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INTRODUCTION

Calibration of predictive models is essential to ensure the 
clinical reliability of risk estimates, particularly when decisions 
are based on well-defined probability thresholds. However, 
especially in machine learning (ML) applications, calibra-
tion is often overlooked, and model performance is typically 
evaluated using discrimination metrics alone [1,2]. Several 
calibration metrics have been proposed, including the Brier 
Score, Expected Calibration Error (ECE), Maximum Calibra-
tion Error (MCE), and Integrated Calibration Index (ICI). Each 
of these has limitations: for example, the Brier Score reflects 
a global average and may mask local errors; ECE and MCE 
are highly sensitive to binning strategies and become unstable 
with limited data; the ICI, while more robust, does not focus 
specifically on clinically relevant thresholds [3–5]. As a re-
sult, these metrics may fail to detect or emphasize calibration 
errors in the areas most critical for clinical decision-making.

OBJECTIVES

To introduce the Bayesian Calibration Error (BCE), a met-
ric that quantifies both the magnitude and concentration of 
miscalibration around a clinically relevant threshold, and 
to evaluate its use alongside the Absolute Calibration Error 
(ACE).

METHODS

BCE integrates three components: (i) quantile-based 
adaptive binning, (ii) a Bayesian formulation to estimate lo-
cal calibration error (LCE), which accounts for the number 
of events in each bin rather than relying solely on observed 

proportions, and (iii) a Gaussian weighting function centered 
around the decision threshold t. For each bin i, the mean pre-
dicted probability ppredi is compared with the expected value 
of the observed frequency, modeled using a non-informative 
Beta(1,1) prior. The posterior distribution becomes Beta(αₚₒₛₜ 
= 1 + k, βₚₒₛₜ = 1 + n – k), where k is the number of events 
and n is the number of observations in the bin. The local cali-
bration error (LCE) is then defined as: 

After defining a decision threshold t (i.e., a predicted prob-
ability associated with a clinical “action”), derived through 
decision curve analysis and/or clinician input, a Gaussian 
weight is assigned to each bin:

where σ (e.g., 0.1) controls the concentration around the 
threshold Weights are normalized to have unit mean. BCE is 
then computed as the weighted average of the LCEs. A high 
BCE indicates that miscalibration is particularly concentrated 
around the threshold.

We applied this approach to a dataset of 3,672 pregnant 
women carrying small-for-gestational-age (SGA) fetuses, 
enrolled in the TRUFFLE 2 multicenter study. Three predictive 
models were developed—Logistic Regression (LR), Random 
Forest (RF), and XGBoost—using 11 routine clinical variables 
to predict adverse perinatal outcomes. The decision threshold 
was set at t = 0.3 based on prior decision analyses.
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RESULTS

The incidence of adverse outcomes was 13%. ACE con-
firmed the same performance ranking across models (LR: 
0.0198, RF: 0.1126, XGBoost: 0.2290). However, BCE im-
posed a stricter penalty on RF (BCE = 0.1916) and an even 
higher one on XGBoost (BCE = 0.2633), indicating that mis-
calibration was concentrated around the decision threshold. 
Although the RF model showed a more pronounced local 
peak of miscalibration, XGBoost had a broader spread of 
error in bins adjacent to the threshold, resulting in a higher 
overall BCE. Conversely, the LR model maintained a low BCE 
(0.0216), suggesting good local calibration.

CONCLUSIONS

BCE complements global calibration metrics by quantify-
ing whether miscalibration is concentrated around the clinical 
decision threshold. While ACE reflects the average accura-
cy of risk estimates across the entire prediction range, BCE 
captures local consistency near the threshold, offering a more 
nuanced evaluation. This distinction is particularly important 
in clinical contexts, where decisions hinge on specific risk cut-
offs. When a clinical “action” threshold is defined, we rec-
ommend reporting both ACE and BCE to support informed 
model assessment. Moreover, BCE enables identification of 
models that, despite satisfactory global calibration, under-
perform near the decision threshold—and conversely, models 
with less favorable global performance that maintain ade-
quate reliability in clinically critical regions.
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Figure 1. Absolute Calibration Error (ACE) and (b) Local Calibration Error (LCE), weighted by proximity to the decision threshold. The red 
dashed line indicates the t=0.3 decision threshold, with the shaded red area representing the critical region defined by σ=0.1
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