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Abstract

Against the background of the increasingly serious global obesity problem and the promotion of
China’s “Three Reductions and Three Healthy Conditions” policy, this study proposes an interpret-
able obesity risk prediction method based on XGBoost and SHAP analysis based on 2111 multidi-
mensional health datasets from Mexico, Peru and Colombia. An obesity risk prediction model was
first constructed based on the XGBoost integration algorithm (with a model accuracy of 96.22%)),
and the initial features of the model were interpreted based on the XGBoost embedded assessment
metrics. The Tree SHAP method was used to analyze the feature interpretation of the diagnostic
model, to explore the relationship of important features on obesity risk, to analyze the dependency
interaction effect between features, and to reveal the prediction mechanism of the model intuitively
and transparently. Finally, cluster analysis was used to classify the population into 6 categories, and
precise intervention strategies were proposed in accordance with China’s “Year of Weight Manage-
ment” policy. The study validates the cross-cultural effectiveness of the “diet-exercise” intervention
pathway, provides evidence-based basis for the globalization of the “Healthy China 2030”, and cre-
ates a new paradigm for the international mutual understanding of health policies.
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Figure 1. Research framework diagram
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WAETRIALE], SHAP J7i%5I N T 3T Shapley {H FI4FEVH A 115 . Shapley fE vt & 16 3 AL S R EAL
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Table 2. Model performance evaluation metrics
7= 2. BV REITARIRHR

AR HiFTES RS (EIEES F11{H
XGBoost 0.9622 0.9636 0.9622 0.9620
Decision Tree 0.9385 0.9389 0.9385 0.9385
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random forest 0.9385 0.9391 0.9385 0.9388
Support vector machine 0.8747 0.8788 0.8747 0.8755
K-nearest neighbors 0.8132 0.8112 0.8132 0.8103
naive Bayes 0.5414 0.5165 0.5414 0.4772
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6. #HARBEIER BN EEFHER SHAP (K#5[E

DOI: 10.12677/0rf.2025.153178 487 BE 51


https://doi.org/10.12677/orf.2025.153178

i
B

" . ,
15 “
2
"2 - 10 |
16 05
o .
[ ¥ 0o . :.. H N o
3 o % gfagee o oo ce
< -05
v I W etesstes .
» 4
2 10 .
® 15 .'.
8 . 2
=20
L R I R IR I R - 0 1 2
Weight
(a) Insufficient_Weight4$1E 33 B %R (b) Insufficient_Weight4$E X B E
® . 20 2
1
15
i el 1
w o, s e
o . RN
19 I 05 Qe R -. o
® % 00 .s.“ P I
° % 05 X% 4
©2 -x; .
B 10 2
6 15 2
© 9 0 e e e e P L e 3 o B
Weight
(c) Overweight_Level_I4$E3X B ERE (d) Overweight_Level I#5EXEE
‘3. 20 K] 2
2
15
u - ,
ut 10
o 1‘2(1 e s o, 0
o % e Lt N Y
v 00 . . .
© @ e .~ .., B
. 05
“ 10 . o 2
N S I I S Y Bl 0 2
Weight
(e) Overweight_Level_[I4$4E 32 B 5EBE (f) Overweight_Level |I&EXE R
3 L) 25
© 2 M : ‘-. . . 20
t ] a : : - 15
1 . .
® S 8, 10
| L
° Ko Lles Ot . os
3 < . . ° 00
tg I 4 - qe0 %3 ot AR .
o @ I A 0
" » 1.0
22 . N 15
R I O O 2 T o 7
Height
(g) Obesity_Type 4$1F X H4EFE (h) Obesity_Type H$EXERE
g | . =
" e T
I ..
1 P oo ° 050
© o o 025
© l.ig"( 0.2
. % 00 0.00
N % 02 025
“ 04 0.50
8 06 ° -0.75
9 b o .
RN Kl 0 2 e
Weight
(i) Obesity_Type_II4$4iF 52 B 56 B (j) Obesity_Type_II4$F X B &l
g . 2o
© 10 20
“ m l 15
1 05 10
0s
© % 00
7 T ' 0.0
21 @ -05 05
2 . 10
o 10 s
00 075 0 o2 o 02 0% 075 100

Gender_Mal...

Figure 7. Interaction matrix and interaction plots of SHAP features for each obesity category
7. ZRBREAF SHAP FHIERZ B EE R H[E

DOI: 10.12677/0rf.2025.153178 488


https://doi.org/10.12677/orf.2025.153178

B

B HEJHE 2 13 43 B EEAFAE 1Y) SHAP #1416 BToR,  FEXSREREAS [F] 73 2K 1) SHAP #H8 EEA T IR
SIATES, AT LA SR B LR LSO B R E 5B g 2 (R B R AR R R R R EAE T A IR KR S
SHAP {2 R IEAHG, (RGN, SHAP{E LA, JEREXESHE R, EHE 1040, JERE L 200 1 A rbid
PR i35 . Brim ks SHAP (2 ARG, St i (b8 SHAP B TR, & m] BEBE SHC I AE
JHERUE, AETE AR B AS 2 FH IR 3 PR 3 7y e S ma e 55, 7EB EAIE S BN b A DG R 3 . R TE
g% REJE | BUAN 1 BYrh, BEAE ARG, SHAP M L FF, S5 AERE RS S I IEAR DG . 3X o] R A2 B AL K
g AR O, SRR T TSRS 75 25 FR AR R 2 o PR AE AR 11 BUAD 1 B, 554 SHAP {H &
Em T, WREFEA. RMAAT AE R, SEE 5 R RIS AL, M50 Re 5 1 T TSR I S % pE
XS B SIM, R R AKIR . B ST SR, EALRE 1 B SHAP {5 22 1 ) 520

SHAP RHIEAE HAR P J A8 HER N R 7~ T HEREAN IR 3 28 R R AE (RN I S A HAE T, 9 BRARAE I 2 4
FERRBEHE 7B A . Wi 7 R, AREA R RIRHIESS B R AE S B m B, S HEIRY
PREIGINAE SHAP H EFt, S N rE, Rotge BN ST, 8E | 0 %, 4k
S S E A BAE KNG, REIEM N SHAP B, 5 G im, 5 mnd e e RS 18 15 1
Fo BERE T BYRAERE N BAA RS G & iAE B, 2 B RS mSWRRE S TAEM, B SHAP (HH
s AR S B ERAE M . ACBMRRIE B AT A I 55, HERE 11 B 2B i BAR E S RIS EAEF,
HIE R0 SHAP AE, Sk T P 550 75 AR A T00I0 w0 B 0 o AT JRE 111 28 %) A e ) P 1) 5 4k 2 1) A8 LA
H, B VERAEAE S5 A R I SERIHER) SHAP fH FFb, et AERIRES T 53 M A BRANARI AR Ak . B fdk
M, WEMSEESHEMES R HRE, YERITERCRE | AL, 1 BORT I B szma o, AR Tl
FEESRAL T BB .

6. BUERIEN S

I He R AR E I R, FET VG R AE ARG O AR AT SRS i, JF il
I (K 8) BRI TAE B vy ARE . HORAE AN 8] 5% 8 IURFAE L9 22 Al e Ak, e NI N
PR R (A TR K R S B2 IR AR L A IR A4 45 6 2K

BT RFIEER, A n s a&RIE (R EAT31(2019~2030 4F)) K  “HREEHE” 53]
SEHETTZRD » EFXINRAEAR SRR B B XL T TR I

6.1. BERMHERKEE

T RRAT R U EE 14.79% R0 P I VS BRAEAR (SRR 0), HUARRIER I (A F g v {H A
B e K B ARVE B 7K B R 3 I EOR A AR . SRR T DA “ IS T IESE, 1R
HhSET B RN B E TR IR R G AT LLSEHURE R A A ROR T . ek, BEEIRMEOR 5 e o ik
R A G RPN L, BB E Mo I MAYOKER . 1RGN BRUOKER, ks
RET IR fE M, i Seid A2 5 A B (1 3h 25 S B LI AT & B B B AP “ M - SR A,
FERRORRE R 13 9 RRAT 9 R T HF 84
6.2. EmAHIERAH

R 1 NESENEREA, S 22.5%. HIESRHERIY & w8 m T ARAME. 2R E
DU R BRI, (AR RE AR = F RS REmAERA . # SRR L KA MT
AL e BEXHZAEAR, ATUASEHE ¢ =4k IO S MER IR &, P R IESE)
SRR E ARG B B R SIS AR P (APP) AN PP, (e fos IR B B H W AL &

DOI: 10.12677/0rf.2025.153178 489 BE 51


https://doi.org/10.12677/orf.2025.153178

B

FAe BVEAL; WA A RIS, BB AL X R R bl B e A BN [FIRE, RIS 52 MBI

) 4 B 5 31
BREBAEER
R¥EK0:14.7% BER R 1:225% HER Rk 2:19.5% #ER
FEH Obesity_Type_| (25.3%) FE R Obesity_Type_ll (48.3%) FEH Obesity_Type_lll (91.3%)
Weight Weight Weight

FAF FAF FAF
Rk 3:16.5% R Rk 4:12.9% #R Rk 5:13.9% #ER
FEH Insufficient_Weight (39.5%) EEH Insufficient_Weight (35.2%) FEH Obesity_Type_| (32.0%)

Weight Weight Weight

FAF FAF FAF

Figure 8. Radar charts of the characteristics of each cluster

E 8. BEANHILEILE

6.3. EERBFEREE

R 2 NMREFENERERER, LDy 19.5%. HACHMHERBUYRER AT RGN R, R HRAR
BANESYOKEIAERARE, (AR RERAS mERH, SERERACRE . %R AT U E X 2
W R AE R BE AR AT AT ARSI, SATRv RS AR 1%, L BE b3 AL T FEAIAR % APP SEELE 28 Fr 4
FESREREIL R, D, SIANREERRAHRM SRR R IREEAE A P R 2 R8RS RS

6.4. FEFEEREE

WK 3 NREARIGREEAE, (HEHN 16.5%, HEIFJEIEAERHME: @it a1 SIS
REREATFAE . A0SR, ATCMKSE CEIRGE FRIHRID SEitis 77 % BRI R, St “333 9: 07,
B H 3 IR 3 s, AR 309 IEAEH: S 5HtBAAMMIE ISR, AR I RS THIL
B R

6.5. BMFHENERE

RE 4 NEDTHREALCHE, HHOY 12.9%. HE2IMATESARP BRI 558 s T FE
k7, EAREREOTC T RRE; REKEREMR, (HREERN 2w BT g X A £ XX

DOI: 10.12677/0rf.2025.153178 490 BE 51


https://doi.org/10.12677/orf.2025.153178

B

FEMR, ATLAHPE R A RE TR, MsRERA ZREREEER (KEMGEafEmE) » JHE “Pifl
IR + BIRAMEE” Ha T8 FR, s 8 SARHIK s .

6.6. FEACAUBERH(E

B b5 NERNEMEREAA, (HEOY 13.9%. HRFERIUY SRR o T H AR, BRI A8 I Tl
Wt TTRER AP S TART SRR PR . BRI REAR, B RERIR AT REBN S, Fom
WHAFFRIRANED ;& W AR E SRS, JTRAEEHES TS, TR KL, 5
ZHLREREIR; SRR Iz AL Ts s AL X 5 O RO B AR R 25 S M R S8, SR B 5719 [ 70 70 A 4
#i o

B FUE L 2 YRR, RN TR, DM B B AL B I T R SRt
TEESCALSAE LR, B 77 ST A R 7 6 170 R 1 {5 X 3 (G o U B B A A . AT L,
HER AREEBEE” LTS M (BT EATZ1(2019~2030 4F)) HIBCRTT RIR4E VM T HRA
RERE A PEAOVE AT & .

7. MIRE RS BEREW
7.1. HREGER

AT TR = 2111 A A%E, @it XGBoost #5415 SHAP Rl fEREIE M HriE R 1 LA XU
M2 4ERAHLE] . BE ORI AR B a5 R M AL P 58 (A% Lo A BRAR B, A P ) 22 S £ T JEE I
JRERTL p R B2 A I R BRI MR, BRSRER AN (FCVC) B T 1 HuAz T 4K 15.3% )
HELIE DRURSE 1 e A3 et P AR B (FAVC) JUASTEE F 11 MR T 28.7%; S St Al i A JR A 4 L AT e ik
YERT . 8RN /SRR AE AR, B SCIIRAIER I, “RE - 1837 Bal TP e R R 5
R 76.89% 1A R, E SR 4% EEAE BRI P R S

7.2. BEREIYL

1) SR THE 1) A L BT AR R

BREB A SN AW DA SREENT TS E, TPk S M mesis, B2
REREEAT. fERETIAEE, SOl MR . SERAQMR SR bR . X B AT LA S AL X 2 A8
NJE BRI RO (R BE R Bt B, I8 FHUN FH SERE A - & HRA R B A FE I 3 &

HRSET G AERRIRIE: RSN & BIN “ERECR R ThRE, AN SE P S pE e,
Bt A R A R e L, S B ER mINVERYIN, RGO AR IRHE RO fE e .

2) axdidn A e B

HOFEMGREAT: £rh/hARRER A “REHER” BENWE, IRl s LT (@R
1o, s el B R s B . XA TR B IR A N TR R BRI B RS B SR, B
RARRACHE I KA

CENEFE . HIERZFENFARRR A, EUGEX TARRS tha B N T TR R B 2
Jrgs, FIRVE Ao e WIS DN AR SRR R, R A DL R IF) /. [RIIS S W] DAAE AL X {k B rpCadf
17 “ZENEEPAGREIZZ)” , R EFIRINARMECESE, W2 NGRS, Jb R R ARG
PRI o

3) A, ARG ERE

s e e 2 A0 VRN A2 I SRR, XA A GAR R 261 6 E K OB A A

DOI: 10.12677/0rf.2025.153178 491 BE 51


https://doi.org/10.12677/orf.2025.153178

i
iy
B

HEAT I

A A5

Ho M EARTEL EEAKMEERES, BRAREERIBIET RS AR

b E IR I M BT T DAHES) (R A E FRARREIE I (2023 JR)) sk, JCHAETRE

R EAR IR B R E AR IS B G, LRV B A I K RERE BN 1 AR R E S, A

AT DI A 2.«
SE 3K
[ REETRERMBEGE &, PEERERIURE TR &, PEBBESERAT B &, 8. b R

(2]
(3]

(4]
(5]

(6]
[7]
(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Bt X AR [I] EPl%ﬁBﬁllé%é%%a 2022, 23(5): 321-339.
FIEM, AR, BTG BRI M E AL 24 S S5 27 AR 42 [0]. 7R B B2, 2024, 44(9): 49-57, 70.

Kelly, T., Yang, W., Chen, C., Reynolds, K. and He, J. (2008) Global Burden of Obesity in 2005 and Projections to 2030.
International Journal of Obesity, 32, 1431-1437. https://doi.org/10.1038/ij0.2008.102

Dirlam, J. and Zheng, H. (2017) Job Satisfaction Developmental Trajectories and Health: A Life Course Perspective.
Social Science & Medicine, 178, 95-103. https://doi.org/10.1016/j.socscimed.2017.01.040

De Fano, D., Schena, R. and Russo, A. (2022) Empowering Plastic Recycling: Empirical Investigation on the Influence
of Social Media on Consumer Behavior. Resources, Conservation and Recycling, 182, Article ID: 106269.
https://doi.org/10.1016/j.resconrec.2022.106269

Morris, Z.S. and Clarkson, P.J. (2009) Does Social Marketing Provide a Framework for Changing Healthcare Practice?
Health Policy, 91, 135-141. https://doi.org/10.1016/j.healthpol.2008.11.009

McCord, G.C., Conley, D. and Sachs, J.D. (2017) Malaria Ecology, Child Mortality & Fertility. Economics & Human
Biology, 24, 1-17. https://doi.org/10.1016/j.ehb.2016.10.011

Reyes-Sanchez, F., Basto-Abreu, A., Torres-Alvarez, R., Canto-Osorio, F., Gonzélez-Morales, R., Dyer-Leal, D.D., et
al. (2022) Fraction of COVID-19 Hospitalizations and Deaths Attributable to Chronic Diseases. Preventive Medicine,
155, Article 1D: 106917. https://doi.org/10.1016/j.ypmed.2021.106917

MR, gk, WA, F mEams Rk 6-18 &A@ AL IR KR Z A HT]. Hh E B R 2,
2024, 25(12): 1550-1556.

Putnis, S.E., Klasan, A., Redgment, J.D., Daniel, M.S., Parker, D.A. and Coolican, M.R.J. (2020) One-Stage Sequential
Bilateral Total Knee Arthroplasty: An Effective Treatment for Advanced Bilateral Knee Osteoarthritis Providing High
Patient Satisfaction. The Journal of Arthroplasty, 35, 401-406. https://doi.org/10.1016/j.arth.2019.09.032

Gouda, H.N., Charlson, F., Sorsdahl, K., Ahmadzada, S., Ferrari, A.J., Erskine, H., et al. (2019) Burden of Non-Com-
municable Diseases in Sub-Saharan Africa, 1990-2017: Results from the Global Burden of Disease Study 2017. The
Lancet Global Health, 7, e1375-e1387. https://doi.org/10.1016/s2214-109x(19)30374-2

Al-Bashtawy, M. (2015) Personal Hygiene in School Children Aged 6-12 Years in Jordan. British Journal of School
Nursing, 10, 395-398. https://doi.org/10.12968/bjsn.2015.10.8.395

Mehrsafar, A.H., Moghadam Zadeh, A., Jaenes Sanchez, J.C. and Gazerani, P. (2021) Competitive Anxiety or Corona-
virus Anxiety? The Psychophysiological Responses of Professional Football Players after Returning to Competition dur-
ing the COVID-19 Pandemic. Psychoneuroendocrinology, 129, Article ID: 105269.
https://doi.org/10.1016/j.psyneuen.2021.105269

lyengar, K., Jain, V.K. and Vaishya, R. (2020) Pitfalls in Telemedicine Consultations in the Era of COVID 19 and How
to Avoid Them. Diabetes & Metabolic Syndrome: Clinical Research & Reviews, 14, 797-799.
https://doi.org/10.1016/j.dsx.2020.06.007

Ameyaw Korsah, K. and Ameyaw Domfeh, K. (2020) Research Topic: The Realities of Religious Coping Experiences
of Patients with Diabetes Mellitus: Implications for Policy Formulation in Ghana. International Journal of Africa Nurs-
ing Sciences, 13, Article 1D: 100245. https://doi.org/10.1016/j.ijans.2020.100245

Stern, E., van der Heijden, I. and Dunkle, K. (2020) How People with Disabilities Experience Programs to Prevent
Intimate Partner Violence across Four Countries. Evaluation and Program Planning, 79, Article ID: 101770.
https://doi.org/10.1016/j.evalprogplan.2019.101770

DOI: 10.12677/0rf.2025.153178 492 18 %5 S 2


https://doi.org/10.12677/orf.2025.153178
https://doi.org/10.1038/ijo.2008.102
https://doi.org/10.1016/j.socscimed.2017.01.040
https://doi.org/10.1016/j.resconrec.2022.106269
https://doi.org/10.1016/j.healthpol.2008.11.009
https://doi.org/10.1016/j.ehb.2016.10.011
https://doi.org/10.1016/j.ypmed.2021.106917
https://doi.org/10.1016/j.arth.2019.09.032
https://doi.org/10.1016/s2214-109x(19)30374-2
https://doi.org/10.12968/bjsn.2015.10.8.395
https://doi.org/10.1016/j.psyneuen.2021.105269
https://doi.org/10.1016/j.dsx.2020.06.007
https://doi.org/10.1016/j.ijans.2020.100245
https://doi.org/10.1016/j.evalprogplan.2019.101770

	“三减三健”政策下基于XGBoost与SHAP分析的可解释性肥胖风险预测研究
	摘  要
	关键词
	An Explanatory Study on Obesity Risk Prediction Based on XGBoost and SHAP Analysis under the “Three Reductions and Three Healthy Conditions” Policy
	Abstract
	Keywords
	1. 引言
	2. 文献综述
	3. 分析框架
	4. 数据来源与预处理
	4.1. 数据来源
	4.2. 数据预处理

	5. 基于XGBoost与SHAP分析的可解释性肥胖风险预测
	5.1. XGBoost模型构建
	5.2. SHAP归因解释分析
	5.3. 模型对比
	5.4. 分析结果
	5.5. 特征可解释性

	6. 政策适应性分析
	6.1. 轻度肥胖活跃群体
	6.2. 高大体型重度肥胖
	6.3. 极度肥胖群体
	6.4. 体重不足活跃群体
	6.5. 高个子体重不足群体
	6.6. 年长肥胖群体

	7. 研究结论与政策建议
	7.1. 研究结论
	7.2. 政策建议

	参考文献

