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Sharing Mexican experiences about 
the use of tweets to obtain 
statistical information by the 
National Institute of Statistics and 
Geography of Mexico, INEGI.  

Pilot Test

Purpose of the presentation



CONTEXT



National Institute of Statistics and 
Geography of Mexico, INEGI

INEGI is a Constitutionally Autonomous Entity with:
ÅStatistical and geographical responsibilities
ÅAround 20,000 employees
Å10 Regional Offices and 34 State Offices all around the 

country
Å5 General Directorates which generate and integrate 

statistical data: economic, social, demographic, 
government, public safety and justice

Lb9DL ƛǎ ǊŜǎǇƻƴǎƛōƭŜ ŦƻǊ aŜȄƛŎƻΩǎ National System of 
Statistical and Geographical Information



Emergence and Evolution 

of new information sources



Big Data Sources
Å Smart meters and sensors

ï Traffic cameras, GPS devices, price scanners, power monitors, smart 

watches, smart phones, etc.

Å Social Interactions

ï Talks and publications on social networks like Twitter, Facebook, FourSquare, 

etc.

Å Business Transactions

ï Movements of credit cards, electronic cash registers, cell phone records, etc.

Å Electronic files

ï Documents which are available in electronic formats such as PDF files, websites, 

videos, audio, digital media broadcasting

Å Broadcast media

ï Digital video and audio produced on real time
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Governing Board Commitment



Technological Landscape



Institutional Cooperation

ÅNational ÅInternational



TWEETS COLLECTION



Stratification: First Efforts

www.inegi.org.mx/est/contenidos/Proyectos/estratificador/

http://www.inegi.org.mx/est/contenidos/Proyectos/estratificador/
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Twitter as a data source



ÅReadily available

ÅUp to 1% of global tweets at no cost 

ÅAround 12 M accounts in Mexico

ÅGeolocatedtweets by 700 thousand accounts

Å150 M plus tweets downloaded since January 
2014

ÅEven though its drawbacks: Not documented, 
ƴƻǘ ǎǳǇǇƻǊǘŜŘ ōȅ άǘǊŀŘƛǘƛƻƴŀƭέ ǎǘŀǘƛǎǘƛŎǎ 
methodologies

Why Twitter?



Polygon for the collection of 

tweets



150 Millions of Tweets, August 

2015



70+ Millions of Tweets 

August 2015



MOBILITY



4ô469,550 displacements

347,157 Tweeter users

Tweeter Users Mobility



Tweets behavior on a Long-Weekend



Use of Twitter Data for Tourism Studies

GUANAJUATO



PUEBLA





Research for development of analytical method to measure trans-
border mobility trough Geo-referenced tweets. 

Mexican(red) and US(blue) tweets Mexican tweets

Border Mobility



Frequency of Tweet Generation in the 
country



Geo-referenced Tweets in the 
Municipalities



Use of the Mexican Roads 
Network 

70 millions of geo-referenced 

tweets

October 2014

121 millions of geo-referenced 

tweets

January 2015



Average Tweets on Banks and 
Bars in a Week



ÅάCŜǊƛŀ bŀŎƛƻƴŀƭ ŘŜ {ŀƴ aŀǊŎƻǎέ 
visitants

ÅInternal tourism in all the country

ÅMobility in our Borderlines 

ÅUrban-Rural Systems

Next studies on mobilityé



SUBJECTIVE WELLNESS



Project Objective

31

Generation of experimental indicators, new or

complementary to traditional methods using data science

technologies for the extraction, storage, processing and

visualization of big data.
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Expected benefits

ÅNew indicators obtained from Big Data

Sources

ÅCorrelation of results with traditional

methodologies information

ÅScientific production



Process

Inception
Å Supervised Learning Method

ÅHumans put qualifications on a 

training set

Å The system uses similarities to 

qualify other tweets
http://cienciadedatos.inegi.org.mx/pioanalisis

Desarrolló

(5000+ students)

Knowledge gatteringé

http://cienciadedatos.inegi.org.mx/pioanalisis


Set of tagged tweets from PioAnálisis

(Tweet Analysis)

Å5000+ volunteers

Å374 000 tagged tweets

Å40 000 different tagged tweets (each tweet 

have been revised 9 times on average)

Knowledge



Automatized Analysis and 

Qualification

With the manually tagged set of tweets we 

built a training set to teach the system to 

recognize and use similarities to qualify 

other tweets



Training

Validation

NormalizationCleaning
Tagged 
Tweets
(40,136)



Cleaned Tweets
(19,163)
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Cleaning

TaggedTweets
(40,136)

Cleaning
Contradictions and repetitions

Cleaning process

entropy
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Word correction
(dictionary, statistics and heuristics)

Information Pre-Processing
(normalization)

Coding
(diacritic symbols)

Lematizing
(FreeLing)

Polarity of 
Emoticons
(tag of polarity)

Q-Grams
(q=4)

Filtering
(Suppressing of stop words)
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Tweets Training
όмтΩмсоύ

Validation of 
Tweets
όнΩлллύ

Normalized 
Tweets
όмфΩмсоύ

Decision Trees

Support Vector 
Machines

Genetic 
Algorithms

Bayesian

Support 
Vector 

Machines
+ Emotive 

Charge 
Words

Training with algorithms from the 
state of the art

å 50% of accuracy


