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Effective sample size for individual risk predictions: 
quantifying uncertainty in machine learning models
Doranne Thomassen, Toby Hackmann, Jelle Goeman, Ewout Steyerberg, Saskia le Cessie

Individual prediction uncertainty is a key aspect of clinical prediction model performance; however, standard 
performance metrics do not capture it. Consequently, a model might offer sufficient certainty for some patients but 
not for others, raising concerns about fairness. To address this limitation, the effective sample size has been pro
posed as a measure of sampling uncertainty. We developed a computational method to estimate effective sample 
sizes for a wide range of prediction models, including machine learning approaches. In this Viewpoint, we illustrated 
the approach using a clinical dataset (N=23 034) across five model types: logistic regression, elastic net, XGBoost, 
neural network, and random forest. During simulations, our approach generated accurate estimates of effective 
sample sizes for logistic regression and elastic net models, with minor deviations noted for the other three models. 
Although model performance metrics were similar across models, substantial differences in effective sample sizes 
and risk predictions were observed among patients in the clinical dataset. In conclusion, prediction uncertainty at the 
individual prediction level can be substantial even when models are developed using large samples. Effective sample 
size is thus a promising measure to communicate the uncertainty of predicted risk to individual users of machine 
learning-based prediction models.

Introduction
Prediction models are increasingly used by clinicians to 
communicate likely outcomes for individual patients dur
ing the clinical decision-making process. Although the 
prediction from such a model, when used for an individual, 
represents the model’s best estimate of the expected 
outcome, this estimate is associated with uncertainty. 
Conventionally, individual prediction uncertainty has not 
been viewed as a performance dimension during model 
development and validation, nor is it usually reported. 
However, the reporting of individual prediction uncertainty 
is mentioned in the TRIPOD+AI guideline published in 
2024.1

Various types of prediction uncertainty have been 
described.2 Sampling uncertainty is a type of prediction 
uncertainty that arises because models are developed 
using datasets of finite size. Alarmingly, many prediction 
models are developed using samples too small to support 
the model’s complexity, leading to instability in 
predictions.3–5 One proposed method to evaluate this 
instability during model development is non-parametric 
bootstrap resampling.6,7

Besides assessing model stability, sampling uncertainty 
should also be addressed at the level of individual patients 
for whom the model is applied. Sampling uncertainty 
can vary widely between individuals, as not all patients 
are equally represented during model development.8

A prediction model might be sufficiently reliable for some 
patients but not for others, raising ethical concerns around 
algorithmic fairness.9–12 One aspect of trustworthiness is 
the sampling uncertainty around individual clinical pre
dictions. The effective sample size has been proposed as a 
measure of sampling uncertainty in predictions based on 
generalised linear models (GLMs), with potential implica
tions for model development, validation, and implemen
tation.8 This measure can be interpreted as the number of 

similar patients on which an individual’s prediction is 
effectively based on, assuming that the model is correct.

Because there was no method to estimate effective 
sample sizes for risk prediction models other than GLMs, 
in this Viewpoint we aimed to develop a computational 
method to obtain effective sample sizes and express indi
vidual prediction uncertainty for a wider range of risk 
prediction models, including machine learning models.

Generalising effective sample size beyond GLMs
Background: defining the effective sample size
Clinical prediction models are developed based on a dataset 
of previously observed patients (the development sample) 
and are then used to estimate the risk p of an outcome Y 
for new patients, given their predictor values. However, 
sampling uncertainty exists around the prediction for each 
new patient: if the prediction model was developed based 
on a different sample of the same size, from the same 
population, the model and its outputs might differ.7 Sam
pling uncertainty usually decreases as the sample size 
increases, and larger development samples are generally 
beneficial for model stability.13 However, some types of 
patients might have been observed less frequently than 
others during model development. For an individual 
patient’s prediction, the effective sample size expresses 
how many individuals similar to this patient were 
effectively represented in the development sample of the 
prediction model.8

To express the effective sample size N∗ for a new patient, a 
parallel was drawn between the variance of the new 
patient’s prediction p̂new =

̂𝔼[Ynew] and the variance of the 
sample mean outcome YN∗

in a hypothetical independent 
sample of N∗ patients who resembled the new patient 
(ie, with the same predictor values). N∗ for the new patient 
was defined such that the variance of the new patient’s 
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prediction equalled that of the sample mean in the hypo
thetical sample of N∗ similar patients, had their outcomes 
been directly observed.8 The new patient’s effective sample 
size N∗ can thus be interpreted as the effective number of 
similar patients (with similarity defined by the model) in 
the development sample. A low effective sample size indi
cates that the predictor combination of the new patient is far 
from average compared with the development dataset.

Effective sample size as a ratio of two variances
The effective sample size N∗ for an individual prediction 
p̂new can be derived by solving the equation

Var( p̂new)=Var(YN∗
)

For N∗. Assuming that all patients with the same pre
dictor values as the new patient have the same outcome 
variance Var(Y|predictors) and that the hypothetical sam
ple is independent, we have Var(YN∗

)=
Var(Y|predictors)

N∗
. 

Therefore, the effective sample size can be expressed as a 
ratio of the outcome variance conditional on the predictor 
values to the prediction variance.

N∗ =
Var(Y

⃒
⃒predictors)

Var( p̂new)
(1) 

The assumption that the outcome variance is the same for 
all patients with the same predictor values is satisfied when 
the outcome variance is a function of the predictors used to 
predict the expected outcome. This assumption holds for 
all GLM-based predictions and for predicted risks (prob
abilities) of binary outcomes, irrespective of the model 
used. Binary outcomes follow a Bernoulli distribution with 
expectation equal to the risk of their occurrence, and their 
variance is fully determined by their expectation (outcome 
variance=risk*(1−risk)). Therefore, effective sample sizes 
can be obtained as a ratio of two variances for any model that 
takes a patient’s predictor values as input and outputs their 
predicted risk of a binary outcome.

Estimation methods
Suppose we developed a clinical prediction model that has 
generated a predicted risk p̂new for a new patient. To obtain 
the effective sample size N∗ for the patient’s prediction, 
expressed as the ratio of two variances (equation 1), two 
components should be estimated: the numerator, which is 
the variance of the patient’s outcome conditional on their 
predictors, and the denominator, which is the variance of 
the predicted risk. Assuming that the prediction model 
provides a good estimate of the patient’s risk based on their 
predictors, we can substitute the predicted risk into the 
Bernoulli variance function 𝔼[Ynew](1 −𝔼[Ynew]) to obtain 
p̂new(1 −p̂new ) as an estimate of Var(Ynew|predictors).

The most appropriate way to estimate the second com
ponent, the variance of a predicted risk Var(p̂new), depends 

on the model type. For GLM-based predictions, analytical 
estimators for prediction variance are available. Another 
approach to estimating prediction variance is to use a 
bootstrap procedure. For the development dataset, this 
procedure is similar to the one proposed for model 
instability assessment.7 To assess model stability, a 
minimum of 200 bootstrap iterations (B) has been 
recommended.7

Previously proposed model instability assessments 
relied on the non-parametric resampling bootstrap,6,7 in 
which samples of the same size as the original dataset are 
drawn with replacement.14 However, for many machine 
learning models, formal consistency guarantees of the 
non-parametric bootstrap do not apply.14,15 Parametric 
simulation-based bootstrap is another type of bootstrap that 
generates samples from a parametric model fitted to the 
original data.16 This method requires milder conditions for 
consistency. For estimating n∗, a parametric bootstrap 
can be performed on samples generated from the fitted 
prediction model.

Performing a bootstrap procedure after model imple
mentation for every new patient is computationally inten
sive, time-consuming, and, in most cases, impossible as 
end users do not have access to the development data. We 
therefore propose performing the bootstrap procedure 
during model development and saving a minimal version 
of each bootstrap prediction model generated in each iter
ation. Here, minimal refers to the minimally required 
information to generate a prediction for a new patient based 
on their predictors. Once B iterations are completed, a 
collection of B saved minimal models can be exported with 
the main model. When a prediction is made for a new 
patient using the main model, each of the B bootstrap 
models can also be applied to obtain B bootstrap 
predictions. The variance of the new patient’s prediction 
can then be estimated as the sample variance of these 
B bootstrap predictions.

Simulations and application in clinical data
Simulations were performed to evaluate effective sample 
sizes resulting from the bootstrap approach for five types of 
clinical prediction models. To illustrate how the effective 
sample sizes can be computed in practice, we applied our 
proposed methods to a clinical dataset. Our simulations 
were also based on this dataset.

Description of data and prediction models
We used a publicly available dataset of patients with 
acute myocardial infarction (GUSTO, N=40 830)17,18 avail
able in the R package Hmisc.19 The main outcome variable 
was death within 30 days (binary), which was observed in 
2851 (7⋅0%) patients. The GUSTO dataset was split into 
a development sample collected within the USA 
(US, n=23 034) and an external validation sample collected 
elsewhere (non-US, n=17 796).

In our simulations and real data illustrations, we con
sidered five types of prediction models: a logistic regression 
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model, an elastic net, an XGBoost tree-based model, a 
neural network, and a random forest. In all models, the 
candidate predictors were treatment (three categories, 
streptokinase, tissue plasminogen activator, and strepto
kinase plus tissue plasminogen activator), age (numeric), 
Killip class (two categories, Killip I vs II, III, and IV), systolic 
blood pressure (numeric), pulse (numeric), previous myo
cardial infarction (binary), location of myocardial infarction 
(three categories, anterior, inferior, and other), height 
(numeric), smoking (three categories, current, past, and 
never), diabetes (binary), weight (numeric), previous cor
onary bypass graft (binary), hypertension (binary), previous 
cardiovascular disease (binary), and time to relief of chest 
pain exceeding 1 h (binary).

The logistic regression model was pre-specified based on 
a previously developed model using the GUSTO dataset.20

This model included all candidate predictors, and some 
numeric predictors were modelled non-linearly: systolic 
blood pressure was truncated at 120; pulse was modelled 
with a linear spline with one knot at 50; height was 
modelled using a restricted cubic spline with six knots; 
and an interaction between age and Killip class was 
included. A ten-fold cross-validation procedure was used 
to train the elastic net, neural network, and XGBoost 
models using the caret21 package (version 6.0-94) in R. 
The caret package in turn used the glmnet package to fit 
the elastic net model,22 the XGBoost package for the 
XGBoost model,23 and the nnet package for the neural 
network model.24 The random forest model was trained 
using caret and ranger,25 omitting the cross-validation 
procedure and by using default settings for ranger to 
allow feasible computational times. The complete R code 
is provided in the Data sharing section of this Viewpoint.

Evaluation of bootstrap for effective sample size
To assess the performance of our proposed computational 
approach to estimate effective sample sizes, we simulated 
scenarios in which the true effective sample size for 
predictions could be approximated. To ensure realistic 
simulated scenarios, a subset of the GUSTO US dataset was 
taken as the starting point (original data, Doriginal).

Let M be the prediction model used for the evaluation of 
our computational approach. First, M was fitted to Doriginal 

to generate Moriginal, which was then used as the 
data-generating model to simulate data from.

In each of Nsim iterations, the following five steps were 
executed: (1) outcome data were generated randomly for 
each patient using the data-generating model Moriginal, 
based on the predictors in Doriginal. The simulated outcome 
data and predictors in Doriginal were combined into a 
simulated dataset; (2) model M was fitted to the simulated 
dataset to generate fitted Msim; (3) for each patient, a pre
dicted outcome risk was generated using Msim; (4) for each 
predicted risk, the prediction variance was estimated using 
B (non-parametric or parametric) bootstrap iterations; 
(5) for each patient, the effective sample size was estimated 
based on their bootstrap prediction variance and estimated 
outcome variance (predicted risk × [1 − predicted risk]). 
When M was the logistic regression model, we also esti
mated effective sample sizes using the previously proposed 
analytical formula.8

After completing Nsim simulations, the true effective 
sample size for each patient in Doriginal was approximated. 
The true prediction variance for each patient was approxi
mated using the sample variance of all Nsim predictions 
generated in step (3). The true risk, and therefore the true 
outcome variance, was known for each patient from 

Bootstrap Analytical formula
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Figure 1: Average bootstrap-based and formula-based effective sample sizes compared with the true effective sample size for a logistic regression model with 
15 predictors in 1000 simulations based on the GUSTO data collected within the USA 
During each simulation (n=23 034 for simulated data), a new logistic regression model was fitted, the formula-based effective sample sizes were calculated, and 
500 bootstrap iterations were performed to estimate bootstrap-based effective sample sizes. True effective sample size for each simulated patient was approximated 
using their true risk known from the data-generating model and the variance of their predictions across all simulations. N=sample size.
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Moriginal. The true effective sample size was then calculated 
for each patient as the ratio of their true outcome variance 
to their true prediction variance. We also evaluated the bias 
in the bootstrap-derived effective sample sizes for each 
patient against their true values.

For the logistic regression model, the availability of an 
analytical expression for effective sample size enables a 
benchmark comparison with bootstrap estimates. To check 
for consistency in the logistic regression model, we 
performed Nsim = 1000 simulations with B = 500 non- 
parametric bootstrap resamples, in which the entire 
GUSTO US dataset was used as Doriginal.

For all five models, we then performed Nsim = 100 sim
ulations with B = 200 bootstrap iterations using a sub
sample of the GUSTO US dataset as Doriginal (N=2812; 
900 events). For the subsample generation, we drew 
patients randomly from the dataset, where patients who 
experienced the outcome had a higher probability of being 
drawn; this ensured there were sufficient outcome events 
for model training, although the total sample size was low 
enough to maintain computational feasibility.

All simulations were run twice: once using a non- 
parametric resampling bootstrap and once using a para
metric bootstrap. The same simulation steps were used for 
both bootstrap variants. Ten-fold cross-validation was per
formed when fitting Moriginal for elastic net, XGBoost, and 
neural network models. The selected hyperparameters 
were then fixed and used to fit Msim in each simulation. 
Although this approach might not be an optimal one for 
model training, it allowed the evaluation of the validity of 
bootstrap uncertainty estimation, which was our primary 
objective.

Simulation results
Bootstrap-based and formula-based effective sample sizes 
were highly similar for logistic regression, and both 
approaches remained unbiased for the true effective 
sample size (figure 1). The variability of bootstrap-based 
effective sample sizes across simulations depended on 
the number of bootstrap resamples and was therefore not 
consistently greater or less than the variability of formula- 
based estimates. Non-parametric bootstrap-based effective 
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Figure 2: Average non-parametric bootstrap-based effective sample sizes compared with simulation-based estimates of true effective sample size for five types of models with the same candidate 
predictors 
Results from 100 simulations based on a subset of the GUSTO data (n=2812; 900 events) collected within the USA. In each simulation, 200 bootstrap iterations were performed to obtain the estimates. 
True effective sample size for each patient was approximated using their true risk known from the data-generating model and the variance of their predictions across all simulations. Note that scales on 
y axes differ between plots. N=sample size.
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sample sizes for the elastic net were also, on average, close 
to the true values (figure 2). Effective sample sizes were 
somewhat overestimated for XGBoost, although still within 
the same order of magnitude. The non-parametric boot
strap procedure substantially overestimated effective sam
ple sizes for the random forest model, whereas the values 
were underestimated for the neural network model. The 
parametric bootstrap procedure provided more accurate 
estimates of the effective sample sizes for all models 
(figure 3).

Case study using GUSTO data
All models considered during simulation were fitted to the 
full development dataset (GUSTO US dataset). As the 
parametric bootstrap procedure performed better across 
all models, this approach was used in the case study 
(with B = 200 iterations) to estimate the prediction vari
ance for all patients in the development dataset. We then 
used the predicted risks and estimated prediction variances 
to obtain bootstrap-based effective sample sizes for the 
patients. Furthermore, we evaluated the discriminative 

performance and calibration of the models using the 
external validation dataset (GUSTO non-US dataset).

The distribution of predicted risks in the development 
dataset reflected the low observed event rate and was con
sistent across all of the five trained models. The maximum 
predicted risk from the neural network model was lower 
than that from the other models. At the individual level, 
however, predicted risks among the models differed 
substantially (figure 4). During external validation, dis
criminative performance was similar across all models, 
with c-statistics ranging from 0⋅82 (elastic net, XGBoost, 
neural network, and random forest) to 0⋅83 (logistic 
regression). All models slightly underpredicted the average 
risk in the validation dataset: calibration intercepts ranged 
from 0⋅06 (random forest) to 0⋅12 (XGBoost). Calibration 
slopes were between 1⋅00 and 1⋅02 for the elastic net, 
logistic regression, and neural network models. The 
XGBoost model slightly overpredicted risks for patients at 
high risk (calibration slope: 0⋅96 [95% CI 0⋅91–1⋅01]), 
whereas the random forest underpredicted risks for 
patients with above-average risk (1⋅04 [0⋅99–1⋅10]).

Random forest XGBoost

Logistic regression Elastic net Neural network

0 100 200 300 400 500

0 2000 4000 6000 0 2000 4000 6000 0 100 200 300 400 500

0

100

200

300

400

500

0

2000

4000

6000

0

100

200

300

400

500

True effective N in 100 simulations

True effective N in 100 simulations

0

100

200

300

400

500

M
ea

n 
bo

ot
st

ra
p 

eff
ec

tiv
e 

N
 in

 1
00

 si
m

ul
at

io
ns

0

2000

4000

6000

M
ea

n 
bo

ot
st

ra
p 

eff
ec

tiv
e 

N
 in

 1
00

 si
m

ul
at

io
ns

100 200 300 400 5000

True effective N in 100 simulations

Figure 3: Average parametric bootstrap-based effective sample sizes compared with simulation-based estimates of the true effective sample size for five types of models with the same candidate 
predictors 
Results from 100 simulations based on a subset of the GUSTO data (n=2812, 900 events) collected within the USA. In each simulation, 200 bootstrap iterations were performed to obtain the estimates. 
True effective sample size for each patient was approximated using their true risk known from the data-generating model and the variance of their predictions across all simulations. Note that scales on 
y axes differ between plots. N=sample size.
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The distribution of bootstrap-based effective sample sizes 
in the GUSTO US dataset varied widely across models 
(figure 5). The logistic regression model had the highest 
median effective sample size (2532), although between- 
patient differences in effective sample size were relatively 
high, with a minimum effective sample size of 12. The 
elastic net had the second-highest median effective sample 
size (1930) with a more even distribution of effective sample 
sizes across patients and a higher minimum (59) than those 
of the logistic regression model. Effective sample sizes for 
the neural network model were generally lower (range 
2–942, median 193 [IQR 127–326]). For the random forest 

model, effective sample sizes were extremely low (median 4 
[IQR 3–6]), although higher values were observed for 
some patients (range 1–1643). For the XGBoost model, 
the median effective sample size was between that of 
the neural network and logistic regression models at 353 
(range 3–2595). For the logistic regression model, high 
effective samples sizes exceeding the actual total sample 
size of 23 034 were observed. These high effective sample 
sizes were limited to patients with extremely low predicted 
risks (figure 6). Such large values were also observed for the 
analytical formula-based effective sample sizes and true 
effective sample sizes in our simulations (figure 1).
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Logistic regression
Elastic net

N
eural netw

ork
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Figure 4: Predicted 30-day mortality risks for patients in the GUSTO dataset collected within the USA (n=23 034) 
Pairwise comparisons of predictions from logistic regression, elastic net, neural network, random forest, and XGBoost tree-based models. Axes for predicted risks run 
from 0 to 100%. In the nondiagonal panels, each point represents an individual patient in the data, whose predicted risk from one model (x-axis) is compared to their 
predicted risk from another model (y-axis). Diagonal panels show density plots of predicted risks in the GUSTO US dataset (n=23 034) for each model. N=sample size.
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Discussion
In this Viewpoint, the concept of effective sample sizes for 
individual predictions was extended beyond GLM-based 
predictions onto machine learning-based predictions. We 
showed that effective sample sizes can be expressed as the 
ratio of two variances: the variance of the outcome given the 
prediction and the prediction variance. This expression 
assumes that patients with the same predictor values have 
the same outcome variance. This assumption holds for 
GLMs and other models that predict the risk of a binary 
outcome.

Expressing the effective sample size as a ratio of variances 
enables a computational approach in which the prediction 
variance is estimated using a sampling-based procedure 
such as the bootstrap. This procedure was illustrated in real 
medical data for five types of prediction models using the 

same set of candidate predictors. Although the overall dis
tribution of risk predictions and model performance were 
similar across the models, effective sample sizes and risk 
predictions varied substantially at the individual level. The 
random forest model resulted in an alarmingly low median 
effective sample size. These findings show that individual 
uncertainty of predictions is a model performance aspect 
that is not captured by standard performance metrics. 
Furthermore, substantial uncertainty persisted for 
some predictions, despite the use of a large develop
ment sample, reiterating the importance of examining 
prediction uncertainty for individual patients during 
model development.

Many published methods to calculate sample sizes 
for prediction model development target aggregate-level 
criteria.26,27 As emphasised in our findings, a development 
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Figure 5: Distribution of bootstrap-estimated effective sample sizes in the GUSTO dataset collected within the USA (n=23 034) for five fitted prediction models 
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sample might satisfy such aggregate-level criteria and still 
allow for substantial uncertainty in individual predictions, 
leading to low effective sample sizes for some individuals. 
Other sample size calculation approaches have been pro
posed to develop models with sufficiently precise individual 
predictions.13,28 However, these methods require assump
tions on the joint distribution of predictors and outcomes, 
which might be unknown before model development. At 
the data collection stage, such methods for sample size 
calculation can improve the precision of individual predictions.

The effective sample size for any risk prediction can be 
estimated during model development using the methods 
described in this Viewpoint. The distribution of effective 
sample sizes in development or validation datasets can be 
examined during model performance evaluation. Devel
opers can also use the effective sample size to assess 
uncertainty for individuals or subgroups with specific risk 

profiles and detect patient types for whom the model is not 
sufficiently stable. Alongside other performance measures, 
this information can be considered during data collection 
and model development.

Once a clinical prediction model is implemented, its 
output can be used for counselling or decision making for 
individual patients. In this process, patients and their 
caregivers find out together how to value and use the 
information from a prediction model. As an example, we 
suggest communicating effective sample sizes for a pre
diction based on a patient’s age, sex, and disease stage in the 
following manner: this number is effectively based on 
X people with similar age, sex, and disease stage. When an 
effective sample size is too low, the prediction might not be 
clinically useful. Patients or caregivers might also feel that 
their individual situation is different from the subgroup 
defined by the predictor variables. In either case, patients or 
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Figure 6: Bootstrap-estimated effective sample sizes and the corresponding predicted risks of 30-day mortality for patients in the GUSTO dataset collected within the USA (n=23 034) for five fitted 
prediction models using the same set of (candidate) predictors 
In the figure panels, each point represents an individual patient in the data, with their predicted risk on the x-axis and the corresponding effective sample size on the y-axis. The dashed horizontal lines 
represent the total sample size used for model development.
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caregivers might decide to prioritise other sources of 
information in their decision. A study published in 2025 
involving patient advisory groups, found that patients 
generally want the uncertainty in their prediction to be 
communicated.29 The contribution of effective sample sizes 
to risk communication is thus a relevant direction for 
further research.

Furthermore, in terms of algorithmic fairness, the 
underperformance of a clinical prediction model in patient 
subgroups historically subjected to social bias should be 
identified. When variables that characterise under- 
represented groups are included in the model, low effec
tive sample sizes might signal reduced model stability for 
these patients. At the individual level, communicating 
effective sample size in clinical practice as “this number is 
effectively based on X people with similar age and comor
bidities”, might prompt a patient to ask, “but were any of 
them women?”. The communication of individuals who 
share similar characteristics might support discussion 
between patients and caregivers about representation in 
model development.

As prediction models become increasingly complex, end 
users find it challenging to evaluate their trustworthiness. 
The effective sample size contributes a possible solution by 
providing an intuitive measure for sampling uncertainty. 
However, the computation of the effective sample size is 
in turn dependent on a reliable estimate of prediction 
variance. For many machine learning models, explicit for
mulas for prediction variance are not available, and formal 
consistency guarantees for the non-parametric bootstrap do 
not hold owing to violations of specific regularity con
ditions.14,15 Such violations are more likely when the boot
strap is applied to models based on discrete structures such 
as trees and graphs. Nevertheless, the non-parametric 
bootstrap is still widely used for model parameter tun
ing21 and stability assessments;6,30,31 of note, model stability 
is a concept that is not formally defined in statistics.

During the simulations described here, the parametric 
bootstrap outperformed the non-parametric bootstrap in 
the estimation of effective sample sizes. A limitation of 
our simulations is that the hyperparameters were opti
mised once and then held constant across iterations. 
Re-optimising hyperparameters during each iteration 
while ensuring sufficient simulations for the approxima
tion of true prediction variance was computationally 
infeasible. Future research should assess whether para
metric methods consistently outperform non-parametric 
bootstrap methods for variance estimation in other set
tings and other machine learning models. As per evidence 
in a preprint paper, research on the generation of prediction 
intervals through conformal prediction is also relevant 
in this regard.32 However, these intervals cannot be 
immediately linked to an effective sample size, and further 
studies are required to develop valid methods for variance 
estimation using machine learning models.

A limitation of the proposed bootstrap procedure is its 
computational intensity, especially for large datasets and 

complex models. The procedure to estimate prediction 
variance is the same as that proposed recently for model 
stability assessment.7 If such stability assessments are 
already performed, bootstrap prediction variances and 
effective sample sizes can be generated as by-products.

Besides the sampling uncertainty captured using the 
effective sample size, the large individual variation in pre
dicted risks between models emphasises that different 
modelling choices can yield highly different results.33 An 
advantage of our sampling-based approach to measure 
prediction uncertainty is that it can incorporate uncertainty 
in data-driven model selection processes, such as cross- 
validation or stepwise variable selection. However, 
between-developer variation in the specification of an 
automated model selection procedure (eg, which models 
are considered and which metric is optimised) remains as 
an additional source of uncertainty, which is not captured 
using the proposed bootstrap resampling procedure. 
Hence, future studies should explore the influence of other 
uncertainty sources on clinical predictions.

Finally, we acknowledge that other usages exist for the 
term effective sample size in statistics and machine learn
ing. For example, in Markov chain Monte Carlo sampling, it 
refers to the hypothetical number of independent samples 
required to yield the same (un)certainty as the dependent 
samples generated by the chain.34,35 In importance sam
pling, an effective sample size is used to measure how well 
the proposal distribution matches the target distribu
tion.36,37 In Bayesian statistics, the term is used to express 
the amount of information contained in a prior distribu
tion,38 and in biostatistics, the term has previously been 
used to express the amount of information in a dataset 
available for model estimation.39 Although conceptually 
related in that all express uncertainty or information as a 
sample size equivalent, these definitions differ in purpose 
and context from our proposed use. The effective sample 
size proposed in this Viewpoint is specifically aimed at 
characterising prediction uncertainty at the individual level.

In conclusion, individual prediction uncertainty is an 
important aspect of model performance that is not captured 
by standard metrics. Prediction uncertainty can be sub
stantial for individual patients even when prediction 
models are developed using large samples and should be 
assessed during model development. The effective sample 
size can be applied to express uncertainty in predictions 
across a wide range of clinical models and can serve as a 
promising tool to communicate the uncertainty of pre
dicted risks to individual users of machine learning-based 
prediction models.
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