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[Abstract]One of the core constraints in SME credit is the incompleteness and asymmetry of credit information. Observable stru
ctural foundations—such as firm size, survival status, and collateral conditions—can be measured, whereas behavioral characteristics i
ncluding managers’ risk perception, budgeting and cash-flow management, and financial analysis capabilities are difficult to incorpora
te into standard rating templates that rely primarily on historical financial data; these factors have long existed only as tacit experien
ce within relationship lending. Drawing on a publicly available schema-based SME financial decision-making and risk dataset (15,10
6 firms; financial-distress incidence 33.8 %), this paper takes financial distress as the dependent variable and proposes a dual-dimensi

”»

on indicator system of “structural foundation - behavioral financial capability.” The structural dimension covers size, survival, liquidi
ty, and industry structure; the behavioral dimension covers financial literacy, risk management, assessment and diagnosis, decision gov
ernance, and the use of analytical tools. Under a unified sample-splitting and preprocessing protocol, the paper systematically compa
res the out-of-sample performance of logistic regression and four tree-based models. An information-set ablation—structure only, beha

vior only, and their union, with selection performed within each arm—isolates the incremental contribution of each dimension, while
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SHAP values and life-cycle stratification are used to examine the composition and heterogeneity of risk-driving mechanisms. Empiric
al results show that, after fusing the two dimensions, LightGBM achieves an AUC of 0.993 and a KS of 0.909, essentially matching
logistic regression. The relative advantage of ensemble models lies mainly in probability calibration and robustness rather than a ma
rked improvement in discriminatory power. The structure-only model attains an AUC of 0.963 and the behavior-only model an AUC
of 0.841; the latter already possesses independent discriminatory power and, when added to the structural dimension, still contributes
a stable gain of approximately three percentage points. Among the top seven variables by global SHAP importance, four behavioral v
ariables—risk awareness, financial-ratio analysis, capital allocation, and credit knowledge—rank alongside structural variables such as 1
iquidity, firm age, and revenue scale. Life-cycle stratification further reveals that KS is higher for start-up and growth-stage firms tha
n for mature firms, indicating that risk-identification mechanisms vary with firm stage. The main contribution of this paper is the c
onstruction of a reproducible and interpretable structure - behavior mapping framework that integrates discriminatory accuracy, ablation
contrasts, and attribution analysis within a unified empirical design, thereby providing a methodological reference for SME credit ass
essment that balances predictive power with auditability.
[Keywords] SME; credit risk; financial distress; behavioral financial capability; machine learning; SHAP
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