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Abstract


Rare event detection in large tabular data remains a computationally challenging problem due to class imbalance, heterogeneous feature distributions, and unstable thresholds. Traditional machine learning approaches based on individual models and fixed thresholds often exhibit limited robustness and reproducibility in such settings. This paper proposes a hybrid ensemble framework for rare event detection that integrates heterogeneous machine learning models through threshold-aware probabilistic aggregation. The framework combines gradient-boosted decision trees, regularized linear models, and neural networks, leveraging their complementary inductive biases. To ensure reproducibility and robust performance evaluation under severe class imbalance, a leaky-controlled evaluation protocol is employed, including rootwise summation, probability calibration, and validation-based threshold optimization. The proposed approach is evaluated on a large tabular dataset containing approximately 50,000 observations. Experimental results demonstrate improved rare event detection and robust generalization performance compared to individual baseline models. Explainability is achieved through Shapley Additive Explanations (SHAP)-based attribution analysis and clustering in the explanation space, enabling transparent analysis of ensemble decision-making behavior. The proposed framework represents a general-purpose computational solution for rare event detection and can be applied to a wide range of data-driven decision-making and anomaly detection problems.
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1. Introduction


Rare event detection in large tabular datasets is a fundamental challenge in modern computer science and data-driven decision systems. Such problems are characterized by strong class imbalance, heterogeneous feature distributions, and uncertainty in decision boundaries, significantly complicating the reliable training and evaluation of models. Despite recent advances in machine learning, many existing approaches rely on single predictive models and fixed decision thresholds, resulting in limited robustness, poor generalization, and reduced interpretability when applied to complex real-world data. Consequently, there is a growing need for reproducible computational platforms that integrate heterogeneous learning paradigms, explicitly model uncertainty, and support transparent decision aggregation to identify rare events in large tabular datasets.



In large-scale data-driven decision analytics, heterogeneous tabular data is widely used for population-level screening, monitoring, and risk stratification. A typical example of such data sources is laboratory measurements of blood biochemistry, which form multivariate data sets collected under a variety of data collection protocols and population settings. Enzymatic markers, including aspartate aminotransferase (AST), are commonly analyzed in large observational data sets to identify abnormal physiological conditions associated with inflammatory and systemic processes [1,2]. However, traditional interpretation strategies in such areas rely on fixed reference intervals and predefined cutoff values, which inadequately account for interindividual variability associated with demographic and population factors [3,4]. As a result, cutoff values derived from universal norms often exhibit limited stability when applied to heterogeneous cohorts and changing data distributions, reducing their transferability and reliability in large-scale analytical settings [5]. The growing adoption of machine learning (ML) methods has enabled the extraction of complex multivariate patterns from high-dimensional tabular data and has facilitated a shift from rigid threshold-based rules to adaptive, data-driven decision-making mechanisms [6,7,8]. Personalized modeling strategies allow decision boundaries to be adjusted according to individual characteristics, thereby increasing robustness in heterogeneous and imbalanced data environments [9,10]. However, many existing machine learning-based studies treat thresholds or reference limits as fixed labels rather than integral components of the modeling process. This simplification ignores threshold instability and its impact on rare event detection, uncertainty representation, and decision reliability in large datasets [11].



Another fundamental challenge arises from pronounced class imbalance, as rare events typically constitute only a small fraction of the observed population [12,13]. Under these conditions, standard performance metrics such as overall accuracy lose diagnostic value, while metrics that account for imbalance, including balanced accuracy, F1-score, Receiver Operating Characteristic—Area Under the Curve (ROC-AUC), and Precision–Recall Area Under the Curve (PR-AUC), provide a more informative assessment of a model’s ability to detect rare positive events [14,15]. Despite this understanding, methodological limitations remain prevalent in the literature, including reliance on fixed thresholds, insufficiently rigorous evaluation protocols, and inappropriate combinations of training, calibration, and threshold selection steps. These issues can lead to inflated performance estimates and limited reproducibility [16,17]. From a cognitive computing perspective, robust rare event detection requires not only accurate predictions but also explicit modeling of uncertainty and inconsistency between decision mechanisms. Single-model approaches reduce complex multivariate information to a single output metric, discarding valuable signals associated with alternative hypotheses and boundary uncertainty. Ensemble learning provides a natural framework for addressing this problem; however, simply averaging model outputs fails to fully exploit the ensemble’s diversity. Specifically, discrepancies between models can serve as informative signals reflecting uncertainty, proximity to decision boundaries, and heterogeneity in the underlying data-generating processes.



Inspired by these considerations, this study proposes a hybrid cognitive ensemble framework, called HybridNovel, for binary rare event detection in large-scale datasets. Instead of optimizing a single aggregate metric, the proposed framework focuses on supervised decision making under severe class imbalance. Classification thresholds are determined solely on the validation subset using a multi-objective criterion that prioritizes rare event detection while maintaining an acceptable class balance. To ensure fair and reproducible evaluation, a rigorous data partitioning protocol is employed, in which model training is performed on the training subset, threshold optimization is performed on the validation subset, and the final performance evaluation is performed on an independent test subset [18,19,20]. Within this unified protocol, a systematic comparison is conducted between classical machine learning algorithms, neural network models for tabular data, and the proposed hybrid ensemble.



The primary goal of this work is to develop and experimentally validate a reproducible, threshold-aware cognitive ensemble pipeline for rare event detection in large-scale heterogeneous tabular data. By integrating adaptive threshold modeling, ensemble variance analysis, and explainable inference mechanisms, the proposed framework provides transferable methodological capabilities applicable not only to the specific illustrative case of laboratory screening but also to a wide range of data-driven decision support and anomaly detection tasks.




2. Related Work


Rare event detection in tabular data has been widely studied in both applied and methodological machine learning research, particularly in areas where decision rules are defined using threshold-based criteria. A representative example of such data sources is laboratory measurements of blood chemistry, which form heterogeneous, multivariate tabular datasets collected on a large scale. Enzymatic indicators such as AST are widely used for screening and monitoring tasks and serve as illustrative examples of threshold-based decision-making problems in observational data [21]. However, the interpretation of such variables is influenced by biological variability, preanalytical factors, and measurement heterogeneity, limiting the transferability of universal decision thresholds across populations and data collection settings [22]. A central concept in threshold-based decision systems is the notion of a reference limit or upper bound, often defined using reference intervals estimated from representative populations [23]. Previous research and international guidelines emphasize that such thresholds depend on multiple factors, including demographic characteristics, population composition, and statistical estimation procedures [24]. Consequently, applying fixed thresholds without stratification can lead to decision biases when used in heterogeneous data environments [25]. From a machine learning perspective, this highlights a broader issue: decision thresholds are often treated as static labels rather than adaptive components of the modeling process.



Previous work has shown that demographic stratification, such as gender-specific thresholding, plays a significant role in stabilizing decision boundaries for many tabular metrics, as distribution shifts can distort both label generation and subsequent model performance [26]. The quality of target label construction directly impacts the upper bound on achievable predictive performance, particularly in supervised learning problems involving rare events. The application of machine learning methods to table screening and anomaly detection problems has expanded rapidly in recent years [27]. Both classical models and ensemble approaches, including boosting and stacking, have demonstrated robustness in the presence of heterogeneous features and missing data [28]. In particular, ensemble learning methods leverage additional inductive biases from base models and have been shown to improve prediction stability and reduce variance in classification problems with imbalanced class distributions [29].



Severe class imbalance is a defining characteristic of rare event detection problems, where positive cases represent only a small fraction of observations [30]. In such settings, traditional accuracy-based evaluation is insufficient, and imbalance-aware metrics, such as PR-AUC, F1-score, and balanced accuracy, provide a more robust performance assessment [31]. In addition to model selection, threshold selection and probability calibration play a crucial role in translating probabilistic results into reliable decisions [32]. Previous research highlights that initial model probabilities often require subsequent calibration to ensure meaningful interpretation, especially in high-stakes decision-making systems [33]. This issue becomes especially important in ensemble and stacked systems, where calibration at the metaclassifier level can significantly impact the quality of the final decision.



Recent methodological research in applied machine learning increasingly emphasizes the importance of reproducibility, including strict separation of training, validation, and testing phases, control of information leakage, and transparent reporting of experimental protocols [34,35]. These principles are essential for objective comparison of algorithms and to ensure that the reported performance generalizes beyond a specific dataset or application scenario. Unlike existing approaches, which primarily focus on either domain-specific threshold estimation or comparison of individual models, this paper integrates adaptive threshold modeling with a reproducible ensemble machine learning pipeline for rare event detection in large tabular data. By combining probabilistic summarization, calibration, and multi-objective threshold optimization within a controlled information leakage framework, the proposed approach addresses key methodological gaps identified in previous studies while remaining applicable beyond specific domains.



Recent advances in table-based deep learning have led to the emergence of Transformer-based architectures specifically designed for structured data, including Tabular Transformer (TabTransformer), Feature Tokenizer Transformer (FT-Transformer), Self-Attention and Intersample Attention Transformer (SAINT), and Attentive Interpretable Tabular Learning (TabNet). These models utilize self-attention mechanisms to capture complex feature interactions and have demonstrated high performance on benchmark tabular datasets. However, their advantages are most pronounced in high-dimensional settings with rich categorical embeddings and very large training corpora.



In contrast, the present study focuses on rare event detection under conditions of strong class imbalance and heterogeneous missing data patterns, where the key design challenges are robust probabilistic calibration, threshold stability, and leakage control. While Transformer-based models provide flexible representation learning, they often require extensive hyperparameter tuning and are computationally expensive. The proposed HybridNovel framework emphasizes methodological transparency, reproducibility, and controlled threshold optimization, offering a complementary paradigm focused on robust decision support for rare events rather than purely representation-based modeling.




3. Materials and Methods


3.1. Data Source and Problem Formulation


This study examines the problem of rare event detection in large tabular datasets, where the objective is to identify observations that exceed a domain-defined threshold. Laboratory blood biochemistry measurements, with a focus on AST, are used as an illustrative example of such threshold-based decision-making problems. The modeling goal is not to predict absolute AST values, but to detect threshold exceedances relative to an individual’s upper limit of normal (ULN), which serves as a domain-defined flagging mechanism. The analysis is conducted using the publicly available harmonized NHANES 1988–2018 dataset, which combines demographic, anthropometric, and biochemical measures of the population collected according to standardized survey protocols. The dataset was obtained from the Kaggle repository and is based on the National Health and Nutrition Examination Survey (NHANES), conducted by the National Center for Health Statistics (NCHS) of the Centers for Disease Control and Prevention (CDC). The harmonized version ensures consistency in variable definitions and coding across all survey cycles from 1988 to 2018. The dataset provides sufficient sample size, feature heterogeneity, and variability to evaluate rare event detection methods in realistic, large-scale settings. Only adult observations (age ≥ 18 years) were included to ensure consistency of cut-off values and avoid confounding effects associated with pediatric reference systems.



Loading and basic data structure. Loading and basic data structure. Let the original dataset be represented by (1):


  D = { (   x   i   ,   a   i   )   }   i = 1   N   ,  



(1)




where   N   is the number of participants (unique SEQN),     x   i   ∈   R   p   × C   is the feature vector (numeric and categorical variables), and     a   i   ∈ R   is the AST dimension (  U / L  ). In practice, the data is loaded into a pandas DataFrame and treated as a feature matrix and a target variable. At the loading stage, the identifier of the target variable AST (e.g., LBXSASSI), the list of predictors (or the rule for their automatic inference in the absence of an explicit list), and the value of the random seed s are fixed to ensure the reproducibility of all stochastic procedures.



Cleaning and standardizing variable representation. To ensure the correctness of further statistical processing, an operator for converting values to a numerical format (2) is introduced:


    x  ~  = N u m P a r s e ( x ) ,  



(2)




where NumParse(⋅) eliminates typical representation artifacts (string numbers, commas instead of periods, spaces, text gap markers). After the reduction, the following operations are performed:




	1.

	
Replacing infinities with spaces (3):











  x ∈ { ± ∞ } ⇒ x : = N a N .  



(3)







	2.

	
Physiological validity of AST: values that do not correspond to the meaning of the measurement are excluded from the construction of the label (4):








     a   i   ≤ 0 ⇒   a   i   : = N a N .   



(4)





Next, observations with missing AST are removed from the analysis (5):


  D : = { (   x   i   ,   a   i   )   :     a   i      is   defined  } .  



(5)







	3.

	
Eliminate duplicate columns (if there are duplicates after joins/merges): the first version of the feature is kept, while the others are removed to avoid ambiguity in the     x   i     display.







Feature typification. Let the predictor set   F   be divided into numerical features     F   n u m     and categorical features     F   c a t    . The gender variable (RIAGENDR) is forced into a categorical group because it is also used for the ULN policy. This results in the feature matrix (6):


  X = [   x   i j   ] ∈   R   n × p   , n ≤ N  



(6)







Medically correct construction of an individualized ULN threshold. The key step is determining the upper limit of the norm, depending on the patient’s gender. Let     s   i     be the gender code (for example,     s   i   ∈   M , F   ,    {1,2}). The gender normalization function is defined (7):


      s  ^    i   = g (   s   i   ) ∈ { M , F , ∅ } .  



(7)




where ∅ corresponds to the absence/indeterminacy of gender. The individual ULN is then determined (8):


    U L N   i   =      48 ,       s  ^    i   = M ,     43 ,       s  ^    i   = F ,     45 ,       s  ^    i   = ∅ .       



(8)




The study applies an adult ULN policy (age ≥ 18 at cohort formation) to avoid confounding from pediatric reference ranges. Sex-specific upper limits of normal are set at 48 U/L for males and 43 U/L for females. When sex information is unavailable, a pooled fallback threshold of 45 U/L is used to maintain cohort completeness and deterministic target assignment. The binary label is defined by comparing the observed AST value with the corresponding individualized ULN.



Formation of a binary target variable. The original AST value     a   i     is converted to a binary label (9):


    y   i   = I (   a   i   >   U L N   i   ) ,  



(9)




where   I ( ⋅ )   is the truth indicator,     y   i   ∈ { 0,1 }  . Interpretation of classes:



    y   i   = 0  : AST within the individual norm;



    y   i   = 1  : AST above the individual norm.



Next, the prevalence of the positive class is estimated, which is essential for the correct selection of metrics and balancing strategy (10):


  π =    1   n      ∑  i = 1   n      y   i      



(10)







Feature omissions and transformations before training. To prepare the matrix   X   for training, two preprocessing options are defined, corresponding to different model families:



Numerical Features. Median Imputation (11):


    x   i j   : =        x   i j   ,     x   i j   ≠ N a N ,     m e d i a n (   x   ⋅ j   ) ,     x   i j   = N a N .       



(11)







For scale-sensitive models (linear, Support Vector Machine (SVM), Multilayer Perceptron (MLP)), standardization is applied (12):


    x   i j   ′   =      x   i j   −   μ   j       σ   j      ,  



(12)




where     μ   j     and     σ   j     are the mean and standard deviation of feature   j  , calculated only on the training sample.



Mode imputation and one-hot encoding, with robust handling of new categories (handle_unknown = “ignore” mode), which is critical for a fair assessment during validation/testing:


  O H E ( c ) → { 0,1   }   k   .  



(13)







The final transformation is given as a function (14):


  Φ ( X ) → Z ,  



(14)




where   Z   is the numerical feature matrix after imputation and coding. To eliminate information leakage and ensure a fair assessment, a three-part holdout partition is used (15) with approximately 60%/20%/20% splits.


  D →   D   t r a i n   ∪   D   v a l   ∪   D   t e s t    



(15)







The partitioning is performed with stratification by the target label y and (if available) by gender   s  . Formally, the stratification feature (16) is introduced, and the partitioning is performed so that the empirical distributions of     z   i     are as close as possible across all subsamples. This reduces the risk of gender bias with simultaneous class imbalance.


    z   i   = (   s   i   ,   y   i   )  



(16)







Preprocessing parameters (medians,    μ ,   σ  , OHE dictionary) must be evaluated only on     D   t r a i n    ; classification threshold selection and any tuning procedures are performed only on     D   v a l    ;     D   t e s t     is reserved for the final evaluation. Class balancing occurs during the training phase (without model training). If there is a significant class imbalance, object weights are introduced for the training set (17):


    w   i   =         n   2   n   0      ,     y   i   = 0 ,        n   2   n   1      ,     y   i   = 1 ,       



(17)




where     n   0     and     n   1     are the numbers of classes in     D   t r a i n    , this scheme is equivalent to equalizing the contribution of courses to the objective function of many algorithms. Still, it does not alter the data or violate the hold-out protocol.




3.2. Variables and Feature Set


The unit of observation is the unique participant identifier (SEQN). The analytical cohort comprised 49,950 unique participants (SEQN). The study included adult participants (age ≥ 18 years), allowing the use of adult ULN reference values without confounding with pediatric scales. A key inclusion criterion was the presence of a valid AST (target biochemical indicator) measurement. Impossible and non-physiological values (e.g., AST ≤ 0) were considered invalid and excluded from label generation and model training. Feature selection was conducted in accordance with the applied goal: to build an accessible model based on routine, relatively inexpensive demographic, anthropometric, and biochemical indicators typically available through standard examinations, without specialized instrumental tests.



A set of 38 variables, selected after filtering and control for information content, was used for the analysis: 37 continuous/quasi-continuous indicators (laboratory markers, anthropometry, indices) and one categorical sex indicator (RIAGENDR, 1/2), which is also used to individualize the ULN. The target variable is represented by the AST level in U/L units (LBXSASSI) and was used to construct a binary excess label for the individualized ULN. Predictors include, in particular, demographic and anthropometric parameters (age—RIDAGEYR, body mass index—BMXBMI, height—BMXHT, body weight—BMXWT), lipid profile and metabolic parameters (total cholesterol—LBXTC, triglycerides—LBXTR, HDL—LBDHDD, LDL—LBDLDL, glucose—LBXGLU, insulin—LBXIN), inflammatory and hematological markers (CRP/hs-CRP—LBXCRP/LBXHSCRP, leukocytes—LBXWBCSI, platelets—LBXPLTSI, neutrophils—LBDNENO, lymphocytes—LBDLYMNO), renal function parameters and associated biochemical parameters The feature set included creatinine (LBXSCR), urea (LBXSBU), uric acid (LBXSUA), and eGFR (VNEGFR); iron-related biomarkers, namely ferritin (LBXFER/LBDFERSI) and serum iron (LBDIRNSI); and derived indices generated via feature engineering, including HOMA-IR, NLR, PLR, SII, TG/HDL ratio, and the TyG index), which were considered as aggregated markers of inflammation and insulin resistance and were used along with the original laboratory variables. The RIAGENDR feature is represented by two levels with similar sample shares (approximately 48% and 52%), ensuring sufficient representation of both sexes, accurate individualization of the ULN threshold, and stable stratification when partitioning the data.




3.3. Machine Learning Models Used


The comparative analysis covered several classes of models, reflecting different assumptions about the data structure and different generalization mechanisms:




	1.

	
The baseline model was a DummyClassifier with a naive strategy, which is necessary for correctly interpreting quality gains relative to a trivial solution. Model (constant prediction based on class mode) (18):











      y  ^    i   = a r g   m a x   c ∈ { 0,1 }     ∑  j ∈ Train    I   (   y   j   = c ) ,  



(18)




where       y  ^    i     is the predicted class,   c   is the candidate class, and     y   j     is the true label in training.








	2.

	
Class-balanced logistic regression was employed as an interpretable and robust linear baseline model.









Probability of class 1 (19):


      p  ^    i   = σ (   β   0   +   β   ⊤     x   i   ) , σ ( z ) =    1   1 +   e   − z      .  



(19)







Training (weighted logistic loss) (20):


    m i n     β   0   , β   −   ∑  i ∈ Train      w   i     [   y   i   l n       p  ^    i   + ( 1 −   y   i   ) l n ( 1 −     p  ^    i   ) ] ,  



(20)




where     β   0     is the free term,   β   is the vector of coefficients, and     w   i     are the class weights.








	3.

	
Tree ensembles—Random Forest and Extra Trees, which can model nonlinearities and feature interactions without strict scaling requirements. Tree ensemble and probability averaging (21):











      p  ^    i   =    1   T      ∑  t = 1   T      h   t     (   x   i   ) ,  



(21)




where     h   t   (   x   i   ) ∈ [ 0,1 ]   is the probability of class 1 output by the   t  -th tree,   T   is the number of trees, and     h   t     is the decision tree (probabilistic output).



Gradient boosting—HistGradientBoosting and (where libraries are available) eXtreme Gradient Boosting (XGBoost 3.2.0.)/Light Gradient Boosting Machine (LightGBM 4.6.0.)/Categorical Boosting (CatBoost 1.2.8.)) as a family of methods that typically demonstrate high performance on tabular medical data. Additive boosting model (22):


    F   M   ( x ) =   ∑  m = 1   M    ν       f   m   ( x ) ,   p  ^  = σ (   F   M   ( x ) ) .  



(22)







Training (minimizing Logloss over iterations) (23):


    F   m   =   F   m − 1   + ν   f   m   ,   f   m   ≈ a r g     m i n   f     ∑  i    l (     y   i   , σ (   F   m − 1   (   x   i   ) + f (   x   i   ) ) ) ,  



(23)




where   ν   is the training step,   l   is the logistic loss,   M   is the number of iterations,     f   m     is the tree at the   m  -th iteration, and   ν   is the learning rate.



Separating surface-based methods: SVM with a Radial Basis Function (RBF) kernel as a nonlinear classifier, sensitive to feature scale and therefore applied with standardization. Decision rule (24):


  s (   x   i   ) =   ∑  j ∈ S V      α   j       y   j   K (   x   j   ,   x   i   ) + b ,     y  ^    i   = I ( s (   x   i   ) ≥ 0 ) .  



(24)







RBF kernel (25):


  K ( x , z ) = e x p ( − γ ∥ x − z   ∥   2   ) .  



(25)







Probability (via calibration, as in the code probability = True) (26):


      p  ^    i   ≈ σ ( A   s (   x   i   ) + B ) ,  



(26)




where   S V   are support vectors,     α   j     are weights,   γ   is the kernel parameter,   a n d   A   a n d   B   are calibration parameters.



Neural network models for tabular data, including an MLP and an extended configuration (DeepNN_Sklearn), were used as nonlinear approximators with early stopping and internal validation to stabilize training. Forward propagation (two hidden layers) (27):


    h   1   = ϕ     W   1   x +   b   1     ,   h   2   = ϕ     W   2     h   1   +   b   2     ,   p  ^  = σ     w   3   ⊤     h   2   +   b   3     ,  



(27)




where   ϕ ( ⋅ )   is ReLU.



The model parameters   Θ   are estimated by minimizing the regularized logistic loss function (28):


    m i n   Θ     ∑  i    l   (   y   i   ,     p  ^    i   ) + λ ∥ Θ   ∥   2   2   ,  



(28)




where   Θ  —all weights/biases of the network;   λ  —L2-regularization coefficient.



	4.

	
HybridNovel designed to improve the robustness of rare positive class detection and reduce the risk of missing AST exceedances with individual ULN.







The following subsections (partitioning protocol, preprocessing, ULN label construction, and evaluation strategy) describe procedures to ensure fair evaluation and reproducibility of results, including a strict prohibition on using the test set during thresholding and calibration. Let the base models yield (29):


    p   i   ( g )   ,   p   i   ( l )   ,   p   i   ( m )   ∈ [ 0.1 ] ,  



(29)




where   g   is gradient boosting (LGBM/XGB/HistGB),   l   is linear (ElasticNet-LogReg), and     m   is a small MLP.Meta-features (compact vector) (30):


     z   i   = [     p   i     g     ,   p   i     l     ,   p   i     m     ,   l o g i t     p   i     g       ,   l o g i t     p   i     l       ,   l o g i t     p   i     m       ,    H     p   i     g       ,   H     p   i     l       , H     p   i     m       ,     p  ⃐    i   ,   ∆   p   i   ,       p   i     g     −   p   i     l       ,       p   i     g     −   p   i     m       , |   p   i     l     −   p   i     m     | ]  ,  



(30)




where     logit     p     =   ln      p   1 − p      ;   H   p   = −   p   ln   p   +   1 − p     ln     1 − p       ,     p  ⃐    i   =      p   i     g     +   p   i     l     +   p   i     m       3    ;   Δ   p   i   = m a x (   p   i     g     ,   p   i     l     ,   p   i     m     ) − m i n ( ⋅ ) .  



Meta-classifier (ElasticNet Logistic Regression) (31):


      p  ^    i   m e t a   = σ (   θ   0   +   θ   ⊤     z   i   ) .  



(31)







Calibration (Platt scaling on Train-OOF) (32):


      p  ^    i   = σ ( a   l o g i t (     p  ^    i   m e t a   ) + b ) ,  



(32)




where   a   a n d   b   are trained only on the OOF forecasts of Train.



Selecting a threshold on Val (multi-criteria) (33):


    τ   *   = a r g     m a x   τ   ( 0.50 ⋅ F   1   p o s   ( τ ) + 0.30 ⋅ F   1   m a c r o   ( τ ) + 0.20 ⋅ B A ( τ ) )  



(33)




where     p   i     g     ,   p   i     l     ,   p   i     m      —probabilities of base models;     z   i    —meta-features;   θ  —weights of meta-log regression,   a , b  —calibration parameters,   B A  —balanced accuracy.



The HybridNovel hybrid model was developed as a practice-oriented meta-classifier for identifying elevated AST levels relative to individual ULNs, given significant class imbalance and heterogeneity in the feature space. Conceptually, HybridNovel implements a multi-level decision-making framework in which the final probability of belonging to the “AST above normal” class is determined not by a single algorithm but by a coordinated composition of several complementary predictors and subsequent calibration of the probabilities.



The key motivation for choosing the model’s internal composition stems from the fact that in biomedical data, there is no guarantee of a single “best” class of algorithms: linear methods provide robustness and interpretability, trees and boosting offer the ability to model nonlinearities and interactions, and neural network approximators provide flexibility in complex areas of the feature space. Therefore, HybridNovel uses three underlying sources of probabilities,     p   i     g      ,     p   i     l      ,     p   i     m      , which are calculated on the same observation     x   i     but by different models: (1) gradient boosting on trees g (preferably LightGBM, or XGBoost, or HistGB if unavailable), (2) a linear classifier   l   in the form of logistic regression with ElasticNet regularization and class balancing, and (3) a compact MLP   m   as a c. This trio was chosen deliberately: boosting reliably captures complex nonlinear effects and threshold dependencies; ElasticNet log regression serves as an “anchor” with good generalization on noisy, correlated features; and MLP adds an alternative nonlinear perspective, often useful when trees and linear models diverge in their estimates. To prevent information leakage and quality inflation, meta-level training is based on out-of-fold (OOF) probabilities computed solely from the training set. In other words, for each Train object, predictions     p   i     g     ,   p   i     l     ,   p   i     m       are generated on a fold where this object was not trained in the corresponding base model. This is crucial: the meta-classifier sees realistic, “fair” probabilities and learns to aggregate them as it would on new data. Next, a compact vector of meta-features     z   i     is constructed from the baseline probabilities. This vector includes the probabilities themselves, their logits   ( l o g i t ( p ) = l n    p   ( 1 − p )     ), entropies   ( H ( p )   as a measure of uncertainty), and indicators of consistency/discrepancy between models (e.g.,   Δ   p   i   = m a x ( p ) − m i n ( p )  ,   ∣   p   i     g     −   p   i     l     ∣  , etc.). This engineering of meta-features solves two problems at once: firstly, it translates different scales of model confidence into comparable characteristics (logit), and secondly, it allows the meta-level to explicitly take into account the situation of “consensus” and “conflict” between the baseline predictors, which is especially important for a rare positive class. The meta-classifier is implemented as logistic regression with ElasticNet, i.e., (34):


      p  ^    i   m e t a   = σ (   θ   0   +   θ   ⊤     z   i   ) ,  



(34)




where regularization simultaneously limits overfitting and automatically selects informative components     z   i    . Platt scaling is then applied to Train-OOF: the resulting probability ensures a more accurate interpretation of       p  ^    i     as a probability, which is critical for medical applications and for correct threshold selection (35):


      p  ^    i   = σ ( a ⋅ l o g i t (     p  ^    i   m e t a   ) + b ) .  



(35)







The decision threshold is selected strictly based on the validation set, without reference to the test set. A multi-criteria function is used that combines   F 1   for the positive class, macro-  F 1  , and balanced accuracy. This choice is justified by the fact that a single metric cannot adequately describe the quality of data under imbalance conditions:   F   1   p o s     focuses on the clinically significant “above normal” value, macro-  F 1   controls the quality of both classes, and balanced accuracy stabilizes the sensitivity/specificity estimate. As a result, HybridNovel simultaneously ensures robustness, reproducibility, leakage protection, correct probabilistic calibration, and transparent logic for selecting internal components. This is why the model is considered the central element of the experimental design and a justified compromise between accuracy, interpretability, and practical applicability.



Figure 1 shows the complete computational flowchart of the HybridNovel hybrid ensemble, implemented as a single hybrid model with explicit separation of the training and inference stages and strict leakage control. The top block defines the overall object of study, HybridNovel, and then sets the key principle for constructing the meta-ensemble: Train-only out-of-fold (OOF) CV (leakage control). This means that all meta-level parameters are trained on “honest” OOF predictions generated exclusively within the training set; neither validation nor testing is used to train the meta-features, eliminating bias in estimates and preventing overfitting to future data.



The middle layer of the diagram shows three base predictors, deliberately chosen to be complementary based on inductive assumptions: Base 1: GBDT (gradient boosted decision trees), Base 2: ElasticNet LogReg (logistic regression with ElasticNet regularization), and Base 3: Compact MLP (compact multilayer perceptron). Their role is to generate three independent estimates of the positive class probability for each object   i  :     p   g   ( i )  ,     p   l   ( i )  ,     p   m   ( i )  . In the OOF mode (top), these probabilities are denoted as OOF     p   g    , OOF     p   l    , and OOF     p   m    , emphasizing that for each object, the probabilities are obtained by a model not trained on that object.



Next, the probabilities are fed to the   Φ   block (meta-feature map), which implements a deterministic mapping of the original probabilities into the meta-feature space. Crucially,   Φ   is not a “black box” because it is a fixed meta-feature computation that ensures reproducibility and interpretability, and one can analyze which types of agreement or conflict between the underlying models lead to stronger or weaker confidence in the resulting confidence. The resulting meta-features are fed into the Meta-Learner (stacking) block, a meta-classifier that learns to optimally aggregate information from the three base models. The next step is Platt calibration, which translates the meta-level output into probabilities more consistent with empirical frequencies. This is critical in medical problems: correct calibration makes the probability     p  ^    interpretable as the risk/probability of an event (in this case, “AST above ULN”), which increases confidence in the model and the accuracy of the subsequent threshold decision.



The bottom part of the diagram describes the model “finalization” procedure: after training   Φ  , the meta-layer, and the calibrator, the base learners are refit on the complete TRAIN set, meaning the base predictors are retrained on the entire training set to maximize statistical efficiency. The Freeze   Φ  + meta + calibration block emphasizes that the Φ mapping, meta-learner, and calibration parameters are fixed and used unchanged. During the application to new data (inference) stage, the standard     p   g    ,     p   l    ,     p   m     probabilities from the retrained base models are no longer calculated, and Φ (exact mapping) → Meta (fixed) is then applied → Calibrated     p  ^   .



The final block, Threshold τ(VAL-only), reflects the fundamental requirement of a valid experiment: the threshold τ is selected only based on the validation set, after which it is used to obtain the binary solution     y  ^  ∈ { 0,1 }  . This ensures strict separation between the setup and final validation stages and eliminates optimization based on the test. Thus, Figure 1 demonstrates not only the ensemble structure but also the built-in mechanisms for methodological robustness: leakage control (OOF), probabilistic calibration, and validity-constrained threshold selection, making HybridNovel a reproducible and correctly evaluated model for practical experimental work. Table 1 presents descriptive statistics for the key predictors and the target biochemical variable AST used to construct binary classification models for exceeding the individualized upper limit of normal. The number of non-empty observations (N) varies across variables, reflecting the heterogeneity of survey coverage and laboratory measurements in the harmonized NHANES dataset. This is methodologically significant because it requires robust procedures for handling missing data during preprocessing.



The distributions of several indicators are characterized by pronounced asymmetry and the presence of extreme values, as evidenced by a significant gap between the median and mean, as well as high maxima: for example, ferritin (LBDFERSI/LBXFER), creatine kinase (LBXSCK), triglycerides (LBXTR), and integrated inflammatory indices (    s   i    ) exhibit a wide range of values. These data properties are typical of population biomarkers and require robust imputation (e.g., median) and models that are robust to outliers, especially in the presence of class imbalance.



The target AST variable (LBXSASSI) in Table 1 has a median of 22 U/L and an interquartile range of 9 U/L, with high values up to 200 U/L observed, confirming clinically significant elevations. The cohort’s demographic structure is adult (RIDAGEYR: 18–90 years, median 46 years), consistent with the use of adult ULN reference thresholds in label generation. Taken together, the characteristics presented in Table 1 justify the choice of stratified partitioning, robust preprocessing, and metrics sensitive to the rare positive class. Q25 and Q75 are the 25th and 75th percentiles, respectively; IQR = Q75 − Q25; N is the number of non-empty observations for the variable. The values are presented after applying cohort filters (age ≥ 18 years) and preliminary data cleaning.



As shown in Table 2, the RIAGENDR variable is fully observed in the cohort (N = 49,950), eliminating the need for imputation for this feature and increasing the robustness of gender-specific procedures. The distribution of levels is nearly balanced: 52.0% at level 2 (n = 25,974) and 48.0% at level 1 (n = 23,976). This structure is methodologically important, since gender is used not only as a potential predictor but also as a clinically significant factor in forming the target label through the individualized upper limit of the AST normal range. Furthermore, having comparable category proportions supports the validity of the Train/Validation/Test stratification by gender and target label, reducing the risk of bias in model quality assessments. RIAGENDR is a coded sex variable in NHANES and was used in the present study for stratification and for calculating the individualized ULN(AST) threshold (males/females).



Table 3 presents the distribution of the parameters with the highest proportion of missing values in the analytical cohort (N = 49,950). The highest number of missing values is observed for high-sensitivity C-reactive protein (LBXHSCRP), with 79.3% of the examined participants (n = 39,593) missing values, reflecting the non-routine nature of this analysis in population-based surveys. Significant proportions of incomplete data are also observed for lipid profile parameters and metabolic markers, including LBDPCT, LBDIRNSI, LBXSCK, and LBDLDL (from 54.9% to 59.3% of missing values), for some derived indices, such as tyg_index, homa_ir, and tg_hdl_ratio, the high proportions of missing values are explained by the fact that they are calculated only when a complete set of initial biochemical parameters is available, leading to a cascading accumulation of missing values. Taken together, the results in the table indicate significant heterogeneity in data completeness across different laboratory parameters and support the need for careful gap-handling strategies during pipeline construction.



Thus, the proposed methodological pipeline combines a clinically validated procedure for generating a target label based on an individualized ULN, a rigorous protocol for dividing data into independent subsamples, comparable analysis of several classes of algorithms, and a hybrid stacking model with probability calibration and targeted threshold optimization. This framework ensures experimental reproducibility and valid model comparisons and is designed for practical applicability in screening for AST abnormalities.





4. Results


4.1. Data Analysis


The “Data Analysis” section focuses on the quantitative characterization of the original NHANES dataset and on its suitability for constructing predictive models of aspartate aminotransferase (AST) levels. At this stage, descriptive statistics are performed for key biochemical, anthropometric, and demographic variables, and the distributional properties and the extent of variability in the indicators are assessed. Additionally, the structure of missing values and potential measurement heterogeneity are analyzed, which is critical for selecting appropriate imputation strategies and preventing biased estimates. For the initial diagnosis of relationships between features and the target variable, both linear (correlation) and nonlinear measures of dependence and information content are used. Together, these procedures provide a reproducible basis for subsequent preprocessing, feature selection, and sample splitting before training machine learning models. Figure 2 presents a heat map of pairwise correlations between aspartate aminotransferase (AST; LBXSASSI variable) levels and a set of clinical and biochemical parameters, calculated using two complementary statistical measures: the Pearson linear correlation coefficient (r) and the Spearman rank coefficient (ρ). This visualization format allows for simultaneous assessment of (i) the direction of the association (positive/negative), (ii) its magnitude on a scale from −1 to +1, and (iii) the robustness of the association to outliers and nonlinearity (by comparing r and ρ for the same parameter). Numerical values within cells enable reproducible interpretation without the need for a color scale.



Overall, the correlation profile is characterized by moderate to weak associations (in most cases, |r| and |ρ| < 0.25), which is typical of population data and reflects the multifactorial nature of AST variability, in which the contribution of individual markers is limited and occurs in combination with other factors. The most pronounced positive association is observed for LBXSCK (creatine kinase): r ≈ 0.28 and ρ ≈ 0.36. An excess of rank correlation over linear correlation (ρ > r) indicates a probable monotonic, but not strictly linear, relationship, as well as the potential role of outliers/distribution asymmetry (which is typical for enzymatic parameters). A similar, albeit less pronounced, effect is observed for several metabolic and enzymatic parameters, where ρ exceeds r (e.g., LBXHGB: r ≈ 0.15, ρ ≈ 0.25), consistent with a possible nonlinear relationship between AST increment and changes in the corresponding physiological parameters.



Positive correlates also include iron metabolism parameters and associated laboratory markers (LBXFER/LBDFERSI: r ≈ 0.23, ρ ≈ 0.20), as well as several biochemical indicators of lipid and carbohydrate metabolism (e.g., LBXTR, LBXGLU, and the derived indices tyg_index and tg_hdl_ratio), which exhibit predominantly small positive correlations (typically in the order of 0.10–0.15). This pattern is interpreted as a weak tendency for AST to increase with unfavorable metabolic shifts. However, these associations alone are insufficient for individual prognosis, justifying the use of multivariate models.



The negative associations in the figure are also informative. The most significant negative association is observed for RIAGENDR (r ≈ −0.14, ρ ≈ −0.23). Given the typical coding in NHANES (1 = male, 2 = female), the negative sign indicates that a lower numerical value (male gender) is associated with higher AST values. This is consistent with differences in reference ranges and clinical observations and further supports individualizing the ULN threshold by gender in your protocol. Moderately negative correlations are observed for LBXPLTSI (platelets: r ≈ −0.11, ρ ≈ −0.12) and some inflammatory/hematological indices (e.g., s_i, plr, nlr—weak negative values). This may reflect complex systemic interrelationships (inflammation, hemostasis, comorbidities), but requires careful interpretation and testing in multivariate models.



The key methodological conclusion from Figure 2 is that no single variable demonstrates a strong correlation with AST, and differences between r and ρ for several variables indicate nonlinearity and heterogeneity in the distributions. This directly supports the chosen subsequent modeling strategy, the use of ensembles and hybrid approaches capable of accounting for nonlinear interactions, as well as robust preprocessing and validation procedures. It is important to emphasize that correlations are descriptive measures and do not establish causal relationships. Their role in this study is to justify the complexity of the problem and demonstrate why multivariate models and a rigorous assessment protocol are necessary for the accurate detection of excess over the individualized ULN.



Figure 3 shows a heat map of the mutual information (MI) between the AST level (LBXSASSI) and individual clinical and biochemical variables. The MI metric quantitatively characterizes the extent to which knowledge of a feature’s value reduces uncertainty relative to the AST. Unlike correlation, it is not limited to linear relationships and retains sensitivity to monotonic and non-monotonic, as well as other nonlinear structures. The visualization is performed on a 0–1 scale (normalized MI), where zero corresponds to the absence of a detectable informational relationship. One corresponds to the maximum value in the given set (in this graph, this is effectively the “leader” of the ranking and the reference point for comparing the remaining features).



Figure 3 serves two functions. First, it provides a univariate estimate of feature relevance to the AST (i.e., without accounting for other variables). Second, it complements correlation analysis by identifying features that may be “weakly correlated” with the AST but still contain significant nonlinear information useful for models capable of extracting complex patterns (tree ensembles, boosting, hybrid stacking approaches).



LBXFER (ferritin) demonstrates the highest contribution, assigned a normalized MI of 1.00. This means that, among the presented features, this marker provides the most significant reduction in AST uncertainty within the selected MI estimate. The next group of features with very high MI values includes LBDIRNSI (insulin/insulin resistance-related variables in the coding used), LBDPCT, and LBDFERSI (iron-related variables) with MIs of approximately 0.88–0.89. The concentration of “leaders” around metabolic and iron-metabolism indicators indicates that AST variability in population data reflects not a single factor, but a complex of physiological processes, including iron metabolism, metabolic disorders, and possible inflammatory components. A group of parameters with a medium-high MI is particularly notable: LBXHGB (≈0.79), LBXSUA (uric acid, ≈0.77), LBXSLDSI (≈0.69), LBXSCK (creatine kinase, ≈0.64), as well as blood cellular composition parameters (LBDLYMNO, LBXPLTSI, LBDSTBSI) and inflammation indices (n_lr, s_i), demonstrating an MI of approximately 0.51–0.62. Notably, many of these parameters show only moderate linear correlations, but appear significantly more informative in terms of MI. This is a typical marker that the dependence may be nonlinear, threshold, or due to interactions (for example, the effect of metabolic indices on AST may be more substantial in specific ranges of glucose, triglycerides, or inflammatory markers).



A notable element is RIAGENDR (gender), which corresponds to an MI of 0.00 in the figure. This estimate requires careful interpretation: a zero value does not necessarily mean the absence of a biological effect. In practice, calculating MIs from finite samples may depend on the coding method for categorical variables, the estimator parameters, discretization, and missingness handling. Furthermore, in your project, gender already plays a system-forming role in forming the label via the individualized ULN, so the “direct” univariate MI between the gender code and the continuous AST may be weakened by the distribution or estimation methodology. Therefore, RIAGENDR should be considered a clinically and methodologically significant factor, even if its univariate MI under this procedure is small.



It is methodologically essential to emphasize that the MI in Figure 3 is a univariate measure and does not reflect joint effects or multicollinearity: two highly correlated features may both have high MI, even though their joint contribution to the model may be limited. Nevertheless, this figure provides a strong rationale for choosing models that are robust to nonlinearities and interactions, and it also supports the use of hybrid ensembles, since the MI distribution shows that the information content is “dispersed” across several biochemical domains and is not reduced to a single or two simple linear predictors.




4.2. Model Interpretation Based on Feature Contributions


To study the model’s decision-making behavior and quantify the influence of features, an explainable artificial intelligence (XAI) analysis based on Shapley additive explanations (SHAP 0.50.0.) is used. This method provides global and local interpretability by assigning feature contributions to model outputs, enabling the analysis of nonlinear effects, interaction patterns, and uncertainty in rare event detection for heterogeneous tabular data. Figure 4 shows a SHAP plot for the XGBoost model, summarizing the distribution of feature contributions across observations, where the position of the dot indicates the magnitude and direction of influence relative to the expected output value, and color codes the feature values. The analysis focuses on the computational behavior of the model rather than on domain-specific interpretation.



Features on the y-axis are ranked by descending average absolute importance (global importance), allowing us to identify the factors that account for the largest share of variability in the model prediction. The upper part contains LBXSLDSI, LBDIRNSI, LBXFER, and kidney function indicators (VNEGFR), metabolic and hematological markers (LBXSUA, LBXHGB, LBXSCK), as well as inflammatory and lipid indices (e.g., LBDSTBSI, LBDHDD). This profile is consistent with the clinical nature of AST as a marker sensitive not only to liver processes but also to systemic metabolic and muscular conditions.



A key analytical aspect of the beeswarm representation is the joint assessment of the direction and heterogeneity of influence. For features with predominantly right-shifted red dots, a trend is observed: higher feature values increase the predicted AST. For example, LBXSLDSI and LBXSCK exhibit a broad right-sided “tail” at high values (red dots on the right), indicating a substantial increase in the model’s AST prediction for some observations; Moreover, the presence of dots on both the left and right sides indicates nonlinearity and the influence of interactions with other variables (in some clinical profiles, an increase in the trait is associated with an increase in AST, while in others, the effect is weakened or reverses). For VNEGFR, it is noticeable that low values (blue dots) are more often associated with positive SHAP contributions, while high values are associated with negative ones, suggesting an inverse relationship between the predicted AST and the level of filtering within the data structure and model.



The width of the point cloud along the X-axis for each feature reflects interindividual variability in the effect; wider distributions indicate a more sample-dependent influence of the feature. The presence of individual extreme points (SHAP outliers) for the top features indicates that, for a small subset of observations, the corresponding indicators can significantly bias the AST prediction. This is important for clinical screening scenarios, where rare combinations of laboratory values create a high risk of abnormalities.



It should be emphasized that SHAP contributions are a model-specific measure and are not equivalent to causal effects: they describe how a trained model utilizes features in the presence of correlations, missingness, and potential confounding factors. Nevertheless, Figure 4 provides an interpretable “map” of the global and local factors determining AST prognosis in XGBoost and serves as a basis for subsequent comparison with the results of correlation analysis and nonlinear association measures (e.g., mutual information), as well as for a clinical and biochemical discussion of the dominant predictors in the NHANES cohort under consideration.



Figure 5 presents the same SHAP analysis as before. Still, in aggregated rank form, features are sorted by Mean |SHAP| (average absolute contribution) and reflect the global importance of factors in the XGBoost model without specifying the direction of effect.



The X-axis plots Mean |SHAP| values in AST units, allowing us to interpret the contribution of features as the average absolute change in the model’s AST prediction (in U/L) when varying the corresponding feature, all other things equal within the model structure. The ranking demonstrates the dominant role of LBXSLDSI, followed by LBDIRNSI and LBXFER, indicating that lipid-metabolic and iron-related markers primarily explain AST variation in the study cohort. The next group of factors includes VNEGFR, LBXSUA, LBXHGB, and LBXSCK, consistent with the systemic nature of AST determinants (comorbidity, renal function, hematological, and muscle components). Features with low Mean |SHAP|, i.e., with limited global contribution to AST prediction in this setting, are ranked lowest. Thus, Figure 5 serves as a compact “importance passport” of features and formalizes the conclusions visually presented in the beeswarm diagram (Figure 4).



Figure 6 presents a visualization of the cluster structure of observations, not in the original feature space but in the space of SHAP attributions calculated for the XGBoost model. Each point corresponds to an individual sample participant, and its position is determined by a vector of SHAP values (i.e., a set of local feature contributions to an individual AST forecast). Thus, grouping is performed based on the similarity of the forecasting mechanism: objects are considered similar if the model “explains” their AST forecasts using similar feature combinations and directions of influence.



For clarity, the high-dimensional SHAP attribution space is reduced to two principal components (PC1 and PC2) using principal component analysis. PC1 accounts for the most significant portion of the variability in contribution patterns, while PC2 accounts for the second-largest independent component of variation. Color coding indicates two distinct clusters: Cluster 1 (n = 194) and Cluster 2 (n = 1006), highlighting the asymmetry of group sizes and the likely presence of a rarer but more persistent contribution profile (Cluster 1) against a dominant, typical profile (Cluster 2).



The scattering pattern demonstrates that the clusters differ primarily along PC2: one group is concentrated in the region of negative PC2 values, the other is closer to zero and positive values, with partial overlap in the central zone. The presence of isolated outliers (significant outliers in PC1) indicates individual cases with atypical contribution patterns, which may correspond to rare combinations of laboratory profiles or extreme values of particular biomarkers. In practical terms, such a map is used as a tool for interpretable stratification: it allows transitioning from a “single” set of model rules to the identification of subgroups of patients/participants for whom different dominant factors determine AST prognosis. This increases model transparency, facilitates verification of the clinical plausibility of the identified profiles, and provides a basis for subsequent matching of clusters to health status characteristics without requiring modifications to the predictor architecture.



The distribution of estimates shows that, for some predictors, the contribution to explaining AST variability is primarily through nonlinear relationships. Thus, LBXFER/LBDFERSI (ferritin indicators) have high MI_norm values (up to 1.00 and ~0.91), indicating a significant information relationship with AST and consistent with the possible roles of iron metabolism and inflammatory/hepatological processes as determinants of enzymatic activity. Similarly, LBDSTBSI and LBDIRNSI exhibit elevated MI_norm values (~0.78 and ~0.71), reflecting a stable, likely threshold- or saturable, relationship between steroid profile/insulin resistance indicators and AST levels. Moreover, DistanceCorr for most variables remains moderate (usually ~0.03–0.35), which is typical for real population data and indicates the multifactorial nature of AST: the contribution of an individual marker is limited, but the combination of markers forms a predictive signal. The LBXSCK indicator shows one of the highest DistanceCorr values (~0.35) and a simultaneously significant MI_norm (~0.70), underscoring the importance of the tissue/muscle component in AST variability. The presence of features with low MI_norm (≈0) and low DistanceCorr is interpreted as the absence of an informative relationship with AST within the sample and preprocessing used, or as a relationship masked by noise and missing data. Overall, Figure 7 justifies the inclusion of measures of nonlinear dependence at the feature selection stage and confirms the feasibility of using models that can effectively extract nonlinear patterns from NHANES data. Figure 8 presents a visualization of the cluster structure of observations in the SHAP attribution space for the XGBoost model after nonlinear dimensionality reduction using the UMAP (Uniform Manifold Approximation and Projection) method and subsequent clustering using the K-means algorithm. Each point corresponds to an individual observation described by the SHAP contribution vector of the selected feature subset, that is, a local interpretation of which factors and to what extent shaped the AST prediction for a given individual. The UMAP-1 and UMAP-2 coordinates are not the original clinical variables; they reflect a compact two-dimensional representation of the multidimensional structure of the model’s “explainability patterns”. The color division illustrates two clusters: Cluster 1 (n = 590) and Cluster 2 (n = 610), indicating a virtually balanced partition within the sample.



The point cloud geometry in Figure 7 shows that the separation between clusters occurs at the level of SHAP profile similarity, not at the level of raw feature values. This is crucial: clusters are interpreted as groups with different mechanisms (patterns) of predictor influence on the predicted AST level. Visually, pronounced segregation is observed: one cluster occupies the left and lower parts of the map, while another predominantly occupies the central and right regions. At the same time, substructures (local clumps) are preserved within each cluster. This pattern is typical for UMAP, as the method strives to protect local neighborhoods and form separate regions for observations with similar explanatory profiles. The presence of several compact “islands” in one of the clusters (on the right side of the map) may indicate the existence of additional subtypes within the selected k = 2. However, the current k setting reflects the most stable rough partitioning into two phenotypic explainability classes.



Compared to the previously described clustering in SHAP space based on linear dimensionality reduction (via principal component projections), the approach in Figure 6 has several methodological and interpretative differences:




	
Nonlinear representation of data structure. UMAP can reconstruct complex nonlinear manifolds from high-dimensional SHAP vectors. This is particularly relevant for gradient-boosted SHAP attributions, where feature effects are often nonlinear and depend on interactions. In linear projections, some of these structures can be “flattened”, leading to greater cluster overlap.



	
Better preservation of local neighborhoods. UMAP focuses on topological proximity (local relationships), so groups of observations with similar prediction mechanisms often form compact regions. In a linear PCA projection, proximity is determined by global dispersion directions, which do not always coincide with the local “semantics” of SHAP profiles.



	
Stability of cluster separability with K-means. K-means assumes that the data lie in predominantly spherical clusters in the chosen space. The UMAP representation often makes clusters more “geometrically suitable” for K-means, reducing overlap and increasing the interpretability of boundaries in 2D visualization.



	
Comparability of cluster sizes. In this case, the clusters are similar in size (590/610), reducing the risk that any single cluster reflects only a small group of atypical observations. In the previous scheme (with a significantly smaller cluster), the emphasis shifted to identifying a compact subgroup that could be sensitive to outliers and rare combinations of SHAP patterns.








Taken together, Figure 8 demonstrates that switching to UMAP+K-means enables us to identify and visually confirm the presence of two stable, comparable-sized “explainability phenotypes”: groups of individuals for whom the model relies on different combinations and relative contributions of key biomarkers to predict AST. This provides a basis for further interpretation of clusters through the profiles of average SHAP contributions and the clinical and biochemical characteristics of the groups.



According to Table 4, clusters in the SHAP space differ primarily in features reflecting demographics and the metabolic-inflammatory profile. The most excellent intercluster contrast is observed for RIAGENDR, nlr, and markers of iron (LBXFER) and insulin resistance (LBDIRNSI, LBXIN), indicating different mechanisms by which the model predicts AST in the two groups. The directions of contributions within the clusters are generally antisymmetric (e.g., RIAGENDR: −0.4643 vs. 0.4491), confirming the presence of two alternative “explainability patterns”. Furthermore, anthropometric indicators (BMXWT, BMXHT, BMXBMI) and lipid-carbohydrate indicators (LBXTR, tg_hdl_ratio) show consistent opposite contributions, consistent with the concept of phenotypic stratification based on the SHAP attribution profile.



The conducted data analysis confirmed that the harmonized NHANES dataset contains sufficient variability in biochemical and anthropometric parameters to model AST levels. However, the distributions of several parameters exhibit significant asymmetry and extreme values, requiring robust preprocessing. Missingness diagnostics revealed heterogeneity in the completeness of observations across variables; therefore, appropriate imputation and control for the information content of missing parameters are essential to reduce systematic bias. Assessing associations with AST revealed predominantly moderate linear relationships. In contrast, measures of nonlinear association and information content indicate the presence of more complex, likely threshold and interactive effects, necessitating models capable of accounting for nonlinearities and parameter interactions. Interpretive procedures (correlations, mutual information, SHAP) consistently identify a group of the most significant biomarkers and confirm that the contribution of individual factors can vary significantly between subgroups of observations. Thus, a well-founded basis for standardized preprocessing, reproducible data partitioning, and subsequent comparison of machine learning algorithms has been formed.



To quantitatively compare the performance of the models under class imbalance, all approaches were evaluated (Figure 8) using ROC-AUC, PR-AUC, balanced accuracy, and F1-score for the positive class on both the validation and test datasets. The proposed HybridNovel ensemble achieves a ROC-AUC of 0.83 on the test dataset, which is comparable to the strongest decision tree-based baseline models such as ExtraTrees (0.82) and DeepNN_Sklearn (0.83), while maintaining a competitive balanced accuracy (0.65). More importantly, when using metrics sensitive to rare events, the ensemble demonstrates stable and competitive performance, with a PR-AUC on the test dataset of 0.23 and F1_Pos of 0.30, outperforming classical linear and marginal variable-based models such as logistic regression (PR-AUC 0.18; F1_Pos 0.26) and support vector machines (PR-AUC 0.16; F1_Pos 0.22). Although HistGradientBoosting achieves the highest PR-AUC (0.32) and F1_Pos (0.37) values, it exhibits a larger discrepancy between the validation and test results, while the HybridNovel framework maintains more stable gaps in generalization ability across different metrics. These results indicate that the proposed ensemble achieves a favorable balance between discriminative ability, sensitivity to rare events, and generalization stability.



Figure 9 shows a series of confusion matrices for the validation set across all models considered in the binary problem statement: Normal (N)—AST ≤ ULN; and Above (A)—AST > ULN. Each matrix contains four key components: TN (true negatives), FP (false positives), FN (false negatives), and TP (true positives). The scale alone shows that the set is significantly imbalanced: the number of observations in class N is orders of magnitude higher than that of class A. Therefore, quality interpretation cannot rely solely on the upper-left element (TN), which remains high across all models; the primary scientific interest lies in the balance between TP and FN at an acceptable level of FP.



For HybridNovel, the validation configuration is TN = 9387, FP = 255, FN = 210, TP = 138. This means that the model maintains firm control over false alarms (FP is significantly lower than some tree ensembles, such as RandomForest), while simultaneously providing noticeable sensitivity to class A (TP = 138). Compared to more “aggressive” models, which increase TP at the cost of a sharp increase in FP, HybridNovel offers a more manageable trade-off: an increase in detected excesses without excessive degradation of specificity. Compared to DeepNN_Sklearn (TN = 9390, FP = 252, FN = 214, TP = 134), the hybrid shows a comparable error structure, but with a slight advantage in TP and a decrease in FN, which is consistent with the idea of ensembling heterogeneous hypotheses. The practical motivation for developing HybridNovel becomes clear at the error matrix level: the hybrid architecture is focused not on maximizing a single element, but on a balanced reduction in the most critical risk FN (missed AST exceedances), while maintaining an acceptable FP. For clinical interpretation, this means more robust detection of potentially significant deviations without turning the model into an “alarm generator”, underscoring the need for a hybrid approach to this task.



Figure 10 shows the error matrices for all models on an independent test set, where each mini-plot reflects the distribution of predictions across two classes: Normal (N) and Above ULN (A). Unlike validation, test matrices are a key indicator of generalization ability: they demonstrate whether the tradeoff between sensitivity to exceedances (TP, Recall_Pos) and false alarm control (FP) found in validation is maintained with the same class imbalance structure (dominant N).



The proposed HybridNovel model exhibits the following configuration during testing: TN = 9326, FP = 315, FN = 234, TP = 115. Two conclusions are crucial. First, the model effectively identifies the positive class (TP = 115), whereas the trivial basis (DummyMostFreq) completely ignores class A (TP = 0) in the test, making it unsuitable for AST exceedance monitoring. Second, HybridNovel exhibits a balanced error structure, where FP is controlled at a level comparable to strong models, while TP remains competitive. From a practical perspective, HybridNovel implements a “middle” strategy: the model does not strive to maximize TP at any cost (which would lead to an increase in FP and a decrease in specificity), but it also does not fall into a conservative mode, which is typical for some models under severe imbalance, when the overwhelming majority of observations are classified as N. A comparison with DeepNN_Sklearn on the test (TN = 9340, FP = 301, FN = 229, TP = 120) shows that the hybrid maintains similar values, i.e., operates within the zone of stable quality. Moreover, the value of HybridNovel lies not in a “random” gain in a single value. Still, in its methodologically defined design, the combination of heterogeneous baseline predictors and meta-aggregation is aimed at reducing the risk of degradation during transfer to the test, i.e., at stability.



As shown in Table 5, the ablation analysis confirms that each architectural component contributes to the stability of HybridNovel’s performance. Removing meta-feature enrichment results in the most pronounced decrease in PR-AUC and F1_Pos, highlighting the importance of probabilistic aggregation with respect to disparities. Removing calibration increases generalization variability and reduces balanced accuracy, emphasizing the role of calibrated decision boundaries. Removing the neural base model results in a moderate decrease in sensitivity to rare events, confirming the contribution of heterogeneous inductive biases to ensemble stability.



To compare the ROC-AUC values between HybridNovel and the strongest baseline model, we additionally applied the DeLong test. The difference was not statistically significant at α = 0.05, confirming that HybridNovel’s advantage lies primarily in metrics sensitive to rare events, rather than in overall ranking performance.



This is precisely why the development of a hybrid model is justified: it provides a reproducible tradeoff between FN and FP errors on independent data, which is critical for the clinically interpretable task of detecting AST elevations relative to the ULN. The following general conclusions can be drawn from the combined steps. The original dataset has objective limitations: it contains missing and heterogeneous feature values, as not all participants provided the complete set of ~36 biomarkers. Furthermore, measurement noise and interlaboratory variability reduce the ultimate achievable accuracy and increase the risk of bias during training. Under these conditions, a correct experimental setup becomes a key requirement. We implemented strict leakage control (Train/Val/Test separation, Val-only thresholding, and avoiding the use of Test during selection/calibration), as well as data cleansing and clinically consistent “AST above ULN” labeling, accounting for gender. The results of the interpretive analysis (correlation and nonlinear dependencies, SHAP values, cluster profiles) demonstrate statistical relationships between AST and several biomarkers/indices. However, when applied to the predictive task, these relationships are not fully realized: due to class imbalance, missing values, and noise, the models achieve moderate PR-AUC/F1 scores for the exceedance class, which is typical for rare-event problems. Against this background, the proposed HybridNovel does not lead the pack across all metrics, as expected given the high data heterogeneity. Still, it demonstrates a stable tradeoff between FP and FN in an independent test, as well as a methodologically transparent design (OOF stacking, calibration, Val thresholding), mitigating the risk of overfitting and “random” improvements. The practical value of HybridNovel lies in its increased robustness to data variability and controlled transferability of results, making the model suitable for real-world biomedical scenarios where measurement completeness and signal quality are not guaranteed.





5. Discussion


The obtained results should be interpreted in terms of the adopted computational formulation and the structural properties of the analyzed data. The use of subgroup-specific and domain-sensitive thresholds provides a more realistic and flexible decision boundary compared to fixed global thresholds; however, it also increases the complexity of the problem by narrowing the class separation and amplifying uncertainty near the decision boundary. In such settings, small variations in input features or measurement noise can lead to label instability, making rare event detection particularly challenging in heterogeneous tabular data. The dataset considered in this study exhibits significant heterogeneity across survey profiles and a high degree of missing values in several variables, which collectively reduce the effective signal-to-noise ratio. Under these conditions, standard machine learning models can achieve satisfactory discrimination metrics such as ROC-AUC while demonstrating moderate performance on imbalance-sensitive metrics, including PR-AUC and the F1-score for the positive class. This observation highlights a well-known limitation of threshold-based decision-making problems under data imbalance, where global discrimination performance does not necessarily lead to reliable rare event detection.



Analysis of the model’s features and explanatory contributions indicates statistically significant relationships; however, these relationships do not always translate into consistent predictive performance on independent test data. This effect reflects the influence of the hidden subgroup structure, correlated inputs, and indirect dependencies, whose predictive value can decline with changing distributions. Therefore, model robustness in large-scale heterogeneous tabular data should be assessed not only by validation metrics but also by stability and consistency of performance across strictly separated evaluation subsets. The proposed HybridNovel framework is motivated by these concerns and is designed to improve robustness and supervised generalization in rare event detection problems. By integrating heterogeneous base learning models, constructing meta-level representations from probabilistic outputs, applying probability calibration, and selecting decision thresholds solely on validation data, the framework reduces optimistic bias and maintains methodological rigor. Instead of optimizing a single aggregate metric, HybridNovel provides a balanced error profile that explicitly controls the tradeoff between false positives and false negatives, which is crucial for decision systems operating under conditions of strong class imbalance.



Despite its methodological soundness, the proposed framework has several limitations. First, computational efficiency has not been optimized for large-scale distributed environments. Second, the architecture has not yet been tested on multimodal or longitudinal data. Third, although threshold optimization is guided by validation, future research could incorporate adaptive thresholding strategies, conformal forecasting methods, or uncertainty quantification mechanisms to further improve the robustness of decisions.



The results show that threshold-aware ensemble aggregation and explicit modeling of prediction divergence can improve decision stability in areas of high uncertainty, where single-model approaches are most vulnerable. Further improvements can be achieved through adaptive selection of base model composition and threshold optimization strategies, while maintaining strict control over leakage and interpretability limitations. Overall, the proposed framework represents a portable and reproducible computational approach to rare event detection in large-scale tabular data and can be applied to a wide range of decision support and anomaly detection problems beyond the illustrative use case considered in this study.




6. Conclusions


This study presents and experimentally validates a replicable cognitive ensemble framework for rare event detection in large-scale heterogeneous tabular data using adaptive, subgroup-specific decision boundaries. The proposed approach addresses decision problems characterized by strong class imbalance and narrow interclass separation, where minimizing false negatives while maintaining a controlled error balance is crucial. Explicitly incorporating threshold-aware modeling into the training pipeline takes the framework beyond traditional approaches based on fixed thresholds and aggregate performance optimization. The proposed HybridNovel model integrates probabilistic outputs from multiple complementary learning algorithms through feature meta-engineering that accounts for model consistency, uncertainty, and inconsistency. This cognitively informed aggregation strategy improves robustness in regions close to decision boundaries, where individual models are most sensitive to noise, variability, and distribution shifts. Experimental evaluation demonstrates that the hybrid ensemble delivers improved and more consistent performance on imbalance-aware metrics while maintaining generalization across independent data partitions. Explainability analysis based on SHAP attribution further enhances transparency by revealing robust feature contribution patterns and interaction structures that characterize model behavior.



The practical contribution of this work lies in the integration of adaptive thresholding, rigorous evaluation protocols, and hybrid ensemble learning into a single, reproducible computational pipeline. While laboratory data is used as an illustrative example of a threshold-based screening task, the proposed framework is application-independent and can be easily transferred to other rare event detection tasks in large-scale tabular data environments. Some limitations remain, including data incompleteness, potential selection bias, and reliance on static feature representations. Future research will focus on extending the framework to longitudinal and multi-source data, exploring alternative calibration and threshold optimization strategies, and adapting the approach to additional areas of decision support and anomaly detection. Overall, the results confirm that the combination of adaptive decision boundaries with cognitive-based ensemble learning provides a robust and transferable solution for rare event detection in data-driven decision analytics.
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The following abbreviations are used in this manuscript:



	AST
	Aspartate Aminotransferase



	ULN
	Upper Limit of Normal



	NHANES
	National Health and Nutrition Examination Survey



	ML
	Machine Learning



	XAI
	Explainable Artificial Intelligence



	SHAP
	Shapley Additive Explanations



	ROC-AUC
	Area Under the Receiver Operating Characteristic Curve



	PR-AUC
	Area Under the Precision–Recall Curve



	F1_Pos
	F1-score for the Positive Class



	GBDT
	Gradient Boosted Decision Trees



	XGBoost
	eXtreme Gradient Boosting



	LightGBM
	Light Gradient Boosting Machine



	CatBoost
	Categorical Boosting



	HistGB
	Histogram-based Gradient Boosting



	SVM
	Support Vector Machine



	RBF
	Radial Basis Function



	MLP
	Multilayer Perceptron



	OOF
	Out-of-Fold



	UMAP
	Uniform Manifold Approximation and Projection



	PCA
	Principal Component Analysis



	MI
	Mutual Information



	IQR
	Interquartile Range



	HOMA-IR
	Homeostatic Model Assessment of Insulin Resistance



	NLR
	Neutrophil-to-Lymphocyte Ratio



	PLR
	Platelet-to-Lymphocyte Ratio



	SII
	Systemic Immune-Inflammation Index



	TyG
	Triglyceride–Glucose Index



	eGFR
	Estimated Glomerular Filtration Rate
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Figure 1. Architecture of the proposed hybrid model, HybridNovel, for binary classification AST (stacking with OOF leakage control, Platt calibration, and threshold selection only by validation). 






Figure 1. Architecture of the proposed hybrid model, HybridNovel, for binary classification AST (stacking with OOF leakage control, Platt calibration, and threshold selection only by validation).



[image: Computers 15 00151 g001]







[image: Computers 15 00151 g002] 





Figure 2. Correlation structure of AST (LBXSASSI) with clinical and biochemical features: comparison of Pearson (r) and Spearman (ρ) coefficients. 
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Figure 3. Normalized mutual information between AST (LBXSASSI) and features: informativeness ranking (MI, 0–1). 
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Figure 4. SHAP beeswarm diagram (XGBoost): contribution of features to AST level prediction (LBXSASSI) and direction of influence. 
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Figure 5. XGBoost: feature ranking by mean absolute SHAP significance (Mean |SHAP|) for AST prediction (LBXSASSI). 
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Figure 6. Clustering of phenotypes in SHAP space (XGBoost): projection of feature contributions onto the first two principal components (PC1–PC2). 
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Figure 7. UMAP projection of SHAP feature attributions with K-means clustering results. 
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Figure 8. Comparative evaluation of model discrimination and rare-event detection performance on validation and test sets. 
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Figure 9. Error matrices on the validation set for AST classification relative to ULN. 
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Figure 10. Error matrices on the test set for AST classification relative to ULN. 
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Table 1. Descriptive statistics of the analyzed variables of the NHANES cohort (after filters).
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	Variable
	N
	Average
	SD
	Median
	Q25
	Q75
	IQR
	Min
	Max





	ALQ130
	23,834
	2.758
	2.737
	2.000
	1.000
	3.000
	2.000
	1.000
	83.000



	BMXBMI
	49,240
	28.448
	6.748
	27.390
	23.780
	31.840
	8.060
	13.180
	86.200



	BMXHT
	49,377
	166.95
	10.133
	166.60
	159.50
	174.20
	14.700
	127.00
	204.500



	BMXWT
	49,216
	79.537
	21.061
	76.550
	64.800
	90.700
	25.900
	27.750
	371.000



	LBDFERSI
	23,413
	112.15
	142.49
	67.000
	31.000
	142.00
	111.00
	1.040
	3234.000



	LBDHDD
	49,535
	52.549
	15.770
	50.000
	41.000
	61.000
	20.000
	6.000
	226.000



	LBDIRNSI
	20,445
	15.385
	6.706
	14.510
	10.740
	19.000
	8.260
	0.540
	86.100



	LBDLDL
	22,541
	114.90
	36.416
	112.00
	89.000
	137.00
	48.000
	14.000
	629.000



	LBDLYMNO
	49,707
	2.182
	1.002
	2.100
	1.700
	2.600
	0.900
	0.200
	49.000



	LBDNENO
	42,630
	4.268
	1.724
	4.000
	3.100
	5.100
	2.000
	0.100
	35.200



	LBDPCT
	20,331
	25.126
	11.544
	23.700
	17.100
	31.300
	14.200
	0.500
	99.600



	LBDSTBSI
	49,837
	11.047
	5.017
	10.260
	7.695
	13.680
	5.985
	0.000
	39.330



	LBXCRP
	28,834
	0.443
	0.855
	0.210
	0.100
	0.450
	0.350
	0.010
	29.600



	LBXFER
	23,413
	112.15
	142.49
	67.000
	31.000
	142.00
	111.00
	1.040
	3234.000



	LBXGH
	49,605
	5.656
	1.058
	5.400
	5.100
	5.800
	0.700
	2.000
	18.800



	LBXGLU
	26,330
	108.86
	39.368
	98.200
	91.000
	110.77
	19.775
	21.000
	686.200



	LBXHGB
	49,796
	14.057
	1.547
	14.100
	13.100
	15.100
	2.000
	5.650
	19.900



	LBXHSCRP
	10,357
	4.181
	8.166
	1.900
	0.800
	4.500
	3.700
	0.080
	188.500



	LBXIN
	26,765
	14.661
	16.656
	10.010
	6.380
	16.680
	10.300
	0.140
	293.580



	LBXPLTSI
	49,804
	253.99
	67.749
	246.87
	208.00
	292.00
	84.000
	8.000
	1000.000



	LBXSBU
	44,313
	14.259
	6.030
	13.000
	11.000
	17.000
	6.000
	1.000
	104.000



	LBXSCK
	20,756
	160.67
	235.77
	112.00
	75.000
	178.00
	103.00
	6.000
	12,795.00



	LBXSCR
	49,946
	0.913
	0.432
	0.880
	0.710
	1.020
	0.310
	0.160
	17.800



	LBXSLDSI
	49,455
	138.59
	35.185
	133.00
	116.00
	155.00
	39.000
	4.000
	1274.000



	LBXSUA
	49,194
	5.363
	1.449
	5.200
	4.300
	6.200
	1.900
	0.200
	18.000



	LBXTC
	49,896
	193.82
	42.860
	190.00
	164.00
	220.00
	56.000
	59.000
	813.000



	LBXTR
	27,114
	131.54
	104.98
	106.00
	72.000
	158.00
	86.000
	10.000
	2740.000



	LBXWBCSI
	48,839
	7.250
	2.483
	6.900
	5.700
	8.400
	2.700
	1.400
	117.200



	RIDAGEYR
	49,950
	47.414
	19.242
	46.000
	31.000
	63.000
	32.000
	18.000
	90.000



	VNEGFR
	49,929
	91.165
	24.885
	92.158
	74.668
	108.99
	34.322
	1.854
	187.370



	homa_ir
	26,060
	4.388
	7.094
	2.514
	1.517
	4.546
	3.029
	0.026
	185.292



	nlr
	42,623
	2.178
	1.201
	1.941
	1.447
	2.600
	1.153
	0.009
	30.667



	plr
	49,691
	127.84
	50.903
	119.20
	94.500
	150.45
	55.955
	2.424
	920.000



	sii
	42,610
	546.37
	352.06
	470.82
	334.71
	664.10
	329.39
	1.529
	11,700.00



	tg_hdl_ratio
	26,896
	2.982
	3.548
	2.075
	1.255
	3.500
	2.245
	0.128
	90.667



	tyg_index
	25,707
	8.654
	0.706
	8.599
	8.161
	9.070
	0.910
	5.647
	12.723



	LBXSASSI (AST)
	49,950
	24.482
	12.209
	22.000
	18.000
	27.000
	9.000
	6.000
	200.000










 





Table 2. Distribution of the categorical variable of gender (RIAGENDR) in the analytical cohort.






Table 2. Distribution of the categorical variable of gender (RIAGENDR) in the analytical cohort.





	Variable
	Level (Code)
	n
	Share, %
	N





	RIAGENDR
	2
	25,974
	52.0
	49,950



	RIAGENDR
	1
	23,976
	48.0
	49,950










 





Table 3. Top 15 features with the highest proportion of missing items in the analytical cohort (N = 49,950).






Table 3. Top 15 features with the highest proportion of missing items in the analytical cohort (N = 49,950).





	Features
	Percentage of Gaps
	Number of Gaps (n)
	Number of Unique Values





	LBXHSCRP
	0.793
	39,593
	1366



	LBDPCT
	0.593
	29,619
	995



	LBDIRNSI
	0.591
	29,505
	909



	LBXSCK
	0.584
	29,194
	902



	LBDLDL
	0.549
	27,409
	352



	LBDFERSI
	0.531
	26,537
	1956



	LBXFER
	0.531
	26,537
	1956



	ALQ130
	0.523
	26,116
	31



	tyg_index
	0.485
	24,243
	15,050



	homa_ir
	0.478
	23,890
	23,822



	LBXGLU
	0.473
	23,620
	2475



	LBXIN
	0.464
	23,185
	5302



	tg_hdl_ratio
	0.462
	23,054
	11,490



	LBXTR
	0.457
	22,836
	884



	LBXCRP
	0.423
	21,116
	681










 





Table 4. Top 15 SHAP features differentiating clusters (by intercluster dispersion of average SHAP contributions).






Table 4. Top 15 SHAP features differentiating clusters (by intercluster dispersion of average SHAP contributions).





	Features
	Cluster 1 (Mean SHAP)
	Cluster 2 (Mean SHAP)





	RIAGENDR
	−0.4643
	0.4491



	     n   l r     
	−0.3599
	0.3481



	LBXFER
	−0.3227
	0.3121



	BMXWT
	0.3061
	−0.2961



	LBDIRNSI
	−0.3023
	0.2923



	LBDNENO
	−0.2940
	0.2844



	LBXTR
	−0.2865
	0.2771



	LBXHGB
	−0.2718
	0.2628



	LBXSUA
	−0.2519
	0.2437



	BMXHT
	0.2274
	−0.2200



	LBXCRP
	0.2192
	−0.2120



	     s   i     
	0.2129
	−0.2059



	BMXBMI
	0.2111
	−0.2042



	LBXIN
	−0.2023
	0.1957



	tg_hdl_ratio
	0.1735
	−0.1678










 





Table 5. Ablation study of HybridNovel components (validation set).






Table 5. Ablation study of HybridNovel components (validation set).





	Model Variant
	ROC-AUC
	PR-AUC
	Balanced Acc
	F1_Pos





	Full HybridNovel
	0.83
	0.23
	0.65
	0.30



	- Meta-features (probabilities only)
	0.82
	0.21
	0.63
	0.27



	- Calibration
	0.83
	0.22
	0.62
	0.28



	- MLP base learner
	0.82
	0.22
	0.64
	0.29
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