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[bookmark: _Toc234369082][bookmark: _Toc234418577]Task 1 - Air Quality Data Analysis
[bookmark: _Toc234418578][bookmark: _Toc234369083]1.1 Introduction to Dataset
Port Talbot Hourly Air Quality dataset contains records of various pollutants and different weather variables within a timespan ranging between 2015 and 2024. It consists of hourly data, which makes it suitable for accurate analysis.
[bookmark: _Toc234418579]1.2 Data Import and Initial Exploration
The data in the Port Talbot Hourly Air Quality dataset was imported into R and placed in the data frame AirQuality. All occurrences of "No data" content were automatically transferred to missing data (NA) during the import process. This made sure that the absence of any particular observation will not be misinterpreted as a number in the following statistical analysis. The pollutant and weather were then converted into numeric data types, and the date was re-modelled as an R date object to facilitate analysis based on time [1]. The date information was also used to create a new season variable for use in a seasonal comparison later in the analysis.
[image: ]
Figure 1 Importing Data
The data set was explored by showcasing the column names, data types of each variable, the first few observations, the dimensions of the data set and descriptive statistics. All of these preliminary checks are crucial to verify that the information has been imported properly, that there are no missing data or wrong data types, and that it gives an idea of the distribution and range of the measured variables. These checks also help to ensure that the proper statistical techniques can be used in the later phases of analysis.
Summary statistics are useful to help understand the overall nature of the data prior to further analysis, as they will give desired information like Minimum, Maximum, Mean and Median values of each pollutant and each weather variable [2].
Output included the following:
· Column names 
· Data types 
· First six observations 
· Dataset dimensions 
· Descriptive statistics 
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Figure 2 Screenshots of Code and Console Output for Dataset Description
[bookmark: _Toc234369084][bookmark: _Toc234418580]1.3 Exploratory Data Visualisation
Exploratory visualisation was used to examine long-term trends in pollutant concentrations and to investigate potential relationships between pollutants in the air and weather-related variables [3]. Visualisation is an important first step as it enables patterns, seasonal changes and possible relationships to be observed, before conducting formal statistical tests.
[bookmark: _Toc234369085][bookmark: _Toc234418581]1.3.1 Monthly Average Ozone
Since line graphs are suitable for time-series data, a line chart was used to display the monthly average ozone concentrations. They clearly show variation with time and are helpful in working out seasonal cycles and long periods of trends [4].
The monthly ozone time series has distinct seasonal variability during the study period. The ozone levels vary considerably throughout the year, suggesting a seasonal trend, and there is no clear long-term trend in either direction.
[image: ]
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Plots\Ozone_TimeSeries.png]
Figure 3 Screenshots of code and output for Monthly Ozone Time Series

[bookmark: _Toc234369086][bookmark: _Toc234418582]1.3.2 Monthly Average Nitrogen Dioxide
A second monthly average chart of nitrogen dioxide concentration was created. The visualisation approach is the same for both ozone and nitrogen dioxide, enabling direct comparisons of trends over the monitoring period.
The monthly time series of nitrogen dioxide also shows seasonality, with a few distinct peaks in the earlier years of the study. But, the gradual decreasing trend towards the end of the years is also evident in the monthly average concentration of nitrogen dioxide, indicating that the air quality has been better over the monitoring period.
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Figure 4 Screenshots of Source code and output for Monthly Nitrogen Dioxide Time Series
[bookmark: _Toc234369087][bookmark: _Toc234418583]1.3.3 Relationship between Ozone and Wind Speed
To examine the correlation between ozone concentration and wind speed, a scatter plot of the two variables was drawn with the linear regression line plotted [5]. A scatter plot is appropriate because both variables measured are considered continuous, so there is the possibility of examining the relationship between the variables, that is, if X changes, so does Y.
Since the slope of the regression line is positive, ozone levels tend to increase as the wind speed increases. The large scatter of observations about the regression line indicates, however, that wind speed is only part of the reason for the variance in the ozone concentrations, so that other environmental factors also are significant.
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[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Plots\Ozone_WindSpeed.png]
Figure 5 Screenshots of code and chart of Ozone vs Wind Speed Scatter Plot

[bookmark: _Toc234369088][bookmark: _Toc234418584]1.4 Correlation Analysis
Correlation analysis was performed to investigate relationships between multiple air pollutants [6]. Five pollutants were selected for analysis:
· Ozone 
· Nitric Oxide 
· Nitrogen Dioxide 
· PM10 
· PM2.5 
All the selected variables are continuous numerical measures and hence Pearson correlation coefficients were calculated. Pearson correlation is used to describe both the direction and the strength of linear relationships between variables.
A correlation matrix was created and presented as a heatmap [7]. Several correlation coefficients can be displayed using a heatmap, as the different colours reveal at a glance the positive or negative correlations, while the numerical values reveal exact correlation coefficients.
Analysis indicates that ozone has a moderate negative correlation with Nitrogen Dioxide (r = -0.49 approx.) suggesting that higher concentrations of Nitrogen Dioxide tend to be correlated with lower concentrations of Ozone. There is a moderately positive correlation of nitric oxide and nitrogen dioxide, which means that they are likely to be affected by similar emission sources, e.g. road traffic. The correlation between PM10 and PM2.5 was the highest positive correlation (around r = 0.61), indicating that these two particulate pollutants tend to happen at the same time under similar atmospheric conditions.
A scatter plot was created to further explore this relationship between ozone and Nitrogen Dioxide. The fitted regression line is downwards and has a negative slope, which is consistent with the negative correlation seen in the correlation matrix [8].
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Plots\Correlation_Heatmap.png]
Figure 6 Screenshot of Correlation Heatmap

[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Plots\Scatter_Correlation.png]
Figure 7 Screenshot of Ozone vs Nitrogen Dioxide Scatter Plot
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Figure 8 Screenshot of code for complete Correlation Analysis
[bookmark: _Toc234369089][bookmark: _Toc234418585]1.5 Hypothesis Testing
Median wind speed was used to divide the observations into High Wind Speed and Low Wind Speed groups to check for possible difference in ozone concentration between the groups. Splitting the data at the median created two groups of similar size that were appropriate for comparison.
Since the two groups were independent and variances were not necessarily equal between the groups, a Welch Two-Sample t-test was chosen [9].
Null Hypothesis (H₀)
The mean ozone concentration is equal under high and low wind speed conditions.
Alternative Hypothesis (H₁)
The average ozone concentrations are different at high and low wind speeds.
The t-test gave a p value of <0.001, thus statistically significant difference between the two wind speed groups. The p-value is far from the significance level of 0.05 and so the null hypothesis was rejected.
The results indicate that the wind speed is statistically significant in the Port Talbot data set affecting the ozone concentration.
The results showed that the mean ozone concentration was significantly elevated with high wind speed (58.74 μg/m³) as compared with low wind speed (47.16 μg/m³), which means wind speed plays an important role in estimating the concentration of ozone.
[image: ]
Figure 9 Screenshot of T-Test Output
[bookmark: _Toc234369090][bookmark: _Toc234418586]1.6 Seasonal Comparison
The seasonality of the ozone concentration was examined by dividing the data into the four meteorological seasons like winter, spring, summer and autumn. To compare more than two groups, one way Analysis of Variance (ANOVA) was chosen as the most appropriate statistical method.
Null Hypothesis (H₀)
The mean ozone concentration is equal across all four seasons.
Alternative Hypothesis (H₁)
The ozone concentration is different in at least one seasonal average.
The ANOVA test yielded a p-value <0.001, which indicates that the data show statistically significant differences between the ozone concentration levels in each season. The ANOVA provided only an indication that at least one difference existed so a Tukey HSD post-hoc test was conducted to find out which seasonal pair(s) differed significantly [10].
The Tukey HSD test indicated that the value of O3 concentration in Spring was significantly higher than Summer and Autumn and Winter. Statistically significant differences were also found between Summer and Winter, and between Autumn and Summer, with ozone levels being lower in Summer and higher in Autumn.
The boxplots were chosen to visualise the seasonality distributions as they clearly show the median, interquartile range, overall spread and potential outliers for each of the seasons. This simplifies comparisons within and among seasons for both the central tendency and variability of ozone concentration.
[image: G:\Extras Freelance Work\Work\Anirban da\TS_55165 and TS_54717 R Data Analysis\TS_54717\Plots\Ozone_Season_Boxplot.png]
Figure 10 Screenshot of Seasonal Boxplot
Medians of the ozone concentration in the 3 seasons are shown on the box plot, with Spring having the highest and Summer and Autumn having lower medians. There are many outliers indicating that high ozone concentrations were experienced occasionally in each season.
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Figure 11 Screenshot of ANOVA and Tukey HSD Output
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Figure 12 Screenshot of Complete Hypothesis Test and ANOVA and Tukey
[bookmark: _Toc234369091][bookmark: _Toc234418587]1.7 Summary
The Hourly Air Quality data from the Port Talbot station was successfully imported, cleaned and analysed in R. The long-term variations in ozone and nitrogen dioxide levels were clearly shown in monthly time-series visualisations, and scatter plots illustrated the relationships between the pollutants and the weather variables.
The correlation analysis showed that ozone and nitrogen dioxide had moderate negative correlation while PM10 and PM2.5 had strong positive correlation. Further, statistical testing proved that there is significant difference between ozone concentrations at high and low wind speed and significant difference between the ozone concentrations in various seasons. 
[image: ]
Figure 13 Screenshot of Final Output Summary


[bookmark: _Toc234369092][bookmark: _Toc234418588]Task 2 - Reflective Summary
The data used in this project was the Port Talbot Hourly Air Quality dataset. This dataset consists of hourly pollutants records and the influential weather variables. The data ranges from 2015 to 2024. Overall, these attributes has helped me greatly to perform accurate analysis.
The dataset was analysed following a structured approach throughout this project. This has been performed in the R-studio software using the R programming language. I started by importing the data set and running a check on the column names, data types and summary statistics to make sure that the data was being loaded properly. I also changed the text value (No data) to missing values (NA) and converted the pollutant and weather variables to numeric format. To me, the more time I spend preparing the data at the outset, the easier the remaining steps in the analysis became [11]. To me, the more time that I can spend preparing the data initially, the more likely I am to avoid error during the statistical testing phase.
In the development of visualisations, I wanted them to be simple, clear and appropriate for the type of data being analysed. Line charts were used to present data for average Ozone levels and Nitrogen Dioxide concentrations for each month, since they actually illustrate the trends in pollutant levels over time. The initial graphs plotted were hourly data, but it was difficult to interpret these graphs because of the numerous observations. The data were converted to monthly averages and the long-term trends were identified easily [12]. A scatter plot with an equation of the regression line was used to investigate the relationship between wind speed and ozone concentration as both these measures are continuous. Lastly, I chose a box plot to compare ozone concentrations by season because it provides a clear visualisation of the median, spread and potential outliers for each season. 
The main difficulty that I encountered was using the data itself. A number of variables had non-missing values and "No data" instead, which were changed to NA before further analysis by numbers. I also had difficulty plotting hourly time-series data, as often the time-series graph was almost impossible to read because of the number of observations. This issue was resolved by converting the analysis into a monthly average, and this made the visualisations much clearer. The other difficulty was to format the date column, the date column was originally in the wrong format, which led to problems in the first steps of the analysis. The plots and seasonal analysis of the time series were corrected after fixing the date conversion [13].
This project helped me learn more about data analysis in R and just how important data preparation is prior to conducting statistical analysis. I got more comfortable with using tools like ggplot2, dplyr, lubridate, and corrplot, and I found out about the methods that various statistical tools could provide solutions for various research questions [14]. I also have some experience in choosing suitable visualisations and in interpreting the results and not just generating graphs.
In this sense, if I were to carry out the same analysis, I would want to make some more checks on my assumptions before testing my hypothesis and I would explore additional methods like regression modelling or time-series forecasting. I would also try interactive visualisations for easier exploration of the results. This project improved my ability in R and also increased my knowledge of statistical data analysis.


[bookmark: _Toc234418589]Statement on AI Usage
No Generative AI was used in this project.
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# Load the packages required for data manipulation, visualisation and statistical analysis.
pkes <- c("ggplot2”,"dplyr”,"lubridate”, "corrplot”)

for(p in pkes){
if(Irequire(p, character.only=TRUE)){
install.packages(p, repos="https://cloud.r-project.org™)
1ibrary (p, character. only=TRUE)

b

¥

# Tnport the air quality dataset into a data frame while treating "No data” as missing values.
AirQuality <- read.csv(

“Port_Talbot_Hourly_AQ.csv",

stringsAsFactors = FALSE,

na.strings = "No data”,

check.names = TRUE
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25 # Display column names to verify that the dataset has been inported correctly.
2 cat(coLm naES\T")
27 print(nanes (Airquality))

20 & Check the data types to identify vardables that require comersion.
3 cat("\ioaTA TYPES\T®)

G str(arquiity)
33 Convert pallutant and westher sessunenents into mmeric forsst for snalysis.
o macols o df

S omoner,

S striclodder,

57 hitrogen.dioside”,

55 “Mitrogen.ocides 5. itrogen cioxide”,

55 “sulpnr.slortae’,

i —

i oPus. pareiculate. atter. Hourly. sessured.”,
i .5, pareiculate.atcer. Hourly.sessured.
4 Vodelied uind.Direction’,

a4 Vodeed uind.Speea”,

P ——

4 muncols < intersect(nmCols,names (ArQuality))

5 AlrQuality[macols] <- lapply(AlrQuality[nuncols], 3. ruseric)

52 Comvers she date and sine colums inso R date-tize obiects for tine:besed analysts,
S5 AirualitysDate < dny(AirQualitysDate)

54 AlrQualitysoateTine <- yad has(pasta(AirQualitySoate, lrQualitysTine))

S5 % Extrace the nonth fron each observation so seasons can be assigned.

7 AtrQualityshonth <- month(AtrQualitysbate)

59 8 Crests 2 season variable to comare pellutans concentrations, SACGUghOUE. the Year.
& AirqualitySSesson < case_when(

G AirQualitysMonth Xink c(12,1,2) - “Wirter”,

& Atrgualitysseason < facton(
5 Alrqualitysseason,

9 evelesc("Minter", Spring", "Sumer”,“Autusn’”)

» )

72 # bisplay the First feu cbservations to inspect the isported data.

7 cat(\ne)

U print(hesd(airquality))

7 % Display the number of rows and columns in the dataset.

7 cat("\bDENSIOS\Y")

7% print(din(Airquality))

8 % Produce descriptive statistics to sumarise pollutant and ueather varisbles.
B cat("\nsuaRY\n")

52 print (summary(AirQuality[runcels]))

88 & Create a folder to store all generated visualisations.

S dir.create("Plote", shoarnings=FALSE)

9 1 Calculste sontnl averaee pellutans veluse 59 educe Short-tere fluctustions aod hisnlient Long-sern frends,
5 Morthlyag < AlrQusiity H¥

0 mutate(Monthoate=Floor. date(bate, rorch®)) BE

S group_by(Montndste) %%

o sumarise(
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COLUMN NAMES
[1] "Date”

[2] "Tine"

[3] "0zone™

[4] "Status™

[5] "Nitric.oxide”™

[6] "Status.1”

[7] "Nitrogen.dioxide™

[8] "Status.2”

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

[10] "Status.3"

[11] "Sulphur.dioxide™

[12] "Status.4”

[13] "Carbon.monoxide™

[14] "Status.5™

[15] "PMI6. particulate.matter. .Hourly.measured. ™
[16] "Status.6™

[17] "PM2.5.particulate.matter. .Hourly.measured.™
[18] "Status.7"
[19] "Modelled.uind.
[20] "Status.8”
[21] "Modelled.uind. Speed”
[22] "Status.o”

[23] "Modelled. Temperature™
[24] "Status.16”

rection”

DATA TYPES
‘data.frame’: 87672 obs. of 24 variables:

$ Date "61/01/2026" "01/01/2620" "01/61/2020" "61/01/2026" ...
$ Tine "61:00:00" "02:00:00" "03:00:00" "04:00:00"

$ Ozone 32.4 27.1 34.7 39.2 36.1 ...

$ Status "V ugn-3" "V ugn-3" "V ugn-3" "V ugn-3" ...

$ Nitric.oxide ©.652 NA 0.461 6.403 0.262 ...

$ Status.1 "V ugn-3" "V ugn-3" "V ugn-3" "V ugn-3" ...

$ Nitrogen.dioxide 12.27 NA 12.317.24 7.33 ..

$ Status.2 "V ugn-3" "V ugn-3" "V ugn-3" "V ugn-3" ...

13.27 NA 13.01 7.86 7.64 ...

"V ugn-3" "V ugn-3" "V ugn-3" "V ugn-3" ...
0.442 0.707 0.928 0.663 0.398 ...

$ Nitrogen.oxides. as.nitrogen. dioxide
$ Status.3
$ sulphur. dioxide

$ Status.a "V ugn-3" "V ugn-3" "V ugn-3" "V ugn-3" ...
$ Carbon. monoxide ©.671 6.0367 ©.1665 0.6739 0.0651 .
$ Status.s "V mgn-3" "V mgn-3" "V mgn-3" "V mgn-3" ...

$ PM16. particulate. matter. .Hourly.measured.
$ Status.6

$ PM2.5. particulate.matter. .Hourly.measured.
$ Status.7

$ Modelled.wind.Direction

25.1 30.6 27.6 23.6 22.9 20.9 21.2 20.7 23.9 23 ...
"V ugn-3 (TEOM FDMS)" "V ugn-3 (TEOM FDMS)" "V ugn-3 (TEOM FDMS)" "V ugm-3 (TEOM FDMS)"
21.1 25 25.9 19.8 20.2 15.9 17.5 18.7 20.8 22.2 ...

"V ugn-3 (TEGM FDMS)” "V ugn-3 (TEOM FDMS)” "V ugn-3 (TEOM FDMS)" "V ugn-3 (TEOM FDMS)"
96.7 101.2 98.9 103.5 97.4 ...

$ Status.8 "N deg” "N deg” "N deg” "N deg” .
$ Modelled.wind. Speed 4.653514.84.4434.8464.74.6...
$ Status.9 N ms-1" "N ms-1" "N ms-1" "N ms-1" ...
$ Modelled. Temperature 33.13.13.23.43.63.83.944.1 ...
$ Status.10 "N degC" "N degC" "N degC" "N degC" ...
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HEAD

Date  Time Ozome Status Nitric.oxide Status.1 Nitrogen.dioxide

12020-01-01 ©1:00:00 32.39686 V ugn-3  6.65250 V ugn-3 12.26557
2 2026-01-01 00 27.67500 V ugn-3 NA V ugn-3 N
3 2020-01-61 03:00:00 34.72518 V ugn-3  0.46659 V ugn-3 123813
4 2026-01-01 00 30.21551 V ugn-3  6.40301 V ugn-3 7.24397
5 2020-01-61 00 36.12217 V ugn-3  6.20151 V ugn-3 7.33085
6 2026-01-01 00 33.37808 V ugn-3  6.40301 V ugn-3 8.88742
Status.2 Nitrogen.oxides.as.nitrogen.dioxide Status.3 Sulphur.dioxide
1 Vugn3 13.26665 V ugn-3 0.40178
2 Vugn3 NA V ugn-3 0.70684.
3 Vugn3 13.01435 V ugn-3 0.92773
4 Vugn3 7.86191 V ugn-3 ©.66267
5 Vugn3 7.63982 V ugn-3 0.39766
6 Vugn-3 9.58536 V ugn-3 ©.46387
Status.4 Carbon.monoxide Status.5 PHIO.particulate.matter. .Hourly. measured.
1 Vugn3 ©0.670977 V mgn-3 5.1
2 Vugn3 ©0.086749 V mgn-3 30.6
3 Vugn3 ©0.106465 V mgn-3 27.6
4 Vugn3 0.673934 V mgn-3 2.6
5 Vugn3 ©0.065652 V mgn-3 2.9
6 Vugn-3 ©0.065652 V mgn-3 2.9
Status.6 PH2.5.particulate.matter. .Hourly.measured.
1V ugn-3 (TEGM FDMS) 211
2V ugn-3 (TEGH FDMS) 5.0
3V ugn-3 (TEQM FOMS) 2.9
4V ugn-3 (TEGH FOMS) 19.8
5V ugn-3 (TEQM FOMS) 2.2
6V ugn-3 (TEGM FDMS) 15.9
Status.7 Hodelled.Wind.Direction Status.8 Modelled.hind. Speed
1V ugn-3 (TEGH FOMS) 9.7 N deg 2.6
2V ugn-3 (TEGH FDMS) 101.2 N deg 5.3
3V ugn-3 (TEQM FOMS) 98.9 N deg 5.1
4V ugn-3 (TEGH FOMS) 103.5 N deg a8
5V ugn-3 (TEQM FOMS) 97.4  Ndeg 2.4
6V ugn-3 (TEGM FDMS) 9.0 N deg 2.3
Status.9 Modelled. Temperature Status.10 DateTime Honth Season
1 Nms1 3.6 N degC 2020-01-01 01:00:08 1 Winter
2 Nms1 3.1 N degC 2020-01-61 €2:00:08 1 Winter
3 Nms1 3.1 N degC 2020-01-01 03:00:08 1 Winter
4 Nms1 3.2 N degC 2020-01-61 04:00:08 1 Winter
5 Nms-1 3.4 N degC 2020-01-01 05:00:08 1 Winter
6 Nms-1 3.6 1 winter
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4 Line chart is used because it clearly shows changes. in ozone concentrations over tine.

abs(EitlexMonthly Average Ozone”,x="Month", y="0zone (4g/a3)")

ggsave("Plots/ozor

TineSeries . png",p1,widthe12, height=6, dpix300)
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.4 second tine series is produced o compare trends in nitrogen dioxide over the same period.
P2 < ggplot (NonthlyAQ, es Morthbate, N02) )+
5

abs(Eitlex"Monthly Average Nitrogen Dioxide”,x="Honth",y="h02 (ug/a3)")

1+ ggsave("Plots/No2 TineSeries.png”,p2,uidth=12,height=5, dpi=300)
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#.A scatter plot is used to investigate whether ozone concentration is related fo wind speed.
A Fittad regrescion Line is included o highlignt the oversil lindar trend.

P3 < gplot(atrquality,

et
pomptideris
Iam(Eit Lo zone vs Vind Speed)

" sesFALSE)s

‘ggsave("?lots/Ozone WindSpeed. prg",p3, width=10, height=6, dpi=300)
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# Select pollutant variables for correlation analysis.
comnvars < d

“puoner)|

itric oxide’,

Hitrogen. stociser,

“PH36. particulste. s, Hourly.sessured.
[ ——————

[
Corr¥ars <- intersect(corrvars, nanes (ALrQuality))

# Remove missing observations before calculsting correlations.
corrData <- na.omit (AirQuality[corrVars])

1 Calculate the Pearsen serrelation mnix to nessuce linesr relationshins betuesn pollutants.
Corm¥at <- con(corroata)

# bisplay the correlation matrix for interpretatin.
CHt("\nCORRELATION MATRIX\")
print (round(corrhat, )

%4 nestusp 35 usad because 3% provides 2 clear visusl sumary.of sorrelation stoength snd giection,
PuB("Plots/Correlation Heatrap.pug", 1400, 1489, res=220)

corrplat (corrhat,
methoa-"cotor”,
types"upper”,
‘adoCoet.cor="Obtack,
1.col=" Oslack”)

dev.ofF()

1 Creste 2 seatter glot 2 exaeine the relstionship betusen crone and nitrogen dixide.
 The regrassion Tine helps identify any overall sssociation

P4 < geplot(corrdata,

35(0zone Nitrogen.dioxide) )+

son_point (alpha=.08, size=.3)+

geon_smooth(sethods"1a"  colour:

thene mininsl()+
Jaba(Eitlex-Caone v Nitrogen Dioxide”)

Dred", sesFALSE)s

psave("Plots/Scatter Correlstion.png",pé, width=16, height=6, dpi=360)
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Mean ozone is equal for high and low wind speed.
: Mean ozone differs.

Welch Two Sample t-test

data: Ozone by WindGroup
t = 86.531, df = 80001, p-value < 2.2-16
alternative hypothesis: true difference in means between group High and group Low is not equal to @
95 percent confidence interval:
11.31642 11.84095
sample estimates:
mean in group High mean in group Low
58.73648 47.15779

Conclusion: Reject Ho.
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He: Mean ozone is equal across seasons.
H1: At least one season differs.

DF  Sum Sq Mean Sq F value Pr(>F)
Season 3 3204700 1068233 2851 <2e-16 ***
Residuals 85928 32192788 375

Signif. codes: @ "***' 0.601 '**' 6.01 *' 0.5 . 0.1 ' 1
1748 observations deleted due to missingness

Post Hoc Test
Tukey multiple comparisons of means
95% family-wise confidence level

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

$Season

diff Tur wr  padj
Spring-Winter 12.9919020 12.51156651 13.472477 ©.6660000
Summer-Winter  6.5446714 0.06332020 1.626623 0.0191243
Autumn-Winter -2.7478133 -3.23117619 -2.264450 ©.6660000
‘Sunmer-Spring -12.447325 -12.92363199 ~11.971009 ©.6666000
Autumn-Spring -15.7398953 -16.21814967 ~15.261461 ©.660000
Autumn-Summer -3.2024848 -3.77169867 -2.813271 ©.660000
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12.Divide observations inte high 3nd low wind speed groups using the medin wind speed.
 Using the nadian crestes two groups of sinilar size for comparison.
mediankind <- median(AirQualityShodelled. Wind. Speed, 2. ra=TRUE)

AirQualitySuindoroup < felze(

AlrQualitystiodelied.ind:Speed<nediarkind,
g, L")

cat("\n--

et ("1 TEST")

cat(

Cat(": Mean ozone 4 equal for high and low wind speed.\n)
Cat("H1: Mean ozone differs. \n\a)

1 Sarforn 2 Meleh fuo-sangle $-TeSt BeCRuss oione COnCeNtIEGions TS COmPIred DECuEEn Do {ndependert STOUPS
£ < t.tast (Ozone-Mindsroup, data=AlrQuality)

print(et)

# Reject or fail o reject the null hypothesis based on the p-value.
6(etsp.valuece.05)]
t("Conclusion: Reject Ho.\n")

Jetsef
at("Conclusion: Faid to Reject H0.\n")
¥

('
cat(aiovAT)
cat(=
cat("H0: Mean ozone is equal across seasons.\n®)
CRt("HL: At least one season difers.\nn)

% Sarforn. 2 oneuay ANQUA Becauss Gzore CONCENSTLIons ane. SOTRINed CTess four dndependent sensonsh ETRUES
it < s0v(Czone: Season, datazkirquality)

print (sumsary(£it))

% Conducs. Tukey's, post s test shen the AN result 1 Sienificant to Lentify which sessons iffec,
1F{sumary (F10)[[11][1,Pr(>F) "1<0.05)(

at("\npost e Testin’)

print (Tukey#SD(£it))

)

%4 bosplar ix usad because 3% clearly conpares the SiStribution, spresd and Median GERIE COICETtrEtion SGTOSE SERIOTS
P5 < geplot (AirQuaiity,

3e5(Season,Ozone, FiT1=Seasom) )+

son_boxglot (outler. alphs=. )+

thene_mininal()+

thene(1egend. positions"none")+

Tabs(£itlex"Seasonsl Gzone Distribution”)

gsave("Plots/0zone Sesson Boxplot.png”,p5,widthss, eight=6,dpl:
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INTERPRETATION

Honthly ozone concentrations showed clear seasonal fluctuations but no strong long-term upward or downward trend.
Monthly nitrogen dioxide concentrations generally declined over the monitoring period with noticeable seasonal peaks.

Ozone showed a weak positive relationship with wind speed, indicating higher ozone concentrations at higher wind speeds.

Ozone had a moderate negative correlation with nitrogen dioxide (r = -.49), while PMI® and PH2.5 showed a strong positive correlation ( = 6.61).
The t-test found significantly higher ozone concentrations under high wind speed conditions (p < 0.661).

ANOVA showed significant seasonal differences in ozone concentrations, with Spring generally recording the highest levels (p < ©.001).
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