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[bookmark: _croa34we3khj]1. Introduction
This report analyses the Letterbox Movie Classification Dataset to find out what factors influence movie ratings and popularity. Data analytics plays an important role in the modern media and entertainment industry because it helps to understand users' behaviour and develop appropriate content. Therefore, this research focuses on studying user behaviour trends and evaluating the factors that influence the popularity of movies through the application of business intelligence.
Microsoft Excel and SPSS have been applied to complete the research objectives. Specifically, Microsoft Excel has been used to clean, prepare, and analyse the trends, while SPSS has been utilised for statistical analysis, namely, descriptive statistics, correlation, and regression. The dataset includes 10,000 movies with variables like average rating, likes, watches, fans, and runtime. It means that it is possible to evaluate the preferences of the audience and the quality of the movies. The visualisations have been created using Excel, while the statistical and regression analyses have been conducted using SPSS.
[bookmark: _4o8kdotvfmc9]2. Data cleaning and data preparation
Data cleaning and preparation processes were carried out using Microsoft Excel to make the data ready for analysis through accuracy and consistency checks. The data was first assessed regarding missing values and inconsistencies on the variables of runtime, likes, watches, fans and average rating. Data with missing values were assessed, and in instances where minor missing values were experienced (especially in metrics), the data were omitted as opposed to being imputed to avoid misusing them.
Also, duplication and inconsistency in data were checked. The data was normalised so as to classify the variables within one format, making the process of analysis less complicated due to the lack of confusion. Numerical variables like number of likes, watches and fans were examined for numeric data. There was also an analysis of outliers, especially the runtime where high or low values were detected.
Data pre-processing plays a crucial role in business intelligence to improve the validity of data (Vines, Bologa and Bostan, 2025). Through data cleansing and normalisation, there will be proper statistical results due to the appropriate structuring of the data set (Martins et al., 2025). Proper structuring of data makes it possible to create an effective visualisation of results and accurate predictions.
[bookmark: _11t411badbef]3. Summary and Descriptive Statistics
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Figure 1: Descriptive statistics
(Source: Created in SPSS)
Descriptive statistics offer an overview of the most significant trends and distribution characteristics present in the data. On average, the movies receive a rating of 3.27, which varies from the minimum value of 1.08 to the maximum value of 4.71. It means that the films are mostly rated positively by viewers. Moreover, the low standard deviation of 0.53 indicates low fluctuations and a certain degree of stability in movie ratings. Overall, ratings are rather stable and correspond to the expectations of the viewing audience regarding film quality.
In contrast, like other engagement-related variables, the number of likes shows much greater variability. On average, movies receive 43,734 likes; however, the number of likes varies from 0 to 2.7 million likes. Such high variability results from considerable differences in the level of films' popularity, with some movies having exceptionally high numbers of likes, while the majority are not so popular among audiences. Also, the number of watches is high, in number averaging at about 170,315, but with the maximum number of watches exceeding 5.1 million. This indicates that only a small number of movies have very high popularity. Descriptive statistics give us a summary of the dataset using measures such as average, mean, median, and standard deviation (Liu, Liu and Chen, 2023).
The number of fans is also highly variable, with the mean number of fans being about 1,653, while the highest number of fans goes up to 326,000. This also confirms that the audience interaction among all the movies is not similar since some movies get more fans than others.
When we look at the length of the movies, we find that the average length is about 103 minutes. However, we find that there is great variability in terms of movie lengths, where some are as short as 2 minutes while others can be as long as 907 minutes. This means that the movies can either be short films or feature-length, but the standard deviation shows that most of the movies are near the average length.
[bookmark: _wfc27cjaz8p6]4. Trend analysis by data visualisation
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Figure 2: Popular movie Language
(Source: Created in Excel)
Figure 2 illustrates the distribution of languages in the movies found in the data, and the distribution is unequal. English movies are the main language, as they make up 84% of the data. The prevalence of English movies shows how English has a lot of presence in the media. Other languages make up just a small fraction of the data, as the percentage of Italian movies is 4%, while French, Japanese, and German each contribute 3% and 1% respectively. Such an imbalanced distribution of languages is a sign of language imbalance within the data. However, from a data analysis perspective, this indicates how the film industry focuses on English movies. But there is also an advantage to be taken by movie producers in exploring other markets. 
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Figure 3: Popular movie Genre
(Source: Created in Excel)
From Figure 3, the number of people who like various movie types is depicted. The first type of movie is drama (22%), which means that there is a preference for movie types that are emotional and storytelling. Comedy (15%) is another preferred movie type, and from this one can conclude that comedy films have many fans. Thriller (11%) and action (10%) are other notable types of movies according to the figure above, as there seems to be a preference for action-filled movies. In conclusion, the above visualisation shows that viewers like emotional and entertaining movies. This knowledge is quite valuable in terms of what producers/marketers should produce/sell.
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Figure 4: Average Rating by Language
(Source: Created in Excel)
As illustrated in Figure 4 below, there exists a total average rating for various languages. From the data presented, it can be observed that the English language dominates all others. English is seen to have significantly more rating sum than other languages, meaning that there are more films and thus the engagement of a larger audience.
It is interesting to note that other languages such as French, Italian, Japanese and Spanish make moderate contributions to the rating sum. From the group, Italian and Japanese languages stand out as having higher rating sums than other languages, such as German and Korean. This means that they have a reasonable contribution to audience attention. Languages with the lowest ratings sums are Chinese and Danish. This may mean that there are fewer movies in these languages in the database and thus less attention from the audiences. It is also noteworthy that even films with no spoken language get a good number of ratings from audiences.
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Figure 5: Average Ratings
(Source: Created in SPSS)
From the histogram, it can be observed that the data is relatively dispersed. The data lies mostly between 3 to 4, which implies that people rate movies positively. Mode at this range implies that there is consistency in the ratings provided by audiences without much variation in scores. To understand the extent of the data and identify any outliers, we have presented a box plot below.
[bookmark: _yjnubygfn2j0]5. Statistical analysis in SPSS
[bookmark: _xqinut4ejo1q]5.1 Hypothesis Testing
Null Hypothesis (H0): There is no significant difference between the average rating of English and non-English movies.
Alternative Hypothesis (H1): There is significance in the average rating between English and non-English movies.
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Figure 6: Independent Sample T Test
The independent t-test was used to investigate whether there is a statistically significant difference in movie ratings according to their language. In the first place, we needed to examine whether there was an assumption of equal variances met or not. The value of the F-statistic is 27.71, meaning that there is a statistically significant difference between the two sample variances.
The p-value is smaller than 0.05, implying that the findings are statistically significant. Additionally, the value of t is equal to -24.878, meaning that the null hypothesis needs to be rejected. One possible reason for such a finding could be that the number of movies rated in English constitutes more than 80% of our dataset.
[bookmark: _2o5bjzshe5xk]5.2 Correlation analysis
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Figure 7: Correlation Testing
Correlations between variables (runtime, watches, and likes) were tested using a correlation analysis method. A weak positive correlation exists between runtime and watches (r = 0.146, p < 0.001). At the same time, a weak positive correlation between runtime and likes (r = 0.129, p < 0.001) was found. Hence, the longer the film lasts, the higher the number of watches and likes; nevertheless, the influence on watches and likes will not be significant.
The positive relationship between watches and likes is very strong (r = 0.951, p < 0.001). As seen from the results, movies watched by many users are more likely to be liked. There is a link between the popularity of a movie and the number of likes received by the film. In other words, more views lead to the popularity and credibility of a movie, which positively influences likes (Aydin, Uray and Silahtaroglu, 2021).

[bookmark: _bpom6sx3bg4a]5.3 Regression analysis
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Figure 8: Regression Results
To ascertain the impact of description length on average rating, a regression analysis was undertaken. The output reveals that the value of R-squared is 0.001, implying that the description length accounts for only 0.1% of the variation in average rating. Therefore, the description length is not a significant factor in influencing the average rating. However, the p-value of 0.021 is less than 0.05, indicating that there is an association between the two variables. Other variables such as genre, language, and user preference can have a stronger influence on average rating (Ocal, 2025).
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Figure 9: Language influence on engagement
The relationship between the two variables of time and language and their impact on the watch rate was investigated through regression analysis. The time and language were revealed to have a moderate influence on watch rate. The value of the R-squared statistic is 0.35, indicating that 35% of the variation in watch rate is attributable to these two variables.
Additionally, the p-value is less than 0.05, which indicates statistically significant dependency. It means that the length of the content and language are critical factors for engagement with the movies. Therefore, reducing the number of language barriers and making the length of video content shorter could enhance engagement. Using descriptive statistics, it can be found that movie ratings are rather consistent because the mean of their value equals 3.27 with a relatively small standard deviation (≈ 0.53). On the other hand, likes, watches, and fans significantly differ from each other. The number of likes varies between 0 and more than 2.7 million. Watches are more than 5.1 million in certain movies, meaning that not many of them have such popularity. Fans are different in number as well. The length of films is 103 minutes on average; however, their range is large (from 2 to 907 minutes).
[bookmark: _eotii3nm4hmd]6. Insight and Recommendation
The study has revealed some information regarding viewer behaviour. Statistical analysis, including the t-test, reveals the effect of language on rating scores. The data for the movie is highly biased in favour of English movies, but the influence of language cannot be ignored.
According to the regression analysis, the variables of time duration and language moderately affect viewer engagement. The interactivity is dependent on various factors, including language, length, and user preference. These are the factors that lead to the popularity of a particular movie. The recommendation for organisations is that market segmentation can be used as a tool to gather information regarding preferences for language among viewers. Additionally, subtitles can be provided, and content can be diversified to boost interaction. However, the study is not without limitations, as most of the data is textual in nature. For future studies, it is recommended that text analytics be employed to analyse the qualitative data.
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