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[bookmark: _ju1qwp3b9x6n]Introduction
This report aims to examine the behaviour of viewers and films' popularity by using the Letterbox Movie Classification Dataset by applying data analytics to Microsoft Excel and IBM SPSS. The data is a set of 10,000 films with such variables (numerical variables) as average rating, runtime, watches, likes, fan count, and such categorical variables as genre and original language. These variables present a valuable clue to understanding the way the audiences interact with films, and that the perceived quality and popularity vary with the film characteristics. Data-driven decision-making in the modern media and entertainment business is essential to the content acquisition process, recommendation services, and targeting the audience (Nixon et al., 2024). The digital platforms are increasingly dependent on viewer engagement as an indicator of performance as well as business optimisation. The association between the film attributes and user response can help organisations in understanding how to improve user satisfaction, besides ensuring that their operations become efficient. The report takes a systematic analytical method. Data validation, descriptive statistics, and trend visualisation are done in Microsoft Excel, and inferential statistical analysis (as hypothesis testing, correlation, regression modelling) was done using SPSS. The hypotheses are to validate the dataset, characterise prominent features, discover patterns of ratings and participation, statistically test the differences between the results found, and draw actionable implications for the film and media industry.
[bookmark: _kh2bqluj2l9s]Data Understanding, Cleaning and Preparation
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Snippet: 1
(Source: Self-Developed)
Primary data quality analysis was done in Microsoft Excel to check whether the data was appropriate to be analysed. This test established that there is a high degree of integrity in the dataset. The table had some extra letters that were not required, like the one with Lowest, as is seen in Snippet 1. Numerical variables expressing average rating, runtime, watches, likes, and the number of fans were full and did not have any misses or invalid values. As a result, there was no numerical imputation or deletion necessary, which minimised the chances of bias being added to the analysis.
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Snippet: 2
(Source: Self-Developed)
Structural problems of the data were also analysed. Duplicate identification was done in all the columns through the duplicate identification option of Excel, which can be seen in Snippet 2 and this ensured that there were no duplicate film records. This was done to make sure every observation was a distinct film. Categorical variables were checked against each other, especially the Original Language column. This variable was already in the right format and standardised, so no recoding or consolidation was needed.
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Snippet: 3
(Source: Self-Developed)
The preparation of data thus became validation-oriented and not a transformation one. Before analysis, variables were verified through proper types of data and level of measurement and therefore, numerical and categorical variables were considered as scale and nominal data, respectively. This validation-based method is consistent with the best practice of the Business Intelligence systems, where the correct insights require the correct and properly structured data (Maghsoudi and Nezafati, 2023). The data was thus considered to be in its complete analysis form to be analysed descriptively, trend-wise, as well as inferentially.
[bookmark: _je0zcfrm4d01]Descriptive Statistics and Summary Analysis
Microsoft Excel was utilised to summarise the important numerical properties of the Letterbox Movie Classification Dataset to conduct the descriptive statistical analysis. The sample is 10,000 films, which makes it possible to interpret the data statistically.   
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Table 1: Descriptive Statistics
(Source: Self-Developed)
The average length is around 103 minutes, the median is 99 minutes, and the mode is 90 minutes. It means that the majority of movies are of a typical feature length. Nonetheless, both the standard deviation (38.07 minutes) and the range (2 to 907 minutes) are rather large, indicating a high degree of variation in the length of the film. This indicates that we are talking of both the short-form productions and also exceptionally long films, as there is a wide range of content offered on digital film platforms. The variables of audience engagement have a high positive skewness and extreme dispersion. The median value is only 18,425 as opposed to the mean value of more than 170,000, which indicates a strong long-tail distribution. The same occurs with likes and the value of fans, with median values of (3,394 likes and 24 fans) being much less than the mean values. 
Large skewness and kurtosis values in these variables affirm that there are few films that are engaged in by a small number of people. These long-tail effects have been well studied within the digital media environment and found to be consistent with the research of Heitmayer (2024), who also found that only a few high-profile titles receive audience attention. Conversely, measures associated with rating have relatively less variability. Although the total rating counts are quite diverse, audience ratings are more consistent than the engagement metrics. This difference supports this understanding by Sahu et al. (2022) that popularity and perceived quality are different directions of film success and cannot be regarded as synonymous variables in Business Intelligence systems. In general, the descriptive statistics offer an in-depth description of the film features and audience behaviour. This analysis provides a good foundation for further trend analysis and statistical testing by showing the common trends and outliers.
[bookmark: _yjo6ebm474kz]Trend Analysis and Data Visualisation
The initial analysis, trend analysis, was done in Microsoft Excel to determine the trends in film rating and viewership in the original languages and ratings. 
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Chart 1: Average Rating by Original Language
(Source: Self-Developed)
The average rating analysis based on the original language used shows an evident difference among the linguistic groups. Some of the non-English languages use higher average ratings than the English-language films. Even though English films have a significant part of the dataset, they are located in the lower part of the rating distribution. This trend indicates self-selection, as the viewers who are willing to consume foreign-language movies might be more occupied or interested, leading to larger ratings. Other studies, e.g., Seetharaman (2025), previously established that niche and international content tend to have smaller audiences but more loyal ones, which results in higher quality scores perceived.
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Chart 2: Association between Likes and Rating
(Source: Self-Developed)
Additional trend analysis was done to establish the relationship between the average rating and likes by utilising a scatter plot. The findings demonstrate that there is a positive relationship in that the movies that have higher ratings tend to be liked. Nonetheless, the correlation is also not very strong because there is a low coefficient of determination (R^2 = 0.0841). This shows that the mean rating accounts for only a very low percentage of the difference in the number of likes. Most strongly rated films get little attention, whereas other moderately rated films show high levels of visibility. This observation illustrates the difference between popularisation and audience approval, which conforms to the results of Dodds et al. (2023), one of the typical features of digital media platforms.
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Chart 3: Distribution of Runtime
(Source: Self-Developed)
The histogram of run times depicts a distinct tendency of the films to fall between 80 and 120 minutes, which proves that the majority of productions are regarded as the most popular to watch, according to the conventional understanding of the term. The frequencies are sharply decreasing beyond this range, especially in the case of very long films. This indicates that there are indeed extreme run-times, but they are a minor percentage of the content and can be targeted to a niche market. In general, the trend analysis proves that there is a multidimensionality to film success. Greater ratings are not associated with greater participation, and the language has a significant part in influencing the evaluation of the audience (Berger, Moe and Schweidel, 2023). These observations can be used to emphasise the significance of the application of several metrics in measuring the performance of the content and offer a good reason as to why an inferential statistical test was used in SPSS.
[bookmark: _894ekzdl91oy]Statistical Analysis Using SPSS 
Formal testing of relationships and patterns identified during descriptive and trend analysis was performed using IBM SPSS Statistics to perform inferential statistical analysis. The use of SPSS was because it has strengths in testing hypotheses, correlating and conducting regression with the aim of modelling. They are popular methods used in applied data mining and Business Intelligence (Kafle, 2020).
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Table 2: T-Test
(Source: Self-Developed)

The independent samples t-test was conducted to test whether the difference in the average rating of the films between English and non-English language films is statistically significant. Movies were recoded into two categories, which were English (coded as 1) and non-English (coded as 2). All 10,000 observations were included in the analysis. The mean rating of English-language films (N = 8,074) is lower than that of the non-English films (N = 1,926) (mean rating equals 3.21 and 3.51, respectively). The unequal variances between the groups were statistically significant as the Levene test of equality of variances showed a value of F = 27.71, p<.001, The results of the t-test verify that the average rating of the rating is significantly different (t=−24.88, p<.001), which means that the null hypothesis should be rejected. This observation shows that originality in language is a significant variable used to determine the rating by the audience.
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Table 3: Correlation
(Source: Self-Developed)
The relationships which existed among average rating, runtime and engagement measures were then analysed by Pearson correlation. Mean rating has weak, then moderate positive correlates with runtime (r =.187), watches (r =.249), likes (r =.290), and fans (r =.251), all significant at the.01 level. These findings indicate that more engaging movies and those with a slightly longer duration of running time are expected to have a slightly higher rating, but the correlation coefficients are weak. Engagement metrics, in turn, are highly correlated (in that case, watches and likes have a correlation of r =.951), which means that they represent strongly related measures of audience visibility and interaction.
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Table 4: Regression
(Source: Self-Developed)
The multiple linear regression analysis was done to test the hypothesis that runtime, likes, and fan counts predict the average rating. It is statistically significant (F(3, 9996) = 403.31, p <.001) and accounts for about 10.8 per cent of the variation in average rating (R^2 =.108). The strongest predictor was Likes (b =.224), then runtime (b =.153), and fan count (b =.058), which were all statistically significant. The model is not very powerful in explaining, but this is to be expected in datasets of behavioural data where the evaluation of the audience is conditioned upon many unobservable variables.
[bookmark: _sce197m8i5kr]Insights and Recommendations
The analysis gives some key insights into the motivation of film success in the digital media. To begin with, popularity and perception of quality are two different dimensions. Although the metrics of engagement, including watches and likes, are highly correlated among themselves, they only account for a relatively low share of the difference in average ratings. This implies that high visibility is not always associated with high audience approval, further supporting the use of multi-metric evaluation systems. Second, the original language is also quite influential in developing the perception of the audience. The average rating of the non-English films is always greater than that of the English-language films, even though they do not attract as many audiences. This is an indication that International and foreign films attract a more discriminating and highly involved audience, and thus, perceived quality is high. This emphasises the importance of using rating-based metrics in addition to volume-based metrics in measuring content performance as per a Business Intelligence outlook.
Resting on these results, several data-driven recommendations are possible. Ratings, likes, and number of fans should be incorporated into the recommendation algorithms of media and not watch count, as the priority. Such areas of investment as international content and higher quality niche genres can increase the level of audience satisfaction, especially when these issues are accompanied by efficient subtitling and use of dedicated promotion tools (Sanchez-Mompean and Zanotti, 2025). It has been shown by runtime analysis that movies with their traditional duration ranges are more consistent, and runtime optimisation can be used during content planning. Operational efficiency-wise, content selection based on analytics will minimise the use of expensive but high-volume production with low approval of the audience (Mikalef et al., 2020). Despite the comprehensive nature of the dataset, in future studies, demographic variables may be included, review sentiment analysis may be included, or longitudinal engagement data may be included to enhance predictive accuracy and strategic value.
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15 Up ['Animation’, 'Advent 96 English Carl Fredricksen spen ['Pixar'] 3922213 263407 1136383
16 Blade Runner ['Thriller', 'Drama’, 'S 118 English In the smog-choked ¢['Shaw Brothers', 'Thi 1658845 301778 573522
17 Annie Hall ['Drama’, 'Romance’, 93 English New York comedian. ['United Artists', 'Roll 454236 121871 119958
18 The Truman Show| ['Comedy', 'Drama’] 103 English Every second of ever ['Paramount Pictures 4382819 361732 1777004
19 Wonder Woman ['Action’, 'Fantasy, ' 141 English An Amazon princess «['Atlas Entertainment 1721440 147437 320485
20 Plan 9 from Outer, ['Science Fiction', "Hc 79 English In California, an old r ['Reynolds Pictures'] 61992 20589 11196
21 Whiplash ['Drama’, 'Music'] 107 English Under the direction ¢ ['Bold Films', 'Blumhc 3925603 481379 1848733
22 Weird Science ['Comedy', 'Science F 93 English Two unpopular teenz ['Universal Pictures’, 141350 26516 26420
23 Raw ['Drama', 'Horror'] 99 French In Justine&€™s family ['Wild Bunch', 'Rouge 519561 150570 150137
[ [

24 Army of Darkness  Sam Raimi 3.71

Comedy, 'Horror’, 81 English Ash, @ handsome, shc

Renaissance Picture 363502 108548 123314
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