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ABSTRACT:  

Background: Certain metrics can be used to artificially inflate reported performance for 

medical machine learning models. This can happen, for example, with preprocessing 

leakage. Discrimination alone does not guarantee decision utility or probability reliability. 

Objective: This study assesses a leakage-controlled, calibrated, and globally explainable 

machine-learning framework for breast cancer cytology classification. 

Methods: The Wisconsin Diagnostic Breast Cancer dataset (569 observations; 212 

malignant and 357 benign; 30 numerical predictors) was evaluated using Gradient 

Boosting, HistGradientBoosting, and Random Forest. Repeated stratified five-fold cross-

validation with 10 repeats generated 50 outer test folds. Imputation, threshold selection, 

and sigmoid or isotonic recalibration were confined to training data. Performance was 

summarized from pooled patient-level out-of-fold predictions with 2,000 stratified 

bootstrap resamples. Held-out permutation importance quantified global predictor 

relevance, and decision curve analysis assessed potential net benefit. 

Results: HistGradientBoosting achieved the highest pooled PR-AUC (0.9915; 95% CI, 

0.9847–0.9969) and ROC-AUC (0.9933; 95% CI, 0.9874–0.9978), with sensitivity of 

0.9670, specificity of 0.9664, Brier score of 0.0228, and ECE of 0.0135. Its PR-AUC 

exceeded Gradient Boosting (paired-bootstrap p = 0.013), whereas the ROC-AUC 

difference was not statistically supported (p = 0.060). HistGradientBoosting also 

outperformed Random Forest for ROC-AUC and PR-AUC (both p = 0.020). Worst area, 

worst concave points, worst texture, area error, and worst perimeter ranked highest by 

held-out permutation importance. Sigmoid-based decision curves showed higher net 

benefit than both default strategies across thresholds of 0.01–0.60 for Gradient Boosting 

and HistGradientBoosting. 

Conclusion: Leakage-controlled repeated cross-validation produced strong internal 

benchmark performance and potential decision utility. These findings require external 

validation and prospective clinical-impact assessment before clinical use. 

 

1. INTRODUCTION 

Early and accurate medical diagnosis is paramount for improving patient survival rates, reducing healthcare costs, and 

optimizing therapeutic interventions across clinical specialties [1]. Studies in the fields of modern diagnostic oncology and 

pathology show that physical quantitative pathology measurements give complex sets of data describing cellular nuclear 

morphology. These data sets may describe dimensions such as size, texture, perimeter, and concavity. However, manual 
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interpretation by human pathologists of these multi-variate data sets is time consuming, has significant inter-observer variability, 

and is vulnerable to cognitive fatigue due to high throughput environments [2][3]. 

One growing response to these challenges has been the use of clinical decision support systems (CDSS) as built on AI and ML 

technologies. When trained on clinical, laboratory, and morphological health data, ML techniques can depict non-linear 

pathophysiological processes as well as provide initial risk assessment to clinicians for those patients of the highest concern 

[4][5]. 

The enormous promise these tools show in academic literature is unfulfilled due to three main methodological errors in the 

development of the models.: 

1. Data Leakage in Evaluation Pipelines: Many published models perform global preprocessing—such as missing value 

imputation or feature scaling—across the entire dataset prior to cross-validation [6]. This leaks target distribution statistics 

into training folds, yielding artificially inflated performance metrics [7]. 

2. “Black-Box” Interpretability Barrier: Because opaque ensemble models don't provide clear explanations as to why a certain 

risk score was given, clinicians can’t give an ethical account for the model outputs [8]. 

3. Misalignment Between Accuracy and Clinical Utility: Traditional metrics like ROC-AUC measure diagnostic discrimination 

but ignore probability calibration and net clinical benefit [9]. 

To overcome these shortcomings this study considers a globally explainable learning method which has leakage-controllability 

and a calibrated nature to classify fine-needle aspirate measures of breast cytology. 

2. RELATED WORK 

Traditionally,clinical risk scoring used linear logistic regression and score indexes [10]. However linear models are poor at 

handling the non-linear nature of the patient’s underlying data despite their interpretability. 

With the rise of ensemble modeling technologies, tree-based models such as XGBoost,LightGBM andCatBoosthave shown 

superior performance for tabular data medical data compared to deep neural networks [11]and[12]. The ability of tree ensembles 

to efficiently handle mixtures of numerical data and missingphysiological valuesat a low computation cost has led to widespread 

usage[13]but external cross-validation preprocessing transformations can be a main issue and a cause of reproducibility 

challenges in clinical AI [6], [7]. 

Because the "black-box" nature of models poses the "explainability" concern to be addressed in medical informatics. 

Featureattribution methods like SHapley Additive exPlanations (SHAP)[14]and permutationbased imports[15]have been 

recently used. The combination of featureattributionswithclinical expertise[16]provides evidence that AIs utilize 

pathophysiologically valid and important features which increase doctor confidence. 

Moreover, in literature from the past five years, it is noted that the clinical usefulness of risk scoring models should not be 

judged only based on discriminativeperformance(e.g., ROC-AUC [9]). Assuch, both theExpected calibration 

error(ECE)[17],and Decision curve analysis(DCA)[18]have now been adopted as relevant quality measures to evaluate the 

calibration of probabilities and net clinical benefits. 

Table I. Comparison of methodological features in clinical AI literature. 

Literature Focus Area 
Leakage-Free 

Preprocessing 

Advanced Tree 

Ensembles 

Model 

Calibration 

(ECE) 

Clinician 

Explanations 

(XAI) 

Decision Curve 

Analysis (DCA) 

Traditional Risk Scores [10] Yes No Partial High Rarely 

Standard Clinical ML Studies [5] Frequently Lacking Yes Rarely Partial Rarely 

Tabular Deep Learning Papers 

[12] 
Frequently Lacking No Rarely Partial Rarely 

Proposed Framework Strictly Enforced Yes Yes Yes Yes 
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3. MATERIALS AND METHODS 

3.1 Dataset and Outcome Definition 

The study used the Wisconsin Diagnostic Breast Cancer (WDBC) dataset distributed through the UCI Machine Learning 

Repository and scikit-learn [2], [22]. The dataset contains 569 observations derived from digitized fine-needle aspirate images 

of breast masses, comprising 212 malignant (37.26%) and 357 benign cases. Thirty continuous nuclear morphometry predictors 

describe radius, texture, perimeter, area, smoothness, compactness, concavity, concave points, symmetry, and fractal dimension 

as mean, standard-error, and worst-value summaries. The identifier and empty unnamed CSV column were excluded. 

Malignancy was encoded as the positive class (1), and benign status as 0. 

The data audit identified no missing predictor values, no duplicate predictor rows, and no constant features. A distance-weighted 

five-neighbor KNN imputer was nevertheless retained inside every training pipeline to define a deployable missing-data 

pathway; because the benchmark dataset was complete, it performed no value replacement in this analysis. No feature scaling 

was applied because all evaluated estimators were tree based and scale invariant. 

3.2 Leakage-Controlled Repeated Nested Validation 

Internal validation used repeated stratified five-fold cross-validation with 10 repeats, producing 50 outer folds. In each outer 

fold, all preprocessing, threshold selection, model fitting, and recalibration operations were estimated using the outer-training 

partition only. The untouched outer-test partition was used once for performance estimation within each repeat. Each 

observation therefore contributed 10 held-out predictions per model, which were averaged to obtain pooled patient-level out-

of-fold probabilities. 

Classification thresholds were selected within each outer-training partition using four-fold stratified inner cross-validation. The 

threshold maximizing Youden's J was identified from inner out-of-fold probabilities and then applied to the corresponding 

outer-test predictions: 

J(t) = Sensitivity(t) + Specificity(t) − 1. 

Threshold-dependent predictions were aggregated across the 10 held-out appearances by majority vote. This design prevented 

information from outer-test observations from influencing preprocessing, threshold selection, or model fitting. 

3.3 Evaluated Models and Fixed Hyperparameters 

Three scikit-learn tree ensembles were evaluated. GradientBoostingClassifier used 150 estimators, learning rate 0.05, maximum 

tree depth 2, minimum leaf size 3, and subsampling rate 0.90. HistGradientBoostingClassifier used learning rate 0.06, 250 

boosting iterations, 15 maximum leaf nodes, minimum leaf size 10, and L2 regularization 0.5. RandomForestClassifier used 600 

trees, square-root feature sampling, minimum leaf size 1, and balanced class weights. Random seed 42 governed reproducible 

splitting and estimation. No data-driven hyperparameter search was performed; these settings were fixed before the reported 

evaluation. 

For the two boosting estimators, binary log loss was minimized through stage-wise additive trees, represented generically as: 

F_M(x) = F_0(x) + η Σₘ₌₁ᴹ hₘ(x), 

where η is the learning rate and hₘ(x) is the tree added at iteration m. Random Forest estimated malignant probability by 

averaging class probabilities across B bootstrap trees: 

p ̂(x) = (1/B) Σᵦ₌₁ᴮ p̂ᵦ(x). 

3.4 Performance, Uncertainty, and Paired Comparisons 

PR-AUC was the prespecified primary endpoint because malignant cases were the less prevalent class. Secondary measures 

were ROC-AUC, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), F1-score, balanced 

accuracy, Matthews correlation coefficient (MCC), Brier score, ECE, calibration intercept, and calibration slope. Pooled patient-

level estimates were accompanied by percentile 95% confidence intervals from 2,000 stratified patient-level bootstrap resamples 

that preserved malignant and benign counts. 
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Pairwise differences in ROC-AUC, PR-AUC, and Brier score were calculated within the same stratified bootstrap resamples, 

preserving patient-level pairing between models. Two-sided empirical p-values were derived from the proportion of bootstrap 

differences on either side of zero. Values below 0.001 are reported as p < 0.001 rather than p = 0. 

3.5 Calibration Assessment and Recalibration 

Raw probability calibration was evaluated using Brier score, calibration intercept and slope, and ECE with 10 equal-width 

probability bins. ECE was calculated as: 

ECE = Σₘ₌₁ᴹ (|Bₘ|/N) |obs(Bₘ) − pred(Bₘ)|,   M = 10, 

where obs(Bₘ) and pred(Bₘ) are the observed malignant proportion and mean predicted probability in bin Bₘ. Sigmoid and 

isotonic recalibration were also evaluated using three-fold CalibratedClassifierCV fitted entirely within each outer-training 

partition. Recalibration was treated as a comparative assessment and was not assumed to improve every model. 

3.6 Held-Out Permutation Feature Importance 

Global explainability was quantified using held-out permutation feature importance. For every fitted raw model and outer fold, 

one feature was randomly permuted in the untouched outer-test data 25 times while the remaining features were unchanged. 

Importance was the decrease in outer-test ROC-AUC relative to the unpermuted data. For feature j across F = 50 outer folds: 

PFIⱼ = (1/F) Σ𝒇₌₁ᶠ [AUC𝒇 − AUC𝒇,ⱼᵖᵉʳᵐ]. 

Mean importance, between-fold standard deviation, and empirical 2.5th and 97.5th percentiles were reported. These percentiles 

describe fold-to-fold variability and were not interpreted as formal confidence intervals. The main importance table and figure 

correspond to the numerical pooled PR-AUC leader. A single permutation importance does measure the dependence of 

predictions, but neither its direction nor the causation, and collinear morphometric factors may compete with or divide their  

respective importance. 

3.7 Decision Curve Analysis 

Decision curve analysis used pooled patient-level out-of-fold probabilities over decision thresholds from 0.01 to 0.60 in 

increments of 0.01. The primary figure used leak-free sigmoid-recalibrated probabilities. Net benefit was computed as: 

NB(pₜ) = TP/N − FP/N × pₜ/(1 − pₜ). 

A model was considered potentially useful at a threshold only when its net benefit exceeded both Treat All and Treat None. 

DCA was interpreted as internal evidence of potential decision utility, not proof of prospective safety, biopsy reduction, or 

clinical effectiveness. 

4. RESULTS 

4.1 Dataset Audit and Validation Completeness 

All 569 observations and 30 predictors were retained. The complete analysis comprised 50 outer folds, 150 model-specific inner 

thresholds, 17,070 outer-test prediction records, 1,707 pooled patient–model records, 66,000 bootstrap metric records, and 

4,500 held-out fold–model–feature permutation records. Every patient had exactly 10 held-out predictions per model. 

4.2 Discrimination and Overall Performance 

Table II. Pooled patient-level out-of-fold discrimination and calibration with 2,000-bootstrap confidence intervals. 

Model ROC-AUC (95% CI) PR-AUC (95% CI) Brier (95% CI) ECE (95% CI) 

Gradient Boosting 0.992 (0.985–0.997) 0.989 (0.982–0.995) 0.029 (0.020–0.038) 0.016 (0.015–0.034) 

HistGradientBoosting 0.993 (0.987–0.998) 0.992 (0.985–0.997) 0.023 (0.014–0.033) 0.013 (0.011–0.030) 

Random Forest 0.991 (0.982–0.997) 0.989 (0.981–0.996) 0.031 (0.023–0.040) 0.038 (0.030–0.053) 
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HistGradientBoosting was the numerical leader, with ROC-AUC 0.9933 (95% CI, 0.9874–0.9978) and PR-AUC 0.9915 (95% 

CI, 0.9847–0.9969). Gradient Boosting and Random Forest also showed high discrimination, but both had higher Brier scores 

than HistGradientBoosting. Figure 1 shows the pooled ROC curves and Figure 2 shows the corresponding precision–recall 

curves against the malignant-class prevalence baseline of 0.3726. 

 

Figure 1. Pooled patient-level out-of-fold ROC curves. HistGradientBoosting achieved the highest numerical ROC-AUC; all 

curves are based on probabilities averaged across 10 held-out appearances per patient. 

 

Figure 2. Pooled patient-level out-of-fold precision–recall curves. The dashed reference line represents malignant prevalence 

(0.3726). 
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4.3 Threshold-Dependent Diagnostic Performance 

Table III. Threshold-dependent diagnostic performance using majority-voted nested training-side Youden thresholds. 

Model Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI) 

Gradient Boosting 0.953 (0.925–0.981) 0.958 (0.936–0.978) 0.931 (0.899–0.962) 0.972 (0.954–0.988) 

HistGradientBoosting 0.967 (0.939–0.991) 0.966 (0.947–0.983) 0.945 (0.915–0.972) 0.980 (0.964–0.994) 

Random Forest 0.967 (0.943–0.991) 0.958 (0.936–0.978) 0.932 (0.899–0.962) 0.980 (0.966–0.994) 

 

Table IV. Summary classification metrics and pooled confusion-matrix counts. 

Model F1 (95% CI) Balanced accuracy (95% CI) MCC (95% CI) TN/FP/FN/TP 

Gradient Boosting 0.942 (0.919–0.963) 0.955 (0.937–0.972) 0.907 (0.870–0.940) 342/15/10/202 

HistGradientBoosting 0.956 (0.935–0.974) 0.967 (0.950–0.980) 0.929 (0.895–0.959) 345/12/7/205 

Random Forest 0.949 (0.928–0.970) 0.962 (0.946–0.978) 0.918 (0.885–0.951) 342/15/7/205 

 

HistGradientBoosting correctly classified 205 of 212 malignant observations and 345 of 357 benign observations, 

corresponding to sensitivity 0.9670 and specificity 0.9664. It achieved the highest F1-score (0.9557), balanced accuracy (0.9667), 

and MCC (0.9291). Random Forest matched its sensitivity but produced three additional false-positive classifications. 

Table V. Paired patient-level bootstrap comparisons. Differences are first model minus second model; lower Brier scores are 

better. 

Paired comparison Metric Difference 95% bootstrap interval p-value 

Gradient Boosting − HistGradientBoosting ROC-AUC -0.0017 -0.0040 to 0.0000 0.060 

Gradient Boosting − HistGradientBoosting PR-AUC -0.0023 -0.0046 to -0.0005 0.013 

Gradient Boosting − HistGradientBoosting Brier 0.0058 0.0025 to 0.0093 <0.001 

Gradient Boosting − Random Forest ROC-AUC 0.0011 -0.0018 to 0.0054 0.610 

Gradient Boosting − Random Forest PR-AUC 0.0004 -0.0019 to 0.0032 0.749 

Gradient Boosting − Random Forest Brier -0.0029 -0.0069 to 0.0012 0.168 

HistGradientBoosting − Random Forest ROC-AUC 0.0028 0.0002 to 0.0064 0.020 

HistGradientBoosting − Random Forest PR-AUC 0.0027 0.0004 to 0.0056 0.020 

HistGradientBoosting − Random Forest Brier -0.0087 -0.0134 to -0.0040 0.001 

 

HistGradientBoosting exceeded Gradient Boosting for PR-AUC (difference 0.0023, p = 0.013) and Brier score (difference 

−0.0058 when expressed as HistGradientBoosting minus Gradient Boosting, p < 0.001), while their ROC-AUC difference was 

not statistically supported (p = 0.060). HistGradientBoosting exceeded Random Forest for ROC-AUC and PR-AUC (both p 

= 0.020) and had a lower Brier score (p = 0.001). Gradient Boosting and Random Forest did not differ significantly for these 

endpoints. 
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4.4 Calibration and Recalibration 

Table VI. Calibration assessment before and after leak-free sigmoid or isotonic recalibration. 

Model Probability Brier ECE Intercept Slope 

Gradient Boosting Raw 0.0286 0.0160 0.092 1.066 

Gradient Boosting Sigmoid 0.0287 0.0273 0.157 1.397 

Gradient Boosting Isotonic 0.0282 0.0142 -0.066 0.999 

HistGradientBoosting Raw 0.0228 0.0135 0.152 0.776 

HistGradientBoosting Sigmoid 0.0262 0.0314 0.131 1.433 

HistGradientBoosting Isotonic 0.0249 0.0103 -0.073 1.046 

Random Forest Raw 0.0315 0.0375 -0.201 1.498 

Random Forest Sigmoid 0.0291 0.0253 0.046 1.267 

Random Forest Isotonic 0.0293 0.0116 -0.125 0.904 

 

HistGradientBoosting had the best raw Brier score (0.0228) and raw ECE (0.0135). Isotonic recalibration lowered its ECE to 

0.0103 and produced a calibration slope of 1.046, but increased the Brier score to 0.0249. Sigmoid recalibration did not improve 

HistGradientBoosting calibration. For Random Forest, both recalibration methods reduced Brier score and ECE relative to 

raw probabilities. Accordingly, recalibration effects were model dependent rather than uniformly beneficial. 

 

Figure 3. Out-of-fold reliability diagrams comparing raw and sigmoid-recalibrated probabilities. Quantile-based plotting 

groups are used for visualization; ECE was calculated with 10 equal-width bins. 
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4.5 Global Explainability 

Table VII. Held-out permutation feature importance for HistGradientBoosting, the numerical pooled PR-AUC leader. 

Rank Feature Mean ROC-AUC decrease Empirical 2.5th–97.5th percentile 

1 worst area 0.00655 0.00091 to 0.01932 

2 worst concave points 0.00590 -0.00020 to 0.01629 

3 worst texture 0.00523 0.00111 to 0.01279 

4 area error 0.00321 -0.00064 to 0.00879 

5 worst perimeter 0.00281 0.00005 to 0.00931 

6 worst concavity 0.00204 -0.00071 to 0.00631 

7 mean texture 0.00198 -0.00043 to 0.00648 

8 mean concave points 0.00191 -0.00075 to 0.00604 

9 worst radius 0.00065 -0.00055 to 0.00302 

10 compactness error 0.00063 -0.00052 to 0.00263 

 

Worst area, worst concave points, worst texture, area error, and worst perimeter were the five leading predictors by mean held-

out ROC-AUC decrease. Worst area, worst texture, and worst perimeter had empirical 2.5th percentiles above zero, indicating 

more consistent importance across the 50 outer folds. The ranking emphasizes nuclear size, boundary irregularity, and texture 

variation, but permutation importance does not indicate whether larger values increase or decrease malignant probability and 

does not establish causal biological relevance. 

 

Figure 4. Held-out permutation importance for HistGradientBoosting. Values represent mean decreases in outer-test ROC-

AUC after feature permutation; correlated predictors can redistribute importance. 
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4.6 Decision Curve Analysis 

When utilizing leak-free sigmoid-recalibrated pooled out-of-fold probabilities, both Gradient Boosting and 

HistGradientBoosting outperform both Treat All and Treat None for all threshold levels evaluated (0.01 to 0.60). Random 

Forest out performs Treat All and Treat None for the threshold levels 0.02 to 0.60 and ties with treat all instead of out-

performing Treat All at 0.01. At the 0.20 threshold, all model net benefits are approximately 0.35 while Treat All has a net 

benefit of approximately 0.216 and Treat None has a net benefit of 0. This suggest internal decision utility, but do not give 

quantitative measures of the reduction in number of biopsy or the safety thereof. 

.  

Figure 5. Decision curve analysis using leak-free sigmoid-recalibrated pooled out-of-fold probabilities. Net benefit is 

compared with Treat All and Treat None over thresholds from 0.01 to 0.60. 

4.7 Confusion Matrices 

 

Figure 6. Pooled patient-level majority-vote confusion matrices: (a) Gradient Boosting, (b) HistGradientBoosting, and (c) 

Random Forest. Malignancy is the positive class. 
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5. DISCUSSION 

5.1 Principal Findings 

In this internally validated WDBC benchmark, all three tree ensembles achieved high discrimination, but HistGradientBoosting 

provided the strongest overall combination of PR-AUC, ROC-AUC, threshold-dependent performance, and probability 

accuracy. The paired analysis adds necessary nuance: its PR-AUC and Brier score were better than Gradient Boosting, whereas 

the ROC-AUC comparison narrowly crossed zero and did not meet the conventional 0.05 threshold. HistGradientBoosting 

also outperformed Random Forest for both area-under-curve endpoints and Brier score. These comparisons support selection 

of HistGradientBoosting as the numerical leader without implying that every difference was statistically established. 

Calibration findings also argue against treating post-hoc recalibration as automatically beneficial. HistGradientBoosting's raw 

probabilities already had the best Brier score and ECE. Isotonic recalibration improved ECE and slope but worsened the Brier 

score, while sigmoid recalibration worsened both measures. This trade-off reinforces the need to report calibration methods 

and metrics separately rather than labeling a model as calibrated solely because a transformation was fitted. 

5.2 Explainability and Morphometric Relevance 

Held-out permutation importance focused on the worst region and worst concave region of points as well as worst texture, 

area error and worst perimeter feature values. These features can be said to represent nuclear size, non-convexity of the nuclear 

boundary, variation and texture within the nucleus-the same broad morphometric categories from which the WDBC diagnostic 

representation is derived [2], [22]. Since permutation only occurred on held-out outer-test folds, it is important to understand 

that estimations were separated from the training data. Also, the use of correlated predictors may lead to one feature replacing 

the other and the ranks given show where the most reliance occurs for prediction rather than indicating a direction of 

contribution, an individual patient’s reason for prediction or the reason behind causal actions [15]. 

5.3 Potential Decision Utility 

The decision curves demonstrated that all three models' predicted net benefits were superior to the default strategy over the 

majority of thresholds analyzed, with the two boosted models outperforming from 0.01-0.60. DCA accounts for the relative 

costs of true and false positive and false negative events thereby informing the results of the discrimination and calibration 

analysis [18]. The curves, however, are based on the pooled external out-of-fold predictions using an historical reference data 

set. They do not serve as definitive proof of bed-side readiness and reduced biopses. 

5.4 Study Limitations 

• The study used one small, historical, highly curated benchmark dataset. Repeated cross-validation improves internal 

precision but does not replace external, temporal, geographic, or prospective validation. 

• The dataset contains derived cytology morphometry but lacks patient demographics, comorbidities, acquisition-site 

information, and other clinical variables needed to assess subgroup transportability and fairness. 

• The KNN imputer was included in the leakage-controlled pipeline but was not empirically exercised because the dataset 

contained no missing values; its real-world performance therefore remains untested. 

• Youden thresholds optimize sensitivity and specificity symmetrically within the training data and may not correspond 

to actual clinical costs or workflow-specific intervention thresholds. 

• Permutation importance is global, model dependent, sensitive to correlated predictors, and non-causal. It does not 

provide local patient explanations or feature-effect direction. 

• Calibration and decision utility were estimated internally. Prospective impact studies are required before claims about 

diagnostic workflow improvement, biopsy reduction, or clinical safety can be made. 

6. CONCLUSION 

A consistently used, leakage-controlled validation scheme found HistGradientBoosting to be the best classifier overall in the 

WDBC cytology benchmark. The model exhibited high pooled discrimination, balanced sensitivity and specificity, good raw 

probability accuracy, stable reliance on morphometric features, and positive internal net benefit. The research outlines an 
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evaluation pathway that can be repeated and includes uncertainty, calibration, global explainability, and decision analysis. Still, 

external validation and future assessment of its prospective clinical impact are necessary before it can be used clinically. 
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