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Abstract 

Urban financial stability is essential for sustainable regional development and the resilience of 

urban economic systems. However, existing studies provide limited city-level measurement of 

urban financial risk and rarely account for spatial interactions among cities. This study 

addresses these gaps by developing an integrated framework for the measurement and 

forecasting of urban financial risk in the Yangtze River Delta. A multidimensional indicator 

system is constructed, covering macroeconomic conditions, banking system risk, real estate 

market risk, and government finance and debt risk, with environmental factors and implicit 

local government debt risk indicators incorporated to capture emerging sources of financial 

vulnerability. Using panel data for 27 cities from 2008 to 2023, a dynamic composite evaluation 

method with an acceleration effect is applied to measure urban financial risk and analyze its 

spatiotemporal evolution, revealing significant spatial heterogeneity and clustering across cities. 

To further enhance predictive performance, a spatiotemporal forecasting framework is 

developed by integrating Graph Convolutional Networks (GCNs) with temporal deep learning 

models, where a trainable adjacency matrix is employed to capture inter-urban dependence. 

Empirical results show that the proposed models outperform benchmark time-series models, 

with the Serial Long Short-Term Memory–GCN model achieving the best performance in terms 

of R² and RMSE. Overall, the findings demonstrate that incorporating spatial dependence into 

temporal modeling significantly improves forecasting accuracy, providing methodological 

contributions to urban financial risk analysis and supporting the development of more effective 

early-warning systems. 
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1 INTRODUCTION 

Amid profound global economic restructuring and rapid financial innovation, financial stability 

has become a cornerstone of sustainable development. Major shocks, such as the 2008 global 

financial crisis and the COVID-19 pandemic, have highlighted the cross-sectoral and cross-

regional transmission of financial risks, often described as a “domino effect” (Reinhart & 

Rogoff, 2009; Claessens et al., 2010; Allen et al., 2012; Zhang et al., 2020; Akhtaruzzaman et 

al., 2021; Moutinho et al., 2025; Qi et al., 2025; Urom et al., 2026). As regional risks accumulate 

and propagate through spatial linkages, strengthening monitoring and early-warning systems is 

essential to safeguarding macroeconomic stability (Chen et al., 2020; Zhuang & Wei, 2023; Li 

et al., 2024; An et al.,2025). 

Existing international research on financial risk has primarily focused on systemic risks at the 

national level or on cross-country contagion in the context of globalization, with particular 

emphasis on intermarket linkages and spillover effects (Gai & Kapadia, 2010; Guesmi et al., 



 

https://doi.org/10.7441/joc.2026.03.01 

 

 2 

2018; Arbia et al., 2018; Park & Shin, 2020; Gil-Alana et al., 2020; Inekwe, 2021; Le et al., 

2022; Giua et al., 2024; Gaigaliene & Jurakovaite, 2024; Hetzer & Burgoon, 2024; Parashar et 

al., 2026; Kong & Zhang, 2026; Hu et al., 2026). By contrast, in large economies such as China, 

financial risks display pronounced regional heterogeneity. Existing domestic studies primarily 

examine regional financial risk at the provincial or national level using macroeconomic 

indicators (Shen et al., 2019; Xie & Li, 2020; Zhao & Zhang, 2022; Li et al., 2024; Li et al., 

2025). However, city-level analysis remains underexplored, despite cities being key carriers 

and transmission nodes of urban financial risk, particularly in highly integrated regions such as 

the Yangtze River Delta (YRD). 

Within the YRD, cities differ substantially in economic structure, financial systems, and policy 

environments, leading to heterogeneous risk profiles. For example, while Shanghai serves as a 

financial center, nearby cities such as Suzhou, Wuxi, and Hangzhou possess distinct industrial 

structures and differing levels of exposure to financial risk. Simultaneously, strong intercity 

linkages in production networks, capital flows, and trade intensify spatial dependence in urban 

financial risk, allowing shocks to propagate across cities. In addition, fiscal pressure and debt 

accumulation are often more pronounced at the city level, particularly in less-developed cities. 

These features make city-level analysis essential for accurately identifying and managing urban 

financial risk. 

Despite growing interest, existing studies on urban financial risk in the YRD face two main 

limitations. First, current measurement frameworks often fail to incorporate emerging risk 

factors, such as environmental pressures (Hu et al., 2020; Huang et al., 2020; Zhang et al., 2020; 

Ma et al., 2022; Huang et al.,2024; Chen et al., 2026) and implicit local government debt (Wang 

& Huang, 2015; Shen & Shi, 2022; Wan et al.,2024; Wang et al., 2025; Guo & Chen, 2025), 

and typically rely on static or linear weighting schemes, which may overlook dynamic 

“acceleration effects” (Yi et al., 2016) in risk evolution. Second, although machine learning 

approaches—particularly neural networks—have improved early-warning performance (Nag 

& Mitra, 1999; Kim et al., 2004; Chen et al., 2006; Ahn et al., 2011; Huang & Guo, 2020; 

Ouyang et al., 2021; Dang et al., 2022), most studies treat cities as independent units, neglecting 

intercity linkages and spatial dependence in urban financial risk. Graph Neural Networks 

(GNNs), which are well suited for modeling complex network structures (Kipf & Welling, 2017; 

Ren et al., 2022; Wang et al., 2024; Wei et al., 2025; Wang et al.,2025; An et al.,2025; Zou et 

al.,2025; Vega et al., 2025; Xiong et al., 2026), offer advantages for capturing such 

dependencies but remain underutilized in city-level financial risk analysis. 

To address these gaps, this study develops an integrated framework for the measurement and 

forecasting of urban financial risk in the YRD. First, a multidimensional measurement system 

is constructed, incorporating emerging risk factors and a dynamic weighting scheme with an 

acceleration effect. Second, a spatiotemporal forecasting framework based on GNNs is 

developed, where cities are modeled as nodes and interurban financial relationships are 

represented as weighted connections, enabling the joint modeling of temporal dynamics and 

spatial dependence. In addition, textual information is incorporated to enrich model features 

and improve predictive performance. Finally, the study provides a comprehensive analysis of 

the spatiotemporal evolution and forecasting of urban financial risk, offering empirical 

evidence for improving early-warning systems. 

The remainder of this study is organized as follows. Section 2 reviews the relevant literature. 

Section 3 presents the measurement framework of urban financial risk. Section 4 introduces the 
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spatiotemporal forecasting models. Section 5 presents the empirical results, including 

spatiotemporal patterns and model performance. Finally, Section 6 concludes the study. 

2 LITERATURE REVIEW 

Research on financial risk has increasingly incorporated spatial perspectives, spanning multiple 

levels from global and national systems to regional and city-level analyses. Existing studies at 

the global and national levels primarily focus on systemic risk and cross-country contagion, 

emphasizing financial linkages and spillover effects across markets and regions (Bae et al., 

2003; Pascha, 2007; Jung, 2009; Galesi & Sgherri, 2009; Guesmi et al., 2018; Arbia et al., 2018; 

Zhang et al., 2019; Park & Shin, 2020; Gil-Alana et al., 2020; Inekwe, 2021; Le et al., 2022; 

Hsiao & Morley, 2022; Giua et al., 2024; Gaigaliene & Jurakovaite, 2024; Hetzer & Burgoon, 

2024; Parashar et al., 2026; Kong & Zhang, 2026; Hu et al., 2026). For example, Zhou et al. 

(2012) and Beirne & Fratzscher (2013) investigated financial contagion during the European 

debt crisis, while Park & Mercado (2014) analyzed the transmission of financial stress across 

economies. 

In China, owing to data availability constraints, most studies focus on the provincial level, 

examining the measurement, determinants, and spatial evolution of financial risk (Shen et al., 

2019; Xie & Li, 2020; Zhao & Zhang, 2022; Li et al., 2024; Li et al., 2025). By contrast, city-

level research remains relatively limited, even though cities serve as key carriers and 

transmission nodes of urban financial risk, particularly in highly integrated regions such as the 

YRD. 

2.1 Measurement of urban financial risk 

Urban financial risk lies between micro-level and macro-level risk, involving multiple 

dimensions and complex interactions. Existing measurement approaches typically construct 

indicator systems based on financial markets, selecting variables from banking, securities, 

insurance, and foreign exchange markets (Chen et al., 2020; Li et al., 2024). Some studies adopt 

broader multidimensional frameworks, incorporating financial institutions, enterprises, 

governments, and macroeconomic conditions (Tan, 2010; Shen et al., 2019). 

More recent research has begun to consider external shocks; however, emerging risk factors 

remain insufficiently integrated, particularly environmental pressures and implicit local 

government debt risk. These factors are especially relevant in the YRD, where rapid 

urbanization and industrial activity generate significant environmental and fiscal pressures (Hu 

et al., 2020; Huang et al., 2020; Zhang et al., 2020; Ma et al., 2022; Huang et al.,2024; Chen et 

al., 2026; Wang et al., 2025; Guo & Chen, 2025). 

In terms of methodology, traditional studies primarily rely on static weighting methods, such 

as AHP, Principal Component Analysis (PCA), entropy, and fuzzy evaluation (Zhong et al., 

2002; Shen et al., 2019; Li et al., 2024). These approaches fail to capture dynamic changes in 

indicator importance. Although dynamic weighting methods have been proposed (Ding et al., 

2019), they generally overlook nonlinear acceleration effects in risk evolution, limiting their 

ability to detect turning points in a timely manner. 

2.2 Machine learning and early warning of urban financial risk 

Machine learning methods have been widely applied to financial risk early warning. Traditional 

models such as Logit and SVM enhance classification performance (Kumar et al., 2003; Chen 
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et al., 2006; Ahn et al., 2011; Huang & Guo, 2020), while neural networks further improve 

predictive accuracy (Nag & Mitra, 1999; Kim et al., 2004; Zhao et al., 2022). Recently, deep 

learning approaches—such as Long Short-Term Memory (LSTM) and deep cross networks—

have been applied to financial risk forecasting (Ouyang et al., 2021; Yuan, 2022; Dang et al., 

2022). 

However, most existing models treat cities as independent units, overlooking spatial 

dependence and risk spillover across urban areas. In reality, urban financial risk is shaped by 

complex intercity linkages, including trade, investment, and financial networks (Gai & 

Kapadia, 2010; Feng et al., 2016; Ding et al., 2019; Shen et al., 2019; Chen et al., 2020; Zhang 

& Teng, 2021; Ouyang & Xiong, 2023; Gaigaliene & Jurakovaite, 2024; Yang et al.,2024; Xu 

et al., 2025). This limitation is particularly crucial in the YRD, where cities are highly 

interconnected. 

GNNs provide an effective framework for modeling such complex spatial structures. Since the 

work of Kipf & Welling (2017), various GNN architectures—including Graph Attention 

Networks and Graph Isomorphism Networks—have been developed. Recent studies have 

applied GNNs to analyze inter-industry risk spillovers (Ren et al., 2022).  

More recent research further integrates graph neural networks with complex network theory 

and machine learning methods to enhance systemic risk identification and early-warning 

performance. For example, Ren et al. (2025) employ a gated graph neural network (GGNN) to 

model inter-industry tail-risk spillover networks and demonstrate its superior performance in 

financial crisis prediction. Similarly, Yuan et al. (2026) propose a saliency-fused spatio-

temporal graph neural network (SFST-GNN) to capture heterogeneous node effects and 

dynamic risk amplification in financial systems, significantly improving early-warning 

accuracy. Beyond financial markets, graph-based and network-driven approaches have also 

been widely used to model dynamic spillovers and regime-switching behaviors in complex 

systems (An et al., 2025; Wang et al., 2025), as well as to analyze risk propagation and network 

structures across global stock markets (Zou et al., 2025) and evolving economic networks (Wei 

et al., 2025). These studies highlight the growing importance of combining GNNs with network 

dynamics and machine learning techniques for capturing complex spatial dependence and 

nonlinear interactions in risk systems. 

Nevertheless, applications of GNNs to urban financial risk early warning remain limited, 

particularly at the city level. 

2.3 Research gaps 

In summary, the existing literature reveals three major limitations. First, current measurement 

frameworks for urban financial risk inadequately incorporate emerging factors, particularly 

environmental pressures and implicit local government debt risk. Second, traditional weighting 

approaches fail to capture dynamic and nonlinear characteristics of risk evolution, particularly 

acceleration effects. Third, most forecasting models neglect spatial dependence and interurban 

risk spillover, limiting their ability to reflect the networked nature of urban financial systems. 

These limitations highlight the need for an integrated framework that combines 

multidimensional measurement with spatiotemporal modeling of urban financial risk, 

particularly in highly interconnected regions such as the YRD. 

3 URBAN FINANCIAL RISK MEASUREMENT FRAMEWORK 
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3.1 Indicator system for urban financial risk 

The YRD urban agglomeration, located at the estuary of the Yangtze River, comprises 27 

prefecture-level cities across Shanghai Municipality and the provinces of Jiangsu, Zhejiang, 

and Anhui. As one of the most economically dynamic and highly integrated regions in China, 

the YRD plays a pivotal role in national economic development. However, strong intercity 

linkages, heterogeneous economic structures, and varying financial systems make the region 

vulnerable to spatial dependence and risk spillover. Localized financial risks may therefore 

propagate across cities and evolve into broader systemic risks. 

To address these challenges, this study develops a multidimensional measurement framework 

for urban financial risk, guided by the principles of scientific rigor, comprehensiveness, and 

operability. The framework includes four dimensions: (1) macroeconomic risk; (2) banking 

system risk; (3) real estate market risk; and (4) government fiscal and debt risk. 

Based on these dimensions, a system of 12 secondary indicators is constructed (Tab.1), 

capturing traditional and emerging sources of financial vulnerability. 

Compared with existing studies, this framework incorporates several key innovations: (1) 

Environmental pressure: Annual average PM2.5 concentration is introduced to capture 

ecological constraints and their impact on economic resilience. (2) Implicit local government 

debt risk: Urban investment bond credit spreads are used as a proxy for market-perceived fiscal 

risk. (3) Banking risk proxy: Due to data limitations, the nonperforming loan (NPL) ratio of 

city-headquartered or rural commercial banks is used to approximate city-level banking risk. 

These additions enhance the ability of the framework to reflect emerging and structural sources 

of urban financial risk. 

Tab.1 – Indicator system for measuring urban financial risk. Source: own research 

Primary dimensions Secondary indicators Relationship to urban financial risk 

Macroeconomic risk 

Per capita GDP 
Negative correlation: Higher per capita income 

levels imply greater financial resilience. 

GDP growth rate 
Negative correlation: Rapid economic growth 

suggests lower financial vulnerability. 

Net population inflow 

rate 

Negative correlation: A sustained net inflow 

reflects growth potential and investor 

confidence. 

Annual average PM2.5 

concentration 

Positive correlation: Elevated pollution levels 

often reflect outdated industrial structures and 

limited risk absorption capacity. 

Banking system risk 

Nonperforming loan 

ratio 

Positive correlation: A higher NPL ratio signals 

deteriorating credit asset quality. 

Loan-to-deposit ratio 
Positive correlation: A high loan-to-deposit 

ratio may reflect rising liquidity risks. 

Credit-to-GDP ratio 

Positive correlation: Excessive credit 

penetration tends to magnify systemic 

vulnerabilities. 

Real estate market 

risk 

Growth rate of 

commercial housing 

sales area 

Positive correlation: Rapid transaction growth 

may signal increasing speculative activity. 

Housing price-to-

income ratio 

Positive correlation: A rising ratio suggests 

worsening housing affordability and potential 
asset bubbles. 
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3.2 Data sources and processing 

The data required for measuring urban financial risk comprise panel data covering 27 cities in 

the YRD urban agglomeration and 12 indicators (Tab.1). Data were primarily collected from 

the iFinD Economic Database (EDB). When data were unavailable or incomplete, 

supplementary information was obtained from the Wind EDB. For any remaining missing 

values, additional data were manually collected and verified using authoritative sources, 

including the China Statistical Yearbook, provincial and municipal statistical yearbooks, and 

official government statistical bulletins. This multisource data collection strategy ensures the 

completeness and reliability of the dataset. 

3.2.1 Macroeconomic risk 

In the macroeconomic risk dimension, this study adopts four secondary indicators—per capita 

GDP, GDP growth rate, net population inflow rate, and annual average PM2.5 concentration—

to comprehensively capture the economic scale, growth potential, demographic dynamics, and 

environmental pressure of a city. 

(1) Per capita GDP, GDP growth rate, and net population inflow rate: Due to 

challenges in obtaining consistent and unbiased unemployment rate data at the prefecture and 

city levels, this study adopts nominal GDP growth rate as a proxy for economic vitality and 

resilience. The net population inflow rate is derived from the annual growth rate of the 

permanent population, as follows: 

𝑁𝑃𝐼𝑅𝑖𝑡  =  
𝑃𝑃𝐸𝑌𝑖𝑡 − 𝑃𝑃𝐸𝑌𝑖𝑡−1

𝑃𝑃𝐸𝑌𝑖𝑡−1
                                                  (1) 

where 𝑁𝑃𝐼𝑅𝑖𝑡 denotes the net population inflow rate of city 𝑖 in year 𝑡; 𝑃𝑃𝐸𝑌𝑖𝑡 and 𝑃𝑃𝐸𝑌𝑖𝑡−1 

represent the permanent population at the end of year 𝑡 and 𝑡 − 1, respectively. For the missing 

permanent population data in eight Anhui cities (e.g., Wuhu, Ma’anshan, and Tongling) during 

2007–2008, data were manually supplemented using local statistical yearbooks and government 

bulletins to ensure completeness. 

(2) Annual average PM2.5 concentration: Given the lack of complete official monitoring 

data prior to 2013, this study adopts the internationally recognized ACAG satellite retrieval 

model to estimate city-level PM2.5 concentrations, following the methodologies of Geng et al. 

(2015) and van Donkelaar et al. (2021). Data processing includes the following: (a) For 2008–

2014, PM2.5 levels are estimated using ACAG satellite-derived data; (b) For 2015–2023, 

monthly PM2.5 measurements from iFinD are used, and annual averages are computed as the 

mean of monthly values; and (c) For cities with missing data in 2013–2014, values are 

supplemented using ACAG satellite data to maintain temporal consistency and completeness. 

3.2.2 Banking system risk 

Government fiscal 

and debt risk 

Fiscal balance ratio 
Positive correlation: A widening fiscal gap 

implies reduced fiscal resilience. 

Local government debt-

to-GDP ratio 

Positive correlation: Higher leverage levels 

may reflect increased risks of fiscal 

unsustainability. 

Urban investment credit 

spread 

Positive correlation: An expanding spread 

reflects heightened market concerns over debt 

repayment capacity. 
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In China’s predominantly bank-based financial system, banks serve as the primary channels for 

resource allocation, credit creation, and risk transmission. Based on indicator representativeness 

and data availability, this study selects three metrics—NPL ratio, loan-to-deposit (LDR) ratio, 

and credit-to-GDP ratio—to assess the stability of urban banking systems and support the 

identification of regional financial vulnerabilities. 

(1) NPL ratio: Given the scarcity of city-level data, this study adopts a proxy approach, 

using the NPL ratio reported by urban commercial bank headquarters to represent city-level 

risk. When multiple urban commercial banks exist, preference is given to the bank sharing the 

name of the city (e.g., Bank of Nanjing). In the absence of an urban commercial bank, data from 

local rural commercial banks (e.g., Wuhu Rural Commercial Bank) are utilized. From 2008 to 

2023, NPL ratios were directly obtained for 18 of the 27 YRD cities. The remaining nine cities 

with relatively underdeveloped economies (Yancheng, Zhenjiang, and Taizhou in Jiangsu; 

Zhoushan in Zhejiang; and Ma’anshan, Tongling, Chuzhou, Chizhou, and Xuancheng in Anhui) 

primarily engage in financial activities through rural commercial banks. Therefore, the NPL 

ratio of rural commercial banks is used as a proxy for the NPL ratio of cities with 

underdeveloped economies. In addition, data gaps existed for certain years in 18 cities: Wuxi, 

Shaoxing, Suzhou, Haian, and Anqing (1–3 years); Changzhou (2008–2011); Yangzhou (2008–

2012); and Wuhu (2008–2013). To address these gaps, the following strategies were employed: 

first, a calibration of rural commercial bank data was conducted. Since rural commercial banks 

typically exhibit higher NPL ratios than their urban counterparts, this study applies a correction 

based on national averages, using the following adjustment formula: 

𝑁𝑃𝐿𝑅𝑖𝑡 = 𝑁𝑃𝐿𝑅𝑖𝑡
𝑟𝑢𝑟𝑎𝑙  ×  

𝑁𝑃𝐿𝑅 ̅      𝑡
𝑢𝑟𝑏𝑎𝑛

𝑁𝑃𝐿𝑅 ̅      
𝑡
𝑟𝑢𝑟𝑎𝑙                                             (2) 

where 𝑁𝑃𝐿𝑅𝑖𝑡  is the adjusted nonperforming loan ratio of city 𝑖 in year 𝑡; 𝑁𝑃𝐿𝑅𝑖𝑡
𝑟𝑢𝑟𝑎𝑙 is the 

local rural commercial bank nonperforming loan ratio of city 𝑖 in year 𝑡; 𝑁𝑃𝐿𝑅 ̅      
𝑡
𝑢𝑟𝑏𝑎𝑛 is the 

national average urban commercial bank nonperforming loan ratio of city 𝑖  in year 𝑡 ; and 

𝑁𝑃𝐿𝑅 ̅      
𝑡
𝑟𝑢𝑟𝑎𝑙 is the national average rural commercial bank nonperforming loan ratio of city 𝑖 in 

year 𝑡. Second, for cities with partial-year gaps (18 cities), sporadic annual data gaps were 

interpolated using the proportional growth rate method relative to the corresponding provincial 

average. Finally, for cities with entirely missing data (nine cities), imputation was conducted 

using the intra-provincial average of cities with available data in the same year, ensuring 

regional comparability within the same banking environment. 

(2) LDR ratio and credit-to-GDP ratio: For cities with missing year-end data, this study 

extracts December values from iFinD’s monthly datasets using keyword searches, then 

computes the LDR and credit-to-GDP ratio accordingly. The specific indicator formulas are 

defined as follows: 

𝐿𝐷𝑅𝑖𝑡 = 
𝐿𝑜𝑎𝑛𝑠𝑖𝑡

𝐷𝑒𝑝𝑜𝑠𝑖𝑡𝑠𝑖𝑡
                                              (3) 

𝐶𝑟𝑒𝑑𝑖𝑡𝐺𝐷𝑃𝑖𝑡  =  
𝐿𝑜𝑎𝑛𝑠𝑖𝑡 + 𝐷𝑒𝑝𝑜𝑠𝑖𝑡𝑠𝑖𝑡

𝐺𝐷𝑃𝑖𝑡
                                              (4) 

where LDR𝑖𝑡 is the loan-to-deposit ratio of city 𝑖 in year 𝑡; Loans𝑖𝑡 is the year-end loan balance 

of city 𝑖  in year 𝑡 ; and Deposits𝑖𝑡  is the year-end deposit balance of city 𝑖  in year 𝑡 . 

𝐶𝑟𝑒𝑑𝑖𝑡𝐺𝐷𝑃𝑖𝑡 is the credit-to-GDP ratio of city 𝑖 in year 𝑡; and 𝐺𝐷𝑃𝑖𝑡 is the GDP of city 𝑖 in 

year 𝑡. For missing deposit and loan data in certain Anhui cities (e.g., Tongling and Ma’anshan), 
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interpolation is conducted using proportional growth relative to the provincial average as 

follows: 

𝑀𝐿𝐷𝑅 𝑖𝑡  =  𝐿𝐷𝑅𝑖𝑡−1  ×  
𝐿𝐷𝑅 ̅    

𝑖𝑡
𝑝𝑟𝑜𝑣

𝐿𝐷𝑅 ̅    
𝑖𝑡−1
𝑝𝑟𝑜𝑣                                            (5) 

where 𝑀𝐿𝐷𝑅 𝑖𝑡 is the missing loan-to-deposit ratio of city 𝑖 in year 𝑡; 𝐿𝐷𝑅𝑖𝑡−1 is the loan-to-

deposit ratio of city 𝑖 in year 𝑡 − 1; 𝐿𝐷𝑅 ̅    
𝑖𝑡
𝑝𝑟𝑜𝑣

 is the average loan-to-deposit ratio of other cities 

in the province where city 𝑖 is located in year 𝑡; and 𝐿𝐷𝑅 ̅    
𝑖𝑡−1
𝑝𝑟𝑜𝑣

 is the average loan-to-deposit 

ratio of other cities in the province where city 𝑖 is located in year 𝑡 − 1. This approach assumes 

that deposit and loan structure trends are similar across cities within the same province, thereby 

ensuring the integrity and comparability of the panel dataset. The same proportional 

interpolation approach as in Equation (5) is applied to subsequent missing values, using 

provincial-level growth benchmarks. 

3.2.3 Real estate market risk 

Real estate market risk constitutes a critical component of urban financial vulnerability. Due to 

the unavailability of consistent city-level data on mortgage balances and rent-to-sale ratios, this 

study employs two widely accessible and representative indicators: the growth rate of 

commercial housing sales area, which captures market activity and potential speculative 

bubbles; and the housing price-to-income ratio, which reflects the housing affordability burden 

and the degree of price–income deviation. 

(1) Growth rate of commercial housing sales area: Primarily derived from city-level 

commercial housing sales area data in the iFinD EDB covering 2008–2022. For 2023, due to 

data gaps in several cities, the cumulative annual value as of December is supplemented using 

monthly data from the Wind database. For cities with partial data gaps from 2014 to 2017, 

missing values are interpolated using the proportional growth rate method relative to the 

provincial average. 

(2) Housing price-to-income ratio: This indicator reflects the affordability of housing for 

urban residents and is calculated as follows: 

𝐻𝑃𝐼𝑅𝑖𝑡  =  
𝑃𝑟𝑖𝑐𝑒𝑖𝑡

𝐼𝑛𝑐𝑜𝑚𝑒𝑖𝑡
                                                          (6) 

where 𝐻𝑃𝐼𝑅𝑖𝑡 is the housing price-to-income ratio for city 𝑖 in year 𝑡; 𝑃𝑟𝑖𝑐𝑒𝑖𝑡 is the average 

price of commercial residential buildings at the end of December in city 𝑖  in year 𝑡 ; and 

𝐼𝑛𝑐𝑜𝑚𝑒𝑖𝑡 is the per capita disposable income of urban residents in city 𝑖 in year 𝑡. Data on per 

capita disposable income of urban residents are sourced from the iFinD EDB (2008–2023, new 

version). The missing 2023 value for Zhenjiang is supplemented using the Wind database. 

Regarding average commercial housing prices, data from 2019 to 2023 are primarily sourced 

from the “Zhuge Qihang” module in iFinD, while missing values for Yangzhou and Zhoushan 

are supplemented with historical records from Jiwu.com. For 2008–2018, official data for 

Shanghai, Hefei, Nanjing, Hangzhou, and Ningbo are obtained from the National Bureau of 

Statistics; data for Wuxi are calculated from monthly averages released by the local Housing 

and Urban–Rural Development Bureau. For the remaining cities, data are sourced from 

Jiwu.com (2015–2018) and back-calculated for 2008–2014 based on the year-on-year growth 

rate of provincial average housing prices. 
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3.2.4 Government fiscal and debt risk 

Local governments in China often adopt large-scale investment-driven strategies for 

infrastructure development and economic transformation. However, this model frequently 

results in the rapid accumulation of explicit and implicit debt, posing serious risks to fiscal 

sustainability and urban financial stability. This study selects three key indicators to 

comprehensively assess local government fiscal and debt risks: the fiscal revenue–expenditure 

gap ratio, the local government debt-to-GDP ratio, and the urban investment bond credit spread. 

(1) Fiscal balance ratio: This indicator reflects the fiscal balance of local governments 

and is calculated as follows: 

𝐹𝐵𝑅𝑖𝑡 = 
𝐸𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒𝑖𝑡 − 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑖𝑡

𝑁𝑜𝑚𝐺𝐷𝑃𝑖𝑡
                                            (7) 

where 𝐹𝐵𝑅𝑖𝑡 is the fiscal balance ratio for city 𝑖 in year 𝑡; 𝐸𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒𝑖𝑡 is the general public 

budget expenditure of city 𝑖 in year 𝑡; 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑖𝑡 is the general public budget revenue in year 

𝑡; and NomGDP𝑖𝑡 is the nominal GDP of city 𝑖 in year 𝑡. Missing values are observed in Anqing 

(2008–2014), Yancheng (2008–2011, 2016), Taizhou (2008–2010), Chuzhou (2009–2010), 

and Ma’anshan (2009). These gaps are addressed using the provincial-level proportional growth 

rate method. 

(2) Local government debt-to-GDP ratio: This indicator measures the fiscal leverage 

and debt sustainability of local governments. Data processing is conducted in two distinct 

stages: for the period 2016–2023, minor missing values are interpolated using the proportional 

growth rate method relative to the provincial average. For the period 2008–2015, due to 

significant data gaps, a neural network regression model (Multi-Layer Perceptron, MLP) was 

used for data imputation. The model incorporates 10 relevant macro-financial variables, such 

as per capita GDP, GDP growth rate, NPL ratio, and LDR, excluding the target indicators (debt-

to-GDP ratio and credit spread) listed in Tab.1. All input data are standardized before model 

training and prediction. 

(3) Urban investment bond credit spread: This indicator reflects the yield premium of 

urban investment bonds over government bonds of similar maturity, thereby serving as a proxy 

for the implicit debt risk of local governments. The indicator is computed using a balance-

weighted average method, as follows: 

𝐶𝑆𝑝𝑖𝑡 = 
∑ (𝑅𝑗𝑖𝑡

𝑈𝐼𝐵 − 𝑅𝑗𝑡
𝐺𝑜𝑣)∙𝐵𝑗𝑖𝑡

𝑛
𝑗=1

∑ 𝐵𝑗𝑖𝑡
𝑛
𝑗=1

                                  (8) 

where 𝐶𝑆𝑝𝑖𝑡 is the urban investment credit spread in city 𝑖 at time 𝑡; 𝑅𝑗𝑖𝑡
𝑈𝐼𝐵 is the yield of the 𝑗𝑡ℎ 

urban investment bond at time 𝑡 ; 𝑅𝑗𝑡
𝐺𝑜𝑣  is the yield of a government bond with matching 

maturity to bond 𝑗 at time 𝑡; 𝐵𝑗𝑖𝑡 is the outstanding balance of the 𝑗𝑡ℎ urban investment bond at 

time 𝑡; and 𝑛 is the total number of urban investment bonds observed. As the credit spread is 

measured on a daily basis, its annual value is obtained by averaging daily spreads over the year. 

Due to systematic data gaps from 2008 to 2012, the same neural network regression approach 

is adopted—using 10 fully available macro-financial indicators as inputs—to impute missing 

values via nonlinear prediction. 

3.3 Dynamic composite measurement method 
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Existing dynamic weighting approaches for regional financial risk assessment often overlook 

the “acceleration” in the evolution of risk indicators, thereby limiting the effectiveness of timely 

risk identification and prevention. To address this gap, it is essential to develop a dynamic 

weighting scheme that incorporates the “acceleration” of indicator trajectories, taking into 

account the joint effects of development trends, indicator weights, and temporal weights. Yi et 

al. (2016) proposed a dynamic evaluation framework that captures the acceleration effect in 

indicator evolution and formulated the following model: 

𝜑𝑖(𝑥𝑗 , 𝜏𝑘, 𝜌𝑗𝑘 , 𝜔𝑗)  =  ∑ 𝜏𝑘
𝑁
𝑘=1 ∑ 𝜔𝑗𝑥𝑖𝑗𝑘

∗∗𝑚
𝑗=1                                         (9) 

where 𝑥𝑖𝑗𝑘
∗∗  is the indicator value after the action of the “development factor.” 𝜏𝑘 = 𝜆𝑘/∑ 𝜆𝑘

𝑁
𝑘=1  

and 𝜆𝑘 =  𝑒𝑥𝑝(−(𝑘 −  𝑁)2/2), where 𝑘 =  1,2, . . . , 𝑁. In line with the idea of “valuing the 

present over the past,” 𝜏𝑘 is referred to as the time weight at the k-th moment, increasing as 

time approaches the present and decreasing for earlier periods. The comprehensive evaluation 

leverages panel data from 2008 to 2023 (16 years), with set 𝑘 =  1 for 2008 and 𝑘 =  16 for 

2023, i.e., 𝑁 =  16. 𝑚 represents the total number of indicators for comprehensive evaluation; 

according to Tab.1, this study selected 12 indicators, 𝑚 =  12. 

3.3.1 Data standardization 

To ensure cross-indicator comparability, this study performs global normalization using the full 

panel dataset from 2008 to 2023. A global standardization method is applied, distinguishing 

between positively and negatively correlated indicators, to place all variables on a comparable 

scale, thereby facilitating weighting and dynamic aggregation. Here, 𝑥𝑖𝑗𝑘  represents the 

original value of the j-th indicator of the i-th city in the k-th year, and 𝑥𝑖𝑗𝑘
∗  is the standardized 

value. 

For positive indicators: 𝑥𝑖𝑗𝑘
∗  =  

𝑥𝑖𝑗𝑘 − 𝑚𝑖𝑛 𝑥𝑖𝑗𝑘

𝑚𝑎𝑥 𝑥𝑖𝑗𝑘 − 𝑚𝑖𝑛𝑥𝑖𝑗𝑘
                               (10) 

For negative indicators: 𝑥𝑖𝑗𝑘
∗  =  

𝑚𝑎𝑥 𝑥𝑖𝑗𝑘 − 𝑥𝑖𝑗𝑘

𝑚𝑎𝑥 𝑥𝑖𝑗𝑘 − 𝑚𝑖𝑛𝑥𝑖𝑗𝑘
                              (11) 

3.3.2 Development factor (acceleration effect) 

To capture the dynamic evolution of indicators over time, this study follows the approach 

proposed by Yi et al. (2016) and introduces a development factor, denoted as ρ𝑖𝑗𝑘, to adjust the 

standardized indicators through weighted transformation. The corresponding formulation is 

given as follows: 

𝑥𝑖𝑗𝑘
∗∗  =  ρ𝑖𝑗𝑘𝑥𝑖𝑗𝑘

∗                                                       (12) 

where 𝑥𝑖𝑗𝑘
∗  denotes the standardized value of indicator 𝑗 for city 𝑖 in year 𝑘, and ρ𝑖𝑗𝑘 represents 

the development factor, capturing the importance change in that indicator over time. The 

development factor 𝜌𝑖𝑗𝑘  introduces reward–penalty adjustments to standardized values, 

embedding the “acceleration” component of trend evolution into the evaluation, thereby 

enhancing the sensitivity of the model to change as follows: 

𝜌𝑖𝑗𝑘  =  𝑎 − 
𝑏

1 + 𝑒𝑥𝑝(𝑢𝑖𝑗𝑘)
                                                    (13) 
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where 𝑎  and 𝑏  are undetermined parameters, depending on the evaluator’s preference 

judgment. Following Yi et al. (2016), this study sets 𝑎 =  4.316 and 𝑏 =  6.632. In addition, 

𝑢𝑖𝑗𝑘  =  {
0    𝑘 = 1

𝑣𝑖𝑗𝑘−𝑣𝑖𝑗𝑘−1

𝑡𝑘−𝑡𝑘−1
    𝑘 = 2,… ,𝑁 and 𝑣𝑖𝑗𝑘  =  {

0    𝑘 = 1
𝑥𝑖𝑗𝑘
∗ −𝑥𝑖𝑗𝑘−1

∗

𝑡𝑘−𝑡𝑘−1
    𝑘 = 2,… , 𝑁

. 

3.3.3 Indicator weighting 

To derive ωj, the study employs the “hierarchical differentiation method” proposed by Guo 

(2002), which determines indicator weights by maximizing the overall differentiation among 

evaluated entities. Step 1: Determine the annual indicator weights 𝜔1𝑘, 𝜔2𝑘 , … , 𝜔𝑚𝑘 for each 

year 𝑘 =  1,2, … ,𝑁 by maximizing intercity differentiation as follows: 

max 𝜀2  =  ∑ (𝑦𝑖(𝑡𝑘)  −  𝑦̅(𝑡𝑘))
2𝑛

𝑖=1                                      (14) 

where 𝑦𝑖(𝑡𝑘)  =  ∑ 𝜔𝑗𝑘
𝑚
𝑗=1 𝑥𝑖𝑗𝑘

∗∗ ,  𝑦̅(𝑡𝑘)  =  
1

𝑛
∑ ∑ 𝜔𝑗𝑘

𝑚
𝑗=1 𝑥𝑖𝑗𝑘

∗∗𝑛
𝑖=1 , a nd  𝑛  are the number of 

evaluated objects, which is 27 for the YRD urban agglomeration, i.e., 𝑛 =  27.  Step 2: 

Construct an optimization model to minimize the total squared deviation. The optimal weights 

𝜔𝑗 are obtained by solving the following program: 

max𝜎2  =  ∑∑∑[(𝜔𝑗𝑘  − 𝜔𝑗)𝑥𝑖𝑗𝑘
∗∗ ]

2
𝑚

𝑗=1

𝑛

𝑖=1

𝑁

𝑘=1

 

s. t. {
∑ 𝜔𝑗

𝑚
𝑗=1  =  1

𝜔𝑗  ≥  0, 𝑗 =  1,2, … ,𝑚
                                                    (15) 

For a more specific and convenient solution method, reference can be made to the weight 

calculation method based on the eigenvector corresponding to the maximum eigenvalue 

proposed by Guo (2002). 

4 URBAN FINANCIAL RISK FORECASTING FRAMEWORK 

4.1 Forecasting target and predictor variables 

This study develops an annual forecasting model for the rate of change in urban financial risk, 

drawing on panel data from 27 cities in the YRD covering the period 2008–2023. The model 

incorporates monthly and quarterly authoritative economic indicators issued by national, 

provincial, and municipal statistical agencies, selected to balance data volume, availability, and 

conceptual relevance. The model is defined as follows: 

𝑈𝐹𝑅𝑅𝐶𝑖𝑡  =  𝑓(𝑁𝑡, 𝑃𝑝(𝑖)𝑡, 𝐶𝑖𝑡, )                                       (16) 

where 𝑈𝐹𝑅𝑅𝐶𝑖𝑡 denotes the urban financial risk rate of change in the i-th city at time 𝑡. 𝑁𝑡, 

𝑃𝑝(𝑖)𝑡, and 𝐶𝑖𝑡 are vectors of national, provincial, and city predictors, respectively. The function 

𝑓(∙) is estimated using the LSTM–Graph Convolutional Network (GCN) framework detailed 

in Section 4.2. The specific predictor variables are listed in Tab.2, comprising 31 secondary 

indicators in total. 
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First, regarding the prediction time point, apart from the 12 variables representing the lagged 

terms of the “urban financial risk measurement indicators,” the remaining 19 leading indicators 

at the national, provincial, and municipal levels employ first-quarter data of the prediction year 

(t) as inputs to Equation (16). 

Second, concerning the prediction target, instead of discretizing the financial risk level—which 

would require arbitrary threshold settings and could introduce instability—this study 

continuously predicts the rate of change in urban financial risk, thereby enabling a more precise 

depiction of its dynamic evolution. 

Third, the “policy attention index” is measured as the proportion of financial-risk-related terms 

appearing in the provincial Government Work Reports issued between January and March of 

the prediction year. The lagged terms of the “urban financial risk measurement indicator” are 

derived from the annual data of the previous year, whereas the remaining leading indicators are 

expressed as year-on-year growth rates. 

Finally, the comprehensive lexicon used to construct the “policy attention index” includes the 

following terms: credit, credit risk, loan risk, default, loan, and micro-loan; interest rate, 

financing, investment and financing, bonds, venture capital, and real estate; liquidity and 

leverage; fraud and corruption; supervision, financial supervision, market supervision, 

supervision zone, customs supervision, and safety supervision; financial risk; and financial 

crisis. 

Tab.2 – Feature indicators for the prediction model. Source: own research 
Indicator level Primary indicators Secondary indicators Description 

National leading 

macroeconomic 

indicators 

Investment and Real 
Estate Leading Indicators 

National Real Estate Climate Index 
(1) Temporal reference: Model inputs 
use first-quarter data of the prediction 

year (t). 

(2) For indicators released monthly: 

Following Huh (2002) and Hua 

(2014), the value at the end of the 

first quarter (end of March) is used to 

represent the quarterly indicator. 

Production and Trade 

Leading Indicators 

Manufacturing PMI 

Total Electricity Consumption: Industrial 

Electricity Consumption 

Railway Freight Volume 

Confidence Leading 

Indicators 
Consumer Index: Confidence Index 

Monetary and Financial 

Leading Indicators 

New RMB Loans: Medium- and Long-

Term Loans 

Provincial-level 

economic 

indicators 

Policy attention index 
Proportion of financial risk-related terms 

in provincial government work reports 

(1) Temporal reference: Based on the 

release of the provincial 

“Government Work Report” 

(January–March) in the prediction 

year, other quarterly indicators 
uniformly use the first-quarter-end 

(end of March) data, and monthly 

indicators use the March-end value to 

represent the entire quarter. 

(2) Construction: Based on provincial 

Government Work Reports from 

2008–2023, financial risk-related 
terms are extracted using word 

segmentation techniques, and their 

frequency is divided by the total word 

count to produce the annual policy 

attention index. 

Macroeconomic 

Performance 

GDP (quarterly), CPI (monthly), Value 

Added of Industries above Designated 

Size (monthly), Total Retail Sales of 

Consumer Goods (monthly), Total 

Imports and Exports 

Fiscal and Financial 

Stability 

General Public Budget Revenue 

(monthly), General Public Budget 

Expenditure (monthly) 

Investment and Real 

Estate 

Fixed Asset Investment (year-on-year), 

Real Estate Development Investment 

Social Livelihood and 

Infrastructure 

Per Capita Disposable Income of Urban 

Residents 

City-level 

indicators 

Environmental Indicators 
City quarterly average PM2.5 

concentration 

(1) Temporal reference: The first-

quarter average PM2.5 and first-

quarter GDP indicators for each city 

are based on the statistical values for 
that quarter; the lagged terms of the 

financial risk indicator use the 

corresponding values from the 

previous year. 

Macroeconomic 

Performance 
City GDP (quarterly) 

Historical Impact of Urban 

Financial Risk 

Lagged terms of urban financial risk 

measurement indicators 

Note 1. For 2008–2014, the first-quarter average PM2.5 concentration is calculated using the same approach as in the urban 

financial risk measurement framework. 
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Note 2. Some potentially informative indicators, such as housing prices and insurance premium income, are excluded 

because consistent quarterly or monthly city-level data are unavailable, particularly before 2014. 

4.2 Spatiotemporal forecasting models for urban financial risk 

In the selection of temporal modeling modules, this study adopts LSTM networks and Temporal 

Convolutional Networks (TCNs) as the foundational models for extracting time-dependent 

features. Existing research has shown that LSTM models have demonstrated stable and reliable 

predictive performance in regional financial risk forecasting and other economic–financial 

applications. Therefore, this study focuses on an LSTM-based temporal modeling approach 

while incorporating TCN as a comparative extension. 

For spatial modeling, a static GCN is employed to construct the interurban financial risk 

association structure. Compared with dynamic or higher-order GNNs, the static GCN structure 

is simpler, with fewer parameters, making it more suitable for economic and financial research 

scenarios with limited sample sizes. This approach helps reduce model complexity, mitigate 

overfitting, and improve training stability. 

4.2.1 Temporal and spatial building blocks 

(1) Introduction to the LSTM model: The LSTM network, a specialized Recurrent 

Neural Network (RNN), excels at modeling long-term dependencies and is widely applied in 

time series forecasting. Each LSTM unit includes a forget gate (𝑓𝑡), input gate (𝑖𝑡), and output 

gate (𝑜𝑡). The mathematical formulation and computational processes of these gates are defined 

in Equations (17)–(22) (Lin et al., 2025). 

     𝑖𝑡  =  𝜎(𝑊𝑖𝑥𝑡  + 𝑈𝑖ℎ𝑡−1  +  𝑏𝑖)                                           (17) 

     𝑓𝑡  =  𝜎(𝑊𝑓𝑥𝑡  + 𝑈𝑓ℎ𝑡−1  +  𝑏𝑓)                                          (18) 

 𝑜𝑡  =  𝜎(𝑊𝑜𝑥𝑡  +  𝑈𝑜ℎ𝑡−1  +  𝑏𝑜)                                         (19) 

  𝑐𝑡̂  =  𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡  +  𝑈𝑐ℎ𝑡−1  +  𝑏𝑐)                                    (20) 

𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑡 ∗ 𝑐𝑡̂                                                          (21) 

                        ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝑐𝑡)                                                               (22) 

Here, 𝑊 represents the weight matrices for each gate, 𝑏 denotes the bias vectors, and 𝜎(∙) is 

the nonlinear activation function. The symbol “*” represents the element-wise Hadamard 

product. 

(2) Introduction to the GCN model: The GCN effectively processes graph-structured 

data by aggregating information from nodes and their neighbors. The propagation rule, as 

proposed by Kipf & Welling (2017), is expressed as follows: 

Propagation rule of GCN: 𝐻(𝑙+1)  =  𝜎(𝐴̂𝐻(𝑙)𝑊(𝑙))                       (23) 

where 𝐴̂  =  𝐷−
1

2(𝐴 +  𝐼)𝐷−
1

2, 𝐴 denotes the adjacency matrix of the graph, 𝐼 is the identity 

matrix, 𝐷 is the degree matrix of 𝐴 + 𝐼, 𝐻(𝑙) is the node representation matrix at layer 𝑙 (with 

𝐻(0) as the initial node feature matrix), 𝑊(𝑙) is the weight matrix at layer 𝑙, and 𝜎(∙) is the 

nonlinear activation function. 
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(3) Introduction to the TCN model: TCNs are a method for modeling time series data 

based on Convolutional Neural Networks. Unlike RNNs, TCNs capture temporal dependencies 

through convolutional operations, offering advantages such as parallel computing and improved 

gradient stability. Given an input time series 𝑥𝑡  =  {𝑥1,𝑥2, … , 𝑥𝑇}, where 𝑥𝑡 represents the input 

feature at time step ttt, the calculation of the causal convolution in TCN is given as follows: 

              𝑦𝑡  =  ∑ 𝑤𝑘 ∙𝐾−1
𝑘=0 𝑥𝑡−𝑘  +  𝑏                                                 (24) 

where 𝑤𝑘 represents the convolution kernel parameters, 𝐾 is the kernel size (i.e., the length of 

the time window), and 𝑥𝑡−𝑘 is the value of the input sequence at time step 𝑡 − 𝑘, reflecting the 

weighted aggregation of the past 𝐾 time steps’ information. The bias term is denoted as 𝑏. 

In practice, TCN typically comprises multiple stacked layers of 1D convolution modules to 

progressively extract higher-order features from the time series. The output of the 𝑙-th layer 

convolution network is expressed as follows: 

                     𝑦𝑡
(𝑙)

 =  𝜎(TCN𝑙(𝑦𝑡
(𝑙−1)))                                                 (25) 

where 𝑦𝑡
(𝑙−1)

 is the output from the previous layer, TCN𝑙(∙) denotes the convolution operation 

at the 𝑙-th layer, and 𝜎(∙) is the nonlinear activation function. 

4.2.2 Spatiotemporal model architectures 

In terms of overall framework design, the spatial branch captures the spillover and contagion 

mechanisms of financial risk across cities using a GCN, while the temporal branch employs 

LSTM networks or TCNs to model the temporal dynamics of financial risk within individual 

cities. Based on different combinations of LSTM, TCN, and GCN, this study constructs four 

spatiotemporal neural network prediction models: the Serial LSTM–GCN model, the Serial 

GCN–LSTM model, the Parallel LSTM–GCN model, and the Serial TCN–GCN–TCN model. 

The overall architecture is shown in Fig. 1. 

Given the relatively limited sample size in economic and financial modeling, and to further 

reduce model parameters and enhance generalization ability, PCA is applied at the input stage 

to perform dimensionality reduction, removing redundant information and highlighting the key 

features. 

The specific model designs are as follows: (1) Serial LSTM–GCN Model: This model first 

uses an LSTM network to extract the temporal dependency features of financial risk for each 

city. Subsequently, the temporal features are input into the GCN model to aggregate the spatial 

risk information across cities. Finally, an MLP maps the combined features to the final 

prediction variables. (2) Serial GCN–LSTM Model: In this model, the GCN model is applied 

to the input data at each lag period to extract the spatial correlation features across cities, and 

results are reshaped into time-series data blocks consistent with the original input. The LSTM 

network then models the temporal dynamics of the spatially aggregated features. The final 

predictions are obtained through an MLP layer. (3) Parallel LSTM–GCN Model: In this 

configuration, the GCN model is applied to the input data at each lag period to extract the spatial 

features. These spatial features are then aggregated over time (using averaging) to obtain a 

spatial representation G. Moreover, the LSTM network is used to directly model the original 

input data to extract temporal features L. The spatial and temporal representations G and L are 

then concatenated and passed through two layers of MLP to generate the final prediction 

variables. Due to the limited sample size, no gating mechanisms (e.g., GLU) are introduced in 
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the parallel model to avoid excessive model complexity. (4) Serial TCN–GCN–TCN Model: 

In this model, the TCN is used to extract the temporal features of the financial risk 

characteristics across cities. The resulting temporal features are then aggregated spatially using 

the GCN model. Subsequently, the TCN model is again applied to capture the temporal 

dynamics of the spatially aggregated features. The final predictions are made through an MLP 

layer. 

 
Fig. 1 Design of urban financial risk prediction models based on spatiotemporal graph 

neural networks. Source: own research 

4.2.3 Construction of the adjacency matrix 

In the GCN framework, the adjacency matrix 𝐴 defines the spatial relationships among cities. 

This study considers five methods for constructing the adjacency matrix. The first four are fixed 

matrices based on external information, whereas the fifth is a trainable adjacency matrix. 

(1) Distance-based adjacency matrix：The adjacency matrix based on geographical 

distances between cities is the most common construction method. We define the adjacency 

matrix 𝐴 as follows: 

𝐴𝑖𝑗 = {
1,   𝑖𝑓 𝑗 ∈ 𝑁𝑁𝑛𝑢𝑚𝑐

(𝑖)

0,               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                           (26) 

where 𝑁𝑁𝑛𝑢𝑚𝑐
(𝑖) denotes the index set of the 𝑛𝑢𝑚_𝑐  cities with the smallest geographical 

distances 𝑑𝑖𝑗
2  in the 𝑖-th row. 

(2) Economic gravity adjacency matrix: In the economic gravity model (Wu et al., 

2025), the economic gravity weight 𝑤𝑖𝑗 between two cities is calculated as follows: 

𝑤𝑖𝑗  =  
𝐺𝐷𝑃̂𝑖 × 𝐺𝐷𝑃̂ 𝑗

𝑑̂𝑖𝑗
2                                                 (27) 
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where 𝐺𝐷𝑃̂𝑖  and 𝐺𝐷𝑃𝑗̂  are the standardized GDP values, and 𝑑̂𝑖𝑗
2  is the standardized 

geographical distance between cities. Standardization uses value/min (value). Subsequently, 

based on 𝑤𝑖𝑗, 𝐴𝑖𝑗 is calculated using Equation (26). 

(3) Financial risk spatial association matrix: According to Shen et al. (2019) and 

Ouyang & Xiong (2023), the financial risk, population size, economic volume, and 

geographical distance of a city jointly determine the spatial association network of financial 

risk. The calculation of the risk spatial association matrix element is as follows: 

𝑟𝑖𝑗  =  𝑐𝑜𝑛𝑖𝑗
√𝑅𝑖𝑠𝑘𝑖∙𝑃𝑂𝑃𝑖∙𝐺𝐷𝑃𝑖
3

√𝑅𝑖𝑠𝑘𝑗∙𝑃𝑂𝑃𝑗∙𝐺𝐷𝑃𝑗
3

(
𝑑𝑖𝑗

𝑃𝐺𝐷𝑃𝑖 − 𝑃𝐺𝐷𝑃𝑗
)

2 , 𝑐𝑜𝑛𝑖𝑗  =  
𝑅𝑖𝑠𝑘𝑖

𝑅𝑖𝑠𝑘𝑖 + 𝑅𝑖𝑠𝑘𝑗
                  (28) 

where 𝑅𝑖𝑠𝑘𝑖, 𝑃𝑂𝑃𝑖, 𝐺𝐷𝑃𝑖 , and 𝑃𝐺𝐷𝑃𝑖  represent the financial risk, population, GDP, and per 

capita GDP of city 𝑖, respectively, and 𝑑𝑖𝑗 is the geographical distance between cities 𝑖 and 𝑗. 

The spatial contagion effect between cities 𝑖 and 𝑗 is then determined as follows: 

𝐴𝑖𝑗 = {
1,                   𝑟𝑖𝑗 > 𝑚𝑖

0,               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                            (29) 

where 𝑚𝑖 is the average risk value of city 𝑖. 

(4) Similarity-based adjacency matrix: In this method, the financial risk similarity 

𝜌𝑖𝑗  between cities 𝑖 and 𝑗 is first computed, typically using Pearson correlation coefficients. The 

adjacency matrix is then constructed based on a predefined threshold 𝑝 as follows: 

𝐴𝑖𝑗 = {
1,                     𝜌𝑖𝑗 >  𝑝

0,               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                          (30) 

where the threshold 𝑝 can be optimized appropriately. 

(5) Trainable adjacency matrix: Unlike fixed matrices, the trainable adjacency matrix is 

treated as a learnable parameter, similar to model weights and biases. The adjacency matrix is 

randomly initialized and updated through backpropagation during model training. This allows 

the model to learn data-driven spatial dependence among cities rather than relying exclusively 

on predefined spatial structures. 

5 EMPIRICAL RESULTS 

5.1 Spatiotemporal evolution of urban financial risk 

5.1.1 Spatial distribution of urban financial risk 

Based on data from 2008 to 2023, this study calculates the level of urban financial risk for each 

city using Equation (9) (Tab.3) and visualizes the spatial distribution in Fig. 2, where darker 

colors indicate higher levels of urban financial risk. According to Tab.3 and Fig. 2, several key 

findings can be summarized. 

First, significant inter-provincial heterogeneity is observed. The Anhui urban cluster exhibits 

the highest overall urban financial risk, whereas Jiangsu shows the lowest risk level. Cities in 

Zhejiang and Shanghai generally fall within the medium-risk range. 
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Second, clear spatial clustering patterns emerge in the distribution of urban financial risk. High-

risk cities are primarily concentrated in peripheral areas of the YRD. These spatial patterns may 

reflect potential “risk spillover” or “spatial dependence” among cities, although they may result 

from shared macroeconomic shocks rather than direct contagion effects. 

More specifically, the southwest of Anhui forms a “high-risk cluster,” where Chizhou, Anqing, 

Tongling, and Xuancheng together constitute the core area with the highest urban financial risk 

in the region. In southern Zhejiang, a clear “risk hotspot” can be observed, with Wenzhou 

(ranked 7th), Taizhou (9th), and Jinhua (5th) forming a triangular pattern of relatively high 

financial risk. By contrast, Jiangsu presents a “north–south divergence” in urban financial risk. 

Cities such as Suzhou, Wuxi, and Changzhou—supported by developed manufacturing 

industries, high-end service sectors, and relatively advanced financial systems—form a “low-

risk triangle.” Moreover, Yancheng in northern Jiangsu ranked 6th in 2023, indicating 

comparatively higher financial risk within the province. 

Overall, these results reveal pronounced regional disparities and spatial clustering in the 

distribution of urban financial risk across the YRD. 

Tab.3 – Dynamic comprehensive evaluation of urban financial risk in the Yangtze River Delta 

urban agglomeration (2008–2023). Source: own research 
Cities in 

Anhui 
Anqing Chizhou Tongling Xuanchen

g 

Wuhu Ma’ansha

n 

Chuzhou Hefei  

UFR 0.5947 0.6026 0.5707 0.5615 0.4901 0.5244 0.5159 0.4823  

Ranking 2 1 3 4 16 8 12 21  

Cities in 

Zhejiang 

Taizhou (ZJ) Zhousha

n 

Jinhua Shaoxing Huzhou Jiaxing Wenzhou Ningbo Hangzhou 

UFR 0.5238 0.4613 0.5524 0.4879 0.5165 0.489 0.5435 0.4555 0.5118 

Ranking 9 24 5 19 11 17 7 25 14 

Cities in 

Jiangsu 

Taizhou (JS) Zhenjian

g 

Yangzho

u 

Yancheng Nanton

g 

Suzhou Changzho

u 

Wuxi Nanjing 

UFR 0.4956 0.5168 0.4875 0.5492 0.4822 0.4428 0.4624 0.4339 0.4879 

Ranking 15 10 20 6 22 26 23 27 18 

Shanghai Shanghai         

UFR 0.5152         

Ranking 13         

Note: UFR stands for urban financial risk. 
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Fig. 2 Spatial distribution of urban financial risk in the Yangtze River Delta urban 

agglomeration (2008–2023). Source: own research 

Based on Equation (9), urban financial risk can be decomposed into the summed contributions 

of 12 secondary indicators. Fig. 3 shows a heatmap of the ranked contributions of these 

indicators across cities, providing a more detailed diagnosis of regional risk sources. The main 

patterns can be summarized as follows. 

(1) Southwest Anhui “high-risk cluster”: Chizhou, Anqing, Tongling, and Xuancheng 

form the highest-risk core area in the YRD. As shown in Fig. 3, macroeconomic risk, banking 

system risk, and government finance and debt risk contribute strongly to overall urban financial 

risk, whereas real estate risk remains relatively moderate. Persistent population outflows toward 

nearby developed cities such as Hefei, Hangzhou, and Nanjing weaken local economic 

fundamentals. Strengthening regional cooperation and improving industrial absorption capacity 

would help alleviate fiscal and financial pressures. 

(2) Southern Zhejiang “risk hotspot”: Jinhua, Wenzhou, and Taizhou constitute a 

regional risk hotspot. Jinhua and Wenzhou show relatively low macroeconomic risk but higher 

banking, real estate, and fiscal-debt risks. Taizhou displays higher macroeconomic and fiscal 

risks but lower banking and real estate risks. A common feature across the three cities is the 

strong contribution of government finance and debt risk. The dominance of low-value-added 

manufacturing, combined with active informal financing and expansion of local government 
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financing vehicles, increases fiscal and financial vulnerabilities. Policy priorities include 

financial structure optimization, strengthened fiscal supervision, and industrial upgrading. 

(3) North–South divergence in Jiangsu Province: Suzhou, Wuxi, and Changzhou form 

a “low-risk area” supported by advanced manufacturing, strong service sectors, and relatively 

stable financial systems. Nevertheless, Suzhou shows pressure from high housing price-to-

income ratios, while Changzhou faces environmental constraints. By contrast, Yancheng 

exhibits relatively higher urban financial risk, primarily driven by macroeconomic and fiscal-

debt factors. Differentiated policy responses are therefore required to address city-specific risk 

sources. 

(4) Shanghai: Shanghai maintains a moderate level of urban financial risk. As China’s 

financial center, Shanghai benefits from strong economic fundamentals and relatively 

controlled government debt risk. However, banking system risk and real estate market risk 

remain comparatively prominent. Targeted financial supervision and real estate risk 

management are therefore crucial to maintain long-term financial stability. 

Overall, the YRD exhibits clear provincial heterogeneity and spatial clustering in urban 

financial risk. Effective risk mitigation requires differentiated governance strategies and 

stronger cross-regional coordination in financial supervision. 

 

Fig. 3 Heatmap of the ranked contributions of the 12 indicators to urban financial risk in the 

Yangtze River Delta urban agglomeration. Source: own research 
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5.1.2 Temporal evolution of urban financial risk 

Annual urban financial risk scores for each city are computed using Equation (31) as follows: 

𝑟𝑖(𝑡𝑘)  =  ∑ 𝜔𝑗
𝑚
𝑗=1 𝑥𝑖𝑗𝑘

∗∗                                                    (31) 

where 𝜔𝑗 represents the dynamic indicator weight, derived from Equations (14) and (15). 

To examine the long-term evolution of urban financial risk, the Cox–Stuart test is applied to 

the time series of each city over the period 2008–2023. The hypotheses are defined as follows: 

𝐻0: no monotonic trend   𝐻1: monotonic trend 

The corresponding p values for the 27 cities in the YRD are shown in Fig. 4. When the p value 

is below the significance level (e.g., 0.05), the null hypothesis is rejected, indicating a 

statistically significant monotonic trend in urban financial risk. 

As shown in Fig. 4, the long-term evolution of urban financial risk can be classified into three 

groups. 

(1) No significant trend: Shanghai, Suzhou, Nantong, Yancheng, Zhenjiang, Taizhou, 

Huzhou, Jinhua, Chuzhou, Ma’anshan, Tongling, Chizhou, and Anqing show no clear upward 

or downward trend. 

(2) Significant trend: Yangzhou, Zhoushan, Hefei, Wuhu, and Xuancheng exhibit 

statistically significant increasing or decreasing trends in urban financial risk. 

(3) Weak or ambiguous trend: Nanjing, Wuxi, Changzhou, Hangzhou, Ningbo, 

Wenzhou, Jiaxing, Shaoxing, and Taizhou show some variation, but no strong or consistent 

trend is identified. 

To further assess the magnitude of change, the risk change rate is defined as follows: 

Average financial risk (2016−2023) − Average financial risk (2008−2015)

Average financial risk (2008−2015)
                       (32) 

Among the 27 cities, only Tongling exhibits a positive change rate, whereas all other cities 

show negative values. This indicates that, overall, urban financial risk in the YRD has declined 

over time. 
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Fig. 4 p values from the Cox–Stuart trend test for urban financial risk in the Yangtze River 

Delta urban agglomeration. Source: own research 

Subsequently, this study ranks urban financial risk for each city in the YRD annually and 

examines the evolution of these rankings over time. Compared with absolute risk levels, ranking 

analysis focuses on relative risk dynamics, which helps reduce the influence of common 

macroeconomic shocks and highlights intra-regional differences in urban financial risk. 

Fig. 5 reports the change rate of urban financial risk rankings for the 27 cities, defined as follows: 

Average rank (2016−2023) − Average rank (2008−2015)

Average rank (2008−2015)
                                    (33) 

A negative value indicates an improvement in the relative risk position, whereas a positive value 

indicates deterioration. Fig. 6 shows a heatmap of the temporal evolution of urban financial risk 

rankings from 2008 to 2023 across Anhui, Zhejiang, Jiangsu, and Shanghai. Smaller ranking 

values correspond to higher urban financial risk. 

Combining Figs. 5 and 6, several regional patterns emerge. 

(1) Anhui cluster: Wuhu, Chuzhou, and Hefei show clear improvements in urban 

financial risk rankings. By contrast, Anqing, Chizhou, Tongling, and Ma’anshan exhibit 

noticeable deterioration, whereas Xuancheng remains persistently among the higher-risk cities 

despite only moderate ranking changes. 

(2) Zhejiang cluster: Zhoushan, Huzhou, Jiaxing, and Ningbo demonstrate substantial 

improvements in urban financial risk rankings. Hangzhou shows only slight improvement and 

remains at a relatively high-risk level. By contrast, Taizhou, Jinhua, and Wenzhou experience 
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notable deterioration, whereas Shaoxing shows mild worsening but remains within a relatively 

low-risk range. 

(3) Jiangsu cluster: Yancheng exhibits the most pronounced deterioration in urban 

financial risk ranking. Taizhou and Zhenjiang show moderate upward pressure. By contrast, 

Yangzhou, Nantong, Suzhou, Changzhou, and Wuxi improve significantly, whereas Nanjing 

shows a modest improvement. 

(4) Shanghai: Shanghai’s urban financial risk ranking shows a modest but statistically 

insignificant improvement, indicating relatively stable risk conditions over the sample period. 

Overall, the ranking dynamics reveal substantial heterogeneity in the evolution of urban 

financial risk across cities in the YRD, indicating that financial risk governance requires 

differentiated strategies across regions. 

 

Fig. 5 Rate of change in urban financial risk rankings in the Yangtze River Delta (2008–

2023). Source: own research 



 

https://doi.org/10.7441/joc.2026.03.01 

 

 23 

 

Fig. 6 Temporal evolution of urban financial risk rankings in the Yangtze River Delta (2008–

2023). Source: own research 

5.2 Forecasting performance and model evaluation 

This study aimed to develop urban financial risk prediction models and evaluates their 

performance and generalization ability using the 27 cities of the YRD in 2023 as a test set. 

Algorithm Steps: 

Step 1: Validation set selection and hyperparameter optimization 

1) A candidate validation set 𝑉 =  {2018,2019,2020,2021,2022} is defined. 

2)  For each year 𝑣 ∈  𝑉 , it is used as the validation set, and the remaining years 

(excluding the test year, 2023) are used as the training set. 

3) Using the Optuna framework, Bayesian optimization is performed to minimize the 

Mean Squared Error (MSE) on the validation set, selecting the year 𝑣∗ and its 

corresponding optimal hyperparameter configuration that minimizes the MSE. 

Note: The validation set spans 2018–2022 to cover different macroeconomic environments 

before and after the pandemic, ensuring comparability with the 2023 test set. 

Step 2: Final model training and testing 
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1) The optimal validation year 𝑣∗ and hyperparameters are fixed. 

2) The model is retrained using data from 2008 to 2022 (excluding the validation year 

𝑣∗). 

3) The performance of the model is evaluated on the training set and the 2023 test set 

using metrics such as the coefficient of determination (𝑅2). 

Step 3: Repeated experiments and robustness evaluation 

1) Under the optimal hyperparameter configuration, each spatiotemporal model is 

trained 19 times. 

2) The median 𝑅2 of the test set results is used as the final goodness-of-fit indicator, 

and the sample standard deviation is used to assess the uncertainty and stability of 

the predictions of the model. 

3) Robustness check: An additional test set using data from the 27 cities in 2022 is 

created to assess the robustness of the model across different time periods. 

5.2.1 Experimental setup and hyperparameter optimization 

The model was developed and trained in Python 3.8 with TensorFlow 2.7.0. The specific 

experimental settings are as follows: 

1) PCA for dimensionality reduction: Given the limited sample size of 405 data points, 

PCA was applied to reduce the original 31 input features. A total of 18 principal 

components were retained, ensuring that the cumulative variance contribution was at 

least 92%, effectively removing redundancy and emphasizing key risk factors. 

2) Time series lag setting: A lag of 2 years was used for the time series modeling. This 

lag is appropriate given that some features are expressed as year-on-year growth rates, 

which effectively capture the phased changes in urban financial risk and its 

“acceleration” characteristics. 

3) Regularization and hyperparameter optimization: To mitigate overfitting under small 

sample conditions, a dropout mechanism was introduced in each network module, and 

L2 regularization was applied to all model parameters except the trainable adjacency 

matrix. Due to limited sample size, early stopping was not employed, as it showed 

instability in preliminary experiments. Hyperparameters were optimized using 

Optuna, with the specific search range and settings detailed in Tab.4. 

Tab.4 – Optuna hyperparameter optimization settings. Source: own research 
Models Units Layers Dropout probability L2 regularization Learning rate Validation set 

 

LSTM [4,128] [1,2] [0.01,0.5] [1e−5, 1e−2] [1e−5, 1e−2] [8,12] 

Two-Layer LSTM [4,128] [1,2] [0.01,0.5] [1e−5, 1e−2] [1e−5, 1e−2] [8,12] 

Serial LSTM–GCN [4,128] 1 [0.01,0.5] [1e−5, 1e−2] [1e−5, 1e−2] [8,12] 

Serial GCN–LSTM [4,128] 1 [0.01,0.5] [1e−5, 1e−2] [1e−5, 1e−2] [8,12] 

Parallel LSTM–GCN [4,128] 1 [0.01,0.5] [1e−5, 1e−2] [1e−5, 1e−2] [8,12] 

Serial TCN–GCN–TCN [4,128] 1 [0.01,0.5] [1e−5, 1e−2] [1e−5, 1e−2] [8,12] 
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Note 1: Each module in the spatiotemporal neural network model (e.g., the LSTM–GCN model) contains multiple 

hyperparameter settings. For instance, the LSTM module has its own units parameter, and the GCN module has a separate units 

parameter. To ensure consistency, this study adopts the same hyperparameter range for the number of units across all modules. 

Note 2: [8, 12] denotes the selection of one year as the validation set within the period 2018–2022. In particular, validation set 

“12” refers to using data from 2022 as the validation set, which includes financial risk data for 27 cities. 

5.2.2 Comparison of fixed and trainable adjacency matrices 

Tab.5 presents the 𝑅2  median and model uncertainty from 19 training runs for four fixed 

adjacency matrices and the trainable adjacency matrix in the serial LSTM–GCN model. Among 

the fixed adjacency matrices, the similarity-based adjacency matrix performed best on the 

training and test sets, with 𝑅2 medians of 0.6055 and 0.1459, respectively. However, the overall 

performance was still moderate. This suggests that fixed adjacency matrices based on 

geography, economics, and financial significance did not significantly improve the prediction 

performance of the urban financial risk model. 

The study further proposes treating the adjacency matrix as a trainable parameter, akin to the 

weights of the model. In the serial LSTM–GCN model, using the trainable adjacency matrix 

improved the 𝑅2  medians for the training and test sets, reaching 0.9673 and 0.4131, 

respectively, compared with the fixed matrices. This improvement was significant, with model 

uncertainty remaining relatively low. 

As a result, the trainable adjacency matrix will be used in subsequent analyses to construct the 

spatiotemporal neural network model and conduct robustness testing. 

Tab.5 – Comparison of prediction performance for different adjacency matrices in serial 

LSTM–GCN. Source: own research 
Adjacency matrix Distance-

based 

Economic gravity 

model 

Financial risk spatial 

network 

Similarity 

matrix 

Trainable adjacency 

matrix 

Training set R2 

median 

0.3728 0.2258 0.2661 0.6055 0.9673 

Model uncertainty 0.0222 0.0162 0.0302 0.0293 0.0027 

Test set R2 

median 

0.1218 0.0312 0.0831 0.1459 0.4131 

Model uncertainty 0.0228 0.0192 0.0351 0.0344 0.0582 

Note: For the distance-based and economic gravity models, 𝑛𝑢𝑚𝑐  =  2, and for the similarity matrix, the threshold 𝑝 =  0.94. 

5.2.3 Performance comparison of spatiotemporal models 

The study first constructed the GCN model using a trainable adjacency matrix and then 

evaluated the performance of four spatiotemporal architectures, along with benchmark models 

(LSTM and Two-Layer LSTM), using 2023 data as the test set. 

As reported in Tab.6, the Two-Layer LSTM improved the training performance compared with 

the single-layer LSTM, increasing the median training 𝑅2 from 0.8468 to 0.8792, indicating 

that deeper temporal modeling enhances the fitting ability of the baseline model. 

Among the spatiotemporal models, all four architectures achieved substantially higher training 

𝑅2 values than the benchmark models. In particular, the Serial GCN–LSTM model achieved 

the highest training 𝑅2 (0.9885), followed by Serial LSTM–GCN (0.9673) and Serial TCN–

GCN–TCN (0.9629), indicating that incorporating spatial information can significantly 

enhance the fitting capability of the model. 
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However, differences become more apparent when examining the test set results. As presented 

in Tab.6, the Serial LSTM–GCN model achieved the highest test 𝑅2 (0.4131), outperforming 

the LSTM (0.2582) and the Two-Layer LSTM (0.3896). The Serial GCN–LSTM (0.3857) and 

Parallel LSTM–GCN (0.3740) models achieved performance close to the Two-Layer LSTM 

benchmark, whereas the Serial TCN–GCN–TCN model (0.2751) showed relatively weaker 

predictive performance. 

Tab.6 R2 values of spatiotemporal models with 2023 as the test set. Source: own research 

Model LSTM 
Two-Layer 

LSTM 

Serial LSTM–

GCN 

Serial GCN–

LSTM 

Parallel LSTM–

GCN 

Serial TCN–

GCN–TCN 

Training set R2 

median 
0.8468 0.8792 0.9673 0.9885 0.9338 0.9629 

Model uncertainty 0.0142 0.0049 0.003 0.0025 0.0112 0.0131 

Test set R2 median 0.2582 0.3896 0.4131 0.3857 0.3740 0.2751 

Model uncertainty 0.0532 0.0298 0.0582 0.0614 0.0553 0.0868 

To further evaluate predictive accuracy, RMSE results reported in Tab.7 provide additional 

evidence. The Serial LSTM–GCN model achieved the lowest test RMSE (0.2635), slightly 

outperforming the LSTM (0.2726) and Two-Layer LSTM (0.2735). By contrast, the Serial 

GCN–LSTM (0.2929) and Serial TCN–GCN–TCN (0.2864) models produced larger prediction 

errors, whereas the Parallel LSTM–GCN model (0.2761) performed similarly to the benchmark 

models. 

Overall, these results indicate that incorporating spatial dependency through graph structures 

can improve predictive performance when appropriately integrated with temporal modeling. In 

particular, the Serial LSTM–GCN architecture demonstrates optimal balance between fitting 

ability and predictive accuracy for the 2023 test set, indicating that modeling temporal dynamics 

first and then capturing spatial spillovers can effectively improve forecasting performance for 

urban financial risk in the YRD. 

Tab.7 RMSE values of spatiotemporal models with 2023 as the test set. Source: own research 

Model LSTM 
Two-Layer 

LSTM 

Serial LSTM–

GCN 

Serial GCN–

LSTM 

Parallel LSTM–

GCN 

Serial TCN–

GCN–TCN 

Training set RMSE 

median 

0.1128 0.0983 0.0408 0.1261 0.0932 0.0920 

Model uncertainty 0.0014 0.0039 0.0074 0.0052 0.0049 0.0038 

Test set RMSE 

median 

0.2726 0.2735 0.2635 0.2929 0.2761 0.2864 

Model uncertainty 0.0067 0.0107 0.0101 0.0132 0.0209 0.0145 

5.2.4 Robustness analysis 

To further verify the robustness of the models, the study used 2022 data as an alternative test 

set, with the validation period ranging from 2018 to 2021. 

As presented in Tab.8, the training results differ from those observed in the 2023 test setting. 

In the training set, the Parallel LSTM–GCN (0.9622) and Serial TCN–GCN–TCN (0.9489) 

models achieved the highest 𝑅2  values, indicating stronger fitting performance than both 

benchmark models. By contrast, the Serial GCN–LSTM model (0.8414) exhibited a relatively 

weaker training fit among the spatiotemporal architectures. 
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On the test set, however, the ranking of the model changes. The Serial GCN–LSTM model 

achieved the highest 𝑅2  (0.6690), followed by Serial LSTM–GCN (0.6190) and Parallel 

LSTM–GCN (0.6181). All four spatiotemporal models achieved higher predictive performance 

than the single-layer LSTM (0.5697) and the Two-Layer LSTM (0.5891), indicating that 

incorporating spatial structure can improve prediction performance under different temporal 

settings. 

Overall, results based on the 2022 test set confirm the robustness of the spatiotemporal 

modeling framework, although the relative performance of individual architectures varies 

across test periods. This suggests that while spatiotemporal neural networks can effectively 

capture temporal dynamics and spatial interactions in urban financial risk, differences in time 

periods and evolving risk characteristics across cities may lead to variations in model 

performance. 

Tab. 8 R2 values of spatiotemporal models with 2022 as the test set. Source: own research 

Model LSTM 
Two-Layer 

LSTM 

Serial LSTM–

GCN 

Serial GCN–

LSTM 

Parallel LSTM–

GCN 

Serial TCN–

GCN–TCN 

Training set R2 

median 

0.9155 0.8585 0.8585 0.8414 0.9622 0.9489 

Model uncertainty 0.0047 0.0129 0.0131 0.0147 0.007 0.0093 

Test set R2 median 0.5697 0.5891 0.6190 0.6690 0.6181 0.6053 

Model uncertainty 0.0381 0.0560 0.1137 0.0722 0.1107 0.03812 

6 CONCLUSION 

Amid multiple challenges—including the COVID-19 pandemic, trade frictions, real estate 

market adjustments, and population aging—China’s economy has entered a stage of high-

quality and sustainable development. In this context, effective management of urban financial 

risk has become increasingly crucial for maintaining regional stability and supporting long-

term economic resilience. As one of the most dynamic regions in China, the YRD exhibits a 

complex and evolving pattern of urban financial risk, making systematic measurement and 

forecasting particularly essential. 

This study focuses on the measurement, spatiotemporal evolution, and forecasting of urban 

financial risk, addressing key limitations in existing city-level research. The main findings are 

summarized as follows. 

6.1 Measurement and spatiotemporal evolution of urban financial risk 

First, a multidimensional urban financial risk measurement framework is constructed, 

incorporating four key dimensions: macroeconomic risk, banking system risk, real estate 

market risk, and government finance and debt risk. The framework is further enriched by 

introducing PM2.5 concentration to capture environmental influences and credit spreads of local 

government financing vehicles to reflect implicit debt risk. Proxy variables are used to address 

data limitations in banking risk across cities. 

Based on this framework, a dynamic weighting approach with an “acceleration effect” is 

applied to examine the evolution of urban financial risk in the YRD from 2008 to 2023. Results 

reveal clear inter-provincial heterogeneity and spatial clustering. Anhui exhibits relatively 

higher risk levels, Zhejiang and Shanghai remain at moderate levels, and Jiangsu shows 

comparatively lower risk, forming a broad pattern of regional differentiation. 
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At the city level, distinct spatial clusters are identified. Southwestern Anhui forms a “high-risk 

cluster,” whereas parts of southern Zhejiang constitute a “risk hotspot.” However, the 

underlying drivers differ across cities, including fiscal pressure, industrial structure, and real 

estate dynamics. 

These spatial patterns should be interpreted with caution. The observed clustering reflects 

spatial dependence in urban financial risk, which may arise from economic linkages or shared 

external shocks, rather than direct causal contagion. 

From a temporal perspective, cities can be grouped into three categories: those with stable risk 

levels, those with significant upward or downward trends, and those with high volatility but no 

clear trend. Combined analysis of risk change rates and ranking dynamics suggests that 

although overall urban financial risk has declined in recent years, substantial cross-city 

disparities persist. 

6.2 Spatiotemporal forecasting of urban financial risk 

Building on measurement results, this study develops a forecasting framework for urban 

financial risk using 31 indicators and four spatiotemporal neural network architectures: Serial 

LSTM–GCN, Serial GCN–LSTM, Parallel LSTM–GCN, and Serial TCN–GCN–TCN. 

Comparisons across different adjacency matrices show that fixed spatial structures do not 

significantly improve model performance. By contrast, treating the adjacency matrix as a 

trainable parameter enhances predictive accuracy without increasing uncertainty. 

Empirical results indicate that incorporating spatial information improves model performance 

relative to benchmark models. On the 2023 test set, the Serial LSTM–GCN model achieves 

optimal performance in terms of R2 and RMSE, whereas other spatiotemporal models show 

comparable but less consistent results. 

Robustness tests using 2022 data confirm the effectiveness of the spatiotemporal framework, 

although model rankings vary across test periods. This suggests that model performance 

depends on evolving temporal dynamics and interurban relationships, and no single architecture 

consistently dominates across all scenarios. 

Overall, results highlight the importance of integrating spatial dependence into temporal models 

for forecasting urban financial risk. 

6.3 Limitations and future research 

This study has several limitations. The relatively small sample size limits the application of 

techniques such as early stopping and transfer learning. Future research should explore 

spatiotemporal data augmentation (Zhou et al., 2025) to improve model generalization. 

Methodologically, future work should improve feature fusion by introducing gating 

mechanisms or modular architectures to better capture temporal and spatial heterogeneity. 

In addition, future research should extend the analysis to urban competitiveness, which is not 

directly examined in this study. This includes developing a clear evaluation framework, 

integrating competitiveness-related indicators, and constructing joint models of financial risk 

and competitiveness. Future research should explore the relationship between urban financial 
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risk and competitiveness dynamics, as well as incorporate institutional and governance-related 

factors using approaches such as text mining. 
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