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 Economic growth is often not distributed uniformly across a country or state. This 

provides obligation to governments to provide assistance, such as grants, to reduce economic 

inequality between subregions. This thesis investigates how the allocation of Ohio state grant 

funding impacts economic development between counties. Data were retrieved from archival 

data sets available between the years 2010 through 2014. The data were analyzed to consider the 

spatial interaction between counties as the economic activity within cities can impact the 

economic activity in surrounding rural areas (Henry & Drabenstott, 1996). First, an OLS 

regression was conducted for each year of data and analyzed to determine if spatial 

autocorrelation was present. Then, spatial effects were captured by conducting regressions 

utilizing the spatial error model, the spatial lag model, and the spatial Durbin model. The spatial 

models and OLS model were compared using their AIC and BIC values. The results suggest 

spatial regression was not preferred to OLS in modeling the impact of grant funding, in the years 

2010 through 2014. Additionally, according to our model, grant funding over the 5-year period 

had a small and statistically non-significant impact on overall economic activity in Ohio. 

However, the results also indicate spatial regression will likely continue to become more 
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important in the analysis of grant funding due to both the theoretical implications and the 

presence of growing spatial economic inequality. This study opens several avenues for future 

research such as the substitution of the one-year and 5-year growth rates of real GDP per capita 

for the dependent variable and investigating the trend of spatial autocorrelation in years after 

2014.  
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1 Introduction 

Typically, economic growth is not distributed uniformly across a country or state. In the 

United States, between 1975 and 2015, there has been growing inequality between the 

development of rural and urban areas alongside increasing rates of rural poverty (Hertz & Silva, 

2019). This has led to an increasing difference in the standards of living for citizens residing in 

close proximity within the same state. Federal, state, and local governments are charged with 

lessening these inequalities when possible. This thesis will focus on the impact state 

governments, specifically the State of Ohio, have on mitigating these inequalities. More 

precisely, it will investigate the impact the disbursement of economic development grants have 

on local economic activity. 

Ohio is the seventh largest US state in terms of population and gross domestic product 

(GDP). It consists of 88 counties which include 14 metropolitan areas and 33 micropolitan areas 

(ODSA, 2020). Ninety-four percent of the land in Ohio is considered rural and 45% of people 

living in Ohio are considered to be living in a rural area (USDA ERS, 2007). This is similar to 

the United States at large, where about 97.9% of all land is considered rural and 41% of people 

live in rural areas. Ohio is not isolated from the increasing rate of rural poverty prevalent 

throughout the United States. One way Ohio tries to combat rural poverty is through targeted 

economic stimulus. 

The Ohio Development Services Agency (ODSA) is the organization that oversees the 

administration of economic development services in the State of Ohio. Their website states the 

organization, “is committed to creating jobs and building strong communities” (ODSA, 2020). 

The ODSA has programs that aim to aid businesses, communities (e.g., municipalities), and 

individuals, including additional grants specifically for minorities. As a means of stimulating 
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economic activity, the ODSA provides grants, loans, and tax incentives which are allocated to 

everything from business capital development to community infrastructure improvements.  

Each year, the ODSA creates a priority investment map specifying the distressed cities 

and counties which need economic development. The ODSA defines counties or cities, with a 

population of 50,000 or more, as being distressed when they meet two of three criteria: (1) the 

unemployment rate is at least 125% of the most recent 5-year US average unemployment rate; 

(2) per capita income does not exceed 80% of overall US per capital income; or (3) the county or 

city has at least 25%, or 20% for some qualifying cities, of its residents falling below the federal 

poverty line (ODSA, 2020). The counties identified as distressed tend to be predominately rural 

counties towards the southern and eastern parts of Ohio. This distribution of distressed counties 

in Ohio agrees with existing literature about the growing rural inequality within the United States 

(Hertz & Silva, 2019). 

Assessing the impact an investment has on economic development ensures money is 

being spent efficiently. However, determining the impact investing in one county has on its 

economy is confounded by the influence of neighboring counties. Rural economic growth is 

thought to be impacted, in part, by urban spillover (Henry & Drabenstott, 1996). In other words, 

the economic activity within cities can impact the economic activity in surrounding rural areas. 

Additionally, to a lesser extent, economic development in rural areas can also spillover into other 

counties. These spillovers, or spatial effects, tend to have an impact on economic development 

and thus should be considered in model creation (Bivand and Brunstad, 2006; Fingleton and 

Lòpez-Bazo, 2006; Rey and Dev, 2006). Knowledge of this spatial dependence is also important 

outside of economic models.  
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Consideration of spatial effects can provide state and local governments additional tools 

to create better policy. Since one locality’s spending decisions can impact other localities, 

policymakers need to be aware that the effects of their decisions do not occur in a bubble. 

Conversely, policymakers need to pay attention to the decisions of surrounding localities as 

effects of those decisions can trickle over. Ignoring spatial effects can lead to untrustworthy 

analyses and policy decisions that ultimately may hurt the constituents they aim to help. 

This study will explore, through spatial econometrics, the connection between Ohio 

economic development grants and economic growth. Section 2 provides a review of current 

empirical literature covering the topics of spatial modeling of economic growth and grant 

funding with regard to economic growth. Section 3 outlines the methodology of analyzing the 

data. Section 4 explains the data and provides details specific to the selection of Ohio. Section 5 

presents the data analysis results. And finally, section 6 provides a general discussion, as well as 

suggestions for how this analysis may be used in policy discussions. 

2 Literature Review 

2.1 Spatial Regression 

The theoretical economic literature utilizing spatial regression has grown in recent years. 

In the 1990s, an increasing interest in the causes of economic growth led researchers to begin 

considering the idea of spatial dependence (Gurgul & Lach, 2011). Spatial dependence gained 

traction because spatial correlations have the ability to violate the assumptions of the ordinary 

least squares (OLS) regression model. James LeSage (2008) identifies two ways spatial effects 

can violate OLS assumptions: (1) spatial dependence may lead to correlation between error 

terms, and (2) omitting spatial effects may lead to correlation between the error term and 
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predictor variables. When OLS assumptions are violated, regression results can be biased and 

inconsistent.  

There are two common methods for capturing spatial dependence: spatial lag models and 

spatial error models. The first model contains a spatially lagged dependent variable and the 

second utilizes a spatial error term (Anselin, 1988). These models can be combined into a single 

model, the spatial Durbin model that captures both spatial lag and spatial error (LeSage & Pace, 

2009; Elhorst, 2010). The spatial Durbin model is more flexible in what effects it can capture and 

does not restrict the magnitude of potential spillover effects (LeSage & Pace, 2009; Elhorst, 

2010). The literature around spatial modeling of economic growth, so far, has primarily focused 

on investigating beta and sigma-convergence (Abreu et al., 2005; LeSage & Fischer, 2008; 

Gurgul & Lach, 2011). Beta-convergence is the notion that weaker economies tend to grow at 

faster rates than richer economies, while sigma-convergence is how inequalities between regions 

change over time. The underlying notion on which beta- and sigma-convergence is based is that 

heterogeneity between regions tends to converge towards a single and similar economy in terms 

of size and productivity. However, the use of both the sigma- and beta-convergence approaches 

have some notable weaknesses.  

 For instance, econometric problems arise in convergence equations by only providing a 

partial view of the distribution. Both sigma- and beta-convergence ultimately fail to capture 

intra-distribution mobility, that is, they are both unable to capture that regions can shift their 

relative positions over time (Maza et al, 2010; Gurgul & Lach, 2011). These models also fail to 

acknowledge that smaller regions can cluster together in a stable way (Ezcurra et al., 2007). 

Overall, these method consider each location as an individual unit in such a way that they do not 

consider the location and shape of the distribution of each location (Quah, 1996). Maza et al. 
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(2010) highlight methods to address intra-distribution dynamics through either the highest 

conditional density region approach or a mobility measure based on Markov chains. Overall, the 

strengths of including spatial dependence in our model outweighs the weaknesses. 

2.2 Economic Growth 

Understanding what actions cause economic growth enables governments to intervene to 

stimulate their respective economies. While this study will focus on spatial techniques to analyze 

economic growth, most of the literature does not use spatial dependence in model development. 

There is historical evidence that economic growth is impacted by a number of variables 

including decentralization of funding, corruption and population growth (Headey & Hodge, 

2009; Ugur & Dasgupta, 2011; Baskaran, et al., 2016). These findings tend to focus on model 

and parameter uncertainty over the inclusion of spatial spillover effects (Abreu et al., 2005; 

LeSage & Fischer, 2008). However, space is not ignored in more traditional economic growth 

literature but is considered in a different way. 

Space or location is represented in models of economic growth outside of spatial 

econometrics. The spatial economics literature focuses on modeling relative location while “non-

spatial” economics literature focuses on absolute location (Abreu et al., 2005). Absolute location 

is the influence of being located at a specific point (like a country or climate) while relative 

location is the impact of being closer or further from something. Absolute location is used 

throughout the non-spatial economics literature to capture effects like the impact of latitude on 

economic growth or how large regions differ in terms of economic growth. For example, such 

analysis has been used to compare economic growth in Africa to economic growth in Latin 

America (Abreu et al., 2005). These effects differ from those being captured in the methods 

discussed in the previous paragraph, as they assume each region is homogenous and differences 
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exist between regions. The spatial growth literature, on the other hand, focuses on relative 

location and how different regions influence each other. 

The spatial literature, so far, has primarily been conducted in the field of regional 

sciences and with data from Europe (Abreu et al., 2005). At the same time, studies focusing on 

economic growth have analyzed international dependence (Ramirez & Loboguerrero, 2002). 

Spatial economic growth literature has been identified as being weak in its focus on theory. 

However, Lopez-Bazo et al. (2004) showed spatial technological spillovers can be modelled 

within a neoclassical framework. In general, the spatial growth literature supports the idea that 

relative location plays a role in the growth of a particular region (Murdoch & Sandler, 2002; 

Pellegrini et al., 2012). 

There are few variables that are common amongst all or most models of economic growth 

(LeSage & Fischer, 2008). This has led to a tradeoff in the spatial literature of either omitting an 

important variable due to arbitrary selection or including too many predictors and losing the 

ability to identify important factors (LeSage & Fischer, 2008). Additionally, many models of 

economic growth have not yet made it into the regional economic literature (Bode and Rey, 

2006). In fact, there are only a few variables which appear in a majority of the regressions that 

analyze economic growth. Some of the shared variables in the models include initial income, 

human capital, and physical capital (LeSage & Fischer, 2008). One variable of importance this 

thesis aims to be intentional about including is a measure to capture the effect of diversity. 

Economic diversity has been shown to contribute to the rate of regional economic growth 

and can be operationalized in multiple ways (Henry & Drabenstott, 1996). It is also becoming 

increasingly clear that demographic diversity is important to include in economic growth 

analyses (Montalvo & Reynal-Querol, 2005; Sparber, 2008; Verheul & Van Stel, 2007; Al-
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Mamun et al., 2013; Saxena, 2014). Income inequality does not just exist between urban and 

rural areas, but between racial, gender, and religious groups, among others. This inequality can 

contribute to regional disparities, as people who share identities often cluster (Brown et al., 

2012). Another possibly important variable to consider in this regard is the impact of grants on 

economic growth which is the focus of this study.  

2.3 Grant Funding and Growth 

Public investment, through methods like grants, impacts economic growth. The literature 

generally supports the theory that while public investment can crowd out private investment, 

public investment can still have positive effects (Fisher, 1997; Wasylenko, 2000). Grants which 

support education have been shown to have statistically significant effects on future economic 

growth (Cullison, 1993; Ramirez & Nazmi, 2003). Similarly, public investment in infrastructure 

is associated with long-term economic benefits on production ranging from reduced costs to 

increased income (Bhatta & Drennan, 2003)While it is clear public investment impacts economic 

growth, the way these effects spillover into adjacent regions is not consistent. 

Spillover effects tend to vary depending on the public investment type and the country in 

which it occurs. Evidence from Greece indicates there are strong spillover effects from public 

investment in infrastructure and education (Rodriguez-Pose et al., 2012). Spillover effects caused 

by infrastructure investment also appeared along the New Silk Road Economic Belt in China (Li 

et al., 2017). Generally, structural funds across the European Union experience spillover that 

impacts economic growth (Mohl & Hagen, 2010). In Poland, one study showed that structural 

funds did have a positive benefit to growth but that spillover effects negatively impacted some of 

the least developed regions ( Le Gallo & Dall’erba, 2005). This means while the purpose of 
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public investment may have been to alleviate disparities in economic growth, it may not always 

happen due to spillover effects. Grant funding is only one way to stimulate an economy.  

2.4 Alternatives to Grant Funding 

An alternative to lump-sum grant funding is the use of loans with the same net gain to the 

borrower. For example, an annual grant of $1 for fifty years is equivalent to a fifty-year loan of 

$100 with an interest rate of 5%. Assuming a 6% return on capital, this loan results in a net profit 

of 1% per year or $1 per year, which is the same as the grant (Schmidt, 1964). While the same 

net benefit can be provided through grants or loans, grants are equally beneficial to corporations 

or municipalities regardless of their current finances as they do not have to consider repayment 

in their spending. Loans can provide additional benefits to the lender as the money is repaid, but 

the comparative benefits are moderated by uncertainty, which does not make it possible to 

determine if loans are superior to grants (Schmidt, 1964). It is important to acknowledge loans as 

an alternative due to one serious weakness of grant funding, the flypaper effect. The flypaper 

effect in essence, explains the phenomenon where money ‘sticks where it hits’, or the grant 

money received by the local government is not disbursed to its citizens to utilize, rather the 

government simply increases its own spending (Hines & Thaler, 1995). 

Unfortunately, grants can have a weaker impact on the economy than predicted due to 

said flypaper effect. When the flypaper effect is occurring, grants are accompanied by increases 

in local government spending. This increase in spending may stimulate the local economy but 

may also result in crowding out effects that work in opposition to economic growth (Berg & 

Rattso, 2007). When the flypaper effect is not occurring, we expect grants to result in decreases 

in local taxes and an overall growth in the local economy. There is mixed support in the literature 
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for when and to what extent the flypaper effect occurs (Wyckoff, 1991; Worthington & Dollery, 

1999; Knight, 2002; Gordon, 2004).  

3 Methods 

This study will analyze county-level data for the state of Ohio. Economic zones can be 

identified in a variety of ways including commuting zones (CZs) and labor market areas 

(LMAs). These geographic delineations help to create more stable data sets with a continuous 

spatial area to allow for spatial econometric analysis (Fowler et al., 2016). States can utilize CZs 

or LMAs when considering the disbursement of grants, but since these zones do not follow 

political boundaries, they are not always useful for governments. In the United States, county-

level data is often used in research as it is readily available; however, it comes at the cost of not 

identifying the location of economic activity as precisely as CZs or LMAs (Fowler et al., 2016). 

This study will utilize county-level data due to its easy access and due to it reflecting how the 

state of Ohio identifies counties that need aid.  

Important to the analysis is the clarification of the term rural. This clarification is needed 

due to the colloquial definition of rural shifting based on what region of the United States a 

person resides and due to different government agencies defining rural in varying ways. A 

precise definition of rural takes into consideration population, economics, land-use, and 

administrative information. A USDA report identified nine definitions for rural retrieved from 

the Census Bureau, the Office of Management and Budget, and the USDA’s Economic Research 

Service’s Rural-Urban Commuting Area Codes (USDA ERS, 2007). Each definition selects an 

urban boundary and population threshold but varies based on the specific research question 

(USDA ERS, 2007). Rural and urban areas do not cleanly stop at county boundaries and most 

counties contain both urban and rural areas. Thus, it can be difficult to assign a particular county 
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a rural or urban designation. For this analysis, rurality will be captured via population density 

which will be further operationalized in section 3.1. Rurality is one of several independent 

measures used in modeling a county’s economic growth. 

The dependent variable of this study is county-level economic activity. The independent 

variables can be broken into the six categories: human capital, physical capital, population 

density, population demographics, and economic development funding. All variables were 

measured for the time-period of 2010 – 2014. Table 1 briefly describes each variable.  

Table 1: Summary of Variables 

3.1 Measures 

Economic Activity 

Economic growth is operationalized as the annual real gross domestic product (GDP) per 

capita for each county. Real GDP per capita is an inflation adjusted measure of economic activity 

that includes all economic activity divided by the total population. Inflation is accounted for 

using chained 2012 dollars which use a weighted shifting basket of goods that reflect yearly 

spending habits. As a part of their regional economic accounts, the US Bureau of Economic 

Analysis (BEA) maintains a record of county-level data across the country. One such piece of 

data is real GDP. In this analysis, the data were then used to calculate GDP per capita using 

 Variable Definition 
 EDU Human capital: % of the population that holds a bachelor’s degree  

Economic  EMP Employment rate: % of population currently employed 

  GRANT Grant funding: Amount of grant funding (thousand US $)  

Variables LOAN Loan funding: Amount of loan funding (thousand US $)  
 TAX Tax incentives: Amount of tax incentives (thousand US $)  

Demographic 

Variables 

GEND Gender: % of population that identifies as male 

RACE Ethnicity: % of population that identifies as white 

RURAL Rurality: 1 – Rural, 0 – Urban 

Dependent 

Variable 
GDP 

Real GDP per capita: Economic activity adjusted for inflation and 

population size 



19 
 

population data retrieved from the US Census Bureau. This metric is intended to capture 

economic activity for each county. Personal income was not used, since grants, rather than 

wages, are intended to increase economic activity. 

Human Capital 

 Human capital is the collection of attributes and skills that contribute to an individuals’ 

economic productivity. It is often synonymous with the term “labor.” This variable is 

operationalized as the percentage of adults over 24 who hold at least a bachelor’s degree. The 

data were retrieved from the US Census Bureau’s American Community Survey (ACS). This 

variable was included as it is a direct component of production which contributes to GDP. The 

State of Ohio provides economic assistance to the development of human capital through 

programs such as the Ohio First scholarship which is given to disadvantaged Ohio citizens to 

obtain an Ohio education. This scholarship funding is not administered through the ODSA, but 

any effects of this funding will be captured in the rate of college educated adults. 

Rurality 

 As alluded to earlier, population density can be the operationalization of rurality (LeSage 

& Fischer, 2008). The lower the population density the more rural a particular county. This is 

important to note as urban areas tend to have larger collections of educated individuals who 

share their knowledge with one another, and this may spark innovation. This connection between 

people is not captured in other variables. Population density is calculated using the population 

retrieved from the Census and using the area in square miles reported by the BEA. Population 

density is then turned into a dummy variable where 0 indicates an Urban area and 1 indicates a 

Rural area. Counties are categorized as 0 when their population density exceeds 500 people per 
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square mile. Rurality is captured like this to avoid any multicollinearity issues with other 

variables that are highly correlated with population while still capturing the idea of rurality. 

Population Demographics 

Population demographics are becoming an increasing priority for inclusion in economic 

modeling. There is growing inequality between various demographic groups including but not 

limited to racial, religious, and gender groups. Data from the Census Bureau’s annual population 

estimates for race and gender will be included in the model. The inclusion of these variables can 

help to identify any variance in discrimination that may impact economic opportunities. These 

variables will take the form of using data on the portion of the population that identifies as white 

and identifies as a man. Individuals who are white men are considered to hold privilege in 

society. Thus, we would expect that lower values would be associated with a lower GDP 

following trends starting in the early 2000s (Brown et al., 2012; Powell & Lever, 2017).  

Employment  

Another contributing factor to the size or growth of an economy is the overall rate of 

employment amongst the population. This is operationalized as the total number of employed 

persons over the age of 18 divided by the total number of people over the age of 18. This data is 

available from the BEA.  

Economic Development Funding 

 The economic development funding from the ODSA is the variable category of which we 

are most interested. This category includes grants, loans, and tax incentives provided by Ohio to 

its citizens. The data for every grant, loan, or tax incentive issued each year is available from 

ODSA. A single value is calculated for each type of investment (grants, loans, and tax 
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incentives) for each county. These values include the sum of all grant activity, the sum of all loan 

activity, and the sum of all tax incentives in each county. 

3.2 Spatial Durbin Model 

 The spatial Durbin model consists of a spatially lagged dependent variable with both 

spatially lagged and not spatially lagged independent variables (LeSage & Pace, 2009). This 

allows the spatial Durbin model to outperform the spatial lag and spatial error models which 

each contain only one type of spatial variable. The spatial Durbin model is expressed as: 

      𝑦 = 𝜌𝑊𝑦 + 𝑋𝛽 + 𝑊𝑋𝜃 + 𝑐 + 𝜀;  𝜀 ~ 𝑁(0, 𝜎2𝐼𝑛)    (Eq. 1) 

The equation consists of y which represents the dependent variable as an n x 1 vector, ρ is the 

effect of the spatially lagged dependent variable, 𝑊𝑦 is the spatial lag of 𝑦 accounting for the 

spatial weight matrix 𝑊, 𝑋 is a matrix of the independent variables, 𝛽 is a set of parameters of 

the independent variables, 𝑊 represents the spatial weight matrix, 𝜃 is the effect of independent 

variables, 𝑐 is the intercept value, and 𝜀 is the error term. The error term for the spatial Durbin 

model follows a normal distribution with mean 0 and a variance of 𝜎2. The error term could be 

further broken down into a spatial error and random error terms (Manski, 1993). However, for 

this analysis, that level of complexity is unnecessary and may reduce efficiency.  

 The spatial Durbin model can examine the extent that the dependent variable is affected 

by independent variables in the local area and in neighboring areas. These effects, the direct and 

the indirect, can be separated within the spatial Durbin model where the direct effect is the effect 

within a county and the indirect represents the spillover between counties (LeSage and Pace, 

2009; Elhorst, 2010). Equation 2 helps to illustrate how to separate the two effects: 

                         (𝐼𝑛 − 𝜌𝑊)𝑦 = (𝐼𝑛 − 𝜌𝑊)−1𝑋𝛽 + (𝐼𝑛 − 𝜌𝑊)−1𝑊𝑋𝜃                     (Eq. 2)          

+(𝐼𝑛 − 𝜌𝑊)−1𝑐 + (𝐼𝑛 − 𝜌𝑊)−1𝜀 
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(𝐼𝑛 − 𝜌𝑊)−1, known as the spatial multiplier matrix, is comprised of 𝐼𝑛 which represents an 

identity matrix of size n x n and 𝜌𝑊 which represents the spatial lag of the dependent variable. 

The spatial multiplier matrix come from the consolidation of the dependent variable and its 

spatially lagged forms from equation 1: 

                                                𝑦 − 𝜌𝑊𝑦 =  (𝐼𝑛 − 𝜌𝑊)𝑦       (Eq. 3) 

The partial derivative of y with respect to the 𝑋𝑘 in equation 2 is then taken resulting in: 

                                                    
𝜕𝑦

𝜕𝑋𝑘
= (𝐼𝑛 − 𝜌𝑊)−1(𝐼𝑛𝐵𝑘 + 𝑊𝜃𝑘)                                    (Eq. 4) 

The partial differential equation matrix can be written more explicitly as: 

   
𝜕𝑦

𝜕𝑋
= (𝐼𝑛 − 𝜌𝑊)−1 [

𝛽𝑘 𝑊12𝜃𝑘 ⋯ 𝑊1𝑁𝜃𝑘

𝑊21𝜃𝑘 𝛽𝑘 … 𝑊21𝜃𝑘

⋮ ⋮ ⋱ ⋮
𝑊𝑁1𝜃𝑘 𝑊𝑁2𝜃𝑘 ⋯ 𝛽𝑘

]    (Eq. 5) 

 The mean of the diagonal elements in Equation 5 represents the direct effect while the 

mean of the non-diagonal elements represents the indirect effect. Indirect effects in spatial 

modeling are known as local effects when 𝜃𝑘 ≠ 0 and global effects when 𝜌 ≠ 0 (Elhorst, 

2010). Local effects only arise from a unit’s neighborhood set, while global effects arise from 

units that do not belong in a particular neighborhood (Elhorst, 2010). These indirect effects 

represent the spillover effects discussed earlier. Spillover effects can be thought of as the impacts 

both to and from a spatial area. Though, this distinction is only meaningful through the 

interpretation as the effects are numerically equivalent (Elhorst, 2010). When considering the 

impact towards a spatial area, the spillover can be interpreted as how changes in the independent 

variables in any neighboring region impact the region of interest’s dependent variable. When the 

impact is from an area, it can be seen as how one region’s independent variables can impact all 

other region’s dependent variables.  
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 Another detail from Equation 4 is the term (In – ρW)-1 which can be expressed as an 

infinite geometric series. The series converges provided the determinant of ρW is less than one. 

The exponents in the expansion represent the order of effects where a region’s impact on itself is 

a zero-order effect, directly adjacent regions are first-order, etc. (LeSage and Pace, 2009). Thus, 

it is possible to partition the direct and indirect effects of the independent variables on the 

dependent variable using the spatial weight matrix, W. The Markov chain Monte Carlo method 

can be used to calculate both direct and indirect effects as well as the impact of partitioning those 

effects (Elhorst, 2010; Autant-Bernard & LeSage, 2011).  

 When a spatial model is needed, the spatial weight matrix must be defined for the model. 

There are several common forms a spatial weight matrix can take: (1) a geographically adjacent 

matrix where adjacent regions are set to one, and all others are set to 0, (2) a geographical 

distance matrix where the weight is equal to the reciprocal of the squared distance between 

regions, and (3) an economic distance matrix where different economic regional strengths impact 

the weights of the matrix. A geographically adjacent weight matrix with only first-order effects 

was adopted for this analysis. The next item to consider is the different forms of adjacency that 

can be adopted in determining what is considered a neighboring county. 

The three most common types of adjacency include: rook, bishop, and queen adjacency. 

These are distinguished as follows: rook adjacency defines two regions as neighbors that share 

an edge, bishop adjacency defines neighbors as those who share a vertex, and queen adjacency 

defines neighbors as those who share either an edge or vertex. They are named after the standard 

ways that the three respective chess pieces are allowed to move. Figure 1 provides a picture of 

the types of adjacency which can be described as occurring if counties share a boundary or 

vertex geographically.  
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Figure 1: Rook, Bishop, and Queen adjacency 

This study will utilize queen adjacency as it more accurately represents how one would 

travel between different counties. Figure 2 below outlines what queen adjacency looks like when 

applied to Ohio. The red lines that connect counties indicate which counties are neighbors. 

Specifically, if two counties are connected via a line they are considered first-order neighbors. 

While in general, the smallest number of lines it takes to connect one county to another denotes 

the order to which they are neighbors. 

 

Figure 2: Queen adjacency in Ohio 
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The analysis and results of this study are reported in Section 4. We will begin with an 

exploratory analysis of the variables listed in Table 1 from Section 3. Then, a series of ordinary 

least square (OLS) and spatial models will be implemented to identify the model that best 

describes the data.  

4 Data and Results 

4.1 Data Summary 

 The descriptive statistics of the dependent and independent variables are outlined in 

Table 1A located in the Appendix. The data consisted of 88 observations from each of the 88 

counties in Ohio for each year between 2010 – 2014 for a total of 440 observations. GDP per 

capita grew between 2010 to 2014 with an average growth in GDP per capita of $1,250 per year. 

Several variables did not change drastically, or at all, over the span of the 5 years. These 

variables include race, gender, education, employment rate, and rurality. These variables are 

included to control for any major confounding of the impact of grants on economic growth. The 

variables of grants, loans, and tax incentives, for all years, vary by county in a noticeable way. 

This is noticed both by visually viewing the data and by observing the mean is a comparatively 

smaller value than the standard deviation for each of these variables. This indicates that the 

variables have large coefficients of variation. However, looking at the average overall value only 

provides some information in terms of investigating the data as it does not consider any spatial 

attributes of the data. 

 For data retrieved in 2014, three maps were generated to highlight several variables of 

interest and how they are distributed across the state of Ohio. The data is being shown for 2014 

as it was the year with the greatest significance of the presence of spatial effects. The first 

variable of interest, rurality, is shown in Figure 3. There are 12 counties in Ohio that are 
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designated as Urban based on our previously outlined criteria. These counties are primarily 

located in the North-East corner and South-West corner of Ohio which correspond to the 

counties encompassing the cities of Cleveland/Akron and Cincinnati, respectively. The two 

remaining counties, Lucas and Franklin, represent the two remaining cities of note in Ohio, 

Toledo and Columbus. Keep in mind, the urban counties are not necessarily the most 

economically active counties in Ohio. 

 

Figure 3: Rural Designation of Counties in Ohio in 2014 

 Figure 4 summarizes for each county in Ohio the GDP per capita on a continuous scale. 

There appears to be some overlap between GDP per capita and urban counties where urban areas 

have slightly higher GDPs. However, the counties with the largest GDP per capita are 

predominantly designated as rural. This may be due to the type of industries operating in these 

particular rural counties. For example, Carrol, Harrison, and Monroe counties have high GDP 

per capita possibly due to the presence of the oil and gas industry in the Utica and Marcellus 

shale formations. We see in this map several clusters of high and low economic activity which 

suggests spillover effects are occurring. 
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Figure 4: Spatial Distribution of GDP per Capita in Ohio in 2014 

 Figure 5 summarizes the breakdown of where grant funding is being allocated in Ohio. 

Due to a high spread of values, the data are represented as quantiles where red counties indicate 

the bottom 20% of grant funding and blue represents the top 20% of grant funding. According to 

the ODSA, grant funding is used to facilitate the improvement of economic development across 

Ohio. That being said, most of the top 20% of grant funding is given to counties that are urban. 

Grant funding is allocated so the North-East counties receive a larger chunk of funding and the 

North-West counties receive little grant funding. It is also worth noting that some of the poorest 

counties in Ohio, by measure of GDP per capita, also have the lowest grant funding (Hocking, 

Vinton, and Megs counties which are colored in red).  

Overall, the spatial distribution of the data indicates that spatial interactions are likely. 

This will be checked by first conducting OLS regressions on the data as well as conducting 

Moran I and LaGrange Multiplier tests to identify the presence and type of spatial 

autocorrelation. 
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Figure 5: Spatial Distribution of Grant Funding in Ohio in 2014 

4.2 OLS and Detecting Spatial Autocorrelation 

 Ordinary least square regressions were conducted on each year of the data totaling five 

regression models. Equation 6 outlines the general regression model constructed for each year, t.  

GDPt = 1t + 2t*Ruralt + 3t*Edut + 4t*Empt + 5t*Racet + 6t*Gendert + 

7t*Taxt + 8 t*Grantst + 9 t*Loanst + error t 

(Eq. 6) 

The results for the 5 regressions are summarized in Table 2A. The results indicate some 

consistency across years in the variance explained where the adjusted R-square value stays 

around 0.65 for 2010 through 2013. The one exception is a sudden decrease in model fit in 2014. 

Employment rate was the only variable to have a significant coefficient (p < 0.01) across all 

regressions. Race only had a significant coefficient (p < 0.05) in 2012 and education level had a 

significant coefficient (p<0.05) in both 2013 and 2014. The residuals from the 2014 OLS model 
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are plotted in Figure 6. A map similar to Figure 6 was created for each year to visualize a first 

impression of the distribution across counties and are located in the Appendix.  

 
Figure 6: Residuals by Counties in Ohio in 2014 

 Figure 6 indicates the residuals are not intuitively distributed equally across counties and 

should be followed up with both the Moran I test and LaGrange Multiplier Tests. Table 3A 

summarizes the results of these tests. Moran I’s test indicated that only the 2014 regression had 

significant spatial autocorrelation. It is worth noting when looking at the significance of the test 

statistic between 2010 and 2014, it continued to grow until finally becoming a significant effect 

in 2014. For this study, four LaGrange Multiplier Tests are reported, but the robust LM-tests 

proposed by Anselin et al. (1996) will be used to determine which model, the OLS model or a 

spatial model, is more appropriate. The robust LM-tests indicate that spatial error occurred in the 

2012, 2013, and 2014 regressions, while spatial lag occurred in the 2010, 2011, and 2012 

regressions. These tests indicate the best next step for each of these models; however, each 

model will be applied to all the years of data as theoretically there may be effects. 
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4.3 Spatial Lag, Spatial Error, and Durbin Models  

 The results of the spatial lag model, which adds a spatially lagged dependent variable 

alongside the predictor variables, can be found in Table 4A and the results of the spatial error 

model, can be found in Table 5A. The results for both of these models roughly match the OLS 

regression in terms of the significance and size of the coefficients. The overall spatial lag effects, 

ρ (rho), were not significant for any of the analyses, Thus, there is a lack of support for 

interactions between counties for GDP per Capita. This finding matches the Moran I test 

conducted for the OLS regressions. The overall spatial error effects, λ (lambda), were significant 

only in 2014. This indicates there is potentially a variable that contributed to GDP per Capita and 

is spatially autocorrelated but was not included in the analysis. 

 The spatial Durbin model, which captures both spatial lag and spatial error, demonstrated 

that employment and education have a significant impact when spatially lagged, i.e. when 

neighboring counties reflect back towards the initial county. The results of the spatial Durbin 

model can be found in Table 6A. The only significant coefficient across all years was 

employment. For 2013 and 2014, the analysis did indicate the spatially lagged education variable 

had a significant coefficient and for 2012, the spatially lagged employment coefficient was 

significant.  

 In the spatial lag and spatial Durbin models, the coefficients only focus on the short run 

impact of the independent variables on the dependent variable. Since the impact of one county on 

another can echo back into the other, the effects outside of the coefficients in the spatial lag and 

Durbin models must be considered. Monte Carlo simulation was used to calculate the average 

direct, indirect, and total effects. Their significance is summarized in Tables 7A and 8A for the 

spatial lag and spatial Durbin models respectively. Significant effects were found for 
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employment and race in the spatial lag model, while education was also found as significant in 

the spatial Durbin model. 

4.4 Model Comparison 

 The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) were 

used to identify the best model for each year. For both AIC and BIC, the model with the smaller 

value is preferred. For this study, a difference of 10 between AIC’s was used as the point to 

determine if there is a distinguishable difference in information loss between models (Burnham 

& Anderson, 2002). For BIC, on the other hand, a difference of 6 was used to indicate strong 

evidence in favor of the model with the lower BIC (Kass & Raftery, 1995). Table 2 summarizes 

the AICs and BICs for the different models associated with each year. For all years, AIC and 

BIC indicate that the OLS, spatial lag, and spatial error model perform indistinguishably in terms 

of information loss. The OLS Model is preferred to the spatial Durbin model in all years based 

on the BIC value for each model. According to the AIC, the OLS model is preferred to the 

spatial Durbin model in 2011 and 2012 and indistinguishable, in terms of preference, in 2010, 

2013, and 2014.  
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Model Year AIC BIC 

OLS 

2010 602.17 626.94 

2011 619.03 643.81 

2012 607.64 632.41 

2013 620.12 644.90 

2014 700.42 725.19 

Spatial 

Lag 

2010 601.02 628.27 

2011 618.25 645.50 

2012 608.42 635.67 

2013 621.92 649.17 

2014 700.00 727.25 

Spatial 

Error 

2010 604.17 631.42 

2011 621.00 648.25 

2012 608.50 635.76 

2013 620.47 647.72 

2014 696.83 724.08 

Spatial 

Durbin 

2010 611.34 658.41 

2011 630.73 677.80 

2012 619.37 666.44 

2013 627.20 674.27 

2014 703.14 750.21 

Table 2: Model Fit Statistics 

5 Discussion and Conclusion 

The results of this study suggest spatial regression was no more effective than OLS. 

There was strong theoretical rationale to utilize spatial regression, particularly the spatial Durbin 

model, but the only year that indicated a presence of spatial autocorrelation was 2014. There 

does appear to be an increasing trend in Moran’s I between 2010 and 2014, as the Moran test 

statistic changed from insignificant to significant across that time frame. This supports Hertz and 

Silva’s (2019) claim in the literature that over time spatial inequality has become more serious.  

It was not possible to distinguish between the spatial lag, spatial error, and OLS models 

in terms of information loss, but there is still theoretical value in conducting spatial regression. 

The literature indicates many studies have benefitted from the inclusion of spatial regression 
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(LeSage & Pace, 2009; Elhorst, 2010; Gurgul & Lach, 2011). While this study did not provide 

support to this claim, it did provide evidence the spatial lag and error models did not perform 

worse than OLS. This indicates there is a benefit to the continued use of spatial regression in this 

type of analysis as it provides richer results in terms of direct and indirect effects taking location 

into account. 

 This thesis aimed to investigate the impact that grant funding had on economic 

development in the state of Ohio. Our findings suggest grant funding had a statistically non-

significant and small effect on GDP per capita in the years between 2010 and 2014. While there 

was little indication of serious multicollinearity problems, grant funding’s impact may have been 

absorbed into other metrics that the grant funding more directly targeted. Recall, it was not 

possible to include physical capital in the regression and many development grants went directly 

to stimulating employment. It is worth stating that a lack of significance in this regression is not 

an indication grant funding is not worthwhile. This analysis does not aim to capture all of the 

ways grant funding can benefit communities. 

 Ohio is predominately made up of counties designated as rural. While many of these rural 

counties are associated with poverty, much of the grant funding still goes to urban populations. 

Rurality was included in the analysis to confirm if it impacted the level of income of a county. 

The summary statistics indicate that rural counties as a group had higher GDP per capita but this 

did not result in a significant predictor in the models. This does not align with previous literature 

or past research conducted in Ohio where rural poverty is increasing. This is an indication there 

is likely a forgotten variable, such as physical capital, that rurality is inadvertently capturing 

instead of indirectly capturing population density.  
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 The three spatial models used in this study focus on spatial dependence. Spatial non-

stationarity of grants could also be investigated where the relationship between the dependent 

and independent variable varies across spaces while not being limited by defined boundaries. 

This would likely be difficult to investigate due to the standard practice and practicality of 

aggregating economic data via arbitrarily constructed boundaries. Grant funding could be further 

investigated utilizing techniques, such as geographically weighted regression or spatially varying 

coefficient modeling, to try and capture spatial effects in a different way. 

 The findings of this study have implications on policy analysts who are in charge of 

informing policymakers of economic conditions within Ohio. These findings indicate for the 

time being, OLS may be utilized instead of more complex statistical techniques to discuss 

difficult topics with policymakers and the public. This study also highlights that grant funding in 

practice is not being focused on counties in the south of Ohio which the ODSA is labeling as 

distressed and in need of aid. Rather, grant funding appears to be focused into distressed cities 

and in the three large cities: Cleveland, Cincinnati, and Columbus. The ODSA needs to further 

investigate their grant funding decisions to ensure they are meeting their county investment 

priorities.  

 There are several limitations of the variables used in this study. The first being that 

growth of physical capital was left out due to the unavailability of county-level data. Physical 

capital is often measured as the investment in fixed assets which includes both equipment, 

property, and buildings. For the state of Ohio, no county-level data could be found on investment 

in fixed assets, nor could any reasonable alternatives be identified. The appropriateness of the 

model may be impacted since this predictor could not be specifically included. However, this 

variable’s effect could be considered to be included in the intercept. Additionally, there are 
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limitations in the way several variables were operationalized, namely human capital and race. 

Human capital aims to represent the skills of the workforce and formal education only captures 

part of that nuance. Since human capital was operationalized as the percentage of workers who 

hold a bachelor’s degree, even more nuance is lost. Similarly, race was represented by the 

percentage of workers who are white in a particular county. This does not capture the effects of 

individual racial groups which may reduce the model’s appropriateness to reflect economic 

growth. These limitations could be an alternative explanation as to why the OLS regression had 

coefficients which did not coincide with a direction matching with the existing literature and 

theory.  

 This study opens several avenues for future research. The first being to investigate 

different dependent variables utilizing the same set of predictors. These variables include the 

employment rate, and the one-year and 5-year growth rates of real GDP per capita. Additionally, 

it would be worthwhile to investigate the impact grant funding per capita has on real GDP per 

capita or the impact the combination of all development funds (grants, loans, and tax incentives) 

have together on economic development. Lastly, it would be valuable to investigate if the trend 

of increasing spatial inequality continues in Ohio and if spatial autocorrelation appears in the 

years after 2014. 

Overall, this study did not show that grants influence GDP per capita. In addition, spatial 

effects were minimal. While this study did not directly support existing research, it did not 

substantially contradict it. Rather, this analysis provided a case study of spatial regression and 

how it may be beneficial to use in the future for grant policy analysis. The study did result in 

several suggestions for future research which may clarify some of the ambiguity of this studies’ 

results. 
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7 Appendix 

Table 1A: Summary Statistics of Data 

Variable Statistic 
2010 - 

2014 
2010 2011 2012 2013 2014 

GDP per 

Capita 

(Thousands 

of $) 

min 15.27 16.09 16.59 15.41 15.27 15.55 

max 84.59 75.32 78.84 78.87 78.66 84.59 

mean 

(sd) 

38.08 ± 

13.20 

35.69 ± 

12.24 

37.32 ± 

12.60 

37.26 ± 

12.65 

38.69 ± 

12.67 

41.44 ± 

15.21 

VIF             

Gender (% 

Male) 

min 0.47 0.47 0.47 0.48 0.48 0.48 

max 0.58 0.58 0.58 0.58 0.58 0.58 

mean 

(sd) 

0.50 ± 

0.01 

0.49 ± 

0.01 

0.50 ± 

0.01 

0.50 ± 

0.01 

0.50 ± 

0.01 

0.50 ± 

0.01 

VIF   1.18 1.18 1.19 1.17 1.18 

Race (% 

White) 

min 0.64 0.65 0.65 0.65 0.65 0.64 

max 0.99 0.99 0.99 0.99 0.99 0.99 

mean 

(sd) 

0.93 ± 

0.07 

0.93 ± 

0.07 

0.93 ± 

0.07 

0.93 ± 

0.07 

0.93 ± 

0.07 

0.93 ± 

0.07 

VIF   4.21 4.68 4.4 5.06 4.93 

Grant 

Activity 

(Thousands 

of $) 

min 0.00 0.00 0.00 0.00 0.00 0.00 

max 151289.61 93597.22 94233.25 151289.61 76695.79 111931.89 

mean 

(sd) 

6,256.74 

± 

14,811.12 

5,632.74 

± 

11,505.68 

6,896.97 

± 

14,207.89 

7,643.68 

± 

19,871.32 

5,266.40 

± 

11,538.53 

5,843.89 

± 

15,516.51 

VIF   4.70 7.68 4.67 4.70 3.79 

Loan Activity 

(Thousands 

of $) 

min 0.00 0.00 0.00 0.00 0.00 0.00 

max 50497.75 29278.61 50497.75 34831.88 15200.00 36759.67 

mean 

(sd) 

1,349.85 

± 

4,460.59 

1,480.23 

± 

4,083.39 

1,817.67 

± 

6,163.91 

1,523.52 

± 

4,504.21 

902.41 ± 

2,787.01 

1,025.40 

± 

4,134.92 

VIF   3.40 4.17 8.18 5.49 2.05 
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Table 1A cont. 

Variable Statistic 
2010 - 

2014 
2010 2011 2012 2013 2014 

Tax 

Incentives 

(Thousands of 

$) 

min 0.00 0.00 0.00 0.00 0.00 0.00 

max 322771.80 39758.04 123848.36 46263.65 46539.15 322771.80 

mean 

(sd) 

5,005.66 

± 

25,004.57 

1,731.64 

± 

5,928.29 

4,195.19 

± 

16,670.71 

1,910.34 

± 

6,040.78 

1,681.27 

± 

6,476.73 

15,509.85 

± 

51,180.17 

VIF   1.97 1.81 6.86 4.67 3.92 

Education 

Level (% of 

Population 

who have 

graduated 

college) 

min 0.09 0.09 0.09 0.09 0.09 0.09 

max 0.54 0.54 0.54 0.54 0.54 0.54 

mean 

(sd) 

0.20 ± 

0.08 

0.20 ± 

0.08 

0.20 ± 

0.08 

0.20 ± 

0.08 

0.20 ± 

0.08 

0.20 ± 

0.08 

VIF   1.74 1.73 1.74 1.82 1.77 

Employment 

Rate (% of 

Total Pop 

Employed) 

min 0.25 0.25 0.26 0.26 0.26 0.27 

max 0.78 0.75 0.76 0.77 0.77 0.78 

mean 

(sd) 

0.48 ± 

0.11 

0.47 ± 

0.10 

0.48 ± 

0.11 

0.48 ± 

0.11 

0.49 ± 

0.11 

0.49 ± 

0.11 

VIF   1.86 1.80 1.71 1.73 1.65 

Rurality (1 = 

Rural, 0 = 

Urban) 

Rural 

Count 
380.00 76.00 76.00 76.00 76.00 76.00 

Urban 

Count 
60.00 12.00 12.00 12.00 12.00 12.00 

% Rural 86.36 86.36 86.36 86.36 86.36 86.36 

VIF   2.55 2.48 2.61 2.57 2.46 
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Table 2A: OLS Regression Output 

Year 2010 2011 2012 2013 2014 

Predictors Estimates std. Error p Estimates std. Error p Estimates 
std. 

Error 
p Estimates 

std. 

Error 
p Estimates 

std. 

Error 
p 

(Intercept) 55.51 38.55 0.15 84.08 43.91 0.06 55.94 40.65 0.17 58.82 44.39 0.19 -31.44 69.63 0.65 

Rural 1.90 3.46 0.59 3.24 3.76 0.39 4.51 3.61 0.22 3.84 3.85 0.32 0.93 5.94 0.88 

Edu -11.62 11.66 0.32 -16.75 12.81 0.20 -13.74 12.03 0.26 -26.65 13.20 0.05 -40.59 20.55 0.05 

Emp 87.57 9.76 0.00 89.74 10.45 0.00 90.51 9.33 0.00 88.94 10.03 0.00 89.75 15.14 0.00 

Race -40.41 22.97 0.08 -59.87 26.49 0.03 -41.92 24.00 0.09 -47.54 27.37 0.09 -29.17 42.29 0.49 

Gend -44.91 59.11 0.45 -65.25 66.14 0.33 -49.46 62.35 0.43 -34.29 65.98 0.61 126.26 103.48 0.23 

Tax 0.00 0.00 0.30 0.00 0.00 0.90 0.00 0.00 0.21 0.00 0.00 0.31 0.00 0.00 0.41 

Grant 0.00 0.00 0.81 0.00 0.00 0.42 0.00 0.00 0.94 0.00 0.00 0.13 0.00 0.00 0.97 

Loan 0.00 0.00 0.53 0.00 0.00 0.76 0.00 0.00 0.33 0.00 0.00 0.50 0.00 0.00 0.57 

Obs 88 88 88 88 88 

R2 / R2 adj 0.705 / 0.675 0.662 / 0.628 0.706 / 0.676 0.662 / 0.628 0.416 / 0.357 

 

Table 3A: Spatial Autocorrelation Statistics 

Model Year 

Moran I 

Statistic p 

LM - 

err p 

LM - 

lag p 

Robust LM - 

err p 

Robust LM - 

lag p 

OLS 

2010 -0.002 0.81 0.00 0.97 2.35 0.13 1.73 0.19 4.08 0.04 

2011 0.012 0.66 0.03 0.86 2.05 0.15 2.55 0.11 4.57 0.03 

2012 0.067 0.19 0.99 0.32 0.97 0.33 4.78 0.03 4.76 0.03 

2013 0.078 0.14 1.33 0.25 0.17 0.68 4.19 0.04 3.03 0.08 

2014 0.156 0.01 5.34 0.02 2.35 0.13 3.79 0.05 0.80 0.37 
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Table 4A: Spatial Lag Model Output 

Year 2010 2011 2012 2013 2014 

Predictors Estimates std. Error p Estimates std. Error p Estimates 
std. 

Error 
p Estimates 

std. 

Error 
p Estimates 

std. 

Error 
p 

(Intercept) 52.00 35.85 0.15 82.85 40.83 0.04 52.24 38.46 0.17 57.92 42.13 0.17 -23.59 64.84 0.72 

Rural 0.53 3.30 0.87 1.74 3.56 0.62 3.53 3.52 0.32 3.43 3.75 0.36 2.51 5.58 0.65 

Edu -6.93 11.09 0.53 -12.59 12.16 0.30 -11.04 11.53 0.34 -26.06 12.65 0.04 -40.71 19.19 0.03 

Emp 89.04 9.14 0.00 91.27 9.79 0.00 91.95 8.94 0.00 89.71 9.76 0.00 86.42 14.49 0.00 

Race -30.87 21.89 0.16 -52.02 24.95 0.04 -35.52 23.26 0.13 -45.24 26.33 0.09 -39.69 39.67 0.32 

Gend -40.34 54.93 0.46 -61.18 61.61 0.32 -44.51 58.90 0.45 -32.55 62.71 0.60 112.14 96.37 0.24 

Tax 0.00 0.00 0.20 0.00 0.00 0.97 0.00 0.00 0.17 0.00 0.00 0.29 0.00 0.00 0.39 

Grant 0.00 0.00 0.60 0.00 0.00 0.28 0.00 0.00 0.82 0.00 0.00 0.10 0.00 0.00 0.97 

Loan 0.00 0.00 0.69 0.00 0.00 0.64 0.00 0.00 0.34 0.00 0.00 0.46 0.00 0.00 0.49 

ρ -0.227 -0.222 -0.137 -0.058 0.223 

Obs 88 88 88 88 88 
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Table 5A: Spatial Error Model Output 

Year 2010 2011 2012 2013 2014 

Predictors Estimates std. Error p Estimates std. Error p Estimates 
std. 

Error 
p Estimates 

std. 

Error 
p Estimates 

std. 

Error 
p 

(Intercept) 55.70 36.53 0.13 83.38 41.51 0.04 51.13 38.11 0.18 54.15 41.22 0.19 -18.31 62.89 0.77 

Rural 1.90 3.28 0.56 3.30 3.56 0.35 4.17 3.39 0.22 3.62 3.58 0.31 1.76 5.39 0.74 

Edu -11.62 11.04 0.29 -16.65 12.18 0.17 -13.75 11.56 0.23 -23.64 12.72 0.06 -30.34 19.66 0.12 

Emp 87.38 9.23 0.00 90.44 9.99 0.00 93.96 9.23 0.00 92.39 10.01 0.00 92.78 15.23 0.00 

Race -40.41 21.77 0.06 -60.12 25.08 0.02 -40.84 22.37 0.07 -47.78 25.36 0.06 -32.92 37.99 0.39 

Gend -45.14 56.03 0.42 -64.14 62.50 0.30 -44.29 58.02 0.45 -28.32 60.92 0.64 98.95 91.76 0.28 

Tax 0.00 0.00 0.27 0.00 0.00 0.88 0.00 0.00 0.20 0.00 0.00 0.37 0.00 0.00 0.49 

Grant 0.00 0.00 0.80 0.00 0.00 0.38 0.00 0.00 0.82 0.00 0.00 0.10 0.00 0.00 0.99 

Loan 0.00 0.00 0.50 0.00 0.00 0.75 0.00 0.00 0.35 0.00 0.00 0.47 0.00 0.00 0.50 

Λ -0.009 0.037 0.188 0.232 0.375* 

Obs 88 88 88 88 88 
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Table 6A: Spatial Durbin Model Output 

Year 2010 2011 2012 2013 2014 

Predictors Estimates std. Error p Estimates std. Error p Estimates 
std. 

Error 
p Estimates 

std. 

Error 
p Estimates 

std. 

Error 
p 

(Intercept) 176.55 117.04 0.13 62.95 123.94 0.61 101.55 116.14 0.38 206.48 134.09 0.12 -138.92 187.09 0.46 

Rural 2.73 3.58 0.45 1.77 3.92 0.65 2.62 3.88 0.50 5.02 4.07 0.22 1.91 6.23 0.76 

Edu -14.97 14.53 0.30 -9.66 16.39 0.56 -11.15 15.30 0.47 -27.44 16.33 0.09 -22.82 25.68 0.37 

Emp 99.25 10.92 0.00 93.43 12.09 0.00 101.16 10.95 0.00 95.06 11.34 0.00 84.60 16.84 0.00 

Race -38.98 23.72 0.10 -50.85 26.85 0.06 -29.24 24.59 0.23 -64.72 28.17 0.02 -51.47 40.69 0.21 

Gend -51.19 55.11 0.35 -49.12 63.01 0.44 -34.89 59.25 0.56 -45.59 61.21 0.46 148.12 92.04 0.11 

Tax 0.00 0.00 0.13 0.00 0.00 0.84 0.00 0.00 0.15 0.00 0.00 0.09 0.00 0.00 0.14 

Grant 0.00 0.00 0.54 0.00 0.00 0.19 0.00 0.00 0.59 0.00 0.00 0.07 0.00 0.00 0.78 

Loan 0.00 0.00 0.81 0.00 0.00 0.47 0.00 0.00 0.43 0.00 0.00 0.56 0.00 0.00 0.39 

lag.Rural 5.63 8.79 0.52 -7.17 8.92 0.42 4.32 9.19 0.64 8.27 9.86 0.40 -8.60 15.42 0.58 

lag.Edu -14.69 29.82 0.62 -4.78 33.28 0.89 2.50 30.87 0.94 -73.19 35.36 0.04 -113.54 55.66 0.04 

lag.Emp -38.59 23.58 0.10 -29.75 25.02 0.23 -46.75 22.92 0.04 -22.67 23.45 0.33 -8.07 31.16 0.80 

lag.Race -45.86 66.28 0.49 40.46 69.06 0.56 -18.41 65.24 0.78 -60.09 77.69 0.44 6.54 113.40 0.95 

lag.Gend -129.02 131.93 0.33 -24.28 149.40 0.87 -75.97 141.13 0.59 -119.38 144.78 0.41 271.90 215.53 0.21 

lag.Tax 0.00 0.00 0.15 0.00 0.00 0.68 0.00 0.00 0.78 0.00 0.00 0.21 0.00 0.00 0.32 

lag.Grant 0.00 0.00 0.79 0.00 0.00 0.87 0.00 0.00 0.87 0.00 0.00 0.86 0.00 0.00 0.50 

lag.Loan 0.00 0.00 0.50 0.00 0.00 0.90 0.00 0.00 0.72 0.00 0.00 0.75 0.00 0.00 0.66 

ρ -0.075 -0.051 0.123 0.085 0.196 

Obs 88 88 88 88 88 
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Table 7A: Spatial Lag Model Effect Sizes 

Year 2010 2011 2012 

Predictors Direct p Indirect p Total p Direct p Indirect p Total p Direct p Indirect p Total p 

Rural 0.54 0.77 -0.10 0.85 0.43 0.75 1.76 0.46 -0.33 0.64 1.43 0.45 3.54 0.27 -0.44 0.49 3.10 0.28 

Edu -7.00 0.52 1.35 0.60 -5.65 0.51 -12.71 0.30 2.41 0.41 -10.30 0.32 -11.08 0.27 1.37 0.61 -9.70 0.27 

Emp 89.89 0.00 -17.34 0.03 72.54 0.00 92.10 0.00 -17.46 0.10 74.64 0.00 92.27 0.00 -11.44 0.27 80.84 0.00 

Race -31.17 0.08 6.01 0.17 -25.15 0.08 -52.49 0.03 9.95 0.22 -42.54 0.04 -35.64 0.15 4.42 0.53 -31.23 0.17 

Gend -40.72 0.57 7.86 0.64 -32.87 0.57 -61.73 0.33 11.70 0.43 -50.03 0.33 -44.67 0.31 5.54 0.58 -39.13 0.32 

Tax 0.00 0.18 0.00 0.25 0.00 0.19 0.00 0.87 0.00 0.86 0.00 0.88 0.00 0.19 0.00 0.42 0.00 0.19 

Grant 0.00 0.57 0.00 0.57 0.00 0.59 0.00 0.29 0.00 0.44 0.00 0.30 0.00 0.84 0.00 0.87 0.00 0.85 

Loan 0.00 0.74 0.00 0.80 0.00 0.73 0.00 0.69 0.00 0.78 0.00 0.69 0.00 0.39 0.00 0.52 0.00 0.40 

                   

Year 2013 2014       

Predictors Direct p Indirect p Total p Direct p Indirect p Total p       
Rural 3.44 0.30 -0.19 0.96 3.25 0.30 2.54 0.64 0.69 0.62 3.23 0.63       
Edu -26.08 0.06 1.45 0.76 -24.63 0.08 -41.14 0.02 -11.25 0.25 -52.40 0.03       
Emp 89.77 0.00 -4.98 0.68 84.79 0.00 87.34 0.00 23.89 0.14 111.23 0.00       
Race -45.27 0.09 2.51 0.76 -42.75 0.09 -40.11 0.37 -10.97 0.43 -51.08 0.37       
Gend -32.57 0.60 1.81 0.91 -30.76 0.59 113.33 0.23 31.00 0.38 144.33 0.23       
Tax 0.00 0.21 0.00 0.77 0.00 0.22 0.00 0.33 0.00 0.43 0.00 0.33       
Grant 0.00 0.13 0.00 0.62 0.00 0.12 0.00 0.88 0.00 0.84 0.00 0.86       
Loan 0.00 0.54 0.00 0.77 0.00 0.54 0.00 0.40 0.00 0.46 0.00 0.39 
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Table 8A: Spatial Durbin Model Effect Sizes 

Year 2010 2011 2012 

Predictors Direct p Indirect p Total p Direct p Indirect p Total p Direct p Indirect p Total p 

Rural 2.65 0.59 5.13 0.52 7.78 0.43 1.84 0.57 -6.98 0.43 -5.13 0.64 2.73 0.40 5.18 0.70 7.91 0.56 

Edu -14.78 0.37 -12.82 0.63 -27.60 0.39 -9.62 0.65 -4.12 0.95 -13.74 0.76 -11.12 0.51 1.27 0.79 -9.85 0.64 

Emp 99.91 0.00 -43.47 0.03 56.43 0.00 93.76 0.00 -33.16 0.08 60.61 0.01 100.31 0.00 -38.29 0.08 62.02 0.00 

Race -38.36 0.18 -40.56 0.46 -78.92 0.28 -51.26 0.02 41.38 0.48 -9.89 0.82 -29.79 0.20 -24.52 0.74 -54.31 0.50 

Gend -49.40 0.50 -118.24 0.39 -167.64 0.30 -48.91 0.38 -20.95 0.91 -69.86 0.70 -36.89 0.44 -89.47 0.55 -126.36 0.45 

Tax 0.00 0.21 0.00 0.16 0.00 0.06 0.00 0.88 0.00 0.64 0.00 0.66 0.00 0.31 0.00 0.81 0.00 0.58 

Grant 0.00 0.41 0.00 0.83 0.00 0.93 0.00 0.14 0.00 0.95 0.00 0.55 0.00 0.68 0.00 0.95 0.00 0.94 

Loan 0.00 0.82 0.00 0.59 0.00 0.55 0.00 0.42 0.00 0.99 0.00 0.79 0.00 0.56 0.00 0.81 0.00 0.71 

                   

Year 2013 2014       

Predictors Direct p Indirect p Total p Direct p Indirect p Total p       
Rural 5.16 0.20 9.36 0.40 14.52 0.26 1.57 0.80 -9.89 0.63 -8.32 0.73       
Edu -28.72 0.08 -81.23 0.03 -109.95 0.01 -27.67 0.28 -141.94 0.03 -169.61 0.03       
Emp 94.81 0.00 -15.72 0.56 79.09 0.00 84.95 0.00 10.25 0.61 95.20 0.00       
Race -65.83 0.02 -70.54 0.45 -136.37 0.17 -51.62 0.20 -4.27 0.96 -55.89 0.80       
Gend -47.68 0.44 -132.57 0.39 -180.25 0.30 160.50 0.10 361.95 0.11 522.45 0.04       
Tax 0.00 0.06 0.00 0.27 0.00 0.16 0.00 0.14 0.00 0.29 0.00 0.19       
Grant 0.00 0.09 0.00 0.90 0.00 0.52 0.00 0.59 0.00 0.48 0.00 0.47       
Loan 0.00 0.63 0.00 0.85 0.00 0.98 0.00 0.52 0.00 0.73 0.00 0.90 
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Figure 1A: Residuals by Counties in Ohio in 2010 

 

Figure 2A: Residuals by Counties in Ohio in 2011 
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Figure 3A: Residuals by Counties in Ohio in 2012 

 

Figure 4A: Residuals by Counties in Ohio in 2013 

 


