[bookmark: _Ref118319829]Appendix A
[bookmark: _Ref169698743]Table A1  Characterization of EDs and daily arrival statistics from January 1, 2014, to December 31, 2016.
	Countries/ City/region
	Hospitals
	EDs analyzed
	name of the time series
	Datasets
	Remarks
	Average
	Median
	Default deviation

	Netherlands/ Leidschendam
	HMC Antoniushove
	Clinical hospital, private, general ED, operating 24/7
	antoniushove
	2014-01-01 to 2016-12-31
	1096
	47
	47
	9

	Australia/Armadale
	[bookmark: _Hlk123921825]Armadale/Kelmscott District Memorial Hospital 
	General public hospital, public, general ED, operating 24/7
	arma
	2014-01-01 to 2016-12-31
	1096
	166
	165
	17

	Netherlands/Haia
	HMC Bronovo
	General Hospital, private, general ED, operating 24/7
	bronovo
	2014-01-01 to 2016-12-31
	1096
	52
	52
	9

	USA/Sacramento
	UC Davis Medical Center
	A teaching hospital, private, high complexity (both adult and pediatric) ED, operating 24/7
	davis
	2014-01-01 to 2016-12-31
	1096
	221
	221
	21

	Australia/Joondalup
	[bookmark: _Hlk123931489]Joondalup Health Hospital
	A teaching hospital, public and private, general ED, operating 24/7
	joon
	2014-01-01 to 2016-12-31
	1096
	268
	267
	20

	Australia/Subiaco
	[bookmark: _Hlk124345051]King Edward Memorial Hospital for Women
	Tertiary maternity and gynaecological hospital, it is a referral centre for complex pregnancies, public, ED for gynecological care and maternity, operating 24/7
	kem
	2014-01-01 to 2016-12-31
	1096
	36
	36
	10

	Australia/Subiaco
	Princess Margaret Hospital for Children
	Children's hospital and centre for paediatric research and care, public, Paediatric ED, operating 24/7
	pm
	2014-01-01 to 2016-12-31
	1096
	181
	180
	25

	Australia/Cooloongup
	[bookmark: _Hlk124347856]Rockingham General Hospital
	General public hospital, public, general ED, operating 24/7
	rg
	2014-01-01 to 2016-12-31
	1096
	146
	146
	14

	Australia/Adelaide
	[bookmark: _Hlk124350755]Royal Perth Hospital
	Adult and teaching hospital, adult trauma centre, public, high complexity ED, operating 24/7
	rph
	2014-01-01 to 2016-12-31
	1096
	207
	206
	23

	Australia/Nedlands
	[bookmark: _Hlk124355222]Sir Charles Gairdner Hospital
	A teaching tertiary hospital, cancer treatment centre, public, general ED, operating 24/7
	scg
	2014-01-01 to 2016-12-31
	1096
	190
	189
	15

	Netherlands/Den Haag
	[bookmark: _Hlk123922101]HMC Westeinde
	General hospital, private, general ED (adult and paediatric teaching), operating 24/7
	westeinde
	2014-01-01 to 2016-12-31
	1096
	140
	140
	14

	
	
	
	
	
	
	
	
	











[bookmark: _Ref152611989][bookmark: _Ref140508381]Table A2  Overview of ML algorithms tested
	Name
	Overview
	References

	[bookmark: _Hlk181979557]eXtreme Gradient Boosting (XGBoost)
	  XGBoost [74] is an advanced algorithm implementing a Gradient Boosting Machines (GBM) framework for fast processing and improved computational efficiency. Using a scalable Tree Boosting system, it adds trees iteratively to predict residuals and combines them for the final prediction. The Gradient Boosting (GB) process transforms weak learners into a strong model, addressing the challenge of enhancing weak ML models [5], [40]. Each regression tree in GB maps an input data point to a leaf with a continuous score. The final model is the sum of individual predictions, weighted by each tree's training performance. XGBoost features adjustable hyperparameters, including , ,, , and , determined in step 3.
	Package:
xgboost

	Light Gradient Boosting Machine (LightGBM)
	[bookmark: _Hlk176619533]  LightGBM [75], a GBM variant, employs histogram-based and leaf-wise algorithms for optimal feature split points and tree construction. The histogram-based approach bins continuous features during training, enabling efficient segmentation. LightGBM adopts a leaf-wise strategy with maximum depth constraints, outperforming XGBoost's layer-wise approach by constructing trees based on the leaf with the highest information gain at each iteration. Gradient-based One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB) enhance training speed and minimize memory usage. GOSS prioritizes instances with significant gradients, optimizing information gain, while EFB efficiently reduces high-dimensional features [75]. Hyperparameters (e.g.,  , , and ) were selected using grid-search, as described in step 3.
	Package:
lightgbm

	Random Forest (RF)
	  RF are decision tree ensembles built from random subsets of input variables. It is an advanced ML algorithm and an ensemble technique that prevents overfitting by averaging tree predictions, reducing model variance without increasing error. RF regression employs bootstrap bagging to fit  regression trees on random samples from the training dataset. This reduces correlation between individual decision trees, enhancing overall prediction accuracy. Each tree is trained on different data subsets, providing out-of-sample predictions. After training, the RF regressor uses the average of individual tree results to generate test set predictions. In RF implementation, parameters  (indicating the number of trees) and  (indicating the minimum number of samples required to split an internal node) were determined using grid-search, as described in step 3.      
	Package:
ranger


	Support Vector Machine with Radial Basis Function (SVM-RBF)
	[bookmark: _Hlk176619768]  The Support Vector Machine (SVM) is a widely used supervised algorithm for solving regression problems by finding a function that maps input data to predict continuous values. It aims to maximize the margin between reference points, known as support vectors [51]. The RBF kernel is employed to measure similarity between input instances. Instead of seeking a separation hyperplane, the algorithm looks for a function minimizing the difference between predicted and actual values [51]. In SVM-RBF regression analysis, support vectors are identified, and distances are calculated using the RBF kernel. The algorithm adjusts regression function parameters, including kernel width () and a regularization parameter , to find the curve that best fits the data and generates more accurate predictions [51]. The RBF kernel was selected for its outstanding predictive performance and the benefit of requiring few tuning hyperparameters [51], including: (i) a positive number for the misclassification cost; (ii) a positive real number controlling the RBF kernel's standard deviation; and (iii) a positive number for the epsilon-insensitive parameter in the SVM loss function. These three hyperparameters were determined using the grid-search method, as described in step 3.
	Package:
kernlab [51]


	Neural network autoregression (NNAR)
	  The NNAR [57] is a feed-forward neural network with three layers (input, hidden, and output), utilizing two functions: linear combination of inputs and sigmoid activation. The algorithm uses lagged values of a time series as input, creating an NNAR model of the form , where  is the order of lagged time series included as predictors;  is the order of seasonal lags with frequency ;  is the number of nodes in the hidden layer; and  is the duration of the seasonal period. The NNAR  model is analogous to the ARIMA  model but without parameter constraints ensuring stationarity, resulting in a nonlinear function [57]. The value of  is determined by the average of the number of inputs  and the number of outputs . Parameters were obtained using grid-search (in step 3).
	Package:
forecast [57]


	Lasso and Elastic-Net Generalized Linear Model (GLMNET)
	  GLMNET [76] is an algorithm that combines linear regression and regularization to handle high-dimensional problems and includes an embedded variable selection step. Two key parameters in GLMNET are the elastic-net penalty  and the regularization parameter . When , the model corresponds to a Ridge regression, and when , it corresponds to a LASSO regression. The  regularization parameter controls the overall strength of the penalty, and different  values provide a regularization path. When  is very small, the penalty imposed on coefficients in the LASSO method is minimal, and the LASSO solution approaches the Ordinary Least Squares (OLS) solution, which imposes no restrictions on coefficients. As  increases, the penalty becomes stronger, and fewer variables are retained in the model (i.e., more coefficients will have zero values). The leave-one-out cross-validation technique is employed in GLMNET to determine optimal values for the regularization parameter .
	Package:
glmnet [76].



	
	
	





[bookmark: _Hlk176622210]
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[bookmark: _Ref169820668]Table A3  Summary of the best performing algorithms by emergency department
	Test sets
	EDs analyzed
	best algorithms
	Day of the week
	Month of the year
	Minimum temperature
	Mean temperature
	Maximum temperature
	index.num
	half
	quarter
	mday
	qday
	yday
	mweek
	week
	week2
	week3
	week4
	mday7

	7 days
	antoniushove
	XGBoost
	
	+
	+
	+
	+
	+
	
	+
	+
	+
	+
	
	+
	
	
	
	

	
	arma
	GLMNET
	++
	
	+
	+
	
	+
	
	
	
	
	+
	
	+
	
	
	
	

	
	bronovo
	NNAR
	
	
	+
	+
	+
	+
	+
	+
	+
	+
	+
	
	+
	
	
	
	

	
	davis
	XGBoost
	+
	
	+
	+
	+
	+
	+
	+
	
	+
	+
	
	+
	
	
	
	

	
	joon
	SVM-RBF
	++
	
	
	+
	+
	+
	
	
	
	+
	+
	
	+
	
	
	
	

	
	kem
	XGBoost
	++
	
	
	+
	+
	+
	
	
	
	+
	
	
	+
	
	
	
	

	
	pm
	NNAR
	
	+
	+
	+
	+
	+
	+
	+
	
	+
	+
	
	+
	
	
	
	

	
	rg
	RF
	+
	
	+
	+
	+
	+
	
	+
	+
	+
	+
	
	+
	
	
	
	

	
	rph
	XGBoost
	++
	
	+
	+
	+
	+
	
	+
	
	+
	+
	
	+
	
	
	
	

	
	scg
	XGBoost
	++
	
	+
	+
	+
	+
	
	
	+
	+
	+
	
	+
	
	
	
	

	
	westeinde
	SVM-RBF
	
	+
	+
	+
	+
	+
	+
	+
	
	+
	+
	
	+
	
	
	
	

	45 days
	antoniushove
	XGBoost
	
	+
	+
	+
	+
	+
	
	+
	+
	+
	+
	
	+
	
	
	
	

	
	arma
	XGBoost
	++
	
	+
	+
	
	+
	
	
	
	
	+
	
	+
	
	
	
	

	
	bronovo
	NNAR
	
	
	+
	+
	+
	+
	+
	+
	+
	+
	+
	
	+
	
	
	
	

	
	davis
	NNAR
	+
	
	+
	+
	+
	+
	+
	+
	
	+
	+
	
	+
	
	
	
	

	
	joon
	SVM-RBF
	++
	
	
	+
	+
	+
	
	
	
	+
	+
	
	+
	
	
	
	

	
	kem
	NNAR
	++
	
	+
	+
	+
	+
	
	
	
	
	+
	
	
	
	
	
	

	
	pm
	XGBoost
	
	+
	+
	+
	+
	+
	
	+
	+
	+
	+
	
	+
	
	
	
	

	
	rg
	XGBoost
	++
	
	+
	+
	+
	+
	
	+
	
	+
	+
	
	+
	
	
	
	

	
	rph
	NNAR
	++
	
	+
	+
	+
	+
	
	+
	
	+
	+
	
	+
	
	
	
	

	
	scg
	XGBoost
	++
	
	+
	+
	+
	+
	
	
	+
	+
	+
	
	+
	
	
	
	

	
	westeinde
	XGBoost
	+
	+
	+
	+
	+
	+
	
	+
	
	+
	+
	
	+
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	


Notes: + Predictor variables of higher importance (threshold = 0.70) retained in the final models. ++ Predictor variables retained two times or more.








[bookmark: _Ref152612523]Table A4  Feature selection results using Random Forest permutation importance scores (%)
	
	ML algorithms
	Meteorological and calendar predictors
	Feature engineered predictors

	EDs analyzed
	
	Day of the week
	Month of the year
	Minimum temperature
	Mean temperature
	Maximum temperature
	index.num
	half
	quarter
	mday
	qday
	yday
	mweek
	week
	week2
	week3
	week4
	mday7

	HMC Antoniushove
	XGBoost
	
	6,75
	16,34
	25,06
	24,61
	100
	
	9,88
	6,00
	22,10
	44,94
	
	33,14
	
	
	
	

	
	LightGBM
	
	
	15,71
	24,54
	23,18
	99,05
	6,70
	13,26
	7,78
	20,85
	40,82
	
	28,79
	
	
	
	

	


Armadale/Kelmscott District Memorial Hospital (arma)
	XGBoost
	41,98
39,00
37,70
34,05
30,38
	
	27,20
	29,77
	
	98,32
	
	
	
	
	52,80
	
	37,95
	
	
	
	

	
	GLMNET
	39,40
32,64
32,46
31,81
29,72
	
	22,26
	26,75
	
	94,08
	
	
	
	
	49,29
	
	33,31
	
	
	
	

	HMC Bronovo
	NNAR
	
	
	40,46
	72,20
	71,44
	100
	15,09
	19,89
	13,99
	27,41
	75,59
	
	49,47
	
	
	
	

	UC Davis Medical Center (davis)
	XGBoost
	67,07
	
	19,46
	21,91
	26,47
	98,81
	22,43
	27,59
	
	23,53
	86,27
	
	49,59
	
	
	
	

	
	NNAR
	66,73
	
	19,41
	21,28
	28,59
	96,66
	22,15
	30,17
	
	23,75
	80,67
	
	50,38
	
	
	
	

	Joondalup Health Hospital (joon)
	SVM-RBF
	86,83
78,65
57,27
50,06
	
	
	56,03
	52,27
	100
	
	
	
	81,48
	88,58
	
	59,15
	
	
	
	

	



King Edward Memorial Hospital for Women (kem)
	XGBoost
	100
91,47 50,92 42,99 29,05
	
	
	38,67
	23,88
	70,50
	
	
	
	
	25,65
	
	24,75
	
	
	
	

	
	NNAR
	100 92,87 52,23 47,33 28,31
	
	21,34
	40,03
	26,08
	71,61
	
	
	
	
	30,43
	
	
	
	
	
	

	Princess Margaret Hospital for Children (pm)
	XGBoost
	
	12,75
	17,78
	30,38
	16,06
	96,81
	
	22,84
	8,95
	39,98
	78,25
	
	55,99
	
	
	
	

	
	NNAR
	
	13,71
	18,94
	28,73
	18,60
	91,75
	
	19,52
	12,98
	39,01
	76,58
	
	55,43
	
	
	
	

	Rockingham General Hospital (rg)
	XGBoost
	95,39
21,43
	
	24,89
	57,52
	51,00
	82,80
	
	23,02
	
	47,74
	100
	
	67,33
	
	
	
	

	
	RF
	92,80
	
	34,05
	60,08
	52,12
	90,70
	
	24,10
	20,22
	54,57
	100
	
	66,32
	
	
	
	

	Royal Perth Hospital (rph)
	XGBoost
	4,19
3,22
	
	14,10
	18,86
	12,13
	100
	
	5,73
	
	4,65
	15,70
	
	11,53
	
	
	
	

	
	NNAR
	4,88
3,24
	
	14,11
	20,62
	13,68
	94,94
	
	6,53
	
	4,76
	16,34
	
	11,71
	
	
	
	

	Sir Charles Gairdner Hospital (scg)
	XGBoost
	49,38 19,28
	
	44,76
	72,51
	42,66
	100
	
	
	15,83
	22,35
	49,28
	
	36,80
	
	
	
	

	HMC Westeinde
	XGBoost
	20,34
	29,46
	50,39
	60,43
	54,82
	52,78
	
	23,97
	
	36,73
	100
	
	71,18
	
	
	
	

	
	SVM-RBF
	29,90
	
	47,93
	60,97
	59,52
	60,46
	22,89
	25,14
	
	37,11
	100
	
	80,33
	
	
	
	


Notes: The table displays the top 10 predictors of patient arrivals selected in the final models based on the 0.70 threshold.
