Supplementary 2: SMOGN, ML Workflow, Parameters 

	SMOGN method and package availability
SMOGN (Synthetic Minority Over-sampling Technique for Regression with Gaussian Noise) was implemented using the smogn Python package (v0.1.0), available at: https://github.com/nickkunz/smogn and https://pypi.org/project/smogn/ .

	SMOGN parameters Used in the analyses
Python 
smogn.smogn(
    data = train_df,
    y = 'FWS',
    rel_thresh = 0.5,      # Threshold for determining rare target regions
    rel_coef = 0.5,        # Oversampling intensity coefficient
    samp_method = 'balance',  # Balanced sampling strategy
    k = 5,                 # Number of nearest neighbors
    drop_na = True,
    seed = 42
)

	Preprocessing Order (No Data Leakage)
All preprocessing steps were applied exclusively within each cross-validation fold to prevent data leakage:
For each fold (5-fold CV × 10 repeats):
1. Data Split: 80% Training, 20% Test (preserving original n = 36)
2. Feature Normalization:
a) StandardScaler (Z-score) fit on training data only
b) Mean and standard deviation parameters used to transform test data

3. SMOGN Augmentation:
a) Applied only to training data
b) Parameters: rel_thresh=0.5, rel_coef=0.5, k=5
c) Training data: 36 → ~100 samples (2.80× augmentation)

4. Model Training: Trained on SMOGN-augmented training data
5. Model Evaluation:
a)  Evaluated on untouched test data (NO SYNTHETIC SAMPLES)
b) Metrics: R², RMSE, MSE, RMSLE, MAPE

6. Repeat: Repeated 10 times with different shuffling (random_state = 42 + repeat)


	Handling of Missing Data
Missing values were handled prior to analysis:
1. Target Variable (FWS): Rows with missing FWS values were removed
2. Features: Columns with > 50 % missing values were excluded
3. Remaining Missing Values: Imputed with the median of the respective feature (preserves central tendency without introducing bias)
Verification: After preprocessing, no missing values remained in the dataset.

	Feature Selection
No feature selection was applied prior to model training. All 16 physiological features were included to maintain biological completeness. However, post-hoc feature importance analysis was conducted to identify the most influential predictors:
· Method: Feature importance derived from model-specific attributes (Gini impurity for tree-based models, coefficients for linear models)
· Top Predictors: Chlorophyll a and chlorophyll b consistently ranked as the most important predictors across all models. 

	Cross-Validation Strategy
A 5-fold cross-validation strategy with 10 repeats was implemented to ensure robust model evaluation. For each repeat, the dataset was randomly partitioned into five equal folds (80% training, 20% testing per fold), with shuffling controlled by random_state = 42 + repeat_iteration (42–51). This procedure yielded 50 fold-level estimates per model, ensuring that each sample was used for testing across multiple folds. All preprocessing steps, including feature normalization and SMOGN augmentation, were performed exclusively within each training fold to prevent data leakage.
No hyperparameter tuning was performed for any of the 20 models and all algorithms were evaluated using their default or fixed parameters as specified in the hyperparameter table above. This approach avoids overfitting and provides an honest assessment of model generalizability.




Random Seed Consistency
All random seeds have been unified to random_state = 42 throughout the analysis:
	Component
	Random Seed

	Model initialization
	random_state=42

	SMOGN augmentation
	seed=42

	Cross-validation
	random_state=42 + repeat (42, 43, 44, ... 51)

	Data splitting
	random_state=42

	Reproducibility
	All seeds fixed to ensure consistent results





The Models' Hyperparameters
All twenty models were implemented with their default parameters unless specified below:
	Model
	Hyperparameters

	Linear Regression
	Default

	Ridge
	alpha=1.0, random_state=42

	Lasso
	alpha=0.1, random_state=42

	ElasticNet
	alpha=0.1, l1_ratio=0.5, random_state=42

	Bayesian Ridge
	Default

	Huber Regressor
	Default

	K-Nearest Neighbors
	n_neighbors=5

	Decision Tree
	max_depth=10, random_state=42

	Random Forest
	n_estimators=100, random_state=42, n_jobs=-1

	Extra Trees
	n_estimators=100, random_state=42, n_jobs=-1

	Gradient Boosting
	n_estimators=100, random_state=42

	AdaBoost
	n_estimators=100, random_state=42

	Hist Gradient Boosting
	random_state=42

	Support Vector Regression
	kernel='rbf', C=1.0, epsilon=0.1

	Kernel Ridge
	alpha=1.0

	Gaussian Process
	random_state=42

	MLP
	hidden_layer_size s=(100,50), max_iter=500, random_state=42

	XGBoost
	n_estimators=100, learning_rate=0.1, random_state=42, verbosity=0

	LightGBM
	n_estimators=100, learning_rate=0.1, random_state=42, verbose=-1

	CatBoost
	iterations=100, learning_rate=0.1, random_state=42, verbose=False







Package Names and Versions
All analyses were performed in Python 3.10 with the following libraries:
	Package
	Version
	Purpose

	pandas
	2.0.3
	Data manipulation

	numpy
	1.24.3
	Numerical computations

	scikit-learn
	1.3.0
	ML algorithms & preprocessing

	smogn
	0.1.0
	SMOGN augmentation

	matplotlib
	3.7.2
	Data visualization

	seaborn
	0.12.2
	Statistical visualization

	xgboost
	2.0.0
	Gradient boosting

	lightgbm
	4.1.0
	Gradient boosting

	catboost
	1.2.0
	Gradient boosting

	scipy
	1.11.1
	Statistical computations
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