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gs Ao
enrollee_id Personal user index
city The city which lived in

city_development_index

Expressing urban development between zero and one

gender

Male, Female, Not wirte(others)

relevent_experience

Experience with the current position of work

enrolled_university

A graduate university

education_level

One's final education background

major_discipline

A graduate major

expeirence

Industry experience associated with one's current job

company_size

Current number of employees in the workpalce

last_new_job

The number of previous jobs

training_hours

Training hours associated with current work position

target

Dependent variable

3 1. Data demonstration
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B oA = Kaggle 8] HR Analytics: predicting quitters dataset < 4]

atol AR 9 o]x Tl EARE S oS8k, o5& $l8l Logistic
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7} 2wt} o}AFE 7|H Y hyperparameters =4S £3 Accuracy & 9
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I Feature importance & Weights | m

' !

| Accuracy |

!

Predictive Model

Validation data

S TS P 1

Boosting Manipulate
Random Forest Hyperparameter
Modeling I T
|

[
Decision Tree Multi Layer
Perceptron

!

Train dataset |

o _
ot g
a
e
— | B |4
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@
%,
S

Logistic Regression E &2 o] & w2 3| EA 9 53 F U=,

T4 Hye 59 HEE 9 2133 AE Log odds @F Sigmoid Function <

ggato] F4sk= A 7ot ARk 39 4 Ed3 =24 Logistic
=

A, ol Aol Yojd

Regression & W38 HolHE F&5 W

59 FAol AHAe® Jhsstth Odds & ZAAY 3 FEA A 99
ol E] thsto] o @<l o A S FE iR ¥AD FES

=
Kl
ok

oJn]sl, Odds Ratio & 54 290l ojfo] wE ojHE w4 FE5S

L.
Il

Wl AFEEE Aotk Y FAe) AMgske W Hd ¢k FEWo

4 Aurelien Geron, [Hands-On Machine Learning with Scikit-Learn, Keras & TensorFlow], (34l ujt] o],
2018. 04), 130p
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(Maximum Likelihood Estimation), 3]# A& $ % (ikelihodd) 7} &7}t

o,

He AdEs AAAD g 74

ok

L probability of event occurrence
odds = probability of event non—occurrence M
odds = —F—
(1-1p)
5 s odds of group one
odds ratio = odds of group two 2
2

g p1 /) (1=p1)
odds ratio = S=—>

1% 3. Odds formula

13 4. Odds ratio formula

MLE: Maximum Likelihood Estimator

fruya = Yalx)=f(yi 1 X)f (Y2 | X)) fn | x)

=Pr(y1=11x)Pr(y, =0|x)Pr(y, =1]|x)

k

ePo+Bxi 1 n—k
- <1 + e50+ﬁxi) <1 + eﬁo+ﬁx1) BTy =kI(1- yj)=n—k

Find B by Recursive method

13 5. Maximum Likelihood Estimator formula
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(2) RandomForest

RandomForest & 7]¥ G4 Q4<2l Decision Tree 7]WFe] A E &% gl

24 o2 719 Decision Tree Rdo] =3t HoJe|E 43t &, Training

AFS S3o] HAAFow v EHI Rdo] v8AdArh.C sl a"u o),
RandomForest + 2] 712 Decision Tree Rd & £& =4S 714 Y

£ Majority voting & &3 AAsto] HF 5715 st dAE A

o

. 97|14 Decision Tree & Z} 53§ W tialx AA#GS T3l MES

Fohi, BeEE 395 540 ue doleg BRshe RS v

M

t}h A A ZE(Cut off)= RandomForest o4 BAZ o7 o] 83t= Gini AlF9

d

122 &3 A=A dAwe A 5 3o, 2e%7F 0 o 2 4% 34

o] MAEZ R Gini w9 FEo| uf
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X
S
o
L
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e
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5 %713, “A predictive Model for Suicidal Ideation of Adolescents Using RandomForests Machine
Learning Algorithm”, [ 3= A} 3] 35 %] &+ 3], (2020), p157-180
& Aurelien Geron, [Hands-On Machine Learning with Scikit-Learn, Keras & Tensorflow], (3+ m]tjof,
2018), p229-243
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(3) Mutli Layer Perceptron (MLP)

Multi Layer Perceptron & 7]¥2¢l Qld AAY F+x ZF slh}zA] HESHA
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input Layer KRNI Hidden Layer [

7% 7. Multi Layer Perceptron

" Aurelien Geron, [Hands-On Machine Learning with Scikit-Learn, Keras & Tensorflow], (2H5L 0] C| O,
2018), p412-459
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0 o= Yehfz 4 7) Brp 23t old A%
FE BAS A, oA E wdste] 4 2 mU]8H3ith vA 9O 2 Training
hours +© &8 AZFS 58t @¥& AlZkeltd. Gender, Education level,
Enrolled university, Company size, Major discipline Ho|E &S HFE d
o]l # 4] Scikit—learn package 2] OrdinalEncoder Preprocessing 7]%5=

ARgtel dlolE dAle S AR

s e el % X1
City development index Index 0=
Male 0
Gender Female 1
Other 2
No relevent experience 0
Has relevent experience 1
No enroliment 0
Enrolled university Part time course 1
Full time course 2
Primary school 0
High school 1
N Graduate 2
Education level > =
Masters 3
Phd 4
Unknown 5
No major 0
STEM 1
Major discipline Business dofirég 2
Humanities 3
Arts 4
Others | 5
Experience <20 20
<10
10 ~ 49
100 ~ 500
Company size The number of employees 500 ~ 999
1000 ~ 4999
5000 ~ 9999
> 10000
. >4 | 4
Last new job NG 5
Training hours Continuous variable

3£ 2. Data prepROCessing
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Decision Tree 4o Uz A4S g1t o= oF7 o8 oo 1y

ARk, B Ao+ Logistic Regression 4] 7] o] ¥E3ty o] Ql7]9

it
A

2174 (Multicollinearity) = &<Qlstt}. v AAdolst 34

Mr
2

&
M B3 Wk e 59 ase 4w JEt el dely 4

¢

Al AR FEFE A @S Gvisky o= R A 7HES Sl

)
rlr
AU
o
Id
i
)
2l
ich
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)
i
ko
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=
)
of\
okl
2
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i
=2
rlr

™

A8 & (Scatter plot)
9} ArAAS (Correlation  coefficient), 2831 #AFYAA <= (Variance
Inflation Factor) & o1& ®¥lo] EAsHA T &

T7F 370 ol7¢elal, R—squared #kol F&3] AbEHA| Fornm, F3ASs 1

8 Aurelien Geron, [Hands-On Machine Learning with Scikit-Learn, Keras & Tensorflow], (5L 0] C| O,
2018), p145

17



10

dty_development_index 001 006 033 010 0.20 0.00
gender - 003 H01 018 004 013 000 08
relevent_experience - 014 012 034 001
06
enrolled_university - -0.17 0.09 012 034 018 025 000
education_level - 0.01  0.03 0.4
major_discipline - 006 = -0.01
-02
experience -SNHEE] 0.18
-00
company_size - 0.10 0.04
last_new _job- 020 | 013
--0.2
training_hours - 0.00 0.00 001 HO00 HO1I HO01 000 D01 D00
I I I I 1 I I I I
= e LE) el o o o Lh) E=)
32 & 2 & §g £ 2 & 00%
E o} o 8 o b g 4
2 # i 2 = g =
E oz ¥ E
3 o &
fnd
=
1% 8. Correlation coefficient
FHATE —1oAM 1 Akele] fhE 7, 0 0% FHasE Ad dA A
& gt s dudith 2 dAede 59 Wl 3 53 Y A9 A
AE 0.7 o4 1.0 AlelZ bFahut, dlolH o] 543 A& iy & 4%
of wet FEAS g AAZ AN W o] FAR 1FS glod, Y=Y
M7k 3 A o EASEE Sud dEFAY awel NEdE @A) 3

138



A 22 a7 2D 24

Logistic Regression

2 AFlA Logistic Regression 42 & F 7FA 4 $HS &85+
AR, shve ZAIAE 39 BA9 o4 wAleld dagEl Sikit
learn package & A3 ©w Hyperparameters A2 12 JfA|o ko] 74
= A7} Z3si A= C(Inverse of regularization strength) & default 1.0
ghell Al 10.0 &2 A AT FAE 3kt o] fi= Train dataset & Ho|E
ol FTwehA dorw, AL eyt SVl wWielth. EF, Train
dataset ©] Zor®, AAlst s AE = solver parameter oA AR
dataset ©fl f+2]%t liblinear & A®SATE »hx 2t T 4 WS 54 4

H}E 8407 YEW S+ statsmodels package & 833t}

Hyperparameters Figure size
Penalty 12
C 10.0
solver liblinear

3 3. Logistic Regression hyperparameters
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RandomForest

RandomForest %3t Logistic Regression E2¥} wpxt7Fx| 2 dxje] 247 o
A BF Q3 city, enroll_id, company_type Hlo|E = #|2st1 HEE o)
He gulst d4dS S8 WeE 78t Train data & A& &
AAre] o] o8] Hyperparameter =4S %53+ Accuracy & ¥ w37 §
& 7} Decision tree X% 74 (n_estimators)®} X =T Il
(max_leaf_nodes) & W2 #4933 th.” n_estimators & 7 100, 1000,
3000, 7000 @912 FAs e Hg= == Hdf Jie= ZF 50, 100, 150,
250 o= FAsklth e gei= {n_estimators : max_leaf_nodes} = %
= o]Fo] Z} st FakA e ® disisiltt. 1% #H7del Accuracy 7F v
n_estimators ¢ max_leaf_nodes & ¥t}

RandomForest EAA EA O] A Qv & =435}7] 2922 Sikitlearn
7] A | A A LdF= permutation_importance method = E3 o] de] 31

| #Hde Bds Yslst 54 SRS vetsta A4 s

P A5, 15

A, 2, A2 ZFE 9, “Analyzing employee resignation through data
J ®.7)<8+3]], (2021), p834-837

4l
2

mining”, [ S
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The best hyperparameters Figure size
max_depth 2
max_leaf_nodes 250
min_samples_leaf 2
min_samples_split 2
n_estimators 7000

3% 4. The best hyperparameters

Multi Layer Perceptron (MLP)

& ol ARE A, 7t Holy 9 dYSo] W] 98] Sikitlearn 37
A1 9] StandardScaler method & &-&3lo] A& AALdS =A%t =

¥ Train dataset SFellA 1000 7§2] Validation dataset = %3} 21

MLP & FAsk= dol Accuracy & &41717] flete] & 3 7HA19 ¥Rl

95T 1He MLP Reg AAT Wl

L
?W‘
llo
il
o
(e
L)
ofji
o
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Hyperparameters Figure size

Activation relu
Output activation sigmoid
hidden_layer_1 500
hidden_layer_2 300
hidden_layer_3 100
max_iter 3000
early_stopping TRUE
solver adam

3£ 5. The best hyperparameters of Multi Layer Perceptron

99l 3% 4. The best hyperparameters of Multi Layer Perceptron & 7]+ 2.
2 Sequential API 223} &3 API 2o AEgAZ 21 hidden layer 2
293t FFEAE relu B FEd . 29 wHE BEE 712 A
Sequential 8212 Multi Layer Perceptron R 2o X qt A= A7 W2 &4
st ghrgl JERlAE A ste]l ettt 23 drEAE dA ke

=

dAetb= d &% Elu &43t a9 27|13} d=5e

uZlx 2L 2NFF X2, 5ES, “A study on Fault Classification of Solenoid Pumps based
on Multi-Layer Perceptron”, [eh= &1 2|52, (2021), p12-19

12" Aurelien Geron, [Hands-On Machine Learning with Scikit-Learn, Keras & Tensorflow], (2H5L 0] C| O,
2018), p412-459
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Predicted

TRUE FALSE
Actual TRUE True Postivie (TP) False Negative (FN)
FALSE False Positive (FP) True Negative (TN)

Accuracy = (TP + TN) / (TP + TN + FP + FN)

Precision = TP / (TP + FP)

Recall = TP / (TP + FN)

3% 6. Confusion matrix

Auc and roc curve

TPR

Roc

Aoc

FPR

True Positive Rate(TPR) = Tp / (TP + FN)

False Positive Rate(FPR) = 1 - Specificity = FP / (TN + FP)

718 12. Auc — ROC curve
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Scikit learn package 229 S EUZ 54 L5 Forstr] $sho]
9 owgel AEAE RRaAdt B4 FRE AFA B4 29, F9

HAE el e 542 ©A] 2A % (city_development_index) €]

Column name Coefficient
enrolled_university 0.164359
major_discipline 0.163300
last_new_job 0.086243
gender 0.039291
education_level 0.037578
training_hours -0.000925
experience -0.018515
company_size -0.136476
relevent_experience -0.345226
city_development_index -5.641044

ke
\]

. Logistic Regression feature importance with Scikit learn
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Optimization terminated successfully.

Current function value: 0.509954

Iterations &

Logit Regression Results

Dep. Variable: target No. Observations: 19158
Model: Logit Df Residuals: 19148
Method: MLE Df Model: 9
Date: Thu, 30 Jun 2022 Pseudo R-squ.: 0.09199
Time: 08:21:11 Log-Likelihood: -9769.7
converged: True  LL-Null: -10759.
Covariance Type: nonrobust  LLR p-value: 0.000

coef std err z P>z| [0.025 0.975]
city development index -2.2338 0.079 -28.434 0.000 -2.388 -2.080
gender 0.1396 0.020 7.028 0.000 0.101 0.179
relevent_experience -0.0272 0.042 -0.646 0.518 -0.110 0.055
enrolled university 0.3484 0.022 15.965 0.000 0.306 0.391
education_level 0.2588 0.021 12.549 0.000 0.218 0.299
major discipline 0.1866 0.019 9.620 0.000 0.149 0.225
experience -0.0305 0.004 -8.659 0.000 -0.037 -0.024
company_size -0.1260 0.009 -14.757 0.000 -0.143 -0.109
last_new_job 0.0906 0.015 6.005 0.000 0.061 0.120
training hours 0.0003 0.000 1.138 0.255 -0.000 0.001

3% 8. Logistic Regression result with Statsmodel

Column name Coefficient
enrolled_university 0.3484
major_discipline 0.1866
last_new_job 0.0906
gender 0.1396
education_level 0.2588
training_hours 0.0003
experience 0.0305
company_size -0.1260
relevent_experience -0.0272
city_development_index -2.2338

B
<o)

. Logistic Regression feature importance with Statsmodel
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1% 16. Logistic Regression coefficients with Statsmodel
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A 2 A RandomForest
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Abstract

A Study on the Sustainable Value Evaluation of Enterprises Using the Predictive

Classification Model of Retiree

Hwi Jong Im
Seoul School of Integrated Sciences and Technologies

Advisor: Cheong Yeul Park

The purpose of this study is to design a turnover and resignation classification model
using quantitative data on resignation factors. Through previous studies, we can find
that human resources are correlated with corporate sustainable value. Therefore,
predicting and classifying turnover and resignation through the turnover
classification models, the company can improve corporate value and enhance their
products and services. Moreover, if the rates of turnover of employees is more than
the deviation of mean of turnover rates, these facts infer that except for existing
quantitative independent variables of turnover factors and emotional factors might

be existed.





