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Challenges Faced in Social Media Mining

e Non Standard Text.

e Lack of consistent geolocation information.
e arge Data Volumes.

e APl Limitations

e [ext Mining



Why do we need geolocation of a social media user?

e Tracking Infectious Diseases.

e (iathering analysis on how well an advertisement is received in
particular region.

e Keeping tabs on spread of diseases such as COVID-19.

Task : Given an input tweet and user screen name, identify the user’s
current location of residence.



Let's Take an Example

User Screen Name ;

Andrew Ng &

@AndrewYNg «———Username

Input User Tweet :

Andrew Ng @ @AndrewYNg - Oct 22, 2020 +—— Time Stamp
1 wrote about LandinglLens and its unique features in The Batch. Al has the
problem of needing customization, which is why we need verticalized
T_l‘_‘e:t_, platforms like LandingLens to empower manufacturing & other domain
experts to build and deploy Al models. landing.ai/platform/ «—— Links

LandingLens xperts in g — rather than experts in machine leaming — to collect
data, mmmmmmmmmnwmﬂﬂ-mmm

Co-Founder of Coursera; Stanford CS adjunct faculty. Former head of Baidu Al Embedded __ " 86 scse o dopoymans. ¥ e e s s s i gt parorance

Group/Google Brain. #ai #machinelearning, #deeplearning #M0OOCs

© Palo Alto, CA rewng.org © Born April 18, 1976
Joined November 2010 _

553 Following 580.3K Followers

m Followed ‘MLevine, YoMnd 5 others you follow

Following
Count

Location

No. of
Followers

A they're emp 1o collect new data and retrain the mode! without being beholden
Media 1o an outside team.
|
Here are a few unique features of LandingLens:
. mmm\gmmwwmmnmumnwmm

fixed and help the g set. We've found that this approach leads to
fsmmessmpmduwonm

« Rather than focusing on g models that gnize defects better than humans can, our tools
aim to improve human-level The better can defects, the more

Mmmmmnmmmmmmwmnu
This is a very different philosophy from usual in Al research, where the goal often is to beat
human-level performance.

Having led Al teams at large ies, | believe it's time to take Al beyond the
technology industry, bﬂmmwmwmwmhwam and I'm excited to
be able to talk about it publicly. | hope that LandingLens — and other verticalized Al development
platforms to come — will lower the bar for industrial deep learing and spread the benefits of Al
throughout the economy.

Kaan leaminal

Replies—> () 4Retweets—> 1) 73 Likes —> ) 370 ALY




Challenges Faced in extraction of locations

e Sparse availability of dataset for training /experimenting the user locations.

e Assume that the user has not moved from his/her previously current location.

e Many of the users might have deleted their account handles, thus rendering it difficult for us to
extract the metadata of the user.

e Inthe profile tag, the user might input wrong/incorrect location name.

e locations in user metadata amount to only 1% of all users.



Some of the important location
related tags are:

USER METADATA | Pheeris

- Profile tag

1 Seurbe=thEEpS: Fwww.lnstagram com\/coco.chenelle_","description”:"\uds3d

“translator type none protected"' lse,"verified":false,"followers_count":4825,"friends_count":2789,
”llsted_count":’,"favourltes count' 1,"statuses_count":6648,"created_at":"Wed Jul 19 13:02:21 +0000 2017",
"utc_offset":n "time_zone":null,"g enabled": ,"lang": "contributors_enabled":false,
"is_translator":false, proflle background color":"F5F8FA" "proflle background_image_url":"
"profile_background_image_url_https":"", "profile_background_tile":false,"profile_link_ color"'"lDAlFZ"
"profile_sidebar_border_color":"CeDEED", "profile_sidebar_fill_color":"DDEEF6","proflle_text_color":"333333",
"profile_use_background_image":true, "profile_image_url":"http:\/\/pbs.twimg.com\/profile_images\/131630663404667289
"profile_image_url_https":"https:\/\/pbs.twimg.com\/profile_images\/1316306634046672897\/hPYqfULA_normal.jpg",
"profile_banner_url":"https:\/\/pbs.twimg.com\/profile_banners\/887658871220830208\/1606087684", "default profile":tr
"defaul rofile_image e "following":ﬁi7 ,"follow_request_sent":null,"notifications" ﬂu_‘}, ={=Ie}

- contrlbutors :null,"is_quote_status":false,"quote_count™:8,"reply_ count“

"id":8R7658871220830208, "1d str":"887658871220830208", "name" : "Coco \ud83d\udc95","screen_name

w,n u on

"retweet_ count"'a "favorlte count

Tools used for extracting user metadata:
- Tweepy
- Twitter API
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Exemplar methods in literature

Carmen

Carmen

Input Tweet
Priority 1 | Priority 2 Priority 3 ]
Coordinates Place Profile
1. Extract city, state, 1. Process text.
) /-\ country information. 2. Search for
Usef $ 2. Also checks for location in database.
Coordinates abbreviations of US 3. Further check for
states and alternative abbreviations of US
Searchi i the 353 country names. states & country codes.
grid around the Proposed Approach l Proposed Approach l
user coordinate for L Use NLP
closest location. s 20 1. Increasing location
address spelling
3 e database.
Proposed Approach variations in country,

Pigeo

Content-
based

v

Classification

Text

l

li

1. Process Text.

2. Create regions.

3. Infer using a
model.

1. We can use a
polygon of n-side
to efficiently
capture location.

2. Instead of grid
sampling, we can
make use of
random sampling.

state or city names.

l

2. If location is not in
English. make use of]|
| {nti

2. Search biography of
user. Make use of a
classifier model for the
same.

l

e.g. Nagpur 1s equivalent|

4. Adjust model for
variations in location
name.

to Nagpoor.

3. Include locations in
native languages.

to AFTYR

e.g. Nagpur 1s equivalent|

1. Feed
inference to
spelling checker|
2. Check for

Yes

if
Native

v

1. Process text.

2. Translate to
English.

1. Search for
event keywords|
2. Infer location

location in
database.

from keywords

1. Create

language regions.

2. According to
language used,

predict region.

Social
Network
v v v
(@mentions Retweets | |Followers
2

1. Search for location

tags in n/w.

2. Assign weights to
the user's n/w.

3. Infer location.

Identify an
aggregation
operation to
compute




.

Goal

Improve on Carmen and Pigeo.
Finally, integrate bath the
methodologies in one system.
Generating a dataset for testing our
model by scrapping user data from
Twitter using tools like Tweepy.
Addressing the issue of
classification on a hierarchical level.




Improve on Carmen
and Pigeo. Finally,
integrate bath the
methodologies in one
system.

Scope of Today's PPT

1. Improve on existing location

database.

Make use of population heuristics.

Content hased classification.

4. Aggregation on user tweets for
meta-based location prediction.

N N




Methodology

Carmen’s old location database limited in scope.
Carmen has its own system for indexing locations.
Need for a unified service. Thus, we make use of GeoNames Service.

Features of GeoNames:

o Contains 25 million geographical locations.

o Also, includes 13 million alternate names.

o Ata high level, can be categorized in four parts:
m  Country level locations
m State level locations
m  County level locations, &
m City/Town level locations.

VY VYY




geonameid integer 1d of record in geonames database

asciiname name of geographical point in plain ascii characters
alternatenames | comma separated, ascii names automatically transliterated
latitude latitude in decimal degrees

longitude longitude in decimal degrees

feature class is the location a landmark, a city, a river, etc.

country code ISO-3166 2-letter country code

adminl code code for the first administrative division

admin2 code code for the second administrative division
population bigint population of the location

In order to make our search even better, we also add a Radius parameter to
the database.

Radius: An approximate radius of the location (in kms)

Tool used: GADM



Extracting Radius using
GADM.

Libraries used: Geopandas,
fiona.

def extract_radius(data):

2 data = data.to_crs(epsg=3035) # Convert to make the map planar

3 # Compute area in km™2

4 area_k = np.round(datal’geometry’].area/1000000, 2)
5 area_m = np.round(area_k*0.386102, 2)

6 radius = np.round(np.sqrt(area_k/np.pi), 2)

7 data[’Area_km2’] = area_k # in km"2

8 data[’Area_m2’] = area_m # in miles~2

9 data[’Radius’] = radius # in miles

10 return data




llustration of a location info in the datahase.

t {"id": 5809844, "unzip": "", "city": "Seattle", "population": 684451,
"latitude": 47.60621, "longitude": -122.33207, "county": "King County",
"countycode": "033", "state": "Washington", "statecode": "WA",
"country": "United States", "countrycode": "US", "radius": 26700,
"postal": "", "parent_id": "5799783", "aliases": ["siyaattl", "sijetl",
"eciyaabtttilV, "ayati"; “eietl", “aitaiprl", “siththiY, Pist'l”.
"seyaatele", "xi ya tu ", "ciyattil", "siyatala", "seattlum", "sietla",
"siehtl", "si’aitala", "seatl", "siet‘l", "sietlas", "shiatoru",
Paietli®, "siatnl", "sytl". "siyaatil", "chiiae’tethil", "syy*tsl),
"siaeteul", "siietl", "siet’1li", "siyatal", "siatl", "sea", "seattle",

A YA AT, MEVEEIN, MadyleaEtal", "siEehttlv]}




Population Heuristics

Alias 1: obshtina byala

Location(country=’Republic of Bulgaria’, state=’Varna’, county=’0bshtina
Byala’, id=732718, population=3287)

Alias 2: obshtina byala

Location(country=’Republic of Bulgaria’, state=’0blast Ruse’,

county=’Obshtina Byala’, id=732719, population=11958)



Content-based Classification

Location can be detected in a tweet based on the user's;

Dialect
Mention of landmarks
Regional issues, etc.

Thus, we exploit this information in the content to determine a user’s
approximate location.



Approaches

There are many approaches used for determining a user’s location from
content such as:

—_—

N-Grams

Segmentation of geographical space (using k-tree)
Geometric Decomposition

Deep Learning Classifier Models.

W

\EVBV

We build our model on Fasttext, and Transformers. Fasttext is more
lightweight and suitable for experiments, Transformers are used for

improving accuracy.



Training models - Fasttext

Input: Country name, Tweet

Output: Predicted User's Location - State name.

1 # Trains basic classifier using input training data.

(89

import fasttext
3 model = fasttext.train_supervised(input="training data here")
s+ model.save_model("model.bin") # Save model binary

s model.test("valid data") # Testing model




Results

1) Aninstance of content model on Germany dataset.

Architecture LR (x 10®) F1-Score Precision Recall

BERT 10 0.872 0.843 0.902
BERTweet 10 0.899 0.896 0.906
DistiBERT 50 0.835 0.839 0.831
RoBERTa 6 0.924 0.897 0.952

XLNET 5 0.903 0.922 0.866




Results

2) Incorporating all improvements in our system.

Dataset #Tweets #Place #Profile
Resolved Resolved
User 4069 21 704
Timeline
Stream 2784 12 378
(29 Jan)
Dataset #Tweets #Place #Profile+
Resolved #Content
Resolved
User 4069 29 3974
Timeline
Stream 2784 17 2443
(29 Jan)

System used: Carmen

System used: Carmen-Plus



A few drawbacks of the system

1. Resolution at city/county level
IS poor.

Drawback 5 || Drawback 1 2. Hierarchical Classification is
not feasible.

3. Transformers are
computationally expensive.

Drawback 4 Drawback 2
4, Doesn't account for spelling
variations.
Drawback 3 5. Radius is generalized, thus
radius data is often not
accurate.
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https://github.com/tweepy/tweepy




