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Abstract. Current film and television platforms still struggle to effectively gather information for users 
and companies through public film reviews. There is a lack of applications or research on keyword 
extraction from film reviews. This study aims to evaluate the effectiveness and feasibility of the 
KeyBERT model for extracting keywords from film reviews. The precision and recall rate are utilized 
to assess the impact of model extraction. The test results indicate that the average precision and 
recall rate of film review extraction are 0.600 and 0.387, respectively, which are slightly lower than 
those of other types of text. Specifically, the precision rate and recall rate of plot description film 
reviews are 0.80 and 0.50, respectively, which are higher than the rates for multidimensional 
subjective analysis film reviews (0.40 and 0.33). Furthermore, they surpass the precision rate of 0.20 
and the recall rate of 0.20 for subjective emotional expression type reviews. It is worth noting that 
the precision rates decrease from 0.80 to 0.20 as the number of words reviewed increases from 100 
to 500 in subjective emotional expression type reviews. While the KeyBERT model is suitable for 
extracting keywords from movie reviews, it is essential to consider the classification of such reviews, 
the structural breakdown of lengthy text, and minimizing personal bias as much as possible.  
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1. Introduction 

Today, major film and television platforms widely utilize sentiment analysis and scoring systems. 

However, these methods can only provide emotional information from film reviews and cannot reveal 

other crucial details such as the performance of actors, special effects, and plot scenes. The model 

must extract keywords from a large volume of film reviews to acquire this information. The advantage 

of keyword extraction for movie reviews lies in its ability to enhance the understanding of user needs 

by movie review platforms and movie recommendation systems. This, in turn, enables the system to 

recommend movies that align more closely with users' interests and preferences, ultimately leading 

to an improved user experience and higher satisfaction levels. In terms of market analysis, market 

research can be conducted to gain insights into audience preferences and trends for various genres of 

films. This holds significant guidance for the film industry regarding market positioning, promotion, 

and production decisions. 

Currently, keyword extraction technology has been developed and refined. Initially, keyword 

extraction methods were categorized into supervised and unsupervised methods based on the 

requirement for annotated data [1]. Common supervised extraction methods typically fall into two 

categories: classifier-based and regression-based approaches [2]. Unsupervised extraction methods 

encompass graph-based sorting, statistical word frequency-based approaches, subject-based 

techniques, and language model-based methodologies [3]. Generally, supervised extraction methods 

are considered to be superior to unsupervised extraction methods [4]. However, the supervised 

extraction method requires manual extraction of keywords from the dataset, which is challenging to 

accomplish with a large number of training sets [5]. The most widely used method for extraction is 

unsupervised. 

The commonly used TF-IDF [6] and TextRank [7] algorithms have demonstrated strong performance. 

The KeyBERT model, in particular, excels in understanding context. KeyBERT is built upon BERT, 

a pre-trained deep bidirectional transformation model. Compared to keyword extraction models based 
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on traditional statistical methods or shallow models, BERT demonstrates a superior ability to 

comprehend the semantic and contextual relationships within text. It considers the bidirectional 

information of the entire text and assists in accurately capturing the context of keywords [8].  

Most importantly, KeyBERT combines BERT's contextual understanding capabilities with 

CountVectorizer's methods for weight calculation. This hybrid approach leads to a better balance and 

enhances the model's efficiency in extracting keywords by employing CountVectorizer for 

dimensionality reduction. KeyBERT has outperformed other models in various testing conditions, 

although processing lengthy texts may require more time [9]. Progress has been achieved in various 

areas of research, including search queries [10] and social media tags[11]. 

Therefore, this paper utilizes the KeyBERT model to extract keywords from film reviews and 

subsequently evaluates them. Firstly, film reviews' extraction effect is compared with that of other 

types of articles. Subsequently, the effects of different types of film reviews and film reviews with 

different wording are extracted and compared. 

2. Data and Methods 

2.1. Data Source 

The film review data used in the experiment is obtained from Google Datasets[12]. Five movies are 

discussed in this study, each generating 100 comments. The length of the comments varies from tens 

to hundreds of words, providing a rich and comprehensive analysis of the content. In this study, three 

film reviews of 200-400 words are randomly selected. One review is then chosen for plot description, 

multidimensional subjective analysis, and subjective feelings. All the selected reviews are about the 

same movie. Finally, five film reviews of approximately 100, 200, 300, 400, and 500 words are 

randomly chosen for further analysis. 

Some of the news data used in the experiment were sourced from BBC's official website. The articles 

cover three main topics: war, environment, and people's livelihood. To ensure that the word count 

falls within the 200-400 words range, it may be necessary to appropriately truncate or excerpt sections 

of the articles. 

In addition, the data for some academic articles in the experiment are sourced from Google Scholar, 

specifically in the fields of medicine[13] and finance[14]. To obtain 200-400 words of data, certain 

articles are selected and sections such as the abstract or conclusion are extracted. Keywords will be 

extracted from all the data, and 6-10 keywords will be extracted from each text (depending on the 

length of the text). For news and academic articles, maximum reference will be made to the keywords 

provided by the original author. 

2.2. KeyBERT Model for Keyword Extraction 

2.2.1. Experimental Method of KeyBERT Model 

The KeyBERT model first utilizes the Bert model to acquire the document or candidate word 

embedding. It then employs the word embedding model to extract n-gram words or keywords as 

candidates, with CountVectorizer in sklearn being the most commonly used method at present. 

Finally, it calculates the cosine similarity between the document and the candidate word to identify 

the keyword that best represents the document[15]. The process is depicted in Fig. 1. 
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Fig.1 KeyBERT Model Keyword Extraction Process 

The pre-training model selected for this experiment is the all-MiniLM-L6-v2 model. This model has 

shown better results in keyword extraction from English text and is currently the most commonly 

used model. However, processing long text content takes longer than other pre-training models. 

2.2.2. Experimental Process 

In terms of software and hardware testing, the test is conducted on a laptop using the Google Colab 

platform in the cloud. The runtime type utilized is Python3, with a T4GPU hardware accelerator, and 

the KeyBERT model has been installed. 

In order to facilitate the test, the model has been adjusted to only output a single keyword in its actual 

form, without any phrases or other variations. The model is limited to extracting five keywords per 

text, which are the top five keywords based on their weight. Any keywords with a weight less than 

0.1 will be removed. 

In order to enhance result diversity and improve extraction effectiveness, the experiment utilized the 

model's maximum margin relevant (MMR) of the model. The diversity is adjusted to 0.4, aiming to 

effectively prevent repetition of different word forms or extraction of synonyms while also reducing 

negative effects caused by excessive diversity. Fig. 2 displays the input text and extraction results. 

Blue is the true keywords, yellow is the model prediction keywords, and green is the model prediction 

correct keywords. 

 

Fig. 2 The input text and extraction results 

2.3. Extraction Effect Evaluation 

In this experiment, the precision rate and recall rate Are utilized to assess the model's extraction effect 

on each text. The formula is as follows: 

(1) Precision Rate: 

 



 

735 

Precision = number case True

number case positive Falsenumber case True +

             (1) 

 

Among them, the number of true cases refers to the number of keywords predicted by the model as 

positive cases that are positive, while the number of false cases indicates the number of keywords 

predicted by the model as positive cases but are negative. 

(2) Recall Rate: 

 

recall = number case True

number case negative Falsenumber case True +

                          (2) 

 

Among them, the true case number refers to the number of keywords predicted by the model as 

positive cases and identified as positive cases. On the other hand, the false negative case number is 

the number of keywords predicted by the model as negative cases but positive cases. 

In this experiment, precision is defined as the number of intersections between actual keywords and 

model-predicted keywords divided by the total number of keywords predicted by the model. 

Meanwhile, recall is calculated as the number of intersections between actual keywords and model-

predicted keywords divided by the total number of actual keywords. 

3. Results and Analysis 

3.1. Horizontal Comparison 

The experiment initially conducts a horizontal comparison of the KeyBERT model's effect on 

keyword extraction in movie reviews, news articles, and academic articles. Three groups of 

experiments are then conducted for each type respectively. The experimental results are presented in 

Table 1. 

Table 1 Transverse Comparison of Experimental Results 

 P1 R1 P2 R2 P3 R3 Avg P Avg R 

Film review 0.40 0.25 1.00 0.62 0.40 0.29 0.600 0.387 

News 0.80 0.44 0.50 0.50 0.80 0.50 0.700 0.480 

Academic article 0.60 0.38 0.60 0.50 0.80 0.50 0.670 0.460 

 

Notes: Horizontal represents the test value, while vertical indicates the type of test text. P stands for 

precision and R stands for recall rate. In this experiment, a horizontal comparison is first conducted 

between the KeyBERT model's film review keyword extraction effect and its effect on news and 

academic articles. Three sets of experiments are carried out for each type, and the experimental results 

are presented in Table 1. Horizontal represents the test value, while vertical indicates the type of test 

text. P stands for precision and R stands for recall rate. 

As depicted in Table 1, the KeyBERT model demonstrates lower average precision and recall rates 

for film review extraction compared to those for news and academic articles. This suggests that the 

model's keyword extraction performance in film reviews is less effective than in news and academic 

articles. 

Based on the three experimental values of the film review, it is evident that there are significant 

discrepancies among the values. For instance, one group of experiments achieved an impressive 

precision of 1.0, while the remaining groups only reached 0.4 in terms of precision. This suggests 

that specific factors influence the KeyBERT model's effectiveness in extracting keywords from film 
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reviews. Film reviews have a consistent and structured format that is easily understandable, unlike 

news or academic articles. Film reviews encompass various types and components; for instance, some 

reviewers may focus on storytelling while others emphasize their emotional responses. These 

subjective elements potentially impact the outcomes of the experiment. 

3.2. Comparison of Extraction Effects of Different Types of Film Reviews 

Following this experiment's completion, the KeyBERT model's extraction effect on different types 

of movie reviews is discussed. Specifically, movie reviews are categorized into plot description type, 

multidimensional subjective analysis, and personal emotion expression type and evaluated 

accordingly. The test results can be found in Table 2. 

Table 2 Comparison of Extraction Effects of Different Types of Film Reviews 

 Plot description multi-dimension analysis Emotional perception 

precision 0.80 0.40 0.20 

recall 0.50 0.33 0.20 

 

As shown in Table 2, the KeyBERT model demonstrates the highest retrieval precision rate and best 

recall rate for film reviews with plot descriptions. In comparison, multidimensional subjective 

analysis and personal emotion expression both exhibit relatively low precision and recall rates. 

After analysis, the reasons may be as follows. Firstly, the difference in data distribution. Movie 

reviews with plot descriptions may focus more on using keywords to summarize and describe the 

movie's plot, which leads to better performance of the model in terms of keyword extraction. In 

analyzing multidimensional objective and personal emotional expression in film reviews, keyword 

extraction may be influenced by various factors, including subjectivity, emotional tone, and 

individual differences. These factors can increase the complexity of the extraction process. The 

second reason is related to the training content. The Bert model is trained using English Wikipedia 

and other articles, leading to corpus bias. As a result, the model performs poorly in personal emotion 

and subjective analysis. Finally, there is a difference in evaluation indicators. The multidimensional 

objective analysis and personal emotional expression of movie reviews may require more context and 

depth of understanding. In contrast, KeyBERT may be more suitable for extracting short, focused 

keywords, especially when it comes to describing the plot. 

3.3. Comparison of Extraction Effects of Movie Reviews with Different Word Counts 

At the conclusion of this experiment, the KeyBERT model is utilized to compare the extraction effects 

of film reviews with varying word counts. Five texts with different word counts are selected and 

incrementally increased from 100 words to 500 words, followed by individual evaluations. The test 

results are presented in Table 3. Horizontal is the number of times and vertical is the precision and 

recall rate 

Table 3 Comparison of Effect of Film Review Extraction with Different Words 

 100（words） 200 300 400 500 

precision 0.80 0.75 0.40 0.60 0.20 

recall 0.67 0.43 0.25 0.38 0.11 

 

As shown in Table 3, the overall precision and recall rate of film reviews by the KeyBERT model 

decrease as the number of words increases. However, one set of experiments presents an exception 

to this trend. It has been proven that an increase in the number of words will significantly diminish 

the extraction effectiveness of the KeyBERT model. After analysis, the reasons may be as follows: 
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Firstly, there is information fragmentation. Key information in a lengthy film review may be 

dispersed throughout the text, and important keywords may not be located within the same section. 

KeyBERT is built on the representation of each token for keyword extraction. However, if key 

information is dispersed across different locations in the text, the model may encounter challenges in 

capturing the overall keyword. Secondly, the composition is intricate. The longer the film reviews, 

the more complex the composition becomes. In addition to proper names such as movie titles, 

different aspects of the story revolving around the theme also contribute to its complexity. Finally, 

CountVectorizer assigns weights to the impact. KeyBERT utilizes CountVectorizer internally for 

dimensionality reduction and weight calculations. In the case of lengthy text, the vocabulary may be 

more extensive, and the word frequency information in the CountVectorizer calculation is dispersed 

throughout the text, leading to a more intricate weight calculation and resulting in less precise 

extraction of keywords. 

4. Conclusions 

This study aims to evaluate the effectiveness of the KeyBERT model in extracting keywords from 

film reviews and to compare its performance with other text analysis methods. We examine the 

factors influencing the extraction results in different types of film reviews and varying text lengths 

and draw conclusions based on our findings. The KeyBERT model proves to be suitable for keyword 

extraction in film reviews, demonstrating an average precision and recall rate of approximately 0.1 

lower than that of other article types. This suggests that its overall performance is only slightly inferior 

to news articles and academic papers. However, we observed significant impacts on the extraction 

process from both word count and content type. As the number of words in film reviews increases, 

we noted a decrease in precision-recall rate from 0.80 and 0.67 for 100 words down to 0.20 and 0.11 

for 500 words, indicating a substantial reduction in effectiveness as text length grows. In terms of 

content type, we found that plot descriptions achieved a precision score of 0.80 and a recall score of 

0.50, surpassing multidimensional subjective analysis (with scores of 0.40 and 0.33) as well as 

subjective emotional expression (scoring at 0.20 for both precision and recall). The KeyBERT 

model's efficacy in extracting content from film reviews appears most effective for plot descriptions 

but less so for other types of content. 

Therefore, particular attention should be given to the following points during extraction. The initial 

step involves categorizing the extensive amount of film review content. It is essential to exclude 

emotionally expressive comments and instead focus on integrating plot descriptions and 

multidimensional subjective analysis into the categories. Subsequently, deconstructing the structure 

of the lengthy text is necessary, identifying the topics covered by each section of the comprehensive 

review and reclassifying them accordingly. Finally, it is important to avoid extracting excessive data 

all at once. This can be achieved by limiting the number of words extracted at a time, increasing the 

number of extractions, and integrating all relevant keywords. 

In the future, to enhance the technology of keyword extraction from movie reviews, we can improve 

the effectiveness of this process by increasing the training of movie review datasets, preprocessing 

the content of movie reviews, adjusting the model structure, and incorporating sentiment analysis 

models. 
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