed and report the
sensitivity of our results by using recommended conserva-
tive approach when the anticipated R? and c-statistic are
unavailable and took 15% of the max Cox-Snell R?
approach. This reduced the number of studies meeting the
minimum required sample size from five studies to three.

4.4. Recommendations

We strongly recommend that researchers estimate the
minimum required sample size for their prediction model
scenario before conducting the study, document this in a
study protocol and report it in the final study article. In
cases where existing data is being used, estimating the
required sample size is still important to inform the anal-
ysis, to potentially reduce the number of candidate

predictors where necessary, to minimize the risk of any
overfitting. We appreciate that guidance for sample size
in prediction model studies using ML is limited but we
recommend using the Riley et al. formulae to at least esti-
mate the minimum required sample size needed to develop
a regression-based model, knowing that a larger sample is
likely to be needed. In turn, we recommend further research
to develop bespoke guidance for sample size estimations
for ML prediction model studies.

Further, we found that many studies did not report using
a reporting guideline despite reporting guidelines being
specified in the author instructions of the journal. This em-
phasizes that more work is needed by journals to not only
include the use of reporting guidelines in their author in-
structions, but to also check adherence to these instructions
and authors adherence to the reporting guideline itself.

5. Conclusion

Studies that develop a prediction model using ML
methods rarely report any justification of their sample size
and there is a large deficit in the used and required sample
size to minimize overfitting and precisely estimate the
average outcome risk. By using a sample that is too small,
study authors risk overfitting and large instability of their
model and its predictions. We recommend researchers
consider sample size requirements before conducting the
study.
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