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Aims: The performance of machine learning models for tasks such as tumor malignancy classification depends
heavily on representativeness of the training data. Under-represented cases can lead to less reliable and error-
prone predictions. To increase trust, it is crucial to determine when a prediction should be considered reliable.
Methods: Radiomic features were extracted from 918 lung nodules in the LIDC dataset. Images were discretized
with a fixed bin size of 64 before texture analysis. Features highly correlated with nodule volume or each other
were excluded, retaining 80 features. Features were normalized using min-max scaling. The dataset was split into
80 % training and 20 % testing data, where the model was applied and the uncertainty analysis was performed.
An ensemble model was trained using 1000 bootstraps of 90 % of training data, Random Forest, Support Vector
Machine, Gradient Boosting, AdaBoost, and ExtraTree classifiers were trained, each of them on 200 bootstraps.
Aleatoric and epistemic uncertainties were calculated, and percentile-based thresholds were used to identify
uncertain predictions. Evaluation metrics assessed overall performance and performance on certain versus un-
certain cases.

Results: The ensemble model achieved 86 % accuracy. Depending on the uncertainty threshold, 11 %-32 % of test
cases were flagged as uncertain. The proportion of certain incorrect predictions decreased from 8.1 % at the
highest threshold to 2.1 % at the lowest. Thresholds near the 80th or 85th percentile balanced reducing manual
review workload and identifying errors effectively.

Conclusion: The ensemble model successfully identifies most incorrect predictions as uncertain. Future work will
explore the current missing validation on external datasets.

Introduction patients, a (semi-)automatic and non-invasive system for classifying
nodules solely from CT images would provide substantial clinical value.
In recent years, machine learning (ML) approaches for the automatic

classification of tumor malignancies in CT images have been widely

Lung cancer is one of the most prevalent cancers worldwide [1].
Lung cancer screening with chest computed tomography (CT) can

enable earlier detection and thus improve survival rates [2]. In clinical
practice, radiologists identify suspicious lung nodules on the CT scan. If
nodules are suspected to be malignant, biopsy procedures are usually
performed. Since biopsies are time-consuming and burdensome for

investigated. Two widely used approaches are (1) the use of radiomic
features and (2) Convolutional Neural Networks (CNN) [3,4]. An
advantage of radiomic features is their interpretability as they describe
tumor characteristics such as volume or mean intensity. Textural
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features, for instance, can describe rapid textural changes in voxel
neighborhoods [5]. As model interpretability is a critical factor for
clinical use, we concentrate in this work on radiomic features. Previous
studies used radiomic features for the identification of malignant lung
nodules [6,7] in general and small (diameter < 15 mm), malignant lung
nodules specifically [8]., reporting classification accuracies between
73 % and 86 %.

Not all predictions made by classification models have the same
certainty. For example, uncertain predictions may arise from lung
nodules that differ substantially from the training data distribution, or
from nodules that cannot clearly be defined as benign or malignant.
Identifying such uncertain predictions can guide further direct clinical
investigation, whereas certain predictions can be used to rule out
diagnostic procedures. Uncertainty estimation has therefore received
considerable attention within the context of deep learning [9]. However,
uncertainty estimation of radiomic models for lung nodule classification
remains unexplored.

Uncertainty in model decisions can be divided in aleatoric and
epistemic uncertainty. Aleatoric uncertainty refers to uncertainty caused
by randomness or noise in the data and cannot be reduced even when
collecting more data. Epistemic uncertainty arises due to limited data or
imperfect models and can potentially be reduced by collecting more data
or changes in the model [10-12]. Ensemble models are one of several
approaches for identifying uncertain predictions [10]. In this strategy,
multiple classifiers are trained on the same task, such as detecting ma-
lignant lung nodules. To induce variability during training and increase
model diversity, different classifiers are combined and/or bootstrapping
is performed [13]. In an ensemble model, the predictions of all ensemble
members are aggregated to calculate the final decision. One advantage
of ensemble models lies in their intuitive interpretation: Ensemble
members converge to the same decision when the input data is similar to
the training data distribution.

In this work, we employ an ensemble of radiomic models to quantify
uncertainty in lung nodule malignancy classification. The ensemble
model is applied to a test set, and aleatoric and epistemic uncertainty are
used to identify uncertain decisions. The distribution of malignant and
benign nodules flagged as uncertain is analyzed and the tumor charac-
teristics associated with these uncertain predictions are investigated.

Materials and methods
Dataset and data processing

The Lung Image Database Consortium (LIDC) dataset was used [14],
consisting of thoracic CT scans of 1018 patients that had one or more
lung nodules (total: 2625). To obtain segmentation and binary classifi-
cation labels, the information of the LIDC dataset was used. In this
dataset, up to four radiologists delineated the lesions independently and
voted whether a nodule was highly unlikely, moderately unlikely,
moderately likely, or highly likely to be malignant. The radiologists
could also indicate if they were unsure of their decision. The classifi-
cation problem was converted into a binary classification problem by
assuming that all nodules labelled moderately and highly unlikely ma-
lignant were benign. All moderately and highly likely malignant nodules
were considered malignant. Cases where the radiologist’s decisions did
not lead to a consensus were excluded. A consensus among radiologists
was defined as more than half of the radiologists reviewing a lesion
classified the lesion as malignant or benign. Moreover, all images with
an original slice thickness greater than 2.5 mm were excluded. After
discussion with two radiologists (DT and SN), we excluded the six
biggest lung nodules (lesions with a size greater than 8000 mm®). As our
aim was to focus on cases normally appearing in lung cancer screening
and the volume of these nodules was so large that they were likely
detected earlier. In total, 918 lung nodules of 490 patients are included
(an overview of the exclusion process is displayed in Suppl. Fig. 1). The
final segmentation mask was obtained by majority voting among all
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available segmentations of the corresponding lesion and was used for
feature calculation.

Before feature extraction, images were resampled to a common voxel
size of 0.70 x 0.70 x 1.25 mm using bicubic interpolation and the
SimplelTK library (version 2.3.1).

Label uncertainties

As the labels of this dataset were obtained by visual analysis,
incorrect decisions might occur. To address label uncertainty, each
lesion was assigned a confidence-weight during the classification pro-
cess. Before model training, the previously defined instance weights for
class imbalance were multiplied by the confidence weights, that were
defined as follows: a value of 1.0 was assigned if the reviewing radiol-
ogist classified the lesion as highly likely malignant/benign; a value of
0.8 was assigned if the reviewer classified the lesion as likely malignant/
benign; and a value of 0.6 was assigned if the reviewer expressed un-
certainty regarding the classification. For each lesion, the final confi-
dence weight was obtained by averaging across the reviewing
radiologists. To assess the influence of confidence weights, an additional
analysis with only class imbalance weights is performed.

Radiomic feature calculation

489 radiomic features were calculated using RaCaT (version 1.28
[15]), which complies with the Image Biomarker Standardization
Initiative [5]. Before textural feature calculation, images were dis-
cretized using a fixed bin number of 64. All features with a Spearman
correlation coefficient above 0.9 with nodule volume were excluded.
Only features not highly correlated with any other feature were kept.
When two features demonstrated high correlation, the feature with the
lower volume dependence was kept. From these 89 features, those found
in previous work to be repeatable and reproducible were considered
further [16-18]. Feature names of the remaining 81 features are listed in
the supplemental Table 1. Before model training, features were
normalized using min-max normalization.

Creating an ensemble model

Before training, the dataset was split into a training and test dataset
(80 % (n = 734) and 20 % (n = 184) of the dataset) by stratified splitting
at the patient level. The fraction of malignant nodules was 22 % in the
training set and 24 % in the test set.

Generation of ensemble members

An ensemble model consists of multiple ensemble members, which
are models themselves. Data and model diversity are used to generate
diverse ensemble members.

In each of 1000 bootstraps, 90 % of the training data is randomly
sampled with replacement. These 1000 bootstraps are divided into five
sets of 200 bootstraps. Each set of 200 bootstraps is assigned to one of
the five classifiers: Random Forest, Support Vector Machine (SVM),
Gradient Boosting, AdaBoost, or ExtraTree. These classifiers were
included as they demonstrated good results in preliminary tests on the
training dataset and allowed for the use of instance weights during
training. To account for data imbalance, instance weights equal to the
ratio of benign and malignant nodules in the current bootstrap are set
during training. Classifier hyperparameters (see Table 1) were deter-
mined once via grid search on the whole training dataset. The mean
predicted value of all ensemble members was computed to derive the
predicted class label. If the mean was greater than or equal to 0.5, the
predicted was set to malignant. Otherwise, the prediction was set to
benign.
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Table 1

Parameters chosen via grid search for different classifiers. Parameters that are
not listed were kept at their default.

Classifier Parameter

Random Forest max. depth: 4; min samples split: 5; nr. estimators: 24;

SVM kernel: poly, Regularizazion param. C: 0.15, probability: True
Gradient Boosting loss: exponential, learning rate: 0.01

7 nr. estimators= 100

nr. estimators: 100, algorithm: "SAMME"

max. depth= 5, min samples split= 5

Adam Boost
Extra Tree
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Feature selection

A selection of features related to nodule malignancy is required to
achieve adequate predictive model accuracy. Similar to classifier
hyperparameters, the optimal number of features was determined
globally within the training dataset, using 5-fold cross-validation.
Feature set sizes between 1 and 10 were assessed. As the highest per-
formance metric was achieved with four features, the four most infor-
mative features were selected in each bootstrap training set based on
random forest feature importance in scikit-learn (version 1.3.0). For
comparison, only the morphological feature volume was used in the
process as volume has a well-known predictive value for lung nodule
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Fig. 1. Overview of the approach: (1) The consensus (majority vote) of four observers was defined as the final mask to (2) calculate radiomic features. Unstable and
highly correlated features are eliminated. (3) Dataset is split in 80 % training and 20 % testing. (4) The training dataset is bootstrapped repeatedly, creating 1000
bootstraps. Every 200 bootstraps, a different classifier is applied. (5) Each bootstrap model is used to infer cases in the test dataset, predictions are ensembled, and

cases with high uncertainty are identified.
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malignancy.

Uncertainty quantification

Each ensemble member is applied to the test-set and the probability
of each decision is stored. To identify uncertain cases, uncertainty values
are computed: epistemic uncertainty is calculated as the variance of
predicted probabilities across model samples, while aleatoric uncer-
tainty is quantified as the conditional entropy of the predicted proba-
bilities [12,19]. Fig. 1 displays an overview of our approach.

If classifier decisions vary highly across ensemble members, the
model decisions can be regarded as uncertain. However, the optimal
threshold to identify uncertain decisions must be determined. As un-
certain model decisions require some additional work by physicians, it is
important that: (1) most selected uncertain cases are indeed incorrect
decisions, (2) all incorrect decisions are selected, and (3) the number of
selected cases is as small as possible. In our approach, various percen-
tiles of aleatoric and epistemic uncertainty are computed, and cases with
one of both uncertainty values exceeding a given threshold are identified
as uncertain. We tested thresholds at the 75th, 80th, 85th, 90th, and
95th percentiles.

All data analysis was performed in Python version 3.8.13. The
radiomic features and the code used in this paper are accessible on
GitHub (https://github.com/ElliMEP/uncertaintyEnsembles).

Evaluation metrics

We assess the number of false positive (FP), true positive (TP), false
negative (FN), and true negative (TN) decisions. Besides accuracy, we
compute Positive and Negative Predictive Value (PPV, NPV), True
Positive Rate (TPR), and True Negative Rate (TNR). In addition, the Area
under the receiver operating characteristic curve (AUC) is calculated.
Mean and standard deviation values across bootstraps are calculated. To
evaluate the results of the uncertainty analysis, the evaluation metrics
for all selected certain/uncertain decisions are calculated separately
across thresholds, and uncertainty values are compared between correct
and incorrect ensemble model decisions (cases where the model iden-
tified a nodule as benign or malignant while the ground truth yielded the
opposite value), and the number of malignant and benign lesions
labelled as uncertain is assessed.

Analysis of individual models

To evaluate the performance of ensemble members, the evaluation
metrics are computed for each model, and overall mean, minimum, and
maximum values are determined. Additionally, the importance of the
dataset composition on feature selection results is evaluated. Reliability
diagrams for some folds and the ensemble model are displayed in the
supplemental material Section 3.

Interpretability

To understand classifier decisions, SHapley Additive exPlanations
(SHAP) [20] are calculated for each bootstrap performed with the Py-
thon library shap (version 0.44.0). Positive SHAP values indicate a
contribution to the classification as 1 (malignant). The absolute value of
the SHAP value illustrates the features’ contribution to a certain class.
To get an impression of the reasoning behind each ensemble member,
SHAP values are calculated member-wise and compared. SHAP Bees-
warm plots are displayed for four randomly selected bootstrap samples.
To understand the impact of each feature on the ensemble model per-
formance, mean SHAP values are calculated feature-wise across
bootstraps.

European Journal of Radiology Artificial Intelligence 4 (2025) 100047

Results
Analysis of ensemble and individual models

The ensemble model consisted of 1000 member models and was used
to predict lung nodule malignancy for cases in the test dataset using a
majority consensus. The ensemble model had an accuracy of 86 %, an
AUC of 0.93, a PPV of 0.88, an NPV of 0.80, a TPR of 0.94, and a TNR of
0.69. The individual ensemble members had an accuracy of 85 + 2 %
(meansstandard deviation), an AUC of 0.90 & 0.02, PPV of 0.89
+ 0.04, NPV of 0.75 4 0.09, a TPR of 0.90 + 0.06, and a TNR of 0.70
=+ 0.13. The accuracy ranges between 75 % and 89 % while the AUC of
the ensemble members lies between 0.82 and 0.95. PPV and NPV range
between 0.78 and 0.98, and 0.51-1, respectively. TPR and TNR lie be-
tween 0.78 and 0.99, and 0.22-0.94.

Different features were selected across bootstraps (Fig. 2). The only
feature consistently selected was volume. Joint maximum
(GLCM2DAVG) was selected in 22 %, energy (intensity histogram), sum
entropy, inverse different moment (both GLCM2DAVG), and volume
density AEE (morphological feature) were selected in 15-18 % of
bootstraps.

Interpretability: shap dependence plots

Fig. 3 displays the SHAP values for the test set of four bootstrap-
samples. In each bootstrap, different features are selected, resulting in
different SHAP values per feature and bootstrap, which is one reason for
different classifier decisions.

Fig. 4 displays the mean absolute SHAP values across ensemble
models feature-wise. Nodule volume resulted in the highest mean value,
underlining that it had the highest impact on the decision. Some textural
features, such as contrast or difference average (GLCM2DAVG) and the
morphological feature asphericity resulted in relatively high SHAP
values, but had still less impact than volume.

Uncertainty analysis

In this section, we compare the number of selected uncertain cases
and the evaluation metrics for selected uncertain/certain cases across
thresholds. Moreover, we compare uncertainty values between correct
and incorrect decisions and count the number of malignant and benign
lesions labelled as uncertain.

With decreasing threshold, the number of cases classified as uncer-
tain increases (see Table 2, Fig. 5). The optimal threshold should balance
identifying a small number of uncertain cases while classifying the
highest number of incorrect decisions as uncertain. At the highest
threshold (95th percentile), only few (20/184) uncertain cases are
selected, and a substantial number of cases (15 out of 25 incorrect de-
cisions) with incorrect decisions are flagged as certain. With decreasing
threshold, the number of certain, but incorrect cases decreases, but at
the cost of a rising number of cases with accurate classification
considered uncertain. With decreasing threshold, the number of cases
classified as uncertain increased from 20 at the highest threshold to 60 at
the lowest threshold. Conversely, the number of certain yet incorrect
decisions decreased from 15 (8.1 % of all lesions) to 4 (2.1 % of all le-
sions). In accordance with these results, the accuracy calculated for the
uncertain cases only increased from 55 % for the highest threshold to
62 % for the lowest threshold. Higher thresholds result in an increasing
number of correctly classified cases being considered uncertain.
Thresholds at the 80th or 85th percentile may provide a good compro-
mise between reducing the number of cases requiring manual evaluation
and effectively identifying incorrect decisions. These thresholds resulted
in 45 and 52 cases flagged as uncertain, of which 19 and 20 cases were
incorrectly classified, respectively. All evaluation metrics for the
different thresholds can be found in supplemental Table 2. The corre-
sponding values when training without case-weighting are displayed in
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model decisions.

the supplemental Table 3.

Fig. 6 displays the distribution of epistemic and aleatoric uncertainty
across correct and incorrect decisions. As displayed, many incorrect
decisions yield a high aleatoric uncertainty indicating that the source of
this uncertainty lies in the data itself. The mean epistemic uncertainty
equals 0.028 for correct and 0.032 for incorrect cases while aleatoric
uncertainty results in a mean value of for 0.24 correct and 0.29 for
incorrect cases.

When comparing with the indicated uncertainty of the reviewers, in
4 (95th percentile), 6 (90th, 85th, 80th percentile), and 9 (75th
percentile) of the cases all reviewers of the LIDC dataset labelled the
lesions as highly likely malignant or benign. In 1 (95th and 90th
percentile), 2 (85th and 80th percentile), and 4 (75th percentile), at
least half of the reviewers indicated that they were uncertain about their
decision. In all other cases, the reviewers labelled the lesions as likely
malignant or benign.

All evaluation metrics as well as the uncertainty analysis when using
only the morphological feature volume are listed in the supplemental
Tables 4 and 5.

Feature analysis of uncertain decisions

In Fig. 7, nodule volume and nodule sphericity are displayed for
certain and uncertain cases and 95th and 85th percentile threshold. The
figures for the other thresholds are displayed in the supplemental Fig. 4.
The majority of the most uncertain cases (uncertainty values > 95th
percentile), yielded nodule volume between 200 and 350 m®. With
decreasing threshold, some cases flagged as uncertain yielded higher
volumes. For the lower thresholds (percentile 85th and lower), also
some smaller (<50 m3) and larger (>1000 m3) lesions were selected as
uncertain. However, the majority of uncertain cases yielded a volume
between 200 mm® and 400 mm®. In supplemental Fig. 5 the feature
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Table 2

Accuracy and AUC for the selected uncertain/certain cases (first two columns) for the test data. Last three columns: Number of selected uncertain cases and remaining

false decisions. All other evaluation metrics are listed in the supplemental material, Table 2.

Nr. uncertain/certain and Nr. certain malignant/benign but

Threshold Accuracy (uncertain/ AUC Nr. uncertain cases
(percentile) certain cases) (uncertain/ certain (malignant/benign) incorrect decisions incorrect decisions
cases)
95th 55 %/90 % 0.63/0.94 20 (11/19) 9/16 9/7
90th 52.3 %/94 % 0.63/0.95 34 (18/16) 12/9 4/5
85th 58.%/ 96 % 0.65/0.96 45 (19/26) 19/6 3/3
80th 62 %/96 % 0.71/0.96 52 (21/31) 20/5 3/2
75th 65 %/97 % 0.68/0.96 60 (24/36) 21/4 2/2
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Fig. 5. (A) Number of selected uncertain cases depending on the chosen threshold; (B) AUC for certain and uncertain cases; As illustrated, the number of selected
uncertain cases increases with the threshold; the AUC of the uncertain cases increases. In conclusion, the number of correct decisions selected as being uncer-

tain increases.

distribution of malignant and benign cases in the training dataset is
displayed. In the training dataset, benign and malignant cases yield
volumes between 200 and 400 m® what might be the reason for the
uncertainty of the classifier.

Discussion

Our main finding is that an ensemble approach using diverse clas-
sifiers and bootstrapping provided a mechanism to flag uncertain and

often incorrect predictions. Identifying uncertain model decisions is of
high interest: Unreliable predictions occur in cases where the model
should not be trusted.

For further processing, several strategies are possible: One practical
approach is to subject uncertain cases to a more detailed diagnostic
evaluation. For instance, nodules flagged as uncertain could prompt a
closer radiological review—potentially involving additional imaging
modalities (such as, contrast-enhanced CT or PET/CT) or other clinical
data, such as patient history or genomic biomarkers. Moreover,
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Incorrect cases yield in many cases a high aleatoric uncertainty.

particularly ambiguous cases might benefit from interdisciplinary tumor
board discussions to determine whether biopsy or a short-term follow-up
scan is warranted. By focusing expert attention on only the subset of
nodules deemed uncertain, clinicians can streamline the workflow for
straightforward cases while maintaining a high level of diagnostic
confidence. This selective approach not only preserves valuable clinical
resources but also enhances the reliability of automated predictions in
routine practice.

Although our approach flagged many incorrect predictions as un-
certain, approximately 13.6 % of incorrect predictions were not identi-
fied based on uncertainty. The reason for this effect is likely the absence
of similar cases in the training dataset. Alternatively, the ground truth in
our dataset is determined by radiologists and might yield some incorrect
labels. With the use of a more balanced training dataset might help to
also identify these incorrect predictions. We will investigate this in
future work.

Many incorrect decisions were associated with high aleatoric un-
certainty, indicating that this uncertainty originated from variability in
the training data (such as ambiguous cases or overlapping class distri-
butions). We observed that in the volume range where most uncertain
cases appeared, both benign and malignant cases were included in the
training data. Because aleatoric uncertainty reflects irreducible data
noise, it cannot be mitigated simply by improving the model or gath-
ering more data.

Nodule volume was the only radiomic feature selected in all boot-
straps. This is in line with previous studies reporting the high predictive
power of nodule volume [21,22]. In contrast, no other radiomic feature
was selected in more than 25 % of the bootstraps, suggesting that these
features possess limited or inconsistent predictive power across different
sample subsets. This variability may be attributable to factors such as
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redundancy among features, or varying relevance depending on indi-
vidual patient characteristics, further emphasizing the dominant role of
nodule volume in the predictive modeling framework.

A considerable number of cases were selected as uncertain, including
correct predictions. However, reviewing only these cases carefully
would already reduce the workload of physicians by allowing them to
prioritize their attention. In future work, we will investigate how to
further decrease this number. Possible approaches are the inclusion of
other features such as features extracted from CNNs or the application of
uncertainty aware training strategies. The LIDC dataset is widely used
for developing models for lung nodule classification. Previous studies
have performed radiomic analyses on the same dataset and for the same
task [23]. In [6], the authors compared the performance of including
morphological, textural, or all radiomic features and trained a logistic
regression model. The model trained only with morphological features
resulted in the best performance, achieving an accuracy of 81 %. Shaffie
et al. [24] combined morphological features, shape features modeled
using spherical harmonics, and ,appearance’ features describing nodule
texture, achieving an accuracy of 93.12 %. Garau et al. [25] trained an
SVM classifier that achieved an accuracy of 89 % when applied to a
dataset from a different center. In [26], an ensemble radiomic model
resulted in an accuracy of 81.68 %. No uncertainty quantification was
performed in this case. In terms of evaluation metrics, our results are
comparable to previous works. However, in contrast to these works, we
also evaluated the uncertainty of the ensemble model to increase the
trust in the model.

Recent advances in CT image classification emphasize integrating
uncertainty quantification to improve diagnostic accuracy and model
reliability. Techniques to date concentrate on uncertainty methods for
CNNs such as Monte Carlo Dropout, Deep Ensembles, and Bayesian
methods are commonly used to estimate aleatoric and epistemic un-
certainties [27,28]. In our work, we focussed on radiomic features as
these features are easier to interpret than feature maps extracted from
CNNs. A comparison with uncertainty approaches incorporated in CNNs
will be conducted in future work.

This study has several limitations. First, ground truth labels were
based on expert visual inspection, which is subjective and may contain
inaccuracies due to inter- and intra-observer variability, potentially
impacting model performance. Second, lung nodules were manually
segmented, introducing annotation variability and bias; future work
should employ automated segmentation to improve consistency and
scalability. Third, the lack of an external validation dataset from a
different institution restricts the assessment of generalizability across
diverse populations and imaging protocols. Finally, while the ensemble
of five classifiers with bootstrapping improves performance, it increases
model complexity, complicating interpretability and explainability.
Addressing these issues in future research will be essential to enhance
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Fig. 7. Feature distribution of the logarithm (log10) of nodule volume and nodule sphericity for certain/uncertain cases for a threshold of 95th percentile (left) and
80th percentile (right). With decreasing threshold, some cases with smaller nodule volumes (<100 mm?®) are included. However, the majority of cases flagged as

uncertain yield a nodule volume between 200 and 400 mm?®.
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the model’s clinical applicability. However, one strength is that the LIDC
dataset has been acquired at various hospitals using different scanners
and matches, thus creating a realistic scenario.

In summary, our results demonstrate that ensemble models can be
used to assess radiomic model uncertainty and can identify a large
number of incorrect decisions for the classification of malignant lung
nodules.

Conclusion

Our ensemble-based radiomic approach provides an intuitive and
effective way to quantify decision uncertainty for lung nodule malig-
nancy classification. This uncertainty flagging can increase clinician
confidence in automated pipelines and expedite the integration of
radiomics in real-world practice. Future work will focus on optimizing
ensemble configurations and assessing the method’s robustness across
diverse external datasets.
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