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Abstract

We demonstrate a system for predicting gaming related
properties from Twitter accounts. Our system predicts
various traits of users based on the tweets publicly avail-
able in their profiles. Such inferred traits include de-
grees of tech-savviness and knowledge on computer
games, actual gaming performance, preferred platform,
degree of originality, humor and influence on others.
Our system is based on machine learning models trained
on crowd-sourced data. It allows people to select Twit-
ter accounts of their fellow gamers, examine the trait
predictions made by our system, and the main drivers
of these predictions. We present empirical results on
the performance of our system based on its accuracy on
our crowd-sourced dataset.

Introduction
Social media plays an important role in our lives, and ser-
vices such as Twitter, Facebook and Google+ are used reg-
ularly by over a billion users. Recent research has uncov-
ered many ways in which online information, including so-
cial network data, can be used to predict personal traits of
users (Golbeck et al. 2011; Bachrach et al. 2012; Kosin-
ski et al. 2012; 2014; Kosinski, Stillwell, and Graepel 2013;
Schwartz et al. 2013; Bachrach 2015),

Such information can be used to gain insight regarding
users (Bachrach et al. 2014c; Lewenberg, Bachrach, and
Volkova 2015), or for commercial applications such person-
alized search (Ustinovsky and Serdyukov 2013), targeted
advertising (Yang et al. 2006) or improving the quality of
collaborative filtering based recommender systems.1

Such earlier work focuses on the general population,
whereas our focus is on the specific target group of peo-
ple playing computer games. Gamers are predominantly
active in social media, and use distinct online communica-
tion styles and language. We focus on the following per-
ceived traits of gamers, assumed to affect their standing in

Copyright c© 2016, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1Standard recommender systems only use information on con-
sumed items and rely on fingerprinting or dimensionality reduction
techniques (Koren, Bell, and Volinsky 2009; Bachrach et al. 2014b;
Bachrach and Porat 2015), but can be adapted to incorporate
more detailed user profiling (Clements et al. 2011; Bachrach et al.
2014a).

the gaming community: tech-savviness, degree of knowl-
edge on computer games, and gaming skill in various genres.
We also examine variables such as their life-stage, degree of
originality, and level of influence on their peers.

Given a Twitter handle, our system predicts the user’s
traits. These predictions are the result of applying machine
learning classifiers, which examine the textual tweets made
by the target user.

Methodology

We build a model for each of the gaming-related traits
mentioned above and train it on a dataset of 2,000 Twitter
accounts, annotated by workers on Amazon’s Mechanical
Turk. Each worker was asked to examine several of those
Twitter accounts and form an opinion regarding the traits
of the account owners. Each Twitter profile was annotated
multiple times, on average by 3 raters. Further, we examine
the amount of time that these target users have spent playing
Xbox games, and their actual achievement scores.

The textual data of the users in the training dataset is pre-
processed by reducing all words to their root form, using a
Porter Stemmer. The stemmed text is then used to extract
a vocabulary, which consists of those words and hashtag
words (those prefixed by ‘#’) that are present in at least 3
user profiles and at most 80% of all user profiles.

We combine lexical and stylistic features to train the mod-
els and classify new users. The lexical part of a feature vec-
tor is obtained by applying TF-IDF weighting to the users’
tweets, with respect to the extracted vocabulary. The stylis-
tic features include occurrences of elongated words, fully
capitalized words, consecutive punctuation marks, hashtags,
as well as the percentage of the tweets that were retweets or
replies, and the number of URLs that the user shared.

Feature extraction and classification

We use linear regression for quantitative traits and logistic
regression for classification.

Our system inputs a Twitter username, scrapes the recent
tweets of the user via the Twitter API and automatically
translates them through the Microsoft Translator API where
appropriate.
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Gender Age Life stage Tech
ICC 0.92 0.71 0.69 0.55

RMSE 0.52 0.41 0.42 0.39
Accuracy 73% 83% 83% 85%

Knowledge Trustworthy Quality Funny
ICC 0.76 0.37 0.38 0.33

RMSE 0.26 0.45 0.46 0.47
Accuracy 93% 79% 79% 77%

Originality Influencial Xbox fan PS fan
ICC 0.29 0.3 0.76 0.47

RMSE 0.49 0.52 0.48 0.55
Accuracy 75% 73% 77% 70%

Table 1: Inter-rater agreement and accuracy of our predic-
tion models.

Results

We asked 646 workers to rate 2,000 Twitter accounts, all of
which tweeted in English. Each Twitter account was anno-
tated, on average, 3.12 times. For each account rated, we
asked the worker to provide their opinion regarding the fol-
lowing traits of the profile owner: gender, age range (18-,
18-25, 25-30, 30-45, 45+), life stage (high school, univer-
sity, young professional, established professional, retired).
The worker was additionally asked to rate the following
traits of the profile owner on a five points scale (very low
to very high): tech-savviness, knowledge level of computer
games, trustworthiness, quality and depth of generated con-
tent, humor, originality, level of influence. We also asked
whether the profile owner is likely to be a fan of the Xbox
platform or of the Playstation platform.

We use two measures for the quality of prediction. One is
the root mean square error (RMSE) of the numerical predic-
tions (on the five point scale or on a {0, 1} Boolean scale).
The second is based on partitioning the user population into
thirds, by sorting the users from the highest to lowest score
of the predicted trait. We can then examine the two ex-
treme thirds, and check the prediction accuracy of determin-
ing whether a user is in the top or bottom third (ignoring the
middle third). Table 1 shows the accuracy of our predictions
(measured using 10-fold cross validation).

Table 1 indicates that it is indeed possible to predict many
perceptions about gamers from the language they use in on-
line social networks. The table also lists the agreement score
for each variable (ICC). As the table indicates, some proper-
ties are more difficult to determine than others.

We have also built similar models to predict the time a
gamer has spent playing computer games and their actual
performance in computer games.2 Our results indicate a pre-
diction accuracy 59% for the time spent playing games, and
64% for actual performance in playing games, referred to as
“Gamer Score” (the accuracy is for separating users in the
top third and those in the bottom third of these properties).3

2We had access to such data from the user profiles in the Xbox
platform data.

3Interestingly, our methods achieved better predictions for the
actual ability in playing computer games than for the time spent
playing them.

This indicates that information from online social networks
is at least somewhat predictive of various objective gaming
related traits of users.
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