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2.1.1 Over-Sampling
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¥ 1 Over-Sampling &¢12]5 & mj2to]g

Parameter
Algorithm
Name Value
sampling_strategy [0.75, 1.00]
Adaptive Synthetic[4]
n_neighbors 5
sampling_strategy [0.75, 1.00]
SVM SMOTE n_neighbors 5
m_neighbors 10
Random sampling_strategy [0.75, 1.00]
sampling_strategy [0.75, 1.00]
SMOTE[5]
k_neighbors 5
sampling_strategy [0.75, 1.00]
K-Means SMOTE]6]
k_neighbors 2
sampling_strategy [0.75, 1.00]
k_neighbors 5
Borderline SMOTE|[7]
m_neighbors 10

kind

borderline-1

2.1.2 Under-Sampling
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¥ 2 Under-Sampling &12|& 2 mj2to]g

Parameter
Algorithm
Name Value
sampling_strategy [0.75, 1.00]
Condensed Nearest Neighbor[8] | n_neighbors 1
n_seeds_S 1
sampling_strategy [0.75, 1.00]
Edited Nearest Neighbor[9] n_neighbors 3
kind_sel all
sampling_strategy [0.75, 1.00]
All K-Nearest Neighbor[10] n_neighbors 3
kind_sel all
sampling_strategy [0.75, 1.00]
Neighbourhood Cleaning Rule[11] | n_neighbors 3
threshold_cleaning 0.5
sampling_strategy [0.75, 1.00]
NearMiss[12]
n_neighbors 3
Random sampling_strategy [0.75, 1.00]
Tomek’s links[13] sampling_strategy [0.75, 1.00]
sampling_strategy [0.75, 1.00]
Instance Hardness Threshold[14]
cv 5
sampling_strategy [0.75, 1.00]
Repeated Edited Neartest n_neighbors 3
Neighbour(10] max_iter 100
kind_sel all




2.2 Data Scaler

ML 232 g oA 49 Hlojge] Fxof| M2} a3d&5= E= 450 Ao
7 28 & Qlot DSolM= ¥ dlol Y 371 T W Aol A4S =743t

2.2.1 Standard Scaler

Standard Scaler= H|o]E|9] Z} EAJEH= HAA| MIo OishA HEEHD, ZF E4
o] R 0, BAS 12 Wgdict,
2.2.2 Normalizer

Normalizer+ Tj|o]§{9] ZF MEH=2 A SA0] glsiA AEEHT, & =FoM+=
7F ME2S L2-Norme 2 L#C}.
2.2.3 Min Max Scaler

Min Max Scaler Slolele] 72 S4E2 HA| WZ0l Cfsjd M, B =8
AME 2 SR HRYL 1, A4S 002 WAL,



2.3 Feature Construction

2 9 dolgl2 Moz A2 ABYS e SAS Ay
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Perceptron(MLP), K-Nearest Neighbors(KNN), Support Vector Machine(SVM),
Decision Tree(DT), Random Forest(RF) oAl 71X]9] <dy2]&58 18stgct.

Scikit-Learn 2fojH2{2|oA= MLP di&oN 24 Ji #HHd HEE
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Parameter
Algorithm

Name Value
n_clusters [2, n_features/10]
affinity euclidean

Feature Agglomeration

linkage ward
pooling_func mean

Truncated SVD|[15]

n_components

[1, n_features/10]

algorithm

randomized

n_iter

5

PCA[16]

n_components

[1, n_features/10]

svd_solver

auto

iterated_power

auto

Gaussian Random Projection

n_components

[1, n_features/10]

eps

0.1

n_components

[1, n_features/10]

Sparse Random Projection density auto
eps 0.1
® 4 FS/DimR ¥12% ¥ npetolg
Parameter
Algorithm

Name Value

Variance Threshold threshold 0

n_components [0.9, 1.0]

PCA svd_solver auto
iterated_power auto




® 5 ML v2lE ¥ ool
Parameter
Algorithm
Name Value
num_layers [1, 50]
hidden_size [5, 100]

activation [identity, logistic, tanh, relu]
solver [adam, Ibfgs, sgd]

MLP
max_iter [100, 1000]
alpha [0.0001, 0.001]
learning_rate [constant, invscaling, adaptive]
learning_rate_init [0.001, 0.01]
n_neighbors [2, 20]
weights [uniform, distance]

KNN
algorithm [auto, ball_tree, kd_tree, brute]
leaf_size [10, 50]

C [1, 100]
kernel [linear, poly, rbf, sigmoid]

SVM
max_iter [100, 1000]
gamma scale
max_depth [20, 100]

DT criterion [gini, entropy]
splitter [best. random]
n_estimators [2, 100]

RF criterion [gini, entropy]
max_depth [20, 100]




# 6 ML 9|9 <25 3 mefolH

Parameter
Algorithm
Name Value
num_layers [1, 50]
hidden_size [5, 100]

activation [identity, logistic, tanh, relu]
solver [adam, Ibfgs, sgd]
MLP
max_iter [100, 1000]
alpha [0.0001, 0.001]
learning_rate [constant, invscaling, adaptive]
learning_rate_init [0.001, 0.01]
n_neighbors [2, 20]
weights [uniform, distance]
KNN
algorithm [auto, ball_tree, kd_tree, brute]
leaf_size [10, 50]
C [1, 100]
kernel [linear, poly, rbf, sigmoid]
SVM
max_iter [100, 1000]
gamma scale
max_depth [20, 100]
DT criterion [mse, mae]
splitter [best. random]
n_estimators [2, 100]
RF criterion [mse, mae]
max_depth [20, 100]

_‘]0_




Generate p initial chromosomes;
fori < 1tog
calculate convergence rate of each model groups;

select one model group m;

/I parentl.mse < parent2.mse

select two chromosomes parentl, parent? in m;

offspring <— Crossover(parentl, parent2);,

offspring <— Mutation(offspring);

/I worst : worst case in m

if worst.mse < offspring.mse
continue;

else if parent2.mse < offspring.mse
worst <— offspring;

else

parent2 < offspring,

// best : best case in chromosomes
return best

JH 3 GA YAIZE
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oF ¥o] gjdo] At opd FATEC] G Rol= ¥olE AESH] Yt & ==l
Me dMFQ] t}ekA S 95 Bio] &S (mutation probability)S THEsH= 7 Qo=
QuelE U stetole wolg A8, Wol HE2 WESH ¢t Aol mketo)
E] Wol2 Mg st wxal 3Tl oAbk 2 ML @ u2]=0] ol xsisHR] oF
on, Al ML ¢ u2]=o] ulelulg] #o]= A} &8s
3.5 x|

otofl Ay Wo|=l A}&(offspring)®] MSEQ} 7]& HARA|9] MSEZ v|wste] Tjx] 2
M2FEe Flelstc) vl Eolst ML 2o 12 oA 71 AJso] Ex] oo ol

(o]

Alwors). 1213 5 28 QA 3 Aol FA e YAparen2)et TS
okeF, offspring®] MSE 3fo] worstBTH =2 7 20= tiX]

ot X parent28th = O W worst?t THR|SICE UFK|2HO 2 parent2H T =2 7320

parent22} TR]SHC}

= 7 GA A% uetolg

Name Value

154 (population) 150

X158} 814~ (generation) 850
273 7%= (adjust) 4

WA & (crossover probability) 0.5
Ho] &5 (mutation probability) 0.3
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Azstr] glel Mz ore el o o
A 2AH 47HK2 & 87txl9] Holgr 7

olE1 2 2 471719} 8]

gotgint. Algol ALgE 7 HolE] og, Qe A7), &9 Av] 22n BA 1B
2 = gof UERJQICh 211 7 oojEe A ASS 3:1:19] v a5 TlolE
(train data), 72Z do]E|(validation data), E|AE O|o|E(test data)S LAd35t9iCt.

B =20t A 3152 100082 AAstAon], GAL E7]8} WA 1503]
Alst AgolA 8508] 5 Ald¥ertt. T2]u At vlwE sl GAY &9 MLS i1
5h= RS i} shute] ML 28Rt 32{sh= RS G 3 Alsystelct. Bt ogd 2
o u]g o) ool wge 21804 MAston, 45 At MSES H& stk
#* 8 gojE AAl
Name Input | Output Type
Cardiotocography(FHR Pattern) (CTGP) 21 10 Classification
Cardiotocography(Fatal State) (CTGS) 21 3 Classification
Wireless Indoor Localization (WIL) 7 4 Classification
Steel Plates Faults (SPF) 27 7 Classification
Combined Cycle Power Plant (CCPP) 4 1 Regression
Airfoil Self Noise (ASN) 5 1 Regression
QSAR Aquatic Toxicity (QAT) 8 1 Regression
QSAR Fish Toxicity (QFT) 6 1 Regression
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MSE v]g& Aolstart.

GA o] 2t g9l 45 vl ¢l 4 Y89 HAE
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¢t B+t MSE BlgS UERlen, ® 9 7 dlo[Eo] tigh MSE Zate] TOP 35
UER Zlojet. met, 2y o] s WA HlaLE sl 4 Y] HAE fojE
tiet MSES] mEHEAONA GASl HAE fojHof tigt MSES] BEFHAIS Ui &
= BEUA HlER Q9 silot. O 4= 7 g AA dlolHof tigh 3wt BE
HAF vles WElen, & 102 4 dlolEol tieh mFHAL Axke] TOP 35 4
Ebd o]t
20 1863
18
G 1.6
A g 1348 1.374
g
il

1.032

WX @wnZ  Mldd

1.221
12
1.044
1
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ABSTRACT

A Study on Efficient Machine Learning System
Construction Using Genetic Algorithm Search

A system for solving classification and regression problems using a machine
learning model is composed of a machine learning model that performs learning
and prediction by applying data and pre-processing processes that process data
to apply to the machine learning model. The pre-processing generally includes
data scaler, feature construction, feature selection, dimensionality reduction,
etc. In the case of classification problems, data rebalancing that adjusts the
class ratio of the training data may be further considered. Since various
algorithms and parameters can be considered for each step, the system can be
configured in various forms. However, for a reasonable performance of the
system, the process of finding a solution of the system configuration that
matches the given data is essential. In this paper, we proposed a method to
induce the intensive search for a specific area based on the mean squared
error information of each group of machine learning models during the
evolution of the genetic algorithm. And it was confirmed from the results of
various data that the proposed genetic algorithm has excellent average
performance and stability. It was also confirmed that there was room for
improvement. Through the case of showing insufficient performance compared
to the random search which was the main comparison target.

Key words : Machine Learning, Preprocessing, Genetic Algorithm
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