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Abstract: 

This study aims to evaluate the effectiveness of the Zero-Shot Learning (ZSL) approach using the DeepSeek-R1-Distill-

Qwen-1.5B model in performing sentiment classification on Indonesian-language reviews of the DeepSeek AI application 

from the Google Play Store. A total of 2,000 unlabeled user reviews were collected and processed through instructional 

prompts to guide the model in classifying sentiments into three categories: positive, negative, and neutral. The model 

operates without fine-tuning and relies entirely on Zero-Shot Learning using Indonesian-language prompts. Out of 2,000 

reviews, 1,348 were successfully classified with valid sentiment labels. Of these, 1,131 reviews (83.9%) were labeled as 

positive, 211 reviews (15.7%) as negative, and only 6 reviews (0.4%) as neutral. Evaluation results indicated an overall 

accuracy of 77.67%. The F1-Score for the positive class reached 86.66%, while the negative and neutral classes scored 

33.56% and 16.66%, respectively, highlighting the performance disparity between dominant and underrepresented 

sentiment categories. These findings demonstrate that the DeepSeek-R1 model has strong potential in detecting positive 

sentiment in Indonesian without requiring additional training. However, its performance on negative and neutral sentiments 

remains limited, revealing the challenge of handling low-resource and imbalanced data in Zero-Shot settings. Future 

research should explore improved prompt engineering or multilingual adaptation to address the current limitations and 

enhance classification consistency across all sentiment categories. 
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1. Introduction 

Background and Context of the Research 

The advancement of Artificial Intelligence (AI) technologies in recent years has led to significant developments, 

particularly in the field of Natural Language Processing (NLP). NLP has become a central component in many real-

world applications, including chatbots, recommendation systems, and public opinion analysis. One of the core tasks 

in NLP is sentiment analysis, which refers to identifying and classifying emotions or opinions expressed in text data 

[1]. In the era of digital communication dominated by online reviews and social media, sentiment analysis offers a 

powerful tool to understand public perception in an automatic and scalable way. 

Despite the growing need for sentiment analysis, most available approaches still rely heavily on labeled data, 

which is often unavailable or limited, especially for non-English languages such as Indonesian. The lack of annotated 

datasets in Indonesian presents a considerable challenge, particularly in extracting sentiment from user-generated 

content like app reviews. To address this, Zero-Shot Learning (ZSL) emerges as a promising method, as it enables 

classification into categories not explicitly seen during training by leveraging only task instructions or label 

descriptions [3]. 
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In mid-2023, a new open-source AI project from China called DeepSeek AI gained traction, offering competitive 

performance among large language models (LLMs). Its flagship model, DeepSeek-R1, demonstrated high reasoning 

capabilities and instruction-following performance comparable to GPT-4 in complex tasks without the need for fine-

tuning [2]. Unlike commercial models such as ChatGPT or Claude AI, DeepSeek-R1 is open-source and has shown 

promising results in multilingual tasks, including low-resource languages. 

Although DeepSeek AI is relatively new, its Android app has garnered a substantial number of reviews on the 

Google Play Store. As of the data collected for this study, it had received approximately 185,000 user reviews, with a 

significant portion written in Indonesian. In contrast, more established models such as ChatGPT and Gemini AI had 

larger review counts (22.5 million and 9.05 million, respectively), while Claude AI had about 96,300 reviews. Despite 

the smaller volume, DeepSeek AI's fast-growing user base and open accessibility make it a compelling case for 

sentiment analysis in the Indonesian context. 

However, most of the reviews lack explicit sentiment labels, making them unsuitable for conventional supervised 

classification. Therefore, this study explores the use of DeepSeek-R1 in a Zero-Shot setup to classify sentiment in 

Indonesian-language reviews of the DeepSeek AI app, using only prompts and label descriptions in natural language. 

This research aims to evaluate the effectiveness of the DeepSeek-R1 model in performing Zero-Shot sentiment 

classification without additional fine-tuning. It contributes to the growing body of work in multilingual NLP, 

particularly in Indonesian, by demonstrating the capabilities of instruction-following LLMs to generalize across tasks 

and languages. Moreover, it provides insight into public perception of DeepSeek AI, which can benefit developers 

and researchers exploring low-resource applications. 

Problem to be Solved 

Despite its capabilities, DeepSeek-R1's performance on sentiment classification in non-English, low-resource 

languages like Indonesian has not been thoroughly evaluated. Most sentiment analysis models rely on labeled datasets 

and fine-tuning, which are resource-intensive. Therefore, this study addresses the problem of evaluating whether 

DeepSeek-R1 can effectively classify sentiment in Indonesian user reviews using Zero-Shot Learning without any 

additional training. 

Research Objectives 

• Evaluate the effectiveness of Zero-Shot Learning with DeepSeek-R1 model in sentiment classification of 

Indonesian language data. 

• Analyze the sentiment classification accuracy of user reviews against the DeepSeek AI application. 

• Identify the challenges of applying Zero-Shot Learning to unlabeled Indonesian data. 

Research Questions or Hypotheses 

• Is the Zero-Shot Learning approach using the DeepSeek-R1 model able to classify the sentiment of Indonesian 

reviews without retraining? 

• What is the accuracy of sentiment classification (positive, negative, neutral) performed by the DeepSeek-R1 

model? 

• What are the obstacles in applying the Zero-Shot Learning model to public review data on the Google Play 

Store in Indonesian? 

Scope and Limitations of the Research 

• The data used was 2,000 DeepSeek AI app reviews from the Google Play Store, in Indonesian. 

• Sentiment is divided into three categories: positive, neutral, and negative. 

• The model used is the open-source DeepSeek-R1 version of the DeepSeek AI ecosystem. 

• The approach used is prompt-based Zero-Shot Learning and no retraining (Fine-Tuning). 

• Evaluation of model performance is done using classification metrics such as accuracy, precision, recall, and 

F1-score. 
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Research Contributions 

This research contributes to the growing field of multilingual NLP by demonstrating the application of Zero-Shot 

Learning for sentiment classification in the Indonesian language using DeepSeek-R1. It offers empirical insights into 

the model’s performance without additional training, contributing to both academic literature and practical application. 

It also provides actionable findings for developers of DeepSeek AI to understand public perception of their application 

[4], [5]. 

Article Structure 

This article is organized into five main sections: Section 1 provides an introduction to the research background, 

objectives, and scope. Section 2 presents related studies and the theoretical foundation, including discussions on NLP, 

LLMs, ZSL, and DeepSeek-R1. Section 3 describes the research methodology, including data collection, 

preprocessing, and model evaluation. Section 4 contains the results and discussion. Finally, Section 5 presents the 

conclusions and suggestions for future research. 

2. Method 

This study is an applied research in the field of Natural Language Processing (NLP) using a quantitative 

experimental approach. The research aims to evaluate the performance of the DeepSeek-R1-Distill-Qwen-1.5B model 

for Zero-Shot sentiment classification on 2,000 Indonesian-language user reviews of the DeepSeek AI application 

from the Google Play Store. 

The research was conducted using Google Colab, a cloud-based environment that supports machine learning 

libraries such as transformers, pandas, scikit-learn, nltk, and google-play-scraper. Data scraping was done using 

google-play-scraper, with reviews collected using parameters for Indonesian language (lang='id') and region 

(country='id'). The collected reviews were stored in CSV format. 

Preprocessing involved cleaning (removing emojis, URLs, mentions, hashtags, numbers, symbols, and 

whitespace) and case folding (converting text to lowercase), which are sufficient for prompt-based classification. 

Sentiment classification was carried out using the instruction-based Zero-Shot Learning approach, where prompts 

were crafted to assign each review into one of three sentiment classes: positive, negative, or neutral—without any 

fine-tuning. 

The DeepSeek-R1 model was accessed from Hugging Face and applied directly. Python libraries such as re and 

nltk were used for preprocessing, while scikit-learn was used to evaluate performance through metrics such as 

accuracy, precision, recall, and F1-score. 

This method was selected for its efficiency, relevance to unlabeled local data, and support in prior literature. 

Studies by Goncalves et al. (2022) and Munir et al. (2023) showed that instruction-based Zero-Shot Learning is viable 

for multilingual sentiment analysis, including in low-resource languages like Indonesian [14], [15]. 

 

Figure 2.  Classification Prompt Example 
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Data Collection (Scrapping) 

Data collection was done by scrapping using the Python google-play-scrapper library, which allows automatic 

extraction of reviews from Google Play Store app pages. The target is the DeepSeek AI application, with the amount 

of data taken as many as 2,000 Indonesian-language reviews. The data retrieved is only in the form of username and 

comment content, then stored in CSV format. 

Scrapping process using parameters: 

• Lang=‘id’, the reviews used are in Indonesian. 

• Country=‘id’, the review comes from the Indonesian region. 

• sort=Sort.MOST_RELEVANT, displays the most relevant reviews. 

• Count=2000, took 2,000 comments. 

 

Figure 3.  Data Scrapping Flow 

The flow in scrapping data starts by determining the target application, namely DeepSeek AI which is available 

on the Google Play Store with the application ID com.deepseek.chat. Next, parameter configurations such as language 

(Lang=‘id’), region (country=‘id’), number of reviews (count=‘2000’), and sorting (Sort.MOST_RELEVANT) are 

adjusted to ensure the data matches the research needs. After that, scrapping was executed using the Python google-

play-scrapper library, which automatically retrieves the contents of reviews and usernames. Next, data conversion is 

carried out, which is initially raw data and then converted into DataFrame format using the pandas library, so that it 

is easy to analyze further. And finally, the data is stored in a deepseek.csv file with UTF-8 format to be compatible 

with the next preprocessing stage. 

This scrapping technique was chosen because of several advantages: 

• Big data efficiency, data capable of retrieving thousands of comments in a short period of time. 

• Real-time relevance, the data stored is the latest public opinion. 

• Legality and ethics, only accessing public data without login/credentials. 

The use of Google Play Store scrapping has also been proven in previous research conducted by Zhang et al (2021) 

who successfully extracted and analyzed thousands of health application reviews using google-play-scrapper for user 
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satisfaction research [16]. Arifin and Rimawan (2022) scrapped e-commerce reviews to evaluate user feedback using 

a similar method [17]. 

Preprocessing Data 

This study applied two main preprocessing steps: cleaning and case folding, to prepare clean and consistent input 

for the DeepSeek-R1 Zero-Shot Learning model. The cleaning process removed non-ASCII characters, URLs, 

mentions, hashtags, numbers, symbols, and excessive whitespace—reducing noise and enhancing data quality for 

sentiment analysis, particularly in social media and app reviews [18]. Following that, case folding converted all text 

to lowercase to maintain token consistency. Although tokenization, stemming, or stopword removal were not used, 

this minimal preprocessing was sufficient, as the Zero-Shot model requires only clean text inputs for effective prompt-

based inference. 

 

Figure 4.   Preprocessing Data Flow 

Sentiment Classification Using Zero-Shot Learning 

After preprocessing, sentiment classification was conducted using the DeepSeek-R1-Distill-Qwen-1.5B model 

from Hugging Face, applying a Zero-Shot Learning approach without fine-tuning. The model received prompts in the 

form of label descriptions (positive, negative, neutral) and was able to classify Indonesian-language reviews directly. 

According to Fajri et al. (2024), a multilingual lexicon-based Zero-Shot method performs well across 34 languages, 

including Indonesian [5]. Mu et al. (2023) noted that prompt complexity can affect performance by ±10%, though 

simpler formats yield more stable results for tri-label tasks [19]. This supports the use of concise prompts, enabling 

the model to understand social and linguistic context effectively. Overall, this approach is both efficient and adaptable 

for under-resourced languages. 

Model Performance Evaluation 

Performance evaluation is an important stage in measuring the effectiveness of the DeepSeek-R1 model in 

sentiment classification using the Zero-Shot Learning approach. Since the model is not re-trained (Fine-Tuning), 
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testing is done directly based on the model's response to classification instructions or prompts. This process is done to 

determine how well the model understands Indonesian text and correctly categorizes it into three sentiment classes: 

positive, negative and neutral. 

The evaluation was conducted using standard classification evaluation metrics, namely: 

Accuracy 

Accuracy measures the proportion of total correct predictions compared to the entire data. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)
 

(1) 

which means: 

• TP (True Positive) : positive correct prediction 

• TN (True Negative) : correct negative prediction 

• FP (False Positive) : positive correct prediction 

• FN (False Negative) : correct negative prediction 

Precision 

Precision measures the accuracy of positive predictions, i.e. how many of the outcomes classified as positive are 

actually positive. 

Precision =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃
 

(2) 

Recall 

Recall measures how much positive data the model has found out of all the data that should be positive. 

Recall =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁
 

(3) 

F1-Score 

F1-Score is the harmonic mean between precision and recall, used when the balance between the two is important. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(4) 

This metric is used because it can provide a comprehensive overview of model performance not only on accuracy, 

but also on sensitivity and balance between classes [19]. 

The performance evaluation will also be visualized in the form of: 

• Confusion Matrix table, to see the number of errors between categories. 

• Bar chart of accuracy, precision, recall, and F1-score for each sentiment class. 

The evaluation approach using such metrics is supported by Borst et al (2023) who evaluated Zero-Shot Sentiment 

Classification on German stock market reports with a prompt-based approach. Their research shows that even without 

retraining, the Zero-Shot Learning model can provide reasonably accurate results when given proper instructions and 

systematic evaluation based on classification metrics. They also emphasized the importance of visualizing the metrics 

to clarify the distribution of model errors on each sentiment label, especially on domain-specific data [20]. 
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3. Result and Discussion 

Data Collection 

A total of 2,000 public reviews in Indonesian were collected from the Google Play Store using the google-play-

scraper library. These reviews, which spanned across all star ratings, were stored in CSV format for further analysis. 

 

Figure 6. Data Scrapping Results 

Preprocessing Data 

Preprocessing was conducted in two main steps:  

(1) cleaning — removing emojis, URLs, hashtags, symbols, and excessive whitespace, and  

(2) case folding — converting text to lowercase. This preprocessing approach aligns with the requirements of Zero-

Shot Learning (ZSL), where clean and simple text improves model performance without additional linguistic features. 

 

Figure 7. Preprocessing Data Prompt 

 

Figure 8. Total Data After Preprocessing 

Based on the preprocessing results, the amount of data before and after cleaning remains the same, which is 2,000 

review data. This shows that all scraped data has met the completeness requirement, there are no empty entries, and 

all review content is suitable enough to be processed further in sentiment classification. 

Sentiment Classification Using Zero-Shot Learning 

The cleaned reviews were passed to the DeepSeek-R1-Distill-Qwen-1.5B model through an instruction-based 

prompt. The model, without any fine-tuning, returned one of three sentiment labels: positive, negative, or neutral. Out 

of 2,000 reviews, only 1,348 (67.4%) were returned with recognizable labels: 1,131 positive (83.9%), 211 negative 

(15.7%), and 6 neutral (0.4%).  

This distribution is visualized in the form of bar charts and pie charts as follows: 
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Figure 9.  Pie Chart Result Distribution 

This result indicates a heavy skew toward positive sentiment, consistent with the word cloud dominated by 

"bagus", "fitur", and "cepat". 

 

Figure 10. Positive Text WordCloud 

Performance Evaluation 

The model’s classification performance showed: 

- Accuracy: 77.67% 

- F1-Score (positive): 86.66% 

- F1-Score (negative): 33.56% 

- F1-Score (neutral): 16.66% 

 

Figure 11. Confusion Matrix of Classification Results 
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The confusion matrix reveals that 150 negative samples were wrongly labeled as positive, and only 1 of 5 neutral 

reviews was correctly identified. This confirms the model’s bias toward positive sentiment, which can be attributed to 

several factors: 

• Prompt generality: The instruction may lack nuanced cues to detect criticism. 

• Vocabulary mismatch: Indonesian negative expressions are underrepresented due to training on 

predominantly English data. 

• Data imbalance: The dataset naturally contains more positive than neutral or negative reviews. 

 These issues align with findings from Borst et al. [20], who observed similar performance drops in aspect-based 

sentiment classification using ZSL on domain-specific corpora. Compared to the study by Goncalves et al. [14], which 

applied GPT-3 on Portuguese reviews, the DeepSeek-R1 model performed reasonably well in detecting positive 

sentiment but struggled more with ambiguous categories, even in a less resource-constrained context. 

Overall Analysis 

Based on the classification results and performance evaluation, it can be concluded that the DeepSeek-R1 model 

has the initial ability to understand and classify Indonesian text by Zero-Shot Learning, even though the model was 

initially trained using English data. 

This can be seen from the high accuracy of the “positive” label (F1-Score 86.88%) and the overall accuracy of 

77.67%, which shows that the model can capture common sentiment patterns in Indonesian without fine-tuning. 

However, the model still has difficulty in distinguishing between negative and neutral sentiments, which may be 

due to limited understanding of the typical linguistic context of Indonesian or due to the more complex sentence 

structure compared to English. This is reasonable considering the model was not fine-tuned on Indonesian data and 

only relied on instructional understanding through prompts. 

This research thus provides preliminary evidence that Zero-Shot Learning models based on Large Language 

Models (LLMs) such as DeepSeek-R1 can be used for Natural Language Processing (NLP) tasks in Indonesian, but 

needs further development to improve accuracy on more ambiguous labels such as negative and neutral. 

This finding is in line with previous literature by Huang & Wang (2025) and Fajri et al (2024) who mentioned that 

Zero-Shot Learning in local languages remains effective but sensitive to prompt design and label distribution. 

4. Conclusion  

This study demonstrates the effectiveness of Zero-Shot Learning (ZSL) using the DeepSeek-R1-Distill-Qwen-

1.5B model in classifying sentiment from 2,000 Indonesian-language reviews of the DeepSeek AI app. Without any 

fine-tuning, the model classified 1,348 reviews with valid sentiment labels, dominated by positive sentiments (83.9%), 

while negative and neutral made up 15.7% and 0.4% respectively. The model achieved 77.67% overall accuracy, with 

F1-Scores of 86.66% (positive), 33.56% (negative), and 16.66% (neutral), indicating strong performance for positive 

sentiment but notable challenges in detecting more subtle or negative expressions. 

Given these findings, DeepSeek-R1 holds promise for low-resource sentiment analysis using ZSL. However, to 

enhance performance across all sentiment classes, future research could investigate optimized prompt engineering, 

integration of few-shot learning strategies, and evaluation with other LLMs such as IndoBERT-ZSL or LLaMA-3. 

Expanding the study to multilingual or code-switched datasets may also offer insights for broader application. These 

efforts can support real-world use cases in public opinion monitoring and user feedback analysis in local languages. 
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