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This study aims to find out important factors related to BMI (Body Mass Index) by using machine learning
algorithms. BMI is highly related to the health of middle-aged men, such as various chronic diseases. 71
middle-aged men’s sleep data, step data, and body weight data were collected from a smartwatch device. Then
the data divided into 3 groups by person’s height and analyzed by using regression and tree-based machine
learning. Moreover, the results were visualized by using explainable Al, SHAP (SHapley Additive exPlanations)
to show positive and negative effect of each variable to BMI. In results, the factors have a close relationship with
BMI were different in each height group and it shows that considering a method of clustering people into
physical characteristics such as height is important to predict an individual’s BMI. Further, through results of
this study, it is expected to contribute to a personalized health management for each individual.
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Analysis of Lifelong for Health of Middle-Aged Men by Using Machine Learning Algorithm

Table 1. Derived Variables and Description
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Derived Variables

Description

Derived Variables

Description

DATE

Date of data

MUSCLE

User’s muscle mass measured by smart

scale
USER_CODE User's unique code WEIGHT User’s weight measured by smart scale
STEP_COUNT Total steps per day BMI User’s BMI measured by smart scale
DISTANCE Total distance walked per day FAT User’s amount ofsfﬁglgleasured by smart
CALORIE Calories burned per day BMI _INDEX Categories according to BMI values
AVG_SPD Average daily walking speed BMI_STATUS Description of status for BMI_INDEX
REAL_SUM WALK TIME | ol time walked per day based on BED TIME User’s bed time

distance walked

SUM_WALK_TIME

Total steps per day according to

TOTAL SLEEP_TIME_

Total sleep time of users per day

Samsung Galaxy collection method HOUR
- . TOTAL_SLEEP TIME _ Variance in total sleep time of users
STEP_STD Deviation of daily step VARIABILITY per day
DIST STD Deviation of distance walked per day| ~ SLEEP EFFICIENCY |lhe ratio of Sli?t’alefgfelz‘;y to the user’
SPD_STD Deviation of daily walking speed DEEP SLEEP RATE The ratio of deep sleep to the user's
— - = total sleep
MOR_AVG_SPD Average walking speed in the morning REM_SLEEP RATE The ratio of REM sleep to user's total

time period(7 am to 10 am) per day

sleep

MOR_REAL WALK_TIME

Total walking time based on distance
walked for each morning time zone

NAP_COUNT

Number of naps per day by user

MOR_WALK_TIME

Total walking time calculated by
Galaxy based on each morning time
zone

BED_TIME_VARIANCE

User's bedtime variation from the
previous day

MOR_WALK_DIST

Distance walked by users in the morning
hours per day

BED_TIME_VARIANCE
FLAG

A binary flag indicating whether the
change in bedtime from the previous
day is within 2 hours or not

TOTAL_TIME_CONTINUOUS
_WALK_20MINUTES

Total time of continous walked for more
than 20 minutes

BED_TIME_ AT 10PM_
TO 12PM _FLAG

A binary flag indicating whether
bedtime is between 10pm and 12
midnight or not

TOTAL_COUNT_CONTINUO
US_WALK_20MINUTES

Number of continuous walks for more
than 20 minutes

GENDER

User’s gender

LNC AVG _SPD

Average walking speed during lunch
time period(10 am to 1 pm) per day

AGE

User’s age

LNC REAL WALK_TIME

Distance-based total steps walked by
users during lunch hour per day

AGE_CATEGORY_10

Age category in 10 units

LNC_WALK_TIME

Total walking time calculated by
Galaxy based on each lunch time zone

AGE_CATEGORY 5

Age category in 5 units

LNC WALK DIST

Distance walked by users in the lunch
hours per day

HEIGHT

User’s height

AFT_AVG_SPD

Average walking speed of users during
the evening hours(Spm to 8pm) per day

HEIGHT_CATEGORIZE_10

Height category(in units of 10 cm)

AFT REAL WALK TIME

Distance-based total steps walked by
users during evening hour per day

HEIGHT_CATEGORIZE 5

Height category(in units of 5 cm)

Total number of steps calculated based

AFT_WALK_TIME on the Galaxy Watch in each evening WEEKDAY Day of the week
time zone
AFT WALK DIST Distance walked by users in the evening WEEKEND A binary flag indicating whether it is
- - per day a weekend or not
Average walking speed of users during . o o
NT_AVG_SPD the night time(9pm to 12 midnight) per HOLIDAY A binary flag indicating whether it is

day

a holiday or not

NT REAL WALK_TIME

Distance-based total steps walked by
users during night hour per day

NT_WALK_TIME

Total number of steps calculated based
on the Galaxy Watch in each night time
zone

NT_WALK DIST

Distance walked by users in the night
time per day
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Table 2. Variables without High Multicollinearity

Variable VIF Variable VIF Variable VIF Variable VIF
Int t 0.000000 NTAVG 1.234312 MOR_WALK_ 2.996044 TOTAL SLEEP_TI 5.547898
nter . . . .
ereep SPD DIST ME_VARIABILITY
BED_TIME_ MOR_WALK
GENDER 0.000000 | AT 10PM_TO_12P | 1253070 e | 3832779 SUM_WALK TIME| 5601399
M FLAG
STEP LNC WALK AGE CATEGORY
HOLIDAY 1.037140 - 1.284651 - - 3.849704 - ~1 5.686721
COUNT DIST 10
LNC WALK
WEEKEND 1.072393 |REM_SLEEP RATE| 1.333314 "l:IME - 4.091017 AGE 5.778830
DEEP SLEEP RAT| .| INCAVG. | ..o | NIWALK | . [TOTAL SLEEP TI|
E ' SPD ' DIST ' ME HOUR '
TOTAL COUNT
AVG _SPD 1.100169 SLEEP_ 1.343735 REAL_SUM_ 4.125097 CONTIN{JOUS W_A 13.824525
- ' EFFICIENCY ' WALK TIME ' - '
LK 20MINUTES
TOTAL TIME
MOR AVG NT WALK - i
HEIGHT 1.147705 ~ - 1.609265 - - 4.564117 |[CONTINUOUS WA | 14.084656
SPD TIME
LK 20MINUTES
NAP_ 1175760 | BEP-TIME_ ) geompg | AFTWALK ) (00005
COUNT ' VARIANCE FLAG| DIST '
BED TIME AFT WALK
AFT _AVG _SPD 1.219505 . - 1.997267 - - 4.733533
VARIANCE TIME
4.4 goJg] 2dg o] AA Al 28 YEATHOR ef al., 2021). & AT A=
sto| A ghehn| 7k H A 7S 2= W O 2 GridSearch 9 4
2 AF= dA T 9 WS A8 (Feature Selection) = F3 A 52 HISatA R S 571 w2 w o] Aok H A3} A2 WAl
& HFHQ HFE U 7HA Ed(Ridge 3 ARD, SVR B2, Hyperopt(Bergstra et al., 2013)E 28331 2., Hyperopt 444
A=

XGBoost 29, CatBoost £2)Z <53ttt 2d A4 2
& A ol A train set3} test setS 8:2 2 U0 A Sh5tH oH,
Bt} 483 AZ5S 914 5-fold cross validationS A3} T}
O &0, &g o] A7|A Al early stopping} sho] 3 3}2}n|
B #he frofsteA 24stAth <Figure 1> dloE Rdd

37 A2 2= hpaniform3 hp.quniform(Putatunda and
Kiran, 2018)& AH-&3tAth =&, 3lo| #aletul g o] M4 & A
At dolle A AFE FusFATHSVR: Crone et al,
2006; Parveen et al., 2016;, XGBoost: Ogunleye and Wang, 2020;
Ryu et al., 2020;, CatBoost: Bassi et al., 2021; Zhou et al., 2021).

Data Preprocessing Modeling Evaluation & Interpret
T T '7' ! Multiple Regression *’:rﬁ’":’” )
| — — et ‘Hyper
| ’ Sleep ‘ | Step | |Me“urer| ‘ (dependent variable = BMI) P?rameter Ev:Iz::ilon
L - h ) i i i Ridge Regression {Tuning

(rjyperqpt) = R-square
[N = Adjusted R-square
1 ! - RMSE
| - ! : | . b
-— 1 | = Explained variance score
Daily Life-Log |
1 |
Missing Value Check i Test set
Outlier Check . |
Derived Variable i
3 eXplainable
l Artificial
Intelligence
Preprocessed Data SHAP
- Al

Figure 1. Flow Chart of the BMI Prediction Modeling

Train Test Split

-]
N
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Table 3. Hyperparameters for XGBoost, CatBoost, Ridge Regression, SVR model

XGBoost CatBoost
colsample bylevel 0.614374098996575 depth 5
colsample bytree 0.856746338644902 iterations 800
gamma 0.497626873710138 learning_rate 0.0100096020927548
reg_alpha 0.759634599717601 objective MAE
learning_rate 0.038069566520957 Ridge Regression
max_depth 3 alpha 6.682015737206296
min_child_weight 3 SVR
n_estimators 800 C 49.84009007578617
objective reg:linear epsilon 0.3639222481694366
subsample 0.729165370718636 gamma auto
kernel linear

Table 4. Comparison of 4 Machine Learning Algorithms for All Data: Ridge Regression, SVR model, XGBoost, CatBoost

29 | Explained_Variance Score R-square Adj. R-Square MAE RMSE
Ridge 0.090 0.089 0.077 2.222 2.910
SVR 0.245 0.245 0.234 1.941 2.650
XGBoost 0.442 0.441 0.434 1.697 2.279
CatBoost 0.365 0.365 0.356 1.841 2.431

djo]E o] 5-fold cross validation & &3t &, Hyperopt= 7¢ A3} W] 7} B9 B 5 FFo2 A4 M, Fa57Hmf§- =&
Z il o] # A sto|H v ghS <Table 3>l A3t ¥y, AL Z Yy th(<Figure 2> #1). WhehA, A14& 7| F 2.2 74
HA solnerHE A4 74 BP9 AeAEE  SuT TASAG FAA EVIE AT R2H, et
<Table 4>9 A 2]5}4 o). w3 o) 30, 40tH, 50tH o} B+ 71+ 22t 174.05em, 172.15¢m,
169.39cm(National Health Insurance Service, 2021)& ¥ o A4S
71# 2.2 7k 7y #3190 165em~170cm, 3 2% 170em~175¢m,
a2 a1 FFAAH 22 A7 UE 175em~180cm S 7 30
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mean(|SHAP value|) (average impact on model output magnitude)

Figure 2. Feature Importance Calculated by the SHAP Method




510 Jiyong Kim *

5.4 3}

TR 1S AL 13802 FAH OB, <Table 5> 4744
2o H5ARE A Aotk Mg Asol 3d 2Y
L Catboost ¢ 18] Z0]$ 2.1, Catboost= T3l 3 19 ©o]
E 5 9 doE|E SHAP 71" & &8 BMIo| JF o]
Z U E =3 A= <Figure 3>9F 21

gﬂm
rlo
23
rlo
§3’
o
<1

TE = =
value€! BMIS T3] 58 S oS358 Qe 0, v
B e e A FHES JFL FE W4 E r @t 3
& HolEol ta) o2 2ES BMIZ 23.95% o238 A
A @ 228019tk olw BMIS] £()9 FF& & 2 22H
b A B AL &7t g 2 4TS FE AR 5
HET} Z, o] A BE AL $E7h =@ A BMI 2

=
7P gEo] Yot & &

T 25 AEA30HOE T gHOi o ™, <Table 6> 47}
A B A5ARE AYT Aot /M w2 45 B
292 XGBoost €8] =021, XGBooste 3 4 2
o gloJE] F ¢ ]9 "ol E SHAP 7| & &3] BMIo| %
2 AT E A& A9 & <Figure 4> 2t 74 29

30
o

Jisoo Lee -

Minseo Park

r(

fru

4.17

=z
= T
=
j

s tiolElo] thal ¢ Zd2 BMIE
AA Fhe 240130tk BMIO =(-) 9] 93
AANY B AE £29 TH 88
AR S AH

TR 3L AEA260H O E FAEY O T 52 5

Hol wdl o gYRO|QIT} (<Table 7> #11). SVR 2 7} SHAP
7IM < ol&ste] BMIO| o] & MFE &3 e
<Figure 5>} 2T}, <Figure 5> F&3 73 39 vlo]EH A
LTEOI BMIo] o]® &8 Fx2 HoZr o= v
< BMIZ 26312 =393 AA gk 26.501 31Tk BMIO|
()9 9Fe & AARH P Az Bt A5 £271 71
TE AR HHT &, 0}%‘ A H1t 2
3 Eo| Yozt

o F3k gl
SAR 1 of

[e)
s

[1]0!\)

[¢]

o ogir i

oR rlr

N b
rr
ko

fﬂl

1:&

oy
=
T

tz do oX n[o
no el
¥o.
£ 35«%

0o - o

EORL

o9 dio]El7} obd 3] uf A A wlo]E el th3]
A8 S W, T 1A ofd B A5

0 Hd A &5, FH FAL HT A &5,
o] BMI d| &0l tigt =8 HgrolH, 73] 20| A &=
0 A& A, ol Hd 25 &5, AN Hd 25

fol oL
>
[

ot B by F
. o
ox

o E

>,

Table 5. Comparison of 4 Machine Learning Algorithms for Group 1: Ridge Regression, SVR model, XGBoost, CatBoost

24 Explained_Variance_Score R-square Adj. R-Square MAE RMSE
Ridge -0.040 -20.487 -22.171 11.807 12.104
SVR 0.159 0.149 0.082 1.875 2.409
XGBoost 0.597 0.591 0.559 1.248 1.670
CatBoost 0.611 0.605 0.574 1.240 1.641

higher 2 lower
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Figure 3. Variables that Affect BMI for Group 1

Table 6. Comparison of 4 Machine Learning Algorithms for Group 2: Ridge Regression, SVR model, XGBoost, CatBoost

29 | Explained Variance Score R-square Adj. R-Square MAE RMSE
Ridge -0.013 -1.434 -1.510 2.871 3.490
SVR 0.069 0.054 0.024 1.622 2.176
XGBoost 0.453 0.453 0.436 1.209 1.654
CatBoost 0.319 0.316 0.295 1.305 1.850

215 2.0 25 230 ER

higher 2 lower
)

base value

24.17
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Figure 4. Variables that Affect BMI for Group 2
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Table 7. Comparison of 4 Machine Learning Algorithms for Group 3: Ridge Regression, SVR model, XGBoost, CatBoost

=g Explained_Variance_Score R-square Adj. R-Square MAE RMSE

Ridge 0316 -107.124 -134.390 38.207 38.328

SVR 0.837 0.830 0.787 1.245 1.522

XGBoost 0.720 0.691 0.613 1.431 2.048

CatBoost 732 0.698 0.621 1.343 2.027

higher 2 lower
35 %40 245 =0 55 6.0 .31 6.5 7.0 7.5 8.0 /5
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Figure 5. Variables that Affect BMI for Group 3
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