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[bookmark: _Toc216538958]Introduction
Business intelligence (BI) has become one of the most important capabilities of organisations that aim to turn high amounts of data into viable strategic knowledge. Modern BI systems are also becoming more advanced with analytics, automation, and artificial intelligence to aid evidence-based decision making in a variety of fields (Gad-Elrab, 2021; Selvarajan, 2024). With organisations working in data-rich contexts, the capacity to derive value out of structured datasets using descriptive, predictive and inferential methods has become the key to sustainability of competitive advantage (Adewusi et al., 2024). In this report, a significant movie dataset is used to showcase the application of the business intelligence techniques to analysing a dataset of large scale to support informed decision making by identifying the sources of performance, discovery of behavioural patterns and identify performance drivers.
The dataset under analysis consists of 10,000 movies and contains variables connected to the evaluation of audience and involvement and includes such variables as average ratings, runtime duration, watches, likes, fans and total ratings. The analysis was done using both Excel and SPSS and follows a well-structured BI workflow, which includes data preparation, descriptive analysis, trend visualisation and statistical modelling. This strategy is typical of known BI patterns that role-play a structured approach to data management, integrating and interpreting data as a requirement step towards value generation (Milosevic et al., 2021; Purnomo et al., 2021). The report relates empirical results with recent literature on BI and critically assesses to what degree the audience rating can be explained by the metrics of the popularity and the content characteristics, but also identifies the weaknesses of the purely quantitative metrics in the interpretation of the perceived quality.
[bookmark: _Toc216538959]Data Cleaning and Preparation
Quality data and powerful analysis underlies the use of business intelligence. The data were cleaned and formatted in the excel before analysis to provide consistency, accuracy and usability. Cheques on variables were done to ensure completeness and correct data type, numeric variables like ratings, runtime and engagement measures were checked to eliminate formatting errors. An aestheticised genre variable was made to normalise categorical values so that aggregation and comparison of films can be done reliably across genres. On the same note, original values of language were standardised to facilitate meaningful segmentation.
The given preparation step coincides with BI studies that have stressed that low information quality compromises analytical validity and results in misinformed conclusions (Milosevic et al., 2021; Hosen et al., 2024). It is especially crucial to automate and standardise data handling operations in multi-team and data-intensive settings, where duplicated or inconsistent data may bend the decision results (Adepoju et al., 2022). After preparation, the descriptive statistics and visual trend analysis were performed in Excel, whereas the inferential statistical testing with t-tests, correlation analysis and regression modelling were conducted with the assistance of SPSS. This mix represents the best practise in the field of BI, where exploratory and confirmatory analysis is used to reinforce the evidence-based findings (Charles et al., 2023).
[bookmark: _Toc216538960]Descriptive Statistics and Summary
The descriptive statistics give a necessary background of the overall structure and distribution of the data set. Mean average rating in all the films is 3.27 and the standard deviation is very low and is 0.53 meaning that the majority of the films are rated in the mediocre range with the most films being concentrated around the mean. The lowest score of 1.08 and the highest score of 4.71 implies restricted extreme ratings, which indicate that there is some sort of consensus in the audience rating. It is this stability that supports the opinion that ratings are subjective, but they appear to converge at scale, which justifies their utility as a high-level quality metric in BI systems (Niu et al., 2021).
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Conversely, the engagement variables are highly skewed. The average duration is 103 minutes, although with a large distribution of up to 907 minutes, which indicates the existence of the extreme outliers, which are the experimental or lengthy format movies. Watches, likes, fans and total ratings are effectively varying substantially and having extreme maximum values, which is characteristic of the long-tail distribution with a small number of films receiving disproportional amounts of attention. As an illustration, the mean view of watches is more than 170,000, whereas the limit is more than five million and the audience exposure is highly uneven. These trends are typical of digital platforms and highlight the need to combine descriptive metrics with distribution-sensitive analytics to not be over-reliant on averages (Adewusi et al., 2024).
These results show that engagement measures should be interpreted subtly from a BI standpoint. Although big numbers might be an indicator of business success or presence, they do not always mean consistent high quality. Gad-Elrab (2021) claims that the value of BI is not achieved when a large amount of data exist but when a particular data is analysed in context and this allows distinguishing between signal and noise. This descriptive finding thus preconditions a further investigation of the connexions between ratings and content features and popularity indicators.
[bookmark: _Toc216538961]Trend Analysis and Visualisation
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Excel visualisation trend analysis shows valuable trends in genres, languages and quantitative relationship. Genre-based analysis reveals that films that relate to narrative-oriented and artistic genre like drama and thriller-hybrids are more likely to get high average rating as compared to genres that focus on mass entertainment like comedy. This implies that audience analysis can put more emphasis on perceived depth, narrative and emotion than entertainment-oriented qualities. This kind of differentiation reinforces BI research that suggests that segmentation analysis helps organisations to find high-value sets of content as opposed to being treated as the same (Purnomo et al., 2021).
Language analysis also brings about differences in content visibility and evaluation. Although English-language movies are the most numerous on the data set, non-English ones tend to have more prominent average ratings. This trend indicates a selection factor, according to which international movies appearing on the site can be more highly rated or niche audiences with higher evaluative criteria. In the perspective of BI, the discovery shows how segmentation can expose hidden insight that defies more assumptions on the basis of market dominance itself (Niu et al., 2021).
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The analysis of the scatter plot gives further information on the quantitative relationships. In the plot of the runtime and rating, there is no great linear trend and the ratings tend to cluster around the average irrespective of the film length. This implies that the perceived quality does not necessarily increase with increased runtime, which further supports the claim that the effectiveness of the content in question should not be defined by the duration thereof but rather by the execution. Likewise, the scatter plots of the likes and watches versus the ratings show weak positive correlations, which means that the highly-liked movies are slightly more likely to receive higher ratings, but with a significant variability. These visualisations are precursors of the statistical outcomes and demonstrate how exploratory visualisation supports the formal modelling of data in BI processes (Charles et al., 2023). 
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Statistical confirmation of observed trends is through inferential analysis done in SPSS. The independent samples t-test results of the English and non-English film sample indicate that the difference between the mean ratings is statistically significant with non-English films rated higher. The average difference of about 0.30 points is extremely considerable (p < 0.001) and it means that the language is connected with the systematic differences in audience appraisal. This finding corroborates previous descriptive studies and argues that the perception of quality is affected by cultural and contextual variables not just as a result of exposure.
Correlation also gives a better understanding of relations between important variables. Runtime is weakly positively correlated with average rating (r = 0.187) indicating that there is just a weak correlation between the length of the film and the rating. Measures of popularity such as watches, likes and fans demonstrate inter-correlations, with watches and likes the most strongly correlated (r = 0.951), suggesting that watches and likes have a good deal of overlapping audience engagement dimension. But, the relationship between popularity indicators and ratings are low, with likes being the most strongly related to ratings (r = 0.290). These findings underscore an essential BI fact engagement intensity and perceived quality are two different constructs that are connected.
The regression analysis combines such relationships to create a predictive model. The regression model which predicts the average rating through runtime, likes and fans is statistically significant (p < 0.001), but has a rather small percentage of variance in ratings. It means that though the engagement metrics may help to explain ratings, a significant portion of the fluctuation cannot be explained. Likes are found to be the most predictive, followed by weaker effects of runtime and fan count. The result is consistent with the literature on BI that highlights the fact that in most instances, predictive models lack explanatory power when used on complex human judgments and therefore, requires complementary qualitative and contextual information (Bharadiya, 2023; Selvarajan, 2024).
More importantly, the fact that the regression model has low explanatory power undermines simple fallacies that popularity is quality. According to Eboigbe et al. (2023), BI systems should go beyond the surface-level metrics, and they need to add more analytical dimensions to make strategic insight instead of descriptive reporting.
[bookmark: _Toc216538963]Insights and Recommendations
The analysis has some significant insights into the interaction between the evaluation and engagement of the audience in a content-driven setting. The notable result is that average film ratings do not vary dramatically throughout the dataset, whereas the measures of engagement including watches, likes and fans are very skewed. Though popularity indicators are largely correlated with each other, they are relatively weakly related to ratings. This implies that popularity and number of views are not always accurately billed as perceived quality. Moreover, it was discovered that the average rating of the films in non-English was much greater than of the films in English language, even though the latter are underrepresented, which shows that the cultural or narrative uniqueness can positively affect the audience assessment. This pattern is also supported by genres, with those genres that are narrative-driven as drama and thriller hybrids performing better at ratings compared to the mass-market genres like comedy.
These findings have obvious implications on decision making, as far as business intelligence is concerned. First, BI systems must not be too reliant on the volume of engagement as an indicator of quality but integrate multidimensional measures of performance. Genre level understanding would help the decision-makers allocate more resources to content category that has a higher rating as opposed to concentrating on the high-traffic sections only. Second, the systematically superior ratings of non-English films indicate a possibility of directing the strategies toward language, such as increased support of the use of subtitles and promotion of the international content, to increase the perceived value and to diversify the audience. Third, the low correlation between runtime and ratings means that the runtime optimisation process should focus on narrative effectiveness and not length, upsetting the assumption that a longer content is necessarily even better.
Nevertheless, the analysis has its limitations. The data does not include qualitative items, including storyline themes, the production budgets and marketing efforts, which can greatly determine ratings. Moreover, the regression model describes a relatively small percentage of rating variation, which underscores the complexity of the perception of the audience. The next stage of the research might be the use of machine learning and unstructured data, including reviews or sentiment analysis to enhance the insights of BI and increase the accuracy of the predictions, as it is proposed in the latest studies of BI (Gad-Elrab, 2021; Selvarajan, 2024; Adewusi et al., 2024).
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Descriptive Statistics
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Group Statistics
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Independent Samples Test
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Correlations
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