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ABSTRACT 

 

 

This dissertation consists of three empirical essays of which contributions consist, 

first, in developing spatial weight matrices based on more than just pure geographical 

proximity for the modeling of interregional externalities. Second, my essays propose 

different approaches to discover spatial heterogeneity in the data generating processes, 

including the interregional externalities, under investigation. This dissertation provides 

Economic Geographers and Regional Scientists interested in the modeling and 

measurement of spatial externalities a set of practical examples based on new datasets 

and state-of-the-art spatial econometric techniques to consider for their own work. I hope 

my dissertation will provide them with some guidance on how various aspects of spatial 

externalities can be incorporated in traditional spatial weight matrices and of how much 

the impact of externalities can be spatially heterogeneous. The results of the dissertation 

should help spatial and regional policy makers to understand better various aspects of 

interregional dependence in regional economic systems and to devise locally effective 

and place-tailored spatial and regional policies. 

The first essay investigates the negative spatial externalities of irrigation on corn 

production. The spatial externalities of irrigation water are well known but have never 

been examined in a spatial econometric framework so far. We investigate their role in a 

theoretical model of profit-maximizing farming and verify our predictions empirically in 

a crop production function measured across US Corn Belt counties. The interregional 
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groundwater and surface water externalities are modeled based on actual aquifer and river 

stream network characteristics. 

The second essay examines the positive spatial externalities of academic and 

private R&D spending in the frame of a regional knowledge production function 

measured across US counties. It distinguishes the role of local knowledge spillovers that 

are determined by geographical proximity from distant spillovers that we choose to 

capture through a matrix of patent creation-citation flows. The advantage of the latter 

matrix is its capacity to capture the technological proximity between counties as well as 

the direction of knowledge spillovers. These two elements have been missed in the 

literature so far. 

The last essay highlights and measures the presence of spatial heterogeneity in the 

marginal effect of the innovation inputs, more especially of the interregional knowledge 

spillovers. The literature of knowledge production function has adopted geographically 

aggregated units and controlled for region-specific conditions to highlight the presence of 

spatial heterogeneity in regional knowledge creation. However, most empirical studies 

have relied on a global modeling approach that measures spatially homogenous marginal 

effects of knowledge inputs. This essay explains the source of the heterogeneity in 

innovation and then measures the spatial heterogeneity in the marginal effects of 

knowledge spillovers as well as of other knowledge input factors across US counties. For 

this purpose, the nonparametric local modeling approaches of Geographically Weighted 

Regression (GWR) and Mixed GWR are used.  



CHAPTER 1 

 

INTRODUCTION 

 

 

Economic theory indicates that markets allocate resources efficiently and lead to 

social welfare optimization when the price of goods and services takes into account all 

the relevant benefits and costs. However, the price determined in markets does not 

always reflect all relevant benefits and costs. For example, imagine a situation where 

farmers use fertilizer to produce crops even though fertilizers are known to pollute 

surface water and groundwater. If these farmers do not do anything to prevent pollution, 

it does not change the cost associated to cultivating corps nor the price of crops. But if the 

residents near the farmers do not know the source of water pollution, they may have to 

pay more to purify the surface water and groundwater they use for drinking. Economists 

label as an “externality” this situation in which an action by either a producer or a 

consumer affects the production or consumption of others but the market price does not 

reflect the influence of action (Pindyck and Rubinfeld 2009). Since the presence of an 

externality distorts the expected role of the market price to convey all information about 

the supply and demand of goods and services accurately (Pindyck and Rubinfeld 2009), 

many Economists have given attention on how market inefficiencies caused by 

externalities could be corrected (e.g. Dolbear 1967; Baumol 1972; Kaplow and Shavell 

2002; Taschini 2010). 
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Economic Geographers and Regional Scientists are also interested in externalities 

but have focused on their geographical dimension mainly. One well-known example of 

externality in Economic Geography and Regional Science is the “agglomeration 

economies”. This positive spatial externality explains several localized benefits such that 

as firms locate close to each other, employees of different firms can easily interact with 

each other through professional or personal network, thereby facilitating knowledge 

spillovers between all local participants (Marshall 1920). In addition, local firms can 

share non-traded local inputs and match local skilled labor more efficiently than in the 

case where firms would be dispersed (McCann 2013). As such, firms benefit from the 

externalities generated by the economies of scale due to their geographical agglomeration 

(Fujita and Thisse 2013). Since this type of externalities is location-specific and 

proximity between firms is important, Economic Geographers and Regional Scientists 

have investigated the mechanisms leading to spatial externalities both theoretically and 

empirically. With regards to the latter, advances in spatial econometric techniques 

developed by Anselin (1988) and other spatial econometricians (e.g. Kelejian and Prucha 

2007; LeSage and Pace 2009; Elhorst 2014) have contributed to modeling and 

quantifying such externalities. 

In order to incorporate the geographical dimension of externalities in an 

econometric framework, spatial econometricians rely on a so-called “spatial weight 

matrix”. Borrowing the notion of lag from spatial statistics and time series analysis, 

spatial econometricians depict the expected spatial extent of externalities in the form of 

weighting elements capturing the distance between geographical units. Based on this 
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spatial weight matrix, one can construct spatially lagged variables and test their statistical 

significance that is used as evidence of the presence of spatial externalities (for reviewing 

a taxonomy of spatial econometric model specifications incorporating spatial 

externalities, see Anselin 2003; Elhorst 2014). Usually applied spatial econometric 

studies define the spatial weight matrix based on geographical proximity between sample 

units. For example, when two observation units are in contiguity with each other, the 

corresponding weighting element is defined as one and it is zero otherwise (e.g. Autant-

Bernard and LeSage 2011; Cho et al. 2012). As such geographical contiguity between 

units is the criterion that identifies neighboring locations at the origin of externalities. 

Similarly a certain distance cut-off or a fixed number of nearest units is widely used to 

determine neighboring units (e.g. Bode 2004; Baumont 2009). These manners of defining 

the spatial weight matrix are motivated by the first law of geography “everything is 

related to everything else, but near things are more related than distant things” (Tobler 

1970). 

Although it is an undeniable fact that geographical proximity is a fundamental 

principle of spatial externalities, there are various mechanisms at the origin of spatial 

externalities which cannot be explained by geographical proximity only. The non-

geographical aspects include various types of “economic distance” (Fingleton and Le 

Gallo 2008) measured by migration flows, trade flows and social network. As a result, 

more realistic models of spatial externalities need to reflect not only the geographical 

dimension but also other aspects that vary with the context of the study. Nevertheless 

many applied spatial econometric studies still use spatial weight matrices based on pure 
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geographical proximity though the trend is changing recently (e.g. Parent and LeSage 

2008; Holly et al. 2011). 

In addition, although continuous developments in spatial econometric models 

have advanced the capacity of Economic Geographers and Regional Scientists to uncover 

spatially heterogeneous externalities, more efforts are needed. One standard model 

specification of spatial econometrics such as the spatial autoregressive model (SAR: 𝒀 =

𝜌𝑾𝒀 + 𝑿𝜷 + 𝜺) calculates heterogeneous local marginal effects of spatial externalities 

based on the off-diagonal elements of (𝑰 − �̂�𝑾)−1𝛽�̂�  (Elhorst 2014). Another popular 

specification is the spatial cross-regressive model (SLX: 𝒀 = 𝑿𝜷 + 𝑾𝑿𝜽 + 𝜺) that 

measures also heterogeneous local marginal effects using the elements of 𝑾𝜃𝑘. However 

since both model specifications rely on the pre-determined spatial weight matrix to 

calculate the local marginal effects of spatial externalities, their results are not robust to 

misspecification of the spatial weight matrix. Recent theoretical advances in spatial 

econometrics such as the spatial heteroskedasticity and autocorrelation consistent 

estimator (Kelejian and Prucha 2007) and the generalized method of moments estimator 

within a spatial context (Arraiz et al. 2010; Kelejian and Prucha 2010) can partly control 

for spatial heterogeneity. Parent and LeSage (2008) have also suggested a Bayesian 

hierarchical model coupled with spatially structured random effects to model this type of 

heterogeneity. However, the latter approaches are limited by their capacity to model 

heterogeneity in the form of heteroskedastic innovations only. 

Given the aforementioned background, this dissertation consists of three empirical 

essays focusing on developing more realistic spatial weight matrices and on modeling 
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spatial externalities in the frame of three sets of spatial econometric models. This 

dissertation provides Economic Geographers and Regional Scientists interested in the 

modeling and measurement of spatial externalities a set of practical examples based on 

new datasets and state-of-the-art spatial econometric techniques to consider for their own 

work. I hope my dissertation will provide them with some guidance on how various 

aspects of spatial externalities can be incorporated in traditional spatial weight matrices 

and of how much the impact of externalities can be spatially heterogeneous. The results 

of the dissertation should help spatial and regional policy makers to understand better 

various aspects of interregional dependence in regional economic systems and to devise 

locally effective and place-tailored spatial and regional policies. 

The following chapter provides the first essay which investigates the negative 

spatial externalities of irrigation on corn production. Irrigation is an effective strategy to 

support crop production in the presence of irregular weather conditions. The spatial 

externalities of its water sources are well known but have never been examined in a 

spatial econometric framework. We investigate their role in a theoretical model of profit-

maximizing farming and verify our predictions empirically in a crop production function 

measured across US Corn Belt counties. The interregional groundwater and surface water 

externalities are modeled based on actual aquifer and river stream network 

characteristics. The estimation results show that groundwater irrigation displays 

significant negative externalities on corn yield even after controlling for endogeneity. 

The third chapter contains the second essay examining the positive spatial 

externalities of academic and private R&D spending in the frame of a regional 
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knowledge production function measured across US counties. It distinguishes the role of 

local knowledge spillovers that are determined by geographical proximity from distant 

spillovers that we choose to capture through a matrix of patent creation-citation flows. 

The advantage of the latter matrix is its capacity to capture the technological proximity 

between counties as well as the direction of knowledge spillovers. These two elements 

have been missed in the literature so far. 

The fourth chapter presents the last essay that highlights and measures the 

presence of spatial heterogeneity in the marginal effect of the innovation inputs, more 

especially of the interregional knowledge spillovers. The literature of knowledge 

production function has adopted geographically aggregated units and controlled for 

region-specific conditions to highlight the presence of spatial heterogeneity in regional 

knowledge creation. However, most empirical studies have relied on a global modeling 

approach that measures spatially homogenous marginal effects of knowledge inputs. This 

essay explains the source of the heterogeneity in innovation and then measures the spatial 

heterogeneity in the marginal effects of knowledge spillovers as well as of other 

knowledge input factors across US counties. For this purpose, the nonparametric local 

modeling approaches of Geographically Weighted Regression (GWR) and Mixed GWR 

are used. 

The last chapter summarizes the main contributions and results of this dissertation 

and it closes the manuscripts with some remarks on spatial econometric modeling of 

spatial externality and spatial heterogeneity. 

 



CHAPTER 2 

 

NEGATIVE SPATIAL EXTERNALITY:  

THE ROLE OF THE SPATIAL EXTERNALITIES OF IRRIGATION  

ON CORN PRODUCTION
1
 

 

 

2.1 Introduction 

Increasing concerns about global warming have led to a surge of studies 

estimating the impact of climate change on agriculture. Various methodologies have been 

used in that purpose. They range from the agronomic simulation models (Adams et al. 

1995; Tol 1995; Reilly et al. 2003), the regression analyses of crop production and rural 

economy (McCarl et al. 2008; Schlenker and Roberts 2009; Seo 2012) to the Ricardian 

approach which assumes adaptation in farming (Mendelsohn et al. 1994; Schlenker et al. 

                                                 
1
 This chapter is based on the working paper of Kang and Dall'erba (2015b), “The Role of the Spatial 

Externalities of Irrigation on Corn Production: Empirical Evidence on the US Corn Belt Counties” which 

is submitted to Papers in Regional Science. We would like to thank Francina Dominguez, Assistant 

Professor in the department of Atmospheric Sciences at the University of Arizona, for her help in 

generating the fine-scale climate variables used in this study. We also thank Professor Tiemen Woutersen 

and Professor Daoqin Tong at the University of Arizona, Ph.D. Candidate Jae-hoon Sung at Iowa State 

University as well as the participants of the Regional Economics And Spatial Modeling laboratory 

seminars and the participants of the 54th Western Regional Science Association meeting for their helpful 

comments and suggestions. 
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2005; Deschenes and Greenstone 2007). Although these studies do not reach a consensus 

on the future of agriculture under new climate conditions, most studies agree that 

increasing variation in precipitation (Jury and Vaux 2005) and more frequent extreme 

warm temperature (Adams et al. 1995; Schlenker and Roberts 2009; Lobell and Burke 

2010) that most climate models predict for the decades to come will harm agriculture. 

This dismal prediction has been the main motivation for a large literature focusing on 

how to make agriculture more resilient and identifying which adaptation strategies would 

allow crop production to keep feeding a growing global population (IPCC 2007; Tubiello 

et al. 2007; Lobell et al. 2008; Walthall et al. 2012). 

Several agronomic and economic processes have already been suggested as 

climate change adaptation strategies. Changes in crop species and in the operation timing 

as well as larger investments in new technologies are only some of them (Easterling 

1996). Another widely recognized strategy is the use of irrigation as a way to compensate 

for the lack of precipitation and/or to mitigate its greater variability (Easterling 1996; van 

der Velde et al. 2010; Tang et al. 2014). Irrigation provides 90% of consumptive water 

use globally and its role on improving agricultural productivity is well-established 

(Siebert et al. 2010). Groundwater irrigation feeds 40% of the irrigated areas in the world 

and 60% in the US currently (Siebert et al. 2010). Surface water irrigation also has a 

major role, more especially in many African countries (e.g. Gichuki 2004; 

Kurukulasuriya et al. 2011).  

Both surface water and groundwater are well known for the spatial externalities 

they generate due to their common resource properties. Groundwater creates both stock 



20 

 

externalities and pumping cost externalities (Provencher and Burt 1993). The former take 

place when the water pumped by a farmer in period t reduces the stock of groundwater 

available in period t+1 to all the other farmers that share the same aquifer. The latter arise 

when pumping in one location increases the cost of pumping in any other location sharing 

the aquifer due to lower level of groundwater table. The same types of negative 

externalities exist in surface water as its availability and cost to downstream farmers 

depend on the behavior of upstream farmers, more especially during the dry seasons 

(Gichuki 2004). The presence and enforcement of water rights modify the allocation of 

water across farmers (e.g. Colby et al. 1993; Foran et al. 1995; Wollmuth and Eheart 

2000; An and Eheart 2006; Ghimire and Griffin 2014) but it does not completely 

eradicate the possibility of the above externalities.  

Although scarce water resources for irrigation are mainly threatening semi-arid 

regions (Frederick 1991), it is expected that even the regions currently with adequate 

water supplies will increase the share of their irrigated land as the climate gets hotter and 

drier and as precipitation becomes more irregular (Frederick and Major 1997). As such 

agricultural regions will use more irrigation water and their spatial externalities would 

have more significant impacts on the water availability and irrigation cost, thereby 

affecting agricultural production. If the spatial externalities of irrigation on agricultural 

production are negative and not negligible then it is necessary to consider additional 

water management efforts to alleviate them. 

Given the aforementioned background, the purpose of this study is to examine the 

spatial externalities of groundwater and surface water irrigation on corn production 
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across the US Corn Belt counties. Corn is the most produced staple crop in the world 

(Strange and Scott 2005) and its role as a biofuel has kept growing (Landis et al. 2008; 

National Corn Growers Association 2011). We choose the US Corn Belt as it is one of 

the most productive corn region in the world (Baker et al. 2012) and geographical 

disparities in the level of precipitation make its areas rely on irrigation differently. 

Central and eastern counties depend on precipitation while the western counties use 

irrigation water much more (Grassini et al. 2009). Recent global climate models forecast 

that annual precipitation will increase continuously in the Midwest but more rain will 

concentrate in intense storm events causing more frequent flooding especially in winter 

and spring (Karl et al. 2009). In addition, more frequent, severe and longer droughts and 

heat waves are expected in the future (Karl et al. 2009; Trenberth 2011). Greater variation 

in temperature and precipitation means that the Corn Belt would require more irrigation 

not only in its western part but also in its central and eastern areas (Dominguez-Faus et 

al. 2013). As a result, the Corn Belt constitutes an interesting study area to investigate the 

spatial externalities of irrigation on corn production.  

The remainder of this paper is organized as follows: Section 2.2 provides the 

theoretical model that allows us to derive the marginal impact of the spatial externalities 

of irrigation on corn yield. Section 2.3 describes our empirical estimation model and the 

data associated to it. We also explain how to construct interregional water linkages based 

on aquifer and river stream networks and the instrumental variables to control for their 

possible endogeneity problem. The estimation results are reported in Section 2.4. Finally, 
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Section 2.5 highlights the main contributions and closes the chapter with some 

suggestions to improve water management strategies for the future. 

 

2.2 Theoretical Model 

We assume that farmer i is a profit maximizer and price taker. The farmer utilizes 

a set of conventional inputs 𝐱𝐢 and irrigation water 𝑟𝑖 under exogenous soil and weather 

conditions 𝐞𝐢 to produce a single output 𝑦𝑖 (i.e. corn yield in our case) using a technology 

of production function 𝑓(⋅) of the concave property with respect to each of the k
th

 input 

element and irrigation water (Equation 2.1). We use (𝑝,𝛚, 𝑐𝑖) to denote the output price, 

a set of input prices and the marginal unit cost of irrigation respectively. The irrigation 

cost depends on the quantity of available water (𝑅𝑖), water use regulations (𝑠𝑖) and the 

characteristics of aquifers ( 𝛉𝐀) and river streams ( 𝛉𝐑)  because irrigation water is 

extracted from aquifers and river streams (Equation 2.2). The quantity of available water 

for irrigation is basically determined by weather conditions. But since water sources of 

irrigation are common property resources, the water available to farmer i decreases with 

the quantity of groundwater irrigation (𝑟𝑗𝐴) and surface water irrigation (𝑟𝑗𝑅) used by 

(upstream) neighbor farmer j. But the degree of the influence of neighbor farmer j’s on 

the water available to farmer i is conditional on the characteristics of the aquifers (e.g. 

soil saturated thickness and transmissivity) determining the groundwater flows and on 

those of the river streams (e.g. the subsurface storage capacity and the velocity of the 

river flow). In addition, neighbors that are located at a greater distance 𝑑𝑖𝑗 are assumed to 

have a lesser impact than close ones because of Darcy’s Law of fluid motion (e.g. 
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Pfeiffer and Lin 2012; Guilfoos et al. 2013).
2
 Water use regulations can also affect the 

water availability. As a result, the quantity of available water (𝑅𝑖) is a function of the 

aforementioned conditions and can be specified as in Equation (2.3). 

 

𝑦𝑖 = 𝑓(𝐱𝐢, 𝑟𝑖| 𝐞𝐢) 𝑎𝑛𝑑 
𝜕𝑓

 𝜕𝑥𝑘𝑖
≥ 0,

𝜕2𝑓

 𝜕𝑥𝑘𝑖
2
≤ 0,

𝜕𝑓

 𝜕𝑟𝑖
≥ 0,

𝜕2𝑓

 𝜕𝑟𝑖
2
≤ 0    (2.1) 

𝑐𝑖 = 𝑔1(𝑅𝑖, 𝑠𝑖, 𝛉𝐀, 𝛉𝐑)        (2.2) 

𝑅𝑖 = 𝑔2(𝐞𝐢, 𝑟𝑗𝐴, 𝑟𝑗𝑅 , 𝑑𝑖𝑗 , 𝛉𝐀, 𝛉𝐑, 𝑠𝑖) 𝑎𝑛𝑑  
𝜕𝑅𝑖

𝜕𝑟𝑗𝐴
≤ 0,   

𝜕𝑅𝑖

𝜕𝑟𝑗𝑅
≤ 0  (2.3) 

 

The profit function of farmer i is set up as in Equation (2.4) under the given water 

availability. The profit-maximizing problem of farmer i is equivalently represented as the 

Lagrangian function depicted in Equation (2.5). The first-order conditions for the 

Lagrangian function return the criteria of choosing the profit-maximizing inputs (𝐱𝐢
∗) and 

irrigation (𝑟𝑖
∗) (Equations 2.6 and 2.7). Based on these first-order conditions, the reduced 

form equations of the profit-maximizing inputs, irrigation and output (Equations 2.8, 2.9, 

2.10) are composed of exogenous factors only, especially with respect to neighbor farmer 

j’s irrigation water use.  

 

                                                 
2
 Darcy’s Law depicts the water volume flowing from point i to point j at time t as 𝑄𝑖𝑗𝑡 =

𝐾𝐴0𝑖(𝐻𝑖𝑡−𝐻𝑗𝑡)

𝑑𝑖𝑗
 

where K is hydraulic conductivity, 𝐴0𝑖  means the area through which water flows, (𝐻𝑖𝑡 − 𝐻𝑗𝑡) is the 

difference in the height of water level at two points and 𝑑𝑖𝑗  stands for the distance of the flow path 

between these two points (Guilfoos et al. 2013, p.32).  
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𝑀𝑎𝑥 𝑥𝑖,𝑟𝑖
  𝜋𝑖 = 𝑝 ⋅ 𝑦𝑖 − 𝐱𝐢′ ⋅ 𝛚 − 𝑟𝑖 ⋅ 𝑐𝑖(𝑅𝑖)    𝑠. 𝑡.    𝑟𝑖 ≤ 𝑅𝑖    (2.4) 

𝐿 =  𝑝 ⋅ 𝑦𝑖 − 𝐱𝐢′ ⋅ 𝛚 − 𝑟𝑖 ⋅ 𝑐𝑖 + 𝜆[𝑅𝑖 − 𝑟𝑖]  𝑎𝑛𝑑  𝜆 ≥ 0   (2.5) 

𝜕𝐿

𝜕𝑥𝑘𝑖
= 𝑝 ⋅

𝜕𝑦𝑖

𝜕𝑥𝑘𝑖
− 𝜔𝑘 = 0  →  

𝜕𝑦𝑖

𝜕𝑥𝑘𝑖
|
𝑥𝑘𝑖=𝑥𝑘𝑖

∗
=

𝜔𝑘

𝑝
    (2.6) 

𝜕𝐿

𝜕𝑟𝑖
= 𝑝 ⋅

𝜕𝑦𝑖

𝜕𝑟𝑖
− 𝑐𝑖 − 𝜆 = 0  →  

𝜕𝑦𝑖

𝜕𝑟𝑖
|
𝑟=𝑟𝑖

∗
=

𝑐𝑖+𝜆

𝑝
    (2.7) 

𝑥𝑘𝑖
∗ = ℎ1(𝐞𝐢, 𝑝, 𝛚, 𝑅𝑖(𝐞𝐢, 𝑟𝑗𝐴, 𝑟𝑗𝑅 , 𝑑𝑖𝑗, 𝛉𝐀, 𝛉𝐑, 𝑠𝑖), 𝑐𝑖(𝑅𝑖, 𝑠𝑖, 𝜽𝑨, 𝜽𝑹) )  (2.8) 

𝑟𝑖
∗ = ℎ2(𝐞𝐢, 𝑝, 𝛚, 𝑅𝑖(𝐞𝐢, 𝑟𝑗𝐴, 𝑟𝑗𝑅 , 𝑑𝑖𝑗 , 𝛉𝐀, 𝛉𝐑, 𝑠𝑖), 𝑐𝑖(𝑅𝑖, 𝑠𝑖, 𝜽𝑨, 𝜽𝑹) )  (2.9) 

𝑦𝑖
∗ = 𝑓(𝐱𝐢

∗, 𝑟𝑖
∗| 𝐞𝐢) = ℎ3(𝐞𝐢, 𝑝, 𝛚, 𝑟𝑗𝐴, 𝑟𝑗𝑅 , 𝑑𝑖𝑗, 𝛉𝐀, 𝛉𝐑, 𝑠𝑖)    (2.10) 

 

Based on Equation (2.10), we can measure the marginal impact of neighbor j’s 

use of irrigation water, i.e. the spatial externalities of irrigation, on the profit-maximizing 

output via changes in the profit-maximizing inputs and irrigation of farmer i by the 

envelope theorem. For example, when neighboring farmer j uses more groundwater for 

irrigation, it leads to changes in profit-maximizing inputs and irrigation level of farmer i 

(the first row of Equation 2.11). But since the marginal product of inputs as well as the 

input and output prices are not sensitive to the marginal change in the neighbor’s water 

use, we assume that farmer j has a negligible impact on the profit-maximizing inputs of 

farmer i.  

 

𝜕𝑦𝑖
∗

𝜕𝑟𝑗𝐴
= ∑ (

𝜕𝑦𝑖
∗

𝜕𝑥𝑘𝑖
∗ ⋅

𝜕𝑥𝑘𝑖
∗

𝜕𝑟𝑗𝐴
)𝑘 + (

𝜕𝑦𝑖
∗

𝜕𝑟𝑖
∗ ⋅

𝜕𝑟𝑖
∗

𝜕𝑟𝑗𝐴
) = (

𝜕𝑦𝑖
∗

𝜕𝑟𝑖
∗ ⋅

𝜕𝑟𝑖
∗

𝜕𝑟𝑗𝐴
)    

        =
𝜕𝑦𝑖

∗

𝜕𝑟𝑖
∗ ⋅ [

𝜕𝑟𝑖
∗

𝜕𝑅𝑖
⋅

𝜕𝑅𝑖

𝜕𝑟𝑗𝐴
+

𝜕𝑟𝑖
∗

𝜕𝑐𝑖
⋅

𝜕𝑐𝑖

𝜕𝑟𝑗𝐴
]  𝑏𝑦 𝑎𝑠𝑠𝑢𝑚𝑖𝑛𝑔 

𝜕𝑥𝑘𝑖
∗

𝜕𝑟𝑗𝐴
= 0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑘 
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        = (
𝜕𝑦𝑖

∗

𝜕𝑟𝑖
∗ ⋅

𝜕𝑟𝑖
∗

𝜕𝑅𝑖
⋅

𝜕𝑅𝑖

𝜕𝑟𝑗𝐴
) + (

𝜕𝑦𝑖
∗

𝜕𝑟𝑖
∗ ⋅

𝜕𝑟𝑖
∗

𝜕𝑐𝑖
⋅

𝜕𝑐𝑖

𝜕𝑟𝑗𝐴
) ≤ 0      (2.11) 

𝜕𝑦𝑖
∗

𝜕𝑟𝑗𝑅
= (

𝜕𝑦𝑖
∗

𝜕𝑟𝑖
∗ ⋅

𝜕𝑟𝑖
∗

𝜕𝑅𝑖
⋅

𝜕𝑅𝑖

𝜕𝑟𝑗𝑅
) + (

𝜕𝑦𝑖
∗

𝜕𝑟𝑖
∗ ⋅

𝜕𝑟𝑖
∗

𝜕𝑐𝑖
⋅

𝜕𝑐𝑖

𝜕𝑟𝑗𝑅
) ≤ 0      (2.12) 

 

On the other hand, the marginal impact of the neighbor’s water use on the 

irrigation level of farmer i is not negligible. We first decompose the externalities of 

groundwater irrigation on farmer i’s the profit-maximizing output via changes in profit-

maximizing irrigation with respect to the stock externality and the pumping cost 

externality (the third row of Equation 2.11). The first term of the right hand side of the 

equation represents the stock externality of groundwater irrigation. When neighbor 

farmer j’s use of groundwater decreases the water availability of farmer i (
𝜕𝑅𝑖

𝜕𝑟𝑗𝐴
≤ 0), it 

limits farmer i’s use of irrigation water (
𝜕𝑟𝑖

∗

𝜕𝑅𝑖
≥ 0), thereby reducing the profit-

maximizing output (
𝜕𝑦𝑖

∗

𝜕𝑟𝑖
∗ ≥ 0). The second term of the right hand side of the equation 

illustrates the cost externality. As well recognized in the literature of groundwater 

management (Negri 1989; Provencher and Burt 1993; Brozovic et al. 2010; Pfeiffer and 

Lin 2012), the neighboring farmer j’s use of groundwater can lower the height of the 

available groundwater table, thereby increasing the marginal unit cost of irrigation 

(
𝜕𝐶𝑖

𝜕𝑟𝑗𝐴
≥ 0). A higher irrigation cost forces the farmer to reduce the use of irrigation water 

(
𝜕𝑟𝑖

∗

𝜕𝐶𝑖
≤ 0) because of the decreasing marginal product of irrigation (see Equation 2.1 and 

Figure 2.1), thereby reducing the profit-maximizing output. As a result, both types of  
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Figure 2.1 Irrigation Cost Effect on the Profit-Maximizing Irrigation 𝒓𝒊

∗ 

 

externalities have a negative impact on the profit-maximizing output. By symmetry, the 

spatial externality of neighbor j’s surface water irrigation has the same marginal impact 

composition. It is reported in Equation (2.12). 

As described in the theoretical model above, we expect that the individual impact 

of each type of externality on corn yield will be negative. However, due to a lack of 

information on the actual structural form of the production process, the cost function of 

irrigation and the hydraulic processes at work, we have no choice but to estimate a 

reduced form equation that does not allow us to distinguish the cost externalities from the 

stock ones. As such, the following section focuses on the empirical estimation of the 

impact of the overall irrigation externalities instead. 
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2.3 Empirical Model and Data 

Based on the reduced form of the profit-maximizing corn yield (Equation 2.10), 

we set Equation (2.13) as a linear cross-sectional corn production function of exogenous 

variables to empirically estimate the spatial externalities of irrigation. Data related to 

weather, soil, aquifer, and river stream characteristics relevant to corn yield are measured 

across 1,001 US Corn Belt counties since we do not have access to farm-level data. These 

counties belong to the following 11 states: Illinois, Indiana, Iowa, Kansas, Michigan, 

Minnesota, Missouri, Nebraska, Ohio, South Dakota, and Wisconsin. The dependent 

variable is the log of the 2007 corn yield per acre of harvested cropland. It is collected 

from the 2007 USDA Census of Agriculture. Out of the 1,001 counties that constitute our 

study area, 21 counties do not cultivate corn in 2007 and 24 counties do not report corn 

yield for confidentiality reasons. In addition, 86 counties do not report any irrigation data. 

Therefore, our sample is composed of 870 counties and Table 2.1 shows the precise 

definition of our variables, their units of measurement as well as some descriptive 

statistics. Irrigation, the variable of interest, is defined as the proportion of irrigated 

farmland to land in farm measured in 2007 (Irrigation) rather than groundwater and 

surface water withdrawals for crop irrigation because of data availability
3
.  

                                                 
3
 The US Geological Survey (USGS) provides estimates of groundwater and surface water used for crop 

irrigation at the county level every five year from 1985 to 2005 which does not correspond to our year of 

interest, 2007. We could use the 2005 USGS estimates as a proxy variable for 2007. However, 390 

values would be missing. In addition, Schlenker et al. (2005, p.398) point out that the USGS irrigation 

estimates have measurement errors because the estimates are based on theoretical estimations rather than 

actual water application on the farm. Another data source of agricultural irrigation is the USDA Farm and 
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It is well known that there is a lag between the time groundwater is pumped in a 

county and the time it affects neighboring regions (Provencher and Burt 1993). Since the 

only available complete irrigation data at the county level before 2007 is the 2002 USDA 

Census of Agriculture, we use the latter data to model the spatial externality of 

groundwater irrigation (Irrigation_2002). However, we discover that out of the 870 

counties that compose our sample, 85 counties do not report the 2002 irrigation ratio for 

confidentiality reasons. We fill the missing values with their 2007 irrigation value. In 

order to test the sensitivity of estimation results with/without the counties missing the 

2002 irrigation data, we additionally construct the sub-sample of 785 counties only. The 

descriptive statistics of this sub-sample is reported in Table 2.2. 

 

ln(𝒀𝒊𝒆𝒍𝒅𝒊,𝟐𝟎𝟎𝟕) =

 𝛽1 + 𝛽2𝑫𝒅𝒂𝒚𝒔𝒊,𝟐𝟎𝟎𝟕 + 𝛽3𝑯𝒅𝒂𝒚𝒔𝒊,𝟐𝟎𝟎𝟕 + 𝛽4𝑻𝒐𝒕𝒂𝒍𝒑𝒑𝒊,𝟐𝟎𝟎𝟕 + 𝛽5(𝑻𝒐𝒕𝒂𝒍𝒑𝒑𝒊,𝟐𝟎𝟎𝟕)
𝟐
+

∑ 𝛽𝑘𝑺𝒐𝒊𝒍𝒌𝒊
10
𝑘=6 + 𝛽11𝑹𝒐𝒄𝒌𝒊 + 𝛽12𝑫𝒓𝒐𝒖𝒈𝒉𝒕𝒊 + 𝛽13 ∑ 𝑹𝒊𝒋 ⋅ 𝑰𝒓𝒓𝒊𝒈𝒂𝒕𝒊𝒐𝒏𝒋,𝟐𝟎𝟎𝟕𝑗≠𝑖 +

 𝛽14 ∑ 𝑨𝒊𝒋 ⋅ 𝑰𝒓𝒓𝒊𝒈𝒂𝒕𝒊𝒐𝒏𝒋,𝟐𝟎𝟎𝟐𝑗≠𝑖 + ∑ 𝛾𝑙𝑺𝒕𝒂𝒕𝒆𝒍
10
𝑙=1 + 휀𝑖       (2.13) 

 

 

 

                                                                                                                                                 
Ranch Irrigation Survey but it reports state level data only. For these reasons, we use the proportion of 

irrigated farmland to land in farm as a proxy variable for irrigation at the county level. 



Table 2.1 Descriptive Statistics (N=870) 

Category Variable Explanation Mean Median S.D. Min Max 

Corn production Yield Corn yield in 2007 (bushel per acre) 134.84 137.66 31.19 24.69 205.25 

Weather 

conditions 

Ddays 
Degree days (50~86°F), March-August 2007 (hundred 

degree days) 
30.01 30.89 3.66 18.36 37.41 

Hdays 
Degree days over 86°F, March-August 2007 (hundred 

degree days) 
1.95 1.36 1.96 0.00 9.47 

Totalpp Total Precipitation, March-August 2007 (hundred mm) 5.34 5.21 1.32 2.40 9.28 

Totalpp_sq 
Total Precipitation squared, March-August 2007 (hundred 

mm) 
30.28 27.09 14.65 5.74 86.07 

Soil conditions 

Moisture Moisture Capacity (cm/cm) 0.19 0.20 0.04 0.02 0.38 

Erodibility Soil erodibility (K factor ratio: 0.02 ~ 0.69) 0.31 0.31 0.06 0.13 0.48 

Sand Sand content ratio 0.30 0.25 0.18 0.01 0.94 

Salinity Salinity (mmhos/cm) 0.09 0.00 0.25 0.00 1.53 

Slope Slope steepness (%) 6.71 4.06 6.74 0.96 43.43 

Aquifer/river 

characteristics 

Rock 
Ratio of unconsolidated/semi-consolidated sand aquifers 

and gravel aquifers over a county area 
0.13 0.00 0.32 0.00 1.00 

Drought 
Average ratio of a county area affected by severe drought 

during 2000-2006 growing season 
0.09 0.05 0.11 0.00 0.58 

Irrigation level 
Irrigation Irrigation ratio in 2007 0.16 0.06 0.23 0.00 0.97 

Irrigation_2002 Irrigation ratio in 2002 0.05 0.01 0.10 0.00 0.77 

Spatial 

externality 

R*irrigation 
Weighted sum of neighbor’s 2007 irrigation based on river 

streams 
0.03 0.01 0.07 0.00 0.85 

A*irrigation_2002 
Weighted sum of neighbor’s 2002 irrigation based on 

aquifers 
0.04 0.01 0.08 0.00 0.42 

Excluded 

instrumental 

variables 

R*Ddays 
Weighted sum of neighbor’s 2007 degree days based on 

river streams 
8.88 3.58 18.72 0.00 184.90 

A*Ddays 
Weighted sum of neighbor’s 2007 degree days based on 

aquifers 
14.37 13.82 12.47 0.00 50.36 

R*Totalpp 
Weighted sum of neighbor’s 2007 total precipitation based 

on river streams 
1.57 0.64 3.27 0.00 33.84 

A*Totalpp 
Weighted sum of neighbor’s 2007 total precipitation based 

on aquifers 
2.61 2.50 2.29 0.00 9.65 

Note: 870 counties are used for our study. Out of these counties, 85 counties do not provide the 2002 irrigation ratio because of confidentiality. We 

filled the missing values with their 2007 irrigation ratio. 
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Table 2.2 Descriptive Statistics (N=785) 

Category Variable Explanation Mean Median S.D. Min Max 

Corn production Yield Corn yield in 2007 (bushel per acre) 134.08 137.08 31.17 24.69 205.25 

Weather 

conditions 

Ddays 
Degree days (50~86°F), March-August 2007 (hundred 

degree days) 
29.95 30.80 3.70 18.36 37.41 

Hdays 
Degree days over 86°F, March-August 2007 (hundred 

degree days) 
1.95 1.34 1.98 0.00 9.47 

Totalpp Total Precipitation, March-August 2007 (hundred mm) 5.31 5.16 1.32 2.40 9.28 

Totalpp_sq 
Total Precipitation squared, March-August 2007 (hundred 

mm) 
29.92 26.57 14.58 5.74 86.07 

Soil conditions 

Moisture Moisture Capacity (cm/cm) 0.19 0.20 0.04 0.02 0.38 

Erodibility Soil erodibility (K factor ratio: 0.02 ~ 0.69) 0.31 0.31 0.06 0.13 0.48 

Sand Sand content ratio 0.31 0.25 0.19 0.01 0.94 

Salinity Salinity (mmhos/cm) 0.09 0.00 0.25 0.00 1.53 

Slope Slope steepness (%) 6.75 4.08 6.75 0.96 43.43 

Aquifer/river 

characteristics 

Rock 
Ratio of unconsolidated/semi-consolidated sand aquifers 

and gravel aquifers over a county area 
0.15 0.00 0.34 0.00 1.00 

Drought 
Average ratio of a county area affected by severe drought 

during 2000-2006 growing season 
0.09 0.05 0.11 0.00 0.58 

Irrigation level 
Irrigation Irrigation ratio in 2007 0.17 0.07 0.23 0.00 0.97 

Irrigation_2002 Irrigation ratio in 2002 0.05 0.01 0.10 0.00 0.77 

Spatial 

externality 

R*irrigation 
Weighted sum of neighbor’s 2007 irrigation based on river 

streams 
0.04 0.01 0.08 0.00 0.85 

A*irrigation_2002 
Weighted sum of neighbor’s 2002 irrigation based on 

aquifers 
0.04 0.01 0.09 0.00 0.42 

Excluded 

instrumental 

variables 

R*Ddays 
Weighted sum of neighbor’s 2007 degree days based on 

river streams 
9.21 3.61 19.39 0.00 184.90 

A*Ddays 
Weighted sum of neighbor’s 2007 degree days based on 

aquifers 
15.00 14.60 12.65 0.00 50.36 

R*Totalpp 
Weighted sum of neighbor’s 2007 total precipitation based 

on river streams 
1.63 0.64 3.41 0.00 33.84 

A*Totalpp 
Weighted sum of neighbor’s 2007 total precipitation based 

on aquifers 
2.72 2.59 2.32 0.00 9.65 

Note: The above statistics are calculated based on 785 counties. Counties missing the 2002 irrigation ratio are excluded (85 out of 870 counties). 



We use temperature and precipitation to control for the weather conditions in our 

model. It is well-known in agronomy that the cumulative exposure to heat and 

precipitation over a growing season are crucial determinants in the growth process of any 

plant (Deschenes and Greenstone 2007). As a result, recent studies about climate impacts 

on agriculture use the concept of degree days (Schlenker et al. 2006; Deschenes and 

Greenstone 2007; Deschenes and Kolstad 2011). In the US, the growing days for corn are 

calculated based on the lower and upper thresholds of 50°F and 86°F (Wiatrak 2013) so 

that a day with an average temperature below 50°F results in 0 degree days, while a day 

with an average temperature between 50°F and 86°F contributes to “the average daily 

temperature (up to 86°F) – 50” degree days (Ddays). We also control for the possible 

harmful effect of high temperature (Ritchie and Nesmith 1991) using a degree day with 

an average temperature above 86°F (Hdays). It is calculated as “the average daily 

temperature (above 86°F) – 50”. In addition to temperature, we estimate the impact of 

precipitation by using the total precipitation accumulated over the corn’s growing season 

(Totalpp). We also control for the nonlinearity in precipitation by using the squared term 

of the total precipitation (Totalpp_sq). Following Schlenker and Roberts (2009), we 

define the growing season of corn as March to August 2007. 

The temperature and precipitation variables are based on the climate datasets from 

the NCEP North American Regional Reanalysis (NARR) provided by the 

NOAA/OAR/ESRL Physical Science Division. NARR is “a long-term, consistent, high-

resolution climate dataset for the North American domain, [it constitutes] a major 

improvement upon the earlier global reanalysis datasets in both resolution and accuracy” 
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(Mesinger et al. 2006). Because the NARR data provide temperature as well as 

precipitation at a 32 km
2
 spatial resolution and a 3-hourly temporal resolution over the 

conterminous United States, we are able to construct our climate variables with great 

accuracy. The NARR weather conditions are provided for each cell in a grid, not at the 

county level. This obliges us to first calculate temperature and precipitation at each cell, 

and then to use the Inverse Distance Weight method available in ArcGIS to interpolate 

the points and calculate their weighted average values based on the county area.  

We also control for several soil properties. Since the moisture level has a 

significant impact on corn yield (Wiatrak 2013), moisture capacity (Moisture) is 

included. Soil erosion (Erodibility) diminishes the productivity of soil (Ritchie and 

McHenry 1990) and sand burial (Sand) is known to decrease corn yield (Qu et al. 2012). 

Salinity is especially harmful to corn growth during the vegetative growth stage (Maas et 

al. 1983). In addition, we control for the average slope steepness of a county (Slope) 

expressed as the percentage of the difference in elevation between two points. All these 

control variables come from the Digital General Soil Map of the US (STATSGO2) 

generated by the Natural Resource Conservation Service. These data are provided in the 

shape of polygons of which size and geographical extent do not match the boundaries of 

the counties. As a result, we match them by relying on a weighted average of the soil 

properties based on the area of each county. This process is completed through the 

Intersect Analysis feature of ArcGIS. 

In order to control for the aquifer and river stream characteristics that affect the 

groundwater and surface water flows, we use the ratio of unconsolidated/semi-
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consolidated sand aquifers and gravel aquifers over a county area (Rock) and the average 

ratio of a county area affected by severe drought during the 2000-2006 growing seasons 

(Drought).
4
 The North American principal aquifers can be grouped by their rock types: 

unconsolidated/semi-consolidated sand and gravel aquifers, sandstone aquifers, 

carbonate-rock aquifers, aquifers in sandstone and carbonate rocks, and aquifers in 

igneous and metamorphic rocks (US Geological Survey 2014). Among these five types of 

aquifers, unconsolidated/semi-consolidated sand and gravel aquifers have a high 

hydraulic conductivity generally (US Geological Survey 2014). As such these types of 

aquifer are favorable to pumping groundwater for irrigation and, as a result, we choose 

them as an aquifer characteristic variable. Aquifer rock data come from “the Principal 

Aquifers of the 48 Conterminous US, Hawaii, Puerto Rico, and the US Virgin Islands” 

generated by the US Geological Survey (2003). This variable is constructed using the 

same method as the soil data.  

Counties having continuously experienced severe droughts in the past would have 

lower groundwater table and less surface flows. For this reason, we choose as a river 

stream characteristic the average ratio of a county area affected by severe drought over 

March-August of 2000 to 2006. These data comes from the National Drought Mitigation 

                                                 
4
 National Drought Mitigation Center (2014) reports five drought intensity classifications (D0, D1, D2, D3, 

D4) based on five key indicators: 1) Palmer Drought Index, 2) CPC Soil Moisture Model, 3) USGS 

Weekly Streamflow, 4) Standardized Precipitation Index, 5) Objective Short and Long-term Drought 

Indicator Blends. Their website provides detailed explanations about the classification. We select the 

drought intensity category “Severe Drought (D2)” for constructing the Drought variable. 
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Center (2014). In addition, each state has different regulations on groundwater and 

surface water use (e.g. Colby et al. 1993; Foran et al. 1995; Wollmuth and Eheart 2000; 

An and Eheart 2006; Ghimire and Griffin 2014). We control for heterogeneous water use 

regulations by adding state dummies (State). Although the output and input prices are 

exogenous determinants in Equation (2.10), their county-level information is not 

available to the authors. The National Agricultural Statistics Service of USDA provides 

the price of corn but only at the state and national levels, and we believe that the spatial 

heterogeneity in price level is not very significant across counties of the same state. Price 

heterogeneity at the state level is controlled for through the dummy variables. Although 

uncontrolled price variation at the county level may remain, state dummies allow us to 

generate unbiased estimates because they are not directly correlated to the weather/soil 

conditions, the aquifer/river stream characteristics, physical distance, or water use 

regulations. 

   

2.3.1 Aquifer and River Stream Networks 

As described in Table 2.1, the average ratio of irrigated farmland in 2007 is 16% 

but the median is 6%. Its standard deviation is 23% so that irrigation shows high variation 

in our data. Figure 2.2 presents the spatial distribution of irrigation. As mentioned in 

Grassini et al. (2009), the western counties experience insufficient annual rainfall so they 

are more irrigated than the central and eastern ones. Groundwater is the dominant source 

of irrigated water in the Corn Belt. Based on the estimated irrigation water data of the 

2008 Farm and Ranch Irrigation Survey, Figures 2.3 and 2.4 present the sources of 
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irrigated water by state in terms of irrigated acre and applied water respectively. With the 

exception of South Dakota, Michigan and Ohio, all the Corn Belt states show an 85% or 

higher groundwater dependency in their irrigated cropland. In addition, in all the states 

except South Dakota and Ohio 73% or more of the applied water for irrigation comes 

from groundwater. 

 

 
Figure 2.2 Percentage of Irrigated Farmland 

Data Source: USDA 2007 Census of Agriculture 
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Figure 2.3 Water Source of Irrigated Acres by Type 

Data Source: USDA 2008 Farm and Ranch Irrigation Survey 

 

 
Figure 2.4 Water Source of Applied Water by Type 

Data Source: USDA 2008 Farm and Ranch Irrigation Survey 
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Because of a lag between the time when groundwater is pumped and its effects 

are observed by neighboring farmers (Provencher and Burt 1993), the spatial externality 

of groundwater irrigation is modeled by using the weighted sum of neighbors’ 2002 

irrigation based on the aquifer rock characteristic and distance between counties as 

presented in Equation (2.14). If two counties sharing a common aquifer have a soil 

supporting high hydraulic conductivity, groundwater flows faster between them thereby 

they experience greater externalities. But distant neighboring counties should have a 

lesser influence than the closer ones as represented in Darcy’s Law (e.g. Pfeiffer and Lin 

2012; Guilfoos et al. 2013). As such, the weighting scheme 𝐴𝑖𝑗 is defined as the product 

of two counties’ Rock variables divided by the distance between counties as suggested by 

Darcy’s Law (see footnote 2). We add 1 to the product of the Rock variables to rule out 

the zero product values. We measure the distance as the great circle distance (in 

kilometers) between the centroids of counties i and j (𝑑𝑖𝑗). 

 

∑  𝐴𝑖𝑗 ⋅ 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑖𝑜𝑛𝑗,2002𝑗≠𝑖  where  𝐴𝑖𝑗 =

(1 + 𝑅𝑜𝑐𝑘𝑖 ⋅ 𝑅𝑜𝑐𝑘𝑗)

𝑑𝑖𝑗
  if counties 𝑖 and 𝑗 share the same aquifer and 𝐴𝑖𝑗 = 0 otherwise 

           (2.14) 

  

We identify the counties sharing a common aquifer as those for which any part of 

their area overlaps with the same aquifer. Aquifer data come from “the Principal Aquifers 

of the 48 Conterminous US, Hawaii, Puerto Rico, and the US Virgin Islands” made by  
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Figure 2.5 Map of Aquifers 

Data Source: US Geological Survey (2003) 

 

US Geological Survey (2003). Figure 2.5 presents the geographical distribution of the 

113 individual aquifers (colored polygons) laid under the Corn Belt counties. 

We construct the spatial externality of surface water irrigation by using the 

weighted sum of upstream neighbors’ 2007 irrigation based on the upstream-downstream 

river connections and the mean velocity of a river arc (feet per second) flowing from 

node 𝐹𝑘 to node 𝑇𝑘 and its length (in kilometers). Since the externalities of surface water 

do not require as much time as the externalities of groundwater to take place, we use the 

2007 irrigation ratio to model the surface water externality. We rely on Equation (2.15) 

below where the weighting scheme 𝑅𝑖𝑗 is defined as the sum of the velocity of a river arc 

divided by its length of all river arcs flowing from upstream counties to county i.  
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∑  𝑅𝑖𝑗 ⋅ 𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑖𝑜𝑛𝑗,2007𝑗≠𝑖  where  𝑅𝑖𝑗 = ∑ (
𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑘(𝐹𝑘,𝑇𝑘)

𝑙𝑒𝑛𝑔𝑡ℎ𝑘(𝐹𝑘,𝑇𝑘)

)  if𝑘 node 𝐹𝑘 ∈

𝐴𝑟𝑒𝑎(𝑗) and node 𝑇𝑘 ∈ 𝐴𝑟𝑒𝑎(𝑖) and 𝑅𝑖𝑗 = 0 otherwise        (2.15) 

 

In order to identify the upstream-downstream river connections and the direction 

of the river flows between counties, we consult the spatial data “Enhanced River Reach 

File 2.0” generated by Nolan et al. (2003). This network data is based on watershed 

boundaries, interconnected stream segments and reaches comprising the US surface water 

drainage system (Nolan et al. 2003). This data consists of river stream arcs where each 

arc is associated to two nodes. The direction and the mean velocity of the flow are also 

reported in the dataset. If the k
th

 river flows from node 𝐹𝑘 to node 𝑇𝑘 which are located in 

counties j and i respectively, the amount of surface water used in county j affects the one 

in county i but not inversely. Figure 2.6 shows the geographical distribution of the 9,488 

segmented river arcs (blue lines) and associated nodes (black dots) overlying the Corn 

Belt counties.  
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Figure 2.6 Map of River Streams 

Data Source: Nolan et al. (2003) 

 

2.3.2 Possible Endogeneity of the Spatial Externalities Variables 

In our theoretical model, the use of water by neighboring farmers is definitely 

exogenous to farmer i’s profit-maximizing decision. As a result, the spatial externalities 

of groundwater and surface water should be treated as exogenous in the empirical model. 

However there is a possible remaining source of endogeneity in our empirical model 

(Equation 2.13). Even with the presence of state dummies to control for input and output 

prices, there could be uncontrolled price variations at the county level. Since the output 

and input prices are one of the exogenous determinants of the profit-maximizing 

irrigation (Equation 2.9), the weighted sum of neighbors’ irrigation could be correlated to 

this uncontrolled, county-level, price variation. 
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In order to deal with the possible endogeneity of the spatial externality variables, 

we use as instrumental variables (IVs) the weighted sums of degree days and total 

precipitation based on the aquifer and river stream networks (A*Ddays, R*Ddays, 

A*Totalpp, R*Totalpp, see Equations 2.14 and 2.15 for the definition of the weighting 

schemes 𝐴𝑖𝑗 and 𝑅𝑖𝑗). Since the weather conditions are definitely exogenous determinants 

of the profit-maximizing irrigation level and are not directly related to the output price, 

we believe the weighted sums of the weather conditions are appropriate IVs for the 

spatial externalities of irrigation. Several spatial econometric studies have already 

showed that the weighted sums of controlled exogenous variables provide appropriate 

instruments (e.g. Kelejian and Prucha 1998; Fingleton and Le Gallo 2008; Arraiz et al. 

2010).  

 

2.4 Estimation Results 

Estimation results are reported in Table 2.3. Models 1 and 2 are based on the 

sample of 870 counties. Model 1 assumes that the two spatial externality variables are not 

correlated to the error terms hence it is estimated by OLS. The diagnostic statistics 

indicate the significant presence of heteroskedasticity (BP test from Breusch and Pagan 

1979) and of spatial correlation (Moran’s I statistic from Cliff and Ord 1981) in the 

distribution of the error terms. In order to control for the simultaneous presence of these 

two effects in the error terms, we adopt the nonparametric spatial HAC estimator 

developed by Kelejian and Prucha (2007). It is based on a Parzen kernel function with the 

bandwidth of 137 kilometers that ensures every county has at least one neighbor. The 
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estimation results of Model 1 generally correspond to the usual agronomic knowledge. 

Degree days and precipitation have the expected positive and significant impacts on corn 

yield. The negative impact of the squared term of precipitation confirms the idea of a 

nonlinear role of precipitation on output. But the impact of hot degree days above 86°F is 

not significant. Among the significant soil characteristics, we find that moisture capacity 

and slope steepness show positive and negative roles on corn production respectively. 

The variables of aquifer rock property and historical drought damage display the 

expected sign. 

With regards to the spatial externalities of irrigation, we find that the externalities 

of surface water are not significant but those of groundwater are significantly negative on 

the profit-maximizing corn production. In order to interpret the results more completely, 

we calculate the elasticity of corn yield with respect to the groundwater externalities 

(Gujarati and Porter 2009, pp.159-173).
5
 When evaluated at its mean value (reported in 

Table 2.1), we find that on average a 1% increase in the neighbors’ groundwater 

irrigation leads to a 0.054% decrease in corn yield. In order to examine the presence of a 

possible endogeneity problem in both types of water externalities, we first test the 

appropriateness of our IVs in terms of weak-instruments and over-identification. All 

spatial HAC robust joint F tests in the first stage regression support the strong correlation 

                                                 
5
 Since our estimation model is a log-lin model, our estimates represent the semi-elasticity of corn yield 

with respect to an explanatory variable X, i.e. �̂� = (∆𝑌/𝑌) ∆𝑋⁄ . They can be transformed to an elasticity 

(∆𝑌/𝑌) (∆𝑋/𝑋)⁄  by multiplying �̂� by the mean value of X. 
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between each of the two externality variables and the IVs. In addition, the Kleibergen-

Paap rk Wald F statistic (Kleibergen and Paap 2006) is greater than 10, the “rule of 

thumb” suggested by Staiger and Stock (1997). When we test the potential issue of over-

identification with Hansen’s J statistic, the result does not cast any doubt about the 

orthogonality of our IVs with respect to the error terms (Greene 2011). But the Durbin-

Wu-Hausman robust F statistic (Durbin 1954; Wu 1973; Hausman 1978) does not reject 

the hypothesis of exogenous externalities. 

Furthermore, we tested the sensitivity of our results to a change in the sample 

because of missing values in the 2002 irrigation data used to model the externalities of 

groundwater. The results reported in Models 3 and 4 are based on the sub-sample of 785 

counties (85 original counties have no 2002 irrigation data). As in the previous case, the 

diagnostic statistics indicate the need to apply the spatial HAC standard error correction 

mechanism. The results are very similar to the OLS results of Model 1 except that 

drought is not significant any more. We also find that the externalities of surface water 

are not significant while those of groundwater have a significant negative impact on corn 

production. In this model the elasticity of the groundwater externalities evaluated at the 

mean value is -0.056%, i.e. an impact very similar to the one found in Model 1 (-

0.054%). The Durbin-Wu-Hausman robust F statistic is found to reject the hypothesis of 

exogeneity this time (at the 10% significance level). As a result, the two-stage least-

squares estimates are reported in Model 4. The IV results are very similar to the OLS 

results. The surface water externalities are not found to act significantly on corn yield 

while the externalities of groundwater have a significant harmful effect on it. Their 



Table 2.3 Estimation Results 

Dependent variable: 

ln(Yield) 
Model 1 (OLS)     Model 2 (IV)     Model 3 (OLS)     Model 4 (IV)     

  Estimate (SHAC S.E.) 
Elasticity 

at mean 
Estimate (SHAC S.E.) 

Elasticity 
at mean 

Estimate (SHAC S.E.) 
Elasticity 

at mean 
Estimate (SHAC S.E.) 

Elasticity 
at mean 

Intercept 2.846 (0.276) ***   2.858 (0.284) ***   2.867 (0.284) ***   2.887 (0.292) ***   

Ddays 0.023 (0.006) *** 0.688 0.022 (0.006) *** 0.668 0.023 (0.007) *** 0.683 0.022 (0.007) *** 0.654 
Hdays -0.017 (0.013) 

 
-0.033 -0.017 (0.014) 

 
-0.034 -0.015 (0.014) 

 
-0.028 -0.015 (0.015) 

 
-0.029 

Totalpp 0.489 (0.065) *** 2.614 0.479 (0.071) *** 2.559 0.475 (0.066) *** 2.522 0.462 (0.072) *** 2.452 

Totalpp_sq -0.039 (0.006) *** -1.194 -0.039 (0.007) *** -1.167 -0.038 (0.006) *** -1.135 -0.037 (0.007) *** -1.101 

Moisture 0.848 (0.402) ** 0.163 0.875 (0.405) ** 0.168 0.735 (0.415) * 0.140 0.764 (0.419) * 0.146 
Erodibility -0.391 (0.288) 

 
-0.120 -0.367 (0.289) 

 
-0.113 -0.288 (0.310) 

 
-0.088 -0.257 (0.310) 

 
-0.079 

Sand -0.067 (0.095) 
 

-0.020 -0.046 (0.098) 
 

-0.014 -0.064 (0.102) 
 

-0.020 -0.039 (0.105) 
 

-0.012 

Salinity 0.066 (0.063) 
 

0.006 0.071 (0.066) 
 

0.007 0.093 (0.073) 
 

0.009 0.101 (0.076) 
 

0.009 
Slope -0.006 (0.001) *** -0.038 -0.006 (0.001) *** -0.038 -0.006 (0.002) *** -0.039 -0.006 (0.002) *** -0.038 

Rock 0.575 (0.078) *** 0.077 0.546 (0.113) *** 0.073 0.561 (0.080) *** 0.083 0.526 (0.115) *** 0.078 

Drought -0.266 (0.154) * -0.024 -0.246 (0.168)   -0.022 -0.204 (0.161)   -0.019 -0.174 (0.177)   -0.016 

R*irrigation 0.005 (0.082) 
 

0.000 0.215 (0.174) 
 

0.007 0.017 (0.082) 
 

0.001 0.279 (0.176) 
 

0.010 
A*irrigation_2002 -1.355 (0.313) *** -0.054 -1.199 (0.534) ** -0.048 -1.314 (0.322) *** -0.056 -1.125 (0.541) ** -0.048 

State dummies Yes       Yes       Yes       Yes       

Number of 
observations 

870 
  

  870 
  

  785 
  

  785 
   

Adjusted R2 0.568 
  

  0.564 
  

  0.542 
  

  0.536 
   

Breusch-Pagan test 188.499 *** 
 

  188.499 *** 
 

  170.948 *** 
 

  170.948 *** 
  

Moran's I statistic 0.144 *** 
 

  0.149 ***     0.140 ***     0.146 ***     

First stage joint 

robust F-test 
                                

F(4, 844) or F(4, 
759) for 

R*irrigation 

10.878 *** 
 

    
  

  10.830 *** 
 

  
    

F(4, 844) or F(4, 
759) for 

A*irrigation 

24.069 ***             23.992 ***             

Kleibergen-Paap rk 
Wald F statistic 

15.411        12.188        

Hansen J statistic: 

χ2(2) 
2.659               2.002               

Durbin-Wu-

Hausman test: 

robust F(2, 844) or 
F(2, 759) 

1.700               2.711 *             

Note: * P-value < 10%, ** P-value< 5%, *** P-value< 1%. Standard errors are spatial HAC standard errors (Kelejian and Prucha, 2007) using the Parzen kernel function with the bandwidth 

of 137 kilometers to ensure having at least one adjacent county. Moran’s I statistics are calculated by using the binary adjacent weight matrix within 137 kilometers and a permutation 
approach with 499 permutations is used for its statistical inference. The excluded instrumental variables are R*Ddays, A*Ddays, R*Totalpp, A*Totalpp. 



corresponding elasticity is -0.048% which reflects a lower impact than what Model 3 

reported. 

Our estimation results provide an empirical evidence of the negative presence of 

groundwater externalities in the US Corn Belt counties. It confirms the predictions of our 

theoretical model depicted in Section 2.2. However, we do not find any empirical 

evidence of the negative role of surface water externalities. We believe that this result can 

be explained by the lesser role of surface water irrigation in the Corn Belt regions (see 

Figures 2.2 and 2.3). Another possible explanation is the set of stringent regulations 

associated to surface water use. Overall, most of the Midwestern states follow the 

riparian doctrine which allows all riparian landowners to use surface water in a 

“reasonable” manner (see Wollmuth and Eheart 2000 for a complete description of the 

riparian doctrine and what is considered as “reasonable” in this framework). But Iowa has 

adopted a water quantity permitting system since 1957 and it requires some locations to 

maintain in-stream flows above their 90% long-term flow level (Wollmuth and Eheart 

2000). In addition, Illinois, Indiana, Michigan, Minnesota, and Wisconsin have 

implemented a permit system that regulates the withdrawals of surface water (Foran et al. 

1995; Rusert and Cummings 2004; An and Eheart 2006). As such, it is possible that a 

well-developed regulatory system of surface water allocation contributes to minimizing 

the impact of the externalities of surface water on corn yield in our model.   
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2.5 Conclusion 

Irrigation is an effective and practical strategy commonly used by farmers to cope 

with unstable climate conditions. We expect its role to become even more important in a 

future with more variable rainfall, increasing temperature and more frequent drought 

(Jury and Vaux 2005; Karl et al. 2009). Groundwater and surface water used for 

agricultural irrigation are well known for the spatial externalities that come from their 

common resource properties (Provencher and Burt 1993; Gichuki 2004). Considering that 

more irrigation is needed to respond to future climate conditions, we believe that the 

spatial externalities of irrigation will have a more significant role on the water 

availability, irrigation cost and agricultural production in the decades to come. To the 

best our knowledge, however, an empirical examination of the role of the externalities of 

irrigation on crop production had never been performed before. 

Based on a theoretical model of a profit-maximizing farmer, this article remedies 

to this gap by distinguishing first the stock externalities, when pumping affects someone 

else’s irrigation water availability, from the cost externalities, when it increases someone 

else’s pumping costs. We then apply a reduced form equation of groundwater and surface 

water irrigation and measure econometrically the role of their overall externalities on 

corn production across the US Corn Belt counties. The spatial externalities of 

groundwater are modeled based on the location and shape of actual aquifers as well as on 

the aquifer rock properties that allow hydraulic conductivity. At the same time, we define 

the spatial externalities of surface water on the actual direction, length, and velocity of 

the river streams. Furthermore, due to the possible endogeneity in the estimation models, 
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we adopt an instrumental variable approach by using the weighted sum of exogenous 

weather conditions based on aquifer and river stream network characteristics. Finally, we 

rely on the spatial HAC estimator (Kelejian and Prucha 2007) to generate efficient 

estimates that control simultaneously for heteroskedasticity and spatial correlation in the 

error terms. 

Our results highlight the significant presence of negative externalities of 

groundwater irrigation on corn yield. But we do not find any evidence of the negative 

role of surface water externalities. We believe the latter result is due to the lesser role of 

surface water irrigation and/or to the stringent regulations associated to surface water use 

in the Corn Belt regions. Our results suggest several important implications for climate 

change adaptation. First, the negative spatial externalities of irrigation on corn production 

are fundamentally linked to decreasing water availability for irrigation. As such, 

continuous efforts supporting more water-efficient irrigation systems are important to 

alleviate water scarcity and to maximize the net benefit of irrigation. Second, considering 

that climate models expect the Midwest to face more intense precipitation in the future, 

more especially during the winter and the spring, such rainfall could be sufficient to 

recharge its groundwater aquifers. It would give groundwater an even greater role in 

irrigation. In this case, a continuous monitoring of the groundwater water level and of its 

use could contribute to reducing the negative impact of its externalities during the 

growing season of corn. In addition, increasing cooperation between farmers sharing the 

same water sources and more investments in facilities able to store seasonal rains are 

needed, more especially in the regions that do not have access to an aquifer (Baker et al. 
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2012). Last but not least, our results indicate that future studies estimating the economic 

impacts of climate change on agriculture need to recognize the role of the spatial 

externalities of irrigation. It is a necessary effort to draw reliable conclusions and suggest 

appropriate adaptation strategies. 

 



CHAPTER 3 

 

POSITIVE SPATIAL EXTERNALITY: 

THE ROLE OF LOCAL AND DISTANT KNOWLEDGE SPILLOVERS  

ON THE U.S. REGIONAL KNOWLEDGE CREATION
6
 

 

 

3.1 Introduction 

Innovation and technological change are important sources of economic growth 

(Audretsch and Feldman 1996). The literature that investigates their creation has mostly 

focused at the firm level (Jaffe 1986; Blundell et al. 1995; Cincera 1997; Gurmu and 

Perez-Sebastian 2008) in the framework of a knowledge production function à la 

Griliches (1979). Since the contribution of Jaffe (1989), many studies have recognized 

                                                 
6
 This chapter is based on the paper of Kang and Dall’erba (2015), “An Examination of the Role of Local 

and Distant Knowledge Spillovers on the US Regional Knowledge Creation” which is accepted in 

International Regional Science Review. This study was supported by the National Science Foundation 

Grant (SMA-1158172). Any opinions, findings and conclusions or recommendations expressed in this 

chapter are those of the authors and do not reflect the views of the National Science Foundation. We 

would like to thank two anonymous reviewers of International Regional Science Review as well as the 

participants of the seminars of the Regional Economics And Spatial Modeling laboratory, of the 60th and 

61st Annual North American Meetings of the Regional Science Association International, and the 53rd 

Annual Meeting of the Western Regional Science Association for their helpful comments and 

suggestions. 
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knowledge spillovers in a region, thereby shifting the unit of observation from the firm 

level to a geographical unit (Audretsch and Feldman 2004). However, even in the latter 

case, the empirical identification and measurement of knowledge spillovers is still a 

challenge.  

Traditionally, knowledge spillovers have been assumed to be localized (Moreno 

and Miguélez 2012). Since all new knowledge produced cannot be appropriated totally, 

and non-appropriable knowledge has the properties of public goods, neighbors of a 

knowledge source can access new knowledge via face-to-face interactions based on close 

proximity (Jaffe 1986; Jaffe et al. 1993; Audretsch and Feldman 1996; Rodríguez-Pose 

2001; Sonn and Storper 2008). However, empirical evidence suggests that knowledge 

spillovers may well reach beyond the boundaries of the locality under study. For instance, 

Anselin et al. (1997) find that the spillovers of university research flow across nearby 

regions. Since the previous contribution, several studies have used spatial econometric 

techniques to model and measure interregional knowledge spillovers (Anselin et al. 2000; 

Bode 2004; Parent and LeSage 2008; Autant-Bernard and LeSage 2011). These studies 

assume that all spillovers are measured by the geographical proximity embedded in the 

definition of a spatial weight matrix. But this is a somewhat unrealistic assumption to 

make considering that knowledge flows are not limited by physical vicinity. For instance, 

several studies on biotech firms have demonstrated that the knowledge sources that 

contribute to a firm’s innovation can be distant (Gertler and Levitte 2005; Gittelman 

2007). 
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In addition, the traditional distance-based weight matrix does not account for the 

direction of the flows. These two issues have motivated several contributions to base the 

measurement of knowledge externalities on patent citation data. Johnson et al. (2006) and 

Sonn and Storper (2008) explore the geographical patterns of local and distant knowledge 

flows while Maurseth and Verspagen (2002), Fischer et al. (2006) and Maggioni et al. 

(2010) investigate econometrically the factors at the origin of knowledge spillovers based 

on patent citation data. Mancusi (2008) does it too but across OECD countries instead of 

regional economies. However, to our knowledge, only Peri (2005) and Ponds et al. 

(2010) have measured distant knowledge spillovers with a patent creation-citation matrix 

and a patent co-publication matrix respectively in a regional knowledge production 

function. The former contribution focuses on the regions of Western Europe as well as on 

the US states and Canadian provinces for the period of 1975-1996. While Peri (2005) 

relies on USPTO data to capture knowledge spillovers, like we do, we offer a county-

level approach that provides more details about these flows and we update the analysis to 

a more recent period. Ponds et al. (2010) focus on the regions of the Netherlands and 

measure knowledge flows as evidence of interregional collaboration between industry 

and the academia. However, none of the previous two contributions deal simultaneously 

with both private sector and university-induced knowledge spillovers in their model. 

Also, they disregard the possible overlap between localized and distant knowledge 

spillovers, which could lead to double counting. We remedy to these problems in this 

paper. 
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In addition, although many spatial econometric studies focus on interregional 

knowledge spillovers (Anselin et al. 1997; Bode 2004), the role of intra-regional 

spillovers is rarely explicitly explored in the literature. Their level depends on a set of 

cultural, institutional, and economic conditions such as the region’s sectoral 

specialization or diversity (Feldman and Audretsch 1999; Karlsson and Gråsjö 2014), 

close links between business, academic, and government sectors (Asheim and Isaksen 

2002; Asheim and Coenen 2005; Greunz 2005) among others. In order to avoid hand-

picking some regional characteristics to control for intra-regional spillovers, we examine 

their role explicitly by relying on within-region patent citation flows and remedy to a 

significant gap in the literature. 

Given the aforementioned background, the object of the current paper is to 

examine the role of localized and distant knowledge spillovers on knowledge creation. 

For this purpose, we adopt a knowledge production function at the US county level. 

Previous contributions on the US usually use states and Metropolitan Statistical Areas 

(MSA) as the unit of observations (Anselin et al. 1997, 2000; Peri 2005; Ó hUallacháin 

and Leslie 2007). However, states are too broad to measure localized knowledge 

spillovers (Audretsch and Feldman 2004) and solely working with MSAs results in a 

sample selection bias due to the omission of non-MSA regions. In addition, not all 

innovation takes place in MSAs. By using county-level data, this paper better reflects the 

role of localized knowledge spillovers and the large size of our sample allows us to 

investigate how our results vary between metropolitan and non-metropolitan counties. 
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Compared to previous papers, this approach provides the opportunity to draw more 

accurate innovation policies. 

The remainder of the paper is composed as follows: Section 3.2 reviews the 

literature focusing on innovation and spatial knowledge spillovers. Section 3.3 describes 

our knowledge production function, its associated knowledge spillovers and presents the 

sources of our data. The estimation results and their interpretation are reported in Section 

3.4 while the Section 3.5 closes the chapter with concluding remarks. 

 

3.2 Literature Review 

3.2.1 Sources of Knowledge Spillovers 

Theoretically, knowledge spillovers are understood as localized phenomena and 

their intensity is assumed to depend on the degree of local specialization and diversity 

(Audretsch and Feldman 2004). Specialization allows firms to lower their transaction 

costs and facilitate communication between them due to Marshall-Arrow-Romer 

externalities (Marshall 1920; Arrow 1962; Romer 1986). As such, industrial 

specialization in a region promotes knowledge spillovers across nearby firms (Glaeser et 

al. 1992). On the other hand, Jacobs (1969) points out that diversity also plays an 

important role. Exchanging knowledge between firms and agents from various industries 

can complement their respective knowledge and lead to synergistic activities across 

industries, thereby promoting knowledge spillovers à la Jacobs. Thus, higher diversity of 

industries in a region is beneficial to promote innovative activities. Although these two 
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processes rely on opposite levels of regional specialization, geographical proximity 

across firms is the essence of knowledge spillovers in both cases. 

However, if firms located nearby were to interact with each other only and 

combine local knowledge exclusively, the value of local knowledge would depreciate and 

eventually become useless (Moreno and Miguélez 2012). As a result, the region would 

become less innovative. For this reason, firms are continually searching for external 

knowledge sources outside of their local knowledge pool (Rosenkopf and Almeida 2003). 

Trippl et al. (2009) provide evidence that external sources of knowledge are important in 

the Vienna software clusters. The case study of Asheim and Isaksen (2002) also finds that 

external contacts are important in the innovation process of Norwegian shipbuilding, 

mechanical engineering, and electronics industries. Gertler and Levitte (2005) 

demonstrate the role of distant knowledge sources in biotechnology innovation. 

Therefore, the sources of knowledge spillovers are not only limited to geographically 

close clusters, but also include distant actors. By developing global pipelines to benefit 

from remote knowledge sources, firms can stimulate knowledge flows and generate 

innovation growth (Maskell et al. 2006).  

 

3.2.2 Empirical Studies on the Extent of Knowledge Spillovers 

Although the sources of knowledge spillovers can come from geographically 

remote partners as well as from partners clustered locally, most empirical studies define 

the extent of knowledge spillovers on geographical proximity. Jaffe (1989) is the first to 

have shifted the observation unit of the knowledge production function from the firm 
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level to the geographical unit (Audretsch and Feldman 2004). He measures the 

coincidence between the location of a university and of industrial research activities 

within a state and uses his measurement as a proxy for knowledge spillovers due to 

academic research. His estimation results provide evidence of the existence of 

geographically mediated spillover, though their significance varies across technical areas. 

To our knowledge, Anselin et al. (1997) is the first empirical study that examines the 

existence of spillovers across US county boundaries. Based on spatial interaction theory, 

they use spatial econometric techniques to model interregional spillovers with various 

distance cut-offs. Their results show strong evidence of local spillovers of university 

research and private R&D across counties located within the same state or MSA. A few 

years later, Anselin et al. (2000) extend their previous work by relying on Lagrange 

Multiplier tests (Anselin et al. 1996) to decide whether spillovers should be modeled in 

the frame of a spatial lag model, where the dependent variable (knowledge output) is 

spatially lagged, or only through the spatial lag of university research and private R&D as 

done in Anselin et al. (1997). The results indicate that knowledge created within 50 miles 

and 75 miles from any MSA center plays a statistically significant role on the MSA’s 

innovation level. 

The spatial econometric study by Bode (2004) focuses on innovation across 

European regions. Based on the regions of western Germany, he models interregional 

knowledge spillovers using the spatial lag of the innovation output as well as of R&D 

employment, and checks the robustness of his results to several definitions of a spatial 

weight matrix. Some are distance-based weight matrices (with a distance cut-off or k-
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nearest neighbors number) while others are contiguity-based. The idea is to circumvent 

the lack of precise knowledge on the actual spatial extent of spillovers. Overall the results 

indicate the significant presence of knowledge spillovers, however their magnitude varies 

with the weight matrix and the knowledge spillover variables. More recently, Autant-

Bernard and LeSage (2011) examine knowledge spillovers across French metropolitan 

areas. They consider private and public R&D inputs across 11 industrial sectors. 

Compared to previous works, their main contribution consists in providing the average 

direct and indirect effects of their spatial model (a spatial Durbin model) following the 

decomposition method brought to the fore by LeSage and Pace (2009). Their results 

indicate that both effects are significant, i.e. public and private investments in R&D in 

one locality will promote innovation locally (direct effect) as well as in other localities 

(indirect effects or spillovers).   

Whether focusing on Europe or the US, all aforementioned studies rely on 

geographical proximity for their definition of the catchment area of knowledge spillovers, 

yet empirical evidence shows that proximity is not the only element at the origin of 

knowledge spillovers (Gertler and Levitte 2005; Gittelman 2007; Trippl et al. 2009). As a 

result, Parent and LeSage (2008) re-explore the definition of potential technological 

proximity defined by Jaffe (1989) and put an emphasis on the idea that (European) 

regions with similar research activity and production technology would better absorb the 

knowledge of their technological partners. The level of regional technological similarity 

they measure provides a weighting scheme that they apply on various spatial weight 

matrix specifications based on geographical proximity as well as transportation or 
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technological proximity. The latter definition is innovative in the sense that proximity can 

be asymmetric within any pair of regions and proves statistically to improve the model fit 

compared to other matrix specifications. However, their approach does not directly 

measure the role of actual spillovers on knowledge creation because they rely on a proxy 

of actual knowledge flows and choose to model spatial dependence solely through 

spatially structured random effects.  

In the regional knowledge production function literature, few studies pay close 

attention to distant knowledge spillovers. Exceptions include Peri (2005) who models 

distant knowledge spillovers based on patent citation across 147 subnational regions of 

western Europe and North America. Ponds et al. (2010) track how universities and 

private companies located in different regions of the Netherlands collaborate and file 

patents. Modeling distant knowledge flows based on patent citation patterns is mainly 

seen in the spatial interaction literature (Maurseth and Verspagen 2002; Fischer et al. 

2006; Maggioni et al. 2010). Its results conclude that interregional knowledge flows not 

only depend on geographical proximity but also on technological proximity. 

In addition, regional knowledge production studies rarely specify the level of 

intra-regional knowledge spillovers as an input variable. They control for several region-

specific conditions such as sectoral specialization or diversity that can be at the origin of 

intra-regional knowledge spillovers (Feldman and Audretsch 1999; Karlsson and Gråsjö 

2014) but so do several other variables. Examples seen in the literature include, among 

others, close links between actors of innovation (Greunz 2005) and the regional culture 

and institutional environment (Asheim and Isaksen 2002; Asheim and Coenen 2005). The 
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Netherlands Organization for Applied Scientific Research (TNO) and the Fraunhofer 

Institute in Germany are examples of investments aiming at developing intra-regional 

spillovers (Ponds et al. 2010). Instead of hand-picking regional characteristics controlling 

for intra-regional knowledge spillovers, we prefer to model them directly through the 

level of intra-regional citation flows. 

 

3.3 Empirical Model and Data 

3.3.1 Regional Knowledge Production Function 

Our starting point is the knowledge production function framework as defined in 

Griliches (1979). It assumes that a Cobb-Douglas functional form fits the relationship 

between innovation output and inputs. Since we adopt a regional knowledge production 

at the US county-level, input and output variables are aggregated values by county. Our 

sample is composed of the 3,109 continental US counties as defined in the 2000 US 

Census. We exclude the counties of Alaska, Hawaii, and of other islands because of their 

remoteness.  

As a proxy for innovation output, we use the total number of utility patent 

applications averaged over 2003-2005 (Patent). The advantage of averaging over 3 years 

is to mitigate the effects of annual fluctuations in patent applications (Ó hUallacháin and 

Leslie 2007). Previous studies adopt the number of granted utility patents (Bode 2004; 

Parent and LeSage 2008; Autant-Bernard and LeSage 2011), but we prefer the patent 

applications as in Cincera (1997) and Ramani et al. (2008). Since grants often take years 

of review before an award is made, the year when the application for a patent is made is 
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closer to the time knowledge is created, i.e. when innovation takes place. In addition, the 

average time lag between application and award can vary from one technology to the 

other. Since we focus on all technologies rather than a specific one, patent applications 

are a better proxy for innovation output in our case. Patent application data comes from 

the US Patent and Trademark Office (USPTO 2010). The dataset has been used by Jaffe 

and Lerner (2004), Crescenzi et al. (2007), and Sonn and Park (2011).  

In order to allocate patent applications geographically, the addresses of patent 

assignees or patent inventors are available; however, both types of addresses have their 

own shortcomings. Since patents of a large company are filed by the headquarter of the 

company (Fischer and Varga 2006), using the address of an assignee may cause a biased 

geographical distribution of knowledge creation. The addresses of inventors tell us where 

they live but not whether they commute to another county to work. Although both 

options present a potential geographical mismatch, we believe the former may lead to a 

more serious bias because the majority of patents are filed by large companies. For this 

reason, we use the inventor’s address for the geographical allocation of patents, and since 

a patent is usually credited to several inventors, we rely on the fractional counting 

method suggested by Jaffe et al. (1993) to allocate patents geographically. For instance, 

for any one patent with N inventors, 1/N fraction of the patent is allocated to each 

inventor. Then, the fractional patents are aggregated by county according to where the 

inventors are located so that they lead to rational, not integer, numbers. Finally, we use 

geocoding to match each inventor to one of the US continental counties based on the 
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2000 US Census. As a result, the level of knowledge creation in each county i is modeled 

as follows: 

  

𝑙𝑛𝑷𝒂𝒕𝒆𝒏𝒕𝒊 =

 𝛽0 + 𝛽1𝑙𝑛𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 + 𝛽2𝑙𝑛𝑼𝒏𝒊𝒗𝒊 + 𝛽3𝑙𝑛𝑮𝒓𝒂𝒅𝒖𝒂𝒕𝒆𝒊 + 𝛽4𝑙𝑛𝑫𝒊𝒗𝒆𝒓𝒔𝒊𝒕𝒚𝒊 +

𝛽5𝑙𝑛𝑳𝒂𝒓𝒈𝒆𝒊 + 𝛽6𝑙𝑛𝑰𝒏𝒕𝒓𝒂𝒊 + 𝛽7 ln 𝑳𝒐𝒄𝒂𝒍. 𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 + 𝛽8 ln 𝑳𝒐𝒄𝒂𝒍. 𝑼𝒏𝒊𝒗𝒊 +

 𝛽9𝑙𝑛𝑫𝒊𝒔𝒕𝒂𝒏𝒕. 𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 + 𝛽10𝑙𝑛𝑫𝒊𝒔𝒕𝒂𝒏𝒕. 𝑼𝒏𝒊𝒗𝒊 + 𝛽11𝑙𝑛𝑺𝒊𝒛𝒆𝒊+∑ 𝛿𝑖𝑺𝒕𝒂𝒕𝒆𝑖
48
𝑖=1 + 𝜺𝒊  

           (3.1) 

 

The stock of knowledge is one of the principal determinants of knowledge 

production. Traditionally in the literature, the current level of knowledge stock is 

approximated by lag polynomials of R&D expenditures (Griliches 1979). But since R&D 

expenditures take time to produce any innovational output and they depreciate over time 

(Griliches 1992), the stock of knowledge is often calculated on past R&D expenditures 

by using the perpetual inventory method coupled with a pre-defined annual depreciation 

rate (e.g. Hollanders and ter Weel 2002; Hu et al. 2005; Klaassen et al. 2005; Mancusi 

2008). Private and university research laboratories are the main institution of innovation, 

as such we specify the private and academic knowledge stocks separately. This 

classification is commonly used in the literature, especially in the US (Anselin et al. 

1997; Acs et al. 2002; Ó hUallacháin and Leslie 2007). When it comes to the average 

annual depreciation rate of knowledge stock, Fischer et al. (2009) use 12% while 

Hollanders and ter Weel (2002), Hu et al. (2005), Okubo et al. (2006), and Mancusi 
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(2008) adopt 15%. Here we also use a 15% depreciation rate.
7
 One implication is that 

R&D expenditures have less than 1% of their original values after a period of eight years. 

Another motivation for the time difference between R&D investment and new knowledge 

creation is the alleviation of the potential endogeneity of such investments (Ó 

hUallacháin and Leslie 2007). As a result, we estimate the models with inputs measured 

in 2000, which corresponds to the most recent complete survey across US counties before 

2003, and R&D expenditures lagged up to eight years in the past, i.e. 1995-2002. Before 

applying the perpetual inventory method, R&D expenditures are expressed in their 2003 

dollar values using the Producer Price Index of the US Bureau of Labor Statistics.  

The private expenditure data (Private) comes from Standard and Poor's 

COMPUSTAT database which provides annual and monthly data for more than 14,650 

active U.S. and Canadian companies (Standard and Poor’s, 2001). COMPUSTAT draws 

its R&D data from the documents of the Securities & Exchange Commission among 

other sources. We extract the R&D expenditures from COMPUSTAT for each fiscal year 

and allocate each company’s location to a county, so that private R&D expenditures can 

be distributed across counties. We should note that COMPUSTAT presents some 

shortcomings. Since it relies on information from the Securities & Exchange 

Commission, R&D expenditures of undocumented small companies, such as venture 

capitals, are not reflected in the defined variable of the current study. As such the level of 

R&D expenditures reported in some counties may be biased downward; however, it is the 

                                                 
7
 We test the sensitivity of our estimation results to a 12% and 15% depreciation rate. We conclude that our 

estimation results are generally consistent across rates. 
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only available measure of county-level R&D expenditures to our knowledge and the 

same data and issues have been reported in Crescenzi et al. (2007) at the MSA-level. 

We collect the academic R&D expenditures (Univ) from the NSF Survey of R&D 

expenditures at universities and colleges. This data includes all academic R&D 

expenditures over $150,000 in each institution’s fiscal year. It covers all US universities 

and colleges granting a bachelor’s degree or higher in science or engineering as well as 

science and engineering doctorate-granting institutions and historically black colleges 

(National Center for Science and Engineering Statistics 2013). We allocate the academic 

R&D expenditures across counties based on the address of these academic institutions. 

In addition to the knowledge stock variables, we specify several region-specific 

conditions. It is undeniable that the human capital acts as an input in the knowledge 

production function (Audretsch and Feldman 2004) and the positive impact of education 

on knowledge creation has been widely documented in the literature (Audretsch and 

Feldman 1996; Simon and Nardinelli 2002; Crescenzi et al. 2007; Storper and Scott 

2009). As a result, we control for the level of human capital by relying on the share of the 

local population 25 years and over with a Graduate or professional degree from the 2000 

US Census. (Graduate). 

In the literature, there is a continuous debate about whether Jacobs externalities 

(Jacobs 1969) or Marshall-Arrow-Romer externalities (Marshall 1920; Arrow 1962; 

Romer 1986), in other words diversity vs. specialization, matter the most for the creation 

of economic knowledge. Glaeser et al. (1992) and Fung and Chow (2002) are in favor of 

diversity, but Jaffe (1986) and Henderson (2003) support specialization. In order to 
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control for the relative level of diversity or specialization in a county, we use an index 

variable of the relative sectoral diversity of employment in each county (Diversity). 

Formally, our indicator is the index proposed by Duranton and Puga (2000) that we 

report in Equation (3.2) below. Sij represents the share of employment of industry j in 

county i, while Sj is the share of industry j in national employment. The variable is 

calculated on the basis of employment classified across the 13 industry system developed 

for the 2000 US Census. 

 

𝑫𝒊𝒗𝒆𝒓𝒔𝒊𝒕𝒚𝒊 = 1/∑ |𝑠𝑖𝑗 − 𝑠𝑗|𝑗     (3.2) 

 

According to Anselin et al. (1997), smaller firms are more likely to be innovative 

than larger ones. Large firms spend huge amounts in R&D and exploit created knowledge 

in their own laboratories. In addition, since large firms have a larger influence on the 

local labor pool (Acs and Armington 2004), the level of agglomeration and ultimately of 

economic knowledge that results from their presence may be greater. Contrastingly, small 

firms spend relatively small R&D investment, but they have a comparative advantage 

with respect to exploiting knowledge spillovers from public institutes such as university 

laboratories (Acs et al. 1994). Thus small firms could be more efficient at innovating than 

large firms. In order to shed light on the actual influence of firm size on innovation, we 

measure the share of firms with at least 500 employees (Large)
8
. Relevant data come 

                                                 
8
 The US Small Business Administration uses this standard to define a small business. Previous studies 

adopt the same standard to define a small firm (Acs and Audretsch 1988; Anselin et al. 1997). 
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from the 2000 County Business Patterns. Last but not least, we control for the differences 

in the economic size of the US counties by including their number of employees (Size) as 

in Bode (2004).  

 

3.3.2 Knowledge Spillovers 

The literature recognizes knowledge spillovers as another important factor at the 

origin of knowledge creation (Jaffe et al. 1993; Audretsch and Feldman 1996). However, 

most empirical studies rely on proximity-based interregional knowledge spillovers only 

(Anselin et al. 1997, 2000; Bode 2004; Autant-Bernard and LeSage 2011). We use a 

similar specification in this paper but we complement it with distant interregional 

knowledge spillovers and intra-regional knowledge spillovers. One common concern is 

whether contemporary or past patents should be used as a proxy variable for interregional 

knowledge spillovers (Bode 2004, 47-49). If we assume knowledge diffusion takes a 

short time, contemporary patents could be used as knowledge spillovers, hence leading to 

a spatial lag model (LeSage and Pace 2009). However, since our data is aggregated over 

all technologies of which speed of knowledge diffusion varies, the assumption of rapid 

knowledge diffusion proxied by contemporary patents may be too strong. Alternatively, 

building knowledge spillovers on past patents leads to biased estimates because of 

endogeneity as pointed out by Bode (2004). For these reasons, we find it more 

appropriate to use the neighbor regions’ knowledge stock (the sum of depreciated R&D 

expenditures over 8 years) as a proxy for knowledge spillovers. 
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Localized interregional knowledge spillovers are based on geographical 

proximity. They represent the diffusion of tacit knowledge between researchers that takes 

place through face-to-face interactions (Bode 2004). As such a certain distance cut-off 

based on regular commuting patterns is often used to specify the spatial extent of face-to-

face interactions. Anselin et al. (1997, p.431) and Acs et al. (2002, p.1076) choose 50 and 

75 miles based on the US commuting patterns and test whether their results are sensitive 

to the cut-offs.
9
 We adopt this approach here and use, in addition, an inverse exponential 

decay function to reflect that as distance between researchers increases, the intensity of 

interactions weakens because commuting costs go up. After setting various distance 

decay parameters, we chose the value 0.17 because it provides the best model fit.
10

 

                                                 
9
 Our distance cut-offs are based on previous studies measured across US metropolitan areas such as 

Anselin et al. (1997), Acs et al. (2002) and Mukherji and Silberman (2013). The cut-off distances are 

based on the commuting patterns (e.g. Smallen 2004; Rapino and Fields 2013) and are chosen to capture 

the knowledge spillovers that take place via face-to-face interactions. While 75 miles may seem a long 

distance, the US Department of Transportation (Smallen 2004) reports that as many as 3.3 million 

Americans are “stretch commuters” traveling more than 50 miles one-way to work. Stretch commuters 

living in rural areas drive up to 99 miles daily (Smallen 2004). 

10
 According to Fischer and Wang (2011, pp.50-51), an inverse distance decay function is not an interaction 

form that is generally observed. As such, we prefer an inverse exponential decay function that is widely 

used in the literature (e.g. Bode 2004; Fischer et al. 2006). We define various distance decay parameters 

(0.01, 0.05, 0.1, 0.15, 0.17, 0.2, 0.23, and 0.25) and measure the model performance in terms of adjusted 

R
2
, the Akaike Information Criterion, and the Bayesian Information Criterion. The best model fit is 

obtained with a distance decay parameter of 0.17. All results are available upon request. 
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Equation (3.3) presents the formula of localized spillovers of private knowledge stock. In 

the Equation, 1(⋅)  denotes the indicator function and 𝑑(𝑖, 𝑗)  means the great circle 

distance between county i and j. The same formulation is applied to localized spillovers 

of academic knowledge stock. 

 

𝑳𝒐𝒄𝒂𝒍. 𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 = ∑ 𝑊𝑖𝑗 ⋅ 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑗 ⋅ 1(𝑑(𝑖, 𝑗) ≤ 50 𝑚𝑖𝑙𝑒𝑠)𝑗≠𝑖  𝑤ℎ𝑒𝑟𝑒 𝑊𝑖𝑗 =

𝑒𝑥𝑝(−0.17 ⋅ 𝑑(𝑖, 𝑗))           (3.3)   

 

Face-to-face interactions may be the best channel to diffuse tacit knowledge in the 

physical vicinity delimited by commuting patterns, but previous empirical studies show 

that geographical proximity is not the only element at the origin of knowledge spillovers 

(Gertler and Levitte 2005; Gittelman 2007; Trippl et al. 2009; Ponds et al. 2010). More 

precisely, the spatial interaction modeling literature based on patent citation patterns 

(Maurseth and Verspagen 2002; Fischer et al. 2006; Maggioni et al. 2010) shows that 

interregional knowledge flows also depend on technological proximity. In order to shed 

light on the role of distant interregional knowledge spillover, we define a matrix of actual 

patent creation–citation flows. 

In order to construct this matrix, we rely on “The NBER US Patent Citation Data 

File” (Hall et al. 2001). It contains information about any utility patents granted between 

1963 and 1999 and reports the name of the 2,144,352 inventors as well as their respective 

addresses. A geocoding process was used to allocate patents across counties. More 

importantly, the database reports the citation records associated to each patent for the 
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period of 1975 to 1999. It allows us to build a matrix that clearly stipulates the 

directionality of the spillovers which distance-based weight matrices cannot depict. 

Since our innovation output variable is calculated over the years 2003-2005, the 

citation flows of the 1970s and 1980s are too outdated to lead to knowledge creation in 

the 2000s. In addition, as for local R&D expenditure (see above), knowledge stock 

generated elsewhere depreciates over time. With a 15% depreciation rate it implies that 

less than 1% of the original value of knowledge remains after eight years. As such, we 

only use the citation flows from 1995-1999 to make sure that the time difference between 

patents granted elsewhere (in the year 1995) and local patent applications (in the year 

2003) is no more than eight years. The year of 1999 is the last year available in “The 

NBER US Patent Citation Data File”. The time difference also helps alleviate potential 

endogeneity problems. 

We use the fractional counting method proposed by Jaffe et al. (1993) and Sonn 

and Storper (2008) to allocate these flows across counties of origin and destination. For 

example, a patent with D inventors citing another patent (previously) deposited by O 

inventors leads to (D×O) flows of information, each of which records 1/(D×O) fraction of 

the patent. Once these fractional flows are aggregated at the county-level, they represent 

(3,109×3,109) patent citation flows that we denote the P matrix. Figure 3.1 shows the 

flows of patent cited in Californian counties based on the P matrix. We show one state 

only as the figure would not be readable otherwise. The dots are the centroids of the 

counties. The grey and black lines represent the origin, destination and frequency of the  
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Figure 3.1 California’s Patent Citing Pattern (using the fractional counting method) 

 

patents cited by Californian counties. Darker lines indicate more frequent citations. This 

figure evidently shows the most important knowledge flows come from counties located 

in distant states. 

Since we use the patent citation flows as the weighting element for the knowledge 

stock of “partner” regions, the share of patent flows from a knowledge creating county j 

to a knowledge receiving county i is used as presented in Equation (3.4). In the equation, 

𝑃𝑖𝑗 denote the (i
th

, j
th

) element of the P matrix (i.e. the frequency of citations that flow 

from county j to i) and 𝑀𝑖𝑗 is calculated by dividing 𝑃𝑖𝑗 by column sums of the P matrix. 

Using column standardization of the P matrix, we assume that a fixed portion of created 

knowledge in county j spills over to county i. As such, the distant knowledge spillover 

variables is interpreted as the (expected) aggregated amount of knowledge imported from 

distant partner regions to a knowledge receiving region i. Since the localized spillover 
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variables captures all knowledge spillovers within 50 or 75 miles, we only count the 

distant spillovers that are taking place beyond 50 or 75 miles. 

  

𝑫𝒊𝒔𝒕𝒂𝒏𝒕. 𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 = ∑ 𝑀𝑖𝑗 ⋅ 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑗 ⋅ 1(𝑑(𝑖, 𝑗) > 50 𝑚𝑖𝑙𝑒𝑠)𝑗≠𝑖  𝑤ℎ𝑒𝑟𝑒 𝑀𝑖𝑗 =

𝑃𝑖𝑗/∑ 𝑃𝑖𝑗  𝑖            (3.4) 

 

Finally, when it comes to the level of intra-regional knowledge spillovers, we rely 

on the share of patent flows as above. However, it is only for flows within the same 

county, i.e. 𝑰𝒏𝒕𝒓𝒂𝒊 = 𝑃𝑖𝑖/∑ 𝑃𝑟𝑖  𝑟 . The level of intra-regional spillovers is measured 

separately from the previous two types of interregional spillovers so their individual roles 

can be evaluated. 

 

3.3.3 Spatial Heterogeneity 

In order to promote economic activity in a region, place-based economic policies 

are widely used across US states (Isserman 1993). Many states provide incentives such as 

R&D tax credits to encourage local firms to innovate (Moretti and Wilson 2014). Based 

on panel data over 1981-2004, Wilson (2009) finds that state R&D incentives 

significantly increase in-state R&D expenditures. Several empirical studies (Hauptman 

and Roberts 1987; Jaffe and Palmer 1997; Pickman 1998) indicate also that 
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environmental and social regulations influence R&D investments and innovation.
11

 

Considering that each US state has different levels of incentives and regulations related to 

R&D, overlooking this institutional heterogeneity across states would lead to biased 

estimation results. As a result, we control for state-specific heterogeneity by using state 

dummy variables (State). 

In addition, we assess the differences between metropolitan and non-metropolitan 

counties. Metropolitan areas are key places for knowledge production and spillovers 

(Feldman and Audretsch 1999; Fischer et al. 2001). Yet, we decide not to disregard non-

metropolitan counties as their level of patenting and R&D expenses is not negligible and 

we want to avoid a sample selection bias. We control for this type of spatial heterogeneity 

with a dummy variable for the metropolitan counties (MSA) that interacts with the 

aforementioned knowledge input variables, with the exception of the control variable 

(Size) and the state dummies. Out of 3,109 counties, 853 counties are defined as 

metropolitan counties according to the 2000 US Census. 

Table 3.1 presents several descriptive statistics of the knowledge production 

variables. The median of total patent in metropolitan counties is 24 times greater than that 

of non-metropolitan counties. We also find important differences in the levels of private 

and academic R&D, more so across metropolitan counties. The column entitled “# of 

zero” reports the total number of counties with a value of zero for each variable. It turns 

                                                 
11

 For example, Jaffe and Palmer (1997) find a significant relationship between R&D expenditures and 

compliance costs associated to environmental regulations. See Stewart (2012) for a more comprehensive 

literature review about regulations, innovation, and R&D investment.  
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out that more than 90% of non-MSA counties do not have any R&D expenditures over 

1995-2002 although most of them created patents over 2003-2005. These statistics 

confirm our expectations regarding the larger share of innovation activities that takes 

place in the metropolitan counties. In order to examine the degree of geographical 

concentration, we calculate a Moran’s I statistic (Cliff and Ord 1981) for each variable. 

The weight matrix for the statistic is constructed as in Equation (3) but implements a cut-

off of 91 miles to ensure that each county has at least one neighbor. The results show that 

all our variables are significantly and positively clustered over space. We also note that 

the level of intra-county citations and the academic R&D expenses are less concentrated 

than the rest of the variables. The table also reveals that interregional knowledge 

spillovers, whether they are based on geographical proximity or on citation flows, are 

much greater across MSA than non-MSA counties. A similar difference is found when 

focusing on the level of intra-county spillovers. The extent to which each type of 

spillover contributes to the production of knowledge is measured in the next section. 



Table 3.1 Descriptive Statistics 

  
Total (3,109) Non-MSA county (2,256) MSA county (853) 

Variable Explanation Moran's I Mean Median S.D. # of zero Mean Median S.D. # of zero 

Patent 
Total patents (fractional 

count) 
0.74 3.4 0.9 9.2 433 150.9 22.4 494.3 5 

Private Private R&D ($1,000) 0.75 2,562.6 0.0 51,096.1 2,100 821,238.4 10.0 4,909,446.0 423 

Univ Academic R&D ($1,000) 0.26 3,844.6 0.0 52,053.5 2,154 139,803.4 0.0 587,920.1 569 

Graduate Share of graduate degree (%) 1.03 3.1 2.7 1.4 0 5.1 4.4 2.8 0 

Diversity 
Level of sectoral 

employment diversity 
0.49 2.8 2.7 0.9 0 4.5 4.4 1.5 0 

Large Share of large firms (%) 0.37 7.7 7.6 3.4 35 8.4 8.0 3.1 0 

Intra Share of intra citation (%) 0.21 5.3 0.0 14.5 1,731 11.9 10.5 11.7 164 

W50*Private 
Spatial lag of private R&D 

within 50 miles 
1.46 1,197.3 0.7 7,203.5 1,010 156,065.0 2,611.5 868,314.2 115 

W50*Univ 
Spatial lag of academic R&D 

within 50 miles 
1.20 1,199.1 3.2 5,718.0 981 22,842.2 1,042.7 98,245.8 137 

W75*Private 
Spatial lag of private R&D 

within 75 miles 
1.46 1,246.4 6.2 7,241.3 498 156,361.4 2,853.2 868,534.2 49 

W75*Univ 
Spatial lag of academic R&D 

within 75 miles 
1.23 1,215.2 17.4 5,719.9 482 22,885.6 1,118.2 98,246.2 49 

M50*Private 
Spatial lag of private R&D 

over 50 miles 
0.43 13,420.2 834.9 38,261.2 911 554,273.5 95,399.4 1,694,144.0 27 

M50*Univ 
Spatial lag of academic R&D 

over 50 miles 
0.46 3,241.2 57.6 9,630.0 987 108,505.4 22,761.0 318,639.9 35 

M75*Private 
Spatial lag of private R&D 

over 75 miles 
0.43 13,124.7 816.4 37,021.9 915 541,172.4 92,510.5 1,671,672.0 27 

M75*Univ 
Spatial lag of academic R&D 

over 75 miles 
0.46 3,179.5 52.9 9,531.9 989 106,991.6 22,649.5 317,264.5 35 

Size Total employees 0.59 10,384.5 7,265.0 10,025.0 1 123,651.5 58,219.0 230,296.7 0 

Note: Moran’s I statistics are calculated by using the spatial weight matrix of the inverse exponential decaying function with the distance decay parameter of 0.17 

within 91 miles to ensure having at least one neighbor region. The p-values of the statistics are all significant at 1% and they are calculated by using the permutation 

method of 499 random draws. The column of # of zero means the number of counties of having zero values for each variable. 



3.4 Results 

Using the aforementioned variables, we estimate restricted and unrestricted (MSA 

vs. non-MSA heterogeneity) regional knowledge production functions. Since most 

variables have a minimum value of zero, we added one to all variables before using a log 

transformation. The OLS estimation results appear in Table 3.2. Models 1 and 2 are 

estimated without spatial heterogeneity whereas Models 3 and 4 include it. All the 

models display significant heteroskedasticity (Breusch and Pagan 1979). In addition, the 

Moran’s I statistics (Cliff and Ord 1981) indicates the significant presence of spatial 

autocorrelation in the OLS residuals (inference is based on 499 random permutations). As 

a result, we control for both heteroskedasticity and spatial autocorrelation in the error 

terms by applying the nonparametric spatial HAC (SHAC) estimator to the calculation of 

the variance-covariance (VC) matrix of OLS estimator (Kelejian and Prucha 2007, 

pp.138-144). Equation (5) presents the formula of the SHAC estimator. In the equation, Σ̂ 

indicates the asymptotic SHAC VC matrix of OLS estimator. 𝑋𝑖𝑟 represents the (i
th

, r
th

) 

element of the explanatory matrix X and 휀�̂� is the i
th

 OLS residual. 𝑑𝑖𝑗 measures the great 

circle distance between counties i and j in miles. The results reported here are based on 

the Parzen kernel function with a bandwidth of 91 miles.
12

  

                                                 
12

 We use the function “spreg” of the R package “sphet” (Piras 2010) to implement the SHAC estimator. 

While it offers several kernel functions, we choose the Parzen kernel because it has the steepest decay 

and is thus the closest function to the inverse exponential function with a distance decay parameter of 

0.17. However, we have tried all the other kernels and the standard errors of the results are not very 

sensitive to them. All the results are available from the authors upon request. 
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Σ̂ = 𝑛(𝑋′𝑋)−1Ψ̂(𝑋′𝑋)−1 𝑎𝑛𝑑 𝑡ℎ𝑒 (𝑟𝑡ℎ, 𝑠𝑡ℎ) 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓 Ψ̂ 𝑖𝑠 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 �̂�𝑟𝑠 =

1

𝑛
∑ ∑ 𝑋𝑖𝑟𝑋𝑗𝑠휀�̂�휀�̂�𝐾 (

𝑑𝑖𝑗

𝑑∗
)𝑛

𝑗=1
𝑛
𝑖=1  𝑤ℎ𝑒𝑟𝑒 𝐾(⋅) 𝑖𝑠 𝑎 𝑘𝑒𝑟𝑛𝑒𝑙 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑤𝑖𝑡ℎ 𝑎 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑑∗    

(3.5) 

 

Model 1 shows the estimation results using a 50 miles distance cut-off and 

assuming spatial homogeneity. Private and academic knowledge stocks have a positive 

influence on knowledge creation, although the former displays an elasticity that is nearly 

2.4 times greater than the latter. The return on human capital is the largest among all 

variables. Sectoral diversity does not have a significant impact, which demonstrates that 

it is still difficult to conclude on the relative importance of diversity vs. specialization in 

the creation of knowledge. We find that a greater presence of large firms reduces 

knowledge creation. These results correspond to the argument of Acs et al. (1994) that 

small firms are more efficient at innovating than large ones. When it comes to knowledge 

spillovers, the intra-county citation flows display a positive and significant impact. The 

significance of localized interregional knowledge spillovers depends on their type. 

Private knowledge stock displays significant spillovers of which elasticity is around 58% 

of the elasticity of a county’s own private knowledge stock. However, local academic 

spillovers do not have a significant role on knowledge production. The opposite result 

holds true for the distant interregional knowledge spillovers: only the academic spillovers 

have a significant role. A calculation of the overall return of private knowledge stock 

(own-region effect + interregional knowledge spillovers) indicates that it is 1.7 times 

greater than the overall effect of the academic knowledge stock. This result is smaller 



Table 3.2 Estimation Results of OLS 

  Model 1 (OLS) Model 2 (OLS) Model 3 (OLS) Model 4 (OLS) 

  Distance cut-off: 50 miles Distance cut-off: 75 miles Distance cut-off: 50 miles Distance cut-off: 75 miles 

  Estimate (SHAC S.E.) Estimate (SHAC S.E.) Estimate (SHAC S.E.) Estimate (SHAC S.E.) 

Intercept -4.209 (0.208) *** -4.214 (0.209) *** -3.494 (0.200) *** -3.486 (0.200) *** 

ln Private 0.076 (0.005) *** 0.077 (0.005) *** 0.043 (0.008) *** 0.043 (0.008) *** 

ln Univ 0.032 (0.004) *** 0.031 (0.004) *** 0.027 (0.008) *** 0.027 (0.008) *** 

ln Graduate 0.755 (0.046) *** 0.760 (0.046) *** 0.582 (0.053) *** 0.586 (0.053) *** 

ln Diversity -0.060 (0.062) 

 

-0.062 (0.063) 

 

-0.164 (0.072) ** -0.177 (0.072) ** 

ln Large -0.237 (0.031) *** -0.235 (0.032) *** -0.165 (0.028) *** -0.164 (0.028) *** 

ln Intra 0.093 (0.011) *** 0.094 (0.011) *** 0.083 (0.012) *** 0.084 (0.012) *** 

ln W*Private 0.044 (0.005) *** 0.047 (0.006) *** 0.027 (0.005) *** 0.026 (0.006) *** 

ln W*Univ 0.006 (0.004) 

 

0.006 (0.005) 

 

0.007 (0.005)  0.010 (0.005) * 

ln M*Private 0.001 (0.006) 

 

0.002 (0.005) 

 

0.003 (0.005)  0.005 (0.005)  

ln M*Univ 0.039 (0.006) *** 0.038 (0.006) *** 0.031 (0.006) *** 0.029 (0.006) *** 

MSA             -1.419 (0.321) *** -1.493 (0.320) *** 

MSA*ln Private   

  

  

  

0.012 (0.009)  0.011 (0.009)  

MSA*ln Univ   

  

  

  

-0.011 (0.009)  -0.010 (0.009)  

MSA*ln Graduate   

  

  

  

0.339 (0.092) *** 0.334 (0.092) *** 

MSA*ln Diversity   

  

  

  

0.193 (0.107) * 0.218 (0.107) ** 

MSA*ln Large             -0.076 (0.093)  -0.061 (0.093)  

MSA*ln Intra   

  

  

  

0.018 (0.023)  0.017 (0.023)  

MSA*ln W*Private   

  

  

  

0.025 (0.008) *** 0.035 (0.009) *** 

MSA*ln W*Univ   

  

  

  

-0.008 (0.009)  -0.015 (0.010)  

MSA*ln M*Private   

  

  

  

0.081 (0.021) *** 0.077 (0.020) *** 

MSA*ln M*Univ             0.024 (0.020)  0.029 (0.020)  

ln Size 0.503 (0.026) *** 0.501 (0.026) *** 0.451 (0.025) *** 0.450 (0.025) *** 

State dummies Yes     Yes     Yes     Yes     

Total Observations 3109   3109   3109   3109   

BP test 230.076 ***  229.670 ***  207.971 ***  205.568 ***  

Moran's I 0.114 ***  0.116 ***  0.130 ***  0.130 ***  

Adjusted R2 0.882     0.882     0.897     0.897     

AIC -1.133 

  

-1.128 

 

  -1.260 

 

  -1.260 

  BIC -1.016     -1.012     -1.122     -1.122     

Note: * P-value< 10%, ** P-value< 5%, *** P-value< 1%. W means the spatial weight matrix based on the inverse exponential decaying function with the distance 

decay parameter of 0.17 within 50 or 75 miles. M stands for the spatial weight matrix based on the patent citation flows over 50 or 75 miles. Moran’s I statistics are 

calculated by using the W matrix but within 91 miles to ensure having at least one neighbor region. Standard errors are spatial HAC standard errors (Kelejian and 

Prucha 2007) using the Parzen kernel function with the bandwidth of 91 miles. 



than the 2.2 ratio found in Anselin et al. (1997, p.436) although the comparison is not 

straightforward as the authors do not control for distant knowledge spillovers. 

All the above results are fairly consistent when we extend the distance cut-off of 

local knowledge spillovers to 75 miles (Model 2). As a result, we move on to Model 3 

that relies on the same cut-off as Model 1 but includes spatial heterogeneity in the form 

of MSA vs. non-MSA counties as suggested by a significant Chow-test.
13

 We choose to 

use the non-MSA counties as the reference group so that the estimates for the MSA 

counties represent the difference with the reference group. Generally, the estimated 

returns display the same sign and significance level as their counterparts in Model 1 but 

their relative magnitude differs by county type. For example, in the non-MSA counties, 

private and academic knowledge stocks still influence knowledge creation positively and 

the former still has a greater elasticity than the latter (1.6 times greater whereas it was 2.4 

in Model 1 where heterogeneity was not accounted for). Their returns do not show any 

statistical difference in the MSA counties; human capital still displays the greatest 

elasticity level and its return is 0.34 percentage points more productive in the MSA 

counties. Considering that the share of graduate degree holders is greater in MSA 

counties, these results confirm our expectations that the higher average level of human 

capital, the more rapid the growth of knowledge will be (Rauch 1993). We find that the 

presence of large firms still affects knowledge creation negatively. This result holds true 

                                                 
13

 The Chow F-test (Chow 1960) rejects the null hypothesis of structural homogeneity between MSA and 

non-MSA counties for both the 50 and 75 miles distance cut-offs at the 1% significance level. F statistics 

are 38.15 (d.f. 1=12, d.f. 2=3,085) and 39.16 (d.f. 1=12, d.f. 2=3,085) for 50 and 75 miles respectively.  
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both at the non-MSA and MSA level. Anselin et al. (1997) reach the same conclusion 

when working on the sample of MSAs.  

One result that has changed compared to Model 1 is the role of sectoral diversity. 

It has a negative impact on knowledge creation at the 5% significance level. Hence 

specialization is beneficial in non-metropolitan areas whereas its impact in MSA counties 

(-0.164+0.193=0.029) is not statistically different from zero (p-value=0.76, two-side 

test). As such it is impossible to conclude whether sectoral specialization or diversity is 

more critical in metropolitan regions. When it comes to knowledge spillovers, the role of 

intra-regional spillovers as well as university interregional spillovers is spatially 

homogenous. Conversely, the interregional spillovers of private knowledge have a 

statistically different effect in the MSA counties. Indeed, both localized and distant 

spillovers of private knowledge stock have a greater effect in MSA counties. They are 

respectively 0.025 and 0.081 percentage points above what is expected in non-MSA 

counties.  

We believe that the differences in the returns of interregional spillovers generated 

in the academia vs. the private sector are due to by their respective learning cost and the 

absorptive capacity of recipient regions. External knowledge is more easily absorbed in 

recipient regions that have a larger stock of knowledge (Verspagen and Schoenmakers 

2004), which provides a significant advantage to MSA counties over their non-MSA 

counterparts. In addition, Cohen and Levinthal (1990) point out that a recipient’s 

willingness to bear the cost associated to learning new knowledge is another important 

determinant of the absorptive capacity. Since universities share their knowledge with 
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others at relatively low cost (Liu 2013), even for free in some cases, external innovators 

are able to access it relatively easily and without the need for a large absorptive capacity. 

On the other hand, private companies bear greater R&D costs, hence they are more 

reluctant to share new knowledge or they try to stay their sole proprietor for as long as 

possible. Therefore, recipient regions require a much greater absorptive capacity and/or 

need to afford higher cost to comprehend private knowledge. These elements explain the 

differences between the knowledge spillovers generated in the academia (their returns are 

spatially homogenous) and those due to the private sector (their returns are larger in MSA 

counties because they have a greater absorptive capacity than non-metropolitan counties). 

For both Models 1 and 3, our results do not conclude to a significant presence of 

localized interregional spillovers of academic knowledge. It is a different outcome from 

many previous studies applied to the US (Jaffe 1989; Acs et al. 1994; Audretsch and 

Feldman 1996; Anselin et al. 1997; Ó hUallacháin and Leslie 2007). Re-estimating our 

models without long-distance spillovers does not change this result, so the explanation is 

not found in previous papers displaying a missing variable bias. Instead, we believe that 

one possible explanation lies in our use of sectorally aggregated data. According to 

Anselin et al. (2000), the influence of local university spillovers vary by industry. They 

find that local university spillovers are found in the Electrics and the Instruments sectors 

but not in the Drugs/Chemicals nor Machinery sectors. Since aggregating sectoral 

innovation data attenuate heterogeneous characteristics of local spillovers across sectors, 

our results may not show strong evidence of localized academic spillovers.  
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Another possible explanation is the spatial scale of our data. The spatial 

observations used in previous studies are the states (Jaffe 1989; Audretsch and Feldman 

1996; Anselin et al. 1997) and the MSAs (Anselin et al. 2000; Acs et al. 2002) which 

have a broader spatial extent than our county-level data. It is possible that the 50 miles 

distance cut-off is somewhat too narrow to capture the interregional spillovers of 

academic knowledge at the county-level as suggested by the sparseness of the 

geographical distribution of academic knowledge: 43% of the non-MSA counties and 

16% of the MSA counties do not have a neighbor spending in academic R&D within 50 

miles. When the cut-off increases to 75 miles, the shares reduce to 22% and 6% 

respectively. As such, we test the sensitivity of the interregional spillovers with a 75 

miles distance cut-off and the results are reported in Model 4. The results are very 

consistent with those of Model 3; the only exception is the presence of positively 

significant localized spillovers from academic knowledge although they are only weakly 

significant (at 10%). Their role is not different between MSA and non-MSA counties. 

We decided to estimate two additional model specifications to test the robustness 

of our results. The first one is a spatial Durbin error model (SDEM) and the second one is 

a Tobit model coupled with spatial error model (Tobit SEM)
 14

. The latter one allows us  

                                                 
14

 We thank an anonymous reviewer of International Regional Science Review for suggesting these model 

specifications. The SDEM with robust standard errors is estimated with the function “gstslshet” of R 

package “sphet” developed by Piras (2010). The Tobit SEM is estimated with Stata’s module 

“SPAUTOREG” developed by Shehata (2012). 



Table 3.3 Estimation Results of SDEM and Tobit SEM 

  Model 5 (SDEM-GMM) Model 6 (SDEM-GMM) Model 7 (Tobit SEM-ML) Model 8 (Tobit SEM-ML) 

  Distance cut-off: 50 miles Distance cut-off: 75 miles Distance cut-off: 50 miles Distance cut-off: 75 miles 

  Estimate (Robust S.E.) Estimate (Robust S.E.) Marginal Effects (Robust S.E) Marginal Effects (Robust S.E) 

Intercept -3.492 (0.190) *** -3.486 (0.191) *** -7.721† (0.328)† *** -7.715† (0.328)† *** 

ln Private 0.042 (0.008) *** 0.043 (0.008) *** 0.033 (0.010) *** 0.033 (0.010) *** 

ln Univ 0.027 (0.007) *** 0.027 (0.007) *** 0.021 (0.010) ** 0.020 (0.010) ** 

ln Graduate 0.573 (0.052) *** 0.578 (0.052) *** 0.934 (0.092) *** 0.945 (0.092) *** 

ln Diversity -0.151 (0.068) ** -0.163 (0.068) ** -0.017 (0.115)   -0.039 (0.115) 

 ln Large -0.166 (0.028) *** -0.165 (0.028) *** -0.184 (0.062) *** -0.180 (0.062) *** 

ln Intra 0.083 (0.011) *** 0.084 (0.012) *** 0.114 (0.018) *** 0.116 (0.017) *** 

ln W*Private 0.028 (0.005) *** 0.028 (0.006) *** 0.044 (0.009) *** 0.045 (0.010) *** 

ln W*Univ 0.006 (0.005)   0.008 (0.005)   0.010 (0.008)   0.014 (0.010) 

 ln M*Private 0.003 (0.005)   0.005 (0.005)   0.012 (0.010)   0.015 (0.010) 

 ln M*Univ 0.031 (0.006) *** 0.028 (0.006) *** 0.042 (0.011) *** 0.037 (0.011) *** 

MSA -1.420 (0.278) *** -1.496 (0.278) *** -1.040 (0.377) *** -1.116 (0.376) *** 

MSA*ln Private 0.013 (0.009)   0.012 (0.009)   -0.002 (0.011)   -0.003 (0.011) 

 MSA*ln Univ -0.010 (0.009)   -0.009 (0.009)   -0.018 (0.010) * -0.017 (0.010) 

 MSA*ln Graduate 0.388 (0.085) *** 0.381 (0.086) *** 0.158 (0.115)   0.147 (0.115) 

 MSA*ln Diversity 0.130 (0.098)   0.155 (0.098)   -0.070 (0.135)   -0.035 (0.135) 

 MSA*ln Large -0.066 (0.077)   -0.052 (0.076)   0.154 (0.103)   0.168 (0.102)   

MSA*ln Intra 0.016 (0.022)   0.015 (0.022)   -0.014 (0.028)   -0.016 (0.028)   

MSA*ln W*Private 0.025 (0.009) *** 0.035 (0.010) *** 0.011 (0.011)   0.019 (0.013) 

 MSA*ln W*Univ -0.004 (0.009)   -0.011 (0.010)   -0.003 (0.011)   -0.010 (0.013) 

 MSA*ln M*Private 0.079 (0.020) *** 0.075 (0.019) *** 0.081 (0.026) *** 0.077 (0.026) *** 

MSA*ln M*Univ 0.024 (0.020)   0.029 (0.020)   0.005 (0.027)   0.010 (0.027)   

ln Size 0.451 (0.023) *** 0.450 (0.023) *** 0.738 (0.032) *** 0.735 (0.032) *** 

Lambda 0.420 (0.091) *** 0.421 (0.091) *** 0.037† (0.017)† ** 0.038† (0.017)† ** 

Sigma 

  

    

 

  0.802† (0.015)† *** 0.802† (0.015)† *** 

State dummies Yes     Yes     Yes     Yes     

Total Observations 3109     3109     3109 (Left-Censored Obs.: 438) 3109 (Left-Censored Obs.: 438) 

Moran's I 0.177 ***  0.179 ***    

Adjusted R2 0.896 

 

  0.896 

 

  0.803 

 

  0.803 

  AIC -1.257 

 

  -1.258 

 

  0.281 

 

  0.280 

  BIC -1.117     -1.118     0.419     0.418     

Note: * P-value< 10%, ** P-value< 5%, *** P-value< 1%. Superscript † indicates robust ML estimates in Models 7 and 8. Other estimates in Models 7 and 8 present 

marginal effects of explanatory variables on observed ln Patent, i.e. 𝛽 ⋅ Prob(-3.496608 < ln Patent) and its standard errors are calculated by the delta method. W 

means the spatial weight matrix based on the inverse exponential decaying function with the distance decay parameter of 0.17 within 50 or 75 miles. M stands for the 

spatial weight matrix based on the patent citation flows over 50 or 75 miles. Spatial error terms of SDEM and Tobit SEM are based on the W matrix within 91 miles. 

Moran’s I statistics are calculated by using the W matrix but within 91 miles. The adjusted R2 of Tobit SEM is calculated following Buse (1973). 



to explicitly control for the 438 counties that do not produce any patent. The SDEM is 

estimated by the generalized method of moments (GMM) estimator suggested by 

Kelejian and Prucha (2010) to control for heteroskedasticity. Models 5 and 6 in Table 3.3 

show the estimation results of the SDEM with 50 and 75 miles distance cut-offs 

respectively. The spatial weight matrix of the SDEM is the W matrix with a 91 mile cut-

off used when calculating the Moran’s I statistics in the OLS residuals. Significant spatial 

error autocorrelation is found for both distance cut-offs. All estimates and the model fit 

(adjusted R
2
, AIC, BIC) of the SDEM are very close to those of the OLS model. 

Before we estimate the Tobit SEM, we check the minimum value of the positive 

patents (0.0303) so that its log value (-3.496608) is used as the left limit to censor the 

zero patents. A robust maximum likelihood estimator (Greene 2011, pp.542-545) is used 

for its estimation. Models 7 and 8 in Table 3.3 report the results for different distance cut-

offs. Although the negative impact of sectoral diversity and the returns of human capital 

and localized spillovers of private R&D across MSA counties are not statistically 

significant, the results are qualitatively similar to OLS. In terms of model fit, OLS 

outperforms the Tobit SEM. As a result, the estimates of the SDEM and Tobit SEM do 

not challenge the findings based on OLS coupled with SHAC estimator. In addition, the 

latter has the conceptual advantage over the other two of not being sensitive to the 

structure of the spatial weight matrix because SHAC does not make any assumption 

about the structure of the disturbances (Piras 2010).  
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3.5 Conclusion 

Identification and measurement of knowledge spillovers have attracted a lot of 

attention in the knowledge production function literature over the last few decades. The 

majority of studies have modeled localized interregional knowledge spillovers based on 

pure geographical proximity as if face-to-face contacts are their only source. Although 

such contacts favor spillovers of tacit knowledge that should not be disregarded, we 

demonstrate in this paper that distant sources of knowledge can contribute even more to 

the creation of local knowledge. In order to capture these types of externalities, we build 

a matrix of the patent creation-citation flows across the 3,109 US counties that constitute 

our sample. Its advantage compared to geography-based matrices relies on its capacity to 

provide clearly the directionality of the knowledge flows. In addition, this paper 

examines explicitly the role of intra-regional knowledge spillovers as it has been largely 

ignored in past studies.  

Our estimation results indicate that all types of spillovers (intra-regional 

spillovers, localized and distant interregional spillovers) play a significant role in the 

production of knowledge, although their relative impact depends on their type, source, 

and location. Intra-regional spillovers and distant interregional spillovers display greater 

returns than those based on localized spillovers. This implies that previous contributions 

that emphasized the latter type of knowledge spillovers were unable to fully capture their 

role in innovation. We find that localized spillovers of private investment in R&D lead to 

greater returns than those due to university R&D. In addition, localized spillovers 

generated in the private sector display greater returns in MSA than non-MSA counties. 
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Distant knowledge spillovers due to university R&D have a significant and spatially 

homogenous return across MSA and non-MSA counties, while those attributed to private 

R&D contribute to innovation in MSA regions only. Generally, the MSA counties are 

able to benefit more from the research performed elsewhere than their non-MSA 

counterparts. 

Our results lead to two policy implications. First, future innovation policies 

should recognize more fully the presence of spatial heterogeneity in the innovation 

process. Some contributions have highlighted the need to “regionalize” such policies 

(Stough 2003; Fritsch and Stephan 2005). Indeed, our estimation results show that if 

policy makers ignore the significant heterogeneity between metropolitan and non-

metropolitan regions, the overall return of private investments in R&D will be over-

estimated, especially in the non-MSA counties. This could encourage policy makers to 

systematically allocate their resources in support of R&D in the private sector instead of 

in the academia. Yet, our results show that the overall returns of private and university 

R&D are similar in non-MSA counties. In addition, it is only when spatial heterogeneity 

is included in our model that the significant role of distant knowledge spillovers of 

private knowledge can be revealed (in MSA counties only). Some metropolitan regions 

have become a hub of global knowledge (Maskell et al. 2006), hence the lack of 

consideration for distant knowledge spillovers can overemphasize the importance of 

localized private R&D interactions and lead to suboptimal innovation policies. 

Second, the role of universities as an engine of both regional and national 

innovation is confirmed in our results and supports previous contributions (Jaffe 1989; 
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Anselin et al. 2000; Ponds et al. 2010). While the returns in R&D in the academia are not 

as high as in the private sector, more especially among MSA counties, they have the 

advantage to display significantly positive long-distance spillovers that, in addition, 

maintain their influence in the innovation process across types of counties. In 

comparison, private R&D spending in non-MSA does not lead to any long-distance 

spillovers. As a result, innovation policy measures need to consider the larger 

geographical extent of academic knowledge spillovers when evaluating the relative 

performance of the actors of innovation and providing financial support such as grants 

and tax breaks.  

In this chapter we examined the role of local and distant knowledge spillovers 

based on geographical proximity and patent creation-citation flows respectively. 

Although our empirical results have highlighted the importance of these types of 

spillovers, we are aware that other channels such as those based on labor migration 

(Almeida and Kogut 1999) are worth exploring further. They too would indicate the 

directionality of spillovers. To our knowledge, the role of these factors has never been 

measured in the frame of a US county-level knowledge production function, yet they 

could shed light into the dynamics of the interregional system of innovation. We leave 

this endeavor for future research. 



CHAPTER 4 

 

SPATIAL HETEROGENEITY IN SPATIAL EXTERNALITY: 

EXPLORING THE SPATIAL HETEROGENEITY  

IN REGIONAL KNOWLEDGE CREATION ACRSOSS U.S. COUNTIES
15

 

 

 

4.1 Introduction 

Compared to Griliches’ (1979) original firm-focused knowledge production 

function, successive developments in the literature have recognized the critical role of 

localized knowledge spillovers (Audretsch and Feldman 2004). It has led to a surge of 

studies focusing on a regional approach of knowledge creation (Jaffe 1989; Audretsch 

and Feldman 1996; Anselin et al. 1997; Bode 2004). Shifting observation from the firm-

level to the regional level does not lead to a mere aggregation of individual firm units. 

Instead, it implicitly assumes that innovative activities and local knowledge spillovers 

between individual firms are not negligible and prevalent within the spatial unit 

                                                 
15

 This chapter is based on the working paper of Kang and Dall'erba (2015a), “Exploring the Spatially 

Varying Innovation Capacity of the US Counties in the Framework of Griliches’ Knowledge Production 

Function: a Mixed GWR Approach” which is submitted to Journal of Geographical Systems. This study 

was supported by the National Science Foundation Grant (SMA-1158172). Any opinions, findings and 

conclusions or recommendations expressed in this chapter are those of the authors and do not reflect the 

views of the National Science Foundation. We would like to thank the participants of the seminars of the 

Regional Economics And Spatial Modeling laboratory for their helpful comments and suggestions. 
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(Audretsch and Feldman 2004). Another motivation for using aggregated units is that the 

role of region-specific characteristics is crucial in knowledge creation. Each region has a 

specific institutional environment organized by frequent interactions and reciprocal trust 

between entrepreneurs, universities and government agencies within the region (Döring 

and Schnellenbach 2006). And since such an institutional environment plays an important 

role in intra-regional collective synergies and externalities (Harris 2011), we should 

expect the mechanisms that shape intra-regional knowledge creation to be as spatially 

heterogeneous across regions as institutional environments are. 

However, spatial variations in the capacity to innovate are not limited to intra-

regional activities only. Firms in one location benefit from knowledge created in distant 

sources (Rosenkopf and Almeida 2003) to the point where remote partners can be a 

firm’s strongest partner for innovation (Asheim and Isaksen 2002; Gertler and Levitte 

2005; Trippl et al. 2009). Yet, at the regional level, the ability to capitalize on such 

external sources of knowledge creation, i.e. the region’s absorptive capacity (Cohen and 

Levinthal 1990), is still subject to local conditions such as the quality of its institutions, 

its geography and the level of agents’ interactions within the region (Agrawal et al. 

2010). As such, one should expect the absorptive capacity and the dynamics of 

knowledge creation in any region to be different from what they are in all the remaining 

regions.  

Nevertheless, most empirical studies of the regional knowledge production 

function presume spatially homogenous marginal effects of the knowledge input factors 

(Jaffe 1989; Anselin et al. 1997; Ó hUallacháin and Leslie 2007; Ponds et al. 2010). 
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Indeed, in the traditional regression approach, the coefficient associated with a variable 

corresponds to its average impact across the entire sample, which may mask a positive 

impact in some areas and a less positive or even negative one in other areas (McMillen 

and Redfearn 2010). In order to measure the potential presence of heterogeneity, we 

adopt a geographically weighted regression (GWR) approach to obtain local coefficients 

(Brunsdon et al. 1996; Brunsdon et al. 1998; Fotheringham et al. 2002). It should allow 

us to uncover each county’s innovation strengths and weaknesses and suggest place-

tailored innovation policies (Stough 2003; Fritsch and Stephan 2005). 

However one should not expect the role of every knowledge input variable to 

significantly vary spatially. If that is the case, then the results of GWR could lead to 

inefficient and incorrect conclusions (Wei and Qi 2012). As such we examine the degree 

of spatial stationarity in the marginal effects of input variables and compare the result of 

GWR with those of Mixed Geographically Weighted Regression (MGWR) 

(Fotheringham et al. 2002). GWR or MGWR are not widely used in the knowledge 

production function literature. We attribute it to the fact that most of the attention has 

focused on modeling the mechanisms of spatial knowledge spillovers (for the overview 

on spatial modeling of knowledge spillovers, see Autant-Bernard 2012). In addition, the 

collinearity problem of GWR that makes this technique inapplicable to small sample of 

less than 400 observations (Wheeler and Tiefelsdorf 2005; Paez et al. 2011) is 

inconvenient for the states or MSA level data usually used in regional knowledge 

production functions (Anselin et al. 2000; Peri 2005; Ó hUallacháin and Leslie 2007). 
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Given the aforementioned background, this paper explores the spatial 

heterogeneity in the mechanisms of regional knowledge creation across 3,109 continental 

US counties. As a smaller observation unit than states or Metropolitan Statistical Areas 

(MSA), counties allow us to provide more details about spatial variations in the US 

knowledge creation mechanism, as well as to adopt the GWR approach. Our large sample 

also helps us not to disregard non-metropolitan counties of which innovative capacity is 

admittedly lower than their metropolitan counterparts but certainly not negligible. The 

rest of the paper is composed as follows: Section 4.2 reviews the theoretical literature 

pinpointing the sources of spatial heterogeneity and lists the ways it has been modeled 

previously. Section 4.3 describes our knowledge production function and the relevant 

data. The calibration methods of GWR and MGWR are also explained in this section. 

The results and their interpretation appear in Section 4.4 while the Section 4.5 closes the 

chapter with some concluding remarks. 

 

4.2 Literature Review 

4.2.1 Sources of Spatial Heterogeneity in Knowledge Creation and Innovation 

Firms, universities and government agencies are the main actors of knowledge 

creation and innovation. As such the individual capacity of these agents is an important 

determinant of knowledge creation in the region they belong to. Yet the region’s 

characteristics constituted by interactions between the agents are also highly relevant to 

intra-regional innovation outputs (Döring and Schnellenbach 2006; Harris 2011). For 

instance, Marshall (1920) points out that socio-cultural and institutional assets such as 
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collective identity and expertise develop gradually within an industrial district and its 

“industrial atmosphere” is critical to facilitating localized knowledge spillovers and the 

creation of innovation. The literature of collective learning (Camagni 1991; Lorenz 1992; 

Lazaric and Lorenz 1998) also emphasizes the role of regional “innovative milieus” in 

promoting regional learning and innovation. Local cultural and institutional rules and 

civic engagement facilitate collaborations between firms thereby contributing to stronger 

intra-regional trust, inter-firm networking (Keeble et al. 1999) and a greater innovative 

capacity at the regional level (Storper 1997).  

Similar ideas are found in the literature of learning region (Storper 1993; Florida 

1995; Asheim 1996; Morgan 1997; Simmie 2011). In the knowledge-based economy, 

global companies depend on their home regions’ local knowledge assets and 

infrastructures which are subject to region-specific institutional and cultural norms 

(Florida 1995). As such, the regional learning process of generating and transferring 

knowledge is affected by local social capital, i.e. the institutional and cultural context of 

local networks, trust and conventions (Storper 1993; Asheim 1996; Morgan 1997). 

Studies on regional innovation system have also highlighted the critical role of 

institutional infrastructures on intra-regional innovative activities (Cooke et al. 1997; 

Asheim and Isaksen 2002; Oughton et al. 2002; Asheim and Gertler 2006). Since these 

institutional infrastructures have evolutionary properties and path dependence (David 

1994; Zysman 1994; Asheim and Gertler 2006), their regional characteristics are different 

across regions (Simmie 2011). Therefore, heterogeneous region-specific conditions are a 

source of spatial heterogeneity in intra-regional knowledge creation. 
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In addition, heterogeneous region-specific conditions are related with the regional 

capacity of exploiting external knowledge sources. Firms can exploit benefits of 

knowledge spillovers not only from their local knowledge pool but also from distant 

external sources (Asheim and Isaksen 2002; Rosenkopf and Almeida 2003; Gertler and 

Levitte 2005; Trippl et al. 2009) and each region has its own capacity to absorb 

knowledge created elsewhere (Cohen and Levinthal 1990) as it depends on the unique 

combination of the ability of local individual agents (Mukherji and Silberman 2013). 

Verspagen and Schoenmakers (2004) demonstrate that this capacity is proportional to the 

existing stock of local knowledge while Döring and Schnellenbach (2006) and Agrawal 

et al. (2010) show that it is also depends on the locality’s institutions, sectoral structure 

and historical similarity with its partners. As such heterogeneous regional characteristics 

lead to a spatially heterogeneous capacity to exploit external knowledge sources. 

 

4.2.2 Modeling Spatial Heterogeneity in the Empirical Studies of Knowledge Production 

Function 

Various approaches have been used in the literature to model spatial heterogeneity 

in the regional innovation dynamics. The most common approach relies on capturing a 

set of control variables of which values differ by region. Since the contribution of Jaffe 

(1989), geographically-aggregated R&D expenditures and human capital are commonly 

used in regional knowledge production functions (Acs et al. 2002; Bode 2004; Parent and 

LeSage 2008). An index of specialization or diversity is also commonly found (Feldman 

and Audretsch 1999; Ó hUallacháin and Leslie 2007; Parent and LeSage 2008) and the 

sign of its associated estimates helps researchers concludes on whether Marshall-Arrow-
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Romer (Marshall 1920; Arrow 1962; Romer 1986) or Jacobian externalities (Jacobs 

1969) drive regional innovation the most as both matter theoretically (Jaffe 1986; Glaeser 

et al. 1992; Fung and Chow 2002; Henderson 2003). In addition, Anselin et al. (1997) 

and Bode (2004) propose to control for the share of small firms since they have a 

comparative advantage in exploiting knowledge generated from university laboratories 

(Acs et al. 1994). On the other hand, large firms have a greater impact on the local labor 

market (Acs and Armington 2004), thus their contribution to agglomeration effects and 

consequently to knowledge creation could be greater than small firms. As such, the 

relative presence of large or small firms needs to be accounted for to shed some light on 

its net effect on regional knowledge creation.  

The recent contributions of Mukherji and Silberman (2013) and Capello and 

Lenzi (2014) focus on the regional entrepreneurship culture and social capital 

respectively due to their role on the local absorptive capacity. In the absence of actual 

measurement of these regional characteristics, the level of entrepreneurship is proxied by 

the self-employment rate, the rate of firm birth and deaths and the share of employment 

in young firms. Following the innovative milieus theory (Camagni 1991; Lorenz 1992; 

Lazaric and Lorenz 1998), the level of trust, cooperation and collective actions within a 

region are used as a measure of social capital. In addition, several studies attempt to 

measure the level of intra-regional knowledge spillovers directly. Jaffe (1989) uses the 

geographical coincidence of university and commercial R&D laboratories within a US 

state, while Kang and Dall’erba (2015) rely on intra-regional patent citation flows at the 

county level. 
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An increasing number of spatial econometric studies incorporate interregional 

knowledge spillovers to deal with the spatial dependence and heterogeneity inherent in 

regional knowledge creation and innovation (Autant-Bernard 2012). In order to model 

spillovers capturing the diffusion of tacit knowledge due to face-to-face interactions, 

many studies rely on knowledge created within a distance cut-off or among physically 

contiguous neighboring regions (Anselin et al. 1997, 2000; Bode 2004; Autant-Bernard 

and LeSage 2011). In addition, several studies examine the role of interregional 

knowledge spillovers taking place over long distance through channels such as 

technological proximity (Maurseth and Verspagen 2002; Fischer et al. 2006; Maggioni et 

al. 2010). Peri (2005) uses a matrix of interregional patent creation-citation flows in 

Western Europe and North America. Ponds et al. (2010) model the spillovers across 

Dutch regions based on research collaboration between universities and firms. 

As an alternative way to model the spatial heterogeneity of the innovation 

activities, random and fixed effects are also introduced. For instance, in the framework of 

a spatial interaction model, Fischer et al. (2006) adopt heteroskedastic error terms 

assumed to reflect heterogeneous knowledge flows. Parent and LeSage (2008) choose to 

model spatially structured random effects assumed to reflect interregional knowledge 

spillovers in conjunction with non-spatially structured heteroskedastic variance terms. 

Mukherji and Silberman (2013) focus on a region’s absorptive capacity that they model 

through destination fixed-effect coefficients in the frame of a spatial interaction model. 

The estimated regional absorptive capacity is then used to explain innovation 

productivity. 
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However, the aforementioned modeling approaches presume that the average 

marginal impacts of the knowledge input factors are spatially homogenous. It is a main 

difference with several spatial econometric model specifications that offer the capacity to 

measure local marginal impacts. For example, LeSage and Pace (2009) propose to 

calculate the k
th

 variable’s local direct marginal effects of the spatial Durbin model 

(commonly written as 𝒀 = 𝛼𝑰𝑵 + 𝜌𝑾𝒀 + 𝑿𝜷 + 𝑿𝜽 + 𝜺) based on the diagonal elements 

of 
𝜕𝒀

𝜕𝑿𝒌
′ = (𝑰 − 𝜌𝑾)−1(𝛽𝑘 + 𝑾𝜃𝑘). But the local estimates of spatial econometric models 

depend on a pre-determined spatial weight matrix and globally estimated parameters such 

as 𝜌, 𝛽𝑘 and 𝜃𝑘  (Elhorst 2014). Since spatially heterogeneous regional characteristics 

affecting regional innovation activities are hard to control perfectly, local marginal 

impacts of knowledge inputs would reflect the relevant influence of regional 

characteristics. Therefore, the assumption of homogeneous parameters over space in the 

empirical model of knowledge production function may be too restrictive, thereby 

leading to locally biased misspecification (McMillen and Redfearn 2010). As a result, 

this paper adopts GWR and MGWR approaches to explore spatial heterogeneity in the 

marginal effects of the knowledge input variables.  

 

4.3 Model and Data 

4.3.1 Regional Knowledge Production Function 

The prevalent knowledge production function at the firm level is a Cobb-Douglas 

function as in Griliches (1979). It proposes the innovation output to be associated to the 

knowledge stock and human capital inputs (Audretsch and Feldman 2004). At the 
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regional level, the conceptual framework expands the firm level approach by aggregating 

geographically the knowledge stock and human capital level (Jaffe 1989; Acs et al. 2002; 

Bode 2004). In addition, several region-specific conditions can be included in the 

regional model as described in the previous section. Among them, we select a set of 

variables that can be measured for our observation units, i.e. the 3,109 continental US 

counties, and build on recent efforts to separate clearly intra-regional spillovers (Kang 

and Dall’erba 2015) from local spillovers (Anselin et al. 1997; Bode 2004) and long 

distance spillovers (Peri 2005; Ponds et al. 2010). Equation (4.1) presents our empirical 

model of regional knowledge production of which variables have been chosen based on 

past literature (see Section 4.2) and the Chapter 3 of this dissertation. The definition and 

data source of all our variables appear in Appendix. Table 4.1 presents the list of these 

variables as well as their descriptive statistics. The innovation output corresponds to the 

total patent applications in county i. 

 

𝑙𝑛𝑷𝒂𝒕𝒆𝒏𝒕𝒊 = 𝛽0 + 𝛽1𝑙𝑛𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 + 𝛽2𝑙𝑛𝑼𝒏𝒊𝒗𝒊 + 𝛽3𝑙𝑛𝑮𝒓𝒂𝒅𝒖𝒂𝒕𝒆𝒊

+ 𝛽4𝑙𝑛𝑫𝒊𝒗𝒆𝒓𝒔𝒊𝒕𝒚𝒊 + 𝛽5𝑙𝑛𝑳𝒂𝒓𝒈𝒆𝒊 + 𝛽6𝑙𝑛𝑰𝒏𝒕𝒓𝒂𝒊

+ 𝛽7 ln 𝑳𝒐𝒄𝒂𝒍. 𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 + 𝛽8 ln 𝑳𝒐𝒄𝒂𝒍. 𝑼𝒏𝒊𝒗𝒊

+ 𝛽9𝑙𝑛𝑫𝒊𝒔𝒕𝒂𝒏𝒕.𝑷𝒓𝒊𝒗𝒂𝒕𝒆𝒊 + 𝛽10𝑙𝑛𝑫𝒊𝒔𝒕𝒂𝒏𝒕. 𝑼𝒏𝒊𝒗𝒊 + 𝛽11𝑙𝑛𝑺𝒊𝒛𝒆𝒊+휀𝑖 

           (4.1) 

 



Table 4.1 Descriptive Statistics 

  
MSA county (853) Non-MSA county (2,256) 

Variable  Explanation  Mean Med. S.D. Min Max Zeros Mean Med. S.D. Min Max Zeros 

Patent  
Total patents  

(fractional count)  
150.92 22.39 494.28 0.00 9,359.67 5 3.43 0.94 9.16 0.00 162.39 433 

Private  
Private R&D 

(million dollars)  
821.24 0.01 4,909.45 0.00 99,161.86 423 2.56 0.00 51.10 0.00 2,097.02 2,100 

Univ  
Academic R&D 

(million dollars)  
139.80 0.00 587.92 0.00 11,826.88 569 3.84 0.00 52.05 0.00 1,815.92 2,154 

Graduate  
Share of graduate 

degree holders (%)  
5.13 4.43 2.83 1.23 25.19 0 3.05 2.71 1.41 0.54 14.66 0 

Diversity  
Level of sectoral 

employment diversity  
4.54 4.35 1.53 1.11 13.01 0 2.76 2.67 0.86 0.83 6.49 0 

Large  
Share of large firms 

(employees > 499) (%)  
8.38 8.00 3.08 1.10 40.00 0 7.67 7.56 3.44 0.00 26.19 35 

Intra  
Share of intra-county 

citation (%)  
11.92 10.50 11.72 0.00 100.00 164 5.33 0.00 14.49 0.00 100.00 1,731 

W*Private  
Spatial lag of private 

R&D within 50 miles  
82.12 0.20 440.65 0.00 7,682.16 347 0.24 0.00 1.87 0.00 33.04 2,045 

W*Univ  
Spatial lag of academic 

R&D within 50 miles  
10.43 0.00 80.62 0.00 2,226.71 422 0.11 0.00 0.98 0.00 20.55 2,111 

M*Private  
Spatial lag of private 

R&D over 50 miles  
554.27 95.40 1,694.14 0.00 32,228.31 27 13.42 0.83 38.26 0.00 594.35 911 

M*Univ  
Spatial lag of academic 

R&D over 50 miles  
108.51 22.76 318.64 0.00 6,093.93 35 3.24 0.06 9.63 0.00 163.46 987 

Size  
Total employees 

(thousand employees)  
123.65 58.22 230.30 2.28 3,953.42 0 10.38 7.27 10.02 0.00 83.75 1 

Note: The column Zeros means the number of counties of having zero values for each variable. 



Since the metropolitan areas play a significant role in knowledge production and 

associated spillovers (Feldman and Audretsch 1999; Fischer et al. 2001), we assume the 

data generating process in the MSAs is different from that of the non-MSAs (Partridge et 

al. 2008). In addition, Kang and Dall’erba (2015) discover a significant structural 

difference in the knowledge production process across metropolitan and non-

metropolitan counties. As such, we separate the samples of metropolitan (853 counties) 

and non-metropolitan counties (2,256 counties) based on the definition of Metropolitan 

Statistical Areas found in the 2000 US Census. However, the variables of localized and 

distant knowledge spillovers are calculated using all counties since spillovers do not take 

place only between metropolitan counties and vice versa. Table 4.1 indicates that, for all 

variables, the MSA counties display a much greater mean and median values than non-

MSA counties. The column “Zeros” reports the number of counties with a zero value for 

each variable. Due to the presence of zeros in most variables, we added one to each of 

them before log transformation. 

 

4.3.2 Calibration of GWR and Mixed GWR 

We start exploring the spatial heterogeneity in the knowledge production process 

across counties by relying on a GWR approach. A basic GWR model is expressed as 

Equation (4.2) where 𝑦𝑖  and 𝑥𝑖𝑘  are the dependent and the k
th

 explanatory variables 

respectively, (𝑢𝑖, 𝑣𝑖) denotes the geographical coordinates of the centroid of county i and 

𝛽𝑘(𝑢𝑖, 𝑣𝑖) is the k
th

 local coefficient at county i (Fotheringham et al. 2002). Equation 

(4.3) presents the vector of GWR local estimates at county i. In the equation, 𝒀 is the 
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vector of the dependent variable and 𝑿 is the matrix of explanatory variables including 

the intercept. 𝑾(𝑢𝑖 , 𝑣𝑖) is the diagonal matrix of 𝑑𝑖𝑎𝑔(𝑤𝑖1, 𝑤𝑖2, ⋯ ,𝑤𝑖𝑛) and each weight 

element 𝑤𝑖𝑗  represents the adjacency effects of neighboring counties to county i 

(Partridge et al. 2008). Various kernel functions can be used to define the weight element. 

In this study we adopt a Gaussian kernel function (Equation 4.4) as in Lloyd and 

Shuttleworth (2005) and Lu et al. (2014a). In the kernel function, 𝑏 denotes the kernel 

bandwidth and 𝑑𝑖𝑗 is the great circle distance between the centroids of counties i and j. 

Since the distribution of the observations is not uniform, we use an adaptive bandwidth 

defined as a fixed number of nearest neighbors (Fotheringham et al. 2002).  

 

𝑦𝑖 = 𝛽0(𝑢𝑖, 𝑣𝑖) + ∑ 𝛽𝑘(𝑢𝑖, 𝑣𝑖)𝑥𝑖𝑘𝑘 + 휀𝑖      (4.2) 

�̂�(𝑢𝑖, 𝑣𝑖) = [𝑿′𝑾(𝑢𝑖, 𝑣𝑖)𝑿]−1𝑿′𝑾(𝑢𝑖 , 𝑣𝑖)𝒀     (4.3) 

𝑤𝑖𝑗 = exp [−
1

2
(
𝑑𝑖𝑗

𝑏
)
2

]  𝑖𝑓 𝑑𝑖𝑗 < 𝑏 𝑎𝑛𝑑 𝑤𝑖𝑗 = 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒   (4.4) 

 

In order to choose the optimal kernel bandwidth, one can rely on the cross-

validation (CV) score (Cleveland 1979; Bowman 1984) or the Akaike Information 

Criterion (AIC). However, the former option is known for two shortcomings. First, it 

only considers model prediction accuracy (Lu et al. 2014a); second, several studies show 

that it returns a too small optimal bandwidth (McMillen 2010) which may lead to extreme 

coefficients (Farber and Páez 2007). On the other hand, AIC accounts for a trade-off 

between model complexity and prediction accuracy and it can be used to compare the 
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goodness-of-fit of a GWR model with the one of a global model (Fotheringham et al. 

2002). For these reasons, we adopt it and rely on its corrected version (AICc) with 

respect to the effective degree of freedom in a GWR model (Hurvich et al. 1998). The 

optimal bandwidth is the one that minimizes AICc as described in Equation (4.5) where n 

is the number of observations, �̂� is the estimated standard deviation of the error term and 

𝑡𝑟(𝑺) is the trace of the hat matrix 𝑺. The vector 𝑿𝒊 of the hat matrix is the i
th

 row of the 

explanatory variable matrix 𝑿. 

 

𝐴𝐼𝐶𝑐 = 2 ⋅ 𝑛 ⋅ 𝑙𝑛(�̂�) + 𝑛 ⋅ ln(2𝜋) + 𝑛 ⋅ {
𝑛+𝑡𝑟(𝑺)

𝑛−2−𝑡𝑟(𝑺)
}    (4.5) 

𝑺 =

[
 
 
 
𝑿𝟏

′ [𝑿′𝑾(𝑢1, 𝑣1)𝑿]−1𝑿′𝑾(𝑢1, 𝑣1)

𝑿𝟐
′ [𝑿′𝑾(𝑢2, 𝑣2)𝑿]−1𝑿′𝑾(𝑢2, 𝑣2)

⋮
𝑿𝒏

′ [𝑿′𝑾(𝑢𝑛, 𝑣𝑛)𝑿]−1𝑿′𝑾(𝑢𝑛, 𝑣𝑛)]
 
 
 
      (4.6) 

 

The GWR calibration allows us to explore the non-stationarity of every 

coefficient. However, some of them may not vary significantly over space. As a result, 

we use a Monte Carlo random permutation test (Brunsdon et al. 1998) to identify what 

factors do not vary spatially. This step is necessary before we calibrate a MGWR model 

(Equation 4.7) in which some coefficients are global and the remaining ones are local. 

We follow the procedure proposed in Fotheringham et al. (2002, pp. 65-68) where 

𝑿𝑮 denotes the matrix of explanatory variables with stationary coefficients and 𝑿𝑳 is its 

counterpart for non-stationary coefficients: 1) regress each explanatory variable of 𝑿𝑮 on 

𝑿𝑳 using a basic GWR and compute the residuals; 2) regress 𝒚 on 𝑿𝑳 using a basic GWR 
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and compute the residuals; 3) regress the 𝒚-residuals of step 2 on the 𝑿𝑮-residuals of step 

1 using OLS. The OLS coefficients of this regression are a vector of global coefficients 

𝜷�̂�; 4) regress (𝒚 − 𝑿𝑮𝜷�̂�) on 𝑿𝑳  using a basic GWR. The GWR coefficients of this 

regression are the local MGWR coefficients 𝜷�̂�(𝑢𝑖, 𝑣𝑖) . Calibrated global and local 

coefficients are expressed as Equations 4.8 and 4.9 respectively where 𝑺𝑳  is the hat 

matrix composed of 𝑿𝑳 and I is the compatible identity matrix. 

 

 𝑦𝑖 = ∑ 𝛽𝑘,𝐺𝑥𝑖𝑘,𝐺
𝑞
𝑘=1 + ∑ 𝛽𝑘,𝐿(𝑢𝑖, 𝑣𝑖)𝑥𝑖𝑘,𝐿

𝐾
𝑘=𝑞+1  + 휀𝑖    (4.7) 

𝜷�̂� = [𝑿𝑮
′ (𝑰 − 𝑺𝑳)

′(𝑰 − 𝑺𝑳)𝑿𝑮]−1𝑿𝑮
′ (𝑰 − 𝑺𝑳)(𝑰 − 𝑺𝑳)𝒀   (4.8) 

𝜷�̂�(𝑢𝑖, 𝑣𝑖) = [𝑿𝑳
′ 𝑾(𝑢𝑖, 𝑣𝑖)𝑿𝑳]

−1𝑿𝑳
′ 𝑾(𝑢𝑖, 𝑣𝑖)(𝒀 − 𝑿𝑮𝜷�̂�)   (4.9) 

 

4.4 Calibration Results 

The GWR and MGWR calibration results for our regional knowledge production 

function are reported in Table 4.2 for the MSA counties and in Table 4.3 for the non-

MSA counties. Model 1 of Table 4.2 shows the OLS results for the sample of 853 MSA 

counties as the baseline global model. In the model, the columns “2.5%” and “97.5%” 

denote the lower and upper bounds of the 95% confidence intervals for the estimated 

coefficients. The estimates show that both the private and the academic knowledge stocks 

have a significant and positive influence on knowledge creation across MSA counties 

although the former has a magnitude about 3.6 times greater than the latter. It is clear that 

among all our variables, human capital plays the greatest role on knowledge creation. 

Sectoral diversity and the share of large firms do not have a significant impact on 
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knowledge creation while the size of the local labor force does. It is different from the 

knowledge spillovers where, with the exception of the localized spillovers of academic 

knowledge, all types show a significant and positive role. The distant interregional 

spillovers display a greater elasticity than the local ones. This result is consistent with the 

previous studies emphasizing the importance of distant knowledge spillovers (Asheim 

and Isaksen 2002; Gertler and Levitte 2005; Trippl et al. 2009). 

Model 2 presents the calibration results of GWR. The chosen optimal adaptive 

bandwidth of the model is 61 nearest neighboring counties. With respect to the adjusted 

R
2
 and the Residual Sum of Squares (RSS), the GWR results show better goodness-of-fits 

than the OLS model. In addition, the AICc of GWR is smaller and the difference in AICc 

between Models 1 and 2 are much greater than 3, the rule of thumb brought to the fore by 

Fotheringham et al. (2002, p.96) for model selection. Although the GWR model fits the 

MSA sample better than the OLS model, the median values of the GWR coefficients are 

generally close to the OLS estimates, especially for the significant ones. In addition, the 

95% confidence intervals of the OLS estimates overlap the intervals of the first and third 

quartiles of the GWR coefficients. However, we note that the ranges of the minimum and 

maximum coefficients of the GWR are much wider than the OLS confidence intervals. 

Even though all the GWR coefficients show spatially varying patterns across MSA 

counties, the Monte Carlo test based on 499 random permutations (Brunsdon et al. 1998) 

does not reject the hypothesis of spatially stationary coefficients at the 5% significance 

level for the following variables: private knowledge stock, human capital level, intra-

regional spillovers, local and distant spillovers of academic knowledge.



Table 4.2 Calibration Results (MSA) 

Dep. Variable: 

ln Patent 

Model 1 Model 2         Model 3         

OLS GWR 

   

  Mixed GWR 

     2.5% Estimate   97.5% Min. Q1 Median Q3 Max. Min. Q1 Median Q3 Max. 

Intercept -1.409 -1.001 *** -0.593 -3.168 -1.466 -1.139 -0.668 0.247 -2.472 -1.553 -1.174 -0.830 -0.215 

ln Private 0.041 0.061 *** 0.080 0.005 0.039 0.055 0.066 0.110 

  

0.044 *** 

 
ln Univ -0.002 0.017 * 0.036 -0.027 -0.002 0.016 0.034 0.081 -0.028 0.001 0.017 0.032 0.083 

ln Graduate 0.449 0.569 *** 0.688 0.299 0.577 0.694 0.781 1.060 

  

0.662 *** 

 
ln Diversity -0.167 -0.036 

 

0.094 -0.574 -0.288 -0.109 0.107 0.415 -0.523 -0.301 -0.083 0.140 0.351 

ln Large -0.169 -0.054   0.061 -0.410 -0.135 -0.049 0.070 0.444 -0.426 -0.112 -0.051 0.066 0.407 

ln Intra 0.003 0.038 ** 0.072 -0.083 0.011 0.028 0.055 0.145 

  

0.028 *** 

 
ln W*Private 0.086 0.115 *** 0.145 0.034 0.103 0.130 0.154 0.232 -0.004 0.100 0.142 0.167 0.240 

ln W*Univ -0.048 -0.007 

 

0.035 -0.028 0.001 0.030 0.051 0.089 

  

0.029 *** 

 
ln M*Private 0.197 0.246 *** 0.296 0.119 0.157 0.203 0.293 0.428 0.094 0.165 0.216 0.269 0.505 

ln M*Univ 0.087 0.145 *** 0.203 0.022 0.060 0.087 0.138 0.269 

  

0.107 *** 

 
ln Size 0.338 0.400 *** 0.462 0.138 0.294 0.472 0.556 0.705 0.206 0.298 0.496 0.571 0.703 

Observations   853     853         853         

Adjusted R2 

 

0.918 

 

  0.934 

   

  0.933 

    
RSS 

 

210.17 

 

  146.89 

   

  156.26 

    
AICc   1252.23     1119.99         1113.76         

Kernel function 

   

  Gaussian 

   

  

Gaussia

n 

    
Bandwidth         61         61 (in 1st and 2nd steps), 54 (in 4th step) 

Note: * P-value < 10%, ** P-value < 5%,  *** P-value < 1%. The columns of 2.5% and 97.5% mean the lower and upper limits of the 95% confidence intervals for 

the OLS estimates. The columns of Q1 and Q3 mean the first and third quartiles of the calibrated coefficients associated to the explanatory variables. An adaptive 

bandwidth is used in the GWR and mixed GWR models. The bandwidths of the two models are chosen by minimizing the value of the corrected Akaike Information 

Criteria (AICc). Mixed GWR is calibrated based on the procedure described in Fotheringham et al. (2002, pp.65-68). Calibration is implemented using the R package 

“GWmodel” (Lu et al. 2014d; Gollini et al. 2015). 



As such we turn to the MGWR coefficients which are reported in Model 3. The 

chosen optimal bandwidth in the first and second steps of the MGWR procedure (see the 

previous section) is 61 and the one for the fourth step is 54. Although the adjusted R
2
 of 

MGWR is very close to the one of GWR, the former has smaller RSS and AICc values 

than those of GWR. The difference between the AICc values is about 6, which confirms 

that the MGWR is the best model in terms of model goodness-of-fit. In order to test the 

significance level of the global explanatory variables, we adopt the F-approximation 

suggested by Mei et al. (2006). We find that such coefficients are significant at the 1% 

level and generally closer to the corresponding GWR median values than to the OLS 

estimates. In addition, the local spillovers of academic knowledge which are not 

significant in the OLS model show a significant and positive global impact on knowledge 

creation now. Considering that many previous studies support the significant role of such 

spillovers (Jaffe 1989; Acs et al. 1994; Audretsch and Feldman 1996; Ó hUallacháin and 

Leslie 2007), our MGWR results suggest that the role of significant factors can be 

concealed when spatial heterogeneity is not sufficiently controlled for in a global model. 

For the local MGWR coefficients, we find that their median, first and third 

quartiles are generally close to those of the GWR model. When we focus on the intervals 

of the first and third quartiles, most local coefficients present a consistent sign. The 

exceptions are the diversity index and the share of large firms. This result is not 

necessarily surprising considering that the literature has not reached a consensus on the 

relative importance of specialization vs. diversity (Jaffe 1986; Glaeser et al. 1992; Fung 

and Chow 2002; Henderson 2003) and on the role of small vs. large firms (Anselin et al. 
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1997; Acs and Armington 2004) on knowledge creation. It could be that the relative role 

of diversity and small firms is subject to heterogeneous regional conditions such as 

institutional infrastructures and social assets so that their spatially varying elasticity is to 

be expected. 

Our results also indicate a non-stationary elasticity associated to both local and 

distant private knowledge spillovers. Since a region’s absorptive capacity to utilize 

external knowledge sources is determined by the combination of the local agents’ 

innovation ability, regional knowledge stocks (Verspagen and Schoenmakers 2004; 

Mukherji and Silberman 2013), learning cost (Cohen and Levinthal 1990) and region-

specific conditions such as institutions, industrial structure and historical similarity 

(Döring and Schnellenbach 2006; Agrawal et al. 2010), each MSA county is expected to 

display a different level of regional absorptive capacity. Figures 4.1 and 4.2 display the 

geographical distribution of the MGWR coefficients of local and distant private 

knowledge spillovers respectively. Because statistical inference on the local MGWR 

coefficients is based on 853 multiple hypotheses, we calculate the Bonferroni style 

adjusted t-value following the Fotheringham-Byrne procedure (Byrne et al. 2009) and 

report only the coefficients significant at 5% in our figures. As shown in Figure 4.1, we 

find that the significant impact of localized private knowledge spillovers is concentrated 

in the central and eastern MSAs of the country with the largest values found in Texas and 

several Southeastern states. Figure 4.2 displays the MSA counties’ elasticity of distant 

spillovers of private knowledge. Their largest value appears in the Western and 

Northeastern states. Many Texas counties that display a large impact of local spillovers 
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do not show any significant role for the distant ones. The opposite holds true for 

California, Washington, Massachusetts, New Jersey and Connecticut. 

The relative importance of the local buzz and global pipeline on regional 

innovation may explain this distinct geographical distribution of the spillover coefficients 

(Feldman and Kogler 2010; Moreno and Miguélez 2012). As many empirical studies 

point out (Asheim and Isaksen 2002; Gertler and Levitte 2005; Trippl et al. 2009), firms 

in one location can benefit from distant but highly relevant external knowledge sources as 

well as from local knowledge pools. We believe it is the case of many central MSA 

counties that display significant local coefficients for both localized and distant private 

knowledge spillovers. At the same time, some very innovative regions play a critical role 

in local knowledge creation but do not benefit much from their direct neighbors. Instead, 

they rely on distant collaborators connected with through global pipelines. Many counties 

in California, Washington, Massachusetts and New Jersey correspond to the previous 

case: as Figure 4.3 indicates, they are the most innovative MSA counties, yet their 

MGWR coefficients of local private knowledge spillovers are not significant. Instead, the 

role of distant spillovers for these counties is not only significant but also greater than 

anywhere else. On the other hand, in many highly innovative counties of Texas (see 

Figure 4.3) the significant spillovers are local only. It might be related to the composition 

of the innovative industry in this region: Texas is specialized in Computers and 

Semiconductors (Audretsch and Feldman 1996) whereas the aforementioned innovative 

states are leading regions across various innovative industries. For instance, the average 

of relative diversity index (Diversity) of the Texas MSA counties is 4.79. It is 4.83, 4.98, 
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5.03, 5.41 and 5.65 in the MSA counties of Massachusetts, California, New Jersey, 

Washington and Connecticut respectively. In addition, Anselin et al. (2000) show that 

Machinery (SIC 35) and Electronics (SIC 36) sectors which include Computers and 

Semiconductors experience significant local knowledge spillovers but their estimates are 

not measured with the presence of long-distance spillovers. Hence a sectoral analysis 

combining both types of spillovers would shed new light into the dichotomy found here. 

This is left for future research. 

 

 
Figure 4.1 MGWR Coefficients of Local Private Knowledge Spillovers (MSA) 
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Figure 4.2 MGWR Coefficients of Distant Private Knowledge Spillovers (MSA) 

 

 
Figure 4.3 Total Patent Applications per Employee (MSA) 
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Table 4.3 shows the results for the sample of the 2,256 non-MSA counties. As in 

Table 4.2, the OLS results (Model 4) indicate that the private and academic knowledge 

stocks show a significant and positive role on knowledge creation. Human capital is the 

knowledge input variable with the largest elasticity. The index of diversity is still not 

significant while the share of large firms is significantly detrimental to the innovation 

output among non-MSA counties. All types of knowledge spillovers, including the 

localized academic spillovers, have a significant and positive impact now. The GWR 

results (Model 5) show a better goodness-of-fit than the OLS model with respect to the 

adjusted R
2
, RSS and AICc. As for the MSA case, the median values of GWR 

coefficients are generally close to the OLS estimates so that the 95% confidence interval 

of the OLS estimates overlaps with the values of the first and third quartiles of the GWR 

coefficients.  

The Monte Carlo test based on 499 random permutations indicates that the 

hypothesis of stationary coefficients is not rejected at the 5% level for the following 

variables: academic knowledge stock, intra-regional spillovers, local academic spillovers, 

the distant spillovers of private and academic knowledge. As a result, the MGWR 

coefficients calibrated for the non-MSA counties are reported in Model 6. The MGWR 

shows a better model goodness-of-fit than the GWR in terms of RSS and AICc. All the 

global coefficients are significant at the 1% significant level based on the F -

approximation and their magnitudes are closer to the corresponding GWR median values 

than to the OLS estimates. For the local MGWR coefficients, their median, first and third 

quartiles are generally close to those of the GWR model and most of the local 



Table 4.3 Calibration Results (Non-MSA) 

Dep. Variable: 

ln Patent 

Model 4 Model 5         Model 6         

OLS GWR 

   

  Mixed GWR 

     2.5% Estimate   97.5% Min. Q1 Median Q3 Max. Min. Q1 Median Q3 Max. 

Intercept -0.828 -0.662 *** -0.496 -1.431 -1.113 -0.860 -0.540 -0.225 -1.506 -1.151 -0.828 -0.569 -0.163 

ln Private 0.069 0.107 *** 0.144 -0.067 0.032 0.097 0.148 0.286 -0.086 0.010 0.097 0.169 0.422 

ln Univ 0.049 0.084 *** 0.119 -0.077 0.052 0.095 0.130 0.203 

  

0.099 *** 

 
ln Graduate 0.373 0.455 *** 0.536 -0.232 0.261 0.351 0.516 0.756 -0.373 0.229 0.346 0.472 0.909 

ln Diversity -0.138 -0.022 

 

0.094 -0.461 -0.128 0.069 0.186 0.323 -0.602 -0.102 0.060 0.200 0.613 

ln Large -0.232 -0.185 *** -0.137 -0.325 -0.143 -0.078 -0.026 0.138 -0.409 -0.158 -0.074 -0.019 0.189 

ln Intra 0.046 0.065 *** 0.084 0.004 0.047 0.057 0.070 0.104 

  

0.050 *** 

 
ln W*Private 0.098 0.165 *** 0.233 -0.332 0.108 0.182 0.270 0.509 -0.432 0.134 0.202 0.304 1.849 

ln W*Univ 0.038 0.128 *** 0.217 -0.169 0.027 0.137 0.250 0.610 

  

0.135 *** 

 
ln M*Private 0.073 0.096 *** 0.119 -0.004 0.059 0.085 0.105 0.173 

  

0.081 *** 

 
ln M*Univ 0.105 0.138 *** 0.172 0.033 0.088 0.120 0.166 0.336 

  

0.113 *** 

 
ln Size 0.460 0.501 *** 0.541 0.225 0.437 0.505 0.591 0.796 0.196 0.439 0.512 0.617 0.834 

Observations   2256     2256         2256         

Adjusted R2   0.701 

 

  0.729 

   

  0.729 

    
RSS   544.71 

 

  451.06 

   

  456.92 

    
AICc   3222.43     3084.33         3075.71         

Kernel function 

   

  Gaussian 

   

  

Gaussia

n 

    
Bandwidth         86         86 (in 1st and 2nd steps), 56 (in 4th step) 

Note: * P-value < 10%, ** P-value < 5%,  *** P-value < 1%. The columns of 2.5% and 97.5% mean the lower and upper limits of the 95% confidence intervals for 

the OLS estimates. The columns of Q1 and Q3 mean the first and third quartiles of the calibrated coefficients associated to the explanatory variables. An adaptive 

bandwidth is used in the GWR and mixed GWR models. The bandwidths of the two models are chosen by minimizing the value of the corrected Akaike Information 

Criteria (AICc). Mixed GWR is calibrated based on the procedure described in Fotheringham et al. (2002, pp.65-68). Calibration is implemented using the R package 

“GWmodel” (Lu et al. 2014d; Gollini et al. 2015). 



coefficients in the intervals of the first and third quartiles display a consistent sign. The 

only exception is the diversity index. Among the knowledge spillover variables, only the 

local spillovers of private knowledge are spatially non-stationary. Figure 4.4 presents the 

geographical distribution of these coefficients but very few are significant at the 

Bonferroni adjusted p-value of 5%. In addition, we note that its elasticity is greater than 1 

in some locations so that these results should be taken with caution. We believe that this 

over-fitted estimate comes from 2,045 out of 2,256 non-MSA counties having a zero-

value for private knowledge spillovers (see Table 4.1).  

 

 
Figure 4.4 MGWR Coefficients of Local Private Knowledge Spillovers (non-MSA) 
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4.5 Conclusion 

Since the contribution of Jaffe (1989), an increasing number of studies has relied 

on geographically aggregated units to understand the spatial dynamics of knowledge 

creation. This literature has built on theoretical and empirical advances in the geography 

of innovation (Jaffe 1989; Anselin et al. 1997; Audretsch and Feldman 2004; Feldman 

and Kogler 2010) and has recognized the role of region-specific conditions such as the 

degree of diversity of its economy, human capital of the local workforce and the intra-

regional and interregional knowledge spillovers. Since these regional conditions are 

heterogeneous over space, one should expect the regional mechanisms of knowledge 

creation to vary spatially as well. However, most empirical studies in the literature have 

relied on regression models that implicitly assume the elasticity of the knowledge inputs 

does not vary over space (Jaffe 1989; Anselin et al. 1997; Ó hUallacháin and Leslie 2007; 

Ponds et al. 2010). Such elasticity corresponds to the average impact of an input across 

the entire sample, which may mask a positive impact in some areas and a less positive or 

even negative one in other areas. As such it may lead to locally biased misspecifications 

(McMillen and Redfearn 2010). In order to explore the spatial heterogeneity in the 

regional knowledge production functions of the US counties, this paper adopts the 

nonparametric local modeling approaches of GWR and MGWR. Yet another contribution 

compared to the existing literature consists in investigating the individual effect of private 

vs. academic knowledge stocks and of localized spillovers vs. distant knowledge 

spillovers. The latter are measured through a unique matrix of interregional patent 

creation-citation flows. 
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Based on two distinct samples of MSA and non-MSA counties, the calibration 

results show that the role of most knowledge input variables varies over space but some 

display a spatially homogenous elasticity on regional knowledge creation. For the MSA 

sample, the MGWR calibrations uncover the significant but spatially homogenous role of 

local knowledge spillovers emanating from universities, a factor that is not statistically 

significant in the OLS model. Considering that the GWR approach partly accounts for 

county fixed effects by using the spatially varying constant coefficients (Partridge et al. 

2008), these results support the idea that a significant factor can be concealed when 

spatial heterogeneity is not sufficiently controlled for in a global model. The local 

MGWR coefficients may show both positive and negative elasticities for the same 

variable, thus reflecting the spatial heterogeneity present in our data and model. It is the 

case for the index of industrial diversity, which does not come as a surprise considering 

that the relative importance of diversity (Jacobian externalities) vs. specialization 

(Marshall-Arrow-Romer externalities) is still debated in the literature in general (Jaffe 

1986; Glaeser et al. 1992; Fung and Chow 2002; Henderson 2003) and is subject to the 

heterogeneous characteristics of our spatial observations in particular. We also find that 

the spillovers of private knowledge vary spatially especially in MSA counties (both 

locally and over long distances). It confirms our expectations about the dominance of and 

more complex innovation capacity of the MSA counties in the nation’s knowledge 

production. At the same time academic knowledge spillovers are found to display 

spatially homogenous elasticities in both MSA and non-MSA counties. 
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Our MGWR results suggest two policy implications. First, policy makers should 

pay more attention to the spatial heterogeneity present in the regional knowledge 

production process, especially across metropolitan regions. Recently Kang and Dall’erba 

(2015) finds that there are significant structural differences in the mechanisms of regional 

knowledge creation between MSA and non-MSA counties. The MGWR results provided 

here go one step further by highlighting the significant presence of heterogeneity at the 

county level. In particular, we find that the impact of sectoral diversity is not spatially 

homogenous. As such it would be fruitful to modify on-going debates about regional 

specialization vs. regional diversity (Jaffe 1986; Glaeser et al. 1992; Fung and Chow 

2002; Henderson 2003) to questions that embrace the naturally large differences in the 

regions’ characteristics such as “how can a region capitalize on its specific industrial and 

institutional structures to innovate and grow?” In addition, the returns of local and distant 

interregional spillovers of private knowledge show significant spatial variations, but the 

relative role of these two types of spillovers does not show similar patterns across MSA 

counties. Some innovative regions generate knowledge spillovers locally but they do not 

learn much from their geographical neighbors in return as their main knowledge partners 

are remotely located. On the other hand, other innovative regions depend on their local 

neighbors by a much greater extent. As such, regional policy makers need to identify 

which type of spillovers is the most beneficial to their local innovation process before 

they can figure out how to facilitate knowledge spillovers.  

Second, policy makers need to support academic knowledge spillovers at the 

national level. Our results show that localized spillovers as well as distant spillovers of 
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academic knowledge generate spatially homogenous contributions to knowledge creation 

across both MSA and non-MSA counties. Considering that academic knowledge has the 

characteristics of a public good (Foray and Lissoni 2010), regions should have a 

relatively high capacity to absorb it even if they are short in human capital stock and 

cannot afford high learning cost (Verspagen and Schoenmakers 2004; Liu 2013). 

Therefore, the cost-efficiency of academic knowledge spillovers should be recognized 

and be supported for greater regional innovation. 

Although spatial heterogeneity is definitely an intrinsic component of knowledge 

creation, each industrial sector has distinctive innovation characteristics as reported in 

previous studies (Mansfield 1995; Anselin et al. 2000). We also cannot disregard the fact 

that the temporal aspect of innovation, especially in the form of path dependence, is a 

critical dimension to consider (David 1994). As such, our future research proposes to 

consider simultaneously the sectoral, spatial and temporal heterogeneities present in our 

data to deepen our understanding of the dynamics of knowledge creation and innovation 

across US counties. 

  



114 

 

Appendix: Definition of Variables 

This appendix explains the definition of innovational output and input variables used in 

this paper. The variables are adopted from the Chapter 3 of this dissertation. 

1) Patent (knowledge output): the average of total patent applications over 2003-2005 by 

county. The patent data comes from the US Patent and Trade Office (USPTO 2010). The 

inventor’s address is used to assign patent data to US counties of the 2000 US Census using the 

fractional county method as in Jaffe et al. (1993). For example, when N inventors apply for a 

patent together, it is assumed that 1/N faction of the patent is attributed to each inventor. Then 

each 1/N fractional patent is geocoded to the US counties where the addresses of the inventors 

indicate. 

2) Private (regional knowledge stock in private sector): the discounted sum of companies’ 

R&D expenditures of 1995-2002 (measured in 2003 constant dollars using the Produce Price 

Index of the US Bureau of Labor Statistics) by using the perpetual inventory method of lag 

polynomials of R&D expenditures (Griliches 1992) coupled with 15% annual depreciation rate. 

Data comes from Standard and Poor’s COMPUSTAT database (Standard & Poor’s 2011). The 

address of the companies is used for allocating R&D expenditures across counties. 

3) Univ (regional knowledge stock in academic sector): By the same method of Private 

but using academic R&D expenditures of NSF Survey of R&D expenditures at universities and 

colleges (National Center for Science and Engineering Statistics 2013). 

4) Graduate (regional human capital level): the share of Graduate or professional degree 

holders of 25 years or over. The data comes from the 2000 US Census. 

5) Diversity (relative diversity index of the industrial structure as in Duranton and Puga 

(2000)): 𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦𝑖 = 1/∑ |𝑠𝑖𝑗 − 𝑠𝑗|𝑗  where 𝑆𝑖𝑗  is the share of industry j’s employment in 
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county i and 𝑆𝑗 represents the share of national employment in industry j. The relevant data is 

based on the 13 industry system of the 2000 US Census. 

6) Large (the composition of firm size in regional economy): the share of large firms 

with 500 employees or more. Its data comes from the 2000 County Business Patterns.  

7) Size (control variable for the difference in regional economic size): the total number of 

employment in a county. The data comes from the 2000 US Census. 

8) Local.Private (localized interregional knowledge spillovers from private sector): the 

weighted sum of the private R&D expenditures of neighboring counties within 50 miles as in 

Anselin et al. (1997) but modified to reflect the idea that increasing commuting costs weakens the 

degree of face-to-face interactions as 𝐿𝑜𝑐𝑎𝑙. 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑖 = ∑ 𝑊𝑖𝑗 ⋅ 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑗 ⋅ 1(𝑑(𝑖, 𝑗) ≤𝑗≠𝑖

50 𝑚𝑖𝑙𝑒𝑠) and 𝑊𝑖𝑗 = 𝑒𝑥𝑝(−0.17 ⋅ 𝑑(𝑖, 𝑗)). In the equation, 𝑑(𝑖, 𝑗) is the great circle distance 

between the centroid of counties i and j, and 1(⋅) means the indicator function. 

9) Local.Univ (localized interregional knowledge spillovers from academic sector): the 

same equation of the localized private knowledge spillovers but by using the academic 

knowledge stock. 

10) Distant.Private (distant interregional knowledge spillovers from private sector): the 

weighted sum of the private R&D expenditures of neighboring counties located over 50 miles as 

𝐷𝑖𝑠𝑡𝑎𝑛𝑡. 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑖 = ∑ 𝑀𝑖𝑗 ⋅ 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑗 ⋅ 1(𝑑(𝑖, 𝑗) > 50 𝑚𝑖𝑙𝑒𝑠)𝑗≠𝑖  and 𝑀𝑖𝑗 =
𝑃𝑖𝑗

∑ 𝑃𝑖𝑗 𝑖
.  In this 

equation, 𝑃𝑖𝑗  is the (𝑖𝑡ℎ, 𝑗𝑡ℎ) element of (3,109×3,109) patent citation flows and it represents 

citation flows from county j to county i. Using the patent citation records over 1995-1999 of the 

NBER US Patent Citation Data File (Hall et al. 2001), the patent citation flows are constructed by 

the similar way of geocoding the dependent variable. For example, when O investors create 

patent A and the patent is cited by patent B with D inventors, we assume that there are (O×D) 
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knowledge flows from patent A to patent B and each flow has 1/(O×D) fractional knowledge 

which diffused from counties of the cited patent inventors (origin county) to counties of the citing 

patent inventors (destination county). Then we aggregate fractional knowledge flows between 

counties and then construct (3,109×3,109) patent citation flows. 

11) Distant.Univ (distant interregional knowledge spillovers from academic sector): the 

same equation of the distant private knowledge spillovers but by using the academic knowledge 

stock. 

12) Intra (the level of intra-regional knowledge spillovers): the share of regional self-

citation flows within the same county (𝐼𝑛𝑡𝑟𝑎𝑖 = 𝑃𝑖𝑖/∑ 𝑃𝑟𝑖  𝑟 ). 𝑃𝑟𝑖  is the (𝑟𝑡ℎ , 𝑖𝑡ℎ) element of 

(3,109×3,109) patent citation flows. 
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CHAPTER 5 

 

CONCLUSION 

 

 

Economic Geographers and Regional Scientists have an unquenchable interest in 

spatial externalities. They have studied their mechanisms theoretically and have 

measured their empirical extent in countless applications. Most empirical studies rely on 

well-developed spatial econometric techniques in that purpose. However, most of them 

model spatial externalities using spatial weight matrices that are based on simple 

geographical proximity. Furthermore, their modeling of the spatial heterogeneity featured 

in the explanatory variables is not always satisfactory. In order to develop a more realistic 

modeling of the spatial externalities in regional economic activities, applied spatial 

econometric studies need to understand the underlying mechanism of the externalities of 

interest and to capture them in the spatial weight matrix. In addition, more attention 

should be given to the spatial heterogeneity of the externalities. 

This dissertation contributes to the literature of applied spatial econometrics by 

offering a set of ways to circumvent the previous two shortcomings. Three essays that 

constitute this dissertation provide Economic Geographers and Regional Scientists 

studying spatial externalities practical examples of how various aspects of spatial 

externalities can be incorporated in traditional spatial weight matrices and of how to treat 

heterogeneous externalities. 
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The first essay investigates the negative spatial externalities of irrigation on corn 

production. The spatial externalities of irrigation water sources are well known but have 

never been examined in a spatial econometric framework. In order to measure them, 

interregional externalities of groundwater irrigation and surface water irrigation are 

modeled based on actual aquifer and river stream network characteristics. Specifically the 

externality variable of groundwater irrigation is constructed using the aquifer rock 

properties having greater hydraulic conductivity as well as geographical proximity as 

represented in Darcy’s Law of fluid motion. The externality variable of surface water 

irrigation is made based on the upstream-downstream river connections, the mean 

velocity of a river arc, the length of a river and its flow direction. The estimation results 

show that groundwater irrigation displays significant negative externalities on corn yield 

but evidence of the negative role of surface water externalities is not found. 

The second essay examines the positive spatial externalities of academic and 

private R&D spending, i.e. knowledge spillovers, in the frame of a regional knowledge 

production function across US counties. In addition to localized knowledge spillovers 

modeled based on geographical proximity, distant knowledge spillovers are incorporated 

in the estimation model. As a proxy for the knowledge spillovers along technological 

proximity between regions, the distant knowledge spillovers are constructed using patent 

creation-citation flows between regions. The advantage of patent citation data is its 

capacity to capture the direction of knowledge spillovers. In addition, for alleviating 

possible endogeneity problem in estimation, the time difference in the measured years 

between the dependent variable and the distant knowledge spillovers are imposed. The 
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estimation results show that not only local spillovers based on geographical proximity but 

also distant knowledge spillovers play important roles on knowledge creation.  

The last essay studies the heterogeneity present in the spatial externalities. Most 

empirical studies in the literature of regional knowledge production function have 

assumed spatially homogenous marginal effects of knowledge inputs and knowledge 

spillovers. Considering heterogeneous region-specific conditions, however, the 

mechanism of knowledge creation and externalities are likely to be spatially 

heterogeneous. In order to explore the spatial heterogeneity in the marginal effects of 

knowledge spillovers as well as of knowledge input factors across US counties, the 

nonparametric local modeling approaches of Geographically Weighted Regression 

(GWR) and Mixed GWR are adopted. The former approach constrains the marginal 

effects of all explanatory variables to vary across regions while the latter is more flexible 

by allowing some parameters to stay stationary over space. The calibration results show 

that there are significant spatial variations in the marginal effect of knowledge spillovers 

especially across metropolitan counties. 

Using novel spatial weight matrices and local calibration methods, the three 

essays investigate the underlying mechanism of spatial externalities as well as the 

treatment of spatial heterogeneity in crop production and knowledge creation. The results 

of the essays suggest that not only geographical proximity but hydrologic properties, 

technological proximity, institutional and cultural aspects are also important dimensions 

influencing spatial externalities and spatial heterogeneities in regional economic 

activities. These results suggest that spatial and regional policy makers need to pay more 
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attention to the underlying mechanism of the externalities to devise more locally effective 

and place-tailored policies. 

Even though this dissertation suggests practical examples of modeling more 

realistic spatial weight matrices and spatial heterogeneity, there are also several 

challenges we have to overcome. The first issue is the endogeneity problem embedded 

into a spatial weight matrix that is not based on proximity. In the case of the first essay, 

the weight matrices are based on the physical properties of aquifer rock and hydrologic 

characteristics so that their exogeneity is generally acceptable. However, the weight 

matrix based on patent citation flow in the second essay can be affected by knowledge 

creation outputs so that some endogeneity problem can raise and complicate the 

identification of spatial externalities. In that essay, a time lag is adopted to alleviate this 

possible endogeneity problem. But in most applied spatial econometric studies, sufficient 

temporal data is not always available and existing socio-economic data for the modeling 

of spatial externalities is susceptible to endogeneity problem. Using instrumental 

variables for the endogenous weight matrix is one option but finding good instruments is 

an additional challenge. Alternatively the “natural experiments” approach would be a 

possible solution as suggested by Gibbons and Overman (2012). But how to relax within 

a spatial context the Stable Unit Treatment Value Assumption presuming that a treatment 

for an unit has an impact only on the outcome of the unit but not on the other units 

(Wooldridge 2002) is a challenging task to be solved first. 

In addition, there is another issue related to discovering spatial heterogeneity in 

spatial externalities. Although GWR and Mixed GWR can explore spatially varying 
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marginal effects of externalities, their calibration mechanism is fundamentally based on 

geographical proximity between units. But sometimes other measurements could be more 

appropriate to explain the spatial heterogeneity of interest. For example, Lu et al. (2014a) 

show that travel time metrics can be applicable instead of Euclidean distance metrics or 

road network distance. As such it would be helpful to examine these various 

measurements in the GWR and Mixed GWR approaches. Even though spatial 

heterogeneity is the main interest to Economic Geographers and Regional Scientists, the 

temporal aspect is also an important source of heterogeneity in spatial externalities 

(Autant-Bernard 2012). But many spatial econometric models rely on cross-sectional data 

and temporal variations are not controlled for very well. With panel data, applied spatial 

econometric studies would be able to model both spatial and temporal heterogeneities 

especially using a variable-coefficient model (Hsiao 2003) within a spatial context. 

However, all the aforementioned suggestions require affluent spatial and temporal 

data of regional economic systems as well as additional theoretical advances in spatial 

econometrics. Even though the latter condition evolves slowly, the surge of samples 

based on big data coupled with new developments in geographical information systems is 

opening unprecedented sources of spatial and temporal data. I hope to apply more robust 

spatial econometric models to studying theoretical regional economic questions with new 

data in the near future. 
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