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ABSTRACT  Georeferenced dig i tal trace data of fer un prec e dented flex i bil ity in mi gra
tion es ti ma tion. Because of their high tem po ral gran u lar i ty, many mi gra tion es ti ma tes 
can be gen er ated from the same data set by chang ing the def  ni tion pa ram e ters. Yet 
de spite the grow ing ap pli ca tion of dig i tal trace data to mi gra tion re search, strat e gies for 
tak ing ad van tage of their tem po ral gran u lar ity re main largely un der de vel oped. In this 
pa per, we pro vide a gen eral frame work for converting dig i tal trace data into es ti ma tes 
of mi gra tion tran si tions and for sys tem at i cally an a lyz ing their var i a tion along a qua si 
con tin u ous time scale, anal o gous to a sur vival func tion. From mi gra tion the o ry, we 
de velop two sim ple hy poth e ses re gard ing how we ex pect our es ti mated mi gra tion tran
si tion func tions to be have. We then test our hy poth e ses on sim u lated data and em pir i cal 
data from three plat forms in two in ter nal mi gra tion con texts: geotagged Tweets and 
Gowalla checkins in the United States, and cellphone call de tail re cords in Senegal. 
Our re sults dem on strate the need for eval u at ing the in ter nal con sis tency of mi gra tion 
es ti ma tes de rived from dig i tal trace data be fore us ing them in sub stan tive re search. At 
the same time, how ev er, com mon pat terns across our three em pir i cal data sets point 
to an emer gent re search agenda us ing dig i tal trace data to study the spe cifc func tional 
re la tion ship be tween es ti ma tes of mi gra tion and time and how this re la tion ship varies 
by ge og ra phy and pop u la tion char ac ter is tics.
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Introduction

Issues of data avail abil ity and com pa ra bil ity have long ham pered quan ti ta tive mi gra
tion re search. Missing or in com plete data is a com mon prob lem, and inconsistencies in 
how mi gra tion is de fned by in sti tu tions can make mi gra tion es ti ma tes from tra di tional 
sources such as pop u la tion censuses, ad min is tra tive re cords, or sur vey data dif f cult to 
syn the size across con text (de Beer et al. 2010; Rogers et al. 2003). Faced with a per
sis tent lack of com pre hen sive mi gra tion da ta, de mog ra phers and other so cial sci en tists 
have be gun to draw on new sources of dig i tal data for the study of mi gra tion. Among 
the prom is ing new sources are dig i tal trace data (Deville et al. 2014; FriasMartinez 
et al. 2012; Hawelka et al. 2014). Generated as a byproduct of ev ery day in for ma tion 
tech nol ogy use, dig i tal trace data con sist of in di vid u allevel re cords of dig i tal be hav
ior, which may in clude in for ma tion on a per son’s phys i cal lo ca tion (MenchenTrevino 
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2013). With the global pro lif er a tion of dig i tal tech nol o gy, dig i tal trace data are in creas
ingly com mon and are avail  able in a wide range of forms that are po ten tially use ful 
to mi gra tion schol ars, such as metadata as so ci ated with cel lu lar calls and texts, GPS 
in for ma tion cap tured pas sively by smartphone ap pli ca tions, and geotags posted to so
cial me dia or other lo ca tionbased so cial net works (LBSNs) (Girardin et al. 2008).

However, in their raw, un pro cessed state, lo ca tional dig i tal trace data do not cor re
spond to any mean ing ful mea sure of mi gra tion. Instead, they rep re sent mil li ons upon 
mil li ons of highres o lu tion lo ca tional traces, each of which is a re cord of a unique 
in di vid ual at a par tic u lar place at a par tic u lar time. This fun da men tal char ac ter is tic 
of dig i tal trace data both poses chal lenges and of fers new op por tu ni ties for re search. 
There are no stan dards or best prac tices for how to con vert highly gran u lar lo ca tional 
trace  in for ma tion  into  es ti ma tes  of mi gra tion  tran si tions  or  events. Not  all  moves 
are mi gra tions. Thus, how re search ers choose to operationalize the largely am big u
ous dis tinc tion be tween mi gra tion and other kinds of move ment (e. g., longdis tance 
com mut ing, tour ism, sea sonal trav el) will greatly af fect the con sis tency of mi gra tion 
es ti ma tes gen er ated from dig i tal trace da ta. Although it is wellestablished that these 
new forms of data come with bi as, linking dig i tal trace es ti ma tes of mi gra tion with 
tra di tional sur vey or ad min is tra tive es ti ma tes is not nec es sar ily the only val i da tion 
strat e gy. As we dem on strate in this pa per, much can be learned about the bias and 
cov er age of these data by sys tem at i cally assessing the con sis tency of mi gra tion es ti
ma tes with re spect to def  ni tion pa ram e ters.

Although an a lyz ing dig i tal trace data poses meth od o log i cal chal lenges, the unique 
gran u lar ity of these data also pro vi des re search ers with a novel op por tu nity to ad dress 
sub stan tive ques tions about the spa tial and tem po ral di men sions of mi gra tion phe nom
e na. Much of this work is well un der way. For ex am ple, re search on in ter nal mi gra tion 
has his tor i cally been lim ited by in con sis tent and ar bi trary sub na tional ad min is tra tive 
ge og ra phies,  such  as  state  or  prov ince  bor ders  that  bi sect  met ro pol i tan  re gions  or 
im por tant ru ralur ban gra di ents contained within a sin gle ad min is tra tive re gion (Niedo
mysl et al. 2017). By min ing for pat terns in in di vid ual mo bil ity traces or ac tiv ity spaces, 
re search ers have de vel oped a num ber of ap proaches that ex ploit the high spa tial res o
lu tion of dig i tal trace data to re veal more mean ing ful spa tial scales that de fne dif fer ent 
kinds of move ment (Jones and Pebley 2014; Palmer et al. 2013). But as we ar gue in this 
pa per, the gran u lar ity of dig i tal trace data is not lim ited to spa tial gran u lar i ty. The tem
po ral def  ni tions used in mi gra tion re search can also be in con sis tent or ar bi trary. Thus, 
much can be learned about the tem po ral scales that de fne cer tain kinds of move ment by 
leverag ing the tem po ral gran u lar ity of fered by these new kinds of da ta.

In this pa per, we of fer a gen eral frame work for converting dig i tal trace data into 
mi gra tion es ti ma tes. Conceptually co her ent and sim ple to im ple ment, the goal of the 
frame work is to pro duce mi gra tion es ti ma tes that fol low the logic and struc ture of 
mi gra tion tran si tion da ta—that is, to es ti mate the share of in di vid u als in a pop u la tion 
who un dergo a tran si tion from one place of res i dence to an other over a given time 
in ter val.

When implemented sys tem at i cal ly, our frame work has two ap pli ca tions. First, it 
can be used to eval u ate the con sis tency of mi gra tion es ti ma tes de rived from a given 
source of dig i tal trace da ta. Second, pro vided that the dig i tal trace mi gra tion es ti ma
tes are deemed to be of suf f cient qual i ty, this frame work can be used to in ves ti gate 
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sub stan tive  is sues  re lated  to  pop u la tion move ment  and  time. The  strat egy  in  both 
ap pli ca tions is to gen er ate many dif fer ent es ti ma tes of mi gra tion from the same data 
source and then to as sess how the es ti ma tes vary with re spect to a qua sicon tin u ous 
time pa ram e ter.

This kind of anal y sis should look fa mil iar to de mog ra phers be cause it re sem bles 
a sur vival func tion—that is, the pro por tion of a pop u la tion who be come mi grants (or 
re main non mi grants) with in creas ing time—and it can be used to test sim ple hy poth
e ses. Migration  re search ers have  long  the o rized  that mi gra tion  rates  should go up 
with in creased ex po sure to the risk of mov ing (Rees 1977). A fveyear rate is al most 
al ways higher than a oneyear rate in sur veys that col lect mi gra tion data us ing both 
in ter vals. However, by sys tem at i cally ap ply ing our frame work to dig i tal trace da ta, 
we can pro duce many in ter me di ate es ti ma tes and em pir i cally in ves ti gate the cu mu
la tive ef fect of ex po sure to the risk of mi gra tion for dif fer ent pop u la tions and ge og
ra phies. This kind of ap proach is novel in mi gra tion re search. Moreover, if we fnd 
that our mi gra tion es ti ma tes are in con sis tent with re spect to time (e. g., if a mi gra tion 
flow be tween two re gions de fned by a span of 12 months dif fers con sid er ably from 
the flow de fned by the same 12month span plus two weeks), we can con sider this 
ev i dence that our data and our def  ni tion of mi gra tion are pro duc ing prob lem atic es ti
ma tes and that we need to do more to iden tify and parse out shortterm moves (e. g., 
trav el) in the es ti ma tion pro ce dure. We show how this can be done by adjusting the 
tem po ral place of res i dency cri te ri on.

In  the  sec tions  that  fol low,  we  be gin  by  outlining  the  con cep tual  dif f cul ties 
in volved in de fn ing mi gra tion with re spect to time as well as the re lated chal lenges 
that  can  arise  when  study ing mi gra tion  with  dig i tal  trace  da ta. We  in tro duce  our 
frame work  for converting dig i tal  trace data  into mi gra tion  tran si tion data and dis
cuss our hy poth e ses. To pro vide a heu ris tic against which to com pare our em pir i cal 
re sults, we pro pose a sim ple sto chas tic model and eval u ate its prop er ties with micro
simulation. We then ap ply our method to three unique data sets in two in ter nal mi gra
tion con texts: call de tail re cord (CDR) data in Senegal, and Twitter and Gowalla data 
in the United States. Finally, we briefly dem on strate one way that our method could 
be used to com pare and con trast the geo graphic pat terns of shortterm mo bil ity and 
longterm mi gra tion flows.

Because dig i tal  trace  re search  is novel and data cov er age  re mains an  is sue, we 
do not at tempt to draw def  nite sub stan tive con clu sions from our fnd ings. Instead, 
by ap ply ing our method to three data sets of vary ing qual ity from dif fer ent con texts, 
we fo cus on the kinds of in sights that this frame work can re veal. Nevertheless, our 
fnd ings  should  be  of  in ter est  to  re search ers  in volved  in  de vel op ing  stan dards  for 
in fer ring mi gra tion from dig i tal trace data and in deep en ing our un der stand ing of the 
spa tial  and  tem po ral di men sions of mi gra tion phe nom ena and mi gra tion mea sure
ment. In this era of con tin u ously chang ing and in creas ingly het ero ge neous spa tial
tem po ral  pat terns  of  pop u la tion  move ment,  it  is  un likely  that  the  data  prob lems 
mi gra tion re search ers face will be re solved eas i ly. However, when an a lyzed us ing 
the frame work in tro duced in this pa per, dig i tal trace data can pro vide timely in sights 
at a level of de tail and with a de gree of flex i bil ity that can greatly im prove ef forts 
to  in fer mi gra tion  pat terns  and  ad vance  our  un der stand ing  of  com plex mi gra tion 
phe nom e na.
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Background

Studying mi gra tion  en tails mea sur ing  the move ment of  peo ple  in  space  and  time. 
However, distinguishing mi gra tion from other kinds of mo bil ity can be dif f cult and 
ul ti mately de pends on the pur pose of the mea sure ment. In terms of space, de fn ing 
mi gra tion is com pli cated by the vary ing so cial, po lit i cal, and eco nomic mean ings of 
the dif fer ent geo graphic units be tween which peo ple move. International mi gra tion is 
im por tant for po lit i cal rea sons and is sim ple to con cep tu al ize as a re lo ca tion across a 
na tional bor der. However, in ter nal mi gra tion is more com mon glob ally and can have 
causes and ef fects sim i lar to those of in ter na tional mi gra tion (Ellis 2012; King and 
Skeldon 2010). The task of iden ti fy ing mean ing ful ge og ra phies of mi gra tion at sub
na tional scales is not straight for ward, and com par i sons of in ter nal mi gra tion pat terns 
across  con texts  are of ten ham pered by dif fer ing  stan dards  (Bell  et  al. 2015; Long 
et al. 1988).

In  terms of  time, de fn ing mi gra tion  is  com pli cated by  the vary ing  fre quen cies 
with which peo ple move. People may en gage in return or on ward mi gra tion or move 
around for short pe ri ods as evidenced by the grow ing phe nom ena of cir cu la tion and 
shortterm or  tem po rary mo bil ity  (Hannam et al. 2006; King 1978; Rogers 1995). 
There  is  no  the o ret i cally  grounded  def  ni tion  of  per ma nence  (Williams  and  Hall 
2002). Even in di vid u als who have lived away from their coun try of birth for many 
years might  some day  return  (Cassarino, 2004),  and  in creas ing  num bers  of  peo ple 
split their time be tween mul ti ple lo ca tions (Gössling et al. 2009). To de ter mine when 
a per son be comes a mi grant, rather than tem po rary vis i tor, gov ern ments of ten rely on 
a lengthofstay cri te ri on, such as 12 months. However, such cri te ria are ar bi trary and 
dif fer from con text to con text.

Scholars  of mi gra tion  have  long  been  aware  of  the  complexities  of mea sur ing 
mi gra tion,  but  their  abil ity  to  sys tem at i cally  in ves ti gate  this  is sue  has  been  con
strained by a  lack of highqual ity  lon gi tu di nal da ta. Because most sur vey data are 
crosssec tion al,  these data can gen er ally be used  to es ti mate mi gra tion at no more 
than one or two in ter vals (e. g., the place of res i dence at the time of the sur vey is com
pared with the reported place of res i dence one year ago or fve years ago). This lim
i ta tion has the ef fect of masking the de gree and the char ac ter of shortterm mo bil ity 
and re peat mi gra tion be hav ior.

In some cases, re search ers have used panel sur vey data to study the char ac ter is tics 
of re peat mi grants. For ex am ple, us ing data from the Panel Study on Income Dynam
ics, DaVanzo  (1983)  found  that mi grants with  higher  lev els  of  ed u ca tion  are  less 
likely to return and more likely to move on ward to a third lo ca tion. Although panel 
sur vey data are valu able for un der stand ing co hort and life course mi gra tion dy nam
ics, they typ i cally can not be used to pro vide es ti ma tes of pop u la tionlevel mi gra tion 
trends be cause of their small sam ple sizes. Administrative data such as ad dress reg
is tries or tax re cords can be used to in ves ti gate the spa tial and tem po ral dy nam ics of 
mi gra tion mea sure ment. For ex am ple, Goldstein (1964) used Dan ish reg is try data to 
dem on strate that re peat mi gra tion be hav ior  is com mon among young adults. More 
re cent ly, Weber and Saarela (2019) used linked reg is try data from Finland and Swe
den to show that many moves among young adults are tem po rary and short term. In 
gen er al, how ev er, ac cess to pop u la tion reg is try data is dif f cult to ob tain, and not all  
countries keep ac cu rate ad min is tra tive re cords.
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Challenges of Measuring Migration With Digital Trace Data

Given the lim i ta tions of tra di tional mi gra tion da ta, georeferenced dig i tal trace data 
are a boon to mi gra tion schol ars be cause of their size, sim ple struc ture, and high spa
tial and tem po ral res o lu tion. These data come from many sources and have be come 
in creas ingly  abun dant with  the  grow ing  adop tion  of  tele com mu ni ca tion  tech nol o
gies across the globe. Digital trace data can be col lected ac tively when peo ple post 
their  lo ca tion  us ing LBSNs,  such  as Yelp,  Foursquare,  or  Instagram;  or  pas sively 
when peo ple use tele com mu ni ca tion tech nol ogy to make calls, send text mes sages, 
or use smartphones and web ap pli ca tions. The struc ture of these da ta—that is, tuples 
consisting of in di vid ual ID, timestamp, and lo ca tion—is the same re gard less of the 
plat form or ser vice from which they orig i nate, and the lev els of spa tial and tem po ral 
de tail that they pro vide af ford re search ers a high de gree of flex i bil ity in de cid ing how 
to mea sure mi gra tion. However, us ing dig i tal trace data in mi gra tion re search poses 
con cep tual chal lenges that re flect both the longstanding def  ni tional is sues discussed 
ear lier and the in di rect man ner in which the data are col lect ed.

Defining Place of Residence

An ob vi ous prob lem that can arise when es ti mat ing mi gra tion us ing georeferenced 
dig i tal trace data is that these data con tain no di rect in for ma tion on an in di vid u al’s 
place of res i dence. Unlike a sur vey (which might ask re spon dents about their res i
den tial his to ry) or an ad min is tra tive  re cords sys tem (which re quires  in di vid u als  to 
reg is ter each change of ad dress), dig i tal trace data sim ply log the lo ca tion of an in di
vid ual at a par tic u lar mo ment in time. Without fur ther con textspe cifc in for ma tion, 
it is dif f cult to de ter mine whether the po si tion of a given in di vid ual cor re sponds to 
place of res i dence. Thus, to de ter mine whether an in di vid ual is a mi grant, it is frst 
nec es sary to make some in fer ences about where the in di vid ual typ i cally spends time.

In re cent years, published stud ies have pro vided tech niques for in fer ring res i dency 
from georeferenced dig i tal trace da ta. Gonzalez et al. (2008) used a sam ple of 100,000 
mo bilephone us ers to dem on strate the reg u lar ity with which most in di vid u als spend 
time at home and work. These reg u lar pat terns made it pos si ble to as sign in di vid u als 
to wellde fned ar eas. The au thors of fered one method for do ing so: name ly, sum
ma riz ing  the  lo ca tion of  each  in di vid ual  dur ing  a  spec i fed pe riod  and  cal cu lat ing 
ra dius of gy ra tion and cen ter of mass de fned by their move ment tra jec to ry. Others 
have taken this idea fur ther, attempting to use dig i tal trace data to gen er ate sep a rate 
in fer ences re gard ing an in di vid u al’s home, work, and other an cil lary lo ca tions. For 
ex am ple,  to es ti mate  the home  lo ca tion of  in di vid u als  from a sam ple of 3 mil lion 
mo bilephone us ers in Singapore, Jiang et al. (2017) re stricted each in di vid u al’s set 
of po si tions to those oc cur ring at night (from 7 p.m. to 7 a. m.). Then, hav ing linked 
each mo bilephone user to a home lo ca tion, the au thors dem on strated how to iden tify 
dif fer ent kinds of daily mo bil ity tra jec to ries, rang ing from stay ing home to mov ing 
be tween sev eral places through out the city.

The de ci sion  about how  lo ca tional  in for ma tion  should be  sum ma rized de pends 
on the qual ity of the data and the re search ob jec tives. Although re search ers would 
ide ally have ac cess to in for ma tion about the daily ac tiv ity spaces of in di vid u als in a 
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given sam ple, this may not be fea si ble if in di vid u als are ir reg u larly ob served or if the 
geo graphic in for ma tion is coarse, as is the case with many so cial me dia–gen er ated 
geotags (Stock 2018). Moreover, for the pur poses of mi gra tion re search, daily ac tiv
ity  in for ma tion  is of ten un nec es sary and can make  the de sired mi gra tion be hav ior 
more dif f cult to parse. Not all  ad min is tra tive units are ar bi trary, and there are ways 
to make use of the spa tial and tem po ral gran u lar ity that these new data pro vide with
out us ing them to es ti mate ac tiv ity spaces. Nevertheless, be cause dig i tal trace data 
con tain no di rect in for ma tion on an in di vid u al’s place of res i dence, re search ers will 
al ways need to group mul ti ple ob ser va tions to in fer the place of res i dence re gard less 
of whether the strat egy is to map ac tiv ity spaces or sim ply to as sign each in di vid ual 
to their most frequented ad min is tra tive unit.

Issues With Coverage Bias

The more com monly discussed chal lenge that can arise when us ing dig i tal trace data 
is  cov er age  bi as. The  pen e tra tion  of  var i ous  dig i tal  tech nol o gies  and  plat forms  is 
un even. In many cases, dig i tal trace data are not ac com pa nied by ad di tional de mo
graphic in for ma tion. Moreover, it can be dif f cult to as sess the onetoone re la tion ship 
be tween a user ID num ber and an in di vid u al. Cellphone shar ing is com mon (Blu
menstock et al. 2010), and so cial me dia data can con tain bots and busi ness ac counts. 
Complicating mat ters fur ther, dig i tal trace data can also pro duce bi ased es ti ma tes of 
mi gra tion if the plat form or ser vice through which they are gen er ated is as so ci ated 
with cer tain kinds of mo bil ity be hav ior. For ex am ple, Bojic et al. (2015) showed that 
be cause geotags from Flickr (a pho toshar ing so cial me dia plat form) tend to cap ture 
travel and va ca tion ac tiv i ty, it is dif f cult to use these data to ac cu rately iden tify the 
us er’s home lo ca tion.

Separating  is sues of bias with  re spect  to dig i tal  trace data  from  the  con cep tual 
am bi gu i ties that com pli cate mi gra tion mea sure ment, how ev er,  is im por tant re gard
less of the data source. Even if it were pos si ble to ob tain dig i tal trace data contain
ing the ac cu rate lo ca tion of ev ery in di vid ual at ev ery min ute of the day, a per son’s 
mi gra tion be hav ior would not be selfev i dent. In this sce nario of to tal sur veil lance, 
there would still be a need to ap ply meth ods, rooted in mi gra tion the o ry, to de ter mine 
which kinds of mo bil ity be hav ior in the data meet which def  ni tions of mi gra tion.

A po ten tial up side of dig i tal trace data is that they can still be use ful in mi gra tion 
re search even if they are of lower qual i ty. For many ap pli ca tions, the in di vid u allevel 
ac cu racy  of  dig i tal  trace  data  is  ar gu  ably  less  im por tant  than  the  pop u la tionlevel 
mi gra tion sig nal. The feld of de mog ra phy has a long his tory of work ing with bi ased 
or in com plete da ta, and as we ar gue in the fol low ing sec tion, the bias of a given dig i
tal trace data set can be eval u ated by assessing the ex tent to which it pro duces mi gra
tion es ti ma tes that are con sis tent.

Conceptual Framework and Method

In this sec tion, we in tro duce our frame work for converting dig i tal trace data into es ti
ma tes of mi gra tion. The over arch ing goal of the frame work is to iso late three in ter re
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lated but dis tinct tem po ral di men sions that de fne a mi gra tion tran si tion es ti ma te: the 
start or ref er ence point, the tem po ral buff er or res i dency win dow, and the in ter val or 
ex po sure pe ri od. By sys tem at i cally al ter ing each di men sion, re search ers can as sess 
the con sis tency or sen si tiv ity of the mi gra tion es ti ma tes gen er ated from a given dig
i tal trace data set. Based on mi gra tion the o ry, we de velop two sim ple hy poth e ses for 
how we ex pect mi gra tion es ti ma tes to be have. Testing these hy poth e ses has ap pli ca
tions for both data qual ity as sur ance and sub stan tive anal y sis. Before we in tro duce 
the frame work, we ex plain our de ci sion to es ti mate mi gra tion tran si tions.

Event Data and Transition Data

In  the mi gra tion  lit er a ture,  re search ers make a dis tinc tion be tween event data  and 
tran si tion da ta. Event data con sist of in for ma tion pertaining to re lo ca tions that have 
oc curred over a given pe ri od. Transition data con sist of in for ma tion on the pop u la tion 
that has relocated over a given pe riod (Rogers et al. 2010). As we have discussed, 
un pro cessed dig i tal trace data meet nei ther of these def  ni tions. Each ob ser va tion is 
sim ply a re cord of an in di vid ual in a spe cifc lo ca tion at a spe cifc time. Because tran
si tion data are more com monly es ti mated in sur vey data and used by de mog ra phers 
to study pop u la tion change (Haenszel 1967), we pro pose a frame work for es ti mat ing 
tran si tions. Going for ward, un less oth er wise spec i fed, a mi gra tion re fers to a tran si
tion, and a mi grant re fers to a per son who has transitioned. A mi gra tion rate re fers to 
the pro por tion of peo ple who have mi grat ed.

We es ti mate tran si tions rather than events to sim plify the con cep tual scope of the 
prob lem. Estimating a tran si tion in volves de ter min ing whether an in di vid u al’s place 
of res i dence at time t  is dif fer ent from place of res i dence at some in ter val u  in the 
fu ture. By mak ing this our goal, we avoid try ing to de ter mine how many mi gra tions 
have oc curred within a dig i tal trace data set over a spec i fed pe ri od. If an in di vid ual 
moves more than once over an in ter val, a given es ti mate of mi gra tion will cap ture one 
move at most. If this in di vid ual is a return mi grant, hav ing moved away and come 
back over the in ter val, then we would count that per son (in cor rect ly) as a non mi grant. 
Our ar gu ment is that by vary ing the spec i f ca tion—pro duc ing many mi gra tion es ti
ma tes with a range of in ter vals—we can as sess the ef fect of return mi gra tion on the 
pop u la tionlevel mi gra tion sig nal.

The Start, Buffer, and Interval Approach

The logic of our frame work is sim ple. First, we spec ify a ref er ence date or start. Then, 
for all  in di vid u als in the da ta, we in fer the per son’s res i dency for some spec i fed win
dow or tem po ral buff er around the start. Next, we se lect as a sec ond ref er ence date 
some spec i fed pe riod or in ter val in the fu ture and in fer the per son’s res i dency around 
that  date  us ing  a  tem po ral  buffer  of  the  same  size. Finally, with  es ti ma tes  of  each 
in di vid u al’s place of res i dence at two dis tinct points in time to com pare—one at the 
start and the other at the end of the in ter val—we de ter mine whether the in di vid ual is 
a mi grant or non mi grant. Figure 1  il lus trates  the  implementation of our  frame work 
to a hy po thet i cal time line cor re spond ing to an in di vid ual who trav els back and forth 
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be tween two U.S. states, New York (NY) and Florida (FL). In the top row of each pan
el, the spec i f ca tion of the start, the buffer and the in ter val are the same. In the bot tom 
row, we show how one di men sion can be changed while the other two are held fxed.

The strength of this frame work is its flex i bil i ty. As long as dig i tal trace data ex ist 
for a pop u la tion and pe riod of in ter est, many dif fer ent es ti ma tes of mi gra tion can be 
cal cu lated by sys tem at i cally chang ing the startbuff erin ter val spec i f ca tion. The only 

Fig. 1  Three interlocking but distinct dimensions of migration measurement: start, buffer, and interval. By 
changing one while holding the other two fxed, we can assess how migration estimates are affected by 
seasonality (start), residency criteria (buffer), and cumulative exposure to migration risk (interval).
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rule that must be followed when us ing this ap proach is that the in ter val must be of 
greater length than the buffer size. If, for ex am ple, we want to es ti mate the num ber of 
tran si tions over a threemonth in ter val, we can not use six months of data to es ti mate 
the place of res i dence at the be gin ning and the end of the in ter val. To do so would 
re sult in a dou ble counting of ob ser va tions and a con fla tion of the ef fects of in ter val 
and the buffer size. Nevertheless, by iso lat ing three dis tinct tem po ral di men sions of 
mi gra tion mea sure ment, our frame work makes it pos si ble to as sess the con sis tency 
of es ti ma tes gen er ated from a given set of dig i tal trace data in con cep tu ally co her
ent way: (1) the start mea sures the ef fects of sea sonal or pe riod trends; (2) the buffer 
mea sures the sen si tiv ity to tem po ral res i dency cri te ria; and (3) the in ter val mea sures 
the ef fects of ex po sure to the risk of mi grat ing.

Evaluating the Consistency of Digital Trace Migration Estimates

Now  that we have  established how our  frame work  can be used  to gen er ate many 
dif fer ent es ti ma tes of mi gra tion from the same set of dig i tal trace da ta, the ques tion 
be comes how to eval u ate the out put. Our strat egy is to an a lyze mi gra tion es ti ma tes 
in a man ner equiv a lent to that of a sur vival func tion. This strat egy in volves assess
ing how the num ber of es ti mated mi grants changes as the in ter val changes. In other 
words, we iden tify the spe cifc set of in di vid u als ob served liv ing in place i at ref er
ence point t and then eval u ate the proportion of individuals in this pop u la tion who 
have left place i as the in ter val, u, in creases. This sim ple an a lytic strat egy leads us 
to pro pose two in ter re lated hy poth e ses about reg u lar i ties in mi gra tion mea sure ment.

Consistency and Interval

First, we ex pect to fnd that mi gra tion es ti ma tes in crease as the in ter val in creases. The 
logic be hind this ex pec ta tion is straight for ward. As the pop u la tion that re sides in a 
par tic u lar place is ex posed to the risk of mi grat ing, the num ber of peo ple who mi grate 
away should also in crease. Although this hy poth e sis might seem so ob vi ous as to be 
of lit tle val ue, test ing it on a given set of dig i tal trace data is use ful for assessing data 
qual i ty. If the data cov er age is poor or if the un der ly ing be hav iors that gen er ate the 
data are bi ased to ward other kinds of mo bil ity (such as  trav el),  then the mi gra tion 
es ti ma tes will likely be ir reg u lar with re spect to in ter val. Thus, in stead of ob serv ing 
a slow in crease in the rate of mi gra tion, we might see sharp spikes or a mul ti modal 
trend  line as  the mi gra tion  sig nal  is ob scured by pe ri odic  shortterm mo bil ity and 
returns.

Moreover,  if  the  dig i tal  trace  data  are  deemed  to  be  of  suf f cient  qual i ty,  then 
an a lyz ing the re la tion ship be tween the mi gra tion es ti ma tes and the in ter val will pro
vide use ful and novel in for ma tion for char ac ter iz ing mi gra tion dy nam ics. Although 
mi gra tion  es ti ma tes have  long been  the o rized  to  in crease with  in creased ex po sure 
to the risk of mov ing, em pir i cal data on the pre cise func tional re la tion ship be tween 
mi gra tion es ti ma tes and in ter vals are scarce. Based on data from sur veys that es ti
mated mi gra tion us ing both a oneyear and a fveyear in ter val, mi gra tion schol ars 
have ob served that the re la tion ship is non lin e ar: that is, fveyear es ti ma tes tend to 
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be higher than oneyear es ti ma tes but are not fve times as high (Kitsul and Philipov 
1981; Rees 1977). Moreover, con sid er able var i a tion in the re la tion ship be tween one 
and fveyear es ti ma tes has been ob served across con texts (Rogers et al. 2003), and 
ev i dence of inconsistencies be tween the spa tial struc ture of mi gra tion mea sured with 
oneyear and fveyear in ter vals sug gests that there are dif fer ent pat terns of return and 
on ward mi gra tion (Rogerson 1990). By leverag ing the tem po ral gran u lar ity of dig i tal 
trace da ta, our frame work can pro vide in sight into this socalled oneyear/fveyear 
prob lem in mi gra tion es ti ma tion.

Consistency and Buffer

Second, we ex pect to fnd that mi gra tion es ti ma tes are higher and more in con sis tent 
when they are pro duced with smaller tem po ral buff ers. The logic be hind this ex pec
ta tion fol lows that of the frst. Measuring mi gra tion tran si tions us ing dig i tal trace data 
re quires us to in fer each in di vid u al’s place of res i dence at two points in time and then 
to de ter mine how many in di vid u als have relocated over the in ter val. If we use a very 
small win dow of time on ei ther side of the in ter val to in fer each in di vid u al’s place 
of res i dence, we would ex pect to cap ture both shortterm moves (i. e., tour ism; long 
dis tance com mut ing; or travel for work, ed u ca tion, or fam i ly) and longterm moves 
(i. e., mi gra tion) in our es ti ma te. This would make the es ti mate higher than if we use 
a larger buffer size to screen out shortterm moves (Bell 2004). Moreover, be cause 
shortterm moves are char ac ter ized by return be hav ior—it is only a shortterm em i
gra tion if the per son comes back—we ex pect to fnd that small buffer es ti ma tes are 
mul ti modal with re spect to the in ter val. For ex am ple, the num ber of peo ple ob served 
at a lo ca tion other than their place of res i dence might spike dur ing a hol i day pe riod 
and then de cline as most of these peo ple return to their place of res i dence when the 
hol i day is over.

This hy poth e sis might seem selfev i dent, but it also has valu able ap pli ca tions for 
assessing data qual i ty. As re search ers have be gun ex plor ing the use of dig i tal trace 
data  in mi gra tion re search, a com mon val i da tion goal has been  to com pare dig i tal 
trace es ti ma tes with tra di tional sur vey or ad min is tra tive es ti ma tes of mi gra tion. How
ever,  the best way  to pro duce com pa ra ble es ti ma tes has yet  to be established. For 
ex am ple,  if  a  sur vey  conducted on March 1,  2015,  asked  re spon dents where  they 
cur rently re side and where  they re sided one year pri or, pro duc ing a sim i lar dig i tal 
trace es ti mate for val i da tion would en tail in fer ring the place of res i dence on March 1, 
2014, and March 1, 2015, for each in di vid ual in the data set. Although this may seem 
straight for ward, it is un clear how much data on ei ther of the in ter vals is needed to suf
f ciently screen out shortterm moves oc cur ring around those two dates. Using only 
the lo ca tional in for ma tion from one day at ei ther end of the in ter val—March 1, 2014, 
and March 1, 2015—would likely be in suf f cient. Would it be bet ter to use a week? 
Two weeks? A whole month? The an swer to this line of in quiry will de pend on the 
qual ity of a given data set, and we ar gue that in ves ti gat ing the re la tion ship be tween 
tem po ral buffer size and the con sis tency of mi gra tion es ti ma tes will help make these 
kinds of de ter mi na tions.

Studying the ef fect of the buffer size also pro vi des a use ful frame work for eval
u at ing dif fer ent res i dency cri te ria and res i dency in fer ence meth ods. As we stated 
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pre vi ous ly, be cause of the fun da men tally at om is tic na ture of dig i tal trace da ta, we 
can make in fer ences about each in di vid u al’s place of res i dence only by group ing 
some of her ob ser va tions. This is true re gard less of whether the ge og ra phy of res i
dence is predefned (e. g., na tional bor ders) or mined from the data (such as an ac tiv
ity space, established by in di vid ual com mut ing tra jec to ries). The sim plic ity of the 
buffer con cept means that any num ber of func tions can be used to in fer res i dency 
with in a buff er, or to com pare buff ers to as sess whether a mi gra tion has oc curred. 
For  ex am ple,  fol low ing  Roseman  (1971),  we  could  ex tract  the  spa tial  poly gon 
de fn ing each us er’s  ac tiv ity  space within a buffer  and  then  iden tify mi grants  as 
those whose ac tiv ity spaces at ei ther end of the in ter val fail to over lap. How mi gra
tion es ti ma tes vary with re spect to buffer size can pro vide in for ma tion on how dif
fer ent res i dency in fer ence meth ods per form. It is pos si ble, for ex am ple, that with 
only one day’s worth of in for ma tion on ei ther end of an in ter val, most meth ods for 
in fer ring res i dency will per form the same. However, as the buffer size is in creased 
and more data is in cor po rated in the in fer ence pro ce dure, the dif fer ences be tween 
meth ods should be come more pro nounced. Because the qual ity of dig i tal trace data 
can vary con sid er ably, this kind of anal y sis would be use ful for jus ti fy ing a par tic
u lar an a lyt i cal ap proach.

Research Questions

Our two re search ques tions ex tend from our dis cus sion of in ter val and buffer size. 
These re search ques tions, which are sim ple and easy to eval u ate, rep re sent the pri
mary ap pli ca tion of our frame work.

 • Research Question 1: Do mi gra tion es ti ma tes in crease as the in ter val 
in creases? We ex pect to fnd that the num ber of peo ple who mi grate from their 
place of res i dence will in crease as the in ter val in creases be cause of their added 
ex po sure  to  the risk of mi gra tion. Although  the strength of  this  re la tion ship 
should di min ish at  long  in ter vals be cause of  return mi gra tion, we ex pect  to 
ob serve a largely pos i tive re la tion ship be tween the in ter val and the mi gra tion 
es ti ma te.

 • Research Question 2: Do mi gra tion es ti ma tes de crease and be come more con
sis tent as the buffer size in creases? We ex pect to fnd that the num ber of peo ple 
who have mi grated from their place of res i dence will de crease as buffer size 
in creases. With larger buffer sizes comes a larger amount of data that can be 
used to in fer lo ca tion at ei ther end of the in ter val, in creas ing our abil ity to ac cu
rately es ti mate longterm re lo ca tions by screen ing out shortterm moves.

How a par tic u lar dig i tal trace data set per forms with re spect to these re search ques tions 
will pro vide use ful in for ma tion on the suit abil ity of the data for mi gra tion re search. 
Moreover, once it has been established that the data are of suf f cient qual i ty, study ing 
the spe cifc re la tion ship be tween mi gra tion es ti ma tes and in ter val or buffer size will 
deepen our un der stand ing of the tem po ral complexities of mi gra tion phe nom ena and 
their mea sure ment. Empirical data on how mi gra tion es ti ma tes change with re spect 
to a qua sicon tin u ous  time  in ter val could be used  to ad dress  the oneyear/fveyear 
prob lem by allowing re search ers to chart the spe cifc func tional re la tion ship be tween 
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pop u la tionlevel mi gra tion be hav ior and ex po sure to the risk of mi grat ing. At the same 
time, em pir i cal data on how mi gra tion es ti ma tes change with re spect  to buffer size 
could be used to eval u ate dif fer ent tech niques for in fer ring res i dency and pro vide a 
ba sis for fur ther anal y sis of the re la tion ship be tween pat terns of shortterm mo bil ity 
and pat terns of longterm mi gra tion.

Answering  these  re search  ques tions  does  not,  how ev er,  en tail  val i dat ing  dig i tal 
trace mi gra tion  es ti ma tes  us ing  tra di tional  es ti ma tes  or  assessing  bias  us ing  some 
ex ter nal source of more trusted da ta. Although this kind of val i da tion can be seen as 
an es sen tial com po nent of any sub stan tive dig i tal trace mi gra tion re search, we ar gue 
that it un nec es sary for the pur poses of dem on strat ing the util ity of our frame work. This 
ar gu ment rests on two points. First, given the lack of stan dards governing how highly 
gran u lar dig i tal trace data should be converted into mi gra tion es ti ma tes, we sug gest 
that eval u at ing the con sis tency of such es ti ma tes should be con sid ered a pre lim i nary 
step to val i dat ing with tra di tional sur vey or ad min is tra tive es ti ma tes. Only af ter it has 
been established that a given data set pro duces con sis tent es ti ma tes should an at tempt 
be made to link these data to any other kind of da ta. Second, we ex pect that most dig
i tal trace data biases would not ham per our abil ity to val i date the in ter nal con sis tency 
of the mi gra tion es ti ma tes they pro duce. For ex am ple, even if the us ers on a par tic u lar 
so cial me dia plat form are dis pro por tion ately young, we would still hy poth e size that 
es ti ma tes of their mi gra tion ac tiv ity will in crease as the in ter val in creases. It is for this 
lat ter rea son that we ap ply our method to sim u lated data and em pir i cal data of vary ing 
qual ity and from dif fer ent con texts. Although we ex pect that both of our hy poth e ses 
will be con frmed us ing these dif fer ent kinds of da ta, pre cisely how well they per form 
is a key in sight that will be pro vided by the ap pli ca tion of our frame work.

The Simulation Model

Having outlined our frame work and our re search ques tions, we pres ent a sim ple sim
u la tion model to pro duce data that will meet our stated ex pec ta tions. The goal of the 
model is not to sim u late a spe cifc con text or rep li cate pre cise pat terns in our em pir
i cal da ta.  Instead,  the pur pose of  the model  is  to ex plore, us ing sim ple be hav ioral 
as sump tions,  how  shortterm mo bil ity  and mi gra tion might  be  manifested  within 
in di vid u allevel timeandplace da ta. The sim u lated data will pro vide a point of ref
er ence  against which we  can  eval u ate  the  pat terns  ob served  in  the  em pir i cal  data 
in tro duced in the next sec tion.

Strategy

We sim u late data that take the form of tuples (in di vid ual ID, timestamp, and lo ca tion). 
The struc ture of each tuple is sim ple and mim ics the for mat of the lo ca tional dig i tal 
trace data discussed in this pa per. A sin gle tuple does not pro vide much in for ma tion 
about where a given in di vid ual re sides. However, a se ries of these tuples over time 
for  the  same  in di vid ual of fers  in sights  into pat terns of  res i dency and  into pat terns 
of mo bil ity and mi gra tion be tween dif fer ent places. The un der ly ing as sump tion of 
our model is that each in di vid ual has a la tent char ac ter is tic: name ly, a home lo ca tion 
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(such as a U.S. state) that con di tions the in di vid u al’s mo bil ity be hav ior. Individuals 
will be ob served most of ten in their home lo ca tions; how ev er, in di vid u als who are 
ob served away from their homes for a suf f ciently long pe riod may be as sumed to 
have changed their home lo ca tions.

In our ap proach, we sim u late  time lines for a pop u la tion of m  in di vid u als. Each 
in di vid ual has known lo ca tion l at each unit of time 1, 2, . . . , t such that in di vid ual i 
can be represented by a vec tor:

{li,1, li,2, . . . , li,t},

where li,t is the lo ca tion of in di vid ual i at time t.
We then build a model in which units of time are equiv a lent to one week (i. e., an 

in di vid ual is ob served only once per week), with only two pos si ble lo ca tions, 1 or 0. 
The prob a bil ity that in di vid ual i is ob served at ei ther 1 or 0 at time t is represented by 
a sim ple Bernoulli ran dom var i able con di tional on the in di vid u al’s “home” at tri bute, 
which can also only be 1 or 0. This gives us two con di tions:

P li,t home = 1( ) = p,          for li,t = 1
1− p,   for li,t = 0

⎧
⎨
⎩

and

P li,t home = 0( ) = p,          for li,t = 0
1− p,    for li,t = 1
⎧
⎨
⎩

.

Although the de ci sion to use in de pen dent Bernoulli ran dom tri als to model short
term mo bil ity rests on strong as sump tions, we chose this method for its sim plic i ty. 
Empirical ev i dence has dem on strated  that  the du ra tion of  tem po rary moves skews 
heavily to ward shorter lengths of time (Bell 2004), and that the prob a bil ity of ob serv
ing con sec u tive Bernoulli val ues rea son ably rep li cates the smaller like li hood of tak
ing ex tended trips (e. g., three months) rel a tive to tak ing shorter trips (e. g., one week). 
In  fu ture  re search, more  re al is tic  dis tri bu tions of  shortterm mo bil ity  could be  in
ferred di rectly from the em pir i cal da ta. But given that here we are us ing our model 
only as a heu ris tic for eval u at ing our em pir i cal da ta, we ar gue that re ly ing on a Ber
noulli dis tri bu tion will suf fce for now.

To model longterm re lo ca tion, we add an ad di tional fea ture. If an in di vid ual is 
ob served “away” from “home” for k con sec u tive weeks, then the prob a bil i ties as so
ci ated with be ing ob served in the lo ca tion des ig nated as “away” be come those pre vi
ously as so ci ated with be ing in the lo ca tion once des ig nated as “home”:

if li,t + 1 = . . . = li,t + k = 0|home = 1, then 0 → home

if li,t + 1 = . . . = li,t + k = 1|home = 0, then 1 → home.  

For ex am ple, take a sce nario in which we ob serve a set of in di vid u als for whom 
the prob a bil ity of be ing home in a given week, p, is equal to .7, and the thresh old of 
re lo ca tion, k, is equal to 4. If we ob serve these in di vid u als for 100 weeks, then the 
rate of  tran si tion should be ap prox i mated by  the prob a bil ity of a streak of  four or 
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more con sec u tive weeks away oc cur ring in 100 Ber noulli  tri als. This value can be 
obtained us ing re cur sion with the fol low ing for mu la:

 

where (1 – p) is the prob a bil ity of be ing ob served away from home on a given week, 
S(N,K) is the prob a bil ity of be ing ob served K or more con sec u tive weeks away from 
home out of N weeks, and j is the po si tion of the frst week an in di vid ual is ob served 
at home (Greenberg 1970). Either we ob serve an in di vid ual away from home K con
sec u tive weeks in the frst K weeks (which has the prob a bil ity (1 – p)K), or we ob serve 
the in di vid ual at home at least once in the frst K weeks (at po si tion j). In the lat ter 
case, the prob a bil ity of go ing away for K or more weeks is equal to the prob a bil ity 
of do ing so fol low ing the jth week. Using the val ues from our ex am ple, this for mula 
returns a value of .433.

A Simulated Outcome

Continuing with the pre ced ing ex am ple, we sim u late 1,000 in di vid ual time lines with 
the prob a bil ity of be ing home on a given week, p, equal to .7; and the longterm move 
thresh old, k, equal  to 4. Each  in di vid ual  is ob served for 100 weeks. We then de rive 
many dif fer ent mi gra tion rates from the sim u lated data by sys tem at i cally chang ing the 
startbuff erin ter val spec i f ca tion. As we would do when us ing em pir i cal da ta, we es ti
mate that a sim u lated in di vid ual is a mi grant if place of res i dence at the start of the in ter
val is not the same as place of res i dence at the end of the in ter val. In this case, we in fer 
the place of res i dence by cal cu lat ing the modal lo ca tion—ei ther at home or away from 
home—dur ing the buff er. If there is a tie, we take the frst lo ca tion to hit the max i mum.

In each of the three pan els in Figure 2, we track how the mi gra tion rate changes as 
the interval in creases, while hold ing the buffer fxed at one of three dif fer ent val ues: 
1, 4, or 12 “weeks.” The yaxis is the pro por tion of mov ers— the mi gra tion rate—and 
the xaxis is time. A line rep re sents a set of rates de rived us ing a com mon start, which, 
when followed left to right, tracks the pro por tion of mi grants as the in ter val grows. 
(For a sche mat ic, re fer to the righthand panel of Figure 1.) The lines are plot ted such 
that their po si tion over the xaxis cor re sponds to the date as so ci ated with the end of 
the in ter val, and shad ing in di cates start date, with later starts be ing darker. The start 
value is also plot ted at the base of each line.

Figure 2 il lus trates how we ex pect mi gra tion es ti ma tes to vary as we sys tem at i
cally change the buffer and in ter val size. When the buffer is small, at ei ther 1 (left 
pan el) or 4 (cen ter pan el), the ob served rates of mi gra tion are high and mul ti mod al. 
We set the con di tions of our model (p  =  .7) such that in di vid u als ex hibit a high de gree 
of shortterm mo bil i ty. Although the over all rates ap pear to in crease slightly as the 
in ter val in creases, the rate of longterm re lo ca tion is some what masked by the short
term noise. When the buffer is in creased to 12 (right pan el), the sig nal as so ci ated with 
shortterm mo bil ity is mostly re moved. Very few in di vid u als are ob served away from 
home more than 6 times in 12 tries un less they have relocated; thus, less shortterm 
return mi gra tion is ob served. In this plot, the trend lines start lower but rise con sis
tently as the in ter val in creases. Taken to geth er, the three pan els of Figure 2 il lus trate 
what we ex pect to fnd in our em pir i cal da ta. As the buffer size in creases, the high 

S(N ,K ) = (1− p)K + (1− p) j − 1( p)S(N − j,K )
j = 1

K∑ ,
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65Analyzing the Effect of Time in Migration Measurement

lev els of mi gra tion and mulitmodality resulting from shortterm mo bil ity are re duced. 
Thus, we see a con sis tent, pos i tive re la tion ship with re spect to in ter val.

Data

The em pir i cal por tion of the anal y sis is conducted on three data sets: call de tail re
cords (CDR) in Senegal from the tele com mu ni ca tion com pany OrangeSonatel; and 
two sets of so cial me dia data in the United States, one from Twitter and other from 
Gowalla.  In  this  sec tion, we  de scribe  the  three  data  sets  and  how  the  dif fer ences 
be tween them could af fect our es ti ma tion. Because a ma jor mo ti va tion for de vel op
ing our frame work is to take ad van tage of the tem po ral gran u lar ity of dig i tal trace 
da ta, we down play the po ten tial uses of the spa tial gran u lar ity of these data in our 
sub se quent dem on stra tion and anal y sis. However, as we noted pre vi ous ly, any num
ber of so phis ti cated spa tial tech niques could be used within a buffer to in fer lo ca tion. 
For all  three data sets, we in fer the place of res i dence by sim ply assigning in di vid u
als to the ad min is tra tive unit in which they most fre quently ob served—their modal 
ad min is tra tive unit. In the case of a tie, we as sign the in di vid ual to the frst ad min is
tra tive unit to achieve the max i mum level ob served.

Orange-Sonatel

Our anal y sis makes use of anonymized CDRs obtained via the OrangeSonatel 2014 
Data for Development (D4D) Challenge. These data con sist of phone calls and SMS 
ex changes  be tween  more  than  nine  mil lion  OrangeSonatel  cus tom ers  in  Senegal 
be tween Jan u ary 1, 2013, and De cem ber 31, 2013. The spe cifc data set used in this 
pa per is a sub set of the CDRs cor re spond ing to a ran dom sam ple of 150,000 sub scrib
ers. Only the 146,352 us ers meet ing the fol low ing cri te ria were in cluded in the sam ple:

 1.  Users hav ing in ter ac tions on more than 75% of days in the given pe ri od.
 2.  Users hav ing had an av er age of fewer than 1,000 in ter ac tions per week (given 

that us ers with more  than 1,000  in ter ac tions per week were pre sumed  to be 
ma chines or shared phones) (de Montjoye et al. 2014).
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Fig. 2  Migration rates derived from simulated data. Each line tracks the rate of individuals classifed as 
migrants as the interval increases from a specifc reference point, while the buffer is held fxed.
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The data con sist of roughly 561 mil lion CDRs representing all  the in ter ac tions (voice 
call or SMS) placed or re ceived by these us ers in the 2013 cal en dar year  (Figure 3). Each 
re cord pro vi des a nu mer i cal pseu do nym representing the us er, the timestamp of the call, 
and the ar ron disse ment (third ad min is tra tive lev el) in which the user was lo cated when 
the in ter ac tion took place. The D4D data set di vi des Senegal’s ter ri tory into 123 ar ron
disse ments, which can be grouped into 45 départements or 14 régions. The lat ter, the 
14 régions of Senegal, are the geo graphic units used in this pa per. We de fne mi grant as 
an in di vid ual who changes régions over a given in ter val. Because these ad min is tra tive 
units are so small, es pe cially rel a tive to the U.S. ad min is tra tive units used in the Twitter 
and Gowalla anal y sis, we may ex pect much higher es ti ma tes of mi gra tion and mo bil
ity in Senegal. On the other hand, the con sis tency with which the cellphone us ers are 
ob served might make the es ti ma tes de rived from this data set more sta ble.

Twitter

We also an a lyze a large set of Twitter data extracted from a longterm ar chive of the 
1% Twitter stream sam ple (Archive  .org 2016). Only Twitter ac counts with at  least 
one tweet geotagged within the United States be tween Jan u ary 2011 and De cem ber 
2014 are in clud ed. Because of topdown changes Twitter made in early 2015 to the 
kinds of lo ca tional in for ma tion contained within tweets, the data col lected af ter 2014 
are not di rectly com pa ra ble and are there fore ex cluded from the anal y sis (Tasse et al. 
2017). We use the lat i tude and the lon gi tude as so ci ated with each tweet to place it in 
one of nine U.S. Census di vi sions,1 and we de fne mi gra tion as a change in res i dency 
with re spect to these di vi sions.

The Twitter data con sist of roughly 447 mil lion geolocated tweets from 1.9 mil lion 
Twitter us ers span ning 2011–2014 (Figure 3). The mean num ber of geotagged tweets 

1  See https:  /  /www2  .census  .gov  /geo  /pdfs  /maps  data  /maps  /reference  /us_regdiv  .pdf.
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per user is 267, but the us ers are not nec es sar ily ob served ev ery week. On av er age, 
a us er’s tweets ap pear in 24 weeks, spread over a range of about one year. Sporadic 
tweeting means that un der cer tain mi gra tion spec i f ca tions, some user time lines will 
ex hibit ei ther left or rightcen sor ing. In cases in which data are miss ing at ei ther or 
both ends of an in ter val given a par tic u lar buff er, the user is ex cluded from both the 
nu mer a tor and the de nom i na tor for that par tic u lar mi gra tion es ti ma te. Unlike for the 
OrangeSonatel CDR da ta, we make no ef fort to limit our sam ple to those in di vid
u als who were con sis tently ob served over the pe ri od. Instead, we take a max i mal ist 
ap proach to see how well our hy poth e ses hold up when our frame work is ap plied to 
a very im per fect data set. Thus, we are in ter ested in de ter min ing the ex tent to which 
we can use in creased buffer size to screen out shortterm mo bil i ty.

Gowalla

Finally, we an a lyze geolocated data cap tured through the checkin fea ture of the mo
bile geosocial net work Gowalla. Similar to the more fa mil iar checkin app Foursquare, 
Gowalla was a  shortlived plat form on which us ers  shared  their  lo ca tions. For each 
post, Gowalla  stored user  ID  in for ma tion,  a  timestamp, and  lat i tude/lon gi tude co or
di nate da ta—suf f cient  in for ma tion for es ti mat ing how many us ers changed lo ca tion 
over time. These less erknown Gowalla data have also been used by other re search ers, 
in clud ing Cho et al. (2011), who used the checkins to con duct an anal y sis of short
term mo bil ity  and  so cial  net works. This  data  set  includes 6,442,890  checkins gen
er ated  from 107,092 unique us ers be tween No vem ber 2010 and Oc to ber 2011. The 
mean num ber of checkins per user is 60. On av er age, a us er’s checkins ap pear in nine 
weeks, spread across three months. As with the U.S. Twitter da ta, we use U.S. Census 
di vi sions as  the geo graphic unit of anal y sis, and we es ti mate  in ter nal mi gra tion  that 
oc curred be tween di vi sions. Like for the Twitter da ta, we make no ex clu sions based 
on how con sis tently the us ers are ob served in the data set. Instead, we are in ter ested in 
de ter min ing whether our hy poth e ses still hold when ap plied to a small, noisy data set.

Empirical Results

In  the  fol low ing  sec tion,  we  frst  com pare  broad  pat terns  from  our  em pir i cal  re
sults with the pat terns from our sim u la tion mod el. We then de scribe the dif fer ences 
be tween  the em pir i cal  re sults. Finally, we briefly dis cuss how shortterm mo bil ity 
es ti ma tes might be used to in di rectly in fer longterm mi gra tion.

Comparison With Simulated Results

We  per form  the  same  startbuff erin ter val  anal y sis  on  our  em pir i cal  data  that  we 
pre vi ously performed on our sim u lated da ta. Results are presented in Figure 4. The 
rows cor re spond to the three data sets: CDRs from OrangeSonatel in Senegal; geo
tagged tweets from Twitter in the United States; and Gowalla checkins, also from 
the United States. Each col umn shows a set of mi gra tion es ti ma tes pro duced while 
hold ing the buffer fxed at 1 week, 4 weeks, or 12 weeks, re spec tive ly. In each pan el, 
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the yaxis is mi gra tion rate, and the xaxis is the time in weeks. Followed left to right, 
each line tracks the pro por tion of mov ers as the in ter val grows from a com mon start. 
Although there are 9 U.S. Census di vi sions and 14 régions in Senegal, we cal cu late a 
to tal mi gra tion rate as the pro por tion of all  in di vid u als ob served at a given start who 
changed lo ca tion (di vi sion or région) over a given in ter val.

We are en cour aged to re port that the pat terns that emerge from all  three data sets 
are broadly sim i lar and that our two ex pec ta tions are gen er ally con frmed. First, the 
level of mi gra tion ob served in creases as the in ter val in creases. Although the trend is 
less ob vi ous with a smaller buff er, it is still ap par ent. Second, in creas ing the buffer 
size both low ers the rates and re duces their multimodality with re spect to time.

There is one ob vi ous dif fer ence be tween these fnd ings and our sim u lated re sults. 
In our mod el, the lev els of mi gra tion es ti mated with a small buffer are con sis tently el e
vat ed, and the ef fect of in creas ing the buffer size is dra mat ic. Although we fnd some 
ev i dence of lower rates due to in creases in the buffer size in the em pir i cal da ta, smaller 
buffer es ti ma tes are not as con sis tently high. This dis crep ancy is par tially due to the 
un re al is tic as sump tion in the sim u la tion of a uni form like li hood of shortterm mo bil i ty. 
There are clear sea sonal pat terns, par tic u larly in the Twitter es ti ma tes, that show when 
tem po rary mo bil ity is more like ly. If fur ther sim u la tion mod els are to be de vel oped, 
more so phis ti cated strat e gies for mod el ing shortterm mo bil ity will be need ed.
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Fig. 4  Estimates from the three empirical data sets of change in the rate of migration with increases in the 
interval from a specifc start, while the buffer is held fxed at 1 week, 4 weeks, and 12 weeks
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Comparisons Across Data Sets

Given  the dif fer ences  in  the con texts,  the plat forms, and  the qual ity of  the data  in 
the  three data sets, some in ter est ing com par i sons be tween  them can be made. The 
smooth ness of the es ti ma tes from OrangeSonatel is sur pris ing given that the ad min
is tra tive ge og ra phy of the Senegalese régions  is more f negrained than that of the 
U.S. Census  di vi sions.  If  shortterm mo bil ity  is  con di tioned  by  dis tance,  then we 
would ex pect to ob serve higher and more mul ti modal pat terns of mi gra tion when the 
to tal dis tance an in di vid ual needs to cross a bound ary is smaller. This is clearly not 
the case when we look at the re sults from OrangeSonatel. Unlike the nois ier es ti ma
tes de rived from Twitter and Gowalla, the OrangeSonatel es ti ma tes lose their mul ti
modal pat tern as the buffer in creases from one week to four weeks, likely be cause the 
reg u lar ity with which OrangeSonatel us ers are ob served makes it eas ier to remove 
the shortterm mo bil ity sig nal from the mi gra tion es ti ma tes.

The nearly fouryear span of the Twitter data dem on strates that it is pos si ble to an a
lyze  lon gerterm pat terns and sea sonal  reg u lar i ties. Across all   three pan els of Twitter 
es ti ma tes, it is ap par ent that there are sea sonal bumps in shortterm mo bil i ty. The con sis
tency of these pat terns is es pe cially no ta ble con sid er ing that the to tal num ber of Twitter 
us ers gen er at ing the data grew steadily over span of the da ta. A vi sual in spec tion of the 
broader trend in the Twitter data in di cates that the re la tion ship be tween mi gra tion level 
and the length of the in ter val is pos i tive and al most lin e ar, with the lon gest ob served 
mi gra tion rates in creas ing as the in ter val grows, re gard less of the choice of buffer size. 
This nearlin ear trend sug gests lit tle longterm return mi gra tion among our sam ple of 
Twitter us ers. As some in di vid u als return to the place where they were frst ob served, 
we would ex pect the rate of in crease with re spect to in ter val to di min ish. After all , sur
vey and ad min is tra tive data sug gest that fveyear mi gra tion es ti ma tes are al most al ways 
less than fve times the cor re spond ing oneyear es ti ma tes (Rees 1977). In com par i son, 
the smooth hump in the OrangeSonatel es ti ma tes (Figure 4, top cen ter and top right) 
re sem bles the pat tern we would ex pect to ob serve as return mi gra tion diminishes the rate 
of in crease, ul ti mately low er ing the rate of mi gra tion ob served with in creased in ter val. 
Because the OrangeSonatel data span just one cal en dar year, we can draw no con clu
sions about  lon gerterm  trends  in  the Senegalese con text. However,  re sults  from  this 
anal y sis show how shortterm sea sonal mi gra tion be hav ior in Senegal im pacts the re la
tion ship be tween the mi gra tion es ti mate and the in ter val. Meanwhile, al though the Gow
alla es ti ma tes do not prove any ad di tional in sight per se, they do sug gest that even sparse, 
lowqual ity dig i tal trace data can con tain an in ter nally con sis tent mi gra tion sig nal.

Figure 5 ex am ines the ge og ra phy of shortterm and longterm mo bil ity across the 
three data sets. Bilateral em i gra tion rates are es ti mated for each pos si ble pair of ad min
is tra tive units in the U.S. and Senegal con texts, re spec tive ly, us ing two tem po ral spec
i f ca tions: one monthovermonth rate (e. g., place of res i dence in Jan u ary vs. place of 
res i dence in Feb ru ary) and one sixmonthoversixmonth rate (e. g., place of res i dence 
from Jan u ary to June vs. place of res i dence from July to De cem ber). This gives a short
term and a longterm es ti mate for 72 bi lat eral em i gra tion flows in the United States 
(nine di vi sions ×  eight di vi sions)  and  for 182 bi lat eral  em i gra tion flows  in Senegal 
(14 régions × 13 régions). When we plot the sixmonth rates against the onemonth 
rates, we see a pos i tive lin ear trend across all  three data sets. If rel a tively few peo ple 
in re gion i moved  to re gion  j over a onemonth span,  it  is  likely  that  rel a tively few 
peo ple would have moved from  i to j over a sixmonth span. Although  this fnd ing 
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is pre lim i nary, it sug gests the novel pos si bil ity of mod el ing longterm rates be tween 
re gions, which are harder to ob serve, us ing shortterm rates. Our frame work pro vi des 
the con cep tual flex i bil ity nec es sary  for  in ves ti gat ing  the  re la tion ship be tween short
term and longterm pat terns of mi gra tion.

Discussion and Next Steps

Migration data are ex pen sive to col lect, and dif fer ent in sti tu tions use dif fer ent tem po
ral def  ni tions of mi gra tion to meet their var i ous needs. The har mo ni za tion of mi gra
tion val ues es ti mated us ing dif fer ent tem po ral def  ni tions is dif f cult, which ham pers 
the study of mi gra tion phe nom e na. These har mo ni za tion chal lenges arise in large part 
from com pli ca tions due to return mi gra tion (i. e., the oneyear/fveyear prob lem) or 
tem po rary mo bil ity (i. e., dif f cul ties rec on cil ing mi gra tion data de fned by a dif fer ent 
lengths of stay). Although our un der stand ing of the tem po ral complexities of mi gra
tion phe nom ena and mea sure ment has his tor i cally been lim ited by scarce da ta,  the 
avail abil ity of novel and in creas ingly prev a lent forms of dig i tal data cre ates op por
tu ni ties for new re search. In this pa per, we have pro vided a se ries of meth od o log i cal 
and the o ret i cal ad vances that will make it eas ier to use dig i tal trace data in mi gra tion 
re search while leverag ing their tem po ral gran u lar i ty.

We de vel oped a flex i ble method for converting georeferenced dig i tal trace da ta, 
such  as  LBSN  data  or  CDR  da ta,  into  mi gra tion  tran si tion  da ta.  To  ad dress  the 
grow ing  num ber  of ad hoc  ap proaches  in  the  lit er a ture,  our method  con trib utes  a 
muchneeded gen eral ter mi nol o gy—start, buff er, in ter val—for this kind of in fer ence 
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Fig. 5  Each dot represents a bilateral flow or corridor, such as New England to the Mountain West (in the 
U.S. context). The migration rate corresponding to each bilateral flow is estimated at two different time 
scales: onemonthtoonemonth and sixmonthtosixmonths. The plot shows the correlation of these two 
temporal specifcations for each bilateral flow/corridor. The fndings presented here provide fertile ground 
for future research and suggest that (easier to measure) shortterm flows may be useful in modeling (harder 
to measure) longterm flows.
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pro ce dure. We ar gue that these con cepts re fer to three dis tinct tem po ral di men sions 
of mi gra tion mea sure ment: start mea sures sea son al or pe ri odspe cifc ef fects; buff er 
mea sures res i dency cri te ria ef fects; and  in ter val mea sures cu mu la tive  tem po ral ef
fects. Because of the at om is tic and in di rect qual ity of dig i tal trace da ta, all  three con
cepts must be addressed to pro duce mi gra tion tran si tion es ti ma tes, re gard less of the 
qual ity or the geo graphic cov er age of the da ta.

We then pro posed an ap proach to assessing the qual ity and the char ac ter is tics of 
the mi gra tion sig nal pres ent in a data source by sys tem at i cally chang ing the tem po
ral di men sions of the mi gra tion def  ni tion. In es sence, this ap proach can be used to 
pro duce sets of es ti ma tes that track lev els of mi gra tion along a qua sicon tin u ous time 
scale anal o gous to a sur vival func tion. We ap plied this ap proach to sim u lated data as 
well as three em pir i cal data sets from three plat forms in two in ter nal mi gra tion con
texts. Our anal y sis addressed  two re search ques tions, pre mised on  two hy poth e ses 
re lated to mi gra tion mea sure ment.

First, we asked how mea sures of mi gra tion vary with re spect to the time in ter val. 
Based on the lit er a ture on the oneyear/fveyear prob lem in mi gra tion mea sure ment, 
we expected to fnd that mi gra tion es ti ma tes with larger in ter vals would be higher than 
the  es ti ma tes with  smaller  in ter vals. Our  sim u la tion model  il lus trated  this  in tu i tion, 
and our em pir i cal anal y sis of three data sets con frmed it. At frst blush, this fnd ing 
may seem selfev i dent. However, be cause es ti mat ing mi gra tion along a pseu docon
tin u ous time scale has never been done be fore, this re sult has im por tant im pli ca tions 
for fur ther re search. Now that we have dem on strated that mi gra tion rates in crease as 
the in ter val in creases, we can be gin ask ing ques tions about the spe cifc func tional form 
of this re la tion ship and about the ex tent to which it varies by ge og ra phy or pop u la tion 
char ac ter is tics. This ap proach also pro vi des a means for assessing the tem po ral sta bil ity 
of mi gra tion es ti ma tes drawn from dig i tal trace da ta. Technology plat forms and their 
user ba ses are in con stant flux. Any un ex pected pat terns with re spect to the in ter val size 
should be treated as a red flag when they are found in spe cifc da ta.

Second, we asked how mea sures of mi gra tion vary with re spect to tem po ral res i
dence cri te ria, which we called the buff er. Any re search that uses dig i tal trace data to 
mea sure mi gra tion will have to deal with ques tions about how to ac count for travel 
or  tem po rary mo bil i ty, which may  com pli cate  the  validity  of mi gra tion  es ti ma tes. 
We expected that mi gra tion data es ti mated with larger buff ers would be less mul ti
modal (i. e., noisy) than data es ti mated with smaller in ter vals. As in the case of our 
frst re search ques tion, our sim u la tion model il lus trated this idea, and our em pir i cal 
anal y sis con frmed it. Shortterm travel is more com mon than longterm trav el. Thus, 
as we in creased the size of the buffer used to in fer res i dency at ei ther end of the in ter
val, our mi gra tion es ti ma tes be came smoother and more sta ble. Again, this fnd ing 
may seem selfev i dent at frst, but it dem on strates that by sys tem at i cally vary ing the 
buff er, mi gra tion re search ers can eval u ate where the cutoff be tween travel and long
term re lo ca tion lies—a cut off that will vary based on con text and the pur pose of the 
mea sure ment. In our em pir i cal anal y sis, we showed that the high de gree of ac cu racy 
and the vol ume of CDR data from OrangeSonatel makes it rel a tively easy to iso late 
longterm mo bil ity from trav el. As we in creased the buffer from one week to four, the 
shortterm spikes in mi gra tion disappeared from our plot. For the CDR da ta, we rec
om mend us ing a buffer of at least four weeks to es ti mate mi gra tion. By con trast, the 
ir reg u lar ity of the Twitter and Gowalla data made it more dif f cult to dis tin guish the 
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mi gra tion sig nal from trav elre lated noise. Even when a buffer of 12 weeks was used, 
the plots from Twitter and Gowalla still exhibited some in sta bil i ty. For un pro cessed 
so cial me dia da ta, we rec om mend us ing a buffer greater than 12 weeks to es ti mate 
mi gra tion. More re search is needed to de ter mine what the ac cept able level of trav
elre lated noise should be, but our method clearly pro vi des a con cep tual and meth
od o log i cal frame work for sys tem at i cally addressing this is sue. Our fnd ings point to 
an emer gent re search agenda us ing dig i tal trace data to map the re la tion ship be tween 
dif fer ent  kinds  of mi gra tion  es ti ma tes. Yet  fur ther work must  be  done  to  val i date 
mo bil ity  and mi gra tion es ti ma tes by  linking  them  to  tra di tional da ta. Because our 
con cep tual fo cus was on iden ti fy ing in ter nal con sis ten cies within a se ries of mi gra
tion es ti ma tes gen er ated from the same da ta, we did not at tempt to as sess the ex ter nal 
validity of these es ti ma tes. However, such an anal y sis is clearly need ed. In the U.S. 
con text, in ter di vi sional mi gra tion rates from Twitter or Gowalla data could be linked 
to Internal Revenue Service or Amer i can Community Survey es ti ma tes. Overall, we 
are  en cour aged  by  other  stud ies  that  have  dem on strated  the  validity  of mi gra tion 
es ti ma tes from dig i tal trace data by linking them to tra di tional sources (e. g., Deville 
et al. 2014).

Additionally,  more  re search  is  needed  to  con frm  the  fun da men tal  re sults 
reported here. Although the sim plic ity of our frame work and the in tu i tive ness of 
our fnd ings sug gest strong con sis ten cies in how mea sure ments of mi gra tion vary 
with the tem po ral def  ni tion, we tested for these con sis ten cies us ing just three sets 
of da ta. Because the anal y sis presented here was lim ited to in ter nal mi gra tion da ta, 
collecting and an a lyz ing rel e vant data from in ter na tional con texts in par tic u lar is 
es sen tial. Moreover, re search should be conducted to as sess the ro bust ness of the 
ap proach by leverag ing mi gra tion cor ri dors with wellknown fea tures. For ex am
ple, flows be tween  the United Kingdom and Spain cer tainly con tain a very high 
pro por tion of  trav el ers. Examining  the  sen si tiv ity of  in ter na tional mi gra tion  into 
and out of the United Kingdom es ti mated from dig i tal trace data would both val
i date  our method  and  char ac ter ize U.K. mi gra tion  in  and  outflows  in  new  and 
in ter est ing ways. ■
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