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We are in the early stages of a new era of demographic research that offers excit-
ing opportunities to quantify demographic phenomena at a scale and resolution once
unimaginable. These scientific possibilities are opened up by new sources of data,
such as the digital traces that arise from ubiquitous social computing, massive lon-
gitudinal datasets produced by the digitization of historical records, and informa-
tion about previously inaccessible populations reached through innovations in classic
modes of data collection. In this commentary, we describe five promising new sources
of demographic data and their potential appeal. We identify cross-cutting challenges
shared by these new data sources and argue that realizing their full potential will
demand both innovative methodological developments and continued investment in
high-quality, traditional surveys and censuses. Despite these considerable challenges,
the future is bright: these new sources of data will lead demographers to develop new
theories and revisit and sharpen old ones.

Introduction

Social and technological change have produced new sources of data
that offer exciting opportunities to quantify demographic phenomena at
scales and resolutions once unimaginable. These new data sources in-
clude digital traces that arise from ubiquitous social computing, massive
longitudinal datasets made possible by the digitization of historical and
administrative records, large-scale geospatial and genetic datasets, and data
about previously inaccessible populations reached through innovations
in traditional data collection. In the near term, these new data sources
may advance measurement by allowing researchers to observe intricate
patterns of human mobility and migration, population-scale measure-
ments of social connectedness, day-by-day records of cultural change, and
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generation-by-generation trajectories of socioeconomic well-being. In the
long term, we expect the measurements of these new sources of data
enable to lead demographers to revisit and sharpen old theories and to
develop and test new ones.

The future looks bright: There have been some immediate gains from
these new data sources, and there are more on the horizon; it seems possi-
ble that some areas of demographic research will experience a revolution.
But this will not happen automatically: realizing the potential of these data
sources depends on our ability to develop methods and disciplinary norms
to address new, cross-cutting challenges that include understanding data
provenance, data access, representativeness, and inference. It will also be
critical to continue to put resources into traditional sources of demographic
data, as these new sources of demographic data all depend on traditional
data sources to be useful.

The first half of this forward-facing commentary begins by describing
five exciting “new” data sources. These five new data sources are far from
exhaustive, but they were chosen for two reasons: first, they represent, in
our subjective assessment, the largest developments in the data infrastruc-
ture space; second, they can be used to illustrate the methodological ad-
vances needed to harness the full potential of these new data sources. We
provide a high-level overview of each of these five new data sources, de-
scribe how they may be used to advance demographic measurement and
theory, and highlight their reliance on traditional data sources.

The second half of this commentary focuses on identifying and dis-
cussing methodological challenges that cut across these new data sources:
data provenance, usability, representativeness, and inference. We explain
how the challenges arise, what efforts have been made to address them so
far, and how we anticipate the field will make progress on these challenges
in the coming years. We conclude with a broader discussion of the implica-
tions of these new data sources for future prospects and disciplinary norms.

Five exciting new sources of data

To illustrate how new data sources are stimulating exciting research in de-
mography and related fields, we chose five examples: big population mi-
crodata, digital trace data, advances in traditional modes of data collection,
geospatial data, and genetic data.1 Our goal is to highlight distinctive fea-
tures of each type of data2 and to highlight the promise that each seems to
offer (Table 1).

Big population microdata

Big population microdata have arisen from the digitization and linkage of
large-scale administrative and census records (Ruggles 2014). For instance,

 17284457, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/padr.12671 by T

est, W
iley O

nline L
ibrary on [06/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



CASEY F. BREEN / DENN I S M. FEEHAN 541

T
A
B
L
E
1

O
v
er

v
ie
w

o
f
n
ew

so
u
rc
es

fo
r
d
em

o
gr

ap
h
ic

re
se

ar
ch

an
d
th

ei
r
re

la
ti
o
n
sh

ip
w
it
h
tr
ad

it
io
n
al

d
at
a
so

u
rc
es

N
ew

d
at
a
so

u
rc
es

fo
r
d
em

o
gr
ap

h
ic

re
se
ar
ch

D
at
a
so

u
rc
e

A
re

as
o
f
im

p
ac

t
T
y
p
ic
al

re
la
ti
o
n
sh

ip
w
it
h

tr
ad

it
io
n
al

d
at
a
so

u
rc
es

S
el
ec

te
d
ci
ta
ti
o
n
s

B
ig

p
o
p
u
la
ti
o
n
m
ic
ro
d
at
a

L
if
e-
co

u
rs
e
d
yn

am
ic
s,

in
te
rg
en

er
at
io
n
al

m
o
bi
li
ty
,

ca
u
sa
l
d
et
er
m
in
an

ts
o
f

lo
n
ge

vi
ty

L
in
k
s
tr
ad

it
io
n
al

su
rv
ey
,

ad
m
in
is
tr
at
iv
e,

an
d

ce
n
su

s
d
at
a
to
ge

th
er

u
si
n
g

re
co

rd
li
n
k
ag

e
te
ch

n
iq
u
es

H
al
p
er
n
-M

an
n
er
s
et

al
.

(2
0
2
0
);
A
br
am

it
zk

y,
B
o
u
st
an

,
an

d
E
ri
k
ss
o
n

(2
0
1
2
);
G
ra
et
z
et

al
.

(2
0
2
3
)

D
ig
it
al

tr
ac
e
d
at
a

M
ea

su
re
m
en

t
o
f
k
ey

d
em

o
gr
ap

h
ic
ra
te
s,

im
m
ig
ra
n
t
so
ci
al

in
te
gr
at
io
n
,
ef
fe
ct
s
o
f

d
ig
it
iz
at
io
n

U
se
s
tr
ad

it
io
n
al

su
rv
ey

s
an

d
ce
n
su

se
s
as

gr
o
u
n
d
tr
u
th

to
va

li
d
at
e
sa
m
p
le
s,

ca
li
br
at
e
m
o
d
el
s

N
o
bl
es
,
C
an

n
o
n
,
an

d
W
il
co

x
(2
0
2
2
);
B
ru

ch
an

d
N
ew

m
an

(2
0
1
8
);

R
am

p
az
zo

et
al
.
(2
0
2
1
)

G
eo

sp
at
ia
l
d
at
a

S
m
al
l-
ar
ea

p
o
p
u
la
ti
o
n

es
ti
m
at
es
,
n
o
w
ca
st
in
g,

cl
im

at
e
ch

an
ge

an
d

p
o
p
u
la
ti
o
n
d
yn

am
ic
s,

d
em

o
gr
ap

h
y
o
f
cr
is
es

U
se
s
tr
ad

it
io
n
al

d
at
a
so
u
rc
es

as
k
ey

in
p
u
ts
in

m
o
d
el
s

L
ea

su
re

et
al
.
(2
0
2
0
);

B
lu
m
en

st
o
ck

,
C
ad

am
u
ro
,

an
d
O
n
(2
0
1
5
);
C
h
i
et

al
.

(2
0
2
2
)

G
en

et
ic

d
at
a

F
er
ti
li
ty
,
d
et
er
m
in
an

ts
o
f

lo
n
ge

vi
ty
,
ge

n
et
ic

u
n
d
er
p
in
n
in
gs

o
f
so
ci
al

n
et
w
o
rk
s
an

d
be

h
av

io
rs
,

so
ci
al

st
ra
ti
fi
ca
ti
o
n

R
el
ie
s
o
n
tr
ad

it
io
n
al

d
at
a
fo
r

o
u
tc
o
m
es

o
f
in
te
re
st
,

re
-w

ei
gh

ti
n
g

F
le
tc
h
er

et
al
.
(2
0
2
3
);

R
o
bi
n
so
n
et

al
.
(2
0
1
7
);

B
ar
ba

n
et

al
.
(2
0
1
6
)

A
d
va

n
ce
s
in

C
la
ss
ic
al

D
at
a

C
o
ll
ec
ti
o
n

H
ar
d
-t
o
-r
ea

ch
p
o
p
u
la
ti
o
n
s,

u
n
p
ac
k
h
et
er
o
ge

n
eo

u
s

d
em

o
gr
ap

h
ic
su

bg
ro
u
p
s

(e
.g
.,
“A

si
an

A
m
er
ic
an

s”
)

U
se
s
tr
ad

it
io
n
al

d
at
a
so
u
rc
es

to
co

n
st
ru

ct
sa
m
p
li
n
g

fr
am

es
,
w
ei
gh

ti
n
g
ta
rg
et
s,

an
d
be

n
ch

m
ar
k
s

B
re
za

et
al
.
(2
0
2
3
);

S
ch

n
ei
d
er
,
an

d
H
ar
k
n
et
t

(2
0
2
2
);
F
ee

h
an

an
d
C
o
bb

(2
0
1
9
);
R
u
iz
,

N
o
e-
B
u
st
am

an
te
,
an

d
S
h
ah

(2
0
2
3
)

 17284457, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/padr.12671 by T

est, W
iley O

nline L
ibrary on [06/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



542 NEW DATA SOURCES FOR DEMOGRAPH IC RESEARCH

the U.S. Census Bureau is now digitizing the decennial complete-count
censuses from 1950 to 1990 using modern cloud-based computing in-
frastructure and optical character recognition to process over 4 petabytes
(4000 terabytes) of digitized imagery (Genadek and Alexander 2022). In
parallel, new machine-learning based methods for record linkage have
greatly increased the accuracy and precision of linkages (Helgertz et al.
2022; Abramitzky et al. 2021; Martha Michael Bailey et al. 2020). Together,
these advances are facilitating the creation of massive longitudinal datasets
combining census records, birth certificates, military enlistment records,
education records, voting files, and IRS tax records. In the United States,
several large-scale projects have created publicly available datasets tracking
millions of individuals over the life course (Abramitzky et al. 2020; J. R.
Goldstein et al. 2021; Ruggles et al. 2020). In Europe, where population
register data have long been used for demographic research (S. Goldstein
1964; Baccaini and Courgeau 1996), linking together population register
data will allow demographers to better study migration decisions, fertility,
and marital history (Poulain, Herm and Depledge 2013; Thorvaldsen,
Andersen and Sommerseth 2015). Digitization efforts of historical Chinese
government records allow for the study of elites and government bureau-
cracy (Campbell and Lee, 2006; Song and Campbell 2017; Chen et al.
2020). Similar efforts in the private sector are producing massive databases
with information on credit history (Hurley and Adebayo 2016), voting and
political behavior (Nickerson and Rogers 2014), and more.

Linked big population microdata depend heavily on investment in
high-quality traditional survey, census, and administrative data since those
data form the fundamental elements that are combined into powerful
longitudinal datasets through record linkage. Maintaining robust invest-
ments in these foundational data sources is essential to ensure a rich data
ecosystem in the future.

The size and scope of big population microdata have already allowed
researchers to investigate topics as varied as social mobility across gener-
ations (Mare 2011; Song 2021; Ward 2023; Feigenbaum 2018), changes
in ethnoracial identification and classification (Saperstein and Gullickson
2013; Liebler et al. 2017; Saperstein and Penner 2012; Loveman and Muniz
2007; B. Duncan and Trejo 2011), changing patterns of intergenerational
coresidence (Ruggles 2007), and the social determinants of mortality
(Fletcher and Noghanibehambari 2021; Halpern-Manners et al. 2020;
Noghanibehambari and Engelman 2022).

A key benefit of linked longitudinal microdata is that it allows social
scientists to study the experiences of actual cohorts over the life course
instead of relying on synthetic cohorts derived from period data. Historical
longitudinal microdata is also not typically subject to the kind of disclosure
concerns that prevent individually identifiable information from being
used by researchers, making analysis at very fine levels of granularity
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feasible. This expanded microdata landscape will likely enable researchers
to deepen and improve theories of life-course population processes such as
social determinants of health and mortality, environmental change and de-
mographic behavior, migration patterns, fertility intentions and outcomes,
heterogeneous demographic outcomes for smaller population subgroups,
and more.

Digital trace data

Digital trace data arise as a by-product of people’s interactions with social
computing platforms, such as blogs, social media, dating apps, and cell
phone networks. These digital traces can contain rich information about
movement, social interactions, social networks, culture, and many other
phenomena. Digital trace data capture a wide range of information, includ-
ing social media posts, connections, messaging patterns, smartphone loca-
tion data, group memberships, and user statistics on various platforms. In
some cases, digital trace data can be obtained for free or for a modest cost.
However, the richest digital trace data are often only available through some
kind of partnership or collaboration with a private company.

Digital trace data have a distinctive feature: the data themselves re-
sult from tremendous social change that, in many cases, can directly affect
processes of interest to social scientists. For example, digital trace data may
prove to be helpful in estimating rates of migration between countries—but
the social platforms that produce digital trace data may also begin to play
an important role in the process of migration itself (Pesando et al. 2021).
Another example: disparities in Internet access and mobile phone owner-
ship have become a salient dimension of population inequality, potentially
influencing factors like health and mortality (Flückiger and Ludwig 2023;
Byaro, Rwezaula and Ngowi 2023), fertility (Byaro, Rwezaula and Ngowi
2023), migration (Grubanov-Boskovic et al. 2021), wealth (Edquist et al.
2018), well-being (Rotondi et al. 2020), and more.

To date, the primary application of digital trace data has been to im-
prove the measurement of key demographic quantities. Researchers have
used both mobile phone call logs and social media data to “nowcast” migra-
tion rates and stocks (Blumenstock 2012; Zagheni, Weber, and Gummadi
2017; Alexander, Polimis, and Zagheni 2020; Palotti et al. 2020; Leasure
et al. 2023), produce high-resolution estimates of poverty (Blumenstock,
Cadamuro and On 2015; Chi et al. 2022), and better measure behavior
and friendship within networks (Eagle, Pentland, and Lazer 2009; Michael
Bailey et al. 2018; Lewis et al. 2008; Eagle, Macy, and Claxton 2010). These
approaches often combine unrepresentative but up-to-date digital trace
data with representative—yet outdated—conventional surveys (Rampazzo
et al. 2021; Alexander, Polimis, and Zagheni 2020). Without this traditional
data for benchmarking, calibrating, and weighting, the practical utility of
digital trace data can be limited.
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FIGURE 1 Overview of three studies where innovations in data lead to
advances in demographic theory

The majority of research to date using digital trace data takes advan-
tage of the timeliness of these data, but less has been done studying trends
over time. This represents a promising avenue for future research: exploit-
ing the high-level of temporal detail offered by digital trace data could offer
a richer, more detailed picture of demographic changes and trends as they
unfold.

Recently, some applications of digital trace data have begun to expand
beyond measurement into building and testing theory. For instance, as
shown in Figure 1, Bruch and Newman (2018) used data from an on-
line dating platform to test theories of partner pursuit, finding both men
and women pursue partners who are more desirable than themselves
(“competition hypothesis”). Another recent study used a collection of
geolocated tweets to identify migrants and assess theories of immigrant
integration using the time taken for a user to tweet in the host country’s
native language as an integration metric (Gil-Clavel, Grow, and Bijlsma
2023). And, Nobles, Cannon, and Wilcox (2022) used data on 1.6 million
menstrual cycles from a menstrual tracking app to assess physiological lim-
itations in detecting pregnancy before fetal cardiac activity. We hope these
contributions represent early-stage applications that demonstrate how
digital trace data can be used to build and test demographic theories in the
future.
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Geospatial data

Advances in geospatial data have significantly enriched our ability to add
an important geographic component to analyses of population dynamics.
Remotely sensed imagery from satellites, aerial photography, and images
captured by drones can offer near real-time data on human settlements,
urbanization trends, and environmental contexts that affect populations
(Grace et al. 2019). Recent applications of these data include estimates
of population displacement in humanitarian emergencies (Checchi et al.
2013); microestimates of wealth (Blumenstock, Cadamuro, and On 2015;
Chi et al. 2022); targeted humanitarian aid allocation during the COVID-19
pandemic (Aiken et al. 2022); and high-resolution population estimates
(Leasure et al. 2020). One advantage of remotely sensed data is that, by
design, they generally have good coverage in remote, data-sparse settings.

The spatial dimension in many central questions in demography is of-
ten overlooked due to data limitations (Matthews et al. 2021). Researchers
can now better address complex questions about human–environment
interactions, such as the impacts of climate change on migration (Hauer,
Jacobs, and Kulp 2024). The scale and fine geographic resolution of many
new data sources can provide valuable insights into small-area phenomena.
For instance, Levy et al. (2022) uses neighborhood-level demographics and
digital trace data from 45 million mobile devices to predict COVID-19 infec-
tions, finding neighborhood characteristics before the pandemic strongly
predicted COVID-19 incidence rates.

This wealth of geospatial data allows population scientists to develop
new and refine old theoretical models that consider the spatial variability
in demographic processes. However, to date, the application of large-scale
geospatial data in demographic theory has been limited; this is an important
area for focus in the coming years.

Genetic data

Early studies in behavioral genetics used twins and other kin relations
to identify associations between genetic relatedness and behavioral traits;
however, these approaches require strong assumptions for their estimates
to be interpreted causally and generally do not provide a way to identify the
specific genes that are associated with a behavioral trait (Friedman, Banich,
and Keller 2021). Over the past few decades, technological advances in
molecular genetics have made it increasingly possible to measure detailed
characteristics of individual genomes in a cost-effective way. It is becoming
common for major data collection projects, like longitudinal social science
surveys, to include genetic measurements along with other biomarkers;
further, commercial services like 23andMe and ancestry.com have made
detailed genetic testing available to the general public. We can therefore
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expect to see genetic data and social science genomics playing an increasing
role in demography and other social sciences in the coming years.

So far, the expansion of genetic data has been accompanied by major
challenges, helping to highlight how the development of methods can be
critical to progress. Around the mid-2000s, measurements of some genetic
characteristics started to be included in large social science data collection
projects such as Add Health (Harris et al. 2013), the Health and Retirement
Study (Sonnega et al. 2014), and the Wisconsin Longitudinal Study (Herd,
Carr and Roan 2014). In this era, social scientists focused on candidate gene
studies, whose goal was to find one or a small number of genes that could
explain variation in behavioral traits; typically, these candidate genes were
identified on the basis of theory and lab studies in nonhuman animals, such
as mice (Gizer, Ficks and Waldman 2009). Unfortunately, the reliability of
results from candidate gene studies has been called into question because
most candidate gene study designs appear not to have had sufficient statis-
tical power to reliably identify the effects of interest; as a result, associations
reported in the literature are likely to be false positives (Chabris et al. 2012;
Benjamin et al. 2012; Conley and Fletcher 2017). Despite some successes,
this era thus serves as a cautionary tale, illustrating the crucial importance
of understanding study design and inference, including issues like statisti-
cal power, multiple testing, and meta-analysis (Mills and Tropf 2020; L. E.
Duncan, Pollastri, and Smoller 2014).

Contemporary social science genomics has turned away from can-
didate gene studies and reformed around the idea of polygeneity: most
behavioral traits seem to be the product of very small effects from a large
number of genes (Conley and Fletcher 2017; Chabris et al. 2015). At the
same time, genetic measurement technology has continued to improve and
costs have continued to drop, making it possible for social science studies to
routinely measure a much larger share of the study participants’ genomes.
Analyses now focus on genome-wide association studies (GWAS), whose
goal is to atheoretically test for an association between a very large number
of genes and the trait of interest; GWAS results can be further extended
to construct polygenic scores, which are summary indices that estimate an
individual’s genetic propensity for some behavioral trait (Choi, Mak, and
O’Reilly 2020). Methodologically, designing GWAS studies requires careful
consideration of sample size, statistical power, and adjustments for multiple
tests. This analysis reveals that sample sizes required to conduct a GWAS
for a behavioral trait can be very large—so large that, practically speaking,
no one study would provide enough statistical power to detect much;
therefore, in practice, researchers often construct consortia involving many
large cohort studies (Zenebe-Gete, Salowe, and O’Brien 2021; Manolio,
Goodhand, and Ginsburg 2020; Okbay et al. 2022). As a result, researchers
have had to develop methods that each team in a consortium can apply
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to their own data, and that enable the results to be aggregated up using
techniques from meta-analysis (e.g., Sullivan et al. 2018).

Other methodological challenges remain (Akimova et al. 2021; Mills
and Tropf 2020; Freese, Rauf, and Voelkel 2022; Conley and Fletcher 2017;
Becker et al. 2021). For example, a common concern is population strati-
fication, or the so-called “chopstick problem”: genetic variation can be cor-
related with the environment by historical accident, potentially leading to
spurious associations between genes and behavioral traits in studies that
do not fully adjust for environmental confounders (Conley and Fletcher
2017; Hamer and Sirota 2000). Methods have been developed to try to ad-
just for population stratification, but this remains an active area of work
(Bulik-Sullivan et al. 2015; Hellwege et al. 2017). It also highlights con-
cerns about the lack of diversity in genetic data available to social science
researchers; increasingly, samples from outside Western Europe and North
America are becoming available, which is a welcome sign. However, the
high levels of genetic diversity in African and Latin American populations
means that sample-size demands are likely to be even larger for these groups
(Campbell and Tishkoff 2008; Ruiz-Linares et al. 2014). The lack of large-
scale, representative genetic samples often limits the ability of researchers
to make population-generalizable claims.

Despite the challenges of genetic data, there remains a large potential
for population researchers to use these data to understand key demographic
phenomena. One exciting data infrastructure project in this space is the “All
of Us” project, an observational cohort study aiming to gather data on one
million diverse U.S. participants (The All of Us Research Program Investiga-
tors 2019). Another is the UK Biobank study, which is a prospective cohort
of around 500,000 people that collects detailed genetic and behavioral data
(Bycroft et al. 2018). Other studies have provided interesting findings with
implications for demography. For instance, Mills et al. (2021) used a large
genome-wide study to identify 371 genetic variants that influence age at
first birth and the number of children ever born. Additional methodological
advances, such as for better understanding of the gene interplay (Johnson,
Sotoudeh, and Conley 2022) or identifying causal effects and heritability es-
timates using genetic instrumental variables (DiPrete, Burik, and Koellinger
2018), point towards a promising future for genetic research. Specifically,
the interaction of genetics and exposomes, the environmental exposure and
individual encounters throughout the life course, is an important direction
for future research.

New advances in traditional sources of data

Exciting advances are also being made in traditional approaches to data
collection. These advances fall into two general categories: advances
in probability-based methods and advances in non-probability-based
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methods. Probability-based methods depend on collecting data using a
known, stochastic mechanism to decide which members of a population
to include in a sample (Särndal, Swensson, and Wretman 2003). For
probability-based methods, advances in constructing specialized, proba-
bilistic online panels will improve our ability to study smaller population
subgroups. For example, the Pew Research Center recently developed a
custom online panel to target Asian Americans, who represent only 7% of
the general U.S. population, but who are the fastest growing ethnoracial
group in the United States (Ruiz, Noe-Bustamante, and Shah 2023). A
collaboration with the National Opinion Research Center is underway
to make this online panel of Asian Americans available to the broader
research community. Such panels will allow researchers to better target
and sample subpopulations to unpack broad and heterogeneous categories
such as “Asian American.”

Nationally representative, probabilistic cohort studies originally de-
signed to study earlier life conditions have been repurposed for studying
health and mortality later in life as the cohorts age. For example, Ed-
SHARe (Educational Studies for Healthy Aging Research) consists of two
educational cohort studies that are now reoriented for studying life course
influences on health, cognition, and mortality in mid/late adulthood (Grod-
sky et al. 2022). Similarly, the National Longitudinal Study of Adolescent
Health (Add Health), a nationally representative cohort of 20,475 U.S.
adolescents first observed in 1994/1995, has begun releasing mortality out-
comes, including the cause of death (Trani et al. 2022). These cohort studies
will become valuable resources for studying the causal pathways through
which early life conditions and social networks influence health and
mortality, intracohort mortality selection and frailty dynamics, and more.

Another set of advances in probability-based methods focuses on net-
works. For example, advances in network reporting—having a probability-
based sample of respondents report on others in their broader social
network—have shown promise. Researchers have used the network scale-
up method to estimate the size of hidden populations (Bernard et al. 1991;
Killworth et al. 1998; Feehan and Salganik 2016; Maltiel et al. 2015) and
to estimate mortality rates (Feehan and Salganik 2023) using moderately
sized probability samples. Researchers are also increasingly collecting ag-
gregate relational data to learn more about the social network that connects
members of a population (McCormick and Zheng 2015; Breza et al. 2020;
McCormick, Salganik, and Zheng 2010; Breza et al. 2023), including pat-
terns of segregation in social networks (DiPrete et al. 2011).

Non-probability sampling is playing an increasingly large role in so-
cial science research, in part because it is becoming more difficult and
expensive to obtain a true probability sample, especially in high-income
countries (Leeper 2019). As a result, many researchers are exploring non-
probability designs as a basis for recruiting survey respondents or study
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participants. These approaches include quota samples from opt-in online
panels (Hays, Liu, and Kapteyn 2015) or recruitment via targeted online
ads (Schneider and Harknett 2022; Olivier 2011; Yun and Trumbo 2000).
As non-probability data become more common, methods for analyzing
these data will become crucial. A parallel can be drawn with causal in-
ference: much intellectual effort has been devoted to understanding how
to use observational data—in which the researcher does not randomly as-
sign some kind of treatment—to make causal inferences; a similar amount
of effort may be needed to understand how it may be possible to use non-
probability samples—inwhich the researcher does not control selection into
the sample—to produce reliable population-level inferences. There has been
active work in this area; for example, multilevel regression with poststratifi-
cation (Gao et al. 2021; Gelman and Little 1997; Park, Gelman, and Bafumi
2004; Gelman et al. 2018) seems to increase the feasibility of using non-
probability samples for demographic estimation (Pejcinovska et al. 2023;
Breen, Mahmud, and Feehan 2022). The framework of Meng (2018), dis-
cussed in a later section, is also promising. But there is clearly much to be
done: there is tremendous variation in non-probability designs, and rela-
tively little can conclusively be said about best practices for analyzing data
collected in this way.

Other advances in non-probability methods are not focused on con-
ventional surveys. For example, respondent-driven sampling (RDS) uses a
chain-referral sampling method that produces a non-probability, network-
based sample. RDS can be a powerful tool for sampling within networks
of hard-to-reach populations, but quantifying uncertainty and bias in RDS
estimates has proven to be a major challenge (Goel and Salganik 2009).
Fortunately, new methods for uncertainty quantification in RDS estimates
have been shown to improve accuracy (Baraff, McCormick, and Raftery
2016; Rohe 2019), and RDS is now increasingly being applied to study stig-
matized demographic events, such as abortion (Rossier et al. 2022; Sully,
Giorgio, and Anjur-Dietrich 2020).

These advances in traditional methods of data collection will enable re-
searchers to study previously inaccessible populations, especially in parts of
the world lacking robust data infrastructure; for example, improvements in
traditional probability-based methods may enable researchers to directly es-
timate death rates in countries that lack complete vital registration systems.
And advances in non-probability methods may make it possible to study
important groups for whom data are currently lacking, such as people ex-
periencing homelessness, LGBTQ+ individuals, sex workers, remote rural
populations, and other hard-to-reach populations. This kind of progress will
produce a richer empirical understanding of important but previously un-
derstudied groups, and it should also produce theoretical frameworks that
are more inclusive and therefore more powerful.
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Cross-cutting challenges

These new data sources are accompanied by a new set of challenges
(Table 2). To address these challenges will require new methods and care-
ful attention to old-fashioned reliability and validity. The sentiment of King
(2016)—“Big data is not about the data!”—is largely applicable here. These
exciting new data sources alone offer little promise; they must be paired
with newmethods and frameworks to produce useful insights. Social scien-
tists must develop new methods, standards, and disciplinary norms before
the potential of these new resources is fully realized. Here we identify and
discuss four common challenges shared by many new sources of data.

Data provenance: Do researchers understand how these data were
created?

The first cross-cutting challenge is data provenance: Do researchers under-
stand how these data were created? Is the accompanying data documen-
tation (“metadata”) up to scientific standards? This concern is particularly
relevant for data that were not originally designed to be used for academic
research. In linked big population microdata, the exact data collection pro-
cess or the postprocessing steps conducted by one or more administrative
agencies is often opaque. For example, the U.S. World War II Army Enlist-
ment records released by the National Archives and Records Administration
contain information on many (N = 9 million), but not all, U.S. WWII Army
enlistees. The reason for including some enlistees and excluding others is
only partially understood (Wikle and Osborne 2023). Additionally, the def-
initions of key variables may change or administrative forms may undergo
revisions without corresponding updates to the metadata, adding another
layer of potentially undocumented complication. Digital trace data are often
generated as a by-product of routine business operations and are typically
not documented to scientific standards. For example, while many research
teams have used Facebook audience count data obtained from Facebook
Marketing API for demographic studies, the exact algorithm used by Face-
book to estimate user counts is proprietary and may change over time with-
out notice (Zagheni, Weber, and Gummadi 2017). This lack of transparency
is compounded by “drift,” where the popularity and use of digital platforms
may also shift over time (Salganik 2019; Lazer et al. 2014). In traditional
data collection approaches, issues of data provenance are often more subtle
but just as important. Complex sampling designs or intricate study proto-
cols can introduce errors and variability. For example, survey enumerators
might misinterpret or fail to strictly adhere to study protocol, leading to
unknown data collection errors. And some modern non-probability tech-
niques, such as RDS, leave the actual sampling mechanism in the hands of
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study participants; the researcher typically has little insight into how new
participants are chosen.

Geospatial data have a unique set of challenges with data prove-
nance. Geospatial data are often modeled using complex algorithms, and
researchers must understand the bottom-line implications of some of these
modeling choices for their analysis. Further, geospatial data often incorpo-
ratemany different sources together using complex pipelines, makingmeta-
data management more involved. Genetic data face similar challenges: the
pipeline of data collection, genetic processing, and the harmonization and
comparison of other data sources often require substantial effort and docu-
mentation. Consortia formed frommany different cohort studies to conduct
a GWASmust develop uniform protocols and devote time and careful atten-
tion to quality control to ensure that estimates are conducted in the same
way across studies, to allow them to be meaningfully pooled together (e.g.,
Okbay et al. 2016). If not done carefully, this can jeopardize researchers’
ability to understand the origins of data.

Some of the challenges of data provenance can be overcome. By
recognizing and addressing the constraints around the original process
for creating data, researchers can leverage these repurposed datasets most
effectively. For example, data from the Facebook API enable researchers
to extract demographic insights that can potentially be calibrated using
well-documented traditional datasets. However, this requires careful anal-
yses by researchers and special attention to any changes in the underlying
algorithm dynamics of the platform generating the digital trace data, which
can cause the measurement to no longer be stable over time (Lazer et al.
2014). More generally, scientific reports based on these new sources of
data should clearly state which aspects of data provenance are not known
and how this uncertainty might affect the analysis. But, for many new data
sources, fully accounting for data provenance as part of analyses remains
an important and open challenge.

Usability: How can researchers gain access to these data? Are there
legal, ethical, and/or practical concerns? Can the results be replicated?

The second cross-cutting challenge focuses on usability and access. Ide-
ally, these new sources of data would be freely available to researchers
everywhere—transparent and accessible sharing of research data, methods,
and code are the cornerstones of open science (Freese and Peterson 2017;
King and Persily 2020). These new data sources are massive, complex, and
messy, often requiring substantial amounts of processing and manipula-
tion prior to formal analysis. Small data cleaning or coding decisions can
cumulatively have large downstream impacts on research results. In these
settings, the many researcher degrees of freedom can introduce a large
amount of unrecognized uncertainty (Breznau et al. 2022). Greater clarity
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in reporting scientific decisions and publicly releasing code and data is
important for all research, but we see these open-science practices playing
an especially critical role in analyses involving new data sources because
such analyses should be subjected to extra scrutiny. This additional scrutiny
will be key for collectively discerning the limitations, best practices, and
broader standards for working with these new data.

However, many of the most exciting new data sources are not owned
by academic researchers committed to the principles of open science. For
example, many linked big population microdata resources are owned by
government agencies or private companies whose primary goal is not the
production of scientific knowledge. Confidentiality concerns have led some
major data producers, such as the U.S. Census Bureau, to increasingly em-
ploy differential privacy as a disclosure avoidance system (Abowd 2018).
Differential privacy works by injecting a calibrated amount of noise into a
dataset to ensure that any one individual cannot be reidentified. The intro-
duced noise, however, can have substantial effects on the accuracy of the
data. In the United States, a series of empirical investigations have demon-
strated that the differential privacy measures adopted by the U.S. Census
Bureau for their flagship public use data products will greatly limit the re-
search community’s ability to study small geographic areas or fine-grained
population subgroups (Ruggles et al. 2019). Such differential privacy mea-
sures, if not subjected to systematic scrutiny and approved by the broader
research community, stand to jeopardize a key demographic data resource.

Building, maintaining, and improving the efficiency of secure data en-
claves, which enable researchers to use restricted data under stringent con-
fidentiality safeguards, is a promising next step. The U.S. Census Bureau’s
Federal Statistical Research Data Centers (FSRDCs) serve as a prime exam-
ple. Within these enclaves, researchers can access microdata from 16 federal
statistical agencies, including the American Community Survey, the Amer-
ican Housing Survey, and the Decennial Censuses, among others. How-
ever, the current process for getting FSRDC approval and operating such
enclaves is often slow and resource intensive (Committee on Policies and
Programs to Reduce Intergenerational Poverty et al. 2023). The use of se-
cure data enclaves could be expanded to other settings; for instance, IPUMS-
International has established a research data enclave offering access to re-
stricted international census data.

Digital trace data are most often owned by private companies. Collab-
orations between academia and industry hold immense potential for ad-
vancing scientific knowledge, but navigating these partnerships is complex
(King and Persily 2020; Lazer et al. 2020). Companies usually have finan-
cial incentives, which may conflict with academic objectives of conducting
impartial and open research. The struggle to maintain academic indepen-
dence becomes even more pronounced when research could be influenced
by a company’s commercial goals. This impact is not just on the types of
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projects that get initiated, which may be limited to those that align with a
company’s business interests but also on what gets published. There may be
biases against publishing results that paint a company in a negative light,
thereby skewing the academic literature. Furthermore, the issue of data
ownership can impose limitations on reproducibility. Many private com-
panies will not allow data to be shared beyond the approved researcher
and in-house collaborators. Researchers handling digital trace data must
also confront ethical challenges. The individuals whose activities generated
these data typically did not consent to its use for research, implying a need
for especially rigorous privacy and confidentiality measures when utilizing
these datasets (Oberski and Kreuter 2020).

Similar to digital trace data, many geospatial datasets are owned by
private companies, which may restrict the use of their data for academic
research or impose substantial fees. For instance, acquiring satellite im-
agery from various private companies typically involves considerable costs.
Practically, working with these large geospatial datasets frequently requires
large computing servers with ample memory. Genetic data have similar
challenges, often requiring secure, resource-intensive computing environ-
ments. Genomics projects also often require complex consortia consisting
of many different cohort studies—each with its own ethics and privacy
concerns—to be assembled and managed in order to achieve required sam-
ple sizes; as a result, the genomics community has developed methods that
can be separately applied to individual datasets and then combined in a
principled way. Genetic data are also accompanied by ethical challenges; we
point readers elsewhere for a more comprehensive discussion (Bliss 2018;
Duster 2003; Freese 2018).

The research community would benefit from a shared set of profes-
sional norms on data transparency, access, and quality. How should review-
ers treat papers that cannot be replicated because data are only available in
a restricted setting to approved researchers? What equity issues are intro-
duced when data are available to some and not others?

Representativeness: Who is included, and who is excluded, in these
data?

A major challenge cutting across all of these new sources of data is
representativeness—in other words, who is included and who is excluded?
What methods must be used to ensure that inferences from these new data
sources refer to the population of scientific interest?

The core of demographic research relies on population-representative
data, but the declining quality of some traditional demographic data sources
poses a growing challenge for researchers. In high-income countries, survey
response rates have dropped dramatically: contemporary telephone surveys
often obtain less than a 10% response rate due to a mix of noncontact and

 17284457, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/padr.12671 by T

est, W
iley O

nline L
ibrary on [06/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



556 NEW DATA SOURCES FOR DEMOGRAPH IC RESEARCH

refusals (Leeper 2019). The resulting sample is often highly select, with bi-
ased univariate distributions of demographic characteristics (Rindfuss et al.
2015). In high-income countries, this problem is not going away—rather,
the survey burden3 will likely increase, resulting in even lower response
rates and quality of responses. In addition, the quality of some online sur-
veys may also erode as large language models (LLMs), such as Genera-
tive Pre-trained Transformer 4 (GPT-4) and Large Language Model Meta
AI (LLaMA), become increasingly able to mimic human survey responses.

This issue of representativeness is intrinsic to these new data sources.
Digital trace data from a social media platform such as Facebook can gener-
ally only tell us about Facebook users, who trend younger and more afflu-
ent than the general population (Gil-Clavel and Zagheni 2019). Moreover,
these data are often not designed with social science research in mind; in-
stead, they are created to help the goals of the company that makes the
social computing platform. Key quantities like age and gender, which are
central to most demographic analyses, may come from predictive models
whose structure is not disclosed, and which may change over time with no
notice. Big population microdata are often unrepresentative: administra-
tive data can also systematically exclude entire population subgroups. For
instance, data from the U.S. Social Security Administration does not cap-
ture undocumented persons (Finlay and Genadek 2021). Data from non-
probability samples, such as a respondent-driven sample, will generally not
be representative of the broader population. Finally, genetic data often over-
represents wealthy, western countries (Mills and Rahal 2020).

Demographers have historically excelled at carefully repurposing un-
representative data for demographic research (Zagheni and Weber 2015;
Rogers, Willekens, and Raymer 2003), and their sensitivity to data quality
and representativeness will serve the field well in developing methods and
norms around research based on these new data resources. At the very least,
researchers must carefully consider, address, and communicate the conse-
quences of nonrepresentativeness for their substantive research results. We
hope that methods for helping to quantify and perhaps adjust for issues of
nonrepresentativeness will continue to be an active and productive area of
methodological research.

Inference: How can researchers formally relate these new sources of data
to the questions they want to answer? What exactly should be
estimated, and how should uncertainty be assessed?

Providing a clear description of inferential goals and accompanying esti-
mates of uncertainty is crucial when working with these large, unrepresen-
tative datasets. The “big data paradox”— larger datasets cause researchers to
have more confidence in misleading research results—is applicable to both
digital trace data and big population microdata (Lazer et al. 2014). In such
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settings, incorporating a formal framework for inference provides helpful
structure. For instance, Meng (2018) introduces a framework for assessing
relative sample size, combining a measure of data quality, data quantity,
and a problem difficulty measure. Such a framework allows researchers to
decompose different sources of error, answering questions such as “Should
we trust a 1% probability sample with a 100% response rate or an admin-
istrative dataset covering 80% of the population?” (Meng 2018; Michael A.
Bailey 2024; Bradley et al. 2021). Further, it clearly identifies trade-offs, al-
lowing researchers to more clearly understand the potential pitfalls of this
big data ecosystem.

Other frameworks could be adapted to help better understand and
communicate uncertainty. Insights from the total survey error framework
(Groves et al. 2009; Weisberg 2005; Salganik 2019), which decompose both
sampling error and non-sampling error (e.g., error frommeasurement, non-
response, or coverage issues) could be borrowed for working with linked
survey and administrative data. For administrative data and digital trace
data, huge samples will often produce very narrow uncertainty intervals.
However, these uncertainty intervals can be misleading, as they fail to cap-
ture many important sources of uncertainty (e.g., non-sampling error and
error in linkage). Moving forward, social scientists would benefit frommore
clearly communicating which sources of error their uncertainty intervals
can and cannot capture.

A formal framework for causal inference may be especially beneficial
for social scientists seeking to use these data sources in the future. Explic-
itly defining the target population and specific quantity of interest—a the-
oretical estimand—will be especially important (Lundberg, Johnson, and
Stewart 2021). For causal questions, social scientists could also (1) connect
this theoretical estimand to an empirical estimand that can be linked by a
set of identification assumptions and (2) clearly define an estimation strat-
egy to estimate the empirical estimand from data. Demographers will also
have to become more accustomed to justifying their sample sizes by think-
ing carefully about the statistical power of their analyses. These frameworks
can also be developed for more specialized research questions. For instance,
the generalized network scale-up method, a method for estimating the size
of hard-to-count populations, was developed to account for three assump-
tions of the basic network scale-up method that have been shown to be
problematic in practice (Feehan and Salganik 2016). This framework al-
lows researchers to unpack these sources of error and account for them
using data from a secondary sample.

New data sources have new sources of error that are crucial to inter-
rogate, describe, and quantify. This is particularly important for researchers
to avoid being misled by the large size of these new data resources. We are
hopeful these frameworks will be increasingly applied by social scientists
using these new datasets.
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Discussion

Changing disciplinary norms

These new data sources may also lead to a shift in disciplinary norms. We
anticipate innovations in training will be required to ensure best practices
for collecting, processing, and analyzing these new data sources. Traditional
demographic training equips researchers with the skills to navigate many
of the core methodological issues surrounding these new data sources, such
as assessing representativeness, quantifying uncertainty, and investigating
overall data quality. The emphasis on these foundational areas of train-
ing should remain. However, the size of these new data resources (e.g.,
high-resolution satellite imagery) will necessitate additional training in
computing methods. Further, statistical and/or machine learning4 methods
for taking advantage of these new data sources will be beneficial.

A stronger emphasis on reporting transparency and guidelines for en-
hancing the reliability and reproducibility of research findings would also
help. Several frameworks already exist: the STROBE (Strengthening the
Reporting of Observational Studies in Epidemiology) initiative provides
structured recommendations to improve the reporting quality of observa-
tional studies (von Elm et al. 2007); the Overview, Design concepts, and
Details (ODD) protocol for effectively describing agent-based models and
individual-based models (Grimm et al. 2006); and the REFORM checklist
(Reporting Standards For Machine Learning Based Science) for clear re-
porting standards for machine-learning based science (Kapoor et al. 2024).
New data sources in demographic research, and the methods that accom-
pany them, may warrant similar reporting and transparency guidelines. For
example, such a guideline might have researchers report on what is known
and not known about the provenance of the data being analyzed.

As these new data sources become increasingly specialized, wemay see
a shift towards team-based science. We expect this move towards collabora-
tive efforts across various disciplines will have some advantages. Interdisci-
plinary cooperation will drive academic innovation through productive col-
laborations among geneticists with expertise in population genomics, com-
puter scientists skilled in handling digital trace data, and geographers with
strong spatial backgrounds. However, demographers should also be mind-
ful to preserve the value of smaller collaborations and solo efforts, which
allow for the investigation of highly original ideas without the consensus
or compromise often required in team-based projects. Further, we hope the
core of demography—formal analysis linking micro- and macropopulation
processes (Lee 2001)—does not erode in this shift towards team-based sci-
ence.

The COVID-19 pandemic illustrated our changing disciplinary norms
and conventions surrounding our data ecosystem. The demand for real-
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time data necessitated fast, web-based surveys to better understand key
parameters related to transmission dynamics, like social contact patterns
(Feehan and Mahmud 2021; Wong et al. 2023). Further, cross-disciplinary
collaborations, combining expertise from researchers with different areas
of expertise produced timely, high-impact papers (e.g., Block et al. (2020);
Dowd et al. (2020); Wrigley-Field et al. (2021)). In some countries, death
records allowed us to apply demographic science to study racial, sociode-
mographic, and geographic disparities in COVID-19 mortality, but the
pandemic revealed that much of the relevant data were not always easy to
find or re-purpose for academic research (Shadbolt et al. 2022). In sum, the
pandemic has both highlighted the value of interdisciplinary collaboration
and demographic science in studying the COVID-19 pandemic (Dowd et al.
2020) but also the addressable shortcomings associated with the current
data ecosystem.

Future prospects

These are exciting times: new data sources have the potential to revolution-
ize large parts of demographic research. While immediate benefits include
enhanced timeliness and accuracy in measurements, the major longer-term
impact will emerge from the development and testing of new demographic
theories. However, these new data come with important challenges that re-
searchers must address.

We focused on five exciting sources of new data. In our judgment,
these five data sources are poised to have a big impact on demographic
research. But they are not exhaustive, and it may well be the case that the
coming years will produce additional change. For example, as we write,
the pace of advances in artificial intelligence, and especially LLMs, has been
stunning. These tools may have implications for creating useful synthetic
data, and they will likely become a part of collecting other new types of
data. For example, they may be used in collecting survey or interview data,
they may help improve methods for linking datasets, and they will become
increasingly central to digital trace data.

Predicting exactly how new data sources will shape the field is, of
course, impossible. Nevertheless, we can suggest several key areas that war-
rant increased attention over the course of the next decade. First, these
new data sources are complements to traditional data sources—not substi-
tutes; each one depends on traditional data in some way. Therefore, invest-
ments in traditional demographic data, such as high-quality censuses and
probability-based surveys, need to continue or expand. Second, we would
like to see population researchers continue to work on addressing the four
keymethodological challenges that cut across different types of new data. Of
course, the need to address these challenges can be seen as an opportunity,
and the culture and history of demography make the discipline well-poised
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to have an important impact here. In fact, many of these cross-cutting
methodological challenges will not appear to be especially new to demog-
raphers, who have a long history of developing methods to extract reliable
insights from imperfect data. Indeed, this may prove to be a critical compar-
ative advantage that demographers can bring to the interdisciplinary teams
that will be required to make the most use of these new sources of data in
the future. Third, it is essential that all population researchers have access
to rich, high-quality data. Specifically, more attention should be paid to re-
moving barriers to data access and improving data reliability and quality.
Finally, the field would benefit from shifts in disciplinary norms, including
more emphasis on computational training and data management, practices
of promoting open, reliable science, and expansion of team-based science.

Depending on our ability to successfully adapt to these new challenges,
we think it is reasonable to also expect exciting advances in demographic
theory. We anticipate linked census and administrative data will help im-
prove our understanding of life course theories; that digital trace data will
help to fill in big empirical gaps that have slowed down progress in under-
standing of migration; that data from dating platforms will help enrich our
understanding of partnership formation and homogamy; network-based
methods will allow researchers to study stigmatized and underresearched
groups; and genetic data will allow us to test theories of frailty and mor-
tality selection. This list represents just a handful of the many potentially
exciting theoretical advances.

To summarize, the most effective work with these new data sources
will require methodological innovation, a reevaluation of disciplinary
norms, and sustained investment in high-quality, probability-based sur-
veys and censuses. However, we are cautiously optimistic these new data
sources will allow social scientists to revisit old theories and to develop
new theories. Along the way, we expect methodological advances that
arise as social scientists work to overcome cross-cutting challenges such
as understanding data provenance, data usability, representativeness, and
inference, and more. Progress will be hard-won, but these new data sources
will ultimately spark substantial advances in demographic measurement,
methodology, and theory.
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Notes

1 These data sources are not exhaus-
tive, and we regret that not all new de-
velopments in data infrastructure could be
included in this commentary. We also ac-
knowledge that the boundaries between
these classifications are blurred, although
we treat them as distinct here. For exam-
ple, big population microdata often includes
spatial elements, genetic data is often linked
into existing cohort studies, and digitized
data from Google Scholar may be catego-
rized as both big microdata and digital trace
data.

2 Several more comprehensive reviews
of relevant literature are available elsewhere.
For example, for more on digital trace data,
see Kashyap (2021), Kashyap et al. (2022),
Cesare et al. (2018), Salganik (2019), and
Alburez-Gutierrez et al. (2019). For more
on big population microdata, see Ruggles

(2014). For more on advances in classical
data collection, see Baker et al. (2013) and
Salganik (2019). For more on genetic data,
see Mills and Tropf (2020) and Conley and
Fletcher (2017). For more on geospatial data,
see Matthews et al. (2021).

3 The challenge of survey overload can
be thought of as a “common pool resource”
problem. As separate researchers attempt to
gather excessive data from a restricted pool
of participants, refusal rates climb, and the
quality of answers diminishes.

4 Machine learning is increasingly be-
ing used for demographic research and may
grow into an important part of the demo-
graphic toolkit.Machine learning andAImay
potentially become a source of demographic
data in and of themselves; for instance, simu-
lating survey response using LLMs may gen-
erate a new source of data.
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