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Extended Abstract 
Sentiment analysis is a vital technology for understanding opinions, emotions, and attitudes expressed in textual data, especially on digital 
platforms where traditional communication cues such as tone or facial expressions are absent. While considerable progress has been made 
for major languages like English, many less-resourced languages—including Romanian—still face significant challenges due to a scarcity 
of annotated corpora, linguistic tools, and tailored computational models. This research addresses this gap by presenting SENTIROM, a 
comprehensive system designed to advance Romanian sentiment analysis through the integration of modern natural language processing 
(NLP) techniques and machine learning approaches. 

To accurately classify sentiment, SENTIROM employs a multi-strategy experimental framework investigating four approaches combining 
word embeddings and clustering: (1) a baseline using Word2Vec embeddings trained from scratch on Romanian reviews coupled with 
K-Means clustering; (2) pre-trained BERT-ro models and Romanian-specific tokenizers, combined with K-Means clustering; (3) a fine-
tuned English BERT model applied to an English translation of the Romanian dataset to evaluate cross-lingual transferability and model 
generalization; and (4) a custom BERT-ro model trained from scratch on Romanian datasets, paired with K-Means clustering to leverage 
language-specific nuances. 

Our experiments, conducted on multiple datasets including LaRoSeDa, the Romanian Twitter sentiment dataset SART, and a subset of 
Amazon reviews, demonstrate that the custom-trained BERT-ro model paired with K-Means clustering significantly outperforms the 
other methods, achieving an accuracy of 96.8% on LaRoSeDa and an even higher accuracy of 98.3% on the SART dataset. These results 
markedly surpass previous benchmarks, including the 90.9% accuracy achieved by earlier BERT-ro models. The Word2Vec baseline 
model achieved a modest 57.86% accuracy, highlighting the superiority of transformer-based language models. Meanwhile, the English 
BERT model’s performance on translated datasets was notably lower, indicating the crucial importance of language-specific training and 
tokenization in sentiment analysis. 

The methodology involved careful preprocessing steps, including punctuation removal, normalization, tokenization adapted to Romanian 
linguistic characteristics, and dataset balancing to reduce labeling bias. SENTIROM’s use of K-Means clustering to group text embeddings 
allows an unsupervised final layer of sentiment assignment, demonstrating that clustering combined with contextual embeddings can 
effectively capture sentiment polarity in Romanian texts. 

Looking forward, SENTIROM opens promising avenues for extending this approach to other low-resource languages and more diverse 
datasets, such as multilingual corpora and social media content. 
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Key contributions include: 

• the first comprehensive evaluation of BERT-based architectures for Romanian sentiment classification across multiple 
datasets; 

• a novel fine-tuned and trained-from-scratch BERT-KMeans pipeline tailored to Romanian text; 
• a critical assessment of translation-based transfer learning; 

Future work could focus on integrating sentiment analysis with emotion detection, sarcasm recognition, and domain adaptation to improve 

robustness and real-world applicability. The demonstrated effectiveness of custom BERT models also suggests potential for industry 

applications in customer feedback analysis, social media monitoring, and market research, where accurate sentiment understanding is 

crucial. 

In summary, SENTIROM significantly advances the field of Romanian sentiment analysis by delivering a high-accuracy, language-aware 

system that overcomes resource limitations. It establishes a new state of the art and lays a solid foundation for future research and practical 

NLP applications in Romanian and other underrepresented languages. 

 

CCS CONCEPTS • Information systems → Information retrieval → Retrieval tasks and goals → Sentiment analysis  

• Computing methodologies → Artificial intelligence → Natural language processing • Information systems → Information 

retrieval → Retrieval tasks and goals → Clustering and classification 
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