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DICTAMEN
QUE PRESENTA LA COMISION DE INVESTIGACION DE LA DIVISION DE CIENCIAS DE LA
COMUNICACION Y DISENO

ANTECEDENTES

I. El Consejo Divisional de Ciencias de la Comunicacion y Diseno, en la sesion 10.19, celebrada el 16
de julio de 2019, integré esta Comision en los términos senalados en el articulo 55 del
Reglamento Interno de los Organos Colegiados Académicos.

Il. El Consejo Divisional designo para esta Comision a los siguientes integrantes:

a) Organos personales:
v’ Dr. Jesus Octavio Elizondo Martinez, Jefe del Departamento de Ciencias de la
Comunicacion;
v' Dra. Cecilia Castafieda Arredondo, Jefa del Departamento de Teoria y Procesos del
Diseno;
v Dr. Carlos Joel Rivero Moreno, Jefe del Departamento de Tecnologias de la
Informacion.

b) Representantes propietarios:
e Personal académico:
v" Dr. André Moise Dorcé Ramos, Departamento de Ciencias de la Comunicacion;
v’ Dra. Deyanira Bedolla Pereda, Departamento de Teoria y Procesos del Disefio.
v" Dr. Tiburcio Moreno Olivos, Departamento de Tecnologias de la Informacion.

CONSIDERACIONES

I. La Comision recibid, para analisis y discusion, el informe de actividades académicas
desarrolladas por el Dr. Esau Villatoro Tello, durante el disfrute del afio sabatico comprendido
del 9 de septiembre de 2019 al 8 de septiembre de 2020.
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El ano sabatico fue aprobado en la Sesion 03.19 celebrada el 28 de mayo de 2019 mediante
Acuerdo DCCD.CD.22.03.19 del Consejo Divisional de Ciencias de la Comunicacion y Diseno.

En la sesion 11.19 celebrada el 30 de septiembre de 2019 el Consejo Divisional de Ciencias de
la Comunicacion y Disefio se aprobd una modificacion al programa de actividades académicas
correspondientes al ano sabatico del Dr. Villatoro. Las cuales contemplaron dar continuidad a
compromisos contraidos previamente con alumnos y que se refieren basicamente a asesorias
de forma virtual.

La Comision de Investigacion sesiono via remota el dia 9 de noviembre de 2020, fecha en la que
concluyo su trabajo de analisis y evaluacion del informe, con el presente Dictamen.

La Comision conto, para su analisis, con los siguientes elementos:

= Programa de actividades académicas por desarrollar durante el periodo sabatico.
= Evaluacion general.

La Comision evalud el informe de actividades académicas, las constancias y documentos que
demuestran las actividades realizadas por el Dr. Esat Villatoro Tello, durante el disfrute del ano
sabatico comprendido del 9 de septiembre de 2019 al 8 de septiembre de 2020.

El sabatico se centraria en realizar trabajo de investigacion alrededor de temas relacionados
con Procesamiento de Lenguaje Natural y sus aplicaciones, el analisis y procesamiento de
documentos orales, es decir, documentos que son generados a través de técnicas de
transcripcion automatica.

Durante la estancia en el Centro de Investigacion Idiap, el profesor trabajo y colabord
principalmente con el grupo de investigacion “Voz y procesamiento de Audio” (Speech and
Audio Processing Group).

Uno de los principales logros de esta colaboracion fue el disefio e implementacion de un
algoritmo de categorizacion de documentos orales, el cual resulto ser altamente eficiente y que
esta inspirado en técnicas de representacion semantica denominadas Representaciones de
Segundo Orden. Este algoritmo permitido obtener una publicacion en la revista “The Prague
Bulletin of Methematical Linguistics”, entre otras.
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DICTAMEN
UNICO:

Se recomienda al Consejo Divisional dar por recibido el informe de periodo sabatico del Dr. Esau
Villatoro Tello, conforme al plazo establecido en el articulo 231 del Reglamento de Ingreso,
Promocion y Permanencia del Personal Académico y del mismo se advierte que cumplio
satisfactoriamente con el programa de actividades.

VOTOS:
Integrantes Sentido de los votos
Dr. Jesus Octavio Elizondo Martinez A favor
Dra. Cecilia Castafieda Arredondo A favor
Dr. Carlos Joel Rivero Moreno A favor

Dr. André Moise Dorcé Ramos ———

Dra. Deyanira Bedolla Pereda -

Dr. Tiburcio Moreno Olivos A favor

Total de los votos 4 votos a favor

Coordinadora

Dra. Gloria Angélica Martinez De la Peia
Secretaria del Consejo Divisional de
Ciencias de la Comunicacion y Diseno
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Reporte de Actividades del Periodo Sabatico

EsAU VILLATORO-TELLO, PH.D.
Departamento de Tecnologias de la Informacién, UAM Cuajimalpa
Noviembre 2020

1 Introducciéon

El presente documento describe las actividades realizadas durante mi periodo sabético
(Septiembre /2019 a Agosto/2020). Como se indicé en mi plan de trabajo entregado
al Consejo Académico en mayo de 2019, mi sabatico se centraria principalmente en
realizar trabajo de investigacion alrededor de temas relacionados con Procesamiento
de Lenguaje Natural y sus aplicaciones el andlisis y procesamiento de documentos
orales, es decir, documentos que son generados a través de técnicas de transcripciéon
automatica.

Durante mi estancia sabética en el centro de investigacion Idiap?, trabajé y colaboré
principalmente con el grupo de investigacion "Voz y Procesamiento de Audio" (Speech
and Audio Processing Group). Uno de los principales logros de esta colaboracién
fue el disefio e implementacién de un algoritmo de categorizaciéon de documentos
orales, el cual result6 ser altamente eficiente y que esta inspirado en técnicas de repre-
sentacion semdntica denominadas Representaciones de Segundo Orden. Este algoritmo
lo evaluamos en variados conjuntos de datos, y nos permiti6é obtener una publicacién
en la revista "The Prague Bulletin of Methematical Linguistics". Actualmente, tengo
entendido que Idiap quiere llevar a produccién dicho método, para ofertarlo como una
solucion eficiente y efectiva a la tarea de identificacion automatica de tépicos entre sus
posibles clientes.

Ademas de esto, tuve la oportunidad de involucrarme en otros proyectos, relaciona-
dos més estrechamente a mis intereses de investigacion. Por ejemplo, participamos en
tareas de Anadlisis de Autoria, como son la identificacién de mensajes agresivos en redes
sociales (MEX-A3T), y la identificacién de rasgos psicolégicos de los autores (OMT
Task). En las secciones siguientes doy una breve descripcion de estos articulos, los
cuales son adjuntados como documentos probatorios.

Finalmente debo mencionar que pude continuar mi colaboracién con el DTI de la
UAM Cuajimalpa. Continué con la direcciéon de proyectos terminales, y de proyectos
de servicio social que estaban activos al momento de solicitar el sabético.

2 Trabajo de Investigacion

En esta seccién presento una breve descripcion de los trabajos publicados durante mi
sabdtico. Estos trabajos estan ya publicados; se incluye como anexo la version en extenso
de todos éstos.

Ihttps://www.idiap.ch/en



1. Inferring Highly-dense Representations for Clustering Broadcast Media Con-
tent.? Este trabajo describe el método desarrollado para la identificacién au-
tomaética de topicos en documentos orales. EL trabajo fue realizado en colabo-
racion con el Dr. Shantipriya Parida, Dr. Petr Motlicek, y Ondrej Bojar.

2. Idiap Submission to Swiss-German Language Detection Shared Task.? En este
articulo describimos los experimentos realizados como parte de nuestra partici-
pacion en la competencia nombrada Swiss-German Language Detection Shared
Task, la cual se realizé en el marco del 5th SwissText & 16th KONVENS Joint
Conference 2020. Este trabajo fue realizado en colaboracién con Dr. Shantipriya
Parida, Dr. Petr Motlicek, Qingran Zhan y Sajit Kumar.

3. Idiap & UAM participation at GermEval 2020: Classification and Regression
of Cognitive and Motivational Style from Text.* Este articulo describe nuestra
participacion en la tarea de clasificacién denominada Classification of the Operant
Motive Test (OMT) subtask. Estrictamente hablando, esta tarea es un problema de
Perfilado de Autor. Este evento se realizé como parte del 5th SwissText & 16th
KONVENS Joint Conference 2020. El trabajo se realizé en colaboracién con Dr.
Shantipriya Parida, Dr. Petr Motlicek, Qingran Zhan, y Sajit Kumar. Nuestro sistema
obtuvo el segundo mejor desempefio en la tarea.

4. Idiap and UAM Participation at MEX-A3T Evaluation Campaign.®. El articulo
describe nuestra participacion en la tarea de identificacién de noticias falsas y
deteccion de agresividad (Fake News and Aggressiveness Analysis shared tasks).
Ambeas tareas se evaluaron en datos en Espafiol de México. El trabajo se realiz6
en colaboracion con Dr. Shantipriya Parida, Dr. Petr Motlicek, y Gabriela Ramirez de
la Rosa. Vale la pena mencionar que en esta competencia, nuestro sistema logré
obtener el primer lugar en la tarea de deteccion de noticias falsas.

De los articulos mencionados hasta aqui, tres son el resultado de participar en
distintas tareas compartidas (shared tasks). El objetivo principal de la participacion fue
evaluar el desempefio de una estrategia denominada "Supervised Autoencoders" (SAE).
A pesar de que SAE es una tecnologia que se propuso para hacer andlisis de imagenes,
nuestros articulos representan los primeros en evaluar este tipo de tecnologia en tareas
de Procesamiento de Lenguaje, lo cual se considera una contribucién importante.

A continuacioén listo los articulos realizados en colaboracién con mis alumnos (de
licenciatura y posgrado) de la UAM-Cuajimalpa, como del INAOE-Puebla.

1. Finding Evidence Of The Sexual Predators Behavior. Este es un resumen ex-
tendido, el cual se envio para evaluacién a la conferencia LatinX in Al Research
at NeurIPS 2019. El trabajo fue aceptado para ser presentado de forma oral en
Diciembre de 2019. Este trabajo es el resultado final del Proyecto terminal real-
izado por Angeles Lépez-Flores, alumna de la LTSI UAM-Cuajimalpa. La idea
principal del trabajo fue desarrollar técnicas automaéticas para la identificacion
precisa de evidencia de acoso en linea, especificamente, identificacién de pedofilia.

2https://ufal.mff.cuni.cz/pbml/115/art-villatoro-tello-et-al.pdf
Shttp://ceur-ws.org/Vol-2624/germeval - task2- paper4 . pdf
*https://www.inf .uni-hamburg.de/en/inst/ab/1t/resources/data/
germeval-2020-cognitive-motive/ge20stl-paper-2.pdf
Shttp://ceur-ws.org/Vol-2664/mexa3t_paper3.pdf



El trabajo fue realizado en colaboracién con Angeles Lopez-Flores, y Gabriela
Ramirez-de-la-Rosa.

2. Mental lexicon for personality identification in texts. Al igual que el trabajo
anterior, este es también un resumen extendido, el cual fue enviado y aceptado
para ser presentado como poéster en la conferencia LatinX in Al Research at NeurIPS
2019 en Diciembre de 2019. La idea principal de este trabajo fue la de mostrar
el impacto de utilizar el léxico mental para detectar automéaticamente rasgos de
personalidad. El trabajo es parte de la tesis de doctorado de Gabriela Ramirez-de-
la-Rosa. En la colaboracién participé también el Dr. Héctor Jiménez-Salazar.

3. Predicting consumers engagement on Facebook based on what and how com-
panies write.® Este trabajo fue evaluado, y aceptado para publicacién en la
ocnferencia LKE 2019. 7 Como resultado de la calidad del trabajo, se nos invit6 a
enviar una version para su publicacién en la revista "Journal of Intelligent Fuzzy
Systems" (Indexed in Journal Citation Reports-JCR, THOMSON REUTERS, Impact
Factor 2017: 1.261). Este trabajo es el resultado final del Proyecto Terminal de Erika
Rosas-Quezada, alumna de la LTSI de la UAM-Cuajimalpa. Trabajo realizado en
colaboraci6n con Erika Rosas-Quezada y la Maestra Gabriela Ramirez-de-la-Rosa.
Abstract: Engaged customers are a very import part of current social media mar-
keting. Public figures and brands have to be very careful about what they post
online. That is why the need for accurate strategies for anticipating the impact
of a post written for an online audience is critical to any public brand. There-
fore, in this paper, we propose a method to predict the impact of a given post by
accounting for the content, style, and behavioral attributes as well as metadata
information. For validating our method we collected Facebook posts from 10
public pages, we performed experiments with almost 14000 posts and found that
the content and the behavioral attributes from posts provide relevant information
to our prediction model.

4. Author Profiling in Social Media with Multimodal Information.® Este trabajo
resume la tesis de doctorado de mi (ex) alumno Miguel A. Alvarez-Carmona, gradu-
ado del INAOE, Puebla. El articulo fue aceptado para su publicacién en la revista
Computacién y Sistemas (CyS)°.

Abstract: In this paper, we propose a multi-modal approach for extracting infor-
mation from written messages and images shared by users. Previous work has
shown the existence of useful information within these modalities for the task
of Author Profiling; however, our proposal goes further demonstrating the com-
plementary of these modalities when merging these two sources of information.
To do this, we propose to map images in a text, and with that, to have the same
framework of representation through which to achieve the fusion of information.
Our work explores different methods for extracting information either from the
text or from the images. To represent the textual information, different distribu-
tional term representations approach were explored in order to identify the topics

®https://content.iospress.com/articles/journal-of-intelligent-and-fuzzy-systems/
1ifs179897

"https: //lkesymposium.tudublin.ie/index.html

8h’c’cps: / /www.cys.cic.ipn.mx/ojs/index.php/CyS/article /view /3488

9CyS is a peer reviewed open access scientific journal of Computer Science and Engineering (https:
//www.cys.cic.ipn.mx/ojs/index.php/CyS/index)



addressed by the user. For this purpose, an evaluation framework was proposed
in order to identify the most appropriate method for this task. The results show
that the textual descriptions of the images contain information for the author
profiling task, and the fusion of textual information with information extracted
from the images increases the accuracy of this task.

En total, durante mi estancia sabética, se tuvieron tres articulos de revista, tres articu-
los en conferencias, y dos restimenes extendidos aceptados para presentacién. Al mismo
tiempo continué en la asesoria de dos proyectos terminales, los cuales se concluyeron
en Noviembre del 2019. Todos estos productos son anexados a este documento como
elementos probatorios de dichos productos.

3 Probatorios

En el archivo que acompana este documento, se proporcionan los elementos probatorios
de los siguientes productos:

1.

Articulo revista: Inferring Highly-dense Representations for Clustering Broadcast
Media Content

. Articulo revista: Predicting consumers engagement on Facebook based on what

and how companies write

3. Articulo revista: Author Profiling in Social Media with Multimodal Information

Articulo conferencia: Idiap Submission to Swiss-German Language Detection
Shared Task

. Articulo conferencia: Idiap & UAM participation at GermEval 2020: Classification

and Regression of Cognitive and Motivational Style from Text.

Articulo conferencia: Idiap and UAM Participation at MEX-A3T Evaluation Cam-
paign
Resumen extendido: Finding Evidence Of The Sexual Predators Behavior

8. Resumen extendido: Mental lexicon for personality identification in texts

10.

. Asesoria de Proyecto Terminal: Prediciendo el impacto de una publicacién en

Facebook

Asesoria de Proyecto Terminal: Sistema web de apoyo para la identificacién
automadtica de evidencia textual en casos de pedofilia
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c

Abstract

We propose to employ a low-resolution representation for accurately categorizing spoken
documents. Our proposed approach guarantees document clusters using a highly dense rep-
resentation. Performed experiments, using a dataset from a German TV channel, demonstrate
that using low-resolution concepts for representing the broadcast media content allows obtain-
ing a relative improvement of 70.4% in terms of the Silhouette coefficient compared to deep
neural architectures.

1. Introduction

Current broadcast platforms utilize the Internet as a cross-promotion source, thus,
their produced materials tend to be very short and thematically diverse. Besides,
modern Web technologies allow the rapid distribution of these informative content
through several platforms. As a result, the broadcast media content monitoring rep-
resents a challenging scenario for current Natural Language Understanding (NLU)
approaches to efficiently exploit this type of data due to a lack of structuring and reli-
able information associated with these contents (Morchid and Linarés| 2013; [Doulatyi
et all, 2016} Staykovski et all, 2019]). Furthermore, if we consider that documents are
very short and that they come from a very narrow domain, the task of clustering be-
comes harder.

Traditionally, the Bag-of-Words (BoW) has been the most widely used text repre-
sentation technique for solving many text-related tasks, including document cluster-

© 2020 PBML. Distributed under CC BY-NC-ND. Corresponding author: shantipriya.parida@idiap.ch
Cite as: Esau Villatoro-Tello, Shantipriya Parida, Petr Motlicek, Ondfej Bojar. Inferring Highly-dense Representa-
tions for Clustering Broadcast Media Content. The Prague Bulletin of Mathematical Linguistics No. 115, 2020,
pp. 31-50. doi: 10.14712/00326585.004.
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ing, due to its simplicity and efficiency (Ribeiro-Neto and Baeza-Yates, 1999). How-
ever, the BoW has two major drawbacks: i) document representation is generated in
a very high-dimensional space, i) it is not feasible to determine the semantic similar-
ity between words. As widely known, previous problems increase when documents
are short texts (Li et al), 2016). It becomes more difficult to statistically evaluate the
relevance of words given that most of the words have low-frequency occurrences, the
BoW representation from short-texts results in a higher sparse vector, and the distance
between similar documents is not very different than the distance between more dis-
similar documents.

To overcome some of the BoW deficiencies, semantic analysis (SA) techniques at-
tempt to interpret the meaning of the words and text fragments by calculating their
relationship with a set of predefined concepts or topics (LLi et al), 2011). Examples of
SA techniques are LDA (Blei et al., 2003), LSA (Deerwester et al), 1990), and word
embeddings (Le and Mikolov, 2014; Bojanowski et al., 2017; Devlin et al), 2019). Ac-
cordingly, these strategies learn word or document representations based on the com-
bination of the underlying semantics in a dataset. Similarly, more recent approaches,
with the help of word embeddings, learn text representations using deep neural net-
work architectures for document classification (De Boom et al., 2016, /Adhikari et al.,
2019; Ostendorff et al), 2019; Sheri et al., 2019). However, most of these approaches fo-
cus either on solving supervised classification tasks or clustering formal-written short
documents.

In this paper, we propose an efficient technological solution for the unsupervised
categorization of broadcast media content, i.e., spoken documents. Our proposed ap-
proach generates document clusters using a highly dense representation, referred to
as low-resolution concepts. We first identify the fundamental semantic elements (i.e.,
concepts) in the document collection, then, these are used to build the low-resolution
representation, which is later used in an unsupervised categorization process. One
major advantage of our proposed approach is it’s easy to interpret, explicit, and pro-
found representation, allowing the end-users understanding of document vectors and
their differences.

The main contributions of this paper are summarized as follows: i) To the best
of our knowledge, this is the first attempt to explore the feasibility and effectiveness
of the low-resolution bag-of-concepts in solving one particular unsupervised task,
broadcast media content categorization; ii) We conducted our experiments on a real-
life dataset of German spoken documents, achieving good performance in terms of
three internal evaluation metrics, allowing our method to be considered for practi-
cal deployment; iii) We evaluate the performance of our proposed method in three
well-known datasets (formal written documents).

The remainder of the paper is organized as follows: a brief description of the re-
lated work is given in Section 2}, in Section B|we describe the proposed methodology,
Section g we provide some details regarding the employed dataset. Experimental re-
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sults and analyses are presented in Sections f{and [ Finally, in Section [ we draw our
main conclusions and future work directions.

2. Related Work

Our work is mainly related to topic modeling or topic discovery. As known, topic
discovery aims to use statistical information of word occurrences to obtain the under-
lying semantics contained in a document set. The most popular textual topic mod-
elling are based on Latent Dirichlet Allocation (LDA) (Blei et al), 2003)), Bayesian
methods represented by latent semantic analysis (LSA) (Deerwester et al.,[1990)), Hi-
erarchical Dirichlet Process (HDP) ([Teh et all, 2005)).

During recent years, models based on deep neural networks have emerged as a
viable alternative for topic discovery. For example, the replicated softmax model
(RSM), based on Restricted Boltzmann Machines (Hinton and Salakhutdinov, 2009)),
which is capable to estimate the probability of observing a new word in a docu-
ment given previously observed words, thus RSM can learn efficient document rep-
resentations. More recently, Variational Autoencoders (VAEs) have been successfully
adapted for text topic modeling. The Neural Variational Document Model (NVDM)
(Miao et al 2016) for text modeling is an extension of a standard VAE, with an en-
coder that learns Gaussian distribution and a softmax decoder capable of reconstruct-
ing documents in a semantic word embedding space. In (Silveira et al.}, 2018) authors
propose a VAE-based on Gumbel-Softmax (GSDTM) and Logistic-normal Mixture
(LMDTM) for text topic modelling. In (Wang et al], 2020)) authors propose a neu-
ral topic modeling approach, called Bidirectional Adversarial Topic (BAT) model,
which builds a two-way projection between the document-topic distribution and the
document-word distribution. Although these recent approaches have demonstrated
great improvement in text clustering tasks using the topic information, they all have
one major disadvantage, they require great amounts of data to infer accurate semantic
representations, plus the lack of interpretability.

Despite the extensive exploration of this research field, scarce work has been done
to evaluate the impact of these technologies in speech-documents, i.e., textual tran-
scriptions obtained from speech. Contrary to formal documents, textual transcript
represents a more challenging scenario as they represent very short documents, con-
taining several speech phenomena such as hesitation, fillers, repetition, etc. Accord-
ingly, in this paper, we evaluate the impact of several clustering strategies for broad-
cast media categorization. Our proposed approach generates document clusters us-
ing highly dense representation, which are easy to interpret by a human judge. The
recent relevant work to ours is proposed by (Kim et all, 2017]), which proposes a bag-
of-concepts approach to generate alternative document representations to overcome
the lack of interpretability of word2vec and doc2vec methodologies. However, con-
trary to this particular work, our method is particularly suited for very short spoken
documents (transcripts), and we use highly dense representations, i.e., a very small
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Figure 1: General framework to categorize spoken-documents using low-resolution
concepts.

set of features is used to represent the concepts contained in the dataset. We evaluate
our proposed method in a real-life dataset extracted to form a German tv channel and
we also evaluate our method’s performance in three benchmark corpora.

3. Proposed Method

Inspired by the work of (Kim et al), 2017; Lépez-Monroy et al,, 2018), we propose
using a highly dense representation, denominated low-resolution concepts, for solv-
ing the task of clustering short transcript-texts, i.e., broadcast media documents. The
intuition behind this approach is that highly abstract semantic elements (concepts)
are good discriminators for clustering very short transcript texts that come from a nar-
row domain. The proposed methodology is depicted in Figure[I} Generally speaking,
we first identify the underlying concepts contained in the dataset. For this, we can em-
ploy any semantic analysis (SA) approach for learning words representation; thus,
learned representation allows us to generate sets of semantically associated words.
After obtaining the main concepts, documents are represented by a condensed vector,
which counts for the occurrences of the concepts, i.e., a concept distribution vector.
Finally, the build texts representation serves as the input to a clustering process, in
this case, the K-means algorithm.

More formally, let D {dy, d»,..., dn} denote the set of short transcript texts, and
letV {wi,wa,...,wn}represent the vocabulary of the document collection D. As
first step, we aim at inferring the underlying set of concepts C  {c1,c2,...,cp} con-
tained in D, where every c; € C is a set formed by semantically related words. Notice
that in order to obtain the concepts C we can apply any SA technique for learning
the vector representation v; of each word w; € V, for example LDA, LSA, or word
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embeddings. Next, for obtaining the document d; representation, we account for the
occurrence of each c¢; within d;, in other words, the document vector d; is a vector
that contains concepts distribution. Finally, the generated document-concepts matrix
Mo serves as the input to a clustering process aiming at finding the more suitable
documents groups according to the concept-based representation. Henceforth, we
will refer to the document-concepts matrix as the Bag-of-Concepts (BoC) representa-
tion.

The proposed method has two main parameters, the resolution parameter (p) and
the group parameter (k). The former, p, represents the number of concepts that will
be generated from the SA step. The lower the number of concepts, the more abstract
the resolution. The second parameter, k, indicates the number of categories to be
generated from the clustering process. Given the nature of the dataset, i.e., very short
texts from a narrow domain, we hypothesize that the clustering algorithm will be
able to find groups of documents that share the same amount of information about
the same sub-set of concepts, resulting in a more coherent categorization of the doc-
uments. Thus, using low-resolution concepts will generate groups of documents re-
ferring to the same general topics, while using higher resolution values will result in
a more fine-grained topic categorization of the documents.

4. Dataset Description

The dataset used in our paper is from n-tvll, a German free-to-air television news
channel. There are mainly two different sets of files in the proprietary data. One part
of the dataset is represented by the speech segments (audio data) with an average
duration of 1.5 minutes where each recording has multiple speakers recorded in a
relatively noisy environment. The other part of the dataset is the textual transcripts
(German) associated with the speech segments. Each of the transcript files represents
an article (short text documents), which usually are spread across different topics. See
for example a small fragment of an article shown in Table[l. This example, when given
to experts, is categorized as ‘politics” and as an ‘economy” article, which is somehow
correct given that both topics are present in the article. This occurs repeatedly across
articles due to the interviewed people often mix topics when spontaneously speaking,
making the categorization task even more challenging.

For our experiments, the employed dataset comprises a total of 697 articles. Table P
shows some statistics from the employed dataset; before applying any pre-processing
operation and after pre-processing. As pre-processing operations, we removed stop-
words, numbers, special symbols, all the words are converted to lower-case. Bwe
compute the average number of tokens, vocabulary, and lexical richness (LR) in the
dataset. A couple of main observations can be done at this point. On the one hand,

1https://www.n-tv.de/

2We did not make any special processing for German compounds words.
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Original German fragment

Arbeitsminister Hubertus Heil kampft fiir befristete Teilzeit. Also dafiir dass man nicht nur von Voll-zur
Teilzeit sondern eben auch wieder zuriick wechseln kann ...der Arbeitgeber darf den Antrag auf Teilzeit auch
nicht einfach so ausschlagen aufier es gibt betriebliche Griinde... bei Unternehmen mit mehr als 200 Mitarbeit-
ern habe alle ein Recht auf befristete Teilzeit...zudem kann der Arbeitgeber den Antrag auf befristete Arbeitszeit
ablehnen wenn diese ein Jahr unter- oder fiinf Jahre tiberschreitet.

Closest English translation

Minister of Labor Hubertus Heil is fighting for part-time work. So that you can not only switch from full-time
to part-time but also back again ... the employer may not simply refuse the application for part-time unless
there are operational reasons ... in companies with more than 200 employees, everyone has a right to temporary
part-time work ... the employer can also reject the application for limited working time if it exceeds one year less
than or five years.

Table 1: Extracted fragment from the n-tv dataset. Letters in bold represent keywords
associated with politic and economic topics.

we notice that individual texts are very short, on average 63.02 tokens with an average
vocabulary of 47.86 words, resulting in a very high LR (0.785). This suggests that very
few words are repeated within one article, very few redundancies, which represents
a challenge for frequency-based methods. On the other hand, globally speaking, the
complete dataset has an LR=0.272, which indicates, to some extent, that the informa-
tion across texts is highly overlapped (narrow domains).

4.1. Benchmark datasets

To validate our proposal, we also evaluate our method in the following three bench-

mark datasets:

o AG’s news corpus. We used the as employed in (Zhang et al},2015)). It contains
categorized news articles (4 classes) from more than 2000 news sources. In total,
this dataset contains 120000 documents in the train partition and 7600 in the test
partition.

e Reuters. These documents appeared on the Reuters newswire in 1987 and were
manually classified by personnel from Reuters Ltd. Particularly, we used for our
experiments the R8 partition as provided in (Cardoso-Cachopo, 2007), i.e., 5845
documents for training, and 2189 for testing divided into eight categories.

e 10KGNAD. This dataset, based on the One Million Posts Corpus (Schabus et al.,
2017)), is composed of 10273 German news articles collected from an Australian
online newspaper. News is categorized into 9 different topics. The train parti-
tion contains 9245 documents, while the test partition contains 1028 documents.
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W/O Pre-processing

Average (0) Total
Tokens 234.68 (+ 124.45) 163,572
Vocabulary  161.79 (% 51.92) 22078
LR 0.717 (£0.073)  0.134

W/ Pre-processing

Average (0) Total
Tokens 63.02 (£ 31.52) 43,928
Vocabulary  47.86 (£ 16.30) 11,948
LR 0.785 (4 0.092) 0.272

Table 2: Statistics of the n-tv dataset.

5. Experimental framework

This section describes the experimental setup. First, we describe the employed
methods for learning word representations. Then, we briefly explain the evaluation
metrics; and finally, we describe the approaches used for comparison purposes (base-
lines). For all the performed experiments we ran the k-means algorithm® for a range
ofk 2...15.

5.1. Obtaining word vectors

One crucial step of our approach is learning word representations, i.e., the seman-
tic analysis process shown in Figure [ll. For this, an important parameter is the reso-
lution value (p), which indicates the number of concepts that will be employed for
building the document-concepts matrix (BoC). Accordingly, we evaluate four differ-
ent methods for inferring the set C (IC| p):

e FastText: Concepts are inferred from applying a clustering process over V), us-
ing as word representation pre-trained word embeddings. We used word em-
beddings trained with FastText¥ (Bojanowski et all, 2017]) on 2 million German
Wikipedia articles. This configuration is referred as: BoC(FstTxt).

e BERT: Similar to the previous configuration but, here we use BERT (Devlin etal.,
2019), a very recent approach for getting contextualized textual representations.
Thus, we feed every word in V to BERT and preserve the encode produced by

3As implemented in the scikit-learn library: |https://scikit-learn.org/stable/modules/
clustering.html

4https://www.spinningbytes.com/resources/wordembeddings/
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the last hidden layer (768 units) as the word vector. Performed experiments
were done using the pre-trained bert-base-german-cased modelB. We refer to
this configuration as BoOC(BERT).

e LDA: Latent Dirichlet Allocation (Blei et alJ, 2003)) assumes that documents are
probability distributions over latent concepts, and concepts are probability dis-
tributions over words. Thus, LDA backtracks from the document level to iden-
tify concepts that are likely to have generated the dataset. We used the Mallet’s
LDA implementation from Gensimf. After obtaining the concepts, we compute
the document-concepts distribution over each d; for generating the d; represen-
tation. We refer to this experiment as BoC(LDA).

e LSA: Latent Semantic Analysis (Deerwester et al), [1990) is a purely statisti-
cal technique that applies singular value decomposition (SVD) to the term-
document matrix to identify the ‘latent semantic concepts’. We employed the
SVD (singular value decomposition) algorithm as implemented in sklearnf.
Then, document-concepts representation d; is obtained similarly to the LDA
approach. We refer to this approach as BoC(LSA).

5.2. Comparisons

We compare the proposed methodology against four different approaches:

o BoW(tf-idf): Short texts are represented using a traditional Bag-of-Words (BoW)
considering a tf-idf weighing scheme. The top 10,000 most frequent terms are
employed for generating the BoW representation. Thus, once we have the doc-
ument’s representation, we applied the traditional k-means algorithm.
Avg-Emb: Every short text is represented using the average of the word em-
beddings which are respectively weighted with their tf-idf score. This strategy
has been considered in previous research as a common baseline (Huang et al.,
2012} Lai et all, 2015; Xu et al), 2015). We used the FastText embeddings for this
experiment. Similarly to the BoW baseline, once the representation is generated,
we applied the k-means algorithm to perform the clustering process.

BERT: For this, every text is feed through BERT. As the d; representation we use
the values of the last hidden layer (768 units). We limit the input length to 510
tokens. After generating the BERT encoding of every document, we applied the
k-means algorithm.

CNNss: Contrary to the previous baselines, this is a specific convolutional neural
network designed for clustering short texts. The main idea of this method is to

5https://huggingface.co/transformers/pretrained_models.html
6https://radimrehurek.com/gensim/models/wrappers/ldamallet.html

"https://scikit- learn.org/stable/modules/generated/sklearn.decomposition.TruncatedSvD.
html

8 As implemented in https://github.com/zghZY/short text cnn cluster
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learn deep features representations without using any external knowledge (Xu
et al) 2015).

5.3. Evaluation metrics

For validating the clustering performance we employed three internal methods
(Rendén et al), 2011)), namely Silhouette (s) score (Rousseeuwl, 1987)), Calinski-Hara-
basz (CH) (Calinski and Harabasz, 1974)), and Davies-Bouldin (DB) (Davies and
Bouldin, 1979) index. Generally speaking, these metrics propose different strategies
for combining the concepts of cohesion and separation for each point in the formed
clusters. The cohesion value measures how closely the points in a cluster are related
among them, and the separation value indicates how well a cluster is distinguished
from other clusters.

Silhouette (s) score (Rousseeuw, 1987): this metric combines the concepts of co-
hesion and separation for each point in the formed clusters. The cohesion value mea-
sures how closely the points in a cluster are related among them, and the separation
value indicates how well a cluster is distinguished from other clusters. Thus, the s
score for a point i is computed as shown in expression Il

b(i) — a(i)
max{a(i), b(i)}

s(i) (1)
where a(i) is the cohesion score between point i and the rest of the points belonging
to the same cluster; and b(i) is the separation score, which represents the minimum
average distance between point i and all the other points in any other cluster, of which
iisnot a member. At the end, the silhouette score of the clustering process is given by
the mean s(i) over all points. For this particular metric possible values range between
-1 and 1, where a positive result indicates a better quality in the clustering.

Calinski-Harabasz (CH) index (Caliriski and Harabasz, [1974): given a dataset D
of size n, divided into k clusters, the CH index is defined as the ratio of the between-
clusters dispersion mean and the within-cluster dispersion. The CH index is com-
puted as shown in expression 2|

SSB n—1

CH SSWX—n—k (2)

where SSy, is the overall within-cluster variance, and SSg is the overall between-
cluster variance. The SSy/ term represents the sum of the within the sum of squares
distances of each point in the cluster from that cluster’s centroid, and it will decrease
as the number of clusters goes up. On the other hand, the SSg measures the variance
of all the cluster centroids from the dataset’s centroid. Hence, a big SSg value means
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that all centroids from all clusters are spread out, and consequently not too close to
each other. Therefore, the biggest the CH index, the better the clustering output.

Davies-Bouldin (DB) index (Davies and Bouldinl, 1979): this index aims to iden-
tify sets of clusters that are compact and well separated. The DB index is defined in
expression 3.

|5 d(i,ci)+d(j,cj)>

DB k iJ.Z1 g ( d(cy, ¢j) ®)
where k denotes the number of formed clusters, i and j are cluster labels, then d(i,ci)
is the average distance between each point of cluster i and the centroid of that cluster
ci, this is also know as cluster diameter. Likewise, d(ci,cj) is the distance between
centroids of cluster i and j respectively. Thus, the smaller the value of the DB index,
the better the clustering solution.

Finally, it is worth mentioning that for the experiments performed in the AG’s
news, Reuters, and 10KGNAD datasets, we evaluate all the possible configurations
and baselines on the test partition. Given that these datasets are labeled, we report
the obtained results in terms of accuracy (ACC).

6. Results

First, we determine the impact of the resolution parameter (p) in the clustering
task. Then, we compare the proposed method using the best value of p against meth-
ods described in section

6.1. Impact of the resolution

In Figure P and Figure [J we visually show the performance of the considered
concepts-inferring approaches in the clustering task, i.e., BoC(FstTxt), BoC(BERT),
Boc(LDA), and BoC(LSA). Each map depicts the performance of the different meth-
ods under several resolution values p 5, 10, 20, 50, 100, 500, 1000 (y-axis), and sev-
eral required clusters k  2,...,15 (x-axis). In all cases, the darker the red color in
the heat-map the better the performance, conversely, the darker the blue color the
worst the performance, and if the cells tend to be white, it means an average perfor-
mance. Each row in Figure [ and Figure Brepresents the obtained performance under
a different evaluation metric, s score, CH and DB index respectively. As mentioned,
the lower the value of the DB index, the better the output of the clustering process.
Thus, to provide the generated maps under the third row the same interpretation,
we subtract the maximum obtained value under the DB metric to each of the original
results.

From these experiments we observe the following: (1) Using low-resolution values
(p  5,10) allows us to obtain better performance, showing a consistent behavior
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Figure 2: Heatmaps showing the impact of the resolution parameter (p) in the clus-
tering task. First row depicts results in terms of the s score, second row shows the
CH index, and third row represents the DB index. Graphs in the same column were
generated using the same approach for inferring word representations, specifically,
here we are comparing FastText and BERT approaches.
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Figure 3: Heatmaps showing the impact of the resolution parameter (p) in the clus-
tering task. First row depicts results in terms of the s score, second row shows the
CH index, and third row represents the DB index. Graphs in the same column were
generated using the same approach for inferring word representations, specifically,
here we are comparing LDA and LSA approaches.
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across the three evaluation metrics, although is more clear for the s and CH indexes;
(2) inferring word representations with LDA and LSA (Figure 3)) allows us to obtain
better performance across different values of k. In general, these experiments indicate
that low-resolution values (5C, 10C) are preferable for obtaining the best clustering
performance in the n-tv dataset.

Additionally, we evaluated our proposed method in three benchmark datasets,
namely: Reuters 8 (Cardoso-Cachopo, 2007), AG’s News (Zhang et al), 2015), and
10KGNAD (Schabus et all, 2017]). Table 3 shows the obtained results in terms of the
s score (SH), and clustering accuracy (ACA) values. It is important to mention that
although these three datasets are labeled, we cannot compute the traditional Accuracy
as in a supervised classification task because the k-means will assign an arbitrary
label to every cluster it forms. However, what we can do is to compute the Average
Clustering Accuracy (ACA) measure, which gives the accuracy of the clustering no
matter what the actual labeling of any cluster is, as long as the members of one cluster
are together. Traditionally, for obtaining the ACA value it is necessary to figure out
what is the best setting that would yield me the maximum clustering accuracy. For
our performed experiments, we used the sklearn linear_assignmen function, which
uses the Hungarian algorithm to solve this problem.

As can be observed in Table B, Boc(LDA) experiments were performed only for 5
and 10 concepts. We do not report results with a higher number of concepts because
the LDA approach was not able to obtain more than 10 topics with high probability
distributions, in other words, for greater values than 10 the employed LDA imple-
mentation generated empty topics for all the three datasets.

The first four rows represent the considered baselines. As can be noticed, the CNN
approach performs well in the AGs News and 10KGNAD dataset, while for the R8
dataset, the traditional BoW obtains a competitive performance. In general, we can
conclude that using the LDA approach for inferring the underlying semantics repre-
sents the best approach for inferring efficient highly-dense concepts. The BoC(LDA-
5C) and BoC(LDA-5C) configurations obtain good results in terms of SH and ACA
metrics in the R8 and AGs News datasets respectively.

6.2. Overall performance

From the previous analysis, we choose p 5 as the best resolution value, since
in two out of the three considered metrics, when the number of concepts is equal
5 we obtain better performances. Therefore, the next set of experiments was done
using this as the number of conceptsf and we compare our proposed approach against
baselines described in section5.2. Figure[d shows the obtained results across the three
considered evaluation metrics. Contrary to the previous section, here we kept the

9Represented as the ‘-5C” suffix in the experiments.
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Figure 4: Clustering performance across several values of k: (a) s score, (b) CH index,
and (c) DB index
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Model R8 AGs News 10KGNAD
SH ACA SH ACA SH ACA
BOW 0.055 0.641 0.012 0.271 0.020 0.424
Avg-Emb (FstTxt) 0.054 0474 0.042 0409 0223 0.225
BERT 0.077 0.378 0.041 0.599 0.039 0.368
CNN 0.079 0.407 0.057 0.623 0.158 0.618
BoC (FstTxt-5C) 0.279 0312 0.300 0.361 0.221 0.327

BoC (FstTxt-10C) 0199 0325 0203 0344 0.231 0.513
BoC (FstTxt-20C) 0.131 0322 0.158 0.403 0.185 0.503
BoC (FstTxt-50C) 0.098 0319 0122 0579 0.116 0.495
BoC(FstTxt-100C)  0.088 0.364 0.086 0.539 0.073 0.485
BoC(FstTxt-500C)  0.057 0.392 0.043 0.610 0.034 0.527
BoC(FstTxt-1000C) 0.066 0.446 0.030 0.597 0.025 0.499

BoC(LSA-5C) 0.162 0453 0.236 0457 0225 0.476
BoC(LSA-10C) 0.304 0.583 0.183 0484 0.236 0.471
BoC(LSA-20C) 0.262 0595 0.095 0454 0.179 0421
BoC(LSA-50C) 0.149 0.619 0.158 0.292 0.127 0.427

BoC(LSA-100C) 0.133 0.633 0.057 0.292 0.073 0.448
BoC (LSA-500C) 0.056 0.701 0.050 0.396 0.005 0.418
BoC(LSA-1000C) 0.085 0.592 -0.010 0459 0.027 0.453

BoC(LDA-5C) 0349 0504 0424 0.793 0.341 0.455
BoC(LDA-10C) 0.388 0.721 0.237 0.617 0.384 0.495

Table 3: Additional experiments on three benchmark datasets. Results are reported
in terms of Silhouette score (SH), and average clustering accuracy (ACA).

original configuration of the DB index, i.e., the lower the obtained score, the better
the performance of the clustering approach.

Notice that traditional BoW (tf-idf) and Avg-Emb(FstTxt) techniques obtain the
worst performance overall. Similarly, the BERT approach, which represents each doc-
ument using the produced encoded by the last hidden layer of the pre-trained model
of BERT, obtains comparable results to those from the Avg-Emb (FstTxt) technique.
Although the CNNs method (Xu et al., 2015) improves the performance of the three
previous baselines, its obtained results are far from reaching those obtained with the
different configurations of our proposed approach.

From these experiments, it becomes clearer that the proposed approach performs
better when concepts are inferred using either LDA or LSA techniques. If we concen-
trate on the s score only, the best performance is obtained when using BoC(LSA-5C)
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atk 3 (s 0.51), which represents a relative improvement of 73% against the best
baseline, i.e., the CNN approach. Similarly, if we observe the CH index, the best result
is obtained with BOC(LDA-5C) atk 6 (CH  544.19), which represents a relative
improvement of 81.1% against the best result of the CNN approach. And finally, in
terms of the DB index, the best performance is obtained with BoC(LSA-5C) atk 3
(DB 0.66), which represents a relative improvement of 68% in comparison to the
CNN approach. Hence, the main observations from this analysis are: (1) proposed
approach consistently improves, across three different metrics, traditional clustering
techniques as well as some more recent approaches based on deep NN; (2) LDA and
LSA techniques allow inferring better word representations, improving clustering re-
sults in comparison to SOTA methods such as BERT encodings.

6.3. Manual evaluation

To judge the quality of the generated groups, we have taken a subset of 30 articles
and performed a small manual annotation experiment using 6 human experts.

For this exercise, we randomly select 30 articles from the n-tv dataset. Every an-
notator was instructed to identify 5 different clusters, i.e., they had to organize the
information into five semantically related groups. The only restriction given is that
each group should have at least one document and the same document can not be
assigned to more than one cluster. We choose 5 as the number of clusters to identify,
as from the previous experiments (see Figure ) we observed that with k  5as a
middle point, it is possible to obtain good performance on all the considered met-
rics. We evaluated the annotator’s agreement using the Kappa metric (Cohen), 1968)).
Resulting in a Kappa score of 0.49 which indicates a moderate agreement.

We performed a detailed analysis of the identified groups, and it was clear from
the exercise that spotted topics were: ‘technology’, “‘economy’, “politics’, ‘car industry’,
and ‘financial education”. We observed that annotators tend to disagree on the class
of the document when the categories might be related to ‘economy’, “politics’, and
‘financial education’, similarly when a document might belong to “technology” and
‘car industry’. However, using a majority vote scheme, we decided on the final class
of each document, and we used these 30 documents as a test set. We evaluate our
method using the BoC(LDA-5C) configuration, and we were able to obtain a 70%
accuracy in the classification process. In Figure | we show the clusters’ visualization
under this configuration.

7. Conclusions

In this paper, we proposed using highly dense representations, denominated low-
resolution concepts, for clustering German broadcast media contents. The proposed
approach infers the fundamental semantic elements contained in the input dataset,
which are used for suggesting optimal clusters configuration. Performed experiments
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Figure 5: Formed clusters using the BoC(LDA-5C) configuration with k 5. Found
topics with the LDA approach are: i) chef (boss), autos (cars), deutschland (ger-
many), zukunft (future), diesel (diesel); ii) euro (euro), prozent (percent), geld
(money), experten (experts), deutschland (germany); iii) unternehmen (company),
usa (USA), milliarden (billions), trump (Trump), eu (EU); iv) kunden (customers),
google (Google), mitarbeiter (employees), online (online), facebook (facebook); and
v) startup (sartup), deutschland (germany), daten (data), idee (idea), welt (world).

demonstrate that using small resolution values provides a better clustering perfor-
mance, which is consistent across three different internal evaluation metrics, and in
four different datasets. Particularly, the proposed framework is not dependent of any
particular concise semantic analysis method for inferring concepts; however, when
concepts are detected using the LDA and LSA approaches, the clustering performance
tends to improve, obtaining relative improvements of 73%, 81%, and 68% under Sil-
houette, Calinski-Harabasz, and Davies-Bouldin indexes respectively. Finally, we
would like to highlight one major advantage of our proposed approach, which is in-
terpretability. As a result of the representation process, produced vectors are easy to
interpret, facilitating end users understanding the found semantics and the decisions
made by the system.

As future work, we plan to evaluate our proposed approach in similar datasets, i.e.,
very short texts, from a very narrow domain, and as the result of automatic transcrip-
tion process from spontaneous speech. Is it possible to imagine, the latter represents
a more challenging scenario since automatic transcription systems have many errors
that might affect the performance of text-based methods.
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Abstract. Engaged customers are a very import part of current social m dia marketing. Public figures and brands have to be
very careful about what they post online. That is why the need for accura e strategies for anticipating the impact of a post
written for an online audience is critical to any public brand. Ther fore, in this paper, we propose a method to predict the
impact of a given post by accounting for the content, style and behavioral attributes as well as metadata information. For
validating our method we collected Facebook posts f om. 10 public p ges, we performed experiments with almost 14000 posts
and found that the content and the behavioral attributes from post  provide relevant information to our prediction model.

Keywords: Social media branding, impact analysis, data:mining, features engineering, natural language processing

1. Introduction

Nowadays, people world  ide are largely engaged
and attached to diff rent /ypes of Internet tech-
nologies ‘and social media platforms. All these
technologi s combined have provided new ways
for exchangi g feedback on products and services.
As stated in [9], this type of circumstances has
boosted customer empowerment. Accordingly, cus-
tomers have the potential of becoming influential with
their opinions, recommendations or complaints.

This situation requires the constant incorporation
of novel strategies for effectively managing brand’s
aims and marketing plans, especially aspects related
to customers’ involvement, relationship, and commu-
nication [1]. Thus, measuring the impact of produced

*Corresponding author. Esai Villatoro-Tello. E-mails: esau.
villatoro @idiap.ch and evillatoro@correo.cua.uam.mx.

advertising is an important issue that needs to be
included by brands as part of their social media
management strategies [10]. According to previous
research, the impact of a published post is measured
through several available metrics, mainly related to
the consumer’s visualizations, reactions, comments,
and interactions. Hence, increasing the impact of the
published posts will lead to stronger relationships
among brand and consumers, allowing customers to
create valuable content through social media [14].
Recently, the community of electronic commerce
and business research has started to pay attention
to how effectively exploit the mechanisms to inter-
act with their customers. Researches have focused
on studying phenomena such as the role of social
media on advertising, the electronic word of mouth,
customer’s relationships management, brand’s per-
formance, among others [1, 2, 11, 13]. Although
many works have proposed techniques for finding

ISSN 1064-1246/20/$35.00 © 2020 — IOS Press and the authors. All rights reserved
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the relationships between online posts on social
media and the impact of such publications mea-
sured by users interactions, the vast majority of these
research do it as a posteriori analysis [1-4, 9, 14].
This means they focus on finding those character-
istics that allowed a post to be appealing for their
customers, obtaining valuable insights that enable
designing powerful marketing strategies. However,
in spite of all the knowledge that these methodolo-
gies can provide to specific firms, it is not enough
for predicting the impact a post will have prior to
its publication. Therefore, a system able to antici-
pate the impact of individual posts can provide an
enormous advantage when deciding to communicate
something to the costumers through social media
platforms.

In this paper, we propose a novel framework for
predicting the impact of publishing posts on a social
media network, namely Facebook. Contrastingly to
traditional approaches in the field, our method incor-
porates features that are able to capture content, style,
and behavioral features when representing posts. The
proposed approach is based on a supervised machine
learning strategy, which allows anticipating post’s
impact, i.e., either high- or low-impact. For validating
the proposed method, we took on the task of collect-
ing a dataset from ten renowned brands on Facebo k
Mexico. Our performed experiments, over more than
13,000 posts, for six different classification problems,
indicate that the combination of the pr pos d.fea-
tures with some metadata-based attr but's, allows an
automatic system to obtain acceptab e performance
results.

We foresee this work wil repres nt an important
contribution to the dev-1"pment of novel methodolo-
gies in the field of el ctronic commerce and business
research, aswell asm tivate urther research from the
intelligent systems and text mining research commu-
nities.

The main ¢ ntributions of this paper are as follows:

1. We collected and labeled more than 13,000
posts from ten renowned brands on Facebook
Mexico. This dataset represents a valuable
resource for future research work on the field
of electronic commerce and business, as well
as for the intelligent systems community.

2. We provide evidence on the importance of
content-based, stylistic, and behavioral features
in combination with metadata-based attributes
for solving the task of impact prediction on
Facebook posts.

3. We proposed a novel framework, based on a
supervised machine learning approach, for solv-
ing the problem of anticipating the impact of
publishing a post on Facebook.

The rest of the paper is organized as follows. The
next section provides a review of related work on
the problem of social media and customer relation-
ships management. Section 3 describes the followed
methodology for collecting the employed dataset,
how it was labeled, and provides some tatistics regar-
ding its composition. Section 4 explains he proposed
framework based on an supervi‘ ed approach for pre-
dicting the impact of publishin  posts n Facebook.
Section 5 depicts the experimen =1 setup, and the
obtained results for all he per ormed experiments.
Finally, in Section.6 we d aw some conclusions and
future work dir ctions

2.. Related w rk

Consumer engagement is measured by the num-
ber of performed activities by users within the social
mediaplatform. Normally, these activities vary from
platform to platform!, however, on Facebook, a typ-
i‘al set of metrics that help to evaluate the level of
engagement are: generated reactions (positive, nega-
tive, and neutral reactions), number of comments, and
the number of times a post is shared [14]. Thus, posts
having elevated or low numbers under these metrics,
are considered examples of high or low impact posts
respectively; meaning a healthy/unhealthy customer
engagement relationships. An additionally employed
metric is the ROI (return-on-investment) indicator,
which is defined as the profit of an investment divided
by the cost of the investment [7]. The ROI indica-
tor is one of the most important engagement metrics
employed by many companies [8], however, the core
of our research is not related to the ROI analytics’
field since we are not interested in the direct sales
reported by companies. Instead, we aim at develop-
ing automatic models that can anticipate the impact of
a publication in terms of popularity, i.e., how reached
customers will interact with the publication of some
post.

Accordingly, literature establishes that the more
capable are the organizations building and sustain-
ing emotional and social ties between their customers
and their brands, i.e., a healthy level of customer

IThe research undertaken by [5], describes some of the most
relevant metrics over 350 social media marketers.
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engagement; the more the benefits that can be
obtained. Therefore, many research groups have
tackled the problem of how to contribute to both cus-
tomers experience and customer relationships using
social media platforms [1, 2].

On the one hand, the vast majority of the previous
work has faced the problem as a knowledge extraction
technique for designing powerful marketing strate-
gies. In other words, this type of research proposes
analyzing the relationships between several variables
and the level of engagement of customers. Thus, it is
possible to find what are the main characteristics that
provoke customers manifestations (reactions, com-
ments, and sharing). However, a major drawback of
these approaches is that they do not consider using
this knowledge as part of an automatic method for
anticipating the impact of a post. Recent examples of
this type of methodologies can be found in [1-4, 9,
14].

On the other hand, a few research works have
proposed and evaluated distinct methodologies for
implementing predictive systems [10, 12, 15, 18]. In
[10] authors proposed using seven features for repre-
senting the information contained in a post, namely:
category of the post (action, product, or inspira-
tional), the total likes of the brand’s page, the type
of content (photo, video, or link), time of the publi-
cation, month, weekday and hour of the post, and a
feature that indicates if the post was paid for adver-
tising. These features were employed fo  predicting
12 distinct Facebook metrics. For their.experiments,
authors employed a SVM regresor, and evaluated
their method in 790 posts/from a cosmetic com-
pany’s page. A similar appr ach is described in [15]
but for estimating the " cess of eBay smartphone
sellers. For representing th  data authors proposed
near 20 me adata-bas d fea ures extracted from the
eBay plat orm, such-as reachability and engagement
(followers) custome feedback (number of positive
and negative eviews) and seller information (name,
country, etc.). In the work of [12], 164 posts were
analyzed from five distinct tourism brands in Spain
(dataset is in Spanish). Authors trained a regression
model for predicting the number of likes and the num-
ber of comments a post will generate. For this, authors
proposed as features the post richness (defined as the
number of videos, pictures, links are included in the
post), time frame (weekday and time of the publica-
tion), plus a couple of features associated to the size
of the post (in characters) and the number of followers
of the brand’s page. Similar to the above-described
research, a few studies analyze the importance of

the so-called contextual features (URLSs, mentions,
hashtags) to infer the number of replies a tweet may
provoke [6, 16]. Finally, in the work described in [18],
authors model the relationship between the text of
a political blog post and the number of comments
that such post will receive. Authors approached the
problem both as a regression problem and as a clas-
sification task. An interesting aspect of this work
is that as features, authors employed a topic based
representation (LDA) instead of me adata-based fea-
tures. Given the nature of their data, they hypothesize
that the nature of the topic contai'd.in the post will
influence the number of genera ed comments.

A common characteristic.in previous research is
the exclusion of text-based feat res (except for [18]).
Thus, contrary to previ us res arch, our proposed
framework _incorp rates three feature categories:
stylistic, conten based. and behavioral. Our main
hypothes s. establishes that the content of a post
(what it say , as well as the style in how is writ-
te . (how it say it), in combination with how the
post s designed for interacting with the community
(behavioral aspects) are important elements for accu-
ra ely predicting the impact of a post. We validate our
proposal on a dataset with near 14,000 posts from
ten different brands on Facebook Mexico, and com-
pare our results against traditional metadata-based
features.

3. Dataset

Given the lack of a standard corpus for evaluating
impact prediction systems, we took on the task of col-
lecting and standardizing a large dataset® of Facebook
posts from different brands that have an important
presence in Mexico’. Collected corpus represents a
valuable resource, in anon-English language, that can
be used for training and evaluating automatic systems
that aim at predicting several customer’s engagement
metrics, specifically Facebook’s reactions (i.e., Like,
Love, Haha, Wow, Sad and Angry), sharing amount,
and the number of comments generated by a post.
Table 1 summarizes the composition of the dataset.

Under the columns Num. of Posts, we report the
original (OG) number of collected posts and the resul-
tant number of posts after filtering (FL) the data and

2The dataset is available for download in: https:/github.
com/lyr-uam/CorpusReaccion

3Compilation of the data was done from November 2018 to
January 2019.
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Table 1
Table shows the absolute number of reactions (| R|), comments (|C|) and shares (|S|) in the data set. Additionally, average (x) and standard
deviation (o) values of these characteristics are shown

Brand’s Name Reactions (R) Comments (C) Shares (S) Num. of
Posts

|R| X o |C] X o |S] X o (OG) (FL)
Clash Royale ES 3,464,687 6209.12 11457.63 561,540 1006.34 2341.34 258,904 46399 149529 561 558
Canon Mexicana 2,316,406 2079.36 6626.56 112,280 100.79 265.89 426,502 382.88 1030.55 1157 1114
Muy Interesante 14,900,267 6872.82 1131493 258,214 119.10 296.41 4,801,967 2214.93 8436.72 2175 2168
Meéxico
Cinépolis 28,074,276 14404.45 28790.81 2,784,917 1428.90 4179.64 8,165,961 4189.82 1865 .82 1985 1949
Discovery 2,422,143  1446.06 2164.16 44,258 26.42 63.43 392,068 234.07 47424 1712 1675
Channel
National 2,700,761 1548.60 3680.85 107,884  61.86 247.85 1,034,515 593.19 464373 2076 1744
Geographic
Fisher-Price 3,550,516 4216.76 6053.21 155,811 185.05 400.89 249,981 296.89 '« 709.63 848 842
Xbox México 4,697,179 2839.89 6360.91 479,033 289.62 749.36 513,323 31035 6045 1737 1654
Nikon 829,560 673.34  1306.00 36,308 29.47 81.29 145,370 18.00 . 262.84 1357 1232
Lacoste 1,057,118 1478.49 2559.50 10,005 13.99 36.79 37,037 51.80 266.68 914 715
Total: 64,012,913 - - 4,550,250 - - 16,0256 8 - 14522 13651

Table 2

This table shows the total number of tokens, vocabulary, and lexical richness of each ra’ d’s posts. Additionally, we show the average
number of tokens, and characters for each post; between parenthesis the tandard deviation is indicated

Brand’s Name

Total number of:

Average number per post:

tokens vocabulary le” cal ichness tokens (o) characters (o)
Clash Royale ES (CR) 14,531 4,046 0.27 26.04 (£27.53) 163.21 (£165.07)
Canon Mexicana (CM) 21,885 5,006 0.22 19.65 (£12.63) 128.02 (£81.06)
Muy Interesante México (MI) 42,321 8,916 0.21 19.52 (+£14.74) 117.70 (£88.79)
Cinépolis (CI) 44,071 7536 0.17 22.61 (£10.78) 133.95 (£64.36)
Discovery Channel (DC) 44,659 10,8 2 0.24 26.66 (£12.94) 158.09 (£75.28)
National Geographic (NG) 46,039 6988 0.15 26.40 (£13.33) 153.16 (£73.32)
Fisher-Price (FP) 19,863 4,788 0.24 23.59 (£78.70) 149.89 (£517.25)
Xbox México (XM) 27,639 5,283 0.19 16.71 (£7.21) 112.27 (£52.98)
Nikon (NK) 28,251 6,044 0.21 22.93 (£42.99) 147.28 (£278.2)
Lacoste (LC) 13,455 3,570 0.26 18.82 (£24.75) 128.06 (£155.12)

eliminating those posts tha were identified as use-
less. Particularly, we re=oved 1l the posts that fulfill
any of the following cond tions: i) does not con-
tain any tex , ii) does not have any reaction, and iii)
the only reaction contained is ’like’. At the end, a
total of 8 1 posts w re removed after applying the
previous condition'. The first columns report some
statistics regarding the number of Reactions (R),
Comments (C), Shares (S), for each brand. Val-
ues below columns |R|, |C|, and |S|, represent the
total number of reactions, comments, and shares,
respectively. Values under the columns X and o indi-
cates the average and standard deviation of reactions,
comments, and shares for each post. It is worth men-
tioning that these statistics were computed with the
filtered (FL) version of the dataset. In addition, keep
in mind that these numbers may vary if the corpus is
re-downloaded; since the date of compilation, posts
could have generated more manifestations in any of

the considered metrics, or perhaps some posts are no
longer available.

Observe in Table 1 that the brand with the high-
est number of reactions, comments, and shares is
Cinépolis. This brand is a very well known firm in
Mexico, devoted to the movie theater business. The
second place in the number of reactions and shares
is held by Muy Interesante México. This is a firm
mainly dedicated to science and technology diffusion.
It is interesting to notice that even though Cinépolis
provokes a high number of manifestations from users,
is not the brand that produces the most number of
posts, which is the case of Muy Interesante México
with the highest number of posts.

In Table 2 we show some basic statistics regarding
the size of the corpus. The first three columns indicate
the size of the collected data for each brand in terms of
the number of tokens, the size of the vocabulary, and
the lexical richness of the posts. Next two columns
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Table 3
Number of high- and low- impact instances for each problem
[R| IR+ | IR —| RO IC] IS

high low high low high low high low high low high low
CR 189 369 165 393 209 349 217 341 264 294 39 519
CM 100 1014 94 1020 43 1071 90 1024 78 1036 96 1018
MI 775 1393 790 1378 136 2032 374 1794 153 2015 824 1344
CI 991 958 966 983 353 1596 729 1190 883 1067 745 1204
DC 109 1566 112 1563 110 1565 85 1590 9 1666 60 1615
NG 124 1620 132 1612 110 1634 53 1691 50 1694 115 1629
FP 248 594 266 576 15 827 31 811 119 723 43 799
XM 230 1424 230 1424 168 1486 155 1499 299 1355 92 1562
NK 24 1208 33 1199 16 1216 6 1226 12 1220 10 222
LC 46 669 57 658 0 715 2 713 2 713 4 71

show the average number of tokens, and characters
contained in every post of every brand. For the latter
two, the standard deviation of these metrics is shown
between parenthesis.

From Table 2 we can remark that the
brands with the largest number of tokens are
National Geographic and Discovery Channel, both
dedicated to promoting a great variety of programs
related to ecology, wildlife, science, among others.
Having a great number of tokens indicates that, in
general, published posts from these brands are larger
in terms of words per post. This phenomeno - can
be observed in the fifth column of Table 2 where it
is possible to see the average number of tokens in
the published posts. Lexical richness (LR) s a val e
that indicates how the terms from the v "abul ry are
used within a text. Is defined as the t tio’between the
vocabulary size and the number | f tok ns from a text
(LR =|V|/|T]). Thus, a val e c ose to | indicates a
higher LR, which means v cabulary terms are used
only once, while value= ear 0 represent a higher
number of tokens u ed mo e frequently (i.e., more
repetitive), From our dataset, observe that the brands
with the 1 west LR wvalues are National Geographic
and Cinépolis, which means their produced posts
employ a similar < ocabulary. We hypothesize that
this could be a marketing strategy since, for the case
of Cinépolis, allows them to reach a high number of
consumers manifestations in their posts in spite of
being reiterative.

3.1. Labeling methodology

As we mentioned, our goal was to collect a dataset
for evaluating the performance of automatic meth-
ods for determining the impact of publishing a post
on Facebook, in other words, anticipate the con-
sumers’ engagement. For this purpose, traditional

engagement metrics we'e considered [5]: reactions,
comments, and sharing.

Therefore -and i spired on the work of [17, 18],
we define  he task of predicting consumer’s engage-
ment as  he pr cess of classifying whether a post
will have hi her (or lower) impact volume than the
av rage seen 1 training data. Even though more
fine- rained predictions are possible as well (e.g.,
predicti g the absolute number of distinct reactions,
th . number of provoked comments, and the number
of times is shared), our goal in this paper was not
or ented to propose a methodology based on regres-
sion algorithms. Consequently, we define six binary
classification problems, namely: i) comments (|C|),
ii) sharing (|S]), iii) total reactions (|R|), iv) posi-
tive reactions (| R + |), v) negative reactions (|R — |)
and, vi) neutral reactions (|R ® |). Each classifica-
tion problem has the categories high-impact and
low-impact.

The followed methodology for assigning each
post’s category, i.e., either high- or low- impact, con-
sists in the following steps: for each classification
problem (i.e., the considered metrics), we compute
the average value of metric k among all the posts
from the ten brands, this is referred as X;. Once we
know the value X, for each post contained in brand
i, we review the value of metric k in post p;, thus,
if p;x > Xi the category of the post is assigned to
high-impact, or low-impact otherwise. This process
represents a very straightforward approach for the
problems of total reactions, comments, and sharing.
However, for labeling positive, negative and neutral
reactions we acted as follows: we grouped as positive
reactions the Like and Love responses, as negative
reactions the Sad and Angry responses, and as neu-
tral reactions the Wow and Haha responses. Table 3
shows the number of instances on each category after
the labeling process. As expected, the dataset has a
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Fig. 1. General framework of our propose meth d.

much greater rate of low-impact volume posts for all
the classification problems, potentially making the
prediction task a much harder problem.

4. Proposed framework

Our general framework relies on the traditional
pipeline of an automatic classification sys em. The
classification problem is a learning problem whe e
the function F(x) = y needs to belearn d given a
series of pairs < x, y > where x is an example of
an instance and y is the class of such e ample. Usu-
ally, y € Y and |Y| is the to al number of predefined
classes for a given classifica ion problem.

Particularly, our goal is o lea n six functions, one
for each metric that' re rele ant to know the overall
impact of a Facebook’s post. Thus, our six clas-
sification problems ' re: impact of total number of
comments, impact of number of shares, impact of
total reactions, s well as, impact of positive reac-
tions, impact of negative reactions, and impact of
neutral reactions. And the predefined classes are
high-impact and low-impact for each of the previ-
ously mentioned problems.

The methodology used in all classification prob-
lems is showed in Figure 1. Each process in the figure
is explained below:

4.1. Preprocessing

First, for each post (p) a preprocessing is per-
formed. The general idea to this step is to standardize

th  posts conte t to avoid having textual attributes
with irrelevant semantic information. For instance,
we do n t care about all different URLSs included in
th posts, we only need to know that a post has an
URL.

In this regard we replace all different url, hash-
tag, emojis and users’ mentions to unique tags such
as <url>, <hashtag>, <emoji>, and <mentions>,
respectively.

4.2. Feature selection

The next process in Figure 1 is a feature selec-
tion process. As we established, we want to include
information about the what is been posted as well
as how these posts are written. Consequently, in
this process of our methodology we extracted the
following types of features: Content-based that cap-
ture the what, Style-based and Behavioral to capture
the how, and we include two more matadata-based
features (as these are usually included in the previous
works): Interaction and Time.

For the content type, we only considered single
words as attributes. This feature can give us a general
idea of what is being saying in a post. The num-
ber of features of this type can vary accordingly to
the vocabulary of the dataset. The style type fea-
tures account for differences in the writing style of
an author of that post. Ideally, a brand’s post needs
to have a similar writing style that aligns with such
brand. In this regard, we included five features: the
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post’s length (measure in words), the total num-
ber of upper-cased and lower-cased words used, the
total number of numerals and the total number of
symbols (including punctuation marks and other non-
alphanumeric symbols). To take into account the
level of engagement in the posts, we incorporated
the behavioral type. For this type of features we
considered: total number of emojis, total number of
hashtags, total numbers of users’ mentions and total
number of links.

Additionally, we include two types of metadata
attributes: type of links included in the posts (we
called this type interaction) and the time in which
the post is written (time). Particularly, for the Inter-
action type we included five features: number of links
to images, number of links to albums, number of links
to videos and number of other links. For the Time fea-
ture we include the percentages of posts written at the
same time if a given post, these percentages are com-
pute independently for: hour, day, month and year.

4.3. Representation

Once we had selected the corresponding feature
type, we represent each post in a multidimensional
vector, where the number of dimensions corresp nd
to the total number of features of a given repr enta
tion.

The vectors are normalized to values be ween 0
and 1 to reduce the impact of differences between
ranges of different type of featur's.

4.4. Classification model

The fourth phase of the general framework (see
Figure 1) i to apply  learning algorithm for each
classificat on problem. For this stage, we apply four
of the wid ly algorithms used for text classification.
At the same ime we selected one algorithm of 4
different families: Probabilistic (Naive Bayes), Deci-
sions Trees (DT), with kernel functions (SVM), and
Instance-based (k-NN).

As we have mentioned, to provide an overview of
the general impact of a post in the consumer, we gen-
erate six different prediction algorithms. At the end,
the content manager of a given brand can determined
the average impact given the predicted impact of com-
ments, shares, total reactions, as well as, positive
reactions, negative reactions and neutral reactions.

In the next section we describe the experiments
performed as well as the obtained results.

5. Experiments and results

To test our proposed method, we used the filtered
dataset (FL in Table 2) with a total of 13651 Face-
book’s posts. To evaluate the classification perfor-
mance we used the F-score metric, and for all experi-
ments we employ a stratified 10 fold cross validation
technique to compute the performance. Note that we
do not make any distinctions among the posts of par-
ticular brands, we aim at building a general classifier
instead of having a specific model for ach brand.

One of our research question " stabl shes if the
combination of the what plus the how n the process
of post’s representation can be be ter at predicting the
impact of our six metrics than u ing only features that
answered the how. With this in mind we performed
two sets of experim nts. Fir tly, we used as features
only singl’ types of at ibutes for representing post’s
informati .n. Th's type of configuration aims at vali-
dating the p " tinence of these type of features as has
been proposed in many of the previous work. Sec-
ond, we incorporate the content features to determine
the imp ¢t of considering textual information on the
p sed task.

Figure 2 shows obtained results for the first set
of experiments. It is important to mention that the
size of the representation vector for each of these
experiments is very small (between 4 and 5 fea-
tures). One detail to notice in the Figure 2 is that
the best classification algorithm for all problems is
Decision Trees, which makes sense given the small
number of attributes used as post’s representation.
Also, we can observe that the style attribute alone,
is the second best predictor for each problem. How-
ever, the best performance outcome happens when
a combination of the four type of attributes is used
(b+s+i+t). Among the less useful set of features
are the metadata-based ones: interactions and time,
where all instances were classify as the majority class
(i.e., low-impact); Therefore, from hereafter , these
two types of features are not used in the second set
of experiments.

So far, Figure 2 shows very consistent results for all
problems; but nevertheless, minor aspects are worth
mentioning. For instance, the most difficult classifi-
cation problem is predicting the impact of negative
reactions. However, one of the best performances is
in predicting the impact of positive reactions. This
results can be due to the fact that the positive reactions
problem is trained with a slightly less unbalanced
dataset in contrast to the negative reactions problem
(see Table 3).
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Figure 3 shows the results of the second set of
experiments. For including the text, we used a tradi-
tional bag-of-word approach to represent each post.
We used only the 10000 tokens more frequent in each
problem. The black solid line in each graph indicates
the best performance of the previous set of exper-
iments (i.e., from Figure 2). In general, we notice
that for all problems using the content feature (alone
or in combination with other type of feature) out-
performed the best results using only single types of
attributes; we compare the best performance from the
first set of experiments (black solid line) against the
best result obtained in the second set of experiment
(c+b+s+i+t in Figure 3) and we found that in five
out of six problems, the differences are statistically
significant with a p < 0.0001; for the sixth problem,
Positive Reactions, the difference is also statistically
significance but for p = 0.01 (for this test we use
two-tailed t-test). Another aspect to note is that, on
one hand, the best learning algorithm for four out of
six problems is the probabilistic one. Support Vector
Machines, on the other hand, is also the best algo-
rithm predicting the impact of negative and neutral
reactions.

As shown in Figure 2, the poorest performance
was in the prediction of impact of negative and neu-
tral reactions. That is, those two problems are very
difficult to solve. On the contrary, the best oyerall per-
formances were obtained for predicting the impact
of total reactions and positive reacti'ns, foll . w by
predicting the impact of shares and  omments.

In all the evaluated classification problems, the best
performance was obtained u ing the combination of
all our proposed features: th . what  nd the how plus
the metadata informati~ On o e hand, the small dif-
ferent in the performance of using only the content
feature (the what) wi h the best results, particularly
for predic ing the impact of Comments and Shares,
gives us some clue o the importance of the content
in predicting our-s X variables. On the other hand,
for predicting reactions (total or positive reactions,
particularly) there is a clear improvement in the per-
formance when combining content with behavioral
features. This means that using the number of occur-
rences of hashtag, emojis, users’ mentions and links is
important to predicting the impact of a post. This type
of features were included to give some information
regarding the social media lingo used when commu-
nicating some information. According to our results,
including this type of attributes helps to reach the
consumers and induce them to express their feelings
towards the brand.

5.1. Qualitative results

Aside from the prediction tasks such as described
above, the proposed approach itself can be infor-
mative for people in charge of designing marketing
strategies. As stated so far, our proposed framework
is able to determine the impact of publishing a post
on Facebook. Given that part of our goals was to
design a generic impact prediction method, i.e., not
brand dependent, our approach allows us to envisage
characteristics from high and low imp ¢t posts.

In order to exemplify the typ ' of information
that can be obtained with o r prop sed method,
we retrieve eight examples. (fo r high-impact, and
four low-impact posts)’ and analyze its character-
istics. In Figure 4 we show two high-impact posts
(a and b), and twO ow-impact posts (e and f) from
Cannon Mexicana. Similarly, we retrieved two high-
impact p sts (¢'and d) and two low-impact posts (g
and h) from Nikon’s Facebook page.

Given the n ture of these two brands, we found
inte sting to analyze its publications. As it is known,
these two. firms compete in the field of photography,
th y both promote photography courses, professional
photography equipment, etc. If we observe Table 1,
notice that Nikon publishes a bit more posts than
Cannon Mexicana (1,357 vs. 1,157). However, Can-
non Mexicana has a significantly greater number
of reactions, comments, and shares than Nikon; for
example, Cannon has more than 2 million reactions
while Nikon has barely 829,560. After examining
their most representative posts (Figure 4), we notice
the following: i) High-impact Cannon’s posts have
a more juvenile way for interacting with their cus-
tomers, they employ emojis, drawings, as well as
less-formal language; ii) contrastingly, Nikon uses
a more formal style of writing, and their posts refer
(mainly) to photography courses, while for Cannon,
their posts refer to photographers activities or situa-
tions.

With respect to the low-impact posts for both firms,
it is interesting that for Cannon, their less popular
posts talk about technicalities of the cameras, such as
focus points and lens’ characteristics. A similar phe-
nomenon occurs for the case of Nikon, where their
less popular posts talk about the results of a work-
shop. Thus, as a preliminary result from this analysis,
we could conclude that Nikon needs to produce less
formal posts in order to reach a higher level of con-
sumer engagement activities, in other words, change
the way they use emojis, hashtags, mentions or links
in their published posts.
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We performed a similar analysis between the high-
and low-impact posts from Discovery Channel and
National Geographic. Due to the lack of space, we
don’t show the obtained most relevant posts. How-
ever, for this particular case, we found that for both
brands, their less popular publications always refer
to TV programming of their respective channels.
Regarding their most popular posts, we found that
every time these brands publish something related to
science and technology diffusion, customers engage
positively.

6. Conclusions and future work

This paper focused on proposing a novel frame-
work for anticipating the impact of publishing a
post on a company’s Facebook page. Our main
hypothesis establishes that if an automatic classi-
fication algorithm is able to accurately model the
what and the how a post should be written, then
it will be possible to predict its impact, i.e., its
consumer engagement level. Thus, our proposed
approach incorporates features that are able to capture



12 E.S. Rosas-Quezada et al. / Predicting consumers engagement on Facebook

content, style, and behavioral characteristics from
posts.

In order to validate our hypothesis, and given the
lack of a standard corpus for evaluating this type
of approaches, we took in the task of collecting
and standardizing a large dataset of Facebook posts
from different brands in Mexico. The collected cor-
pus represents a major contribution of this work, and
aims at providing resources for future research work
in non-English languages. Accordingly, we evalu-
ated our proposed approach in predicting traditional
engagement metrics, such as reactions (total reac-
tions, positive, negative, and neutral), comments, and
sharing. We performed experiments on our collected
dataset, which contains more than 13,000 posts from
ten different brands on Facebook Mexico, and com-
pare our results against traditional metadata-based
features. Obtained results indicate that what and how
the companies write, in combination with some tra-
ditional metadata-based features, allows to obtain the
best performance. A qualitative analysis allowed us
to observe what are the aspects our proposed model is
learning. For instance, we could notice that for some
particular brands, competing in the same market, their
behavior (i.e., the use of emojis, hashtags, or men-
tions), in combination with the topics of the pos . are
very important for improving costumers engagement.

Some relevant advantages of the proposed method
are: is alanguage-independent approach, is not biased
towards a specific brand or product type, and 1l-ws
to obtain relevant insights that could be beneficial for
community managers providing them some interest-
ing knowledge.

Several ideas arise from this iniial research for
future work. First, th-“proposed model could be
enriched with other s ylistic. nd content features. For
example, character n- rams are known for providing
valuable s ylistic information. Regarding content, we
plan to inc rporate some topic-based features, such a
LDA or seco d or er representations. Finally, there
exist some evidence on the relevance of detecting the
post’s sentiment as a feature, we plan to evaluate how
beneficial could be to incorporate this type of features
in our framework.
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Abstract. This paper summarizes the thesis: "Author
Profiling in Social Media with Multimodal Information.”
Our solution uses a multimodal approach to extracting
information from written messages and images shared
by users. Previous work has shown the existence
of useful information for this task in these modalities;
however, our proposal goes further, demonstrating the
complementarity of the modalities when merging these
two sources of information. To do this, we propose
to transform images to texts, and with them, to have
the same framework of representation for both kinds of
information, which allow to achieve their fusion. Our work
explores different methods for extracting information
either from the text and the images. To represent
the extracted information, different distributional term
representations approaches were explored in order to
identify the topics addressed by the user. For this
purpose, an evaluation framework was proposed in order
to identify the most appropriate method for this task. The
results show that the textual descriptions of the images
contain useful information for the author profiling task,
and that the fusion of textual information with information
extracted from the images increases the accuracy of

this task.

Keywords. Author profiling, multimodal information,
natural language processing, text classification.

1 Introduction

The author profiling task (AP) is to extract
demographic aspects of a person from their texts.
For example gender, age, location, occupation,
socio-economic level or native language |21
41|. Efforts have also been made to determine
other aspects such as the level of well-being
42|, personality traits such as extraversion or
neuroticism [40] |39] as well as political ideology
19], an affinity for some products |7|, among
others [13].

In the AP context, it can be seen that most
of the recent works, in the field of social
networks, have focused mainly on the definition
of thematic attributes and style-metrics appropriate
for this task.
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However, there is a sign of progress towards the
description of multimodal representations that, for
example, integrate different types of information.
Due to the nature of social networks, the images
shared by users or their social environment are
also incorporated. This thesis work particularly
considered the author profiling in social networks
with multimodal information [32.

1.1 Problem

Most of the works that have tried to solve the task of
AP are based solely on the textual information that
users share on social networks. Utilize only text
generates that much of the information available
by the nature of social networks is not exploited.
Most approaches do not take advantage of images,
videos, contact lists, activity schedules, or other
information. For this reason, it is not known which
of these different information modalities is more
valuable for the AP task. This is why it is essential
to analyze how multimodal information impacts the
AP task.

Another aspect to highlight is that the works
in AP have given evidence of the importance
of the content of the texts. Nevertheless, the
most common approach that has been used is
the Bag of Words (BoW). The problem with this
approach when working on social networks is
the lack of information because regular short
texts are analyzed. Besides that, the texts are
not formal, which causes that there are words
out-of-the-dictionary and spelling mistakes.

A set of approaches that have not been
deepened enough to represent the content of the
texts and, that can be useful for the AP task are
the distributional term representations (DTRs).
The basic intuition behind the DTR’s is called the
distributional hypothesis [44], which states that
terms with similar distributional patterns tend to
have the same meaning |23)125]. This distributional
hypothesis could capture the content of the users’
text in a better way than the traditional content
approaches used for AP. In this thesis work, we
compared these representations experimentally to
know their impact on the AP task.

On the other hand, few works have taken
advantage of the information extracted from the
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images shared by users, this even though various
works in psychology have concluded that the
photos that are shared on social networks can
tell a lot of the people [15] [10] [50} [17]. Some
works have applied the color histogram of the
images to determine the gender of the users, but
no studies have been done for other traits of the
authors. Other works have converted the images
to texts with automatic labelers of images, through
automatic images annotation techniques, that
assign a list of labels from a previously established
set, and from there, infer the user’s profile.

These approaches are commonly supervised
and with a closed vocabulary. This means that
the labelers select from a limit list of labels the
elements in each image. The problem is that a
limited vocabulary could be insufficient to represent
the interest of the profiles in a collection. In this
thesis work, we proposed to apply an approach
based on open vocabulary to the AP task, under
the idea that it describes in a better way the
social media profiles. The automatic annotation
of images based on open vocabulary approaches
does not select the labels set from a limit list,
but they select the vocabulary from an extensive
collection, usually extracted from Internet pages.
With this idea, we could represent each image in
the collection as a text, and we were able to apply
text processing approaches to classify the profile of
each user.

1.2 Research Questions

Throughout this thesis, we intend to answer the
following research questions:

1. What kind of information could be captured
by distributional-based methods, and how
effective are they for representing user’s
information when facing the problem of
author profiling?

2. How to extract information from the images
shared by users through an open vocabulary
approach, and how to use them to determine
their profile?

3. How to jointly take advantage of the informa-
tion obtained from texts and images for solving
the author profiling task?
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1.3 Contributions

The main contributions derived from this work are:

1. A novel corpus including information about
Mexican twitter accounts with text and image
information. Also, the extension of the well
knows PAN@14 corpus. This collection had
only text information. For this study, we include
the image information for this collection.

2. A comparison among different distributional
based methods for the AP task. For this study,
we apply DOR, TCOR, word2vec, and SSR.

3. A multimodal method for the AP task taking
advantage of textual and image information.

4. The evidence that it is possible to classify
profiles from different countries and language
trough the different images shared on the net-
works.

In the following sections, we describe each of the
main contributions of this work.

2 Corpora

We presented two new corpora that have been
designed for the Author Profiling task evaluation
with text and image information.

First, we presented an extension of the well
known PAN 14 Twitter corpus [38], aiming
to use a well-known corpus enriching it with
image information.

Also, the thesis presented a Mexican Twitter
corpus for the AP task. The specific application
of this corpus is in the analysis of several
traits of Mexican Twitter users by text and
image information. The data contains for each
account the activity schedule on Twitter, its
tweets, and its images. This corpus is labeled
for gender, the place where he/she lives, and
occupation. The annotation of the data was been
accomplished manually.

The rest of this chapter is organized as follows.
Section describes the PAN 14 corpus for
the text experiments.  Section shows the
description of the images extension for the PAN 14
Twitter corpus.

Table 1. Distribution of the gender and age classes
across the different social media domains

cl Genres
Blogs  Reviews  Social-media  Twitter

Female 73 2080 3873 153
Male 74 2080 3873 153
Total: 147 4160 7746 306
18-24 6 360 1550 20
25-34 60 1000 2098 88
35-49 54 1000 2246 130
50-64 23 1000 1838 60
65+ 4 800 14 8
Total: 147 4160 7746 306

Finally, Section [2.3] describe the new Mexican
Twitter corpus for the author profiling task.

2.1 Pan 14 Corpus

For our experiments, we employed the English
dataset from the PAN 14 AP track. This corpus
was specially built for studying AP in social media.
It is labeled by gender (i.e., female and male), and
five non-overlapping age categories (18-24, 25-34,
35-49, 50-64, 65+). Although all documents are
from social media domains, four distinct genres
were provided: blogs, social media, hotel reviews,
and Twitter posts. A more detailed description of
how these datasets were collected can be found
in [38]. Table |1| provides some basic statistics
regarding the distribution of profiles across the
different domains (i.e., genres). It can be noticed
that gender classes are balanced, whereas, for
the age classification task, the classes are highly
unbalanced. Notably, there are very few instances
for the 65+ category.

2.2 Extended PAN 14 Corpus

Images shared by social media users tend to be
strongly correlated with their thematic interests as
well as to their style preferences. Motivated by
these facts, we tackled the task of assembling a
corpus considering text and images from Twitter
users. Mainly, we extended the PAN-2014 [38]
dataset by obtaining images from the already
existing Twitter users.
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Table 2. Statistics of images shared by each age
category
Ages Profiles | Average images (a) Average tweets (a)
18-24 17 246.45 (£80.34) 706.18(£361.76)
25-34 78 286.42 (+202.65) 796.01(+£291.18)
35-49 123 301.74 (4253.83) 640.41(+362.28)
50-64 54 334.19 (4-238.24) 527.68(+354.24)
65+ 7 441.65 (£102.52) 651.85(+432.28)

Table 3. Statistics of images shared by each gender

category
Ages Profiles | Average images («) | Average tweets (o)
Female 140 162.21 (£294.13) 543.53(+395.93)
Male 139 141.76 (+£274.98) 784.88(1+265.86)

The PAN-2014 dataset includes tweets (only
textual information) from English users. Based
on this dataset, we obtained more than 42,000
images, corresponding to a subset of 279 profiles
in Englist{l The images associated with all of the
users were downloaded to existing user profiles,
resulting in a new multimodal Twitter corpus for
the AP task. Each profile has an average of
304 images.

Tables [2] and [3] present additional statistics on
the values that both variables, gender and age

can take, respectively. On the one hand, Table

divides profiles by age ranges, i.e., 18-24, 25-34,
35-49, 50-64 and 65+. It shows a great level of
imbalance, being the 35-49 class, the one having
the greatest number of users.

Nonetheless, the users from the 65+ range
are the ones with the greatest number of posted
images as well as the lower standard deviation
values. It is also important to notice that the users
belonging to the 50-64 range share in average a
lot of images, but show a large standard deviation,
indicating the presence of some users with too
many and very few images.

On the other hand, Table reports some
statistics for each gender profile. It is observed
a balanced number of male and females users
in both corpora as well as a similar number of
shared images.

"Note that the PAN-2014 corpus includes more profiles;
however, for some Twitter users, it was impossible to download
their associated images.
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Fig. 1. Regional division for Mexico. Source: http://
www . conafor.gob.mx/

2.3 Mex-A3T-500 Corpus

To study the characteristics of the different Mexican
Twitter profiles, we built a Mexican corpus for
author profiling named Mex-AST—SO(ﬂ Each of the
Twitter users was labeled with gender, occupation,
and place of residence information. For the
occupation label, we considered the following
eight classes: arts, student, social, sciences,
sports, administrative, health, and others. For
the place of residence ftrait, we considered the
following six classes: north (norte), northwest
(noroeste), northeast (noreste), center (centro),
west (occidente), and southeast (sureste). Figure
shows the division in Mexico’s map.

2.3.1 Construction of the Corpus

Two human annotators, working three months
each, were needed for building this corpus. They
applied the following methodology: (i) to find a
set of Twitter accounts corresponding to famous
persons and/or organizations from each region
of interest. These accounts usually were from
local civil authorities, known restaurants, and
universities; (ii) to search for followers of the initial
accounts, assuming that most of them belong
to the same region with the initial accounts;
(iii) to select only those followers that explicitly
mention, in Twitter or another social network (as

2This is a subset of the corpus used for the
MEX-A3T forum for the 2018 and 2019 editions (2] |6].
https://sites.google.com/view/mex-a3t/.
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Table 4. Example of tweets mentioning information related to the place of residence and/or occupation of users

Translation

Trait detected Original text

Residence La pura carnita asada en Monterrey

Residence Nunca me canso de pasear en el zocalo
de Puebla

Occupation Porque los arquitectos nunca des-
cansamos

Occupation Programando en el trabajo ando

Roast beef in Monterrey

| never get tired of walking in the Puebla
Zocalo

Because we, the architects never rest

Programming at work

Table 5. Mexican author profiling corpus: distribution of
the gender trait

Class Profiles | Average images (o) | Average tweets («)
Female 250 715.46 (£722.89) 1225.00(£868.17)
Male 250 480.90(+459.36) 1500.01(+946.66)

Facebook and Instagram) their place of residence
and occupation. Table |4 shows some examples
of tweets where users reveal information from their
place of residence and occupation.

2.3.2 Statistics

The corpus consists of 500 profiles from Mexican
Twitter users. Each profile is labeled with
information about the gender, occupation, and
place of residence of the user. Tables[5] [6]and
[7]present additional statistics on the distribution of
user accounts on gender, occupation and location.

Table[6|divides profiles into the different Mexican
regions on the corpus, i.e., north, northeast,
northwest, center, west, and southeast. Also, it
shows an important level of imbalance, being the
center class, the one having the greatest number of
users, while the north is the class with the lowest.

On the other hand, Table [7] divides profiles on
the eight different occupations on the corpus. It
is possible to see that the majority class is the
central region, whereas the classes with the least
instances are the others and sports.

Table 6. Mexican author profiling corpus: distribution of
the place of residence trait

Class Profiles | Average images () | Average tweets («)
North 13 625.23(+442.49) 1594.23(+855.17)
Northwest 80 385.92(+345.95) 1162.17(1-866.14)
Northeast 123 460.54(+482.02) 1071.60(+800.66)
Center 191 755.58(1+732.74) 1597.83(4922.49)
West 46 611.91(+488.10) 1525.80(4990.62)
Southeast 47 659.12(+732.35) 1284.51(4+916.36)

Table 7. Mexican author profiling corpus: distribution of
the occupation trait

Class Profiles | Average images () Average tweets(a)
Arts 38 826.21(+£754.71) 1828.23(1£834.09)
Student 253 336.57(+259.81) 1184.66(+838.81)
Social 64 1158.15(+867.03) 1362.62(4921.89)
Sciences 25 474.28(+461.97) 1549.64(1947.44)
Sports 12 682.41(+652.27) 1113.00(£892.95)
Administrative 82 894.59(+651.72) 1597.52(4-965.65)
Health 15 248.20(+275.05) 1410.20(+1127.04)
Others 11 1026.90(+747.28) 1873.27(4+965.63)

3 Analysis of Distributional Term
Representations

This section describes a general framework
for Author Profiling using distributional term
representations (DTRs). Our goal is to overcome,
to some extent, the issues naturally inherited by the
BoW representation and build instead of a more
semantically related representation. Intuitively,
DTRs can capture the semantics of a term ¢; by
exploiting the distributional hypothesis: “words with
similar meanings appear in similar contexts”. Thus,
different DTRs can capture the semantics through
the context in different ways and at different levels.

Traditionally, the Author Profiling task has
been approached as a single-labeled classification
problem, where the different categories (e.g.,
male vs. female, or teenager vs. young vs.
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old) stand for the target classes. The common
pipeline is as follows: i) extracting textual features
from the documents; i) building the documents’
representation using the extracted features, and
iif) learning a classification model from the built
representations|5].

As it is possible to imagine, extracting the
relevant features is a key aspect for learning
the textual patterns of the different profiles.
Accordingly, previous research has evaluated the
importance of thematic (content-based) features
[20,137] and stylistic characteristics |8].

More recently, some works have also considered
learning such representations utilizing Convolu-
tional and Recurrent Neural Networks |43, [18//45].

Although many textual features have been used
and proposed, a common conclusion among
previous research is that content-based features
are the most relevant for this task. The latter can
be confirmed by reviewing the results from the
PAcompetitions [39], where the best-performing
systems employed content-based features for
representing documents regardless of their genre.
This result is somehow intuitive since AP is
not focused on distinguishing a particular author
through modeling his/her writing style, but on
characterizing a group of authors.

The idea is to enrich representations that help
to overcome the small-length and high-sparsity
issues of social media documents by considering
contextual information computed from document
occurrence and term co-occurrence statistics.
Mainly, we proposed a family of distributional
representations based on second-order attributes
that allow capturing the relationships between
terms and profiles and sub-profiles [29].

These representations obtained the best results
in the AP tasks at PAN 2013 and PAN 2014 [28].
Also, we evaluated topic-based representations
such as Latent Semantic Analysis (LSA) and
Latent Dirichlet Allocation (LDA) in the AP task
3!, obtaining the best performance at the PAN
2015 as well as showing its superiority against a
representation based on manually defined topics
utilizing LIWC 4].

SA set of shared tasks on digital text forensics:
http://pan.webis.de/
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In this section, we present a thorough analysis
of the pertinence of distributional term repre-
sentations (DTRs) for solving the problem of
AP in social media. We aim to highlight
the advantages and disadvantages of this type
of representation in comparison with traditional
topic-based representations such as LSA and LDA.

In summary, the main contributions of this
section are:

— We introduce a framework for supervised
author profiling in social media domains
using DTRs. This framework encompasses
the extraction of distributional representation
terms as well as the construction of the
authors’ representation by aggregating the
representations of the terms from their docu-
ments.

— We evaluate for the first time the document-
occurrence representation (DOR) and the
term co-occurrence representation (TCOR)
in the AP task. These are two simple
and well-known term representations from
distributional semantics [24].

— We present a comparative analysis of several
distributional representations, namely DOR,
TCOR, SSR, and word2vec, using the
proposed framework for AP. Additionally,
we compare their performance against the
results from classic bag-of-words and topic-
based representations.

3.1 Distributional Term Representations

Let us consider words in the vocabulary as the
base terms for building the DTR. More formally,
let D = {(d1,y1),.--,(dn,yn)} be a training set of
n—pairs of documents (d;) and labels/categories
yi € C = {C1,...,Cy}. AlsoletV = {t1,...,tn}
be the collection vocabulary. In this context, DTRs
associates each term ¢; € V with a term vector w; €
R",i.e., w; = (wi1,...,w;,). In this notation w; ;
indicates the contribution of distributional feature j
to the representation of term ¢,. This contribution is
particular of each DTR and can be computed in a
number of ways.
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In the following sections we describe in detail
each of the DTRs that we selected for this
study. The second step consists in building
the document representations by using the term
vectors. Formally, the representation of document
a d;, the vector d;, is obtained by using the
expression where the scalar «; weighs the
relevance of term ¢; in the document d;. Although
there are several ways to define this weighting, the
most widely used approach is the average of the
distribution (i.e., «; is proportional to the number of
terms in the document):

d_;-: Z%"Wi- (1)

tied]‘

Different ways to define vectors w; are briefly
explained below. For more details of the formal
implementation, consult [23]|47} 1, (28

3.1.1 Document Occurrence Representation

The document occurrence representation (DOR)
can be considered the dual of the TF-IDF
representation widely used in the Information
Retrieval field [23]. DOR is based on the
hypothesis that the semantics of a term can be
revealed by its distribution of occurrence-statistics
over the documents in the corpus. A term ¢,
that belongs to the vocabulary V is represented
by a vector of weights associated to documents
w; = (w1, - ,w; n) Where N is the number of
documents in the collection and 0 < w;; < 1
represents the contribution of document d;.

3.1.2 Term Co-Occurrence Representation

Term Co-Occurrence Representation (TCOR) is
based on co-occurrence statistics [23|. The
underlying idea is that the semantics of a term
t; can be revealed by the terms that co-occur
with it across the documents collection. Here,
each term t;, € V is represented by a vector of
weights w; = (w;1,-- ,w; y|) Where 0 < w; ; <
1 represents the contribution of term t; to the
semantic description of ¢;.

3.1.3 Word Embeddings: Word2vec

Recently, a prevalent group of related models
for producing word embeddings is word2vec [35].
These models are shallow, two-layer neural
networks trained to reconstruct the linguistic
contexts of words.

Word2vec takes as its input a large corpus of
texts and produces a vector space, typically of a
few hundreds of dimensions, where each term in
the corpus is assigned to a corresponding vector
w; in the space. Thus, once the word vectors have
been computed and positioned in the vector space,
words that share common contexts in the corpus
are located close to each other in the space [34].

In our experiments, we built the word embed-
dings (i.e., vectors w;) using the skip-gram model.

3.1.4 Subprofile Specific Representation

The intuitive idea of the second order attributes
consists in representing the terms by their relation
with each target class [26/|29]. This can be done
by exploiting occurrence-statistics over the set of
documents in each one of the target classes.

In this way, we represent each term t; € V with a
vector w; = (w; 1, - ,w;q), Where the scalar w; s
is the degree of association between word ¢; and
class C. Under this DTR, the weight w; ;. is directly
related to the number of occurrences of term ¢; in
documents that are labeled with class Cj.

In [29], second order attributes were modeled at
sub-profile level; mainly, it was proposed to cluster
the instances from each target in order to generate
several subclasses. The idea was to consider the
high heterogeneity of social media users.

Utilizing this process, the set of target classes C
will now correspond to the set of all subgroups from
the original target classes. This new representation
is called Subprofile-based Representation (SSR),
and is considered one of the state-of-the-art
representations for AP.
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3.2 Experiments and Results

This section explains the experiments that were
carried out using the proposed framework. As
we have previously mentioned, we aim at
determining the pertinence of distributional term
representations (DTRs) to the AP task in distinct
social media domains. Accordingly, this section
is organized as follows: first, Subsection
explains the experimental settings for all the
experiments, then, Subsection describes the
results obtained by each DTR in the four different
social media domains.

3.2.1 Experimental Setup

Preprocessing: For computing the DTRs of each
social media domain we considered the 10,000
most frequent terms. We did not remove any
term, i.e., we preserved all content words, stop
words, emoticons, punctuations marks, etc. In one
previous work [29] demonstrated that preserving
only the 10,000 most frequent words is enough for
achieving a good representation of the documents.

Text representation: The different DTRs were
computed as described in Section

Classification: Following the same configuration
as in previous works (please refer to |4]), in all
the experiments we used the linear Support Vector
Machine (SVM) from the LIBLINEAR library with
default parameters [11].

Baseline: As baseline we employed the traditional
bag-of-words (BoW) representation. We also
compared the results from the different DTRs to
those obtained by topic modeling representations
such as LSA and LDA as well as to those from the
top systems from the PAN@2014 AP track.

Evaluation: We performed a stratified 10
cross-fold validation (10-CFV) strategy. For
comparison purposes, and following the PAN
guidelines, we employed the accuracy as the main
evaluation measure. Finally, we evaluated the
statistical significance of the obtained results using
a 0.05 significance level utilizing the Wilcoxon
Signed-Ranks test since is recommended for these
cases by [9].
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Table 8. F-measure results obtained by the DTRs for the
age classification problem

Text genres

Approach
Blogs Reviews Social Media  Twitter

DOR 0.38 0.30 0.29 0.35
TCOR 0.22 0.21 0.23 0.31
w2v-wiki 0.21 0.21 0.23 0.30
W2v-sm 0.20 0.20 0.24 0.28
SSR 0.36 0.27 0.26 0.33
Baseline 0.21 0.19 0.23 0.21

Table 9. F-measure results obtained by the employed
DTRs for the gender classification task

Text genres

App.
Blogs Reviews Social Media  Twitter
DOR 0.78* 0.69* 0.52 0.70
TCOR 0.56 0.62 0.41 0.54
w2v-wiki  0.75* 0.64 0.52 0.69
w2v-sm 0.74 0.64 0.54 0.66
SSR 0.78* 0.69* 0.55* 0.71
Baseline  0.72 0.62 0.52 0.70
3.3 Results

This section is organized as follows: first, we
show the results from different DTRs for the age
and gender classification tasks; then, we compare
them against some topic-based representations
and the best approaches from PAN 2014.

3.3.1 Age and Gender Identification Using
DTRs

Table |8| shows the F-measures results for age.
Also, Table [9] shows the obtained results for
the gender classification problems respectively.
Each row represents one of the described DTRs,
i.e., DOR, TCOR, word2vec, and SSR, while the
last row represents the baseline results. Every
column refers to a distinct social media genre.
In these tables, the best results are highlighted
using boldface, and the star symbol (%) indicates
the differences that are statistically significant
concerning the baseline results (in accordance to
the used test; for details refer to Section .
Obtained results indicate that all DTRs, except
for TCOR, outperformed the baseline method.
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Table 10. Comparison of the best DTRs against topic-
based methods in the age classification task

Text genres

Approach

Blogs Reviews Social Media  Twitter
DOR 0.49' 0.361 0.387% 0.47%
SSR 0.48t 0.34f 0.37¢ 0.487%
LDA 0.44 0.27 0.37 0.47
LSA 0.49 0.37 0.36 0.45
[33] 0.38 0.33 0.36 0.44
148 0.39 0.31 0.35 0.41
[49] 0.45 0.37 0.42 0.52

In particular, DOR and SSR show statistically
significant differences. These two methods
obtained comparable results, being DOR slightly
better than SSR in 5 out of 8 classification
problems, which is an interesting result since SSR
was among the winning approaches at PAN 2014.
On the other hand, we attribute the low accuracy
results showed by TCOR to the strong expansion
that it imposes to the document representations.

Considering direct term co-occurrences causes
the inclusion of many unrelated and unimportant
terms in the document vectors, and, therefore, it
complexities the extraction of profiling patterns.

Finally, another essential aspect to notice is
the fact that both w2v-wiki and w2v-sm obtained
similar results in each of the classifications
problems, although the former learned the
embeddings from a corpus that is not thematically
and neither stylistically similar to the social media
content. We presume these results could be
explained by the relatively small size of the social
media training collections, and, at the same time,
by the large size and broad coverage of the used
Wikipedia dataset, which has a vocabulary of
1,033,013 words.

Tables and compare the results from
DOR and SSR, the best DTRs according to the
previous results, against the results from two
well-known topic-based representations, namely
LDA and LSA.

Regarding the LSA results, it is possible
to observe, on the one hand, that for age
classification (refer to Table [10), its average
performance is similar to the one from DOR,

Table 11. Comparison of best DTRs against topic-based
methods in the gender classification task

Text genres

Approach
Blogs  Reviews  Social Media  Twitter
DOR 0.78" 0.691 0.52 0.70f
SSR 0.78" 0.691 0.557 #
LDA 0.61 0.55 0.52 0.64
LSA 0.78 0.69 0.53 0.70
(33] 0.57 0.66 0.53 0.66
48] 0.64 0.68 0.54 0.51
[49] 0.82 0.71 0.57 0.78
i.e., 42%. However, the only domain in which

LSA outperforms DOR is in the reviews dataset.
Nonetheless, there is no significant difference
between these results. On the other hand, for
gender classification (Table[TT), LSA was not able
to improve any result from DOR and SSR. It is
important to mention that, although their results
are comparable, LSA is a parametric method, and,
therefore, tunning is required.

Finally, the works [33], [48] and [49] are the best
results for the PAN@2014 forum.

4 Image Author Profiling Approach

4.1 Open-Vocabulary Method

The adopted UAIA method for labeling images
with an open vocabulary approach was proposed
in [36]. The general idea of this method relies
on the use of a multimodal indexing M composes
of visual prototypes that are used for labeling
new images.

Given a reference collection of documents D that
include texts 7 and images Z. First, each image in
V is represented by a visual feature v;. In our case,
we use the VGG-16 pre-trained model proposed
in [46! for visual extraction. Then, each extracted
word, i.e. t;, from 7 is represented by visual vector
resulting from combining images that co-occur with
the word, i.e., visual features of images included in
documents where the word appears.

Mathematically, multimodal indexing could be
done as follows:

M=T"-V, 2
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Fig. 2. lllustrate of how the annotator builds visual prototypes. In this example the method uses all images where
appears the word ’pizza’ and as result obtains its visual prototype

where M is the multimodal indexing obtained by
the product of textual 7 and visual features V of
documents. The advantage of the UAIA method is
the capability to build visual prototypes from free
and large vocabularies extracted from reference
collections. The whole process is illustrated in
Figure |2| for the case, note that the word ’pizza’
is bigger when it appears with more frequency in
the document. This mechanism prevents to add
images with no relevance to the word.

For annotating a new image, first, it is
described in a common representation to the visual
prototypes, then it is compared for estimating a
similarity score based on cosine distance:

q-m;

COSi?’l@(q, M) = W,

3)
where q is the visual representation of the query
image, and m; is the i — th visual prototype in
M. The query image is compared with each visual
prototype in M, and n of the most similar visual
prototypes, that is, the n of the most similar words
are used for annotating the image.

LSA captures the topics in a corpus applying a
mathematical technique called singular value de-

Computacion y Sistemas, Vol. 24, No. 3, 2020, pp. 1289-1304
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composition (SVD) while preserving the similarity
structure among the texts. The underlying idea is
that the aggregate of all the word contexts, in which
a given word does and does not appear, it provides
a set of mutual constraints that largely determines
the similarity of meaning of words and sets of
words to each other. Unlike BoW, LSA represents
each document D; into a k-dimensional vector
where k represents the number of discovered
topics, thus, D; = {z1, 22, ..., 4, ..., Tk }.

Each dimension i in the vector represents the
weight of a topic 7 in the document j [16]. For the
performed experiments, when we apply LSA on the
posts’ text we express it as LSAr, and when we
use LSA on the labels extracted from the image
annotation methods, we express it as LSA;.

4.2 Results

Table shows the results of the proposal
compared with the individual text results as BoW
and LSA7 for the Mexican collections for the 3
traits. Also, we compared the proposal results with
the AlexNet [22] and RCNN [14] models. These
models are based on deep learning and represent
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Table 12. Obtained performance for the gender, occupation, and location tasks on the MEX-AS3T corpus

Gender Identification Task

Approach Accuracy F1

Textual base- BoW 0.80 0.80
lines LSAT 0.79 0.79
Visual AlexNet [22] 0.65 0.65
baselines RCNN [14] 0.64 0.64
Proposed BoL 0.74* 0.74
P LSA; 0.79* 0.79
Multi modal DOR+LSA; 0.79* 0.79

Occupation Identification Task

Textual base- BoWk 0.64 0.34
lines LSAr 0.65 0.25
Visual AlexNet |22] 0.52 0.23
baselines RCNN |[14] 0.54 0.24
Prooosed BoL 0.63* 0.34

p LSA, 0.65* 0.34
Multi modal DOR+LSA; 0.68* 0.39

Location ldentification Task

Textual base- BoW 0.52 0.37
lines LSAT 0.71 0.57
Visual AlexNet [22] 0.35 0.24
baselines RCNN [14] 0.35 0.23
Provosed BolL 0.44* 0.28

p LSA;(k=100) 0.50*  0.31
Multi modal DOR+LSA; 0.68* 0.58

each image as a vector of 1000 semantic features.
The proposal is represented as BoL for the bag of
labels and LSA; for the implementation of LSA for
the labels of BoL.

For all traits, the textual representations obtain
better or very similar results than the image
representations. This indicates that the textual
information is more valuable than the image
information. Also, for the three ftraits, the
proposal results overcome the deep learning

based methods. Particularly, LSI; overcomes
the BolL implementation, it seems that to
group the labels by their contest provides a
better representation.

Finally, we implement a fusion strategy for
taking advantage of both modalities. We use
the late fusion [30] concatenated both spaces,
DOR (the best DTR result) and LSA; (the best
image representation). As we can see, the most
noticeable difference occurs for the location trait

Computacion y Sistemas, Vol. 24, No. 3, 2020, pp. 1289-1304
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however, for occupation, the results are better with
the fusion too. But, for gender trait, the text result is
still the best result. This could occurs because the
occupation and location are traits unbalanced and
the gender trait is balanced, Thus the occupation
and location traits are harder tasks than the gender
classification and it is necessary more information
to help the classification [31].

5 Cross-Language Gender Prediction

We appraise the robustness of our proposed
method under a cross-lingual scenario |12, |27].
For this, we performed several experiments training
and evaluating using distinct source and target
languages, and compared against the best results
obtained in a monolingual situation.

The hypothesis behind this idea establishes that
users with distinct native languages, having a
similar profile, will share analogous images. To
the best of our knowledge, this is the first attempt
in proposing a cross-language gender prediction
method based on merely visual information.

In order to prove this hypothesis, we performed
a series of experiments for the gender prediction
tasK] Similar to the previous experiments, we
compare the performance of the closed vocabulary
approaches (AlexNet and RCNN) against the
performance of the open vocabulary approach
(LSA;) under a cross-lingual scenario.

Table 13. Cross language results using AlexNet as
image annotation method

Source  Target Fy F
Fy

language language Male Female
EN EN 0.58 0.58 0.56 0.60
SP EN 0.59 0.59 0.59 0.59

SP+EN EN 0.61 0.61* 0.60 0.62
SP SP 0.65 0.65 0.65 0.65
EN SP 0.64 0.64 0.64 0.64

SP+EN SP  0.66 0.66* 0.66 0.66

4The gender trait is the only common trait among both
datasets, i.e., PAN 2014 and MEX-A3T
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Table 14. Cross language results using RCNN as image
annotation method

Source  Target A Fy Iy
cc. Fi

language language Male Female
EN EN 0.56 0.56 0.56 0.56
SP EN 0.60 0.55 0.70 0.40

SP+EN EN 0.61 0.61* 0.61 0.61
SP SP 0.64 0.64 0.64 0.64
EN SP 0.64 0.59 0.46 0.72

SP+EN SP 0.65 0.65* 0.64 0.66

Table 15. Cross language results using the proposed
method under the LSA;. The number between
parenthesis indicates the value of the k parameter for
the LSA method

Source  Target I3 I
Acc. F;

language language Male Female
EN EN(100) 0.72 0.72 0.71 0.72
SP EN(100) 0.60 0.55 0.70 0.40

SP+EN EN(50) 0.84 0.84* 0.84 0.84
SP SP(100) 0.79 0.79 0.79 0.79
EN SP(100) 0.64 0.59 0.46 0.72

SP+EN  SP(50) 0.80 0.80* 0.80 0.80

5.1 Results

Table and [15] show the obtained results
using ALexNet, RCNN and LSA; methods for
labeling the visual information. It is interesting to
observe that when only one language is used for
training (EN— EN, SP—EN, SP—SP, EN—SP ),
achieved performance is very similar for all AIA
methods. However, a significant improvement
is obtained when the combination of the two
languages (SP+EN) is employed to train the
classification model Particularly, observe the LSA;
method (Table outperforms both AlexNet (Table
and RCNN (Table[14) configurations.

These results evidentiate that similar users
share in fact similar images, allowing an automatic
classifier to distinguish among users, regardless
of their native language. In order to exemplify
this affirmation, we took on the task of retrieving
the most important images from the top 5 topics
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(a) Topic 1: People (b) Topic 2: Sports

(c) Topic 3: Women (d) Topi 4: Technology

(e) Topic 5: Diagrams

Fig. 3. Representative images for each topic extracted with LSA
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identified by the LSA; approach.  Figure
illustrates the retrieved images.

For each topic six images are shown, where
the three from the left correspond to Spanish
speaking users, and the three on the right to
English speaking users.  After observing the
retrieved images, is possible to conclude that
shared images by users not sharing language,
at least between males and females, contain
similar characteristics. This language and
culture independent phenomenon indicates that is
possible to configure cross-lingual AP methods.

6 Conclusions

As a result of this work, the following conclusions
were obtained.

DTR’s have advantages in the author profiling
task compared with other approaches to capture
the content of the texts. In particular, DOR
presents the best behavior, besides that DOR is
not a parameterized approach, which causes it to
be a simpler and more efficient approach to this
task. Also, a significant advantage of DOR is its
robustness across different social media genres,
contrary to others approaches.

Automatic image annotation based on open
vocabulary approaches is better to represent the
images than the closed vocabulary approaches for
the Author profiling task.

There is complementarity among the textual and
image modalities since it is possible to overcome
the individual results with fusion schemes.

Also, it is possible to use image information from
another corpus, even if the corpus is in another
language. This seems reasonable, taking into
account that images are language independent.
It seems that the open vocabulary approach with
LSA; represents better the images from different
native languages users.
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Abstract

Language detection is a key part of the
NLP pipeline for text processing. The task
of automatically detecting languages be-
longing to disjoint groups is relatively easy.
It is considerably challenging to detect lan-
guages that have similar origins or dialects.
This paper describes Idiap’s submission to
the 2020 Germeval evaluation campaign'
on Swiss-German language detection. In
this work, we have given high dimensional
features generated from the text data as
input to a supervised autoencoder for de-
tecting languages with dialect variances.
Bayesian optimizer was used to fine-tune
the hyper-parameters of the supervised au-
toencoder. To the best of our knowledge,
we are first to apply supervised autoen-
coder for the language detection task.

1 Introduction

The increased usage of smartphones, social me-
dia, and the internet has led to rapid growth in the
generation of short linguistic texts. Thus, identifi-
cation of language is a key component in building
various NLP resources (Kocmi and Bojar, 2017).
Language detection is the task of determining the
language for the given text. Although it has pro-
gressed substantially, still few challenges exist: (1)
distinguishing among similar languages, (2) detec-
tion of languages when multiple language contents
exist within a single document, and (3) language
identification in very short texts (Balazevic et al.,
2016; Lui et al., 2014; Williams and Dagli, 2017).

Copyright (©) 2020 for this paper by its authors. Use permitted
under Creative Commons License Attribution 4.0 Interna-
tional (CC BY 4.0)

"https://sites.google.com/view/
gswid2020

It is a difficult task to discriminate between very
close languages or dialects (for example, German
dialect identification, Indo-Aryan language identifi-
cation (Jauhiainen et al., 2019a)). Although dialect
identification is commonly based on the distribu-
tions of letters or letter n-grams, it may not be possi-
ble to distinguish related dialects with very similar
phoneme and grapheme inventories for some lan-
guages (Scherrer and Rambow, 2010).

Many authors proposed traditional machine
learning approaches for language detection like
Naive Bayes, SVM, word and character n-grams,
graph-based n-grams, prediction partial matching
(PPM), linear interpolation with post-independent
weight optimization and majority voting for com-
bining multiple classifiers, etc. (Jauhiainen et al.,
2019b).

More recently, deep learning techniques have
shown substantial performance in many NLP tasks
including language detection (Oro et al., 2018).
In the context of deep learning techniques, many
papers have demonstrated the capability of semi-
supervised autoencoders solving different tasks, in-
dicating that the use of autoencoders allows learn-
ing a representation when trained with unlabeled
data. (Ranzato and Szummer, 2008; Rasmus et al.,
2015). However, as per our literature survey, none
of the recent research has applied autoencoder for
the language detection task. In this paper, we
propose a supervised configuration of the autoen-
coders, which utilizes labels for learning the repre-
sentation. To the best of our knowledge, this is the
first time this technology is evaluated in the context
of the language detection task.

1.1 Supervised Autoencoder

An autoencoder (AE) is a neural network that learns
a representation (encoding) of input data and then
learns to reconstruct the original input from the
learned representation. The autoencoder is mainly



used for dimensionality reduction or feature extrac-
tion (Zhu and Zhang, 2019). Normally, it is used
in an unsupervised learning fashion, meaning that
we leverage the neural network for the task of rep-
resentation learning. By learning to reconstruct the
input, the AE extracts underlying abstract attributes
that facilitate accurate prediction of the input.

Thus, a supervised autoencoder (SAE) is an au-
toencoder with the addition of a supervised loss
on the representation layer. For the case of a sin-
gle hidden layer, a supervised loss is added to the
output layer and for a deeper autoencoder, the in-
nermost (smallest) layer would have a supervised
loss added to the bottleneck layer that is usually
transferred to the supervised layer after training the
autoencoder.

In supervised learning, the goal is to learn a
function for a vector of inputs x € R? to predict
a vector of targets y € R™. Consider SAE with
a single hidden layer of size k, and the weights
for the first layer are F € R¥*. The function is
trained on a finite batch of independent and identi-
cally distributed (i.i.d.) data, (x1,y1), -.-, (X¢,¥¢),
with the goal of a more accurate prediction on
new samples generated from the same distribution.
The weight for the output layer consists of weights
W, € R™** (o predict y and W,. € R¥¥ to re-
construct x. Let L, be the supervised loss and L,
be the loss for the reconstruction error. In the case
of regression, both losses might be represented by
a squared error, resulting in the objective:
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The addition of supervised loss to the autoen-
coder loss function acts as regularizer and results
(as shown in equation 1) in the learning of the better
representation for the desired task (Le et al., 2018).

1.2 Bayesian Optimizer

In the case of SAE, there are many hyperparameters
related to (a) Model construction and (b) Optimiza-
tion. Hence, SAE training without any hyperparam-
eter tuning usually results in poor performance due
to the dependencies that may result in simultaneous
over/under-fitting.

Global optimization is considered to be a chal-
lenging problem of finding the globally best solu-
tion of (possibly nonlinear) models, in the (possi-
ble or known) presence of multiple local optima.
Bayesian optimization (BO) is shown to outper-
form other state-of-the-art global optimization algo-
rithms on several challenging optimization bench-
mark functions (Snoek et al., 2012; Bergstra and
Bengio, 2012). BO provides a principled technique
based on Bayes theorem to direct a search for a
global optimization problem that is efficient and ef-
fective. It works by building a probabilistic model
of the objective function, called the surrogate func-
tion, that is then searched efficiently with an acqui-
sition function before candidate samples are chosen
for evaluation on the real objective function. It tries
to solve the minimization problem:

X* = argmin f(z), 2)
reEX
where we consider  to be a compact subset of R”
(Snoek et al., 2015).

Thus, we employed BO for hyperparameter op-
timization where the objective is to find the hyper-
parameters of a given machine learning algorithm,
for this, we preserved the best performance as mea-
sured on a validation set.

2 Proposed Method

The architecture of the proposed model is shown
in Figure 1. We used character n-grams as fea-
tures from the input text. In comparison to word
n-grams, which only capture the identity of a word
and its possible neighbors, character n-grams are
additionally capable of providing an excellent trade-
off between sparseness and word’s identity, while
at the same time they combine different types of
information: punctuation, morphological makeup
of a word, lexicon and even context (Wei et al.,
2009; Kulmizev et al., 2017; Sanchez-Vega et al.,
2019). The extracted n-gram features are input to
the deep SAE as shown in the Figure 1. The deep
SAE contains multiple hidden layers. We used the
BO for selecting the optimal parameters.

3 Experimental Setup and Datasets

The training dataset was provided by the organizers
of the shared task. The training” dataset consists of
2,000 tweets in the Swiss-German language. The

2 Although 2K Twitter ids were provided, we were not able
to retrieve them all, resulting in 1976 training instances.



Figure 1: Proposed model architecture. The extracted features of the text are fed to the supervised autoencoder.

[ral)

The targets “’y” are included. The classification output are the language ids for the classified languages.

participants were allowed to use any additional
resources as training datasets. As part of the addi-
tional resources recommended by the organizers,
the following Swiss-German datasets were sug-
gested: NOAH 3 (Hollenstein and Aepli, 2015),
and SwissCrawl *(Linder et al., 2019); which we
used in our experiments.

The test data released by the organizers consists
of 5,374 Tweets (mix of different languages) to
be classified as Swiss-German versus not Swiss-
German.

The training dataset provided by the organizer
did not have any non-Swiss-German text. In addi-
tion to the recommended Swiss-German datasets,
we have used other non-Swiss-German datasets
(DSL 3 (Tan et al., 2014a), and Ling10 °) for train-
ing our models.

o DSL Dataset: The data obtained from the
“Discriminating between Similar Language
(DSL) Shared Task 2015 contains 13 dif-
ferent languages as shown in Table 1. The
DSL corpus collection have different versions
based on different language group which pro-
vides datasets for researchers to test their sys-
tems (Tan et al., 2014a). We selected DSLCC
version 2.0 7 in our experiments (Tan et al.,
2014b).

o Lingl0 Dataset : The Ling10 dataset contains

‘https://noe-eva.github.io/
NOAH-Corpus/

4https://icosys.ch/swisscrawl

Shttp://ttg.uni-saarland.de/resources/
DSLCC/

®https://github.com/johnolafenwa/
Lingl0

"https://github.com/Simdiva/DSL-Task/
tree/master/data/DSLCC-v2.0

190,000 sentences categorized into 10 lan-
guages (English, French, Portuguese, Chinese
Mandarin, Russian, Hebrew, Polish, Japanese,
Italian, Dutch) mainly used for language de-
tection and benchmarking NLP algorithms.
We considered “Lingl0-trainlarge” (one of
the three variants of Lingl10 dataset) in our

experiment.
Group Name Language Id
South Eastern Slavic Bulgarian bg
Macedonian mk
South Western Slavic Bosnian bs
Croatian hr
Serbian ST
West-Slavic Czech cz
Slovak sk
Ibero- Peninsular Spain es-ES
Romance(Spanish)
Argentinian Spanish | es-AR
Ibero- Brazilian Portuguese | pt-BR
Romance(Portuguese)
European Portuguese | pt-PT
Astronesian Indonesian id
Malay my
Table 1: DSL Language Group. Similar languages

with their language code.

As the task is a binary classification of Swiss-
German versus not Swiss-German, we have split
all our collection of datasets including the training
set provided by the organizers into two categories
as follows:

e Swiss-German (NOAH, SwissCrawl, Swiss-

German Training Tweets).

e not Swiss-German (DSL, Ling10).

Accordingly, we labeled the target class of all
the Swiss-German text as “gsw” (Swiss-German)
and labeled the target class of all other language




text as “not_gsw”).

We prepared three settings (S1, S2, and S3) com-
bining the above datasets in different proportions
of Swiss-German versus not Swiss-German lan-
guages for training the model. The statistics of the
datasets for the settings are shown in Table 2.

We mixed the datasets of Swiss-German and
other languages and split them into different ratios
for training and development as per the settings. In
each setting, the training and development set is
different based on the selection of the number of
sentences from each dataset. We used the test set
provided by the shared task organizers. As the test
set includes twitter text during preprocessing, we
removed emojis and other unnecessary symbols.

The range of values for the hyperparameters
search space is shown in Table 3. During training,
BO chooses the best hyperparameters from this
range. The overall configuration of the SAE model
is shown in Table 4.

4 Results and Discussion

We evaluated the development set performance and
the test set evaluation performed by the shared task
organizers. The development set performance is
given in section Section 4.1 and the test set perfor-
mance in Section 4.2.

Our evaluation includes calculating classification
accuracy based on the predicted label compared
with the actual label. The organizers calculated pre-
cision, average precision, recall, and F1 score for
each of the submissions. As known, precision is the
ratio of correctly predicted positive observations
to the total predicted positive observations; recall
(or sensitivity) is the ratio of correctly predicted
positive observations to all observations in actual
positive class, and the F/ score is the weighted
average of precision and recall.

Organizers also generated the Receiver Operat-
ing Characteristic curve (ROC), Area Under the
ROC Curve (AUC), and Precision-Recall (PR)
curves. The AUC - ROC curve is a performance
measurement at various threshold settings. ROC is
a probability curve and AUC represents the degree
or measure of separability. It indicates how much a
trained model is capable of distinguishing between
classes, thus, the higher the AUC, the better the
model performance. Finally, PR curves summarize
the trade-off between the true positive rate and the
positive predictive value for a predictive model us-
ing different probability thresholds; hence, a good

Confusion matrix for setting S1 on dev set.

Confusion matrix for setting S2 on dev set.

Confusion matrix for setting S3 on dev set.

Figure 2: Confusion matrix on the development (dev)
set for the setting S1, S2, and S3. The confusion matrix
shows the correct and incorrect predictions with count
values broken down by each class i.e. “gsw” (Swiss-
German) or “not_gsw” (not Swiss-German).

model is represented by a curve that bows towards

(1,1).

4.1 Development Set

The SAE model performance for the three settings
(S1, S2, and S3) on the development set is shown in
Table 5. The confusion matrix for all the settings
on the development set is shown in Figure 2. The
confusion matrix shows the correct and incorrect
predictions with count values broken down by each
class i.e. “gsw” (Swiss-German) or “not_gsw”’ (not



Setting | Datasets and Language Distribution Distribution Training | Dev Test
(Overall)
S1 NOAH (Swiss-German) 7,327 (8%) 50% Swiss-German 80,000 20,000 | 5,374
SwissCrawl (Swiss-German) 40,697 (40%) | 50% not Swiss-German
SwissTextTrain (Swiss-German) | 1,976 (2 %)
DSL (not Swiss-German) 25,000 (25 %)
Ling10 (not Swiss-German) 25,000 (25 %)
S2 NOAH (Swiss-German) 7,327 (5%) 61% Swiss-German 130,000 20,000 | 5,374
SwissCrawl (Swiss-German) 81,841 (55 %) | 39% not Swiss German
SwissTextTrain (Swiss-German) | 1,976 (1 %)
DSL (not Swiss-German) 25,000 (17 %)
Ling10 (not Swiss-German) 33,856 (22 %)
S3 NOAH (Swiss-German) 7,327 (4 %) 46% Swiss-German 180,000 20,000 | 5,374
SwissCrawl (Swiss-German) 81,841 (41 %) | 54% not Swiss-German
SwissTextTrain (Swiss-German) | 1,976 (1 %)
DSL (not Swiss-German) 50,000 (25 %)
Ling10 (not Swiss-German) 58,856 (29 %)

Table 2: Dataset Statistics. The training-development-test set distribution for each of setting (S1, S2 and S3). The
distribution is based on the number of sentences selected from the datasets.

Hyper Parameter | Range

number of layer 1-5
learning rate 107° —10 2
weight decay 1075 —-107°

activation functions | ‘relu’, ‘sigma’

Table 3: Search space hyper parameter range.

Parameter Value

char n_gram range 1-3

number of target 2

embedding dimension | 300

supervision ‘clf” (classification)
converge threshold 0.00001

number of epochs 500

Table 4: SAE model configuration used for training.

Swiss-German).

Accuracy (%)
Model Setting | Development Set
SAE (char-3gram) S1 100
SAE (char-3gram) S2 100
SAE (char-3gram) S3 100

Table 5: Swiss-German language detection perfor-
mance (classification accuracy) of the proposed model
on the development set based on the setting S1, S2, and
S3.

4.2 Test Set

The overall result announced by the organizers on
test set is shown in the Table 6 and in the Figure 3.
Our submission labeled as “IDIAP”, obtained the
results 0.777, 0.998, and 0.872 for precision (prec),
recall (rec), and F1 score respectively for the setting
S3 as shown in Table 6. The detailed performance
of each of our setting is shown in Table 7.

Precision | Recall F1
IDIAP 0.775 0.998 | 0.872
jj-cl-uzh 0.945 0.993 | 0.968
Mohammadreza 0.984 0.979 | 0.982
Banaei

Table 6: Shared task result announced by the organiz-
ers displaying participant team and their model perfor-
mance (Precision, Recall, and F1).

Prec Rec F1 Avg.
(gsw) | (gsw) | (gsw) | Prec AUROC
S1 0.649 | 0.997 | 0.786 | 0.871 0.924
S2 0.673 | 0.997 | 0.804 | 0.911 0.946
S3 0.775 | 0.998 | 0.872 | 0.965 0.975

Setting

Table 7: Performance of setting S1, S2, and S3.

Based on our initial analysis, we presume that
the low performance of the SAE on the test set is
due to the very few samples of twitter data available
in the training data.

5 Conclusion

In this paper, we have shown the pertinence of SAE
with Bayesian optimizer for the language detection
task. Obtained results are encouraging, and SAE
was found effective for discriminate between very
close languages or dialects. The proposed model
can be extended by creating a host of features such
as character n-gram, word n-gram, word counts, etc
and then passing it through autoencoder to choose
the best features. In future work, we plan to (i) ver-
ify our model (SAE with BO) with other language
detection datasets, and (ii) include more short texts,
particularly Twitter data, in the training set and



Figure 3: Official results announced by the organizers displaying team’s performance (ROC, PR curves).

verify the performance of our model under a more
balanced data type scenario.
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General Information

The validity of high school grades as a predictor of academic development is controversial.
Researchers have found indications that linguistic features such as function words used in a prospec-
tive student's writing perform better in predicting academic development (Pennebaker et al., 2014)
than other methods such as GPA values.

During an aptitude test, participants are asked to write freely associated texts to provided questions,
regarding shown images. Psychologists can identify so-called implicit motives from those expres-
sions. Implicit motives are unconscious motives, which are measurable by operant methods.
Psychometrics are metrics, which can be utilized for assessing psychological phenomena. One flawed
but well-known example are the infamous ink dots, which ought to be described. Operant methods,
in turn, are psychometrics, which is collected by having participants write free texts (JohannRen et.
al, 2019). Those motives are said to be predictors of behavior and long-term development from those
expressions (McClelland, 1988, Scheffer 2004, Schultheiss, 2008).

From a small sample of an aptitude test collected at a college in Germany, the classification and re-
gression of cognitive and motivational styles from a text can be investigated. Such an approach
would extend sole text classification and could reveal insightful psychological traits.

Operant motives are unconscious intrinsic desires that can be measured by implicit or operant meth-
ods, such as the Operant Motive Test (OMT) or the Motive Index (MIX). Psychologists label these tex-
tual answers with one of five motives (M - power, A - affiliation, L - achievement, F - freedom, 0 - zero)
and corresponding levels (0 to 5), which roughly describe the emotional mood from positive to nega-
tive. The identified motives allow psychologists to predict behavior and longterm development. For
our task, we provide extensive amounts of textual data from both, the OMT and MIX, paired with IQ
and high school grades and labels.

With this task, we aim to foster novel research within the context of NLP and the psychology of per-
sonality and emotion. This task is focusing on utilizing German psychological text data for research-
ing the connection of text to cognitive and motivational style. For this, contestants are asked to build
systems to restore an artificial ‘rank’ as well as performing classification on an image description that
psychologists can investigate on implicit motives.

The shared task is organized by Dirk JohannBen, Chris Biemann, Steffen Remus, and Timo Baumann
from the Language Technology group of the University of Hamburg (Germany), as well as David
Scheffer from the NORDAKADEMIE Elmshorn (Germany).
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Proceedings

GermEval 2020 Task 1: Classification and Regression of Cognitive and Motivational Style from Text
Dirk Johannflen, Chris Biemann, Steffen Remus, Timo Baumann, and David Scheffer

Idiap & UAM participation at GermEval 2020: Classification and Regression of Cognitive and
Motivational Style from Text

Esdu Villatoro-Tello, Shantipriya Parida, Sajit Kumar, Petr Motlicek, and Qingran Zhan

Predicting Cognitive and Motivational Style from German Text using Multilingual Transformer
Architecture

Henning Schdafer, Ahmad Idrissi-Yaghir, Andreas Schimanowski, Michael Raphael Bujotzek, Hendrik
Damm, Jannis Nagel, and Christoph M. Friedrich

Predicting Educational Achievement Using Linear Models

Cagri Coltekin

Ethical considerations of the GermEval20 Task 1. IQ assessment with natural language processing:
Forbidden research or gain of knowledge?

Dirk JohannfSen, Chris Biemann, and David Scheffer

Please visit the official SWISSTEXT YouTube channel with the SWISSTEXT + KONVENS playlist, which in-
cludes the GermEval20 Task 1video presentations:
https://wwwyoutube.com/channel/UCGscTPéJ WvWBXHWWPvnQ43A/playlists

The Aptitude Test, college and criticism

Since 2011, the private university of applied sciences NORDAKADEMIE performs an aptitude college
application test.

Zimmerhofer and Trost (2008, p. 32ff.) describe the developments of the German Higher Education
Act. A so-called Numerus Clausus (NC) Act from 1976 and 1977 ruled that colleges in Germany with a
significant amount of applications have to employ a form of selection mechanism. For most colleges,
the NC was the threshold for many applicants. Even though this value is more complex, it roughly can
be understood as a GPA threshold. Since this second Higher Education Act, colleges are also free to
employ alternate selection forms, as long as they are scientifically sound, transparent and commonly
accepted in Germany (BVerfGE 43, 291 - numerus clausus Il).

Even though Hell, Trapmann und Schuler (2008, p. 46) found the correlation coefficient of high school
grades of r = 0.517 to be the most applicable measure for academic suitability, criticism emerged as
well. The authors criticized that the measure of grades by just one single institution (i.e. a high
school) does not reflect upon the complexity of such a widely questioned concept of intellectual abil-
ity. Schleithoff (2015, p. 6) researched the high school grade development of different German federal
states on the issue of grade inflation in Germany and found evidence, that supports this claim.
Furthermore, in most parts of Germany, the participation grade makes up 60% of the overall given
grade and thus is highly subjective.

Since operant motives are said to be less prone to subjectivity, the NORDAKADEMIE decided to em-
ploy an assessment center (AC) for research purposes and a closely related aptitude test for the appli-
cation procedure (NORDAKADEMIE, 2018). Rather than filtering the best applicants, the
NORDAKADEMIE aims with the test for finding and protecting applicants that they suspect to not
match the necessary skills required at the college (Sommer, 2012). Thus, every part of the aptitude
test is skill-oriented.

During an hour-long aptitude test, participants are asked to write freely associated texts to provided
questions and images. Those motives are said to be predictors of behavior and long-term develop-
ment from those expressions. This test contains multiple parts, e.g. a math- and an English test,
Kahnemann scores, intelligence quotient (IQ) scores, a visual questionnaire, knowledge questions to
the applied major or the implicit motives, called the Motive Index (MIX).

The MIX measures implicit or operant motives by having participants answer questions to those im-
ages like the one displayed on the Tasks tab such as "who is the main person and what is important
for that person?” and "what is that person feeling". Furthermore, those participants answer the ques-
tion of what motivated them to apply for the NORDAKADEMIE.

Even though parts of this test are questionable and are currently under discussion, no single part of
this test leads to an application being rejected. Only when a significant amount of those test parts
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Furthermore, every applicant has the option to decline the data to be utilized for research purposes
and still can apply to study at the Nordakademie. All anonymized data instances emerged from col-
lege applicants that consented for the data to be utilized in this type of research setting and have the
opportunity to see any stored data or to have their personal data deleted at any given moment (e.g.
sex, age, the field of study).

Any research performed on this aptitude test or the annually conducted assessment center (AC) at
the NORDAKADEMIE is under the premise of researching methods of supporting personnel decision-
makers, but never to create fully automated, stand-alone filters (NORDAKADEMIE, 2019). First of all,
since models might always be flawed and could inherit biases, it would be highly unethical. Secondly,
the German law prohibits the use of any - technical or non-technical - decision or filter system, which
can not be fully and transparently be explained. Aptitude diagnostics in Germany are highly legally
regulated.

The most debated upon the part of the aptitude test is the intelligence quotient (IQ). Intelligence in
psychology is understood as results measured by an intelligence test (and thus not the intelligence of
individuals itself). Furthermore, intelligence is always a product of both, genes and the environment.
Even though there are hints that the I1Q does not measure intellectual ability but rather cognitive and
motivational style (DeYoung, 2011), it is defined and broadly understood as such.

Mainly companies in Europe employ IQ tests for selecting capable applicants. In the United Kingdom,
roughly 69 percent of all companies utilize the IQ. In Germany, the estimate is 13 percent (Nachtwei &
Schermuly, 2009).

Since 1Q tests only measure the performance in certain tasks that rather ask for skill in certain areas
(logics, language, problem-solving) than cognitive performance, such intelligence tests should rather
be called comprehension tests. Minorities can be discriminated by a biased due to unequal environ-
mental circumstances and measurements in non-representative groups (Rushton, & Jensen, 2005).
One result of research on the connection between implicit motives and intelligence testing could
help to improve early development and guided support.

Itis this bias, which leads to unequal opportunities especially in countries where there is a rich diver-
sity among the population. Intelligence testing has had a dark history. Eugenics during the great wars
e.g. in the US by sterilizing citizens (Buck v. Bell) or in Germany during the Third Reich are some of the
most gruesome parts of history.

But even in modern days, the 1Q is misused. Recently, IQ scores have been used in the US to determine
which death row inmate shall be executed and which might be spared. Since IQ scores show a too
large variance, the Supreme Court has ruled against this definite threshold of 70 (Hall v. Florida).
However, Sanger (2015) has researched an even more present practice of ‘racial adjustment, adjusting
the IQ of minorities upwards to take countermeasures on the racial bias in IQ testing, resulting in
death row inmates, which originally were below the 70 points threshold, to be executed.

There is an ethical necessity to carefully view, understand and research the way intelligence testing is
conducted and how those scores are - if at all - correlated with what we understand as ‘intelligence’,
as they might be mere cognitive and motivational styles. Further valuable research can be conducted
to investigate connections between other personality tests such as implicit motives with intelligence
or comprehension tests. Racial biases are measurable, variances are great and many critics state that
1Q scores reflect upon skill or cognitive and motivational style rather than real intelligence as it is
broadly understood.

Regarding commercial interests: While of course there is interest from the people that provide this
data, we find it remarkable that the data is made available freely. We aim to share the data with the
international scientific community, to better understand and learn from the data and discuss inter-
esting findings publicly, for the benefit of everyone. Note that this is the entire data that currently ex-
ists, not a sub-sample, so it likewise supports the commercial interests of competitors. Furthermore,
professors at Universities for Applied Sciences in Germany (especially private colleges) are supposed
to work in the private industry on their specific research field (Wikipedia, 2019). Thus, an alleged con-
flict of interest is a result of the educational system in Germany. The interests of the task organizers
are strictly scientific. There is no funding for this task, neither from the public nor from commercial
sources.

FAQs

TEACHING
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Is this task about building automated filters?

How does the aptitude test lead to being rejected?

Do the organizers have a commercial interest?

TEACHING

Some organizers work in the private sector. Do we work for them when we participate in the task?

Why would you ever want to build a system for classifying or regressing psychological traits? What is the purpose of this task?

Intelligene structure tests (i.e. IQ) are said to have a racial bias. Why not simply use high school grades alone?

Can resulting systems be used for predicting school grades or IQ scores on any text?

Evaluation

System submissions are done in teams. There is no restriction on the number of people in a team.
However, keep into consideration that a participant is allowed to be in multiple teams, so splitting up
into teams with overlapping members is a possibility. Every participating team is allowed to submit 3
different systems to the competition. For submission in the final evaluation phase, every team must
name their submission (.zip and the actual submission .txt file) in the form
“[Teamname]__[Systemname]” (note the two underscores!). Important: Please do not include more
than one double underscore in the naming scheme. E.g. your submission could look like

Funtastic4__SVM _ensemblel.zip

|

+-— Funtastic4__ SVR TF_IDF_ensemblel_ taskl.txt
Or

Funtastic4__SVM _ensemblel.zip

+-— Funtastic4__ SVC_TF_IDF_ensemblel_ task2.txt

We also ask you to put exactly this name into the description before submitting your system. This
identification method is needed to correctly associate each submitted system with its description pa-
per. Thus, please make sure to write the name exactly as it will appear in your description paper (i.e.
case sensitive). If your submission does not follow these rules it might not be evaluated. The evalua-
tion script has been adopted for a formality check.

Only the person who submits is required to register for the competition. All team members need to
be stated in the description paper of the submitted system. The last submission of a system will be
used for the final evaluation. Participants will see whether the submission succeeds, however, there
will be no feedback regarding the score. The leaderboard will thus be disabled during the test phase.

The evaluation script is provided with the data so that participants can still evaluate their data
splits. The zip located at the Data section contains the eviuate.py program among other files. If you
use the standalone functionality of this file, you need to call it as:

python evaluate.py <input_dir> <output_dir>

The submission files have to comply with the tab-separated format as follows for Subtask 1,
reproducing the target rank (as averaged z-standardized scores of a participant) relative to all partici-
pants in a collection (i.e. test / dev / train):

student_ID rank
and for Task 2:

UUID motive level

https://www.inf uni-hamburg.de/en/inst/ab/It/resources/data/germeva...
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On taskl, the script computes multiple correlation coefficients. The Pearson rank correlation coeffi-
cient will be the main evaluation metric. On task2, the script computes for each class precision, recall
and F1score. As a summarizing score, the tool computes accuracy and macro-average precision, recall
and Flscore.

Although the evaluation tool outputs several evaluation measures, the official ranking of the systems
will be based on the macro-average Fl score for task2 or the Pearson correlation coefficient for taskl
only. Please remember this when tuning your classifiers. A classifier that is optimized for the accuracy
or the Spearman correlation coefficient may not necessarily produce optimal results in terms of the
macro-average Flscore.

The evaluation tool on Codalab and the download versions is the same and accepts both tasks simul-
taneously.

System submissions are done in teams. There is no restriction on the number of people in a team.
However, keep into consideration that a participant is allowed to be in multiple teams, so splitting up
into teams with overlapping members is a possibility. Every participating team is allowed to submit
as many different systems to the competition as they wish.

Subtasks

The shared task on classification and regression of cognitive and motivational style of text consists of
two subtasks, described below. You can participate in any of them, may use external data and/or uti-
lize the other data respectively for training, as well as perform e.g. multi-task or transfer learning.
Both tasks are closely related to the main research objective: implicit motives. Those motives are said
to describe the intrinsic desires of students and allow for psychologists to, after identifying those mo-
tives, make statements on long-term behavior and development. For this first task, the so-called
Motive Index (MIX) texts are the basis for classifying cognitive and motivational style. For the second
task, so-called Operant Motives (OMT), which are implicit motives as well, can be classified into main
motives and so-called levels, describing the emotional exertion expressed.

We encourage every participant to also include ethical positions and discussions in their system de-
scriptions that can be the basis for an insightful and reflected podium discussion during the work-
shop session at GermEval 2020.

Subtask 1: Regression of artificially ranked cognitive and motivational style

This task has yet never been researched and is open: It is neither certain, whether this task can be
achieved, nor how well this might be possible due to the novelty and sparsity of research.

The task is to predict measures of cognitive and motivational style solemnly based on text. For this,
z-standardized high school grades and intelligence quotient (IQ) scores of college applicants are
summed and globally ‘ranked". This rank is utterly artificial, as no applicant in a real-world-setting is
ordered in such fashion but rather there is a certain threshold over the whole of the hour-long apti-
tude test with multiple different test parts, that may not be undergone by applicants. Only about 10%
of initial applicants get declined and may not proceed to a second step, the application at a private
company. The resulting system would be of no real-world use as those motive texts still ought to be
collected and strict European data protection laws prohibit any use of unexplainable, intransparent
aptitude systems (Sommer, 2012 and NORDAKADEMIE b, 2019).

The goal of this subtask is to reproduce this ‘ranking’, systems are evaluated by the Pearson correla-
tion coefficient between system and gold ranking. An exemplary illustration can be found in the Data
area. We are especially interested in the analysis of possible connections between text and cognitive
and motivational style, which would enhance later submission beyond the mere score reproduction
abilities of a submitted system.

One z-standardized example instance looks as follows (including spelling errors made by the partici-
pant) with the unique ID (consisting of studentlD_imageNo_questionNo), a student ID, an image
number, an answer number, the German grade points, the English grade points, the math grade
points, the language 1Q score, the math IQ score and the average IQ score (all z-standardized)

The data is delivered in two files, one containing participant data, the other containing sample data,
each being connected by a student ID. The rank in the sample data reflects the averaged performance
relative to all instances within the collection (i.e. within train / test / dev), which is to be reproduced
for the task.

TEACHING
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student_ID german_grade english grade math grade lang_iq logic_ig
1034-875791 -0.08651999119820285 0.3747985587188588 0.5115559707967757
-0.010173719700624676 -0.13686707618782515

student_ID rank
1034-875791 15

The training data set contains 80% of all available data, which is 62,280 expressions and the develop-
ment and test sets contain roughly 10% each, which are 7,800 expressions for the dev set and 7,770
expressions for the test set (this split has been chosen in order to preserve the order and complete-
ness of the 30 answers per participant).

For the final results, participants of this shared task will be provided with a MIX_text only and are
asked to reproduce the ranking of each student relative to all students in a collection (i.e. within the
test set).

The success will be measured with the pearson rank correlation coefficient.
Subtask 2: Classification of the Operant Motive Test (OMT).

Operant motives are unconscious intrinsic desires that can be measured by implicit or operant meth-
ods, such as the Operant Motive Test (OMT)(Kuhl and Scheffer, 1999). During the OMT, participants
are asked to write freely associated texts to provided questions and images. An exemplary illustration
can be found under the Data tab. Psychologists label these textual answers with one of five motives.
The identified motives allow psychologists to predict behavior and long-term development.

For this task, we provide the participants with a large dataset of labeled textual data, which emerged
from an operant motive test. The training data set contains 80% of all available data (167,200 in-
stances) and the development and test sets contain 10% each (20,900 instances)

UUID OMT_text
6221323283933528M10 Sie wird ausgeschimpft, will jedoch das Gesicht
bewahren.Beleidigt.Weil sie sich schamt, ausgeschimpft zu werden.

Die blaue Person ist verletzt und hort nicht auf die Worte der weiBen Person.

UUID motive level
6221323283933528M10 F 5

The success will be measured with the macro-averaged Fl-score.

Data

Development data sets, example systems and first evaluation script

NORDAKADEMIE Aptitude Data Set

Since 2011, the private university of applied sciences NORDAKADEMIE performs an aptitude college
application test, where participants state their high school performance, perform anIQ testand a
psychometrical test called the Motive Index (MIX). The MIX measures so-called implicit or operant
motives by having participants answer questions to those images like the one displayed below such
as "who is the main person and what is important for that person?” and "what is that person feeling”.
Furthermore, those participants answer the question of what motivated them to apply for the
NORDAKADEMIE.

The data consists of a unique ID per entry, one ID per participant, of the applicants’ major and high
school grades as well as 1Q scores with one textual expression attached to each entry. high school
grades and IQ scores are z-standardized for privacy protection.

https://www.inf uni-hamburg.de/en/inst/ab/It/resources/data/germeva...
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In total there are 2,595 participants, who produced 77,850 unique MIX answers. The shortest textual
answers consist of 3 words, the longest of 42 and on average there are roughly 15 words per textual

answer with a standard deviation of 8 words. The (not z-standardized) average grades and IQ scores
are as follows:

German: 9.4 points
English: 9.5 points
math: 101 points

1Q language: 118 points
1Q logic: 72.6 points
1Q averaged: 77 points

The IQ language measures the use of language and intuition such as the comprehension of sayings.
1Q logic tests the relations of objects and an intuitive understanding of mainly verbalized truth sys-
tems. The averaged IQ includes IQ language and logic as well as further IQ tests (i.e. language, logic,
calculus, technology and memorization). To enhance data protection, all provided high school grades
and IQ scores are z-standardized.

To enhance data protection, all provided high school grades and IQ scores are z-standardized.

student_ID image_no answer_no UUID MIX text
1034-875791 2 2 1034-875791_2_2 Die Person fiihl sich eingebunden in
die Unterhatung.

student_ID german grade english_grade math grade lang_iq logic_iqg
1034-875791 -0.08651999119820285 0.3747985587188588 0.5115559707967757
-0.010173719700624676 -0.13686707618782515

student_ID rank
1034-875791 15

Operant Motive Test (OMT)

The available data set has been collected and hand-labeled by researchers of the University of Trier.
More than 14,600 volunteers participated in answering questions to 15 provided images such as dis-
played in the figure below.

The pairwise annotator intraclass correlation was r = .85 on the Winter scale (Winter, 1994).

The length of the answers ranges from 4 to 79 words with a mean length of 22 words and a standard
deviation of roughly 12 words.

TEACHING
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J

Some example answers to the very first image above are as follows (with A being the so-called affilia-
tion motive and M being the power motive, two out of the five motives besides L for achievement, F
for freedom and O for the zero / unassigned motive):

s/data/germeva...

A sie nimmt am Gespréch nicht teil und wendet sich ab. gelangweilt. es interessiert sie nicht, woriber die anderen

beiden reden. schlecht.

M weicht angstlich zuruilick. unterlegen. wird zurechtgewiesen. Gelegenheit den Fehler zu korrigieren

(Translation: A she does not take part in the conversation and turns away. bored. She does not care
what the other two are talking about. Bad. M withdraws anxiously. Inferior. is rebuked. Opportunity
to correct the mistake.)

The number of motives in the available data is unbalanced with power (M) being by far the most fre-
quent with 54.5%, achievement (L) constituting 19% of the data, affiliation (A) 17%, freedom (F) 5.6%
and zero 5%.

For each instance there is a unique ID, the expressed textually answers with a label for the main mo-
tive and a level. The data structure of the whole OMT data set looks as follows and is tab-separated:

UUID OMT_ text
6221323283933528M10 Sie wird ausgeschimpft, will jedoch das Gesicht bewahren.Beleidigt.Weil sie sich schamt, aus-

geschimpft zu werden. Die blaue Person ist verletzt und hort nicht auf die Worte der weiBlen Person.

UUID motive level
6221323283933528M10 F 5

System Description Paper Author Guidelines

Please use the LaTeX template provided by the main conference under https://swisstext-and-
konvens-2020.org/call-for-papers/

Language: English

All submissions must be in PDF format and must conform to the official style guidelines, which are
contained in the template files that are available above.

The decision on paper acceptance will be based on the feedback from the reviewers.

The review process will be single-blind, i.e. authors are allowed to enter information that might re-
veal their identity.

Accepted system description papers will appear in an online workshop proceeding.

Manuscripts must describe original work that has neither been published before nor is currently un-
der review elsewhere.

Submission will be made through EasyChair: https://easychair.org/conferences/?conf=gest201

A draft of the description paper can be found here.

The shared task is organized by Dirk JohannRen, Chris Biemann, Steffen Remus and Timo Baumann
from the Language Technology group of the University of Hamburg, as well as David Scheffer from
the NORDAKADEMIE Elmshorn, Nicola Baumann from the Universitat Trier and the Gudula Ritz from
the Impart GmbhH (Germany).
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Important Dates

61 Dec 2619 Release of triatdata

08-May 2020 Releaseof testdata

OHun2620 653un—2026: Final submission of test results

933un20620 69-3un—2626: Submission of description paper

04-H3un2026-143un—20620: Peer reviewing: participants are expected to review other participant's
system descriptions

23un2626 153un—2626: Notification of acceptance and reviewer feedback
183un-2020-26-3un2626: Camera-ready deadline for system description papers

233un-2626: Workshop in Zurich, Switzerland at the KONVENS 2020 and SwissText joint conference

People

Dirk JohannRen
Chris Biemann
Steffen Remus
Timo Baumann
David Scheffer

Terms and Conditions

The copyright to the provided data belongs to the NORDAKADEMIE and for the OMT related tasks to
the University of Trier and Impart GmbH, its licensors, vendors and/or its content providers. The
scores and instances serve promotional/public purposes and permission has been granted by the
NORDAKADEMIE and the University of Trier, which both share this dataset. This dataset is redis-
tributed under the creative commons license CC BY-NC-SA 4.0.

By participating at this competition, you consent the public release of your anonymized scores at the
GermEval-2020 workshop and in respective proceedings, at the task organizers’ discretion.
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Abstract

In this paper, we describe the participa-
tion of the Idiap Research Institute at Ger-
mEval 2020 shared task on the Classifi-
cation and Regression of Cognitive and
Motivational style from Text, specifically
on subtask 2, Classification of the Oper-
ant Motive Test (OMT). Generally speak-
ing, GermEval 2020 aims at encourag-
ing the Natural Language Understanding
(NLU) research community in proposing
novel methodologies for assessing the con-
nection between freely written texts and
its cognitive and motivational styles. For
evaluating this task, organizers provided
a large dataset containing textual descrip-
tions, in German language, generated by
more than 14,000 participants. Our par-
ticipation aims at evaluating the impact
of advanced language representation, e.g.,
Bert, XILM, and DistilBERT in combina-
tion with some traditional machine learn-
ing algorithms. Our best configuration was
able to obtain an F1 macro of 69.8% on the
test partition, which represents a relative
improvement of 7.4% in comparison to the
proposed baseline.

1 Introduction

The idea that language use reveals information
about personality has long circulated in the so-
cial and medical sciences. The ways people use
words convey a great deal of information about
themselves (Pennebaker et al., 2003). Psycholin-
guistics theory has shown the presence of linguistic
indicators that could be important for determining

Copyright (© 2020 for this paper by its authors. Use permitted
under Creative Commons License Attribution 4.0 Interna-
tional (CC BY 4.0)
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aptitudes and academic development in subjects
(Pennebaker et al., 2014), however, many of these
research has focused on the analysis of self-reports
or essays.

In contrast, implicit motives, indicators used by
psychologies during aptitude diagnosis, are not
readily accessible features to the conscious mind
and, therefore, not assessable using self-reports of
personal needs (Gawronski and De Houwer, 2014).
Instead, implicit motives are primarily assessed
using indirect measures that rely on projective tech-
niques that instruct individuals to produce imagi-
native stories based on ambiguous picture stimuli
that depict people in different situations. Such stim-
uli influence the content of the individual’s fantasy
and are projected onto the characters of the stories
which the individual writes about from these pic-
tures (Johannfen and Biemann, 2018, 2019; Johan-
nfen et al., 2019). Consequently, this motivational
response emerges through the contents of the writ-
ten imaginative material and can be coded for its
motive imagery using standardized and validated
content coding systems.

The most frequently used measures of implicit
motives are Picture Story Exercise (PSE) (Mc-
Clelland et al., 1989), Thematic Apperception
Test (TAT) (Murray, 1943), Multi-Motive Grid
(MMG) (Sokolowski et al., 2000), and Operant
Motive Test (OMT) (Kuhl and Scheffer, 1999; Den-
zinger and Brandstitter, 2018). Generally speak-
ing, these tests are based on the operant methods,
i.e., participants are asked ambiguous questions
or are shown simple images, which they have to
describe. Specifically, during the OMT test, sub-
jects are shown sketched scenarios with multiple
persons in non-specified situations, which required
to use introspection and assess their psychological
attributes unconsciously. Psychologists label these
textual answers with one of five motives, namely
M-power, A-affiliation, L-achievement, F-freedom,



and 0-zero. And, each motive is associated with its
corresponding level (from O to 5).

Accordingly, the “GermEval 2020 Task on the
Classification and Regression of Cognitive and
Emotional Style from Text”,! shared subtask 2,
proposes an exploratory task on the Classifica-
tion of the Operant Motive Test (OMT). The chal-
lenge consists of automatically processing pieces
of text, generated by undergraduate students dur-
ing an OMT test, and to correctly detect subjects
corresponding motive/level combination.

To address the OMT task, we evaluate the im-
pact of deep learning architectures such as Trans-
formers (Wolf et al., 2019), namely Bert (Devlin
et al., 2019), XLLM (Conneau and Lample, 2019),
DistilBert (Sanh et al., 2019). We compare its per-
formance against traditional classification methods,
e.g., fully connected neural networks. We com-
pared the efficiency of these recent methodologies
and compare them under different configuration
parameters. Our results indicate that performing a
fine-tuning of Bert is possible to obtain a 7.4%
relative improvement in comparison to the pro-
posed baseline, and the 2nd place overall during
GermEval 2020 edition.

The rest of the paper is organized as follows.
Section 2 describes the dataset and provides some
statistics. The details of our methodology are pro-
vided in Section 3. Performed experiments and
obtained results are shown in Section 3.2. Finally,
we share the conclusion of our work in Section 5.

2 Dataset

To perform our experiments, we employed the
dataset available in the GermEval 2020 shared task
on the “Classification and Regression of Cognitive
and Motivational style from the text”, described
in JohannBen et al. (2020). The provided data, in
German language, has been collected from more
14,600 subjects that participated in the OMT test.
Each answer was manually labeled with the mo-
tives (0, A, L, M, F) and the levels (from O to 5),
resulting in a 30 class classification problem. This
annotation was performed by an expert psycholo-
gist, trained by the OMT manual as described in
(Kuhl and Scheffer, 1999). The distribution of the
dataset is: 167,200 for training (train), 20,900 for

"https://www.inf.uni-hamburg.
de/en/inst/ab/lt/resources/data/
germeval-2020-cognitive-motive.html
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Training
Average (o) Total
Tokens 20.27 (£12.08) 3,389,945
Vocabulary 18.07 (4+9.82) 267,620
LR 0.92 (£ 0.08) 0.08
Development
Average (o) Total
Tokens 20.38 (+£12.17) 425,880
Vocabulary 18.17 (£9.94) 55,606
LR 0.92 (£ 0.08) 0.13
Test
Average (o) Total
Tokens 20.24 (+12.01) 423,018
Vocabulary 18.05 (£9.76) 55,592
LR 0.92 (4:0.08) 0.13

Table 1: Statistics of the OMT dataset in terms of num-
ber of tokens, vocabulary size and lexical richness. The
minimum length of the texts is 1 token, while the maxi-
mum length is 99, 90, and 96 tokens for train, dev, and
test partitions respectively. In all partitions, the 75% of
the data has a length of 27 tokens.

development (dev), and 20,900 for testing (test).>

Table 1 shows some statistics of the GermEval
2020 dataset, for train, dev, and test partitions. We
compute the average number of tokens, vocabulary,
and lexical richness of each text in the dataset. Lex-
ical richness (LR), also known as “type/token ratio”
is a value that indicates how the terms from the
vocabulary are used within a text. LR is defined as
the ratio between the vocabulary size and the num-
ber of tokens from a text (LR = |V'|/|T|). Thus, a
value close to 1 indicates a higher LR, which means
vocabulary terms are used only once, while values
near to O represent a higher number of tokens used
more frequently (i.e., more repetitive).

Two main observations can be done at this point.
On the one hand, notice that for the three partitions
(i.e., train, dev, and test), textual descriptions are
very short, on average 20 tokens with a vocabulary
of 18 words, resulting in a very high LR (0.92).
The high LR value means that very few words are
repeated within each textual description, i.e., very
few redundancies. On the other hand, globally
speaking, the complete dataset has a low LR (0.08
for train and 0.13 for dev and fest). Although these
values are not directly comparable due to the size
of each partition, they indicate, to some extent, that
information across texts is very repetitive, i.e., simi-

*During our experimentation a total of 13 instances were
removed from the training partition due to its lack of label,
leaving 167,187 instances.



lar types of words are being used by tested subjects
for describing different images, even though they
belong to different classes (motives and levels). We
are aware of the necessity from a deeper analysis
of the data in order to reach concrete conclusions
about the nature of the texts; however, this initial
analysis helped us to envision the complexity and
nature of the data.

3 Methodology

We aim to automate the annotation of participant
responses for the OMT task by training a machine
learning model. Machine learning (ML) models as
such cannot use raw text as input. Therefore it is
necessary to transform the input to a feature rep-
resentation understandable by the model. Accord-
ingly, we evaluate two ML approaches for solving
the OMT task: fine-tuning of transformers based
architectures (Section 3.1), and a traditional fully-
connected neural network (Section 3.2).

It is important to mention that instead of facing
the OMT task as a 30 class classification problem,
we split the problem into two separate classification
tasks: motives (5 classes), and levels detection (6
classes). For each of classification problem, we
applied the exact same methodology as described in
the following sections. Finally, in order to produce
the required output by the organizers, we merge the
predicted motive and the predicted level for every
instance.

3.1 Simple Transformer

The transformer model (Vaswani et al., 2017) in-
troduces an architecture that is solely based on
attention mechanism and does not use any recur-
rent networks but yet produces results superior in
quality to Seq2Seq (Sutskever et al., 2014) mod-
els, incorporating the advantage of addressing the
long term dependency problem found in Seq2Seq
model.

For our experiments using Simple Transformers
(ST) architectures, we setup three different config-
urations:

1. Bert (Devlin et al., 2019): we use

a  pre-trained model referred as
bert-base-german-cased, with
12-layer, 768-hidden, 12-heads, 110M
parameters.> The model is pre-trained on
German Wikipedia dump (6GB of raw text
files), the OpenLegalData dump (2.4 GB),

*https://deepset.ai
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Hyper Parameter Range

number of layers 3
number of hidden layers 1
nodes in hidden layer 16
activation function ReLU

Table 2: Fully connected neural network configuration
parameters.

and news articles (3.6 GB). We refer to this
configuration as ST-Bert in our experiments.

. XLM (Conneau and Lample, 2019): for this
configuration we use a model with 6-layer,
1024-hidden, 8-heads, which is an English-
German model trained on the concatenation
of English and German Wikipedia documents
(bert-base—-german—-cased). We refer
to this configuration as ST-XLM in our exper-
iments.

. DistilBert (Sanh et al., 2019): fir this
model we used a model with 6-layer,
768-hidden, 12-heads, 66M parameters
(distilbert-base—-german—-cased).
We refer to this configuration as ST-DistilBert
in our experiments.

For all the previous configurations, in order to
perform the fine-tuning of the ST architecture, we
added an untrained layer of neurons on the end,
and re-train the model for the OMT classification
task. To perform these experiments, we used the
Simple Transformers library which allows us to
easily implement the proposed idea.* For all the
experiments done using simple transformers archi-
tecture we set the max_length parameter to 90,
and we re-trained the models up to 2 epochs. Fur-
ther details of employed models can be found at
huggingface web page.’

3.2 Fully Connected Neural Network

As an additional classification method, we config-
ured a fully connected neural network (FC). This
type of artificial neural network is configured such
that all the nodes, or neurons, in one layer, are
connected to all neurons in the next layer. The net-
work and configuration parameters are mentioned
in Table 2.

For our performed experiments using FCs, we
passed as input features to the FC the sentence rep-

4https://pypi.org/project/
simpletransformers

Shttps://huggingface.co/transformers/
pretrained_models.html



Method Configuration Configuration Fl-macro F1-macro
type sub-type (dev) (test)
ST Bert bert-base-german-cased 0.694 0.698
ST XLM xlm-mlm-ende-1024 0.688 0.686
ST DistilBert distilbert-base-german-cased 0.692 0.688
FC Bert (pre-trained) LHL 0.589 0.589
FC Bert (pre-trained) Concat4LHL 0.616 0.579
FC Bert (fine-tuned) LHL 0.673 0.671
FC Bert (fine-tuned) Concat4LHL 0.675 0.230
Baseline SVM tf-idf 0.639 0.644
Ist place - - - 0.704

Table 3: Obtained results on the dev and test partitions of the OMT classification task. Results are reported in terms
of the F1 macro measure. Baseline and 1st place results were extracted from the companion paper (Johannf3en et al.,

2020).

resentation generated using Bert encoding. Thus,
to generate the representation of the sentence, we
evaluate several configurations, namely: last hid-
den layer (LHL), concatenation of the 4 last hidden
layers (Concat4LLHL), min, max and mean pool of
the last hidden layers. However, we only report the
best performances obtained during the validation
stage, i.e., LHL and Concat4LLHL configurations.
On the one hand, for generating the Concat4LHL
representation we concatenate the last four layers
values from the token CLS. As known, the CLS
token at the beginning of the sentence is treated as
the sentence representation. On the other hand, for
the LHL configuration, we preserve as the sentence
representation the values of the last hidden layer
from the token CLS.

For the reported experiments under the FC
method, two configurations of Bert were tested
for generating the LHL and Concat4LHL repre-
sentation: 1) pre-trained German encodings of
Bert (distilbert-base—-german—-cased),
referred as Bert(pre-trained); and ii) resultant fine-
tuned Bert encodings from the re-training we ex-
plained in Section 3.1, referred as Bert(fine-tuned).

4 Experiments and Results

The results of each considered method are shown
in Table 3. The proposed baseline by the GermEval
2020 organizers, is a linear Support Vector Clas-
sifier (SVC) using as a form of representation of
the documents a traditional #f-idf strategy, specif-
ically a 30 (combined motive/level labels) binary
SVCs (one-vs-all) classifiers. Results are reported
in terms of Fl-macro, for both dev and test par-
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titions. As can be observed in table 3, the pro-
posed baseline obtains an F1=64.4%, representing
a strong base method. During the competition,
the best reported performance was an F1 macro of
70.4% (last row of Table 3).

During the validation stage, the best result us-
ing the FC method was obtained under the Con-
cat4LHL configuration, i.e., when texts are rep-
resented using as features the concatenation of
the four last hidden layers from ‘Bert (fine-tuned)’
model. However, notice that the same configura-
tion obtained the worst performance during the test
stage (23%). We think that some errors occurred
during the setup of the output file, or at worst,
maybe some error occurred during final training,
provoking some overfitting situation. In spite of
this result, the ‘Bert fine-tuned’ consistently im-
proves the performance of the experiments using a
fully connected neural network. Particularly, dur-
ing the development stage, both experiments using
the fine-tuned version of Bert outperformed the
same configuration that uses the pre-trained ver-
sion of Bert. Except for the FC(Bert pre-trained-
Concat4L.HL), a similar situation occurred during
the test phase, i.e., adjusting the attention of Bert to
the OMT task, helped the FC method for obtaining
a more relevant results.

Finally, the best performance was obtained by
the simple transformers architectures. As expected,
the best performance is obtained when the Bert
model is employed, followed by DistilBert and
XML models. Generally speaking, ST-BERT con-
figuration obtains a relative improvement of 7.4%
over the competition baseline. Overall, the ob-



tained performance by the three considered con-
figurations exhibits marginal differences, thus, the
performance obtained by the DistilBert could be
considered a very good alternative given that rep-
resents a significantly smaller, faster, cheaper and
lighter transformer model.

5 Conclusion

This paper describes Idiap’s participation at the
GermEval 2020 shared task on the Classification
and Regression of Cognitive and Motivational Style
from the text. Our participation aimed at analyz-
ing the performance of recent NLP technologies
for solving the OMT classification task. To this
end, we performed a comparative analysis among
Simple Transformers based architectures, e.g., Bert,
XLM, and DistilBert, and traditional machine learn-
ing techniques. Notably, transformers based meth-
ods exhibit the best empirical results, obtaining
a relative improvement of 7.7% over the baseline
suggested as part of the GermEval 2020 challenge.
Overall, our system obtained the second-best place
in terms of the F1 macro among participant teams
during the GermEval 2020 edition.

As future work, we plan to evaluate the impact
of hyperparameter tuning through optimization
methods, such as Bayes optimizer (Snoek et al.,
2012), and to perform further analysis on how
the attention-mechanism from the transformers
architecture is working in the OMT task.
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Abstract

This paper describes our participation in the shared evaluation campaign of MexA3T 2020. Our main goal was
to evaluate a Supervised Autoencoder (SAE) learning algorithm in text classification tasks. For our experiments,
we used three different sets of features as inputs, namely classic word n-grams, char n-grams, and Spanish BERT
encodings. Our results indicate that SAE is adequate for longer and more formal written texts. Accordingly,
our approach obtained the best performance (F = 85.66%) in the fake-news classification task.

Keywords

Supervised Autoencoders, Text Representation, Deep Learning, Natural Language Processing

1. Introduction

In this era where social media and instant messaging is widely used for communication, the reach
and volume of these text messages are enormous. The use of aggressive language or dissemination
of false news is widespread across these communication channels. It is impossible to verify the text
messages manually. We need automated systems that help users of these communication channels to
determine if they are reading real or fake news or to try to flag when someone has been targeted with
aggressive messages.

Besides the fact that most of the previous works done in these two tasks, namely aggressiveness
detection and fake-news detection, are for English, little research has been done for Spanish using the
most recent NLP techniques such as deep learning approaches. On the one hand, for aggressiveness
detection, in past editions of the MEX-A3T" challenge [1], only three out of nine approaches used
some deep learning classifier, particularly for CNN, LSTM, and GRU, with no good performances [2].
On the other hand, most of the current research on fake-news detection has been done for the English
language, using graph CNNs [3], and more recently attention mechanism-based transformer models
[4].

Our participation at MEX-A3T 2020 aimed at exploring the use of Supervised Autoencoder (SAE)
[5] in two different text classification tasks: i) aggressiveness detection in Spanish tweets, where
documents are very short and informal texts; and, ii) fake-news detection from Spanish newspapers,
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Table 1
Features as inputs for the Supervised Autoencoder Method.

Features type Sub-type Identifier
Word n-grams n=(1,2) and n=(1,3) %
Char n-grams n=(1,2) and n=(1,3) C
BETO min, max, and mean pooling B
Word n-grams and Char n-grams W+C
BETO and Word n-grams B+W
BETO and Char n-grams B+C
BETO, Word n-grams and Char n-grams B+W+C

where documents are larger and contain a more formal written style. We found that SAE can gener-
alize well for both tasks, particularly, for the aggression detection our approach obtains an F1 macro
of 80.7%, while for the fake-news detection we reached the best score with an F1 macro of 85.6%.

2. Methodology

For both tasks, we aimed at evaluating the impact of recent generalization techniques, namely SAE
[5] with a varied set of features as input vectors. Although SAFE has been extensively evaluated in
image classification tasks [6], very few works exist evaluating the impact of SAE in text classification
tasks, e.g. language detection [7]. Next, we briefly describe the SAE theory, and we provide some
details on how the document representation was generated for all the explored features.

2.1. Supervised Autoencoder

An autoencoder (AE) is a neural network that learns a representation (encoding) of input data and then
learns to reconstruct the original input from the learned representation. The autoencoder is mainly
used for dimensionality reduction or feature extraction [5]. Normally, it is used in an unsupervised
learning fashion, meaning that we leverage the neural network for the task of representation learning.
By learning to reconstruct the input, the AE extracts underlying abstract attributes that facilitate
accurate prediction of the input.

Thus, an SAE is an autoencoder with the addition of a supervised loss on the representation layer.
The addition of supervised loss to the autoencoder loss function acts as a regularizer and results in
the learning of the better representation for the desired task [6]. For the case of a single hidden layer,
a supervised loss is added to the output layer and for a deep supervised autoencoder, the innermost
(smallest) layer would have a supervised loss added to the bottleneck layer that is usually transferred
to the supervised layer after training the autoencoder.

For all our performed experiments, the overall configuration of the SAE model was done using
nonlinear activation function (ReLU) with 3 hidden layers, the number of nodes in the representation
layer was set to 300, and we trained to a maximum of 100 epochs.

2.2. Input Features

The SAE receives as input the representation of the document build using Spanish pre-trained BERT
encodings (BETO [8]), traditional text representation techniques such as word and char n-grams
(ranges 1-2 and 1-3), and, combinations of BETO encodings plus traditional words/char n-grams vec-
tors.
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We choose to evaluate the impact of word and char n-grams since as previous research has shown
[9,10, 11], word n-grams are capable of capturing the identity of a word and its contextual usage, while
character n-grams are additionally capable of providing an excellent trade-off between sparseness
and word’s identity, while at the same time they combine different types of information: punctuation,
morphological makeup of a word, lexicon and even context. For generating this type of features we
used the CountVectorizer and TfidfTransformer libraries from the scikitlearn® toolkit. For the
case of the fake-news detection task, we empirically chose the best values for the min-df and max-df
parameters, which are reported on Table 3. For the aggressiveness task, these values were fixed (for
all the experiments) to min-df= 0.001 and max-df= 0.3.

Additionally, we evaluate the impact of transformer-based models [12] as a language representation
strategy. For our experiments we tested BETO®, a BERT model trained on a large dataset of Spanish
documents [8]. As known, the [CLS] token acts an “aggregate representation” of the input tokens,
and can be considered as a sentence representation for many classification tasks [13]. Accordingly,
we apply the following approaches for generating the representation of the document: i) for the
aggressiveness task, each tweet is directly passed to the BETO model, and is represented using the
encoding of the last hidden layer from the [CLS] token; ii) for the fake-news detection task, we split
the news document into smaller chunks, obtain the [CLS] encoding of each chunk, and then we apply
either a min, max, mean pooling for generating the final document representation. Table 1 depicts the
type and variations of features tested during the training phase.

Finally, it is worth mentioning that we did not apply any preprocessing steps in any of the tasks.
To validate our experiments, we performed a stratified 10 cross-fold validation strategy.

3. Aggressiveness Identification

The offensive language in Mexican Spanish corpus used for this task has 10,475 Spanish tweets. The
training partition contains 7332 tweets with two possible classes (aggressive or non-aggressive). More
details of this corpus can be found in [14]. Table 2 shows the results obtained in both, the validation
phase and our two runs submitted for the final evaluation of this task over 3143 unseen tweets. The
difference between the two submitted outputs, i.e., run id 1 and 2 (1), is the classifier, submission 2
was trained using a Multi-Layer Perceptron (MLP).

4. Fake-News ldentification

The fake-news Spanish corpus used in this task has 971 news from 9 different topics. The training
partition provided for the development stage has 676 news with a binary class (fake or true). Each
news is compose by the headline, body, and the URL from where the news was published (the complete
description of this corpus can be found in [15]). For our experiments, we used only the headline and
the body of the news as a single document. Table 3 shows the results obtained in the development
stage of the challenge, and the two runs submitted for the final evaluation of the tasks over 295 unseen
news.

*https://scikit-learn.org/stable/index.html
*https://github.com/dccuchile/beto
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Table 2
Results in validation and test phases reported in F-score for aggressive (F+), non-aggressive (F-), and macro
average of the F-score (Fm).

Validation phase Test phase

Input features Fm F+ F- ID Fm F+ F-

W (1,2) 0.783 0.698 0.868 - - - -

W (1,3) 0.777 0.690 0.864 - - - -
c@,.2) 0.726 0.601 0.850 - - - -
c(1,3) 0.778 0.689 0.866 - - - -

B (LHL) 0.742 0.628 0.856 - - - -
C@,3)+W(@,2) 0.780 0.702 0.857 - - - -

B+ W (1,2) 0.787 0.694 0.879 - - - -

B +C(1,3) 0.780 0.684 0.876 - - - -
B+W(1,2) + C(1,3) 0.803 0.716 0.889 1 0.807 0.725 0.888
B+W(1,2) + C(1,3)F 0.798 0.702 0.894 2 0.801 0.706 0.895
Bi-GRU (baseline-given by track organizers) 0.798 0.712 0.884
BOW-SVM (baseline-given by track organizers) 0.777 0.676 0.878
Best system (in the task [1]) 0.859 0.799 0.919

Table 3
Results in validation and test phases reported in F-score for fake-news (F+), real-news (F-), and macro average
of F-score (Fm).

Validation phase Test phase

Input features min-df,max-df Fm F+ F- ID Fm F+ F-
W(1,2) 0.01, 0.5 0.775 0.793 0.758 - - - -
W(1,3) 0.01, 0.5 0.778 0.798 0.758 - - - -
C(1,2) 0.01, 0.5 0.697 0.719 0.674 - - - -
C(1,3) 0.01, 0.5 0.757 0.768 0.745 - - - -
B(min-pooling) 0.843 0.842 0.845 2 0.856 0.844 0.868
B(max-pooling) 0.830 0.830 0.830 - - - -
B(mean-pooling) 0.833 0.831 0.835 - - - -
C(1, 3)+W(1,2) 0.01, 0.5 0.805 0.807 0.802 - - - -
B+W(1,2) 0.01,0.3 0.845 0.846 0.844 1 0.850 0.840 0.859
B+C(1,3) 0.01,0.3 0.834 0.834 0.835 - - - -
B+W(1,2)+C(1,3) 0.01,0.3 0.833 0.831 0.835 - - - -
B+W(1,2)+C(1,3) 0.01,0.5 0.848 0.846 0.850 - - - -
Third best system (in the track) 0.817 0.819 0.817
BOW-RF (baseline-given by track organizers) 0.786 0.785 0.787

5. Conclusions

This paper describes Idiap & UAM participation at the MEX-A3T 2020 shared task on the Classification
of Fake-News and Aggressiveness analysis. Our participation aimed at analyzing the performance of
recent generalization techniques, namely deep supervised autoencoders. To this end, we performed
a comparative analysis among simple transformers based language representation strategies and tra-
ditional text representations such as word and character n-grams. Notably, the SAE method benefits
the most when it is feed with input features generated from the combination of BERT encodings and
word/char n-grams. Particularly, for the aggression detection task, our proposed approach can obtain
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a relative improvement of 1.1% over the stronger baseline, while for the fake-news detection task the
improvement over the baseline is 8.1%.

As future work, we plan to perform an analysis of what are the dataset characteristics that allow
the SAE approach to provide good performances. Also, we want to evaluate the impact of SAE’s
hyperparameter tuning through optimization methods, such as Bayes Optimizer[16], and evaluate
our proposed approach on other similar classification tasks.
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1 Introduction

Sexual predator identification is a critical problem given that the majority of cases of sexually
assaulted children have agreed voluntarily to meet with their abuser [10]. Traditionally, a term that is
used to describe malicious actions with a potential aim of sexual exploitation or emotional connection
with a child is referred to as “Child Grooming” or “Grooming Attack” [6]. This attack is defined by
[4] as “a communication process by which a perpetrator applies affinity seeking strategies, while
simultaneously engaging in sexual desensitization and information acquisition about targeted victims
in order to develop relationships that result in need fulfillment” (e.g. physical sexual molestation).
Clearly, the detection of a malicious predatory behavior against a child could reduce the number of
abused children.

Given the difficulties involved in having access to useful data, i.e., where real pedophiles are involved,
nowadays the problem of sexual predator identification through pattern recognition techniques is still a
challenging research area. The usual approach to catch sexual predators is by means of police officers
or volunteers who behave as fake children in chat rooms and provoke sexual offenders to approach
them'. Unfortunately, online sexual predators always outnumber the law enforcement officers and
volunteers. Therefore, tools that can automatically detect and to evidence sexual predators in chat
conversations (or at least serve as a support tool for officers) are highly needed. Recently, different
research groups have proposed distinct approaches for anticipating the presence of a predator in a chat,
i.e., deciding whether or not a conversation is suspicious, and if so, to point the predator [1, 2, 3, 7, 9].
However, an important aspect of the problem has been left behind, i.e., once the predator is identified,
officers need to collect all the necessary evidence for sentencing a pedophile. The later is known
as the identification of predatory behavior and implies to detect those lines (interventions within a
conversation) that are distinctive of the predatory activities.

Accordingly, in this work we focus on the problem of detecting the predatory behavior. Our main
proposal is focused on the representation of the chat interventions, thus we incorporate features that
capture content, style, and contextual information. For performing our experiments, we used the only
publicly available data set for sexual predator detection [5]. This data set was released in the context

'"The American foundation, called Perverted Justice (PJ) (http://www.perverted- justice.com/), fol-
lows the above mentioned approach.
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Table 1: Results obtained using three distinct families of features: content, style, and behavioral.

Classifiers performance
Representation NB SVM RF

P R F P R F P R F

l-gram 054 047 050 075 048 059 068 037 048
BoW 2-gram  0.51 039 044 070 033 045 0.51 037 043
3-gram 052 0.17 026 066 016 026 049 021 0.30

l-gram 029 033 031 050 0.02 004 031 0.14 0.19
POS 2-gram 031 041 036 050 001 0.03 038 0.18 025
3-gram 033 037 035 046 011 0.18 035 0.18 024

LIWC — 030 058 039 0.69 009 016 062 037 046

of the sexual predator identification task (SPI) at PAN-CLEF’ 122 and comprises a large number of
chat conversations that include real sexual predators.

2 Proposed framework and initial experiments

For our performed experiments, we followed a traditional supervised machine learning framework.
However, as we previously mentioned, we are mainly focus on proposing a suitable representation
for the posed task, namely: content, stylistic, and behavioral features. Thus, for our initial set of
experiments we used as content features a traditional Bag-of-Words with the 10K most frequent
features. As for the stylistic features, we considered as features the 36 POS tags contained in
the TreeTagger’ part-of-speech tagger. Finally, as contextual features we account the 68 LIWC
[8] psychologically meaningful categories. The LIWC representation provides richer information
regarding the words contained in a text, therefore gives context. For example, the word ’cried’
matches with four word categories: sadness, negative emotion, overall affect, and a past tense verb.

For training our evidence detection model we used the test partition of the corpus described in [5]*. In
the test partition, a total of 3,737 conversations contain at least one sexual predator®, and within these
conversations, predators interventions are labeled as incriminatory or not-incriminatory. In order
to perform our training, we firstly filtered the 3,737 conversations as done in [9], resulting in a total
of 1,466 conversations containing full conversations between victims and a predators. Then, from
the filtered version of the corpus we preserve the predator’s interventions, giving a total of 59,410
interventions, where 6,395 (11%) are incriminatory, and 53,015 (89%) are not-incriminatory. As
can be noticed, a highly unbalanced problem. Thus, to evaluate the classification performance (using
three well know learning algorithms: Naive Bayes, Support Vector Machines and Random Forest)
we used precision, recall and the F-score metric of the positive class (i.e., incriminatory), and for all
experiments we employ a stratified 10 fold cross validation technique to compute the performance.

We observe from Table 1, the best performance (F' = 0.59) is obtained by the SVM classifier when
BoW (content) features are used, with n = 1 for the n-gram size. With respect to the style features,
the best result was obtained when POS 2-grams are used as features with the NB classifier. As for
the contextual features, we notice that is not possible to obtain a good performance in terms of F;
however, the NB classifier obtains a very high recall level (R = 0.58). According to [5], having lot
of relevant incriminatory lines, augments the possibility of finding good evidences towards a suspect.
Thus, during SPI task at CLEF’12, organizers proposed using the F measure with the 3 factor equal
to 3, hence emphasizing recall. Consequently, our best configuration so far is the one generated
by the BoW (1-gram) representation with the SVM classifier, which obtains an F(g_3) = 0.4979;
outperforming the best result reported during CLEF’ 12 F(g_3) = 0.4762. Table 2 shows a few
examples of the type of evidence we are able to obtain with our proposed method.

As future work, we plan to evaluate fusion methods in order to exploit the best from every family of
features. Additionally, we are interested in evaluating the performance of representing the information
using word embedding strategies.

’https://pan.webis.de/clef12/pani2-web/
Shttps://www.cis.uni-muenchen.de/~schmid/tools/TreeTagger/
“The training partition is not labeled with the incriminatory lines.

>The total number of conversation on the test partition is near 155K.



Table 2: Examples of incriminatory and not incriminatory evidence found by our proposed method.

Incriminatory \ Not-incriminatory
» i’d be so excited with u i’d probably cum just touchin u » do i have anything to be jealous about?
» you like that I'd do nasty things to your young little body » i cant beelieve that i am nervous abt tonmorrow
» i will wear condom for you » If u were here we would not be worrying about internet
either baby
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9:30am - 9:40am Lourdes Ramirez Cerna, National University of
Trujillo
Emotion recognition using Texture Maps and Convolutional Neural Networks

Vancouver Convent on Center, East Bu d ng, East Ba room A

9:40am - 9:.50am Sara | Garcia, University Coventry
Meta-learning for skin cancer detection using Deep Learning techniques

Vancouver Convention Center East Building East Ballroom A

9:50am -10:00am Erick D Tornero, UCSP
Reinforcement Learning Approach to Fly Quadcopters with a Faulted Rotor

Vancouver Convention Center East Building East Ballroom A
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10:00am - 10:10am Farzana Yusuf, Florida International University
EXP4-DFDC A Non-Stochastic Multi-Armed Bandit for Cache Replacement

Vancouver Convent on Center, East Bu d ng, East Ba room A

10:10am - 10:50am Coffee Break

Vancouver Convention Center East Building East Ballroom A

10:55am - 11:05am Jodo Monteiro, Institut National de la Recherche
Scientifique

An end-to-end approach for the verification problem through learned metric-
like spaces

Vancouver Convent on Center, East Bu d ng, East Ba room A

1:05am - 11:35am Keynote: Barbara Poblete, Instituto Milenio Chile
ML for Misinformation in Social Media

Vancouver Convention Center East Building East Ballroom A

T:35am - T1:40am Pablo Rivas, Marist College
DiPol-GAN Generating Molecular Graphs Adversarially with Relational
Differentiable Pooling

Vancouver Convention Center East Building East Ballroom A

1:45am - T1:55pm Oscar F Leong, Rice University
Low Shot Learning with Untrained Neural Networks for Imaging Inverse
Problems

Vancouver Convention Center East Building East Ballroom A

T1:55am - 12:.05pm Daniel Alcides Saromo Mori, PUCP
Auto-Rotating Perceptrons

Vancouver Convention Center East Building East Ballroom A

12:05pm - 2.00pm Lunch & Sponsor Keynote: Sergio Guadarrama,
Google Brain

TF-Agents A reliable scalable and easy to use reinforcement learning library
for TensorFlow

Vancouver Convention Center East Building East Ballroom A

2:05pm - 215pm Esau Villatoro-Tello, Universidad Auténoma

Metropolitana
Finding Evidence Of The Sexual Predators Behavior
Vancouver Convention Center East Building East Ballroom A

215pm - 2:45pm Keynote: Alan Aspuru Guzik, University of Toronto

The materials for tomorrow... today Machine Learning for Chemistry and
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Materials

Vancouver Convent on Center, East Bu d ng, East Ba room A

o 2:45pm - 2:.55pm Paula Rodriguez, Quantil

Efficient allocation of law enforcement resources using predictive police

patrolling

Vancouver Convention Center East Building East Ballroom A
o 2:55pm - 3:30pm Coffee Break

Vancouver Convention Center East Building East Ballroom A
o 3:30pm - 5:30pm Roundtable & Research Mentoring Hour

Vancouver Convent on Center, East Bu d ng, East Ba room A

o 5:30pm - 6:30pm Coffee Break

Vancouver Convention Center East Building East Ballroom A
o  6:30pm Poster Session

Vancouver Convention Center East Building

Tuesday

Dec 10th

o  8:00pm -10:00pm LXAI Networking Reception
Sponsored by OpenAl

Sat ast ng Room, 45 B ood A ey Square, Vancouver, BC V6B 1C7, Canada The

LXAI
Workshop at NeurlPS is only one of the many research and
engineering programs our organization is hosting. Please visit
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l ! I G ma|l Esau Villatoro <villatoroe@gmail.com>

Fwd: [LatinX in Al Research Workshop at NeurlPS 2019] Submission 149 - Accepted

Gabriela Ramirez de la Rosa <a.gaby.rr@gmail.com> Wed, Oct 2, 2019 at 4:41 AM

To: Esau Villatoro <villatoroe@gmail.com>, Héctor Jiménez Salazar <hgimenezs@gmail.com>

Buenas noches,

Perdon por la hora, pero acabo de recibir la notificacion de aceptacion del abstract que envié el mes pasado, anexo los comentarios que

subieron al sistema pero no enviaron por correo:

Paper ID

149

Paper Title

Mental lexicon for personality identification in texts

Reviewer #1

Questions

1. What's your overall score for the submission?
Met expectations

4. Please provide feedback for the authors. Eg. What are the strong points of the submission? What are improvement

points? What are interesting directions for this research? Please give feedback to authors even if double-blind or
format style was not respected in the submission. The main factors considered by the LXAI Research workshop
chairs in qualifying abstracts for acceptance are: -The quality of the research, scholarship, or creative work -The
content of the abstract -Adherence to submission criteria referenced below

General comments:

The study asses personality identification as an author profiling task in NLP and cognitive linguistics. The motivation and

background of the work are well defined, however, and given the limited extension of the abstract, it could be more concise, to

free space for further discussion and analysis of the results.

-The quality of the research, scholarship, or creative work
The main contribution is the method to represent texts in the lexical availability context. It has been detailed extensively,

although there are some factors that are not entirely clear (e.g. "-2.3" in the exponential of LA(j) ). Besides, the authors have

not identified which is the learning algorithm that provides the results in Table 1. Furthermore, as the results are very close
between the proposed method and baselines, it is not clear if there is a significant difference. There should be some
hypothesis testing for comparing distributions.

-The content of the abstract
The first page of the abstract could have been more concise. More robust and detailed analysis is required when the
proposed method cannot overcome the baselines for significant margins.

-Adherence to submission criteria referenced below
Double-blind and format style are respected in the submission.

5. The submission respects the double-blind criteria?
Yes

Reviewer #2

Questions
1. What's your overall score for the submission?

https://mail google com/mail/u/07ik=b4f8bf7721 &view=pt&search=all&permmsgid=msg-f%3A1646247665698667521&simpl=msg-f%3A1646247665698667521
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Met expectations

4. Please provide feedback for the authors. Eg. What are the strong points of the submission? What are improvement
points? What are interesting directions for this research? Please give feedback to authors even if double-blind or
format style was not respected in the submission. The main factors considered by the LXAI Research workshop
chairs in qualifying abstracts for acceptance are: -The quality of the research, scholarship, or creative work -The
content of the abstract -Adherence to submission criteria referenced below

This paper describes a system for detecting personality in texts. The approach is based on creating list of discriminative units
and weights for such units, then using different classifiers to detect the personality of a text. The problem is interesting, and as
mentioned by the authors, it is quite similar to style classification. The paper will benefit of testing approaches that are also
standard for that problem, on providing examples of the texts, length, confusion matrices, size of the lists, examples of the
extracted lists, etc. Definition of LIWC should be given. Abstract is not provided.

5. The submission respects the double-blind criteria?
Yes

Reviewer #3

Questions

1. What's your overall score for the submission?
Met expectations

4. Please provide feedback for the authors. Eg. What are the strong points of the submission? What are improvement
points? What are interesting directions for this research? Please give feedback to authors even if double-blind or
format style was not respected in the submission. The main factors considered by the LXAIl Research workshop
chairs in qualifying abstracts for acceptance are: -The quality of the research, scholarship, or creative work -The
content of the abstract -Adherence to submission criteria referenced below

It seems a very interesting work!

strong points:
- the task is very well defined.
- the text is short but well written.

improvement:
-talk about the method employed.
-give details about the results.

| cannot give any further advice since the method isn't mentioned in the abstract.

5. The submission respects the double-blind criteria?
Yes

Gabriela.

---------- Forwarded message ---------

De: Microsoft CMT <email@msr-cmt.org>

Date: mar., 1 de oct. de 2019 a la(s) 21:23

Subject: [LatinX in Al Research Workshop at NeurlPS 2019] Submission 149 - Accepted
To: Gabriela Ramirez-de-la-Rosa <a.gaby.rr@gmail.com>

Dear Gabriela Ramirez-de-la-Rosa Ramirez-de-la-Rosa,

We are very excited to let you know that your submission "Mental lexicon for personality identification in
texts" was accepted to the LatinX in AI Research Workshop at NeurIPS 2019 to be held in Vancouver, Canada.

Also, we are excited to share that we almost doubled our submissions for the LXAI workshop at Neural
Information Processing Systems this year!! With ~180 entries we are super grateful for the community outreach

https://mail.google.com/mail/u/0?ik=b4{8bf7721 & view=pt&search=all&permmsgid=msg-f%3A1646247665698667521&simpl=msg-f%3A1646247665698667521 2/3
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and of course, all our Program Committee who assisted in reviewing all the amazing submissions.
We hope the feedback from the reviewers becomes a useful asset for your research.
We are looking forward to see you in Vancouver!

Best,

The Chairs of the LatinX in AI Research Workshop@NeurIPS 2019

Microsoft respects your privacy. To learn more, please read our Privacy Statement.

Microsoft Corporation
one Microsoft Way
Redmond, WA 98052

https://mail.google.com/mail/u/0?ik=b4{8bf7721&view=pt&search=all&permmsgid=msg-f%3A1646247665698667521 &simpl=msg-f%3 A1646247665698667521 3/3



Mental lexicon for personality identification in texts

Gabriela Ramirez-de-la-Rosa
Universidad Auténoma Metropolitana
Mexico City
gramirez@correo.cua.uam.mx

Esau Villatoro-Tello Héctor Jiménez-Salazar
Idiap Researh Institute Universidad Auténoma Metropolitana
Rue Marconi 19, 1920 Martigny, Switzerland. Mexico City
esau.villatoro@idiap.ch hjimenez@correo.cua.uam.mx
Universidad Auténoma Metropolitana
Mexico City

evillatoro@correo.cua.uam.mx

1 Introduction

Personality identification from texts is a relative new area of interest in the natural language processing
(NLP) community. The benefits of helping to identify the personality of a subject solely on the text
they write are manifolds. For one, it can help directly to the authors of such texts to understand their
social interactions, and their behaviour in general [5, 12]. Beyond that, personality identification is
useful for many other research areas. For instance, in human computer interactions (HCI), interactive
systems may be able to adapt to user’s personality, providing a better experience [2]. In education,
building intelligent tutors compatible with the student’s personality can improve, not only the
experience of the student with the system, but also the system could provide more adequate material
from a educative program in accordance to the particular student’s preferences [10, 6].

From the NLP perspective, personality identification from texts can be treated as an author profiling
problem. Author profiling consists on, given a text, determine some demographics characteristics
of the author of such text. In this context, the representation of a given text such that the model can
extract relevant information according to the specific demographic interest [7, 1] is of a relevant
importance.

In the mental health context, the main interest is not only to build accurate systems, but to provide
interpretable results that in turn, would serve as additional and reliable elements to a therapist.
Accordingly, we focused on developing an automatic method for personality identification, able to
provide valuable information regarding the language usage of subjects being analyzed.

Specifically, we use the linguistic theory behind lexical availability to first compute a set of relevant
mental lexicon from groups of subjects (e.g. introverts vs extroverts for the Extroversion trait) and
then we use this mental lexicon in a representation stage. For our experiments, we use two data sets:
English essays and Spanish essays; these datasets use the Big Five Model of Personality [9].

2 Lexical Availability as language descriptor

Lexical availability methods were developed to provide useful vocabulary to immigrants in early 60’s
in France [13]; where word’s frequencies do not necessary means importance of such a word in a
given context. Traditionally, the lexical availability elicitation approach consists on ask to a group of
subjects to write, in a small period of time (usually 2 to 5 minutes), a set of terms given a specific
center of interest [4, 13].

33rd Conference on Neural Information Processing Systems (NeurIPS 2019), Vancouver, Canada.



Figure 1: Schema to generate a mental lexicon given a set of written texts.

Table 1: Results with the best configuration from our proposed method and traditional baseline. In
bold are mark results of our method when outperform the baseline.

RxPI Spanish[11] English essays[8]
Trait F-macro (Ours) F-macro (Baseline) F-macro (Ours) F-macro (Baseline)
EXT 0.6018 0.5640 0.5753 0.5788
AGR 0.5697 0.5711 0.5615 0.5530
CON 0.5857 .5800 0.5795 0.5806
STA 0.6026 0.5828 0.5918 0.5785
OPE 0.5704 0.5722 0.6414 0.6237

We use a linguistically motivated approach aiming to identify those lexical markers that represent the
words springing to mind in response to a specific topic. Lexical Availability score (LA) measures the
ease with which word is generated in a given communicative situation [4], and allows to obtain the
mental lexicon which represents the vocabulary flow usable of a group of people [3].

In general, the terms with greater LA score can be seen as the most important ones for a group of
people with the same personality trait. Thus, we computed the mental lexicon for each pole in a trait,
and then a general list (L Ay,4;:) Was generated to be use in a vectorial representation model with
dimension equal to |L A4t |-

3 Proposed framework and evaluation

We proposed the method in Figure 1 to use lexical availability for texts representation. Our method
has three main processes: The filter process generates a list of terms without repetitions given any
instance text. The LA compute process computes the lexical availability score of a list of terms as

LA(t;) =Y, e(~23%5=1) f%, where ¢; is the term j in a list; n is the lowest position of a term
j in some list; 7 is the position of term j in a list; f;; is the number of lists in where term j appears
in position ¢, and [ is the total number of lists. Finally, the combine process, takes as input the lists
generated for each class and using set operations combine them into a single general list that we

called LA, qit.

Once we have the mental lexicon of a trait (a.k.a. LA 4;:), we use the scores and terms in this
list to generate a vector representation of a given instance text. In order to weight each term in
our vector, we use three approaches as follows. If wy is the weight of a term k and LA(wy)
is the score of lexical aviability of word k in the list LA then: 1) wzl(’bal = LAgrair(wy), 2)
w,‘;’omb = LAgrait(wg) * LAinstance(Wi) where LA, stance is the score of a term in the unseen
instance, and 3) wfcf la
1stance.

=tf x LAt qit(wy), where t f is the frequency of the term (wy) in the unseen

To compare our performance in classification, we used three representation baselines: n-grams
of words and characters, and a dictionary based representations such as LIWC. For each of these
baselines we experimented with several configuration parameters (e.g. the number of n). To train a
model we used traditional learning algorithms such as probabilistic, decision trees, support vector



Table 2: Results with the best configuration from our proposed method and traditional baseline. In
bold are mark results of our method when outperform the baseline.

RxPI Spanish (Ramirez et al., 2018) English essays (Mairesse et al.,2007)
Trait F-macro (Ours) F-macro (Baseline) ‘ F-macro (Ours) F-macro (Baseline)

EXT 0.6018 0.5640 0.5753 0.5788
AGR 0.5697 0.5711 0.5615 0.5530
CON 0.5857 .5800 0.5795 0.5806
STA 0.6026 0.5828 0.5918 0.5785
OPE 0.5704 0.5722 0.6414 0.6237

machine, and instance based. Table 2 shows the results with the best parameters for our method as
well as for the baselines.

Our ongoing work in this project is to analyze the semantic categories in each lists that are relevant
to the expert when identify the personality of a subject. At the same time we want to use more
sophisticated methods that take advantage of our proposed representation to improve the classification
performance.
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e Omar U Florez "Memory Networks Encode Knowledge Bases to Generate
More Fluent Dialogue Responses" (Capital One)

e Omar U Florez "On the Unintended Social Bias of Training Language
Generation Models with Latin American Newspapers" (Capital One)

e Oralia Nolasco-Jauregui "A Machine Learning approach to Neural
Information Decoding of Spike Train Distances in the Peripheral Nervous
System" (Tecana American University)

e Oscar F Leong "Low Shot Learning with Untrained Neural Networks for
Imaging Inverse Problems" (RiceUniversity)

e Pablo Rivas "DiPol-GAN: CGenerating Molecular Graphs Adversarially with
Relational Differentiable Pooling" (Marist College)

e Paul Augusto Bustios Belizario "A Deep Learning Model for Motor Imagery
Classification" (University of Sao Paulo)

e Paul Augusto Bustios Belizario "Learning Bandpass and Common Spatial
Pattern Filters for Motor Imagery Classification" (University of Sao Paulo)

e Paula Rodriguez "Efficient allocation of law enforcement resources using
predictive police patrolling" (Quantil)

e Paulo Mann "See and Read: Detecting Depression Symptoms in Higher
Education Students Using Multimodal Social Media Data" (Institute
ofComputing / Universidade Federal Fluminense)

e Pedro A Colon-Hernandez "Does a dog desire cake? - Expanding
Knowledge Base Assertions Through Deep Relationship Discovery "(MIT
Media Lab)

e Pedro H. M. Braga "Backpropagating the Unsupervised Error of Self-
Organizing Maps to Deep Neural Networks" (Universidade Federal de
Pernambuco)

e Rensso V. H. Mora Colque "Anomaly event detection based on people
trajectories for surveillance videos" (UFMQ)

e Ricardo Benitez-Jimenez "Meta-Webly Supervised Learning for object
recognition" (Instituto Nacional de Astrofisica, Optica y Electrénica
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e Ricardo Carrillo Mendoza "Model car architecture for education in Robotics
and Deep Neural Networks" (FU Berlin)

e Robert A Aduviri "Feature Selection Algorithm Recommendation for Cene
Expression data with Meta Learning" (Pontifical Catholic University of Peru)

e Rocio M Zorrilla "On The Selection of Predictive Models in Production"
(Laboratorio Nacional de Computacao Cientifica)

e Rodrigo A Toro Icarte "Learning Reward Machines for Partially Observable
Reinforcement Learning (Abridged Report) "(University of Toronto and
Vector Institute)

e Rodrigo A. Vargas-Hernandez "Gaussian Processes for simulating complex
guantum systems" (Chemical Physics Theory Group, Department of
Chemistry, University of Toronto)

e Rodrigo C Bonini "Speeding up Reinforcement Learning for Inference and
Control of Gene Regulatory Networks" (Universidade Federal do ABC)

e Santiago Miret "Neural Network Autoencoders for Compressed
Neuroevolution" (Intel Al Lab)

e Santiago Toledo-Cortés "Large Scale Learning Techniques For Least
Squares Support Vector Machines" (Universidad Nacional deColombia)

e Sara | Garcia "Meta-learning for skin cancer detection using Deep Learning
techniques" (UniversityCoventry)

e Sidney Araujo Melo "Representation Learning in Game Provenance
Graphs" (Institute of Computing / Universidade Federal Fluminense)

e Susana Benavidez "Improving Hate Speech Classification on Twitter"
(Stanford University)

e Tulio Corréa Loures "An Evaluation Benchmark for Online Discussion
Representation Models" (Universidade Federal de Minas Gerais)

e Victoria Peterson "Optimizing the regularization parameters selection in
sparse modeling" (Instituto de Matematica Aplicada del Litoral)

e Vitor Lourenco "Towards Learning Better Representations for Completion
of Real-World Knowledge Bases"(Universidade Federal Fluminense)

e walter M Mayor "Divide and Conquer: an Accurate Machine Learning
Algorithm to Process Split Videos on a Parallel Processing Infrastructure"
(Univesity Autonoma de Occidente)

e Xochitl Watts "Clobal Model Explanation for Time Series" (Stanford
University Alumni)

e Y "Fast Calorimeter Simulation with Wasserstein Generative Adversatrial
Networks "(University of Helsinki)
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Casa ablerta al tiempo
UNIVERSIDAD AUTONOMA METROPOLITANA

A QUIEN CORRESPONDA

Por medio de la presente hago constar que los profesores investigadores M.C. Adriana Gabriela
Ramirez de la Rosa y el Dr. Esau Villatoro Tello, adscritos al Departamento de Tecnologias de la
Informacién de la Universidad Auténoma Metropolitana Unidad Cuajimalpa, asesoraron a la alumna
Erika Sarai Rosas Quezada (matricula 2153067524) en el desarrollo de su Proyecto Terminal de
carrera titulado “Prediciendo el impacto de una publicacion de Facebook” Este proyecto se

Enero 17, 2020

ASUNTO: Constancia Asesor de Proyecto Terminal

concluyd satisfactoriamente en el trimestre 19P.

Se extiende la presente para los fines que convengan a los interesados.

Atentamente,
Casa abierta al tiempo
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Casa ablerta al tiempo
UNIVERSIDAD AUTONOMA METROPOLITANA

A QUIEN CORRESPONDA

Por medio de la presente hago constar que los profesores investigadores Dr. Esau Villatoro Tello
y la M.C. Adriana Gabriela Ramirez de la Rosa, adscritos al Departamento de Tecnologias de la
Informacién de la Universidad Auténoma Metropolitana Unidad Cuajimalpa, asesoraron a la alumna
Angeles Lopez Flores matricula 2153067542) en el desarrollo de su Proyecto Terminal de carrera
ttulado “Sistema web de apoyo para la identificacion automatica de evidencia textual en casos

Enero 17, 2020

ASUNTO: Constancia Asesor de Proyecto Terminal

de pedofilia”. Este proyecto se concluyo satisfactoriamente en el trimestre 19P.

Se extiende la presente para los fines que convengan a los interesados.

Atentamente,
Casa abierta al tiempo
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