"m Check for updates

Journal of KIIT. Vol. 20, No. 11, pp. 1-7, Nov. 30, 2022. pISSN 1598-8619, elSSN 2093-7571 1
http://dx.doi.org/10.14801/5kiit.2022.20.11.01

German Credit Risk Ho|EHE Al&3 HAlHY 2do GAE

Q4%50] Al R9e] 5o vxE dak BA

=13
=

13
o
>*

Analysis of the Effect of Step—by-step Elements of Machine
Learning Model on the Performance of Al Model using German
Credit Risk Data

Pill-Won Park*

sk dolee] Fejet 22
29 A4RYT sHetE W

Paege s Bkl AgHT glom, BHstar
} #

o

g]£0] 2 duEE A A%

e o o] g At Fasith §4 Ax v B gevHIE 2 71X s G #d dF
= AP o, o5& FTHHOE FAg AT vHsGT & =2dAe Halyd 2Y sde] dad
Ag GAE A3 &, 7 dA S| Hiled BdY A% nAE s EASAT. A dAE oy
BA, duglE AR, stold epry 2, AF vlE 2AY AR UFloen, o]F kaggle® German
credit risk Ho|E19} Al 253t EFE ARgste] AZsGT

Abstract

Machine learning is used in various fields, and various algorithms have been developed according to the type and
purpose of data. The performance of the machine learning model is affected by the step-by-step setting even if the
same algorithm is used, and research on this is needed. However, studies on the effects of specific procedures or
specific parameters on the model have been conducted, but studies that comprehensively analyze them have been
insufficient. In this paper, after summarizing the processing steps required to develop the machine learning model, the
effect of each step on the performance of the machine learning model was analyzed. Processing steps were divided
into steps of data purification, algorithm selection, hyper-parameter adjustment, and verification ratio adjustment, which

were measured using Kaggle's German credit risk data and machine learning automation tools.
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Table 1. Model performance change according to missing
value setting

. Target Performance
To set missing
value .
values . Precision Recall
(risk)
Replace missing good 0.72 0.89
values with 0
(defaul) bad 0.53 0.27
Delete some good 064 0.76
missing data bad 0.50 0.36
Delete all good 0.59 0.75
missing data bad 048 0.31
Do not use good 0.60 082
variables with bad 052 027
missing values
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Table 2. Model performance changes according to feature
selection method

Target Performance
To select valle
features . Precision Recall
(risk)
Use all good 0.72 0.89
variables
(defaul) bad 053 0.27
Use the top 25 good 0.72 0.88
variables by bad 051 028
importance
Delete variables good 0.70 093
below 001 by | 051 028
importance
Delete variables good 0.73 0.90
below 005 by | 058 030
importance
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Table 3. Model performance changes according to
algorithm changes

Target Performance
Algorithm V?"“e Precision Recall
(risk)
DECISION TREE | good 0.72 0.89
(default) bad 0.53 0.27
RANDOM good 0.71 099
FOREST bad 0.80 0.13
GRADIENT good 0.70 090
BOOSTING bad 048 0.19
good 0.72 0.84
XGBOOST bad 0.48 0.31
LOGISTIC good 0.72 095
REGRESSION bad 068 0.23
good 0.70 0.96
Ensemble bad 060 0.14
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Tree®] 749~ criterion, max_depth,
min_samples leaf. Random Forest®] 79~ criterion,
Gradient

Boosting®] 7-F- learning rate, max_depth, subsample.

Decision
max_depth, min_samples leaf, n_estimators.

XGBoost®] 74 eta, gamma, max depth. Logistic
Regression®] 7-F-, C, random state Ze}0|ElE A4
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Table 4. Model performance changes due to parameter
modification

Target Performance
Algorithm V&.ll ue Precision Recall
(risk)

DECISION TREE good 0.70 093
(default) bad 047 0.14
RANDOM good 0.69 097
FOREST bad 0.56 0.08
GRADIENT good 0.70 092
BOOSTING bad 050 0.17
good 0.71 093
XGBOOST bad 0.55 0.19
LOGISTIC good 0.72 0.95
REGRESSION bad 0.67 0.22
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Table 5. Model performance changes according to
evaluation data segmentation ratio

Data Target Performance
segmentation V§|U€ Precision Recall
ratio (risk)
] good 0.72 0.89
20% (default) bad 053 0.27
] good 0.70 084
30 Jo bad 030 008
] good 0.73 0.88
40% bad 0.47 0.25
] good 0.76 0.78
50% - 044 041
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Table 6. Model performance changes with number of

Folds
Number of Vtaarirgglte Performance
Folds . Precision Recall
(risk)
5 good 0.72 0.82
bad 0.36 023
3 good 0.73 0.87
bad 0.44 0.23
good 0.72 0.89
5 (default) oad 040 017
- good 0.73 0.88
bad 047 0.25
0 good 0.73 0.89
bad 0.46 0.21
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