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[bookmark: _6zuuawrjfpy9]1. Introduction
This report will analyse the Letterbox Movie Classification Dataset to find the most important factors in determining the popularity of films and their audience ratings. Data-driven decision-making is an essential concept in the modern media and entertainment sector to comprehend viewer preferences, better content strategies, and elevate audience engagement. This research aims to identify user behaviour trends and measure the predictors of the success of films by using business intelligence methods.
The data set to be analyzed in this paper includes data about 10,000 movies, and the variables include average rating, likes, watched, number of fans, and runtime. These variables can offer information about the audience's interest and content qualities. A mix of Microsoft Excel and SPSS has been used to realise the goals of this report. Data cleaning, preparation, and visual trend analysis were done in Excel, and statistical techniques were done in SPSS, with descriptive statistics, correlation analysis, and regression modelling.
The main goals of the analysis are to review the patterns of viewer behaviour, find correlations between engagement measures and ratings, and find out to what extent likes, fans, and runtime are the variables that impact the average film ratings. Finally, the results will be used to justify evidence-based policies that will enhance business performance, operational effectiveness, and viewer satisfaction in the film industry.
[bookmark: _lxws4fndn6n6]2. Cleaning and Preparation of Data
The data cleaning and preparation were done in Microsoft Excel to ensure the data was precise, consistent, and appropriate for analysis. First, the data was analyzed to identify missing and inconsistent data of the main variables ( runtime, likes, watches, fans, and average rating). Records containing critical missing values were also checked; in cases where the minor gaps were acceptable, such as the absence of information about engagement, it was removed to preserve the data integrity, as imputation might introduce bias in the engagement-related variables.
Moreover, the data was verified against duplicates and formatting errors. Genres and original language were normalised so that all variables could be categorised in the same way, minimising the occurrence of ambiguity in the analysis. Numerical fields (likes, watches, and fans) were validated to make sure that they had correct data types and to eliminate any non-numeric entries or anomalies. Outliers in runtime values were also checked, such as low or unrealistically high runtime values, and were only kept if they were within a sane range.
These preprocessing activities are fundamental in business intelligence because they augment the dependability and validity of the later analyses (Koukaras and Tjortjis, 2025). Clean and well-organized data make the statistical findings accurate and meaningful (Alotaibi, Pardede and Tomy, 2023). Data cleaning allows easier interpretation and helps to make effective decisions based on data in the film performance and the involvement of audiences.
[bookmark: _ltu6txupbnpo]3. Descriptive Statistics and Summary
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Figure 1: Descriptive statistics of the important variable
(Source: Created by SPSS)
The findings show that the average rating of the movies is about 3.27, with a minimum of 1.08 and a maximum of 4.71. This implies that the bulk of the films are rated in the moderately positive range with a relatively small range (standard deviation ≈ 0.53), meaning that there is some consistency in audience scoring behaviour.
Engagement-related variables, including likes, watches, and fans, on the other hand, have a significant variation. The average popularity is about 43,734 likes, with the values varying between 0 and more than 2.7 million, and this indicates a huge difference in the popularity of the films. Likewise, the average value of watches is around 170,315, with the highest being over 5.1 million, indicating that a very small percentage of movies have such a high number of views. The number of fans is also quite diverse, with the average of approximately 1,653 and the maximum of more than 326,000 contributing to the unequal distribution of the audience interest in the movies.
The average run time is about 103 minutes with a minimum and maximum of 2 and 907 minutes, respectively. Such broadness means that a variety of types of content will be included, including short films and long-term productions. Nevertheless, the standard deviation is relatively equal, indicating that the vast majority of films are concentrated on average feature-lengths.
Altogether, the descriptive analysis shows that even though the audience ratings are generally relatively steady, engagement metrics fluctuate greatly, which means that popularity is concentrated in a few movies.
[bookmark: _ecb9gm18b1os]4. Trend Analysis by Data Visualisation
Microsoft Excel was used to perform trend analysis to determine the pattern in audience engagement and film performance under the key variables. Visualization was used to investigate the relationship between variables like average rating, likes, watches, fans, and runtime with visualization tools, including scatter plots, bar charts, and histograms.
[image: ]
Figure 2: Runtime vs Likes
(Source: Created in Excel)
Among the most striking are the high positive correlations between watches and likes, which can be illustrated using a scatter plot. Movies that have more views are likely to get a much more significant number of likes, which means that exposure is a crucial element of audience engagement of the audience. This implies that the visibility and reach factor is a major contributor to the interaction of the users and makes the promotion and distribution a very important aspect in the film industry. The trend between the number of fans and likes also exhibits a moderate correlation: movies with more fans tend to have more likes. Nevertheless, the correlation is not as high as between watches and likes, which means that a loyal audience will help to generate engagement, but with the wider viewership, the overall effect is higher.
Conversely, the correlation between the average rating and runtime is almost weak. As can be seen, there is no apparent trend in visual analysis that the longer or shorter movies receive higher ratings. The majority of the films fall between the average length of about 90-120 minutes, and the distribution of the rating is even throughout this scale. This implies that the length of films is not a key factor in determining audience satisfaction.
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Figure 3: Histogram for rating distribution
(Source: Created in Excel)
The histograms of engagement variables like Ratings show a highly skewed distribution with a few films obtaining extremely large values, and most of the values being in the lower range. This trend reveals the existence of blockbuster movies that receive a major proportion of attention from the audience, which is a usual occurrence within the entertainment sector.
[image: ]
Figure 3: Ratings according to Genre
(Source: Created in Excel)
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Figure 4: Ratings according to Genre
(Source: Created in Excel)
Bar charts that compare ratings between categories (genres or languages) can indicate that some of these categories might be more successful than others in regard to audience reception. But, these trends are to be taken with caution without further segmentation.
In general, the trend analysis shows that the visibility metrics like watches are highly effective in determining the audience engagement, whereas content attributes like runtime have a minor impact on ratings (Ren and Chandra, 2025). These results highlight the role of strategic promotion and reach to the audience in bringing film success.
[bookmark: _kukyrm8cbwc2]5. Statistical analysis in SPSS
The relationships between variables were investigated with the help of SPSS, and the question of the impact of various factors on the film rating and viewer involvement was tested. Correlation and regression analysis were carried out to get deeper insights beyond the descriptive and visual trends.
[bookmark: _d476tqfh7k1w]5.1 Correlation Analysis
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Figure 5: Correlation analysis
(Source: Created by SPSS)
The strength and direction of relationships between key variables (including likes, watches, fans, runtime, and average rating) were measured using correlation analysis. The outcomes show that there are a number of important relationships.
The watches and likes show the highest correlation (r = 0.951, p < 0.001), which corresponds to a very strong positive correlation. This implies that movies that have more views are more likely to be significantly more liked, which supports the notion that visibility is a major factor in influencing viewers to engage. On the same note, there is a positive correlation, which is significant (r = 0.799, p < 0.001), between fans and likes, meaning that movies that have more fans tend to receive more engagement.
By comparison, the correlation between the length of a movie and the average rating (r = 0.187, p = 0.001) is only weak, indicating that the length of the movie does not have a significant impact on the rating of the movie by viewers. Besides, the correlations with such variables of engagement as likes and watches are not very high, which means that popularity does not always correlate with high ratings.
Altogether, the correlation analysis shows that the measures of engagement are strictly connected, whereas rating seems to be affected by other variables, rather than mere popularity rates.
[bookmark: _aw35bkb8uqbi]5.2 Regression Analysis
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Figure 6: Regression Analysis
(Source: Created by SPSS)
There was a multiple regression analysis done to assess the degree to which the independent variables (likes, fans, and runtime) explain the dependent variable, average rating.
According to the model summary, we have a value of R 2 at 0.108, which implies that about 10.8 percent of the variation in the mean rating can be attributed to the predictors chosen. The overall model is significant (p < 0.001), even though the explanatory power of the model is relatively low, which implies that the overall predictors have a significant effect on the ratings.
Likes are the most powerful predictors that have a statistically significant positive impact on the average rating. This means that movies that have a greater audience interest are rated a little higher. A small positive effect is also demonstrated by runtime, but it is not significant. Conversely, fans are not as important as far as the ratings prediction is concerned.
These results indicate that although engagement metrics are involved in determining ratings, they cannot adequately explain the evaluation of the audience, which implies that there are other qualitative elements that impact the results, like the storyline, direction, or genre.
On the whole, the SPSS analysis proves that the variables of engagement, like watches and likes, are closely related, and their impact on ratings is moderate. This proves that popularity and quality, though perceived by viewers, are two different aspects of successful film (Jiang et al., 2022).
[bookmark: _4y46z56yjs08]6. Reflections and Recommendations 
The discussion offers some valuable information about the behaviour of the audience and the aspects of film success. To begin with, metrics like watches and likes are strongly correlated, which suggests that visibility is a key factor in promoting audience interaction. The bigger the audience of the films, the more engagement is likely to be created, so it is important to emphasize the role of proper promotion and distribution. Nevertheless, the results also demonstrate that popularity does not always lead to a higher rating, because the correlation between the variables of engagement and average rating is not that strong.
Secondly, the length of the films was observed to have little effect on the ratings of the audience, which implied that the duration of the films is not a prime determinant of viewer satisfaction. This means that viewers put more emphasis on the quality of the content and less on the time. Also, the regression showed that a very small percentage of the variation in ratings is attributed to the engagement factors that are measurable, which means that there are other qualitative factors, like storyline, direction, and genre, which are probably more important.
On the basis of these findings, some recommendations are possible. Streaming platforms and producers of films must aim to reach a larger audience by providing targeted marketing campaigns because the larger the audience, the larger the engagement. Using data analytics to influence the preferences of the audience can also be used to better tailor content. Moreover, the availability of multilingual subtitles and accessibility can increase the reach to a wider audience at the global level and enhance the interaction with various audiences.
Nonetheless, this analysis has some limitations, such as the lack of qualitative factors and the possibility of bias in the data set. More factors can be included in future research, including genre, budget, and reviews of critics, to come up with more comprehensive predictive models. In general, a data-driven approach can be a valuable contribution to the decision-making process and to improved performance in the entertainment industry.
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