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Abstract

Background and Objectives: When recruiting participants to a new study developing a clinical prediction model (CPM), sample size

calculations are typically conducted before data collection based on sensible assumptions. This leads to a fixed sample size, but if the as-

sumptions are inaccurate, the actual sample size required to develop a reliable model may be higher or even lower. To safeguard against

this, adaptive sample size approaches have been proposed, based on sequential evaluation of (changes in) a model’s predictive performance.

The objective of the study was to illustrate and extend sequential sample size calculations for CPM development by (i) proposing stopping

rules for prospective data collection based on minimizing uncertainty (instability) and misclassification of individual-level predictions and

(ii) showcasing how it safeguards against inaccurate fixed sample size calculations.

Methods: Using the sequential approach repeats the predefined model development strategy every time a chosen number (eg, 100) of

participants are recruited and adequately followed up. At each stage, CPM performance is evaluated using bootstrapping, leading to pre-

diction and classification stability statistics and plots, alongside optimism-adjusted measures of calibration and discrimination. Learning

curves display the trend of results against sample size and recruitment is stopped when a chosen stopping rule is met.

Results: Our approach is illustrated for model development of acute kidney injury using (penalized) logistic regression CPMs. Before

recruitment based on perceived sensible assumptions, the fixed sample size calculation suggests recruiting 342 patients to minimize over-

fitting; however, during data collection, the sequential approach reveals that a much larger sample size of 1100 is required to minimize

overfitting (targeting a bootstrap-corrected calibration slope ≥0.9). If the stopping rule criteria also target small uncertainty and misclas-

sification probability of individual predictions, the sequential approach suggests an even larger sample size of about 1800.

Conclusion: For CPM development studies involving prospective data collection, a sequential sample size approach allows users to

dynamically monitor individual-level prediction and classification instability. This helps determine when enough participants have been

recruited and safeguards against using inaccurate assumptions in a sample size calculation before data collection. Engagement with patients

and other stakeholders is crucial to identify sensible context-specific stopping rules for robust individual predictions. Ó 2025 The Au-

thor(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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1. Introduction

Clinical prediction models (CPMs) map an individual’s

characteristics (predictors) to an estimated outcome value

or the risk of a particular outcome occurring. CPMs are

common in the medical literature. For instance, Wynants

et al [1] identified 381 newly developed prognostic CPMs

for COVID-19 published within the first year of the

pandemic. However, the authors concluded that most of

these CPMs were poorly reported with methodological

flaws and were at high risk of bias, which limits the suit-

ability of such models for clinical decision-making. Similar

issues have been observed in other reviews of CPMs devel-

oped using machine learning approaches [2—4].

A key criterion when reporting CPMs is to explain how the

study sample size was arrived at and justify it is sufficient to

answer the research question, as advocated by TRIPOD + AI

(2024; Transparent Reporting of a multivariable model for In-

dividual Prognosis Or Diagnosis + Artificial Intelligence) [5].

An adequate sample size is needed when developing a CPM

to reduce the risk of model overfitting, ensure stability, and

achieve good calibration in the target population [6]. Compre-

hensive methods for calculating minimum sample size re-

quirements have been proposed by Riley et al [7—9], and

can be implemented using the R, Stata, or Python module

pmsampsize [10,11]. These methods target precise estimation

of the overall event risk, minimal overfitting of predictor ef-

fects, and small optimism in the apparent model fit; thus tar-

geting a CPM that is fit-for-purpose at least at the population

level.

However, as shown more recently by Riley and Collins

[12], it is also important to ensure that a CPM has stable

performance (in terms of model calibration, discrimination,

and clinical utility) at the individual level. Ultimately,

health-care professionals will use CPMs to inform clinical

decisions for an individual patient, not for an entire popu-

lation, thus CPMs with high uncertainty at the individual

level may be inappropriate for clinical use [13]. Recent

sample size guidance aims to examine individual-level sta-

bility in predictions to guide the sample size needed in

advance of data collection or to decide if an existing dataset

is suitable for model development [14,15].

Currently, sample size calculations are typically per-

formed before data collection, based on assumptions about

key parameters such as the model’s C-statistic and the over-

all risk in the population [7—9]. However, these a priori as-

sumptions may not hold once data are obtained and the

model is actually developed, meaning the predetermined

sample size may be insufficient (leading to unstable

models) or unnecessarily large (leading to higher resource

time and cost). An alternative is to use an adaptive or

sequential approach to sample size calculations, where

the target sample size is regularly updated as new patient

data are collected, to identify when sufficient data have

been collected, based on prespecified stopping rules.

Christodoulou et al [16] proposed an adaptive sample

size approach for developing a CPM during prospective

data collection. The approach sequentially checks and plots

(via learning curves) the robustness of a model’s predic-

tions as new data are obtained, for instance, in terms of

(changes in) overfitting, optimism, and performance. This

is then used to inform stopping rules for when to stop

new data collection. The authors demonstrate through case

studies that potentially larger sample sizes were needed

compared to the fixed sample size method of Riley et al

[8] to achieve stability in the learning curve for

population-level measures such as the (optimism in the)

calibration slope and C-statistic. Nevertheless, individual-

level stability was not examined and so a concern is that,

given the findings of by Riley and Collins [12], the sequen-

tial sample size approach may identify that even larger

sample sizes are needed to ensure stable individual-level

predictions and classifications.

To address this, in this paper, we illustrate and extend

sequential sample size calculations for CPM development

by (i) proposing stopping rules for prospective data collec-

tion based on minimizing uncertainty (instability) and

misclassification of individual-level predictions [12] and

(ii) showcasing how it safeguards against using inaccurate

sample sizes determined a priori (ie, before data collec-

tion) based on wrong assumptions, which may otherwise

lead to small or unnecessarily large sample sizes. We

focus on prediction models for binary outcomes, but the

general premise can be applied to any outcome type. We

illustrate the approach in examples using various statisti-

cal development approaches and compare the resulting

sample size requirements to those based on existing

criteria [8]. We then provide discussion and make recom-

mendations for the field.

2. Methods

In this section, we outline the proposed sequential sam-

ple size calculation approach with extension to examine

individual-level prediction stability, and then introduce a

motivating example.

2.1. Sequential process to examine sample size and

generate a learning curve

When undertaking prospective data collection (ie,

recruitment and follow-up of individuals) for a study devel-

oping a new CPM, the following process can be used to

sequentially examine sample size requirements and to

generate a learning curve for the model performance. The

learning curve shows how estimates of a chosen perfor-

mance statistic change as the sample size increases incre-

mentally and can be used to help decide when to stop

new participant recruitment. The process (Fig 1) adapts

the approach of Christodoulou et al [16] by extending to
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What is new?

Key findings

• When sequentially determining a minimum sample

size for prospectively developing a prediction

model, stopping rules based on minimizing uncer-

tainty (instability) and misclassification of

individual-level predictions suggest much larger

sample sizes than stopping rules based only on

achieving stable population-level performance.

• Safeguarding against making inaccurate assump-

tions (either overly optimistic or conservative) in

a sample size calculation before data collection is

important as the actual sample size required to

develop a robust model may be very different―the

sequential sample size approach proposed allows

for this safeguarding of robust model development.

What this adds to what is known?

• Sequential sample size calculations have been pre-

viously applied to ensure population-level stability;

this new work shows how to extend it to examine

individual-level stability and why it safeguards

against inaccurate assumptions used in sample size

calculations before data collection.

What is the implication and what should change

now?

• An adaptive approach to sample size calculations

should be considered when designing a prospective

study to develop a clinical prediction model to

ensure the developed model is robust.

• Particular consideration should be given toward

making predictions stable at the individual level.

Key stopping rule criteria and acceptable levels

of individual-level stability is to be determined

by engaging with key stakeholders.

consider (via Harrell’s bootstrap [17]) individual-level sta-

bility of predictions (see step (v)).

2.2. Stopping rule criteria to determine recommended

sample size

The stopping rules required in step (v) should be prede-

fined and various options are considered in Figure 2. Firstly,

the rules could use population-level criteria based on (opti-

mism) in calibration and discrimination; however, in this

article, our key focus is on using individual-level criteria

based on precision of estimated risks and misclassification

probability. Furthermore, we also consider stopping rules

based on clinical utility criteria, as in many real-world ap-

plications the ultimate goal of a CPM is to support clinical

decision-making, where the estimated risks themselves are

not of as much interest as the clinical decisions that are

made using these estimates [18—21]. See Supplementary

Materials S1 and S2 for further details on the methods used

here.

The final chosen sample size (accounting for all chosen

stopping rule criteria simultaneously) could be influenced

by random variation; there is much literature on ways to

reduce this [22,23]. In our applied example, given subse-

quently, we required that the criteria be met over two

consecutive sample size increments before concluding that

the stopping rule had been met, in line with Christodoulou

et al [16]. Extensions requiring consistency over three or

five consecutive sample size increments were also

explored, but did not change the sample size recommenda-

tions (see Supplementary Materials S3 and S4).

2.3. Motivating example

We use data from the Medical Information Mart for

Intensive Care III (MIMIC-III) database [24] to illustrate

our proposed approach. MIMIC-III is a freely available

database, containing over 40,000 patients admitted to the

intensive care unit (ICU) of the Beth Israel Deaconess Med-

ical Center in Boston, Massachusetts, between 2001 and

2012. From these, we selected a prospective cohort of

20,413 adult patients (aged ≥18 years) who were admitted

to the ICU for any reason for at least 24 hours. The

outcome of interest was the development of acute kidney

injury (AKI), defined as present when the maximum creat-

inine level within 48 hours of the end of the first day on

ICU was greater than the day one minimum creatinine level

by either (i) O 1.5 times or (ii) O 0.3 mg/dL [25]. The

prevalence of AKI was 17.3% in this dataset. To mirror pro-

spective data collection to a new cohort study, we randomly

assigned a recruitment order to participants, from 1 (first) to

20,413 (last).

Six core predictor parameters were used to illustrate our

method, taken from a previous clinically related study by

Zimmerman et al [26]: bicarbonate (mg/dL), creatinine

(mg/dL), hemoglobin (g/dL), blood urea nitrogen (mg/

dL), potassium (mg/dL), and systolic blood pressure

(mmHg). These six predictors were all continuous and

linear trends were assumed between the predictors and risk

of AKI for simplicity (for an extension to nonlinearity, see

section 3.5).

2.3.1. Modeling strategies

Given our focus was a binary outcome (development of

AKI), four logistic regression model development ap-

proaches were contrasted (with or without penalization

[27] or shrinkage [28]):
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• Unpenalized logistic regression, whereby all six of

the core predictors mentioned previously were forced

into the model.

• Unpenalized logistic regression with uniform

shrinkage, estimated using the heuristic shrinkage

factor of Van Houwelingen and Le Cessie [28] (full

details in Supplementary Material S5).

• Unpenalized logistic regression with a uniform

shrinkage factor estimated using Harrell’s bootstrap-

ping approach [17] (full details in Supplementary

Material S6).

• Penalized logistic regression with a Least Absolute

Shrinkage and Selection Operator (LASSO) penalty

term. The lasso [27] module in Stata was used, with

the tuning parameter λ chosen to minimize the mean

squared error on 10-fold cross-validation.

Learning curves were produced for each of these devel-

opment approaches, and their required sample sizes

compared across different stopping rules.

2.3.2. Comparison to Riley et al. criteria

To compare our learning curve approach to that based on

the minimum recommended by the Riley et al criteria [8],

we assumed a priori that the model would provide a C-statis-

tic of 0.78 (based on the results of Zimmerman et al [26]), and

Figure 1. Sequential process to generate a learning curve for examining the impact of sample size on prediction model performance and stability of

predictions.
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an overall AKI risk of 17.3%. Using these values, the Riley

et al criteria [8] suggest we require at least 342 patients to

develop our CPM (see Supplementary Material S7).

2.3.3. Application of the sequential sample size

calculation

To illustrate the learning curve approach, and mirror a

prospective data collection situation, we started by select-

ing the first (Ninitial) 100 patients, as defined by the

randomly generated recruitment ordering mentioned at

the start of this section. We use 100 as our starting point

here to provide a deeper illustration of the sequential pro-

cess; in practice, we recommend researchers take Ninitial

to be at least the number needed to estimate the overall risk

precisely (usually the least stringent component of Riley’s

criteria), which for this example is 220 patients (see

Supplementary Material S7). We then applied the sequen-

tial method described in section 2.1, with 200 bootstrap

replications. Next, we increased the sample size by select-

ing the subsequent (Nnew) 100 patients from the randomly

generated ordered list, then the next 100 and so on, up until

a maximum of 3000 individuals were reached. This allowed

us to construct one learning curve for each performance

measure, to show how the estimates changed as the sample

size increased from 100 to 3000 in steps of 100 (see

Discussion section for alternative strategies to perform re-

checks of model performance). In practice, the final sample

size would be that defined by the point at which the stop-

ping rule is met (Nstop).

When applying the clinical utility stopping rule

criteria, we considered an example risk threshold of

10% as being of clinical importance, such that estimated

risks ≥10% trigger a clinician to recommend that the in-

dividual receives a form of intervention or no treatment

otherwise.

All analyses were performed using Stata SE (version

18.0). Stata code to reproduce the example is available at

https://github.com/alegha606.

All computations were performed using the University

of Birmingham’s BlueBEAR High Performance Computing

service, provided to the University’s research community.

See http://www.birmingham.ac.uk/bear for more details.

3. Results

The results from applying the sequential sample size

approach to the AKI example are now presented. We show

the minimum sample size recommendations based on

learning curves of population-level performance measures

(sections 3.1 and 3.2), individual-level stability in

Figure 2. Examples of stopping rule criteria. The original stopping rule criteria proposed by Christodoulou et al (2021) [16] are detailed in part 1 of

Figure 2, and the new extensions that we propose (to incorporate individual-level stability of estimated risks and clinical utility criteria) are in parts

2 and 3. These stopping rule criteria have been applied in a binary outcome setting in this manuscript, but could also be applied to other settings,

such as with a continuous or time-to-event outcome.
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predictions (section 3.3), and clinical utility criteria (section

3.4). We also show consideration toward nonlinear terms

(section 3.5).

3.1. Population-level stability: optimism in apparent

overall calibration and discrimination (unpenalized

logistic regression modeling strategy)

Learning curves for population-level stability for the un-

penalized logistic regression modeling strategy (without

shrinkage) are displayed in Figure 3 in terms of differences

in apparent and optimism-adjusted calibration and discrim-

ination estimates. Note that the magnitude of optimism in

apparent model performance can only be checked for un-

penalized logistic regression, as the LASSO and uniform

shrinkage approaches already adjust for optimism.

When using a small development sample size of 100,

large optimism in the apparent model calibration and

discrimination performance is observed (bootstrap-cor-

rected calibration slope of 0.51 and mean optimism in

C-statistic of 0.10). As the sample size increases, optimism

in the model calibration and discrimination performance

progressively reduces. For instance, at n = 300, close to

the minimum sample size recommendation by the Riley

et al criteria [8] of 342 (which is based on predefined as-

sumptions of model performance), the bootstrap corrected

calibration slope has increased to 0.78 and mean optimism

in C-statistic decreased to 0.04.

3.2. Illustration of safeguarding

The stopping rule criterion of bootstrap-corrected cali-

bration slope ≥0.9 is met (and sustained over two consec-

utive sample size increments) at n = 1100, whereas the

criterion of mean optimism in C-statistic ≤0.02 is met

when n = 900. This suggests that a minimum sample size

of 1100 is required to achieve the chosen stability criteria

for both calibration and discrimination performance for this

example; this is much higher than Riley et al criteria [8]

recommendation based on the assumptions made before

data analysis. The key reason for the discrepancy is that

the C-statistic in the full dataset that was ultimately avail-

able is much lower (0.67) than that anticipated value

(0.78) assumed in the sample size calculation. Had a

lower C-statistic of 0.67 been assumed in the sample size

calculation, the Riley et al [8] criteria suggests a sample

size of 994 (see Supplementary Material S7), which is on-

ly slightly lower than the 1100 observed from our sequen-

tial population-level stability criteria. This illustrates how

the sequential sample size approach helps to safeguard

against the consequences of inaccurate assumptions made

in the sample size calculations before data collection or

analysis.

3.3. Individual-level stability of estimated risks

(all modeling strategies)

For stopping rules based on individual-level stability of

estimated risks (mean 95% uncertainty interval [UI] width

≤0.1 and mean delta ≤0.05; where the delta statistic is the

maximum distance between an individual’s risk estimate

and their lower or upper bound of the 95% UI for their

risk), large instability of estimated risks is observed for

the smallest sample sizes across the various modeling ap-

proaches considered (see Fig 4 and Table 1). Then as the

sample size increases, this instability of estimated risks pro-

gressively decreases and eventually plateaus across higher

sample sizes (as with the model calibration and

discrimination).

For instance, for the unpenalized logistic regression

modeling strategy (ie, without shrinkage), at a small devel-

opment sample size of 100, the mean 95% UI width is 0.36

and mean delta is 0.23. At a higher sample size of 1000,

both performance statistics are closer to the desired stop-

ping rules: the mean 95% UI width has decreased to 0.12

and the mean delta to 0.06. The mean 95% UI width

≤0.1 criteria is then met at n = 1500, and mean delta

≤0.05 criteria at n = 1800 (Table 1). Thus, a minimum

Figure 3. Learning curves for population-level stability of optimism in apparent overall calibration and discrimination for unpenalized logistic

regression modeling strategy.
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sample size of 1800 is required to meet our individual-level

stability of estimated risks criteria, which is considerably

higher than the required 1100 to meet our population-

level criteria considering optimism in apparent calibration

and discrimination.

Other modeling approaches show similar trends. For all

modeling approaches, the minimum required sample size to

satisfy our stopping criteria for individual-level stability of

estimated risks exceeds that required for population-level

stability.

Figure 4. Learning curves for individual-level stability of estimated risks across different logistic regression modeling strategies (unpenalized,

penalized, and shrinkage methods). LASSO, least absolute shrinkage and selection operator. For individual-level performance measures, 2.5th

and 97.5th percentile lines are presented, which represent the 2.5th and 97.5th values of the distribution of the given individual-level performance

measure across all individuals in the current model development dataset. a For the unpenalised logistic regression + bootstrap uniform shrinkage

modelling strategy, due to model convergence issues at n = 100, the learning curves were started from Ninitial = 200.
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3.4. Clinical utility and classification (all modeling

strategies)

Instability of clinical utility and classification is high at

the smallest sample sizes but reduces as sample size in-

creases. For instance, at n = 100, for the unpenalized logis-

tic regression model (without shrinkage), expected value of

perfect information (EVPI) is 0.0120 (our desired criterion

is ≤ 0.001) and mean probability of misclassification 0.22

(desired criterion ≤0.1). At a higher sample size of 500,

EVPI reduces to 0.0024 and mean probability of misclassi-

fication to 0.11. The EVPI learning curve (Fig 5) shows a

clear trend that the improvement in net benefit from using

perfect information over the current information decreases

as the sample size increases; Sadatsafavi et al [20] demon-

strated similar findings in their simulation study.

Clinical utility and classification instability criteria are

then generally met at a slightly lower minimum sample size

for each modeling strategy, compared to previous criteria

based on stability of individual estimated risks (see Fig 5

and Table 1; except for the heuristic shrinkage strategy

which remains at n = 1500), and findings are largely

consistent across modeling approaches. For instance, the

unpenalized logistic regression model (without shrinkage)

requires a minimum sample size of 1600 to meet the clas-

sification and clinical utility criteria, rather than the previ-

ous 1800 to meet individual-level stability in risk estimates.

For reference, the coefficients of the final unpenalized

logistic regression risk model that met all the criteria is pre-

sented in Supplementary Material S8.

3.5. Extension: exploration of nonlinear predictor terms

We assumed linear relations between the continuous pre-

dictors in our model and logit-risk of AKI. In practice

nonlinear trends could also be investigated, which may

impact the required sample size. To illustrate this, we added

a quadratic term to one of the six continuous predictors

(mean bicarbonate level (mg/dL)) in the unpenalized logis-

tic regression model without shrinkage (see Supplementary

Material S9). The addition of a quadratic term increased the

minimum sample size recommendation for the criteria that

required a bootstrap-corrected calibration slope ≥0.9 from

1100 to 1700.

4. Discussion

We have proposed and illustrated an extension to

sequential sample size calculations for CPM development

studies, incorporating stopping rules based on individual-

level stability in predictions and classifications alongside

measures of (optimism in) calibration, discrimination, and

clinical utility. Also, we showed how the sequential

approach can safeguard against inaccurate (eg, overly opti-

mistic model performance) assumptions pre-data collec-

tion. For instance, assuming a C-statistic of 0.78 led to a

fixed sample size recommendation of 342 from the Riley

et al [8] criteria. However, our sequential population-level

stability criteria targeting a calibration slope ≥0.9 sug-

gested a much higher sample size was needed

Table 1. Summary of minimum required sample size scross different logistic regression modeling strategies (unpenalized, penalized, and shrinkage

methods) based on individual-level instability of estimated risks and clinical utility criteria

Criteria type Stopping rule

Minimum required sample size

Modeling strategy

Unpenalized

logistic

regression

Unpenalized logistic

regression with heuristic

uniform shrinkage

Unpenalized logistic

regression with

bootstrap uniform

shrinkage

Penalized logistic

regression with LASSO

penalty

Individual-level

instability of

estimated risks

Mean 95%

UI width ≤0.1

Mean delta ≤0.05

Overall minimum

sample size

recommended

1800 1500 1700 1800

Clinical utility EVPI ≤0.001 a

Mean probability of

misclassification

≤0.1

Overall minimum

sample size

recommended

1600 1500 1500 1500

LASSO, least absolute shrinkage and selection operator; UI, uncertainty interval; EVPI, expected value of perfect information.
a The EVPI used in the bootstrap uniform shrinkage modeling strategy is an average (the mean) of the EVPI’s obtained from the 201 bootstrap

shrinkage models created in each sample size iteration during the sequential process to generate a learning curve.
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Figure 5. Learning curves for clinical utility measures across different logistic regression modeling strategies (unpenalized, penalized, and

shrinkage methods). EVPI, expected value of perfect information; LASSO, least absolute shrinkage and selection operator. For probability of

misclassification, 2.5th and 97.5th percentile lines are presented, which represent the 2.5th and 97.5th values of the distribution of probability

of misclassification across all individuals in the current model development dataset. a For the bootstrap uniform shrinkage modelling strategy, due

to model convergence issues at n = 100, the learning curves were started from Ninitial = 200. b The EVPI used in the bootstrap uniform shrinkage

modelling strategy is an average (the mean) of the EVPI’s obtained from the 201 bootstrap shrinkage models created in each sample size iteration

during the sequential process to generate a learning curve.
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(n = 1100). It transpired that our initial C-statistic assump-

tion was overly optimistic (in the full dataset that was ulti-

mately available, the C-statistic was 0.67, and this value

would have suggested a sample size of 994 from the Riley

et al [8] criteria, which is in-line with the sequential

approach). Thus, in this instance, although the sequential

method would have resulted in us recruiting more patients

than initially anticipated to correct for this discrepancy in

our C-statistic assumption, a more ‘‘useable’’ CPM with

more reliable predictions would have been developed,

thereby helping to reduce research waste.

Conversely, in other situations, it may be that overly

conservative model performance assumptions are made

pre-data collection. For instance, if we had assumed a much

lower C-statistic of 0.6, then the Riley et al [8] criteria

would have suggested a minimum sample size of 2931.

In this case, the sequential approach would have guided

us to stop recruiting much earlier than anticipated (e.g., at

n = 1100 if we were targeting population-level stability

in terms of optimism in calibration and discrimination),

which would have saved considerable time and financial re-

sources during our study.

When extending the sequential sample size calculation

approach of Christodoulou et al [16] to include stopping

rules based on individual-level stability of risk estimates

and clinical utility, a higher minimum sample size was

required (n = 1800 for the unpenalized logistic regression

model without shrinkage, compared to 1100 for stable

population-level statistics). Our results align with recent

research indicating that when sample sizes are predeter-

mined before data collection, achieving stable individual-

level performance often requires a significantly larger

sample size than what is needed for stable population-

level performance alone [12,14,15,29,30].

The choice of performance targets is an important

consideration for any sample size calculation, and we have

focused on a subset of key measures, most notably stability

of optimism, and the precision of individual risks. Re-

searchers may decide to target other measures relevant to

their clinical setting and how the model may be used in

practice. More discussion of this issue is provided by Riley

et al [31]. Furthermore, it is crucial to engage with stake-

holders (eg, patients, clinicians) to determine what perfor-

mance measures and associated acceptable levels of risk

are relevant and acceptable to them before analyses, as this

will be context specific. However, such conversations be-

tween model developers and stakeholders are rare.

To aid efficient implementation of our approach, rather

than using a static interval of Nnew (eg, recruitment of 50

or 100 new patients) to perform rechecks of model perfor-

mance, a dynamic recheck approach may be more sensible.

This could involve rechecks being based on forecasted

learning curves, involving less frequent rechecks at lower

sample sizes, and more frequent repeated assessments as

the stopping rule criteria are approached. Such a dynamic

approach allows for a more granular way of determining

the final sample size, and in doing so is likely to also lead

to resource savings.

Although a strength of our study was that we considered

various types of logistic regression development ap-

proaches, we did not demonstrate our approach with a ma-

chine learning method. A random forest approach could

have been tested, but we decided against this due to random

forest models being known to present issues regarding

model calibration [32]; furthermore, the approach already

embeds bootstrapping, and so undertaking a double boot-

strap for internal validation and stability checks may not

be reliable, especially in smaller samples. In addition,

although we demonstrated our method with a binary

outcome example, the general premise can be applied to

any outcome type (such as continuous or time-to-event

outcome settings).

We demonstrated in section 3.5 how inclusion of

nonlinear trends may lead to a larger required sample size.

In addition to the choice of linear and nonlinear terms, the

level of instability in model performance will depend on the

number of predictors, outcome prevalence, as well as model

strength.

We acknowledge that our sequential approach may not

always be possible in practice; most researchers use an ex-

isting dataset to develop a model, where the sample size is

fixed. Even ongoing cohort studies may be unable to recruit

more participants than originally planned (due to cost and

time constraints). In such situations, it is important to

examine the anticipated uncertainty of individual-level risk

predictions for the fixed sample sizes available (planned),

for instance, using recent work from Riley et al [14,15].

In summary, for model development studies carrying out

prospective data collection, a sequential sample size calcu-

lation and learning curve approach allow researchers to

dynamically monitor and identify when sufficient partici-

pants have been recruited. This safeguards against overly

optimistic or conservative assumptions made for sample

size calculations made in advance of data collection or

analysis. Engagement with patients and other stakeholders

is crucial to identify meaningful stopping rules based on

key performance measures of interest. Our findings suggest

that larger sample sizes are needed to achieve individual-

level stability than those of traditional fixed-sample

methods.
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