Supplementary Table S2. Hyperparameter search spaces, selected settings, and model-development controls for the eight candidate algorithms
(A). Complete hyperparameter search spaces and selected/final settings
	Model
	Engine/method
	Search space / candidate values actually used
	No. candidate combinations
	Selected/final setting

	[bookmark: _GoBack]LR
	glm (binomial)
	No tunable model hyperparameter
	Not applicable
	Unpenalized binomial logistic regression

	SVM
	svmRadial
	C = {0.1, 0.5}; sigma = {0.001, 0.01, 0.1}
	6
	C = 0.5; sigma = 0.1

	GBM
	gbm
	n.trees = 100; interaction.depth = {2, 3}; shrinkage = {0.01, 0.1}; n.minobsinnode = 5
	4
	n.trees = 100; interaction.depth = 2; shrinkage = 0.1; n.minobsinnode = 5

	Neural network
	nnet
	size = {3, 4, 5}; decay = 0.6; maxit = 500
	3
	size = 3; decay = 0.6; maxit = 500

	RF
	rf
	mtry = {2, 3, 4, 5}; ntree = 1000
	4
	mtry = 4; ntree = 1000

	XGBoost
	xgbTree
	nrounds = 200; max_depth = {3, 4, 5}; eta = {0.001, 0.01, 0.1}; gamma = 0.5; colsample_bytree = 0.5; min_child_weight = 1; subsample = 0.6
	9
	nrounds = 200; max_depth = 4; eta = 0.1; gamma = 0.5; colsample_bytree = 0.5; min_child_weight = 1; subsample = 0.6

	KNN
	kknn
	kmax = {3, 4, ..., 15}; distance = 1; kernel = optimal
	13
	kmax = 11; distance = 1; kernel = optimal

	LightGBM
	lightgbm
	Fixed parameter set: objective = binary; metric = auc; learning_rate = 0.05; num_leaves = 31; feature_fraction = 0.8; bagging_fraction = 0.8; bagging_freq = 1; min_data_in_leaf = 10; force_col_wise = TRUE. Within each repeated-CV assessment, nrounds <= 500 with early_stopping_rounds = 30.
	Not a conventional grid
	Same fixed parameter set; final nrounds = median fold-specific best_iter (fallback 200 only if the median is non-finite or <10).


(B). Common training, probability-generation, and reproducibility controls
	Control
	Actual implementation

	Resampling
	Repeated 10-fold cross-validation with five repeats, confined to the training data.

	Class-imbalance handling
	No additional class weighting was applied. Class imbalance was addressed using SMOTE inside each training fold/resample only; neither validation sample was oversampled.

	Optimization metric
	PR-AUC was the primary tuning metric for candidate-model hyperparameter selection.

	Centering/scaling
	Center/scale preprocessing was used for LR, SVM, neural network, and KNN and estimated from training resamples; GBM, RF, XGBoost, and LightGBM were not standardized.

	Probability output
	For caret models, class probabilities were obtained with predict(..., type = "prob")[, "Yes"]; LightGBM predict() returned the probability of the positive MCI class.

	Training OOF aggregation
	At the selected tuning configuration, repeated-CV validation predictions were aggregated to one mean OOF probability per training participant.

	Classification threshold
	The operating threshold was derived exclusively from training OOF probabilities by maximizing the F1 score and then fixed for validation.

	Random seeds
	Seed 123 was used for the 70:30 sample split; 2026 was the base analysis seed, with deterministic model/analysis-specific offsets in the locked workflow.

	Software environment
	R 4.4.3 on Microsoft Windows.

	Model engines/packages
	stats/caret (LR and resampling framework), kernlab (radial SVM via caret), gbm, nnet, randomForest, xgboost, kknn, and lightgbm; supporting workflow packages included PRROC, pROC, smotefamily, glmnet, and Boruta.

	Package versions
	Exact versions of individual R packages used in the original analysis were not fully preserved in the supplied session records and are therefore not fabricated; available software/session information is provided in the public GitHub repository and versioned Zenodo archive.


Note. The search spaces above reproduce the candidate values coded in the locked AHI-only analysis workflow. LightGBM used a prespecified fixed parameter set with fold-specific early stopping rather than a Cartesian hyperparameter grid. Validation data were not used for preprocessing, tuning, early stopping, threshold selection, or model updating. LR, logistic regression; SVM, support vector machine; GBM, gradient boosting machine; RF, random forest; KNN, k-nearest neighbors; OOF, out-of-fold; PR-AUC, area under the precision-recall curve; SMOTE, synthetic minority oversampling technique.  No additional class weighting was applied; class imbalance was addressed using training-fold-only SMOTE.
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(binomial)

No
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Not

applicable
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logistic

regression
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{0.001,
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0.1}

6

C

=
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3};
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ntree
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=
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kmax

=
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=
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parameter

set:

objective

=
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learning_rate
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LR,
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and
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and

estimated

from

training
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and
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were

not

standardized.

Probability

output

For

caret

models,

class

probabilities

were

obtained

with

predict(...,

type

=

"prob")[,

"Yes"];

LightGBM

predict()

returned

the

probability

of

the

positive

MCI

class.

Training

OOF

aggregation

At

the

selected

tuning

configuration,

repeated-CV

validation

predictions

were

aggregated

to

one

mean

OOF

probability

per

training

participant.
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The

operating
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was
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exclusively

from

training
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then
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for
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