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Port cargo throughput plays a pivotal role in driving national economic growth, facilitating trade activities, and promoting urban development. This study employs a Multi-scale Geographically Weighted Regression (MGWR) model to analyse the influencing factors of port cargo throughput, with regional Gross Domestic Product (GDP), highway construction investment, waterway construction investment, total import and export volume of goods, total retail sales of consumer goods, number of port berths, and urban residents’ consumption expenditure as independent variables. Based on data collected from 43 ports across China, the research reveals the magnitude and spatial distribution characteristics of these variables’ impacts on port cargo throughput. By comparing the fitting results of the global regression model with those of local regression models, the study demonstrates that the MGWR model achieves superior local regression fitting compared to the fixed-bandwidth Geographically Weighted Regression (GWR) model. This research provides theoretical support for understanding the spatial heterogeneity of factors influencing port cargo throughput and offers actionable insights for policy formulation and port planning.
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1 Introduction


With the ongoing expansion of global trade and the accelerating pace of urbanization, ports, as the vital link between maritime and land transportation, play an indispensable role in a country’s economy (Li et al., 2023; Xu et al., 2025). The main reason for this is that the majority of all cargo delivered in the world is transported by sea, with maritime transport accounting for 75% of the modal share in 2020 (Taylor and Smith, 2007). Needless to say, industries are strongly dependent on shipping, with ports consequently playing a central role in global supply chains (Martínez-Moya et al., 2025). Port cargo throughput, serving as a critical indicator for assessing port operational activity and regional economic development levels, plays a pivotal role in driving national economic growth, facilitating trade activities, and promoting sustainable urban development (Cong et al., 2020). China boasts the world’s largest port cargo throughput. Major ports like Ningbo-Zhoushan, Tangshan, Shanghai, Qingdao, and Guangzhou handle billions of tons of cargo annually, including raw materials, finished goods, and containers. Over the past decades, China has been vigorously promoting the construction and renovation of port infrastructure (Munim and Schramm, 2018) to meet the growing freight demand (Wagner et al., 2022). China ranks first in global container throughput, with Shanghai, Ningbo-Zhoushan, Shenzhen, and Qingdao ports among the world’s top container ports (Wang et al., 2004) and provides crucial support for China’s foreign trade and economic growth. Efficient port operations (Bichou, 2014) are pivotal to fostering international trade, reducing logistics costs, and enhancing industrial competitiveness, thereby driving regional economic growth and trade expansion (Akyıldız et al., 2025). A thorough investigation into the determinants of port cargo throughput enables optimized management and planning, improved operational efficiency, and sustained economic development (Song and van Geenhuizen, 2014). However, port cargo throughput is influenced by multifaceted factors, including the demographic characteristics of host cities, geographic location, regional economic development levels, transportation networks, and policy frameworks and regulatory mechanisms (Notteboom et al., 2021). Therefore, a systematic analysis of these determinants holds substantial practical significance for evidence-based policy making.


Research on the factors influencing port cargo throughput has made significant progress. At present, many scholars have conducted research on the determinants of port cargo throughput. Based on the relevant research experiences and conclusions of previous scholars, the port hinterland conditions and the conditions of the port itself are selected when constructing the index system. The conditions of the port hinterland mainly include the economic development status of the port hinterland and the capacity level of the collection and distribution system. The conditions of a port itself mainly include port freight rates and port infrastructure construction. Specifically, the derivative variables of literature refer to the economic development status of the port hinterland, the capacity level of the collection and distribution system, port freight rates and port infrastructure construction. However, most existing studies use traditional regression methods, which overlook spatial heterogeneity, leading to insufficient explanations of spatial differences in port cargo throughput. This study accounts for spatial effects and assigns different bandwidths (Bǎdin et al., 2010) to independent variables, thereby filling a gap in the existing research and is also the innovation of the paper.


This research synthesizes existing scholarship on port cargo throughput determinants and Multi-scale Geographically Weighted Regression (MGWR) methodology, conducts a systematic review of domestic and international applications, establishes analytical frameworks through literature-derived variables, and performs empirical analysis using the cleaned datasets with the MGWR model. This paper decides to select 43 ports in mainland China as the research objects, including 19 coastal ports and 24 inland ports. This study aims to incorporate spatial heterogeneity into the model and conduct an analysis of factors influencing port cargo throughput, and then apply the MGWR method to provide a scientific basis and policy recommendations for port management and planning.






2 Literature review


This chapter reviews two strands of literature pertinent to our investigation: determinants of port cargo throughput and research on MGWR model. Section 2.1 synthesizes research on determinants of port cargo throughput, emphasizing macroeconomic factors, international trade dynamics, and infrastructure development. Section 2.2 reviews advancements in the MGWR model, which addresses spatial heterogeneity in spatial data analysis. This model overcomes limitations of traditional regression methods by explicitly incorporating spatial heterogeneity.





2.1 Research on determinants of port cargo throughput


Port cargo throughput is an important indicator for measuring the economic development of ports and regions (Mudronja et al., 2019). Many scholars adopt different methods to study its influencing factors and prediction methods. Macroeconomic variables have a significant impact on the cargo throughput of ports. Studies show that macroeconomic indicators such as the industrialization level and Gross Domestic Product (GDP) of the country or region where the port is located are closely related to the port throughput. Eskafi et al. (2020) pointed out that macroeconomic variables such as GDP can be used for the analysis and prediction of port throughput. In addition, international trade activities also affect port throughput. With the continuous development of global trade, as an important hub connecting international trade, the cargo throughput of ports will also increase accordingly. The promotion of regional economic integration has facilitated trade exchanges and economic cooperation among countries within the region, thereby having a positive impact on the cargo throughput of ports. For instance, under the background of regional economic integration, China’s coastal ports have continuously increased their cargo throughput and enhanced their competitiveness by cooperating with ports in neighboring countries and regions (Morales-Ramírez et al., 2025). The construction and improvement of a port’s infrastructure, such as terminals, waterways, and warehouses, directly affect the port’s cargo handling capacity and service level. Good port infrastructure can enhance the operational efficiency of the port, attract more cargo aggregation, and thereby promote the growth of cargo throughput (Notteboom et al., 2021).






2.2 Research on multi-scale geographically weighted regression models


The MGWR model has received extensive attention in recent years as an important extension of the Geographically Weighted Regression (GWR) model. It can capture spatial non-stationarity and multi-scale processes more meticulously. Fotheringham et al. (2017) proposed the MGWR model in 2017. And it was further refined and improved under the local parameter statistical inference adopted by Yu et al. (2020), thus enabling this method to be widely used in empirical research. The MGWR model is widely used in spatial data analysis (Wang et al., 2022a). Li and Fotheringham (2020) utilized the MGWR model to investigate the relationship between economic growth in various states of the United States and multiple socio-economic factors. They revealed the spatial heterogeneity (Li et al., 2024a) and scale differences of different factors in different regions (Li and Fotheringham, 2020). Cao et al. (2021) utilized the MGWR model to analyse the factors influencing the urban carrying capacity of the Shanghai metropolis based on the MGWR model. Shen et al. (2020) investigated the pricing mechanisms of second-hand housing in Beijing using the MGWR model, concluding that classical geographically weighted regression models may lack robustness while the MGWR model produced more reliable results. Wang et al. (2022b) analyzed the housing transaction data in Chengdu in 2020 through spatial network analysis and MGWR model, revealing how urban road networks influenced housing prices across different spatial scales with distinct variations. This study provided valuable references for government real estate policies, developer site selection strategies, and urban transportation planning. Zhang et al. (2022) applied MGWR to examine spatial heterogeneity and scale patterns in tourism development’s impact on urban-rural income disparities. Their findings indicated that tourism primarily widens income gaps between urban and rural areas, with this effect showing significant spatial heterogeneity.






2.3 Summary


Numerous studies examined factors influencing port cargo throughput, but traditional regression methods frequently ignored spatial heterogeneity, failing to account for geographical location and characteristics in port throughput analysis. This study applies the MGWR model, accounts for spatial effects and assigns different bandwidths to address this limitation and investigate port cargo throughput determinants.







3 Construction of indicators


Section 3.1 defines the research object, selecting 43 Chinese ports using 2022 data to reveal significant geographical disparities. Section 3.2 identifies the variables: port hinterland conditions and the conditions of port itself. Section 3.3 outlines data sources, integrating port statistics, economic indicators, and geospatial datasets. Preprocessing procedures includes data cleaning, unit standardization, and outlier handling, ensure data consistency.





3.1 Selection of the research object


Considering the difficulty of collecting relevant data and the fitting effect of the MGWR model, after comprehensive consideration, this paper decides to select 43 ports in mainland China as the research objects, including 19 coastal ports and 24 inland ports. The model data was collected based on the relevant data of 2022. The cargo throughput of the above ports is shown in 
Table 1
.



Table 1 | 
Cargo throughput of coastal and inland river ports in mainland China.





	Coastal ports

	Port cargo throughput/10,000 tonnes

	Inland river ports

	Port cargo throughput/10,000 tonnes






	Dalian Port
	30,613
	Nanjing Port
	27,155



	Yingkou Port
	21,118
	Nantong Port
	28,508



	Tangshan Port
	76,887
	Hangzhou Port
	8,845



	Huanghua Port
	31,510
	Huzhou Port
	13,067



	Qinhuangdao Port
	19,269
	Ma’anshan Port
	11,639



	Tianjin Port
	54,902
	Wuhu Port
	13,504



	Yantai Port
	46,257
	Chizhou Port
	13,063



	Qingdao Port
	65,754
	Anqing Port
	2,194



	Rizhao Port
	57,057
	Tongling Port
	9,363



	Shanghai Port
	66,832
	Jiujiang Port
	18,061



	Lianyungang Port
	30,111
	Wuhan Port
	13,074



	Ningbo-Zhoushan Port
	126,134
	Yichang Port
	12,386



	Fuzhou Port
	30,164
	Huangshi Port
	6,855



	Xiamen Port
	21,940
	Jingzhou Port
	6,656



	Shenzhen Port
	27,243
	Changsha Port
	1,246



	Guangzhou Port
	62,906
	Yueyang Port
	9,500



	Zhanjiang Port
	25,376
	Xiangtan Port
	2,227



	Qinzhou Port
	17,357
	Guigang Port
	8,038



	Fangchenggang Port
	15,359
	Wuzhou Port
	7,336



	 
	 
	Nanning Port
	1,064



	 
	 
	Chongqing Port
	12,795



	 
	 
	Luzhou Port
	818



	 
	 
	Yibin Port
	577



	 
	 
	Nanchong Port
	918










From 
Table 1
, it can be seen that coastal ports handle more cargo than inland ports. Among the research objects selected in this paper, the top three ports in terms of cargo throughput are Ningbo-Zhoushan Port, Tangshan Port and Shanghai Port. Among them, Ningbo Port and Zhoushan Port have consistently ranked first in terms of cargo throughput among Chinese ports since their merger into Ningbo-Zhoushan Port, with a cargo throughput of 126,134 million tons, which is in a leading position in terms of faults among coastal ports. The two ports with the smallest cargo throughput are Qinzhou Port and Fangchenggang Port. Among the inland ports, Nanjing Port and Nantong Port in Jiangsu Province rank first and second in terms of cargo throughput. Meanwhile, Luzhou Port, Yibin Port and Nanchong Port are the three ports in Sichuan Province with the lowest cargo throughput. Based on the above analysis, it can be seen that there is a certain connection between the cargo throughput of a port and its geographical location. The cargo throughput of ports located in the developed coastal areas is greater than that of ports in other areas. Therefore, this paper decides to use a MGWR model to study the influencing factors of port cargo throughput.






3.2 Selection of model variables


At present, many scholars have conducted research on the influencing factors of port cargo throughput (Eskafi et al., 2020). Based on the relevant research experiences and conclusions of previous scholars, the port hinterland conditions (Sdoukopoulos and Boile, 2020) and the conditions of the port itself are selected when constructing the index system.





3.2.1 Port hinterland conditions


The conditions of the port hinterland mainly include the economic development status of the port hinterland (Sdoukopoulos and Boile, 2020) and the capacity level of the collection and distribution system.


The development of a port depends on the growth of its hinterland economy (Liu and Park, 2011) and foreign trade industry (Li et al., 2024b). Usually, the status of the hinterland economy (Behdani et al., 2020) is measured by the regional GDP (Delfin-Ortega, 2025), while the total volume of goods imports and exports is an indicator to measure the foreign trade situation. Furthermore, the consumption level in the hinterland of the port also affects the cargo throughput of the port (Mueller et al., 2020), and the consumption level of a region is usually expressed by the total retail sales of consumer goods and per capita consumption expenditure (Mueller et al., 2020). It was decided to select the GDP of the port hinterland area, the total volume of goods import and export, the total retail sales of consumer goods and the per capita consumption expenditure of urban residents as the measurement indicators of the influencing factors of the port’s cargo throughput.


The collection and distribution system refers to a logistics transportation system (Kolesnikov et al., 2020) that gathers, centralizes, distributes and redistributes goods from different regions or geographical locations (Hesse and Rodrigue, 2004). The capacity of the collection and distribution network constitutes the basis for the current cargo transportation at ports. The establishment and improvement of the collection and distribution system can effectively enhance the efficiency of goods transportation, reduce logistics costs, and promote regional economic development and trade exchanges. The capacity of the collection and distribution network can be measured by the investment in road construction (Tsimoshynska et al., 2021) and waterway construction in a region. The investment in road construction reflects the situation of goods transportation between the port and the cargo hinterland through roads, while the investment in waterway construction (Ren et al., 2020) reflects the development status of the waterway transportation industry. This paper selects the investment in highway construction and the investment in waterway construction in the hinterland of the port as the indicators of the port’s cargo throughput (Bernacki and Lis, 2024).






3.2.2 The conditions of the port itself


The conditions of a port itself mainly include two aspects: port freight rates (Ke et al., 2024) and port infrastructure construction (Liu, 2020). The types of charges at general ports include loading and unloading fees (Mor et al., 2020), berthing fees, berth usage fees, container storage fees, warehousing fees, customs clearance and storage fees, ship service fees, health and quarantine fees, etc. The amount of port charges will affect whether shipping companies choose that port as their berthing port, and thus this will also have a certain impact on the cargo throughput of the port. However, the types and standards of charges among ports have somewhat converged due to the existence of mutual competition, and the differences are not significant. Since it does not have a significant impact on the size of the port cargo throughput, this factor is not considered in the selection indicators. Port infrastructure construction includes terminals and berths, container terminals, storage yards and warehousing facilities, ship service facilities, loading and unloading equipment, navigation facilities, port communication facilities, etc. Considering the difficulty of data collection and being limited by my academic level, this paper mainly selects the number of port berths (Tang et al., 2022) as the influencing factor on the cargo throughput of the port. To sum up, the variable descriptions are shown in 
Table 2
.



Table 2 | 
Variable descriptions.





	Variable name

	Abbreviation

	Unit

	Description






	Regional gross domestic product
	GDP
	100 million yuan
	2022 GDP of the city where the port is located



	Highway construction investment
	roadinvest
	10 thousand yuan
	2022 highway construction investment in the province where the port is located



	Waterway Construction Investment
	waterinvest
	10 thousand yuan
	2022 waterway construction investment in the province where the port is located



	Total import-export volume
	InExport
	100 million yuan
	2022 total goods import-export value of the port’s city



	Total retail sales of consumer goods
	trsocg
	100 million yuan
	2022 total retail sales of consumer goods in the port’s city



	Per capita urban resident consumption expenditure
	townspay
	yuan
	2022 per capita urban resident consumption expenditure in the port’s city



	The amount of berths
	amount
	unit
	Total operational berths at the port as of the end of 2022















3.3 Data sources and types


The data used in this research are from multiple reliable data sources, covering various port hinterland conditions as well as their own conditions. These data mainly include the following aspects:


	
(1) Basic information data of ports: including the basic situation of each port, such as location, number of berths, cargo throughput, etc. The number of port berths and the volume of cargo throughput mainly come from the “Statistical Yearbook” released by the National Bureau of Statistics and the “Port Yearbook” of the industry. The latitude and longitude coordinates of the port are derived from the coordinate picker function of Baidu Maps.


	
(2) Economic indicator data of the port hinterland: This includes economic indicators such as the gross domestic product, foreign trade volume, total retail sales of consumer goods and per capita consumption expenditure of the region where the port is located. These data mainly come from the annual statistical data released by the National Bureau of Statistics, the statistics bureaus of various provinces and cities, and local governments.


	
(3) Transportation network data: This paper mainly collects data on the investment in highway construction and waterway construction in regions related to the capacity of the collection and distribution network. These data mainly come from the traffic network datasets released by the transportation department and related research institutions.


	
(4) Geographic information data: When conducting visual analysis of the results of the MGWR model using ArcGIS 10.8, the relevant maps were produced based on the standard map with the map review number GS(2024)0650 issued by the National Administration of Surveying, Mapping and Geoinformation.









3.4 Data preprocessing and organization


In this study, various collected data were strictly preprocessed and organized to ensure the accuracy and consistency of the data before data analysis was carried out. The main steps of preprocessing and organization include:


	
(1) Data cleaning: Clean the original data, handle missing values, outliers and duplicate values to ensure the integrity and consistency of the data. When conducting data statistics on the total volume of regional goods imports and exports, due to the inconsistent measurement units among various provinces and cities, this paper decides to unify it into the RMB. When converting to the US dollar, the exchange rate adopted is the average exchange rate of 2022.


	
(2) Data integration: Integrate data from different data sources to build a complete data set and provide a unified data source for subsequent analysis. When collecting data, the relevant indicators of the port hinterland economy can be obtained from the statistical yearbooks of each province and city, while the investment in road and waterway construction needs to be obtained from the data of the transportation industry, and the number of berths in the port needs to be obtained from the port statistical yearbook.


	
(3) Geographic information data processing: Use ArcGIS 10.8 to visualize and quantitatively analyze geographic information data and draw spatial distribution maps.


	
(4) Unified data format: Unifying the data format and naming conventions ensures the consistency and accuracy of the data, and provides convenience for subsequent data processing and analysis.


	
(5) Outlier handling: Identify and handle outliers that may affect the analysis results, and use appropriate methods to correct or eliminate them.





Through the above preprocessing and organization steps, the quality and analyzability of the data have been fully guaranteed, providing a solid and reliable basis for the subsequent model construction and in-depth analysis of the data.







4 Model fitting and results


This chapter conducts model fitting and analysis, further performing a comprehensive and detailed study on the factors influencing port cargo throughput.





4.1 Model establishment


Based on the relevant research conclusions and the analysis and evaluation of each index in this paper, the model established in this paper is as follows:
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4.2 Fitting results of the MGWR model


Traditional regression models are prone to result bias when dealing with data with spatial effects. Therefore, spatial econometric models have attracted much attention in related fields. Spatial econometric models can be divided into global models and local models. The global model holds that the regression coefficient is fixed and independent of whether the observed object changes or not, thereby negating spatial heterogeneity. However, local models such as GWR addresses these limitations by simultaneously incorporating spatial dependency and heterogeneity, improving result accuracy and revealing spatially varying relationships among variables. The GWR model may overly emphasize the local influence between observation points and ignore the overall influence. In contrast, the MGWR model allows for scale variations in spatial relationships between independent and dependent variables by assigning distinct bandwidths to each independent variable. Therefore, it has higher calculation accuracy and better result credibility in terms of model principle. A comprehensive evaluation of these two models is the key to proving the credibility of the results. When running MGWR, an initial value needs to be set. Generally, there are four options for initialization: classical GWR estimation, half-parameter GWR estimation, least squares estimation, and all set to 0. In this paper, classical GWR estimation is chosen as the initial estimation. The convergence criterion adopts the SOC-f criterion, and the convergence value adopts 0.00001.





4.2.1 Global model


The results estimated using the global regression model are shown in 
Tables 3
, 
4
. The R
2 of the global regression model is 0.515, indicating that the model can explain 51.5% of the variation of the dependent variable. In the coefficient estimate item, regional GDP, investment in waterway construction, total import and export of goods, and the number of berths have a positive effect on the port cargo throughput. However, the investment in highway construction, the total retail sales of consumer goods in society and the consumption expenditure of urban residents are inversely correlated with the cargo throughput of ports. For example, the coefficient of regional GDP is 0.952. This data indicates that for every additional 100 million yuan of regional GDP in the region, the cargo throughput of the port will increase by 0.952 million tons. The coefficient of urban residents’ consumption expenditure is -0.138, indicating that for every 1,000 yuan increase in urban residents’ consumption expenditure, the cargo throughput of the port will decrease by 1.38 million tons. Among the selected seven influencing factors, the P-values of regional gross domestic product, investment in highway construction, investment in waterway construction and total retail sales of consumer goods were all less than 0.05. It can be considered that these four influencing factors were all significant. Among them, the largest coefficient estimates were regional GDP and total retail sales of consumer goods.



Table 3 | 
Global regression model fitting index.





	RSS

	AIC

	AICc

	R2

	Adj.R2






	20.851
	106.906
	114.361
	0.515
	0.418











Table 4 | 
Statistical description of coefficients of the global regression model.





	Variable

	Coefficient estimate value

	Standard deviation

	P-value






	Intercept
	-0.000
	0.118
	1.000



	GDP
	0.952
	0.447
	0.033



	roadinvest
	-0.382
	0.159
	0.016



	waterinvest
	0.435
	0.165
	0.008



	InExport
	0.172
	0.238
	0.470



	trsocg
	-0.932
	0.349
	0.008



	townspay
	-0.138
	0.175
	0.431



	amount
	0.323
	0.167
	0.053










It is evident that urban consumer spending and highway construction investments negatively impact port throughput. Regarding urban consumption expenditure, increased spending may lead to more goods being transported directly from production sites to retailers via road networks, thereby reducing the need for port transshipment. This phenomenon is particularly pronounced in coastal regions where well-developed logistics systems and efficient road transport facilitate cargo delivery, decreasing reliance on ports. As for highway construction investments, higher funding might divert some short-haul freight from ports to road networks. This occurs because road transport offers greater flexibility and timeliness in short-distance transportation, better meeting specific cargo demands.


The following are the meanings of each index in 
Tables 3
, 
4
.


RSS (Residual Sum of Squares): It represents the sum of the squares of the differences between the predicted values of the model and the actual observed values. It is an important indicator in regression models, and its significance lies in measuring the degree of fit of the model to the data. The smaller the residual sum of squares, the better the model fitting effect.


AIC (Red Pool Information Criterion): A model evaluation metric designed to comprehensively consider the goodness of fit and complexity of the model, and is used for comparison among multiple models. The smaller the AIC value is, the better the model fits the data while considering the model complexity. Therefore, models with smaller AIC values are usually regarded as better models.


AICc: A modified form of AIC, specifically designed for model comparison in cases of small sample sizes. AICc takes into account the influence of sample size on AIC and makes corrections for smaller sample sizes. Therefore, it is more accurate when the sample size is smaller.



R
2: A commonly used statistical indicator for measuring the degree of difference between the results of a regression model and the observed data. The calculation method is the proportion of the variance explained by the model to the total variance, that is, the ratio of the explained variability to the total variability. The value of R
2 is between 0 and 1. The closer it is to 1, the smaller the difference between the model’s operation result and the actual value. The closer it is to 0, the greater the difference, and the poorer the model’s performance.


Adj.R
2: Adjusted R
2. Due to a problem with R
2, that is, when more independent variables are added, R
2 tends to increase rather than decrease, even if these independent variables have a negligible explanatory power for the model. Adjust R
2 to correct the problem of R
2 by considering the degrees of freedom of the model. It penalizes the increase in model complexity caused by adding too many independent variables, and thus is more appropriate when conducting model comparisons.






4.2.2 Local model


(1) Operation results of the GWR model




Tables 5
, 
6
 present the results obtained using the GWR model. It can be seen from this that GWR adopts a fixed bandwidth of 10.24, accounting for 23.81% of the total sample points. After taking the effect of spatial heterogeneity into account in the model, the directions in which each variable acted on the dependent variable did not change. However, the R
2 simulated by the GWR model was 0.605, which was larger than that of the global model. The RSS is 17.003 and the AICc value is 112.709, both of which are smaller than the values of the global regression model. Through comprehensive comparison, the fitting effect of GWR is better. In the operation results, there are a large number of significant samples in the four independent variables of regional GDP, investment in highway construction, investment in waterway construction and total retail sales of consumer goods. However, in the independent variables of total import and export volume and urban residents’ consumption expenditure, the regression results are generally not significant.



Table 5 | 
Fitting index of GWR model.





	RSS

	AIC

	AICc

	R2


	Adj.R2


	Bandwidth






	17.003
	104.164
	112.709
	0.605
	0.481
	10.240











Table 6 | 
Statistical description of GWR model coefficients.





	Variable

	Mean value

	Standard deviation

	Minimum value

	Median

	Maximum value

	The amount of valid parameters






	Intercept
	-0.019
	0.084
	-0.143
	-0.032
	0.163
	10.061



	GDP
	1.025
	0.269
	0.688
	0.951
	1.688
	10.061



	roadinvest
	-0.325
	0.034
	-0.393
	-0.360
	-0.285
	10.061



	waterinvest
	0.440
	0.076
	0.311
	0.458
	0.535
	10.061



	InExport
	0.201
	0.047
	0.123
	0.200
	0.279
	10.061



	trsocg
	-0.982
	0.190
	-1.450
	-0.921
	-0.752
	10.061



	townspay
	-0.159
	0.071
	-0.284
	-0.155
	-0.048
	10.061



	amount
	0.305
	0.060
	0.179
	0.309
	0.397
	10.061










(2) Operation results of the MGWR model




Tables 7
, 
8
 present the results obtained using the MGWR model. Among them, the coefficient of the total regional cargo import and export volume obtained by the MGWR model has changed. It indicates that with the change of port location, the direction of the effect of the total regional cargo import and export volume on the port cargo throughput has changed, thereby reflecting spatial heterogeneity. The value of RSS obtained by the MGWR model is 12.409, and the value of AICc is 108.130. Compared with the global regression model and the GWR model, both have decreased. The value of R
2 is 0.665, indicating that the MGWR model can explain 66.5% of the variation in port cargo throughput.



Table 7 | 
Fitting index of MGWR model.





	RSS

	AIC

	AICc

	R2


	Adj.R2







	14.409
	98.367
	108.130
	0.665
	0.551











Table 8 | 
Statistical description of MGWR model coefficients.





	Variable

	Mean value

	Standard deviation

	Minimum value

	Median

	Maximum value

	The amount of valid parameters






	Intercept
	-0.036
	0.288
	-0.465
	-0.077
	0.533
	2.834



	GDP
	1.079
	0.001
	1.078
	1.079
	1.081
	1.008



	roadinvest
	-0.194
	0.002
	-0.197
	-0.194
	-0.192
	1.014



	waterinvest
	0.431
	0.002
	0.427
	0.431
	0.434
	1.010



	InExport
	0.250
	0.155
	-0.017
	0.293
	0.407
	1.793



	trsocg
	-0.989
	0.000
	-0.990
	-0.989
	-0.988
	1.008



	townspay
	-0.165
	0.000
	-0.166
	-0.165
	-0.165
	1.007



	amount
	0.193
	0.001
	0.192
	0.193
	0.194
	1.004














4.2.3 Model comparison


From 
Table 9
, it can be seen that the goodness of fit R
2 of the MGWR model is the highest among the three models, and the values of AICc and RSS are lower than those of the GWR model and the global regression model. Therefore, it can be judged that the fitting result of the MGWR model is the best among the three models. In terms of the number of valid parameters, the MGWR model has fewer valid parameters than the GWR model and has a smaller sum of squared residuals, indicating that it obtains regression results closer to the true values using fewer parameters.



Table 9 | 
Comparison of fitting indicators between the global regression model and the local regression model.





	Model type

	RSS

	AIC

	AICc

	R2


	Adj.R2







	Global regression
	20.851
	106.906
	114.361
	0.515
	0.418



	GWR
	17.003
	104.164
	112.709
	0.605
	0.481



	MGWR
	14.409
	98.367
	108.130
	0.665
	0.551










On the other hand, from the perspective of the overall regression coefficients, in the MGWR model, there are three coefficients that are significant overall, namely regional gross domestic product, investment in waterway construction, and total retail sales of consumer goods. However, in the GWR model, there are no variables that are significant overall. This indicates that the GWR model fails to take into account the scale differences among various variables. This leads to a lot of noise and deviation in the regression coefficients, making the fitted regression results not good enough. Summarizing the analysis of this study, it is found that the MGWR model outperforms the GWR model and the global regression model in predicting the cargo throughput of ports.







4.3 Analysis of the spatial influence of each variable on the cargo throughput of the port


The analysis examines the spatial effects of variables on port cargo throughput, investigates the spatial heterogeneity and parameter significance of variable coefficients, and employs ArcGIS 10.8 for visualization, quantitative analysis, and spatial distribution mapping.





4.3.1 Spatial heterogeneity


As shown in 
Table 10
, the MGWR model assigns a bandwidth to each independent variable, which reflects the ability of the MGWR model to reflect the differential scale of action of different variables, while the GWR model only sets a fixed bandwidth, which does not reflect the differential scale of action of the variables. In the GWR model, the bandwidth is 10.42, accounting for 23.81% of the total sample size. However, through the calculation of MGWR, it is found that the action scales of different variables vary significantly. In the regression results of MGWR, the regression coefficients of the three variables, namely regional gross domestic product, investment in waterway construction and total retail sales of consumer goods, are generally significant (Hermoso et al., 2021). However, the regression coefficients of the four variables, namely the investment in highway construction, the total volume of goods import and export, the number of port berths, and the per capita consumption expenditure of urban residents, are not significant. The constant term represents the influence of different zone positions on the cargo throughput of the port when other independent variables are determined.



Table 10 | 
Comparison of fitting indicators between the global regression model and the local .





	Variable

	MGWR bandwidth

	GWR bandwidth






	Intercept
	4.390
	10.240



	GDP
	46.320
	10.240



	roadinvest
	46.320
	10.240



	waterinvest
	46. 300
	10.240



	InExport
	5.740
	10.240



	trsocg
	46.320
	10.240



	townspay
	46.320
	10.240



	amount
	46.310
	10.240










Among them, this paper mainly controls the economic factors in the hinterland of the port. Therefore, the constant term reflects the influence of other location factors such as policies, regulations, and culture in the hinterland of the port on the cargo throughput of the port. Its scale of action is 4.39, accounting for 10.2% of the total sample size, which is much lower than the scales of action of other variables, indicating that the cargo throughput of the port is very sensitive to the changes in location. The effect scale of the total volume of regional goods imports and exports is also relatively small, at 5.74. This indicates that the influence of the total volume of regional goods imports and exports on the cargo throughput of ports varies greatly in space. It affects the cargo throughput of ports within a local range, and there is a strong spatial heterogeneity. The action scale of regional gross domestic product, investment in highway construction (Tsimoshynska et al., 2021), investment in waterway construction, total retail sales of consumer goods, the number of berths and urban residents’ consumption expenditure is 46.3, which belongs to the global scale. It indicates that these variables affect the cargo throughput of the port on a global scale, that is, there is almost no spatial heterogeneity (de Marsily et al., 2005).






4.3.2 Parameter significance


Statistical description of each coefficient of MGWR is shown in 
Table 8
. Among the selected independent variables, the regression coefficients as a whole are significantly the three independent variables of regional GDP, investment in waterway construction and total retail sales of consumer goods. Among them, the regional GDP has a significant positive impact, which is also in line with the research results of most scholars. The spatial distribution of the influence of regional GDP is shown in 
Figure 1
. Its coefficient shows a gradually increasing trend from south to north. The high values are mainly concentrated between the ports in North China and Northeast China. The industrial structure in this region is more inclined towards heavy industrialization. These industries require a large amount of raw materials and intermediate products, and the products they produce often need to be exported through ports or imported from ports. Therefore, it is greatly influenced by the regional GDP. The coefficient of regional GDP ranges from 1.078 to 1.081, with a mean value of 1.079 and a standard deviation of 0.001. It is indicated that for every 100 million yuan increase in regional GDP, the increase in port cargo throughput reaches 10,7,800 to 10,8,100 tons, with an average increase of 10,7,900 tons. The growth rates vary little among different regions. Since regional GDP is a global variable, on the whole, the influence of regional GDP on ports across various regions is not significantly different. According to the absolute value of the coefficient, its influence degree is the most significant among all variables.


[image: Map of China showing GDP coefficient estimates with colored dots. Areas marked in red range from 1.078048 to 1.078366, orange from 1.078367 to 1.079138, green from 1.079139 to 1.079690, light blue from 1.079691 to 1.080236, and dark blue from 1.080237 to 1.080836. Inset shows the South China Sea Islands. Scale bar indicates 0 to 4,000 kilometers.]
Figure 1 | 
Regional gross domestic product (GDP).




The investment amount factor of waterway construction significantly and positively affects the cargo throughput of ports. The higher the investment amount of waterway construction (Wei, 2013) in the hinterland of the port, the higher the cargo throughput of the port. The spatial distribution of the influence of this factor is shown in 
Figure 2
. Its influence intensity shows a gradually increasing trend from west to east. Among them, the low values are mainly located in the ports between the southwest and South China regions. It indicates that the increase in waterway construction investment in this region does not lead to a significant improvement in the cargo throughput of the port. This further shows that the waterway construction measures in this region are relatively complete compared with those in other regions. The coefficient of the investment amount in waterway construction ranges from 0.427 to 0.434, with an average value of 0.431 and a standard deviation of 0.002. It is indicated that for every 10,000 yuan increase in the investment in waterway construction in the region, the cargo throughput of the port in the region will increase by 0.427 to 0.434 million tons, with an average increase of 0.431 million tons. This coefficient does not change much in different regions. Observed from the absolute value of the coefficient, its influence degree is at a medium level among all variables.


[image: Map of China displaying water investment coefficient estimates using colored dots. Colors range from red to blue, indicating values from 0.427493 to 0.433737. Insets show the South China Sea Islands with similar indicators. Scale bar denotes distance in kilometers, up to four thousand.]
Figure 2 | 
Investment in waterway construction.




What significantly and negatively affects the cargo throughput of ports is the total retail sales of consumer goods in society (Shen and Dong, 2019). The negative impact on total retail sales (trsocg) may be linked to the current logistics and transportation model. As the logistics network continues to improve, more goods are being transported directly from production sites to retailers, reducing the need for port transshipment. This trend is particularly evident in coastal areas, where a well-developed transportation network has further intensified it. Therefore, ports must adapt to these changes by optimizing their logistics layout and enhancing their competitiveness. The spatial distribution of the influence of this factor is shown in 
Figure 3
, and its influence intensity shows an increasing trend from east to west. In terms of the absolute value of the coefficient, the ports located in Sichuan Province and Chongqing Municipality are least affected. The economies of these regions are more diversified, including not only consumer goods manufacturing and retail but also heavy industry. The production of heavy industry usually requires a large amount of raw materials and intermediates, so the demand for port cargo throughput is relatively high and is less affected by the total retail sales of consumer goods in society. The ports located in Shanghai, Zhejiang and Fujian have been most affected. These ports are in coastal areas with developed transportation and more mature logistics networks. Producers will choose road transportation more often and thus have been more affected. The coefficient of the total retail sales of consumer goods ranges from -0.990 to -0.988, with an average value of -0.989. This indicates that for every 100 million yuan increase in the total retail sales of consumer goods, the decrease in the cargo throughput of the port is between 0.988 and 0.990 million tons, with an average decrease of 0.989 million tons. Furthermore, a standard deviation of 0.000 indicates that the volatility of the data is relatively small.


[image: Map of China with regions marked by colored dots representing Trsocg coefficient estimates. Colors range from red to blue, each indicating different estimate values. An inset shows the South China Sea Islands. A scale bar is included.]
Figure 3 | 
Total retail sales of consumer goods.




Among the non-significant influencing factors, the coefficient of total import and export volume of goods ranges from -0.017 to 0.407, with an average value of 0.250. Its variation range is the largest among the selected seven influencing factors, and the direction of influence on the cargo throughput of the port changes due to the change in the geographical location of the port. The spatial distribution of this influencing factor is shown in 
Figure 4
. Among them, the cargo throughput of the three ports located in Guangxi Province is negatively affected by the total volume of cargo import and export (Branch, 2013). There are more competitive ports around this region, such as those in Hainan and Guangdong Province. These ports provide more convenient services and better facilities, thereby attracting a part of the cargo import and export flow (Jones et al., 2011) in Guangxi Province. The cargo throughput through the ports of Guangxi has been reduced. Other ports, however, have been positively affected, indicating that as the total volume of goods import and export increases, so does the cargo throughput of the ports. Among them, the ports in North China and East China have been most affected. This region is located in the coastal area and has a developed economy with more international trade. The ports to which it belongs are more affected by the total volume of goods import and export.


[image: Map of China showing InExport coefficient estimates using colored dots. Red, yellow, green, light blue, and dark blue dots represent varying coefficient ranges from negative to positive values. A key explains the color coding, and a scale bar indicates distance. An inset map shows the South China Sea Islands.]
Figure 4 | 
Total volume of goods import and export.









4.4 Local parameter estimation and local R² interpretation


The in-depth analysis of local parameter estimates reveals spatially varying magnitudes of variable impacts on port cargo throughput. Simultaneously, the interpretation of local R² values illustrates the model fit, providing a comprehensive perspective to understand influencing factors and their spatial distribution patterns.





4.4.1 Local parameter estimation


The estimated values and P-values of local parameters are presented in the appendix. Among them, the three variables with overall significant regression coefficients are regional gross domestic product, investment in waterway construction, and total retail sales of consumer goods. The positive and negative values of the intercept term coefficients have changed among different sample points, indicating that different geographical locations have different effects on the cargo throughput of ports. The coefficients of the intercept term are mostly positive in the selected coastal ports, but in the inland river ports, the coefficients of most ports are negative. It indicates that the cargo throughput of a port is relatively greatly affected by its geographical location. The geographical location has a positive impact on the cargo throughput of ports in coastal cities, while it has a negative impact on that of ports in inland cities. Among the coefficients of the total volume of goods import and export, this coefficient is positive for the vast majority of ports, indicating that the total volume of goods import and export has promoted the cargo throughput of the ports. However, in Zhanjiang Port, Qinzhou Port, Fangchenggang Port and Nanning Port, this influencing factor has suppressed the cargo throughput of the ports. The coefficients of regional gross domestic product and total retail sales of consumer goods do not vary much among various ports. However, in the coefficients of investment in waterway construction, it is found that the values of coastal ports are larger than those of inland ports, indicating that when the same investment is invested in waterway construction, the added value of port cargo throughput of coastal ports is greater than that of inland ports. This is because the geographical location of coastal ports is closer to the world’s major shipping routes, resulting in a greater volume of trade.


Except for the intercept term, the influence of geographical location and the total amount of goods import and export, the number of samples selected for the regression of other independent variables is basically 41 to 43, which is close to the global scale. The number of regression samples used in the intercept term is concentrated in 8 to 11 and 15 to 18 respectively, and the number of samples used in the total volume of goods import and export is concentrated in 14 to 15 and 18 to 24 respectively. It can be seen that the spatial heterogeneity of the intercept term is the greatest, followed by the total volume of goods import and export, while other influencing factors are basically at the global scale and have relatively small spatial heterogeneity.






4.4.2 Local R² interpretation


The local R
2 values of each port are shown in the appendix. It can be found from the table that the goodness of fit of the vast majority of each port is greater than 60%. Among them, the goodness of fit of Zhanjiang Port, Qinzhou Port, Fangchenggang Port, Guigang Port, Nanning Port, Chongqing Port, Luzhou Port, Yibin Port and Nanchong Port reached 70%, indicating that the model can explain 70% of the variation in the cargo throughput of the ports. The fitting effect of the model is good. The above nine ports all belong to the southwest and South China regions. This also indicates that all the ports in this region can refer to the model established in this paper for the prediction of port cargo throughput and the formulation of related strategies. Furthermore, when comparing coastal ports and inland river ports, it is found that the fitting effect of inland river ports is generally better than that of coastal ports. Thus, it can be concluded that the model fits well in the ports of the southwestern and South China regions, being able to explain 70% of the variation in cargo throughput. This indicates that ports in these regions share similar characteristics in operation and management, and the model can provide valuable insights for their development. However, the model’s fit is relatively weaker in coastal ports, which may be attributed to their complexity. Coastal ports are subject to the combined influences of international trade, policies, and regulations, making it difficult for a single model to fully capture their intricacies.








5 Conclusion and suggestions


Based on the preceding analysis, the following conclusions and recommendations are proposed.





5.1 Conclusion


Based on the attribute of allocating the respective bandwidth to each variable in the MGWR model, this paper explores the scale of action and spatial heterogeneity of the influencing factors of port cargo throughput, and compares the fitting results of the global regression model and the GWR model, obtaining the following conclusions:


(1) Compared with the global regression model and the GWR model (Shabrina et al., 2021), the MGWR model has higher reliability and higher fitting degree (Fotheringham et al., 2017). This is mainly because the MGWR model can allocate different bandwidths to different variables (Fotheringham et al., 2022), thereby avoiding the possibility of selecting sample values with large deviations during regression. By comparing with the global regression model, it is found that considering the spatial scale of influencing factors into the model will have a very significant impact on the results and analysis of the model.


(2) The cargo throughput of ports is highly sensitive to location and shows strong spatial heterogeneity. Generally the cargo throughput of coastal ports is greater than that of inland river ports. The bandwidth of the total import and export volume of goods in the hinterland of the port accounts for 13.3% of the total sample points, and there is also a strong spatial heterogeneity. This indicates that the impact of the total import and export volume of goods in different regions on the cargo throughput of the port in that region varies greatly. The scales of regional gross domestic product, investment in highway construction, investment in waterway construction, total retail sales of consumer goods, consumption expenditure of urban residents and the number of port berths are close to the global scale, and the spatial heterogeneity is very weak.


(3) Regional GDP, investment in waterway construction, total volume of goods import and export, and the number of berths all positively affect the cargo throughput of ports. However, what have a negative impact on the cargo throughput of ports are location, investment in highway construction, total retail sales of consumer goods, and consumption expenditure of urban residents. Among all the influencing factors, the regional GDP is the most significant factor affecting the cargo throughput of ports, followed by the total retail sales of consumer goods and the investment in waterway construction. The investment in highway construction, the total volume of goods import and export, and the number of berths have relatively small influences, while the influence of urban residents’ consumption expenditure is the weakest. Studies have proved that the model results of MGWR have a significant improvement compared with the global regression model and the GWR model considering spatial heterogeneity. At the same time, it is also more applicable to the research on the influencing factors affecting the cargo throughput of ports.






5.2 Suggestions for port management and construction


Based on the above conclusions, some suggestions are put forward for port management and construction.


(1) Promoting regional GDP growth: In this study, it is found that the most important factor affecting port cargo throughput is regional GDP. Therefore, local governments and economic departments can promote regional economic growth by supporting local industrial development and increasing industrial added value, so as to drive the growth of port cargo throughput.


(2) Increase support for waterway construction investment: This study finds that increased investment in waterway infrastructure, including channel dredging and port wharf construction, positively impacts the cargo throughput of ports. Therefore, governments and port managers should consider boosting their investments in waterway infrastructure to enhance the transportation capacity and efficiency of ports.


(3) Further expansion of international trade: The positive impact of total import and export volume on port cargo throughput shows that economic activities and international trade are crucial to port operations. Therefore, it is suggested that customs and trade administration departments pay close attention to regional economic development and trade conditions, and formulate corresponding port development strategies.


(4) Optimizing port layout and expanding berths: The number of berths positively impacts the port’s cargo throughput in this study. Therefore, it is suggested that port authorities should timely expand port berths to improve loading and unloading capacity and service quality. Additionally, a well-planned port layout should be implemented to maximize berth utilization, thereby improving the port’s cargo handling capacity.


(5) Strengthen the management of highway construction investment: This study found that highway construction investment negatively impacts port cargo throughput, suggesting that over-reliance on road transport could adversely affect port cargo flow. Therefore, it is suggested that local governments and transportation departments take measures in traffic planning to balance road and waterway transportation, so as to reduce the over-dependence on expressway construction.


Collectively, these measures can enhance port efficiency, competitiveness, and sustainable growth.






5.3 Deficiencies and prospects


Due to time constraints, this study was limited to 43 ports in mainland China, resulting in a relatively small sample size. Future research could broaden the geographical scope to encompass ports across Asia and incorporate time-series analyses for individual ports, which would enhance the model’s goodness of fit and provide deeper insights into temporal dynamics. During the research process of this paper, the influencing factors of port cargo throughput were selected rather subjectively. Due to the difficulty of data acquisition, only seven influencing factors were selected for modeling and analysis. In the subsequent research, an index system can be constructed from aspects such as the politics, education, laws and regulations of the port hinterland, and the construction of the port itself. Furthermore, although the overall fitting effect of the MGWR analysis adopted in this paper is relatively good, there is still a lack of corresponding correction models to correct the estimation results of port cargo throughput. If the corresponding models can be used to correct the results, the fitting effect of the MGWR model will be better.
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