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[bookmark: _Toc218363859]1. Introduction
The objective of the report is to examine movie performance and viewer engagement with Business Intelligence (BI) and analytics tools to produce evidence-based findings to aid in decision-making in the film industry. The data utilized in the analysis is the Letterboxd movie data that offers the variables of the average user rating, user engagement (likes and fans), genre categories, original language, and the length of the movie. BI offers organized and systematic ways of converting raw data into useful information, which aids in managerial and strategy-related decisions, especially when raw data is large and complicated (Sharda et al., 2014). In the entertainment sector, analytics has become a widely adopted solutions to assess audience behaviour, optimize content strategies and enhance a commercial performance by correlating creative characteristics with quantifiable performance metrics (Ahmed and Abdulkareem, 2024). The report is prepared based on a systemic analytical procedure based on conventional data analytics practice. The four stages of the analysis include data cleaning with Excel to guarantee the quality and reliability of the data, a descriptive statistical analysis with Excel and SPSS to summarise the key variables, the trend analysis and visualisation through Excel to investigate the patterns by genre and language and inferential statistical tests with SPSS, including t-tests, correlation analysis, and regression modelling. This is a systematic way of reflecting proven best practice in data mining and analytical processes of extracting actionable insights out of observational data (Whitten et al., 2017).
[bookmark: _Toc218363860]2. Data Cleaning and Preparation
In this section, the steps of data cleaning and preparation are described, which were implemented to make sure that the dataset was ready to be analyzed with the help of reliable Business Intelligence and statistics. The preliminary analysis of the data set revealed that there were a number of data quality problems including missing values in the runtime variable, inconsistencies between audience engagement measures such as likes and fans and the categorical nature of such fields as genres and original language. The quality of data is an essential requirement of a successful BI because inaccurate or contradictory data may give false analytical results and incorrect decision making (Sharda et al., 2014). The main tool of data cleaning was Microsoft Excel because it is flexible when it comes to processing big datasets and making changes. Imputation of missing runtime values was done with median imputation in order to mitigate the effect of extreme numbers whereas missing likes and fans were imputed to zero to indicate no recorded engagement. Excel formulas like MEDIAN and IF were used and filters implemented to identify and fix these problems in a systematic way. Furthermore, the original language variable was recoded into a binary English and Non-English variable to facilitate subsequent hypothesis testing and the genres field was simplified by pulling out a primary genre of each movie. These preprocessing measures are in line with the known principles of data preparation, which focus on transformation and standardisation as the primary conditions of valid analysis (Whitten et al., 2017). Clean and consistent data is specifically of importance in entertainment analytics, where the metrics of engagement are applied to the strategic content and distribution choices (Ahmed and Abdulkareem, 2024).
[bookmark: _Toc218363861]3. Descriptive Statistics and Summary 
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[bookmark: _Toc218363862]Figure 1: Boxplot of Average Film Ratings
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[bookmark: _Toc218363863]Figure 2: Distribution of Films by Language Group
[bookmark: _Toc218363864]Table 1: Descriptive Statistics for Key Numerical Variables

	Statistic
	Average Rating
	Watches
	Fans
	Runtime (minutes)

	Mean
	3.27
	170,314.82
	1,271.45
	103.17

	Median
	3.27
	18,425.00
	24.00
	99.00

	Standard Deviation
	0.53
	458,532.92
	4,876.40
	38.07

	Minimum
	1.08
	2.00
	0.00
	2.00

	Maximum
	4.71
	5,195,503.00
	37,000.00
	907.00



[bookmark: _Toc218363865]Table 2: Frequency Distribution of Films by Language Group
	Language Group
	Frequency

	English
	8,074

	Non-English
	1,926

	Total
	10,000
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In this section, descriptive analytics are applied to summarise the film performance and audience engagement to present an evidence-based account of central tendency, variability, and distribution variables based on the important variables. This is a very indispensable phase of Business Intelligence since descriptive analytics is used to determine credible trends in the data prior to inferential testing (Sharda et al., 2014). Table 1 presents the descriptive statistics of the average rating, watches, fans and runtime, which were computed in Excel and confirmed in SPSS. The mean and median ratings of the films are 3.27 and 3.27 respectively with a low standard deviation of 0.53 so there was not much dispersion and there was a high level of concentration of films with the medium ratings. This can be taken to imply that there are quite a few extreme ratings in the site. Conversely, there is a significant degree of variability in the audience engagement variables. Watches and fans have big disparities in both mean and median values, and the standard deviations are much higher than the median values, thus the skew is positive. Such distribution is a sign of few films gaining a dramatically high number of engagements and many of them getting a relatively low number of engagements, which is a typical feature of online media platforms (Gupta et al., 2024). The runtime has a moderate variation, a mean of 103 minutes and a median of 99 minutes indicating that there is slight skew to the right due to few films that are outrageously long.
In Figure 1 a boxplot of average film rating has been drawn, with a small interquartile range, and a number of low-end outliers. This figure verifies that whereas most movies have the same ratings, poorly rated movies have a significantly more contribution to variation at the low end. Distributional aspects, including outliers and skewness, should be interpreted, and the trend of averages might significantly hide important data trends (Whitten et al., 2017). Frequency analysis was used to analyze categorical variables. Table 2 indicates that English-language movies predominate in the dataset, which occupy more than four-fifths of the observed. Figure 2 supports this imbalance visually by showing the ratio of films depending on the language group. This structural composition is important in further comparative and statistical analysis because the activity of language dominance can affect the engagement modes and analysis results in the platform of film evaluation (Gupta et al., 2024).
4. Trend Analysis and Visualisation 
This part examines trends that were identified using Excel pivot tables and visualisations to give the managers an insight on how the nature of films can affect scores in terms of audience rating and attention. Trend analysis enables the decision-maker to go beyond the data points and see systemic trends that guide strategic content decisions (Ahmed and Abdulkareem, 2024).
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[bookmark: _Toc218363866]Figure 3: Average Film Rating by Genre (Top 10 Genres)
Figure 3 shows the average film rating of the most commonly occurring ten genres in the data. The highest average of 3.62 is documented in documentary films, and the same is done in War (3.55) and History (3.53). Conversely, the average ratings in Romance and Mystery genres are lower, namely 3.34 and 3.30, respectively. This difference proves that genre is an important factor in influencing the assessment of the audience. The genres related to the telling of facts or history can have a larger number of critically minded audiences, hence higher rating, although it might have fewer viewers (Grácio et al., 2025). This implies, as a manager, that the choice of genre is associated with perceived quality and critical acceptance, and not with mass appeal.
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Figure 4: Average Film Rating by Language Group
The results in Figure 4 demonstrate language-based differences in the average ratings of the language groups. The mean rating of the non-English films is large at 3.51, compared to 3.22 in the case of the English-language films. The trend indicates that viewers who choose the non-English movies might be more motivated or culture-oriented, resulting in positive ratings (Gupta et al., 2024). History however, is different in terms of engagement. Figure 6 indicates that English-language movies create significantly higher average engagement where mean likes are about 44,000 and mean fans are about 1,200 visits in contrast to 18,000 likes and 800 fans in non-English or movies. This comparison shows that the perceived quality and the volume of engagement are separate performance dimensions that depend on the accessibility and market coverage (Behrens et al., 2020).
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[bookmark: _Toc218363868]Figure 6: Average Audience Engagement by Language Group
Figure 5 analyses the relationship between runtime and engagement by plotting runtime and the number of likes. The mass distribution of the films in the scatter plot indicates the existence of a close cluster of the films in 80-150 minutes, with the level of engagement being diverse in this context. Those films that had a duration more than 200 minutes do not always receive more likes, which means that the duration is not systematically predisposed to more likes. This implies that generated interactive actions of the audience are more affected by the narrative appeal and visibility than runtime only, which transfers the significance of content optimisation by analytics (Ahmed and Abdulkareem, 2024).
[bookmark: _Toc218363869]5. Statistical Analysis using SPSS 
This part involves inferential statistics on SPSS to test relationships within the data as well as to go beyond the descriptive tendencies to conclusions supported by statistics. Business Intelligence cannot occur without inferential analysis as it enables decision-makers to determine which of the relationships are significant and which ones are random variation (Sharda et al., 2014).
[bookmark: _Toc218363870]Table 3: Group Statistics for Average Rating by Language Group
	Language Group
	N
	Mean
	Standard Deviation

	English
	8,074
	3.21
	0.52

	Non-English
	1,926
	3.51
	0.49


[bookmark: _Toc218363871]Table 4: Independent Samples t-test for Average Rating by Language Group
	Statistic
	Value

	t-value
	−24.88

	Degrees of Freedom
	3219.60

	Significance (p-value)
	< 0.001

	Mean Difference (English − Non-English)
	−0.30

	95% Confidence Interval (Lower)
	−0.32

	95% Confidence Interval (Upper)
	−0.28



[bookmark: _Toc218363872]Table 5: Pearson Correlation Matrix
	Variable
	Runtime
	Likes
	Watches
	Fans

	Runtime
	1.000
	0.146
	0.146
	0.118

	Likes
	0.146
	1.000
	0.957
	0.854

	Watches
	0.146
	0.957
	1.000
	0.764

	Fans
	0.118
	0.854
	0.764
	1.000



[bookmark: _Toc218363873]Table 6: Multiple Regression Results (Dependent Variable: Average Rating)
	Predictor
	Unstandardised Coefficient (B)
	Std. Error
	t-value
	Significance (p)

	Constant
	3.012
	0.014
	213.71
	< 0.001

	Likes
	0.00000053
	0.00000009
	6.22
	< 0.001

	Fans
	0.000024
	0.000002
	12.68
	< 0.001

	Runtime
	0.0020
	0.0001
	15.32
	< 0.001



[bookmark: _Toc218363874]Table 7: Regression Model Summary
	Statistic
	Value

	R
	0.373

	R²
	0.139

	Adjusted R²
	0.139

	F-statistic
	539.2

	Significance (p-value)
	< 0.001



[bookmark: _Toc218363875]A. Independent Samples t-test
The independent samples t-test was used to test whether there is statistically significant difference in average film ratings according to English and Non-English films. The statistics of the groups are revealed in Table 3. The mean rating of English-language movies is 3.21, and the mean rating of Non-English movies is higher (3.51). Table 4 that has the t-test shows a statistically significant difference between the two groups (t = -24.88, p=0.001), with the confidence interval excluding 0. Such an outcome proves the fact that language group correlates with structural differences in the assessment of audiences. These differences can also be indicative of audience self-selection processes in which viewers who select non-English movies are more interested or critical in their ratings behaviour (Gupta et al., 2024).
[bookmark: _Toc218363876]B. Correlation Analysis
The Pearson correlation analysis was used to test the relationship between runtime and engagement metrics. The correlation matrix is used in Table 5. Runtime has weak positive relationships with likes (r = 0.15), watches (r = 0.15), and fans (r = 0.12), as it is only slightly related to increased engagement. On the other hand, likes and watches have a very strong correlation (r = 0.96), which indicates that the visibility and the volume of interactions grow in tandem with each other. These results can be summarised as the fact that engagement measures are highly interconnected, whereas runtime has a comparatively minor influence on the audience interaction, which can be attributed to accepted interpretations of engagement behaviour on on-line platforms (Gupta et al., 2024).
[bookmark: _Toc218363877]C. Regression Analysis
The multiple regression model was used to determine whether the engagement metrics would be the predictors of average film ratings. The regression findings are shown in table 6. The model accounts about 13.9% of the differences in the average ratings (R 2 = 0.139) and the model in its entirety is statistically significant (F = 539.2, p < 0.001). Coefficients of likes, fans, and runtime are all positive and statistically significant, which shows that the higher the engagement, the longer the runtime, the higher the ratings. Nevertheless, the low R 2 indicates that the engagement is an important factor to consider, but the ratings are also affected by qualitative factors that are not included in the model, which points to the necessity to integrate quantitative analytics with more content-based analysis (Whitten et al., 2017). Such results justify the use of predictive analytics in decision-making and outline the possible importance of more sophisticated modelling methods in further research (Kaur et al., 2025; Xie, 2025).
[bookmark: _Toc218363878]6. Insights and Recommendations 
The results indicate that the performance of films varies across genres and languages non-English ones are rated higher on average, whereas English-language films are likely to result in significantly more likes and followers. This proves the fact that the perceived quality and the level of engagement are independent dimensions of success in film platforms (Gupta et al., 2024). Such genres as Documentary and History have higher average ratings, which means that there are possibilities to use specific content strategies aimed at the critically oriented audiences (Behrens et al., 2020). This evidence indicates that film distributors must balance between the scale of coverage (genre targeting) and the level of appraisal (better language accessibility via subtitles) (Ahmed and Abdulkareem, 2024). Narrative efficiency should not be neglected as the primary goal of runtime optimisation. Platform specific bias and a lack of social network effects are some of its limitations, and in future research they need to be added to network-based interactions with audiences and cross-platform data (Dadlani et al., 2024).
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