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Abstract: By using 14 machine learning (ML) techniques, from extreme gradient enhancement (XGB) to other
techniques, classification models were respectively developed to cover sedentary behavior (SB) in young children

and various physical activity (PA) intensity, which has designed to explore high-precision identification methods for
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PA intensity for this population. The study adhered to the COSMIN guidelines, and fifty children aged 3—6 years
were recruited and wore ActiGraph GT3X-BT accelerometers in their preschool setting, while their PA was
video-recorded. Using the Children’s Activity Rating Scale (CARS) and the ELAN tool, PA was categorized into
either three groups (SB, light-intensity PA [LPA], and moderate-to-vigorous PA [MVPA]) or four groups (SB, LPA,
moderate PA [MPA], and vigorous PA [VPA]). Using raw accelerometer data as input features, 5 s, 10 s, and 15 s
sliding windows were applied for data segmentation, followed by Synthetic Minority Over-sampling Technique
(SMOTE) processing. 14 ML techniques, including XGB, support vector machine (SVM), random forest (RF),
convolutional neural network (CNN), and deep learning ensemble network (DLEN), were used to construct
three-class (SB-LPA-MVPA) and four-class (SB-LPA-MPA-VPA) classification models. Model performance was
evaluated using 5-fold cross-validation, and an equivalence test was conducted on the optimal model. Results show
that for three-class models respectively, the F'1-scores of fourteen models change from 80.3% to 97.5%, and their
total accuracy changes from 80.6% to 97.5%. Five models including XGB, SVM, RF, CNN, DLEN, have both
F1-scores and total accuracy over 97.0%. Among them, XGB gets the first position in F'1-score, total accuracy, and
accuracy for SB, LPA, MVPA intensity classes, which are (99.06% = 0.31%), (95.43% + 1.61%) and (97.99% =+
0.72%) in sequence. For four-class models, F'1-scores are in the range from 71.9% to 97.2%, and total accuracy is in
the range from 73.2% to 97.2%. Therefore, the same five models, XGB, SVM, RF, CNN, DLEN, have both
F1-scores and total accuracy over 96.0%. Hence, XGB again ranks first in F'1-score, total accuracy, and accuracy for
SB, LPA, MPA, VPA intensity classes, which are (98.89% = 0.77%), (95.51% + 1.16%), (96.00% =+ 0.72%),
(98.40% + 0.73%), and the equivalence test results show that the average bias between XGB’s predictive values and
real values is —0.009 min. The conclusion holds that five machine learning techniques including XGB, SVM, REF,
CNN, DLEN could carry out effective identification of SB-LPA-MVPA and SB-LPA-MPA-VPA intensity categories
in young children, and among them, the XGB showing the highest performance level.
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HMM 0.803 0.823 0.833 0.719 0.739 0.736  0.806 0.827 0.837 0.732  0.753  0.752
DA T A HE,

FK3INIS s FEBSHEOF, I3FEAIE XCB R HAI(P<0.05). 7EMUZAESH, XGB BEFEMLT 11

BOXF (R IAE R, =TS, XGB BB T 8 f  FEAI(P<0.05),
*3 BERRNERS XGB WA t RIEER

% BEA F1 t KA E P A ARIE PAE KR E
SVM 0.971+0.006 1.200 0.295 0.348 0.701

RF 0.971+0.003 1.880 0.134 0.193 1.168

CNN 0.970+0.005 1.670 0.170 0.221 1.106

DLEN 0.975+0.003 0.060 0.957 0.957 0.044

BLSTM 0.96620.005 4.930 0.008 0.013 1.943

ANN 0.974+0.003 0.670 0.541 0.586 0.309

3-15 LSTM 0.968+0.003 7.230 0.002 0.004 1.942
KNN 0.951+0.003 13.890 0.000 0.000 6.989

DT 0.931+0.013 6.640 0.003 0.005 4235

LR 0.942+0.005 17.060 0.000 0.000 6.969

GNB 0.833+0.014 18.700 0.000 0.000 12.398

GMM 0.833+0.014 18.700 0.000 0.000 12.398

HMM 0.833+0.014 18.700 0.000 0.000 12.398

SVM 0.9710.003 0.330 0.755 0.755 0.122

RF 0.963+0.004 5.640 0.005 0.008 1.729

CNN 0.964+0.006 2.800 0.049 0.053 1.336

DLEN 0.96120.007 4230 0.013 0.017 1.609

BLSTM 0.9510.004 10.510 0.001 0.001 3.886

ANN 0.949+0.004 9.290 0.001 0.001 4227

4-15 LSTM 0.932+0.017 5.230 0.006 0.009 2.890
KNN 0.962+0.002 3.170 0.033 0.040 2.353

DT 0.921+0.008 18.800 0.000 0.000 6.770

LR 0.885+0.005 56.570 0.000 0.000 14.481

GNB 0.736+0.012 54.500 0.000 0.000 23310

GMM 0.736+0.012 54.500 0.000 0.000 23310

HMM 0.736£0.012 54.500 0.000 0.000 23310

1 AR XGB 15 s % 10 FIREHE ., =02k
WFULIEN 1 72, SB BYUERGFEA 99.1% . LPA 24 95.4% .
MVPA 4 98.0%., H:rf1, 0.9%H) SB i%¥IH LPA, 2.9%
55 1.6%I1) LPA 43511255 MVPA 5 SB, 2.0%[%) MVPA
A LPA, PUS2ERTULIEL 1 47, SB MIMERGR K

98.9% . LPA 4 95.5% . MPA 4 96.0% . VPA “} 98.4%
Hdr, 1.19%09 SB %A LPA, 1.4%5 3.1%19 LPA 43
WK SB 5 MPA, 0.9%5 3.1%IK) MPA 435153
9 LPA 5 VPA, 1.6%M VPA i}y MPA
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HIRE
HoME (%)

SB LPA MVPA
TR

Tl 98.9 11 0.0 0.0

LPA 14 95.5 3.1 0.0 —.
# R
U e
ﬁ - an &

MPA 0.0 09 96.0 31 fax

VPA 0.0 0.0 1.6 084

5B LPA MPA VPA

TRAGRE

1 XGBEE%EM

2.3 FHMEMR

TERAIRL XGB 5 CARS BYZ54eHmt , 4424
SASE- 2Rt a1 5345 4, SB A CARS (B A 11.85 min,
XGB AN 12.06 min, —F 25K 0.21 min, Z5HF
H 43 H+1.80%, LPA ) CARS Ml £{4 4 13.81 min,
XGB F{E A 13.70 min, 2253 H-0.11 min, Z5FH 5
It 4-0.80% ., MVPA f) CARS Jl+H{E 4y 9.54 min, XGB
FME N 9.44 min, 5 H-0.10 min, ZF G4SN
-1.00%. Bland—Altman 531 75 , BASH{E S CARS
D B9F- 20 2 H-0.009 min, 95.1% K50 S 07 T
— SRR, — X A FE R 0.876 min.

3

ARIFFEIET 14 FIHLAS 2= D BOARNG EE4) L PA 5
PUIEHREAL, ZER AT, FEN S B
B RF. SVM, ANN. DLEN 4 FfL#sas > 55 AR I ]
KR TAE, MLE A E#E KK SB-LPA-MVPA-
HAT-HMUP H AL, T Sins BT L SR
JE DI SIS B bR ER R, A B 5T 4 R
SB-LPA-MVPA =732l SB-LPA-MPA-VPA PU/3254T
S TIRIR L . 450 R, FE 14 PR rh =432k 5
Oy 2 R RL Y UE B R B 80.6%~97.5% 5
732%~972% , F1 70 0 5 h 80.39%~97.5% 5
71.9%~97.2% , i i A HIF 58 45 45 0 19 ofE 6 2% Oy
59.19%~85.0%, F1 7380 ARMRIE, Hr, XGB, SVM,
RF, CNN. DLEN 5 RN} =2 5043254155
BIUERE I 23 B T 97.0% 5 96.0%, XGB HJE B,
I AN B 5T U o R ) ok O i 85.0% .
SB-LPA-MVPA =/432&0f, XGB %5 5 RIS PA 25
S Bt HE B R 4r B A SB(99.0%~99.1%)
LPA(92.7%~95.4%)5 MVPA(90.7%~98.0%). 5 EE{1:HF

5¥(SB N 76.8%~94.7%, LPA } 71.1%~91.0%, MVPA
H 79.0%~83.6%)FHLL, AWFFEAE SB. LPA F1 MVPA
R A B T; 4.4%~222% . 4.4%~21.6% Fl
11.7%~14.4%., FCX} ¢ K945 R 23 XGB (K1 RE B %
T 8 FEAL(P<0.05), SFRMHEMITEERU, XGB
TR CARS N TARE(E R P-4 2542 - 0.009 min,
95.1% B S ALTE 95%—E kX a2 iy, —EBEX
(] %) 5 2 A7 0.876 miin A 11 PRI ] HL 1T, iX I XGB
LIRS CARS N TARPAZ A4 5 = — 3k
AT FIER R AP R, B A R AR A e |
R4y FEms . KR A B L R RE AR — B &
AWFFEXRT L 14 FhHLAS2= A, 45 o, XGB
FIFILT SVM. RF. CNN. DLEN % H4y 13 i
El, XGB LR N HEEHIE, XGB J& T3 T4
AR RLF 2T D7, T LA RO HE 45 SR E 2 A1 52 24 1)
FEZEMEOCER, A B B Hat v SR AN R A AL A 1 Ak
R XGB IR A IEMEHLE], mT 4L e R
B, S BOREAS A PR RE 4 B e e Y PA B
XGB FEARRMF R T SVM,  J5E R KA 245 7]
SVM A B Rettk, SVM X A% pREUR S 5015 E AURR
FENELE A = SR 22 [ A TE 2 2 AR MR OGR4 2
PERE 32 BB . XGB ARATHREERR R ML, 7T H 3k
SRR Z (B AR M RS Y, AR EEIAR
F A% PR BUR RETE B AL AL™ . RF [RIFEJE AR
XGB [ HER R Mz LR S8 % F RE™, CNN.
BLSTM. LSTM. DLEN #J@ FURBE2: B, Flix 2
BEAIAH LG, XGB X £icHhe 74 R R AR T (9 49 6 o
I, XFEAR AR, D) LG ShEdEREAS 55
ABR, X SR R TR
RUT SIS PR RRAAE , Yt fE 42 H
MR BT R AR, WIS 5 B 5, XGB
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FE /N B S T P e O, SRR bR
TR

A BEFE" %) PA i 2O IR g, 2%
PA 34 SB, LPA, MVPA, #47, ML, ARHF5
FAEFA 05 X H LS S B L, Bh
SB-LPA-MVPA 5 SB-LPA-MPA-VPA , BAKFT R 1E7E
EER, REAMERUATEEL, AR R
J7 75 AT IS R A R e, B B A
TRRE ST, WAl L SR ™, DRI AT B
S B ESE AT, XS RAFIE T B S LPA . MVPA
BIREEAFAE T, ARG ER X A R R 2E ), &4k
SR 2B, SR ARG B 3 43 77 =X
AT A AT S5, o n] 4 R B AL S By FH v RS e
PRI M E™

T R A B e 7 A5 ASH 167 (SB 340.00 min, LPA
406.50 min, MPA 145.75 min, VPA 144.25 min), Z#f
G SMOTE AN S EFEA A 76 il R LA
SCBAEY SN FA . AR T DB B
HEAT S 193 RAET N | SMOTE FEASTE4RHIE 23 [h) HE X
IEABREAS T A (B4R R A BT I B UREAR , R0
BORREARR 2R, ARSI A R, 53 X
T 75 32 AT DA B8 A BRI 23 1] o 1) SR 3R 45 4 AR
B, AR R AR T S A IR AR RO A, SR ] sk
G BUICSOREA (S L o FE m 4ERFAE 25 (B, dn ekt
FEHRAER PA $0E , SMOTE 97 J@/ B e s s 5t
5 B AEARY T A M DX o428 . FSE R, SMOTE
ST IR BN XGB 1 RF)ZS A (8 i
RS 3 HE /DB B TSR L 4050

Bl —8E g, PA RMER A EFHE, W
Hagenbuchner 55" W R B AL . W32 . Pl FEL GG
b . 5. WEHBCE . WAATE . A, X
SefT 55 ZLIgEHA . SRR . AT TR A TS BN £
ARG T P A B DR T4l LTS DAk S e
HRE SN B, V5 I B T 2 L sh AR s
A I Bh VRSB R A A SC R 5 A5 % — 22
5, NTRE SRS [RIBUIE 4R 22 (8] () T iR R 1 LA K
AR AR

AHIFFEAE SR AR 5% 7 T4 BAT S
WM. TESCPRI T, Las ) BRI RENE 4k
HREAE XS Th JF o2 BRI AR, Sk E 4L
BT AT BT R Ak LA R A 2ok B
TV 58 6 7 V) a5 AR BT O s AR B,
ST AR “Bi R — R AE B B — R A St
PR AR, RIS HGE BT AL AR 5
LT E SR R BRI R S . kG B R i 3h

SRIEAREER, REN N A LIRSS I TAE |
12 S PR B A BC B T AR LA AT sk 7 i PR 4 T
1, AL T B S, R AT LA LAR T
SR R A E LA S TR EOR ROAEIE RS, HRAEEL
PS5, SXTIERE . 1250 & B IR LA K Rk
VA2 ShBar SFRRR AR 7, M TAs ik B8
Pl S RE M AR A B RRZE R Fokgg Tt
XM R AR R A AR, BT T B n IR
B, RIIHZE RS hITAh . 470 WD LA B
TP SZ . TERREFSEXAN T, AR T4
JL PA SREE SHERRSON Z BOCR, SRHETORUHER I
DA, DA E PA SR SIRTEERR . 123 &
FNATT R Z IR R R Z i VLA, Rk
JEE 1 SR BRSPS M SO HE T T S . SR LS
2 I BORTE IR A0 H 32640 ) LB ST Sl it o B
i, RESEARAREE b4 B A DGR A4 LA S R SR HE T 1Y
AR, B RWEEE AT LB THLaR S 2] (5 5 2845
SR R e bRl Aok, M ELHLHIfL LA S K J
PR R R7R PA TEHESHIRT A R . 12 sh L RRIE AR
PLSGNAAT AR5 S e E LS, 1E41)L PA 5
3 FORS AL BRI B A B B T R R
ARBIEFE TR G RF 2 rRiA T, (AATE A
TR Ho—, £ PA SEEEURE AR, JLHUE MPA
FVPA FEAE D (RIS, AR AT
i O LR S BRI BT AR AR, I BN
BRI S A S ARSI P, o, ST RRRAAR
T PRRE], FRCRREESRE . #HIX . PANaE
F SR IE Hh SRR LA AR R DG 16 sl 85 SR T AE %) )L
FEIPREE 2, A E 4R T A e v )
ZFhEREE PA, DIMORAIERR AG 0 S
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