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ABSTRACT
Highly skilled professionals’ forced migration from Ukraine was
triggered by the conflict in Ukraine in 2014 and amplified by the
Russian invasion in 2022. Here, we utilize LinkedIn estimates and
official refugee data from the World Bank and the United Nations
Refugee Agency, to understand which are the main pull factors that
drive the decision-making process of the host country. We identify
an ongoing and escalating exodus of educated individuals, largely
drawn to Poland and Germany, and underscore the crucial role of
pre-existing networks in shaping these migration flows. Key find-
ings include a strong correlation between LinkedIn’s estimates of
highly educated Ukrainian displaced people and official UN refugee
statistics, pointing to the significance of prior relationships with
Ukraine in determining migration destinations. We train a series
of multilinear regression models and the SHAP method revealing
that the existence of a support network is the most critical factor
in choosing a destination country, while distance is less important.
Our main findings show that the migration patterns of Ukraine’s
highly skilled workforce, and their impact on both the origin and
host countries, are largely influenced by pre-existing networks
and communities. This insight can inform strategies to tackle the
economic challenges posed by this loss of talent and maximize
the benefits of such migration for both Ukraine and the receiving
nations.

CCS CONCEPTS
• Human-centered computing → Collaborative and social
computing; • Applied computing → Sociology; • Information
systems → Social advertising.
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1 INTRODUCTION
The global movement of highly skilled professionals has gained
significant attention in recent years, as the international labor mar-
ket continues to witness the exodus of talented individuals from
their home countries. Ukraine, a nation rich in intellectual cap-
ital, has experienced a notable surge in emigration, particularly
among its highly skilled workforce, following the recent conflicts
that unfolded in the country [7, 16, 38].

The phenomenon of migration from Ukraine to other European
countries, in particular for employment reasons, is not new [21, 30].
The 2014 conflict in Ukraine resulted in a protracted and devastating
crisis that significantly impacted various aspects of the nation’s
social, economic, and political landscape. The nature and dynamics
of internal migration among Ukrainians have been significantly
altered due to the annexation of Crimea inMarch 2014 [17] affecting
around 5 million individuals [34]. By the end of 2021, the number of
Ukrainian citizens who had obtained a valid residence permit and
were authorized to reside in the EU had reached 1.57 million. This
group of people accounted for the third largest group of non-EU
citizens residing in the EU [11, 31].

More recently, in 2022 the Russian invasion of Ukraine led to
further political instability, economic challenges, and a sense of
uncertainty, catalyzing the migration of highly skilled professionals
seeking better opportunities and stability abroad. Referring to the
Ukrainian forced migration wave that started on February 2022
Lloyd et al [23] state that “the most recent exodus from Ukraine
should be seen as the continuation of a legacy of human insecurity
in the country".

The phenomenon of skilled migration, often referred to as “brain
drain," has far-reaching implications for both the sending and receiv-
ing countries. For Ukraine, the loss of highly skilled professionals
poses significant challenges to its economic development, as the
country struggles to retain its human capital and nurture inno-
vation within its borders. Conversely, the countries that attract
these talented individuals benefit from their expertise, fueling eco-
nomic growth and fostering innovation in various sectors. Here,
we draw on a combination of quantitative and qualitative research
methodologies, utilizing mainly the LinkedIn platform, shown to
provide critical demographic estimates that facilitate the study of
various topics relating to labor dynamics [19, 43]. We also incor-
porate Meta’s social connectedness index, and sociodemographic
data from official sources to comprehensively analyze the migration
trends and their implications. We explore the role of major deter-
mining factors, including economic opportunities, political stability,
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but also social networks in shaping the decision-making process
of highly skilled professionals for the choice of the destination
country. By gaining a deeper understanding of the motivations and
consequences of the migration of highly skilled professionals from
Ukraine to foreign countries, this research aims to inform policy
interventions and initiatives that can help address the challenges
faced by Ukraine while harnessing the potential of its human capi-
tal. We hope that this study will contribute to the development of
evidence-based strategies that foster sustainable economic growth,
improve social stability and create an environment conducive to the
retention and global collaboration of highly skilled professionals.

This paper aims to investigate and predict not the migration flow
patterns of highly skilled professionals from Ukraine to European
countries, but the determinant factors in the choice of the host
country, with a specific focus on the post-war period. In light of the
humanitarian emergency, it is important to estimate not only the
proportions of the displacement but also the migration preferences
to be able to support host countries in prioritizing aid and efforts.

2 RELATEDWORK
Scientists endeavored to enhance the official estimates of various
countries by incorporating diverse data sources, enabling them to
anticipate and gather figures more promptly and flexibly. Many
of these approaches had previously demonstrated consistency and
significance in different subject areas.

The “Operational Data Portal" (UNHCR [40]) provided by the
United Nations High Commissioner for Refugees offers reports on
ongoing emergencies and presents the latest estimates obtained
from authoritative sources. However, the collection and central-
ization of such precise data pose significant challenges, especially
in emergencies. The need for up-to-date data has become indis-
pensable in our rapidly progressing world, often taken for granted.
The current challenge lies in ethically and constructively integrat-
ing slow yet reliable data from authoritative sources with more
volatile, easily accessible data. Leveraging on traditional macro-
data from the European Statistical Office and national statistics,
Mulska et al. [30] highlighted the migration patterns of Ukraine’s
population after the aggravation of the political situation due to
the Russian aggression of 2014. They further showed how several
European countries introduced active policies to attract foreign la-
bor in particular student-age populations. Such policies established
the countries’ attractiveness for external migrants, largely deter-
mined by medical and demographic stability, better labor market
values and employment indicators, living standards, and economic
growth.

In addressing this challenge, the inclusion of non-traditional data
support and integration becomes crucial. For studying migration
and mobility patterns, various data sources are utilized, including
geolocated Twitter [26], Facebook advertising data [8, 13, 26, 35, 46],
ORCID data [41], LinkedIn ad estimates [2, 16, 44], and bibliometric
measures [47]. Sirbu et al. [37] examined the three phases of migra-
tion, namely, the journey, stay, and return, by reviewing existing
research and enriching insights through the utilization of both big
data and traditional data sources. Focusing on the recent Ukrainian
conflict, Juric [18], demonstrated how Google Trends can provide

early indications of the besieged Ukrainian population using sim-
ple keywords like “border crossing”. Leasure et al. [20] assessed
the population displacement by comparing Facebook advertising
estimates data collected before and after the Russian invasion on
February 24, 2022, while Minora et al. [29] examined migratory
flows to external countries. Minora et al. [28] employing Meta’s
Social Connectedness Index (SCI) and Ukrainian stocks, demon-
strated the role of the “network effect" in displacement trajectories
of Ukrainian people during the Russian invasion.

Here we contribute by a thorough study of the driving factors
that influence the choice of the destination country, which despite
the efforts, remains an open research question. Putting together
traditional and non-traditional data, i.e. LinkedIn estimates, Meta’s
SCI, and national migration surveys, we provide a holistic view of
the ongoing migration phenomenon, while identifying the major
pull factors. Our aim is, therefore, not to predict flow numbers, but
to help reveal trends in the choice of destination country combining
both digital and traditional data.

3 DATA COLLECTION
Official Population and Migration Estimates. We obtained the of-

ficial population data for each country from the World Bank report
(WB [3]) for 20211. Additionally, we retrieved data from the UN
Refugee Agency [40], which tracks the migratory flows throughout
the world and supplies aid and support. It monitors the crisis in
Ukraine after the Russian invasion providing an up-to-date share of
the official data of Ukrainian refugees provided by the authorities
in different European countries. The official monitoring site claims
that the reported numbers are estimates and regarding the collec-
tion method, states: when an official estimate is not available, the
figure provided corresponds to the sum of registrations for Temporary
Protection or similar national protection scheme and the number of
asylum applications lodged by refugees from Ukraine. For our study,
we considered the estimates reported on 13 March 2023 for all Eu-
ropean countries under investigation, except the United Kingdom
(data of 12/04/2023). In addition, for the United States and Canada,
the estimates were reported on 24/02/2023 by NBC News [1] and
17/03/2023 by the Canadian government [32], respectively. Data
are not reported with gender or age resolution, rather, the total
estimates are provided per country.

Socioeconomic Indicators. Inspired by the work of [30] and the
method of [15], we considered a series of socioeconomic metrics. In
particular, we include information about the distance as reported
in the GeoDist database [25], and a country’s wealth in terms of
the Gross Domestic Product (GDP) expressed in US$, provided by
the World Bank [4]. Regarding safety, we considered data from
the Institute for Economics & Peace (IEP2), which released the
Global Peace Index (GPI) [14]. The GPI covers 163 countries, using
23 qualitative and quantitative indicators, and measures the state
of peace across three domains: the level of societal Safety and
Security; the extent of OngoingDomestic and International Conflict;
and the degree of Militarisation. The scores for each indicator are
normalized on a scale of 1 to 5, where qualitative indicators are
ranked into five groups and quantitative indicators are scored from
1The 2021 report is the most recent available collection
2https://www.economicsandpeace.org/research/
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1 to 5, with the third decimal place. A weight for each area is applied
when computing the final score. Tomeasure the levels of connection
and the presence of existing ties between the host country and
Ukraine, we used the META Social Connectedness Index (SCI, [27])
computed in October 2021. Specifically, it measures the relative
probability that two individuals across two locations are friends
with each other on Facebook.

LinkedIn ad estimates. We collected the sizes of the LinkedIn au-
diences that attended a university in Ukraine but that are associated
with a geographical location different from Ukraine, following the
methodology proposed by Viera et al. [44] for mobility assessment
using LinkedIn audiences. Querying the ad campaign manager via
the official application programming interface (API)3, we obtained
estimates in line with the sociodemographic criteria of the audience
of choice. In case the estimated value is lower than 300 members,
the platform indicates 0 as a result. Our focus is on the movements
of the Ukrainian population with a university degree, so firstly
we obtained a list of the Ukrainian universities [45] and aligned
those schools to the ones present in the LinkedIn platform (Member
School feature). Then we queried by location (38 nearby countries),
gender (female or male 4), age range (18-24, 25-34, 35-54, 55+, NO
AGE), member school, i.e., the university that a member claims to
have attended. For each combination of gender and age range, we
obtain the number of LinkedIn members who attended a University
in Ukraine and now work or study in a different country. Finally,
we also queried for each host country targeting only by location,
getting the size of the LinkedIn community for each destination.
Our data collection captures all estimates of LinkedIn members
dislocated at the time of data collection (27/02/2023), not just the
estimates of those who have moved since the displacement caused
by Russia’s invasion on February 24, 2022.

4 METHODS
To compare the collected estimates among the host countries, we
must first consider the penetration of LinkedIn per country. To
assess this, we obtained the LinkedIn estimated number of users
per country 𝑐 without age and gender distinction (Total population
number LinkedIn(𝑐)). For the ground-truth data, (Total population
number WB(𝑐)), we used the figures reported by the WB in 2021
regarding the population estimates.

We define the LinkedIn penetration measure in each country 𝑐
as:

LinkedIn penetration(𝑐) = Total population number LinkedIn(𝑐)
Total population number WB(𝑐)

(1)
Finally, we scaled the LinkedIn estimate collected in each host

country 𝑐 (LinkedIn estimate scaled(𝑐)) for all queries by dividing
them by this factor.

LinkedIn estimate scaled(𝑐) = LinkedIn estimate(𝑐)
LinkedIn penetration(𝑐) (2)

To understand the evolution of estimates in time, we repeated the
entire data collection process in five distinct periods (on February 27,
3We were based on the open source code by Lucio Melito https://worldbank.github.io/
connectivity_mapping/intro.html
4Gender is only provided in a binary form.

2023; on April 28, 2023; onMay 5, 2023; onMay 12, 2023, and onMay
19, 2023).We then computed the difference of two estimates for each
country 𝑐 between two periods 𝑖 and 𝑗 , with 𝑗 ≥ 𝑖 (chronological
order).

LinkedIn estimate scaled difference(𝑐)𝑖, 𝑗 =
LinkedIn estimate scaled(𝑐) 𝑗 − LinkedIn estimate scaled(𝑐)𝑖

(3)

where LinkedIn estimate scaled(c)𝑖 is the collected estimates for
the country 𝑐 at time 𝑖 . To frame the magnitude of the change and
to compare them among countries, we computed the percentage
difference with respect to the older estimate.

LinkedIn estimate scaled percentage difference(𝑐)𝑖, 𝑗 =
LinkedIn estimate scaled difference(𝑐)𝑖, 𝑗

LinkedIn estimate scaled(𝑐)𝑖
(4)

Table 1: Summary of the full experimental schema. For each
combination of the driving factors (independent variables),
we aim to predict the number of refugees estimated by UN-
HCR.

Model name Predictors

Model 1 LinkedIn estimates
Model 2 SCI
Model 3 distance
Model 4 GPI
Model 5 GDP
Model 6 LinkedIn estimates, SCI
Model 7 LinkedIn estimates, distance
Model 8 LinkedIn estimates, GPI
Model 9 LinkedIn estimates, GDP
Model 10 LinkedIn estimates, SCI, distance
Model 11 LinkedIn estimates, SCI, GPI
Model 12 LinkedIn estimates, SCI, GDP
Model 13 LinkedIn estimates, SCI, GDP, GPI
Model 14 LinkedIn estimates, SCI, distance, GPI

Modelling Migration. To identify the main pull factors influenc-
ing the choice of the destination, we postulated the question as a
classification task. We trained a series of multi-linear regression
models (see Table 1) where for each host country (38 in total) we
aimed to predict the number of refugees estimated by UNHCR. To
avoid multicollinearity among the independent variables, we used
different sets of variables. The independent variables include the
LinkedIn estimates, the geographic distance from the host coun-
try to Ukraine, the SCI between Ukraine and the host country in
2021, the GDP of 2021, and the GPI of the host countries in 2022.
Finally, we normalize the features to directly compare their regres-
sion coefficients. Namely, as a common procedure, we computed
the standard score of sample 𝑥 as 𝑥𝑛𝑜𝑟𝑚 = (𝑥 −𝑚)/𝑠 , where 𝑚
is the mean of the samples, and 𝑠 is the standard deviation of the
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Figure 1: LinkedIn estimates of Ukrainian tertiary educated people by the host country and gender. The estimates are re-scaled
by the LinkedIn penetration of each host country.

samples. To further highlight the importance of certain factors in
driving the migrants’ host country preference, we apply the SHAP
(SHapley Additive exPlanations) method. The goal of SHAP is to
explain the result of an instance by computing the contribution
of each feature to the prediction to increase the transparency and
interpretability of the machine learning model.

5 RESULTS & DISCUSSION
Overall we collected data from 38 countries; we have positive es-
timates for females for 28 countries, while for male mobility we
have positive estimates for 24 countries. The two most represented
age groups are the ones covering the active labor market, namely,
25-34 and 35-54 years old. Taking age into account, overall, we
have the highest estimates for women compared to men, having
attended a Ukrainian university and now residing in a different
country. Exceptions are the 35-54 age group in the United States,
Canada, Poland, the Czech Republic, and Germany, and the 55+
age group in Canada and the United States. Finally, in Turkey and
Bulgaria, more men than women are estimated, regardless of age
group. Among the 10 most preferred destination countries, the top
eight out of ten and the tenth are common for men and women
(Poland, Germany, the United States, Canada, the United Kingdom,
the Czech Republic, Turkey, Spain, and Austria). Figure 1 depicts
the Ukrainian migrants per European country by gender, while Fig-
ure 2 shows the geographic distribution of migration with darker
areas to be highly preferred by the migrants.

Firstly, we assess the representativity of our data, showing that
LinkedIn estimates can be used to support official data inmonitoring
migration trends. To do so, we compared LinkedIn data (without
gender distinction) by the host country with the official estimates
reported by UNHCR about the number of Ukrainian refugees across
Europe.

We find a significant positive Spearman5 correlation coefficient
𝜌 (𝜌 = 0.85, p-value ≤ 0.001) between LinkedIn estimates of ter-
tiary educated Ukrainian migrants and UNHCR official figures of
Ukrainian refugees by the host country (see Figure 3), implying
that LinkedIn’s estimates of highly educated Ukrainians abroad
are a good indicator of the actual number of Ukrainian refugees in
a country. This can be justified by the results of the ongoing sur-
vey led by UNHCR for Regional Protection Profiling & Monitoring
(from October 2022 onwards), which points out that most refugees
have a high level of education (78%) and pre-war employment (60%),
categories well covered by LinkedIn. Additionally, Ukraine has a
much higher percentage of highly educated people than the Euro-
pean average (in the 30-34 age group 65% for women, 51% for men
in 2021 [12]) and LinkedIn is a fairly widespread social media with
penetration of 8.3% of the population [10]. Hence, the LinkedIn ad
estimates act as a valid proxy for the displacement of highly skilled
professionals but are also a good proxy for the general population.

Facilitating the attainment of gainful employment that aligns
with the educational and professional qualifications of refugees
not only enhances their self-sufficiency but also contributes to the
economic growth of the host community. To further investigate
the outcome of the migration, we decided to collect data using
LinkedIn’s Seniority feature as a target in the data collection to
understand in the target countries which roles are most frequently
filled by the highly educated Ukrainian migrants. We calculated
for each country, grouped by gender, the percentage of workers in
the different roles. Looking at the different distributions for each
possible seniority level (Unpaid, Training, Entry, Senior, Manager,
Director, VP, CxO, Partner, Owner), it emerges that the median
for women is 51% for Entry level, 42% Senior, for all other roles
5We opted for the Spearman correlation coefficient, due to the presence of outliers
with much higher values than in other countries (Germany and Poland).
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Figure 2: Geographic representation with choropleth map of LinkedIn scaled estimates among the European countries. Ukraine
is depicted in orange stripes, grey territories do not appear within our analysis.

the median distribution is zero. Similarly, for men, 48% Entry level,
40% Senior and 3% hold the role of Director. This outcome could
potentially be attributed to data sparsity, meaning the occurrences
wherein the count of individuals affiliated with a specific role and
that received education from a Ukrainian university falls below the
minimum threshold of 300, resulting in a value of 0. With sparse
availability of data it is difficult to discern the actual distribution
of roles held. We observe a notable presence of Senior and Entry
level positions for both genders, with a nearly equal distribution
among the audience. However, since information regarding users’
prior occupations is unavailable, it remains uncertain whether their
current roles align with their previous professional experiences.

5.1 Temporal Evolution of Migration Patterns
The two time windows examined to assess the stability of the es-
timates are ten weeks and a week long, respectively. Inspired by
the study of Rama et al. [36] who thoroughly assessed the tempo-
ral stability of Facebook estimates especially in under-represented
populations, we assessed the stability of our estimates for the entire
period of analysis. We considered two periods: the first considers
the entire data collection window spanning over 10 weeks from
27/02/2023 to 12/05/2023. The second one examines the fluctuations
over one week within the entire data collection period. For the
weekly analysis, we breakdown the consecutive one-week periods:
(i) from 28/04/2023 to 05/05/2023, (ii) from 05/05/2023 to 12/05/2023
and (iii) 12/05/2023 to 19/05/2023. The one-weeks periods aim at

assessing the stability of the approach, while the ten-week one
indicates the overall trend.

Over the entire period of ten weeks, the percentage changes
become more significant with about 75% of the countries under 6.5%
and over 1% for both genders. The estimates show a clear and stable
increasing migration trend in time; Figure 4 depicts the trend of
the LinkedIn estimate scaled difference(𝑐)𝑖, 𝑗 per country 𝑐 during
the entire period (Eq. 3 with 𝑖 = 27/02/2023 and 𝑗 = 12/05/2023).

In Figure 5 we compare the distributions of LinkedIn estimate
scaled percentage difference (c)𝑖, 𝑗 for the two different time win-
dows by gender across the destination countries 𝑐 . The last three
plots of Figure 5 depicts the distributions of the percentage differ-
ences for three one-week periods compared with the first boxplot
related to the ten-week one. We notice that for both the time-
windows the estimates increased with a higher peak for men in
Spain in the ten weeks.

The second and third weeks have smaller inlier values with re-
spect to the first week, on the other hand, the last ones have bigger
outliers, for example, in the second week Germany has a change
of -6.25% for women and -4.89% for men. This can be explained
because the magnitude of Total population number LinkedIn (Ger-
many) changed from 150.000 on May 05, 2023 to 160.000 on May 12,
2023. This growth increased the LinkedIn penetration (Germany)
factor in the second week, and hence, the scaled estimates become
significantly lower.
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Figure 3: LinkedIn estimates of Ukrainian tertiary educated people by host country versus UN official estimates of Ukrainian
migrants by host countries. The Spearman correlation coefficient 𝜌 and its significance are reported. Notation for the significance
is the following: *** p-value ≤ 0.001, ** p-value ≤ 0.01, * p-value ≤ 0.05. The dark red line shows a regression line with 95%
confidence.

5.2 Modelling Migration
To address our main research question, namely, which are the main
pull factors driving the migrants’ choice of the host country, we
trained a series of predictive models. We consider a set of factors
inspired by the existing literature [5, 9, 24, 39], such as the host
country’s distance from Ukraine, safety (peacefulness), the presence
of pre-existing relationships as a support network in the host coun-
try, and the wealth of the host country. We followed an incremental
experimental design. By combining several pull factors, we built
multi-linear regression models to predict for each host country the
number of Ukrainian refugees estimated by UNHCR.

Table 2 reports the coefficients obtained for each set of normal-
ized variables with significant coefficients for each trained model.
We observe that the most important feature is the LinkedIn scaled
estimates, which confirm the trends of the migration flows reported
by UNHCR. Migration, being a complex phenomenon, requires the
examination of a wide range of pull factors to better understand
the decision-making process around the choice of the host country.
From the predictive models built, we observe that the LinkedIn es-
timates alone are highly explanatory of the migration flows (Model
1 in Table 2), and Model 2 has a significant coefficient for the SCI
even alone, indicating that people mainly choose the host coun-
try based on their social network. The model that best describes
the variation of the migration flows is the one with the largest

number of variables (Model 14 in Table 2). In this model, the SCI
is the second most important feature considering the magnitude
of the coefficients. Regarding distance and GPI, the negative signs
of the coefficients are coherent with the meaning of the measure:
the countries are less attractive when the two measures are higher,
meaning that the closer a country is the less safe is considered.
Finally, in Models 9, 12 and 13 the coefficient for GDP is negative,
indicating that economic prosperity is less considered with respect
to factors like safety or social network relationships of the people.
GDP incidentally correlates with distance from Ukraine (the more
distant countries are also richer) with countries like US and Canada
which boost this behavior.

To fully assess the importance of each feature, we computed
SHAP values for the best performing model (Model 14). We present
the average of the absolute SHAP values for all countries (Figure 6),
confirming that the two most important features are the LinkedIn
estimates and the SCI. In Figure 7 are displayed the SHAP values
for each country. We observe that the variables LinkedIn estimates
and the SCI have a high contribution when their values are positive,
and a low contribution on negative values. The situation is reversed
for GPI and distance, which have a higher contribution when their
values are negative.
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Figure 4: Differences of LinkedIn re-scaled estimates of Ukrainian tertiary educated people by the host country and gender
between the data collected on May 12, 2023 and February 27, 2023.

Figure 5: Boxplots of the percentage differences by gender and temporal window of the LinkedIn re-scaled estimates of
Ukrainian tertiary educated people. We highlight the outlier countries for each case. The first boxplot refers to the ten-weeks
data collection period (from 27/02/23 to 12/05/23) while the consecutive boxplots refer to the one-week resolution data, showing
the stability of the estimates (date 28/04/23-05/05/23, 05/05/23-12/05/23, 12/05/23-19/05/23)

5.3 Limitations
In light of the aforementioned potentials of our approach, is crucial
to recognize and address the inherent limitations associated with
the utilization of non-traditional data sources [42], as LinkedIn
advertising estimates. Especially when dealing with vulnerable
populations digital data may reveal sensitive demographic patterns

[6]. The measures derived from LinkedIn are likely to overesti-
mate the number of tertiary-educated migrants due to the method’s
limitations. Indeed, the information taken into account regarding
universities is declared by the user and cannot be verified. Further
users may be counted more than once if they attended more than
one university in Ukraine. Nevertheless, inferring residence based
on the university attended provides valuable insight since previous
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Table 2: Summary of results for seven regression models predicting Ukrainian migrants in the different destination countries.
We report the model fit and regression coefficients for normalized measures using different sets of independent variables.
Notation for the significance is the following: *** p-value ≤ 0.001, ** p-value ≤ 0.01, * p-value ≤ 0.05

Coefficients Model Fit

LinkedIn estimates SCI Distance GPI GDP 𝑅2adjusted F-statistic

Model 1 0.95*** 0.91 329.2***
Model 2 0.32* 0.08 4.1*
Model 6 0.92*** 0.18*** 0.93 242.5***
Model 7 0.99*** -0.2** 0.94 265.3***
Model 8 0.96*** -0.13** 0.91 194.7***
Model 9 1.04*** -0.22*** 0.94 296.9***
Model 10 0.96*** 0.12** -0.15** 0.95 216.0***
Model 11 0.93*** 0.20*** -0.15** 0.95 243.3***
Model 12 1*** 0.13*** -0.19*** 0.96 277.5***
Model 13 0.99*** 0.16*** -0.10** -0.14*** 0.97 248.8***
Model 14 0.96*** 0.15*** -0.13*** -0.14*** 0.97 265.1***

Figure 6: We report the mean of the absolute SHAP value
for each country for Model 14, which has the best fit. The
features are ordered from the highest to the lowest effect
on the prediction.

Figure 7: SHAP values for all the countries in Model 14. The
features are ordered from the highest to the lowest effect
on the prediction. High feature values are in magenta and
low in blue.

location data are unavailable from the LinkedIn ad platform. It is
also important to notice that the collected estimates provide a snap-
shot of the situation at the time of collection. We access data only
after February 2022 precluding comparison of earlier migration
flows. Conversely, official UN figures quantify the total number
of refugees since the Russian invasion in February 2022 but lack
demographic information, hindering demographic comparisons
with LinkedIn data. Finally, the UN reported more than 2,85 mil-
lion Ukrainian refugees in Russia on October 2022 [40]. However,
Ukrainian refugees in Russia are not investigated in this work since
LinkedIn’s audience location setting cannot be configured to Russia
due to policy restrictions imposed by the Office of Foreign Assets
Control (OFAC) of the US Department of the Treasury administers
which publishes a list of prohibited trade-sanctioned countries [33],
as reported by LinkedIn in [22].

6 CONCLUSION
The deterioration of relations between Ukraine and Russia escalated
into conflict in 2014 and intensified in 2022 with Russia’s invasion of
Ukraine. As a result, the Ukrainian population suffered significant
migration flows in search of stability and better job opportunities,
leading to one of the largest displaced workforces in Europe. The

Russian invasion in February 2022 has made this need more urgent,
strengthening migration flows. It is, therefore, imperative that host
countries can direct them correctly and have a centralized view of
the situation. The UNHCR is collecting estimates provided by the
different authorities, struggling to capture the current situation due
to the very nature of the problem. For this reason, non-traditional
data sources have been used to support the official estimates. Our
work fits into this context, using estimates from the LinkedIn ad
platform to detect the number of people who have moved from
Ukraine to another country. To collect the data, we limited our
sample to members with tertiary education, using the status of
the universities attended by the LinkedIn member as a target. Our
collection estimates correlate strongly with official UN estimates
and reveal trends in destination choices, with Poland and Germany
as the preferred destinations. To investigate potential pull factors
in country choice, we developed several linear regression models
starting from LinkedIn estimates and indices for factors that by
literature are spot as pull factors. The most important features are
LinkedIn estimates and the 2021 Facebook Social Connectedness
Index, which measures ties between individuals living in different
countries. These findings confirm the importance of the presence
of a community in the destination country in shaping the desti-
nation decision-making process. In contrast, distance plays a less
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significant role in migration patterns, which aligns with the nature
of the collected estimates primarily representing settled migrants.
The urgency to escape conflict swiftly is no longer the primary dri-
ver, shifting the focus toward other factors influencing destination
choices. However, the observed phenomenon remains ongoing, as
evidenced by the moderate yet consistent increase in variations
over the longer period, in contrast to the minor fluctuations during
the shorter period, indicating stability in the estimates. To conclude,
although our data is restricted to LinkedIn members with tertiary
education, we believe that for a highly educated country such as
Ukraine, the communities sizes of highly educated people spread
in other countries can be a good indicator for tracking flows and
may be part of the pull factor that attracts new refugees.
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