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Component 2– Data Analysis 

Visualisations 
Task 1 – Data Import
[image: ]
No visualisation was required here, but I used head() to inspect the data frame and confirm that column names were correctly shortened and readable.
This quick printout ensured that all pollutants and timestamps were recognised before further analysis.


Task 2 – Invalid Data Percentages
[image: ]
I displayed a simple data table showing the percentage of missing readings for each pollutant. Although not graphical, the table itself was a clear visual summary highlighting which pollutants (such as PM10 or SO₂) had the most incomplete data.
If plotted, a horizontal bar chart would have effectively ranked the pollutants by missingness.




Task 3 – displayPollutantGraph()
[image: ]
I used a line + point plot to show variation in a chosen pollutant at noon on the 1st of each month. This design made monthly fluctuations easy to follow and emphasised long-term trends over nearly a decade. The line connected chronological points to show continuity, while the dots ensured each month’s data point was visible even when values repeated.

Task 4 – comparePollutants()
[image: ]
For multiple pollutants, I again chose a multi-line time series.
Colour coding made it possible to distinguish four pollutants on the same graph.
This visualisation revealed how pollutant patterns sometimes moved together (for example, PM10 and NOx rising in winter) and sometimes diverged, indicating different emission behaviours.

Task 5 – O₃ vs NO₂ Correlation
[image: ]
A scatterplot with a regression line was used here:
geom_point(color="#0072B2") + geom_smooth(method="lm")
This visualisation clearly showed the inverse relationship between ozone and nitrogen dioxide—points sloping downward signified a negative correlation.
The regression line summarised the overall trend visually, while the surrounding shading represented confidence in the fit.
Task 6 – t-Test (O₃ vs Wind Speed)
[image: ]
I summarised the groups using a boxplot.
Boxplots were ideal because they show medians, quartiles, and outliers, making it easy to compare spread and central tendency between the two wind-speed categories.
The box widths and whiskers quickly communicated variability and group overlap.
Task 7 – ANOVA on NO₂
[image: ]
I visualised differences between 2016, 2018, and 2020 using a bar chart with error bars.
This summarised the mean NO₂ concentration for each year and included 95 % confidence intervals.
The figure complemented the ANOVA table by making the year-to-year contrast intuitive and supported the post-hoc Tukey results.
[image: ]



Challenges and Things Learned
The first major challenge occurred during data import. Several columns contained the string "No data", which R interpreted as text. Early functions such as mean() and cor() failed until I replaced those strings with NA. A second difficulty was date-time formatting. The dataset contained an invalid time value "24:00:00", which I learned to convert to "00:00:00" for the next day using the lubridate package. Another subtle problem involved plots defined inside functions not appearing. I discovered that ggplot objects inside user-defined functions must be explicitly printed, for example print(p).
These debugging experiences deepened my understanding of R’s evaluation model and the importance of data cleaning before any analysis. Statistical testing was also new to me. Implementing t-tests and ANOVA in R helped me appreciate that statistics are not just about p-values but about connecting evidence back to real-world interpretation for example, how wind speed influences ozone dispersion or how winter NO₂ levels varied over the years. Through this project I became more confident handling missing data, testing assumptions, and using na.rm = TRUE responsibly.
Improvements for Future Work
If I were to repeat this project, I would automate more of the cleaning stage by writing a single preprocessing function that detects and converts problematic strings. I would also explore faceted visualisations to present multiple pollutants on one canvas rather than overlaying lines, improving clarity. Statistically, I could incorporate additional diagnostics such as QQ-plots for normality and Levene’s test for variance homogeneity before running ANOVA. Another improvement would be to integrate plotly for interactive figures, allowing dynamic exploration of time periods or pollutants. inally, I would structure the script as an R Markdown document with sections knitted to HTML so that explanations, outputs, and code appear together in a report-ready format.
Use of Generative AI
I used OpenAI as a learning aid. It helped me debug syntax errors, verify statistical logic, and suggest alternative R functions (e.g., using pivot_longer() from tidyr). However, all analytical reasoning, interpretation, and final code editing were completed by me. The AI functioned as a tutor rather than an author, allowing me to understand the reasoning behind each modification and to write original, working code.
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