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Sources of human traces

• Social networks: 
• Twitter, Facebook, Foursquare, etc. 

• Financial data 
• Transfers 
• Credit card transactions 

• Mobile phone: 
• CDRs (calls/SMS), network events, etc. 
• Phone sensors 
• Apps 

• Satellite data
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Why alternative data? 

Dong et al. EPJ Data Science  ( 2017)  6:29 Page 3 of 17

Arabia, respectively. Blumenstock et al. [] infer poverty and wealth status at the individ-
ual level by combining Rwanda’s mobile phone metadata and survey data with machine
learning algorithms. Pappalardo et al. [] propose a data-driven analytical framework
to ‘nowcast’ socio-economical indicators using mobility features extracted from mobile
phone data.

Despite being quite useful, mobile phone CDRs or metadata are still an indirect way to
measure the economy; thus, they need to be combined with survey data or official statistics
to inform models. Further, the spatial resolution of mobile phone data (at the cell tower
level) ranges from hundreds of metres in the urban core to thousands of metres in rural
areas, making it difficult to track firm-level economic activity.

The prevalence of smartphones (and the geo-located data and mobility trace data they
generate) allows us to measure economic activity in China in a much more direct fash-
ion and at a more granular level than has been possible using other previously explored
data sources. In this paper, we build an Employment Index and a Consumer Index to mea-
sure employment trends in industrial parks and consumer activity in commercial areas
by using billions of geo-positioning points (Figure ). We evaluate the consumer index at
the firm level by comparison with revenue data. Using location search data derived from
Baidu Maps, we then propose models to estimate consumer foot traffic volumes for offline
stores. We first apply these models to predict revenues of Apple retail stores and box-office
earnings in China, and we achieve satisfactory results. Finally, we construct Consumption
Trends to track consumer spending trends in various service sector industries (e.g., auto
sales, restaurants, financial investments, and tourism) and verify them with several exist-
ing indicators.

To the best of our knowledge, this is the first study to measure the world’s second-largest
economy by mining such unprecedentedly large-scale and fine-granular spatial-temporal
data. Our research, which provides new insights into China’s economy, is designed not to

Figure 1 Spatial-temporal big data reflects human activity at different scales. (A) At the national level:
Data points depict the fact that most of China’s population is concentrated in large cities in the east. As the
brightness of the spot increases, the aggregation of the data points (population) increases. (B) At the regional
level: This figure shows urban clusters in the Yangtze River Delta. (C) At the zone level: Zhangjiang Hi-tech Park
in Shanghai. (D) At the building level: Pudong Airport in Shanghai. Maps were created using C and Datamaps
(https://github.com/ericfischer/datamaps), and the remote sensing images were derived from Baidu Maps.

• Better spatial-temporal  
resolution 

• Faster answers  
• Cheaper 
• Availability

Dong, L., Chen, S., Cheng, Y., Wu, Z., Li, C., & Wu, H. (2017). Measuring economic activity in China with mobile big data
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Why alternative data? 

• Better spatial-temporal  
resolution 

• Faster answers  
• Cheaper 
• Availability 
• Different questions

Deville, P, et al. (2014). Dynamic population mapping using mobile phone data.  
PNAS 111(45), 15888–15893. http://doi.org/10.1073/pnas.1408439111
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Why alternative data? 

• Complements official  
data
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Unemployment

• ~20 Million Geolocalized tweets 
• Use mobility to find  
“efficient economic zones” 

• Fingerprints of unemployment: 
• Twitter penetration 
• Social interactions between zones 
• Mobility between zones  
• Daily patterns of activity 
• Tweets’ content in each zone

Llorente, A., Garcia-Herranz, M., Cebrian, M., & Moro, E. (2015). Social media fingerprints of unemployment.  
PLoS ONE, 10(5), e0128692. http://doi.org/10.1371/journal.pone.0128692
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Unemployment

Llorente, A., Garcia-Herranz, M., Cebrian, M., & Moro, E. (2015). Social media fingerprints of unemployment.  
PLoS ONE, 10(5), e0128692. http://doi.org/10.1371/journal.pone.0128692

Just arrived to work, mondays are too hard… 
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Tweet Detected Misspellings

Alguien se viene con migo aver la vida de PI??

   - “Con migo” instead of “Conmigo” (with me  
in Spanish). 
   - “aver” instead of  “a ver” (aver is not a 
Spanish word)

La quiero mucho y la hecho de menos    - “Hecho de menos” instead of “echo de 
menos” (“I miss her” in Spanish).

All the 618 expressions such as “Con migo”, “Aver” or “Hecho de menos” have been searched literally within the 
text of the whole dataset of tweets.
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Fig. 3. Examples of differnt behavior in the observed variables and the unemployment. In A, we observe that two cities with different unemployment levels have
different temporal activity patterns. Figure B show how cities with distinct entropy levels may hold different unemployment intensity. Finally, figure C shows some
examples of detected misspellings in our database.
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Fig. 4. Correlation of the measures with the unemployment rate
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Geo-social entropy 7,25 *

Morning activity % 20,52

Misspellers % 40,16

R2 = 0.536
p-value < 2.2e-16

* not statistically significant

Fig. 5. Performance of the model, showing the predicted unemployment rate versus the observed one, R2 = 0.536. It also shows a table containing the weight
for each considered variable.

from the digital traces that are left by the use of social media. In par- ticular, we show how behavioral features related to unemployment

4 www.pnas.org/cgi/doi/10.1073/pnas.0709640104 Footline Author
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Entropy: 0.42 
Unemployment: 20.3%

Entropy: 0.72 
Unemployment: 8.8%
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⇢ = �0.48 [�0.34,�0.60]

• Daily patterns of activity: 
• Early morning activity is correlated 
with unemployment
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• Tweet’s content: 
• Misspelling is highly correlated with unemployment

Unemployment

Llorente, A., Garcia-Herranz, M., Cebrian, M., & Moro, E. (2015). Social media fingerprints of unemployment.  
PLoS ONE, 10(5), e0128692. http://doi.org/10.1371/journal.pone.0128692

Tweet Correct spelling
Alguien se viene con migo aver la 

vida de PI??
Alguien se viene conmigo a ver 

la vida de PI??
La quiero mucho y la hecho de 

menos
La quiero mucho y la echo de 

menos 
Yo llendo a trabajar con este 
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Yo yendo a trabajar con este 

tiempo
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Unemployment

Llorente, A., Garcia-Herranz, M., Cebrian, M., & Moro, E. (2015). Social media fingerprints of unemployment.  
PLoS ONE, 10(5), e0128692. http://doi.org/10.1371/journal.pone.0128692
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Unemployment

Llorente, A., Garcia-Herranz, M., Cebrian, M., & Moro, E. (2015). Social media fingerprints of unemployment.  
PLoS ONE, 10(5), e0128692. http://doi.org/10.1371/journal.pone.0128692

• Explanatory power of the social media fingerprints
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Unemployment

• Are we really wrong?

15 20 25 30 35
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Model Error = Model[variables] - Official unemployment 
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dhaval@mit.edu

dhaval@mit.edu

Human-Machine Cognitive Symbiosis

BRAZIL

COLOMBIA

COSTA RICA

INDONESIA

MEXICO

NEPAL

NIGERIA

PAKISTAN

POLAND

Use twitter to estimate the Human 
Development Index (HDI)

Predicting Socio-Economic  
Indictors 

vedran sekara 
vsekara@unicef.org 
@vedransekara 
@unicefinnovate

For multiple countries from social media data
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dhaval@mit.edu

dhaval@mit.edu

Human-Machine Cognitive Symbiosis

Use twitter to estimate HDI on  
sub-national levels

Admin 0 
Country

Admin 2 
Municipalities
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dhaval@mit.edu

dhaval@mit.edu

Human-Machine Cognitive Symbiosis

activity
• no. tweets 
• morning 
• daily 
• night

mobility

hour

co
rre

lat
ion

penetration 
of tech

features
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HDI by regency (real) HDI by regency (real) 

HDI (real) HDI (fitted)

A) B)

Human development

• HDI = Human Development index (sub-national)

Predicting Socio-Economic  
Indictors 

vedran sekara 
vsekara@unicef.org 
@vedransekara 
@unicefinnovate

For multiple countries from social media data
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Human development

• Can be re-use these models?
Individual models
Building a linear model per country

Generalizability of models
Building a linear ML model for one country and testing on other

C
or
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dhaval@mit.edu

dhaval@mit.edu

Human-Machine Cognitive Symbiosis

Über model
Building one model for all countries

R  = 0.668 2 

comment: why is this

why is this
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dhaval@mit.edu

dhaval@mit.edu

Human-Machine Cognitive Symbiosis

Über model
Importance of features

Sekara, Lee, Luengo, Obradovich, García-Herranz and EM, 2018
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Facebook gender divide

• Can we understand gender  
digital divide in the whole world?
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Facebook gender divide

• Use the Marketing Application Programming 
Interface to collect: 
• Number of Facebook users by age and 
gender in each 217 countries 

• Calculate the “Facebook gender divide” 
metric 
 

• Find the main explanatory variables for that 
divide
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and better temporal resolution. We find low and nonsignificant correlations
between the absolute difference between our measurement of FGD and the
one from surveys, but nevertheless, we add a control for Facebook pene-
tration in our models to make sure that our results are not an artifact of
correlated errors in the quantification of FGD.

We further compare Facebook penetration across age groups in the
United States through the Pew Internet & Technology Survey and the GWI.
We find very high correlations between age-dependent measurements. In
addition, we explore how representative the FGD is for gender divides in
other social media as captured by the GWI survey. We found moderate yet
significant correlations with other media, such as WhatsApp, Twitter, and
YouTube. This shows that, while we should not take Facebook as represen-
tative for all social media, there is certain similarity in gender differences
that can motivate future research.

Finally, we test for intraday oscillations of the measurement of FGD and
Facebook penetration and found extremely consistent values. For the case
of the FGD and the network externalities model, we also repeat our analysis
on monthly snapshots of Facebook data for a period of 12 mo between
2015 and 2016, calculating median DAU values each month. This way, we
can confirm the robustness of our analysis to possible temporal changes in
the way that Facebook reports data through their API.

Gender Equality and Development Datasets. To normalize the number of
active users over the total population of each country, we use the data col-
lected by the US Census Bureau International Data Base (https://www.census.
gov/programs-surveys/international-programs/about/idb.html). This dataset
contains estimates of the resident population by age and gender for more
than 226 countries. We combine these data with gender equality indices
measured by the World Economic Forum Gender Gap reports of 2015 and
2016 (26). This dataset quantifies the magnitude of gender equality in 145
countries, measuring it with respect to four key areas: health, education,
economic opportunity, and politics. This report updates the values for edu-
cation, economic, and political gender equality on a yearly basis, allowing
us to measure changes between 2015 and 2016. To account for additional
economic and development indicators, we include data from the World
Bank and the Human Development Index (40), measuring control variables
of gross domestic product at purchasing power parity per capita in 2012,
economic inequality as the quintile ratio, and Internet penetration.

Computing the FGD. We quantify the FGD as a comparison of the rates of
activity between genders. The DAU measures how many users have logged
into Facebook on a given day, which could be either through a web browser
or a mobile application. We use the segmented data from 13 to 65 y olds
to normalize the DAU over the total population of a country in those ages,
truncating all data that are not included in that age range. This way, we
avoid introducing a bias with life expectancy and average age. We calcu-
late a stable estimation of the DAU as the median daily value over the
month of July 2015, replicating over other months afterward. This way,
for each country c and gender g 2 [Female, Male] (for simplicity, we take
gender as birth sex; i.e., male or female), we have a measurement of the
number of active users Ag,c between 13 and 65 y old. Additionally, this
allows us to calculate the mean user age for a country to include it in
our models.

Using the US Census Bureau data, we calculate the total population of
each gender between the ages of 13 and 65 y old in each country, which
we denote as Pg,c. This way, we can normalize the total activity in Facebook
over the population in the same age ranges, calculating the activity ratios
Rg,c = Ag,c/Pg,c. We define the FGD in country c as

FGDc = log
✓

RMale,c

RFemale,c

◆
,

which compares male and female Facebook activity rates over the popula-
tion of country c. A country with positive FGD will have a tendency for men
to be more present on Facebook, while a country with negative FGD will
show the opposite tendency. A country with FGD = 0 will have complete
equality in the activity tendencies of both genders.

We further compute the Facebook penetration as the ratio between
user accounts between 13 and 65 y olds reported by the API (regardless
of activity and gender) and the total population of the country between
those ages.

Regression Models. We model dependencies between gender equality indi-
cators and the FGD as linear models after applying a rank transformation to

all variables, such that rank 1 is the highest possible value of the variable.
This way, we explore monotonic dependencies that do not need to be linear.
We define this FGD model as

FGD = af · Q + bf · C + cf + ✏,

where Q is a matrix with the ranks of economic, health, education, and
political gender equality in each country and C contains control variables,
such as Internet penetration, income inequality, total population, Face-
book penetration, and mean user age (Age). cf is the intercept, and ✏
denotes the residuals as the normally distributed, uncorrelated error of the
model.

We analyze the relationship between changes and levels in economic
gender equality and of the FGD with two models. First is an equality changes
model:

�Eco2016 = ao · Eco2015 + bo · FGD2015 + co · O + do + o.

Second is an FGD changes model:

�FGD2016 = aq · FGD2015 + bq · Eco2015 + cq · O + dq + q,

where �Eco2016 and �FGD2016 are the changes in economic gender inequal-
ity and FGD between 2015 and 2016, respectively. Both models include a
control for autocorrelation as a term with the unranked value of the vari-
able in 2015 and a main term of the rescaled ranked value of the other
variable. Following previous economics research on Facebook data (10), we
include various ranked controls in the matrix O, first with a simple correction
for gross domestic product and then, with extensions with other controls as
for the FGD model.

We report the coefficient estimates of robust regressors for both models.
To compare the effects of one variable with the changes in the other, we first
residualize the changes by fitting against all controls. Then, we compute the
partial R2 value of the conditioning variable when fitting the residualized
values. To understand the uncertainty of this analysis, we bootstrap over
10.000 samples and report the distribution of R2 values.

We model network externalities as a power law relationship between the
activity ratio of a gender (Rg,c) and the total Facebook penetration for both
genders together (Pc) in a joint model that includes an intercept for gender
and interaction with gender. We define in this way the network externalities
model as

log(Rg,c) =↵ · log(Pc) + �+ �g,Female(↵F · log(Pc) + �F ) +�,

where ↵ measures the scaling relationship between the Facebook presence
ratio and the activity ratio of male users,↵F is the difference in that relation-
ship for female users, and � is the residuals. The Kronecker delta function
�g,Female takes a value of one when g = Female and zero otherwise.

All of the above models do not show relevant multicollinearity when
measuring variance inflation factors (41).

We report the fit of the FGD model and the network externalities model
with Markov Chain Monte Carlo sampling in JAGS (42). We also fit all models
with robust regression (43), reporting the results of the changes models in
the text and the rest in SI Appendix.

To test the validity of the assumptions of our models after fitting, we ver-
ify the normality of residuals through Shapiro–Wilk tests (44) and check that
residuals are uncorrelated with fitted values and independent variables. For
the case of the network externalities model, we additionally analyze multi-
plicative residuals to test for the possible role of outliers, as shown in more
detail in SI Appendix.
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Facebook gender divide

• 217 countries, around 1.4 billion users

our dataset does not contain personal information on any indi-
vidual user, our study covers a total of 217 countries and more
than 1.4 billion users.

Our dataset allows for the quantification of Facebook activity
ratios of each gender in each country. From them, we calculate
the Facebook Gender Divide (FGD) as the logarithm of the ratio
between the activity ratios for men and for women (more details
are in Materials and Methods). The FGD has a value below zero
when women tend to be more active on Facebook that men, a
value close to zero for equal activity tendencies, and a positive
value when men are more active on Facebook than women in
a country. Our computation of the FGD is consistent with simi-
lar measurements constructed from limited survey samples from
the Pew Research Center and the Global Web Index (GWI) as
we comment in Materials and Methods and show in SI Appendix,
section 1.

Furthermore, the Facebook marketing API allows us to make
precise estimates of the Facebook penetration in a country cal-
culated as the total number of user accounts (independent of
gender and activity) over the total population of the country.
We combine these measurements with standard socioeconomic
indices, including gross domestic product, Internet penetration,
and economic inequality, as well as indices from the World
Economic Forum Gender Gap Report that measure gender
equality in terms of education, health, political participation, and
economic opportunities (26).

Results

Fig. 1 shows a world map with countries colored according to
their FGD, revealing that many countries are very close to gen-
der equality in Facebook (blue color in Fig. 1). The red scale in
Fig. 1 shows countries with positive FGD—that is, a higher pro-
portion of males on Facebook. The range of values toward FGD
below zero (more tendency for women to be on Facebook) is
much narrower than above zero as can be seen in the scatterplot
with the activity ratios of each gender (Fig. 1, Left Inset) and in
the skewness of the distribution of FGD across countries (Fig. 1,
Right Inset).

Countries with high FGD are located around Africa and
southwest Asia, as shown in Fig. 1. This suggests that variations in

socioeconomic factors of gender inequality across regions could
be explanatory of the FGD. We test this observation using a
linear regression model of the FGD as a function of the four
indices of gender equality measured by the World Economic
Forum (economic opportunity, education, health, and political
participation) plus five nongender-based controls of Internet
penetration, population size, economic inequality, Facebook
penetration, and mean Facebook active user age (see Materi-
als and Methods). Fig. 2A shows the quality of the model fit,
comparing empirical values of FGD rank vs. model predictions.
Remarkably, the model can explain well the ranking of FGD
(R2 =0.74), with very few points far from the diagonal. While
this result might be partially explained by Facebook using vital
statistics in their calculations, it is nevertheless consistent with
replications of the model using limited survey samples from the
Pew Research Center and the GWI (SI Appendix, section 2). This
indicates that the performance of the model is not an artifact of
the Facebook marketing API.

Fig. 2B shows the estimate of the coefficients of our model
of FGD. The strongest coefficient is that of education gender
equality, which can also be observed from the colors in Fig. 2A.
Specifically, countries with high rank in this index have, on aver-
age, lower FGD. Health and economic gender equality also have
significant negative coefficient estimates, showing that the FGD
captures more than one type of inequality. Note that the index
for political gender equality does not have a significant relation-
ship with FGD when the other indices are considered in the
model.

Among gender-independent controls, only Internet penetra-
tion is negatively associated with FGD. Nevertheless, the FGD
is also correlated with gross domestic product per capita (Spear-
man correlation �0.57, p< 10�6). For that reason, we repeated
the model using gross domestic product as a control variable,
finding similar results. These results evidence that the rela-
tionship between gender equality indices and FGD is observ-
able when development metrics are considered. We present
these additional controls, regression diagnostics, and robustness
tests in SI Appendix, section 2, concluding that the negative
relationships between FGD and gender equality indices are
robust.

Fig. 1. The FGD across 217 countries. Countries are colored according their FGD from highly skewed toward males (red) and balanced (blue) to highly
skewed toward females (green; not visible). Left Inset shows the scatterplot of male and female activity ratios across all countries, revealing a spread
along the diagonal. Right Inset shows the histogram of FGD values in bins of width 0.2. While the mode of countries is slightly below zero, there is
significant skewness toward high FGD values. An online interactive version of this figure can be found at https://dgarcia-eu.github.io/FacebookGenderDivide/
Visualization.html.
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Facebook gender divide

• What are the explanatory variables for the Facebook gender divide?
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Fig. 2. Regression results of FGD as a function of gender equality. (A) Model predictions vs. rank of FGD, where rank 1 is the country with the highest
FGD. The model achieves a high R2 above 0.74, explaining the majority of the variance of the FGD ranking. Some countries are labeled, from high FGD
[Liberia (LR), India (IN), and Saudi Arabia (SA)] to low FGD [Finland (FI), Norway (NO), and Uruguay (UY)], as well as some outliers [Dominican Republic (DO),
Austria (AT), and Sri Lanka (LK)]. (B) Coefficient estimates and 95% CIs of the terms of the regression fit (excluding intercept). Education (Edu), health (Heal),
and economic gender equality (Eco) are significantly and negatively associated with the FGD, but political gender equality (Pol) is not. From the control
variables, Internet penetration (IP) is negatively associated with FGD, but the rest are not. The main role of education equality in FGD can be observed in
A, where dots are colored according to the rank of education gender equality, showing that countries with low FGD are ranked high on education gender
equality. An online interactive version of this figure can be found in https://dgarcia-eu.github.io/FacebookGenderDivide/Visualization.html. FBP, Facebook
penetration; Ineq, income inequality; Pop, total population.

The value of being active on social media might vary across
genders, which we address in a wide country comparison. The
general penetration of a communication channel can increase
the value that individuals get for using it, which is an example of
a feedback mechanism driven by (positive) network externalities
(27), also known as Metcalfe’s law (28). If there are network
externalities on Facebook, the activity ratio of countries should
scale superlinearly with the Facebook penetration in each coun-
try. This scaling relationship with Facebook penetration might
vary for the activity ratios of different genders, which would
signal an additional marginal benefit of using Facebook for
one gender.

Fig. 3 shows the scaling relationship per gender between the
activity ratio and the total Facebook penetration in each country.
Lines show the result of a power law fit between both variables
with an intercept and an interaction term for gender. The esti-
mate of the scaling exponent for each gender is clearly above
one for both genders, revealing a superlinear trend consistent
with network externalities in Facebook. This exponent is signif-
icantly stronger for female users (↵F =1.45, CI = [1.41, 1.49])
than for male users (↵M =1.20, CI = [1.16, 1.24]) (details are in
SI Appendix, section 3), suggesting that the network externalities
in Facebook are stronger for women than for men.

Given the network externalities shown above, could the FGD
be related to changes in economic gender inequality? We test
this possibility by analyzing the change in FGD and economic
gender equality between 2015 and 2016. We fitted two regres-
sion models, one of changes of economic gender equality as a
function of FGD (FGD2015 !�Eco2016) and the converse one
(Eco2015 !�FGD2016), including controls for autocorrelation
and gross domestic product as explained in Materials and Meth-
ods. The coefficient estimates, shown in Fig. 4, reveal a significant
positive relationship between the FGD rank and changes in eco-
nomic gender inequality but not vice versa: there is no significant
relationship between economic gender equality and the changes
in FGD.

The partial R2 value of FGD2015 in the first model is much
higher than the equivalent of Eco2015 in the second model
(median bootstrap values of 0.027 and 0.002, respectively), as
shown in Fig. 4, Right. This suggests the existence of an associ-
ation between FGD and changes in economic gender equality,
such that countries with a low value of FGD (i.e., high rank num-
ber) tend more, on average, to approaching economic gender
equality. This observation is consistent across age groups and
is robust to the inclusion of further control variables, includ-

ing socioeconomic indicators, other gender equality metrics, and
Hofstede’s culture values (29) (more details are in SI Appendix,
section 4). On the contrary, this association is not observable for
education gender inequality, as a model of �Edu2016 shows no
significant coefficient for FGD2015.

Discussion

By quantifying the FGD among 1.4 billion Facebook users, we
show a number of phenomena that deserve further investigation.
The FGD is associated with other types of gender inequality,
including economic, health, and education inequality. While the
mechanisms behind this connection and its generalizability to
other social media remain open questions, this work is an exam-
ple of how publicly accessible social media data can be used to
understand an important social phenomenon.

Recent reports warn about the possibility that individual Face-
book user data were misused by Cambridge Analytica (30),
pointing to general concerns about privacy in social media. We
share those concerns, in particular with respect to the use of sen-
sitive data in potential conflict with the European Union General

Fig. 3. Gender differences in network externalities on Facebook. Scaling of
the Facebook activity ratio per gender vs. total Facebook penetration. Solid
lines show fit results, and shaded areas show their 95% CIs. Both male and
female activity ratios grow superlinearly with Facebook penetration (↵> 1),
indicating positive network externalities. These network externalities are
stronger for female than for male users (↵F >↵M).
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Can we use networks to mobilize people?

• Yes, information travels very fast in social networks, but can we use it to mobilize people?

“Impossible by  
      conventional intelligence”
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Can we use networks to mobilize people?
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Human-Machine Cognitive Symbiosis

Can we use networks to mobilize people?

Kleinberg & Raghavan,  
Query incentive networks (2005)
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Can we use networks to mobilize people?

(a) Recruitment tree.
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Can we use networks to mobilize people?

46 countries 126 countries 4,521 Team Members >100,000 Visitors 

(a) Global spreading.

Global reach in 36 hours
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Human-Machine Cognitive Symbiosis

Can we use networks to mobilize people?

Can we model it?

Human mobility

Branching dynamics 

of recruitment

Geographical spreading 

of social networks

Temporal dynamics of 

message propagation

A model of social geographical mobilization 
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Human-Machine Cognitive Symbiosis

Motivation
Model
Results

Conclusions
Acknowledgements

Model VI - Initial Conditions

o Initial burst of 164 recruits at MIT
o Sample waiting time distribution
o Wait in queue
o Sample branching distribution
o Choose recruits on short or long range
o If recruit is in same cell as balloon; found.

Rutherford A, d’Souza S, Moro E, Cebrian M and Rahwan I Mobilizing People Fast

Can we use networks to mobilize people?
1. Select a seed (@MIT) 
2. Wait for a response time  
3. Recruit a number of active/passive new members 
4. Choose them on short/large distances 
5. If ballon is in the search area of the recruit => found 
6. Proceed to 2 with the active recruits. If none, stop
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Human-Machine Cognitive Symbiosis

Can we use networks to mobilize people?

Time to completion  
(8 balloons found) 

Yes, it can (risky).  
But it success depends 
on: 
* Incentives to 

participate/search. 
* Incentives to recruit 
* Use of geographical 

heuristics

Motivation
Model
Results

Conclusions
Acknowledgements

Results II

Rutherford A, d’Souza S, Moro E, Cebrian M and Rahwan I Mobilizing People Fast
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Human-Machine Cognitive Symbiosis

2015
Crowds: 
Real time event detection in cities 
Estimating attendance of events

Cities: 
Energy consumption  
Predicting crime hotspots 
Health catchment areas 
Census estimation

Economies: 
Loan Repayment 
Food consumption and  
poverty indices 
Microcredit approval 
Labor market

Societies: 
Spread of diseases 
Social influence 
Privacy 
Product adoption 
Marketing

Mobility: 
Mobility prediction 
Impact of Sharing Economy 
Optimization of public  
transportation

Mobility

Content

Activity

Social
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