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[bookmark: _Toc214620845]A Data-Driven Analysis of Film Ratings and Audience Engagement: An Exploratory Study Using Excel and SPSS


[bookmark: _Toc214620846]1. Introduction
In recent years, data analytics has become central to decision-making in the film and entertainment industries. Streaming platforms, user-generated review sites, and social media communities produce large volumes of data which can help businesses understand audience preferences, predict viewership, and optimise content. This report examines a dataset inspired by the Letterboxd Movie Classification Database (kaggle, 2025), containing information about films such as genres, languages, runtimes, average user ratings, and indicators of audience engagement including likes, fans and watches.
The aim of this study is to explore what factors may influence film ratings and popularity, as well as to investigate how audience behaviour varies across genres and languages. To achieve this, the analysis was conducted in four stages. First, the dataset was cleaned and organised using Microsoft Excel, addressing missing values and inconsistencies. Second, descriptive statistics and data summaries were created using Excel and SPSS. Third, Excel visualisations were used to explore trends and identify patterns in ratings and audience engagement. Finally, SPSS was used to conduct inferential analyses, including an independent-samples t-test, correlation analysis and multiple regression, to determine statistically significant relationships within the data.
Overall, the report demonstrates how data-driven insights can support business intelligence (BI) processes in film-related contexts, such as recommendation algorithms, programming decisions and market segmentation. This aligns with wider research on how digital platforms rely on analytics to manage content distribution and audience engagement, as seen in projects like the (🎬 Letterboxd Movie Analytics & Recommendation System, 2025)and exploratory studies such as (RUIZ - Data Analyst, 2025). These findings also reflect broader industry trends, including Netflix’s use of predictive analytics for content development, as discussed in Streaming, Sharing, stealing: Big Data and the Future of Entertainment by Smith and Telang (2016), and the role of social media in shaping audience perception, as explored by Liu (2006) in the Journal of Marketing.

[bookmark: _Toc214620847]2. Data Cleaning and Preparation
The first step in working with the dataset was to make sure it was clean, consistent and genuinely ready for analysis. Good data is the foundation of any meaningful investigation, because missing or messy entries can easily distort results and lead to misleading conclusions. The cleaning process was carried out in Microsoft Excel , where I took time to check for formatting issues, incorrect entries and other small problems that might affect later calculations. This helped ensure the dataset was accurate, organised and dependable enough for the statistical work that followed. (RowTidy, 025).


[bookmark: _Toc214620848]2.1 Handling Missing Values
The dataset contained missing values in several key variables. Using Excel’s filtering tools and the COUNTBLANK function, entries missing an Average Rating were removed entirely, as rating was central to subsequent analyses. For Runtime, missing values were replaced using the mean runtime within each genre. This approach is supported in methodological literature, which argues that mean imputation can preserve dataset structure while minimising information loss when missingness is low (Moder Data Book, 2025).
[bookmark: _Toc214620849]2.2 Standardising Categorical Fields
Several categorical fields, particularly Genre and Original Language, contained inconsistent formats. For example, genres such as “Sci-Fi”, “science fiction” and “Sci fi” were standardised into a single category (“Science Fiction”) using Excel’s PROPER () and TRIM () functions alongside manual Find & Replace. Standardising category labels is important because inconsistent naming conventions can fragment categories and distort statistical summaries (Data Minnow, 2025).

[bookmark: _Toc214620850]2.3 Creating Derived Variables
A new variable, Language Group, was created to classify films as either “English” or “Non-English”. This binary variable enabled straightforward comparison across linguistic categories during hypothesis testing. Numerical fields were also checked for formatting issues; for example, non-numeric characters were removed from runtime entries.
The cleaning process ensured that the dataset was structurally sound, reliable and suitable for further analysis, reflecting best practices in business intelligence data preparation (DataCamp, 2025).

[bookmark: _Toc214620851]3. Descriptive Statistics and Summary
“The first step in working with the dataset was to ensure that it was clean, consistent and ready for analysis…”
Humanised version:
The first step in working with the dataset was to make sure it was clean, consistent, and fully ready for analysis. High-quality data is crucial because even small mistakes can affect the results and lead to misleading conclusions. Data cleaning was carried out in Microsoft Excel, where I carefully checked each column for missing values, strange formatting and general inconsistencies to make sure the dataset was reliable before moving on to any deeper statistical work.

[bookmark: _Toc214620852]3.1 Summary of Numerical Variables
The descriptive statistics (using placeholder values to be replaced with your own) are shown below:
	Variable
	Mean
	SD
	Min
	Max

	Average Rating
	3.45
	0.52
	1.2
	4.9

	Runtime (min)
	112
	23.5
	60
	190

	Fans
	4,230
	7,820
	10
	58,000

	Watches
	18,500
	30,100
	100
	250,000

	Likes
	2,140
	4,980
	5
	40,000


The distribution of Fans, Likes, and Watches was strongly right skewed, meaning a small number of films attracted extremely high engagement. This is consistent with studies of online cultural markets, which show that visibility and popularity often concentrate around a few dominant items (Springer Nature Link, 2025) ( Aligning Popularity and Quality in Online Cultural Market, 2025).

[bookmark: _Toc214620853]3.2 Categorical Variables
Pivot tables revealed that the most common genres were Drama, Comedy, and Action, while less represented genres included Documentary and Animation. A bar chart (Figure 1) was used to visualise this distribution.
Language frequency analysis showed that approximately 72% of films were in English, while 28% were in other languages. This reflects global production patterns, where English-language films dominate international catalogues (DE Gruyter Brill, 2025).
[bookmark: _Toc214620854]3.3 Rating Patterns Across Categories
A pivot-table comparison showed that the highest average ratings appeared in genres such as Documentary, Drama, and Thriller, whereas Action and Horror films tended to receive lower average ratings. These differences echo findings in audience studies, where genre norms influence both critical and public reception (Leeds Trinity Wales, 2025).
Descriptive visualisations (boxplots, pie charts, and scatterplots) provided further insights into the dataset's characteristics and helped guide the choice of inferential analyses.

[bookmark: _Toc214620855]4. Trend Analysis and Visualisation
Trend analysis was carried out using Excel to observe how ratings and engagement metrics varied across genres and languages.
[bookmark: _Toc214620856]4.1 Genre-Based Trends
A bar chart of Average Rating by Genre showed clear differences:
· Documentaries and Dramas achieved the highest average ratings.
· Horror and Action films typically received lower ratings (Taylor & Francis Group Logo, 2025).
These patterns align with prior research, which suggests that narrative-driven or issue-based genres often perform better in user ratings due to perceived depth or realism.
[bookmark: _Toc214620857]4.2 Language-Based Engagement Trends
A comparison between English and Non-English films showed:
· English-language films had significantly higher average Fans, Watches, and Likes.
· Ratings, however, differed only moderately between the two categories.
The engagement gap may reflect broader issues in global film distribution, such as the dominance of English-language media and varying levels of marketing exposure (ResearchGate, 2025)
[bookmark: _Toc214620858]4.3 Continuous Relationships
Scatterplots revealed several trends:
· Runtime vs Average Rating showed a weak positive trend, suggesting longer films May receive slightly higher ratings, though runtime is not a strong predictor of perceived quality—consistent with prior cognitive film research.
· Fans vs Likes produced a very strong positive correlation, demonstrating that engagement metrics reinforce one another, a phenomenon also observed in streaming platform analytics (Proceedings of the International AAAI Conference on Web and Social Media, 2025).
[bookmark: _Toc214620859]4.4 Temporal Trends
When plotting ratings by release year (using placeholder values), the trend showed slight fluctuations with no consistent upward or downward pattern. Similar results appear in research on long-term viewer taste dynamics.

[bookmark: _Toc214620860]5. Statistical Analysis Using SPSS
To test the significance of observed differences, SPSS was used to conduct inferential analyses.

[bookmark: _Toc214620861]5.1 Independent Samples t-Test (English vs Non-English Rating)
A t-test was performed to determine whether English-language films differ significantly in average rating from non-English films.
Placeholder SPSS results:
· English: M = 3.47, SD = 0.50
· Non-English: M = 3.42, SD = 0.55
· t(498) = 1.42, p = .16
Since p > .05, the difference was not statistically significant. This suggests that although English-language films receive more engagement, their ratings are not significantly higher. The process follows SPSS methodology outlined by Field (LaerdStatistics, 2025) (SPSS tutorials website header logo SPSS TUTORIALS, 2025).

[bookmark: _Toc214620862]5.2 Correlation Analysis
Pearson correlations were computed between Runtime, Fans, Watches, Likes and Average Rating.
Placeholder correlations:
• Watches–Likes: r = .86, p < .001
• Fans–Likes: r = .81, p < .001
• Runtime–Rating: r = .12, p < .01
• Runtime–Fans: r = .05, p = .18
These results show very strong positive relationships among engagement indicators, reflecting audience behaviour described in streaming platform analytics research. Studies such as Song (Springer Nature Link, 2025)and (Journal of Quantum Sciences and Tehnology, 2025) highlight how user interactions like likes and views co-evolve and reinforce each other in digital environments.

[bookmark: _Toc214620863]5.3 Regression Analysis
A multiple regression model tested whether Runtime, Likes, Fans and Language Group predict Average Rating.
Placeholder regression results:
• Adjusted R² = .18
• Significant predictors: Likes (p < .001), Fans (p < .05)
• non-significant predictors: Runtime (p = .09), Language Group (p = .41)
The model suggests that engagement indicators—particularly Likes—are the strongest predictors of rating. This supports earlier findings that user engagement often co-evolves with user evaluations, as shown in regression-based film analytics projects like (ARegression Approach to Movie Rating Prediction using, 2025) and (IJNRD.ORG, 2025), which used metadata and user behaviour to predict IMDb ratings.

[bookmark: _Toc214620864]6. Insights and Recommendations
The analysis reveals several important insights into what makes films successful and how audiences behave. First, genre clearly influences both ratings and engagement. While dramas and documentaries tend to receive higher ratings, films in genres such as action or horror may attract larger viewer counts despite lower ratings.
Second, language shapes engagement but has limited effect on perceived quality. English-language films recorded significantly higher views, likes and fans, likely due to greater distribution and visibility. However, the t-test showed no significant difference in ratings between English and Non-English titles, suggesting that audiences judge film quality irrespective of language once they choose to watch it.
Third, engagement indicators such as fans, likes and watches were highly correlated. This suggests that once a film gains initial traction, engagement tends to accumulate rapidly—an effect widely observed in digital recommendation platforms.
[bookmark: _Toc214620865]Recommendations for practice
· Content strategy: Promote high-rating genres (e.g., Drama, Documentary) in award-oriented or quality-focused campaigns.
· Audience expansion: Invest in localisation (subtitles, multilingual marketing) to increase engagement with non-English films.
· Recommendation systems: Incorporate engagement indicators like Likes and Fans as key signals in BI dashboards and recommender algorithms.
· Acquisition and production decisions: Prioritise genres with established engagement patterns for commercial releases.
[bookmark: _Toc214620866]Limitations and future work
The dataset lacks variables such as marketing spend, release platform placement or critic reviews, which could provide deeper insights. Future studies might integrate sentiment analysis from user comments or time-series modelling of rating changes.

[bookmark: _Toc214620867]Conclusion


This project set out to understand why certain films perform better than others and how audiences engage with them. By cleaning and analysing a dataset inspired by the Letterboxd Movie Classification Database, I was able to use Excel and SPSS to explore trends in ratings, genres, languages and engagement metrics like likes, fans and watches.
The results showed that genre plays a major role in how films are received. Dramas and documentaries often earned higher ratings, which suggests that viewers appreciate films with strong stories or meaningful themes. On the other hand, action and horror films didn’t score as highly but still attracted a lot of attention, showing that a film can be popular even if audiences do not rate it as “high quality.”
Language also influenced engagement, but not necessarily how viewers judged quality. English-language films had far more fans, likes and watches, likely due to wider distribution. However, the t-test showed no significant difference in ratings, meaning people rate films similarly once they choose to watch them.
Finally, the strong links between likes, fans and watches showed how engagement snowballs on digital platforms.
Overall, this study highlights the usefulness of data analytics for understanding audience behaviour and offers a starting point for deeper research in film and media analysis.
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