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Abstract

Non-housing debt typically stems from short-term funding needs—such as consumer credit, busi-
ness working capital, and loans from friends or family members—and a rising debt burden may
exacerbate household financial vulnerability. This paper constructs an unbalanced household-year
panel using data from the China Family Panel Studies (CFPS) spanning 2010 to 2022. It identifies
debt pressure risk based on a non-housing debt-to-income ratio exceeding 50% in the subsequent
survey wave and employs current household characteristics for out-of-time predictive modeling. Ad-
dressing the challenges posed by a low proportion of high-risk samples and the high cost of false
negatives, the study incorporates class-specific costs, dynamic weighting based on risk intensity,
and F2-oriented classification threshold selection into the XGBoost framework; it further evaluates
the model’s screening performance by segmenting households according to risk scores. Results in-
dicate that the dynamic risk-intensity weighted model achieves an AUC of 0.7426 and a KS statistic
of 0.3650 on the test set, with recall and F2 values of 0.6683 and 0.4512, respectively. Among the
top 10% of households by risk score, the actual risk incidence rate is 33.76%, approximately 3.33
times the overall risk rate. The model maintains stable out-of-sample discriminative power even
when the risk definition is altered, rolling time windows are applied, or current direct debt varia-
bles are excluded. Feature group ablation analysis further reveals that asset buffers and debt inertia
are the primary sources of information for enhancing predictive capability. This study contributes
to the literature by shifting the focus of household debt research from describing contemporaneous
correlations to predicting future states, and by providing a risk ranking and screening framework
tailored to class imbalance household survey data.
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Table 1. Sample split and proportion of risk households
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Table 2. Feature groups and economic meanings
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Table 3. Sensitivity of key metrics to the dynamic weight parameter a

= 3. BSWNESH o HERMER

a AUC KS Precision Recall F2 T 10%3R T 5%
0.25 0.7424 0.3524 0.1919 0.6651 0.4455 3.4620
0.50 0.7446 0.3640 0.1927 0.6651 0.4463 3.4302
1.00 0.7428 0.3634 0.1915 0.6698 0.4467 3.4620
1.50 0.7448 0.3747 0.1799 0.7175 0.4490 3.3349
2.00 0.7426 0.3650 0.1963 0.6683 0.4512 3.3508
3.00 0.7420 0.3616 0.1779 0.7317 0.4509 3.2714
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Figure 1. Trend in household non-housing debt pressure risk rate
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Figure 2. Sensitivity analysis of classification threshold
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Table 4. Out-of-sample performance of different optimization strategies

4. NEMRRIEEINIR £

Wik AUC KS Precision Recall F2 B 10963 FHE 5
FKABLE Logit 0.7382 0.3631 0.1704 0.7582 0.4486 3.1098
H:idt XGBoost 0.7441 0.3557 0.1955 0.6397 0.4399 3.3985
M8 XGBoost 0.7430 0.3483 0.2046 0.6048 0.4347 3.4461
SN XGBoost (a = 2) 0.7426 0.3650 0.1963 0.6683 0.4512 3.3508
HMEREAS FEINAL XGBoost 0.7420 0.3570 0.2055 0.6190 0.4414 3.3985
CS-XGB + Logit i & 0.7449 0.3562 0.2065 0.6079 0.4377 3.5096
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Table 5. Robustness results under alternative labels and rolling windows
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s AUC KS Recall F2 AT 10937531
ABAR%E: B IINLL > 30% 0.7495 0.3575 0.8396 0.4947 3.3134
AFRZE: LR Qrs 0.7668 0.4664 0.2919 0.2318 4.0392
PR IIZRHT Qso 0.7616 0.4542 0.2743 0.1902 4.2498
BARZE: R BAEAEIE B 7 St 0.7401 0.3517 0.9019 0.5558 2.7898
RN . 2012~2018 1%k, 2022 ik 0.7557 0.3725 0.7316 0.4577 3.6438
HIBR MBS R E 0.7505 0.3674 0.7630 0.4578 3.3611
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A 10% XU HR TS50 3.6438. HIFr Ui EEM S ARG, A AUC N 0.7505. F, N 0.4578, K
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Table 6. Feature group ablation results
5% 6. 4F{ELRHRRLE
SRS AR FRIESL AUC KS Recall F2 i 100632 T3
M FERE A F 3 X 36 0.6480 0.2186 0.8006 0.3862 2.0104
M2 + ££{iiRE T 60 0.6520 0.2351 0.8226 0.3842 2.0418
Ms + 32y 84 0.6511 0.2299 0.8619 0.3811 2.0261
Ms + &= 130 0.7077 0.3084 0.7363 0.4312 2.6386
Ms + {45157 165 0.7571 0.3746 0.7802 0.4615 3.6124
Ms + EMS5HSEE 186 0.7557 0.3725 0.7316 0.4577 3.6438
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