Appendix A Hyperparameter Selection

Table 12: The parameters and hyperparameters tuning (when applicable) tested and selected over
experiments (considering the input data), and respective references for each algorithm.

Function Parameters / Hy- Input 1 - Pa- Input 2 - Pa- Input 3 - Pa- Ref.
perparameters rameters / Hy- rameters /Hy- rameters /Hy-
tested perparameters perparameters perparameters

selected selected selected

1) Ensemble Trees Gridsearch for 15t Peak; 160 learn- 15t Peak: 160 learn- 15t  Peak: 160  [46]

(Bagging) learning cycles ing cycles, cross- ing cycles, cross- learning cycles,
validation off validation off leave-one-out

cross-validation
Cross-validation 279 peak: 160 279 Peak: 160 279 Peak: 160
(off, leave-one-out) learning cycles, learning cycles, learning cycles,
leave-one-out leave-one-out leave-one-out
cross-validation cross-validation cross-validation

2) Ensemble Trees Gridsearch for 15t Peak: 160 learn- 15t Peak: 160 learn- 15t Peak: 160 learn-  [46]

(LSBoost) learning cycles ing cycles, cross- ing cycles, cross- ing cycles, cross-
validation off validation off validation off

Cross-validation 279 peak: 160 279 Peak: 160 279 Peak: 160

(off, leave-one-out) learning cycles, learning cycles, learning cycles,
leave-one-out cross-validation off ~ cross-validation off
cross-validation

3) Linear Support Standardize (on/off) 15t Peak: Stan- 15t Peak: Stan- 15t Peak: Standard- [47, 48]

Vector Machine dardize off, leave- dardize off, leave- ize off, Hyperpa-

(SVR) one-out cross-  one-out Cross-  rameters tuning =
validation, ~Hyper-  validation, Hyper-  propapility of im-
parameters tuning parameters tuning provement
off off

Cross-validation 2nd peak: Standard- 279 Peak: Stan- 279 Peak: Stan-
(off, leave-one-out) ize off, Hyperpa- dardize off, Hy- dardize off, Hy-
rameters tuning = perparameters perparameters
gridsearch tuning = expected- tuning = expected-
improvement-per- improvement-plus
second-plus
Hyperparameters
tuning (off,
Bayesian opti-
mization classes
[Expected Improve-
ment,  Probability
of Improvement,
Lower Confidence
Bound,Per Second,
Plus], gridsearch,
randomsearch)

4) Quadratic SVR Standardize (on/off) 15t Peak: Standard- 15t Peak: Stan- 15t Peak: Stan-  [47, 48]
ize off, Hyperpa- dardize off, Hy- dardize off, Hy-
rameters tuning perparameters perparameters
= probability-of-  tuning = expected- tuning = expected-
improvement improvement-plus improvement-per-

second-plus

Cross-validation 2nd pegk: Stan- 2"d Peak: Stan- 2"d Peak:  Stan-

(off, leave-one-out) dardize on, Hy- dardize on, Hy- dardize on, Hyper-
perparameters perparameters parameters tuning
tuning = expected- tuning = expected- = lower confidence
improvement improvement-per- bound

second-plus

Hyperparameters

tuning (off,

Bayesian opti-

mization classes

[Expected Improve-

ment,  Probability

of Improvement,

Lower Confidence

Bound,Per Second,

Plus], gridsearch,

randomsearch)

5) Cubic SVR Standardize (on/off) 15t Peak: Standard- 15t Peak: Stan- 15t Peak: Stan- [47, 48]
ize on, Hyperpa- dardize on, Hy- dardize on, Hy-
rameters tuning = perparameters perparameters
randomsearch tuning = expected- tuning = expected-

Cross-validation
(off, leave-one-out)

219 peak: Standard-
ize on, Hyperpa-
rameters tuning =
randomsearch
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improvement-per-
second-plus
2nd  peak:
dardize on,
perparameters
tuning = expected-
improvement-per-
second

Stan-
Hy-

improvement-per-
second-plus
279 peak:
dardize on,
perparameters
tuning = expected-
improvement-per-
second-plus

Stan-
Hy-



Table 12: The parameters and hyperparameters tuning (when applicable) tested and selected over
experiments (considering the input data), and respective references for each algorithm (Continued).

Function Parameters / Hy- Input 1 - Pa- Input 2 - Pa- Input 3 - Pa- Ref.
perparameters rameters / Hy- rameters /Hy- rameters /Hy-
tested perparameters perparameters perparameters

selected selected selected

Hyperparameters
tuning (off,
Bayesian opti-
mization classes
[Expected Improve-
ment,  Probability
of Improvement,
Lower Confidence
Bound, Per Second,
Plus], gridsearch,
randomsearch)

6) Gaussian SVR Standardize (onfoff) 15t Peak:  Stan- 15t Peak: Stan- 15t Peak: Stan- [47, 48]
dardize off, Hy- dardize off, Hy- dardize on, Hyper-
perparameters perparameters parameters tuning
tuning = expected- tuning = expected- = lower-confidence-
improvement-per- improvement bound
second

Cross-validation 2nd peak:  Stan- 279 Peak: Standard- 279 Peak: Standard-

(off, leave-one-out) dardize on, Hy- ize on, Hyperpa- ize on, Hyperpa-
perparameters rameters tuning = rameters tuning =
tuning = expected- gridsearch gridsearch
improvement

Hyperparameters

tuning (off,

Bayesian opti-

mization classes

[Expected Improve-

ment,  Probability

of Improvement,

Lower Confidence

Bound, Per Second,

Plus], gridsearch,

randomsearch)

7) Linear Regres- Cross-validation 1t Peak: leave- 15t Peak: leave- 15t Peak: leave- [36]

sion (off, leave-one-out)  one-out cross-  one-out cross- one-out cross-
validation validation validation
2nd peak: leave- 279 Peak: leave- 279 Peak: leave-
one-out cross- one-out Ccross- one-out Cross-
validation validation validation

8) Lasso Regression  Cross-validation 15t Peak: leave- 15t Peak: leave- 15t Peak: leave- [49]
(leave-one-out) one-out Ccross- one-out Ccross- one-out Cross-

validation, alpha = validation, alpha = validation, alpha =
0.75 0.75 0.75
Elastic net (alpha = 279 Peak: leave- 279 Peak: leave- 2"¢ Peak: leave-
0.5, 0.75 or 0.8) one-out cross- one-out cross- one-out Cross-
validation, alpha = validation, alpha = validation, alpha =
0.75 0.75 0.75
9) Ridge Regression  Cross-validation 15t Peak: leave- 15t Peak: leave- 15! Peak: leave- [50]
(leave-one-out) one-out cross-  one-out cross-  one-out cross-
\éalldatlon, k = \éalldatlon, k = \{alldatlon, k =
Ridge parameters 279 Ppeak: leave- 279 Peak: leave- 2"¢ Peak: leave-
(k = [1,5]) one-out cross-  one-out cross-  one-out cross-
\{alldatlon, k = \{alldatlon, k = \éalldatmn, k =

10) Binary Decision  Cross-validation 15t Peak: Hyperpa- 15t Peak: Hy- 15t Peak: leave- [51]

Tree (off, leave-one-out)  rameters tuning = perparameters one-out _Cross-
randomsearch, Min-  tuning = expected- Yalidation, MinLeaf-
LeafSize = 2 improvement-plus, ~ >z€ =1

MinLeafSize = 1
Minimal leaf size 279 Peak: Hyperpa- 279 Peak: Hyper- 2"? Peak: Hyperpa-
(MinLeafSize) ob- rameters tuning = parameters tuning rameters tuning =
servations Hy-  randomsearch, Min- = gridsearch, Min- randomsearch, Min-
perparameters LeafSize = 4 LeafSize = 13 LeafSize = 13
tuning  for  (off,
Bayesian opti-
mization classes
[Expected Improve-
ment,  Probability
of Improvement,
Lower Confidence
Bound, Per Second,
Plus], gridsearch,
randomsearch)
11) Gaussian Re- Standardize (on/off) 15t Peak: Standard- 15t Peak: Standard- 15t Peak: Standard- [52]

gression (Kernel -
exponential)

ize off, leave-one-
out cross-validation
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ize off, leave-one-
out cross-validation

ize on, leave-one-
out cross-validation



Table 12: The parameters and hyperparameters tuning (when applicable) tested and selected over
experiments (considering the input data), and respective references for each algorithm (Continued).

Function Parameters / Hy- Input 1 - Pa- Input 2 - Pa- Input 3 - Pa- Ref.
perparameters rameters / Hy- rameters /Hy- rameters /Hy-
tested perparameters perparameters perparameters

selected selected selected
Cross-validation 2nd peak: Standard- 2"¢ Peak: Stan- 279 Peak: Standard-
(off, leave-one-out) ize on, leave-one- dardize on, Hyper- ize on, leave-one-
out cross-validation  parameters tuning out cross-validation
= lower-confidence-
ound,
Hyperparameters
tuning (off,
Bayesian opti-
mization classes
[Expected Improve-
ment,  Probability
of Improvement,
Lower Confidence
Bound, Per Second,
Plus], gridsearch,
randomsearch)
12) Gaussian Re- Standardize (on/off) 15t Peak: Standard- 15t Peak: Standard- 1%t Peak:  Stan- [52]
gression (Kernel - ize off, leave-one- ize on, leave-one- dardize on, Hy-
squared exponen- out cross-validation  out cross-validation  perparameters
tial) tuning = expected-
improvement-per-
second-plus
Cross-validation 2nd peak: Standard- 279 Peak: Standard- 279 Peak: Standard-
(off, leave-one-out) ize on, leave-one- ize on, leave-one- ize on, leave-one-
out cross-validation  out cross-validation  out cross-validation
Hyperparameters
tuning (off,
Bayesian opti-
mization classes
[Expected Improve-
ment,  Probability
of Improvement,
Lower Confidence
Bound, Per Second,
Plus], gridsearch,
randomsearch)
13) Gaussian Re- Standardize (on/off) 15t Peak:  Stan- 15! Peak: Standard- 1% Peak:  Stan- [52]
gression (Kernel - dardize on, Hy- ize off, leave-one- dardize on, Hy-
matern 32) perparameters out cross-validation  perparameters

tuning = expected- tuning = expected-
improvement-per- improvement-per-
second-plus second-plus

Cross-validation 2nd peak: Standard- 279 Peak: Stan- 2"¢ Peak:  Stan-

(off, leave-one-out) ize on, Hyperpa- dardize on, Hyper- dardize on, Hy-
rameters tuning = parameters tuning perparameters
gridsearch = lower-confidence- tuning = expected-

bound improvement-per-
second-plus

Hyperparameters

tuning (off,

Bayesian opti-

mization classes

[Expected Improve-

ment,  Probability

of Improvement,

Lower Confidence

Bound, Per Second,

Plus], gridsearch,

randomsearch)

14) Gaussian Re- Standardize (on/off) 15t Peak: Standard- 15t Peak: Standard- 15t Peak: Standard- [52]

gression (Kernel -
matern 52)

Cross-validation
(off, leave-one-out)

Hyperparameters
tuning (off,
Bayesian opti-
mization classes
[Expected Improve-
ment,  Probability
of Improvement,
Lower Confidence
Bound, Per Second,
Plus], gridsearch,
randomsearch)

ize off, leave-one-
out cross-validation
279 peak: Standard-
ize on, leave-one-
out cross-validation

27

ize off, leave-one-
out cross-validation
279 peak: Standard-
ize on, leave-one-
out cross-validation

ize on, leave-one-
out cross-validation
279 peak: Standard-
ize off, leave-one-
out cross-validation



Table 12: The parameters and hyperparameters tuning (when applicable) tested and selected over
experiments (considering the input data), and respective references for each algorithm (Continued).

Function Parameters / Hy- Input 1 - Pa- Input 2 - Pa- Input 3 - Pa- Ref.
perparameters rameters / Hy- rameters /Hy- rameters /Hy-
tested perparameters perparameters perparameters

selected selected selected

15) Gaussian Re- Standardize (on/off) 15t Peak: Standard- 15! Peak: Standard- 15t Peak:  Stan- [52]

gression (Kernel - ize off, leave-one- ize off, leave-one- dardize on, Hy-

rational quadratic) out cross-validation  out cross-validation  perparameters

tuning = expected-
improvement-per-
second-plus

Cross-validation 279 peak: Standard- 279 Peak: Standard- 279 Peak: Standard-

(off, leave-one-out) ize on, leave-one- ize on, leave-one- ize on, leave-one-

out cross-validation  out cross-validation  out cross-validation

Hyperparameters

tuning (off,

Bayesian opti-

mization classes

[Expected Improve-

ment,  Probability

of Improvement,

Lower Confidence

Bound, Per Second,

Plus], gridsearch,

randomsearch)

16) Epsilon Twin Cross-validation 15t Peak: Fixed op- 15t Peak: Fixed op- 15t Peak: Fixed op- [53]

Support Vector  (10-fold) tions tions tions

Regression (ETSVR)

Hyperparameters 274 peak: Fixed op- 279 Peak: Fixed op- 279 Peak: Fixed op-
tuning (grisearch of tions tions tions
[2-8,278])
17) Kernel Ridge Cross-validation 15t Peak: Fixed op- 15t Peak: Fixed op- 15t Peak: Fixed op- [54]
Regression (10-fold) tions tions tions
Hyperparameters 2nd peak: Fixed op- 279 Peak: Fixed op- 279 Peak: Fixed op-
tuning(alpha regu- tions tions tions
larization [2—5,210])
18) Nystrdm Ridge Cross-validation 15t Peak: Fixed op- 15t Peak: Fixed op- 15t Peak: Fixed op- [55]
Regression (10-fold) tions tions tions
Hyperparameters 2nd peak: Fixed op- 279 Peak: Fixed op- 279 Peak: Fixed op-
tuning(alpha regu- tions tions tions
larization [27°,210])
19) DNNE Cross-validation 15t Peak: Ensemble 15t Peak: Ensemble 15t Peak: Ensemble
(10-fold) size = 150 , Num- size = 100 , Num- size = 220 , Num-
ber of basis func- ber of basis func- ber of basis func-
tions = 6, boosting tions = 6, boosting tions = 6, boosting
threshold = 0.6 threshold = 0.6 threshold = 0.6

Ensemble size 2"? peak:Ensemble 2" Peak:Ensemble 2"¢ Peak:Ensemble [40]

([2,15], step by 1) size = 150 , Num- size = 100 , Num- size = 100 , Num-
ber of basis func- ber of basis func- ber of basis func-
tions = 6, boosting tions = 6, boosting tions = 6, boosting
threshold = 0.6 threshold = 0.6 threshold = 0.6

Number of basis

functions ([5,200],

step by 5)

Boosting threshold

([0.1,1], step by 0.1

20) kNN Weighted Cross-validation 15t peak: k = 3 15t Peak: k = 3 15t peak: k = 3 [56]

Mean (10-fold)

K-neighbors ([1,10]) 279 Peak: k =2 279 peak: k =2 279 peak: k =2

21) Regularized  Cross-validation 15t Peak: pl = 15t Peak: pl = 101, 15t Peak: pl = [57]

K-Nearest Neighbor (10-fold) 1071, p2 = 105 p2 = 10% 101, p2 = 10°

based Weighted

Twin Support Vector

Regression  (RKN-

NWTSVR)

Parameter pl 2@ Ppeak: pl = 2" Peak: pl = 2"@ Peak: pl =
([105,10°]) 1073, p2 = 103 1075, p2 = 1071 1073, p2 = 10°
Parameter p2

([1073,10°])

22) Lagrangian Twin  Cross-validation 15t Peak: pl = 1075 15t Peak: p1 = 10> 15t Peak: p1 = 10! [58]

Support Vector Re- (10-fold)

gression (LTSVR)

Parameter pl 2@ PpPeak: pl = 2" Peak: pl = 2"@ Peak: pl =
([10-3,10°]) 10— 10— 104

23) Stepwise glm Distribution of the 15t Peak: Poisson 15t Peak: Poisson 15t Peak: Poisson [59]
response variable and Akaike informa- and Akaike informa- and Akaike informa-
(normal, binomial, tion criterion tion criterion tion criterion
poisson, gamma,

inverse gaussian)

28



Table 12: The parameters and hyperparameters tuning (when applicable) tested and selected over
experiments (considering the input data), and respective references for each algorithm (Continued).

Function Parameters / Hy- Input 1 - Pa- Input 2 - Pa- Input 3 - Pa- Ref.
perparameters rameters / Hy- rameters /Hy- rameters /Hy-
tested perparameters perparameters perparameters

selected selected selected
Criterion to add or 27¢ Peak: Poisson 279 Peak: Poisson 279 Peak: Poisson
remove terms and Akaike informa-  and Akaike informa-  and Akaike informa-
tion criterion tion criterion tion criterion

24) Neural Net- Cross-validation 15t Peak: layers = 15t Peak: layers = 15t Peak: layers = [60]

works (10-fold) 4, epochs = 90 4, epochs = 80 4, epochs = 100
Epochs 2nd peak: layers = 279 Peak: layers = 279 Peak: layers =
size([5:5:100]) 6, epochs = 195 4, epochs = 20 8, epochs = 100

Number of
ers([2:15])

lay-

29



Appendix B Training Results
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