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ABSTRACT 

In this study, I test the gravity model in international trade in a series of 

simulation studies, with a focus on the impact of the distribution of economic 

activity, inter-regional distance measure, and the capital location choice in the 

gravity model estimation. 

  Chapter 3 shows that the use of aggregated data causes biases in the 

estimation of the gravity model. Chapter 4 examines the relationship between 

estimation biases and economic clustering. Chapter 5 estimates the gravity 

model with a wide selection of main cities, and examines how the location of 

main city influences the gravity model estimation.  
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Chapter I 

 Introduction 

 

In this dissertation, I plan to make advances in the theory of the gravity model in 

international trade by using simulation techniques. The aim will be to focus on 

differences of the estimation results related to choices for the inter-regional 

distance measure, the degree of the economic clustering and choices of the 

regional capital city. The gravity model receives its name from the physical law 

of gravity, implying that trade activities between two regions function in a way 

that is somewhat analogous to gravitational forces. Trade volume is positively 

related with the “economic mass” of the two regions and negatively related to 

trade costs between them, which are usually measured by distance. A series of 

previous studies have proved the gravity model to be an empirical success. Many 

modifications have been made to the gravity model to determine influential 

factors of trade, such as exchange rates, price indices, ethnical ties, and linguistic 

similarities, etc. Even after significant improvements and modifications by the 

latest research, some assumptions of the gravity model are still questionable, and 

may lead to biased estimates and problematic inferences.  

In particular, note that trade flow data are commonly aggregated to the 

country or state level in earlier empirical studies, before they are further 

examined in the gravity model. This is a result of unavailability of trade flow 
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data and other microeconomic data at a lower jurisdiction level. Such aggregated 

data may lead to several problems: first, estimates of the trade elasticity with 

respect to distance may be biased, due to the simplified capital-to-capital 

inter-regional distance calculation method; second, the fact that using a single 

economic unit to stand for a whole state does not provide sufficient information 

about the distribution of the economic activity in that state.  

Distance effects play an important role in trade costs, and the elasticity of 

trade to distance is a key parameter in estimating gravity models. One of the 

major problems that may weaken the gravity model is that when calculating 

distances between trading regions, former studies mostly calculate distances 

between capital cities or main cities of each region; this is an assumption 

equivalent to saying that all “economic mass” is concentrated in one capital city 

for a country or state, which ignores the fact that economic activities are 

spatially distributed. This simplifying assumption may lead to problematic 

estimates, particularly on the elasticity of trade to distance. Therefore, I will 

focus on this problem, and in particular I will first use simulation projects to 

show estimation problems caused by data aggregation, and then I will try to 

introduce an alternative inter-regional distance measure, and to make 

comparisons on estimation results with the problematic capital-to-capital 

distance measure, to check whether this alternative distance measure can be an 

improvement in the gravity model estimation with data aggregation.  
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For estimations of the gravity model at the aggregated level, such as the 

state-level or even the country-level, the bad choice of a regional capital city is 

another issue which might lead to further estimation biases. Other than that, 

different levels of the economic clustering at the aggregated level also make the 

choice of the regional capital city a crucial decision in determining the 

correctness of estimation. Beyond that, for a region with several significant 

economic clusters, or metropolitan areas, different picks of the regional capital 

city will also lead to varied estimation results of the gravity model. Thus, I aim 

to mimic these described situations in simulation projects to scrutinize these 

important issues in the gravity model estimation. 
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Chapter II 

Literature Review 

 

My study is closely related to three strands of literature in international trade: the 

spatial theory of trade in new economic geography, the literature on 

inter-regional distances and intra-regional distances measurements and the 

literature on trade costs and distance effects.  

Rossi-Hansberg’s (2005) spatial theory of trade tries to provide an explanation 

for the border effect puzzle with the argument that the high elasticity of 

substitution between domestic goods and foreign goods, due to border related 

barriers, is the reason why some countries engage in more intra-state trade than 

international trade. In this study, he points out that the distribution of economic 

activities and trade depends on each other, and the spatial distribution of 

economic activities is neither concentrated nor uniformly distributed. He 

introduces a hypothetical model with continuum of regions sequentially located 

on a line. More specifically, there are three countries on the line, specialized in 

producing either “final goods” or “intermediate goods”. Only “final goods” are 

consumption goods for agents in all three countries, which makes trade 

necessary between countries. Namely, the central country has to buy 

“intermediate goods” as inputs from side countries to produce “final goods”, and 

sells “final goods” back to side countries to meet their consumption demands. 

Rossi-Hansberg finds out that once tariff is collected at borders, it will lead to a 
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discontinuity of relative price between “final goods” and “intermediate goods”, 

which will change specialization patterns between central country and side 

countries; agglomeration effect and trade costs further amplify this change of 

specialization patterns and lead to a high elasticity of trade with respect to border 

barrier. Therefore, even low barriers at borders will lead to significant impact on 

trade flows. This theory deepens the understanding of the border effect puzzle; 

Rossi-Hansberg emphasizes that the relationship between trade and the spatial 

distribution of economic activities is crucial in analyzing trade costs and trade 

frictions. Few previous studies consider the impact that the distribution of 

economic activities may have on trade flows, which makes this area worth 

studying, and it is the focus of this study. 

In this section I survey the literature on the topic of distance measurements. 

My major concern is whether previous measures of distance are complete. 

Distances between economies are invariably measured by the great circle 

method1of calculating distance from one point in a country to another point. 

These points are usually capital cities, main cities (with the most GDP or the 

greatest population size) or occasionally a centrally located large city. The 

problem of picking one point to represent a region is less troublesome in cases 

where regions are small or economic activities are highly concentrated, such as 

using Paris to represent France; otherwise, this distance measuring method 

which represents all economic activities of a country by one dimensionless point 

                                                 
1 The great circle method: every two locations on earth surface is on the same circle, therefore, the distance 
between any two locations on earth can be calculated by plugging their latitude and longitude coordinates 
into a formula 
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is problematic. Unfortunately, most countries and regions under previous studies 

do not satisfy the two criteria listed above, which make distance measurements 

improper in those studies and finally leads to biased estimation in gravity 

equations.  

Many studies intend to fix this problem, with most worth noting improvement 

made by Head and Mayer (2002) on measures of inter-regional distance. In that 

study, they define two geographical levels, state-level and district-level, where 

“state” is equivalent to States comprise the United States or the nation-states that 

comprise the European Union. “District-level” is a sub-state geographical level, 

which equals to counties in the United States and NUTS12 (regions for most 

countries in EU, except Portugal and Ireland, where NUTS2 and NUTS33 

regions are used. Head and Mayer (2002) point out that the state-level is the 

lowest jurisdiction level at which trade flows data are available, which makes 

estimations of gravity equations only applicable at state-level, and therefore they 

intend to improve estimations by offering better measures of inter-state and 

intra-state distances. In order to do so, they invent a new index using 

district-level basic economic and geographic information to calculate inter-state 

distances, which they called “effective distances,” with the following form 

                                           𝑑𝑖𝑗 = [  
𝑦𝑘

𝑦𝑖
   

𝑦𝑙

𝑦𝑗
 𝑑𝑘𝑙

𝜃
𝑙∈𝑗𝑘∈𝑖 ]

1

𝜃 ,                (2-1) 

                                                 
2 NUTS: A geographical system divide EU into three levels of jurisdiction areas, NUTS1 is equivalent to 
State in the US, each NUTS1 region can be further divided thoroughly into smaller regions, which are 
NUTS2 regions; a NUTS2 region can be further divided into NUTS 3 regions, which is the smallest region 
defined. NUTS system was established in 2003.  
 
3 Portugal is a NUTS1 region, which contains only NUTS2 regions; while Ireland is a NUTS1 region as 
well as a NUTS2 region which contains NUTS3 regions. Therefore, “district” is represented by NUTS2 
regions in Portugal and NUTS3 regions in Ireland. 
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Where 𝑑𝑖𝑗  designates effective distances between state i and j, where 𝑦𝑘  

designates the GDP of district k belonging to country i, and 𝜃 measures the 

sensitivity of trade flows to bilateral distance 𝑑𝑘𝑙 , which is distance between 

district k in state i and district l in state j. This 𝑑𝑖𝑗  is a CES weighted distance 

index. Head and Mayor (2002), for the first time, successfully incorporate 

district-level GDP data and inter-district distances to derive this inter-state 

distances index. Some similar form was used to calculate intra-state distances as 

well. They figure out that previous distances measuring methods averagely lead 

to larger inter-regional distances comparing to their new method, and this 

partially explains why there is such a big border effect. The large amount of 

inter-provincial trades observed within Canada might be due to shorter distances 

between producers and consumers within Canada as compared to international 

distance. Previous studies with problematic large inter-provincial distances are 

unable to account for this fact, and thus have to appeal border effect as the only 

explanation, which results in a much exaggerated border effect. Head and Mayer 

re-evaluate this problem with their new distances measures and find a much 

smaller border effect.  

These distances measuring methods are also used by CEPII4 in distances 

calculation. The only difference is that CEPII uses population data instead of 

GDP data to calculate weight. 

                                                 
4 CEPII is a leading economic research organization in France 
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Many other studies focus on measures of intra-regional distance. There are 

two methods commonly used to measure internal distance within a region, with 

one literature employing fractions of distances to the centers of neighboring 

regions. For example, Wei (1996) proposes that 𝑑𝑖𝑖 = 0.25𝑚𝑖𝑛𝑗𝑑𝑖𝑗 , using great 

circle formula to calculate distance from region i to its nearest neighboring 

region j, and internal distance for region i is a quarter of that distance. Wolf 

(1997) uses measures similar to Wei, while he multiplies distances to neighbors 

by one half instead of one fourth, and he averages over distances to all 

neighboring regions rather than taking only the nearest one. These methods are 

criticized by researchers like Nitsch (2000), who represents another literature 

using area-based internal distances measurements. Leamer (1997) and Nitsch 

(2000) use the formula 𝑑𝑖𝑖 =   𝑎𝑟𝑒𝑎/𝜋 to calculate internal distances, given the 

hypothetical disk-shaped economy and evenly distributed population throughout 

that disk; Head and Mayer (2002) believe that multiplier should be 0.67 if 

economic activities are concentrated, with  𝑑𝑖𝑖 = 0.67  𝑎𝑟𝑒𝑎/𝜋 , while 

Helliwell andVerdier (2001) report that multiplier should be 0.52 if all regions 

are considered as square grid. This literature agrees on the area-based form of 

internal distances, while disagrees on the magnitude of the geographic shape of 

economies and the spatial distribution of economic activities due to different 

assumptions about those factors.   

In this study, I am trying to introduce an inter-state distances measurement 

using sub-state level information; following Head and Mayer (2002)’s “effective 
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distances.” One problem that “effective distances” have is that they are derived 

without involving “multilateral resistance” terms, and I may try to develop a 

more theoretically founded index with those terms.  

Trade costs and distance effects have a long list of literature; almost every 

study with gravity models inevitably has to estimate the elasticity of trade with 

respect to distance. Frankel (1997) finds an increase in the elasticity from -0.48 

in 1965 to -0.77 in 1992. Smarzynska (2001) and Leamer (1993) also find 

similar results that distance effects remains strong even under a great trend of 

globalization and trade liberalization. Berthelon and Freund (2004) use 

disaggregated data at industrial level to estimate changes of the elasticity of trade 

with respect to distance from 1985 to 2000. They find that distance has become 

more important in determining trade since 1980; about 25 percent of industries 

experience increasing distance sensitivity. They also notice that distance has 

greater impact on homogeneous goods. A recent work by Disdier and Head 

(2004) use mega-analysis method to provide a big picture of this issue; they 

collect 1,467 distance effects estimated in 103 papers, 51 of which use gravity 

equations. By using meta-regression, they find a mean elasticity of -0.9, which 

means that a 10% increase in distance leads to a 9% decrease in bilateral trade; 

their research also shows that the distance effect decreased slightly from 1870 to 

1950, then increased after 1950 and remained high until now. What interest us 

most in that paper is the distribution of distance effects in all those studies; it has 

a large standard deviation of 0.39, with 90% of estimates range from -0.28 to 
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-1.55. Such a large variance in the estimated distance effect may arise from the 

fact that different researches choose different dataset which are collected at 

different aggregation levels, or the regions under study have different 

distributions of economic activity. A study which chooses regions where 

economic activities are dispersedly distributed may have different estimates of 

distance effects from another study which has a set of regions where economic 

activities are concentrated. This is a motivation for us to take a close look at the 

elasticity of trade with respect to distance under different spatial distributions of 

economic activity. 
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CHAPTER III  

THE ROLE OF DATA AGGREGATION 

 

1. Problem Statement and Objectives 

In this chapter, I aim to study the problems caused by data aggregation in gravity 

model estimations. As a secondary goal, I also aim to search for solutions to 

improve estimation procedures of the gravity model, in those cases where only 

aggregated data is available. 

I will use the following language. The world is composed of countries, which 

are divided into states, with the states further divided into counties. The most 

disaggregated possible data would then of course be at the county-level. 

However, I rarely possess such data, and that is especially true for trade data. 

Therefore the researcher has to use state-to-state trade data, or even 

country-to-country trade data, and to use a corresponding level of aggregation 

for the other data in the gravity model (GDP and distance).  

Such data constraints may lead to estimation biases, due to the following 

reasons. Note that a gravity estimation using aggregate data must define a “main 

city” (usually but not always the capital city of the country) from which to 

measure distances to other countries. The choice of this main city may 

sometimes be arbitrary (for example, Chicago is chosen as the main city for the 

United States, instead of other candidates, such as New York or Los Angeles), 

and it always ignores the distribution of the economic activity in country. 
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Choosing a main city to measure all distances is equivalent to assuming that all 

of the economic activity of the country is concentrated in the main city. Ignoring 

the distribution of economic activity in the country, therefore, may or may not be 

a good approximation. Figure 3-1 and Figure 3-2 represent the distribution of 

economic activity in Germany and France, respectively. In these two figures, the 

GDP of a region is represented by a circular cone. The bigger GDP a region has, 

the higher that circular cone will be. Figure 3-1 shows the GDP distribution of 

Germany and it shows that economic activity in Germany is approximately 

evenly distributed into a number of metropolitan areas. 5 Figure 3-2 shows GDP 

distribution in France and it shows that economic activity in France is highly 

concentrated in Paris. It is quite obvious that assuming that all of France’s 

economic activity is concentrated in Paris is a better approximation than 

assuming that all of Germany’s economic activity is concentrated in Berlin.  

 

  

Figure 3-1: German GDP distribution Figure 3-2: French GDP distribution  

 

                                                 
5 Figure 3-1 and Figure 3-2 were downloaded from Geographically based Economic Data (G-Econ) at Yale 
University, from the link http://gecon.yale.edu. 
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Therefore, I expect that estimates of the elasticity of trade with respect to 

distance may be biased, due to the simplified capital-to-capital inter-regional 

distance calculation method. Trading distance between two states should be 

related to distances between all pairs of counties and cities trading with each 

other in these two states. However, previous studies mostly use the simplified 

capital-to-capital distance to stand for inter-regional trading distance. For 

example, when estimating the gravity equation using trade flow between 

Missouri and Illinois, previous studies will pick Chicago and St. Louis be capital 

cities and put the whole state GDPs into Chicago and St. Louis respectively, and 

use great circle distance between these two cities to represent the distance 

between these two states. This simplification surely cannot give correct measure 

to the true inter-regional trading distance, which makes the estimation of the 

elasticity of trade with respect to distance biased. 

These problems will lead to biased estimates for other parameters in the 

gravity model as well. For example, using aggregated data is likely to have large 

effects on the border effects. To keep the example of France and Germany, note 

that these are two countries that border each other, however in the data they are 

treated just as two countries of that same distance. Note that the distance 

between Brussels and Copenhagen (between two countries that do not border 

each other) is approximately the same as the distance between Paris and Berlin 

(the distance between two countries that do border each other), however that is 

not visible in the data. The same would not be true if I had disaggregated data, in 
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which I would have many county pairs with French “county” very near a 

German “county”, while I would not have such pairs in the case of Belgium and 

Denmark.  

Distance effects are crucial in determining trade flows and therefore the 

estimate of the elasticity of trade with respect to distance is of major importance 

in the gravity model estimation. Although a number of studies find big and 

significant effects of distance deterring trade, no consensus has been reached as 

to the magnitude of the elasticity of trade to distance. Disdier and Head (2003) 

find a range for the elasticity of trade to distance from -0.28 to -1.55, which 

covers 90% of estimates of the elasticity of trade to distance from previous 

studies. I believe improper distance calculation methods and different degrees of 

data aggregation are main causes of inconsistent estimates.  

  Except for these fallacies, regarding distance and border effects, I realize that 

once a parameter is biased in estimation, then all parameters may be biased. 

Therefore, data aggregation will deliver biased estimates to other parameters in 

the gravity model as well, such as the parameter on the exporter and importer 

GDPs, the parameters on the price indices, and any other parameters included in 

the specification, such as “degree of openness,” number of migrants, languages 

spoken, and so on.  

In short, data aggregation will lead to biases in estimations of the gravity 

model. Therefore this is a problem worth to be further studied. This chapter aims 

at using simulation projects to study this issue and possibly provide some new 
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distance measurement to reduce biases caused by data aggregation in the gravity 

model estimation. 

I first apply a classical gravity model to a simulated geography. In that 

geography, I divide a state into counties and assume that the gravity theory can 

be applied at the county-level as well, which means trade between counties from 

different states is also subject to the gravity theory. The more GDP each county 

has and the closer these two counties are; the more trade should occur between 

them. Since no trade flow data at the county-level can be obtained, with the 

assumption that the gravity theory applies at a disaggregated level, I am allowed 

to simulate trade flow data at the disaggregated level using a classical gravity 

equation. Once I have complete economic data and trade data at disaggregate 

level, I will be able to estimate the gravity equation at both the aggregated 

state-level and the disaggregated county-level. After comparing results from the 

disaggregated and the aggregated levels estimations, I can identify biases caused 

by data aggregation. Once this is done, I aim to introduce a new distance 

measure raised by Head and Mayer (2002) (hereafter HM), which I believe is 

closer to the distance predicted by theory. I will repeat my disaggregated level 

and aggregated level experiments with this new distance measure and check its 

effectiveness. 
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2. Theory of the Gravity Model 

Along the time line of the gravity model research, Anderson and Van Wincoop’s 

(2003) (hereafter AvW) study introduces a theoretically supported gravity model, 

which has inspired a series of studies using that correctly specified model. In this 

study, I base myself on a classical AvW gravity model as well, and I intend to 

first give an introduction to the gravity model derived by AvW. 

  To start with, two assumptions are important. The first is that goods are 

differentiated among the different regions, that is, each region produces its own 

good. This is the so-called Armington assumption, which has been used 

extensively in the literature of international trade, especially in the literature of 

monopolistic competition and trade (see for instance Krugman 1979, Helpman 

1981, and Krugman 1980). The second assumption is of identical and 

homothetic preference functions for all consumers of the world.  

  Given these assumptions, each region will specialize in producing unique 

region-specified goods, and given full employment the supply of those goods is 

fixed. Each region will trade with all other regions to consume a variety of goods. 

Preferences are represented by a constant elasticity of substitution (CES) utility 

function. That is, consumers in region j maximize their utility according to the 

function: 

                                                 𝑈𝑗  𝑐𝑖𝑗  =   𝛼𝑖
 1−𝜑 𝜑 

𝑐𝑖𝑗
 𝜑−1 𝜑 

i  

𝜑

𝜑−1
,                        (3-1) 

subject to the constraint  

                                                                       𝑝𝑖𝑗 𝑐𝑖𝑗 = 𝑦𝑗i .                                               (3-2) 
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Here 𝑈𝑗  is the utility function of region j, 𝑐𝑖𝑗  is the consumption of goods 

produced in region i by consumers in region j, and 𝜑 is the elasticity of 

substitution between all goods. 𝛼𝑖  is a weight parameter placed on region i’s 

goods by all consumers. Intuitively it represents just the “quality” or the 

“desirability” of region i’s goods. The utility function shows that the utility of 

consumers in region j is measured by their total consumption of goods from all 

regions. Equation (3-2) is the budget constraint consumers in region j face, with 

𝑝𝑖𝑗  standing for the price of goods sold in region j that are imported from region 

i and 𝑦𝑗  for the total income of region j. The budget constraint shows that the 

total income of region j will equal to the total cost of consumption goods from 

all regions. Note that  𝑝𝑖𝑗  will be different for each exporter and importer pair, 

and can be expressed as  

                                                                          𝑝𝑖𝑗 = 𝑝𝑖𝑡𝑖𝑗  ,                     (3-3) 

where 𝑝𝑖  stands for the supply price of goods produced in region i, and 𝑡𝑖𝑗  

stands for the trade cost factor for goods transported from region i to region j. I 

may also consider 𝑡𝑖𝑗  as the bilateral trade resistance. I define 𝜏𝑖𝑗  as the trade 

from region i to region j in nominal terms, which implies that 𝜏𝑖𝑗 = 𝑝𝑖𝑗 ∗ 𝑐𝑖𝑗 . The 

total income of region i is the summation of nominal income from its exports, 

including “exports” to itself. Therefore,  𝑦𝑖 =  𝑥𝑖𝑗𝑗 . By solving the utility 

maximization problem of equation (3-1) subject to equation (3-2), AvW obtain 

the optimal value of trade from region i to region j: 

                                𝜏𝑖𝑗 =  
𝛼𝑖𝑝𝑖𝑡𝑖𝑗

𝑃𝑗
 

1−𝜑

𝑦𝑗  ,                  (3-4) 
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with  

                                        𝑃𝑗 = [ 𝛼𝑖
1−𝜑

𝑝𝑖𝑗
1−𝜑

𝑖 ]
1

(1−𝜑 ) = [ (𝛼𝑖𝑝𝑖𝑡𝑖𝑗 )1−𝜑
𝑖 ]

1

(1−𝜑 ),      (3-5) 

AvW define 𝑃𝑗  as the consumer price index of region j, expressed as a 

combination of imports price and imports share, which is in turn related to prices 

of all goods.  

  The next step is to set a market clearing condition, which is:  

              𝑦𝑖 =  𝜏𝑖𝑗 =  (𝛼𝑖𝑡𝑖𝑗𝑝𝑖 𝑃𝑗 )1−𝜑𝑦𝑗 = (𝛼𝑖𝑝𝑖)
1−𝜑  (𝑡𝑖𝑗 𝑃𝑗 )1−𝜑𝑦𝑗𝑗𝑗𝑖 ,∀𝑖. (3-6) 

With this market clearance condition, AvW solve for the scaled price {𝛼𝑖𝑝𝑖}. 

After that, they substitute {𝛼𝑖𝑝𝑖} into equation (3-4) and equation (3-5). With the 

assumption that the world nominal income is the sum of all regional incomes, 

that is:   

                                                                   𝑦𝑤 =  𝑦𝑗 ,𝑗                         (3-7) 

and with 𝜓𝑗 = 𝑦𝑗 𝑦𝑤  defining the share of region j’s income in the world 

economy, once {𝛼𝑖𝑝𝑖} is substituted into equation (3-4), AvW obtain:  

                                                     𝜏𝑖𝑗 =
𝑦𝑖𝑦𝑗

𝑦𝑤
 

𝑡𝑖𝑗

𝛱𝑖𝑃𝑗
 

1−𝜑

,                    (3-8) 

where a definition similar to the price index above applies: 

                                                   𝛱𝑖 = ( (𝑡𝑖𝑗 𝑃𝑗 ) 1−𝜑
𝜓𝑗𝑗 )1 (1−𝜑) .              (3-9) 

Once the scaled prices are substituted into equation (3-5), AvW obtain equation  

                                                 𝑃𝑗 = ( (𝑡𝑖𝑗 𝛱𝑖) 1−𝜑
𝜓𝑗𝑖 )1 (1−𝜑)  .              (3-10) 

To simplify the model, AvW combine equations (3-9) and (3-10) together, along 

with an assumption of symmetric trade barrier, that is, 𝑡𝑖𝑗 = 𝑡𝑗𝑖 . With these 
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assumptions, there is a solution to equation (3-9) and equation (3-10) which 

has 𝛱𝑖 = 𝛲𝑖 . The solution is: 

                                                     𝑃𝑗
1−𝜑

=  𝑃𝜑−1𝜓𝑖𝑡𝑖𝑗
1−𝜑

,∀𝑗𝑖 .                 (3-11) 

With these conditions, AvW obtain an implicit solution to the price indices, and 

the gravity equation (3-8) becomes: 

                                                       𝜏𝑖𝑗 =
𝑦𝑖𝑦𝑗

𝑦𝑤
 
𝑡𝑖𝑗

𝑃𝑖𝑃𝑗
 

1−𝜑

,                   (3-12) 

In that equation, AvW define 𝛲𝑖  and 𝛲𝑗  as a “multilateral resistance,” since 

from equation (3-11), I can see that the price indices of a region are determined 

by all bilateral trade resistances 𝑡𝑖𝑗 . 

Given that gravity equation, AvW further decompose bilateral trade resistance 

𝑡𝑖𝑗  into a combination of the border related resistance and the distance related 

resistance, with the formula: 

                                                                   𝑡𝑖𝑗 = 𝑏𝑖𝑗𝑑𝑖𝑗
𝛾

  .                      (3-13) 

Here 𝑏𝑖𝑗  designates a border dummy, 𝑏𝑖𝑗 = 1 if there is a border line between 

region i and region j, and zero if regions i and j belong to the same country, 

while 𝑑𝑖𝑗  designates bilateral distance between the two regions.  

  Combining equation (3-12) and equation (3-13), and taking logarithms, AvW 

derive a theoretically supported gravity model, as: 

              ln𝜏𝑖𝑗 = 𝑘 + ln𝑦𝑖 + ln𝑦𝑗 +  1 − 𝜑 𝛾 ln𝑑𝑖𝑗 +  1 − 𝜑  ln𝑏𝑖𝑗 −  1 − 𝜑  ln𝑃𝑖 −

                             1 − 𝜑  ln𝑃𝑗 .                                       (3-14) 



20 
 

In this gravity model, k designates a constant equal to the negative of total world 

GDP, which is 𝑘 = − log 𝐺𝐷𝑃𝑊𝑜𝑟𝑙𝑑  , 𝑦𝑖  and 𝑦𝑗  designates regional income, 

or regional GDP, 𝑑𝑖𝑗  designates distance between region i and region j, 𝑏𝑖𝑗  

designates the border dummy variable, 𝑃𝑖  and 𝑃𝑗  designates the regional price 

indices, that is, the multilateral resistances of regions i and j.  

  In the estimation of the two-country model, AvW define 𝑏𝑖𝑗 = 𝑏1−𝛿𝑖𝑗 , where 

b-1 represents the tariff-equivalent border barrier between two countries, while 

𝛿𝑖𝑗  stands for a dummy variable, that it is equal to one if i and j are in the same 

country and zero if i and j are in different countries. Therefore, in the two-county 

model, AvW derive a gravity equation as 

          ln  
𝜏𝑖𝑗

𝑦𝑖𝑦𝑗
 = 𝑘 + 𝑎1 ln𝑑𝑖𝑗 + 𝑎2  1 − 𝛿𝑖𝑗  − ln𝑃𝑖

1−𝜑
− ln𝑃𝑗

1−𝜑
+ 𝜖𝑖𝑗 . (3-15) 

In this equation, 𝑎1 = (1 − 𝜑)𝛾 and 𝑎2 =  1 − 𝜑 ln 𝑏. 

AvW provide a gravity equation that is supported by the theory, and this 

equation (3-14) is the gravity model that I am going to adopt in my study. 

 

3. Simulation Description 

In my first simulation, I aim to examine data aggregation’s overall effect on the 

estimation of the parameters of the gravity model. In order to do so, I set up an 

artificial “North America,” which includes only two countries, “United States” 

and “Canada”. In either country, there will be hundreds of randomly simulated 

uniformly distributed points which stand for counties in each country. These 
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counties are organized by “states” (in the case of the United States) or 

“provinces” (in the case of Canada), sometimes called collectively just “states.”  

Once this is done, I will have the exact locations of all these counties and 

therefore will be able to accurately calculate distances between each pair of 

counties. With these disaggregated distance data and other simulated economic 

data, such as GDP and price indices, I will be able to simulate county-to-county 

trade using a classical gravity equation, and a normally distributed disturbance 

term, with mean zero and appropriate variance. Once I have county-to-county 

trade data, I have a thorough dataset at the disaggregated level that I can use to 

examine the gravity model. I decide to test with the same gravity model that I 

simulate trade, and expect to retrieve a set of estimates of parameters that is very 

close to the true values of those parameters. This step not only proves that the 

simulation project is conducted correctly, but also gives us a set of unbiased 

estimates of parameters that I can later compare to. In this simulation, I have 

accurate information on geography, distances and economic activities, and 

therefore my estimates at disaggregated level should be unbiased.  

With the disaggregated county-level dataset, I can derive a corresponding 

dataset at the aggregated state-level. For each state, the GDP of that state is the 

sum of GDPs of all counties located in the state; the price index of that state is 

calculated using the goods quantity theory. I assume that the GDP is the market 

value of all goods and services produced within a region, and the price index is 

the average price level of a region. Therefore, for each county, the quantity of 
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goods and services produced within that county can be calculated using the 

formula q = (GDP/price index). For each state, I know the quantity of goods and 

services produced in each county in that state; thus, I can easily find the total 

goods and services produced in a state. Along with state GDP, I can use the 

same formula state price index = (state GDP/state q) to calculate the state-level 

price index. For each state, I will pick a county to be the state capital city, and 

inter-state distances will be calculated using the capital-to-capital distance 

measure. The distance between two states will be calculated as the distance 

between their capital cities.  

 

  

Figure 3-3: The simulated “North America” 
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Figure 3-3 is an example of the simulated “North America,” with the “United 

States” in the bottom and “Canada” on top. To be more specific, in the first step, 

I create an artificial “North America.” I simulate two rectangles which are 

vertically contiguous to each other and share the same width to represent 

“United States” and “Canada.” The width of this simulated “North America” is 

chosen to be 3075 miles, which is approximately the true average West-East 

length of the actual North America, and similarly, I use 2006 miles and 2873 

miles as heights of “United States” and “Canada,” respectively, which are 

approximately the true North to South length of the United States and Canada. 

What I obtained is a rectangular continent, with the width of the continent equal 

to 3,075 and the height of the continent equal to 4,897. The border line between 

two countries is a horizontal line located at 2,006 of the height.  

Secondly, I randomly simulate 500 uniformly distributed points within the 

“US” and 100 uniformly distributed points within “Canada” to represent 500 

counties in the “US” and 100 counties in “Canada”. In other words, I simulate a 

total of 600 pairs of coordinates of Xs and Ys, standing for horizontal and 

vertical distance from the origin of each county in my “North America.” 

Once I have the “United States” and its counties simulated, I divide the 

“United States” into fifty states, which are smaller rectangles. In order to do this, 

I first divide the “United States” into ten columns by randomly generating nine 

uniformly distributed horizontal coordinates on the lower boundary of the 

“United States.” This gives us nine points on the lower boundary of the “United 
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States,” which determines ten vertical state-borders, as shown in the figure. Once 

this is done, I have the “United States” partitioned into ten column-shaped zones. 

Once this is done, I further partition each column-shaped zone into five states 

using the same method of randomly generating state borders, this time 

horizontally. Therefore, I have totally fifty states, in ten zones and each zone has 

five states. Similarly, I use the same method of portioning the “US” to partition 

“Canada,” the difference is that “Canada” is partitioned into five column-shaped 

zones, with two provinces in each zone. 

I also add a capital county to each state and providence. For now, this is just 

the geometric center of the small rectangular shape of each state and providence. 

Then I have fifty capital counties in the “US” and ten capital counties in 

“Canada.” By adding a capital county in this way, I also guarantee that each state 

has at least one county in it. By including these capital counties, I now have a 

total of 660 points, standing for 660 counties, with 550 counties in the “US” and 

110 counties in “Canada.”  

Since I have coordinates of each county and capital city, I can easily calculate 

distance between any two of them by using the formula: 

                                              𝐷𝑖𝑗 =  (𝑥𝑖 − 𝑥𝑗 )2 + (𝑦𝑖 − 𝑦𝑗 )2,             (3-16) 

Where 𝐷𝑖𝑗  is the distance between county i and county j,  𝑥𝑖  , 𝑦𝑖  are the 

coordinates of county I, and  𝑥𝑗  , 𝑦𝑗   are the coordinates of county j. This 

straight-line distance measure is consistent with the great-circle distance 

calculation method, in that it is a good approximation for the (approximately flat) 
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North America. Since each county will also trade with itself, I will need to 

calculate internal distance for each county; I have decided to use a weighted 

distance-based internal distance measure. More specifically, for each county, I 

will find out its distances to the eight nearest neighboring counties, and calculate 

the average distance to these counties; then half of that weighted average 

distance will be considered as the internal distance of that county. 

I plan to use a classical gravity model to simulate regional trade data between 

counties. The data generating model that I will use is: 

        ln  𝑇𝑟𝑎𝑑𝑒𝑖𝑗 = 𝛽0 + 𝛽1  ln𝐺𝐷𝑃𝑖  + 𝛽2 ln 𝐺𝐷𝑃𝑗 + 𝛽3 ln𝑃𝑖 + 𝛽4 ln𝑃𝑗   

                         +𝛽5 ln𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗 +  𝛽6 𝐷𝑢𝑚𝑚𝑦 + 휀.                                      (3-17) 

In this gravity model, 𝑇𝑟𝑎𝑑𝑒𝑖𝑗  designates exports from county i to county j; 

GDP𝑖  designates GDP of exporting county i and GDP𝑗  designates GDP of 

exporting county j; P𝑖  designates price indices of region i and 𝑃𝑖  designates 

price indices of region j; 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗  designates distance between region i and 

region j. I also introduce a dummy variable “Dummy” here to test the so-called 

“border effect”; the dummy equals to one if trade is taking place between 

“United States” and “Canada”, and it equals to zero otherwise. 휀 designates the 

error term. 

  Except for distance data, I also generate GDP (Gross Domestic Product) 

and price indices for all counties. For GDP, I have studied the US GSPs (Gross 

State Products) and Canadian provincial GDPs, and noticed that GDPs at the 

state-level or provincial-level do not follow a normal distribution. However, the 
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distribution of GSPs does follow a somewhat normal distribution if I take log of 

GDPs first. Figure 3-4 and figure 3-5 are distributions of logarithm state-level 

GDPs for the US and provincial-level GDPs for Canada.  

 

 

Figure 3-4: US GSP distribution   Figure 3-5: Canadian GSP distribution 

 

Based on my study6, I know that the mean US log-GSP equals 12.044, and its 

standard deviation equals 1.008, while the mean Canadian log-GDP equals 

10.642, with its standard deviation equal to 2.151. When I generate data I will 

just generate the log values of GDPs, since this is all what I need in the gravity 

model. Therefore, I will generate GDPs for all counties using a normal 

distribution. To approximate the distribution of US and Canada county-level 

GDP, in this project, I will let the mean of “US” county-level GDP equal twelve, 

with its standard deviation equal to one; and let the mean of “Canada” 

                                                 
6 This was done with 2010 US GSP data and 2010 Canadian provincial GDP data, which are shown in 
appendix 1. 
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county-level GDP equal five, with its standard deviation equal to one. I have 

also tried with many other sets of normal distributions with different values of 

means and standard deviations, and noticed that my findings and results are 

robust with different distributions of GDPs. For the price index, previous studies 

by Wu (2009)7 show us a list of price indexes for the US states and Canadian 

provinces. From his dataset of price indexes, the mean US state-level price index 

equals 1.779, with its standard deviation equal to 0.9232; while the mean of 

Canada state-level price index equals 1.353, with its standard deviation equal to 

0.3651. Therefore, I let the mean of “US” county-level price index equal to two, 

with the standard deviation equal to one; while I let the mean of “Canada” 

county-level price index equal to four, with its standard deviation equal to one. 

Many other sets of distributions of price index are also tested and my results and 

findings are robust to different distributions of price index.  

The explanation above refers to how I generate the independent variables for 

my simulation based on equation (3-17). In order to generate the dependent 

variable (trade flows at the county-to-county level), I also need the parameters. I 

will call these parameters the “true values,” and then I will change the estimation 

procedure in many ways (for example, by aggregating), and compare the 

estimation results with these “true values.” 

For the true values of the 𝛽s in equation (3-17), I aim to stick to the theory. 

The true value of the estimation intercept that is supported by the gravity model 

                                                 
7 The table of price index in Wu’s (2009) dissertation is shown in appendix 2. 
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theory is the negative log value of the world GDP, which means   𝛽0 =

− log 𝐺𝐷𝑃𝑊𝑜𝑟𝑙𝑑  . Given this prerequisite, I can find out reasonable sets of true 

values for other coefficients. The reason why I do not pick up an empirical set of 

true values for parameters from previous studies is that from preliminary 

experiments with my simulation, I notice a phenomenon that using some 

randomly picked true values of parameters along with the theoretically supported 

intercept will lead to a situation of unbalance between world trade and world 

GDP. For example, if I pick estimates from AvW (2003) along with intercept 

defined by theory, I will end up with a world trade thousand times of the world 

GDP, which is surely deviated from the truth. Since AvW (2003) do not provide 

reports on their intercepts, I am not sure about whether they stick to the 

theoretically supported intercept. In my study, I will consistently adhere to the 

intercept from theory, and therefore, I will derive sets of true values for the 

parameters that let world trade be balanced with world GDP. This surface serves 

as a set of reasonable parameters that should be either used in simulations or is 

expected to be retrieved in correct estimations related to the gravity model.  

For now, I will first fix  𝛽6 = −1.65. This is the “border effect” estimate 

derived by AvW (2003), for which there is no theoretical prediction. After that, I 

will try different values for  𝛽3 and  𝛽4, which are the parameters on the price 

indices; from the theory, I know that  𝛽3 =  𝛽4 = −(1 − 𝜑), therefore once I 

determine the value of 𝜑, I in turn determine the parameters for price indices. In 
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this study, I set 𝜑 equal to two, five and ten, which are the values that AvW 

(2003) also experimented with.  

Until now, only the GDP related parameters  𝛽1 and 𝛽2 and the elasticity of 

trade with respect to distance  𝛽5 are not determined. I will start with different 

levels of  𝛽5 and find out corresponding values for  𝛽1 and 𝛽2 that lead to a 

balance between world trade and GDP. For example, if I set  𝛽3 =  𝛽4 =

1 𝑎𝑛𝑑 𝛽5 = −0.69, I will come up with  𝛽1 = 𝛽2 = 1.055, combined with 

 𝛽0 = − log 𝐺𝐷𝑃𝑊𝑜𝑟𝑙𝑑   and  𝛽6=-1.65, I have a set of theoretically supported 

true values for parameters. I will try with different values for the elasticity of 

trade with respect to distance and this will give us a series of true values.  

Finally, for the error term in equation (3-17), I assume that it follows a normal 

distribution with ε~N(0,σerror
2 ), and I plan to use the variance of the residuals 

from AvW’s (2003) classical gravity model to proxy for σerror
2 . The variance of 

the residuals in AvW is 1.05; therefore, I choose the standard deviation of the 

error term to be 1. 

By carrying out the simulation described above, I will obtain a dataset at the 

disaggregated county level, with all the parameters and data for the variables in 

equation (3-17). Since there are 660 counties totally in the “North America,” I 

will have 6602 = 434,940 observations.  
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4. Estimations of the Gravity Model 

Once I have the dataset described in the previous section, I will run a test 

regression at the county-level. I just use the same gravity equation, which is 

equation (3-17) that I used to simulate inter-county trade, to test with this dataset. 

I should approximately recover the values of the coefficients that I used to 

simulate trade. 

  The next step is to estimate the same gravity model at the aggregated level. 

This is the key of my study, since I expect to see biases in the estimates, 

compared to the estimates from the disaggregated level estimation. In order to 

estimate the gravity model at the aggregated level, I first need to have a dataset 

at the aggregated state -level, which should have a similar format as my dataset 

at the county level. More specifically, given variables at the county level, I need 

to derive the data for the same variables at the state level. For GDP, I add up the 

GDPs of all counties in a state or province and this gives us the GDP data for all 

fifty states and ten provinces. For price indices, until now, I assume that the 

GDP is the summation of the market value of all goods and services, and price 

indices are the market price level. Therefore, I can calculate the quantity of 

goods and services for each county by using county GDP divided by the county 

price index. After that, I can sum up the total quantities of goods and services of 

all states and provinces; along with state level GDP, I can divide state GDP by 

total quantity of goods and services of a state to derive the state-level price index. 

Finally, to calculate the distance between two states, I will use the same 
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capital-to-capital distance measure as previous studies do. In the last section, I 

assign a capital county to each state that is different from the center point of each 

state, in other words, which is different from the capital city I mentioned here. 

For each state, I simply choose the county that has the largest GDP to be its 

capital city. This choice is reasonable, since normally the city with the largest 

economic activity will be considered as the capital in previous studies on the 

gravity model. Given 60 capital cities, I will use equation (3-16) to calculate 

distances between each pair of capital cities, and accordingly I have inter-state 

distance. For internal distance, I apply the same measure I used at the 

county-level. The internal distance of a state/province is the weighted average 

distance of that state/province’s distances to the eight nearest neighboring 

states/provinces. Now I have all data I needed at state-level to estimate equation 

(3-17).  

 

5. Alternative Distance Measure  

From preliminary results of my simulation, I found that data aggregation will 

lead to biases in the gravity model estimation. Improper measure of distances is 

one cause of that problem. Given the fact that I face the same data constraint as 

former studies that trade flows at the disaggregated level is unavailable, the only 

applicable improvement I may make is offering some remedy methods with 

distances measures which may lessen the biases in the estimation with 

aggregated data. In this section, I will try to introduce an inter-regional distance 
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measure firstly developed by Head and Mayer (2002) (hereafter, HM) to serve 

this goal. I will use HM’s distance indexes to replace capital-to-capital distances 

in the aggregation level estimation and check whether HM’s distance index 

provides some improvements in the estimation with data aggregation.  

This distance theory is firstly introduced by HM (2002). Two geographical 

levels in a country are defined in their paper, state level and county level.  

Trade from county k in state i to county l in state j is represented as 𝑥𝑖𝑘𝑗𝑙 , thus 

total trade from state i to state j, 𝑥𝑖𝑗  can be written as the sum of inter-territorial 

trades 

                                                      𝑥𝑖𝑗 =   𝑥𝑖𝑘𝑗𝑙𝑙∈𝑗𝑘∈𝑖  .                   (3-18) 

Suppose 𝑥𝑖𝑘𝑗𝑙  is a function, 𝑓𝑖𝑘𝑗𝑙 (. ) of distance between county l and county 

k,  𝑑𝑖𝑘𝑗𝑙 . HM define effective distance between region i and j, 𝑑𝑖𝑗 , as the solution 

to the following equation 

                                          𝑓𝑖𝑗  𝑑𝑖𝑗  =   𝑓𝑖𝑘𝑗𝑙  𝑑𝑖𝑘𝑗𝑙  .𝑙∈𝑗𝑘∈𝑖                (3-19) 

Thus, effective distances can be obtained by solving a function which is the sum 

of trade represented by functions based on inter-territorial distances.   

HM adopt a simple expression for the gravity model, where trade 𝑥𝑖𝑘𝑗𝑙  can 

be expressed as 

                      𝑥𝑖𝑘𝑗𝑙 = 𝐺𝑦𝑖𝑘𝑦𝑗𝑙𝑑𝑖𝑘𝑗𝑙
𝜃  ,                     (3-20) 

Where G designates a constant, 𝑦𝑖𝑘  designates GDP of territory k in region i, 

𝑦𝑗𝑙  designates GDP of territory l in region j, 𝑑𝑖𝑘𝑗𝑙  designates distance between 

territory k and l, 𝜃 is the key parameter which need to be tested in this whole 



33 
 

study, it designates the elasticity of trade with respect to distance. 

Using the above gravity equation, HM obtain 

                                             𝑥𝑖𝑗  =   𝐺𝑦𝑖𝑘𝑦𝑗𝑙𝑑𝑖𝑘𝑗𝑙
𝜃

𝑙∈𝑗𝑘∈𝑖  ,                 (3-21) 

Since 𝑦𝑗 =  𝑦𝑗𝑙𝑙∈𝑗 , above equation can be rewritten as 

                        𝑥𝑖𝑗   =   𝐺𝑦𝑖𝑘𝑦𝑗𝑙𝑑𝑖𝑘𝑗𝑙
𝜃

𝑙∈𝑗𝑘∈𝑖 = 𝐺  𝑦𝑖𝑘𝑦𝑗𝑑𝑖𝑘𝑗
𝜃

𝑘∈𝑖  ,           

(3-22) 

with 𝑑𝑖𝑘𝑗 = ( (𝑦𝑗𝑙 /𝑦𝑗 )𝑑𝑖𝑘𝑗𝑙
𝜃

𝑙∈𝑗 )1/𝜃 . Continuing with this procedure, HM finally 

obtain that 

                                                            𝑥𝑖𝑗 =  𝐺𝑦𝑖𝑦𝑗𝑑𝑖𝑗
𝜃  ,                    (3-23) 

Where 𝑑𝑖𝑗 , the effective distance is given by 

                                         𝑑𝑖𝑗 = [ (𝑦𝑖𝑘/𝑦𝑖) (𝑦𝑗𝑙 /𝑦𝑗 )𝑑𝑖𝑘𝑗𝑙
𝜃

𝑙∈𝑗𝑘∈𝑖 ]1/𝜃 ,           (3-24) 

This distance index introduced by HM (2002) is a CES (constant elasticity of 

substitution) function, with the value of 𝜃  unknown, if 𝜃 =1,  𝑑𝑖𝑗  is an 

arithmetic mean; if 𝜃=-1,  𝑑𝑖𝑗  is a harmonic mean. The empirical value for 𝜃 is 

around -0.9.  

  From equation (3-20), I can tell that 𝜃 is actually the elasticity of trade with 

respect to distance, thus I let 𝜃 =  𝛽5. Since I choose different true values for  𝛽5 

in data generating process, I will also change the value for 𝜃 accordingly in the 

aggregated level estimation. 
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6. Simulation Results 

As I described in previous sections, each trial of my tests includes results of the 

estimation at the disaggregated county-level, the estimation at the aggregated 

state-level using capital-to-capital distance measures, and also the estimation at 

the aggregated state-level using HM’s distance measure. There are a number of 

trials, differed by the true values that are chosen for the parameters I used to 

generate inter-county trade data. As I mentioned in section 2, I let  𝛽0 =

− log 𝐺𝐷𝑃𝑊𝑜𝑟𝑙𝑑   and aim to hold world trade and world GDP balanced. Since 

the parameters are depending on each other to achieve that aim, for each set of 

trials, I will fix values for most parameters, and only let two parameters vary 

over different sets of true values. 

  For set 1 of trials, I will set  𝛽6 = −1.65 , and  𝛽1 =  𝛽2 = 1; this is an 

assumption of unit income elasticity that comes directly from the theory. I will 

try different values for the elasticity of trade with respect to distance 𝛽5, -0.69, 

-0.79 and -0.9 respectively.  -0.69 is the estimate of the distance effect that I 

obtained by using AvW (2002) dataset to estimate equation (3-17); -0.79 is the 

estimate AvW (2003) themselves derived; and -0.9 is the mean value of distance 

effect from Disdier and Head (2003). Accordingly, there will be true values for 

 𝛽1 and  𝛽2 for each given 𝛽5. In all of following trials, the ratio of world trade 

to world GDP is between 0.98 and 1, which is reasonable given my simulation 

setups. All of the following estimation results are averaged of the estimates of 

500 repetitions of the simulation codes; this applies to all following estimation 
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results.  

 

6.1 Trials Set 3-1 Results 

Table 3-1: Trial 3-1 Results 

Trial 3-1 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.323 1 1 1.308 1.308. -0.69 -1.65  

Disaggregated -15.628 1.00185 1.00068 1.304 1.306 -0.6893 -1.6517 0.772 

Capital-to-Capital 

distance 

-15.8556 1.06735 1.06700 1.000 0.986 -0.6452 -1.7214 0.965 

HM distance -15.7218 1.06782 1.06747 1.016 1.002 -0.6768 -1.6616 0.968 

   

Table 3-2: Trial 3-2 Results 

Trial 3-2 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.466 1 1 1.51 1.51 -0.79 -1.65  

Disaggregated -15.5986 0.9989 1.0001 1.512 1.509 -0.7920 -1.6485 0.795 

Capital-to-Capital 

distance 

-15.8576 1.0770 1.0799 1.172 1.151 -0.7638 -1.7067 0.974 

HM distance -15.8232 1.0789 1.0818 1.191 1.171 -0.7878 -1.6493 0.978 
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Table 3-3: Trial 3-3 Results 

Trial 3-3 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.487 1 1 1.7 1.7 -0.9 -1.65  

Disaggregated -15.658 1.00177 1.001 1.700 1.700 -0.8996 -1.6483 0.8101 

Capital-to-Capital 

distance 

-15.9038 1.08306 1.082 1.291 1.296 -0.8498 -1.7068 0.97 

HM distance -15.7686 1.07828 1.078 1.340 1.345 -0.8832 -1.6397 0.974 

 

Table 3-1, Table 3-2 and Table 3-3 list out estimation results of trial set 3-1 at 

both the disaggregated level and the aggregated level, and estimation results at 

the aggregated level include both experiments using the old capital-to-capital 

distance measure and experiments using the HM distance measure.  There are 

several findings from results of trial set 3-1. First of all, disaggregated 

county-level estimations do retrieve the true values of the parameters that I used 

to simulate trade flow data; this provides us with a set of unbiased estimates. 

Secondly, data aggregation brings biases to the gravity model estimation as I 

expected. In all three trials here, there is an upward bias on the elasticity of trade 

with respect to GDP and there is a significant downward bias on the price 

index-related parameters. For the elasticity of trade with respect to distance, I 

notice that there is a 4% to 6% downward bias, which supports the idea that 

“distance is not dead” (AvW 2003), since I may even underestimate the 
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importance of distance in deterring trade. Beyond that, I also find a big upward 

bias on the dummy variable coefficient, which is the “border effect.” This 

finding might provide us with an alternative explanation of the “border puzzle.” 

In trial set 3-1, there is a 3% to 4% upward bias. All these findings are a strong 

indication that data aggregation will bring biases into the gravity model 

estimation.  

  When I use HM’s distance measure in the aggregate level estimation, there are 

several findings. First of all, there is no significant improvements on GDP 

related parameters, and improvements on price indices related parameters are 

also insignificant. However, HM’s distance measure clearly improved estimates 

for the elasticity of trade with respect to distance and parameter for dummy 

variable. It significantly reduces biases caused by data aggregation.   

  

6.2 Trials Set 3-1 Results 

In trial set 3-2, price indices related parameters are set to be 1, this means 𝜑 = 2, 

and GDP related parameters change, given different values of the elasticity of 

trade with respect to distance, ceteris paribus. 

Table 3-4: Trial 3-4 Results 

Trial 3-4 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.421 1.055 1.055 1 1 -0.69 -1.65  

Disaggregated -15.6201 1.05497 1.05618 0.9999 0.9987 -0.69050 -1.65072 0.7525 
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Capital-to-Capital 

distance 

-15.1153 1.06457 1.06470 0.80229 0.80318 -0.65691 -1.71552 0.958 

HM distance -15.0465 1.06672 1.06685 0.81455 0.81544 -0.68243 -1.6631 0.961 

   

Table 3-5: Trial 3-5 Results 

Trial 3-5 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.732 1.088 1.088 1 1 -0.79 -1.65  

Disaggregated -15.6424 1.08936 1.08963 0.99794 0.99738 -0.78922 -1.64988 0.7712 

Capital-to-Capital 

distance 

-14.6863 1.07184 1.07017 0.81744 0.82497 -0.75848 -1.71480 0.9638 

HM distance -14.6825 1.07266 1.07099 0.83273 0.84026 -0.77261 -1.68007 0.9693 

   

Table 3-6: Trial 3-6 Results 

Trial 3-6 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.664 1.125 1.125 1 1 -0.9 -1.65  

Disaggregated -15.617 1.12499 1.12546 1.0009 0.99971 -0.9007 -1.64906 0.7723 

Capital-to-Capital 

distance 

-14.0449 1.06633 1.06474 0.88296 0.86490 -0.86660 -1.73745 0.963 

HM distance -13.9594 1.06471 1.06312 0.91101 0.89296 -0.89193 -1.68210 0.9682 
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Table 3-4 to Table 3-6 are results for trial set 3-2; results from trials set 3-2 is 

similar to results from trials set 3-1, in that there are downward biases on the 

elasticity of trade to distance and upward bias on the border dummy variable, 

and HM’s distance measure also bringing less biased estimates. One thing worth 

attention is that in these trials, for GDP related parameters, the true values of 

 𝛽1𝑎𝑛𝑑 𝛽2  are both larger than 1, while estimates at the aggregated level 

converge to a range between 1.06 and 1.08.  

In order to scrutinize this issue in detail, I add two more trials with true values 

for GDP related parameters smaller than 1 to begin with. The results of this are 

shown in Table 3-7 through Table 3-9. 

 

Table 3-7: Trial 3-7 Results 

Trial 3-7 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.443 1.3 1.3 1 1 -1.45 -1.65  

Disaggregated -15.633 1.30103 1.30244 0.9981 0.99737 -1.4506 -1.64979 0.8322 

Capital-to-Capital 

distance 

-11.0459 1.09086 1.09224 0.86073 0.85389 -1.44314 -1.81004 0.9666 

HM distance -11.3941 1.08413 1.08551 0.94320 0.93636 -1.44922 -1.74932 0.9806 
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Table 3-8: Trial 3-8 Results 

Trial 3-8 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.982 1.4 1.4 1 1 -1.82 -1.65  

Disaggregated -15.620 1.39974 1.40133 0.9998 1.00282 -1.82057 -1.65099 0.8622 

Capital-to-Capital 

distance 

-9.20026 1.11604 1.11459 0.79679 0.78764 -1.80171 -1.92230 0.9605 

HM distance -9.42344 1.09568 1.09422 0.8829 0.87376 -1.82131 -1.83093 0.9824 

 

In these two trials, both GDP-related parameters have true values larger than 1. 

However, the estimates at aggregated level are both smaller than true values 

while larger than one, combined with the results from previous trials; I can 

conclude that estimates of GDP related parameter converge to a range from 1.05 

to 1.2.  

On the other hand, once I define a larger elasticity of trade to distance (see 

Table 3-9), then in the aggregated level estimation, the bias on the elasticity of 

trade to distance decreases while the bias on the dummy variable amplifies to 

16%.  

  In order to check robustness and try with other values for 𝜑, I set φ = 5, 

which means price indices related parameters 𝛽3 =  𝛽4 = 4.  
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6.3 Trials Set 3-3 Results 

Table 3-9: Trial 3-9 Results 

Trial 3-9 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.872 0.515 0.515 4 4 -0.69 -1.65  

Disaggregated -15.6170 0.51372 0.51595 4.00155 4.00019 -0.69023 -1.64913 0.8725 

Capital-to-Capital 

distance 

-22.2314 1.13179 1.13037 2.55920 2.56621 -0.64405 -1.70171 0.964 

HM distance -22.1664 1.13214 1.13071 2.59306 2.60006 -0.67335 -1.67299 0.9667 

   

Table 3-10: Trial 3-10 Results 

Trial 3-10 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value 16.021 0.54 0.54 4 4 -0.79 -1.65  

Disaggregated -15.6168 0.53912 0.53963 4.00146 3.99861 -0.7885 -1.65168 0.88 

Capital-to-Capital 

distance 

-21.2553 1.13349 1.13252 2.34675 2.34533 -0.72896 -1.71166 0.9494 

HM distance -21.2166 1.13614 1.13518 2.36997 2.36855 -0.75747 -1.66436 0.9516 

  

Table 3-11: Trial 3-11 Results 

Trial 3-11 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  
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True value -15.920 0.58 0.58 4 4 -0.9 -1.65  

Disaggregated -15.6367 0.58052 0.58190 3.99791 4.00047 -0.90023 -1.64702 0.878 

Capital-to-Capital 

distance 

-20.9813 1.13562 1.13550 2.53044 2.53621 -0.86698 -1.69392 0.9607 

HM distance -20.9658 1.13526 1.13513 2.58626 2.59203 -0.89807 -1.64408 0.9655 

 

Trial set 3-3 further confirms my findings from the previous two sets, and 

hereby I can conclude that data aggregation will likely lead to biases in the 

gravity model estimation. More specifically, it will lead to a downward bias on 

the elasticity of trade with respect to distance; and an upward bias on the border 

dummy variable. The latter result might provide an explanation for the 

extraordinarily large “border puzzle” that has been found in the trade literature. 

On the other hand, I notice that no matter the true values of GDP-related 

parameters are, in the aggregated level estimation, their estimates converge to 

the range of 1.05 and 1.2. Previous studies frequently take the “unit income 

elasticity” as an assumption, which indicates that GDP related parameters should 

be 1. My study shows that “unit income elasticity” in the gravity model 

estimation might be a result of biased estimates. 
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7. Trials with Symmetric Estimates 

From the theory, estimates on the income parameters should be equal to each 

other, which means estimates on 𝐺𝐷𝑃𝑖  and 𝐺𝐷𝑃𝑗  should be constrained to be 

equal to each other, and this is also true for estimates on the price index 

parameters. However, in previous trials, I did not constrain the estimates on the 

income parameters and on the price index parameters to be symmetric. In this 

section, I decide to constrain them in that way.  

  In order to do so, I first need to modify the gravity equation (3-17) to fit 

estimation needs. Here I recall equation (3-17) as 

        ln  𝑇𝑟𝑎𝑑𝑒𝑖𝑗 = 𝛽0 + 𝛽1  ln𝐺𝐷𝑃𝑖  + 𝛽2 ln 𝐺𝐷𝑃𝑗 + 𝛽3 ln𝑃𝑖 + 𝛽4 ln𝑃𝑗   

                         +𝛽5 ln𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗 +  𝛽6 𝐷𝑢𝑚𝑚𝑦 + 휀.                                     (3-17) 

Symmetric estimates on income parameters and price index parameters indicate 

that the estimate of 𝛽1 is equal to the estimate of 𝛽2, and the estimate of 𝛽3 is 

equal to the estimate of 𝛽4. For ln𝑃𝑖  𝑎𝑛𝑑 ln𝑃𝑗 , I will calculate a new variable, 

named as 𝑃𝑖𝑗 , and defined as 𝑃𝑖𝑗 = ln𝑃𝑖 + ln𝑃𝑗 , while for income parameters, I 

will assume unit income elasticity, which means 𝛽1 = 𝛽2 = 1. Therefore, I will 

move  ln𝐺𝐷𝑃𝑖  and ln 𝐺𝐷𝑃𝑗  to the left side of the equation (3-17). With these 

arrangements, we derive a new estimation equation (3-25) from equation (3-17), 

  ln𝐴𝑖𝑗 =  ln 
𝑇𝑟𝑎𝑑𝑒𝑖𝑗

𝐺𝐷𝑃𝑖𝐺𝐷𝑃𝑗
  = 𝛽0 + 𝛽3 ln𝑃𝑖 + 𝛽4 ln𝑃𝑗 + 𝛽5 ln 𝐷𝑖𝑠𝑖𝑗 + 𝛽6 𝐷𝑢𝑚 + 휀 

                                                    = 𝛽0 + ω 𝑃𝑖𝑗 + 𝛽5 𝑙𝑛 𝐷𝑖𝑠𝑖𝑗 + 𝛽6 𝐷𝑢𝑚 + 휀.       (3-25) 

Here 𝜔 stands for estimates for the price indexes parameters; with 𝛽3 = 𝛽4 = 𝜔. 

By estimating equation (3-25), I will have symmetric estimates on the income 
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parameters and the price index parameters.  

In the simulation, all data generating procedures are exactly the same as in the 

previous trials. Once I have county-level data, I will use them to calculate  𝑃𝑖𝑗  

and 𝐴𝑖𝑗  accordingly at the county-level. Then I will use these data to estimate 

the gravity equation (3-25) at the disaggregated level. The same process can be 

conducted at the aggregated state-level. Table 3-12 lists an example of estimation 

results using this modified gravity equation. This example is based on trial 3-3. 

In table 3-12, we will only have four estimates, because estimates on income 

parameters are one, and estimates on 𝑃𝑖 𝑎𝑛𝑑 𝑃𝑗  are the same, denoted by 𝜔. 

Therefore, we will only have estimates on the intercept, price index 𝑃𝑖𝑗 , the 

elasticity of trade with respect to distance and the border dummy variable. 

 

Table 3-12: Trial with Symmetric Estimates 

Trial 3-12 Intercept 𝐏𝒊𝒋(𝜔) 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.6215 1.7 -0.9 -1.65  

Disaggregated -15.608 1.6994 -0.9006 -1.6501 0.7339 

Capital-to-Capital 

distance 

-13.842 1.2505 -0.8667 -1.7693 0.899 

HM distance -13.821 1.2811 -0.8886 -1.7129 0.915 

 

From Table 3-12, I notice that even after I enforce the symmetries between 
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estimates on GDP and price indexes, the major findings from previous trials are 

still robust, in that data aggregation will lead to a downward bias on the 

elasticity of trade to distance and to an upward bias on the border dummy 

variable. We can also see, that Head and Mayer’s distance measure is better than 

point-to-point distance measure in minimizing estimation biases. Beyond these, I 

also noticed that once I enforce the estimates to be symmetric, the upward bias 

on the border dummy variable greatly increases, for both distance measures.  

 

8. Robustness Checks 

In this section, I will conduct robustness checks by adopting different estimation 

procedures. Recall that in previous trials, all estimation results are average 

estimates from 500 repetitions of the simulation codes. For each repetition, I 

have re-generated the geography, which means that geographies from different 

repetitions are different; and the locations of the 660 counties in the artificial 

“North America” are updated in each new repetition. Therefore, all results are 

based on different geographies.  

In this section, I aim to use each newly-generated “North America” to conduct 

ten repetitions of the estimation procedure instead of one. The idea is that for 

each newly generated artificial “North America,” I know the GDPs and price 

indexes of 660 counties, and I know the distances between all pairs of counties. 

In previous trials, I have used this information to conduct one round of 

estimation of the gravity model, at both the disaggregated level and the 
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aggregated level. However, for here, I will repeat that estimation process for ten 

times for each geography of “North America.” Given the form of equation (3-17), 

for these ten repetitions, I will use the same GDPs, price indexes and distances, 

while the error term in the equation will be regenerated in each repetition. With 

each set of data, I will test the gravity model at the disaggregated level and the 

aggregated level as usual. I will generate 100 geographies in total instead of 500; 

Since ten repetitions will be conducted within each geography, there will be a 

total of 1000 repetitions. Table 3-13 lists the estimation results of this alternative 

estimation procedure. Note that, in this trial, I choose the true parameters 𝛽1 =

 𝛽2 = 1,  𝛽5 = −0.9 and  𝛽6 = −1.65 , therefore, estimates on price indexes 

 𝛽3 =  𝛽4 = 1.7 accordingly. 

 

   Table 3-13: Robustness Checks 

Trial 3-13 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -15.6157 1 1 1.7 1.7 -0.9 -1.65  

Disaggregated -15.6103 1.0017 0.9994 1.700 1.699 -0.9000 -1.6496 0.8056 

Capital-to-Capital 

distance 

-15.7750 1.0828 1.0840 1.302 1.303 -0.8741 -1.6995 0.9471 

HM distance -15.7124 1.0810 1.0822 1.328 1.329 -0.8944 -1.6564 0.9787 

 

Estimation results in table 3-13 are very similar to results in table 3-3. Recall 
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that in table 3-3, I adopt the same set of true parameters, while I repeat the 

estimation process 500 times by generating a new geography in each repetition. 

Here from table 3-13, I notice that with fixed geography and macroeconomic 

data, the estimation results at the disaggregated level are also a recovery of the 

true parameters. At the aggregated state-level, for both distance measures, 

estimates on the income parameters are close to the true parameters and suffer an 

insignificant upward bias, while estimates on the price index parameters suffer a 

downward bias. Estimates on income parameters are similar from both distance 

measures, and this is also true for the price index parameters. For estimates on 

the distance effect and the border dummy variable using counties with most 

GDPs to stand for main cities will bring a downward bias to the distance 

elasticity estimate and an upward bias to the border dummy variable. Head and 

Mayer’s distance measure greatly decreases degrees of estimation biases and the 

estimates of these parameters are very close to the true parameters 

 

9. Conclusion 

In this chapter, I aim to check the effects of data aggregation on the estimation of 

the gravity model. I use a classical gravity equation introduced by Anderson and 

Van Wincoop (2003) to design several simulation projects. In simulations, I 

generate an artificial “North America,” which includes a large country in the 

South, the “US,” and a smaller country in the North, “Canada.” I use the 

classical gravity equation to generate data at the county-level, and later derive a 
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dataset at the state-level using county-level data. Mine estimation results suggest 

that data aggregation will lead to biased estimates in the gravity equation 

estimation. There is clear upward bias for the estimate of the border dummy 

variable and a downward bias for the estimate of the elasticity of trade to 

distance. I believe the capital-to-capital distance measure is a major cause of 

such biases, and therefore I introduce a new inter-regional distance measure 

originally introduced by Head and Mayer. By using the Head and Mayer 

distance measure, the degree of estimation biases decreases compared to the old 

capital-to-capital distance measure. Thus, I conclude that Head and Mayer’s 

distance measure is a better choice for distance measure in the gravity model 

estimation.  
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CHAPTER IV  

THE ROLE OF ECONOMIC CLUSTERING 

 

1. Problem Statement and Objectives 

From chapter 3, I have confirmed that data aggregation will bring biases to the 

gravity model estimation. Trade data at the state-level are calculated by 

summing up trade data generated by a classical gravity model at the county-level. 

Along with corresponding aggregated state-level data, I re-estimate the gravity 

model at the state-level, and cannot retrieve the true values of the parameters that 

I used to generate data at the disaggregated county-level. Based on this finding, 

in this chapter I intend to further study the relationship between the degree of 

estimation biases caused by data aggregation and different distributions of 

economic activity. In other words, I believe different distributions of economic 

activities, and in particular different extents of economic clustering, will lead to 

different levels of estimation biases when data are aggregated; and thus I aim to 

figure out the role of economic clustering in determining estimation biases of the 

gravity model estimation once aggregated data is in use.  

The first question I want to ask is that: “what are the causes of the estimation 

biases when aggregated data is in use?” Comparing to estimations taken at the 

disaggregated county-level, the choice of capital city at the state-level might be 

problematic. In chapter 3, I pick the county with the most GDP in a state to be 

the capital city of that state; this choice of the capital city is widely accepted in 
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the gravity model studies. Most of previous studies on the gravity model are 

conducted at the state-level or the country-level; and large cities or cities in the 

middle of areas are commonly picked as the capital cities in the inter-regional 

distance calculation; however, the correctness of this choice of the capital city is 

untested. For a state or a country whose economic activities are highly clustered, 

using the location of economic clustering to serve as the capital city is 

reasonable. However, if economic activities of a state are evenly distributed 

throughout the area, picking territory A, whose GDP is slightly bigger than other 

territories, to be the capital city is not an ideal choice; because this capital city 

cannot represent most of economic activities in the state. Once I realize that 

capital city choice is crucial in determining the correctness of the gravity model 

estimation, I want to test my guesses stated earlier, that for states or countries 

with economic clustering, picking territories with the most economic activities 

or located in the center of economic clustering will lead to less estimation bias, 

compared to the same choice for states or countries where economic activities 

are dispersedly distributed.  

In this chapter, I aim to test that for regions with different levels of economic 

clustering; degrees of the estimation biases of the gravity model caused by data 

aggregation are different. For countries where economic activities are highly 

clustered into a few metropolises, the estimation of the gravity model using the 

current capital city picking method will lead to relatively less bias, whereas for 

countries where economic activities are less clustered or evenly distributed, the 
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same capital city arrangement will lead to bigger problems in the estimation of 

the gravity model.  

 

2. Simulation Project 1 

With study aims, I design simulations which can be used to test my hypothesis. 

In order to do so, I first develop a one-country simulation project. Trial 4-2a of 

Figure 4-1 is an example of the geography in simulation project 1.  

 

 

Trial 4-2a                         Trial 4-2b 

Figure 4-1: Geographies of Simulation Project 1 
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         Trial 4- 2c                         Trial 4-2d 

 
Trial 4-3a                         Trial 4-3b    

 

         Trial 4-3c                         Trial 4-3d 

Figure 4-1: Geographies of Simulation Project 1(Continued) 
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Trial 4-4a                         Trial 4-4b    

 

         Trial 4-4c                         Trial 4-4d   

Figure 4-1: Geographies of Simulation Project 1(Continued) 

 

In this simulation, the country in study is a square-shaped country with sixteen 

states in it. All states are square shaped, and their dimension parameters equal to 

nine, therefore, each state has nine times nine (equal to 81) counties in it. I 

define that the distance between counties neighboring each other in the same row 

or the same column equals to one. Therefore, each state has a length of nine. In 

Figure 4-1, each county is represented by a dot, and each state is represented by 
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a square. All these counties are uniformly distributed throughout the country. 

Therefore in total there are 1,296 counties in this country. From trial 4-2a to trial 

4-4d, I can see a continuous clustering process on the southwest corner of the 

geography. In trial 4-2a, I can see an area in the center of the southwest state. 

This area has only one point in the middle of the area. This point stands for the 

clustering of nine counties which were previously uniformly distributed in the 

area. In the following trials, I can see that the blank area grows, which means 

more counties are clustered. Once I complete the clustering of counties in the 

southwest state, the same process will take place in the state above the southwest 

state, which is shown from trial 4-3a to trial 4-3d. The same process takes place 

continuously on the upper state after the complete clustering of the second 

southwest state. 

In the data generating process, I will assign the data for GDP, price index, and 

location to all counties. In this chapter, I will first generate GDPs and price 

indexes for all counties in these two countries using the same distributions. 

Based on my study of the US GSP (Gross State Products) and Canadian 

provincial GDP, I know that for combined US states and Canadian provinces, 

the mean of the state-level logarithm GDP equals 11.829, while its standard 

deviation equals 4.737. In fact, I can just use the log values of GDPs, since that 

is all what I need for my procedure. Therefore, I let the mean of county-level 

GDP equal to twelve, with its standard deviation equals to five. Similarly, for 

price index, Wu (2009)’s priced index data for US and Canada has an overall 
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mean of 1.672, with the standard deviation equal to 0.636. I let the mean of 

county-level price index equal three, with its standard deviation equals one, 

which approximately has the same mean to standard deviation ratio as the real 

data. 

For the distance measure, with the location information of all counties, I am 

able to calculate distances between counties. After that, I will simulate 

inter-county trade flows using a reduced form gravity model (equation (4-1)), 

and conduct a test regression at the disaggregated county-level. Then, I will 

aggregate all data to the state-level using the same method I take in chapter 3; 

thus, I will have pair-wise trade data between all sixteen states, as well as GDPs 

and price index data at the state-level. This is therefore 16 x 16 = 256 

observations. For inter-state distances, I will pick the central county of each state 

as its capital city, and the inter-state distance is calculated as the distance 

between the capital cities of the two states in each pair. With thorough state-level 

data, I will re-estimate the gravity model (equation (4-1)) at the aggregated level. 

These data generating and aggregating procedures and the estimation procedure 

will be applied to all trials in the simulation project 1. These trials differs each 

other in the degree of economic clustering. One thing worth noticing is that in 

these trials, I only have one country in the simulation and therefore there is no 

border dummy variable in the gravity equation.  

         ln𝑇𝑟𝑎𝑑𝑒𝑖𝑗 = 𝛽0 + 𝛽1ln𝐺𝐷𝑃𝑖 + 𝛽2ln𝐺𝐷𝑃𝑗 + 𝛽3ln𝑃𝑖 + 𝛽4ln𝑃𝑗 + 𝛽5ln𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗 + 휀.  (4-1) 

The definition of variables and parameters in equation (4-1) is exactly the 
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same as equation (3-17) in chapter 3. 

To start with, trial 4-1 is a control trial, in which case there is no economic 

clustering at all, all counties are uniformly distributed. Therefore the results 

between the aggregated level and the disaggregated level estimations of trial 4-1 

will give us a picture of problems caused by data aggregation. Once these results 

are ready, they will be used to compare with my following estimation results 

with different levels of economic clustering. In trial 4-1, since the economic 

activity are uniformly distributed, the use of the central county as the state 

capital is not an ideal choice in the sense that the central county cannot represent 

other counties well; therefore, I expect to see comparatively large estimation 

biases in the aggregated level estimation. Along with the increasing degrees of 

economic clustering, I expect to see a declining trend of estimation biases in the 

aggregated level, because I believe the central county gradually becomes a better 

choice of the capital city as the economic activities gradually cluster around the 

central area of the state. 

From trial 4-2, I start to introduce clustering into the simulation. I will first 

cluster economic activities in state 1, the state on the southwest corner. The 

process of clustering is that counties in state 1 will be gradually clustered to the 

capital city of state 1. In the first stage, the nine counties in the middle of state 1 

will be clustered into the capital city, which means that the GDPs of all these 

nine counties will be endowed to the capital city, and the price index of the 

capital city will be the GDP-weighted average price index of all these nine 
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counties. Once stage 1 is done, the capital city grows into a bigger city in 

economic sense while its location has not changed. Trial 4-2a in Figure 4-1 is an 

example of stage 1. In stage 2, further economic clustering is involved. Based on 

the stage 1 setup, sixteen more counties near the capital city will be further 

clustered into the capital city, which means the capital city is now a clustered 

large city with 25 previously independent counties. Trial 4-2b in Figure 4-1 is an 

example of the stage 2. This clustering process will continue until all counties in 

state 1 are clustered into the capital city, which is shown by trial 4-2d in Figure 

4-1. Under that circumstance, GDPs of all 81 counties are clustered together to 

form the unique metropolitan area in the center of the state, the capital city. 

Using the stage 4 in trial 4-2 as an example, I will simulate trade flows at the 

disaggregated level, however, at this point; country 1 will have only one county, 

which is its capital city.  

In trial 4-2, I will have four pairs of results from estimation, from trial 4-2a to 

trial 4-2d. Within each trial, I will use same data generating and estimation 

methods as trial 4-1. The clustering steps I designed here are reasonable and are 

supported by real world situations. I can take Silicon Valley as a good example 

to support my clustering process. At the beginning, Silicon Valley was only a 

small area with small population and economic activity, however, its outstanding 

technical environment and job market attracts neighboring companies and 

population to relocate into its area. This process of relocation of population and 

economic factors took place slowly and gradually. The closer to the Silicon 
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Valley a region is, the more likely its company and population will be attracted. 

Once the population and economic factors in nearby areas are all clustered to 

Silicon Valley, the population in further areas will also be attracted, which 

continuously causes this clustering process to go on and has a feature of 

attracting from the closer area to the distant area. However, note that here I do 

not mean to necessarily state a story over time; rather what I do is perform 

different experiments. 

To continue with this experiment, once state 1 is completely clustered, I will 

begin to cluster state 2 in the same manner, and this clustering process will 

continue until all sixteen states are clustered. 

In this project, I start with an evenly distributed geography, and that 

geography gradually turns into a number of economic clusters. I expect to find 

results which show that along with the increasing degree of economic clustering, 

estimation results at the aggregated level converge to estimation results at the 

disaggregated level. Table 4-1 shows estimation results from trial 4-1 to trial 4-4. 

Since each trial from trial 4-2 to trial 4-4 includes four stages, so there will be 

totally thirteen pairs of estimation results, including the single pair from stage 1. 

I record results at both the disaggregated county-level and the aggregated 

state-level. This is a test simulation project; therefore, I do not run a large 

number of repetitions and just want to have a brief picture of the issue. For each 

trial, the estimates are average results from twenty times repetitions of the 

simulation codes.  
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Table 4-1: Simulation Project 4-1 Results 

 Intercept 𝐆𝐃𝐏𝒊   𝐆𝐃𝐏𝒋  𝐏𝒊   𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 

True Values -log(wGDP) 1 1 1 1 -1 

Trial 4-1Disagg    

Trial 4-1 Agg 

-16.217 

-12.966 

1.009 

1.083 

1.001 

1.115 

1.000 

0.971 

1.001 

1.123 

-1.000 

-1.199 

Trial 4-2a Dis    

Trial 4-2a Agg 

-16.192 

-19.4244 

1.001 

0.877 

0.999 

0.831 

1.001 

0.710 

1.000 

0.852 

-1.000 

-1.201 

Trial 4-2b Dis    

Trial 4-2b Agg 

-16.362 

-18.902 

0.999 

1.131 

1.000 

0.915 

1.001 

0.888 

0.998 

1.055 

-1.000 

-1.193 

Trial 4-2c Dis    

Trial 4-2c Agg 

-16.333 

-15.101 

0.999 

1.022 

0.999 

0.863 

0.999 

0.899 

0.997 

1.135 

-1.001 

-1.190 

Trial 4-2d Dis    

Trial 4-2d Agg 

-16.375 

-21.001 

1.000 

0.909 

1.000 

0.971 

0.999 

1.033 

0.998 

1.157 

-1.001 

-1.181 

Trial 4-3a Dis    

Trial 4-3a Agg 

-16.382 

-11.709 

0.999 

0.828 

1.000 

1.208 

1.003 

0.777 

1.002 

0.913 

-1.000 

-1.170 

Trial 4-3b Dis    

Trial 4-3b Agg 

-16.333 

-12.202 

1.000 

0.955 

1.001 

1.137 

1.002 

0.791 

0.998 

0.888 

-1.000 

-1.155 

Trial 4-3c Dis    

Trial 4-3c Agg 

-16.321 

-17.663 

0.997 

1.109 

0.999 

1.005 

1.001 

0.893 

1.000 

0.975 

-0.999 

-1.149 

Trial 4-3d Dis    

Trial 4-3d Agg 

-16.354 

-19.771 

0.999 

1.192 

1.001 

0.838 

1.000 

0.888 

0.999 

1.060 

-1.000 

-1.152 

Trial 4-4a Dis -16.421 1.000 1.002 0.999 1.002 -1.000 
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Trial 4-4a Agg -13.525 1.109 1.119 0.881 0.794 -1.116 

Trial 4-4b Dis    

Trial 4-4b Agg 

-15.901 

-18.631 

0.998 

1.099 

1.002 

1.132 

0.996 

0.933 

1.002 

0.836 

-0.999 

-1.107 

Trial 4-4c Dis    

Trial 4-4c Agg 

-16.555 

-20.001 

0.998 

1.332 

0.999 

1.079 

0.997 

1.010 

1.004 

0.871 

-0.999 

-1.110 

Trial 4-4d Dis    

Trial 4-4d Agg 

-16.391 

-19.938 

0.996 

0.895 

0.999 

1.202 

0.998 

0.881 

1.005 

0.767 

-0.999 

-1.077 

 

As a test of the procedure, estimation results at the disaggregated level are a 

fairly good recovery of the true values, while results at the aggregated level are 

lack of clear trend. For the estimates on GDPs and Price Index parameters, there 

is no clear trend at all. 

The exception to this, however, is that for the elasticity of trade to distance, 

there is a generally decreasing trend of the estimates along with the increasing of 

economic clustering. Since some of simulation settings are problematic and the 

gravity equation in use is incomplete, this simulation project may suffer from 

several flaws and is inadequate to study the question I raised. Therefore, I stop at 

trial 4-4 and make modifications on simulation project 1 to work out simulation 

project 2. 
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3. Simulation Project 2 

From my simulation project 1, the results are suggestive but also somewhat 

inconclusive. One potential problem is that I have clustered only a minority of 

countries. Also, note that in simulation project 1, I have only one country in the 

study, which means there is no “border effect” in the gravity model. The gravity 

equation used to generate trade and estimate has no border dummy variable in it. 

This makes my simulation different from most of the previous gravity model 

studies, which are used to study the “border effect”, and so it would be 

interesting to involve another country and a border line. The other potential flaw 

is that the clustering procedure I designed may be misleading. In the simulation 

project 1, I cluster economic activities of states one by one. I first cluster 

economic activities in state 1, and then cluster economic activities in state 2, etc. 

This procedure might be improper. Instead of clustering economic activities one 

state after the other, an alternative clustering procedure is that I may let 

economic activities of all states to cluster at the same time. One more flaw worth 

noticing is that for each state, before being completely clustered, once I cluster 

the central counties into the capital city, the remaining counties which lie in the 

outer area of the state remain at their original locations, which makes the map of 

that state relatively unlikely. The capital city has a lot of economic weight and 

lies in the middle, while it is surrounded by a blank area with no counties; and 

the remaining counties are not attracted by this economic center at all and lie in 

the far away area. The map of trial 4-2b in Figure 4-1 depicts such a situation. A 
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better way of clustering should be designed to let all counties in a state cluster 

toward its capital city all at the same time, while the degree of clustering 

gradually increases. In other words, all counties in a state should be attracted by 

its capital city at the same time. They all move toward capital cities by a little bit 

at the beginning, and along with the increasing of clustering degree, they are 

gradually clustered into a tiny area centered by the capital city.  

Besides these two flaws, one setup is incorrect, in my simulation 1, once 

counties are clustered into the capital city; these previously independent counties 

turn into one county. Therefore, once state 1 is completely clustered, there is 

only one county in that state, and I use this single county to simulate trade with 

all remaining counties. This setup suffers from two shortages. First of all, it is 

more natural to try an experiment in which there are still all 81 counties at the 

disaggregated level for state 1, since that is the true meaning of clustering. Note 

that in such case, these counties should become very close to each other, but not 

literally be located in the same point; otherwise their distances would all be zero. 

A second potential flaw is that, in the previous setup, once counties of a state are 

clustered into a capital city, there will be only one big county in that state, and 

therefore this county only has only one import and export flow with each of the 

remaining 1,215 counties. This greatly reduces the number of observations that 

are going to be affected by this clustering arrangement (at most just a few 

thousand), while trade between counties in un-clustered states is not affected by 

the clustering effect, and the number of these unaffected observations is around 
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one million. Compared to such a large number of observations, the clustering 

effect will not be very large.   

In simulation project 2, I have fixed these potential problems. Firstly, instead 

of having one country in the geography, I design two-country geography, 

therefore I can introduce a “border effect” into the equation, and now I am using 

the most classical form of the gravity model in the data generating process and in 

the estimation. This is equation (4-2), which is the same equation I used in 

chapter 3, with parameters and variables defined as in chapter 3. 

    ln𝑇𝑟𝑎𝑑𝑒𝑖𝑗 = 𝛽0 + 𝛽1ln𝐺𝐷𝑃𝑖 + 𝛽2ln𝐺𝐷𝑃𝑗 + 𝛽3ln𝑃𝑖 + 𝛽4ln𝑃𝑗   

                            +𝛽5ln𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗 +  𝛽6𝐷𝑢𝑚𝑚𝑦 + 휀.                                          (4-2) 

Except for a correctly specified gravity model, I also choose an alternative 

economic activity clustering procedure, which allows all counties to move 

toward the capital cities in all states simultaneously; and more importantly, no 

matter how close counties are located to each other, they are different counties at 

the disaggregated level, and each county has its unique location. Actually, in 

these simulation trials, I will never let counties cluster to a same location; instead, 

I adjust distances between counties in the same state to alter the degree of 

clustering. For example, at the beginning, the distance between each county is 1 

in trial 4-5, and there is no economic clustering at all. In my trial 4-6, all 

counties are clustered toward their capital cities, with the distance between 

counties in the same row or column in the same state being 0.5. In trial 4-7, I 

further decrease this distance to 0.3. In most clustered trial 4-8, this inter-county 
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distance will be decreased to 0.1, and all counties are clustered in a small area 

with a dimension of 0.2 times 0.2. Figure 4-2 shows examples of the geography 

of the four trials described above. 

 

 

Trial 4-5                         Trial 4-6 

 
                 Trial 4-7                        Trial 4-8 

Figure 4-2: Geographies of Simulation Project 2 

 

Trial 4-5 in Figure 4-2 is the control trial in simulation project 2, where no 

economic clustering is involved. In this figure, there are two countries, with 36 

states in total. There is a border between the two countries, shown as a red line in 
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the figure. The northern country has a row of six states while the southern 

country has thirty states. I increase the number of states to increase the 

observation number at the aggregated level. In the simulation project 1, I have 

16 states, and therefore there are 16*16 = 256 observations at the state level 

estimation; here I increase the number of states to 36, and there will be 36*36 = 

1,296 observations at the aggregated level. With more degrees of freedom, the 

outcome will be more reliable. For each state, there are nine counties in it, with 

central county serving as the state capital, and it is marked in red in figures. In 

trial 4-6, as described above, I will start clustering counties; the location of the 

capital cities will not change at all, while counties in each state move toward 

their capital city, and inter-county distance will decrease from one to 0.5. In trial 

4-7, I further increase the degree of economic clustering to let this inter-county 

distance to be 0.3. In trial 4-8, in which case the economic activity are highly 

clustered, this inter-county distance will decrease to 0.1, which is shown as trial 

4-8 in Figure 4-2. Since all counties are very close to each other, the figure 

shows a red capital surrounded by black edge, where the black edge is the result 

of the clustering of eight counties.  

For the data generating procedure and the estimation procedure, most settings 

are exactly the same as the simulation project 1. The only difference is that for 

the price index, instead of using quantity method to calculate the price index at 

the aggregated state-level, I use GDP weighted average price index to calculate 

state level price index, which is explained by equation (4-3), 
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                                            𝑃𝐼𝐴 =  (
𝐺𝐷𝑃𝑖

𝐺𝐷𝑃𝐴
)𝑖∈𝐴 𝑃𝐼𝑖  .                                               (4-3) 

Here, A stands for state A, 𝑃𝐼𝐴 stands for price index of state A. i stands for 

counties in state A, 𝐺𝐷𝑃𝑖  stands for GDP of county i, and 𝐺𝐷𝑃𝐴 stands for 

GDP of state A, which is the sum of all 𝐺𝐷𝑃𝑖  in state A. 𝑃𝐼𝑖  stands for price 

index of county i. Table 4-2 shows results from simulation project 2. Since the 

estimation results at the disaggregated level are all recoveries of the true values 

of the parameters, I only list the disaggregated level estimation results of trial 

4-5 here as an example. All estimation results are based on 200 repetitions of the 

simulation code; these facts also apply to all estimation results in the following 

trials. 

 

Table 4-2: Simulation Project 4-2 Results 

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value -log(w GDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial 4-5 dis -15.0003 0.8998 0.9011 1.3307 1.4903 -0.8993 -1.6512 0.6925 

Trial4-5 Agg -14.315 0.8702 0.9335 1.3823 1.3521 -0.8504 -1.6954 0.9102 

Trial4-6 Agg -15.003 0.8806 0.8940 1.4820 1.4884 -1.194 -1.6486 0.9231 

Trial4-7 Agg -15.162 0.8609 0.90269 1.5659 1.6628 -1.093 -1.6307 0.9328 

Trial4-8 Agg -14.892 0.8702 0.9193 1.4546 1.4788 -1.013 -1.6311 0.9430 
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From Table 4-2, I have several findings; first of all, results from trial 4-5 

meet my expectations: the estimation at the disaggregated level can retrieve the 

true values of the parameters, and the estimation at the aggregated level, which 

is similar to what I have performed in chapter 3, meets my findings from chapter 

3. However, the results from trial 4-6 to trial 4-8 contradict my expectations of 

economic clustering’s role on the estimation biases. I expect the estimation 

results to follow a trend of converging to true values, or of converging to the 

estimates at the disaggregated level. Given the fact that the estimation results at 

the disaggregated level recover the true values of the parameters, I can see that 

for the elasticity of trade to distance and the “border effect”, estimates suffer 

from biases of opposite directions from trial 4-5. Simulation project 2 does not 

provide sufficient information on the effects that clustering has on the estimation 

of the gravity model, thus further modifications are made in simulation project 2. 

 

4. Simulation Project 3 & 4 

Results from simulation project 2 can only support my findings from the chapter 

3, that data aggregation will lead to the upward bias of the “border effect” and 

will lead to downward bias of the elasticity of the trade with respect to distance. 

Trials with economic clustering do not give clear information on the relationship 

between the degree of estimation biases and the degree of economic clustering. 

In order to reach clearer outcomes, I need to further polish my simulation 

settings. One thing worth noticing is that my simulations are designed with two 



68 
 

restrictions, including a uniform distribution of economic activity at un-clustered 

trials and a restriction of central capital city. Putting these two assumptions 

together onto my simulation projects might lead to over-restrictive simulation 

requirements and loss of generality. In order to make my simulation more 

generalized and randomized, I decide to loosen the restriction of the central 

capital city. 

In both simulation project 1 and 2, I enforce the capital city of a state to be the 

central county in that state. This restriction not only requires all to states have 

their capital cities at the same location, but also restricts this location to be the 

central point of each state. This restriction on capital city location is too strong 

and lacks randomization, and this might bring some unpredictable effects to 

estimation results. In particular, it is possible that the restriction in the simulation 

project 2 is precisely picking the capital city already in the “right” place, in the 

sense that given my restrictions, the center of the country is indeed the center of 

economic activity. And therefore, the center is already the correct way to 

measure the distances from one country to another country. I guess that when 

clustering really matters is for random capital locations, where the cluster 

clusters into places that measure distance in the “wrong” way. 

Therefore in the simulation project 3, I aim to make the picking of the capital 

city a random choice. This is shown in Figure 4-3, which shows a clustering and 

aggregation procedure similar to the simulation project 2, with the important 

difference that the capital of each state is random. 
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Trial 4-9                           Trial 4-10 

 

Trial 4-11                          Trial 4-12 

Figure 4-3: Geographies in Simulation Project 3 

 

Specifically, in simulation project 3, I start with trial 4-9, which is very similar 

to trial 4-5 in simulation project 2. There are only two differences, the first 

difference is that I increase the dimension parameter of each county from three 

to five, which means that each state is a square shaped area with a five times five 

dimension, and has 25 counties in it. The second difference is that the capital 

city of each state is randomly picked among 25 counties in that state. Trial 9 in 
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Figure 4-3 is an example, which is the control trial without economic activity 

clustering. The county in red in each state is the capital city. Once I am done 

with trial 4-9, I start to introduce economic clustering, as in trial 4-10. In trial 

4-10, I use the same method to randomly pick capital cities. Once a capital city 

is picked for a state, I generate the remaining 80 counties of that state around the 

capital city. In trial 4-10, I let inter-county distance to be 0.3; this is the 

maximum inter-county distance I may use in this simulation project.  

In the simulation project 2, inter-county distance can be any number smaller 

than one, because the capital city is the central point, any inter-county distance 

smaller than one ensures that all clustered county will still remain in the same 

state. However, in the simulation project 3, since the capital city is randomly 

picked among all 25 counties, under the circumstance that the capital city is a 

county close to the state boundary, the distance between that capital city and the 

state border will be 0.5, if I let inter-county distance be larger than 0.25 (which 

makes the clustered area have a dimension of 0.5 times 0.5), some counties in 

state A may locate in a neighboring state B. Once I set the inter-county distance 

to be 0.3, there is still the possibility that some counties in a state might be 

located in a neighboring state while very close to its home state. I believe this 

situation is acceptable, just think about St. Louis and Kansas City examples. St. 

Louis starts as a city located in Missouri; along with the developing and 

clustering of population and economic activities, its metropolitan area exceeds 

the border and locates partially into Illinois. An alternative explanation is that 
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the clustering effect may not only attract counties in the same state, sometimes 

population and economic activities in the neighboring area may also be attracted. 

In practice accepting that counties may be located across the border in the 

neighboring state is just a redefinition of where the state borders are, which is in 

itself arbitrary. My point here is that setting inter-county distance to be 0.3, will 

lead to the situation that a few counties may locate in the neighboring state, 

however, this problem is minor and acceptable. I do need to have this trial to 

have more results to compare with other trials, in order to have a clearer trend of 

the change of estimation biases. 

Once I am done with the simulation design, I adopt the same data generating 

and aggregating procedure as the previous two simulation projects, and estimate 

the gravity model at both the disaggregated county-level and the aggregated 

state-level data. In this simulation, I use a widely accepted method to calculate 

internal distances at both county-level and state-level. For each county, I have 

distance data of this county to all of the remaining counties. I pick out distances 

of that county to the four nearest counties, and use the half of the average of 

these four distances to define the internal distance of a county. The same process 

is used to calculate internal distances for states. Inter-state distances are 

distances between capital cities. For each state, once I have its distances to all of 

the remaining states, I will pick out the smallest four distances to calculate an 

average distance to the neighboring area. The half of this evenly weighted 

average distance will be the internal distance of the state. Except for this internal 
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distance measure, I also experimented with the measure in which the eight 

smallest distances are involved to calculate the weighted average, and the results 

are similar.  

The true values of the parameters are exactly the same as the simulation 

project 2, and the GDPs and price indices are generated using exactly same 

distributions as in the previous two simulation projects. With these true values of 

the parameters and these distributions of data, I will generate a total trade 

balanced with total GDP, which means that the overall GDP of the two countries 

will be approximately equal to the overall trade between all counties. Table 4-3 

shows estimation results of simulation project 3.  

 

Table 4-3: Simulation Project 4-3 Results 

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True values -log(wGDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial 4-9 Dis -15.003 0.90001 0.9011 1.6003 1.5999 -0.8999 -1.6500 0.6921 

Trial4-9 Agg -14.825 0.9202 0.9351 1.3668 1.4152 -0.8281 -1.6854 0.9102 

Trial4-10 Agg -14.8213 0.9310 0.8835 1.375 1.3782 -1.1073 -1.6373 0.9061 

Trial4-11 Agg -15.125 0.9609 0.9739 1.3659 1.3668 -1.1900 -1.6403 0.9232 

Trial4-12 Agg -15.362 0.9709 0.93269 1.4659 1.5628 -1.1432 -1.6327 0.9257 
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These results are similar to my results from simulation project 2. From these 

results, I figure out that even if I remove the restriction of a central capital city, 

the results of simulation project 2 still cannot give us enough information on the 

role that the economic clustering plays in the gravity model estimation. In order 

to rule out the possibility that the distribution of GDP and price index I use not 

appropriate, I try with a series of different distributions for GDP and price index, 

however, the results are similar. Besides, I also try with different sets of true 

values for parameters, and the outcome is also very similar. Once these are all 

done, I know there must be something else that influence the results, and I 

finally figure out that the internal distance measure I use at the aggregated level 

is improper once economic clustering is involved.  

To start with, let us look at trial 4-9, in which no economic clustering is 

involved. At the disaggregated level, a common value for county-level internal 

distance is approximately around 0.6; while at aggregated level, a common value 

for state-level internal distance is around 2.5. However, when I look at trial 4-12, 

the most clustered case; a common value for county-level internal distance is 

around 0.15, while a common value for state-level internal distance is still 

around 2.5, which is unreasonable. In trial 4-12, all counties are clustered to their 

state capital cities; distances between counties in the same state is around 0.1, 

while distances between counties in different states mostly vary in a range 

between five and forty. Such a big difference in distance leads to the fact that 

trade between counties in the same state is much larger than trade between 
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counties in different states. Once trade data are aggregated to the state-level, this 

pattern is more substantial. For each state, they mostly trade with themselves. 

Over 80% of a state’s trade is the trade occurred between counties in itself, while 

trade flows to other states are relatively smaller. For example, state 1, the state 

located at the southwest corner of the picture of trial 4-12 in Figure 4-3, has a 

trade around 900 with itself, while its trade to the neighboring state 2 (the state 

to its right) is around 80. The trade between state 1 and the northeast state 

number 36 is only around 0.6. These data tell us that once the economic 

activities are clustered, due to the closeness of counties in the same state, trade 

between them will be huge; on the other hand, trade between different states will 

be much smaller. In other words, the clustering of economic activity leads to a 

change in the trade pattern, each state is gradually inclined to trade with 

themselves instead of trading with others, because counties are so close to each 

other in the same states. In trial 4-9, there is no economic clustering, and the 

distance of counties in the same state and the distance of counties in different 

states is still comparable, and mostly of the same magnitude. Economic 

clustering changed this fact and increases the differences between these two 

distances. With trial 4-9, when I use the weighted average distances of four 

smallest inter-state distances to calculate the internal distance of a state, it is 

reasonable, since internal distance at aggregated state-level is comparable to 

distances at disaggregated county-level. However, when I involve economic 

activity clustering, I do not change the internal distance measure at state-level, 
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ignoring the fact that distances at county-level has changed dramatically. The 

huge intra-state trade is generated by small inter- and intra- county distances; 

such huge intra-state trade should be explained by an accordingly decreased 

internal distance at state-level. However, the old state-level internal distance 

cannot serve this purpose and leads to biases in aggregated level estimations.   

In order to fix this problem, I need to modify the measure of internal distance 

at the aggregated state-level. Instead of using half of the smallest four inter-state 

distances, I want to measure a state’s internal distance based on intra-county 

distances and inter-county distances in that state.  

To be more specific, in each of my trials, each state has 25 counties, and 

therefore, there will be 300 different inter-county distances and 25 different 

intra-county distances. Therefore, I use the average of these 325 distances to be 

the internal distance of that state. I believe that this measure is reasonable; since 

the concept of internal distance intends to measure the distance a region has to 

trade with itself. 

With this correction of internal distance measure, I repeat simulation project 3, 

which I now call simulation project 4. Estimation results of simulation project 4 

are listed in Table 4-4. 
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Table 4-4: Simulation Project 4-4 Results 

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True values -log(wGDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial4-13 Agg -13.987 0.860 0.848 1.473 1.462 -0.789 -1.683 0.9721 

Trial4-14 Agg -10.809 0.831 0.845 1.521 1.536 -0.824 -1.671 0.9931 

Trial4-15 Agg -12.654 0.877 0.862   1.526 1.519 -0.879 -1.6587 0.9958 

Trial4-16 Agg -15.156 0.919 0.902 1.495 1.468 -0.896 -1.6520 0.997 

 

The results with the modified internal distance at aggregated level as 

explained above match the reasonable expectation of what the role of economic 

activity clustering should be.  

First of all, the results from trial 4-13 also support my findings in chapter 3, 

that is, that data aggregation will lead to a downward bias with the distance 

effect and an upward bias of the “border effect.” Along with the increasing 

magnitude of economic activity clustering, using the central point of the 

clustering area as the state capital city gradually becomes a better choice to 

retrieve correct estimates of the elasticity of trade to distance and the border 

dummy variable.  

With trial 4-16 results, in which case the economic activity are mostly 

clustered, the estimation results of the distance effect and the “border effect” are 
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very close to true values. However, there is no clear changing trend on estimates 

for GDP related parameter and price index related parameter. 

 

5. Simulation Project 5 

To show the importance of clustering I have also decided to experiment with 

locating the capital city in places away from the cluster. This is a phenomenon 

that is quite common for several United States, for example, Sacramento is the 

capital of California, but the economic clusters of California are Los Angeles 

and the Bay Area.  

  In order to carry out an experiment that serves this purpose, modifications are 

made on simulation project 4. Here I first recall the capital picking arrangement 

in simulation project 4. In trial 4-9 of the simulation project 4, there are 25 

evenly distributed counties in each state. I introduce economic clustering in trial 

4-10 to trial 4-16 by randomly picking a county in each state to be the center of 

the economic cluster and that county will also be the state capital city. With that 

capital city location, I then cluster the remaining 24 counties of this cluster 

center; and therefore, all 25 counties are located together, and centered on the 

state capital. In simulation project 5, instead of letting the cluster center be the 

capital city of a state, I pick cluster center and the capital city separately. In the 

first step, I randomly pick one county among 25 evenly distributed counties to be 

the cluster center. At the same time, I also randomly pick another county in each 

state to be the capital city. The pick of the cluster center and the capital city are 
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independent from each other (of course, there is some probability that these two 

locations are the same). Once I have the cluster center of each state, I will cluster 

counties other than the state capital city to this cluster center. Therefore, for each 

state, the mostly likely case is that 24 counties are clustered into a small area, 

while the capital city locates in a different location. In the case that the capital 

city and the cluster center coincidently match each other, all 25 counties will be 

clustered together. Figure 4-4 is an example of the geography of simulation 

project 5. 

 

 

Figure 4-4: Capital City away from the Cluster 

 

In Figure 4-4, the red points stand for capital cities while the squared-shaped 

black area stands for the economic clusters. I accept the same clustering degree 
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as in trial 4-16, where the distance between counties in the same row or column 

in an economic cluster is 0.1. In this figure, I can see that for most states, the 

capital city is located away from the economic cluster. I also notice that there are 

two states in the figure in which the capital city is located in the economic 

cluster. This geography successfully simulates the situation I aim to study; and 

thus I carry out trial 4-17 based on such geographic setup.  

In trial 4-17, as usual, I first generate data at the county level, including GDPs, 

price indexes and correspondingly generated inter-county trade. At the 

disaggregated county-level, distances between counties are calculated using the 

point-to-point measure that I have used before. A regression will be conducted at 

the county level. After that, the aggregated state-level data are calculated using 

the same aggregating technique used before. Another regression at the state-level 

will be conducted. The main change of trial 4-17 from the previous trials is that 

at the state level, the distances between states are calculated as the 

capital-to-capital distances between state capital cities; and for most cases, the 

state capital cities are no longer located within the economic clusters, and 

therefore cannot be good representations for the economic masses of states.  

Estimation results are recorded in Table 4-5. 
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Table 4-5: Simulation Project 4-5 Results 

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True values -log(wGDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial 4-17 Dis -16.047 0.900 0.899 1.599 1.599 -0.899 -1.649 0.972 

Trial 4-17 Agg -13.014 0.843 0.824 1.455 1.447 -0.820 -1.688 0.993 

Trial 4-16 Agg -15.156 0.919 0.902 1.495 1.468 -0.896 -1.652 0.997 

 

In Table 4-5, I list out estimation results of trial 4-17 at the disaggregated 

level and the aggregated level, as well as the estimation results at the aggregated 

level of trial 4-16. This is done for comparison purposes, since trial 4-16 and 

trial 4-17 are the same in simulation setups except for the capital city locations 

and the inter-state distances. From Table 4-5, I can see that at disaggregated 

level, the estimation result of trial 4-17 is very close to true values of the 

parameters. At the aggregated level, compared to the results of trial 4-16, I 

notice that estimates of all parameters suffer bigger biases in trial 4-17. There are 

significant downward biases for the income parameters and the price index 

parameters. There is significant downward bias for the elasticity of trade with 

respect to distance, a much severe bias than the estimate from trial 4-16. For the 

estimate on the border dummy variable, it also suffers a bigger upward bias in 

trial 4-17. These results show that choosing the capital cities away from the 
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economic clusters will lead to bigger biases in the gravity model estimation with 

aggregated data. Due to the bad choice of the capital cities, the measure of 

inter-regional trading distance is incorrect (where a “correct” measure would be 

based on the center of mass of economic activity). Therefore this leads to the 

biased estimates on the elasticity of trade to distance, which will lead to 

problematic estimates on other parameters at the same time.  

 

6. Robustness Checks 

In this section, I take the trials in simulation project 4 as the base to conduct 

robustness checks. I aim to check the robustness of the estimation results with 

the distribution of GDP and the distribution of price index.  

 

6.1Robustness Check with GDP distributions 

To start with, I try different distributions of GDPs in the data generating process. 

In simulation project 4, based on my studies of the US GSP and Canadian 

provincial GDP, I know that the mean of the logarithm US GSP equals to 12.044, 

while the standard deviation for logarithm US GSP equals to 1.008. For Canada, 

the mean of logarithm provincial GDP is 10.642, while the standard deviation of 

the logarithm provincial GDP equals to 2.151. When I combine US GSPs 

together with Canada provincial GDPs, the mean of the logarithm GDP equals 

11.829, while the standard deviation equals 4.737. Based on this information, in 

previous trials, I let the mean of the county-level GDP equal to twelve, and let 
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the standard deviation of the county-level GDP equal to five, for all counties in 

both countries. In chapter 4, I let counties in both countries share the same GDP 

distribution and price index distribution.  

In this section, I experiment with different distributions of GDPs for both 

countries. If I take the northern country as the artificial “Canada” and take the 

southern country as the artificial “US,” then for the “US” county-level GDPs I 

let the mean equal to twelve and the standard deviation equal to one. For 

“Canada” county GDPs, I let the mean equal to five, and the standard deviation 

equal to one. These are the distributions of GDPs that are based on real US and 

Canada state-level/provincial-level GDP. With these new distributions of 

county-level GDP, I redo simulation project 4, and results are recorded in Table 

4-6. 

 

Table 4-6: Robustness Check with GDP Distributions  

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True values -log(wGDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial 4-13 Agg -14.137 0.866 0.853 1.436 1.442 -0.777 -1.679 0.971 

Trial 4-14 Agg -12.019 0.836 0.846 1.523 1.535 -0.823 -1.673 0.990 

Trial 4-15 Agg -14.624 0.874 0.875   1.524 1.512 -0.875 -1.656 0.993 

Trial 4-16 Agg -16.210 0.907 0.912 1.487 1.466 -0.893 -1.654 0.995 
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Table 4-6 lists estimation results of simulation project 4 with the new 

distributions for GDPs. Compared to the results in Table 4-4; I can only observe 

insignificant changes on estimates for all parameters in all trials. There is no 

change on the trend of estimates as I move from trial 4-13 to trial 4-16.  

Except for the example of the GDP distributions change displayed above, I 

have also experimented with several other sets of GDP distributions for both 

countries, such as letting the mean of “US” county-level GDP equal to five and 

letting its standard deviation equal to one, while letting the mean of “Canada” 

county-level GDP equal to three, with its standard deviation equal to one. 

Estimation results similar to Table 4-6 are observed. There will be slight changes 

on estimates of all parameters, while no change is big enough to alter the 

conclusion I make on the effects of clustering on the gravity model estimation.  

 

6.2 Robustness Check with Price Index Distributions 

In simulation project 4, based on the previous study of US and Canada 

state-level price indexes by Wu (2009), I know that the mean of US state-level 

price index equals to 1.779, while its standard deviation equals to 0.9232. For 

Canada, the mean of provincial price index is 1.353, while its standard deviation 

equals to 0.3651. The overall mean of price index equals to 1.6725, with its 

standard deviation equals to 0.6363. Based on this information, in the data 

generating section of all previous trials, I let the mean of price index equal to 

three, with its standard deviation equal to one for counties in both countries. This 
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is close to the ratio between the mean and standard deviation of overall 

state-level price index for US and Canada.  

  In this sub-section, instead of using a price index distribution for both 

countries, I use different price index distributions for the two countries in the 

study. Let the mean of the price index equal two in the artificial “US,” and its 

standard deviation equal one. Let the mean of the price index equal four in 

artificial “Canada,” and its standard deviation equal one. With these new price 

index distributions, I redo simulation project 4 and Table 4-7 displays the 

estimation results. 

 

Table 4-7: Robustness Check with Price Index Distributions 

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True values -log(wGDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial4-13 Agg -14.012 0.874 0.853 1.469 1.461 -0.783 -1.685 0.976 

Trial4-14 Agg -11.323 0.866 0.857 1.519 1.533 -0.822 -1.672 0.991 

Trial4-15 Agg -12.457 0.873 0.854   1.523 1.521 -0.878 -1.658 0.994 

Trial4-16 Agg -14.936 0.909 0.913 1.515 1.499 -0.892 -1.654 0.997 

   

From Table 4-7, I also cannot observe significant changes on estimates of the 

parameters compared to the results in Table 4-4. Several other sets of price index 
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distributions are also used to test the robustness, and the results are all similar to 

results in Table 4-7. Thus, I may also conclude that my findings from simulation 

project 4 are robust to the changing of distributions on the price index.   

 

7. Conclusion  

Data aggregation will lead to biases in the gravity model estimation; one of 

major causes of such biases is the inappropriate measure of distances at the 

aggregated level, which is to say the choice of the capital city or main city at the 

aggregated level. Since estimation biases are related to the choice of capital 

cities, under some circumstances, a good choice of a main city may reduce 

estimation biases caused by data aggregation. This study uses simulation 

projects to suggest that the distribution of economic activity is related to the 

degree of estimation biases caused by data aggregation. To be more specific, 

using the central location of a region as its capital city will lead to larger 

estimation biases for regions with evenly distributed economic activity; while for 

regions with clustered economic activity, the central location is a good choice of 

capital city, and will lead to smaller estimation biases. In the real world, for 

countries with clustered economic activity, like France, picking Paris as its 

capital city in the gravity model estimation is likely to be a good choice, 

compared to the German choice of using Berlin as its economic capital, whose 

economic activity is more evenly distributed.  

 



86 
 

CHAPTER V 

Location of the Economic Capital 

 

1. Problem Statement and Objectives  

From chapter 3, I have confirmed that using aggregated data to estimate the 

gravity model will lead to biased estimates. Data at the disaggregated level are 

always preferred and will give us less biased estimates. However, they are 

unavailable in most cases and I need to deal with aggregated data in the gravity 

model estimation. From chapter 3, I realize that the measure of distance is a key 

factor in determining the degree of estimation bias and thus I introduce a 

distance measure originally initiated by Head and Mayer (2002). The estimation 

results show us that this new distance measure works better than point-to-point 

distance measure in reducing estimation biases. The success of the Head and 

Mayer distance measure indicates that the estimation biases can be reduced if a 

good measure of distance at the aggregated level is applied. The Head and 

Mayer distance measure uses inter-regional distances at the disaggregated level 

to calculate a weighted inter-regional distance at the aggregated level. 

In this chapter, I aim to further study the relationship between the capital (or 

“main”) city location and the estimation of the gravity model. In other words, 

how does the location of the capital city that I use to calculate distances in the 

gravity model affect the estimation of the gravity model? If I still use 

point-to-point distance measures in the gravity model with aggregated data, 
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which is the best capital city location that brings minimum estimation biases? 

Instead of using disaggregated distance information to solve the distance 

measure issue, I plan to find good locations for the capital cities at the 

aggregated level. By using reasonable locations for the capital cities, I aim to 

serve the same purpose of reducing estimation biases.  

  This chapter is the study of a second-order effect. Given the fact that estimates 

are biased once aggregated data are used, what differences will I observe on the 

bias of the estimates when different locations of the capital cities are in use? In 

short, I aim to find out more information on the capital location’s influence on 

the gravity model estimation, and I aim to figure out a location of the capital city 

that will lead to less estimation biases, so that future studies with aggregated data 

can apply.  

 

2. Capital Location Experiments without Integrated Area  

In order to check the effects that the location of the economic capital will have 

on the gravity model estimation, I use a simulation project similar to projects in 

chapter 4 to carry out experiments. In this simulation, I use a geography that is 

similar to the geography of simulation project 3 in chapter 4. There are two 

countries, with a bigger country in the south and a smaller country in the north. 

The northern country has six states in it while the southern country has thirty 

states in it. Each state has twenty-five counties in it; and all these countries are 

uniformly distributed throughout space. In the same way as in chapter 4, I first 
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use the classical gravity model, equation (5-1), to simulate trade data at the 

disaggregated county-level. With disaggregated data, a test regression is 

conducted and the true values of the parameters are recovered at the 

disaggregated county-level estimation. After that, I use disaggregated data to 

calculate aggregated state-level data, and another regression at the state-level 

will be carried out as well.  

        ln 𝑇𝑟𝑎𝑑𝑒𝑖𝑗 = 𝛽0 + 𝛽1 ln𝐺𝐷𝑃𝑖 + 𝛽2 ln𝐺𝐷𝑃𝑗 + 𝛽3 ln𝑃𝑖 + 𝛽4 ln𝑃𝑗 + 𝛽5 ln𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗 +

                                𝛽6 𝐷𝑢𝑚𝑚𝑦𝑖𝑗 + 휀 .                                          (5-1) 

The definition of all variables and parameters are same as their definitions in 

chapter 4. My aim is to check the role of the capital or main city’s location in 

affecting the estimation results of the gravity model at the state-pair level; 

therefore, I start with a trial where different selections of the state capital cities 

are used in estimations of the gravity model. In trial 5-1, I choose the state 

capital city randomly. This trial would therefore represent a world in which: 1) 

Economic activity is approximately uniformly distributed; and 2) maybe because 

of the random historical or geographic reasons, the capital (or main) city is 

located in a random way. For example, some capital cities are located where two 

rivers meet with each other. Some other capital cities are located because of 

historical reasons that are no longer related to the current distribution of 

economic activity. 

  In trial 5-2, I let the central county of each state to be the state capital. This 

seems to be worth doing if some countries of the world (or some US states) 
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choose their capital in the geographic center. It is also worth it because if the 

results are good, I can choose a central city to estimate the distances, even if the 

central city is not the capital. For example, for China I could choose Shanghai or 

Chengdu as the center of the country, and not Beijing, which is located in the far 

North. 

  In trial 5-3, I let each state pick the county on the southwest corner to be the 

state capital city, which means that state capitals all moved to the southwest 

corner of each state. I do this in order to experiment with a distribution that is 

systematically distorted in one direction. For example in Europe the capital cities 

all tend to be close to the Atlantic Ocean, the North Sea, the Baltic Sea, or the 

Mediterranean Sea. 

  In trial 5-4, I assume there is an economic center for these two countries, 

which is the geographic center of two countries, and that the state capital is the 

county in each state that is closest to this economic center. In trial 5-4, all capital 

cities move toward that economic center.  

  In trial 5-5, to the contrary of trial 5-4, the state capital city is the county in a 

state furthest to this geographic center. I may think there is an economic center 

on the other side of the earth, so each state wants to locate their capital city 

closer to that world economic center. Alternatively, a world like this also mimics 

the United States’ economic activity being located on both coasts, that is, quite 

far from the city that is usual taken to be the main city (Chicago).  
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  In trial 5-6, I let the capital cities move toward the border line of these two 

countries. In reality, most of Canadian economies are clustered along the 

US-Canada border, so it makes good sense that the border line attracts economy 

and population. For countries like Canada, picking a provincial capital city close 

to border is a better choice over other capital city locations.  

  In trial 5-7, and according to the discussion above about most of economic 

activity in the United States (and also in Canada0 being located along the two 

coast, I let all capital cities move toward the coast, which means for states on left 

side, their capital cities locate on the left side of the state while the contrary 

situation applies to states on the right side of the geography. Figure 5-1 shows 

example maps of trial 5-1 to trial 5-7. Within each map, there is a red border line; 

and the capital city in each state is labeled in red. 

 

 

Trial 5-1(Random)               Trial 5-2(Central County)  

Figure 5-1: Geographies of trial 5-1 to trial 5-7 
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Trial 5-3 (Southwest)                Trial5-4(Converge to center) 

 

Trial5-5 (deviate from center)           Trial 5-6(converge to border) 

 

Trial 5-7 (converge to coast) 

Figure 5-1: Geographies of trial 5-1 to trial 5-7 (Continued) 
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For all trials in this project, I use the same simulation setups at the 

disaggregated level as was done in chapter 4. The true values of the parameters 

that I use are also the same as before, with trade elasticity with respect to income 

set as 0.9, price index parameters set as 1.6, the elasticity of trade with respect to 

distance set as -0.9, and the dummy parameter set as -1.65. For variables, the 

true value for the intercept is calculated as  𝛽0 = − log 𝐺𝐷𝑃𝑊𝑜𝑟𝑙𝑑  , which is the 

negative value of total GDP of the two countries. This value comes from the 

theory, as shown in chapter 3 of this dissertation. For county GDPs, I use the 

same distribution that I have used in chapter 4, with the mean of GDP equal to 

twelve and the standard deviation of GDP equal to five. For the price index, the 

mean of price index equals to three while the standard deviation of price index 

equals to one. Distances are calculated using the main city-to-main city distance 

measure. For the dummy variable, if trade occurs between regions in the same 

country, the dummy variable equals zero, and if trade occurs between regions in 

different countries, the dummy variable equals one. For the error term, I let it 

follow a normal distribution with mean equal to zero, and standard deviation 

equal to 0.5. In chapter 4, the error term is also a normal distribution with mean 

equal to zero, while the standard deviation is one. In this chapter, in order to 

lessen the error term’s influence on estimation results, I pick the standard 

deviation of the error term to be a smaller number.    

For each trial, the estimation results at the disaggregated level are recoveries 

of the true values, and therefore I do not list estimation results at the 
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disaggregated county-level. All results in Table 5-1 and the following tables are 

estimation results at the aggregated state-level. For each trial, estimates of the 

parameters in Table 5-1 are average estimation results from 200 repetitions of 

the simulation codes. Note that the true values of the parameters were chosen so 

that there is a balance between total trade and GDP. Therefore I keep using these 

parameters in the data generating section. Since the data generation takes place 

at the disaggregated county-level, the only difference among trials is in their 

capital city location at the aggregated state-level, not on the data generation. 

Therefore the balance between total trade and GDP will hold in all trials. This 

fact is also true for the tables in the following sections. Table 5-1 lists estimation 

results of all trials at the aggregated level. 

 

Table 5-1: Capital Location Experiments without Integrated Area 

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2 
True 

Values 

-log(w GDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial 5-1 

(random) 

-14.341 0.9143 0.9239 1.4082 1.4314 -0.8167 -1.6836 0.9755 

Trial 5-2 

(central)  

-14.181 0.8731 0.8691 1.4853 1.4912 -0.8963 -1.6532 0.9976 

Trial 5-3 

(southwest 

corner) 

-16.002 0.9440 0.9417 1.5037 1.5048 -0.8948 -1.6578 0.9973 

Trial 5-4 

(converge 

to center) 

-17.763 0.9909 0.9941 1.5093 1.5045 -0.7688 -1.6389 0.9605 

Trial 5-5 

(deviate 

from 

center) 

-13.985 0.8558 0.8630 1.5776 1.5756 -0.8242 -1.7073 0.9897 
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Trial 5-6 

(converge 

to border) 

-14.969 0.8907 0.8907 1.5028 1.5117 -0.7936 -1.8755 0.9862 

Trial 5-7 

(converge 

to coast) 

-12.794 0.8244 0.8209 1.4997 1.4926 -0.8424 -1.7016 0.9897 

 

From Table 5-1, I first look at results between the random capital city trial 

(trial 5-1) and the central capital city trial (trial 5-2). Results from trial 1 show 

that once I choose capital cities randomly for states, it will lead to severe 

estimation biases at the aggregated level. In particular, the income parameters 

suffer upward biases, and the price index parameters suffer a downward bias. 

The elasticity of trade to distance suffers a substantial downward bias while the 

parameter for the dummy variable suffers a strong upward bias. In trial 5-2, 

where I choose the central locations to be the capital cities, the outcome is much 

better than in trial 5-1. Except that income parameters suffer a downward bias, 

all the other parameters have bias directions that are the same as trial 5-1. 

However, the results suggest that if a central city is picked for all states, the 

levels of the biases will be much lower. Indeed, in trial 5-2, the estimates of the 

elasticity of trade to distance and the parameter for the dummy variable are very 

close to their true values. These results indicate that for a uniformly distributed 

economy, using the central location to serve as the regional capital city would be 

a good choice. In particular I would argue that in the estimation of the gravity 

model for world trade, I could choose main cities in the geographic center of 

those countries that have a uniform distribution of economic activity, and thus 
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greatly improve the estimation of the model. In fact, I even just choose main 

“locations,” which would not necessarily have to be located in a city. They could 

just be a longitude and latitude located in the center of each country. 

In trial 5-3, I move the capital city to the southwest corner of each state. This 

was done in order to experiment with a distribution that is systematically 

distorted in one direction. The results from trial 5-3 show that the estimates of 

the income parameters suffer an upward bias, which is different from trial 2. All 

other estimates are very close to results from trial 5-2, and in particular the 

parameter on distance is virtually identical to trial 5-2. Since in trial 5-2 and trial 

5-3, relative location between all capital cities are the same, inter-state and 

intra-state distances are the same; thus estimates on the parameter for the 

elasticity of trade to distance and the dummy variable are similar. In addition to 

trial 5-3, I also do an extra trial in which case the capital city is located at the 

northeast corner of each state. Estimates on the parameters for the elasticity of 

trade to distance and dummy variable are similar to outcomes from trial 5-2 and 

trial 5-3.   

Trial 5-4 is the only case where the estimate on the border dummy variable is 

downward biased, while the estimate on the elasticity of trade to distance suffers 

the most severe downward bias. I recall that this trial attempts to mimic a world 

in which there is a world economic center, and the capital cities of all countries 

converge towards that center. When I look at the figure of trial 5-4 in Figure 5-1, 

I notice that in this trial, when the capital cities all converge to the geographic 
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center, distances between those states who are close to each other have not 

changed, while distances between states far from each other have been reduced. 

The change on inter-regional distance is asymmetric; and therefore not only the 

elasticity on the distance effect will change, but I can also observe significant 

changes on estimates of the intercept and the income parameters. Since estimates 

on all parameters change simultaneously due to this asymmetric change of 

inter-regional distance, it is hard to make inferences on this trial.  

Trial 5-5 is the case to the contrary of trial 5-4. In trial 5-5, all state capitals 

deviate from the geographic center of these two countries. As I explained in the 

earlier section, I can assume there is an economic center on the other side of the 

earth that attracts all capital cities to locate close to it. Compared to the results 

from trial 5-4, the estimate on the elasticity of trade with respect to distance goes 

up and the estimate of the dummy variable increases significantly and suffers an 

upward bias.  

Trial 5-6 is the case I let each state choose a capital city to the nearest of the 

border line between the two countries. In this trial, capital cities of the northern 

country are located all along the side of the border line. Results from trial 5-6 are 

informative, in that they shows once such arrangement of the capital cities are 

applied, the estimate of the elasticity of trade with respect to distance will suffer 

a significant downward bias while the estimate of the dummy variable suffers an 

upward bias larger than any other trial. These findings tell us if two trading 

countries attract each other, and lead to a trend of locating regional capital cities 
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close to each other, once data are aggregated to state-level, estimation of the 

gravity model at the state-level will inflate the estimates of the dummy variable 

and lead to a “border effect.” Once I come to the US-Canada scenario, Figure 

5-2 shows the distributions of economic activities of the United States and 

Canada. The height of the surface represents density of economic activity. The 

figure shows clearly that for the United States, most of economic activities are 

clustered either along the two coasts, or located in regions close to the 

US-Canada border; while for Canada, almost all of its economic activities are 

located by the side the border line. This location situation of the Canadian 

economy might either be due to a harsh climate in the northern area. But it may 

also be due to an attraction of the big US market.  

 

 

Figure 5-2: GDP distributions in US and Canada 

 

However, no matter what is the cause of such highly clustered economy in 

Canada, the fact that its provincial capital cities locate near the border, is 

influential in the gravity model estimation using aggregated data. Previous 
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studies on the “border puzzle” have never noticed this feature of capital locations 

of Canadian provinces, and my findings from trial 5-6 indicates that capital 

locations like those of Canada and the US seems to lead to an upward bias for 

the “border effect.” The true value for the parameter for dummy variable is -1.65, 

while estimate of this parameter in trial 6 is -1.8755, which is a 13.67% upward 

bias. This finding may provide one extra explanation to the “border puzzle,” that 

the feature that provincial capital cities locate by the side of the US-Canada 

border might lead to an upward bias in the gravity model estimation of the 

so-called border effect.  

  In trial 5-7, I let each state locate their capital city at a position closest to the 

coast; results show that the estimate on the elasticity of trade to distance suffers a 

downward bias while the estimate of the border dummy variable suffers an 

upward bias. Estimates on income parameters suffer a downward bias. 

  For all trials, I noticed that estimates on price index parameters have 

downward biases at aggregated level estimation; this feature is observed in all 

trials while no clear relationship is found between the change of the capital city 

location and the degree of estimation biases on price index parameters. For 

income parameters, or GDP related parameters, there is no clear pattern as well. 

Once I look at the elasticity of trade with respect to distance, I noticed that 

estimates from trial 5-2 and trial 5-3 are better than other estimates in the sense 

they are closer to the true value. It shows that once I choose the capital city to 

locate in a certain position for all regions, estimation biases caused by data 
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aggregation will be smaller than other capital location choices. Estimates of the 

elasticity of trade to distance in trial 5-4 and trial 5-6 suffer from more biases 

while estimates in other trials are less biased. There is a common feature shared 

by trial 5-4 and trial 5-6, where the state capitals are moving toward either 

geographic center or the border line. In these two trials, capital cities are getting 

closer to each other than other trials. I may propose that once capital cities are 

moving closer to each other, this will lead to further downward biases for the 

elasticity of trade to distance. For estimates of the dummy variable, except for 

trial 5-4, where capital cities converge toward the geographic center, estimates in 

other trials suffer an upward bias. I noticed that once capital cities locate near the 

border line of two countries, this upward bias reaches its maximum.  

  Among all these trials, I figure out that trial 5-2 is the case with best overall 

estimation results, especially for estimates of the elasticity of trade to distance, 

and the parameter of the dummy variable. For a uniformly distributed economy, 

selecting a central location to serve as the regional capital may lessen the degree 

of estimation biases once aggregated data is in use.  

 

3. Capital Location: Experiments with Integrated Area  

Based on my findings from section 2, I decided to further scrutinize the effects 

that choices of the capital locations will have on the estimation of the gravity 

model with aggregated data. I make modifications on simulation project to 

develop some new tests in this section.  
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To start with, in trial 5-8, I unite states on the west coast of the lower country 

into an integrated region, which is considered as a united region in the economic 

sense, and this region will be named as the “west coast area.” Previously, there 

are five states in the “west coast area,” and therefore there are five state-level 

GDPs and price indexes, and each state has export and import to and from all of 

the rest states. Once these five states are united, the GDP of the “west coast area” 

will be the sum of GDPs of these five states; the price index of the “west coast 

area” will be calculated using the same GDP weighted price index calculation 

method I used to calculate state price index. This action of states union is simply 

another round of data aggregation similar to data aggregation process from the 

county-level to the state-level.  

In this section, the focus of study is no longer the change of estimation results 

from county-level to state-level; instead, I may consider state-level data as the 

best accessible data; and for some specific area, even the state-level data is not 

available, and I only have data for the whole area which might include several 

states in it. This study aims to figure out a reasonable capital or main city 

location for such integrated area.  

The situation described above is common with empirical studies in 

international trade. For example, I have many macroeconomic data for MSAs 

(Metropolitan Statistical Area, which usually includes several counties), while I 

do not have similar data for the rest of counties in the country, therefore, in each 

state, except for MSAs, I only have summed-up data for the remaining integrated 
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area, which might include several counties. If I want to include such integrated 

area into my dataset, I need to give it a capital location.  

In this section, the simulation project aims to serve two purposes. On the one 

hand, I try to explore the effects that different capital city locations will have on 

estimation results of the gravity model once data is aggregated. On the other 

hand, I try to mimic the area integration situation described above, and figure out 

a reasonable capital location for areas with aggregated data.  

Trial 5-8 is the first trial, and Figure 5-3 is a map of trial 5-8. In this graph, the 

area with blue outline is the “west coast area.” In the “west coast area”, nine 

points in green are chosen to be candidates of the capital city in trial 5-8, with 

five of them being the previous capital cities of five states in the “west coast area” 

and the other four being the corner counties of the “west coast area.” For five 

capital cities, their respective coordinates are (2.5, 2.5), (2.5, 7.5), (2.5, 12.5), 

(2.5, 17.5), and (2.5, 22.5). In Table 5-2, they will be denoted as Capital 1 to 

Capital 5 in the same order, which is moving from south to north. For the capital 

cities on the corners, their respective coordinates are (0.5, 0.5), (4.5, 0.5), (0.5, 

24.5), and (4.5, 24.5), and they will be denoted by their location direction in 

Table 5-2, as Southwest Capital, Southeast Capital, Northwest Capital and 

Northeast Capital respectively. 

For the rest of the states, the central county of each state will be picked as the 

state capital. The reason why I pick the central counties to be the capital cities is 
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based on findings from section 2, which show us that using the central points as 

capital cities will minimize the estimation biases caused by data aggregation. 

 

 

             Figure 5-3: Integration of Five Coastal States 

 

Trial 5-8 has similar data generating procedure as the previous trials; I will 

use the gravity equation (5-1) to generate inter- and intra-county trade, with the 

same distribution for GDPs and price index, and the same set of true values for 

the parameters. Once I have data at disaggregated county-level, I will first 

aggregate data to the state-level as in previous trials, without the “west coast 

area.” There will be a dataset at aggregated state-level with 36 states; for each 

state, the capital city will be the central county in that state. A regression will be 

conducted with that aggregated state-level dataset, and the result of this 
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regression will be set as the benchmark with which my following experimental 

results can be compared to. Once I have those benchmark results, I will start 

capital location tests. A new dataset at the aggregated level will be generated, 

with the “west coast area” as an independent large state equivalent to the rest of 

the states. Therefore, I will have a total of (36-5+1) = 32 states, and there will be 

32*32 = 1024 observations in this dataset. This dataset will have data for GDP, 

price index, trade and the border dummy variable; the only undetermined data is 

the distance data. For each experiment in trial 5-8, I will pick a capital city 

location from the above nine listed capital city candidates to serve as the capital 

city of the “west coast area.” Once the capital city of the “west coast area” is 

determined, I can calculate inter-state and intra-state distances, using the same 

method as in previous trials. With such a complete dataset at the aggregated 

level, I will conduct a regression using the same equation (5-1) and then record 

the results. For each experiment with different capital cities, there will be a 

different regression result. All these results are recorded in Table 5-2.  

 

Table 5-2: Integration of Five Coastal States Results 

Capital 

location 

Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2 

True Values -log(w GDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Benchmark 

result 

-14.978 0.9051 0.9005 1.4882 1.4916 -0.8947 -1.6575 0.9973 

Capital 1 

(South) 

-19.073 1.0659 1.0658 1.4886 1.4908 -0.8769 -1.6527 0.993 

Capital 2 

(south-central) 

-17.501 1.0033 1.0032 1.4859 1.4881 -0.8812 -1.6529 0.9951 
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Capital 3 

(Central) 

-16.636 0.9690 0.9689 1.4846 1.4868 -0.8845 -1.6576 0.9968 

Capital 4 

(north) 

-16.441 0.9607 0.9606 1.4862 1.4884 -0.8799 -1.6702 0.9963 

Capital 5 

(North) 

-16.751 0.9517 0.9516 1.4865 1.4888 -0.8635 -1.6927 0.9931 

Southwest 

Capital 

-20.895 1.1394 1.1393 1.4912 1.4934 -0.8811 -1.6530 0.9935 

Northwest 

Capital 

-18.284 1.0330 1.0329 1.4881 1.4903 -0.8595 -1.6995 0.992 

Southeast 

Capital 

-18.815 1.0548 1.0547 1.4888 1.4911 -0.8700 -1.6534 0.991 

Northeast 

Capital 

-15.745 0.9300 0.9299 1.4844 1.4866 -0.8471 -1.7084 0.9898 

 

Results of trial 5-8 lead to three major findings. First of all, I look at estimates 

of the income parameters: the third and fourth column in Table 5-2. The 

benchmark result for estimates of income parameters are 0.9051 and 0.9005, 

which is close to the true values. However, once data is aggregated in trial 5-8, 

estimates of the income parameters from all capital location experiments suffer 

an upward bias. Beyond this, when I look at estimates from the Capital 1 case to 

the Capital 5 case, I notice that along with the capital city moving from south to 

north, the estimates of income parameters decrease continuously. During that 

capital location changing process, the relative location of the capital city not 

only gets closer to the border line, but also gets closer to the capital cities of the 

rest of the states. Either one of these two changes of the relative location of the 

capital city of the “west coast area” might be responsible for the decrease trend 

of estimates of the income parameters. In order to distinguish the effects of these 

two changes of relative location, I conduct four experiments with corners of the 
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“west coast area” as its capital city. The estimation results from the Southwest 

Capital case and the Northwest Capital case show that once the capital city is 

getting closer to the border line, estimates of income parameters will decrease; 

results from the Southeast Capital case and the Northeast Capital case also 

support this finding. On the other hand, once the capital moves from the 

southwest corner to the southeast corner, or moves from the northwest corner to 

the northeast corner, estimates of the income parameters will also decrease, 

which means that once I choose a capital city located closer to the rest of the 

market, estimates of the income parameter decrease.  

The second finding is on the estimate of the elasticity of trade with respect to 

distance; that result is shown in the seventh column in Table 5-2. For estimates 

from the Capital 1 case to the Capital 5 case, the estimate of the distance effect 

first increases when the capital city moves from Capital 1 to Capital 3, and then 

decreases when the capital city moves from Capital 3 to Capital 5. This confirms 

my previous finding that a capital city that is located in the center will reduce the 

biases of the estimates. Along with the process that the capital city moving from 

south to north, the estimate of the distance effect increases at first, and reaches 

its maximum when the central point of the “west coast area” becomes the capital 

city. Further northward movement of the capital city will lead to a decrease on 

the estimate. Estimates from corner capital city cases show us that the overall 

effect of moving the capital city northward or toward other states is a decrease in 

the estimate of the distance effect.  
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The third finding is on the estimate of the dummy variable, the “border effect.” 

Estimates from the Capital 1 case to the Capital 5 case show a big increase of the 

“border effect” once the capital city moves from south to north, or say the 

“border effect” goes up significantly once the capital location gets closer to the 

border between the two countries. Results from four corner capital city cases 

also support this finding, with maximum “border effect” observed with the 

northeast corner of the “west coast area” as the regional capital city. This finding 

shows us that the “border effect” is closely related to the location of regional 

capital city.  

Beyond these three findings, I also aim to figure out a reasonable choice of 

capital location which minimizes estimate biases. I use estimation results at the 

state-level as the benchmark result, and compare it to all cases. It seems that for 

the “west coast area,” the best capital location is the central point, the Capital 3 

case in this trial. Estimates of the distance effect and the dummy variable are 

closer to bench mark estimation results than in other cases, while estimates on 

the price index and income parameters are also among the best several estimates 

that I have. Especially for the dummy variable estimate, the bias is minimal. This 

finding shows us that for rectangular shaped integrated areas, the center point of 

the area is a capital city choice weakly dominant over other locations if the 

purpose is to minimize estimation biases caused by data aggregation.  
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4. Robustness Checks  

From trial 5-8, I have obtained some preliminary findings, and I need to check 

the robustness of these findings with more tests. In this section, I design two 

more trials with integration area similar to the last trial. The purpose is to 

investigate how common are the findings that I found in trial 5-8.  

  In trial 5-9, I expand the integrated area from one column of states to two 

columns of states on the west coastal area, an “expanded west coast area.” 

Figure 5-4 shows the geography in trial 5-9. Similar to trial 5-8, in this trial, I 

pick eleven locations to serve as the capital city candidates. These locations are 

the ten capital cities located at the center of the ten original states in this area, 

plus one extra capital city which is the geographic center of the “expanded west 

coast area.”  

 

Figure 5-4: Integration of Ten Coastal States 
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These eleven capital cities are denoted by their order in the column and the 

side of their column. For example, the capital city in the southwest corner of the 

“west coast area” will be denoted as the Capital West1; and the capital city 

above the Capital west1 is the Capital West2. The Capital city at the bottom of 

column 2 will be denoted as the Capital East1, etc. The capital city located in the 

center will be denoted as the Capital Central. There are (36-10+1) = 27 states in 

total in this trial, and therefore there will be 27*27 = 729 observations in the 

aggregated level dataset. I apply exactly the same data generating and estimation 

procedure as in trial 5-8. The results of all eleven cases are recorded in Table 

5-4. 

 

Table 5-3: Integration of Ten Coastal States Results 

Capital 

location 

Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2 

True 

Values 

-log(w GDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Benchmark 

Result 

-15.531 0.9079 0.9029 1.4859 1.4880 -0.8953 -1.6533 0.9974 

Capital 

West1 

-19.6861 1.0924 1.0925 1.4679 1.4698 -0.8790 -1.6478 0.9952 

Capital  

West2 

-18.7648 1.0555 1.0555 1.4710 1.4729 -0.8828 -1.6498 0.9966 

Capital  

West3 

-18.1673 1.0316 1.0316 1.4720 1.4738 -0.8840 -1.6573 0.9974 

Capital 

West4 

-17.831 1.0180 1.0180 1.4673 1.4691 -0.8761 -1.6744 0.9968 

Capital 

West5 

-17.654 1.0102 1.0102 1.4541 1.4559 -0.8529 -1.7045 0.9937 

Capital  

Central 

-17.054 0.9864 0.9864 1.4757 1.4776 -0.8835 -1.6535 0.9973 

Capital -17.797 1.0152 1.0152 1.4683 1.4702 -0.8671 -1.6456 0.9928 
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East1 

 

Capital 

East2 

-16.553 0.9654 0.9654 1.4739 1.4758 -0.8743 -1.6477 0.9949 

Capital  

East3 

-15.822 0.9360 0.9360 1.4801 1.4819 -0.8801 -1.6499 0.9967 

Capital 

East4 

-15.538 0.9246 0.9246 1.4761 1.4780 -0.8737 -1.6691 0.9963 

Capital  

East5 

-15.573 0.9233 0.9233 1.4618 1.4637 -0.8486 -1.7055 0.9928 

 

Results from trial 5-9 perfectly support my findings from trial 5-8. For 

estimates of the income parameters, there is a clear decreasing trend as the 

capital city moves from south to north; and also a decrease when the capital city 

moves from west to east. This result is true for both columns and all rows, and 

indicates that approaching to the border line and the remaining large market will 

lead to a decrease in the estimates of income parameters. For the elasticity of 

trade with respect to distance, estimates in both columns increase at first as the 

capital city moves from the bottom to the central area, and decrease once the 

capital city keeps moving to a further northern area. For the dummy variable, the 

“border effect” goes up once the capital city moves toward north. These findings 

are coinciding with the findings from trial 5-8. Except for these findings on 

estimates, I also prove that Capital Central is the best capital location in the 

sense of minimizing estimation biases.  

Except for trial 5-9, I also conduct another trial with a square shaped 

integrated area, as shown in Figure 5-5. In this new trial, trial 5-10, I choose the 

nine states on the southwest corner to form an integrated area, named as the 
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“southwest area.” I choose the nine original state capital cities as candidates for 

the capital city for this area, and apply the same method of data aggregation and 

estimation to record the results. There are (36-9+1) = 28 states in this study, and 

therefore I will have 28*28 = 784 observations. The results of trial 5-10 are 

recorded in Table 5-4. In this trial, nine capital cities are denoted by their 

location; for example, the capital cities on the west side of the area are denoted 

as Capital Southwest, Capital West and Capital Northwest. The remaining six 

capital cities are also denoted in this manner.  

 

 

Figure 5-5: Integration of Nine Southwest States 

 



111 
 

Table 5-4: Integration of Nine Southwest States Results 

Capital 

location 

Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2 

True 

Values 

-log(w GDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Benchmark 

result 

-14.739 0.8913 0.8933 1.4982 1.4987 -0.8952 -1.6554 0.997 

Capital 

southwest 

-20.363 1.1186 1.1183 1.4958 1.4874 -0.8862 -1.6623 0.9966 

Capital 

West 

-19.009 1.0635 1.0632 1.5009 1.4925 -0.8843 -1.6646 0.9966 

Capital 

Northwest 

-17.525 1.0022 1.0019 1.5055 1.4971 -0.8709 -1.6726 0.9942 

Capital 

South 

-19.019 1.0643 1.0641 1.4968 1.4884 -0.8857 -1.6571 0.9966 

Capital 

Central 

-17.439 1.0003 1.0001 1.5040 1.4955 -0.8877 -1.6574 0.9973 

Capital 

North 

-15.769 0.9317 0.9314 1.5117 1.5032 -0.8789 -1.6639 0.9959 

Capital 

Southeast 

-17.544 1.0040 1.0037 1.4945 1.4861 -0.8742 -1.6546 0.9942 

Capital 

East 

-15.775 0.9327 0.9324 1.5034 1.4950 -0.8812 -1.6519 0.996 

Capital 

Northeast 

-14.179 0.8676 0.8674 1.5145 1.5060 -0.8820 -1.6554 0.9962 

 

Results from trial 5-10 also support my findings from the previous two trials, 

thus I may conclude that my findings are robust with a regularly shaped 

integrated area. For a rectangular shaped or square shaped area, the central 

location of the area is a good choice of capital city if the purpose is to minimize 

estimation biases in the gravity model estimation with aggregated data. For 

estimates, the distance to border and to the rest of market is influential in 

determining the degree of bias of the estimates. For the elasticity of trade with 

respect to distance, a capital location far from the rest of market will lead to a 
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bigger estimate compared to a capital location closer to the rest of market. For 

the dummy variable, locations of capital cities are crucial in determining the 

degree of the “border effect.” If the capital city is located near the border 

between the two countries, that will inflate the estimate for the dummy variable, 

and lead to a larger “border effect.” In the US-Canada scenario, if I consider the 

fact that a lot of big cities in these two countries are located near the border line, 

that may explain why there is a “border puzzle.” 

 

5. Conclusion 

In this chapter, I first study the location of capital cities in states without any 

integrated area. I find that for a regularly shaped area, the center of the area is a 

good choice of the capital city. By choosing the center location as the capital city, 

estimation results of the gravity model with data aggregation will be less biased. 

This section also shows that with different capital locations, the estimate on the 

elasticity of trade with respect to distance will be influenced; and at the same 

time, estimates on other parameters will also be affected. Once state capital cities 

move together, there will be a downward bias on the elasticity of trade to 

distance. Once capital cities move towards the border line; the estimate on the 

border dummy variable will suffer an upward bias.  

Beyond that, I also introduce area integrations into the simulations in this 

chapter to further check the capital location’s influence on the gravity model 

estimation. Results from different experiments all support the conclusion that the 
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center of an area is a good choice of a capital city in the gravity model 

estimation. Further than that, I noticed that the “border effect” is closely related 

to the location of the capital city. If I choose capital cities close to the border line, 

the estimate on the border dummy variable will suffer an upward bias, up to 

16.7%. Although this finding cannot solve the “border puzzle,” it provides an 

extra explanation to the puzzle. Given the fact that many US and Canadian 

metropolitan areas are located near the border line, that may lead to an upward 

bias on the border dummy variable in the gravity model estimation. 
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Chapter VI  

Conclusion 

 

1. Importance of Contribution 

In this dissertation, I study the relationship between the gravity model estimation 

and data aggregation, economic clustering and the choice of main city location. 

A number of simulation projects are conducted to study these topics. One major 

contribution of this dissertation is that I identify estimation problems caused by 

data aggregation in the gravity model estimation, and show that data aggregation 

will lead to a downward bias for the estimate of the distance effect and to an 

upward bias for the border dummy variable. Part of my contribution is to 

confirm that the distance index introduced by Head and Mayer is effective in 

reducing estimation biases at the aggregated level, comparing to the old 

point-to-point inter-regional distance measure. Therefore, this study recommends 

a new distance measure which can be used for the gravity model study with 

aggregated data. Beyond that, I also use simulation projects to confirm that 

degrees of estimation biases of the gravity model differ according to different 

degrees of economic clustering. I confirm that for areas with highly clustered 

economic activity, the use of a point-to-point distance measure will bring less 

estimation biases, while it will cause more estimation biases if economic 

activities in areas under study are evenly distributed. Another contribution of this 

dissertation is that I study the second order effect of main city location in 
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determining estimation biases of the gravity model, and show that the central 

location of a regularly shaped area is the best choice of its main city, in 

minimizing estimation biases caused by data aggregation. 

  To sum up, this dissertation contributes in the relationship between the spatial 

distribution of economic activities and the estimation of the gravity model, 

introduces several methods to reduce estimation biases caused by data 

aggregation, including a new distance measure and reasonable choice of the 

regional main cities.  

 

2. Cost to Added Accuracy 

Based on my findings, I have two recommendations on distance measure in 

future studies on the gravity model. By using the Head and Mayer’s distance 

index, the estimation of the gravity model will be greatly improved on estimates 

of the distance effect and the border dummy variable; estimation biases caused 

by data aggregation will be greatly reduced. However, in order to use Head and 

Mayer’s distance index, the researcher need to have disaggregated level GDPs 

and locations of the disaggregated regions. Although these data are mostly 

accessible, it will take significant amount of effects to derive them. Therefore, 

there is a tradeoff between estimation accuracy and computing costs.  

Except for that, I also recommend future studies to use the center location of 

regularly shaped regions to be the main city of the region, for regions that have 

uniformly distributed economic activities. This method will reduce the degree of 



116 
 

estimation biases caused by data aggregation. However, this method has strong 

restrictions on the shape of regions under study and the distribution of economic 

activities. 

 

3. The Worst Case Scenarios of Each Chapter 

In this dissertation, I claim that several errors can be introduced in the estimation 

of the gravity model by ignoring the spatial distribution of economic activity, 

and a series of simulation projects are conducted in its three chapters to mimic 

different geographies and spatial distributions of economic activities. Among 

these three chapters, here I list out the scenario of each chapter with the worst 

estimation results. 

  In chapter 3, I study the relationship between the gravity model estimation and 

data aggregation. Many sets of true parameters and different distributions of 

GDPs and price indexes are used to generate a number of trials. Since previous 

studies do not reach at consensus of the true value of the price index parameters, 

therefore, I have experimented try with different values of 𝜑, the elasticity of 

substitution. Among these trials, the worst case occurred once I set 𝜑 = 5, which 

means that the true parameters of the price indexes are equal to four. Along with 

a different true parameter of the distance effect, I conduct three trials with 𝜑 = 5. 

The results from all three trials are unreasonable; here I use trial 3-10 as an 

example.  
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Table 3-10 

Trial 3-10 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True value 16.021 0.54 0.54 4 4 -0.79 -1.65  

Disaggregated -15.6168 0.53912 0.53963 4.00146 3.99861 -0.7885 -1.65168 0.88 

Capital-to-Capital 

distance 

-21.2553 1.13349 1.13252 2.34675 2.34533 -0.72896 -1.71166 0.9494 

HM distance -21.2166 1.13614 1.13518 2.36997 2.36855 -0.75747 -1.66436 0.9516 

 

From table 3-10, we notice that estimates on income parameters suffer huge 

upward bias, while biases on the distance elasticity and the border dummy 

variable are also very significant. Compared to results from other sets of trials in 

chapter 3, these findings indicate that for studies with a theoretically correct 

intercept and a balance between trade and GDP, the true value for 𝜑 should be 

smaller than five, probably around two to three. 

  In chapter 4, the worst results occurred with the trial in which I  mimic the 

capital city away from the economic cluster of a region. Results are shown in 

table 4-5. For regions with economic cluster, the best choice of the main city 

location should be the central point of the economic cluster; choosing main cities 

away from the economic cluster will increase the degree of estimation biases of 

the gravity model. 
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Table 4-5: Simulation Project 4-5 Results 

 Intercept 𝐆𝐃𝐏𝒊 𝐆𝐃𝐏𝒋 𝐏𝒊 𝐏𝒋 𝐃𝐢𝐬𝐭𝐢𝐣 Dummy Ad. R2  

True values -log(wGDP) 0.9 0.9 1.6 1.6 -0.9 -1.65  

Trial 4-17 Dis -16.047 0.900 0.899 1.599 1.599 -0.899 -1.649 0.972 

Trial 4-17 Agg -13.014 0.843 0.824 1.455 1.447 -0.820 -1.688 0.993 

Trial 4-16 Agg -15.156 0.919 0.902 1.495 1.468 -0.896 -1.652 0.997 

 

In chapter 5, the worst case is the case where all main cities located toward the 

border line of two countries. Here I list out the result of trial 5-6. This trial shows 

that the choice of main city location is deterministic in determining estimation 

biases of the distance effect and the border dummy variable.  

 

Table 5-1 (partial): Trial 5-6  

Trial 5-6 

(converge 

to border) 

-14.969 0.8907 0.8907 1.5028 1.5117 -0.7936 -1.8755 0.9862 

 

4. Directions for Future Research 

Based on the findings from this dissertation, there are several interesting topics 

for future research. For example, in this study, all simulation trials are conducted 

with regularly shaped geography and uniformly distributed economic activity. 
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For future research, it would be helpful to develop more simulation trials with 

irregularly shaped geography and different distributions of economic activity.  

  Except for more works with simulations, empirical studies based on data from 

G-Econ would also be interesting to study. Researchers have planned to calculate 

the macroeconomic data of the world at the cell-level (one cell is one degree 

longitude by one degree latitude). With a dataset at cell-level, empirical studies 

similar to simulations in this dissertation will be carried out to examine the 

gravity model. With such a thorough dataset at the disaggregated level, more 

information on the gravity model estimation will be disclosed. 
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APPENDIX 

Appendix 1: US GSP 2010, Canadian Provincial GDP 2010 ($Millions) 

State/Province GDP State/Province GDP 

Alabama 174,400 North Carolina 407,400 
Alaska 45,600 North Dakota 33,400 
Arizona 261,300 Ohio 483,400 
Arkansas 105,800 Oklahoma 160,500 
California 1,936,400 Oregon 168,900 
Colorado 259,700 Pennsylvania 575,600 
Connecticut 233,400 Rhode Island 49,500 
Delaware 62,700 South Carolina 164,300 
District of Columbia 104,700 South Dakota 39,900 
Florida 754,000 Tennessee 250,300 
Georgia 404,600 Texas 1,207,432 
Hawaii 68,900 Utah 116,900 
Idaho 54,800 Vermont 26,400 
Illinois 644,200 Virginia 427,700 
Indiana 267,600 Washington 351,100 
Iowa 147,200 West Virginia 66,600 
Kansas 128,500 Wisconsin 251,400 
Kentucky 161,400 Wyoming 38,200 
Louisiana 213,600   
Maine 53,200 Alberta 263,537 
Maryland 300,000 British Columbia 191,006 
Massachusetts 377,700 Manitoba 54,257 
Michigan 372,400 New Brunswick 29,448 
Minnesota 267,100 Newfoundland 28,192 
Mississippi 98,900 Northwest 

Territories 
4,696 

Missouri 246,700 Nova Scotia 36,352 
Montana 37,200 Nunavut 1,755 
Nebraska 89,600 Ontario 612,494 
Nevada 127,500 Prince Edward 

Island 
5,010 

New Hampshire 61,600 Quebec 319,348 
New Jersey 497,000 Saskatchewan 63,557 
New Mexico 75,500 Yukon 2,330 
New York 1,156,500   
Notes: These data are from www.wikipedia.com  
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Appendix 2: The State Level Price Index of US and Canada 

State/Province PI State/Province PI 

Alabama 1.18 North Carolina 1.27 
Arizona 2.00 North Dakota 1.32 
California 2.82 Ohio 1.45 
Florida 1.58 Pennsylvania 2.02 
Georgia 1.21 Tennessee 1.14 
Idaho 1.56 Texas 1.20 
Illinois 1.76 Vermont 2.06 
Indiana 1.30 Virginia 1.53 
Kentucky 1.14 Washington 1.86 
Louisiana 1.32 Wisconsin 1.52 
Maine 1.41 Alberta 1.14 
Maryland 1.71 British Columbia 1.91 
Massachusetts 5.74 Manitoba 1.09 
Michigan 2.14 New Brunswick 1.23 
Minnesota 1.67 Newfoundland 1.52 
Missouri 1.00 Nova Scotia 1.52 
Montana 1.64 Ontario 1.91 
New Hampshire 2.95 Prince Edward 

Island 
1.23 

New Jersey 0.85 Quebec 1.23 
New York 3.02 Saskatchewan 0.75 
Notes: This table is from Wu (2009)’s dissertation, in this table, the price index in Missouri is set as 
the common base, that price index of all other states are relative value of price index compared to the 
common base. 
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Appendix 3: Data Sample at the Disaggregated Level (similar for all trials) 

idi idj ID ID GDPi GDPj PIi PIj Dist dum Error Trade 

1 1 1 1 10.89 10.89 3.6 3.6 0.56 0 -0.166 52.65 

1 2 1 1 10.89 11.62 3.6 0.912 1 0 0.105 1.632 

1 3 1 1 10.89 9.15 3.6 2.809 2 0 0.941 9.853 

1 4 1 1 10.89 14.01 3.6 3.019 3 0 -0.528 2.589 

1 5 1 1 10.89 9.688 3.6 4.158 4 0 0.022 4.149 

1 6 1 2 10.89 10.75 3.6 4.752 5 0 -0.199 3.696 

1 7 1 2 10.89 10.45 3.6 3.286 6 0 -0.254 1.605 

1 8 1 2 10.89 7.953 3.6 2.479 7 0 0.317 1.232 

1 9 1 2 10.89 8.686 3.6 3.772 8 0 -0.048 1.606 

1 10 1 2 10.89 8.989 3.6 1.807 9 0 0.141 0.555 

1 11 1 3 10.89 9.291 3.6 3.330 10 0 -0.579 0.672 

1 12 1 3 10.89 10.59 3.6 2.578 11 0 -0.926 0.325 

1 13 1 3 10.89 7.334 3.6 1.040 12 0 -0.418 0.084 

1 14 1 3 10.89 6.634 3.6 4.164 13 0 0.529 1.699 

1 15 1 3 10.89 11.38 3.6 3.499 14 0 -0.193 0.949 

1 16 1 4 10.89 8.894 3.6 2.729 15 0 -0.429 0.379 

1 17 1 4 10.89 7.884 3.6 3.310 16 0 0.032 0.693 

1 18 1 4 10.89 10.45 3.6 3.804 17 0 -0.196 0.842 

1 19 1 4 10.89 13.75 3.6 2.686 18 0 -0.031 0.692 

1 20 1 4 10.89 9.833 3.6 1.761 19 0 -0.427 0.166 

1 21 1 5 10.89 11.46 3.6 3.702 20 0 -1.528 0.199 

… … … … … … … … … … … … 

Notes: This is a fraction of the disaggregated county-level data from chapter 4. In this table, column 1 
is the county id of exporter; the column 2 is the county id of importer. Column 3 and 4 are state ID 
for exporter and importer, which indicates which states exporter and importer belong to. Column 5 
and 6 are GDPs for exporter and importer counties respectively, while column 7 and column 8 are 
price indexes for exporter and importer respectively. Column 9 is the distance between exporter and 
importer. Column 10 is the value for the border dummy variable, it equals to zero if two counties 
locate in the same country, and it is zero otherwise. Column 11 is the value of generated error term. 
Column 12 is the generated trade value, given GDPs, price indexes and distances in front columns. 
With my simulation project, this is the typical simulated data we have at the disaggregated level.  
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Appendix 4: Data Sample at the Aggregated Level  

ID ID GDPi GDPj PIi PIj Dist dum Trade 

1 1 246.5 246.5 3.248 3.248 0.845 0 162.95 

1 2 246.5 234.95 3.248 3.120 5 0 45.072 

1 3 246.5 291.57 3.248 2.880 10 0 25.455 

1 4 246.5 286.84 3.248 2.950 15 0 17.286 

1 5 246.5 261.32 3.248 3.121 20 0 12.484 

1 6 246.5 235.65 3.248 3.098 5 0 19.110 

1 7 246.5 282.23 3.248 2.977 7.071 0 36.989 

1 8 246.5 277.18 3.248 2.417 11.18 0 32.215 

1 9 246.5 264.32 3.248 2.581 15.81 0 16.664 

1 10 246.5 239.97 3.248 3.120 20.61 0 15.413 

1 11 246.5 255.45 3.248 2.934 25.49 0 11.013 

1 12 246.5 251.32 3.248 2.796 10 0 14.333 

1 13 246.5 282.13 3.248 3.112 11.18 0 21.188 

1 14 246.5 255.53 3.248 2.992 14.14 0 18.020 

1 15 246.5 246.77 3.248 3.246 18.02 0 15.931 

1 16 246.5 271.34 3.248 3.011 22.36 0 12.301 

1 17 246.5 281.18 3.248 3.081 17.35 0 15.993 

1 18 246.5 261.93 3.248 2.992 12.54 0 16.454 

1 19 246.5 233.45 3.248 3.120 9.93  0 17.823 

1 20 246.5 261.74 3.248 2.877 10.82 0 16.451 

1 21 246.5 271.16 3.248 3.195 22.01 0 13.898 

… … … … … … … … … 

Notes: This is a fraction of the aggregated state-level data; the table here is different from data table 
at the aggregated level by missing three columns, which are county ids and the error terms. 
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