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Abstract:  
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I. Introduction 

What determines the wealth of a nation? A well-established premise suggests that advancement 

of technology is a primary driver of long-run economic prosperity (Comin, Easterly and Gong 

2010; Keller 2004; Solow 1956). Why then are some countries able to catch up with available 

advanced technology while others are not? On the basis of a growing body of cross-country 

evidence, a consensus has emerged suggesting that some historical roots deeply embedded in 

the distant past can affect the adoption of new technology and accordingly economic prosper-

ity.1 One such “deep root”, for instance, pertains to genetic distance or historically transmitted 

traits measured by the time since two populations last shared a common ancestor. By acting as 

a barrier to the diffusion of productivity-enhancing innovations across populations, genetic dis-

tance can affect economic development over the very long run (e.g. Spolaore and Wacziarg 

2009, 2011, 2012).2   

The lack of subnational evidence, however, means that it remains unclear as to whether 

genetic distance within a single country has any measurable effect on the probability of tech-

nology diffusion as it does across countries.3 By examining the adoption of maize—a New 

World crop and an important agricultural technology—in China over a period of 300 years 

(1600-1900) and the establishment of (modern) firms using an industrial revolution technol-

ogy—either the steam engine or electricity—during the brief period of 1896-1916, we provide 

                                                           
1These lingering traits/deep roots of economic development can assume a variety of mechanisms though, includ-

ing geography (Diamond 1997, 2002; Gallup, Sachs and Mellinger; 1999; Jones 1981; Olsson and Hibbs 2005), 

climatic fluctuations (Ashraf and Michalopoulos, 2014), human capital (Glaeser et al. 2004; Galor, 2011), insti-

tutions (Acemoglu et al. 2001, 2002, 2005; Engerman and Sokoloff 2000; Hall and Jones 1999; La Porta et al. 

1999; Michalopoulos and  Papaioannou, 2013), ethnolinguistic fractionalization (Easterly and Levine 1997; 

Alesina et al. 2003; Alesina and Ferrara 2005), and culture (Alesina et al. 2011; Barro and McCleary 2003, Becker 

and Woessmann 2009; Guiso, Sapienza and Zingales 2009; Nunn and Wantchekon 2009; Tabellini 2008). The 

effect of genetic distance is related with the role of the ancestral composition of the current population (Ashraf 

and Galor 2013, Comin, Easterly and Gong 2010; Putterman and Weil 2010). 
2 Comin and Mestieri (2013) provide a comprehensive review on the measurement, causes and consequences of 

technology diffusion.  
3 The same can be said of technology adoption at the household level (so-called “neighbor” effects), where am-

ple evidence proves its existence (e.g. Foster and Rosenzweig, 2010). Yet, to generalize such findings to the re-

gional and/or country level is really a leap of faith (Commin and Mestieri 2013). 
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a subnational analysis of whether genetic distance had any barrier effects on the diffusion of 

technology across this sizeable Middle Kingdom.   

There are several unique advantages of using China’s case to test the barrier effect of 

genetic distance. First, whereas there are enormous unobserved heterogeneities across coun-

tries, the Chinese prefectures (an administrative unit between the province and the county and 

our unit of analysis) are far more homogeneous in cultural and other aspects; this helps mitigate 

the confounding influences due to the omission of many variables typical of cross-country 

comparisons. Second, although our study focuses on China alone, there are in fact huge varia-

tions in genetic distance across its prefectures. For instance, the Han in north China are genet-

ically closer to the Japanese, whereas their counterparts in the south more closely resemble the 

Vietnamese (Cavalli-Sforza et al. 1994). Third, Chinese surnames have been well preserved 

for generations (Du et al. 1992). Thus we are able to use this rich biographical data to construct 

the historical genetic distance between pairs of prefectures and analyze its effects on technol-

ogy diffusion over a period of several hundred years. 

Altogether there are 107 prefectures spread across 11 provinces in today’s China, with 

an overall sample of 5,671 pairs of prefectures. Using surnames and geographic coordinates 

obtained from the China Biographical Database (CBDB) for the period 960-1368, we construct 

a measure of genetic distance between pairs of prefectures based on Chinese surnames (Nei, 

1973, 1978, and 1987). This measure is reliable as it correlates with both the biological and 

cultural differences—the latter inversely measured using dialect similarities—in today’s China. 

However, given that only 31.8 percent of the observed variations in our measure comes from 

the variation in the true value of genetic distance, the measurement error is severe and may 

cause the effect of genetic distance to be biased towards zero.  

By employing a multinomial probit model (MNP) we set out to identify the causal effect 

of genetic distance on technology diffusion, which we define as the conditional probability of 
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technology convergence between pairs of prefectures with initial technological differences be-

tween them. In the case of maize adoption, we find that a one standard deviation increase in 

genetic distance between pairs of prefectures has the effect of lowering the probability of tech-

nology convergence by about 0.7 percent during 1600-1650, 9.0 percent during 1600-1700, 9.4 

percent during 1600-1750, 8.4 percent during 1600-1800, and 2.1 percent during 1600-1850. 

These results imply that, while genetic distance does have a barrier effect on technology diffu-

sion, this effect eventually disappears over time.  

To check robustness we similarly estimate the effect of genetic distance on the adoption 

of an industrial revolution technology—the steam engine, which we proxy using the establish-

ment of modern firms that utilized either the steam engine or electricity, for the (shorter) peri-

ods of 1896-1906 and 1896-1916. As with our findings on maize adoption, a one standard 

deviation increase in the genetic distance lowers the probabilities of adopting the steam engine 

and electricity by respectively 4.8 percent and 10.4 percent during the two periods in question. 

These results remain robust to the control of geographic isolation, the differences in physical 

area and population size between a pair of prefectures, climatic differences (based on geo-

graphic coordinates), and crop suitability (in the case of maize adoption) and treaty ports and 

railway (in the case of firm establishment).4  

To correct for the potential estimation biases caused by measurement error and omitted 

variables, we use the forced migration of various nomadic tribes to the Han’s settlement to 

instrument for the endogenous genetic distance. The underlying rationale is that, when the 

Mongols defeated various nomadic groups, to prevent their military from easily regrouping the 

Mongols forcibly displaced these nomadic tribes from their homeland to settle alongside the 

                                                           
4 Lasted for approximately 100 years (circa 1841-1949), treaty ports in China were first established by the Brit-

ish following the conclusion of the First Opium War of 1841. With more than 80 such ports eventually estab-

lished, they provided both extraterritoriality and nation privileges to mainly the British, the French, and the 

Americans. Jia (2014) contends that China’s treaty ports have conferred certain beneficial economic legacies on 

regions in which they were established. 
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Han. While some nomadic groups such as the Tangut became thoroughly assimilated with the 

Han, others—notably the Hui—have retained their distinct identity even to this day.5 This sharp 

difference between the Tangut and the Hui with respect to the assimilation into Han society 

affords an invaluable opportunity for identifying the causal effects of the exogenous variation 

in assimilation on genetic distance. Other things held constant, we expect that, among the pairs 

of prefectures in which the nomads (either the Tangut or the Hui) resided, the genetic distance 

between the pairs of prefectures where the Tangut lived should be shorter than that between all 

other pairs.  

By instrumenting genetic distance with the Tangut’s migration while controlling for the 

settlement of other nomadic tribes (including the Mongols), we find that the marginal effect of 

genetic distance is substantially larger than that of the baseline results, suggesting that the base-

line estimates of genetic distance are likely biased downwards due to measurement error. In 

the case of maize adoption, for instance, a one standard deviation increase in genetic distance 

between pairs of prefectures (0.675) during 1600-1700 has the effect of lowering the probabil-

ity of technology convergence by about 32 percent, whereas the marginal effect of genetic 

distance on the modern firms during 1896-1916 is enlarged from -0.155 to -0.739. 

Although genetic distance has a barrier effect on technology diffusion and development, 

the precise channel through which this occurs remains a moot point (Spolaore and Wacziarg 

2009). In this paper, we find evidence that genetic distance has the effect of reducing both the 

intensity and quality of interaction, leading to a slower rate of technology diffusion. Interaction 

is an arguably important channel during the pre-modern period because, unlike in modern times 

                                                           
5 Descendants of the Huihui from the Yuan dynasty, the Hui belonged to an Islamic state in Central Asia 

(Khwarezmid Empire, circa 1077-1231) who were conquered by the Mongols in 1221. Unlike the Tangut, who 

have long lost their ethnic identity thanks to their assimilation with the Han, the Hui has survived to this day as 

a distinct ethnic group. 
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when technology diffusion can be effectively facilitated via written or electronic media (Hor-

nung 2014; Rosenberg, 1970), back then it depended primarily on face-to-face interaction.6 

Using the China Biographical Database (CBDB) for the period 960-1368, we find that people 

in the paired prefectures where they were closer genetically interacted much more frequently. 

In particular, we find that government officials were more likely to impeach than to recommend 

each other if they were born in the pairs of prefectures with greater genetic distance—a result 

consistent with Guiso et al.’s (2009) finding that genetic distance reduces bilateral trust. Over-

all, evidence is consistent with the idea that genetic distance can affect the rate of technology 

diffusion, through its effect on both the quantity (frequency) and quality (friendly/hostile) of 

interaction between pairs of prefectures. 

The remainder of the paper is organized as follows. In Section II we construct the meas-

ure of genetic distance between 5,671 pairs of prefectures, and in Section III we provide a 

descriptive account of technology diffusion in China. We then introduce our estimation strate-

gies and define the pertinent variables in Section IV, followed by a discussion of the baseline 

results in Section V. We report the instrumental evidence in Section VI. Section VII concludes.  

 

II. Surname Analysis and Genetic Distance 

II.A. Sample 

To see if a causal link existed between genetic distance and technology diffusion in 

historical China, we construct a data set that covers 107 prefectures across 9 provinces lying to 

the south of the Great Wall—traditionally the settled agricultural region.7 Demarcated accord-

ing to the administrative divisions of the Qing government, the boundaries of the sample pre-

fectures are shown in Panel A of Figure 1. The geographic locations of those prefectures are 

                                                           
6 Hornung (2014) shows that face-to-face contact could indeed lead to rapid technology diffusion, using the case 

of Huguenot immigrants in Prussia as an example.  
7 Including the three provincial level municipalities of Beijing, Tianjin, and Shanghai, these 9 provinces cover 

12 provinces in today’s China. 
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fitted onto the map of contemporary China in Panel B (shaded in dark grey).8 Although there 

were altogether 23 provinces in Qing China, our sample prefectures cover only 9 of them. This 

sample selection is premised upon the consideration that the data required for computing the 

genetic distance of the ethnic Han—specifically a biographical data set on the celebrity families 

during the Song and Yuan dynasties—are available for only 9 provinces, whose geography 

corresponded to the settled agricultural community of the Han.  Together, these 9 provinces 

contained a total of 107 prefectures, covering some 13.5 percent of the territory (1,300,000 

square kilometers) and approximately 45.7 percent of the total population (612.3 million) in 

today’s China.   

Figure 1 about here 

Two questions arise immediately. First, given that an overwhelming majority of the 

people in China was ethnically Han,9 was there sufficient difference in genetic distance within 

the Chinese population? Second, even if there was, can our small geographic sample adequately 

capture the various genetically-different groups? First of all, evidence does suggest the exist-

ence of a vast genetic distance between the people of north and south China, with those in the 

east lying somewhere in between. For instance, Cavalli-Sforza et al. (1994) point out that “(all) 

the Han speak Sino-Tibetan languages, but genetically the northern Han are closely related to 

Mongolian and Japanese people, and the southern Han to the Vietnamese and Mon-Khmer, 

who belong to the Southeast Asian and southern Mongoloid cluster” (Cavalli-Sforza et al. 1994, 

p. 233).10 Even though our sample covers only 13.5 percent of the territory of today’s China, 

evidence suggests that the geographic distribution of the three main Neolithic areas and gene 

                                                           
8 Those shaded in light grey were the nomadic regions. 
9 Although Qing China was ruled by the Manchus, 98.7 percent of the population was still ethnically Han ac-

cording to the population census of 2000.  
10 This biological claim is confirmed by archaeological evidence of differences in the skull (Howells 1981) and 

upper teeth (Turner II, 1989) of the ancient people of north and south China—a difference dating back to the 

Paleolithic period. Genetic distance across regions in China persists, in spite of the millennia-long Sino-nomadic 

warfare and various waves of internal migration—both of which should have the effect of shortening the dis-

tance. 
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types are nearly identical (Du et al. 1992). This can be seen from Figure A1 in Appendix A, 

where we have classified the Chinese population into four distinct groups characterized by 

strong genetic differences based upon Du et al. (1992).  

 

II.B. Surname Analysis and Genetic Distance, 960–1368 

Increasingly, economists have resorted to human genetic data to analyze the effect of 

genetic distance on economic exchange and income differences (Ashraf and Galor 2013; Des-

met et al., 2007; Giuliano et al., 2014; Guiso et al., 2009; Spolaore and Wacziarg, 2009, 2011). 

By sampling populations for specific genes (alleles) that can take different forms, geneticists 

are able to calculate and compile data on allele frequencies. The differences in allele frequency 

between populations define genetic distance. Intuitively, genetic distance is related to the prob-

ability that alleles at a given locus selected at random from two populations will be different. 

A higher genetic distance is “associated with larger differences” (Spolaore and Wacziarg, 2009: 

480-481), and vice versa.  

 

II.B.1 Surname as a Measure of Genetic Distance 

To examine the effect of genetic distance on technological diffusion we begin by con-

structing a reliable measure of genetic distance between the populations for each pair of the 

107 Chinese prefectures. Whilst genetic distance is typically calculated using data on protein 

polymorphism, geneticists and physicists have increasingly employed the frequency distribu-

tion of surnames as a measure of the consanguinity of populations. As surnames are passed 

down paternally (as is typical of patrilineal societies), the underlying transmission rules are 

essentially the same as those of the Y chromosome (Kimura, 1983; Rossi, 2013; Zei et al. 1983a, 
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1983b).11 The use of surnames to explore a country’s population structure, in particular, has 

gained popularity among researchers (Branco and Mota-Vieira,2003, 2005; Bronberg et 

al.,2009; Clark 2014; Colantonio et al.,2003; Rodriguez-Larralde et al., 2011).  

Having survived a recorded history of 4,000 years surnames in China are ancient (Liu 

et al. 2012), with some dating to as far back as the late Neolithic times (Cavalli-Sforza et al. 

1994). There are three reasons why the distribution of Chinese surnames is a reliable source 

for studying the genetic structure of population. The first is that for the majority of surnames it 

is possible to trace their origins. Take the most common Chinese surname, Li, for example.12 

As shown in Appendix B (Panel A of Figure A2), the surname Li has its origins in three geo-

graphic locations. Yet, chances are those who shared the same surname Li shared the same 

ancestors. Second, as we further show in Panel B of Figure A2 (of Appendix B), there exist 

huge variations in the geographic distribution of the surname Li, suggesting that the geographic 

distribution of surname is sufficiently varied to enable us to construct a measure of genetic 

distance. Third, surname provides just as reliable a measure as other alleles at locus for meas-

uring the consanguinity of populations (Baek et al. 2007; Du et al. 1992; Liu et al. 2012; Yuan 

and Zhang 2002). Here we examine the correlation between a measure of genetic distance 

based on the frequency distribution of the A, B and O alleles of the ABO gene at the province 

level, on the one hand, and those using surname frequency on the other hand. Reported in 

Figure A3 (Appendix C), the result shows that the two measures are indeed strongly corre-

lated.13 

                                                           
11 It thus satisfies the neutral theory of evolution that most of the genetic variation in populations is the result of 

random genetic drift, mutation and migration (Kimura, 1983; Rossi, 2013). 
12 Based on the Population Census of 1982, nearly 8 percent (7.94) of the Chinese population has the surname 

Li, making it the most common Chinese surname (Yuan and Zhang, 2002). 
13 Specifically, by regressing the surname-based measure of genetic distance on the one computed according to 

the ABO frequency, we obtain the beta coefficient of 0.536, suggesting that the distribution of surname is a 

sound proxy for the distribution of alleles at locus.  
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Another distinct feature of the surnames in China is that, due perhaps to the deeply 

embedded Confucian culture (which stresses filial piety), the Han Chinese do not change their 

surnames easily. Evidence indeed suggests that “the historical inheritance of Chinese surnames 

has been continuous, approaching drift-migration equilibrium after thousands of years of sur-

name evolution” (Liu et al. 2012, p. 342). Thus surnames in China provide an excellent means 

through which to study the genetic structure of populations (Baek et al. 2007; Du et al. 1992; 

Liu et al. 2012; Yuan and Zhang 2002).  

Surname studies are based on the concept of isonymy. In the context of this study, the 

isonymy ( iS ) within a prefecture i  can be defined as 

 
2

1

L

i il

l

S p


  (1) 

where L is the number of surnames, and ilp  is the probability of surname l  in prefecture i . 

The isonymy ( ijS ) between prefectures i  and j  is thus a measure of the level of similarity 

between the two populations, defined as 

 
1

L

ij il jl

l

S p p


  (2) 

where L is the number of surnames, and ilp and jlp  are respectively the probabilities of sur-

name l  in prefectures i  and j . The standard isonymy can be calculated by /ij ij i js S S S , 

and the genetic distance ( ijG ) between prefectures i  and j  can be calculated according to Nei 

(1973, 1978, 1987) as 

 ln( )ij ijG s   (3) 

Note that for consistency we follow existing studies on genetic distance in China to 

employ Nei’s distance (G ), instead of the co-ancestor coefficient ( stF ) employed by Spolaore 
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and Wacziarg (2009), although either method should be acceptable because Nei’s distance is 

highly correlated with stF  (0.939, Cavalli-Sforza et al., 1994; Spolaore and Wacziarg, 2009). 

 

III.B.2 The CBDB Sample and the Construction of the Genetic Distance Measure 

Data on Chinese surnames are obtained from the China Biographical Database (CBDB), 

a large database constructed by the Harvard Yenching Institute that contains the biographical 

information of some 116,150 individuals spanning the period from the 7th through to the 19th 

centuries. Based on the names of those who lived during the Song and the Yuan dynasties (circa 

960-1368) and by using the geographic coordinates (latitude and longitude) of their residences, 

we are able to place the 38,026 individuals in the CBDB on a map of our sample prefectures. 

Doing so results in 573 different surnames. Given that the individuals in the CBDB were all 

celebrities, it is clearly not a random sample. To see how biased our sample may be, in Figure 

A4 in Appendix D, we plot its geographic distribution against the average number of house-

holds for the years 1100 and 1293 (Panel A). To our surprise we find that their spatial distribu-

tions are strikingly similar. To further confirm this correlation we regress the CBDB sample 

(in log-term) on population size (also in log-term) and find that they are indeed highly corre-

lated (Panel B of Figure A4). Reported in the same figure, the result of the short regression 

shows that the two are correlated at 1.098 with a standard error of 0.071, suggesting that the 

null hypothesis that the correlation in question is equal to one cannot be rejected. The individ-

uals in the CBDB sample may thus be regarded as representative of the whole population. 

We follow the method employed by Zei et al. (1983a, 1983b) in calculating the genetic 

distance between pairs of prefectures using the CBDB sample.14  For our purpose we first have 

to ascertain whether or not the Chinese surnames behave as “selectively neutral” alleles at a 

                                                           
14 Du et al. (1992) employ the same method in calculating the genetic distance between pairs of Chinese prov-

inces. An economic application can be found in Bai and Kung (2011b). 
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locus, which can be done by observing the “fitness” of the frequency distribution of the sur-

names with the theoretical distributions of the neutral alleles.15 Note that a surname is regarded 

as “selectively neutral” if it provides no selective advantage to the individual who possesses it. 

We show, in Appendix E, that the observed frequency distribution of surnames fits the theo-

retical distributions well.16 We can calculate Nei’s genetic distance based on Equations (1), (2) 

and (3). Table 1 provides the summary statistics of genetic distance between pairs of Chinese 

prefectures. The mean of genetic distance is about 1.322 and the standard deviation is 0.675. 17  

Table 1 about here 

 

II.B.3 Reliability of the Historical Genetic Distance Measure—Correlation with Contemporary 

Biological and Cultural Differences 

One concern with regard to our construction of the historical genetic distance measure 

based on surname data from the Song and Yuan dynasties is whether it is closely correlated 

with the genetic distance measure constructed on the basis of biological data. To verify, we 

employ the data provided by Du et al. (1992) and construct a measure of the genetic distance 

between pairs of Chinese provinces in 1982 based on the frequency distribution of the A, B, O 

alleles of the ABO gene, denoted by
1982

pqG .18   

We begin our analysis by first exploiting the cross-provincial variations in genetic dis-

tance between pairs of prefectures ( ijG ). Suppose there are pN  prefectures in province p  and 

                                                           
15 Biologists have established, theoretically, the exact distribution of the number of selectively neutral alleles (or 

surnames) in a finite population (Fisher 1943; Karlin and McGregor 1967; Yasuda et al. 1974; Zei 1983a, 

1983b).  
16 We report the relative importance of both mutation (migration) and drift in the Chinese case in Appendix E. 

Unlike those of most European countries—where drift predominates over mutation (Rodriguez-Larralde et al. 

1998a, 1998b, 2003; Scapoli et al. 2005), and that of the United States—where recent immigration has a domi-

nant effect (Barrai et al. 2001), the population structure of China is the result of both drift and mutation (Liu et 

al. 2012). 

17 ijs  equals to 0 for 5 pairs of prefectures, with the number of observations for genetic distance ( ln( )ijs ) de-

creases from 5,671 to 5,666.  
18 The data provided by Du et al. (1992) are available only at the provincial level. 
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qN  prefectures in province q . Then there will be ( * ) / 2p qN N  pairs of prefectures between 

the two provinces. We then use the thk decile ( 1,2, ,9k  ) of the values of genetic distance 

between the ( * ) / 2p qN N   pairs of prefectures to represent genetic distance between any pair 

of provinces, which we denote by
k

pqG . To check if our measure is reliable, we regress 
1982

pqG  

on
k

pqG .  Reported in Panel A of Table A2 in Appendix F, the results clearly show that, while 

the number of observations is small (only 62, Panel A, dependent variable: 
1982

pqG ), the coeffi-

cients are highly significant at the 1 percent level of significance, suggesting that our measure 

of genetic distance likely captures (at least) some of the variations in genetic distance in 1982. 

An equally if not more important concern pertains to the issue of measurement error. 

Put simply, what percentage of the observed variation in our constructed measure comes from 

the variation in the true value? In principle the observed genetic distance 
k

pqG  ( 1,2, ,9k  ) 

should be equal to the true value of genetic distance plus the measurement error: 

*k k k

pq pqG G u   

And the genetic distance in the Song and Yuan dynasties (
*k

pqG ) should be correlated with the 

genetic distance in 1982 (
1982

pqG ):  

1982 *k

pq pqG G    

Due to measurement error, the regression specification should be rewritten as 

1982 k k

pq pqG G u      

This may bias the estimator such that 

*

*

var( )
ˆ

var( ) var( )

k

pq

k k

pq

G

G u
 


, 
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and ̂ would be biased towards zero. To correct for this bias we employ a different measure of 

genetic distance in the Song dynasty (
1279

pqG ) as constructed by Yuan and Zhang (2002) to in-

strument 
k

pqG —one that is correlated with 
k

pqG  but not with the measurement error ku , and re-

port the IV estimates of   in Panel B of Table A2 in Appendix F.19 The ratio of ˆ /   may be 

regarded as the ratio of the variation in the true value to the observed variation in genetic dis-

tance, which ranges from 0.194 to 0.390 with the average being 0.318.  

 

To further check the validity of our historical measure of genetic distance based on the 

surname measure, we proceed to verify whether it is correlated also with the cultural differ-

ences across the Chinese population, based on the premise that differences between the two 

measures should be highly correlated due to the coevolution of gene and culture (Spolaore and 

Wacziarg, 2012). Our basic assumption is that, the greater the similarity between two given 

dialects the smaller the cultural difference would be; i.e., the two are inversely related. Table 

A4 of Appendix F clearly shows that the similarity of dialects is significantly negatively cor-

related with genetic distance, a clear indication that our historical measure of genetic distance 

is highly correlated with cultural differences in today’s China. Data on the Chinese dialects are 

obtained from the Language Atlas of China digitalized by Lavely (2000). 

 

III. Technology Diffusion  

We test the barrier effect of genetic distance by examining, empirically, the adoption 

of two important technologies in the historical context of China. The first is a new agricultural 

                                                           
19 Unlike

k

pqG , this measure is constructed at the province level. 



14 
 

technology—maize—that provides distinctly higher calories, whereas the second is an indus-

trial revolution technology—the steam engine (or, even more advanced, electricity). We use 

the establishment of (modern) firms to proxy for the adoption of either technology.  

 

III.A. Case 1: the Diffusion of Maize in China, 1600-1900  

An important aspect of the “Columbian Exchange”, according to Nunn and Qian (2010), 

is the biological exchange of food crops between the Old World and the New World.20 Specif-

ically, Nunn and Qian (2011) show that the adoption of the potato in Europe—a crop originated 

from the New World—contributed between 25-26% and 27-34% of the increase in Old World 

population and urbanization, respectively, between 1700 and 1900.21 China belonged to that 

part of the Old World that, due primarily to soil suitability, favored maize and sweet potato—

the other two popular New World crops—over the potato. Like Europe, China also experienced 

an explosion in population from roughly 13 million in 1500 to more than 400 million in 1910 

(Ge 2000; Ho 1959; Perkins 1969)—a consequence that was recently shown to have been 

caused by the adoption and spread of maize (Chen and Kung, 2014; see also Shiva 1991; Zhao 

1985).22 For reasons pertaining to suitability and data considerations we employ only the dif-

fusion of maize for testing our hypothesis.    

As the traditional crop in today’s Mexico, maize was brought to the Old World by Co-

lumbus in 1492. It spread rapidly around the globe during the 16th and 19th centuries. In China, 

                                                           
20 The “Columbian Exchange” is described as “the exchange of diseases, ideas, food crops, and populations be-

tween the New World and the Old World following the voyage to the Americas by Christopher Columbus in 

1492” (Nunn and Qian, 2010: 163). 
21 An additional advantage of these New World crops is that they “do not compete with Old World crops but 

complement them” (Crosby 2003, p. 177). 
22 Indeed, China’s adoption of maize and sweet potato is hailed by an eminent historian as “the second agricul-

tural revolution” (Ho, 1959, p. 184). 
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maize was also introduced around the middle of the 16th century via three routes.23 In the be-

ginning, around 1600, maize was adopted in only a handful (11) of prefectures, constituting a 

mere 10.3 percent of the overall sample. In the next 50 years (circa 1650), only 6 more prefec-

tures (5.6 percent) joined the early adopters. But by 1700 maize had been adopted by 33.6 

percent of all the prefectures in our sample, and the adoption rate grew to 43 percent by 1750. 

It appears that 1750-1800 was the period when the crop experienced the sharpest growth. By 

the beginning of the 19th century, maize was found cultivated in 72.9 percent of the sample 

prefectures; by 1850 87.9 percent of the sample prefectures; and by 1900 all sample prefectures. 

The process of diffusion is shown in Panel A of Figure 2. 

Figure 2 about here 

 

III.B. Case 2: the Adoption of the Steam Engine—Modern Firms, 1839-1916  

Among the many technologies and processes invented in the course of the Industrial 

Revolution, the steam engine played a singularly important role (Allen 2009). While China did 

not experience an industrial revolution during 1760-1840, its eventual opening up to the 

West—beginning with the First Opium War (circa 1839-41)—meant that it was only a matter 

of time before Western firms would bring new technologies and knowhow into China and be-

fore some of the domestic firms would mimic their Western counterparts by adopting these 

advanced technologies and organizational processes. By employing data on the establishment 

of what Chang (1987, 1989) calls “modern industrial firms” during 1840-1916, which he de-

fines as those operating with either the steam engine or electricity (the latter invented after 

                                                           
23 The first was the Silk Road from Central Asia and the Pamir Mountains into Gansu, a province in northwest 

China. Second, it was also brought to the southwestern province of Yunnan via India and Myanmar. Third, the 

Portuguese also brought this crop to the coastal province of Fujian in the south (Cao, 1988; Tong, 2000, p. 18). 
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1870), we are able to test whether the diffusion of these new technologies patterned upon the 

logic of genetic distance.24  

Even after the steam engine had eventually reached China, its initial diffusion was slow. 

In fact, it was not until 1896—the first year after China’s defeat in the First Sino-Japanese War 

(1894-1895)—that 15 prefectures with industrial establishments became powered by either the 

steam engine or electricity. The number doubled after a decade (1906), with about 27 percent 

of sampled prefectures (29 out of 104) having established the so-called modern firms. The 

number doubled yet again after another 10 years (1916), with firms in approximately 52.3 per-

cent (56 of 104) of the sampled prefectures having adopted either of these new technologies. 

The geographic distribution of the diffusion is presented in Panel B of Figure 2.25  

 

 IV. Estimation Strategy 

IV.A. Probability of Technology Diffusion 

We define the probability of technology diffusion from time 0  to  t  between prefec-

tures i  and j  (
t

ijq ) as the conditional probability of technology convergence at time t  

(
t t

i j  ), assuming that an initial difference in technology exists between them at time 0 , i.e., 

(
0 0

i j  ). Specifically,  
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24 According to Chang (1989), firms must meet several other criteria to be considered as modern industrial enter-

prises. They must (1) have registered capital of at least 10,000 silver yuan (equivalent to 1,094 pound sterling); 

(2) employ at least 30 workers; (3) produce an annual output of at least 50,000 silver yuan in value; and (4) have 

adopted modern (hierarchical) management practices (refer to Bai and Kung (forthcoming) for details). 
25 Unlike maize whose diffusion can be tracked up to the point where the crop had spread to the whole of China, 

our data on the establishment of modern firms end in 1916. 
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According to Panel A of Figure 2, which depicts the temporal diffusion of maize in historical 

China, we can see that, for a pair of prefectures ( i  and j ) there exist three possible combina-

tions regarding the state of maize adoption (
t

i  and 
t

j ). Denoted by (0, 0), the first combina-

tion describes the situation where neither prefecture adopts maize ( 0t t

i j   ), whereas (0, 1) 

denotes the case where one of the two prefectures adopts maize (
t t

i j  ). Represented by (1, 

1), the third combination is when both prefectures adopt maize ( 1t t

i j   ).  

Based on the values of 
0

i , 
0

j , 
t

i  and 
t

j  we have six different categories of tech-

nology diffusion: 
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The conditional probability of technology convergence with an initial technology difference in 

any given pair of prefectures from time 0 to t  can be written as 
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IV.B. Multinomial Probit Model 

Given that our dependent variable ( ijy ) is a categorical variable with six different out-

comes, we employ the multinomial probit (MPN) model to estimate the effect of genetic dis-

tance on ijy  and to calculate its marginal effect on the probability of technology diffusion (
t

ijq ). 

Specifically, assuming the existence of the latent variable
*

ijmy  is calculated by 

*

ijm ij m ij m ijmy G X      
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where m is assumed to follow a multivariate normal distribution and is correlated with all the 

six categories. Denote the covariance matrix of m  by  , which may be diagonal as in 

~ (0, )MND  , with NI   and 
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50 55

( )m mE

 

 

 

 
     
 
 

 

in which N is the total number of prefecture pairs. Category m  would be chosen if 
*

ijmy is high-

est for m , i.e. 

* * * *

0 1 5      max( , , , )ijm ijm ij ij ijy m if y y y y   

A reference group will be assigned and the covariance matrix will be reduced from 6 6  to

5 5 . The marginal effect of genetic distance on the probability of technology diffusion ( ijq ) 

can be calculated as 
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A technical issue remains in regard to the inference of the estimators. That is, even if 

the measure of genetic distance is exogenous, in that m  can be estimated using the MPN 

model, the usual estimated standard errors will still be biased due to the spatial correlation of 

the error terms (Spolaore and Wacziarg 2009). To solve this problem, we employ a two-way 

clustering of the standard errors proposed by Cameron et al. (2006). Typically, use of this 

method will result in standard errors that are an order of magnitude larger than the heterosce-

dasticity-consistent standard errors obtained from the MPN model. Because spatial correlation 

is indeed a serious methodological concern we will report both types of standard errors in our 

baseline results.  

 

IV.C. Control Variables 
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In testing the effect of genetic distance on technology adoption it is necessary to control 

for the confounding variables—most notably geographic isolation, prefecture size, climatic 

differences and crop suitability (in the case of maize adoption) and treaty ports and railway (in 

the instance of modern firms establishment). 

Geographic Isolation Since genetic distance is likely correlated with geographic isolation, we 

control for a set of geographic factors. They include the great circle (geodesic) distance be-

tween the mass points of prefectures i and j calculated using the geographic coordinates from 

China Historical GIS (CHGIS, 2007), three dummy variables that indicate whether a pair of 

prefectures are contiguous, coastal, or situated along the Changjiang (or Yangtze) River—the 

most navigable river in China, and another dummy variable for provincial effect, i.e., whether 

both prefectures are located in the same province. Together, these variables capture the ease of 

communication between prefectures.  

The Effect of Size Another confounding variable pertains to the physical areas and population 

sizes of a pair of prefectures. To the extent that the populations of two larger prefectures are 

more likely to share a similar genetic structure, and that larger prefectures are more likely to 

adopt maize, both physical land size and population size are likely correlated with genetic dis-

tance and the adoption of maize. To control for these potential confounding effects we include 

the differences in total land area (in log-term) and population density in the Song and Yuan 

dynasties between pairs of prefectures.   

Climatic Difference The third dimension of control pertains to climatic differences between 

pairs of prefectures, measured by the absolute value of the difference in latitude between pre-

fectures i and j. Latitude can affect crop adoption by virtue of its association with climate (Gal-

lup, Mellinger, and Sachs 1998; Sachs 2001). Indeed, to the extent that regions located at the 

same latitude share similar climatic conditions, barriers to technology diffusion are arguably 

greater along the North–South axis than along the East–West axis (Diamond 1997). Likewise, 
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we control for the absolute value of the difference in longitude between pairs of prefectures in 

order to capture the possible difference along this alternative axis. Since China is affected by 

the monsoon characteristics of northeast Asia (Zhang and Lin 1992) and in the summer the 

monsoon blows from southeast to northwest but reverses in the winter, it is necessary to also 

control for the differences in longitude.  

Crops Suitability The fourth dimension of control pertains to the difference in crop suitability 

arising from the differences in soil conditions between pairs of prefectures that may simulta-

neously affect both the adoption of maize and genetic distance. In addition to controlling for 

the differences in soil suitability for growing maize we control also for those for growing the 

sweet potato—the other popular New World crop China had adopted. Based on data obtained 

from the Food and Agriculture Organization (FAO)’s 2012 Global Agro-Ecological Zones 

(GAEZ) database, the suitability index is constructed according to Nunn and Qian (2011).  

The Difference in Western Penetration To the extent that the establishment of the modern 

firms may have been facilitated by the “treaty ports” and railway, it is necessary to control for 

differences in these two respects between pairs of prefectures. Specifically, we differentiate 

between prefectures in a pair by the number of years a prefecture had a treaty port or the number 

of years a prefecture was served by railway.26  Data on treaty ports and railway are obtained 

from Yan (1955).  

 

V. Empirical Results 

V.A. Baseline Results 

We first examine the effect of genetic distance on the diffusion of maize and begin with 

a univariate regression, before incorporating the necessary control variables which maybe cor-

related with both genetic distance and technology diffusion. The results are reported in Table 

                                                           
26 For a given prefecture with either no treaty port or no railway the assigned value will remain zero throughout. 



21 
 

2. The effect of genetic distance on the probability of maize diffusion is examined separately 

for the following five periods: 1600-1650, 1600-1700, 1600-1750, 1600-1800, and 1600-1850. 

Genetic distance had no barrier effect on maize adoption during 1600-1650, for the simple 

reason that only five prefectures joined those that had adopted maize earlier. In the period of 

1600-1700, the short regression shows that genetic distance has a significant barrier effect. The 

marginal effect of genetic distance is -0.124, implying that a one standard deviation (0.675) 

increase in genetic distance will decrease the probability of technology diffusion by about 8.4 

percent (column 2.1, Table 2). The barrier effect remains strong for the 1600-1750 period, with 

the magnitude of the marginal effect increasing from -0.124 to -0.131 and with a corresponding 

decrease in the likelihood of maize adoption by about 8.8 percent for a one standard deviation 

increase in genetic distance (column 3.1, Table 2). While the magnitude of decrease is reduced 

to -0.112 for the longer period of 150 years (1600-1800), the marginal effect remains signifi-

cant at the 5 percent level. Genetic distance also exhibited no significant barrier effect during 

1800-1850, as 88 percent of the prefectures had adopted this New World crop by then. 

Table 2 about here 

We then include the control variables introduced in Section IV.C, which include dis-

tance, contiguity, coast, Yangtze River, within-province dummy, the distance in area, the dif-

ference in population, difference in latitude, difference in longitude, and difference in crop 

suitability (maize and sweet potato). Consistent with the baseline results, between the two ex-

tremes genetic distance exhibits significant barrier effects in the other three periods. For in-

stance, the long regression shows that the marginal effect of genetic distance for the period of 

1600-1700 is -0.133 (column 2.2, Table 2), which is slightly larger than that for the short re-

gression of the same period (-0.124, column 2.1, Table 2). For the longer periods spanning 150 

years (1600-1750, column 3.2) or 200 years (1600-1800, column 4.2), the genetic distance 
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between pairs of prefectures remains highly significant, with a magnitude similar to that given 

by the short regressions (column 3.1 and 4.1). 

As shown in Table 2, the heteroscedasticity-consistent errors (in round brackets) are 

about twice as large as the two-way clustering standard errors (in square brackets), suggesting 

that the spatial correlation between errors is indeed a serious concern. But even after correcting 

for the overestimation associated with the heteroscedasticity-consistent standard errors using 

two-way clustering, the barrier effect of genetic distance remains significant. 

We then examine the effect of genetic distance on the diffusion of modern (steam en-

gine/electricity-powered) firms for the two separate periods of 1896-1906 and 1896-1916. The 

results are reported in Table 3.  In column 1.1, in which we begin with a univariate regression 

for the period of 1896-1906, we find that genetic distance has a significant barrier effect on 

technology diffusion. The marginal effect of genetic distance is -0.09, implying that a one 

standard deviation (0.675) increase in genetic distance will decrease the probability of technol-

ogy diffusion by about 6.1 percent (column 1.1, Table 3). With the inclusion of the control 

variables, the marginal effect decreases from -0.09 to -0.087. For the longer period of 1896-

1916, genetic distance still has a significant barrier effect on technology diffusion and with a 

larger marginal effect, understandably because the difference between the two periods is only 

10 years. A one standard deviation (0.675) increase in genetic distance will now decrease the 

probability of technology diffusion by about 11.7 percent (column 2.2). As there were two 

types of firms—foreign firms and domestic firms—during Qing China, we check the robust-

ness of our results by excluding the foreign firms. Reported in columns 3.1-4.2, the results 

remain unchanged.   

Table 3 about here 

 

VI. Instrumented Evidence 
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In estimating the effect of genetic distance on maize adoption we are confronted with a number 

of endogeneity issues. Foremost is the problem of measurement error. As shown in Section II, 

with only about 35 percent of the observed variation coming from the variation in the true value, 

the coefficient on the inexactly measured genetic distance is likely biased towards zero. Second, 

despite our attempt to control for a variety of factors that may bear upon both genetic distance 

and technology diffusion, we are still unable to rule out the biases due to omitted variables. For 

instance, although we have controlled for distance, we cannot rule out the possibility that un-

observable differences in transportation cost (due to differences in geographic barriers) may be 

correlated with both genetic distance and technology diffusion (Giuliano et al., 2014). While 

the effect of genetic distance is likely to be underestimated due to measurement error, the pos-

sibility of a correlation existing between the unobserved transportation cost and genetic dis-

tance implies that we will not know the direction of these two potential sources of bias unless 

we use an instrumental variable to correct for them. It is to this approach that we now turn. 

 

VI.A. Forced Migration of the Tangut as Instrument 

To correct for the potential sources of bias associated with measurement errors and 

omitted variables, we identify an exogenous variation that correlates strongly with genetic dis-

tance but not with the omitted variable, particularly transportation cost, and with the dependent 

variable of the adoption of maize or the steam engine. In light of the fact that in China it was 

ethnic assimilation (achieved via mutation or migration) rather than drift that affected its pop-

ulation structure (Liu et al. 2012), the difference in ethnic assimilation provides just such an 

exogenous variation.  

Historically, ethnic assimilation in China was largely the consequence of nomadic con-

quests by the Mongols of both the ethnic Han and various ethnic minorities (Du and Yuan 
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1995).27 To prevent the various ethnic groups from easily rebuilding their military strengths 

the Mongols forcibly resettled them in areas traditionally inhabited by the Han. For instance, 

having lost their empire (of Western Xia, circa 1038–1227) to the Mongols in 1227, the Tangut 

were uprooted and forced to resettle alongside the Han (refer to Panel A of Figure 3 for the 

settlement patterns of the Tangut).28 Conversely, while the Hui were similarly deracinated upon 

conceding the Khwarezmid Empire (1077-1231) to the Mongols in 1221, they have not inter-

married with the Han and thus retained their distinct ethnic identity to this day (refer to Panel 

B of Figure 3 for the settlement pattern of the Hui). We can thus exploit the difference in the 

assimilation of these two ethnic groups as our instrument to identify the causal effect of genetic 

distance on technology diffusion. In other words, if one of these two groups—the Tangut—

assimilated better with the Han, then the genetic distance of the Han in the pairs of prefectures 

where the Tangut lived would become shortened as a result. The other ethnic group—the Hui—

will serve as the control group.  

Figure 3 about here 

 The underlying rationale of our identification strategy is that, the observed correlation 

between the presence of either ethnic group in a given pair of prefectures ( ijN  equals 1 in this 

instance) and the genetic distance of the Han for that given prefecture pair ( ijG ), denoted by 

cov( , )ij ijN G , essentially captures two types of effects: the effect of the omitted variable ( ijR ), 

say the unobserved transportation cost ijR , where cov( , ) 0ij ijN R  , and the assimilation effect.  

Given that the Hui failed to assimilate with the Han, the observed correlation between the Hui 

                                                           
27 Altogether there are three periods in which the nomads had settled in the central plains and ruled the Han (Bai 

and Kung, 2011a). For our purpose we need only be concerned with the Mongols’ ruling of China during the 

Yuan dynasty (1271-1368). As a nomadic group initially residing in Central-North Asia, the Mongols—under 

the leadership of Genghis Khan (1162-1227)—expanded their territory vastly by conquering Persia, parts of 

Egypt, Russia, and China, and became eventually settled over almost all of Eurasia. By 1279, the Mongols con-

quered the Song Dynasty and ruled all of China under the establishment of the Yuan Dynasty. Since then, the 

Mongols invaded a number of ethnic groups and forced them to resettle in the lands of the Han. 
28 The data on migration are from Wu (1997). 
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in a pair of prefectures ( ijH ) where they could be found and genetic distance ( ijG ) should 

capture only the effect of the omitted variable, whereas the observed correlation for the Tangut 

( ijT ) should capture both types of effects.   

Empirically, it is possible to distinguish the assimilation effect from the effect of the 

omitted variable by regressing genetic distance on the forced migration of the Tangut ( ijT ) alone 

while controlling for the resettlement effect of both the Tangut and the Hui ( ijN ) as in the 

following specification: 

 1 2 3ij ij ij ij ij ijG T N M X          (4) 

In Equation (4), the effect of the Tangut is captured by 1 2  , and that of the Hui is captured 

by 2 . 1  thus captures the difference between the Tangut and the Hui with respect to their 

assimilation with the Han, and is not correlated with any unobserved factors. Finally, since the 

forced resettlement of the Hui and the Tangut might be correlated with where the Mongols—

the ruling ethnic group—chose to settle themselves, we also control for the settlement patterns 

of the Mongols (refer to Panel C of Figure 3 for the settlement pattern of the Mongols).29 

 

VI.A.1. The Validity of the Instrument 

Based on the specification of Equation (4), the results show that the genetic distance 

between the pairs of prefectures with Tangut settlement is indeed significantly shorter, whereas 

that between pairs of prefectures with Hui settlement is not (columns 1 through 4, Table 4). 

                                                           
29 While the genetic distance between the pairs of prefectures with Mongol settlement ( ijM ) should in principle 

be shorter than that between the pairs of prefectures without (i.e. cov( , ) 0ij ijM g  ), being the ruling group 

the Mongols may have strategically settled more evenly across China (i.e.,  cov( , ) 0ij ijM R  ), in which case 

the correlation between Mongol settlement and genetic distance is indeterminate. 
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While the Mongol settlement also has a significant effect on genetic distance in the short re-

gressions (columns 1 and 2), its significance decreases from 5% to 10% with the inclusion of 

various control variables (columns 3 and 4). What is reassuring is that inclusion of these control 

variables does not change the baseline results; the interaction term remains just as significant. 

We also test the effect of Tangut migration on genetic distance based on the pairs in different 

provinces, and the results are also largely similar (compare columns 3 with 4).  

Table 4 about here 

Although the above results show that our instrument is significantly negatively corre-

lated with genetic distance, concerns may be raised as to whether it satisfies the exclusion re-

strictions condition. First and foremost is that some omitted variables, e.g. geographic barrier, 

may be correlated with both genetic distance and the instrument, in which case our instrument 

would be correlated with genetic distance before the migration. To find out, we regress genetic 

distance during the Song dynasty—the period before the said migration occurred—on our in-

strument.30 We expect that the two are insignificantly correlated, as migration in the Yuan 

Dynasty had yet to leave its mark on genetic distance in the Song dynasty. Results reported in 

column 5 of Table 4 confirm the absence of a significant correlation, thus relieving us of this 

particular concern. On the other hand, we need to prove that our instrument is significantly 

correlated with genetic distance in the post-migration period. We thus regress the contemporary 

genetic distance measure (in the 1980s) on our instrument, and find that the two are indeed 

significantly correlated (columns 7-8).  

The second concern is that the regions where the Tangut settled might be economically 

more advanced than the regions where the Hui settled. Should that be the case, new technolo-

gies would diffuse at a much faster pace than they do in the more backward areas. To rule out 

this possibility, we perform a set of placebo tests by regressing population density (logged, 

                                                           
30 Recall earlier this is a separate measure (

1279

pqG ) constructed by Yuan and Zhang (2002) at the province level. 
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denoted by ln t

iP ) on the forced migration of the Tangut (
iT ) alone, while controlling for the 

resettlement of both the Tangut and the Hui (
iN ) as specified in the following equation: 

 1 2 3ln t

i i i i i inP T N M X          (5) 

in which t  represents 1080, 1393, 1776, 1820 and 1851. Recall that the said migration took 

place during the period 1290-1368. Reported in Panel A of Table 5, the results show that, while 

nomadic migration (
iN ) has a significantly positive effect on population density in the post-

migration periods (specifically 1776, 1820 and 1851), there is virtually no difference in the 

effects between the regions where the Tangut and the Hui settled both before and after the 

migration in question, relieving us of this concern.  

Table 5 about here 

Yet another concern may be that, in addition to genetic distance, the Tangut and other 

nomadic tribes such as the Hui may alter the organization and/or culture in the areas where 

they settled in different ways. To rule out this concern, we examine the relationship between 

our instrument and various proxies for organization and culture using the China General Social 

Survey (CGSS) of 2005. This survey contains a dummy variable indicating whether a village 

has had a clan organization, and measures of the villagers’ trust in their fellow villagers, affine 

relatives, and strangers. To address the above concern, we match the CGSS sample with our 

prefecture data and run a number of regressions on the 2,040 villagers in our 107 sampled 

prefectures based on the following specification:31 

 1 2 3in i i i i in inC T N M X P            (6) 

in which ijT
 
represents the trust of villager n  in prefecture i . To obtain the pure effects of the 

instrumental variable, we first exclude the individual characteristics ( inP ), i.e. gender, age, and 

party status (columns (1), (3), (5), and (7) of Panel B, Table 5), before incorporating them 

                                                           
31 Figure A8 in Appendix G provides the geographic distribution of the CGSS sample. 



28 
 

(columns (2), (4), (6) and (8)). As we can see, their inclusion has almost no effect on the initial 

results. Above all, there is virtually no significant relationship between the Tangut migrants 

and various measures of organization and culture (
1 ), although the level of clan organization 

is marginally significant at the 10% level in the prefectures with more nomadic migrants (
2 ).  

 

VI.B. Instrumented Evidence 

To correct for the potential endogeneity of genetic distance we employ an instrumental 

variable approach. Including endogenous explanatory variables in multinomial response mod-

els is notoriously difficult, however (Imbens and Wooldrige, 2010).  As a compromise, we 

employ the probit rather than multinomial probit model, as long as the exclusion of some pos-

sible outcomes (e.g., 0,1,2,5my  ) does not fundamentally change the effect of genetic distance 

on the outcome variable.  Doing so affords the obvious benefit of using the IV-probit model to 

estimate the effect of genetic distance on technology diffusion.  

Given this particular concern, our foremost task is to ascertain whether the effect of 

genetic distance on the conditional probability (
4

3 4

P

P P
) of maize adoption would be affected 

by the exclusion of some outcomes. To do so we thus repeat the exercise in Tables 2 and 3, but 

this time exclude a few possible outcomes—specifically 0,1,2,5my  —one at a time. Doing so 

will result in a total of 15 combinations of outcomes (
1 2 3 4

4 4 4 4 15C C C C    ). Reported in 

Appendix H, the results show that the exclusion of any of these outcomes does not fundamen-

tally change the effect of genetic distance on the conditional probability of maize adoption 

(Table A5). Moreover, to check whether the results are sensitive to model specification, we 

employ the difference in the timing of technology adoption as our dependent variable and find 

the results still support the barrier effect of genetic distance (Table A6 in Appendix I).  
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We now turn to identify the causal effect of genetic distance on the probability of tech-

nology diffusion with the Tangut migration as instrument, using the IV-probit model and the 

following specification:  

*

2 3

1 2 3

ij ij ij ij ij ij
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We first identify the causal effect of genetic distance on the diffusion of maize. The 

results are reported in Table 6. First, the marginal effect of genetic distance for the period 1600-

1650 is significant (column 1.2, Table 6), but is insignificant when MNP (column 1.2, Table 2) 

or Probit (column 1.1, Table 6) is used. Over the longer period (1600-1800), however, genetic 

distance has no significant effect, suggesting that the significant effect found previously in the 

baseline estimation was likely due to some unobserved factors. On the whole, the result that 

the barrier effect for the first three (shorter) periods is significant and negative but disappears 

for the last two (longer) periods supports our hypothesis that the barrier effect of genetic dis-

tance, while pronounced in the short run, will eventually disappear over the longer term. 

Table 6 about here 

In terms of magnitude, the marginal effect of genetic distance during the initial period 

of 1600-1700 is -0.474, implying that a one standard deviation (0.675) increase in genetic dis-

tance will decrease the probability of technology diffusion by about 32.0 percent (column 2.2, 

Table 6). This barrier effect is huge given that the average probability of technology diffusion 

during 1600-1700 is 0.364 and the standard deviation is 0.481. Given also that the baseline 
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result is underestimated by about 72.2 percent (0.143, column 2.1), it implies that measurement 

error is likely the main source of endogeneity for this particular period.32   

Similarly, we use broadly the same specification to identify the causal effect of genetic 

distance on the adoption of the steam engine/electricity technology. The results are reported in 

Table 7. First, due to the much shorter durations of the two periods (1896-1906 and 1896-1916), 

genetic distance remains significantly and negatively correlated with the probability of diffu-

sion throughout the entire periods. Second, at -0.760 (the period of 1896-1916, column 2.2), 

the marginal effect of genetic distance is substantially larger when it is instrumented by the 

forced migration of the Tangut than when it is estimated using the probit model (-0.162, column 

2.1).  

Table 7 about here 

 

VII. A Possible Channel of Technology Diffusion: Genetic Distance and Interaction 

While it has been convincingly shown that genetic distance can impede technology dif-

fusion, precisely how technology diffuses is much harder to pin down (Spolaore and Wacziarg 

2009: 471). Based on evidence in the Chinese context, we propose that face-to-face interaction 

(or the lack thereof) between individuals in pairs of prefectures may represent a possible chan-

nel through which variations in technology diffusion occur. This is especially the case in the 

pre-modern era, before written or electronic media came into the equation (Rosenberg, 1970). 

Intuitively, technology should diffuse at a much higher rate between the prefectures with more 

frequent interactions.  

The immediate question is thus whether interaction is more frequent between prefec-

tures with shorter genetic distance. To find out, we exploit four types of interaction as they are 

                                                           
32 Our analysis in Section II finds that the variation in measurement error biases the observed variation down-

wards by 71 percent. Alternatively, the average ratio of the variation in the true value to the observed variation 

in genetic distance based on the allele frequency of ABO (last row of Table 2) is 0.318, implying that the varia-

tion in measurement error accounts for about 68.2 percent of the observed variation. 
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found in the China Biographical Database (CBDB) for the period 960-1368.33 First, individual 

A, an honorable friend, writes either a preface or postface for a book authored by individual B; 

second, individual A writes an epitaph or a sacrificial prayer in honor of individual B’s de-

ceased father; third, individual A writes a departure note (i.e. a poem) for individual B who is 

due to embark on a journey; finally, government official A either impeaches or recommends 

government official B for a job opening.34 We enumerate the frequency of these types of inter-

action between pairs of prefectures to proxy for the intensity of interaction, and examine its 

association with genetic distance using the following specification: 

ij ij ij ijS G X      

in which ijS denotes the frequency of interaction between prefecture i and j. Reported in col-

umns (1)-(8) of Table 8, the results show that greater genetic distance leads to less interaction, 

which is consistent with our hypothesis.  

Table 8 about here 

Moreover, genetic distance may also affect the quality of interaction between pairs of 

prefectures. For instance, using a panel of 17 countries belonging to the European Economic 

Area for the period 1970-1996, Guiso et al. (2009) find that genetic distance lowers the bilateral 

trust between the paired countries. To examine if that may also be the case for our paired Chi-

nese prefectures, we further employ a data set that includes the interaction of officials in a 

pairwise fashion, where interaction assumes a bifurcated nature of either impeachment (=1) or 

recommendation (=0). By regressing this dummy variable on genetic distance, we find that 

officials in the paired prefectures with greater genetic distance exhibit greater tendency to im-

peach than to recommend each other (columns (9)-(10)). This lends support to the hypothesis 

                                                           
33 The CBDB contains information on the social interaction both between individuals (who were celebrities/edu-

cated elites) and between government officials. We can usefully exploit this information for analyzing how in-

teraction might be related to genetic distance.  
34  Of course, B can take any of these four courses of actions in relation to A. 
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that individuals in the paired prefectures with shorter genetic distance are more civil toward 

each other, whereas those in the paired prefectures with longer genetic distance display more 

hostility. We conjecture that it is this friendlier interaction that facilitates faster technology 

diffusion. On the whole, evidence suggests that genetic distance can affect technology diffusion 

through its effects on both the quantity (frequency) and quality (friendliness/hostility) of inter-

action between pairs of prefectures.  

 

 

VIII. Conclusion 

Inspired by Spolaore and Wacziarg’s (2009) pioneering study on the importance of the 

differences in human traits for economic development on the one hand, and the long-recog-

nized significance of technology adoption for economic growth on the other, we set out to 

determine whether genetic distance has any barrier effects on technology diffusion using his-

torical China as a case study. We do so by exploiting the spatial variation in the diffusion of 

maize—a new agricultural technology—in China during 1600-1900. To check its robustness 

we also exploit the spatial variation in the diffusion of the steam engine/electricity technology 

in China during the brief period of 1896-1916.  

This subnational analysis is made possible by the rich information on Chinese surnames 

available in the China Biographical Database (CBDB), from which we constructed the histor-

ical genetic distance measure between pairs of prefectures. To ensure that this measure is valid, 

we correlated the historical genetic distance thus constructed with both the contemporary meas-

ure and the measure of cultural differences constructed on the basis of the similarities of the 

Chinese dialects, and found them to be highly correlated. By defining the probability of tech-

nology diffusion as the conditional probability of technology convergence in a state of initial 
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technology difference, we found that an increase in the genetic distance between pairs of pre-

fectures indeed has the effect of lowering the probability of technology convergence, but this 

barrier effect does not persist over time. This key result remains robust even after we expanded 

our list of confounding variables, employed different periods, and used the probit model as an 

alternative estimation strategy. 

Given that genetic distance may be correlated with unobserved transportation cost, and 

in light of the severe measurement errors of our genetic distance measure, we employed the 

sharp contrast in the assimilation of two nomadic tribes—the Tangut and the Hui—into Han 

society to instrument genetic distance. We did find that the marginal effect of genetic distance 

as instrumented by the Tangut is much larger than that in the baseline result, suggesting that 

the bias caused by measurement errors dominates that possibly arising from the unobserved 

transportation cost. But like the baseline result, the instrumented evidence shows that the bar-

rier effect of genetic distance vanishes in the long run.  

As for why genetic distance matters for technology diffusion we propose that it is be-

cause in the pre-modern era technology diffusion was highly dependable on face-to-face con-

tact, or in this case interaction between pairs of prefectures. In this vein, we do find evidence 

that technology diffusion was significantly more rapid between the pairs of prefectures with 

greater and friendlier interaction, consistent with what Guiso et al. (2009) have found in the 

European context.  
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Figure 1: Geographic Location of Sample Prefectures 

 

 

 
 

Source: CHGIS, 2007 
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Figure 2: The Diffusion of Technology 

 

 
 

Sources: CHGIS, 2007; Chen and Kung (2012) 
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Figure 3: Mongol Invasion and Forced Migration 
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Table 1: Variables Definition and Data Sources 

Variable  Data source Observations Mean S.D. 

Maize adoption: A dummy indicating whether maize was adopted in 1600 Chen and Kung (2012) 107 0.103 0.305 

Establishment of modern (steam engine/electricity operated) firms in 1896 Chang (1987, 1989) 107 0.123 0.330 

      

Genetic distance Nei’s Genetic Distance Appendix B 5666 1.322 0.675 

stF    Ibid. 5671 0.064 0.047 

stF  (log)  Ibid. 5671 -2.947 0.603 

Distance (log) Great circle distance CHGIS, 2007 5671 6.334 0.658 

Contiguity (dummy) =1 if two prefectures are contiguous Ibid. 5671 0.047 0.212 

Coast-river  (dummy) =1 if two prefectures are located along coast or riverside Ibid. 5671 0.058 0.234 

Within province =1 if two prefectures are in the same province Ibid. 5671 0.105 0.306 

Size (1,000 km2) Area of prefecture Ibid. 107 12.149 6.774 

Diff. in size (log) | ln( ) ln( ) |i jsize size  Ibid. 5671 0.683 0.496 

Population density (HHs/km2) Total households / Area (
ipopden ) Ge (2000) 107 20.000 19.110 

Diff. in Ln(population density) | ln( ) ln( ) |i jpopden popden  Ibid 5671 0.945 0.720 

Geo. coordinates (Latitude) 
iLatitude  CHGIS, 2007 107 32.820 4.331 

Geo. coordinates (Longitude) 
iLongitude  Ibid. 107 116.588 2.724 

Diff, in geo. coordinates:      

Diff. in Latitude | |i jLatitude Latitude  Ibid. 5671 3.137 2.236 

Diff. in Longitude | |i jLongitude Longitude  Ibid. 5671 5.014 3.517 

Suitability for maize The average suitability index for maize (
imaize ) GAEZ 107 4.240 0.796 

Suitability for sweet potato The average suitability index for sweet potato (
ispotato ) Ibid. 107 5.664 0.906 

Diff. in crop suitability:      

Suitability for maize | ln( ) ln( ) |i jmaize maize  Ibid. 5671 0.868 0.717 

Suitability for sweet potato | ln( ) ln( ) |i jspotato spotato  Ibid. 5671 0.965 0.844 

Diff. in treaty ports in 1906 The difference in duration of treaty ports Yan (1905) 5671 8.479 18.671 

Diff. in treaty ports in 1916 The difference in duration of treaty ports Ibid. 5671 11.046 21.942 

Diff. in railway in 1906 The difference in duration of railway networks Ibid. 5671 3.889 7.141 

Diff. in railway in 1916 The difference in duration of railway networks Ibid. 5671 8.691 9.426 
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Table 2: Baseline Results – the Effect of Genetic Distance on the Probability of Maize Diffusion 

 

 (1) 1600 – 1650 (2) 1600 – 1700 (3) 1600 – 1750 (4) 1600 – 1800 (5) 1600 – 1850 

 (1.1) (1.2) (2.1) (2.2) (3.1) (3.2) (4.1) (4.2) (5.1) (5.2) 

           

ijG  -0.072 -0.033 -0.353 -0.380 -0.322 -0.337 -0.325 -0.356 -0.191 -0.203 

 (0.113) (0.120) (0.073) +++ (0.078) +++ (0.065) +++ (0.071) +++ (0.060) +++ (0.065) +++ (0.077) ++  (0.083) ++ 

 [0.286] [0.305] [0.170]** [0.184]** [0.155]** [0.169]** [0.156]** [0.167]** [0.206] [0.221] 
/ ijq G   -0.015 -0.011 -0.124 -0.133 -0.131 -0.139 -0.112 -0.125 -0.032 -0.031 

           

Distance (log)  Yes  Yes  Yes  Yes  Yes 

Contiguity (dummy)  Yes  Yes  Yes  Yes  Yes 

Coast-river  (dummy)  Yes  Yes  Yes  Yes  Yes 

Within province  Yes  Yes  Yes  Yes  Yes 

Diff. in size (log)  Yes  Yes  Yes  Yes  Yes 

Diff. in pop. density 

(log) 

 Yes  Yes  Yes  Yes  Yes 

Diff. in geo. coordi-

nates 

 Yes  Yes  Yes  Yes  Yes 

Diff. in crop suitabil-

ity 

 Yes  Yes  Yes  Yes  Yes 

           

Log likelihood -4991.46 -4779.24 -7490.62 -7295.98 -8080.50 -7901.57 -8080.50 -7516.17 -6264.51 -5932.31 

No. of obs. 5666 5666 5666 5666 5666 5666 5666 5666 5666 5666 

Notes: 4 3  are reported; / ijq G  is the marginal effect of genetic distance on the probability of technology diffusion; robust standard error in 

round brackets; two-way clustering standard error (Cameron et al. 2006) in square brackets. * significant at 10%; ** significant at 5%; *** sig-

nificant at 1% according to two-way clustering standard error; + significant at 10%; ++ significant at 5%; +++ significant at 1% according to 

robust standard error. 
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Table 3: Baseline Results—the Effect of Genetic Distance on the Probability of Steam Engine/Electricity Technology (Modern Firms) Diffusion 

 

 Both domestic and foreign firms 

 

Domestic firms only 

 

 (1) 1896 – 1906 (2) 1896 – 1916 (3) 1896 – 1906 (4) 1896 – 1916 

 (1.1) (1.2) (2.1) (2.2) (3.1) (3.2) (4.1) (4.2) 

         

ijG  -0.371 -0.399 -0.346 0.426 -0.421 -0.385 -0.355 -0.422 

 (0.084) +++ (0.105) +++ (0.058) +++ (0.072) +++ (0.092) +++ (0.109) +++ (0.059) +++ (0.072) +++ 

 [0.142] ** [0.169] ** [0.125] *** [0.145] *** [0.153] *** [0.177] ** [0.120] *** [0.137] *** 
/ ijq G   -0.090 -0.087 -0.140 -0.174 -0.093 -0.081 -0.145 -0.175 

         

Distance (log)  Yes  Yes  Yes  Yes 

Contiguity (dummy)  Yes  Yes  Yes  Yes 

Coast-river  (dummy)  Yes  Yes  Yes  Yes 

Within province  Yes  Yes  Yes  Yes 

Diff. in size (log)  Yes  Yes  Yes  Yes 

Diff. in pop. density (log)  Yes  Yes  Yes  Yes 

Diff. in geo. coordinates  Yes  Yes  Yes  Yes 

Diff. in western penetration  Yes  Yes  Yes  Yes 

         

Log likelihood -6938.22 -5261.20 -8732.17 -8437.61 -6650.77 -5059.55 -8641.66 -7532.77 

No. of obs. 5666 5666 5666 5666 5666 5666 5666 5666 

Notes: 4 3  are reported; / ijq G  is the marginal effect of genetic distance on the probability of technology diffusion; robust standard error in 

round brackets; two-way clustering standard error (Cameron et al. 2006) in square brackets. * significant at 10%; ** significant at 5%; *** sig-

nificant at 1% according to two-way clustering standard error; + significant at 10%; ++ significant at 5%; +++ significant at 1% according to 

robust standard error. 
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Table 4: Nomadic Migration and Genetic Distance 

 

    Prefecture Pairs in Different Provinces 

 

Genetic Distance during Song and Yuan dynasties 

Genetic  

Distance  

during Song  

Genetic Distance in 1980s  

 (1) (2) (3) (4) (5) (6) (7) (8) 

         

Nomadic migrants * Tangut people -0.378 -0.353 -0.342 -0.331 -0.096 -0.151 -0.144 -0.131 

 [0.160]** [0.154]** [0.152]** [0.165]** [0.120] [0.086]* [0.080]* [0.079]* 

Nomadic migrants -0.083 -0.071 -0.094 -0.101 -0.138 0.002 0.045 0.030 

 [0.145] [0.142] [0.142] [0.155] [0.113] [0.073] [0.083] [0.067] 

Mongol people -0.216 -0.173 -0.169 -0.175 -0.376 -0.024 0.077 0.053 

 [0.090]** [0.085]** [0.086]* [0.093]* [0.074]*** [0.090] [0.084] [0.075] 

Genetic Distance during Song        0.560 0.204 

       [0.054]*** [0.053]*** 

Distance (log)  Yes Yes Yes Yes Yes  Yes 

Contiguity (dummy)   Yes Yes Yes Yes  Yes 

Coast-river  (dummy)   Yes Yes Yes Yes  Yes 

Within province   Yes      

Diff. in size (log)   Yes Yes Yes Yes  Yes 

Diff. in pop. density (log)   Yes Yes Yes Yes  Yes 

Diff. in geo. coordinates   Yes Yes Yes Yes  Yes 

         

No. of obs. 5,666 5,666 5,666 5,072 5,076 5,076 5,076 5,076 

R-squared 0.040 0.109 0.119 0.110 0.468 0.502 0.310 0.524 

Notes: Two-way clustering standard error (Cameron et al. 2006) in square brackets. * significant at 10%; ** significant at 5%; *** significant at 

1% . 
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Table 5: Falsification Tests 

 

Panel A: The Difference in Economic Outcome between the prefectures with Tangut and those with Hui 

 (1) (2) (3) (4) (5) 

 Logged population density in  

 1080 1393 1776 1820 1851 

Nomadic migrants * Tangut people 0.135 0.093 -0.078 -0.068 -0.050 

 (0.146) (0.219) (0.120) (0.122) (0.125) 

      

Nomadic migrants 0.152 0.150 0.287*** 0.281*** 0.286*** 

 (0.116) (0.139) (0.099) (0.099) (0.103) 

Mongol people 0.111 0.041 0.032 0.057 0.044 

 (0.103) (0.142) (0.087) (0.088) (0.093) 

Controls Y Y Y Y Y 

Observations 109 109 109 109 109 

R-squared 0.611 0.581 0.656 0.661 0.660 

Panel B: The Difference in Organization and Cultural Traits between the Prefectures with Tangut and those with Hui 

 Clan organization Trust in: 

 (dummy) Neighbors Relatives Strangers 

 (1) (2) (3) (4) (5) (6) (7) (8) 

Nomadic migrants * Tangut people -0.012 -0.013 0.034 0.033 0.014 0.014 -0.010 -0.010 

 (0.017) (0.017) (0.036) (0.037) (0.028) (0.028) (0.084) (0.084) 

Nomadic migrants -0.019* -0.018* -0.017 -0.018 0.038 0.038 -0.111 -0.111 

 (0.010) (0.010) (0.030) (0.031) (0.024) (0.024) (0.075) (0.075) 

Mongol people -0.012 -0.011 -0.030 -0.030 -0.005 -0.005 0.010 0.011 

 (0.014) (0.014) (0.023) (0.023) (0.018) (0.017) (0.054) (0.054) 

Controls Y Y Y Y Y Y Y Y 

Personal characteristics  Y  Y  Y  Y 

Observations 2,040 2,040 2,004 2,004 2,033 2,033 2,013 2,013 

R-squared 0.010 0.015 0.081 0.088 0.039 0.039 0.109 0.110 

 
Notes: Standard errors clustered at prefecture level in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%. Controls include coast-

river dummy, latitude, longitude, logged population density, area, province dummies and constant term. Personal characteristics include gender dummy (fe-

male=1), party membership, and age.  
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Table 6: Instrumented Evidence—IV-Probit Model Based on the Prefecture Pairs with (Maize) Technology Difference in 1600 

 

 (1) 1600 – 1650 (2) 1600 – 1700 (3) 1600 – 1750 (4) 1600 – 1800 (5) 1600 – 1850 

 (1.1) 

Probit 

(1.2)  

IV-Probit 

(2.1) 

Probit 

(2.2)  

IV-Probit 

(3.1) 

Probit 

(3.2)  

IV-Probit 

(4.1) 

Probit 

(4.2)  

IV-Probit 

(5.1) 

Probit 

(5.2)  

IV-Probit 

           

ijG  -0.058 -1.213 -0.447 -1.393 -0.402 -1.520 -0.401 -0.915 -0.169 0.442 

 [0.307] [0.367]*** [0.196]** [0.472]*** [0.183]** [0.410]*** [0.185]** [0.737] [0.233] [0.832] 
/ ijq G   -0.006 -0.209 -0.143 -0.474 -0.150 -0.582 -0.139 -0.320 -0.034 0.095 

           

Nomadic migrants  -0.332  -0.150  -0.369  -0.234  -0.403 

  [0.251]  [0.244]  [0.206]  [0.255]  [0.360] 

  -0.057  -0.051  -0.141  -0.082  -0.086 

           

Mongol people  0.052  -0.049  -0.126  0.030  0.139 

  [0.212]  [0.189]  [0.182]  [0.228]  [0.257] 

  0.009  -0.017  -0.048  0.011  0.030 

           

Distance (log) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Contiguity (dummy) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Coast-river  (dummy) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Within province Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in size (log) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in pop. density (log) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in geo. coordinates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in crop suitability Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

           

Log likelihood -230.83 -1016.15 -584.23 -1368.55 -673.28 -1454.09 -622.68 -1408.75 -396.87 -1173.21 

No. of obs. 1056 1056 1056 1056 1056 1056 1056 1056 1056 1056 

Notes: 4 3  are reported; / ijq G  is the marginal effect of genetic distance on the probability of technology diffusion; two-way clustering 

standard error (Cameron et al. 2006) in square brackets. * significant at 10%; ** significant at 5%; *** significant at 1%. 
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Table 7: Instrumented Evidence—IV-Probit Model Based on the Prefecture Pairs with (Steam Engine) Technology Difference in 1896 

 

 Both domestic and foreign firms 

 

Domestic firms only 

 

 (1) 1896 – 1906 (2) 1896 – 1916 (3) 1896 – 1906 (4) 1896 – 1916 

 (1.1) 

Probit 

(1.2)  

IV-Probit 

(2.1) 

Probit 

(2.2)  

IV-Probit 

(3.1) 

Probit 

(3.2)  

IV-Probit 

(4.1) 

Probit 

(4.2)  

IV-Probit 

         

ijG  -0.381 -1.792 -0.410 -1.908 -0.386 -1.779 -0.410 -1.901 

 [0.169]** [0.391]*** [0.141]*** [0.229]*** [0.175] ** [0.400]*** [0.137] *** [0.226]*** 
/ ijq G   -0.078 -0.573 -0.162 -0.760 -0.074 -0.552 -0.162 -0.757 

         

Nomadic migrants  -0.223  -0.315  -0.157  -0.323 

  [0.237]  [0.181]  [0.284]  [0.181] 

  -0.071  -0.126  -0.049  -0.129 

Mongol people  -0.462  -0.300  -0.576  -0.304 

  [0.185] **  [0.176]*  [0.226] ***  [0.173] * 

  -0.148  -0.120  -0.179  -0.121 

         

Distance (log) Yes Yes Yes Yes Yes Yes Yes Yes 

Contiguity (dummy) Yes Yes Yes Yes Yes Yes Yes Yes 

Coast-river  (dummy) Yes Yes Yes Yes Yes Yes Yes Yes 

Within province Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in size (log) Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in pop. density (log) Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in geo. coordinates Yes Yes Yes Yes Yes Yes Yes Yes 

Diff. in western penetra-

tion 

Yes Yes Yes Yes Yes Yes Yes Yes 

Log likelihood -511.10 -1575.04 -920.42 -1979.88 -467.30 -1476.30 -867.75 -1875.03 

No. of obs. 1379 1379 1379 1379 1301 1301 1301 1301 

Notes: 4 3  are reported; / ijq G  is the marginal effect of genetic distance on the probability of technology diffusion; two-way clustering 

standard error (Cameron et al. 2006) in square brackets. * significant at 10%; ** significant at 5%; *** significant at 1%. 
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Table 8: The Effect of Genetic Distance on Interactions between Pairs of Prefectures  

 The writing of:  Between government  

officials 

 Between individuals  

 Preface/Postface  Epitaph /Sacrificial prayer Departure notes Impeachment (=1)/Rec-

ommendation 

 Impeachment (=1) / 

Recommendation 

 (1.1) (1.2)  (2.1) (2.2)  (3.1) (3.2)  (4.1) (4.2)  (5.1) (5.2) 

            

ijG  -0.522 -0.400 -0.881 -0.650 -0.166 -0.129 -0.089 -0.068  0.060 0.065 

 [0.171]*** [0.138]*** [0.236]*** [0.188]*** [0.047]*** [0.039]*** [0.025]*** [0.023]***  [0.032]* [0.039]* 

Beta coef.            

            

Distance (log)  Yes  Yes  Yes  Yes   Yes 

Contiguity   Yes  Yes  Yes  Yes   Yes 

Coast-river    Yes  Yes  Yes  Yes   Yes 

Within province  Yes  Yes  Yes  Yes   Yes 

Diff. in size (log)  Yes  Yes  Yes  Yes   Yes 

Diff. in pop. density (log) Yes  Yes  Yes  Yes   Yes 

Diff. in geo. coordinates Yes  Yes  Yes  Yes   Yes 

            

No. of obs. 5,666 5,666 5,666 5,666 5,666 5,666 5,666 5,666  662 662 

R-squared 0.015 0.036 0.023 0.078 0.020 0.051 0.013 0.029  0.005 0.051 

Notes: Two-way clustering standard error (Cameron et al. 2006) in square brackets. * significant at 10%; ** significant at 5%; *** significant at 

1%. 
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Online Appendix 

 

Appendix A: Geographic Representation of Genetic Tree for China (Figure A1)  

 
Source: Du et al. (1992) 
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Appendix B: An Example of Chinese Surname Origin and Spatial Distribution 

 

Figure A2: The Origin and Evolution of Li—the Most Common Surname in Today’s China 

Panel A: The Three Origins 

 
 

Panel B: Geographic Distribution of the Surname Li in Today’s China 

 
 

Population per km2 The share in total population (percentage) 
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Appendix C: The Relationship between Genetic Distance Using Surname Frequency and 

that Using Allele Frequency of ABO (Figure A3) 

 
Note: To ascertain their correlation we first normalize the two measures by their standard de-

viation and scatterplot them in the Figure.  

Genetic distance (surname) = 0.234 + 0.536 Genetic distance 

(ABO) 

  (0.074) ***  (0.044) ***  
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Appendix D: The Representativeness of CBDB Sample (Figure A4) 

 

Panel A: Geographic Distribution of Celebrity Families versus Population 

 
 

Notes: Sample size from CBDB; Households number from Liang (2008) 

 

Panel B: Correlation between CBDB Sample and Total Population 

 
Notes: Robust standard error in parentheses. The null hypothesis that the coefficient of Ln 

(Total Households) is equal to 1 cannot be rejected. 
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Appendix E: The Construction of Genetic Distance between Pairs of Chinese Prefectures 

 

 In E.1 we study the fit of the observed frequency distribution of surnames in the CBDB sample 

to the theoretical distributions of the neutral alleles, whereas in E.2 we construct the measure 

of genetic distance. 

 

E.1. Distribution of neutral alleles 

Karlin and McGregor (1967) first provide an exact distribution of the number of selec-

tively neutral alleles under mutation and drift in a finite population. In a population of size N

and a mutation rate of  per generation, the expected number of surnames represented by k

individuals is 

1
( ) /

1
k

M k MN
E N

N k Nk





   
    

    
 

This distribution involves the first derivative of the gamma function and is not easy to use. It 

was not until Fisher’s logarithmic distribution (Fisher et al. 1943) that a useful approximation 

became available: 

(1 )k

kN
k

 
 . 

The parameters can be calculated via the following steps. First, we calculate the isonymy of 

the sample as 
2

1

S

i

i

F p


 , where S is the number of surnames, and /i ip k N  is the probabil-

ity of surname i . Then,  is calculated from 
ln

1

S

N

 





(which is solved iteratively for  ) 

and 
1

N






. Based on the calculated  and  , we obtain the observed and theoretical dis-

tributions for kN , which as shown in Figure A5, are an excellent fit. Moreover, we test the 

difference between the observed distribution and the theoretical distribution by the likelihood 

2 or G , and find no significant difference, on which basis we are able to conclude that  sur-

names behave as  neutral alleles. 

Figure A5 about here 

The analysis of surname distribution also helps to reveal the relative importance of ge-

netic drift and migration. Defined as “the effective surname number”, Fisher’s  estimates the 

number of surnames with an equal frequency. A small value implies a large genetic drift and a 
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large value implies migration. In Table A1, we report the “effective surname number” by pre-

fecture. The average  is 20.53. Liu et al. (2012) calculate this parameter for all prefectures 

on the basis of the 2007 data, and find that the average is 31, which is larger than our estimate 

for the Song-Yuan dynasties.  

Table A1 about here 

 

E.2. Genetic Distance between Pairs of Chinese Prefectures 

Based on Equations (1) (2) and (3), Nei’s genetic distance can be calculated (Nei, 1978). 

We present the kernel distribution of Nei’s genetic distance in Panel A of Figure A6. The figure 

shows that the distribution is skewed slightly to the right. We also plot the genetic distance and 

geographical distance between pairs of prefectures in Panel B, and find that the two are indeed 

highly correlated.  

Figure A6 about here 
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Figure A5: Frequency Distributions of Surnames 

 

 

Notes: (1)  87.556482,  0.002297253. The theoretical frequency distribution of surnames is calculated by 
(1 )k

kN
k

 
 ; (2) the differ-

ence between the observed and theoretical distributions is tested based on G-tests (or likelihood 
2 ) from Sokal and Rohlf (1981: 705); (3) 

2
=25.498 
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Figure A6: Description of Genetic Distance 

 

Panel A: Kernel Distribution 

 
 

Panel B: Geographic Isolation 
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Table A1: The Scalar of Fisher’s Logarithmic Distribution 

Code Sample 

size (N) 

Total number of 

surnames (S) 
/S N  ln

: /
1

S N
 







 
1

N






 

Isonymy 

101 456 92 0.20 0.06992 34.2804 0.044 

102 39 14 0.36 0.16787 7.8677 0.162 

103 31 12 0.39 0.19034 7.2877 0.136 

104 293 71 0.24 0.09102 29.3393 0.054 

106 33 4 0.12 0.03438 1.1749 0.486 

107 137 34 0.25 0.09665 14.6577 0.091 

108 67 20 0.30 0.12687 9.7354 0.118 

109 32 10 0.31 0.13334 4.9234 0.250 

110 87 23 0.26 0.10241 9.9262 0.069 

111 52 19 0.37 0.17521 11.0464 0.114 

112 122 37 0.30 0.12687 17.7272 0.079 

113 516 82 0.16 0.05103 27.7474 0.051 

114 78 32 0.41 0.20608 20.2467 0.067 

115 186 49 0.26 0.10241 21.2216 0.079 

116 335 70 0.21 0.07498 27.1543 0.051 

201 323 98 0.30 0.12687 46.9335 0.028 

202 349 96 0.28 0.11436 45.0653 0.046 

203 64 25 0.39 0.19034 15.0455 0.077 

205 44 20 0.45 0.23942 13.8506 0.081 

206 108 44 0.41 0.20608 28.0339 0.054 

207 135 28 0.21 0.07498 10.9428 0.198 

208 1487 155 0.10 0.02692 41.1375 0.022 

209 181 61 0.34 0.15362 32.8519 0.036 

211 843 123 0.15 0.04666 41.2596 0.026 

212 889 107 0.12 0.03438 31.6520 0.029 

302 260 63 0.24 0.09102 26.0349 0.034 

303 104 39 0.38 0.18270 23.2483 0.063 

304 61 29 0.48 0.26608 22.1153 0.068 

305 915 73 0.08 0.02005 18.7211 0.059 

306 52 22 0.42 0.21418 14.1729 0.111 

307 153 55 0.36 0.16787 30.8655 0.064 

308 126 33 0.26 0.10241 14.3759 0.091 

309 118 44 0.37 0.17521 25.0667 0.061 

310 40 23 0.58 0.36573 23.0646 0.071 

311 40 18 0.45 0.23942 12.5914 0.136 

312 68 22 0.32 0.13995 11.0652 0.125 

401 1065 135 0.13 0.03833 42.4485 0.031 

402 379 73 0.19 0.06499 26.3433 0.042 

403 684 98 0.14 0.04242 30.3006 0.036 

404 299 51 0.17 0.05555 17.5864 0.055 

405 1056 117 0.11 0.03057 33.2999 0.029 

406 1575 104 0.07 0.01686 27.0099 0.033 

407 571 69 0.12 0.03438 20.3299 0.036 

408 462 62 0.13 0.03833 18.4143 0.060 

409 1315 109 0.08 0.02005 26.9052 0.026 

410 1093 88 0.08 0.02005 22.3630 0.034 

411 1061 113 0.11 0.03057 33.4576 0.034 

501 615 94 0.15 0.04666 30.1004 0.044 

502 214 38 0.18 0.06020 13.7080 0.076 

503 165 36 0.22 0.08019 14.3849 0.079 

504 80 26 0.33 0.14672 13.7559 0.079 

505 769 89 0.12 0.03438 27.3795 0.039 

506 387 66 0.17 0.05555 22.7623 0.034 

507 75 34 0.45 0.23942 23.6090 0.073 

508 436 58 0.13 0.03833 17.3780 0.050 

509 1316 92 0.07 0.01686 22.5683 0.052 

510 355 57 0.16 0.05103 19.0898 0.060 



58 
 

511 819 101 0.12 0.03438 29.1597 0.042 

512 32 14 0.44 0.23085 9.6044 0.139 

513 40 18 0.45 0.23942 12.5914 0.113 

514 71 29 0.41 0.20608 18.4297 0.106 

601 223 36 0.16 0.05103 11.9916 0.106 

602 1851 92 0.05 0.01096 20.5118 0.076 

603 897 81 0.09 0.02341 21.5021 0.032 

604 303 48 0.16 0.05103 16.2935 0.091 

605 96 33 0.34 0.15362 17.4242 0.065 

606 321 49 0.15 0.04666 15.7109 0.060 

608 66 14 0.21 0.07498 5.3498 0.186 

609 1456 52 0.04 0.00827 12.1415 0.093 

610 624 59 0.09 0.02341 14.9580 0.048 

611 158 34 0.22 0.08019 13.7746 0.083 

701 288 60 0.21 0.07498 23.3446 0.088 

702 157 41 0.26 0.10241 17.9128 0.062 

703 188 43 0.23 0.08554 17.5858 0.076 

704 2692 159 0.06 0.01382 37.7248 0.096 

705 860 105 0.12 0.03438 30.6195 0.035 

706 270 44 0.16 0.05103 14.5190 0.060 

707 96 31 0.32 0.13995 15.6214 0.072 

708 114 42 0.37 0.17521 24.2170 0.045 

709 40 23 0.58 0.36573 23.0646 0.076 

711 82 37 0.45 0.23942 25.8125 0.048 

712 41 19 0.46 0.24815 13.5322 0.159 

713 90 31 0.34 0.15362 16.3352 0.097 

801 298 65 0.22 0.08019 25.9800 0.055 

802 211 56 0.27 0.10832 25.6320 0.051 

803 42 15 0.36 0.16787 8.4729 0.110 

804 215 61 0.28 0.11436 27.7623 0.087 

805 118 39 0.33 0.14672 20.2899 0.064 

806 34 15 0.44 0.23085 10.2046 0.168 

808 102 30 0.29 0.12054 13.9803 0.078 

809 132 37 0.28 0.11436 17.0448 0.085 

810 457 80 0.18 0.06020 29.2737 0.056 

811 87 28 0.32 0.13995 14.1569 0.080 

812 374 84 0.22 0.08019 32.6057 0.048 

901 73 19 0.26 0.10241 8.3289 0.390 

902 101 27 0.27 0.10832 12.2693 0.148 

903 107 36 0.34 0.15362 19.4208 0.069 

904 109 52 0.48 0.26608 39.5175 0.033 

907 97 29 0.30 0.12687 14.0946 0.113 

908 88 28 0.32 0.13995 14.3196 0.138 

911 99 30 0.30 0.12687 14.3852 0.065 

912 293 61 0.21 0.07498 23.7499 0.075 

913 42 23 0.55 0.33405 21.0678 0.076 

914 40 17 0.43 0.22245 11.4436 0.134 

916 79 21 0.27 0.10832 9.5968 0.176 

917 39 16 0.41 0.20608 10.1233 0.116 

918 118 37 0.31 0.13334 18.1549 0.100 
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Appendix F: The Correlation between the Historical Genetic Distance Measure and Con-

temporary Biological and Cultural Differences 

 

First we examine the relationship between our genetic measure and the biological dif-

ference in today’s China. The results are reported in Table A2. This measure is reliable since 

the correlation is highly significant, but the measurement error is severe and may cause the 

effect of genetic distance to be biased towards zero.  

Table A2 about here 

In Table A3 and Figure A7, we present a list of dialects and their geographic distribu-

tion. Altogether there are 42 dialects categorized into 8 main groups. Dialects within the same 

group are often mutually unintelligible (Norman 1988). We can calculate the similarity in dia-

lects between provinces p  and q as follows:  

,

pq mn pm qn

m n

C w s s  

where pms represents the share of dialect m  in province p  and qns represents the share of dia-

lect n  in province q , respectively. mnw  is the weight of the similarity between dialects m  and n . 

0mnw   if dialects m  and n  belong to different groups of Chinese dialects. 0mnw   if dialects m  

and n are different dialects but happen to belong to the Min group of dialects.38 In contrast, 

1mnw   if m n . Finally, 0.5mnw   (and later 0.9 and 0.1 to check robustness) if m and n are 

different dialects belonging to the same group of Chinese dialects other than the Min group.  

Table A3 and Figure A7 about here 

To verify that this is a sound strategy, we regress pqC  on 
k

pqG  and find that the perti-

nent coefficients are highly significant at the 1 percent level (Panel A of Table A4). Further-

more, and similar to what we did in testing the correlation between our surname measure and 

contemporary biological differences, we instrument 
k

pqG  by genetic distance in the Song dyn-

asty (
1279

pqG ) and find larger IV estimates (Panel B of Table A4), implying that there is likely a 

serious measurement error in our surname measure of genetic distance. Even so, the signifi-

cantly negative correlation between the two measures is a clear indication that our historical 

measure of genetic distance is highly correlated with cultural differences in today’s China. 

Table A4 about here 

                                                           
38 An abbreviation of Fujian Province, the Min group of dialects is one of the eight main groups of Chinese dia-

lects (refer to Figure A7 for its geographic distribution in China). 
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Table A2: Correlation between Genetic Distance based on Historical Surname Frequency Distribution and that Based on ABO Frequency Distri-

bution in 1982 

 

Panel A: OLS 

 

 (A1.1) (A1.2) (A1.3) (A1.4) (A1.5) (A1.6) (A1.7) (A1.8) (A1.9) 

 k =1 k =2 k =3 k =4 k =5 k =6 k =7 k =8 k =9 

Genetic Distance  0.286** 0.375*** 0.406*** 0.424*** 0.432*** 0.417*** 0.393*** 0.408*** 0.474*** 

 (0.110) (0.106) (0.095) (0.090) (0.084) (0.090) (0.090) (0.100) (0.111) 

No. of  Obs. 62 62 62 62 62 62 62 62 62 

R-squared 0.08 0.14 0.16 0.18 0.19 0.17 0.15 0.17 0.22 

          

          

Panel B: IV Regressions 

 

 (A2.1) (A2.2) (A2.3) (A2.4) (A2.5) (A2.6) (A2.7) (A2.8) (A2.9) 

 k =1 k =2 k =3 k =4 k =5 k =6 k =7 k =8 k =9 

Genetic Distance 1.470*** 1.239*** 1.164*** 1.142*** 1.235*** 1.318*** 1.383*** 1.345*** 1.212*** 

 (0.411) (0.310) (0.309) (0.312) (0.370) (0.409) (0.441) (0.458) (0.349) 

No. of  Obs. 62 62 62 62 62 62 62 62 62 

          

 

Panel A3: the share of true variation 

 0.194 0.302 0.349 0.371 0.350 0.316 0.284 0.303 0.390 

 

Notes: * significant at 10%; ** significant at 5%; *** significant at 1%; robust standard error in parentheses.  
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Table A3: The Eight Main Groups (and Subgroups) of Chinese Dialects 

 

 Main Group of Dialects  Subgroup of Dialects 

111 Mandarin Group 

1111 Northeastern Mandarin 

1112 Beijing Mandarin 

1113 Beifang (Jilu) Mandarin 

1114 Jiaoliao Mandarin 

1115 Zhongyuan Mandarin 

1117 Southwestern Mandarin 

1118 Jianghuai Mandarin 

112 Jin Group 

1121 Bingzhou 

1122 Luliang 

1123 Shangdang 

1124 Wutai 

1125 Dabao 

1126 Zhanghu 

1127 Hanxin 

113 Wu Group 

1131 Taihu 

1132 Taizhou 

1133 Oujiang 

1134 Wuzhou 

1135 Chuqu 

1136 Xuanzhou 

114 Gan Group 

1141 Changjing 

1142 Yiliu 

1143 Jicha 

1144 Fuguang 

1145 Yingyi 

1149 Huaiyue 

116 Min Group 

1161 Minnan 

1162 Puxian 

1163 Mindong 

1164 Minbei 

1165 Minzhong 

1168 Shaojiang 

118 Hakka Group 

1185 Tingzhou 

1186 Ninglong 

1187 Yugui 

1188 Tonggu 

119 Hui Group (Huizhou) 

1191 Jingzhan 

1192 Jishe 

1193 Xiuyi 

1194 Qide 

1195 Yanzhou 

300 Altaic Phylum 3000 Altaic Phylum 
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Figure A7: The Geographic Distribution of Dialects 
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Table A4: Correlation between Genetic Distance based on Surname Frequency Distribution and (Cultural) Similarities of Dialects  

 

Panel A: OLS 

 

 (A1.1) (A1.2) (A1.3) (A1.4) (A1.5) (A1.6) (A1.7) (A1.8) (A1.9) 

 k =1 k =2 k =3 k =4 k =5 k =6 k =7 k =8 k =9 

Genetic Distance  -0.610*** -0.634*** -0.645*** -0.635*** -0.581*** -0.562*** -0.482*** -0.397*** -0.330*** 

 (0.098) (0.099) (0.099) (0.098) (0.103) (0.102) (0.114) (0.117) (0.120) 

No. of  Obs. 62 62 62 62 62 62 62 62 62 

R-squared 0.37 0.40 0.42 0.40 0.34 0.32 0.23 0.16 0.11 

          

          

Panel B: IV Regressions 

 

 (A2.1) (A2.2) (A2.3) (A2.4) (A2.5) (A2.6) (A2.7) (A2.8) (A2.9) 

 k =1 k =2 k =3 k =4 k =5 k =6 k =7 k =8 k =9 

Genetic Distance -0.954*** -0.804*** -0.756*** -0.741*** -0.802*** -0.856*** -0.897*** -0.873*** -0.787*** 

 (0.185) (0.148) (0.150) (0.153) (0.192) (0.221) (0.247) (0.275) (0.225) 

No. of  Obs. 62 62 62 62 62 62 62 62 62 

          

 

Panel A3: the share of true variation 

 0.639 0.789 0.854 0.856 0.725 0.656 0.537 0.455 0.419 

 

Notes: * significant at 10%; ** significant at 5%; *** significant at 1%; robust standard error in parentheses.  
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Appendix G: Chinese General Social Survey (CGSS) in 2005 

 

Figure A8: The Distribution of CGSS Sample 
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Appendix H. Robustness Check – Excluding a Few Outcomes 

We thus repeat the exercise in Tables 2 and 3, but this time exclude a few possible 

outcomes—specifically 0,1,2,5my  —one at a time. Doing so will result in a total of 15 com-

binations of outcomes (
1 2 3 4

4 4 4 4 15C C C C    ). Reported in Table A5, the results show that 

the exclusion of any of these outcomes does not fundamentally change the effect of genetic 

distance on the conditional probability of maize adoption. For instance, during 1600-1700, the 

marginal effect of genetic distance on maize adoption based on the MNP model is -0.133 within 

a range of -0.131 to -0.150 (column 2.2, Table 2). For the other two periods, namely 1650-1750 

and 1650-1800, the results from the probit model are strikingly close to those of the MNP 

model. 

Table A5 about here 
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Table A5: Robustness Checks: Excluding Some Alternatives 

Excluded alternatives The marginal effect of genetic distance on the probability of technology diffusion: / ijq G   

 Maize Diffusion  Firm Diffusion 

0 1 2 3 4 5 
(1.1) 

1600–1650 

(1.2) 

1600–1700 

(1.3) 

1600–1750 

(1.4) 

1600–1800 

(1.5) 

1600–1850 

 (2.1) 

1896–1906 

(2.2) 

1896–1916 

(2.3) 

1896–1906 

(2.4) 

1896–1916 

                

Y      -0.011 -0.139 -0.142 -0.127 -0.030  -0.085 -0.168 -0.080 -0.170 
 Y     -0.010 -0.134 -0.140 -0.128 -0.031  -0.085 -0.164 -0.083 -0.165 
  Y    -0.010 -0.131 -0.138 -0.124 -0.033  -0.087 -0.171 -0.080 -0.172 
Y Y     -0.008 -0.150 -0.152 -0.134 -0.030  -0.082 -0.163 -0.082 -0.166 
Y  Y    -0.011 -0.136 -0.140 -0.127 -0.033  -0.085 -0.164 -0.078 -0.166 
 Y Y    -0.009 -0.132 -0.140 -0.125 -0.036  -0.084 -0.156 -0.082 -0.158 
Y Y Y    -0.007 -0.144 -0.152 -0.141 -0.035  -0.081 -0.163 -0.078 -0.163 
     Y -0.010 -0.133 -0.139 -0.125 -0.030  -0.085 -0.176 -0.079 -0.176 
Y     Y -0.011 -0.139 -0.142 -0.127 -0.030  -0.083 -0.170 -0.078 -0.172 
 Y    Y -0.009 -0.134 -0.140 -0.127 -0.031  -0.084 -0.166 -0.082 -0.167 
  Y   Y -0.010 -0.131 -0.138 -0.124 -0.033  -0.086 -0.174 -0.078 -0.175 
Y Y    Y -0.008 -0.148 -0.151 -0.134 -0.030  -0.078 -0.163 -0.078 -0.166 
Y  Y   Y -0.010 -0.136 -0.140 -0.126 -0.033  -0.083 -0.165 -0.076 -0.167 
 Y Y   Y -0.009 -0.131 -0.140 -0.124 -0.035  -0.084 -0.158 -0.080 -0.160 
Y Y Y   Y -0.006 -0.143 -0.150 -0.139 -0.034  -0.078 -0.162 -0.074 -0.162 

Max/Min 1.898 1.142 1.104 1.137 1.204  1.114 1.126 1.101 1.118 
Notes: Columns (1.1) (1.2) (13) (1.4) and (1.5) adopt the specification in columns (1.2) (2.2) (3.2) (4.2) and (5.2) of Table 2. Columns (2.1) (2.2) (2.3) and (2.4) adopt the 

specification in columns (1.2) (2.2) (3.2) and (4.2) of Table 3. The marginal effects of genetic distance on the probability of technology diffusion are reported.  
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Appendix I: Alternative Specification – The Effect on the Distance of Adoption Time between a Pair of Prefectures (Table A6) 

 

 OLS Reduced Form IV-Regression 

 (1) (2) (3) (4) (5) (6) 

       

Genetic distance 22.224 23.096   84.219 83.620 

 [9.905]** [10.326]**   [44.405]* [48.914]* 

Nomadic migrants * Tangut  People   -35.278 -31.119   

   [18.086]* [17.881]*   

Nomadic migrants   18.276 18.429 17.941 22.119 

   [14.917] [14.742] [14.707] [15.189] 

Mongol people   -0.687 -0.678 9.903 1.416 

   [11.046] [11.615] [14.438] [12.522] 

Distance (log)  Yes  Yes  Yes 

Contiguity (dummy)  Yes  Yes  Yes 

Coast-river  (dummy)  Yes  Yes  Yes 

Within province  Yes  Yes  Yes 

Diff. in size (log)  Yes  Yes  Yes 

Diff. in pop. density (log)  Yes  Yes  Yes 

Diff. in geo. coordinates  Yes  Yes  Yes 

Diff. in crop suitability  Yes  Yes  Yes 

       

No. of obs. 1056 1056 1056 1056 1056 1056 

R-squared 0.021 0.028 0.013 0.026   

Notes: Two-way clustering standard error (Cameron et al. 2006) in square brackets. * significant at 10%; ** significant at 5%; *** significant at 1% . 

Model specification: 

First, we study the effect of genetic distance on the difference in maize adoption year between prefectures in a pair;  

ij ij ij ijA G X      

Second, we identify the causal effect of genetic distance on the probability of technology diffusion with the Tangut migration as instrument:  

2 3

1 2 3

ij ij ij ij ij ij

ij ij ij ij ij ij

A G N M X

G T N M X

    

    

    

    
 

 


