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[bookmark: _Toc235068077]
Task 1 — R Analysis: Results and Interpretation

[bookmark: _Toc235068078]1. Data Import and Summary
The continuous hourly air-quality monitoring data from Margam, Port Talbot, an industrial coastal town in South Wales near a significant steelworks, is analyzed in this paper. The research describes the normal behavior of pollutants, looks at the relationship between pollutant levels and weather parameters such wind direction and speed, and explicitly tests whether concentrations change under different situations (wind speed, season). Because carbon monoxide (CO) is directly associated with combustion sources and has a distinct directional pattern that links the data back to a likely physical source, it was selected as the focal pollutant for the exploratory, correlation, and hypothesis-testing studies.
The dataset, which included 87,672 hourly observations over 24 variables from 2015 to 2024, was imported into the data frame AirQuality. Five gaseous pollutants (ozone, nitric oxide, nitrogen dioxide, NOx, sulfur dioxide), carbon monoxide, particulate matter (PM10 and PM2.5), three modelled meteorological variables (wind direction, wind speed, temperature), and paired "Status" columns documenting measurement validity/units are among the variables. To verify that date/time data were read as character strings appropriate for further parsing and that numeric fields were imported appropriately, column types and structure were examined using str() and head().
Data quality note: Descriptive statistics reveal a few negative values (e.g., PM2.5 min = −5.0, Ozone min = −0.15). These were kept but handled carefully in further analysis because they are typical instrument calibration artifacts in continuous ambient monitors close to the detection limit. Missing values (NAs) are consistent with regular instrument downtime, ranging from ~2% (Ozone) to ~7% (PM10/PM2.5).

	Variable
	Mean
	Median
	Min
	Max
	NAs

	Ozone (µg/m³)
	53.03
	54.48
	-0.15
	164.84
	1,740

	Nitrogen dioxide (µg/m³)
	13.94
	11.06
	0.06
	150.52
	3,489

	Sulphur dioxide (µg/m³)
	2.94
	0.67
	-0.13
	253.85
	2,100

	Carbon monoxide (mg/m³)
	0.18
	0.08
	-0.01
	9.46
	4,154

	PM10 (µg/m³)
	23.48
	16.60
	-3.87
	574.89
	5,732

	PM2.5 (µg/m³)
	9.33
	7.30
	-5.00
	208.00
	6,016



[bookmark: _Toc235068079]2. Exploratory Visualisation
Instead of using a single chart style for every variable, three plot kinds were chosen to correspond with the format of each question. Plotting all 87,672 raw hourly points directly would result in an illegible smear, therefore a monthly-mean time series is better for long-term trend and seasonality in two pollutants on a shared time axis. Since the smoother can reveal curvature that a single straight line would conceal, a scatterplot with a loess smoother fits a continuous pollutant–weather connection (wind speed) without assuming linearity. Since direction is not naturally ordered on a numerical scale and a boxplot more clearly summarizes median, spread, and outliers per sector than a scatter of bearings, a boxplot is appropriate for a continuous pollutant against a categorical meteorological variable (8-point wind-direction sector).
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[bookmark: _Toc235068080]Figure 1. Monthly mean carbon monoxide and PM10, 2015–2024.

Compared to PM10 (µg/m³), carbon monoxide (mg/m³) has a much smaller numerical scale and shows very little month-to-month variation, while PM10 exhibits bigger, more erratic monthly swings but no discernible long-term increasing or decrease trend over the course of the decade.
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[bookmark: _Toc235068081]Figure 2. Carbon monoxide concentration vs wind speed, with loess smoother.

The loess curve is nearly flat, and at greater wind speeds, it even slightly rises. This suggests that CO at this site is not solely dispersion-limited; a directional source impact (discussed below) is probably a bigger driver than wind speed alone. This contradicts the straightforward expectation that stronger wind disperses pollutants and decreases concentration.
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[bookmark: _Toc235068082]Figure 3. Carbon monoxide by wind-direction sector.

When wind comes from the south and south-west, CO is significantly greater and much more variable than when it comes from any other sector, which is near zero with few extreme values. This directional signature indicates a localized emission source to the southwest of the monitoring station, whose plume only reaches the sensor in those wind directions. When combined with Figure 2's flat wind-speed relationship, this indicates that direction—rather than speed—is the primary climatic factor influencing CO.
[bookmark: _Toc235068083]3. Correlation Between Pollutants
For three pollutants (CO, PM10, and PM2.5), Pearson correlations were computed and displayed as a heatmap-style correlogram. This method was selected because it allows all pairwise relationships to be quickly scanned and color-coded by strength, while still printing the precise coefficient for readers who require accuracy rather than just a visual impression.
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[bookmark: _Toc235068084]Figure 4. Correlation matrix for carbon monoxide, PM10 and PM2.5.
Since PM2.5 is a physical subset of PM10 and both are influenced by common combustion and particle sources, it is not unexpected that PM10 and PM2.5 have the strongest relationship (r = 0.61). CO has a weaker correlation (r = 0.34) with PM2.5 and a moderate correlation (r = 0.48) with PM10. The moderate rather than strong CO–particulate correlations indicate different atmospheric residence times and/or overlapping but distinct emission sources (for example, CO from an industrial/combustion source at S/SW versus PM with additional contributions like traffic, secondary aerosol formation, or resuspended dust). The fact that none of the three coefficients go close to 1.0 serves as a reminder that even pollutants with essentially comparable source profiles do not move in unison hourly.
[bookmark: _Toc235068085]4. Hypothesis Test: Carbon Monoxide by Wind-Speed Group
At the median wind speed, observations were divided into "high" and "low" wind-speed groups, with a similar number of observations in each group. The non-parametric Wilcoxon rank-sum (Mann–Whitney) test was used in place of a t-test because the t-test's validity depends on roughly normal residuals, which are undermined by the strong right-skew and heavy-tailed outliers in Figure 5. This is because a Shapiro–Wilk test on a 5,000-row sample rejected normality (p < 2e-16).
H₀: the distribution (location) of CO is the same in the high- and low-wind-speed groups.
H₁: the distribution (location) of CO differs between the two groups.
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[bookmark: _Toc235068086]  Figure 5. Carbon monoxide by wind-speed group.

	Statistic
	Value

	W
	775,373,593

	p-value
	< 2.2e-16

	Location shift (High − Low)
	-0.00701

	95% CI
	[-0.00782, -0.00621]



Since the p-value is much less than 0.05, the hypothesis that CO concentrations actually vary between wind-speed groups is rejected. The low-wind-speed group has somewhat greater typical CO than the high-wind-speed group, as indicated by the negative location shift. This is consistent with lower dispersion, which allows pollutants to gather close to the source in calmer conditions. The effect is statistically significant at this large sample size, but its practical magnitude is low because the projected shift (~0.007 mg/m³) is so small in relation to the variable's entire spread. This demonstrates why statistical and practical significance must be reported separately for very large environmental datasets: nearly any non-zero difference becomes "significant" once sample size reaches the tens of thousands, so the confidence interval is just as important as the p-value for determining real-world relevance.
[bookmark: _Toc235068087]5. Group Comparison: Carbon Monoxide Across Seasons
One-way ANOVA, which requires homogeneity of variance and normally distributed residuals, was replaced with the non-parametric Kruskal-Wallis test after Bartlett's test rejected the assumption of identical variances over the four seasons (p < 2e-16). Instead, Kruskal-Wallis is resistant to the skewed, unequal-variance distributions common to hourly pollutant data since it compares rankings across groups. Bonferroni-adjusted pairwise Wilcoxon tests were performed as a post-hoc step to control the family-wise error rate across the six pairwise comparisons because it merely shows that at least one group differs without specifying which.
H₀: the distribution of CO is identical across Winter, Spring, Summer and Autumn.
H₁: at least one season's CO distribution differs from the others.
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[bookmark: _Toc235068088]Figure 6. Carbon monoxide distribution across seasons.










	Test
	Statistic
	df
	p-value

	Kruskal-Wallis (overall)
	393
	3
	< 2.2e-16



	Pairwise comparison
	Adjusted p-value

	Winter vs Spring
	< 2e-16

	Winter vs Summer
	< 2e-16

	Winter vs Autumn
	< 2e-16

	Spring vs Summer
	1.00 (ns)

	Spring vs Autumn
	< 2e-16

	Summer vs Autumn
	< 2e-16



H0 is rejected because the Kruskal-Wallis test is very significant overall: CO varies by season. Winter is substantially different from all other seasons, according to post-hoc comparisons. This is consistent with higher combustion for space heating paired with colder, more stable atmospheric conditions that trap pollution close to ground level rather than allowing it to mix upward and spread. The statistical indistinguishability of spring and summer (p = 1.00) indicates that they are both lower than winter, which is likely due to lower heating demand and more air mixing during warmer months. Autumn is a unique transitional season between the high-emission winter months and the low-emission summer months, setting it apart from the other three seasons.
When combined, the five analyses create a coherent picture: CO is typically low and right-skewed with sporadic sharp spikes; it is only weakly correlated with wind speed but strongly correlated with wind direction (S/SW); it is both wind- and strongly season-dependent, peaking in winter; and it is consistent with a persistent, directionally fixed combustion source close to the site, whose impact is more dependent on wind direction than wind strength.


[bookmark: _Toc235068089]Task 2 — Reflective Summary

[bookmark: _Toc235068090]Visualisation Choices
A raw time-series plot of every observation would have been an incomprehensible smear of over-plotted points given ten years of hourly readings, so NO2 and O3 were aggregated to monthly means and plotted as line charts. This preserved the seasonal cycle and any long-term drift while using the standard format for change over a continuous time axis, and kept the two pollutants directly comparable so any co-movement would be visible briefly:
monthly_avg <- AirQuality %>% group_by(YearMonth) %>%   summarise(p1 = mean(.data[[pollutant_1]], na.rm = TRUE),             p2 = mean(.data[[pollutant_2]], na.rm = TRUE))
A scatterplot of pollutant concentration against wind speed, with a loess smoother overlaid, was used to investigate the pollutant–weather relationship, since a scatterplot best reveals whether two continuous variables relate linearly, non-linearly, or not at all, and the smoother made the expected dispersal effect of wind visible without assuming a straight-line relationship. Wind direction was divided into eight compass sectors and plotted as boxplots, because direction is a bearing rather than a continuous scale a reader instinctively reads left to right; boxplots map naturally onto the "which direction is the pollution coming from" question and convey median, spread and outliers per sector far more clearly than an unordered scatter of bearings.
For the correlation work, a colour-coded correlogram (via corrplot) with coefficients overlaid was used instead of a full scatterplot matrix, which becomes visually noisy once four or more pollutants are involved. A heatmap instead lets the reader spot the strongest associations briefly — such as the expected negative NO2–O3 relationship — while still giving the precise coefficient for anyone who needs it.
[bookmark: _Toc235068091]Challenges and What I Learned
Producing a clean, numeric data frame was the first challenge: several columns that should have been numeric were read in as character due to stray text, and the "No data" placeholder had to be mapped to NA on import. Rather than repairing this row-by-row afterwards, I resolved it by being precise about na.strings in read.csv and then coercing the relevant columns, which also made the Task 1 descriptive statistics trustworthy from the start. A second challenge was that hourly pollutant concentrations are strongly right-skewed rather than normally distributed, so a standard t-test or ANOVA could not simply be assumed to be valid.
This pushed me to build explicit assumption checks (Bartlett's test for equal variances, Shapiro–Wilk for normality) into the script, branching automatically to the Wilcoxon or Kruskal–Wallis test whenever assumptions were violated. Writing that branching logic gave me a much better understanding of why non-parametric tests exist and when they are required, rather than treating them as an interchangeable substitute for a t-test, and it reinforced how far real environmental data departs from the tidy assumptions of introductory statistics.
[bookmark: _Toc235068092]What I Would Do Differently
If I reran this analysis, I would treat the data more explicitly as an autocorrelated time series rather than as independent observations. Hourly readings an hour apart are not independent, which in principle undermines the validity of ANOVA and t-test p-values. A more defensible approach would aggregate to daily means, or separate trend, seasonal and residual components via an STL decomposition, before comparing groups. I would also consider a generalised additive model (GAM) to capture the pollutant–wind-speed relationship more flexibly than a loess smoother alone, and, if missingness proved non-random — for example sensor failures during severe pollution episodes that would bias results toward underestimating peaks — I would investigate multiple imputation rather than relying on pairwise-complete correlations.
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