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ABSTRACT Migration is selec tive, resulting in inequalities between migrants and 
non mi grants. However, inves ti gat ing migra tion selec tion is empir i cally chal leng ing 
because com bined pre- and post-migra tion data are rarely avail  able. We pro pose an 
alter na tive approach to assessing inter nal migra tion selec tion by inte grat ing genetic 
data, enabling an inves ti ga tion of migra tion selec tion with cross-sec tional data col-
lected post-migra tion. Using data from the UK Biobank, we uti lized stan dard tools from 
sta tis ti cal genet ics to con duct a genome-wide asso ci a tion study (GWAS) for migra tion 
dis tance. We then cal cu lated genetic cor re la tions to com pare GWAS results for migra-
tion with those for other char ac ter is tics. Given that indi vid ual genet ics are deter mined 
at con cep tion, these ana ly ses allow a unique explo ra tion of the asso ci a tion between 
pre-migra tion char ac ter is tics and migra tion. Results are gen er ally con sis tent with the 
healthy migrant lit er a ture: genet ics cor re lated with lon ger migra tion dis tance are asso ci-
ated with higher socio eco nomic sta tus and bet ter health. We also extended the anal y sis 
to 53 traits and found novel cor re la tions between migra tion and sev eral phys i cal health, 
men tal health, per son al ity, and sociodemographic traits.

KEYWORDS Migration • Biodemography • Genome-wide asso ci a tion study •  
UK Biobank

Introduction

Multiple the o ries posit that migrants are not ran domly selected from a pop u la-
tion. Examples include the healthy migrant hypoth e sis (Jasso et al. 2004; Palloni 
and Arias 2004; Palloni and Morenoff 2006), Borjas’ (1987) appli ca tion of the Roy 
(1951) model of selec tion in the eco nom ics lit er a ture to migra tion, and Ravenstein’s 
(1885) law of migra tion. One illus tra tive migra tion selec tion pro cess is that skilled 
and healthy indi vid u als are more likely to migrate than less skilled and unhealthy 
counterpartsbecausethesequalitiesarenecessaryforthebenefitsofmigrationtoout
weigh its eco nomic, per sonal, phys i cal, and psy cho log i cal costs (see Feliciano 2020).

Much research has presented empir i cal evi dence supporting this pos i tive migra-
tion selec tion. For exam ple, immi grants in the United States, par tic u larly long-dis tance  
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migrants, tend to be more edu cated than those remaining in their home countries  
(Feliciano 2005). Earlier research also found bet ter health among U.S. immi grants 
rel a tive to non mi grants resid ing in countries of ori gin, con sis tent with pos i tive health 
selec tiv ity of migra tion (Bostean 2013; Crimmins et al. 2005; Morey et al. 2020;  
Ro et al. 2016; Rubalcava et al. 2008).1 Similarly, research in Europe has dem on strated 
that migrants have higher child hood socio eco nomic sta tus (SES) and health than non-
mi grants in their send ing countries (Fuller-Thomson et al. 2015; Schmidt et al. 2022), 
suggesting pos i tive migra tion selec tion. Importantly, migra tion selec tion on SES and 
health can be found in inter nal migra tion con texts (Borjas et al. 1992; Lu 2008; Nauman  
et al. 2015; Rauscher and Oh 2021; Wilding et al. 2016).2 Overall, inter na tional and 
inter nal migra tion are highly selec tive along many dimen sions of SES and health.

Despite these established the o ret i cal frame works, data avail abil ity is a cru cial lim-
i ta tion for stud ies exam in ing migra tion selec tion. Given the effects of migra tion on 
migrants’ SES and health (Lu 2010), a sim ple com par i son of SES and health between 
migrantsandnonmigrantsreflectsbothselectionandcausationofmigration.Innova-
tive research has exam ined migra tion selec tion using lon gi tu di nal data that include 
both pre- and post-migra tion infor ma tion (Abramitzky et al. 2012; Fuller-Thomson 
et al. 2015; Lu 2008; Nauman et al. 2015; Rubalcava et al. 2008), but such data 
are rarely avail  able. This data con straint gen er ally pre vents schol ars from sep a rat ing 
migra tion selec tion and migra tion effects (Darlington et al. 2015).

The issue of data avail abil ity in migra tion stud ies goes beyond the lack of lon gi tu-
di nal data track ing migra tion behav iors. Prior research exam in ing the healthy migrant 
hypoth e sis relied on sub jec tive health assess ments (Akresh and Frank 2008; Mehta 
and Elo 2012; Nauman et al. 2015).3However,thesemeasuresmightpartiallyreflect
sys tem atic dif fer ences in reporting ten den cies between sociodemographic groups 
(Altman et al. 2016; Grol-Prokopczyk et al. 2011; Rossouw et al. 2018). An alter-
na tive to self-assess ment is bio marker data, which can rep re sent objec tive mea sures 
of risks of future dis eases (Crimmins et al. 2010; Harris and Schorpp 2018). Thus, 
bio marker mea sures might uncover migra tion selec tion in latent health risks that do 
not appear in sub jec tive health assess ments. This fea ture of bio mark ers is impor tant 
in a case such as inter nal migra tion in the United Kingdom, where migra tion is con-
cen trated among young adults (Bernard et al. 2016), who are less likely to per ceive 
health issues.

We pro pose a novel approach to assess migra tion selec tion using a com bi na tion 
of stan dard geno mic anal y sis toolkits: a genome-wide asso ci a tion study (GWAS)  
and genetic cor re la tion anal y sis.4Wefirst exploregeneticvariants correlatedwith

1 Some of these stud ies showed neg a tive migra tion selec tion on self-reported health (Bostean 2013; 
 Rubalcava et al. 2008).
2 For exam ple, in the United States between 1880 and 1990, Black migrants from the South to the North 
had higher edu ca tional attain ment than Black non mi grants in the South (Tolnay 1998).
3 Some stud ies used bio mark ers (Beltrán-Sánchez et al. 2016; Crimmins et al. 2005; Riosmena et al. 2013; 
Rubalcava et al. 2008), but their bio marker var i a tion was lim ited.
4 A GWAS is a hypoth e sis-free scan of the genome that esti ma tes sta tis ti cal asso ci a tions between each 
genetic loca tion (var i ant) and an out come of inter est. Estimates from a GWAS can then be used in sev eral 
types of down stream anal y sis. Genetic cor re la tion anal y sis com pares the sim i lar ity of GWAS esti ma tes 
for one out come (in this case, migra tion) with GWAS esti ma tes from other out comes (here, SES and 
health) to assess an over all genetic cor re la tion among the out comes. Alternatively, GWAS esti ma tes can 
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migra tion through a GWAS and then use a genetic cor re la tion anal y sis to assess 
whether and how these genetic var i ants cor re lated with migra tion are also asso ci-
ated with SES and health. Given that skilled and healthy indi vid u als are selected to 
migrate, migrants are expected to have genetic traits cor re lated with higher SES and 
bet ter health than non mi grants: genetic var i ants cor re lated with migra tion will also be 
cor re lated with higher SES and bet ter health.

The frame work takes advan tage of the fact that genetic var i ants are deter mined at 
con cep tion, remain unchanged through out the life course, and thus can not be affected 
by migra tion, SES, or self-assessed health.5 These qual i ties allow us to rule out migra-
tion effects and col lect these mea sures post-migra tion. The broad scope of prior genetic 
anal y sis also enables us to con sider many traits in our genetic cor re la tion anal y sis, even 
those that affect older indi vid u als rel a tive to our sam ple. Together, these meth ods allow 
novel cor re la tions between migra tion and other traits that are not typ i cally mea sured 
(orcannotbemeasured).Additionally,futureresearchcanuseourGWASfindingsfor
migra tion in down stream anal y sis of migra tion in smaller datasets that con tain genetic 
data, such as the Health and Retirement Study and the English Longitudinal Study of 
Aging. Furthermore, our results will directly show the role of genet ics in migra tion 
selec tion, which demog ra phers have suggested (Palloni and Arias 2004). Overall, our 
explo ra tion of genetic cor re la tions between migra tion and SES and health sheds light 
on understudied but poten tially impor tant dimen sions of migra tion selec tion and inte-
grates a social geno mics approach into the migra tion lit er a ture.

Data and Methods

The UK Biobank (UKB) is a large-scale biobank study of more than 500,000 peo ple 
that col lected base line data in 2006–2010. The UKB recruited the base line sam ple 
through an invi ta tion let ter sent to indi vid u als aged 40–69 who were liv ing rea son-
ably close to one of the 22 catch ment areas where UKB assess ment cen ters were 
located (see Figure 1). The UKB is suit able for our pur poses because it includes a 
large sam ple of genotyped indi vid u als, allowing us to imple ment a GWAS. The UKB 
also col lected coor di nate infor ma tion on places of birth and cur rent res i dence (at the 
time of the sur vey), which are required to con struct a migra tion mea sure (described 
later). Of the respon dents who com pleted the study (n = 502,505), we excluded those 
with no migra tion dis tance data (n = 61,672) and those of non-Euro pean ancestries 
(n = 50,024). After addi tional qual ity con trol, 359,571 sam ples remained.6

be com bined into a poly genic index (PGI) at the indi vid ual (respon dent) level. A few stud ies have com-
pared edu ca tional attain ment PGIs between migrants and non mi grants (Abdellaoui et al. 2022; Abdellaoui 
et al. 2019; Belsky et al. 2019; Belsky et al. 2016), but we are unaware of research performing GWAS for 
migra tion out comes.
5 Migration and SES (and prob a bly health out comes) are dis tal phe no types, suggesting that prox i mate 
var i ables medi ate the asso ci a tions of genetic traits with these out comes. However, the pres ence of medi-
at ing fac tors does not elim i nate the value of this study’s unique con tri bu tions discussed in the fol low ing 
pas sage in this par a graph.
6 For exam ple, we ran domly selected indi vid u als among those in sec ond-degree rel a tive dyads by using 
KING (https:  /  /www  .kingrelatedness  .com  /) to cal cu late the genetic relat ed ness of all  UKB respon dents, as 
is stan dard in genetic anal y sis.
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We used sin gle-nucle o tide poly mor phisms (SNPs) as a genetic marker.7 Our 
depen dent var i able is migra tion dis tance, representing the rout ing dis tance between 
the self-reported coor di na tes for respon dent’s places of birth and cur rent res i dence. 
We mea sured migra tion dis tance as a con tin u ous out come because it does not require 
anarbitraryclassificationofrespondentsas(internal)migrantsversusnonmigrantsor
long-dis tance ver sus short-dis tance migrants. Because pre lim i nary ana ly ses showed 
that more genetic var i ants cor re lated with logged migra tion dis tance than with migra-
tion dis tance, we focus on logged migra tion dis tance.8 Additionally, we included the 
fol low ing con trol var i ables: age; sex; the type of chip used for genotyping; and the 
first20principalcomponents,whichaccountforpopulationstructure–relatedcon-
founding (Price et al. 2006).

7 SNPisageneticvariationinasinglebasepairataspecificlocationinDNA.
8 Resultsofnonlogtransformedmigrationdistancearesimilartoourmainfindings(seesection2ofthe
online appen dix).

Fig. 1 Distribution of logged migration distance and geographic distribution of UKB participants. The ana-
lytic sample includes those of European ancestries with migration distance data. Logged distance indicates 
log-transformed travel distance (km) between birthplace and the current place of residence. The distribu-
tion of logged migration distance is available in Figure A1.
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We performed a GWAS for logged migra tion dis tance using Hail, a soft ware tool 
for genetic anal y sis (https:  /  /hail  .is  /). GWAS runs mil li ons of regres sions to inves ti gate 
how the var i a tion of an out come var i able is asso ci ated with each genetic var i ant. Fol-
lowing con ven tions in the GWAS lit er a ture (e.g., Loh et al. 2015), we removed SNPs 
with a miss ing call rate greater than 0.01, a minor allele fre quency less than 0.01, and 
a Hardy–Weinberg equi lib rium test p value <1.0e–6. To con trol type I error, we used 
geno mic con trol esti ma tes (i.e., inter cept) in link age dis equi lib rium score (LDSC) 
regres sion (Bulik-Sullivan, Loh et al. 2015)toinflatestandarderrorsforGWASasso
ciations.Next,wecalculatedgeneticcorrelationsbetweenourGWASfindings for
loggedmigration distance andGWASfindings for 53 traits from other published
stud ies. These traits include some genetic com po nents that are direct (i.e., operate 
through inherited genetic var i ants) and some that are indi rect (i.e., operate through 
the fam ily envi ron ment) (Wu et al. 2021). This decom po si tion of genetic cor re la tion 
allowed us to assess under ly ing mech a nisms for the asso ci a tion between genetic var-
i ants and migra tion.9 We used LDSC to esti mate genetic cor re la tions (Bulik-Sullivan, 
Finucane et al. 2015)andadjustedthesignificancecutoffusingBonferronicorrection
to account for mul ti ple test ing. GWAS sum mary sta tis tics for the 53 traits are shown 
inTableA1(tablesandfiguresdesignatedwithan“A”areintheonlineappendix).

Results

Main Findings

Illustrating GWAS results, Figure 2 shows a Manhattan plot of 1,858 SNPs from 21 
independentlocithatreachthegenomewidesignificancelevel(p < 5.0e–8); genetic 
research ers use this very low p-value thresh old to adjust for the hun dreds of thou-
sandsofresultsestimatedtocontrolforfalsepositivefindings.10 These SNPs are also 
asso ci ated with sev eral SES and health out comes. For exam ple, out comes asso ci ated 
with the SNP with the low est p value in our migra tion anal y sis include edu ca tional 
attain ment (Davies et al. 2016), cog ni tive per for mance (Lee et al. 2018), and anorexia 
nervosa (Peyrot and Price 2021). A mea sure of over all genetic con tri bu tion (SNP her-
i ta bil ity) to logged migra tion dis tance is 0.0629 (stan dard error [SE] = 0.003): 6% of 
the var i a tion is from com monly mea sured genetic var i a tion.11

Figure 3 and Table A2 sum ma rize genetic cor re la tions (rg) between logged migra-
tion distance and 53 traits.We find a strong positive genetic correlation between
logged migra tion dis tance and edu ca tional attain ment (rg = 0.886); this level of 
genetic cor re la tion is among the highest reported in the lit er a ture, exceed ing that for 

9 One way to eval u ate under ly ing mech a nisms is to con duct a medi a tion anal y sis. However, in our case, a 
conventionalmediationanalysisisdifficulttoimplementbecausewedonotknowthetimingofmigration.
We there fore assess under ly ing mech a nisms by decomposing genetic cor re la tions into direct and indi rect 
com po nents.
10 See Figure A2 for the quantile–quantile plot.
11 To test poten tial mech a nisms of the asso ci a tion between genetic var i ants and migra tion dis tance, we 
assessed whether sex and birth cohort (the 1940s, 1950s, and 1960s cohorts) mod er ate this rela tion ship. 
Wefoundnoempiricalevidencethattheseaxesofsocialstratificationmoderatetherelationshipbetween
genetic var i ants and migra tion dis tance (results avail  able upon request).
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Fig. 3 Genetic correlations for logged migration distance. Circles and error bars indicate genetic correla-
tionestimatesandstandarderrors.Correlationssignificantatthe5%levelafterBonferronicorrectionare
highlighted as open circles. ADHD =attentiondeficit/hyperactivitydisorder.LDLCandHDLC= low- 
and high-density lipoprotein cholesterol, respectively.
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cog ni tive per for mance. Further, our results of direct (i.e., own genet ics) and indi rect 
(i.e., paren tal/fam ily genet ics) com po nents dem on strate strong genetic cor re la tions 
with both dimen sions but indi cate a stron ger genetic cor re la tion with the indi rect 
com po nent (rg = 0.856) than with the direct com po nent (rg = 0.624).

The results also reveal significant negative genetic correlations with several
health-related issues, includ ing cor o nary artery dis ease, Type 2 dia be tes, major 
depressivedisorder,neuroticism,andattentiondeficit/hyperactivitydisorder.Among
fertilityrelatedoutcomes,geneticcorrelationswithageatfirstbirthandageatmen
o pause are pos i tive; the genetic cor re la tion with the num ber of chil dren is neg a tive. 
Finally, sev eral genetic cor re la tions with health out comes were unan tic i pated. Specif-
ically, pos i tive genetic cor re la tions with anorexia nervosa, autism spec trum dis or der, 
and bipo lar dis or der sug gest higher genetic risks of these men tal dis or ders among 
migrants rel a tive to non mi grants.12

Robustness Checks

Additional GWAS and Genetic Correlation Analyses

We conducted sev eral robust ness checks to assess the impacts of UKB’s sam pling 
designonourfindings.Specifically,weinvestigated(1)theconsequencesoftheover
rep re sen ta tion of well-edu cated UK res i dents in the UKB (Munafò et al. 2018), (2) 
the impacts of the poten tial oversampling of health pro fes sion als,13 and (3) the effects 
ofsamplingselectionbasedonmigrationdistance.Totesttherobustnessofourfind
ingsonthefirstissue,wereimplementedGWASwhileexcludingthosewithprofes
sional edu ca tion and col lege grad u ates. Our goal was to reduce the data’s cases of 
migra tion for pur su ing higher edu ca tion. Similarly, we also ran GWAS exclud ing 
health pro fes sion als to elim i nate the impacts of health pro fes sion als’ migra tion into 
places around the med i cal assess ment cen ters.14 Regarding the third issue, we split 
the22catchmentareasintotwogroupsonthebasisofplacespecificmedianmigra
tion dis tance and performed GWAS sep a rately for these two groups. A key sam pling 
fea ture of the UKB is that only peo ple liv ing close to one of 22 assess ment cen-
ters were asked to par tic i pate. This fea ture may trun cate some inter nal migra tion 
distances in the fullUKpopulation.We split the data basedon theplacespecific
migra tion dis tance dis tri bu tions and exam ined the sim i lar ity of the results between 
the two sub sam ples. That is, we fur ther trun cated migra tion dis tance in each sub-
sam ple and explored whether doing so would shape our results to gauge whether the 

12 Similarly, Figure A3 shows that genetic cor re la tions between edu ca tional attain ment and these health 
mea sures are also pos i tive.
13 We expect health pro fes sion als to be over rep re sented in the sam ple because the UKB recruited indi vid-
u als liv ing close to one of 22 med i cal assess ment cen ters.
14 WeidentifiedhealthprofessionalsusinganemploymenthistoryquestionintheUKBinquiringabout
paid jobsandapprenticeshipsheld, inalignmentwith the internationalclassificationofhealthworkers
pro vided by the World Health Organization (https:  /  /www  .who  .int  /publications  /m  /item  /classifying  -health 
 -workers). We then excluded indi vid u als cat e go rized as health pro fes sion als and health asso ci ate pro fes-
sionals.TableA3summarizesthejobcodeintheUKBandtheoccupationalclassification.
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unknown trun ca tion due to the UKB sam pling strat egy is likely to have affected our 
main results.

Figures A4–A7 show that genetic cor re la tions between migra tion dis tance and 53 
traits are gen er ally con sis tent across the ways we select the ana lytic sam ple. The cor-
relationcoefficientofgeneticcorrelationsbetweenthesamplewithandwithoutpro
fessionalorcollegeeducationis0.98.Likewise,thecorrelationcoefficientofgenetic
cor re la tions between the sam ple with and with out health pro fes sion als is 0.99. Fur-
ther,thecorrelationcoefficientofgeneticcorrelationsbetweenourtwosubsamples
based on migra tion dis tance is 0.97. Regression slopes in Figures A5–A7 are close to 
1, rang ing from 0.943 (SE = 0.022) to 1.165 (SE = 0.031). Hence, these results do not 
pres ent empir i cal evi dence that sam pling selec tion issues in the UKB sub stan tially 
alterourfindings.

Within-Sibling Analyses

DifferencesingeneticancestrieshaveunignorableimpactsonGWASfindingswhen
genetic ancestries affect genetic var i ants and an out come of inter est. To account 
forthispopulationstratificationissue,werestrictedtheanalyticsampletoindivid
u als of Euro pean ancestries and included genetic prin ci pal com po nents in GWAS. 
However,principalcomponentsmightnotfullyaccountforpopulationstratification
(Howe et al. 2022).Tofurthereliminatetheimpactsofpopulationstratificationon
ourmain findings,we conductedwithinsiblingGWAS,which compares genetic
var i ants between sib lings. This approach ensures that dif fer ences in genetic var i-
antsarenotduetopopulationstratificationbecausesiblingssharegeneticancestries
(Raffingtonetal.2020).

Although within-sib ling GWAS effec tively reduces the threat of pop u la tion strat-
ification, this approachhas limitations.First,withinsiblingGWAS includesonly
UKB respon dents whose sib lings also par tic i pated in the UKB and there fore has 
a much smaller sam ple size (16,220 pairs and 32,440 indi vid u als) than pop u la tion 
GWAS.Second,withinsiblingGWASaccountsfornotonlypopulationstratifica
tion but also any other shared traits between sib lings, such as the fam ily of ori gin’s 
socio eco nomic back ground and child hood neigh bor hood envi ron ments. Because 
these shared traits explain some var i ance of an out come mea sure, the remaining 
var i ance that genetic pre dis po si tions can explain is small in within-sib ling GWAS. 
These lim i ta tions result in larger stan dard errors for genetic cor re la tions in within-
sib ling GWAS than for pop u la tion GWAS. Therefore, we pri mar ily focused on sign 
con cor dance of genetic covari ances for asso ci a tions between genetic var i ants cor-
re lated with migra tion dis tance and other phe no types. Finally, dif fer ences between 
pop u la tion and within-sib ling GWAS should be interpreted with cau tion. Consistent 
signsbetweenpopulationandwithinsiblingGWASsupportourmainfindingswith
the least threatofpopulationstratification.However,differentsignsdonot imply
thatpopulationstratificationinducesbiasedestimatesinpopulationGWASbecause
the within-sib ling com par i son accounts for all  shared traits between sib lings, includ-
ingbutnotlimitedtopopulationstratification.

Results of sign tests are presented in Table 1. Among the 33 traits that reached 
the 5% significance level after Bonferroni correction in the genetic correlation
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 anal y sis, genetic covari ances of 28 traits (85% of the 33 traits) from within-sib ling 
GWAS have signs con sis tent with those from pop u la tion GWAS (p = 6.6 i10−5,  
bino mial test).15 These results suggest that significant genetic correlations for

15 Because there are pos i tive and neg a tive signs, we expect that half of the genetic covari ances from 
within-sib ling GWAS show incon sis tent signs with the genetic covari ances from pop u la tion GWAS if the 
signs of genetic covari ances from within-sib ling GWAS are ran dom. Therefore, the null hypoth e sis in this 

Table 1 Estimated genetic covari ances from pop u la tion and within-sib ling GWAS

Trait

Genetic Covariance

Same Sign?Population GWAS Within-Sibling GWAS

ADHD −0.0580 (0.0052)*** −0.0154 (0.0128) Yes
Age at First Birth 0.0352 (0.0022)*** 0.0087 (0.0063) Yes
Anorexia 0.0213 (0.0047)*** 0.0121 (0.0127) Yes
Anxiety Disorder −0.0289 (0.0062)*** −0.0279 (0.0189) Yes
Autism Spectrum Disorder 0.0223 (0.0059)*** −0.0146 (0.0200) No
Autoimmune Thyroid Disease −0.0116 (0.0033)*** −0.0099 (0.0135) Yes
Bipolar Disorder 0.0288 (0.0050)*** 0.0001 (0.0151) Yes
Birth Weight 0.0091 (0.0025)*** 0.0039 (0.0073) Yes
Body Mass Index −0.0300 (0.0025)*** 0.0060 (0.0072) No
Cigarettes per Day −0.0153 (0.0021)*** −0.0015 (0.0063) Yes
Cognitive Performance 0.0836 (0.0035)*** 0.0188 (0.0081)* Yes
Coronary Artery Disease −0.0142 (0.0015)*** −0.0014 (0.0048) Yes
Dark Brown Hair 0.0105 (0.0026)*** 0.0015 (0.0072) Yes
Educational Attainment 0.0887 (0.0030)*** 0.0273 (0.0056)*** Yes
Educational Attainment, Direct 0.0428 (0.0063)*** 0.0215 (0.0196) Yes
Educational Attainment, Indirect 0.0498 (0.0062)*** 0.0140 (0.0162) Yes
HDL-C 0.0207 (0.0027)*** −0.0033 (0.0088) No
Height 0.0279 (0.0041)*** −0.0116 (0.0112) No
Income 0.0544 (0.0027)*** 0.0138 (0.0064)* Yes
Intracranial Volume 0.0401 (0.0060)*** 0.0287 (0.0182) Yes
LDL-C −0.0122 (0.0032)*** −0.0136 (0.0108) Yes
Major Depressive Disorder −0.0111 (0.0018)*** −0.0132 (0.0054)* Yes
Menopause Age 0.0202 (0.0040)*** 0.0148 (0.0104) Yes
Neuroticism −0.0209 (0.0028)*** −0.0203 (0.0093)* Yes
Number of Children −0.0082 (0.0018)*** −0.0018 (0.0048) Yes
Openness to Experience 0.0329 (0.0072)*** 0.0228 (0.0218) Yes
Rheumatoid Arthritis −0.0248 (0.0037)*** −0.0218 (0.0125)† Yes
Smoking Cessation −0.0225 (0.0017)*** −0.0091 (0.0048)† Yes
Smoking Initiation −0.0222 (0.0019)*** −0.0064 (0.0044) Yes
Smoking Initiation Age 0.0291 (0.0021)*** 0.0041 (0.0058) Yes
Subjective Well-being 0.0058 (0.0017)*** 0.0020 (0.0057) Yes
Triglycerides −0.0203 (0.0035)*** −0.0032 (0.0112) Yes
Type 2 Diabetes −0.0148 (0.0026)*** 0.0036 (0.0076) No

Notes:Dataarerestrictedtothe33phenotypesshowingsignificantgeneticcorrelationswithmigration
dis tance after Bonferroni cor rec tion in the main anal y sis. Standard errors are shown in paren the ses. 
ADHD =attentiondeficit/hyperactivitydisorder.LDLCandHDLC= low- and high-den sity lipo pro tein 
cho les terol, respec tively.
†p < .10; *p < .05; ***p < .001
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migra tion dis tance with SES and health in the main ana ly ses are gen er ally robust 
topopulationstratification.

Bycontrast,thesignsofgeneticcovariancesoftheotherfivetraitsfromwithin
sib ling GWAS dif fer from those in pop u la tion GWAS. These traits are autism spec-
trum dis or der, body mass index, HDL cho les terol, height, and Type 2 dia be tes. 
Althoughthesedifferencesareprobablyduetopopulationstratificationinpopulation
GWAS, we can not reject an alter na tive sce nario that other shared traits between sib-
lings alter the signs of genetic covari ances of these char ac ter is tics. Furthermore, these 
geneticcovariancesarenotstatisticallysignificantevenwithoutBonferronicorrec
tion, suggesting that the incon sis tent signs may result from low sta tis ti cal power and 
impre cise esti ma tion. Because most of the traits show con sis tent direc tions of genetic 
covari ances across within-sib ling and pop u la tion GWAS, we con clude that within-
siblingGWASdoesnotpresentempiricalevidencecastingdoubtonourmainfind
ings in the genetic cor re la tion anal y sis.

Analyses With U.S. Data

Tofurthervalidateourfindings,weconductedsimilaranalyseswithdifferentsam
ples. However, we are unaware of datasets that pro vide a migra tion dis tance mea sure 
andgenetic datawith a sufficiently large sample size to implement aGWASand
genetic cor re la tion anal y sis.16Asanalternative,weusedourGWASfindingstocreate
a migra tion dis tance poly genic index (PGI): a sum mary mea sure representing cumu-
la tive cor re la tions of inde pen dent geno mic loci of small cor re la tions with migra tion 
dis tance. We then assessed how migra tion dis tance PGI is asso ci ated with migra tion 
dis tance, health, SES, and skills in a U.S. pop u la tion.17Onthebasisofourmainfind
ings, we expected that those with genetic var i ants cor re lated with lon ger migra tion 
dis tances (i.e., higher migra tion dis tance PGIs) move lon ger dis tances, are health ier, 
and have more socio eco nomic resources than those with lower migra tion dis tance 
PGIs.Such resultswouldprovideadditional supportvalidating thefindings in the
GWAS and genetic cor re la tion anal y sis.

We ana lyzed data from the National Longitudinal Study of Adolescent to Adult 
Health (Add Health) and the Health and Retirement Study (HRS), which col lected 
genetic data. These datasets allowed us to con struct migra tion dis tance PGIs. Fur-
ther, because these datasets cover dif fer ent age and birth cohorts, we could assess 
whether the asso ci a tions of the migra tion dis tance PGI with health, SES, and skills 
depend on these demo graphic char ac ter is tics. We used Add Health Wave I to explore 

bino mial test is that the prob a bil ity that the signs of genetic covari ances from within-sib ling GWAS are 
con sis tent with those from pop u la tion GWAS is 0.5.
16 For exam ple, Add Health pro vi des migra tion dis tance infor ma tion and genetic data, but the sam ple size 
(N  =  4,508 after qual ity checks) is too small to run a GWAS and genetic cor re la tion anal y sis.
17 To cre ate the migra tion dis tance PGI, we used the results of the logged migra tion dis tance GWAS of 
UKB data. Following the stan dard pro ce dure to con struct PGI, we clumped SNPs using Phase 3 Euro pean 
sam ples from the 1,000 Genomes Project as link age dis equi lib rium ref er ence. The link age dis equi lib rium 
win dow size and a pairwise R2 thresh old were set at 1 megabase (Mb) and 0.1, respec tively. We did not use 
p value thresholding for var i ant selec tion. We cal cu lated migra tion dis tance PGI with PRSice-2 soft ware 
(Choi and O’Reilly 2019) and stan dard ized with a mean of 0 and a var i ance of 1 in down stream ana ly ses.

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/60/6/1631/2039069/1631_furuya_internalm
igration.pdf by guest on 25 April 2024



1642 S. Furuya et al.

the asso ci a tion between the migra tion dis tance PGI and phe no typic traits among 
ado les cents.18 Additionally, we ana lyzed Add Health Wave IV and the 2012 round of 
HRS, which col lected data for young adults and older peo ple, because these sur vey 
waves col lected com pleted genetic data.

Migration dis tance is mea sured by the dis tance of loca tions between Waves I and 
III in Add Health.19 We cre ated health, SES, and skill mea sures by using Add Health 
Waves I and IV and the 2012 round of HRS. Our health out come mea sures include 
self-reported health, height, body mass index, and depres sion (assessed with the Cen-
ter for Epidemiologic Studies Depression Scale). For Wave I respon dents, we also 
used pic ture vocab u lary test scores and grades in English, math, social stud ies, and sci-
ence to mea sure respon dents’ abil i ties and skills. With Add Health Wave IV and HRS 
data, we mea sured respon dents’ SES as edu ca tional attain ment and log-transformed 
indi vid ual and house hold income (Table A4 details the operationalizations of these 
out come mea sures).

Table 2 sum ma rizes the results of the asso ci a tion between migra tion dis tance PGI 
and the loca tion dis tance between Add Health Waves I and III. Net of age, sex, and 
thefirst20principal components, ahighermigrationdistancePGI is significantly
associatedwithalongermigrationdistance.Thisfindingsuggeststhatgeneticvari
ants cor re lated with a lon ger migra tion dis tance among the UKB par tic i pants are also 
asso ci ated with a lon ger migra tion dis tance among the Add Health par tic i pants.

We then exam ined the asso ci a tions with health, SES, and skills. Table 3 dem on-
stratesthatnetofage,sex,andthefirst20principalcomponents,ahighermigration
dis tance PGI is asso ci ated with bet ter health and higher skills and SES, regard less of 
age groups and birth cohorts. These results are con sis tent with the pos i tive genetic 

18 Add Health Wave II also pro vi des data for ado les cents, but the sam ple size is some what smaller in Wave 
II than Wave I.
19 Add Health also pro vi des the loca tion dis tance between Waves I and II and between Waves II and III. 
However, only small var i a tions in the loca tion dis tance exist between Waves I and II because Wave II 
col lected data one or two years after Wave I. Further, the loca tion dis tances between Waves II and III are 
sim i lar to those between Waves I and III, but Wave II has fewer obser va tions than Wave I. Therefore, we 
used the loca tion dis tance between Waves I and III.

Table 2 Estimated rela tion ships between logged migra tion dis tance PGI and geo graphic mobil ity  
dis tance in Add Health Waves I and III

Variable

Distance Between Waves I and III

Standardized Log-Transformed

Migration PGI (stan dard ized) 0.036* 0.148†

(0.018) (0.079)
Number of Observations 4,688 4,688

Notes: Logged migra tion dis tance PGI is stan dard ized at a mean of 0 and stan dard devi a tion of 1. The 
sam ple is restricted to those of Euro pean ancestries. Heteroskedasticity-robust stan dard errors are shown 
inparentheses.Additionalcontrolsincludethefirst20principalcomponents,adummyvariableforagein
Wave III, and a dummy var i able for sex. Additional con trols are not shown.
†p < .10; *p < .05
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correlationsbetweenmigrationdistanceandhealth,SES,andskillsinthemainfind
ings. Overall, the addi tional ana ly ses with two U.S. datasets sug gest that our UKB 
results gen er al ize to other con texts.

Discussion

This study pro vi des novel assess ments of migra tion selec tion using genetic ana lytic 
tools. We found many genetic var i ants asso ci ated with logged migra tion dis tance. 
Because genetic var i ants are not affected by migra tion, these results pro vide direct 

Table 3 Estimated rela tion ships between logged migra tion dis tance PGI and phe no types in the U.S. data

Variable

Add Health Wave I 
(ado les cents) 

Add Health Wave IV
(adults) 

HRS
(older adults)

(1) (2) (3)

A. Health Outcomes
 Self-reported health 0.039** 0.062*** 0.137***
 (0.013) (0.013) (0.020)
 Height 0.012** 0.013*** 0.004**
 (0.004) (0.003) (0.001)
 Body mass index −0.182** −0.458*** −0.199†

 (0.062) (0.105) (0.111)
 Depression (CES-D scale) −0.381*** −0.196** −0.144***
 (0.106) (0.069) (0.037)
B. SES and Skills
 Completed high school — 0.016*** 0.051***
 — (0.003) (0.006)
 Completed four-year col lege — 0.075*** 0.105***
 — (0.007) (0.008)
 Logged per sonal income — 0.163*** 0.154*
 — (0.040) (0.073)
 Logged house hold income — 0.055*** 0.134***
 — (0.012) (0.019)
 Picture vocab u lary test score 1.969*** — —
 (0.174) — —
 Grade in English 0.090*** — —
 (0.017) — —
 Grade in math 0.100*** — —
 (0.018) — —
 Grade in social stud ies 0.123*** — —
 (0.019) — —
 Grade in sci ence 0.127*** — —

(0.018) — —

Notes: Logged migra tion dis tance PGI is stan dard ized at a mean of 0 and a stan dard devi a tion of 1. The 
sam ple is restricted to those of Euro pean ancestries. Heteroskedasticity-robust stan dard errors are shown 
inparentheses.Additionalcontrolsincludethefirst20principalcomponents,theagefixedeffect,anda
dummy var i able for sex. Additional con trols are not shown. CES-D = Center for Epidemiologic Studies 
Depression Scale.
†p < .10; *p < .05; **p < .01; ***p < .001
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evi dence of genetic migra tion selec tion: those with cer tain genetic var i ants are more 
likelytomigratethanthosewithoutthesevariants.ThesefindingssupportPalloniand
Arias’ (2004) spec u la tion of the pres ence of migra tion selec tion at the genetic level.

Further, we found that genetic var i ants cor re lated with migra tion dis tance are 
also asso ci ated with many dimen sions of SES and health out comes. These results 
imply that migra tion selec tion at the genetic level is tied to many other char ac ter-
is tics. The pos i tive genetic cor re la tions with edu ca tional attain ment, income, and 
cog ni tive per for mance sug gest that skilled indi vid u als are more likely to migrate 
and that long-dis tance migrants pur sue bet ter edu ca tional and occu pa tional oppor tu-
ni ties. These results show that the Roy model (Borjas 1987; Borjas et al. 1992) and 
the law of migra tion (Ravenstein 1885)haveimplicationsforthegeneticprofilesof
migrants com pared with non mi grants. In the case of edu ca tional attain ment–related 
genet ics, our decom po si tion of genetic cor re la tions into direct and indi rect com po-
nents pro vi des some insights into mech a nisms: genet ics cor re lated with fam ily envi-
ron ments related to higher edu ca tional attain ment con trib ute to genetic migra tion 
selec tion more than genet ics cor re lated with own skills and abil i ties for suc cess ful 
edu ca tional attain ment.

One major advan tage of genetic mea sures is the wide cov er age of genetic cor re-
la tions, espe cially with health out comes. This fea ture allows us to exam ine a broader 
set of out comes that are rarely avail  able in most datasets. Indeed, this wide cov er-
age in genetic cor re la tions pro vi des sev eral impor tant the o ret i cal impli ca tions for 
the healthy migrant hypoth e sis (Jasso et al. 2004; Palloni and Arias 2004; Palloni 
and Morenoff 2006). First, the healthy migrant hypoth e sis is valid for health con di-
tions and risks that peo ple may not per ceive before migra tion. For exam ple, genetic 
cor re la tions with chronic dis eases usu ally appearing at mid dle or older ages (e.g., 
cor o nary artery dis ease) uncover the like li hood of migra tion selec tion in latent health 
risks, given that inter nal migra tion in the United Kingdom is con cen trated at young 
adult ages (Bernard et al. 2016).Bycontrast,ourfindingsalsoprovidenuancetothe
healthymigranthypothesisandsuggesttheneedforadditionalresearch.Specifically,
significantpositivegeneticcorrelationsbetweenmigrationdistanceandbipolardisor
der and anorexia nervosa sug gest that those with higher genetic risks of these men tal 
con di tions are more likely to migrate. These genetic cor re la tions are coun ter in tu i tive 
to the the o ret i cal expla na tion that healthy indi vid u als (in this case, those with lower 
risks of men tal dis or ders) are more likely to migrate. One pos si ble inter pre ta tion 
for these unan tic i pated results is that those with a high genetic risk of these men tal 
con di tions may be skilled indi vid u als. This sce nario is con sis tent with our genetic 
cor re la tions between edu ca tional attain ment and these men tal dis or ders, as well as 
prior epi de mi o log i cal research (MacCabe et al. 2010; Tiihonen et al. 2005). Because 
skilled indi vid u als are more likely to migrate, those with genetic var i ants cor re lated 
with a higher risk of these men tal dis or ders may also be more likely to migrate. Over-
all,thesefindingsleadustohypothesizethatthehealthymigranthypothesismaynot
apply to some men tal con di tions, which are pos i tively cor re lated with SES.

We acknowl edge sev eral lim i ta tions in this study. First, UKB is not a nation ally 
rep re sen ta tive sur vey and does not pro vide sam pling weights to adjust the unique 
sam pling strat egy. Although we conducted many robust ness checks to assess the 
poten tial impacts of sam pling selec tion, sub se quent research with large, nation-
ally rep re sen ta tive data can fur ther explore the con se quences of this lim i ta tion. 
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Second, we excluded respon dents of non-Euro pean ancestries to increase ances tral 
homogeneity.Thisexclusionlimitsthegeneralizabilityofourfindingsofgenetic
migra tion selec tion. Finally, the genetic cor re la tion anal y sis does not fully reveal 
the under ly ing mech a nisms of migra tion selec tion. The result of a higher genetic 
cor re la tion with the indi rect com po nent of edu ca tional attain ment than with the 
direct com po nent pro vi des insights into the mech a nisms, but we remain uncer tain 
aboutwhatspecificfamilyornurturingenvironmentscontributetomigrationselec
tion by edu ca tional attain ment.

Despite these lim i ta tions, our study makes valu able con tri bu tions to the study of 
migra tion selec tion, which is typ i cally constrained by data avail abil ity. By leverag-
ing the unique fea ture of genetic mea sure ments, we documented the pres ence of 
migra tion selec tion at the genetic level. Although we showed that genetic migra tion 
selec tion is gen er ally con sis tent with the o ries and empir i cal evi dence in migra tion 
selec tion, we also found genetic migra tion selec tion counter to our the o ret i cal expec-
ta tion. These unan tic i pated results gen er ate novel hypoth e ses, and sub se quent tests 
ofthehypothesiswillshedlightonunderstudiedaspectsofmigrationselection.■
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