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ABSTRACT Substance abuse and mental health issues are severe conditions that affect millions. Signs of
certain conditions have been traced on social media through the analysis of posts. In this paper we analyze
textual cues that characterize and differentiate Reddit posts related to depression, eating disorders, suicidal
ideation, and alcoholism, along with control posts. We also generate enhanced word embeddings for binary
and multi-class classification tasks dedicated to the detection of these types of posts. Our enhancement
method to generate word embeddings focuses on identifying terms that are predictive for a class and aims
to move their vector representations close to each other while moving them away from the vectors of
terms that are predictive for other classes. Variations of the embeddings are defined and evaluated through
predictive tasks, a cosine similarity-based method, and a visual approach. We generate predictive models
using variations of our enhanced representations with statistical and deep learning approaches. We also
propose a method that leverages the properties of the enhanced embeddings in order to build features
for predictive models. Results show that variations of our enhanced representations outperform in Recall,
Accuracy, and F1-Score the embeddings learned withWord2vec,DistilBERT,GloVe’s fine-tuned pre-learned
embeddings and other methods based on domain adapted embeddings. The approach presented has the
potential to be used on similar binary or multi-class classification tasks that deal with small domain-specific
textual corpora.

INDEX TERMS Classification algorithms, data mining, mental disorders, natural language processing,
supervised learning.

I. INTRODUCTION
Substance abuse and mental disorders are serious conditions
that impact people’s thinking, mood, feelings, and behavior.
These conditions can also affect the dairy activities of people
and the way they relate to others. This paper addresses the
characterization of mental disorders and substance abuse
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conditions through the analysis of text cues on social media
posts. The conditions considered are depression (DEP),
eating disorders (ED), suicidal ideation (SUI) and alcoholism
(ALC). Our main goals are twofold: first, to identify textual
elements that characterize each of the conditions analyzed,
and that distinguish these conditions from each other;
including elements that differentiate mental conditions in
general (MEN) from control cases (CON); second, to define
automated methods capable to detect posts related to each
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of the conditions addressed through the introduction of a
word embedding generation model that identifies and takes
advantage of the terms that are mostly used on the posts
of users presenting a given condition. For that purpose,
we built and evaluated different predictive models allowing
to compare our enhanced embeddings with embeddings
generated by other methods including domain adaptation
approaches.

To address our first goal, we perform a comparative
analysis of the posts to characterize the mental conditions
studied using lexicons dedicated to five themes: affective
processes and emotions, personal concerns and biological
processes, linguistic elements, vocabulary related to risk
factors and, topics of interest. We assume that the different
groups (depression (DEP), eating disorders (ED), suicidal
ideation (SUI) and alcoholism (ALC)) do not tackle the same
topics and that they do not use the same vocabulary. We use
statistical tests to check this hypothesis.

Regarding our second goal, we present a method for the
generation of enhanced word embeddings for classification
tasks on specialized domains. We formalize the problem in
two ways: 1) as a binary task dedicated to the classification
of posts (texts) of users with self-references related to
substance abuse and mental health issues (MEN), and control
posts (CON) which do not make reference to any of the
prior conditions and, 2) as a multi-class classification task
dedicated to the detection of posts related to depression
(DEP), eating disorders (ED), suicidal ideation (SUI) and
alcoholism (ALC). The particularity of these tasks is that
texts are characterized by the usage of specific terms and
expressions. This is the case of the eating disorders and
alcoholism communities where it is common to find terms
such as thinspiration, which refers to content that inspires a
person to be thin; or AA that is used to refer to Alcoholics
Anonymous. Consequently, we consider that this specific
vocabulary must be exploited to solve in a more efficient way
the classification task. Notably we assume that the classical
embedding models learnt on large generic datasets are not
suited and that they must be adapted.

Based on this hypothesis, our proposal takes advantage of
the prior knowledge of terms that are predictive for each class
and generates representations suited for the predictive task
to address. It extends our previous work presented in [1],
where enhanced word embeddings are generated for a binary
classification task dedicated to Anorexia Nervosa screening.

The main new contributions of this paper are: 1) the
generation of a Reddit dataset suitable for binary and multi-
class classification tasks based on writings of users that
state to have conditions such as depression, suicidal ideation,
alcoholism and eating disorders, alongwith control cases; 2) a
comparative analysis that characterizes the mental conditions
addressed through the definition of textual features based
on lexicons; 3) a method that improves and adapts the
model presented in [1] to address a multi-class classification
task; 4) a new approach to identify the most predictive
terms for a given class taking into account binary and

multi-class classification tasks; 5) the creation of predictive
models based on deep learning approaches to compare our
enhanced representations against other word embeddings’
learning methods and domain adaptation approaches; 6) a
type of feature designed for predictive models (named PSim)
that leverages the properties of the embeddings generated
with our method.

II. RELATED WORK
Prior work has been dedicated to the detection of mental
disorders on social media [2-8]. Most of it has been
focused on the analysis of a single condition, which is
usually compared to control cases [2-5]. Other studies have
considered different risk levels over a single condition [6];
whereas only a few publications have been dedicated to the
detection [7] and comparative analysis of multiple mental
conditions, which are likely to be characterized by similar
signs and symptoms [8]. Through our work, we do a further
exploration of the linguistic dimensions, affective processes
and emotions, personal concerns, vocabulary related to risk
factors [9], and topics of interest linked to each condition,
and define a method to identify the terms or n-grams that are
highly related to them.

Researchers have created automated methods to detect
mental disorders on social media by assuming that docu-
ments written by people presenting these disorders contain
specific terms that describe signs and symptoms of a given
condition [3]. However, before identifying these discriminant
terms, it is necessary to find a suitable representation of
the documents. Bag of Words (BoW) are among the most
classical models considered. They allow to represent each text
by a vector with components that are based on the number
of times the terms of an index appear in the text [3]. More
recently, word embedding models have been introduced, and
they have proved to be very efficient for solving text mining
tasks. In these models, terms are represented by vectors
that are generated under the principle that words appearing
in similar contexts are related, and they should have close
representations in the vector space. Thus, one can compute a
similarity score between two words by calculating the cosine
value of their corresponding word vector and, a high value
indicates that they are semantically related.

Examples of methods developed to generate word embed-
dings models are:Word2vec [10], where a vector is generated
for each word in the corpus considering it as an atomic
entity;GloVe [11] that defines a weighted least squares model
for training on global word-word co-occurrence counts; or
fastText [12] that addresses the morphology of words in a
way such that a term is represented as a bag of character
n-grams. More recent methods have addressed the issue of
generating context aware representations, where polysemic
terms are taken into account. Instances of these types of
representations are ELMo [13] and BERT [14]. Among these
methods, we consider Word2vec [10], and a distilled version
of BERT: DistilBERT [15] to create our baseline models.
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Embeddings that are generated through the prior
approaches are often trained over large general corpora.
However, when we consider their usage on domain specific
classification tasks, in particular on the medical domain,
it is common to have a reduced amount of labeled data
to work with [1], [3]. Moreover, embeddings models
learned exclusively in the domain corpus tend to not
perform well on unseen cases with new vocabulary.
Considering this issue, somemethods have been developed to
enhance the embeddings learned over small corpora. Those
methods consist in incorporating external information [16],
or adapting embeddings learned on large corpora to the task
domain [2].

Within the enhancement methods, there is the work
of [17] where approaches for combining different embed-
ding sets to learn meta-embeddings are presented. Also,
Faruqui et al. [16] propose a method that uses relational
information from semantic lexicons for improving pre-built
word vectors. Our approach surges as an alternative to handle
small corpora and therefore some variations of these methods
are considered as baselines to compare our model against
other enhancement approaches.

In [1], we introduced a method based on Dict2vec [18],
where in addition to the context defined by Word2vec,
positive and negative sampling components are introduced.
Dict2vec [18] works by using the lexical dictionary defini-
tions of words to enrich the semantics of the embeddings
generated over small corpora. This approach is based on the
fact that all the words in the definition of a term from a
dictionary are semantically related to the word they define,
and therefore, the positive sampling component moves closer
the vectors of words co-occurring in their mutual dictionary
definitions, and the controlled negative sampling prevents to
move these vectors apart.

According to our prior approach [1], dedicated to a
binary document classification task, the positive sampling
component consists in moving close to each other the vector
representations of terms that are predictive for the main target
class by defining a pivot vector p towards which the vectors
of predictive words are moved during the learning step.
The negative sampling component, asides from preventing to
move apart the vectors of words that are predictive for the
target class, also puts apart from p the vectors of the words
that are the least predictive. In this paper, we extend this
method to address multi-class classification tasks.

We also present a method that improves the performance
of the embeddings generated. This is done through a
modification of the objective function and the way to
choose the set of words that are predictive for a given
class, in a way such that enhanced embeddings can also
be generated for multi-class classification tasks. We also
introduce an alternative to identify predictive terms for a
binary classification task. Moreover, for the development of
predictive models, we propose the definition of a feature
type named PSim, which leverages the properties of the
embeddings generated through our approach.

III. DATA COLLECTION
We collected our data to apply and evaluate our characteri-
zation and detection approaches. We defined two predictive
tasks that are formalized as classification problems in two
settings: each post can be classified as a document either
related to depression (DEP class), eating disorders (ED
class), suicidal ideation (SUI class) or alcoholism (ALC class)
for task 1 (multi-class task) and; as a document that is related
to substance abuse or mental disorders (MEN class), or as a
control document (CON class) for task 2 (binary task).
The data collected for experimental purposes was gathered

from a group of selected subreddits, which are forum
communities of users on Reddit that are often focused on
a specific subject of discussion. This is a suitable data
source because it is likely to contain posts of users living
with a given mental disorder [6], [19]. For instance, the
depression subreddit contains posts of users with Depres-
sion, and from people that give advice and support to
others.

We considered the following subreddits: for the suicide
class: Suicidewatch; for the depression class: depression, for
the alcoholism class: alcoholism, and for the eating disorders
class: eating_disorders, bulimia, and EatingDisorders. As it
was our intention to consider only posts of users living with
the selected conditions and not control cases, we applied
an automatic labelling approach where a post was first
assigned the label of the subreddit it belonged to. Later,
a first filtering approach was applied such that only posts
with self-references were considered. With this purpose,
we only kept posts containing keywords and phrases such as:
my alcoholism, I was diagnosed, I ′m anorexic, etc. From the
starting 282,448 posts, with this filtering approach we kept
only 13,174 posts.

For the multi-class task, we proceeded to discard posts of
users with possible comorbidities. For the posts belonging
to a given class, we did not keep posts with main general
terms that describe other classes (e.g. for the alcoholism
group we discarded posts containing the main terms:
depression, anorexia, bulimia, eating disorders and suicide).
We considered 9 main terms in total for this step.

After the filtering process, only 11,124 posts were kept.
Finally, the keywords used for the first filtering approach
were removed from 70% of the posts so that the keywords
used during the data gathering would not interfere in the
predictive models’ behavior.

To collect control posts (CON), we took into account posts
from subreddits where all types of posts were published.
We considered posts from 18 randomly selected subreddits
such as: sports, celebs, books, fan theories, space, science,
medical school, travel, history, economics, ask engineers, art
fundamentals, lectures, unsolved mysteries, tales from call
centers, law, legal advice and shower thoughts. To discard
posts that could be related to any of the issues studied,
we deleted those containing self-references related to the
mental conditions addressed. A total of 20,057 control posts
were considered for our experimental approach.
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For task 1, the posts considered are the ones that
correspond to the depression (DEP), eating disorders (ED),
suicidal ideation (SUI) and alcoholism (ALC) classes; all
these posts constitute dataset 1. For task 2, the posts
correspond to Control (CON) cases, and to those of theMEN
class that consist of the union of all the posts of task 1 (DEP
+ ED + SUI + ALC); they constitute dataset 2.
Table 1 shows the details on the number of posts considered

per class for both tasks. Python was selected as our main
programming tool for the data collection and pre-processing
approaches. Elements that could lead to the identification of
users were removed (names, locations, and numbers).

TABLE 1. Collection description.

Regarding the ethical concerns of the type of data
addressed in this work, this research project has been
approved by the ethical review board of the Pompeu Fabra
University. A proper process of data transformation and
anonymization has been followed to guarantee that no
personal data is processed or stored. Only the transformed
features extracted have been stored.

IV. COMPARATIVE ANALYSIS OF MENTAL CONDITIONS
In order to meet our first goal, which consists in identifying
the elements that characterize and differentiate each of the
conditions considered, we perform a comparative analysis of
the types of posts studied. With this purpose, we consider
different psychological and linguistic perspectives that cor-
respond to categories of lexicons, where each category is
composed by a set of terms.

We generate numeric features for each of the categories
analyzed within each perspective. To do so, for a given post
we counted the frequency of terms belonging to each of
the categories of the dictionaries, then the frequency was
normalized by the size (in number of terms) of the full post.
This approach was followed for all the lexicons’ perspectives.

For the comparison of the groups analyzed (DEP, ED,
SUI, and ALC), as in [20], we apply non-parametric tests
after verifying that our features do not follow a normal
distribution and that there is no homogeneity of variance for
most of them. We first verified that there were features with
significant differences among all the groups using Kruskal-
Wallis’ test [21]. Once we found there were features with
significant differences, we performed Mann Whitney U’s

test [22] to check if the difference is significant for those
features between certain pairs of groups. We also use Mann
Whitney U’s test to compare mental conditions (MEN) and
control (CON) cases.
We analyzed 5 different perspectives as defined in the

Linguistic Inquiry and Word Count (LIWC) 2007 dictio-
nary [23], which categorizes words in psychologically mean-
ingful perspectives. We also consider other perspectives that
are defined through related work addressing different mental
conditions [9], [20]. The description of these perspectives
and the results obtained for our comparative analysis are
described as follows.

a: AFFECTIVE PROCESSES AND EMOTIONS
To address these perspectives, we consider some of the
LIWC’s lexicon categories in addition to the categories
described in EmoLex [24], which is a dictionary that
associates terms to negative and positive sentiments, along
with eight basic emotions: anger, anticipation, trust, fear,
surprise, sadness, disgust and joy.
Table 2 shows the mean score values computed for each

feature over the set of writings of each of the groups compared
(MEN, CON, SUI, DEP, ED, ALC) and the P-values with the
level of significance for each pair of classes compared using
Mann-Whitney U’s test. The averaged values per group are
reported since the median values are equivalent to zero for a
great number of features, as there are many categories with
terms that can be found on very few writings.

Results show that there are features with high significant
differences between the pairs of groups. As expected, this
is notably true between the Mental Conditions (MEN) and
Control (CON) groups, where the differences are significant
for all the categories, confirming the quality of dataset 2.

Emotions such as anger, fear, disgust and sadness are
expressed more on texts of users with suicidal ideation
in comparison to texts of users with depression. These
users (suicide risk) are the ones that express more negative
emotions. Users with eating disorders are the most positive
ones compared to the other groups within the conditions
analyzed, and this can be due to the fact that eating
disorders such as Anorexia and Bulimia can be characterized
by the Transtheoretical Model of Health Behavior Change
(TTM), where patients at the pre-contemplations stage are
enthusiastic about their weight loss, and the social support
they receive [20], [25]. The groups having the least difference
between each other are the Depression and Alcoholism
groups as shown by the non-significant results of the tests
for several categories (disgust, joy, surprise, etc.). In Figure 1
(left), which presents a comparison of the emotions (Emolex)
scores according to Plutchik’s wheel [26], we can notice that
sadness and fear are the emotions that mostly characterize
users with mental conditions compared to the control group.

b: PERSONAL CONCERNS AND BIOLOGICAL PROCESSES
Using LIWC, we explore also lexicon categories that are
related to daily activities and concerns of users through
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TABLE 2. Comparative results (means and p-values) between groups according to the Affective processes and emotions perspective.

general terms related to religion, work, leisure, money, health,
and biological processes.

Table 3 reports the comparative results obtained for these
categories. Control writings obtain the highest scores for the
topics work, money, and home and the lowest for biological
processes, body, or health. We can notice a high mean value
for the usage of terms related to death and sexuality for the
Suicide class and, for the topics: body, ingest and biological
processes in the eating disorders class. These last two topics

also characterize the alcoholism class, which obtains the
highest mean scores for both of them, along with the leisure
category. We can also see that the ED class obtains the
highest score for the achievement category and the lowest
score for the religion and death categories in comparison to
the other conditions. Concerning the SUI group, it obtains the
lowest scores in thework, achievement, and leisure categories
whereas the depression class has the second highest value
for the usage of terms related to death, and this score is
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FIGURE 1. Emotions (Emolex) scores according to the basic emotions of Plutchik’s wheel. The scores from Table 3 were multiplied by 1000 to
ease the visualization.

TABLE 3. Comparative results (means and p-values) between groups according to the personal concerns and biological processes perspective.

significantly higher in comparison to the eating disorders and
alcoholism classes as confirmed by the p-value.

c: LINGUISTIC ELEMENTS
This perspective addresses the usage of grammatical and
syntactical elements such as verbs, adverbs, pronouns,
articles, and prepositions. It also considers the different verbal
times and pronoun types. We use LIWC for this perspective
as well.

In Table 4, we can observe that the writings of users
of the MEN group, in comparison to the CON group,
tend to have more first-person singular pronouns, use more

negations, adverbs, verbs, and past and present verb tenses.
In comparison to the other conditions, the suicide group is
characterized mainly by the usage of pronouns, especially
first-person singular pronouns. It is also characterized by the
reduced usage of second person pronouns, past verb tenses
and articles; and the high usage of negations, and present and
future verb tenses. A characteristic of the depression class is
the high usage of third person plural pronouns in comparison
to the other conditions. It also gets scores significantly lower
than the suicide class but also significantly higher than the ED
andALC classes in the following categories: verbs, pronouns,
and present verb tense. The ED group is characterized by the
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TABLE 4. Comparative results (means and p-values) between groups according to the linguistic elements perspective.

usage of first-person plural pronouns which is significantly
higher than the SUI class but significantly lower than the DEP
and ALC classes. Finally, the ALC group is characterized
by a low usage of adverbs, and a high usage of articles and
prepositions.

d: MENTAL DISORDERS, SUBSTANCE ABUSE RELATED
VOCABULARY AND RISK FACTORS
We study terms related to eating disorders, self-loathing,
self-injuries, explicit suicidal ideation references, substance
abuse, lack of social support, and discrimination or abuse.
These categories were taken from those analyzed in [9].
Additionally, we considered the categories defined by
Arseniev et al. [26] with terms related to Anorexia Nervosa
and its symptoms. These categories refer to topics such
as: anorexia promotion, body image, body weight, caloric
restrictions, compensatory behaviors, and exercise. We also
consider names of antidepressants.

Results regarding this perspective can be seen in Table 5.
We can notice that there are significant differences for most
categories between the MEN and CON groups, with higher
mean values for the former. Evidently, when compared to
the other mental conditions’ groups, the SUI group obtains

very significantly high score for the explicit suicide category;
it also obtains the lowest mean value for the food and
meals category and, the second lowest score for the explicit
depression category with highly significant differences with
the remaining classes. The categories that characterize the
DEP group are the explicit depression and antidepressants,
while for the ED group are those related with food and
meals, caloric restriction, anorexia promotion, eat verb, body
image, binge eating, body weight, compensatory behavior
and laxatives. Regarding the ALC group, one can notice a
high value for the substance abuse category, as expected,
but also the lowest mean value for the hate category when
compared with the other conditions.

e: TOPICS OF INTEREST
Thanks to Empath [28], which generates and validates
lexical categories using a corpus with 1.8 billion words,
we retain 200 prebuilt topics such as sports, social media,
music, and politics, among others. Fig. 2 shows only the
top 20 Empath topics having the most significantly different
values (P<.05) [20] between each pair of classes compared,
including the mental conditions and control classes. The
mean value for each class compared for each topic is shown.
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TABLE 5. Comparative results (means and p-values) between groups according to the mental disorders, substance abuse related vocabulary and risk
factors perspective.

Regarding all the pairs of classes compared, we can observe
that the SUI group, compared to all the other conditions
groups is characterized by addressing topics such as: kill,
crime, prison, weapon, war, fight, aggression, negative
emotions, and hate. The ED group is characterized by topics
as food, eating, cooking, restaurant, shopping, and strength,

which can easily be linked to the condition. The topics that
characterize the ALC group are alcohol, liquid, party, smell,
and poor, which is a category that normally implies the
usage of terms related to economic issues, but in this case
the category is likely to be representative because within
its terms the word alcoholism can be found. The DEP
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group is characterized only by the neglect topic compared
to all the other conditions, this topic considers terms
such as: depressed, loneliness, fear, depression, loathing,
hopelessness and suffer.

When the DEP group is compared to the ED and ALC
groups, we can observe that suffering, emotional, shame and
negative emotion are topics that obtain significantly higher
scores for the DEP group. Regarding the SUI vs. DEP class,
we can see that the depression group expresses more feelings
of contentment, love and zest, and it also addresses more
topics related to daily activities such as white-collar job,
occupation, and sports. Notice too that when the ED andALC
groups are compared, the ALC group addresses more leisure
related topics such as party, night, car, and vacation. Finally,
compared to the control group, as shown at Fig. 3, the mental
conditions group obtains higher mean values on topics that
address feelings and emotions.

These findings confirm our hypothesis according to which
the vocabulary used by the different groups is not the same.
Specific topics, with their corresponding terms, are highly
addressed by a given group, such as caloric restriction
by the eating disorders’ group. They also reveal less
obvious associations, which suggest that such terms could be
efficiently exploited as predictive features to automatically
determine the belonging of a user to a group depending on
their writings. That is what we propose to do by generating
enhanced word embeddings dedicated to classification tasks
over specialized and small corpora.

V. EMBEDDINGS GENERATION
We introduce a method to generate word embeddings
enhanced for both binary and multi-class classification tasks
that involve small corpora. This is a method that can also be
applied to other domain-specific classification tasks.

As in Dict2Vec [18], we consider positive and negative
components but, unlike it, our model learns enhanced vectors
dedicated to a particular classification task. Its interest is to
represent the vectors of terms (word level n-grams) that are
predictive for a given class close to each other, and far from
those terms that are predictive for the remaining classes. For
that, we define positive and negative predictive pairs, which
are based on the definition of a list of terms (word level
1-2grams) which are themselves predictive for each class.
These pairs are later used as inputs of the embedding learning
model.

A. PREDICTIVE PAIRS GENERATION
To provide an appropriate input to our learning model,
we define a set of positive predictive pairs and a set of
negative predictive pairs, which are built as follows for each
type of task (multi-class or binary).

1) MULTI-CLASS CLASSIFICATION TASK
To address a multi-class classification task, for each class cn,
a list of positive predictive terms denoted as cn_predictive

is built. The process to generate these lists is described in
Algorithm 1.

We summarize the process in 4 main steps: first, based on
X2[27], we aim to identify the classes for which each unique
(1-2)-gram of the corpus is more relevant. Given the labeled
documents as input, for the X2 definition of relevant terms
for each class, a BoW model with a Boolean representation
denoting the existence of a term in a given document is
generated (Boolean_matrix), alongwith the classes (labels) to
which each document belongs. Then, we proceed to calculate
the X2 scores for each term and class. As for a given term t ,
a X2 score is obtained for each class cn in the list of existing
classes C and stored (X2scorest ), we choose the class cn for
which t obtains the highest X2 score (max among the scores
for each class in X2scorest ) and we add t to the list of relevant
terms of cn (rel_cn) according to the X2 test (Steps 1 to 7 in
Algorithm 1). By this way, a list of relevant terms is generated
for each of the classes in C and, each term is relevant for one
single class.

As every (1-2)gram of the vocabulary is defined as relevant
for a given class regardless of having a very low X2 score,
it is important to select only the most relevant terms for
a class i.e. a subset of all the terms relevant to cn. In this
case, differing from our first proposal [1], where a X2 score
threshold is selected based on the distribution of the scores,
in the second step we proceed to create a Tf.Idf representation
of the posts (documents) for all the terms (1-2grams) of the
corpus. A Tf.Idf model provides a weight for a term in a
document. Then, for each class cn in C we apply Mann
Whitney U’s test [22] for each term t belonging to rel_cn in
order to compare the Tf.Idf scores for t of all the documents
that correspond to cn and the Tf.Idf scores for t of the
documents belonging to each one of the remaining classes in
C (C\{cn}). This step corresponds to the statements 8 to 13 in
Algorithm 1.

In the third main step, for those pairs of classes where
the P-value obtained for a term t by the Mann Whitney U’s
test is lower than a given threshold (0.001 in our use case),
we calculate themean Tf.Idf score obtained by t for each class
of the pair, and then we pick the class for which the mean
Tf.Idf value is the highest as the one for which t is relevant
(steps 13 to 25 in Algorithm 1).
At the fourth main step, if t is relevant for the same class

cn on all its comparisons with the remaining classes in C ,
then it is added to the list of positive predictive terms for
this class (cn_predictive) (Steps 26 to 28 in Algorithm 1).
The list of negative predictive terms of cn, which is denoted
as cn_negative_predictive, it contains all the terms that are
part of the list of positive predictive terms of every other
class. Once the lists of positive and negative predictive terms
(1-2 grams) of each class are defined, we proceed to generate
the inputs required for our embeddings learning approach,
which consist of two lists of predictive pairs: the positive
predictive pairs’ list and the negative predictive pairs’ list.
To generate the list of positive predictive pairs, we select one
pivot term for each class in C . The pivot term for a class
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FIGURE 2. Top 20 Empath topics with most significantly different values (P<.05) between each pair of classes compared (multi-class task). The mean
value for each class compared and topic is shown.

FIGURE 3. Top 20 Empath topics with most significantly different values
(P<.05) between the classes compared (binary task). The mean value for
each class and topic is shown.

cn is given by the term with the highest X2 score within the
terms in cn _predictive. This will be considered as a pivot term
and, the vectors of the predictive terms of cn will be moved
towards the vector of this term. Considering our use case as an
instance (task 1), the pivot terms for the suicide, depression,
eating disorders, and alcoholism classes were respectively:

kill, depression, eating, and alcoholism. A positive predictive
pair is then composed by a pivot term and a term that is part
of the list of positive predictive terms of the class for which
the pivot term belongs to. Considering our use case (task 1),
positive predictive pairs instances are (eating, anorexia) and
(alcoholism, beer). This approach consists in pairing with
their pivot term all the terms of the list of positive predictive
terms of each class to compose the corresponding positive
predictive pairs list.

For generating the list of negative predictive pairs, each
pair is given by a pivot term, and a term that belongs to the
list of negative predictive terms of the class for which the
pivot term belongs to. In our use case, examples of negative
predictive pairs’ instances are (eating, beer), and (alcoholism,
anorexia), as this pairing approach consists in pairing with
their pivot term all the terms of the list of negative predictive
terms for each class in C . Each of these pairs are added to the
negative predictive pairs list.

2) BINARY CLASSIFICATION TASK
For the case where there are only two classes (c1 and c2),
we follow a similar approach as for the multi-class task, but
we consider that for binary tasks, the X2 resulting predictive
terms are the same for both classes. Here, we differ from
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Algorithm 1 Positive Predictive Terms’ Lists Generation for Multiclass Classification Tasks
Input: labeled_documents, Classes list C
Output: positive predictive terms lists cn_predictive
1. Boolean_matrix← generate_Boolean_matrix (labeled_documents)
2. X2_scores← calculate_X2_scores(Boolean_matrix)
3. for every term t in X2_scores
4. max_score← max(X2_scorest)
5. cn← class to which max_score corresponds
6. append t to rel_cn
7. end for
8. Tf .Idf _model← generate_Tf.Idf_representation (labeled_documents)
9. for every class cn in C
10. for every term t in rel_cn
11. is_relevant ← True
12. for every class cm in C\{cn}
13. Pval← get_P_value_using_Mann_Whitney_U’s_test (Tf .Idfmodel t,cn ,Tf .Idfmodel t,cm )
14. if Pval <0.001
15. meant,cn ← mean(Tf .Id_model t,cn )
16. meant,cm ← mean(Tf .Id_model t,cm )
17. if meant,cn < meant,cm
18. is_relevant ← False
19. break
20. end if
21. else
22. is_relevant ← False
23. break
24. end if
25. end for
26. if is_relevant
27. add t to cn_predictive
28. end if
29. end for
30. end for

our prior approach [1], which assigns the class for which a
term is relevant based on the ratio of documents that contain
the term, and on the class they belong to. The steps to
obtain the predictive terms for this task type are shown in
Algorithm 2.

In this paper, we first consider the same initial main
step as for multi-class tasks except that for the binary case,
we define a X2 score threshold based on the distribution of
the scores of all the terms in order to keep only relevant
terms. Then, these terms, regardless of the class they are
relevant for (as it is not known through the X2 test) are
added to a list of binary relevant terms (binary_rel_terms)
(steps 1 to 3 of Algorithm 2). Later, to identify the class for
which the terms in the binary_rel_terms list are predictive,
and to discard terms that are not relevant enough, we execute
the main steps 2 to 4 of the approach for the multi-class task
considering that for the second main step, MannWhitney U’s
test is applied for each term in the binary_rel_terms list and
that the comparison is done between the Tf.Idf scores of the
documents according to the respective class they belong to
(steps 4 to 6 of Algorithm 2). In this sense, if the p-value

threshold is met for a given term, then it is directly added to
the list of predictive terms of the class for which it obtains the
greatest mean Tf.Idf score (cn_predictive). This corresponds
to steps 5 to 13 in Algorithm 2.

Later, considering that we only address two classes,
we define a single pivot term, which is given by the term that
obtains the highest X2 score, and that is part of the list of
predictive terms of one of the classes to predict. With our use
case (task 2) as an instance, and considering its nature, where
control cases are characterized by terms that are not related to
mental disorders but that can be related to many other types
of topics, we choose our pivot term, which corresponds to the
unigram feel as it belongs to the main class to predict (MEN).
For this case, a positive predictive pair is composed

by the pivot term, and a term that is part of the list of
predictive terms of the pivot term’s class. In our use case,
instances of positive predictive pairs for task 2 are (feel,
abused), (feel, antidepressants) and (feel, attempted suicide).
Finally, each negative predictive pair is composed by the
same single pivot term (feel), and a term that is part of the
predictive terms list of the remaining class. For our use case,
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Algorithm 2 Predictive Terms’ Lists Generation for Binary Classification Tasks
Input: labeled_documents
Output: predictive terms lists cn_predictive
1. Boolean_matrix← generate_Boolean_matrix(labeled_documents)
2. X2_scores← calculate_X2_scores(Boolean_matrix)
3. binary_rel_terms← terms that obtain X2 scores over a threshold
4. Tf .Idf _model← generate_Tf.Idf_representation (labeled_documents)
5. for every term t in binary_rel_terms
6. Pval← get_P_value_using_Mann_Whitney_U’s_test (Tf .Idfmodelt,c1 ,Tf .Idfmodel t,c2 )
7. if Pval < 0.001
8. meant,c1 ← mean(Tf .Id_model t,c1 )
9. meant,c2 ← mean(Tf .Id_model t,c2 )
10. if meant,c1 > meant,c2
11. add t to c1_predictive
12. else
13. add t to c2_predictive
14. end if
15. end if
16. end for

instances of negative predictive pairs are (feel, account), (feel,
mechanical), or (feel, agent).

B. LEARNING APPROACH
Given the positive and negative pairs, the aim of this method
consists in determining a vector representation of the terms
in such a way that the vectors of positive predictive terms
are represented close to their corresponding pivot vector
and far from the pivot vectors of the remaining classes.
These embedding representations are obtained by optimizing
a global objective function.

Adopting the notation in [1], the objective function for a
target term ωt (1) is given by the aggregation of Word2vec’s
(target termωt , context termωc) pair cost, a positive sampling
cost (2) and a negative sampling cost (3). Word2vec’s cost
is given by l(vt , vc) where l corresponds to the logistic loss
function, and (vt ) and (vc) are the vectors of ωt and ωc
respectively.

J (ωt , ωc) = ` (vt , vc)+ Jpos (ωt)+ Jneg (ωt) (1)

The positive sampling component Jpos is calculated for
each target term according to Equation 2. P (ωt) represents
the set of n-grams that form a positive predictive pair with
the n-gram ωt . The vectors vt and vi represent ωt and
ωi respectively. Like in Dict2vec, a weight βP represents
the importance of the positive sampling component during
the learning phase. As it is our goal to keep the vector of the
pivot term as a fixed element towards which other predictive
terms get close to, whenever a pivot term happens to be the
target term, the positive and negative sampling values are null.
In this sense the positive sampling cost is zero if ωt is a pivot
term, otherwise its value is calculated according to (2). This
represents a modification of the cost considered in our prior
approach [1] where the same issue of keeping the pivot term
as fixed as possible was addressed by normalizing the cost

with the size of the predictive pairs set of the term (|P (ωt)|).

Jpos (ωt) = βP
∑

ωtεP(ωt )

` (vt · vi) (2)

For the negative sampling cost Jneg defined in Equation (3),
according to the first component, the vectors of the terms
forming a positive predictive pair with ωt are not moved
away from ωt thanks to the modification of the negative
random sampling cost of Word2vec, where a set F(ωt ) of
k random terms from the vocabulary are moved away from
the vector of ωt considering that those random terms are
not likely to be semantically related. The second component
corresponds to the negative predictive pairs cost, which is
the cost of putting apart from the vectors of the pivot terms
the representations of the most predictive terms of other
classes. N (ωt) represents the set of all the terms (n-grams)
that form a negative predictive pair with the term ωt , while
βN represents the weight that defines the importance of the
negative predictive pairs’ component. Again, for not affecting
the position of the vectors of pivot terms, whenever ωt is a
pivot term, the cost of the second component in (3) is zero.

Jneg (ωt)=
∑

ωtεF(ωt )
ωt /∈P(ωt )

`(−vt · vi)+βN
∑

ωJ εP(ωt )

` (−vt · vJ ) (3)

Finally, the sum of the cost of every (target, context) pair is
what defines the global objective function (4) where n is the
size of the window and C is the corpus size.

J =
C∑
t=1

n∑
c=−n

J (ωt , ωt+c) (4)

C. ENHANCED EMBEDDINGS VARIATIONS
For both use cases, we define 4 variations of our embeddings
with the aim of improving the representations obtained.
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To address this goal we use related approaches [2], [16], [17]
with which our method is compatible.

We label the proposed model described in the prior sub-
section (V.B.) as Embedding model 0. Thus, the first variation
(Embedding model 1) consists in learning embeddings with
our model after using GloVe’s pre-learned embeddings to
define the starting weights of the vectors of terms. This is
a popular transfer learning approach, which introduces infor-
mation from a bigger corpus and enhances the performance
of the embeddings that are being learned over the domain
corpus. This technique has been applied on similar tasks
such as the detection of suicide related writings [2]. The
second variation (Embedding model 2) consists in applying
Faruqui’s retrofitting method [16] over the representations of
the Embedding model 0. For the third variation, given a pre-
learned embedding that associates for a term ω a pre-learned
vector vpr , and a vector v learned through our approach for
the same term ω with the same length n as vpr , an embedding
of the Embedding model 3 is defined by the concatenation of
both representations (vpr+v) and the application of truncated
SVD as a dimensionality reduction method so that the new
vector of ω is given by SVD(vpr + v) [17], this variation is
considered because it obtained the best results for the binary
classification task addressed in [1]. Finally, the Embedding
model 4 corresponds to the retrofitting approach applied over
the Embedding model 1.

D. FEATURES FOR PREDICTIVE MODELS BASED ON
ENHANCED EMBEDDINGS
In this section, we propose a feature generation method that
leverages the properties of the embeddings generated through
our method. The obtained features can be used for machine
learning models. Our proposal takes into account that in
our embedding model, the predictive terms of a class c are
represented close to its pivot term in the vector space. Thus,
if we define a vector representation of a writing (document)
that corresponds to c and consider that predictive terms of c
are likely to be found in the writing, we can assume that their
presence is likely to influence the placement of the vector
that represents the whole writing. In this sense, the vector that
represents the document (a writing/post) should be closer to
the vector of the pivot term of c in comparison to the vectors
of documents that do not contain the predictive terms.

Based on our prior statement, we define the pivot similarity
(PSim), which is calculated for each document and for each
class to predict. Considering c as a class from the set of
classes to predict C , t a term belonging to the set T of
n terms composing the document D, vt being the vector
representation of t and, vpc representing the vector of the
pivot term of c, the value of PSim forD and c is defined by the
cosine similarity between vpc and the average of the vectors
associated to the terms belonging to D. It is given by (5).

PSim (D, c) = cos_sim


∑
t∈T

vt

n
, vpc

 (5)

In a document classification task, for each document there
will be as many features as classes to predict, except for a
binary task where, as there is a single pivot term there is only
one feature to define. Each feature corresponds to the PSim
value between the document and the pivot term of a class.

VI. EMBEDDINGS EXPERIMENTAL AND EVALUATION
FRAMEWORK
This section explains the embedding generation process in
our use cases dedicated to the detection of writings related
to mental disorders. It also describes the methods adopted to
evaluate the embeddings generated as well as their variations
and, it also reports the results of these evaluations.

A. EMBEDDINGS GENERATION PROCESS
In order to generate the embeddings and to evaluate their
performance, dataset 1 and dataset 2 were split into training
(70%) and test sets (30%). The distribution of the instances
on each split was proportional for each class. Table 6 gives
the details of the datasets for both tasks. Two corpora were
defined, a corpus corresponding to dataset 1 and a corpus that
corresponds to dataset 2.

TABLE 6. Train and test sets description.

The process defined to generate the predictive pairs was
applied over the training set, where each post was represented
by a document and its label, which corresponds to the
document class (SUI, DEP, ED, ALC, MEN, or CON). Then,
we followed the process described in the Predictive Pairs
Generation section.

Table 7 shows the list of the top 15 most predictive terms
for each class. For the alcoholism class, we observed that
despite having a reduced number of posts (see Table 1) it
is a class that can be characterized by a large number of
terms, whereas the suicide class, despite having the largest
number of writings, does not have a large amount of unique
distinguishable terms. For this same task, the list of negative
predictive terms for each class was given by the list of terms
that were predictive for all the other classes. For task 2, the
number of positive predictive pairs obtained was 351, and the
number of negative predictive pairs was 202. Table 8 shows
the top 15most predictive terms for each class. These findings
contribute to achieve our first objective as these are terms that
characterize the mental conditions studied.

From the pre-learned embeddings of GloVe [11], we also
consider the top 20 terms with the highest similarity to
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TABLE 7. Pivots and list of the top 15 most predictive terms for each
class (task 1).

TABLE 8. Pivot and list of the top 15 most predictive terms for each class
(task 2).

each pivot term (eating, kill, depression and alcoholism for
task 1, and feel for task 2) and terms highly related to the
conditions such as anorexia, suicide, bulimia, die, anxiety,
eating disorder, alcohol and alcoholic. We add the terms to
the list of predictive terms of the respective class only if they
are relevant for the class according to the X2 score, or if they
are not already part of the vocabulary and are semantically
related to the pivot term considering the context of the task.
This last aspect is considered as for terms as die, for instance,

most of the vectors of terms with the highest cosine similarity
are words in German. In the case where a term was not part of
the corpus vocabulary, prior to learning, it was added to the
corpus at the end of the last document belonging to the class.
The GloVe’s pre-learned vectors were the 100 dimensions
embeddings learned over 2B tweets with 27B tokens, and
with 1.2M vocabulary terms. These embeddings are also
the ones used for the baselines and some of our embedding
variations.

After having the predictive pairs defined, in order to
generate the embeddings, for its corresponding task, each
corpus considered for training purposes consisted of the
concatenation of all the texts from all the training posts.
Stop words were removed. This resulted in a training
corpus with a size of 800,319 tokens and a vocabulary size
of 23,450 unique terms for dataset 1, and a corpus with a
size of 2,230,423 tokens, with a vocabulary of 55,620 unique
terms for dataset 2. For both datasets, to consider the
predictive bigrams on the learning process, the words forming
a predictive bigram were represented as a single term in
the corpus. To learn our embeddings, we used as hyper
parameters a window size of 5 with 5 random negative pairs
chosen for negative sampling. We trained with one thread per
worker and 5 epochs. Different values for βP and βN were
tested.

B. EVALUATION APPROACHES
We adapt the evaluation approaches of [1] that consist in
a cosine-similarity-based evaluation, an evaluation based on
visualization, and a predictive task evaluation. These different
approaches are described in the following sections.

1) AVERAGE COSINE SIMILARITY EVALUATION
This first evaluation method is applied over the Embedding
model 0. We adopt the approach of [1] in the binary task
evaluation (task 2) and adapt it for the existence of multiple
classes for task 1.

For the case of task 1, for each class c we average the
cosine similarities between the vector of the pivot term of c
and each of the vectors of the remaining positive predictive
terms of c to obtain a positive score P for the class. We also
calculate a negative score N for each class, which is given by
the average of the cosine similarities between the vector of
the pivot term of c and each of the vectors of the remaining
negative predictive terms of c. To address task 2, P and N are
calculated considering the pivot term (feel) of the main class
to predict, which is theMEN class in this case.

For this evaluation approach we also choose as baselines:
the embedding model that we introduced in [1] (Baseline 1)
where the positive and negative components of the objective
function were normalized considering the size of the list of
predictive terms for the target term; and an embedding model
generated using Word2vec exclusively (Baseline 2), which
corresponds to the case where βP = 0 and βN = 0. For
the proposed models and, in comparison with the baselines,
we expect to obtain better representations with our enhanced
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TABLE 9. Task 1 (multi-class) – Average cosine similarity evaluation results.

embeddings in such way that P keeps a high value while N
is kept as low as possible. We also study the impact of the
parameters by assigning different values to βP and βN .
For both tasks, the best results were obtained with equal

values for βP and βN . For Task 1, they are described
in Table 9. Remember that for P the higher the score the better,
while for N the lower the better. Even though the values for
P for most of the models are lower compared to Baseline 2,
a good balance is obtained considering how the value for
N decreases for all the classes. This means that the method
has managed to obtain representations where the vectors of
predictive terms for a class are represented far enough from
the vectors of terms that are predictive for other classes,
while keeping a high cosine similarity with the vectors of
the terms that are predictive for their own class. Notice that
for Baseline 1, which corresponds to our prior method [1],
we present the configuration for βP = 10 and βN = 10 as it
obtained the best balance between the P Scores and N Scores
for the approach. We observe that the results for the same
configuration with the new approach are particularly better,
especially considering the N Score and the ED class.

Results obtained for task 2 are displayed in Table 10.
Embeddings generated through our method obtained better
results in comparison to the baselines as for P the scores are
higher, whereas for N the scores are lower. For Baseline 1,
corresponding to our prior method [1], we present the
configuration: βP = 1 and βN = 1 as it obtained the best P
Score while keeping a good balance with the N Score. Again,
better results are obtained by the new approach.

2) VISUALIZATION EVALUATION
This second evaluation approach allows us to visually
observe how some of the predictive terms for each class
(top 15 terms according to the X2 score) are distributed

TABLE 10. Task 2 (binary) – Average cosine similarity evaluation results.

in the vector space without applying our embeddings’
generation method (Word2vec - baseline), and how they are
distributed after its application (Embeddingmodel 0).We also
consider the enhanced representation provided byEmbedding
model 2 [16]. To generate the plots, Principal Component
Analysis (PCA) is used as the dimensionality reduction
method to reduce the vectors’ dimensions from 100 to 2.
For each plot we report PCA’s Total Explained Variance
Percentage (TEVP), which is an indicator of the percentage
of information retained by the two resulting components, and
that is given by the aggregation of the Explained Variance
Ratio of each component. The high rates reported confirm the
global quality of the representation. For each task, we retain
the configuration which led to the best results according to
the average cosine similarity evaluation.
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FIGURE 4. Task 1 - Vectors in two dimensions of the top 15 predictive terms of each class. The representations correspond to the 1) Word2vec baseline
model (TEVP = 97%), 2) Embedding model 0 (TEVP = 72%), and 3) Embedding model 2 (TEVP = 91%). White dots are placed over pivot terms.

FIGURE 5. Task 2- Vectors in two dimensions of the top 15 predictive terms of each class. The representations correspond to the 1) Word2vec baseline
model (TEVP = 36%), 2) Embedding model 0 (TEVP = 48%), and 3) Embedding model 2 (TEVP = 60%). The pivot term is represented by a square.

The results of this evaluation approach for task 1, obtained
with βP = 10 and βN = 10, are displayed in Fig. 4.
This clearly shows that better representations are obtained
by Embedding model 0 and Embedding model 2 [16], where
the vectors of predictive terms from any given class are
represented close to each other, while making themselves
distinguishable from the vectors of predictive terms for other
classes. Suicide and depression related terms cannot be easily
separated, which is consistent with the fact that both of these
conditions tend to be closely related [6].

It is important to mention that while the closeness between
terms for our approach is given by the cosine distance,
the retrofitting approach [16] converges to changes in the
Euclidean distance of adjacent vertices. Notice that for
Embedding model 2, in order to apply Faruqui’s approach to
the Embedding model 0, as required by the input format of the
retrofitting approach, a word has to be linked to all the words
that we want it to be represented close to. For our tasks, each
predictive term was associated to its pivot term and to each
pivot term all its predictive terms were linked.

Fig. 5 shows the results for task 2. We consider the βP = 1
and βN = 1 configuration as the best one according to the
P score, and it also obtains a reduction in the N score in

comparison to Baseline 1 according to the average cosine
similarity evaluation. As for task 1, we can notice that the
vectors of terms that are predictive for the main class (MEN)
are placed closer to the pivot term and thus far from the
terms that are predictive for the Control (CON) class with the
proposed models.

3) PREDICTIVE TASK EVALUATION
Finally, for accomplishing our second main goal and to
evaluate the performance of our embeddings generation
approach, we process task 1 (dataset 1) and task 2 (dataset 2).
We define a set of baselines based on state-of-the-art
approaches. The same training and test sets exploited in the
embeddings’ generation process are used for this evaluation.

a: BASELINES
For both tasks considered for evaluation, we define 9 base-
lines: Baseline 0 corresponds to a BoW model based on
term level (1-2) grams. More than a baseline, this is a
model kept as a reference as we are mainly focused on the
evaluation of the models that make use of word embeddings
on predictive tasks with small corpora. Baseline 1, kept as
a reference model as well, consists of a model based on
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the features extracted using the lexicons described in the
Data Analysis Approach section. Baseline 2 corresponds
to a model that uses DistilBERT context aware pre-trained
embeddings with the goal of building a deep learning model
with transfer learning. Baseline 3 consists of using GloVe’s
pre-trained embeddings without any fine-tuning approach
on the domain corpus. Baseline 4 corresponds to a model
where the word embeddings are learned on the training
set using the classic Word2vec approach. Baseline 5 is
given by an enhanced version of Baseline’s 4 embeddings,
using Faruqui’s et al. [16] retrofitting method. Baseline 6
applies the retrofitting method over GloVe’s pre-learned
embeddings, while Baseline 7 corresponds to an embedding
model where GloVe’s pre-learned embeddings provide the
starting weights for learning embeddings on the training set
with Word2vec. Finally, Baseline 8 is a model that uses the
embeddings generated using our prior approach presented
in [1]. Table 11 shows the baseline models and the proposed
embedding variations that they can be compared to.

TABLE 11. Baselines and proposed embedding models (variations) to
compare.

b: CLASSIFICATION METHODS
We use as classifiers the Scikit Learn Python library
implementations for Logistic regression (LR) and Random
Forest (RF). These classifiers are trained using a parameter
grid search, with a 5-fold cross validation performed for each
parameter combination. The model with the best results is
kept for its evaluation later over the test set.

We also consider a deep learning approach previously
tested on a similar task [6] consisting of a Convolutional
Neural Networks (CNN) model. This is denoted as our
first deep learning approach DL1. In order to train this
model, posts were represented as sequences of terms, and
these terms were represented by word embeddings. For the
CNN, the embeddings sequences instances were given as
the model input. We used a filter window ({2,3,5} terms).
We then applied max pooling and passed the output to either
a SoftMax (multi-class task) or Sigmoid (binary task) layer
to generate the final output. For Baseline 2, DistilBERT’’s

output is computed into a single vector with average pooling,
and later two dense layers are added to predict the probability
of each class; the classifier thus obtained is denoted DL2.

For the deep learningmodels, 75% of the training instances
(posts) were selected for training the model and 25% were
considered for validation. Notice that for presenting the
results of the deep learning models, we average the results
obtained by 5 runs over the test sets (with unseen cases).

For all the classifiers, we defined class weights’ parameters
for addressing the reduced amount of training samples for
certain classes. This was done in such way that all the classes
were considered equally important.

c: EMBEDDING BASED INPUTS FOR PREDICTIVE METHODS
For the inputs, each instance is represented by an individual
post (document) to which a class is assigned. For Baseline 0
a Tf.Idf vectorization of the documents has been applied,
considering a list of stop-words and the removal of the
n-grams that appeared in less than 20 documents. For
Baseline 1, we considered as features all the scores obtained
for the lexicons categories of Section IV. For this baseline,
each of the categories in tables 2, 3, 4 and 5 were considered
as features, along with the 200 prebuilt categories of the
Empath tool. To get the score for a category (feature),
we consider the frequency of terms belonging to it, then the
frequency is normalized by the size (in number of terms) of
the full post.

Later, we consider approaches for using embeddings as
inputs depending on the classification method selected.
The first input, named aggregation input, used for testing
machine learning approaches, such as Logistic Regression
and Random Forest, consisted in representing a document
through the aggregation of the vector representations of
the terms in the document, normalized by the size (words
count) of the document. Within this same method, a L2
normalization was applied to all the instances. The other
input approaches were suitable for generating deep learning
models, which require the input data to be integer encoded,
so that each term is represented by a unique integer,
we denote this input as the Emb. sequence input. Notice that
distilBERT’’s input uses a different tokenization approach for
which a proper input structure should be provided.

We also build models that use features created through
the PSim approach as defined in Equation (5). For task 1,
a predictive model with 4 features, one per class, was built
with this method; each feature corresponds to the PSim value
between the document and the pivot term of a class. For
task 2, a model with only one feature was built as there is
only one pivot term belonging to the main class to predict.
These features are referred as the PSim input in our results
section.

d: EVALUATION MEASURES
For both tasks our evaluation measures are Precision (P),
Recall (R), F1-Score (F1) and Accuracy (A). The results
for task 1 (multi-class) correspond to the macro average
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TABLE 12. Task 1 (multi-class) – Predictive task evaluation results.

scores for P, R and F1, while their micro average scores are
equivalent to the Accuracy. The results for task 2 (binary) for
P, R and F1 correspond to the main class to predict (MEN),
and we consider the Accuracy to evaluate the performance
of the models for both classes. All the evaluation results
correspond to those obtained over the test sets defined for
each task, which correspond to cases that have not been seen
before by the models, nor they have been used for tuning
parameters.

e: RESULTS
For both tasks, we report the best results obtained for each
embedding model, including the baselines. We also report
those embeddings models that obtained the best results for
each input approach (PSim, Aggregation and Embeddings
sequence); and to exclusively compare the embeddings
models regardless of the input approach, we also present the
results of a single input method (aggregation input) for all
the embeddings. This last input approach also corresponds to
the method used in [1].

Regarding the parameters of the LR models, for both
tasks’ models we used a one vs. rest approach with Scikit
Learn’s liblinear solver. The values of the C parameter are
defined through a grid search, and its value for each model is
mentioned next to the classifier type in each results table.

For the RF classifiers we use Scikit Learn’s default
parameters except for the number of trees in the forest
(n_estimators).

For task 1, according to the results presented in Table 12,
the type of classification method that obtains the best results
for the embedding based inputs is the deep learning model
DL1, which obtains the best results for 7 models. Notice that
the BoW reference model obtains the best results for the
task, which is consistent with the findings in related work
addressing similar tasks for the detection of mental health
issues [19]. Regardless of this, considering exclusively the
approaches based on word embeddings, we observe that the
Embedding Model 4 is the one that obtains the best results for
recall, F1-score, and accuracy. Moreover, we can see better
results (F1) when the enhanced embeddings models (that
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TABLE 13. Task 1 (multi-class) – Predictive task evaluation results – aggregation input for the enhanced embeddings.

use our learning approach) are compared with embedding
models (Baselines 4,5 and 7) that use Word2vec ’s learning
approach (i.e. βP = 0 and βN = 0). This can be seen when
comparing Baseline 4 (F1= 65.23%) vs Embedding Model 0
(F1 = 79.20%); Baseline 5 (F1 = 68.70%) vs. Embedding
model 2 (F1 = 77.42%); and Baseline 7 (F1 = 84.31%) vs.
Embedding model 1 (F1 = 86%).

Remember that we consider the Recall and F1-Scores as
our most relevant measures given the nature of the task, where
a misclassification error would imply a mistaken diagnosis.
Furthermore, the accuracy of the system cannot be very
reliable given the limited number of instances existing for the
alcoholism and eating disorders classes.

For the embeddings baselines, the best results (F1) were
obtained by Baseline 6, which corresponds to the CNNmodel
that considers a retrofitted [16] version of pre-trained GloVe
embeddings. Regarding the enhanced embedding models,
we can observe that embeddings learned exclusively through
our approach (Embeddingmodel 0) provide better results (F1)
compared to Baselines 1, 2, 4, 5 and 8. Embedding model 4
is also the best model for generating the PSim input. This is a
promising result for this approach as with only 4 features the
Accuracy achieved is only 8.01% lower than the one of the
best embedding model (Embedding model 4 − Embeddings
sequence input), and only 11,93% lower than the BoW
model.

Table 13 shows the results obtained by a single input
type (Aggregation input) and classification method (LR)
for task 1. Among the embedding models, we observe
that the best results in Precision, Recall, F1 Score and
Accuracy are given by the Embedding model 1. Based on the
F1 score, we can see that the embedding models 1 and 4,
enhanced through our approach, outperform all the embed-
dings baselines. Notably, we can observe a 13.97% increase
in the F1 Score when comparing the embeddings learned
through our approach (Embedding model 0) vs. Baseline 4
(Word2vec). Moreover, we have proved the usefulness of the
predictive terms defined through our method (Section V.A)
for their usage on similar approaches, such as Faruqui’s et al.
retrofitting method [16], where their usage as semantically
related terms implied obtaining better results for Baseline 5
(F1 = 68.70%) vs. Baseline 4 (F1 = 65.23%); and for
Baseline 6 (F1 = 80.07%) vs. Baseline 3 (F1 = 79.63%).
Also, considering our learning approach combined with
the retrofitting method, better results were obtained for
the Embedding model 2 (F1 = 77.42%) vs. Baseline 5
(F1 = 68.70%) and, the Embedding model 4 (F1 = 80.50%)
vs Baseline 6 (F1 = 80.07%) cases.
For task 2 the results for the predictive task are presented

in Table 14. We can see that as for the prior task, the BoW
reference model obtains the best results. Addressing the
embeddings models, which are our main point of interest,
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TABLE 14. Task 2 (binary) – Predictive task evaluation results.

we can see that despite being small, there is an improvement
in the results obtained by the enhanced embeddings. This is
confirmed by the results showed in Table 15 where, as for the
prior task, a single input approach is considered (Aggregation
input). According to Table 14, we can observe that the
baseline with the best result (F1) is Baseline 6. We can also
see that the best results (P, R, F1 and A) for all the embedding
models are given by variations of the enhanced embeddings.
In addition, the best PSim result (F1) is only 5.9% lower
than the best embedding model score (Embedding model 1 –
Embeddings sequence input). For this particular task, we can
notice that despite obtaining better results with the enhanced
embeddings, the differences with the baselines are minimal.

VII. DISCUSSION
One of the first aims of this work was to determine lexical fea-
tures characterizing each of the mental conditions (classes)
studied. Results show that there are many elements that
distinguish writings of control users (CON) from those of
people with certain mental disorders and substance abuse

conditions (MEN), while there are fewer elements that
distinguish the conditions analyzed (SUI, DEP, ED and ALC)
from each other. This is corroborated by the predictive task
evaluation as well, where better scores are obtained on the
binary task (Task 2) that classifies CON and MEN writings
compared to the multi class task dedicated to the detection
of writings of multiple conditions (Task 1). Notably, terms
related to emotions and feelings are expressed more in
writings of the MEN class, while words concerning topics
such as work, money, and home are more frequent in the
CON class writings. We can also observe that, as expected,
the categories that imply risk factors for mental disorders
such as self-harm, suicidal ideation references, self-hatred,
substances abuse, lack of social support, bullying or other
types of abuse, obtained higher scores for the MEN group,
providing evidence of the fact that the aspects that are
considered on screening processes [28] can also be identified
on social media posts.

We see that some of the categories addressed can
characterize exclusively certain conditions such as the highly
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TABLE 15. Task 2 (binary) – Predictive task evaluation results – aggregation input for the enhanced embeddings.

significant expression of negative emotions by the SUI
class; the references to caloric restrictions, body image,
laxatives, and body weight of the ED class; the references to
antidepressants of the DEP class; and the reference to topics
related to leisure activities, which often involve drinking, for
the ALC class.

The second element to consider in this discussion is the per-
formance of the predictive models based on the embeddings
generated through the approach proposed in this manuscript.
Our evaluation shows that the proposal is suitable for address-
ing domain specific document classification tasks with small
corpora as some of the enhanced variations obtain the best
results in Recall, F1-Score and Accuracy compared to the
embeddings-based baselines for both tasks. Results also show
that for the tasks addressed, word embedding based models
are less accurate compared to BoW models. This matches
the findings of related work dedicated to the detection of
depression [19].

Another interesting aspect of this work concerns the
performance of the predictive models that use the PSim
features, as with only 4 features the accuracy achieved is
only 8.01% lower than the one of the best embedding model
(embeddings sequence input) for the multi-class task and,
only 4.51% lower for the binary task.

As for the limitations of this work, it is important to
mention the constrains imposed by the social platform, and
the biases introduced by it as we cannot obtain information
that clinicians normally get during the screening process,
an instance of this is demographic data (location, gender,
or age). There are also limitations given by the data collection,

and the labelling processes, which did not involve the
intervention of human annotators.

Finally, regarding the reproducibility of this work, even
if we do not store any personal data or information that
can allow the identification of the posts’ authors, for ethical
reasons, the resulting embeddings’ models and the lexicon-
based features calculated will be available only under request
and justification of their usage purpose [29].

VIII. CONCLUSION AND FUTURE WORK
We have analyzed Reddit posts related to conditions
such as: suicidal ideation, depression, eating disorders and
alcoholism; along with control cases, providing a study
of lexicon-based features that characterize each condition.
We have considered affective, emotional, and linguistic
aspects, including psychological risk factors and signs that
characterize these conditions. Results show that we can
also trace on social media the aspects that (according to
specialists) characterize the conditions studied.

We have also proposed an approach for generating
enhanced word embeddings for binary and multi-class
classification tasks on small and domain specific corpora.
Themethod includes a process to identify predictive terms for
each given class. This way, the embedding vectors associated
to predictive terms are represented close to each other and far
from the representations of terms that are predictive for the
remaining classes. These vectors are obtained by extending
Word2vec’s objective function, which takes those predictive
terms as inputs. We evaluated the enhanced embeddings and
defined several variations of these embeddings through their
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combination with transfer learning and domain adaptation
approaches. Furthermore, we defined a feature type denoted
as PSim which leverages the properties of the embeddings
learned with our approach and can be used as input for any
classifier.

Results show that our enhanced embeddings and some
of their variations outperform similar embeddings-based
methods at least in recall, F1-score and accuracy for both
tasks. These findings are promising, and therefore future
work involves evaluating the performance of embeddings
generated with this method on similar textual multi-class
classification tasks with domains that can be characterized
by the usage of specialized vocabulary.

It is also important to recall that even if our findings
suggest that the detection of mental conditions on social
media is possible, a further implementation and deployment
of detection tools shall require a proper study of the legal
frameworks that regulate such types of tools alongwith a risk-
benefit assessment that addresses the capability of such tools
to be misused [3], [29].
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