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Abstract 

Early adolescence, which largely coincides with the middle school years, is characterized by heightened emotional 

complexity, during which children may experience intense negative emotions such as anxiety, loneliness, guilt, 

depression, and anger. Accurately identifying these emotional states is critical for supporting emotion regulation, 

facilitating healthy coping during developmental transitions, and reducing the risk of long-term psychological 

distress. From both educational and psychological guidance perspectives, early detection of students’ emotional 

conditions through their written expression can enable timely intervention and preventive support within school 

settings. 

Emotions are central to literary expression and are often more authentically conveyed through informal and 

creative writing. Prior research suggests that such texts provide a rich medium for emotion analysis. In this study, 

we argue that literary texts written freely by children without imposed topics allow for spontaneous and uninhibited 

emotional expression, making them a valuable data source for educational data mining and student well-being 

analytics. 

To this end, we designed and implemented a web-based platform that enables middle-grade students to upload 

literary works such as poems, fairy tales, and short stories. Using these texts, we applied sentiment analysis and 

machine learning techniques to identify five fundamental emotions: anger, fear, disgust, sadness, and joy. Multiple 

text representation methods (Bag-of-Words, TF–IDF, Word2Vec, and Integer Tokenization) and classification 

models (Logistic Regression (LR), Support Vector Classifiers (SVCs), Multi-layer Perceptrons (MLPs), 

Convolutional Neural Networks (CNNs), and Transformers) were evaluated. Among these, MLP achieved the 

highest average F1-scores. Across models, joy was consistently detected with the highest accuracy, whereas 

disgust proved the most challenging emotion to identify, reflecting differences in linguistic expression and 

emotional salience. 

Our findings further indicate that machine learning–based emotion classification yields comparable performance 

on translated and original-language texts, highlighting the feasibility of multilingual or cross-linguistic 

applications in educational contexts. Model performance is expected to improve with expanded data collection, 

which can be facilitated by increasing the accessibility and adoption of the platform. With further validation on 

larger datasets, this system has the potential to be integrated into school guidance and psychological counseling 

services, enabling systematic monitoring of students’ emotional trajectories and supporting early intervention 

strategies. Such an approach may enhance affective learning environments by bridging educational practice with 

psychological support mechanisms. 

Keywords: sentiment analysis, emotion detection, adolescent psychology, educational data mining, student well-

being analytics, affective learning 

1. Introduction 

Early adolescence, typically spanning ages 11 to 14, is characterized by rapid biological, cognitive, and 

socio-emotional changes, making it a critical period for understanding emotional development and 

regulation. During this stage, adolescents experience heightened emotional intensity, increased 
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sensitivity to social contexts, and the early formation of personal identity, all of which shape how 

emotions are perceived, expressed, and communicated (Egbochuku et al., 2008; Boyacıoğlu & Küçük, 

2011). Research consistently demonstrates that the ability to recognize and express emotions during 

early adolescence is closely associated with psychological well-being, academic achievement, and 

positive peer relationships. Consequently, examining emotional expression during this developmental 

phase is essential for supporting adolescents’ socio-emotional development and informing school-based 

interventions. As emotional expression becomes more symbolic in early adolescence, young people 

increasingly convey their internal experiences through creative modalities such as writing, storytelling, 

and artistic expression. 

With the growing prevalence of the internet and social media, vast amounts of textual data are generated 

across multiple domains. Transforming such data into meaningful insights is increasingly important 

(Tokcaer, 2021), particularly during adolescence—a developmental period marked by complex and 

intense emotional experiences. Extracting emotional information from text can contribute to 

understanding adolescents’ emotional states and support emotional regulation processes (Özgüle & 

Sümer, 2017; Thompson & Meyer, 2007).  

Emotion has been defined as a combination of feelings, cognitions, physiological and biological states, 

and action tendencies associated with a specific affective experience (Goleman, 1998). Literature, as a 

medium through which emotions are mediated and reflected, enables individuals to construct meaning 

in their lives, develop social sensitivity, and cope with personal challenges (Kidd & Castano, 2013). 

Because emotions lie at the core of literary expression, they are often most deeply understood through 

the acts of writing and reading, where language gives form to internal experiences (Oatley, 2002).  

Accordingly, literature and creative writing activities enhance children’s and adolescents’ abilities to 

recognize, express, and regulate emotions. Creative writing fosters emotional intelligence by 

transforming inner experiences into narrative form (Kumschick et al., 2014; Puspitoningrum et al., 

2024). In line with expressive writing theories, children develop emotional awareness by translating 

internal experiences into stories, identifying emotional states, and integrating thoughts and feelings—

skills that are essential for effective emotion regulation (Uymaz & Metin, 2023). 

Although creative writing and reading practices in Turkey have been shown to improve writing skills, 

motivation, and attitudes toward writing (Göçen, 2019; Kırmızı & Adıgüzel, 2023), empirical studies 

that systematically examine the emotional content of children’s self-produced literary texts remain 

scarce. Little attention has been paid to how children’s spontaneous writings reflect their emotional 

worlds. Addressing this gap, the present study conducts a sentiment analysis of literary texts written by 

middle-grade students. 

In educational contexts, literature functions as a powerful medium for emotional development, allowing 

children to externalize, interpret, and regulate their affective experiences through narrative expression 

(Camacho-Morles et al., 2021). The present study is grounded in Ekman’s Basic Emotion Theory, which 

identifies five universal, biologically rooted emotions—anger, disgust, fear, happiness, and sadness—

providing a theoretically robust framework for analyzing emotional content in children’s writing. 

Ekman’s model is particularly suitable for early adolescence, as its clearly defined and cross-culturally 

validated emotion categories align with children’s developing capacity to recognize and symbolically 

articulate core affective states. By focusing on these fundamental emotions, the study captures 

developmentally salient and evolutionarily stable emotional patterns that emerge in students’ 

spontaneous literary productions (Nook et al., 2020). This theoretical grounding strengthens the validity 

of the emotion identification process and highlights the pedagogical relevance of examining emotions 

in children’s narratives, as understanding how students encode core emotions in writing contributes to 

emotional literacy, empathy development, and socio-emotional learning. 

Mother tongue education aims to enable students to understand language across diverse contexts, enrich 

their imagination, and express themselves effectively. Writing, as a fundamental language skill, allows 

students to organize knowledge, expand ideas, and articulate thoughts in a structured manner (Türkben, 

2021). Developing a reading habit is equally important, as early engagement with reading enhances 

vocabulary, thinking skills, creative intelligence, and listening and speaking abilities (Tanju, 2010). 

Despite these well-documented cognitive and linguistic benefits, existing research has largely 
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overlooked the emotional dimension of children’s spontaneous literary productions. To the best of our 

knowledge, no prior studies have systematically examined the emotional content of literary texts created 

by children, a gap that the present research seeks to address. 

In 2019, we developed and launched the platform www.childwriterslibrary.com to encourage middle-

grade students to engage seriously with reading and writing and to express their feelings and thoughts 

through literary production. On this platform, students from [X] middle uploaded texts in various literary 

genres and read and comment on one another’s work. During the review process prior to publication, 

teaching staff observed that students frequently articulated their inner worlds, imaginations, and 

emotions through their writing. For instance, a poem submitted by one student contained themes of 

longing, sadness, separation, tears, hope, and reunion. Subsequent consultation with the school guidance 

counselor revealed that the student’s father was incarcerated, and the poem reflected the emotional 

distress associated with this separation. Following this discovery, the counselor conducted a series of 

support sessions to assist the student’s emotional well-being. 

Beyond improving reading comprehension and writing skills, the literary value and spontaneity of 

student-authored texts—produced without imposed topics—allow children to channel fundamental 

emotions into writing with minimal constraint. Developing a prediction model capable of identifying 

core emotions in such texts through sentiment analysis may support guidance counselors in helping 

students recognize and regulate their emotional experiences. Early identification and intervention are 

particularly important, as timely support can reduce long-term psychological distress, limit societal 

costs, and prevent the development of secondary conditions (Rutter et al., 2011). Accordingly, this study 

investigates the emotional expressions of young writers by applying word-level sentiment analysis to 

short literary texts, grounded in Ekman’s Five Basic Emotion Theory (Ekman, 1992). 

The integration of Ekman’s and Plutchik’s emotion theories in this study is motivated by their 

complementary conceptualizations of basic emotions. Ekman’s framework provides a universal, 

biologically grounded classification of five core emotions—anger, disgust, fear, happiness, and 

sadness—supported by extensive cross-cultural research on facial expressions. In contrast, Plutchik’s 

Psychoevolutionary Theory expands the emotional landscape by organizing eight fundamental emotions 

(anger, anticipation, disgust, fear, joy, sadness, trust, and surprise) within a dynamic wheel that captures 

emotional intensities, oppositions, and blended states (Hofmann et al., 2020; Krommyda et al., 2021). 

Combining these models enables a more comprehensive and developmentally sensitive approach to 

analyzing children’s literary expressions. While Ekman’s model offers categorical clarity essential for 

computational modeling, Plutchik’s framework situates these emotions within a broader affective 

spectrum, allowing for the representation of emotional nuance. By linking Ekman’s core emotions to 

Plutchik’s emotion wheel, the study constructs an enriched emotion table that reflects both theoretical 

rigor and the emotional complexity present in children’s spontaneous writings. This integrated approach 

strengthens the validity of emotion classification in NLP applications and supports pedagogical goals 

by enabling a more nuanced interpretation of emotional cues embedded in student-authored texts 

(Krommyda et al., 2021). 

The main contributions of this study are as follows: 

• The design and implementation of an educator-developed online platform that supports 

students’ reading comprehension, writing skills, and emotional expression through literary and 

artistic production. 

• The development of an emotion taxonomy that links fundamental emotions to associated sub-

emotions, facilitating more accurate emotion labeling in texts. 

• The creation of a high-quality dataset comprising student-authored literary texts from multiple 

genres, annotated according to five fundamental emotions. 

• Empirical evidence demonstrating that translated texts perform comparably to original-language 

texts in emotion classification tasks. 
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• The development of a text preprocessing pipeline and several prediction models capable of 

identifying students’ fundamental emotions from literary texts, achieving an F1-score of up to 

72%. 

 

2.  Related Works 

Sentiment analysis seeks to identify emotional content in text and determine its overall polarity. In 

psychological research, sentiment analysis has been applied to a range of data sources to detect 

emotional states and mental health conditions such as depression and anxiety. Existing work can be 

thematically organized along two key dimensions: methodological approach (top-down vs. bottom-up) 

and type of textual data analyzed. This thematic organization highlights a gap that the present study aims 

to address. 

2.1 Methodological Approaches in Psychological Sentiment Analysis 

Top-down approaches rely on predefined lexicons and rule-based scoring functions to infer emotional 

polarity. These methods are often favored for their interpretability and have been applied to guided 

patient texts, social media posts, and literary works (Wang et al., 2013; Havigerová et al., 2019; Provoost 

et al., 2019; Stephen & Prabu, 2019; Jacobs et al., 2020). For instance, Provoost et al. (2019) analyze 

guided iCBT texts using a fixed set of dominant emotions, while Havigerová et al. (2019) examine 

linguistic markers in formal and informal patient essays to detect depression. Although effective in 

controlled settings, these approaches depend heavily on predefined emotional categories and structured 

input, which limits their ability to capture the spontaneity of free-form literary expression. 

Bottom-up approaches, by contrast, rely on human-labeled datasets and supervised machine learning 

models to learn emotional patterns directly from data. This paradigm has been widely used in clinical 

and social contexts, employing classifiers ranging from traditional machine learning models to deep 

learning architectures (Orhan et al., 2014; Walsh et al., 2018; Haggren & Amethier, 2018; Bhargava et 

al., 2021). These studies demonstrate strong predictive performance but typically focus on either 

structured or unstructured clinical data or large-scale social media corpora. Our study adopts this 

bottom-up framework while extending it to a previously underexplored type of data: short literary texts 

authored by children. 

2.2 Textual Data Types and Research Gaps 

Most sentiment analysis studies in psychology rely on social media data, particularly tweets, due to their 

accessibility and scale (Wang et al., 2013; Stephen & Prabu, 2019; Bhargava et al., 2021). While such 

data enable large-scale modeling, they are often noisy, context-limited, and shaped by platform-specific 

conventions. 

A second group of studies uses clinical or guided texts, including electronic health records and structured 

patient essays (Orhan et al., 2014; Walsh et al., 2018; Haggren & Amethier, 2018; Provoost et al., 2019; 

Havigerová et al., 2019). These datasets benefit from expert labeling and clinical relevance but are 

constrained by prompts, formal language, or therapeutic settings, which may limit the natural expression 

of emotion. 

A smaller body of work examines literary texts. Notably, Jacobs et al. (2020) analyze children’s literary 

classics using lexicon-based sentiment analysis to demonstrate the Pollyanna effect. While this work is 

closest to ours in terms of genre, the texts are written for children, are substantially longer, and are 

analyzed using a top-down approach. 

The present study occupies a unique niche at the intersection of these themes. Unlike prior work, it 

focuses on short, spontaneous literary texts written by children, combines bottom-up machine learning 

with human expert labeling, and examines cross-linguistic robustness through translation. By addressing 

limitations in both data type and methodological assumptions found in earlier studies, this work extends 

sentiment analysis research into a setting that more closely reflects unprompted emotional expression in 

children. Consequently, this study fills an unexplored gap at the crossroads of education, developmental 

psychology, and Turkish NLP, providing an innovative methodological and theoretical advancement. 
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3. Methods 

In this section, we explain the data collection and preprocessing methods as well as the design of the 

prediction models used to identify the fundamental emotions in the literary work of middle-grade 

students. 

3.1 Participants and Data Collection 

[X] Middle School was selected in 2019 to participate in a children’s writing project titled 

www.childwriterslibrary.com. The school’s demographic, social, and cultural characteristics were 

examined for the purposes of this study. The student population largely consists of children from 

families who have migrated from densely populated regions of Turkey, and it is common for multiple 

students from the same extended family to attend the school. Parental education levels, particularly 

among mothers, are relatively low, and household income levels are correspondingly limited. In 

addition, the proportion of students from separated or divorced families is high, a factor that has been 

associated with increased behavioral challenges in educational settings. In recent years, the school has 

also experienced a notable influx of families migrating from outside the country, further contributing to 

its socio-demographic diversity. The writing project was initially designed to improve students’ reading 

and writing skills; however, over time, it became apparent that students frequently reflected personal 

experiences and emotional challenges in their literary works. Given its diverse population and the 

spontaneous nature of the texts produced, [X] Middle School provided an appropriate context for 

investigating automated emotion detection in children’s literary writing. 

 

The study sample consists of 101 middle-grade students from [X] Middle School who uploaded their 

literary works to the www.childwriterslibrary.com platform. The website is publicly accessible and 

primarily accepts texts written in Turkish, while also offering an automatic translation function. Students 

can submit texts in various literary genres, including poems, short stories, fairy tales, and essays. All 

submissions are reviewed and approved by teaching staff prior to publication. Parental consent letters 

were obtained to use the data in research settings. 

 

A total of 416 literary texts were collected, along with associated metadata including submission date, 

username, genre, and title. Student gender was inferred from usernames, when possible, as most students 

used their real first names; an “other” category was assigned when gender could not be confidently 

determined. Table 1 presents descriptive statistics for the dataset. The results indicate that female 

students contributed a greater number of texts than male students, whereas the average word count per 

text was higher for male students. This difference may be related to the smaller number of texts written 

by male students and to variation in word count across genres. The total number of genre labels exceeds 

the total number of texts in the dataset, as the platform allows a single text to be assigned to multiple 

genres. When uncategorized entries are excluded, stories and fairy tales emerge as the most common 

genres, followed by poetry, indicating a preference for fictional writing over non-fiction. While essays, 

stories, and fairy tales exhibit similar average word counts, poetry has the lowest average word count, 

followed by letters. 

 

Table 1. 

Gender- and genre-based statistics  

Gender Female Male Other    

# Texts 315 59 42    

Average #words/text  245 398 245    

Genre Essay Letter Poetry Story Fairytale Uncategorized 

#Texts 78 12 109 155 149 167 

Average #words/text 357 174 69 352 338 229 

3.2 Labeling of Fundamental Emotions  

After the dataset was anonymized and normalized, the next step in the processing pipeline was data 

labeling, as the proposed prediction models rely on a bottom-up supervised learning approach. While 
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prior studies have investigated a wide range of emotional categories, the present study focuses on 

identifying fundamental emotions that are developmentally appropriate and observable within the age 

range of middle-grade students. 

 

In psychology, emotions have become a central focus alongside consciousness and behavior in efforts 

to understand human functioning (Ekman, 2004; Greenberg & Pascual-Leone, 2006; Panksepp, 2004). 

Despite extensive research, there is no full scientific consensus on the number or classification of 

fundamental emotions, and multiple theoretical perspectives have been proposed to explain their nature 

and diversity. Nevertheless, areas of convergence have emerged among researchers studying emotions. 

According to Ekman (2016), anger, fear, disgust, sadness, and joy are most frequently identified by 

scientists as fundamental emotions, with high levels of agreement (anger: 91%, fear: 90%, disgust: 86%, 

sadness: 80%, joy: 76%). Based on this convergence in the literature, the present study adopts Ekman’s 

framework of five fundamental emotions—hereafter referred to as the “big five”—as the theoretical 

basis for emotion labeling.  

 

The five basic emotions identified in Ekman’s model are expected to be sufficient for examining the 

emotional content of middle-grade students’ literary texts. However, to facilitate more nuanced 

evaluation and labeling of emotional expressions, the present study expands these categories by 

considering the phases and variations of each basic emotion. To this end, Ekman’s five fundamental 

emotions are associated with the emotion wheel proposed in Robert Plutchik’s Psychoevolutionary 

Theory of Basic Emotions, which organizes eight primary emotions within a circular structure reflecting 

emotional intensity, oppositions, and related affective states (Plutchik, 2001). Plutchik’s visual 

representation, commonly referred to as the “emotion wheel,” is illustrated in Figure 1 and serves as a 

complementary framework for structuring sub-emotions within the five core categories adopted in this 

study. 

 

Figure 1. 

 Plutchik Wheel of Emotions (Source: Plutchik R. (2001), "The Nature of Emotions," American 

Scientist, 89(4), 349.) 

 

                                                                                           

A small set of core and essential emotions serves as the foundation for the broader and more diverse 

range of human emotions (Yiend et al., 2005). This principle can be compared to the human visual 

system: although humans can perceive a wide array of colors, the retina contains only three types of 

cone cells. In a similar manner, basic emotions provide the underlying framework from which more 

complex or secondary emotions emerge. 
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Plutchik’s emotion wheel has been widely applied in emotion analysis across various domains (Mohsin 

& Beltiukov, 2019; Weismayer et al., 2021; Zhou et al., 2016). In the present study, the five basic 

emotions identified in Ekman’s framework- joy, anger, sadness, fear, and disgust -were mapped to the 

corresponding emotions represented in Plutchik’s model. To establish this mapping, we first identified 

the basic emotions recognized by both theorists. Ekman’s concept of joy was further associated with 

expectation, trust, and joy in Plutchik’s wheel. These mapped emotions were then aligned along the axes 

of Plutchik’s circular model. To facilitate systematic annotation, sub-emotions were identified based on 

the combined theoretical frameworks of Ekman (2016) and Plutchik (2001), resulting in the creation of 

an emotion table (Table 2). 

 

Table 2. 

Fundamental emotions and their sub-dimensions 
Anger Fear Disgust Sadness Joy 

Angry 

Frustrated 

Hateful 

Bitter 

Grumpy  

Jealous  

Insulted  

Furious 

Selfish Suspicious  

Harm  

Provoked 

Aggressiveness 

Insecure 

Nervous 

Panic 

Worried 

Shocked 

Stressed 

Dizzy 

Disheartened 

Timber 

Weak 

Obedience 

Worthless 

Unimportant 

Condemnation 

Disappointment 

Fear 

Avoidance 

Judgmental 

Rebellion Dislike 

Removal 

Annoyance Disgust 

Disdain 

Dissatisfaction 

Whimsy 

Guilty 

Ashamed Depressed 

Lonely 

Weak 

Pathetic Rejected 

Hopeless 

Inadequate 

Deceived 

Unmotivated 

Disappointed 

Confused 

Remorseful Pensive 

Sorrowful 

Terror 

Anxiety 

Relaxed 

Calm 

Happy 

Enjoyed 

Joyful 

Crazy 

Satisfied 

Enthusiastic 

Enjoyable Creative 

Passionate Secure 

Hopeful 

Appreciated 

Important Valued 

Sincere 

Caring Optimistic 

Grateful 

 

The literary texts written by middle school students were annotated using the emotion table by four 

psychology undergraduate students and their supervisor. Following a procedure similar to that of 

Provoost et al. (2019), the annotators were divided into two groups of two. Each group independently 

examined the same texts without knowledge of the other group’s evaluations. Using the definitions of 

the five basic emotions and their associated sub-emotions, as well as their counseling expertise, the 

groups identified which basic emotions were expressed in each text. Inference skills—defined as the 

ability to approach a client’s emotions with advanced empathy and sensitivity—were applied to ensure 

accurate interpretation (Cormier & Hackney, 2013). 

 

Annotations were conducted independently to allow subsequent comparison and reconciliation, ensuring 

internal consistency and leveraging collaborative evaluation within each group. Unlike Provoost et al. 

(2019), who employed a Likert scale, this study used a binary labeling scheme: 1 if a given emotion was 

present in a text, and 0 if absent. This approach was intended to maintain higher inter-group agreement 

and reduce ambiguity in judgment. 

 

Table 3 presents the number of texts labeled with each emotion, along with inter-group agreement 

percentages. Joy was the most frequently annotated emotion, while Disgust was the least common, 

though the counts of other emotions were broadly comparable. Cohen’s Kappa statistics were also 

computed: Anger and Disgust achieved fair agreement, whereas Fear, Sadness, and Joy demonstrated 

moderate agreement, consistent with the raw percentage agreements. 

 

To consolidate annotations for model training, labels from the two groups were merged such that the 

presence of an emotion in either group resulted in a label of 1 for that text. This procedure reduced data 

sparsity and facilitated more robust predictions in subsequent modeling. 
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Table 3. 

Emotion-based statistics 
 Anger Fear Disgust Sadness Joy 

#Texts 210 236 202 231 275 

Agreement % 65.1 73.3 63.0 73.1 78.6 

Cohen’s Kappa  0.258 

Fair 

0.464 

Moderate 

0.221 

Fair 

0.453 

Moderate 

0.567 

Moderate 

3.3 Data Preprocessing Pipeline 

 

The preprocessing pipeline began with anonymization of the dataset (Figure 2). Because students 

frequently used their real names as usernames, these identifiers were replaced with randomly assigned 

numeric IDs. A computer program was developed to extract a list of distinct usernames and assign a 

unique ID to each. The original usernames were stored in a separate file accessible only to the project’s 

principal investigator, ensuring privacy while maintaining traceability for internal purposes. Following 

anonymization, the texts underwent normalization, which involved automatically correcting 

misspellings and grammatical errors. The quality of the dataset is critical for sentiment analysis and 

predictive modeling, as errors can increase the size of word-vector matrices and prolong model training 

times (Makinist et al., 2017). Normalization also improves translation quality and overall model 

accuracy. In this study, Turkish texts were normalized using the Zemberek library, a tool specifically 

developed for Turkish natural language processing (Akın & Akın, 2007). After labeling, the dataset was 

processed along two parallel paths: Turkish and English. For the English path, the dataset was translated 

using the Google Translate API. There were two motivations for this approach. First, the majority of 

high-quality natural language processing (NLP) libraries and resources are available in English. Second, 

the study aimed to test whether current machine translation quality allows prediction models to perform 

similarly across languages from different families. To assess translation quality, back-translation was 

performed: Turkish texts were translated to English and then back to Turkish, and the original and back-

translated texts were compared using the BLEU score (Papineni et al., 2002) via the NLTK library. The 

resulting BLEU score of 0.3036 indicates moderate equivalence. 

 

Following translation, the English dataset was processed using the NLTK library for text cleaning, 

stopword removal, lemmatization, and stemming, while the Turkish dataset was processed with 

Zemberek for the same purposes. To evaluate the impact of text normalization on prediction 

performance, four versions of the dataset were generated for model training: Turkish-Stem, Turkish-

Lemma, English-Stem, and English-Lemma. All datasets are publicly available in our GitHub repository 

(https://github.com/esmayildirim/emotion_analysis.git ). 

 

Figure 2.  

Data pre-processing pipeline 

 

 

https://github.com/esmayildirim/emotion_analysis.git
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3.4 Text Representation Methods 

Preprocessed text cannot be directly used as input to a prediction model; it must first be converted into 

numerical representations. Several text representation methods are available for this purpose. In this 

study, we selected four widely used approaches: Bag-of-Words (BOW), Term Frequency-Inverse 

Document Frequency (TF-IDF), Word2Vec (W2V), and Integer Tokenization (IntT) for use in the 

Transformer model’s embedding layer. In the following sections, we describe how each method was 

applied to our dataset. 

 

To apply the BOW method, a vocabulary was created from the entire document set, consisting of unique 

lemmas or stems. For each text, the frequency of words in the vocabulary was calculated. Large 

vocabularies can produce sparse vectors dominated by zeros, potentially hindering model learning. To 

control vocabulary size, we analyzed the effect of two parameters in the CountVectorizer class of 

the sklearn library: maximum and minimum thresholds. The maximum threshold limits very frequently 

occurring words, while the minimum threshold excludes infrequent words. Without applying these 

thresholds, the vocabulary size ranged from approximately 4,200 to 4,900 words across the four dataset 

variants (Turkish-Stem, Turkish-Lemma, English-Stem, English-Lemma). 

 

Figure 3 illustrates the effect of these thresholds on vocabulary size for all four dataset variants. Notably, 

the English datasets produced slightly larger vocabularies than the Turkish datasets. Additionally, the 

wider the gap between minimum and maximum thresholds, the larger the resulting vocabulary. 

Comparing scenarios with no threshold to a minimum threshold of 5 reveals an exponential decrease in 

vocabulary size, from roughly 4,000 words to 900 words. To simplify hyperparameter tuning while 

covering a broad range of vocabulary sizes, we decided to vary only the minimum threshold, using the 

values [2, 3, 4, 5, 10, 15, 20, 25]. 

 

Figure 3.  

Effect of Minimum and Maximum Thresholds on Vocabulary Count 
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The TF-IDF method is similar to the BOW method; however, instead of using a frequency vector for 

each text, we use a TF-IDF vector. It is calculated using the formulas in Equations 1, 2, and 3. In 

Equation 1, TF(w) is term frequency, Freqw is the number of times the word w occurs in a document, 

and Nw is the total number of words in the document. In Equation 2, IDF(w) refers to inverse document 

frequency, Ntd refers to the total number of documents, and Ndw refers to the number of documents 

containing word w. TF-IDF is the multiplication of the two frequency values. The TfidfVectorizer class 

of the sklearn library only has a parameter to set the maximum vocabulary count, which was tested for 

the values [1500, 2000, 2500, 3000, 3500] with our prediction model.  

  

𝑇𝐹(𝑤) =  
𝐹𝑟𝑒𝑞𝑤

𝑁𝑤
           (1) 

𝐼𝐷𝐹(𝑤) =  𝑙𝑜𝑔
𝑁𝑡𝑑

𝑁𝑑𝑤
      (2) 

𝑇𝐹 − 𝐼𝐷𝐹(𝑤) =  𝑇𝐹(𝑤) × 𝐼𝐷𝐹(𝑤)     (3) 

 

The third representation method we used was Word2Vec (W2V), which captures semantic relationships 

between words and their surrounding context. Each text is represented as a matrix, with rows 

corresponding to words and columns representing features learned by the W2V model. Because texts 

vary in length and prediction models require fixed-size input, we applied a maximum word threshold 

and padded shorter texts with zeros. To select an appropriate threshold, we calculated the average 

number of words per document and chose parameter values around this mean using a linear multiple 

strategy. Initially, the W2V model was trained on our own dataset using the Gensim library. However, 

prediction performance was lower than expected. Consequently, we adopted a pre-trained W2V model 

based on the Google News dataset (Google, 2024), which yielded better results. This approach was 

applied only to the English dataset. 

 

The final method was simple Integer Tokenization, used for the embedding layer of the Transformer 

model. A vocabulary was created, and each word was assigned a unique integer ID. Each text was then 

represented as a sequence of integers corresponding to its words, which was fed directly into the 

Transformer’s embedding layer. 

 

To address class imbalance in the emotion-labeled dataset, all input datasets were augmented using the 

MLSMOTE technique, a multi-label extension of the Synthetic Minority Over-sampling Technique 

(Charte et al., 2015).  

3.5 Prediction Models 

 

Since each text in our dataset may have multiple emotion labels, we framed the task as a multi-label 

classification problem. Figure 4 illustrates the models used in combination with the different text 

representation methods. While BOW and TF-IDF produce 1-dimensional input vectors, W2V generates 

2-dimensional matrices. For the MLP model, 2-D W2V matrices were flattened into 1-D vectors before 

being fed into a multi-layer perceptron with multiple hidden layers. ReLU activation was applied in all 

hidden layers, and a sigmoid activation function was used in the output layer to produce probability 

values for each emotion. Probabilities were rounded to 0 or 1 to indicate the presence or absence of each 

emotion. Binary cross-entropy was used as the loss function. The optimal number of hidden layers and 

nodes per layer was determined via grid search. 

 

For the CNN model, 2-dimensional W2V inputs were used directly without reshaping, whereas BOW 

and TF-IDF vectors were expanded by adding an extra dimension of size 1. The CNN architecture 

consisted of multiple convolutional layers followed by fully connected layers. ReLU activation was used 

in the convolutional layers, and the output layer employed a sigmoid function to generate probabilities 

for each emotion. Binary cross-entropy served as the loss function. Grid search was employed to 

determine the number of convolutional layers and the size of feature maps. 
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We also implemented a Transformer model. Texts were first converted to sequences of integers using 

Integer Tokenization and fed into an embedding layer. A Transformer block was applied, followed by a 

global max pooling layer, a dense layer, and an output layer with a sigmoid activation function to 

produce probability values for each emotion. Hyperparameters, including the number of attention heads, 

feed-forward layer size, and embedding dimension, were tuned. Detailed hyperparameter settings are 

available in Appendix A, and the code for all models is available in our GitHub repository 

(https://github.com/esmayildirim/emotion_analysis.git ). 

 

Figure 4.  

Prediction models  

 

4. Results 

In this section, we present the performance of our models using several evaluation metrics and compare 

how effectively each emotion was detected. Since detecting the presence of an emotion is more 

important than detecting its absence, we report not only Accuracy but also Precision, Recall, and F1-

score. Accuracy measures the ratio of correctly predicted labels (true positives (TP) and true negatives 

(TN)) to all predictions. Precision indicates, out of all instances predicted as positive, how many were 

true positives, focusing on minimizing false positives (FP). Recall measures, out of all actual positive 

instances, how many were correctly identified, emphasizing minimizing false negatives (FN). F1-score 

combines Precision and Recall into a single metric that balances the trade-off between false positives 

and false negatives. Equations 4–7 present the formulas for these metrics.  

      

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
                      (4) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                      (5) 

https://github.com/esmayildirim/emotion_analysis.git
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𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                      (6) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                     (7) 

 

Table 4 presents the F1-scores for all models and text representation combinations. On average, MLP 

achieved the highest F1-score, followed by LR, CNN, SVC, and the Transformer. The optimal text 

representation varies by model: BOW performed best for MLP and CNN, TF-IDF was superior for LR, 

MLP, and SVC, and W2V achieved its highest performance with LR. 

 

The top five configurations, in order, are: LR-TFIDF-TR-LEMMA, LR-W2V-ENG-STEM, MLP-

BOW-TR-LEMMA, MLP-BOW-TR-STEM, and MLP-TF-IDF-TR-STEM. Although the best 

Transformer result (0.695) is lower than the top-performing models, this aligns with prior findings that 

Transformers require specific conditions—such as larger datasets and careful hyperparameter tuning—

for optimal performance. 

 

We also tried using BERT, which is a transformer-based model, with English and multi-language 

(Turkish included) trained versions. But the model did not converge and resulted in 0 precision or recall 

results. We note that our dataset is very small (416 instances) and the task is multi-label emotion 

classification, a setting in which fine-tuning large transformer models is known to be unstable. BERT 

contains over 110M parameters, and prior work shows that with limited supervision, especially for 

correlated and imbalanced emotion labels, transformers may fail to converge or overfit, leading to 

degenerate predictions (Devlin et al., 2019; Acheampong et al., 2020). In contrast, simpler models such 

as MLPs trained on lexical representations offer a more favorable bias, variance tradeoff in low-data 

regimes and have been shown to match or outperform transformer-based models on small text 

classification datasets where lexical cues dominate (Wang & Manning, 2012; Joulin et al., 2017). The 

superior performance of the MLP in our experiments is therefore consistent with established findings 

and reflects a data-appropriate modeling choice rather than a limitation of transformer architectures.  

 

Table 4. 

F1-score Results of Prediction Models 

 LR SVC MLP CNN Transformer 

BOW-TR-LEMMA 0.691 0.688 0.721 0.712 TR-LEMMA 0.69 

BOW-TR-STEM 0.689 0.684 0.721 0.711 TR-STEM 0.695 

BOW-ENG-LEMMA 0.691 0.682 0.706 0.709 ENG-LEMMA 0.693 

BOW-ENG-STEM 0.688 0.681 0.709 0.708 ENG-STEM 0.687 

TFIDF-TR-LEMMA 0.724 0.716 0.716 0.699   

TFIDF-TR-STEM 0.72 0.71 0.721 0.699   

TFIDF-ENG-LEMMA 0.715 0.721 0.718 0.694   

TFIDF-ENG-STEM 0.715 0.717 0.711 0.698   

W2V-ENG-LEMMA 0.718 0.72 0.709 0.7   

W2V-ENG-STEM 0.722 0.715 0.702 0.705   

AVERAGE 0.7073 0.7034 0.7134 0.7035  0.69125 
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To better understand the patterns in the F1-score results, we applied paired t-tests to evaluate differences 

across several factors: “Turkish vs. English,” “Stemming vs. Lemmatizing,” “BOW vs. TF-IDF vs. 

W2V,” and “Which prediction model is the best?”. For each comparison, results from 5-fold cross-

validation were organized into paired columns before performing the t-tests. We report the mean 

difference, t-statistic, and p-value for each case. 

 

For the “Turkish vs. English” comparison (Table 5), W2V was excluded because results were available 

only for English. Across 90 pairs, although the mean difference was small, the positive t-statistic 

indicates that Turkish texts performed slightly better than English. The p-value (<0.05) demonstrates 

that this difference is statistically significant. 

 

Table 5. 

Pair-T tests of F1-scores for “Turkish vs English” comparison 

Column 1 Column 2 Mean difference t-statistics p-value 

TR ENG 0.0036 2.064436 0.041887 

 

 

Second, we compared Stemming versus Lemmatizing (Table 6). Across 110 pairs, the mean difference 

was very small, and the positive t-statistic suggests that Lemmatizing might perform slightly better. 

However, the p-value (>0.05) indicates that this difference is not statistically significant. Therefore, we 

conclude that there is no evidence to favor one preprocessing method over the other. 

 

 

Table 6. 

Pair-T tests of F1-scores for “Lemmatizing vs. Stemming” comparison 

Column 1 Column 2 Mean difference t-statistics p-value 

LEMMA STEM 0.001136 0.725386 0.46977 

  

Third, we compared the text representation methods BOW, TF-IDF, and W2V. Integer Tokenization 

(IntT) was excluded because it was used only with the Transformer model, and including it would have 

resulted in unmatched pair counts. According to Table 7, both TF-IDF and W2V outperform BOW, as 

indicated by negative mean differences, negative t-statistics, and p-values < 0.01. Although W2V shows 

higher mean and t-statistic values compared to TF-IDF, the p-value (>0.05) indicates that this difference 

is not statistically significant. In conclusion, while we cannot determine whether TF-IDF or W2V is 

superior, both methods clearly outperform BOW in most cases. 

 

Table 7. 

Pair-T tests of F1-scores for “BOW vs. TFIDF vs. W2V” comparison 

Column 1 Column 2 Mean difference t-statistics p-value 

BOW TFIDF -0.01440 -3.841217 0.000439 

BOW W2V -0.01465 -3.283262 0.002171 

TFIDF W2V -0.00025 -0.092458 0.926807 
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Finally, we try to answer the question of “Which prediction model is the best?” The Transformer model 

was excluded due to unmatched pair counts. Considering results with p < 0.05, MLP outperformed both 

SVC and CNN in terms of prediction model performance. Although the comparison between LR and 

MLP was not statistically significant, the t-statistic and mean values indicate that MLP generally 

performed better than LR. Additionally, LR showed higher mean and t-statistic values than both SVC 

and CNN, and CNN outperformed SVC. 

 

Table 8. 

Pair-T tests of F1-scores for “Which prediction model is better?” comparison 

Column 1 Column 2 Mean difference t-statistics p-value 

  LR    SVC 0.00400 1.762576 0.084209 

  LR     MLP -0.00586 -1.751712 0.08608 

  LR    CNN 0.00386 1.044123 0.301553 

  SVC     MLP -0.00986 -2.771641 0.007862 

  SVC    CNN -0.00014 -0.034816 0.972368 

  MLP     CNN 0.00972 3.233694 0.00219 

  

To conclude, these results suggest that using the Turkish dataset provides slightly better performance 

than the English dataset. Among prediction models, MLP combined with either TF-IDF or W2V 

representations and using either stemmed or lemmatized datasets is the most effective choice. This 

conclusion aligns with the top five models listed in Table 4, which are shared between LR and MLP, 

and is corroborated by the paired t-test results. 

 

Next, we analyzed the prediction performance for the five emotions in the top-five models. Figure 5 

presents Accuracy, Precision, Recall, and F1-score for these models, selected based on their average F1-

score. Our first observation is that Joy is consistently the best-predicted emotion, whereas Disgust is the 

worst across almost all models according to the F1-score. Fear shows better results in four out of five 

models, except for Model 1, when evaluated by Accuracy and Precision. Joy achieves higher F1-scores 

primarily due to its higher Recall compared to Fear. Following these, Anger, Sadness, and Disgust 

appear in descending order of prediction performance. Another observation is that Recall is consistently 

the highest metric across all emotions and models. Typically, Recall values follow the order Joy > 

Sadness > Fear > Anger > Disgust; however, in Model 1, Disgust Recall is higher than that of Fear, 

Sadness, and Anger. Finally, Precision values are generally slightly lower than Accuracy in all models. 
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Figure 5.  

Accuracy, Precision, Recall and F1-score results of top-5 models according to average F1-score  

 

 

5. Discussion 

The current research investigated how well an automatic emotion detection model performed when 

applied to children's literary texts, uncovering consistent variations among different emotion categories. 

Joy and Fear were identified with the highest accuracy and precision, whereas Anger and Sadness had 

moderate detection rates, and Disgust was consistently the most challenging emotion to detect. These 

findings indicate that the model's performance is more closely related to the developmental, linguistic, 

and contextual aspects of how children express emotions, rather than solely reflecting the algorithm's 

efficiency. 

Beyond Joy and Disgust, the moderate detection of Anger and Sadness warrants consideration. In 

children’s writing, anger is often embedded in narrative conflict, moral evaluation, or interpersonal 

tension rather than explicitly labeled. Linguistically, it is frequently conveyed through evaluative verbs, 

negation, or agency attribution, which may dilute its lexical signal. Similarly, sadness- although 

developmentally salient -tends to be expressed implicitly through narrative tone, metaphor, or 

atmosphere, particularly as children’s writing becomes more symbolic with age (Hipson, 2019; Kim et 
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al.,2010; Nook et al., 2020). Such indirect encoding may partly explain the intermediate detection 

performance of these emotions. 

The high detectability of Joy aligns with developmental research emphasizing the prominence and 

linguistic accessibility of positive emotions in early and middle childhood. Joy-related expressions are 

typically concrete, high-frequency, and socially reinforced, making them particularly amenable to 

lexical-based classification approaches. Data-driven analyses of children’s writing indicate that positive 

affect is not only more prevalent but also more explicitly labeled in written narratives (Dong et al., 2024; 

Kauschke et al., 2019). 

At the same time, the strong performance of Fear may appear to challenge the assumption that early 

emotional expression is primarily dominated by positive affect. This tension can be addressed by 

distinguishing emotional valence from emotional salience. Although fear is negatively valenced, it 

represents a highly salient and cognitively accessible emotion during middle childhood, closely linked 

to perceived threat, uncertainty, and environmental unpredictability. Developmental perspectives 

suggest that such experiences are readily externalized through narrative, allowing fear to coexist with 

joy as a prominent emotional category without undermining models of early positivity. 

Developmental research shows that fear is ubiquitous and developmentally patterned, with children 

commonly reporting multiple fears that shift from imaginary to more realistic threats over time, 

highlighting its cognitive accessibility and close association with danger appraisal (Bauer, 1976). 

Consistent with this view, developmental ecology perspectives emphasize fear as a central, survival-

oriented system shaped by caregiving and contextual learning, particularly through children’s 

acquisition of safety–danger contingencies in middle childhood (Callaghan et al., 2019). As a high-

salience emotion, fear readily organizes experience and supports its frequent emergence in narrative 

expression. 

 

Contemporary contextual factors may further enhance the visibility of fear-related content. Exposure to 

emotionally arousing digital media, including computer games involving danger or suspense, may 

increase the accessibility and narrative clarity of fear-related themes, although such exposure should be 

interpreted as a contributing rather than primary factor (Villani et al., 2018). From a linguistic 

perspective, fear is often encoded through concrete situational descriptors and physiological cues, 

producing stronger lexical signals than emotions such as Disgust, which tend to be more socially 

regulated and context-dependent (Shirazi et al., 2021). 

 

The low detection of Disgust may therefore reflect both linguistic abstraction and cultural constraints. 

In Turkish, disgust-related expressions are often mitigated, indirect, or avoided in children’s written 

discourse, limiting the availability of explicit lexical markers and reducing classification reliability for 

this emotion category. 

 

In addition to these psychological and linguistic interpretations, the present study offers a 

methodological contribution to the literature on multilingual and cross-linguistic emotion analysis. The 

findings indicate that machine learning–based classification models can achieve comparable 

performance when applied to translated texts as to original-language texts. This suggests that, under 

controlled conditions, translation does not necessarily obscure core emotional signals, supporting the 

use of translated corpora in educational and psychological text analysis when original-language data are 

limited. 

 

Several limitations should be acknowledged. First, the corpus consists solely of Turkish-language texts, 

and emotional expression in Turkish frequently relies on metaphor, contextual implication, and 

indirectness, which may differentially affect emotion categories. Second, the sample size, while 

sufficient for exploratory modeling, limits the generalizability of the findings. Third, reliance on written 

texts excludes paralinguistic and multimodal cues central to emotional communication. Finally, 

misclassification risks raise pedagogical and ethical concerns, particularly in sensitive contexts such as 
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educational guidance or counseling, underscoring the need to use automatic emotion detection as a 

complementary rather than standalone tool (Provoost et al., 2019; Walsh et al., 2018). 

6. Conclusion 
 

This study used literary texts written and uploaded to www.childwriterslibrary.com by middle-grade 

students to detect five fundamental emotions: anger, fear, disgust, sadness, and joy. Establishing 

relationships between each fundamental emotion and its sub-emotions facilitated emotion inference and 

labeling for the psychology students and their supervisor. A sentiment analysis pipeline was developed 

using natural language processing and machine learning models, achieving up to 72% F1-score in 

detecting the presence of fundamental emotions. We anticipate that this performance can be further 

improved with a larger dataset. 

 

The findings also provide empirical support for machine learning–based emotion classification on 

translated texts. Consistent with our results, classification accuracy on translated data was comparable 

to that of the original-language texts, demonstrating the feasibility of using translated corpora in 

educational and psychological sentiment analysis when resources in the original language are limited. 

 

Future work will focus on expanding the accessibility and use of the www.childwriterslibrary.com 

platform to increase data collection. With a larger and more diverse dataset, model accuracy can be 

enhanced further. This will also enable closer collaboration with school guidance counselors to support 

students whose writings indicate negative emotional states, ultimately contributing to early emotional 

interventions and socio-emotional development in educational settings. 
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https://www.varlik.com.tr/kitapDetay.aspx?kategoriID=16&kitapID=49 

Google. (2024). Google news dataset. 

 https://www.kaggle.com/datasets/adarshsng/googlenewsvectors 

Göçen, G. (2019). The effect of creative writing activities on elementary school students’ creative writing 

achievement, writing attitude and motivation. Journal of Language and Linguistic Studies, 15(3), 1032-

1044. 

Greenberg, L. S., & Pascual-Leone, A. (2006). Emotion in psychotherapy: A practice-friendly research review. 

Journal of Clinical Psychology, 62 (5), 611–630. https://doi.org/10.1002/jclp.20252 

Haggren, H., & Amethier, P. (2018). Data-driven predictions of outcome for an internet-delivered treatment 

against anxiety disorders: A comparison of clinician and algorithm performance (bachelor’s thesis, KTH 

Royal Institute of Technology). Diva Portal. https://urn.kb.se/resolve?urn=urn:nbn:se:kth:diva-230705 
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disorders. Türkiye Bilişim Vakfı Bilgisayar Bilimleri ve Mühendisliği Dergisi, 7(1), 24–30. 

https://dergipark.org.tr/en/pub/tbbmd/issue/22247/238819 

Özgüle, E. T. U., & Sümer, N. (2017). Ergenlikte duygu düzenleme ve psikolojik uyum: Duygu düzenleme 

ölçeğinin Türkçe uyarlaması. Turk Psikoloji Yazıları, 20 (40), 1–18. 

https://dergipark.org.tr/tr/download/article-file/2133036  

Panksepp, J. (2004). Affective neuroscience: The foundations of human and animal emotions.  Oxford University 

Press. https://global.oup.com/academic/product/affective-neuroscience-9780195178050 

Papineni, K., Roukos, S., Ward, T., & Zhu, W.-J. (2002). BLEU: A method for automatic evaluation of machine 

translation. In Proceedings of the 40th Annual Meeting of the Association for Computational Linguistics 

(pp. 311–318). Association for Computational Linguistics. https://doi.org/10.3115/1073083.1073135 

Plutchik, R. (2001). Integration, differentiation, and derivatives of emotion. Evolution and Cognition, 7(2)), 114–

125. https://doi.org/10.1007/978-3-319-28099-8_547-1 

Provoost, S., Ruwaard, J., Van Breda, W., Riper, H., & Bosse, T. (2019). Validating automated sentiment analysis 

of online cognitive behavioral therapy patient texts: An exploratory study. Frontiers in psychology, 10, 

1065. https://doi.org/10.3389/fpsyg.2019.01065 

Puspitoningrum, E., Khan, R., & Swanjaya, D. (2024). Creative Writing as an Effort to Improve Children's 

Emotional Intelligence. Qubahan Academic Journal. https://doi.org/10.48161/qaj.v4n3a695. 

Rutter, M. J., Bishop, D., Pine, D. S., Scott, S., Stevenson, J. S., Taylor, E. A., & Thapar, A. (2011). Rutter’s child 

and adolescent psychiatry (5th edition). John Wiley & Sons.  

https://doi.org/10.3389/fpsyg.2020.574746
https://doi.org/10.18653/v1/E17-2068
https://doi.org/10.1126/science.1239918
https://doi.org/10.1051/itmconf/20171301030
https://doi.org/10.2991/itids-19.2019.52
https://doi.org/10.2991/itids-19.2019.52
https://www.routledge.com/Narrative-Impact-Social-and-Cognitive-Foundations/Green-Strange-Brock/p/book/9780805832990
https://www.routledge.com/Narrative-Impact-Social-and-Cognitive-Foundations/Green-Strange-Brock/p/book/9780805832990
https://dergipark.org.tr/en/pub/tbbmd/issue/22247/238819
https://dergipark.org.tr/tr/download/article-file/2133036
https://global.oup.com/academic/product/affective-neuroscience-9780195178050
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.1007/978-3-319-28099-8_547-1
https://doi.org/10.3389/fpsyg.2019.01065


Journal of Measurement and Evaluation in Education and Psychology 

____________________________________________________________________________________ 

___________________________________________________________________________________________________________________ 

ISSN: 1309 – 6575 Eğitimde ve Psikolojide Ölçme ve Değerlendirme Dergisi 
Journal of Measurement and Evaluation in Education and Psychology 20 

Shirazi, Y., Punamäki, R. L., Peltonen, K., Malekzadeh, M., & Esmaeili, O. (2021). Narrative-based intervention 

and emotional intelligence in female children. East European Journal of Psycholinguistics, 8(1), 40–55. 

https://doi.org/10.29038/eejpl.2021.8.1.shi 

Stephen, J. J., & Prabu, P. (2019). Detecting the magnitude of depression in twitter users using sentiment analysis. 

International Journal of Electrical and Computer Engineering (IJECE), 9(4), 3247. 

https://doi.org/10.11591/ijece.v9i4.pp3247-3255  

Tanju, E. H. (2010). Çocuklarda kitap okuma alışkanlığı’na genel bir bakış. Sosyal Politika Çalışmaları Dergisi, 
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motivasyonlari arasindaki ilişki. Abant İzzet Baysal Üniversitesi Eğitim Fakültesi Dergisi, 21(3), 900–

922. https://doi.org/10.17240/aibuefd.2021.21.64908-788146 

Uymaz, H., & Metin, S. (2023). Enriching Transformer-Based Embeddings for Emotion Identification in an 

Agglutinative Language: Turkish. IT Professional, 25, 67-73. 

https://doi.org/10.1109/mitp.2023.3278029. 

Villani, D., Carissoli, C., Triberti, S., Marchetti, A., Gilli, G., & Riva, G. (2018). Videogames for Emotion 

Regulation: A Systematic Review. Games for Health Journal, 7 2, 85-99. 

https://doi.org/10.1089/g4h.2017.0108. 

Walsh, C. G., Ribeiro, J. D., & Franklin, J. C. (2018). Predicting suicide attempts in adolescents with longitudinal 

clinical data and machine learning. Journal of child psychology and psychiatry, 59(12), 1261–1270. 

https://doi.org/10.1111/jcpp.12916 

Wang, S., & Manning, C. D. (2012). Baselines and bigrams: Simple, good sentiment and topic classification. 

Proceedings of the 50th Annual Meeting of the Association for Computational Linguistics (ACL 2012), 

90–94. 

Wang, X., Zhang, C., Ji, Y., Sun, L., Wu, L., & Bao, Z. (2013). A depression detection model based on sentiment 

analysis in micro-blog social network. In L. Liu, J. Qu, & C. S. Jensen (Eds.), Trends and applications in 

knowledge discovery and data mining: PAKDD 2013 international workshops: DMApps, DANTH, 

QIMIE, BDM, CDA, CloudSD, Gold Coast, QLD, Australia, April 14-17, 2013, revised selected papers 

(Vol. 7867, pp. 201–213). Springer. https://doi.org/10.1007/978-3-642-38614-7_19 

Weismayer, C., Gunter, U., & Önder, I. (2021). Temporal variability of emotions in social media 

posts. Technological Forecasting and Social Change, 167, 120699. 

https://doi.org/10.1016/j.techfore.2021.120699 

Yiend, J., Mackintosh, B., & Mathews, A. (2005). Enduring consequences of experimentally induced biases in 

interpretation. Behaviour Research and Therapy, 43 (6), 779–797. 

https://doi.org/10.1016/j.brat.2004.05.003  

Zhou, D., Zhang, X., Zhou, Y., Zhao, Q., & Geng, X. (2016, November). Emotion distribution learning from 

texts. In Proceedings of the 2016 Conference on Empirical Methods in Natural Language Processing (pp. 

638-647). Association for Computational Linguistics. https://doi.org/10.18653/v1/D16-1061 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://doi.org/10.29038/eejpl.2021.8.1.shi
https://doi.org/10.11591/ijece.v9i4.pp3247-3255
https://doi.org/10.21560/spcd.43960
https://doi.org/10.19168/jyasar.928843
https://doi.org/10.17240/aibuefd.2021.21.64908-788146
https://doi.org/10.1109/mitp.2023.3278029
https://doi.org/10.1111/jcpp.12916
https://doi.org/10.1007/978-3-642-38614-7_19
https://doi.org/10.1016/j.techfore.2021.120699
https://doi.org/10.1016/j.brat.2004.05.003
https://doi.org/10.18653/v1/D16-1061


Yıldırım, E., Koester, S., Şener Ö., Yıldırım M. & Şahin, E. / Automated Detection of Fundamental Emotions from 

Literary Texts of Middle Grade Students 

___________________________________________________________________________________ 

 

___________________________________________________________________________________________________________________ 

ISSN: 1309 – 6575 Eğitimde ve Psikolojide Ölçme ve Değerlendirme Dergisi 
Journal of Measurement and Evaluation in Education and Psychology 

21 

APPENDIX A  

Optimal Hyper-parameter Settings for Models 

Table A.1 

Logistic Regression 

Logistic Regression BOW TFIDF W2V 

TR-Stem min-df = 2 max_features= None  

TR-Lemma min-df = 2 max_features= None  

ENG-Stem min-df = 2 max_features= None Max_length = 250 

ENG-Lemma min-df = 2 max_features= None Max_length = 250 

 

Table A.2 

Support Vector Classifier 

SVC BOW TFIDF W2V 

TR-Stem min-df = 3 max_features= 3500  

TR-Lemma min-df = 3 max_features= 3500  

ENG-Stem min-df = 3 max_features= 3500 Max_length = 250 

ENG-Lemma min-df = 3 max_features= 3500 Max_length = 250 

 

Table A.3 

Multi-layer Perceptron  

MLP BOW TFIDF W2V 

TR-Stem min-df = 2 

# layers = 1 

# nodes = 512 

Epochs = 200 

Learning rate = 

0.0001 

max_features= None 

#layers = 1 

# nodes = 512 

 

TR-Lemma  

ENG-Stem max_features= 2000 

#layers = 1 

#nodes = 128 

Max_length = 250 

#layers = 1 

#nodes = 512 

ENG-Lemma max_features= 3500 

#layers = 1 

#nodes = 128 

 

Max_length = 500 

#layers = 1 

#nodes = 512 

* Epochs and learning rate are the same for all cases 

 

Table A.4 

Convolutional Neural Network 

 

CNN BOW TFIDF W2V 

TR-Stem min-df = 2 

#layers = 1 

#filters = 32 

Kernel size = 3 

max_features= None 

#layers = 1 

#filters = 8 

Kernel size = 3 

 

TR-Lemma min-df = 2 

#layers = 1 

#filters = 8 

Kernel size = 3 

 

ENG-Stem min-df = 2 

#layers = 1 

#filters = 32 

Kernel size = 3 

Max_length = 500 

#layers = 1 

#filters = 32 

Kernel size = 7 

ENG-Lemma Max_length = 500 

#layers = 1 

#filters = 8 

Kernel size = 7 

* epochs and learning rate are the same for all cases: 1000 and 0.0001 respectively 
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Table A.5  

Transformer 

Transformer TR-Stem TR-Lemma ENG-Stem ENG-Lemma 

Vocabulary Size 4000 3000 3000 2000 

Max length 200 100 100 300 

Embed Dimension 16 16 32 16 

# heads 2 2 2 4 

Ff dimensions 32 16 32 32 

* Epochs and learning rate are the same for all cases: 250 and 0.001 respectively 

 

TOP-5 Model Runtimes 

These runtimes are measured on a MacBook Laptop with M1-Pro chip with 8 cores and 16MB memory for top-

5 models with their best hyper-parameter values and using 5-fold cross validation 

Table A.6 

Runtimes 

Model Runtime (Seconds) 

LR-TFIDF-TR-LEMMA 45.15 

LR-W2V-ENG-STEM 812.52 

MLP-BOW-TR-LEMMA 103.12 

MLP-BOW-TR-STEM 100.66 

MLP-TFIDF-TR-STEM 125.64 
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APPENDIX B 

Part I. Parental Consent Letter - Original               

 

 

                 [X] ORTAOKULU MÜDÜRLÜĞÜNE 

 

Okulunuz ………………. No’lu ………………………………………………………………adlı 

öğrencinin www.cocukyazarlarkutuphanesi.com adlı sitede yazı yazmasına, ayrıca internet ve 

sosyal medya üzerinden yazmış olduğu yazıların yayınlanmasına, televizyon, dergi, makale vb. 

gibi mecralarda yazılarının yayınlanmasına izin veriyorum. 

 

 

                                                                                            Tarih 

                                                                                     

                                                                                          Veli Adı Soyadı 

 

Veli Telefonu: 

Veli Adresi:  

 

Part II. Parental Consent Letter - English  

 

 

               TO THE [X] MIDDLE SCHOOL ADMINISTRATION 

 

I hereby give permission for the student named 

………………………………………………………………, with student number 

………………, from your school, to write articles on the website www.childwriterslibrary.com, 

and to have their writings published on the internet and social media, as well as in other media 

such as television, magazines, and articles. 

 

                                                                                           Date 

                                                                                     

                                                                                          Parent’s Full name 

 

Parent’s Phone Number: 

Parent’s Address:  
 

 


