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Abstract The quality of life, frailty, economic activity, and other indicators are crucial for assessing older
adults' overall well-being and health status. A comprehensive evaluation using this information helps predict the
health status of older adults. This study aims to apply and compare machine learning-based prediction models
for comprehensive health indicators of community-dwelling older adults. Utilizing data from 4,652 individuals
provided by the Aging Research Panel, we assessed various machine learning techniques to fit the predictor
variables. Our findings reveal that the LightGBM Regression model performed the best, with an RMSE of 5.082
and an MSE of 25.83. The Gradient Boosting model best predicted current health status, with an RMSE of
0.588 and an R-Square of 0.456. Additionally, the Random Forest model showed strong performance in
predicting economic activity participation among older adults. These machine learning-based models offer
valuable insights for evaluating health status and predicting economic activity participation, highlighting the
importance of employing diverse methodologies for comprehensive predictions.
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A Al S 2R A2, o) 42 49
5 wdlo] A, AT A Aok 5 0 2

7) Navie Bayes

o] B Hlo]Z(Naive Bayes):= A% St dug]s

= 6‘]“/]’; Hﬂoli 0]§—9— 7]Hro g2 6]-1;‘|, o] hoR= K= 7_1]_
A(feature)o] M2 E@olgta b4l o|F v}

o Jlm

°o2 F¥X(dass)d] FES FAI [29].

8) SVM(Support vector machine)

AFEE ®WE 1 A(Support Vector Machine, SVM)
L golHE 1xY Zzto =z wPsle] 7 FPAsE B
o= HH9 AA AAE Fe A= g5 &
2, =2 Ay gds Ad 55 5 F
de] AR [301.

9) MLP(Multilayer Perceptron)

HAY BAE AAY S gov, ofu R, Aol

SHt 311

2
25 A9 49 WEKA Z2ao)A ATt
Random Forest, Decision Stump, Naive Bayes,
SMO 18] Multilayer Perceptrong 34 2d 3
3, A Hlel ARESE dlo|e] AHAE Percentage
splito =2 70% AAste] @t 7ASFY] 2 41
2150 443 deprE s & 45 53 gelsdnk
4. WEKA &g MY
Table 4. Experiment options for WEKA

-P 100 -] 100 -num-slots 1 - KO
Random Forest CMLO

Decision Stump does not have any functionality

Naive Bayes does not have any functionality
-C10 -10001 -P1OE-12 -NO -V

SMO 1wl K
Multilayer 103 -M02 -N300 -VO -S0 -E0
Perceptron -Ha

o9, g7 Ao BMe Python 36& &3t
wAskom, vlolE A 9 7SS 913 Numpy,
Pandas, Sklearn, Matplotlib =}71# 2 #-&3}31ct =
A#d(Random  Forest, LightGBM  Regression,
Gradient boosting, XGBoost regression, Decision
tree regression)g E3A A AT Hrlel| A
43 dlolE] AL test_size=0.3 2Aslo] A},

= eD}E "é% s @ A¥YR, F WHAE
WEKA ZzI#of| A #|33] = Select attributes
71%& o] 83}, feature selectionS %83t A3
t}. Attribute Evaluatort CorrelationAttributeEvalS
AME8la1,  Search Method= Rankers ARHS-3th
Attribute Selection Mode™= Use full training set<
A3tk RankerZ 71% numToSelects o] &-a)A
Aol 10704 featuresS AEsle] E8wgtl 19
Lh 1070 diste] 54 e ¢ 7%4 AAE &t
71ASES A Aol po]do] B

Aol A dolEHAS &8st AHS 7Ps
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I 5. 37 2HolM 10712 Sxeks MElst 7|H skE ZAot
Table 5. Machine learning results of selecting 10 features
with classification problem

Sol | fI-
o score
RF | 7502% | 0763 | 0762 | 0815 | 0763

DST | 6325% | 06%5 | 0692 | 0739 | 0693
NB | 6190% | 0616 | 0619 | 0654 | 0618

SVM | 6615% | 0662 | 0662 | 0704 | 0.662

MLP | 5803% | 0587 | 0582 | 0643 | 0581

Model | A= | Ad= | W=

1. 3] A g 23 A3

olA otge] Fole] S WA= o5 WHAS +
A7) $18 diidAl AA 46529 ulolElE €83l 57F
2 maleld 7IWeZ RMSE, MAE, MSE, R*Z &
olsigitt. 1 A3, LightGBM Regression =3¢
RMSE7} 5082% 714 9A ygon 1 tjo=
Random Forest 5163, Gradient Boosting 5.223,
XGBoost Regression 5.351 % YEFT]

MSE(#H+t Alw 2xh)+E LightGBM Regression &
ol BZOE 7P WA YEten, 1 tgoR
RandomForest 2666, Gradient Boosting
2728 XGBoost Regression 2862% uUEh}, MAE
(83 A 22h)+= Random Forest =&} LightGBM
Regression 23o] 39787} 38932 AL FAFSHI
UEehga, Gradient Boosting 2382 404=% gt
AN RER-AFAAAS)E LightGBM Regression
233} Random Forest B3] 06062 059322 o]/
o= A Uehd A& RISt ofE S dF5dte
g deiA 7P e
AF eah Wi Ay 25 HoE By
Regression 28 ¢t} <& Oﬂéoﬂ gk Ay 71
W o Ad= 67 1

6. 2ol chEk ofalzfd 7|t”tH 0% Z1 b

Table 6. Comparison of Prediction Results for Grip
Strength Using Various Machine Learning Techniques

wao)

2
e
NS
EH
o
=l J

Model RMSE MSE MAE R
RF 5.163 26.66 3978 0593
DTR 7482 55.99 5.739 0.147
XGBR 5.351 28.62 4119 0.564
LGBMR 5.082 25.83 3.803 0.606
GB 5223 27.28 4024 0584

o] A& Gradient Boosting E9o] 7V4 3

A wol AF HF 23 108312 YEbgt) o

o HN [ | | [ ] [ T _

RMSE MSE MAE R2

HRF DTR XGBR LGBMR mGB

a7 3. clokst ojdleld J|YE B8slof oS o5 Bt

Figure 3. Results of Predicting Grip Strength Using Various
Machine Learning Techniques

o]4]  Random  Forest’} 10877,  LightGBM
Regression®] 10.891¢] d&& RStk MSE 49
A% Gradient Boosting®] 117.322 714 #Hojwkal
Random Forest’} & ©|th MAEo A= Al 2dlo]
Hsg AdE mgen, R golAe
Boosting¥} Random Forest”} t}& ZdER
< 7153

T34 7748l Random Forest =2 o] 0557<]
Aw Hd 2z 7B S5 des Bilow,
LightGBM Regression®] 0563, Gradient Boosting®]
0566, XGBoost Regression®] 05819 A¥=
th. MSE ZWolA& Random Forest E@o] 0311&
7 933, LightGBM Regression®] 0.317,
Gradient Boosting®] 0.321, XGBoost Regression®]
03379 4%S HEAth MAEoIA & Al Edo] H]sg
2342 Btk R* FelAE Random  Forestsh
Gradient Boosting 2@lo] t}2 RdSHT =2 31
71238t} Random Forest”} 0.491, Gradient Boosting
o] 04742 £=91E AT}

A7 A= Gradient Boosting E@o] 05882 A

Gradient

e @

o AR P et Aes Hoer,
LightGBM Regression®] 0589, Random Forest”}
0592, XGBoost Regression®] 06025 7|=3th
MSE WA+ Gradient Boosting E@3}

LightGBM Regression ®2o] 0.346% 714 5311,
Random Forest E@o] 0351, XGBoost Regression
03639 A¥E Btk  MAECA=
LightGBM Regression®] 04572 -3+ A3= B3

31, Gradient Boosting ®2¥} Random Forest 29|

welol
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04642 A8 At Btk R*ZelA:= Gradient
Boosting 29# LightGBM Regression ®@o] o}F
2k #Jol &2 04567 04565 71=Fuh

teom del W, FEA A4, =
LightGBM Regression =33 Gradient Boosting =
830] 2 23 HE & o=5t= oS Rl 4
o A FHA A7 A, A7 Aol gk wAley
7lua & Ane ¥ 6-8 18 4602 QoFE9
o
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O
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Table 7. Comparison of Prediction Results for Quality of
Life Using Various Machine Learning Techniques
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Figure 5. Results of Predicting Subjective Health Status Using
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Various Machine Learning Techniques
Modd | RMSE | MSE | MAE R? 9 .

RF 10877 11831 8.074 0535 E 9. Aol ot ofAlz{d J[HE ofE Z3 H|w
DTR 15156 22972 10.709 0.098 Table 9. Comparison of Prediction Results for Health
XGBR 11.351 12885 8.347 0494 Status Using Various Machine Learning Techniques

LGBMR 10.891 11859 8.081 0.534 5

GB 10.831 117.32 8.092 0539 Model RMSE MSE MAE R

RF 0.592 0.351 0.464 0.451
DTR 0.866 0.751 0.579 0.176
Abo| & o= XGBR 0.602 0.363 0471 0.429
LGBMR 0.589 0.346 0.457 0.455
0 GB 0.588 0.346 0.464 0.456
200
150
0 AZuE o5
50 1
0.9
o - - - 08
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Figure 4. Results of Predicting Quality of Life Using Various
Machine Learning Techniques

¥ 8 FoA AZAE o it ofalz{d 7Y ofF Zaf v
Table 8. Comparison of Prediction Results for Subjective
Health Status Using Various Machine Leamning Techniques

Model RMSE MSE MAE R2
RF 0557 0311 0.421 0.491
DTR 0.753 057 0.474 0.053
XGBR 0581 0.337 0.444 0.447
LGBMR 0.563 0.317 0.427 0.481
GB 0.566 0.321 0.429 0.474

0.5
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03 ‘

0.2 ‘

0.1 I‘
" \

RMSE

BRF MDTR WMXGBR ®LGBMR mGB

a7 6. chest ofaled JlHe B8t AYNES oS3

Figure 6. Results of Predicting Health Status Using Various
Machine Learning Techniques
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fl-score® ARE-3IITE RF R¥o Ag 7]‘ 9.70%
2 7P Eokom, I tgo® DTS 965% MLP
9B99%= e thro® NB 9067%, wHAEo
2 SVM E¥o] 70.33%Z 71F & A=)l A
W AE #RIE  Jrk 4¥%EE RF 283 DTS &
Fol 0992 7PF ESa, I thge] MLP REow
0.831, SVM 0.826 NB XE3&o] 0.778Z uEl}, NB
23] Axo] WolHrh UAEE v)Zow o 4
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Table 10. Comparison of Prediction Results for Economic
Activity of the Elderly Using Various Machine Learning
Techniques
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Table 11. Comparison of Prediction Results for Wage
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DTS 99.65% 0.992 0992 0.9% Model AT | AYE | Waw | Eolw
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Figure 7. Results of Predicting Economic Activity of the Elderly
Using Various Machine Learning Techniques
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