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_ Abstract [ Hedonometrics: Measuring the Happiness of a Text

BACKGROUND: Twitter, a popular social media outlet, has become a useful tool for the study of social behavior

through user interactions called tweets. The geo-location and timestamp of tweets along with message content provide

iInvaluable social and demographic information for an applied comparison of social behaviors across the world. sunshine
OBJECTIVES: To determine the density and sentiments surrounding tobacco and e-cigarette tweets and link

prevalence of word choices to tobacco and e-cigarette use at various localities.

METHODS: All tweets with geo-spatial coordinates are salvaged from the twitter-feed, representing approximately 1%
of the entire twitter-sphere, along with tweets mentioning Tobacco or Electronic Cigarettes from a 10% sample of
twitter spanning 2012-2013. Pattern matching by tobacco and e-cigarette related keywords yield approximately 20,000

affiliated geo-tweets per month from North America. The emotionally charged words that contribute to the positivity of
various subsets of regional tweets are quantitatively measured using hedonometrics. We examined the density of
these behavioral tweet indicators by region and tested the relationship between tweeted smoking sentiments and

time-space-type coordinates over a 6-month span using geo-data, as well as the change in sentiments over a two year LabMT is a happiness distribution of the most frequently occurring 10,000 English words that
span. were compiled through frequency distributions from literature,(Google Books), websites (Google
RESULTS: For states with a high twitter prevalence, the ratio of tobacco tweets per state correlate to state smoking Web Crawl), and Twitter. Surveys were created mimicking the self affective mannequin method, a
rate estimates. Over a 6-month span, the density of tobacco related tweets correlate to the CDC estimates of state sample of which is given above. Fifty participants were recruited using the online survey tool,
smoking rates. Tobacco related tweets were collected over a two year span, and converted to each user’s local time Amazon Mechanical Turk, to identify the face that best matched the emotional response elicited
using time-zone meta data in order to map the daily cycle of tobacco use in terms of frequency and happiness. Tweets by each word, which were then converted to a 9 point scale. On the numeric scale, 1

mentioning electronic cigarette were predominately commercialized (~ 80%). These tweets were categorized in order corresponded to the face with the largest frown and 9 to the face with the largest smile. The

to investigate the relationship between commercialized tweets and their effect on organic users. Our results illustrate average happiness score, hayg, for each word was then calculated via the arithmetic mean of 50
significant variation in smoking sentiments by state and at varying regional scopes as well as over time. user reported ratings per word. Using the average happiness scores of each word, the average
CONCLUSIONS: It is anticipated that real-time analysis of health behavior using twitter feeds will allow for more positivity of a subset of tweets can be quantified and used to compare different tweet distributions.
targeted forms of health policy planning and intervention. Regional density of tobacco and e-cigarette related tweets To increase the emotional signal, neutral words (4 < hayg < 6) are removed from the analysis.
yield insight to the prevalence of tobacco usage per capita. Sentiment analysis across the twitter-sphere can help The standard approach to perform a hedonometric analysis on twitter is to create a happiness
illuminate hazardous health behavioral trends and allows the possibility to help mediate poor health habits and time-series. Outliers on the time series correspond to time-periods containing an overabundance
potentially a number of health interventions in order to improve health consciousness and target medical interventions of emotionally charged words. These outliers can then be investigated with word-shift graphs to
towards maximizing population health. help illuminate what is driving the emotional shift.

2012-2013 Twitter Happiness Time-series

Using the happiness scores from LabMT, the average emotional rating of a corpus is calculated by tallying the appearance of words found in the intersection of the wordlist and a given corpus, in this case subsets of tweets. A
weighted arithmetic mean of each word’s frequency, f,,.4, @nd corresponding happiness score, h,,,4 for each of the N words in a text yields the average happiness score for the corpus, higxi:
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US Geo-tagged Tobacco Tweets: March-September 2014

Approximately 1% of all tweets report the geo-location to within ten meters of accuracy of the user. This Geo-tagged data-set allows for regional comparisons of tobacco cigarette keyword mentions across the United States. A
happiness heat map of the 50 States (center) helps visualize the happiness of tobacco related tweets at the regional level. States with less than 500 tweets are removed from the analysis.
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US Geo-tagged Electronic Cigarette Tweets: March-August 2014

Tobacco Tweets: Daily Cycle

Trer: California (Rayg=5.88) Trer: New York (Fra,e=5.81)

Toos New York (hospet 52 Toon: Tosns (s 5 Tobacco related tweets from 2012-2013 were also collected
. . . | 1 | | | | 1 | : 1 (o)
All tweets that mention electronic cigarette keywords between March & — e - N st banned | from ther;I'wnteLrJfl.rehor?e, a 10% random dsample O,Lthdeb ,
and August 2014 were collected and binned by U.S. state. Below is a 5 - T 5 il o tW|tthersfp here. E‘”g the tllmeC;zone metadata provi ed yhtvylttler, |
. . - + Jplainum B " , - B
heat map of the counts of e-cig tweets per each state. A substantial e ——m—restitons - gl each o (;[ ﬁse ED_ acc(:jobre ah‘teh twee;[shwe(;e cogvzesrteﬂ’:o :c eirioca
number of tweets is required to perform a meaningful hedonometric ; ;Jirdeigd N ! ';j:\f’;’r: died - tlmder?n t en C'jr,me,b Yt © fom;r 0 the Iaylcf' ) c)i € frequency
. . . . - - p0oISon B 7 - B
analysis of a region. Since there are substantially less tweets per state Fdovn L nom +f -é_h%bs‘i‘ﬁ‘f‘f" 3” appiness distrl utlonds ot these Iogry hm ne dtweetsl g
mentioning e-cigs in comparison to tobacco, only a few states canbe —— 00d . o w1 e.mon.strstel a ptlc_)r?oupce Ilmv.ersedre ationship ar;] e}ée_r ottel f)nfa
. . " -11as B 7 B
compared with hedonometrics. _Morst;:broke_J lgeal = twin axis below. [his visualization emonstrate_st e ‘aal .y cyc_: e o
; . e -Siupid forgot tobacco tweets over two years. In order to avoid a negative bias,
| e + ) . '
Nort g i X 201 nasty mmf— "aPPY + 201 _1won.tEf°a;dy+1 ' the cigarette keywords implemented to scrape the tweets were
Mantana CLECIN QLY ~ - =~ ithout - : .
-- otawa, Monigal {1 ——"hod x . ot | x +lgod wiout removed from the hedonometric analysis.
Dséjkucttlg " B Toonto D ] Wi B 251 - ?ﬁlotst el e protest - | -
O R Y ey S Ty W g 5 R 2012-2013: Hourly Binned Tobacco Tweet
—omeggo Hampshire ' .U1lc-2VU15. nouriy oinned 100acco Iweets
Nebraska ! ﬂ' Massaihusetts < 30 - %EE{}? i < 30 Séfg)}l;"ﬂ I T S s B B B B R B RS- N 5.74
Nevada Unitefi STaTes 4 . b =t (1 A Rhode Island -doesn't - nothing - | A A e I T G
Uitah s - , _d8iphia . s | 0 L0 0 e e e .
t s Kansas | Missouri§ wﬁ \ b Vnnnecncut 2014: State Ecig Counts ) %I;[g:ﬂees? 25 - -{dumb :f;\:;z:-ﬂ 273
e ' New Jersey 351 - fannoying e | _ —1me +1 Text size:
Q [] 0to50 1die Text size: +|nice ] > |
O banse | ME,SSE:EFE [ 5010200 10" -1n?e.an crack - | Lt Leon 10 :ﬁ,%?lnf# y e LC) SN A Bn2u
o New Mexico Msissiy @ Distlict of I 200 to 300 104 +Juice steal - L 404, losing - - @ 8oooof SN 8
, | : Columbia o 10 - fkilling - |dead | = —
San Diego I 300 to 400 harm - | Balance: 2 . shop +1 Balance: O =
_ [ 400 to 500 K N Jhah?gr?( PPy 10 - fhaven't fre - | -2309 | +2409 1 a 5.71 %
e [ 500 to 700 1. - ot HE 459, ll -| ' o m | |
' . (508 Il 7000 977 *710 - Thell et @ Q N %ua[i)te_rﬂ b Q . 60000+ 570 ©
CGfuflrmf' Monter il 5 ’ “at wish +]1 L — l-OSS'i . . = oL
R o Guiof \ SO 0 0 100 dad + 1. .-l 50 oo - fsuck fight - L “F 5 o
L < 509 v sp.., -ldangerous - 2 Ohaee . . o 69 @)
-1(I)0 -5I0 (I) 5I0 1(I)0 -100 0 100 L E
. . . . Per word average happiness shift dhas - o Per word average happiness shift 67, . = 40000\ N AN q>)
The word shift graphs (right) compare the states with the most e-cig related tweets. The leftmost shift compares the tweets from New York relative to = 5.68<C
California. In New York there are less occurrences of the negative words ‘ban’, restrictions’, a higher occurrence of the negative words ‘poison’, = N /N
‘died’, ‘worst’, ‘stupid’. On the right, tweets from Texas are compared to tweets from New York. In Texas there are less occurrences of ‘banned’, 500000 Nt T
‘poison’, ‘protest’, and ‘nasty’, and more occurrences of ‘juice’, flavor’, ‘candy’, and ‘quit’. R
STIPF IS @O PP OO RIS
Hour
Electronic Cigarettes: Twitter Categorical Time-series Analysis Toac 20y o 8 (a7
1 — + Jcoffee |
- hate
All E-cigarette mentions spanning January 2012 to July 2014 from 2012-2014: User Tweet Distributions (6t The number of E-cigarette tweet | N i
the Twitter firehose, a 10% sample of all tweets, were collected and 0 Oic frce)m eaechu sereiso Iottc;gacl)rfloe Sfj: neve eft) A 4 shift binned
plotted as a function of time (below). The tweets were categorized o) Wur oh ftpr ! t? e - o I E)e ) hwr?r S flth '”d”e
into three classes: Organic, Commercial, and Infomercial. e cth? e in Zenstimegtge)fsor l;Snic? eseri et .”y etact ?;]J "o ?. ay”
Marketing tweets use many overly positive words to advertise the [ o | o rﬁm off) as well gm rl:n " -~ T I | #S ra 35 Z emaotionally
product and vastly outnumber Organic Tweets. Since the use of g © ?nm rei(le %jsr enias C(t)e parli g he you ! C a{QS tyvort Sth h
Social Media as a marketing outlet for E-cigarettes is currently a hot 5 | ?r(i) ) © C():nathae Ief(i 928(‘) 1; ?sa S%% ae§ -~ i I _COE ributing OH ec 2ange
political issue, it's important to isolate each of these categories and g S ’ |Sed — e N Nappiness. Here, pm
analyze each separately E reference for 2013 where there is an - oo is compared to 8am. An
Monthiv E-cia Tweet Counte and Sentiment < Increase in the negative words ‘die’,'ban’, 5 2 e S ) Increase in the negative
on -C ee ounts an entiments 0 0l . . I " . y 3 . S -1damn ¢ ISRT . )
s LI E-CI3 THEEL LOLTES NG eNLUMENSs — g hate’, ‘against’, ‘stop’, and a decrease in = T s words ‘hate’, ‘disgusting’,
o *9| 1 Commercia / \/\/\/N positive words ‘love’, ‘good’, and ‘hope’. 7 T i ‘never’, ‘gross’, and a
% nfomercia ) . 0 b , B T ———— , \ taxes - l . ry
S J R S /\ On the right, commercial tweets are e decrease in the positive
5 e | | | , using more positive words related to 7 imiion i words ‘coffee” and
- : 10 10° 10" 107 10° 10° : ‘ » y ’ 3 +pirthday oS ‘ T,
. ‘ . ‘ | ‘ ‘ ‘ | | Jog,,(Number of Tweets) marketing, ‘free’, ‘best’, ‘sale’, ‘new’. o ‘ morning’ (among others)
| 7 cimends [ i are the culprits for the
- Istress Balance: . .
?9[: Organic 2012 (iLaf\,g=5.t3(')) ?ef; Organic 2012 (havg:;-gn) 10% t _1d'rl‘;': 4mo . 4350 negatlve Shlft
. comp Organic 20:3 (Mayg=5.80) . | comp Commercial 2012 (a4, ¢—6.43) | a5 be.lby+‘| + w1
1 m%ﬁan I " not - | free+l T ° 7 + [flavor e O Q
quit - | ] best +1 10° b : -1die
5 '1tob§%fi1)csﬁ '(t) I . ;1}|ri||?é| fsmt-l i T o 1. ..1
+|haha tired - :]Ponw-% i A
1 cool +‘H +|me O ovas
10 +|good ] B 104 +lmy O
bad - | B bad -
- not ] visitoi!s +1
- lhate Shit - Ui 1 amazing +1
15 tgqust e - 154 T sl : Acknowledgments
- |broke . + llol O
_ millions +1 + Jlove [
. Y . . | - 1kill ids + I . +|haha [ cant - i .
0 50 Organic vs Commercial: Frequency Correlations (Left) .Commermal and X capana ! L © ood - Gieen 1 The authors wish to acknowledge the Vermont Advanced
e Organic tweets spanning < el paned L g o _ Computing Core, which is supported by NASA (NNX-08A096G) at
AL +Jreal - +lyou . . . . .
5 Jan. 2012 to July 2014 are g o ot o YO g the University of Vermont which provided High Performance
. . ealth + + [cool . .
040} binned into hourly = - tadlon cHies - F TR e o - Computing resources that contributed to the research results
; distributions and n = L el g _ reported within this poster. EMC was supported by the UVM
- 0.35 . correlated as a function of g mmean-l g D T Complex Systems Center, PSD was supported by NSF Career
. — . . _idamn 10 q%g §+
E 030881 T // lag. Each correlation is w],, /f 'f"’{"".g wvery | L w04,y { oy 3 o = | [} Award # 0846668. CMD and PSD were also supported by a grant
ﬁ g-;;M’MIWMMMWNMWVWJIM — significant for the first 10 e e + -223'?E$§s+1_ o < o %’ﬁh"fﬁ + s 1 from the MITRE Corporation. CJ, DG, RR, TJW, AK, and AS are
" O-ZS-E- | .1 .Iu. .“”. .]" | hours (p < 9.01). The -niggas t'iekr?oﬁlt-l 2 2 45'10: %’ftifﬁ ol@) supported in part by the National Institute of Health (NIH) Research
01 : 2 4 é é | correlation is maximized s0{ "% g0 aealiS B 5 Foos] e gl ey wards R0O1DA014028 & RO1HD075669, and by the Center of
Lag (hours) with a lag of one hour. Per word average happiness shift ., . « S er word average happiness shift dhu, e Biomedical ResearchExcellence Award P20GM103644 from the

National Institute of General Medical Sciences.

http://www.uvm.edu/storylab @compstorylab




