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OBIJECTIVE RESULTS CONCLUSION

» The incidence of catastrophic health CHE incidence: Subgroup analyses (Tab1) :
expenditure (CHE) among Chinese * 9.69% at the 40% threshold « Age: 275y (32.7%) vs Young (3.7%) , p<0.001 ) The Bgrden:CHE.remain§asevere financialthrgat
households remains high by global + 17.39% the 25% threshold + Income: Lowest (20.4%) vs Highest (3.5%) , p<0.001 n China, affecting 1 in 10 households, with
standards, revealing gaps in financial risk + 38.01% the 10% threshold + Hospitalization: Yes (30.5%) vs No (7.2%) , p<0.001 significantly higher risks concentratec among the
protection. elderly, hospitalized, and low-income populations.

Table 1. Catastrophic Health Expenditure by Household and Individual Characteristics

e Prior studies have largely relied on * The Predictors: Interpretable machine learning

Characteristic N CHE cases CHE rate, % (95% Cl) p value Characteristic N CHE cases CHE rate, % (95% CI) p value d i d h it . h h |d
conventional statistical approaches to Age <0.001 Per capita household income/year <0.001 identitie osdplta ization, X dge, (Cj)USE O f
: 16-44 3426 127 3.71 (3.10-4.39) 0-6,500 754 154  20.42 (17.60-23.48) combposition. and income as the to redictors o
examine correlates of CHE. 45-59 2748 240 8.73 (7.70-9.85) 6,501-20,000 2637 290  11.00 (9.83-12.25) CHEp ek c’)ut erformin traditiopngl ctatictical
* This study aimed to develop a machine 60—74 1514 306 20.21 (18.21-22.32) 20,001-30,000 1372 126 9.18 (7.71-10.84) s P | g | .
. o >75 312 102 32.69 (27.51-38.20) 30,001-50,000 1585 128 8.08 (6.78-9.53) correlations by ca ptu ring Complex interactions.
learning—based prediction model for Residence <0.001  50,001-100,000 1154 58 5.03 (3.84—6.45) . .
. . . _ _ _ ® *
household CHE risk in China and to oan asg ama Bt (a0 nan) 00,001300,000 a2 aes (os0 s The Pathway Forward.
identify key predictive factors, moving Education <0.001  >300,000 72 4 5.56 (1.53-13.62) --Precision Financial Protection: Moving beyonad
s : Primary school or below 2364 372 15.74 (14.29-17.27) Health status <0.001 uniform benefit packages our findines support a
beyor.1d tradl.tlonal r.egreSSIOn to Capture Junior/senior high school 3956 336 8.49 (7.64-9.41) Healthy 6190 409 6.61 (6.00-7.26) . . P BES, . . 5 pp .
non-linear interactions and improve College or bachelor’s degree 1587 64 4.03 (3.12-5.12) Fair 692 98  14.16 (11.65-16.98) shift toward risk-based, proactive interventions:
.« - Master’s degree or above 93 3 3.23 (0.67-9.14) Unhealthy 1118 268 23.97 (21.50-26.59) __ - . :
DFEdICtIOn dccuracy. Marital status <0.001 Healthinsurance <0.001 Early Warnlng SyStem' In.teg.rate_ CHE I’ISk
Never married 764 27 3.53 (2.34-5.10) No protection 530 49 9.25 (6.92-12.04) scores (based on age, hospitalization history,
Married/cohabiting 6479 627 9.68 (8.97-10.42) Low protection 5531 576 10.41 (9.62-11.25) . . .
Divorced or widowed 757 121 15.98 (13.44-18.79) High protection 1939 150 7.74 (6.59-9.02) and |r.1com.e) Into health insurance databases to
METHODS Housesize <0.001 Hospitalization flag hlgh-FISk households.
Small 4580 557 12.16 (11.23-13.14) No 7131 510 7.15 (6.56—7.77) Tarceted Assistance: Drioritize nedical
ote: = Catastro IC Nea expendailture, = contiaence interval. nates -
8,000 households after data cleaning. Large 461 26 >-64(3.72-8.15) are presented as percpentages. IncorI:\e is measured in CNY. tinancial aS§IStan,C,e ana Cap ,CO payments tor
. . , . . .. . households identified as high-risk by the model,
e Outcome: CHE, defined as medical < Best model: XGBoost achieved the best discrimination (AUROC=0.806), outperforming RF(0.797) and especially those with hospitalized elderly
spending >40% of non-food expenditure; DT(0.772)(Figure 1). embers
25% and 10% thresholds were used for e« Interpretation: SHAP ranked hospitalization (0.381), age(0.301), household composition(0.277), self- Polic R.es onsiveness: Adiust reimbursement
robustness checks. reported health(0.223), and income (0.178) as top contributors. Category-level SHAP suggested increased Y P . - A9 .
: . . . . . o . schemes dynamically for specific vulnerable
* Predictors: selected using the Andersen risk associated with low income, advanced age, poor health, hospitalized and having older household . . .
. N . . profiles rather than applying blanket increases.
behavioral model and grouped as members. Findings were robust across alternative thresholds (Fig. 2).
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