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ABSTRACT

Cross-lingual sentiment analysis is a challenging task in natural language processing due to the linguistic diversity
across different languages. Existing approaches often struggle to accurately transfer sentiment knowledge between
languages with distinct syntactic and semantic structures. In this research, we propose a novel approach called
"KarakaCross" for cross-lingual sentiment analysis. Inspired by the Karaka theory, which models the semantic roles of
words in sentences, our method leverages semantic role labeling and cross-lingual transfer learning techniques. The
KarakaCross approach enables the alignment of sentiment-related semantic roles across languages, facilitating the
transfer of sentiment knowledge. We conduct extensive experiments on multilingual datasets, demonstrating the
effectiveness of KarakaCross in achieving superior cross-lingual sentiment analysis performance compared to state-
of-the-art methods. Our research contributes to advancing the field of cross-lingual sentiment analysis and offers new
insights into leveraging semantic role information for better sentiment transfer between languages.

KEYWORDS

Cross-lingual sentiment analysis, KarakaCross, semantic role labeling, sentiment transfer, cross-lingual transfer
learning, natural language processing, linguistic diversity, multilingual datasets, semantic roles, sentiment knowledge,
syntactic and semantic structures.

Volume 03 Issue 09-2023 1


https://theusajournals.com/
https://doi.org/10.37547/ijll/Volume03Issue09-01
https://doi.org/10.37547/ijll/Volume03Issue09-01
https://theusajournals.com/index.php/ijll
https://theusajournals.com/index.php/ijll
https://theusajournals.com/index.php/ijll
https://theusajournals.com/index.php/ijll

International Journal Of Literature And Languages
(ISSN —2771-2834)

VOLUME 03 ISSUE 09 Pages: 1-4

SJIF IMPACT FACTOR (2021: 5. 705) (2022: 5. 705) (2023: 6. 997)
OCLC - 1121105677

Publisher: Oscar Publishing Services

INTRODUCTION

Sentiment analysis, also known as opinion mining, is a
fundamental task in natural language processing (NLP)
that aims to automatically identify and categorize the
sentiment expressed in textual data. With the
increasing volume of multilingual content on the web,
the demand for cross-lingual sentiment analysis has
grown significantly. Cross-lingual sentiment analysis
involves analyzing sentiments expressed in different
languages and is essential for various applications,
including social media monitoring, market research,
and customer feedback analysis.

However, cross-lingual sentiment analysis presents
several challenges due to the linguistic diversity across
languages. Existing approaches often struggle to
effectively transfer sentiment knowledge between
languages with distinct syntactic and semantic
structures. The variations in word order, word
meanings, and sentiment expression across languages
hinder the direct application of sentiment models
trained on one language to another.

In this research, we propose a novel approach called
"KarakaCross" to address the challenges of cross-
lingual sentiment analysis. The KarakaCross approach
draws inspiration from the Karaka theory, which is
used in linguistics to model the semantic roles of words
in sentences. We leverage semantic role labeling and
cross-lingual transfer learning techniques to enable
sentiment knowledge transfer between languages.

METHOD
Data Collection and Preprocessing:

We collected multilingual datasets comprising texts in
different languages, each labeled with sentiment

labels (positive, negative, or neutral). The datasets
were preprocessed to handle language-specific
challenges, including tokenization, stemming, and
stop-word removal.

Semantic Role Labeling (SRL):

Semantic role labeling is employed to extract the
semantic roles played by words in sentences. SRL helps
to capture the relationships between words and their
roles in expressing sentiment, enabling a deeper
understanding of sentiment expression in different
languages.

Building a Cross-lingual Transfer Model:

We construct a cross-lingual transfer model that can
learn to transfer sentiment knowledge from a source
language to a target language. This model leverages
the semantic role information extracted through SRL
to facilitate sentiment knowledge alignment across
languages.

Cross-Lingual Sentiment Knowledge Alignment:

The core aspect of the KarakaCross approach is to align
sentiment-related semantic roles across languages.
This alignment allows for the transfer of sentiment
knowledge between languages, even when they have
distinct linguistic structures.

Model Training and Evaluation:

The KarakaCross model is trained on the source
language dataset and then fine-tuned using the target
language dataset. We use standard evaluation metrics,
such as accuracy, precision, recall, and F1 score, to
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assess the performance of the KarakaCross approach
in cross-lingual sentiment analysis.

Comparison with State-of-the-Art Methods:

We compare the performance of KarakaCross with
state-of-the-art cross-lingual sentiment analysis
methods to demonstrate its superiority in accurately
transferring sentiment knowledge across languages.

Extensive Experimentation:

To ensure the robustness of the KarakaCross
approach, we conduct extensive experiments on
various multilingual datasets, covering different
languages and domains. The experiments aim to
validate the effectiveness of KarakaCross in achieving
better cross-lingual sentiment analysis results.

The KarakaCross approach presents a novel
contribution to cross-lingual sentiment analysis by
leveraging semantic role information for sentiment
knowledge alignment between languages. Through
experimentation, we aim to demonstrate the
effectiveness of KarakaCross and its potential to
advance the field of cross-lingual sentiment analysis,
addressing the challenges posed by linguistic diversity
in multilingual data.

RESULTS

The performance of the KarakaCross approach was
evaluated on various multilingual datasets, containing
texts in different languages with sentiment labels. The
experiments aimed to assess the effectiveness of
KarakaCross in achieving cross-lingual sentiment
analysis and compare its performance with state-of-
the-art methods.

The results of the experiments demonstrated that
KarakaCross outperformed existing cross-lingual
sentiment analysis methods in terms of accuracy,
precision, recall, and F1 score. The semantic role
information provided by the Karaka theory proved to
be valuable for sentiment knowledge alignment across
languages, enabling more accurate sentiment analysis
in multilingual contexts.

DISCUSSION

The superior performance of KarakaCross can be
attributed to its ability to capture the relationships
between words and their semantic roles in expressing
sentiment. By aligning sentiment-related semantic
roles across languages, the KarakaCross approach
effectively transferred sentiment knowledge, even in
the presence of linguistic diversity.

The use of semantic role labeling allowed KarakaCross
to understand the underlying structure of sentiment
expression in different languages. This understanding
facilitated the alignment of sentiment features,
enabling the model to generalize sentiment
knowledge from the source language to the target
language.

Furthermore, the KarakaCross approach
demonstrated robustness across diverse multilingual
datasets, covering various languages and domains. The
consistent performance across different datasets
suggests the generalizability and effectiveness of the

KarakaCross method in real-world applications.
CONCLUSION

In conclusion, the KarakaCross approach offers a novel
and effective solution to the challenges of cross-lingual
sentiment analysis. By leveraging semantic role
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In summary, the KarakaCross approach advances the Conference on European Chapter of the
field of cross-lingual sentiment analysis, offering new Association for  Computational  Linguistics,
insights into leveraging semantic role information for Association for Computational Linguistics, 1997.
sentiment knowledge alignment. The successful 8. W. Janyce et al., “Learning subjective language,”
performance of KarakaCross in sentiment analysis Computational Linguistics, vol. 30, no. 3, 2004, pp.
demonstrates its potential for facilitating more 277-308.
effective and robust sentiment analysis in multilingual 9. D.Amitava and S. Bandyopadhyay, “SentiWordNet
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natural language processing in cross-lingual settings. Language Processing, China, 2010, pp. 56-63.
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