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[bookmark: _Toc234068532]Task 1 – Code 
[bookmark: _Toc234068533]Step 1: Importing the dataset and brief summary of dataset
For investing a long-term air pollution trend, Port Talbot Hourly Air Quality dataset have been used. This dataset is considered to be consisting past 10-years of hourly observation for some of the major atmospheric pollutants which has been including data regarding pollutants like Ozone, nitric oxide, nitrogen dioxide, carbon monoxide, PM10 and that of PM2.5, respectively. 
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This dataset is being imported to R and is being stored within the data frame AirQuality. During the initial verification, all of the data variable names were reviewed, and its data structures were examined thoroughly for ensuring every file is loaded properly. The preliminary observation revealed that the dataset initially has been consisting of total 87,672 data rows, which were distributed under 25 columns. 
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During initial inspection, all of the observations marked as “no data” were replaced with missing values for preventing any invalid data analysis and hypothesis testing. 
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All of the separate date and time fields were merged as one and named as DateTime variable, and in the meanwhile all of the selected pollutants and weather variables were converted into proper numeric format for performing proper quantitative analysis [10]. 
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After the dataset is cleaned, it was found that it contained about 27,672 hourly observations under 25 variable columns, which is crucial serving as the foundational base for exploring a pollutant behaviour, while performing a detailed statistical analysis. 
[bookmark: _Toc234068534]Step 2: Exploratory Visualisation analysing trends of two pollutants
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In association with the two selected pollutants namely PM2.5 and that of the Nitrogen Dioxide, as well as to examine how these pollutants levels were altered across the rest of the research, a detailed time-series graph has been prepared [8]. These graphs were appropriate as these seemingly contains a long-term hourly observation, with monthly averages, which is providing a much clearer view of entire trends for a short-term fluctuation. The graph shows a significant variation in the concentration level of each pollutant over the period of time rather than being staying consistent.  PM2.5 shows certain rise in its concentration during the year 2019, while that of the Nitrogen Dioxide is showing both rise and fall across different years.  
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In addition to that, scatterplot has been created for further investigating the basic relationship among the air pollutants and that of the weather variables, as these two were considered as a continuous variable. The plot had effectively compared PM2.5 with the wind speed, thus revealing with higher wind speed, the PM2.5 concentration lowers significantly [9]. A similar kind of relationship is being established in between the Nitrogen dioxide and temperature, where higher concentration of nitrogen dioxide is considered more common at lower-to-moderate temperatures, which can significantly reduce if temperature rises rapidly.  
[bookmark: _Toc234068535]Step 3: Correlation Analysis of three or more pollutants
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Before initiating the correlation analysis, a subtle distribution of the PM2.5, PM10, NO2, as well as SO2 has been examined, for which Q-Q plots were used. These plots revealed a significant noticeable departure from the reference line, which revealed a positive skewedness, and it further indicated that each of the pollutant data were not distributed properly [11]. Though the assumption of normality was not satisfied, the Spearman correlation method has been utilized for analyzing the complete relationship between any non-normally distributed variables, as these were not affected by any outliers. 
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The Spearman analysis was crucial for measuring the stringent relationship among PM2.5, PM10, NO2, as well as SO2, where the correlation heatmap revealed that both PM2.5 and that of PM10 has a strongest positive relationship among themselves with r=0.69, which indicates that these two particulate pollutants can increase in numbers under similar kind of environmental conditions [7]. In the meanwhile, PM10 and that of SO2 showcased a moderately positive relationship among them with a r=0.49, whereas the rest pollutants showed extremely weak positive associations among them. 
[bookmark: _Toc234068536]Step 4: Hypothesis Test of one pollutant under two conditions
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In order to discuss and examine and understand that what are the key scenarios when wind speed relates to the changes in PM2 .5 concentration, the pollutant values were compared under two different varieties low and high wind speed conditions. The two groups were formed by utilizing the median wind speed as the main dividing point which provided an objective and data-based method instead of selecting any random data [1]. While particularly looking at the null hypothesis that was utilized here stated that there was no statistically significant difference in PM2.5 concentration between the two wind speed groups that have been created whereas the alternative hypothesis proposed that a statistically significant difference was present.
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Just before making any final selection of the statistical test, a normal Q-Q plot was evaluated with the ultimate motive of assessing the distribution of PM2.5 values [3]. Acknowledging the fact that the observations demonstrated clear departures from a normal distribution, the Wilcoxon rank sum test was considered the most suitable option over any independent samples t-test because it does not require the assumption of normality.
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The focus was particularly on descriptive summary, which demonstrated that the high wind speed group combined 38,798 observations with a median PM 2.5 value of 7.3, while the low wind speed group contained 41,250 observations with a median value of 7.2. The Wilcoxon rank Sum test produced a W Statistic of 804,873,038 and a p-value of 0.1533, as the p-value was greater than the 0.05 significance level the null hypothesis was not rejected. This eventually indicates that PM2.5 concentration did not differ significantly between the low and the high wind speed conditions in the dataset [5]. Although wind speed is generally expected to influence the pollutant moment and the results suggest that its effect on PM2.5 concentration during the study [2]. Was not statistically strong and other environmental factors may also have contributed to the observed pollution levels respectively.
[bookmark: _Toc234068537]Step 5: Seasonal Group Comparison of one pollutant
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A seasonal comparison was carried out with a motive to determine whether PM2.5 concentrations changed across different weather or seasons such as winter, spring, summer and autumn. Each and every season was created using the months of each observation, where December to February presented the wintertime, and March to May represented the spring. While June to August were represented as summer and September to November were represented as autumn.
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In order to be effective with the discussions presented a box plot was also produced before the statistical testing because it provided a much more clearview of the median, spread and extreme values of each of the seasonal groups, which eventually allowed differences in pollutant distribution to be observed visually. 
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While particularly looking at the null hypothesis, it stated that PM2.5 concentrations were the same across each and every season. On the other hand, the alternative hypothesis stated that at least one season had a different PM2.5 concentration.
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Looking at the Q-Q plot, it can be stated that the PM2 .5 data were not normally distributed at all and contained some noticeable positive skewness with several outliers in it, and the Kruskal-Wallis test was selected as the most suitable method instead of one-way ANOVA because it does not require normally distributed data at all.
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Particularly focusing on the seasonal summary that reflected details relating to spring which recorded the highest median PM 2.5 concentration with 8.2µg/m³ valuation which is followed by summer with 7.5µg/m³ and then winter with 7.1µg/m³ and in the last there is autumn with a value of 6.6µg/m³ [4]. The Kruskal-Wallis test produced a chi-square of 1343.8 with a p-value below 2.2 × 10⁻¹⁶, reflecting a statistically significant difference in PM2 .5 level among The Four Seasons. Therefore, the null hypothesis was rejected and the box plot also supported this result by demonstrating higher median values and a greater number of extreme observations during spring while Ottoman generally displayed the lowest concentration compared to all others. With the motive to identify where these differences occurred, pairwise Wilcoxon test with Bonferroni adjustment were carried out comprehensively [6]. The post HOC analysis demonstrated statistically significant differences for almost every seasonal comparison confirming that seasonal conditions influenced PM2.5 concentration significantly. These differences may be associated with the changes in the weather conditions or atmospheric mixing and pollutant dispersion as well as seasonal emissions patterns throughout the study period.
[bookmark: _Toc234068538]Task 2 - Reflective Summary 
Before applying any statistical method, I have begun my analysis by gaining a detailed understanding of the overall structure and quality of the Port Talbot Hourly Air Quality dataset. Since the dataset contains hourly observations which has been noted over ten years, it was very important to confirm that the variables have been imported in a correct manner and remain suitable for analysis. Dimensions of dataset has been also analysed, including variable names and data types, before making any calculations. Inputs which were labelled as “No data” has been changed into missing values. This will not create any mistakes within descriptive analysis or statistical tests. A DateTime variable has been created and selected pollutant and weather variables were changed into numeric format. 
The selection of visualisations has also played a very significant role in the process of have understanding of the dataset. Time-series plots have been selected for PM2.5 and nitrogen oxides, because they clearly show how the change in concentration across the study period. Since the dataset contains hourly measurements, to show long-term trends, monthly averages have been utilised, as plotting of very hourly data will result in providing overcrowded details.  A scatter plot has been selected to analyse the relationship between PM2.5 and wind speed. A scatter plot is being also used to analyse the relationship between nitrogen oxides and temperature because it allows to have direction and strength of possible associations to be checked visually [10]. Seasonal boxplots were also provided because they help in making easy comparisons of pollution distribution across seasons. I
I have selected the statistical method on the basis of characteristics of the dataset, not for convenience. Normality checked has been performed by making use of QQ plots, which have shown that the pollutant data does not follow the normal distribution [5]. This is the reason for the selection of Spearman correlation instead of Pearson correlation to analyse the relationship which exists between pollutants, and it is also good suited for data which is not normally distributed. In a similar manner, I have used the Wilcoxon rank-sum test to make a comparison of PM2.5 concentration between low and high wind speed groups, while the Kruskal-Wallis test has been selected to analyse seasonal differences in PM2.5 concentrations. 
I have faced some challenges while completing this assessment, where one of the key challenges I have faced was in the process of preparing the data set for statistical analysis. The presence of “No data” entries has created different types of variables to be imported as character values instead of numerical values. It was highly important for me to deal with this problem because it could result in affecting the summary statistics, graphs, and the hypothesis tests that will come out of this analysis, and this will also eventually result in providing incorrect insights. Another challenge was in the process of handling the large number of hourly observations, which would have made the visualizations difficult to understand. By changing the data into monthly values and carefully checking every transformation, I have been able to improve overall clarity for the visualizations. 
This complete task allows me to enhance my understanding of the complete data analysis process, where, from preprocessing and exporting analysis to hypothesis testing and interpretation have been able to learn something new. I have also been able to acknowledge the importance of validating assumptions before making any kind of statistical analysis. If I were to get the chance to repeat this analysis, then I am going to focus on adding to the study by applying regression models or time series forecasting techniques in order to have an analysis of how multiple weather variables collaboratively influence pollutant concentration, and I will look to provide detailed insights into future air quality patterns.


Generative AI Use Statement
No generative AI tool has been used in the process of completing this assignment. All data preparation, R programming, statistical analysis, result integration, and report writing have been carried out in an independent manner by myself, making use of my personal and research paper analysis knowledge. I also utilised practical experiences which I have been able to gain from this course and through the use of my understanding of the assessment requirements.
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> # Check column names
> names (Airquality)
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> # Check datatypes

> str(Airquality)

>
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> # Convert no data into misisng values
> Airquality[Airquality == "No data"] <- NA
>
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# Convert date/time columns into proper date-time format
AirqualitySpateTime <- dmy_hms(

paste(Airquality$pate, AirQuality$Time)
)

# Convert pollutant columns into numeric format
pollutants <- c(
“0zone",
"Nitric.oxide",
“Nitrogen.dioxide",
"Nitrogen.oxides.as.nitrogen.dioxide",
"sulphur.dioxide",
“Carbon.monoxide",
"PM10. particulate.matter. .Hourly. measured.
"PM2.5.particulate.matter. .Hourly.measured.

d)

weather_vars <- c(
"Modelled.wind.Direction",
“Modelled.wind.Speed",
"Modelled. Temperature"

d)

# Convert pollutant and weather columns to numeric
Airquality[pollutants] <- lapply(AirQuality[pollutants], as.numeric)
Airquality[weather_vars] <- lapply(AirQuality[weather_vars], as.numeric)
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head(Airquality)

Date Time  Ozone Status Nitric.oxide Status.l Nitrogen.dioxide Status.2
01/01/2020 01:00:00 32.39686 V ugm-3 0.65250 v 12.26557 V ugm-3
01/01/2020 02:00:00 27.07500 V ugm-3 NA v NA V ugn-3
01/01/2020 03:00:00 34.72518 V ugm-3 0.46059 v 12.30813 V ugm-3
01/01/2020 04:00:00 39.21551 V ugm-3 0.40301 Vv 7.24397 V ugn-3
01/01/2020 05:00:00 36.12217 V ugm-3 0.20151 v 7.33085 V ugn-3
01/01/2020 06:00:00 33.37808 V ugm-3 0.40301 V ugn-3 8.88742 V ugn-3
Nitrogen.oxides.as.nitrogen.dioxide Status.3 Sulphur.dioxide Status.4 Carbon.monoxide

13.26605 V 0.44178 0.070977
NA Y 0.70684 v ugn-3 0.086749
13.01435 v 0.92773 v ugn-3 0.106465
7.86191 Vv 0.66267 V ugn-3 0.073934
7.63982 Vv 0.39760 V ugn-3 0.065062
9.50536 V ugm-3 0.46387 v ugn-3 0.065062
PM10. particulate.matter. .Hourly.measured. Status.6
25.1 V ugm-3 (TEOM FDMS)
30.6 V ugn-3 (TEOM FOMS)
27.6 V ugm-3 (TEOM FDMS)
23.6 V ugm-3 (TEOM FDMS)
22.9 V ugm-3 (TEOM FDMS)
20.9 V ugm-3 (TEOM FDMS)
PM2.5.particulate.matter. .Hourly.measured. Status.7 Modelled.wind.Direction
21.1 V ugm-3 (TEOM FDMS) 9.7
25.0 V ugm-3 (TEOM FDMS) 101.2
25.9 V ugm-3 (TEOM FDMS) 98.9
19.8 V ugm-3 (TEOM FDMS) 103.5
20.2 V ugm-3 (TEOM FDMS) 97.4
15.9 V ugm-3 (TEOM FDMS) 90.0
Modelled.wind.Speed Status.9 Modelled.Temperature Status.10 DateTime
4.6 Nms-1 3.0 N degC 2020-01-01 01:00:00
5.3 Nms-1 3.1 N degC 2020-01-01 O: 00
5.1 Nms-1 3.1 N degC 2020-01-01 O: 00
4.8 Nms-1 3.2 N degC 2020-01-01 04:00:00
4.4 Nms-1 3.4 N degC 2020-01-01 0! 00
4.3 N ms-1 3.6 N degC 2020-01-01 Of 00

Status.5
mgm-3
mgm-3
mgm-3
mgm-3
mgm-3
mgm-3

<<<<<<

Status.8

N deg
N deg
N deg
N deg
N deg
N deg
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> dim(airquality)
[1] 87672 25
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> summary(AirQuality[pollutants])
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> # Research question:

> # Are PM2.5 levels different under low and high wind-speed conditions?

>

> # HO: There is no statistically significant difference in PM2.5 levels between low and high wind-speed con
ditions.

> # H1: There is a statistically significant difference in PM2.5 Tevels between Tow and high wind-speed cond
itions.

>

> # The median wind speed is used as a data-driven threshold

>

> median_wind <- median(AirQuality$ 'Modelled.wind.Speed”, na.rm = TRUE)
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>

> wind_test_data <- Airquality %%

+

WYV R R ARV VY b

VYA EEV VYV Y VY YV Y Y

mutate(
winderoup = ifelse(

“Modelled. wind. Speed” <= median_wind,
Low wind speed
“High wind speed”
)
) %%
select("Pm2.5.particulate. matter. . Hourly. measured. *, windGroup) %%
drop_na()

# sunmarise PM2.5 Tevels by wind-speed group
wind_group_summary <- wind_test_data %%
group_by (windGroup) %%
summarise(
n=n0,
mean_pu25 = mean("PM2.5.particulate.matter. . Hourly. measured. "),
median_pu25 = median( P2 5. particulate.matter. . Hourly. measured. ),
sd_pM25 = sd("PM2.5.particulate. matter. . Hourly. measured. ")

)

print (wind_group_summary)
A tibble: 2 x 5

winderoup n mean_pu25 median_pu2s sd_pM25
<chr> <int>  <dbl> <dbl>  <dbl>
High wind speed 38798 9.21 7.3 7.13
Low wind speed 41250 9.35 7.2 8.04

qanorm(sample(wind_test_datas pm2. 5.particulate. matter. . Hourly. neasured. *, 5000))
qaline(sample(wind_test_datas pm2.5.particulate. matter. . Hourly. neasured. *, 5000))

# A wilcoxon rank-sum test is used because PM2.5 concentrations are
# not normally distributed. This non-parametric test compares the

# distributions of two independent groups without assuming normality.

# This test compares distributions between two independent groups without requiring normality.

wind_test <- wilcox.test(
“PM2.5. particulate. matter. . Hour ly. measured
data = wind_test_data

)

~ windaroup,

print (wind_test)

wilcoxon rank sum test with continuity correction

data: pw2.5.particulate.matter. . Hourly. measured. by WindGroup

W

alternative hypothesi

o

804873038, p-value = 0.1533
: true location shift is not equal to 0
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# Step 5: Seasonal Group Comparison

# Research question:
# Do PM2.5 Tevels vary across Winter, Spring, Summer and Autumn?

# HO: There is no statistically significant difference in PM2.5 levels
# across seasons.
# H1: At least one season has a statistically different PM2.5 level.

season_data <- AirQuality %%
mutate (

MonthNumber = month(DateTime),

Season = case_when(
MonthNumber %in% c(12, 1, 2) ~
MonthNumber %in% c(3, 4, 5) ~ "
MonthNumber %in% c(6, 7, 8) ~ "
MonthNumber %in% c(9, 10, 11) ~

J,
Season = factor(Season,
Tevels = c("Winter", "Spring"”, "Summer", "Autumn"))
) %%

select("PM2.5.particulate.matter. .Hourly.measured. , Season) %%
drop_naQ)

# Boxplots are used to compare pollutant distributions across seasons because
# they show medians, spread and outliers clearly for each group.

ggplot(season_data,
aes(x = Season,
y = “PM2.5.particulate.matter..Hourly.measured. )) +
geom_boxplot() +

Tabs (
title PM2.5 Levels Across Seasons in Port Talbot",
X Season”,
y = "PM2.5 concentration”

)+

theme_minimal()

# summarise PM2.5 levels by season
season_summary <- season_data %>%
group_by(Season) %%
summarise(
n=n0,
mean_PM25 = mean( PM2.5.particulate.matter..Hourly.measured. ),

median_PM25 = median( PM2.5.particulate.matter..Hourly.measured. ),
e DMIS — cAf DM? & narticnlata mattar  Usuels mescurad ©)
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> print(season_summary)
# A tibble: 4 x 5
Season  n mean_PM25 median_PM25 sd_PM25
<fct> <int> <dbl> <dbl>  <dbl>
winter 19507 9.33 7.1 7.54
Spring 20968 11.1 8.2  9.59
Summer 20307 8.88 7.5 6.17
Autumn 20874 7.96 6.6  6.46
>
> qanorm(sample(season_data$ PM2.5.particulate.matter. .Hourly.measured. *,5000))

> qqline(sample(season_data$ PM2.5.particulate.matter. .Hourly.measured. " ,5000))
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> # The Q-Q plot shows that PM2.5 concentrations are not normally distributed. The data also appear positiv
ely skewed with several extreme observations.

> # A Kruskal-Wallis test is used because there are four independent seasonal groups and pollutant data are
not normally distributed.

>
> season_test <- kruskal.test(

+  PM2.5.particulate.matter..Hourly.measured.” ~ Season,
+ data = season_data
¥
>
>

)
print(season_test)
Kruskal-wallis rank sum test

data: PM2.5.particulate.matter..Hourly.measured. by Season
Kruskal-wallis chi-squared = 1343.8, df = 3, p-value < 2.2e-16

>
> # As the Kruskal-Wallis test is significant, pairwise wilcoxon tests are used to identify which seasons di
Ffer.

> # Bonferroni adjustment controls the risk of false positives from multiple comparisons.

>

> pairwise_season_test <- pairwise.wilcox. test(

+ season_data$ PM2.5.particulate.matter..Hourly.measured. ",
+ season_data$Season,

+  p.adjust.method = “bonferroni”

+)

>

> print(pairwise_season_test)

Pairwise comparisons using Wilcoxon rank sum test with continuity correction
data: season_data$PM2.5.particulate.matter..Hourly.measured. and season_data$season

winter Spring Summer
Spring <2e-16 - -
Summer 0.035 <2e-16 -
Autumn <2e-16 <2e-16 <2e-16

P value adjustment method: bonferroni
>
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> # Import Dataset
> AirQuality <- read.csv("Port_Talbot_Hourly_AQ.csv",
+ stringsAsFactors = FALSE)

>
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