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Abstract

Diagnosing mental disorders is complex due to the genetic, environ-
mental and psychological contributors and the individual risk factors.
Language markers for mental disorders can help diagnose a person.
The differences in the usage of language between groups are called
language markers. Research thus far on language markers and the as-
sociated mental disorders has been done mainly with the Linguistic
Inquiry and Word Count program (LIWC). In order to improve on
this research, we compare the following models LIWC and spaCy and
the deep learning models fastText and RobBERT to Dutch psychiat-
ric interview transcriptions. These are analysed with the goal to find
out if a person has a mental disorder and if so which one. Further-
more, the second goal of this research is to find out which language
markers are associated for a person with a mental disorder and which
markers are associated for a person without. LIWC in combination
with the classification algorithm random forest performed best in
predicting if a person has a mental disorder (accuracy: 0.952; Cohen’s
kappa: 0.889) and spaCy in combination with random forest pre-
dicted best which mental disorder a person has (accuracy: 0.429; Co-
hen’s kappa: 0.304). For the qualitative comparison, stop words were
removed in order to investigate the influence on the accuracy and the
Mann-Whitney U test and LIME are applied to gain further insight
into the language markers. The language markers found for people
with a mental disorder were 1sg pronoun and focuspast using
LIWC. The spaCy variables were based on lemmas and their depend-
encies. The spaCy language markers found for people with a mental
disorder were ik doen nsubj, ik gaan nsubj, ik hebben nsubj
and ik komen nsubj. The results show that the models which fo-
cus on the stilistic difference between words, scored best. The deep
learning models were in this research poorly able to find the right
cues to label an interview transcription correctly.

Keywords: Language marker · NLP · LIWC · spaCy · RobBERT ·
fastText · LIME
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1 Research plan

The contribution of mental disorders are a major part of the global
burden of disease (Whiteford et al., 2013) and in 2017 accounted
for 10.7% of the global population (Ritchie & Roser, 2020). This
contribution is not keeping an even position, but is rising mainly
in developing countries (Whiteford et al., 2013). Furthermore, men-
tal disorders have a substantial long term impact on individuals,
caregivers and society (McIntosh et al., 2016). The challenge of dia-
gnosing a mental disorder is the complexity of the multiple genetic,
environmental and psychological contributors and the individual risk
factors (Russ et al., 2019).

Data science can offer opportunities to diagnose patients and
to predict outcomes, patients preferences and treatment reactions
(McIntosh et al., 2016). Combining data science with human lan-
guage is called Natural Language Processing (NLP) and it is in-
creasingly being used on electronic health records (EHRs) to study
mental health (Perera et al., 2016). It can for example be used to
identify symptoms, treatments and health trajectories (Russ et al.,
2019). Furthermore, research has also shown that people with men-
tal health difficulties use distinctive linguistic patterns (Lyons et al.,
2018). An increased use of the first singular pronoun (I) is a sign of
being more self-focused and is a language marker for mental distress
(Lyons et al., 2018).

The research thus far on language markers of mental disorders has
focused mainly on the Language Inquiry and Word Count (LIWC)
software program (Calvo et al., 2017). This technique calculates the
number of words of certain categories that are used in a text based
on a dictionary (Pennebaker et al., 2001). LIWC is a traditional tech-
nique that analyses at word level. Traditional means that it analyses
symbolically at word level and does not use neural networks. The
goal of this research is to compare LIWC with other NLP techniques
to provide more useful insights into psychiatric stories.

One technique is dependency parsing. This technique can provide
insights because it will show the grammatical structure of the sen-
tences and it will provide information about the relationships between
words (Davcheva, 2018). For example, Alpino is a Dutch dependency
parser used for linguistic exploration, training and evaluating pur-
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poses (Van der Beek et al., 2002). By using this technique, the dif-
ferent uses of grammar between mental illnesses are uncovered. This
will give further insight into the relationships between sentences of
psychiatric stories.

Another technique is deep learning and this technique is chosen
because of the complexity of mental disorders. Deep learning is defined
by Deng, Yu et al. (2014) as: “a class of machine learning techniques
that exploit many layers of non-linear information processing for su-
pervised or unsupervised feature extraction and transformation,and
for pattern analysis and classification”. This is why deep learning
techniques seem suitable for these complex disorders.

By comparing the results and predictions of the traditional and
neural approaches on word and sentence level, between the different
mental disorders, differences in language will come to light. These dif-
ferences in language use, also called language markers are a collective
name to distinguish individual difference variables (Addawood et al.,
2019) (Groom & Pennebaker, 2002). The objective of this research
is to find out to what extent a mental disorder can be diagnosed.

1.1 Case study: Verhalenbank Psychiatrics

The psychiatric department of University Medical Centre Utrecht
(UMCU) collects stories of people who have, had or were in con-
tact with psychiatric complaints. Interviews about mental illness are
conducted with (ex-)patients, caregivers and medical employees to
gain new leads which could benefit the recovery of patients. The in-
terviews are then rewritten into anonymous stories and put on the
website of the Verhalenbank.

This research will help to get a better understanding of what
insights a computer can gain from a text which a human is less able
to do. The data is in Dutch, which makes it slightly more difficult
since most models are trained on English data 1. There are however
NLP techniques especially adapted for Dutch texts.

1 https://www.groundai.com/project/robbert-a-dutch-roberta-based-language-
model/1

https://psychiatrieverhalenbank.nl/
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1.2 Research questions

The main research question in this research is defined as: To what
extent can a diagnosis of mental illness be determined by language
markers? This question is split up in five sub-research questions
shown below:

SQ1 Which traditional sentence level approach is suitable to detect
language markers?

This question is answered by giving an overview of parsers and a
comparison between them.

SQ2 What neural approach is suitable to detect language markers
at word level?

To answer this question, first an overview of the different ap-
proaches is provided. Next, the approaches are compared and an
appropriate approach is chosen.

SQ3 What neural approach is suitable to detect language markers
at sentence level?

This question is answered by giving an overview of neural ap-
proaches and a comparison between the approaches. Next, the
model which performs best on classification tasks, is chosen.

SQ4 How well do the techniques perform on Dutch narratives?

To answer this question, the predictions between the different
NLP models and classification algorithms will be compared.

SQ5 To what extent can we identify meaningful language markers
for having a mental disorder

The output of LIWC and the dependency parser will be analysed
to find significant difference between people with and without a
mental disorder. LIME (Local Interpretable Model-agnostic Ex-
planation) will be applied for the deep learning models. LIME is
a explanation technique that learns a model locally around the
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predictions and explains any classifier’s predictions in an inter-
pretable way (Ribeiro et al., 2016).

1.3 Relevance of research

The relevance of this research will be explained in the next section.
It will be discussed from the scientific and societal perspective.

1.3.1 Scientific relevance

Comparing a lexical semantic approach, a compositional approach
and a stochastic/neural approach will benefit the research so far
on language markers in the mental health domain. This is because
the research was mainly limited to the LIWC technique (Calvo et
al., 2017). By uncovering subtle differences in the use of language
with different techniques, identification of psychiatric problems will
become easier.

1.3.2 Societal relevance

As said before, mental disorders accounted for 10,7% of the global
population in 2017 (Ritchie & Roser, 2020). In 2017 mental health-
care costs amounted for 22 billion euro in the Netherlands 2. Fur-
thermore, it adds more economic costs than chronic somatic diseases,
such as cancer (Trautmann et al., 2016). Economic costs are not only
the costs of treatment, hospitalisation and diagnostics, but also the
invisible costs, such as early retirement and work absence (Traut-
mann et al., 2016). The mental health care expenditure will have
increased fivefold in the Netherlands in 20603. This research can
help discover early on mental problems based on language markers
and prevent more negative health outcomes.

2 https://www.nrc.nl/nieuws/2017/04/12/studie-psychische-klachten-kosten-22-mld-
euro-8148765-a1554297

3 https://www.rivm.nl/nieuws/zorguitgaven-blijven-tot-2060-stijgen-gemiddeld-met-
28-procent-per-jaar



Deep & Dutch: Exploring language markers in psychiatric stories 13

2 Research method

This section explains which combination of research methods is going
to be used. The first two parts will include an explanation of the
frameworks used: Design Science Research framework and CRISP-
DM. In the third section, the literature research protocol will be
explained. Lastly, the key milestones of this research will be laid
out.

2.1 Design Science Framework

The Design Science Research (DSR) framework is defined by Wi-
eringa (2014) as: ”the design and investigation of artefacts in con-
text”. This framework distinguishes between knowledge questions
and design goals (Wieringa, 2014). Design goals require an analysis
of the stakeholder’s goals and it calls for a real world change. Fur-
thermore, there can be many solutions and there is not one single
best. Knowledge questions ask for the world as is and do not call for
change. These questions have one answer each and are evaluated by
truth (Wieringa, 2014).

Figure 2.1: Engineering Cycle (Wieringa, 2014)
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The research activities are broken down into a set of tasks to
achieve the research goal. These tasks are according to a subset of the
engineering cycle, which is called the design cycle. The engineering
and design cycle are shown in 2.1.

The first task of this framework is the problem investigation.
Herein, stakeholders, goals, problems and effects are investigated. In
this research, the problem investigation is performed by executing an
literature review to get an understanding of the problem. This activ-
ity is performed to find the traditional and neural approaches per
word and sentence level for analysing the interviews. Furthermore,
the LIWC-tool and the different mental disorders are explained. The
research protocol is shown in section 2.3.

Next, the treatment is designed. Herein, different approaches are
compared to find the best suitable techniques and answer sub ques-
tions one, two and three. The aim of this task is to design a model
to detect the language markers of a text and give a mental health
state. Another activity in this task, is the data analysis. This is per-
formed by following the CRISP-DM cycle (Chapman et al., 1999).
This framework will be explained in the next section. The findings
from the analysis will result in the model that detects language mark-
ers and predicts based on the markers, the mental disorder of the
author of the text input. The treatment validation task is to evaluate
and validate the model (Wieringa, 2014). In this research, the model
is validated with the test dataset and the accuracy is calculated this
to answer sub question four. Furthermore, the model is reviewed by
experts with knowledge of mental illnesses and sub question five is
answered.

2.2 CRISP-DM

The data mining part of this research will be conducted by using
the cross-industry standard process for data mining (CRISP-DM)
method, which was developed in 1996 (Bosnjak et al., 2009) and be-
longs to the Knowledge Discovery Process framework (KDP) (Spruit
& Lytras, 2018). The main goal of this model is to provide a more
structured way in executing data mining processes and to acquire
results more efficiently and accurately (Shearer, 2000). One import-
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ant characteristic of this method is that it can operate independently
from a specific industry or selected tools (Wirth & Hipp, 2000).

Figure 2.2: CRISP-DM process model for data mining (Wirth &
Hipp, 2000)

The method consists of six phases as can be seen in figure 2.2. In
the next paragraphs, all the phases will be briefly explained, based on
the CRISP-DM 1.0 step-by-step data mining guide (Chapman et al.,
1999). The first phase, the business understanding, consists of under-
standing the projects objectives and requirements from the chosen
business. In the same phase these objectives and requirements are
transformed into a data mining problem paired with a pre-liminary
action plan. The data understanding phase consists of the initial
data collection, description, exploration and quality verification. In
the third phase, the data is preprocessed. This means that the inter-
view transcriptions are cleaned and constructed to prepare the final
data, so that it can be used in the next phases. Next, in the model-
ling phase, the different NLP modelling techniques were selected and
applied to the data. Usually, it will go back and forth between the
data preparation and the modelling phase, because some modelling
techniques need the data in a specific format to process is correctly.
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The fifth phase, the evaluation phase consists of assessing whether
the results of the modelling phase are correct and correspond to the
previously determined problem. Not only the results, but also the en-
tire process must be evaluated to ensure that all business objectives
have been achieved. If not, then one should return to earlier phases
to retrieve missing elements. And in the last phase, the deployment
phase, the models are deployed. However, this phase is out of the
scope of this research.

2.3 Literature research protocol

A literature study is performed to come to an understanding of the
status of the research area and to answer the first two research ques-
tions. The snowballing method was used to find the relevant literat-
ure. Backward snowballing is collecting relevant literature based on
the reference list of a paper and forward snowballing is identifying
new papers based on papers citing the paper being examined (Web-
ster & Watson, 2002). Recent papers about language markers in
mental healthcare were used as starting points. After that, one or
two levels deep were snowballed back and forth. The amount of levels
snowballed will depend on if new relevant literature is found, if a dead
end is reached the snowballing will be stopped. A systematic literat-
ure study was not executed, because the results do not significantly
differ from the snowballing approach, there were time constraints
and the topic is innovative (Wohlin, 2014).

Google Scholar with a proxy from Utrecht University was used to
execute the search queries. The search queries used in this research:

– ”Language marker” ”mental health” ”LIWC”
– ”Language marker” ”mental health” ”language use”
– ”Mental health” ”deep learning”
– ”Dutch” ”parser” ”NLP”
– ”BERT” ”mental health” ”classification”
– ”Alpino” ”dependency parser”
– ”spaCy” ”lemma” ”dependency parser”
– ”Language” in conjunction with the words below:

• ADHD
• Autism
• Bipolar Disorder



Deep & Dutch: Exploring language markers in psychiatric stories 17

• Borderline personality disorder
• Eating disorder
• Generalised anxiety disorder
• Major depressive disorder
• OCD
• PTSD
• Schizophrenia

The following papers were starting points of the literature study:

– Calvo, R. A., Milne, D. N., Hussain, M. S. & Christensen, H.
(2017). Natural language processing in mental health applications
using non-clinical texts. Natural Language Engineering, 23 (5),
649-685.

– Coppersmith, G., Dredze, M., Harman, C. & Hollingshead, K.
(2015). From adhd to sad: Analyzing the language of mental
health on twitter through self-reported diagnoses, In Proceed-
ings of the 2nd workshop on computational linguistics and clinical
psychology: From linguistic signal to clinical reality.

– Lyons, M., Aksayli, N. D. & Brewer, G. (2018). Mental distress
and language use: Linguistic analysis of discussion forum posts.
Computers in Human Behavior, 87, 207-211.

– Tausczik, Y. R. & Pennebaker, J. W. (2010). The psychological
meaning of words: Liwc and computerized text analysis methods.
Journal of language and social psychology, 29 (1), 24-54.

– Young, T., Hazarika, D., Poria, S. & Cambria, E. (2018). Recent
trends in deep learning based natural language processing. ieee
Computational intelligenCe magazine, 13(3), 55-75.
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3 Theoretical Background

This chapter describes the theoretical background of this research.
First, ten mental disorders and their known language markers are
explained in chapter 3.1. Next is a section about LIWC. In 3.3 are the
different dependency parsers explained. At last in 3.4, the different
neural approaches at sentence and word level are explained.

3.1 Findings from language markers research

This research is not the first looking into language markers of people
with a mental disorder. For example Coppersmith et al. (2015) and
Lyons et al. (2018) compared mental disorders with the LIWC-tool.
The next sections will describe ten different mental disorders, what
they are and the highlights of their use of language. This includes
mainly their pronoun use, semantic coherence (SC) and word use.
After these sections, a summary in the form of a table will be shown.

3.1.1 ADHD

Attention Deficit Hyperactivity Disorder (ADHD) is characterised
by hyperactivity, in-attention and impulsivity (Polanczyk et al., 2007).
They use more the third person plural (3pl) pronoun and less words
of relativity than the control group in the research of Coppersmith
et al. (2015). Furthermore, they use more sentences, but less clauses
per sentence (Kim et al., 2015).

3.1.2 Autism

Autism is characterised by deficits in social interaction, abnormal
language use and ritualistic and compulsive behaviour (Prizant, 1983).
People with autism are more self-focused and they use more 1sg pro-
nouns (Nguyen et al., 2013). They also use more words related to
motion, home, religion and death in comparison to the control group
of the research of Nguyen et al. (2013).

3.1.3 Bipolar disorder

In bipolar disorder, an individual is suffering from manic or hypo-
manic and depressive episodes (Forgeard, 2008). Manic symptoms
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consists of decreased need for sleep, abnormal elevated moods and
possible psychotic episodes (Forgeard, 2008). The hypomanic symp-
toms are milder occurrences of the manic symptoms and are of
shorter duration (Forgeard, 2008). People with bipolar disorder use
more words related to death and use more first person singular pro-
nouns (Forgeard, 2008).

3.1.4 Borderline Personality Disorder

Borderline personality disorder (BPD) is marked by instability in im-
pulse control, relationships, self-image and affect control (Lieb et al.,
2004). Furthermore, clinical signs are impulsive aggression, repeated
self-harm, emotional dysregulation and recurrent suicide tendencies
(Lieb et al., 2004). People with BPD have a higher use in the pro-
nouns ’he’, ’she’, ’hers’ and ’his’, which is the third person singular
(3sg) pronoun (Lyons et al., 2018). This could be because they are
more sensitive to rejection than patients with other mental disorders
and they think that, in their present life, early experiences are still
relevant (Lyons et al., 2018). They also curse more, use more past
tense words and use less cognitive process words, such as should,
maybe and know (Carter & Grenyer, 2012). Furthermore, people
with BPD use less complex sentences, but do not score different on
semantic complexity (Carter & Grenyer, 2012).

3.1.5 Eating disorder

Eating disorders, consisting of bulimia, anorexia and eating disorders
not otherwise specified, are characterised by an obsession with food,
body weight or body shape (Fairburn et al., 1993). This results in dif-
ferent symptoms per disorder, such as overeating, vomiting, not eat-
ing, limiting calories or setting dietary rules (Fairburn et al., 1993).
Language wise, people with eating disorders are self-focused, talk in
the present, use a lot of negative emotion words and use a lot of
words for cognitive processes in comparison to the control group of
Coppersmith et al. (2015). Interesting, but foreseeable word use, are
words related to the body (Coppersmith et al., 2015).
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3.1.6 GAD

GAD or generalised anxiety disorder consists of intense and extreme
worry over a longer period of time (Evans et al., 2008). Furthermore,
it is a chronic disorder and often combined with other chronic dis-
orders (Evans et al., 2008). People with GAD use a lot of impersonal
pronouns, such as it and those (Coppersmith et al., 2015). They also
use a lot of negative emotion words, especially anxiety words and
they use a lot of tentative words, such as maybe and perhaps. Fur-
thermore, words related to health and death are also used a lot in
comparison to the control group of Coppersmith et al. (2015). Ac-
cording to the research of Remmers and Zander (2018), people with
anxiety experience impaired use of semantic coherence.

3.1.7 MDD

Next, Major Depressive Disorder (MDD) is a disorder that is char-
acterised by abnormalities in mood, affect, cognition, agitation, re-
tardation, sleep and appetite (Fava & Kendler, 2000). MDD results
in people using the first person (1sg) pronoun more and being more
self-focused (Trifu et al., 2017). They also use more past tense, have
lexical and semantic repetitions and use short, detached and arid
sentences (Trifu et al., 2017). Furthermore, the absence of positive
thinking and negative biased thinking of people is also a character-
istic of people with MDD (Trifu et al., 2017).

3.1.8 OCD

Obsessive compulsive disorder (OCD) is characterised by obsessive
thoughts and repetitive purposeful behaviour performed according
to a set of rules (March & Mulle, 1998). People with OCD are self-
focused and use a lot of words used for cognitive processes, such as
think, should, never or else (Coppersmith et al., 2015). Furthermore,
they use more anxiety words according to Lyons et al. (2018).

3.1.9 PTSD

PTSD, short for post-traumatic stress disorder, follows overwhelm-
ing stressful events (Cameron & Gusman, 2003). This could be for ex-
ample natural disasters, sexual assault or exposure to war (Cameron
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& Gusman, 2003). It results in nightmares, avoidance of lookalike
situations, feeling numb, being on guard and being watchful and
being easily scared (Cameron & Gusman, 2003). The research of
Coppersmith et al. (2015) concluded that people with PTSD do not
use language extremely different than the control group. However,
Papini et al. (2015) concluded that they did use more words related
to death, more singular pronouns, less plural pronouns and lower use
of cognitive words.

3.1.10 Schizophrenia

Schizophrenia is a disorder with unknown aetiology and it is ob-
served by signs of psychosis (Insel, 2010). Commonly, schizophrenia
comes with auditory hallucinations and paranoid delusions (Insel,
2010). It presents itself in early adulthood or adolescence. Research
shows that schizophrenia results in language impairment at the se-
mantic/discourse cohesion or coherence (Corcoran & Cecchi, 2020)
(Zimmerer et al., 2017). This means that the flow of consistency of
references and meaning across sentences are impaired (Corcoran &
Cecchi, 2020). Schizophrenia also results in disruption and lack of
grammatical structure (Zimmerer et al., 2017). Furthermore, schizo-
phrenia has, compared to other mental disorders, the highest use of
’they’ or ’them’ also called third person plural (3pl) pronouns (Ly-
ons et al., 2018) (Fineberg et al., 2015). This could be a result of
the paranoia (Lyons et al., 2018). Another interesting finding is that
people with schizophrenia use more words related to religion and less
words related to body and ingestion (Fineberg et al., 2015).
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3.1.11 Summary of disorders

Table 1 below shows per mental disorder, the known language mark-
ers.

Disorder Pronoun SC Word use Other

ADHD 3pl - - Relativity,
more sentences,
less clauses

Autism 1sg - Motion, home,
religion and
death

-

Bipolar 1sg - Death -
BPD 3sg Normal Death Swearing,

less cognitive
emotion words

Eating 1sg - Body Negative emo-
tion words

GAD imprs Impaired Death and
health

Tentative
words

MDD 1sg Impaired - Inverse word-
order and
repetitions

OCD 1sg - Anxiety More cognitive
words

PTSD sg - Death Less cognitive
words

Schizophrenia 3pl Impaired Religion and
Death

Hearing voices
and sounds

Table 1: Language markers per disorder
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3.2 Language Inquiry and Word Count

As said before, research so far on exploring language markers in men-
tal health has been done mainly with LIWC (Calvo et al., 2017).
LIWC is a computerised text-analysis tool and has two central fea-
tures: the processing component and the dictionaries (Tausczik &
Pennebaker, 2010). The processing feature is the program which ana-
lyses text files and goes through them word by word. Each word is
compared with the dictionaries and then put in the right categories
(Tausczik & Pennebaker, 2010). For example, the word ”had” can
be put in the categories verbs, auxiliary verbs and past tense verbs.
Next, the program calculates the percentage of each category in the
texts, for example 17% of the words were verbs. A disadvantage of
the LIWC program, is that it ignores context, idioms, sarcasm and
irony (Tausczik & Pennebaker, 2010). Furthermore, the 89 differ-
ent categories are based on language research. However, this does
not mean that these categories represent reality, because categories
could be missing.

3.3 Dependency parsers

The syntactic processing of texts is called dependency parsing (Choi
et al., 2015). This processing is valuable because it forms transpar-
ent lexicalized representations and it is robust (Choi et al., 2015).
Furthermore, it also gives insight into the compositional semantics.
Compositional semantics is about the meaning of linguistic sentences
and it is composed by the meaning of the individual words or phrases
it contains (Hermann, 2014). Small changes in the syntactic struc-
ture of a sentence can change the whole meaning of the sentence. For
example, John hit Mary or Mary hit John contain the same words,
but have different meaning. It is said that compositionality is linked
to our ability to interpret and produce new remarks, because once
one has mastered the syntax of the language, lexical meanings and
modes of composition, one can interpret new combinations of words
(Liang & Potts, 2015).

Compositionality is the semantic relationship combined with a
syntactic structure (Guevara, 2010). Compositional semantics is driven
by syntactic dependencies and each dependency forms, from the con-
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textualised sense of the two related lemmas, two new compositional
vectors (Gamallo, 2017). So, the technique required for extracting
the compositional semantics, needs to contain a dependency parser
and a lemmatizer.

Choi et al., (2015) compared the ten leading dependency parsers
based on the speed/accuracy trade-off. As can be seen in figure 3.1,
is that Mate (Bohnet, 2010), RBG (Lei et al., 2014) and ClearNLP
(Choi & McCallum, 2013) score the best of the ten on the unlabeled
attachment score (UAS). The only problem is, they all do not include
a Dutch dictionary needed for this research. spaCy does include a
Dutch dictionary and according to their website, they improved their
model and it reached a higher accuracy than the other parsers on
the same dataset.

Other Dutch dependency parsers are Frog (Bosch et al., 2007)
and Alpino (Van der Beek et al., 2002). Both Frog4 and spaCy5

includes the Dutch dictionary corpus of Alpino.
So, there are three options to parse a text: Alpino, Frog and

spaCy. All three use Alpino in some way, but because of equipment
constraints, spaCy is chosen.

3.4 Neural approaches

This section starts with an introduction of neural networks, how it
all started and what the current developments are. After that, an
exhaustive list of neural networks is discussed. An explanation will
be given per model and in the end the most suitable model is chosen
for this research.

3.4.1 Neural networks

The use of neural networks in NLP started around the early 2000s
and were really making a difference in the 2010s, because of the grow-
ing power of computer systems (Otter et al., 2020). Features made
for traditional NLP systems, were frequently handcrafted, time con-
suming and incomplete (Otter et al., 2020). Neural networks on the
other hand can automatically, based on dense vector representations,

4 https://github.com/LanguageMachines/frog/releases/
5 https://spaCy.io/models/nl
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Figure 3.1: Trade-off speed accuracy of dependency parsers (Choi et
al., 2015)

learn multilevel features and give better results (Young et al., 2018).
The trend of neural networks has been caused by the success in deep
learning and word embeddings (Young et al., 2018).

Recurrent neural networks (RNN) capture the context of a net-
work and are tailor-made for modelling context dependencies (Young
et al., 2018). With context is meant how one word is related to other
surrounding words in a sentence. A RNN also allows the looping
of hidden layers back to themselves which results in the RNN be-
ing able to handle variable length sequences input (Lopez & Kalita,
2017). Furthermore, RNNs are able to process data where time and
order are of value, because it can loop over the input and see what
has come previously (Lopez & Kalita, 2017). An improved type of
RNN is the LSTM (Long Short Term Memory). The LSTM cap-
tures the long-distance context and goes from left to right (Lopez
& Kalita, 2017). The improved version of LSTM is called BiLSTM
(bidirectional LSTM) and this RNN looks in forward and backward
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directions at word sequences (Honnibal, 2016). This can be seen in
figure 3.3 where ELMo is trained based on BiLSTM.

Another development in neural networks is transfer learning. It
is defined as transferring knowledge from a related already learned
task to a new task (Torrey & Shavlik, 2010). This results in a better
performance of the target task and it is also less expensive to (re-)
collect data(Pan & Yang, 2009).

In 2017, the transformer architecture was introduced (Vaswani et
al., 2017). It allows parallel inputs and it improves the pretraining
of large text corpora. This leads to major gains for several tasks,
such as text classification and language understanding (Wolf et al.,
2019). The transformer-XL is an improved version of the transformer
and was published in 2019 (Dai et al., 2019). This transformer can
process longer sequences of inputs simultaneously without disrupting
temporal coherence (Dai et al., 2019).

3.4.2 Word2Vec

Word embeddings, such as the skip-gram model and the continu-
ous bag-of-words (CBOW) model (Mikolov, Sutskever et al., 2013),
distribute high quality vector representations and are often used in
deep learning models as the first data processing layer (Young et
al., 2018). The difference between the two word embedding tech-
niques is that the skip-gram model predicts the surrounding context
words given the target word and the CBOW model calculates the
conditional probability of the target word, given the surrounding
context words (Young et al., 2018). This can be seen in figure 3.2.
The Word2vec algorithm uses neural networks to learn these vector
representations (Mikolov, Chen et al., 2013). It can use the skip-
gram model or the CBOW model and it works for both small and
large datasets (Mikolov, Chen et al., 2013).

3.4.3 fastText

Out-of-vocabulary (OOV) words, also known as unknown words,
are a common issue for languages with large vocabularies (Young
et al., 2018). fastText can overcome this problem by handling each
word as a bag-of-character n-gram (Bojanowski et al., 2017). This is
done by using the skip-gram model from Word2Vec as an extension.
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Figure 3.2: CBOW and skip-gram model (Mikolov, Chen et al., 2013)

These n-grams are used to represent the sum of the n-gram vectors
(Bojanowski et al., 2017). Other techniques represent each word as
a vector, but ignore the internal structure of a word. This limits
morphologically rich languages, such as Finnish or Turkish, because
these languages contain many word forms (Bojanowski et al., 2017).
If a training corpus does not have certain word forms, it will be diffi-
cult to learn good word representations (Bojanowski et al., 2017). So
by including character level information, the vector representations
for morphologically rich languages will be improved (Bojanowski et
al., 2017).

3.4.4 ELMo

Embeddings from Language Models (ELMo) is a word representation
technique that models complex characteristics of word use (Peters et
al., 2018). It reads the whole input sentence before assigning a con-
textualized word embedding to it (Peters et al., 2018). An example
of ELMo can be seen in figure 3.3, where ELMo is trained based on
the BiLSTM (Hagiwara, 2018). The figure shows a two-layer ELMo
architecture (Hagiwara, 2018). The more layers, the more context
is learned from the input. The lower levels catch basic syntax and
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grammar and the higher levels catch contextual semantics. The ad-
vantage of ELMo trained with BiLSTM is that it reads bidirectional,
so from start to finish and vice versa (Hagiwara, 2018). This makes it
able to catch the whole context of the words in a sentence (Hagiwara,
2018).

Figure 3.3: BiLSTM-based ELMo (Hagiwara, 2018)

3.4.5 ULMFiT

Universal Language Model Fine-tuning (ULMFiT) is a transfer learn-
ing method that can be applied to any task in NLP (Howard &
Ruder, 2018). It uses the LSTM-architecture without additional hy-
perparameters (Howard & Ruder, 2018). Furthermore, ULMFiT also
prevents overfitting by leveraging general domain pretraining and
novel fine-tuning techniques (Howard & Ruder, 2018). The method
consists of three stages: pretraining, fine-tuning and classifier fine-
tuning (Howard & Ruder, 2018). The pretraining consists of the
language model training on the general domain-corpus to catch the
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general features and next this model is fine-tuned on the target task
data to learn task-specific features. To fine-tune the classifier on the
target task, the fine-tuned language model is used to get output
distribution probabilities (Howard & Ruder, 2018).

3.4.6 GPT

Generative Pre-Training (GPT) is an approach which makes use of
generative pretraining and discriminative fine-tuning for each spe-
cific task (Radford et al., 2018). To achieve effective transfers with
minimal adaptations to the architecture of the model, task-aware
input transformations are used (Radford et al., 2018). Furthermore,
the Transformer (Vaswani et al., 2017) was used for handling long-
term dependencies to obtain a more structured memory (Radford
et al., 2018). This results in a robust transfer performance (Radford
et al., 2018).

GPT-2 The Generative Pre-trained Transformer 2 (GPT-2) is an
unsupervised transformer language model with over an order of mag-
nitude more parameters than the GPT (Radford et al., 2019). The
model was demonstrated in a zero-shot setting, which means that
the model’s parameters or architecture is not altered after pretrain-
ing (Radford et al., 2019). This was done because researchers were
arguing that language models do not generalise well and are only
trained for a specific task (Radford et al., 2019).

GPT-3 The third GPT-model is the Generative Pre-trained Trans-
former 3 (GPT-3) (Brown et al., 2020). It is an auto-regressive lan-
guage model, which is not fine-tuned and is without any gradient
updates (Brown et al., 2020). The GPT-3 is so advanced that it is
able to write samples of news articles, which are not recognised by
human evaluators as computer-written texts (Brown et al., 2020).
This is also why the paper includes a section about societal impacts
of the GPT-3. Furthermore, this model is not available for the public
yet, only a few selected people are given access to the private beta6.

6 https://www.technologyreview.com/2020/07/20/1005454/openai-machine-
learning-language-generator-gpt-3-nlp/
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3.4.7 BERT

BERT is a language representation model designed to pretrain, from
unlabelled text, deep bidirectional representations (Devlin et al.,
2018). This is reached by looking at both the left and right context in
all the layers of the corpus and jointly conditioning this (Devlin et al.,
2018). The pretrained BERT model can be fine-tuned with one extra
output layer as a result (Devlin et al., 2018). BERT uses the masked
language model (MLM) as pretraining objective. The MLM masks
some of the tokens of the input at random and tries to predict the
original words under the masks based on the context. This enables
the representation to fuse the left and the right context of the masked
word, with as result a deep bidirectional Transformer (Devlin et al.,
2018). Additional, next sentence prediction is used to train text-pair
representations. The framework of BERT consists of two parts: the
pretraining and the fine-tuning (Devlin et al., 2018). The model is
trained with different pretraining tasks on unlabelled data, during
pretraining (Devlin et al., 2018). During fine-tuning, the model is
first initialised with the pretrained parameters and after that, by
using the labelled data from downstream tasks, the parameters are
fine-tuned (Devlin et al., 2018). So, the pretrained BERT model gets
for every different task different inputs and outputs to fine-tune the
parameters and this can be seen in figure 3.4 (Devlin et al., 2018),
where on the left, the model is pretrained with MLM and on the
right, the model is fine-tuned based on the different tasks. The pink
boxes show the tokens and masked tokens, the orange boxes show
the embeddings in the blue neural network and the green boxes are
the embeddings processed by the transformer.

RoBERTa An improved version of BERT is RoBERTa, which
stands for Robustly optimized BERT approach (Liu et al., 2019).
The main difference is the training of the model. The main changes
are that RoBERTa trains longer, on more data, with bigger batches
and on longer sequences (Liu et al., 2019). Furthermore, the next
sentence prediction objective is removed from the training proced-
ure and the masked pattern applied to the training data is changed
dynamically (Liu et al., 2019).
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Figure 3.4: BERT pretraining and fine-tuning procedures (Devlin et
al., 2018)

ClinicalBERT ClinicalBERT is another BERT version and ana-
lyses clinical notes and uncovers high-level relationships between
medical concepts (Huang et al., 2019). These clinical notes consist
of unstructured data and are high-dimensional and sparse (Huang et
al., 2019). It processes the notes of patients and calculates the read-
mission risk score of a patient of whether he/she is back in 30 days
(Huang et al., 2019). This helps with early intervention and better
informed decisions. ClinicalBERT can also do more tasks, such as
diagnose, predict risk of mortality and calculate the duration of stay
in the hospital (Huang et al., 2019).

StructBERT Another extension of BERT is StructBERT (Wang
et al., 2019). This language model incorporates language structures
in the pretraining (Wang et al., 2019). It contains an additional
two tasks in the pretraining: leveraging sentence level ordering and
leveraging word level ordering (Wang et al., 2019). This results in
StructBERT being able to predict words and sentences in the right
order (Wang et al., 2019).

ALBERT The lite version of BERT is called ALBERT (Lan et al.,
2019). ALBERT was developed because of the increasing model sizes
(Lan et al., 2019). The CPU/GPU limitations and longer training
times were becoming a problem (Lan et al., 2019). Therefore, two
new techniques were introduced to reduce the memory consump-
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tion and improve training speed (Lan et al., 2019). One technique
is the cross-layer parameter sharing and this prevents the para-
meter from growing into the network’s depth (Lan et al., 2019).
The second technique is factorised embedding parameterization and
consists of seperating the vocabulary embeddings from the size of
the hidden layers. This is established by decomposing the matrix
of the vocabulary-embeddings into two small matrices (Lan et al.,
2019). Furthermore, BERT’s limitations regarding inner-sentence co-
herence, is improved by introducing self-supervised loss for sentence-
order prediction (Lan et al., 2019). Despite of ALBERT having less
parameters than BERT-large, it reaches state-of-the-art results (Lan
et al., 2019).

3.4.8 XLnet

XLnet is a generalised auto-regressive (AR) pretraining method (Yang
et al., 2019). According to the researchers from Carnegie Mellon Uni-
versity, BERT is neglecting dependencies between masked tokens and
it is also suffering from a discrepancy in the pretraining and finetun-
ing of the model (Yang et al., 2019). XLnet overcomes this problem
by using its AR language modelling, learning contexts bidirectional
and integrating some ideas from the Transformer-XL into its archi-
tecture (Yang et al., 2019). AR language modelling estimates the
probability distribution of a corpus with an AR model. The research
of Sarhan and Spruit (2020) shows that XLnet outperforms BERT
and XLM-RoBERTa when training and testing on the dataset. The
AR language modelling is the main solution to the problem, be-
cause it does not hide tokens and is therefore able to model the joint
probability using the product rule (Yang et al., 2019). Furthermore,
the Transformer-XL ideas that are used are the segment recurrence
mechanism and relative encoding scheme, which improves the per-
formance, because it allows longer text sequences (Yang et al., 2019).
So, because XLnet uses AR and bidirectional context, it maximizes
the expected likelihood with respect to all permutations of the fac-
torisation order (Yang et al., 2019). Furthermore, it also does not
rely on corrupt data, because it does not use masks (Yang et al.,
2019).
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3.4.9 T5

Text-to-Text Transfer Transformer (T5) is a unified approach to
transfer learning (Raffel et al., 2019). It provides a framework that
transforms NLP-problems into text-to-text formats (Raffel et al.,
2019). With text-to-text format is meant using text as input and
produce as output text (Raffel et al., 2019). An example 7 can be
seen in figure 3.5, where the T5 was pretrained with ”knowledge”
by learning to fill in dropped-out text. Next, the T5 is finetuned
to answer questions without extra information. This results in the
T5 answering questions by using information from pretraining. The
T5 allows for any NLP task, to use the same model, hyperparamet-
ers and loss functions. For example, question answering, document
summarization and classification (Raffel et al., 2019).

Figure 3.5: An example of pretraining and finetuning the T5

3.4.10 Neural network approach conclusion

In figure 2 an overview of the different neural networks can be seen.
The choice of best fit is limited, because of the small and Dutch data-
set. Two neural networks are chosen for this research, one based on
words and one based on sentences. Furthermore, the neural networks
need to have a Dutch model. So the choice is between Word2Vec
and fastText at word-level and BERT, mBERT and RoBERTa at

7 https://ai.googleblog.com/2020/02/exploring-transfer-learning-with-t5.html
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sentence level. Other models, such as ClinicalBERT could also be
used in combination with a transfer learning model such as XLM
(Cross-lingual Language Model) to tackle the Dutch data. However,
these models have not been used extensively in the medical domain
(Khattak et al., 2019). This could be because the interpretability and
performance of a model are equally important. Even though deep
learning models can perform superior in comparison to the more
traditional models, they are hard to explain or understand(Miotto
et al., 2018). Hence, this approach is not used for this research. Fur-
thermore, fastText has proven that it results in better performance
in comparison to Word2vec (Le et al., 2019) and it is able to handle
OOV words, because of the n-grams. The Dutch version of BERT is
called BERTje (de Vries et al., 2019), the Dutch version of RoBERTa
is called RobBERT (Delobelle et al., 2020) and mBERT is the mul-
tilingual BERT with more than 100 languages (Devlin et al., 2018).
A choice between the three BERT’s is made by looking at their
performance on the classification task, because that will be used
in this research. The research of Delobelle et al. (2020) shows that
RobBERT (ACC = 95.1%) performs best on the classification tasks
compared to mBERT (ACC = 84.0%) and BERTje (ACC = 93.0%)
with the full dataset. So, the neural networks chosen for this research
are fastText and RobBERT.

Model Dutch? Architecture Input level Selected?

Word2Vec Yes CBOW & Skip-
gram

Word No

fastText Yes RNN Word Yes
ELMo Yes (Bi)LSTM Sentence No
ULMFit Yes Transformer Sentence No
GPT No Transformer Sentence No
GPT-2 No Transformer Sentence No
GPT-3 No Transformer Sentence No
BERT Yes Transformer Sentence No
RoBERTa Yes Transformer Sentence Yes
ClinicalBERT No Transformer Sentence No
XLnet No Transformer-XL Sentence No
StructBERT No Transformer Sentence No
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ALBERT No Transformer Sentence No
T5 No Transformer Sentence No

Table 2: Neural networks under consideration

4 Data analysis

The findings from the literature review form the answers for the
first three subquestions. Subquestions four and five are answered by
performing a data analysis according to the CRISP-DM method. It
starts by the description and basic understanding of the data. Next,
the data is prepared and after that it is modelled. The procedure
of the data analysis and the results are shown in the next sections.
Furthermore, the source code of the data analysis is available at:
https://github.com/StephanieVx/ExploringLinguisticMarkers.

4.1 Data description

The data used for this research were interviews with (ex-)psychiatric
patients, caretakers and medical employees. The interviews were held
by a psychologist and executed with an unstructured approach. Each
patient was asked to tell a story about themselves. For example, a
story about their youth, about their family or about their current
work. The available interviews with caregivers and medical employ-
ees were used to compare the people with mental health disorders
to people without it. Furthermore, the interviews were recorded and
transcribed by Transcriptie Online 8. There are in total 72 interviews
from people with and 36 from people without a mental disorder taken
from 2016 to 2020.

Important to know is that these interviews were not held in an
acute phase. This means that the (ex-)psychiatric patients were not
in a psychiatric crisis and were not a possible danger to themselves
or others. This does not mean that they were cured at that moment.
They were in their remission or recovery phase. Furthermore, people

8 https://www.transcriptieonline.nl/

https://github.com/StephanieVx/ExploringLinguisticMarkers
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with a mental disorder can successfully manage their disorder, but
will almost never be ”cured” (Wakefield, 1992). So, whichever phase
the (ex-)psychiatric patients were when interviewed, they were in-
fluenced by their mental disorder.

Furthermore, the data is privacy sensitive. Therefore, names,
places and health care institutions were replaced by generic labels,
such as [name] or [place], from the interviews beforehand by Tran-
scriptie Online.

4.2 Data preparation

Most of the data was already collected before the start of this re-
search. The rest was collected during the research. After the collect-
ing, the data needed to be prepared before analysing it. This was
done in R (version 3.6.0) by removing the questions of the psycho-
logists and removing the headers of the documents. So, the corpus
only included the text the interviewee had said during the interview.

Furthermore, the data needed to be labelled. Every interview was
read and a label was attached based on the diagnosis the patient told
the psychologist. Two patients were not clear about their diagnosis,
so another psychologist took a look at those two interviews and la-
belled them.

4.3 Descriptive statistics

The number of people per mental disorder in our dataset is shown
in figure 4.1. As can be seen, the group with dissociation (a discon-
nection between a person’s memories, feelings, perception, or sense
of self 9) contains the least number of people in this dataset and
the group with psychosis is the largest. Furthermore, there are two
labels with personality. The difference between personality and per-
sonality+ is that it shows in different ways. Personality includes
obsessive-compulsive personality disorder, avoidant personality dis-
order, dependent personality disorder and unspecified personality
disorders. Personality+ contains in this research only BPD because

9 https://www.psychiatry.org/patients-families/dissociative-disorders/what-are-
dissociative-disorders



Deep & Dutch: Exploring language markers in psychiatric stories 37

of the data, but in the DSM-510 (Diagnostic and Statistical Manual
of Mental Disorders) it also contains anti-social personality disorder,
histrionic personality disorder and narcissistic personality disorder.
Figure 4.2 shows a boxplot of the amount of words per mental dis-
order. It can be seen that the people with eating disorders used less
words than the other groups.

Figure 4.1: Number of people per mental disorder

4.4 Quantitative analysis

The next section consists of a comparison between mental disorder
and no mental disorder and a comparison per mental disorder. The
different models are applied to the data and with the results pre-
dictions are made. For the predictions, the data was randomly split
in 80% training set and 20% test set. Every model scored on the
testset and the scores are expressed by accuracy and Cohen’s kappa.
Accuracy instead of F1-score is used because accuracy is easier to
interpret. Furthermore, it looks at correctly classified observations.

10 https://www.ggzstandaarden.nl/zorgstandaarden/persoonlijkheidsstoornissen/specifieke-
omschrijving-persoonlijkheidsstoornissen
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Figure 4.2: Amount of words per mental disorder

A disadvantage of accuracy is that it does not take an imbalanced
class distribution into account. The distribution of the first compar-
ison is 67% MD - 33% noMD. The accuracy threshold is set at 0.67
because from that point the model scores better than the odds. For
the second comparison, the distribution is as shown in figure 4.1 and
this results in a threshold of 0.16.

Cohen’s kappa was also applied to every model because it calcu-
lates the improvement in accuracy over the sample and takes imbal-
ance into consideration. This is done by assessing the inter-classifier
agreement (Cohen, 1960). It takes the probability that the mental
disorder vs no mental disorder or the 10 different kinds of mental dis-
orders in the comparisons, agree by chance into consideration when
quantifying how much they agree. So, it measures the reliability of
the different models classifying the same transcription and is correc-
ted by how often they classify the same by chance. The results are
shown in table 3.

4.4.1 Traditional results

Every interview transcription went through LIWC and the output
was used to predict whether a person has a mental disorder or not,
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and if so which one. The compositional semantics of the interviews
were analysed with spaCy. The lemmas and dependencies of every
interview were collected with spaCy and bound together in syntactic
n-grams. Examples of the different n-grams are shown in table 6 in
appendix B. To reduce noise impact on the data, a feature selection
of n-grams based on their frequency was used. The frequency of the
spaCy variables are shown in in B.1 in appendix B. As can be seen,
a few thousand variables were collected. If an n-gram was used less
than 5 times, it was not used in the analysis. Nevertheless, almost
1000 different n-grams were collected. For the prediction of the dif-
ferent labels, the algorithms used were decision tree, random forest
and SVM (Support Vector Machine). The decision tree algorithm
builds a classification model and this is represented in a tree. It is
able to handle missing values, which could be an advantage for the
data. The random forest algorithm builds a classification model by
making multiple trees and by aggregating them together, preventing
a negative influence of outliers on the outcome. This algorithm was
used because it tends to not overfit on the data (Friedman et al.,
2008). The third algorithm used was the SVM and this algorithm
separates the classes based on the optimal hyperplane (Moraes et
al., 2013). According to research, this algorithm performs with more
accuracy than most other algorithms for text classification (Moraes
et al., 2013).

4.4.2 Deep learning results

The deep learning models first needed to be fine-tuned, three epochs
for RobBERT and 50 epochs for fastText. The amount of epochs for
RobBERT was based on the associated scientific paper (Delobelle
et al., 2020). The standard range of epochs for fastText is between
5 and 50 and 50 epochs was chosen because this was also done in
the Huggingface transformers framework. The Simple Transformers
library, which is used in this research, is based on this framework.
Simple transformers is used, because a model can be fine-tuned, eval-
uated and tested with few lines of code11. The deep learning model
used for analysis on sentence-level was the pdelobelle/robbert-v2-

11 https://github.com/ThilinaRajapakse/simpletransformers
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dutch-base12. After fine-tuning, the models were validated on the
test-set.

4.4.3 Summary of quantitative results

Table 3 shows the accuracy of the two comparisons and Cohen’s
Kappa per prediction. LIWC and spaCy score above the threshold
in the first comparison and the deep learning algorithms score be-
low. The LIWC program in combination with the random forest
algorithm reached the highest accuracy when comparing mental dis-
order versus no mental disorder. Most models scored above the threshold
except for spaCy in combination with a decision tree in the second
comparison. spaCy in combination with the random forest algorithm
reached the highest accuracy when comparing the different kinds of
mental disorders. Furthermore, the table shows that the random-
Forest algorithm performs better than the SVM algorithm with stop
words in the first comparison and for the n-grams in the second com-
parison. For every combination of model and prediction algorithm,
the influence of stop words was tested. This can be seen in Table
3 in the sixth and seventh column. The accuracy scores were not
improved when removing the stop words, except when using LIWC
and the SVM algorithm in the mental disorder vs no mental disorder
comparison and RobBERT in the multi-class comparison. Further-
more, spaCy performs more negative without stop words with dif-
ferences of 0.4 in accuracy and 0.7 in kappa. This could be because
spaCy needs those words to keep ordering information. For example,
removing the stopwords from ”Ben gives his toy to a friend” changes
the sentence into ”Ben gives toy friend”. Cohen’s kappa was calcu-
lated for each model and prediction algorithm. Some of the models
have classifiers below 0.4 which means that there is a slight agree-
ment. This applies to both deep learning algorithms in both compar-
isons. A kappa of above 0.6 means that the classifiers have a substan-
tial agreement, for example the n-grams input with the SVM model
in the MD (mental disorder) vs Control group comparison. When
the kappa is between 0.8 and 1 it means that the classifiers have
an almost perfect agreement. This applies to the LIWC-output with

12 https://huggingface.co/pdelobelle/robbert-v2-dutch-base
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the random forest model in the second comparison with a kappa of
0.889.
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Input Model Acc. Kappa Acc. no
SW

Kappa
no SW

Mental
Disorder
vs
no
Mental
Disorder

LIWC-
output

rpart 0.857 0.667 0.857 0.674

LIWC-
output

random-
Forest 0.952 0.889 0.952 0.877

LIWC-
output

SVM 0.857 0.64 0.905 0.738

n-grams rpart 0.810 0.391 0.444 -0.309

n-grams
random-
Forest 0.762 0.173 0.389 -0.370

n-grams SVM 0.714 0.115 0.528 -0.275
raw data fastText 0.643 0.172 0.607 0.072
raw data RobBERT 0.607 0.000 0.607 0.000

Mental
Disorder
multi-class

LIWC-
output

rpart 0.286 0.157 0.286 0.177

LIWC-
output

random-
Forest 0.214 0.120 0.214 0.144

LIWC-
output

SVM 0.286 0.114 0.143 0.0718

n-grams rpart 0.143 -0.0120 0.071 -0.052

n-grams
random-
Forest 0.429 0.304 0.214 0.078

n-grams SVM 0.357 0.067 0.143 0.091
raw data fastText 0.286 0.000 0.200 0.000
raw data RobBERT 0.200 0.000 0.267 0.120

Table 3: Predictions

4.5 Feature importance

The analysis of the most importance features will look at the most
prominent differences in language use for people with and without a
mental disorder.
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4.5.1 Traditional results

In appendix A in figure A.1, A.2 and A.3 the output of the LIWC tool
can be seen in jitter-plots. Every plot shows shows the distribution
of the data. As can be seen, some variables have more overlap than
others, such as number and quant (quantifier). 1sg and social
have a clear split between people with and without a mental disorder.
These categories can also be seen in the decision tree in figure 4.3.

Figure 4.3: LIWC decision tree

A feature selection with random forest is applied to both LIWC
and spaCy to determine which variables add most value to the pre-
dictions. The figures A.4 and B.2 are in appendix A and B and show
the top ten variables per model. Furthermore, a summary per vari-
able per model is shown in appendix A in figure A.5 and in appendix
B in figure B.3. The table shows for the top ten features per category
and n-gram the mean, standard deviation and standard error.

To asses the influence of people with and without a mental dis-
orders on the use of the 10 variables of LIWC and spaCy, hypothesis
pairs are formulated and tested.
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– H0: The use of variable X by a person with a mental disorder
is equal to the use of variable X by a person without a mental
disorder.

– H1a: A person with a mental disorder uses variable X significantly
more than a person without a mental disorder.

– H1b: A person without a mental disorder uses variable X signific-
antly more than a person with a mental disorder.

For both ten variables, the Mann-Whitney two-tailed U tests
were performed to determine whether the means of the two groups
per variable were equal to each other. This test was used because
both the assumptions, normal distribution and equal variance, were
rejected and thus only the Mann-Whitney could be applied for this
data. The results of the test are in figure A.6 and B.4 and show
whether there are significant differences between people with and
without a disorder and if so is it greater or less than the population
mean of the other group. A summary of the significant results is
shown in table 5. The Mann-Whitney U test revealed no significant
difference between people with and without mental disorders for four
of the spaCy variables. So the H0 was rejected for these four.

4.5.2 Deep learning results

LIME was applied to both fastText and RobBERT to gain further
insight into the black-box models. For example, quote 1 is from
someone who has been diagnosed with schizophrenia and the text
is labelled by RobBERT as a mental disorder. The word ’eh’ has
been highlighted because it explains according to LIME why it was
labelled as mental disorder (class = 0). In Figure 4.4, the ten words
with the highest probabilities can be seen. These words contribute
most to the classification of mental disorder vs no mental disorder.
When removing for example the first ”Yes” in the graph from the
text, the probability of classifying it as a mental disorder goes down
with 1,2%. Some words appear multiple times in the figure and this
is because it looks locally at a text and words appear in a differ-
ent context. This also means that sometimes a word will be an ex-
planation for a mental disorder and other times not, based on the
context. The second quote is from someone with an eating disorder
and analysed by fastText. The word ’Eh’ was highlighted because
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it explained why the transcription was labelled as a mental disorder
(class = label md). Figure 4.5 shows the ten words with the highest
probabilities from that transcription.

Table 4 shows for eight interviews which words resulted in the
label mental disorders and which in no mental disorder. The first
four interviews were with stop words and as can be seen, most of the
words are stop words or ’meaningless’ words. They could however
be related to insightful words, which also showed in the quotes. This
could be supposedly because RobBERT looks both left and right in
the context of a word in all of the layers of the transcription and con-
ditions it. As can be seen, some words appear at the mental disorder
column and in the no mental disorder column and this is because
these words appear in different contexts. So, in one context it con-
tributes to the mental disorder classification and in another context
not. The stop words were removed from the last four interviews to
look if LIME found more meaningful words. In for example interview
7 with the fastText model, LIME found the words psychiatrics and
performance as markers for a mental disorder for that interview and
LIME found in interview 8 the words healing and job. The words
found without stop words give a bit more insight than with stop
words. However, the words found by LIME are different for almost
every interview and thus not applicable for other interviews.

Quote 1: ”I ehm, [silence] the most poignant I will you- Yes,
the most poignant what I can tell you is that, I have weekend
leave on the weekend and then [name][wife] and I lay together
in bed. And nothing happens there. Because I don’t need that,
haha. But I can’t even feel that I love her. I know it, that I
love her. And I know that my wife is and I, and I. But that’s
all in here eh, but I don’t feel it. And that is the biggest
measure which you can set.. Yes. And I talked about it with
her. ”

Quote 2: ”Yes it gives kind of a kick or something to go against
it and to see that people you really eh yes I don’t know. That
your that your eating disorder is strong and people find that
then. And then you think oh I am good at something . And
then yes I don’t know. Then you want there that you want
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Figure 4.4: LIME explanation quote 1

to be doing something you are good at . . eh I am able to
walk again since two months. Before I eh stayed in bed and
in a wheelchair around half a year, because I eh could not
walk myself. And I was just to weak to do it. and eh yes I still
cannot do quite a lot of things. I am really happy that I can
walk again by myself.”
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Figure 4.5: LIME explanation quote 2
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4.5.3 Summary feature importance results

The table 5 shows per tool the uncovered language markers for LIWC
and spaCy. The 1sg LIWC pronoun tested as a language marker for
a person with a mental disorder and this pronoun is also for spaCy
the basis for every language marker for a mental disorder. The LIME
results of RobBERT and fastText had no clear patterns, for every
interview different words were found that indicated a mental disorder
or no mental disorder. So, no language markers were found with the
deep learning models.

Language marker
Mental
Disorder? W; p<0.05

LIWC

1sg Yes 2487
focuspast Yes 1856
affiliation No 380
drives No 568
female No 937
male No 767
3sg No 454
social No 281
3pl No 882
1pl No 217.5

spaCy

ik doen nsubj Yes 1700.5
ik gaan nsubj Yes 1726
ik hebben nsubj Yes 1796.5
ik komen nsubj Yes 1852.5
er zijn advmod No 849
ze hebben nsubj No 768.5

Table 5: Language markers for LIWC and spaCy

4.6 Results discussed by domain experts

The results of the different models were discussed with data scient-
ists, researchers and psychologists of the UMCU.
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The data used for this research is static data and by that is meant
that somebody tells their story and that is it. There is no new data
of that person added after a while. By following a person in their
healing process and their language usage over a longer period of time
could result in interesting outcomes according to the data scientists.
Furthermore, the language markers found by LIWC and spaCy were
discussed. The data is from people with a mental disorder who tell
their own story and from medical employees and family members
who talk about people with a mental disorder. This influences the
outcome of this research, because if a person tells their own story,
they will probably use more the 1sg pronoun. Also, if a medical
employee talks about an experience with a patient, they could use
more the 3sg and 3pl pronouns. The people with a mental disorder
also tell their story when they are not in an acute phase and they
could be talking more about a completed story in their past. So,
the language markers are really logical according the experts. The
classifications are abandoned in the psychiatry, because they do not
really help a person according to the psychologist. However, if the
outcome is changed to for example how far someone is in their healing
process, you could also find interesting results. The models used in
this research could be applied for this new direction. A hypothesis
was that people who are further into their healing process, tell a
more integrated story about their past than a person who is less far.
So, focuspast could be marker for someone further into the healing
process. Another idea was that this research could be used to look
at symptoms instead of the diagnosis. What kind of treatment will
help a person based on what somebody says. Or look at suicidality
or aggression, what can a text tell us about that? So, find out what
a person is not explicitly telling, by analysing the deeper layers to
find possible patterns or symptoms. One domain expert said: ”The
strength of this research lays not in the exact results, but in the
application of the different models and the potential questions which
could be answered by these models.”
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5 Discussion

In this section the results from previous sections, limitations and
future work will be discussed.

5.1 Interpretation and implications of results

The results from the predictions of the different models showed that
LIWC and spaCy performed best. When looking more into the why,
one could conclude that both look at the stilistic differences between
language users. This was also shown in the use of the 1sg pronoun,
because with both models the people with a mental disorder use
the pronoun significantly more. Furthermore, the focuspast could be
explained by the fact that the people with their mental disorders
talked about what happened to them in their past. The pronouns
3sg, 3pl and 1pl were in the literature review associated with several
mental disorders, but were in this research associated with no mental
disorder. This could be explained by the fact that the people talked
about their relatives or patients in the interviews. Furthermore, stop
words do not appear to have a positive influence on the perform-
ance of the classifications except when using LIWC and the SVM
algorithm in the mental disorder vs no mental disorder comparison
and RobBERT in the multi-class comparison.

5.2 Limitations

This research had a number of limitations and all of them are linked
to the dataset. First, the people with the mental disorders were la-
belled based on their diagnosis. However as said in the introduc-
tion, diagnosing a mental disorder is complex due to the different
factors. So, it could be that some interviews were not labelled cor-
rectly. Second, the interviews were in Dutch. This resulted in less op-
tions in language models to choose from. Third, the people without
a mental disorder talked about their family or patients with a men-
tal disorder. This could influence the performance of the models.
Fourthly, the dataset was static. The interviews were a snapshot of
somebody’s use of language. It could be that a person had a good or
bad day with their disorder and this could have influenced their use
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of language. Lastly, the dataset was limited. Only 72 interviews of
people with a mental disorder were collected and there were around
10 kinds of mental disorders. So, the dataset included not even 10
interviews per disorder and some disorders contained of only 2 or 3
interviews transcriptions. This was also why the deep learning mod-
els were used, because they exploit transfer learning to extract fea-
tures that can easily be reused for classification and thus require less
data to achieve high performance (Feng et al., 2021). Furthermore,
the balance between people with and without a mental disorder was
skewed, which could also influence the results.

5.3 Future work

This research project is a start for new possibilities in the field of
language markers in the mental health care domain. First, alternative
NLP-models could be applied. For this research, the approach of
applying for example XLM combined with ClinicalBERT was not
used, because these models have not been used extensively in the
medical domain. Research into applying different kinds of models
to interview transcriptions could lead to new insights. Moreover,
the two deep learning models were chosen because of performance.
However, it could be that these two were not the best in picking up
mental disorder cues and others can reach a better accuracy.

Second, new language markers could be found by exploring more
advanced methods to explain blackbox-models. This research focused
on LIME, because SHAP (SHapely Additive exPlanation) does not
support a fastText-model. However, when using other models or
other explanation techniques, new insights could be gained.

Third, the data and outcome of the models could be changed.
This research could be the stepping stone for looking into symptoms
or stage in the healing process of a person based on the use of lan-
guage. The different models in this research show their strengths and
weaknesses and will help by choosing the most suitable one.

Fourth, when more data is available for more different kinds of
mental disorder new insights and language markers could be gained.
Moreover, the DSM-5 is the manual to classify a person and when
language markers per mental disorder are mapped, it could be a tool
to support medical professionals.
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6 Conclusion

The main question of this research was: ”To what extent can a dia-
gnosis of mental illness be determined by language markers?”. First,
the five sub-questions are answered and next the main question is
answered.

6.1 Sub-questions

SQ1 Which traditional sentence level approach is suitable to detect
language markers?

This question was answered in section 3.3. Several dependency pars-
ers were already compared by another researcher. However these
parsers did not have a Dutch dictionary. In the end, the three Dutch
dependency parsers Frog, Alpino and spaCy were compared and
spaCy was chosen based on equipment constraints.

SQ2 What neural approach is suitable to detect language mark-
ers at word level?

In section 3.4 two deep learning models were compared at word-level,
Word2Vec and fastText. The model chosen was fastText, because it
can handle OOV-words.

SQ3 What neural approach is suitable to detect language mark-
ers at sentence level?

Furthermore, the other deep learning models compared in section
3.4 were all at sentence-level. The models without a Dutch diction-
ary could be combined with a transfer learning model, for example
ClinicalBERT. However research suggested that this was not ex-
tensively used in the medical domain. The models with a Dutch dic-
tionary were compared based on classification performance. Between
BERTje (accuracy = 93%) and RobBERT (accuracy = 95.1%), Rob-
BERT was chosen because it outperformed BERTje.
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SQ4 How well do the techniques perform on Dutch narratives?

The models and classification algorithms were used to make predic-
tions for the two comparisons. The binary prediction between mental
disorder and no mental disorder reached an accuracy of 95% with
LIWC and random forest. The mental disorder multi-class compar-
ison reached with spaCy and random forest an accuracy of 43%. The
two models, which performed best, are based on stilistic differences
rather than neural networks.

SQ5 To what extent can we identify meaningful language mark-
ers for having a mental disorder

It is to early to quantify to what extent we can identify the mark-
ers. However, as seen in section 4.5.3, there are classifiers to find out
if a person has a mental disorder or not. LIME was applied to the
two deep learning models and explained why a few of the interviews
were classified as mental disorder and others were not. However, this
could not be generalised and thus no language markers were found
with LIME. These results were also discussed with domain experts.
They said that the strength of this research does not lie in the exact
results, but it is a stepping stone for other potential questions which
could be answered by the different models used in this research.

6.2 Main research question

The goal of this research was to explore language markers in Dutch
psychiatric interview transcriptions. We found that research thus
far mainly focused on LIWC. So, first task was to investigate sev-
eral traditional and deep learning models and spaCy, fastText and
RobBERT were chosen. Next, the prediction performances of LIWC,
spaCy, fastText and RobBERT were compared. The best performing
technique to find out if a person has a mental disorder is LIWC in
combination with the classification algorithm random forest which
reached an accuracy-score of 0.952 and a Cohen’s kappa of 0.889.
spaCy in combination with random forest predicted best which men-
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tal disorder a person has with an accuracy-score of 0.429 and a Co-
hen’s kappa of 0.304. Furthermore, as could be seen in table 5 in sec-
tion 4.5.3, several language markers were found. With these markers,
the LIWC-decision tree and an interview transcription, there could
be determined if a person has a mental disorder or not.
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Appendix A LIWC

Figure A.1: LIWC output part 1
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Figure A.2: LIWC output part 2
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Figure A.3: LIWC output part 3
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Figure A.4: LIWC feature importance top 10 for the binary classific-
ation
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Figure A.5: LIWC summary top 10 features
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Figure A.6: LIWC Mann-Whitney U-test top 10 features
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Appendix B spaCy

spaCy variable Example

ik doen nsubj Ik doe normaal, haal mijn studie en gebruik geen
drugs en ben niet irritant

I do nsubj I do normal, get my degree and don’t use drugs
and am not irritating

ik gaan nsubj ik ben meer waard dan dit, ik ga voor mezelf
opkomen.

I go nsubj I am worth more than this, I’m going to stand
up for myself

ik hebben nsubj Ik heb ook behandelingen gehad, of een behan-
deling gehad

I have nsubj I have also gotten treatments, or got a treatment
ik komen nsubj Ja, ik kwam in de bijstand.
I come nsubj Yes, I came into welfare.
er zijn advmod Er zijn zo veel vrouwelijke sociotherapeuten

in heel [naam][centrum] die opgeroepen kunnen
worden

there are advmod There are so many female sociotherapists in
[name][centre] who can be called

ze hebben nsubj Al een tijdje maar ze hebben nooit wat aan mij
verteld

they have nsubj For some time, but they have never told me any-
thing

Table 6: Examples of spaCy variables
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Figure B.1: Frequency of the spaCy variables
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Figure B.2: spaCy feature importance top 10 for the binary classific-
ation
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Figure B.3: spaCy summary top 10 features
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Figure B.4: spaCy Mann-Whitney U-test top 10 features
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Appendix C LIWC categories

The 2 pages below show the different categories of LIWC, the ab-
breviations and a few examples per category (Pennebaker et al.,
2015).
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Appendix D Draft Paper

Below the draft paper in preparation for submission to a scientific
conference or journal.
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Abstract. Diagnosing mental disorders is complex due to the genetic,
environmental and psychological contributors and the individual risk fac-
tors. Linguistic markers for mental disorders can help diagnose a person.
Research thus far on linguistic markers and the associated mental disor-
ders has been done mainly with the Linguistic Inquiry and Word Count
program (LIWC). In order to improve on this research, we apply, next
to LIWC, spaCy and the deep learning models fastText and RobBERT
to Dutch psychiatric interview transcriptions. This is analysed with the
goal to find out if a person has a mental disorder and if so which one.
Furthermore, the second goal of this research is to find out which words
are linguistic markers for which mental disorder. LIWC in combination
with the classification algorithm random forest performed best in pre-
dicting if a person has a mental disorder (AUC: 0.888; accuracy: 0.952;
Cohen’s kappa: 0.889) and spaCy in combination with random forest pre-
dicted best which mental disorder a person has (accuracy: 0.429; Cohen’s
kappa: 0.304).

Keywords: Linguistic marker · Mental disorder · Deep learning · LIWC
· spaCy · RobBERT · fastText · LIME

1 Introduction

The contribution of mental disorders are a major part of the global burden of
disease [22] and in 2017 accounted for 10.7% of the global population [19]. This
contribution is not keeping an even position, but is rising mainly in develop-
ing countries [22]. Furthermore, mental disorders have a substantial long term
impact on individuals, caregivers and society [13]. The challenge of diagnosing
a mental disorder is the complexity of the multiple genetic, environmental and
psychological contributors and the individual risk factors [20].
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Research has shown that people with mental health difficulties use distinctive
linguistic patterns [12]. The program Language Inquiry and Word Count (LIWC)
is the main focus for identifying linguistic markers [2]. This technique calculates
the number of words of certain categories that are used in a text based on a
dictionary [16]. LIWC is a traditional program that analyses at word level and it
does not use neural networks. The goal of this research is to compare LIWC with
other NLP techniques to provide more useful insights into psychiatric stories.

In this paper we compare the performance of spaCy [10], fastText [1] and
RobBERT [7] when applied to the psychiatric interview transcriptions. spaCy is
a dependency parser and syntactically processes text. This technique can provide
insights because it will show the grammatical structure of the sentences and it
will provide information about the grammatical relationships between words [6].
By using this technique, the different uses of grammar between mental illnesses
are uncovered. This will give further insight into the stilistic differences between
people with and without a mental disorder. fastText and RobBERT are chosen
because both techniques employ deep learning models. Deep learning exploits
layers of non-linear information processing for both supervised and unsupervised
tasks [8]. We hypothesise that deep learning techniques could provide for more
insight into these complex disorders.

2 Related work

This research is not the first looking into linguistic markers of people with a men-
tal disorder. A few researchers compared mental disorders using the LIWC-tool
[4] [12]. Table 1 summarises ten different mental disorders and the highlights of
their use of language. This includes mainly their pronoun use, semantic coher-
ence (SC) and word use.

People with Attention Deficit Hyperactivity Disorder (ADHD) use more third
person plural (3pl) pronouns, less words of relativity [4] and more sentences, but
less clauses per sentence [11]. Autism had a strong display of motion, home,
religion and death features [14]. Furthermore, people with autism are more self-
focused, because they use more first person singual (1sg) pronouns [14]. People
who are bipolar, are also more self-focused and use more words related to death
[9]. The use of more swearing words, words related to death, third person singular
(3sg) pronouns and less use of cognitive emotion words were associated with bor-
derline personality disorder (BPD) [12]. Eating disorders, consisting of bulimia,
anorexia and eating disorders not otherwise specified, are associated with the
use of the words related to the body, negative emotion words, self-focused words
and cognitive process words [4]. People with generalised anxiety disorder (GAD)
produce more sentences which lack semantic coherence [17]. Furthermore, they
also use more tentative words, impersonal pronouns and they use more words
related to death and health [4]. Major depressive disorder (MDD) had a strong
display of being more self-focused, using more past tense and repetitive words
and producing more short, detached and arid sentences [21]. Obsessive com-
pulsive disorder (OCD) is associated with words related to anxiety and more
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cognitive words. Researchers do not yet agree on the linguistic cues of PTSD,
short for post-traumatic stress disorder. One study showed that there were no
cues [4] and another study showed that people with PTSD use more singular
pronouns, words related to death and less cognitive words [15]. Finally, research
shows that the lack of semantic cohesion [5], usage of words related to religion,
hearing voices and sounds is associated with schizophrenia [12].

Table 1: Linguistic markers per disorder

Disorder Pronoun SC Word use More

ADHD 3pl - - Relativity, more sen-
tences, less clauses

Autism 1sg - Motion, home, reli-
gion and death

-

Bipolar 1sg - Death -
BPD 3sg Normal Death Swearing, less cogni-

tive emotion words
Eating 1sg - Body Negative emotion

words
GAD imprs Impaired Death and health Tentative words
MDD 1sg Impaired - Inverse word-order

and repetitions
OCD 1sg - Anxiety More cognitive words
PTSD sg - Death Less cognitive words
Schizophrenia 3pl Impaired Religion Hearing voices and

sounds

3 Methodology

3.1 Dataset and Preprocessing

The data used for this research is obtained from the Verhalenbank of the Univer-
sity Medical Centre Utrecht (UMCU) in the Netherlands. The Psychiatry depart-
ment has been collecting stories about mental illness of people who have, had or
were in contact with psychiatric complaints. Interviews are conducted with (ex-
)patients, caregivers and medical employees to gain new leads which could benefit
the recovery of patients. The interviews are then transcribed into anonymous sto-
ries and put on the website of the Verhalenbank5. The dataset consists of 108 in-
terviews with 11 labels of which 36 are without mental disorder. The split used for
this research is 80% training and 20% testing. Source code for the data analyses
is available at: https://github.com/StephanieVx/ExploringLinguisticMarkers.

5 https://psychiatrieverhalenbank.nl/
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3.2 Data analysis

This exploratory study compares performances of different NLP techniques and
looks at which language cues could predict if a person has a mental disorder
and if so, which kind of mental disorders. The four different techniques were
applied to the two test cases. The first test case is mental disorder vs mental
disorder and the second is mental disorder vs no mental disorder. After applying
the techniques, predictions are made. For LIWC and spaCy, the classification al-
gorithms decision tree, random forest and support vector machine (SVM) were
used and the deep learning techniques used their default prediction models with-
out incorporating a transfer learning step. Next, the techniques and predictions
were applied again after removing the stop words from the interviews and the
predictions were compared. Furthermore, to gain further insight in the predic-
tions of fastText and RobBERT, LIME (Local Interpretable Model Agnostic
Explanation) was applied [18].

4 Results

4.1 Predictions

Table 2 shows the accuracy of the two comparisons and Cohen’s Kappa per pre-
diction. The LIWC program in combination with the random forest algorithm
reached the highest accuracy when comparing mental disorder versus no men-
tal disorder. spaCy reached the highest accuracy when comparing the different
kinds of mental disorder. Cohen’s kappa was used to assess the inter-classifier
agreement [3]. This metric takes the probability that the 10 different labels in
this case, agree by chance into consideration when quantifying how much they
agree. Cohen’s kappa was calculated for each model and prediction algorithm.
Some of the models have classifiers below 0.4 which means that there is a slight
agreement. A kappa of above 0.6 means that the classifiers have a substantial
agreement, for example the n-grams input with the SVM model in the MD (men-
tal disorder) vs Control group comparison. When the kappa is between 0.8 and
1 it means that the classifiers have an almost perfect agreement. This applies to
the LIWC-output with the random forest model in the second comparison with
a kappa of 0.889. The low accuracy of the second comparison can be explained
due to a dataset of only 72 interviews from people with mental disorders and 10
different kinds of mental disorders.

What also can be seen in Table 2 in the sixth and seventh column, is that
without stop words spaCy perform less accurate while LIWC, fastText and Rob-
BERT perform almost similar in both comparisons.

Figure 1 shows the decision tree for the LIWC-output. If an interview tran-
scription consisted of more than 5.4% of the first person singular pronoun, than it
was classified as mental disorder. If not and if less than 8.5% of the words related
to social concepts were included, than the interview was classified as no mental
disorder. Furthermore, the plot in Figure 2 shows the AUC-ROC of LIWC with
the random forest classification algorithm for the comparison between mental
disorder and no mental disorder.



Deep & Dutch: Exploring linguistic markers in psychiatric stories 5

Table 2: Predictions

Comparison Input Model Accuracy Kappa Accuracy
no SW

Kappa
no SW

Mental
Disorder
vs
no
Mental
Disorder

LIWC-
output

rpart 0.857 0.667 0.857 0.674

LIWC-
output

random-
Forest 0.952 0.889 0.952 0.877

LIWC-
output

SVM 0.857 0.64 0.905 0.738

n-grams rpart 0.810 0.391 0.444 -0.309

n-grams
random-
Forest 0.762 0.173 0.389 -0.370

n-grams SVM 0.714 0.115 0.528 -0.275
raw data fastText 0.643 0.172 0.607 0.072
raw data RobBERT 0.607 0.000 0.607 0.000

Mental
Disorder
multiclass

LIWC-
output

rpart 0.286 0.157 0.286 0.177

LIWC-
output

random-
Forest 0.214 0.120 0.214 0.144

LIWC-
output

SVM 0.286 0.114 0.143 0.0718

n-grams rpart 0.143 -0.0120 0.071 -0.052

n-grams
random-
Forest 0.429 0.304 0.214 0.078

n-grams SVM 0.357 0.067 0.143 0.091
raw data fastText 0.286 0.000 0.200 0.000
raw data RobBERT 0.200 0.000 0.267 0.120

4.2 LIME

LIME was applied to both fastText and RobBERT to gain further insight into the
black-box models. For example, quote 1 is from someone who has been diagnosed
with schizophrenia and the text is labelled by RobBERT as a mental disorder.
The word ’eh’ has been highlighted because it explains according to LIME why
it was labelled as mental disorder (class = 0). In Figure 3, the ten words with
the highest probabilities can be seen. Some words appear multiple times in the
figure and this is because it looks locally at a text and every word appears in a
different context. This also means that sometimes a word will be an explanation
for a mental disorder and other times not, based on the context. The second
quote is from someone with an eating disorder and and analysed by fastText.
The word ’Eh’ was highlighted because it explained why the transcription was
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Fig. 1. LIWC decision tree

Fig. 2. LIWC random forest



Deep & Dutch: Exploring linguistic markers in psychiatric stories 7

labelled as a mental disorder (class = label md). Figure 4 shows the ten words
with the highest probabilities from that transcription.

Quote 1: ”I ehm, [silence] the most poignant I will you- Yes, the most
poignant what I can tell you is that, I have weekend leave on the weekend
and than [name][wife] and I lay together in bed. And nothing happens
there. Because I don’t need that, haha. But I can’t even feel that I love
her. I know it, that I love her. And I know that my wife is and I, and
I. But that’s all in here eh , but I don’t feel it. And that is the biggest
measure which you can set.. Yes. And I talked about it with her. ”

Fig. 3. LIME explanation quote 1

Quote 2: ”Yes it gives kind of a kick or something to go against it and
to see that people you really eh yes I don´t know . That your that your
eating disorder is strong and people find that than. And then you think
oh I am good at something . And than yes I don´t know. Than you want
there that you want to be doing something you are good at . . Eh I am
able to walk again since two months. Before I eh stayed in bed and in a
wheelchair around half a year, because I eh could not walk myself. And
I was just to weak to do it. and eh yes I still cannot do quite a lot of
things. I am really happy that I can walk again by myself.”
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Fig. 4. LIME explanation quote 2

5 Discussions and Conclusion

We explored the linguistic markers in Dutch psychiatric interview transcriptions.
We particularly focused on comparing the performances of LIWC, spaCy, fast-
Text and RobBERT, to find linguistic markers for the different kinds of mental
disorders. The best performing technique to find out if a person has a mental
disorder is LIWC in combination with the classification algorithm random forest
which reached an AUC of 0.888, an accuracy-score of 0.952 and a Cohen’s kappa
of 0.889. spaCy in combination with random forest predicted best which mental
disorder a person has with an accuracy-score of 0.429 and a Cohen’s kappa of
0.304. The moderate accuracy score could be explained due to the fact that the
dataset of people with a mental disorder only included 72 interview transcrip-
tions and 10 mental disorder labels. Furthermore, stop words do not appear to
have that much influence on the performance of the classifications except when
employed using spaCy. We presume that is may be due to spaCy analyses the
text from a grammatical point of view and if stop words are missing it cannot
form the correct syntactic dependencies anymore. Further work will focus on
exploring more advanced methods to explain blackbox-models and investigating
alternative NLP-models in combination with an expanded data collection.
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