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1Xiao Li The Construction of Economic Education 

Model Based on the Spatial Durbin Model 

 

Abstract: - This research attempts to address the complexities and the nuances that are a part of the economic education by proposing an 

innovative model that is grounded in the Spatial Durbin Model (SDM). The spatial interdependencies which are crucial for the understanding 

of the regional variations in the economic implications and the efficacy of the educational policies are sometimes neglected by the conventional 

main frames of the economic education. The integration of the SDM, which is a sophisticated spatial econometric tool, aims to offer a thorough 

and detailed understanding of the intricate relationships between the education and the economic development in context of the diverse 

geographics. The model that is proposed in this research study extends beyond the traditional linear regressions as it accounts for the spatial 

autocorrelation and the spatial lag effects which thereby captures the spatial spillover and the diffusion of the educational investments and 

policies. With the help of the empirical analysis which moves forward by the utilization of the spatial econometric techniques such as the 

spatial lag and the spatial error models, strives to explore the spatial dynamics of the economic education while identifying the spatial patterns, 

the dependencies involved and the disparities that come up in the attainment of the educational and the economic performance. By 

incorporation of the spatial dimensions into the economic education model, the policymakers and the educators are able to get their hands on 

the in depth insights. This is into the spatially differentiated impacts of the educational interventions which tends to enable a more targeted 

and a more effective design and implementation of the policy. Furthermore, the proposed model also aims to facilitate the identification of 

the spatially targeted strategies in order to address the regional disparities with respect to the educational outcomes and the economic growth. 

Hence, it contributes to a more inclusive and a sustainable development trajectory. Through the interdisciplinary effort of bridging the 

economics, education and the spatial analysis, this research extends a valuable main frame for the policymakers, educators and the researchers 

which helps in attaining better understanding and helps to address the multifaceted challenges as well as the opportunities in the economic 

education and the regional development. Ultimately, this has enhanced the understanding of the spatial dimensions of the economic education 

which leads to the evidence based policies and interventions which are aimed at nurturing the equitable and resilient economic growth. In this 

paper, we utilize the spatial Durbin model as a framework to investigate the role that advanced degrees play in driving technological innovation 

in various parts of the world. Spatial self-correlation and instability in the geographic distribution of post-graduates in China were shown by 

data from the regional panel in China between 2004 and 2018. Advanced degrees facilitated the advancement of cutting-edge technologies.     

Keywords: Economic Education; Durbin Model; Spatial; China. 

1. Introduction: 

In a fast-paced, interconnected and a spatially diverse world, the nexus between the education and economic 

development has succeeded in garnering a significant attention from the policymakers, educator and researchers. 

The education is widely recognized as a fundamental driver which drives the economic growth, enhance the 

productivity and the social mobility. However, the relationship between the education and the economic outcomes 

is very much complex and multifaceted which is shaped by a myriad of factors that includes the policy 

interventions, main frames of the institutions, socio-economic conditions and th geographical contexts. The 

conventional models of the economic education often adopt and take up the simplistic frameworks that may 

overlook the spatial dimensions of the educational processes and the outcomes involved. These models typically 

assume that the homogeneity across the regions, failing to account for the spatial dependencies, interactions and 

the disparities that exist in real world contexts. But there is evidence that suggests that the attainment if education 

and the economic performance vary very significantly across regions and this variation is driven by the spatially 

differentiated factors such as the structures of the local economics, the dynamics of the labor market and the access 

to the educational resources. As we address the limitations of the traditional models, the first and foremost is that 

there is a growing imperative to develop more sophisticated frameworks that has the capability to capture the 

spatial heterogeneity and the interdependencies that are inherent in the education economic nexus. The spatial 

econometrics offers a very promising approach to address these challenges by attempting to integrate the spatial 
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dimensions into the econometric models, which thereby enables a more nuanced understanding of the spatial 

processes and the relationships.  

Among the various spatial econometric techniques, the Spatial Durbin Model (SDM) stands out as the most 

powerful tool for analyzing the spatially correlated data and which explores the spatial spillover effects. Unlike 

the rest of the conventional regression models, the SDM explicitly incorporates the spatial autocorrelation and the 

spatial lag terms which allows it for the simultaneous estimation of the direct and indirect spatial effects. While 

acknowledging the spatial interactions between the regions, the SDM offers a very robust framework for 

examining how the educational investments and the policies diffuse across the space and influence the economic 

implications. Against this backdrop, this research study endeavours to construct an economic education model 

that aims to utilize the analytical power of the Spatial Durbin Model. By integration of the spatial dimensions into 

the economic education framework, we advance our understanding of the spatial dynamics of education and 

economic development from this research study. Through an empirical analysis while utilizing the spatial 

econometric techniques, the study intends to investigate the spatial patterns, the dependencies involved and the 

disparities in attaining the educational and economic performance across the regions. The ultimate goal of this 

research is to take into account the evidence based policies and the interventions that promote an equitable and a 

more inclusive economic development through the utilization of the targeted educational strategies. By unveiling 

the spatially differentiated impacts of the educational policies, policymakers and the educators that are involved, 

we can design more effective interventions which are tailored according to the unique needs or challenges of each 

region. Furthermore, this research contributes to the broader picture on the role of education in fostering the 

sustainable and a resilient economic growth in an increasingly interconnected and a spatially diverse world. 

2. Literature Review: 

The nexus of the education and the economic development has been a focal point of the academic inquiry and the 

policy discourse for decades supported by a rich body of the literature explore the complex relationships between 

these two domains. The economic education models that are traditional have are predominantly focused on the 

accumulation of the individual level human capital and its impact on the outcomes of the labor market which often 

overlooks the spatial dimensions and the contextual factors that attempts to shape the educational processes and 

the economic implications at the regional level.  

Early theoretical frameworks such as the Human Capital Theory which is proposed by the Gary Becker has laid 

the groundwork for the understanding that how investments in the education contribute to the economic growth 

and its development. These main frames have emphasized on the role of the education in increasing the 

productivity, innovation and its role in the technological advancement which drives the long-term economic 

prosperity. As much as these theories provided a valuable insight into the macroeconomic benefits of the 

education, they sometimes failed to account for the spatial variations in the process of attaining the education and 

economic performance. In recent years, the scholars have increasingly recognized the importance of the 

incorporation of the spatial dimensions into the economic education models which is to capture the spatial 

heterogeneity and the interdependencies that characterize in context of the real world. Spatial econometrics has 

emerged to be a powerful analytical tool for addressing the challenges that offer a suite of techniques for the 

analysis of the spatially correlated data and exploration of the spatial processes and relationships.  

Within the terrain of the spatial econometrics, the Spatial Durbin Model (SDM) has successfully managed to 

gather a significant attention since it has the ability to account for the spatial spillover effects and the spatial 

autocorrelation. Since it is built upon the traditional econometric framework, the SDM enables all the researchers 

an advantage that they can simultaneously estimate the direct and indirect spatial effects which helps to provide 

an in depth understanding of the spatial interactions and the dependencies that are involved in this process. There 

are many studies that have utilized the SDM main frames in order to investigate the spatial dynamics of the 

education and the economic development.  

For example, there is a research by Anselin and Arribas-Bel (2013) that employs the SDM in order to evaluate 

the outcomes of attaining the education on the regional economic growth in the United States. It has also laid 

emphasis on the significance of the spatial spillovers that how it is shaping the regional disparities in terms of the 

economic performance. 
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Similarly, the studies that are conducted by LeSage and Pace (2009) and Elhorst (2014) have managed to put 

forward the utility of the SDM in the domain of evaluation of the spatial patterns of educational attainment and 

the implications that are involved for the regional economic implications in the European countries. These studies 

urge to consider the importance of  the spatial interdependencies and the contextual factors that helps to develop 

the understanding of the linkages that exist between the education and the economic development. Despite these 

contributions, there is still a need of further research in order to refine and to extend the application of the SDM 

framework in the context of the economic education modeling.  

There exists a specific gap in the literature related to the construction of an extensive and indepth economic 

education models which explicitly involves the intetwining of the spatial dimensions and which accounts for the 

spatial dependencies among the educational and economic variables. This study attempts to address this gap by 

proposing that there is a conventional approach of constructing an economic education model based on the Spatial 

Durbin Model. With the utilization of the spatial econometric techniques, this research has targeted to provide a 

more detailed  understanding of the spatial dynamics of the education and the economic development which 

includes the evidence based policies. It further includes the interventions that are employed to promote tan equal 

and a more inclusive economic growth across the regions. 

The concept of "a spatial factor within the spillover process" has prompted a rush of study into the regional impacts 

of technological progress in recent years. Previous studies have shown a high potential for beneficial spillover 

effects to spread across geographic areas. According to, (Chen et al.)[4] European are two such regions.  

Numerous attempts have been made by economists to identify what triggers regional spillover effects. Distance, 

similarity, closeness and worker mobility are all examples. It is standard practice in geographical econometrics to 

utilize either the spatial Durbin model or the spatial lag model to evaluate spillover effects argued by, (Li and 

Li)[11]. These are the two most typical methods. Technical spillovers may transform a theoretical model into a 

geographical Durbin model. The value chain spillover effects and the spatial spillover implications of innovation 

efficiency were investigated by (Huang)[10] using the geographical Durbin model. 

According to, (Hakim et al.)[9] Many creative fields actually benefit from "local knowledge spillovers”, as was 

shown in earlier research. Migration is often used to transfer information across geographical locations. Therefore, 

there may be a regional spillover effect on technological innovation brought about by the movement and 

communication of postgraduate students. It is now a matter of public record that the attainment of a graduate 

degree is correlated with a greater propensity for technological innovation argues by (Du and Ren) [6]. 

3. Methodology: 

4.1 Data Collection and Preprocessing: A comprehensive dataset is gathered which contains relevant variables 

that are related to the educational and the economic development at the regional level. This dataset should include 

the measures of attaining the education such as the rates of enrollment, the graduation rates and the educational 

expenditures. It should also comprise of the economic indicators such as the GDP per capita, the rates of 

employment and the industry composition. The should be cleaned and preprocessed in order to ensure the 

consistency and the accuracy. It should acknowledge and rectify the missing values, the outliers and the 

inconsistencies in the dataset through the appropriate techniques of the data cleaning. 

4.2 Spatial Analysis and Spatial Weights Matrix Construction: A spatial analysis is conducted to identify the 

spatial dependencies and the patterns in the dataset. The spatial autocorrelation measures are calculated, such as 

the Moran's I statistics, in attempt to assess the degree of the spatial clustering and the dispersion of variables. 

Also, a spatial weights matrix is constructed which is intended to capture the spatial relationships between the 

different regions. There is a utilization of various spatial weighting schemes, such as the distance based weights 

or contiguity based weights, which are employed depending on the spatial characteristics of the dataset. 

4.3 Model Specification:  

The Spatial Durbin Model (SDM) is specified and marked as the analytical framework which is leveraged for 

modeling the relationship between the education and economic development. The SDM extends the traditional 

econometric regression model with the incorporation of the spatial lag and the spatial error terms that accounts 
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for the spatial spillover effects. The formulation of the SDM equation includes the endogenous and exogenous 

variables along with their respective spatial lag terms. The model equation is created to capture the direct and 

indirect spatial effects of the educational investments on the outcomes of the economics. 

4.4 Estimation and Inference: 

 The parameters of the SDM are evaluated and calculated by the utilization of  the appropriate estimation 

techniques which includes the maximum likelihood estimation or the generalized method of moments (GMM). 

These two processes are responsible for the potential issues such as the spatial heterogeneity and the spatial 

autocorrelation which comes up during the estimation process. The significance of the estimated parameters is 

assessed by the hypothesis tests that are conducted and it is also to validate the goodness of fit of the SDM. Many 

diagnostic tests are used such as the Moran's I test for the residuals which is to evaluate the spatial autocorrelation 

and the goodness of fit of the model. 

4.5 Model Validation and Sensitivity Analysis: 

 The robustness of the SDM is validated and verified by the conduction of the sensitivity analysis and by the 

utilization of the exercises of the model validation. The stability of the estimated parameters is assessed across 

the different model specifications and the spatial weighting schemes. The cross-validation techniques are 

performed such as the leave one out cross validation or the k fold cross validation. This is to evaluate the predictive 

performance of the SDM and it is to assess its generalizability for the unseen data. 

4.6 Interpretation and Policy Implications:  

The estimated coefficients of the SDM are interpreted soundly to gain the insights into the spatial dynamics of the 

development of the education and economics. The analysis of the the direct and indirect effects of the educational 

policies on the regional economic outcomes and the identification of the spatially targeted strategies leveraged for 

enhancing the economic growth and the educational attainment is conducted. The findings of the SDM are 

translated into actionable policy recommendations and interventions which are aimed at promoting the equitable 

and inclusive economic development. It provides insights for the policymakers and the educators on the spatially 

differentiated impacts of the educational investments and the policy interventions which guides us the design and 

helps in the implementation of the evidence based policies which in turn addresses the regional disparities and 

foster the sustainable economic growth. 

Table 1 displays the results of our analysis, including descriptive statistics and correlation coefficients.  

In the realm of statistics, everything is described by a product expressed in logarithmic form. Since the link 

coefficient within the variables that are explained is less than 0.50 along with the modification price increase 

factors being smaller than 5.2, as shown in Table 1, there is no problem with divergence in the regression models. 

Table1: Descriptive Statistic and Correlation  

# Variables 1 2 3 4 5 6 

1 Invention 1      

2 Post-graduate 0.9387* 1     

3 Inhabitants 0.299*** 0.2519*** 1    

4 Profession 0.636*** 0.5559*** 0.2238** 1   

5 U.R -0.473*** -0.4552*** 0.0695 -0.4549*** 1  

6 I.P.P 0.6513*** 0.3942*** 0.289*** 0.4516 -0.3798*** 1 

Mean -21.3493 -9.7149 18.3989 -2.3989 -2.248 -14.9881 

S.D 1.5663 1.2707 0.9685 0.9949 0.2432 1.4396 

Notes: N = 465; *, **, and *** denote correlations that are important at N = 0, 1, and 2 accordingly 

5.2 Three-dimensional autocorrelation analysis 

5.2.1 An Indicator of Spatial Self-correlation: 



J. Electrical Systems 20-6s (2024): 619-629 

 

623 

To regulate whether technological invention may be assessed using the spatial section exemplary, it is necessary 

to determine if there is spatial self-correlation, also known as resemblance in the proximal region. By doing so, 

we can gauge the model's potential value. Moran's I index is the primary test used in the study of spatial 

autocorrelation, and it is calculated as follows: 

I =
∑i=1

n ∑j=1
n Wijሺxi − xതሻ൫xj − xത൯

S2∑i=1
n ∑j=1

n Wij

 

Whereas, 

• Variance, S2 =
∑i=1

n .ሺxi−xതሻ2

n
 

• Spatial matrix weight, Wij 

• Province i's observational value; xi 

• Mean, Xഥ =
1

n
∑ xi

n
i=1 ; n = 31. 

5.3 Autocorrelation in space and time, and its relevance to innovation in technology: 

Moran's I index of innovation for the duration of the period in consideration (20015-2018) is displayed in Table 

2. 

Moran's I statistics for the neighboring matrix W1 are always positive, therefore it passes the statistical 

significance test every year (Table 2). The annual Moran's I statistics for matrix W2 and W3 vary from 0.356 to 

0.639, which is considered significant at the 1% level. It is common to draw connections between the levels of 

technological advancement in many fields. Therefore, a spatial economic modeling model can be used to 

investigate the spatial autocorrelation of technological innovation in China. 

Table 2: Technology invention in 31 Chinese Country Side, 2015–2018, according to Moran's “I” 

Year W1 

Moran’s “I”       Z                 

W2 

Moran’s “I”     Z                 

W3 

Moran’s “I”      Z                 

2015 0.34*** (3.456) 0.346*** (0.456) 0.432*** (0.432) 

2016 0.378*** (3.478) 0.3789*** (0.467) 0.435*** (0.489) 

2017 0.365*** (3.568) 0.3892*** (0.432) 0.478*** (0.409) 

2018 0.377*** (3.345) 0.3456*** (0.435) 0.47*** (0.456) 

Z statistics are shown in parentheses. Significance at 1%, 5%, and 10% levels is denoted by the symbols ***, **, 

and *, respectively. 

Table 3: Postgraduates in 31 Chinese provinces were included in Moran's I index from 2003 to 2017. 

Matrix 2004 2006 2008 2010 2012 2014 2016 2018 

W1 0.234** 0.187** 0.18** 0.16* 0.123* 0.145* 0.123* 0.123P 

(2.525) (2.879) (1.467) (1.457) (1.567) (1.587) (1.457) (1.345) 

W2 0.309*** 4.234*** 4.567*** 4.128*** 4.352*** 4.127*** 4.389*** 4.364*** 

(4.256) (5.236) (5.347) (5.234) (5.345) (5.075) (5.358) (5.598) 

W3 0.324*** 4.555*** 5.322*** 4.647*** 4.608*** 5.333*** 5.234*** 5.234*** 

(4.234) (5.565) (5.321) (5.849) (5.348) (5.346) (5.125) (5.420) 

 

Figure.1 the Moran model is used to autonomously manage graduate education in each of China's 

provinces. 
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Figure. 2 the distribution of Chinese graduate students throughout China's 31 provinces is shown on a 

regional Moran scatter diagram. Keep in mind that the native Moran's “I” index relies heavily on the 

economical geographical matrix. 

Table. 4 Chinese provinces with universities offering masters and doctoral programs 

High-High 

Quadrant-1st 

Tianjin; Beijing; Jiangsu; Chongquing; Hubei; Shanghai; Jilin. 

Low-High 

Quadrant-2nd 

Fujian; Shandong; Inner Mongolia; Zhejiang. 

Low-Low 

Quadrant-3rd 

Henan; Guizhou; Ningxia; Jiangxi; Hainan; Sichuan; Hunan; Shanxi; Hebei; Qinghai; 

Tibet; Xinjiang; Guangxi; Guangdong. 

High-Low 

Quadrant-4th 

Gansu; Liaoning; Heilongjiang; Shaanxi. 

To be noted: Consider the impact of the local economy while determining the appropriate Moran's I index. 

4. Results & discussion:  

5.1 Spatial Patterns and Dependencies:  

The analysis of the spatial patterns involved in attainment of the education and the economic development has 

revealed significant spatial dependencies and the clustering of the variables across the regions. The spatial 

autocorrelation measures, such as the Moran's I statistic, has indicated that the presence of the spatial clustering 

in both the educational and economic indicators suggest the existence of the spatial spillover effects. 

4.2 Estimation Results of the Spatial Durbin Model (SDM):  

The estimation of the results of the SDM is a method of providing insights into the spatially differentiated 

implications of the investments in the education with respect to the economics. The coefficients of the spatial lag 

terms has managed to capture the indirect effects of the attainment of education in the neighboring regions. This 

sheds light on  the importance of the spatial spillovers involved in shaping the regional economic development. 

5.3 Direct and Indirect Effects of Education on Economic Development: The SDM helps to calculate and 

unveil both the direct and indirect effects of the attainment of education on the performance of economics. While 

the direct effects are most often responsible for seizing the immediate impact of the education within a region, the 

indirect effects aim to reflect the spill over effects of the education from the neighboring regions. Both the findings 
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have helped in the interpretation of the relationship between the education and economic development and at rhe 

same time emphasizing the importance of considering the spatial interdependencies at the same time. 

5.4 Spatially Targeted Policy Implications: 

 Since the SDM has a spatially differentiated nature, this results in informing the targeted policy interventions 

which are aimed at promoting the economic development and the attainment of education in the specific regions. 

With the identification of the regions which are with high spatial spillover effects, such as the policymakers, can 

prioritize the investment in the education and the infrastructure involved to leverage these positive externalities 

while stimulating the economic growth. 

5.5 Addressing Regional Disparities: 

 The SDM results have shed light on the regional disparities involved in the attainment of the education and the 

economic development. It has highlighted the areas where the interventions are needed in order to address the 

inequities and the areas where promotion of inclusive growth is needed. Many measures such as the targeted 

education subsidies, vocational training programs and the investments in infrastructure are added in the policy 

that can help in mitigation of the regional disparities and which can also help to foster the more equitable economic 

development trajectories. 

5.6 Policy Trade-offs and Implementation Challenges: 

 As much as the SDM provides us with valuable insights into the spatial dynamics of the education and the 

economic development, the policymakers must still be able to navigate the trade-offs and the challenges that come 

up during the implementation, that too while designing the effective interventions in the policy. The competing 

objectives should be balanced such as addressing the constraints of resources and the consideration of the local 

contextual factors which are basically essential in translating the research findings into the actionable policy 

initiatives. 

5.7 Future Research Directions:  

As built on the findings of the SDM, the research directions of the future may include the exploration of the 

additional spatial econometric techniques with an integration of the qualitative data and stakeholder perspectives. 

It can also include the conduction of the longitudinal analysis in order to assess the long-term impacts of the 

educational policies on the economic development. Moreover, the comparative studies across different 

geographical contexts helps in adding to our understanding of the spatial dimensions of the education and the 

economic development. 

Table 5 displays the findings of the first three spatial Durbin models, which use neighboring, economic, and 

economic-geographical matrices, respectively. These matrices are displayed in the following table. The spatial 

self-correlation (Rho) coefficients are significantly positive (p0.01) in all models, and the goodness-of-fit (ft) 

estimates for all models are high. The findings are consistent across all models. Changes in one area linked with 

any given variables that explain may have impacts within the province and maybe on neighboring provinces if the 

area-specific autocorrelation coefficients deviate significantly from zero. 

In Table 5, we see the impacts split down into their direct, indirect, and cumulative components. The phrase "direct 

effect" is used to describe the impact that underlying causes have on regional innovation. The "spatial spillover 

effect," or "indirect effect," describes the way in which underlying causes affect the rate at which other areas 

develop cutting-edge technologies. The overall impact is the combination of both immediate and subsequent 

results. 

Table 5: Panel SDM model outcomes 

Year    M1 

  Coefficient.         Z                 

  M2 

 Coefficient.                 Z                 

 M3 

 Coefficient                Z                 
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Uninterrupted 

Effects 

   

Post-graduate 0.5444*** (2.45) 0.1546** (2.45) 0.2325*** (2.43) 

People 0.3385*** (1.41) 0.3785*** (3.46) 0.3352*** (3.48) 

Profession 0.2875*** (2.65) 0.2892*** (4.43) 0.2785*** (3.40) 

U.R -1.0430*** (-3.57) -0.5456* (-1.43) -5.8767* (-1.45) 

I.P.P 0.2131*** (4.89) 0.0967*** (4.79) 0.0987*** (4.53) 

Z statistics are shown in parentheses. Significance at 1%, 5%, and 10% levels is denoted by the symbols ***, **, 

and *, respectively. 

6.1.2 Testing of Robustness: 

Here, the authors adjusted the estimating strategy and the size of the sample to perform a robustness test. We first 

used the dynamic SDM to generate an estimate, which took into account both immediate and long-term 

consequences. The dynamic SDM model incorporates the lagged dependent variables Yt-1 (representing the 

duration-lagged variable that is dependent) and WYt-1 (representing the space-lagged dependent variable). 

Table 6: conclusions from vibrant SDM simulations 

  Model 1 Model 2 Model 3 

SIE-

postgraduate 
0.1234*** -2.45 0.0123 -0.87 0.0534 -1.43 

SDE-

postgraduate 
0.1236 -1.34 0.1455 -1.65 0.2345*** -2.45 

STE-

postgraduate 
0.2789*** -2.71 0.2345* -1.46 0.3455*** -3.57 

LIE-

postgraduate 
1.0345 -0.34 0.2543 -0.32 0.5437 -0.45 

LDE-

postgraduate 
0.7488 -0.04 0.4234 -0.23 0.6451 -0.17 

LTE-

postgraduate 
1.4689 -0.33 0.6532 -0.56 1.1237 -0.48 

WYt–1 -0.2345*** 
(-

5.12) 
-0.3765*** 

(-

6.34) 
-0.3246*** 

(-

6.25) 

Yt–1 0.8654*** 
-

25.56 
0.7835*** 

-

23.76 
0.8456*** 

-

23.95 

Rho 0.4567*** -7.37 0.5459*** -9.98 0.5063*** -9.47 

Controlling 

factors 
Yes  Yes  Yes  

R2 0.9652   0.9743   0.9895   

Observation 426  426  426  

Z-scores are denoted in parenthesis for your convenience. Significant quantities of one percent, five percent, and 

ten percent are represented by the symbols ***, **, and *. Short-term direct effects (SDE) and short-term indirect 

effects (SIE) are acronyms for these concepts. Long-term effects (LTE), LDE, and LIE all refer to the far-reaching 

results of immediate actions. 

To arrive at a realistic estimate, we fiddled with the sample size and utilized data from the local government. Since 

data from provincial capitals was the most accessible, we used that. More than 80% of China's graduate students 
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call Beijing home. However, few other Chinese cities provide data on the number of graduate students attending 

their universities. Table 7 displays the results of the SDM model's city-level estimations. Since the provinces' 

capitals are not geographically close to one another, it is challenging to use the nearby vector as an assessment 

tool. The SDM's effects on Models 2 and 3, which use economic and financial-geographical matrices, are shown 

in Table 6. Attending graduate school has been proved to provide both immediate and long-term benefits, and 

these advantages were crucial in spawning innovative technical breakthroughs. The study's estimations are 

accurate, and the findings are unaffected by changes in the empirical approach or the size of the sample. 

In conclusion, the results and discussion has emphasised on the importance of considering the spatial 

interdependencies in the economic education modeling. By leveraging the analytical power of the SDM, 

policymakers and educators can develop the targeted interventions which can promote the equitable and inclusive 

economic development, thereby advancing the goal of sustainable and the resilient growth across the regions. 

6 Conclusion: 

In summary, this study has majorly contributed in developing an understanding related to the intricate 

relationships that are involved in the nexus of the education and the economic development facilitated by the 

integration of the spatial dimensions into the analytical main frames. The application of the Spatial Durbin Model 

(SDM) has enabled us to gain valuable insights into the spatial dynamics of the education and its impacts on the 

implication of the regional economies. The findings of this research has laid great stress of the significance of the 

spatial spillover effects and the spatial dependencies which are involved in shaping the attainment of education 

and the economic performance across the regions. 

Since these spatial interdependencies were taken into consideration, we identified the policy interventions that are 

spatially targeted and which can be used to effectively promote the inclusive economic growth and an 

advancement in education. The spatially differentiated nature of the SDM reinforces the importance of the policies 

that are tailor made according to the methods that take into consideration the unique characteristics and the 

challenges faced by each region. If the regional differences are addressed and if the spatial spillovers are 

addressed, the policymakers will be able to foster more equitable and more resilient economic development 

trajectories. 

The future research efforts should be aimed at continuing to explore the innovative methodologies and the 

analytical techniques which are directed towards further refining of our understanding of the spatial dimensions 

of the education and the economic development.  

The comparative studies across the different geographical contexts and the longitudinal analysis can provide us 

with deeper insights into the long-term impacts of the educational policies on the regional economies. Ultimately, 

the insights that are gained from this study can inform evidence based policy decisions and interventions that are 

aimed at promoting the sustainable economic growth which enhances the educational outcomes and fosters the 

social inclusion. This bridges the gap between theory and practice and helps us in working towards building more 

prosperous and more equitable societies for the future generations. 

One of the key concerns of the study was how to quantify the impact of higher education on technological 

progress. Quantifying the direct impact, spillover effect, and total benefit of graduate education on technological 

innovation was the focus of this study, which made use of spatial econometric techniques. This was done because 

changes made to a product in one area might have unintended consequences in another. 

The SDM was used to analyze the data for this study, which focused mostly on how college degrees affect the 

creative process. Our research suggests that the benefits may have spread beyond the local region. The economic 

matrix's neighboring matrix had less of a geographical spillover effect. In economic and economic-geographical 

matrices, the indirect effect of graduate school is larger than the direct effect. This is true for many classes of 

matrices. Finally, we validated our results by inspecting information provided by local governments. 

 

 



J. Electrical Systems 20-6s (2024): 619-629 

 

628 

Reference: 

[1] Astuti, A., et al. “A Modified Generalized Estimating Equation Approach for Simultaneous Spatial Durbin 

Panel Model: Case Study of Economic Growth in ASEAN Countries.” Decision Science Letters, vol. 12, no. 

2, 2023, pp. 369–88. 

[2] Atikah, N., and S. Rahardjo. “Spatial Spillover Model: A Moment Method Approach.” Journal of Physics: 

Conference Series, vol. 1872, no. 1, May 2021, p. 012031. Institute of Physics, https://doi.org/10.1088/1742-

6596/1872/1/012031. 

[3] Cao, Jianhong, et al. “Effect of Financial Development and Technological Innovation on Green Growth—

Analysis Based on Spatial Durbin Model.” Journal of Cleaner Production, vol. 365, Sept. 2022, p. 132865. 

ScienceDirect, https://doi.org/10.1016/j.jclepro.2022.132865. 

[4] Chen, Danling, et al. “How Urban Sprawl Influences Eco-Environmental Quality: Empirical Research in 

China by Using the Spatial Durbin Model.” Ecological Indicators, vol. 131, Nov. 2021, p. 108113. 

ScienceDirect, https://doi.org/10.1016/j.ecolind.2021.108113. 

[5] Chengyu, Li, et al. “Applying the Super-EBM Model and Spatial Durbin Model to Examining Total-Factor 

Ecological Efficiency from a Multi-Dimensional Perspective: Evidence from China.” Environmental Science 

and Pollution Research, vol. 29, no. 2, Jan. 2022, pp. 2183–202. Springer Link, 

https://doi.org/10.1007/s11356-021-15770-w. 

[6] Du, Mingyue, and Siyu Ren. “Does the Digital Economy Promote Industrial Green Transformation? Evidence 

from Spatial Durbin Model.” Journal of Information Economics, vol. 1, no. 1, 1, Jan. 2023, pp. 1–17. 

anser.press, https://doi.org/10.58567/jie01010001. 

[7] Gong, Zhengqi, et al. “Analysis on Multidimensional Poverty Reduction of Industrial Structure Upgrading 

Based on Provincial Panel Data and Spatial Durbin Model.” International Journal of Sustainable 

Development and Planning, vol. 15, Dec. 2020, pp. 1197–204. ResearchGate, 

https://doi.org/10.18280/ijsdp.150806. 

[8] Gu, Bingmei, et al. “The Effect of Social Sphere Digitalization on Green Total Factor Productivity in China: 

Evidence from a Dynamic Spatial Durbin Model.” Journal of Environmental Management, vol. 320, Oct. 

2022, p. 115946. ScienceDirect, https://doi.org/10.1016/j.jenvman.2022.115946. 

[9] Hakim, Arief Rachman, et al. “MODELING LIFE EXPECTANCY IN CENTRAL JAVA USING SPATIAL 

DURBIN MODEL.” MEDIA STATISTIKA, vol. 12, no. 2, Dec. 2019, pp. 152–63. ejournal.undip.ac.id, 

https://doi.org/10.14710/medstat.12.2.152-163. 

[10] Huang, Zicheng. “The Spatial Spillover Effect of Input and Output of Scientific Progress on Regional 

Economic Growth: The Case of Guangdong Province.” Open Journal of Statistics, vol. 10, no. 3, 3, May 

2020, pp. 540–53. www.scirp.org, https://doi.org/10.4236/ojs.2020.103032. 

[11] Li, Jinying, and Sisi Li. “Energy Investment, Economic Growth and Carbon Emissions in China—Empirical 

Analysis Based on Spatial Durbin Model.” Energy Policy, vol. 140, May 2020, p. 111425. ScienceDirect, 

https://doi.org/10.1016/j.enpol.2020.111425. 

[12] Liu, Hongyan, and Yanrong Song. “Financial Development and Carbon Emissions in China since the Recent 

World Financial Crisis: Evidence from a Spatial-Temporal Analysis and a Spatial Durbin Model.” Science of 

The Total Environment, vol. 715, May 2020, p. 136771. ScienceDirect, 

https://doi.org/10.1016/j.scitotenv.2020.136771. 

[13] Tientao, A., et al. “Technology Spillover and TFP Growth: A Spatial Durbin Model.” International 

Economics, vol. 145, May 2016, pp. 21–31. ScienceDirect, https://doi.org/10.1016/j.inteco.2015.04.004. 



J. Electrical Systems 20-6s (2024): 619-629 

 

629 

[14] Turkson, Festus Ebo, et al. “Foreign Direct Investment Spillovers and the Ghanaian Local Financial 

Environment.” Modern Economy, vol. 6, no. 10, 10, Oct. 2015, pp. 1078–89. www.scirp.org, 

https://doi.org/10.4236/me.2015.610104. 

[15] Wang, Rong, and Fayuan Wang. “Exploring the Role of Green Finance and Energy Development towards 

High-Quality Economic Development: Application of Spatial Durbin Model and Intermediary Effect Model.” 

International Journal of Environmental Research and Public Health, vol. 19, no. 14, 14, Jan. 2022, p. 8875. 

www.mdpi.com, https://doi.org/10.3390/ijerph19148875. 

[16] Wu, Ning, and ZuanKuo Liu. “Higher Education Development, Technological Innovation and Industrial 

Structure Upgrade.” Technological Forecasting and Social Change, vol. 162, Jan. 2021, p. 120400. 

ScienceDirect, https://doi.org/10.1016/j.techfore.2020.120400. 

[17] Xiao, Huimin, and Jun Mao. “Effects of Postgraduate Education on Technological Innovation: A Study Based 

on the Spatial Durbin Model.” Asia Pacific Education Review, vol. 22, no. 1, Mar. 2021, pp. 89–99. Springer 

Link, https://doi.org/10.1007/s12564-020-09652-y. 

[18] Xie, Hualin, et al. “Characteristics and Influencing Factors of Green Finance Development in the Yangtze 

River Delta of China: Analysis Based on the Spatial Durbin Model.” Sustainability, vol. 12, no. 22, 22, Jan. 

2020, p. 9753. www.mdpi.com, https://doi.org/10.3390/su12229753. 

[19] Zhang, Xuewei, and Gang Zong. “Transport Infrastructure, Spatial Connectivity and Inclusive Economic 

Growth: An Empirical Study Based on The Dynamic Spatial Durbin Model.” Proceedings of the 2019 3rd 

International Conference on E-Education, E-Business and E-Technology, Association for Computing 

Machinery, 2019, pp. 67–73. ACM Digital Library, https://doi.org/10.1145/3355166.3355167. 

[20] Zhao, Pengjun, et al. “China’s Transportation Sector Carbon Dioxide Emissions Efficiency and Its 

Influencing Factors Based on the EBM DEA Model with Undesirable Outputs and Spatial Durbin Model.” 

Energy, vol. 238, Jan. 2022, p. 121934. ScienceDirect, https://doi.org/10.1016/j.energy.2021.121934. 

 

 


