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[bookmark: _Toc223533069]Task 1.1: Data Import and Initial Data Exploration
This analysis was performed on the AirQualityUCI dataset that is downloaded at the UCI Machine Learning Repository. This record is a combination of air pollutant samples per hour which are monitored by chemical sensors and reference analysers and a few meteorological measurements. Such indicators of pollutants are carbon monoxide (CO), nitrogen oxides (NOx), nitrogen dioxide (NO 2), and benzene (C 6 H 6 ). The pollutants are frequently present in studies of environmental air quality as they are linked with vehicle emissions, industrial operations, and combustion processes (Kazi, Filip and Kazi, 2023). 
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Figure 1: Data Import 
(Source: Obtained from RStudio)
The significance of these environmental factors is that they can determine the distribution, growth, and transformation of the pollutants within the atmosphere. 
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Figure 2: Data Import and Initial Data Exploration
(Source: Obtained from RStudio)
R programming language was used to load the data using readxl package read_excel() function. It was then imported into a data frame named AirQuality which was used as the primary dataset in the analysis. Preliminary analysis of the data was conducted to gain knowledge of the formatting, as well as the variables (Pham and Nguyen, 2024). The initial few rows of the dataset were shown by using head() function in order to make sure that the data was imported. The names of all the variables were determined using the colnames() function and the type of data of each variable were examined using the str() function.
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Figure 3: Data Summary 
(Source: Obtained from RStudio)
This dataset has 9,357 observations and 15 variables, hourly measurements of some period of observation. The descriptive statistics that were created to help us understand the distribution of each variable was done through the summary() function. During the data exploration phase, it was observed that some of the variables had a value of -200 which is a missing value. 
[bookmark: _Toc223533070]Task 1.2: Exploratory Data Visualisation
The required step in data analysis is Exploratory Data Analysis (EDA) because it assists a researcher to visualize the first impressions of data, pinpoint patterns, and possible failures with the purpose that further important statistical processing is performed. Environmental research studies can be especially subjected to visualisation since the rates of air pollution are usually time-dependent and are affected by the meteorological factors. Complex data are easier to interpret through a graphical representation, and with their assistance, it is possible to identify the relationship between environmental variables (Gupta et al., 2023). R also possesses a set of visualisation tools that were applied in this analysis to investigate the AirQuality dataset such as time-series plots, scatterplots, and boxplots.
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Figure 4: Carbon monoxide concentration over time 
(Source: Obtained from RStudio)
To examine the tendencies in the pollutant’s levels with time, time-series plots were built. Specifically, carbon monoxide (CO) and nitrogen dioxide (NO 2) are considered to be two key pollutants because they are widely recognized as the indicators of air pollution in cities. The time-series plots represented the changes of the pollutant levels during the observation period, and these changes were apparent to be high and low. 
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Figure 5: Nitrogen dioxide concentration over time
(Source: Obtained from RStudio)
Scatterplots were used to examine relationship between pollutants and meteorological variables. As an example, a scatterplot of nitrogen dioxide (NO 2 ) and relative humidity (RH) revealed that humidity could be one of the causes of pollutant concentration, but not absolutely linear (Badeenezhad et al., 2023). Boxplots were also used in the distribution of NO 2 concentrations to the seasonal groups, and dissimilarities of the amount of pollutants in the seasons were observed. 
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Figure 6: Relationship Between Humidity and NO2
(Source: Obtained from RStudio)
[bookmark: _Toc223533071]Task 1.3: Correlation Analysis Between Pollutants
Another statistical process of estimating the strength and direction of association between two or more variables is the correlation analysis. The analysis of environmental data also uses the correlation analysis to determine the relationship which may exist between different pollutants and other pollutants. The vehicles, industry, or combustion are generally similar sources of pollutant emission. 
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Figure 7: Correlation Heat Map 
(Source: Obtained from RStudio)
This analysis used correlation analysis to examine the relationships among some of the key pollutants in the AirQuality dataset. The pollutants that would be analyzed included carbon monoxide (CO(GT)), nitrogen oxide (NOx(GT)) with nitrogen dioxide (NO 2(GT)) and benzene (C6H6(GT)). These variables are major air pollutants which are normally attributed to traffic emissions and industrial activities. In the event that these variables are examined together, there is the likelihood of establishing whether these variables exhibit similar patterns of fluctuation.
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Figure 8: Correlation Matrix
(Source: Obtained from RStudio)
The correlation coefficients of these pollutants were calculated using cor () function in R. This correlation matrix will provide a numerical impression of the relationship between all pairs of variables (Kang et al., 2022). The values are in the range of -1 to + 1 with values closer to +1 depicting a strong positive relationship, closer to -1 depicting strong negative relationship and closer to zero depicting little or no relation.
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Figure 9: Relationship between Nox and NO2
(Source: Obtained from RStudio)
The analysis result found that several variables of pollutants were strongly positively related. As an example, carbon monoxide (CO) and benzene (C6H6) were observed to have a strong positive correlation with a correlation of approximately 0.97. Similarly, the correlation of CO and NOx was 0.95. The pollutants also exhibited positive associations with nitrogen dioxide (NO 2) but the association was a bit lower as compared to the rest. These correlations demonstrate that the pollutants may use the same source of emission, particularly, the processes related to combustion, and, specifically, vehicle traffic (Zhang and Li, 2022).
Graphical means were once again used to visualise these relationships in conjunction with numerical correlation matrix. The correlation heatmap with the colour gradients displayed the strength of the correlations between the variables. Using this visualisation, one is able to identify strong/weak relationships between pollutants easily. Furthermore, the scatterplots were drawn to show the relationships between the selected pairs of pollutants such as NOx and NO 2 (Asha et al., 2022). These scatter plots are a good evidence that as one of the pollutants increases, then probably the other would increase.
[bookmark: _Toc223533072]Task 1.4: Hypothesis Testing of Pollutant Levels 
Hypothesis testing is an important statistical process which is used to determine whether the observed differences in a particular dataset are meaningful or an accidental event. Hypothesis testing can also help in the analysis of environmental data to establish the influence of the environmental conditions on the concentration of pollutants. This study employed hypothesis testing to define the fact that carbon monoxide (CO) concentrations differ significantly under different temperature conditions (Yu et al., 2022).
[image: ]
Figure 10: Hypothesis Testing
(Source: Obtained from RStudio)
Carbon monoxide (CO(GT)) was the pollutant variable in the analysis because it is one of the leading pollutant substances in the atmosphere that is generally associated with the combustion process such as in automobiles and industry. Temperature was chosen as an environmental factor of comparison because the atmospheric temperature can influence the dispersion of the pollutants, atmospheric chemical reactions, and the behaviour of the emissions. To carry out this analysis, the dataset was split into two groups based on temperature values, high and low temperature (Aserkar et al., 2024). This classification was achieved by comparing all the temperature readings to the average temperature of the data. The readings that were greater than the median temperature were taken as High Temperature, and those whose temperature was less than the median were taken as Low Temperature.
The following were the test statistics hypotheses. The null hypothesis (H₀) was: No significant difference exists in the amount of carbon monoxide at high temperature and that at low temperatures. The other hypothesis (H₁) was that there is a significant difference in the levels of carbon monoxide between the two temperature groups.
A Welch two-sample t-test was used to demonstrate the difference in values of the means of the CO levels of the groups using the t.test() function of R. The results showed that t-value 8.07 and p-value 2.45 x 10 -5 is significantly below 0.05 which is the level of significance. In this way, the null hypothesis was rejected (Ren, Hao and Wu, 2023). The results indicate that the differences between the concentrations of the CO during the high- and low-temperature conditions are statistically significant.
[bookmark: _Toc223533073]Task 1.5: Seasonal Group Comparison of Pollutant Levels 
Seasonal variations can bring a tremendous effect on air pollutants concentrations due to the variation in weather, atmospheric chemistry and human activity. To give an example, the temperature, the power of the sun, and the stability of the atmosphere can vary across seasons and thus affect the creation and dispersion of pollutants (Lan et al., 2022). The group comparison analysis was carried out to examine the seasonal changes in air pollution using nitrogen dioxide (NO 2(GT)).
[image: ]
Figure 11: Seasonal variations using Box Plot
(Source: Obtained from RStudio)
To carry out the analysis, the dataset was firstly divided into four seasons which were Winter, Spring, Summer and Autumn. This was grouped based on the month of date element in the dataset. December, January and February were Winter; March, April and May Spring; June, July and August Summer and September, October and November Autumn. The creation of these seasonal classes allowed the grouping of such pollutant data and their comparison at different times of the year.
Analysis of variability (ANOVA) was used to statistically examine the difference in the quantity of nitrogen dioxide at various times of the year (Abdul Jabbar et al., 2022). ANOVA is a test of statistics that is appropriate when comparing more than two means of a variable. This analysis used ANOVA to determine whether the mean NO 2 concentration between the four categories of seasons is significantly different.s.
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Figure 12: Summary of Anova Test
(Source: Obtained from RStudio)
The hypotheses of the ANOVA test were as follows.
Null hypothesis (H₀): There is no significant difference in the levels of nitrogen dioxide NO₂) in the different seasons.
Alternative hypothesis (H₀): The mean NO₂ concentration is significantly different in at least one season to the other.
The ggplot2 package in R that provided a graphical and simple to understand visual representation of the distribution of the data including the median, quartiles, and potential outliers was used to draw boxplots of the distribution of the pollutant values by season (Lavigne et al., 2023). The visualization of the differences between the pollutant levels of the season groups can be visualized with the visual comparison of the BOXplot of the seasons.
The ANOVA test gave a F-statistic of 8.425 and p-value of 0.0038. The null hypothesis is not accepted, as the p-value is lower than the level of significance of 0.05 (Nawaz et al., 2023). The above implies that the concentration of nitrogen dioxide varies greatly across seasons.
[bookmark: _Toc223533074]Task 1.6: Code Structure and Programming Approach 
The R script that was created to carry out this analysis has been written in a manner that is simple to read and comprehend. It is crucial in data analysis that the code is written in an easy to understand form and with clear comments as it will allow other users to follow the reasoning behind the analysis and reproduce the results. Between the code, this script had comments to explain each step of the process, including importing the data, cleaning the data, visualisation, and statistical analysis (Chen et al., 2023). The script has been built in accordance with rational sections of assignment that fit every task, and this increases ease of reading and understanding of workflow. Also, the whitespace was used correctly, even formatting was utilized to distinguish different stages of the analysis and make the overall layout of the code even more appropriate.
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[bookmark: _Toc223533076]Reflective Summary
Visualisations
This project involved using different types of visualisation to explore and study the AirQuality data. The role of visualisation in my analysis was substantial because it helped me identify patterns and relationships in the data that could not be immediately obvious through numerical statistics (Boogaard et al., 2022). The main visualisation tools that I used were time-series plots, scatterplots, and boxplots. Each of these visualisation methods served a different purpose in studying the data.
Firstly, I started by using time-series plots to explore the variation of pollutant concentrations by time. These two pollutants I have selected to be the carbon monoxide (CO) and nitrogen dioxide (NO 2 ) because they are the popular measure of air pollution. When I plotted these pollutants/data versus the date time variable, I could see the change in the level of pollutants in the dataset. These visualisations helped me to understand how the degree of pollution was varying over time and when the amount of pollutants increased or decreased. Time-series visualisation is particularly beneficial in environmental-related data sets, and the level of air pollution may change every hour or day depending on the traffic, industrial activity, and weather (Polcyn et al., 2023).
In addition to time-series plots, I plotted pollutant-meteorological variables with scatterplots. To provide an example, I created a scatterplot to investigate the relationship between nitrogen dioxide (NO 2 ) and relative humidity (RH). Scatterplots can be used to illustrate potential relationships between two continuous variables (Hanif et al., 2022). According to the plot, I observed that the concentrations of NO 2 varied under different humidity conditions suggesting that the degree of meteorological conditions may influence the degree of air pollution.
The distribution of the pollutants across seasonal groups was also compared using Boxplots. Boxplots helped me to visualize the median values of the level of nitrogen dioxide, variability and potential outliers in different seasons. This visualisation also made me understand why the concentrations of pollutants can vary in various seasons of the year (Liang et al., 2023).
Challenges and Things Learned
There were several challenges that I had encountered in this analysis particularly in data preparation stage. Missing values in the dataset were amongst the main challenges. The AirQuality data set also used -200 as missing data instead of NA as regular NA. To start with, it caused issues with statistical analysis because these values were not indicative of summary statistics and associations (Ullah et al., 2023). To overcome this problem, I transformed all -200 figures into NA figures and undertook data cleaning procedures to remove incomplete rows. This shift ensured that it examined only good observations.
The other problem was the problem with the date and time variables. The individual Date and Time variables were also present in the dataset, yet they needed to be combined into a single time-series variable and, thus, the time-series analysis became feasible (Zhang et al., 2022). To ensure that the date and time information was assembled with the right tools with the R functions, converting these variables into the right format required a substantial amount of planning.
The correct selection of statistical tests was also a part of the analysis. As an example, I used a two-sample Welch t -test to compare the concentrations of carbon monoxide in high-temperature and low-temperature conditions. The number of groups to be compared, as well as the nature of the variables, had to be considered in order to select the correct statistical method (Manzhula, 2023).
During this process, I was better able to understand the data cleaning, statistical analysis, and data visualisation in R. I also managed to spend some practical time with different packages such as tidyverse, corrplot and lubridate to manage and analyse the environmental data.
Improvements for Future Work
Although the analysis proved to be beneficial in the context of the insight into the AirQuality data, there are certain areas that could be enhanced in future studies. Higher-order statistical techniques may be viewed as one of the potential enhancements that would assist in understanding the relationships between pollutants and meteorological factors better (Hoffman, Filak and Jasiński, 2022). As an example, the impact of temperature, humidity, and other environmental factors on pollutants concentrations may be estimated by regression analysis.
The other area of improvement would involve the use of more visualisation techniques. Interactive visualisation applications such as dashboards created in Plotly or R Shiny could allow users to interactively explore the trends of pollution. These tools would enable the filtering based on the type of pollutant, the time of the day, or the environmental conditions (Tang et al., 2022).
Future studies could also rely on machine learning methods to foretell the degree of air pollution. It can be modeled using algorithms such as random forests or gradient boosting to examine the connection between the environment variables and concentrations of pollutants. In addition, it might employ time-series forecasting to predict future trends of pollution using past data (Yacour and El Ghini, 2024).
Such high-level techniques and broader scope of the study would allow future researches to add a deeper insight to the organs of air quality and would provide more benefits to effective environmental management and pollution control measures.
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## Task 1.1 - Import Dataset and Basic Exploration
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