Detecting Trends in Twitter Health News

Abstract

Twitter has become a major source for data in recent years and it provides great opportunities for data
scientists and analysts to develop models to try and solve whatever problem they have in mind since
everything is being shared. One of the important areas is health and twitter has a lot of information from
news agencies. By considering health tweets, we can get a lot of insights on the health problems the
world faced during the time if the collected data, and we can know what problems were popular or not.

We will try and use a MapReduce approach to build a model that can detect trends in Twitter data and
produce graphs that can help visualize the results.

Introduction

For our project, our goal is to find a way to detect trends of health issues. More specifically the questions

we are trying to answer are: When does flu become an important issue each year (for the years the data
was collected), and can we find another major health issue that has recurring patterns and be able to apply
the same model to it? This problem is sure to be done before but not in the same way we are presenting it,
we are not sure how it is being done but we can assume that there are some tools that have been developed
so that medical professionals always are in the know for trends in health issues.

Our contributions include building a model that when given a set of tweets and their corresponding time
(month and year preferably) and specify a disease, can be able to produce a monthly trend graph for each
year of the data collected. This would make it very convenient for anyone who is curious to get helpful
information from only a set of tweets. It is hard to validate the system accuracy since there is nothing to
compare it against, but one approach might be using our previous knowledge on when flu for example tends
to start and end as a validator. Our goal also is to have a model that is not slow and can finish in a reasonable
amount of time.

Methods

- Step 1: Map to array - Step 2: Reduce to unique dates

‘l [
b files — (“MONTH1 YEARL”, [(“WORD1", 1), (“WORD2", 1), (“WORD3", 1) ....]),

\ l / (“MONTH2 YEAR2”, [(“WORDS6”, 1), (“WORD7”, 1), (“WORD3”, 1) ....]),
(“MONTH1 YEARL”, [(“WORD4”, 1), (“WORDS”, 1), (“WORD3”, 1) ....]),

585978391360221184 | Thu Apr 09 01:31:50 +0000 2015 | Breast cancer risk test devised http://bbc.in/1CimpJF

585947808772960257 | Wed Apr 08 23:30:18 +0000 2015 | GP workload harming care - BMA poll http://bbc.in/1ChTBRv

585947807816650752 | Wed Apr 08 23:30:18 +0000 2015 | Short people’s 'heart risk greater’ http://bbc.in/1ChTANp ]

585866060991078401 | Wed Apr 08 18:05:28 +0000 2015 | New approach against HIV 'promising’ http://bbc.in/1E6jAjt [
585794106170839041 | Wed Apr 08 13:19:33 +0000 2015 | Coalition 'undermined NHS' - doctors http://bbec.in/1CnLwK7

(“MONTH1 YEAR1”, [(“WORD1”, 1), (“WORD2”, 1), (“WORD3”, 1) ....]),
585733482413891584 | Wed Apr 08 09:18:39 +0000 2015 | Review of case against NHS manager http://bbc.in/1Ffj6ci

(“MONTH2 YEAR2”, [(“WORDS”, 1), (“WORD7”, 1), (“WORD3”, 1) ....]),
Reduce (“MONTH1 YEAR1”, [(“WORDA4”, 1), (“WORDS”, 1), (“WORD3”, 1) ....]),

Map

[ Map ]
(“MONTH1 YEARL”, [(“WORD1”, 1), (“WORD2”, 1), (“WORD3”, 1) ....]),
(“MONTH2 YEAR2”, [(“WORDSE”, 1), (“WORD7”, 1), (“WORD3", 1) ....]),

Reduce
(“MONTH1 YEARL", [(“WORD4”, 1), (“WORD5", 1), (“WORD3", 1) ....]),

] [ [

(“MONTH1 YEARL”, [(“WORD1”, 1), (“WORD2”, 1), (“WORD3”, 1) ..., (“MONTH1 YEAR1”, [(“WORD1”, 1), (“WORD2”, 1), (“WORD3", 1), (“WORD4”, 1), (“WORD5”, 1), (“WORD3", 1) ....]),

(“MONTH2 YEAR2”, [(“WORDS”, 1), (“WORD7”, 1), (“WORD3”, 1) ....]),

(“MONTH2 YEAR2”, [(“WORDS”, 1), (“WORD7”, 1), (“WORD3”, 1) ....]),
(“MONTH1 YEAR1”, [(“WORD4”, 1), (“WORDS”, 1), (“WORD3”, 1) ....]),

- Step 3: Reduce More

(“MONTH1 YEAR1”, [(“WORD1”, 1), (“WORD2”, 1), (“WORD3”, 1), (“WORD4”, 1), (“WORD5”, 1), (“WORD3”, 1) ....]),

e MapReduce programming
(“MONTH2 YEAR2”, [(“WORDE6”, 1), (“WORD7”, 1), (“WORD3”, 1) ....]),

______ model approach
| e Pyspark (Spark Python APl)

Reduce

[ (“MONTH1 YEAR1”, [(“WORD1”, 8), (“WORD2”, 7), (“WORD3”, 15), (“WORD4”, 2) ....]), fo r p a ra I I e I p rO Ce S S I n g

(“MONTH2 YEAR2”, [(“WORDS”, 1), (“WORD7”, 8), (“WORD3”, 2) ....]),

| e Run In Jetstream allocation

Frequeney

Fig 1 indicates rise of tweets with
“flu” at the end of each year and
beginning of next year, while
flattening in the middle of the year.
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Results

Fig 1: Trends for FLU between 6/2011 and 4/2015 Fig 2: Trends for EBOLA between 6/2011 and 4/2015 Fig 3: Trends for HEALTHCARE between 6/2011 and 4/2015
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Fig 3 proves that we can use the
model for any keyword and produce
nice graphs.

Fig 2 indicates sharp rise in “Ebola”
In tweets mid 2014. There was an

Ebola epidemic outbreak between
2014-2016 according to CDCI".
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Conclusions

e Advantages/Qualities:
o Model Can be applied to any field not just health given
relative set of tweets
o Dynamically detect start and end dates of tweets
o Produces clean graphs that can be easily understood

e Areas of Improvement:
o Make use of synonyms and plurals
o Make more efficient (~ 30 seconds for ~60k
tweets)
o Graphs can be more user friendly configurable

e Future Work:
o \Work on suggested improvements.

e Lessons Learned:
o Importance of understanding the data and cleaning it.
o Understand how to apply MapReduce Model.
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