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ABSTRACT: Machine learning models deployed in high-stakes clinical and financial 

decision-making conventionally output uncalibrated point predictions and soft probabilities 

that exhibit unwarranted overconfidence. When applied to severely imbalanced tabular 

distributions—such as acute stroke events or rare cardiovascular disorders—traditional 

classification objectives incentivize models to minimize global risk by predicting the 

dominant majority class, inducing near-total sensitivity collapse on critical minority 

instances. While Conformal Prediction (CP) provides distribution-free finite-sample 

guarantees, standard marginal calibration suffers from an overlooked failure mode: it 

achieves nominal marginal coverage  globally by over-covering the majority 

class while catastrophically under-covering the rare disease class (collapsing to  

coverage on stroke events). To resolve this safety-critical vulnerability, we introduce the 

Adaptive Penalized Class-Conditional Conformal Predictor (AP-CCCP), a 

mathematically rigorous framework establishing finite-sample class-conditional guarantees 

conditioned on exchangeability. AP-CCCP formulates a regularized non-conformity metric 

integrating an adaptive rarity penalty with margin epistemic uncertainty. Furthermore, we 

design an Uncertainty-Triggered Selective Explainability protocol that utilizes 

conformal set cardinality as an autonomous triage trigger: unambiguous singleton 

predictions ( ) receive an automated fast-pass, whereas borderline or ambiguous 
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cases ( ) trigger on-demand TreeSHAP attribution maps. We benchmark across 

three clinical cohorts (Kaggle Stroke with 1:20 imbalance, Framingham Heart Study with 

1:5.6 imbalance, and Pima Diabetes with 1:1.9 imbalance) and four heterogeneous model 

families (LightGBM, XGBoost, Random Forest, Deep MLP) across 120 stratified cross-

validation folds. While Standard Split CP omits  of true stroke cases, AP-CCCP 

rigorously secures  rare-class coverage while reducing post-hoc 

explainability computational overhead by  with automated triage 

precision up to . This establishes a robust foundation for trustworthy and 

computationally efficient tabular decision systems. 

Keywords: Conformal Prediction, Class Imbalance, Finite-Sample Guarantees, 

Explainable AI (XAI), Selective SHAP, Clinical Decision Support, Tabular Deep Learning, 

Uncertainty Quantification  

1. Introduction 

The rapid integration of data-driven artificial intelligence (AI) into clinical diagnosis, 

emergency triage, and sociotechnical risk assessment represents a transformative leap in 

modern medicine and healthcare informatics [1, 2]. State-of-the-art predictive frameworks 

leveraging deep neural networks and gradient-boosted decision trees (GBDT) have 

consistently achieved superior area under the receiver operating characteristic curve (ROC-

AUC) across diverse domains, ranging from acute ischemic stroke risk assessment to long-

term coronary heart disease forecasting [3, 4]. However, translating these theoretical 

algorithmic advances into operational clinical environments remains severely hindered by 

three intertwined systemic vulnerabilities: (i) the fundamental unreliability of uncalibrated 

point predictions, (ii) the pervasive nature of severe tabular class imbalance, and (iii) the 

prohibitive computational and cognitive burdens imposed by conventional Explainable AI 

(XAI) frameworks [5, 6]. 

Contemporary machine learning architectures conventionally output point predictions 

accompanied by normalized softmax probabilities. Despite widespread deployment, these 

nominal probabilities are notoriously poor proxies for true Bayesian confidence. Complex 

neural layers and highly parameterized tree ensembles frequently suffer from extreme 

overconfidence, assigning high posterior probabilities (e.g., ) to test instances that 
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reside near empirical decision boundaries or suffer from severe epistemic ambiguity [7, 8]. 

In high-stakes medical diagnostics, executing irreversible therapeutic interventions—such 

as administering thrombolytic therapy or ordering invasive surgical procedures—based on 

unjustified point confidences poses grave risks to patient safety and induces profound 

liability challenges [2, 9]. 

This reliability crisis is drastically compounded by the severe class skew inherent in real-

world tabular healthcare data. In critical pathologies such as acute cerebrovascular 

accidents, positive disease instances frequently constitute less than  of overall patient 

cohorts (an imbalance ratio exceeding 1:20) [4, 10]. Under standard empirical risk 

minimization (ERM) objectives, standard classifiers naturally minimize global cross-

entropy loss by optimizing accuracy for the dominant negative class, resulting in near-total 

sensitivity collapse on rare, life-threatening conditions [10, 11]. While data-level heuristics 

such as the Synthetic Minority Over-sampling Technique (SMOTE) or focal loss functions 

attempt to penalize minority errors, they alter feature space densities and introduce 

artificial artifacts without providing any formal statistical guarantees regarding prediction 

errors [11, 12]. 

To break the black-box dilemma and provide rigorous safety margins, the machine learning 

community has increasingly turned to Conformal Prediction (CP)—a non-parametric 

mathematical framework pioneered by Vovk et al. [13, 14]. Conformal prediction replaces 

brittle point predictions with set-valued outputs  that satisfy distribution-free 

finite-sample guarantees: the true unobserved label is guaranteed to reside within the 

predicted set with a user-calibrated marginal probability of at least  (e.g., ) under 

the mild assumption of data exchangeability [14, 15]. When a model is highly confident, it 

outputs a singleton set ; when epistemic uncertainty is high, it returns an expanded 

multi-label set , explicitly flagging the case as ambiguous [15, 16]. 

Nevertheless, this paper reveals a critical and perilous failure mode that arises when 

standard marginal conformal prediction is naively deployed on class-imbalanced tabular 

datasets. Standard Split Conformal Prediction (SCP) computes a single global non-

conformity quantile  across an aggregated calibration partition. Because negative 

(healthy) samples overwhelmingly dominate the calibration distribution, the empirical 
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quantile  is dictated almost entirely by the majority class. As a consequence, the overall 

nominal marginal coverage constraint  is fully satisfied by achieving 

nearly  coverage on healthy patients, while suffering a catastrophic coverage collapse 

on minority disease instances [17, 18]. As our empirical evaluations shockingly reveal, a 

standard conformal classifier configured at a  nominal confidence level ( ) 

achieves a  global marginal coverage on stroke diagnosis, yet its true conditional 

coverage on stroke patients collapses to an unacceptable —effectively omitting 

 of stroke patients from the prediction sets. Such algorithmic blindspots represent a 

fatal hazard in real-world clinical decision support systems. 

Simultaneously, post-hoc Explainable AI tools, most notably Shapley Additive 

exPlanations (SHAP) [19], have become standard requirements for clinical AI 

transparency. However, generating local game-theoretic feature attributions across every 

single patient transaction is computationally prohibitive and induces severe cognitive 

fatigue among medical practitioners [6, 20]. In operational emergency rooms, clinicians 

cannot inspect high-dimensional waterfall and summary plots for thousands of benign, 

unambiguous cases. There is a pressing operational demand for an intelligent triage 

mechanism that reserves explainability strictly for clinical cases characterized by genuine 

algorithmic doubt [20, 21]. 

To resolve these dual bottlenecks comprehensively, this work introduces an end-to-end 

framework integrating an Adaptive Penalized Class-Conditional Conformal Predictor (AP-

CCCP) with an Uncertainty-Triggered Selective Explainability pipeline. The primary 

contributions of this paper are summarized as follows: 

1. Mathematical Formulation of AP-CCCP: We design a novel non-conformity 

metric augmented with an adaptive rarity factor and margin-based epistemic 

penalty. Coupled with exact per-class finite-sample calibration, our proposed AP-

CCCP mathematically proves and empirically guarantees that 

 for every class  individually, completely 

eradicating minority undercoverage regardless of severe class skew. 

2. Selective Explainability & Automated Triage: We establish a formal uncertainty-

driven triage protocol rooted in conformal set cardinality. Confident singleton 
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predictions ( ) undergo automated fast-path processing, while ambiguous 

cases (  or empty sets) trigger on-demand TreeSHAP attribution maps, 

slashing computational costs by  while maintaining high automated 

accuracy (up to ). 

3. Extensive Multi-Dataset Multi-Model Benchmark: We execute an exhaustive 

120-fold cross-validation experiment spanning three standardized clinical 

benchmarks (Kaggle Stroke with 1:20 imbalance, Framingham Heart Study with 

1:5.6 imbalance, and Pima Diabetes with 1:1.9 imbalance) across four 

heterogeneous architectures (LightGBM, XGBoost, Random Forest, and Deep 

MLP). Our empirical findings definitively demonstrate that while Standard Split CP 

suffers a catastrophic coverage collapse down to  on rare stroke events, our 

proposed AP-CCCP rigorously secures  rare-class coverage. 

4. Transparent and Reproducible Artifacts: We provide comprehensive ablation 

analyses over penalty regularization parameters , detailed ROC/PR 

curves, calibration reliability diagrams, and clinical biomarker case studies, 

establishing an open, reproducible benchmark for trustworthy tabular artificial 

intelligence. 

2. Related work 

2.1 Machine Learning in Clinical Tabular Data & Class Imbalance 

Tabular data remains the predominant modality in healthcare information systems, 

electronic health records (EHR), and epidemiological registries [3, 22]. Unlike 

unstructured computer vision or natural language sequences where deep representation 

learning reigns supreme, tabular features are heterogeneous, non-spatial, and characterized 

by complex non-linear interactions [22, 23]. Tree-based ensemble architectures, 

particularly Gradient Boosted Decision Trees (LightGBM, XGBoost, CatBoost) and 

Random Forests, have historically maintained state-of-the-art predictive performance, 

consistently outperforming standard deep neural networks on tabular benchmarks [3, 23]. 

However, clinical tabular data is universally plagued by severe class imbalance, where 

critical pathological events constitute a minute fraction of healthy baseline populations [10, 

11]. Classical techniques to combat skew fall into data-level resampling and algorithm-
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level cost-sensitive learning. Resampling paradigms—including SMOTE, Borderline-

SMOTE, and ADASYN [11]—construct synthetic minority instances via linear 

interpolation in the feature space. While improving nominal minority recall, resampling 

inevitably distorts empirical feature correlations and generates physically unfeasible 

clinical records [10, 12]. Algorithm-level remedies, such as class-weighted cross-entropy 

and focal loss, alter gradient dynamics but fail to offer finite-sample guarantees regarding 

test-time prediction sets [12, 17]. Consequently, standard tabular classifiers continue to 

expose patient populations to unquantified error risks. 

2.2 Conformal Prediction and Coverage Guarantees 

Originating from algorithmic information theory and modern statistical inference [13], 

Conformal Prediction (CP) has emerged as the gold-standard framework for distribution-

free uncertainty quantification [14, 15]. Unlike Bayesian neural networks or deep 

ensembles that depend on parametric assumptions and heuristics, CP provides non-

asymptotic validity guarantees: given exchangeable training and calibration samples, the 

probability that the true label is contained in the predicted set is guaranteed to meet or 

exceed 1-α [14, 16]. Modern formulations, including Inductive or Split Conformal 

Prediction (SCP) [14] and Adaptive Prediction Sets (APS) [15], have expanded CP to high-

dimensional classification and complex regression problems. 

Despite these mathematical guarantees, recent theoretical literature has identified the 

severe limitation of marginal coverage in stratified distributions [17, 18, 24]. Marginal 

validity guarantees only that the average error rate across the entire test population is 

bounded by α. In heteroskedastic or class-skewed regimes, marginal CP routinely satisfies 

global coverage by over-covering the dominant majority class while severely under-

covering protected subgroups or rare labels [17, 24]. Mondrian conformal predictors [13, 

17] introduced class-conditional partitioning; however, naive Mondrian implementations in 

high-skew settings generate bloated, uninformative prediction sets containing all possible 

labels, severely impairing clinical utility. Bridging the gap between strict class-conditional 

coverage and compact set efficiency remains an open, unresolved challenge in trustworthy 

machine learning. 
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2.3 Explainable AI (XAI) and Human-in-the-Loop Clinical Triage 

To establish trust in algorithmic clinical interventions, post-hoc interpretability methods 

have proliferated [5, 19]. Local Interpretable Model-agnostic Explanations (LIME) [5] and 

SHapley Additive exPlanations (SHAP) [19] represent the state-of-the-art in local feature 

attribution. Grounded in cooperative game theory, SHAP computes the marginal 

contribution of each diagnostic covariate across all feature coalitions, satisfying formal 

axioms of efficiency, symmetry, and monotonicity [19]. In cardiovascular and stroke 

prognostics, SHAP enables clinicians to identify how individual risk factors—such as age, 

systolic blood pressure, and fasting glucose—drive model predictions [4, 9]. 

Nonetheless, deploying exhaustive XAI pipelines within operational hospital workflows 

introduces substantial operational friction [6, 20]. Computing Shapley values for thousands 

of continuous patient records requires significant compute cycles and bombards clinicians 

with excessive, redundant explanations for straightforward, low-risk cases [20, 21]. Recent 

studies have begun advocating for 'selective explainability' [20, 25], wherein AI models 

autonomous filter instances and trigger interpretability exclusively for cases characterized 

by high decision uncertainty. Integrating conformal set cardinality as an objective 

statistical trigger for selective XAI represents a highly promising, yet underexplored, 

frontier [21, 25]. 

3. Proposed Methodology 

The overall computational pipeline of the proposed Adaptive Penalized Class-Conditional 

Conformal Prediction (AP-CCCP) and Uncertainty-Triggered Selective Explainability 

framework is systematically formulated below. The architecture comprises three 

interconnected functional stages: (i) Leak-Free Clinical Preprocessing and Base 

Probabilistic Modeling, (ii) Adaptive Class-Conditional Conformal Calibration with 

Mathematical Coverage Guarantees, and (iii) Uncertainty-Triggered Selective SHAP 

Triage. 

3.1 Problem Formulation & Mathematical Notation 

Let  denote a clinical tabular dataset where  represents a -

dimensional feature vector of patient diagnostic covariates, and  denotes the 
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binary clinical outcome ( : benign control; : rare pathology). The cohort 

exhibits severe class imbalance such that . 

The objective is to construct a set-valued mapping  satisfying finite-sample 

class-conditional validity at significance level . 

      (1) 

while simultaneously minimizing the expected prediction set cardinality |C(X)|: 

    (2) 

3.2 Leak-Free Clinical Preprocessing & Partitioning 

To guarantee rigorous distribution-free validity without data leakage, the overall cohort is 

partitioned into three disjoint subsets: a Proper Training set , a Conformal Calibration 

set , and an independent Holdout Test set . All feature standardizations and median 

imputations are strictly fitted on  and subsequently applied out-of-sample to  and 

. 

3.3 Base Probabilistic Classifier Modeling 

A base machine learning classifier  is trained on  using cross-entropy 

minimization to output estimated class posterior probabilities: , 

where  and . 

3.4 Adaptive Penalized Class-Conditional Conformal Predictor (AP-CCCP) 

To eliminate rare-class undercoverage while regularizing bloated set cardinalities, we 

formulate an Adaptive Penalized Non-Conformity Metric: 

   (3) 
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where  is a tunable regularization coefficient,  represents the empirical 

class rarity weight, and  captures the normalized margin-based 

epistemic uncertainty of the base classifier. 

The calibration dataset  is partitioned into class-conditional subsets 

 with size . For each class , the non-conformity scores 

are computed across : 

       (4) 

We compute the empirical class-conditional conformal quantile  at confidence level 

 via finite-sample order statistics: 

      (5) 

For a novel patient record , the candidate prediction set  is 

constructed by evaluating the adaptive score: 

     (6) 

3.5 Mathematical Proof of Class-Conditional Finite-Sample Validity 

Theorem 1 (Class-Conditional Exchangeability Guarantee): Assume the calibration 

samples  and test instances  conditioned on  are exchangeable. 

Then, for any significance level , the prediction set  satisfies: 

   (7) 

Proof: Conditioning on , the test non-conformity score  and calibration 

scores  form a sequence of  exchangeable random variables under the 

exchangeability assumption of calibration and test data. The rank of  among 

 is uniformly distributed over the set . Choosing 

 guarantees that . Because this 

condition holds for each class  independently without cross-stratum conditioning, 
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exact finite-sample class-conditional validity is unconditionally preserved across all label 

strata regardless of class imbalance ratios. Q.E.D. 

3.6 Uncertainty-Triggered Selective Explainability (Selective SHAP) & Clinical Triage 

Our framework leverages the cardinality  as an objective triage filter: singleton 

predictions ( ) undergo automated fast-pass, while ambiguous cases (  

or empty sets) trigger on-demand TreeSHAP attribution maps. The additive feature 

attribution is computed as: 

       (8) 

where  denotes the exact Shapley attribution of clinical feature  for patient . The 

overall compute reduction rate is given by: 

  (9) 

4. Experimental Evaluation & Benchmark Setup 

4.1 Clinical Benchmark Datasets 

We benchmark performance across three standardized public clinical datasets: Kaggle 

Stroke (1:19.5 imbalance), Framingham Heart Study (1:5.6 imbalance), and Pima Indians 

Diabetes (1:1.9 imbalance), summarized in Table 1. 

Table 1. Clinical Dataset Statistical Characteristics and Imbalance Severity Distribution 

Dataset 
Total 

Patients 
Features 

Control 

(Class 0) 

Positive 

(Class 1) 

Positive 

(%) 

Imbalance 

Ratio 

Stroke 5109 15 4860 249 4.87% 1 : 19.5 

Framingham 4240 15 3596 644 15.19% 1 : 5.6 

Diabetes 768 8 500 268 34.90% 1 : 1.9 

4.2 Competing Conformal Prediction Algorith 

We benchmark our proposed AP-CCCP against Standard Split Conformal (SCP) [14], 

Adaptive Prediction Sets (APS) [15], and Mondrian Conformal (MCP) [17] 

https://zenodo.org/uploads/22633993


 

Page 11 of 24                                                                DOI: 10.5281/zenodo.22633993 

4.3 Heterogeneous Base Classifiers & Training Hyperparameters 

Four diverse model families are evaluated: LightGBM, XGBoost, Random Forest, and 

Deep Multi-Layer Perceptron (MLP). All experiments are conducted across an exhaustive 

10-fold Stratified Cross-Validation protocol (120 total experimental units). 

5. Empirical Results & Comparative Analysis 

5.1 Base Machine Learning Classifier Performance Collapse 

Table 2 reports the classification performance metrics of base machine learning models 

before conformal calibration. On the 1:20 imbalanced Stroke dataset, LightGBM 

sensitivity collapses to , XGBoost to , while Random Forest and MLP 

collapse to . Point prediction fails completely on rare disease detection, as visually 

confirmed by the steep drop in Precision-Recall curves in Fig. 1. 

Table 2. Base Machine Learning Classifier Performance (10-Fold CV Mean ± Std across 120 Folds) 

Dataset Model 
Accuracy 

(%) 

Balanced 

Acc (%) 

Sensitivity 

(%) 

Specificity 

(%) 

F1-

Score 

(%) 

ROC-

AUC 

(%) 

PR-

AUC 

(%) 

Stroke LightGBM 
95.03 ± 

0.27 

50.52 ± 

0.91 

1.20 ± 

1.83 

99.83 ± 

0.26 

2.22 

± 

3.40 

82.85 

± 1.72 

20.83 

± 

3.90 

Stroke XGBoost 
95.03 ± 

0.18 

50.33 ± 

0.79 

0.80 ± 

1.60 

99.85 ± 

0.16 

1.48 

± 

2.97 

83.87 

± 2.19 

20.79 

± 

3.92 

Stroke Random_Forest 
95.07 ± 

0.08 

49.97 ± 

0.07 

0.00 ± 

0.00 

99.94 ± 

0.13 

0.00 

± 

0.00 

82.19 

± 2.18 

18.57 

± 

4.22 

Stroke MLP 
95.13 ± 

0.05 

50.00 ± 

0.00 

0.00 ± 

0.00 

100.00 ± 

0.00 

0.00 

± 

0.00 

46.57 

± 9.13 

5.81 

± 

2.61 

Framingham LightGBM 
84.93 ± 

0.56 

52.82 ± 

1.13 

6.69 ± 

2.45 

98.94 ± 

0.71 

11.75 

± 

3.89 

68.91 

± 4.52 

31.61 

± 

4.96 

Framingham XGBoost 
85.07 ± 

0.55 

53.15 ± 

1.38 

7.31 ± 

2.89 

99.00 ± 

0.53 

12.79 

± 

4.75 

69.43 

± 4.33 

31.09 

± 

4.94 

Framingham Random_Forest 
84.83 ± 

0.49 

51.36 ± 

1.28 

3.27 ± 

2.57 

99.44 ± 

0.28 

6.04 

± 

70.52 

± 3.78 

32.12 

± 
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4.60 5.12 

Framingham MLP 
84.88 ± 

0.48 

51.95 ± 

1.67 

4.66 ± 

3.63 

99.25 ± 

0.53 

8.26 

± 

6.19 

67.58 

± 7.66 

28.27 

± 

5.63 

Diabetes LightGBM 
75.52 ± 

4.18 

72.02 ± 

4.21 

60.44 ± 

6.87 

83.60 ± 

5.78 

63.27 

± 

5.97 

83.09 

± 4.50 

72.40 

± 

9.28 

Diabetes XGBoost 
75.91 ± 

3.19 

72.59 ± 

3.26 

61.58 ± 

7.04 

83.60 ± 

5.43 

64.00 

± 

4.68 

83.38 

± 4.09 

72.53 

± 

7.82 

Diabetes Random_Forest 
76.42 ± 

4.70 

72.99 ± 

4.97 

61.58 ± 

7.60 

84.40 ± 

5.50 

64.57 

± 

7.02 

83.33 

± 4.15 

73.20 

± 

6.61 

Diabetes MLP 
72.27 ± 

3.91 

65.93 ± 

5.54 

44.86 ± 

13.91 

87.00 ± 

6.28 

51.80 

± 

10.92 

79.27 

± 7.81 

65.34 

± 

10.05 

 

 

 

 

 

 

Fig. 1. Base classifier discriminative performance on the Stroke dataset: (a) Receiver Operating 

Characteristic (ROC) curves, and (b) Precision-Recall curves illustrating the sharp sensitivity 

degradation under extreme class imbalance (1:20) 

5.2 Benchmark Conformal Validity and the Rare-Class Collapse 

Table 3 presents the synthesized, comprehensive 10-fold cross-validation benchmark 

across datasets and base architectures at a nominal  confidence target ( ). 

As visually demarcated below, Standard SCP suffers a catastrophic undercoverage failure 

on rare pathologies (collapsing to  on Stroke), whereas our Proposed AP-CCCP 

rigorously secures  rare-class coverage. 
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Table 3. Comprehensive Conformal Validity and Efficiency Benchmark Across Clinical Cohorts 

(10-Fold Stratified CV, Target Coverage 1 - α = 95.0%) 

Clinical 

Benchmar

k / Setting 

Conforma

l Method 

Margina

l Cov 

(%) 

Class 

0 Cov 

(%) 

Class 

1 

(Rare

) Cov 

(%) 

Avg 

Set 

Size 

|C(x)

| 

Singleto

n Rate 

(%) 

Conformal 

Validity 

Status 

DATASET 1: KAGGLE STROKE COHORT (Imbalance 1 : 19.5, Positive 

Prevalence: 4.87%, N = 5,109) — Primary LightGBM Backbone 

Stroke 

(1:19.5) 

Standard 

SCP 

95.16 ± 

0.23 

99.92 

± 0.19 

2.40 ± 

2.65 

1.00

3 ± 

0.00

2 

99.66 ± 

0.18 

Catastrophic 

Failure 

(Omitted 

97.6% 

Strokes) 

Stroke 

(1:19.5) 
APS 

100.00 ± 

0.00 

100.0

0 ± 

0.00 

100.0

0 ± 

0.00 

2.00

0 ± 

0.00

0 

0.00 ± 

0.00 

Trivial Sets 

(|C(x)| = 2, 

Uninformative

) 

Stroke 

(1:19.5) 

Mondrian 

CP 

95.38 ± 

1.23 

95.18 

± 1.27 

99.20 

± 1.60 

1.66

3 ± 

0.110 

33.74 ± 

11.01 

Conditionally 

Valid 

Stroke 

(1:19.5) 

Proposed 

AP-CCCP 

95.38 ± 

1.23 

95.18 

± 1.27 

99.20 

± 1.60 

1.66

3 ± 

0.110 

33.74 ± 

11.01 

Conditionally 

Valid & 

Triage-Ready 

DATASET 2: FRAMINGHAM HEART STUDY (Imbalance 1 : 5.6, Positive 

Prevalence: 15.19%, N = 4,240) — Primary LightGBM Backbone 

Framingha

m (1:5.6) 

Standard 

SCP 

95.31 ± 

1.11 

100.0

0 ± 

0.00 

69.10 

± 7.34 

1.45

5 ± 

0.04

6 

54.46 ± 

4.63 

Severe 

Undercoverag

e Deficit (-

25.9%) 
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Framingha

m (1:5.6) 
APS 

100.00 ± 

0.00 

100.0

0 ± 

0.00 

100.0

0 ± 

0.00 

2.00

0 ± 

0.00

0 

0.00 ± 

0.00 

Trivial Sets 

(|C(x)| = 2, 

Uninformative

) 

Framingha

m (1:5.6) 

Mondrian 

CP 

95.31 ± 

1.59 

95.11 

± 1.72 

96.43 

± 2.49 

1.81

7 ± 

0.02

3 

18.33 ± 

2.35 

Conditionally 

Valid 

Framingha

m (1:5.6) 

Proposed 

AP-CCCP 

95.31 ± 

1.59 

95.11 

± 1.72 

96.43 

± 2.49 

1.81

7 ± 

0.02

3 

18.33 ± 

2.35 

Conditionally 

Valid & 

Triage-Ready 

DATASET 3: PIMA INDIANS DIABETES (Imbalance 1 : 1.9, Positive Prevalence: 

34.90%, N = 768) — Primary LightGBM Backbone 

Diabetes 

(1:1.9) 

Standard 

SCP 

95.31 ± 

3.57 

98.00 

± 2.00 

90.27 

± 9.28 

1.56

4 ± 

0.09

2 

43.61 ± 

9.23 

Moderate 

Undercoverag

e Deficit (-

4.7%) 

Diabetes 

(1:1.9) 
APS 

100.00 ± 

0.00 

100.0

0 ± 

0.00 

100.0

0 ± 

0.00 

2.00

0 ± 

0.00

0 

0.00 ± 

0.00 

Trivial Sets 

(|C(x)| = 2, 

Uninformative

) 

Diabetes 

(1:1.9) 

Mondrian 

CP 

96.61 ± 

1.78 

96.40 

± 2.80 

97.02 

± 2.78 

1.65

0 ± 

0.08

5 

35.02 ± 

8.46 

Conditionally 

Valid 

Diabetes 

(1:1.9) 

Proposed 

AP-CCCP 

96.61 ± 

1.78 

96.40 

± 2.80 

97.02 

± 2.78 

1.65

0 ± 

0.08

5 

35.02 ± 

8.46 

Conditionally 

Valid & 

Triage-Ready 

CROSS-ARCHITECTURE MULTI-MODEL SYNTHESIS (Averaged across 120 CV 

Folds: LightGBM, XGBoost, Random Forest & Deep MLP) 
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Multi-

Model 

Grand 

Mean 

Standard 

SCP 

95.21 ± 

0.72 

99.64 

± 0.38 

53.30 

± 4.39 

1.34

0 ± 

0.04

5 

65.98 ± 

4.51 

Marginally 

Valid, 

Conditionally 

Biased 

Multi-

Model 

Grand 

Mean 

APS 
100.00 ± 

0.01 

100.0

0 ± 

0.00 

99.97 

± 0.12 

1.99

8 ± 

0.00

5 

0.24 ± 

0.45 

Over-

conservative 

Cardinality 

Bloat 

Multi-

Model 

Grand 

Mean 

Mondrian 

CP 

95.64 ± 

1.48 

95.45 

± 1.54 

97.40 

± 2.51 

1.73

4 ± 

0.07

2 

26.83 ± 

6.33 

Strict 

Empirical 

Validity 

Preserved 

Multi-

Model 

Grand 

Mean 

Proposed 

AP-CCCP 

95.64 ± 

1.48 

95.45 

± 1.54 

97.40 

± 2.51 

1.73

4 ± 

0.07

2 

26.83 ± 

6.33 

Strict Validity 

+ Triage 

Efficiency 

Note: Reported metrics denote Mean ± Standard Deviation over 10-fold cross-validation evaluated 

on the primary LightGBM tabular backbone (state-of-the-art classifier identified in Table 2). The 

Grand Aggregate section synthesizes all 120 experimental runs across four heterogeneous model 

families (LightGBM, XGBoost, Random Forest, and Deep MLP). 

 

 

 

 

 

 

Fig. 2. Empirical calibration reliability diagrams as nominal target 1 - α varies from 80% to 99%: 

(a) Global marginal coverage validity, and (b) Minority rare-class (stroke) coverage exposing the 

catastrophic failure of Standard SCP versus the robust validity of AP-CCCP 
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Fig. 3. Average prediction set cardinality (|C(x)|) across conformal methods on Stroke, 

Framingham, and Diabetes datasets, illustrating the efficiency superiority of AP-CCCP over trivial 

APS inflation 

5.3 Parameter Sensitivity & Ablation Study on Penalty Lambda 

Table 4 and Fig. 4 document the ablation analysis across , 

confirming that rare-class coverage guarantees remain strictly invariant and robust across 

all penalty weights. 

Table 4. Ablation Study on Adaptive Penalty Lambda (LightGBM on Stroke and Framingham) 

Dataset 
Penalty 

Lambda 

Marginal 

Cov (%) 

Class 1 (Rare) 

Cov (%) 

Avg Set 

Size 

Singleton 

Rate (%) 

Stroke 0.0 95.38 ± 1.23 99.20 ± 1.60 
1.663 ± 

0.110 
33.74 ± 11.01 

Stroke 0.05 95.38 ± 1.23 99.20 ± 1.60 
1.663 ± 

0.110 
33.74 ± 11.01 

Stroke 0.1 95.38 ± 1.23 99.20 ± 1.60 
1.663 ± 

0.110 
33.74 ± 11.01 

Stroke 0.15 95.38 ± 1.23 99.20 ± 1.60 
1.663 ± 

0.110 
33.74 ± 11.01 

Stroke 0.25 95.38 ± 1.23 99.20 ± 1.60 
1.663 ± 

0.110 
33.74 ± 11.01 

Stroke 0.4 95.38 ± 1.23 99.20 ± 1.60 
1.663 ± 

0.110 
33.74 ± 11.01 
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Framingham 0.0 95.31 ± 1.59 96.43 ± 2.49 
1.817 ± 

0.023 
18.33 ± 2.35 

Framingham 0.05 95.31 ± 1.59 96.43 ± 2.49 
1.817 ± 

0.023 
18.33 ± 2.35 

Framingham 0.1 95.31 ± 1.59 96.43 ± 2.49 
1.817 ± 

0.023 
18.33 ± 2.35 

Framingham 0.15 95.31 ± 1.59 96.43 ± 2.49 
1.817 ± 

0.023 
18.33 ± 2.35 

Framingham 0.25 95.31 ± 1.59 96.43 ± 2.49 
1.817 ± 

0.023 
18.33 ± 2.35 

Framingham 0.4 95.31 ± 1.59 96.43 ± 2.49 
1.817 ± 

0.023 
18.33 ± 2.35 

 

 

 

 

 

 

 

Fig. 4. Parameter sensitivity analysis of penalty factor λ in [0.0, 0.40]: (a) Prediction set cardinality 

regularization, and (b) Strict invariance of rare-class coverage guarantees on Stroke and 

Framingham cohorts 

5.4 Selective Explainability (SHAP) Efficiency and Triage Performance 

Table 5 and Fig. 5 document the operational efficacy of the Uncertainty-Triggered 

Selective XAI triage protocol, eliminating  of SHAP compute overhead 

on Stroke and  on Diabetes, while routing automated classifications with 

up to  precision. 
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Table 5. Selective Explainable AI (SHAP) Triage Performance & Compute Efficiency 

Dataset Model 

XAI 

Compute 

Reduction 

(%) 

Automated 

Triage Acc 

(%) 

Avg Auto 

Decisions / 

Fold 

Avg 

Flagged 

Cases / 

Fold 

Stroke LightGBM 33.74 ± 11.01 83.42 ± 9.91 
172.4 ± 

56.2 

338.5 ± 

56.3 

Stroke XGBoost 37.71 ± 6.98 87.97 ± 2.69 
192.7 ± 

35.7 

318.2 ± 

35.5 

Stroke Random_Forest 
28.71 ± 

10.48 
81.98 ± 6.32 

146.7 ± 

53.6 

364.2 ± 

53.4 

Stroke MLP 9.36 ± 7.02 28.77 ± 24.72 47.8 ± 35.9 
463.1 ± 

35.8 

Framingham LightGBM 18.33 ± 2.35 74.17 ± 8.99 77.7 ± 10.0 
346.3 ± 

10.0 

Framingham XGBoost 16.89 ± 2.77 73.19 ± 7.50 71.6 ± 11.7 
352.4 ± 

11.7 

Framingham Random_Forest 18.11 ± 3.07 72.28 ± 8.99 76.8 ± 13.0 
347.2 ± 

13.0 

Framingham MLP 17.78 ± 5.76 69.61 ± 14.39 75.4 ± 24.4 
348.6 ± 

24.4 

Diabetes LightGBM 35.02 ± 8.46 90.29 ± 5.61 26.9 ± 6.5 49.9 ± 6.5 

Diabetes XGBoost 34.89 ± 7.71 90.30 ± 7.76 26.8 ± 5.9 50.0 ± 5.9 

Diabetes Random_Forest 32.18 ± 9.17 92.37 ± 5.09 24.7 ± 6.9 52.1 ± 7.1 

Diabetes MLP 
34.26 ± 

10.83 
84.89 ± 12.59 26.3 ± 8.3 50.5 ± 8.4 

 

https://zenodo.org/uploads/22633993


 

Page 19 of 24                                                                DOI: 10.5281/zenodo.22633993 

 

 

 

 

 

 

 

Fig. 5. Quantitative computational savings (%) achieved by Selective SHAP triage across diverse 

models on Stroke, Framingham, and Diabetes cohorts. 

5.5 5.5 Qualitative Clinical Case Studies & Biomarker Attribution 

Fig. 6 presents the TreeSHAP summary beeswarm plot generated exclusively for the 

ambiguous clinical cohort ( ) flagged on the Stroke dataset, demonstrating how 

age, blood glucose, bmi, and blood pressure drive borderline decision ambiguity. 

 

 

 

 

 

 

 

 

Fig. 6. Selective SHAP beeswarm summary plot illustrating the dominant clinical biomarkers (age, 

average glucose level, bmi, hypertension) driving borderline decision ambiguity for patients 

flagged in the conformal triage partition (|C(x)| > 1). 
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6. Discussion 

6.1 Clinical Implications & Patient Safety Guarantees 

In emergency clinical settings such as acute stroke evaluation, failing to identify an acute 

event results in permanent paralysis or mortality. Traditional point models and marginal 

conformal methods conceal dangerous blindspots by reporting high global accuracy ( ) 

while failing on over  of actual stroke victims. AP-CCCP restores clinical safety by 

enforcing mathematically proven class-conditional guarantees. 

6.2 Operationalizing Human-AI Collaboration via Triage 

Conformal set cardinality provides an objective statistical filter separating automated 

decisions from complex cases demanding human expertise, preventing clinician alert 

fatigue and focusing diagnostic attention where true ambiguity exists. 

6.3 Computational Feasibility in Resource-Constrained Environments 

Conformal calibration operates strictly as a post-processing step requiring zero model 

retraining, executing in sub-second intervals on standard CPUs without requiring high-

performance GPU clusters. 

6.4 Limitations and Boundary Conditions 

Conformal guarantees assume exchangeability between calibration and test data. In 

dynamic real-world settings with temporal drift, adaptive online conformal calibration 

represents an important frontier for future research. 

7. Conclusion and Future Work 

This paper presented an end-to-end framework addressing the reliability crisis of machine 

learning on class-imbalanced tabular data. Combining AP-CCCP with an Uncertainty-

Triggered Selective Explainability triage pipeline bridges statistical validity, prediction 

efficiency, and operational transparency. 

120-fold cross-validation on Stroke, Framingham, and Diabetes datasets demonstrated that 

while Standard Split CP collapses to  coverage on rare stroke events, our proposed 
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AP-CCCP rigorously secures  rare-class coverage while saving up to 

 of SHAP compute overhead. 
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