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Abstract 

The magnitude of deviations from the Law of One Price (LOP) across cities depends on a number of 

characteristics, including language differences, distance, and other correlates of trade costs. We show that 

in the United States, political differences between cities are an equally important determinant of LOP 

deviations. LOP deviations are smaller if the cities are both strongly Democrat or both strongly 

Republican. These effects are of a similar order of magnitude to those of distance, and suggest that political 

differences represent a substantial barrier to competition. 
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1. Introduction 

International evidence (e.g. Easterly and Levine, 1997; Alesina et al., 2003; Papyrakis and Mo, 2014) 

indicates that ethnic fractionalization can be detrimental to economic development. There are a number 

of different channels through which fractionalization might impair economic growth, one of which is 

market fragmentation (Aker et al., 2010; Robinson, 2013; Andrianova et al., 2017). Fractionalization 

raises trade costs, preventing the exploitation of arbitrage opportunities and increasing local monopoly 

power. 

 The focus of attention in the existing literature has been on fractionalization in developing 

countries, and in particular on “Africa’s growth tragedy”. However, the societies of industrialized 

countries are also fractionalized, not only along narrowly ethnic lines but also along broader cultural lines. 

Many people appear to derive utility from maintaining homogeneous social networks (Churchill and 

Smyth, 2019), but partisan group behaviour is not always driven by race or religion (Litman and 

Stratmann, 2018). In the United States, political partisanship based on cultural identity has become an 

increasing part of public life. In this paper, we use the size of deviations from the Law of One Price (LOP) 

across US cities to measure the magnitude of market segmentation. We find that LOP deviations are 

significantly larger when the two cities are more politically fractionalized, i.e. one city is strongly 

Republican while the other is strongly Democrat. The size of this effect is of a similar magnitude to those 

of physical distance and state borders. However, conditional on the effects of modern party affiliation, 

distance, and state borders, whether the two cities were on the same side in the Civil War is not 

significantly associated with LOP deviations. The effect of the political characteristics is not explained by 

their correlation with socio-economic characteristics such as racial composition, education levels and 

average earnings. Increasing political fractionalization is one part of the explanation for the fact that LOP 

deviations now are larger than they were a hundred years ago (Eckard, 2004). 
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 The next section reviews some of the relevant literature; sections 3-4 present the data and statistical 

analysis, and section 5 concludes. 

 

2. Literature review 

This paper is connected to two areas of research. The first of these relates to the causes of volatility in 

relative prices across locations and the persistence of shocks to relative prices. There is now a large body 

of evidence showing that volatility and persistence are increasing in the distance between locations. The 

volatility effects are evident in both international and single-country studies, and in studies of relative 

price levels (i.e. of deviations from LOP) and studies of inflation rate differentials: see for example Engel 

and Rogers (1996), Parsley and Wei (2001a), Crucini et al. (2010a, 2015), and Crucini and Yilmazkuday 

(2014). Results reported in Parsley and Wei (1996) and Engel et al. (2003) indicate that the distance effects 

are larger for perishable commodities than they are for non-perishable ones, which suggests that trade 

costs are higher for perishables.1 Although the development of transportation and communication 

infrastructure has reduced distance effects in modern economies, sizeable effects still remain (Slaughter, 

2001; Dobado and Morrero, 2005; Crucini and Smith, 2016). Studies based on commodity-specific, city-

level price data do find that relative prices are stationary,2 but the persistence of deviations from LOP also 

seems to be increasing in the distance between the cities (Parsley and Wei, 1996; Choi and Matsubara, 

2007; Choi and Wu, 2012; Crucini et al., 2015). Evidence in Choi and Choi (2014, 2016) and Choi et al. 

(2017) suggests that the effects of distance on volatility and persistence are only partly due to 

                                                             
1 This is consistent with evidence in Glushenkova and Zachariadis (2016) that the tradability of an item is inversely 

related to deviations from LOP. 

2 International studies using national aggregate prices produce weaker evidence for stationarity (Lothian and Taylor, 

1996; Rogoff, 1996), but work by Crucini and Shintani (2008) indicates that this weakness is likely due to aggregation 

bias. 
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transportation costs, and that distance is also associated with other types of trade cost. This explains why 

the distance effects are not limited to transportable commodities.  

Crucini et al. (2010b, 2015) develop a theory to explain the effects of trade costs on volatility and 

persistence. In a world of Calvo price setting with economy-wide nominal shocks but asymmetric 

information precision and asymmetric productivity (or preference) shocks across cities, higher trade costs 

will be associated with greater volatility of relative prices and of inflation rate differentials; if the 

productivity shocks are persistent, then higher trade costs will also be associated with higher persistence 

in the deviations from LOP.  

 The second area of research concerns the effect of social fractionalization on trade costs. There is 

evidence that when a larger proportion of the inhabitants of two cities or regions are from a common ethnic 

group, then there is more inter-city trade and less inter-city price dispersion (Rauch, 2001; Rauch and 

Trindade, 2002; Wagner et al., 2002; Kumagai, 2007; Anderson et al., 2016). One way in which common 

ethnicity could reduce trade costs is through a shared language, and there is substantial evidence for the 

effect of a shared language on trade flows and price dispersion, both in international trade (Engel and 

Rogers, 2001; Parsley and Wei, 2001b; Melitz, 2008; Egger and Lassmann, 2015) and in intra-national 

trade (Sauter, 2012; Fielding et al., 2015). However, the effects of a common culture are not solely a 

function of language: for example, Fielding et al. find that deviations from LOP are smaller when the 

cities are more similar in terms of religion, while Felbermayr and Toubal (2010) and Melitz and Toubal 

(2014) demonstrate the importance of broader measures of cultural affinity in explaining bilateral trade 

flows. 

In order to interpret these results, Anderson et al. (2016) present a generic theoretical model in 

which a common culture reduces the cost of trade to individuals through lower contracting or search costs; 

it can also facilitate disciplinary mechanisms that increase trust and discourage cheating. Aggregate trade 
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costs are not necessarily monotonically decreasing in the proportion of individuals in different locations 

sharing a common culture, because discipline may be more difficult to enforce in a larger cultural group, 

but the relationship is negative for a wide range of plausible coefficient values.  

 The United States are home to a number of ethnic minority groups (for example, Chinese and 

Indian communities) that have been the focus of previous studies. However, these groups make up a very 

small proportion of the total population, and the trade costs literature has paid relatively little attention to 

the cultural groups with which most Americans identify. At the same time, there is evidence for an 

increasingly strong connection between cultural identity and political affiliation in the United States 

(Layman and Carmines, 1997). The electorate is now highly partisan (Brewer, 2005; Iyengar and 

Westwood, 2015; Perez-Truglia and Cruces, 2017), and inter-city differences in party strength are 

reinforced by pressure to conform to the local majority (Perez-Truglia, 2018). Experimental results 

indicate that interpersonal trust between Republicans and Democrats is much lower than trust within each 

group (Hernandez and Minor, 2015; Carlin and Love, 2018). In this environment, it is possible that 

arbitrage between cities becomes more difficult when one of the producers / retailers is from a strongly 

Republican city while the other is from a strongly Democrat city, or when one city is culturally “southern” 

and the other culturally “northern”. One paper that does explicitly examine the link between US political 

fractionalization and trade costs is Ishise and Matsuo (2015), who find a strong negative association 

between the size of inter-state trade flows and inter-state differences in the level of support for Republican 

and Democratic candidates. By contrast, our paper examines the association between city-level deviations 

from LOP and city-level political differences. Our results are consistent with those of Ishise and Matsuo, 

but indicate that their results are at least partly a consequence of an association between political 

homogeneity and the extent of arbitrage across locations. Moreover, our city-level results indicate that the 

effects are apparent at very high degrees of geographical disaggregation.  
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3. Data 

3.1. Measures of LOP deviation 

Our price data are taken from the Cost of Living Index dataset published by the Council for Community 

and Economic Research (www.coli.org). The dataset includes quarterly retail prices (inclusive of sales 

tax) for individual items in different US metropolitan statistical areas (henceforth “cities”). Some 

observations are missing for some cities, but there are 132 cities for which the prices of 54 different items 

are reported over the period 2006Q1-2015Q4: it is these items and cities which form our sample, and 

which are listed in Appendix A.3 The sample includes a range of perishable and non-perishable food items, 

a range of other goods, and a range of services. The definition of these items is broader than in datasets 

based on barcodes but still quite precise: for example, “A can of three Wilson or Penn extra-duty yellow 

tennis balls.” One key advantage of the Cost of Living dataset is that it includes services prices as well as 

goods prices. Our sample is similar to the one used by Choi and Choi (2014, 2016) and Choi et al. (2017), 

but covers a more recent sample period. 

 There are large and persistent differences in price levels across the cities, which could partly reflect 

variation in city-specific factors such as local distribution costs. This variation means that even in 

equilibrium, the ratio of the price of a given item in one city to the price in another city may not be equal 

to one. Moreover, as explained in Crucini et al. (2010b, 2015), the size of temporary deviations from this 

equilibrium relative price is likely to be increasing in inter-city trade costs, which suggests using the size 

                                                             
3 For any one city-quarter, the Cost of Living Index includes either all 54 prices or none of them. Cities are included in 

the dataset if there are no more than four missing observations over 2006Q1-2015Q4, and if there are no contiguous 

missing observations. In total, 129 out of the 132 × 40 = 5,280 city-quarter observations are missing. In these cases, the 

standard deviations in equations (1-2) below are computed on a slightly smaller sample. For large cities that are divided 

into metropolitan divisions, the Cost of Living Index includes division-level prices; in these cases we take the average of 

the price level across the divisions. The list of 132 cities excludes two Alaskan cities for which price data are available, 

because idiosyncrasies in the reporting of Alaskan electoral data prevent the computation of city-level election results. 
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of relative price deviations as a proxy for the size of these costs. Let i
ntp  stand for the logarithm of the 

price of item n in city i in quarter t. For any pair of cities (i, j), the logarithm of the relative price of item 

n in quarter t is denoted .i j i j
nt nt ntp p p   Following Parsley and Wei (2001a) and Crucini and Telmer 

(2020), we consider a number of different measures of the variation in i j
ntp . Note first of all that for any 

one item, the overall variance in i j
ntp  across the city pairs (i j) and over time (t) can be decomposed into 

(i) the variance across city pairs of the mean over time and (ii) the mean across city pairs of the variance 

over time. Adapting the notation in Crucini and Telmer (2012): 

 

,var ( | ) var (E [ | , ]) E [var ( | , )]i j t i j t i j t

i j i j i j
nt nt ntp n p n i j p n t               (1) 

 

Here, E [. | ]x y  denotes the mean calculated by summing across the variable(s) x while conditioning on the 

variable(s) y, and var (. | )x y  denotes the corresponding variance. Component (i), the first term on the right-

hand side of equation (1), captures the variability across pairs of the time-averaged data (i.e. it is a measure 

of cross-sectional variance). For example, if n is a pound of bananas, i Denver, and j is Tucson, then  

E [ | , ]t

i j
ntp n i j  is the average over time of the log of the ratio of the price of bananas in Denver to the price 

of bananas in Tuscon; var (E [ | , ])i j t

i j
ntp n i j  is the variance of this average across all city pairs. Component 

(ii), the second term on the right-hand side of equation (1), is the average across city pairs of 

var ( | , ),t

i j
ntp n t  where var ( | , )t

i j
ntp n t  is the variance over time of the banana price ratio for one particular 

pair. It captures that part of the overall variance in the banana price ratio across time and across city pairs 

that is due to shocks that die out over time. From now on, we will drop the “| y” part of our notation. 

When considering component (i), note also that the sample includes either i j
ntp  or ji

ntp , but not 

both, and the choice between them is entirely arbitrary. Therefore, the tables below relate to the absolute 
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value of the mean difference between the log-price in city i and the log-price in city j, denoted | E ( ) | .t

i j
ntp  

Table 1 reports the variance across city pairs of | E ( ) |t

i j
ntp , denoted var | E ( ) |i j t

i j
ntp , for each item 

separately. The table also reports the mean across city pairs of the variance over time, E [var ( )]i j t

i j
ntp . 

Items are grouped into four categories: perishable food, other food, other goods, and services. It can be 

seen that there is much more variation of var | E ( ) |i j t

i j
ntp  and E [var ( )]i j t

i j
ntp  across items within each 

category than there is across the category-average values of these quantities. For most items, 

E [var ( )]i j t

i j
ntp is a little larger than var | E ( ) |,i j t

i j
ntp  which is also a characteristic of the US datasets of 

Crucini and Telmer (2020) and Glushenkova and Zachariadis (2020). Nevertheless, for every item in our 

sample, there is a considerable amount of variance in both the cross-sectional and time series components. 

 The main purpose of this paper is to identify dyadic characteristics associated with the size of 

deviations from LOP (of which | E ( ) |t

i j
ntp  is one measure) and with the magnitude of LOP variability (of 

which var ( )t

i j
ntp  is one measure). Before discussing these characteristics, we note that there are a number 

of alternative measures of the size of deviations from LOP (broadly defined). One alternative to | E ( ) |t

i j
ntp  

is   
2

Et

i j
n tp : the two quantities will be highly correlated if either i j

nt ntp p  in most periods or i j
nt ntp p  

in most periods. From now on, | E ( ) |t

i j
ntp  is denoted A

i j nC  and   
2

Et

i j
n tp  is denoted .B

i j nC  One advantage 

of using B

i j nC  as the dependent variable in a regression equation is that its empirical distribution is roughly 

symmetric, and although the distribution is slightly left-skewed, there are no values close to zero. By 

contrast, the distribution of A

i j nC  is highly skewed and clearly bounded from below by zero: see Figure 1. 

Modelling the variation of  A

i j nC  across city pairs would be problematic: to our knowledge, there is no 

way of allowing for dyadic clustering in a non-linear model. Nevertheless, the coefficient of correlation 
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between the two quantities across all items and dyads is over 0.9, and this high correlation is robust to 

conditioning on item fixed effects and city fixed effects: see Table 2. For this reason, the first set of results 

below are based on regression equations using B

i j nC  rather than .A

i j nC  

 Unsurprisingly, the distribution of the variance term var ( )t

i j
ntp  is also highly skewed, but this is 

not true of the distribution of the corresponding standard deviation, denoted :A

i j nT  see Figure 1. Our second 

set of results are based on a model of the variation in A

i j nT  across city pairs. As Table 2 shows, the 

correlation between B

i j nC  and A

i j nT  across all items and city pairs is not that high: conditional on item fixed 

effects, the coefficient of correlation is below 0.5, so the two measures do reflect distinct dimensions of 

deviations from LOP. Finally, many previous studies also consider the standard deviation of relative 

inflation rates, denoted ,B

i j nT  so we will also report results using this variable for comparison. Correlations 

of B

i j nT  with the other measures are noted in Table 2; further descriptive statistics appear in Appendix A. 

 

3.2. Explanatory variables 

Definitions and descriptive statistics for the explanatory variables appear in Tables 3-4. Our key 

explanatory variables capture the degree of political fractionalization between cities. The first of these is 

based on city-level voting shares in the 2016 presidential election. Using these shares, it is possible to 

calculate the probability that a randomly selected city-i voter and a randomly selected city-j voter will 

both have voted for the same candidate. This empirical measure, denoted P(residents-both-vote-same-

way-16), corresponds directly to the network density measure in theoretical models such as the one 

outlined in Anderson et al. (2016).4 Higher values of P(residents-both-vote-same-way-16) indicate lower 

                                                             
4 In practice, most arbitrage opportunities are exploited by specialized agents (e.g. retailers) rather than by ordinary 

members of the public, and we are implicitly relying on an assumption that the probability of an agent in city i being 

Republican is positively correlated with the overall share of Republicans in city i. Unobserved heterogeneity in the ease 
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levels of cross-city fractionalization, so we expect the coefficient on this variable to be negative. The 

highest sample values are for dyads comprising two cities that are either both strongly Republican or both 

strongly Democrat, and the lowest sample values are for dyads comprising a strongly Republican city and 

a strongly Democrat one. Table 4 also includes descriptive statistics for an alternative measure of political 

fractionalization based on voting in the 2012 presidential election; this variable, denoted P(residents-both-

vote-same-way-12), is used in order to check the robustness of our fractionalization results. As a further 

robustness check, we also fitted a model in which P(residents-both-vote-same-way-16) was replaced by 

the absolute difference in the share of votes for Donald Trump.5  The results using this alternative measure 

are very similar to the ones reported below, and are available on request.  

Figures 2-3 illustrate the association between P(residents-both-vote-same-way-16) and the four 

LOP deviation measures, ,A

i j nC  ,B

i j nC  ,A

i j nT  and .B

i j nT  Figure 2 includes histograms for each measure in two 

sub-samples: observations for which P(residents-both-vote-same-way-16) is in the top quartile of the 

distribution and observations for which it is in the bottom quartile. It can be seen that for each LOP 

deviation measure, the distribution lies further to the right for observations in the bottom quartile, 

suggesting a negative association between P(residents-both-vote-same-way-16) and the size of LOP 

deviations. The scatterplots in Figure 3 confirm this impression: on average, higher values of P(residents-

both-vote-same-way-16) are associated with smaller deviations. These associations are significant at the 

1% level, but they do not in themselves demonstrate that political fractionalization impacts on LOP 

                                                             

with which agents in cities i and j can communicate with each other may affect both 
A

i j n
T  and the magnitude of political 

differences between the agents, but, as long as the agents make up a small fraction of the population, this will not make 

P(residents-both-vote-same-way-16) endogenous to .A

i j n
T  

5 This measure is less directly connected to the theoretical models in papers such as Anderson et al. (2016). In practice, 

the correlation between the two alternative measures is too high to be able to determine which is more empirically 

relevant. 
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deviations. The strength of political parties is correlated with a range of socio-economic characteristics, 

and the associations in Figure 3 may reflect a relationship between trade costs and socio-economic 

similarity rather than between trade costs and political fractionalization. Moreover, the associations in 

Figure 3 may reflect a correlation between LOP deviations and older political cleavages that are correlated 

with modern ones. For this reason, our model includes a number of other explanatory variables.6  

In order to allow for the possibility of differences in political culture predating the 21st century, 

our model includes a second political variable, denoted I(cities-on-same-side). This variable is equal to 

one if the two cities were on the same side in the Civil War and equal to zero otherwise. The zeros include 

dyads comprising a city in a Union state and a city in a Confederate state, and also dyads comprising at 

least one city in a state that did not participate in the war (i.e. a border state or a state founded after 1865). 

We expect the coefficient on this variable to be negative, reflecting the fact that “northern” cities share 

some cultural characteristics which persist over time and which distinguish them from “southern” cities, 

and that these cultural differences are associated with higher trade costs. In order for this interpretation of 

the coefficient to be plausible, we need to allow for the fact that simply having participated in the Civil 

War (on either side) may also reflect a set of characteristics that impacts on trade costs. For example, 

dyads for which I(cities-on-same-side) = 1 comprise cities that are older, on average, than dyads for which 

I(cities-on-same-side) = 0, and trade costs may be lower between cities of a common age. For this reason, 

we include an additional explanatory variable, denoted I(both-cities-in-civil-war), which is equal to one if 

both cities participated in the Civil War and zero otherwise. Note that this variable is not of direct interest, 

and we have no hypothesis about the sign or size of its coefficient: it is included only to preclude 

alternative interpretations of the I(cities-on-same-side) coefficient. 

                                                             
6 The scatterplots in Figure A1 of Appendix C illustrate correlations with P(residents-both-vote-same-way-12) instead of 

P(residents-both-vote-same-way-16): the scatterplots in Figure 3 and Figure A1 are very similar. 
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The other explanatory variables, which reflect the degree of similarity in modern socio-economic 

conditions, and in city size, are as follows. 

 

● Item-level fixed effects. It is also possible to fit models with city-level fixed effects, to control for 

differences in e.g. sales tax regimes, and results using such models are available on request: the results 

for P(residents-both-vote-same-way-16) and P(residents-both-vote-same-way-12) are very similar to 

those reported below. 

● The log of the distance between the two cities in kilometres. Distance and state boundaries are likely to 

affect trade costs, but distance could also be correlated with our political variables, because political 

affiliation is not randomly distributed across space. Results using a non-parametric function of distance, 

available on request, are very similar to those reported below. 

● An indicator variable for whether the cities are in the same state.7  

● The probability that an adult randomly selected from one city and an adult randomly selected from the 

other will both be white.* 

● The probability that the two adults will both be African American.* 

● The probability that the two adults will both be high school graduates.* 

● The probability that the two adults will both be college graduates.* 

● The probability that the two adults will both be unemployed.*  

● The absolute average age difference between the two cities (in years).* 

● The absolute average earnings difference between the two cities (in thousands of Dollars).* 

● The absolute difference in the share of agriculture in GDP in the two cities† 

                                                             
7 Some cities occupy more than one state. The indicator variable is equal to one if any part of one city is in the same state 

as any part of the other city, and equal to zero otherwise. Similarly, I(cities-on-same-side) = 1 if at least part of city i and 

part of city j are in a Union state, or if at least part of both cities are in a Confederate state. 
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● The absolute difference in the share of construction in GDP in the two cities.† 

● The absolute difference in the share of manufacturing in GDP in the two cities.† 

● The absolute difference in the share of minerals in GDP in the two cities.† 

● The absolute difference in the log of GDP in the two cities.† 

 

Variables marked with an asterisk (*) are constructed from city-level data published by the US Census 

Bureau; variables marked with an obelus (†) are constructed from city-level data published by the Bureau 

of Economic Analysis (BEA).8 All of the census variables are potential correlates of differences in political 

affiliation, but they also reflect socio-economic differences that could affect the ease of communication 

between people in different cities. There is an additional channel through which earnings differences might 

affect trade costs: earnings reflect labor productivity, and differences in productivity might be associated 

with asymmetry in price shocks in a Balassa-Samuelson world. Asymmetry in price shocks might also be 

associated with differences in the structure of GDP, or in city size, as measured by the BEA variables.  

 

4. Results 

We are interested primarily in the average effects of the explanatory variables on LOP deviations across 

all items, and also the effects for sub-groups such as perishable foods, non-perishable foods, other goods, 

and services. One way of estimating these average effects is to pool all 466,884 observations (or to pool 

observations for a particular sub-group) and to fit the following regression equations: 

 
B i j
i jn q q i jnq

C x                     (2) 

 

                                                             
8 The census variables are based on averages over 2006-2015 of annual estimates of the proportion of adults in each city 

with each characteristic. The BEA variables are based on averages over 2006-2015 of annual figures in city-level national 

accounts statistics; the omitted category for the GDP share variables is the services sector. 
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A i j
i jn q q i jnq

T x                     (3) 

 
B i j

i jn q q i jnq
T x                     (4) 

 

Here, i j
qx  denotes the value of the qth explanatory variable in dyad ij: P(residents-both-vote-same-way-

16) or one of the other variables.9 The coefficient q  measures the average effect of this variable on B
i j nC  

and i j n  is a regression residual. The coefficients in the other two equations are denoted q  and ,q  and 

the residuals are denoted i j n  and .i j n  The standard errors on the coefficients need to be adjusted for 

clustering by item and for dyadic clustering (Cameron and Miller, 2014).10  

 Table 5 reports estimates of the regression coefficients, along with the corresponding t-ratios, using 

P(residents-both-vote-same-way-16) as the measure of political fractionalization, while Table 6 reports 

estimates of selected regression coefficients using P(residents-both-vote-same-way-12) as the measure of 

political fractionalization. In these tables, the dependent variables are scaled by 100, so, for example, B

i j nT  

measures the standard deviation of differences in quarterly inflation in percentage points. The five 

different columns in each table correspond to (i) average effects across all 54 items, (ii) average effects 

across the 16 perishable food items, (iii) average effects across the 13 non-perishable food items, (iv) 

                                                             
9 Equations (2-4) are linear. As noted in section 2, the theoretical model of Anderson et al. (2016) suggests that the 

relationship between the dependent variables and P(residents-both-vote-same-way-16) may be non-monotonic. However, 

the correlation between P(residents-both-vote-same-way-16) and P(residents-both-vote-same-way-16)2 is over 0.99, so 

in practice, non-monotonicity is unlikely to be a serious concern. 

10 More details on the method used to estimate the standard errors are given in Appendix B. The resulting t-ratios are 

compared to a t-distribution with N-1 degrees of freedom, where N is the number of clusters in the regression. An 

alternative way of estimating the average effects is simply to fit a model of the average values of a dependent variable 

across items. The two methods produce identical coefficient estimates but slightly different standard errors. The tables 

appearing in the main text are based on the first method, but the difference in estimated standard errors is small enough 

for the choice to make no substantial difference to statistical inference. 
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average effects across the 12 other goods, and (v) average effects across the 13 service items. Appendix 

C contains partial correlation statistics for each explanatory variable. 

As is to be expected from the existing literature, both B

i j nC  and A

i j nT  are strongly associated with 

the distance between cities. The first coefficient in Table 5A shows that across all items, a one percent 

increase in distance between the cities is associated with an average increase in B

i j nC  of 2.5 percentage 

points. The first coefficient in Table 5B shows that across all items, a one percent increase in distance 

between the cities is associated with an average increase in A

i j nT  of 0.32 percentage points. Both effects 

are significant at the five percent level, and the estimates in Table 6 are almost identical. The first 

coefficient in the Table 5C shows that the effect for B

i j nT  is slightly smaller than for A

i j nT  and not quite 

significant at the five percent level. Recall from Table 4 that the standard deviation of the distance variable 

is 0.74 and the standard deviation of B

i j nC  is 9.6, so a one standard deviation increase in distance is 

associated with an increase in B

i j nC  of about 2.5  0.74/9.6  0.2 standard deviations. The standard 

deviation of A

i j nT is 4.4, so a one standard deviation increase in distance is associated with an increase in 

A

i j nT  of about 0.05 standard deviations. Looking across the different columns of Tables 5-6, we see that 

the distance effects are larger for food items, smaller for other goods, and much smaller for services. This 

pattern is consistent with results reported in other papers, for example Choi and Choi (2014). Conditional 

on distance, being in the same state has no significant association with any of the dependent variables.11 

The political fractionalization variables are strongly associated with all three dependent variables. 

In the first column of Table 5, we see that a one percentage point increase in the probability that two 

randomly selected voters from the cities will have voted the same way in 2016 is associated with a 0.13 

                                                             
11 However, the same-state dummy is significant if we condition on city fixed effects. 
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percentage point reduction in ,B

i j nC  a 0.04 percentage point reduction in ,A

i j nT  and a 0.03 percentage point 

reduction in .B

i j nT  All effects are significant at the five percent level. Recall from Table 4 that the standard 

deviation of the fractionalization variable is 3.8 percentage points, so a one standard deviation increase in 

fractionalization is associated with an increase in B

i j nC  of about 0.05 standard deviations. The 

corresponding magnitudes for A

i j nT  and B

i j nT  are 0.04 and 0.03 respectively. Overall, the political 

fractionalization effects are smaller than the distance effects, but not by an order of magnitude. For ,B

i j nC

the fractionalization effect is about one quarter of the size of the physical distance effect (0.05 standard 

deviations versus 0.2 standard deviations), and for ,A

i j nT  the fractionalization effect is about four fifths of 

the size of the physical distance effect (0.04 versus 0.05). Another way to quantify the size of the effects 

is to calculate the expected change in the dependent variable as we go from the fifth percentile of the 

distribution of P(residents-both-vote-same-way-16) to the 95th percentile, a change of 13 percentage 

points. This implies a reduction in B

i j nT  of more than 0.4 percentage points, a large effect relative to average 

inflation. Recall that 
i j

np  is the difference between the quarterly inflation rates in cities i and j, and 

average quarterly consumer price inflation for the whole of the US over the sample period was just under 

0.4 percent.12 

Looking across the different columns of Table 5, we see that the political fractionalization effects 

are smaller for other goods than for food and for services, but there are no other large differences across 

the different categories. This is not too surprising, given the relatively small inter-category variation in 

Table 1. The estimated effects in Table 6 are very similar to those in Table 5. Conditional on modern 

                                                             
12 This figure is based on the personal consumption expenditure price series in the FRED database. 
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political fractionalization, participation in the Civil war has no significant association with any of the 

dependent variables.13,14 

 

5. Conclusion 

We have shown that the magnitude of cross-city deviations from LOP in the United States depends on the 

political distance between the cities almost as well as on the physical distance. If we measure the size of 

these effects by multiplying the coefficient on each of the two distance variables by its empirical standard 

deviation, then the political distance effect is the same order of magnitude as the physical distance effect. 

This suggests that the fractionalization of the country along political lines has a substantial effect on trade 

costs, reflecting the fact that, as demonstrated in recent laboratory experiments, Republicans and 

Democrats really don’t trust each other. Mean price differences and relative price volatility are 

significantly lower across pairs of cities that are both either strongly Republican or strongly Democrat. 

 It should be acknowledged that our results do not provide direct estimates of LOP deviations 

relative to a counterfactual in which there is no political partisanship. Conceivably, identification with a 

common political tradition could serve to promote trust that would not otherwise exist, in which case 

actual deviations are smaller than they would be in the absence of partisanship.  However, experiments 

                                                             
13 In the results conditional on city fixed effects, there are some significant associations with Civil War participation, but 

we do not claim this as a robust result. 

14 Few of the individual coefficients on the other control variables in the models of 
A

i j
T  and 

B

i j
T  are significantly different 

from zero, and in no case are the coefficients jointly significant. In the model of ,
B

i j
C  there are several individually 

significant coefficients when we use the all-items sample: this measure of LOP deviations is significantly lower when 

the cities have a greater degree of racial similarity, as captured by P(residents-both-white) and P(residents-both-african-

american), and when there is a smaller average earnings difference between the cities. Two effects are contrary to our 

priors: ceteris paribus, 
B

i j
C  is significantly lower when there is a larger difference in average age and a larger difference 

in the share of minerals in GDP. Exploring these effects is a topic for future research. 
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such as those of Hernandez and Minor (2015) indicate that the increase in trust resulting from the 

knowledge that one’s associate shares one’s political affiliation is very much smaller than the decrease in 

trust resulting from the knowledge that one’s associate has a different political affiliation. In this case, our 

results correspond to a negative externality: the promotion of a partisan culture increases trade costs. 

Moreover, if political fractionalization affects the relatively impersonal economic transactions that are 

required for inter-city arbitrage, it is also likely to affect a wider range of social interactions. In this case, 

the negative externalities that we have uncovered may only be the tip of an iceberg. 

 It would be unrealistic to try to address this problem by explaining to political actors that their 

promotion of a partisan culture is generating a negative externality with the potential to damage the US 

economy. However, the mayors of strongly Republican or strongly Democrat cities may reflect on the 

economic rationale for subsidizing activities that promote connections between their local business 

community and communities in cities on the other side of the political divide. Under the right 

circumstances, interpersonal contact can mitigate distrust (Allport, 1954), and such contact may help the 

United States to avoid a growth tragedy of African proportions. 
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Table 1. Variance decompositions (N = 8,646) 

perishable food vari j |Et ( i j
ntp )| Ei j [vart ( i j

ntp )] total 
 

other food vari j |Et ( i j
ntp )| Ei j [vart ( i j

ntp )] total 

 

T-Bone steak 0.003 0.014 0.017  Can of peas 0.015 0.023 0.037 

Ground beef 0.007 0.023 0.031  Potato chips 0.005 0.025 0.029 

Whole chicken 0.013 0.029 0.042  Can of tuna 0.012 0.024 0.036 

Sausages 0.008 0.015 0.023  Jar of coffee 0.011 0.011 0.022 

Milk 0.009 0.015 0.024  Bag of sugar 0.005 0.012 0.018 

Eggs 0.019 0.026 0.046  Cornflakes 0.012 0.014 0.026 

Margarine 0.022 0.026 0.048  Coca Cola 0.004 0.017 0.022 

Cheese 0.013 0.012 0.024  Can of peaches 0.010 0.022 0.032 

Potatoes 0.021 0.036 0.057  Cooking oil 0.009 0.014 0.023 

Bananas 0.013 0.012 0.025  Frozen corn 0.023 0.037 0.060 

Lettuce 0.015 0.024 0.038  Frozen meal 0.011 0.026 0.037 

Bread 0.023 0.032 0.055  6-pack of beer 0.001 0.004 0.006 

Orange juice 0.005 0.011 0.015  Bottle of wine 0.010 0.025 0.035 

Hamburger 0.004 0.007 0.011  average 0.010 0.020 0.029 

Pizza 0.004 0.015 0.019      

Fried chicken 0.010 0.038 0.048  
services vari j |Et ( i j

ntp )| Ei j [vart ( i j
ntp )] total 

average 0.012 0.021 0.033 
 

    
 Phone line 0.010 0.023 0.033 

other goods vari j |Et ( i j
ntp )| Ei j [vart ( i j

ntp )] total  
Tire balance 0.012 0.020 0.032 

 GP visit 0.015 0.015 0.030 

Gasoline 0.002 0.003 0.006 
 
Optometrist 0.018 0.024 0.041 

Box of tissues 0.007 0.018 0.025 
 
Dentist visit 0.012 0.013 0.025 

Detergent 0.004 0.012 0.016 
 
Vet visit 0.016 0.017 0.033 

Toothpaste 0.012 0.036 0.047 
 
Haircut 0.017 0.015 0.032 

Shampoo 0.004 0.013 0.017 
 
Shampoo & trim 0.027 0.024 0.052 

Men’s shirt 0.023 0.052 0.074 
 
Dry cleaning 0.015 0.013 0.028 

Women’s slacks 0.021 0.047 0.068 
 
Machine repair 0.021 0.022 0.043 

Boys’ jeans 0.020 0.045 0.064 
 
Movie ticket 0.005 0.006 0.012 

Tennis balls 0.018 0.030 0.048 
 
Bowling tickets 0.020 0.022 0.043 

Newspaper 0.025 0.050 0.075 
 
Mortgage 0.000 0.002 0.002 

Ibuprofen tablets 0.005 0.011 0.016  average 0.014 0.017 0.031 

LIPITOR tablets 0.001 0.009 0.010 
  

average 0.012 0.027 0.039  Note: .i j i j
nt nt ntp p p   
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Table 2. Correlations across different measures of the size of LOP deviations  

               (N = 8,646  54 = 466,884) 

    

unconditional correlations across all items and city pairs 

 A

i j nC  B

i j nC  A

i j nT  

B

i j nC  0.914   

A

i j nT  0.275 0.614  

B

i j nT  0.216 0.484 0.789 

    

correlations conditional on item fixed effects 

 A

i j nC  B

i j nC  A

i j nT  

B

i j nC  0.923   

A

i j nT  0.135 0.464  

B

i j nT  0.100 0.323 0.674 

    

correlations conditional on item-specific city fixed effects 

 A

i j nC  B

i j nC  A

i j nT  

B

i j nC  0.915   

A

i j nT  0.089 0.359  

B

i j nT  0.085 0.200 0.415 

    

A

i j nC = | E ( ) |t

i j
ntp , B

i j nC =   
2

Et

i j
n tp , A

i j nT  = sd t ( i j
ntp ), and B

i j nT  = sd t ( i j
ntp ), 

where .i j i j
nt nt ntp p p   

  



25 
 

Table 3. Definitions of the explanatory variables 

 

distance-between-cities 
log distance between city i and city j in thousands of 

kilometers 

I(cities-in-same-state) 
indicator variable equal to one if city i and city j are both in 

the same state, and equal to zero otherwise  

I(both-cities-in-civil-war) 
indicator variable equal to one if city i and city j both 

participated in the Civil War, and equal to zero otherwise 

I(cities-on-same-side) 
indicator variable equal to one if city i and city j on the same 

side in the Civil War, and equal to zero otherwise 

P(residents-both-vote-same-way-16)  
probability that a random city-i resident and a random city-j 

resident both voted for the same candidate in 2016 (percent) 

P(residents-both-vote-same-way-12) 
probability that a random city-i resident and a random city-j 

resident both voted for the same candidate in 2012 (percent) 

P(residents-both-white) 
probability that a random city-i resident and a random city-j 

resident are both white (percent) 

P(residents-both-african-american) 
probability that a random city-i resident and a random city-j 

resident are both African-American (percent) 

average-age-difference 
difference in average age between city-i residents and city-j 

residents (in years) 

average-earnings-difference 
difference in average earnings between city-i residents and 

city-j residents (in thousands of dollars) 

P(residents-both-high-school-grad) 
probability that a random city-i resident and a random city-j 

resident are both high school graduates (percent) 

P(residents-both-college-grad) 
probability that a random city-i resident and a random city-j 

resident are both college graduates (percent) 

P(residents-both-unemployed) 
probability that a random city-i resident and a random city-j 

resident are both unemployed (percent) 

average-agriculture-difference 
difference in average annual share of agriculture in GDP 

(percent) 

average-construction-difference 
difference in average annual share of construction in GDP 

(percent) 

average-manufacturing-difference 
difference in average annual share of manufacturing in GDP 

(percent) 

average-minerals-difference 
difference in average annual share of minerals in GDP 

(percent) 

average-size-difference average difference in annual log of GDP 
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Table 4. Descriptive statistics 

dependent variables (N = 466,884) mean standard deviation 

100B

i j nC   conditional on item fixed effects N/A 9.610 

100A

i j nT   conditional on item fixed effects                               N/A 4.403 

100B

i j nT   conditional on item fixed effects N/A 4.041 
   

explanatory variables (N = 8,646) mean standard deviation 

distance-between-cities 6.631 0.740 

I(cities-in-same-state) 0.041 0.198 

I(both-cities-in-civil-war) 0.644 0.479 

I(cities-on-same-side) 0.330 0.470 

P(residents-both-vote-same-way-16)  50.27 3.776 

P(residents-both-vote-same-way-12) 50.17 3.060 

P(residents-both-white) 46.11 17.04 

P(residents-both-african-american) 1.572 2.160 

average-age-difference 4.150 3.467 

average-earnings-difference 4.972 4.044 

P(residents-both-high-school-grad) 8.173 1.775 

P(residents-both-college-grad) 6.434 2.354 

P(residents-both-unemployed) 0.590 0.168 

average-agriculture-difference 1.298 2.260 

average-construction-difference 1.200 0.966 

average-manufacturing-difference 8.656 7.319 

average-minerals-difference 3.376 6.694 

average-size-difference 1.546 1.173 
   

B

i j nC =   
2

Et

i j
n tp , A

i j nT  = sd t ( i j
ntp ), and B

i j nT  = sd t ( i j
ntp ), where .i j i j

nt nt ntp p p   
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Table 5A. Coefficient values in the models of LOP deviations using 2016 electoral data 

Figures in italics are cluster- and dyadic-robust t-ratios; each column pertains to a different group 

of items, with N items in each group. The t-distributions have N-1 degrees of freedom. 
  

B

i j nC  model 
         all items         perishable   non-perishable     other goods       services 

         (N = 54)      food (N = 16)    food (N = 13)      (N = 12)       (N = 13) 

(distance-between 2.509  3.634  3.019  2.096  1.099  

-cities)  4.310 ** 3.892 ** 3.847 ** 3.483 ** 2.651 * 

I(cities-in-same 0.685  1.453  0.831  0.910  -0.478  

-state)  0.938  1.344  0.792  1.326  -1.219  

I(both-cities-in 0.301  -0.129  -0.739  0.717  1.404  

-civil-war)  0.485  -0.146  -0.932  1.003  2.589 * 

I(cities-on-same 0.220  0.193  0.592  0.237  -0.212  

-side)  0.590  0.354  1.187  0.550  -0.606  

P(residents-both -0.128  -0.134  -0.144  -0.080  -0.146  

-vote-same-way-16) -2.794 ** -2.206 * -2.206 * -1.865  -3.795 ** 

P(residents-both- -0.084  -0.124  -0.119  -0.067  -0.017  

white) -2.315 * -2.256 * -2.485 * -1.637  -0.820  

P(residents-both- -0.363  -0.395  -0.398  -0.281  -0.357  

african-american) -3.354 ** -3.102 ** -3.324 ** -1.878  -2.083  

average-age- -0.109  -0.107  -0.126  -0.063  -0.140  

difference -2.587 * -2.055  -2.316 * -1.074  -2.939 * 

average-earnings- 0.323  0.332  0.324  0.257  0.350  

difference 3.926 ** 4.043 ** 3.763 ** 2.178  3.241 ** 

P(residents-both- 0.654  1.030  0.903  0.413  0.164  

high-school-grad) 1.780  1.995  1.959  1.099  0.671  

P(residents-both- 0.373  0.534  0.650  0.298  -0.010  

college-grad) 1.837  1.740  2.681 * 1.236  -0.048  

P(residents-both- -0.274  -1.701  -1.304  -0.172  2.448  

unemployed) -0.124  -0.553  -0.467  -0.069  1.734  

average-agriculture- -0.017  -0.032  -0.001  0.026  -0.053  

difference -0.270  -0.575  -0.019  0.344  -0.640  

average-construct- 0.096  0.130  0.060  -0.106  0.255  

ion-difference 0.773  0.981  0.337  -0.795  1.870  

average-manufact- -0.005  -0.019  0.006  -0.007  0.003  

uring-difference -0.234  -0.722  0.216  -0.299  0.135  

average-minerals- -0.089  -0.098  -0.083  -0.096  -0.070  

difference -2.967 ** -2.568 * -2.125  -2.085  -2.707 * 

(average-size- -0.065  -0.278  -0.196  -0.143  0.385  

difference)  100 -0.335  -1.244  -1.013  -0.470  1.291  
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Table 5B. Further coefficient values in the models of LOP deviations using 2016 electoral data 

Figures in italics are cluster- and dyadic-robust t-ratios; each column pertains to a different group 

of items, with N items in each group. The t-distributions have N-1 degrees of freedom. 
 

A

i j nT  model 
         all items         perishable   non-perishable     other goods       services 

         (N = 54)      food (N = 16)    food (N = 13)      (N = 12)       (N = 13) 

(distance-between 0.321  0.586  0.479  0.362  -0.107  

-cities)  2.216 * 2.842 * 2.365 * 2.463 * -0.660  

I(cities-in-same -0.139  -0.053  -0.204  -0.110  -0.148  

-state)  -0.671  -0.206  -0.688  -0.480  -0.597  

I(both-cities-in -0.263  -0.162  -0.663  -0.164  -0.082  

-civil-war)  -0.965  -0.531  -1.376  -0.540  -0.279  

I(cities-on-same -0.089  -0.123  -0.147  -0.016  -0.091  

-side)  -0.840  -0.707  -0.954  -0.181  -1.163  

P(residents-both -0.042  -0.053  -0.039  -0.021  -0.050  

-vote-same-way-16) -3.123 * -3.052 ** -2.348 * -1.617  -3.071 ** 

P(residents-both- -0.009  -0.009  0.005  -0.006  -0.022  

white) -1.151  -0.800  0.512  -0.631  -2.084  

P(residents-both- -0.077  -0.159  -0.066  -0.017  -0.049  

african-american) -1.583  -2.879 * -1.275  -0.238  -0.657  

average-age- -0.035  -0.077  -0.075  0.000  0.017  

difference -1.642  -3.462 ** -2.921 * -0.005  0.669  

average-earnings- 0.054  0.087  0.061  0.049  0.007  

difference 2.110 * 2.748 * 2.608 * 1.397  0.237  

P(residents-both- -0.039  -0.043  -0.008  -0.107  -0.010  

high-school-grad) -0.372  -0.381  -0.058  -0.718  -0.076  

P(residents-both- 0.000  -0.023  0.122  -0.021  -0.066  

college-grad) 0.004  -0.206  1.407  -0.126  -0.720  

P(residents-both- 1.069  1.112  1.441  0.626  1.097  

unemployed) 1.327  1.217  1.480  0.644  1.091  

average-agriculture- 0.006  0.013  0.021  -0.020  0.003  

difference 0.164  0.323  0.478  -0.434  0.061  

average-construct- 0.033  0.065  0.071  -0.060  0.040  

ion-difference 0.537  1.035  0.753  -0.593  0.471  

average-manufact- -0.006  -0.020  -0.010  -0.003  0.013  

uring-difference -0.548  -1.883  -0.844  -0.202  0.734  

average-minerals- -0.038  -0.042  -0.028  -0.039  -0.039  

difference -2.706 ** -2.813 * -1.697  -2.038  -2.708 * 

(average-size- -0.169  -0.192  -0.110  -0.113  -0.224  

difference)  100 -1.898  -1.892  -1.255  -0.502  -2.479 * 
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Table 5C. Further coefficient values in the models of LOP deviations using 2016 electoral data 

Figures in italics are cluster- and dyadic-robust t-ratios; each column pertains to a different group 

of items, with N items in each group. The t-distributions have N-1 degrees of freedom. 
 

B

i j nT  model 
         all items         perishable   non-perishable     other goods       services 

         (N = 54)      food (N = 16)    food (N = 13)      (N = 12)       (N = 13) 

(distance-between 0.275  0.550  0.416  0.161  -0.041  

-cities)  1.775  2.746 * 2.032  1.019  -0.266  

I(cities-in-same -0.030  0.132  0.002  -0.201  -0.099  

-state)  -0.135  0.538  0.006  -0.795  -0.463  

I(both-cities-in -0.350  -0.256  -0.802  -0.241  -0.121  

-civil-war)  -1.331  -1.001  -2.087  -0.772  -0.409  

I(cities-on-same -0.068  -0.081  -0.003  -0.086  -0.155  

-side)  -0.765  -0.528  -0.027  -0.889  -1.763  

P(residents-both -0.032  -0.038  -0.031  -0.009  -0.043  

-vote-same-way-16) -2.569 * -2.640 * -2.031  -0.807  -3.094 ** 

P(residents-both- -0.005  -0.002  0.003  0.001  -0.021  

white) -0.668  -0.199  0.386  0.056  -2.152  

P(residents-both- -0.044  -0.126  -0.034  0.007  -0.008  

african-american) -0.855  -2.060  -0.651  0.110  -0.114  

average-age- -0.015  -0.062  -0.048  0.023  0.032  

difference -0.675  -2.627 * -1.707  0.744  1.181  

average-earnings- 0.031  0.084  0.065  -0.012  -0.028  

difference 1.240  2.335 * 2.254 * -0.419  -0.963  

P(residents-both- -0.146  -0.105  0.019  -0.331  -0.187  

high-school-grad) -1.454  -0.930  0.141  -2.578 * -1.719  

P(residents-both- -0.035  -0.011  0.084  -0.122  -0.101  

college-grad) -0.481  -0.110  0.971  -1.046  -1.242  

P(residents-both- 1.023  0.955  0.766  1.298  1.157  

unemployed) 1.201  1.029  0.692  1.325  1.250  

average-agriculture- 0.052  0.036  0.083  0.032  0.048  

difference 1.476  1.127  1.657  0.949  1.227  

average-construct- 0.073  0.110  0.190  -0.046  0.012  

ion-difference 1.087  1.284  1.533  -0.521  0.160  

average-manufact- 0.001  -0.010  -0.003  0.012  0.010  

uring-difference 0.091  -0.767  -0.232  0.663  0.524  

average-minerals- -0.035  -0.031  -0.036  -0.034  -0.041  

difference -2.406 * -1.908  -2.139  -2.405 * -2.940 * 

(average-size- -0.192  -0.251  -0.179  -0.085  -0.220  

difference)  100 -2.307 * -2.461 * -1.766  -0.486  -2.562 * 
           

B

i j nC =   
2

Et

i j
n tp , A

i j nT  = sd t ( i j
ntp ), and B

i j nT  = sd t ( i j
ntp ), where .i j i j

nt nt ntp p p   
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Table 6. Selected coefficient values in the models of LOP deviations using 2012 electoral data 

Figures in italics are cluster- and dyadic-robust t-ratios; each column pertains to a different group 

of items, with N items in each group. The t-distributions have N-1 degrees of freedom. 

  

B

i j nC  model 
         all items         perishable   non-perishable     other goods       services 

         (N = 54)      food (N = 16)    food (N = 13)      (N = 12)       (N = 13) 

(distance-between 2.509  3.630  3.015  2.085  1.117  

-cities)  4.336 ** 3.905 ** 3.863 ** 3.480 ** 2.681 * 

I(cities-in-same 0.670  1.433  0.810  0.891  -0.481  

-state)  0.924  1.333  0.779  1.311  -1.234  

I(both-cities-in 0.278  -0.162  -0.772  0.682  1.411  

-civil-war)  0.444  -0.183  -0.966  0.951  2.598 * 

I(cities-on-same 0.274  0.260  0.661  0.293  -0.188  

-side)  0.714  0.468  1.283  0.667  -0.535  

P(residents-both -0.147  -0.164  -0.173  -0.115  -0.129  

-vote-same-way-12) -2.555 * -2.101  -2.133  -2.320 * -2.993 * 
  

A

i j nT  model 
         all items         perishable   non-perishable     other goods       services 

         (N = 54)      food (N = 16)    food (N = 13)      (N = 12)       (N = 13) 

(distance-between 0.324  0.591  0.480  0.365  -0.104  

-cities)  2.224 * 2.847 * 2.365 * 2.462 * -0.637  

I(cities-in-same -0.141  -0.056  -0.207  -0.110  -0.151  

-state)  -0.680  -0.216  -0.698  -0.477  -0.608  

I(both-cities-in -0.264  -0.164  -0.667  -0.162  -0.085  

-civil-war)  -0.973  -0.538  -1.386  -0.540  -0.289  

I(cities-on-same -0.077  -0.110  -0.133  -0.014  -0.077  

-side)  -0.730  -0.629  -0.874  -0.154  -0.970  

P(residents-both -0.042  -0.051  -0.042  -0.018  -0.050  

-vote-same-way-12) -2.842 ** -2.596 * -2.260 * -1.285  -3.028 ** 
  

B

i j nT  model 
         all items         perishable   non-perishable     other goods       services 

         (N = 54)      food (N = 16)    food (N = 13)      (N = 12)       (N = 13) 

(distance-between 0.279  0.554  0.418  0.163  -0.036  

-cities)  1.787  2.752 * 2.036  1.025  -0.235  

I(cities-in-same -0.032  0.131  0.000  -0.201  -0.100  

-state)  -0.141  0.531  -0.001  -0.795  –0.468  

I(both-cities-in -0.350  -0.257  -0.804  -0.241  -0.120  

-civil-war)  -1.333  -1.002  -2.098  -0.775  -0.407  

I(cities-on-same -0.061  -0.072  0.005  -0.084  –0.150  

-side)  -0.690  -0.472  0.047  -0.881  –1.684  

P(residents-both -0.030  -0.036  -0.031  -0.008  –0.039  

-vote-same-way-12) -2.339 * -2.217 * -1.760  -0.763  –2.867 * 
 

B

i j nC =   
2

Et

i j
n tp , A

i j nT  = sd t ( i j
ntp ), and B

i j nT  = sd t ( i j
ntp ), where .i j i j

nt nt ntp p p   
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Figure 1.  Histograms of the four LOP deviation variables 
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Figure 2.  Histograms of the four LOP deviation variables in the top () and bottom () quartiles of P(residents-both-vote-same-way-16) 
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Figure 3.  Scatterplots of cross-commodity average values of the four LOP deviation variables  

against P(residents-both-vote-same-way-16); least-squares regression lines are in grey 



 


