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ot Model Architecture
The Author Profiling Task 2019 aims to identify the nature of Twitter
accounts, detecting if the writer is a Bot or a Human being and in the last t SVM1
case, the gender of the account owner. Morevor, the task is proposed in two —
different languages: English and Spanish. SVM2 | '
For each instance of the problem and each language, we address the : 5 | oredict
problem differently. We use an ensemble architecture to solve the Bot Z/Fea\turej//) Votl.n.g redictions
Detection for accounts that write in English and a single SVM for those who [ SVM30 ] Classitier
write in Spanish. For the Gender detection we use a single SVM architecture
for both the languages, but we pre-process the tweets in a different way. \_
Our final models achieve accuracy over the 90% in the bot detection task,
while for the gender detection, of 84.17% and 77.61% respectively for the SVM
English and Spanish languages. B - ;
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In the first layer, we have a single SVM and an AdaBoost instance. AdaBoost is We develop 4 different classifiers, one for each problem subset. For the Bot
a meta-estimator that begins by fitting a classifier on the original dataset and detection of English written messages, we used an ensemble architecture
then fits additional copies of the classifier on the same dataset but where the where the AdaBoost outputs are ensembled by a soft-voting classifier. For
weights of incorrectly classified instances are adjusted such that subsequent each one of the other problems, we use a single fine-tuned SVM. We achieve
classifiers focus more on difficult cases. In the second layer, we have a Soft- excellent performances, especially in the bot detection task, where we record
Voting Classifier that ensemble the predictions of the previous layer. We sum a score of about 95% on the English Dev and the English final Test set.
up for each class the probability of being the right one as predicted by our Globally our models perform better on the English accounts than the Spanish
classifiers, then we pick as final prediction, the class with the highest value. ones, so we believe that more work is needed to fill this gap.
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