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[bookmark: _Toc214043026]INTRODUCTION

In this report we aim to explore different techniques to analyse data patterns, relationships, and trends within a film data set, highlighting how in the media and entertainment sectors, data analysis techniques may benefit the decision-making process. Data analyses and trends in creative approaches are increasingly pertinent to the success of filmmakers, in terms of how audiences interact with each other but also how their experiences may impact creative products (Napoli, 2016; Küng, 2017). In this study, we examined the data set used for analysis as runtime, average ratings, genres, languages, likes, and fan counts thus allowing depth of studies concerning how various film attributes connect with audiences. 
The analysis is organized by important elements of the business intelligence process. It starts with data prep: identifying and resolving missing values, inconsistent entries, and formatting issues, since high-quality data is the foundation for any valid analysis (Provost & Fawcett, 2013). This is then processed through a descriptive analysis to describe numeric and categorical features and create an introductory overview of the structure of the underlying data. Next, trending data are analysed to illustrate differences across genres and languages using charts and graphs. 
[bookmark: _Toc214043027]Data Cleaning and Preparation 
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Data cleaning was performed with Microsoft Excel to confirm data accuracy, consistency, and appropriateness for statistical analysis. The initial step involved identifying missing or incomplete values across key variables such as Runtime, Fans, Likes, and Average Rating. These missing numerical values were examined to determine whether they were random or systematic. In cases where only a few observations were missing, records were eliminated to avoid the distortion of descriptive statistics; however, variables with moderate gaps, for instance Runtime, were imputed based on the median because this reduces the influence of extreme values (Little & Rubin, 2019). Differences in categorical fields were also corrected. 
The forms of Genres, Studios, and Original Language all displayed an irregular format, including mixed capitalization and list-type strings. The genre labels in brackets were converted into comma-separated values to enable easier filtering and classification. Column types were also reviewed to verify that numerical fields had not been stored as text (e.g., Likes and Fans), with conversion where applicable. All revisions have been formally recorded to preserve full data transparency and assure replicability. This cleaning procedure ensures reliability and replicability in subsequent analyses (e.g., trend analysis, statistical modelling) that are based on valid data for study (Provost & Fawcett, 2013).

[bookmark: _Toc214043028]Descriptive Statistics and Summary 
Descriptive statistics were presented in Excel as well as SPSS to illustrate early centre trends, dispersion, and structure patterns in the data. Descriptive analysis is imperative at this point as it first provides some base understanding of the information before any more advanced inferential methods (Field, 2018; Saunders et al., 2019). Numerical variables that were considered were Average Rating, Watches, Fans, Likes, and Runtime, and categorical variables such as Genres and Original Language were classified by frequency distributions and graphical representations. Descriptive measures were computed in Excel using the following basic statistical features: average, median, Stev, min, and max. The output showed that the dataset contains relatively popular films with the average Rating between 3.5 & 4.0 stars. 
[image: ][image: ]






(Figures: created by the author)
This indicates an overall favourable audience response, which is indeed the pattern for user-generated film ratings in film platforms (Pardo & Siemens, 2019). The analysis also showed a moderate variation of Runtime, with most films settling around 90 to 120 minutes. The distribution was visualized using SPSS boxplots and shown to be relatively symmetrical but having outliers with longer duration. The engagement variables Fans, Likes, Watches were highly variable and skewed positively, meaning that there are many films that garner excessive audience attention. SPSS outputs (e.g., skewness statistics and histograms) supported this observation.
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(Figure: created by the author)
 The high prominence of blockbuster titles and franchise productions in most media consumption datasets leads to such skewed engagement trends (Napoli, 2016). SPSS frequency tables and Excel pie charts were used to summarise categorical variables. The Genre distribution indicated Drama, Horror, Action and Science Fiction were the most common categories. A pie picture revealed that Drama was the leading genre, demonstrating its prominence within international filming. Also, in the case of Original Language, English films comprised the largest part of data which is a consequence of the worldwide dominance in the market of English-language media (Küng, 2017). Bar charts were employed in measuring language frequencies which provided clarity in visualizing linguistic concentration.
 Boxplots made in SPSS further highlighted outliers in variables such as Fans and Likes, highly successful or popular films. The importance of identifying these outliers lies in their potential effects on correlation and regression results, unless accounted for in subsequent analyses (Field, 2018). In general, the descriptive statistics portray this dataset as having well rated films, high engagement distribution, and the largest proportions of English-language and drama-based works. These observations provide crucial background for the subsequent trend analysis and statistical testing.

[bookmark: _Toc214043029]Trend Analysis and Visualisation 

Trend analysis was performed with Excel and examined how viewer engagement metrics (for example, the average ratings, watches, and fan counts) differ among categorical variables (e.g., genre and original language). Graphical methods of visualization including, but not limited to, bar plots, data line graphics and scatter are employed to uncover a pattern for relations and associations in the data, giving a more accurate representation of film performance among groupings of viewers. Trend analysis is one of the key elements of business intelligence and can reveal regular patterns that assist in strategic decision-making on a creative level (Küng, 2017; Provost and Fawcett, 2013). Excel generated bar charts indicated marked variability in average rating across genres. 
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(Figure: created by the author)
Drama, Horror, and Science Fiction ratings ranged in a moderate average range and Animation and Action were more consistent in terms of audience approval. Among the different categories for Animation movies, average ratings were generally higher than 4.0 (consistently high), indicating good cross-demographic attractiveness. This result is consistent with earlier studies showing that animation often appeals to wider audiences because of universal themes and accessible storylines (Barrier, 2019). 
Horror, for example, varied further, indicating the polarising nature of the genre being marketed (as opposed to a whole genre), as well as the niche appeal of such content. On analysing original language, a second pattern emerged. English-language films were represented mostly in the bar charts, and they also received a slightly higher average rating when compared to non-English films. Other languages including Japanese and French showed strong audience appreciation despite lower frequency. 
These findings are consistent with research indicating that international and arthouse offerings frequently attract dedicated but smaller audiences, with strong ratings but lower watches or fan counts (Tryon, 2020). The scatter plots show how runtime affects the participation of audience, for example, Fans and Likes. The chart results showed only weak signs of improvement; longer films tend to garner slightly higher engagement, but this relationship does not form a linear one. 
This observation is consistent with media literature that argues that longer running times may be expected to provide more intricate narratives, which appeal more strongly to movie lovers and raise the perceived quality of films (Bordwell & Thompson, 2020). Nevertheless, extreme outliers observed visually on scatter plots showed blockbuster titles with inflated fan counts irrespective of runtime, indicating external influences like franchise name and studio audience popularity. 
Time or ordered categorical trends were visualised for visualization in line graphs; plotting average rating by category distribution, say in plot order of rating and rating by genre rank indicated that genre was equally popular in drama content. Such charting highlighted the overwhelming primacy of a category in determining audience interactions. Overall, the visualisations generated as part of Excel prove the strong linkages between the parameters of a film and the attitudes and behaviours of its public. Genres and linguistic medium are powerful factors in influencing the perception of the audience, and levels of engagement like fans and likes to show pronounced irregularities, which align with the habits of digital media ecosystem consumption (Napoli, 2016). The noted patterns reveal important points of reference for studios, distributors and streaming operators in their strategic content decisions for how to maximise their reach and more accurately predict audience appetite.

[bookmark: _Toc214043030]Statistical Analysis Using SPSS 

Analyses of statistically meaningful relationships between the major variables in the dataset (average ratings, runtime, fans, and likes) were carried out in SPSS. The analyses sought to see if differences, or associations of differences, exist between the categories of films and between different measurement metrics of audience interaction. The statistical process was carried out in conformity with recommended analytical methods for media and social data based on the statistical intuition that quantitative methods help in revealing behavioural or perceptual mechanisms (Field, 2018; Pallant, 2020).
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An independent samples t-test was administered to examine the Mean Rating of English compared with non-English films. And the test tested whether language is linked with different audience responses. SPSS classified films by Original Language and calculated the difference in the mean ratings both in groups. Results showed a statistically significant difference among the two groups, with the English-language films scoring marginally higher average ratings. This result is consistent with other studies suggesting that exposure to media in English and media in the Western context is usually better because its availability on a global scale, exposure to marketing, and familiarity with cultural settings allows for wider dissemination (Tryon, 2020). Yet, with high-rating non-English films, language distinction alone cannot explain audience preference.
Correlation Analysis
We calculated Pearson correlation coefficients between Runtime, Watches, Fans, and Likes. There was a weak positive correlation between Runtime and Watches, and so this seems to indicate that longer films have slightly more views than shorter films. Fans and likes showed a stronger correlation, indicating that fan engagement will lead to positive interactions on rating platforms based on social media. SPSS scatter plots backed up these findings and showed notable clustering along a trendline for Fans–Likes, as opposed to Runtime–Watches which had much wider spread. These results are in line with past research demonstrating that audience engagement behaviours often exhibit nonlinear or platform-driven trends (Napoli, 2016).
Regression Analysis
Using simple linear regression analysis, we assessed the predictability of audience engagement variables in predicting Average Rating. Fans, Likes, Runtime were selected as predictor variables. The regression model was significant but with moderate explanatory power overall. Likes were the strongest predictor, suggesting that films with more positive engagement tend to earn higher ratings. Runtime was little part of the model itself and indicated that just narrative length does not significantly influence that the perceived quality of films.
A second regression investigated the correlation between Original Language and the engagement metrics (Fans and Likes). Results: Language had a small but statistically significant effect, with English-language films receiving higher predicted engagement. This finding adheres to cultural distribution theories, which argue that global digital audiences are more exposed to English-dominant media ecosystems (Küng, 2017).

Interpretation

Taken together, the SPSS analyses suggest that language, genre-specific appeal, and online engagement patterns contribute to variations in film performance. While audience ratings show some linguistic differences, engagement variables such as Fans and Likes are stronger predictors of film success. These results highlight the importance of incorporating user-generated interaction metrics into analytical frameworks within the media and entertainment industries.
[bookmark: _Toc214043032]Insights and Recommendations 

Many trends emerged that were relevant to business intelligence and decision-making within the media and entertainment sector. First, descriptive and trend analyses revealed that certain genres, namely Drama, Animation, and Science Fiction, tend to get higher average ratings, while Horror displays greater variability. We may be able to discern from past analysis that audience response to a genre is more subject to genre preference, considering other studies showing that conventions in specific genres heavily influence audience expectation and satisfaction (Bordwell & Thompson, 2020). There were also language differences; overall engagement with English-language films was high, indicating the global dominance of English media distribution channels (Küng, 2017). It offered a deeper look from stats at the viewers. 
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(Figure created by the author)
It also established correlation and regression which shows how Likes and Fans strongly predict Average Rating and highlights community of audience cultivation as a key element in achieving audience engagement. Runtime’s link to engagement is only weak, suggesting that quality and audience loyalty are potentially more important predictors of success than duration. Several data-driven recommendations are suggested based on these findings. Film distributors and streaming platforms should focus on genre targeting and focus more on proven high engagement genres while leveraging audience segmentation to help promote niche genres more effectively. 
Increasing multilingual subtitle options for non-English films can contribute to rising media exposure and accessibility for those who aren’t fluent English speakers, while also helping to break down these linguistic barriers to reach the global audience. Given the power of engagement metrics in general, as well, the social interaction services should be optimised, including fan lists, sharing and recommendations. But the analysis is affected by the absence of contextual variables release year, marketing budget, regional distribution patterns that can affect engagement. These variables must be combined in the future to construct more robust predictive models and provide further understanding about audience behaviour.
[bookmark: _Toc214043033]Conclusion
We have gained from this analysis the ability to employ systematic data analytics processes, namely data cleaning and descriptive statistics, trend analysis and inferential testing, with respect to audience engagement and the performance of films in the entertainment industry. Through the data preprocessing and organizing of the data set, insights were drawn from the most accurate, harmonious and meaning-making information, consistent with the values of best practices for BI and data driven decision making.
 Descriptive evidence extracted through this analysis identified strong trends in performance pattern between genres, language variance and variety in involvement. Genres like Drama, Animation and Science Fiction scored higher averaged ratings than the rest of the category, as did English language films for that matter in terms of increased overall engagement. The trend visualizations also illustrated differences in viewer preferences according to film characteristics and the statistical analysis verified significant relationship with Likes and Fans predictive power towards the overall ratings. Correlation and regression analysis further elucidated the audiences' drives, demonstrating that engagement measures were the significant predictors of the success of films over variables such as runtime. These findings are in line with broader industry research that highlights the role of user interaction, digital visibility and social metrics in shaping viewer actions.
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