


Visualisation
Reflection on Task 1
In Task 1, I focused on correctly importing and structuring the dataset. The initial output of the PortTalbotAQ data frame confirmed that the data had been read successfully, with the correct headers displayed for each pollutant. I renamed the columns to shorter, clearer labels such as O3, NO2, PM10, and WindSpeed, so that later analysis and plotting would be easier to follow. The first few rows of the data (shown above) revealed that several pollutants contained the string "No data", indicating missing readings. This early inspection was an important visualisation step it helped me understand the data’s structure before cleaning and analysis.
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Reflection on Task 2 
[image: A screenshot of a computer
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In Task 2, I created a summary table called invalidData to show the percentage of missing readings for each pollutant, it served as an essential analytical summary that visually communicates the data’s completeness. The table revealed that most pollutants had between 1–4% missing values, with NO, NOx, CO, and PM2_5 having no missing readings. This visual output helped me quickly identify where data cleaning was most important particularly for NO2, SO2, and PM10, which had the highest percentages of missing data. Seeing the results in a structured table rather than raw counts made the extent of data gaps more understandable.
Example code:
[image: A screen shot of a computer code]

Reflection on Task 3 
[image: A graph with red dots and numbers]
In Task 3, I developed the function displayPollutantGraph() to visualise changes in pollutant concentration at a specific time of day (noon) on the first day of each month. The example below shows the variation in nitrogen dioxide (NO₂) levels between July 2015 and November 2024. I used a line plot with red points to highlight individual data observations.
Example code:
[image: ]
The plot shows that NO₂ concentrations fluctuate significantly over time, with occasional spikes that may reflect short-term pollution events or changes in weather conditions. There appears to be a general declining trend in NO₂ over the ten-year period, which could be linked to improvements in emission control. Through this visualisation I learned how to filter data by date and time in R.
Reflection on Task 4
[image: A graph of pollutant levels]
In Task 4, I created the function comparePollutants() to compare the variation in several pollutants measured at noon on the 1st of each month over the full ten-year period. I selected four pollutants  NO₂, O₃, SO₂, and PM₁₀  and displayed them on the same graph using different colours. A multi-line plot was chosen because it allows for direct comparison between multiple continuous variables across time. The colour legend on the right makes it easy to distinguish which line represents which pollutant. This type of visualisation is effective for environmental data since it highlights how pollutants behave relative to each other, ozone (O₃) shows much higher values than the other pollutants, while NO₂ remains relatively low and stable, suggesting possible inverse relationships between them.
Example code:
[image: A screenshot of a computer program
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[image: A graph with a red line]Reflection on Task 5 
In Task 5, I created the function O3NOCorrelation() to examine the relationship between ozone (O₃) and nitrogen dioxide (NO₂) for the entire dataset. I chose a scatterplot because it is the clearest way to show the relationship between two continuous variables. Each point on the plot represents one hourly observation. I added a linear regression line (in red) using geom_smooth(method = "lm") to indicate the overall trend.
Example code:
[image: A computer screen shot of a number of text]

The scatterplot shows a clear downward trend, which means that as NO₂ levels increase, O₃ levels tend to decrease. The correlation coefficient was r = –0.379 (p < 0.001), confirming a moderate, statistically significant negative correlation.
This result matches real-world atmospheric chemistry: high NO₂ concentrations often correspond to low O₃ because of photochemical reactions where NO₂ reacts with ozone. Seeing this relationship visualised helped me understand how correlation coefficients translate into visible patterns in data.


Reflection on Task 6 
In Task 6, I conducted a Welch Two Sample t-test to test whether there is a significant difference in ozone (O₃) levels between periods of low wind speed (<5 m/s) and high wind speed (≥5 m/s). This was designed to check if air movement has an observable effect on ozone concentration.
[image: A close-up of a computer screen]
Example R code:
[image: A computer code with text

AI-generated content may be incorrect.]
The t-test result (t = 21.643, df = 15345, p < 2.2e–16) indicated a statistically significant difference between the two groups. The mean ozone level under higher wind speeds was 56.3 µg/m³,compared with 52.7 µg/m³ under lower wind speeds. Since p < 0.05, I rejected the null hypothesis, concluding that wind speed has a measurable influence on ozone concentration.

Reflection on Task 7 
[image: A screen shot of a graph]
In Task 7, I performed an ANOVA test to examine whether there were statistically significant differences in nitrogen dioxide (NO₂) levels at 17:00 during November–December in the years 2016, 2018, and 2020. This analysis focused on comparing average pollutant levels across multiple years during the same months to identify possible long-term environmental changes.








Example code:
[image: ]
[image: A screenshot of a computer

AI-generated content may be incorrect.]Results:-

Interpretation: These results may reflect improved emission controls or changes in industrial activity during those years. Conducting the Tukey test helped pinpoint exactly where the differences occurred while maintaining statistical validity (controlling the family-wise error rate).






Challenges and Things Learned
During this project, I faced several challenges that strengthened my understanding of data cleaning, statistical testing, and visualisation in R. Several columns contained the string "No data," which R read as text instead of missing values. Replacing these with NA allowed numeric functions like mean() and cor() to work correctly and showed me the importance of data cleaning. I also struggled with time formatting, as R could not parse "24:00:00." Using the lubridate package, I converted it to "00:00:00" of the next day, which helped me filter data by specific times.
Another issue was that plots inside user-defined functions were not displaying. I learned that adding print(p) ensures ggplots render properly an important lesson about how R evaluates expressions. Finally, handling missing or extreme values taught me to use options like na.rm = TRUE and to visually inspect outliers. Running t-tests and ANOVA for the first time deepened my understanding of hypothesis testing not just focusing on p-values but interpreting them in real-world contexts.
Improvements for Future Work
If I were to repeat or extend this project, there are several improvements I would make. First, I would automate repetitive steps. Many tasks like replacing "No data" with NA, renaming columns, or filtering by specific times could be written as small reusable functions. This would make the script cleaner and reduce the risk of errors. Second, I would perform additional data validation. For example, I would check whether extreme outliers were genuine measurements or recording errors. Adding summary statistics and normality checks before running ANOVA would ensure that the test assumptions are met. Third, I would improve the visual design of the plots. While my current plots are clear and informative, I would also ensure all plots share consistent themes, fonts, and axis scales for professional presentation. 
Finally, I would consider expanding the analysis by including meteorological variables such as temperature and wind direction as predictors in regression models. Overall, these improvements would not change the main findings, but they would make the analysis more efficient, robust, and visually consistent.

Use of Generative AI
Explain R error messages and help me understand why certain lines of code failed. Suggest syntax for date conversion functions and ggplot formatting. Clarify how statistical tests such as the t-test, ANOVA, and Tukey HSD should be structured in R and Check that my interpretation of results matched statistical convention. I only used it to help me understand unfamiliar R concepts. 
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# Plot
ggplot (subsetData, aes(x - DateTime, y - get(pollutant))) +

geom_line(color = | , linewidth - 1) +
geom_point (color , size = 2) +
labs

title = paste("Variation in", pollutant, “levels at noon on 1st of each month"),
x = "Date”,
y = paste(pollutant, "(ug/m*)")

)+

theme_minimal (base_size - 12)

‘)
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geplot(longData, aes(x = Datelabel, y = Value, color = Pollutant)) +
geom_line(linewidth = 1) +
geom_point(size = 1.5) +
labs(
title

(2015-2024)",
x = "Date”,
y = "Concentration (ug/m3)",
color = "Pollutant”
)+

theme_minimal (base_size - 12)
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# Build the plot
p < geplot(clean, aes(x = !!sym(no2_col), y =
geom_point(alpha = 0.6, na.rm = TRUE, color
geom_smooth(method = "In", se = TRUE, color +
labs(
title = "0zone (03) vs Nitrogen Dioxide (NO2) — Entire Period”,
x = "NO2 (ng/m*)",
y = "03 (ug/m?)"
)+

theme_minimal (base_size - 12)

sym(03_col))) +
)+
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Welch Two Sample t-test

data: 03 by WindGroup
t = 21.643, df = 15345, p-value < 2.2e-16

alternative hypothesis: true difference in means between group High (25 m/s) and group Low (<5 m/s) is not equal
to @

95 percent confidence interval:
3.306503 3.965062
sample estimates:
mean in group High (25 m/s) mean in group Low (<5 m/s)
56.29752 52.66173
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message(sprintf(
"t = %.3f, df = %.1f, p = %.4g; Mean(03)<5 = %.2f, Mean(03)25 = %.2f",
t_res¢statistic, t_res¢parameter, t_resip.value,
mean (df_clean[[03_col]][df_cleansWindGroup == 'Low (<5 m/s)'], na.rm = TRUE),
mean (df_clean[[03_col]][df_cleansWindGroup == 'High (35 m/s)'], na.rm = TRUE)
))
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# Filter: 17:00 on each day, Nov-Dec, for 2016, 2018, 2020
target_years <- c(2016, 2018, 2020)
sub <- df %%
filter(
Year %in% target_years,
Month %in% c(11, 12),

Hour == 17,
lis.na(.data[[no2_col]])

) %%

mutate (

Period - factor(pasted(Year, "_NovDec"), levels - pasted(target_years, "_NovDec"))
)

if (nrow(sub) == @) stop("No NO2 data found at 17:00 for Nov-Dec in 2016/2018/2020.")
# Quick descriptive stats per period (useful in your write-up)

desc <~ sub %>%
group_by (Period) %%

summarise(
n=n0),
mean_NO2 = mean(.data[ [no2_col]], na.rm = TRUE),
sd_N02 sd(.data[[no2_col]], na.rm = TRUE),

_groups - "drop”
)
print (desc)
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ANOVA summary:

Df Sum Sq Mean Sq F value  Pr(>F)
Period 2 2375 1187.5 8.122 0.000424 **x
Residuals 175 25587 146.2

Signif. codes: @ “***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ¢ ’ 1

Post-hoc (Tukey HSD) because ANOVA is significant:
Tukey multiple comparisons of means
95% family-wise confidence level

Fit: aov(formula = as.formula(paste(no2_col, "~ Period")), data = sub)

$Period

diff Tur wr  padj
2018_NovDec-2016_NovDec -8.634539 -13.875079 -3.393999 0.0004090
2020_NovDec-2016_NovDec -6.276542 -11.517082 -1.036003 0.0142739
2020_NovDec-2018_NovDec 2.357997 -2.904516 7.620509 0.5407024
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Pollutant Missing_Percentage

<chr> <dbl>
03 03 1.98
NO NO 0.00
NO2 NO2 3.67
NOx NOx 0.00
Nexs SO2 3.98
co co 0.00
PM10 PM10 3.98

PM2_5 PM2_5 0.00
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# Create a clean data frame of results
invalidData <- data.frame(

Pollutant - pollutants,

Missing Percentage - round(invalid_percent, 2)

)

# Display the resulting data frame
print("Percentage of missing readings per pollutant:")
print (invalidData)




