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1. [bookmark: _Toc216987465]Introduction
Data Analysis becomes very important today because it helps organisations understand information in a more clear and simple way. Many authors describe data analysis as process of collecting, cleaning and understanding data to find useful patterns (Hayes, 2025). Good data analysis can also support better decisions, because managers can see what is the really happening and not just guess (Kumar, 2024). For this reason, data skills are now used in many industries including media and entertainment.
The aim of this report is to analyse a Movie Classification Dataset and explain different patterns inside the data. The dataset has 10k movies and includes information like film title, genres, runtime, original language, average rating, likes, fans and other engagement numbers. In this report, I will first clean and prepare the dataset, because data needs to be correct before any analysis can start. After the cleaning, I will calculate simple descriptive statistics to understand the basic trends, such as average ratings or common genres. Then I will explore more detailed patterns, for example how language or runtime might affect popularity. At the end I will use SPSS to run basic statistical tests to see if some relationships are real and meaningful.
This report will help show how data can be used to understand movie trends and support better decision making.

2. [bookmark: _Toc216987466]Data cleaning and preparation with Excel
Before starting the analysis, the dataset was cleaned and prepared using Microsoft Excel. Data cleaning is an important step because incorrect or inconsistent data can affect the results of analysis and lead to wrong conclusions. According to Geek for Geeks (2025), data preparation helps to ensure that dataset is ready for analysis and improves the quality of result. The aim of thus stage is to check the dataset for possible problems and errors to make sure is ready for futher analysis. 


2.1. [bookmark: _Toc216987467]Checking for Missing Values
The first step of data cleaning was checking for missing values. Missing can cause problems during analysis and may affect calculations. To check this, I went to Home, I clicked on Find&Selet then I chose Go To Special and selected blanks. After this check Excel did not highlight any sells. This is means there is no missing values in the dataset, so did not delete any rows.
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2.2. [bookmark: _Toc216987468]Checking for Duplicates Records
The next step was checking the dataset for duplicate records. Duplicate records mean that the same movie appears more than one time in the dataset, which can create incorrect results during analysis. To check it, I followed these steps in Excel, first I went to Data tab and clicked Remove Duplicates, checked that the option – My data has headers is select and selected columns used to identify movies, like fil, title, director, average rating, genre and runtime.
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After these steps, Excel showed message saying that no duplicate values were found. This means that all records in the dataset are unique and no rows were removed.
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2.3. [bookmark: _Toc216987469]Checking Runtime Values 
The next step was checking the runtime values. Runtime shows how long a movie is, so it is important to check if there are any strange or unrealistic values. To review runtime values, first I selected the dataset by clicking on any cell inside table, then I turned on filters by going to Data tab and clicking Fiter, then I found Runtime column and clicked on the amall arrow next to it, finally I selected Sort Smallest to Largest to see the shortest movies first.
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After sorting, I noticed that some movies had very short runtimes, like 2 to 5 minutes. At first, it was not fully clear how these short movies should be treated, because they are much shorter than typical films. However, after looking at the dataset more carefully and it was understood that these values represent short films, which are also part of the dataset. For this reason, these runtime values were considered valid and were kept in the dataset to avoid removing valid data that could still be useful for further analysis.

2.4. [bookmark: _Toc216987470]Checking Genre Format
The next step was checking the format of the Genres column. This column contains text values, so it was important to check if all genres are written in the same way. To do this, I created a new column called “Genre format check”. I used the IF formula with the SEARCH function to check if the genre value contains square brackets. If the brackets were found, the value was marked as Correct format, and if not, it was marked as Different format.
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After applying the formula to all dataset, most of the records were shown as Correct format. However, some values were marked as Different format, mainly where the genre was written as Unknown. These values were reviewed and were kept in the dataset, because they represent missing information rather than an error. [image: ]
To summarise the results, I used the COUNTIF function to count how many records have Correct format and how many have Different format. This helped to clearly see the difference between correctly formatted and differently formatted genre values.
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3. [bookmark: _Toc216987471]Descriptive Statistics and Data Summary
After the data was cleaned and prepared, the next step was to look at the data in a more general way. Descriptive statistics were used to understand the main characteristics of the dataset and to get an overall picture of movie ratings, runtime and user engagement. This type of analysis helping to summarise large datasets and makes the data easier to understand (Hayes, 2025). In this section, Microsoft Excel was used to calculate simple descriptive statistics. 
3.1. [bookmark: _Toc216987472]Overall Descriptive statistics
Descriptive statistics are used to summarise large datasets and describe their main characteristics, such as averages and general patterns (Hayes, 2025). First, overall descriptive statistics were calculated for the whole dataset. A Pivot Table in Excel was used to calculate the average values for key numerical variables, such as average rating, runtime, watches, likes and fans. This step helped to understand the general trends in the data before moving to more detailed analys.
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AI-generated content may be incorrect.]The results show that the average movie rating in the dataset is around 3.27. This suggests that most movies receive medium ratings from users. The average runtime is about 103 minutes, which is typical for most feature-length films. In terms of user engagement, movies in the dataset have an average of around 170,000 watches, 43,000 likes, and 1,600 fans. These results give a general overview of how movies perform on the platform and show that user engagement can vary between films. 
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3.2. [bookmark: _Toc216987473]Descriptive Statistics by Original Language
Descriptive statistics also help to compare data across different groups, such as languages, and make differences easier to see (Romford, 2023). After analysing the overall descriptive statistics, the next step to look at the data by original language. This was done to see if movie ratings and popularity change depending on the language of the film. A Pivot Table in Excel was used to calculate the average rating and average number of watches for movies grouped by original language.
The results show that average ratings are quite similar for most languages. In many cases, movies have almost the same average rating, no matter which language they are in. This suggests that users rate movies in a similar way across different languages, and language alone does not strongly influence movie ratings.
However, the average number of watches is more different between languages. Some languages have much higher average watch numbers than others. This suggests that language may affect how popular a movie is and how many people watch it, even if the ratings are similar.
Overall, this analysis shows that while movie ratings are relatively consistent across languages, user engagement, measured by watches, can vary depending on the original language of the film.
[image: ][image: A screenshot of a computer
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3.3. [bookmark: _Toc216987474]Trend Analysis
After creating Pivot tables and charts, I used them to explain general trends in the dataset. Trends analysis helps t see patterns across categories and charts make results easier to understand (Nancholas, 2025).
The first chart shows the average movie rating by original language. Overall, the ratings look quite similar across different languages and most values are between about 3 and 4. This suggests that movies in the dataset usually receive medium user ratings, and the differences between languages are not very large.
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The second chart shows the average number of watches by original language. Compared to ratings, watches vary much more between languages. Some languages have much higher average watches than others, which suggests that user interest and popularity depend more on language groups than the rating does. In general, this shows that a film can have a similar rating level but still have very different audience engagement.
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4. [bookmark: _Toc216987475]Statistical Analysis Using SPSS
SPSS is a software that is used to analyse data and to find relationships between different variables (Williams, 2025). It is often used in business and academic studies because it helps to work with large datasets in a clear and organised way. In this section, I first summarise the main numerical variables using descriptive statistics, and then I test relationships between key engagement variables using correlation analysis
4.1. [bookmark: _Toc216987476]Descriptive Statistics
Descriptive statistics were used to give a simple overall picture of the main numerical variables in the dataset. This step helps to understand what is the typical values and how much the data varies before moving to deeper analysis (Pallant, 2020). 
Based on the SPSS output, average runtime is about 103 minutes, with values ranging from 2 minutes to 907 minutes. This shows most films have a similar length, but there are also very short and very long films. For engagement, the dataset shows much bigger variation. The average number of watches is around 170,000, but it can reach over 5 million, so some films are watched far more than others. Likes also vary a lot, with an average of about 43,700, and a maximum above 2.7 million. Fans have a lower average around 1,650 but still show wide differences between films. Overall, these results suggest that audience engagement is uneven across the dataset, which is normal in media platforms where a small number of titles attract most attention (Bryman and Bell, 2019).
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4.2. [bookmark: _Toc216987477]Correlation Analysis
After the descriptive overview, I used Pearson correlation to check how strongly key engagement variables move together. Correlation is useful because it shows whether variables change in the same direction and how strong the relationship is (Field, 2018).
The results show strong positive relationships between the selected variables. The relationship between watches and likes is very strong, with a correlation of about 0.95. This means films that are watched more also tend to receive more likes. The variable labelled as “Medium” in dataset also has a strong relationship with watches about 0.913 and a strong relationship with likes about 0.77. All relationships are statistically significant in the output, based on a large sample of 10,000 films, what makes the pattern more reliable. Overall, these results show that different engagement measures on the platform are strongly related to each other. This means that movie popularity is usually reflected across more than one indicator, not just a single measure (Pallant, 2020).
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4.3. [bookmark: _Toc216987478]Hypothesis Testing
To test the hypothesis, a one-sample t-test was used to check whether the average film rating is different from a neutral value. This type of test is suitable when we want to compare the mean value of one variable with a fixed reference point (Field, 2018).
The results show that the average rating of films in the dataset is slightly higher than the reference value. This means that, overall, films tend to receive ratings above the neutral level. The result is statistically significant, which suggests that the difference is real and not caused by random variation in the data.
In simple terms, this analysis shows that the average film rating is meaningfully higher than the chosen benchmark. Therefore, the hypothesis tests supports the idea that films in this dataset are generally rated above the netral level by users.
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4.4. [bookmark: _Toc216987479]Regression Analysis
Finally, I will use a simple linear regression to test whether engagement variables such as likes, watches, and runtime can predict average rating. Regression is helpful because it is shows which factors are the stronger predictors when several variables are considered together (Field, 2018).
The results show that the regression model is significant. This means that likes, watches, and runtime are related to average rating. From the results, likes have the strongest positive effect on average rating. This shows that films with more likes usually have higher ratings. Runtime also has a positive effect, but it is weaker. Watches have a negative effect, which means that more watches do not always mean a higher rating. Overall, the regression analysis shows that engagement variables can help to explain movie ratings, but only to a certain level. The effects are not very strong, which suggests that other factors not included in this analysis may also influence how films are rated by users.
[image: ]
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5. [bookmark: _Toc216987480]Insights and Recommendations
This report gave some useful insights about movie ratings and user engagement using the Movie Classification Dataset. From the descriptive statistics, it can be seen that the average movie rating is around 3.27, so most films get medium ratings from users. At the same time, engagement variables like watches, likes and fans are much more different between movies. This means popularity is not equal on the platform and some titles get most attention.
The trend analysis by original language also showed an important point. Average ratings are quite similar across most languages, so language alone does not change ratings a lot. However, the average number of watches is more different between languages. This suggests that language can affect reach and audience size, even if rating stays similar. So, users can rate in a similar way but still watch very different amount of films depending on language group.
The SPSS results support this. Correlation showed strong positive relationships between watches, likes and fans, so engagement measures move together and can show overall popularity (Field, 2018). Hypothesis testing also showed that the average rating is slightly higher than the neutral benchmark, whats suggests films in this dataset are generally rated a bit positively. Regression results showed that likes have the strongest positive effect on average rating, while runtime has a smaller positive effect. Watches had a negative effect, which shows that more watches does not always mean higher rating. Overall, the regression explains only part of the rating, so other factors not included here like genre, marketing, or release time may also influence ratings (Bryman and Bell, 2019).
Based on this, a recommendation is to not focus only on views/watches, but also on actions like likes, because it seems more connected to higher ratings. Also, platforms can use language insights to support distribution decisions, like subtitles or targeting in languages with higher watches. A limitation is that this is analysis used only one dataset and not all variables were included, so future analysis can add more factors to get deeper results (Romford, 2023).

6. [bookmark: _Toc216987481]Conclusion
This report used Excel and SPSS to analyse the Movie Classification Dataset and explore movie ratings and user engagement. The analysis included data cleaning, descriptive statistics, trend analysis and basic statistical tests. These steps helped to better understand how movies perform on the platform. The results showed that most movies receive medium ratings and that ratings are quite similar across different original languages. However, engagement measures such as watches and likes vary more between films. This suggests that popularity and ratings do not always move together and are influenced by different factors. Overall, this analysis shows that simple data analysis tools can be useful for understanding large datasets and supporting better decision making.
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