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Summary. We present a method for determining the é Twitter user attributes (feature categories)
socioeconomic status of a social media (Twitter) user. Behaviour
Initially, we formulate a 3-way classification task, where Topics of Y re-tweets
users are classified as having an upper, middle or lower ; discussion % @mentions
socioeconomic status. A nonlinear learning approach using : Corporate % uniqu;% @mentions
a composite Gaussian Process kernel provides a : Education @replies Profile description
classification accuracy of 75%. By turning this task into a | : Internet Slang football player at
. . . . . Politics Li 1 EC
binary classification — upper vs. medium and lower class — | : Shopping 5 O Iverpoo
the proposed classifier reaches an accuracy of 82%. : Sports P tweets from the best @
. Vacation barista in London
N—'
. estate agent, stamp
How is a user profile mapped to a socioeconomic status? : (200 topics) \ collector & proud mother
e .- (523 1-grams & 2-grams)
: , Impact
1 : o . # followers
Profile descrip’g1\A * ™™ @ Te);t M POSYS 4 followees
: Occupation  SOC category' NS-SEC* | -, (5601-grams)  yjisted
on Twitter Y \/ Y . ‘impact’ score
' . _ - Vgl Office for . G Data sets
&8 National Statistics n T1: 1,342 Twitter user profiles, 2 million tweets, from February
1. Standard Occupational Classification: 369 job groupings <| 1, 2014 to March 21, 2015; profiles are labelled with a socio-
2. National Statistics Socio-Economic Classification: Map from - | economic status
the job g?;pmgf in SOC to a socioeconomic status, i.e. T2: 160 million tweets, sample of UK Twitter, same date range
{upper, middile or lower} with T1, used to learn a set of 200 latent topics
Topics (word.clusters).are formed by applyl'ng : Confusion matrices (aggregate)
spectral clustering on daily word frequencies in T2. Q
P
Examples of topics with word samples T T2 P
Corporate: #business, clients, development, marketing, offices “._ O1 CE I 81.6%
Education: assignments, coursework, dissertation, essay, library ; O1 L) 83-5% o 66
2 45 4%
Internet Slang: ahahaha, awwww, hahaa, hahahaha, hmmmm 02 R 517 |80.4%
Politics: #labour, #politics, #tories, conservatives, democracy : 03 67.7%
Shopping: #shopping, asda, bargain, customers, market, retail : R  82.3% 81.8%|82.0%
Sports: #football, #winner, ball, bench, defending, footballer R  854% 58.5% 68.8%|75.1%
. . ) O = output (inferred), T = target, P = precision, R = recall
Formulating a Gaussian Process classifier G put ( .)’ geL, P =p .
. {1, 2, 3} = {upper, middle, lower} socioeconomic status

f(x) ~ GP(m(x), k(x, x/ ) G Classification performance (10-fold CV)
f:R* >R x€eR?

c
Kernel k(x,x') = (Z ksg(cn, c%)) + kn(x,x")
n=1

formulation:

Definition:

82.2(2.4)

82.05 (2.4) 81.97 (2.6) .821(.03)

where x={ci,...,cch C=5 75-09 (3.3)  72.04(4.4) 70.76(5.7) .714(.05)

kse(x,x') = 0% exp (=[x — x[|3/(2¢2))

Conclusions. (a) First approach for inferring the socioeconomic

kn(x,x') = 6% x 0(x,x') status of a social media user, (b) 75% & 82% accuracy for the 3-
———— way and binary classification tasks respectively, and (c) future
i%’ﬁ‘r—e Download the data set work is required to eyaluate -thts. framework more r:gorously
O] and to analyse underlying qualitative properties in detail.
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