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Urban legend...

How Tesco Increased Beer
Sales by Placing them Next to
Diapers!

Deepak Kanakaraju . 7 13 articles ( + Follow
‘* ¥ Co-founder & CEO at LearnToday.com | Founder at PixelTrack®
-

February 13, 2015
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Data Science is...

the exploration and quantitative analysis of data to develop

understanding, extract knowledge and formulate actionable
results
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You have
missed most
of your
classes, no
wonder your

grades are
lower than
usual.
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@ 0OpenAI Chat-GPT (GPT-3)
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WebText2
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Common Crawl
410

number of tokens (each text correspond to 1-4 tokens) (in billion)
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W P . Using Artificial Intelligence to Change the Future of Drug
Artificial Intelhgence Can Now Addiction Treatment & Narcotics Detection

Use Instagram to Predict
' Mangalore Today News Network
Substance Abuse Risk angalore Today News Networ

A paper published recently developed a method of predicting
someone’s risk of substance abuse based on their Instagram
accounts (link). Let’s take a look at how they did it.

By Dr. G. Shreekumar Menon

- Jarry Wei
+
Jun 26,2019 - & min read 0000
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An insight analysis and detection of drug-abuse
risk behavior on Twitter with self-taught deep
learning

Han Hu, NhatHai Phan , Soon A. Chun, James Geller, Huy Vo, Xinyue Ye, Ruoming Jin, Kele Ding, Deric

Kenne & Dejing Dou

Computational Social Networks 6, Article number: 10 (2019) | Cite this article

5648 Accesses | 13 Citations | 1 Altmetric | Metricé — >

Streaming APIs -
Database - Labeling Tweets

Abstract
Drug abuse continues to accelerate towards becoming the most severe public health problem Boosting
in the United States. The ability to detect drug-abuse risk behavior at a population scale, such :

= oo
as among the population of Twitter users, can help us to monitor the trend of drug-abuse W . (’*",’i‘ teractive ——r— - Al Techniques
incidents. Unfortunately, traditional methods do not effectively detect drug-abuse risk : ny ,.9"’§ (8- User Interface] Monitoring Services Systems Cll'):\:lad f\s"‘::\r/:ii:g
behavior, given tweets. This is because: (1) tweets usually are noisy and sparse and (2) the fald

availability of labeled data is limited. To address these challenging problems, we propose a

Hu, Han & Phan, Nhat Hai & Chun, Soon & Geller, James & Vo, Huy & ye, Xinyue & Jin, Ruoming & Ding, Kele & Kenne, Deric & Dou, Dejing. (2019). An insight analysis

deep se]f taught learning system to detect and monitor drug abuse I'iSk behaviors iIl the and detection of drug-abuse risk behavior on Twitter with self-taught deep learning. Computational Social Networks. 6. 10.1186/s40649-019-0071-4.

Twitter sphere, by leveraging a large amount of unlabeled data. Our models automatically
augment annotated data: (i) to improve the classification performance and (ii) to capture the
evolving picture of drug abuse on online social media. Our extensive experiments have been
conducted on three million drug-abuse-related tweets with geo-location information. Results

show that our approach is highly effective in detecting drug-abuse risk behaviors.
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Data Preparation Z{E£1E

- IS BUE
- ERlAIEE (Data Preprocessing)




Data collection/ mining

3.1 Mining and Filtering Twitter through Livestream

In this first step, tweets are mined from Twitter through a livestream. Tweepy [13], a Python library, was
used to access the Twitter streaming API. The stream was mine for 9 days in December for a total of 486,689
tweets. The tweets were then stored in a csv file for bulk processing. The stream was filtered for keywords
containing drug names taken from the top most popular drugs from the drugs website [14], totaling 462
different drug names. The drug names from the website were names that were most commonly used instead

of the drug’s actual scientific name.

s EHRFEWERS "TE, 2 T K

L EI EIJ—‘—

—

Cannabis Surveillance With Twitter Data: Emerging Topics and Social Bots
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7002948/
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Data pre-processing (Labelling)
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Figure 1: Risk of Schizophrenia for All Substance Abuse Disorders
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From Bud to Brain: A Psychiatrist's View of Marijuana http://schizophrenia.com/?p=793
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Percentage of THC and CBD in cannabis samples
seized by the DEA from 1995-2019
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Text normalization

| think marijuana can be a great way to bond w/ frds! & #chill

>

I think marijuana can be a great way to bond with friend chill
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Normalized text




Bag-of-words

smoke || marijuana || friend

love | | marijuana

smoke || blunt || healthy

friend
marijuana
smoke love

blunt

love | | plant | | school
love | | hiking
go | | school | | healthy
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Naive-Bayes Classifier
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Classifer Class A Test
K i 0.13 0.01 1
L A 0.01 0.10 1
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Testing your algorithms
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Streaming APIs

Database e Labeling Tweets
S— R
Boosting
Interactive Drug Abuse Trained ﬁ[t)lazcz::lws?:
User Interface| Monitoring Services Systems Y )
Crowd-Sourcing

Hu, Han & Phan, Nhat Hai & Chun, Soon & Geller, James & Vo, Huy & ye, Xinyue & Jin, Ruoming & Ding, Kele & Kenne, Deric & Dou, Dejing. (2019). An insight analysis
and detection of drug-abuse risk behavior on Twitter with self-taught deep learning. Computational Social Networks. 6. 10.1186/s40649-019-0071-4.
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