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[bookmark: _Toc213809109][bookmark: _Toc213883403][bookmark: _Toc213886979]1. Introduction 

This reflective summary outlines my experience of working on the Port Talbot Air Quality analysis using R. It explains how I approached the tasks, from cleaning the data and creating visualisations to performing statistical tests such as correlation, t-tests, and ANOVA. I have explain the challenges faced, what I learned from the process, and how these tasks improved my understanding of data analysis in R. The summary also show how I used generative AI tools to guide my learning and improve my understanding about each type of statistical testing.

[bookmark: _Toc212597685][bookmark: _Toc212641683][bookmark: _Toc213809110][bookmark: _Toc213883404][bookmark: _Toc213886980]2. Code Explanations, Results, and Visualisations for Task 1 Questions

I created this dataset using data from the UK Government’s official website, but due to large file download restrictions, I had to download the data in smaller chunks (e.g. 2015–2017) and then merge them.

[bookmark: _Toc213809111][bookmark: _Toc213883405][bookmark: _Toc213886981]Task1.1:  Data Import, Cleaning, and Preprocessing   

Code Explanation:

[image: ]
[bookmark: _Ref213822111]Figure 1: Task 1.1-Code (Part1)

[image: ]
Figure 2: Task 1.1-Code (Part2)

In this task, I have prepared the “Port Talbot air quality” dataset for analysis. I used the “na.strings” option to handle missing values, selected only the necessary columns, and renamed them to make the data easier to read. For pollutants, I tried to use their chemical symbols for better clarity for column renaming. I also created a combined datetime column to make time-based filtering easier and converted all measurement fields to numeric values for consistency. Finally, I sorted the dataset in chronological order so that it can help in future visual representation.

Results:

[image: ]
                                Figure 3: Output Shows updated column name and added new column datetime

Visualisation:

No visualisation for this task.

[bookmark: _Toc213809112][bookmark: _Toc213883406][bookmark: _Toc213886982]Task1.2:  Calculate percentage of missing values for each pollutant 

Code Explanation:

[image: ]
Figure 4: Task 1.2-Code 

In this task, I have calculated the percentage of missing data for each pollutant in the dataset. I first excluded non-numeric fields like “datetime”, “date” and “time” to focus only on pollutant measurements. I have then used the sapply() function to efficiently apply the is.na() check across all pollutant columns and calculate the percentage of missing values, storing the results in a new dataframe.

Results:

[image: ]
         Figure 5: Output shows the dataframe which has pollutant name and its respective missing percentage

Visualisation:

No visualisation for this task.

[bookmark: _Toc213809113][bookmark: _Toc213883407][bookmark: _Toc213886983]Task1.3: Compare multiple pollutants using a combined visualisation (displayPollutantGraph)  

Code Explanation:

[image: ]
Figure 6: Task 1.3-Code (Part1)

[image: ]
Figure 7: Task 1.3-Code (Part2)

In this task, I created a function to display pollutant variations over a specific time period. I built start and end time boundaries using as.POSIXct() and filtered the dataset to include readings taken at noon on the first day of each month. While doing this task I also learned to create formatted strings using the sprint(), similar to C syntax.

Result:

There is no result for this task, only visualisation result available.

Visualisation:

[image: ]
[bookmark: _Ref213884805]Figure 8: NOx Monthly noon Levels (07/2015 to 11/2024)

Here I have created a line plot, shown in Figure 8 with data points to show how NOx levels changed over time. This type of chart makes it easy to see monthly trends, fluctuations, and any sudden rises or drops. The small dots mark the exact values for each month. The x-axis shows the time period, and the y-axis shows the NOx concentration, giving a clear view of how the levels vary. I have also observed through graph that on some months between 2022 and 2024, there are no noon readings available for NOx.

[image: ]
Figure 9: Code used to generate multiline plot

[bookmark: _Toc213809114][bookmark: _Toc213883408][bookmark: _Toc213886984]Task1.4: Create a function to display monthly noon pollutant trends comparePollutants()

Code Explanation:

[image: ]
Figure 10: Task 1.4-Code (Part1)

[image: ]
    Figure 11: Task 1.4-Code (Part2)

In this task, I created a function comparePollutants() to compare how multiple pollutants changed over a set time period. I filtered the data to include noon readings from the first day of each month and used a multi-line plot to show all trends together. This made seasonal patterns and differences between pollutants easier to understand(explained in the visualisation section). I also learned to adjust the legend using the par() function so it did not overlap with the graph.

Results: 

There is no result for this task, only visualisation result available.

Visualisation:

[image: ]
[bookmark: _Ref213884968]Figure 12: Pollutant comparison at Noon

I used a multi-line plot as show in Figure 12, to compare how different pollutants (O3, NO2, PM10, and PM2.5) changed over time. This type of visualisation was chosen because it clearly shows trends, fluctuations, and seasonal variations across multiple pollutants on the same graph. Using distinct colours for each line makes it easy to differentiate between pollutants, while the shared time axis helps reveal how their concentrations rise or fall together. 

[image: ]
Figure 13 Code used to generate the multiline plot

[bookmark: _Toc213809115][bookmark: _Toc213883409][bookmark: _Toc213886985]Task1.5: Analyse correlation between Ozone (O3) and Nitrogen Dioxide (NO2)	

Code Explanation:


[image: ]
Figure 14: Task 1.5-Code (Part1)

[image: ]
Figure 15: Task 1.5-Code (Part2)


[image: ]
Figure 16:  Task 1.5-Code (Part3)

For this task, I kept only complete pairs of NO2 and O3, to avoid bias from missing values. I tested normality using the Shapiro-Wilk test, using random sampling when the sample exceeded 5000. Based on the result, I used Pearson for normal data and Spearman otherwise. I then plotted a scatter graph with linear and LOWESS fits and created a small results table showing the p-values, chosen test, and outcome. Here I learned that the Shapiro-Wilk test cannot handle samples beyond 5,000, which led me to use random sampling to work within its limitations.

Results:

[image: ]
Figure 17: Output presents the test type, value, and hypothesis outcome

Visualisation:

[image: ]
[bookmark: _Ref213896701]                                                                  Figure 18: O3 vs NO2 correlation using scatterplot

I used a scatter plot as shown in Figure 18, to show the relationship between O3 and NO2, which clearly showed a negative correlation. I added a LOWESS curve and a linear regression line, with the LOWESS curve fitting better and showing a monotonic pattern. I also adjusted the legend’s position so it no longer overlapped with the graph.

[image: ]
    	 Figure 19: Code used to generate the scatter plot

[bookmark: _Toc213809116][bookmark: _Toc213883410][bookmark: _Toc213886986]Task1.6: Test whether Ozone (O3) levels differ across wind-speed groups  

Code Explanation:

[image: ]
        Figure 20: Task 1.6-Code (Part1)


[image: ]
Figure 21: Task 1.6-Code (Part2)

[image: ]
Figure 22: Task 1.6-Code (Part3)
[image: ]
Figure 23: Task 1.6-Code (Part4)

In this task, I split the O3 data into low-wind and high-wind groups and removed missing values. I used density plots to compare their distributions, then checked normality with the Shapiro-Wilk test and variances with Levene’s test. Depending on the results, I used either a parametric t-test or a non-parametric Wilcoxon test. I then created a clear results table showing the p-values, chosen test, and conclusion.

Results:

[image: ]
Figure 24: Output presents the test type, value, and hypothesis outcome.

Visualisation:

[image: ]
[bookmark: _Ref213822117][bookmark: _Ref213822086]Figure 25: Normal Distribution curves of O3 levels by wind speed

I used a density plot as shown in Figure 25 to compare O3 levels under low and high wind speeds. The plot clearly shows the shape and spread of both groups, making it easy to see differences and notice that both distributions are left-skewed. O3 levels are higher during low wind speeds. This visualisation helped decide the statistical test, as the skewed shape suggested a non-parametric approach.

[image: ]
                              		 Figure 26: Code used to generate the density curve

[bookmark: _Toc213809117][bookmark: _Toc213883411][bookmark: _Toc213886987]Task1.7: Comparing Nitrogen Dioxide (NO2) Levels Across Years (2016, 2018, 2020) Using ANOVA / Kruskal–Wallis   

Code Explanation

[image: ]
Figure 27: Task 1.7-Code (Part1)

[image: ]
Figure 28: Task 1.7-Code (Part2)

[image: ]
Figure 29: Task1.7 - (code part-3)

[image: ]
Figure 30: Task 1.7-Code (Part4)

[image: ]
Figure 31: Task 1.7-Code (Part5)

[image: ]
Figure 32: Task 1.7-Code (Part6)

In this task, I compared NO2 levels across 2016, 2018 and 2020 (November–December) using ANOVA and Kruskal-Wallis tests. I first checked normality with the Shapiro-Wilk test and variances with Levene’s test to decide the correct method. When assumptions were met, I used one-way ANOVA with Tukey’s HSD; otherwise, I used the Kruskal-Wallis test with a pairwise Wilcoxon post-hoc test. I also learned how to use the “pairwise.wilcox” post-hoc test, which compares groups using medians instead of means.

Results:

[image: ]
Figure 33: Output presents the test type, value, and hypothesis outcome.

[image: ]
Figure 34: Output shows ad-hoc test results

Visualisation:	

[bookmark: _Toc213809118][image: ]
[bookmark: _Ref213885947]Figure 35: Box plot graph of NO2 concentration for 2016, 2018, 2020


I used boxplots as shown in Figure 35 to compare NO2 levels at 17:00 across 2016, 2018 and 2020. The plot clearly shows the spread, median and outliers, making year-to-year changes easy to see. The uneven spread and visible differences in variability also suggest unequal variances, supporting the use of a non-parametric test.

[image: ]
Figure 36: Code used to generate the boxplot

[bookmark: _Toc213883412][bookmark: _Toc213886988]3. Challenges and Things Learned

Most of the tasks were quite easy for me because I already have a good understanding of Python, and R’s syntax is quite similar, especially for creating plots like boxplots and writing functions. However, some parts were new, such as how R handles plotting. In Python, plots are stored in variables to allow layering, whereas in R they are created directly, which initially confused me but ultimately helped me understand the underlying process more deeply. Another challenge was presenting results clearly, as test outputs looked cluttered. I learned to use data frames as key-value tables to display results neatly. I also explored non-parametric post-hoc tests like the pairwise Wilcoxon method.

[bookmark: _Toc213883413][bookmark: _Toc213886989]4. Improvement for future work

[bookmark: _Toc213809119]In the future, I plan to extend this analysis by calculating the Air Quality Index (AQI) to provide an overall measure of air pollution. I also aim to include additional weather factors, such as humidity and rainfall, to explore how they influence pollutant behaviour. Applying trend tests and regression models could help identify long-term pollution patterns. I also plan to build an R-based server with an interactive dashboard to display model outputs and visualisations, helping users better understand how pollutants affect the environment. I got this idea while working with the dataset, as the official website lacked visualisation features. With this system, users could view real-time data and predictions in a more interactive and meaningful way.

[bookmark: _Toc213883414][bookmark: _Toc213886990]5. Use of AI Support

Most of the AI support I used was to help me understand a few concepts related to statistical testing methods. Through this, I learned that when using non-parametric tests, a different post-hoc method is needed. Earlier, I only knew about the TukeyHSD method, but with further research and AI assistance, I discovered the pairwise Wilcoxon test with can be used for non-parametric test, which compares medians between groups. I also used AI to check and improve my grammar, which helped me make my explanations and reflections clearer and more professional.
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# Task 3 - Create a function to display monthly noon pollutant trends (displayPollutantGraph)
Tr}

Create a function displayPollutantGraph() that takes a pollutant name,
a start month/year and an end month/year. It should extract readings
taken at noon on the 1st of each month and plot how the pollutant
changes over time. Use this function to plot NOx Tlevels from

July 2015 to November 2024.

WO OW W W W W W W

displayPollutantGraph <- function(data, pollutantName, startMonth, startYear, endMonth, endYear){

# It Represents the beginning of the start month (1st day at 00:00).
start <- as.POSIXct(sprintf("01-%02d-%04d 00:00", startMonth, startYear),
format = "%d-%m-%Y %H:%M", tz = "UTC")

# It marks the beginning of the end month
endMonthStart <- as.POSIXct(sprintf("01-%02d-%04d 00:00", endMonth, endYear),
format = "%d-%m-%Y %H:%M", tz = "UTC")

# It represents the last moment of the end month (23:59 on the final day)
end <- seq(endMonthstart, length = 2, by = "1 month™)[2] - 1

# Example:
# suppose the function is called with:

startMonth = 7, start_year = 2015
endvMonth = 11, end_year = 2024
Then:

start will be "2015-07-01 00:00:00 UTC" -> beginning of July 2015

endvMonthstart will be "2024-11-01 00:00:00 UTC" -> beginning of November 2024

end will be "2024-11-30 23:59:59 UTC" -> gets the Tast moment of the end month by taking
the start of the next month and subtracting one second

#
#
#
#
#
#
#
#

# Step 2: Filter data for 1st day of each month at 12:00 (noon)

idx <- format(data$datetime, "%d") "ol" &
format(datasdatetime, "%H") "2t &
format(datasdatetime, "%M") == "00" &

dataSdatetime >= start & data$datetime <= end

# Step 3: Subset data and rename columns for clarity
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B .
df <- data[idx, c("datetime", pollutantName)]
names (df) <- c("datetime", "value™)

# Check if any data is available within the specified range
if (nrow(df) == 0) {
message("No data found for the chosen range/time filter.™)
return(invisible(NULL))

plot(dfsdatetime, df$value, type
xlab "Date (lst of month at 12:00)",
ylab = pollutantName,
main = sprintf("%s - Monthly Noon Levels (%02d/%04d to %02d/%04d)",

pollutantName, startMonth, startYear, endMonth, endyear))
points(dfsdatetime, dfSvalue, pch = 16, cex = 0.6)
grid0
}

displayPollutantGraph (
data = PortTalbotAQ,
pollutantName = "NOx",
startMonth = 7, startYear = 2015,
endMonth = 11, endyvear = 2024
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plot(dfsdatetime, dfSvalue, type
xlab = "Date (1st of month at 12 00)",
ylab = pollutantName,
main = sprintf("%s - Monthly Noon Levels (%02d/%04d to %02d/%04d)",

pollutantName, startMonth, startYear, endMonth, endyear))
points(dfsdatetime, dfSvalue, pch = 16, cex = 0.6)

gridQ
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# Task 4 - create a function to display monthly noon pollutant trends (comparePollutants)
T {r} =z )

names and plots how each pollutant changes over time on the same graph.
Use noon readings on the 1st of each month across all ten years
Demonstrate this using a suitable vector of four pollutants.

BT R R

comparePollutants <- function(data, pollutants){

# This ensures the comparison is made using consistent time points
# across all years (same day and hour each month).

idx <- format(data$datetime, "o1" &
format(datasdatetime, 12" &
format(datasdatetime, "oo"

# Calculate the range of all pollutant values to determine appropriate y-axis limits
# This prevents data points from being cut off when the plot area is adjusted

yMax <- max(df[, pollutants], na.rm = TRUE)

yMin <- min(df[, pollutants], na.rm = TRUE)

# Adjust plot margins to make room for legend on the right
# mar = c(bottom, left, top, right); increased right margin from 2 to 8
par(mar = c(5, 4, 4, 8), xpd = TRUE)

# Create base plot with adjusted y-axis Timits (5% padding at top)
plot(dfsdatetime, df[[pollutants[1]1], type = "1",

col = colors[1], lwd = 2,

xlab "Date"”, ylab = "Concentration Tevel”,

main "Pollutant Comparison at Noon",
vlim — ~OuMin VMav % 1 AENY
M Tack 4 — Create a function to disnlav monthly noon nollutant trends (combparePollutants) a R Markdon
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# Create base plot with adjusted y-axis Timits (5% padding at top)
plot(dfsdatetime, df[[pollutants[1]1], type = "1",

col = colors[1], lwd = 2,

xlab "Date"”, ylab = "Concentration Tevel”,

main "Pollutant Comparison at Noon",

ylim = c(yMin, yMax * 1.05))

# Each pollutant is plotted in a different c -
# to allow visual comparison over the same timeline.
for (i in 2:7ength(pollutants)) {

Tlines(df$datetime, df[[pollutants[i]l], col = colors[i], Twd = 2)

# The legend 1is positioned at the top-Tleft corner for visibility.
Tegend(x = "topright”, inset = c(-0.25, 0),
legend = pollutants, col = colors, 1wd = 2, bty = "n")

# Reset margins
par(mar = c(5, 4, 4, 2) + 0.1, xpd = FALSE)

}

pollutants <- c("03", "NO2", "PM10", "PM2_5")
comparePollutants(PortTalbotAQ, pollutants)
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# Create base plot with adjusted y-axis 1imits (5% padding at top)
plot(dfsdatetime, df[[pollutants[1]]1], type = "1",

col = colors[1], lwd = 2,

xlab Date"”, ylab = "Concentration Tlevel”,

main "Pollutant Comparison at Noon",

ylim c(yMin, yMax * 1.05))
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#Task-5 - Analyse correlation between Ozone (03) and Nitrogen Dioxide (NO2)
Tr}

Task 5: Description

Create a function 03N () that calculates the correlation

relationship between 03 and NO2.

#
#
#
#
# between ozone (03) and nitrogen dioxide (N02) for the full dataset.
#
#
#
#

03NoCorrelation <- function(data){

df <- data[, c("03", "NO2")]
df <- df[complete.cases(df), 1

# Therefore, if there are more than 5000 observations, we take a random
# subset of 5000 values to make the test valid and still representative.

sample03 <- if (length(df$o3) > 5000) sample(df$o3, 5000) else df$o3
samp1eN02 <- if (length(df$NO2) > 5000) sample(df$NO2, 5000) else df$NO2

p03 <- shapiro.test(sample03)S$p.value
pNO2 <- shapiro.test(samp1eN02)$p.value

# Decide correlation method
usePearson <- (p03 >= 0.05 && pNO2 >= 0.05)
method <- if (usePearson) "pearson" else "spearman™

# Explain the decision
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# Explain the decision
if (usePearson) {
cat("Both 03 and NO2 are normally distributed (p >= 0.05),",
"so using Pearson correlation (parametric).\n")
} else {
cat("At Teast one variable is not normally distributed (p < 0.05),",
"so using Spearman correlation (non-parametric).\n")

plot(dfsno2, dfso3,

main = paste("03 vs NO2 -", toupper (method)),
xlab Nitrogen Dioxide (NO2)",
ylab = "ozone (03)",

pch = 19, col = rgb(0.1, 0.4, 0.8, 0.5))

# Add LOWESS (non-Tinear) trend Tline
Tines(lowess (df$N02, df$03), col = "X, Twd = 2)

# Add Tinear regression line
abline(Im(03 ~ NO2, data = df), col = "EEINCIREM", Tty = 2, Twd = 2)

# Step 4: Show correlations

corTest <- cor.test(df$o3, df$NO2, method = method, exact = FALSE)
correlationvalue <- unname(corTestSestimate)
correlationP <- corTest$p.value

cat(sprintf("Correlation coefficient (method = %s): %.3f\n", method, correlationvalue))

if (correlationvalue > 0) {

cat("Positive correlation: As NO2 increases, 03 also increases.\n")
} else if (correlationvalue < 0) {

cat("Negative correlation: As NO2 increases, 03 decreases.\n")

}

Tegend("topright”,
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catl( Negative correlfation. AS NU< Tncreases, U5 decreases.\n )

}

Tegend("topright”,
legend = c(
# Show which correlation method and value were used
sprintf("%s correlation = %.3f", toupper(method), correlationvalue),

# Explain what the red and green Tines mean on the plot
"Red 1ine = LOWESS (non-Tinear trend)",
"Green dashed 1ine = Linear regression”

s

# Match colours and 1ine styles to each description

cina, 2, 2),
Tty = c(NA, 1, 2),

# Remove legend box and adjust text size

bty = "n",
cex = 0.9)

B

# Step 5: Results table

B o

resultsTable <- data.frame(

Metric = c(
"shapiro-wilk(0o3)",
"shapiro-wilk(N02)",
"Correlation method",
"cCorrelation coefficient”,
"cCorrelation p-value",
"Hypotheses Decision™

s

value = c(
po3,
pNO2,
toupper (method) ,
correlationvalue,
correlationP,
ifelse(correlationP > 0.05,

"Fail to reject HO - No significant association between 03 and NO2",
"Reject HO - Significant association between 03 and NO2")
s
stringsAsFactors = FALSE
)

resultsTable

}
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plot(dfsno2, dfso3,

main = paste("03 vs NO2 -", toupper(method)),
xlab = "Nitrogen Dioxide (NO2)",
ylab = "ozone (03)",

pch = 19, col = rgb(0.1, 0.4, 0.8, 0.5))

# Add LOWESS (non-linear) trend line
Tines(lowess (df$N02, df$03), col = "X, Twd = 2)

# Add linear regression Tine
abline(Tm(03 ~ N0O2, data = df), col = "GEI§
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Task 6: Description
Perform a t-test to check whether ozone (03) Tevels differ
between two wind-speed groups:

- Group 1: wind speed < 5 m/s

- Group 2: wind speed >= 5 m/s

State the hypotheses clearly, run the test, and report whether
the result Teads to accepting or rejecting the null hypothesis.

HOW W W OW W W W W W

Tibrary(car)

#

#

#

# HO: The mean 03 (ozone) concentration is equal between the two wind-speed groups
# that mean wind speed < 5 m/s and wind speed >= 5 m/s.
#
#
#
#

H1: The mean 03 (ozone) concentration differs significantly between
the two wind-speed groups.

o3Lowwind <- PortTalbotAQ[PortTalbotAQSwind_speed < 5,
o3Highwind <- PortTalbotAQ[PortTalbotAQSwind_speed >= 5, "03"]

# Remove missing values
o3Lowwind <- na.omit(o3Lowwind)
o3Highwind <- na.omit(o3Highwind)
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Visualise the distributions for both groups

plot(density(o3Lowwind),

col = "HNIE",

Iwd =

main Normal Distribution Curves of 03 Levels by wind Speed”,
xlab '03 Concentration"”,

ylab = "Density")

# Add the second group curve
Tines(density(o3Highwind), col = "[@H]", Twd = 2, 1ty = 2)

Tegend("topright”,

Tlegend = c(
"o3Lowwind™, "o3Highwind"
s
col = cCHEE", "W,
Iwd = c(2, 3),
Tty c(2, 1,
bty =
cex

# It is valid for sample sizes between 3 and 5000 observations.

# If sample size > 5000, randomly sample 5000 values for validity.
sampleLow <- if (length(o3Lowwind) > 5000) sample(o3Lowwind, 5000) else o3LowwWind
sampleHigh <- if (length(o3Highwind) > 5000) sample(o3Highwind, 5000) else o3Highwind

pLow <- shapiro.test(sampleLow)S$p.value
pHigh <- shapiro.test(sampleHigh)$p.value

cat(sprintf("shapiro-wilk p-values:\n Low Wind: %.10f\n High wind: %.10f\n\n", pLow, pHigh))
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# Step4 : Test equal variance

tmp <- data.frame(

value = c(o3Lowwind, o3Highwind),
group = factor(c(rep("Low", Tength(o3Lowwind)),
rep("High", Tlength(o3Highwind))))
)

TevRes <- TleveneTest(value ~ group, data = tmp)
pLevene <- levRes$ Pr(>F) [1]
cat("Levene’s Test p-value:", round(pLevene, 6), "\n")

on test type based on normality

# If both groups are normally distributed (p >= 0.05), use a parametric test (t-test).
# Otherwise, use a non-parametric test (Wilcoxon).

» if (pLow >= 0.05 && pHigh >= 0.05 && pLevene >= 0.05) {

cat("Both groups are normally distributed — using independent t-test (parametric).\n\n")
testResult <- t.test(o3LowwWind, o3Highwind, var.equal = FALSE)

~} else {

cat("At least one group is not normally distributed — using Wilcoxon rank-sum test (non-parametric).\n\n")
testResult <- wilcox.test(o3Lowwind, o3Highwind)

resultsTable <- data.frame(
Metric = c(

"Shapiro-wilk (Low Wind)",
"Shapiro-wilk (High wind)",
"Levene’s Test (Equal Variance)",
"Main Test p-value",
"Test Used",
"Hypotheses Decision™
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# Step 5: Display test result and interpretation

resultsTable <- data.frame(

Metric = c(
"Shapiro-wilk (Low Wind)",
"Shapiro-wilk (High wind)",
"Levene’s Test (Equal Variance)",
"Main Test p-value",
"Test Used",
"Hypotheses Decision™

),

value = c(

pLow,

pHigh,

pLevene,

testResultSp.value,

testResultSmethod,

ifelse(testResult$p.value > 0.05,
"Fail to reject HO: 03 concentrations are similar across wind-speed groups (no significant difference)”,
"Reject HO: 03 concentrations differ significantly between the two wind-speed groups™)

),

stringsAsFactors = FALSE
)

resultsTable
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Metric
<chr>

Shapiro-Wilk (Low Wind)
Shapiro-Wilk (High Wind)
Levene’s Test (Equal Variance)
Main Test p-value

Test Used

Hypotheses Decision

Value
<chr>

2.08843156504715e-18

1.66874510365628e-22

0

0

Wilcoxon rank sum test with continuity correction

Reject HO: O3 concentrations differ significantly between the two wind-speed groups
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plot(density(o3Lowwind),
col = "HIE",
Iwd = 2,
main
x1ab
ylab =

Normal Distribution cCurves of 03 Levels by Wind Speed”,
03 Concentration”,
Density™)

# Add the second group curve
Tines(density(o3Highwind), col = "[@", 1wd = 2, Tty = 2)

legend("topright”,

Tlegend = c(

"o3Lowwind™, "o3Highwind"
s

col = cCEEE", "EE",
wd = c(2, 3),

Tty = c2, 1D,

bty = "n",

cex = 0.9
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s

Task 7 - Comparing Nitrogen Dioxide (NO2) Levels Across Years(2016, 2018, 2020) Using ANOVA / Kruskal-wallis
“{r}

#

#

#

# Perform an ANOVA test to check whether NO2 levels differ between:
# - Nov-Dec 2016

# - Nov-Dec 2018

# - Nov-Dec 2020

#

# Use data recorded at 17:00 each day between 1 Nov and 31 Dec

# for all three years.

#

# If a significant difference is found, run the appropriate post-hoc
# test (e.g., Tukey or pairwise Wilcoxon) to identify which years
# differ and explain why this post-hoc test is chosen.

#

# Clearly state the hypotheses, report the ANOVA result, and indicate
# whether the null hypothesis is accepted or rejected.

Tibrary(car)

B oo

# Hypotheses

B o

# HO: The mean NO2 concentration at 17:00 (Nov-Dec) is equal across 2016, 2018, and 2020.
# H1l: At least one year’s mean NO2 concentration differs.

fetchPollutantbata <- function(data, pollutantName,
startMonth, startyear,
endMonth, endyear) {




image29.png
# Build start and end time bounds
start <- as.POSIXct(sprintf("01-%02d-%04d 00:00",
startMonth, startyear),
format = "%d-%m-%Y %H:%M", tz = "UTC")

endMonthStart <- as.POSIXct(sprintf("01-%02d-%04d 00:00",
endMonth, endyear),
format = "%d-%m-%Y %¥H:%M", tz = "UTC")

# Last moment of the end month
end <- seq(endMonthstart, length = 2, by = "1 month™)[2] - 1

# Keep all records at 17:00 between the start and end dates
idx <- format(data$datetime, "%H") == "17" &
format(datasdatetime, "%M") == "00" &
dataSdatetime >= start & datas$datetime <= end

# Subset and rename
df <- data[idx, c("datetime", pollutantName)]
names (df) <- c("datetime", "value™)

if (nrow(df) == 0) {
message("No data found for the chosen range/time filter.™)
return(invisible(NULL))

}

return(df)

no2_2016 <- fetchPollutantData(PortTalbotAQ, pollutantName, 11, 2016, 12, 2016)
no2_2018 <- fetchPollutantData(PortTalbotAQ, pollutantName, 11, 2018, 12, 2018)
no2_2020 <- fetchPollutantData(PortTalbotAQ, pollutantName, 11, 2020, 12, 2020)

#

# Step Normality test (Shapiro-wilk)
¥ -
#
#

Shapiro-| k works for 3 <= n <= 5000, and NA values are not allowed.
Each group has <5000 points, so no sampling required.
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pNo2_2016 <- shapiro.test(na.omit(no2_2016Svalue))
pNo2_2018 <- shapiro.test(na.omit(no2_2018S%value))
pN02_2020 <- shapiro.test(na.omit(no2_2020%value))

# Display p-values

cat("shapiro-wilk Normality p-values:\n")
cat(" 2016 pNo2_2016$p.value, "\n")
cat(" 2018 pNo2_2018$p.value, "\n")
cat(" 2020:", pNo2_2020%p.value, "\n\n")

# Step 4: Combine all years into one data frame

# and a grouping column (value, year).

no2_20165year <- "2016"
no2_2018%year <- "2018"
no2_2020%year <- "2020"

combinedDf <- rbind(no2_2016, no2_2018, no2_2020)
combinedDf$year <- factor(combinedDfSyear, levels = c("2016", "2018", "2020"))

TeveneRes <- leveneTest(value ~ year, data = combinedDf)
pLevene <- leveneRes$ Pr(>F) [1]

- if (pLevene > 0.05) {

cat("variances are equal across groups (p >", round(pLevene, 3), ") \n")
-} else {

cat("variances are significantly different (p =", round(pLevene, 3), ")\n™)

# If all groups are normally distributed (p > 0.05) use ANOVA.
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# If all groups are normally distributed (p > 0.05) use ANOVA.
# Otherwise use Kl wallis (non-parametric equivalent).

if (pNo2_2016%p.value >= 0.05 &
pNo2_2018%p.value >= 0.05 &
pNo2_2020%p.value >= 0.05 &

pLevene >= 0.05) {

cat("Al11l groups approximately normal using One-Way ANOVA.\n\n")
testUsed <- "ANOVA"

result <- aov(value ~ year, data = combinedDf)
print(summary(result))

# Extract ANOVA p-value
mainP <- summary(result) [[11][["Pr(>F)"11[1]

NOVA only shows that at least one mean differs.
y HSD identifies which specific pairs of years differ.

if (!is.na(pAnova) && pAnova < 0.05) {
cat("\nConclusion: Reject HO - At Teast one year's mean NO2 differs.\n")
cat("Post-hoc Test: Tukey HSD (pairwise mean comparisons)\n\n")
print(TukeyHSD(result))

} else {
cat("\nConclusion: Fail to reject HO - Means appear similar across years.\n")

}
} else {

cat("At least one group not normally distributed so using Kruskal-wallis test.\n\n")
testUsed <- "Kruskal-wallis"
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# reriorm

WA TS Test

result <- kruskal.test(value ~ year, data = combinedDf)
mainP <- result$p.value

# If significant, we perform pairwise W
# to find which year pairs differ.
# The Benj

if (!is.na(result$p.value) &% resultS$p.value < 0.05) {
("\nConclusion: Reject HO - At Tleast one year's median N02 differs.\n")
cat("Post-hoc Test: Pairwise Wilcoxon (BH-adjusted p-values)\n\n")
print(pairwise.wilcox.test(combinedDf$value,
combinedDf$year,
p.adjust.method = "BH"))
} else {
print("\nConclusion: Fail to reject HO - Medians appear similar across years.\n")

resultsTable <- data.frame(
Metric = c("shapiro 2016",

"Shapiro 2018",
"Shapiro 2020",
"Levene’s Test (Equal variance)",
"Main Test p-value",
"Test Used",
"Hypotheses Decision"),

value = c(
round(pNo2_2016%p.value, 6),
round(pNo2_2018%p.value, 6),
round(pNo2_2020%p.value, 6),
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"Hypotheses Decision"),

value = c(
round(pNo2_2016%p.value, 6),
round(pNo2_2018%p.value, 6),
round(pNo2_2020%p.value, 6),
round(pLevene, 6),
round(mainP, 6),
testUsed,
ifelse(mainP > 0.05,
"Fail to reject HO: Mean NO2 concentrations are similar (no significant difference)”,
"Reject HO: At least one year's mean NO2 concentration differs significantly")
),

stringsAsFactors = FALSE

boxplot(value ~ year, data = combinedDf,
main = "NO2 Concentration at 17:00 (Nov-Dec, 2016-2020)",
xlab = "Year",
ylab = "NO2 Concentration”,

col = c(SkybIuel’, "Salmon’, "iGhEGreen” ,
border = 'FIENEN")
gridO

resultsTable
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R Console
Metric
<chr>
Shapiro 2016
Shapiro 2018
Shapiro 2020
Levene’s Test (Equal Variance)
Main Test p-value
Test Used
Hypotheses Decision

data.frame
7x2

Value
<chr>

0.178325

0.000178

0.023871

0.014455

5e-06

Kruskal-Wallis

Reject HO: At least one year's mean NO2 concentration differs significantly
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Post-hoc Test: Pairwise Wilcoxon (BH-adjusted p-values)

Pairwise comparisons using Wilcoxon rank sum test with continuity correction
data: combineddf$value and combinedDf$year
2016 2018
2018 6e-05 -
2020 3e-05 0.81

P value adjustment method: BH
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boxplot(value ~ year, data = combinedDf,

main = "NO2 Concentration at 17:00 (Nov-Dec, 2016-2020)",
xlab = ear",
ylab = "NO2 Concentration”,

col - c(Ekyblue’, 'SENNGN', "IGhEGREEn",
border - "ERENEN"S

aridO)
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# Taskl: Data Import, Cleaning, and Preprocessing
Tr}

Ensure headers are read correctly and rename them to shorter,
clearer labels. Assume the data file is in the same folder
as this script. Display the resulting cleaned data frame.

Step 1: Import data and handle missing values

# Import data and convert empty cells to NA

PortTalbotAQ <- read.csv("Port_Talbot_Hourly_AQ.csv",
stringsAsFactors = FALSE,
na.strings = c("No data”, "", " "))

# Step 2: Select only the necessary columns for analysis

necessarycolumns <- c("Date","Time","0Ozone","Nitric.oxide","Nitrogen.dioxide",
"Nitrogen.oxides.as.nitrogen.dioxide","Ssulphur.dioxide","Carbon.monoxide",

"PM10.particulate.matter..Hourly.measured.","PM2.5.particulate.matter..Hourly.measured.",

"ModeTlled.wind.Direction™,"Modelled.Wind.Speed"”, "Model1led. Temperature™)

# Filtering out necessary column
PortTalbotAqClean <- PortTalbotAQ[, necessarycColumns]

# start from your trimmed table
PortTalbotAQ <- PortTalbotAqClean

# Step 3: Rename columns and clean missing values
Hem
# Rename to short, clear names
names (PortTalbotAQ) <- c(
"date","time",
"03","No", "No2", "Nox",
"so02","co",
"PM10","PM2_5",

"wind_dir","wind_speed"”, "temp"
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PortTalbotAQSdatetime <- as.POSIXct(
paste(PortTalbotAQSdate, PortTalbotAQS$time),
format = "%d-%m-%Y %H:%M",
tz = "UTC"

numCols <- setdiff(names(PortTalbotAQ), c("datetime",
- for (nm in numCols) {

# Display structure and first few rows to confirm successful cleaning
PortTalbotAQ
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datetime

<S3: POSIXct>

2015-01-01
2015-01-01
2015-01-01
2015-01-01
2015-01-01
2015-01-01
2015-01-01
2015-01-01
2015-01-01
2015-01-01

01:00:00
02:00:00
03:00:00
04:00:00
05:00:00
06:00:00
07:00:00
08:00:00
09:00:00
10:00:00

date

<chr>
01-01-2015
01-01-2015
01-01-2015
01-01-2015
01-01-2015
01-01-2015
01-01-2015
01-01-2015
01-01-2015
01-01-2015

time
<chr>

01:00:00
02:00:00
03:00:00
04:00:00
05:00:00
06:00:00
07:00:00
08:00:00
09:00:00
10:00:00

03

<dbl>
52.22082
51.22297
51.13981
54.63229
54.88175
52.28734
52.68648
46.20046
52.68648
62.56520

NO
<dbl>

1.33794
2.20065
0.84130
0.22670
0.22670
3.85166
5.17879
8.05974
6.05252
6.79716

NO2

<dbl>
19.78035
20.54726
18.16732
9.55820
7.58641
13.50034
17.22684
27.41521
22.45705
20.20317

NOx
<dbl>

21.83183
23.92155
19.45730

9.90579

7.93401
19.40614
25.16754
39.77331
31.73746
30.62534

S02

<dbl>
52.04809
20.60424
20.02194
11.55629
4.83752
8.66722
9.67503
21.90320
48.91266
32.18292

co
<dbl>

0.916613
1.063691
0.550085
0.055008
0.000000
0.000000
0.000000
0.137667
0.907494
0.907494

x

»
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# Create a new data frame called invalidbData that calculates the
# percentage of missing readings for each pollutant. Display the
# resulting table to show how much data is unrecorded for each measure.

e
# Step 1: Identify pollutant columns

e
# Exclude non-numeric fields ('datetime’, ‘date’', and 'time')

# to focus only on pollutant measurement columns.
rolTutantCols <- setdiff(names(PortTalbotAQ), c("datetime"”, "date", "time"))

# Create a new dataframe that stores each pollutant name
# along with the percentage of missing values in that column
invalidData <- data.frame(
Pollutant = pollutantcols,
Missing_Percentage = sapply(PortTalbotAQ[, pollutantCols], function(x) {
sum(is.na(x)) / totalRows * 100
b

# Display nicely rounded percentages
invalidDataSMissing_Percentage <- round(invalidData$Missing_Percentage, 2)

# Display the final missing value summary table
invalidData




