Jeong Hee KIM, Kyung-A KIM / Journal of Korean Artificial Intelligence Association 1-1 (2023) pp. 17-21 17

+| ISSN: 3022-5388
PR JKALA website: https://accesson.kr/jkaia
DOI: http://dx.doi.org/10.24225/jkaia.2023.1.1.17

HAHY HolE 9 $&Fel g A5
Prediction of Depression from Machine Learning Data

Jeong Hee KIM', Kyung-A KIM?

Received: April 19, 2023. Revised: May 28, 2023. Accepted: June 29, 2023.

Abstract

The primary objective of this research is to utilize machine learning models to analyze factors tailored to each dataset for predicting
mental health conditions. The study aims to develop appropriate models based on specific datasets, with the goal of accurately
predicting mental health states through the analysis of distinct factors present in each dataset. This approach seeks to design more

effective strategies for the prevention and intervention of depression, enhancing the quality of mental health services by providing
personalized services tailored to individual circumstances. Overall, the research endeavors to advance the development of

personalized mental health prediction models through data-driven factor analysis, contributing to the improvement of mental

health services on an individualized basis.
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2.1. Variable Selection
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Table 1: data variable

LR M A
Survey _id Individual Identifier
Ville_id Village Identifier

sex Men 1/ women 0
age Age(respondent)
married Marital status

Number_children Number of children

Years of education

Education_level
completed

Total_member Household size

Gained_asset Value of gained goods

Durable_asset Value of durable goods

Save_asset Value of savings

Living_expenses Total expenses, monthly

other_expenses Medical, food, etc

Incoming_salary Wage labor primary income

incoming_own_farm Own farm primary income

Non-ag business primary

Incoming_business p
- income

Non-agricultural business

Incoming_no_business
- = owner

Incoming_agricultural agricultural revenue, monthly

Farm flow expenses,

Farm_expenses monthly

Casual or Wage Labor

labor_prima -
P ry Primary Source of Income

lasting_investment continuous investment

no_lasting_investment nonessential

Meets epidemiological

depressed threshold for moderate
depression
2.2. Data Preprocessing
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3. Research Methods

3.1. Models
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Ol #ldl &&0 AH8E 2E2 DT(Decision Tree)= !,
RF(Random Forest)2 &, NB(naive bayes), SVM(Support
Vector Machine)2%, KNN(K-Nearest Neighbors)2 &,

DL(Deep Learning)2%, RF(Random ForesthZH=Z &
7 7HX1Ql o2l R™o| YsHIE TADCE 2 ZH 24

Y40 chet 2F2 orefet ZCt

HX Decision tree ZEO ZAf Z LEO EMZ
7|8te 2 GHO|HE B¥sts AoZ Zt 2g2 FE 0|5
Ee= XY 2£EZE FAGIEE ME] 2R ZES
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T=3tCE Random Forest ZH2 OAAY Ez|o AdME
ez OoHE &2Y¢stn WSt atEgE F0|n
OFY Aol 0X8 $HCh 3 Navie Bayes ZEHO| AL
S480 ME =EZX0|Ztn 7pHEshAM iAo Cist
SES At #FE FHICL SVM ZE2 £ 2 E
22l5te ZBHEES Xo AF ZEA Aole AHzZE
Z|Chsto| QI8 7S Xe HeE ZHESIA Deep Learning
e 4¥F, 24F, €I A1 A FH2 IEKQ
gd%t g 8ol Y3 M E M2[BHCh 010 K-Nearest
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3.2. Model Performance Analysis

TP(True positive) = HEH0| HME Add IJeHAE
2

Uyoz HEA ol5e P20l +
A

FN(False Negative) = ZHO| HXZE 4 SHAE
5HA o5 42 =
FP(False Positive) = DHol dNzE =24 2Y2rE
Ydez IR oFst 49 £ LY FU2AE '2dE”
489 =
(True Negative)= ZEO0| AH=Z Sd IY2E
Hdoz HR 53t 229 = 9 SH2E 0/EE

Sum of diagonals(TP)

Accuracy= - )
Total number of instnance
.. TP
Percision= 2
TP+FP

Recall=Sensitivity = TPIFN

Specificity=—

TN+FP

2x(Precision * Recall)

F1 Score= —
Precision + Recall
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3.3. Model Comparison
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Table 2: Model performance indicators

dep:jesse precision | recall Sch;e support Conr:;LIJrsi;(on
. 0 085 085 | 085 241 [20437
Decision Tree 39 2]
1 0.14 015 | 014 41
0 086 099 | 092 241 [2392
Random forest | 033 002 | 005 4 401]
Neive Beves 0 086 095 | 090 241 22912
4 1 025 010 | 014 41 374]
o 0 085 100 | 092 241 [2410
1 000 000 | 000 4 410]
. 0 086 100 | 092 241 2401
DeeplLeaming = 067 005 | 009 41 292
. 0 086 098 | 091 241 [2356
K-Neighbors 1 025 005 | 008 41 3972
85 1 92 241
LogisticRegressio 0 o 0 09 [2350
n 1 053 007 | o1 4 410]
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F1-score 7f Moz 2 HH FE2 T 2y
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Table 3: Model accuracy

Accuracy
Decision Tree 0.71
Random forest 0.85
Naive Bayes 0.83
Svm 0.85
Deep Learning 0.85
K-Neighbors 0.84
Logistic Regression 0.85
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Figure 1: Deep Learing Curve
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Learning Curve (SVM)
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Figure 2: SVM Curve

M % Learning Curve & SVM BEZ A|Ztsls Ate
Figure 2 1b ZfC},

SVM 2 Deep Learning It Random Forest 2t & &5tAH F
Jdefzol Z+A0| HOM UAe AS &g &= =0
Dent= 22| Training Score 7b Cross-Validation Score
Bt Hoh ol 2o =¥ I AT HOIHS ds0|
Hop 480 =#"HSIX| fe ALz T ZEHO

UestAL S8et HolH  m{ES  HOfX| Rot=

[

=
j_|._zl\_x-l'é'l-o| M'EHE = #_ (A))|\E|-~
H
[

= =
tH 2X|AE 3|ol ZAL Figure 3 9

#o| &
Jdejzel ZHAol 3K @ MEZ RMIA =2 US
ZER|2 QAo olF Sof e A GIolHo HES
etstrt  EoRlel QrEHQ HE stgez 2H



Jeong Hee KIM, Kyung-A KIM / Journal of Korean Artificial Intelligence Association 1-1 (2023) pp. 17-21 21

ClOlEo| ZZO|Lt 50|F-0| IA BH3SHX| = AE ¥
= ACh kM otoiAer = aAFE AEf2E ofL T(of
CH2 = o His{ sig CO|E{0| Logistic Regression Ol
Moot Z™Oo|2tn EEHEIE

Learning Curve (logistic_regression)

0.85 —e— Training score
—8— Cross-validation score
0.84
0.83 A
0.82 1
4
3 081
0.80 4
0.79
0.78 A

200 400 600 800 1000
Training examples

Figure 3: Logistic Reression Learning Curve
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