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Abstract. Within the Healthy Cities and Sustainable Development Goals (SDGs) agendas, socioeconomic data are 

fundamental for tracking regional development. China, however, lacks a complete, long-term subnational socioeconomic 20 

dataset due to severe spatiotemporal missingness in official statistical yearbooks. We compiled 35 official socioeconomic 

indicators for 366 Chinese cities from 2000 to 2021, incorporated remote-sensing-derived covariates as auxiliary information, 

and applied a Bayesian spatiotemporal interacting varying intercepts (BSTIVI) model to capture the target variables’ spatial, 

temporal, and coupled spatiotemporal dependence. Model performance was evaluated using global Bayesian criteria and 

cross-validation, while local error distributions and temporal trends were visualized to examine imputation outcomes. Based 25 

on the completed dataset, we further derived a composite development index using entropy weighting and assessed spatial 

inequality with the Gini coefficient, coefficient of variation and hotspot analysis. The results show that BSTIVI achieved 

markedly better fit than traditional multiple linear regression (MLR). In cross-validation, 32 of 35 indicators achieved R2 >= 

0.95, RMSE and MAE remained low. The resulting data product showed strong imputation performance in both spatial and 

temporal dimensions. Analyses of the completed dataset revealed marked spatial inequality and clustering in urban 30 

socioeconomic development across China during 2000-2021. We ultimately produced the first long-term city-level 

socioeconomic dataset for China, comprising 35 indicators and one composite index, with Bayesian credible intervals for 

imputed values. This study provides both a new city-level data resource for China and a transferable framework for imputing 

missing subnational socioeconomic data worldwide, thereby supporting Earth system research and SDG implementation. 

https://doi.org/10.5194/essd-2026-306
Preprint. Discussion started: 8 May 2026
c© Author(s) 2026. CC BY 4.0 License.



2 

 

1 Introduction 35 

Socioeconomic data comprise diverse indicators that characterize regional economic and social development and are 

essential for policy formulation, economic monitoring, and scientific research (Zhang et al., 2024). Within the Earth system 

science framework, socioeconomic processes are increasingly recognized not as exogenous drivers, but as integral 

components of coupled human-natural systems. Population dynamics, economic activity, and urban development both shape 

and respond to environmental change, thereby influencing the trajectories of system evolution. High-quality socioeconomic 40 

datasets therefore provide essential information on human-system exposure, supporting the analysis of human activities and 

their feedback mechanisms, and providing an important empirical foundation for investigating human-environment 

interactions. At the same time, such data are indispensable for tracking progress toward the UN Sustainable Development 

Goals (SDGs), particularly SDG 3 (Good Health and Well-being), SDG 4 (Quality Education), and SDG 11 (Sustainable 

Cities and Communities), for which they provide essential empirical support. However, national averages often conceal 45 

substantial subnational disparities (Zhao et al., 2017; India State-Level Disease Burden Initiative Child Mortality, 2020). By 

contrast, fine-scale socioeconomic data more effectively characterize spatially explicit patterns of inequality (Lozano et al., 

2018; Neal et al., 2019), and support refined assessments of human-environment interactions at local scales. Consequently, 

such fine-grained data are essential not only for improving the accuracy of SDG monitoring (Mckeen et al., 2023; Oh et al., 

2024), but also for advancing the understanding of complex interactions within human-Earth systems. Nevertheless, on the 50 

global scale, long-term subnational socioeconomic datasets suffer from severe missing-value problems. 

One common approach to imputing missing socioeconomic data is to increase sample size or incorporate auxiliary 

information. In practice, however, socioeconomic data collection often requires substantial human, material, and financial 

resources, and official statistics in most countries rely primarily on sample surveys to produce representative estimates more 

efficiently and cost-effectively (Amaral et al., 2015). Consequently, when missingness occurs, additional samples or suitable 55 

auxiliary variables are often unavailable, especially in resource-limited settings. Recent advances in satellite remote sensing, 

however, have created new opportunities to derive auxiliary variables relevant to socioeconomic conditions. This technology 

not only expands pathways for acquiring auxiliary information but has also been widely applied in population downscaling 

(Alegana et al., 2015; Sorichetta et al., 2015) and the estimation of health indicators across countries (Tatem, 2014; Wang et 

al., 2016; James et al., 2018). As auxiliary variables in these studies, remote sensing data have demonstrated substantial 60 

value and potential in both academic research and practical applications (Utazi et al., 2018; Lloyd et al., 2019). 

The second strategy is to use model-based imputation when additional samples or auxiliary information are unavailable 

(Ferreira et al., 2020). Common methods include statistical methods such as expectation maximization (EM) (De Souto et al., 

2015) and linear regression (LR) (Pati and Das, 2017), as well as machine-learning approaches including k-nearest neighbors 

(KNN) (De Silva and Perera, 2016), decision trees (DT) (Purwar and Singh, 2015), and random forests (RF) (Xia et al., 65 

2017). However, these approaches often ignore or only partially capture spatial dependence in the target variables (Seu, 

2022), which can reduce fit and predictive accuracy while increasing imputation error and uncertainty (Zahmatkesh and Zech, 
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2026). Under the first law of geography, nearby areas tend to share similar structural characteristics (Goodchild, 2009), and 

regional time series usually show regular temporal dynamics (Song et al., 2024), both of which are critical for long-term 

geospatial data (Song et al., 2020; Song et al., 2022). Accordingly, spatiotemporal models, especially those explicitly 70 

coupling spatial and temporal processes, are well suited to missing-value imputation because they can recover missing 

values from the variables’ own structural patterns even without extra samples or auxiliary information (Song et al., 2018). 

Yet for official socioeconomic datasets, few studies have combined satellite-derived auxiliary variables with spatiotemporal 

models to further improve imputation accuracy. 

In China, subnational socioeconomic data also exhibit substantial spatiotemporal missingness. Although official sources, 75 

such as the China City Statistical Yearbook and the China County Statistical Yearbook, cover broad geographic areas and 

are publicly available, long-term statistical data remain missing for some regions and reporting of certain indicators has been 

discontinued. Academic datasets are likewise limited. Existing products provide fine spatial resolution at the city, county, or 

grid level, but most focus on single indicators, such as electricity consumption (Zhou et al., 2025), GDP (Zhao et al., 2017), 

human development index (Gong et al., 2025), or hospital accessibility (Ye et al., 2024). For multi-indicator socioeconomic 80 

data, at present only the county-level dataset by Song et al. exists. It contains only about 20 absolute indicators, and covers 

just 2002-2011, making it insufficient for large-scale, long-term analyses. Moreover, this dataset has not been publicly 

released, further restricting its use. Consequently, China still lacks a long-term, multi-indicator subnational socioeconomic 

dataset. This gap is especially consequential for the Healthy Cities initiative and for monitoring progress toward SDG 11. As 

urbanization accelerates, cities have become central units of socioeconomic development and key spatial units for SDG 85 

implementation, making city-level socioeconomic data increasingly important. 

In summary, this study focuses on the city scale and integrates remote-sensing-derived auxiliary variables with 

spatiotemporal modeling to improve missing-value prediction and generate a long-term, broad-coverage socioeconomic 

dataset for China. Specifically, we use satellite-derived proxies (e.g., nighttime lights, PM2.5, and temperature) as auxiliary 

variables, apply the Bayesian spatiotemporal interacting varying intercepts (BSTIVI) model (Song et al., 2022), and 90 

incorporate spatiotemporal interaction structures in the target variables to enhance predictive performance. This framework 

enables the production and validation of the first city-level socioeconomic dataset for China. Based on the completed 

indicators, we further construct a composite index of socioeconomic development and evaluate spatiotemporal inequality. 

Overall, the resulting annual city-level dataset for 2000-2021 provides a valuable basis for long-term regional research in 

China and offers a transferable solution for imputing missing values in small-area socioeconomic datasets worldwide, 95 

thereby supporting progress toward the SDGs. 
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2 Materials and methods 

2.1 Data collection and pre-processing 

2.1.1 Socioeconomic data 

To construct a multidimensional socioeconomic dataset, we collected and organized 35 official socioeconomic indicators for 100 

366 Chinese cities from 2000 to 2021. The primary source was the annual China City Statistical Yearbook, supplemented by 

municipal statistical bulletins and other official local releases to fill missing records, such as Chengdu’s local statistical 

bulletin. After integrating and checking these sources, missingness across the 35 indicators over the 22-year period ranged 

from 20% to 50%. Table 1 summarizes each indicator, including its code, name, unit, and missing-value proportion. 

The indicators used in this study are relative measures derived from official socioeconomic statistics, calculated mainly by 105 

standardizing raw values by year-end population or administrative area reported in the statistical yearbooks. For example, 

local government budgetary revenue/expenditure per capita was obtained by dividing revenue/expenditure by year-end 

population, the density of primary school students was defined as the number of primary school students per unit area. For 

the health and education dimensions, beyond conventional per capita and area-based measures, we followed Zhao (Zhao et 

al., 2022) and Wang (Wang et al., 2023) to construct three health resource density index (HRDI) indicators, namely the 110 

doctor, hospital bed, and hospital resource density index, and four education resource density index (ERDI) indicators, 

namely the primary school teacher, primary school, regular secondary school teacher, and regular secondary school resource 

density indices. These correspond to Y11, Y12, Y13, Y16, Y17, Y21, and Y22 in Table 1. The calculation procedures of all 

indicators are provided in Table A1. 

Table 1: Detailed information on the 35 socioeconomic indicators. In the main text, Y1-Y35 denote these indicators. HRDI denotes 115 
the Health Resource Density Index, and ERDI denotes the Education Resource Density Index. 

Number Socioeconomic variable Unit Missing percentage 

Y1 Number of doctors per 1,000 population person 40.00% 

Y2 Share of tertiary sector value added in GDP % 30.22% 

Y3 Number of full-time primary school teachers per student person 33.59% 

Y4 Local government budgetary expenditure per capita yuan 22.81% 

Y5 Total public library book holdings per capita book 32.00% 

Y6 Share of primary sector value added in GDP % 29.76% 

Y7 Share of secondary sector value added in GDP % 30.22% 

Y8 Local government budgetary revenue per capita yuan 25.92% 

Y9 Number of hospital beds per 1,000 population number 26.53% 

Y10 Number of hospitals per 1,000 population number 48.57% 

Y11 HRDI for doctors / 40.00% 

Y12 HRDI for hospital beds / 26.53% 
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Number Socioeconomic variable Unit Missing percentage 

Y13 HRDI for hospitals / 48.53% 

Y14 Density of primary school students person/m2 25.47% 

Y15 Number of primary schools per student number 27.15% 

Y16 ERDI for full-time primary school teachers / 33.61% 

Y17 ERDI for primary schools / 26.97% 

Y18 Density of regular secondary school students person/m2 28.86% 

Y19 
Number of full-time regular secondary school teachers per 

student 
person 32.20% 

Y20 Number of regular secondary schools per student number 30.51% 

Y21 ERDI for full-time regular secondary school teachers / 30.65% 

Y22 ERDI for regular secondary schools / 30.51% 

Y23 GDP per capita yuan 21.63% 

Y24 Total retail sales of social consumer goods per capita yuan 26.59% 

Y25 
Total sales of wholesale and retail trade above the designated 

threshold per capita 
yuan 34.41% 

Y26 Density of industrial enterprises above a designated size number/m2 31.37% 

Y27 Total wage of employed workers per capita yuan 27.32% 

Y28 Average salary of employed workers yuan 21.75% 

Y29 Employee density of enterprises and institutions person/m2 33.78% 

Y30 Year-end loan balance per capita from financial institutions yuan 31.94% 

Y31 Year-end resident deposit balances per capita yuan 23.26% 

Y32 Total fixed-asset investment per capita yuan 23.35% 

Y33 Year-end mobile phone users per capita person 32.48% 

Y34 Year-end broadband users per capita person 29.56% 

Y35 Population density person/m2 25.43% 

 

During the collection and entry, unavoidable human and natural factors may introduce outliers, i.e., observations with 

obvious extreme values in each city’s time series, into the dataset. Such outliers can negatively affect the predictive accuracy 

of the imputation model. Therefore, to ensure model prediction accuracy and optimize the quality of the final socioeconomic 120 

dataset, we carefully examined the time series of each socioeconomic indicator for each city after converting all raw 

indicators into relative indicators, with the aim of identifying and removing outliers and improving data quality. 

2.1.2 Remote Sensing data 

After reviewing the literature, we collected 10 remote-sensing-derived variables associated with socioeconomic conditions as 

auxiliary inputs for imputation. These variables cover meteorological and climatic conditions, vegetation, air pollution, and 125 
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socioeconomic remote-sensing products. Specifically, meteorological, climatic, and vegetation data were retrieved from the 

Giovanni platform; nighttime light data came from the global nighttime light dataset published by Li (Li et al., 2020) on 

Figshare; air pollution data were taken from the high-resolution raster datasets for China available on Zenodo (Wei et al., 

2019; Wei et al., 2021); and population density data were obtained from the WorldPop repository. Details on spatial 

resolution, data source, and temporal coverage are listed in Table 2. 130 

Table 2: Remote-sensing-derived auxiliary factors collected in this study, including spatial resolution, time range, and data source 

information. 

Number Auxiliary variable Spatial resolution Time range Source 

X1 Population Density by 

Raster Type 

1 × 1km 2000-2020 WorldPop  

(https://hub.worldpop.org/) 

X2 Nighttime Light 30 arc-seconds 2000-2021 Figshare 

(https://figshare.com/) 

X3 PM1 1 × 1km 2000-2021 Zenodo 

(https://zenodo.org/) 

X4 PM2.5 0.5 × 0.625° 2000-2021 Giovanni – NASA 

(https://giovanni.gsfc.nasa.gov/giovanni/) 

X5 PM10 1 × 1km 2000-2021 Zenodo 

(https://zenodo.org/) 

X6 2-meter Humidity 0.5 × 0.625° 2000-2021 Giovanni – NASA 

(https://giovanni.gsfc.nasa.gov/giovanni/) 

X7 Precipitation 0.5 × 0.625° 2000-2021 Giovanni – NASA 

(https://giovanni.gsfc.nasa.gov/giovanni/) 

X8 2-meter Air Temperature 0.5 × 0.625° 2000-2021 Giovanni – NASA 

(https://giovanni.gsfc.nasa.gov/giovanni/) 

X9 Wind Speed 0.5 × 0.625° 2000-2021 Giovanni – NASA 

(https://giovanni.gsfc.nasa.gov/giovanni/) 

X10 Normalized Difference 

Vegetation Index (NDVI) 

0.05 × 0.05° 2001-2021 Giovanni – NASA 

(https://giovanni.gsfc.nasa.gov/giovanni/) 

 

For raster-format remote-sensing variables, ArcGIS Pro was used to reproject all datasets to the Albers-Beijing 1954 

coordinate system. Subsequently, to ensure consistency and comparability, we resampled each remote-sensing variable to a 135 

spatial resolution of 1,000 meters and then aggregated raster statistics to the city scale. Meanwhile, for reducing potential 

effects arising from differences in variable magnitudes, all remote-sensing auxiliary variables were standardized. 

In addition, to assess multicollinearity among the selected remote-sensing factors, we constructed a Pearson correlation 

matrix and calculated the variance inflation factor (VIF). This screening was performed separately for each socioeconomic 
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indicator. Specifically, for each indicator, variables were iteratively removed based on their VIF values until all remaining 140 

variables exhibited VIF values below 5. Accordingly, the auxiliary predictors used in subsequent imputation modeling were 

indicator-specific, and the resulting auxiliary dataset represents the collection (union) of auxiliary-variable subsets retained 

across all indicators, which was used to improve prediction accuracy and model reliability. 

2.2 Methods 

Figure 1 summarizes the workflow for generating a complete city-level socioeconomic dataset and a composite index for 145 

China. We first pre-processed 35 socioeconomic indicators and 10 remote-sensing covariates, including auxiliary-variable 

screening. We then applied a Bayesian spatiotemporal model to impute missing values for each socioeconomic indicator by 

modeling target-variable spatiotemporal interactions while incorporating remote-sensing information. A multivariable linear 

regression model served as the benchmark, and model fit and predictive performance were evaluated using multiple criteria. 

Imputation quality was further examined through spatial error maps and temporal trends. Finally, composite-index weights 150 

were derived with the entropy weighting approach, and the resulting index was used to assess spatiotemporal inequality from 

multiple perspectives. Detailed procedures are provided in the following subsections. Data processing, imputation, index 

construction, and model evaluation were conducted primarily in R 4.4.1, whereas mapping and visualization were performed 

in ArcGIS Pro 3.0.0. 
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 155 

Figure 1: Overview of the methodological workflow for data pre-processing, model evaluation, missing-value imputation, and 

composite index construction and analysis. 

2.2.1 Model construction and validation 

To maximize imputation accuracy, we adopted the Bayesian spatiotemporal interacting varying intercepts (BSTIVI) model 

as the missing-value imputation framework. Designed for spatiotemporal heterogeneity analysis, BSTIVI captures spatial 160 

structure, temporal structure, and their coupled autocorrelation in the target variable. Incorporating these dynamic 

spatiotemporal dependencies into imputation improves predictive reliability and overall accuracy. The BSTIVI model used 

in this study is formulated as follows: 
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𝑙𝑜𝑔( 𝑦𝑖𝑡) = ∑ 𝛽𝑙𝑋𝑖𝑡𝑙
𝐿
𝑙=1 + 𝑓𝑆𝑇(𝜔𝑖𝑡) + 𝛼 + 𝜀𝑖𝑡,        (1) 

𝜔~𝑁𝑠𝑡(0, [𝜏𝜔𝑅𝑠𝑡]−), 𝜀𝑖𝑡~𝑁(0, 𝜎𝜀
2),          (2) 165 

where yit is the observed socioeconomic indicator for unit i at time t. L denotes the total count of remote sensing auxiliary 

predictors; Xitl represents the value of the l-th factor; βl is the global coefficient of the remote sensing auxiliary factor l. ωit 

represents the spatiotemporal interaction intercept at the city scale; α represents the global intercept; εit is the model residual. 

For comparison, a Bayesian multivariate linear regression (MLR) model was constructed. Unlike the BSTIVI model, the 

MLR approach accounts only for stationary contributions from remote-sensing auxiliary factors without incorporating 170 

structured spatiotemporal autocorrelations (Wan et al., 2022). Comparing these two models under the same predictor set 

allows us to quantify the performance gains derived from modeling the target variable’s spatiotemporal interactions. The 

mathematical formulation of the MLR model is given below, and the definitions of its parameters are consistent with those 

described above: 

𝑙𝑜𝑔(𝑦𝑖𝑡) = ∑ 𝛽𝑙
𝐿
𝑙=1 𝑋𝑖𝑡𝑙 + 𝛼 + 𝜀𝑖𝑡 ,          (3) 175 

To evaluate missing-value imputation performance within the Bayesian framework, we employed DIC, WAIC, and 

Logarithmic Score (LS) across all socioeconomic metrics. DIC and WAIC are widely used criteria for Bayesian model 

comparison, as they jointly account for model fit and complexity (Du et al., 2023). LS, derived from the conditional 

predictive ordinate (CPO), serves as a robust measure of model predictive accuracy (Song et al., 2020). For all three metrics, 

diminished values indicate superior model performance, providing a quantitative basis for the comparative assessment 180 

between the BSTIVI and MLR models. Their mathematical formulations are as follows: 

𝐷𝐼𝐶 = 𝐷 + 𝑝𝐷,            (4) 

𝑊𝐴𝐼𝐶 = −2(∑ 𝑙𝑜𝑔 𝑦𝑖
𝑛
𝑖=1 − ∑ 𝑉(𝑦𝑖)𝑛

𝑖=1 ),         (5) 

𝐿𝑆 =
− ∑ 𝑙𝑜𝑔(𝑝(𝑦𝑖̂|𝑦𝑖))𝑛

𝑖=1

𝑛
,           (6) 

where 𝐷 denotes the mean deviation of the posterior probability distribution, while pD represents the count of effective 185 

parameters. For n training samples, 𝑦𝑖 and 𝑉(𝑦𝑖) signify the mean and variance of all observations, respectively. 𝑦𝑖̂ indicates 

the predicted value, with yi serving as the sampled observed values for model fitting. 

To assess predictive performance and generalizability across socioeconomic indicators, a five-fold cross-validation was 

implemented by partitioning all samples into five equal subsets. In each iteration, a single subset was reserved for testing 

while the remaining four were integrated for training. Model performance was subsequently recorded and evaluated across 190 

all folds. This strategy effectively reduces evaluation bias caused by uneven data partitioning through multiple rounds of 

training and testing, thereby improving the accuracy and reliability of model evaluation (Shao, 1993; Arlot and Celisse, 

2010). 
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Model predictive performance was further benchmarked using R2, RMSE, and MAE. R2 was employed to assess explanatory 

power, while RMSE and MAE quantified the magnitude of prediction errors. For these metrics, higher R2 and lower error 195 

values (RMSE/MAE) denote superior predictive fidelity. Detailed calculation protocols for these indicators follow 

established statistical standards (Mckeen et al., 2023; Pezzulo et al., 2023). 

2.2.2 Dataset assessment and output 

To evaluate the actual performance at the dataset level, relative absolute error (RAE) was employed to quantify 

discrepancies between actual and predicted values. The calculation is formulated as: 200 

𝑅𝐴𝐸𝑖𝑗 = |
(𝑦𝑖𝑗−𝑦𝑖𝑗̂)

𝑦𝑖𝑗
|,           (7) 

where RAEij denotes the error for socioeconomic indicator j in spatial unit i, while yij and 𝑦𝑖𝑗̂  signify the ground-truth 

observation and model-derived prediction, respectively. 

Beyond spatial analysis, temporal imputation fidelity was verified by constructing 22-year time-series plots for 

representative indicators. These visualizations, overlaying original yearbook data with model-imputed series, facilitate the 205 

identification of potential anomalies. Following this, the predicted values for missing entries were integrated into the panel 

dataset, accompanied by their 50% and 95% Bayesian credible intervals. 

2.2.3 Composite index calculation and analysis 

The entropy weight method, grounded in information entropy theory (Pamucar et al., 2022), was utilized to objectively 

determine indicator weights. By quantifying data variability and information content, this approach assigns greater weights 210 

to indicators with lower information entropy, thereby minimizing subjective bias and enhancing the consistency of the 

evaluation results. Using 35 fully imputed socioeconomic indicators, we applied entropy weighting to derive indicator-

specific weights and construct a city-level composite index of socioeconomic development. After standardization, 

information entropy was computed for each indicator, weights were estimated accordingly, and the weighted sum of 

standardized values yielded the final index. 215 

The Gini coefficient quantifies inequality within and across regions for variables of interest (Martin and Conway, 2025), 

ranging from 0 to 1, with lower values indicating greater equality and higher values indicating stronger inequality. In general, 

a Gini coefficient below 0.3 indicates relatively equitable conditions between regions; values between 0.3 and 0.4 are 

considered moderately reasonable; and values above 0.4 indicate a high degree of inequality. The coefficient of variation, a 

standardized measure of dispersion, effectively reflects the magnitude of differences in socioeconomic development levels 220 

between regions, indicating the severity of regional socioeconomic inequality. Higher values indicate greater inequality. 

Spatial hotspot analysis identifies local clusters of high and low values in geographic data (Fischer et al., 2010). We 

computed the Getis-Ord Gi* statistic for each spatial unit and evaluated clustering using z-scores and p-values. Significantly 
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positive z-scores indicate hotspots, whereas significantly negative z-scores indicate cold spots. Significance was classified at 

the 90%, 95%, and 99% confidence levels, with higher levels indicating stronger statistical evidence. 225 

Although the Gini coefficient and the coefficient of variation can quantify overall disparity, they cannot identify the specific 

spatial distribution of inequality. By contrast, spatial hotspot analysis reveals spatial clustering patterns but does not quantify 

overall inequality levels. We therefore combined these methods to assess socioeconomic inequality among Chinese cities 

across and within administrative scales. The Gini coefficient and coefficient of variation were used to quantify overall 

disparity, whereas hotspot analysis identified spatiotemporal clustering in socioeconomic development. This integrated 230 

framework evaluates inequality from both distributional and geographic-clustering perspectives. Specifically, the Gini 

coefficient was estimated using the ineq package in R 4.4.1, the coefficient of variation was computed in R 4.4.1, and spatial 

hotspot analysis was performed in ArcGIS Pro 3.0.0. 

3 Results 

3.1 Evaluation of models and imputation performance 235 

3.1.1 Screening of remote sensing auxiliary factors 

The Pearson correlation coefficient matrix for the 35 socioeconomic relative indicators is provided in Fig. A1. Using the 

local government budgetary expenditures per capita (Y4) as an example, Table 3 summarizes the screening of remote-

sensing covariates. For Y4, four rounds of VIF screening were performed, with a threshold of 5. During this process, two-

meter humidity (X6), PM10 (X5), and NDVI (X10) were removed in the first three rounds. The same iterative screening 240 

procedure was applied to each socioeconomic indicator. Ultimately, an auxiliary dataset consisting of seven variables was 

retained for model construction, including population density (X1), nighttime lights (X2), PM1 (X3), PM2.5 (X4), 

precipitation (X7), two-meter air temperature (X8), and wind speed (X9). 

Table 3: Variance inflation factor (VIF)-based multicollinearity screening results for indicator Y4 (local government budgetary 

expenditures per capita). 245 

Remote Sensing Factors First Test Second Test Third Test Fourth Test 

Pop_density 4.22 4.10 4.08 4.06 

Nighttime Light 4.28 4.19 4.18 3.86 

2-meter Air Temperature 21.47 3.71 3.71 2.27 

Precipitation 4.24 3.05 2.93 2.88 

Wind Speed 2.26 2.21 2.20 1.52 

2-meter Humidity 32.22 × × × 

PM2.5 4.26 4.00 2.77 1.30 
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PM10 17.57 16.77 × × 

PM1 11.93 11.92 1.39 1.35 

NDVI 7.92 7.91 7.15 × 

3.1.2 Comparison of missing-value imputation models 

Because the GDP shares of the primary, secondary, and tertiary sectors (Y6, Y7, and Y2) sum to 100% in official statistics, 

and Y7 showed the poorest imputation performance in the experiment, we imputed Y6 and Y2 using the model-based 

approach and derived Y7 as 100% − Y6 − Y2. Accordingly, Y7 was excluded from the model-comparison results in this 

subsection and from the cross-validation results in Sect. 3.1.3. 250 

Figure 2 presents the model comparison results for socioeconomic indicators Y1-Y6, while the corresponding results for the 

remaining indicators are provided in Fig. A2. Across all three global evaluation metrics, the BSTIVI model consistently 

yields lower DIC and WAIC values than the conventional MLR model, indicating better model fit. In addition, the LS of the 

BSTIVI model is also markedly lower than that of the MLR model, further supporting superior predictive performance. 

Overall, by accounting for temporal, spatial, and spatiotemporal interaction autocorrelation in the target variable, BSTIVI 255 

substantially outperformed the traditional MLR model. These findings demonstrate that incorporating structured 

autocorrelation information of the target variable is essential for improving imputation performance. 

 

Figure 2: Model performance comparison between the multivariate linear regression (MLR) and Bayesian spatiotemporal 

interacting varying intercepts (BSTIVI) models for indicators Y1-Y6, based on three Bayesian evaluation metrics (DIC, WAIC, 260 
and LS). Indicator definitions: Y1, number of doctors per 1,000 population; Y2, share of tertiary sector value added in GDP; Y3, 

number of full-time primary school teachers per student; Y4, local government budgetary expenditures per capita; Y5, total 

public library book holdings per capita; Y6, share of primary sector value added in GDP. 

3.1.3 Cross-validation 

To evaluate imputation accuracy, we calculated evaluation metrics for model-fitting and validation data and examined 265 

scatterplots of observed versus predicted values. Given the large number of socioeconomic indicators, Fig. 3 presents cross-

validation results for the first six indicators, with Fig. 3(a) showing the model-fitting subset and Fig. 3(b) the validation 
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subset, while results for the remaining 28 indicators are shown in Fig. A3 and A4. Results from model fitting indicate 

consistently high R2 values and relatively low MAE and RMSE across all socioeconomic indicators. The close 

correspondence between observed and predicted values further supports the good fit of the BSTIVI model. 270 

For the validation subset, observed and predicted values were less tightly clustered than in the model-fitting subset, although 

the fitted lines still closely followed the 1:1 reference. Among the 34 socioeconomic indicators, 32 achieved R2 >= 0.95, and 

the remaining two also performed well, with R2 of 0.93 for total retail sales of social consumer goods per capita (Y24) and 

0.89 for broadband users per capita (Y34). This pattern indicates robust out-of-sample predictive performance. Validation-

subset MAE and RMSE were uniformly low, and their small differences from the model-fitting-subset values further suggest 275 

that overfitting was minimal. Overall, BSTIVI appears effective for missing-value imputation in long-term socioeconomic 

time-series data while maintaining high predictive accuracy. 

https://doi.org/10.5194/essd-2026-306
Preprint. Discussion started: 8 May 2026
c© Author(s) 2026. CC BY 4.0 License.



14 

 

 

Figure 3: Observed versus predicted scatter plots and evaluation metrics for indicators Y1-Y6 based on five-fold cross-validation: 

(a) training set and (b) test set. Indicator definitions: Y1, number of doctors per 1,000 population; Y2, share of tertiary sector 280 
value added in GDP; Y3, number of full-time primary school teachers per student; Y4, local government budgetary expenditures 

per capita; Y5, total public library book holdings per capita; Y6, share of primary sector value added in GDP. 

3.1.4 Dataset imputation quality assessment 

In addition to five-fold cross-validation, we calculated the relative absolute error (RAE) for each city using all available 

samples during imputation and mapped the results to show city-level variation in prediction error. The first six 285 

socioeconomic indicators were used as representative examples. As shown in Fig. 4, panels (a)-(f) present the spatial 

distributions of RAE for Y1-Y6 in 2021, respectively. 
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The spatial maps indicate generally high predictive accuracy for Y1-Y6. Except for Y5, prediction errors were below 1% in 

many cities and below 2% in nearly all cities, indicating close correspondence between estimated and observed values and 

thus strong model performance. Although Y5 performed slightly worse than the other indicators, most cities still had errors 290 

below 10%, and only four exceeded 10%, all remaining under 15%. Overall, prediction errors stayed within acceptable limits, 

supporting the effectiveness of the spatiotemporal imputation model used in this study. 

 

Figure 4: City-level spatial distributions of relative absolute error (RAE) for indicators Y1-Y6 in 2021: (a) Y1, (b) Y2, (c) Y3, (d) 

Y4, (e) Y5, and (f) Y6. Indicator definitions: Y1, number of doctors per 1,000 population; Y2, share of tertiary sector value added 295 
in GDP; Y3, number of full-time primary school teachers per student; Y4, local government budgetary expenditures per capita; 

Y5, total public library book holdings per capita; Y6, share of primary sector value added in GDP. 

To further assess time-series imputation quality, we randomly selected three cities with missing records and plotted post-

imputation temporal trajectories for four indicators, namely the number of doctors per 1,000 population (Y1), the share of 

tertiary sector value added in GDP (Y2), the total public library book holdings per capita (Y5), and the share of primary 300 

sector value added in GDP (Y6) (Fig. 5). Across indicators and cities, the imputed values (orange points) showed no obvious 

outliers and closely tracked the temporal trajectories of the original yearbook data (blue points), further supporting the 

robustness of the proposed method for time-series imputation. 
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Figure 5: Time-series profiles of imputed relative indicators Y1, Y2, Y5, and Y6 for three cities (Lvliang, Dandong, and Zhongwei). 305 
Indicator definitions: Y1, number of doctors per 1,000 population; Y2, share of tertiary sector value added in GDP; Y5, total 

public library book holdings per capita; Y6, share of primary sector value added in GDP. 

3.1.5 Construction of complete socioeconomic dataset 

In the final socioeconomic data product, all indicators are complete and reported as directly comparable relative measures. 

These indicators can thus be used directly without further pre-processing. In addition, whereas frequentist imputation 310 

methods do not explicitly characterize uncertainty in predicted values, the Bayesian framework adopted here naturally yields 

credible intervals that provide interpretable measures of prediction uncertainty (Kaplan, 2025). The released dataset therefore 

contains not only complete relative indicators but also both wide (95%) and narrow (50%) credible intervals for each 

predicted value. For illustration, Fig. 6 shows the 2021 predictions for the 40 cities with missing Y3 values, together with 

their corresponding wide and narrow credible intervals. 315 
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Figure 6: Predicted values and Bayesian credible intervals in 2021 for the 40 cities with missing observations for indicator Y3 

(number of full-time primary school teachers per student). Predictions are generated on the log scale, back-transformed values 

represent the number of full-time primary school teachers per 10,000 pupils. Credible intervals are reported as narrow (50%) and 

wide (95%). 320 

3.2 Assessment of socioeconomic development level 

3.2.1 Socioeconomic development index calculation and spatiotemporal patterns 

Because several indicators within the same domain were highly correlated, such as the number of hospitals per 1,000 

population (Y10) versus the HRDI for hospitals (Y13), including them simultaneously could introduce redundancy and 

overweight overlapping information in entropy weighting. We therefore compared similar indicators in terms of spatial 325 

pattern, substantive meaning, and coverage, and removed 10 accordingly. Entropy weights were then estimated for the 

remaining 25 socioeconomic indicators. The largest weights were assigned to the HRDI for hospital beds (Y12), the HRDI 

for doctors (Y11), and the year-end loan balance per capita from financial institutions (Y30), whereas the smallest were 
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assigned to the density of industrial enterprises above a designated size (Y26) and employee density of enterprises and 

institutions (Y29). Detailed weight calculation results for the 25 selected socioeconomic indicators are provided in Table B1. 330 

Using the weights reported in Table B1, we derived the composite index and mapped its city-level distribution for 2000, 

2007, 2014, and 2021. According to the data characteristics, index values were grouped into seven classes (Fig. 7). In terms 

of magnitude, the median index increased from 0.025 (range: 0.003-0.135) in 2000 to 0.086 (range: 0.046-0.535) in 2021, 

indicating a marked rise in the overall socioeconomic development level of Chinese cities. The annual frequency curves 

further show that the modal frequency increased from about 50 in 2000 to around 100 in 2014, then declined to about 70 in 335 

2021. Over the same period, the distribution first widened, then narrowed, and later widened again, suggesting a transition 

from a relatively even pattern to stronger polarization between low- and high-development cities, followed by partial 

rebalancing. Together, these changes reflect the dynamic evolution of regional socioeconomic inequality among Chinese 

cities. 

Spatially, city-level socioeconomic development showed persistent regional disparities throughout the study period. The 340 

highest development levels during 2000-2021 were concentrated in major metropolitan areas, including Beijing, Shanghai, 

Guangzhou, Shenzhen, and Dongguan, all far above the national average. More broadly, eastern China consistently exhibited 

higher development levels than western China, with high-value cities forming clear spatial clusters, especially in coastal 

provinces. In many other provinces, provincial capitals generally served as local high-value centers and substantially 

outperformed other cities within the same province. By contrast, several cities in Inner Mongolia, Yunnan, and the Tibet 345 

Autonomous Region remained in the relatively low-development group over the 22-year period, although their development 

levels improved steadily and their gap with other cities gradually narrowed. 
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Figure 7: Composite index for 2000, 2007, 2014, and 2021: (a) summary statistics and frequency distribution plots and (b) city-

level spatial distribution maps. 350 

3.2.2 Spatiotemporal inequality analysis of socioeconomic development level 

For city-level spatiotemporal panel data of the composite index, we examined national- and provincial-scale time-series of 

the Gini coefficient and coefficient of variation, together with provincial maps of the Gini coefficient, to characterize spatial 

disparities in socioeconomic development. 

At the national level, the Gini coefficient trend (Fig. 8(a)) rose initially and then declined over 2000-2021, indicating that 355 

nationwide socioeconomic inequality first worsened and later eased. Provincial trajectories, however, were more 

heterogeneous and displayed both linear and nonlinear patterns. Guangdong was the only province with Gini coefficients 

above 0.4 during 2005-2019, indicating pronounced internal inequality. Trends in the coefficient of variation (Fig. B1) 

closely matched those of the Gini coefficient at both national and provincial scales, suggesting that the two measures yield 

consistent assessments of inequality. At the same time, differences between national and provincial trajectories show that 360 

national summaries can obscure substantial subnational heterogeneity, underscoring the value of the city-level dataset 

compiled here. 

Figure 8(b) maps provincial Gini coefficients for 2000 and 2021 using six classes, with darker shades indicating greater 

spatial inequality. In both years, Gini coefficients were consistently higher in southeastern coastal and northwestern inland 

provinces than in central China. Specifically, provinces with relatively high spatial inequality included the economically 365 

developed Guangdong Province as well as the less developed Tibet, Inner Mongolia, and Xinjiang region. Among them, 

Guangdong exhibited higher Gini coefficients than the other three provinces in both years. Nevertheless, time-series analysis 

reveals a clear declining trend in Gini coefficients for all four provinces, indicating that provincial-level spatial inequality 

had declined substantially by 2021. 

Figure 8(c) shows hotspot patterns of city-level socioeconomic development in 2000, 2007, 2014, and 2021. The results 370 

indicate persistent spatial clustering, with distinct hotspot and cold-spot agglomerations and a broadly stable overall 

configuration. Hotspots were concentrated mainly along the southeastern coast and in several cities in Xinjiang, whereas 

cold spots were located primarily in southwestern and northeastern China. In addition, comparing the hotspot and cold-spot 

distributions between 2000 and 2021 shows a notable reduction in the number of both hotspot and cold-spot cities, 

suggesting a gradual mitigation of geographically clustered inequality. 375 
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Figure 8: Spatiotemporal inequality patterns of the composite index: (a) temporal trends in the Gini coefficient (national and 

provincial scales), (b) provincial-level spatial distributions of the Gini coefficient in 2000 and 2021, and (c) hotspot analysis of the 

composite index in 2000, 2007, 2014, and 2021. 

4 Discussion 380 

The growing prominence of urban geography and urban economics, together with initiatives such as the WHO Healthy 

Cities Programme and SDG 11, highlights the city as a critical scale for spatially targeted policymaking and resource 

allocation. Although the UN has promoted the collection and utilization of socioeconomic data worldwide through various 

collaborations and agendas (Murphy, 2022), the availability and timeliness of official statistics at subnational scales remain 

major challenges (Allen et al., 2021). These limitations continue to constrain the temporal continuity and spatial coverage of 385 

officially released socioeconomic datasets. In this study, without relying on additional samples or conventional survey-based 
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auxiliary data, we addressed spatiotemporal missingness in China’s official socioeconomic statistics by integrating satellite 

remote-sensing data into a spatiotemporal modeling framework. This approach enabled the completion of 35 socioeconomic 

indicators for 366 cities over a 22-year period. Multiple validation analyses confirm the reliability and stability of the 

proposed method. Using the completed dataset, we further constructed and analyzed a composite index of city-level 390 

socioeconomic development, allowing a systematic assessment of spatiotemporal inequality among Chinese cities over the 

study period. In summary, this study makes three main contributions: (1) providing the first complete long-term, multi-

indicator urban socioeconomic dataset for China; (2) developing a composite index for assessing urban socioeconomic 

development and inequality; (3) proposing a generalizable imputation paradigm for addressing missing values in small-area 

socioeconomic data. These contributions are discussed below. 395 

First, the urban socioeconomic dataset developed in this study constitutes the most complete publicly available long-term, 

multidimensional city-level socioeconomic data product currently available for China. Although the National Bureau of 

Statistics of China provides relatively complete statistics at the provincial level, official data at finer administrative scales, 

particularly cities, remain severely affected by spatiotemporal missingness, and no public dataset has previously offered 

comprehensive multi-indicator coverage. The dataset assembled here therefore provides an important foundation for long-400 

term, multidisciplinary research on Chinese cities, facilitates cross-regional monitoring of socioeconomic development, and 

supports the design and evaluation of localized policy interventions. It also strengthens the evidence base for translating 

macro-level initiatives, such as the Healthy China Strategy and the SDGs, into operational urban policy actions. In addition, 

all indicators are expressed as relative measures, which improves interpretability and comparability across space and time, 

reduces user-side pre-processing, and enhances overall usability and accessibility. 405 

Second, beyond providing complete values for 35 socioeconomic indicators together with uncertainty estimates, this study 

also develops a composite index. By integrating multiple dimensions, including economic activity, health resources, and 

educational conditions, the index provides a more comprehensive basis for assessing development levels and regional 

disparities among cities. Indicator weights were determined using an objective entropy-based approach, thereby limiting 

subjective influence, and more closely reflecting underlying data variability. Like the individual indicators, the composite 410 

index is a relative measure, enabling direct comparison across cities and over time. Owing to its comprehensiveness, 

objectivity, and comparability, the index offers a practical and efficient tool for analyzing urban socioeconomic dynamics 

and informing evidence-based decision-making. 

Third, this study proposes a transferable imputation framework for addressing missing socioeconomic data in small-area 

settings worldwide. In many countries, filling spatiotemporal gaps in official socioeconomic statistics through additional 415 

surveys or auxiliary census data is often infeasible because of financial and institutional constraints. Satellite remote sensing 

offers an alternative source of auxiliary information by capturing spatial signatures associated with socioeconomic 

conditions (Palacios-Lopez et al., 2019; Leasure et al., 2020). Yet remote-sensing data have rarely been used to directly 

impute missing values in official socioeconomic datasets. For long-term geographic data with spatiotemporal missingness, 

effective imputation requires jointly leveraging the target variable’s structured spatiotemporal dependence and the 420 
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explanatory information provided by auxiliary covariates. Previous studies have shown that both components can 

substantially improve imputation accuracy (Song et al., 2018). By integrating remote-sensing-derived auxiliary data with a 

spatiotemporal imputation model, this study helps bridge this methodological gap and extends both the technical workflow 

and its practical utility. Overall, this method offers a broadly applicable solution for gap-filling small-area socioeconomic 

statistics and constructing complete socioeconomic time-series datasets. 425 

Despite the strong predictive performance of the proposed method, several limitations should be acknowledged. First, the 

current spatiotemporal model incorporates autocorrelation in the target variables but does not explicitly model 

spatiotemporal heterogeneity (i.e., non-stationarity) in the remote-sensing-derived covariates. This omission may reduce 

predictive accuracy for cities with extreme values. Future work will therefore explore the Bayesian spatiotemporal 

interacting varying coefficient (BSTIVC) model to incorporate covariate non-stationarity into the imputation framework and 430 

compare its performance. Second, this study generates socioeconomic data products at the city scale. Although this scale is 

well suited to many macro-level policy analyses and multidisciplinary applications, socioeconomic and geographic structures 

within Chinese cities are often highly complex and heterogeneous. City-level data may therefore fail to capture finer intra-

urban variation, limiting the precise identification and targeted mitigation of within-city development disparities. Future 

research should thus prioritize the development of higher-resolution socioeconomic datasets to support more nuanced and 435 

spatially targeted policies for equitable and coordinated regional development. 

5 Conclusions 

This study addresses spatiotemporal missingness in officially released small-area socioeconomic indicators by integrating 

satellite remote-sensing data with a Bayesian spatiotemporal interacting varying intercepts model, thereby generating a 

complete city-level socioeconomic dataset for China containing 35 indicators for 2000-2021. To compare the performance of 440 

spatiotemporal and conventional global imputation models, we conducted a systematic evaluation of both approaches. The 

results show that incorporating structured temporal and spatial autocorrelation in the target variables is essential for 

improving imputation performance. Comprehensive assessment of model accuracy and completed-data quality further 

indicates that the proposed spatiotemporal framework achieves high predictive accuracy in Chinese urban settings. Using the 

fully imputed indicators, we also constructed a composite index, included in the final data product as the 36th indicator. 445 

Analyses based on the Gini coefficient, the coefficient of variation, and hotspot detection reveal marked spatiotemporal 

inequality in socioeconomic development across Chinese cities, with clear regional heterogeneity. Overall, under severe 

missingness in official small-area statistics, this study provides a practical and transferable framework for informing targeted 

regional policymaking and advancing progress toward the SDGs. 
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6 Appendices 450 

6.1 Appendix A 

Table A1: Calculation methods for the 35 relative socioeconomic indicators for Chinese cities. 

Number Socioeconomic variable Calculation method 

Y1 Number of doctors per 1,000 population Number of doctors / the population 

Y2 Share of tertiary sector value added in GDP Untreated 

Y3 Number of full-time primary school teachers per 

student 

Number of full-time primary school teachers / number of primary school 

students 

Y4 Local government budgetary expenditures per 

capita 

Local government general budgetary expenditure / the population 

Y5 Total public library book holdings per capita The number of books in public libraries / the population 

Y6 Share of primary sector value added in GDP Untreated 

Y7 Share of secondary sector value added in GDP Untreated 

Y8 Local government budgetary revenue per capita Local government general budgetary revenue / the population 

Y9 Number of hospital beds per 1,000 population Number of hospital beds / the population 

Y10 Number of hospitals per 1,000 population Number of hospitals / the population 

Y11 HRDI for doctors ((Number of doctors / the population) * (Number of doctors / the 

administrative area))1/2 

Y12 HRDI for hospital beds ((Number of hospital beds / the population) * (Number of hospital beds / 

the administrative area))1/2 

Y13 HRDI for hospitals ((Number of hospitals / the population) * (Number of hospitals / the 

administrative area))1/2 

Y14 Density of primary school students Number of primary school students / the administrative area 

Y15 Number of primary schools per student Number of primary schools / number of primary school students 

Y16 ERDI for full-time primary school teachers ((Number of full-time primary school teachers / number of primary school 

students) * (Number of full-time primary school teachers / the 

administrative area))1/2 

Y17 ERDI for primary schools ((Number of primary schools / number of primary school students) * 

(Number of primary schools / the administrative area))1/2 

Y18 Density of regular secondary school students Number of regular secondary school students / the administrative area 

Y19 Number of full-time regular secondary school 

teachers per student 

Number of full-time regular secondary school teachers / number of regular 

secondary school students 

Y20 Number of regular secondary schools per 

student 

Number of regular secondary schools / number of regular secondary 

school students 

Y21 ERDI for full-time regular secondary school 

teachers 

((Number of full-time regular secondary school teachers / number of 

regular secondary school students) * (Number of full-time regular 
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Number Socioeconomic variable Calculation method 

secondary school teachers / the administrative area))1/2 

Y22 ERDI for regular secondary schools ((Number of regular secondary schools / number of regular secondary 

school students) * (Number of regular secondary schools / the 

administrative area))1/2 

Y23 GDP per capita Untreated 

Y24 Total retail sales of social consumer goods per 

capita 

Total retail sales of social consumer goods / the population 

Y25 Total sales of wholesale and retail trade above 

the designated threshold per capita 

Total value of goods sold in wholesale and retail trade above the threshold 

/ the population 

Y26 Density of industrial enterprises above a 

designated size 

Number of industrial enterprises above a designated size / the 

administrative area 

Y27 Total wage of employed workers per capita Total wage of employed workers / the population 

Y28 Average salary of employed workers Untreated 

Y29 Employee density of enterprises and institutions Number of employed personnel at year-end in the organization / the 

administrative area 

Y30 Year-end loan balance per capita from financial 

institutions 

Year-end loan balance from financial institutions / the population 

Y31 Year-end resident deposit balances per capita Year-end savings balance for residents / the population 

Y32 Total fixed-asset investment per capita Total fixed asset investment / the population 

Y33 Year-end mobile phone users per capita Year-end mobile phone user count / the population 

Y34 Year-end broadband users per capita Year-end broadband user count / the population 

Y35 Population density Total population at year-end / the administrative area 
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Fig. A1 Pearson correlation matrices among the 34 relative socioeconomic indicators (excluding Y7) and the 10 remote-sensing-

derived auxiliary variables. Indicatorname in the figure denotes the corresponding socioeconomic relative indicator. 
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Fig. A2 Model performance comparison between the multivariate linear regression (MLR) and Bayesian spatiotemporal 460 
interacting varying intercepts (BSTIVI) models for the 34 evaluated indicators, based on three Bayesian evaluation metrics: (a) 

DIC, (b) LS, and (c) WAIC. 
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Fig. A3 Observed versus predicted scatter plots for the training set across socioeconomic indicators Y8-Y35, together with 465 
evaluation metrics (R2, MAE, and RMSE). 
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Fig. A4 Observed versus predicted scatter plots for the test set across socioeconomic indicators Y8-Y35, together with evaluation 

metrics (R2, MAE, and RMSE). 470 
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6.2 Appendix B 

Table B1: Entropy-based weight calculation results for the 25 selected relative socioeconomic indicators. 

Goal level Guideline level Indicator level Weights 

Level of urban socio-economic development Economic development Y2 0.00481 

Y4 0.04608 

Y8 0.06951 

Y23 0.03339 

Y24 0.04673 

Y26 0.00012 

Y30 0.07759 

Y31 0.04365 

Y32 0.04561 

People's lives Y27 0.06488 

Y28 0.02068 

Y33 0.03299 

Y34 0.04635 

Public services Y5 0.04744 

Y11 0.09149 

Y12 0.16250 

Y13 0.01948 

Y14 0.03551 

Y16 0.01020 

Y17 0.02130 

Y18 0.02815 

Y21 0.00958 

Y22 0.00846 

Population Y29 0.00016 

Y35 0.03334 
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Fig. B1 Temporal trends in the coefficient of variation of the composite index at the national and provincial scales in China, 2000-475 
2021. 

Code and data availability 

We have shared a dataset of 35 socioeconomic relative indicators and one composite index for Chinese cities covering 2000-

2021 on the Zenodo platform (URL: https://zenodo.org/records/18217116) (Tang et al., 2026). The database will be 

regularly updated to the most recent years, maintained at an academic standard, and shared with all who need it. 480 

We have made our self-developed BSTVC-R package freely available as open-source software at 

https://github.com/songbi123/BSTVC (Song and Tang, 2025). This package contains multiple model methods, but the 

BSTIVI method employed in the current study has not yet been integrated. However, the core method in this package, 

BSTVC, differs from BSTIVI only in minor parameter specifications, so the existing code can serve as a reference at this 

stage. Meanwhile, we will incorporate the method used in this study into future releases of the package in accordance with 485 

our update cycle. 
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