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Abstract

This study investigates the Chinese-English bilingual emotion detection within the
context of children’s literature. The study utilizes a parallel corpus of classical Chi-
nese-English children’s literature and compiles a bilingual dataset of emotionally-
labelled text. The dataset is then leveraged to fine-tune and evaluate the performance
of various Large Language Models (LLMs). The results indicate that the GPT-40
model outperforms alternative LLMs, achieving an F1 Micro score of 0.779 and
an F1 Macro score of 0.764 on the evaluation task. These findings substantiate the
viability of cross-lingual emotion detection within this domain and underscore the
importance of selecting appropriate pre-training techniques. Furthermore, this study
addresses specific cross-cultural challenges inherent in bilingual emotion detec-
tion, elucidating the complexities posed by language-specific and culturally bound
emotional expressions. This study contributes to the expanding body of literature
on emotion recognition in multilingual contexts, particularly in relation to the analy-
sis of affective content in cross-cultural translated children’s literature, and provides
insights for future investigations in this field.
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1 Introduction

The study of emotion analysis, referred to as the exploration of emotions within
language sciences (Majid, 2012), has been ongoing since the 1880s (Johnson-
Laird & Oatley, 1989; Love, 2007; Wilce, 2009). It aims to determine the emo-
tional tone or feelings conveyed by written content, such as text from social
media posts (Brynielsson et al., 2014; Kohout et al., 2023), reviews (Tang et al.,
2009), news articles (Edwards, 1999; Lin et al., 2008), or any other forms of writ-
ten communication (Rimé, 2009). In recent decades, natural language process-
ing (NLP) has significantly advanced emotion analysis, particularly through the
development of language-based emotion classification datasets (Demszky et al.,
2020; Sosea & Caragea, 2020). These datasets, which encompass diverse sources,
including tweets (Ghosh et al., 2023a, 2023b; Mohammad & Bravo-Marquez,
2017), news articles (Staiano & Guerini, 2014), and literary texts (Haider et al.,
2020).

Among all these language-based emotion classification datasets, the domain of
children’s literature is currently gaining prominence as a significant focal point
for emotion analysis research (Adukia et al., 2022; Kaya et al., 2017; Moruzi
et al., 2017; Oberldnder & Klinger, 2018). This is perhaps due to children’s lit-
erature’s unique capacity to encapsulate a wide spectrum of emotions (Nikola-
jeva, 2014), intricately woven into narratives designed to engage and resonate
with young readers. Children’s literature often serves as a rich repository of
emotional expression, offering “detailed information both about the characters’
physical appearance and about their emotions and thoughts” (Nodelman, 2008,
p. 13). As a result, analysing emotions within children’s literature offers a valu-
able opportunity to delve into the emotional landscapes that shape young minds
and contribute to their cognitive and emotional development (Wang et al., 2015).
Through emotion analysis, we can not only enhance our understanding of literary
narratives but also enrich our insights into the emotional dynamics that influence
children’s perceptions, experiences, and growth.

However, as Schwieter and Ferreira (2017) assert, there have been few attempts
to study emotion in translated children’s literature to date. Translated texts pose
unique challenges as they not only inherit the intricate cultural and linguistic
complexities of the original work but also represent the norms and expectations
of the target culture (Toury, 1995). Investigating emotions in bilingual contexts
assumes significance, as it allows for in-depth linguistic exploration of the intri-
cate cultural and linguistic intricacies in emotions that arise from language dif-
ferences. Through the provision of a bilingual dataset, researchers can delve into
the cross-linguistic and cross-cultural variations in the expression of emotions,
thereby facilitating a deeper comprehension of emotion recognition and senti-
ment analysis within bilingual contexts. Moreover, the establishment of a uni-
fied system for detecting emotion categories across both English and Chinese lan-
guages holds immense value, serving as a valuable tool not only for future studies
detecting emotions in Chinese-English language pairs but also for examining the
nuances of translations and conducting comprehensive cross-cultural analyses.
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To address the research gap, this paper attempts to compile a bilingual Chinese-
English dataset of emotions. The dataset is composed of 2,177 Chinese and English
sentences annotated with emotions taken out of a parallel Chinese-English children’s
literature dataset. The emotion taxonomy in this paper, adapted from Parrott (2001)
five basic emotions (JOY, SADNESS, ANGER, FEAR, and LOVE), is designed
considering the psychological and practical implication in the dataset. Subsequent
steps involve deploying supervised machine learning techniques (Logistic Regres-
sion, Random Forest, Support Vector Machines), unsupervised deep learning with
Neural Networks, and advanced Transformer models (XLM-RoBERTa, GPT fam-
ily, DeepSeek-R1, and Qwen-2.5) for fine-tuning on labelled datasets. The fine-tun-
ing results indicate that the GPT-40 model from GPT family consistently surpasses
other models, reaching its best performance with an F1 Micro score of 0.779 and an
F1 Macro score of 0.764.

The contributions of this paper include: (1) it introduces BilingualChildEmo, a
novel children-related bilingual dataset for emotion detection composed of two lan-
guages; (2) it evaluates the bilingual fine-grained emotion detection task and estab-
lishes strong baselines based on GPT and variants; (3) it exams different supervised
and unsupervised pre-training techniques, shedding light on the significance of
selecting the appropriate pre-training domain; (4) it addresses specific cross-cultural
challenges in bilingual emotion detection tasks.

2 Literature review
2.1 Emotion analysis in linguistics

Along with the “Affective turn” (Kim & Bianco, 2007), which emphasizes the grow-
ing significance of affect as a focal point of analysis across various disciplinary and
interdisciplinary discourses, research into emotion detection has gained substantial
traction in the field of computational linguistics over the past two decades (Bilianos,
2022; Chen et al., 2009; Chuang & Wu, 2002; Lee et al., 2009; Lee et al., 2010;
Mihalcea & Liu, 2006; Ogarkova, 2013; Peng et al., 2024; Picard, 1995/2000; Strap-
parava & Mihalcea, 2008). Current investigations in text-based emotion detection
encompass various domains. One prominent avenue involves the examination of
emotions within the context of online social media platforms. This encompasses a
wide range of data sources, from theme-based book reviews and movie comments
on platforms like Goodreads (Dimitrov et al., 2015) to the unfiltered expression of
thoughts and sentiments on platforms such as Twitter and Reddit (Demszky et al.,
2020). Another noteworthy direction centres around the analysis of emotions in
literary classical works, including fairy tales (Mohammad, 2012), among others.
However, it is essential to acknowledge that a substantial portion of research in this
domain predominantly relies on monolingual datasets, which poses limitations in
understanding the complexities of emotions in bilingual contexts. While some schol-
ars have recognized the importance of incorporating bilingual or multilingual data-
sets, their approach often involves annotating emotions in a single language and sub-
sequently relying on rudimentary translation methods, such as Google Translate, to
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render the annotated dataset to other languages (Mohammad & Turney, 2010). This
methodology, unavoidably, introduces potential errors and inaccuracies in the result-
ing translated dataset. Therefore, a more dedicated exploration of the bilingual per-
spective is crucial to enhance emotion detection in Chinese-English language pairs,
analyse emotional nuances in translations and cross-cultural studies, and improve
cross-linguistic and cross-cultural analyses of emotions.

For the trends and application models in the identification and analyses of emo-
tions in languages, there are mainly rule-based approach, machine learning-based
approach and deep learning approach. In the rule-based emotion analysis, the use
of emotion-bearing words and their combinations to assess phrasal units for emo-
tions has been a primary focus of emotion analysis research for a long time (Aman
& Szpakowicz, 2007; Chen et al., 2009; Lee et al., 2013). Popular emotion lexicons
includes NRC Lexicon (Mohammad & Turney, 2010, 2013), ANEW (Bradley &
Lang, 1999; Nielsen, 2011) and the Valence Arousal Dominance Lexicon (Moham-
mad, 2018). The machine learning-based approach to emotion analysis entails con-
verting text emotion analysis into a classification task. This involves the applica-
tion of established algorithms like Support Vector Machines (SVMs), Naive Bayes,
Logistic Regression, and other machine learning methods (Aman & Szpakowicz,
2007; Danisman & Alpkocak, 2008; Deshpande & Rao, 2017). Although bag-of-
words models have demonstrated promise in the domains of speech emotion rec-
ognition (Jain et al., 2020; Kwon et al., 2003) and facial emotion detection (Michel
& El Kaliouby, 2003; Susskind et al., 2007), there exists considerable potential for
refinement within the context of text-based emotion analysis in terms of sparse
data features. In recent years, deep learning approach, such as Convolutional Neu-
ral Networks (CNNs), Long Short-Term Memory Networks (LSTMs), and Recur-
rent Neural Networks (RNNs), have gained significant prominence in the field of
text emotion analysis (Ghosh et al., 2023a, 2023b; Zhou & Long, 2018). These
approaches have garnered attention due to their demonstrated ability to address the
inherent limitations associated with traditional machine learning techniques. More
recent advancements in transformer-based models, such as BERT and GPT family,
and DeepSeek, which incorporate language model pre-training, have demonstrated
significantly improved performance (Guu et al., 2020; Zhang et al., 2024).

2.2 Taxonomy of emotion models

Previous research has predominantly employed diverse emotional taxonomies,
including Ekman’s (1992) six basic emotions (JOY, ANGER, FEAR, SADNESS,
DISGUST, and SURPRISE), Panksepp’s (2007) seven basic emotions (SEEKING,
FEAR, RAGE, LUST, CARE, PANIC and PLAY), Plutchik’s (2003) eight basic
emotions (JOY, SADNESS, ANGER, FEAR, TRUST, DISGUST, SURPRISE,
and ANTICIPATION), Parrott’s (2001) five basic emotions (JOY, SADNESS,
ANGER, FEAR, and LOVE), and the extensive GoEmotions taxonomy with over
27 emotions (Demszky et al., 2020). Besides these single-label classification sys-
tems, Izard’s (1997) Differential Emotions Theory introduced intensity-graded dual
labels (e.g., INTEREST-EXCITEMENT, ENJOYMENT-JOY, ANGER-RAGE,

@ Springer



Examining emotions in English and translated Chinese children’s...

FEAR-TERROR). The emotion taxonomy in this dataset is founded on established
research, acknowledging four primary emotions are HAPPINESS, SADNESS,
ANGER, and FEAR (Lee, 2015).

This study adopts Parrott’s (2001) classification, which includes LOVE except
the four primary ones, aligning with the focus on children’s literature. This adoption
stems from two key considerations. Firstly, LOVE holds a pivotal role in children’s
emotional development. It serves as a cornerstone for nurturing empathy, fostering
healthy attachment, and facilitating social growth (Haslip et al., 2019). Through
experiences of LOVE and affection, children cultivate a sense of security, belong-
ing, and emotional well-being, all essential elements for their overall resilience
and development. Secondly, LOVE emerges as a consistent and significant theme
in children’s literature (Rustin & Rustin, 2018). Within these narratives, emotional
themes are carefully crafted to resonate with young readers, aiming to evoke empa-
thy and foster emotional engagement. By exploring the theme of LOVE within chil-
dren’s literature, we not only enrich the emotional landscape of our analysis but also
contribute to reinforcing positive attitudes among children, thereby promoting the
development of their emotional competence.

2.3 Emotion analysis in children’s literature

Scholarly interest in the analysis of emotions in children’s literature emerged as early
as the late twentieth century, as evidenced by Stevenson (1997). Previous research in
this field has primarily focused on several key areas, including the detection and rec-
ognition of emotions within children’s literary texts, as explored by Alm and Sproat
(2005), Alm et al. (2005) and more recently by Bizzoni et al. (2022), Herrmann
(2023), Julari¢ (2020) and Zad et al. (2021). Additionally, scholars have examined
the socio-cultural implications of emotions depicted in children’s literature, as dem-
onstrated by Adukia et al. (2022) research in 2022, and have conducted psycho-
logical examinations of hypotheses related to emotions, exemplified by Jacobs et al.
(2020).

The methodologies for analysing emotions in children’s literature align with
broader emotion analysis techniques, utilizing both rule-based and machine learn-
ing approaches. For example, Saif Mohammad’s studies in 2010 and 2013 exam-
ined emotions in novels and fairy tales, demonstrating the effectiveness of senti-
ment analysis combined with visualization for quantifying emotions in various texts.
Alm et al. (2005) used the SNoW architecture for supervised machine learning to
gain insights into text-based sentiment prediction. Additionally, Jacobs et al. (2020)
focused on the Pollyanna Effect, employing the SentiArt tool for nuanced sentiment
dynamics analysis, contributing significantly to the discourse on emotion in liter-
ature. While these studies share common methodological approaches, the specific
focuses differ. For example, Herrmann (2023) primarily focused on developing and
applying new measures, such as Average Valence, Emotional Potential, Emotional
Arc, and Emotion Profile, to analyse a dedicated fairy tale corpus called ChildTale-
A. In contrast, Bizzoni et al. (2022) investigated the potential link between senti-
ment development and perceived literary quality, using the Hurst exponent to assess
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the internal coherence and predictability of the sentiment arcs within the fairy tales
of H.C. Andersen.

While transformer-based large language models (LLMs) — including BERT, the
GPT family, and Chinese-specific models like DeepSeek and Qwen — have dem-
onstrated remarkable success across diverse domains such as legal language analy-
sis (Li et al., 2025), tourism applications (Xu et al., 2024), and psychological text
processing (Rathje et al., 2024), their potential for emotion analysis in children’s
literature remains largely unexplored. To address this gap in the literature, the cur-
rent study aims to leverage BERT, GPT family, DeepSeek and Qwen2.5 models in
conjunction with high-quality data annotated with emotions. This approach seeks to
enhance our understanding of emotional content within children’s literature, draw-
ing upon the latest developments in natural language processing techniques.

3 Dataset
3.1 BilingualChildEmo

This paper presents BilingualChildEmo, a non-parallel bilingual Chinese-English
emotion dataset comprising 2,177 sentences (53.4% Chinese, 46.6% English)l anno-
tated with five basic emotions (JOY, SADNESS, ANGER, FEAR, and LOVE). The
dataset was sampled from a parallel children’s literature corpus of approximately
50,000 aligned sentence pairs, which includes original English texts and their
Chinese translations in different periods across multiple genres (see Appendix 1).
Crucially, to enable authentic cross-linguistic emotion analysis and avoid transla-
tion bias, we employed a non-parallel sampling strategy: 1162 sentences were ran-
domly selected from the Chinese translations and 1015 from the English originals
(representing 25% of total selections from each language pool), ensuring no direct
translation pairs were included. This approach preserves the corpus’s historical and
linguistic diversity while creating balanced, independent samples that reflect native
emotional expressions in each language. For reference, Table 1 displays representa-
tive examples from the BilingualChildEmo dataset.

Our adoption of Parrott’s (2001) taxonomy—which notably includes LOVE
alongside the four primary emotions (JOY, SADNESS, ANGER, and FEAR)—
receives both theoretical (see discussion in Sect. 2.2) and empirical support, as the
correlation analysis (Table 2) validates its appropriateness for children’s literature.
The results shown in Table 2 indicate that all emotion categories exhibit negative
correlations with one another, suggesting that the adopted emotion categories are
distinct within the dataset. Notably, there is a strong negative correlation (—0.427)
between JOY and SADNESS, highlighting their extensive mutual exclusivity.
However, the weaker correlations observed among ANGER*LOVE (—0.141),

! While not perfectly 50%-50% balanced, this distribution (53.4% Chinese, 46.6% English) was inten-
tionally maintained to preserve the natural prevalence of emotional expressions found in our source
materials, rather than imposing artificial parity that might distort ecological validity.

@ Springer



Examining emotions in English and translated Chinese children’s...

Table 1 Examples in the BilingualChildEmo dataset

Sample Text Label

So overjoyed were they at their deliverance that they laughed aloud, and the Earth seemed  JOY
to them like a flower of silver, and the Moon like a flower of gold

ENTRE AR RS, 7 55 Tt fE R

And in the morning he rose up, and plucked some bitter berries from the trees and ate them, SADNESS
and took his way through the great wood, weeping sorely

AR IINIL, K% T fbA IE— (L5

HTABHREEAM, Ui FRHERTHA? ANGER

"Upon my word," said the Miller with anger, "you are very lazy."

But his face was strangely pale, and as he fell upon the deck the blood gushed from his ears FEAR
and nostrils

PRV BRI AT — AN, SEE R A IS (7547, AT 48T R
gr, BN TR T, RIRABL MG T .

I am his best friend, and I will always watch over him, and see that he is not led into any LOVE
temptations

EEAn, BT IRAET BB IX A SE A AR A 52 T .

Table 2 Dataset correlation analysis

JOoYy SADNESS ANGER FEAR LOVE

JOoYy Pearson Correlation 1 —0.427%%* —0.297%%  —0.301%%  —0.247%*

Sig. (2-tailed) 0.000 0.000 0.000 0.000

N 2177 2177 2177 2177 2177
SADNESS  Pearson Correlation ~ —0.427%*% 1 —0.244%%  —0.247%F  —0.203%*

Sig. (2-tailed) 0.000 0.000 0.000 0.000

N 2177 2177 2177 2177 2177
ANGER Pearson Correlation ~ —0.297%*  —(.244%* 1 —0.172%%  —0.141%*

Sig. (2-tailed) 0.000 0.000 0.000 0.000

N 2177 2177 2177 2177 2177
FEAR Pearson Correlation ~ —0.301%*  —(0.247%* —0.172%* 1 —0.143%%*

Sig. (2-tailed) 0.000 0.000 0.000 0.000

N 2177 2177 2177 2177 2177
LOVE Pearson Correlation ~ —0.247%*  —0.203** —0.141%%  —0.143*%* |

Sig. (2-tailed) 0.000 0.000 0.000 0.000

N 2177 2177 2177 2177 2177

**_Correlation is significant at the 0.01 level (2-tailed)

FEAR*LOVE (-0.143), and ANGER*FEAR (—0.172) may indicate more complex
relationships that warrant further investigation.

Furthermore, it is essential to elucidate the rationale behind adopting a sentence-
level approach for emotion detection within this study. The decision to focus on sen-
tences as the fundamental unit of analysis is underpinned by the belief that sentences
represent a more contextually appropriate and semantically meaningful unit for the
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expression of emotions within the literary genre (Yang & Cardie, 2014). While this
approach acknowledges, to some extent, the potential for complex linguistic devices
such as irony and metaphor, which can be challenging to discern when examining
emotions solely at the word level, it is worth noting that detecting irony and meta-
phors remains challenging even at the sentence level. This suggests that future stud-
ies may benefit from providing additional context to accurately identify figurative
expressions.

3.2 Annotation

Six annotators were recruited for this dataset annotation: three native English speak-
ers for labelling English data and three native Chinese speakers for labelling Chi-
nese data. All annotators were postgraduate students with academic backgrounds in
childhood studies and intercultural communication, ensuring their familiarity with
both linguistic and developmental aspects of emotion recognition in texts. Prior to
the annotation task, they received comprehensive training from a language expert,
who reviewed the emotion taxonomy, provided detailed guidelines (including posi-
tive and negative identification rules, see Appendix 2), and addressed any questions
to ensure consistent understanding.

Annotators were instructed to select a singular emotion descriptor for each sen-
tence, opting for the emotion that they felt most confident in attributing. They were
encouraged to consider both explicit expressions and the implicit contextual infer-
ence to identify the emotion conveyed in the sentence. Emotion labels were to be
assigned based on the predominant emotion conveyed by the sentence, with annota-
tors prioritizing the most dominant emotion in cases of multiple emotions. Annota-
tions were expected to be consistent with the definitions provided above, taking into
account cultural nuances and linguistic expressions. The expert reviewed all annota-
tions to ensure adherence to the established guidelines, refining ambiguous cases
through iterative consensus.

In instances where annotators encountered difficulties in annotating a particular
sentence, such as when emotions were not readily discernible or when overly intri-
cate emotions were present, they were guided to employ the label ‘Other’ for anno-
tation purposes. For instance, in Example 1, emotions were not readily discernible,
while in Example 2, emotions were deemed rather complicated and overwhelming.
Sentences designated as ‘Other’ were subsequently excluded from the dataset during
the compilation process.

Example 1: /)T BHURAE S, REREEBET . (Back translation: Little Swallow
began to ponder and soon fell asleep.) (Emotion: Other).

Example 2: The child of the old King’s only daughter by a secret marriage with one
much beneath her in station—a stranger, some said, who, by the wonderful magic
of his lute-playing, had made the young Princess love him; while others spoke of
an artist from Rimini, to whom the Princess had shown much, perhaps too much
honour, and who had suddenly disappeared from the city, leaving his work in the
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Table 3 Results of Fleiss Multirater Kappa (overall agreement)

Kappa  Asymptotic Asymptotic 95% confidence
interval
Standard error  z Sig Lower bound  Upper bound
Overall agreement  0.697 0.007 105.640  0.000  0.696 0.697

Table 4 Results of Fleiss Multirater Kappa (agreement on individual categories)

Rating category Conditional Kappa Asymptotic Asymptotic 95% confidence
probability interval
Standard error z Sig Lower bound Upper Bound
JOY 0.335 0.764  0.012 61.768 0.000 0.764 0.765
SADNESS 0.265 0.694 0.012 56.077 0.000 0.693 0.695
ANGER 0.142 0.709 0.012 57.324 0.000 0.709 0.710
FEAR 0.152 0.675 0.012 54.569 0.000 0.674 0.676
LOVE 0.107 0.558 0.012 45.120 0.000 0.558 0.559

Cathedral unfinished—he had been, when but a week old, stolen away from his
mother’s side, as she slept, and given into the charge of a common peasant and his
wife, who were without children of their own, and lived in a remote part of the for-
est, more than a day’s ride from the town. (Emotion: Other).

To gauge the level of agreement among the annotators, agreement scores were
computed both for overall agreement and individual emotions, utilizing Fleiss’ Mul-
tirater Kappa statistic, as detailed in Tables 3 and 4. The computed average Fleiss’
kappa value across all emotion categories was 0.697, with individual values ranging
from 0.558 to 0.764. Following the interpretative framework elucidated by Landis
and Koch (1977), kappa values exceeding O signify varying degrees of agreement
that surpass mere chance among two or more raters, with a maximum attainable
value of + 1 denoting perfect agreement, indicating complete consensus among the
raters on all items. The overall agreement score suggests that the annotators shared a
reasonable level of consistency in identifying emotions across the dataset. However,
the variability in individual category scores highlights the need for ongoing refine-
ment in emotion classification to enhance clarity and accuracy.

3.3 Data analysis
3.3.1 Emotion distribution

Figure 1 visually represents a scatter plot, offering insights into the distribution
of the five primary emotions within the BilingualChildEmo dataset. This dataset

@ Springer



Y.Liu etal.

Sadness
Love
Joy
Fear - _t
Anger
O Fear
Joy
| 1 Love
i !
Anger ! ! Y I = Sadness
0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200

Fig. 1 Scatter plot of all the sentences

encompasses a total of 2,177 instances of emotions, with JOY emerging as the most
prevalent emotion, occurring 745 times. Overall, the patterns are in line with find-
ings in other or general domains. In close proximity, SADNESS follows closely
with 565 occurrences. Existing scholarship, exemplified by Nikolajeva (2013), has
posited that children’s literature frequently incorporates themes centred around JOY
and SADNESS. These emotionally vivid and contrasting themes are believed to aid
children in comprehending and managing their own “emotion literacy” (p. 249). The
substantial prevalence of JOY and SADNESS within the corpus may be indicative
of a deliberate emphasis on these emotional themes within the children’s literature
contained in this dataset.

Conversely, ANGER and FEAR are observed less frequently, appearing 315 and
323 times, respectively. This lower incidence may be reflective of the nature of chil-
dren’s literature, as noted by Logan (1998), which typically avoids explicit depictions
of violence or frightening content to protect young readers’ emotional well-being.
Lastly, LOVE is the least frequently depicted emotion, with only 229 instances. This
infrequency may stem from the complexity of LOVE itself, as young readers might
struggle to grasp its nuances. The dataset correlation analysis in Table 2 reinforces
this idea by showing that, while LOVE is recognized as a distinct emotional cate-
gory, it exhibits weaker negative correlations (ranging from —0.141 to —0.247) with
other emotions. Additionally, the lowest agreement score among annotators for the
LOVE category (0.558) indicates the challenges they face in consistently identifying
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this subjective and context-dependent emotion. Together, these factors suggest that
the intricacies of LOVE contribute to its limited portrayal in the dataset.

Overall, the distribution of emotions within the BilingualChildEmo dataset, as
illustrated in Fig. 1, reveals a relatively balanced profile, despite notable variations
in the proportional representation of each emotion. The findings, however, are data-
set-specific and require further investigation to confirm their broader applicability to
children’s literature.

3.3.2 A comparison of emotions in Chinese and English sentences

Figure 2 provided emotion distribution data, presenting an intriguing compari-
son between the English and Chinese language samples included in the Bilingual-
ChildEmo dataset. While we cannot extrapolate these findings to draw conclusions
about the emotional landscapes of the English and Chinese-speaking populations as
a whole, the data does offer valuable insights into the nuances within the given data-
set. Within the confines of this dataset, the higher proportion of JOY observed in
the English samples (36.06%) compared to the Chinese samples (32.36%) suggests
that positive emotional expressions may be more prevalent in the English language
data under examination. Similarly, the greater incidence of SADNESS in the Chi-
nese samples (28.23%) relative to the English samples (23.55%) indicates that this
particular emotional state may be more strongly represented in the Chinese language
data within the dataset.

The slightly higher percentages of ANGER in the English data (15.47%) versus
the Chinese data (13.60%), as well as the marginally greater presence of FEAR
in the Chinese data (15.49%) compared to the English data (14.68%), point to

Emotion Distribution Across Chinese and English Texts
0.40

English

Chinese
0.35 1

0.30 1

0.25 4

Frequency
o
N
o
;

0.15 4

0.10 4

0.05 4

0.00 T T T T T
Joy Sadness Anger Fear Love

Fig.2 Emotion distribution across Chinese and English texts
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potential differences in the distribution of these emotional categories within the
confines of this specific dataset. This observation further underscores the influ-
ence of culture on emotional themes within literature. For instance, in Chinese
culture, sentences associated with supernatural elements are often categorized as
inducing FEAR (See “HlfkJesus” in Example 3).While in English, such expres-
sions are typically considered neutral and lack the connotations of horror (See
“Christ” in Example 4) commonly found in translated Chinese literature.

Example 3: 1B /2 HRARAZ AT, #hFE 55 B0 R IBURIA AT IR 5, & Bete i L85 A
SEMNEMAIFEER. (Back translation: He knelt in front of the statue of Jesus.
The big candle next to the shrine burned brightly, and the wisps of green smoke from
the burning incense formed a thin ring of mist on the dome.) (Emotion: FEAR).

Example 4: He knelt before the image of Christ, and the great candles burned
brightly by the jewelled shrine, and the smoke of the incense curled in thin blue
wreaths through the dome. (Emotion: JOY).

Additionally, the portrayal of the motif of death in the current dataset of chil-
dren’s stories highlights cultural contrasts among Chinese and English. In Exam-
ple 5, the English text associates the presence of a dead bird with SADNESS,
while the Chinese translation in Example 6 conveys a sense of FEAR. This dis-
parity may stem from differing cultural attitudes toward death—where Chinese
culture may treats it as a taboo subject (Hsu et al., 2009), Western cultures may
view it as a natural aspect of life (Palgi & Abramovitch, 1984).

Example 5: ‘And here is actually a dead bird at his feet!” continued the Mayor. (Emo-
tion: SADNESS).

Example 6: “fi{lilit 5 — HAE S 1T K X 5. (Back Translation: ‘And here is
actually a dead bird at his feet!” continued the Mayor.) (Emotion: FEAR).

The near-identical proportions of LOVE between the English (10.25%) and
Chinese (10.33%) samples suggest that this particular emotion may be expressed
with similar prevalence within the dataset, potentially indicating universal or
cross-cultural similarities in the conceptualization and expression of LOVE. Yet,
even this observation should be tempered, as it may be specific to the particu-
lar dataset and not necessarily reflective of the broader language and cultural
landscapes.

In conclusion, the provided emotion distribution data offers a valuable, yet lim-
ited, glimpse into the nuanced differences in emotional expression between the
English and Chinese language samples within this specific dataset. These findings
highlight the potential for translations to evoke changes in the portrayal and per-
ception of emotions, illuminating the unique characteristics of translated litera-
ture. For instance, in Example 7, the translated Chinese sentence “JZ4EME (This
final song)” conveys the emotion of SADNESS, while its source text “It” remains
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emotionally neutral. This exemplifies how translations may imbue target language
sentences with additional emotional nuances not present in the source text.

Example 7: iZ#VEFEZ MR FIRIETAZE, EMRE —HE M K.  (Back
translation: This final song floats away with the waves of the river, continuously
transmitting its lingering sound towards the sea.) (Emotion: SADNESS).

Source text: It floated through the reeds of the river, and they carried its message
to the sea. (Note: this sentence is just the source text and is not included in the Bilin-
gualChildEmo dataset so it’s not labelled with emotions).

However, it is important to note that this data represents a limited dataset of chil-
dren’s literature and should not be used to draw broad generalizations about the emo-
tional landscapes of the English and Chinese-speaking societies as a whole. Further
research and validation across multiple datasets and contexts would be necessary to
gain a more comprehensive understanding of the complex interplay between lan-
guage, culture, and the expression of emotions, particularly in the realm of trans-
lated literature.

4 Modelling methods

This study models Parrot’s core set of five emotions within the BilingualChildEmo
dataset using a range of machine learning and deep learning approaches. These
include supervised learning techniques like Support Vector Machines (SVMs),
Random Forests, and Logistic Regression; unsupervised learning through Neural
Networks; and self-supervised learning by fine-tuning transformer models such as
XLM-RoBERTa, the GPT family, DeepSeek, and Qwen.

Initially, the data preparation phase begins with frequency calculations for both
the English source text, using AntConc, and the translated Chinese target texts,
employing Sketch Engine. The data is then tokenized for emotion analysis through
the Stanford NLP Group’s Stanza. Following this, the dataset is partitioned into
training, validation, and testing sets, comprising 70%, 15%, and 15% of the data,
respectively. Both supervised and unsupervised learning models are evaluated,
alongside Multilingual Sentence-BERT (SBERT) word embeddings (Reimers &
Gurevych, 2019), as the chosen methodology.

The analysis progresses with the application of various techniques, starting
with supervised machine learning methods (SVMs, Random Forest, and Logistic
Regression), followed by unsupervised deep learning using Neural Networks. The
process culminates in fine-tuning advanced transformer models, specifically XLM-
RoBERTa, several GPT variants (gpt-40-2024-08-06, gpt-40-mini-2024-07-18),
DeepSeek variant (DeepSeek-R1-Distill-Llama-8B), and Qwen2.5-7B on annotated
datasets. To address the imbalanced dataset, we experimented with and adjusted the
training parameters, particularly class weights, to identify the optimal settings for
SVMs, Random Forest, and Logistic Regression (see Appendix 3). For XLM-RoB-
ERTa, DeepSeek variant, and Qwen2.5-7B, the training parameters comprise a batch
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size of 3, a total of 3 training epochs, and a learning rate of 2e-5. The Transformer
finetuning models are configured with a batch size of 3, 3 training epochs, and a
learning rate multiplier of 1.8. All the models underwent comprehensive fine-tuning
of their entire model architecture to optimize performance on the task at hand.

Model performance is evaluated using a range of metrics, including F1 score,
precision, recall, and accuracy, which collectively demonstrate promising results
in emotion prediction. For F1 metric, we report three variations of the F1 score:
Fl-micro, Fl-macro, and a weighted F1 score. The Fl-micro provides an overall
measure of the model’s performance by calculating the F1 score across all emotion
categories, treating them equally regardless of their frequency. The F1-macro, on the
other hand, calculates the F1 score for each emotion category individually and then
takes the average, giving equal weight to each category. Finally, the weighted F1
score takes into account the class imbalance in the dataset, weighting the F1 score of
each category proportionally to its prevalence. The schematic representation of the
workflow is depicted in Fig. 3 from Orange platform, providing a visual synopsis of
the entire process.

Additionally, the study investigates transformer-based language models, particu-
larly XLM-RoBERTa, GPT and DeepSeek, renowned for their excellence in natural
language processing tasks (Lauriola et al., 2022; Worsham & Kalita, 2020). The pri-
mary objective is to further elevate the accuracy of emotion classification. To attain
this goal, the study initiates with a comprehensive examination of the structural
intricacies and algorithmic foundations characterizing transformer-based language
models. Subsequently, the training phase unfolds, employing the comprehensive
BilingualChildEmo dataset, which encapsulates a diverse array of emotional expres-
sions within the context of children’s literature, spanning a rich tapestry of linguistic
styles and contextual nuances. Following the rigorous training regimen, the model is
subjected to a meticulous evaluation, wherein a comprehensive array of performance
metrics, including the F1 score and accuracy, is invoked to methodically assess its
efficacy and robustness.
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Fig.3 Workflow of modelling methods
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4.1 Supervised machine learning: SVMs, random forest and logistic regression

This study initially focuses on three prominent supervised machine learning algo-
rithms—SVMs, Random Forest, and Logistic Regression—for the task of emotion
classification. SVMs is recognized for its efficacy in constructing optimal hyper-
planes to delineate data points into distinct classes, thereby maximizing inter-class
separation and ensuring robust classification performance (Raschka & Mirjalili,
2019). Within the scope of this research, SVMs is employed to discern various
emotional categories by learning discernible patterns within the provided training
data. Random Forest operates as an ensemble method that combines multiple deci-
sion trees through bagging, demonstrating exceptional capability in handling high-
dimensional and imbalanced data by leveraging feature subsampling and majority
voting. In emotion classification, Random Forest excels at capturing complex non-
linear relationships between linguistic features—such as lexical choices and syntac-
tic patterns—and emotional categories. Logistic Regression, a linear model well-
suited for binary or multiclass classification tasks, estimates the probability of data
points belonging to specific classes by fitting a logistic function to the input features
(Sen et al., 2020). In the context of this study, Logistic Regression is harnessed to
forecast the probability of an instance being associated with a particular emotion,
grounded in its acquired knowledge of the relationships between features and emo-
tional categories.

4.2 Unsupervised deep learning: neural network

Differing from supervised machine learning, unsupervised deep learning is directed
at uncovering latent patterns and structures within unlabelled data (Raschka & Mir-
jalili, 2019). Neural networks, a category of deep learning models, exhibit remark-
able versatility and can be applied to unsupervised learning tasks, including the
domain of emotion classification. These computational models draw inspiration
from the human brain and consist of interconnected layers of artificial neurons
(Batool et al., 2013). They possess the capacity to acquire intricate patterns and
representations from raw data, rendering them apt for a multitude of applications,
spanning image and text classification. In unsupervised learning contexts, neural
networks prove instrumental in the identification of inherent data structures, such as
clusters or low-dimensional representations, which subsequently find utility in emo-
tion classification endeavours.

4.3 Transformers with LLMs: XLM-RoBERTa, GPT, DeepSeek and Qwen

In recent years, self-supervised learning methodologies have garnered consider-
able attention due to their aptitude for harnessing substantial volumes of unanno-
tated data to pretrain models, subsequently amenable to fine-tuning for task-specific
objectives (Atito et al., 2021). This study directs its attention towards transformer
models, specifically emphasizing (1) XLM-RoBERTa and (2) members of the GPT
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family, encompassing gpt-3.5-turbo, gpt-4o0, gpt-40-mini, and (3) Chinese large lan-
guage models such as DeepSeek and Qwen, as instruments for the task of emotion
classification.

XLM-RoBERTa, an advanced transformer-based language model developed by
Facebook Al, extends upon the achievements of the RoOBERTa model. It is pre-
trained on a vast multilingual corpus spanning over 100 languages, enabling it to
capture the intricacies of diverse linguistic structures. Several factors contribute to
the selection of XLM-RoBERTa for this study. Firstly, its pretraining includes text
sources that closely resemble children’s literature, such as book corpora and sto-
ries, which aligns well with the focus of the current study. Secondly, its multilingual
capabilities broaden its applicability, particularly in the context of language diver-
sity. Lastly, the model employs Sentence-BERT (SBERT) (Reimers & Gurevych,
2019) for sentence-level embeddings, aligning with the study’s objectives and pro-
viding a robust foundation for research. Consequently, this study will undertake fine-
tuning procedures on the XLM-RoBERTa model.>

The GPT family of language models, including gpt-3.5-turbo, gpt-4o, and gpt-
4o0-mini, have also gained significant attention in recent years. Developed by Ope-
nAl, these models have demonstrated impressive performance across a wide range
of natural language processing tasks (Min et al., 2023; Naveed et al., 2023). Their
strong generative capabilities and ability to capture contextual information make
them promising candidates for emotion classification as well. This study will inves-
tigate the efficacy of fine-tuning various GPT models for the given task, exploring
their potential to complement or outperform the XLM-RoBERTa approach.

Chinese large language models, such as DeepSeek and Qwen, may represent a
promising area of exploration in this study. With the increasing demand for emo-
tion classification in non-English contexts, these models offer distinct advantages
through their specialized training on Chinese datasets. DeepSeek demonstrates
exceptional capabilities in contextual understanding and nuanced language genera-
tion, providing a valuable resource for analysing emotional subtleties in Chinese text
(Guo et al., 2025). Similarly, Qwen is specifically designed to navigate various lin-
guistic challenges inherent in the Chinese language, making it a robust tool for emo-
tion classification tasks. Our selection of these models aligns with the purpose of
this study, as our bilingual dataset is specifically crafted to leverage the strengths of
these advanced tools, enabling a comprehensive analysis of emotional expressions
in both Chinese and English contexts.

2 The finetunded model based on XLM-RoBERTa is available on HuggingFace: https://doi.org/10.
57967/hf/1912.
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Table5 The supervised and unsupervised classification experiment results by emotion

Joy SADNESS ANGER FEAR LOVE
Fl CA F1_ CA F1_CA F1_ CA Fl1 CA
Logistic Regression 0781 0.726 0.571 0.513 0.583 0.600 0.550 0.574 0.587 0.710
Neural Network 0763  0.748 0.590 0.571 0.568 0.651 0.561 0.549 0.614 0.548
Random Forest  (.733 0.832 0.600 0.536 0462 0419 0.559 0314 0.609 0.548
SVMs 0749 0.766 0.616 0.583 0.517 0.535 0.538 0.549 0.602 0.595

The best performing model F1s and CA are underlined and highlighted

Model

5 Experiment results
5.1 Supervised and unsupervised classification results

Table 5 presents the performance of four classification models—Logistic Regres-
sion, Neural Networks, Random Forest, and SVMs—in predicting five emotion
categories: JOY, SADNESS, ANGER, FEAR, and LOVE. Evaluation metrics
include F1 scores and classification accuracy (CA). The results indicate that Logis-
tic Regression and Neural Network consistently outperform other models, achieving
high Fls and CAs across multiple categories, while SVMs follow closely with a
high F1 score for SADNESS of 0.616. Conversely, Random Forest achieves a nota-
bly high CA for JOY but comparatively lower scores for other emotions.

Figure 4 visually compares the F1-score performance of four classification mod-
els across five emotional categories. The results demonstrate that JOY achieves
consistently superior classification (F1: 0.733-0.781), suggesting its expressions
contain the most distinctive linguistic markers. In contrast, ANGER displays the
greatest performance variability (AF1=0.121 across models), revealing fundamen-
tal challenges in detecting anger expressions. While SADNESS maintains stable
classification (F1: 0.571-0.616) with SVMs performing best (F1=0.616), FEAR
proves most difficult to classify (max F1=0.561), reflecting its contextual complex-
ity. LOVE shows moderate but consistent recognition (F1: 0.587-0.614), with Neu-
ral Networks achieving peak performance (F1=0.614), indicating relatively stable

Supervised and Unsupervised Model Performance Comparison by Emotion

F1 Scores Comparison Class Accuracy Comparison

Joy Sadness Anger Fear Love Joy Sadness Anger Fear Love

~®~ Logistic Regression =@~ Random Forest 8- Logistic Regression =~ Random Forest
~@~ Neural Network -8~ SVMs -8 Neural Network - SVMs

Fig.4 Supervised and unsupervised classification F1 results
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Table 6 The average supervised and unsupervised classification experiment results

Model F1 Micro F1 Macro F1 Weighted CA
Logistic Regression 0.640 0.639 0.615 0.640
Neural Network 0.642 0.642 0.619 0.642
Random Forest 0.630 0.598 0.624 0.630
SVMs 0.633 0.605 0.633 0.633

The best performing model F1s and CA are underlined and highlighted

but still challenging detection of affectionate language. These findings collectively
emphasize the necessity of emotion-specific modelling strategies in affective com-
puting systems, particularly for nuanced emotions like FEAR and ANGER that
require specialized feature extraction approaches.

Table 6 summarizes the average results of supervised and unsupervised classi-
fication experiments across various models, measured by F1 Micro, F1 Macro, F1
Weighted, and Classification Accuracy. The results indicate that Neural Networks
excel in emotion classification, achieving the highest F1 Micro/Macro score (0.642)
and Classification Accuracy (0.642). SVMs follow closely with consistent scores (F1
Micro/Weighted/CA all at 0.633), and they exhibit a noticeable drop in F1 Macro
(0.605), suggesting slightly weaker performance on minority classes. Logistic
Regression maintained stable performance (F1 Micro/Accuracy: 0.640) but strug-
gled with class weighting (0.615). Random Forest exhibited the largest metric vari-
ance, with an F1 Macro of 0.598 versus an F1 Weighted score of 0.624, reflecting
its sensitivity to class distribution. The consistent superiority of Neural Networks
across F1 Macro and F1 Weighted metrics highlights the advantages of advanced
architectures in this domain.

One noteworthy facet to consider when interpreting the findings of this study
pertains to the influence of feature extraction techniques on model efficacy. In this
experiment, all models were tested with SBERT word embeddings, which cap-
ture semantic information at the sentence level. This approach allows the models
to incorporate valuable context when making predictions (Reimers & Gurevych,
2019), which is crucial for understanding and predicting emotions in text. However,
it is worth noting that different feature extraction techniques might yield different
results, and future studies could explore alternative methods, such as bag-of-words,
term frequency-inverse document frequency (TF-IDF), or word2vec, to compare
their effectiveness in the context of emotion classification.

5.2 Transformer-based classification results
This study also delves into the prospective capabilities of transformer-based lan-

guage models, including XLM-RoBERTa, GPT-40, GPT-40-mini, Qwen-2.5-7B,
and DeepSeek-R1, to enhance the accuracy of emotion classification through
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Table 7 Transformer-based model classification experiment results

Model F1Micro F1 Macro F1 Weighted CA

XLM-RoBERTa 0.702 0.667 0.706 0.702
gpt-40-2024-08-06 0.779 0.764 0.778 0.779
gpt-40-mini-2024-07-18 0.752 0.741 0.754 0.752
Qwen-2.5-7B 0.646 0.660 0.601 0.646
DeepSeek-R1-Distill-Llama-8B 0.724 0.715 0.715 0.724

The best performing model F1s and CA are underlined and highlighted

Table 8 Overall agreement metrics

Kappa  Asymptotic Asymptotic 95% confidence
interval
Standard error  z Sig Lower bound  Upper bound
Overall Agreement 0.643 0.017 38.492  0.000  0.642 0.644
(3 Annotators)
Overall Agreement 0.479 0.017 28.337  0.000 0478 0.480

(2 Annotators + 1
Model Prediction)

multiclass categorization. Table 7 provides an overview of the multiclass classifi-
cation results obtained via fine-tuning these four models. The different F1 scores
and classification accuracy are meticulously documented for each epoch of the
training process.

The results reveal significant performance differentiation among transformer
models, with GPT-40-2024-08-06 dominating across all metrics (F1 Micro:
0.779, F1 Weighted: 0.778, CA: 0.779), reflecting its superior architectural
capacity to capture nuanced emotional patterns. Its F1 Macro score (0.764) fur-
ther confirms balanced performance across all emotion classes. The GPT-4o-
mini-2024-07-18 achieves competitive results (F1 Micro: 0.752, CA: 0.752) with
reduced parameters, demonstrating efficient optimization for resource-constrained
deployments. Among models with Chinese language specialization, DeepSeek-
R1 delivers competent results (F1 Micro: 0.724), while Qwen-2.5-7B shows par-
ticular challenges with class-imbalanced distributions (F1 Weighted: 0.601 vs
Macro: 0.660). XLM-RoBERTa’s multilingual architecture achieves intermediate
results (F1 Micro: 0.702), outperforming the Chinese-specialized models while
still lagging behind GPT-4 variants. These findings show that while larger models
(e.g., GPT-40) excel in generalization, optimized smaller variants (e.g., GPT-4o-
mini) remain viable for practical applications, and architectural choices signifi-
cantly impact performance on nuanced tasks like emotion classification.
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6 Model evaluation and error analysis

To evaluate model performance, we adopted a method where the label of one annota-
tor is removed from the test set and replaced with the model’s prediction. This allows
for a comparative analysis of Kappa statistics between two annotator labels and one
model prediction versus the agreement among all three annotators. The results pre-
sented in Table 8 highlight a substantial level of agreement (Kappa=0.643) among
the three annotators, indicating a high degree of consistency in their assessments. In
contrast, the agreement between two annotators and the model’s prediction yielded
a lower Kappa value of 0.479, suggesting that while the model performs reasonably
well, there is still room for improvement in aligning with human judgement.

The inter-rater reliability analysis (Table 9) reveals systematic differences in
emotion classification between human annotators and the model. Human annota-
tors achieved substantial agreement for JOY (x=0.700) and SADNESS (x=0.655),
while the model showed significantly lower agreement for these categories (JOY:
k=0.468; SADNESS: k=0.462). This pattern is exemplified in Example 8, where
the Chinese sentence “Hfi M\ H CUFRME Y HLAl HH — L SRIB e BE AR /N T, a4 fih”
(“She drew a green-leech-snakeskin-hilted dagger from her belt and handed it to
him”) produced divergent human annotations (2XFEAR, 1XLOVE) versus the
model’s uniform FEAR prediction. This case demonstrates how human judgment
(annotator 2) incorporates complex social and cultural knowledge (interpreting
weapon-giving between a “she” and “him” as potentially romantic), whereas the
model relies primarily on lexical threat cues (“snake”, “knife”). The moderate model
performance on LOVE (k=0.529) and FEAR (x=0.504) suggests current architec-
tures can recognize concrete emotion indicators but struggle with contextual and
cultural complexities, particularly for ANGER (k=0.465). These findings highlight
the need for more sophisticated context-aware modelling approaches that better cap-
ture the pragmatic and sociocultural dimensions of emotional expression.

Example 8: b M\ E O BT B3 —JE SR8 e B i /N T), i85 4. (Back Trans-
lation: She drew a small green leech snakeskin-handled knife from her own belt and
handed it to him.) (Annotator 1: Fear; Annotator 2: Love; Annotator 3: Fear; model
prediction: Fear).

To complement the Kappa analysis, the error analysis in Fig. 5 offers addi-
tional insights into the model’s error patterns. This would help identify specific

Table9 Agreementon JOY SADNESS ANGER FEAR LOVE
individual emotion categories
Kappa 0.700 0.655 0.631 0.649 0.533
(3 Annotators)
Kappa 0.468 0.462 0.465 0.504 0.529
(2 Annotators + 1
Model Predic-

tion)

@ Springer



Examining emotions in English and translated Chinese children’s...

o

o
7
=
o

0.4+ 0.4

target_prediction_match
target_prediction_match

o

N
o
N

Sadness Joy Love Anger Fear ‘ Sadness Joy Love Anger Fear
prediction target

Fig.5 GPT-40 Emotion Classification Error Analysis

misclassifications and guide targeted improvements in the model’s ability to distin-
guish between emotions. The model demonstrates commendable accuracy in iden-
tifying JOY, achieving an accuracy of 85.05%, and performs relatively well with
SADNESS, reaching an accuracy of 79.76%. These results indicate the model’s
effectiveness in recognizing positive emotional expressions. In contrast, the model
exhibits notable difficulties with FEAR and ANGER, with accuracies of 64.71% and
79.07%, respectively. This discrepancy suggests that the model may require more
nuanced feature representation or additional training data to better capture these
complex emotional states.

The detailed breakdown of predictions provides further insights. For ANGER,
the target accuracy is 79.07%, but the prediction accuracy is only 69.39%, indicating
that the model tends to underpredict instances of ANGER, frequently misclassifying
them as FEAR or JOY within particular contexts. This pattern suggests the model
struggles to distinguish between emotions of similar arousal levels but differing
valence (ANGER-FEAR) as well as opposite-valence emotions (ANGER-JOY). The
frequent confusion between positive (JOY) and negative (ANGER, FEAR) valence
categories indicates that incorporating sentiment polarity as an additional feature
could possibly substantially improve classification. In contrast, for FEAR, the target
accuracy is 64.71%, while the prediction accuracy is 82.50%. Although the model
shows slight improvement in predicting FEAR, it still misclassifies it as ANGER or
SADNESS on numerous occasions.

The confusion matrix for GPT-40 in Fig. 6 reveals significant misclassifica-
tions,? particularly where the true emotion label is FEAR but the model predicts
SADNESS. This indicates the model has difficulty distinguishing between these two
closely related emotions in the given context. For example, in cases like "One day

the Giant came back." and " [¥J3% ) LK ER AN 55, @ 5754 114 AR PE3EAE T i

3 The confusion matrixes for all the models are available in Appendix 4.
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GPT-40 Confusion Matrix DeepSeek-R1-Distill-Llama-8B Confusion Matrix
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Fig.6 Confusion Matrix for GPT-40 and DeepSeek-R1

M. ", the true emotion is FEAR but the model incorrectly predicts SADNESS.
This firstly suggests that emotions like FEAR and SADNESS can be inherently
complex and nuanced, and may co-occur or be challenging to differentiate based
solely on sentence-level information. The challenges in accurately classifying these
related emotions highlight the limitations of single-label emotion annotation. Future
studies may consider exploring multi-label emotion assignments to better capture
the subtle nuances present in the data.

Example 9: 1515 A 2, 54 JE BB 25 R LB A5 A HOE VA M B 52 47,
XERFEIENF KRS ~ (Back Translation: “Woo, woo, woo!” the wolf howled,
moving slowly through the bushes with its tail between its hind legs, “This is truly
ghost weather that freezes people to death.”) (Target: ANGER; Prediction: FEAR).

Another factor contributing to the model’s difficulties in accurately classifying
certain emotional categories, such as FEAR and ANGER, is the language-specific
and cultural differences between the primarily English-trained GPT models and
the Chinese language context. For instance, in Example 9, the term “Bg” (ghost)
is employed to express feelings of ANGER, illustrating a cultural nuance where
this word serves as an intensifier, conveying a sense of severity rather than its lit-
eral association with ghosts. In Chinese, “%.” (ghost) placed before a noun acts as
a modifier, enhancing the degree of the emotion, functioning idiomatically rather
than literally. Such subtle language-specific and culturally-bound emotional expres-
sions can be challenging for machine learning models trained on more generalized,
English-based data to accurately capture and interpret, leading to discrepancies in
emotional classification.

In comparing the English-based LLM GPT-40 with the Chinese LLM DeepSeek-
R1, it is clear that DeepSeek-R1 exhibits a higher rate of errors in classifying emo-
tions such as JOY and LOVE (see Fig. 6). The data indicate that DeepSeek-R1 has a
23% greater misclassification rate between these two categories compared to GPT-
4o. This discrepancy is possibly due to the complex nature of Chinese emotional
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language, where the concept of love is often intertwined with broader positive emo-
tional contexts (e.g., JOY). Moreover, the cultural tendency for implicit emotional
expression in Chinese (Bond, 1993) further complicates the mapping of emotions
to predefined labels. Therefore, incorporating culturally aware modelling techniques
could significantly enhance the performance of emotion classification systems by
addressing the unique ways emotions are expressed across different languages.

7 Conclusion

This study contributes to the exploration of emotion analysis in bilingual children’s
literature by presenting the BilingualChildEmo dataset, a Chinese-English corpus
annotated for five basic emotions. We discuss the dataset’s creation and annotation
processes, along with the challenges faced throughout the project. Our evaluation of
bilingual fine-grained emotion detection sets initial baselines using both supervised
(SVMs, Random Forest, Logistic Regression) and unsupervised (Neural Networks,
transformer models) methods. The results indicate that neural networks achieved
an F1 Macro score of 0.625 and classification accuracy of 0.681, while fine-tuned
transformer models like GPT-40 performed better, reaching an F1 Macro score of
0.764 and accuracy of 0.779, demonstrating their adaptability in this context.

The study reveals that large language models still fall short of human prediction
capabilities, as indicated by decreased Kappa scores in evaluations. Our error analy-
sis demonstrates that while the model achieved commendable accuracy in identify-
ing JOY and SADNESS, it struggled with FEAR and ANGER. This highlights the
necessity of significantly expanding the dataset and incorporating sentiment polarity
as an additional feature, both of which could enhance classification accuracy. The
confusion matrix illustrates significant misclassifications, particularly the tendency
to confuse FEAR with SADNESS, indicating the inherent complexity of emotions.
In addition to these complexity, there are language-specific and culturally-bound
emotional expressions, such as the use of “¥2” (ghost) to convey ANGER, which
further complicate emotion detection. These findings underscore the need for multi-
label emotion assignments and suggest broadening the scope to include the classifi-
cation of explicit versus implicit emotions, taking into account additional contexts
and linguistic cues (Lee, 2015). This would facilitate a more comprehensive under-
standing of the dynamics of emotions in bilingual literary texts.

Appendix 1: List of English and Chinese children books

Children’s literature in English and their Chinese translations in the parallel corpus
(Representative selection from 50,000 aligned sentences; not exhaustive)

Book/collection Year of Translation era  Age group Genre
publication  (Chinese)

The Little Prince 1943 1950s 9-12 Fantasy
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Book/collection Year of Translation era  Age group Genre
publication  (Chinese)
Charlotte’s Web 1952 1970s 6-9 Realistic Fiction
The Happy Prince 1888 1920s 9-15 Fairy Tale
A House of Pomegranates 1891 1950s 12-15 Fairy Tale (Dark Tones)
Harry Potter (selected) 1997 2000s 9-12 Fantasy
Diary of a Wimpy Kid 2007 2010s 8-12 Realistic Fiction

(Distribution: Fantasy: 30%; Realistic Fiction: 35%; Fairy Tale: 35%, of which 15% exhibit dark tones)

Appendix 2: Emotion definitions and annotation guidelines

Definitions include core features, positive rules (when to assign the label), nega-
tive rules (when to avoid confusion), and examples.

Joy

Definition: A feeling of great pleasure, happiness, or satisfaction, often accompanied

by positive energy or excitement.
Positive rules:

e Explicit positive words (e.g., “happy”, “delighted”, “celebrate”).
e Expressions of laughter, celebration, or gratitude.
e High arousal (e.g., exclamations, enthusiastic tone).

Negative rules:

e Exclude if happiness is sarcastic (e.g., “Great, now I'm fired!”).

e Exclude subdued contentment (e.g., “I’m okay” — neutral).

Examples:

Sl

CUFIE VR RS BRI, N A ERAG T
E RS b, 1 B 1 eh el .
"What a delightful time I shall have in my garden," he said.

So overjoyed were they at their deliverance that they laughed aloud, and the Earth

seemed to them like a flower of silver, and the Moon like a flower of gold.

Sadness

Definition: A state of sorrow, grief, or disappointment, often with low energy or

withdrawal.
Positive Rules:
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LLIY3

e Words like “sad”, “cry”, “loss”, “regret”.
Descriptions of tears, isolation, or hopelessness.

Negative Rules:

Exclude neutral descriptions of negative events.
Exclude frustration (— Anger) or fear (— Fear).

Examples:

L RR TR, RILE NSSFEAS R A8 T, & E s 7 B
fEAE

2. AL, RZE T HATIE A LT

3. And in the morning he rose up, and plucked some bitter berries from the trees
and ate them, and took his way through the great wood, weeping sorely.

4. “Poor people, to lose their only son!”

Anger

Definition: A strong feeling of annoyance, displeasure, or hostility, often with blame
or aggression.
Positive Rules:

Words like “angry”, “furious”, “hate”, “damn”.
Accusations, insults, or raised voice (e.g., “How dare you!”).

Negative Rules:

Exclude disgust (e.g., “That’s disgusting” — Disgust if no blame).
Exclude sadness without blame (e.g., “I’m devastated” — Sadness).

Examples:

UL B, B HERTA A2
B G, + o0 AR, A EREIAL, U, AR0EUE, BIOM BOKR H 2

“And the weaver looked at him angrily, and said, “Why art thou watching me?’”’
“Upon my word,” said the Miller with anger, “you are very lazy.”

b

Fear

Definition: Anxiety about a real or perceived threat, danger, or harm.
Positive Rules:

e  Words like “afraid”, “terrified”, “scared”, “danger”.
e Physical reactions (e.g., trembling, fleeing).

@ Springer



Y.Liu etal.

Negative Rules:

Exclude sadness about past events (e.g., “I miss him” — Sadness).
Exclude surprise without threat (e.g., “Oh!” — Surprise).

Examples:
1. e i ) — R ORI RUAR, A ER T “IRAESUT A RERI KA
2. RV ELTCELEGE — N, SEE R — AR E SRR T 4R, A AT
487 B, M TR 2 U], IR MLl 1
3. But his face was strangely pale, and as he fell upon the deck the blood gushed
from his ears and nostrils.
4. He is a perfect monster, and would have no hesitation in breakfasting off them.
Love

Definition: Deep affection, attachment, or care for someone/something.

N

Positive Rules:

Words like “love”, “adore”, “cherish”, “devoted”.
Sacrificial actions or tender expressions.

Negative Rules:

Exclude fleeting liking (e.g., “I love pizza!” — Joy).
Exclude possessive or toxic contexts (e.g., “You must love me” — Anger).

Examples:

i AR 52 A, ] 2 At 048 it P W

EE a5, B R FIHT B I A SRR BB A % T

“Here at last is a true lover,” said the Nightingale.

I am his best friend, and I will always watch over him, and see that he is not led
into any temptations.

Suggestions for Annotators: If unsure between two labels, refer to Negative

Rules to exclude the less likely option. For mixed emotions (e.g., ANGER SAD-
NESS), prioritize the dominant tone.
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Appendix 3: Model training parameters summary

Model Key parameters & architecture

Logistic Regression Type: Multinomial classification
Regularization: L2 (A=0.1)
Class weights: balanced
Solver: LBFGS

Neural Network Architecture: 384 — 256(ReLLU) — Drop-
out(0.3) — 128(ReL.U) — 5(Softmax)

Optimizer: Adam (Ir=0.001)

Batch Size: 64

Stopping: early (patience =5)

Class weights: balanced + class_weights[4]=3.0
SVM Kernel: Radial basis function

Class weights: balanced

Defaults: C=1.0, y=1/n_features

Random Forest Trees: 150
Constraints: Max depth=None, min samples split=>5
Features: max features =0.3
Class Weights: {0:1.0, 1:1.5, 2:3.0, 3:5.0, 4:5.0}

Appendix 4

See Fig. 7
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Fig. 7 Confusion Matrixes for all the models
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