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[bookmark: _qnnmz864wukd][bookmark: _Toc224652789]1. Data Import, Structure Inspection and Summary
The first phase of the analysis was to import, structure and summarise the information in an R environment and this is the basis of all other statistics processes. This phase goes hand in hand with ILO1 because it shows the skills that incline one to choose and use the relevant methods of preparing experimental data before proceeding to the analysis.
This data has been imported as AirQuality with the help of the read.csv() function and it is stored in a data frame. The option argument stringsAsFactors = FALSE was specified intentionally to avoid automatism of variables of character to factors so that flexibility could be maintained later in manipulating the data. This choice demonstrates a serious cognition of the effects of default R patterns in the processing of data and the statistical analysis done downstream.
After importation the column names were standardised with make.names(). This was to maintain syntactic validity by eliminating spaces and special characters which may otherwise create errors when calling variables to functions. The prerequisite such preprocessing is especially valuable in the case of a dataset provided by the outside source since naming rules may lack programming practices (Golendukhina and Felderer, 2024).
Additionally, to improve the quality of the data, the columns with only missing values would be eliminated. This was done through filtering of columns on the basis of NA values proportion. 
A combination of functions was then used to examine the structure and integrity of the dataset: str(), head(), dim() and summary(). Profiling of variables was offered by str() and helped to identify anomalies, e.g. numeric variables as character types. The head() command served to give a glance at the initial several rows, making sure that the data was imported successfully and revealing any apparent abnormalities. The dim() function was used to give the number of observations and variables, which would be useful in understanding the size of the dataset and its appropriateness in statistical tests. Lastly, the function = summary also resulted in the creation of descriptive statistics, such as measurements of central tendency and dispersion, that was essential in terms of how overall variables are distributed.
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Fig 1: Data Import, Structure Inspection, and Summary
(Source: Self-Created)
One of the critical concerns that were raised at this phase was that among invalid values, which were represented by the ubiquitous missing data value coded -200, there were some -200 values. These values have been changed in a systematic manner and replaced with NA to avoid the distortion of statistical measures including means and correlations. Also the rows that had missing Date or Time values were eliminated in order to preserve integrity of the time analysis.
Additional preparation entailed the formation of a single DateTime variable of the dmy_hms() function of the lubridate package. This allowed time analysis to be done correctly and provided the date-time formatting to be consistent. 
[bookmark: _bw92owyca63l][bookmark: _Toc224652790]2. Exploratory Visualisation
The exploratory visualisation was performed to reveal how the data on air quality is related, dynamic, and what pattern it consists of. This phase is directly related to IOL3 and IOL4 as it is connected with the choice of proper visualisation techniques as well as the application of these tools to investigate and analyse analytical data successfully.
In order to study changes in the intensity of pollutants over the time, we drew line plots with the help of the ggplot2 package. In particular, the carbon monoxide (CO) and nitrogen dioxide (NO2) were plotted against the created DateTime variable as geom_line (). The methodological soundness of this option is based on the fact that line plots are very useful in the visualisation of continuous data over a time-period, enabling one to see trends, fluctuations, and possible periodicity with ease. The time series visualisation allowed detecting the time variability, including peaks which can relate to the intensity of traffic or weather. Also, the simplicity of the line plot makes it easy to draw clear lines when the data is large but in the event that the observations are tightly clustered the line plot also conceals the detailed variability.
Scatterplots were chosen to examine whether there are relationships between pollutants and meteorological variables. As an illustration, the CO temperature versus plots were made and so were the NO2 relative humidity versus plots. Scatterplots are best suited in investigating relationships amid two continuous variables as it is factual that they enable the identification of patterns, groupings, and outliers. A fitted regression line was also included with geom_smooth(method= “lm”), which also increased the level of interpretability by summarising the direction and strength of the relationship. 
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Fig 2: EDA Code
(Source: Self-Created)
The exploration of data using the regression lines is also an indicator of a critical approach to data analysis since it enables the assessment of the linear relationships, respectively, before the formal test of the statistical values (Hua et al., 2025). Nevertheless, it is worth noting that the application of such visualisations cannot lead to the development of causality and can also simplify the complicated processes occurring in the atmosphere with many interacting variables.
Besides the time series and the scatterplot, a boxplot was employed to test the distribution of CO levels in various seasons. The reason why a boxplot has been chosen is based on the fact that it is a summary statement of important distributional statistics such as the median, interquartile range, and possible outliers. This renders it specifically useful in the comparison of groups and determining variability within and between categories. The visualisation will help comprehend the likelihood of seasonal change in the levels of pollutants because of the environmental factors through the classification of data into seasons.
These various types of plot integrations indicate the holistic approach to the exploration of the data analysis. The line plots were used to show how the data varies over time, inter-variable relationships were plotted using a scatter plot and comparisons were made using a boxplot. The choice of each visualisation was made according to the data structure and the purpose of the analytic task, so the visualised graphical representation was adequate and meaningful.
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Fig 3: Exploratory Visualisation Code
(Source: Self-Created)
[bookmark: _7ol10s5so9yo][bookmark: _Toc224652791]3. Correlation Analysis
The correlation analysis was intended to measure and express the relationships among several air pollutants and thus assist statistical inference and exploratory visualisation. The four major pollutants that were chosen to be discussed include carbon monoxide (CO), benzene (C6H6), nitrogen oxides (NOx), and nitrogen dioxide (NO2) because they have encompassing environmental implications and they are consistently available in the dataset. The selection is an attentive and topical decision on the multivariate analysis.
Before calculating correlations it was important to first filter the data using na.omit() to only select complete observations. This was a very important step towards avoiding such biassed or misleading correlation coefficients since missing values would lead to biassed pairwise comparison. The resulting correlation matrix was subsequently calculated by the use of cor() function with argument use = “complete.obs” to ensure that all the calculations are only done on valid data points.

[image: ]
Fig 4: Correlation Analysis Code
(Source: Self-Created)
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Fig 5: Correlation Analysis data plot
(Source: Self-Created)
The resulting correlation matrix gave a numerical summary of the linear relationship amongst the choice of pollutants. The value of correlation coefficients is between -1 to +1, under +1 coefficient of correlation shows the relationship to be strong positive and a coefficient of correlation less than +1 shows strong negative relationship and coefficient of correlation nearer to zero depicts weak or non-linear relation at all. In this analysis, some pairs of pollutants had strong positive coefficients (over 0.7), which showed that these pollutants have an inclination to increase or decrease at the same time.
In order to make the correlation more interpretable, the correlation matrix was visualised with a heatmap created with the corrplot package. Instead, this visualisation was done through colour gradients to indicate as much as the magnitude and direction of the correlations, a few strong relationships were identified quickly. The heatmap also contained correlation coefficients, which increased understanding further since the nurses were given specific numerical values in addition to visual elements (Woelk et al., 2025).
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Fig 6: Heatmap data plot
(Source: Self-Created)
A scatterplot matrix was produced with the aid of the pairs function as well as heatmap using the pairs(). This method was more informative, pair-wise visualisation of variable relationships. In contrast to the heatmap, which provides some general idea, the scatterplot matrix makes it possible to identify the patterns of linearity, clustering, and outliers.
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Fig 7: CO vs. temperature data plot
(Source: Self-Created)
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Fig 8: Time Trend of CO Levels data plot
(Source: Self-Created)
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Fig 9: CO Levels Across Seasons
(Source: Self-Created)
These positive correlations that are significantly observed with the pollutants like CO, NOx, and NO2 indicate that there is the possibility of having common sources of emission, especially the vehicular traffic and activities related to combustion processes. This understanding is in line with the existing knowledge on environmental studies in which these pollutants tend to be co-emitted. Also, the correlation between benzene and other pollutants also contributes to the fact that there are common sources of industrial or urban.
But at the same time, the weaknesses of a correlation analysis should be approached with criticality. Although the relationship is strong, not all the relationships are causal. Observed relationships can also be affected by external factors which can include meteorological conditions or errors in measurements. In addition to this, correlation analysis only reflects linear correlations and can not reflect more complex, non-linear relationships.
[bookmark: _nfmif1lnvfpt][bookmark: _Toc224652792]4. Hypothesis Testing of CO Levels Under Temperature Conditions 
The part of hypothesis testing in this analysis shows that there is a systematic and statistically rationale programme of the comparison of the level of pollutants in two differing environmental conditions. In the current case, the target pollutant was carbon monoxide (CO.GT.) and temperature (T) was the proxy variable to allow the formation of two comparison groups (High Temp and Low Temp). 
In order to compare the two data, the dataset was first split in terms of median temperature with an equal division between the two groups. This method does not use arbitrary thresholds and improves statistical reliability. The null hypothesis 
· (H₀) was defined as: there is no significant difference in mean CO levels between high and low temperature conditions. 
· (H₁) stated that: a significant difference exists between the two groups. 
The hypotheses are suitable when comparing two samples, and it is clear that they adhere to inferential statistics.
The independent t-test was chosen as European statistics of two samples. This selection is explained by the high size (n>5000) of the sample, where the assumption of approximate normality in the sample distribution has been justified by the Central Limit Theorem, although it may not be absolutely true that the underlying data follow an actual normal distribution. The reason why the Shapiro-Wilk normality test has not been included can be thus considered as a methodologically valid choice, because these tests are excessively sensitive in cases of large samples and can reach erroneous inferences. This represents an important logical approach to statistics and test assumptions.
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Fig 10: Hypothesis Testing
(Source: Self-Created)
T-test was calculated adequately with the following statement: t.test(CO.GT. ~ TempGroup, data = test_data) and generated estimations of group means, confidence intervals and a p-value. The null hypothesis would be rejected in case of statistically significant p-value (usually p < 0.05), which would mean that the temperature conditions are related to the difference in CO levels. This in an environmental context may imply that an increase in temperatures can affect the concentration of pollutants due to either atmospheric dispersion or chemical combinatorial activities.
A non-parametric Wilcoxon rank-sum test was also conducted to make the findings strong (Chen et al., 2024). This acts as a sensitivity analysis where the results are not so much parametric assumptions. The statistical good practice in the inclusion of this test strengthens the reliability especially when the data has an outlier or skewness. 
Even though this section does not expressly involve any visualisation, subgrouping variables (TempGroup) can be analysed effectively with the help of boxplots or density plots to enable interpretation. These visual aids would be useful in determining differences in the mean, dispersion, and the possible consumer extremes between groups and make findings easier to understand.
[bookmark: _ofn524kfr8tn][bookmark: _Toc224652793]5. Seasonal Group Comparison of NO₂ Levels
The group comparison analysis is aimed at the investigation of the degree of nitrogen dioxide (NO 2.GT.) concentrations within four seasons, i.e.: Winter, Spring, Summer, and Autumn. The stage exemplifies an overall use of statistical tests and visualisation methods which concurs well with ILO1 (statistical methods), ILO3 (data visualisation) and ILO4 (data exploration). The use of NO 111 as the target pollutant is suitable since it has been identified to be sensitive to environmental and weather conditions and thus can be used to analyse the season.
First of all the dataset was pre-processed by extracting the variables relevant (NO2.GT. and Season) and filtered out values that were missing na.omit(). The DateTime variable was used to extract the seasons in a lubridate packaged variable and then classified into four categories and with a fixed factor order. This step is an apt data manipulation and preparation which is a part of ILO2 besides rendering uniformity of further analysis.
As stated in the null hypothesis (H0), in this test: the average level of NO 3 in all four seasons is the same. Alternate hypothesis (H1) is that: there is at least one season that has a substantial difference in the mean level of NO 2. Since comparisons are made between more than two groups, the type of statistical test that should be recognised is the one-way Analysis of Variance (ANOVA). The given choice is methodologically valid, because ANOVA is specifically meant to compare the means of several independent groups of participants.
ANOVA was calculated with the aov(NO2.GT. ~ Season, data = season_data) and in order to summarise the results the aov result was summarised with summary(anova_result). An F-statistic that has a significant value (p < 0.05) would mean that seasonal variation has a strong influence on NO 2. This implies that the pattern of environmental or human activities varies seasonally affecting the levels of pollutants. To illustrate, greater NO 2 concentration during winter could be linked to more combustion of fuel and less dispersal in the atmosphere..
In order to confirm the assumptions of ANOVA, diagnostic plots were created by the plot(anova_result) command. These plots aid in the evaluation of normality of the residual and false homogeneity of the variances. Although big data such as large datasets make them less susceptible to small violations of assumption conditions, this step shows a good level of statistical intuition and makes the analysis more reliable.
In order to further explore what particular groups are different, an additional test, post-hoc Tukey Honestly Significant Difference (TukeyHSD) was much more performed. This enables pair wise comparisons across seasons and enables the control of Type I error. The findings reveal which seasonal pairs have statistically significant differences and this is a more insightful way of seeing the organisation of the variation in NO 2 levels.
[image: ]
Fig 11: Seasonal Group Comparison
(Source: Self-Created)
Visualisation is important in facilitating interpretation. The distribution of NO 2 level per season was plotted as a boxplot with the use of ggplot2 (Min, 2024). This goes in line with ILO3 and ILO4 because it allows one to compare medians, interquartile ranges, and even the possibility of outliers clearly. The boxplot also supplements the statistical data by displaying the variations and trends morphologically of the season.
[bookmark: _aebk9qu7vqhh][bookmark: _Toc224652794]Task 2: 
[bookmark: _em77k8jhtdii][bookmark: _Toc224652795]Reflective Summary
The project was conducted based on the creation of a systematic R-based analysis workflow to investigate and learn air quality data, paying much attention to data manipulation, statistical analysis, and visualisation. My general design was to use a logical flow: import, clean, transform, exploratory analysis and inferential testing of the data. The extensive use of this methodology that enabled the practise to have reliable data prior to performing any statistical processes was also in line with ILO2 that emphasises on the data manipulation and programming approach.
One of the major areas in this analysis was the type and use of suitable visualisation techniques. I have plotted using lines to analyse the time series of the pollutants (CO, NO 2) because they are highly appropriate to time-series data and enable one easily determine the variations in as time goes by. Scatterplots were selected to investigate the pollutants and the meteorological variables (e.g. temperature and humidity) relationship, because it is an efficient tool that displays pattern, correlation and possible linear relationship. Also, boxplots were applied to compare the distributions of pollutants in seasonal groups, which offered the information about variability, central tendency, and outliers (Min, 2024). The choices can be related to ILO3 as both types of visualisations were chosen based on their appropriateness to the data structure and purpose of analysis.
The problems that were experienced during the analysis were a number of them. The first concern was the data quality especially the use of invalid elements that can be coded as -200 and had to be carefully cleaned and substituted by missing ones (NA). This would not have been taken care of, and would have misrepresented statistics. One more difficulty was that some of the variables were not observed, including the wind speed, and the temperature was the proxy to be used in hypothesis testing. This emphasised the need to be able to deal with real-world datasets flexibly. Moreover, it was necessary to manage the missing values, as well as make sure that data should reflect the right types (e.g. transforming variables into numeric and developing a DateTime field), since any further analyses could be influenced by these aspects (AlSalehy and Bailey, 2025). These were solved using the procedures of systematic preprocessing and validation, which has supported my concept of data preparation as an essential phase of analysis.
In the process I understood more about statistical reasoning and also practical implementation in R. My self-confidence about choosing the right statistical tests e.g., t-tests and ANOVA grew up depending on the organisation of the data and research questions. I also have known the value of ensuring that assumptions are validated and where it is critical, I can use other methods (e.g., non-parametric tests) to make assumptions stronger. Moreover, I enhanced my use of R packages including ggplot2 and dplyr, which increased my level of coding and analytical skills.
In case they did the same analysis, a number of improvements could be made. To begin with, more sophisticated visualisation methods, i.e., interactive plots or facet graphs might give more insight into the relationships among multivariates. Secondly, other variables, including the speed of wind or the traffic information could enhance the explanatory power of the analysis. Third, even stricter assumption testing and model diagnostics can be added especially in case of inferential tests. Lastly, R Markdown would enhance a better analysis presentation and clarity by using reproducible workflows.
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[bookmark: _4hjlr5w0h3rj][bookmark: _Toc224652797]Appendix: Implemented Code
# -------------------------------
# Load Required Libraries
# -------------------------------
library(ggplot2)
library(dplyr)
library(corrplot)
library(lubridate)

# -------------------------------
# 1. Import Data & Initial Summary
# -------------------------------

AirQuality <- read.csv("D:/WORK FILE/TASK/BHANU/MARCH/17.03.26/air+quality/AirQualityUCI.csv",
                       header = TRUE, stringsAsFactors = FALSE)

# Clean column names
names(AirQuality) <- make.names(names(AirQuality))

# Remove completely empty columns
AirQuality <- AirQuality[, colSums(is.na(AirQuality)) < nrow(AirQuality)]

# Inspect data
str(AirQuality)
head(AirQuality)
dim(AirQuality)
summary(AirQuality)

# -------------------------------
# Data Cleaning & Preparation
# -------------------------------

# Replace invalid values (-200) with NA
AirQuality[AirQuality == -200] <- NA

# Remove rows with missing Date or Time
AirQuality <- AirQuality[!is.na(AirQuality$Date) & !is.na(AirQuality$Time), ]

# Create DateTime variable
AirQuality$DateTime <- dmy_hms(paste(AirQuality$Date, AirQuality$Time), quiet = TRUE)

# Convert variables to numeric
cols <- c("CO.GT.", "C6H6.GT.", "NOx.GT.", "NO2.GT.", "T", "RH", "AH")
AirQuality[cols] <- lapply(AirQuality[cols], as.numeric)

# Create Month and Season
AirQuality$Month <- month(AirQuality$DateTime)

AirQuality$Season <- case_when(
  AirQuality$Month %in% c(12,1,2) ~ "Winter",
  AirQuality$Month %in% c(3,4,5) ~ "Spring",
  AirQuality$Month %in% c(6,7,8) ~ "Summer",
  AirQuality$Month %in% c(9,10,11) ~ "Autumn"
)

# Fix Season order
AirQuality$Season <- factor(AirQuality$Season,
                            levels = c("Winter", "Spring", "Summer", "Autumn"))

# -------------------------------
# 2. Exploratory Visualisation
# -------------------------------

# Line plots: identify temporal trends
ggplot(AirQuality, aes(x = DateTime, y = CO.GT.)) +
  geom_line() +
  labs(title = "Time Trend of CO Levels", x = "DateTime", y = "CO")

ggplot(AirQuality, aes(x = DateTime, y = NO2.GT.)) +
  geom_line() +
  labs(title = "Time Trend of NO2 Levels", x = "DateTime", y = "NO2")

# Scatterplots: relationships between variables
ggplot(AirQuality, aes(x = T, y = CO.GT.)) +
  geom_point() +
  geom_smooth(method = "lm", se = FALSE) +
  labs(title = "CO vs Temperature", x = "Temperature", y = "CO")

ggplot(AirQuality, aes(x = RH, y = NO2.GT.)) +
  geom_point() +
  geom_smooth(method = "lm", se = FALSE) +
  labs(title = "NO2 vs Relative Humidity", x = "RH", y = "NO2")

# Additional boxplot
ggplot(AirQuality, aes(x = Season, y = CO.GT., fill = Season)) +
  geom_boxplot() +
  labs(title = "CO Levels Across Seasons", x = "Season", y = "CO")

# -------------------------------
# 3. Correlation Analysis
# -------------------------------

pollutants <- AirQuality %>%
  select(CO.GT., C6H6.GT., NOx.GT., NO2.GT.) %>%
  na.omit()

# Correlation matrix
cor_matrix <- cor(pollutants, use = "complete.obs")

print(cor_matrix)

# Heatmap
corrplot(cor_matrix, method = "color", addCoef.col = "black")

# Scatterplot matrix
pairs(pollutants)

# Interpretation (for report):
# Correlation > 0.7 = strong relationship
# Strong positive correlations suggest common emission sources

# -------------------------------
# 4. Hypothesis Testing
# -------------------------------

# NOTE:
# Wind speed not available → temperature used as proxy variable

median_temp <- median(AirQuality$T, na.rm = TRUE)

AirQuality$TempGroup <- ifelse(AirQuality$T > median_temp, "High Temp", "Low Temp")

test_data <- AirQuality %>%
  select(CO.GT., TempGroup) %>%
  na.omit()

# Hypotheses:
# H0: Mean CO levels are equal between groups
# H1: Mean CO levels differ

# IMPORTANT:
# Shapiro test not used due to large sample size (>5000)
# Central Limit Theorem justifies use of parametric test

# t-test
t_test <- t.test(CO.GT. ~ TempGroup, data = test_data)
print(t_test)

# Non-parametric alternative (robust check)
wilcox.test(CO.GT. ~ TempGroup, data = test_data)

# -------------------------------
# 5. Seasonal Group Comparison
# -------------------------------

season_data <- AirQuality %>%
  select(NO2.GT., Season) %>%
  na.omit()

# Hypotheses:
# H0: Mean NO2 equal across seasons
# H1: At least one differs

# ANOVA
anova_result <- aov(NO2.GT. ~ Season, data = season_data)

summary(anova_result)

# Assumption check
plot(anova_result)

# Boxplot
ggplot(season_data, aes(x = Season, y = NO2.GT., fill = Season)) +
  geom_boxplot() +
  labs(title = "NO2 Levels Across Seasons", x = "Season", y = "NO2")
# Post-hoc test
TukeyHSD(anova_result)
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# Post-hoc test
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Afrquality <- read.csv(

/WORK FILE/TASK/BHANU/MARCH/17.03. 26/air+quality/Airqualityuct. cs,
header = TRUE, stringsAsFactors = FALSE)

# Clean column names
names (airquality) <- make.names (names (Airquality))

# Remove completely empty columns
Afrquality <- airqualityl, colsums(is.na(airquality)) < nrow(airquality)]

# Inspect data
str(airquality)
head (airquality)
dim(airquality)
sumnary (airquality)

-
# pata Cleaning & Preparation
#

# Replace invalid values (-200) with Na
Afrquality[airquality — -200] <- Na

# Remove rows with missing pate or Time
Afrquality <- Airquality[!is.na(airqualityspate) & !is.na(airqualitysTime), ]

# Create pateTime variable
AfrqualityspateTime <- dmy_hms(paste(airqualityspate, AirqualitysTime), quiet = TRUE)

# Convert variables to numeric
Cols <- C("CO.GT.", "CBH6.GT.", "NOX.GT.”, "NO2.GT.",
Afrqualitylcols] <- lapply(airquality[cols], as.numeric)

# Create wonth and season
Afrqualitysmonth <- month(airqualityspateTime)

Afrqualitysseason <- case_vhen(
siroualitviMonth %in% (12 1 2) ~ "winter®
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AfrqualityspateTime <- dmy_hms(paste(airqualityspate, AirqualitysTime), quiet = TRUE)

# Convert variables to numeric
cols <- c("co.aT. 6H6.GT. ", "NOX.GT.",
Afrqualitylcols] <- lapply(airquality[cols], as.numeric)
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# Create wonth and season
Afrqualitysmonth <- month(airqualityspateTime)

Afrqualitysseason <- case_vhen(
Afrqualitysmonth %in% c(12,1,2) ~ "winter”,
Afrqualitysmonth %in% c(3,4,5) ~ "spring”,
Afrqualitysmonth %in% c(6,7,8) ~ "summer”,
Afrqualitysmonth %in% c(9,10,11) ~ "Autumn”

)

# Fix season order
Afrqualitysseason <- factor (Airqualitysseason,
Tevels = c("winter”, "spring”, "summer”, "Autumn™))
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# Line plots: identify temporal trends
ggplot (Airquality, aes(x = DateTime, y = C0.GT.)) +
geon_line() +
Tabs (title

‘Time Trend of Co Levels”, x = "DateTime"

ggplot (Airquality, aes(x
geon_line() +
Tabs (title

DateTime, y = N0O2.GT.)) +

‘Time Trend of NO2 Levels”, x

# scatterplots: relationships between variables
ggplot (airquality, aes(x = T, y = C0.GT.)) +
‘geom_point() +
geon_smooth(method = "In", se = FALSE) +
Tabs(title = "co vs Temperature”, x

emperature”, y

"c0”)

ggplot (airquality, aes(x = RH, y = NO2.GT.)) +
‘geom_point() +
geon_smooth(method = "Tn", se = FALSE)
Tabs(title = "No2 vs Relative Humidity”

# Additional boxplot
ggplot (airquality, aes(x = Season, y = C0.GT., fill = seasom) +
geom_boxplot O +
Tabs(title = "co Levels Across seasons”, x

season”, y

‘co™)




