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Abstract
Objectives: Artificial Intelligence models are increasingly used in health care, yet global performance metrics can mask variations in reliability 
across individual patients or subgroups with shared attributes, called patient profiles. This study introduces predictive performance precision 
analysis in medicine (MED3pa), a method that identifies when models are less reliable, allowing clinicians to better assess model limitations.
Materials and Methods: We propose a framework that estimates predictive confidence using 3 combined approaches: individualized (IPC), 
aggregated (APC), and mixed predictive confidence (MPC). Individualized predictive confidence estimates confidence for each patient, APC 
assesses it across profiles, and MPC combines both. We evaluate our method on 4 datasets: 1 simulated, 2 public, and 1 private clinical dataset. 
Metrics by declaration rate curves show how performance changes when retaining only the most confident predictions, while interpretable 
decision trees reveal profiles with higher or lower model confidence.
Results: We demonstrate our method in internal, temporal, and external validation settings, as well as through a clinical example. In internal 
validation, limiting predictions to the 93% most confident cases improved sensitivity by 14.3% and the area under the receiver operating charac
teristic curve by 5.1%. In the clinical example, MED3pa identified a patient profile with high misclassification risk, demonstrating its potential for 
safer deployment.
Discussion: By identifying low-confidence predictions, our framework improves model reliability in clinical settings. It can be integrated into 
decision support systems to help clinicians make more informed decisions. Confidence thresholds help balance model performance with the 
proportion of patients for whom predictions are considered reliable.
Conclusion: Better leveraging confidence in model predictions could improve reliability and trustworthiness, supporting safer and more effective 
use in health care.
Key words: machine learning; predictive confidence; model reliability; model performance evaluation. 

Introduction
Artificial intelligence (AI) has the potential to transform 
health care, with clinical models playing a key role in advanc
ing precision medicine by helping with diagnosis and progno
sis.1–3 These models typically undergo internal training and 
validation, followed by external validation across diverse 
datasets.1,4–6 However, as highlighted by multiple studies,7– 

11 this standard pipeline does not guarantee generalizability 
due to variations in populations and contexts. Machine learn
ing (ML) methods often assume congruence between training 
and application distributions; this assumption, however, is 

not always met in real-world applications. This discord is 
often attributed to dataset shifting, where the joint distribu
tion of inputs and outputs differs between training and test
ing phases.12 Another deficiency in AI models is their focus 
on estimating local averages by mapping the predictor space 
onto a latent dimension where their relationship with the 
desired outcome is accentuated. Although this approach opti
mizes global performance metrics, it may overlook underre
presented subpopulations and fail to account for individual 
variability.13 As a result, predictions may be unreliable for 
some patients, meaning that the model’s output is less likely 
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to accurately reflect the patient’s true outcome. Moreover, 
predictive performance may vary between patients even if the 
model is well calibrated. Some patient profiles—defined as 
subgroups of patients with shared features such as age or 
comorbidities—may systematically exhibit higher prediction 
errors. Although patient profiles are defined by rule-based 
patient characteristics, model performance is used to identify 
which profiles are associated with systematically higher or 
lower predictive performance. It then becomes imperative to 
conduct a comprehensive analysis to identify and characterize 
such low-confidence predictions. Here, confidence reflects 
the expected reliability of the model’s output for each patient, 
with lower confidence indicating a higher risk of incorrect 
prediction. This analysis should be performed prior to model 
deployment and maintained continuously as clinical contexts 
and data distributions evolve.

Multiple factors can cause a model to make erroneous pre
dictions. Even when deployment data follow the same distribu
tion as the training data, some cases lack discriminative 
information, and the inherent variability between outcomes 
and predictors cannot be reduced, which is known as aleatoric 
uncertainty. Epistemic uncertainty can also lead to incorrect 
prediction, arising from limitations within the model itself, 
including misspecification or insufficient representation of cer
tain patient subgroups. As a result, the model may be correctly 
specified for the dominant subpopulation but misspecified for 
varying underrepresented subgroups or individuals. Even with 
correct model specification, predictions may remain uncertain 
for certain patient profiles, for example, logistic regression 
when predicted probabilities are near 0.5.

Figure 1 illustrates how these sources of uncertainty can 
manifest in practice. Figure 1A shows examples within the 
training data where the model bPA is less accurate due to lim
ited discriminative information. Figure 1B highlights how 

temporal or external datasets can diverge from the training 
distribution, demonstrating the importance of contextual val
idation. Even if the model bPA is correctly specified for the 
training distribution (set A), its predictions are less reliable 
for patients with higher values of x1 (red rectangle) due to 
subgroup underepresentation. Temporal datasets refer to 
future data collected from the same source, while external 
datasets originate from different institutions or populations. 
Models developed in a specific context may degrade or fail to 
generalize, as seen in Vela et al.,14 who observed temporal 
performance declines even in stable environments, reinforcing 
the need for continuous monitoring.

Several approaches have been proposed to improve predic
tive model reliability and interpretability, particularly under 
distribution shifts and performance disparities. Ginsberg 
et al.12 introduced Detectron, a hypothesis test detecting 
harmful covariate shifts by analyzing an ensemble of con
strained disagreement classifiers. Shashikumar et al.15 proposed 
COMPOSER, a sepsis model using conformal prediction to 
flag unfamiliar cases as indeterminate, improving model deploy
ment across diverse populations. Conformal prediction provides 
regions containing the true outcome with a specified confidence 
level.16 Recent works extended conformal prediction to handle 
covariate shifting, enabling confident predictions even when 
testing data differ from training.17–19 Conformal prediction pro
vides guarantees on predictions by constructing calibrated pre
diction regions from past data, but it focuses on producing valid 
prediction sets rather than characterizing specific patients asso
ciated with higher uncertainty.

In contrast, uncertainty quantification (UQ) techniques are 
specifically designed to estimate predictive uncertainty, aiming to 
provide reliable predictions.20–24 These methods typically esti
mate epistemic and/or aleatoric uncertainty, often during model 
training, and rely on assumptions on the underlying learning 

Figure 1. Illustration of model reliability across internal and temporal/external contexts. (A) Internal validity: scatter plot showing a classification model 
trained on 2 features (X1 and X2) to separate blue triangles and circles. The dashed curve represents the discriminant boundary of the model, defined by 
fX : bP Aðy ¼ 1 j X Þ ¼ 0:5g, where bP Aðy j X Þ is trained and calibrated on set A. In the central region (yellow rectangle), classes are well separated and the 
model is more reliable. On the left (red rectangle), class overlap leads to lower model reliability. (B) Temporal and external validity: additional data points 
from set B (green) reveal a new region on the right (red rectangle) where the model becomes unreliable, due to an overlap between the 2 classes not 
present in the original data. The marginal distributions PAðX1Þ and PBðX1Þ illustrate a shift in feature X1 between sets A and B, contributing to changes in 
performance across profiles.
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algorithm. As a result, many are not model-agnostic and primar
ily characterize uncertainty within the training data distribution. 
Furthermore, those uncertainty estimates do not necessarily 
reflect whether a trained model will produce an incorrect predic
tion on a given test instance,25–27 and the quality of uncertainty 
estimation degrades under distribution shifts.28,29

An alternative line of work reframes uncertainty estimation 
as a prediction task, aiming to forecast if a model’s prediction is 
likely to be erroneous on new inputs. These methods focus on 
predicting model performance rather than uncertainty intrinsic 
to the model or data. Most approaches formulate this task as a 
binary classification problem, predicting whether a model’s out
put is correct for a given instance.25,30–34 Framing error predic
tion as a binary outcome however ignores the magnitude of 
prediction errors. Using continuous error measures can instead 
emphasize highly erroneous high probability predictions, assign
ing lower confidence to predictions that the initial model makes 
with high confidence but are likely to be wrong.

The effectiveness of these methods is often evaluated using 
accuracy-rejection curves,30,33,35,36 which measures the accu
racy of a base classifier after progressively rejecting predic
tions with lowest confidence. Accuracy-based evaluation may 
however be misleading in certain settings, such as highly 
imbalanced datasets. Alternative rejection curves have been 
proposed based on other performance metrics, such as preci
sion, recall or AUROC.31,37,38

Complementary to UQ, the hidden stratification literature 
investigates performance disparities across subgroups, allow
ing a more interpretable explanation of model limitations. 
Some approaches rely on manually defined subgroups,39,40

which may restrain the efficiency of subgroups discovery. 
Several automatic methods have been proposed without 
requiring predefined rules; however, many of these are based 
on clustering representations in the latent space of neural net
works,41–45 restricting their applicability to neural network- 
based models. To address this limitation, QUEST46 was 
proposed as a model-agnostic hidden stratification method 
that uses decision tree induction to identify easily interpret
able subgroups associated with discrete levels of uncertainty. 
Discretizing uncertainty into a small number of bins may 
limit the granularity of uncertainty estimates, potentially 
resulting in less precise subgroup characterization.

In this work, we introduce the predictive performance pre
cision analysis in medicine (MED3pa) method. Predictive 
performance precision analysis in medicine is a model- 
agnostic framework for the post hoc identification and char
acterization of potential failures of a preexisting predictive 
model, referred to as the BaseModel, which represents a well- 
trained and calibrated binary classification model. Predictive 
performance precision analysis in medicine identifies patient 
profiles for which the BaseModel exhibits reduced perform
ance, supporting both predeployment evaluation and postde
ployment monitoring. This article presents the first phase of 
MED3pa, focusing on identifying when and for whom a Base
Model is less reliable by detecting low-confidence predictions 
and revealing the most affected patient profiles. Future work 
will explore the underlying causes of these reliability gaps and 
explore strategies to improve reliability across patient profiles.

Objective
The overarching goal of MED3pa is not to exclude patients 
from care, but to improve the inclusivity and reliability of 
model predictions for all patients. A prediction may have a 

high probability of being incorrect not necessarily because 
the model is unreliable, but due to inherent uncertainty or 
variability in the data such as underrepresentation of certain 
profiles or high outcome variability. By identifying patients 
for whom a model may be less reliable, we aim to better 
understand and address its limitations. However, in this first 
work, we focus on identifying these patients and, for now, 
withholding predictions for them to explore how excluding 
uncertain cases can balance performance improvements with 
patient inclusion. Specifically, we aim to:

� develop a method to detect and characterize patient 
profiles associated with a high likelihood of inaccurate 
predictions, to provide insights on prediction reliability in 
clinical models; 

� demonstrate the method on a simulated dataset, to validate 
its functionality in a controlled setting; and 

� apply the method to real clinical datasets, to assess its 
effectiveness in a clinical context. 

Intended uses
The MED3pa method offers a range of applications aimed at 
improving our understanding and utilization of a preexisting 
BaseModel, both for initial validation and continuous moni
toring. While not exhaustive, key applications include:

1) assessing applicability and reliability: evaluate if the 
BaseModel is suitable for specific clinical contexts; 

2) investigating patient profiles: identify and analyze patient 
profiles for which the BaseModel demonstrates reduced 
performance; and 

3) daily clinical application: evaluate whether the BaseModel 
can be used for a given patient, ensuring predictive capabil
ities align with patient care objectives. 

Methods
Predictive performance precision analysis
We consider a generic binary classification model that has 
been previously trained, calibrated, and validated, denoted as 
the BaseModel. Our goal is to evaluate one such model on 
new, unseen data from the deployment context, referred to as 
evaluation sets. These sets may also include additional patient 
characteristics, such as sociodemographics, which can later be 
used to explore hypotheses about performance disparities. 
While global metrics such as the area under the receiver oper
ating characteristic curve (AUC), sensitivity, and specificity are 
typically used to assess performance in new contexts, they may 
overlook patient-level variability. To address this, we propose 
an approach assessing predictive confidence at both individual 
patient and customizable patient profile levels within these 
evaluation sets, identifying where the model is less reliable. 
This allows exploration of performance improvements by 
selectively withholding predictions, while balancing metric 
gains and patient inclusion for which the BaseModel can be 
more safely applied.

To illustrate our method, we first use a simulated dataset 
to visualize key concepts (data generation process is described 
in Material S1A). Figure 2A shows the generated training/ 
testing data and the classification regions produced by the 
BaseModel, which is a random forest classifier.
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Defining confidence
We define the predictive confidence of a BaseModel for 
patient i as ci ¼ cðxi;yi;byiÞ, where xi denotes the patient’s 
characteristics, yi the true outcome, and byi the prediction gen
erated by the BaseModel. This confidence metric quantifies 
the predictive performance of the BaseModel given patient 
characteristics. This confidence metric can be binary (eg, 
ci ¼ 1byi¼yi

) or continuous (eg, ci ¼ 1 − ∥byi − yi∥), where byi ¼

bpðxiÞ is the BaseModel’s prediction and yi is the true label. 

It may also be the predicted probability itself when the true 
outcome is unknown. However, our objective is to predict 
systematic model failures across patients, whereas the pre
dicted probability primarily reflects the BaseModel scoring 
function and is less effective for failure prediction.20,25

Empirical results supporting this observation are presented 
in Material S1B. Asymmetrical metrics can also be used to 
reflect classification thresholds or misclassification costs. 
The choice of confidence measure depends on the deploy
ment context.

Figure 2. Overview of the proposed MED3pa method for identifying and managing predictive confidence using a simulated dataset. (A) Conventional 
global validation: a BaseModel is trained on a training dataset and evaluated on a separate test dataset, with performance reported as global metrics. 
(B) Conditional predictive confidence: example confidence estimates on the test set using the individualized predictive confidence (IPC), aggregated 
predictive confidence (APC), and mixed predictive confidence (MPC) models, each highlighting different aspects of predictive confidence. (C) Metrics by 
declaration rate (MDR): MDR curves visualize how performance metrics evolve as increasingly uncertain predictions (based on the MPC) are removed. 
The APC model is also used to identify interpretable patient profiles associated with low confidence. The bottom panel illustrates 3 examples of DR on 
the testing data, with DR¼ 100% where no patient is excluded, and DR¼ 70% where 30% of patients with lowest confidence are excluded from the 
use of the BaseModel.
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Individualized predictive confidence model
We then construct the individualized predictive confidence 
(IPC) model, which predicts an estimate bcðxiÞ of the confi
dence metric for each new patient using features xi. To train 
IPC, we first apply the BaseModel to a subset of the evalua
tion set and compute for each patient i a confidence value 
cðxiÞ using our chosen confidence metric. The IPC model is 
then trained to predict the confidence using patient features. 
Individualized predictive confidence can be any classification 
model if the confidence metric is discrete, or a regression 
model if continuous. It is advisable to choose a model with 
similar or less capacity than the BaseModel to avoid overfit
ting confidence predictions. At deployment, IPC takes only 
features xi to provide an estimate of the confidence value for 
each patient before applying the BaseModel 

IPCðxiÞ ¼ bcðxiÞ;

where bcðxiÞ is the predicted confidence. Figure 2B shows an 
example using a random forest regressor as IPC to predict a 
confidence score defined as 1 − ∥byi − yi∥.

Aggregated predictive confidence model
Although the IPC model provides confidence estimates for 
individual patients, it does not provide any mechanism to 
identify groups of patients with similar confidence patterns. 
Identifying low-confidence profiles highlights disadvantaged 
profiles and helps investigate the sources of these discrepan
cies. To address this, we introduce the aggregated predictive 
confidence (APC) model. The APC model builds confidence 
profiles using supervised learning, where the target is the con
fidence values defined by the IPC model. A CART model 
(classification or regression depending on the confidence met
ric) is trained on the same subset of the evaluation set as the 
IPC, partitioning patients into profiles (represented by the 
leaves of the tree) that share similar expected confidence lev
els. For any patient profile Si, APC outputs the average IPC- 
predicted confidence within that profile: 

APCðSiÞ ¼
1
jSij

X

j2Si

IPCðxjÞ:

For an individual patient, APC outputs the average confi
dence associated with the smallest profile containing that 
patient, corresponding to a leaf of the induced tree. The 
generation of these confidence profiles follows a rule-based, 
tree-structured approach similar to QUEST.46 In APC, each 
profile is however associated with an overall confidence 
value, which is used to rank profiles by confidence rather 
than discretizing uncertainty into categories such as high vs 
low. Tree-based models are particularly valuable for produc
ing interpretable profiles and computing APC values. Profile 
granularity is adjusted by changing tree depth and should be 
chosen contextually, reflecting the desired level of detail. Sim
ilar to QUEST,46 it can also be determined by identifying the 
optimal tradeoff between the number of profiles and the 
accuracy of predicted confidence. Aggregated predictive con
fidence profiles are constructed using the patient characteris
tics in the evaluation set, which may include the features used 
by the BaseModel as well as additional patient variables. 
Figure 2B illustrates a regression tree-based APC, while 
Figure 2C shows the resulting profiles.

Mixed predictive confidence model
The IPC model provides patient-specific confidence estimates, 
but these can vary widely between patients. In contrast, the 
APC model offers more consistent estimates by grouping sim
ilar patients into profiles, although it may miss important 
individual differences. By combining both models, we can 
achieve a better balance between individual precision and 
overall stability in estimating prediction reliability for each 
patient. We propose the mixed predictive confidence (MPC) 
model, defined as 

MPCðxiÞ ¼ f ðIPCðxiÞ;APCðxiÞÞ;

where f ðIPCðxiÞ;APCðxiÞÞ combines IPC and APC predic
tions. A simple approach is taking the minimum confidence, 
but other methods such as averaging could be used depending 
on context. Mixed predictive confidence balances individual 
estimates with broader profile-level trends. Figure 2B illus
trates an MPC model using the minimum strategy, highlight
ing both low-confidence profiles and individual points.

Training procedures for IPC, APC, and MPC depend on 
intended use, whether to capture individual, profiled, or com
bined confidence. Further details are provided in Material S1C.

Metrics by declaration rate
Once confidence estimates are available and low-confidence 
patients are identified in the evaluation subset, it remains nec
essary to determine minimum acceptable confidence levels 
before deploying the BaseModel. To guide this, we introduce 
metrics by declaration rate (MDR), a generalization of the 
accuracy-rejection curves.35,30 Metrics by declaration rate is 
computed exclusively on the remaining portion of the evalua
tion set not used for IPC/APC training (further detailed in 
Material S1C and D), ensuring that no instances used to train 
the confidence models are included in the reported metrics. It 
assesses predictive performance by gradually excluding the 
least confident predictions. The declaration rate (DR) refers to 
the proportion of patients retained. For each DR, we compute 
metrics (eg, AUC, accuracy). For example, at DR¼60%, 40% 
of patients with lowest predicted confidence are excluded, and 
the BaseModel is evaluated on the remaining 60%.

To construct MDR curves, patients are ranked by pre
dicted confidence (via IPC, APC, or MPC). For each DR 
2 ½0;1�, patients with lowest confidence are incrementally 
removed, and metrics such as AUC, sensitivity, and specificity 
are computed in the remaining subset. Plotting metrics against 
DR yields MDR curves, visualizing how excluding the least 
confident predictions affects performance.

Ideally, well-calibrated confidence estimates produce 
monotonically increasing MDR curves as erroneous predic
tions are excluded. In practice, confidence models often iden
tify some, but not all, uncertain predictions. Metrics by 
declaration rate curves may then increase, peak, and decline 
as further exclusion offers no benefit or harms performance. 
The optimal DR depends on the objective and should balance 
performance gains and patient inclusion.

Figure 2C shows MDR curves increasing up to DR¼60%, 
then decrease. For example, if the goal is to increase AUC, 
DR¼90% may be optimal as it marks where performance 
plateaus. It also illustrates how different DR values translate 
into removing the least confident predictions from the evalua
tion set, where predictive confidence is defined using the 
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MPC. It is computed as the minimum between the IPC and 
the APC, thereby enabling a tradeoff between individual-level 
and profile-level confidence. At DR¼ 100%, the scatter plot 
shows all data points, with the background color indicating 
predictive confidence (dark gray being the least confident and 
white the most confident). At DR¼85%, the 15% least confi
dent predictions are removed, including the 2 patient profiles 
highlighted in red. At DR¼70%, the 30% least confident are 
removed, including profiles highlighted in red and orange.

Experimental setup
We applied our method to 2 classification problems: in-hospital 
mortality (IHM) using public datasets, and 1-year mortality 
(OYM) using a private dataset. Further experimental details 
and algorithmic components are provided in Material S1D.

In-Hospital mortality prediction
The first task predicts IHM for ICU patients 24 h after admis
sion, using 17 predictors from the simplified acute physiology 
score II.47 We used MIMIC-IV48 and eICU-CRD,49 2 public 
datasets from US hospitals. MIMIC-IV contains electronic 
health records (EHRs) from Beth Israel Deaconess Medical 
Center (2008-2019), while eICU-CRD includes 208 hospitals 
(2014-2015). After applying preprocessing and exclusion cri
teria following Zeng et al.,50 the final MIMIC-IV dataset 
included 16 271 admissions. In eICU-CRD, hospitals with 
less than 225 admissions were excluded to ensure sufficient 
sample size, resulting in 2583 admissions across 9 hospitals.

The IHM BaseModel is an XGBoost classifier trained on 
half of the 2008-2013 MIMIC-IV cohort (n¼4476; 16.8% 
positive rate). It was calibrated, with the classification thresh
old selected by maximizing Youden’s J-index.51 The confi
dence metric used is a sigmoidal function (Material S1E). 
Mixed predictive confidence was defined as the minimum 
confidence between IPC (random forest regressor) and APC 
(regression tree). The BaseModel was applied to the remain
ing 2008-2013 patients (n¼ 4476; 17.4% positive rate) for 
internal validation, the 2014-2019 cohort (n¼ 7319; 18.8% 
positive rate) for temporal validation, and to each eICU hos
pital (n¼2583; 18.1% positive rate) for external validation. 
Further details on data processing, variable transformations, 
exclusion criteria, evaluation sets construction, and descrip
tive statistics are provided in Material S1F.

One-year mortality prediction
The second task predicts OYM risk upon admission, using 
data from Laribi et al.,52 comprising EHRs and administra
tive data from an integrated university hospital network in 
Sherbrooke, Quebec, Canada. We used the “AdmDemoDx” 
dataset, which includes 2 demographic variables, 10 admis
sion characteristics, 85 comorbidities, and 147 admission 
diagnoses.52

Following Laribi et al.,52 the BaseModel was trained on 
2011-2017 admissions (n¼148 587; 13.9% positive rate) 
and validated on 2017-2021 admissions (n¼61 310; 12.5% 
positive rate). The BaseModel is a calibrated random forest 
classifier, with threshold optimization via Youden’s index.51

The same confidence metric as IHM was applied, with 
random forest regressor for IPC, regression tree for APC, 
and minimum confidence strategy for MPC. Additional 
dataset details and descriptive statistics are provided in 
Material S1G.

Results
All methods presented in this study are implemented in the 
public Python package MED3pa, which provides tools for 
estimating predictive confidence, evaluating model perform
ance using MDR curves, and identifying error-prone patient 
profiles. Predictive performance precision analysis in medi
cine is available at: https://pypi.org/project/MED3pa/. The 
package includes a simple example based on synthetic data53

generated from the Laribi et al. dataset. Additionally, the 
code used to generate all results and figures in this study is 
available at: https://github.com/MEDomics-UdeS/study_3pa. 
We evaluated the performance of MED3pa across all experi
mental settings considered in this study, assessing its ability 
to detect BaseModel prediction errors using AUC. Detailed 
results are provided in Material S1B.

Demonstration of the method via IHM prediction
We applied MED3pa to a BaseModel developed to predict 
IHM using MIMIC-IV48 and eICU-CRD49 datasets. First, we 
assessed internal validity on an MIMIC-IV subset sampled 
from the same distribution as training data. Next, we eval
uated temporal validity using data from a later period, and 
finally tested external validity on the eICU-CRD dataset. 
While MDR curves can include any metric, we focused on 5 
to simplify analysis and visualization. Accuracy is not shown 
in these curves, but as detailed in Material S1H, it improved 
consistently across scenarios. We therefore prioritized other 
metrics to better capture performance nuances.

Internal validation
Internal validation assesses whether a model is valid within 
the same context as training data. As shown in the MDR 
curves in Figure 3, removing patients with lowest predicted 
confidence led to improvements in all performance metrics 
except positive predictive value (PPV). Specificity remained 
stable for DR above 93% with a relative increase of 1.2% 
compared to DR¼100% (Δrel%¼1.2), then improved, pla
teauing near 100% at DR¼30%. Negative predictive value 
(NPV) behaved similarly, mostly increasing for DRs above 
93% (Δrel%¼4.4). However, the PPV continually decreased 
as DR was reduced, suggesting that maximizing PPV favors a 
DR of 100%.

Sensitivity and AUC peaked at DR¼93%, with relative 
improvements of 14.3% and 5.1% respectively, before 
declining at lower DRs. Excluding the 7% least confident 
predictions would enhance all metrics except PPV, while 
more aggressive filtering would benefit only specificity 
and NPV.

Temporal validation
After deployment, model performance can degrade due to 
factors such as changes in patient populations or clinical 
workflows. Temporal validation ensures the model remains 
reliable as hospital characteristics evolve.

As shown in Figure 4, specificity and NPV improved con
sistently by removing low-confidence patients, while other 
metrics tended to decline. For example, if the clinical objec
tive is to maintain the same specificity as internal validation 
(specificityIV

DR¼93%
¼0.838), this would be achieved with a DR 

of 91%. However, for other objectives, retaining all patients 
may be preferable.
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Even when predicted confidences do not improve most met
rics, confidence profiles still provide insights into model limita
tions and improvement targets. In Figure 4B, patients with a 
BUN between 25.5 and 30.8 mg dL−1 showed decreased per
formance across all metrics. Those with BUN≤25.5 saw 
improved AUC, specificity, and NPV, but reduced sensitivity 
and PPV. This suggests the BaseModel is more confident in 
negative predictions for this profile, at the cost of positive pre
diction performance. Analyzing confidence profiles can sup
port various goals depending on the context.

External validation
External validation simulates deploying the BaseModel in a 
context different from training data. Figure 5 shows MDR 
curves for 3 hospitals from the eICU-CRD database49 demon
strating metric improvements. For each hospital, we proposed 
an optimal DR and summarized metric changes compared to 
DR¼100% in Table 1.

For Hospital #167, specificity slightly improved and PPV 
remained stable. Other metrics peaked at DR¼ 83%, where 
they plateaued. A suggested DR of 83% would increase sensitiv
ity (Δrel%¼31.7), NPV (Δrel%¼10.6), and AUC (Δrel%¼17.9). 
For Hospital #199, specificity slightly increased, while sensitiv
ity, NPV, and AUC peaked at DR¼94%. In a real-life scenario, 
this DR could be proposed to maximize all 3 metrics while main
taining a good patient proportion, improving sensitivity 
(Δrel%¼14.3), NPV (Δrel%¼4.4), AUC (Δrel%¼6.4), and specif
icity (Δrel%¼1.5), though PPV would relatively decrease by 3%.

Hospital #188 showed a similar pattern where specificity 
slightly increased, PPV decreased, and other metrics pla
teaued at DR¼ 90%. Figure 5C highlights patient profiles at 
DR¼90% in Hospital 188, where patients with Glasgow 
Coma Scale (GCS) score under 7.5 and temperature over 
38.1 �C were excluded. Given the BaseModel’s unreliability 
for this profile, it would be advisable not to rely on its predic
tions for clinical decisions.

Figure 3. Internal validation of the BaseModel. MDR curves for the internal test set show that removing 7% of the least confident predictions (DR ¼
93%, black dotted line) leads to notable improvements in sensitivity, AUC, specificity, and NPV, while PPV decreases. Performance metrics at DR ¼
100% and DR ¼ 93% are reported alongside their relative percentage change (Δrel%).

Figure 4. Temporal validation of the BaseModel. (a) MDR curves for the temporal test set show that at DR¼91% (black dotted line), specificity and NPV 
improve while other metrics tend to decline. (b) Confidence profiles identified by the APC model at DR ¼ 100%. Highlighted patient profiles, such as 
those with BUN between 25.5 and 30.8 mg/dL, exhibit lower performance across all metrics, while other profiles (e.g., BUN ≤ 25.5 mg/dL) show 
improved specificity and NPV but reduced sensitivity and PPV.  

1106                                                                                                    Journal of the American Medical Informatics Association, 2026, Vol. 33, No. 6 
D

ow
nloaded from

 https://academ
ic.oup.com

/jam
ia/article/33/6/1100/8566228 by guest on 07 August 2026



Clinical illustration using one-year mortality 
prediction
Predictive performance precision analysis in medicine supports 
both predeployment evaluation and postdeployment monitoring 
of a BaseModel. Here, we illustrate predeployment use (Figure 6) 
with data from Laribi et al.,52 where the BaseModel predicts 
OYM upon admission. Predictive performance precision analy
sis in medicine helps refine decision-making by identifying areas 
of low predictive confidence.

Before deploying the BaseModel with MED3pa in clinical 
workflows, an acceptable risk threshold should be deter
mined with regulatory authorities. This begins by analyzing 
overall performance and determining the optimal DR using 

MDR curves (Figure 6A). In this example, our goal is to 
improve performance without prioritizing any specific metric. 
Most metrics improved up to DR¼95%, after which they 
remained stable or declined. Based on this, we set DR at 95%.

We then examined retained patient profiles at this DR 
(Figure 6B). Although no profile was completely excluded, 
some subgroups showed significant deviations from global met
rics. One such profile, highlighted in red, consisted of patients 
aged >59 years, admitted urgently with a cancer diagnosis. 
The BaseModel consistently predicted mortality (positive out
come) for this profile, despite an actual mortality rate of 50%, 
resulting in specificity and NPV of 0.

Once DR is set and high-risk profiles identified, the Base
Model with MED3pa could be deployed clinically. To illus
trate practical use, we present a sample table of clinical data 
from 3 patients (Figure 6C) and show how final predictions 
are made (Figure 6D). For each patient, the table includes the 
BaseModel prediction, MED3pa’s predicted confidence, and 
a potential real-life recommendation.

The prediction for patient 1 would be rejected due to low 
predicted confidence (below the 95% threshold). Patient 2 
would receive a warning, as they belong to a high-risk profile 
(yellow profile in Figure 6B). Patient 3 would be approved as 
a reliable BaseModel prediction, as their predicted confidence 
exceeded the threshold and they were not part of a high-risk 
profile. This example shows how MED3pa highlights model 
limitations, supports nuanced decisions, and promotes reli
able deployment.

Discussion
In this study, we introduced MED3pa, a confidence-based 
method to identify and mitigate prediction errors in clinical 

Figure 5. External validation of the BaseModel across 3 hospitals. (A-C) MDR curves for Hospitals #167, #199, and #188 show how model performance 
changes as the least confident predictions are excluded using MPC-based predictions. Most metrics demonstrate improvements up to a certain DR 
beyond which gains plateau or decline, except for PPV, which tends to decrease. Abbreviations: DR, declaration rate; MDR, metrics by declaration rate; 
MPC, mixed predictive confidence; PPV, positive predictive value.

Table 1. External validation results across 3 eICU-CRD hospitals.

Hospital ID 167 199 188

DR 100 83 100 94 100 90

Specificity 0.64 0.65 0.67 0.68 0.6 0.63
Δrel% 1.6 1.5 5
Sensitivity 0.6 0.79 0.7 0.8 0.88 0.94
Δrel% 31.7 14.3 6.8
NPV 0.85 0.94 0.91 0.95 0.97 0.99
Δrel% 10.6 4.4 2.1
PPV 0.33 0.33 0.33 0.32 0.28 0.26
Δrel% 0 −3 −7.1
AUC 0.67 0.79 0.78 0.83 0.77 0.85
Δrel% 17.9 6.4 10.4

For each hospital, we report model performance at DR¼ 100% (all patients 
included) and at the suggested DR, as well as the relative percentage change 
(Δrel%) in metrics by excluding least confident predictions. In all 3 hospitals, 
all metrics improve except for PPV, which remains stable or decreases.
Abbreviations: DR, declaration rate; PPV, positive predictive value.
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models. Using IPC for patient-specific confidence, APC for 
profile-level confidence, or their combination via MPC, our 
approach helps determine when and where a BaseModel is 
more likely to fail during deployment.

We applied MED3pa to 2 classification tasks: IHM using 
MIMIC-IV and eICU datasets, and OYM using a private 
dataset. For both tasks, we trained a BaseModel and eval
uated its reliability. Using metrics by declaration rate MDR 
curves, we identified thresholds where model performance 
increased while excluding few patients. For example, in inter
nal validation for IHM task, limiting predictions to the top 
93% most confident cases via IPC estimates led to a 14.3% 
increase in sensitivity. We then used the APC model to detect 
patient profiles more affected by prediction errors. For 
instance, in OYM, patients over 59 years of age, admitted 
urgently with cancer (Figure 6B) had 50% actual mortality 
rate, yet the BaseModel predicted all as positive, resulting in 
poor specificity and NPV. Predictive performance precision 

analysis in medicine helps uncover such model limitations 
unnoticed in global evaluations.

In all experiments, MED3pa improved some performance 
metrics while excluding only a small fraction of patients from 
the BaseModel’s applicability. Metrics by declaration rate 
curves showed clear tradeoffs between performance and 
patient coverage, and APC highlighted interpretable profiles 
showing BaseModel limitations. These findings emphasize 
MED3pa’s utility in exposing limitations and improving clin
ical safety for reliable deployment.

Our method identifies potential predictive errors and helps 
determine acceptable risk tolerance. Integrating MED3pa 
into predictive models raises awareness of limitations and 
may reduce systematic errors. It also supports fairness assess
ments by examining how confidence varies across variables 
such as age, sex, or ethnicity. While fairness was not the focus 
here, MED3pa could help detect discrimination in BaseMo
del predictions. The method is not limited to ML and could 

Figure 6. Clinical illustration of the MED3pa method for 1-year mortality prediction. (A and B) Preliminary steps: this step would be done by regulatory 
authorities before deploying into clinical workflows. The MDR curve (A) is first used to determine an appropriate DR. A suggestion here would be 
DR¼ 95%, where most metrics peak before declining, resulting in a minimum confidence threshold of 0.4. We then observe patient profiles identified 
by the APC model (B). The profile of patients over 59 years old, admitted urgently and with hematology/oncology diagnoses is highlighted in red due 
to consistently predicting mortality despite a 50% survival rate. (C and D) Example of clinical use for 3 representative patients examples: Once the 
BaseModel with the MED3pa method is deployed, the BaseModel’s predictions are to be interpreted using MED3pa recommendations. For each new 
patient (C), the confidence score and APC profile membership are first determined with an appropriate recommendation (D): rejection of low-confidence 
predictions (patient #1), caution for patients in high-risk profiles (patient #2), and acceptance for confident predictions outside such profiles (patient #3). 
Abbreviations: APC, aggregated predictive confidence; DR, declaration rate; MDR, metrics by declaration rate; MED3pa, predictive performance 
precision analysis in medicine.
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be applied to any decision-making system. It also aligns with 
FUTURE-AI guidelines for trustworthy, deployable AI in health 
care, including robustness, explainability, and fairness.54

The goal of this work is to introduce predictive confidence 
analysis for individual patients and profiles. While initial 
results are promising, several improvements remain neces
sary. First, the confidence metric could better account for 
context, such as class imbalance. Although we used a sigmoi
dal function (Material S1E) that considers the BaseModel’s 
classification threshold, it is symmetrical. Incorporating 
asymmetry could better reflect class imbalance. The perform
ance of MED3pa also depends on the IPC and APC models, 
so optimizing these components is important. While tree- 
based APC models produce interpretable patient profiles, 
they may not always reflect clinically meaningful subgroups. 
Exploring alternative clustering methods could help detect 
more granular, high-risk profiles. It would also be useful to 
adapt MED3pa to prioritize metrics such as sensitivity or pre
cision, depending on clinical needs. As illustrated in Material 
S1H, MED3pa consistently improves accuracy across all sce
narios explored, but future work could adapt the method to 
optimize other metrics.

This is the first phase of MED3pa, our long-term goal 
being to better integrate all patients, not exclude them from 
the BaseModel’s applicability. Once we identify patients for 
whom the BaseModel underperforms, we aim to explain the 
performance gaps (eg, covariate shifting) and refine the Base
Model accordingly. Other alternatives include comparing 
confidence profiles over time, or using unlabeled data to rap
idly detect changes in real-time monitoring.

Conclusion
In this study, we introduced MED3pa , a novel method that 
evaluates the reliability of clinical prediction models by iden
tifying patients for whom the predictions are most reliable. 
Predictive performance precision analysis in medicine pro
vides a structured approach to identify and characterize 
model confidence, improving model trustworthiness, and 
supporting reliable clinical decision-making. Further research 
will focus on explaining the sources of low confidence in 
model predictions, refining confidence estimation, and adapt
ing the model to improve performance for patient profiles in 
which it currently underperforms.
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