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Background

 Sample size determination is essential for designing efficient clinical 

research studies

 needed for grant applications and publications

 Established methods can be used for traditional statistical methods

 What can be done when machine learning (ML) methods are 

involved instead?



Limitations of previous studies

 Examining benefits of additional data to already trained ML models

 Strong assumptions required for the data (e.g., normality of predictors)

 Applicable only to imaging data, spectroscopy data

 Machine learning models untuned

 A small range of sample sizes examined in simulations



Objective

 Develop an empirically derived sample size calculator for 

ensemble ML binary classification methods: 

 Random Forest (RF)

 Light Gradient Boosting Machine (LGBM)

 Extreme Gradient Boosting (XGB)



Process flowchart



Certainty curve

 Certainty curve C(n) gives the probability for the AUC performance 

of an ML model trained on data S of size n to exceed a threshold 

𝜆 relative to population performance AUC(P), i.e.

𝐶 𝑛 = 𝑃𝑟 𝑆 =𝑛,𝑆⊂𝑃 (𝐴𝑈𝐶 𝑆 ≥ 𝜆 ∙ 𝐴𝑈𝐶 𝑃 )

 Given C(n), the required sample size n* for achieving certainty 

C* (e.g. 80%) is given by 

n* = min{n: C(n) ≥ C*}



Machine learning modeling

 Population sets were split into 70-30% for training and testing, and 

performance was assessed using the Area Under the ROC Curve 

(AUC)

 Random Forest (RF), LGBM and XGB methods were used

 Models were trained, tuned and assessed using the population 

data, obtaining the optimal population level performance



Subset data and models

 Samples were drawn from each of the training partitions, with 

varying sizes

 2,300 subsets were generated for each population dataset

 Sample sizes from ~50 to ~400K

 ML models were trained, tuned and assessed using the samples

 Tuning used 5-fold cross-validation and Bayesian Optimization



Model fitting for certainty curve

 Data

 𝑦𝑖𝑘 = 𝐼 𝐴𝑈𝐶 𝑆𝑖𝑘 ≥ 𝜆 ∙ 𝐴𝑈𝐶(𝑃𝑘) , 𝑖 = 1,…2300, 𝑘 = 1,… , 13

 yik indicates whether a “target” AUC performance was reached 

by the model trained on sample Sik

 Predictors: n, imbalance factor, average standardized entropy,

total degrees of freedom

 Different sets of 𝑦𝑖𝑘 were obtained for different combinations of 

modeling method (RF, LGBM, XGB) and 𝜆 (0.8, 0.85, 0.9)



Predictors – dataset characteristics

 imbalance factor (IF): max{c1/c2, c2/c1}, where c1, c2 the sizes 

of the two outcome classes

 average standardized entropy (entr): statistical measure of 

uncertainty or information averaged over all predictors

 total degrees of freedom (df): continuous feature contributes 

1, categorical contributes k-1



Certainty curve model

 For each combination of modeling method and 𝜆, we obtain the 

dataset:

{(yik , nik, IFk, entrk, dfk)}ik with i=1,…,2300, k= 1,…,13

 Subsequently, we trained an LGBM model for estimating the 

probability P(y=1) for given values of n and dataset characteristics



Sample size determination

 Given values for modeling method, 𝜆, as well as dataset 

characteristics IF, entr, df, the estimated certainty curve is 

given by 

መ𝐶 𝑛 = ෠𝑃(𝑦 = 1|𝑛; 𝐼𝐹, 𝑒𝑛𝑡𝑟, 𝑑𝑓), 

where the latter is obtained by the fitted LGBM model

 Subsequently, required sample size can be obtained by 

𝑛∗ = min{𝑛: መ𝐶(𝑛) ≥ 𝐶∗},

where, C* is the desired level of certainty (e.g., 0.8)



Performance assessment

 Percentage median relative error (mRE) between the observed and 
predicted required sample sizes for all 13 datasets:

 Predicted sample sizes ො𝑛 were obtained using leave-one-dataset out, 
for 80% and 90% certainty

 Observed sample sizes n* (“ground truth”) were obtained with the use 
of the “observed certainty curve”, for each dataset separately

𝑚𝑅𝐸 = 100 ∙ 𝑚𝑒𝑑𝑖𝑎𝑛
ො𝑛𝑖 − 𝑛𝑖

∗

𝑛𝑖
∗ , 𝑖 = 1,… , 13



Population data
 13 large real health datasets used as population data, covering diverse health 

domains: public health, ICU, hospital discharge, and adverse events etc.



Population datasets characteristics



RESULTS



AUC vs sample size for LGBM

Population AUC in red

Target AUC in green

Lambda = 0.85

AUC

Sample size



Predicted vs observed sample sizes

1: cchs, 2: covid, 3: faers, 4: washington2007, 5: texas, 6: nexoid, 7: bsa, 8: california2007, 

9: florida2007, 10: newyork2007, 11: washington2008, 12: mimic, 13: born.

80% certainty

Observed

Predicted



Performance assessment (mRE)

*Riley, R.D., et al (2020). Calculating the sample size required for developing a clinical prediction model. 

BMJ 368, m441

80% certainty, EPV: events per variable

Model Lambda Certainty 
curve (%)

Riley* (%) EPV300 (%) EPV15 (%) EPV10 (%)

LGBM 0.80 -66.8 9,012 142,094.5 7,009.9 4,639.9

LGBM 0.85 16.5 4,270.3 142,094.5 7,009.9 4,639.9

LGBM 0.90 56.2 2,868.2 142,094.5 7,009.9 4,639.9

RF 0.80 -37.4 93,404 732,748.5 36,543.1 24,328.5

RF 0.85 8.8 57,824 732,748.5 36,543.1 24,328.5

RF 0.90 130.8 38,930 732,748.5 36,543.1 24,328.5

XGB 0.80 -33 19,078.9 134,669.5 6,638.9 4,392.6

XGB 0.85 56.7 11,970.5 134,669.5 6,638.9 4,392.6

XGB 0.90 395 8,108.9 134,669.5 6,638.9 4,392.6



Sensitivity Analysis

Discrepancy
Deviation in Mean Standardized Entropy

-0.5 -0.25 -0.1 0.1 0.25 0.5
median 48 2 0 -1 -1 -1
within 10% 17.6 47 64.7 41.1 41.1 29.4
within 25% 23.5 52.9 82.3 70.5 76.4 70.5
within 50% 58.8 82.35 88.2 100 100 100

 Impact of accurate entr estimates on sample size calculations using 17 datasets with binary 
outcomes

 entr, df, IF were calculated from the data and used to determine sample size with lambda = 0.85 and 

certainty of 0.8

➢ Sample size predictions were recalculated using deviated entropy values to measure the percent 

relative error, 100*(n’-n)/n %



Conclusions

 Developed an empirically based sample size calculator for ensemble ML models 

(Random Forest, LightGBM, XGBoost) using tabular health data

 Introduced the concept of certainty curves, analogous to statistical power, enabling 

estimation of sample size for a desired accuracy

 Existing heuristic and regression-based methods substantially overestimate sample size 

requirements, often by orders of magnitude

 The proposed calculator achieved significantly better accuracy across heterogeneous 

datasets compared to current approaches

 Most accurate predictions occurred at λ = 0.85 (achieving 85% of optimal model 

performance)



Practical Implications

 Analysts can choose certainty level and λ to find the required sample 

size in clinical study designs

 Results support organizations making medical regulatory submissions to 

health authorities (Health Canada, FDA, MHRA) that stipulate adequate 

sample size for ML models

 This study supports compliance with ML reporting guidelines that require 

sample size justification

 R code is available at osf.io/tbs8q



Limitations

 Number of “population” datasets may not be sufficient to achieve 

generalization

 Dataset characteristics (entropy, degrees of freedom, class 

imbalance) may not be sufficient as predictors for the certainty 

curve

 Accuracy depends on dataset characteristics, which may require 

estimation from prior studies or feasibility samples



Next steps

 Extend methodology to other ML models beyond tree-based ensembles 

(e.g., neural networks, regularized regression)

 Develop domain-specific calculators using homogeneous datasets to 

improve accuracy for specialized applications

 Investigate inclusion of additional complexity metrics that better 

capture non-linearities and predictor dependencies

 Adapt framework for other data modalities (e.g., imaging, genomic 

data) to broaden applicability



Thank you for listening!

Questions?



SUPPLEMENTARY SLIDES



Sizes of samples from population 

datasets

 Sample sizes were based on a geometric series: 

 𝑏~𝑁(𝜇 = 1.5, 𝜎2 = 0.0052), 𝑛𝑖 = 𝑏𝑖+9 , 𝑖 = 1,… , 23, where [.] 

denotes rounding to the closest integer

 Giving a range from ~50 to ~400K



Average standardized entropy 

(entr):

 Continuous variables were discretized (Sturges method)

 Standardized entropy = −
σ𝑖=1
𝑘 𝑝𝑖𝑙𝑜𝑔2(𝑝𝑖)

𝑙𝑜𝑔2(𝑘)
, k: number of 

categories, pi: proportion of each category

 Standardized entropy was averaged over all features



Observed certainty curve

 Estimated for each population data set and its subsets 

separately, using a logistic model

 logit(C(n)) = a+b· log(n)
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