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Abstract

Purpose: In modern society, many urban problems are occurring, such as aging, hollowing out old city centers and polarization within cities. In
this study, we intend to apply big data and machine learning methodologies to predict depression symptoms in the elderly population early on,
thus contributing to solving the problem of elderly depression. Research design, data and methodology: Machine learning techniques used
random forest and analyzed the correlation between CES-D10 and other variables, which are widely used worldwide, to estimate important
variables. Dependent variables were set up as two variables that distinguish normal/depression from moderate/severe depression, and a total of
106 independent variables were included, including subjective health conditions, cognitive abilities, and daily life quality surveys, as well as the
objective characteristics of the elderly as well as the subjective health, health, employment, household background, income, consumption,
assets, subjective expectations, and quality of life surveys. Results: Studies have shown that satisfaction with residential areas and quality of life
and cognitive ability scores have important effects in classifying elderly depression, satisfaction with living quality and economic conditions,
and number of outpatient care in living areas and clinics have been important variables. In addition, the results of a random forest performance
evaluation, the accuracy of classification model that classify whether elderly depression or not was 86.3%, the sensitivity 79.5%, and the
specificity 93.3%. And the accuracy of classification model the degree of elderly depression was 86.1%, sensitivity 93.9% and specificity
74.7%. Conclusions: In this study, the important variables of the estimated predictive model were identified using the random forest technique
and the study was conducted with a focus on the predictive performance itself. Although there are limitations in research, such as the lack of
clear criteria for the classification of depression levels and the failure to reflect variables other than KLoSA data, it is expected that if additional
variables are secured in the future and high-performance predictive models are estimated and utilized through various machine learning
techniques, it will be able to consider ways to improve the quality of life of senior citizens through early detection of depression and thus help
them make public policy decisions.
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from http://www.cognub.com/index.php/cognitive-platform/

R=steole 7H0| B Cedto] el Lol srawyoz

2 U 5 SEER0| UiSske Z2uh aEEHM0l EXtke

HIX|=3tE2 X=3tsat 5l 21t gro] EXsHA| %= HolHE
slEshe Yo, 7|50| |A f?.* HO|HE £&Fstn BAE &=Lt
HIX|=&t52 21710 ZOHLHX| 34 H Oo|H & 7 IiH, 2 S8
Jopd 4= QUCh= FTEO| AR EEE FEO| EIFES 20lst7|
O|ECh= CHE T QICKHastie et al., 2009).

Aepete2 WEo| FH7t e o|o|™ET F=0iT S0l HEfE
QMBI MEH TSt dE & A0 242 TIKlEe W2 MEiske
YOI Ol= QIZHe| XA &5 IFENE Oo|METL 25, ds,
Byo| YHO| MRS AEotn AHKRE Sl &5l Lot
HfAloZ Z=Z Game Al Robot Navigaton SOA Z2E1 QACHNA
2019

oIMZAELIT A HEEY2E

HEHZ A E(Random Forest)S X|CHZE O[sl{5}7| Q8= 1 2710]
El= OIAMZELEFDedsion Tree)Of ChSH Ofo7t E4=X0[0{0F BHCf.
NBYURE AMZY A dedsion g2 =A2I510] 2ACHYE
olpiel AHez 27 EE 05 sdcks MY™olTt =gt
NBZLRE 2R OI5S Jots ZE JE0M 0182 £ A2
=49 FeHChE Z
FE3HHChoi & Seo, 1999).

UHHHAEE AZZUT L1EF

=49 1rge| HYo|

6.:. Z=(mpurity)

5*%@1} ==EgsE HOIHE 2ol 20d 8= 2ofsiH,

% 2 S
SEY0|2t Ho[H2| e S SH0| HIEt AS 20[SHHKIm, Lee,
Hwang & Won 2008 SIAFZFELIRS| 29 stg &7t W=D

Ol&X|of 37| Fetes LR gb= THO[ ACLE WX eHoverfitting)|
S[elom Hewvt H@E WS HOIK|EKKM Lee & Hong 2017)
ZERRZ|2F Tee ‘g HMOfolEM FERCH difel 852
SHAA|F|7| 2 BHCHCho & Ye, 2014),

SHR|T HHEZAEOl FL SiLte| SMAFYLITE oY Jhe
OIAtAELIRZ SRSt Z{o 2, Ci4=0| HXl(aw of large number)Q 2
Ol LESo| 47} BI04 QHislo| QBT SX3H Ztoz +28lof
Esio| [0 FOIST, B3 CMAHLIRE J|Zo= 51 Uof
Of&X|0f Bl Aeks 2| BH=CHKIm & Ahn, 2016)

HHHHAEON Tl AYEZIE 2E7|
BEK(O| Che s uh=sp
ME0|= OAZYLIRS} 20| REASHT 7|go0| A

& Man, 2018).

2B ofZUXtRt
Z|HBreiman,  2001),
ZICKHChoi

= o It
FA9 MEY




32 A Study on the Prediction Model of the Elderly Depression

3. iy

3.1 Hlojg =M Wy 3 HEx}

2 o10| Ho[El £A2 3| 4 S| PAIsi0] TISIACH BIXY
ci70) Wast HO[EE +Es = ARCiNe MEsIn 8oz
BN 28 S Mesin, Meist aSo| SRS Musiolr

=
HolE| £

311 tjjoj& X

SEEYERMAM AL DA EZAHKLOSA))
HOEE FS3t0 2E3IRALE = HOIHE 2Rl Al BHIEH
I stg Ao V|ZAIRE SESIUAL 2006 HEEH HMFEE
HMeleh X0l 41 b= 454 oy SLHA T Lt 71 AFKIE
theez B S Z=ARIY +&E HO[EO|C 2006 HEEH AH
7|2 St A EF9| V|EZAE AR A, M=
2018 M| 7 A} 7|2ZAPIK| TIAE|ACE 2 APHME S Z=AF &
HoEf Fo| 2t=El X| 6 At 7|2=AF HO[HE 2830 A5
IS CHKELS, 2019).

0
rir

312 tH4= MY 5l 4

EOIRET O 2YS FFoP| el M 6 At 7|2ZAL CHYAL
6618 F & 65 A Olet =HS 1986 B 2= MFSIAUCL 2=
e pe A ETE 5 GSDI0 S S/IAUCE GBS

Table 2: Independent Variables

ES-DI02 10HS TFO2 10 Ak autof)

MYAT ST ESDI00] B4R FE £21H 55 922 H
E 9 £ AT 4-6 T2
[Eoz TRl oing

on
i
HJo
Mo
~
2
5
ox
fjo
0!)!
0
4o mfn
Mo
10
>
E
N

Table 1: Frequency of Dependent Variable

: Normal Depression
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Classification 2,560 )
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NO Domain Variables Variable Description Data Type
1 w06bp1l Living parents factor
2 wO06bb_adI1 Inconvenient family status factor
3 Family wO06bb_adI2 Receiving family status factor
4 wO06bb_adI3 Non-cooperative family status under care factor
5 wO06s_sum the number of surviving brothers/sisters num
6 w06C001 Health condition factor
7 w06C152 Subjective health condition factor
8 w06C003 Whether or not the doctor has been judged to be disabled factor

Health status
9 wO06C005 Restriction of activity due to health condition factor

10 wO06chronic_a High blood pressure diagnosis status factor

11 wO06chronic_b Diabetes/hyperglycemia diagnosis status factor
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12 woO06chronic_c Cancer and malignant tumor diagnosis status factor
13 wO06chronic_d Chronic lung disease diagnosis status factor
14 wO06chronic_e Diagnosis of liver disease factor
15 wO6chronic_f Diagnosis of heart disease factor
16 wO06chronic_g Diagnosis of cerebrovascular diseases factor
17 wO06chronic_h Psychiatric disease-related diagnosis status factor
18 wO06chronic_i Arthritis/Ryumatis Diagnosis Status factor
19 w06C074n Diagnosis of digestive diseases factor
20 w06C078n Disk diagnostic status factor
21 w06C081 Difficulties in day-to-day activities due to vision factor
22 w06C082 Using hearing aid normally factor
23 w06C085 Wearing Dentures normally factor
24 w06C106 Weight variation of more than 5 kilograms in a year factor
25 w06C108 Regular exercise factor
26 wO06smoke Smoking factor
27 woO6alc Drinking factor
28 wO06chronic_sum Chronic disease count num
29 w06C105 Weight num
30 w06C107 Kidney num
31 wO06bmi Koup Index (BMI) num
32 w0Bpresent Current state of economic activity factor
Economic activity _ecotype
33 wO6present_labor Current Labor Status factor
34 w06C301 National health insurance/medical benefits subscription status factor
35 w06C302 Whether or not a person is a member of a plantation/region factor
36 wO06C305 health insurance premium payer factor
37 w06C310 Private medica insurance coverage status factor
38 w06C313 Whether to benefit from the first round of free medical checkups factor
39 w06C318n Recognition of long-term care insurance for the elderly factor
40 w06C329n Awareness of the Elderly Care Service Project factor
41 Medical security and w06C343 Regularly prescribed medication factor
42 use of facilities w06C346 lyear experience in purchasing medical aids factor
43 w0600pm2 Out-of-town expenses num
44 w06C318 Number of hospitalizations since the last basic survey num
45 w06C330 Number of visits to dental clinics in a year num
46 w06C333 Number of visits to health centers in a year num
a7 w06C334 Number of visits to oriental medicine hospitals per year num
48 w06C337 Number of outpatient visits to other hospitals/ clinics in one year num
49 w06C340 Number of visits to medical personnel in one year num
50 w06_fam1 Generational composition factor
51 Personality wO06edu Academic background factor
52 wO06genderl Gender factor
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53 wO06marital Current state of marriage at the time of basic investigation factor
54 wO06A030 Religion factor
55 wO06A036 Furniture owner status factor
56 wO06enu_type Dwelling type factor
57 wO6regionl Residence_City factor
58 wO06region2 Residence_Urban factor
59 wO06region3 Residential area_large cities/small and medium cities/ townships factor
60 hhsize06 household head num
61 wO06A002_age Age num
62 wO06A032 Number of times you meet close friends num
63 w06Ba003 Current number of surviving children num
64 w06Ba068 Number of grandchildren num
65 w06mmseg Cognitive function classification factor
66 Cognitive ability w06C401 Memory (date-year/month/day) factor
67 w06C402 Memory (Days) factor
68 wO06C406 Memory test (3 words memorization) factor
69 w06C407 Attention Concentration and Calculation (Excludel) factor
70 w06C408 Attention concentration and calculation (excluding) factor
71 w06C409 Attention concentration and calculation (excluding 3) factor
72 w06C410 Attention concentration and calculation (excluding 4) factor
73 Cognitive ability w06C411 Attention concentration and calculation (excluding5) factor
74 w06C412 Memory test factor
75 w06C413 Purpose of personal belongings (possession 1) factor
76 w06C414 Purpose of personal belongings (possession 2) factor
77 w06C419 Command Execution (draw) factor
78 w06mmse Cognitive score num
79 w06C201 Changing clothes factor
80 w06C202 Washing/brushing/washing hair factor
81 w06C203 Taking a bath/shower factor
82 w06C204 Dining with the food set up factor
83 w06C205 To rise from the bed and leave the room factor
84 w06C206 Toilet use factor
85 w06C207 To adjust the urine volume factor
86 Ability to perform w06C208 Grooming oneself factor
daily life
87 w06C209 Daily household chores (cleaning, etc.) factor
88 w06C210 Meal preparation factor
89 w06C211 Laundry (laundry, hanging laundry, etc.) factor
90 w06C212 Near-field outing (no means of transportation) factor
91 w06C213 To go out by means of transportation factor
92 w06C214 Shoplifting factor
93 W06C215 Money management factor

(money/bank account/property management, etc.)
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94 w06C216 Dial and receive telephone factor
95 w06C217 Take your medicine factor
96 wO06f001type Furniture type factor
97 wO06hhinc Gross household income num
98 wO06hhassets Total household assets num
Assets and income
99 woO6hhliabilities Total household debt num
100 woO06hhnetassets Net worth of households num
101 wO06pinc personal gross income last year num
102 w06G031 Subjective hierarchical consciousness factor
103 w06G026 sfaction with life_your health condition num
104 subjectlye w06G027 Satisfaction with life_the state of one's own economy num
expectation
105 w06G030 Satisfaction with life_The overall quality of life num
106 w06G032 monthly allowance num
107 ces_d_2 Depression- yes/no factor
Depression
108 ces_d_ 4.7 Depression — moderate/severe factor
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Table 3: Characteristic of Population

Characteristic personnel | Ratio Remark
Total 4,546 100%
Male 1,916 42.1%
Sex
Female 2,630 57.9%
65~74 2,116 46.5% Mean:
75.7
Age 75~84 1,831 40.3%
Median:
855 599 13.2% 75
Elementary
School o
Graduation or 2,597 57.1%
Less
Middle School o
Education Graduation 739 16.3%
High School o
Graduation 905 19.9%
University
graduation or 305 6.7%
higher
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Figure 2: Final Decision Tree graph(Normal/Depression)
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Table 5: Random Forest Evaluation_Normal/Depression
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‘ Decision Tree Random Forest
‘ Accuracy 76.2% 86.3%
‘ Sensitivity 72.3% 79.5%
‘ Specificity 82.1% 93.3%

Table 9: Performence Comparison _Moderate/Severe
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Table 10: Random Forest performence Comparison

Normal/Depression Moderate/Severe
Accuracy 86.3% 86.1%
Sensitivity 79.5% 93.9%
Specificity 93.3% 74.7%
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Table 12: Random Forest performence Comparison(MDG)

Normal/Depression Moderate/Severe
1 Residency_City, Residency_City, Province
Province -
ond Life satisfaction_Overall Life Satisfaction_Your
Quality of Life Economic Status
3 Mini-Mental State Life satisfaction_Overall
Examination Score Quality of Life
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