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Abstract

Positive mental health is considered to be a significant predictor of health and longevity; however, our understanding of the
ways in which this important characteristic is represented in users’ behavior on social networking sites is limited. The goal
of this study was to explore associations between positive mental health and language used in online communication in a
large sample of Russian Facebook users. The five-item World Health Organization Well-Being Index (WHO-5) was used
as a self-report measure of well-being. Morphological, sentiment, and semantic analyses were performed for linguistic data.
The total of 6,724 participants completed the questionnaire and linguistic data were available for 1,972. Participants’ mean
age was 45.7 years (SD = 11.6 years); 73.4% were female. The dataset included 15,281 posts, with an average of 7.67 (SD =
5.69) posts per participant. Mean WHO-5 score was 60.0 (SD = 19.1), with female participants exhibiting lower scores. Use
of negative sentiment words and impersonal predicates (“should statements”) demonstrated an inverse association with the
WHO-5 scores. No significant correlation was found between the use of positive sentiment words and the WHO-5 scores.
This study expands current understanding of the association between positive mental health and language use in online
communication by employing data from a non-Western sample.
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For instance, the World Health Organization (WHO, 1946)
characterizes health as “a state of complete physical, mental,
and social well-being and not merely the absence of disease
or infirmity.” Similar processes have been taking place in
mental health research where the concept of positive mental
health was developed to capture the unique characteristics of
psychological well-being. According to Keyes (2005), mental
well-being (MWB) and mental illness do not represent the 'University of Malta, Msida, Malta
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Numerous concepts have been proposed to describe posi-
tive mental health and its various facets. These include sub-
jective well-being, happiness, perceived self-efficacy, and
self-compassion (Bandura, 1990; Diener, 1984; Lyubomirsky
& Lepper, 1999; Zessin et al., 2015). Measurements that
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derive from these conceptualizations rely on somewhat dif-
ferent representations of positive mental health. One of the
popular models of positive mental health is represented by
the five-item World Health Organization Well-being Index
(WHO-5). This five-item measure was developed in the late
1990s as part of a project on the evaluation of well-being in
healthcare settings and is considered to be a nonspecific
scale for the measurement of general well-being. The WHO-5
measure demonstrates adequate construct and prediction
validity and is suitable for use in a variety of settings (Topp
etal., 2015).

It is important to note that to date, most studies related to
positive mental health, its correlates and predictors, were
based exclusively on self-report. However, the advent and
proliferation of social networking sites and related digital
communication has granted behavioral researchers histori-
cally unprecedented access to rich natural language data. The
notion that one can learn something about the psychological
makeup and functioning of an individual by studying how
this person uses language has been around for some time and
dates back to Freud’s interest in slips of the tongue. Language,
both spoken and written, is the primary method of human
communication. Tausczik and Pennebaker (2010) indicate
that language externalizes the internal processes of the
human mind, such as thought and emotion, making them
accessible for observation and, therefore, serves as a power-
ful source of insight for psychological research.

In the emerging field of social media—based behavioral
research, it has been demonstrated that language used online
is associated with personality traits, emotional states, and
even health conditions (Eichstaedt et al., 2015; Mairesse
et al., 2007; Schwartz et al., 2013). In addition, significant
research effort has been directed toward identifying possible
linguistic markers of mental disorders in online communica-
tion with studies focusing on suicidality, depression, post-
traumatic stress disorder (PTSD), and other conditions
(Coppersmith et al.,, 2014; De Choudhury et al., 2013;
O’Dea et al., 2017). These studies have yielded some impor-
tant findings on the association between mental health and
language; however, in line with conceptualizations pre-
sented above, the absence of markers of psychological dis-
tress alone cannot be considered an indicator of complete
MWRB. If we ascribe to the idea that mental disorders and
MWB do not form one single continuum but represent rela-
tively independent constructs, we must expect to observe
distinctive markers of subjective well-being in the language
of online communication.

In 2009, Facebook Data Team (2010) proposed the con-
cept of the Facebook Gross National Happiness Index and
began the assessment of the social network’s users’ well-
being using this newly developed metric. The metric was
based on sentiment analysis, utilizing the frequency of pos-
itive words used in status updates as an aggregated measure
of happiness and well-being of a population. However, sub-
sequent research indicated that the relationship between

verbal emotional expression online and self-reported sub-
jective well-being is not straightforward and may be
affected by a variety of factors, such as impression manage-
ment in social media settings. For instance, it was demon-
strated that the Facebook Gross National Happiness index
does not correlate with self-reported well-being on the
Satisfaction with Life Scale (Wang et al., 2014). In a later
study, aimed at exploring the association between emo-
tional expression in status updates and self-reported well-
being in a large Facebook-based sample, no correlation was
found between the use of positive emotion words (as mea-
sured by the Linguistic Inquiry and Word Count [LIWC]
software; Tausczik & Pennebaker, 2010) and well-being;
however, there was an association between negative emo-
tional expression in status updates in recent months and low
levels of subjective well-being (Liu et al., 2015).

To date, most of the studies on the association between
language used in online communication and positive mental
health have been conducted in English-speaking samples,
with a few exceptions (Luhmann, 2017). The present article
seeks to fill this gap and further expand current knowledge of
the relationship between online language and positive mental
health by exploring the association between these variables
in a large sample of Russian Facebook users.

Method

Study Procedures

Data presented in this article were collected in November
2015 as part of a larger study described in an earlier publica-
tion (Bogolyubova et al., 2018). A Facebook-based applica-
tion, built specifically for this project and approved via
Facebook API, was employed to run the survey and to collect
public wall posts from consenting respondents’ profiles.
Participant recruitment was conducted via a 14-day Facebook
Ads campaign targeted to adult users located in Russia and
accessing the network via a desktop computer or a laptop.
The study was approved by the Ethics Committee of St.
Petersburg State University.

Study Sample

A total of 6,724 participants were recruited and completed
the questionnaire; however, as has been reported in
Bogolyubova et al. (2018), sufficient linguistic data were
available only for 1,972 users and all analyses reported in the
current paper were run for this subsample. The demographic
characteristics of the participants in this subset were as fol-
lows. Age information was available for 1,909 users in the
dataset and their mean age was 45.7 years (SD = 11.6; age
range = 18-82 years); 73.4% of the subjects were female.
Most of the participants were active Facebook users with
88% reporting daily use; 79.3% had a university degree and
78.6% were employed.
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Psychometric Instruments

Positive mental health was assessed using the WHO-5. Each
of the items of WHO-5 is scored on a 6-point Likert-type
scale, with possible answers ranging from 0 (af no time) to 5
(all of the time). The final score is a percentage obtained by
multiplying the raw score by 4 and is ranged from 0 (a total
absence of well-being) to 100 (a maximum well-being). The
Russian language version of WHO-5 was downloaded from
the instrument’s official website at https://www.psykiatri-
regionh.dk/who-5/who-5-questionnaires/Pages/default.aspx.
In our study, the scale demonstrated high internal consis-
tency with Cronbach’s oo = .85.

Linguistic Analysis

Linguistic data analysis included the description of the wall
post texts’ numeric characteristics, as well as morphological,
sentiment, and semantic analyses.

Numeric characteristics. For each post, average sentence
length and post length in sentences and words/punctuation
marks were calculated and described.

Morphological analysis. For every word-form in the text, a
normal form and morphological information were obtained,
including parts of speech, person and number, verb modality
features, nominal features, adjective characteristics, possessive
pronouns, and style characteristics. This was performed with
PyMorphy analyzer for the Russian language (Korobov, 2015).

Sentiment analysis. This was conducted using RuSentiLex
(Loukachevitch & Levchik, 2016). It is a lexicon of senti-
ment-related words containing 12,000 words and expres-
sions, available for free download at http://www.labinform.
ru/pub/rusentilex/index.htm. RuSentiLex differs from simi-
lar available resources in that it has been manually evalu-
ated at the final stage of production; it covers information on
sentiment ambiguity, at the moment it is the largest sentiment
lexicon in Russian (Rogers et al., 2018) and has been suc-
cessfully applied in a number of research studies (Bobichev
et al., 2017; Loukachevitch & Rusnachenko, 2018; Pisarevs-
kaya et al., 2017).

The RuSentiLex vocabulary contains the following fields:
word/phrase with its lemmatized form, part of speech, senti-
ment orientation, and the source of the sentiment. Sentiment
orientation can be positive, negative, neutral, or positive/
negative, the latter meaning highly context-dependent senti-
ment. The source of the sentiment includes opinion, feeling,
and fact, the latter implying non-opinionated words with
negative or positive connotations.

In the current study, words annotated as expressing posi-
tive, negative, or neutral sentiment in RuSentiLex were
included in the analysis. To account for the ambiguity

contained in the lexicon, only words expressing a single senti-
ment were included.

Semantic analysis. Semantic analysis is aimed at repre-
senting word meaning, which cannot be accessed directly
by analyzing written word forms. To encode word mean-
ing, distributional semantic models are widely used (Bar-
oni et al., 2014; Mikolov et al., 2013; Widdows, 2004). In a
distributional semantic model, word meaning is represented
as a function of the context distribution, in which the word
is attested in a large text corpus. Thus, the distributional
semantic space is created, where every word meaning is rep-
resented as a vector of other words occurring in its context
in the corpus.

The idea behind distributional semantic modeling is that
words with similar meanings tend to occur in similar con-
texts, while words with different meanings occur in different
contexts. Broader semantic domains can be represented as
clusters of words in the distributional semantic space (Baker
& McCallum, 1998).

The semantic model used in our analysis was created by
Kutuzov and Kuzmenko (2017). The word-embedding
semantic model was obtained by performing a neural net-
work algorithm based on the Russian National Corpus. The
corpus was first preprocessed, and morphological analysis
was performed. Every word in the model is represented as a
prediction of its contexts in a high-dimensional vector space.
The current model includes a context window of [-2; 2]
words and contains 300 dimensions. The model is available
for free download as a part of the WebVectors toolkit at
http://rusvectores.org/ru/models/.

To obtain broader semantic domains, we have applied
K-means clustering to all the frequent words. Words, which
occur in texts by at least 10 authors, were included in the
clustering procedure—that is, 3,700 words. Previous work
has shown that the most homogeneous, interpretable, and
precise semantic clusters are obtained by applying K-means
clustering with Euclidean distance to the described vector
space (Panicheva et al., 2016).

In K-means clustering, the user indicates the desired
number of clusters. Initially, every word is assigned to one
cluster randomly. Then, at each step, every word is assigned
to the cluster that is closest to it in the semantic space. After
every word is assigned to a cluster, the cluster centroids are
recalculated. The steps of cluster assignment and centroid
recalculation are repeated until the centroids no longer
change their position after recalculation. The algorithm
results in K clusters. Each cluster represents a group of word
meanings situated close to each other in the semantic space
(Manning & Raghavan, 2008; Sculley, 2010; Xu & Wunsch,
2005).

K-means clustering was performed with the scikit-learn
toolbox for Python (Arthur & Vassilivitskii, 2007; Pedregosa
et al., 2011). Manual labeling was applied to the resulting
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Table 1. Correlations Between Linguistic Features and Mental Well-Being.

Linguistic features

Impersonal predicates
Negative valence
Positive valence

Must, should, need, mustn’t, shouldn’t
Skeptical, competitor, weak, tense, to humiliate
Marvelous, sunny, enthusiasm, to smile

Examples of words? r, p°
-.085 .0l
-.056 .039
-.001 977

Note. * Translated from Russian.
®False discovery rate—adjusted p values.

clusters. In our task, the optimal settings in terms of cluster
interpretability and labeling were K = 184 clusters, or on
average 20 words per cluster.

Data Analysis

Descriptive statistics were computed for the WHO-5 scores.
Spearman’s correlation (r,) was applied to explore associa-
tions between positive mental health and numeric, lexical,
semantic, and morphological features of the study partici-
pants’ wall posts. All lexical, semantic, and morphological
characteristics were controlled for total speech volume.
False discovery rate (FDR) correction for multiple hypoth-
esis testing was applied to eliminate the random effects of
testing numerous hypotheses (Benjamini & Hochberg,
1995). Statistical analyses were performed using SPSS 25
and the SciPy library (Jones et al., 2001; Zwillinger et al.,
1999).

Results

Positive Mental Health

The mean level of MWB, as measured by the WHO-5
index, was 60.0 (SD = 19.1; range = 0—100) for the whole
sample; however, there was a statistically significant differ-
ence in the mean WHO-5 scores between male (M = 62.04,
SD = 19) and female (M = 59.25, SD = 19) participants,
with females scoring lower than males: —2.79 (95% confi-
dence interval [CI]: —4.7 to —0.89), #(1,970) = —2.879,p <
.005. In 28% (n = 553) of the study participants, the
WHO-5 score was =50; 76% of these were female. In addi-
tion, there was a weak positive relationship between age
and MWB (r, = .059, p < .01).

Numeric Characteristics of the Wall Post Texts

The application downloaded public wall posts from the
Facebook accounts of the consenting participants, and as this
study was exclusively concerned with the texts authored by
the user, all reposted materials were excluded. The final data-
set consisted of 15,281 posts, with an average of 7.67 (SD =
5.69) posts per participant. An average length of post was
24.77 sentences (SD = 38.13) or 311.99 tokens (SD =
565.56).

Sentiment Analysis

Spearman’s correlation revealed inverse association of the
negative sentiment words’ use with MWB, 7(1,970) = —.056,
p = .013. However, there was no significant correlation
between the use of positive sentiment words and MWB score
r(1,970) = —.001, p = .977. These correlations are presented
in Table 1.

Morphological Analysis

The frequency of using impersonal predicates (such as must,
should, need, have to, mustn t, shouldn t, etc.) was negatively
correlated with MWB score, 7(1,970) = —.085, p = .0002
(FDR-adjusted p values are reported; see Table 1).

Semantic Analysis

The interpretation of semantic features of the participants’
wall posts was achieved by means of clustering procedure
based on distributional semantic modeling. The full list of
clusters with description of their content can be accessed in
AUTHOR et al. (2018).

In the present study, high MWB scores were positively
correlated with semantic clusters focused on creativity,
development, and activity (Cluster “Creation and Activity”)
as well as on divinity, faith, and religion (Cluster “Faith”).

However, high MWB scores exhibited negative correla-
tions with semantic clusters containing negative evaluative
judgments (Cluster “Evaluative Judgments™), topics related to
money and payments (Cluster “Monetary Affairs”), and with
highly emotional expressions (Cluster “Highly Emotional”).

Correlation between semantic clusters and MWB scores
did not remain significant after the FDR correction. However,
these findings are reported here as preliminary data useful in
selecting avenues for further research.

Examples of semantic features positively and negatively
associated with MWB are presented in Table 2.

Discussion

The goal of this study was to explore the relationship between
positive mental health and online language in a non-English-
speaking population. A large sample of Russian Facebook
users was recruited to meet this objective.
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Table 2. Semantic Clusters Associated With Mental Well-Being.

Positively associated topics

Cluster Examples of words? r, p° p (FDR)

Creation Creative, development, to implement, fulfillment, .059 .009 .34
realization, creativity

Faith Angel, immortal, grace, God, eternity, prophetic, devil, .046 .041 .57
prayer

Action To act, change, process, movement, practice, path, .044 051 .58
transformation

Negatively associated topics

Cluster Examples of words® r, p°

Evaluative Judgements Useless, stupid, idiot, vulgar, boring, stubborn -.078 <.001 .09

Monetary Affairs Salary, credit, payment, expense, discount, cost -.072 .001 A3

Highly Emotional Amazing, horrible, cute, awful, scary, stunning, funny, -.065 .004 24

sadly

Note. FDR = false discovery rate.

“Translated from Russian. ® Corrections for multiple comparisons not applied.

The mean MWB score in the study sample, as measured
by WHO-5 scale (M = 60.0, SD = 19.1; 62.04 for men vs.
59.25 for women), was lower than that reported for national
samples in Iceland (M = 64.74, SD = 18.80; 66.40 for men
vs. 63.44 for women) and Denmark (M = 68.7, SD = 19;
70.6 for men vs. 66.9 for women) in previously published
research (Bech et al., 2003; Gudmundsdéttir et al., 2014).
This is in line with previous observations that Eastern
European samples report lower levels of psychological well-
being in comparison to other European groups (Schutte et al.,
2014). Female participants were more likely to report lower
MWB in comparison to males, and this result is also consis-
tent with previously published findings, including those from
post-communist states (Fortin et al., 2015; Meisenberg &
Woodley, 2015).

One of the key findings of this study was the demonstra-
tion of a relationship between MWB and the use of positive
and negative sentiment words in online environments similar
to that described by Liu et al. (2015). In line with previously
published research conducted in English-speaking samples,
no significant association was found between high levels of
MWB and positive sentiment words, but, at the same time,
an inverse correlation between high levels of positive mental
health and the usage of negative sentiment words was sig-
nificant. This may indicate that in Russian, as well as in
English, the usage of positive sentiment words in online
environments reflects digital persona curation rather than
any actual psychological state and, on the contrary, negative
sentiment words are more closely associated with psycho-
logical functioning, and individuals in a positive state of
mind are less likely to use them in their online expression.

The second key finding of this study was the identified
inverse association between the use of impersonal predicates

(e.g., “have to”, “shouldn’t”) and MWB. Impersonal predi-
cates are usually associated with expressing obligations
imposed by an external force and exerting control over the
actor (Wierzbicka, 1992). The association between frequent
use of impersonal predicates and lower levels of MWB fits
well with a long-standing tradition in psychology and psy-
chotherapy to regard “should statements” (also known as
“shoulds”) as detrimental to mental health and well-being.
“Should statements” were originally described in 1950s by
Albert Ellis, the founder of Rational Emotive Behavioral
Therapy (REBT), as part of his conceptualization of irratio-
nal beliefs (Ellis, 1994). According to Ellis, irrational beliefs
are rigid and absolutistic cognitive constructs that define and
distort individual’s view of reality and ways of responding to
it. The inflexible demands of such irrational beliefs are asso-
ciated with vulnerability to stress and negative mental health
outcomes (Visla et al., 2016).

Finally, our research explored the associations between
the topics present in the study participants’ wall posts and
their MWB. These topics were identified by means of seman-
tic clustering. Higher levels of MWB correlated with posting
on topics related to creative activity and personal growth and
development, as well as topics related to faith and religious
practice. The connection between creativity and creative
expression has been shown to predict various aspects of posi-
tive mental health in a number of studies conducted in cultur-
ally diverse groups (Sherman & Shavit, 2018; Tamannaeifar
& Motaghedifard, 2014), and the positive role of religion and
spirituality in MWB has also been researched extensively
(Stavrova et al., 2013). Our results support and supplement
the existing research by demonstrating that these associa-
tions are not limited to self-report and can be reflected in
individuals’ language.
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In turn, lower levels of MWB were associated with the
use of negative evaluative judgments and emotionally
charged expressions in online language, as well as with the
discussion of topics related to money, expenses, and income.
The use of negative evaluative judgments in wall posts may
reflect hostility (both other- and self-directed), which is fre-
quently associated with neuroticism, mental health issues,
and negative health behaviors (Kachadourian et al., 2018;
Kabhler et al., 2004). Extensive use of emotionally charged
expressions may be indicative of emotional dysregulation
and associated distress. Strong focus on monetary affairs
may reflect excessive materiality and/or be indicative of
financial strain, which has been found to correlate with low
levels of MWB (Annink et al., 2016; Sturgeon et al., 2016).

The study presented in this article makes a contribution to
the growing body of research on the association between
positive mental health and language in online environments.
This is the first study to explore this topic in a large Russian-
speaking sample, recruited from a social media website;
however, a number of limitations must be addressed.

First and foremost, it must be noted that the size and
significance of effects for the association between linguis-
tic data and self-report in this study were modest. While
this is typical for author profiling studies utilizing social
media datasets (Schwartz et al., 2013; Sumner et al., 2012),
caution should be exercised when interpreting the results
of the study, as obtained correlation coefficients are tradi-
tionally viewed as representing weak relationship between
the variables in question. Moreover, full linguistic data
were available only for part of the sample and, therefore,
observed associations may be limited to this subsample
only.

Second, self-selection bias could have affected the results
as the study participants accessed the study via a Facebook
Ad campaign and there is some likelihood that this strategy
disproportionately attracted those users with a particular
interest in psychological research. The resulting composition
of the sample was predominantly female (73.4%) and this
limits our ability to generalize the findings.

Third, Facebook is not the most popular social network-
ing site in Russia; therefore, the findings acquired in this
environment may not be automatically extrapolated to a
wider Russian population. And, finally, the assessment of
positive mental health in this study was based exclusively on
self-report and, therefore, could be subject to bias.

In conclusion, results of the present study confirm and
expand existing findings on the association between posi-
tive mental health and online language. To our knowledge,
this is the first large-scale research study to explore possible
linguistic markers of MWB in a Russian-speaking sample.
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