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valence word valence std dev twitter g-books nyt lyrics
rank rank rank rank rank

1 laughter 8.50 0.93 3600 – – 1728
2 happiness 8.44 0.97 1853 2458 – 1230
3 love 8.42 1.11 25 317 328 23
4 happy 8.30 0.99 65 1372 1313 375
5 laughed 8.26 1.16 3334 3542 – 2332
6 laugh 8.22 1.37 1002 3998 4488 647
7 laughing 8.20 1.11 1579 – – 1122
8 excellent 8.18 1.10 1496 1756 3155 –
9 laughs 8.18 1.16 3554 – – 2856
10 joy 8.16 1.06 988 2336 2723 809
11 successful 8.16 1.08 2176 1198 1565 –
12 win 8.12 1.08 154 3031 776 694
13 rainbow 8.10 0.99 2726 – – 1723
14 smile 8.10 1.02 925 2666 2898 349
15 won 8.10 1.22 810 1167 439 1493
16 pleasure 8.08 0.97 1497 1526 4253 1398
17 smiled 8.08 1.07 – 3537 – 2248
18 rainbows 8.06 1.36 – – – 4216
19 winning 8.04 1.05 1876 – 1426 3646
20 celebration 8.02 1.53 3306 – 2762 4070
21 enjoyed 8.02 1.53 1530 2908 3502 –
22 healthy 8.02 1.06 1393 3200 3292 4619
23 music 8.02 1.12 132 875 167 374
24 celebrating 8.00 1.14 2550 – – –
25 congratulations 8.00 1.63 2246 – – –
26 weekend 8.00 1.29 317 – 833 2256
27 celebrate 7.98 1.15 1606 – 3574 2108
28 comedy 7.98 1.15 1444 – 2566 –
29 jokes 7.98 0.98 2812 – – 3808
30 rich 7.98 1.32 1625 1221 1469 890
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10193 violence 1.86 1.05 4299 1724 1238 2016
10194 cruel 1.84 1.15 2963 – – 1447
10195 cry 1.84 1.28 1028 3075 – 226
10196 failed 1.84 1.00 2645 1618 1276 2920
10197 sickness 1.84 1.18 4735 – – 3782
10198 abused 1.83 1.31 – – – 4589
10199 tortured 1.82 1.42 – – – 4693
10200 fatal 1.80 1.53 – 4089 – 3724
10201 killings 1.80 1.54 – – 4914 –
10202 murdered 1.80 1.63 – – – 4796
10203 war 1.80 1.41 468 175 291 462
10204 kills 1.78 1.23 2459 – – 2857
10205 jail 1.76 1.02 1642 – 2573 1619
10206 terror 1.76 1.00 4625 4117 4048 2370
10207 die 1.74 1.19 418 730 2605 143
10208 killing 1.70 1.36 1507 4428 1672 998
10209 arrested 1.64 1.01 2435 4474 1435 –
10210 deaths 1.64 1.14 – – 2974 –
10211 raped 1.64 1.43 – – – 4528
10212 torture 1.58 1.05 3175 – – 3126
10213 died 1.56 1.20 1223 866 208 826
10214 kill 1.56 1.05 798 2727 2572 430
10215 killed 1.56 1.23 1137 1603 814 1273
10216 cancer 1.54 1.07 946 1884 796 3802
10217 death 1.54 1.28 509 307 373 433
10218 murder 1.48 1.01 2762 3110 1541 1059
10219 terrorism 1.48 0.91 – – 3192 –
10220 rape 1.44 0.79 3133 – 4115 2977
10221 suicide 1.30 0.84 2124 4707 3319 2107
10222 terrorist 1.30 0.91 3576 – 3026 –
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std dev word valence std dev twitter g-books nyt lyrics
rank rank rank rank rank

1 fE@king 4.64 2.93 448 – – 620
2 fKKkin 3.86 2.74 1077 – – 688
3 fKKked 3.56 2.71 1840 – – 904
4 pussy 4.80 2.66 2019 – – 949
5 whiskey 5.72 2.64 – – – 2208
6 slut 3.57 2.63 – – – 4071
7 cigarettes 3.31 2.60 – – – 3279
8 fKKk 4.14 2.58 322 – – 185
9 mortality 4.38 2.55 – 3960 – –
10 cigarette 3.09 2.52 – – – 2678
11 motherfKKkers 2.51 2.47 – – – 1466
12 churches 5.70 2.46 – 2281 – –
13 motherfKKking 2.64 2.46 – – – 2910
14 capitalism 5.16 2.45 – 4648 – –
15 porn 4.18 2.43 1801 – – –
16 summer 6.40 2.39 896 1226 721 590
17 beer 5.92 2.39 839 4924 3960 1413
18 execution 3.10 2.39 – 2975 – –
19 wines 6.28 2.37 – – 3316 –
20 zombies 4.00 2.37 4708 – – –
21 aids 4.28 2.35 2983 3996 1197 –
22 capitalist 4.84 2.34 – 4694 – –
23 revenge 3.71 2.34 – – – 2766
24 mcdonalds 5.98 2.33 3831 – – –
25 beatles 6.44 2.33 3797 – – –
26 islam 4.68 2.33 – 4514 – –
27 pay 5.30 2.32 627 769 460 499
28 alcohol 5.20 2.32 2787 2617 3752 3600
29 muthafKKkin 3.00 2.31 – – – 4107
30 christ 6.16 2.31 2509 909 4238 1526
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Positive bias in the English language:

1 2 3 4 5 6 7 8 9
0

0.025

0.05

0.075

0.1

0.125

0.15

havg

N



Hedonometer

Measuring
Happiness
The Hedonometer

Music Lyrics

Blogs

Tweets

Harry Potter

Mental Health

Frame 6/61

A Frequency-Independent Happiness Bias

2

Corpus (Abbreviation): Date range # Words # Texts Reference

Twitter (TW) 9/9/2008 to 3/3/2010 9.07×109 8.21×108 tweets [19, 20]
Google Books Project, English (GB) 1520 to 2008 3.61×1011 3.29×106 books [21, 22]
The New York Times (NYT) 1/1/1987 to 6/30/2007 1.02×109 1.8×106 articles [23]
Music lyrics (ML) 1960 to 2007 5.86×107 2.95×105 songs [24]

TABLE I: Details of the four corpora we examined for positivity bias.
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FIG. 1: Positivity bias in the English language: Normalized frequency distribution (solid black curves) of happiness scores
for the 5000 most frequently used words in four corpora. Average happiness ratings for 10,222 words were obtained using
Mechanical Turk with 50 evaluations per word for a total of 501,110 human evaluations (see main text). The yellow shade
indicates words with average happiness scores above the neutral value of 5, gray those below. The symbols show normalized
frequency distributions for subset word usage frequency ranges (see legend) demonstrating an internal scale-free consistency
of positivity (see Fig. 2 for results of Kolmogorov-Smirnov tests). Upper inset plots show percentile locations and the lower
inset plots show the number of words found when cumulating toward the positive and negative sides of the neutral score of 5.
The distributions as shown were formed using 35 equal-sized bins; the number of bins does not change the visual form of the
distributions appreciably, and an odd number ensures that the neutral score of 5 is a bin center. We employed binning only
for visual display, using the raw data for all statistical analysis.
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tional response with an overall positive bias. Positivity
reflects our social nature [? ], broaden and build [? ],
and ??? [? ].

Negative emotional responses help us avoid [? ] and
focus [? ]

One or two intro paragraphs.
On the increase in altruism

⇤ Add Pinker
The meaningful atoms of language encode a prosocial

...
⇤ It’s surprising; people think negativity will be there.

components
⇤ Add that tracking the change in both language usage
and perception of language
⇤ Value of negative states: [3]

To explore the positivity of human language, we con-
structed 24 corpora spread across 10 languages, detailed
in Tab. I. Our global coverage of linguistically and
culturally diverse languages includes English, Spanish,
Brazilian Portuguese, Korean, Simplified Chinese, Rus-
sian, Indonesian, and Arabic. The sources of our corpora
are similarly broad spanning Twitter, subtitles of movies
and television programs, Google Books [? ], Google Web
Crawl [? ], the New York Times [? ], and music lyrics.

We take word usage frequency as the primary organiz-
ing measure of a word’s importance. Such a data driv-
en approach is crucial for both understanding the struc-
ture of language and for creating linguistic instruments
for principled measurements [4? ]. Each of our corpo-
ra contains between 5,000–10,000 of the most frequently
used words, the exact numbers chosen so that we have
approximately 10,000 words for each language. By con-
trast, earlier studies focusing on meaning and emotion
have used ‘expert’ generated word lists, and these fail to
fit the shape of natural language [5? , 6].

For each language, we paid native speakers to rate how
they felt in response to individual words on a 1 to 9 scale,
with 1 corresponding to most negative or saddest, 5 neu-
tral, and 9 most positive or happiest (see Methods for
details). This semantic di↵erential scale functions as a
coupling of two standard Likert scales. Participants were
restricted to certain regions or countries, for example,
Portuguese was rated by residents of Brazil, and Spanish
by ⇤ spanish raters?. Overall, we collected 50 ratings per
word for a total of ⇠ 5 ⇥ 106 individual human assess-
ments.

In Fig. 1, we show

⇤ Add to table where languages were rated
⇤ Get all demographics from Appen-Butler Hill
⇤ Past studies have shown a strong consistency of hap-
piness evaluations for words, varying little with demo-
graphic and even after language translation [? ]

Track the evolution of language usage and ratings over
time.
⇤ Expand by both direct ratings which could be funded
by national governments and made public and central-
ized, as we have done here

1 2 3 4 5 6 7 8 9

h
avg

Chinese: Google Books

Korean: Movie subtitles

English: Music Lyrics

Russian: Google Books

Korean: Twitter

Indonesian: Twitter

Arabic: Movie and TV subtitles

Russian: Movie and TV subtitles

French: Twitter

German: Google Books

French: Google Books

Russian: Twitter

German: Twitter

Indonesian: Movie subtitles

English: Twitter

French: Google Web Crawl

German: Google Web Crawl

English: New York Times

English: Google Books

Portuguese: Twitter

Portuguese: Google Web Crawl

Spanish: Twitter

Spanish: Google Books

Spanish: Google Web Crawl

FIG. 1: Distributions of perceived average word happiness
havg for 24 corpora in 10 languages. The histograms repre-
sent the 5000 most commonly used words the corpora (see
Tab. I), and native speakers scored words on a 1 to 9 double-
Likert scale with 1 being extremely negative, 5 neutral, and 9
extremely positive. Yellow indicates positivity (havg > 5) and
grey negativity (havg < 5), and distributions are ordered by
increasing median (red vertical line). The background grey
lines connect deciles of adjacent distributions. Fig. S1 shows
the same distributions arranged according to increasing vari-
ance.
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opening monologue to me the thing about birthday parties is that the first birthday party you have and the last birthday party you have are actually
quite similar you know you just kinda sit there you’re the least excited person at the party you don’t even really realize that there is a party you don’t know
what’s goin on both birthday parties people have to kinda help you blow out the candles you can’t do it you don’t even know why you’re doing it what is
this ritual what is going on it’s also the only two birthday parties where other people have to gather your friends together for you sometimes they’re not
even your friends they make the judgement they bring em in they sit em down and they tell you these are your friends tell them thank you for coming to my
birthday party elaine’s o�ce at pendant toby these are great just great really great really really great don’t you think so elaine elaine yeah really great toby
oh a co↵ee table book about co↵ee tables how did you come up with this idea kramer it was there toby oh look at this one it’s saying i’m a co↵ee table put
some co↵ee on me oh the hotter the better that’s what i’m here for elaine you know actually i’ve got some work i gotta do so kramer hey how about if the
book came with these little fold-out legs so the book itself becomes a co↵ee table toby ohhh that is a great idea really really great jerry’s apartment elaine
oooh and that co↵ee table is saying put some co↵ee on me i’d like to put some co↵ee on her hot scalding co↵ee right in her face i swear this is like working
with a contestant from the price is right jerry yeah that’s real interesting elaine listen tell me if you think this is funny men definitely hit the remote more
than women men don’t care what’s on tv men only care what else is on tv women want to see what the show is before they change the channel because men
hunt and women nest elaine yeah it’s funny i dunno jerry you don’t know come on that’s gold elaine well i don’t know about gold jerry oh that’s gold baby
elaine baby what are you doing george now jerry i was saying baby way before george elaine well i don’t know don’t ask me any more questions about jokes
jerry it just puts too much pressure on me jerry well this guy leonard christian’s gonna be there tomorrow night elaine yeah who’s he jerry he’s a writer from
entertainment weekly i would like to have a good show kramer danke schoen my little dumplings elaine hi kramer hey how about that toby huh elaine yeah
how about her kramer ooh she’s a package full of energy elaine yeah she’s a package full of something kramer yeah and that something is life jerry you gotta
meet this gal she’s brimmin with positivity elaine oh pleeeeease kramer hey are you performing tomorrow jerry yeah kramer great i’m gonna bring toby jerry
well you better laugh cause i’m being reviewed leonard christian’s gonna be there kramer oh she’s a great laugher right elaine elaine oh yeah she’s a great
laugher jerry really really great jerry well you want to sit with george i think he’s coming with robin kramer is that the waitress from the comedy club jerry
yeah kramer oh elaine what about her kid is she bringing him too kramer she’s got a kid jerry yeah you should see george get along with this kid monk’s
george ow what are you doing under there hey stop that don’t eat that that’s not food he’s suckin down equal packets robin do you think 25 kids is too much
george 25 kids for his birthday party don’t put your tongue on the floor he’s putting his tongue on the floor here here have some more sugar packets robin so
what about entertainment should i get barney kid no barney robin maybe a clown george how about bozo kid who’s bozo george who’s bozo bozo the clown
that’s who bozo is when i was a kid bozo the clown was the clown bar none robin george george with the orange hair and the big clown shirt with the ru✏es
robin george george he had a tv show he had cartoons robin george forget bozo george bozo’s out he’s finished it’s over for bozo george you know when i was a
kid we didn’t have these elaborate birthday parties w-with catered food and entertainment i remember my 7th birthday party frank blow out the candles blow
out the candles i said blow out the damn candles estelle stop it frank you’re killing him frank blow out the candles robin well this time you can blow out the
candles george nah i have asthma elaine’s o�ce at pendant toby hi elaine hi toby toby how are you doing today elaine fine how are you toby oh i’m great just
great really great oh hey did you hear about bob rosen elaine nope toby he is going to knopp he is going to be a vice president elaine knopp really boy that
means there’s an opening here for senior editor has lippman uh hired anyone toby no i hear he wants to promote someone in-house elaine really toby maybe
it’ll be you elaine oh well toby you really deserve it i mean you have experience seniority lippman really respects your opinion elaine well well it could be you
toby no elaine no really toby really you think so elaine sure toby boy wouldn’t that be exciting elaine i mean stranger things have happened toby wow me a
senior editor i’d like that elaine well you shouldn’t get your hopes up toby toby well it’s a possibility like you said stranger things have happened thank you
elaine thank you comedy club jerry hey ronnie ronnie hey jerry can i have a club soda goin on tonight ronnie yeah you jerry yeah ronnie you know leonard
christian’s here jerry yeah i know ronnie can i ask you something are my nostrils getting bigger jerry i don’t think so ronnie are you sure take a good look they
seem a little bigger jerry i don’t i dunno ronnie is it possible for nostrils to expand jerry oh is this a bit ronnie hey i don’t do bits i’m a prop comic dammit
i can’t find my water gun i can’t go on without my water gun kramer hey jerry jerry hey kramer well here’s toby jerry toby this is so exciting look i have
goosebumps touch touch them i’ve never been to a comedy club before jerry really you know a lot of restaurants are serving brewed decaf now too toby you
are so funny jerry oh you’ll have a good time i swear toby oh he swears like he thinks i don’t believe him i believe you i believe you oh he’s so funny kramer
what about me toby what about you i’m only kidding you’re funny too i love to laugh jerry good good kramer so you up next jerry yeah why don’t you guys
get a table so you’ll have good seats toby oh yeah we don’t want some jerk sitting in front of us it’ll be like hey big head can you move out of the way i didn’t
pay a cover charge to stare at your bald spot kramer alright so you have a good show huh buddy jerry yeah toby oh have a great show hey we’ll make sure it’s
a great show jerry o.k good i’ll see you later toby oh he’s so great this is so great i’m so excited jerry men definitely hit the remote button more than women
toby oh really really that is so true jerry yes yeah see men don’t care what’s on tv men only care what else is on tv toby yes yes right on right on jerry see
women really want to see what the show is before they change the channel toby oh that is so true yes jerry that’s why men hunt and women nest toby boo
boo hiss boo jerry yea ya so anyway what was i talking about jerry pacing the floor backstage after his act kramer enters kramer hey jerry hey what’s the
deal what was goin on there i invite you down here i have an important show and she heckles me kramer look she didn’t mean anything jerry well what is the
matter with her is she crazy kramer she’s just being enthusiastic that’s all jerry hey what is wrong with you toby me nothing’s wrong with me jerry y-you
boo me you hiss you didn’t stop blathering throughout the whole set toby oh come on i thought you’re a pro that’s part of the show jerry no not part of the
show booing and hissing are not part of the show you boo puppets you hiss villains in silent movies toby well that’s the way i express myself how are you
gonna make it in this business if you can’t take it jerry oh i can take it toby let’s go ronnie hey man good set george talking to eric the clown at robin’s son’s
birthday party george bozo eric no george b-o-z-o eric sorry i george you’ve never heard of bozo the clown eric no george how could you not know who bozo
the clown is eric i don’t know i just don’t george how can you call yourself a clown and not know who bozo is eric hey man what are you hassling me for this
is just a gig it’s not my life i don’t know who bozo is what is he a clown george is he a clown what are you kidding me eric well what is he george yes he’s a
clown eric alright so what’s the big deal there’s millions of clowns george alright just forget it eric me forget it you should forget it you’re livin in the past man
you’re hung up on some clown from the sixties man george alright very good very good go fold your little balloon animals eric eric what kind of name is that
for a clown huh robin’s mother excuse me you must be george i’m robin’s mother oh you seem like such a lovely young man george well i do what i can robin
hi mom how’s everything robin’s mother oh this is just a wonderful party robin the burgers should be ready in a minute george ah great great what’s that
smell smoke hey everybody i think i smell some smoke back here fire fire get out of the way george it was an inferno in there an inferno eric there he is that’s
him robin’s mother that’s the coward that left us to die george i was trying to lead the way we needed a leader someone to lead the way to safety robin but
you yelled get out of my way george because because as the leader if i die then all hope is lost who would lead the clown instead of castigating me you should
all be thanking me what kind of a topsy-turvy world do we live in where-where heroes are cast as villains brave men as cowards robin but i saw you push the
women and children out of the way in a mad panic i saw you knock them down and when you ran out you left everyone behind george seemingly seemingly
to the untrained eye i can fully understand how you got that impression what looked like pushing what looked like knocking down was a safety precaution
in a fire you stay close to the ground am i right and when i ran out that door i was not leaving anyone behind oh quite the contrary i risked my life making
sure that exit was clear any other questions fireman how do you live with yourself george its not easy monk’s george so she doesn’t want to see me anymore
jerry did you knock her over too or just the kids george no her too and her mother jerry really her mother george yeah i may have stepped on her arm too i
don’t know jerry you probably couldn’t see because of the smoke george yeah but it was somebody’s arm jerry hmm so you feel women and children first in
this day and age is somewhat of an antiquated notion george to some degree jerry so basically it’s every man woman child and invalid for themselves george
in a manner of speaking jerry yeah well it’s honest george yeah she should be commending me for treating everyone like equals jerry well perhaps when she’s
released from the burn center she’ll see things di↵erently george perhaps jerry so what was the fire just a couple of greasy hamburgers george yeah eric the
clown put it out with his big shoe jerry by the way did you see this george what’s that jerry it’s the leonard christian article about my show plus my gig in
miami got cancelled i betcha it’s because of the article george wow he really does a number on you seinfeld froze like a deer in the headlights in the face of
incessant heckling jerry i should have let her have it i held back because of kramer george you know what you oughta do you should go to her o�ce and heckle
her jerry yeah right george you know like all the comedians always say how would you like it if i came to where you work and heckled you jerry yeah that’d
be something george i’m not kidding you should do it jerry but wouldn’t that be the ultimate comedian’s revenge i’ve always had a fantasy about doing that
george well go ahead do it jerry why can’t i george no reason jerry you know what i think i’m gonna do that she came down to where i work i’ll go down to
where she works george this is unprecedented jerry there’s no precedent baby george what are you using my babies now toby in her o�ce at pendant jerry
hey nice shoes what you wear sandals to work it’s always nice to walk into a room and get the aroma of feet that’s real conducive to the work atmosphere i’m
sure your co-workers really appreciate it hey let’s go eat in toby’s o�ce great idea we can check on her bunions toby you know i have work to do here i’m
very busy jerry oh is this disruptive you find it hard to work with someone interrupting toby well how would you like it if i called security jerry security well
i don’t know how you’re gonna make it in this business if you can’t take it ya gotta be tough booo boooo toby no that’s it get out of the way kramer hey
what’s going on jerry boo kramer what’s happenin here jerry hiss kramer toby toby toby my pinky toe kramer toby oh oh jerry’s apartment kramer what did
you go up there to heckle her for jerry because she came down to the club and heckled me give her a taste of her own medicine kramer oh yeah you gave her a
taste of medicine alright jerry well i didn’t want her to have an accident george what accident kramer well after he heckled toby she got so upset she ran out
of the building and a street sweeper ran over her foot and severed her pinky toe george that’s unbelievable kramer yeah then after the ambulance left i found
the toe so i put it in a cracker jack box filled it with ice and took o↵ for the hospital george wha you ran kramer no i jumped on the bus i told the driver i got
a toe here buddy step on it george holy cow kramer yeah yeah then all of a sudden this guy pulls out a gun well i knew any delay is gonna cost her her pinky
toe so i got out of the seat and i started walking towards him he says where do you think you’re going cracker jack i said well i got a little prize for ya buddy
knocked him out cold george how could you do that kramer then everybody is screamin because the driver he’s passed out from all the commotion the bus is
out of control so i grab him by the collar i take him out of the seat i get behind the wheel and now i’m drivin the bus george you’re batman kramer yeah yeah
i am batman then the mugger he comes to and he starts chokin me so i’m fightin him o↵ with one hand and i kept drivin the bus with the other y’know then
i managed to open up the door and i kicked him out the door you know with my foot you know at the next stop jerry you kept makin all the stops kramer
well people kept ringin the bell george well wha-what about the toe what happened to the toe kramer well i am happy to say that the little guy is back in
place at the end of the line george you did all this for a pinky toe kramer well it’s a valuable appendage elaine’s o�ce at pendant joanne so kramer found
the toe and they re-attached it elaine really joanne yea poor kid what an ordeal michael and you know how extremely sensitive she is elaine i know michael
she’s gonna need our full support elaine yeah right other co-workers in hallway look who’s here toby michael toby what can i do can i get you something toby
oh no no thank you michael toby please let us help we’re family toby oh well i could use some co↵ee jerry’s apartment jerry she got the promotion elaine
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opening monologue to me the thing about birthday parties is that the first birthday party you have and the last birthday party you have are actually
quite similar you know you just kinda sit there you’re the least excited person at the party you don’t even really realize that there is a party you don’t know
what’s goin on both birthday parties people have to kinda help you blow out the candles you can’t do it you don’t even know why you’re doing it what is
this ritual what is going on it’s also the only two birthday parties where other people have to gather your friends together for you sometimes they’re not
even your friends they make the judgement they bring em in they sit em down and they tell you these are your friends tell them thank you for coming to my
birthday party elaine’s o�ce at pendant toby these are great just great really great really really great don’t you think so elaine elaine yeah really great toby
oh a co↵ee table book about co↵ee tables how did you come up with this idea kramer it was there toby oh look at this one it’s saying i’m a co↵ee table put
some co↵ee on me oh the hotter the better that’s what i’m here for elaine you know actually i’ve got some work i gotta do so kramer hey how about if the
book came with these little fold-out legs so the book itself becomes a co↵ee table toby ohhh that is a great idea really really great jerry’s apartment elaine
oooh and that co↵ee table is saying put some co↵ee on me i’d like to put some co↵ee on her hot scalding co↵ee right in her face i swear this is like working
with a contestant from the price is right jerry yeah that’s real interesting elaine listen tell me if you think this is funny men definitely hit the remote more
than women men don’t care what’s on tv men only care what else is on tv women want to see what the show is before they change the channel because men
hunt and women nest elaine yeah it’s funny i dunno jerry you don’t know come on that’s gold elaine well i don’t know about gold jerry oh that’s gold baby
elaine baby what are you doing george now jerry i was saying baby way before george elaine well i don’t know don’t ask me any more questions about jokes
jerry it just puts too much pressure on me jerry well this guy leonard christian’s gonna be there tomorrow night elaine yeah who’s he jerry he’s a writer from
entertainment weekly i would like to have a good show kramer danke schoen my little dumplings elaine hi kramer hey how about that toby huh elaine yeah
how about her kramer ooh she’s a package full of energy elaine yeah she’s a package full of something kramer yeah and that something is life jerry you gotta
meet this gal she’s brimmin with positivity elaine oh pleeeeease kramer hey are you performing tomorrow jerry yeah kramer great i’m gonna bring toby jerry
well you better laugh cause i’m being reviewed leonard christian’s gonna be there kramer oh she’s a great laugher right elaine elaine oh yeah she’s a great
laugher jerry really really great jerry well you want to sit with george i think he’s coming with robin kramer is that the waitress from the comedy club jerry
yeah kramer oh elaine what about her kid is she bringing him too kramer she’s got a kid jerry yeah you should see george get along with this kid monk’s
george ow what are you doing under there hey stop that don’t eat that that’s not food he’s suckin down equal packets robin do you think 25 kids is too much
george 25 kids for his birthday party don’t put your tongue on the floor he’s putting his tongue on the floor here here have some more sugar packets robin so
what about entertainment should i get barney kid no barney robin maybe a clown george how about bozo kid who’s bozo george who’s bozo bozo the clown
that’s who bozo is when i was a kid bozo the clown was the clown bar none robin george george with the orange hair and the big clown shirt with the ru✏es
robin george george he had a tv show he had cartoons robin george forget bozo george bozo’s out he’s finished it’s over for bozo george you know when i was a
kid we didn’t have these elaborate birthday parties w-with catered food and entertainment i remember my 7th birthday party frank blow out the candles blow
out the candles i said blow out the damn candles estelle stop it frank you’re killing him frank blow out the candles robin well this time you can blow out the
candles george nah i have asthma elaine’s o�ce at pendant toby hi elaine hi toby toby how are you doing today elaine fine how are you toby oh i’m great just
great really great oh hey did you hear about bob rosen elaine nope toby he is going to knopp he is going to be a vice president elaine knopp really boy that
means there’s an opening here for senior editor has lippman uh hired anyone toby no i hear he wants to promote someone in-house elaine really toby maybe
it’ll be you elaine oh well toby you really deserve it i mean you have experience seniority lippman really respects your opinion elaine well well it could be you
toby no elaine no really toby really you think so elaine sure toby boy wouldn’t that be exciting elaine i mean stranger things have happened toby wow me a
senior editor i’d like that elaine well you shouldn’t get your hopes up toby toby well it’s a possibility like you said stranger things have happened thank you
elaine thank you comedy club jerry hey ronnie ronnie hey jerry can i have a club soda goin on tonight ronnie yeah you jerry yeah ronnie you know leonard
christian’s here jerry yeah i know ronnie can i ask you something are my nostrils getting bigger jerry i don’t think so ronnie are you sure take a good look they
seem a little bigger jerry i don’t i dunno ronnie is it possible for nostrils to expand jerry oh is this a bit ronnie hey i don’t do bits i’m a prop comic dammit
i can’t find my water gun i can’t go on without my water gun kramer hey jerry jerry hey kramer well here’s toby jerry toby this is so exciting look i have
goosebumps touch touch them i’ve never been to a comedy club before jerry really you know a lot of restaurants are serving brewed decaf now too toby you
are so funny jerry oh you’ll have a good time i swear toby oh he swears like he thinks i don’t believe him i believe you i believe you oh he’s so funny kramer
what about me toby what about you i’m only kidding you’re funny too i love to laugh jerry good good kramer so you up next jerry yeah why don’t you guys
get a table so you’ll have good seats toby oh yeah we don’t want some jerk sitting in front of us it’ll be like hey big head can you move out of the way i didn’t
pay a cover charge to stare at your bald spot kramer alright so you have a good show huh buddy jerry yeah toby oh have a great show hey we’ll make sure it’s
a great show jerry o.k good i’ll see you later toby oh he’s so great this is so great i’m so excited jerry men definitely hit the remote button more than women
toby oh really really that is so true jerry yes yeah see men don’t care what’s on tv men only care what else is on tv toby yes yes right on right on jerry see
women really want to see what the show is before they change the channel toby oh that is so true yes jerry that’s why men hunt and women nest toby boo
boo hiss boo jerry yea ya so anyway what was i talking about jerry pacing the floor backstage after his act kramer enters kramer hey jerry hey what’s the
deal what was goin on there i invite you down here i have an important show and she heckles me kramer look she didn’t mean anything jerry well what is the
matter with her is she crazy kramer she’s just being enthusiastic that’s all jerry hey what is wrong with you toby me nothing’s wrong with me jerry y-you
boo me you hiss you didn’t stop blathering throughout the whole set toby oh come on i thought you’re a pro that’s part of the show jerry no not part of the
show booing and hissing are not part of the show you boo puppets you hiss villains in silent movies toby well that’s the way i express myself how are you
gonna make it in this business if you can’t take it jerry oh i can take it toby let’s go ronnie hey man good set george talking to eric the clown at robin’s son’s
birthday party george bozo eric no george b-o-z-o eric sorry i george you’ve never heard of bozo the clown eric no george how could you not know who bozo
the clown is eric i don’t know i just don’t george how can you call yourself a clown and not know who bozo is eric hey man what are you hassling me for this
is just a gig it’s not my life i don’t know who bozo is what is he a clown george is he a clown what are you kidding me eric well what is he george yes he’s a
clown eric alright so what’s the big deal there’s millions of clowns george alright just forget it eric me forget it you should forget it you’re livin in the past man
you’re hung up on some clown from the sixties man george alright very good very good go fold your little balloon animals eric eric what kind of name is that
for a clown huh robin’s mother excuse me you must be george i’m robin’s mother oh you seem like such a lovely young man george well i do what i can robin
hi mom how’s everything robin’s mother oh this is just a wonderful party robin the burgers should be ready in a minute george ah great great what’s that
smell smoke hey everybody i think i smell some smoke back here fire fire get out of the way george it was an inferno in there an inferno eric there he is that’s
him robin’s mother that’s the coward that left us to die george i was trying to lead the way we needed a leader someone to lead the way to safety robin but
you yelled get out of my way george because because as the leader if i die then all hope is lost who would lead the clown instead of castigating me you should
all be thanking me what kind of a topsy-turvy world do we live in where-where heroes are cast as villains brave men as cowards robin but i saw you push the
women and children out of the way in a mad panic i saw you knock them down and when you ran out you left everyone behind george seemingly seemingly
to the untrained eye i can fully understand how you got that impression what looked like pushing what looked like knocking down was a safety precaution
in a fire you stay close to the ground am i right and when i ran out that door i was not leaving anyone behind oh quite the contrary i risked my life making
sure that exit was clear any other questions fireman how do you live with yourself george its not easy monk’s george so she doesn’t want to see me anymore
jerry did you knock her over too or just the kids george no her too and her mother jerry really her mother george yeah i may have stepped on her arm too i
don’t know jerry you probably couldn’t see because of the smoke george yeah but it was somebody’s arm jerry hmm so you feel women and children first in
this day and age is somewhat of an antiquated notion george to some degree jerry so basically it’s every man woman child and invalid for themselves george
in a manner of speaking jerry yeah well it’s honest george yeah she should be commending me for treating everyone like equals jerry well perhaps when she’s
released from the burn center she’ll see things di↵erently george perhaps jerry so what was the fire just a couple of greasy hamburgers george yeah eric the
clown put it out with his big shoe jerry by the way did you see this george what’s that jerry it’s the leonard christian article about my show plus my gig in
miami got cancelled i betcha it’s because of the article george wow he really does a number on you seinfeld froze like a deer in the headlights in the face of
incessant heckling jerry i should have let her have it i held back because of kramer george you know what you oughta do you should go to her o�ce and heckle
her jerry yeah right george you know like all the comedians always say how would you like it if i came to where you work and heckled you jerry yeah that’d
be something george i’m not kidding you should do it jerry but wouldn’t that be the ultimate comedian’s revenge i’ve always had a fantasy about doing that
george well go ahead do it jerry why can’t i george no reason jerry you know what i think i’m gonna do that she came down to where i work i’ll go down to
where she works george this is unprecedented jerry there’s no precedent baby george what are you using my babies now toby in her o�ce at pendant jerry
hey nice shoes what you wear sandals to work it’s always nice to walk into a room and get the aroma of feet that’s real conducive to the work atmosphere i’m
sure your co-workers really appreciate it hey let’s go eat in toby’s o�ce great idea we can check on her bunions toby you know i have work to do here i’m
very busy jerry oh is this disruptive you find it hard to work with someone interrupting toby well how would you like it if i called security jerry security well
i don’t know how you’re gonna make it in this business if you can’t take it ya gotta be tough booo boooo toby no that’s it get out of the way kramer hey
what’s going on jerry boo kramer what’s happenin here jerry hiss kramer toby toby toby my pinky toe kramer toby oh oh jerry’s apartment kramer what did
you go up there to heckle her for jerry because she came down to the club and heckled me give her a taste of her own medicine kramer oh yeah you gave her a
taste of medicine alright jerry well i didn’t want her to have an accident george what accident kramer well after he heckled toby she got so upset she ran out
of the building and a street sweeper ran over her foot and severed her pinky toe george that’s unbelievable kramer yeah then after the ambulance left i found
the toe so i put it in a cracker jack box filled it with ice and took o↵ for the hospital george wha you ran kramer no i jumped on the bus i told the driver i got
a toe here buddy step on it george holy cow kramer yeah yeah then all of a sudden this guy pulls out a gun well i knew any delay is gonna cost her her pinky
toe so i got out of the seat and i started walking towards him he says where do you think you’re going cracker jack i said well i got a little prize for ya buddy
knocked him out cold george how could you do that kramer then everybody is screamin because the driver he’s passed out from all the commotion the bus is
out of control so i grab him by the collar i take him out of the seat i get behind the wheel and now i’m drivin the bus george you’re batman kramer yeah yeah
i am batman then the mugger he comes to and he starts chokin me so i’m fightin him o↵ with one hand and i kept drivin the bus with the other y’know then
i managed to open up the door and i kicked him out the door you know with my foot you know at the next stop jerry you kept makin all the stops kramer
well people kept ringin the bell george well wha-what about the toe what happened to the toe kramer well i am happy to say that the little guy is back in
place at the end of the line george you did all this for a pinky toe kramer well it’s a valuable appendage elaine’s o�ce at pendant joanne so kramer found
the toe and they re-attached it elaine really joanne yea poor kid what an ordeal michael and you know how extremely sensitive she is elaine i know michael
she’s gonna need our full support elaine yeah right other co-workers in hallway look who’s here toby michael toby what can i do can i get you something toby
oh no no thank you michael toby please let us help we’re family toby oh well i could use some co↵ee jerry’s apartment jerry she got the promotion elaine

KRAMER: what did you go up there to heckle her for JERRY: because she came down to the club and heckled me give her a taste of her own medicine
KRAMER: oh yeah you gave her a taste of medicine alright JERRY: well i didn’t want her to have an accident GEORGE: what accident KRAMER: well after
he heckled toby she got so upset she ran out of the building and a street sweeper ran over her foot and severed her pinky toe GEORGE: that’s unbelievable
KRAMER: yeah then after the ambulance left i found the toe so i put it in a cracker jack box filled it with ice and took o↵ for the hospital GEORGE: wha
you ran KRAMER: no i jumped on the bus i told the driver i got a toe here buddy step on it GEORGE: holy cow KRAMER: yeah yeah then all of a sudden
this guy pulls out a gun well i knew any delay is gonna cost her her pinky toe so i got out of the seat and i started walking towards him he says where do you
think you’re going cracker jack i said well i got a little prize for ya buddy knocked him out cold GEORGE: how could you do that KRAMER: then everybody
is screamin because the driver he’s passed out from all the commotion the bus is out of control so i grab him by the collar i take him out of the seat i get
behind the wheel and now i’m drivin the bus GEORGE: you’re batman KRAMER: yeah yeah i am batman then the mugger he comes to and he starts chokin
me so i’m fightin him o↵ with one hand and i kept drivin the bus with the other y’know then i managed to open up the door and i kicked him out the door
you know with my foot you know at the next stop JERRY: you kept makin all the stops KRAMER: well people kept ringin the bell GEORGE: well wha-what
about the toe what happened to the toe KRAMER: well i am happy to say that the little guy is back in place at the end of the line GEORGE: you did all
this for a pinky toe KRAMER: well it’s a valuable appendage

Happy words Kramer uses 
more frequently than Jerry:
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Unhappiness (we’re working on it)

Some obvious problems/issues:

I Partial coverage of all words.

I Context is ignored.
I Word evaluations distributed in space, time.

Clearly:

I Only suitable for large-scale texts.
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Lyrics—average valence of genres:
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Gospel/Soul (6.91)

Pop (6.69)

Reggae (6.40)

Rock (6.27)

Rap/Hip!Hop (6.01)

Punk (5.61)

Metal/Industrial (5.10)

Dodds and Danforth, "Measuring the Happiness of Large Scale Written Expression: Songs, Blogs &
Presidents", 2010.



Hedonometer

Measuring
Happiness
The Hedonometer

Music Lyrics

Blogs

Tweets

Harry Potter

Mental Health

Frame 14/61

Some of my favorites:
Artist havg Words
The Beatles 6.16 69860
Michael Jackson 6.05 140460
U2 6.03 46827
Dave Matthews Band 5.99 95123
Pink Floyd 5.90 24150
Ben Harper 5.88 19429
Pearl Jam 5.84 27661
Nirvana 5.82 20809
Guns N Roses 5.79 20957
Tool 5.78 15772
Snoop Dogg 5.75 226993
Nine Inch Nails 5.72 59541
Wu Tang Clan 5.60 49560
2Pac 5.60 217268
Korn 5.54 26032
Metallica 5.46 45370
Rage Against The Machine 5.44 22141



Hedonometer

Measuring
Happiness
The Hedonometer

Music Lyrics

Blogs

Tweets

Harry Potter

Mental Health

Frame 14/61

Some of my favorites:
Artist havg Words
The Beatles 6.16 69860
Michael Jackson 6.05 140460
U2 6.03 46827
Dave Matthews Band 5.99 95123
Pink Floyd 5.90 24150
Ben Harper 5.88 19429
Pearl Jam 5.84 27661
Nirvana 5.82 20809
Guns N Roses 5.79 20957
Tool 5.78 15772
Snoop Dogg 5.75 226993
Nine Inch Nails 5.72 59541
Wu Tang Clan 5.60 49560
2Pac 5.60 217268
Korn 5.54 26032
Metallica 5.46 45370
Rage Against The Machine 5.44 22141



https://youtu.be/B8j6bHnWRjs?t=1m15s
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Top 25 of ' 20,000 artists:

Rank Artist havg Words
1 Darlene Zschech 6.41 23170
2 All 4 One 6.40 15515
3 Perry Como 6.39 94194
4 Earth Wind And Fire 6.36 16930
5 Earth Wind Fire 6.36 12462
6 Marco Borsato 6.35 12158
7 The Beach Boys 6.34 16510
8 Earth Wind amp Fire 6.33 22197
9 New Kids On The Block 6.31 12449
10 Aqua 6.31 15876
11 Beach Boys 6.29 63017
12 India Arie 6.29 10574
13 Enya 6.28 13412
14 New Edition 6.27 16033
15 Dianne Reeves 6.27 17590
16 Daft Punk 6.27 17175
17 Children Lyrics 6.27 13342
18 Kenny Loggins 6.27 19530
19 Chris Brown 6.27 10511
20 Steve Miller Band 6.26 24310
21 Luther Vandross 6.26 17429
22 Faith Hill 6.26 42435
23 Otis Redding 6.25 11480
24 Billy Gilman 6.25 13916
25 Celine Dion 6.25 166034

(criterion: ≥ 10000 words)
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Bottom 25 of ' 20,000 artists:

Rank Artist havg Words
1 Dayton Family 5.17 13910
2 Slayer 5.18 19441
3 Ana Gabriel 5.24 14861
4 MC Ren 5.32 13113
5 Blaze Ya Dead Homie 5.32 20145
6 Die Arzte 5.33 20089
7 Ricardo Arjona 5.34 16749
8 Krayzie Bone 5.36 13962
9 Black Label Society 5.36 12783
10 Mudvayne 5.36 21514
11 Biohazard 5.36 17911
12 Psychopathic Rydas 5.37 14398
13 Don Omar 5.37 20336
14 Dark Tranquillity 5.37 12403
15 Misfits 5.38 10909
16 Death 5.38 16254
17 Papa Roach 5.40 26998
18 Darkthrone 5.41 10272
19 Dark Tranquility 5.41 23368
20 NWA 5.42 17730
21 Annihilator 5.42 14121
22 Slipknot 5.43 24956
23 Esham 5.43 22964
24 Rage Against The Machine 5.44 17140
25 Iced Earth 5.45 14469

(criterion: ≥ 10000 words)
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Lexicon Valley: The Pollyanna Hypothesis


slayer.mov
Media File (video/quicktime)
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Blogs—Overall trend
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� Average valence as a function of the age bloggers
report they will turn in the year of their posting.

Dodds and Danforth, 2010
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Twitter—Spontaneous Bursts of Being
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FIG. 1: � Add happiness evaluations of words Daily trends
for example sets of commonplace words appearing in tweets.
For purposes of comparison, each curve is normalized so that
the count fraction represents the fraction of times a word is
mentioned in a given hour relative to a day. The numbers in
parentheses indicate the relative overall abundance normal-
ized for each set of words by the most common word. Data for
these plots is drawn from approximately 26.5 billion words col-
lected from May 21, 2009 to December 31, 2010 inclusive, with
the time of day adjusted to local time by Twitter from the for-
mer date onwards. The words ‘food’ and ‘dinner’ appeared
a total of 2,994,745 (0.011%) and 4,486,379 (0.016%) times
respectively.

same overall form

� Boundary at 1.5 to 1.6 due to no: 1: me 6.58 2: no
3.48 3: world 6.52 4: right 6.54 5: can’t 3.42 6: morning
6.56 7: give 6.54 8: done 6.54 9: ready 6.58 10: read 6.52

� Boundary at 1.6 to 1.7 due to no: 1: well 6.68 2: never
3.34 3: tired 3.34 4: power 6.68 5: care 6.64 6: high 6.64
7: art 6.60 8: alone 3.32 9: hungry 3.38 10: cat 6.64

� Boundary at 2.6 to 2.7 due to hate and sad: 1: hate
2.34 2: haha 7.64 3: friend 7.66 4: awesome 7.60 5: sad
2.38 6: amazing 7.66 7: super 7.68 8: mom 7.64 9: sweet
7.64 10: holiday 7.68

� refer to supplementary material when talking about

ANEW
In essence, we use a simple, fast method for mea-

suring the happiness of texts which hinges on two key
components [20]: (1) human evaluations of the happi-
ness of a set of individual words, and (2) a naive algo-
rithm for scaling up from individual words to texts. As
we describe in detail below, we substantially improve
here on the method introduced by two of the present
authors in [20] by incorporating a tenfold larger word set
for which we have obtained happiness evaluations using
Mechanical Turk [? ], and furthermore demonstrating a
surprising level of instrument robustness. For the algo-
rithm, which is unchanged, we first use a straightforward
pattern-matching script to extract the frequency of indi-
vidual words in a given text T . We then compute the
weighted average level of happiness for the text as

havg(T ) =

�N
i=1 havg(wi)fi�N

i=1 fi

=

N�

i=1

havg(wi)pi, (1)

where fi is the frequency of the ith of N distinct words
wi for which we have an estimate of average happiness,

havg(wi), and pi = fi/
�N

j=1 fj is the corresponding nor-
malized frequency.
� rework following paragraphs As for the happiness of
individual words, we capitalize on results from the 1999
Affective Norms for English Words (ANEW) study by
Bradley and Lang [21]. In the ANEW study, partici-
pants were presented with isolated individual words and
asked to grade them on an unhappy-happy integer scale
ranging from 1 to 9 (levels of excitement and domi-
nance were also surveyed). Participants were informed
that a score of 9 should correspond to them feeling
completely “happy, pleased, satisfied, contented, hope-
ful,” and to record a lowest score of 1 if they felt
“completely unhappy, annoyed, unsatisfied, melancholic,
despaired, or bored.” The ANEW study comprised 1034
words which were broadly chosen for their emotional
and meaningful import. We use the average happi-
ness scores as reported for each word by Bradley and
Lang. The average happiness of words were distribut-
ed across the 1–9 range, with some illustrative examples
being � Fix these: havg(love) = 8.72, havg(food) = 7.65,
havg(reunion) = 6.48, havg(truck) = 5.47, havg(vanity) =
4.30, havg(greed) = 3.51, havg(hate) = 2.12, and
havg(funeral) = 1.39. As this short list indicates, the
evaluations are sensible with neutral words averaging
around 5 [e.g., havg(barrel) = 5.05, havg(chair) = 5.08].

We find that our measure typically places average hap-
piness for texts between 5 and 7. In the ANEW study,
the unhappy-happy scale was reported as psychological
valence, or simply valence, a standard terminology [36]
which we followed in our first work; here we use the more
straightforward nomenclature of ‘happiness.’
� Add paragraphs explaining and defending new mea-
sure, using new Figure
� rework We address several key aspects and limita-
tions of our measurement. First, as with any sentiment

Dodds et al. PLoS ONE 2011



Twitter—The Happiest Distribution...
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Twitter—Manhattan Happiness
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Twitter—Manhattan Happiness







Twitter—Cities

Mitchell et al. PLoS ONE 2013
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Twitter—Cities

https://www.youtube.com/watch?v=QmMZ3L2zq5Q
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Twitter—US Happiness—States

Figure 1: Choropleth showing average word happiness for geotagged tweets in all US states collected during
the calendar year 2011. The happiest 5 states, in order, are: Hawaii, Utah, Idaho, Maine and Washington.
The saddest 5 states, in order, are: Louisiana, Mississippi, Maryland, Michigan and Delaware.

age word happiness havg for the 15 happiest and 15
saddest cities in the contiguous United States, respec-
tively. Using this method we identify Napa, Califor-
nia as the happiest city in the US with a score of 6.26,
and Beaumont, Texas as the saddest city with a score
of 5.83.

Perhaps surprisingly, several cities that ranked
both highly and lowly by our measure rank similarly
in more traditional survey based e↵orts. For exam-
ple, a Gallup-Healthways well-being survey for 2011
[16] showed Boulder, Colorado as the city with the
fifth highest well-being index composite score (and
twelfth highest happiness score in our list), while
Flint, Michigan had the second lowest and Mont-
gomery, Alabama the 21st-lowest well-being index
(compared to 8th lowest and 14th lowest happiness

scores on our list). The overall Spearman correlation
between the rankings using Gallup’s well-being in-
dex and with our measure is ⇢ = 0.328, with p-value
7.73 ⇥ 10�6 (a scatter plot is presented in Appendix
B). Whereas our list uses only word frequencies in
the calculation of havg, the Gallup-Healthways score
is an average of six indices which measure life evalu-
ation, emotional health, work environment, physical
health, healthy behaviors, and access to basic neces-
sities. We remark that our method is (a) far more
e�cient to implement than a survey-based approach,
and (b) provides a near real-time stream of informa-
tion quantifying well-being in cities.

To investigate why the average word happiness
varies across urban areas, we study the word shift
graphs [7, 8] for each city. These graphs show how

4

Mitchell et al. PLoS ONE 2013
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Happiness: Average word happiness calculated using
LabMT 1.0 and geotagged tweets from 2011

Gun violence: Shootings per 100,000 people (2011)

Peace Index: Composite index of Homicides per
100,000 people, violent crimes per 100,000 people, Jailed
population per 100,000 people, Police officers per 100,000
people,ease of access to small arms (2011)

AHR Score: America’s Health Ranking, composite index
of Behavior, Community & Environment, Policy and Clinical Care
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FIG. 9: Simpson lexical size as a function of day of the week.
We compute NS for individual dates Fig. 3B, again excluding
dates shown in Fig. 3A, and then average these values. (See
also Fig. S3 for the e↵ects of alternate approaches.)

mation. The gray squares indicate the word base for
Tuesdays and Saturdays are of comparable size. From
the bottom left line graph, we see again that around 1000
words account for the shift in average happiness between
Tuesday and Saturday, and that the first 50 words make
up approximately 60% of the shift.

The bottom right inset shows that the overall positive
shift from Tuesdays to Saturdays is due to the more fre-
quent use of positive words (+"), and to a lesser extent,
the less frequent use of negative words (�#). On the oth-
er side of the ledger, we see a smaller total contribution
of words going against the trend of happier Saturdays,
noting that the increased use of certain negative words
(�") is slightly more appreciable in impact than the less
frequent use of positive words (+#).

C. Information Content

The average Simpson lexical size hNSi (Fig. 9) shows a
pattern di↵erent to that of average happiness: we observe
that a strong maximum appears on Friday with a drop
through the weekend to a distinct low on Sunday. During
the work week, Tuesday presents a minor low, with a
climb up to Friday’s high. This pattern remains the same
if we choose di↵erent averaging schemes in generating a
composite Simpson lexical size (see also Fig. S3).

To see further into these changes between days, we
can generate word shift graphs for Simpson lexical size
NS. These word shift graphs (not shown) are simpler
than those for average happiness as they depend only on
changes in word frequency. Using the definition NS =

1/S = 1/
PN

i=1 p2
i , we obtain

N
(comp)
S � N

(ref)
S =

1
S(comp)S(ref)
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p
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We next define the individual percentage contribution in
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FIG. 10: Average happiness level according to hour of the
day, adjusted for local time. As for days of the week in
Fig. 5, each data point represents an average of averages
across days. The plot remains essentially unchanged if out-
lier dates marked in Fig. 3A are excluded. The maximum
relative di↵erence between the two plots is 0.08%. The daily
pattern of happiness in tweets shows more variation than we
observed for the weekly cycle (Fig. 5), here ranging from a low
of havg ' 6.02 between 10 and 11 pm to a high of havg ' 6.12
between 5 and 6 am.

the shift in Simpson lexical size as

�NS,i =
100��S(ref) � S(comp)
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p
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i
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◆

,

(5)
where

P
i �NS,i = ±100 depending on the sign of S(ref)�

S(comp). Note that the reversal of the reference and com-
parison elements in Eq. (5) reflects the fact that any one
word increasing in frequency decreases overall diversity.
Further, no other diversity measure (q 6= 2) allows for
a linear superposition of contributions such as we find
in Eq. (5), one of the reasons we provided earlier for
choosing a lexical size based on Simpson’s concentration.

Using Eq. (5), we find Friday’s larger value of NS rel-
ative to Sunday’s can be attributed primarily to changes
in the frequency of around 100 words. Most of these
words are those typically found at the start of a Zipf
ranking of a text, though their ordering is of interest. A
few words contributing the most to the shift are ‘I’, ‘RT’,
‘you’, ‘me’, and ‘my’. Decreases in the relative usage
frequencies of personal pronouns may suggest a shift in
focus away from the self and toward the less predictable,
richer fare of Friday activities. Words specific to Friday
naturally appear more frequently than on Sunday serving
to reduce Friday’s Simpson lexical size. Some examples
include ‘#↵’, ‘follow’, ‘Friday’, ‘weekend’, and ‘tonight’
(#↵ is an example of a hash tag, in this case representing
a popular Friday custom of Twitter users recommending
other users worth following).
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FIG. 11: Normalized distributions of five example common
expletives as a function of hour of the day.

VI. DAILY CYCLE

A. Average Happiness of Hours of the Day

We next examine how average happiness levels change
throughout the day at the resolution of an hour. As
shown in Fig. 10, the happiest hour of the day is 5 to
6 am, after which we see a steep decline until midday
followed by a more gradual descent to the on-average
low of 10 to 11 pm, and then a return to the daily peak
through the night. An afternoon low is consistent with
self-reported moods; Stone et al., in particular, observe
a happiness dip in the afternoon [71], though here we
see negativity decreasing well into the night. Our results
are in contrast to some previous observations regarding
blogs and Facebook [32, 44]; for example, Mihalcea and
Liu [44] found a low occurring in the middle of the day
(part of their analysis involved the ANEW study word
list). The period 5–6 am marks ‘biological midnight’
when, for example, body temperature is typically low-
est (see also [35]). People after this point in time are
more likely to be rising for the day rather than extend-
ing the previous one, leading to a change in the kinds of
mental states represented by active users.

We also find that usage rates of the most common
profanities are remarkably similar and are roughly anti-
correlated with the observed happiness cycle. Fig. 11
shows the normalized frequencies for five example pro-
fanities. Cursing follows a sawtooth pattern with a max-
imum occurring around 1 am, and the lowest relative
usage of profanities matching up with the daily early
morning happiness peak between 5 and 6 am. These
patterns suggest a gradual, on-average, daily unraveling
of the human mind.

B. Word Shift Analysis

To give a deeper sense of the underlying moods reflect-
ed in the low and high of the day, we explore the word
shift graph in Fig. 12, comparing tweets made in the
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FIG. 12: Word shift graph comparing the happiest hour (5
am to 6 am) relative to the least happy hour (10 pm to 11
pm). Days given equal weighting with outlier dates removed.
(See Fig. S6 in Supplementary Information for word shifts
based on alternate distributions.)

hours of 5 to 6 am and 10 to 11 pm. For comparison,
Fig. S6 in Supplementary Information shows word shift
graphs under three averaging schemes.

The balance plot (bottom right inset) shows that 5 to
6 am is happier because of an overall preponderance of
less abundant negative words and more abundant pos-
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Twitter—Happiness and Movement
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Figure 8: Tweets are grouped into ten equally populated bins by the distance from their author’s expected location, and
the average happiness of words written at each distance is plotted (A). Expressed happiness grows logarithmically with
distance from expected location. A similar trend is observed when individuals are grouped into ten equally populated
bins by their gyradius, and all words authored by individuals in each bin are gathered (B). These observed trends
persist through variation in binning and different measures of mobility.

radii.
Figure 8 plots average word happiness against the dis-

tance from expected location (A), and gyradius (B). Start-
ing with location, we find that tweets written close to an
individual’s center of mass are slightly happier than those
written 1km away. The least happy words, on average, are
used at a distance representative of a short daily commute
to work. Beyond this least happy distance, remarkably we
find that happiness increases logarithmically with distance
from expected location. Perhaps even more remarkably,
we find an almost identical trend when grouping together
individuals rather than tweets, observing that happiness
also increases logarithmically with gyradius. Individuals
with a large radius use happier words than those with a
smaller pattern of life. We find the trend observed in Fig-
ure 8 holds for 3 of the 4 urban areas (Los Angeles, San
Francisco, and Chicago) visualized in Figure 2 (see Ap-
pendix).

To explain the difference in expressed happiness
exhibited by different mobility groups, we turn to word
shift graphs in Figure 9. Word shift graphs were intro-
duced by Dodds and Danforth [18, 19] as a means for
investigating the elements of language responsible for
happiness differences between two large texts. As an
example, consider the difference between tweets authored
at distances of roughly 1km and 2500km away from an
individual’s expected location. The average happiness
scores for these two distances are havg = 5.96 and
havg = 6.13 respectively. Individual word contributions

to this difference are shown in Figure 9A, and can be
described as follows.

Words appearing on the right increase the happiness of
the 2500km distance relative 1km distance. For example,
tweets authored far from an individual’s expected location
are more likely to contain the positive words ‘beach’,
‘new’, ‘great’, ‘park’, ‘restaurant’, ‘dinner’, ‘resort’,
‘coffee’, ‘lunch’, ‘cafe’, and ‘food’, and less likely to
contain the negative words ‘no’, ‘don’t’, ‘not’, ‘hate’,
‘can’t’, ‘damn’, and ‘never’ than tweets posted close
to home. Words going against the trend appear on the
left, decreasing the happiness of the 2500km distance
group relative to the 1km group. Tweets close to home
are more likely to contain the positive words ‘me’, ‘lol’,
‘love’, ‘like’, ‘haha’, ‘my’, ‘you’, and ‘good’. Moving
clockwise, the three insets in Figure 9A show that the
two text sizes are comparable, the biggest contributor to
the happiness difference is the decrease in negative words
authored by individuals very far from their expected
location, and the 50 words listed make up roughly 50%
of the total difference between the two bags of words.

Note that the relatively small differences in havg
scores reflect a small signal, yet one that we have shown
previously can be resolved by our hedonometer [19].
Additional word shift comparisons for the four urban
areas investigated earlier are provided in the Appendix.

Looking at the word differences between individuals
with large and small radii of gyration in Figure 9B, we
see that individuals in the large radius group author the

11
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ident Obama was awarded the Nobel Peace Prize. We
see a strong dip shortly after on October 26, 2009 when
Obama declares a state of emergency for the H1N1 virus.
In Fig. 4b we see spikes in relative frequency on both elec-
tion days in 2008 and in 2012.

Figure 5. a) Average quarterly happiness of tweets containing
“Obama” on a one quarter lag with Obama’s quarterly job ap-
proval rating. b) Average daily happiness of tweets containing
“Obama” on a 30 day lag with a 30 day moving average for
smoothing. The high positive correlation indicates opinions
on Twitter precede timely solicited surveys.

We correlate the average quarterly happiness of tweets
containing the word “Obama” with Obama’s quarterly
job approval rating and find a strong positive correlation
(see Appendix). We find the correlation is much stronger
in Fig. 5a, which gives the happiness time series at a one
quarter lag. Similarly, we find a strong positive correla-
tion between the daily approval rating available on Poll-
ster and the daily ambient happiness of “Obama” (see
Appendix). We see an improvement in the correlation
when the tweets are lagged by 30 days in Fig. 5b. This
indicates that real time twitter data has the potential to
predict solicited public opinion polls.

C. Gallup Yearly Polling

Gallup trends provides yearly polling data on many
topics without a subscription. These polls, however,
take place only once a year in the same month over sev-
eral days. This presents a challenge as to the amount
of Twitter data we should include in our correlations,
as opinions may change daily, weekly, or monthly. For
each Gallup datapoint, we use the current year’s worth
of tweets from 2009 through 2015 for various subjects
of national or global interest. Fig. 6 shows several top-
ics that correlate quite well with ambient happiness on
Twitter. We find that the favorability of two major coun-
tries, Iran and Iraq, has a positive correlation with the
ambient happiness of “Iran” and “Iraq”. We also find
that the United States opinion on religion has a strong
positive correlation with yearly ambient happiness of “re-
ligion”. We find that the percentage of people worrying
about climate change strongly anti correlates with the
yearly ambient happiness of “climate” on Twitter imply-
ing that the more we worry about climate change, the
less happy we are about it on Twitter.

Figure 6. Correlations between average ambient happiness
and opinion polls on various global subjects. The polls read:
a) “What is your overall opinion of Iraq? Is it very favor-
able, mostly unfavorable, mostly unfavorable, or very unfa-
vorable?” The plot shows the percentage of people who an-
swered “very favorable” or “mostly favorable”. b) “What is
your overall opinion of Iran? Is it very favorable, mostly unfa-
vorable, mostly unfavorable, or very unfavorable?” The plot
shows the percentage of people who answered “very favor-
able” or “mostly favorable”. c) “Please tell me how much
confidence you , yourself, have in the church or organized re-
ligion – a great deal, quite a lot, some, or very little?” The
plot shows the percentage of people who answered “a great
deal” or “quite a lot”. d) “Please tell me if you worry about
global warming/climate change a great deal, a fair amount,
only a little, or not at all.”

Some of the time series in Fig. 6 exhibit large changes
from year to year. The following section investigates
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FIG. A.6. #BlackLivesMatter topic network for the week following the non-indictment of Darren Wilson.
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By inspection of Figure 2, we find that #ferguson,
#fergusondecision, and #mikebrown, all hashtags rel-
evant to the non-indictment of Darren Wilson for the
death of Michael Brown, contribute to the divergence
of #BlackLivesMatter from #AllLivesMatter. Similarly,
in Figure 3 there are references to Eric Garner through
the hashtag #icantbreathe, and in Figure 5 #freddiegray
emerges as a divergent hashtag during the Baltimore
protests due to #BlackLivesMatter. In each of these peri-
ods, #BlackLivesMatter diverges from #AllLivesMatter
by talking proportionally more about the relevant deaths
of Black Americans. These trends appear in the other pe-
riods as well, as evidenced by the appearance of #ericgar-
ner, #walterscott, and #sandrabland in the Appendix
Figures A.1, A.2, and A.4.

With respect to these deaths, there is some solidarity
shown within #AllLivesMatter. The hashtag #riperic-
garner is prominent in #AllLivesMatter during the De-
cember 20th-26th period, although its diversity measure
suggests the sentiment was due to one or two popular
retweets. On the other hand, the hashtag #prayforbalti-
more appeared in a variety of tweets by #AllLivesMatter
users during the Baltimore protests. However, in contrast
to the several event-focused hashtags and words within
#BlackLivesMatter during each period, there is a lack of
focus on Black lives within #AllLivesMatter. In fact, by
plotting the probability that a given hashtag in #Black-
LivesMatter or #AllLivesMatter is name-based hashtag
(such as #MichaelBrown or #SandraBland), we find in
Figure 6 that for all but one name, it is more probable
that a name-based hashtag is used in #BlackLivesMat-
ter.

Instead, we can see that, at times, the conversation
within #AllLivesMatter concerns itself with the lives of
law enforcement o�cers. Figure 3 shows that upon the
death of the two NYPD o�cers, words such as “o�-
cers,” “ramos,” “liu,” and “prayers” appear diversely
throughout #AllLivesMatter. In addition, pro-law en-
forcement hashtags such as #policelivesmatter, #nypd,
#nypdlivesmatter, and #bluelivesmatter all contribute
to the divergence of #AllLivesMatter from #BlackLives-
Matter. Such divergence comes at the same time that the
hashtags #moa and #blackxmas and words “protest,”
“mall,” and “america” were prevelant in #BlackLives-
Matter due to Christmas protests, specifically at the
Mall of America. Similarly as shown in Figure 5, dur-
ing the Baltimore protests in which #baltimoreuprising
and #baltimore were used significantly in #BlackLives-
Matter, users of #AllLivesMatter responded with #po-
licelivesmatter, #bluelivesmatter, and even #whitelives-
matter. There are even clear ties in #AllLivesMatter
to politically conservative hashtags #ccot (Conservative
Christians on Twitter) and #tcot (Top Conservatives on
Twitter). So, in the midst of political protests by Black
Lives Matter advocates, we see a response from #All-
LivesMatter that supports the lives of the police o�cers
who must engage with such protests.

During the non-indictment of Darren Wilson, there

FIG. 6. The probability of a used hashtag being a name-
based hashtag is shown for each of #BlackLivesMatter and
#AllLivesMatter where the dashed line is the line of parity.
Name-based hashtags are based on a list compiled by Freelon
et al. [13] with the addition of #sandrabland, #samueldu-
bose, and #jonathanferrell to account for the fact our analy-
sis extends over a long time window. Six hashtags, #victor-
white, #jeramereid, #yvettesmith, #philipwhite, #mcken-
ziecochran, and #tyreewoodson did not appear in #AllLives-
Matter a single time, and so cannot be plotted on the log
scale. The deaths of Victor White, Yvette Smith, McKenzie
Cochran, and Tyree Woodson occurred before #AllLivesMat-
ter became widely used.

are some words, such as “oppression,” “structural,”
and “brutality,” that seem to suggest engagement from
#AllLivesMatter with the issues being discussed within
#BlackLivesMatter. The low diversities surrounding
these words allow us to inspect popular retweets contain-
ing these words [] and capture the majority of how these
words were used. Doing so, we find that they words ac-
tually emerge in #AllLivesMatter due to hijacking [20],
the adoption of a hashtag to mock or criticize it. That is,
these words appear not because of discussion of structural
oppression and police brutality by #AllLivesMatter ad-
vocates, but because #BlackLivesMatter supporters are
specifically critiquing the fact such discussions are not
occurring within #AllLivesMatter. At times, such hi-
jacking can dominate the divergence emerging from #Al-
lLivesMatter through a few popular retweets, as show in
in Appendix Figures A.1 and A.2.

Finally, we look at the February period surrounding
the apartment complex shooting of three Muslim col-
lege students in Chapel Hill, North Carolina. This pe-
riod is unique for several reasons. First, although both
#BlackLivesMatter and #AllLivesMatter both spike in
usage during this period, they spike for di↵erent rea-
sons. Inspecting Figure 4, we find that #BlackLives-
Matter diverged from #AllLivesMatter because of its
use of #grammys, #handsupdontshoot, “beyonce,” and

Gallagher et al. "Divergent Discourse Between Protests and Counter-Protests: #BlackLivesMatter and
#AllLivesMatter." 2017
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How do I look in these tweets? Gauging well-being through "caloric
content" of tweets
Sharon E. Alajajian, Jake R. Williams, Andrew J. Reagan, Stephen C. Alajajian, Morgan R. Frank, Lewis Mitchell, Jacob Lahne,
Christopher M. Danforth, and Peter Sheridan Dodds
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1. bacon+↑
2. chocolate candy+↓

3. onion-↑
4. donuts+↓

5. chicken-↓
6. apples-↑

7. butter+↑
8. banana-↑

9. noodles-↓
10. cookie dough+↑

11. cake+↓
12. coconut oil+↑
13. cookies+↑

14. broccoli-↑
15. crab-↓
16. peanut butter+↑
17. beef-↓
18. shrimp-↓

19. beet-↑
20. cucumber-↑

21. strawberries-↓
22. walnuts+↑

23. chicken salad-↑
24. mashed potatoes-↑

25. pineapple-↓
26. olive oil+↓

27. catfish-↓
28. grits-↓

29. lettuce-↑
30. girl scout cookie+↑
31. grapes-↓

32. swiss chard-↑
33. roasted red pepper-↑

34. mushrooms-↑
35. spaghetti squash-↑

36. green pepper-↑
37. tortilla-↑

38. baked potato-↓
39. fried eggs-↑

40. tomato-↑
41. cake with frosting+↑

42. oysters-↑
43. sunflower seeds+↓

44. tangerines-↑
45. peanuts+↓

46. almond joy+↑
47. sweet potato-↑

48. pudding-↑
49. cheese+↑
50. pita chips+↑

51. salmon-↑
52. goat cheese+↑

53. yogurt-↑
54. cheddar cheese+↑

55. celery-↑
56. popcorn+↑

57. fortune cookie+↓
58. turkey-↓

59. peaches-↑
60. lobster-↓
61. king crab-↓
62. pastry+↑

63. tuna-↑
64. potato chips+↓

65. asparagus-↓
66. collards-↓
67. pasta-↓

68. hard candy+↓
69. scallops-↑

70. popeyes chicken+↓
71. avocado-↑

72. carrot-↑
73. applesauce-↑

74. pear-↑
75. mayonnaise+↓

76. oatmeal-↓
77. kale-↑

78. candy bar+↑
79. ribs-↑

80. mac and cheese-↓
81. watermelon-↓

∑+↑
∑-↓

∑

∑+↓
∑-↑

visualization by
@andyreagan
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Per food phrase caloric shift
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Why Vermont consumes more calories on average:
Average US calories = 267.92
Vermont calories = 268.66 (Rank 29 out of 49)

1. skiing+↑
2. running+↑

3. snowboarding+↑
4. hiking+↑

5. dancing+↓
6. sledding+↑
7. eating-↓

8. watching tv or movie-↓
9. cooking+↓

10. cleaning+↓
11. using treadmill+↓

12. walking+↑
13. biking+↑
14. picking fruit+↑
15. rock climbing+↑
16. getting my hair done-↓
17. getting my nails done-↓

18. doing laundry+↓
19. talking on phone-↓

20. writing-↑
21. playing basketball+↓

22. shoveling+↑
23. playing football+↓

24. boxing+↓
25. square dancing+↑
26. ballet dancing+↑
27. jumping jacks+↑
28. cleaning or washing a vehicle+↑
29. laying down-↓
30. ice skating+↑
31. climbing stairs+↑
32. mountain biking+↑
33. roller skating+↑
34. paddleboarding+↑
35. jazzercise+↑

36. mowing grass+↓
37. attending church-↓

38. playing video or computer games-↑
39. boating-↑

40. fishing+↑
41. weight lifting+↓

42. reading-↓
43. doing my hair+↓

44. doing pushups+↓
45. playing dodgeball+↑
46. watching tv or movies laying down-↓
47. vacuuming+↑
48. doing power yoga+↑

49. pole dancing+↓
50. wrapping presents-↑

51. walking a pet+↑
52. hunting+↑

53. elliptical+↓
54. raking+↑

55. walking leisurely-↑
56. showering-↓

57. ultimate frisbee+↓
58. fly fishing+↑
59. bass fishing+↑
60. snowmobiling+↑
61. doing yoga+↑

62. skateboarding+↓
63. rowing+↑
64. packing+↑
65. mini golfing+↑

66. golfing+↓
67. doing situps+↓

68. walking briskly+↓
69. kayaking+↓

70. line dancing+↓
71. using stair master+↓

72. playing games-↑
73. doing yardwork+↓

74. running stairs+↓
75. doing my makeup+↑

76. jet skiing+↓
77. walking quickly+↓

78. playing frisbee+↑
79. crocheting-↑

80. bowling+↓
81. attending a family reunion-↑

∑+↑
∑-↓

∑

∑+↓
∑-↑

visualization by
@andyreagan
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Per activity phrase caloric expenditure shift
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Why Vermont expends more calories on average:
Average US caloric expenditure = 176.60
Vermont caloric expenditure = 203.22 (Rank 3 out of 49)
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14. Arizona
15. Nebraska

16. Nevada
17. Idaho
18. Florida
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20. Massachusetts

21. Iowa
22. Rhode Island

23. New Mexico

24. Missouri

25. South Dakota

26. North Dakota

27. Oklahoma
28. Illinois

29. Kansas
30. Virginia

31. Connecticut

32. Pennsylvania

33. Tennessee
34. Indiana

35. New Jersey
36. Texas

37. South Carolina

38. North Carolina
39. Maryland
40. Georgia

41. Ohio
42. Kentucky
43. Michigan
44. Delaware

45. West Virginia
46. Arkansas
47. Alabama

48. Louisiana
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FIG. 6: Screenshot of the interactive dashboard for our prototype Lexicocalorimeter site (taken 2015/07/03). An archived
development version can be found as part of our paper’s Online Appendices at http://compstorylab.org/share/papers/

alajajian2015a/maps.html, and a full dynamic implementation will be part of our Panometer project at http://panometer.
org/instruments/lexicocalorimeter.

ate the tweeted-about food (West et al. address a sim-
ilar issue in inferring food consumption from accessing
recipes online [18]).

We currently do not know at what point our met-
ric breaks down at smaller time scales (e.g., months or
weeks) or for smaller spatial regions (e.g., city or county)
level. Our preliminary research shows that the physical
activity metric on its own may be quite e↵ective at the
city level, but the food measure may not be accurate on
a smaller scale. We have also found the physical activi-
ty list to be robust to random partitioning [36], whereas
the food list was not. We believe that these preliminary
findings may be due to several factors: (a) the size of the
food list (just over 1400 phrases) is much smaller than
the physical activity phrase list (just over 13,400 phras-
es); (b) there are generally more tweets about physical
activities in our list than the foods in our food list; (c)
we have not tried using the metric on counties or Cen-
sus block or tract groups, and it may be that these are
more conducive to the metric; and (d) the amount of data
within a city may not be a large enough sample for any
food-based Twitter metric.

We propose to use crowdsourcing as a way to build a
more comprehensive food phrase list that includes com-
monly eaten foods with brand names as well as food slang
that we did not capture here. Ideally, we would arrive at
a phrase database similar in scale to that of our existing
physical activity phrase list. However we move forward,
we believe it is clear that the Lexicocalorimeter we have
designed and implemented is already of some potency
and may be improved substantively in the future.

IV. METHODS AND MATERIALS

In order to attempt to estimate the “caloric content”
of text-extracted phrases [36] relating to food (caloric
input) and physical activity (caloric output), we needed
comprehensive lists of foods and physical activities and
their respective caloric content and expenditure informa-
tion. Here, we explain in detail how we constructed these
phrase lists and assigned calories to each phrases.

We provide all data in the Supporting Infor-
mation and with the paper’s Online Appendices:

Alajajian et al.,
"The Lexicocalorimeter: Gauging public health through caloric input and output on social media"
In Review, 2017

http://panometer.org/instruments/lexicocalorimeter/?year=2012&view=dashboard&region=contiguousUS&users=all&state=IL
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FIG. 5: Six demographic quantities compared with caloric balance Cbal for the 48 states of contiguous US and the District of
Columbia. The inset values are the Spearman correlation coe�cient ⇢̂s, and the Benjamini-Hochberg q-value. See Tab. I for a
full summary of the 37 demographic quantities studied here.

are housed at http://panometer.org/instruments/
lexicocalorimeter.

Overall, we find the lexical texture a↵orded by our
phrase shifts is generally convincing, but we expect future
improvements in our food and activity data sets will
iron out some oddities (we again use the example of ice
cream). We also note that phrase shifts are very sen-
sitive and that terms that seem to be being evaluated
incorrectly may easily be removed from the phrase set,
and that doing so will minimally change the overall score
for su�ciently large texts.

E. Correlations with other health and well-being
measures

We now turn to a suite of statistical comparisons
between our three measures caloric input, caloric output,
and caloric balance and standard demographic quanti-
ties.

We use Spearman’s correlation coe�cient ⇢̂s to exam-
ine relationships between Cin, Cout, and Cbal and 37
variables variously relating to food and physical activity,
“Big Five” personality traits, and health and well-being

rankings (a total of 111 comparisons). To correct for mul-
tiple comparisons, we calculate the q-value for each corre-
lation coe�cient using the Benjamini-Hochberg step-up
procedure [34]. We then consider correlations in reference
to the standard significance levels of 0.01 and 0.05.

We must first acknowledge that many of the variables
we test against our measures are highly correlated with
each other. The food and physical activity-related vari-
ables are in the areas of physical activity levels, produce
intake and availability rates (including trends in public
schools), chronic disease rates, and rates of unhealthy
habits. Many of these variables are well known to be
influenced by diet and physical activity (e.g., obesity
rates [25]), and others may be less directly related (e.g.,
percent of cropland in each state harvested for fruits and
vegetables [28]).

To give some grounding for the full set of comparisons,
we show in Fig. 5 how six demographic quantities vary
with caloric balance Cbal. We see strong correlations
with |⇢̂p| � 0.68, and the highest value for Benjamini-
Hochberg q-value is 5.7⇥10�7.

We present a summary of all results in Tab. I where
we have ordered and numbered demographic quantities
in terms of ascending Benjamini-Hochberg q-values for

Alajajian et al.,
"The Lexicocalorimeter: Gauging public health through caloric input and output on social media"
In Review, 2017
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1: Alice’s Adventures Under Ground : Bein... (19002, 333)
http://hedonometer.org/books/v3/19002/
2: Dreams (1439, 169)
http://hedonometer.org/books/v3/1439/
3: The Human Comedy: Introductions and A... (1968, 175)
http://hedonometer.org/books/v3/1968/
4: The Ballad of Reading Gaol (301, 227)
http://hedonometer.org/books/v3/301/
5: The History Of The Decline And Fall O... (25717, 1697)
http://hedonometer.org/books/v3/25717/
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2: The House of the Vampire (17144, 188)
http://hedonometer.org/books/v3/17144/
3: Savrola: A Tale of the Revolution in L... (50906, 682)
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4: Romeo and Juliet (1777, 186)
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FIG. 4: First 3 SVD modes and their negation with the closest stories to each. To locate the emotional arcs on the same scale
as the modes, we show the modes directly from the rows of V T and weight the emotional arcs by the inverse of their coe�cient in
W for the particular mode. The closest stories shown for each mode are those stories with emotional arcs which have the greatest
coe�cient in W . In parenthesis for each story is the Project Gutenberg ID and the number of downloads from the Project
Gutenberg website, respectively. Links below each story point to an interactive visualization on http://hedonometer.org

which enables detailed exploration of the emotional arc for the story.

riches” mode are Alice’s Adventures Under Ground and
Dreams. Among the most categorical tragedies we find
A Primary Reader and The House of the Vampire. The
top 5 also includes perhaps the most famous tragedy:
Romeo and Juliet by William Shakespeare. Mode 2 is
the “Man in a hole” emotional arc, and we find the sto-
ries which most closely follow this path to be Typhoon
and Teddy Bears. The negation of mode 2 most close-
ly resembles the emotional arc of the “Icarus” narrative.
For this emotional arc, the most characteristic stories
are The Yoga Sutras of Patanjali and Stories from Hans
Andersen. Mode 3 is the “Cinderella” emotional arc, and
includes The Consolation of Philosophy and The Scare-
crow of Oz. The negation of Mode 3, which we refer

to as “Oedipus”, is found most characteristically in The
Wonder Book of Bible Stories, The Serpent River, and A
Hero of Our Time. We also note that the spread of the
stories from their core mode increases strongly for the
higher modes.

III. RESULTS

We obtain a collection of 1,737 books that are most-
ly, but not all, fictional stories by using metadata from
Project Gutenberg to construct a rough filter. Using
principal component analysis, we find broad support for
six emotional arcs:

Reagan et al. "The emotional arcs of stories are dominated by six basic shapes." 2016
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present general practitioners’ unassisted diagnostic accuracy as reported in Mitchell, Vaze, and 
Rao (MVR) (24) .  6

 

Results 
Both Alldata and Prediagnosis models were decisively superior to a null model

. Alldata predictors were significant with 99% probability.57.5;(KAll  = 1 K 49.8)  Pre = 1  7

Prediagnosis and Alldata confidence levels were largely identical, with two exceptions: 
Prediagnosis Brightness decreased to 90% confidence, and Prediagnosis posting frequency 
dropped to 30% confidence, suggesting a null predictive value in the latter case.  

Increased hue, along with decreased brightness and saturation, predicted depression. This 
means that photos posted by depressed individuals tended to be bluer, darker, and grayer (see 
Fig. 2). The more comments Instagram posts received, the more likely they were posted by 
depressed participants, but the opposite was true for likes received. In the Alldata model, higher 
posting frequency was also associated with depression. Depressed participants were more likely 
to post photos with faces, but had a lower average face count per photograph than healthy 
participants. Finally, depressed participants were less likely to apply Instagram filters to their 
posted photos.  

 

Fig. 2. Magnitude and direction of regression coefficients in Alldata (N=24,713) and Prediagnosis (N=18,513) 
models. Xaxis values represent the adjustment in odds of an observation belonging to depressed individuals, per 
standardized unit increase of each predictive variable. Odds were generated by exponentiating logistic regression 
logodds coefficients.  

6 Comparing point estimates of accuracy metrics is not a statistically robust means of model comparison. However, 
we felt it was more meaningful to frame our findings in a realistic context, rather than to benchmark against a naive 
model that simply predicted the majority class for all observations.  
7 K  abbreviates the Bayes Factor ratio between the subscripted model and a null model. See SI Appendix IV for K 
value legend. 
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A closer look at filter usage in depressed versus healthy participants provided additional 
texture. Instagram filters were used differently by depressed and healthy individuals

. In particular, depressedχ2 07.84, p .17e 64;( All  = 9   = 9 − 1 13.80, p .87e 44)χ2Pre  = 8   = 2 − 1  
participants were less likely than healthy participants to use any filters at all. When depressed 
participants did employ filters, they most disproportionately favored the “Inkwell” filter, which 
converts color photographs to blackandwhite images. Conversely, healthy participants most 
disproportionately favored the Valencia filter, which lightens the tint of photos. Examples of 
filtered photographs are provided in SI Appendix VIII.  

 
Fig. 3. Instagram filter usage among depressed and healthy participants. Bars indicate difference between observed 
and expected usage frequencies, based on a Chisquared analysis of independence. Blue bars indicate 
disproportionate use of a filter by depressed compared to healthy participants, orange bars indicate the reverse. 
Alldata model results are displayed, similar results were observed for the Prediagnosis model, see SI Appendix XI.  
 

Our best Alldata machine learning classifier, averaged over five randomized iterations, 
improved over MVR general practitioner accuracy on most metrics. Compared with MVR 
results, the Alldata model was less conservative (lower specificity) but better able to positively 
identify observations from depressed individuals (higher recall). Given 100 observations, our 
model correctly identified 70% of all depressed cases (n=37), with a relatively low number of 
false alarms (n=23) and misses (n=17).   

Prediagnosis predictions showed improvement over the MVR benchmark on precision 
and specificity. The Prediagnosis model found only about a third of actual depressed 
observations, but it was correct most of the time when it did assign a depressed label. By 

9 

 

VIII. Instagram filter examples 

 
Fig. S8. Examples of Inkwell and Valencia Instagram filters.  Inkwell converts 
color photos to blackandwhite, Valencia lightens tint.  Depressed participants 
most favored Inkwell compared to healthy participants, Healthy participants 
most favored Valencia compared to depressed participants.   
Image credit: filterfakers.com 
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Figure 2. Hidden Markov Model showing probability of depression (N=74,990). Xaxis represents days 

from diagnosis. Healthy data are plotted from a consecutive time span of equivalent length. Trend lines 

represent cubic polynomial regression fits with 95% CI bands, points are aggregations of 14 day periods, 

with error bars indicating 95% CI on central tendency of daily values.  

 

Figure 3. Hidden Markov Model showing probability of PTSD (N=54,197). Xaxis represents days from 

trauma event. Healthy data are plotted from a consecutive time span of equivalent length. The purple 

vertical line indicates mean number of days to PTSD diagnosis, posttrauma, and the purple shaded 

region shows the average period between trauma and diagnosis. Trend lines represent cubic polynomial 

regression fits with 95% CI bands, points are aggregations of 30 day periods, with error bars indicating 

95% CI on central tendency of daily values.  
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