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[bookmark: _Toc234845656]Task 1: Air Quality Data Analysis
[bookmark: _oqxhgm9zay8j][bookmark: _Toc234845657]1. Introduction
The dataset of the Port Talbot Hourly Air Quality includes hourly data obtained in the period between January 2015 and December 2024. R was used to clean and examine the data in order to investigate PM 2.5, PM10, nitrogen dioxide (NO₂), ozone and weather parameters such as wind velocity, wind direction as well as temperature and found a temporal pattern of the pollution, the relationship among pollutants and the difference between seasons and wind [1].

[bookmark: _55v4v96f2r7x][bookmark: _Toc234845658]2. Task 1: Data Import and Initial Exploration
[bookmark: _7jchojhvaw][bookmark: _Toc234845659]2.1 Dataset Preparation
The data was loaded into the Air Quality data frame and looked at by verifying the column names and types of data with str(). Status columns had been eliminated since they did not require any analysis and only contained measures like units. Missing values (NA) were used to represent all the "No data" values. The date variable was transferred into the Date format, and the pollutant and weather variables were translated into the numeric to facilitate statistical analysis and visualisation [2].
[bookmark: _gfn8r97c6vdr][bookmark: _Toc234845660]2.2 Dataset Summary
The data from Port Talbot Hourly Air Quality was imported and cleaned, then the structure and quality of the data was explored prior to statistical analysis. The data is gathered every hour from January 2015 to December 2024 and includes levels of pollutants (e.g. ozone, nitrogen dioxide, PM10 and PM2.5), as well as weather data (e.g. wind speed, wind direction, temperature).
At first the dataset was checked by looking at the column names and data types to ensure that the data got imported properly. Status columns with measurement metadata were eliminated due to not having to be used for statistical analysis. Pollutant and weather variables were converted to numerical variables, and missing values were marked as "No data".
The first six observations were checked for successful data import and to check the formatting of date and time and measurement variables.
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Figure 1. First Six Rows of the Cleaned Air Quality Dataset
After cleaning, the data set had 87,672 observations and 14 variables, including the newly created Date Time variable for time-series analysis. There are enough measurements available for hourly observations to examine trends in pollutants and conduct statistical analysis.
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Figure 2. Dimensions of the Cleaned Air Quality Dataset
Descriptive statistics of the primary variables that are analysed were computed.
[image: ]Figure 3. Descriptive Statistics of Selected Air Quality Variables
The results show a variation in pollutant concentrations during the study period. The mean value of PM2.5 was 9.33 µg/m³ and the median value was 7.30 µg/m³, indicating that high levels of PM2.5 frequently occur in the atmosphere and are referred to as pollution events. The distribution of PM10 was greater with the highest value of 574.89 µg/m³ which means that there were extreme particulate pollution episodes. Weather parameters also varied, ranging from wind speed of 0m/s to 20.80m/s and temperature of -6.20C to 28.50C.
The missing value was detected in the descriptive analysis and the number of missing values was highest for PM2.5 (6,016) and PM10 (5,732). These values were not deleted but only data for which values existed was used for statistical computations.

[bookmark: _wf6xjdgntyhv][bookmark: _Toc234845661]3. Task 2: Exploratory Visualisation
Exploratory visualisation was used to gain insight into temporal patterns, the relationship between variables, and seasonal differences, prior to the application of statistical methods. Depending on the structure of each variable combination, different types of visualisation techniques were chosen. Pollutant measurements were plotted as time series as the data is composed of hourly readings across multiple years, and this allows for easier recognition of trends and pollutant events. For continuous variable comparisons, scatterplots were chosen because they enabled the examination of the possible relationships between pollutants and meteorological factors, the variability and outliers between pollutants and meteorological factors. A boxplot was chosen for the seasonal comparisons since it is an effective way to show differences in pollutant distributions between categorical groups.
[bookmark: _66jp5hiy7s04][bookmark: _Toc234845662]3.1 PM2.5 Concentration Over Time
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Figure 1. PM2.5 Concentration Over Time
Figure 1 shows the changes of PM2.5 hourly concentrations during the ten years study period to illustrate the changes over time using a time series plot. The majority (most values) were less than 30 µg/m³ but there were a number of pollution events of greater than 00 µg/m³ with an extreme reading of over 200 µg/m³. There was no apparent long-term pattern which means that dominant events were short-term pollution events [4].
[bookmark: _odd55raopr8c][bookmark: _Toc234845663]3.2 Nitrogen Dioxide Concentration Over Time
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Figure 2. Nitrogen Dioxide Concentration Over Time
The figure 2 shows time series plot was also used to examine nitrogen dioxide (NO₂) concentrations. The majority of measurements were under 40 µg/m³ but there were high concentrations reported in a few periods. The maximum was around 150 µg/m³. Similar to PM2.5, its results were characterized by large short-term fluctuations with no obvious long-term variation. This trend indicates that NO₂ levels fluctuated based on the periodic emission episode but were not progressively rising or falling [5].
[bookmark: _u2c622ijfjn][bookmark: _Toc234845664]3.3 PM2.5 and Wind Speed
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Figure 3. Relationship between PM2.5 and Wind Speed
The figure 3 shows correlation between the PM2.5 concentration and wind speed was analysed using a scatterplot. The regression line fitted exhibited a small negative correlation. The incidence of higher PM2.5 was observed together with lower wind speed whereas the powerful winds related to lower and less fluctuated concentrations. This indicates that increase in wind velocity enhances diffusion of the PM.
[bookmark: _qeu21q2rpjkz][bookmark: _Toc234845665]3.4 Nitrogen Dioxide and Temperature
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Figure 4. Relationship between Nitrogen Dioxide and Temperature
According to the scatterplot shown in figure 4, there is a negative relationship with temperature and the concentration of nitrogen dioxide. Increased concentrations of NO2 were usually observed at lower temperatures whereas higher temperatures were linked with decreased concentration. The extensive observation dispersion however shows that all increases and decreases in NO 2 could not be attributed to temperature [6]. These findings indicate that pollutant build up works in tandem with the meteorological conditions in addition to other environmental factors.

[bookmark: _swmh9el72hkf][bookmark: _Toc234845666]4. Task 3: Correlation Analysis
Pearson correlation analysis was used since all variables of interest that were used in the analysis were continuous numerical variables. The strength and direction of linear relationship between pollutants was measured using this method [7]. The relationships between the variables are summarised as correlation coefficients in Table 2, and the general relationships are illustrated in Figure 5.
	Variables
	Correlation (r)

	PM10 vs PM2.5
	0.61

	Ozone vs NO₂
	-0.49

	NO₂ vs PM2.5
	0.32

	NO₂ vs PM10
	0.16

	Ozone vs PM10
	0.10

	Ozone vs PM2.5
	-0.04


Table 1. Pearson Correlation Matrix
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Figure 5. Correlation Heatmap
The heatmap in Figure 5 provides an overview of the strength and direction of relationships between selected pollutants. The highest positive correlation was found between PM10 and PM2.5 (r = 0.61). This shows that during similar pollution episodes, the concentrations of these two PM pollutants tended to rise together. This correlation was anticipated, since both are particulate matter concentrations; both variables may also be affected by sources of all types of PM emissions and atmospheric conditions.
There was a moderate negative correlation between ozone and N2O (r = -0.49). This indicates that generally, higher levels of O3 were correlated with lower levels of NO2. This contrasting behaviour may be related to differing rates of pollutant formation processes which are more strongly associated with combustion emissions for the case of nitrogen dioxide than for ozone, which is more strongly associated with atmospheric chemical reactions and environmental conditions, such as sunlight.
There was a weak positive correlation between N2O2 and PM2.5 (r = 0.32), suggesting that while some common emission sources may impact both pollutants, there are also other factors that influence their concentration, including wind, temperature and atmospheric dispersion. The other relationships among pollutants were not very strong, indicating minimal linear association between those pollutants. The medium correlation values also suggest that pollutant concentrations are influenced by various interacting drivers rather than one environmental driver.
In general, correlation analysis showed that there were important correlations within the air-quality data. Particulate pollutants are related to each other strongly, and possibly PM10 and PM2.5 could be studied together in future studies; ozone and nitrogen dioxide have a negative relationship, indicating the complexity of the interaction between pollutants in the atmosphere. However, these findings are correlational only, and do not prove causality. Further analysis would be needed to take into account seasonal effects, meteorological conditions and emission sources to get a much fuller picture of pollutant behaviour.

[bookmark: _mhx3lqbbk81y][bookmark: _Toc234845667]5. Task 4: Hypothesis Testing
A hypothesis test was performed to see if the concentration of PM2.5 was different in the low wind speed and high wind speed. The Welch Two-Sample t-test was chosen because the dependent variable (PM2.5 concentration) was continuous and the wind speed was categorized into two independent groups using the median wind speed value [8]. The choice of using Welch's t-test over the standard student's t-test was made because the t test does not assume equal variances between the groups and it is more accurate when the variance is different between the groups.
Null hypothesis (H₀): The mean PM2.5 concentration is not significantly different between the low wind speed and the high wind speed.
Alternative hypothesis (H₁): The mean concentration of PM2.5 is found to be significantly different between low and high wind speeds.
	Statistic
	Result

	Test
	Welch Two-Sample t-test

	t-value
	-2.645

	p-value
	0.008

	Mean (High Wind)
	9.209

	Mean (Low Wind)
	9.351


Table 3. Welch Two-Sample t-test Results
The p value is less than the level of significance (p value = 0.008 < 0.05) As a result, the null hypothesis was accepted, suggesting that the PM2.5 levels were not statistically same during both the low and high wind speed.
However, the difference in PSM2.5 concentrations between the group means was small, with slight decreases in the PM2.5 concentrations in the high wind condition compared to PM2.5 concentrations in the low wind condition. This indicates that wind speed could play a role in the dispersion of the particles, but the individual role of wind speed on PM2.5 concentration is limited. In the real-world air quality scenario, the concentrations of PM2.5 are likely to be affected by the various interacting factors such as emission sources, winds direction, temperature, seasonality and atmospheric stability.
The large number of hourly observations in the data set could also affect the statistical significance. However, caution should be exercised in interpretation: a correlation between wind speed and PM2.5 concentration was seen, but it is unlikely to be the only factor influencing the level of particulate pollution.

[bookmark: _5uwewlgvq63m][bookmark: _Toc234845668]6. Task 5: Seasonal Group Comparison
One way ANOVA was deemed suitable for the analysis as it compared the average scores of one continuous dependent variable among more than two independent groups. The concentration of PM2.5 is a continuous variable, and the data were categorized in four seasons thus the most appropriate test is ANOVA.
The multiplicity of seasonal changes in PM2.5 concentrations were investigated through a one-way ANOVA since the participants were given four independent groups; Winter, Spring, Summer and Autumn.
Null hypothesis (H₀): Mean PM2.5 concentration is the same in all seasons.
Alternative hypothesis (H₁): There is a significant difference in the mean PM 2.5 concentration between at least one season.
[image: ]
Figure 6. PM2.5 Concentrations Across Seasons
The boxplot shows in figure 6 indicates that there are distinct differences in the PM2.5 concentrations between seasons. The median concentration was found to be the highest in Spring and the lowest in Summer. Intermediate values were exhibited by Winter and Autumn [11]. There are some outliers in each of the seasons, which suggests that during some periods PM2.5 was rather high.
	Statistic
	Result

	F-value
	642.1

	p-value
	< 2 × 10⁻¹⁶


Table 4. One-Way ANOVA Results
As the results of ANOVA reveal, there is a very significant difference in seasonal groups. Consequently, it was found that the null hypothesis is rejected, which implies that season plays a big role in PM2.5 concentration.


	Comparison
	Significant

	Spring vs Winter
	Yes

	Summer vs Winter
	Yes

	Autumn vs Winter
	Yes

	Summer vs Spring
	Yes

	Autumn vs Spring
	Yes

	Autumn vs Summer
	Yes


Table 5. Summary of Tukey HSD Results
Tukey HSD test ascertained that all the comparisons in seasons were statistically significant. In general, PM2.5 levels peaked in Spring, and were the lowest in Summer, thus indicating that seasonal variables moderate the levels of particulate matter over the course of the study.

[bookmark: _cg20sceplq85][bookmark: _Toc234845669]7. Conclusion
The analysis was able to prepare and analyse a huge amount of air quality data. Temporal patterns and weather relationships were revealed through visualisations and positive and negative associations between the pollutants were found through correlation analysis. The statistical tests also revealed that there were significant differences between the wind conditions and seasons, with the difference between seasons and wind conditions being significant, which indicates the meteorological conditions influence air quality in Port Talbot.

[bookmark: _w1sn0edoh500][bookmark: _Toc234845670]Task 2: Reflective Summary
[bookmark: _8wxk2belfq9g][bookmark: _Toc234845671]1. Reflection on the Visualisations and Analytical Approach
This project enhanced my knowledge on Exploratory Data Analysis (EDA) in relation to statistical decision making. For this analysis I realised that visualisation was not entirely used as a way of presenting results, but as a way of understanding the structure, quality and behaviour of a data set prior to carrying out statistical tests.
The choice of the visualisation methods was determined according to the characteristics of the variables studied. Because of the hourly observations over a 10-year time, time series plots were chosen for PM2.5 and nitrogen dioxide. This enabled me to see how things have changed over time and to see that air quality values vary a lot with time and that there are unusual events of pollution. A simple summary statistic would have masked these patterns as it would not have revealed whether the peaks of pollution happened at certain times of the year.
Scatter plots were used to explore the relationships between pollutants and meteorological variables. For instance, PM2.5 was analysed against wind speed to explore if there was a tendency for the particles to be dispersed by stronger winds. The large scatter in the scatterplot showed, however, that wind speed was not a sufficient environmental factor to explain changes in PM2.5; it was important to take other environmental factors into account. The correlation heatmap was also helpful to give a quick overview of the relationships between several pollutants, and to highlight key relationships, including the positive correlation between PM10 and PM2.5.
The box plot with seasons was chosen as the most suitable plot to compare the distribution of pollutants among categorical groups. The boxplot indicated differences in median values, spread and extreme observations as opposed to only comparing average values. This confirmed that ANOVA would be appropriate for comparison of statistical significance of differences in the concentration of PM2.5 among the different seasons.

[bookmark: _rbdfokj6kp40][bookmark: _Toc234845672]2. Challenges, Learning and Reflection on Results
The major difficulty in the project was the preparation of the raw data for statistical analysis. There were also “No data” values, various variable formats and other columns of status (not needed for analysis). To enable meaningful analysis of these data, it was essential to transform pollutant variables into numerical data, and to convert these data to suitable missing-value formats.
Another difficulty was the choice of the statistical techniques. At first, we didn't know if we could use a simple comparison or a more complicated statistical method. By analysing the characteristics of the dataset, I learned that the type of research question that you have will guide you towards the appropriate statistical method. ANOVA was more suitable for comparison of PM2.5 among four seasons, and the Welch Two-Sample t-test was more suitable for comparison of PM2.5 under two wind conditions.
The results also helped me to gain insight into understanding what it means to be statistically significant. Although the results of the wind-speed hypothesis test were statistically significant, the difference in PM2.5 concentration between the groups was small. This showed that a statistically significant difference is not necessarily a practically important difference in the environment, particularly if examining a very large set of data. Likewise, correlation analysis revealed the relationships between pollutants and that correlation does not imply causation.

[bookmark: _rw62ot2xampk][bookmark: _Toc234845673]3. Future Improvements and Professional Development
If I did this analysis again, I would incorporate other statistical and predictive methods. For instance, pollutant concentrations might be modelled as a function of several meteorological parameters (such as wind speed, temperature, season etc.) by multiple regression analysis. There is also a possibility of using time-series forecasting techniques to forecast future pollution levels.
Also, I would investigate missing data patterns in greater detail as missing measurements may not be random and may be able to affect results. Seasonal correlation comparisons, and/or pollutant source analysis, may also be made to better understand the environmental causes of the observed pattern.
In short, this project helped me develop my skills in R programming, statistical testing and data interpretation. More significantly, it helped me to make analytical decisions for a set of data for how to use it, rather than for conducting statistical analysis without considering whether or not it is appropriate.
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Descriptive Summary
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Welch Two Sample T-test
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Anova and Tukey HSD Results
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$ Status.8 :chr "N deg” "N deg” "N deg” "N deg”

$ Modelled Wind Speed num 4.65.3 5.1 4.84.44.34.84.64.74.6...

$ Status.9 Dchr "N ms-1" "N ms-1" "N ms-1" "N ms-1

$ Hodelled Temperature Dnum 33.13.13.23.43.63.83.944.1.

$ Status.1e chr "N degC” "N degC" "N degC" "N degC
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Date  Time  Ozone Nitric oxide Nitrogen dioxide Nitrogen oxides as nitrogen dioxide Sulphur dioxide

2020-01-01 01:00:00 32.39686 0.65250 12.26557 13.26605 0.44178
2020-01-01 02:00:00 27.07500 NA NA NA 0.70684
2020-01-01 03:00:00 34.72518 0.46059 12.30813 13.01435 0.92773
2020-01-01 04:00:00 39.21551 0.40301 7.24397 7.86191 0.66267
2020-01-01 05:00:00 36.12217 0.20151 7.33085 7.63982 0.39760
2020-01-01 06:00:00 33.37808 0.40301 8.88742 9.50536 0.46387
Carbon monoxide PM1® particulate matter (Hourly measured) PM2.5 particulate matter (Hourly measured)
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0.073934 2.6 19.8
0.065062 2.9 20.2
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Modelled Wind Direction Modelled Wind Speed Modelled Temperature
96.7 2.6 3.0
101.2 5.3 3.1
98.9 5.1 3.1
103.5 2.8 3.2
97.4 2.4 3.4
90.0 4.3 3.6
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Ozone Nitrogen dioxide PM1@ particulate matter (Hourly measured)

Ozone 1.00000000 -6.4875286
Nitrogen dioxide -0.48752861 1.0000000
PMI@ particulate matter (Hourly measured) —0.09909474 0.1610859
PM2.5 particulate matter (Hourly measured) -0.84470661 0.3170475

PM2.5 particulate matter (Hourly measured)
Ozone -0.04470661
Nitrogen dioxide 0.31704749
PM1@ particulate matter (Hourly measured) 0.60551582

PM2.5 particulate matter (Hourly measured) 1.00000000

0.09909474
0.16108591
1.00000000
0.60551582
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Velch Two Sample t-test

dat:
t

PM2.5 particulate matter (Hourly measured) by Wind_Group
-2.6449, df = 79770, p-value - ©.08174
alternative hypothesis: true difference in means between group High Wind Speed and group Low Wind Speed is not equal to @
95 percent confidence interval:
-6.24692690 -0.03672533
sample estimates:
mean in group High Wind Speed mean in group Low Wind Speed
9.209369 9.351195
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Df Sum Sq Mean Sq F value Pr(>F)
Season 3 110428 36809  642.1 <2e-16 ***
Residuals 81652 4681168 57
Signif. codes: @ ***’ 0.081 **’ 0.61 *’ 0.05 .’
6016 observations deleted due to missingness
> TukeyHSD(anova_result)

Tukey multiple comparisons of means

95% family-wise confidence level

Fit: aov(formula = “PM2.5 particulate matter (Hourly
$Season

aiff Tur upr p adj
Spring-Winter 1.7890872 1.5955838 1.9825906
Summer-lWinter -0.4528772 -0.6478925 -0.2578619
Autumn-Winter -1.3694454 -1.5631565 -1.1757344
Summer-Spring -2.2419644 -2.4334805
Autumn-Spring -3.1585326 -3.3487205
Autumn-Summer. -0.9165682 -1.1082941
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