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Antoine Briand
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Abstract

This paper presents an ensemble approach
to predict early risk of depression from
user-generated content in social media.
Supervised learning and information re-
trieval methods were used to estimate the
risk of depression for a user given the con-
tent of its posts in reddit. The exper-
iments show that combining information
retrieval and machine learning approaches
gives the best results.

1 Introduction

User-generated content in social media has been
explored with a variety of goals, from advertise-
ment targeting to user profiling or sentiment anal-
ysis (Kwak et al., 2010). Social media data have
also been largely utilized to develop approaches
that support mental health care. These involved
sentiment analysis (Hutto and Gilbert, 2014),
topic extraction to detect depression (Nguyen
et al., 2014), statistical models(McClellan et al.,
2016), as well as the dedicated CLPsych Shared
Tasks (Coppersmith et al., 2015; Milne et al.,
2016). The analysis of user-generated content
can give valuable insights into the mental health
of users. It can help identifying risks, and pro-
viding depressed users with better support (Ayers
et al., 2013). In this paper, we describe a pre-
diction system that performs early risk detection
based on user-generated content in social media.
The system was presented on the CLEF eRisk Pi-
lot Task (eRisk, 2017).

2 Methodology

Our approach is based on an ensemble of super-
vised learning (SL) and information retrieval (IR)
methods. The input data are processed separately,
then the prediction output of each method is taken

into account by a decision algorithm, which pro-
vides a final prediction for a given user-generated
content.

Dataset The dataset is composed of user posts
extracted from reddit. Users are categorized as
either risk (depressed) or no-risk (non-depressed).
The training collection is composed of 486 users
(83 risk / 403 non-risk), and contains 294,817
writings (posts) in total. The test collection con-
tains 401 unknown users (52 risk / 349 non-
risk), and 236,371 writings in total. Both train-
ing and test collections are split in 10 chunks,
each chunk being a chronological representation
of user-generated content within a specific period
of time. Test chunks were released weekly.

Supervised Learning Method We developed a
SL method based on the combined prediction of
several models. These models make use of a
total of four classification algorithms and 8 fea-
ture types. The feature types extracted from the
eRisk dataset are n-grams (size 1, 2, and 3),
keywords from four relevant dictionaries (feel-
ings, medicine, drugs, and diseases), selected Part-
Of-Speech (POS), and user posting frequency.
The feeling dictionary has feeling words used
in mental status exams (Psychpage, 2017), and
a conceptual feature map obtained from Sentic-
Net (Cambria et al., 2014). The medicine dic-
tionary lists antidepressant names or depression-
related medicine. The disease dictionary is com-
posed of depression-related disease names. The
drug dictionary contains a list of psychoactive
drug names. These three disctionaries have been
created respectively from the Wikipedia pages
List of antidepressants, Depression (mood),
and Psychoactive drug. The user posting fre-
quency is computed per each user, and represents
the number of times a user has posted between its
oldest and newest post dates.



Three classifiers were used to develop the SL mod-
els: Logistic Model Tree (LMT) (Landwehr et al.,
2005), an ensemble of Sequential Minimal Opti-
mization (SMO) (Platt, 1998) (e SMO) classifiers,
and an ensemble of Random Forests (Breiman,
2001) (e RF) classifiers. Each of the ensembles
is composed of 30 different classifier setups.

Information Retrieval Method To identify
users susceptible to depression, we also made use
of IR techniques. We indexed the training set
using two different preprocessing steps to create
search engines based on Apache Solr (The Apache
Software Foundation, 2017), and relying on the
BM25 ranking algorithm (Jones et al., 2000). The
intuition is that, when querying the search engine
with test documents, it should retrieve semanti-
cally similar documents in the training set, pro-
duced by categorized users. If more than 70% of
the top-20 list of retrieved documents have been
produced by risk users, then the user who pro-
duced the test document is predicted as risk.

Decision Algorithm The decision algorithm
takes into account the ranked list of candidates
provided by the IR-based systems. The SL-based
approaches are used to refine the candidate list. To
be selected, a IR-based candidate must be classi-
fied as risk by at least one of the SL-based sys-
tems. Candidates proposed by the SL-based sys-
tem are also ordered according to the confidence
of the prediction, and first ranked candidates are
selected regardless of their presence in the IR list.

3 Experiments and Results

Table 1 presents the results obtained on the eRisk
test data, from System A to System E. The row SL-
C stands for the SL classifiers utilized, while the
row SL-F stands for the feature sets applied. Sys-
tem A is based on our ensemble approach, merging
the output candidates from all SL-based systems
with the output candidates from the IR-based sys-
tems. System B is based on candidates proposed
by both IR-based systems only, and is our base-
line system. System C, D, E are based on the SL
models previously described.

Feature set #1 corresponds to Bag-Of-Words
(BOW), bigrams, and all dictionary features, fea-
ture set #2 corresponds to BOW, all dictionary fea-
tures and POS, and feature set #3 corresponds to
BOW, bigrams, all dictionary features, and POS.
The post frequency was used in all systems.

A B C D E
IR X X − − −
SL-C all − LMT e RF e SMO
SL-F all − #1 #2 #3
F1 Score 0.53 0.48 0.42 0.38 0.39
Precision 0.48 0.49 0.5 0.64 0.45
Recall 0.6 0.46 0.37 0.27 0.35

Table 1: Results on the eRisk test dataset

4 Discussion and Conclusion

This paper reports on an ensemble approach to de-
tect users susceptible to depression from the tex-
tual content they generate in social media net-
works. The proposed approach combines predic-
tions provided by SL-based systems with candi-
dates selected by IR-based systems.
The SL-based systems rely on three classifiers:
LMT, ens RF, and ens SMO. Discriminative fea-
ture types, such as dictionaries, n-grams, POS, and
user post frequency were extracted from the eRisk
dataset.
Among the five systems, the best overall perfor-
mance was achieved by System A with the best
F1 score and Recall. The best Precision was
achieved by System D, which is designed based
on an ens RF classifier. The contribution of each
method to the performance of System A needs to
be further evaluated, as well as the impact of the
various experimental settings.
Finally, an interesting observation was drawn from
analyzing the user posts of candidates predicted as
risk by our systems. The post content of such can-
didates often presented two main topics, namely
”video games”, and ”sexuality or relationship is-
sues”. The relationship between depression and
these two topics has been studied from a clini-
cal perspective in several recent works (Ramrakha
et al., 2013; Brunborg et al., 2014; Granic et al.,
2014; Schou Andreassen et al., 2016). Interest-
ingly, the co-occurrence of these topics with risk
of depression was also spotted by the system.

Future Work The approach presented in this
paper has still a lot of room for improvement.
The usage of different feature selection meth-
ods is currently being implemented in the SL-
based pipeline, as well as deep learning based ap-
proaches. Moreover, further investigation will be
carried out towards the detection of specific topics
often discussed in content produced by depressed
users.
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