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In times of crisis, real-time datamapping population displacements are invaluable for
targeted humanitarian response. The Russian invasion of Ukraine on February 24,
2022, forcibly displaced millions of people from their homes including nearly 6 mil-
lion refugees flowing across the border in just a fewweeks, but information was scarce
regarding displaced and vulnerable populations who remained inside Ukraine. We
leveraged social media data from Facebook’s advertising platform in combination
with preconflict population data to build a real-time monitoring system to estimate
subnational population sizes every day disaggregated by age and sex. Using this ap-
proach, we estimated that 5.3 million people had been internally displaced away
from their baseline administrative region in the first three weeks after the start of the
conflict. Results revealed four distinct displacement patterns: large-scale evacuations,
refugee staging areas, internal areas of refuge, and irregular dynamics. While the use
of social media provided one of the only quantitative estimates of internal displace-
ment in the conflict setting in virtual real time, we conclude by acknowledging risks
and challenges of these new data streams for the future.

Introduction

The Russian invasion of Ukraine on February 24, 2022, resulted in millions
of refugees streaming into neighboring countries in the span of just a
few weeks and millions more displaced from their homes inside Ukraine
(UNHCR 2022). These vulnerable populations were in urgent need of
targeted humanitarian assistance to ensure access to medical care, food,
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2 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

water, shelter, and freedom of movement away from active conflict areas.
While there was a swift and unified international response to the humani-
tarian crisis, particularly at the borders, there was a scarcity of information
immediately following the invasion about the locations and demographics
of displaced populations inside Ukraine. From a country of approximately
44 million people, border authorities documented nearly 6 million refugees
crossing the border to flee the country in the first two months after the
invasion leaving approximately 38 million people inside the country, many
of whom were forced to abandon their homes or were trapped by ongoing
conflicts (UNHCR 2022).

Rapid demographic estimation at the subnational level in the acute
phase of a conflict is inherently challenging because preexisting population
data quickly become outdated and new primary data collection may be
extremely difficult or impossible (Robinson et al. 2003; Checchi et al. 2017;
Ratnayake, Abdelmagid, and Dooley 2022). Qualitative methods based on
key informants or other community-based information gathering (Hen-
derson 2015) are often used to supplement displacement registry systems
(Telford 1997) in the absence of surveys or other relevant data needed
for quantitative population estimation approaches. Due to inaccessibility,
quantitative methods that can be applied remotely are particularly useful.
Satellite and aerial imagery have been used to map buildings and total
settled area (Checchi et al. 2013) providing a basis for population estima-
tion. With these approaches, however, field data from difficult-to-access
areas are still needed to estimate current population densities (i.e., people
per building or hectare of settled area) (Grais et al. 2006; Pinto et al.
2007), which may become quickly outdated as displacement trends change
from day to day. Mobile phone location data have been proposed as one
solution to monitor population flows without needing to collect field-based
survey data (Bengtsson et al. 2011), but this approach is most useful when
agreements are already in place with mobile phone operators to provide
immediate access to data from crisis areas. Random digit dial telephone
surveys have been used to conduct needs assessments for inaccessible areas
in crises (Ashley and Scheuren 2010; Ruggiero et al. 2012), but this is not
a standard approach for population estimation due to their often-limited
sample sizes. For the weeks immediately following the Russian invasion
of Ukraine, there was a moratorium on primary data collection inside the
country and many areas were unsafe for field survey work which created
a need for alternative sources of information to quantify rapidly changing
population dynamics within the country.

Digital traces left behind when people use internet-based services pro-
vide an opportunity to fill these data gaps with anonymized and aggregated
data on user locations in near real-time. A growing body of literature has
leveraged digital traces for studying population dynamics, with a focus in
particular on migration dynamics (Kashyap 2021; Rampazzo, Rango, and
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DOUGLAS R LEASURE ET AL. 3

Weber 2023). Studies on migration have used a diverse range of digital
traces, including email IP addresses (Zagheni and Weber 2012), geolocated
tweets (Zagheni et al. 2014), LinkedIn profiles (State et al. 2014), Skype
calls (Kikas, Dumas, and Saabas 2015), among others (Cesare et al. 2018;
Kashyap 2021). These novel sources of data have the advantage of being a
byproduct of the use of digital technologies and platforms, and thus provide
opportunities for real-time, dynamic measurement without requiring addi-
tional time and resources for primary data collection. However, they also
come with their own unique challenges such as potentially hidden biases,
algorithmic confounding, data access and licensing issues, and ethical con-
siderations that are relevant to consider when repurposing these data for
research (Kashyap 2021; Ratnayake, Abdelmagid, and Dooley 2022; Singh
et al. 2021). Users of internet platforms are not a representative sample of
the population andmay exclude potentially vulnerable subpopulations who
do not have mobile phones or internet access. While users of internet plat-
forms like social media generally must consent to their data being used for
marketing purposes, they do not explicitly provide consent for their data
to be used for scientific studies or humanitarian responses. These data bi-
ases and ethical considerations must be carefully weighed when using these
data and communicated to humanitarian organizations using population es-
timates derived from digital trace data for crisis response.

This study used a particular source of digital trace data–aggregate data
from Facebook’s marketing tools, accessible via its marketing application
programming interface (API)–which provides estimates of current audience
sizes on Facebook for targeted advertising on the social media platform.
Facebook’s marketing API provides counts of daily andmonthly active users
within specific age-sex demographic groups and subnational geographic ar-
eas. These data have previously been used for quantifying stocks of interna-
tional migrants (Zagheni, Weber, and Gummadi 2017; Spyratos et al. 2019;
Rampazzo et al. 2021) and to monitor flows of refugees in crisis situations
such as the exodus of people from Venezuela in 2018–2019 (Palotti et al.
2020) and flows of outmigrants from Puerto Rico after Hurricane Maria in
2017 (Alexander, Polimis, and Zagheni 2019). Studies using these data to
monitor stocks of migrants have generally either used nationally represen-
tative external data as training or validation data to support population-
level inferences (e.g., Rampazzo et al. 2021). In other cases, such as in
crisis settings, studies have either not attempted to extrapolate beyond the
Facebook user population (e.g., Palotti et al. 2020) or used difference-in-
difference approaches to monitor relative changes pre- and postcrises (e.g.,
Alexander, Polimis, and Zagheni 2019). Although population-level infer-
ences are preferred for crisis response, representative survey data are often
unavailable because preexisting data quickly become outdated and pri-
mary data collection is challenging if not impossible. Moreover, population
changes in conflict and crises settings are highly dynamic, which require

 17284457, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/padr.12558 by T

urkey C
ochrane E

vidence A
id, W

iley O
nline L

ibrary on [06/04/2023]. 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



4 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

high-frequency measurement that traditional data sources are often unable
to provide.

To address these specific challenges of estimating subnational popula-
tion displacement in a conflict setting, we sought to build a real-time mon-
itoring system using data from Facebook’s marketing API in combination
with preconflict population data. Our goals were to estimate

(1) Daily population sizes (i.e., including people not using Facebook) for
age-sex demographic groups within subnational administrative units
(Oblasts) of Ukraine,

(2) Daily net changes in these populations relative to preconflict baseline
population estimates, and

(3) National total number of people internally displaced away from their
baseline Oblast (level 1 administrative units) each day.

The data sources underlying our monitoring system included: (1) daily
counts of active users on the Facebook social media platform (Meta 2022),
(2) preconflict population estimates from the Common Operational Dataset
for Population Statistics (COD-PS) of Ukraine (UNFPA 2022), and (3) daily
counts of refugees crossing the border in and out of Ukraine each day (UN-
HCR 2022). Our approach was intended to detect inter-Oblast population
displacement with the application of a demographic model assessing chang-
ing levels of Facebook penetration on a daily time step.

Our approach extends previous research using social media data for
monitoring migration processes in three ways. First, in contrast to previ-
ous work using Facebook data in crisis contexts (e.g., Palotti et al. 2020;
Alexander, Polimis, and Zagheni 2019), we provide population estimates at
a daily frequency, highlighting how the integration of traditional and non-
traditional data can meaningfully capture significant short-term changes.
Second, we develop a simple demographic model to extrapolate beyond
the Facebook population to estimate population changes in a setting where
other sources of ‘ground-truth’ data are unavailable. Third, our method al-
lows us to provide age- and sex-disaggregated subnational estimates, which
highlight heterogeneity in demographic responses within conflict settings.
In this way, our work makes a substantive contribution toward understand-
ing the demographic consequences of the Russian invasion of Ukraine.

Methods

The primary methodological challenge was to extrapolate age-sex popu-
lation estimates from data on the Facebook user population. The urgent
nature of the humanitarian crisis also posed challenges in being able to
collect data and produce results immediately to inform the early stages
of the humanitarian response when up-to-date demographic data were

 17284457, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/padr.12558 by T

urkey C
ochrane E

vidence A
id, W

iley O
nline L

ibrary on [06/04/2023]. 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



DOUGLAS R LEASURE ET AL. 5

FIGURE 1 Proportional net changes in total population sizes for Ukrainian
administrative units (Oblasts) as of June 21, 2022 (shown here as a
proportion of preconflict baseline populations). Our study area included all
Ukrainian Oblasts except the Autonomous Republic of Crimea and
Sevastopol (Avtonomna Respublika Krym and Sevastopilska) because
Facebook data were not available there.

unavailable to characterize the rapidly changing and increasingly vulner-
able Ukrainian population.

Study area

Our study area included all level-1 administrative units (Oblasts) inside
Ukraine except those in the Crimea peninsula because no Facebook data
were available there (Figure 1).

Data

We utilized three data sources for demographic estimation: (1) preconflict
baseline population estimates, (2) daily counts of border crossings leaving
and entering Ukraine, and (3) counts of daily active users on Facebook. We
present results alongside summaries of geolocated daily conflict events from
ACLED (Raleigh et al. 2010) to provide relevant context.

Baseline population. We used baseline population estimates that were
derived from the COD-PS corresponding to January 1, 2020 (UNFPA 2022).
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6 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

This common operational dataset was used across United Nations agencies
and other nongovernmental organizations for the humanitarian response
in Ukraine. It provided subnational population estimates at the Oblast level
(administrative level 1) (Kartographia Ukraine et al. 2022) disaggregated
by age and sex. These estimates were population projections from the last
population and housing census of Ukraine which was conducted in 2001.

These Oblast-level population projections from the COD-PS were dis-
aggregated into 100m grid cells with national coverage by Bondarenko et al.
(2022) using a random forest machine learning approach that incorporated
other geospatial covariates (Stevens et al. 2015; Bondarenko et al. 2021),
most importantly the German Aerospace Center’s remotely sensed imper-
vious surfaces and World Settlement Footprint 3D building products from
2022 (Marconcini et al. 2021; Esch et al. 2022). The disaggregation method
produced 100-m gridded population estimates that summed exactly to the
original Oblast-level population totals from COD-PS. These gridded base-
line population estimates provided flexibility for us to aggregate population
estimates for geographic units used by the Facebook marketing API which
differed slightly from the Oblast boundaries of the COD-PS. This step is ro-
bust to potential inaccuracies in the disaggregated population estimates at
the 100-m spatial scale (i.e., the reaggregated population estimates for Face-
book’s geographic units were similar to the original COD-PS).

Refugees. We obtained daily counts of people crossing the border (i.e.,
leaving or entering Ukraine) from the United Nations High Commissioner
for Refugees (UNHCR 2022). These data were collected by border author-
ities in each of the countries neighboring Ukraine. They did not include
age-sex demographics of refugees, nor did they identify the source loca-
tions of refugees from inside Ukraine. With these data, for each day we
subtracted the cumulative count of people entering Ukraine from the cu-
mulative count of people leaving the country to obtain a cumulative net
count of people leaving the country since the beginning of the conflict.

Facebook users. We collected counts of active Facebook users subna-
tionally in Ukraine from the Facebook marketing API (Meta 2022) every
day from February 25 through July 1, 2022, using pySocialWatcher software
(Araujo et al. 2017; World Bank 2020). We collected data for users aged
13 and older disaggregated into five-year age classes for males and females
separately. This included the following age classes: 13+, 18+, 18–60, 15–49,
15–19, 20–24, 25–29, 30–34, 35–39, 40–44, 45–49, 50–54, 55–59, 60–64,
and 65+. These counts included all Facebook users whose “recent” loca-
tion was in a given Oblast, as determined by their device data (Meta 2022).
In other unpublished work outside Ukraine, we have seen lags of up to
one week between internet blockages reported in the media and changes in
Facebook’s estimates of daily active users, so our results may also contain a
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DOUGLAS R LEASURE ET AL. 7

similar lag. Our data collections were set up to run continuously on a server
with centralized database storage in a harmonized format.

Data from the Facebookmarketing API can be accessed by anyonewith
a Facebook account and are intended for tracking audience sizes for targeted
advertising campaigns on the social media platform. They are counts of ac-
tive Facebook accounts (rather than users, per se) that may contain biases
that arise from users with multiple accounts, fake accounts, and they con-
tain some anomalous data such as sporadic zeros. It is unclear what data
cleaning and model-based estimation that Facebook implements to gener-
ate these data. This results in some degree of quality uncertainty, random
noise, and potentially unknown biases.

In Luhanska and Donetska Oblasts, user counts dropped to zero across
all demographic groups on March 12, so we used data from March 11 from
that point forward. In other areas where the threat of conflict resulted in
decreasing Facebook users (e.g., Kyiv city and Kharkivska Oblast), we ob-
served large reductions in Facebook users followed by a leveling off at a
lower level. This provided some evidence suggesting that using the most re-
cent dates with nonzero data was a reasonable approach in the absence of
recent data for Luhanska and Donetska, which appeared to be leveling off at
the time. Nonetheless, we acknowledge that this missed critical population
fluctuations after this point in time in these Oblasts.

Demographic estimation

We developed a deterministic model to estimate the daily population sizes
by the age-sex demographic group in each Oblast based on counts of daily
active Facebook users in each demographic group. This allowed us to esti-
mate net changes in population for each Oblast every day beginning Febru-
ary 26 compared to the baseline on February 25.

The first step was to calculate the baseline Facebook penetration rate
ψi,s,a for each Oblast i, sex s, age group a, and time t:

ψi,s,a = Fi,s,a,t = 0

Ni,s,a,t = 0
, (1)

where Ni,s,a,t = 0 is the baseline total population (i.e., 2020) and Fi,s,a,t = 0 is
the baseline number of daily active users on Facebook from February 25,
2022.

We then calculated current population sizes as

Ni,t,s,a = Fi,t,s,a
ψi,s,a

. (2)

which assumed that the Facebook penetration rate had not changed since
February 25, 2022 (i.e., t = 0). Because we expected that the penetration
rates may have changed as the conflict continued, we anticipated that this
could underestimate current populations. We applied a correction for this
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8 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

below, but first we needed to account for age groups not represented on
Facebook.

65+ Populations. The Facebook data combined all age groups 65 and
over into a single age class, whereas the baseline population data included
five-year age classes up to 80. We used the baseline age-sex proportions ρi,s,a
to disaggregate current 65+ population estimates into five-year classes up
to 80.

Ni,t,s,a|a≥65 = ρi,s,a
∑A

a=65Ni,t,s,a∑A
a=65 ρi,s,a

. (3)

Disaggregating the 65+ age groups in this way assumed that the cur-
rent age-sex proportions in these age groups were the same as the baseline
proportions.

Under 20 populations. The Facebook data contained no information for
ages under 13 and had very few users less than 20 years old. To avoid these
sparse data, we only used Facebook data for users 20+. We used baseline
age-sex proportions to infer population sizes for age groups under 20 with
the assumption that numbers of children were proportional to populations
of reproductive age women (i.e., aged 20–49) rather than adult male pop-
ulations or total adult populations.

To do this, we limited the following calculation to women of repro-
ductive age (aged 20–49) and children (aged < 20). We first calculated the
proportion of this subpopulation that was women of reproductive age ωi
using baseline age-sex proportions ρi,s,a.

ωi =
∑49

a=20 ρi,a,s=1∑2
s=1

∑19
a=0 ρi,a,s +

∑49
a=20 ρi,a,s=1

, (4)

where s = 1 refers to females and s = 2 refers to males. We then combined
this proportion with the population estimate for women of reproductive
age derived from Facebook data (above) to estimate the daily population of
children Ci,t in each Oblast.

Ci,t =
∑49

a=20Ni,t,a,s=1

ωi
−

49∑
a = 20

Ni,t,a,s = 1. (5)

We disaggregated the total population of children into five-year age-
sex classes using baseline age-sex proportions:

Ni,t,s,a|a<20 = Ci,tρi,s,a∑2
s=1

∑19
a=0 ρi,s,a

. (6)

These age- and sex-specific population estimates for children assumed
that population sizes in these age groups were proportional to the number
of reproductive age women (i.e., aged 20–49) and that these proportions
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DOUGLAS R LEASURE ET AL. 9

were consistent with baseline proportions of children in the Oblast where
populations were being estimated.

Nonstationary Facebook penetration. To account for potential changes in
Facebook penetration rates through time, we imposed a constraint that re-
quired the regional age- and sex-specific population estimates to sum to the
correct national total. However, this was complicated by the fact that mil-
lions of refugees had been flowing out of the country during this period.
We helped control for this by constructing a scaling factor θt that ensured
the entire national population was accounted for in each time step. This
used daily cumulative counts of refugees crossing the border to control for
this by constructing a scaling factor that would ensure the entire national
population was accounted for in each time step.

θt =
(∑I

i = 1

∑2
s = 1

∑A
a = 1Ni,s,a,t = 0

)
− Rt

∑I
i = 1

∑2
s = 1

∑A
a = 1Ni,s,a,t

, (7)

where Rt is a cumulative net count of people crossing the border used to
quantify refugee flows out of the country (UNHCR 2022). We then calcu-
lated an adjusted population estimate using this scaling factor.

N̂i,t,s,a = θtNi,t,s,a. (8)

Applying the scaling factor ensured that our adjusted estimates of cur-
rent populations N̂i,s,a,t in each Oblast and demographic group summed to
the correct total nationally even if Facebook penetration rates had changed.
This adjustment assumed that penetration rates changed evenly across re-
gions and age-sex groups. We could not calculate more disaggregated scal-
ing factors because we did not know the age-sex demographics of refugees
crossing the border or their origin locations.

Net population change. We used the adjusted daily population estimates
to calculate net changes in population �i,s,a,t relative to the baseline popu-
lation from each Oblast:

�i,s,a,t = N̂i,s,a,t − Ni,s,a,t = 0. (9)

This number was negative when net displacement was outward (i.e.,
declining populations) and positivewhen net displacementwas flowing into
an Oblast (i.e., increasing populations).

We created a metric of internal displacement by summing net popula-
tion changes across all Oblasts where populations declined. While this met-
ric did provide a valuable measure of internal displacement, it was not a
comprehensive measure because it did not capture people displaced within
an Oblast, and it could not detect net changes if numbers of people displaced
away from an Oblast were offset by people being displaced into the same
Oblast.
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10 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

FIGURE 2 Daily estimates of the number of people displaced away from
their baseline Oblast. Shading indicates daily numbers of conflict events that
were classified as “battles,” “explosions/remote violence,” or “violence
against civilians” (Raleigh et al. 2010). Vertical dashed lines indicate a
timeline of events: (1) March 14, initial evacuations particularly from Kyiv
City, Kharkivska, and Kyivska Oblasts; (2) April 24, Orthodox Easter Sunday
when nearly half a million people returned home; (3) May 14, the first
evacuation of Khersonska Oblast; (4) June 15, the second evacuation of
Khersonska Oblast.

Results

Each day beginning February 26, 2022 (i.e., the first day we collected social
media data), we estimated populations of males and females in five-year age
classes from zero to 80+ years old for each Ukrainian Oblast, and from this
we derived net changes in population sizes relative to preconflict baseline
population estimates (UNFPA 2022) (see the Supporting Information). Net
population changes at the Oblast level highlighted where populations were
displaced from and to, and this estimate was updated on a daily basis (see
Figure 1). Our study covered all Ukrainian Oblasts, except the Autonomous
Republic of Crimea and Sevastopol because data from the Facebookmarket-
ing API were not available for these two Oblasts. Furthermore, although we
were able to collect data for Donetska and Luhanska Oblasts, these were un-
reliable for two reasons: these regions had very low rates of Facebook usage
even before the conflict, and user activity abruptly dropped to zero across
all demographic groups on March 12, which we assumed was due to a loss
of mobile phone, internet, and/or electrical infrastructure.

National total internal displacement

We estimated the national total number of people displaced away from
their baseline Oblast by summing net population changes across all Oblasts
where populations had declined. While this will not capture all displace-
ment between Oblasts, this approach is reasonable given that displacement
into these net negative Oblasts is likely to be relatively low. Our measure of
inter-Oblast population displacement increased sharply after the Russian in-
vasion on February 24 reaching 5.3 million people by March 14 (Figure 2).
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DOUGLAS R LEASURE ET AL. 11

Inter-Oblast displacement fluctuated between 5million and 6million there-
after reaching a peak of 6.2 million people as of June 21.

As shown in Figure 2, this national-level metric of internal displace-
ment derived using our real-time monitoring system was sensitive enough
to detect key events on the ground, such as the evacuation of Khersonska
Oblast immediately following a statement from its military-civilian admin-
istration on May 11 that it intended to bid for incorporation into Russia.
Our Oblast-level population estimates suggested that more than 528,000
people (52 percent of the baseline population) left the Oblast by May 14,
but that 522,000 of them had returned by May 17 likely due to widely
reported road blockades by the Russian military preventing them from
crossing into Ukrainian controlled areas of neighboring Oblasts. Consistent
with media reports at the time, our national-level metric also captured a
trend of more than 480,000 people returning to their home Oblasts during
Orthodox Easter, with reductions of displaced people detected in 80 percent
of Oblasts over the period from April 19 to April 27.

At the end of the initial evacuations between February 24 and March
14 (Figure 2), our results indicated that the population of Kyiv City had
declined by nearly two-thirds, and the populations of Kharkivsa, Kyivska,
and Chernihivska Oblasts had declined by more than a third (Figure 3).
Kyiv City and Kyivska Oblast together lost a staggering 2.3 million people
during this 18-day period, and Kharkivska Oblast lost more than 943,000.
Populations of women and children declined more than men and retirees
(aged 60+) in these Oblasts, but all groups declined.

Subnational displacement patterns

We provide estimates of populations and demographic changes for every
Oblast (Figures 3 and 4). These results quantify large-scale evacuations of
major cities in the first few weeks of the conflict, such as Kyiv and Kherson,
and east-to-west movements of displaced persons during this period. They
also show how geographic trends of displacement shifted through time with
a large evacuation of Kherson coming months later. By June, populations
of women (aged 20–59) and children (under 20) had decreased everywhere
inside Ukraine except two western border Oblasts, whereas populations of
men (aged 20–59) and retirees (both male and female aged 60+) increased
in nearly all Oblasts with few or no conflict events. In the results that fol-
low, we use these definitions of children (under 20), women (20–59), men
(20–59), and retirees (60+) consistently. Results were similar for males and
females over 60.

As highlighted in Figure 3, western Oblasts that experienced fewer
conflict events saw a net population increase in the first three weeks of the
conflict, whereas eastern Oblasts that experienced more conflict events saw
a net population decrease. Increases in women and children were especially
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12 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

FIGURE 3 Oblast populations and net changes from baseline as of March 14
for men and women (aged 20–59), children (aged 0–19), and retirees (aged
60+). Background shading indicates numbers of conflict events (log-scale) in
the preceding 15 days that were classified as “battles,” “explosions/remote
violence,” or “violence against civilians” (Raleigh et al. 2010). Oblasts are
arranged from west to east. ∗Results for Donetska and Luhanska Oblasts
were unreliable due to missing data.

notable in the western border Oblasts of Lvivska and Zakarpatska during
the first three weeks of the conflict, and to a lesser extent in Chernivet-
ska and Vinnytska. Women and children displaced to international border
crossings were likely only there temporarily as they waited to flee the coun-
try. Our method of estimating populations of children (who are not active
on Facebook) assumed their populations were proportional to women of
reproductive age (see details in the Methods section).

Increases of men and retirees in these western border Oblasts were
even more pronounced than for women and children, which may have
been related to a moratorium on men aged 18–60 from leaving the country
(Figure 3). We observed similar patterns of men and retirees accumulating
in other western and central Oblasts where there had been relatively few
conflict events. Populations of retirees declined the least of any demographic
group in evacuated areas, and they appeared less likely than women and
children to leave the country. Although retirees were not prohibited from
leaving the country as men were, they may have been less able to embark
on international journeys to seek refuge, opting instead to move shorter
distances to relative safety in Oblasts with the least conflict.
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DOUGLAS R LEASURE ET AL. 13

FIGURE 4 Oblast populations and net changes from baseline as of June 15
for men and women (aged 20–59), children (aged 0–20), and retirees (aged
60+). Background shading indicates numbers of conflict events (log-scale) in
the preceding 15 days that were classified as “battles,” “explosions/remote
violence,” or “violence against civilians” (Raleigh et al. 2010). Oblasts are
arranged from west to east. ∗Results for Donetska and Luhanska Oblasts
were unreliable due to missing data.

By June 15, there were only three Oblasts with an increase in the
population of women and children compared to the baseline: Zakarpatska,
Chernivetska, and to a lesser extent, Lvivska (Figure 4). Numbers of women
and children had decreased in every other Oblast. In Oblasts with relatively
few conflict events, a general trend of decreased women and children along
with increases in men and retirees was still apparent.

At this point in time, the focus of the Russian military offensive had
been redirected away from Kyiv with an increased focus on the east and
south (Figure 4). Between March 14 and June 15, the population of Kyiv
City rebounded from 1.2 million to 1.6 million, representing the gradual
return of 26 percent of those who fled the city in the initial evacuation.
During the same period, the population of Kharkivksa Oblast declined
from 1.7 million to 1.2 million, representing an additional 18 percent of
the baseline population fleeing the region after 36 percent had already left
during the initial evacuation.

As the Ukrainian military began an offensive to retake control of Kher-
sonska Oblast in June, our results indicated that 583,000 people (57 percent
of the baseline population) left the region between June 9 and June 15. Our
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14 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

FIGURE 5 Examples of demographic patterns associated with four types of
displacement inside Ukraine. Top-left: Large-scale evacuations decreasing all
demographic groups; Bottom-left: Refugee staging areas with increases across
most demographic groups; Bottom-right: Internal safe havens for nonrefugees
where only men and retirees increased; Top-right: Irregular population
dynamics in the absence of open evacuation routes.

results suggested that this may have been a second attempt to leave the re-
gion for many of these people after half a million attempted to flee in mid-
May only to return a few days later, potentially due to the Russian military
preventing their movement into the Ukrainian-controlled territory.

Demographic patterns of internal displacement

We identified four demographic patterns of internal displacement in
Ukraine (Figure 5): (1) large-scale evacuations, (2) refugee staging areas,
(3) internal safe havens for nonrefugees, and (4) irregular dynamics.

Large-scale evacuations. In the initial evacuations in early March, we
observed reductions in all or most age-sex demographic groups result-
ing from large-scale evacuations. This occurred in Kyiv City, Kharkivska,
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DOUGLAS R LEASURE ET AL. 15

Kyivska, Donetska, Zaporizka, and Chernihivska Oblasts, and to a lesser ex-
tent in Sumska, Luhanska, Mykolaivska, and Khersonska Oblasts (Figures 3
and 4). In many of these locations, such as Kyiv City, populations of women
declined more than men, but populations of all age-sex groups declined
significantly.

Refugee staging areas. Oblasts with preferred international border cross-
ings saw population increases across all demographic groups. We observed
this pattern in early March for Zakarpatska, Lvivska, Chernivetska, and Vin-
nytska Oblasts, but the pattern persisted into June only for Zakarpatska and
Chernivetska Oblasts (Figures 3 and 4). It appeared that women and chil-
dren tended to transit through these regions while men and retirees were
more likely to remain. This was potentially the result of a Ukrainian policy
prohibiting most men aged 18–60 from leaving the country.

Internal safe havens. In Oblasts with relatively few conflict events but
without preferred international border crossings, men and retirees tended
to increase while women and children decreased or remained constant.
This pattern was observed in Dnipropetrovska, Poltavska, Kirovohradska,
Cherkaska, Khmelnytska, Rivnenska, Ternopilska, Volynska, and Ivano-
Frankivska Oblasts (Figure 3). In Odeska Oblast, women and children left
early in the conflict and there was a small increase in men and retirees
(Figure 3), but by June there were reductions across all demographic groups
likely due to changing perceptions of risks as the conflict evolved (Figure 4).

Irregular dynamics. Khersonska Oblast had irregular population dy-
namics that were similar across all demographic groups. There was an initial
reduction in population estimates in early March concurrent with large-
scale evacuations across the country, but numbers of men and retirees had
rebounded in Khersonska Oblast by early April. There was a slow and steady
decrease for all age groups throughout April followed by a large-scale evacu-
ation after the May 11 announcement of intentions for Khersonska Oblast
to join Russia. Most of these evacuees appeared to have returned within
a few days potentially due to Russian military blockades preventing them
from leaving the Oblast. At the beginning of June, there was an unexplained
sharp increase in population estimates for all demographic groups followed
by a second large-scale evacuation at about the same time as the Ukrainian
military launched an offensive aiming to retake control of the region.

Discussion

This work highlights the value of nontraditional data for nowcasting (i.e.,
estimate in near real-time) population dynamics at high frequency to sup-
port targeted humanitarian assistance in response to a crisis. We shared
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16 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

results with the humanitarian community and the United Nations in the
first few weeks following the Russian invasion and the daily frequency of
digital trace data from the Facebook marketing API allowed us to produce
daily population estimates through our real-time monitoring system. These
were the only data-driven population estimates available at the time and
continued to be the only estimates at the Oblast level with age-sex disag-
gregation for some time to follow, strengthening the capacity of the human-
itarian response to target assistance for vulnerable groups such as children,
elderly, and people trapped in active conflict areas. Our results highlighted
different displacement patterns that varied geographically for women and
children, elderly, and men, likely dependent on different risk assessments
and migration options (Sánchez-Céspedes 2017; Curcio et al. 2019).

These results were used as one source of data triangulation to build
confidence in estimates of internally displaced people (IDP) derived from
other sources such as random digit dial telephone surveys conducted by
the International Organization for Migration (IOM) in the early stages of
the conflict (IOM 2022). The IOM random digit dial telephone surveys
produced a representative sample of 2,000 people in each monthly survey
round supporting statistical inferences about population displacement.
However, this source of data collection could not achieve daily or weekly
frequency to monitor rapidly changing population dynamics, nor did it
have the statistical power to make inferences at the Oblast level, or provide
demographic disaggregation by age and sex. In contrast, our real-time
monitoring system relied on a combination of daily frequency social media
advertising data spanning 4 million Facebook users with preconflict popu-
lation estimates. Together, this combination of data enabled us to generate
population displacement estimates at the finer geographical, temporal, and
spatial resolution, thus complimenting other population datasets. The esti-
mates derived from our approach were concurrent at the national level with
those derived from the IOM telephone surveys. This converging evidence
across two distinct, but complementary approaches, helped to build confi-
dence in the UN’s decision to significantly revise official estimates of IDPs
from about 1.6 million to 6.48 million in mid-March (IOM 2022), bringing
the scale of the internal displacement crisis in Ukraine into full focus.

Our work extended previous research that has used Facebook’s mar-
keting API for monitoring migration dynamics (e.g., Alexander, Polimis,
and Zagheni 2019; Palotti et al. 2020; Rampazzo et al. 2021) by measuring
subnational population displacement with daily frequency. Through auto-
mated, daily collections from Facebook’s marketing API, we were able to
build a real-time monitoring system to detect population changes in re-
sponse to conflict events on the ground with the demographic disaggre-
gation needed for humanitarian response and to support sampling designs
for surveys of Ukrainians during the war (e.g., Wilson 2022). A central
challenge in humanitarian response settings is that while population-level
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DOUGLAS R LEASURE ET AL. 17

inferences for subnational geographic units are required, representative val-
idation data are not available. To partially overcome this challenge, and to
enable us to generalize to population change beyond the Facebook user
population, we implemented a data-driven constraint on the estimated to-
tal national population using available data on baseline populations and
movements in and out of the country. Nevertheless, our approach relied
on assumptions linking Facebook users to preconflict population baselines,
and we acknowledge that these assumptions, as well as potentially un-
known data quality issues, biases, and algorithmic confounding concerns
that are inherent in social media advertising data (and digital trace data
more broadly) also affect our study.

This work provides a proof-of-concept of how digital trace data can
be leveraged in combination with population data to build real-time mon-
itoring systems for rapid targeted assistance for vulnerable populations
displaced by a crisis (e.g., armed conflict, natural disasters). Digital trace
data provide several promises for this purpose through the finer temporal
(e.g., daily) and geographical resolution they provide. However, there is
much work that remains to be done to develop robust statistical methods
to account for uncertainty and biases by combining multiple sources of
information within such a monitoring system. As next steps, we see value
in a Bayesian time series modeling approach to accommodate multiple
sources of digital trace data and other data (e.g., from surveys) to inform
a single process model. For example, because of inconsistencies across
data types and concerns about double-counting individual users across
multiple social media platforms, the deterministic model presented here
was unable to incorporate data that were available from Instagram to better
quantify younger populations and data that were available at the city-level
from the Vkontakte social media platform which is more popular among
Russian-speaking populations in eastern Ukraine where Facebook is used
less. A Bayesian model would provide a potential framework to integrate
across different social media platforms and data sources, which could
help to develop robust estimates that are less sensitive to platform-specific
fluctuations and outages. This could provide better population estimation
for heavily impacted areas such as Luhanska and Donetska Oblasts where
our current results were unreliable.

A further area of extension is the integration of additional data sources,
such as remotely sensed buildings (Esch et al. 2022) and georeferenced con-
flict locations (Raleigh et al. 2010). These geospatial data represent push-
pull factors driving displacement patterns that could improve our daily
population estimates and help further disaggregate our Oblast-level results
into more fine-grained population estimates (e.g., 100-m grids). A higher
degree of geographical resolution would allow the identification of specific
locations potentially hosting large numbers of displaced people, as well as
resident populations that remain in close proximity to active conflict events.
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18 NOWCAST ING DA I LY POPULAT ION DIS P LACEMENT IN UKRA INE

The humanitarian community would benefit from this detailed informa-
tion for the targeted allocation of resources such as food provisions and
health care services as well as for prioritizing additional data collection
efforts (Ratnayake, Abdelmagid, and Dooley 2022). Building on machine
learning methods designed to disaggregate population counts to high spa-
tial resolution (Stevens et al. 2015), similar approaches have been devel-
oped to disaggregate counts of displaced populations based on the drivers
of displacements patterns such as locations of conflict events or natural dis-
asters, and desirable destinations such as relatively safe population centers
and border crossings (Dooley et al. 2021). Combining these approaches with
digital trace data is a very promising area for extension of this work. How-
ever, when doing so, it is critically important to balance potential benefits
of targeted humanitarian assistance with potential harms that could result
from mapping vulnerable populations in near real-time with a fine-grained
spatial resolution (e.g., to prevent migration or otherwise target displaced
populations; or for propaganda to claim external interference or dispute
official numbers). In our case, we relied on a close partnership with our
United Nations colleagues with relevant expertise and experience to help
guide these decisions (OCHA Center for Humanitarian Data 2021) and also
for future work we view partnering with organizations within the inter-
national humanitarian sector as a valuable mechanism for balancing the
ethical and practical dimensions of this work.

Conclusions

This work demonstrates the value of digital trace data to fundamentally shift
the way in which we respond to global crisis events. We have shown how
a real-time monitoring system, enabled by daily collections from the Face-
book marketing API, facilitated daily nowcasts of population displacement
to support the humanitarian community in the rapidly unfolding crisis situ-
ation following the Russian invasion of Ukraine. As we continue work to in-
crease access and better understand these new types of data, we would urge
that these approaches be seen as complementary to existing approaches
rather than as replacements. It will always be prudent to triangulate multi-
ple sources of information and methodologies whenmaking rapid-response
decisions with limited information in a crisis. The value of digital trace data
is best realized in combination with other data sources, and, as in this study,
we see significant value in the combination of digital trace with other forms
of population data.

While digital trace data such as the social media advertising data used
here provide significant opportunity, developing approaches to leverage
these data in more sustainable and open ways in crisis response situations
must address important challenges that confront access to these data. A key
strength of the social media advertising data used in this study was their
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DOUGLAS R LEASURE ET AL. 19

accessibility through an API, which ensured more open modes of access.
On the other hand, as these data are provided more directly for advertis-
ers rather than for research or humanitarian response purposes, this cre-
ated specific limitations in the features of the available data. For example,
Facebook’s marketing API provides no historic estimates, which made it es-
sential but also computationally more demanding for our purpose to collect
these data every day from the onset of the crisis. Streamlined and open data
sharing and access through APIs, along with greater transparency about the
provenance and data-generating processes of these data, are essential for
ensuring their timely use in humanitarian settings.

There is a growing precedent of many companies holding large vol-
umes of digital trace data opting for internal closed-door scientific use
cases rather than through more general public release of data. Meta’s Data
for Good team have been particularly successful with this strategy, mak-
ing valuable contributions that helped guide resources for refugees leav-
ing Ukraine and to conduct a multicountry health survey in support of the
global response to the COVID-19 pandemic (Salomon et al. 2021). Indeed
(the job search engine) also published a compelling report on Ukrainian
speakers using their platform to search for jobs in Poland, suggesting
“urgent, open-ended job searches by people on the move” (Adrjan 2022).
A global crisis, however, requires all hands on deck, and we cannot afford
to exclude the vast expertise across the scientific, health, and humanitar-
ian communities from accessing critical data in these situations. More open
models of privacy-preserving data sharing between companies, researchers,
and the humanitarian community, as well as legal frameworks that enable
users to consent to data sharing with platforms explicitly for research pur-
poses, are urgently needed to catalyze the effective and timely use of data
for crisis situations. We encourage the research community, the humanitar-
ian sector, and the technology companies who hold these powerful data to
pursue open science together well in advance of the next crisis to provide
transparency and confidence in new approaches that leverage these rich
data for targeted humanitarian response.
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