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ABSTRACT

Linguistic features are crucial in identifying psychological states. Prior
studies have attempted to investigate the influence of psychological states
on individual language usage through quantitative analysis, as well as which
linguistic features can effectively indicate an individual’s psychological state.
Conducting a systematic review of pertinent literature, this study initially
outlines the linguistic features related to psychological states extracted
quantitatively, encompassing three dimensions: vocabulary, syntax, and
emotion. Subsequently, it summarizes the correlations between linguistic
features across different levels and psychological states based on quantitative
methods. Last, the limitations of existing research are discussed. This study
contributes to a deeper understanding of the rationale, significance, and
applicability of applying linguistic features in detecting psychological states
and provides guidance for future research in this domain.
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1. Introduction

Mental disorders have emerged as a leading cause
of the global disease burden. Research, in recent,
has focused on computationally treating language
as a meaningful tracker of the evolution of
psychological risks using quantitative methods.’
The motivation for this line of research stems from
the premise that individuals’ psychological states
can manifest in their writing and communication styles,
potentially allowing for automatic identification.?
This domain could contribute to recognizing changes
in an individual’s psychological state through digital
channel, which serves as a critical aspect at the
intersection between language and mental health
studies. Meanwhile, these studies are expected to
alleviate the scarcity of resources for mental health
by providing timely, efficient, and reliable monitoring
and diagnostic services.

Previous studies, based on quantitative analysis,
have found that linguistic features at multiple levels
are related to individuals’ psychological states.?
Linguistic features, especially at lexical, syntactic,
and sentiment levels, exhibit significant differences
in texts generated by individuals with different
psychological states.*® Specifically, word, as the
basic unit of the human language system, is closely
related to psychological symbols and concepts.? In
addition, syntax, as the representation of cognitive
mechanisms, reflects individuals’ organizations of
phrase positions, constructions of sentence structures,
and expression of event relationships.®” Furthermore,
sentimental expression, involving the interaction
between the individual’s language system, cognition,
and neural networks for emotional processing,
conveys the ways and feelings of experiencing the

world, feelings, needs, and anticipations.®

This study attempts to summarize the relationship
between linguistic features from different dimensions
and psychological states and have a systematical
review of such line of research based on quantitative
approach. The objective of our study is two-fold.
First, the findings of previous studies in this area
are summarized to provide a potential new approach

for future clinical transform and medical services.
Second, the gaps or deficiencies in such line are
identified to direct future studies.

2. Overview of linguistic features

related to psychological states

The language system in the human brain is the
carrier of human thoughts and the representation
of cognition.” In other words, language serves as a
window into the inner world of individuals with the
reflection of their emotions, cognition, and
psychological states. This section provides an overview
of the linguistic features of individuals with mental
disorders from the lexical, syntactic, and emotional
levels based on quantitative methods (see Table 1).

2.1. LEXICAL LEVEL

Previous studies on the lexical features of texts
produced by individuals with psychological disorders
fall roughly into two groups based on their foci and
methods used.” The first group of such research
examines lexical features from a micro perspective.
In other word, they focus on the use of specific words
(personal pronoun, insight words, and absolutist
words), which could reflect individuals’ focus, social
status, and attention habits.>'® For instance, high-
frequency words could reflect individuals’ focus and
attention habits.> In addition, personal pronouns are
found to reveal social status, like social engagement
and social isolation.'® Meanwhile, the frequent use
of absolutist words (always, completely) may indicate
extremist tendencies since these words are believed

to represent absolutist thinking."

The second group investigates lexical features from
a macro perspective. Lexical features from a macro
perspective refer to the overall lexical characteristics
at the textual level, such as the ratio of unique words,
cumulative frequency distribution, and repetition
ratio.”” For example, the more repeated words
demonstrate the higher textual concentration and
lower lexical richness. In contrast, the more rarely used
words suggest the richer word types with more
textual information.”® Moreover, the average word

length could reflect an individual's language ability,
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discourse style, and textual complexity. Compared
with specific words, lexical features from the macro
perspective could capture objective, diverse, and a
lexical

complete view of an individual's

characteristics.™

2.2. SYNTACTIC LEVEL

The investigations of syntactic features pertinent to
psychological states could be divided into shallow
and deep syntactic features. On the one hand,
shallow syntactic features refer to simple indicators
in a sentence, such as average sentence length,
numbers of tokens in the past, present and future
tenses, and the proportions of different part-of-
speech tags.” For example, previous studies have
shown that short sentences and frequent objects
effectively convey the most relevant details and
final indicative information with an individual's foci.'®
In addition, individuals produce more adverbs,
adjectives, more digressive sentences, and descriptive
content when experiencing cognitive impairments,
such as thinking disorders, comprehension reduction,

and distraction."”

On the other hand, deep syntactic features represent
more complex syntactic structure measurement
which focuses on grammatical subordination and
embedding, such as types of clauses, phrases, and
subordinate relationships.® In particular, the previous
research revealed individuals’ higher cognitive ability,
language proficiency, and thinking patterns based
on more embedding and subordinate sentences
produced from given grammatical information.® It
is worth noting that some software programs currently
could calculate syntactic structure features of texts
automatically and accurately, such as Biber Tagger,'
L2SCA,¢ and Coh-Metrix.?°

2.3. SENTIMENTAL LEVEL

Previous studies have primarily relied on sentiment
analysis to extract sentimental features, which could
reflect the polarity of emotions and the degree of
emotionality.?! In a narrow sense, sentiment analysis
refers to the identification of emotional poles:
positive, negative, and neutral. In a broad sense,

sentiment analysis encompasses two dimensions:

emotion and sentiment, which facilitate in-depth
understanding and identification of an individual’s
mental needs.?? Emotion analysis, as a branch of
sentiment analysis, focuses on identifying various
basic emotions, such as anger, anticipation, disgust,
and fear.? While sentiment is the effect of emotion.
For instance, “happiness” is a category of emotion

and “positive” is the corresponding sentiment.

The approach for sentiment analysis mainly includes
two categories currently. The first is dictionary-based
method.? To be specific, this method calculates the
frequency of different emotional words to determine
textual sentiment or emotion based on dictionaries.?
The popular sentiment dictionaries include LIWC,?
NRC,? and Bing.? The second method is based on
machine learning.’”” The key of this method is to
establish algorithms for recognizable models for
textual sentiment and mood. It operates with two
steps. First, algorithms are applied to part of the
dataset (training set) to construct classifiers, such as
Support Vector Machine (SVM) and Generalized
Linear Model (GLM). Second, the classifiers are
employed to test the rest of dataset (test set) to
predict sentiment polarity.?’

3. Materials and Methods

This section includes three parts. First, we summarize
the materials related studies used. Meanwhile, we
outline quantitative methods for extracting indices
of linguistic features. In addition, we report the main
quantitative methods for investigating the relationship

between linguistic features and psychological states.

3.1 MATERIALS

Early studies in these areas have primarily utilized small
datasets, such as spontaneous speech, questionnaires,
or written texts. Over the past decade, there has
been a significant shift towards using data collected
from social media platforms, including Meta (formerly
Facebook), Twitter, and Reddit, etc. This trend is
attributed to the distinct advantages offered by social
media. First, many social media platforms ensure a
high level of user anonymity, making them a preferred
medium for individuals with mental disorders to

discuss or mention their issues more discreetly.
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Second, social media provides vast amounts of
multimodal data, presented in a chronological
manner. More importantly, data from social media

can complement traditional clinical information in a

cost-effective manner.

Table 1. Linguistic features pertinent to mental disorders extracted from quantitative methods

Level Categories

Examples

Lexical richness (TTR, Entropy, rare word

a macro perspective

ratio); Lexical density; Lexical complexity,
etc.

Functional words (pronouns, articles,
auxiliary);

Cognitive process (insight, certainty,
tentativeness);

Lexical
features
a micro perspective

Perceptive process (feelings, vision,
auditory);

Biological process (body, health/diseases,
digestion);

Personal foci (work, entertainment, money,

religion, death); Social words (family,

friends):

Punctuation marks (period, comma, colon,

question mark); Personal pronoun, spatial,

and temporal words ratio

The proportions of different parts of speech
shallow syntactic features (nouns, adjectives, object, adverb);

Syntactic
features
deep syntactic features

Discourse length ; Average sentence length
Syntactic complexity (clause number,
complex nouns number); Dependency

distance; Dependency tree, etc.

Sentiment Sentiment

features Emotion

Positive, Negative, neural
Anger, anticipation, disgust, fear,
happiness, sadness, surprise, trust, etc.

Note: Most of the linguistic features in Table 1 are calculated by mean, medium, and standard deviation. See details

of formulas inCalz'a et al.,® Du & Sun,"?and Du."?

3.2 METHODS FOR EXTRACTING INDICES OF
LINGUISTIC FEATURES

Methods for extracting indices of linguistic features
generally has categorized into two types, namely,
top-down and bottom-up.? Specifically, top-down
methods aim to represent the psychological concepts
in language, which are essential based on the method
of word counting.? Word counting involves defining
lists of words and phrases that are used to represent
a concept of which contain markers of psychological
construct, state, or trait, and then using algorithms to
find and count their lists.”" In other words, the more
higher frequency words used, the more likely the user
is thinking a certain way, experiencing a particular
emotion, and focusing a specific topic.

In contrast, bottom-up methods, can also be referred

to as the data-driven approach, view language as a

whole to computationally model the patterns that
parse language into interpretable quantities for
analysis.” The bottom-up methods apply advance
techniques, such as Machine Learning, Artificial
Intelligence, and Computational Linguistics, to
contextual language. To be specific, techniques like
the Bag of Words, Term Frequency-Inverse Document
Frequency (IF-IDF), Word Embedding, and N-gram
language modelling, could conceptualize language
through lens of words, the co-occurrence of words,
and the statistics produced by more primitive
variables.®3% By doing so, these methods could
extract the varied meanings of words and sentences

with different usage and functions across context.

3.3 METHODS FOR INVESTIGATING RELATION
Research methods, exploring the relationship

between linguistic features of different dimensions
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and psychological states, mainly includes two
categories. In the first category of method, studies
in this line employ statistical analysis methods. For
example, some studies have used descriptive statistical
analysis (means, variance) to quantify linguistic feature
indicators from the overall structure and distribution
of texts generated by individuals among different
psychological states.”” Moreover, inferential statistical
analyses (ANOVA, T-test, regression analysis) were
employed to test whether there are significant
differences or linear relationships in various linguistic
features and different psychological states.!" Last,
meta-analysis methods could systematically review
previous research results to verify how psychological

states affect individuals' linguistic features.?

In the second category, studies focused on
classification methods to explore the predictive
performance of linguistic features to psychological
states. Specifically, this line of research was
implemented with machine learning algorithms to
achieve their classifications. Then, they reported
the predictive performance of the selected language
features, such as accuracy, precision, recall, and F1
scores.'”? The higher value indicates the better
performance. Compared to traditional methods,
machine learning has two merits. First, machine
learning algorithms could decipher the hidden
information since they are more sensitive to data
structure.? Second, machine learning could manage
and analyze massive datasets and variables

automatically and fast.?

4. Results and Discussion

This section systematically reviews the relationship
between linguistic features at multiple levels and
psychological states based on different quantitative
methods. The previous research has revealed the
effects of psychological states on individuals’ linguistic
features, as well as the predictive performances of
linguistic features on individuals’ psychological states.

4.1 LEXICAL FEATURES AND PSYCHOLOGICAL
STATES
Many prior studies have explored the relationship

between lexical features and psychological states

based on statistical analysis methods. However, the
results of some studies were lack of generalizability.?'
The following thus primarily reports on repeatable
research findings in four categories.

First, first-person singular pronouns show significant
differences among different psychological states.
For instance, first-person singular pronouns occur
frequently in texts generated by individuals with
mental disorders, such as emotional vulnerability,
narcissism, bipolar disorder, self-doubt, depression,
suicidal tendencies, and suicide.’?'32 |n addition,
Tolbell* verified that a small but positive correlation
exits between depression and the use of first-person
singular pronouns through meta-analysis. The reason
is that high-frequency first-person singular pronouns
reflects individuals’ self-focus, which further embodies
lower dominance and adaptability, higher self-

importance, and more severe emotional distance.®

Second, absolutist words with absolutism thinking
differs significantly in different psychological states.
Specifically, previous studies have indicated that
individuals with mental disorders use more absolutist
words, such as borderline personality disorder (BPD),
emotional eating disorder, depression, and suicide.*
Meanwhile, the higher frequency of absolutist
words suggests the more severe mental disorders."
More importantly, Al-Mosaiwi & Johnstone'" revealed
that absolutist words may be more accurate than
pronouns and negative emotion words in recognizing
mental disorders. The reason may be that the
calculation of absolutist words is not involved in
context.® Last, frequent use of absolutist words
could reflect individuals' irrational thinking patterns
to indicate their mental disorders."

Third, lexical features at textual level could effectively
identify psychological states. The possible reason
has two perspectives. On issue is that the lexical
richness and the severity of mental disorders have
a negative correlation.” To be specific, Litvinova et
al.** found that individuals produce texts with lower
lexical richness when scoring higher in introversion,
sadness, aggressiveness, emotional instability,
depression, PTSD, and suicide. Another issue, the

© 2024 European Society of Medicine 5



more severe mental disorders an individual has, the
lower uniformity of word frequency distribution
and the more fragmented writing patterns occur.™
For instance, Kim et al.¥’ found that when
individuals in PTSD recovered, the organizational
structure of their expressions regarding trauma
memories enhanced, and fragmentation decreased.
The reason is that lexical features at textual level
could present individuals' comprehensive ability of
language organization, which reflects the degree
of their focus on the world.

Last, the research based on classification methods
have revealed that lexical features are effective for
identifying psychological states. Specifically, Du &
Sun® and Du™ applied binary classification based
on machine learning to acquire first-person pronouns
accuracies of 76.2%, 74.7%, and 82.6% in the
prediction of anxiety, depression, and suicidal
ideation respectively. Similarly, absolutist words
and lexical richness indices obtained accuracies of
61.5%, 65.8%, 74.4% and 72.0%, 75.3%, 82.5%

respectively.

4.2 SYNTACTIC FEATURES AND PSYCHOLOGICAL
STATES

Prior studies could fall into three categories in
exploring the relationship between syntactic features

and psychological states based on statistical analysis.

First, different psychological states affect the
proportion of parts of speech in an individual's
text.3® For instance, individuals with suicidal ideation
use more nouns as objects to express their decisions.*
In addition, texts generated by schizophrenia
individuals contain more nouns and fewer verbs as
predicates.®® Moreover, the depressed use more
adverbs and adjective to organize more descriptive
sentences.” Last, compared to non-suicide notes,
Kim et al.” found that suicide notes contain fewer

modifiers and future tense verbs.

Second, individuals with different psychological
states produce significant differences in the average
sentence length.*" On the one hand, some studies
found that individuals construct simplified sentences

when in stress, suicidal ideation, and schizophrenia.’
The possible reason is that they focus on conveying
the most relevant details to express final information
and intentions. Meanwhile, Bhatia et al.*? presented
that the average length of suicide notes was 150
words in their study. On the other hand, other studies
show opposite findings, that is the higher total word
number indicates the more physical discomforts.
For example, suicide survivors and individuals
impending suicide use longer sentences and
increase textual length rapidly.*4

Last, the previous research indicates that syntactic
complexity is negatively correlated with the severity
of psychological states.” In other words, individuals
with mental disorders yield texts with lower syntactic
complexity, such as borderline personality disorder,
schizophrenia, PTSD, suicidal ideation, and suicide.'®%
To be specific, they have difficulties in discourse
expression with the lack of referential cohesion
since their impaired cognitive abilities and thinking
disorders.*> Furthermore, these disorders affect
individuals’ language skills resulting in ambiguous,

Sparse, or irrelevant sentences.

4.3 SENTIMENT FEATURES AND PSYCHOLOGICAL
STATES

Previous research pertinent to linguistic features at
sentiment level could be roughly divided into three
categories to explore their relationship to
psychological states based on traditional statistical
analysis findings.

The first category indicated that the positive
correlation exists between the degree of mental
disorders and the negative words as well as the
degree of happiness and the positive words.?' For
example, individuals with mental disorders
(depression, suicide) use more negative words and
fewer positive words.*’#¢4” In addition, Telbgll*
employed meta-analysis to test that depression has
a small but positive and a small negative correlation

to the use of negative and positive words, respectively.

Second, some studies suggested that only negative
words are related to mental disorders. Specifically,

© 2024 European Society of Medicine 6



the more negative words reflect the less mental
health.”® For instance, individuals with mental
disorders (depression, pre-suicide, suicide) use more
negative words, while the use of positive words
present no significant difference compared to the
control group.*’ Furthermore, individuals who commit
suicide, attempt suicide and suffer from depression
produce more negative words (such as anxiety,
sadness, anger, self-blame, and fear).>%>!

The third category indicated that only positive words
have positive correlation to mental disorders. For
example, Holmes et al.>® showed that high-frequency
positive words have slightly positive relation to
aggravated pain symptoms and the degree of
depression, respectively. Meanwhile, Handelman &
Lester™ found that the notes of individuals who had
committed suicide contained more positive sentiment
than those of individuals who had attempted suicide.
In addition, Leenaars® revealed that real suicides
use a more positive tone since they believe that the
suicide note is the last opportunity to express gratitude,
love, and care for survivors. Last, Pennebaker & Stone®
found that a young woman named Katie used more
positive sentimental words near death since the

suicide decision may improve her emotion temporarily.

It is worth noting that the linguistic features at
sentiment level show a good performance in the
recognition of psychological states based on the
research findings of classification methods. For
example, De Choudhury et al.*® applied emotional
words to detect the risk of postpartum depression
with the accuracy of 71.21%. Moreover, Tsugawa
et al.”” combined positive and negative words with
machine learning algorithm to obtain a predictive
accuracy of 79% on depression. Last, Du & Sun®
presented that the emotional intensity has an accuracy
of 78.5%, 76.7% and 82.1% in predicting anxiety,
depression, and suicidal ideation, respectively.

5. Research limitations and future

directions

To date, new liberal arts and modern computational
technologies have developed rapidly. The research

pertinent to the analysis of an individual’ linguistic
features is on the verge of a significant revolution
in the prediction of psychological states.® However,
these previous studies may still have several limitations.

First, some studies relied on simplified indices like
word frequency for the extraction of linguistic features,
rather than fine-grained quantitative measures. The
previous research indicates that linguistic features
extracted from simplified indices have lower predictive
power in identifying psychological states.® In addition,
the lack of precise measurements may lead to
negative outcomes such as misdiagnosis, improper
treatment, and undue panic. Therefore, future
research should employ advanced techniques to
extract comprehensive linguistic features for in-
depth understanding of language use across different

psychological states.

Second, there is few studies focusing on non-English
languages when the research on the relationship
between psychological states and linguistic features
are increasing. More importantly, cross-linguistic
feature extraction may affect research results in
their reliability, comparability, and transferability
due to typological peculiarities (e.g., morphological
structure).’ Consequently, future research should
establish a multimodal corpus specifically for non-
English speaking individuals with psychological
disorders. Moreover, it is essential to develop detailed
statistical analyses and performance assessments
to use linguistic features in non-English languages

for the identification of psychological states.

Last, previous studies have mainly focused on the
description of the relationship between language
and psychological states. However, fewer studies
have explored the principle rational of this relationship
from cognitive mechanisms and neurology.” The
traditional statistical analysis methods may result in
overfitting, which needs further validation.*
Meanwhile, research results based on sole
classification methods might struggle to balance
predictive accuracy with interpretability.?? Therefore,
future research should leverage interdisciplinary
advantages for theoretical development based on

© 2024 European Society of Medicine 7



multi-theoretical approach involving cognitive,
pragmatic, and clinical perspectives.

6. Conclusion

This study first reviews the current research on the
relationship between linguistic features and
psychological states. Subsequently, it summarizes
various linguistic features automatically extracted
from lexical, syntactic, and emotional levels. In
addition, our study outlines the main methods and
findings of previous research. Moreover, we give
advice for future studies and researchers. First, future
research should enrich the repertoire of linguistic
features, validate the generalizability of statistical
analysis results, and improve the accuracy and
robustness of machine learning algorithms in
identifying an individual's psychological states.
Second, researchers should expand the scope of
research, enhance theoretical innovation, and address
practical issues. In particular, they should improve
the research on the relationship between linguistic
features and mental health by using artificial
intelligence, big data technologies, and natural
language processing. Last, there is potential to
develop sensitive, low-cost, and non-invasive
screening tools for mental disorders and monitoring

psychological states in clinical practices.
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