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A Mixed Blessing: 
Big Data and AI for Migration



To discuss today:

1. Studying migration and mobility (M&M)
2. AI tools for migration monitoring, analysis and forecasting

ØBig Data sources to study M&M
ØAI at the borders
ØEthical concerns

3. Data collaborations
4. Concluding remarks

2



1. Studying Migration and Mobility

§Governments are investing vast 
sums in developing new 
technologies, and tech companies 
are at the forefront of 
commercializing various tech-
based solutions. 

§Many critical political, ethical, and 
social questions remain 
unanswered 
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1. Studying Migration and Mobility
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Mobility: Change of location for a limited 
time (and geography)

Migration: Change of residence for a longer 
period (usually at least 12 months)



Types of Migration & Migrants
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Types of Migration & Migrants
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Why Big Data & AI for M&M? 

There is a need for:
• Social scientists with Big Data processing skills
• Computer/data scientists with interdisciplinary skills in social sciences
• Data collaboratives and data stewards

Two challenges:
• Technical challenges 
• Ethical and legal challenges
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2. AI tools for Migration Monitoring, Analysis and Forecasting

• Use of Big Data and AI for understanding migration indicators and addressing data gaps
• Migrant stocks

• Migration flows

• Other uses of Big Data and AI technology related to migration
• Identity and origin checks

• Border security and control

• Analysis of data about visa and asylum applications

• “AI for social good” applications for migrants and refugees

• …
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Bircan, T., et al. (2020). Gaps in Migration Research: Review of migration theories and the quality and compatibility of migration data on the national and international level. 
Deliverable 2.3, Leuven: HumMingBird Project 870661 – H2020.

Salah, A.A., T. Bircan, E.E. Korkmaz (2022) New data sources and computational approaches on migration and human mobility, in DSMM. OUP.



Slide by M. Rango & N. Sievers, IOM GMDAC

Ø Big Data and AI for Migration Measures





Big Data Sources for Migration Measures

§ Internet derived: 
§Social media, search, online interactions
§Mobile devices, wearable technology, Internet of Things, etc.

§Tracking data
§Monitoring the movements
§GPS, geolocation data, traffic and transport sensor data, CCTV images, 

etc.
§Satellite and aerial imagery
§Earth observation and remote sensing
§Google earth, Landsat, Sentinel 1-2, infrared, radar mapping
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Internet Data for M&M
§Searching for a better life: Predicting international

migration with online search keywords

§ Google Trends Index (GTI) for migration-related search
terms can be exploited to measure migration intentions from
a certain country and predict subsequent emigration

§ Online search words
§ a set of close to fifty words specific to the migrant

population, such as passport, asylum, embassy, social
assistance,

§ GTI indicators for each individual keyword in the official
language of the respective country of origin

§ The models with GTI included perform better, on average,
than the basic one, explaining more of the variation in the
migration outcome measure and, at the same time,
producing fewer errors.
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Böhme, M. H., Gröger, A., & Stöhr, T. (2020). Searching for a better life: Predicting international migration with online 
search keywords. Journal of Development Economics, 142, 102347.



Social Media Data for M&M
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Proxy for Migration Stocks with Facebook 
Data

Billateral migration flows 2018-2020

NUTS0 level

232 countries

19k+ records x 73 features (World)

40k+ records x 77 features (Europe)

Goglia, D., Pollacci, L., & Sîrbu, A. (2022). Dataset of Multi-aspect Integrated Migration 
Indicators. arXiv preprint arXiv:2204.14223.



Social Media Data for M&M

14Goglia, D., Pollacci, L., & Sîrbu, A. (2022). Dataset of Multi-aspect Integrated Migration 
Indicators. arXiv preprint arXiv:2204.14223.



Social Media Data for M&M
Leveraging Twitter data to analyse profiles, tweets and
network structure of migrants and natives
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§ Twitter, Italy, 2015
§ More than 200K users
§ Assigning nationality

and country of
residence

Kim, J., Sîrbu, A., Rossetti, G., & Giannotti, F. (2021, November). Characterising different communities of Twitter 
users: Migrants and natives. In International Conference on Complex Networks and Their Applications (pp. 130-
141). Springer, Cham.



Satellite Data for M&M

16

Environmentally induced internal displacement

§ Satellite data analyses (Somalian case)
§ For the period 2016-2020
§ Sentinel -1
§ A land use and land cover (LULC) map were generated at the beginning of each period 
§ the changes in land use/ cover due to drought, floods, or violence break outs, will be 

analysed.
§ Sentinel - 2 
§ bi-monthly time series are converted into different time series of vegetation indices or indicators

Momeni, R., Bircan, T., King, R. (2022). Environment-induced internal displacement. The case of Somalia 
(Deliverable 4.3). Leuven: HumMingBird project 870661 – H2020.



Satellite Data for M&M
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Momeni, R., Bircan, T., King, R. (2022). Environment-induced internal displacement. The case of Somalia 
(Deliverable 4.3). Leuven: HumMingBird project 870661 – H2020.



Satellite Data for M&M

Migration Radar 2.0 by ESA
§ Big Data applications to boost mitigation 

preparedness and response to migration 
feasibility study
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Mobile Phone Data for M&M

Inferring patterns of internal migration from mobile phone call records: 
evidence from Rwanda
§ Rwanda's primary telecom operator an exhaustive log of all phone-based activity that occurred 

from the beginning of 2005 through the end of 2008 (1.5 million subscribers)
§ time-stamped record of every call that the individual made or received
§ the closest tower to the subscriber at the time of the transaction (Such as a phone call or text-

message)
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Blumenstock, J. E. (2012). Inferring patterns of internal migration from mobile phone call records: evidence from 
Rwanda. Information Technology for Development, 18(2), 107-125.



Mobile Phone Data for M&M

COVID-19 outbreak response, a dataset to
assess mobility changes in Italy following
national lockdown
§Anonymously shared positions of about 170,000 de-

identified smartphone users before and during the
outbreak, at the sub-national scale

§Daily time-series of three different aggregated mobility
metrics

§ Data is limited to users who have opted-in for
anonymously sharing their location with Cuebiq.

20
Pepe, E., Bajardi, P., Gauvin, L., Privitera, F., Lake, B., Cattuto, C., & Tizzoni, M. (2020). COVID-19 outbreak 
response, a dataset to assess mobility changes in Italy following national lockdown. Scientific data, 7(1), 1-7.



Ø AI at the Borders
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• Identification technologies
• EU smart borders
• EU integrated border management
• Automated biometric systems
• Algorithmic profiling



AI at the Borders: Identification Technologies
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• Identification of mobile and risky people
• Fingerprints
• Facial recognition
• Automated identification and AI



AI at the Borders: Identification Technologies
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Gender Shades 
project evaluates the accuracy 
of AI powered gender 
classification products

Buolamwini, J., & Gebru, T. (2018, January). Gender shades: Intersectional accuracy disparities in commercial 
gender classification. In Conference on fairness, accountability and transparency (pp. 77-91). PMLR.



AI at the Borders: Identification Technologies
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Leading tech companies' commercial 
AI systems significantly mis-gender 
women and darker skinned individuals.

High-Level Benchmark Evaluation Results
Government Face Recognition Benchmark: 79.6% Lighter Skin
Research Gender Classification Benchmark: 86.2% Lighter Skin
High-Level Gender Classification Results
All classifiers perform better on male faces than female faces 
(8.1%-20.6% difference in error rate)
All classifiers perform better on lighter faces than darker faces 
(11.8%-19.2% difference in error rate)
All classifiers perform worst on darker female faces (20.8%-
34.7% error rate)
Microsoft and IBM classifiers perform best on lighter male faces 
(error rates of 0.0% and 0.3% respectively)
Face++ classifiers perform best on darker male faces (0.7% error 
rate)
The maximum difference in error rate between the best and worst 
classified groups is 34.4%

Buolamwini, J., & Gebru, T. (2018, January). Gender shades: Intersectional accuracy disparities in commercial 
gender classification. In Conference on fairness, accountability and transparency (pp. 77-91). PMLR.



AI at the Borders: Smart Borders
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Face recognition technologies have 
come under increased scrutiny due 
to concerns about:
• fundamental rights
• risks related to bias and 

discrimination, data protection and 
mass surveillance.

Migration management vs Migration governance?



AI at the Borders: Integrated Border Management
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AI at the Borders: Automated Biometric Systems
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AI at the Borders: Algorithmic Profiling
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• In 2016, ProPublica analysed a commercially
developed system (COMPAS) that predicts the
likelihood that criminals will re-offend, created
to help judges make better sentencing
decisions, and found that it was biased against
blacks.

https://www.propublica.org/article/what-algorithmic-injustice-looks-like-in-real-life

https://www.propublica.org/article/what-algorithmic-injustice-looks-like-in-real-life


AI at the Borders: Algorithmic Profiling
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• Automated decision making processes:
• Can be used to ignore/prevent fundamental rights of people to 

seek asylum
• Can exacerbate pre-existing vulnerabilities by adding on risks 

such as bias, error, system failure and theft of data



Ø Ethical Concerns
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Biased AI ó Biased Society 



Consequences of Biased AI for M&M?
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Bias in AI => Real-life implications on real people:

• Unequal treatment 
• Violation of human rights
• Preventing access to fundamental rights



3. Data collaboratives
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‘Co-operation between the private and public sectors in the field of 
data sharing and statistics’

Klein T, Verhulst S (2017) Access to new data sources for statistics: business models and
incentives for the corporate sector. PARIS21



3. Data collaboratives: Mobile Phone Data

33

Dataset Data Year #pp Observations
D4D Ivory Coast CDRs 2011-2012

(1 year)
5 million Antenna-to-antenna traffic (hourly), 50k individual 

trajectories at antenna level; 500k individual 
trajectories at prefecture level; 5k comm graphs

D4D Senegal CDRs 2013 (1 year) 9+million Antenna-to-antenna traffic, 300k users mobility

Telecom Italia CDRs, electricity, weather, rain, 
news, geolocated tweets

2014 300+k Milan and Trento

Telefonica Smart steps, hospital admission, 
transportation, Twitter, crime

2013 (3 weeks) 500+k London metropolitan area

D4R Turk Telekom CDRs, labeled as refugee & non-
refugee

2018 1 million Syrian refugee movements in Turkey

HummingBird Turkcell CDRs Est. 2021 - To study migration from Turkey into Europe



Collected from 200K refugees and 800K non-refugee residents, over the entire 
country, over one year.

◦1- Cell tower locations, lists of cell towers for each prefecture 
◦2- Site-to-site antenna traffic on an hourly basis. 
◦Total number and duration of calls given, separated into “originating from refugees” 
and “not originating from refugees”.  
◦3- Fine grained mobility of a small subset of (anonymous) users. Only 15 days for 
each user, at cell tower level.
◦4- Coarse grained mobility of a small subset of (anonymous) users. For the entire 
data collection period, but provided at prefecture level.

Salah, A. A., Pentland, A., Lepri, B., Letouzé, E., Vinck, P., de Montjoye, Y. A., Dong, X., Dağdelen, Ö. (2018). 
Data for Refugees: The D4R Challenge on Mobility of Syrian Refugees in Turkey. arXiv preprint
arXiv:1807.00523.

Data for Refugees (D4R) Challenge



Safety & Security
Violence, theft, illegal trafficking

Health
Access to resources, spread of diseases, vaccination

Education
Access to education, language learning, schools

Unemployment
Movement due to unemployment, skill and resource management

Social Integration
Events and institutions for social integration, segregated/mixing patterns of behavior

Salah, A. A., Pentland, A., Lepri, B., Letouzé, E., Vinck, P., de Montjoye, Y. A., Dong, X., Dağdelen, Ö. (2018). 
Data for Refugees: The D4R Challenge on Mobility of Syrian Refugees in Turkey. arXiv preprint
arXiv:1807.00523.

Data for Refugees (D4R) Challenge: Priority Themes



• Contribute to the welfare of the refugee populations,
• Gain insights on key issues, including safety and security, health, 

education, unemployment, social integration and segregation, 
mobility, and distribution of resources and infrastructure, 

• Help governments and international bodies model the dynamics of 
the refugee populations and to discover vulnerabilities 
(socioeconomic vulnerabilities, gaps in education and services, etc.), 
policy insights,

• Seed further projects, co-created with refugees, resulting in new 
applications, services, and innovative solutions for refugees in 
Turkey and elsewhere.

Aim of D4R

Salah, A. A., Pentland, A., Lepri, B., Letouzé, E., Vinck, P., de Montjoye, Y. A., Dong, X., Dağdelen, Ö. (2018). 
Data for Refugees: The D4R Challenge on Mobility of Syrian Refugees in Turkey. arXiv preprint
arXiv:1807.00523.



Example applications from D4R

Social integration indicators

Mobility of seasonal workers

Access to healthcare



§ Focusing on refugees and undocumented migrants
§ CDR data analyses (Istanbul case)
§ A new dataset in collaboration with Turkey’s primary telecommunications operator, Turkcell
§ containing an exhaustive log of all phone-based activity that occurred from the beginning of 2019 

through the end of 2019 for a carefully sampled subsample of the population, including refugee and 
migrant groups 

§ Ethics and OPAL
§ The CDR’s will be anonymized and aggregated to remove all personal 39 information, along the 

guidelines established by ethics committees in past endeavours 
§ aggregation and anonymization scheme closely follows the Data for Development Challenge

setup and the Data for Refugees Challenge setup, where it was shown to provide mobility indicators 
without jeopardizing privacy or security. 

HumMingBird Turkcell Collaborative

Aydogdu, B., Gunes, S., Momeni, R., Balcik, C., Bircan, T., and A. A. Salah. "D6. 3 
Interim reports on indicators.” HumMingBird Project Deliverable 6.3 (2022).



Examples from HumMingBird Turkcell Collaborative

Migrant stock indicators (national)Migrant flow indicators (internal migration)

Aydogdu, B., Gunes, S., Momeni, R., Balcik, C., Bircan, T., and A. A. Salah. "D6. 3 
Interim reports on indicators.” HumMingBird Project Deliverable 6.3 (2022).



4. Concluding Remarks
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• AI technology => innovative, cost- and time-effective for international 
migration governance

• AI literacy is of extreme importance for policymakers and 
decisionmakers

• Citizen engagement & trust are of great importance
• Essential questions arise 

• legal requirements, confidentiality, and rules of engagement 
• ethical concerns of (mis)use of new technologies for more 

conservative and preventive migration policies and hence violated 
human rights. 



4. Concluding Remarks
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• State-industry relations should be clear to identify
• accountability, responsibility and GDPR compliance

• Research can be improved through
• More investment
• More multidisciplinary multi-stakeholder collaborations

• AI researchers/developers/engineers should be able to see 
“human” behind the algorithms

• Transparency, explainability, interpretability are crucial
• Data collaboratives
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https://global.oup.com/academic/product/data-science-for-migration-and-mobility-9780197267103

19 chapters, 48 contributors
Includes chapters on mobile 
phone data, satellite data, social 
media, financial datasets, and 
case studies.

https://global.oup.com/academic/product/data-science-for-migration-and-mobility-9780197267103


Thanks!
For questions and collaboration:

Tuba.Bircan@vub.be
tb25@sanger.ac.uk

@bircantub
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www.hummingbird-H2020.eu

@H20_HumMingBird

mailto:Tuba.Bircan@vub.be
mailto:tb25@sanger.ac.uk
http://www.hummingbird-h2020.eu/


COORDINATOR

PARTNERS VISIT: http://www.hummingbird-H2020.eu

CONTACT US: HumMingBird@kuleuven.be

FOLLOW US: 

@HumMingBird.H2020

HumMingBird Project

@HumMingBirD_H20

HumMingBird Project

University of Utrecht, Department of Information and Computing Sciences (NL) ● University of Salamanca, Faculty 
of Social Sciences (ES) ●Otto-Friedrich-University of Bamberg, Geographic Migration and Transition Studies (DE) ●
CESSDA ERIC (NO) ● EKKE - National Centre for Social Research (GR) ● IEN - Institute of Economic Sciences, Data 
Center Serbia for Social Sciences (RS) ●Malmö University, Malmö Institute for Studies of Migration, Diversity and 
Welfare (SE) ● Turkcell Technology (TR) ●GMV Innovating Solutions Ltd, Remote Sensing Services and Explotation
Platforms (UK) ●MPG - Migration Policy Group (BE) ● ENoMW - European Network of Migrant Women (BE) ●White 
Research (BE) ● University of Pisa, Department of Computer Science (IT) ●CNR - National Research Council (IT) ●
VUB - Vrije Universiteit Brussel, Interface Demography, Department of Sociology (BE) ● University of Zurich, 
Department of Social Anthropology and Cultural Studies (CH) ●CILD - Italian Coalition for Civil Liberties and 
Rights (IT) ●Caritas International (BE)

HIVA - Research Institute for Work and Society, KU Leuven (BE)


