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Automated cognitive distortion detection and classification of Reddit 

posts using machine learning 

Abstract: 

A vicious circle of exaggerated thinking patterns, also known as cognitive distortions, can 

lead a person to anxiety and major depression. Automatic detection and classification of 

cognitive distortions can be beneficial for the initial mental health screening, the better use 

of counselling time, and improve accessibility of mental healthcare services. In this work, 

we apply logistic regression, Support Vector Machines (SVM), and fasttext classifiers to 

identify cognitive distortions in the real-world data from Reddit. For binary classification, 

the best F-score of 0.71 with the fasttext classifier. For multiclass classification task, the 

best F-score of 0.23 was achieved with Support Vector Machine (SVM) using tf-idf vector-

isation. However, the metrics of some classes do not exceed the random chance baseline. A 

possible explanation is that the created dataset is sufficient to build a binary classifier, but 

more accurate models require more data to distinguish a larger number of classes. Addition-

ally, we experimented with unsupervised clustering and topic modelling algorithms and did 

not find evidence that unsupervised methods could extract the patterns of cognitive distor-

tions from a text. We developed an annotation guideline for manual annotation of cognitive 

distortions and applied it to annotate 2021 Reddit posts. We achieved kappa's score of 0.569 

for binary case and 0.424 for multiclass case annotation, meaning moderate agreement be-

tween annotators. A higher number of classes leads to poorer consistency in annotation 

agreement, mainly due to overlapping definitions of cognitive distortions. Consequently, 

any automated methods cannot be expected to show high results in cognitive distortion clas-

sification. 

Keywords: 

Machine learning, mental health, natural language processing, cognitive distortions, data annotation 

CERCS: P176 Artificial Intelligence, S260 Psychology. 

Automaatne kognitiivsete kallete tuvastamine ja klassifitseerimine Red-

diti postitustest kasutades masinõpet 

Lühikokkuvõte: 

Liialdatud mõttemustrite nõiaring, mida nimetatakse ka kognitiivseteks kalleteks, võib in-

imese viia ärevuse ja depressioonini. Kognitiivsete kallete automaatne avastamine ja li-

igitamine võib olla kasulik esmaseks vaimse tervise sõeluuringuks, nõustamisaja paremaks 

kasutamiseks ning vaimse tervise teenuste kättesaadavuse parandamiseks. Selles töös ka-

sutame logistilise regressiooni, tugivektormasina (SVM) ning fasttexti klassifikaatoreid, et 

tuvastada kognitiivseid kaldeid Redditist pärit reaalmaailma andmetest. Binaarsel klassi-

fitseerimisel saadi parim F-skoor 0,71  fasttext klassifikaatoriga. Erinevate kognitiivsete 

kallete eristamise klassifikatsiooniülesande puhul saavutati parim F-skoor 0,23 tu-

givektormasinaga, kasutades tf-idf vektorisatsiooni. Siiski ei ületa siin mõne klassi 

mõõdikud juhusliku klassifitseerija piiri. Võimalik seletus on see, et loodud andmestik on 

binaarse klassifikaatori treenimiseks piisav, kuid täpsemad mudelid nõuavad suurema arvu 

klasside eristamiseks rohkem andmeid. Lisaks eksperimenteerisime juhendamata klaster-

damise ja teemamudelite algoritmidega ning ei leidnud tõendeid selle kohta, et juhenda-

mata meetodid suudaksid tekstist tuvastada kognitiivsete kallete mustreid. Töötasime välja 

annoteerimisjuhised kognitiivsete kallete käsitsi märgendamiseks ning rakendasime seda 

2021 Redditi postituse annoteerimiseks. Annoteerijatevahelise kooskõla kappa skoor oli 

0,569 binaarsel juhul ja 0,424 erinevate kaldetüüpide annotatsioonide puhul, mis tähendab 
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mõõdukat kooskõla annoteerijate vahel. Suurem arv klasse toob kaasa kehvema kooskõla 

annotatsioonides, mis on tingitud peamiselt sellest, et mõnede kognitiivsete kallete 

määratlusted kattuvad. Seega ei saa automatiseeritud meetoditelt eeldada kõrgeid tulemusi 

erinevate kognitiivsete kallete eristamisel.  

Võtmesõnad: 

Masinõppimine, vaimne tervis, loomuliku keele töötlus, kognitiivne moonutus, andmed an-

notatsioon 

CERCS: P176 Tehisintellekt, S260 Psühholoogia 
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1 Introduction 

World Health Organisation claimed depression to be a world problem impacting 4% of 

the population [1]. Depression impacts the person itself and affects relationships with 

friends, family members, and anyone who is in deep care for the depressed person and are 

willing to help. On top of that, according to Sobocki, et al. [2], the estimated cost of depres-

sion for EU economics is 136 billion EUR yearly. Cognitive Behavioural Therapy (CBT) 

shows promising results in dealing with mental health issues [3]. CBT helps identify irra-

tional thinking patterns, also called cognitive distortions [4], which related to depression[5], 

anxiety [6], and suicide ideation [7]. Cognitive distortions often are expressed in an individ-

ual's speech and writing. For example, after not arriving first in a marathon race, a person 

may say, "I'm such a limp duck. I'll never win a race." This sentence contains 2 out of 15 

common cognitive distortions [8]: "I'm such a loser" - labelling; "I'll never feel good again" 

- overgeneralisation. As distorted perception put a person at significant risk of major de-

pression development, it raises the importance of detecting cognitive distortion in the early 

stages [9]. 

Natural language processing is a technology that enables understanding of human 

language, both speech and writing, and extracts meaning from it. With the growth of the 

machine learning field, CBT online therapy and tools based on NLP techniques positively 

enhanced mental health diagnosis and treatment, making mental health check-ups more af-

fordable [10][11]. Various studies aimed to classify persons' status (i.g., depressive, suicidal, 

anxious) from social media such as Twitter and Facebook. For example, Kramer et al. [12] 

studied emotional contagion by manipulating Facebook Newsfeed, which led to an increase 

or decrease of positive or negative posts produced by the person. Other studies present re-

sults on depression [13] and suicidal ideation [14] detection from Twitter posts or trained 

model to provide support for moderators of youth mental health online forums [15].  

To our knowledge, there are a few studies that focused on cognitive distortion de-

tection from texts. In 2012, Moris et al. [16] selected five cognitive distortions and asked 73 

participants to manually annotate as distorted and not distorted 32 short texts taken from 

literature and online resources. The authors reported high accuracy for manual detection, 

but this study does not include a training description used to teach annotators how to detect 

cognitive distortions. The first attempt for automated detection and classification was con-

ducted by Shickel et al. [17]. In the article, authors expanded the number of distortions up 

to 15 and used three different datasets: Amazon Mechanical Turk1 workers were asked to 

provide personal life examples to fit a distortion description. The other two real-world da-

tasets were shared by TAO Connect2 and annotated with the help of four students from the 

psychology faculty. However, papers lack discussion on the data annotation process and do 

not include used annotation guideline. As the results of their work, Shickel et al. formed 

three newly datasets, nevertheless, authors highlight that there is still a substantial shortage 

of annotated datasets in this domain. They also mention that Mechanical Turk dataset could 

be biased as platform workers were framed with a cognitive distortion definition. Shickel et 

al. do not make any claims about detection and classification models baseline achieved with 

TAO Connect datasets, however, they consider real-world data more promising considering 

application of future results. 

                                                
1 https://www.mturk.com/ 
2 https://www.taoconnect.org/ 
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Reddit3 is the 5th most visited online discussion platform in the US, with over 130K 

communities organised around readers' interests. The website offers an opportunity for 

every user to create subforums titled "subreddits" for everyday topics from sports and friend-

ships and more complicated topics such as bullying at school, addictions, depression, and 

other issues related to mental health. It appears to be a suitable source of real-world data as 

users there are not prompted and imposed with any limitations in terms of lexicon, size of 

the posts, and structure that they should follow. 

In this thesis, different unsupervised and supervised techniques will be examined to 

identify cognitive distortions from real-world posts published on Reddit. As for the super-

vised methods, the goal is to set up a baseline for detection and classification tasks as all 

previous works on the same topic have their problem. We will develop an annotation guide-

line and use it to annotate data so that it will be possible to build models using logistics 

regression, SVM and fasttext algorithms. Built models will be evaluated against a standard 

set of classification metrics, and results will be discussed. We will also analyse the agree-

ment score between two annotators on a subset of annotated posts and highlight challenges 

that occurred throughout the annotation process. The aim of studying unsupervised methods 

such as K-means, BIRCH and topic modelling to analyse how well they can capture cogni-

tive distortions from real data. It whether there is a potential for application of an unsuper-

vised learning approach in mental health. 

The main contributions of this thesis can be summarised as follows: 

 To our knowledge, this is the first work that develops and shares annotation guide-

line for manual detection and classification of multiple cognitive distortions based 

on a given text.  

 We establish a baseline for cognitive distortions detection and classification using 

Reddit data annotated according to the developed annotation guideline. 

The rest of the thesis is organised as follows: Chapter 2 introduces works on the intersection 

of NLP and psychology in general and cognitive distortions in particular. In addition, we 

examine papers that discuss the data annotation for mental health datasets. Chapter 3 ex-

plains technical methods applied in Chapter 5 and Chapter 6. Chapter 4 includes information 

about dataset and describes annotation guideline. In Chapter 5 we report the experiment 

results for clustering and topic modelling, and Chapter 6 includes experiment outcome of 

a supervised classification experiment. Finally, Chapter 7 summarises thesis findings and 

concludes it with potential improvements. 

                                                
3 https://www.reddit.com/ 
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2 Related works 

This subchapter presents an overview of works that were completed on the intersection of 

NLP and mental health, analyse works that have been done on cognitive distortion detec-

tion and classification, explores articles related to mental health data annotation and out-

lines research goals for this thesis.  

2.1 Mental health and NLP 

 The application of NLP techniques for the mental health domain is a growing sub-

field of data science. There has been quite much work in this area involving different 

goals—depression detection, identification of PTSD and suicidal identical, and focuses on 

already developed disorders rather than early signs. 

Pestian et al. [18] demonstrated results on emotion detection from anonymised suicide 

notes. De Choudhury et al. [19] worked on predicting clinically depressed individuals using 

Twitter posts. O'Dea et al. [20] focused on forming a quick response to assist moderators 

who work with suicidal ideation. Coppersmith et al. [21] used Twitter publications to iden-

tify depression and PTSD on Twitter.  

Moreno et al. [22] examined status updates on Facebook and revealed that it is possi-

ble to identify symptoms of major depressive episodes. Similarly, Kotikalapudi et al., [23] 

study investigate college students' web activity to detect signals of depression. Perušic et al. 

[24] built a binary classifier to predict early signs of depression. They evaluated the im-

portance and identified the most informative semantic categories of features such as sen-

tence length, positive motions. In 2016 Guntuku et al. [25] conducted a large comparison 

metastudy on detecting depression from four social media sources of data. It concludes that 

screening based on social media can add value to a mental health screening strategy.  

2.2 Cognitive distortion detection and classification 

Cognitive distortions are an early signal of developing depression and anxiety. There 

are a few research papers done on distorted thinking patterns identification and classifica-

tion. The detection (or binary classification) task aims to identify the presence or absence of 

cognitive distortion in a given document. The classification (multiclass classification) task 

aims to label distorted documents with cognitive distortions from the pre-defined set of la-

bels/cognitive distortions. The most relevant research was published in 2020 by Shickel et 

al. [17]. Authors worked with supervised (e.g., logistic regression, XGBoost, RNN) meth-

ods for the automatic detection and classification 15 [26] the most common cognitive dis-

tortions. They also experimented with unsupervised (hierarchical clustering) and statistical 

methods (Topic Modeling) to detect natural and hierarchical groupings of cognitive distor-

tions that share common traits. For the detection and classification tasks, researchers col-

lected three datasets: CrowdDist, MH-C and MH-D. Median passage length for all sets var-

ies from 42 to 47 words (~2-3 sentences).  

To form a CrowdDist dataset Amazon Mechanical Turk (MTurk) workers were pre-

sented with definitions of cognitive distortions. They were asked to describe events from 

their life that fall into the definition scope of the presented cognitive distortions. The final 

dataset contains 7,666 responses from 1,788 unique individuals with 511 documents per 

distortion on average. Authors admit the CrowdDist dataset limitation: presented description 

of cognitive distortion could have narrowed and prompted MTurk workers to fit their mem-

ories into the cognitive distortion description. This creates a barrier to predict cognitive dis-

tortions from the real data. People might use different wording to describe the same event 

when this event happened compared to the words and expressions that will be used a few 
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days after the event happened. The results of topic modelling reported in work show that 

people used wording that is expected to be seen in a specific cognitive distortion, which 

indirectly proves our concerns about unbiasedness of CrowdDist dataset. 

The MH-C and MH-D datasets consist of journal entries provided by an online men-

tal health therapy service for students TAO Connect. The size of MH-C is 1,164 entries with 

15 label types, and MH-D consists of 1,799 entries with binary labels. The dataset is imbal-

anced and cognitive distortions are not evenly represented. Only MH-D contains 194 entries 

labelled as "Not Distorted". All entries were annotated by four undergraduate students from 

the psychology department. Annotators included only those entries when the majority of 

annotators agreed on the label. There is no information on whether any annotation guidelines 

were created for the annotation purposes and the training procedure. The issue with the da-

taset comes from the service's target audience: TAO Connect aims to help college students 

who suffer from anxiety and depression. Unfortunately, cognitive distortions not only man-

ifest in college and occur at work, in family relationship, and in day-to-day life situations 

that might not be related to studies at all. This brings risks for the model not to be able to 

detect and classify cognitive distortions from a non-college perspective. Being focused only 

on students' entries limits the capabilities of models to detect and classify cognitive distor-

tions in different environments. Also, customers of mental health online services might be 

more educated about different concepts in psychology, or a service can offer the specific 

pattern "how-to" to make entries. This might narrow the vocabulary to limited scope com-

pared to what a person would write, giving them no limits and no "how-to" guidance.  

Shickel et al. reported results only for logistic regression as the best working method 

for detection and classification tasks. They achieved a high F-score in the detection task for 

predicting positive label (F-score = 0.95), but this is expected as the data was heavily im-

balanced towards texts with a distorted label. For multiclass classification task authors re-

ported F-score equal to 0.45, but trained model is not able to predict 7 out of 15 distortions: 

"Being Right", "Blaming", "Fallacy of Change", "Fallacy of Fairness", "Global Labeling", 

"Heaven's Reward Fallacy" and "Personalisation".  

However, Shickel et al. is not the first attempt to detect cognitive distortions. Morris 

et al. [16] proposed a tool that uses crowdsourcing collective intelligence to assist individ-

uals to alter the emotional response to stressful situations and life events. As a part of the 

outlined framework for empathetic responses, workers analyse input texts to detect cogni-

tive distortion. In case cognitive distortion was identified, it is then classified between one 

of the five given labels: "Overgeneralisation", "Catastrophizing", "All-or-Nothing", "For-

tune Telling", "Reverse fortune-telling". After that, the worker generates empathetic an-

swers using cognitive restructuring, which is easy to teach, as the author highlights. 

As a part of the study, Morris et. al trained 73 participants from Amazon's Mechan-

ical Turk and asked each of them to annotate the set of 32 input statements as "Distorted" 

or "Not Distorted". The length of input texts was limited to 3 sentences to ease the annota-

tion. With minimal instructions and provided framework, authors report 89% accuracy for 

cognitive distortion detection tasks. Authors claim that the relatively easy concept of cogni-

tive distortions, and high accuracy of non-expert annotation, gives the confidence that it is 

possible to build automated tools for detecting and classifying cognitive distortions. 

One more paper by Xuejiao et al. [27] proposed a CNN-based system to detect cog-

nitive distortions based on daily mood logs and automatic patient thoughts. The justification 

for using automatic thoughts adds to what discussion about the CrowDist dataset: very often, 

people cannot detect cognitive distortions by themselves, and therapists can not follow pa-
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tients 24/7. Although authors were the first who considered using word embed-

dings(word2vec) for text vectorisation in the system, they did not run any experiments, and 

it is rather a theoretical architecture. 

2.3 Annotation Studies 

All the work on cognitive distortion on detection and classification generally de-

scribes the annotation process and highlights the absence of text datasets. Shortage of data 

and annotation guidelines brings challenges in terms of the reproducibility of studies. It sets 

high barriers to start new ones: instead of developing new methods and approaches, authors 

first had to create annotation guidelines annotate data.  

The subfield of annotation guidelines for mental health is not well developed with 

very few solid works, including an annotation guideline. It describes the annotation process's 

challenges for social media data. For example, Mowery et al. [28] developed an annotation 

guideline for major depressive disorder based on DSM-5[29] depression criteria and psy-

cho-social stressors. They ran an experiment and annotated Twitter data with created guide-

lines and included annotator agreement score results. The authors identified some depressive 

symptoms and psycho-social stressors; however, they highlighted considerable challenges 

in the annotation process of mental health symptoms. Earlier, Homan et al. [30] created a 4-

value distress scale for rating tweets, with annotations performed by novice and expert an-

notators. Milne et al. [15] complete a shared task on triaging content in mental health peer-

support forum. In this work, the authors implemented a tool that supports forum moderators 

and provides information on which forum participants require urgent help as they in the risk 

zone of committing suicide. They split messages from forum participants into four catego-

ries: Green, Amber, Red and crisis. One out of four different colours were assigned to texts 

concerning the urgency of the inquiry. To complete the classification task, they labelled 

1227 observations in total. In order to annotate posts correctly, the authors wrote a set of 

questions and created an annotation decision tree that helped them make decisions about 

what class what post to assign.  

2.4 Research goals 

In our work, we see the potential to study (1) the application of supervised methods 

to detect and classify cognitive distortions on the real-world ("wild ") data that were not 

prompted and attempt to set up a baseline for these tasks. We also want to (2) continue 

experiments with unsupervised clustering algorithms and topic modelling to see whether 

these methods can capture the reflection of cognitive distortions in real-world data. This 

work is based on data extracted from the Reddit discussion board as there are no restrictions 

imposed in terms of vocabulary and how-to word expression of feelings. The real-world 

dataset also might broaden the number of environments where distorted thinking patterns 

can occur, e.g. workplace, home, and day-to-day life. This is the first work (3) that will 

contain data annotation guideline, describes the process of annotation and examines agree-

ment score difference between 2 independent annotators. Based on the reported results by 

Shickel et al., we also see the potential to decrease the number of cognitive distortions for 

classification task to avoid problem zero value metrics. Annotated dataset is also enhanced 

with the negative labels, and we expect to achieve a balance between the representation of 

each cognitive distortion. 
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3 Technical background 

This chapter aims to introduce various techniques and algorithms for work with textual data 

that were further applied. 

3.1 Text vectorisation 

The main object of NLP research is text. For example, mail messages, logs, messages in 

chats, speech, and even images. A document (text) is an object consisting of words that are 

organised in a specific order. Words are usually called tokens, and a corpus or dataset is a 

set/collection of documents. In order to work with texts, it is necessary to turn them into a 

mathematical representation – from each text, form a vector with which a computer can 

work. The process of transformation of text into its numerical presentation (vector) called 

vectorisation [31]. 

3.1.1 Bag of Words (BoW) term frequency 

To describe various vectorisation techniques, let us consider the following corpus of 4 sen-

tences (1) as an example:  

1. A fluffy kitten purred. 

2. A fluffy cat purred and meowed.  

3. A fluffy kitten meowed.  

4. A loud fluffy poodle ran and barked. 

One of the methods is to count occurrences of a particular token (word) in the dataset. This 

is the simplest representation which is called a bag of words [32]. To build up this represen-

tation, the frequency of all the unique tokens (words) that appeared in all documents is cal-

culated. As a result, initial texts are transformed into a term-document matrix. Columns of 

this matrix represent sentences (documents in our case), and rows contain unique tokens 

that form a dictionary of the dataset (see Table 1). 

Table 1 Term-document matrix4 

 Sentence #1 Sentence #2 Sentence #3 Sentence #4 

kitten 1 0 1 0 

fluffy 1 1 1 1 

cat 0 1 0 0 

meowed 0 1 1 0 

However, there are a few drawbacks to this approach to consider. The word order is lost, 

and it is possible to shuffle any word in the sentences, and representation will remain the 

same [33].  These vectors have no semantic meaning. For example, there is a vector for a 

cat and a kitten - in the BoW approach, they are not related in any way. Another problem is 

scalability. In real tasks and challenges, the size of the dictionary is usually very large - it 

                                                
4 only 3 words were used to reduce the amount of occupied space 
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can be hundreds of thousands of words, or even several million. This results in very long 

sparse vectors and blocks usage of non-linear methods since the vectors are large.  

3.1.2 Term Frequency-inverse document frequency (tf-idf) 

To overcome the problem of sparse vectors, some tokens can be removed on the occurrence 

frequency in documents of the corpus. For example, prepositions, articles are very frequent 

but do not add extra value to discriminate texts as they only exist for grammatical structure. 

On the other side of the scale are low-frequency tokens such as typos or rare words that are 

not seen in other documents. This can cause a model to learn dependencies that are actually 

not there.  

To select medium frequency term frequency-inverse document frequency (tf-idf) algorithm 

used. This method assigns a higher value if the term has a high frequency in the given doc-

ument and low term frequency in the whole collection of documents [33][34]. The term 

frequency (tf) is be calculated as follows [34]: 

𝑡𝑓(𝑡, 𝑑) =  
𝑓𝑡,𝑑

∑ 𝑓𝑡′ ,𝑑𝑡′∈𝑑
 

where 𝑓𝑡,𝑑 is the number of times the term appeared in document d and ∑ 𝑓𝑡′,𝑑𝑡′∈𝑑  - total 

number of terms in a document.  

The inverse document frequency (idf) calculates the frequency of the word in the 

entire corpus. It decrease the weights for frequent words and increases the weight of rare 

words, and can be calculated as follows: 

𝑖𝑑𝑓(𝑡, 𝐷)  =  𝑙𝑜𝑔
|𝐷|

|{𝑑 ∈  𝐷 ∶  𝑡 ∈  𝑑}|
  , 

where |D| is a total number of documents in the corpus; |{𝑑 ∈  𝐷 ∶  𝑡 ∈  𝐷}|is the number 

of documents where the token 𝑡 appears.  

The tf-idf term value is calculated as follow:  

𝑡𝑓 𝑖𝑑𝑓(𝑡, 𝑑, 𝐷)  =  𝑡𝑓(𝑡, 𝑑)  ·  𝑖𝑑𝑓(𝑡, 𝐷).  

 

Although the vocabulary can be optimised with TF-ID, it still does not capture position 

terms order, semantics, and terms co-occurrences in a different context compared to word 

embeddings. 

3.1.3 Word embedding 

Word Embeddings is a concept presented by Mikilov, and Le is another vectorisation tech-

nique that generates distributed representation vectors out of terms and helps to carry se-

mantic meaning [35]. Doc2vec [36] [37] is a document embedding technique that enables 

figuring out various relationships between words. Besides the words, doc2vec also uses 

document ID in training. In that case, documents are treated in the same way as if they are 

words: there is ID in a collection of documents and based on that, the embedding will be 

built for a document. 

There are two architectures of doc2vec: Distribute Memory (DM) and Distributed Bag of 

Words (DBOW). The main difference is that DM attempts to predict a focus word given 

context words and paragraph ID. At the same time, DBOW stands for providing probability 

to provide the context given the document [38]: 
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𝐷𝑀 = 𝜌(𝑤𝑖|𝑤𝑖−ℎ , … , 𝑤𝑖+ℎ|𝒅), 

𝐷𝐵𝑂𝑊 =  𝜌(𝑤𝑖−ℎ , … , 𝑤𝑖+ℎ|𝒅), 

For example, taking corpus (1) and attempt to predict kitty, cat, poodle using DM. 

Context words for kitty: [fluffy, meowed, purred], (ID - 1,3) 

Context words for cat:  [fluffy, purred], (ID - 2) 

Context words for poodle: [fluffy, ran], (ID - 4) 

Table 2 Paragraph Matrix 

 fluffy purred barked meowed loud ran 

kitten 2 1 0 1 0 0 

cat 1 1 0 0 0 0 

poodle 1 0 0 0 0 1 

The matrix (Table 2) is passed to the neural network with one layer. As a result, doc2vec 

generates a vector for the word and the document.  

 

 

Figure 3.1 doc2vec Distribute memory architecture5 

In doc2vec method, multiple neurons capture a single concept (e.g. word meaning, part of 

speech), and also, a single neuron contributes to multiple concepts to form distributed rep-

resentation of a document. These concepts are not pre-defined and are learnt through work 

of algorithm, and that why they can be used in different contexts. 

                                                
5 https://www.researchgate.net/figure/Doc2vec-model-with-a-distributed-memory-method_fig4_320653820 
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3.2 Clustering 

Text clustering belongs to a class of unsupervised machine learning task. Clustering algo-

rithms group a collection of unlabelled documents so that texts in the same cluster are more 

similar to each other than those in other clusters. Text clustering algorithms process data 

and determine if natural clusters (groups) exist in the data. 

3.2.1 K-means 

K-means is the most known vector-based clustering algorithm that requires a pre-defined 

number of clusters as input [39]. It returns a label from a pre-defined number of clusters 

for each data point. K-means starts from random initialisation of K cluster centroids in the 

vector space (Error! Reference source not found., b) [40].  

𝜇1, 𝜇2, … , 𝜇𝑘  ∈  𝑅𝑛 

 

Figure 3.2 K-means algorithm6 

After that algorithm computes the distance metric between every observation and all clus-

ters' centres, observations are assigned to the closest cluster based on the lowest distance 

(Error! Reference source not found., c). 

𝑐(𝑖) = argmin
𝑗

‖𝑥(𝑖) − 𝜇𝑗‖
2
, 

where 𝑐(𝑖) − observation label. After all, observations are assigned to new clusters, centres 

of clusters are recalculated based on values of newel added observations within a given 

cluster (Error! Reference source not found., d). 

                                                
6 https://stanford.edu/~cpiech/cs221/handouts/kmeans.html 
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𝜇𝑗 =  
∑ 1{𝑐(𝑖) = 𝑗}𝑥(𝑖)𝑚

𝑖=1

∑ 1{𝑐(𝑖) = 𝑗}𝑚
𝑖=1

 

Steps (c) and (d) are repeated until the convergence is achieved so that the distance be-

tween 2 distinctive clusters is maximum, but the distance between observations within one 

cluster is minimum. K-means is the easiest algorithm to understand and interpret. It has a 

low execution time, comparing to other methods. 

3.2.2 Birch algorithm 

Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) [41] is a hierar-

chical algorithm that capable of dealing with problem of scaling dataset size by generating 

a height-balanced tree Clustering Feature Tree (CFT) with a collection called Characteristic 

Feature Nodes (CFN). Every CFN has Characteristic Feature Subclusters (CFS) that contain 

compact summaries about data. Every CF contains several samples in subcluster, linear sum, 

squared sum, centroids and squared norm of centroids. BIRCH performs clustering using 

the data summaries instead of the original dataset. This approach allows optimising memory 

needed for computation. BIRCH does not work with categorical data and can only deal with 

metric attributes represented by explicit coordinates in a Euclidean space. Also, the quality 

of Birch performance decreases on a high dimensional dataset.  

Zhang et al. [42] outlined the work of BIRCH clustering algorithm in four phases. It starts 

from building an initial CF tree based on the scanned data within the memory given and 

results in a summary of the data. The second phase is optimal preprocessing to improve 

performance speed and quality. At this stage, the algorithm scans smaller CF tree to dense 

group subclusters into large ones and remove outliers. In the third phase, all leaf entries 

are clustered using existing clustering algorithms (e.g. K-means). As a result, the collec-

tion of clusters the fall into main distribution pattern is generated. During 4th phase, 

BIECH uses centroids calculated in phase 3 as seeds, and reassign data point to the closest 

seed to ensures that all copies of a single data point belongs to the same cluster and move 

them to one cluster if they are not. 

3.2.3 Optimal number of clusters 

As K-mean and Birch require a fixed number of clusters as an input, a very common task 

for clustering is to find out the optimal number of clusters as the number of ground truth 

labels is unknown. For that purposes, different techniques are used to calculate scores and 

Elbow method 

One of the most common approaches to finding an optimal number of clusters is applying 

the elbow method [43]. It runs a clustering algorithm multiple times, with an increasing 

number of cluster choice. The smaller the inertia, the denser the cluster. The score is calcu-

lated as the sum of square distances from each point to the assigned cluster. After that, each 

cluster score is plotted as a function, and a sharp downshift of a line (and forming elbow) 

should show the optimal number of clusters [44]. 
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Figure 3.3 Output example of elbow method [43] 

Figure 3.3 presents an example of issues that might occur with Elbow method. The graph 

line is smoothing without forming a clear elbow, and it is not evident what number of clus-

ters to choose. Silhouette score (Figure 3.4) and Davies-Bouldin Index can help to overcome 

this problem. 

Silhouette score 

Silhouette score [45] is used to measure how each point in one cluster is similar to the 

other cluster's points and the neighbouring clusters. The score is ranged from -1 to 1, 

where zero value indicates overlapping clusters, negative values indicate that those sam-

ples might have been assigned to the wrong cluster. A higher score indicates more distinct 

and dense clusters, i.e. sample is far from the neighbouring clusters. The silhouette coeffi-

cient [46] is calculated as follows: 

𝑠 =
𝑏 − 𝑎

max (𝑎, 𝑏)
, 

where 𝑎 is the average distance between a given point and all others that belongs to this 

cluster; 𝑏 is the average distance between an observation and all other points.  
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Figure 3.4 Example of silhouette coefficient score  

Davies Bouldin index 

Just like Silhouette score, Davies-Bouldin index [47] signifies the average 'similarity' be-

tween clusters without ground truth labels. The similarity is the ratio of within-cluster dis-

tances to between-cluster distances. Less dispersed clusters and larger distance between 

each cluster results in a better score. However, a method is limited to usage of Euclidean 

distance function since it calculates the distance between clusters' centroids 

The Davies-Boulding score is calculated as an average similarity between each cluster 𝐶𝑖 

and similar 𝐶𝑗[48]. The mathematical formulation is a follows: 

𝑑𝑏 =  
1

𝑘
∑ max

𝑖≠𝑗
(
𝑠𝑖 + 𝑠𝑗

𝑑𝑖𝑗
)

𝑘

𝑖=1

, 

where 𝑠𝑖,𝑗 −the mean distance between each point of cluster 𝑖 and cluster centroid (cluster 

diameter),  𝑑𝑖𝑗 − distance between cluster centroids 𝑖 and 𝑗. 

3.2.4 Clustering visualisation 

Principal Component Analysis (PCA) is a linear dimensionality reduction technique that 

captures global structure of the data [49][50] and helps to visualise clustering results. The 

major drawback of PCA is that it will fail to maintain the local structures of the dataset. t-

distribution Stochastic Neighborhood Embedding (t-SNE) [51] [52] is a non-linear visuali-

sation method that is better at capturing relations between neighbours and maintaining local 

structures. The distance between two points in the visual space is embedded using the 

probability distribution of pairwise similarities in the higher dimensionality; thus, t-SNE 
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shows clusters of similar documents and the relationships between groups of documents as 

a scatter plot. t-SNE is computationally expensive, so typically, a simpler decomposition 

method such as PCA first.  

 

Figure 3.5 PCA and t-SNE visualisation examples7 

3.3 Topic modelling 

Topic is a group of tokens or keywords in a corpus that frequently occur together in the 

document and have similar tf-idf intervals. Topic modelling is an unsupervised text mining 

approach that automatically discovers similarities in a text corpus and helps discover its 

underlying topic structures. 

Latent Dirichlet Allocation (LDA) [53] is a generative probabilistic model of text corpus 

that considers each document as a collection of topics with specific groups of keywords. 

The Dirichlet model assumes that before saying something, a person rolls a dice twice: 

- Roll #1. To decide what topic is going to be discussed? Topics in the document are 

modelled as a Dirichlet probability distribution.  

- Roll #2: To decide what word will be used. The words in the topic are modelled as 

a different Dirichlet probability distribution 

Every topic in the LDA model is treated as a distribution over words existing in the docu-

ments collection. Algorithm find sets of topic-keywords distribution that are more likely to 

be in one collection by changes the order of the topics distribution within the documents and 

keywords distribution within the topics [54]. Figure 3.6 shows general LDA model 

representation. 

 

                                                
7 https://medium.com/swlh/everything-about-t-sne-dde964f0a8c1 
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Figure 3.6 Graphical model representation of LDA [55] 

The large box represents a corpus, while the smaller box represents the repeated choice of 

topics and words within a document. 𝛼 is a corpus-level parameter, and supposed to be 

sampled once during corpus generation. The variable 𝜃 is a document-level variable and 

sampled once per document. Finally, the variables 𝑧 and 𝑤 are word-level variables and are 

sampled once for each word in each document. 

3.4 Classification 

Text classification is a basic supervised machine learning task aiming to classify text into 

different categories based on a labelled dataset. This task is based on "training" and "vali-

date" approach. Firstly, the algorithm learns on training dataset, and during "validate" pro-

cess trained model is tested on train and validation datasets. The quality of a built model is 

estimated based using various classification metrics. 

3.4.1 Logistic regression 

Logistics regression, also called the sigmoid function, is a non-linear machine learning al-

gorithm that classifies observations by estimating the probability that observation belongs 

to a particular category [56]. It can take any numeric or categorical value and transform it 

into a value between 0 and 1, but not exceeding those limits. In general case, the formula of 

Logistic Regression can be written as following [57]:: 

ln (
𝑃

1 − 𝑃
) = 𝑏0 + 𝑏1𝑋1 + 𝑏2𝑋2 + ⋯, 

where P is probability of predicted event, 𝑏0; 𝑏1; 𝑏2 … −regression coefficients, 𝑋1; 𝑋2 … −  

independent variables. Exponentiate both sides of the equation we get: 

 

𝑃

1−𝑃
= 𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+⋯.   

 

The ratio 
𝑃

1−𝑃
  is called odds. Odds are defined as the ratio of the probability of any event 

and the probability of an alternative event.   
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The formula of probability P: 

 

𝑃 =
𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+⋯

1 + 𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+⋯
=

1

1 + 𝑒−(𝑏0+𝑏1𝑋1+𝑏2𝑋2+⋯ )
 

 

Figure 3.7 Logistic regression function [57] 

3.4.2 Support Vector Machine 

Support Vector Machine (SVM) is a supervised machine learning method used for classifi-

cation and regression tasks. SVM method finds an optimal separating hyperplane to deter-

mine which category a new data point belongs to by maximising the distance between two 

linearly separable data subsets [58]. SVM method is applied in different fields, such as clas-

sification of text or images and recognising handwritten characters. 

 

Figure 3.8 SVM representation [59] 
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For example, for the two-dimensional example illustrated in Figure 3.7, SVM finds 

an optimal line that lies as far from the nearest class data points as possible. The dashed 

lines are called support vectors. If the input data is not linearly separable, SVM uses a kernel 

function to map the data into a higher-dimensional space to make it linearly separable [60]. 

The hyperplane is optimal if it gives the largest minimum distance to the observations of the 

training dataset. 

3.4.3 fasttext 

FastText is an open-source, free library by Facebook AI Research for text classification and 

word vector representation that morphological structure of a word carries important 

information about the meaning of the word [61]. Comparing to doc2vec, in fasttext, simi-

larity is not just the co-occurrence of words. The general idea of fasttext is to enrich embed-

dings with subword information. fasttext goes one layer deeper and split the word in a set 

of n-grams treat, learn embeddings from n-grams and calculate final embedding as the sum 

of all n-grams [61][62]. 

3.5 Hyperparameter tuning 

The tuning parameters are the process of searching for an ideal set of parameters for model 

architecture. Hyperparameters are parameters that can be adjusted and fine-tuned to improve 

the quality of the machine learning model. Hyperrapameters often control the complexity of 

the model that affects any variance-base trade-off that can be made. [63] 

Grid search is arguably the most basic hyperparameter tuning method. This technique 

simply builds a model for each possible combination of all of the hyperparameter values 

provided. Then algorithm evaluates each model and selects the architecture which produces 

the best results based on the outlined metrics, e.g. accuracy, recall. [64] 

3.6 Classification evaluation metrics 

There are various measures for evaluating a classification model, and they can all be driven 

from the confusion matrix [65]. 

A confusion matrix is a table that is often used to describe the performance of a classification 

model on a set of test data for which the true values are known. A confusion matrix is built 

up based on the following terms: 

 True positive (TP): shows how many of those items that were predicted as positive 

are indeed positive. 

 True negative (TN): shows how many of those items that were predicted as nega-

tive are truly positive. 

 False positive (FP or Type I error): shows how many of those items that were pre-

dicted as positive are actually negative. 

 False negative (FN or Type II error): shows how many of those items that were 

predicted as negative are actually positive. 

The first standard evaluation measure is accuracy. It is the proportion of actual results among 

the total number of cases examined. Accuracy is a good choice of evaluation for classifica-

tion problems which not skewed or has low or no class imbalance. In the opposite case, this 

metric will be biased towards the majority class. Mathematical formulation of accuracy is: 

 



 

22 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

(𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁)
 

 

A model can be reasonably accurate but not valuable for cases that rarely happen. Thus, if 

the aim is to assess class-related classification performance, typically precision, recall and 

F1-score are used. Precision estimates how many positively identified samples were correct, 

while recall estimates the correctly identified proportion of positive samples. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

 

𝑃𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

 

For an imbalanced dataset, a weighted F-score is a better measure. F value is the harmonic 

mean of precision, and recall maintains a balance between the precision and recall for a 

built classifier. If precision is low, the F1 is low, and if the recall is low, the F score is also 

lower. The mathematical formulation is as follows: 

𝐹1 =  2 ∗
𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

The main problem with the F1 score is that it gives equal weight to precision and recall [66]. 

F-score could also be dependent on support, i.e. the number of true instances for each label 

when the weighted average is calculated. 



 

23 

 

4 Annotation and data 

This chapter introduces data and annotation task, discussion of data pre-processing, annota-

tion process, examining the agreement score between two annotators and addressing the 

ethics of studying mental health related data.  

4.1 Source of data 

Dataset used in this work originates from the "Depression" subreddit. It consists of posts 

and comments to them that were written between 01.01.2014 – 31.12.20178. Post structure 

example is presented in Figure 4.1.  

  

Figure 4.1 Simulated example of post structure from a dataset9 

For each post, the raw text file contained information about whether the post started a thread 

or whether it is a comment to a post, thread title, the Reddit username of the author and the 

timestamp, and the post itself and karma score.  

It was decided to extract only posts that started a thread as they might contain the most 

valuable information that describes a personal situation and problems. Comments most 

likely are either supporting or asking to follow up questions. All the empty posts, duplicates, 

and other unnecessary fields (e.g. karma score) were filtered out using regular expressions, 

resulting in 172141 posts that started a thread. Source code can be found at GitHub10 

4.2 Dataset 

Exploratory analysis of posts length (Figure 4.2) and quartiles calculations revealed that for 

172142 texts mean length is 1101 characters, 50% of texts have between 305 and 1381 

characters, and tail continues up 39865 characters. A small sample of texts within the 305 

and 1381 range was manually examined. 

                                                
8 This dataset was aquired from Kairit Sirts 
9 The example of the text for Figure 1 was taken from the „15 Common cognitive distortions” blog post. Link: 

https://psychcentral.com/lib/15-common-cognitive-distortions/ 
10https://github.com/SochynskyiStas/Master-s-Thesis-

code/tree/master/Data%20preprocessing%20and%20agreement%20score 
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Figure 4.2 Texts length distribution chart 

Texts below 200 characters might not contain sufficient information to decide about the 

presence or absence of certain distortions. For example, manually observed Reddit posts 

mostly contained swearing words or too few sentences to understand the contexts of the 

problem. On the other side, texts over 1500 contain a large amount of information and might 

include multiple cognitive distortions, potentially confusing an annotator on what label 

should be assigned. Also, longer texts require more time to be read and analysed. It was 

decided to filter out posts with size in a range starting from 200 characters up to 1500 char-

acters so that annotation time of one publication would not exceed 120 seconds. It estimated 

that performance of an annotator would be 30 posts per hour. It also expected that texts of 

resulted dataset would not contain more than one cognitive distortion. 

Using a simple comparison statement, the number of texts were reduced to 104491. Twenty 

thousand posts were put in lowercase and formed dataset (1) for further work. Source code 

can be found at GitHub. 

4.3 Data annotation 

4.3.1 Label set 

The initial label set for annotation guideline consisted of the top ten frequent cognitive dis-

tortions11 and an extra label for not distorted posts (Table 4.1). 

  

                                                
11 https://www.healthline.com/health/cognitive-distortions 
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Table 4.1 List of labels 

Cognitive distor-

tion 

Definition Final cognitive dis-

tortion 

Not distorted Does not contain any cognitive distortion. 

Example: expresses feelings, asking ques-

tions about medication 

Not distorted 

Black and White 

thinking 

A person only sees life events in extreme 

categories: either perfect or a total fail. 

Example: when a student does not all As in 

the semester and consider this as a fail. 

Black and White 

thinking 

Overgeneralisation 
A person perceives a single (or a few) nega-

tive events as a never-ending pattern of de-

feat.  

Example: "The interview went great, but 

they did not call me back. I'll never get a 

job!" 

Overgeneralisation 

Mental filtering  A person picks out single negative detail and 

dwells on it exclusively so that their percep-

tion becomes distorted. 

Example: a person focuses on a negative 

comment to their work and ignores any pos-

itive or neutral comments. 

Disqualifying posi-

tive 

Disqualifying pos-

itive 

A person rejects positive experiences by in-

sisting they "don't count" for some reason 

or another, despite that it may contradict 

their everyday experiences.  

Example: "I've only cut back from smoking 

40 cigarettes per day to 10. It does not 

count because I've not fully given up yet." 

Disqualifying posi-

tive 

Jumping to conclu-

sions 

A person makes a negative interpretation 

even though there are no definite facts to 

support their conclusion. Includes mind 

reading and fortune teller cognitive distor-

tion. 

Example: "I know she hates me and does not 

want to be friends with me." 

Jumping to conclu-

sions (mind reading, 

fortune telling error) 

Emotional reason-

ing 

A person assumes that their negative emo-

tions\thinking necessarily reflect the way 

things are. 

Example: "I feel terrified about going on 

aeroplanes. It must be very dangerous to 

fly." 

Emotional reasoning 
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Should thinking Persons attempts to motivate themselves 

with "should" and "shouldn't".  "Musts" and 

"oughts" are also issues.  

Example:" I should have got the painting 

done this weekend" 

Should thinking 

Catastrophizing Person exaggerates the importance of situa-

tions OR person inappropriately shrinks un-

til they appear tiny. 

Example: "I ruined my presentation by mis-

pronouncing a couple words" 

Catastrophizing (ex-

aggeration and mini-

misation) 

Labelling Instead of describing an error, a person pre-

fers to attach a negative label to oneself or 

people. 

Example: "I'm a loser " 

Labelling 

Personalisation A person is considered to be the cause of a 

negative external event (that already hap-

pened) for which you were not primarily re-

sponsible. Another case is the opposite: a 

person blames others for negative situations 

that happened in their life. 

Example: "My mom is always upset. She 

would be fine if I did more to help her." 

Personalisation  

After a brief analysis of definitions, it was decided to join "Mental filtering" and "Disqual-

ifying the positive" in one category based on their similarity: In both cases, a person ignores 

positive or neutral events, but with a different justification. By definition, a few cognitive 

distortions consist of multiple cases of distorted thinking. For example, "Jumping to a con-

clusion" contains 2 cases: mind reading, fortune telling error. "Personalisation", "Label-

ling" each contains 2 cases: one is when a person either have distorted thinking about them-

selves (e.g. "I'm dumb ") or about others ("He's dumb"). "Catastrophizing" category also 

contains 2 cases: in one case person tend to make an elephant out of a fly (e.g. "I could not 

reply to a few questions "out of 100). In the opposite case, person minimise their problems 

or the consequences of their inaction (e.g. "I have plenty of days to start and finish my mas-

ter's thesis "). Having two use cases for "Jumping to a conclusion", "Personalisation", "La-

belling" and "Catastrophizing"  labels can result in a larger number of observations in these 

categories compared to others. It might lead to an imbalanced dataset and overfit the classi-

fication models for one or another class. This should be considered during results interpre-

tation of the final model. 

Annotation guideline 

The final label set is reflected in the annotation guideline (see Annotation guideline) used 

to annotate the dataset for detection and classification tasks of this work. It includes ten 

labels: 9 for cognitive distortions and one for not distorted thinking. Each of the cognitive 

distortion descriptions contains an example of distorted thinking and questions that help 

validate cognitive distortion. 
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4.3.2 Annotation tool 

For annotation purposes, it was decided to use to open-source annotation solution Label 

studio12. Right out of the box, this tool includes pre-setup templates to work with a variety 

of documents: texts, Images, Audios and tasks such as classification, tagging, or object de-

tection. LabelStudio allows adjusting configurations13 (Figure 4.3) for the specific task per-

son. It also stores all the label data on the computer that enables better control over the 

storage of the dataset. 

After configuration set up of annotation interfaces, LabelStudio requests to import data in 

multiple formats: .json, .csv, .tsv, and archives consisting of those. Label studio convertor14 

takes internal Label Studio .json based format and export output as JSON, CSV, TSV. 

 

Figure 4.3 Label Studio configuration view 

4.3.3 Annotation process 

20000 (1) posts, ranged between 200 and 1500 characters, were randomly selected and im-

ported to LabelStudio. LabelStudio presents posts in a random order to the annotator too. 

The annotation was completed by the author of this thesis, an informed non-professional 

individual. 

There are multiple ways to annotate text data depending on the task: documents can be split 

into separate sentences and annotated sentences by sentence. A label can also be assigned 

to a whole text or only to selected words (named entity tagging). In the context of the real-

world dataset, a single cognitive distortion can be expanded over a few sentences, and miss-

ing the context might result in the wrong annotation. For instance, there might be a sentence: 

                                                
12 https://labelstud.io/ 
13 https://towardsdatascience.com/introducing-label-studio-a-swiss-army-knife-of-data-labeling-

140c1be92881 
14 https://github.com/heartexlabs/label-studio-converter 
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"They hate me." According to the Annotation , it should be annotated as "Jumping to con-

clusion" as there are no facts to prove this point. However, preceding sentences of the orig-

inal post can contain the story of conflict at work or parents violence against a person. In 

that case, "They hate me." conclusion is annotated as "Not distorted". For that reason, it was 

decided to annotate whole texts with a single label. 

Initially, it was assumed that one post annotation from (1) dataset would not take more than 

120 seconds. The actual annotation time for some post grew to up 300 seconds per post for 

a few reasons: mainly because assigning the most accurate label requires proofreading the 

definition and examples of different cognitive distortions multiple times. Also, transition 

time between texts in LabelStudio was not taken into account, taking around 5-10s. If there 

were difficulties in assigning a label to post within 5 minutes, it was skipped. 

4.3.4 Annotation discussion 

Data annotation is by no means a straightforward process, and there are multiple challenges: 

part of them related to the content that's been annotated, another to the annotation process 

itself. 

In general, the topics of annotated posts can be grouped in the following categories: asking 

for help or advice, questioning about medication treatment impact, cheering up others by 

sharing personal challenges, and depressing posts. The last category of posts is within the 

scope of this work. However, not all of them contain distorted thinking patterns. 

Here comes the first challenge: an annotator expected to differentiate distorted thinking and 

post where people express their feelings. Annotator must question a post, analyse the con-

text, pay attention to words used and annotate using definitions, questions, and example 

from Annotation guideline. For example, a person might harm themselves to cope with life 

problems – this is probably some escaping-based coping mechanism, but not distorted think-

ing. It becomes cognitive distortion when a person mentions that this is the only way to feel 

loved and says that they will never be able to control desire for self-harm. 

Another challenge comes with the large post (~over 900 characters). Texts were containing 

more than one phrase that could be labelled as different cognitive distortions. In such cases, 

it was decided to annotate with cognitive distortion that is the most expressed in the text. 

For example, the publication can describe a story about first love break up a person might 

jump to the conclusion that "no one will love me again". However, post context allows to 

assign "Overgeneralisation" as it was the first time break up happened, but the person al-

ready thinks that there is some pattern that they will not defeat.    

The next challenge was related to overlaping and interconnection of different cognitive dis-

tortions definitions. For example, a person may state: 'We broke up recently. He never truly 

loved me.' A person sees this situation in a "Black & White thinking" manner. However, if 

a sentence contains "We had a nice trip to Paris where we had romantic night walks. But 

we broke up recently. He never truly loved me", it can be labelled as "Mental filtering": a 

person does not want to cherish all the positive moments and focuses only on a sad part. It 

also can be emotional reasoning as a recent break-up hurt them.  

As with "Black & White thinking" and "Mental filtering", a similar case occurred with 

"Black and White thinking" and "Overgeneralisation" that sometimes posts included "La-

beling" structures. For example, there were posts where students were afraid of losing schol-

arship because not all of their grades are As, and they labelled themselves as 'stupid' or 

'failures'. On one side, students experience a "Black and White" thinking pattern: non A 

grades are equal to poor performance. On the other side, they explicitly mentioned the label. 

Unfortunately, the literature does not provide clear advice on how such cases should be 
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mitigated to stay consistent during an annotation. In our work, large in scale labels absorbed 

minor labels like "Labeling". Such cases bring inconsistency in the annotation process, 

cause an imbalance of label representation, and potentially worsen model performance. 

In fewer cases, sentences interpretation also cause a delay in the annotation. For example, 

in one of the texts, a person wrote, 'this times cannot come back to me'. One way of inter-

pretation is straightforward: obviously, events from the past stay in the past and can not be 

part of the present. On the other side, a phrase could be interpreted as a person's overgener-

alisation and conclusion that nothing good will ever happen to this person again. 

It is also essential to come up with an appropriate label title. Label naming can cause anno-

tator biasness and might bring psychological discomfort during annotation. For example, in 

this work, catastrophising contained two opposite cases: either exaggerating the importance 

of the event happen or shrinking its importance and impact. In a few cases, people described 

domestic violence, sexual abuse, which were psychologically difficult to annotate as "Catas-

trophising". For this label, it is recommended to split it into  

"Magnification" and "Minimisation". 

Another important factor is the personality of the annotator. Coming back to the self-injury 

example. It is essential to suspend personal judgment about people's coping mechanism. 

During annotation of cognitive distortions, the point is not to estimate whether the selected 

coping mechanism good or bad. The goal is to understand how a person percept it. 

In conclusion, we propose some action items on how the annotation process can be improved 

to mitigate discussed challenges: 

 To overcome some definition closness, it might be reasonable to annotate cognitive 

distortions using span annotation approach. In that case, the whole document is 

available to provide context, and different sentences and parts can be labeledwhich 

potentially  

 As for post length, posts should not be too short not to contain any meaningful in-

formation and not too long to contain several distortions. When the whole post is 

labelled, it is recommended to reduce its length to range between 300 and 800 char-

acters, which may help avoid cases with multiple cognitive distortions and stay 

within the annotation time boundary.  

 Annotation guidelines can be adjusted after the annotation of the first batch of posts 

to change the label set and enhance annotation guidelines with extra information. 

Additional collaboration with industry expert might be beneficial to clarify the dif-

ference between different cognitive distortions. 

4.3.5 Statistics of the annotated dataset 

In total, 2021 random Reddit texts from a dataset (1) were observed using Label Studio: 

1187 posts were labelled as including distorted thinking 744 as not distorted based on the 

Annotation guideline. Out of 2021 posts, 90 were skipped as decision time for annotation 

went over 5 minutes. The distribution of posts among labels reported in Table 4.2. 
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Table 4.2 Annotated dataset statistics 

Cognitive distortion Number of posts 

Black and White thinking 171 

Overgeneralisation 135 

Disqualifying positive 112 

Jumping to conclusions 190 

Emotional reasoning 179 

Should thinking 84 

Catastrophizing 98 

Labelling 116 

Personalisation 102 

Distorted (TOTAL) 1187 

Not distorted 744 

The number of posts for each category varies from 84 to 190. "Jumping to conclusions" 

category holds the most of distorted observations – 190. As it was assumed in the discussion 

about the annotation guideline, two subcategories allowed more posts to be allocated to this 

category. However, it is not the same for catastrophising, labelling, personalisation: alt-

hough these labels also have two subcases, they did not cause any imbalance as was ex-

pected. The next, the most popular label is "Emotional reasoning", with 179 observations. 

By definition,  "Emotional reasoning" and "Jumping to conclusions" are quite close, and the 

only thing that differentiates them is that "Emotional reasoning" relies on feelings and 

nudges a person to make conclusions based on them. The least number of observations are 

allocated for the "Should thinking" (84) and "Catastrophizing" (98) labels. The reasons for 

a lower number of observations can also be related to the fact that they were expressed 

within large categories. For instance, "Overgeneralisation" or "Black and White thinking" 

was more expressed in a larger number of sentences. However, annotator's error also could 

have impacted the annotation results. 

4.4 Annotation agreement score 

This subchapter presents the analysis on annotators subjectivity and examines how different 

annotators labelled texts using the same Annotation guideline. In order to evaluate the agree-

ment score, 300 posts were annotated by another informed non-professional individual.15 

Two cases results were compared: for the binary case (distorted, not distorted) and one for 

a multilabel case. Cohen's kappa coefficient is used to evaluate reliability of two annotators 

taking into account probability of chance agreement.  

                                                
15 Kairit Sirts, PhD 
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Kappa is calculated as: 

𝑘 =
𝑝0 − 𝑝𝑒

1 − 𝑝𝑒
 

where 𝑝0 − relative observed agreement among raters, 𝑝𝑒 − hypothetical probability of 

chance agreement.16 

 

Figure 4.4 Confusion matrix for binary case 

The agreement ratio for a binary case is 78.74%. Cohen's kappa value is 0.569, which falls 

within the moderate agreement and implies an average agreement between two annotators. 

Figure 4.4 presents a confusion matrix's visualisation and shows that the thesis author ob-

serves cognitive distortions more frequently while the second annotator is restrained. 

As for multilabel case, the number of observed agreements equal to 167 (55.48% of the 

observations). Number of agreements expected by chance: 68.4 (22.73% of the observa-

tions). Eight additional labels resulted in a decrease Cohen's kappa value to 0.424 comparing 

to binary case. It still falls within moderate agreement and implies an average agreement 

between two annotators. For the binary case, it was already established that there is a high 

agreement for not distorted cases. The "Not distorted" class makes the confusion matrix less 

readable as its frequency overrides everything else. To report confusion matrix, "Not dis-

torted" cases were excluded from confusion matrix reported in Figure 4.5. 

                                                
16 https://idostatistics.com/cohen-kappa-free-calculator/#risultati 



 

32 

 

 

Figure 4.5 Confusion matrix for multilabel case (excluding not distorted labels) 

The analysis revealed that the most confusing is "Emotional reasoning" and "Jumping to 

conclusion". It can be related to the fact that the definitions of these categories are quite 

similar and include making conclusions that are not based on facts. "Jumping to conclu-

sions", "Black and white thinking", and "Overgeneralisation" also have overlapping obser-

vations and the reasons discussed in the Annotation discussion part. 

4.5 Ethical consideration 

Extracted post from Reddit contains personal and sensitive information. The obtained da-

taset includes thousands of individual posts. They reduce the risk of model over-fitting to 

any individuals writing style. Ideally, any research involving a similar data type should be 

done with their full knowledge and consent. Consequently, obtaining consent individually 

for each participant would require an impractical investment of time, and valuable data 

would have been lost if we required consent from each participant. In that case, the only 

means of contact would be via Reddit, where many participants are only active for a short 

period. Moreover, data was extracted from 2014 to 2017. Most of the account could have 

been deleted, closed or forgotten by their owners.  

Part 4 of the Reddit User Agreement17 ("Your content") explicitly highlights that publishing 

their content user grants transferable permission to Reddit, and their publications can be 

copied, modified, analysed in all media by third parties. 

                                                
17 https://www.redditinc.com/policies/user-agreement-october-15-2020 
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Despite granted consent, data still needs to be treated with care and respect because it in-

volves sensitive subject matter. There are two groups of participants to whom this might 

cause harm the researchers who annotated the data (1) and the people who authored the 

content (2). For group (1), it was essential to have stable emotional wellbeing for the anno-

tation work. Reading depressing posts might trigger depression in annotator or recall the 

unpleasant personal experience. 

There are a few steps that were made to minimise potential harm for a group (2). Neither 

original nor processed dataset will be available online. As a second step, none of the posts 

was used for example purposes in a thesis as the exact Google search request might find 

publication. 
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5 Unsupervised methods 

This subchapter presents experiments and findings of unsupervised techniques applied to 

(1) dataset. It was hypothesised that it would be possible to identify signs of cognitive dis-

tortions in the real-world data and see whether any interdependency between cognitive 

will be detected.  

We ran experiments using K-means, BIRCH clustering algorithms. For clustering, dataset 

(1) was vectorised using doc2vec vectorisation technique with little pre-processing: lower-

ing texts, removing punctuation, stop words (from nltk library), expanding contractions, 

forming bigrams and 3-grams. During experiment, we also applied Elbow, Silhouette, and 

Davies-Bouldin methods to find an optimal number of clusters. The results were visualised 

using PCA and t-SNE methods and included in the respective section.  

We also applied topic modelling using LDA, and followed the similar pre-processing as for 

clustering dataset. The results were visualised using pyLDA library and available on the 

GitHub (see Code) as .html file. Source code can be found at GitHub18 

5.1 Clustering 

Our initial hypothesis is that clustering algorithms will split Reddit posts from (1) dataset 

into 10 distinct clusters, with respect to a list of 10 labels for supervised task (see Label set 

4.3.1). K-means and BIRCH were selected as these algorithms split data into a pre-defined 

number of clusters K = 10. As for the vectorisation techniques, it was decided to apply 

doc2vec distributed bag of words (DBoW) and distributed memory (DM) methods from 

gensim library. DBoW and DM doc2vec models were built with the following parameters: 

neural model capacity in terms of document representation was set to 200, the maximum 

distance between the current and predicted word within a sentence was 5, and a number of 

epochs were set 50.  

5.1.1 Kmeans 

Clustering results are visualised in Figure 5.1. It was obtained using dimensionality reduc-

tion methods PCA to decrease number dimensions to 2. Figure 5.3, Figure 5.4 were also 

produce using PCA and t-SNE. Different datapoints are coloured with respect to the cluster 

number they were allocated to.  

 

Figure 5.1 K-means clustering results visualisation for K = 10 using PCA 

                                                
18 Code: https://github.com/SochynskyiStas/Master-s-Thesis-code/tree/master/Clustering 
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The output clusters are interconnected and chaotic, and we decided to examine 100 posts 

manually. We did not find any explicit similarity between posts within one cluster. Indeed, 

in clustering algorithms, the underlying logic is not always possible to interpret. The data 

noisiness probably causes this case as data did go through ruthless preprocessing. Although 

in Error! Reference source not found., all the 10 clusters are mixed up, it is still possible 

to distinguish two major clusters that are highlighted with dark circles. It was hypothesised 

that those clusters might contain positive and negative posts. We used Elbow method, Sil-

houette score, and the David-Bouldin index (Figure 5.2: (a.1, a.2),(b), (c) respectively) to 

estimate the optimal number of clusters and see whether it is possible to validate our hy-

pothesis, and split a dataset into two interpretable clusters. Orange line represents DBOW 

doc2vec method, blue line – DM doc2vec method. 

 

Figure 5.2 Optimal number of clusters for K-means 
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For both DM (a.1) and DBOW (a.2) approaches, Elbow method showed a constantly 

decreasing sum of squared error. There is no apparent optimal number of clusters. However, 

sum of squared error differs by a large extend for DM and DBOW. It means that clustering 

using DM method formed denser clusters, while clustering with DBOW results in a heavily 

sparse clusters. For DBOW and DM the Silhouette score starts from 0.2 for 2 clusters. The 

score decreases to 0 for 8 clusters. After that, DBOW slightly fluctuates, indicating overlap-

ping nature of clusters that matches Figure 5.1. After K = 8, DM dropped to negative values 

range from -0.4 to -0.2 and concluded that using DM can worsen clustering performance. 

As for David-Bouldin index, values varies between 6 and 8 range. DM vectorisation method 

has a lower value and outperformed DBOW marginally. For DM vectorisation algorithm K-

means with K between 8 and 12 and 22-30 shows the best clustering results. The best result 

for DBOW algorithm is only on the K=30; for K between 8 and 28, the results will be more 

or less the same. 

Based on the positive values of the Silhouette score and the Davies-Bouldi index, it was 

decided to run a second round of experiment with K=2. Results are shown in Figures 

Figure 5.3, and Figure 5.4. Data points are coloured based on their presence in one of the 

clusters. 

 

Figure 5.3 K-means clustering results visualisation for K = 2 using PCA 

 

Figure 5.4 K-means clustering results visualisation for K = 10 using t-SNE 
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The figures presented above does not show two distinct clusters and rather repeats the re-

sults of Figure 5.1. Manual examination of 100 texts also did not reveal any explicit simi-

larity or links between texts within one cluster and between distorted and not distorted 

thinking. Probably, data is very noisy and highly dimensional. K-means does not handle 

such situations very well. To conclude, with little data preprocessing, K-means cannot de-

tect any signs of cognitive distortions in Reddit data. 

5.1.2 Birch 

Birch clustering results (Figure 5.5, Figure 5.7) are visualised using PCA. Data points are 

coloured concerning their cluster number.  

 

Figure 5.5 Birch clustering results visualisation for K = 10 using PCA 

We start with a similar K-means experiment hypothesis about ten distinct labels in our da-

taset (1). Figure 5.5, both (a) and (b) show clustering results with Birch algorithm, and out-

put clusters are still majorly overlapping. There are some signs of distinct clusters. For ex-

ample, subplot (a) shows 4-5 highly scattered clusters, and subplot (b) represent two distinct 

clusters. There is no evidence for ten distinct clusters.  

We decided to explore the optimal number of clusters with the Silhouette and David-

Bouldin index. The results are visualised for K between 2 and 30 in Figure 5.6:  (b) presents 

Silhouette score values, (c) - David-Bouldin index. Orange line - DBOW doc2vec method, 

blue line – DM doc2vec method.  

The David-Bouldin index chart shows similar behaviour to Kmeans: DM vectorisation 

method shows lower index values than DBOW. The minimum value is achieved at K=2, 

and the difference in values is marginal: the lowest of DBOW is 7, and for DM is 8. Silhou-

ette score (DM = 0.45; DBOW = 0.17 for K = 2) indicates that posts are well matched to 

their cluster and poorly matched to neighbouring clusters. It starts to decrease dramatically 

with the growth of clusters number repeating behaviour of Davis-Bouldin index. For the 

next step with Birch algorithm, the number of clusters was decreased to K = 2 and results 

are visualised in Figure 5.7 using PCA. 
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Figure 5.6 Optimal number of clusters for Brich algorithm 
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Figure 5.7 Birch clustering results visualisation for K = 2 

Figure 5.7 shows that Birch algorithm with DBOW (b) vectorisation built more definite 

clusters compared to DM method (a). Manual examination of 100 posts from produced 

clusters did not show whether posts are connected to specific cognitive distortions.  

Clustering experiment summary 

To sum up, both K-means and Birch algorithms failed to detect cognitive distortions and 

did not manage to split Reddit posts into inpretebale distinct clusters. This potentially caused 

by data noisiness and little data preprocessing. It was decided to perform the LDA topic 

modelling to find support data for our hypothesis about the presense of cognitive distortions 

in the (1) dataset. 

5.2 Topic modelling 

In this experiment, we sought to find any indication of cognitive distortions as separate 

topic or as part of diffirent topics on the collection of Reddit posts (1). As well as, Shickel 

et al. (2020), we did not assume any number groupings of cognitive distortions and de-

cided generate 25 topics using LDA from gensim library. The pre-processing included 

lowering texts, removing punctuation, stop words (nltk library stop word), expanding con-

tractions, forming bigrams and 3-grams, excluding words with two and below characters. 

The results were visualised using pyLDA library and presented in Figure 5.8 and 

can be found in the form of .html file on GitHub19. pyLDA visualisation includes Top 30 

the most relevant terms for each topic. The area represents the topic prevalence: number 1 

- the most popular topic, 10 – the least popular. Distance between two topics - represents 

the similarity of these topics. Lambda parameter can be adjusted to balance terms that are 

exclusive for this topic or choose more lament oriented to improve topic interpretation. 

                                                
19 https://github.com/SochynskyiStas/Master-s-Thesis-code/tree/master/Clustering 
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Figure 5.8 LDA visualisation results 

In Figure 5.8, most of the topics are located in the middle-right part of graph. Some of these 

topics are related to medication (4, 20, 14, 25), work (22,8) or school (10, 3). Topics 1, 2, 5, 

7,11, 9 are concentrated very close and related feelings about life and family and friends. 

The farthest topics are 23-25. Topic 23 is related to church thematic ("divorce", "best 

friends"), 25th topic seems to be related to search for help, and 24th can be summarised as 

containing phrases related to depression. 

 

Figure 5.9 Word cloud for Topic 10 
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As for cognitive distortions, topic modelling captured phrases that indirectly hints at the 

presence of cognitive distortions in (1) dataset. For example, Topic 2, 7 and 5 holds phrases 

like “never”, “always”, “really, “know”, “nothing”. This are the most common words used 

in “Black and White thinking” distorted thinking. For example, 23rd  and 13th topics contains 

"anyone could". This phrase in frequent for “Catastrophizing” label, minimisation subcase, 

when person tries undervalue their performance. Topic 10 and 9 contain "something al-

ways", "wish would" and "nothing_seems", and "endless", "hopelessness", "meaningless" – 

these phrases are expected to be seen emotional reasoning, black and white thinking, and 

overgeneralisation. Topic 23 has term "Unattractive" that can signal us about "Labeling" 

class. Phrase "care_anymore" from topic 16 and 9 can also can be treated as a sign of over-

generalisation label. Topic 23 also contain phrase "going_happen" which fits "Jumping to 

conclusion", fortune telling sub case. 

 

Figure 5.10 Word cloud for Topic 10 

To conclude, despite data noisiness, LDA method showed results in forming topic 

related to depression and feelings. There are phrases that fall within a distorted thinking 

pattern, but it is difficult to draw distinct  Potentially, by introducing lemmatisation and 

improving other parts of pre-processing it might be possible to achieve better results with 

LDA, and even identify the most common cognitive distortions for each domain: work, 

home, school, family relations etc. 
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6 Classification 

For the classification task, a set of 1931 (excluding 90 skipped) posts were annotated. The 

dataset has an imbalanced distribution of target classes: 744 not distorted posts and 1187 

posts distorted with assigned labels based on Annotation guideline. As tasks sought to set 

up a baseline for cognitive distortions detection and classification, the processing included 

minimum steps: the posts were lowered, stop words were removed using nltk library, and 

words with a frequency below three are excluded for BoW and tf-idf vectorisation methods. 

The code can be found on GitHub.20 

6.1.1 Cognitive distortion detection 

Detection of cognitive distortions is a binary classification task. All the distorted labels were 

replaced by label "1", and label "0" was assigned to not distorted. The data was split into a 

train (70%) and test (30%) dataset. To ensure that relative class frequencies are preserved 

in each subset (train and test), stratified sampling was applied.  

In the first phase of the detection task, we applied GridSearchCV from the sklearn library 

to find the models' most optimal parameters. The param_grid parameter of GridSearchCV 

requires a list of parameters and the range of values for each parameter of the specified 

estimator. The list of estimators for logistic regression consisted of: penalty(none, l1, l2, 

elasticnet), C value within 1000 and 0.00000000001 range and solver (liblinear, saga, new-

ton-cs, lbfgs). For SVM algorithm list contained the following estimators: kernel (linear, 

poly, rbg, sigmoid), gamma and C value within the same range as logistics regression. Grid 

search analysis was not performed on fasttext algorithm. 

To evaluate prediction on the test set, scoring was build based on weighted F-score metric. 

It was selected as it helps to find balance between Type 1 and Type 2 errors. In our con-

text, Type 1 Error is bad because it might falsely tell a person that there is cognitive distor-

tion. It might cause that person will start to think that something is wrong with them. At 

the same time, Type 2 error is the worst-case scenario, as the resulted outcome can depre-

ciate person problem and worsen the condition. Grid search methods were run until two F-

value and parameters in a row are equal, but up to 5 times. Classification algorithms were 

used from imported library sklearn. The results are presented in Table 6.1. 

  

                                                
20 https://github.com/SochynskyiStas/Master-s-Thesis-code/tree/master/Classification 
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Table 6.1 Hyperparameter tuning results 

Methods Parameters F-score 

Logistics regression BoW C = 0.04, penalty = l2, solver = liblinear 0.7636 

Logistics regression TF-IDF C = 1, penalty = l2, solver = newton-cg 0.7734 

Logistics regression 

doc2vec (DM) 

C = 100, penalty = l2, solver = newton-

cg 
0.8227 

SVM BoW C = 1000, gamma = 0.0001, solver = rbf 0.7686 

SVM TF-IDF C = 1000, gamma = 0.0001, solver = rbf 0.7621 

SVM doc2vec (DM) 
C = 10, gamma = 0.00001, solver = lin-

ear 
0.7934 

Generally, F-scores values are very similar and fall within 0.76 – 0.83 range. Logistic re-

gression using doc2vec (distributed memory) text vectorisation method holds the highest F-

score of 0.82.  

Table 6.2 presents trained model metrics for a testing dataset given hyperparameters value 

from Table 6.1. In case of binary classification, a micro average of accuracy is equal to re-

call and excluded from reported tables. 

Table 6.3 Binary classification results table 

Methods Recall Precision F-score 

Logistics regression BoW 0.7069 0.7008 0.6944 

Logistics regression tf-idf 0.7069 0.7029 0.6896 

Logistics regression doc2vec (DM) 0.6501 0.6419 0.6412 

SVM BoW 0.6759 0.6659 0.6582 

SVM tf-idf 0.7069 0.7060 0.6855 

SVM doc2vec (DM) 0.6480 0.6394 0.6381 

fasttext 0.711 0.7155 0.7119 

According to Table 6.2, the weighted F-score varies within a narrow range between 0.6 and 

0.71. The best performing method based on reported F-score, recall and precision is fasttext 

with weighted F-score = 0.7119. It is important to highlight that during optimisation of 

learning rate, it was observed that for values from 0.0 up to 0.4, recall, precision and f-score 

metrics were growing rapidly. In contrast, for values above 0.4, metrics stabilised and fluc-

tuated almost at the same level. The optimal number of epoch was taken from the work on 

efficient text classification by Joilin et al. [67]. The second-best performing model is logistic 
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regression with BoW vectorisation method with F-score weighted = 0.6944. The results are 

differs marginally from tf-idf logistic regression (F-score = 0.6896).  

Built models show 0.1 lower values comparing to hyperparameter tuning results. Especially, 

models with doc2vec vectorisation have contradictory results, as they were expected to 

show the best performance. The difference in results can signal about generalization issues, 

meaning that built models are less accurate in predicting labels for new input data. Another 

rationale for difference in the F-score with results in Table 6.1 is that grid search method 

can be biased as it creates subsamples and trains on 70% of data in each iteration. Moreover, 

the dataset is imbalanced, which also impact model quality.  

Table 6.4 provides a granular look into per class metrics for two best-performing algorithms. 

Table 6.4 Best performing algorithm metrics 

Methods Label Recall Precision F-score 

Logistics regression BoW (C 

= 0.04, penalty = l2, solver 

= liblinear) 

Distorted 0.8515 0.6667 0.7815 

Not distorted 0.4753 0.7221 0.5550 

fasttext (lr = 0.69, epochs = 

5) 
Distorted 0.8039 0.7513 0.7767 

Not distorted 0.5740 0.6465 0.6081 

Generally, fasttext model performed well with a weighted F1 score of 0.71 across all posts 

from test dataset. Binary classifier showed solid results in identifying distorted text (preci-

sion = 0.75, recall = 0.8, F-score = 0.95), but its performance decreases for non-distorted 

posts (precision = 0.6465, recall = 0.5740, F-score = 0.6081). It can be explained by low 

sample representation of „Not distorted“ (38.52%) category in the dataset. Logistic regres-

sion results are more skewed for negative (precision = 0.7221, recall = 0.4753, F-score = 

0.5550)  and positive (precision = 0.6667, recall = 0.8515, F-score = 0.7815)  labels. Com-

paring to fasttext results, Logistic regression F-score for „Distorted“ label is marginaly 

higher, while F-score for „Not distorted“  is 0.05 lower. 

6.1.2 Multiclass classification 

In the multiclass classification task, we aim to classify detected presence of cognitive dis-

tortions automatically.  All the negative labels were excluded for multiclass classification, 

and 1187 annotated posts were used to form a dataset. Train and test subsets were generated 

on the same 70%/30% ratio with stratified sampling. The hyperparameters for multiclassi-

fication models for logistics regression and SVM are shown in Table 6.5. 
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Table 6.5 Multiclass classification hyperparameters values 

Methods Parameters F-score  

Logistic regression BoW C = 0.01, penalty = l2, solver = liblinear 
0.2399 

 

Logistic regression TF-IDF C = 1, penalty = l2, solver = newton-cg 
0.2536 

 

Logistic regression doc2vec (DM) C = 1, penalty = l2, solver = liblinear 
0.7534 

 

SVM TF-IDF C = 100, gamma = 0.01, solver = rbf 0.2458 

SVM doc2vec (DM) C = 100, gamma = 0.006, solver = rbf 0.6942 

Models that are based on doc2vec method shows suspiciously impressive F-scores. Proba-

bly, not only the way grid algorithm works, but also data size and lack of label representation 

of different classes escalated problem and grid search reports skewed values. The results of 

cognitive distortion classification experiments are given in Table 6.6. Table includes 

weighted F-scores for six models that trained to classify nine distinct cognitive distortions.  

Table 6.6 Multiclass classification results 

Methods Logistic regression SVM  

Labels BoW TF-IDF doc2vec 

(DM) 

TF-IDF doc2vec 

(DM) 

fasttext 

Black and White 

thinking 
0.26 0.20 0.2198 0.2222 0.2151 0.2222 

Overgeneralisation 0.15 0.15 0.1017 0.1111 0.0364 0 

Disqualifying posi-

tive 
0.24 0.21 0.1404 0.1785 0.0968 0 

Jumping to conclu-

sions 
0.29 0.28 0.2342 0.2406 0.2000 0.2762 

Emotional reason-

ing 
0.29 0.19 0.2785 0.3582 0.2683 0.3464 

Should thinking 0.33 0.25 0.4500 0.1621 0.4103 0.5238 

Catastrophizing 0.22 0.14 0.1053 0.1702 0.1702 0 

Labelling 0.25 0.26 0.2812 0.3333 0.3333 0.4127 

Personalisation 0.25 0.30 0.2545 0.2448 0.3019 0.2540 

Weighted average 0.23 0.22 0.2220 0.2332 0.2147 0.2274 
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Table 6.6. illustrates that built classification models are slightly better than random chance 

baseline (~11%). Generally, F-score for each method are similar, somewhere on the level of 

0.21 to 0.23 with the best performance of SVM tf-idf algorithm (F-score weighted = 0.2332). 

There are 3 labels that have the highest F-score metric: “Should thinking” (fasttext F-score 

= 0.5238), “Labelling” (SVM tf-idf F-score = 0.4127), and “Emotional reasoning” (fasttext 

F-score = 0.4127). “Personalisation” is also leaning to have higher F values comparing to 

the five left classes. “Should thinking” distortion was best detected with distributed based 

models (logistic regression doc2vec, fasttext, and SVM doc2vec). Logistic regression with 

BoW model showed the best performance for this class. Potentially, Should thinking, La-

belling, and “Emotional reasoning” pattern are easy to classify probably due to the presence 

of unique features that are not present in other classes, e.g. “should” for should thinking, 

“feel” for “Emotional reasoning”, “fool, stupid” for “Labelling”. “Black and white thinking” 

and “Jumping to a conclusion” labels have average results concerning weighted F-score. 

This probably happened because both of these classes have the larger number of observa-

tions in a dataset and good sample representation. 

However, there are three labels where almost all the models show lower than guess perfor-

mance or just above random results: “Overgeneralisation”, “Catastrophizing”, “Disqualify-

ing the positive”. There are a few rationales. First of all, as we annotated whole posts, over-

lapping problem of multiple distortions could have had a negative impact on classification 

model performance. Another reason is that besides distorted structures in posts, other sen-

tences adds noise to train dataset. The third reason for poor classification of those labels is 

related to small dataset size and underrepresented distortions. The last potential issue is that 

the annotator made a mistake during annotation and wrongly annotated Reddit posts to the 

selected classes. 

 

 



 

47 

 

7 Summary 

In this work, we aimed to broaden NLP techniques usage for mental health-related problems 

with a specific focus on identifying cognitive distortions based on the real-world posts from 

Reddit.  

Experiments with unsupervised methods showed that they were quite unsuitable for 

cognitive distortion identification task. Although it was possible to spot some patterns with 

topic models, the signal in the raw unannotated data is too weak and not traceable to extract 

meaningful patterns. It seems supervised methods is the more promising approach in mental 

health tasks. 

Supervised learning showed the best F-score of 0.71 for binary classification using 

a fasttext library with no text pre-processing. It is close to what was achieved in previous 

works on cognitive distortions detection: Shiekel et al. reported F-score = 0.88 [17] for au-

tomatic classification, and Morris et al. [16] reported 89% accuracy in a manual annotation. 

As for manual annotation, we achieved a 78.74% agreement between two annotators (kappa 

= 0.569), which might indicate the performance significance of the developed model. For 

multiclass classification task, the best F-score of 0.23 was reported for SVM using tf-idf 

vectorisation. SVM able to classify multiple cognitive distortions, but the difference is mar-

ginal compared to by chance probability. The automated cognitive distortion classification 

system requires a larger number of annotated data to achieve a better quality of predictions. 

The quality of the annotated data also depends on the quality of the annotation 

guidelines. As a final contribution of this work, we developed an annotation guideline for 

manual annotation of cognitive distortions and applied it to annotate 2021 Reddit posts. We 

achieved moderate agreement for a binary case and multiclass case annotation 

(kappa=0.424). We also highlight the challenges of annotating mental health data for ma-

chine learning tasks. Shared annotation guideline can serve as a reference for further re-

search on cognitive distortions in NLP (e.g., text generation, text-to-voice) and might be 

adapted to annotate other mental health issues potentially could be identified using text. 

Sharing annotation guidelines can also be a new approach in solving the problem of the lack 

of datasets in the mental health domain due to ethical or data privacy reasons.  

Among future directions, we hope to focus on developing better annotation guidelines 

by collaborating with industry experts, and finding ways to speed up annotator performance 

so that it will be possible to generate large and high-quality datasets. 

We are also interested in making the next step from baseline and apply state-of-the-art 

methods such as neural networks to build models that analyse incoming text and classify 

distorted thinking patterns with high-quality. 
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Appendices 

I. Annotation guideline 

The annotation guide was used to form a dataset of cognitive distortions for the detection and clas-

sification task of this master's thesis. 

 

1. NOT DISTORTED 
Description: A person is considered not having distorted thinking when describing the current sit-

uation, expressing their needs (e.g. person to talk), how they feel about their life without making 

conclusions.  

Example: For instance, person might miss playing with their friends, being nostalgic, expressing 

how they feel.  

2. BLACK AND WHITE THINKING 
Description: A person sees life or events in terms of two mutually exclusive categories with no 

middle options in between. This "either-or" thinking habit may result in self-recrimination or anxi-

ety. Also knows as All or Nothing, polarised thinking. 

Examples from literature: "I never do a good enough job on anything."21, "I've blown my diet 

completely."22 when a person ate a chocolate bar, "I did not finish writing my thesis today so it was 

a complete waste of time.", "They didn't show, they're completely unreliable"23 

 
Follow up questions for complex cases: 

 Is it possible to identify what the polarities are? 

 Did a person mention anything good while describing the current life situation? 

 What type of outcomes did person mention? Are these outcomes extreme? 

 

3. OVERGENERALISATION  
Description: A person views a negative event as a never-ending pattern to defeat. For instance, a 

friend's inconsiderate response means there is no caring for you, even when there have been other 

examples of consideration. 

Examples from literature: "I felt awkward during my job interview. I am always so awkward."24 

, "Every time I have a day off from work, it rains."25, "Today I talked to my boss about promotion. 

She said because of some company budget limits, it is impossible to do it right now. I'll never get 

that promotion." 
 

Follow up questions for complex cases: 

 Did person mention anything about frequency? 

 Did person mention when the last time this pattern occur was? 

4. MENTAL FILTER (MF) AND DISQUALIFYING THE POSITIVE (DP) 

MF Description: A person picks out single negative detail and dwells on it exclusively so that 
their perception becomes distorted.  

                                                
21 https://www.therapistaid.com/worksheets/cognitive-distortions.pdf 
22http://www.pacwrc.pitt.edu/curriculum/313_MngngImpctTrmtcStrssChldWlfrPrfssnl/hndts/HO15_Thnkng

AbtThnkng.pdf 
23 https://www2.aston.ac.uk/staff-public/documents/hr/OD/Cognitive%20Distortions.pdf 
24 https://niamhlynchcounselling.com/2020/06/03/identifying-your-thinking-patterns/ 
25 De Oliveira, I. R. (2014). Trial-based cognitive therapy: a manual for clinicians. Routledge. 
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Examples from literature: "That doesn't count, anyone could have done it", "I've only cut back 
from smoking 40 cigarettes per day to 10. It does not count because I've not fully given up yet." 

 

DP Description: A person rejects positive experiences by insisting they "don't count" for some 

reason or another. Persons maintain a negative belief, although their daily experiences contradict 
that.  

Examples from literature: "My boss said he liked my presentation, but since he corrected a slide, 

I know he did not mean it.", "We had a great evening and dinner with Jack and Jill, but my chicken 

were overcooked. It spoiled the whole evening. I hate this restaurant now." 

Follow up questions for complex cases: 

 Did person describe any other positive/negative/neutral side of the outcome? 
 Did  person repeat any negative details very often? 

 Did person mention their positive experience? 

5. JUMPING TO CONCLUSIONS 

Description: A person makes a negative interpretation even though there are no definite facts to 
support their conclusion. Jumping to conclusions includes different variations: 

 MIND READING: A person arbitrarily concludes that someone is reacting negatively to 

them without validating these conclusions. 

Examples from literature: "I know she hates me and does not want to be friends with 
me.", "My co-worker in Philly never says hello to me at work, I think it's because she has a 

better job than me, and she thinks she's better than me." 

 THE FORTUNE TELLER ERROR: A person anticipates that things will turn out 

badly. 
Examples from literature: "She would not go on a date with me. She probably thinks I'm 

ugly.", "Housing market is good, but I think I won't be able to sell my house and I'll be 

stuck here." 

Follow up questions for complex cases: 

 What the conclusion is based on? 

 Did person actually try to do something? 

 Did person mention the outcome of their attempts? 

6. EMOTIONAL REASONING 

Description: Person assume that their negative emotions\thinking necessarily reflect the way 

things really are. Examples of emotional reasoning include feeling hopeless and concluding that a 
problem is impossible to solve, or feeling angry and concluding that another person is acting 

badly. 

Examples from literature: "I feel terrified about going on airplanes. It must be very dangerous to 
fly.", "I feel angry. This proves I'm being treated unfairly.", "I don't feel clean, even though I've 

washed my hands three times. Therefore, I should wash my hands again.", "I feel really bad for 

yelling at my partner, "I must be really selfish and inconsiderate.", "I feel unable to cope today; 

therefore, I will feel unable to cope tomorrow." 

Follow up questions for complex cases: 

 Did person express her/his opinion or facts? 

 Did person mention any other person noticing this?  
 Did person see any other solution? 

 

7. CATASTROPHIZING (MAGNIFICATION AND MINIMISATION) 

Description: A person exaggerates the importance of things or single-time events (such as per-
sonal goof-up or someone else's achievement) or inappropriately shrinks their problems until they 

appear tiny (desirable things or another person's imperfections). 
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Examples from literature: "Yes, I won an important award—but that still doesn't really mean I'm 
accomplished in my field.", "I ruined my presentation by mispronouncing a couple words", "I did 

not complete my master's thesis in time, but it's no big deal.", "I forgot that email! That means my 

boss won't trust me again, I won't get that raise and my wife will leave me." 

 

8. SHOULD STATEMENTS  

 

Description: A person tries to motivate themselves with "should" and "shouldn't". "Musts" and 

"ought" are also issues.  

Examples from literature: "I should always be friendly.", "I should be married by now. All of my 

peers are!", "I shouldn't have made so many mistakes, "They ought to have been more considera-

ble of my feelings, they should know that would upset me."s 

Follow up questions for complex cases: 

 Does a person say/mention that the current situation is bad? 

 Does a person describe any other potential "good" situation? 
 Words like "must", "ought", "should", "other way", "differently" or their forms are used 

 (Ask when was the last time what she/he wants (not should/must/ought)) 

9. LABELING AND MISLABELING 
Description: Instead of describing an error, a person attach a negative label to themselves: Slap-

ping simplistic labels on things to explain them, rather than looking at the unique facets of the situ-

ation. "I'm a loser." 
Examples from literature: "I didn't stand up to my co-worker, I'm such a wimp", "What an idiot, 

he couldn't even see that coming!", "I'm a loser", "He's an SOB." 

Follow up questions for complex cases: 

 Can person specifically describe the situation? 
 Did person mention an exact reason/facts of failure? 

 Does person repeat one word in a different form? (e.g. loser, failure) 

 

10. PERSONALISATION 

Description: A person sees themselves as the cause of some negative external event (that already 

happened) for which they were not primarily responsible, OR person blames others. 

Examples from literature: "My mom is always upset. She would be fine if I did more to help her.", 
"It was my fault because I didn't say no"26, "If only I hadn't said that, they wouldn't have an argu-

ment", "We were late to the dinner party and caused everyone to have a terrible time. If I had only 

pushed my husband to leave on time, this wouldn't have happened." 27 

Follow up questions for complex cases: 

 Did person mention anyone else in the text? 

 Was there any other person involved? 
 Did person mention any other person responsible for the situation? (e.g, "Loser", "failure") 

  

                                                
26 https://www.psychologytools.com/articles/unhelpful-thinking-styles-cognitive-distortions-in-cbt/ 
27 https://psychcentral.com/lib/15-common-cognitive-distortions 



 

 

II. Code 

 

The source code for this thesis is available on GitHub by the link below: 

https://github.com/SochynskyiStas/Master-s-Thesis-code 

  

https://github.com/SochynskyiStas/Master-s-Thesis-code
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