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[bookmark: _heading=h.3wtfpu7sou20]Task 1 - Code
[bookmark: _heading=h.g0lcne1fxeug]1.1 Dataset Import and Initial Exploration
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Figure 1.1.1: Column Names of the AirQuality Dataset
Once imported into R, the names of the columns in the AirQuality dataset are shown in Figure 1.1.1. These data contain 24 variables, such as date, time, various air pollution parameters, meteorological parameters, and status fields. Checking column names will make sure that the data was imported properly and the data contains the proper variables to work with later. 
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Figure 1.1.2: Data Types of the AirQuality Dataset
The data type and structure of the AirQuality dataset are shown in Figure 1.1.2. The output displays the number of observations and variables in the data set.The output indicates that there are 87,672 observations and 24 variables. Most of the pollutant and weather variables are numeric, and the date, time and status variables are character variables, which gives an overview of the data structure before analysis.
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Figure 1.1.3: Dimensions of the AirQuality Dataset
The dimensions of the AirQuality dataset are given in Figure 1.1.3. A total of 87,672 rows and 24 columns, each row of which is an observation of air quality made hourly over a ten-year period, are contained in the dataset. Checking the dimensions of the dataset ensures that the entire dataset has been imported successfully and that they have an understanding of the size of this data set available for analysis. 
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Figure 1.1.4: Descriptive Statistics of the Air Quality Dataset
The summary() function in R was used to generate data summary for Figure 1.1.4. This output gives the minimum, maximum, median, mean, quartiles and any missing data for the numerical variables. These statistics provide a preliminary indication of the distribution, central tendency, variability and completeness of air quality and meteorological measurements (Latoń et al., 2025).
[bookmark: _heading=h.6pu41idobzbs]1.2 Exploratory Data Visualisation
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Figure 1.2.1: Time Trend of Ozone
The hourly ozone levels from 2015 to 2024 are shown in Figure 1.2.1. The time series graph shows significant fluctuations over the time period, with a few peaks suggesting periods of high ozone concentration. The visualisation is a good way to detect long-term temporal trends, seasonal changes and high pollution events over the data (Fu et al., 2024).
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Figure 1.2.2: Time Trend of PM2.5
The hourly PM2.5 concentrations during the 10-year study period are shown in figure 1.2.2. While the overall level of observations is fairly low, there are some significant peaks that represent brief periods of pollution. The time series plot helps to highlight temporal variability, recurring patterns, and high periods of PM. 
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Figure 1.2.3: Relationship Between PM2.5 and Wind Speed
The correlation between PM2.5 concentrations and the modelled wind speed is illustrated in a scatter plot as shown in Figure 1.2.3. There is a weak positive relationship shown in the regression line and the points are generally spread out, indicating a lot of variation. Scatterplots are suitable to the analysis of possible relationships between environmental pollutants and meteorological variables. 
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Figure 1.2.4: Relationship Between Ozone and Temperature
The relationship between the concentration of ozone and the modelled temperature is shown in figure 1.2.4. The fitted regression line is sloping upwards, which represents a positive association; in general, ozone levels are going up as the temperature is going up. This scatterplot is a good example of how the meteorological conditions could affect the concentration of the air pollutants (Haroon,Ozarisoy and Altan, 2024).
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Figure 1.2.5: Distribution of Ozone Concentrations
A boxplot of the distribution of ozone concentrations is shown in figure 1.2.5. There is a lot of variation within the data as shown by the median value, the interquartile range and many of the upper outliers. The boxplot offers a concise summary of central tendency, spread and possible extreme observations which can affect the rest of the statistical analyses. 
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Figure 1.2.6: Distribution of PM2.5 Concentrations
The distribution of the PM2.5 concentration is shown using a boxplot in Figure 1.2.6. The plot has a relatively low median concentration and a relatively short interquartile range, along with many high value outliers. The image gives a good visualisation of the variation in particulate matter levels and shows occasional extreme pollution events. 
[bookmark: _heading=h.tm0yv38xyku]1.3 Correlation Analysis
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Figure 1.3.1: Correlation Matrix of Selected Air Pollutants
The Pearson correlation coefficients between the concentrations of ozone, nitrogen dioxide, sulphur dioxide and PM2.5 are displayed in Figure 1.3.1. The matrix shows moderate negative correlation between O3 and NO2; and weak to moderate positive correlations between the other pollutants. 
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Figure 1.3.2: Heatmap of Air Pollutant Correlations
The correlation matrix is shown in the heat map in Figure 1.3.2. Colour intensity indicates the strength of the relationships between pollutants and the direction of the relationships. The most negative correlation is between ozone and nitrogen dioxide, while PM2.5 shows moderate positive correlation with sulphur dioxide and nitrogen dioxide, suggesting potential common emission sources. 
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Figure 1.3.3: Relationship Between Ozone and Nitrogen Dioxide
It is clear from Figure 1.3.3, that there is a positive relationship between ozone and nitrogen dioxide concentrations. The slope going downwards means there is a moderate negative correlation, meaning that there is likely to be an inverse relationship between O3 and NO2. 
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Figure 1.3.4: Relationship Between PM2.5 and Sulphur Dioxide
The correlation between the concentration of PM2.5 and SO2 is shown in Figure 1.3.4. A positive association is shown by the regression line pointing up; but the spread of the observations is large, so the association is relatively weak to moderate. There are also several extreme observations appearing which correspond to some high periods of pollutant levels.
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Figure 1.3.5: Relationship Between Ozone and PM2.5
Figure 1.3.5 shows the correlation between the number of particles in PM2.5 and the amount of O3. The two pollutants have a very weak negative association, as shown by the regression line that is almost horizontal. The wide range of observations indicates that the direct impact of ozone on PM2.5 concentration is weak, and hence, the processes leading to pollution in the atmosphere are complicated. 
[bookmark: _heading=h.lgwop5ow6vdb]1.4 Hypothesis Testing
Null Hypothesis (H₀): There is no statistically significant difference in the mean PM2.5 concentration between periods of high wind speed and low wind speed.
Alternative Hypothesis (H₁): There is a statistically significant difference in the mean PM2.5 concentration between periods of high wind speed and low wind speed.
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Figure 1.4.1: Welch Two-Sample t-test Results for PM2.5 by Wind Speed Group
The difference in PM2.5 concentrations between high and low wind speed groups was analyzed using the two sample t-test (welch) as shown in Figure 1.4.1. The results of the test were statistically significant (p < 0.001) with the difference in mean PM2.5 concentrations being statistically significant between the two groups. 
[image: ]
Figure 1.4.2: Boxplot of PM2.5 Concentrations by Wind Speed Group
A boxplot of PM2.5 concentrations is shown in figure 1.4.2 for high and low wind speeds. There were slightly higher median concentrations, and more extreme outliers, in the low wind speed group, with more variability. 
[bookmark: _heading=h.kavs706q7zmj]1.5 Seasonal Group Comparison
Null Hypothesis (H₀): There is no statistically significant difference in the mean PM2.5 concentration across the four seasons (Winter, Spring, Summer, and Autumn).
Alternative Hypothesis (H₁): At least one season has a statistically significant difference in the mean PM2.5 concentration compared with the other seasons.
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Figure 1.5.1: One-Way ANOVA Results for PM2.5 Concentrations Across Seasons
The results from the one-way ANOVA for comparing the mean concentration of PM2.5 between the four seasons are shown in Figure 1.5.1. The test result was very significant (F = 569.5, p < 0.001), suggesting that the concentration of PM2.5 particles is significantly different among the seasons. 
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Figure 1.5.2: Tukey's Post Hoc Test Results for Seasonal PM2.5 Comparisons
The Tukey's Honestly Significant Difference (HSD) test was performed after the significant result of the ANOVA and is presented as Figure 1.5.2. The analysis pinpoints the pairs of seasons that have significantly different mean PM2.5 levels. All pairs comparisons are statistically significant (p < 0.001) and show that the level of PM2.5 is consistently different among the four seasons.
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Figure 1.5.3: Boxplot of PM2.5 Concentrations Across Seasons
Boxplots in figure 1.5.3 show PM2.5 concentrations in Winter, Spring, Summer and Autumn. Summer shows low concentrations, and Spring has the highest median concentration and variation in concentrations. There are a number of outliers for each season, suggesting that there were times during the study period when the concentration of PMs was above the normal. 
[bookmark: _heading=h.8gh7ngx6o8wf]1.6 Summary of Findings
The analysis was used to identify important patterns in the air quality data from the Port Talbot. The time series plots indicated fluctuations in concentrations of both ozone and PM2.5 concentrations in the study period. The correlation analysis showed moderate negative correlation between O3 and NO2, and weak to moderate positive correlation between PM2.5 and other pollutants. Welch t-test revealed that there were significant differences in PM2.5 concentration between high and low wind speed conditions. The one-way ANOVA also indicated that there was a significant difference in the PM2.5 concentrations between seasons. Overall the analysis showed that air pollutant levels are affected by both meteorological conditions and seasonality. 

[bookmark: _heading=h.s7u4lrt9f9cv]Task 2 – Reflective Summary
This project provided hands-on experience with real-world air quality data and ways in which one can analyze such data from a statistical programming perspective in the program R. My first approach was importing the data set and understanding the data set's structure and which variables you would need to analyze the data set. To run statistical tests I performed data cleaning before using the correct variables and data types for the pollutants and weather related variables before replacing all "No data" with NA. This preparation enabled the following analysis to be as reliable and low in errors of inaccuracies in statistical calculations as possible.
Creating appropriate visualisations to explore the data was a crucial aspect of the analysis. I chose to use time series plots for ozone and PM2.5 because they were recorded at hourly intervals for 10 years. Time series plots were the most appropriate type for detecting long-term trends, seasonal variations, and concentrations of pollutants that are higher than usual. Relationships between pollutants and meteorological variables including ozone and temperature and PM2.5 and wind speed were then explored using the scatterplots. The plots allowed the potential association of variables to be more easily seen, and whether linear trends were present to be more readily established. Finally, box plots were selected as they were appropriate for comparing the distributions of pollutants as they clearly show the variation, the median and any outliers within each group. The following is an example of the visualisation code.
There were some problems that were faced during analysis. The first one was dealing with missing values, as the dataset did not have the "No data" recorded as a recognised missing value. These had to be transformed to NA values to be able to calculate them. A second problem arose during the hypothesis testing phase as the Shapiro-Wilk normality test showed an error due to exceeding the maximum sample size for the test. I saw from the documentation that it was a reasonably large dataset and I thought that the Central Limit Theorem would hold, so I didn't bother with a full normality test and used Welch's t-test instead. I also found some problems with long variable names, causing overlap of the labels in the correlation plot. This was fixed by using smaller, more descriptive variable names, before creating the visualisation.
This project greatly helped me get a better grasp of R programming in statistics. I gained more confidence in cleaning data, exploratory data analysis, visualization, correlation analysis, hypothesis testing, and interpretation of statistical outputs. I also learned the skills to choose the most suitable statistical techniques depending on the nature of the data and not just mechanically applying techniques. The insights gained from learning how visualisations could complement statistical analysis enabled me to present results in a clearer and more informative way and to detect significant patterns in the data (Chaudhry et al., 2023).
Looking back on this analysis, I would add a few more visualisations, including some seasonal trend plots and an interactive dashboard, to offer a more in-depth analysis of the data. I would also explore more complex statistics models such as multiple regression or time series forecasting to explore the combined effect of meteorological variables on pollutant concentrations. Such enhancements would add to understanding of the air quality behaviour and further bolster the overall analysis. 
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> # Display dataset dimensions
> cat("\nDataset Dimensions:\n")

Dataset Dimensions:

> dim(Airquality)

[1] 87672 24

> cat("\nNumber of Rows:\n")

Number of Rows:

> nrow(AirQuality)

[1] 87672

> cat("\nNumber of Columns:\n")

Number of Columns:
> ncol(Airquality)
[1] 24
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Summary Statistic
> summary(AirQual
Date
Length:87672
Class :character
Mode :character

Status.1
Length:87672
Class :character
Mode :character

Status.3
Length:87672
Class :character
Mode :character

PM10.particulate
Min.  : -3.865
1st Qu.: 10.400
Median : 16.600

s:

ity)
Time 0Ozone Status Nitric.oxide
Length:87672 Min. @ -0.1497 Min.  : -0.059
Class :character 1st Qu.: 40.1136 :character  1st Qu.: 0.864
Mode :character Median : 54.4826 Mode :character Median : 2.526
Mean  : 53.0298 Mean : 4.371
3rd Qu.: 66.6564 3rd Qu.: 5.474
Max.  :164.8448 Max.  :169.557
NA's  :1740 NA's 3214

Nitrogen.dioxide  status.2 Nitrogen. oxides.as.nitrogen.dioxide

Min. : 0.065 Length:87672 Min. 0.261

1st Qu.: 6.680 Class :character 1st Qu.: 9.092

Median : 11.058 Mode :character Median : 15.585

Mean  : 13.945 Mean 20.604

3rd Qu.: 17.797 3rd Qu.: 25.553

Max.  :150.520 Max.  :317.217

NA's 13489 NA'S  :3489

Sulphur. dioxide status.4 carbon.monoxide  Status.s

Min.  : -0.1329 Length:87672 Min. 012 Length:87672

1st Qu.: 0.4612 Clas
Median : 0.6745 Mode

Mean T 2.9400
3rd Qu.: 1.4561
Max. 1253.8499
NA's 12100

.matter. .Hourly.measured

PM2.5.particulate.matter. .Hourly.measured

Mean 1 23.479
3rd Qu.: 28.020
Max. :574.889
NA's 15732

Min. : -5.000
1st Qu.: 4.900
Median : 7.300
Mean 9.328
3rd Qu.: 12.000

s :character 1st Qu.
:character  Median :

Mean : 0.177
3rd Qu.: 0.147
Max. @ 9.459
NA's 14154
Status.6
Length:87672
Class :character
Mode :character
Status.7
Length:87672
Class :character
Mode :character

.051 Class :character
.082 Mode :character
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PM2.5 vs Wind Speed
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> # Display the correlation matrix
> print(correlation_matrix)
0zone Nitrogen.dioxide

ozone 1.00000000 -0.4819833
Nitrogen. dioxide -0.48198329 1.0000000
sulphur. dioxide 0.03397970 0.1573358
PM2.5.particulate. matter. .Hourly.measured. -0.04853011 0.3203791
sulphur. dioxide
ozone 0.0339797
Nitrogen. dioxide 0.1573358
sulphur. dioxide 1.0000000
PM2.5.particulate. matter. .Hourly. measured. 0.3248458
PM2.5.particulate.matter..Hourly.measured.
ozone -0.04853011
Nitrogen. dioxide 0.32037914
sulphur. dioxide 0.32484578
PM2.5.particulate. matter. .Hourly.measured. 1.00000000

>
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Correlation Matrix of Air Pollutants
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Relationship Between PM2.5 and Sulphur Dioxide
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> # Display results
> print(t_test_result)

Welch Two Sample t-test

data: PM2.5.particulate.matter..Hourly.measured. by Wind_Group
t = -5.7706, df = 69755, p-value = 7.931e-09
alternative hypothesis: true difference in means between group High wind Speed and group Low Wind Sj
eed is not equal to 0
95 percent confidence interval:

-0.4436534 -0.2186886
sample estimates:
mean in group High wind Speed mean in group Low wind Speed

9.192856 9.524027
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> # Display ANOVA table
> summary(anova_result)

Df Sum Sq Mean Sq F value Pr(>F)
Season 3 98073 32691  569.5 <2e-16 ***
Residuals 71563 4107798 57

Signif. codes: 0 “***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 ‘' 1
>
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> # Display Tukey test results
> print(tukey_result)
Tukey multiple comparisons of means
95% family-wise confidence level

Fit: aov(formula = PM2.5.particulate.matter..Hourly.measured. ~ Season, data = Airquality_clea
n)
$Season

diff Twr upr p adj

Spring-wWinter 1.9122557 1.7016009 2.1229106 0.0000000
Summer-wWinter -0.3123149 -0.5233278 -0.1013020 0.0008256
Autumn-Winter -1.2446105 -1.4542110 -1.0350100 0.0000000
Summer-Spring -2.2245706 -2.4274613 -2.0216800 0.0000000
Autumn-Spring -3.1568662 -3.3582875 -2.9554449 0.0000000
Autumn-summer -0.9322956 -1.1340913 -0.7304999 0.0000000
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> # Check column names
> cat("Column Names:\n")
Column Names :

> colnames (AirqQuality)

[11
[31
[5]
71
91
[11]
[13]
[15]
[171
[19]
[21]
231

"Date” "Time"
"0zone" "status"
"Nitric.oxide” "Status. 1
Nitrogen.dioxide" "Status.?2
Nitrogen.oxides.as.nitrogen. dioxide" "Status. 3
"sulphur.dioxide "Status. 4
"Carbon.monoxide" .5
"PM10.particulate.matter. .Hourly.measured. " .6
"PM2.5.particulate.matter. .Hourly.measured .7
"Modelled.wind.Direction" .8
"Modelled.wind.Speed" "Status.9
"Modelled. Temperature" "Status.10"
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Data Types:
> str(Airquality)

"data.frame': 87672 obs. of 24 variables:

§ pate : chr  "01/01/2020" "01/01/2020" "01/01/2020" "01/01/2020"
$ Time : chr "01:00:00" "02:00:00" "03:00:00" "04:00:00" ...

§ Ozone T onum 32.4 27.1 34.7 39.2 36.1 .

§ Status : chr "V ugm-3 " "V ougm-3" "V ugm-3" ...

$ Nitric.oxide :num 0.652 NA 0.461 0.403 0.202 ...

§ Status.l : chr "V ugm-3" "V ugm-3" "V ugm-3" "V ugm-3" ...

$ Nitrogen.dioxide D onum 12.27 NA 12.317.24 7.33 ...

§ Status.2 : chr "V ugm-3" "V ugm-3" "V ugm-3" "V ugm-3" ...

§ Nitrogen.oxides.as.nitrogen.dioxide ©num 13.27 NA 13.01 7.86 7.64 .

§ Status.3 : chr "V ugm-3" "V ugm-3" "V ugm-3" "V ugm-3" ...

§ Sulphur.dioxide :num  0.442 0.707 0.928 0.663 0.398 ...

§ Status.4 : chr "V ugm-3" "V ugm-3" "V ugm-3" "V ugm-3" ...

§ Carbon. monoxide : num 0.071 0.0867 0.1065 0.0739 0.0651 .

§ Status.5 : chr "V mgm-3" "V mgm-3" "V mgm-3" "V mgm-3"

§ PML0.particulate.matter. .Hourly.measured. : num 25.1 30.6 27.6 23.6 22.9 20.9 21.2 20.7 23.9 23 ..
§ Status.6 S chr "V ugm-3 (TEOM FDMS)" "V ugn-3 (TEOM FDMS)" "V ugm-3

(TEOM FDMS)" "V ugm-3 (TEOM FDMS)" ...
§ PM2.5.particulate.matter..Hourly.measured.: num 21.1 25 25.9 19.8 20

15.9 17.5 18.7 20.8 22.2 ...

§ Status.7 : chr "V ugm-3 (TEOM FDMS)" "V ugm-3 (TEOM FDMS)" "V ugm-3
(TEOM FDMS)" "V ugm-3 (TEOM FDMS)" ...

§ Modelled.Wind.Direction : num 96.7 101.2 98.9 103.5 97.4 ...

§ Status.8 : chr "N deg” "N deg" "N deg" "N deg" ...

§ Modelled.wind. Speed Dnum 4.6 5.35.14.84.44.34.84.64.74.6...

§ Status.9 :chr "N ms-1" "N ms-1" "N ms-1" "N ms-1" .

§ Modelled. Temperature tnum 33.13.13.23.43.63.83.944.1.

§ Status.10 : chr "N degC" "N degC" "N degC" "N degC" .





