Mexzet M13EH M 23
Therapeutic Science for Rehabilitation
Vol. 13. No. 2. 2024.

https://doi.org/10.22683/tsnr.2024.13.2.069

S8 x2le) 7ol 0] 12 ar0| ARl 22
HAYS ¢

EA Q1o A% 419 WA B A glo]mAELYY] Tt A7t S7Fstal Qltt. gto] TAERIo] Fi7H
19] 7219 ’-@u}g s Wrgstks MEdolE E6tal, oA 7R 7iR19] ofwt 74x|7} elo] ZARY
< A7SHA FrsteA oofet Ate FE53 AAolth ool & At Q19 SolnARY f38S
F 7R BERota, HAlgES 285t ojudt 1A 7Hx|7L 74733t gl AR o] -0 R
A1-g-5h=A] mHetstalA} gt

AT 3 At A GQARRlo AFShe 554 ol S =0l 3008 e R Fd AFE T

At gho] TAEFA-S Yonsei Lifestyle Profile-Active, Balanced, Connected, Diverse (YLP-ABCD) &
= A&t ;SXHE”}%] 4 53l RSttt oA fe dEshe YA 7=
YLP-V (Values) &< F35t0], d&Ad50] 7 =2 HAlEd deEs A% & At 58%
£ THetstit.

23 A ERnd 24 A3, o] TARY-S 473 ol TARY AH Y (48.87%), BIAAY
07 EREU AHAF &3 F1H lr—?l% H[AZH ol vl AR EAZE e S48 ‘/}E}lﬁ‘ii
o £ ddqto] =3t mAlgY daEE F 7MY St A Hol e ARE dWE HAoE,

-

_4
_4

A 96%, Receiver Operating Charactenstlc (ROC) 99 95%2 UEth & dug|&2 vigto g
NR1A 71219] A S8 EF AR Ay}, 7%t Ald, 747 wiA|, o7k, 147 Al 2 w4l
o F9I% 719945, o 1Rl Tt 59 ole AT ol AT ATse
JhsAo] 2 Aog ekt
A & d9e 31 k919 ARA #ATE E A7 gl nARYE fsty] Ao, A%
A oA, o7k, A 2 0] et 71 B FRAO gt FeHe ZRad U Aulad)
B4 AN

FA O L AN THA, kRl EolmAR, HAlEY, did F8=

WAIAAL B2 & (otscientist@yonsei.ac.kr) || A2=Y: 2024.01.28 || AAFY: 2024.02.02
|| AS<AY: 2024.03.18

Therapeutic Science for Rehabilitation Vol. 13. No. 2. 2024. 69



w19 A% #Eof o] N&A HILEY ogd
Z =M (Michel & Sadana, 2017),
o2 A Rl A7E TEohs AT EA
7743t ol ZAERUo| wE aIHgo] ther HlE I Ql
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Table 1. Demographic Characteristics (N =300)
Characteristics n %
Age’ 62.23 5.56
Sex (Male, %) 150 50
< High school 97 32.33
Educational level (%) Bachelor's degree 172 57.33
> Bachelor's degree 31 10.33
Residence (Urban, %) 283 94.33
Good 57 19
Economic level (%) Normal 172 57.33
Bad 71 23.67
Marital status (Married, %) 248 82.67
Subjective health status (%) 3.76 73

"Mean + Standard Deviation

The sum of the percentages does not equal 100% because of rounding.

Table 2. Results of Latent Profile Analysis on Lifestyle Behavioral Patterns

Number Log

Latent class distribution rate n (%)

of class  likelihood AIC BIC SABIC  LMRIRT  BLRT  Entropy 5 ; .
1 -7313.451 1465890 14718.16 14667.42 - . 1.00 588) } . .
2 077006 1420419 1429679 1421750 463678 ammir g0 o
' ' ' ' ' ‘ ' GL1) (111
. . . 49 88 163
3 701579 1409959 1422552 14117.69 120257 122599 80 (Ga (933 (5433)
- c . 153 3 50 94
4 698703 1406006 1421932 1408295 S6.434 5753 84 T (U0 66y (119

AIC = Aikaike’s information criterion; BIC = Bayesian information criterion; BLRT = bootstrap likelihood ratio test; LMRLRT =

Lo-Mendel-Ruben likelihood ratio test; SABIC = sample-size adjusted bayesian information criteria.

p (.01
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——o—— Latent 1: Unhealthy Lifestyle Group (51.13%)

et Latent 2 : Healthy Lifestyle Group (48.87%)
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{Negative)

Socia
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(Positive}

Figure 1. Results of Latent Profile Analysis on Lifestyle Behavioral Patterns

Table 3. The Descriptive Statistics for Latent Profile Analysis Results

HLG UHLG T
Characteristics 7 < " < statistics
Physical activity (Positive) 33.10 4.91 27.99 5.39 -8.58
Physical activity (Negative) 19.77 4.99 25.39 4.58 10.16
Nutrition (Positive) 33.66 3.62 29.16 4.04 -10.13
Nutrition (Negative) 18.70 3.58 23.06 3.96 9.99'
Social relationship (Positive) 32.46 4.14 26.26 4.73 -12.07
Social relationship (Negative) 16.25 4.06 23.65 4.23 15.46
Social participation (Positive) 27.57 475 23.48 5.01 -7.25
Social participation (Negative) 21.78 3.88 27.98 3.13 15.22°

HLG = Healthy Lifestyle Group; UHLG = Unhealthy Lifestyle Group.

“p < .001.
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Table 4. Differences in Predictive Variables Between Latent Groups

HLG UHLG T
YLP-V items .
M SD M SD statistics
Interest : 8 items
1. Family o
[ tend to be interested in family health. 415 60 37 71 5.80

2. Job
I tend to be interested in productive activities (unpaid work or paid work).

3.74 72 3.47 .82 -3.02°

3. Community
I tend to be very interested in health and welfare issues in the area where I live.

3.50 72 3.05 .80 -5.06

4. Recreation
I tend to be interested in hobbies or leisure activities.

5. Fashion

3.94 59 3.40 78 675

I tend to be interested in the latest information regarding health. 397 56 347 77 ~6.52
6. Food .
[ tend to be interested in a healthy diet. 395 03 348 7 -0.03
7. Media

3.89 .04 3.46 74 -5.38'

[ tend to be interested in video media or news (articles) on health topics.

8. Achievements .61

I tend to plan and practice a regular life for health. 398 345 70 694

Opinion : 9 items

1. Self-concept
[ value my own existence and health.

2. Health Issue
[ attach great importance to health problems that are directly related to daily life.

431 59 3.86 67 613

4.29 54 3.76 64 773

3. Politics £ 79"
[ think health-related national policies are important. 424 67 378 70 >72

4. Work-life balance
I value work-life balance activities as long as my health allows.

4.19 .60 3.84 62 -5.00"

5. Economics
I tend to spare no consumption expenditures for health care.

3.95 .06 3.70 .66 -3.34

6. Education
[ think it is important to acquire health-related knowledge and information.

7. Products
[ value the purchase of health-related food and products and the use of services.

4.07 .01 3.69 .64 -5.31

3.95 63 3.61 69 439

8. Future
[ believe that lifestyle changes are important for health.

9. Culture
[ value health management practices in line with changing health information.

HLG = Healthy Lifestyle Group; UHLG = Unhealthy Lifestyle Group.
"p € .001.

4.20 57 3.91 .60 -4.26'

4.22 .58 3.92 .68 -4.06'
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Table 5. Classification Performance of Machine Learning Model

Model AUC Accuracy Specificity Sensitivity
(95% CI) (95% CI) (95% CI) 95% C)

IR .94 .93 .99 .88
(.89~.99) (.86~.99) (.99~.99) (.79~.97)

DT .79 .79 .84 73
(.68~.88) (.68~.86) (.70~.96) (.59~.86)

RE 91 .92 .95 .94
(.85~.97) (.86~.97) (.77~.99) (.86~.99)

VM .95 .96 .95 .96
(.90~.99) (.90~.99) (.85~.99) (.89~.99)

AUC = Area under the ROC curve; CI = Confidence Interval; DT = Decision Tree algorithm; LR = Logistic Regression; RF = Random

Forest: SVM = Support Vector Machine.

Opi_Econimics
Int_Fashion
Opi_Politics
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Opi_Culture
Opi_Education
Opi_Self-concept
Int_Community
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Opi_Products
Int_Food
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Figure 2. Relative Importance of Predictive Variables
Opi = Opinion items of YLP-V; Int = Interest items of YLP-V.
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Abstract

Identifying Personal Values Influencing the Lifestyle of Older Adults:
Insights From Relative Importance Analysis Using Machine Learning

Lim, Seungju’, M.S., O.T., Park, Ji-Hyuk™, Ph.D., O.T.
Dept. of Occupational Therapy, Graduate School, Yonsei University, Doctoral Student
“Dept. of Occupational Therapy, College of Software and Digital Healthcare Convergence,

Yonsei University, Professor

Objective : This study aimed to categorize the lifestyles of older adults into two types - healthy
and unhealthy, and use machine learning to identify the personal values that influence these
lifestyles.

Methods : This cross-sectional study targeting middle-aged and older adults (55 years and above)
living in local communities in South Korea. Data were collected from 300 participants through
online surveys. Lifestyle types were dichotomized by the Yonsei Lifestyle Profile (YLP)-Active,
Balanced, Connected, and Diverse (ABCD) responses using latent profile analysis. Personal value
information was collected using YLP-Values (YLP-V) and analyzed using machine learning to
identify the relative importance of personal values on lifestyle types.

Results : The lifestyle of older adults was categorized into healthy (48.87%) and unhealthy (51.13%).
These two types showed the most significant difference in social relationship characteristics.
Among the machine learning models used in this study, the support vector machine showed the
highest classification performance, achieving 96% accuracy and 95% area under the receiver
operating characteristic (ROC) curve. The model indicated that individuals who prioritized a
healthy diet, sought health information, and engaged in hobbies or cultural activities were more
likely to have a healthy lifestyle.

Conclusion : This study suggests the need to encourage the expansion of social networks among
older adults. Furthermore, it highlights the necessity to comprehensively intervene in individuals'

perceptions and values that primarily influence lifestyle adherence.

Keywords : Lifestyle, Machine learning, Older adults, Personal values, Relative importance
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