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Feature Selection Methods
Stability Selection
Stability Selection, introduced by (Meinshausen and Bühlmann 2010), is a robust feature selection framework that combines subsampling with sparse model fitting to identify features that are consistently selected across resamples. The underlying principle is to estimate the selection probability of each feature, defined as:

where  is the set of selected features for the ith subsample using regularization parameter , N is the total number of resamples, and I is the indicator function.
In our implementation, we generated N = 1000 random subsamples, each containing 75% of the training data, without replacement. On each subsample, we applied a logistic regression classifier to induce sparsity in the coefficients, marking as selected those features whose coefficients were non-zero. The frequency with which each feature was selected was then computed across all subsamples. The top features (10 for drought/control and 4 for heat/control matrices) with the highest selection frequencies were retained as the stable subset. This process prioritizes features that are consistently predictive across different data partitions, thereby reducing the risk of overfitting and improving the reproducibility of results.
The reduced feature set was subsequently used to train and evaluate classifiers (logistic regression and ridge classifier) via 5-fold stratified (to preserve class proportions across folds) cross-validation (CV). F1-scores were used for training and CV sets to ensure generalization performance.
Stability selection offers finite-sample control of the per-family error rate (PFER) under certain assumptions, providing a theoretical safeguard against excessive false positives (Meinshausen and Bühlmann 2010).
Boruta (All-Relevant Feature Selection)
Boruta (Kursa and Rudnicki 2010) is a wrapper method around the Random Forest classifier that aims to identify all features relevant to the target variable, not just a minimal-optimal subset. Boruta is particularly advantageous in domains where the underlying predictive signal may be distributed across many features, as it aims to retain all relevant variables rather than focusing solely on parsimony. The method operates by creating shadow features, permuted versions of the original features with any real associations to the target destroyed. These shadow features serve as a baseline for feature importance.
At each iteration, Boruta trains a Random Forest on the dataset augmented with shadow features and computes feature importances. Each real feature’s importance is compared against the maximum importance among the shadow features. Features with significantly higher importance are marked as confirmed; those with significantly lower importance are rejected. Tentative features are reevaluated in subsequent iterations. This process repeats until all features are either confirmed or rejected.
For implementation of this method in current study, a Random Forest with class balancing and 200 estimators was used, allowing Boruta to adaptively determine the number of trees per iteration. The two-step confirmation process was applied for stricter selection and a significance level alpha = 0.05. The top confirmed features were selected as the relevant subset for downstream modeling.
These selected features were then used to train and evaluate the same set of classifiers (logistic regression and ridge classifier) under 5-fold stratified CV. As with stability selection, F1-scores were used for evaluation on training and CV datasets.
Boruta is particularly advantageous in domains where the underlying predictive signal may be distributed across many features, as it aims to retain all relevant variables rather than focusing solely on parsimony (Kursa and Rudnicki 2010).
Recursive Feature Elimination (RFE) and RFE with CV (RFECV)
RFE (aka backward selection) is a wrapper-based feature selection method that iteratively removes the least important features based on a model's estimated importance weights (Shahsavari et al. 2023). At each iteration, the model is trained on the current set of features, features are ranked by importance (e.g., absolute coefficient magnitude in linear models or impurity-based importance in tree models), and the least important features are discarded. This process continues until the desired number of features remains. The result is a ranking of all features, with higher ranks assigned to features that survived longer during elimination.
Formally, starting with M features, RFE repeatedly: a) fits the model to the current feature subset, b) calculates feature importance scores, and c) removes the lowest-ranked feature(s).
The number of features removed per iteration can be more than one (e.g., a fraction of the remaining features), and the process stops when mm features are left.
RFECV extends RFE by embedding CV into the process. Instead of requiring a manually predefined target subset size, RFECV evaluates model performance at each elimination step via CV and chooses the number of features that yields the highest validation performance. While RFE focuses on ranking features, RFECV determines the optimal stopping point based on generalization performance.
In This study, RFE was used to produce a complete feature ranking, while RFECV was applied to automatically determine the optimal predictive gene panel (10 for drought/control and 4 for heat/control matrices) that maximized F1-score through CV.
Mutual Information (MI) and Minimum-Redundancy-Maximum-Relevance (MImRMR)
MI measures the statistical dependence between a feature X and the target Y, capturing both linear and nonlinear associations:

MI is zero if and only if X and Y are independent (Peng et al. 2005). As a filter method, MI-based selection ranks feature according to I (X; Y) and selects the top m features (max-relevance).
However, selecting features solely based on relevance can introduce redundancy; highly relevant features may convey overlapping information. The mRMR criterion (Peng et al. 2005) addresses this by balancing two objectives: firstly, maximize relevance (high mutual information with the target) and secondly, minimize redundancy (low average mutual information with already-selected features).
At each step, given the set S of already-selected features, the next feature xj is chosen to maximize:

This greedy approach incrementally builds a subset of features that are both informative with respect to the target and diverse in their information content.
In this research, two complementary information-theoretic filter strategies were applied to prioritize genes by their statistical dependence with the binary phenotype. First, for MI selection the mutual information was estimated between each individual feature and the class label to quantify relevance. Features were ranked by their MI scores. To assess predictive utility, each candidate subset was evaluated by training two linear classifiers (a logistic model and a ridge classifier) on the reduced feature set; performance was measured using F1-score on the training set and stratified 5-fold CV.
Second, to reduce redundancy while preserving relevance, a greedy Minimum-Redundancy-Maximum-Relevance (mRMR) procedure was implemented. We first computed feature relevance (MI with the label) for all features and also precomputed pairwise MI between each pair of features to quantify redundancy. The mRMR selection proceeded incrementally: the algorithm seeded the selected set with the most relevant feature, and then at each step added the feature that maximized the score (relevance minus the average redundancy with the already selected features). This sequential procedure was repeated until the desired subset size (10 for drought/control and 4 for heat/control matrices) was reached. The resulting mRMR subset was evaluated with the same classifiers and metrics as above.
It should be emphasized that MI selects individually informative features, whereas mRMR balances relevance against inter-feature redundancy; together, these approaches provide complementary candidate gene sets for downstream modeling. All feature evaluations were carried out under 5-fold stratified CV to preserve class balance and to provide robust estimates of generalization performance.
Embedded gradient boosting feature selection (EGBFS)
Gradient boosting classifiers perform feature selection implicitly during the process of building an ensemble of decision trees (Upadhyay et al. 2021). At each split in a tree, the algorithm selects the feature that provides the greatest reduction in a specified loss function (e.g., deviance for classification). Over the course of training, each feature accumulates a total importance score based on the sum of the reductions in loss it produces. For a given feature j, its importance in gradient boosting can be expressed as:

where  is the reduction in loss from splitting on feature j at node t, and v(t) denotes the splitting feature at node t. Features are then ranked by , and the top-ranked features are selected for downstream modeling.
In this study, an embedded, tree-based selection strategy was applied using gradient boosting to rank and retain the most informative genes. Gradient boosting constructs an ensemble of decision trees sequentially. Each tree was fitted to the residuals of the previous ensemble so as to reduce the chosen loss; features that produce larger reductions in the loss (or impurity) when used for node splits accumulate higher importance scores. Concretely, a gradient-boosting classifier (200 trees, learning rate 0.1, tree depth limited to 3, fixed random seed) was trained on the full training datasets and extracted its per-feature importance scores. Features were ranked by these importance values and the leading subset (top ten/four-ranked genes in our implementation for drought/control and heat/control matrices, respectively) was retained as the embedded selection. The reduced gene sets were then used to train and evaluate downstream classifiers (a logistic regression and a ridge classifier). For each classifier the F1-score was used on the training dataset under stratified 5-fold CV.
Genetic Algorithm (GA)
GAs approach feature selection as a combinatorial optimization problem in the space of binary inclusion masks (Taha et al. 2024). Each individual in the GA population represents a candidate subset of features encoded as a binary string, where bit i equals 1 if feature i is selected and 0 otherwise. A population of such individuals is evolved over generations using biologically inspired operators including selection (individuals are chosen for reproduction with probability proportional to their fitness), crossover (pairs of parent chromosomes exchange contiguous segments to produce offspring), and mutation (individual bits are flipped with low probability to maintain diversity).
If  is a binary mask for d features, then the fitness function f(x) evaluates the predictive performance (e.g., F1-score) of a classifier trained on the features indicated by X. Over successive generations, the GA aims to maximize f(x), yielding feature subsets that balance predictive power with parsimony.
In this study, a GA–based feature selection was implemented to search the combinatorial space of gene subsets by treating each candidate subset as a binary genome and optimizing a classifier-centered fitness function. Specifically, each individual encoded a binary mask that indicates which genes are included; an initial population of masks was generated at random and evolved for multiple generations using standard genetic operators (selection biased by fitness, crossover to recombine parent masks, and mutation to introduce random bit flips). Fitness for each mask was measured by the predictive performance of a logistic classifier trained on the selected features: stratified 5-fold CV and the F1-score were used as the objective to capture balanced performance across classes. The GA hyperparameters were chosen to provide a broad but tractable search (population size = 80, generations = 35, crossover probability ≈ 0.5, mutation probability ≈ 0.2) and an explicit constraint was applied to return a fixed-size subset (exactly 10 and 4 genes in the final mask for drought/control and heat/control matrices, respectively). The selected gene mask was translated back to feature names and the reduced set was used for downstream evaluation: both a logistic regression and a ridge classifier were trained on the chosen genes using F1-scores under stratified 5-fold CV.
Deep Learning Algorithms
Multi-layer Perceptron Neural Network (MLPNN)
In this study, a MLPNN classifier was employed to evaluate the discriminative power of gene subsets produced by different feature selection workflows. A MLP is a parametric feed-forward neural network that maps an input vector  to an output by successive affine transforms and nonlinear activations (Pérez-Enciso and Zingaretti 2019; Shahsavari et al. 2023). For layer k the mapping is

where and  are the weight matrix and bias vector of layer k, and  is an elementwise activation function. For binary classification the final scalar output ​ is obtained through a sigmoid (logistic) activation (or equivalently a 2-unit softmax), and the model is trained by minimization of the cross-entropy loss

where ​ is the predicted probability for sample i and  is the collection of all network parameters. Parameters were optimized with (stochastic) gradient-based methods using backpropagation; an elementary gradient update has the form  , where  is the learning rate.
In this study, the loss was augmented with an L2 weight penalty  to control overfitting. Guided by these principles, a systematic architecture and regularization search was performed for each feature subset: the search space varied the number of hidden layers from 1 to 4 and, for each architecture, enumerated all ordered layer-size combinations where each hidden layer had either 50 or 100 units (i.e. all tuples of length 1–4 drawn from {50,100}). We further varied the L2 regularization parameter α ∈ {10−4,10−3,10−2}, the initial learning rate η ∈ {10−3,10−2}, and different hidden-layer activation functions. This grid yielded 360 candidate hyperparameter configurations per feature set; every configuration was evaluated with stratified 5-fold CV and the mean F1-score was taken as the selection criterion. For the winning configuration of each gene subset the network was then refitted on the entire training set (allowing up to 1000 iterations for convergence) and reported the training F1-score together with the CV score used for selection. To make the large number of model fits tractable, the grid search was executed in parallel across processors. This procedure allowed a controlled comparison of capacity (depth and width), regularization and optimization settings across the six feature selection pipelines, yielding a compact summary of the best performing MLPNN architecture and its generalization performance for each selected gene set.
Convolutional neural network (CNN)
A CNN layer applies a set of learnable finite impulse response filters (kernels) across the input sequence and produces feature maps by local dot-products followed by a pointwise nonlinearity (Pérez-Enciso and Zingaretti 2019); for a 1-D input and a kernel  the convolution at location t is written as

and the layer output after an elementwise activation f is . Pooling layers downsample the feature maps, for example max-pooling over a window of size p computes , which increases translational invariance and reduces the number of downstream parameters. As in standard classification networks, the final flattened representation is passed to one or more dense layers and terminated by a single logistic unit for binary prediction; training minimizes the binary cross-entropy loss

optionally regularized (e.g. via dropout in dense layers) to reduce overfitting. Convolutional architectures are attractive here because weight sharing and sparse connectivity dramatically reduce the number of free parameters relative to fully connected networks, while enabling the model to learn local patterns and short-range interactions among neighboring input values (here, neighboring gene features when treated as a sequence).
In this study, each reduced gene vector (the ten or four-gene subsets obtained from each feature-selection method) was converted to the 1-D input shape expected by the convolutional network (samples × features × 1) so that each gene occupies one spatial position along the input axis. We implemented a parameterized CNN "factory" that constructs networks with variable numbers of convolutional blocks and dense layers. Each convolutional block in the factory consists of a 1-D convolution (with specified number of filters and kernel size), a pointwise activation (initially ReLU), and a max-pooling operation (pool size = 2); after the stacked convolutional blocks the activations are flattened and passed through a configurable number of dense layers with dropout between them, finishing with a single sigmoid output unit. Networks were trained using an adaptive optimizer with configurable initial learning rate and used binary cross-entropy as the training objective.
To identify efficient architectures and hyperparameters for each feature subset an automated hyperparameter search was performed. The searchable hyperparameters included the number of convolutional layers (1 or 2), number of filters per conv layer (16 or 32), kernel sizes (2 or 3), number of dense layers (1 or 2), dense units (32 or 64), dropout rate (0.2 or 0.4), learning rate (10⁻³ or 10⁻²), batch size (16 or 32) and training epochs (50 or 100). Because exhaustive evaluation of every candidate is costly, we used an iterative resource-allocation (successive halving / halving random search) strategy that evaluates many candidate configurations with small resources and promotes the most promising candidates for more extensive evaluation; this approach accelerates hyperparameter optimization while retaining the ability to discover high-performing configurations. For model selection stratified 5-fold CV and F1-score were used. For each feature subset the search returned the hyperparameter configuration with the highest mean CV F1-score; that configuration was then refit on the full training set to obtain a final trained model, and the training F1-score (computed on the full training set) together with the CV F1-score were recorded.
Because activation functions can materially affect convergence and representational capacity, we performed a second, focused tuning stage in which the best structural hyperparameters discovered above were fixed and we searched over a broad set of activation functions separately for the convolutional and dense layers (e.g., ReLU, ELU, GELU, SELU, tanh, sigmoid and several others). This activation search was again performed with a halving random-search strategy under stratified 5-fold CV; the goal was to find the combination of convolutional activation and dense-layer activation that maximized the CV F1-score for each feature subset while keeping the other hyperparameters fixed. All CNN fits used identical stratified splitting to ensure comparability across feature-selection methods.
Evaluation followed the same protocol as for other classifiers: mean CV F1-scores (used for selection), refit on the full training set with the chosen hyperparameters and activation functions, and calculation of training F1-score for reporting. Computationally intensive stages (the initial hyperparameter search and the activation tuning) were parallelized where possible and limited by available compute; the halving strategy markedly reduced the total number of full-resource fits required.
Generative Adversarial Network (GAN)
GANs provide a principled framework for learning a synthetic data distribution by pitting two models (a generator G and a discriminator D) against one another in a minimax game (Yilmaz and Korn 2023). The generator maps a noise vector ​ to a synthetic sample , while the discriminator estimates the probability that a sample x is real. The canonical objective optimized during training is the minimax value function:

Under idealized conditions the generator distribution ​ converges to the true data distribution  and the discriminator becomes unable to distinguish real from fake (theoretically  everywhere). In practice, variants of this scheme, objective reparameterizations and conditional formulations are commonly used to stabilize training and to allow generation of samples conditioned on class labels or structural constraints; the practical effect is to enable synthesis of realistic tabular vectors that resemble minority-class observations.
In our implementation, the GAN was used specifically as a data-augmentation engine to address class imbalance: for each feature selection pipeline we trained a conditional/tabular GAN on the minority class (drought- heat-stressed samples) observed in the training partition, then drew synthetic minority samples until the number of minority examples matched the number of majority examples (control). Concretely, given a training fold with  control samples and ​ stressed samples, the generator was used to produce​ synthetic stressed samples; the augmented training set ​ and labels ​ were assembled as

Because GAN training is sensitive to hyperparameters and the eventual utility of generated samples depends on them, we tuned the generative model by explicit grid search across practical settings for two core hyperparameters: training epochs (100 and 200) and generator/discriminator batch size (500 and 1000). To assess the effect of each candidate generative configuration stratified 5-fold CV was used on the training dataset. For each fold the procedure was: (i) fit the GAN only on the minority (drought/heat) examples of the sub-training fold; (ii) sample synthetic stress examples to balance the sub-training set; (iii) train a fixed evaluation classifier on the augmented sub-training set; and (iv) score that classifier on the sub-validation fold. The evaluation classifier used during GAN tuning was a multi-layer perceptron with two hidden layers of 50 units each (a deterministic proxy chosen to measure whether the augmentation improves an actual downstream learner). The CV score for a given GAN hyperparameter configuration was the mean F1-score across folds. The GAN hyperparameters producing the highest mean CV F1-score were selected as the best generative setting for that feature selection pipeline.
After identifying the best generative configuration per pipeline, final augmented training sets were produced by fitting the generator on the entire training partition’s minority samples and sampling enough synthetic minority records to equal the majority count; the final classifier was an MLPNN rebuilt with the best hyperparameters previously found for that feature subset (i.e., the tuned MLPNN architecture and optimization parameters discovered during the separate MLPNN grid search). This tuned MLPNN was trained on the full augmented training set.
Denoising Autoencoder (DAE)
DAE is an unsupervised neural model that learns compact, robust representations by reconstructing clean inputs from corrupted versions of those inputs (Vincent et al. 2008). The model factors into an encoder  and a decoder ​. Given an original datum x and a stochastic corruption process  (for example additive noise, masking, or dropout), the encoder maps the corrupted input  to a latent representation , and the decoder produces a reconstruction 
Training minimizes the expected reconstruction error under the corruption process; with mean-squared error (MSE) this objective is:

By forcing the network to recover the original x from noisy observations , a DAE encourages the encoder to capture salient, stable structure and to discard noise. The learned latent representation h may then be used as a compact feature vector for downstream supervised tasks.
In this study autoencoder-based representation learning was used as an intermediate dimensionality-reduction step prior to classification. Although the theoretical DAE framework centers on explicit corruption , in the final experiments the autoencoder was trained as a reconstruction model (minimizing MSE between network reconstruction and the original input) and the learned encoder was used to produce low-dimensional embeddings for subsequent classification. Concretely, for each feature selection pipeline, we performed an exhaustive search over a grid of autoencoder architectures and training hyperparameters; the search dimensions were chosen to probe latent dimensionalities and shallow-to-moderately-deep encoder/decoder stacks likely to be effective for the small feature sets considered. The hyperparameter grid comprised latent dimensionalities ∈ {2,5,10}; encoder layer configurations ∈ {(64,), (128,), (128,64)}; decoder layer configurations ∈ {(64,), (128,), (64,128)}; activation functions ∈ {relu, tanh}; epochs ∈ {50,100}; and batch sizes ∈ {32,64}.
For robust model selection we used stratified 5-fold CV. That is, for a given feature subset and a chosen autoencoder configuration θ, we partitioned the training set into five stratified folds; for each fold we trained the autoencoder on the sub-training partition by minimizing MSE and then computed low-dimensional encodings of the sub-training and sub-validation data via the encoder ​. To evaluate the usefulness of the learned embeddings for discrimination, a simple supervised classifier (logistic regression with class balancing) was trained on the encoded sub-training examples and applied to the encoded sub-validation set; the fold score was the F1-score. The mean F1-score across the five folds served as the selection metric for the autoencoder hyperparameter combination. Formally, if S = {1, … ,5} indexes folds and  denotes the F1-score of the logistic classifier trained and evaluated using the encoder induced by θ on fold s, the selection criterion was:

We retained, for each feature selection pipeline, the autoencoder configuration  maximizing .
Architecturally, each candidate autoencoder followed the standard feedforward encoder–latent–decoder pattern. If the input dimension is d (the number of genes in the current subset), the encoder consisted of one or two fully-connected layers with the chosen activation (ReLU or tanh), followed by a final dense layer of size equal to the latent dimension L producing the embedding. The decoder mirrored the encoder with dense layers mapping the latent vector back to a d-dimensional reconstruction; the output layer used a linear activation and optimization minimized MSE between the reconstruction and the original input. After autoencoder training on each sub-training split, the encoder ​ was used as a deterministic feature map producing encoded matrices  and  for classifier training/validation.
Once the best autoencoder hyperparameters were identified per method, we recorded the configuration and its cross-validated F1-score. The practical pipeline therefore converts each low-dimensional learned embedding into a downstream evaluation (logistic regression) score and uses that task-relevant criterion to drive autoencoder selection; this emphasizes embeddings that are both compact and discriminatively informative for the drought/heat vs. control classification problem.
Activation Functions
The activation functions used in this study were as follows:
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