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Spatial dependence mediates polycentric ef- 1 

fects on jobs��housing matching in three Chi- 2 

nese megacities 3 

Juan Zhu 1, Shengxin Chen 2 , Wenqi Wang 3 &Yao Wang 4��  4 

How polycentric urban structures shape jobs��housing matching across cities at different developmen- 5 
tal stages remains poorly understood. Using mobile signaling data from over 4.2 million commuters 6 
across Hangzhou, Wuhan, and Nanning�� three Chinese megacities representing distinct phases of pol- 7 
ycentric transition�� this study constructs a grid-level jobs��housing matching rate and compares ordi- 8 
nary least squares with spatial econometric models (SEM/SLM). Results confirm that OLS residuals ex- 9 
hibit significant spatial autocorrelation, and spatial models substantially improve explanatory power. 10 
Critically, spatial dependence mechanisms differ across cities: Hangzhou and Wuhan follow the spatial 11 
error model, while Nanning follows the spatial lag model. Distance to the nearest employment center 12 
consistently and negatively affects matching in larger cities, but positively in Nanning's periphery. 13 
Land use mix benefits worker matching but negatively affects resident matching in Hangzhou and Wu- 14 
han, suggesting functional mixing may crowd out residential space. Metro accessibility shows limited 15 
or negative effects on resident matching across all three cities, likely due to transit capitalization rais- 16 
ing local housing costs. The study identifies three distinct urban regimes�� polycentric polarization with 17 
housing-price crowding-out (Hangzhou), uneven polycentricity with strong spatial dependence (Wu- 18 
han), and peripheral cluster self-sufficiency with spatial spillovers (Nanning)�� highlighting that achiev- 19 
ing jobs��housing balance requires spatially aware, context-specific planning strategies tailored to each 20 
city's developmental stage. 21 

Keywords jobs-housing matching,  spatial econometric model,  polycentric city, influencing factors, mobile 22 

signaling data 23 
 24 
Whether polycentric urban structures improve jobs��housing balance and shorten commutes remains a central 25 
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al. 1, argues that both households and firms adjust their locations to avoid congestion, thereby reducing com-27 
muting distances. Empirical evidence from the United States 1��3, the Netherlands 4, Turkey 5, and China 6��9. 28 
However, critics raise two objections: first, residential rigidity makes commuting the default response 10. Sec- 29 
ond, asynchronous suburbanization of population and employment creates low-self-containment centers that 30 
may increase commuting costs 11��14. Even with polycentric employment, strong CBD agglomeration may per- 31 
petuate centripetal commuting and mismatch 15. 32 

Empirical evidence remains polarized. Inter-city comparisons yield conflicting results: some studies report 33 
longer commute times in high-density monocentric U.S. cities 1, with subsequent analyses providing corrob-34 
orating evidence 8,16. Others, however, reach opposite conclusions 14,17,18. Intra-city studies are equally divided. 35 
Supportive studies 2��7,19,20 find that employment polycentricity shortened commute times in Los Angeles 2, 36 
improves job accessibility in the Dutch Randstad 4, and promotes sustainable transport in Hong Kong 6. In 37 
contrast, opposing studies 11��13,21��23 document rapid vehicle-miles traveled growth and low self-containment 38 
in suburban centers 21��23; longer commutes in both traditional and emerging centers in Beijing 12; and a 10.4% 39 
reduction in commute times for workers in inner-city subcenters versus a 27.4% increase for those in suburban 40 
subcenters in Seoul 13.  41 

Beyond the mere presence of polycentricity, the degree of polycentricity also exerts significant influence 42 
10,16,24��26. For instance, research across 82 Italian metropolitan areas finds that higher polycentricity correlated 43 
with greater private transport use and higher external commuting costs 10. A study of 50 U.S. metropolitan 44 
areas demonstrates that employment density around strongly polycentric centers reduced commute time, but 45 
increases it around moderately polycentric centers 26. Similarly, larger employment centers are associated with 46 
longer commute times in Atlanta 24. Conversely, a study of seven Spanish urban systems reports that polycen- 47 
tricity is negatively correlated with commuting distance, and that a more equitable distribution of employment 48 
across hierarchical levels further shortens commutes 16. In Dutch metropolitan regions, different polycentric 49 
configurations exert inconsistent effects on jobs��housing spatial relationships 25. Collectively, these findings 50 
suggest that the relationship between polycentricity and jobs��housing balance is contingent on the specific 51 
configuration and maturity of polycentric development. 52 
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Apart from urban spatial structure, macro-structural, meso-level built environment, and micro-level indi- 59 
vidual factors collectively shape jobs��housing relationships 2,27��29. Macro-structural factors include economic 60 
structure, as different economic sectors generate distinct commuting patterns 30��32; housing costs ,which con- 61 
strain jobs��housing matching through market dynamics 21,29,33��35, and institutional contexts, exemplified by 62 
�������	�������������	�������������������������	����the post-1998 housing reform, which created a growing disconnect between em- 63 
ployment centers and residential populations 36. At the meso-level, built environment attributes such as land 64 
use mix 37��39, population and employment density 5,13,14, job accessibility 16,24,37, public service facility 16,39, 65 
and relevant planning policies 7,19 moderate commuting behavior beyond the effects of polycentricity. At the 66 
micro level, individual and household socioeconomic attributes�� including income, occupation, family struc- 67 
ture, educational attainment, and gender�� significantly influence jobs��housing spatial relationships. Residen-68 
tial location decisions are typically determined by multiple factors beyond workplace proximity, such as neigh-69 
borhood amenities, safety, and income levels 2,27. Indeed, micro-level attributes often exert stronger influences 70 
on commuting outcomes than urban form itself 2,14,17,27,31.  71 

China's urban spatial restructuring differs fundamentally from Western experiences. Unlike the "generalized 72 
decentralization" model prevalent in North America, China's polycentric development approximates a pattern 73 
of "decentralized concentration"�� that is, emerging employment subcenters have not fully supplanted the 74 
dominance of traditional central urban areas 40��42. Manufacturing suburbanization, rather than tertiary-sector 75 
dispersal, has been the primary driver of this process, alongside strong government planning interventions 76 
43,44.Moreover, China's unique institutional background�� including the hukou (household registration) sys-77 
tem, danwei (work unit) system, housing marketization reforms, and industrial policies�� has continuously 78 
reshaped jobs-housing spatial relationships 7,12,19,31. Under these distinctive conditions, the mechanisms, mag-79 
nitude, and even direction of polycentric structures' effects on jobs-housing balance may exhibit complex 80 
variations that remain insufficiently understood. Systematic comparative research across different types and 81 
stages of Chinese cities within a unified analytical framework is notably lacking. 82 

To address this gap, this study analyses how polycentric spatial structure and built environment factors 83 
shape jobs��housing matching for both workers and residents in three Chinese megacities at distinct develop- 84 
mental stages: Hangzhou, Wuhan, and Nanning. The analysis focuses on three core dimensions of the urban 85 
environment�� namely, polycentric spatial structure, land use composition, and transportation accessibility�� 86 
measured at the grid-cell level to capture the spatial heterogeneity of jobs��housing relationships. Methodo- 87 
logically, the study integrates Ordinary Least Squares (OLS) regression to establish baseline estimates, spatial 88 
econometric models (Spatial Error Model and Spatial Lag Model) to account for spatial dependence and spill-89 
over effects, and a systematic comparison across model specifications to identify the most appropriate spatial 90 
process. This study contributes to a deeper understanding of how urban form interacts with commuting effi- 91 
ciency, reinforcing the importance of context-sensitive, spatially-aware planning interventions as levers for 92 
enhancing jobs��housing balance, transportation sustainability, and urban equity across diverse developmental 93 
contexts. 94 

 95 

Materials and methods 96 
Study area 97 
To capture regional development differences across distinct stages of polycentric transition, three Chinese 98 
megacities were selected based on population size, economic development level, and spatial structure charac-99 
teristics: Hangzhou (8.57 million; per capita GDP ¥135,877), Wuhan (11.081 million; ¥187,263), and Nanning 100 
(4.418 million; ¥ 57,781) (National Bureau of Statistics, 2021). These cities represent a gradient of polycentric 101 
maturity�� from the well-established polycentric structure of Hangzhou in the Yangtze River Delta, to the 102 
transitional phase of Wuhan in Central China, to the nascent polycentric development of Nanning in the west-103 
ern region. 104 

Given the considerable variation in administrative areas (Hangzhou 16,850 km², Wuhan 8,494 km², Nan- 105 
ning 22,099 km²), scale definition is critical for meaningful polycentricity measurement. Following Parr 45, 106 
the study adopted Functional Urban Regions (FURs) by aggregating subdistricts meeting the following criteria: 107 
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�'��-average population density, (3) population >5,000, and 108 
(4) road-network clustering area >5 km². The resulting FURs yielded comparable study areas of 4,091.88 km² 109 
(Hangzhou, 24.28% of administrative area), 5,026.96 km² (Wuhan, 59.18%), and 4,827.73 km² (Nanning, 110 
21.85%), ensuring spatial comparability across the three cities (Figure 1). 111 



 

Fig. 1. Study Area (The inset map in the upper right corner shows the geographical locations of the three cities within China, and the left panel 112 
shows the study areas of the three cities:(a) Hangzhou, (b) Wuhan, and (c) Nanning) Mapping based on software ArcGIS pro 3.3. 113 

 114 
Study data 115 

                          Mobile signaling data 116 
This study measures jobs��housing spatial matching using commuting populations identified from mobile sig- 117 
naling data. This study used anonymized and aggregated mobile signaling data provided by China Mobile. 118 
The data were pre-processed by the provider to remove all personally identifiable information and were ag- 119 
gregated at the 1 km grid level prior to analysis. This study uses continuous one-month China Mobile signaling 120 
data from March, April, and August 2017 for Nanning, Hangzhou, and Wuhan, respectively; using data from 121 
the same year ensures cross-city comparability. Following the identification method of Zhu et al. 46,47, a total 122 
of 2.2283 million, 1.1986 million, and 824,900 commuting individuals were identified within the administra- 123 
tive areas of Hangzhou, Wuhan, and Nanning, respectively, of which the study areas accounted for 88.47%, 124 
98.57%, and 69.28% of each city's total commuting population. 125 

OpenStreetMap (OSM) data 126 
OpenStreetMap (OSM) data refers to the collaborative, freely accessible geospatial database of global trans-127 
portation infrastructure contributed by volunteers and authoritative sources. By extracting road networks, sub-128 
way lines, and major transport nodes, OSM data can characterize urban transport supply and accessibility 129 
patterns. This study uses OSM data for 2017, including metro stations, outer ring roads, major infrastructure 130 
(nearest airports, railway stations, and highway interchanges), and major natural barriers (major rivers, lakes, 131 
or scenic areas)�� to assess transportation accessibility. 132 

                          Amap(Gaode) POI data  133 
Amap Points of Interest (POI) data refers to georeferenced point features representing various public service 134 
facilities, collected through the Gaode mapping platform. By analyzing the spatial distribution and density of, 135 
such data can characterize the provision and spatial pattern of urban public services. This study uses Amap 136 
POI data for 2018, including four major categories of public service facilities: government agencies and social 137 
organizations, healthcare services, sports and leisure services, and science, technology, and cultural services. 138 



 

A total of 86,163, 72,102, and 8,751 records were collected within the municipal areas of Hangzhou, Wuhan, 139 
Nanning, respectively. 140 

                             Land use data 141 
Land use data refers to the spatial classification of surface cover types, obtained from government planning 142 
departments and remote sensing-based classification datasets. By distinguishing between different land use 143 
categories�� such as residential, commercial, industrial, and green space�� land use data can characterize the 144 
balance of land use mix. This study uses current land use data for Hangzhou and Nanning obtained from 145 
government planning departments, and adopts the national land use classification dataset developed by Gong48 146 
et al. for Wuhan. To integrate these two sources, the urban construction land data were merged with Gong et 147 
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transportation, public service facilities, educational and scientific research, and parks and green land. Through 149 
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                             Housing price data 151 
Housing price data refers to the transaction or listing prices of residential properties, obtained through web 152 
crawling technology from online real estate platforms. This study uses housing price data for 2020 obtained 153 
through web crawling from SouFun.com. A total of 4,750, 4,430, and 4,182 records were collected for Hang-154 
zhou, Wuhan, and Nanning, respectively. Each record includes community name, unit price, building area, 155 
land area, total number of households, greening rate, plot ratio, and WGS84 longitude and latitude coordinates. 156 
Through preprocessing, duplicate records were removed, outliers were trimmed, and the data were spatially 157 
�(�
���	���������
����������� �+�,������������������������. 158 

                             Urban construction land time-series data 159 
Urban construction land temporal sequence data refers to the annual spatial extent of built-up land derived 160 
from long-term remote sensing observations. By tracing the expansion of construction land over decades, such 161 
data can reveal the historical process of urban sprawl and land development intensity. This study adopts the 162 
national urban construction land temporal sequence dataset (1978��2017) developed by Gong et al. 49. The 163 
construction start year was set as the year prior to 1985 (i.e., the construction age for land developed before 164 
1985 was uniformly set to 33 years, and the construction age for 2017 was set to 1 year). Through prepro-165 
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Methods 167 

Identifying employment centers 168 
This study compares three methods for identifying employment centers: the absolute threshold method of 169 
Giuliano and Small's 50, the relative threshold method of Muniz et al.'s 51, and the jobs-housing ratio method 170 
of Shearmur and Coffey's 52, each with distinct strengths and limitations. Adopting the approach of Zhu et al. 171 
46, this study employs a combined method that integrates the relative threshold approach with the jobs��housing 172 
ratio. Within the central urban area (inside the outer ring road), employment centers are identified using Equa-173 
tions (1), (2), and (3) jointly: 174 
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Outside the central urban area, employment centers are identified using either Equations (1) and (5), or Equa-178 
tions (4), (2), and (5) (identification results are shown in Figures 2): 179 
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where �� ������  is the employment density of the TAZ unit (person /km2), ����  is the average employment density 182 
of all the TAZ units, �� ������  is the employment population of the TAZ unit, �� ������  is the resident population of 183 
the TAZ unit, �� �� is the total employed population of the adjacent units (queens rule is adopted), E is the total 184 
employed population of all the TAZ units, and �� ���	���
���������� is the average employment density of all the TAZ units 185 
outside the central urban area. 186 



 

 187 
Fig. 2. Identification of employment centers (The figures show the employment centers of the three cities:(a) Hangzhou, (b) Wuhan, and (c) 188 
Nanning) Mapping based on software ArcGIS pro 3.3. 189 

Measuring jobs��housing matching 190 
Existing studies have quantified jobs��housing balance using ratio-type indicators (e.g., jobs-to-housing-unit 191 
ratio, JHR 23,53; jobs-to-household ratio, JHR 28,33; jobs-to-population ratio, JPR 28; jobs-to-employed-resident 192 
ratio, JER, or jobs-to-workers-residing ratio, JWR 38,54;independence index 21,38) and commuting behavior 193 
indicators (e.g., commuting time 1,3,5,8,12,13,15,17,26; commuting distance 11,25,55). However, these indicators face 194 
methodological limitations centered on three issues: sensitivity to spatial unit scale 56, arbitrary boundary de- 195 
lineation 54, and questionable validity in representing true proximity.  196 

To address these challenges, this study integrates Cervero's 33 sub-region matching concept (e.g., a 3��5 mile 197 
radius from the workplace) with Peng's 28 actual commuting distances approach, this study constructs a "job�� 198 
housing matching rate": within a spatial unit, the proportion of commuters whose commuting distance falls 199 
within a reasonable threshold (here, the city-wide average commuting distance from mobile signaling data) 200 
This indicator can be disaggregated into worker, residential, and overall matching rates. The specific calcula-201 
tion method is illustrated in Figure 2, with the formulas as follows: 202 
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Residential jobs-housing matching rate=(A+B)/(A+B+C)             204 
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This study uses 1 km grid cells rather than TAZs to measure jobs��housing matching. Uniform grids mitigate 206 
the MAUP caused by varying TAZ sizes, ensuring stable and comparable results. This scale matches mobile 207 
signaling data precision (average base station densities: 9.52, 1.38, 0.65 stations/km² in Hangzhou, Wuhan, 208 
Nanning), avoiding data voids at finer scales (e.g., 500 m). Additionally, 1 km grids reveal fine-grained spatial 209 
differences, preventing the masking of local features by coarser units (e.g., TAZs > 2 km). The calculation 210 
results are shown in Figure 3. 211 



 

                              212 
                          Fig. 2. The jobs-housing matching index calculation rules based on commuting flow 213 



 

 214 
Fig 3. The grid-level jobs-housing matching rates (Each row displays the study areas across three dimensions: (a) Workers, (b) Residents, and (c) 215 
Overall, illustrating the spatial variation of job-housing matching within three cities:(a) Hangzhou, (b) Wuhan, and (c) Nanning) Mapping based 216 
on software ArcGIS pro 3.3. 217 

Analysis of factors influencing jobs��housing matching 218 
This study adopts a three-step framework�� theoretical construction, model selection, and factor decomposi-219 
tion�� to examine the determinants of jobs��housing spatial matching. First, an ordinary least squares (OLS) 220 
baseline model is established. Spatial regression models, namely the spatial lag model (SLM) and the spatial 221 
error model (SEM), are specified by introducing a spatial lag term or a spatial error term, respectively, to 222 
address the bias of OLS estimates under spatial autocorrelation. Model selection is then guided by a series of 223 
spatial diagnostics, including tests for spatial dependence and model comparison criteria. 224 

The dependent variable is the jobs��housing matching rate for residents and workers in grid cell ��, denoted 225 
�
������������. The independent variables are organized into two dimensions: (1) macro-structure, i.e., urban spatial 226 
structure factors, denoted ����������������; and (2) micro-environment, i.e., local environmental factors, denoted 227 
������������. The latter encompasses the neighborhood-built environment (������������ ��), grid-level accessibility 228 
(��������������), and urban economic development factors (�� ��) (Table 1-2). The final equation is as follows: 229 
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where �#�� is the error term. 231 
Urban spatial structure (����������������) examines the impact of overall urban form on jobs��housing relationships 232 

through three variable sets: polycentric spatial structure, industrial structure, and polycentricity level. Poly- 233 
centric spatial structure is measured by the distances to the nearest employment center (�� �$�%�&�"��), primary center 234 
(�� �'�����&�"��), subcenter (�� �(�	�)�"��), and dispersed center (�� �*�%�&�(���&�"��), testing decay effects of agglomeration econo-235 
mies at different scales13,24. All distances are calculated as Euclidean distances between grid centroids and the 236 
corresponding centers, using proximity analysis in ArcGIS software. Industrial structure is captured by the 237 
Hirschman��Herfindahl Index (�+�+�,��) and relative specialization index (������ ��), calculated based on economic 238 
census or land use data. Both indicators are distance-weighted to the nearest center to incorporate a distance 239 
decay effect. Higher agglomeration implies stronger employment attraction, while higher specialization indi- 240 
cates more homogeneous employment opportunities�� both of which tend to worsen jobs��housing matching 241 
31. Polycentricity level is measured by employment population size (���-�� ��), employment density (������ ��), and 242 
functional polycentricity indices for workers and residents (�� �.�(�/�	 ��

�� �+�.�(�/�	 ��
) 57, also distance-weighted. Areas 243 

with more jobs and higher density tend to produce longer commutes 13,14. 244 
Neighborhood built environment (������������ ��) captures micro-level facility and service provision based on 245 

POI data, covering land use and public services. Land use is measured by mix entropy (�����0��) and residential- 246 
non-residential balance (�
���� ��) within the grid's average commuting buffer 58; higher mix reduces commuting 247 
distance 38. Public services are measured by POI densities of government (�1�!����), education (���2�!��), sports 248 
(�������3����), and healthcare (�+��������) within the same buffer; better services facilitate matching 16. 249 

Accessibility (�������������� ) includes distances to the nearest metro station (�� �'�%���4���"��), outer ring road 250 
(�� �5�	���&�6�����&�"��), and major infrastructure (�� ���&�*�4���� ��) ��  airport, railway station, highway interchange. Better 251 
accessibility facilitates matching 24,37. Natural barriers (�� �5���&�7�%�4�"��) measured as distance to the nearest river, 252 
lake, or scenic area, are hypothesized to hinder commuting. 253 

Urban economic development (�� ��) includes average housing price (�1�3��������) and average building age 254 
(�8�����3��). High prices and suburban housing shortages worsen mismatch 21,35; affordable housing near centers 255 
aids low- and middle-income or single workers 29. Longer construction history implies more stable populations 256 
and better jobs��housing matching, while newer centers undergoing functional reorganization tend to exhibit 257 
poor matching 12. Construction duration is captured by the average building age of construction land (�8�����3��), 258 
calculated from Gong et al.'s 49 1978��2017 land use dataset. 259 

 260 
Variables Description 

Dependent Variables 

Worker �
������������ �� The jobs-housing matching rate of workers. 

Resident �
������������ �� The jobs-housing matching rate of residents. 

Independent Variables 

Urban Spatial Structure 

�� �$�)�7�"�� Distance from grid i to the nearest main center(km) 

�� �(�	�)�"�� Distance from grid i to the nearest sub-center(km) 

�� �*�%�&�(���&�"�� Distance from grid i to the nearest dispersed employment center(km) 

�� �$�%�&�"�� Distance from grid i to the nearest employment center(km) 

�+�+�,�$�%�&�"�� 
�+�+�,�$�%�&�"��=

�9�:�/ �;�<�=�"�>�/�;�<�=�? �@
�A

�B�;�<�=�"�C
 , �D�$�%�&�"�E represents the industrial employment population in industry j of the nearest employment center to grid i ; �D�$�%�&�  

represents total employment populations across all industries of the nearest employment center to grid i. For Wuhan and Nanning, where economic 

census data are unavailable, land use data are used as a substitute. 

������ �$�%�&�"�� 
������ �$�%�&�"��=max(���F�$�%�&�"�G)/� ���$�%�&�"�� = max(

�H�;�<�=�"�>
�H�>

�H�;�<�=
�H

) /� ���$�%�&�"���" ���F�$�%�&�"�E represents the industrial location quotient of the nearest employment center to grid i; 

�D�E represents the total employment population in industry j across all centers; q represents the total employment population of all industries in the 

city. For Wuhan and Nanning, where economic census data are unavailable, land use data are used as a substitute. 

���-�� �$�%�&�"�� Employment population size of the nearest employment center for grid i/�� �$�%�&�"�� 

������ �$�%�&�"�� Employment population density of the nearest employment center for grid i/�� �$�%�&�"�� 

�� �.�(�/�	 �$�%�&�"��
 Worker R2 of the nearest employment center for grid i/�� �$�%�&�"�� 

�+�.�(�/�	 �$�%�&�"��
 Resident R2 of the nearest employment center for grid i/�� �$�%�&�"�� 

Neighborhood Built Environment 



 

�����0���"�E �����0���"�E=
�I �9 �J�C�"�>�K�L�J�C�"�>

�M
�>�N�O

�K�L�P
 , k denotes the number of land use types within the buffer zone of the average commuting distance of grid i. �����"�E denotes the 

area proportion of the j-th land use type within the buffer zone of the average commuting distance of grid i.  

�
���� �� �
���� ��=1- 
�Q�R�C�I���S�C�Q

�Q�R�C�T���S�C�Q
 , �U�� and �8�� represent the proportions of residential and non-residential land, respectively, within the buffer zone of the average 

commuting distance of grid i. a is the balance adjustment factor, which is set to 1 in this study, based on the assumption that within the metropoli-

tan area, residential and non-residential land use is essentially balanced across Hangzhou, Wuhan, and Nanning. 

�1�!���� Number of government agencies and social organizations POIs in the average commut-

ing ditance buffer zone of grid i/Buffer zone area(counts/km²) 

���2�!�� Number of science, education, and cultural services POIs in the average commuting ditance buffer zone of grid i/Buffer zone area(counts/km²) 

�������3���� Number of sports and leisure services POIs in the average commuting ditance buffer zone of grid i/Buffer zone area(counts/km²) 

�+�������� Number of healthcare services POIs in the average commuting ditance buffer zone of grid i/Buffer zone area(counts/km²) 

Accessibility 

�� �'�%���4���"�� Distance from grid i to the nearest metro station(km) 

�� �5�	���&�6�����&�"�� Distance from grid i to the outer ring road(km) 

�� ���&�*�4���� �� Distance from grid i to the nearest major infrastructure(km) 

�� �5���&�7�%�4�"�� Distance from grid i to the nearest large natural barrier(km) 

Urban Economic Development 

�1�3�������� Total housing price of all houses within the average commuting radius of grid i/Total number of houses 

�8�����3�� (Number of cells in grid I *cell age)/Total number of cells 

Table 1. Definition and Classification of Variables 261 

 262 

Variables  Hangzhou Descriptive Statistics ( N =2660) Wuhan Descriptive Statistics ( N = 1830 Nanning Descriptive Statistics ( N = 1050) 

Mean  S. D. Min  Max  Mean  S. D. Min  Max  Mean  S. D. Min  Max  

Dependent Variables  

Worker �
������������ �� 0.74 0.16 0 1 0.70 0.17 0 1 0.67 0.19 0 1 

Resident �
������������ �� 0.73 0.16 0 1 0.71 0.16 0 1 0.69 0.18 0 1 

Independent Variables  

Urban Spatial Structure 

�� �$�)�7�"�� 20.95 12.31 0 56.95 19.70 12.07 0 58.19 20.44 15.78 0 69.33 

�� �(�	�)�"�� 11.07 8.74 0 40.47 10.38 8.75 0 44.88 14.82 13.47 0 62.69 

�� �*�%�&�(���&�"�� 5.86 3.90 0 20.10 58.37 5.82 0 33.53 10.37 11.50 0 54.58 

�� �$�%�&�"�� 4.26 3.60 0 20.10 4.68 4.65 0 33.53 11.67 4.94 0 54.58 

�+�+�,�$�%�&�"�� 0.18 0.30 0.01 8.70 0.25 0.45 0.02 8.90 0.40 0.45 0.04 5.17 

������ �$�%�&�"�� 1.03 1.88 0.11 48.02 4.37 12.77 0.06 367.94 2.48 4.05 0.14 40.87 

���-�� �$�%�&�"�� 9043.60 25756.84 240.70 947436.44 4812.50 9133.05 147.92 158295 4984.24 3868.18 1497 24348 

������ �$�%�&�"�� 884.47 2057.43 35.77 61424.68 1146.97 2777.77 29.83 42087.24 2007.06 1313.97 218.26 8300.46 

�� �.�(�/�	 �$�%�&�"��
 0.02 0.10 0 3.82 0.02 0.06 0 1.27 0.09 0.12 0 0.54 

�+�.�(�/�	 �$�%�&�"��
 0.05 0.17 0 6.34 0.04 0.10 0 1.97 0.11 0.15 0 0.69 

Neighborhood Built Environment 

�����0���"�E 0.53 0.16 0 0.79 0.56 0.17 0 0.85 0.59 0.15 0 0.84 

�
���� �� 0.59 0.29 0 1 0.53 0.33 0 1 079 0.21 0 1 



 

�1�!���� 5.56 9.82 0 70.20 7.20 10.47 0.04 53.88 3.41 4.80 0.01 18.05 

���2�!�� 6.34 11.46 0 75.21 9.68 14.35 0.01 64.33 4.32 5.04 0.01 19.66 

�������3���� 3.92 5.63 0 34.75 5.66 8.27 0.01 37.96 3.95 5.09 0.01 18.62 

�+�������� 3.99 6.03 0 39.30 6.31 9.23 0.01 44.28 4.77 5.67 0.01 21.24 

Accessibility 

�� �'�%���4���"�� 16.97 13.86 0.04 60.20 10.45 9.91 0.05 48.35 16.77 15.88 0 63.10 

�� �5�	���&�6�����&�"�� 11.80 10.29 0.01 47.66 11.04 9.92 0 47.12 12.38 12.88 0 59.73 

�� ���&�*�4���� �� 4.76 3.49 0.11 23.91 4.28 2.87 0.07 24.31 7.03 8.07 0 42.46 

�� �5���&�7�%�4�"�� 5.48 4.81 0 23.34 2.83 3.65 0 22.74 10.16 13.35 0 53.81 

Urban Economic Development 

�1�3�������� 23689.90 8594.90 8070 52221.18 14549.19 4720.91 2444 53503 9108.67 2957.90 3899 16358.8 

�8�����3�� 12.18 5.85 1 34 13.45 6.98 1.5 32.39 17.40 7.13 1 32 

Table 2. Descriptive statistics of variables 263 
 264 
Given the large number of candidate variables, partial correlations analysis was first conducted to detect 265 

multicollinearity. Variable combinations were then estimated progressively, retaining those with stable and 266 
statistically significant coefficients. Spatial econometric diagnostics were subsequently performed on the OLS 267 
baseline model using the Lagrange Multiplier (LM) test in GeoDa, including LM-Lag, Robust LM-Lag, LM- 268 
Error, Robust LM-Error, and LM-SARMA statistic. Model selection followed established rules: (1) if neither 269 
LM statistic is significant, the OLS model is retained; (2) if only one LM statistic is significant, the corre- 270 
sponding spatial model (SLM or SEM) is adopted; (3) if both LM statistics are significant, the model with the 271 
more significant Robust LM statistic is selected. The functional forms of the SEM and SLM are specified as 272 
follows: 273 

                               � �
��������������= f (�1�����V��������,������������ ���" ���������������" ����)+�W�X�#��+� �!�� (SEM)        274 

                             �
������������ ��= f (�X�
������������ ���" �1�����V��������,������������ ���" ���������������" ����)+� �#�� (SLM)      275 

Where �X is the spatial adjacency weight matrix, �W is the spatial error correlation coefficient, �X�#�� repre- 276 
sents the spatial error affected by neighboring regions, and �X�
������������ �� denotes the spatial lag of the de- 277 
pendent variable, i.e., the jobs��housing matching rate affected by neighboring regions. 278 

Results 279 

Multicollinearity and stability tests of the OLS model 280 
To test model robustness, a combined stepwise regression and variable screening approach was employed, 281 
sequentially building three nested models: Model 1 (neighborhood environment and control variables), Model 282 
2 (adding transportation accessibility), and Model 3 (adding polycentric variables). Multicollinearity was eval- 283 
uated using partial correlations, variance inflation factors (VIF), and coefficient stability (Table 3). 284 

In Hangzhou, high correlations among public service variables (e.g., �������3���� with �+��������: 0.77; �������3���� 285 
with ���2�!��: 0.72; �1�!���� with �+��������: 0.72; �1�!���� with  ���2�!��:0.56) led to removal of �������3���� and �+�������� in 286 
Model 1. In Model 2, �1�!���� and ���2�!�� correlated at 0.88, prompting the removal of �1�!����. In Model 3, despite 287 
some elevated correlations (e.g., �� �.�(�/�	 �$�%�&�"��

 with �+�.�(�/�	 �$�%�&�"��
: 0.69; �� �5�	���&�6�����&�"�� with �� �'�����&�"��: 0.69), most 288 

VIF values remained acceptable, and theoretically important variables were retained. Stepwise regression 289 
showed stable coefficients and significance, confirming model robustness. 290 

In Wuhan, �������3���� and �+�������� were removed due to high correlations (e.g., �������3���� with �+��������: 0.65; 291 
�������3���� with ���2�!��: 0.90; �1�!����with �+��������: 0.63). Model 2 variables showed low correlations (all VIF < 10). 292 
In Model 3, �� �'�����&�"�� and �� �5�	���&�6�����&�"�� correlated at 0.80 (VIF: 41 and 23), so �� �'�����&�"�� was excluded. Remain- 293 
ing coefficients remained stable. 294 

In Nanning, �������3����, �1�!����, and �+�������� were removed due to substantial overlap (e.g., �������3���� with �1�!����: 295 
0.91; �������3����  with ���2�!�� : 0.47; �������3����  with �+�������� : 0.41; �1�!����  with �+�������� : 0.43; �+��������  with 296 
���2�!��:0.51). After removal, model 2 VIF values were all below 10. In Model 3, �� �(�	�)�"�� correlated with 297 
�� �'�����&�"��� (0.59) and �� �'�%���4���"�� (0.75), with a VIF of 23, leading to its exclusion. Remaining variables, despite 298 
some high correlations, had VIF values near 10 and were retained. Coefficients remained stable, indicating 299 
effective multicollinearity control. 300 

                          301 
Variable Hangzhou Wuhan Nanning 

Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 

Constant �Y�Z�[�\�] �^�^� ̂

�� 41.26��  

�Y�Z�_�\�_�^�^� ̂

�� 42.30��  

�Y�Z�_�`�a�^�^� ̂

�� 27.48��  

�Y�Z�b�c�[�^�^� ̂

�� 28.83��  

�Y�Z�b�Y�d�^�^� ̂

�� 24.77��  

�Y�Z�]�[�Y�^�^� ̂

�� 10.982��  

�Y�Z�_�\�\�^�^� ̂

�� 12.24��  

�Y�Z�b�a�c�^�^� ̂

�� 12.62��  

�Y�Z�`�d�\�^�^� ̂

�� 6.25��  

�� �'�����&�"��   8.912E-7   1.388E-5***   �d�Z�`�\�_�� �e �`�^�^� ̂



 

�� 1.06��  �� -6.075��  �� 4.12��  

�� �(�	�) �"��   �e�\�Z�]�\�] �� �e �b�  ̂

�� -1.84��  

  2.447E-6** 

�� 1.98��  

  �e�\�Z�`�a�c�� �e �`�^�  ̂

�� -2.06��  

�� �*�%�&�(���&�"��   -6.798E-8 

�� -0.04��  

  2.576E-6 

�� 1.14��  

  �e�d�Z�Y�Y�d�� �e �`�^�  ̂

�� -2.14��  

�� �$�%�&�"��   �e�Y�Z�Y�Y�[�^�^� ̂

�� -3.16��  

  �e�Y�Z�Y�\�\�^�^� ̂

�� -4.00��  

  6.988E-7 

�� 0.06��  

�+�+�,�$�%�&�"��   �e�Y�Z�Y�_�d�^�^� ̂

�� -4.52��  

  0.026 

�� 1.39��  

  -0.021 

�� -0.89��  

������ �$�%�&�"��   0.000 

�� -0.05��  

  0.000 

�� 0.83��  

  �e�Y�Z�Y�Y�b�^� ̂

�� -2.42��  

���-�� �$�%�&�"��   3.441E-7* 

�� 1.66��  

  �e�\�Z�c�]�_�� �e �b�^� ̂

�� -2.19��  

  -2.182E-6 

�� -0.95��  

������ �$�%�&�"��   �\�Z�d�c�b�� �e �`�^�^� ̂

�� 3.12��  

  8.577E-7 

�� 0.27��  

  1.029E-5* 

�� 1.69��  

�� �.�(�/�	 �$�%�&�"��
   �e�Y�Z�d�Y�c�^�  ̂

�� -2.26��  

  �e�Y�Z�_�d�`�^�^� ̂

�� -5.60��  

  �e�Y�Z�Y�_�c 

�� -0.86��  

�+�.�(�/�	 �$�%�&�"��
   0.006 

�� 0.12��  

  0.260** 

�� 2.49��  

  0.019 

�� 0.62��  

�����0 ���"�E �Y�Z�\�[�] �^�^� ̂

�� 5.48��  

�Y�Z�d�c�]�^�^� ̂

�� 7.68��  

�Y�Z�\�b�\�^�^� ̂

�� 4.88��  

�e�Y�Z�Y�d�d 

�� 0.68��  

-0.011 

�� -0.33��  

-0.055 

�� -1.58��  

�e�Y�Z�d�\�]�^�^� ̂

�� 2.73��  

-0.087 

�� -1.17��  

�e�Y�Z�\�`�c�^� ̂

�� -1.87��  

�
���� �� �e�Y�Z�Y�Y�[ 

�� -0.57��  

�Y�Z�Y�`�\�^�^� ̂

�� 3.55��  

�Y�Z�Y�`�\�^�^� ̂

�� 3.40��  

�Y�Z�Y�_�Y�^�^� ̂

�� 4.81��  

�Y�Z�Y�a�\�^�^� ̂

�� 536��  

�Y�Z�\�d� �̀^�^� ̂

�� 6.51��  

�Y�Z�Y�Y�a 

�� 0.20��  

0.027 

�� 0.61��  

0.083 

�� 1.48��  

�1�!���� �e�Y�Z�Y�Y�_�^�^� ̂

�� -6.02��  

0.000 

�� 0.27��  

 �e�Y�Z�Y�Y�_�^�^� ̂

�� -3.56��  

0.000 

�� -0.22��  

0.003*** 

�� 3.47��  

�e�Y�Z�Y�d�Y�^�  ̂

�� -2.20��  

  

���2�!�� �e�Y�Z�Y�Y�]�^�^� ̂

�� -2.90��  

-8.050E-5 

�� -0.10��  

-�Y�Z�Y�Y�\ 

�� -1.29��  

�Y�Z�Y�Y�b�^�^� ̂

�� 4.43��  

�Y�Z�Y�Y�\ 

�� 1.44��  

�Y�Z�Y�Y�c*** 

�� 4.09��  

�Y�Z�Y�Y�c 

�� 0.33��  

�Y�Z�Y�\�Y�^�^� ̂

�� 4.49��  

�Y�Z�Y�\�c�^�^� ̂

�� 4.13��  

�������3���� �Y�Z�Y�Y�\ 

�� 0.33��  

  �e�Y�Z�Y�d�Y�^�^� ̂

�� -4.22��  

  �Y�Z�Y�\�c 

�� 0.89��  

  

�+�������� �Y�Z�Y�\�_�^�^� ̂

�� 5.92��  

  �Y�Z�Y�d�\�^�^� ̂

�� 6.27��  

  �Y�Z�Y�Y�_ 

�� 1.40��  

  

�� �'�%���4���"��  0.000 

�� -0.28��  

�e�\�Z�]�d�d�� �e �` 

�� -0.03��  

 -0.001 

�� -1.06��  

�e�Y�Z�Y�Y�c*** 

�� -2.69��  

 �Y�Z�Y�Y�`�  ̂

�� 1.85��  

�Y�Z�Y�Y�\ 

�� 0.34��  

�� �5�	���&�6�����&�"��  �e�Y�Z�Y�Y�c�^�^� ̂

�� -4.90��  

�e�Y�Z�Y�Y�c�^�^� ̂

�� -2.69��  

 �Y�Z�Y�Y�d�^�  ̂

�� 1.99��  

�e�Y�Z�Y�Y�_�^�^� ̂

�� -3.81��  

 �e�Y�Z�Y�Y�a�^� ̂

�� -2.24��  

�e�Y�Z�Y�Y�b 

�� -1.50��  

�� ���&�*�4���� ��  �e�Y�Z�Y�Y�`�^�^� ̂

�� -4.44��  

�e�Y�Z�Y�Y�`�^�^� ̂

�� -4.55��  

 0.000 

�� 0.23��  

-0.001 

�� -0.69��  

 �Y�Z�Y�Y�b�  ̂

�� 1.53��  

0.005 

�� 1.16��  

�� �5���&�7�%�4�"�� �Y�Z�Y�Y�`�^�^� ̂

�� 6.33��  

�Y�Z�Y�Y�]�^�^� ̂

�� 5.63��  

�Y�Z�Y�Y�b�^�^� ̂

�� 7.39��  

�Y�Z�Y�\�Y�^�^� ̂

�� 7.47��  

�Y�Z�Y�Y�a�^�^� ̂

�� 5.25��  

�Y�Z�Y�Y�d 

�� 0.96��  

�Y�Z�Y�Y�] 

�� 0.05��  

0.003 

�� 0.65��  

0.005 

�� 1.13��  

�1�3�������� �e�]�Z�]�Y�\��

�e �b�^�^� ̂

�� -7.35��  

�e�a�Z�Y�d�]��

�e �b�^�^� ̂

�� -14.50��  

�e�_�Z�\�_�Y��

�e �b�^�^� ̂

�� -10.81��  

-1.431E-6 

�� -1.34��  

-3.932E-7 

�� -0.36��  

1.305E-6 

�� 1.21��  

�e�\�Z�d�]�_��

�e �b�^�  ̂

�� -3.70��  

�e�\�Z�]�a�c��

�e � �̀^�^� ̂

�� -5.56��  

�e�d�Z�`�b�\�� �e �b 

�� -0.70��  

�8�����3�� �Y�Z�Y�Y�\ 

�� 1.50��  

�Y�Z�Y�Y�\�  ̂

�� 1.70��  

�Y�Z�Y�Y�\�^� ̂

�� 2.46��  

�Y�Z�Y�Y�\ 

�� 1.02��  

�Y�Z�Y�Y�\�  ̂

�� 1.86��  

�Y�Z�Y�Y�Y 

�� 0.62��  

�Y�Z�Y�Y�`�^�^� ̂

�� 3.48��  

�Y�Z�Y�Y�`�^�^� ̂

�� 3.97��  

�Y�Z�Y�Y�`�^�^� ̂

�� 3.67��  

Adjusted R2 0.168 0.191 0.212 0.101 0.081 0.141 0.330 0.266 0.349 

Number of ob-

servations 

2329 2329 2329 1547 1548 1548 461 483 458 

Table 3. Validation of Different Models in Hangzhou, Wuhan and Nanning: Based on the Jobs-housing 302 
Matching Rate of Workers. Notes: ***,**, and * denote significance levels of 0.001, 0.05, and 0.1, respec-303 
tively; t-statistics are in parentheses. 304 

Spatial econometric tests of OLS regression analysis 305 
Spatial autocorrelation in both the independent and dependent variables necessitate the use of spatial econo-306 
metric models, contingent upon an appropriate spatial weight matrix. Based on Queen's first-order contiguity, 307 
the global Moran's I value for OLS residuals of worker and resident jobs��housing matching rates were (0.266, 308 
0.232) for Hangzhou, (0.444, 0.214) for Wuhan, and (0.253, 0.122) for Nanning, respectively (all p < 0.05). 309 
These results confirm significant positive spatial autocorrelation, justifying the application of spatial model 310 
correction. 311 

Lagrange Multiplier (LM) tests were then conducted to determine the specific model form (Table 4). In 312 
Hangzhou, both SLM and SEM statistics were significant for the worker and resident models, with SEM 313 



 

showing stronger significance; results were consistent across alternative weight matrices (second-order conti- 314 
guity, distance, inverse distance). Wuhan exhibited a similar pattern, with SEM preferred. In Nanning, both 315 
models were significant, but SLM was slightly stronger, consistent across weight matrices, therefore SLM 316 
was adopted. These model choices align with city characteristics: Hangzhou and Wuhan, as larger provincial 317 
capitals, exhibit spatial effects primarily through unobserved factor transmission (spatial error), while Nanning, 318 
as a smaller capital, shows direct neighborhood spillover effects (spatial lag). 319 

 320 
Variable Hangzhou Wuhan Nanning 

Worker JHM Resident JHM Worker JHM Resident JHM Worker JHM Resident JHM 

Constant �Y�Z�_�`�a�^�^� ̂

�� 27.48��  

�Y�Z�_�`�\�^�^� ̂

�� 21.85��  

�Y�Z�b�b�d�^�^� ̂

�� 22.85��  

�Y�Z�_�Y�a�^�^� ̂

�� 29.38��  

�Y�Z�`�d�d�^�^� ̂

�� 6.25��  

�Y�Z�c�`�a�^�^� ̂

�� 3.89��  

�� �'�����&�"�� 8.912E-7 

�� 1.06��  

9.659E-7 

�� 0.92��  

  1.841E-5*** �� 4.12��  1.029E-5** 

�� 2.09��  

�� �(�	�) �"�� -1.414E-6* 

�� -1.84��  

7.657E-7 

�� 0.80��  

2.491E-6** 

�� 2.00��  

2.295E-6* 

�� 1.94��  

  

�� �*�%�&�(���&�"�� -6.798E-8 

�� -0.04��  

1.113E-6 

(0.51) 

6.054E-6** 

(2.74) 

2.978E-6 

(1.42) 

-1.609E-5*  

(-1.75) 

-1.517E-5 

(-1.49) 

�� �$�%�&�"�� �e�Y�Z�Y�Y�[�^�^� ̂

�� -3.16��  

�e�Y�Z�Y�\�d�^�^� ̂

�� -4.30��  

�e�Y�Z�Y�\��̀^�^� ̂

�� -5.17��  

�e�Y�Z�Y�\�_�^�^� ̂

�� -6.58��  

-8.531E-6 

�� -0.83��  

1.743E-5 

�� 1.53��  

�+�+�,�$�%�&�"�� �e�Y�Z�Y�_�d�^�^� ̂

�� -4.52��  

�Y�Z�Y�[�_�^�^� ̂

�� 3.47��  

�Y�Z�Y�c�[�  ̂

�� 1.95��  

-0.020 

�� -1.10��  

-0.012 

�� 0.52��  

�Y�Z�Y�`��̀^�  ̂

�� 2.11��  

�������$�%�&�"�� 0.000 

�� -0.05��  

�e�Y�Z�Y�Y�[�^�^� ̂

�� -2.72��  

8.989E-5 

�� 0.21��  

-0.0003 

�� -0.63��  

�e�Y�Z�Y�Y�[�^�  ̂

�� -2.69��  

0.0005 

�� 0.20��  

���-�� �$�%�&�"�� 3.441E-7* 

�� 1.66��  

3.029E-7 

�� 1.18��  

-1.488E-6** 

�� -2.39��  

1.638E-6** 

�� 2.78��  

-3.120E-6 

�� -1.38��  

6.434E-6** 

�� 2.57��  

������ �$�%�&�"�� -1.236E-5*** 

�� 3.12��  

4.420E-6 

�� 0.90��  

1.008E-6 

�� 0.31��  

4.221E-6 

�� 1.37��  

1.053E-5* 

�� 1.72��  

-1.137E-5* 

�� -1.68��  

�� �.�(�/�	 �$�%�&�"��
 �e�Y�Z�d�Y�c�^�  ̂

�� -2.26��  

0.004 

�� 0.97��  

�e�Y�Z�b�`�b�^�^� ̂

�� -4.48��  

�Y�Z�c�_��̀^�  ̂

�� 2.77��  

-0.060 

�� -0.62��  

-0.137 

�� -1.29��  

�+�.�(�/�	 �$�%�&�"��
 0.006 

�� 0.12��  

�e�Y�Z�\�`�c�^� ̂

�� -2.47��  

0.149 

�� 1.44��  

�e�Y�Z�c�c�a�^�^� ̂

�� -3.43��  

0.015 

�� 0.49��  

-0.003 

�� -0.08��  

�����0���"�E �Y�Z�\�b�\�^�^� ̂

�� 4.88��  

0.034 

�� 0.83��  

-0.050 

�� -1.41��  

0.040�� 1.19��  -0.098 

�� -1.26��  

�Y�Z�d�c�]�^�  ̂

�� 2.72��  

�
���� �� �Y�Z�Y�`�\�^�^� ̂

�� 3.40��  

�e�Y�Z�Y�[�b�^�^� ̂

�� -4.08��  

�Y�Z�Y�_�a�^�^� ̂

�� 4.80��  

�e�Y�Z�Y�[�\�^�^� ̂

�� -4.07��  

0.055 

�� 1.00��  

�Y�Z�\�c�[�^�  ̂

�� 2.28��  

�1�!����   0.001 

�� 1.01��  

-0.000 

�� -0.16��  

  

���2�!�� -�Y�Z�Y�Y�\ 

�� -1.29��  

�Y�Z�Y�Y�\�^�  ̂

�� 2.67��  

0.001*�� 1.15��  0.001 

�� 1.64��  

�Y�Z�Y�\�]�^�^� ̂

�� 4.46��  

�Y�Z�Y�Y�[�^�  ̂

�� 2.01��  

�� �'�%���4���"�� -1.422E-5 

�� -0.03��  

�e�Y�Z�Y�Y�c�^� ̂

�� -4.28��  

-0.002 

�� -1.39��  

�e�Y�Z�Y�Y�b�^�^� ̂

�� -4.61��  

-0.005* 

�� -1.80��  

-0.007** 

�� -2.13��  

�� �5�	���&�6�����&�"�� �e�Y�Z�Y�Y�c�^�^� ̂

�� -2.69��  

0.002 

�� 1.58��  

�Y�Z�Y�Y�d�  ̂

�� 1.71��  

�Y�Z�Y�Y�`�^�  ̂

�� 4.35��  

�e�Y�Z�Y�Y�[�  ̂

�� -1.84��  

�Y�Z�Y�\��̀^�^� ̂

�� 3.37��  

�� ���&�*�4���� �� �e�Y�Z�Y�Y�`�^�^� ̂

�� -4.55��  

0.001 

�� 0.87��  

-0.001 

�� -0.55��  

-0.002 

�� -1.01��  

�Y�Z�Y�Y�_�  ̂

�� 1.95��  

-0.001 

�� -0.25��  

�� �5���&�7�%�4�"�� �Y�Z�Y�Y�b�^�^� ̂

�� 7.39��  

�Y�Z�Y�Y�c�^�  ̂

�� 2.53��  

�Y�Z�Y�Y�b�^� ̂

�� 3.06��  

�Y�Z�Y�Y�`�^�  ̂

�� 3.10��  

0.006 

�� 1.31��  

�Y�Z�Y�\��̀^�^� ̂

�� 3.31��  

�1�3�������� -8.180E-6*** 

(-10.81) 

-1.958E-6** 

�� -2.08��  

1.823E-7 

�� 0.17��  

-8.210E-7 

�� -0.80��  

-2.916E-6 

�� -0.79��  

-2.195E-6 

�� -0.54��  

�8�����3�� �Y�Z�Y�Y�\�^� ̂

�� 2.46��  

-0.004*** 

�� -5.13��  

�Y�Z�Y�Y�Y�d 

�� 0.30��  

-0.003*** 

�� -4.14��  

�Y�Z�Y�Y�]�^� ̂

�� 3.27��  

-0.005*** 

�� -3.58��  

Adjusted R2 0.212 0.102 0.121 0.131 0.345 0.103 

Number of observations 2329 2329 1548 1548 458 458 

F-statistic 

Prob(F-statistic) 

34.06 

(0.0000) 

14.89 

(1.40e-045) 

12.18 

(1.63e-035) 

13.23 

(5.24e-039) 

14.35 

(4.56e-034) 

3.93 

(1.60e-007) 

Akaike info criterion -3215.56 -2191.59 -1454.06 -1615 -653.962 -563.423 

Koenker (BP) statistic 115.31 

(0.0000) 

57.84 

(0.0001) 

116.11 

(0.0000) 

62.02 

(0.0000) 

51.50 

(0.0004) 

34.61 

(0.01) 

Jarque-Bera statistic 1108.71 

(0.0000) 

5567.53 

(0.0000) 

355.23 

(0.0000) 

3300.95 

(0.0000) 

92.34 

(0.0000) 

1962.80 

(0.000) 



 

Moran's I(residuals) 0.266 

(0.0000) 

0.232 

(0.0000) 

0.444 

(0.0000) 

0.214 

(0.0000) 

0.253 

(0.0000) 

0.122 

(0.0000) 

Log LIK 1627.78 1115.79 747.03 827.50 345.98 300.71 

LM-Lag 266.06 254.40 271.52 81.14 71.36 18.20 

Robust LM-Lag 8.20 7.63 7.61 8.82 14.81 4.40 

LM-Error 400.68 312.34 530.28 124.12 70.38 16.78 

Robust LM-Error 142.82 74.57 266.37 51.80 13.83 2.98 

Table 4. Spatial Econometric Tests of OLS Regression for Factors Influencing Jobs��Housing Matching. JHM 321 
is the abbreviation for Jobs��Housing Matching. Note: ***,**, and * denote significance levels of 0.001, 0.05, 322 
and 0.1, respectively; t-statistics are in parentheses. 323 

Spatial Regression (SEM/SLM) Model Analysis 324 

Comparison between OLS and spatial regression (SEM/SLM) models 325 
Spatial regression models outperformed OLS across all three cities, as evidenced by higher Log-likelihood 326 
values, lower Akaike Information Criterion (AIC) values, and residual Moran's I values approaching zero after 327 
correction (Table 5). The R² improved substantially, with the largest increase observed for Wuhan's worker 328 
model, followed by Hangzhou (increases of 0.1271 and 0.1249 for workers and residents, respectively), and 329 
the smallest increase for Nanning's resident model (+0.0713). Worker models consistently yielded higher R² 330 
than resident models, suggesting greater unexplained variance in resident matching due to unobserved factors 331 
such as preferences and household characteristics. Nanning's highest worker model fit may reflect its smaller 332 
urban size and simpler spatial variation. 333 

Spatial coefficients were highly significant across all models. For Hangzhou, the SEM lambda values were 334 
0.443 (workers, z=17.39) and 0.421 (residents, z=16.17), indicating that approximately 42��44% of the spatial 335 
error was transmitted across neighboring regions. Wuhan exhibited higher lambda values of 0.566 (workers, 336 
z=24.67) and 0.315 (residents, z=10.28), reflecting stronger spatial dependence, especially for workers. Nan-337 
ning, the SLM spatial lag coefficients were 0.339 (workers, z=7.98) and 0.185 (residents, z=3.99), indicating 338 
that a one-unit increase in neighboring matching rates raises local rates by 0.339 and 0.185 units, respectively, 339 
with stronger spillover effects observed for workers. 340 

Core variable signs remained consistent between the OLS and spatial models, confirming the robustness of 341 
the findings and the stability of the underlying economic-geographic logic. 342 

 343 
Variable Hangzhou�� SEM��  Wuhan�� SEM��  Nanning�� SLM��  

Worker JHM Resident JHM Worker JHM Resident JHM Worker JHM Resident JHM 

Constant �Y�Z�_�[�a�^�^� ̂

�� 19.48��  

�Y�Z�_�]�]�^�^� ̂

�� 15.26��  

�Y�Z�b�_�_�^�^� ̂

�� 17.75��  

�Y�Z�_�\�_�^�^� ̂

�� 24.46��  

�Y�Z�d�`�c�^�^� ̂

�� 3.08��  

�Y�Z�d�d�[�^�  ̂

�� 2.43��  

�� �'�����&�"�� -1.250E-7 

�� -0.10��  

1.350E-6 

�� 0.86��  

  1.390E-5** 

�� 3.08��  

9.865E-6** 

�� 2.09��  

�� �(�	�) �"�� -1.498E-6 

�� -1.24��  

1.021E-6 

�� 0.70��  

2.898E-8 

�� 0.02��  

1.831E-6 

�� 1.21��  

  

�� �*�%�&�(���&�"�� -1.292E-6 

(-0.49) 

1.930E-7 

(0.06) 

4.616E-6 

(1.36) 

2.891E-6 

(1.07) 

-6.661E-6 

(-0.79) 

-1.040E-5 

(-1.06) 

�� �$�%�&�"�� �e�Y�Z�Y�Y�b�  ̂

�� -1.88��  

�e�Y�Z�Y�\�c�^�^� ̂

�� -3.29��  

�e�Y�Z�Y�\�\�^� ̂

�� -2.58��  

�e�Y�Z�Y�\�[�^�^� ̂

�� -5.15��  

-5.480E-6 

�� -0.59��  

1.486E-5�� 1.36��  

�+�+�,�$�%�&�"�� �e�Y�Z�Y�`�c�^� ̂

�� -2.58��  

�Y�Z�Y�`�]�^� ̂

�� 2.11��  

0.031 

�� 1.60��  

-0.012 

�� -0.64��  

-0.011 

�� -0.51��  

�Y�Z�Y�]�[�  ̂

�� 1.87��  

�������$�%�&�"�� -4.431E-5 

�� 0.99��  

�e�Y�Z�Y�Y�b�^�  ̂

�� -1.98��  

-0.0001 

�� -0.24��  

-0.0002 

�� -0.43��  

-0.005** 

�� -2.21��  

0.0004 

�� 0.15��  

���-�� �$�%�&�"�� 1.714E-7 

�� 0.79��  

8.615E-8 

�� 0.32��  

-8.226E-7 

�� -1.30��  

1.150E-6* 

�� 1.80��  

-2.543E-6 

�� -1.24��  

5.419E-6** 

�� 2.25��  

������ �$�%�&�"�� 7.319E-6 

�� 1.73��  

1.821E-6 

�� 0.34��  

-8.702E-7 

�� -0.25��  

2.594E-6 

�� 0.77��  

7.523E-6 

�� 1.36��  

-9.663E-6 

�� -1.49��  

�� �.�(�/�	 �$�%�&�"��
 �e�Y�Z�\�\�b 

�� -1.17��  

-0.039 

�� -0.31��  

�e�Y�Z�d�]�c�  ̂

�� -1.67��  

0.241 

�� 1.63��  

-0.030 

�� -0.35��  

-0.115 

�� -1.13��  

�+�.�(�/�	 �$�%�&�"��
 0.011 

�� 0.19��  

-0.052 

�� -0.74��  

0.036 

�� 0.34��  

�e�Y�Z�d�\�[�^�  ̂

�� -2.08��  

0.013 

�� 0.46��  

-0.0015 

�� -0.05��  

�����0���"�E �Y�Z�\�b�a�^�^� ̂

�� 3.72��  

0.041 

�� 0.73��  

-0.090* 

�� -1.93��  

0.011 

�� 0.26��  

-0.087 

�� -1.23��  

�Y�Z�\�_�[�^�  ̂

�� 2.25��  

�
���� �� �Y�Z�Y�]�Y�  ̂

�� 1.87��  

�e�Y�Z�Y�[�d�^�  ̂

�� -2.73��  

�Y�Z�Y�]��̀  ̂

�� 1.72��  

�e�Y�Z�Y�b�`�^�  ̂

�� -2.95��  

0.028 

�� 0.57��  

�Y�Z�\�d� �̀^�  ̂

�� 2.17��  

�1�!����   0.0003 

�� 0.21��  

-0.001 

�� -0.13��  

  



 

���2�!�� -0.0002 

�� -0.25��  

�Y�Z�Y�Y�\ 

�� 1.54��  

�Y�Z�Y�Y�\ 

�� 1.17��  

0.001 

�� 0.96��  

�Y�Z�Y�Y�_�^�  ̂

�� 2.73��  

�Y�Z�Y�Y�b�  ̂

�� 1.64��  

�� �'�%���4���"�� 0.0001 

�� 0.13��  

�e�Y�Z�Y�Y�c�^�  ̂

�� -3.15��  

�e�Y�Z�Y�Y�]�^� ̂

�� -1.99��  

�e�Y�Z�Y�Y�b�^�^� ̂

�� -3.46��  

-0.002 

�� 0.64��  

-0.005 

�� -1.47��  

�� �5�	���&�6�����&�"�� -0.002 

�� -1.37��  

0.002 

�� 1.12��  

�Y�Z�Y�Y�`�^�  ̂

�� 2.19��  

�Y�Z�Y�Y�`�^�^� ̂

�� 3.17��  

-0.003 

�� -0.92��  

�Y�Z�Y�\�]�^�  ̂

�� 3.28��  

�� ���&�*�4���� �� �e�Y�Z�Y�Y�]�^� ̂

�� -2.21��  

-0.0004 

�� -0.18��  

0.002 

�� 0.61��  

-0.002 

�� -0.87��  

0.005 

�� 1.43��  

-0.001 

�� -0.31��  

�� �5���&�7�%�4�"�� �Y�Z�Y�Y�b�^�^� ̂

�� 4.84��  

0.003* 

�� 1.89��  

�Y�Z�Y�Y�[�^�  ̂

�� 2.48��  

�Y�Z�Y�Y�b�^� ̂

�� 2.63��  

�Y�Z�Y�Y�[�  ̂

�� 1.94��  

�Y�Z�Y�\��̀^�^� ̂

�� 3.42��  

�1�3�������� -8.348E-6*** 

�� -7.67��  

-2.174E-6 

�� -1.63��  

1.561E-6 

�� 1.37��  

-2.477E-7 

�� -0.22��  

1.394E-6 

�� 0.41��  

3.377E-6 

�� 0.87��  

�8�����3�� 0.0006 

�� 0.95��  

-0.002** 

�� -3.16��  

-0.0003 

�� 0.35��  

-0.003*** 

�� -3.53��  

�Y�Z�Y�Y�`�^�^� ̂

�� 4.38��  

�e�Y�Z�Y�Y�]�^� ̂

�� -2.52��  

W_w_bal     �Y�Z�c�c�a�^�^� ̂

�� 7.98��  

 

W_h_bal      �Y�Z�\�_� �̀^�^� ̂

�� 3.99��  

�6���7���������� �Y�Z�]�]�c�^�^� ̂

�� 17.39��  

�Y�Z�]�d�\�^�^� ̂

�� 16.17��  

�Y�Z�`�b�b�^�^� ̂

�� 24.67��  

�Y�Z�c�\� �̀^�^� ̂

�� 10.28��  

  

R2 0.3391 0.2269 0.4040 0.2170 0.4621 0.1743 

Number of observations 2329 2329 1548 1548 458 458 

Log LIK 1773.23 1237.04 965.14 879.09 376.74 308.88 

Akaike info criterion -3506.45 -2434.08 -1890.27 -1718.18 -713.479 -577.769 

Moran's I(residuals) -0.040 -0.025 -0.060 -0.029 0.030 0.018 

Table 5. Spatial Regression (SEM/SLM) Analysis of Factors Influencing Jobs��Housing Matching. Notes: 344 
***,**, and * denote significance levels of 0.001, 0.05, and 0.1, respectively; t-statistics are in parentheses. 345 
W_w_bal and W_h_bal represent the spatial lag variables of the dependent variables�� worker and resident 346 
jobs��housing matching rate, respectively. 347 

Urban Spatial Structure Factors 348 
Among the polycentric variables, distance to the nearest employment center (�� �$�%�&�"��) emerges as the most 349 
consistently significant determinant. In Hangzhou and Wuhan, �� �$�%�&�"�� exerts a significant negative effect on 350 
both worker and resident jobs��housing matching rates (Hangzhou: p<0.1 and p< 0.001; Wuhan: p<0.05 and 351 
p<0.001), confirming the classic distance decay effect in urban economics. Notably, the absolute coefficient 352 
values for residents are consistently larger than those for workers (Hangzhou: -0.013*** vs. -0.006*; Wuhan: 353 
-0.017*** vs. -0.011**), indicating that residents are more sensitive to employment center proximity. This 354 
asymmetry echoes earlier supportive studies that found employment polycentricity shortened commute times 355 
for workers in Los Angeles 2 and improved job accessibility in the Dutch Randstad 4. However, the insignifi- 356 
cant effects of �� �'�����&�"�� and �� �(�	�)�"�� in Hangzhou and Wuhan suggest that, after controlling for distance to the 357 
nearest center, the independent effects of primary and subcenters are absorbed, reflecting mature but uneven 358 
polycentric structures where subcenters remain underdeveloped-a pattern contrasting with findings in Seoul 359 
13 and Beijing 12. In Nanning, �� �'�����&�"�� is significantly positive for both workers and residents (p<0.0.05), im-360 
plying that primary center has reached saturation and peripheral new districts achieve better jobs��housing 361 
balance, a pattern consistent with the limited applicability of the co-location hypothesis observed in French 362 
cities11. The non-significance of �� �*�%�&�(���&�"�� across all three cities suggests that dispersed employment points 363 
have negligible impacts, corroborating evidence that suburban employment centers often exhibit low self- 364 
containment and high vehicle miles traveled21��23. Together, these results underscore that the effect of polycen-365 
tric structure on jobs��housing matching is highly context-dependent, varying by city size, center maturity, and 366 
spatial configuration. 367 

Regarding the impact of employment center industrial structure, the Hirschman��Herfindahl Index (�+�+�,�$�%�&�"��) 368 
shows a significant negative effect on worker matching (p<0.0.05) and a significant positive effect on resident 369 
matching (p<0.05) in Hangzhou. This suggests that industrial diversification benefits residents by providing 370 
diverse employment opportunities that facilitate nearby job access, yet for workers, diversification may imply 371 
insufficient employment agglomeration, thereby reducing matching efficiency. In Wuhan and Nanning, the 372 
effects of industrial diversification are insignificant, except for a marginally significant positive effect in Nan- 373 
ning resident model (0.047*). The relative specialization index (������ �$�%�&�"��) exhibits significant negative effects 374 
in Hangzhou���� resident model (-0.006**) and Nanning���� worker model (-0.005*), indicating that excessive 375 
industrial specialization reduces jobs��housing matching levels, as overly specialized employment centers offer 376 
a narrow range of job types that meet diverse employment needs. 377 

Regarding the impact of polycentric development level, employment center size (���-�� �$�%�&�"��) and density 378 
(������ �$�%�&�"��) are not significant in most models, except for the resident models in Wuhan (p<0.0.1) and Nanning 379 
(p<0.0.05), where both show significantly positive effects, indicating that larger employment centers favor 380 
residents' jobs��housing matching. However, this contrasts with evidence from Atlanta, where larger employ- 381 
ment centers were associated with longer commute times 24 , suggesting that the effect of center size is 382 



 

contingent on urban context and population group. The functional polycentricity index (�� �.�(�/�	 �$�%�&�"��
) is signifi- 383 

cantly negative in the Wuhan���� worker model (-0.243*), suggesting that a higher degree of functional poly- 384 
centricity- implying greater spatial separation of employment and residential functions, thereby increasing 385 
commuting distances and mismatch risk. Similarly, the morphological polycentricity index (�+�.�(�/�	 �$�%�&�"��

) is 386 
significantly negative in the Wuhan���� resident model (-0.217**), indicating adverse effects on residents' 387 
matching. This aligns with seven Spanish urban systems, polycentricity reduced commuting distance, espe-388 
cially with equitable employment distribution16. Overall, functional and morphological polycentricity exert 389 
differential effects across population groups. Our results across Hangzhou, Wuhan, and Nanning confirm that 390 
the impact of polycentric development is highly context-dependent, shaped by configuration, maturity, and 391 
population segment. 392 

Neighborhood Built Environment Factors 393 
The impact of land use mix (�����0���"�E) exhibits pronounced city-specific differences. In Hangzhou���� worker 394 
model, it is significantly positive at the 0.001 level (0.169***), indicating that diversified land use provides 395 
more nearby employment opportunities and improves work matching- consistent with prior evidence that 396 
higher land use mix reduces commuting distance 38. In Wuhan���� worker model, however, it is significantly 397 
negative at the 0.1 level (-0.090*), possibly because mixed land use in Wuhan's spatial configuration leads to 398 
declining employment density and jobs per resident 14. In Nanning���� resident model, it is significantly positive 399 
at the 0.05 level (0.187**), suggesting that land use mix benefits residents in smaller cities. 400 

The balance between residential and non-residential land use (�
���� ��) is one of the most consistently signif-401 
icant neighborhood variables, appearing in five of the six models with a clear role-based divergence. It is 402 
consistently positive for worker jobs��housing matching (Hangzhou 0.040*, Wuhan 0.045*, Nanning 0.028 403 
n.s.), indicating that balanced land use facilitates workers' nearby employment. Conversely, it is significantly 404 
negative for resident jobs��housing matching in Hangzhou (-0.072**) and Wuhan (-0.065**),suggesting that 405 
balancing land use toward non-residential uses may crowd out residential space and reduce resident matching 406 
levels. �8���	�	���	��������positive resident effect (0.125**) deviates from this pattern, likely due to its smaller city 407 
size and different land use dynamics. 408 

Educational facility density (���2�!���f is significant only in Nanning, with positive effects on both workers 409 
(0.008**) and residents (0.006*), suggesting that adequate educational services improve jobs��housing match- 410 
ing by influencing residential location choices. In Hangzhou and Wuhan, the effect is not significant, possibly 411 
because educational resource allocation is relatively balanced, yielding insufficient variation. Public facility 412 
density (�1�!����) appears only in the Wuhan���� model and is not significant, indicating limited direct impact�� 413 
consistent with evidence that public service provision moderates commuting patterns primarily through indi- 414 
rect channels such as housing type diversity and transit capacity 16 . 415 

Transportation Accessibility Factors 416 
Metro accessibility (�� �'�%���4���"���f is significantly negative in �9���	���*���
�
������resident model (-0.003**, p<0.0.05) 417 
and Wuhan�������������������	�� (-0.006***, p<0.0.001) and worker models (--0.004**, p<0.0.05), indicating that prox- 418 
imity to metro stations improves jobs��housing matching, with stronger effects for residents than workers. In 419 
Nanning, metro accessibility is not significant, possibly due to limited metro coverage (one line vs. three in 420 
Hangzhou and five in Wuhan). 421 

Distance to the outer ring road (�� �5�	���&�6�����&�"��) is significantly positive in �0�
�����	������resident (0.005***, 422 
p<0.0.001) and worker models (0.005**, p<0.0.05), and in Nanning���� resident model (0.014**, p<0.0.05), 423 
suggesting that locations closer to the ring road experience worse matching. This reflects the ring road's role 424 
as a spatial barrier in concentrically expanding cities (Wuhan, Nanning). Hangzhou, with more balanced intra-425 
urban development, shows no significant effect. This difference reflects each city's spatial structure: Nanning's 426 
construction is concentrated inside the ring road, making it a strong barrier; Wuhan's concentric expansion 427 
gives the ring road a prominent separating effect; Hangzhou's balanced development inside and outside its 428 
single ring road renders the barrier effect insignificant. 429 

Distance to major infrastructure (�� ���&�*�4���� ��) is significantly negative only in Hangzhou���� worker model (- 430 
0.004**, p<0.0.05), indicating that greater distance from major infrastructure reduces the worker jobs��housing 431 
matching rate. This likely reflects the concentration of employment opportunities near such facilities, which 432 
facilitates nearby employment for workers. In other cities and models, this variable is not significant, suggest-433 
ing that the impact of major infrastructure on jobs��housing matching varies by city. 434 

Natural barrier distance (�� �5���&�7�%�4�"���f is the most consistently significant control variable, positive across all 435 
six models (coefficients: 0.003* to 0.015***), confirming that areas farther from natural barrier achieve higher 436 
matching rates. The effect is strongest in Nanning (mountainous terrain), moderate in Wuhan (dense river 437 
network), and weakest in Hangzhou (relatively flat topography), supporting the classic view that natural bar-438 
riers disrupt intra-urban functional connectivity. 439 

Urban Economic Development Factors 440 
Housing price (�1�3���������f is significantly negative only in the Hangzhou���� worker model (-8.348E-6***, z = - 441 
7.67, p<0.0.001), representing one of the strongest effects in the full model. This indicates that the higher 442 
housing prices reduce worker jobs��housing matching rates, reflecting the crowding-out effect of high housing 443 
costs that drives jobs��housing separation. This finding aligns with Levine's study in Minneapolis 29. At the 444 
time of the study, Hangzhou had the highest mean housing price (23,703 yuan/m²) and largest standard devi-445 
ation (8,585), whereas Wuhan and Nanning had lower means and smaller dispersions (14,542 yuan/m², 4,718; 446 
10,266 yuan/m², 2,596, respectively), explaining the non-significant results in those cities. This suggests that 447 
in cities with greater spatial housing price variation, high-price areas are more prone to jobs��housing imbal- 448 
ance, reinforcing the policy implication that housing affordability interventions should prioritize workers in 449 
high-cost urban contexts 35. 450 



 

Building age (�8�����3���f exhibits clear city-specific differences. In �9���	���*���
�
���������	�����0�
�����	������resident models 451 
of, it is significantly negative (-0.002** and -0.003***, respectively), indicating that longer building ages are 452 
associated with lower resident matching rates. This likely reflects the gradual decoupling of long-term resi- 453 
dents' residences from their evolving workplaces, suggesting that urban renewal should introduce employment 454 
functions into aging areas. In Nanning, however, building age is significantly positive for workers (0.005***) 455 
and significantly negative for residents (-0.004**). This bidirectional effect reflects Nanning's developmental 456 
stage: its urban economy and public services remain concentrated in older districts, which continue to attract 457 
workers and facilitate on-site matching, while new districts remain underdeveloped. This finding resonates 458 
with  et al.'s study of Guangzhou and Shenzhen 35. 459 

Discussion 460 

Re-examination of Core Influencing Factors: Robustness and Pseudo-Regression under 461 
Spatial Effects 462 
First, spatial dependence fundamentally shapes jobs��housing matching. OLS models that neglect spatial au-463 
tocorrelation suffer from serious specification bias: Moran's I value of OLS residuals are highly significant 464 
across all three cities, and introducing spatial effects substantially improves model fit�� most notably in 465 
Wuhan's worker model (R² increase of 233.9%). The three cities exhibit fundamentally different spatial de- 466 
pendence mechanisms, reflecting their distinct developmental stages. Hangzhou and Wuhan adopted the spa-467 
tial error model (SEM), indicating that spatial autocorrelation is primarily transmitted through unobserved 468 
spatial factors in neighboring areas (e.g., regional policies, environmental quality, historical planning inertia). 469 
Wuhan's lambda reaches 0.566 (z = 24.67), the highest among all models, reflecting its unique three-town 470 
structure divided by the Yangtze and Han Rivers, where limited cross-river corridors amplify spatial depend- 471 
ence. Hangzhou's lambda (0.42��0.44) indicates moderate spatial dependence, consistent with its mature pol- 472 
ycentric structure where employment centers maintain both independence and connectivity. In contrast, Nan- 473 
ning adopts the spatial lag model (SLM), with significant spatial spillover effects (W_w_bal = 0.339, W_h_bal 474 
= 0.185), reflecting its smaller size and more compact spatial interactions where neighboring matching rates 475 
directly influence local outcomes. 476 

Second, comparing OLS and spatial econometric models reveals a ��pseudo-regression�����������	�
�����	�
�	�����:���'�; 477 
eral variables significant in OLS models lost significance or reversed direction after controlling for spatial 478 
effects. For instance, �� �(�	�)�"�� in Wuhan is significant in OLS but becomes insignificant in SEM, indicating 479 
that subcenter effects are masked by the primary center's spatial radiation. ������ �$�%�&�"�� in Hangzhou switched 480 
from negative (OLS) to positive (SEM), cautioning that without controlling for spatial errors, one might erro- 481 
neously conclude that density inhibits matching when the opposite may be true. These findings underscore 482 
that spatial econometric models are not merely a technical correction but a necessary lens for uncovering the 483 
true mechanisms underlying jobs��housing relationships across cities at different developmental stages. 484 

Comparative Heterogeneity of Urban Development Models: Polycentric Polarization, Une- 485 
ven Polycentricity, and Polycentric Cluster Balance 486 
Hangzhou's polycentric polarization model is characterized by a core contradiction of center dependence su-487 
perimposed with functional singularity. The significant negative effect of �� �$�%�&�"�� confirms that the polycentric 488 
structure improves matching by dispersing employment opportunities. However, industrial diversification 489 
((�+�+�,�$�%�&�"��) exerts opposing effects on workers (negative) and residents (positive), reflecting the complexity 490 
of a highly developed industrial spatial structure. The negative worker effect points to functional specialization 491 
in core areas (e.g., purely commercial CBDs) exacerbating jobs��housing separation. Extremely high housing 492 
prices (�1�3��������) produce a significant crowding-out effect, entrenching this separation and reflecting the sys- 493 
temic dilemma of high-cost cities. The selection of SEM (l������������ �<�� �.���=�&��0.44) suggests that this issue is 494 
profoundly influenced by macro-structural factors such as historical planning and regional policies. 495 

Wuhan's uneven polycentric model is characterized by extremely spatial dependence and a complex ring-496 
road/corridor barrier effect. The negative effect of �� �$�%�&�"�� conforms to distance decay, confirming that poly-497 
centricity improves matching. �0�
�����	���� exceptionally high spatial error coefficient (lambda=0.566, the highest 498 
among all models) indicates that cross-regional spillovers are key to understanding its jobs-housing dynamics; 499 
policies targeting a single area may generate significant spatial externalities. The positive significance of 500 
�� �5�	���&�6�����&�"�� confirms the ring road as a substantive spatial barrier, while the significance role of highlights 501 
rail transit's critical function in connecting river- and ring road-segmented urban clusters. However, Wuhan's 502 
polycentric development exhibits notable unevenness: subcenter variables are weak, and functional polycen-503 
tricity ((�� �.�(�/�	 �$�%�&�"��

) negatively affects worker matching, suggesting that its polycentric structure remains in an 504 
early stage of "morphological dispersion" rather than "functional complementarity." As a traditional industrial 505 
city with clear functional zoning (e.g., Optics Valley, Auto Valley), increased functional polycentricity may 506 
further concentrate employment in specific areas, exacerbating spatial imbalance. 507 

Nanning's polycentric cluster balance embodies e�� �'�%���4���"��ndogenous balance in peripheral clusters and 508 
functional saturation of the main center. Contrary to Hangzhou and Wuhan, the positive effect of �� �'�����&�"�� 509 
indicates that in small cities, the main-center������matching capacity has reached saturation, while peripheral new 510 
development zones achieve better balance�� a pattern resembling "reverse commuting" in Western studies. 511 
The selection of SLM and significant spatial lags coefficients indicate that �8���	�	���	�����������
���������������������������
�	 positive 512 
spillovers between built-up areas, with employment opportunity diffusion being a key driver. The significant 513 
positive effect of� ���2�!�� further demonstrates that high-quality public services are an important factor in at- 514 
tracting population settlement and promoting local employment during rapid development. 515 



 

Policy Implications: From Spatial Intervention to City-Specific Governance 516 
First, governance should shift from plot-level management to spatial collaborative governance. Due to strong 517 
spatial dependence and spillover effects identified in this study, any jobs��housing balance policy targeting a 518 
single area may generate spatial externalities affecting surrounding areas. For cities with spatial error trans-519 
mission patterns like Hangzhou and Wuhan (Lambda=0.42-0.44 and 0.566, respectively), priority should be 520 
given to coordinating unobserved spatial factors�� regional industrial policies, environmental quality, and so-521 
cial service allocation. For cities dominated by spatial spillover effects like Nanning (W_w_bal=0.339, 522 
W_h_bal=0.185), a "point-driven-area" strategy should be adopted, leveraging positive spillovers from suc-523 
cessful clusters to drive improvements in surrounding areas. 524 

Second, planning strategies must be city-specific. For Hangzhou, the policy focus should be on promoting 525 
industrial diversification to counteract the functional singularity of core areas, while expanding affordable and 526 
rental housing supply to mitigate the crowding-out effect of high housing prices. For Wuhan, efforts should 527 
prioritize densifying rail transit networks across rivers and ring roads (given the significant barrier effect of 528 
�� �5�	���&�6�����&�"�� and the mitigating role of �� �'�%���4���"���f, and cultivating subcenters like Optics Valley and Auto Val-529 
ley into functionally complete urban nodes rather than mere industrial bases, addressing the negative effect of 530 
functional polycentricity. For Nanning, the key lies in consolidating successful peripheral clusters (benefiting 531 
from positive �� �'�����&�"��) while revitalizing the saturated primary center through micro-renewal, and leveraging 532 
the significant positive effect of educational facilities to attract population and promote local employment. 533 

Third, systemic coordination of polycentric policies with land, transportation, and housing policies is es- 534 
sential. Employment center siting should be optimized based on residential distribution and commuting costs 535 
to shorten commutes at the source. Refined land use regulation should ensure a guaranteed proportion of af-536 
fordable residential space near employment centers, balancing the dual effects of land use mix (positive for 537 
workers, negative for residents in larger cities). Finally, transit-oriented housing policies�� such as mandating 538 
affordable housing supply near metro stations�� should be implemented to ensure that the positive externalities 539 
of public transportation benefit all income groups, addressing the limited effect of metro accessibility on res-540 
ident matching (�� �'�%���4���"�� significant but with small coefficients). 541 

Conclusion 542 
This study compares OLS and spatial econometric models across three Chinese cities (Hangzhou, Wuhan, 543 
Nanning) to examine jobs��housing matching determinants. Four key findings emerge. First, spatial depend- 544 
ence is indispensable for analyzing jobs��housing matching. OLS residuals exhibit significant spatial autocor-545 
relation across all three cities; spatial econometric models substantially improve model fit (R²) and reduce 546 
AIC values. The three cities exhibit fundamentally different spatial dependence mechanisms: Hangzhou and 547 
Wuhan follow the spatial error model (SEM), indicating that unobserved factors (e.g., regional policies, envi-548 
ronmental quality) drive spatial effects, while Nanning follows the spatial lag model (SLM), where neighbor- 549 
ing matching rates directly diffuse to local areas. Second, after controlling for spatial effects, influencing fac- 550 
tors varied significantly by city size and developmental stage. Distance to the nearest employment center 551 
showed consistent negative effects in Hangzhou and Wuhan, validating the classic distance decay law. How-552 
ever, distance to the primary center in Nanning is significantly positive, reflecting main center saturation and 553 
better balance in peripheral new districts�� confirming that polycentric effects are moderated by urban devel-554 
opmental stage. Third, land use and transportation effects exhibit complexity. Land use mix generally benefits 555 
worker matching but negatively affects resident matching in larger cities, warning that excessive functional 556 
mixing may crowd out residential space. Metro accessibility shows limited or negative effects on resident 557 
matching across all cities, suggesting transit capitalization effects may raise housing costs and displace resi-558 
dents�� underscoring the need to distinguish worker and resident perspectives. Fourth, cities at different stages 559 
exhibit distinct dominant logics. Hangzhou shows polycentric polarization with high-price crowding-out; Wu- 560 
han displays strong spatial dependence with ring-road/river barriers and immature subcenters; Nanning 561 
demonstrates peripheral cluster balance with positive spillovers and main-center saturation. 562 

The theoretical contributions are twofold: (1) empirically demonstrating the severity of neglecting spatial 563 
effects in urban spatial analysis through rigorous model comparison; (2) constructing and validating a com-564 
prehensive analytical framework integrating polycentric structure, built environment, transportation accessi-565 
bility, and control variables. Limitations include the use of cross-sectional data (future studies should adopt 566 
panel data and spatiotemporal models), the inability to capture micro-level heterogeneity (e.g., income, family 567 
structure), and the limited city sample (future research should expand to more city types to test generalizabil- 568 
ity). Achieving high-level jobs��housing matching requires respecting urban developmental stages, leveraging 569 
spatial laws, and coordinating multi-dimensional policies. 570 

Data Availability 571 
Mobile signaling data used for identifying commuting populations were obtained from China Mobile and are 572 
subject to confidentiality agreements; therefore, these data are not publicly available. OpenStreetMap (OSM) 573 
data are freely available at https://www.openstreetmap.org. Points of Interest (POI) data were sourced from 574 
the Amap (Gaode) API and are accessible via https://lbs.amap.com. The national land use classification dataset 575 
developed by Gong et al. 48 and the urban construction land temporal sequence dataset by Gong et al. 49 are 576 
available from the corresponding author upon reasonable request. Residential community housing price data 577 
were collected from SouFun.com (https://www.fang.com) via web scraping; these data are publicly accessible 578 
but subject to the website's terms of use. Economic census data for Hangzhou were obtained from the local 579 
statistical bureau and are not publicly available due to confidentiality restrictions. 580 
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