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[bookmark: _Toc234420276]Task 1 - Air Quality Analysis of the Port Talbot Hourly Air Quality Dataset
[bookmark: _Toc234420277]Introduction to the Dataset
The Port Talbot Hourly Air Quality dataset contains hourly pollutant and weather measurements collected between 2015 and 2024, enabling trend, relationship and seasonal analyses in R.
[bookmark: _Toc234420278]Task 1.1 Data Import and Preparation
The dataset was imported into the R environment by reading it in with the readr package method of read_csv(). The data were pre-processed to ensure quality and uniformity for analysis [1]. Since there were many "No data" values, all these were treated as missing values and converted to “NA” so that R was able to exclude missing observations during statistical analysis. Status columns were not kept as they were not required for the analyses needed.
[image: ]
Figure 1 Source code for Importing CSV Data and NA Transformation
All pollutant and weather variables were changed to numeric values and the Date column was converted to a recognised date format. Combined DateTime variable was created for time-series visualisation [2]. 
[image: ]
Figure 2 Type Conversion Code
Furthermore, a season variable (Winter, Spring, Summer and Autumn) was created based on the month of observation for the purpose of comparing observations across seasons.
The cleaned data set consisted of 87,672 hourly observations and 15 variables, which is a large sample to conduct descriptive and inferential statistical analysis.
[image: ]
Figure 3 Data Imported and Dimensions
[bookmark: _Toc234420279]Task 1.2 Descriptive Statistics
Descriptive statistics were created to gain knowledge of the distribution of pollutant concentrations and weather data [3].
[image: ]
Figure 4 Source code for Descriptive Statistics
The average ozone concentration was approximately 53 µg/m³, while PM2.5 averaged 9.3 µg/m³. PM10 reached a maximum of 575 µg/m³, indicating occasional poor air quality. Missing values labelled "No data" were converted to NA and excluded from statistical analysis.
Missing values labelled "No data" were converted to NA and excluded from further analysis to minimise bias.
[image: ]
Figure 5 Descriptive Statistics
[bookmark: _Toc234420280]Task 1.3 Exploratory Visualization
[bookmark: _Toc234420281]Task 1.3.1 Time Series Analysis
Time-series plots were made for the concentration of both ozone and PM2.5 to examine the long-term behaviour from 2015 to 2024.
[image: ]
Figure 6 Source Code for Time-series line-chart plotting
The ozone time-series is almost always fluctuating during the total study period and peaks almost every year, seasonally. The concentrations fluctuated greatly with time but there was no clear trend of increase or decrease with time. In general, ozone showed a cyclic pattern similar to the seasonal variation in the atmosphere [4].
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\TimeSeries_Ozone.png]
Figure 7 Time Series Analysis of Ozone Pollutant
The time-series of PM2.5 was later conducted, that shows relatively low background concentrations for most observations, but with a number of distinct spikes above 200μg/m³. The separate peaks indicate occasional episodes of pollution, rather than ongoing poor air quality.
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\TimeSeries_PM25.png]
Figure 8 Time Series Analysis of PM2.5 Pollutant

[bookmark: _Toc234420282]Task 1.3.2 Scatter Plot Analysis
The relationships between selected pollutant and meteorological variables were investigated using scatter plots [5].
[image: ]
Figure 9 Source Code for Scatter Plot Analysis
There is a positive linear trend between the concentration of ozone and modelled temperature. The regression line fitted suggests that there is an overall trend of increasing ozone concentrations with increasing temperatures. Also, as can be seen, there is a significant amount of scatter around the fitted line, however, indicating that there are other factors besides temperature that affect the formation of ozone [6].
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Scatter_Ozone_Temperature.png]
Figure 10 Ozone-Temperature Scatter Plot
The scatter plot of PM2.5 concentration versus wind speed, on the other hand, shows a very weak-correlation. The regression line is very flat, suggesting that the wind attribute alone doesn't have a significant impact on PM2.5 concentrations in this set of data.
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Scatter_PM25_WindSpeed.png]
Figure 11 PM2.5-WindSpeed Scatter Plot
The visualisations show that ozone is more closely correlated with meteorological conditions than PM, but that there is significant natural variability in both.
[bookmark: _Toc234420283]Task 1.4 Correlation Analysis
Pearson correlation analysis was used to measure the relationships between the major pollutants. This is the method where a statistical metric that assesses the direction and strength of a linear relationship between two continuous variables is used for understanding correlation between multiple variables in a dataset [7].
[image: ]
Figure 12 Correlation Mapping Source Code
The moderate positive correlation was found between PM2.5 and PM10 with r = 0.605. This indicates that the concentration of both particulate pollutants tends to rise together, probably due to the fact that they are emitted from the same sources [8].
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Correlation_Heatmap.png] 
Figure 13 Correlation Matrix
A moderate negative correlation was found between ozone and NO2 (r = -0.486). The inverse relationship is consistent with well-known atmospheric chemistry that relates ozone formation and nitrogen oxides through the photochemical reaction.
There was only a weak positive correlation between N2O and PM2.5 (r = 0.315) and very weak positive correlation between O3 and PM10 (r = 0.100). The correlation heatmap displays these relationships in graphical form with their corresponding correlation coefficient (r) values, with the relationships being indicated by the intensity of the colour. The correlation heatmap clearly shows these relationships in the form of a colour coded matrix which shows the intensity of the colour to indicate the correlation coefficient (r) value for each combination of variables.
[image: ]
Figure 14 Correlation Analysis Interpretation
In overall terms, the correlations show that there are positive influence between the particulate pollutants, while the correlation of ozone is different from the correlation of nitrogen dioxide because ozone is generated in the atmosphere as a result of chemical processes [9].
[bookmark: _Toc234420284]Task 1.5 Hypothesis Test
An independent samples Welch’s t-test was conducted to assess if there was a difference between periods of high and low wind speed in ozone concentrations.
[image: ]
Figure 15 Welch t-test Source Code
H₀: μA = μB; High wind speed concentration of O₃ is equal to low wind speed concentration of O₃.
Alternative Hypothesis (H₁): The mean ozone concentration is different for high wind speed vs low wind speed.
The result of the analysis was highly significant (t = 86.53, p < 0.001). The mean concentration of ozone during the higher wind speed period was about 58.7 μg/m³ while the lower wind speed period was 47.2 μg/m³.
The p-value is well below the 0.05 level of statistical significance, so the null hypothesis is rejected. The results yield strong statistical evidence for the difference in ozone between the wind speed groups.
[image: ]
Figure 16 Hypothesis Condition Check Source Code
[image: ]
Figure 17 Welch Independent Samples t-Test Comparing Ozone Concentrations between High and Low Wind Speed Groups
[bookmark: _Toc234420285]Task 1.6 Seasonal Group Analysis Using One-Way ANOVA
A one-way Analysis of Variance (ANOVA) was used to see if the mean concentration of O3 was different across seasons. A one-way ANOVA is a hypothesis test that determines if the means of three or more groups differ substantially for a single factor [10].
A null hypothesis (H₀): The average level of O₃ is the same for all seasons.
Alternative hypothesis (H₁): At least one of the seasonal means is different.
The ANOVA test yielded a very significant result (F = 2851, p < 0.001), meaning that the seasonal variation is statistically significant in affecting the concentration of ozone.
Given the overall test was significant, Tukey HSD post hoc analysis was done to determine which seasons were different. 
[image: ]
Figure 18 ANOVA Test and Tukey HSD Source Code
The results indicated that there was a significant difference for each pair in the seasons. The highest average ozone concentration was observed during spring, and the lowest during autumn. While the difference in size was small for Winter and Summer, the difference was also significant considering the large sample size.
[image: ]
Figure 19 One-Way ANOVA and Tukey HSD Results for Seasonal Ozone Concentrations
This information is reinforced by the seasonality box plot. The highest median ozone occurs in the spring with many upper outliers, and the lower central values of ozone occur in summer and autumn. The inter-seasonal spread of observations is also different, which reflects differences in average concentration and also variability [11].
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Boxplot_Ozone_Season.png]
Figure 20 Distribution of Ozone Concentrations across Seasons
The results indicate that ozone concentrations are highly dependent on the atmospheric conditions during the different seasons of the year, with higher ozone concentrations occurring during the warmer seasons.
[bookmark: _Toc234420286]Task 1.8 Summary
The above analysis was a success as it blended descriptive, visualisation and hypothetical statistical techniques to explore the pattern of air quality in Port Talbot. Clear seasonal cycles and occasional pollution episodes were observed in time-series plots. The scatter plots indicated positive relationship between ozone concentration and temperature, while PM2.5 had little association with wind speed. Moderate correlation was found between some pollutants, such as PM2.5 and PM10, by correlation analysis. Lastly, the differences in ozone concentration in wind speed groups and seasons were statistically significant in both the Welch t-test and One-way ANOVA approaches, thus indicating that there is significant evidence of air quality differences due to meteorological conditions within the study area.


[bookmark: _Toc234420287]Task 2 - Reflective Summary

[bookmark: _Toc234420288]This project provided me with valuable practical experience in applying statistical analysis and data visualisation techniques in R using a large real-world environmental dataset. My overall approach was to develop a structured and reproducible workflow that began with importing and cleaning the dataset before progressing through descriptive statistics, exploratory visualisation, correlation analysis and inferential statistical testing. I organised the code into logical sections with clear comments so that each stage of the analysis could be easily understood, maintained and reproduced [12]. Throughout the project, I realised that writing clear and well-structured code is just as important as producing accurate statistical results because it simplifies debugging, improves readability and supports reproducible research.
Selecting appropriate visualisations was one of the most important decisions during this project. I used line graphs to display ozone and PM2.5 concentrations over time because they are well suited for showing long-term changes in continuous environmental observations [2]. These visualisations allowed me to identify seasonal fluctuations, recurring annual patterns and occasional pollution episodes. For example, the ozone time-series showed repeated seasonal cycles, while the PM2.5 graph highlighted several periods of unusually high pollution. The ozone time-series graph was produced using ggplot2, allowing long-term changes in ozone concentrations to be visualised clearly over the study period.
To investigate relationships between pollutants and meteorological variables, I selected scatter plots with fitted regression lines. These plots effectively displayed both the overall trend and the variability within the observations [5]. The relationship between ozone and temperature showed a positive trend, whereas PM2.5 and wind speed demonstrated only a weak association. I also produced a correlation heatmap because it summarised multiple pairwise relationships between pollutants within a single figure, making it much easier to compare correlation strengths than examining several individual scatter plots. Finally, boxplots were used to compare ozone concentrations across the four seasons because they clearly displayed differences in median values, variability and potential outliers while supporting the interpretation of the ANOVA results [10].
Although these visualisations communicated the main findings effectively, I also recognised some limitations in my approach. The dataset contained more than 87,000 hourly observations, which resulted in crowded time-series plots that made subtle long-term patterns more difficult to identify. If I were to repeat this project, I would aggregate the data into monthly averages before plotting to improve readability while still preserving seasonal trends. This experience taught me that selecting appropriate visualisations depends not only on the type of data but also on the size and complexity of the dataset.
Several challenges were encountered during the analysis. The largest issue involved numerous "No data" values, which prevented accurate statistical calculations. I resolved this by converting these entries into NA values before performing any analysis. Another challenge involved variable names containing spaces and special characters, such as PM2.5 and PM10, which initially caused syntax errors. Learning how to correctly reference these variables improved both my R programming skills and confidence. I also expected stronger relationships between pollutants and weather variables; however, the statistical analysis demonstrated that several correlations were weaker than anticipated. This reinforced the importance of relying on objective statistical evidence rather than assumptions when interpreting results.
Completing this project significantly improved my understanding of data cleaning, exploratory data analysis, hypothesis testing and statistical interpretation in R. I became more confident in using packages such as dplyr, ggplot2 and corrplot, while also gaining a better understanding of selecting appropriate statistical techniques to answer different research questions [15]. More importantly, I learned that effective data analysis requires both technical programming skills and critical evaluation of statistical findings rather than simply producing graphs or numerical outputs.
If I were to undertake this project again, I would improve the analysis by creating monthly aggregated time-series visualisations, checking statistical assumptions before selecting hypothesis tests, and developing interactive dashboards using plotly or Shiny. These improvements would enhance both interpretation and user interaction. Overall, this assignment strengthened my statistical programming skills and increased my confidence in analysing real-world environmental datasets. The knowledge and experience gained from this project will be valuable in future academic research and my future career in data science and artificial intelligence [12], [15].


Statement on AI Usage
AI assistance was only taken in order to perform generic research on pollutants and their effects on weather. AI was also subtly used to find authentic research materials on this subject, which have been referenced throughout this report.
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# Convert the Date column into Date format

Air

)

alitysbate <- as.Date(
Airqualitygate,
tryFormats = c("%d/%n/%Y"

"%d-%m-20")

# Identify all numeric columns
num_cols <- setdiff(names(AirQuality), c("Date”,

# Convert character variables into numeric values

Afrquality[num_cols] <- lapply(

)

‘AirQuality[num_cols],

function(x) as.numeric(trimus(as.character(x)))

“Time"))

# Combine Date and Time into one DateTime variable

Al

®format - "%Y-%m-%d %H:

2l

ateTine <- as.PoSTXCH]]

paste(Airqualitysbate, AlrQualitysTine),

# Extract month from each observation
m <- as.numeric(format(AirQualitygDate, "%n"))

# Create a Season variable for seasonal analysis

AirQualitysseason <- factor(
Tfelse(m ¥in% c(12,1,2), Winter”,

)

ifelse(m ¥in% C(3,4,5), Spring’
ifelse(m ¥in% c(6,7,8),"

levels = c("Winter”,"Sprin

Summer”,

’Summer™, "Autumn”)

“Autumn®))).,
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# Write output to both the console and a text file
sink("Analysis_Output.txt”, split = TRUE)

cat("Air Quality Analysis\n\n")

# Display column names
cat("Column names\n")
print(nanes (AirQuality))

# Display data structure
cat("\nbata types\n")
str(AirQuality)

# Display first six observations
cat("\nFirst six rows\n")
print(head(AirQuality))

# Display dataset dimensions
cat("\nDataset dimensions\n")
print(din(AirQuality))

# Produce descriptive statistics
cat("\nDescriptive statistics\n")
print (summary (AirQuality))
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82 v # Time series plots show long-term trends in pollutant levels
8 # Plot ozone concentration over time

84 v p1 <- ggplot(AirQuality, aes(DateTime, Ozone)) +

£ geom_line(colour = "Oblue”) +

8 v | labs(title = "Ozone over Time",

8 x = "Date”,

91  ggsave("TimeSeries Ozone.png”, pi, width = 10, height = 5)

93 # Plot PM2.5 concentration over time
94+ p2 < ggplot(

95 | AirQuality,
% aes(DateTime, “PM2.5 particulate matter (Hourly measured)’)
7 )+

98 geom_line(colour = "Ered”) +

99 v | labs(title = "PH2.5 over Time”

00 x = "Date”,

01 y = "PH2.5") +

02 theme_minimal ()

o4 ggsave("Timeseries

25.png”, p2, width = 16, height = 5:
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# Scatter plots examine relationships between variables
# Relationship between ozone and temperature
p3 < geplot(
Airquality,
aes("Modelled Temperature , Ozone)
)+
geon_point (alpha = .2) +
geom_smooth(method = "I
theme_minimal() +
labs(title = "0zone vs Temperature”,
X = "Modelled Temperature”,
y = "0zone")

. se = FALSE, colour = "Hred”) +

ggsave("Scatter_Ozone_Temperature.png”, p3, width = 7, height =

# Relationship between PM2.5 and wind speed
pa <- ggplot(
Airquality,
aes("Modelled Wind Speed”,
“PM2.5 particulate matter (Hourly measured)”)
)+
geon_point (alpha = .2) +
geon_smooth(method = "In", se
theme_minimal() +
labs(title = "PM2.5 vs Wind Speed”,
x = "Modelled Wind Speed”,
y = "PH2.5")

FALSE, colour

Oblue”) +

ggsave("Scatter_PH25_WindSpeed.png”, p4, width = 7, height = 6)

6)
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# Correlation analysiq
# Select pollutant variables for correlation analysis
corr_data <- AirQuality %%
select(

ozone,

“Nitrogen dioxide’,

“PM2.5 particulate matter (Hourly measured),

“PM10 particulate matter (Hourly measured)™

# Calculate correlation matrix
corr_matrix <- cor(

corr_data,
pairuise.complete.obs™

cat("\nCorrelation matrix\n")
print(round(corr_matrix, 3))

# Produce correlation heatmap
png("Correlation Heatmap.png”, 968, 768)

corrplot(
corr_matrix,
method = “color”,
type = "upper”,
addCoef. col = "Oblack”,
tl.col = "Oblack”

dev.off()




image14.png
(painseauw Ayunok) sapeu sjenoed 0}

010
016

(painseau AuNoH) iafew aleinoed 5 ZWd

apXoIp UsBoNIN

P10 particulate matter (Hourly measured)

Nitrogen dioxide
P25 particulate matter (Hourly measured)




image15.png




image16.png
# Independent samples t-test|

# Calculate the median wind speed

median_us <- median(
AirQuality$'Modelled Wind Speed”,
na.rm = TRUE

# Divide observations into high and low wind speed groups
AirQuality$WindGroup <- ifelse(

AirQuality$ Modelled Wind Speed” >= median,
High”,
Low’
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# Interpret the hypothesis test
if (ttsp.value < 0.05) {

} else {
cat("Interpretation: Fail to reject the null hypothesis.\n")

3}
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#

One-way HNGVA

cat("\nseasonal comparison\n")
cat("Null hypothesis: Mean ozone concentration is equal across all seasons.\n")

cat(“Alternative hypothesis: At least one season has a different mean ozome concentration.\n")

#

perforn one-way FNGVA

Fit <- aov(0zone ~ Season, data = AirQuality)

print(summary(fit))
# Perform Tukey post hoc comparisons
cat("\nTukey HSD post hoc test\n")
print (TukeyHsD(Fit))
# Produce seasonal boxplot
p5 < ggplot(

Airquality,

aes(Season, Ozone, fill = Season)
)+

geom_boxplot() +

‘theme_mininal() +

labs(title = "0zone by Season”,

x = "Season”,
y = "0zone")

ggsave("Boxplot_Ozone_Season.png”, ps, width = 8, height = 6)

#

Interpret SOUB results

if (summary(fit)[[11][["Pr(>F)"1][1] < @.85) {

¥
}

cat("Interpretation: Reject the null hypothesis. Ozone concentrations var
else {

cat("Interpretation: Fail to reject the null hypothesis.\n")

significantly across seasons.\n’.
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Seasonal comparison

Null hypothesis: Mean ozone concentration is equal across all seasons.

Alternative hypothesis: At least one season has a different mean ozone concentration.
Df  Sum Sq Mean Sq F value Pr(>F)

Season 3 3204706 1068233 2851 <2e-16 ***

Residuals 85928 32102788 375

Signif. codes: © "***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
1740 observations deleted due to missingness

Tukey HSD post hoc test
Tukey multiple comparisons of means
95% family-wise confidence level

Fit: aov(formula = Ozone ~ Season, data = AirQuality)

$Season

diff Tur uwr  padj
Spring-Winter 12.9919920 12.51156651 13.472477 6.0000600
Summer-Winter  ©.5446714 6.66332629  1.026623 6.0191243
Autumn-Winter -2.7478133 -3.23117619 -2.264450 6.0000600
Summer-Spring -12.4473265 -12.92363199 -11.971660 6.0000600
Autumn-Spring -15.7398053 -16.21814967 -15.261461 6.00006600
Autumn-Summer -3.2024848 -3.77169867 -2.813271 6.0000600

Interpretation: Reiect the null hvpothesis. Ozone concentrations varv sienificantly across seasons.
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# Read the dataset
AirQuality <- read_csv("Port_Talbot_Hourl

csv”, show_col_types = FALSE)

# Replace "No data” values with NA
AirQuality[AirQuality == "No data”] <- NA





