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Abstract
Sentiment analysis holds the potential to become an essential tool for businesses to 

understand how consumers feel about their products and services on digital platforms. For 
this study, we focused on two well-known sentiment analysis tools: VADER and TextBlob. Our 
results highlight the strengths and weaknesses of both tools and offer insights for researchers 
and practitioners looking to apply sentiment analysis in retail-related applications. We 
concluded that text analysis tools can be invaluable.
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1.  Introduction

Sentiment analysis is becoming increasingly important for businesses 
aiming to understand how customers feel about their products and 
services, particularly on digital platforms. With the sheer volume of 
customer reviews growing on sites like Amazon and Flipkart, analyzing 
this feedback is now essential for companies to address customer needs 
and increase satisfaction.

In this study, we focus on applying sentiment analysis to customer 
reviews of musical products. These include items such as CDs, DVDs, 
instructional videos, operatic pieces, and materials related to music theory, 
all collected from various retail websites. By leveraging natural language 
processing (NLP), sentiment analysis would enable us to automatically 
identify and classify sentiments in these reviews, uncovering trends and 
preferences that would otherwise be hard to detect manually, due to the 
quantity of data that would need to be searched. [1]. 
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For our analysis, we used two well-known tools: VADER (Valence 
Aware Dictionary and sEntiment Reasoner)[2] and TextBlob. VADER, a 
lexicon-based tool, is particularly effective for shorter, informal texts like 
social media posts, but it also works well with other types of content. On 
the other hand, TextBlob, a Python library, relies on a pre-trained classifier 
to provide sentiment scores, including polarity (positive or negative) and 
subjectivity. While VADER excels in capturing nuanced tones, TextBlob 
offers a straightforward approach to sentiment evaluation [3].

This research ultimately enhances our understanding of how 
sentiment analysis techniques can be applied to retail reviews, offering 
useful insights for businesses seeking to use customer feedback to improve 
their products and services [4].

2.  Background and Related Work

Sentiment analysis, a key aspect of natural language processing 
(NLP), focuses on identifying and categorizing emotions within text. This 
technology helps businesses uncover meaningful insights from large 
volumes of data, such as online reviews. [5] The techniques used in 
sentiment analysis range from lexicon-based approaches to more 
sophisticated machine learning algorithms, each with distinct advantages 
and challenges.

Lexicon-based methods use predefined dictionaries of words 
associated with specific sentiment polarities (positive, negative, or 
neutral). However, these approaches often fall short when it comes to 
handling subtle language nuances, ambiguity, and context, making them 
less effective at detecting fine-grained sentiment variations[6]. On the 
other hand, machine learning methods use algorithms trained on labeled 
data to automatically learn patterns between text features and sentiment 
labels. Models like BERT (Bidirectional Encoder Representations from 
Transformers) leverage deep neural networks to capture contextual 
information and complex relationships in the text, leading to better 
performance in sentiment analysis tasks across various fields [7][8].

Two widely used sentiment analysis tools, VADER (Valence Aware 
Dictionary and sEntiment Reasoner) and TextBlob, illustrate these 
contrasting approaches. VADER employs a lexicon-based, rule-driven 
methodology that integrates domain-specific knowledge. It evaluates both 
individual words and grammatical structures to determine whether a 
statement is positive, negative, or neutral, along with a quantified 
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sentiment score. This makes VADER particularly well-suited for analyzing 
concise and informal texts, such as social media posts.

TextBlob, on the other hand, uses a pre-trained classifier to assess 
sentiment and provides two outputs: polarity (positive or negative 
sentiment) and subjectivity (whether the sentiment is based on facts or 
personal opinions). While the subjectivity score is not directly utilized in 
this study, it has potential future applications, such as distinguishing 
between general product quality and individual customer experiences. 
TextBlob’s simplicity and versatility make it a popular choice for such 
applications [9]. 

3.  Methodology

3.1  Data Collection and Preprocessing

The dataset utilized in this study was obtained from the University of 
California San Diego archives of Amazon reviews. Textual reviews 
spanning a diverse range of products, including CDs, DVDs, instructional 
videos, operatic works, and music theory materials, were collected to 
ensure representation across different musical genres and formats. 

3.2  Sentiment Analysis Techniques

Each review was preprocessed and then analyzed using both VADER 
and TextBlob, generating sentiment scores for comparison [10].

3.3  Evaluation Metrics

To assess the performance of VADER and TextBlob, we used the 
following metrics:

Accuracy: The percentage of reviews where the sentiment (positive, 
negative, or neutral) was correctly classified, relative to the total number 
of reviews.

Precision: The percentage of correctly classified positive (or negative) 
sentiments out of all reviews that were classified as positive (or negative).

These metrics were graphed out for both VADER and TextBlob, 
allowing us to compare their effectiveness visually by seeing how the star 
ratings correlate to the average outputs (for positive, negative or overall) 
for both of our models. [11].
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3.4  Comparison with Alternative Approaches

When considering alternative approaches to VADER in sentiment 
analysis, machine learning-based models and rule-based systems emerge 
as notable contenders. 

A common point can be found by having semi-customized models. 
These machine learning models can leverage data-driven learning patterns 
in a way that humans may not be able to comprehend. These models can 
be very accurate but require an incredible amount of computational power 
and substantial training to be of any use. 

Rule-based systems are simple in comparison offers balanced middle 
ground, combining decent accuracy with user-friendly implementation 
and low barrier to entry, computation wise. This makes them our preferred 
choice in this paper. [12] Analyzing the spreading patterns of innovations 
like ChatGPT across digital platforms, and comparing these dynamics 
with other significant events, is crucial for evaluating the social media 
platforms’ impact in our society. [13]

3.5  Limitations

Potential limitations of the methodology include biases inherent in 
the dataset collection process and challenges associated with accurately 
interpreting sentiments expressed in textual data. [14] The reviews may be 
biased for any reason, maybe a previous bad experience with the brand 
might lead people to rate the product more poorly than they generally 
would.

4.  Results and Discussion

4.1  Visualizing VADER Scores

Through the utilization of bar plots, we delineated the distribution of 
compound sentiment scores across different overall review ratings as 
shown in Fig 1.[15] [16] 

4.2  Visualizing TextBlob Scores

The bar graph illustrating TextBlob’s compound sentiment scores, 
which represent the mean of the positive and negative sentiment scores, 
reveals a clear trend across different rating categories.[17] This trend 
aligns with the expected sentiment polarities associated with different star 
ratings (in Fig 2).
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4.3  Exploring Sentiment Trends

The breakdown of sentiment into positive, neutral, and negative 
categories provides a granular understanding of consumer sentiment 
dynamics, as shown in Fig 3, 4 and 5. [18]

Figure 3
Positive scores vs. overall ratings

Figure 4
Neutral scores vs. overall ratings

Figure 5
Negative scores vs.overall ratings

 

Figure 1
Vader scores benchmarked

Figure 2
TextBlob scores benchmarked
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5.  Discussion

Compound Reviews vs. Star Rating: The scatter graph in Fig. 6 
illustrating compound reviews vs. star rating highlights distinct patterns 
in sentiment distribution. Notably, a clear positive trend is observed for 
5-star reviews, where compound sentiment scores predominantly cluster 
in the positive range. [19]

Figure 6
Compound scores

Positive Sentiment Only: In contrast, the scatter graph focusing 
solely on positive sentiment (Fig 7) reveals a differentiation between 5-star 
and 1-star reviews. Interestingly, the distinction between 1-star and 2-star 
reviews appears minimal, however, a significant shift in positive sentiment 
is evident between 3-star and 4-star reviews.

Figure 7
Positive sentiment polarity
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TextBlob Analysis Polarity Analysis: The scatter graph depicting 
TextBlob’s polarity scores against star ratings exhibits a distinct positive 
trend. [20] This differentiation between rating categories appears more 
pronounced compared to VADER’s compound scores, indicating that 
TextBlob may be more effective in capturing sentiment nuances at the 
extreme ends of the rating spectrum (Fig 8).

Comparative Analysis: The comparative analysis of VADER and 
TextBlob reveals both similarities and differences in their performance. 
While both techniques exhibit similar positive trends in sentiment scores 
across star ratings, TextBlob appears to offer a more pronounced 
differentiation between rating categories, particularly for 5-star and 1-star 
reviews. This differentiation suggests that TextBlob may be more effective 
in capturing sentiment nuances at the extreme ends of the rating spectrum.

Limitations

While our scatter graph analysis offers valuable insights, it’s important 
to recognize the limitations of automated sentiment analysis tools like 
VADER and TextBlob. These tools may struggle to accurately capture 
context-specific nuances, which can result in misinterpretations of 
sentiment. Moreover, since sentiment expression is inherently subjective, 
it introduces complexities and challenges in interpretation. 

Figure 8
TextBlob polarity
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6.  Conclusion

In conclusion, our benchmarking analysis of VADER and TextBlob 
offers a thorough understanding of their strengths and weaknesses when 
it comes to analyzing retail product reviews. Our findings highlight the 
importance of carefully assessing the suitability of sentiment analysis 
techniques based on the characteristics of the textual data, the level of 
interpretability required, and the balance between simplicity and accuracy. 
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