Table 1
Data set used in the research
	Type
	Objective
	Frequency
	Source

	Thermodynamic instability indices¹
	CME predictor variables 
	12 hours
	University of Wyoming
(weather.uwyo.edu/)

	Atmosferic discharges
	Occurrence's location (latitude, longitude), time (UTC), and date
	100 AD / second
	University of Sao Paulo (https://starnet.iag.usp.br)

	METAR
	 Detect the times when CME occurred in SBBR
	1h
	REDEMET (https://redemet.decea.gov.br)

	 Thermodynamic instability indices¹ modeled by WRF-ICEA model
	CME predictor variables
	1h
	 Institute of Airspace Control (ICEA) (https://www.icea.decea.mil.br)


1 Instability Thermodynamic Indices: (1) Showalter (SH), (2) Sweat (SW), (3) K index (K), (4) Total Totals (TT) and (5) Convective Available Potential Energy (CAPE) (see http://weather.uwyo.edu/upperair/sounding.html).


Table 2
The main characteristics of the optimal algorithms
	Algorithm
	Description

	
	

	BayesNet
	classifier based on the construction of a Bayesian network, using various research algorithms and quality measures, provides data structures, network structures, and conditional probability distributions, and can classify binary, class values absent, and nominal class (Witten, Frank, Hall, & Pal, 2016)

	NaiveBayes
	it is a simple probabilistic classifier based on Bayes’ theorem of posterior probability that calculates a set of probabilities by counting the frequency and combinations of values in a given data set (Patil & Sherekar, 2013).

	SMO
	Implements John Platt's sequential minimal optimization algorithm for training a support vector classifier. This implementation globally replaces all missing values and transforms nominal attributes into binary ones. It also normalizes all attributes by default (J. Platt, 1998).

	Logistic
	builds and uses a multinomial logistic regression model with a ridge estimator (Cessie & Houwelingen, 1992).

	SGD
	implements stochastic gradient descent for learning various linear models (binary class SVM, binary class logistic regression, squared loss, Huber loss and epsilon-insensitive loss linear regression). Globally replaces all missing values and transforms nominal attributes into binary ones. It also normalizes all attributes, so the coefficients in the output are based on the normalized data. For numeric class attributes, the squared, Huber or epsilon-insensitve loss function must be used (https://weka.sourceforge.io/doc.dev/allclasses-noframe.html).

	Multi-layer Perceptron 
	consists of standard perceptron with a defined number of hidden units using the activation function (for example, ReLu or sigmoid) and optimization based on minimizing the loss of quadratic error function (Witten et al., 2016).

	Simple Logistic
	builds linear logistic regression models. LogitBoost with simple regression functions as base learners is used for fitting the logistic models (Landwehr, Hall, & Frank, 2005).

	IBk
	K-nearest neighbours classifier. Can select appropriate value of K based on cross-validation. Can also do distance weighting (Aha & Kibler 1991).

	KStar
	K* is an instance-based classifier, that is the class of a test instance is based upon the class of those training instances similar to it, as determined by some similarity function.  It differs from other instance-based learners in that it uses an entropy-based distance function (Cleary & Trigg, 1995).

	LWL
	locally weighted learning. Uses an instance-based algorithm to assign instance weights which are then used by a specified Weighted Instances Handler (Frank et al., 2003)

	AdaBoostM1
	class for boosting a nominal class classifier using the Adaboost M1 method. Only nominal class problems can be tackled. Often dramatically improves performance, but sometimes overfits (Freund & Schapire, 1996).

	Attribute Selected Classifier
	dimensionality of training and test data is reduced by attribute selection before being passed on to a classifier (https://weka.sourceforge.io/doc.dev/allclasses-noframe.html).

	Bagging
	class for bagging a classifier to reduce variance. Can do classification and regression depending on the base learner (Breiman, 1996).

	LogitBoost
	class for performing additive logistic regression. This class performs classification using a regression scheme as the base learner, and can handle multi-class problems (Friedman et al., 1998)

	Random Committee
	class for building an ensemble of randomizable base classifiers. Each base classifiers is built using a different random number seed (but based one the same data). The final prediction is a straight average of the predictions generated by the individual base classifiers (https://weka.sourceforge.io/doc.dev/allclasses-noframe.html).

	Decision Table
	decision table with a default rule mapping for the majority class. Searches for exact matches in the decision table using only the features included in the table (Kohavi, 1995).

	JRip
	bottom–up method learns rules by treating particular judgment of the examples in the training data as a class and finding the set of rules covering all the members of the class (Sonawani & Mukhopadhyay, 2013).

	PART
	generates ordered set of rules called decision lists. New data is compared with each rule in the list and the data is assigned the category of the rule to which it is best matching (Sonawani & Mukhopadhyay, 2013).

	Decision Stump
	class for building and using a decision stump. Usually used in conjunction with a boosting algorithm. Does regression (based on mean-squared error) or classification (based on entropy). Missing is treated as a separate value (https://weka.sourceforge.io/doc.dev/allclasses-noframe.html).

	Hoeffding Tree
	decision tree induction algorithm capable of learning from large data streams, assuming that the distribution generation examples do not change over time, as well as exploring the fact that a small sample may be sufficient to choose an ideal division attribute (Witten et    al., 2016).

	LMT
	classifier for building 'logistic model trees', which are classification trees with logistic regression functions at the leaves. The algorithm can deal with binary and multi-class target variables, numeric and nominal attributes and missing values (Landwehr et al., 2005).

	J48
	generates a classification-decision tree for the given dataset by recursive partitioning of data. The basic algorithm recursively classifies until each leaf is pure that is the data has been categorized perfectly as possible ensuring maximum accuracy on the training data (Salzberg, 1994).

	Random Forest
	a collection of tree classifiers that are trained on different subsets of input features and the one with the best performance is chosen (Breiman, 2001).

	RandomTree
	constructs a tree that considers K randomly chosen attributes at each node. Performs no pruning. Also has an option to allow estimation of class probabilities (or target mean in the regression case) based on a hold-out set (backfitting) (Sonawani & Mukhopadhyay, 2013).

	REPTree
	quick decision tree, which uses the logic of the decision and regression tree and creates several trees in different iterations, selecting the best of all trees generated through the mean square error (Witten et al., 2016).



Table 3
The statistics utilized are from the contingency table (Wilks, 2006), where a, b, c, and d stand for true-positive, false-positive , false-negative, and true-negative, respectively
	Statistic
	Equation
	Description

	Probability of Detection (POD)

	
	Provides the correct prediction rate for the desired event.

	False Alarm Ratio (FAR)

	
	Corresponds to the ratio of the number of false alarms divided by the total of non-observed events.

	F-measure
	,

where, 
	Harmonic measure between accuracy and sensitivity.

	KAPPA 
	
where,
  and


	The measure of agreement between predicted and observed.

	BIAS
	
	Measures the proportion of the frequency of predictive events by the frequency of observed events, used to indicate whether the prognosis is overestimated or underestimated.



Table 4
Setting up parameterizations I and II for certain event reconstructions
	Parametrization
	Configuration

	Category
	Scheme
	Option
	Reference
	I
	II

	Cumulus
	Grell-Freitas
	3
	Grell and Freitas (2014)
	
	X

	Cumulus
	Grell-Devenyi
	93
	Grell and Devenyi (2002)
	X
	

	Microphysics
	WRF Double-moment 6-class
	6
	Hong and Lim (2006)
	
	X

	Microphysics
	Morrison
	10
	Morrison et al. (2009)
	X
	

	Radiation
	New Goddard: long and short wave
	5
	Shou and Suarez, 1999
	X
	X

	Boundary layer
	MM5
	1
	Jiménez et al. (2012)
	X
	X

	Soil Coverage
	Noah Land
	2
	Tewari et al. (2004)
	X
	X

	Planetary Boundary Layer
	Yonsei University
	1
	Hong et al. (2006)
	X
	X



Table 5
The best ML algorithms for forecasting CME for the TD, by AD interval and input with data from 00 UTC, in TMA-Brasilia.
	Experiment
	AD range
	Algorithm-experiment number
	POD
	1-FAR
	F-Measure
	KAPPA
	BIAS

	1
	0
	RandomForest-1
	0.92
	0.63
	0.91
	0.58
	0.84

	2
	>10
	NaiveBayes-2
	0.95
	0.96
	0.95
	0.88
	1.10

	3
	>20
	MultilayerPerceptron-3
	0.97
	0.96
	0.97
	0.92
	1.03

	4
	>30
	MultilayerPerceptron-4
	0.97
	0.97
	0.97
	0.94
	1.00

	5
	>40
	MultilayerPerceptron-5
	0.97
	0.96
	0.97
	0.93
	0.98

	6
	>50
	NaiveBayes-6
	0.96
	0.95
	0.96
	0.92
	0.97

	7
	>100
	Logistic-7
	0.93
	0.91
	0.93
	0.85
	0.89

	8
	>200
	NaiveBayes-8
	0.89
	0.88
	0.87
	0.78
	0.79

	9
	>300
	NaiveBayes-9
	0.85
	0.86
	0.85
	0.70
	0.75

	10
	>400
	SimpleLogistic-10
	0.84
	0.85
	0.84
	0.68
	0.90

	11
	>500
	NaiveBayes-11
	0.81
	0.85
	0.81
	0.63
	0.71

	12
	>600
	NaiveBayes-12
	0.78
	0.84
	0.78
	0.57
	0.68

	13
	>700
	NaiveBayes-13
	0.76
	0.84
	0.76
	0.54
	0.67

	14
	>800
	NaiveBayes-14
	0.75
	0.84
	0.75
	0.51
	0.66

	15
	>900
	MultilayerPerceptron-15
	0.76
	0.76
	0.77
	0.49
	0.90

	16
	>1000
	MultilayerPerceptron-16
	0.76
	0.74
	0.76
	0.46
	0.94

	17
	>2000
	NaiveBayes-17
	0.65
	0.74
	0.68
	0.32
	0.59

	18
	>3000
	NaiveBayes-18 
	0.60
	0.74
	0.66
	0.23
	0.57

	19
	>4000
	NaiveBayes-19
	0.59
	0.74
	0.66
	0.18
	0.56

	20
	>5000
	NaiveBayes-20
	0.60
	0.83
	0.68
	0.15
	0.59



Table 6
The best ML algorithms for forecasting CME for the TD, by AD interval and input with data from 12 UTC, in TMA-Brasilia
	Experiment
	AD range
	Algorithm-experiment number
	POD
	1-FAR
	F-M
	KAPPA
	BIAS

	21
	0
	RandomForest-21
	0.90
	0.50
	0.89
	0.45
	0.89

	22
	>10
	RandomForest-22
	0.92
	0.92
	0.92
	0.82
	0.96

	23
	>20
	MultilayerPerceptron-23
	0.94
	0.95
	0.94
	0.88
	0.95

	24
	>30
	MultilayerPerceptron-24
	0.97
	0.97
	0.97
	0.93
	0.98

	25
	>40
	MultilayerPerceptron-25
	0.98
	0.98
	0.98
	0.95
	0.99

	26
	>50
	RandomForest-26
	0.97
	0.97
	0.97
	0.94
	1.01

	27
	>100
	RandomForest-27
	0.95
	0.94
	0.95
	0.89
	1.07

	28
	>200
	RandomForest-28
	0.92
	0.93
	0.92
	0.85
	1.08

	29
	>300
	Logistic-29
	0.91
	0.91
	0.91
	0.82
	1.08

	30
	>400
	Logistic-30
	0.88
	0.89
	0.88
	0.76
	1.11

	31
	>500
	AdaBoostSimpleLogistic-31
	0.87
	0.88
	0.87
	0.74
	0.94

	32
	>600
	AdaBoostSimpleLogistic-32
	0.87
	0.88
	0.87
	0.74
	0.96

	33
	>700
	AdaBoostRandomForest-33
	0.85
	0.85
	0.85
	0.68
	0.94

	34
	>800
	AdaBoostRandomForest-34
	0.84
	0.82
	0.84
	0.65
	0.96

	35
	>900
	MultilayerPerceptron-35
	0.82
	0.78
	0.82
	0.60
	0.97

	36
	>1000
	MultilayerPerceptron-36
	0.82
	0.78
	0.82
	0.59
	0.97

	37
	>2000
	MultilayerPerceptron-37
	0.82
	0.60
	0.81
	0.45
	0.66

	38
	>3000
	Logistic-38
	0.84
	0.48
	0.82
	0.38
	0.59

	39
	>4000
	MultilayerPerceptron-39
	0.87
	0.40
	0.85
	0.33
	0.34

	40
	>5000
	MultilayerPerceptron-40
	0.88
	0.28
	0.86
	0.21
	0.03



Table 7
Values of the hourly forecast for the TD using optimal models and input from TIIs (input) modelled by WRF-ICEA) 
	 
	 
	Configuration I
	Configuration II
	 
	 
	Configuration I
	Configuration II

	Day
	 
	TD period (Local Time)
	TD period (Local Time)
	Day
	 
	TD period (Local Time)
	TD period (Local Time)

	 
	
	15
	16
	17
	18
	19
	20
	21
	15
	16
	17
	18
	19
	20
	21
	 
	
	15
	16
	17
	18
	19
	20
	21
	15
	16
	17
	18
	19
	20
	21

	04/12/2012
	AD Qty
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	03/11/2015
	AD Qty
	605
	1358
	1622
	1782
	2333
	809
	1202
	605
	1358
	1622
	1782
	2333
	809
	1202

	
	RandomForest-22
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-23
	E
	E
	E
	E
	E
	E
	E
	H
	H
	E
	E
	E
	E
	E
	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-24
	E
	E
	E
	E
	E
	E
	E
	H
	H
	H
	H
	H
	E
	E
	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-25
	E
	E
	E
	E
	E
	E
	E
	H
	H
	H
	H
	H
	E
	E
	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-26
	H
	E
	E
	E
	E
	E
	E
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-27
	H
	E
	E
	E
	E
	E
	E
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-28
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-28
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	E
	E
	E
	E

	
	Logistic-29
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	Logistic-29
	H
	H
	H
	H
	H
	E
	H
	H
	E
	H
	E
	E
	E
	E

	05/12/2013
	AD Qty
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	05/26/2016
	AD Qty
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-28
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-28
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	Logistic-29
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	Logistic-29
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	04/10/2014
	AD Qty
	599
	1962
	747
	547
	1035
	583
	1000
	599
	1962
	747
	547
	1035
	583
	1000
	12/04/2016
	AD Qty
	2295
	2302
	634
	285
	17
	2
	0
	2295
	2302
	634
	285
	17
	2
	0

	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-22
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	E
	E

	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-23
	H
	H
	H
	H
	E
	E
	E
	H
	H
	H
	H
	E
	E
	E

	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-24
	H
	H
	H
	H
	E
	E
	E
	H
	H
	H
	H
	E
	E
	E

	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-25
	H
	H
	H
	H
	E
	E
	E
	H
	H
	H
	H
	E
	E
	E

	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-26
	H
	H
	H
	H
	E
	E
	E
	H
	H
	H
	H
	E
	E
	E

	
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-27
	H
	H
	H
	H
	E
	E
	E
	H
	H
	H
	H
	E
	E
	H

	
	RandomForest-28
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	
	RandomForest-28
	H
	H
	H
	H
	E
	H
	E
	H
	H
	H
	E
	E
	E
	H

	
	Logistic-29
	E
	E
	E
	E
	E
	E
	E
	H
	E
	E
	H
	H
	H
	H
	
	Logistic-29
	E
	E
	E
	E
	E
	H
	E
	E
	H
	E
	H
	H
	H
	H

	03/07/2015
	AD Qty
	347
	469
	868
	736
	1163
	1201
	1260
	347
	469
	868
	736
	1163
	1201
	1260
	12/06/2016
	AD Qty
	296
	1741
	871
	1034
	837
	1165
	1038
	296
	1741
	871
	1034
	837
	1165
	1038

	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	
	RandomForest-28
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-28
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E
	E

	
	Logistic-29
	E
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	E
	
	Logistic-29
	E
	H
	H
	H
	H
	E
	E
	E
	H
	H
	E
	H
	E
	H

	03/09/2015
	AD Qty
	661
	1079
	2125
	1727
	587
	244
	42
	661
	1079
	2125
	1727
	587
	244
	42
	01/12/2017
	AD Qty
	1621
	1097
	1011
	838
	248
	59
	10
	1621
	1097
	1011
	838
	248
	59
	10

	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-22
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	E

	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-23
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	E

	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	E

	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	E

	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	E
	
	RandomForest-26
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	E

	
	RandomForest-27
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	E
	
	RandomForest-27
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	E
	E

	
	RandomForest-28
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H
	
	RandomForest-28
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	E
	E

	
	Logistic-29
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	E
	H
	
	Logistic-29
	H
	H
	H
	H
	E
	E
	E
	E
	H
	H
	H
	E
	E
	E




Table 8
Statistics for the eight models in Table 7
	Model-experiment
	configuration I
	configuration II

	
	POD
	1-FAR
	F-M
	KAPPA
	BIAS
	POD
	1-FAR
	F-M
	KAPPA
	BIAS

	RandomForest-22
	1.00
	0.54
	0.81
	0.61
	1.24
	1.00
	0.58
	0.82
	0.65
	1.22

	MultilayerPerceptron-23
	1.00
	0.52
	0.79
	0.58
	1.27
	1.00
	0.64
	0.83
	0.70
	1.20

	MultilayerPerceptron-24
	1.00
	0.56
	0.80
	0.62
	1.24
	1.00
	0.76
	0.88
	0.80
	1.13

	MultilayerPerceptron-25
	1.00
	0.56
	0.80
	0.62
	1.24
	1.00
	0.76
	0.88
	0.80
	1.13

	RandomForest-26
	1.00
	0.58
	0.80
	0.63
	1.25
	1.00
	0.81
	0.90
	0.84
	1.11

	RandomForest-27
	1.00
	0.56
	0.78
	0.61
	1.28
	1.00
	0.81
	0.90
	0.84
	1.12

	RandomForest-28
	0.65
	0.81
	0.85
	0.44
	0.77
	0.56
	0.85
	0.86
	0.37
	0.65

	Logistic-29
	0.64
	0.68
	0.71
	0.31
	0.90
	0.64
	0.84
	0.83
	0.47
	0.77



Table 9
Forecast for the TD using optimal models and input from TIIs at 00 UTC (models 1-6, column 1) and 12 (model 7-14, column 1 )
	[bookmark: _Hlk129695804]Model
	Day
	04/12/2012
	10/23/2012
	02/24/2013
	05/12/2013
	10/07/2013
	10/25/2013
	10/26/2013
	03/06/2014
	03/17/2014
	04/10/2014
	05/13/2014
	11/18/2014
	11/29/2014
	01/03/2015
	02/25/2015

	
	AD Qty
	0
	2038
	6300
	0
	22215
	83
	60
	3138
	12029
	6473
	0
	281
	185
	15925
	358

	1
	NaiveBayes-2
	E
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	2
	MultilayerPerceptron-3
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	3
	MultilayerPerceptron-4
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	4
	MultilayerPerceptron-5
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	5
	NaiveBayes-6
	H
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	E
	H
	H

	6
	Logistic-7
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	E
	H
	H

	7
	RandomForest-22
	E
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	8
	MultilayerPerceptron-23
	E
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	9
	MultilayerPerceptron-24
	E
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	10
	MultilayerPerceptron-25
	E
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	11
	RandomForest-26
	E
	H
	H
	H
	H
	E
	E
	H
	H
	H
	H
	H
	H
	H
	H

	12
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	13
	RandomForest-28
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	14
	Logistic-29
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	E
	E
	H
	H

	15
	MultilayerPerceptron-36
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	Model
	Day
	03/07/2015
	03/09/2015
	03/11/2015
	05/02/2015
	04/09/2016
	06/26/2016
	10/05/2016
	11/02/2016
	11/18/2016
	12/04/2016
	12/06/2016
	01/12/2017
	10/28/2017
	11/09/2017
	12/19/2017

	
	AD Qty
	6044
	6465
	9711
	206
	21
	0
	304
	420
	1038
	5535
	6982
	4884
	597
	102
	390

	1
	NaiveBayes-2
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	2
	MultilayerPerceptron-3
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	3
	MultilayerPerceptron-4
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	4
	MultilayerPerceptron-5
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	5
	NaiveBayes-6
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	6
	Logistic-7
	H
	H
	H
	E
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H

	7
	RandomForest-22
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	8
	MultilayerPerceptron-23
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	9
	MultilayerPerceptron-24
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	10
	MultilayerPerceptron-25
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	11
	RandomForest-26
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	12
	RandomForest-27
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H

	13
	RandomForest-28
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	E
	H

	14
	Logistic-29
	H
	H
	H
	H
	H
	H
	H
	E
	H
	H
	H
	H
	H
	E
	H

	15
	MultilayerPerceptron-36
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	H
	E
	H
	H









