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Statistical approach for variable selection
To identify the most predictive variables and ensure an equitable comparison, a systematic multi-method feature selection approach was employed. All available puffing topography parameters and device characteristics served as candidate predictors. Feature importance was assessed using five complementary methods providing interpretable importance metrics: (1) Pearson correlation analysis for bivariate relationships; (2) univariate R² analysis via simple linear regression; (3) variable importance in Random Forest measured as the percent increase in mean squared error upon permutation; (4) feature importance in XGBoost calculated as the average gain across all decision trees; and (5) LASSO regression with fivefold cross-validation (optimal λ = 0.0168) to identify non-zero coefficients. A consensus ranking was derived by averaging importance ranks across these methods. Based on this analysis, inhaled volume was identified as the best predictor for nicotine emission.


Table 1: Comparison of different ML models' performances for predicting nicotine emission (N=259)
	
	Predictors: Puff number, average puff duration, device characteristics
	Predictors: E-liquid consumption, average puff duration, device characteristics

	ML methods
	R²
	MAE
	RMSE
	R²
	MAE
	RMSE

	XGBoost
	0.778 ± 0.153
	0.527 ± 0.182
	1.296 ± 0.526
	0.747 ± 0.149
	0.564 ± 0.207
	1.367 ± 0.460

	ANN
	0.730 ± 0.167
	0.908 ± 0.240
	1.544 ± 0.747
	0.609 ± 0.173
	1.116 ± 0.256
	1.806 ± 0.578

	RF
	0.703 ± 0.131
	1.279 ± 0.195
	1.896 ± 0.446
	0.702 ± 0.128
	1.197 ± 0.206
	1.719 ± 0.384

	SVR
	0.580 ± 0.116
	1.179 ± 0.227
	2.068 ± 0.545
	0.537 ± 0.143
	1.134 ± 0.248
	1.955 ± 0.452

	LASSO
	0.506 ± 0.114
	1.378 ± 0.205
	2.032 ± 0.350
	0.556 ± 0.149
	1.223 ± 0.214
	1.858 ± 0.355

	OLS
	0.507 ± 0.111
	1.389 ± 0.200
	2.027 ± 0.342
	0.557 ± 0.149
	1.222 ± 0.213
	1.853 ± 0.351



Table 2: Comparison of different ML models' performances for predicting plasma nicotine (N=259)
	
	Predictors: Predicted nicotine emission (from puff number, average puff duration, device characteristics) and personal characteristics
	Predictors: Predicted nicotine emission (from e-liquid consumption, average puff duration, device characteristics) and personal characteristics

	ML methods
	R²
	MAE
	RMSE
	R²
	MAE
	RMSE

	XGBoost
	0.613 ± 0.174
	2.717 ± 0.844
	5.977 ± 1.674
	0.699 ± 0.168
	2.251 ± 0.755
	5.087 ± 1.626

	RF
	0.513 ± 0.142
	5.419 ± 0.749
	7.386 ± 1.354
	0.563 ± 0.142
	5.113 ± 0.674
	6.872 ± 1.164

	ANN
	0.254 ± 0.155
	6.302 ± 1.325
	9.178 ± 2.613
	0.270 ± 0.167
	6.089 ± 1.201
	8.805 ± 2.248

	SVR
	0.211 ± 0.111
	6.182 ± 0.975
	9.087 ± 1.627
	0.332 ± 0.129
	5.747 ± 0.829
	8.439 ± 1.359

	OLS
	0.185 ± 0.096
	6.545 ± 0.865
	8.788 ± 1.351
	0.302 ± 0.134
	5.977 ± 0.763
	7.957 ± 1.100

	LASSO
	0.186 ± 0.099
	6.615 ± 0.864
	8.811 ± 1.350
	0.315 ± 0.138
	6.064 ± 0.763
	8.013 ± 1.105






Table 3: Comparison of different ML models' performances for predicting nicotine emission (N=259)
	ML methods
	R²
	MAE
	RMSE

	XGBoost
	0.872 ± 0.096
	0.401 ± 0.166
	0.967 ± 0.403

	ANN
	0.769 ± 0.120
	0.842 ± 0.195
	1.422 ± 0.591

	RF
	0.785 ± 0.105
	1.160 ± 0.188
	1.677 ± 0.395

	SVR
	0.555 ± 0.098
	1.208 ± 0.245
	2.096 ± 0.523

	LASSO
	0.505 ± 0.101
	1.405 ± 0.217
	2.003 ± 0.387

	OLS
	0.505 ± 0.100
	1.412 ± 0.217
	2.005 ± 0.384


predictors: Inhaled volume, average puff duration, device, and nicotine concentration.
Table 4: Comparison of different ML models' performances for predicting plasma nicotine (N=259)
	ML methods
	R²
	MAE
	RMSE

	XGBoost
	0.636 ± 0.162
	2.540 ± 0.778
	5.749 ± 1.557

	ANN
	0.292 ± 0.154
	5.991 ± 1.119
	8.626 ± 1.984

	RF
	0.539 ± 0.142
	5.367 ± 0.783
	7.226 ± 1.255

	SVR
	0.187 ± 0.113
	6.238 ± 1.068
	9.187 ± 1.647

	OLS
	0.215 ± 0.119
	6.388 ± 0.975
	8.551 ± 1.449

	LASSO
	0.218 ± 0.119
	6.460 ± 0.974
	8.576 ± 1.427


predictors: predicted nicotine emission (from inhaled volume, average puff duration, device, and nicotine concentration), and personal characteristics



