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1. [bookmark: _Toc216789373]Introduction 
The aim of this report is to investigate and analyse the Letterbox Movie Classification Dataset (Data Sheet C2), to discover viewing trends and find out major factors for a film’s popularity or average rating. In the modern media and entertainment industry, businesses use business intelligence (BI) and data analysis to inform strategic decision-making, optimise their offerings, and improve the satisfaction of their audience. Understanding how factors such as genre, runtime, language, watches, likes, and fan counts relate to movie ratings offers data-driven decision makers invaluable insights.

This report combines many approaches to statistics. Using application tools conceptually the same as Microsoft Excel and IBM SPSS, it starts methodically from data cleaning and smoothing. Descriptive statistics are then applied to summarise numerical and categorical variables, visualisation techniques and trend analysis used to figure out out patterns in ratings and engagement across genres and languages. Finally, in order to test our hypotheses and find significant predictors of movie ratings and engagement, we conducted statistical analyses including correlation analysis, independent-samples t-tests and regression model building.

The main objectives of this analysis are to: (1) process a few data sets into nice data, (2) take stock of dataset characteristics so as better understand it (this step involves including the model's final fit), (3) analyse movie rating vs. rating cardinality to find trends and patterns which may appear in kludge city opportunities for further research or more robust results, studying things like when jokes come for example, and finally (4) come up with recommendations on how to better use such data others in this field of action. Movements of new visual styles start off in tandem internationally, anything that is trending globally puts us all on Gregorian calendar time or with more technical help of similar peers from abroad, familiarize each other over social media networks, among friends nationwide.

[bookmark: _Toc216789374]2. Data Cleaning and Preparation 

We checked the dataset to be sure the quality of the data was okay for use in business intelligence. Checking for missing values in key numeric variables, like duration and the average rating of a film, wonderworks finally looked at watches number of likes it received finally, number of fans followed. There was no significant missing data found in these core variables; therefore, there is no need to impute the missing values or drop those cases. It was essential to ensure that they were complete because this forms the foundation for descriptive as well as trend and statistical analysis.

Categorical variables such as genres and studios were standardised to improve consistency. So-called text data, i.e., dictionaries of film names as well as any other text-input information about movies that may have been brought into the database, will have leading and trailing spaces removed. Also, I try to tidy these text fields as much as possible: so when there are three different ways in a movie title of using capital letters for words with more than one or up to five. If a film has genre distinctions * such as action-adventure, these have been divided and classified.
The dataset was checked for errors in the variable types. This data has numerical values, all recorded as numbers, which can be calculated accurately using summary statistics and statistical tests as needed.
To deal with its skewed distribution, engagement variables (watch time, likes, and fans) were logarithmically transformed--and then used in correlations or regressions. By transforming them in this way, the impact of any extreme values is mitigated somewhat and statistical models become more comprehensible.
Clean, well-prepared data are crucial elements in BI systems. Failure to check and pre-process the data before it enters the system can lead to erroneous conclusions; processing will wash out whatever useful information there may be while producing only static noise with no redeeming value whatsoever. For these reasons, the preceding two steps created reliable and valid conditions within which further analysis proceeded.
2. [bookmark: _Toc216789375]Descriptive Statistics and Summary 

Using descriptive statistics to understand the dataset a little better by summarizing the main numbers or types of variables, the mean value for movie ratings in the data is 3.27, which indicates that audiences generally give a fairly average assessment. The longest running movie averaged about 103 minutes a piece, so most films are just a bit longer than 90-100 minutes long and this is the most convenient length for them to be shown in theatres. A summary view is given in Table 1 below. Engagement variables such as watches, likes, and fans all showed a great deal of variability along with positive skewness. This is to say that only a small number of films rack up an extraordinarily high engagement figure. On the other hand, the vast majority lie below some more modest threshold and so are not terribly popular at all.
The third point, showing how certain films bring in a lot different amount from what audiences put out as perspiration merely acknowledges this fact. Thus heterogeneity in audience interest is reflected. In the diagram shown below, one can see that the average ratings were concentrated in the middle range for most films with a few exceptions.
In the dataset, the categorical analysis has revealed a range of genres. The most frequent are drama, comedy, thriller, action and horror in that order of frequency. This reflects larger tendencies in the film industry where dramas and comedies hold sway on screen as well. These genres graphically illustrates the domination by these genres.

As linguistic analysis reveals it, with English language films occupying the overwhelming majority and non-English pan-European others (including French, German, etc., a somewhat smaller plurality of cases, but still a far from insignificant group of films. Comparing average ratings within languages, Figure 3 is a boxplot that gives the impression that non-English films have a higher median rating and a tighter interquartile range than their English counterparts.

In this manner, descriptive statistics offer a basic sketch of the dataset: What are some typical traits? How does engagement with the audience break down? And what sorts of initial differences one may suspect exist among languages-- or genres? This information gives deeper-level analysis trends or statistical evaluation by pointing out where different tendencies appear and perhaps sheds light on how varied elements interact.
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Figure 1. Distribution of Average rating
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Figure 2. Top 10 genres by frequency (bar chart).
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Figure 3. Average rating by language group (boxplot: English vs non-English).

[bookmark: _Toc216789376]4. Trend Analysis and Visualisation 

Conducting a trend analysis, we explored how film ratings and engagement metrics vary across different genres. Trend analysis was conducted to explore how film ratings and engagement metrics vary across genres and languages. Using Excel-style visualisations, average ratings were compared across the most popular genres. 
As presented in Figure 4 (genre-by-hour rating), documentaries, history, war and music films all scored significantly higher average ratings than horror or action films. This suggests that, generally speaking, informational or content-driven genres should be evaluated more favourably by the audience, while genre films that exist primarily for entertainment might attract a more polarised rating. 
Documentary filmmakers who specialise in society's 'throbbing parts' might thus be well advised to avoid such topics as race or radical politics. Genre-based engagement trends show that high-traffic genres like drama and comedy will attract the most viewers and likes, even though their average ratings are not that high. This highlights an important BI insight: things are popular but how much critical acclaim do they receive? High engagement may not lead to better average ratings at all.
Language trends now make this difference even clearer. Surely, when the non-English language films are total, fewer in number, they are almost universally received with higher reviews, which implies that their appeal is seen by an international audience finding common cause or niche audience. But English language films with their broader accessibility always do better as a whole.
As we can see from Fig. 5, a study of watch counts and likes in a scatter chart (Figure 5) indicates a strong positive correlation between these two variables. Almost all films with higher watch counts will get more likes; however, those whose like count is less cannot reach a large audience, so they mix both general and specific feedback scales. This particularly applies to applications for BI, where you can make immediate use of the feedback.
By contrast, Lang Section 4 suggests that genres, languages, and engagement metrics are interacting in more complicated ways. Visualisation technologies, used attentively, reveal these patterns - helping those involved with their work to pinpoint pockets of good films, realms where they can succeed (or at least understand what audiences want), and people who are yet living according to long-outdated ideas.
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Figure 4. Mean Average_rating for top 10 genres (bar chart).
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Figure 5. Relationship between Watches and Likes (log-log scatter plot).


[bookmark: _Toc216789377]5. Statistical Analysis Using SPSS 

To formally test the relationships and differences in the dataset by statistical means, inferential analyses were carried out. An independent-sample t-test showed whether there was a statistically significant difference in average scores for English-language and non-English films. The null hypothesis was that there was no difference in average scores between them. Results showed that English language movies had an average score of about 3.21 (8,074 people), while non-English movies had a higher average score of around 3.51 (1,926 people). For the Welch t-test, the t-value was approximately −24.88 with a p far below 0.001, leading to the rejection of the null hypothesis. There is a statistically significant difference in the scores, with foreign films have higher or lower average ratings.
We then did a correlation analysis to see the relationships among major numerical variables. Watches showed an extremely high level of association with the type of response (r ≈ 0.95), indicating that films with larger readership tend to attract a lot more "Likes". Watches have a weaker but still positive correlation with total ratings (r ≈ 0.25), suggesting that popularity is not directly associated with high quality. 
Runtime demonstrated a very weak positive correlation with fan numbers (r ≈ 0.09), so long films do not always produce many clicks.
Last, a regression analysis was conducted to identify what factors predict an average rating. In fact, a multiple regression model including runtime and the log of watches, likes and fans explained 67 per cent of the variance in average ratings (R² ≈ 0.67). As one would expect, likes and fans are positive and significant predictors. Runtime had only a small positive effect. When watches are included in the equation alongside likes, it has a negative coefficient. This is likely due to multicollinearity, as these variables are highly correlated. Thus, care needs to be taken even in choosing which variables are included for predictive modelling when some of them could create problems with others.

[bookmark: _Toc216789378]6. Insights and Recommendations 

The study also offers several essential hints for business intelligence people in the film and entertainment industry. To start with, genre is an important predictor of audience appreciation. Documentary films receive higher average ratings than fictional or historical pieces. Second, language matters. Foreign language films receive higher ratings than those for which English serves as the main language, despite lower general engagement. Third, such measures of engagement as watches and likes are closely interrelated. This only guarantees that these data can be seen as criteria for taste.

From these findings, we can offer a few data-driven recommendations. Film distribution companies and streaming platforms might think about promoting high rated genres with targeted publicity to viewers in search of this kind of high-end fare for entertainment purposes. Giving non-English films strong subtitles and localisation strategies to help them reach more people could also be beneficial. Marketing teams might also use likes as a particular KPI early on to predict broader audience engagement. Finally, runtime optimisation should be scrutinised more closely: longer running times for example do not necessarily mean higher popularity.
There are some limitations to this analysis. The dataset only represents hypothetical results that are valid for one particular user community and might not be true about the larger majority of people. In addition, the observational study design limits the ability to draw causal inferences. In the next stage of research, we might wish to include some extra variables like the production budget, the year in which it was released r even and sentiment analysis tutorials for reviews to improve predictive accuracy according benchmarkable standards etc also get more strategic insight as to how this movie would fare in future release events
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