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Abstract

Regional economic development is rarely evenly spread across space, but rather presents

geographical characteristics such as agglomeration, imbalance, path dependence, and spatial

spillovers. We aim to explore how infrastructure construction, economic flow patterns, and

the dynamic development of cities together shape the way regional inequality evolves over

time.

This thesis consists of three essays studying how transport infrastructure spatially impacts

regional economic development in China. The first chapter examines the heterogeneous

spillover impacts of rail, road, and inland waterway infrastructure on regional industries to

explore region-specific variations and the importance of more targeted investment strategies.

Then, the second chapter introduces a novel geographic approach for constructing instru-

mental variables with exogenous geographical weight matrices, emphasising the importance

of selecting appropriate spatial filters and synthetic tools for mitigating bias in extensive

observational data. The last chapter as the third one investigates how market access to

major cities influences urban economic resilience and demonstrates the significant role of

connectivity in enhancing economic resilience and fostering regional cooperation.
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Introduction

The spatial dimension of regional economic development reflects how economic activities are

distributed, interact, and evolve across geographic space. At its core, this involves tracing the

path of uneven development, spatial spillovers, and structural transformation. It is not just

about mapping the total volume of economic activity in space, but about understanding the

underlying forces that drive it: Why can some regions take the lead in breaking through path

dependence, while others are locked in inefficient or highly polluting production methods?

As urbanisation gathers pace, economic factors become more mobile, and the global indus-

trial structure undergoes significant restructuring, spatial economic patterns are becoming

increasingly complex. We are witnessing not only the polarising effects of major cities, but

also the renewed prominence of peripheral areas, driven by the expansion of transport infras-

tructure. Infrastructure is no longer merely a tool for linking central hubs—it has become

a key force in reshaping spatial structures. New motorways, rail networks, and logistics

corridors are enabling previously marginalised regions to reconnect with the core of regional

economic systems.

This calls for a rethink of the role of space in economic development. Space is not simply

a passive backdrop for allocating resources—it plays an active and dynamic role in steering

xi



the flow of capital and labour, shaping firms’ location choices, influencing the reach and

impact of policy, and ultimately contributing to patterns of social equity and environmental

sustainability.

In this context, the present study responds to these theoretical challenges through a multi-

scalar empirical approach. This thesis consists of three chapters, each focusing on a different

spatial scale: provinces, cities, and cross-geographic industrial structures. By analysing

these levels, the research fully uncovers the impact of transport infrastructure across various

spatial dimensions. We provide a multi-scale analysis that provides an empirical foundation

for developing a regional development strategy.

Specifically, we employ spatial econometric models with weighting matrices, to capture spa-

tial dependencies often discounted in traditional empirical regressions. The construction

of transport infrastructure not only influences the development of the local region but also

generates spillover effects in adjacent or related areas. Traditional econometric regressions

typically assume that data is independent and homogeneously distributed, which fails to ac-

count for spatial dependence and heterogeneity, leading to biased estimates. Using spatial

econometric models, this research more accurately identifies and analyses the spatial effects

of transport infrastructure. Our goal is to understand the spatial imbalance of regional

development, narrow the economic disparities between regions, and promote greater social

equity.

The first chapter, “Which Path to Growth? Heterogeneous Impacts of Trans-

portation Modes on Regional Industry”, studies the heterogeneous spillover impacts

of three types of freight transport infrastructure on regional industries in a multimodal

transport network.
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The multimodal mobility network improves the efficiency of connectivity, enhances regional

economic integration, and facilitates the flow of resources and factors across a broader spatial

area. Our research is motivated by the challenge of how to efficiently develop a multimodal

transport system in developing provinces, given limited investment resources and the con-

straints of the existing transport network.

We want to know whether regional economic mobility is influenced more by geographical

proximity or by the similarity of regional economic levels. Therefore, we measure the spatial

dependencies of rail, road, and inner waterways using three spatial weight matrices at the

geospatial and economic level: adjacency, distance, and economy.

Our analysis reveals different impacts of these infrastructures across regions and weighting

schemes, emphasising the necessity for region-specific multimode mobility policies. Our

baseline results indicate that the spatial weight matrices show significant direct and indirect

effects of rail densities on industrial production. However, the magnitude and significance

of these effects are contingent upon the spatial relationship, supporting our hypothesis that

the spatial scale significantly influences observed impacts.

This study offers a spatial economic perspective for investment in the mobility network,

suggesting that local areas should prioritize appropriate transportation infrastructure based

on their unique characteristics and needs. For regions where rail infrastructure demon-

strates strong positive effects on industrial production, policymakers should focus more on

expanding and enhancing train networks. Conversely, in regions where road improvements

may have negative impacts, alternative strategies or complementary infrastructure should be

considered. Inland waterway requires careful evaluation, particularly in regions with varying

impacts, to ensure beneficial improvements and avoid hindering growth. We suggest that in-
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vestment in transportation infrastructure and the construction of multimode systems should

be more focused and prioritized. By adopting a targeted, context-specific approach, policy-

makers ensure that infrastructure investments are effective and sustainable development on

multimodal transportation networks, and increase regional industrial outcomes.

In the second chapter, “Spatial Dynamics of Freight Efficiency: Using Synthetic

Instruments in Dynamic Spatial Durbin Models”, we introduce a novel interdis-

ciplinary approach for constructing instrumental variables using exogenous geographical

weight matrices.

In empirical studies on transportation, freight productivity is often endogenously influenced

by the total volume of regional transportation. This total volume directly impacts freight

productivity and also indirectly affects it by altering transportation efficiency, logistics costs,

and market accessibility.

In this chapter, we focus on how to address the endogenous effects of freight productivity

on industrial development. Initially, we generate eigenvectors with geographic matrices,

selecting suitable synthetic instrumental variables via a supervised spatial filter. Our study

underscores the importance of selecting appropriate spatial filters and synthetic tools in

scenarios with extensive observational data, offering valuable insights into constructing and

screening synthetic tools in panel data contexts. The effectiveness of our synthetic tool

is demonstrated in a two-step GMM test, showing significant bias mitigation induced by

endogenous variables. While increasing the number of synthetic tools does not compromise

the test, it influences the effectiveness and efficiency of estimations. Instruments with higher

spatial dependencies facilitated more comprehensive spatial effects, while those with low

spatial correlation failed to capture all spatial dynamics.
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The empirical analysis with synthetic instruments also illustrates the spatial performance

of freight productivity in regional industries. The improvements in freight productivity

positively impact the industrial output in neighbouring places. We propose several points,

noting that while synthetic tools effectively mitigate residual bias in time series, they do

not completely eliminate spatial autocorrelation in the residuals. This issue may arise from

the heightened sensitivity of spatial models to geographic dependencies and the secondary

geographical weighting applied to synthetic instruments.

The third and final chapter, “All Roads Lead to Rome: The Role of Road Networks

in the Economic Resilience of Cities”, studies how market access to big cities impacts

urban economic resilience. Urban economic resilience refers to a city’s ability to regain

economic vitality after external shocks, such as epidemics.

We are interested in exploring how transportation infrastructure can facilitate the recovery

of cities by helping them resume production, restart industrial activities, and reconnect

with the broader market network. Our research is based on a popular topic—urban shadow

theory—which explores the influence of large urban areas on surrounding regions.

We use geographic information systems on road network analysis to investigate market ac-

cess to major big cities. We then employ a dynamic spatial autoregressive model to examine

the impact of road networks on urban resilience. The findings indicate that market access

significantly enhances urban resilience in both the short and long term. Cities with bet-

ter access to large markets can gain more opportunities and resources, thereby increasing

economic resilience. We estimate the spatial autocorrelation index to emphasise the inter-

connection of urban resilience, showing that a city’s resilience is influenced by neighbouring

cities. Improving market access in one city can lead to spillover effects for surrounding
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regions, both in geographic distance and also within regional industrial agglomerations.

The study also identifies a negative impact of lagged resilience on current resilience, indicat-

ing that past economic challenges can persist and further decrease regional resilience. This

negative impact also extends to neighbouring areas. Essentially, the critical role of market

access in improving urban resilience emphasises the need for integrated regional planning

and infrastructure investment. We propose that to build a stronger and more resilient ur-

ban system, strategies should prioritize regional connectivity, linking large central cities to

smaller surrounding areas for mutual support.

In summary, the three studies presented here demonstrate that regional economies do not

operate in isolation; rather, they are shaped by spatial spillovers and inter-regional dy-

namics. We argue that the development trajectories of different regions are influenced not

only by local economic factors—such as capital, labour, and technology—but also by their

geographical position, institutional context, infrastructure configurations, and networked

relationships. Regional development is not a simple replication of a ‘core–periphery’ model,

but a dynamic process of spatial adjustment and interaction.

From a theoretical perspective, Our research integrates spatial econometric modelling with

new technologies. Specifically, we incorporate geographic information systems and remote

data to construct more realistic and dynamic road networks and mobile systems. We also

apply machine learning to uncover hidden patterns within spatial structures, and to know

how spatial mechanisms influence regional development. We contributes to a deeper under-

standing of spatial spillovers and path dependence of regional development.

From a policy view, our findings emphasis the significance of spatial heterogeneity and

regional interlinkages. More targeted spatial interventions and differentiated infrastructure

xvi



strategies are likely to be more effective in supporting balanced regional growth. Therefore,

We advise development strategies that take into account each region’s unique development

path and also network connectivity.
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Chapter 1

Which Path to Growth?

Heterogeneous Impacts of

Transportation Modes on Regional

Industry
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Abstract

This chapter explores the role of multimodal transportation systems, which integrate var-

ious transport modes such as road, rail, and waterways, in enhancing regional industry

production. We construct a spatial Durbin model with three matrices to capture the spatial

dependences of geographical proximity and economic levels between regions. The empirical

results reveal that while highways may impede industrial growth in certain regions, railways

and waterways contribute positively to regional industry production. Our research suggests

that the construction of multimodal transport systems should consider local economic con-

ditions and existing infrastructure when planning transportation investments to enhance the

gains for regional industries.

Keyword: Multimodal transport; Spatial Durbin Model; Heterogeneity; Regional Develop-

ment.

Presented at 10th International Workshop on Regional, Urban, and Spatial Economics in

China, Peking University, China, July 2023.
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1.1 Introduction

Multimodal transport is widely regarded as a crucial component for achieving sustainable

regional development. It combines different modes of transport, such as road, rail, and

inland waterways, to optimise the strengths of each mode and minimise their weaknesses.

The European Commission emphasises that integrating these transport modes and ensuring

interoperability at all levels are key to achieving sustainable, energy-efficient, and envi-

ronmentally respectful mobility.1 Multimodal transportation supports economic growth by

improving connectivity between regions, fostering trade, and facilitating the efficient move-

ment of goods.

Governments worldwide are realising how important strong and well-connected transport

networks are for boosting the economy and environmental sustainability. Consequently,

significant funds are being allocated to modernise existing infrastructure and construct new

multimodal hubs. For example, one notable example is the European Union’s TEN-T, also

known as Trans-European Transport Network policy, which aims to build a comprehensive

network of railways, roads, inland waterways, and maritime shipping routes across Europe.

Recent investments include 6.2 billion euros allocated in 2023 for 107 projects, focusing on

sustainable and smart mobility.2 China’s Belt and Road Initiative is a prime project, aiming

to connect Asia with Africa and Europe through a vast network of railways, highways, and

maritime routes. This is one of the largest infrastructure projects ever undertaken, with

total investment estimates ranging from 1 trillion to 8 trillion US dollars.3

1European Commission. (2023). Sustainable transport. Retrieved from:
https://transport.ec.europa.eu/transport-themes/sustainable-transport_en

2Trans-European Transport Network (TEN-T) - European Commission. Retrieved from:
https://transport.ec.europa.eu/transport-themes/infrastructure-and-investment/trans-european-transport-
network-ten-t

3Centre for Strategic and International Studies: How Big Is China’s Belt and Road? Retrieved from:
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The World Bank is the largest global provider of development financing for transport, with

a portfolio that currently includes 34.5 billion US dollars in commitments across 165 trans-

port projects.4 It is not difficult to observe that enthusiasm for transportation investment

remains high around the world. However, an increasing number of researchers are doubt-

ful about the positive returns of these huge investments, such as Faber (2014), Yu et al.

(2013), and Baum-Snow et al. (2017). This hesitation is rooted in the recognition that such

investments are substantial and long-term, particularly in poorer areas. While improved

transportation infrastructure can potentially open markets and create opportunities, it can

also result in the outflow of resources and the decline of local economic strength. In this

study, we explore this critical and contentious topic in transportation research, examining

whether these investments truly benefit the regions or inadvertently harm them.

Transportation linkage mechanisms allow economic activities to transcend regional bound-

aries, facilitating the flow of goods, services, and labour across extensive geographical areas.

These mechanisms enhance regional economic interdependence and competition while gen-

erating significant spatial interactions (Feng et al., 2009; Tong et al., 2013; Yu et al., 2013;

Konno et al., 2021; Albalate and Fageda, 2016; Zhang et al., 2020).

Therefore, we build on previous research examining the heterogeneous impact of transporta-

tion on regional economies and extend the analysis to spatial spillover impacts. Prior studies

have primarily focused on the causes of these heterogeneous effects, such as economic struc-

ture and geographical location. Economic factors such as financial scale, development level,

and economic cycles have been identified as major determinants of negative outcomes (Qin,

2016; Baum-Snow et al., 2017; Forero et al., 2020).

https://www.csis.org/analysis/how-big-chinas-belt-and-road
4The transportation projects of the World Bank, Retrieved from:

https://www.worldbank.org/en/topic/transport/overview
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We are motivated to investigate how these impact mechanisms propagate spatially within

a multimodal transportation network. Specifically, we analyse the varying spatial effects

related to provincial boundaries and regional distances within geographic space, and provide

further spatial evidence based on differences in economic size. We construct a spatial Durbin

model to explain how highways, railways, and inland waterways shape the spatial dynamics

of regional industrial production.

Our research aims to understand how transportation infrastructure influences industrial

development within a region and its surrounding areas, considering multiple types of spatial

dependencies. We explore the optimisation of investment in multimodal transportation

systems for economies of varying sizes to maximise economic benefits.

The rest of this chapter is structured as follows. Section 1.2 provides a literature review on

the theoretical framework. Next, Section 1.3 describes the empirical data and background.

Section 1.4 introduces methodologies and models. Then, Section 1.5 analyses the estimation

results. Finally, Section 1.6 discusses the findings and concludes this research.

1.2 Literature Review

This section engages with two broad strands of literature: (1) Heterogeneous Impacts of

Transportation on Regional Economies, and (2) Geographical Spillover Effects of Trans-

portation Infrastructure.
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1.2.1 Heterogeneous Impact of Transportation on the Regional

Economy

The relationship between transportation and economic development has been extensively

studied within the framework of economic geography and regional economics. Classical

theories, such as Marshall (1890), suggest that transportation costs significantly influence the

spatial distribution of economic activities. Lower transportation costs can lead to increased

market accessibility, reduced input costs, and enhanced competitive advantages for firms,

thereby promoting regional economic growth (Fujita and Thisse, 2002). Regions with higher

accessibility are more likely to attract businesses and investments due to lower transportation

costs and shorter travel times.

Theoretically, Krugman (1991) developed a model demonstrating how regions can become

economically differentiated due to economies of scale and transportation costs. This research

indicates that lower transportation costs and stronger economies of scale lead to industry

agglomeration and production growth. Donaldson (2018) demonstrated through a general

equilibrium trade model that transportation projects reduce trade costs and price gaps

between regions, promoting trade growth and enhancing real income and welfare in those

regions.

Empirical studies support these theoretical findings. For instance, Michaels (2008) found

that cities along highways in the United States experienced increased trade activities, which

promoted employment and improved labour skills in surrounding areas. Similarly, Chankra-

jang and Vechbanyongratana (2020) highlighted that canal transportation in 19th century

Bangkok enabled orchards to transport agricultural products more efficiently to markets,

thereby boosting agricultural productivity. Rahman et al. (2020) showed that China’s
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provincial highways facilitated employment, increased per capita productivity, and promoted

trade by enhancing opportunities for regional resource acquisition and the flow of goods and

services. In summary, improved transportation infrastructure extends the scope of regional

economic activities and connects regions to broader markets and resources, thereby fostering

economic growth and development.

However, transportation improvements can exacerbate spatial inequalities and regional dis-

parities. The new economic geography framework highlights that while core regions with

existing economic advantages may experience significant growth due to improved trans-

portation, peripheral or less-developed regions might see limited benefits or even negative

effects (Puga, 2002). This divergence occurs because core regions can better leverage trans-

portation infrastructure to enhance their competitive edge, attracting more investment and

skilled labour, while peripheral regions may struggle to catch up.

According to Deng (2013), the controversial focus of the literature on transport infrastruc-

ture can be summarised in two categories. The first is the difference in macroeconomic

fundamentals, which includes regional economic conditions and cycles. Transport infras-

tructure enables resource flows, which may lead to resource inequality. When studying

inter-provincial railways in China, Yu et al. (2013) found that regions with poor economic

foundations are more likely to experience negative impacts from an increase in track length

because resources are transferred to more developed areas. Qin (2016) also concluded that

the flow of investment brought by high-speed rail has uneven distributional impacts on

infrastructure investments; improvements in one area may come at the expense of another.

Banerjee et al. (2020) found that per capita GDP growth did not yield the expected posi-

tive impacts, as indicated by estimates of traffic accessibility between major economic cities.
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Their study demonstrated that factor mobility plays a critical role in determining the nature

of economic benefits. Similarly, Li et al. (2020) reached the same conclusion using a com-

prehensive control method for high-speed rail networks. Faber (2014) further revealed that

the benefits of infrastructure are not uniformly distributed, with marginal and remote cities

struggling to achieve the same level of economic dividends as their more central counterparts.

This heterogeneity is also believed to be further exacerbated by changes in economic cycles

according to Tong et al. (2013), who estimated spatial benefits for US agriculture. During an

economic downturn, the positive effects of transportation infrastructure are weakened and

even negative for underdeveloped areas. Moving to the post-crisis period, Sharif et al. (2019)

used the Quantile-on-Quantile approach to reveal a positive correlation between transporta-

tion infrastructure and economic growth, and the relationship is particularly strong in the

post-crisis period.

Overall, the varied impact of transportation on regional development is shaped by a complex

interplay of economic, geographic, and social factors, which can readily be observed. Eco-

nomically, transportation infrastructure influences trade efficiency, market accessibility, and

regional competitiveness, driving both local growth and broader economic integration. Ge-

ographically, factors such as terrain, distance, and the spatial distribution of resources and

populations determine the effectiveness and reach of transport networks. Socially, trans-

portation affects mobility, which in turn can influence labour markets and urbanisation

trends.
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1.2.2 Geographical Spillover Effects of Infrastructure

When these factors flow to other regions, the impact of transportation is no longer limited

to the local area. Spillover effects occur when the benefits of transportation infrastructure

extend beyond the immediate area of investment, influencing neighbouring regions. External

economies of scale occur when the benefits of infrastructure investment are shared by mul-

tiple regions. Improved transportation infrastructure in one area can reduce transportation

costs and increase market accessibility for adjacent regions, promoting regional economic

integration and growth (Marshall, 1890).

Empirical studies provide robust evidence of the spatial and spillover effects of transporta-

tion infrastructure. For example, Duranton and Turner (2012) examined the impact of

highways on urban growth in the United States, finding that improved highway infrastruc-

ture not only stimulated growth in cities but also generated significant spillover effects in

surrounding areas. Chandra and Thompson (2000) studied the effects of highway infrastruc-

ture on non-metropolitan counties in the United States, concluding that highways promoted

regional economic growth by enhancing accessibility and connectivity, leading to spillover

benefits in neighbouring regions. Gibbons et al. (2019) analysed the impact of transporta-

tion infrastructure on local and regional economies in the United Kingdom. Their findings

indicate that infrastructure investments not only improved local economic performance but

also produced positive spillover effects in adjacent areas.

However, as summarised in the previous subsection, underdeveloped regions face negative

impacts that may further expand to surrounding areas. Ahlfeldt and Feddersen (2018)

discovered that the French high-speed rail has smaller spillover effects on remote areas,

indicating a limited economic impact. Li et al. (2020) employed a control method to analyse
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high-speed rail networks and found that the indirect economic effects, such as improved

flow efficiency and altered distribution of production factors, resulted in positive economic

outcomes for some cities while causing negative effects in others.

In summary, the impact of traffic on regions is driven by the flow of economic factors. Neg-

ative effects on local areas arise from various factors, such as regional economic conditions,

types of transportation infrastructure, unexpected congestion, and economic cycles. These

factors further expand this influence in regionally. Our study first examines the composi-

tion of transportation networks based on previous literature. We analyse the propagation of

traffic impacts across regional spatial distances at both geographical and economic levels.

Therefore, we propose the following hypotheses.

• The different modes of transportation infrastructure significantly affect the flow of

economic factors, resulting in varied impacts on regional economies.

• Developed regions will benefit more from transportation improvements due to resource

transfer, while economically underdeveloped regions will be more vulnerable to nega-

tive impacts.

• Transportation impacts vary between geographical and economic distances, with geo-

graphical proximity potentially yielding greater spatial effects compared to economic

proximity.
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1.3 Data Description and Background

Data Description

We focus on the spatial relationship between industrial production related to rail and the

actual kilometres of highway transportation in China. Our analysis draws on empirical data

sourced from 30 provinces, municipalities, and autonomous regions over the period 2001 to

2019. These data are primarily derived from the annual provincial sections of the National

Bureau of Statistics of China and the China Statistical Yearbook.5 Geographic coordinates,

specifically latitude and longitude, are sourced from Google Maps.

Empirical data for Hong Kong, Macau, and Taiwan are not incorporated into this analysis.

The economic and administrative systems in these regions differ significantly from those of

mainland China, potentially leading to inconsistencies in data standardisation and inter-

pretation. Additionally, the research does not encompass data from Tibet. This exclusion

is attributed to the lack of accessible and reliable data for the region. The challenges in

data collection for Tibet are multifaceted, including geographical remoteness, infrastruc-

tural limitations, and restricted availability of comprehensive statistical information. Con-

sequently, incorporating data from Tibet under these constraints could compromise the

research’s methodological rigour and the validity of its findings. The scope of this study is

confined to regions where consistent and methodologically aligned data are available.

This dataset includes both economic data and exogenous geographic data, as shown in Table

A.1. Our explanatory variables on the left-hand side include the density of three types of

transportation facilities.

In our research, we use the value-added industrial production as the dependent variable. This
5China Statistical Yearbook, from: https://www.stats.gov.cn/english/Statisticaldata/yearbook/
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metric captures the net output of industrial enterprises at the end of the year, representing

the monetary value of their production activities during the reporting year. According to

the indicators explanation from the National Bureau of Statistics of China, value-added

industrial production reflects the results after accounting for all costs and intermediate

consumption.6 By using industrial added value, we aim to measure the true economic

contribution of industries, excluding any external costs and inputs, thus providing a clearer

picture of industrial production and growth.

For the independent variable, we use existing annual transportation coverage to represent the

extent of transportation infrastructure in each region. Because transportation infrastructure,

particularly roads and railways, often exhibits endogeneity, infrastructure policies are not

randomly assigned but tend to prioritise regions with less developed infrastructure. For

instance, policy initiatives may target underdeveloped areas to boost their economic growth.

Furthermore, regions in western provinces like Sichuan and Guizhou, which have vast land

areas, typically have a greater total number of railway and highway construction projects

compared to smaller, more developed regions like Shanghai and Beijing. However, simply

comparing the total number of infrastructure projects across provinces can be misleading

due to differences in geographic size.

To address this, our measurement of transportation infrastructure—specifically railways and

highways—is adjusted by calculating their coverage relative to the actual land area of each

province. We calculated the density of road and rail facilities in each province based on

Feng et al. (2009)’s estimation method for the regional transportation capacity of Chinese

cities. This approach provides a more accurate representation of transportation infrastruc-

6Indicators Explanation and Calculation notes from: https://data.stats.gov.cn/english/easyquery.htm?cn=E0103
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ture density and allows us to assess how well different regions are connected. Additionally,

these data give us insight into the farthest reachability of regional transportation networks,

helping us understand the extent to which transportation development has penetrated each

area.

However, inland waterway transportation differs significantly from railway and highway

construction because it heavily depends on the natural river topography of a region. The

complexity of river landforms means that only certain areas are naturally suitable for ship-

ping, which significantly restricts the formation and expansion of inland waterway networks.

These natural constraints make it challenging to develop a consistent and widespread wa-

terway transportation system.

To more accurately assess the inland waterway transportation conditions across different

regions, we use the shipping coverage rate, which is based on the operational data of cargo

ships. Inland waterway data mainly include natural waters and artificial canals that are

passable by ships. This metric was chosen because it not only reflects the geographical dis-

tribution of navigable waterways but also incorporates the actual functioning of the shipping

network. By considering both the physical infrastructure and the operational dynamics, the

shipping coverage rate provides a more comprehensive view of the service capacity and ef-

ficiency of the inland waterway transportation system. This metric is used to measure the

specific contribution of actual navigable waters to industry.

Moreover, the farther a ship can travel, the larger the service area covered by the shipping

network. Thus, the shipping coverage rate also helps to capture the extent of reachability and

connectivity offered by inland waterway transportation in each region, making it a valuable

measure for understanding the system’s overall performance. Conversely, an increase in
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the number of boats, without a corresponding increase in river mileage, indicates increased

freight traffic but no substantial improvement in waterway infrastructure, thus reducing the

‘inner river per boat’ ratio. When there is no freight boat in a province, it means the inner

river does not function as a freight waterway, so it accounts for no value and is equal to zero.

This approach allows us to assess the efficiency and capacity of waterway transportation in

relation to the physical infrastructure in place.

In our study, we also estimate the econometric models with several control variables to

account for regional characteristics. Education expenditure is used as a proxy for the educa-

tion level, reflecting the region’s investment in skills development, which influences workforce

productivity and, consequently, industrial output. Population size is also controlled for, as

it provides both a labour pool and a consumer base that are critical for industrial activity.

In the appendix, Table A.1 offers a detailed description of the key data variables used in our

analysis.

Additionally, nominal economic indicators are adjusted for price changes using the produc-

tion price indices to obtain real values, thereby facilitating an accurate temporal compar-

ison by controlling for inflationary effects. Foreign investment data are unified into Yuan

through the annual average exchange rate. The logarithmic transformation is not applied

to transportation data and the GDP growth rate to preserve the linear nature of growth

measurements over time. We present a description of the data and statistics in the appendix

as Table A.2.

Secondly, for the geographical component of our research, we have employed Google Maps to

obtain geographic data. Specifically, we have extracted latitude and longitude coordinates

for multiple locations within each province. Instead of selecting the geographical centre
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or the capital cities as reference points, which might not accurately represent the entire

province, we choose for a randomised approach to point selection. This strategy involves

choosing random cities centre within the boundaries of each province to capture a more

diverse and representative sampling of geographic locations. We aim to mitigate potential

biases that might arise from using only central or administrative locations, thus allowing for

a more nuanced analysis of geographic factors in relation to economic data.

Regional Diversity and Industry Development

We adopt the regional provincial classification framework proposed by Yu et al. (2013)

and National Bureau of Statistics (2020), which integrates geographic spatial connectivity

with China’s established regional divisions. This classification method considers both the

physical proximity of provinces and the socio-economic characteristics that define regional

groupings in China. By incorporating spatial connectivity, the framework aligns with the

natural flow of economic activities and interactions across provinces. Also, it reflects the

practical administrative and economic divisions that influence regional policy-making and

development strategies.

According to National Bureau of Statistics (2020), the provinces are divided into four regions

based on their geographical location and economic conditions. These are the eastern region,

northeastern region, central region, and western region. Since the northeastern region only

includes three provinces—Liaoning, Jilin, and Heilongjiang—we merge them into the eastern

region based on their geographical location. Therefore, the 30 provinces for this study are

divided as follows:

• Eastern Region: Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shan-

dong, Guangdong, Hainan, Liaoning, Jilin, and Heilongjiang
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• Central Region: Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan

• Western Region: Inner Mongolia, Guangxi Zhuang Autonomous Region, Chongqing

Municipality, Sichuan Province, Guizhou Province, Yunnan Province, Shaanxi Province,

Gansu Province, Qinghai Province, Ningxia Hui Autonomous Region, and Xinjiang

Uygur Autonomous Region

This regional division is not only a geographical and policy distinction, but also combines in-

dustrial production data. This division into three groups allows us to capture these distinct

regional characteristics and dynamics, enabling a more nuanced analysis of how transporta-

tion and regional policies influence industrial production and economic development across

different contexts.

According to the definition of China’s National Bureau of Statistics, the industrial sector

comprises three main categories: mining, manufacturing, and electricity, heat, gas, and

water production and supply.7

These categories cover a wide range of industrial activities, from resource extraction and

product manufacturing to energy and water production and supply, and represent the entire

range of industries included in China’s industrial value-added statistics.

Over recent decades, especially since the economic reforms, China’s industry has made his-

toric progress. Industrial value-added exceeded 1 trillion yuan in 1992, 10 trillion yuan in

2007, 20 trillion yuan in 2012, and 30 trillion yuan in 2018. By 2018, China’s manufacturing

value accounted for more than 28% of the global total, making it a crucial driver of global

industrial growth.8 According to data from the World Bank, the share of the manufacturing

7National Bureau of Statistics, Statistical systems and classifications, The definition of Industry in China,
available from: https : //www.stats.gov.cn/hd/cjwtjd/202302/t202302071902279.html

8The statistics come from the State Council of China, available from https://www.gov.cn/xinwen/
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industry in GDP has slightly declined from around 30% at the beginning of the 21st cen-

tury but has remained above 20%, demonstrating the significant role of the manufacturing

industry in the economy.9

Figure 1.1: Average Industry Production in Regional Groups

Note: the line graph shows the industrial production (in 100 million yuan) for each province over time.

We provide a comparative overview in Figure 1.1, which features a line graph illustrating the

2019-09/21/content_5431841.htm
9The data are from theWorld Bank, available at: https://data.worldbank.org/indicator/NV.IND.MANF.

ZS?locations=CN
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average industrial production across three regional groups in China—Central, Eastern, and

Western—from 2001 to 2019. Each region is represented by a distinct colour, corresponding

to the provinces included in that group.

The x-axis spans the years 2001 to 2019, while the y-axis displays industrial production

in units of 100 million yuan. The figure captures the industrial production trends for all

provinces within each regional group over the observation period, highlighting the differences

in economic performance across regions. By using distinct colours to represent each region,

the figure emphasizes the rationality of this regional division and visually demonstrates the

disparities among the groups. This graphical representation reinforces the validity of the

chosen regional classification for our analysis.

We further illustrate the differences among three regions and the reasons for the division by

taking the average of each region.

Figure 1.2 illustrates the trends in average industrial production (in 100 million yuan) across

three major regions in China—Eastern, Central, and Western—between 2001 and 2019.

A clear overall growth pattern is evident for all regions, reflecting the broader economic

development of the country during this period. However, significant disparities in industrial

production levels persist across these regions.

The Eastern Region consistently demonstrates the highest industrial production, with val-

ues rising steeply from approximately 5,000 units in 2001 to over 15,000 units in 2019. This

region’s dominance can be attributed to its economic advantages, such as advanced infras-

tructure, higher foreign investment, and its strategic coastal location. The steep and almost

linear growth trend reflects the region’s strong and consistent economic performance over

time.
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Figure 1.2: Industry Distribution Across China by Regions

Note: This graph illustrates the average data in regional group among the three regions

The Central Region shows a more moderate growth trajectory. Starting below 5,000 units

in 2001, it reached approximately 10,000 units by 2019. Although the region has improved

significantly, it still lags behind the Eastern Region.

The Western Region exhibits the lowest levels of industrial production, starting below 2,000

units in 2001 and rising steadily to around 5,000 units by 2019. Despite its slower growth,

the Western Region’s upward trajectory suggests the impact of development policies, such
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as the “Western Development Strategy,”10 aimed at reducing regional disparities.

We also provide a more detailed graph by province in Figure 1.3, which illustrates the

geographic distribution of industrial production across China’s provinces. We employ two

key elements: the size of the circles to represent the percentage of each province’s industrial

production relative to the national total, and a colour gradient to indicate the real production

values.

The map effectively highlights the industrial production landscape in China, showcasing

pronounced regional disparities. Coastal provinces lead significantly, both in their share of

total production and in absolute output levels, while inland provinces fall noticeably behind.

The colour gradient on the map ranges from blue, indicating low production, to red, indi-

cating high production. Coastal provinces such as Guangdong, Jiangsu, and Zhejiang are

depicted in warmer colours like red and orange, signifying high industrial output.

These regions are known for their advanced infrastructure, strategic location with access

to international markets, and significant foreign investment, all contributing to their high

production levels. In contrast, inland provinces like Qinghai, Gansu, and Ningxia are shown

in cooler colours like blue and green, indicating lower industrial production.

10Western Development Strategy, from the State Council of China, available from https://www.gov.cn/
gongbao/content/2001/content_60854.htm
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Figure 1.3: Industry Geography Distribution Across China by Province

Note: This map illustrates the industrial distribution across various provinces in China.The size of

the circles indicates the percentage share of each province’s industry in the total national industrial

production, while the colour gradient reflects the actual production values.

The size of the circles on the map represents the percentage share of each province’s manu-

facturing industry in total national industrial production. Larger circles are concentrated in

provinces such as Guangdong, Jiangsu, Shandong, and Zhejiang, highlighting their substan-

tial contribution to China’s industrial sector. Guangdong, in particular, stands out with
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the largest circle, underscoring its role as a major industrial and economic hub. In contrast,

smaller circles are seen in provinces like Xinjiang and Qinghai, indicating their relatively

smaller share in national industrial production.

Overall, there are clear differences in average industrial production among the three regions.

Industrial production generally rises from the Eastern region to the Central region and then

declines in the Western region. To better understand the temporal dynamics within each

region, we further analyse the industrial production trends of provinces in these regions from

2001 to 2019.

The Eastern region, as shown in Figure 1.4a, demonstrates a remarkable upward trend in

industrial production, in 100 million yuan, across its provinces between 2001 and 2019 but

with significant variations in growth rates and output levels.

Top-performing provinces, such as Shanghai, Jiangsu, and Zhejiang, have production outputs

exceeding 40,000 units by 2019. In contrast, mid-tier provinces, which started with moderate

growth, exhibit steady but slower increases, with outputs ranging from 20,000 to 30,000 units

by 2019, suggesting smaller-scale industries.

Lagging provinces, with production below 10,000 units even in 2019, display minimal growth.

The most significant growth occurred between 2005 and 2010, with many provinces experi-

encing sharp production increases. Post-2015, the leading provinces maintain high growth

trajectories.
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Figure 1.4: Industry Distribution of Region Division

(a) Eastern Provinces (b) Central Provinces

(c) Western Provinces
Note: These three graphs present the time trends of industrial production from 2001 to 2019, high-

lighting regional details and growth dynamics across the East, Central, and Western regions.

The Central Region, as shown in Figure 1.4b, shows a diverse trajectory of industrial pro-

duction, in 100 million yuan, from 2001 to 2019. The top-performing province surpasses

10,000 units by 2019, experiencing accelerated growth between 2005 and 2010. Mid-tier

provinces, with outputs between 5,000 and 8,000 units, reflect steady expansion but remain

behind the leader, while lagging provinces exhibit minimal growth, staying below 3,000 units
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throughout the period. Growth dynamics reveal a regional surge from 2005 to 2010, followed

by a slowdown for some provinces after 2015.

The Western Region, as shown in Figure 1.4c, displays significant growth in industrial pro-

duction, in 100 million yuan, from 2001 to 2019. The leading province, represented by the

yellow line, has 15,000 units by 2019, showing rapid growth after 2005. Mid-tier provinces,

such as those represented by green and red lines, follow with outputs ranging between 10,000

and 15,000 units by 2019, reflecting steady growth but a slower pace compared to the leader.

Provinces in the lower tier, including those with flatter growth curves, remain below 10,000

units. The Western Region experienced a growth surge between 2005 and 2010, similar to

other regions.

While output levels remain lower overall, the average growth rates—especially from 2005 to

2010—mirror the patterns observed in other regions, reinforcing the persistence of a tiered

growth structure across provinces.

We divide the provinces within each region based on their geographical location and in-

dustrial development levels. Provinces that are geographically close and exhibit similar

industrial production capacities are grouped together. The grouping reflects both spatial

proximity and comparable economic characteristics. By organizing the provinces in this

way, we can better capture and analyse the industrial interactions and spillover effects that

occur within and between geographically connected areas, providing deeper insights into the

spatial dynamics of industrial development for later spatial analysis.

Transportation Analysis

Transport Modes
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China’s provinces exhibit significant disparities not only in industrial production but also in

the state of their transportation infrastructure. These differences are reflected in the total

freight volume handled in each region.

According to the annual report from the Chinese Ministry of Communications on the trans-

portation sector’s freight traffic,11 China predominantly relies on railways, highways, and

waterways for freight logistics.

China’s railway and highway freight systems also underwent significant expansion and mod-

ernisation to meet the demands of its rapidly growing economy and logistics needs. Railway

freight volume notably increased from approximately 2 billion tonnes in 2000 to over 4 billion

tonnes by 2019, driven by massive infrastructure and industrialisation projects, with sub-

stantial investments in expanding and upgrading thousands of kilometres of railway lines.

Meanwhile, highway freight experienced a surge with extensive upgrades to the road net-

work. The total road network expanded to over 4 million kilometres by 2010.

The proportion of freight transport in China in 2019. When looking on industry transporta-

tion in China, we focus more on the top three freight modes—road, rail, and waterways—due

to their substantial contribution to the total freight volume and their major roles in sup-

porting industrial logistics. Together, these three modes account for nearly the entirety of

freight transport, with road dominating at 74%, followed by waterways at 16%, and rail at

9%.12 These modes form the backbone of industrial supply chains, efficiently handling bulk

materials, raw resources, and manufactured goods that are essential to China’s industrial

sectors.
11The report summarises the transport environment in Chinese. Ministry of Transport of the People’s

Republic of China. It is available from https://www.gov.cn/xinwen/2020-05/12/content_5510817.htm
12The report summarises the transport environment in Chinese. Ministry of Transport of the People’s

Republic of China. It is available from https://www.gov.cn/xinwen/2020-05/12/content_5510817.htm
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Air transport, in contrast, is excluded from the research scope as it accounts for less than 1%

of the total freight volume. While air freight is indispensable for high-value, time-sensitive

goods like electronics or pharmaceuticals, its application in general industrial transportation

is limited due to its high costs and lower capacity compared to other modes. Industrial

logistics typically require cost-effective and large-scale freight solutions, which are better

addressed by road, rail, and waterways. Focusing on these three modes allows the study to

provide deeper insights into the transportation systems that are most impactful for regional

industrial development.

Figure1.5 analysis examines the relative shares of freight volume transported via rail, road,

and inland waterways across four time periods: 2001-2005, 2006-2010, 2011-2015, and 2016-

2019. The findings reveal key structural trends in China’s freight transport system and

highlight the dominance of specific modes over time.

Road transport consistently holds the largest share of total freight volume across all ob-

served periods. In 2001-2005, road freight accounted for approximately 75-80% of the total,

reflecting its critical role in China’s logistics network. By 2006-2010, this share had slightly

increased to around 80-85%, indicating continued reliance on highways for industrial trans-

portation. In the subsequent periods, 2011-2015 and 2016-2019, the proportion of road

freight stabilized at around 85%.

Rail freight, once a key component of China’s transport infrastructure, has seen a gradual

decline over time. In 2001-2005, rail transport accounted for approximately 15-20% of total

freight volume. However, by 2006-2010, its share had decreased to 10-15%, reflecting a shift

towards road-based logistics. The decline continued through 2011-2015 and 2016-2019, with

rail freight stabilizing at around 10
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Figure 1.5: Freight Volume Percentage

Note: This chart illustrates the distribution of freight volume by transport mode in

China. Data source: Ministry of Transport of the People’s Republic of China.

Inland waterways maintain a relatively small yet stable share of total freight transport.

In 2001-2005, waterborne freight accounted for less than 10%, reflecting its limited role

in national logistics. A slight increase was observed in 2006-2010, reaching around 10%,

and this share remained relatively stable at 10-12% in the following periods. Unlike road

and rail transport, inland waterways are highly dependent on seasonal and geographical

factors, which restrict their year-round utility. In northern regions, winter freezes can disrupt

waterway transport, while in the south, seasonal variations in river flow affect navigability.

Therefore, we focus on rail, road, and waterway transportation, as they collectively account
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for the vast majority of freight volume in China. They play an important role in supporting

industrial freight needs, ensuring the efficient movement of goods and underpinning regional

industrial development. Air transport is excluded from this analysis due to its relatively

minor role in handling large-scale industrial freight, thus making rail, road, and waterways

the primary focus of our study.

Mobility and Regional Development

Railway transport is primarily used for moving large equipment and key industrial resources,

making it essential for major industrial cities. However, railways are not well-suited for short-

distance, small-volume freight, limiting their benefits for agriculture and small-scale man-

ufacturing. Furthermore, industries that rely on rail transport are often capital-intensive,

offering limited support for small and medium-sized enterprises. In terms of market connec-

tivity, railways enhance long-distance trade and facilitate regional market integration.

The long-term costs of railway transport are relatively low, making it efficient for large-scale

freight movement and sustainable long-term operations. However, high construction and

maintenance costs remain a major challenge. Some rail lines struggle with low passenger

flow and persistent financial losses. Additionally, once a railway line is established, its

infrastructure is difficult to modify, making it less adaptable to future shifts in industrial

geography.

Second, road transport is the most flexible mode, particularly for short to medium-distance

transportation. Highways play a key role in supporting economic activities in small and

medium-sized cities as well as rural areas. Expanding the highway network not only promotes

urban growth and suburban development but also supports the expansion of manufacturing

and logistics industries. However, highways require significant investment, and maintenance
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costs—especially for infrastructure such as viaducts and tunnels—can impose a heavy fiscal

burden.

Compared to rail and water transport, road infrastructure is cheaper to build, offers faster

returns on investment, and is easier to maintain, making it particularly suitable for devel-

oping countries. However, in the long run, road transport carries high maintenance costs,

especially when traffic congestion leads to road deterioration, adding further financial strain.
13

Water transport plays a crucial role in boosting port economies, supporting the growth

of major global trade hubs such as Shanghai, Rotterdam, and Singapore, which serve as

logistics centres for international trade. However, water transport is heavily dependent

on natural geography, limiting its accessibility for inland cities and potentially widening

economic disparities between coastal and inland regions.

Waterways are most suitable for transporting bulk commodities such as coal, ore, oil, and

grain due to their low per-unit transport costs. However, they are not ideal for industries

requiring fast deliveries, such as technology, healthcare, and consumer goods. While water

transport remains the most cost-effective mode, it is constrained by port infrastructure and

slow transit speeds, further limiting its suitability for time-sensitive industries.

Each mode of transportation—rail, road, and water—has its strengths and limitations. Rail-

ways support large-scale economic integration but require a long investment return period.

Road transport offers flexibility and promotes regional economic activity but may contribute

to uncontrolled urban sprawl. Water transport is the most cost-efficient but is geographically

restricted.
13Baidu Congestion Data and Analysis, from: https://jiaotong.baidu.com/congestion/city/urbanrealtime/
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To maximize economic efficiency, transportation planning should balance these different

modes, ensuring they complement each other. Future infrastructure development must con-

sider economic sustainability, coordination between government policies and market dy-

namics, and the strategic optimization of transportation networks. China has consistently

emphasized a well-integrated transport system of various transport modes and the need to

accelerate the construction of a strong transportation country in the new era in the con-

struction of transportation infrastructure. 14

Spatial Distribution of Infrastructure

We also aim to uncover the spatial patterns and regional dynamics that shape industrial

transportation in China by analysing the geographical distribution of these three key modes.

The first map, Figure 1.6a, visualises the distribution of road transportation across China.

The colour gradient indicates the density of road networks within each province. Regions

with warm colour shades represent higher road network densities, while cool colour shades

indicate lower densities.

From the map, it is evident that the eastern and central parts of China, particularly areas

such as Jiangsu, Shandong, and Henan, exhibit higher road network densities. Conversely,

the western provinces such as Qinghai and Xinjiang display lower road densities, reflect-

ing lower transportation capacity and possibly geographical challenges that impede road

construction.

The second map, Figure 1.6b,illustrates the rail transportation infrastructure. Similar to the

road distribution, warm colours signify greater rail network densities. The map highlights

substantial rail infrastructure in regions such as Hebei, Henan, and Jiangsu, aligning with
14China Communication and Transportation Association, from: https://www.cctaw.cn/jujiao/13286.html
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China’s efforts to enhance connectivity and support economic growth in these areas.

The central and northeastern regions also show considerable rail densities, facilitating effi-

cient freight and passenger movements. However, the less developed western regions have

significantly lower rail infrastructure.

(a) Road Density Distribution (b) Railway Density Distribution

(c) Waterway Distribution
Note: Warm colours such as red and orange indicate higher values; cool colours such

as green and blue represent smaller values.

Figure 1.6: Transportation Infrastructure Density Distributions
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The third map, Figure 1.6c, presents the distribution of waterway transportation, focusing

on the inland river per boats (IRB). In this case, the colour intensity reflects the extent

and development of inland waterway networks. Provinces along the Yangtze River, such as

Jiangsu, Anhui, and Hubei, show higher values, which is expected given the Yangtze’s status

as a crucial waterway for freight transportation.

Similarly, areas around the Pearl River Delta, including Guangdong, exhibit significant wa-

terway infrastructure, supporting their roles as major economic hubs. The less coloured

regions, particularly in the north and west, indicate a scarcity of navigable rivers or under-

developed waterway networks.

The transportation infrastructure in China exhibits distinct regional disparities, with the

eastern and central regions typically better served by road, rail, and waterway networks.

This distribution aligns with the concentration of economic activities, urban centres, and

population densities in these areas.

The western regions, characterised by more challenging topographies and lower population

densities, display less developed transportation infrastructures. This distribution is similar

to the industrial production distribution.

Standardization of Transportation data

As discussed in the previous sections and chapters, different transportation modes possess

unique characteristics, measurement units, and scales. In this chapter, we focus on two

primary reasons for standardizing transportation data.

First, standardization unifies transportation data across different modes and spatial scales,

enhancing the comparability of results. By converting data into a consistent framework,
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standardization allows us to better analyse and interpret the impacts of various transporta-

tion modes in a cohesive manner.

These variations in metrics can lead to inconsistencies when analysing or aggregating data

across modes. The diversity of transportation data necessitates standardisation, as high-

lighted by Washington et al. (2020). Transportation modes such as roads, railways, and

waterways are characterised by distinct measurement units and operational scales, includ-

ing kilometres of paved surfaces, track lengths, navigable waterways, or tonnage capacities.

These differences can lead to bias when integrating or comparing data across modes.

Second, standardized transportation data represent deviations from the overall average

transportation level. We address more on the differences in transportation infrastructure

across regions. It enables us to identify and analyse regional disparities more effectively.

Without standardisation, the disparities in how transportation data are measured and re-

ported can introduce biases and distortions in economic analysis. If these data are not

harmonised into a common framework, any comparison or aggregation may inaccurately

reflect their true contributions. One example is that a region with extensive but under-

utilised railways might appear more economically connected than one with highly efficient

but shorter waterways, simply because the metrics are incompatible. As Washington et al.

(2020) points out, using consistent frameworks and methods not only makes transportation

data more reliable but also helps ensure accurate economic estimation later.

We use z-score standardisation, also known as standard score normalisation, which is widely

used in dealing with variables measured on different scales or units (Gelman et al., 2021).

It standards data by centring it around a mean of zero and scaling it to have a standard

deviation of one (Gelman et al., 2021). By subtracting the mean from each observation and
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dividing by the standard deviation, the transformed values represent the number of standard

deviations each observation is from the mean.

The mathematical basis for Z-score standardization lies in its transformation equation, which

is defined as zi = xi−µ
σ

, where zi represents the standardized score, xi is the original value of

the i-th observation, µ is the mean of the dataset, and σ is its standard deviation (Gelman

et al., 2021).

To facilitate cross-variable comparison and ensure model stability, all transportation vari-

ables were standardised prior to regression estimation. This approach allows the estimated

coefficients to reflect the effect of a one standard deviation increase in each transport vari-

able, which is especially useful when the original units differ substantially.

However, for economic interpretation, we convert these standardised coefficients into elas-

ticities, using the mean and standard deviation of the original, unstandardised data. This

allows us to express the estimated effects in terms of the percentage change in output re-

sulting from a 1% change in each transport indicator.

1.4 Methodology

In this section, we present the spatial identification and modelling of traffic networks. We

begin by capturing the most fundamental spatial relationships and constructing spatial

weight matrices to represent these connections. Next, we identify the spatial correlations

and dependencies within traffic networks using these matrices. Our analysis reveals that the

impacts of transport networks and infrastructure are spatially dependent.

We employ spatial econometric models to capture the interactions and spillover effects be-
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tween regions. We expect these models to show how transport development in one region

can influence economic activities and transport efficiency in neighbouring areas. According

to Elhorst (2014), spatial interactions may lead to unexpected bias in traditional regression.

This approach helps to avoid biases that could result from ignoring spatial factors, providing

a clearer understanding of the regional effects of transport infrastructure.

1.4.1 Preparation of the Estimation

The weight matrix defines the structure of spatial dependence and is a cornerstone for

analysing spatial data and modelling spatial interactions. The weight matrix W is used

to specify the spatial relationships among observations. This matrix typically consists of

binary values or distances that represent the proximity or connectivity between spatial units

(Anselin, 1988). It determines the spillover effects, which refer to the impact that changes

or events in one spatial unit have on neighbouring units.

The weight matrix as W is a positive matrix (N ∗N) that describes the dependence relation-

ship between units, where the element Wij reflects the connection between region i and region

j. Researchers have proposed various methods for constructing the spatial weights. Common

methods for constructing weight matrices include using contiguity, as neighbours sharing a

common boundary, distance-based weights, and k-nearest neighbours (Getis and Aldstadt,

2004). In a word, they are divided into two categories: geographical spatial weights, which

include geographical boundaries and actual geographical distances; and economic or social

factor-related weights, such as income level and per capita GDP of regions.

We construct three types of weight matrices to explain the geographic and economic depen-

dencies. The first type is the contiguity-based weight matrix, which assigns a weight of 1 to

36



spatial units that share a common boundary and 0 otherwise. This matrix is particularly

useful for capturing direct spatial interactions, such as those found in urban areas where

neighbouring regions are closely linked (Cliff and Ord, 1981). The contiguity matrix can

be either binary, indicating simple adjacency, or row-standardised to ensure that each row

sums to one, thereby facilitating the interpretation of the spatial lag and error terms in

econometric models (Anselin, 1988).

In our case, an adjacency weight matrix, particularly in the context of geographical areas like

provinces, is a specialised form of the adjacency matrix used to represent spatial relationships

between regions. If two provinces share a common border, the corresponding cell in the

matrix is set to 1. This cell is found at the intersection of the row and column corresponding

to these two provinces. If two provinces do not share a common border, the corresponding

cell in the matrix is set to 0.

Our use of this matrix aims to test whether policy benefits spill over within the same policy

region—that is, whether a policy implemented in one province also affects neighbouring

provinces. Specifically, we seek to analyse the spatial interactions between provinces to

determine if policies, such as fiscal spending or infrastructure development, in one province

have positive or negative spillover effects on economic activities, industrial production, or

other economic indicators in neighbouring provinces through either geographical proximity

or economic linkages.

Wij =


1, if i and j are neighbours,

0, not neighbours.

The second type is the distance-based weight matrix, which defines weights based on the
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physical distance between spatial units. Typically, weights decrease with increasing dis-

tance, reflecting the principle of spatial decay, where closer units exert a stronger influence

on each other than those further apart (Tiefelsdorf, 2000). Various functional forms, such

as inverse distance or exponential decay functions, are used to model this spatial relation-

ship. Distance-based matrices are especially relevant in contexts where spatial interactions

decrease with distance (LeSage and Pace, 2009).

Each cell in the matrix represents the inverse of the distance between the two locations

corresponding to that cell’s row and column. Commonly, the inverse distance is calculated

as 1 divided by the distance, so if the distance between two locations is d, the corresponding

cell value would be 1/d (Shepard, 1968). This assumes d is not zero; for cells representing

the distance from a location to itself , which would be zero, the value is typically set to 0 to

avoid division by zero.

Wij =


1
dij

, if i ̸= j and dij ̸= 0

0, if i = j

The third type is the economic dependence weight matrix, which accounts for economic

linkages between spatial units. This matrix may be constructed using economic indicators

such as trade flows, employment patterns, or industry linkages (Rey and Montouri, 1999).

This type of matrix captures economic spillovers and dependencies that transcend mere

geographic proximity. This approach is particularly valuable for analysing regional eco-

nomic policies and understanding the interconnectedness of economies across spatial scales

(Fingleton, 2003).

We build an economic distance weight matrix as W3 based on GDP per capita. This matrix
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captures the economic disparity and interactions between regions by considering the differ-

ences in their economic performance. Specifically, we calculate the weights using the inverse

of the absolute differences in GDP per capita between regions. The rationale behind this

approach is that regions with similar levels of economic development are likely to exhibit

stronger economic interactions and dependencies.

To construct W2, we first define the economic distance between any two regions i and j as

dij = |GDPi − GDPj|, where GDPi and GDPj are the GDP per capita of regions i and

j, respectively. We calculate the average GDP over the observation period to estimate the

development level of each region to smooth out short-term fluctuations. By averaging GDP

over multiple years, we reduce the impact of temporary economic shocks or anomalies, pro-

viding a clearer picture of a region’s long-term economic trends and underlying development.

The weights wij are then calculated as the inverse of these distances, normalized to ensure

that the sum of the weights in each row of the matrix equals one. Mathematically, this can

be represented as:

wij =
1/dij∑
j(1/dij)

The heat maps are provided for the weight matrices based on inverse geographic distance and

inverse economic distance. Figures 1.7a and 1.7b reveal distinct patterns in the structure of

spatial dependencies based on geographic and economic proximities.
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(a) Inverse Distance - W2 (b) Economic Scale - W3

The distance heat map shows a prominent diagonal line, indicating that geographically closer

regions have stronger weights. Clusters of higher weights near the diagonal reflect close

geographic proximity among neighbouring regions. This structure suggests that geographic

proximity significantly influences spatial dependence, as geographically close regions exhibit

stronger interactions.

In contrast, the economic heat map displays a more dispersed pattern of higher weights, indi-

cating that economic similarities are distributed less uniformly than geographic proximities.

Higher weights are not concentrated solely near the diagonal, suggesting that regions with

similar economic levels can be geographically distant. This structure implies that economic

interactions and dependencies are not strictly confined to geographically neighbouring re-

gions. Instead, regions with similar economic profiles, regardless of their geographic distance,

exhibit stronger economic ties.

When comparing the two matrices, the first heat map shows a more concentrated pattern

of weights along the diagonal, emphasising the role of physical proximity. In contrast, the

second heat map presents a more dispersed pattern, highlighting economic similarities over
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geographic proximity. Therefore, they provide a clear view of spatial interactions influenced

by both geographic and economic factors.

1.4.2 Spatial Autocorrelation

Spatial autocorrelation refers to the statistical dependence between the values of a variable

in geographic space and those of neighbouring regions or points. In other words, it describes

the tendency for similar values to cluster in geographically adjacent regions (Tobler, 1970).

This phenomenon reflects spatial aggregation or diffusion patterns and is often summarised

by Tobler’s First Law of Geography: “Everything is related to everything else, but near

things are more related than distant things” (Tobler, 1970).

Spatial autocorrelation can be categorised into two types: positive and negative. Positive

spatial autocorrelation occurs when similar values cluster together in space, indicating that

regions with high or low values of a variable are near each other. Negative spatial autocor-

relation, on the other hand, occurs when similar values are distributed in neighbouring but

different regions, suggesting a matrix pattern where high values are adjacent to low values,

and vice versa.

To measure spatial autocorrelation, two commonly used statistics are Moran’s I and Geary’s

C. Moran’s I measures spatial similarity, quantifying the degree to which similar values of a

variable cluster together in space (Cliff and Ord, 1981; Anselin, 1988). Geary’s C, conversely,

measures spatial dissimilarity, highlighting how different values of a variable are distributed

across neighbouring regions.

These measures reveal underlying spatial patterns and trends that might not be apparent

in traditional non-spatial analysis (Anselin, 1988; Bivand, 2008). We aim to identify these
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patterns to better understand economic activities within spatial processes and improve the

accuracy of our models by accounting for spatial dependence.

To assess the presence of spatial autocorrelation, we employed Global Moran’s I statistic,

which measures the degree of spatial clustering of similar values. A significant Moran’s

I indicates the presence of spatial autocorrelation, suggesting that the value of a variable

in one location is influenced by the values in neighbouring locations. We also include the

calculation of Global Moran’s I in Appendix C.3.

We use an adjacency weight matrix as the basic weight matrix. Table 1.1 presents Moran’s I-

statistics for various transportation infrastructure variables across different years, including

industry production, roads, railways, and inland waterways. The Moran’s I values and

their corresponding z-values, provided in parentheses, are calculated using a two-tailed test,

indicating the presence and significance of spatial autocorrelation in these variables over

time.

The Moran’s I statistics for industry production consistently show positive and significant

values across all years, ranging from 0.299 to 0.348. The z-values indicate strong statistical

significance at the 1% level, suggesting that industry production is spatially autocorrelated.

This indicates that regions with high industry production tend to cluster together, while

regions with low production also form geographic clusters.

The Moran’s I statistics for road infrastructure are notably higher than those for industrial

production, ranging from 0.569 to 0.622, and are statistically significant at the 1% level. This

result indicates a strong degree of spatial autocorrelation, suggesting that regions with dense

road networks tend to be geographically clustered. The high Moran’s I values reflect the

uneven distribution of road infrastructure, which is concentrated in well-developed provinces,
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Table 1.1: Spatial Autocorrelation test in Moran’s I with W1

Year Industry Production Road Density Rail Density Inland Waterway
2001 0.348*** 0.569*** 0.458*** 0.164***

(4.204) (6.478) (5.766) (3.782)
2002 0.343*** 0.573*** 0.469*** 0.247***

(4.157) (6.528) (5.815) (3.279)
2003 0.332*** 0.573*** 0.469*** 0.275***

(4.079) (6.533) (5.784) (3.508)
2004 0.334*** 0.570*** 0.471*** 0.297***

(4.113) (6.633) (5.789) (4.058)
2005 0.336*** 0.570*** 0.477*** 0.318***

(4.131) (5.850) (6.650) (4.283)
2006 0.331*** 0.618*** 0.477*** 0.285***

(4.080) (6.877) (5.864) (3.915)
2007 0.325*** 0.618*** 0.472*** 0.211***

(4.015) (6.903) (5.812) (4.385)
2008 0.320*** 0.622*** 0.467*** 0.279***

(3.970) (6.954) (5.825) (4.143)
2009 0.331*** 0.617*** 0.476*** 0.228***

(4.057) (6.896) (5.934) (3.949)
2010 0.322*** 0.612*** 0.455*** 0.246***

(3.983) (6.831) (5.576) (4.003)
2011 0.328*** 0.611*** 0.438*** 0.251***

(4.039) (6.817) (5.416) (3.867)
2012 0.333*** 0.614*** 0.451*** 0.242***

(4.063) (6.856) (5.527) (3.969)
2013 0.326*** 0.617*** 0.454*** 0.225***

(3.999) (6.880) (5.553) (4.517)
2014 0.319*** 0.610*** 0.461*** 0.189***

(3.933) (6.815) (5.604) (4.587)
2015 0.308*** 0.601*** 0.475*** 0.165***

(3.819) (6.714) (5.714) (4.746)
2016 0.305*** 0.600*** 0.457*** 0.208***

(3.793) (6.701) (5.562) (4.475)
2017 0.303*** 0.599*** 0.453*** 0.255***

(3.802) (6.690) (5.512) (3.734)
2018 0.301*** 0.594*** 0.443*** 0.161***

(3.786) (6.627) (5.449) (3.092)
2019 0.299*** 0.582*** 0.471*** 0.131***

(3.745) (6.513) (5.708) (3.652)

Note: ***, **, and * show the significance at of 1%, 5% and 10%, respec-
tively. Z-values are provided in parentheses. Moran’s I-statistics are based
on a two-tailed test.
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particularly in the eastern and central regions.

The Moran’s I values for railway infrastructure are also positive and statistically significant,

ranging from 0.438 to 0.477. These results confirm that railway networks, while less dense

than roads, also exhibit spatial clustering. This pattern may reflect coordinated regional de-

velopment strategies and the historical legacy of rail infrastructure investment, particularly

in provinces like Hebei and Henan.

Inland waterway infrastructure also shows positive and significant Moran’s I values, though

they are generally lower than those for road and railway infrastructure, ranging from 0.131

to 0.318. The z-values again confirm statistical significance at the 1% level for most years.

The lower Moran’s I values suggest that while there is spatial autocorrelation, the clustering

is less pronounced compared to road and railway infrastructure.

Overall, the results indicate significant spatial autocorrelation in all four variables studied.

Industry production shows strong spatial dependence, suggesting that economic activities

are geographically clustered. The high Moran’s I values for road and railway infrastructures

highlight the concentrated nature of these developments. Inner waterway infrastructure,

while still showing spatial dependence is less clustered, due to geographical constraints.

The following two tables, Table 1.2 and Table 1.3, present results of Moran’s I test in two tails

with Inverse distance weight matrix as W2 and economic weight matrix as W3 respectively.

The tables show the spatial autocorrelation statistics for industry production, road, railway,

and inner waterway infrastructure from 2001 to 2019, with z-values provided in parentheses

to indicate the significance levels of the results.

Table 1.2 presents Moran’s I statistics calculated using the inverse distance weight matrix

(W2). For industry production, Moran’s I values range from 0.026 to 0.048, with most
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Table 1.2: Spatial autocorrelation tests in Moran’s I with W2

Year Industry Production Road Density Rail Density Inland Waterway
2001 0.039** 0.123*** 0.158*** -0.020

(2.165) (4.525) (6.034) (0.742)
2002 0.037** 0.124*** 0.161*** 0.010

(2.107) (4.577) (6.049) (1.388)
2003 0.037** 0.127*** 0.165*** 0.040**

(2.119) (4.638) (6.115) (2.273)
2004 0.035** 0.118*** 0.165*** 0.078***

(2.061) (4.489) (6.103) (3.684)
2005 0.032** 0.115*** 0.161*** 0.075***

(1.971) (4.389) (5.973) (3.555)
2006 0.028* 0.127*** 0.161*** 0.057***

(1.864) (4.546) (5.976) (2.979)
2007 0.027* 0.124*** 0.158*** 0.018**

(1.836) (4.486) (5.920) (2.472)
2008 0.025* 0.125*** 0.168*** 0.029**

(1.793) (4.526) (6.303) (2.253)
2009 0.026* 0.127*** 0.172*** 0.020**

(1.801) (4.568) (6.409) (2.163)
2010 0.031** 0.124*** 0.138*** 0.024**

(1.958) (4.484) (5.250) (2.235)
2011 0.035** 0.123*** 0.122*** 0.028**

(2.082) (4.462) (4.804) (2.248)
2012 0.038** 0.125*** 0.129*** 0.022**

(2.160) (4.527) (4.983) (2.148)
2013 0.038** 0.127*** 0.135*** 0.011**

(2.139) (4.573) (5.149) (2.104)
2014 0.039** 0.122*** 0.140*** 0.042***

(2.199) (4.443) (5.271) (4.131)
2015 0.038** 0.116*** 0.145*** 0.021***

(2.152) (4.267) (5.374) (3.436)
2016 0.042** 0.116*** 0.141*** 0.012**

(2.269) (4.266) (5.321) (2.282)
2017 0.043** 0.114*** 0.140*** 0.060***

(2.345) (4.198) (5.274) (3.248)
2018 0.047** 0.107*** 0.145*** -0.007

(2.464) (4.005) (5.487) (1.144)
2019 0.048** 0.103*** 0.153*** -0.025

(2.491) (3.883) (5.674) (0.545)

Note: ***, **, and * show the significance at of 1%, 5% and 10%, respec-
tively. Z-values are provided in parentheses. Moran’s I statistics are based
on a two-tailed test.
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years exhibiting significant positive spatial autocorrelation at the 5% or 10% level. This

suggests that regions with high or low levels of industry production tend to cluster, albeit

with relatively modest spatial dependence.

Road infrastructure also exhibits significant positive spatial autocorrelation, with Moran’s I

values ranging between 0.103 and 0.127. These consistently significant results at the 1% level

suggest that road networks tend to be spatially clustered, particularly in more developed

regions.

For railway infrastructure, Moran’s I values are even higher, ranging from 0.122 to 0.172,

and remain consistently significant at the 1% level. This indicates a stronger degree of

spatial clustering in rail infrastructure development, where adjacent regions often share well-

connected railway systems, reflecting both coordinated planning and historical investments.

Inland waterway infrastructure exhibits greater variability in Moran’s I values, with some

years showing significant positive spatial autocorrelation while others do not.

Table 1.3 presents Moran’s I statistics calculated using the economic weight matrix (W3).

For industry production, Moran’s I values indicate no significant spatial autocorrelation at

conventional levels. This means that industry production is not as strongly clustered based

on economic proximity as it is on geographic proximity.

Rail infrastructure also exhibits significant positive spatial autocorrelation, with Moran’s I

values ranging from 0.457 to 0.581. These values are consistently significant at the 1% level,

suggesting that regions with similar economic levels tend to develop similar levels of rail

infrastructure. This pattern likely reflects long-term strategic planning and infrastructure

investment tied to regional industrial bases.
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Table 1.3: Spatial autocorrelation tests in Moran’s I with W3

Year Industry Production Road Density Rail Density Inland Waterway
2001 0.150 0.567 *** 0.647 *** -0.015

(1.225) (3.911) (4.836) (0.231)
2002 0.147 0.577*** 0.658*** 0.082

(1.213) (3.981) (4.845) (0.821)
2003 0.155 0.581*** 0.660*** 0.144

(1.276) (4.008) (4.833) (1.227)
2004 0.151 0.532*** 0.662*** 0.267 **

(1.252) (3.766) (4.835) (2.236)
2005 0.137 0.515 *** 0.645*** 0.237**

(1.160) (3.659) (4.710) (2.005)
2006 0.125 0.485*** 0.644*** 0.163

(1.079) (3.314) (4.711) (1.466)
2007 0.12 0.489*** 0.641*** 0.073

(1.048) (3.355) (4.698) (1.182)
2008 0.113 0.507*** 0.684*** 0.149

(1.002) (3.470) (5.061) (1.471)
2009 0.112 0.535*** 0.707*** 0.061

(0.983) (3.647) (5.227) (0.875)
2010 0.132 0.534 *** 0.581*** 0.068

(1.129) (3.634) (4.247) (0.893)
2011 0.143 0.538*** 0.516*** 0.076

(1.198) (3.664) (3.820) (0.912)
2012 0.152 0.543*** 0.529*** 0.063

(1.253) (3.695) (3.886) (0.848)
2013 0.15 0.548*** 0.559*** 0.091

(1.239) (3.722) (4.091) (1.336)
2014 0.155 0.534*** 0.578*** 0.33***

(1.274) (3.637) (4.199) (4.609)
2015 0.148 0.512*** 0.589*** 0.205***

(1.234) (3.499) (4.233) (3.530)
2016 0.16 0.510*** 0.590*** 0.061

(1.313) (3.480) (4.284) (1.083)
2017 0.166 0.502 *** 0.583*** 0.247 **

(1.365) (3.425) (4.231) (2.205)
2018 0.177 0.480 *** 0.602*** 0.029

(1.445) (3.285) (4.396) (0.610)
2019 0.18 0.457*** 0.626*** -0.01

(1.461) (3.138) (4.515) (0.330)

Note: ***, **, and * show the significance at of 1%, 5% and 10%, respec-
tively. Z-values are provided in parentheses. Moran’s I statistics are based
on a two-tailed test.
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Road infrastructure, by contrast, shows even higher Moran’s I values, ranging from 0.516 to

0.707, also significant at the 1% level. This indicates a stronger degree of spatial clustering

based on economic similarity, suggesting that well-developed road networks are highly con-

centrated in economically advanced regions, reinforcing accessibility advantages and regional

development disparities.

Inland waterway infrastructure shows more mixed results. While some years show significant

positive spatial autocorrelation at the 1% or 5% level, other years do not show significant

clustering. This variability suggests that economic factors play a role in the spatial distri-

bution of inland waterway infrastructure, but the influence is less consistent compared to

road and railway infrastructure.

Comparing the three weight matrices, it is evident that both geographic and economic prox-

imities influence spatial autocorrelation, but the strength and consistency of these influences

vary across infrastructure types. Road and railway infrastructure exhibit strong and con-

sistent spatial autocorrelation with both weight matrices, highlighting the importance of

geographic and economic factors in their distribution. Inland waterway infrastructure shows

less consistent spatial autocorrelation.

This observation suggests that regions with more developed rail infrastructure tend to be

geographically close, forming distinct spatial clusters. In other words, when a region has

a well-developed rail network, its neighbouring regions are also likely to have similarly ad-

vanced railway systems. This pattern is further confirmed by the higher values of Moran’s

I, indicating that rail infrastructure development is unevenly distributed across regions and

is concentrated in areas with denser and more extensive networks.

This phenomenon of concentration and spatial aggregation highlights the strong link between
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rail infrastructure and long-distance regional corridors. Railways are typically designed to

support freight and intercity connectivity, reinforcing spatial development along key eco-

nomic axes. As a result, rail infrastructure often reflects strategic investment patterns,

favouring regions with industrial capacity and geographic centrality. The connectivity cre-

ated by railway systems contributes to spatial clustering by linking economically significant

regions across provinces.

In contrast, road infrastructure—although also spatially clustered—tends to follow urban

agglomeration patterns more closely, connecting neighbouring cities and supporting localised

mobility.

In summary, the analysis of Moran’s I-statistics using three weight matrices reveals signif-

icant spatial autocorrelation in infrastructure development, with rail and road infrastruc-

tures showing strong clustering based on both geographic and economic proximities. Inland

waterway infrastructure, however, exhibits greater variability, indicating that its spatial

distribution is influenced by multiple factors. More broadly, unlike roads and railways, in-

land waterways depend heavily on local physical geography, making them more difficult to

expand or strategically plan across wide regions.

1.4.3 Model Selection

Based on the results of the previous section, two key characteristics of the spatial relation-

ships in infrastructure construction are evident. First, the results of Moran’s I statistic

exhibit spatial autocorrelation, indicating that observations closer to each other in space

tend to be more similar. Second, spatial variability in statistical properties necessitates the

selection of models capable of handling such changes.
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Multiple spatial autocorrelations can lead to more complex spatial dependencies between

variables. Spatial relationships may exist among both dependent and independent vari-

ables. Therefore, in this section, we select an appropriate spatial model based on the spatial

relationships between variables.

According to Elhorst (2014), there are three primary types of spatial models: the Spatial

Error Model (SEM), the Spatial Lag Model (SLM), and the Spatial Durbin Model (SDM).

Each of these models addresses different kinds of spatial effects in the data.

SEM, SLM, and SDM are based on different underlying spatial processes. The appropriate

model should capture the nature of spatial interactions affecting the dependent variable.

SEM accounts for spatial autocorrelation in the error terms of a regression model. This

model is appropriate when the correlation between observations arises from unobserved

influences or shocks that are spatially correlated, rather than from the spatial diffusion or

influence of the dependent variable itself.

The SLM, also known as the spatial autoregressive model, incorporates spatial dependency

directly into the dependent variable. This model is suitable when the value of the dependent

variable at one location is influenced by its values in neighbouring locations.

Finally, the SDM extends the SLM by adding spatial lags of the independent variables to

the equation, capturing both the spillover effects of the dependent variable and the influence

of neighbouring independent variables.

We begin by exploring the potential spatial mechanisms present in our data. We follow Tong

et al. (2013)’s model selection process: (1) clarify the spatial dependencies, and (2) test for

possible spatial interactions in regression. We then perform the Wald test and likelihood

ratio test to evaluate whether spatial regression provides better results than simple linear
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regression.

In time series data, observations are ordered chronologically, whereas in spatial data, rela-

tionships between data points are based on geographical features rather than linear order.

This spatial arrangement introduces the concept of spatial autocorrelation, where economic

activity in one region can be influenced by neighbouring regions. As a result, the tradi-

tional OLS model, which assumes independence among observations, may not be suitable

for analysing spatial data, as observations in neighbouring regions are often interdependent.

Therefore, we employ the Lagrange Multiplier (LM) test to detect the presence of spatial

interactions. By analysing residuals using a spatial weight matrix, the LM test identifies

whether spatial dependencies are present in the data. If the LM test reveals significant spatial

dependencies, it indicates the need to use an appropriate spatial econometric model, such as a

Spatial Lag Model or a Spatial Error Model, to properly account for these interdependencies

and produce accurate estimates.

The LM tests are performed to detect the presence of spatial dependence in the model. The

LM test for spatial lag assesses whether a spatially lagged dependent variable should be

included in the model. Similarly, the LM test for spatial error evaluates whether the error

terms exhibit spatial autocorrelation. The results, presented in Table 1.4, evaluate spatial

dependencies using three different weight matrices. These tests help determine the necessity

and appropriate type of spatial model, such as the Spatial Error Model, Spatial Lag Model,

or Spatial Durbin Model, by identifying spatial dependencies.

We conduct robust Lagrange Multiplier tests for spatial error and spatial lag effects using

three weight matrices: W1, W2, and W3.These tests aim to identify spatial dependency

features in the model, distinguishing between spatial autocorrelation in the error terms and
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spatial lag effects of the dependent variable.

For the W1 weight matrix, the robust LM statistic for spatial error effects is 469.429, with

a p-value of 0.000, indicating highly significant spatial autocorrelation in the error terms.

The robust LM statistic for spatial lag effects is 36.947, also significant with a p-value of

0.000, suggesting that the dependent variable in one region is significantly influenced by

neighbouring regions. While both effects are significant, the much higher statistic for error

effects indicates that spatial dependency is primarily driven by spatial autocorrelation in

the error terms.

For the W2 weight matrix, the robust LM statistic for spatial error effects is 314.326, with a

p-value of 0.000, indicating strong and highly significant spatial autocorrelation in the error

terms. In contrast, the robust LM statistic for spatial lag effects is 0.211, with a p-value of

0.646, suggesting that spatial lag effects are not significant under this matrix.

Under the W3 weight matrix, the robust LM statistic for spatial error effects is 26.714,

with a p-value of 0.000, confirming significant spatial autocorrelation in the error terms,

though weaker than in W1. The robust LM statistic for spatial lag effects is 5.231, with

a p-value of 0.022, indicating significant but weaker lag effects compared to error effects.

While the influence of neighbouring regions on the dependent variable is more limited, it is

not negligible.

In summary, the test results across the three weight matrices consistently highlight the

significant presence of spatial error effects, while the significance and strength of spatial lag

effects vary. We employ later tests to further the model selections between SEM and SDM.

Table 1.5 presents significant findings from both likelihood ratio tests and Wald tests applied

to spatial econometric models with different weight matrices. Likelihood ratio and Wald tests

52



Table 1.4: Lagrange Multiplier Test

Test (W1) Statistics df p-value
Robust Lagrange Multiplier (spatial error) 469.429 1 0.000
Robust Lagrange Multiplier (spatial lag) 36.947 1 0.000
Test (W2) Statistics df p-value
Robust Lagrange Multiplier (spatial error) 314.326 1 0.000
Robust Lagrange Multiplier (spatial lag) 0.211 1 0.646
Test (W3) Statistics df p-value
Robust Lagrange Multiplier (spatial error) 26.714 1 0.000
Robust Lagrange Multiplier (spatial lag) 5.231 1 0.022

Notes: This table present Lagrange Multiplier tests for W1, W2, and W3.
LM test hold H0: no spatial error autocorrelation or no spatial lag auto-
correlation. H1: spatial error autocorrelation or spatial lag autocorrelation
exists in regression.

are effective tools for selecting appropriate spatial models, ensuring spatial relationships are

accurately captured and modeled.

Likelihood ratio tests were conducted to compare nested models. For each weight matrix,

the likelihood ratio values indicate whether including spatial lag or spatial error terms signif-

icantly improves model fit. Wald tests were employed to assess the significance of individual

parameters in the spatial econometric models. These tests confirm the relevance of spatial

terms in the models.

Likelihood ratio tests are used to compare the goodness of fit between nested models. They

are based on the principle of maximum likelihood estimation. By comparing the likelihood

values of restricted (simpler) and unrestricted (more complex) models, likelihood ratio tests

evaluate whether additional parameters significantly improve model fit. The test statistic

is given by LRT = −2(lnLrestricted − lnLunrestricted), which follows a chi-square distribution

under the null hypothesis that the simpler model suffices (Greene, 2012).

The chi-squared statistics are significantly high across all models and assumptions, strongly
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suggesting rejection of the null hypothesis (H0) that ordinary least squares regression suffices

for estimating the model. Specifically, when considering individual (ind) effects nested within

both models or time effects, the likelihood ratio (LR) chi-squared values significantly exceed

typical critical values, indicating that spatial components cannot be ignored and a more

complex spatial regression model is required.

Table 1.5: Likelihood-ratio Tests and Wald Tests

Test Weight Assumption LR chi2(6) Prob > chi2
Likelihood Ratio W1 ind nested in both 155.96 < 0.0000

time nested in both 1263.92 <0.0000
W2 ind nested in both 118.82 < 0.0000

time nested in both 1270.12 <0.0000
W3 ind nested in both 184.74 < 0.0000

time nested in both 1247.89 <0.0000
Wald Test W1 Wx 97.85 < 0.0000

Spatial.rho 95.92 < 0.0000
W2 Wx 31.87 < 0.0000

Spatial.rho 23.24 <0.0007
W3 Wx 61.69 <0.0000

Spatial.rho 36.54 < 0.0000

Note: This table presents the results from likelihood ratio tests and Wald
testsusing weight matrices. These tests contain H0: OLS regression is
enough for the estimation. H1: OLS is not enought to explain the estima-
tion.

Wald tests are used to assess the significance of individual coefficients within a model. The

test statistic is computed as W = (θ̂ − θ0)
′[Var(θ̂)]−1(θ̂ − θ0), where θ̂ is the estimated

parameter vector, θ0 is the null hypothesis value, and Var(θ̂) is the covariance matrix of

the estimators (Wooldridge, 2010). Under the null hypothesis, the Wald statistic follows a

chi-square distribution.

The Wald test results further support the conclusions drawn from the likelihood ratio tests.

The Wald statistics for ‘Wx,’ a spatial weight matrix, are significant. ‘Wx’ represents spatial

lag variables, obtained by multiplying the original variable x with the spatial weight matrix
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W, indicating the influence of neighbouring regions on the current region. ‘Spatial.rho’

is a spatial autoregressive parameter. Across all three weight matrices, it is significant,

indicating that spatial effects are indeed present in the data. It measures the strength of

spatial dependence in a spatial autoregression model, reflecting the presence and degree of

spatial autocorrelation in the model and describing the linear dependence between values in

one region and those in neighbouring regions.

In essence, both types of tests strongly suggest that spatial autocorrelation violates the

independence assumption of OLS regression. Since OLS cannot account for spatial auto-

correlation, its estimates may be biased and inconsistent, leading to inaccurate conclusions.

Thus, the use of OLS to analyse spatial datasets is inappropriate. The high chi-squared

values from the likelihood ratio tests imply that models incorporating spatial dependencies

provide a significantly better fit to the data compared to non-spatial models. Similarly, the

significant Wald test results further confirm the importance of including spatial effects in

the model.

The significant results from these tests indicate the presence of spatial dependence in our

data, suggesting that models incorporating spatial lag and spatial error components are more

appropriate. By comparing the log-likelihoods of models with and without spatial compo-

nents, the likelihood-ratio tests demonstrate that including spatial lag and spatial error

terms significantly enhances the model’s explanatory power. The Wald test results consis-

tently show that the spatial lag, spatial error, and spatially lagged explanatory variables are

highly significant.

We conclude that a model incorporating both spatial lag and spatially lagged explanatory

variables is most suitable. Ultimately, we selected the SDM model.
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1.4.4 Model Building

In the previous section, we finalized the selection of a spatial model to address spatial de-

pendencies in our analysis. We assume that the control variables originate from two main

sources: government spending and foreign investment. Government spending is typically

directed toward infrastructure development, public services, and social programs, creating

a supportive environment for economic activities and fostering long-term growth. Foreign

investment, on the other hand, often involves the inflow of capital directly into firms, con-

tributing to increased production capacity, technology transfer, and enhanced productivity.

Additionally, we include the GDP growth rate as a control variable to account for broader

macroeconomic conditions influencing industrial output beyond the direct effects of capital,

labour, and technology. By controlling for GDP growth, we aim to isolate the specific impact

of our variables of interest on regional economic performance.

Numerous studies have incorporated spatial effects into the basic production function by

including a spatial lag to capture the influence of neighbouring regions. For example, research

by Cohen and Paul (2004), Bo and Florio (2012), Tong et al. (2013), and Konno et al. (2021)

demonstrates the importance of considering spatial interdependencies in economic modelling.

The SDM extends the conventional framework by including spatial lags of both dependent

and independent variables. This extension allows us to account for potential spillover effects,

where economic activity in one region may influence production functions in neighbouring

regions.

Following the methodologies outlined by LeSage and Pace (2009) and Elhorst (2014), we

employ the Spatial Durbin Model to capture spatial dependencies in both the error terms and

independent variables. This approach allows us to better understand how economic activities
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and policy interventions in one region affect other regions, offering a more comprehensive

view of regional dynamics. This model can be represented as:

Yit = αi + βXit + ρ

N∑
j=1

wijYjt + θ

N∑
j=1

wijXjt + ui + λt + εit (1.1)

The industrial production for provinces i at time t is the dependent variable Yit in above

equation. The explanatory variables are Xit, which include road density, rail density, inner

river per boat, government expenditure, foreign direct investment as enterprises, labour, and

GDP growth rate. α is the constant term. The term
∑N

j=1 wijYjt and
∑N

j=1 wijXjt are spatial

lags in the dependent variable and independent variables respectively, which represents the

spatially weighted average value. The weight matrices,
∑N

j=1 wij, are from last section as

W1, W2, and, W3. To combine with our industry production equation, the final equation is

following:

Indit = β0 + ρ
N∑
j=1

wijIndjt + βRoadDRoadDit + βRailDRailDit + βIRBIRBit + βCCit

+ θRoadD

N∑
j=1

wijRoadDjt + θIRB

N∑
j=1

wijIRBjt + θRailD

N∑
j=1

wijRailDjt + θC

N∑
j=1

wijCjt + εit

(1.2)

εit = ui + νit (1.3)

The equation represents a SDM model with fixed effects. In our case, the dependent variable

Indit represents the industry production for province i at time t. The model seeks to explain
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the variation in Indit, both at the individual level and through their spatial interactions.

The term β0 is the intercept, capturing the baseline level of industry output when all other

explanatory variables are held constant. The spatial dependence of the industry output is

represented by the term ρ
∑N

j=1 wijIndjt, where ρ is the spatial autoregressive parameter,

and wij are the elements of the spatial weight matrix W , which defines the spatial struc-

ture between different entities. This term accounts for the influence of industry output in

neighbouring locations on the industry output in location i. It is important to note that the

diagonal elements of the weight matrix, wii, are set to 0 to ensure that the spatial depen-

dence only considers interactions between different entities, excluding any self-interaction

effects.

The model includes a set of independent variables, RoadDit, RailDit, IRBit, and Cit, which

represent the factors that affect industry output. We use Cit for all control variables. Each

variable has an associated coefficient: βRoadD, βRailD, βIRB, and βC, which measure the direct

impact of the respective variables on the industry output in location i. To recall the data de-

scription, RoadDit represents the density of the road infrastructure, while RailDit represents

the density of rail networks, IRBit could represent inland waterway per boats.

In addition to the direct effects, the model also captures the spatial lag of these vari-

ables. The terms θRoadD
∑N

j=1 wijRoadDjt, θRailD
∑N

j=1 wijRailjt, θIRB
∑N

j=1 wijIRBjt, and

θC
∑N

j=1 wijCjt represent the spatial lag effects, where each θ coefficient measures how the

values of the corresponding variable in neighbouring entities affect the industry output in

location i. This allows the model to account for spillover effects, where changes in one region

can influence outcomes in nearby regions.

Finally, the equation includes an error term εit, which captures all other unobserved influ-
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ences on Indit. This term accounts for the random effects or shocks that are not explained

by the included variables and their spatial lags. In the spatial Durbin model with fixed ef-

fects, the error term is typically redefined as εit = ui+νit. In this equation, ui represents the

individual-specific effect for the i-th unit, often referred to as the fixed effect. This captures

unobserved heterogeneity that is constant over time but varies across individuals. On the

other hand, νit is the random error term, which represents random disturbances that vary

across both individuals and time, accounting for factors that are not captured by the fixed

effects.

1.5 Results

As we mentioned in the previous section, the regression analysis in this study is based

on standardized variables, meaning the regression coefficients represent the standardized

effect—that is, the change in the dependent variable for each standard deviation increase in

the explanatory variable, rather than a direct economic interpretation. To provide a more

intuitive understanding of the results and facilitate comparison with existing literature, we

are further calculating elasticity to quantify the impact of a 1% change in the explanatory

variable on the dependent variable.

During the elasticity calculation process, we are using the mean and standard deviation of

the unstandardised, or original, data to convert the standardized regression coefficients into

elasticity values, ensuring economic interpretability. This calculation is being conducted

using both national and regional data, with separate estimations for the East, Central,

and West regions to capture overall trends and regional heterogeneity. We mainly compare

significant variables, so the calculation of elasticity also focuses on significant variables.
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1.5.1 Baseline Results

This section starts from the estimation of Equation1.2. We record the spatial Durbin model

result in Table1.6. It presents the production factors of industry production across provinces,

considering the spatial dependencies captured by different weight matrices: Adjacency-W1,

Distance-W2, and Economic-W3.

Due to the existence of the spatial lag structure, the coefficients of main regression and

spatial lag as W∗ are not the final causal effects. We only make a simple analysis here,

and later we will analyse the specific spillover effects through the spatial analysis proposed

by LeSage and Pace (2009). We also provide the main regression part in Appendix A as

TableA.3 for further check.

Table 1.6 presents the coefficients estimated under each spatial weight matrix. We observe

that the spatial lag of the independent variables exhibits significant variations depending

on the weight matrix applied. Overall, our findings are consistent with previous literature,

indicating that railway infrastructure has a positive impact on industrial outcomes at the

national level. However, road transportation shows certain negative effects.

In studies of spatial Durbin models, higher goodness of fit values indicate that the model is

better able to explain the variation in the dependent variable , as industrial production.The

R2 value measures the model’s goodness-of-fit, reflecting the proportion of total variation

explained by the model. In our study, the R2 values are similar for three weight matri-

ces, which capture the spatial dependence between regions and the impact of neighbouring

regions on industrial production.

This table presents the baseline results of a SDM model, applied with three different weight

matrices: adjacency-based (W1), distance-based (W2), and economic-based (W3). To re-
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Table 1.6: Baseline Results of SDM with Different Matrices

Weight Matrix Adjacency-W1 Distance-W2 Economic-W3
Spatial Lag of X (W*)

W*RoadD 0.127*** 0.147*** 0.220***
(2.620) (2.880) (7.100)

W*RailD -0.058 -0.452*** -0.024
(-0.880) (-3.330) (-0.580)

W*IRB 0.030* 0.007 0.012
(1.910) (0.210) (1.190)

W*lnGOVE -0.681*** -0.801*** 0.083
(-9.580) (-3.710) (0.690)

W*lnFDI 0.502*** 0.510*** -0.110
(7.230) (3.050) (-1.240)

W*lnLabour 0.043 0.102*** -0.017
(1.270) (2.850) (-0.480)

Observation 570 570 570
Spatial.rho 0.743*** 0.781*** 0.585***

(29.630) (22.560) (20.650)
R-squared 0.9235 0.9157 0.9217
Region FE Yes Yes Yes
Time FE Yes Yes Yes

Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * show the significance at of 1%, 5% and 10%,
respectively.
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call the pervious setting, the weight matrices represent different ways of capturing spatial

relationships between regions. The adjacency matrix (W1) defines spatial proximity based

on shared borders or direct connections. The distance matrix (W2) uses the inverse of dis-

tance to measure spatial interactions, while the economic matrix (W3) incorporates economic

characteristics such as trade ties or GDP similarities to define spatial relationships.

The coefficients for the spatial lag of explanatory variables, denoted as W ∗, highlight sig-

nificant regional spillover effects. For road density, represented by W · RoadD, the results

are consistently positive and significant across all matrices, indicating that improvements

in road density in neighbouring regions positively influence economic outcomes in a given

region.

Conversely, the spatial lag for rail density, W · lnRailD, shows varied effects: it is insignif-

icant under W1and W2, but becomes significantly negative under W3. This suggests that

in economically connected regions, higher railway density might be associated with poten-

tial congestion, network misallocation, or other spatial inefficiencies that lead to negative

spillovers.

We compare our results with Tong et al. (2013), who also employed multiple weight matrices.

Similar to their findings, our results show that road networks produce strong positive spatial

externalities under adjacency weights, whereas railway infrastructure does not consistently

generate spatial benefits across different matrix structures. We discuss the implications of

these spillover effects in more detail in the subsequent section.

For other control variables, such as the spatial lag of government expenditure, as W ·

lnGOVE, the results are mixed. It shows a strong negative effect under W1 and W2, while

it is insignificant under W3. This could reflect inefficiencies or potential leakages in gov-
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ernment expenditure in certain regions, depending on how spatial relationships are defined.

Similarly, the spatial lag of foreign direct investment FDI, exhibits positive and significant

spillovers under W1 and W2, emphasizing the role of economic ties in fostering regional de-

velopment. The spatial lag of labour, as W · lnLabour, shows limited significance, becoming

positive only under W2.

The spatial autocorrelation coefficient rho is highly significant across all weight matrices,

with values of 0.743, 0.781, and 0.585, each significant at the 1% level. This confirms the

presence of spatial dependence in the data and validates the use of a spatial econometric

model. However, the explanatory power of the model, as reflected by R2, varies significantly

across matrices. While W2 and W3 exhibit high R2 values, W1 shows the highest value of

0.9235, suggesting that adjacency-based weights have better performance in spatial analysis.

Overall, these results underline the importance of carefully selecting the spatial weight ma-

trix, as it significantly influences the estimated spillover effects and model performance. For

instance, while rail density consistently demonstrates positive regional spillovers, road den-

sity exhibits negative spillovers under the distance matrix. In contrast, the two geographic

weight matrices provide a more accurate reflection of geographic proximity between regions,

capturing spatial interactions that extend beyond administrative borders. Additionally, the

spatial dependencies derived from the economic matrix are generally lower than those from

the geographic matrices.

In spatial econometrics, effects are typically categorized into direct effects, indirect effects,

and total effects, each representing different dimensions of spatial influence.

Direct effects refer to the impact of a variable within a given region or unit of observation.

These effects measure how changes in an independent variable directly influence the depen-
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Table 1.7: Spatial Effects Analysis

Weight Matrix Adjacency-W1 Distance-W2 Economic-W3
Spatial Lag of X (W*)

Road Density Direct 0.041 0.078*** 0.102***
(1.440) (3.340) (3.960)

Indirect 0.390*** 0.836*** 0.495***
(4.110) (4.440) (8.780)

Total 0.431*** 0.914*** 0.597***
(4.540) (4.690) (8.710)

Rail Density Direct -0.259*** -0.268*** -0.118***
(-7.450) (-6.420) (-3.160)

Indirect -0.629*** -2.734*** -0.166**
(-3.800) (-3.410) (-2.120)

Total -0.888*** -3.003*** -0.284***
(-4.990) (-3.620) (-2.820)

Inland Waterway Direct 0.005 -0.005 -0.002
(0.640) (-0.600) (-0.200)

Indirect 0.087* 0.030 0.021
(1.760) (0.190) (0.920)

Total 0.092* 0.024 0.019
(1.660) (0.150) (0.640)

lnGOVE Direct -0.152*** -0.165** 0.110*
(-3.040) (-2.860) (1.940)

Indirect -2.002*** -3.840*** 0.263
(-6.690) (-3.100) (1.010)

Total -2.154*** -4.005*** 0.373
(-6.410) (-3.120) (1.230)

lnFDI Direct -0.053 0.021 -0.227***
(-1.090) (0.400) (-4.090)

Indirect 1.168*** 2.177** -0.431**
(5.220) (2.460) (-2.240)

Total 1.115*** 2.198** -0.658***
(4.510) (2.400) (-2.850)

lnLabour Direct -0.072*** -0.065** -0.078***
(-2.610) (-2.150) (-2.610)

Indirect -0.030 0.201* -0.111***
(-0.610) (2.070) (-2.900)

Total -0.102** 0.136 -0.189***
(-2.190) (1.400) (-5.410)

Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * show the significance at of 1%, 5% and 10%,
respectively.
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dent variable in the same region, without considering the influence of neighbouring regions.

According to LeSage and Pace (2009), direct effects indicate the localized impact of policy

interventions or changes in explanatory variables within the local unit. These effects are

analogous to traditional regression coefficients but adjusted to account for spatial dependen-

cies. In spatial models, direct effects capture how changes in a variable influence outcomes

within the same spatial unit.

Indirect effects, also known as spillover effects, represent the influence of a change in an

independent variable in one spatial unit on the dependent variable in neighbouring or con-

nected spatial units. These effects explain the interconnectedness of spatial units, where

changes in one location can have repercussions in adjacent areas (Anselin, 1988).

Total effects are the sum of direct and indirect effects, representing the overall impact of an

independent variable on the dependent variable across all spatial units. Total effects provide

a comprehensive measure of a variable’s influence, accounting for both its localized impact

and spillover effects (LeSage and Pace, 2009). They offer a broader perspective on how

changes in one region affect not only that region but also the surrounding spatial context.

Table 1.7 presents the specific spatial impacts. Each factor’s direct, indirect, and total effects

reveal distinct patterns in how they influence industrial production.

Road density consistently exhibits a positive and economically meaningful impact on regional

industrial output, especially under the distance and economic weight matrices. The direct

effect is particularly pronounced when spatial proximity is emphasized: under the distance

weight matrix, the direct coefficient reaches 0.078, translating to an elasticity of 0.031. In

practical terms, a 1% increase in road density is associated with a 0.031% rise in industrial

output. For a region with an industrial base of 100 billion RMB, this implies a direct gain
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of 31 million RMB—a non-trivial economic benefit.

More importantly, the spillover effect—measured as the indirect impact—is substantially

larger, suggesting that road investments not only benefit the local region but also stimulate

production in neighbouring areas. Under the distance-based spatial matrix, the indirect

coefficient reaches 0.836, corresponding to an elasticity of 0.330. This means that a 1%

increase in road density in a neighbouring region is associated with a 0.33% increase in local

industrial output.

We compare the results from Ahlfeldt and Feddersen (2018) whose research on the German

high-speed rail (HSR) connecting Cologne and Frankfurt. Their analysis collects data from

1992 to 2009 and combines Difference-in-Differences analysis with nonlinear least squares to

measure. They reveal that counties with intermediate HSR stops experienced an average

GDP increase of approximately 8.5% , indicating a significant causal impact. While their

context is specific to HSR and Western Europe, it underlines the broader principle: rail

infrastructure can reshape regional economic hierarchies.

Assuming a 5% improvement in road density, our model predicts a direct output gain of

approximately 0.16%, with even larger effects when accounting for spatial spillovers. From a

policy perspective, this suggests that targeted investments in road infrastructure, especially

in strategic corridors or regional hubs, can yield amplified returns. Rather than allocating

infrastructure budgets evenly, governments may achieve higher economic efficiency by prior-

itizing projects that enhance regional linkages—particularly those connecting economically

complementary areas.

In contrast, rail density exhibits a consistently negative relationship with regional industrial

development across all spatial weight matrices, revealing the complex and potentially adverse
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effects of excessive or uncoordinated rail expansion. This finding aligns with Banerjee et al.

(2020), who highlight that certain infrastructure projects—especially those disconnected

from productive agglomerations—may lead to spatial inefficiencies.

Under the distance weight matrix, the direct effect coefficient for rail density is -0.268,

corresponding to an elasticity of -0.004. In practical terms, this implies that a 1% increase

in local rail density is associated with a 0.004% decline in industrial output—a small but

negative marginal effect.

More importantly, the indirect effect is also negative, suggesting that such inefficiencies

spill over into neighbouring areas. This supports the argument that poorly coordinated

or excessive railway expansion may disperse labour and investment, weakening industrial

concentration. Baum-Snow et al. (2017) provide related evidence from Chinese cities, where

the expansion of ring roads and radial railroads led to population decentralisation and a

decline in central urban productivity.

They find that the construction of ring roads and radial infrastructure resulted in a 20%

relocation of central city populations to peripheral areas, triggering industrial decentralisa-

tion and spatial fragmentation. This process reflects how excess infrastructure can facili-

tate outward migration, reallocating labour away from urban cores and undermining scale

economies.

From this perspective, our findings align with a broader concern: increased rail density,

particularly without spatial coordination, may unintentionally weaken industrial output by

diffusing critical inputs such as labour, demand concentration, and capital investment.

For inland waterway, there is a spillover effects under adjacent weight matrix to surrounding

regions as a elasticity as 0.431. It does not present a significant effects at other weight
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matrices.

In terms of control variables, government expenditure (GOVE) shows a significant total

negative effect under the distance weight matrix. The magnitude of the indirect effect

underscores the broader spatial implications of inefficient fiscal policies.

Foreign Direct Investment (FDI) offers a contrasting narrative. While the direct effect

under the economic weight matrix is slightly negative at -0.227, the indirect effect under

the distance weight matrix is highly positive. This indicates that the spatial benefits of FDI

investments primarily materialize through spillovers in geographically connected regions.

The total effect underscores the importance of spatial connectivity in maximizing FDI’s

regional growth potential.

Overall, a well-integrated multimodal transport system leverages the strengths of each mode,

ensuring comprehensive connectivity and optimizing the flow of goods and resources. The

integration of road, rail, and inner river transport facilitates the efficient movement of goods

and resources, enhancing industrial productivity across different regions. Road density pri-

marily boosts local and regional connectivity, rail density supports extensive regional in-

dustrial growth, and inner river transport, though limited in indirect impact, contributes to

regional connectivity and spillover benefits, likely due to the transport of heavy goods and

inputs.

To further check the robustness of the model, we employ additional variables and exclude

specific years. We add two more control variables to capture provincial attributes: GDP

growth rate and the log of population. In addition, we control for the impact of the 2008

financial crisis by introducing dummy variables for the year.

These variables help capture key economic and demographic factors that may influence re-
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gional development and industrial output. The GDP growth rate is included because it

reflects the overall economic performance and momentum of a province. By controlling for

GDP growth, we account for the varying levels of economic expansion across regions, ensur-

ing that our model captures the effect of transport infrastructure beyond general economic

trends. Similarly, larger populations often correlate with higher demand for infrastructure,

labour supply, and market size, all of which can directly affect regional economic activities

and development. Including population as a variable helps us control for these demographic

differences, providing a clearer picture of how other variables impact the region.

Additionally, we exclude the shock year, 2008, from the analysis to control for the impact

of the global financial crisis. The 2008 financial crisis had a significant and potentially

abnormal effect on economic performance worldwide, including in China. By excluding this

year, we aim to reduce any bias or distortion that the crisis might introduce into our results,

allowing us to better isolate the underlying relationships between variables.

The results of these robustness tests, including the addition of new control variables and

the exclusion of 2008, are recorded in Appendix A.3. Overall, our baseline estimations

remain robust, confirming the stability and reliability of our findings across different model

specifications.

1.5.2 Regional Inequality and Heterogeneity

In Table 1.8, we present the regional analysis divided into three groups. The provinces are

categorized into three regions: east, west, and central. As mentioned earlier, this classifica-

tion also reflects different economic levels, with the east representing developed regions, the

central representing developing provinces, and the west as most less developed regions.
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Road density remains a significant driver of spatial dynamics, but its impact varies depending

on the spatial weight matrix applied.

In the East, road density demonstrates robust positive spatial spillovers under the distance

weight matrix. This suggests that road infrastructure facilitates long-distance connectivity,

strengthening integration between coastal urban hubs. The comparatively weaker spillover

under the economic weight matrix highlights the primacy of geographic proximity over pure

economic similarity in shaping spatial road-based interactions in this region.

In the Central region, road density has minimal impact. Under the distance matrix, moder-

ate spillover effects suggest that road connectivity may support limited regional interaction.

The economic matrix shows no significant spillovers, possibly due to fragmented economic

structures and weaker intercity ties within this region.

In the West, road infrastructure exhibits the strongest positive spillover effects across all

matrices, with the highest coefficient under the distance weight matrix. This underscores

the crucial role of road infrastructure in overcoming geographical remoteness in western

provinces, promoting spatial integration and reducing development disparities across vast

distances.
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Table 1.8: Baseline Results for East, Central, and West Regions

East Central West
Weight Matrix Adjacency-W1 Distance-W2 Economic-W3 Adjacency-W1 Distance-W2 Economic-W3 Adjacency-W1 Distance-W2 Economic-W3
Spatial Lag of X (W*)
W*RoadD 0.259*** 0.179*** 0.072 0.038 0.031 0.044 0.250*** 0.216*** 0.147***

(6.850) (3.130) (1.640) (0.810) (0.640) (1.170) (2.960) (3.350) (3.870)
W*RailD 0.231 *** 0.117 0.084 -0.054 -0.014 0.055 0.003 0.037 0.028

(6.850) (0.980) (1.430) (-0.720) (-0.170) (1.030) (0.040) (0.340) (0.590)
W*IRB -0.015 -0.015 0.005 -0.018 -0.033 -0.003 0.058* 0.034 0.076**

(-1.600) (-0.700) (0.480) (-0.470) (-0.730) (-0.100) (1.690) (0.880) (2.540)
W*lnGOVE 1.819** 2.189*** 1.905*** 1.477*** 0.686 -0.273 0.124 0.294 0.468***

(9.590) (6.940) (7.520) (3.490) (1.450) (-0.570) (1.290) (1.330) (2.390)
W*lnFDI -0.701*** -1.188*** -1.045*** -0.936*** -0.373 0.101 -0.199* -0.274* -0.388***

(-5.280) (-5.100) (-6.340) (-3.350) (-1.100) (0.360) (-2.240) (-1.980) (-2.930)
W*lnLabour 0.107*** 0.121*** 0.025 -0.149* -0.198*** -0.087* -0.185*** -0.201*** -0.264***

(3.670) (3.000) (0.620) (-2.060) (-2.880) (-1.700) (-2.750) (-3.820) (-3.450)
Observation 247 247 247 114 114 114 209 209 209
Spatial.rho 0.764*** 0.647*** 0.486*** 0.785*** 0.724*** 0.759*** 0.766*** 0.777*** 0.690***

(26.570) (12.340) (11.380) (21.130) (15.220) (19.100) (22.750) (17.610) (17.870)
R-squared 0.0407 0.9518 0.9247 0.9471 0.9530 0.9537 0.9535 0.9466 0.9263
Region FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Note: Z-statistics in parentheses. All the spatial matrices are row-standardized. ***, **, and * indicate significance at the 1%, 5%, and 10%
levels, respectively.
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Rail density displays region-specific effects that shift under the revised matrix structures.

In the East, rail density has significant positive spillovers under the distance weight matrix,

indicating that rail infrastructure supports regional economic activity by reinforcing long-

distance intercity linkages. However, the effects diminish under the economic weight ma-

trix, suggesting that strong economic linkages alone are insufficient to sustain rail-induced

spillovers in already well-connected eastern regions—possibly due to marginal returns on

added capacity.

In the Central and Western regions, rail density does not exhibit significant spillovers under

any matrix. These results imply that rail infrastructure in these areas may face barri-

ers such as weaker economic clustering, insufficient complementary industrial capacity, or

underutilised transport corridors. The absence of spillovers highlights the importance of

spatial coordination and economic demand alignment in generating broader benefits from

rail investments.

Waterway transportation shows minor but region-specific effects under the matrices. In the

West, IRB exhibits small positive spillovers under the economic weight matrix and the border

weight matrix. These findings suggest that waterways contribute to regional integration in

western provinces, particularly for geographically dispersed areas with navigable rivers. In

contrast, the East and Central regions show no significant impacts, indicating that waterways

face competition from other transport modes or limited geographic coverage.

Government expenditure demonstrates substantial positive spillovers in the East under all

matrix, reflecting the benefits of fiscal policies in regions with greater geographic connectiv-

ity. In the Central and West regions, GOVE effects are less pronounced, with significant

impacts observed only under specific matrices.
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Labour continues to display mixed effects. In the East, positive spillovers emerge under the

geographic weight matrix, reinforcing the role of human capital in regional growth.

Foreign direct investment consistently shows negative spatial spillovers across all regions,

particularly in the East under all weight matrix. This suggests that FDI may crowd out

local investments or exacerbate regional disparities.

Road density exhibits strong spillover effects across all regions, emphasizing its role in re-

gional accessibility and economic integration. In the East, direct effects are insignificant,

but indirect effects are large and highly significant, indicating substantial benefits to neigh-

bouring provinces through improved road connectivity. The total effect underlines the im-

portance of road infrastructure in promoting regional development beyond local impacts,

particularly by linking economically dynamic urban areas.

In the Central region, direct effects are significant and positive, highlighting the local impor-

tance of road density. Indirect effects are also significant, indicating moderate inter-regional

accessibility benefits. The total effect suggests that road networks in the Central region

contribute to both local industrial activity and broader regional integration.

In the West, indirect effects dominate, with total effects being the highest among all re-

gions. This reflects the critical role of road infrastructure in reducing geographic isolation,

supporting interprovincial economic ties, and enabling wider spatial spillovers in historically

disconnected western provinces.

Therefore, we can conclude that road density supports industrial production and regional

development, particularly through spillover effects that enhance economic connectivity be-

tween provinces.
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Table 1.9: Regional Analysis with Adjacency-W1

Weight Matrix East Central West
Road Density Direct 0.025 0.107*** 0.056

(0.830) (2.810) (1.630)
Indirect 0.485*** 0.259** 0.716***

(7.780) (2.330) (3.890)
Total 0.511*** 0.365*** 0.772***

(6.670) (2.730) (4.020)
Rail Density Direct 0.081 -0.104* -0.047

(1.480) (-1.710) (-1.250)
Indirect 0.514*** -0.296 -0.073

(3.060) (-1.300) (-0.340)
Total 0.595*** -0.400 -0.120

(2.760) (-1.450) (-0.520)
Inland Waterway Direct -0.005 -0.092*** 0.021

(-0.440) (-2.700) (1.190)
Indirect -0.033 -0.194 0.185*

(-1.180) (-1.390) (1.650)
Total -0.037 -0.286* 0.206

(-1.000) (-1.660) (1.620)
lnGOVE Direct -1.856*** -1.032*** -0.032

(-10.530) (-2.700) (-0.560)
Indirect 0.688* 1.443 0.250

(1.690) (1.280) (0.750)
Total -1.167** 0.411 0.217

(-2.230) (0.300) (0.570)
lnFDI Direct 0.915*** 0.387 -0.023

(7.240) (1.430) (-0.360)
Indirect 0.006 -1.373 -0.541**

(0.020) (-1.570) (-2.140)
Total 0.921** -0.986 -0.564*

(2.270) (-0.910) (-1.960)
lnLabour Direct -0.146*** 0.119** 0.084

(-5.560) (2.120) (1.630)
Indirect -0.010 -0.130 -0.307***

(-0.240) (-1.260) (-3.770)
Total -0.157*** -0.010 -0.223***

(-2.970) (-0.100) (-3.710)
Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * indicate significance at the 1%, 5%, and
10% levels, respectively.
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Rail density, in contrast, exhibits mixed and region-specific effects. In the East, indirect

effects are significant and positive, suggesting that rail infrastructure contributes to regional

production spillovers, although direct effects remain insignificant, possibly due to already

saturated transport corridors. The total effect reinforces the broader benefits of rail invest-

ment in facilitating interregional flows.

In the Central region, rail density shows a negative direct effect, indicating potential local

inefficiencies, such as underutilized capacity or misaligned infrastructure. Indirect and total

effects are insignificant, suggesting limited regional benefits from current railway configura-

tions.

In the West, all effects are insignificant, implying that rail density has minimal influence on

regional economic dynamics in this region, possibly due to weak industrial demand, sparse

population, or lack of complementary infrastructure and economic clustering.

Waterway transportation has region-specific effects, with significant spillovers only in the

West. In the East and Central regions, both direct and indirect effects are insignificant, high-

lighting the limited role of waterways in shaping regional dynamics in these areas. However,

in the West, indirect effects are positive and marginally significant suggesting that waterways

provide regional spillover benefits, particularly for provinces with navigable rivers.

In terms of control variables, they provide additional context for regional dynamics. Gov-

ernment Expenditure shows significant negative direct effects in the East and Central, sug-

gesting inefficiencies or misallocation of fiscal resources. However, the indirect effects are

positive but only marginally significant in the East, indicating limited regional spillover ben-

efits. Foreign Direct Investment demonstrates significant positive direct effects in the East,

reflecting the local benefits of FDI. However, the indirect effects are negative in the West
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and marginally significant in the Central region, suggesting uneven spillover impacts.

In summary, transportation infrastructure exhibits varied impacts on industrial produc-

tion and regional dynamics across the East, Central, and West provinces, with rail density

emerging as the most significant driver of regional development through its robust spillover

effects. Road density, however, has mixed results, with significant positive spillovers only in

the East, indicating its limited role in broader regional development elsewhere. Waterway

transportation demonstrates modest positive spillovers exclusively in the West, emphasizing

its niche contribution to regional integration in areas with navigable rivers.

We also present the spillover result with the distance weight matrix in Table1.10. It pro-

vides additional insights into the spatial spillover effects of transportation infrastructure on

industrial production across East, Central, and West provinces.

Road density continues to exhibit significant direct, indirect, and total effects across all

regions, with spillovers most pronounced under W2. Direct effects are positive and signifi-

cant, smaller than under W3 but larger than W1. Indirect effects are substantial and highly

significant, surpassing those under W3 and W1.

In the Central region, direct effects are slightly lower than under W3 but higher than W1,

showing consistent local benefits. Indirect effects are lower than under W3 but still exceed

those under W1.

For the Western region, direct effects are significant and consistent with W3. Indirect effects

are significantly higher under W2, almost doubling the spillovers seen under W3 and W1.

These results reinforce the strong spatial spillover role of road infrastructure, especially in

under-connected areas.
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Table 1.10: Regional Analysis with Distance-W2

Weight Matrix East Central West
Road Density Direct 0.087*** 0.138*** 0.138***

(3.000) (3.440) (3.610)
Indirect 0.561*** 0.307** 1.072***

(4.730) (2.350) (3.700)
Total 0.648*** 0.445*** 1.211***

(5.040) (2.880) (3.790)
Rail Density Direct -0.019 -0.176*** 0.007

(-0.350) (-2.660) (0.120)
Indirect 0.227 -0.346 0.164

(0.680) (-1.280) (0.340)
Total 0.208 -0.523 0.171

(0.560) (-1.620) (0.320)
Inland Waterway Direct -0.008 -0.093*** 0.026

(-0.760) (-2.530) (1.320)
Indirect -0.039 -0.223 0.192

(-0.660) (-1.370) (1.100)
Total -0.047 -0.316 0.218

(-0.700) (-1.590) (1.140)
lnGOVE Direct -2.138*** -1.221*** 0.087

(-11.620) (-3.240) (0.780)
Indirect 1.870** -0.517 1.242

(2.230) (-0.340) (1.140)
Total -0.268 -1.738 1.328

(-0.290) (-0.990) (1.110)
lnFDI Direct 1.140*** 0.614** -0.053

(9.570) (2.140) (-0.600)
Indirect -1.041 0.200 -1.075

(-1.600) (0.170) (-1.590)
Total 0.098 0.814 -1.128

(0.140) (0.590) (-1.500)
lnLabour Direct -0.131*** 0.188*** 0.148***

(-4.230) (3.070) (2.950)
Indirect 0.086 -0.151 -0.287***

(1.100) (-1.420) (-3.400)
Total -0.046 0.037 -0.138

(-0.570) (0.330) (-1.590)
Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * indicate significance at the 1%, 5%, and
10% levels, respectively.
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Rail density, by contrast, shows weaker and more variable effects under W2 compared to W3

and W1. In the East, direct effects are insignificant, similar to W3 but contrasting with W1,

where indirect spillovers (0.514) were significant.

In the Central region, direct effects are significantly negative, consistent across W2 and W1.

Indirect and total effects remain negative and insignificant, reinforcing the view that rail

infrastructure faces inefficiencies in this region.

In the Western region, all effects remain insignificant, consistent with findings under W1 and

W2, suggesting minimal contributions of rail density to economic spillovers in the West.

Waterway transportation has limited but region-specific effects under W2, emphasizing its

role in the West. All effects are insignificant, consistent with W1 and W3, confirming that

waterways are not a critical factor in shaping economic outcomes in the East. The other

results are consistent with W1and W3

Across all regions and matrices, road density consistently shows a positive impact on in-

dustrial production, indicating that improvements in road infrastructure tend to increase

output levels. Notably, the direct effects are significant in all cases, underscoring the local

importance of road connectivity in facilitating industrial activity. Indirect effects are also

significant in most scenarios, suggesting robust spatial spillover benefits to neighbouring re-

gions. For example, under the distance matrix W2, the total effect is highest in the Western

region, reflecting a strong combined local and spillover impact of road density on provinces

with similar economic levels. This pattern highlights the crucial role of road networks in

bridging spatial and economic gaps, particularly in less-developed areas.

The economic spatial dependency as Table1.11, which is based on economic linkages rather

than purely geographic factors. Compared to the adjacency W1 and distance W2 weight

78



Table 1.11: Regional Analysis with Economic-W3

Weight Matrix East Central West
Road Density Direct 0.179*** 0.157*** 0.129***

(5.160) (4.060) (3.460)
Indirect 0.219*** 0.359*** 0.511***

(3.770) (3.310) (4.880)
Total 0.398*** 0.517*** 0.640***

(5.260) (3.840) (4.940)
Rail Density Direct 0.003 -0.171*** -0.048

(0.040) (-2.720) (-1.060)
Indirect 0.113 -0.175 -0.007

(1.100) (-0.880) (-0.060)
Total 0.115 -0.347 -0.055

(0.740) (-1.370) (-0.350)
Inland Waterway Direct -0.009 -0.083*** 0.051**

(-0.740) (-2.800) (2.490)
Indirect 0.002 -0.138 0.246***

(0.120) (-1.370) (2.780)
Total -0.006 -0.222* 0.297***

(-0.230) (-1.710) (2.790)
lnGOVE Direct -1.786*** -0.673 0.192

(-8.330) (-1.630) (1.660)
Indirect 1.413*** -1.790 1.304**

(3.840) (-1.460) (2.040)
Total -0.373 -2.463 1.496**

(-0.770) (-1.690) (2.000)
lnFDI Direct 0.882*** 0.485 -0.260**

(5.930) (1.640) (-2.400)
Indirect -0.839** 1.074 -1.233***

(-3.140) (1.160) (-2.700)
Total 0.043 1.559 -1.493***

(0.120) (1.350) (-2.700)
lnLabour Direct -0.138*** 0.091* 0.108

(-4.220) (1.950) (1.530)
Indirect -0.058 -0.045 -0.416***

(-1.300) (-0.520) (-5.920)
Total -0.196*** 0.046 -0.307***

(-3.890) (0.460) (-5.370)
Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * indicate significance at the 1%, 5%, and
10% levels, respectively.
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matrices, W3emphasizes inter-regional economic ties, revealing differences in the magnitude

and direction of effects.

Road density maintains its importance across all regions under the economic distance weight

matrix W3, with both local and spillover effects contributing to industrial production. In

the East, direct effects are significant and positive (0.179), with an elasticity of 0.070, un-

like the adjacency matrix W1, where direct effects were insignificant. This indicates that

road infrastructure directly supports local industrial production when economic similarity

is considered rather than pure geographic adjacency. Indirect effects, at 0.219 (elasticity

0.086), remain significant but are smaller than under W1, suggesting that while spillovers

to economically similar neighbouring provinces persist, they may weaken with geographic

distance. This result aligns with Donaldson (2018), who found that improvements in road

infrastructure can generate positive impacts on regional industrial output.

In the Central region, direct effects are significant and positive, showing a stronger local

role for road density under W3 compared to W1. Indirect effects are also larger than in

W1, indicating that economic proximity enhances spatial spillovers in this context. In the

West, road density continues to exhibit the strongest spillover effects, with indirect effects

dominating, highlighting its importance in facilitating economic integration across distant

but economically similar provinces.

Rail density, in contrast, exhibits weaker and more negative impacts under W3 . In the

East, both direct and indirect effects are insignificant, contrasting with the positive spillovers

observed under W1. In the Central region, direct effects are significantly negative, consistent

with W1, and indirect and total effects remain insignificant, suggesting limited regional

benefits and persistent inefficiencies in the spatial deployment of rail infrastructure. In the
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West, all effects remain insignificant, reinforcing the view that rail density currently plays a

minimal role in shaping economic outcomes in this region.

Waterway transportation exhibits more pronounced and region-specific effects under W3,

particularly in the West. In the East, all effects remain insignificant, consistent with W1,

indicating the limited role of waterways in this region. In the Central region, direct effects

are significantly negative, highlighting local inefficiencies. Indirect and total effects are

insignificant, reflecting limited regional spillovers. In the West, waterway transportation

demonstrates significant positive spillovers, with indirect effects and total effects contributing

to regional integration and industrial production.

Overall, the results for road density consistently demonstrate the strongest and most widespread

benefits across all regions, particularly under the economic weight matrix W3. Under

W3, road infrastructure excels in fostering regional integration through strong economic

spillovers, especially in economically linked regions such as the West, where its effects are

most pronounced. In contrast, adjacency-based spillovers under W1 emphasize the impor-

tance of local accessibility, while geographic distance under W2 highlights road density’s

dual role in supporting both local and regional industrial production.

Rail density, by contrast, exhibits more localized and limited effects, with benefits dimin-

ishing significantly as spatial distance or economic linkages are considered. Under W1, rail

networks show positive effects in geographically proximate regions like the East, where they

enhance short-range industrial connectivity. However, these benefits are largely absent un-

der W2 and W3, where negative or insignificant effects dominate, particularly in the Central

region, reflecting possible inefficiencies or misalignment between rail infrastructure and in-

dustrial demand.

81



Waterway transportation, while less impactful than rail or road infrastructure, shows a niche

role in addressing geographic isolation, particularly in the West. Spillover effects are most

evident under W1 and W3, where waterways support regional integration in provinces with

navigable rivers.

Our study demonstrates that different economic regions experience varying levels of spillover

effects, similar with the findings of Yu et al. (2013), which indicate that positive spatial

spillover benefits are weaker in economically less developed regions, particularly in the west-

ern provinces.

Our research shows that when building a multi-mode transportation system, priority con-

struction options need to be considered based on local conditions. The differences in effects

across matrices and regions suggest that policymakers should tailor infrastructure invest-

ments to the specific spatial dynamics and economic contexts of the regions they aim to

develop.

1.6 Conclusion

Our study makes several key contributions to the literature on spatial economics and trans-

portation infrastructure.

First, we contribute to the understanding of the heterogeneous regional impacts of trans-

portation infrastructure by providing further empirical evidence supporting prior findings,

such as those in Yu et al. (2013), Faber (2014), Qin (2016), and Banerjee et al. (2020). On

one hand, our results confirm that certain types of infrastructure, particularly rail networks,

can produce negative or negligible effects in some regions, consistent with the concerns
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raised by Qin (2016) and Baum-Snow et al. (2017) . On the other hand, we reaffirm findings

from Yu et al. (2013), emphasizing that local economic development levels are critical in

determining the direction and strength of these effects.

Our analysis reveals substantial regional variation in how different transportation modes—

roads, railways, and inland waterways—influence industrial production. These effects are

not uniform, and they vary significantly depending on both transport mode and the spatial

weight matrix employed, highlighting the need for region-specific multimodal transportation

strategies.

Second, we explore the spatial spillover effects of transportation infrastructure using three

distinct spatial weight matrices: adjacency W1, geographic distance W2, and economic con-

nectivity W3.

Our baseline results confirm that both road and rail density exert statistically significant

direct and indirect effects on regional industrial output. However, the magnitude and sig-

nificance of these effects are highly sensitive to the spatial matrix applied. Compared to the

0–1 adjacency matrix, the distance and economic matrices yield a more accurate reflection

of spatial dynamics, as they better capture functional and economic relationships beyond

administrative boundaries.

The distance matrix W2 accounts for true geographic proximity and enables the detection

of spillover effects across physically close regions, regardless of jurisdiction. The economic

matrix W3, by contrast, identifies linkages through industrial interdependence, trade flows,

and economic similarity, making it particularly useful in capturing non-contiguous but eco-

nomically tied regions. Together, these spatial matrices allow us to reveal stronger, more

meaningful spatial interactions than those captured by adjacency alone.
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Finally, this study bridges spatial econometric modelling with policy implementation by

demonstrating how transportation infrastructure effects vary across space and by infras-

tructure type. Policymakers must consider not just whether to invest in infrastructure, but

what type of infrastructure, where, and for whom.

For instance, where road networks show strong spillover effects—especially in less-developed

but geographically central regions—investments should prioritize enhancing road connectiv-

ity. In areas where rail infrastructure yields limited or even negative returns, complementary

policies such as logistics integration or demand-side restructuring may be needed. Mean-

while, inland waterway infrastructure, due to its context-dependent impacts, requires careful

evaluation tailored to regional geography, industrial mix, and trade accessibility.

In conclusion, infrastructure policy should shift from “one-size-fits-all” to “region-specific

and mode-appropriate.” By aligning transport investments with spatial dynamics, regional

development goals, and infrastructure spillover patterns, governments can foster more ef-

ficient, equitable, and sustainable economic growth. This spatially targeted approach not

only improves local industrial capacity but also strengthens regional linkages, laying the

foundation for balanced and resilient development.
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Chapter 2

Spatial Dynamics of Freight

Efficiency: Use of Synthetic

Instruments to Overcome

Endogeneity
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Abstract

This paper explores the application of eigenvector-based spatial filters to construct synthetic

instruments within a dynamic spatial Durbin model. By employing an exogenous geographic

matrix, the technique strategically avoids weak instruments through a controlled selection

process. The validity of these instruments is then confirmed using the generalised method of

moments (GMM). Additionally, we conduct empirical regional analyses to gauge the spatial

effects of these instruments. The results indicate that synthetic instruments significantly

capture spatial effects in the model, although their performance is contingent upon the

rigour of the selection process and the appropriate threshold of instrument quantity. The

empirical results indicate that freight efficiency clearly impacts spatial dynamics. In other

words, when rail and road freight productivity improves in one region, it positively influences

industrial production in neighbouring areas.

Keyword: Spatial Econometrics, Heterogeneity, Synthetic Instruments, Two-step GMM,

Dynamic Spatial Durbin Model.

Presented at 18th Spatial Econometrics World Conference, University of Groningen, the

Netherlands, July 2024.
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2.1 Introduction

Road freight and rail transport are indispensable to the functioning of modern industry and

regional economies, playing a vital role in linking supply and demand. These transportation

modes occupy a unique socioeconomic position, as they facilitate the movement of goods

essential for the continuity of industrial operations and economic activities. The core purpose

of transportation is to connect markets and production hubs.

Worldwide, logistics expenditures represent approximately 10%–15% of global GDP (Ro-

drigue, 2024). For the transport of commodities, logistics costs typically range between 20%

and 50% of their total costs (Rodrigue, 2024). Efficient freight connectivity serves as an

essential driver of regional GDP growth and employment, as it reduces transportation costs,

enhances supply chain efficiency, and supports economic activities across sectors.

Authorities also recognise that efficient transportation infrastructure is a key to ensure fast

and reliable cargo movement. A dependable transportation system minimises delays and

reduces transportation costs, both of which are crucial for enhancing industrial productivity

and maintaining competitiveness in the market.

However, the health of transportation systems does not solely depend on the construction

and investment in large-scale transportation infrastructure. While these are undoubtedly

important, broader factors such as freight services contribute significantly to the efficiency

of delivering resources and goods.

A crucial yet often overlooked aspect of transportation efficiency is the range of support-

ing services that underpin transportation infrastructure. These services include logistics

management, storage solutions, and the dedicated personnel involved in freight operations.
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Service personnel—such as drivers, logistics planners, warehouse workers, and maintenance

staff—form the backbone of the transportation sector. For instance, the express delivery

business in China experienced a significant revenue increase from 2018 to 2019, reaching

749.782 billion yuan, an increase of 24.2%. 1 This growth addresses the critical role of these

supporting services and personnel in driving economic development.

Nevertheless, analysing the economic impact of these transport factors presents a core chal-

lenge in transport research: the endogeneity of transport. Freight transport is considered

endogenous because it is influenced by interactions within the economic system. Logistics

efficiency is shaped not only by market structure and demand dynamics but also by the level

of economic activity. For instance, as manufacturing output increases, firms’ demand for

freight services rises. Efficient freight services can reduce transportation costs and shorten

delivery times, thereby improving corporate productivity. Additionally, logistics efficiency is

often shaped by regional policies, such as infrastructure development, traffic regulations, and

government investments, further complicating the issue of endogeneity in transport factors.

To address these issues, this study focuses on two main themes: first, how to effectively

address the endogeneity of freight transport efficiency; and second, assessing the direct and

indirect impacts of freight efficiency on regional industrial production. By quantifying the

contribution of freight efficiency to industrial development, we aim to better understand the

role of the logistic system in driving regional industries.

In pursuit of the first goal, we build on geographical research employing the eigenvector-based

spatial filtering approach, introduced by Griffith (2003). The spatial filtering approach uses

eigenvectors derived from a transformed connectivity matrix to construct filtered synthetic
1Statistical Bulletin on Transport Sector Development 2019, Ministry of Transport, Retrieved from:

https://www.gov.cn/xinwen/2020-05/12/content_5510817.htm
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instruments that remove spatial patterns from the model residuals. This method allows for

the use of exogenous instruments from the geographic weight matrix while relying on the

endogenous variables to select the relevant eigenvectors.

We also pose several research questions to guide our inquiry. First, how effective are syn-

thetic instruments—specifically those derived from geographic weight matrices—in mitigat-

ing the endogeneity of transportation variables within spatial models? This question leads

to a deeper examination of whether the eigenvector-based spatial filtering approach can ef-

fectively isolate and neutralise endogenous correlations, thereby eliminating biases from the

results. Another critical area of inquiry concerns the robustness of these methodologies:

considering the interaction between geographic impacts and temporal changes in regional

economic outcomes, how do variations in spatial thresholds affect the predictive power and

accuracy of dynamic models?

Regarding the second objective, we test the instrumental variables we constructed using

empirical data from 30 provinces in China from 2001 to 2019. Our analysis include an

evaluation of the robustness of these instruments in reflecting the interconnectedness of

regional economies. Furthermore, we discuss the ability of the chosen instrumental variables

to capture spatial relationships.

Our results show that the selection of synthetic instrumental variables must carefully account

for their spatial characteristics. Instruments with higher spatial coefficients are more effective

because they not only align with the spatial tendencies of the endogenous variables but

also capture a broader range of spillover effects within a dynamic spatial Durbin model.

These variables maintain consistency in terms of spatial dependence, ensuring that the

spatial relationships observed in the endogenous variables are accurately reflected in the
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instruments.

The empirical findings also reveal that selecting the most spatially efficient synthetic in-

strumental variable enables us to better capture the dynamic impact of freight efficiency

on regional industrial production. In the short term, increased freight efficiency can lead

to resources and economic activity flowing to surrounding regions, potentially resulting in a

temporary decline in local production value as firms and industries benefit from improved

access to neighbouring markets. However, over the long term, this redistribution of resources

and enhanced connectivity foster greater regional integration and efficiency, ultimately ex-

erting a positive impact on local industrial production.

As this chapter addresses both spatial econometrics and empirical research findings, it is

extensive in length. The remainder of the paper is organised as follows: Section 2.2 pro-

vides a literature review. Section 2.3 presents a description of the empirical data. Section

2.4 outlines our methodology, including an analysis of endogeneity. Section 2.5 focuses on

the construction and selection of eigenvectors within the econometric analysis. Section 2.6

illustrates our empirical findings. Section 2.7 offers a residual analysis. Finally, Section 2.8

concludes the paper with a summary of the findings and their implications.

2.2 Literature Review

This section addresses two key aspects of the literature: (1) Freight Productivity in Regional

Production, and (2) Synthetic Instrument Construction.
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2.2.1 Freight Productivity in Regional Production

In many major economic studies, freight efficiency is typically considered part of transport

costs (Behrens and Picard, 2011; Donaldson and Hornbeck, 2016; Donaldson, 2018; Bran-

caccio et al., 2020). However, there remains a significant gap in research directly examining

the impact of freight productivity on regional economies. This paper contributes to the

literature by exploring the role of freight service productivity in regional economic develop-

ment. Specifically, we investigate the mechanisms through which freight services influence

regional growth and provide an overview of existing studies addressing the endogeneity of

freight services.

Freight distribution is receiving increased attention in recent research. Early studies em-

phasised that productivity gains in manufacturing increasingly originate from improvements

at terminals rather than from the efficiency of transportation modes themselves (Rodrigue,

1999). The efficiency and effectiveness of transportation systems are intrinsically tied to

freight labour productivity, as transportation forms the backbone of logistics operations.

When transportation systems are well supported, freight labour can operate at optimal

levels, ensuring timely deliveries while reducing the time and resources required for each

shipment.

Transport cost theory posits that lower transportation costs—achieved through high freight

labour productivity—lead to reduced production costs for industries. This cost reduction

enhances the competitiveness of industries both domestically and internationally (Blair and

Carroll, 2009). Furthermore, effective supply chain management depends heavily on the

productivity of the freight labour sector. High productivity facilitates seamless coordina-

tion between various stages of production, from raw material procurement to final product
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delivery, thereby improving overall supply chain efficiency (Hesse and Rodrigue, 2004).

However, freight services, like other transport factors, present endogenous challenges that

conflict with the standard regression assumption of exogeneity. One primary challenge is

that freight services are intricately linked to infrastructure development. Regions with supe-

rior transport networks tend to exhibit higher freight labour productivity, which enhances

the competitiveness and productivity of local industries, contributing to regional economic

growth and development (Rodrigue, 2024). Similarly, the structure of the regional econ-

omy, including market and industrial composition, also has a significant impact on freight

services. For instance, market and industrial structures directly influence the product range

and timeliness of freight transport, with regions favouring manufacturing industries relying

more heavily on freight transport efficiencies (Kent, 2010).

To prevent endogeneity from compromising the validity of our model, we now turn to the

approaches discussed in the existing literature. Various studies have employed a range of

techniques to address endogeneity, such as the use of instrumental variables to isolate the

exogenous variation in independent variables. Additionally, methods such as the two-stage

least squares (2SLS) approach, the generalised method of moments (GMM), and control

function approaches are commonly used to correct for endogeneity. These methods introduce

external instruments or controls that are correlated with the endogenous regressors but

uncorrelated with the error term, thereby improving the robustness of the estimation process.

2.2.2 Synthetic Instrument Construction

To address the process of constructing synthetic instruments, we have organised this section

into three subsections. First, we examine endogeneity in spatial econometrics, focusing on
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the inherent endogeneity issues that arise in this field. Next, we explain the methodology

for constructing instruments using a supervised spatial filter threshold. This technique

involves filtering out spatial noise and isolating significant spatial patterns that influence the

dependent variable, thereby improving the precision of the instruments. Finally, we evaluate

the effectiveness of the constructed instruments, including an analysis of their performance

in addressing endogeneity and capturing the true spatial relationships.

Endogeneity in Spatial Econometrics

We now discuss how spatial dependencies and interactions within the data can bias tradi-

tional econometric models. Spatial models examine the relationships between locations in

close proximity to one another. To capture spatial interaction, spatial regressions incor-

porate three types of effects: spatial endogenous interaction effects among the dependent

variable, exogenous interaction effects among the independent variable, and interaction ef-

fects on the error term (Elhorst, 2014). These effects facilitate the analysis of spatial linkages

among regions but also introduce endogeneity issues in spatial models.

Endogeneity in spatial models becomes particularly problematic due to spatial spillovers,

where behaviour in one location influences and is influenced by neighbouring locations.

This interdependence means that economic or social changes in one area can propagate

to adjacent areas, creating complex relationships that are challenging to untangle. For

example, an increase in property values in one neighbourhood can lead to rising property

values in surrounding neighbourhoods. Similarly, a policy change in one city, such as the

introduction of a new tax or subsidy, can affect economic outcomes in neighbouring cities

through mechanisms like increased trade, migration, or commuting.

These spatial spillovers introduce endogeneity because the observed outcomes in one loca-
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tion are not independent of outcomes in neighbouring locations (Elhorst, 2014). This inter-

connectedness violates the standard econometric assumption that explanatory variables are

uncorrelated with the error term, leading to biased and inconsistent estimates if not properly

addressed.

Omitted variable bias is another critical issue in spatial models. If significant spatially

varying factors—such as environmental conditions, infrastructure quality, or local policies—

are excluded from the model, their effects may spill over into neighbouring regions. This

omission can result in overestimation or underestimation of the true spatial effects, further

compromising the validity of the estimates.

Measurement errors also present challenges in spatial models. Inaccuracies in data collec-

tion, such as imprecise geographic boundaries or incorrect population counts, can introduce

spatially correlated errors. These errors can bias the estimation of spatial effects, leading to

incorrect conclusions about the relationships between variables.

Simultaneity in spatial models arises when the dependent variable and one or more explana-

tory variables influence each other simultaneously. For instance, economic growth in a region

may attract new businesses, which in turn stimulates further economic growth, creating a

bidirectional relationship. This simultaneity complicates the establishment of causality and

can result in biased estimates if not adequately accounted for.

Addressing endogeneity in spatial models is essential for obtaining unbiased and consistent

estimates of spatial effects and parameters. Techniques such as instrumental variable (IV)

methods, spatial lag models, and spatial error models are commonly employed to mitigate

endogeneity. By correctly specifying the model and adopting appropriate estimation tech-

niques, researchers can draw valid and reliable conclusions about the spatial relationships
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and effects in their study.

Numerous spatial econometricians have developed methods to address endogeneity in spatial

models, aiming to ensure that spatial relationships and effects are accurately estimated while

avoiding biases introduced by endogeneity.

One notable contribution is the development of methods for spatial models that include

endogenous variables among the regressors. For instance, Fingleton and Gallo (2008) in-

troduced a generalised spatial two-stage least squares estimator for spatial autoregressive

models. This approach employs spatially lagged exogenous variables as instruments for

the endogenous variables, thereby mitigating the endogeneity problem and producing more

reliable estimates.

Building on this work, Gallo and Páez (2013) integrated the geographic spatial filter devel-

oped by Griffith (2003) to construct eigenvectors for endogenous variables in cross-sectional

spatial models. This approach helps to extract the spatially correlated component of the

endogenous variable, thereby reducing measurement error bias. The geographic spatial filter

effectively isolates the spatial structure in the data, facilitating the resolution of endogeneity

issues.

More recently, Fingleton (2022) advanced the field further by developing a dynamic spatial

panel model with synthetic instruments and a difference generalised method of moments

estimation. This method is particularly effective in overcoming the challenges of weak or

invalid instruments, which can undermine the reliability of IV methods. By incorporating

synthetic instruments and addressing simultaneity bias, Fingleton’s approach provides a

robust framework for estimating dynamic spatial models.
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Eigenvectors, Spatial Filter, and Synthetic instruments

Addressing endogeneity in spatial econometric models presents a significant challenge: main-

taining correct spatial dependencies while ensuring the exogeneity of the instruments used.

Directly employing other exogenous instruments often fails to replicate the same spatial de-

pendence as the endogenous variables, resulting in inaccurate estimations and biased results.

To overcome this, constructing synthetic instruments tailored to the spatial characteristics of

the data is essential. These synthetic instruments preserve spatial dependencies and capture

the true relationships within the model.

The eigenvector-based spatial filtering method developed by Griffith (2003) has been widely

applied across various disciplines to address this issue. This method generates proxy vari-

ables, known as spatial filters, by decomposing a transformed and exogenously defined con-

nectivity matrix that represents the dependence structure among the units of analysis (Juhl,

2022). Spatial filters constructed from eigenvectors can then be used to create synthetic in-

struments.

Eigenvectors represent distinct orthogonal spatial patterns that capture the spatial structure

of the data. They are derived through a principal component analysis of the spatial autocor-

relation matrix, which quantifies the degree of similarity between neighbouring observations

(Juhl, 2022). The spatial autocorrelation matrix is itself derived from a spatial connectivity

matrix, which defines geographic relationships among observations based on criteria such as

distance, adjacency, or contiguity.

Each eigenvector corresponds to an eigenvalue that indicates the amount of spatial varia-

tion explained by that eigenvector. These eigenvectors can be ranked according to their

eigenvalues and used to decompose the spatial variation of a variable into different scales or
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patterns (Griffith, 2003; Tiefelsdorf and Griffith, 2007).

Spatial filters, which are weighted linear combinations of eigenvectors, extract the spatially

correlated component of a variable. They account for spatial heterogeneity or spillover

effects, which might otherwise bias the coefficient estimates of interest. The selection of

eigenvectors for spatial filters depends on research priorities. For example, Pace et al.

(2012) recommend including only a subset of eigenfunctions with the largest eigenvalues.

This careful selection ensures that spatial autocorrelation effects and their directions are

appropriately captured.

Synthetic instruments are artificial variables constructed from the spatial configuration of the

system, satisfying the requirements of instrumental variables. According to Fingleton (2022),

synthetic instruments are the predicted values obtained by regressing variables influenced

by spatial terms and their neighbouring values on weighted sums of some orthogonal map

patterns from a symmetrical N by N matrix of geographic connections. These synthetic

instruments can overcome the problem of weak or invalid instruments in spatial panel data

models, particularly when the spatial lag or error term is endogenous.

By constructing synthetic instruments tailored to the spatial characteristics of the data,

researchers can preserve spatial dependencies and achieve more accurate estimations. This

approach mitigates the risk of biased results and enhances the reliability of spatial econo-

metric models.

Estimation of Instruments

Finally, our research contributes to the literature on synthetic instrument estimation. The

choice and validity of instruments are critical for obtaining reliable and consistent estimates
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of model parameters. However, the use of instruments presents numerous challenges, includ-

ing over-identification, instrument proliferation, weak instrument bias, multicollinearity, and

endogeneity.

Over-identification occurs when the number of instruments exceeds the number of endoge-

nous variables in an instrumental variable (IV) model. This imbalance can lead to issues

such as instrument proliferation and weak instrument bias, undermining the validity of IV

estimates. For example, Fingleton (2022) conducted an over-identification test using the

number of eigenvectors as instruments and found evidence of instrument proliferation. To

address this, Baltagi et al. (2019) employed a spatial version of the difference generalised

method of moments estimator, which is well-suited for handling multiple synthetic instru-

ments and spatial dependence. This approach mitigates the errors associated with the

standard two-stage least squares estimator in spatial regression models.

Multicollinearity often arises when the independent variables in a model are highly corre-

lated, which can result from the data structure or a lack of variability among predictors.

This issue complicates the estimation of precise and consistent model coefficients. Griffith

(2003) highlighted that spatial lag in spatial regression models can exacerbate multicollinear-

ity, particularly in models such as the spatial Durbin model and the spatial autocorrelation

lag model, where spatial lag and synthetic instruments coexist. To address multicollinear-

ity, the method proposed by Juhl (2022), based on the variance inflation factor, can be

utilised in the final residual estimation. This method helps identify and reduce the impact

of multicollinearity, ensuring more reliable estimates of the model coefficients.

Based on these reviews of the literature, we developed the following hypotheses to guide our

estimation:
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• Synthetic instruments derived from the eigenvector-based spatial filter are valid and

exogenous, and can be used to measure the impact of endogenous transport services

on regional economic outcomes.

• Synthetic instruments derived from the eigenvector-based spatial filter are robust

across different spatial model specifications and estimation methods.

• The spatial lag and synthetic instruments are sufficiently distinct, avoiding issues of

collinearity.

In summary, our research makes several key contributions to the field of spatial economet-

rics. Firstly, we address the selection process for eigenvectors by implementing a refined

methodology for their identification and utilisation in our analysis. This approach improves

the understanding of how these vectors are chosen and applied in empirical research, offering

a clearer framework for other researchers.

Secondly, our study aims to validate the effectiveness and robustness of synthetic instruments

in spatial models. By conducting rigorous validity tests within our analytical framework,

we contribute to the empirical validation and understanding of their utility in capturing the

true impacts of transportation on regional economic outcomes.

In the next section, we describe the methodology of this chapter in greater detail, including

the data sources, model specification, and estimation techniques.

2.3 Empirical Data Description

Our analysis draws on annual data from 30 provinces, municipalities, and autonomous re-

gions in China, spanning the period from 2001 to 2019. These data, primarily sourced
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from the annual provincial sections of the National Bureau of Statistics of China and the

China Statistical Yearbook, are complemented by geographic coordinates—latitude, longi-

tude, and provincial borders—obtained from Google Maps.2 This combination provides a

comprehensive spatial and temporal context for our study.

We exclude Hong Kong, Macau, Taiwan, and Tibet from the analysis. Taiwan, Hong Kong,

and Macau have distinct economic and administrative systems, making data standardisation

and interpretation inconsistent with those of mainland China. Tibet is excluded due to lim-

ited reliable data, primarily resulting from its remote location and infrastructural challenges.

Including these regions could compromise the consistency and validity of our findings.

The data description includes both economic and geographic data, as detailed in Table B.1

in the appendices. Our research focuses on the annual value-added of industrial production

as the dependent variable. This metric captures the net output of industrial enterprises

at year-end, representing the monetary value of their production activities after accounting

for all costs and intermediate consumption. According to the National Bureau of Statistics

of China, value-added industrial production reflects the net results of industrial production

activities, excluding external costs and inputs, thereby offering a clearer picture of industrial

production and growth. 3

For the independent variables, we assess freight efficiency as a measure of freight services

within the transportation system. Freight efficiency is defined as the ratio of total freight

volume to the number of employees engaged in freight transportation activities within a given

region. We adopt the measurement proposed by Rodrigue et al. (2006), which evaluates

transportation systems in terms of productivity. Productivity metrics, such as the output-
2China Statistical Yearbook, from: https://www.stats.gov.cn/english/Statisticaldata/yearbook/
3Indicators Explanation and Calculation notes from: https://data.stats.gov.cn/english/easyquery.htm?cn=E0103
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to-labour ratio, are central to assessing transport services, as they reflect the efficiency

of labour in handling freight volumes. This ratio is particularly effective for evaluating

transport service productivity, as it directly relates freight volume to the number of workers,

providing clear insights into labour efficiency and overall service performance.

Specifically, we consider all labour involved in freight services as carriers supplying trans-

port services for shipping industrial goods. Freight efficiency is calculated by dividing the

combined freight volume of rail and road by the local employment figures in the freight trans-

port sector. Transport freight productivity reflects how effectively the sector contributes to

economic activity by examining the industrial output generated per worker. Higher pro-

ductivity in the transport sector indicates that each transport worker facilitates greater

industrial output, signifying increased economic value generated with fewer labour inputs.

As noted in the previous section, freight services are not expected to be exogenous. Ship-

ping factors are often subject to endogeneity due to omitted variables, such as regional

policy interventions or broader economic influences that significantly affect freight services.

The provision of transportation services is inherently linked to strategic decisions regarding

investment in specific transport technologies (Hafner et al., 2022). Additionally, Behrens

and Picard (2011) emphasise that freight services are shaped by the spatial distribution

of demand within regional markets. The spatial concentration of industries can result in

inelastic transportation services due to high localised demand, further contributing to the

endogenous nature of freight services in regional studies.

Our empirical regression incorporates several control variables to account for regional char-

acteristics. These include population size, education level, labour force, government support,

and regional economic level. Population size is included as it provides both a labour pool
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and a consumer base critical for industrial activity. Government support, measured through

general government expenditure, evaluates the role of public policies and investments in fa-

cilitating or obstructing industrial activities.

Education expenditure is used as a proxy for education level, reflecting the region’s invest-

ment in skills development and its influence on workforce productivity and industrial output.

We select total education expenditure as the control variable instead of per capita educa-

tion expenditure to avoid multicollinearity, as per capita expenditure is derived from total

expenditure and population, the latter of which is already included in the model. Total

education expenditure provides a direct measure of educational investment and aligns with

policy perspectives, which typically focus on the overall allocation of educational resources

and their contributions to regional development rather than per capita levels.

Furthermore, nominal economic indicators are adjusted for price changes using production

price indices to obtain real values. This adjustment facilitates accurate temporal com-

parisons by accounting for inflationary effects. For statistical estimation, all variables are

transformed into their logarithmic forms to stabilise variance and normalise data distri-

bution. However, the logarithmic transformation is not applied to the GDP growth rate,

preserving the linear nature of growth measurements over time. A statistical description is

presented in Table B.2 in the Appendix.

2.4 Methodology

This section builds on earlier results by integrating a dynamic spatial Durbin model (SDM)

with synthetic instruments to refine our estimation approach. We begin by developing a

dynamic SDM model that incorporates the empirical data discussed in the preceding section.
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First, we define our model using a binary weight matrix to represent inter-provincial con-

nectivity in China. This weight matrix captures spatial relationships between provinces,

reflecting how changes in one region may influence neighbouring regions. Next, we employ

supervised spatial filters to generate feature eigenvectors. These eigenvectors are analysed

using the coefficient of spatial autocorrelation to ensure they accurately represent the spatial

structure of the data. This step is critical for preserving spatial dependencies in subsequent

estimations.

To evaluate the efficacy and potential over-identification of the synthetic instruments, we

apply the two-step GMM. This method enables the use of instrumental variables that are

correlated with endogenous regressors but uncorrelated with the error term. By employing

GMM, we test the validity of our instruments through over-identification tests, such as the

Hansen J-test, which assesses whether the instruments are appropriate and free from bias.

The two-step GMM approach further improves efficiency by utilising a robust weighting

matrix in the second step.

After establishing the validity of the instruments, we analyse their effectiveness in capturing

spatial spillover effects over both short-term and long-term periods. In the short term,

spillover effects may be limited or localised, but over time, these impacts can extend across

a broader geographic area as economic linkages and infrastructure networks strengthen.

Lastly, we perform a residual analysis to investigate the robustness of the instruments used in

the model. This step ensures that the residuals—the unexplained portions of the model—do

not exhibit systematic patterns, such as those indicative of omitted variable bias, autocorre-

lation, or other specification issues. By verifying that the residuals are randomly distributed

as expected, we confirm that our model is well-specified and that the instruments do not
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introduce bias or distort the relationships between variables.

2.4.1 Weight Matrix

In our study, we employ adjacent weight matrices to construct synthetic instruments and

estimate spatial relationships in a subsequent section. Weight matrices define the spatial

relationships among different regions, enabling us to capture the influence of one region on

another. These relationships are typically based on criteria such as contiguity, specifically

whether regions share a border.

We specifically use geographic weight matrices represented as binary adjacency matrices. In

these matrices, each element Wij is defined as follows:

Wij =


1, if i and j are neighbors,

0, not neighbors.
(2.1)

This binary adjacency matrix indicates whether two regions share a border (1) or not (0).

Using such matrices is a common practice in the construction of eigenvectors for spatial

analysis (Tiefelsdorf and Boots, 1995; Griffith, 1996; Fingleton, 2022; Juhl, 2022).

To minimise spatial bias in instrumental variables, we standardise the spatial weights within

the model and construct instrumental variables accordingly. By incorporating the spatial

relationships defined by the weight matrices, we create synthetic instruments that preserve

the spatial dependencies inherent in the data.
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2.4.2 Synthetic Instruments Construction

We adopt the methodologies proposed by Griffith and Chun (2014) and Juhl (2022) to

construct synthetic instruments using a supervised spatial filter. This process begins by

integrating endogenous variables with an exogenous weight matrix to derive eigenvectors.

The selection of eigenvectors is systematically guided by the application of a supervised

spatial filter, which employs the Moran Coefficient (MC) as a benchmark. As noted by Juhl

(2022), the MC quantifies the spatial autocorrelation of each eigenvector, providing a robust

basis for selecting those most suitable for our model. By applying this supervised filter, we

ensure that only eigenvectors containing meaningful spatial information are included in the

final model.

Eigenvectors Construction

The eigenvectors construction is based on the eigenfunction decomposition of a transformed

connectivity matrix, encapsulated by the equation from Juhl (2022)

MVM = EΛE ′ (2.2)

In this context, M represents a symmetric and idempotent projection matrix. V denotes the

predetermined connectivity matrix, with the eigenvectors in E being the orthogonal outputs

derived from MVM , and Λ being the diagonal matrix of eigenvalues. These eigenvectors

capture unique spatial patterns based on the spatial arrangement of units.

The projection matrix M is constructed as follows:
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M = I −X(X ′X)−1X ′ (2.3)

where I is the identity matrix and X is the design matrix of covariates. The resulting

eigenvectors are orthogonal to the design matrix, ensuring no correlation with the covariates.

As established in the literature, the selection of eigenvectors for the regression model is

restricted to a subset due to their number matching the count of observations (Juhl, 2022).

While the instruments employed by Gallo and Páez (2013) are suitable for cross-sectional

studies, identifying appropriate analogues for panel data analyses presents greater com-

plexity. Instrumental variables that are highly correlated with the regressors often become

unintentionally correlated with the error term, thereby compromising the validity of the

model. Conversely, instruments with low correlation to the endogenous variables tend to be

weak and lack relevance.

Fingleton (2022) addresses the validation of such synthetic instruments, particularly through

the application of the two-step GMM in dynamic panel regression models. To adapt this

approach for panel data analysis, we construct eigenvectors on an annual basis and subse-

quently aggregate them. This process ensures that the synthetic instruments remain relevant

and valid over time, enabling more accurate estimation within dynamic panel models.
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Figure 2.1: Visualization of All Eigenvectors

(a) Eigenvectors for Railservices (b) Eigenvectors for Roadservices
Note: The heat map illustrates a distribution of all eigenvectors relative to endogenous

variables.

To provide a comprehensive overview, we calculate the average values of the eigenvectors and

present these data in Figure 2.1. This figure illustrates the distribution of all eigenvectors

across various endogenous variables.

The figure reveals that both sets of eigenvectors exhibit a random distribution pattern.

Randomly distributed eigenvectors indicate that these vectors are statistically independent

of potentially confounding variables not included in the model. This independence ensures

that any correlation observed between the instruments and the dependent variables reflects

genuine causal relationships, rather than spurious associations arising from omitted variable

bias.

Supervised Eigenvector Selection

Selecting appropriate eigenvectors is a critical and flexible component of the eigenfunction

spatial filtering methodology. As outlined by Juhl (2022), the selection process can be di-
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vided into two filtering strategies, both of which are based on the spatial autocorrelation

inherent in the eigenvectors. The first strategy employs a direct threshold of spatial auto-

correlation to determine relevance, while the second strategy selects eigenvectors based on

the regression equation of residuals.

In both strategies, the initial step involves creating a candidate subset EC ⊆ E defined

according to established criteria. Subsequently, the final selection of eigenvectors is made,

which are then incorporated into the model.

The first approach aims to distinguish the value of eigenvectors which is associated with

the spatial autocorrelation measured by the MC. Griffith (2003) introduces a quantitative

threshold to delineate this subset by evaluating the ratio MCi

MCmax
for all eigenvectors i in

{1, 2, . . . , n}, including in EC those with a ratio exceeding 0.25. The exclusion of eigenvectors

linked with negative spatial autocorrelation is standard to prevent the confounding effects

of mixed autocorrelation signals.

Alternatively, Chun et al. (2016) propose an unsupervised spatial filter, which employs a non-

linear calculation to determine the optimal size of the candidate set based on the spatial

autocorrelation level and the quantity of eigenvectors with positive correlation. This method

is applicable only when the residuals exhibit positive spatial autocorrelation. In generalised

linear models, it is essential to ensure the uncorrelatedness of eigenvectors, analogous to

uncorrelated weights in linear models, to address multicollinearity concerns.

Dynamic spatial models often deviate from the assumptions of linear regression due to the

presence of spatial dependencies. To evaluate the spatial capabilities of our synthetic in-

struments, we utilise threshold-based supervised spatial filters. This method enables us to

systematically examine the performance of instruments by analysing geographic agglomera-
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tion trends and spatial autocorrelation, assessing how each factor distinctly influences spatial

dynamics within the model.

Therefore, we follow the MC approach, which was established by Griffith (1996) and Tiefels-

dorf and Boots (1995). The Moran coefficient, a measure utilized in spatial analysis, can be

computed for each eigenvector using a specific formula that incorporates the eigenvalue and

the number of observations. The MC for an eigenvector is given by Equation 2.4 . Where

λi is the eigenvalue associated with the ith eigenvector, n is the number of observations, and

1′V 1 represents the sum of the elements in the spatial weights matrix V , pre-multiplied and

post-multiplied by a row vector of ones :

MCi =
λin

1′V 1
(2.4)

As Juhl (2022) indicates, the first eigenvector depicts the spatial pattern permitted by W

with the largest possible degree of positive spatial autocorrelation, and the last eigenvectors

in the set capture patterns of negative autocorrelation. We present the mean MC for all

instruments over the examined years as illustrated in Figure 2.2. We highlight points with

a threshold ratio MCi

MCmax
≥ 0.25, which are prominently marked in the graph.
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Figure 2.2: Moran Coefficients for All Eigenvectors

(a) Rail Services Eigenvectors (b) Road Services Eigenvectors
Notes: The x-axis presents MC for all eigenvectors. The y-axis is the sequence number of the

eigenvectors. Points in colour are eigenvectors over the threshold: MCi

MCmax
≥ 0.25.

In our analysis, we sought to effectively address the issue of weak instruments. When the

residuals of a model exhibit positive spatial autocorrelation, it is essential to exclude eigen-

vectors with negative spatial autocorrelation to maintain analytical integrity. This approach

is based on the principles outlined by Tiefelsdorf and Griffith (2007), who suggest that com-

bining eigenvectors associated with both positive and negative spatial autocorrelation can

complicate the analytical process and introduce inconsistencies.

Given that the underlying variables in our study displayed positive spatial autocorrelation,

we carefully selected eigenvectors whose spatial autocorrelation patterns aligned with this

overall positive trend. This deliberate selection ensured that our analysis remained robust

by harmonising the characteristics of our instruments with the inherent spatial properties

of the data.

To further enhance the effectiveness of the instruments, we specifically selected the top ten

eigenvectors that exceeded the threshold in each case, as illustrated in Figure 2.2. These
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eigenvectors were chosen because they surpassed the threshold ratio and exhibited positive

MC, a measure of spatial autocorrelation. Selecting eigenvectors with positive MC ensures

consistency with the positive spatial autocorrelation present in the data, thereby reinforcing

the robustness and reliability of our instruments.

2.5 Econometric Analysis

This section presents the theoretical verification and spatial empirical analysis of the impli-

cations of synthetic instruments. Our simulation is based on the dynamic spatial Durbin

model.

We construct a simple dynamic SDM with a one-period lag on the dependent variable. The

SDM extends the Spatial Lag Model by incorporating both the spatially lagged dependent

variable and the spatially lagged independent variables within the regression equation (El-

horst, 2014). The dynamic SDM model is expressed as Equation 2.5:

Yit = γYit−1 + δWijYjt + ηWijYjt−1 + β1Xit + β2WijXit + νit (2.5)

The analysis encompasses N units, which may be interpreted as regions, locations, or in-

dividuals, observed across T temporal intervals. The matrix element Wij represents the

exogenous, spatial interaction in the i, jth position of the N × N spatial connectivity ma-

trix. Parameters γ, δ, η, β1, and β2 await estimation within the model framework. We

assume that the instruments could remove the correlation in the residual term in the model,

so the residual term as νit is assumed as exogenous in the ordinary equation. To test this

assumption, we introduce more details in the next subsection.
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2.5.1 Two-step GMM Estimation

Instrumental variables are essential tools for addressing endogeneity. When the set of avail-

able instruments exceeds the number of parameters to be estimated, the 2SLS approach

is typically employed. As noted by Anselin (1988) and Elhorst (2014), MLE relies on as-

sumptions about the distribution of errors, which must be carefully considered in spatial

analyses.

MLE has several limitations when addressing spatial dependence and nonlinearity. First, it

assumes that error terms are independent and identically distributed (i.i.d.), an assumption

often violated in spatial economic models. Spatial dependence implies interactions between

regions, leading to spatial autocorrelation in the error terms. When such autocorrelation ex-

ists, the independence assumption of MLE is invalidated, resulting in biased estimates. This

issue is particularly pronounced in dynamic models or those with spatial autocorrelation,

where MLE’s assumptions are too restrictive to account for complex dependence structures.

Another limitation of MLE is its reliance on specific distributional assumptions. While it

can be adapted for various distributions, such as Poisson or negative binomial, it requires

the data’s distribution to be specified in advance. In models with complex nonlinear or

spatial structures, accurately specifying the distribution of the error term can be challenging,

increasing the risk of estimation bias. If the assumed distribution does not align with the

actual data, MLE estimates may deviate significantly from the true values.

The GMM estimator provides a robust alternative. GMM is obtained by minimising a crite-

rion function that measures the distance between sample moments and population moments.

It is consistent and asymptotically normal if the GMM assumptions hold, including the va-

lidity of the instruments and the correct specification of the model. Moreover, GMM is
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efficient if the optimal weighting matrix is employed, ensuring that the moment conditions

are satisfied and equal to zero.

Another advantage of GMM is its ability to use the two-step approach. In the second step, an

optimal weighting matrix enhances the efficiency and accuracy of estimation while addressing

issues such as heteroscedasticity and serial correlation in the model. This makes GMM more

robust than MLE in complex spatial econometric models, as it provides consistent estimation

results without relying on specific distributional assumptions.

For spatial regression models, where geographic or spatial dependencies introduce endogene-

ity, the application of GMM is particularly effective. Liu and Saraiva (2015), along with

further tests by Fingleton, demonstrate that GMM estimators can handle spatially lagged

dependent variables effectively. These estimators mitigate bias and improve efficiency, even

in the presence of numerous synthetic instruments derived from the spatial weight matrix,

which can lead to over-identification.

Gallo and Páez (2013) highlight the challenges of evaluating instrumental variables within

dynamic spatial models and emphasise the validity of GMM in instrument estimation. Sup-

porting this, Jin and Wang (2021) demonstrate the consistency and asymptotic normality

of GMM estimators under heteroscedasticity and spatial autocorrelation. As Baltagi (2013)

observes, GMM circumvents the reliance on the normality assumption of error terms and

strict initial conditions, offering a robust framework for complex models with endogenous

variables.

GMM estimation minimises the distance between sample and population moments, yielding

consistent and asymptotically normal estimators when its conditions are satisfied, includ-

ing instrument validity and accurate model specification. Liu and Saraiva (2015) build on
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Lee (2007)’s GMM estimator, leveraging moment conditions that link the spatially lagged

dependent variable to the error term and instruments. The reliability of GMM estimation

has been validated through Monte Carlo simulations in various spatial regression settings,

as explored by Fingleton. Following Fingleton’s approach, we employ the two-step GMM to

address heteroscedasticity and obtain more robust standard errors.

The literature highlights that geographic weight matrices, while useful for measuring spatial

effects, can introduce spatial dependencies that cause bias and inefficiency in the ordinary

least squares (OLS) estimator. This issue renders traditional endogeneity tests less reliable,

as emphasised by Fingleton with respect to the Sargan-Hansen tests. The number of syn-

thetic instruments, often derived from the weight matrix, frequently exceeds the number of

endogenous variables. GMM provides an effective solution for handling multiple endogenous

variables and instruments.

The Arellano-Bond test (Arellano and Bond, 1991) for serial correlation evaluates whether

the error term is independent over time, a crucial assumption for the validity of the GMM

estimator. Autocorrelation can reduce the efficiency of the GMM estimator and bias the

standard errors. The test uses the residuals from the GMM regression to check for correlation

with their own lags, with the null hypothesis positing no serial correlation.

In econometric studies involving panel data, small sample sizes often present challenges that

compromise the reliability of statistical inference. Our dataset comprises 570 observations,

for 30 provinces over 19 years. One key concern is the potential for downward bias in

the standard errors of coefficient estimates when using two-step GMM (Windmeijer, 2005).

This bias arises because the second-step GMM estimator relies on an optimal weighting ma-

trix derived from the first-step residuals, introducing additional variability that asymptotic
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standard error formulas do not adequately account for in small samples (Windmeijer, 2005).

To address this, we employ the xtabond2 command in Stata, which incorporates the finite

sample correction proposed by Windmeijer (Roodman, 2009). This correction adjusts the

standard errors of the two-step GMM estimator to account for the estimation uncertainty

of the optimal weighting matrix. By mitigating the downward bias in standard errors,

the Windmeijer correction ensures that the results from two-step GMM are more reliable,

particularly for hypothesis testing and constructing confidence intervals (Windmeijer, 2005).

We provide an explanation in Appendix B.2.

Following Roodman (2009), we apply the two-step GMM estimation technique, incorporating

endogenous variables. This approach addresses endogeneity by modelling the relationship

between the endogenous variables and the outcome while using instrumental variables to

correct for potential bias. To validate our instruments and assumptions, we adjust the

dynamic SDM with endogenous variables, as recommended by Fingleton (2022).

Yit = γYit−1 + δWijYjt + ηWijYit−1 + β1X1it + β2WijXjt + β2X̃2it + β2WijX̃2jt + ϵit (2.6)

ϵit = µi + νit (2.7)

Consider the general model, X̃2it represents the endogenous variables, specifically rail and

road services. We assume that νit is an exogenous error term, as shown in Equation 2.5. We

adopt the error term structure proposed by Fingleton (2022)), which allows each endogenous
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variable to be influenced by a distinct error process. Thus, ϵit includes µi as an endogenous

component, which is correlated with X̃2it.

We also emphasise the importance of testing for heteroscedasticity, which examines whether

the variance of the error term remains constant across observations. If heteroscedasticity is

present, the GMM estimator may become inefficient, and the standard errors may be biased.

To address this issue, we employ the two-step GMM method to correct for heteroscedasticity,

following Fingleton (2022).

In the spatial Durbin model, we treat the lagged dependent variables and the spatially

lagged components as endogenous variables, in addition to the other endogenous variables.

Synthetic instruments are selected based on the highest positive spatial autocorrelation.

After this selection, we compare results obtained using additional instruments exceeding the

threshold ratio. This comparison enables us to evaluate the impact of instrument selection

on GMM estimation.

Table 2.1 presents the results of our two-step GMM tests using Stata’s xtabond2 command.

The table displays models with 4, 7, and 10 synthetic instruments, illustrating how increasing

the number of instruments affects the model’s complexity and robustness. A total of 144

instruments is tested, reflecting extensive examination across different instrument sets. By

comparing these GMM results, we evaluate the effectiveness of the synthetic instruments.

Additionally, we provide supplementary information in the Appendix, including negative co-

efficients and total synthetic instruments for validity estimation, as shown in Table B.3. This

additional analysis validates our instrument selection and further reinforces the robustness

of our findings.

The Arellano-Bond test is designed to detect autocorrelation in the first-differenced residuals
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Table 2.1: Two-Step GMM Diagnostic Tests

Synthetic Instrument in MC with 4 with 7 with 10 Total
Number of instruments 92 98 104 144
Arellano-Bond Test
AR(1) -2.19 (0.028) -2.45(0.014) -2.42(0.016) -1.55 (0.122)
AR(2) 1.03(0.302) 0.81(0.416) 0.82(0.410) 0.83 (0.404)
Instrument Validity
Sargan-Hansen test of overid 20.36 20.42 20.42 16.68
p-value 1.000 1.000 1.000 1.000
d. of freedom 76 82 88 128
Notes: Note: This table presents GMM results for 4, 7, and 10 synthetic instruments with a MC over
the threshold ratio as 0.25. Total instruments contain all instruments with both negative and postive
MC. P-value presented in parentheses for Arellano-Bond tests.

of panel data models. Autocorrelation occurs when residuals are correlated with their own

lagged values, potentially biasing both the estimates and the standard errors. As outlined

by Arellano and Bond (1991), the null hypothesis of the Arellano-Bond test is that there

is no autocorrelation of a specified order. For instance, the null hypothesis for the AR(1)

test posits no first-order autocorrelation, while for the AR(2) test it posits no second-order

autocorrelation.

The results presented in Table 2.1 indicate significant AR(1) autocorrelation but insignificant

AR(2) autocorrelation. This outcome aligns with the assumptions of the first-difference

GMM estimator, which assumes that the error term follows a first-order autoregressive

process. Specifically, this implies that the error term in the current period is correlated with

the error term in the previous period but uncorrelated with error terms from earlier periods.

Consequently, lagged values of the endogenous variables can serve as valid instruments, as

they are correlated with the first-differenced endogenous variables but not with the first-

differenced error term. The absence of second-order autocorrelation, confirmed by p-values

exceeding 0.30, supports the reliability of the instruments and indicates that the model is
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not affected by higher-order autocorrelation.

We employed a supervised instrument selection strategy based on the Moran Coefficient.

Instruments were ranked from highest to lowest MC values and matched against a predefined

threshold ratio. The Arellano-Bond tests for AR(1) and AR(2) across all models confirm

acceptable levels of serial correlation. The significance of AR(1) indicates the expected

presence of first-order correlation in differenced GMM models, while the lack of significance

for AR(2) aligns with the model’s specifications, confirming the absence of second-order

serial correlation.

We also conducted tests using instruments with exclusively positive and negative MC values,

as detailed in Table B.3 in the Appendix. The results remained valid. When all instruments

were included, the AR(1) results failed to reject the null hypothesis of no autocorrelation,

demonstrating effectiveness only when the MC signs were consistent. Mixed selection did

not yield significant results.

The Hansen J-test assesses whether the instruments used in IV estimation are valid and

uncorrelated with the error term (Wooldridge, 2010). The test statistic is derived from the

difference between the GMM criterion function evaluated at the IV estimator and at the

optimal GMM estimator (Hansen, 1982). This statistic follows a chi-square distribution,

with degrees of freedom equal to the number of over-identifying restrictions—that is, the

difference between the number of instruments and the number of endogenous variables. A

large test statistic and a small p-value lead to rejection of the null hypothesis, indicating

that the instruments are not exogenous or are correlated with the error term.

The results of the Sargan-Hansen over-identification test, showing uniform p-values of 1.000

across different instrument sets, provide no evidence of invalid over-identifying restrictions.
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This supports the hypothesis that the instruments employed in the model are valid.

We incorporate the spatial lag into the GMM estimation equation to test the instruments

further. Given the potential for spatial autocorrelation, the Sargan-Hansen test for over-

identifying restrictions remains a focal point in our analysis. The null hypothesis of the

Hansen test is that the instruments are valid, meaning they are both uncorrelated with the

error term and relevant for the endogenous variables.

High p-values from the Hansen test indicate that we cannot reject the null hypothesis,

affirming the validity of the synthetic instruments, even as their number increases. This

result implies non-rejection of the null hypothesis of instrument validity. Moreover, the range

of instruments—from 92 to 144—does not compromise the robustness of the Hansen test,

suggesting that the instruments remain valid and do not overfit the model. The consistent

degrees of freedom and high p-values further reinforce this interpretation.

When considering the Moran Coefficient value of the instruments, we find that those exceed-

ing the threshold ratio exhibit consistency. However, including instruments with negative

MC values in the total test reduces the significance level in the Arellano-Bond tests and the

chi-squared statistic of the Sargan-Hansen tests. This analysis highlights the importance of

a rigorous instrument selection process and validates the use of the MC as a criterion for

guiding this process.

The results from our analyses confirm the robustness and validity of the instruments em-

ployed in our GMM estimations. The Arellano-Bond test results indicate consistent first-

order autocorrelation and the absence of second-order autocorrelation. This alignment with

the expectations of the first-difference GMM estimator supports the use of lagged values

as valid instruments. Furthermore, the Hansen J and Sargan-Hansen tests substantiate the
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integrity of our instrument set, showing no evidence of invalid over-identifying restrictions

and confirming the correct specification of the model.

Our approach to instrument filtering, guided by the MC, effectively adjusts the correlation

of the residual term in the context of endogeneity. This reinforces the assumption that

supervised filtered instruments provide an exogenous relationship between the residual term

and the endogenous variables.

In conclusion, the inclusion of spatial lag and rigorous instrument testing confirms the ro-

bustness and validity of our GMM estimations. The Arellano-Bond test results validate the

use of lagged values as instruments, while the Hansen J and Sargan-Hansen tests confirm the

overall integrity of the instrument set. The application of the MC in instrument selection

proves effective in maintaining instrument relevance and mitigating bias.

2.5.2 Spatial Analysis in Synthetic Instruments

Geographic Distribution

Spatial analysis typically begins with an examination of the geographic distribution to assess

whether the raw data exhibit notable spatial characteristics. We initiated our analysis by

exploring geographic patterns to analyse spatial trends across various synthetic instruments.
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Figure 2.3: Geographic Distribution on Rail Services and Instruments

(a) Synthetic Instrument: RailSI1 (b) Synthetic Instrument: RailSI4

(c) Synthetic Instrument: RailSI7 (d) Synthetic Instrument: RailSI10
Note: SI refers to synthetic instruments. For presentation purposes, the values for Hong Kong,

Macau, Taiwan, and Tibet have been set to 0.

Our objective is to determine whether these instruments exhibit similar spatial distributions

and to examine how the MC influences these patterns. To support this analysis, we visualised

the geographic distribution of synthetic instruments, organised by different MC values, as

shown in Figure 2.3.
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Firstly, each figure demonstrates distinct geographic distributions, highlighting the diversity

of these instruments. This differentiation is crucial, as similarity among instruments could

lead to multicollinearity, potentially undermining the robustness of the analysis.

The distinct patterns observed for the instruments related to rail and road services un-

derscore their effectiveness in capturing unique geographic variations. This uniqueness is

essential for ensuring that the spatial models accurately represent true variability rather

than redundant information. Such geographic specificity is particularly important in models

where spatial factors are critical to predicting outcomes.

Secondly, the figures reveal that synthetic instruments with higher MC values tend to exhibit

more pronounced spatial trends. Instruments with well-defined and concentrated geographic

patterns indicate robust spatial autocorrelation, suggesting their effectiveness in capturing

spatially clustered phenomena.

In contrast, instruments with lower MC values, such as RoadSI10 and RailSI10, display

flatter and more dispersed geographic distributions. This pattern suggests a more stochastic

nature or reduced spatial dependency in the variables these instruments measure.

The less pronounced spatial clustering in these cases may indicate that the variables are

influenced by broader, non-spatial factors or that these instruments are less effective in cap-

turing spatial dependencies. This finding highlights the importance of selecting instruments

with strong spatial properties when modelling geographic phenomena.
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Figure 2.4: Geographic Distribution on Road Services and Instruments

(a) Synthetic Instrument: RoadSI1 (b) Synthetic Instrument: RoadSI4

(c) Synthetic Instrument: RoadSI7 (d) Synthetic Instrument: RoadSI10
Note: SI refers to synthetic instruments. For presentation purposes, the values for Hong Kong,

Macau, Taiwan, and Tibet have been set to 0.

Our analysis highlights the importance of selecting instruments that align with the spatial

characteristics of the data under study. Instruments exhibiting strong spatial trends are

more effective at capturing clustered phenomena, while those with flatter distributions can

offer valuable insights into more diffuse or random spatial processes. Striking this balance
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ensures that spatial models remain robust and accurately reflect the true geographic trends

in the data.

Spatial Autocorrelation

In the previous section, we screened out the synthetic variables based on the threshold of the

average Moran coefficient. Next, we focused on the spatial autocorrelation transformation

of the synthetic variables in the time trend. In Figure 2.5, we display panel Global Moran I

data from the synthesis instruments, illustrating the level of spatial autocorrelation across

time trends. SI indicates the synthetic instrument.

Figure 2.5: Spatial Autocorrelation in Synthetic Instruments

The data consistently reveal significant and positive spatial autocorrelation, highlighting

two prominent trends.

First, synthetic instrumental variables with the highest Moran Coefficient, specifically RailSI1

and RoadSI1, exhibit significantly higher Moran index values compared to other instru-

ments. Secondly, a distinct trend is observed in the performance of SI1 across the two types
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of instrumental variables, where the time trend appears flatter. As the Moran Coefficient di-

minishes, this trend becomes increasingly volatile, suggesting potential instability in spatial

relationships over time.

Overall, all synthetic variables exceeding the specified threshold demonstrate spatial de-

pendence. We emphasise the persistence of spatial correlation, as it underpins the ongoing

evaluation of spatial spillover effects within the context of a panel model. This suggests that

the instruments exhibit a more pronounced spatial correlation, indicating stronger spatial

dependence. Such dependence is typically associated with more substantial spatial spillover

benefits in spatial econometric models.

Levin-Lin-Chu Test

In empirical research involving time series and panel data, testing the stationarity properties

of the data is a fundamental step. A series is deemed stationary if its statistical properties,

such as mean and variance, remain constant over time (Greene, 2012). If a series exhibits

a unit root, it indicates non-stationarity, where shocks have persistent effects, potentially

leading to unreliable inferences due to the risk of spurious regression (Wooldridge, 2010).

Panel unit root tests, such as the Levin-Lin-Chu test, are particularly advantageous as they

leverage both cross-sectional and time series dimensions, thereby increasing the power of the

test (Levin et al., 2002).

In this study, we apply the Levin-Lin-Chu (LLC) test to the variable lnInd to determine

whether it is stationary or contains a unit root. The variable lnInd represents the natural

logarithm of industrial output across 30 cross-sectional units over 19 periods. The null

hypothesis of the LLC test posits that all panels contain unit roots, whereas the alternative
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Table 2.2: Levin-Lin-Chu Test

Null Hypothesis (Ho): Panels contain unit roots
Alternative Hypothesis (Ha): Panels are stationary
Number of panels: 30
Number of periods: 19
Statistic p-value
Unadjusted t-statistic: -12.7983
Adjusted t-statistic: -11.0390
p-value: 0.0000

hypothesis suggests that the panels are stationary.

The test was conducted with an autoregressive parameter assumed to be common across

panels, including panel means but excluding a time trend. One lag was used in the regres-

sions, and the long-run variance was estimated using the Bartlett kernel with an average of

8.00 lags. The results, presented in Table 2.2, indicate an unadjusted t-statistic of -12.7983

and an adjusted t-statistic of -11.0390, with a corresponding p-value of 0.0000. These results

strongly reject the null hypothesis of a unit root at the 1

Spatial Estimation

The evaluation of the spatial model is organised into two primary segments. The first

segment focuses on assessing direct and spillover effects.

This phase tests the efficacy of synthetic instruments in substituting endogenous variables

to accurately capture spatial correlation. The second segment pertains to residual analysis,

where we examine the ability of the synthetic instruments to enhance results concerning

both time series and spatial characteristics.

Additionally, we incorporate the explanatory and control variables introduced in the previous
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section. In the spatial models discussed, synthetic instruments are employed to replace

endogenous explanatory variables, aiming to mitigate potential biases arising from omitted

variables and endogeneity.

The results of our model are presented in Table 2.3. To improve the observational clarity of

spatial effects, the model incorporates fixed effects. These fixed effects control for unobserved

variables that remain constant over time but vary across regions, such as geographical or

institutional characteristics. Furthermore, the model adjusts for annual variations, account-

ing for economic or policy changes that may influence industrial outputs across different

regions. It ensures a more robust understanding of the spatial dynamics.

The lagged dependent variable consistently exhibits high and statistically significant coeffi-

cients across all model specifications. These values, ranging from 0.838 to 0.909, indicate a

strong persistence effect, whereby industrial output in previous periods significantly influ-

ences output in the current period.

Similarly, the spatial autocorrelation coefficients are significant and substantial across all

models, ranging from 0.301 to 0.336. This pronounced spatial dependence underscores the

critical role of spatial effects in economic modelling, where developments in one region sig-

nificantly affect neighbouring regions. The finding highlights the interconnected nature of

regional economies and the necessity of incorporating spatial considerations into economic

analysis. Furthermore, the high R-squared values, ranging from 0.8210 to 0.8567, suggest

that the models are well-fitted, explaining a substantial portion of the variance in industrial

outputs across regions.

For explanatory variables, synthetic instruments (SIs) are employed to replace endogenous

variables such as rail and road services, denoted as RailSI and RoadSI, respectively. The
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Table 2.3: Main Results with the Dynamic Spatial Durbin Model

Variables SI1 SI4 SI7 SI10
Main Estimate
Lag.Ind 0.882∗∗∗ 0.909∗∗∗ 0.838∗∗∗ 0.904∗∗∗

(41.620) (43.410) (39.950) (42.860)
RailSI -0.106∗∗ -0.009 0.011 0.018

(-2.550) (-0.240) (0.350) (0.890)
RoadSI -0.082∗∗ -0.039 -0.126∗∗∗ -0.037∗

(-2.460) (-0.920) (-2.910) (-1.720)
lnGOVE -0.010 -0.008 0.000 -0.007∗

(-0.400) (-0.320) (0.010) (-0.300)
lnPOP -0.058 -0.049 -0.053 -0.064

(-1.030) (-0.860) (-0.910) (-1.140)
lnEDU 0.049∗ 0.054∗ 0.046 0.046∗

(1.900) (2.140) (1.810) (1.800)
lnLabour 0.030 0.048 0.041 0.029

(0.920) (1.450) (1.250) (0.890)
GDPgr 0.003 0.004∗ 0.002 0.004 ∗

(1.350) (1.850) (0.820) (1.670)
Spatial Lag of X (W*)
W*RailSI 0.187∗∗∗ 0.112∗ 0.083 -0.014

(3.380) (1.940) (1.270) (-0.330)
W*RoadSI 0.152∗∗∗ 0.071 0.145∗ 0.145∗∗∗

(3.380) (0.980) (1.800) (2.820)
W*lnGOVE 0.287∗∗∗ 0.326∗∗∗ 0.292∗∗∗ 0.305∗∗∗

(3.020) (9.330) (8.120) (8.700)
W*lnPOP 0.522∗∗∗ 0.588∗∗∗ 0.578∗∗∗ 0.518∗∗∗

(1.420) (5.640) (5.950) (5.410)
W*lnEDU -0.213∗∗∗ -0.240∗∗∗ -0.234∗∗∗ -0.227∗∗∗

(0.050) (-7.570) (-7.090) (-7.070)
W*lnLabour 0.142∗∗ 0.185∗∗∗ 0.195∗∗∗ 0.146∗∗∗

(2.290) (3.150) (3.260) (2.540)
W*GDPgr -0.016∗∗∗ -0.020∗∗∗ -0.011∗∗∗ -0.016∗∗∗

( -0.240) (-5.370) (-2.850) (-4.240)
Spatial Autocorrelation (rho) 0.311∗∗∗ 0.319∗∗∗ 0.336∗∗∗ 0.301∗∗∗

(14.750) (15.240) (16.040) (14.000)
R-squared 0.8567 0.8382 0.8210 0.8535

Note: SI indicates synthetic instruments. Z-statistics in parentheses. Significance
levels: ∗∗∗ 1%, ∗∗ 5%, ∗ 10%.
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spatial lags of these instruments exhibit varied impacts across regions and models. The

associated coefficients reveal complex and mixed spillover effects, which vary significantly

depending on the specific context and model parameters. These nuances are detailed in Table

2.3, where the contributions of freight services to regional dynamics are further explored.

With regard to control variables, most display insignificant effects across all instruments in

the main estimation, suggesting limited direct influence on the dependent variable. However,

the weighted estimation, which incorporates the spatial lags of control variables, reveals

significant effects across all models. This finding highlights the importance of accounting for

spatial dependencies when assessing the impact of control variables.

In summary, the model demonstrates the dynamic and spatial interactions shaping regional

economic output. The dynamic SDM model addresses strong temporal and spatial depen-

dencies within the data. The significance of infrastructure and socioeconomic variables,

both direct and spatially lagged, varies across different synthetic instruments. Notably, the

robust performance of the spatial lags indicates that the characteristics of neighbouring re-

gions significantly influence the dependent variable, underscoring the interconnectedness of

regions in the dataset.

Further analysis, as Table 2.4 and Table 2.5 explores the direct and indirect effects more

deeply to delineate the specific pathways through which these influences manifest.

SI1 exhibits significantly more spatial effects than other instruments in both short-term and

long-term scenarios. SI1 not only shows the most substantial effects but also achieves the

highest level of significance across all spatial analyses. It effectively captures and interprets

the significant effects observed in other instruments. For example, while railSI4 and railSI7

each demonstrate positive short-term spillover effects, SI1 comprehensively incorporates
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Table 2.4: Spatial Analysis in Short-term Effects

Synthetic Instruments SI1 SI4 SI7 SI10
Short Term

Direct Effect
RailSI -0.068** 0.018 0.033 0.016

(-2.190) (0.720) (1.550) (1.060)
RoadSI -0.047 * -0.021 -0.097 *** -0.003**

(-1.920) (-0.750) (-3.290) (-0.190)
lnGOVE 0.061 * 0.072 0.075*** 0.067***

(3.020) ( 3.520) (3.650) (3.330)
lnPOP 0.069 * 0.095 0.091* 0.060***

(1.420) (1.950) (1.840) (1.230)
lnEDU 0.001 -0.001 -0.009 -0.006***

(0.050) (-0.070) (-0.420) (-0.260)
lnLabour 0.068 0.098 0.095*** 0.068

( 2.290) (3.330 ) (3.100) (2.280)
GDPgr -0.000 -0.000 -0.001 0.000***

( -0.240) (-0.160) (-0.340) (0.150)
Indirect Effect
RailSI 0.190*** 0.137** 0.115 -0.006

(3.700) (2.390) (1.640) (-0.120)
RoadSI 0.150*** 0.068 0.120 0.154***

(3.500) (0.940) (1.390) (2.770)
lnGOVE 0.341*** 0.394*** 0.366*** 0.358***

( 8.820 ) (9.950) (8.830) (9.180)
lnPOP 0.608*** 0.707*** 0.704*** 0.594**

(5.300) ( 5.670) (5.940) (5.240)
lnEDU -0.239*** -0.273*** -0.275*** -0.254

( -7.530) ( -8.750 ) (-8.320) (-8.160)
lnLabour 0.183*** 0.245 *** 0.262*** 0.183**

(2.880) (3.850) (4.000) (3.010)
GDPgr -0.018 *** -0.023*** -0.013*** -0.018

(-4.380) (-5.540) (-3.020) (-4.360)
Total Effect
RailSI 0.122*** 0.156*** 0.148** 0.011

(3.720) (3.460) (2.330) (0.240)
RoadSI 0.103*** 0.047 0.023 0.151***

(3.460) (0.870) (0.310) (2.720)
lnGOVE 0.402*** 0.466 *** 0.441 *** 0.426***

(10.280) (11.770) (10.320) (10.830)
lnPOP 0.677*** 0.802 *** 0.795*** 0.654***

(5.580) (5.940) ( 6.170) (5.440)
lnEDU -0.238*** -0.274 *** -0.284*** -0.260***

(-8.170) (-9.340) (-8.930) (-9.050)
lnLabour 0.251*** 0.343 *** 0.357*** 0.251***

(3.680) ( 5.130) (4.980) (3.910)
GDPgr -0.018 *** -0.023 *** -0.013*** -0.017***

(-4.430) (-5.460) (-3.080) (-4.200)

Note: Z-statistics in parentheses. ***, **, and * show the significance at of 1%, 5%
and 10%, respectively.
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these outcomes, highlighting its capability to aggregate and reflect broader impacts.

This integrative feature of SI1 is similarly evident in the analysis of long-term effects, where

it again encapsulates and extends the significant effects of other instruments. Besides, the

coefficients representing significant effects for SI4, SI7, and SI10 closely align with those of

SI1, with minimal variation observed among them. This uniformity is particularly encourag-

ing as it suggests consistent spatial performance across all evaluated instruments, reinforcing

their stability and reliability.

These observations align with our initial hypothesis and are supported by our analysis of

spatial autocorrelation, which suggests that instruments with a higher MC are more adept at

comprehensively interpreting spatial effects within the dynamic SDM. This finding is crucial

for our research, emphasizing the importance of selecting appropriate synthetic tools when

multiple options are available. Such choices are integral, as they significantly influence the

effectiveness and clarity of spatial analyses.

In previous tests, we confirmed the effectiveness and spatial representation capabilities of

the synthetic tool for endogenous variables, respectively. Therefore, we illustrate the impact

of freight service efficiency on regional industrial production through an empirical analysis

using synthetic instruments.

In the short-term analysis, the negative direct effects of RailSI and RoadSI suggest that

initially, an increase in freight volume relative to the labour force in both rail and road

transportation systems is associated with a decrease in industrial production. This could

be interpreted as inefficiencies or imbalances in the transport sector affecting industrial

productivity negatively when labour cannot effectively handle the freight volume increases.

However, the significant positive indirect effects observed for both RailSI and RoadSI high-
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light that the increased freight volume relative to the labour force may have beneficial

spillover effects to nearby areas. It could involve the diffusion of economic activity through

increased connectivity and availability of goods, fostering industrial growth in regions ad-

jacent to those directly affected by transport inefficiencies. Thus, while the local transport

sectors struggle with efficiency, the adjacent regions might benefit from the increased move-

ment of goods, which supports the significant positive total effects at 1% level

In the long term, the continued negative direct effects of RailSI and RoadSI, which are

stronger than in the short term, suggest that the issues of inefficiency or labour underuti-

lization become more pronounced or remain unaddressed over time. The lack of significant

indirect effects in the long term indicates that the initial beneficial spillovers do not sustain;

possibly, the neighbouring regions adapt or the saturation of the transport systems limits

further regional economic benefits. It can be seen as a signal that while short-term economic

gains from increased freight activity can be realized despite inefficiencies. Without improve-

ments in transport freight service efficiency, infrastructure, or freight labour force scaling,

the transport system may act as a bottleneck, hindering broader economic development and

the ability to capitalize on potential indirect benefits.

To sum up, the dynamics act as the critical role of transport efficiency in regional economic

development. While the short-term impacts can mask underlying inefficiencies through

temporary economic boosts from increased connectivity and goods availability, the long-

term sustainability of industrial growth is heavily dependent on resolving these inefficiencies.

Policy interventions aimed at improving freight handling efficiency, investing in transport

infrastructure, and scaling the freight labour force in line with freight volumes are essential

to convert short-term gains into long-term growth in industry value-added.
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Table 2.5: Spatial Analysis in Long-term Effects

Synthetic Instruments SI1 SI4 SI7 SI10
Long-term

Direct Effects
RailSI -0.601** -0.219 -12.739 0.066

(-2.460) (-0.670) (-0.050) (0.420)
RoadSI -0.475*** -0.314 13.060 -0.456 **

(-2.700) (-0.840) (0.040 ) (-2.360)
lnGOVE -0.972*** -0.497 -34.807 764.663 -0.828

(-2.430) (-1.100) (-0.050) (-2.820)
lnPOP -1.755*** -1.126 -53.016 -1.527

(-2.570) (-1.560) (-0.050) (-3.200)
lnEDU 0.705*** 0.690*** 13.322 0.721

(4.150) (3.250) (0.050) ( 4.420)
lnLabour -0.509 0.070 -34.830 -0.321

(-1.510) (0.120) (-0.050) ( -1.070)
GDPgr 0.052*** 0.053** 1.497 0.051

(3.440) (2.090) (0.050) (3.150)
Indirect Effect
RailSI 0.156 -0.253 12.160 -0.103

(0.860) (-0.930) (0.040) (-0.990)
RoadSI 0.100 0.171 -13.153 -0.071

(0.880) (0.610) (-0.040) (-0.690)
lnGOVE -0.494 -0.916** 33.085 -0.646 ***

(-1.080) (-2.280) (0.040) (-3.770)
lnPOP -0.708 -1.303* 49.917 -0.734

(-0.950) (-1.890) (0.040) (-2.150)
lnEDU 0.164 0.142 -12.212 0.178

(0.840) (0.630) (-0.040) (1.310)
lnLabour -0.407 -1.111** -34.830 -0.549**

(-1.170) ( -2.000) (-0.050) (-2.370)
GDPgr 0.014 0.016 -1.445 0.009

(0.940) (0.650) (0.050) (0.730)
Total Effect
RailSI -0.445*** -0.471*** -0.579** -0.037

(-3.430) (-3.400) (-2.230 ) (-0.240)
RoadSI -0.374*** -0.143 -0.093 -0.527**

(-3.230) (-0.860) (-0.320 ) (-2.530)
lnGOVE -1.466*** -1.414*** -1.721 -1.473***

(-7.120) (-8.510) (-6.760) (-7.680)
lnPOP -2.463*** -2.429*** -3.099 -2.261***

(-5.070) (-5.600) (-5.270) (-5.000)
lnEDU 0.869*** 0.832*** 1.111 0.899***

(6.070) (7.190) (6.110) (6.630)***
lnLabour -0.916*** -1.041*** -1.396 -0.871 ***

( -3.400) ( -4.680) (-4.270) (-3.650)
GDPgr 0.065*** 0.069*** 0.051 0.060***

(4.410) (5.520) (3.100) (4.300)

Note: Z-statistics in parentheses. ***, **, and * show the significance at of 1%, 5%
and 10%, respectively.
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2.6 Empirical Findings: Spillover Effects of Freight

Productivity

As demonstrated in the previous section, the most spatially effective synthetic variable proves

to be the most stable within the spatial model. Consequently, in this section, we shift our

focus to the empirical analysis and the economic significance of using Z1 as an instrumental

variable. Z1 is a matrix composed of synthetic instruments associated with both rail and

road infrastructure.

2.6.1 Data and Background

To begin with the empirical background, over the past few decades, particularly following

the economic reforms, China’s industry has made historic advancements. Industrial added

value exceeded 1 trillion yuan in 1992, 10 trillion yuan in 2007, 20 trillion yuan in 2012, and

30 trillion yuan in 2018. By 2018, China’s manufacturing value accounted for more than 28%

of the global total, establishing it as a crucial driver of global industrial growth4. According

to World Bank data, the share of the manufacturing industry in GDP has gradually declined

from approximately 30% at the start of the 21st century but has consistently remained above

20%, underscoring its continued importance in the economy5.

In parallel with China’s remarkable industrial expansion, the country’s railway and highway

freight systems underwent extensive modernisation and expansion. These developments

were not just reactive measures but strategic enhancements designed to meet the escalating

4The statistics come from the State Council of China, available from https://www.gov.cn/xinwen/
2019-09/21/content_5431841.htm

5The data from World Bank, available from https://data.worldbank.org/indicator/NV.IND.MANF.ZS?
locations=CN
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demands of China’s rapidly growing economy and its logistics needs.

Driven by substantial infrastructure and industrialisation projects, railway freight volume

surged from approximately 2 billion tons in 2000 to over 4 billion tons by 20196. Similarly, the

highway sector experienced robust growth, with extensive upgrades leading to an expansion

of the road network to over 4 million kilometres by 2010. This growth in freight capacity

reflects China’s strategic focus on enhancing its transport infrastructure to support and

sustain industrial growth.

Amidst these substantial infrastructure advancements, the efficiency of freight services has

become increasingly crucial. These improvements are pivotal in ensuring that the expanding

networks can effectively support the demands of a growing economy and optimise the flow

of goods across regions, thereby enhancing overall productivity and economic connectivity.

Our research focuses on the spatial relationship between industrial production and freight

services in rail and highway transportation across China.

2.6.2 Empirical Result

The results change significantly when spatial dependence is taken into account. This means

that freight efficiency has obvious spatial effects.

The spatial lag variables, W×RailSI and W×RoadSI, show a positive and significant impact

on regional industry production. The coefficients for W ×RailSI and W ×RoadSI are 0.187

and 0.152, respectively, both significant at the 1% level. This indicates positive spillover

effects from neighbouring regions’ freight productivity. In other words, improvements in rail

and road freight productivity in one region benefit the industry production in surrounding
6Statistical bulletin on the development of the transport sector in 2020, Ministry of Transport, Retrieved

from: https://www.gov.cn/xinwen/2021-05/19/content_5608523.htm
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places. This could be due to enhanced connectivity and reduced transportation costs, facil-

itating the flow of goods and resources across regions and thus boosting production in the

interconnected regions.

Control variables provide additional context to the analysis. For example, the positive and

significant coefficient for education indicates that higher education levels are positively cor-

related with regional industrial production. This emphasises the role of human capital and

skills in driving economic productivity. Conversely, variables such as government expen-

diture, population, and industrial labour do not show significant direct effects on regional

industrial production in this model, suggesting that their impacts may be more complex or

indirect. For instance, government expenditure typically influences the regional economy

through various channels, such as infrastructure development, investments in education and

training, and social protection. The effects of these expenditures may not be immediately

reflected in short-term changes in industrial production.

In the short term, the analysis of SI1 reveals that both rail and road freight productivity

exhibit negative direct effects on regional industry production. One plausible explanation for

these negative direct effects is the reallocation of resources. As freight productivity improves,

resources such as labour and capital might move out of the regions to take advantage of new

opportunities elsewhere, temporarily reducing local industry production.

Despite the negative direct effects, the analysis uncovers positive and significant indirect

effects of freight productivity on regional industry production. For RailSI, the coefficient is

0.190, significant at the 1% level, indicating that improvements in rail freight productivity

in neighbouring regions positively impact local industry production. This positive spillover

effect suggests that enhanced rail productivity leads to better connectivity and resource

136



flow between regions, ultimately benefiting regional industry production. Similarly, RoadSI

has an indirect effect coefficient of 0.150, also significant at the 1% level, emphasizing that

increased road freight productivity in adjacent areas boosts local production. These positive

externalities underscore the importance of regional interconnectivity and the broader benefits

of efficient transportation networks.

In the long term, the negative effect also could be due to the reallocation of resources, where

industries might relocate to regions with better rail connectivity, resulting in a decline in

local production. As road transport becomes more efficient, resources such as labour and

capital may move out of the region to areas with better opportunities, causing a decrease

in local industry output. For the indirect effects, these findings imply that the positive

spillovers from enhanced freight productivity in adjacent areas are relatively weak in the

long-term context.

Over time, as freight systems become more efficient, resources such as labour and capital

may migrate to regions with better connectivity or greater economic opportunities, leading

to a decline in local industry production.

Overall, the findings emphasize the need for a nuanced approach to infrastructure improve-

ments. Policymakers should recognize the potential short-term disruptions and long-term

resource reallocations that can accompany enhanced freight productivity.

2.7 Residual Analysis

As introduced in the previous section, instrumental variables are expected to eliminate the

residual bias that arises from endogenous variables. This section analyses the residuals of

137



the model, examining them from both time series and spatial dimensions.

Initially, we focus on the time series aspect by analysing the relationship between the resid-

uals and their one-period lags. Figure 2.6 demonstrates the independence of the residuals,

a key assumption in time series modelling. It assesses whether past values influence current

residuals, which could indicate autocorrelation issues not accounted for by the model.

Figure 2.6: Residual Analysis with the Dynamic Spatial Durbin Model

(a) Residual with Z1 (b) Residual with Z4

(c) Residual with Z7 (d) Residual with Z10
Note: Z refers as a matrice for synethic instruments. Z1 invovles instruments with highest MC

The residual plots from the Dynamic Spatial Durbin Model provide insights into the rela-
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tionships between the residuals and their one-period lags for different synthetic instrument

practices. Z indicates an instrument matrix that contains synthetic instruments both in

rail service and road service. Plot (a) shows a generally central clustering of residuals with

mild dispersion, suggesting minimal autocorrelation issues under Z1. Plot (b) and Plot (c)

reveal a wider spread in residuals, indicating greater variability and potentially less effective

control of endogeneity.

The variation across these plots indicates no severe autocorrelation, suggesting well-specified

model parameters. However, the differences in residual dispersion among the instruments

point to varying degrees of effectiveness in capturing relevant variability and controlling for

endogeneity.

On the spatial front, our goal is to address any residual spatial autocorrelation. Residual

spatial autocorrelation often indicates that the model has not fully captured spatial effects,

as noted by Elhorst (2014) . Furthermore, Juhl (2022) demonstrates how synthetic variables

can mitigate spatial autocorrelation in the residuals. In our analysis, we compare results

from ordinary least squares regression with weighted matrices, the GMM, and the SDM. We

include the results in Table B.4 with the highest Moran coefficient.

We found that although synthetic instruments significantly rectify spatial autocorrelation in

the residuals of GMM and OLS models, Moran’s I-statistic remains significant in the spatial

Durbin model. This indicates that while synthetic instruments are effective in some contexts,

the spatial Durbin model may require further adjustments or alternative approaches to

adequately address spatial dependencies. Table B.4 in the appendix provides results for

additional synthetic instruments, with consistent findings.
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2.8 Conclusion

In this chapter, we introduced a novel geographic approach for constructing instrumental

variables using exogenous geographical weight matrices. Initially, we generated eigenvec-

tors from these matrices and selected suitable synthetic instrumental variables through a

supervised spatial filter. The effectiveness of these synthetic variables was then evaluated.

Building on the research of Juhl (2022), we created multiple eigenvectors based on the inter-

provincial boundary weight matrix. These eigenvectors, which match the observation count

of the endogenous variables, exhibited varying degrees of spatial autocorrelation. This result

is consistent with the test result of Griffith (2003) Juhl (2022), that is, the original spatial

correlation of the synthetic instrumental variable needs to be consistent with the spatial

trend of the original data. This method is predominantly applied to geographically oriented

cross-sectional data.

Given that panel data offers a larger number of observations, few studies have explored the

application of this method in panel data. Our study highlights the importance of selecting

appropriate spatial filters and synthetic tools in contexts with extensive observational data,

providing valuable insights for constructing and screening synthetic instruments in panel

data settings.

The effectiveness of our selected synthetic instrument was demonstrated through a two-step

GMM test, which confirmed that the synthetic tool significantly reduces bias induced by

endogenous variables. Although increasing the number of synthetic instruments does not

undermine the test, it does influence the effectiveness and efficiency of the estimations.

Our spatial analysis revealed that the choice of synthetic instrumentation is crucial for
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capturing spatial effects in the dynamic SDM model. The results show that synthetic in-

struments with higher spatial dependencies facilitate more comprehensive and significant

spatial effects. In contrast, instruments with low spatial correlation fail to capture the

full spatial dynamics, underscoring the importance of selecting instruments with adequate

spatial properties.

We also examined the spatial relationship between freight productivity and industrial pro-

duction, marked by significant spatial effects. Improvements in rail and road freight produc-

tivity in one region positively affect industrial production in neighbouring provinces through

enhanced connectivity and reduced transportation costs, demonstrating positive spillover ef-

fects. However, in the short term, direct effects suggest that increased freight productivity

may lead to a temporary reduction in local industrial production due to the reallocation

of resources such as labour and capital to more advantageous areas. Despite this, indirect

effects indicate that neighbouring regions benefit from these productivity gains. In the long

term, while positive spillovers persist, they tend to be weaker.

There are several interesting avenues for future research. Our findings suggest that, while

synthetic tools effectively mitigate residual bias in time series, they do not entirely elim-

inate spatial autocorrelation in the residuals. This issue may arise from the heightened

sensitivity of spatial models to geographic dependencies, further exacerbated by the sec-

ondary geographical weighting applied to synthetic instruments, which already incorporate

geographic factors. Future research could explore ways to enhance the spatial properties of

synthetic tools to address these complexities more effectively, potentially offering a more

robust approach to handling spatial autocorrelation in econometric modelling.
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Chapter 3

All Roads Lead to Rome: The Role of

Road Networks in the Economic

Resilience of Cities
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Abstract

This study investigates the determinants of urban resilience, with a particular focus on the

role of market accessibility in urban specialisation. We argue that effective resilience strate-

gies should address regional transport mobility and integrate resilience planning to capitalise

on the strengths of interconnected urban areas. We differentiate industrial agglomeration

among cities using machine learning algorithms and construct composite weights to measure

spatial dependencies and interactions between cities. Our results show that market acces-

sibility to developed cities, particularly via road networks as determined through network

analysis algorithms, can facilitate rapid economic recovery from recessions. Industrial ag-

glomeration among cities can further amplify these positive effects and benefit surrounding

regions. The significant spatial autocorrelation observed underscores the interconnected-

ness of urban resilience and suggests that regional cooperation and coordinated policies are

essential for fostering resilience.

Keywords: Urban Resilience, Network Analysis, Market Accessibility, K-means Cluster,

Spatial Autoregressive Model.
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3.1 Introduction

Cities are the engines of economic growth and innovation, serving as hubs of industry,

commerce, and agglomeration (Collier et al., 2018). As urban areas continue to expand and

evolve, the concept of urban resilience has gained prominence in regional economics and

urban planning. Urban resilience refers to the capacity of cities to withstand, adapt to, and

recover from various shocks and stresses, such as economic downturns, natural disasters, and

social disruptions (Sutton et al., 2023).

Does the connection to wealthier areas bring additional resources and benefits? Can these

factors enhance regional resilience? We explore this question by examining the road network

of China, a large-scale system that connects 288 cities across the country and covers the

third-largest land area in the world.

Inspired by the research conducted by Banerjee et al. (2020), we aim to investigate the eco-

nomic activity mechanisms between developed cities and their surrounding smaller, develop-

ing cities. We focus on the significant disparity between urban areas in China, particularly

the stark contrast between the highly developed eastern coastal cities and the less devel-

oped central and western regions. Developed cities in the east benefit from their strategic

spatial location, resulting in higher GDP per capita, better employment opportunities, and

improved living standards. For instance, Shanghai’s GDP per capita was approximately

175,420 yuan in 2021, significantly higher than the national average of 81,370 yuan.1

This disparity is also evident in the transportation infrastructure. China has established

a national highway network comprising expressways, trunk roads, and rural roads. As of

1National Bureau of Statistics of China in 2022. Retrieved from: https://www.stats.gov.cn/sj/ nd-
sj/2022/indexch.htm and https://data.stats.gov.cn/easyquery.htm?cn=E0103
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April 2020, the total length of China’s highway network reached 5.28 million km2. At the

city level, there are notable differences in road network density. For instance, Guangzhou, a

major city in the economically advanced Guangdong province, has a road network density

of 1.56 kilometres per square kilometre. In contrast, Lhasa, the major prefecture-level city

of Tibet, has a road network density of only 0.18 kilometres per square kilometre3.

We explore the benefits of improving transportation infrastructure in developed regions

based on China’s road network, specifically in relation to regional economic resilience. By

using regional population as a measure of market size and incorporating road costs based on

exogenous geographical distance, we calculate the cost to market and address the issue of

endogeneity. Furthermore, we examine whether cities with similar industrial structures can

benefit from improved transportation conditions, drawing on the geoeconomics hypothesis

of industrial agglomeration by Marshall (1920) and Krugman (1999), which suggests that

companies form industrial clusters to reduce transportation costs.

Our results demonstrate that enhancing market accessibility to large cities significantly im-

proves urban economic resilience. This impact extends beyond the local area, revealing spa-

tial spillover effects, as the transportation network facilitates market entry for surrounding

regions. Furthermore, we found that cities with lower overall development levels negatively

affect the economic resilience of neighbouring cities. It suggests that underdeveloped cities

may hinder the economic vitality of their region.

However, by improving market access, these underdeveloped cities can alleviate sluggish

economic conditions. This phenomenon is also evident in the context of industrial agglom-

eration, where improved transportation infrastructure supports the formation of industrial
2The State Council of China, Retrieved from: https://english.www.gov.cn/statecouncil/ministries/202204/26/content_WS6267e213c6d02e5335329f35.html
3National Bureau of Statistics of China, Retrieved from: https://data.stats.gov.cn/easyquery.htm?cn=E0103
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clusters, thereby enhancing overall economic stability and resilience.

The following chapter is structured as follows: Section 3.2 introduces the related literature.

Section 3.3 presents the data description and background information. Section 3.4 outlines

the methodology for key variables. Section 3.5 constructs a dynamic spatial panel model.

Section 3.6 presents our estimation results. Section 3.7 concludes and discusses future work.

3.2 Literature Review

This paper contributes to three broad strands of literature: (1) Market Accessibility in Road

Infrastructure, (2) Urban Economic Resilience, and (3) Industry Agglomeration and Urban

Clusters.

3.2.1 Market Accessibility with Road Network

First, our research contributes to the literature on the role of transportation. The impact

of transportation infrastructure on regional economies has long been debated, particularly

regarding its effects on underdeveloped areas. On the one hand, improved transportation

can stimulate economic growth by providing access to opportunities and resources. On the

other hand, it can also introduce greater competition and lead to resource outflows.

Yu et al. (2013) demonstrate that the impacts of transportation investment across Chinese

regions are not uniform; less developed areas tend to experience adverse effects. Similarly,

Faber (2014) reveals that network connectivity in peripheral counties can lead to dimin-

ished GDP growth, primarily due to a decline in industrial output. His research suggests

that large-scale transportation projects, intended to link distant regions, paradoxically slow

economic progress in smaller, outlying areas when compared to those that remain discon-
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nected. The reduction in trade costs between major cities and smaller regions increases the

latter’s dependence on the former, stifling the development of local industries.

In a more recent and prominent study, Banerjee et al. (2020) examines the effects of trans-

portation infrastructure connecting smaller towns to major cities in China. Their findings

underscore that improved connectivity to large cities does not significantly enhance GDP

per capita in smaller cities. While the new infrastructure might have bolstered the overall

economy, its benefits were unevenly distributed. This disparity arises because the move-

ment of people, capital, and resources—the very elements essential for maximising economic

gains—was not sufficiently fluid. Consequently, although the infrastructure provided some

advantages, its positive effects were constrained by the limited mobility of these crucial

factors.

From a market access perspective, researchers generally view transportation improvements

more positively. Donaldson (2018) quantified the positive effects of the Indian railway

network on regional economies by reducing trade costs, which in turn increased economic

welfare, explaining over half of the observed income gains from the expansion of railroads.

Cuberes et al. (2021) provided a dynamic perspective, suggesting that while large cities

initially overshadow surrounding areas, reduced transportation costs eventually promote

economic growth in regions near major urban centres. Cuberes’s study found that prox-

imity to large urban clusters initially hindered growth due to urban shadows, but in the

post-period, this proximity positively influenced growth, although the effect has weakened

in recent decades. This shift coincided with a decrease in commuting costs.

Initially, when commuting costs were high, people tended to migrate from smaller cities to

larger urban centres to be closer to their jobs and other opportunities. This migration led
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to smaller cities losing both population and economic activity to the nearby larger cities.

However, as commuting costs decreased over time due to improvements in transportation

and infrastructure, it became easier and cheaper for people to live in smaller cities and

commute to work in larger urban centres. This shift allowed smaller cities to recover and

benefit from their proximity to larger urban centres.

To summarise, most studies measure transportation infrastructure based on transportation

investments or static cross-sections of the existing network. Nevertheless, the stock of in-

frastructure is not only a key factor in economic activity but also needs to be maintained to

sustain its continued impact on the economy through effective maintenance. We contribute

to this literature by providing a more dynamic perspective on road choice and accessibility.

By integrating the concepts of stock and flow in road infrastructure through network anal-

ysis, we map the current road network as a stock and combine it with dynamic traffic data,

providing a detailed and time-sensitive understanding of transportation accessibility.

3.2.2 Urban Economic Resilience

Our paper evaluates urban economic resilience, linking it to the literature on the definition

and measurement of regional economic resilience (RER).

Scholars have significantly developed the concept of RER, creating a well-structured frame-

work where nearly every aspect of resilience is clearly defined and understood (Christo-

pherson et al., 2010; Martin, 2012; Meerow et al., 2016; Sutton and Arku, 2022; Sutton

et al., 2023). In economic research, resilience is commonly defined as the ability of regional

economies to resist, adapt to, or transform in response to shocks, subsequently recovering to

maintain or improve their pre-shock economic performance (Sutton et al., 2023). From an
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evolutionary perspective, the theory of regional economic resilience suggests that actively

restructuring and transforming an economy can help a region embark on new development

paths (Simmie and Martin, 2010). Sutton et al. (2023) provide a definition of resilience that

directly informs its measurement and estimation. In this study, we focus on engineering re-

silience, a concept frequently discussed in regional economics. This form of resilience refers

to how an area responds to an economic shock, with an emphasis on the speed at which it

recovers to its pre-shock state (Sutton et al., 2023).

In the empirical analysis, regional gross production is used as a key indicator of resilience.

For instance, Hundt and Holtermann (2020) examine the impact of national settings on

regional economic resilience in Europe, focusing on national GDP recessionary shocks from

1990 to 2014. Doran and Fingleton (2018) investigate the resilience of U.S. metropolitan ar-

eas following the 2008 financial crisis, using pre-shock regional production and employment

agglomeration as indicators. They highlight how regions with higher levels of industrial

diversity were able to recover more rapidly due to their inherent economic structures. Sim-

ilarly, Zhang et al. (2023) incorporate expected regional production in the final year into

their resilience measurements, providing insights into how provinces perform economically

over extended periods.

Consequently, we build upon previous research to measure urban resilience in economic per-

formance, with a specific focus on the role of mobility. Transport infrastructure presents a

trade-off. On the negative side, road infrastructure development can initially lead to eco-

nomic displacement, as businesses and residents may migrate from smaller towns to larger

cities in search of better opportunities, more amenities, and improved services. This migra-

tion can weaken the economic base of smaller towns and cities, resulting in a concentration
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of economic activity in larger urban areas.

On the positive side, road infrastructure supports long-term recovery and growth by en-

hancing connectivity between regions, reducing transportation costs, and improving access

to markets, jobs, and services. Better road networks can enable smaller cities to integrate

more effectively into broader regional economies, facilitating the movement of goods, people,

and capital.

Furthermore, road infrastructure can influence the spread of economic shocks. Improved

roads can accelerate the transmission of economic shocks across regions, as disruptions in

one area may ripple through connected cities.

Conversely, efficient road networks can also facilitate faster recovery by enabling the rapid

mobilisation of resources and workforce, spreading the benefits of economic rebound from

larger to smaller cities. In this study, we explore the mechanisms through which road

infrastructure affects urban resilience, considering both its potential to transmit economic

shocks and its ability to support recovery and growth across cities of varying sizes.

3.2.3 Industry Agglomeration and Urban Cluster

Finally, we also examine the literature on industrial agglomeration and urban specialisation.

Industrial specialisation refers to the concentration of specific industries within a particular

urban area or region, where businesses and resources cluster around a particular sector.

This creates a focused industrial environment that benefits from shared expertise, specialised

labour, and infrastructure tailored to the needs of that industry (Krugman, 1991). Such

clustering enhances efficiency, innovation, and productivity, as firms in the same industry

can collaborate, share knowledge, and attract skilled workers and suppliers. Over time,
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industrial specialisation can strengthen regional competitiveness, making the area a hub

for specific sectors. However, it can also increase vulnerability to sector-specific shocks, as

regions become more dependent on the success of a single industry.

The positive relationship between firm clusters and regional economic performance can be

traced back to Marshall (1890), who introduced the concept of external economies of scale.

According to Marshall, firms within a specialised cluster can share resources, infrastructure,

and services, reducing costs and increasing operational efficiency. Krugman (1991) further

elaborated on this in economic geography, emphasising the role of increasing returns and

transportation costs in forming economic agglomerations. Firms benefit from economies

of scale in logistics, as coordinated efforts can streamline supply chains and distribution

networks. Empirical studies, such as those by Audretsch and Feldman (1996) and Moretti

(2021), demonstrate that clusters also enhance innovation and productivity through knowl-

edge spillovers and collaboration among firms. When companies within the same industry

are geographically clustered, they benefit from the exchange of ideas, technologies, and best

practices (Moretti, 2021).

However, the benefits of industrial specialisation come with significant risks, particularly in

terms of economic resilience. A major challenge is that heavy reliance on a single industry

can make a region more susceptible to downturns in that sector over time. As research by

Potter and Watts (2011) indicates, agglomeration economies develop and transform over

time and across geographical space, thus forming an agglomeration life cycle. Initially,

agglomeration economies can drive growth and productivity, but over time, they may lead

to decreased performance as the industry matures and the negative aspects of clustering, such

as the development of bottlenecks, emerge (Potter and Watts, 2011). Urban specialisation

151



can make regions more vulnerable to economic shocks that affect the dominant industry,

reducing overall economic resilience (Frenken et al., 2007).

Therefore, our research aims to explore whether transportation improvements can have

a positive impact on regions within the context of industrial agglomeration. The focus

is on understanding whether enhanced transportation infrastructure will lead to increased

competition or co-prosperity among cities with similar industrial structures. We will examine

whether reducing transportation costs to large cities could improve the resilience of regional

economies in the context of industrial agglomeration. We are particularly interested in

whether the presence of transportation infrastructure fosters competition or co-prosperity

in cities with similar industrial structures.

Finally, we briefly summarise the ongoing debate in the existing literature. While trans-

portation infrastructure is often seen as a catalyst for economic development, its benefits

for underdeveloped regions are not universally guaranteed. One of the main controversies

revolves around the potential loss of factor resources, such as labour and capital, which may

be drawn away from these regions toward more developed urban centres. This issue is par-

ticularly critical when considering economic resilience. In the face of economic shocks, the

mobility facilitated by improved roads exacerbates the concentration of resources in large

cities, thereby weakening the resilience of underdeveloped regions. For cities with similar

industrial structures, it remains uncertain whether enhanced mobility increases competition

or fosters co-prosperity.

The literature provides mixed evidence on this matter, with some studies suggesting that

better connectivity can promote regional collaboration and shared growth, while others

indicate that it might intensify competitive pressures, potentially disadvantaging less com-

152



petitive cities. Drawing on the insights from the existing literature, we propose the following

research questions to guide our investigation:

• To what extent can improved market accessibility enhance regional economic resilience,

particularly in underdeveloped areas?

• How does increased market accessibility in major cities impact surrounding smaller

cities, and what are the implications of this spillover effect?

• In the context of industrial agglomeration, can improved market accessibility enhance

the regional resilience of cities with similar industrial structures?

3.3 Background and Data

In this section, we describe the selection of regional data and provide an overview of Chinese

cities.

3.3.1 Data Description

This section outlines the categories of empirical data used in our analysis. We integrate

empirical data from various sources into two main categories: urban economic fundamentals

and urban geographic information. The urban geographic information data includes the

identification of geographical locations and the structure of transportation networks.

Our regional division is primarily based on the Administrative Division Management Reg-

ulations 4 and the China City Statistical Yearbook 5. In China, cities are categorised into
4The official website of the People’s Government of China, in the section of State Council docu-

ments, administrative region regulations, Retrieved from: https://www.gov.cn/zhengce/content/2018-11/
01/content_5336379.htm

5National Bureau of Statistics. China City Statistical Yearbook Retrieved from:
https://www.stats.gov.cn/zs/tjwh/tjkw/tjzl/202302/t20230220_1913734.html
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three levels based on administrative divisions: provincial-level cities, prefectural-level cities,

and county-level cities. To ensure greater connectivity of the transport network, our study

collected data from Chinese cities at the prefectural and provincial levels.

Provincial-level cities include major provincial capitals and municipalities such as Beijing,

Shanghai, Tianjin, and Chongqing, which are directly governed by the central government.

These cities serve as the economic and political centres of their respective provinces and

typically have more developed transportation systems and greater government funding.

Prefectural-level cities are subordinate to provinces and generally encompass multiple dis-

tricts and counties, with substantial economic and population sizes. These cities are gov-

erned by provincial governments and include both urban and rural areas, often incorporating

several counties or county-level cities within their jurisdiction.

County-level cities are the smallest administrative units and are governed by prefectural-level

cities. Since county-level cities often include forest areas, special zones, and autonomous

administrative regions with significant ethnic minority populations, some of these areas

experience low accessibility and limited economic activity. Consequently, our data selection

focuses on prefectural-level and provincial-level administrative regions.

This classification is primarily based on administrative hierarchy, population size, and eco-

nomic development levels. Our data captures a broad spectrum of urban environments,

facilitating a thorough examination of urban economic resilience and transportation metrics

across various city types and sizes. Further discussions on the transport environment will

be provided in subsequent sections.

Hong Kong, Macau, and Taiwan differ significantly from Mainland China in terms of poli-

cies and administration, which may affect the consistency and accuracy of the study results.
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These regions have distinct transport policies, economic systems, and development levels.

Hainan Province, primarily connected to the mainland by sea routes, lacks direct land trans-

port links. This makes conventional road access assessment methods unsuitable for Hainan,

potentially introducing bias into the overall evaluation of transport accessibility in China.

Excluding these regions ensures dataset consistency and accuracy, avoiding potential errors

from unique policy and geographic conditions.

We integrate various data sources and categories for this study. Regional economic data

are sourced from the China City Statistical Yearbook for 288 cities spanning 2013 to 2021.6

This dataset includes city-level regional gross output, total resident population, government

expenditure, and the stock of household savings in financial institutions. Geographic data

are collected as randomised location points for city longitude and latitude. Road network

shapefiles are obtained from OpenStreetMap for access calculations.

A brief statistical analysis is provided in Table C.1 in the appendix. The methodology

section will specifically address how this data was utilised and how the index was constructed.

Additionally, a summary of the statistics is presented in Table C.2 in the appendix.

3.3.2 Background of Chinese Cities

In this section, we briefly summarise the current economic development and geographic

characteristics of China’s cities.

Since the late 20th century, driven by economic reforms and the transition from an agri-

cultural economy to an industrial and service-based economy, China has experienced one of

the fastest rates of urban growth in history. According to the World Bank, China’s urban
6National Bureau of Statistics. China City Statistical Yearbook Retrieved from:

https://www.stats.gov.cn/zs/tjwh/tjkw/tjzl/202302/t20230220_1913734.html
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population increased from 26% in 1990 to 61% in 2020.7

Initially, China’s urbanisation was concentrated in a few large cities, led by Beijing, Shang-

hai, and Guangzhou. These cities became centres of economic activity, attracting substantial

domestic and foreign investment. They rapidly developed infrastructure, expanded their in-

dustrial base, and became the primary economic drivers of their regions. The success of these

cities stimulated further urbanisation, leading to the development of second- and third-tier

cities across the country. According to the National Bureau of Statistics of China, the GDP

of Beijing, Shanghai, and Guangzhou collectively accounted for 15% of the national GDP in

2020.8

Despite impressive growth, Chinese cities face several challenges. Urban areas struggle with

issues related to the unequal allocation of resources between regions. The development gap

between coastal and inland cities remains a significant issue, with inland cities often lagging

in terms of economic opportunities and infrastructure. Data from the National Bureau of

Statistics of China indicate that coastal provinces such as Guangdong and Jiangsu have

GDP per capita levels more than double those of inland provinces like Gansu and Qinghai.9

It is evident that economically developed cities in China are not limited to provincial capi-

tals. For example, while Guangzhou is the provincial capital of Guangdong, Shenzhen, also

located within the province, has a higher economic output.

7World Bank. (2021). Urban population (% of total population) of China. Retrieved from:
https://data.worldbank.org/indicator/SP.URB.TOTL.IN.ZS?locations=CN

8National Bureau of Statistics of China. (2021). GDP data. Retrieved from:
https://data.stats.gov.cn/easyquery.htm?cn=E0103

9National Bureau of Statistics of China. (2020). Regional GDP per capita data. Retrieved from:
https://data.stats.gov.cn/easyquery.htm?cn=E0103
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Figure 3.1: Geographic Distribution of Chinese Cities

(a) Big Cities

(b) All Cities
Note: These two pictures include the geographical distribution of big cities and small cities. Among

them, big cities include 81 prefecture-level cities. All cities include a total of 288 cities, both big cities

and small cities.
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In fact, Shenzhen’s GDP surpassed that of Guangzhou, reaching approximately 30,664.85

billion yuan in 2021, compared to Guangzhou’s 28,231.97 billion yuan, highlighting its sig-

nificant economic influence.10

Recognising this, we expand the definition of large cities in our research. Based on the

average production levels of cities from 2014 to 2021, we selected the top three cities in

each province as economically developed large cities. These selections were made using

comprehensive economic indicators, including GDP, industrial output, and foreign invest-

ment. Other cities within each province were categorised as underdeveloped areas. Figure

3.1 presents our city selection from a geographic perspective.

To conclude, the geographical distribution of Chinese cities shows a trend of high concen-

tration in the eastern and south-eastern coastal regions, with a decrease in the number of

cities in the western and northern regions. This underscores the vastness of the land and the

clear regional imbalance. Our subsequent delineation of regional industrial agglomeration

and the geographical distribution of the transport network is also based on these maps of

city distribution.

3.4 Methodology

In this section, we introduce the three primary indices utilised in our model. The first is the

industry clustering index, where we evaluate the concentration of similar industries across

different cities using K-means clustering analysis. The second index is the regional economic

resilience index, which we compute to assess the economic resilience of various regions. The

10National Bureau of Statistics of China. (2021). GDP data. Retrieved from:
https://data.stats.gov.cn/easyquery.htm?cn=E0103
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third index involves measuring market access through an analysis of the road network.

3.4.1 Industry Cluster Analysis

Industrial agglomeration is often reflected in the geographical clustering of similar industries.

We capture this phenomenon by examining both the industry structure and geographic dis-

tribution. First, we assess how similar industries are organised and concentrated within

specific regions, identifying patterns of specialisation. We then examine the physical prox-

imity of these industries and use geographic distance to identify clusters.

Our construction of the industrial structure is based on the classification of Chinese indus-

tries by the National Bureau of Statistics of China. These categories are derived from the

National Bureau of Statistics’ notice on the issuance of the Regulations on the Division of

the Three Industries11. In China, industries are classified into three categories. The pri-

mary industry encompasses the agricultural sector, including agriculture, forestry, animal

husbandry, fisheries, and aquaculture, all primarily related to the extraction and collection

of natural resources. The secondary sector focuses on manufacturing, encompassing mining,

manufacturing, construction, and utilities, with core activities involving the processing of

raw materials into final products. The tertiary sector, also known as the service sector,

includes a wide range of services such as wholesale and retail trade, transportation, food

and beverage services, financial services, real estate, education, health and social work, and

culture, sports, and recreation, which provide non-material goods and services.

We primarily use employment in the three main industries of the city and the share of

11The official website of the People’s Government of China, in the section of State
Council documents, Industrial Classification of the National Economy, Retrieved from:
https://www.gov.cn/gongbao/content/2003/content_62360.htm
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industrial output in total gross regional production to determine the industrial structure of

each city.

Figure 3.2: Elbow Plots in Industry Cluster

(a) Cluster with Employment (b) Cluster with Industrial Contribution

We employ K-means clustering in machine learning methods. K-means clustering is one

of the most widely used unsupervised learning algorithms in the field of machine learning

and data mining. It aims to partition a set of observations into k clusters, where each

observation belongs to the cluster with the nearest mean, serving as a prototype of the

cluster (MacQueen, 1967). The algorithm iteratively refines the cluster centres, also referred

to as centroids, in order to minimise the within-cluster variance, providing a straightforward

and efficient method for identifying underlying structures in data (MacQueen, 1967; Lloyd,

1982). Additionally, K-means assumes spherical clusters of similar sizes, which makes it

effective for identifying robust clusters (Jain, 2010).

We also use Principal Component Analysis (PCA), a statistical technique employed for

dimensionality reduction while preserving as much variance as possible in the data. PCA

transforms the original variables into a new set of uncorrelated variables, known as principal

components, which are ordered by the amount of variance they capture (Jolliffe, 2002). Ding
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and He (2004) discuss how combining PCA with K-means clustering improves clustering

results and visualisation by preprocessing the data with PCA, leading to more meaningful

and interpretable clusters. This reduction facilitates more efficient and accurate clustering.

To determine the optimal number of clusters for our dataset, we employed the elbow method,

a widely recognised technique in cluster analysis. The elbow method involves plotting the

within-cluster sum of squares against the number of clusters ( k ). The point at which

the rate of decrease sharply slows—forming an “elbow”—is considered the inflection point,

indicating the most appropriate number of clusters (Thorndike, 1953; Ketchen and Shook,

1996).

The elbow graph, shown in Figure 3.2, based on employment and production data, demon-

strates a significant reduction in the Within-Cluster Sum of Squares (WCSS) as the number

of clusters increases from 1 to 3. This indicates that dividing the data into more clusters up

to this point results in more compact and well-defined clusters, thus better capturing the

underlying structure of the employment data. However, after reaching 3 clusters, the rate of

decrease in WCSS begins to slow down significantly. This suggests that while adding more

clusters beyond this point continues to reduce WCSS, the improvement in clustering quality

becomes marginal. Therefore, selecting 3 clusters strikes a good balance between accurately

representing the data structure and maintaining simplicity.

In our analysis, we determined this inflection point to be at k = 3 , suggesting that three

clusters offer a balance between explanatory power and simplicity. The detailed plots and

calculations are presented in the appendix.

Once the number of clusters was established, we proceeded with the classification of data

points into these three clusters. This classification was further evaluated using the silhouette
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coefficient, a measure of how similar an object is to its own cluster compared to other

clusters (Rousseeuw, 1987). The silhouette coefficient ranges from -1 to 1, with higher

values indicating better-defined clusters. Our results yielded a silhouette coefficient that

affirmed the suitability of the three-cluster solution.

Figure 3.3: K-Means Cluster Analysis in Cities

(a) Cluster with Employment (b) Cluster with Industrial Contribution

Figure 3.3 presents the cluster results. The first graph shows the outcomes of applying

K-means clustering to employment data, which has been reduced to two principal compo-

nents through PCA. These principal components are linear combinations of the original

employment data, capturing the maximum variance in the data. PC1 reflects the overall

employment size or industry scale, while PC2 captures secondary employment trends or

growth rates. The clusters are visually distinguished by colours: purple for cluster 0, teal

for cluster 1, and yellow for cluster 2. Cluster separation in this graph reveals three distinct

groups. Cluster 0 (purple) has a wide distribution, overlapping somewhat with Cluster 1

(teal) and Cluster 2 (yellow), indicating potential commonalities or transitional industries

between these clusters. The broad spread of Cluster 0 across both principal components

suggests significant variability in employment characteristics within this cluster.
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The second graph illustrates the K-means clustering results for industrial production data,

also reduced to two principal components. Similar to the employment data graph, the princi-

pal components here reflect the main sources of variance in the industrial outcome ratio. The

cluster separation shows three distinct groups, but with more compact groupings, particu-

larly between clusters 0 and 1. This suggests less variability compared to the employment

data. Cluster 0 exhibits a broad spread along PC1 but is narrow along PC2, indicating that

the primary variance in production is captured well by the first principal component. This

cluster likely includes industries with varying contributions but similar secondary charac-

teristics. Cluster 2, positioned distinctly from the other two clusters, represents industries

with higher contributions or different economic dynamics.

In addition to visual inspection, we evaluated the quality of the clusters using the silhouette

score, a key metric for assessing the performance of clustering algorithms such as K-means.

The silhouette score measures how similar an object is to its own cluster compared to other

clusters, providing insights into the separation distance between clusters (Kaufman and

Rousseeuw, 2009). The score ranges from -1 to 1, with higher scores indicating better-

defined clusters (Rousseeuw, 1987).

The silhouette score, introduced by Rousseeuw (1987), measures the quality of clustering by

comparing the average intra-cluster distance with the average nearest-cluster distance. The

formula is as follows:

S(i) =
b(i)− a(i)

max(a(i), b(i))

where a(i) is the average distance between the i-th sample and all other points in the same
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cluster, and b(i) is the average distance between the i-th sample and points in the nearest

cluster (Rousseeuw, 1987).

According to Rousseeuw (1987), positive silhouette scores, ranging from 0 to 1, indicate that

an object is well-matched to its own cluster. A score close to 1 suggests that the object is

very similar to other objects in its cluster and distinct from those in other clusters, implying

a well-defined cluster. Conversely, negative silhouette scores, ranging from -1 to 0, suggest

that an object may be misclassified, indicating overlapping clusters or noisy data.

The silhouette score for industry GDP ratio clustering is 0.40278, while the score for employ-

ment clustering is 0.31226. Both silhouette scores are positive, confirming that the clusters

are better defined than if the data points were randomly assigned. The higher silhouette

score for industry GDP ratio clustering suggests a clearer separation between clusters com-

pared to the employment clustering. This indicates that the economic structure of cities,

as defined by the ratio of industry contributions to GDP, forms more distinct groups than

their employment distributions.

Then, we measure the distance between the cities to their respective centroids with Euclidean

distance. In the context of K-means clustering, it is used to measure the distance between

each data point (city) and the cluster centroids. The Euclidean distance between two points

x = (x1, x2, . . . , xn) and y = (y1, y2, . . . , yn) in 2-dimensional space is given in the Appendix

C, as section C.2.

As a result, we construct spatial weight matrices that account for both the similarity of

industrial structures between cities and their geographical proximity, resulting in composite

weights. The similarity of industrial structures is determined by comparing the types and

proportions of industries present in each city, with cities exhibiting more similar industrial
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structures receiving higher similarity scores. Additionally, we incorporate the geographical

proximity of the cities, with closer cities receiving higher proximity scores. These two factors

are combined to form the composite weight, where a higher composite weight indicates that

the two cities are both industrially similar and geographically close. This means that if

City A and City B have very similar industrial profiles and are geographically close, their

composite weight will be high, reflecting a strong linkage in our spatial weight matrix.

Conversely, if City A and City B have different industrial structures and are geographically

distant, their composite weight will be low, indicating a weaker linkage.

3.4.2 Regional Economic Resilience

As highlighted by Sutton et al. (2023), regional economic resilience refers to a region’s ability

to withstand, adapt to, and recover from economic shocks while maintaining or enhancing

its long-term development potential.

This study adopts the resilience calculation methodology proposed by Doran and Fingleton

(2018) and Zhang et al. (2023), which measures economic resilience by calculating the ratio

of actual to expected variance in gross regional production for the region from 2014 to 2021.

The analysis spans the pandemic period in 2020 and includes a recovery year in 2021.

The resilience of region i is calculated as follows. Where ∆yt+k
i is the actual production

change in region i during the t+k period, and
(
∆yt+k

i

)expected is the expected gross production

change in region i during the t+k period. National gross domestic production is as yt+k
n .The

expected production change is based on the national gross domestic production growth rate:

(
∆rest+k

i

)exp
= yti ∗

(
∆yt+k

n

)
(3.1)

165



The expected change in region i during the t+ k period is calculated as:

Res i =

(
∆res t+k

i

)
−

(
∆res t+k

i

)exp∣∣(∆res t+k
i

)exp∣∣ (3.2)

We calculate economic resilience for a region or entity over a specific time period, from t to

t+ k. The resilience score, as Resi, is based on the difference between the observed change

in an economic indicator of urban production and the expected change over that period.

The observed change, as ∆res t+k
i , reflects the actual change in the economic condition of the

region during the time period. On the other hand, the expected change, as
(
∆res t+k

i

)exp, is

what would be anticipated based on national trends.

The interpretation of the resilience score is straightforward. If Res i is greater than 0, it

means the region performed better than expected, showing strong resilience. If the score

is 0, the region performed as expected. However, if Res i is negative, it indicates that the

region performed worse than expected, showing lower resilience.

To further investigate the relationship between gross production and resilience, we provide a

linear fit view of the data. The scatter plot, shown in Figure 3.4, reveals a positive correlation

between regional GDP growth rate and economic resilience. The red regression line in the

plot highlights this positive trend, indicating that regions with higher GDP growth rates

tend to exhibit greater economic resilience.
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Figure 3.4: Comparison of Resilience and Regional GDP Growth Rate

Notes: The x-axis represents resilience, while the y-axis indicates the regional GDP growth rate. The

size and colour of the circles reflect the actual GDP, after applying the logarithmic transformation.

The scatter plot also reveals a central cluster of data points, indicating that the majority

of regions exhibit similar GDP growth rates and resilience levels. This clustering suggests

that while there is a general trend of higher resilience corresponding to higher growth rates,

many regions fall within a relatively narrow range for both metrics. The size of the bubbles,

representing the logarithm of GDP, reflects the variability in the economic scale of different

regions.

Furthermore, the relative uniformity in bubble sizes around the central cluster implies that

most regions have similar overall economic sizes, reinforcing the notion that regions with

comparable economic scales tend to display similar levels of growth and resilience.
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Figure 3.5: Geographic Distribution of Resilience

(a) 2014

(b) 2021
Note: The map illustrates a geographic distribution of resilience.

We also discuss the geographical cross-sectional distribution of economic resilience. Figure

3.5 presents a series of maps illustrating the geographic distribution of economic resilience
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across 288 cities for the years 2014 and 2021. A colour gradient is used in each map to

depict resilience levels, with lighter shades representing lower resilience and darker shades

indicating higher resilience.

It is evident that the resilience of most cities is negative relative to the national GDP. The

2014 map displays a relatively uniform distribution of economic resilience across the country.

The overall light to medium shades of blue suggest that most cities exhibited moderate levels

of resilience, with a few areas standing out for their higher stability.

The 2021 map highlights even more pronounced differences in economic resilience across

China. Several areas in the central and southern regions show increased resilience, with

darker colours indicating stronger economic stability and recovery. However, following the

pandemic in 2020, the gap in resilience has widened significantly, with other cities showing

noticeably lower resilience.

3.4.3 Access to Big Markets

We define market accessibility following the research by Geurs and van Wee (2004), which

emphasizes that accessibility to opportunities is influenced by both the associated travel

costs and the availability of opportunities. The distribution of such opportunities and the

associated travel costs usually involve the number of opportunities or the potential purchas-

ing power contained in an area, while the travel costs include the time or financial costs

required to reach the area.

Research by Evenett and Keller (2002) indicates that the traditional gravity model is fre-

quently applied in the study of trade dynamics between regions and nations. Similarly,

in the context of trade, the gravity model suggests that larger populations generate more
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significant economic interactions due to greater demand and supply capabilities.

The interaction between two locations is directly related to their respective sizes, often

quantified by population (Lall et al., 2004). Building on this foundation, they construct

an accessibility index measure based on population-weighted access to measure the Indian

industrial market.

Moreover, the gravity model accounts for the distance between trading partners, with greater

distances generally reducing the likelihood and volume of trade due to increased transporta-

tion costs and time. However, advancements in technology and transportation infrastructure

can mitigate these distance effects, so we use network analysis to measure the actual travel

cost between two places.

Network Analysis

In this study, we define travel cost as the time required to travel from one city to any point

in another city. We refer to Khanna et al. (2022) for detailed calculations and methodologies

applied in network analysis, particularly with respect to the role of roads in shaping cities.

This framework enables us to capture traffic paths within and between urban areas.

For intra-city journeys, we account for the complexity of navigating dense street networks

and the potential for bottlenecks. Our analysis focuses on route selection after traffic re-

strictions, particularly on inner-city roads with one-way lanes.

We obtain road network data from OpenStreetMap for the years 2014 to 2021 and use Ge-

ographic Information Systems (GIS) to calculate the network costs between cities. Specifi-

cally, we consider all 288 cities as starting points and calculate the travel costs required for

each city to reach various destinations. This dataset includes nodes, such as intersections,
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junctions, and edges, representing road segments and pathways. Each edge in the road

network has attributes such as length, travel time, speed limit, and road type.

We work with network analysis tools in ArcGIS and QGIS to calculate both the shortest

road and fastest routes. These tools enable us to calculate the most efficient paths based

on various criteria, such as distance and travel time, while incorporating real-world factors

like road types, speed limits, and traffic conditions. In this study, we standardise the speed

limits to enable the calculation of the shortest path based on travel time and road speed

limits.

The calculation considers different costs. The total cost is the sum of the entry cost, network

cost, and exit cost for each origin-destination pair in the road network. The entry cost is

the cost of starting a trip from an origin point, the network cost is the cost of travelling

along the road segments between the origin and destination, and the exit cost is the cost

of reaching the destination point. We consider the maximum speed on different roads to

constrain the road selection.

Start Points

Specifically, we employ all 288 cities as starting points and calculate the travel costs required

for each of these cities to reach various destinations. To ensure a more realistic and valid

analysis, we select random points within each city as starting locations instead of using a

single central point. This method is chosen to capture the true variability and complexity

of urban areas.

Cities are not homogeneous entities; they consist of diverse neighbourhoods, each with dif-

ferent levels of accessibility and infrastructure. By selecting random points, we account for

these variations and avoid the bias that might result from only considering central locations,
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which often have better infrastructure and accessibility than other parts of the city.

Furthermore, in selecting these random points, we carefully avoid locations that are inacces-

sible, such as bodies of water, mountains, and other obstacles that would not be practical

starting points for travel. This step ensures that our analysis reflects realistic travel scenarios

and avoids skewed results that could arise from including points where travel is not feasible.

Destination Points

In our background analysis of Chinese cities, we select developed cities in each province

based on their economic performance. The destinations are defined as the developing cities,

specifically the top three cities by average urban gross production in each province.

Unlike previous studies, we do not lock in the choice of large cities within provinces. This

is because some cities located on the provincial boundary lines do not prioritize their own

provincial megacities in terms of trade flows. As mentioned earlier, there is a clear geo-

graphical division in China’s urban development. The areas closer to the coast have more

developed cities. Based on Evenett and Keller (2002) theory of gravity, we similarly argue

that more developed cities attract trade partners across provincial borders. Therefore, we

choose all developed cities as endpoints.

Road Categories

We consider including motorways, primary roads, secondary roads, and tertiary roads. The

road shapefiles provide the levels of the road. According to OpenStreetMap, the Road

Traffic Safety Law of the People’s Republic of China12 and the Highway Law of the People’s

12Transportation Department, 2005. Retrieved from: https://www.gov.cn/banshi/2005-
05/26/content_996.htm.
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Republic of China13, China’s highways are divided into five technical levels: expressways,

primary highways, secondary highways, third-class highways, and fourth-class highways.

Different levels of highways have distinct technical indicators, such as design speed, number

of lanes, traffic volume, and pavement structure.

Based on administrative levels, these are classified into national highways, provincial high-

ways, county highways, township highways, and special-purpose highways. National high-

ways include expressways and ordinary national highways, while provincial highways include

provincial-level expressways and ordinary provincial highways. National and provincial high-

ways are categorized as trunk roads, whereas county and township highways are considered

branch roads. We provide a description of the road types in our analysis. Below is a

description of the major road types in our analysis.

• Motorways: Motorways, also known as national highways, are the highest classi-

fication of roads and are designed for fast, long-distance travel. They are typically

multi-lane roads with limited access points, allowing vehicles to travel at high speeds

without interruptions from traffic signals or intersections. Motorways are often re-

ferred to as highways or free ways in different regions and are crucial for connecting

major cities and regions.

• Primary roads: Primary roads are the main roads that connect important towns and

cities. They are usually single or dual carriageways and can accommodate significant

traffic volumes. Primary roads are essential for regional connectivity and often serve

as major arteries within the road network, facilitating the movement of goods and

people between urban centres.

• Secondary roads: Secondary roads serve as connectors between primary roads and
13National Standardization Administration, 2015, Available from: https://www.sac.gov.cn/sacen/index.html
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smaller towns or rural areas. While they are not as heavily trafficked as primary roads,

they are still important for regional transportation. Secondary roads typically have

fewer lanes and lower speed limits compared to motorways and primary roads, but

they play a vital role in local accessibility and mobility.

• Tertiary roads: Tertiary roads are local roads that provide access within towns,

cities, and rural areas. These roads are generally narrower and have lower speed limits.

They facilitate local traffic, connecting residential areas, small businesses, and local

amenities to the broader road network. Tertiary roads are crucial for daily commutes

and local transportation needs.

• Impact on Network Costs and Accessibility: By incorporating these different

types of roads into our analysis, we are able to calculate accurately the network costs

between cities and assess the impact of road infrastructure on accessibility. Each type

of road contributes differently to the overall connectivity and travel efficiency within

the network, influencing the accessibility of various regions.

By incorporating these different types of roads into our analysis, we are able to accurately

calculate the network costs between cities and assess the impact of road infrastructure on

accessibility. Each road type contributes differently to the overall connectivity and travel

efficiency within the network, thereby influencing the accessibility of various regions.

Intra-City and Inter-City Road Network: Chengdu

In this section, we compare the development of intra-city roads (Figure 3.6) with that of

inter-city roads (Figure 3.7). To better visualize the categories of roads and the specific

changes, we chose Chengdu as a sample for analysis. The intra-city roads refer to those in

closer proximity to the city centre, while the inter-city roads are partly derived from those
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crossing the city boundary line between Chengdu and Meishan.

Figure 3.6: Intra-City Road Network

(a) Inter-City Road in 2014 (b) Inter-City Road in 2021
Note: The map illustrates a part of inter-city road development in Chengdu.

Figure 3.6 illustrates the types and development of inner-city roads near Chengdu’s city cen-

tre. In 2014, the inner-city road network was primarily composed of primary, secondary, and

tertiary roads, along with motorways and their respective links. Primary roads functioned

as the main arteries of the city, connecting key areas and supporting significant traffic flow.

Secondary roads complemented the primary network by providing critical connections and

facilitating smoother traffic distribution. Tertiary roads linked local areas, residential neigh-

bourhoods, and commercial zones to the broader road network. The presence of motorways

and motorway links highlighted the level of road infrastructure development. Addition-

ally, unclassified roads were present, reflecting areas with less structured or less developed

planning.

By 2021, Chengdu’s inner-city road network had undergone significant development and

expansion. The road types had diversified and increased in number, with the addition of

new categories such as trunk roads, service roads, and footways. Primary and secondary
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roads had expanded, indicating enhanced connectivity and urban growth. The introduc-

tion of trunk roads supported high-capacity traffic flow, reflecting substantial infrastructure

investment. The expansion of tertiary roads, particularly in residential areas, suggested

ongoing urban development and systematic planning. Residential and service roads had be-

come more defined, and the networks of footways and cycleways had expanded significantly,

promoting non-motorised transport and enhancing pedestrian and cyclist accessibility. The

motorway network had also been extended, ensuring improved connectivity across the city.

Figure 3.7: Inter-City Road Network

(a) Intra-City Road in 2014 (b) Intra-City Road in 2021
Note: The map illustrates a part of intra-city road between Chengdu and Meishan. The

grey line is the boundary between the two cities

The two inter-city road network maps between Chengdu and Meishan from 2014 and 2021

reveal significant changes in the region’s transportation infrastructure over these years. The

grey line represents the boundary between Chengdu and Meishan. In 2014, the road network

was characterised by a limited number of primary roads, which served as major arterial

routes. These primary roads were concentrated in central areas, reflecting the nascent stage

of major route development. Secondary roads, which connect primary roads and facilitate
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significant traffic flow, were moderately distributed, enhancing connectivity within the urban

core. Tertiary roads were prevalent on the city’s periphery, indicating the early stages of

urban expansion. Additionally, unclassified roads were scattered throughout the network,

reflecting areas with less structured road planning.

By 2021, Chengdu’s road network exhibited substantial development and expansion. Trunk

roads had been introduced, providing high-capacity urban routes. The number of primary

roads had increased, connecting more parts of the city and signalling robust urban growth.

Secondary roads had also expanded, further enhancing connectivity within the network. The

growth of tertiary roads, particularly in residential areas, pointed to continued urban sprawl

and the development of new housing zones. The addition of residential roads underscored

the development of new neighbourhoods to support the city’s growing scale. Compared

to 2014, the 2021 network was denser and more interconnected, reflecting improved urban

planning and strategic infrastructure investment.

Overall, the evolution of Chengdu’s road networks from 2014 to 2021 highlights a period

of robust urban and regional growth. Both intra-city and inter-city networks have been

enhanced through the introduction of new road types and a focus on sustainable transport

solutions.

Shortest Path Across Cities: Meishan to Chengdu

Given the vast scale of the entire road network, we selected a fixed geographic area as a

reference to illustrate the road distribution in China from 2014 to 2021. Figure 3.8 provides

a clear and consistent comparison over time. Our analysis reveals that the road network in

this reference area has become significantly more complex in 2021 compared to 2014. This

development not only constructs more roads but also provides more travel options.
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Figure 3.8: Road Network Analysis from 2014 to 2021

(a) 2014

(b) 2021

(c) 2014-2021
Note: The map illustrates the shortest pathway from Chengdu to Meishan. We compare

the network analysis result from 2014 to 2021
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The road network around Chengdu and Meishan underwent significant development between

2014 and 2021. The 2021 map illustrates a much denser network of roads, particularly

around Chengdu, highlighting substantial urban and suburban growth. This expansion has

increased the availability of route options, which, in turn, has influenced the determination

of the shortest path between the two cities. The shift in the shortest path from 2014 to 2021

may reflect changes in the criteria used to identify the most efficient route.

3.5 Dynamic Spatial Model

This section provides a detailed discussion of how the above data was utilised to construct

a dynamic spatial model. The process began with determining the spatial dependencies be-

tween cities, involving an analysis of how the locations and distances between cities influence

various socio-economic and infrastructural interactions. Identifying spatial dependencies al-

lows for the detection of patterns of connectivity, economic relationships, and potential areas

for infrastructural development.

We employed Moran’s I estimation to measure spatial autocorrelation, indicating the extent

to which similar values occur in close proximity in space. Following this, we constructed

a dynamic spatial autoregressive model using spatial weights to account for both temporal

and spatial interdependencies between cities. This model captures how changes in one city

influence neighbouring cities over time, providing insights into the spatial and temporal

dynamics of urban and regional development.
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3.5.1 Weight Matrices and Spatial Autocorrelation

We constructed three spatial weights, all based on geographic distance, to capture different

dimensions of spatial dependencies. The first type is the inverse distance weight, which

considers only the geographical proximity between cities, assigning greater influence to nearer

cities while diminishing the influence as distance increases.

The second type comprises two composite weights that incorporate industrial aggregation.

These weights are designed to reflect not only geographic proximity but also economic sim-

ilarities between cities. To create these composite weights, we utilised K-means clustering

as described in the previous section, grouping cities based on their industrial characteris-

tics. These weights were constructed by combining the K-means industrial clusters with two

specific economic indicators: employment share and industrial production share. By incor-

porating these economic variables, the spatial weights account for both physical geographic

distance and economic interdependencies between cities.

Inverse Distance Weight Matrix

Inverse Distance Weighting (IDW) is a spatial interpolation technique frequently used in

geostatistics and spatial analysis. The IDW method assigns weights to nearby observations

based on their distance from the point of interest, with higher weights given to closer ob-

servations and lower weights to those farther away (Shepard, 1968). The weight matrix, W ,

for inverse distance weighting can be expressed as:

Wij =


1
dij

, if i ̸= j and dij ̸= 0

0, if i = j

(3.3)
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In this equation, Wij represents the weight between the i-th and j-th locations, and dij

denotes the distance between these two locations. The weight Wij is inversely proportional

to the distance dij, meaning that as the distance increases, the weight decreases. dij is

obtained by calculating the longitude and latitude distance between city i and city j.

This ensures that closer observations have a more significant impact on the interpolated

value than those further away. If i equals j or the distance dij is zero, the weight is set to

zero to avoid singularity and to ensure that a location does not contribute to its own weight

in the matrix.

Economic Cluster Weight Matrix

In the previous sections, we estimated industry agglomeration using K-means cluster anal-

ysis. To measure the distance between industry similarities, we constructed two matrices.

Here, we recall these matrices and apply an inverse transformation to ensure that closer lo-

cations have higher weights. We then combine the industry similarity matrices, denoted as

wij , with inverse distance matrices to build two weighted cluster weight matrices as follows:

Wij =


wij

1
dij

, if i ̸= j and dij ̸= 0

0, if i = j

(3.4)

Spatial Autocorrelation

We analysed spatial autocorrelation in conjunction with spatial weights to evaluate the

extent to which similar values in our dataset are spatially clustered or dispersed. Spatial

autocorrelation quantifies the degree to which the presence of an attribute at one location

correlates with its presence in neighbouring locations.
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To estimate spatial autocorrelation, we employed Global Moran’s I, a widely used statistic in

spatial analysis. Global Moran’s I measures spatial dependence among spatial units and is

mathematically defined to compare the value of a variable at each location with its values at

other locations, weighted by a spatial weights matrix. Positive values of Moran’s I indicate

positive spatial autocorrelation, where similar values tend to cluster, whereas negative values

suggest negative spatial autocorrelation, indicating a dispersed spatial pattern.

To test the significance of the observed Moran’s I, we conducted a two-tailed test. This

involved calculating the expected value and variance of Moran’s I under the null hypoth-

esis of no spatial autocorrelation. By standardising the observed Moran’s I into a Z-score

and comparing it against a standard normal distribution, we assessed whether the spatial

autocorrelation was statistically significant. In a two-tailed test, if the absolute value of

the Z-score exceeds the critical value, we reject the null hypothesis, confirming significant

spatial autocorrelation (Cliff and Ord, 1981; Anselin, 1995).

The results are summarised in Table 3.1, which presents Moran’s I values alongside their

corresponding Z-scores and significance levels. These results span the period from 2014 to

2021, using three types of spatial weights: Inverse Distance, Industrial Production Cluster,

and Industrial Employment Cluster.

The IDW matrix primarily captures the effect of geographical proximity on spatial autocor-

relation. In 2014, Moran’s I was -0.003, with a Z-score of 0.096, indicating no significant

spatial autocorrelation. However, beginning in 2015, there was a noticeable increase in pos-

itive spatial autocorrelation, with Moran’s I values turning positive and significant. For

instance, in 2015, Moran’s I was 0.016, with a Z-score of 4.272, reflecting strong spatial

clustering at the one percent significance level. This trend continued and intensified over
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Table 3.1: Global Moran’s I

Weight Matrix IDW Industrial Production Industrial Employment
Year
2014 -0.003 0.002 -0.009

(0.096) (0.574) (-1.006)
2015 0.016*** 0.009 0.014 ***

(4.272 ) (1.422) (3.247)
2016 0.035*** 0.039 *** 0.035 ***

(11.648) (6.970) (9.699)
2017 0.009*** 0.008* 0.008**

(3.520) (1.660) (2.554)
2018 0.006 ** 0.003 0.003

(2.338) (0.830) (1.350)
2019 0.119 *** 0.123*** 0.108 ***

(19.532) (11.045) (15.180)
2020 0.042*** 0.051*** 0.057 ***

(7.572 ) (4.911) (8.579)
2021 0.074*** 0.063*** 0.065***

(12.477 ) (5.894) (9.422)
Note: Z-value in parentheses. ***, **, and * show the significance at 1%, 5%, and
10%, respectively..

subsequent years, peaking in 2019 with Moran’s I at 0.119, demonstrating very strong posi-

tive spatial autocorrelation. Significant values persisted through 2020, when Moran’s I was

0.042, and 2021, when Moran’s I was 0.074. This pattern suggests that cities in China

are increasingly clustering geographically, likely as a result of enhanced connectivity and

regional development strategies.

The industrial production cluster weight matrix incorporates economic factors, specifically

industrial GDP output, alongside geographical proximity. In 2014, Moran’s I was 0.002,

indicating no significant spatial autocorrelation. From 2015 onwards, there were intermittent

periods of significant spatial autocorrelation. For instance, in 2016, Moran’s I reached 0.039,

indicating significant clustering at the one percent level. This significance persisted into 2019,
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when Moran’s I reached 0.123, reflecting strong positive spatial autocorrelation.

These findings indicate that cities with similar industrial structures tend to cluster geo-

graphically. This clustering reflects economic interdependence and industrial linkages be-

tween these cities. Cities sharing similar industries often develop close ties through trade

relationships, technology spillovers, and labour market mobility. For instance, industries in

these clustered cities may benefit from more efficient goods exchange, shared technological

advancements, and access to a common pool of skilled labour.

However, during the period from 2017 to 2018, the analysis reveals weak or insignificant spa-

tial autocorrelation, reflecting the degree to which economic activity in one city is correlated

with that in nearby cities. This change may indicate several underlying shifts in regional

economies. One possible explanation is industrial relocation, where businesses move opera-

tions from one city to another, potentially driven by lower costs or improved infrastructure

in alternative locations. Another explanation could involve industrial transformation, where

cities transition from traditional industries to new sectors, resulting in changes to the geo-

graphic distribution of industries.

Although the physical locations of cities remain fixed, their industrial structures and eco-

nomic performance can evolve over time, leading to shifts in the spatial distribution of

industries. For instance, a city may diversify its industrial base, transition from manu-

facturing to service industries, or emerge as a technology hub, thereby altering its role in

regional industrial clustering. Such changes in industrial composition can weaken previously

established industrial linkages between cities, resulting in reduced spatial autocorrelation

and altered patterns of economic interdependence.

The industrial employment cluster weight matrix combines geographical proximity with em-
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ployment data in industries and reflects how employment patterns influence spatial cluster-

ing. In 2014, Moran’s I was -0.009, indicating no significant spatial autocorrelation. Similar

to the other weight matrices, 2015 marked the onset of significant positive spatial autocor-

relation, with Moran’s I reaching 0.014 and indicating significance at the one percent level.

This positive trend continued, peaking in 2019 with Moran’s I at 0.108, demonstrating very

strong spatial clustering. The results for 2020, with Moran’s I at 0.057, and for 2021, with

Moran’s I at 0.065, indicate continued significant positive spatial autocorrelation.

This weight matrix, which focuses on the industrial employment structure, suggests that

cities with similar distributions of workers across industries are increasingly clustering to-

gether. Cities with comparable employment structures tend to have workforces concentrated

in the same industries, such as manufacturing, technology, or services. Consequently, these

cities are more likely to develop similar industrial profiles, as their workforce demands and

industrial needs align.

The clustering of cities with similar employment structures indicates that they may benefit

from shared labour market dynamics, such as common pools of skilled workers and a similar

demand for industry-specific talent. Moreover, this clustering reflects the specialisation of

cities in particular industries. As certain cities concentrate their workforce in specific sectors,

they develop specialised labour markets, attract further investment in those industries, and

promote regional economic integration.

Similar employment structures across cities can also result in interdependent labour markets.

When one city experiences economic growth, it can drive increased demand for workers in

neighbouring cities with similar industries. Conversely, economic downturns may have ripple

effects across these cities, disrupting their interconnected labour market dynamics.
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Overall, the inverse distance weight matrix shows a consistent increase in geographical clus-

tering over the years, highlighting growing spatial interdependencies driven by physical prox-

imity. The industrial production cluster weight matrix reveals significant economic clustering

based on industrial production, particularly in the later years, reflecting the economic inte-

gration of cities. Similarly, the industrial employment cluster weight matrix demonstrates

increasing clustering based on industrial employment, suggesting shared labour market char-

acteristics and economic activities. These results underscore the dynamic nature of spatial

autocorrelation, influenced by both geographical proximity and economic factors. The in-

creasing positive spatial autocorrelation over time indicates that cities are becoming more

interconnected, both physically and economically, fostering regional development and inte-

gration.

3.5.2 Model Setting

This section introduces a dynamic Spatial Autoregression (SAR) model that incorporates

three weight matrices. The SAR model is characterised by the inclusion of a spatial lag of the

dependent variable, which captures the influence of neighbouring observations. This spatial

modelling approach effectively accounts for spillover effects and interdependencies commonly

observed in spatial data (Anselin, 1988). The SAR model is particularly advantageous in

contexts where spatial dependence in the dependent variable is hypothesised or empirically

observed.

We follow the dynamic SAR model as described by Baltagi et al. (2019). The model equation

is given by:
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Yit = αYit−1 + ρ1

N∑
j=1

wijYjt +Xitβ + ϵit (3.5)

In the context of a dynamic spatial autoregressive data model, Yit represents the resilience

for region i at time t, while Xit is a vector of explanatory variables. The parameters α and

β correspond to the dimensions 1× 1 and K × 1, respectively, and are to be estimated. The

element wij in the matrix WN represents the spatial weight between regions i and j. The

spatial weights matrix WN is a known N × N matrix with zero diagonal elements and is

row-normalized.

The spatial lag coefficient, ρ1, is a critical parameter and is constrained within the interval

[1/αmin, 1], where αmin denotes the most negative purely real characteristic root of the row-

normalized WN . This constraint ensures spatial stationarity. For the model to remain

stationary across space, it is essential that the stationarity assumption |α| < 1 holds.

To mitigate the risk of omitted variable bias in our analysis, we include a range of regional

characteristics as control variables. Specifically, we incorporate variables such as population

density, education level, and household savings in financial institutions as a proxy for the

local financial level. Population density is included as it influences both the demand for and

the development of road infrastructure. Education level is considered because it affects the

availability of human capital in a region, which in turn can impact economic development

and infrastructure utilisation. The local financial level is also controlled, as it reflects the

economic resources available for infrastructure investment and maintenance.

3.6 Empirical Finding
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3.6.1 Main Result

The analysis presented in Table 3.2 employs a dynamic spatial autoregressive model to ex-

amine the impact of market access, population density, financial savings, and educational

expenditures on urban resilience. The model incorporates three distinct spatial weight ma-

trices, as previously discussed, to capture spatial dependencies effectively.

Table 3.2: Main Results with Dynamic Spatial Autoregressive Model

Weight Matrix IDW Industrial Production Industrial Employment
Main Estimate
L.Res -0.119∗∗∗ -0.117 ∗∗∗ -0.114 ∗∗∗

(0.021) (0.020) (0.021)
lnMarketAcc 0.023∗∗∗ 0.022 ∗∗∗ 0.023 ∗∗∗

(0.008) (0.008) (0.008)
lnPopDensity -0.002 -0.002 -0.001

(0.004) (0.004) (0.004)
lnFinancesav -0.002 -0.002 -0.004

(0.006) (0.006) (0.006)
lnEduExp 0.005 0.006 0.009

(0.009) (0.009) (0.009)

Spatial Autocorrelation (rho) 1.980*** 57.047 ∗∗∗ 426.009 ∗∗∗

(0.1680) (6.105) (117.033)
Note: standard errors in parentheses. ***, **, and * show the significance at 1%, 5%,
and 10%, respectively..

Using the Inverse Distance Weight matrix, the model shows that the lagged resilience, for

L.Res, as Res(t-1), has a significant negative coefficient, as -0.119, at the 1% significance

level, indicating a mean reversion effect where cities with past negative resilience tend to

experience lower current resilience.

However, the positive and significant coefficient for market accessibility to big cities, as

logMarketAcc, at 0.023 implies that better connectivity and access to larger markets signif-
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icantly enhance urban economic resilience. However, population density, financial savings,

and educational expenditure do not show significant impacts on resilience. The spatial auto-

correlation coefficient (rho) is 1.980, highly significant, indicating strong spatial dependencies

and suggesting that a city’s resilience is heavily influenced by the resilience of neighbouring

cities.

When using the Industrial Production weight matrix, the results are similar. The lagged

resilience remains significantly negative, as -0.117, reinforcing the mean reversion effect

observed with IDW. The coefficient for market accessibility to big cities is also positive and

significant at 0.022, highlighting the importance of economic connectivity.

Again, population density, financial savings, and educational expenditure are not significant

predictors of resilience. The spatial autocorrelation coefficient is much higher at 57.047,

indicating extremely strong spatial dependencies. This suggests that cities with similar

industrial production levels are highly interconnected in terms of their economic resilience,

due to similar industrial structures.

The industrial-employment weighted matrix also shows consistent results, with the lagged

resilience coefficient being significantly negative, as -0.114. Market accessibility to big cities

remains a significant positive factor, as 0.023, underscoring its critical role in enhancing re-

silience. Similar to the other matrices, population density, financial savings, and educational

expenditure do not significantly impact resilience.

The spatial autocorrelation coefficient is exceptionally high at 426.009, indicating very strong

spatial dependencies based on employment patterns. This suggests that cities with similar

industrial employment structures exhibit pronounced interdependencies in their economic

resilience, reflecting shared labour market dynamics and economic interactions.
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In conclusion, the analysis across different weight matrices reveals consistent patterns. The

negative coefficients for lagged resilience indicate a mean reversion effect, while the positive

coefficients for market accessibility to major cities underscore the critical role of connectivity

in enhancing urban resilience. The high spatial autocorrelation coefficients across all ma-

trices highlight the strong spatial dependencies in urban economic resilience. This finding

aligns with regional economic theories, which emphasise the significance of integration into

larger economic networks for urban development and resilience. Furthermore, the cluster-

ing of industries within production structures and labour markets is likely to amplify the

interdependencies between cities.

3.6.2 Spatial Analysis

We then proceed to analyse the long-term and short-term benefits of spatial influence based

on the results of the dynamic model. Our aim is to understand how connectivity and

economic interdependencies shape urban economic resilience over different time horizons.

Short-term effects refer to the immediate impact of changes in explanatory variables on the

dependent variable within a single time period. These effects capture the direct response of

economic variables to shocks or policy changes without considering the propagation of these

changes over time. In spatial models, short-term effects also account for immediate spatial

interactions and dependencies between neighbouring regions or entities.

The mechanisms driving short-term effects include direct impacts within the same region,

such as improved market access, enhanced economic activities due to better connectivity, and

reduced transportation costs. Additionally, indirect or spatial spillover effects capture how

changes in one region influence neighbouring regions through increased trade, investment,
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and economic activities, thereby enhancing their economic resilience.

Long-term effects in dynamic spatial economics encompass the cumulative impact of changes

in explanatory variables over multiple time periods, taking into account both the temporal

and spatial propagation of these changes. These effects illustrate the persistence and diffu-

sion of economic shocks or policy interventions over time, demonstrating how regions adjust

and stabilise in response to these changes.

Temporal dynamics in long-term effects consider the influence of past values of the depen-

dent and explanatory variables on current and future outcomes, reflecting the persistence of

economic trends and regional adjustments over time. Spatial dynamics, by contrast, empha-

sise the ongoing interactions between regions, where positive changes in one region can yield

lasting benefits for neighbouring regions through sustained trade, investment, and economic

linkages.

The spatial analysis presented in Table 3.3 examines the long-term and short-term effects

of various determinants on urban resilience. This analysis distinguishes between direct,

indirect, and total effects.
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Table 3.3: Spatial Analysis in Short-term and Long-term Effects

Short-term Long-term
IDW Industrial Production Industrial Employment IDW Industrial Production Industrial Employment

Direct Effect
L.Res -0.119 ∗∗∗ -0.116 ∗∗∗ -0.114 ∗∗∗

(0.020) (0.021) (0.020)
lnMarketAcc 0.026 ∗∗∗ 0.027 ∗∗∗ 0.027 ∗∗∗ 0.023 ∗∗∗ 0.022 ∗∗∗ 0.023 ∗∗∗

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
lnPopDensity -0.002 -0.003 -0.001 -0.002 -0.002 -0.001

(0.004) (0.004) (0.004) (0.004) (0.005) (0.004)
lnFinancesav 0.002 0.001 -0.001 -0.002 -0.002 -0.004

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
lnEduExp -0.003 -0.002 0.000 0.005 0.006 0.009

(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Indirect Effect
L.Res -3.073 ∗∗∗ -2.987 ∗∗∗ -2.947 ∗∗∗

(0.513) (0.528) (0.513)
lnMarketAcc 0.677 ∗∗∗ 0.689 ∗∗∗ 0.697 ∗∗∗ 0.585 ∗∗∗ 0.576 ∗∗∗ 0.597 ∗∗∗

(0.207) (0.207) (0.213) (0.215) (0.210) (0.211)
lnPopDensity -0.064 -0.069 -0.027 -0.053 -0.051 -0.021

(0.109) (0.108) (0.105) (0.110) (0.116) (0.115)
lnFinancesav 0.044 0.031 -0.021 -0.045 -0.045 -0.103

(0.150) (0.152) (0.152) (0.154) (0.153) (0.156)
lnEduExp -0.069 -0.043 0.011 0.141 0.160 0.219

(0.229) (0.225) (0.235) (0.235) (0.236) (0.234)
Total Effect
L.Res -3.192 ∗∗∗ -3.103 ∗∗∗ -3.062 ∗∗∗

(0.532) (0.565) (0.533)
lnMarketAcc 0.704 ∗∗∗ 0.715 ∗∗∗ 0.724 ∗∗∗ 0.608 ∗∗∗ 0.598 ∗∗∗ 0.620 ∗∗∗

(0.215) (0.215) (0.221) (0.223) (0.275) (0.219)
lnPopDensity -0.066 -0.072 -0.028 -0.056 -0.053 -0.022

(0.114) (0.112) (0.109) (0.114) (0.120) (0.120)
lnFinancesav 0.045 0.032 -0.021 -0.047 -0.047 -0.107

(0.156) (0.158) (0.158) (0.160) (0.159) (0.162)
lnEduExp -0.072 -0.044 0.012 0.146 0.166 0.228

(0.238) (0.234) (0.244) (0.244) (0.245) (0.243)

Note: Standard error values in parentheses. ***, **, and * show the significance at 1%, 5%, and 10%, respectively.
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In spatial econometrics, it is common to analyse direct and indirect effects separately, as

they provide detailed insights into the mechanisms of influence. Accordingly, we present a

summary of the spatial effects in our model.

Direct effects refer to the immediate impact of an explanatory variable on the dependent

variable within the same region. These effects capture the primary relationship between

the variable of interest and the outcome under study. Direct effects are significant because

they demonstrate how specific changes affect the outcome in the targeted region, without

accounting for the broader spatial context.

Indirect effects, also referred to as spatial spillover effects, represent the impact of changes

in an explanatory variable in one region on the dependent variable in neighbouring regions.

These effects arise due to the interconnectedness of regions through trade, investment, labour

mobility, and other economic linkages. Indirect effects are crucial for understanding the

broader implications of policy changes, as they reveal how benefits or costs extend beyond

the initially affected area.

Total effects combine both direct and indirect effects, providing a comprehensive measure of

the overall impact of a change in an explanatory variable on the dependent variable across

all regions. Total effects account for both the immediate impact within the target region

and the spillover effects on neighbouring regions, offering a holistic perspective on spatial

influence.

Short-term Effects

The direct effect of market access on urban economic resilience is positive and statistically

significant at the 1% level, with a coefficient of 0.026. The significance of market access
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indicates that better connectivity and access to markets enable local areas to better absorb

and recover from economic disturbances.

The indirect effect of market access, with a coefficient of 0.677, is also significant at the 1%

level, highlighting the presence of spatial spillover effects. This means that improvements in

market access in one region can enhance the economic resilience of neighbouring regions as

well. This is consistent with the literature and our hypothesis that increased market access

can increase trade, investment flows, and shared economic activities.

The analysis using the industrial production cluster weight matrix reinforces the importance

of market access in enhancing urban economic resilience. The direct effect of market access

remains positive and statistically significant at the 1% level, with a coefficient of 0.027. This

indicates that within industrial production clusters, cities with better market access are

more resilient to economic shocks. The enhanced resilience can be attributed to the robust

industrial networks and supply chains that benefit from improved market connectivity.

The indirect effect, with a coefficient of 0.689, underscores the strong spatial spillover effects

within industrial production clusters. This finding suggests that policies aimed at improving

market access in one region can generate widespread benefits, enhancing the economic re-

silience of other regions within the cluster through shared industrial linkages and economic

activities.

In the context of the industrial employment cluster weight matrix, the analysis continues

to emphasise the critical role of market access in promoting urban economic resilience.

Regions with better market access within industrial employment clusters are more capable

of withstanding and recovering from economic shocks. Improved market connectivity also

fosters enhanced employment opportunities.
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The indirect effect, with a coefficient of 0.697, highlights substantial spatial spillover effects

in regions with similar industrial employment structures. Enhancements in market access in

one region can positively influence the economic resilience of neighbouring regions through

increased labour market mobility.

Control variables such as population density, financial savings, and educational expenditure

do not exhibit significant short-term direct or indirect effects on urban economic resilience

within the weight matrices. These factors do not appear to play a significant role in imme-

diate resilience improvements in the spatial context.

In conclusion, the analysis of short-term effects across all three weight matrices consis-

tently demonstrates the significant influence of market access on urban economic resilience.

The direct effects of market access are positive and statistically significant, indicating that

enhanced market access leads to immediate improvements in urban economic resilience.

Furthermore, the significant indirect effects highlight the presence of strong spatial spillover

effects, suggesting that improvements in market access benefit not only the immediate region

but also neighbouring regions through diverse economic linkages.

Long-term Effects

Regions with sustained improvements in market access within industrial employment clus-

ters experience a measurable enhancement in urban economic resilience. Specifically, a 1%

increase in market access is associated with a 0.023 increase in the resilience index, sig-

nificant at the 1% level. While the elasticity may appear modest, in practical terms, this

translates into higher survival rates of firms, more stable employment, and improved recovery

trajectories in the aftermath of economic shocks.
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Our findings align conceptually with Doran and Fingleton (2018), who emphasize the role of

industrial structure in shaping resilience outcomes. Their study is from 2001 to 2014, with

377 metropolitan statistical areas. They use the Krugman Dissimilarity Index to measure

how different a metropolitan area’s industry mix is from the national average. During the

crisis phase, regions with more specialized industry structures suffered disproportionately,

as the coefficient is -0.077, but they also rebounded more quickly in the recovery phase as

0.0865.

While Doran and Fingleton (2018)emphasize the role of industrial structure specialization—

measured through the Krugman Dissimilarity Index—in determining regional resilience, our

study builds on this foundation by examining the role of spatial connectivity within in-

dustrial clusters. Specifically, we focus on how market access, conditional on industrial

agglomeration, contributes to the ability of regions to withstand and recover from shocks.

Their results highlight that more specialized regions tend to suffer greater immediate losses

but recover faster, due to stronger internal linkages and adaptive specialization. Our re-

sults suggest that market connectivity within these specialized or clustered regions plays a

complementary and amplifying role. To sum up, resilience is not solely a function of what

industries exist, but also how well-connected those industries are to markets and to each

other.

The indirect effect of market access, with a coefficient of 0.597, remains significant, in-

dicating substantial long-term spatial spillover effects. This suggests that improvements

in market access within one region continue to positively influence the economic resilience

of neighbouring regions through persistent labour market dynamics and shared economic

benefits.
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Regarding the dynamic effects of a time lag, the findings reveal that past resilience is sig-

nificantly related to the foundation of current resilience, with notable negative direct and

indirect effects. As noted in our regional analysis of resilience, except for a few large cities,

the resilience of most small cities is below zero. This indicates that the resilience levels of

small cities are far lower than the expected national level. Consequently, the negative effects

of past resilience are likely to persist into subsequent periods.

Consistent with the findings from the short-term analysis, population density, financial sav-

ings, and educational expenditure do not exhibit significant long-term direct or indirect

effects on urban economic resilience.

In summary, our analysis demonstrates that market access is a crucial factor for enhanc-

ing urban resilience in both short-term and long-term contexts, emphasising the substantial

benefits of connectivity to major urban centres. The negative long-term effects of lagged re-

silience highlight the need for past efforts to be carefully managed and continuously adapted

to mitigate detrimental impacts on current and future resilience. The strong and significant

spatial autocorrelation underscores the interconnected nature of urban resilience. These

findings align with our hypothesis that market access enhances resilience in both local and

neighbouring regions, an effect amplified by agglomeration benefits derived from industrial

structures and labour markets. This leads to greater spillover and direct benefits, particu-

larly for agglomeration-based weight matrices.

3.7 Conclusion

This study provides a comprehensive analysis of the determinants of urban resilience using

a dynamic spatial autoregressive model. The findings underscore the critical role of market
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access in enhancing regional economic resilience across various spatial and temporal contexts.

The analysis consistently demonstrates that market access significantly enhances urban re-

silience. Both short-term and long-term effects of market access are positive and statistically

significant, indicating that cities with better connectivity to major urban centres are more

resilient. Additionally, the results reveal significant negative effects of lagged resilience on

current resilience, both directly and indirectly, across all weight matrices. This finding is

similar to the studies of Doran and Fingleton (2018) and Zhang et al. (2023), which sug-

gests that previous resilience efforts may have been overestimated or mismanaged, adversely

affecting current resilience levels.

To capture spatial effects, the spatial analysis further highlights the spillover effects of mar-

ket access and resilience efforts. The positive indirect effects of market access reveal that

improvements in one city’s connectivity can benefit neighbouring cities, emphasising the

importance of regional cooperation and coordinated policy interventions. Conversely, the

negative indirect effects of lagged resilience suggest that inadequate local resilience efforts

can also have detrimental impacts on surrounding regions.

When examining the industrial structure and labour market of cities, the analysis finds

that industrial agglomeration amplifies the positive impact of transportation on resilience.

Regions with high industrial production clusters benefit significantly from improved market

access, which strengthens the robustness of industrial networks and supply chains.

This interconnectedness within industrial clusters facilitates the diffusion of economic ben-

efits and stability, enhancing resilience against economic shocks. This is consistent with

Krugman (1991) explanation of regional industrial agglomeration, namely that regions with

industrial clusters can benefit from transportation. Similarly, regions with concentrated
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industrial employment experience heightened resilience due to improved employment oppor-

tunities and economic stability provided by enhanced connectivity.

These findings indicate that policies aimed at improving transportation and market access

should be integrated with efforts to support industrial agglomeration. By fostering robust

industrial networks and labour market connectivity, regions can achieve higher levels of

economic resilience. Such integrated policy approaches ensure that the benefits of enhanced

market access and transportation infrastructure are maximised, contributing to sustained

economic stability and growth across urban areas.

199



Conclusion

In this final section, we briefly summarize how our research builds on and extends the existing

literature in terms of theory, policy implications, and empirical results.

Our three papers investigate the relationship between regional economic development and

transport, offering new insights into the role of transport infrastructure across various re-

gional and industrial settings. By examining multimodal transport networks, freight effi-

ciency, and market access, we highlight the pivotal role of transport systems in promoting

regional economic integration, enhancing industrial productivity, and strengthening the eco-

nomic resilience of cities.

Our research addresses two key questions: How does economic activity in one region influ-

ence neighbouring regions through trade, transport, and labour mobility? And, can lagging

regions benefit from improvements in transport infrastructure in other regions? These ques-

tions guide our exploration of how transport systems foster interregional connectivity and

economic growth, particularly for less developed areas, by facilitating the flow of goods,

services, and labour.

Our study makes two key contributions to the existing literature and research field. The

introduction of synthetic instrumental variables allows for more precise control over endo-
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geneity and enables the identification of the long-term dynamic effects of improved freight

efficiency on economic output across different regions. This research bridges a gap in tradi-

tional methods for addressing endogeneity in economic models.

Secondly, we use a more detailed data framework and constructed a composite spatial weight

matrix to simulate the influence of transport infrastructure on regional development. By

incorporating machine learning techniques, we can extract detailed economic spatial features

from extensive geographic data, accurately reflecting transport connections between regions.

The composite matrix not only enhances the accuracy in capturing spatial correlations but

also serves as a more flexible tool for assessing the influence of transport infrastructure on

regional economies at various spatial scales.

New Economic Geography and Spatial Economics

We begin by outlining our contributions to the literature. A key concept is spatial de-

pendence, where local factors shape the economic activity in one region but also affect

neighbouring regions through transport, trade, and geographic proximity. This concept,

central to economic geography and spatial economics, forms the foundation of our study.

First, Krugman introduced the core-periphery model, which explains the dynamics of re-

gional economic agglomeration and uneven development. His model points out that economic

activity tends to concentrate in a few core regions due to better market access, lower trans-

port costs, and economies of scale. This agglomeration effect leads to the ‘core-periphery’

phenomenon, where core areas continue to attract more investment, labour, and firms,

while peripheral areas may be left behind due to inaccessibility and market constraints.

This model provides a foundational theoretical framework for understanding urbanization,

industrial clustering, and regional inequality.
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Subsequent studies by Banerjee, Donaldson, Masahisa Fujita, and Faber extended the un-

derstanding of spatial agglomeration and diffusion processes driven by regional transport.

They emphasized the roles of increasing returns to scale, decreasing transport costs, and

labour migration in urban and industrial concentration. Their research suggests that im-

provements in transport networks can reduce inter-regional frictions, promote the spatial

diffusion of economic activities over a wider area, and alleviate over-agglomeration in core

regions, thereby fostering more balanced development. On this basis, we further explore

the role of transport infrastructure in regional economic development, in particular how it

continues to influence industrial distribution and regional growth by optimising resource

allocation and enhancing economic linkages between regions.

Meanwhile, work in spatial econometrics by researchers such as Anselin, Elhorst, Fingle-

ton, and Martin has further advanced these concepts. Through the use of methods such as

SAR and SDM, these scholars have quantified the direct and indirect effects of economic

interactions between regions, especially those driven by geographic proximity and infras-

tructure improvements. Spatial economics highlights that regional economies are not only

shaped by industrial activities within their borders but are also significantly impacted by

spatial spillovers, making spatial econometric models particularly valuable for analysing the

external benefits of transport infrastructure.

These studies emphasize the strong interdependence of spatial economic activities and the

significant role that transportation and infrastructure networks play in shaping regional re-

source allocation and economic performance. They provide a solid theoretical and empirical

foundation for understanding the dynamic processes of regional economic integration.

A key challenge in spatial economics is addressing the endogeneity of transport factors in
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regional economic activities. In Chapter 2, we introduce synthetic instrumental variables

and spatial filtering techniques, offering new solutions to the endogeneity problem in econo-

metrics, particularly in panel data and large-scale observations. These synthetic instruments

not only provide a novel approach for future empirical studies but also enhance the accuracy

of capturing spatial interactions and dependencies between regions, using dynamic spatial

Durbin models.

In Chapter 3, we discuss how cities’ economic resilience can be improved through market

access after an economic shock. We examine how existing transport infrastructure can

help struggling cities recover by connecting regional resources and equalizing opportunities.

Additionally, we extend the urban shadow theory, which typically focuses on the negative

effects of large cities on smaller neighbouring areas. Our study highlights the positive effects

large cities can have on smaller regions during crises, emphasizing the greater resilience of

modern urban agglomerations. This offers a fresh perspective on industrial agglomeration

and spatial diffusion in the context of new economic geography.

Our study builds on this foundation by refining the concept of spatial dependence through

spatial weighting matrices and dynamic spatial modelling. We address the question posed

at the outset: how does transportation cause economic factors to flow between unequal

regions, creating both opportunities for regional development and resource redistribution?

Our research expands on the role of transport infrastructure in industrial agglomeration

and regional development, analysing different spatial dimensions such as distance, proxim-

ity, and economic similarity. In doing so, we contribute to the literature by enriching the

understanding of regional economic spaces and how transportation links them.

Regional Inequalities and Transport
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At the policy level, our research focuses on addressing regional inequalities and fostering

the development of remote and underdeveloped regions. In China, transport infrastructure

investment is primarily driven by the central government, which provides significant financial

subsidies and support, while provincial and local governments contribute relatively less.

This funding structure reflects the central government’s dominant role in advancing national

infrastructure projects, ensuring that remote areas also receive critical investment. However,

the limited financial contributions from inter-provincial and local governments can result in

uneven resource allocation, leading to disparities in development across regions. Our study

offers valuable insights for policymakers on how to better optimize the allocation of funds,

promoting more balanced and equitable regional economic development.

By revealing the differing impacts of various types of transport infrastructure—such as roads,

railways, and inland waterways—on regional economies, our research provides new insights

into addressing regional development inequalities. Remote and underdeveloped areas often

suffer from inadequate transport infrastructure, limiting market access and resource flow,

which in turn widens the economic gap with more developed regions.

We argue that targeted investments in transport infrastructure can help bridge this gap

by improving market access and connectivity in developing regions. By identifying each re-

gion’s specific transport needs, the government can formulate accurate regional development

policies, with a focus on prioritizing infrastructure investments in areas where improved con-

nectivity can significantly boost economic activity. We aim to help balance development

between core and peripheral regions, mitigating economic disparities.

In our multimodal transport network, We analyse the differences between regions by cate-

gorizing provinces into eastern, central, and western areas. We identify how each regional
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industry responds differently to multiple transport infrastructures.

Based on our findings, policymakers can adopt more targeted strategies for allocating invest-

ment funds. Rather than evenly distributing limited resources to less effective projects, funds

should be concentrated on initiatives that significantly boost regional economic dynamism.

For instance, prioritizing investments in rail networks in regions where rail infrastructure has

a substantial positive impact on industrial production would not only enhance the efficiency

of the investment but also ensure that transport projects contribute to sustainable regional

economic growth.

We also emphasize that transport investment should focus not only on infrastructure devel-

opment but also on improving freight efficiency. By assessing freight productivity, we have

shown how efficient freight services enhance industrial production, regional competitiveness,

and connectivity. A well-functioning freight transport system increases the economy by

improving resource mobility and market accessibility. Therefore, to maximize economic

return, transport investments should consider both infrastructure and freight efficiency im-

provements.

Good connectivity in transport networks strengthens the links between small cities and

larger cities or other economic centres, expanding access to markets and facilitating the

flow of resources, labour, and capital. For small cities, a strong transport network not only

increases their integration into regional markets but also allows them to become part of the

wider economy, enabling them to benefit from economies of scale and greater development

opportunities. By improving access to larger economic centres, small cities can experience

enhanced growth prospects and increased opportunities for industrial and commercial ex-

pansion.
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In times of external shocks, urban agglomerations with robust transport connectivity are

better positioned to quickly recover from economic disruptions. Cities with well-developed

transport systems can re-establish connections to external markets, restore supply chains,

and resume industrial production and business activities more efficiently. Without rapid

restoration of transport and supply chain links, smaller cities may face long term economic

downturns and more serious consequences.

However, transport connectivity can also have unintended negative effects. In some cases,

regions with highly developed transport networks may not only aid in economic recovery but

also accelerate the spread of economic shocks. For example, during an epidemic outbreak or

economic crisis, the same transport networks can facilitate the rapid transmission of shocks

to neighbouring cities and regions. Well-connected urban areas can become conduits for

the spread of disruptions, affecting regions that may have otherwise been insulated from

negative impacts.

Therefore, our findings provide valuable insights for the authorities to think of more resilient

urban and regional infrastructure strategies. For developing regions that are more sensitive

to shocks, investing in transport networks in advance can accelerate recovery by enhancing

connectivity to external markets.

In Chapter 2, we measured labour productivity in the transport industry using freight vol-

ume per transport worker, which effectively captured transport efficiency at the provincial

level. However, applying this measure at the city level posed several challenges. We notice

that many small cities lacked freight employment statistics, limiting data representative-

ness and comparability. Additionally, variations in industrial structure affected transport

demand—industrial hubs like Tangshan and Shenyang rely heavily on freight transport,
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whereas service-driven cities like Beijing and Shenzhen have higher passenger transport

volumes. Another key issue was traffic congestion, which significantly impacts transport

efficiency in large cities. Despite developed road networks, cities like Beijing, Shanghai,

and Guangzhou experience reduced per-worker transport efficiency during peak hours due

to congestion, whereas smaller cities may appear more efficient simply due to lower traffic

volumes. However, their higher efficiency does not necessarily reflect better infrastructure

but rather lower transport demand. These challenges guide us to realize that it is not only

the spatial scale that affects regional spatial research but also many other invisible factors.

This is what we need to think about in subsequent research.

To sum up, our study provides theoretical support for building cross-regional transport

networks, particularly in countries or regions with pronounced economic imbalances. Opti-

mizing transport networks can promote the efficient allocation and flow of resources. Gov-

ernments in lagging regions can drive neighbouring economic development by strengthening

cross-regional transport connectivity, particularly in rail, road, and logistics. These poli-

cies not only promote regional economic integration but also foster cross-regional industrial

output and reduce economic disparities.

Looking Back and Moving Forward

Over the past four years, we have dedicated much effort to this research, exploring the inter-

actions between regional economies, transport infrastructure, and spatial effects. We have

also refined our empirical methodology to capture better these dynamic processes. While

our research has covered multiple aspects of transport infrastructure and freight efficiency,

several key factors remain under explored, particularly regarding transport mobility and its

side pollution.

207



Existing Problems

Current research in transport economics shows a clear tendency to focus more on investment

in transport infrastructure while paying less attention to the actual operation of transport

systems. One reason for this imbalance is the lack of detailed actual transport data. Many

studies rely heavily on macro-level data, such as road construction funding or the budget of

infrastructure projects, which often fail to reflect the operations of transport systems and

their specific impact on economic activity.

In reality, the complexity of modern transport systems goes far beyond infrastructure invest-

ments. These systems consist of various components, including different road types—such

as highways, urban roads, and rural roads—as well as data on vehicle flows, congestion pat-

terns, and the types and purposes of vehicles in use. These factors provide a comprehensive

picture of traffic flows, road-use efficiency, transport times, or costs, but difficult to obtain.

This operational data becomes particularly important when considering regional economic

inequalities. Different regions have varying levels of dependence on and demand for trans-

port infrastructure. Developed regions typically have more complete and efficient transport

networks, while less developed regions may struggle with inadequate infrastructure, conges-

tion, and inefficient road use. These imbalances in transport resources not only limit market

access and economic growth in less developed areas but also exacerbate existing economic

disparities between regions.

In our study, we also realize the limitations posed by the lack of detailed traffic data. We

were unable to fully assess the physical capacity of roads, such as the number of vehicles

that the infrastructure can support under actual operating conditions. Despite growing

traffic pressures in rapidly developing urban areas—due to population growth and increased
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industrial activity—we lack the data needed to accurately evaluate road capacity.

Furthermore, we also noticed the lack of maintenance data. The varying impact of roads on

regional economies is influenced not only by the economic development level of the region but

also by the condition and maintenance of the roads themselves. A road’s physical condition

and maintenance level have a direct effect on its longevity and operational efficiency. Even

if two roads are constructed to the same design standards, their performance can diverge

significantly if maintenance efforts differ. This can lead to varying economic outcomes across

regions.

Economically developed regions are typically able to allocate more resources to maintain-

ing and upgrading their transport infrastructure, ensuring long-term road efficiency. Con-

versely, less developed regions, with limited financial resources, often struggle to maintain

or upgrade their infrastructure regularly. This leads to a decline in road quality, increasing

transport costs and travel times, which, in turn, weakens the logistics efficiency and market

competitiveness of these regions. The unequal state of infrastructure not only hinders the

economic development of less developed areas but also widens the economic gap between

regions, further impeding their integration into broader economic networks.

Lastly, our ability to connect all regions into a comprehensive transport network was hin-

dered by differences in the statistical methods used by various regions and the lack of data

for certain areas. Notably, data is often missing for less developed regions, making it dif-

ficult to fully assess the transport linkages between these areas and their more developed

counterparts.

Looking ahead, future research will prioritize better access to and integration of missing

data to construct a more complete and coherent regional transport network. We will also
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explore new methods to expand and enhance data sources, particularly in understanding

spatial dimensions.

Future Research Directions

Based on the existing literature and our research findings, our outlook for future research

focuses on two key areas: expanding data dimensions and exploring econometric models of

spatial relationships.

Exploration of High-Dimensional Data

First, we have acknowledged the limitations posed by the lack of traffic and regional data.

A major issue in traditional transport economics and economic geography studies is the

insufficient data granularity and dimensionality, especially in capturing the complexities of

transport networks and their interactions with economic development. However, emerging

studies are starting to incorporate more high-dimensional data, which not only reveal the

efficiency of transport infrastructure but also capture its dynamics across both temporal and

spatial scales.

One important category of high-dimensional data is real-time data, which integrates machine

learning and big data networks. This includes real-time traffic flow, road quality, congestion

patterns, vehicle types, and usage frequency. While this data offers a comprehensive under-

standing of the transport system’s operations, its vast volume presents challenges related to

data cleaning, dimensionality reduction, and complex processing.

Another significant source of high-dimensional data is geographic information derived from

technologies like satellite remote sensing, sensor networks, and mobile device tracking. This

data provides more detailed spatial information, allowing for a finer analysis of transport
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systems in relation to economic geography. Increasingly, researchers—including us—are

applying GIS to economic geography research. By integrating multidimensional data, we

can analyze the precise impacts of transport infrastructure on regional economies, taking into

account factors such as local climate, disaster frequency, and geomorphological variations.

This type of data will support more informed policymaking by offering a holistic view of

regional dynamics.

Our future research will utilize detailed remote sensing data combined with big data to

investigate how spatial spillovers and economic geography manifest in energy use and land

use. For example, by monitoring infrastructure investments through remote sensing, we can

assess their impacts on surrounding regions in terms of economic activity, energy demand,

and land use changes.

Remote sensing will allow governments and researchers to track land use changes over time

and across space more accurately. This information can help create balanced regional devel-

opment plans that align economic growth with environmental sustainability. Furthermore,

remote sensing can quantify the scale and intensity of spillover effects, helping to identify

which regions benefit and which bear greater environmental costs.

Spatial Interactions in Economics

Our future research outlook centres on the further exploration of spatial relationships in

economics, with a particular focus on regional inequalities and the development paths of

developing regions. We aim to explore how spatial relations explain regional disparities,

economic agglomeration, and diffusion, with the perspectives of development economics and

economic geography.

In development economics, the classical convergence hypothesis suggests that less developed
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regions should experience faster growth than more developed ones, gradually narrowing the

economic gap. However, spatial factors are often responsible for slowing down this conver-

gence process. Research by Professor Lin Guangping and colleagues on China’s regional

economies highlights the slower rate of convergence due to spatial dynamics. In theory, less

developed regions can catch up with their more developed neighbours through learning ef-

fects, technology diffusion, and policy interventions. Yet in practice, spatial barriers, market

failures, and geographic constraints frequently slow or even halt this catch-up process.

To address these challenges, future research will focus on how to optimize spatial relation-

ships to overcome these obstacles. Specifically, we will explore strategies to help less devel-

oped regions better integrate into broader economic networks through upgrades to transport

infrastructure, enhanced regional connectivity, and improved market access. By construct-

ing stronger spatial interactions, these regions can accelerate the absorption and spreading of

technology and increase their participation in economic activities, thereby promoting more

balanced regional development.

In economic geography, spatial relations are core concepts that explain the distribution,

agglomeration, and diffusion of regional economic activities. Economic activities are not

randomly scattered across space; they are shaped by geographical conditions, resource dis-

tribution, infrastructure, and interregional economic connections. The study of spatial ag-

glomeration, such as urban agglomerations and industrial clusters, and economic diffusion,

like technological spillovers and capital flows, has long been a classic topic in economic

geography. Future research will place greater emphasis on dynamic spatial relationships,

exploring how economic activities cluster or diffuse within specific spatial and temporal

contexts.
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With the rapid advancement of big data, artificial intelligence, and remote sensing technolo-

gies, we now have access to richer, multidimensional spatial data that allow us to better

understand spatial activities. Future research will leverage these spatial dynamics to ad-

dress pressing challenges in development economics and economic geography. In particular,

spatial relationships offer new perspectives for explaining regional inequality, economic ag-

glomeration, and technology diffusion. It helps to reveal the complex patterns of interaction

between different regions.

Today’s spatial analyses have evolved from traditional spatial matrices to more sophisticated

models, such as spatial heterogeneity modelling, which introduces multiple weight matrices

to capture region interactions. It provides valuable insights into regional heterogenous.

Additionally, by combining traditional spatial metrics with network analysis, spatial network

models are able to capture non-physical spatial interactions, such as trade flows, capital

exchanges, and other economic relationships. By analysing key nodes and corridors in these

networks, the authorities can more effectively identify regions of strategic importance within

the economic landscape.

Our future research will continue to focus on the realities of regional development inequali-

ties, particularly within the context of sustainable development, urban land use, and public

health disparities. By combining spatial measurement tools with economic theory, we aim

to tackle practical policy problems and help create more effective solutions.
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Appendix A

Appendix to Chapter 1

This Appendix includes detailed descriptions of the data sources and variables used in the

analysis and presents additional regression results for robustness checks.

A.1 Descriptive Statistics

Table A.1 provides a brief description of key variables used in the analysis, including mea-

sures of industrial production, infrastructure density (railways, roads, and rivers), govern-

ment expenditure, foreign direct investment, and labour force. All data represents year-end

stock values, capturing the final amounts for each variable.

The table provides a summary of the key variables, offering insights into the characteristics

of various factors influencing regional economies, for 570 observations from 2001 tp 2019.

These variables include measures of industrial output, infrastructure, both rail and road,

government expenditure, foreign direct investment, and labour force size. The descriptive
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Table A.1: Data Description

Data Description
Industrial Production (Ind) total final results of industrial production activities [in

100 million yuan].
Railway density (RailD) total actual length of railway ten thousand kilometres

per actual area of   each province
Road density (RoadD) total actual length of road ten thousand kilometres per

actual area of   each province
Inner river per Boat (IRB) total actual length of Inner river kilometres per freight

boat
Government Expenditure (GOVE) total local general budget expenditures [in 100 million

yuan]
Foreign direct investment (FDI) Total investment of foreign-invested enterprises [one

million US dollars]
Labour (Labour) Total number of labour force at the end of a year

Note: All data is stock data which is the final amount at the end of the year.

statistics present the mean and standard deviation of each variable, alongside the minimum

and maximum values.

Table A.2: Descriptive Statistics

Variable Obs Mean Std. Dev. Min Max
Ind 570 5680.663 6519.889 61.9 39063.673
roadD 570 0.751 0.483 0.032 2.126
railD 570 0.022 0.018 0.002 0.1
IRB 570 166.912 607.290 0.001 9800
GOVE 570 2538.095 2435.894 0.113 15654.163
FDI 570 563.331 509.311 10.169 2507.557
labor 570 839.889 972.139 40.9 5571.7
GDPgr 570 110.121 2.772 100.5 119.6

A.2 Main Regression
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Table A.3: Baseline Main Results of SDM with Different Matrices

Weight Matrix Adjacency-W1 Distance-W2 Economic-W3
Spatial Lag of X (W*)

RoadD -0.016 0.052** 0.026
(-0.480) (2.320) (1.090)

RailD -0.168*** -0.183*** -0.091***
(-4.460) (-5.530) (-2.650)

IRB -0.007 -0.007 -0.006
(-1.170) (-1.010) (-0.760)

lnGOVE 0.132*** -0.047 0.071
(3.620) (-1.140) (1.620)

lnFDI -0.218*** -0.046 -0.162***
(-4.680) (-0.990) (-3.520)

lnLabour -0.070** -0.073** -0.063*
(-2.260) (-2.380) (-1.890)

Observation 570 570 570
Spatial.rho 0.743*** 0.781*** 0.585***

(29.630) (22.560) (20.650)
R-squared 0.9235 0.9157 0.9217
Region FE Yes Yes Yes
Time FE Yes Yes Yes

Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * show the significance at of 1%, 5% and 10%,
respectively.

216



A.3 Robust Results

To further test the robustness of our model, we introduced the GDP growth rate (GDPgr)

as a control variable. The rationale for including GDPgr is to account for macroeconomic

fluctuations that could influence regional economic performance and, by extension, affect

the relationship between transport infrastructure and industrial output. By controlling for

overall economic growth, we aim to isolate the specific effects of road and rail density,

ensuring that observed relationships are not confounded by broader cyclical trends.

The inclusion of GDPgr did not substantially alter the coefficients of the key variables. This

suggests that our model is robust, as the estimates for road and rail density remained stable

and statistically significant. The stability of these coefficients reinforces the interpretation

that transport infrastructure—particularly road networks—plays a consistent and signifi-

cant role in shaping regional economic outcomes, even after controlling for macroeconomic

dynamics.

In a second robustness check, we excluded the financial crisis year (2008) from our dataset.

As discussed in the literature review, periods of exceptional economic volatility—such as

global shocks and financial crises—can lead to distorted or even negative spillover effects

from transport infrastructure. Removing 2008 ensures that our estimates are not driven by

anomalies associated with this extraordinary year.

After re-estimating the model without 2008, we found that the key coefficients remained

largely unchanged and retained their statistical significance. This indicates that the observed

relationships between infrastructure density and industrial output are not overly sensitive

to the presence of outlier events. The robustness of these findings further strengthens the

reliability of our empirical results and supports our main conclusions regarding the spatial
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and economic significance of transport infrastructure.

We also tested the robustness of the spillover effects, and found that these effects remained

stable and statistically significant across model specifications. This consistency reinforces

the conclusion that the model reliably captures the spatial interdependence of regional

economies, as well as the dynamic flow of labour, goods, and resources across administrative

and geographic boundaries.

These findings further emphasize that infrastructure investment should not be evaluated

solely based on local impacts. Instead, policymakers must also account for the broader

spatial spillovers that influence neighbouring regions, promote economic integration, and

enhance the overall functionality of the transport network.
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Table A.4: Robust Estimation - with GDP growth rate

Matrix W1 W2 W3
Main

RoadD -0.009 0.056** 0.030
(-0.290) (2.520) (1.270)

RailD -0.147*** -0.177*** -0.069**
(-3.900) (-5.370) (-1.980)

IRB -0.008 -0.007 -0.005
(-1.230) (-0.990) (-0.700)

lnGOVE 0.199*** 0.004 0.138***
(5.000) (0.100) (2.930)

lnFDI -0.247*** -0.074 -0.218***
(-5.300) (-1.560) (-4.540)

lnlabor -0.046 -0.053* -0.040
(-1.470) (-1.670) (-1.190)

GDPgr 0.018*** 0.013** 0.017***
(3.860) (2.590) (3.420)

Wx

RoadD -0.065 0.143** 0.207***
(-1.000) (2.710) (6.670)

RailD 0.118* -0.450*** 0.008
(2.460) (-3.230) (0.200)

IRB 0.034* 0.009 0.017*
(2.180) (0.270) (1.710)

lnGOVE -0.685*** -0.848*** 0.111
(-8.920) (-3.680) (0.900)

lnFDI 0.465*** 0.540*** -0.165*
(6.040) (2.920) (-1.790)

lnlabor 0.029 0.080** -0.023
(0.850) (2.190) (-0.660)

GDPgr -0.009 -0.014 0.003
(-1.310) (-1.440) (0.420)

Spatial rho 0.737*** 0.784*** 0.567***
(28.170) (22.240) (19.270)

Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. SDM analysis with fixed-effect. ***, **, and * show the sig-
nificance at the 1%, 5% and 10% levels, respectively.
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Table A.5: Robust Estimation - without financial shock

Matrix W1 W2 W3
Main

RoadD -0.016 0.052** 0.026
(-0.480) (2.320) (1.090)

RailD -0.168*** -0.183*** -0.091***
(-4.460) (-5.530) (-2.650)

IRB -0.007 -0.007 -0.006
(-1.170) (-1.010) (-0.760)

lnGOVE 0.132*** -0.047 0.071
(3.620) (-1.140) (1.620)

lnFDI -0.218*** -0.046 -0.162***
(-4.680) (-0.990) (-3.520)

lnlabor -0.070** -0.073** -0.063*
(-2.260) (-2.380) (-1.890)

Wx

RoadD -0.058 0.147** 0.220***
(-0.880) (2.880) (7.100)

RailD 0.127** -0.452*** -0.024
(2.620) (-3.330) (-0.580)

IRB 0.030* 0.007 0.012
(1.910) (0.210) (1.190)

lnGOVE -0.681*** -0.801*** 0.083
(-9.580) (-3.710) (0.690)

lnFDI 0.502*** 0.510*** -0.110
(7.230) (3.050) (-1.240)

lnlabor 0.043 0.102** -0.017
(1.270) (2.850) (-0.480)

Spatial rho 0.743*** 0.781*** 0.585***
(29.630) (22.560) (20.650)

Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. SDM analysis with fixed-effect. ***, **, and * show the sig-
nificance at of 1%, 5% and 10% levels, respectively.
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Table A.6: Robust Tests - Spillover Effects1

Weight Matrix Adjacency-W1 Distance-W2 Economic-W3
Spatial Lag of X (W*)

Road Density Direct 0.044 0.083*** 0.098***
(1.660) (3.650) (3.990)

Indirect 0.367*** 0.856*** 0.452***
(3.850) (3.900) (8.480)

Total 0.412*** 0.939*** 0.550***
(4.480) (4.200) (8.780)

Rail Density Direct -0.230*** -0.262*** -0.079**
(-6.410) (-6.190) (-2.050)

Indirect -0.571*** -2.705*** -0.054
(-3.370) (-3.150) (-0.650)

Total -0.801*** -2.967*** -0.133
(-4.360) (-3.350) (-1.230)

Inland Waterway Direct 0.007 -0.005 0.000
(0.780) (-0.580) (0.010)

Indirect 0.096* 0.032 0.030
(1.920) (0.190) (1.400)

Total 0.102 0.027 0.030
(1.820) (0.160) (1.080)

lnGOVE Direct -0.062 -0.119* 0.194***
(-1.150) (-1.800) (3.360)

Indirect -1.831*** -4.005*** 0.377
(-5.700) (-2.780) (1.570)

Total -1.893*** -4.124*** 0.570**
(-5.260) (-2.760) (2.040)

lnFDI Direct -0.109** -0.002 -0.302***
(-2.180) (-0.030) (-5.440)

Indirect 0.975*** 2.331** -0.572***
(3.750) (2.140) (-3.110)

Total 0.866*** 2.330** -0.874***
(3.010) (2.060) (-3.960)

lnLabour Direct -0.047 -0.046 -0.052*
(-1.650) (-1.450) (-1.710)

Indirect -0.019 0.171 -0.095**
(-0.390) (1.850) (-2.630)

Total -0.066 0.126 -0.147***
(-1.350) (1.330) (-4.220)

lnGDP Growth Direct 0.020*** 0.012* 0.020***
(4.050) (2.350) (3.780)

Indirect 0.013 -0.021 0.024**
(0.780) (-0.490) (2.270)

Total 0.033* -0.009 0.044***
(1.730) (-0.200) (3.280)

Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * show the significance at of 1%, 5% and 10%,
respectively.
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Table A.7: Robust Tests - Spillover Effects2

Weight Matrix Adjacency-W1 Distance-W2 Economic-W3
Spatial Lag of X (W*)

Road Density Direct 0.041 0.078*** 0.102***
(1.440) (3.340) (3.960)

Indirect 0.390*** 0.836*** 0.495***
(4.110) (4.440) (8.780)

Total 0.431*** 0.914*** 0.597***
(4.540) (4.690) (8.710)

Rail Density Direct -0.259*** -0.268*** -0.118***
(-7.450) (-6.420) (-3.160)

Indirect -0.629*** -2.734*** -0.166**
(-3.800) (-3.410) (-2.120)

Total -0.888*** -3.003*** -0.284***
(-4.990) (-3.620) (-2.820)

Inland Waterway Direct 0.005 -0.005 -0.002
(0.640) (-0.600) (-0.200)

Indirect 0.087* 0.030 0.021
(1.760) (0.190) (0.920)

Total 0.092 0.024 0.019
(1.660) (0.150) (0.640)

lnGOVE Direct -0.152*** -0.165** 0.110
(-3.040) (-2.860) (1.940)

Indirect -2.002*** -3.840*** 0.263
(-6.690) (-3.100) (1.010)

Total -2.154*** -4.005*** 0.373
(-6.410) (-3.120) (1.230)

lnFDI Direct -0.053 0.021 -0.227***
(-1.090) (0.400) (-4.090)

Indirect 1.168*** 2.177** -0.431**
(5.220) (2.460) (-2.240)

Total 1.115*** 2.198** -0.658***
(4.510) (2.400) (-2.850)

lnLabour Direct -0.072*** -0.065** -0.078***
(-2.610) (-2.150) (-2.610)

Indirect -0.030 0.201* -0.111***
(-0.610) (2.070) (-2.900)

Total -0.102* 0.136 -0.189***
(-2.190) (1.400) (-5.410)

Note: Z-statistics in parentheses. All the spatial matrices are row-
standardized. ***, **, and * show the significance at 1%, 5%, and 10% levels,
respectively.
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Appendix B

Appendix to Chapter 2

B.1 Data Description

The Data Description table outlines key variables such as Industrial Production, Railway

and Road Services, Government Expenditure, Population, Education, Labour, and GDP

Growth Rate, quantifying each in specific metrics like millions of yuan or total counts.

These variables assess the impact of socio-economic factors on regional industrial output.

Table B.2 offers a detailed statistical breakdown for these variables across 570 observations,

providing mean values, standard deviations, and the range of data (minimum and maximum

values). All economic data are adjusted for inflation and planned to be transformed using

logarithms to facilitate more nuanced analysis, except for GDP growth rate percentages.
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Table B.1: Data Description

Data Description
Industrial Production (Ind) Total final value-added result of industrial production

activities [in 100 million yuan].
Railway Services (RailS) Regional rail freight volume/ number of labour in rail-

way freight system
Road Services (RoadS) Regional roadl freight volume/ number of labour in road

freight system
Government Expenditure (GOVE) Total general budget expenditures in local government

[in 100 million yuan]
Population (POP) Total number of population at the end of a year
Education (EDU) Total expenditure invested in education filed at the end

of a year
Labour (Labour) Total number of labour force at the end of a year
GDP Growth Rate (GDPgr) The growth rate of Gross Domestic Product (GDP) is

calculated based on the increase in value from the pre-
vious year

Notes: Economic data are reported in current prices for each year and are adjusted for
inflation using the relevant price index.

Table B.2: Variables Statistic Summary

Variable Obs Mean Std. Dev. Min Max

Ind 570 5680.663 6519.889 61.9 39063.673

RailS 570 0.182 0.154 0.005 1.114

RoadS 570 1.137 0.606 0.066 3.872

POP 570 4364.005 2808.287 7.04 12489

GOVE 570 2538.095 2435.894 0.113 15654.163

Labour 570 839.889 972.139 40.9 5571.7

EDU 570 97.484 433.537 0.26 2472

GDPgr 570 106.386 19.943 0.001 117.2
Notes: This table presents a summary of the raw data. All data values

will be transformed using their logarithms lately. GDP growth rate is in

percentage
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B.2 Windmeijer’s Small-Sample Correction

We are based on the small sample correction by Windmeijer (2005) and xtabond2 by Rood-

man (2009). Windmeijer’s key idea is to account for the uncertainty of the weight matrix

in the variance of parameter estimates. The correction proceeds in the following steps:

Windmeijer defines the GMM bias function g(Y, Ω̂) as:

g(Y, Ω̂) =

[
X ′Z

(
Z ′Ω̂Z

)−1

Z ′X

]−1

X ′Z
(
Z ′Ω̂Z

)−1

Z ′E

The variable Y represents the data used in the model, while Ω̂ denotes the estimated weight

matrix that plays a critical role in the GMM estimation process. Additionally, E refers to

the true disturbance term, capturing the unobserved error in the system.

The bias function g depends on both the data Y and the estimated weight matrix Ω̂. To

analyze its variance, Windmeijer performs a first-order Taylor expansion of g:

g(Y, Ω̂β1) ≈ g(Y, Ω̂β) +Dg(Y,H)

where:

D =
∂g(Y, Ω̂β)

∂β

is the derivative matrix that captures the impact of the weight matrix on parameter esti-

mates.

Finally, the corrected variance formula is given by:

Âvarc(β̂2) = Âvar(β̂2) + D̂Âvar(β̂2) + Âvar(β̂2)D̂
′ + D̂Âvar(β̂1)D̂

′
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where the first term represents the uncorrected two-step GMM variance estimate, while the

last term incorporates the robust variance from the first-step estimate to correct for the

second-step bias.

Therefore, in simulations using difference GMM regressions on panel data,Windmeijer (2005)

demonstrated that two-step Efficient GMM outperforms one-step GMM in terms of coeffi-

cient estimation, yielding lower bias and smaller standard errors. Furthermore, the corrected

two-step standard errors,proved to be highly accurate, making two-step estimation with cor-

rected errors a slightly superior approach compared to cluster-robust one-step estimation.

B.3 Diagnostic Tests

The diagnostic tests presented in Table A.9 demonstrate that synthetic instruments, regard-

less of whether they have a positive or negative MC, are effective in addressing spatial auto-

correlation in residuals for both GMM and OLS models. The Arellano-Bond tests indicate

significant first-order autocorrelation (AR(1)) and no second-order autocorrelation (AR(2))

for both groups, which is consistent with expectations for a well-specified first-difference

GMM model.

The Sargan-Hansen over identification tests also yield high p-values (1.000) for both positive

and negative MC categories, suggesting that the instruments do not correlate with the error

terms and hence are valid. This validation confirms the robustness of the model and supports

the integrity of the instruments used.
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Table B.3: Two-Step GMM Diagnostic Tests - with All Instruments

Supervised Instrument in MC Postive Negative
Number of instruments 131 131
Arellano-Bond Test
AR(1) -2.11(0.035) -2.77(0.006)
AR(2) 0.73(0.465) -0.00(0.997)
Instrument Validity
Sargan-Hansen test of overid 18.19 18.96
p-value 1.000 1.000
d. of freedom 115 115

Note: ”Over 0.25” indicates all instruments with a Moran coefficient over 0.25. Supervised in-
strument selection is based on the Moran coefficient as positive, negative and total value. P-value
presented in parentheses for Arellano-Bond tests.

B.4 Residual Analysis for Spatial Autocorrelation

We estimate the spatial autocorrelation in residuals using various synthetic instruments. As

shown in Table B.4, spatial autocorrelation persists in the instrument regression. With lower

Moran Coefficients (MC), the results reveal more significant global Moran’s I values, indicat-

ing that the MC influences the residual performance in spatial autocorrelation. Moreover,

higher-ranking instruments tend to reduce spatial autocorrelation in residuals.

Table B.5 presents a residual analysis on Global Moran’s I statistics for three different esti-

mation methods: GMM, OLS, and SDM. If spatial autocorrelation is detected, it indicates

that the model might not fully capture the spatial relationships between data points, leaving

spatial patterns in the residuals.

For the GMM model, the results show relatively small values of Moran’s I and Z-statistics,

with p-values consistently above 0.1 for all years. This indicates that there is no significant

spatial autocorrelation in the residuals of the GMM model.
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Table B.4: Residual Analysis on Global Moran’s I statistics - with Synthetic Instruments

Z4 Z7 Z10
Year I(Z) P-value I(Z) P-value I(Z) P-value
2001 . . .
2002 0.379(4.446) 0.000 0.307(3.664) 0.000 0.438(5.128) 0.000
2003 0.325(3.844) 0.000 0.275(3.261) 0.001 0.309(3.633) 0.000
2004 0.358(4.290) 0.000 0.361(4.356) 0.000 0.425(5.117) 0.000
2005 0.339(3.982) 0.000 0.338(3.962) 0.000 0.400(4.652) 0.000
2006 0.329(3.950) 0.000 0.283(3.516) 0.000 0.351(4.206) 0.000
2007 0.411(4.793) 0.000 0.352(4.110) 0.000 0.309(3.689) 0.000
2008 0.224 (2.771) 0.006 0.206(2.667) 0.008 0.157(2.097) 0.036
2009 0.494(5.564) 0.000 0.431(4.890) 0.000 0.379(4.323) 0.000
2010 0.403(4.708) 0.000 0.327(3.911) 0.000 0.406(4.763) 0.000
2011 0.431(4.965) 0.000 0.388(4.490) 0.000 0.475(5.571) 0.000
2012 0.334(3.911) 0.000 0.280(3.366) 0.001 0.356(4.187) 0.000
2013 0.245(3.043) 0.002 0.202(2.520) 0.012 0.275(3.344) 0.001
2014 0.582(6.998) 0.000 0.594(7.257) 0.000 0.504(5.975) 0.000
2015 0.320(4.070) 0.000 0.302(3.711) 0.000 0.362(4.470) 0.000
2016 0.167(2.151) 0.032 0.094(1.385) 0.166 0.206(2.567) 0.010
2017 0.247(3.038) 0.002 0.202(2.594) 0.009 0.261(3.207) 0.001
2018 0.392(4.532) 0.000 0.359(4.181) 0.000 0.383(4.432) 0.000
2019 0.316(3.862) 0.000 0.345(4.086) 0.000 0.303(3.706) 0.000
Note: Z-statistics in parentheses. Residual analysis with highest MC instruments in both rail
service and road service

Similarly, the OLS model shows no significant spatial autocorrelation in the residuals. The

Moran’s I values and Z-statistics are comparable to those of the GMM model, and the p-

values also remain consistently above 0.1. This suggests that the OLS model, despite not

being specifically designed to account for spatial dependence, does not leave any significant

spatial patterns in the residuals.

The Moran’s I values for SDM are notably higher, and the Z-statistics are consistently large,

with p-values below 0.05 in most years. This indicates that significant spatial autocorrelation
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is present in the residuals of the SDM model, meaning that spatial dependencies remain even

after using a spatial model.

Table B.5: Residual Analysis on Global Moran’s I statistics - with Models

GMM OLS SDM
Year I(Z) P-value I(Z) P-value I(Z) P-value
2001 . . .
2002 0.083 (1.307) 0.191 0.103 (1.522 ) 0.128 0.280(3.347) 0.001
2003 0.083 (1.302) 0.193 0.102(1.510) 0.131 0.252(3.030) 0.002
2004 0.083 (1.306) 0.192 0.101(1.505) 0.132 0.303(3.627) 0.000
2005 0.083 (1.305) 0.192 0.103 (1.526) 0.127 0.321(3.783) 0.000
2006 0.083 (1.304 ) 0.192 0.105(1.546) 0.122 0.239 (3.015) 0.003
2007 0.082 (1.296) 0.195 0.104(1.538) 0.124 0.505 (5.716) 0.000
2008 0.082 (1.292) 0.196 0.104 (1.542) 0.123 0.225(2.856) 0.004
2009 0.081(1.282) 0.200 0.100(1.492) 0.136 0.461 (5.154) 0.000
2010 0.082 (1.288) 0.198 0.101 (1.510) 0.131 0.366(4.306) 0.000
2011 0.082(1.290) 0.197 0.103 (1.530) 0.126 0.301(3.558) 0.000
2012 0.082 (1.289) 0.197 0.104 (1.533) 0.125 0.190 (2.395) 0.017
2013 0.081(1.281) 0.200 0.101 (1.503) 0.133 0.212(2.649) 0.008
2014 0.081 (1.286) 0.199 0.105(1.544) 0.122 0.565(6.803) 0.000
2015 0.081(1.280) 0.201 0.104(1.542) 0.123 0.350(4.264) 0.000
2016 0.080(1.272) 0.203 0.101(1.503) 0.133 0.099 (1.435) 0.151
2017 0.080(1.269) 0.204 0.101(1.503) 0.133 0.206(2.613) 0.009
2018 0.080(1.276 ) 0.202 0.105 (1.551) 0.121 0.369(4.288) 0.000
2019 0.080 (1.276) 0.202 0.104 (1.538) 0.124 0.322 (3.875) 0.000
Note: Z-statistics in parentheses. Residual analysis with highest MC instruments in both rail
service and road service
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Appendix C

Appendix to Chapter 3

C.1 Data Description

For this Appendix to Chapter 3, we present the basic statistical description for major data.

Table C.1 present a summary of data. It presents key data variables used in the analysis,

including regional economic resilience, market accessibility, government expenditure, popu-

lation density, education expenditure, and finance savings. It is important to note that, in

line with existing literature, we have not adjusted the data for price changes using a price

index.

Table provides a summary of key economic variables across 2,304 observations from 2014

to 2021 for 288 cities, including measures of central tendency and variability. The variables

analyzed are GDP residuals, market access, population density, financial figures, government

expenditure, and education expenditure.

Resilience show a mean value slightly below zero, with low variability, indicating relatively
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Table C.1: Data Description

Data Description
Regional Economic Resilience (Res) Resilience based on Gross Domestic Product (GDP).
Market Accessibility (MarketAcc) Weighted cumulative cost of traversing through the net-

work from the starting point to the destination.
Government Expenditure (GOVE) Total general budget expenditures in local government

[in 100 million yuan]
Population Density (POP) Population of resident per square kilometre
Education Expenditure (EDU) Total expenditure invested in education filed at the end

of a year
Finance Saving (Finance) Year-end Balance of Savings of Urban and Rural Resi-

dents (10,000 yuan)

consistent residual values across the observations. Market access exhibits significant vari-

ation, suggesting disparities in accessibility across different regions or entities. Similarly,

control variables population distance, finance level, government expenditure, and education

expenditure also varies widely.

Table C.2: Descriptive Statistics of Variables

Variable Obs Mean Std. Dev. Min Max
GDPres 2,304 -0.9470199 0.1663316 -3.91286 2.39188
MarketAcc 2,304 255042.8 150610.4 67792.95 1197092
PopDensity 2,304 437.0278 339.8478 6 2648
Finance 2,304 2.07e+07 3.01e+07 583668 3.73e+08
GOVEExp 2,304 4940060 7327093 220571 8.43e+07
EduExp 2,304 824810.8 1063767 31233 1.15e+07

Notes: Economic data are reported in current prices for each year and are adjusted for
inflation using the relevant price index.
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C.2 Euclidean Distance

Here, we introduce how we measure the distance with Euclidean Distance in both geography

and image. We follow the calculation in ArcGIS1 and QGIS2.

Euclidean Distance is derived from the principles of Euclidean geometry, which deals with

the properties and relationships of points, lines, and surfaces in space. The concept is based

on the Pythagorean theorem, which states that in a right-angled triangle, the square of the

length of the hypotenuse (the side opposite the right angle) is equal to the sum of the squares

of the lengths of the other two sides.

We consider Euclidean Distance in a GIS context. Euclidean Distance measures the straight-

line distance between points in a spatial dataset, whether these points represent features in

a vector dataset, as cities on a map in our city distance calculation.

The Euclidean Distance for vector data involves calculating the straight-line distance be-

tween two points in a our map. Consider two points P1, as city 1, and P2, as city 2, with

coordinates (x1, y1) and (x2, y2), respectively. The formula to compute the distance d be-

tween these points is given by:

d =
√

(x2 − x1)2 + (y2 − y1)2

In this formula, x1 and y1 represent the coordinates of the first point, while x2 and y2

represent the coordinates of the second point. The calculation involves finding the differ-

1ArcGIS Pro, Euclidean Distance - Spatial Analyst. Retrieved from https://pro.arcgis.com/en/pro-app/
latest/tool-reference/spatial-analyst/euclidean-distance.htm

2QGIS 3.10, Distance calculation. Retrieved from https://qgis3-10-geoanalysis-un.readthedocs.io/en/
latest/vector/proximity.html?highlight=Euclidean%20Distance#distance-from-point-to-point
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ence between the corresponding coordinates of the two points, squaring these differences,

summing them, and then taking the square root of this sum. This provides the direct,

straight-line distance between the two points in a Cartesian plane.

We also calculate the cells in a raster dataset, as pixels in an image for our industry analysis.

We measure the distance between each data point (city) and the cluster centroids in the

cluster image.

For raster data, the Euclidean Distance calculation determines the straight-line distance be-

tween a specific cell and the nearest source cell within a raster grid. Let’s consider a cell lo-

cated at coordinates (xcurrent, ycurrent) and a source cell located at coordinates (xsource, ysource).

The distance d between these two cells is calculated using the formula:

d =
√

(xsource − xcurrent)2 + (ysource − ycurrent)2

In this context, xcurrent and ycurrent are the coordinates of the current cell being evaluated,

and xsource and ysource are the coordinates of the nearest source cell. The formula works by

computing the differences between the x and y coordinates of the current cell and the source

cell, squaring these differences, adding them together, and then taking the square root of

the resultant sum. This yields the straight-line distance from the current cell to the nearest

source cell within the raster grid.
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C.3 Global Moran’s I

We measure the spatial interaction with Global Moran’s I which is widely used in the geo-

graphic estimation. We are based on the calculation in ArcGIS3.

Global Moran’s I measures spatial autocorrelation, assessing whether a spatial pattern is

clustered, dispersed, or random. The index considers both the locations and attribute values

of features, calculating a statistic that indicates the degree of spatial clustering. Positive

Moran’s I values suggest clustering, negative values indicate dispersion and values near

zero imply randomness. The result is interpreted using a z-score and p-value to determine

statistical significance, helping identify meaningful spatial patterns.

I =
N

∑N
i=1

∑N
j=1 wij(xi − x̄)(xj − x̄)

W
∑N

i=1(xi − x̄)2
(C.1)

In this equation, N represents the total number of spatial units, each indexed by i and j.

The variable xi is the observed value of the variable of interest at location i. The mean of

the variable of interest across all spatial units is denoted by x̄. The spatial weight between

location i and location j is represented by wij, which reflects the spatial relationship between

the units, such as distance or contiguity. The sum of all spatial weights is given by W , which

is defined as W =
∑N

i=1

∑N
j=1 wij.

The numerator of the equation, N
∑N

i=1

∑N
j=1 wij(xi − x̄)(xj − x̄), measures the covariance

between spatial units, taking into account the spatial weights. This part of the equation

sums the product of the deviations of each pair of observations from the mean, weighted by

3ArcGIS pro, How Spatial Autocorrelation (Global Moran’s I) works, Retrieved from:
https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/h-how-spatial-autocorrelation-
moran-s-i-spatial-st.htm
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the spatial relationship between them.

The denominator, W
∑N

i=1(xi − x̄)2, is a normalization factor that accounts for the overall

variation in the data and the sum of the spatial weights.
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Appendix D

City-level Replication

D.1 Abstract

In the first chapter, we investigate the spatial effects of three types of transportation in-

frastructure on industrial output at the provincial level. Our findings, consistent with prior

studies such as Rahman et al. (2020), Tong et al. (2013), and Sharif et al. (2019), reveal

generally positive effects at the provincial or national scale. However, we also observe that

several city-level studies report negative impacts of road infrastructure. We aim to know

whether it is a potential scale-dependent variation in the effects of transportation develop-

ment.

To investigate this phenomenon further, we replicate the analysis using city-level data, em-

ploying a more detailed spatial scale and a larger dataset to reassess the impact of roads

on urban industrial output. At the city level, we develop a road accessibility measure that

combines accessibility to major urban road networks with reliance on road freight trans-
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portation. Our analysis indicates that, although the spatial effects of urban transportation

networks exhibit a negative impact.

D.2 Introduction

We replicate the analysis using road data at the city level from a short-distance perspective.

By incorporating more accurate urban geographic data, we enhance the spatial precision of

the analysis. Comparing these results with broader regional analyses allows us to examine

how the impact of roads varies across spatial scales, providing insights into the dynamics of

localised versus regional spillover effects.

Negative effects of transportation infrastructure among cities are a common finding in urban

research, especially in city-level research. These effects are often attributed to the resource

dispersion effect. Several empirical studies have further validated these potential negative

impacts of transportation infrastructure. For instance, Chandra and Thompson (2000) ex-

amined the economic effects of highways on cities in the United States and found that some

industries declined as economic activities migrated away from certain cities. Similarly, Qin

(2016) found that for non-major cities at the county level in China, the economic benefits of

transportation improvements were often diminished. Baum-Snow et al. (2017) demonstrated

that in China, radial highways dispersed service activities and railways led to the dispersion

of industrial activities, ultimately reducing industrial output in some cities along transporta-

tion routes. Additionally, Li et al. (2020) confirmed that the positive economic impacts of

transportation infrastructure were largely confined to more developed major cities, with

little to no significant benefit for smaller cities.

The development of urban agglomerations and improvements in transportation infrastruc-
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ture tend to draw more resources towards central cities, leaving peripheral cities and rural

areas increasingly marginalised due to their lack of competitiveness. While transportation

infrastructure can stimulate economic activity, it may also exacerbate regional imbalances

and produce negative effects. In this chapter, we focus on comparing the varying spatial

effects of transportation infrastructure across different spatial scales at the city level.

The remainder of this chapter is structured as follows. Section D.3 provides background

information. Section D.4 describes the empirical data used in the analysis. Section D.5

presents the spatial autocorrelation results based on Moran’s I tests. Section D.6 analyses the

estimation results. Finally, Section D.7 discusses the findings and concludes this replication.

D.3 Background

City-level data offers higher spatial resolution, enabling a more granular analysis of economic

heterogeneity within regions. This level of detail captures localised economic activities and

provides a clearer picture of the dynamic characteristics of urban economies, including shifts

in labour and capital flows. These dynamics are more readily observable at the city level. For

instance, city-level data can elucidate variations in industrial activity between neighbouring

cities and illustrate how road accessibility facilitates or constrains these interactions.

Moreover, city-level research is particularly effective at identifying spatial spillover effects.

These effects, transmitted through mechanisms such as economic activity, population mo-

bility, and infrastructure development, are more discernible when analysed at a finer scale.

For example, industrial growth in one city may stimulate economic expansion in adjacent

cities through market integration and labour redistribution.
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Figure D.1: Average Industry Output

Note: This graph illustrates the average large industry output in 100 millions Yuan.

Similarly, labour spillovers from metropolitan areas can enhance productivity in surrounding

regions. City-level analysis provides the detail necessary to examine these channels, offering

valuable insights into why road infrastructure often lacks pronounced positive spillover effects

in broader provincial-level analyses.

The accompanying chart is a time series line graph that illustrates the average industrial

production across 288 cities from 2014 to 2021. Overall, industrial production exhibits a

relatively steady upward trend. While the data varies slightly from year to year, this suggests

that economic activity is relatively stable and exhibits limited volatility.
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Although the annual growth appears consistent, certain years, such as 2020, show a slight

slowdown in growth, potentially influenced by external economic shocks, such as the global

pandemic, or other contributing factors.

Figure D.2: Average Road Accessibility to Big Cities

Note: This graph illustrates the average road accessibility to big cities road network

The chart illustrates road accessibility over the years from 2014 to 2021. The horizontal

axis represents the timeline, while the vertical axis displays the accessibility index, which

ranges from 0.84 to 0.96. The chart shows an overall gradual upward trend in road ac-

cessibility during the observed period, reflecting continuous improvement in transportation

infrastructure.

The increase in road accessibility is steady, with no significant spikes or declines, suggest-
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ing consistent progress in infrastructure development. However, the growth rate appears to

plateau slightly after 2019, indicating a potential slowdown in the pace of further improve-

ments.

D.4 Data Description

Our data is sourced from official records provided by the National Bureau of Statistics of

China and the China City Yearbook.1 Geographic and mapping data are derived from

OpenStreetMap.

The distribution of industrial output exhibits substantial variation, with the maximum value

approximately 836 times greater than the minimum. The mean and median values further

highlight this disparity, indicating a heavily right-skewed distribution where a small num-

ber of regions demonstrate exceptionally high industrial output compared to others. This

skewed distribution reflects pronounced regional inequality in industrial output, providing a

diverse regional context for the analysis and enabling the exploration of how transportation

accessibility exerts heterogeneous effects across regions with varying industrial profiles.

Most cities exhibit road accessibility costs close to the average, with limited deviation.

However, extreme values highlight notable exceptions. The city with the lowest accessibility

value of -62.321 incurs significantly higher costs than the average, reflecting poor accessibility.

Conversely, the highest value of 25.424 corresponds to a city with exceptionally low road

entry costs, indicating excellent accessibility to major urban networks. These extremes

underline the heterogeneity in transportation conditions across cities, with some benefiting

1National Bureau of Statistics. China City Statistical Yearbook Retrieved from:
https://www.stats.gov.cn/zs/tjwh/tjkw/tjzl/202302/t20230220_1913734.html
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from superior connectivity while others face considerable barriers.

We selected control variables to capture the potential impacts of regional economic and

demographic characteristics on industrial output, ensuring the robustness and interpretabil-

ity of the model results. Government expenditure and financial loans are key indicators of

public service capacity and capital availability. Foreign investment inflows reflect the level

of regional openness and access to industrial financing. Regional population and average

employment figures serve as primary indicators of the labour market, illustrating the influ-

ence of labour supply and market demand on industrial output. Gross regional product, as

a comprehensive measure of economic activity, represents the overall economic environment

supporting industrial output. Education expenditure, meanwhile, reflects the level of human

capital accumulation.

These control variables highlight significant differences in economic, demographic, and social

development across regions. Variations in government expenditure and education expendi-

ture underscore the uneven distribution of public resources, with some regions exhibiting

substantially higher levels than others. The concentration of financial loans and foreign

investment inflows demonstrates that economic activities are predominantly centralised in

a few core areas, underscoring the dominant role of economic hubs in regional development.

Similarly, the distribution of regional population and average employment figures reveals

the spatial concentration of population and employment resources. The notable disparities

in gross regional production further emphasise the imbalance in regional economic growth.
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Table D.1: Summary Statistics of Key Variables

Variable Name Minimum 1st Quartile Median Mean 3rd Quartile Maximum
Industry Output(in ten thousand) 395,436 10,961,799 20,616,633 38,510,490 42,667,611 330,379,747
Road Accessibility -62.321 -0.423 -0.011 -0.007 0.429 25.424
Government Expenditure (in ten thousand) 216,246 2,163,509 3,198,776 4,846,060 4,850,729 83,556,553
Financeloan (in ten thousand) 1,059,064 7,899,064 13,882,538 40,884,324 29,869,327 874,727,453
Foreign Capital (in ten thousand) 3 6,428 27,257 96,605 86,206 3,022,121
Population (in ten thousand) 19.0 234.0 374.4 447.0 587.6 3,416.0
Average Employment 2.0 17.0 31.0 52.84 53.0 772.0
Regional Gross Production (in 100 Million yuan) 1,328,795 9,152,089 15,903,553 29,010,483 30,562,026 428,344,896
Education Expenditure (in ten thousand) 30,621 347,771 562,461 809,188 885,668 11,375,910

Note: All values are reported in their respective units. Variables are adjusted to account for CPI
and other economic indicators where applicable.

D.5 Spatial Autocorrelation

The results of Moran’s I analysis for large industrial output and road accessibility across 288

cities over eight years from 2014 to 2021. We aim to understand the spatial dependence and

clustering patterns of industrial production and road accessibility. Below is an interpretation

of the findings.

The Moran’s I values are positive for all years and statistically significant at the 1% level.

This indicates the presence of spatial autocorrelation in industrial production, meaning cities

with similar levels of industrial output, either high or low, tend to cluster geographically.

The Moran’s I values are relatively modest, ranging from 0.089 in 2014 to 0.042 in 2021.

For instance, in 2014, a Moran’s I of 0.089 indicates moderate spatial dependence, while by

2021, the value drops to 0.042, reflecting a weaker clustering effect. The clustering presents

the spatial dependence of industrial production, where neighbouring cities share similar

economic or industrial characteristics.

The expected value of Moran’s I under spatial randomness is approximately -0.004, whereas

the observed values are consistently positive. The high Z-scores, such as 14.903 in 2014

and 7.384 in 2021, confirm that the deviation from randomness is statistically significant.
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The results show that the observed spatial clustering is highly unlikely to be due to random

chance, and we need to consider the spatial effects in later estimation.

The Moran’s I values are higher during these years from 0.089 to 0.099 during the first

two years, indicating stronger spatial clustering. This could reflect industrial hubs and

strong spillover effects in nearby regions during this period, possibly driven by concentrated

investment or regional advantages. Then, there is a moderate decline in Moran’s I values,

as 0.064 in 2017 and 0.061 in 2018. A sharper decline to 0.044 in 2020 and 0.042 in 2021

may be linked to the economic disruptions caused by the COVID-19 pandemic. Lockdowns

and supply chain disruptions likely weakened spatial spillovers.

To sum up, the Moran’s I results reveal persistent but weakening spatial clustering in indus-

trial production across cities over time. While geographic proximity continues to influence

industrial patterns, its impact is diminishing due to economic decentralization, structural

changes, and external disruptions.

Table D.2: Spatial Autocorrelation Test with Moran’s I for Industry Output

Year Moran’s I (I) Z-Statistic (Z) Significance
2014 0.089 (14.903) ***
2015 0.097 (16.156) ***
2016 0.099 (16.547) ***
2017 0.064 (10.797) ***
2018 0.061 (10.352) ***
2019 0.064 (10.821) ***
2020 0.044 (7.719) ***
2021 0.042 (7.384) ***

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively. Moran’s I-statistics are based on a two-tailed test. The Z-
statistics are provided in parentheses.

We also provide a spatial autocorrelation analysis for transportation accessibility. Moran’s

I result for road accessibility to the market across 288 cities over the same period, from
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2014–2021, as following table.

Similar with industry production, the positive and statistically significant Moran’s I values

at a 1% significant level for all years indicate the presence of spatial clustering in road

accessibility. This means cities with similar levels of road accessibility are geographically

clustered.

The Moran’s I values show a fluctuating but slightly increasing trend over time. Moran’s I

start at 0.044 at 2014, indicating moderate clustering. A dip from 2015 to 2016 in Moran’s

I to 0.025 suggests a temporary weakening of spatial dependence. From 2017 to 2021, an

upward trend follows, with Moran’s I increasing to 0.044 by 2021. This is a return to stronger

clustering. Also, the Z-scores are consistently high, such as 7.586 in 2014 and 7.658 in 2021,

confirming that the observed clustering is statistically significant and unlikely to result from

random spatial distribution.

Table D.3: Spatial Autocorrelation Test with Moran’s I for Road Accessibility

Year Moran’s I (I) Z-Statistic (Z) Significance
2014 0.044 (7.586) ***
2015 0.025 (4.520) ***
2016 0.025 (4.446) ***
2017 0.034 (5.971) ***
2018 0.038 (6.528) ***
2019 0.042 (7.219) ***
2020 0.041 (7.152) ***
2021 0.044 (7.658) ***

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively. Moran’s I-statistics are based on a two-tailed test. The Z-
statistics are provided in parentheses.

Unlike industrial output, the spatial concentration of road accessibility, as measured by

Moran’s I, appears to have remained largely unaffected by the COVID-19 pandemic. The

Moran’s I values for road accessibility exhibit minimal variation during 2020 and 2021,

245



maintaining levels comparable to those observed in prior years. This contrasts with the

significant weakening of spatial clustering in industrial output during the same period.

This stability is understandable, as road accessibility, being a physical and relatively fixed

infrastructure system, is inherently less sensitive to short-term disruptions such as the pan-

demic. Unlike industrial output, which is influenced by fluctuating market demands, supply

chain disruptions, and labour shortages, road networks retain a constant spatial distribution.

This likely contributed to the sustained spatial patterns of road accessibility.

In this spatial autocorrelation analysis, the pandemic highlighted the relative resilience of

road accessibility compared to industrial output. While industrial activity weakened and

spatial clustering declined in response to economic shocks, the spatial concentration of road

accessibility remained stable.

When compared to the provincial-level results, it becomes evident that the spatial autocor-

relation of industrial production and road accessibility exhibits significantly weaker spatial

connection effects at the city level. Whereas inter-provincial industrial production and trans-

portation networks demonstrate stronger regional integration and cross-boundary influence,

city-level dynamics are more localised and less influenced by neighbouring cities.

This difference can be attributed to several factors. Provincial-level analyses often capture

broader patterns of economic clustering and infrastructure development, where provinces

act as hubs of regional connectivity. Furthermore, provincial infrastructure frequently sup-

ports long-distance transportation and economic linkages, fostering stronger inter-regional

dependencies. Conversely, city-level road networks primarily cater to local mobility needs,

resulting in weaker spatial spillover effects. This observation is further corroborated by the

subsequent results of the SDM test.
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D.6 Spatial Estimation and Result

In the city-level analysis, we employ a geographic inverse distance weight matrix, consistent

with the approach used in our provincial-level study. This weighting method captures spatial

relationships by assigning greater influence to geographically closer cities while diminishing

the impact of those farther away. For the modelling framework, we use the SDM model,

which accounts for both direct and spillover effects, offering a comprehensive understand-

ing of the spatial dependencies and interactions at the city level. This approach ensures

comparability between the provincial and city-level analyses.

Table D.4: Regression Results

Variable Estimate Std. Error t-value Significance
Road Accessibility -0.0116 0.0043 -2.7215 **
logGOVE -0.1765 0.1310 -1.3478
logFinanciaLoad -0.0971 0.0810 -1.1992
logForeignCapital 0.1098 0.0111 9.8540 ***
logRegPop 0.0448 0.0897 0.4997
logAvgEmp 0.1395 0.0732 1.9055 *
logRGDP 0.1465 0.0949 1.5438
logEduExp -0.1389 0.1276 -1.0886
Wlag.Road Accessibility 0.0784 0.0577 1.3596
Wlag.logGOVE 0.2781 0.5319 0.5227
Wlag.logFinanciaLoad -0.2626 0.2285 -1.1490
Wlag.logForeignCapital -0.0099 0.0496 -0.1998
Wlag.logRegPop 0.1108 0.2402 0.4615
Wlag.logAvgEmp 0.2215 0.2083 1.0634
Wlag.logRGDP 0.1325 0.1834 0.7224
Wlag.logEduExp -0.1932 0.6067 -0.3185
rho -0.3684 0.2241 -1.6438 *

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels.

The results indicate that road accessibility has a significant direct effect on regional industrial

output. However, the estimated coefficient is -0.0116, significant at the 5% level, suggesting

that improvements in road accessibility may negatively impact industrial output. This
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finding aligns with the results observed in the provincial-level analysis.

Regarding the control variables, foreign capital inflows exhibit a coefficient of 0.1098, signif-

icant at the 1% level, indicating a strong positive impact of foreign investment on industrial

output. The concentration of foreign capital appears to substantially enhance regional in-

dustrial productivity. Similarly, the coefficient for average employment is 0.1395, significant

at the 10% level, highlighting the critical role of the labour market in supporting industrial

development.

For spatial lag effects, the spatial lag of road accessibility has a coefficient of 0.0784 but is

not statistically significant. This suggests that the indirect effects of road accessibility in

neighbouring regions on local industrial output are relatively weak. The results imply that

the spillover effects of road accessibility are not prominent within the current model. Other

spatially lagged variables, such as foreign capital inflows and average employment, similarly

fail to exhibit significant spatial spillover effects, indicating that industrial output across

regions relies more on local characteristics than on interregional interactions.

Notably, the spatial autocorrelation coefficient, rho, is -0.3684 and significant at the 10%

level. This result reveals a degree of spatial dependency in regional industrial output, with

the negative spatial autocorrelation indicating that regions with high industrial output are

often surrounded by areas with relatively low output.

The spatial effects analysis based on the Spatial Durbin Model reveals distinct direct, in-

direct, and total effects of road accessibility, foreign capital inflows, and employment on

regional industrial output.

First, the direct effect of road accessibility is -0.0116, significant at the 5% level, indicating

that improved transportation accessibility may have a negative impact on local industrial
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Table D.5: Spatial Analysis

Variable Total Direct Indirect
Estimate Std. Error Estimate Std. Error Estimate Std. Error

Road Accessibility 0.0504 0.0468 -0.0116 0.0043 ** 0.0620 0.0465
logGOVE 0.0730 0.4304 -0.1790 0.1307 0.2521 0.4158
logFinanceloan -0.2695 0.1968 -0.0942 0.0819 -0.1753 0.1852
logForeignCapital 0.0746 0.0426 * 0.1102 0.0111 *** -0.0355 0.0415
logRegPop 0.1124 0.1968 0.0407 0.0916 0.0717 0.1844
logAvgEmp 0.2765 0.1775 0.1417 0.0736 * 0.1349 0.1712
logRGDP 0.2111 0.1634 0.1463 0.0951 0.0648 0.1470
logEduExp -0.2528 0.4748 -0.1447 0.1240 -0.1080 0.4633
Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

output. This result aligns with the provincial-level findings and may reflect the potential for

improved road networks to lead to resource dispersion or a stronger reliance on alternative

modes of transportation for industrial activities.

The spatial effects of foreign capital inflows are more pronounced. The direct effect is 0.1102,

significant at the 1% level, indicating a strong positive influence of foreign investment on

local industrial output. However, the indirect effect is -0.0355, though not statistically signif-

icant, suggesting that foreign capital inflows in neighbouring regions may create competitive

pressures on local markets or resources. The total effect is 0.0746, significant at the 10%

level, demonstrating that the overall impact of foreign capital inflows remains predominantly

positive.

Average employment shows a direct effect of 0.1417, significant at the 10% level, highlighting

the critical role of labour market expansion in boosting local industrial output. The indirect

effect is 0.1349, which, although not statistically significant, indicates a potential positive

spillover effect from improved employment levels in neighbouring regions on local industrial

performance.
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Among other variables, government expenditure and gross regional product do not exhibit

significant direct or indirect effects. However, the positive signs of their indirect effects sug-

gest the presence of potential spillover mechanisms between regions. Education expenditure

also shows no significant effects. The short-term impact of these variables on industrial

output is limited.

D.7 Conclusion

We conducted a systematic analysis of the impact of road transportation on regional in-

dustrial production across two spatial scales: the interprovincial and the city level. At the

provincial scale, road transportation exhibited a significant positive effect, indicating that

improved inter-regional connectivity facilitates market integration, reduces logistics costs,

and enhances the spatial reallocation of industrial activities. These findings underscore

the positive spillover effects of road infrastructure across regions, which are essential for

promoting balanced regional growth.

In contrast, the city-level analysis, based on 2,304 observations from 288 prefecture-level

cities, revealed a localized negative effect of urban road systems on industrial production.

To ensure cross-scale comparability, we refined the measurement of transportation exposure

by focusing on accessibility to major urban freight networks, rather than total road length.

This measure captures the functional relevance of roads to industrial logistics.

This pattern further illustrates the scale-dependent mechanisms through which road infras-

tructure affects regional economies. At the urban level, roads primarily function as conduits

for factor mobility, often reinforcing a “core-periphery” siphoning effect whereby labour and

capital are drawn toward larger urban centres. This dynamic is consistent with findings from

250



Baum-Snow et al. (2017), who show that labour mobility in China is significantly shaped

by road networks, with workers tending to move from smaller, disadvantaged cities to more

developed areas. Similarly, Banerjee et al. (2020) emphasize the role of road connectiv-

ity in facilitating the direct movement of production factors between small and large cities

within the same region, without necessarily generating proportional gains in per capita GDP

growth rate. In contrast, at the interprovincial or national level, the role of road infrastruc-

ture becomes more integrative, supporting market consolidation, inter-regional trade, and

productive specialization. These broader effects help explain why transportation invest-

ments tend to exhibit positive regional outcomes at larger spatial scales, while producing

more polarized or uneven effects within urban systems. As such, the evaluation of trans-

portation impacts must account for spatial scale, city hierarchy, and the structure of factor

flows, rather than treating infrastructure as uniformly beneficial.

In sum, while interprovincial road infrastructure contributes positively to industrial output

by enhancing regional-level economic integration, urban road expansion may generate local-

ized inefficiencies that hinder productivity. These contrasting results across spatial scales

highlight the dual nature of transportation infrastructure as a facilitator of macro-regional

growth.

We consider this a particularly intriguing finding, and although we only provide a preliminary

discussion here, we plan to explore the underlying mechanisms in greater depth in future

research.
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