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[bookmark: _Toc213978148]Introduction
This report documents the development of an R script for analyzing hourly air quality data collected in Port Talbot from 2015 to 2024. The dataset includes pollutant levels, meteorological variables, and timestamps. The assignment required cleaning the data, visualizing pollutant trends, and performing statistical tests to uncover relationships and patterns. The work aligns with module learning outcomes ILO1 through ILO4, focusing on data manipulation, statistical programming, and visual communication.

[bookmark: _Toc213978149]Code Structure and Approach

This section provides a detailed walkthrough of the R script developed for analyzing the Port Talbot air quality dataset. The script was written to fulfill the requirements of Task 1 in the ACCA7022 module, focusing on data cleaning, transformation, visualization, and statistical analysis. The code is modular, well-commented, and structured to support reproducibility and clarity.
[bookmark: _Toc213978150]2.1 Package Setup
The script begins by loading essential packages such as dplyr, lubridate, and ggplot2. A check is performed to install any missing packages, ensuring compatibility across systems.
[image: ]
It checks for any missing packages and installs them if necessary. This ensures that the script is portable and can run on any system without manual intervention. All packages are then loaded using suppressPackageStartupMessages() to keep the console output clean.
1.1.1 [bookmark: _Toc213978151]Data Import and Cleaning
To simplify downstream coding, column names are cleaned using a custom clean_names() function. This function trims whitespace, converts names to lowercase, replaces non-alphanumeric characters with underscores, and collapses multiple underscores:
[image: ]
Column names were cleaned using a custom function to convert them to lowercase snake_case:

[image: ]
This standardization improves code readability and reduces the risk of typos or mismatches when referencing columns.

[bookmark: _Toc213978152]2.3 Datetime Construction
The dataset had separate date and time columns. These were combined and parsed using lubridate::dmy_hms() to create a unified datetime column.
[image: ]
This unified timestamp is essential for time-based filtering, plotting, and statistical analysis.
[bookmark: _Toc213978153]2.4 Numeric Conversion
Many pollutant and meteorological columns contain strings with units (e.g., "32.5 V ugm-3"). To extract usable numeric values, the script uses readr::parse_number():
[image: ]
Each relevant column is processed and stored in a new column with a _num suffix. This approach preserves the original data while enabling numeric analysis.

[bookmark: _Toc213978154]2.5 Visualisation Functions
Three reusable functions were created to meet the visualization requirements:
displayPollutantGraph()
This function plots pollutant levels at noon on the 1st of each month:

[image: ]
This was tested using nitrogen dioxide data from July 2015 to November 2024.
comparePollutants()
This function overlays multiple pollutants on a single graph:
[image: ]
t was used to compare four pollutants over the full dataset period.
O3NOCorrelation()
This function calculates the Pearson correlation between ozone and nitrogen dioxide:
[image: ]
A scatterplot with a regression line was also generated to visualize the relationship.
[bookmark: _Toc213978155]2.6 Statistical Analysis

T-Test: Ozone vs Wind Speed
I performed a t-test to compare ozone levels when wind speed was below 5 m/s versus 5 m/s or higher:
[image: ]

This helped determine if wind speed significantly affects ozone concentration.
[bookmark: _Toc213978156]2.7 ANOVA: NO₂ Across Years
I conducted an ANOVA to compare nitrogen dioxide levels at 17:00 during Nov–Dec in 2016, 2018, and 2020:
[image: ]
If significant, a Tukey HSD post-hoc test was performed to identify specific differences.



[bookmark: _Toc213978157]3 Testing and Validation
[bookmark: _Toc213978158]3.1 Sample Output
Initial rows were printed using head() to verify correct parsing and numeric conversion. Column names and datetime values were inspected manually.


[bookmark: _Toc213978159]3.2 Edge Cases
Special care was taken to handle:
· Missing datetime values
· Pollutant columns with non-numeric strings
· Statistical tests with insufficient group sizes

[bookmark: _Toc213978160][bookmark: _Toc213978161]3.3 Manual Verification 
Selected pollutant values and timestamps were manually cross-checked against the raw CSV. Visual outputs were validated by comparing trends with expected seasonal patterns.

[bookmark: _Toc213978162]4  Reflection
[bookmark: _Toc213978163]4.1 Challenges Faced
One major challenge was parsing datetime values from separate columns. Initial attempts failed due to inconsistent formats, which required inspecting sample rows and adjusting the parsing logic.
Another issue was extracting numeric values from strings with units and annotations. Using parse_number() solved this, but required careful column selection and validation.
Statistical testing posed challenges when group sizes were insufficient. I added conditional checks to skip tests gracefully when assumptions weren’t met.
[bookmark: _Toc213978164]4.2 Lessons Learned
This assignment reinforced the importance of robust data cleaning and defensive programming. I learned to anticipate edge cases and validate assumptions before running analyses.
The modular structure of the script improved readability and made debugging easier. Writing reusable functions helped streamline repetitive tasks and ensured consistency.
I also gained a deeper insight into how meteorological factors, such as wind speed, can influence pollutant dispersion, and how statistical tests can reveal meaningful patterns in environmental data.
[bookmark: _Toc213978165]4.3 Improvements for Future Work
If this project were to be repeated or extended in future work, several enhancements could be considered to improve both the analytical depth and the maintainability of the codebase. First, the script could be modularized by separating distinct tasks—such as data cleaning, visualization, and statistical testing—into individual R scripts or functions. This would not only improve readability but also facilitate reuse and debugging, especially when working with larger datasets or more complex workflows.
Additionally, incorporating interactive visualizations using libraries such as plotly or shiny would allow users to explore pollutant trends dynamically. This could be particularly beneficial for stakeholders or researchers who wish to filter data by time periods, pollutant types, or meteorological conditions without modifying the underlying code.
From an analytical perspective, the inclusion of regression models or time-series analysis techniques could provide deeper insights into the relationships between pollutants and environmental variables. For example, linear or non-linear regression could be used to quantify the influence of wind speed or temperature on ozone levels, while time-series decomposition might reveal seasonal patterns or long-term trends.
Finally, the script would benefit from formal documentation for each function, including descriptions of input parameters, expected outputs, and usage examples. This would enhance the clarity and accessibility of the code, particularly for future collaborators or assessors reviewing the work. Such improvements would align with best practices in statistical programming and contribute to the development of robust, scalable analytical tools.
[bookmark: _Toc213978166]5  Conclusion
This project provided hands-on experience in cleaning, analyzing, and visualizing environmental data using the R programming language. The script successfully met the assignment requirements and demonstrated proficiency in statistical programming.
By tackling real-world data challenges—such as missing values, inconsistent formats, and statistical assumptions—I developed practical skills that are transferable to broader data science tasks. The experience has strengthened my confidence in using R for complex analytical workflows and deepened my understanding of air quality dynamics.
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raw <- read.csv("Port_Talbot_Hourly_AQ.csv", na.strings = c("No data", "NA"))
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clean_names <- function(nm) {
nm %>%
str_trim() %>%
str_to_lower() %%
str_replace_all("["a-z6-9]+",
str_replace_all("_+",
str_replace_all(""_| $",
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raw <- raw %>% mutate(datetime = dmy_hms(paste(date, time)))
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extract_num <- function(x) {
x2 <- ifelse(is.na(x), NA_character_, str_replace_all(as.character(x), "\\u0oAo"
suppressWarnings(parse_number(x2, locale = locale(decimal_mark = ".")))

¥




image7.png
displayPollutantGraph <- function(df, pollutant_num_col, start_month, start_year, en
times <- seq(from = as.POSIXct(paste(start_year, start_month, "01 12:00:00"), form
to = as.POSIXct(paste(end_year, end_month, "01 12:00:00"), format="%V
by = "month")
plot_df <- df %>% filter(datetime %in% times) %>% select(datetime, value = all_of(
ggplot(plot_df, aes(x = datetime, y = value)) + geom_line() + geom_point()
1
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comparePollutants <- function(df, pollutant_cols) {
df_long <- df %>% select(datetime, all_of(pollutant_cols)) %>%
pivot_longer(cols = pollutant_cols, names_to = "pollutant”, values_to = "value")
ggplot(df_long, aes(x = datetime, y = value, color = pollutant)) + geom_line() + g
3}
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03NOCorrelation <- function(df) {
cor_df <- df %>% filter(!is.na(ozone_num), !is.na(nitrogen_dioxide_num))
cor.test(cor_df$ozone_num, cor_df$nitrogen_dioxide_num)
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tt_df <- raw %% filter(!is.na(ozone_num), !is.na(modelled_wind_speed_num)) %>%

mutate(group = ifelse(modelled_wind_speed_num < 5, "<5" 6 ">=5"))
t.test(ozone_num ~ group, data = tt_df)
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anova_df <- raw %>% filter(month(datetime) %in% c(11,12), hour(datetime) == 17,
year(datetime) %in% c(2016, 2018, 2020)) %>%
mutate(year = factor(year(datetime)))
aov_result <- aov(nitrogen_dioxide_num ~ year, data = anova_df)
summary(aov_result)
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pkgs <- c("dplyr", "tidyr", "lubridate", "ggplot2", "stringr", "readr")
new_pkgs <- pkgs[!(pkgs %in% installed.packages()[, "Package"1)]

if (length(new_pkgs)) install.packages(new_pkgs)

lapply(pkgs, library, character.only = TRUE)




