




[image: Discover University of Wales Trinity Saint David]




MSc Data and Artificial Intelligence

ACCA7022 - Advanced Statistical Programming

Assignment Title: Data Analysis

                                    Student Name: Rohan Ghanshyambhai Mendapara
                                    Student ID: 2520811
                                    Module Leader / Professor: Dr. Aliyu Sambo





Table of Contents
Task 1: Code	2
Step 1: Import Dataset and Understand the Data	2
Step 2: Exploratory Visualisation	5
Step 3: Correlation Analysis	7
Step 4: Hypothesis Test — Two Conditions	9
Step 5: Seasonal Group Comparison	13
Task 2: Reflective Summary	16
References	19





[bookmark: _Toc233981828]Task 1: Code 
[bookmark: _Toc233974451][bookmark: _Toc233981829]Step 1: Import Dataset and Understand the Data
The Port Talbot Hourly Air Quality dataset have been used for investing the main patterns of air pollutions, while establishing their relationship with the weather conditions for a period of 10-years. This dataset has been imported to R-environment, and have been stored within the data frame, named “AirQuality” [3]. Initial data checking were performed while successfully examining each variable names, the entire structure of the dataset and the data types for further confirming that this selected dataset has been imported successfully. All of the values entries labelled as “No data” were replaced with missing values for preventing any invalid observation. In addition to that, the date and time variables were combined forming a single variable named Datetime, as well as desired pollutants were selected and were converted into numeric format for proper statistical analysis. 
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After completing data preparation, it was found that the cleaned dataset has been containing about 87,672 observations and 25 different variables, which clarifies that this dataset is providing a detailed record for hourly air quality measurement. 
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Summary Statics were then being generated for only the selected variables, based on which their distribution would be examined, while clarifying their central tendency and missing values before further proceeding with the graphical exploration. 
[bookmark: _Toc233974452][bookmark: _Toc233981830]Step 2: Exploratory Visualisation
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A Time-Series graph has been generated for PM2.5 and that for the nitrogen dioxide, since the dataset used here was containing hourly air quality data which were representing the time frame between 2015-to-2024. Hence, monthly average values were used here for presenting each of the long-term trends with more precision, so as to effectively reduce any effects of overly crowded hourly data [5].  
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The scatterplot results highlights how increase in wind speed is responsible for lowering the concentration of PM2.5 in the air [1]. This same result is also obtained in case of nitrogen dioxide, where with a slight rise in temperature, the concentration of nitrogen dioxide lowers exponentially. 
[bookmark: _Toc233974453][bookmark: _Toc233981831]Step 3: Correlation Analysis
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A generalized correlation analysis has been performed for investigating the basic relationship among different selected air pollutants, that has been including PM2.5, PM10, nitrogen dioxide, nitric oxide, ozone, as well as sulphur dioxide, respectively. Before further selecting the desired correlation methods, significant pollutant distributions were examined, and as a result, it was discovered that most of the data were right skewed with several extreme values. 
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For this purpose, Spearman correlation method has been selected, as it seemed more appropriate to be used for any non-normally distributed environmental data [2]. During analysis, the correlation matrix have revealed that PM2.5 and that of PM10 were having a strong positive relationship with r=0.688, while nitrogen dioxide and nitric oxide were showing strong positive relationship with each other with an r=0.626. Compared to these strong connections, ozone is showing a moderate negative relationship within the nitrogen, with r= -0.418, while suggesting that these pollutants were not all similar under same environmental condition. 
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A very strong connection is seen in between particulate pollutants and that of the nitrogen-based pollutants. While the ozone is showing negative relation with certain of the nitrogen compounds, respectively. 
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During inspection, it was found that most of the plots at Scatterplot were showing positive trends among each pollutant with much stronger correlations, whereas only the ozone is showing an opposite pattern when is being compared with a nitrogen-related pollutants [4]. 
[bookmark: _Toc233981832]Step 4: Hypothesis Test — Two Conditions
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With the focus of finding out whether wind speed is being able to affect nitrogen dioxide levels, the nitrogen dioxide values were being separated into two different groups as per the wind speed. The selection of wind speed has been made because it has its influence on pollutions which move through the air. When wind speed is low, politics found to be remained within same area for a longer time, while within stronger winds it allows to carry the pollutants within different parts. Rather than selecting a wind speed value in a random manner, the median wind speed of 5 miles per hour has been utilized in the process of dividing the data into two equal groups. All observations with a wind speed of five miles per hour or below have been included in the process of low wind speed group, while observations which are above 5 miles per second were included in the high wind speed group. Where by making use of the median value, a fair and consistent method is provided to make a comparison of nitrogen dioxide levels within different wind conditions.
· Null hypothesis (H₀): There is no statistically significant difference in nitrogen dioxide concentrations between low and high wind speed conditions.
· Alternative hypothesis (H₁): There is a statistically significant difference in nitrogen dioxide concentration between low and high wind conditions.
Before selecting an appropriate statistical test, the distribution of nitrogen dioxide concentration within each of the wind speed group was assessed using the Shapiro-Wilk normality test. The results indicated statistically significant departures from normality for both groups (Low wind speed: W = 0.859, p = 3.39 × 10⁻⁵⁵; High wind speed: W = 0.869, p = 8.41 × 10⁻⁵⁴). Considering the fact that as both the P values were substantially below the 0.05 significance level, the assumption of normality was not satisfied [7]. Consequently, the Wilcoxon rank-sum test was selected instead of an independent-samples t-test, as it is more appropriate for comparing two independent groups when the data are non-normally distributed.
The summary statistics demonstrated clear differences between the two wind speed groups respectively. Particularly focusing on the low wind speed group, which included 42,469 observations. The average nitrogen dioxide concentration in this group was 15.5 µg/m³, while the median concentration was 12.1 µg/m³. In comparison of both the high wind speed group contained 39,978 observations on an overall basis with a lower average concentration of 12.2 µg/m³ and a median value of 10.0 µg/m³. The overall spread of the entire data was also much wider in the low wind speed group with an Interquartile range of 12.6 µg/m³ compared with 9.83 µg/m³ in the high wind speed group.
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The box plot gives a clear visual comparison of the nitrogen dioxide concentration under low and high wind speed conditions, respectively. It shows that the median concentration is higher when the wind speed is low than when it is high. Although there are some unusually high values in both groups most of the nitrogen dioxide measurements are higher in the low wind speed groups [9]. This matches the result of Wilcoxon's rank some test which found a significant difference between the two groups. one possible explanation is that weaker winds do not carry pollutants away as effectively, allowing the nitrogen dioxide to remain in the air for a longer duration. Therefore, stronger winds help to spread pollutants over a wider area which may reduce their concentration significantly [10]. Therefore, the results suggest that lower wind Speeds are actually linked with higher nitrogen dioxide levels in the Port Talbot area.
[bookmark: _Toc233981833]Step 5: Seasonal Group Comparison
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A seasonal comparison was carried out here to determine whether nitrogen dioxide concentrations varied across winter, spring, summer and autumn.
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A box plot was actually created to compare nitrogen dioxide concentrations across the four seasons: Winter, Spring, Summer and Autumn.
This graph was actually selected because it clearly demonstrates the median values and spread the data and also identifies any unusual values in each of the seasons respectively. This may makes it a lot easier to see whether nitrogen dioxide levels changes throughout the year or not.
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Before selecting a statistical test, the data were checked to see and identify if they met the assumptions for a parametric test. The Shapiro-Wilk test demonstrated that the data were not normally distributed in any of The Four Seasons. Lebanese test also demonstrated that the variations was not the same across each of the groups. Since these assumptions were not met the Kruskal-Wallis test was used because it is suitable for comparing more than two independent groups with non-normal data. Particularly looking at the hypotheses for the test that were involved are: 
Null hypothesis (H₀): It is important to consider the fact that there is no significant difference in the nitrogen dioxide concentration between the 4 seasons at all.
Alternative hypothesis (H₁): At least one of the seasons has a different nitrogen dioxide concentration.
The Kruskal–Wallis test gave a value of χ² = 5947.2 with a p-value less than 2.2 × 10⁻¹⁶. Since the p-value was much smaller than 0.05, the null hypothesis was rejected. This means that nitrogen dioxide concentrations are not the same across all four seasons.
[image: ]
Pairwise Wilcoxon post hoc tests with Holm adjustment further confirm statistically significant differences between all the season pairs, suggesting that seasonal weather conditions and pollutant dispersion strongly influenced the nitrogen dioxide levels in the Port Talbot area.
[bookmark: _Toc233981834]

Task 2: Reflective Summary
Approach to Analysis 
I have started my analysis by having or detail examination of the structure of the Port Talbot air quality dataset before I applied statistical methods to it. As the dataset contains hourly observations from the year 2015 to 2024, where to make sure that a reliable and accurate analysis would take place, some careful preparation is needed. Where I have analysed the variable names, data types, and dataset structure in order to confirm that the data has been imported in a correct manner within R. Where entries which were recorded as “No data” has been converted into missing values. Also, a datetime variable was created, and important variables has been renamed. Then pollutant and weather variables have been converted into numeric format for making correct analysis [4]. 
Visualisation Reflection 
I have made a selection of different types of visualisation methods because each one contributes to the process of explaining a specific part of the analysis. Monthly time-series graphs have been visualised for PM2.5 and nitrogen dioxide to have an analysis of details related to how the levels of pollutants have been changed over time. Where the use of monthly averages instead of hourly records made the patterns easier to understand because the main dataset contains a very large number of observations. Scatterplots have to visualised to have an analysis of possible relationships between PM2.5 and wind speed, and between nitrogen dioxide and temperature [2]. To have a comparison between nitrogen dioxide levels across different wind-speed groups and seasons Boxplot has been created. 
Statistical Choices 
The decision of selecting a statistical method was being made based on the characteristics of the dataset instead of making use of standard tests automatically. The pollutant data has been analysed first, and results have highlighted that is not being able to meet the assumptions for a normal distribution. Due to this, I have made use of Spearman correlation, because it is suitable for have an analysis of relationships which are present in uneven environmental data. The selection of the Wilcoxon rank-sum test has been made to make a comparison between nitrogen dioxide levels between low and high wind-speed conditions. This has been done because it provides dependable results for two independent groups without the requirement for normally distributed data [6]. In a similar manner, the Kruskal-Wallis test has been utilised to make seasonal comparisons.
Challenges and Solutions 
Different types of challenges have been faced in the process of completing the analysis. One issue involved the “No data” entries, as these values have caused some variables to be stored as character data instead of numeric values. I have solved this problem by converting them into missing values before starting the analysis. Then, another challenge for me was the highly uneven distribution of pollutant measurements, which have made parametric statistical tests unsuitable. To deal with this challenge, I had to first analyse the data distribution and then select an appropriate non-parametric method.  
Learning and Future Improvements
This complete project contributed to improving my level of understanding of data preparation, visualisation, and statistical analysis in R. I have learned the importance of selecting the correct methods on the basis of data characteristics. Where I am going to use regression and time-series modelling to have more detailed and better insights into long-term air quality patterns. If I have to repeat this analysis, I would include regression analysis and time-series modelling in order to have an analysis of the combined influence of multiple weather variables on pollutant concentrations. 


Generative AI Use Statement
No generative AI tools have been utilized in the process of creating this assignment. All data preparation, R programming, statistical analysis, interpretation of results and report writing have been completed in an independent manner. By making use of my own knowledge, practical work, and on the basis of understanding of assignment requirements.
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> # Check datatypes
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# Convert "No data” into missing values
Afrquality[airquality = "No data"] <- NA

# Convert date/time columns into proper date-time format.
AfrqualityspateTime <- dny_hms(

paste(airqualityspate, AfrqualitySTime)
)

# Renaming the main analysis variables to concise, meaningful names. The original
# variables are retained only where needed; concise names make the analysis more readable
Afrquality < Airquality %%
rename(
ozone = ozone,
nitric_oxide = nitric.oxide,
nitrogen_dioxide = Nitrogen. dioxide,

nitrogen_oxides = Nitrogen. oxides. as. nitrogen. dioxide,
sulphur_dioxide = sulphur. dioxide,
carbon_jionoxide = Carbon. monoxide,

P10 =PH10. particulate. matter. . Hourly. measured.
pn2s = pu2.S.particulate. matter. . Hour ly. measured. ,
wind_direction = wodelled.wind. pirection,
wind_speed = Mode1led. wind. speed,

temperature = Modelled. Temperature

)

# Convert pollutant columns into numeric format
numeric_vars <- c(

‘ozone”, "nitric_oxide”, "nitrogen_dioxide", "nitrogen oxides”,
sulphur_dioxide”, "carbon_monoxide”, "pmi0”, "pn2s”,
‘wind_direction”, "wind_speed”, "temperature”

)

# Convert selected variables to numeric. This is a safeguard in case any column
# has been read as character due to non-numeric values in the raw file.
Afrquality < Airquality %%

mutate(across (all_of (numeric_vars), as.numeric))
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> cat("\nFirst few rows of the cleaned dataset:\n")

First few rows of the cleaned dataset:

> print(head(airquality))

pate  Time  ozone
1 01/01/2020 00 32.39686
2 01/01/2020 02:00:00 27.07500
3 01/01/2020 03:00:00 34.72518
4 01/01/2020 00 39.21551
5 01/01/2020 00 36.12217
6 01/01/2020 00 33.37808
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pataset dimensions: rows and columns

> print(din(airquality))
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Basic summary statistics
> print (summary (airquality[numeric_vars]))

ozone nitric_oxide  nitrogen_dioxide nitrogen oxides sulphur_dioxide
win.  :-0.1497 win. : -0.059 min. 0.065 min. 0.261 win. : -0.1329
1st Qu.: 40.1136  1st Qu.: 0.864 6.680 1st Qu.: 9.092 0.4612
Median : 54.4826 Median : 2.526 :11.058 Median : 15.585 0.6745
53.0298  Mean 4.371 Mean :13.945 Mean : 20.604 2.9400
66.6564 3rd qu.: 5.474 17.797  3rd qu.: 25.553 1.4561
169. 557 150.520 Max.  :317.217 3 53,8499
13214 NA'S 13489 NA's 3489 :2100
wind_direction  wind_speed tenperature
-5.000  min. win. Min.  :-6.200
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Mean Mean : 9.583
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spearman correlation matrix for selected pollutants:
> print(round(spearman_cor, 3))
pn25 pmlo nitrogen_dioxide nitric_oxide

pn25 1.000 0.688 0.348 0.190
pn10 0.688 1.000 0.260 0.302
nitrogen_dioxide 0.348 0.260 1.000 0.626
nitric_oxide 0.190 0.302 0.626 1.000

ozone -0.030 0.135 -0.418 -0.281
sulphur_dioxide  0.369 0.489 0.388 0.359

ozone sulphur_dioxide

.030

0.135
-0.418
281
1.000
0.006

0.369
0.489
0.388
0.359
0.006
1.000




image13.png
Spearman Correlation Heatmap: Pollutants

sulphur_dioxide

ozone

nitric_oxide

nitrogen_dioxide

pm10

pm25

©
c
o
N
o

o
3

X
k=)
5,

pm25
pm10
dioxide
ic_oxide




image14.png
0 a0 100 o0 150

040 100

Scatterplot Matrix of Pollutant Concentrations

o5 10

250

0 20 40 60 &0

pm25

0 a0 =0

-
i

nitrogen_dioxide

il
[

nitric_oxide

(S

ozone

h
.

HF

0 2 w0 & &

-

o s 10 10

sulphur_dioxide

0w s

150

£




image15.png
!
E

TR e AEEe e
# step 4: Hypothesis Test — Two Conditions

nitrogen_dioxide is compared between Tow and high wind-speed conditions, because
wind speed influences the atmospheric dispersion of gaseous pollutants.

#
#
#
# HO: There is no statistically significant difference in nitrogen_dioxide levels
#  between low and high wind-speed conditions.
# W1: There is a statistically significant difference in nitrogen_dioxide Tevels
#  between low and high wind-speed conditions.

The median wind speed is used as a data-driven threshold to split the

# data into two groups, rather than an arbitrary cut-off value.

wind_median <- median(airqualitySwind_speed, na.rm = TRUE)

wind_test_data <- Airquality %%

filter (1is.na(nitrogen_dioxide), !1s.na(wind_speed)) %%
mutate(

wind_group = 1f_else(wind_speed <= wind_median, "Low wind speed”, "

wind_group = factor (wind_group, levels = c("Low wind speed”, "High wind speed™))
)

VY +++++VVVVVYVVYVYVVVYYYVY
*

cat(“\nvedian wind speed used as threshold (m/s):\n")

Median wind speed used as threshold (m/s):
> print (wind_median)

nis

>

> cat("\nnitrogen_dioxide summary by wind-speed group:\n")

nitrogen_dioxide summary by wind-speed group:
> wind_group_summary <- wind_test_data %%

+  group_by(wind_group) %%

+  summarise(

+ n=n0,

+  mean_nitrogen_dioxide = mean(nitrogen_dioxide, na.rm = TRUE),

+  median_nitrogen_dioxide = median(nitrogen_dioxide, na.rm = TRUE),

+  sd_nitrogen_dioxide = sd(nitrogen_dioxide, na.rm = TRUE),

+  igr_nitrogen_dioxide = IaR(nitrogen_dioxide, na.rm = TRUE),

+ -groups = "drop”

+ )

> print (wind_group_summary)

# A tibble: 2 x 6
wind_group n mean_nitrogen_dioxide median_nitrogen_dioxide sd_nitrogen_dioxide igr_nitrogen_dioxide
<Fct> <int> <dbl> <dbl> <dbl> <dbl>
Low wind speed 42469 15.5 12.1 1.8 12.6

High wind speed 39978 12.2 10.0 8.90 9.83
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# Check distribution shape using shapiro-wilk tests on a sample from each group.
# A fixed seed makes the sampling reproducible.
set. seed(7022)
normality_wind <- wind_test_data %%
group_by (wind_group) %%
slice_head(n = 5000) %%
shapiro_test (nitrogen_dioxide)

VYAV YV Y

cat("\nshapiro-wilk normality checks for nitrogen_dioxide by wind-speed group:\n")

shapiro-wilk normality checks for nitrogen_dioxide by wind-speed group:
> print (nornality_wind)
# A tibble: 2 x 4

wind_group variable statistic 3
<fct> <chr> <abl>  <dbl>
Low wind speed nitrogen_dioxide  0.859 3.392-55
High wind speed nitrogen_dioxide  0.869 8.41e-54

# Both p-values are far below 0.05, indicating that the N0, data are not normally distributed.
# Therefore, choosing the wilcoxon rank-sum test instead of an independent samples t-test is appropriate.

>
>
>
>
> wind_wilcox <- wilcox. test(nitrogen dioxide ~ wind_group, data = wind_test_data, exact = FALSE)
>

> cat("\nwilcoxon rank-sum test comparing nitrogen dioxide by wind-speed group:\n")

wWilcoxon rank-sum test comparing nitrogen dioxide by wind-speed group:
> print(wind_wilcox)

wilcoxon rank sum test with continuity correction
data: nitrogen_dioxide by wind_group

W = 989178635, p-value < 2.2e-16
alternative hypothesis: true Tocation shift is not equal to 0

# A boxplot is added to support interpretation of the test. It shows differences
# in median, spread and outliers between the two wind-speed conditions.
p_nitrogen_dioxide_wind_box <- ggplot(wind_test_data, aes(x = wind_group, y = nitrogen_dioxide)) +
geon_boxplot (outTier.alpha = 0.15) +
Tabs(
title = "Nitrogen pioxide Concentration under Low and High wind-speed Conditions”,
subtitle = paste0("Groups defined using median wind speed round(wind_nedian, '2), " m/s"),

X = "wind-speed condition”,
y = "Nitrogen dioxide concentration (ug/m)"

)+

theme_minimal ()

print (p_nitrogen_dioxide_wind_box)

# Interpretation:
# he p-value is below 0.05; therefore, the null hypothesis is rejected.

# Nitrogen dioxide concentrations differ significantly between Tow and high wind-speed conditions.
# The higher median concentration observed under low wind-speed conditions suggests

# that reduced atmospheric_ dispersion may contribute to pollutant accumulation.

# However, this statistical association does not establish a causal relationship.\n")

VYV YV VYV YV A Rk Y VY Y
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# step 5: seasonal Group Comparison

Research question: Do nitrogen dioxide (N02) concentrations differ across
winter, spring, summer and Autumn?

NuT1_hypothesis (HO): There is no statistically significant difference in No2
Tevels across seasons.

Alternative hypothesis (H1): At Teast one season has a statistically different
Noz Tevel.

A season variable is created using standard meteorological season:
winter - December, January, February

spring = warch, April, May

summer — June, July, August

Autumn = Septenber, Octaber, November

R R R R

season_data <- Airquality %%
Filter(1is.na(nitrogen_dioxide), !is.na(pateTime)) %%
mutate(
season = case_when(
morth(pateTine) %ir% c(12, 1, 2) ~
month(pateTine) %irss c(3, 4, 5) ~
morth(pateTine) %irss c(6, 7, 8) ~
month(pateTine) %irs c(9, 10, 11) ~
TRUE ~ NA_character_

‘Autumn’”

oA

season = factor (season, levels = c("Winter”, "spring”, “summer”, "Autumn™))
) B%
Filter(1is.na(season))

VYA AR AV VYV VYV Y Y YV VY Y Y Y VY

cat("\Nitrogen dioxide summary by seas

n")

Nitrogen dioxide summary by season:
> season_summary <- season_data %%

+ group_by(season) %%
+  summarise(

+ n=n0,

+  mean_No2 = mean(nitrogen_dioxide, na.rm = TRUE),

+  medianNo2 = median(nitrogen dioxide, na.rm = TRUE),
+  sd_No2 = sd(nitrogen_dioxide, na.rm = TRUE),

+  igr_no2 = IQR(nitrogen_dioxide, na.rm = TRUE),

+  .groups = "drop”

+ )

> print (season_summary)

A vibble: 4 x 6
season  n mean_NO2 median N2 sd_NO2 igr_NO2

<fc> <int> <dbl> <dbl> <dbl> <dbl>
winter 20585 18.3 4.8 13.4  15.0
spring 21461 13.4 0.8 0.66 10.3
Summer 21265 10.0 8.38 6.5  7.61

Autumn 20872  14.2 1.7 10.2 11.2
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# Normality and variance checks are included before choosing the seasonal test.
# with large hourly air-quality data and likely skewness, a non-parametric test is
# more defensible than assuming ANOVA conditions automatically hold.
set. seed(7022)
normality_season <- season_data %%

group_by (season) %%

slice_head(n = 5000) %%

shapiro_test (nitrogen_dioxide)

VVaE v YV Y Y

cat("\nshapiro-wilk normality checks for nitrogen dioxide by season:\n")

shapiro-wilk normality checks for nitrogen dioxide by season:
> print(nornality_season)
# A tibble: 4 x 4

season variable statistic b
<fee> <chr> <dbl>  <dbl>
winter nitrogen dioxide  0.8%4 3.64-50
spring nitrogen_dioxide  0.828 8.042-59
summer nitrogen_dioxide  0.894 3.762-50
Autumn nitrogen_dioxide  0.869 8.44c-54

# shapiro tests are significant, so normality is not met and kruskal-wallis test is ideal for this task.

>
>
>
> variance_check <- levene_test(season_data, nitrogen_dioxide ~ season)
>
>

cat("\nLevene test for equality of variance across seasons:\n")

Levene test for equality of variance across seasons:
> print(variance_check)
# A tibble: 1x 4
4fL  df2 statistic
<int> <int>  <dbl> <dbl>
384179 ws0. o0

>
> # Levene test is significant, so equal variance is not met.
>

> # Kruskal-wallis is selected because it compares more than two independent groups
> # without requiring normality. It tests whether at least one seasonal distribution
> # differs from the others.
> season_kruskal <- kruskal. test (nitrogen_dioxide ~ season, data = season_data)
>
> cat("\nkruskal-wallis test comparing nitrogen dioxide across seasons:\n")

kruskal-wallis test comparing nitrogen dioxide across seasons:
> print (season_kruskal)

kruskal-wallis rank sun test

data: _nitrogen_dioxide by season
Kruskal-wallis chi-squared = 5947.2, df = 3, p-value < 2.2e-16

# here, p-value is Tess than 0.05 so, the kruskal-wallis test is significant
# Therefore, pairwise wilcoxon tests identify

# which seasonal pairs differ. Holm adjustment controls the Family-wise error rate
# across multiple comparisons.

vvvvy
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> season_posthoc <- pairwise.wilcox.test(
+ x = season_datasnitrogen_dioxide,

+ g = season_data$season.

+ p.adjust. method = "hol
+
+
>

exact = FALSE
)

cat("\npost-hoc pairwise wilcoxon tests with Holm p-value adjustment:\n")

Post-hoc pairwise wilcoxon tests with Holm p-value adjustment:
> print(season_posthoc)

pairwise comparisons using wilcoxon rank sum test with continuity correction
data:  season_datasnitrogen_dioxide and season_datasseason
winter spring  summer
spring < 2e-16 - -
Summer < 2e-16 < 2e-16 -
Autumn < 2e-16 5.2e-15 < 2e-16

P value adjustment method: holm

# interpretation:
# The p-value is below 0.05, 5o the null hypothesis is rejected.

# Nitrogen dioxide concentrations differ significantly across seasons.
# Post-hoc wilcoxon tests show all seasonal pairs differ significantly.

vvvvvy
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# Inport the data

Afrquality <- read.csv("port_Talbot_Hourly_AQ.csv",
header = TRUE,
stringsAsFactors = FALSE)

# Check original column names
cat("\noriginal column names:

VYV AV Y

)

original column names:
> print(names (airquality))

[1] "pate

[3] "ozone”

[5] "Nitric.oxide”

[7] "Nitrogen. dioxide”

[9] "Nitrogen. oxides. as. nitrogen. dioxide”

[11] “sulphur. dioxide’

[13] “Carbon. monoxide”

[15] "PM10.particulate. matter. . Hourly. measured.
[17] "Pv2.5.particulate. matter. . Hour ly. measured.
[19] "Model]ed. wind. pirection’

[21] “Modelled. wind. speed”

[23] "Modelled. Temperature’




