
1

SUPPLEMENTARY MATERIAL

A Description of optimization algorithms: This table includes descriptions of each of the
optimization algorithms tested in this article. (LaTeX tables)

B Performance tables: These tables provide additional information about the performance of
the different optimization algorithms. (LaTeX tables)

R-package for EZtune: R-package EZtune that can implement autotuning of SVMs, GBMs,
and adaboost using the Hooke-Jeeves algorithm and genetic algorithm. The package also
contains Lichen and Mullein datasets used in the examples in the article. The package is cur-
rently available on CRAN and updates are available at https://github.com/jillbo1000/EZtune.
(GNU zipped tar file)

Code and data for creating grids and performing optimization tests: The code and data
used to create the error and time response surfaces and the code for testing the optimization
algorithms is available at
https://github.com/jillbo1000/autotune.
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A Description of optimization algorithms

Table A.1: List of optimization algorithms used to search tun-
ing parameter spaces with a brief description of each method.

Algorithm Type Description
Ant Lion Metaheuristic Based on the hunting mechanisms
Mirjalili (2015a) of antlions
BOBYQA Derivative free Derivative free optimization by
Powell (2009) quadratic approximation
Dragonfly Metaheuristic Based on static and dynamic
Mirjalili (2016a) swarming behaviors of dragonflies
Firefly Metaheuristic Based on fireflies use of light to
Yang (2009) attract other fireflies
Genetic algorithm Metaheuristic Uses the principles of natural
Goldberg (1999) selection in successive generations

to find an optimal solution
Grasshopper Metaheuristic Mimics the behavior of
Saremi et al. (2017) grasshopper swarms
Grey wolf Metaheuristic Mimics leadership hierarchy
Mirjalili et al. (2014) and hunting methods of grey wolves
Hooke-Jeeves Derivative free Pattern search that does a local
Hooke and Jeeves (1961) search to find a direction where

performance improves and then
moves in that direction making
larger moves as long as
improvement continues

Improved harmony search Metaheuristic Mimics the improvisational
Mahdavi et al. (2007) process of musicians
L-BFGS Quasi-Newton Second order method that
Byrd et al. (1995) estimates the Hessian using

only recent gradients
Moth flame Metaheuristic Based on the navigation
Mirjalili (2015b) method of moths called

transverse orientation
Nelder-Mead Derivative free Direct search algorithm that
Kelley (1999) generates a simplex from sample

points, x, and uses
values of f(x) at the
vertices to search for an
optimal solution

Nonlinear conjugate Gradient The residual is replaced
gradient by a gradient and combined
Dai and Yuan (2001) with a line search method
Particle swarm Metaheuristic Based on the evolutionary

Continued on next page
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Table A.1 – Continued from previous page
Algorithm Type Description
Shi and Eberhart (1998) mechanisms that allows

organisms to adjust their flying
based on its own flying
experience and the experiences
of its companions

Sine cosine Metaheuristic Creates multiple initial random
Mirjalili (2016b) possible solutions and requires

them to fluctuate towards the
optimal solution using a
mathematical model based
on sine and cosine functions

Spectral projected Gradient Uses the spectrum of the
gradient underlying Hessian to
Birgin et al. (2000) determine the step lengths

for gradient descent
Whale Metaheuristic Mimics the bubble-net
Mirjalili and Lewis (2016) hunting strategy of

humpback whales
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B Performance tables
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Table
B

.4:Average
classification

errors
from

cross
validation

m
odelverification

and
com

putation
tim

es
in

seconds
for

gradient
boosting

classification
w

ith
E

Ztune.T
he

best
classification

errors
from

the
grid

search
are

included
in

the
table

for
reference.T

able
entries

are
(cross

validated
error

rate,com
putation

tim
e

in
seconds).
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im
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V

=
3
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=
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(0.0297,14s)
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=
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Fast

=
0.9

(0.0319,27s)
(0.0672,77s)
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(0.2646,47s)
(0.126,420s)
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Fast
=
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(0.0675,27s)
(0.1594,30s)

(0.1207,99s)
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(0.1327,247s)
H
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Fast

=
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(0.0704,46s)

(0.1623,50s)
(0.1217,137s)
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(0.1428,401s)

H
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=
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(0.0318,18s)
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(0.1618,82s)

(0.1131,166s)
(0.2613,22s)

N
A

H
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=

400
(0.0306,27s)

N
A

(0.164,106s)
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(0.2642,28s)
N

A
G

enetic
A

lgorithm
R
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(0.0328,224s)
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G

enetic
A
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C
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=
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G

enetic
A
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C
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=
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(0.0324,609s)
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G
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A
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=
T

R
U

E
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(0.0695,241s)
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(0.1113,784s)
(0.2495,80s)

(0.1394,1152s)
G

enetic
A
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=
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(0.243,71s)
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G
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A
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G
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A

lgorithm
Fast

=
0.75
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G
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A
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Fast
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G
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A
lgorithm
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(0.0309,103s)

(0.0709,291s)
(0.159,344s)

(0.1126,735s)
(0.2402,72s)

(0.137,2034s)
G

enetic
A

lgorithm
Fast

=
300

(0.031,159s)
(0.0687,387s)

(0.1558,529s)
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N

A
G
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A
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Fast
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(0.0313,210s)
N

A
(0.1558,674s)

(0.1026,1158s)
(0.2443,112s)

N
A

B
est

G
rid

0.022
0.0484

0.1333
0.0733

0.2214
0.0962
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