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Reflective Summary 
Visualisations
Task 1 – Import and Headers
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No formal graph was required, but I inspected the imported data using View() and summary() to visually confirm that numeric fields parsed correctly after renaming.
Task 2 – Missing-Data Overview
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I produced a printed summary table listing the percentage of “No data” values per pollutant. This immediately highlighted where the dataset was weakest (e.g., CO had higher missingness). If extended, a small bar plot could visualise this proportion, but the tabular output was concise for this task.
Task 3 – plotPollutantTrend()
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I created a green-themed line plot showing monthly pollutant values at noon on the 1st of each month. The environmental palette connected visually to the subject matter and made seasonal fluctuations more obvious. Using both line and point markers helped me identify outliers or data gaps.
Task 4 – compareLevels()
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This task used a multi-line comparison chart generated from data reshaped with pivot_longer().
Each pollutant appeared as a different coloured trace, allowing me to visually compare four pollutants’ behaviour over the same timeline.
The shared x-axis emphasised how pollutants peaked together during winter months.
Task 5 – analyzeCorrelation()
[image: ]
A scatterplot with a black regression line on a white background was chosen for clarity.
Red points contrasted sharply with the black fit line, making it easy to interpret the negative correlation between O₃ and NO₂.
This visual directly supported the numerical Pearson coefficient printed in the console.
Task 6 – ozoneWindTest()
[image: ]
In addition to a printed summary table of group means and standard deviations, I used a boxplot to show ozone distribution under two wind-speed categories.
The compact format displayed the difference in medians and the spread of observations.
This pairing of numerical and graphical summaries provided both precision and interpretability.
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Task 7 – no2WinterAnova()
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For the ANOVA, I used boxplots grouped by year rather than bar charts.
Boxplots revealed data dispersion and possible outliers within each period (2016, 2018, 2020). This style complemented the Tukey post-hoc results by visually confirming which year had consistently higher or lower NO₂ levels.  The use of theme_bw() produced a clean, publication-ready appearance suitable for academic reporting.
Challenges and Things Learned
The project presented several practical hurdles.
Firstly, blank columns in the CSV caused repeated “undefined column” and tibble-naming errors. I learned to remove unnamed columns using make.names() and logical indexing before any analysis. Secondly, combining separate date and time fields required experimentation with dmy_hms(). Handling invalid times and time zones improved my confidence working with date–time objects. Another learning moment came when converting strings like "No data" to NA; only then did statistical functions compute correctly.
From the statistical perspective, this was my first real exposure to inferential testing.
By running the t-test, I learned how assumptions of independence and variance equality affect the test choice, and by running ANOVA followed by Tukey HSD, I grasped how post-hoc tests locate specific group differences. Writing reusable functions (e.g., plotPollutantTrend() and compareLevels()) taught me how to modularise R code and pass parameters cleanly. Overall, the project strengthened my workflow in R—from importing raw CSV data to producing well-formatted, evidence-based visualisations.
Improvements for Future Work
If repeating the analysis, I would include automated data validation to flag extreme outliers and inconsistent timestamps before plotting. I would also expand the correlation analysis to include other pollutant pairs and perhaps compute moving averages to smooth noise. For clearer communication, I would generate dashboards using Shiny so that stakeholders can interact with pollutant trends in real time.
Finally, I would store code in modular scripts and version it with Git, ensuring reproducibility and collaborative efficiency.
Use of Generative AI
I consulted ChatGPT (GPT-5) occasionally for guidance on R syntax and to clarify statistical concepts such as the difference between aov() and lm().
It also suggested alternate plotting styles that inspired my colour and theme choices.
All substantive work including data cleaning, interpretation, and final visualisation design as done independently. AI assistance was limited to technical troubleshooting and learning support, ensuring that the analytical reasoning and narrative remain entirely my own.
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