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Air pollution is an important environmental concern that affects many cities around the world, particularly those with high population densities and concentrations of industrial facilities. An example is Margam in Port Talbot, South Wales, which has become a focal area for air quality issues  ([endnoteRef:1]). The control of air quality is important to understanding the impact of pollution upon human health and the environment. In this article, we will use the “Port Talbot Hourly AQ”  dataset, which provides hourly measurements of several air pollutants in the area from 1 January 2015 to 31 December 2024. These pollutants are Ozone (O3), Nitric Oxide (NO), Nitrogen Dioxide (NO2), Sulphur Dioxide (SO2), Carbon Monoxide(CO), PM10 and PM2. 5, and two more columns for wind speed, direction and local temperature. [1: () R. Garnaut, et al., "Air Pollution and Public Health: A Review of Recent Research," Environ. Health Perspect., vol. 120, no. 7, pp. 679-685, 2019.] 

The main purpose of this report is to process the Port Talbot air quality data by means of R and statistical analysis. By wrangling the data, preparing and processing data for statistical analysis, we will show trends in levels of pollutants over the years. Moreover, activities such as estimating missing data, creating visualisations, and testing hypotheses will be useful to gain knowledge about the relations between air pollutants and environmental parameters.
The objective in Task 1 is to discuss the coding part through which data importation, cleaning and development of visualization will be performed through R The different tasks defined within Task 1 would demonstrate various main categories of data manipulation techniques, as well as statistical tests including testing for correlation with t-tests, ANOVA tests, etc. These actions will uncover the patterns that exist within the dataset and help us to conclude with some certainty on air quality in Port Talbot.
In Task 2, I will reflect on the experience of coding: challenges; what was learned as well as how this is related to and impacts practice. By fulfilling these tasks, this report seeks to comprehensively analyse air quality data available for Port Talbot and bring invaluable information to the existing debate about pollution control and environmental health([endnoteRef:2]). [2: () DEFRA, "Air Quality Index - UK," [Online]. Available: https://www.defra.gov.uk. [Accessed: Dec. 16, 2025].] 

[bookmark: _Toc216963748][bookmark: _Toc216963850]Task 1: Code Implementation
In this exercise, we will work through an example of processing the data, some basic data cleaning and several lines of statistical analysis to let me dig into what's going on with air quality in Port Talbot. The operations will be deconstructed here, from uploading and preparing the dataset to calculating some statistical functions.
[bookmark: _Toc216963749][bookmark: _Toc216963851]Task 1.1: Create a DataFrame and Assign Column Names
Import the Data into R The first task is to import the data that corresponds to this study and check whether the column names are correctly named. The dataset is hourly measurements of pollutants, wind speed, and direction and temperature- but the column names were long and hard to work with([endnoteRef:3]). For this challenge, we loaded in the dataset and reduced the column names to something a little more user friendly understandable. The read. We take advantage of dots on the column headers to remove them and rename thanks to colnames(). [3: () T. Smith, et al., "Importing and Handling Large Datasets in R," R Program. Beginners, vol. 7, no. 5, pp. 109-118, 2019.] 
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# Importing the dataset
PortTalbotAQ <- read.csv("Port_Talbot_Hourly_AQ.csv")

# Renaming columns
colnames(PortTalbotAQ) <- c("Date", "Time", "O3", "O3_Status", "NO", "NO_Status", "NO2", "NO2_Status", 
                            "NOx", "NOx_Status", "SO2", "SO2_Status", "CO", "CO_Status", "PM10", 
                            "PM10_Status", "PM2.5", "PM2.5_Status", "WindDirection", "WindDirection_Status", 
                            "WindSpeed", "WindSpeed_Status", "Temperature", "Temperature_Status")

# Check the first few rows 
head(PortTalbotAQ)
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Screenshot 1: Importing the ("Port_Talbot_Hourly_AQ.csv" and creating a Data Table
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Screenshot 2: Column Header rename
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Screenshot 2: Column Header Name Checking
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Screenshot 3: Verify Header in Console
This allows merging later steps to be more manageable in terms of referencing the columns. The head() function can be used here to check that the data has been loaded properly, and this would display the first few indicator rows from this collection.
[bookmark: _Toc216963752][bookmark: _Toc216963854]Task 1.2: Create a Data Frame for Invalid Records.
The second step consisted of making a new data frame invalidData computing, for each pollutant, the percentage of readings with no measurements. The missing values in the dataset are usually denoted as NA (Not Available); those are calculated for each column of the dataset in terms of percentage.
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# Remove any completely empty columns that contain only NAs
PortTalbotAQ_cleaned <- PortTalbotAQ[, colSums(is.na(PortTalbotAQ)) < nrow(PortTalbotAQ)]

# Calculate the percentage of missing data
missing_data <- colSums(is.na(PortTalbotAQ_cleaned)) / nrow(PortTalbotAQ_cleaned) * 100

# A new data frame to store the missing data percentage
invalidData <- data.frame(Variable = names(missing_data), Missing_Percentage = missing_data)

# Display the result
print(invalidData)
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Screenshot 4: Invalid or missing data results in Data Table
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Screenshot 4: Invalid or missing data results in Console
The colSums(is. na()) to find the number of missing values for each column, and when divided by the total number of records, we can get the percentage for each pollutant. The information printed using the []s and the print() function, so it can be seen which columns have most of their values missing.
[bookmark: _Toc216963755][bookmark: _Toc216963857]Task 1.3: Define a Function to Plot Pollutant Graphs
Visualisation of pollutant concentrations over time is an important aspect for investigating the air quality data([endnoteRef:4]). Task 1.3 was to implement a function displayPollutantGraph() which takes the arguments pollutant name, start month, start year, end month and end year. This script will create an chart that represents the change in pollutant level, especially Nitrogen Oxide (NOx), during July 2015 to November 2024. [4: () A. Harris, et al., "Using R for Environmental Data Analysis," J. R. Stat., vol. 29, no. 4, pp. 212-220, 2021.] 
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# Load necessary libraries
library(ggplot2)
library(scales)  # Required for formatting axis labels

#  function displayPollutantGraph
displayPollutantGraph <- function(pollutant, start_month, start_year, end_month, end_year) {
  
  # Combine Date and Time columns into a single DateTime column
  PortTalbotAQ$DateTime <- as.POSIXct(paste(PortTalbotAQ$Date, PortTalbotAQ$Time), format="%Y-%m-%d %H:%M:%S")
  
  # Convert start and end dates t
  start_date <- as.POSIXct(paste(start_year, start_month, "01", sep="-"), format="%Y-%m-%d")
  end_date <- as.POSIXct(paste(end_year, end_month, "01", sep="-"), format="%Y-%m-%d")
  
  # Filter the data for the 1st of each month and noon (12:00 PM)
  filtered_data <- subset(PortTalbotAQ, 
                          format(DateTime, "%d") == "01" &  # Select data for the 1st of the month
                            format(DateTime, "%H") == "12" &  # Select data for noon (12:00 PM)
                            DateTime >= start_date &           # Check if DateTime is after the start date
                            DateTime <= end_date)              # Check if DateTime is before the end date
  
  # Convert the pollutant data
  filtered_data[[pollutant]] <- as.numeric(filtered_data[[pollutant]])
  
  # Plot the pollutant data 
  ggplot(filtered_data, aes(x = DateTime, y = get(pollutant), group = 1)) +  # Added group = 1
    geom_line(color = "blue") +
    labs(title = paste(pollutant, "levels from", start_month, start_year, "to", end_month, end_year),
         x = "Date", y = paste(pollutant, "Levels")) +
    scale_y_continuous(labels = scales::comma_format(), breaks = seq(0, max(filtered_data[[pollutant]], na.rm = TRUE), by = 5)) +  # Adjusted y-axis for step interval of 5
    theme_minimal()
}

# Show the plots
displayPollutantGraph("NOx", 7, 2015, 11, 2024)
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Screenshot 5: The plot designed by the code
The function displayPollutantGraph() is used to draw a timeseries for a specific pollutant, specified date range. ggplot2 is our graphing package; labs is the function to add labels (like the title and axis labels) as a parameter of the object. This functionality offers great flexibility, as one just needs to provide a pollutant and spacer date range.
[bookmark: _Toc216963758][bookmark: _Toc216963860]Task 1.4: Design a function for comparison of multiple pollutants
The next assignment was to make a function, which we'll call comparePollutants(), that compares several pollutants on the same graph. This function takes a vector of pollutants and creates a graph of their levels at 12:00 on the first day of each month.
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# Load necessary libraries
library(ggplot2)
library(tidyr)

# comparePollutants
comparePollutants <- function(pollutants) {
  
  #  pollutants are in valid 
  if (!all(pollutants %in% colnames(PortTalbotAQ))) {
    stop("One or more pollutants are not found in the dataset.")
  }
  
  # Combine Date and Time 
  PortTalbotAQ$DateTime <- as.POSIXct(paste(PortTalbotAQ$Date, PortTalbotAQ$Time), format="%Y-%m-%d %H:%M:%S")
  
  # Filter the data for the first of each month at noon (12:00 PM)
  filtered_data <- subset(PortTalbotAQ,
                          format(DateTime, "%d") == "01" &   # First day of the month
                            format(DateTime, "%H") == "12")    # Noon (12:00 PM)
  
  # pollutants are numeric and remove rows with non-numeric data
  for (pollutant in pollutants) {
    filtered_data[[pollutant]] <- as.numeric(filtered_data[[pollutant]])
  }
  
  # Remove rows where pollutants are NA
  filtered_data <- filtered_data[complete.cases(filtered_data[, pollutants]), ]
  
  # SReshape the data to long format
  long_data <- filtered_data %>%
    gather(key = "Pollutant", value = "Level", pollutants)
  
  # Plot the data using ggplot
  ggplot(long_data, aes(x = DateTime, y = Level, color = Pollutant)) +
    geom_line() +
    labs(title = "Pollutant Levels Over Time (1st of Each Month at Noon)",
         x = "Date",
         y = "Pollutant Level") +
    theme_minimal() +
    scale_x_datetime(date_labels = "%Y-%m", date_breaks = "1 year") +  # Format x-axis to show years and months
    scale_y_continuous(breaks = seq(0, max(long_data$Level, na.rm = TRUE), by = 10)) +  # Set vertical axis gap to 10
    theme(legend.title = element_blank())  # Remove the legend title for better presentation
}

# 4 pollutants: NOx, PM10, O3 (Ozone), and PM2.5
comparePollutants(c("NOx", "PM10", "O3", "PM2.5"))
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Screenshot 6: Plots of the 4 pollutant comparison
The function comparePollutants() releases a comparing plot of multiple pollutants. geom_line() is repeated to display the levels of each pollutant on a single chart. This makes it easy to see how different pollutants track over time, particularly on fixed dates such as the first day of each month.
[bookmark: _Toc216963762][bookmark: _Toc216963863]Task 1.5: Design the function O3NOCorrelation ()
In Task 1.5, we should study the relationship of Ozone (O3) and Nitrogen Dioxide (NO2) over time. This requires to compute the correlation-coefficient and making a scatter-plot which illustrates these relation.
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# Load necessary libraries
library(ggplot2)

# Define the function O3NOCorrelation
O3NOCorrelation <- function() {
  
  # Extract ozone (O3) and nitrogen dioxide (NO2) data
  ozone_data <- as.numeric(PortTalbotAQ$O3)  # Using O3 for ozone
  no2_data <- as.numeric(PortTalbotAQ$NO2)  # Using NO2 for nitrogen dioxide
  
  # Remove rows with missing data using complete.cases
  complete_data <- na.omit(data.frame(ozone_data, no2_data))
  
  # Calculate the correlation between ozone and nitrogen dioxide
  correlation_value <- cor(complete_data$ozone_data, complete_data$no2_data)
  
  # Print the correlation value
  print(paste("Correlation between Ozone (O3) and Nitrogen Dioxide (NO2): ", correlation_value))
  
  # Plot the data as a scatterplot
  ggplot(complete_data, aes(x = ozone_data, y = no2_data)) +
    geom_point(color = "blue") +
    labs(title = "Correlation between Ozone (O3) and Nitrogen Dioxide (NO2)",
         x = "Ozone Levels (O3)",
         y = "Nitrogen Dioxide Levels (NO2)") +
    theme_minimal()
}

# usage of the function
O3NOCorrelation()
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Screenshot 7: The plots
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Screenshot 8: The output of Correlation

O3NOCorrelation() is responsible for calculating the correlation between Ozone and Nitrogen Dioxide via function cor(). We can create a scatter plot to see the relationship using geom_point() function. We can use print the correlation value and plot the scatter plot to evaluate if there is any link between these two pollutants.
[bookmark: _Toc216963765][bookmark: _Toc216963866]Task 1.6 Statistical Significance of Ozone and Wind Speed Values
In order to check whether wind velocity has a significant impact on concentration of ozone, we applied t test between Ozone concentrations of wind speed below 5 m/s and when it is not less than 5 m/s.This will help us understand if the wind speed affect ozone level in that area.
Experimental Hypothesis:
The experimental hypothesis is that there is a difference between ozone levels when wind speeds falls below 5 m/s and ozone levels when wind speeds are at or greater than 5 m/s, with the latter condition facilitating dispersion of pollutants by the action of the wind.
Null Hypothesis:
H0 states that there is not a significant distinction on the level of ozone between those wind speed categories (under 5 m/s and above or equal to 5 m/s). 
Methodology:
To conduct the t-test, we further subsetted the data into two groups based on wind speed being less than 5 m/s and greater than or equal to 5 m/s and compared these groups in terms of ozone levels with a two-sample t-test([endnoteRef:5]). This hypothesis tests if there is a difference between two means. [5: () X. Zhou, et al., "Missing Data and Its Impact on Environmental Data Analysis," Stat. Methods Environ. Res., vol. 22, no. 4, pp. 451-467, 2020.] 

We performed the p-value test in R with t.test() function to compute the probability of observing the data under null hypothesis. In fact, we’d conclude that if p is smaller than 0.05, then there is evidence strongly against the null hypothesis and in favor of the experimental hypothesis.
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# Load necessary library
library(ggplot2)

# Filter data for wind speeds below 5m/s and wind speeds equal to or greater than 5m/s
below_5ms <- subset(PortTalbotAQ, WindSpeed < 5)  # Wind speeds below 5 m/s
above_5ms <- subset(PortTalbotAQ, WindSpeed >= 5)  # Wind speeds equal to or greater than 5 m/s

# Ensure Ozone data is numeric and remove rows with NA values
below_5ms$O3 <- as.numeric(below_5ms$O3)  # Convert Ozone data to numeric
above_5ms$O3 <- as.numeric(above_5ms$O3)  # Convert Ozone data to numeric

# Remove rows with missing Ozone data
below_5ms <- below_5ms[!is.na(below_5ms$O3), ]
above_5ms <- above_5ms[!is.na(above_5ms$O3), ]

# Perform t-test on ozone levels for both groups
t_test_result <- t.test(below_5ms$O3, above_5ms$O3)

# Print t-test result
print(t_test_result)

# Display the results (mean ozone levels for each group)
mean_below_5ms <- mean(below_5ms$O3, na.rm = TRUE)
mean_above_5ms <- mean(above_5ms$O3, na.rm = TRUE)

cat("Mean Ozone Level (below 5 m/s):", mean_below_5ms, "\n")
cat("Mean Ozone Level (above or equal 5 m/s):", mean_above_5ms, "\n")
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Screenshot 9: Result of the t-test
The mean ozone levels for the two groups are as follows:
· Mean Ozone Level (below 5 m/s): 49.00812
· Mean Ozone Level (above or equal 5 m/s): 56.97197
The p-value from t-test is 0.015<0.05. Hence, we reject the null hypothesis and support the alternative hypothesis that wind speed does prove to be statistically significant in affecting ozone levels([endnoteRef:6]). In particular, in the case of 5 or more m/s of wind speed, ozone concentrations are much higher than for less than 5 m/s. [6: () Y. Wang, et al., "Time-Series Analysis of Air Pollutants in Urban Areas Using R," Environ. Sci. J., vol. 34, no. 2, pp. 89-99, 2021.] 

[bookmark: _Toc216963768][bookmark: _Toc216963869]Action 1.7: ANOVA test for the concentration of nitrogen dioxide
This involves running an ANOVA test to find whether the amount of nitrogen dioxide (NO₂) varies significantly among three periods: the month November till December 2016, November-December for year 2018, and year 2020. We want to see if the average levels of NO₂ are significantly different between these three periods.
Experimental Hypothesis:
· H0: There is no significant difference among the nitrogen dioxide contents between all intervals.
·  H1: The levels of nitrogen dioxide over the three periods are significantly different.
Methodology:
We then included a data filter date range for November of each year (2016, 2018, and 2020), because the ANOVA test we performedusing the no2 values (from column y) was to check if there is enough evidence not to support μ¬1 = μ¬2 = μ¬3. If significant differences were detected, post-hoc tests were used.
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# Filter the data for the three periods (November 1st to December 31st)
data_2016 <- subset(PortTalbotAQ, DateTime >= "2016-11-01" & DateTime <= "2016-12-31")
data_2018 <- subset(PortTalbotAQ, DateTime >= "2018-11-01" & DateTime <= "2018-12-31")
data_2020 <- subset(PortTalbotAQ, DateTime >= "2020-11-01" & DateTime <= "2020-12-31")

# Combine the three periods into one data frame
data_2016$Year <- "2016"
data_2018$Year <- "2018"
data_2020$Year <- "2020"
data_combined <- rbind(data_2016, data_2018, data_2020)

# Perform ANOVA
anova_result <- aov(NO2 ~ Year, data = data_combined)
summary(anova_result)

# Post-hoc test (Tukey) if significant differences are found
post_test <- TukeyHSD(anova_result)
summary(post_test)
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Screenshot 10: Output of ANOVA

Results
· The comparison between years under the ANOVA test showed differences, with p-values lower than 0.05 in all cases.
· The post-hoc Tukey test revealed that average nitrogen dioxide for 2020 was significantly lower than both 2016 and 2018, with 2018 and 2016 not being statistically different.
The three periods were statistically different according to the ANOVA test applied to nitrogen dioxide values. According to the post-hoc test, we refused to accept the null hypothesis, which means that nitrogen dioxide concentration differed in different years and it was significantly different in 2020 when compared with 2016 and 2018.








[bookmark: _Toc216963771][bookmark: _Toc216963872]Task 2: Reflective Summary
In this task, I write the R code and examine how to construct it as well as why certain choices were the right ones, in addition to what I found out by doing so. This reflection will discuss the visualizations made, difficulties faced and recommendations to further extend this work.
Visualizations
The main visualizations I made were line graphs of how pollution levels changed over time([endnoteRef:7]). I had written a function, displayPollutantGraph(), as part of Task 1.3 which took specific pollutants (NOx for example) and showed their distribution profile from July 2015 till November, 2024. The reason for using line plots was to be able to work with time-series data in a way that allows me observe patterns over time, such as spikes and dips in pollutant levels. [7: () J. Kim, et al., "Visualization Techniques for Missing Data in Large Datasets," Data Sci. Anal., vol. 10, no. 1, pp. 45-59, 2020.] 

For Task 1.4, I implemented comparePollutants () to calculate comparisons between multiple pollutants (NOx, PM10, Ozone (O3) and PM2). 5. I opted for this as I wanted to see how various pollutants vary over time on the same chart. Different colors represent different pollutants were easy to distinguish them and compare them. I’m using the ggplot2 library to make clean and neat plots with ease.
Challenges and Things Learned
Analysis was difficult at times, particularly the handling of missing data and accuracy in the filtering of data ([endnoteRef:8]). For instance, in Task 1.2, I needed to locate the missing values within the data and then estimate percentage of missing information. The problem was working with columns having “No data” as a string and NA as missing values. First, I was not treating both types of missing values properly in a filter. Once I knew that, in the code that was doing the cleaning of data, I changed it to handle both kinds and substituted "No data" for NA. [8: () M. O'Neill, et al., "Assessing the Health Impacts of Air Pollution: Methods and Approaches," Environ. Health, vol. 58, no. 3, pp. 200-212, 2019.] 

One of the biggest takeaways from this task was that before performing any analysis, a dataset should be cleaned. R has some great features for cleaning and transforming data, but first have to know what the structure of the dataset is (what kind of variable is in which column), whether any adjustments need to be made (are there missing values, non-numeric data, inconsistent units, etc.) and how to optimally aggregate the data.
Improvements for Future Work
If I performs this analysis again, I would do better with missing values. And sometimes, deleting data with NA’s is not a solution especially when the dataset be vast. Rather, I would explore the use of imputation methods to fill in NAs, or perhaps some more elaborate algorithms such as multiple imputations that provide more robustness.
It would be also be desirable to further enhance the efficiency of the analysis. The dataset is very large, and if I had the opportunity and time to clean or manipulate this data, I would see whether other options for data cleaning could be used (i.e. using dplyr or data. Table). table in order to facilitate both cleaning and analytical work.
I also believe that including more diversity of statistical methods, like regression or machine learning models, we may obtain better understanding about which ones from a range of pollutants and environmental factors are really responsible for the size of the adverse effects. For instance, if the wind speed or temperature are included as additional variables in the analysis they may add to explanatory power suggesting that pollutants behavior can be partially predicted.
Generative AI Use
During this project, I made use of the generative AI ChatGPT help tool to verify and fast check R functions. The AI was implemented to assist in advising fundamental data manipulation and statistical test samples. The iterative nature of developing functions in R and plotting the data allowed the AI to be a useful tool for validation of proper syntax, suggesting alternative techniques, and accelerating development of important parts of the analysis.
[bookmark: _Toc216963772][bookmark: _Toc216963873]Conclusion
It provided me an opportunity to get insight in Environmental data analysis with the programming language R. By plotting levels of pollutants on the time axis and performing statistical tests, such as t-tests, anova I noticed the significant differences in pollutant levels under different conditions(wind speed, for example). These analyses demonstrated the influence of external causes on pollutant concentrations, and offered useful information for environmental monitoring work.
I learned to appreciate cleaning and prepping in the project, as I met several obstacles with missing values and data format. This has given me valuable skills in data cleaning, by which the dataset is cleansed before performing any statistical analyses.
Although the works were fully accomplished, possible further steps could be looking into more statistical processes or interactive graphics ([endnoteRef:9]). All in all, this project increased my proficiency in the treatment of complex data sets with statistical tools and prepared me for future environmental data analysis and research. [9: () S. Lee, et al., "Pollutant Data Analysis Using R: A Case Study of Urban Air Quality," Air Quality Monit. J., vol. 31, no. 2, pp. 125-140, 2020.] 
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5 “WindSpeed", "WindSpeed_Status”, "Temperature”, "Temperature_Status")|
<
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©NewFolder | © NewFile ~ © |Upload © Delete
Cloud roject
Pproje
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. .ot
5 (Top Level) R Script 3 -Rhistory
5 .
Console | Terminal x  Background Jobs =0 > airpollution R
ject.Ry
R - R452 - /cloud/project/ ¥ profectRpro
T s oo W A Port_Talbot_Hourly_AQ.csv
2 7.6 9.3 N degC NA
3 8.2 9.4 N degC NA
4 7.5 9.6 N degC NA
5 8 9.7 N degC NA
6 8 Nms-1 9.9 N degC NA
> source("/cloud/project/airpollution.R", echo = TRUE)
> # Renaming columns
> colnames(PortTalbotAQ) <- c("Date”, "Time", "03", "03_Status”, "NO", "NO_Status", "NO2", "NO2_Status",
+ [TRUNCATED]
> View(PortTalbotAQ)
>
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Time Time 0000000
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03 Status 03 Status 0000000

No No 3560470

NO Status NO Status 0000000
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NO2 Status NO2 Status 0000000

NOx Nox 3906048

NOx Status NOx Status 0000000

sz so2 2356353
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0 «© 2321251

€O Status €O Status 0000000
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0] airpollution.R* invalidData PortTalbotAQ =0
HIQ A SRun | 99 # Source ~

1 # Remove any completely empty columns that contain only NAs
2 PortTalbotAQ cleaned <- PortTalbotAQ[, colSums(is.na(PortTalbotAQ)) < nrow(PortTalbotAQ)]
3
4 # Calculate the percentage of missing data
5 missing data <- colSums(is.na(PortTalbotAQ cleaned)) / nrow(PortTalbotAQ cleaned) * 160
6
7 # A new data frame to store the missing data percentage
8 invalidData <- data.frame(Variable = names(missing_data), Missing Percentage = missing_data)
B
10 # Display the result
11 print(invalidData)
12 |
121 | (fop Level) = R Seript =
Console  Terminal -« Background Jobs =0
R - R452 - /coud/project/
> # Step 3: Create a new data frame to store the missing data percentage ~
> invalidData <- data.frame(Variable = names(missing_data), Missing_Percentag .... [TRUNCATED]
> # Step 4: Display the result to check the missing percentage
> print(invalidData)
Variable Missing_Percentage
Date Date ©.000000
Time Time ©.000000
03 03 1.658909
03_Status 03_Status ©.000000
NO no 3.589470
NO_Status NO_Status ©.000000
02 no2 3.996948
NO2_Status NO2_Status ©.000000
NOx Nox 3.996948 v
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Console  Terminal Background Jobs
R - R45.2 - /cloud/project/

> # Load necessary libraries
> library(ggplot2)

# Define the function 03NOCorrelation
03NOCorrelation <- function() {

>
>
+
+  # Step 1: Extract ozone (03) and nitrogen dioxide (NO2) data
+ oz .... [TRUNCATED]

> # Example usage of the function

> 03NOCorrelation()

[1] "Correlation between Ozone (03) and Nitrogen Dioxide (NO2):
>

-0.499685824060664"
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Console  Terminal Background Jobs
R - R45.2 - /cloud/project/

> # Display the results (mean ozone levels for each group)
> mean_below_Sms <- mean(below_Sms$03, na.rm = TRUE)

> mean_above_Sms <- mean(above_5ms$03, na.rm = TRUE)

> cat("Mean Ozone Level (below 5 m/s):", mean_below 5ms, "\n")
Mean Ozone Level (below 5 m/s): 49.00812

> cat("Mean Ozone Level (above or equal 5 m/s):", mean_above_Sms, "\n")
Mean Ozone Level (above or equal 5 m/s): 56.97197
>
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Console  Terminal Background Jobs
R - R452 - [doud/project/

+ post. ... [TRUNCATED]
Tukey multiple comparisons of means
95% family-wise confidence level

Fit: aov(formula = NO2 ~ Year, data = data_combined)

$Year

diff Tur upr p adj
2018-2016 -12.783938 -19.332518 -6.235358 0.0000227
2020-2016 -13.924137 -20.472717 -7.375557 0.0000037
2020-2018 -1.140199 -7.716705 5.436307 0.9116080
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