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[bookmark: _Toc221746960]Air Quality Statistical Analysis
[bookmark: _Toc221746961]1. Introduction
Air pollution remains a major environmental and public health concern worldwide. High concentrations of pollutants are linked to respiratory illnesses, cardiovascular problems, and long‑term ecological damage. Because of these risks, it is important to monitor and analyse air quality data to understand how pollutant levels change over time, identify patterns, and support decisions aimed at protecting both people and the environment.

This report explores an air quality dataset containing hourly pollutant measurements alongside weather variables. The aim is to examine how pollutant levels vary, how they relate to environmental conditions, and whether there are meaningful differences under different scenarios. The analysis was carried out in R and involved data cleaning, exploratory visualisation, correlation analysis, and hypothesis testing to provide both descriptive and statistical insights.
[bookmark: _Toc221746962]2. Dataset Import and Initial Exploration
The dataset was first loaded into R and stored in a dataframe called AirQuality. Before moving into any detailed analysis, I carried out an initial check to make sure the data had imported correctly and to get a sense of its overall structure. Functions such as head(), dim(), names(), str(), and summary() were used to look at the first few rows, confirm the number of variables and observations, review data types, and examine basic descriptive statistics. This early step is important because it helps identify any issues that might affect later analysis.

During this stage, it became clear that the value –200 was being used to represent missing or invalid sensor readings. These values were replaced with NA so they would not interfere with plots, summaries, or statistical tests. Handling missing data properly is essential, as leaving placeholder values in the dataset can lead to misleading results.

RStudio also made it easy to keep track of the objects created throughout the workflow. The main dataframe, cleaned subsets, correlation outputs, and statistical test results were all visible in the environment pane, showing that the analysis was progressing in an organised and reproducible way. Console messages confirmed that the dataset contained thousands of hourly measurements across multiple pollutants and weather variables, providing a strong basis for meaningful exploration.

The script itself was written with clear comments and separated into logical sections, which helped maintain readability and reduced the chance of errors. Taking time to structure the code and document each step ensured that the dataset was clean, well‑organised, and ready for deeper visual and statistical investigation.

[image: ]
[bookmark: _Toc221746787]Figure 1 - RStudio Environment Showing Dataset Import and Initial Inspection
Figure 1 illustrates the RStudio interface after the AirQuality dataset was successfully imported and inspected. The environment panel confirms the creation of analytical objects such as correlation matrices, statistical test outputs, and visualisation plots, demonstrating a structured and reproducible workflow.
[bookmark: _Toc221746963]3. Exploratory Visualisation – Time Trends
To examine how pollutant levels change over time, a time‑series line plot was produced for Carbon Monoxide (CO) across the full observation period. Line plots work well for hourly environmental data because they clearly show fluctuations, short‑term peaks, and longer‑term trends. The CO plot shows noticeable variation, with regular spikes and periods of relative stability. This indicates that CO levels are not constant and are likely influenced by changing weather conditions, human activity, or other external factors.
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[bookmark: _Toc221746788]Figure 2 - Carbon Monoxide (CO) Levels Over Time
This line plot displays hourly Carbon Monoxide concentrations across the recorded time. The frequent fluctuations and intermittent spikes suggest variable emission patterns rather than a stable trend, highlighting the dynamic nature of air pollutant levels.

A second time series line plot was created for Nitrogen Dioxide (NO₂) to compare its behaviour with the Carbon Monoxide trends. Using the same type of visualisation keeps the analysis consistent and makes it easier to compare the two pollutants. The NO₂ plot shows strong variation, with frequent peaks and dips throughout the observation period. These changes appear more pronounced than those seen in CO, suggesting that NO₂ levels may respond more sharply to environmental conditions or traffic activity.
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[bookmark: _Toc221746789]Figure 3 - Nitrogen Dioxide (NO₂) Levels Over Time
This time-series line plot illustrates hourly Nitrogen Dioxide concentrations across the dataset. The repeated spikes and irregular fluctuations highlight substantial variability in pollutant levels, indicating the absence of a stable long-term trend.
[bookmark: _Toc221746964]4. Relationship Between Pollutant and Meteorological Variable
To explore how pollutant levels relate to weather conditions, a scatterplot was produced comparing Carbon Monoxide (CO) concentrations with temperature. Scatterplots are well suited to examining relationships between two continuous variables because they make it easy to spot patterns, clusters, or possible associations. 

A linear trend line was added to show the overall direction of the relationship. The distribution of points suggests a very weak positive association, with CO levels showing only a slight increase as temperature rises. This is supported by the correlation coefficient (r ≈ 0.02), which is close to zero and indicates almost no linear relationship. The wide spread of points also shows that temperature alone does not explain CO variation, suggesting that other environmental or human factors are likely to play a stronger role.
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[bookmark: _Toc221746790]Figure 4 - Relationship Between Carbon Monoxide (CO) and Temperature
The scatterplot illustrates the relationship between hourly CO concentration and temperature. The fitted linear trend line indicates a weak positive association, while the broad dispersion of data points suggests that temperature is not a strong independent predictor of CO levels.
[bookmark: _Toc221746965]5. Correlation Analysis of Selected Pollutants
A correlation matrix was produced for Carbon Monoxide (CO), Nitrogen Dioxide (NO₂), and Benzene (C6H6), and the results were displayed using a heatmap. This type of visual makes it easy to compare several variables at once because colour intensity highlights the strength and direction of each linear relationship. 

The analysis shows a strong positive correlation between CO and Benzene (r ≈ 0.93), meaning these pollutants tend to rise together. CO and NO₂ also share a moderate positive relationship (r ≈ 0.67), while NO₂ and Benzene show a slightly weaker but still moderate association (r ≈ 0.60). These patterns suggest that the pollutants may originate from similar sources or be influenced by related environmental conditions.
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[bookmark: _Toc221746791]Figure 5 - Correlation Heatmap of Selected Pollutants
The heatmap illustrates the strength of linear relationships between Carbon Monoxide, Nitrogen Dioxide, and Benzene concentrations. Darker colour intensity indicates stronger positive correlation, with CO and Benzene demonstrating the strongest association.

To visually support the numerical correlation results, a scatterplot matrix was produced for the same pollutant variables. This type of visualisation makes it easy to examine all pairwise relationships at once, helping to highlight general trends, clustering, and any unusual outliers. The plots show a clear upward pattern between Carbon Monoxide and Benzene, which reinforces the strong positive correlation identified earlier. In contrast, the relationships involving Nitrogen Dioxide appear more widely dispersed, reflecting the more moderate correlation values found in the previous analysis.
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[bookmark: _Toc221746792]Figure 6 - Scatterplot Matrix of Selected Pollutants
The scatterplot matrix provides pairwise visual comparisons between Carbon Monoxide, Nitrogen Dioxide, and Benzene concentrations. The pronounced upward clustering between CO and Benzene confirms a strong positive relationship, while the wider spread of NO₂ relationships reflects moderate association strength.
[bookmark: _Toc221746966]6. Hypothesis Testing – Temperature Conditions
To examine whether Carbon Monoxide (CO) levels differed under varying temperature conditions, the dataset was divided into High Temperature and Low Temperature groups using the median temperature as the split point. This approach creates two balanced groups and is commonly used when no predefined threshold exists. A Welch two‑sample t‑test was applied because it does not assume equal variance, which is appropriate for environmental data where variability can differ between conditions.

The null hypothesis stated that the mean CO levels would be the same in both groups, while the alternative proposed that a difference might exist. Group sizes were almost identical (High Temperature = 4451; Low Temperature = 4540), with 480 observations removed due to missing temperature values. The test results showed no statistically significant difference between the groups (t ≈ 0.33, p ≈ 0.74). The mean CO values were also very similar, with High Temperature averaging around 2.14 and Low Temperature around 2.12. The difference in group means was approximately 0.02 units, which is negligible in practical terms. This suggests that the result is not only statistically non‑significant but also lacks meaningful real‑world relevance.

The confidence interval for the mean difference included zero, further indicating that any difference is negligible. The boxplot supports this conclusion, as both groups show overlapping distributions and comparable medians. 

Overall, the findings suggest that temperature alone does not strongly influence CO levels in this dataset, and that other factors such as traffic patterns or broader atmospheric conditions are likely to have a greater impact.
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[bookmark: _Toc221746793]Figure 7 - Comparison of CO Levels Under High and Low Temperature Conditions
The boxplot illustrates the distribution of Carbon Monoxide concentrations across temperature groups. Similar median values and overlapping ranges support the statistical conclusion that mean CO does not differ significantly between groups.
[bookmark: _Toc221746967]7. Seasonal Comparison of Pollutant Levels
Seasonal patterns were examined by grouping the data into Winter, Spring, Summer and Autumn based on the recorded month. A boxplot was used to compare these groups because it clearly shows the median, spread and any outliers within each season. Visually, CO concentrations appear lowest in Summer, while Autumn and Winter show higher medians and more extreme upper outliers, suggesting that pollutant levels vary across the year.

To determine whether these differences were statistically meaningful, a one‑way ANOVA was carried out. The null hypothesis stated that mean CO levels would be the same across all seasons, while the alternative proposed that at least one season would differ. The ANOVA results indicated a highly significant seasonal effect on CO concentrations (F ≈ 106.3, p < 2e−16), meaning the null hypothesis was rejected and seasonal variation is statistically supported. Although the ANOVA result indicated a significant effect, additional diagnostic checks such as testing residual normality and assessing homogeneity of variance would provide stronger assurance that the parametric assumptions are met.

A Tukey post‑hoc test was then used to identify which seasons differed from one another. All comparisons were statistically significant, with the largest difference observed between Autumn and Summer (difference ≈ 0.83). Summer consistently showed lower CO levels than Winter and Spring, while Autumn generally recorded the highest values. The magnitude of this difference indicates that the seasonal variation is not only statistically significant but also practically meaningful within the context of environmental monitoring and air‑quality management.

These results suggest that both environmental conditions and human activity patterns, such as heating use in colder months or seasonal traffic changes, likely contribute to the observed variation in pollutant levels.
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[bookmark: _Toc221746794]Figure 8 - Seasonal Comparison of Carbon Monoxide (CO) Levels
The boxplot shows distinct seasonal differences in CO distributions. Summer exhibits lower typical concentrations, while Autumn shows higher values and wider variability, consistent with the significant ANOVA and Tukey post-hoc results.

[bookmark: _Toc221746968]8. Conclusion
This analysis examined air quality patterns using descriptive exploration, visualisation, correlation assessment and statistical testing. The time‑series plots for CO and NO₂ showed substantial variability across the observation period, highlighting that pollutant levels fluctuate rather than remaining steady. The scatterplot comparing CO and temperature indicated almost no linear relationship, a finding supported by the near‑zero correlation coefficient (r ≈ 0.02). This suggests that temperature alone is not a major factor influencing CO concentrations in this dataset.

The correlation analysis across CO, NO₂ and Benzene revealed several meaningful associations. CO and Benzene showed a particularly strong positive relationship (r ≈ 0.93), while NO₂ displayed moderate correlations with both pollutants (r ≈ 0.60–0.67). These patterns point towards shared emission sources or similar atmospheric behaviour among the pollutants.

Hypothesis testing provided further insight. The Welch t‑test found no significant difference in CO levels between high‑ and low‑temperature groups (p ≈ 0.74), reinforcing the earlier conclusion that temperature is not a strong driver of CO variation. In contrast, the seasonal analysis showed a highly significant effect (ANOVA p < 2e−16), with Tukey post‑hoc comparisons confirming that Summer consistently had lower CO levels and Autumn had higher levels relative to other seasons.

Taken together, the results suggest that CO concentrations are more strongly shaped by seasonal context and pollutant co‑behaviour than by temperature alone. These findings highlight the importance of considering broader environmental patterns and potential emission sources when interpreting air quality data.
[bookmark: _Toc221746969]9. Reflective Summary
Visualisations
Visualisations played a central role in helping me understand the dataset before moving into formal statistical testing. To explore how pollutant levels changed over time, I used line plots for both CO and NO₂. Because the data is recorded hourly, line charts were an effective way to show fluctuations, spikes and any longer‑term patterns. One of the main advantages of this approach was how quickly it highlighted the variability in pollutant levels. The basic structure of the code was:

Code
ggplot(AirQuality, aes(x = DateTime, y = CO.GT.)) +
  geom_line() +
  labs(title = "CO Levels Over Time")

To look at how pollutants related to environmental conditions, I created a scatterplot comparing CO and temperature. Scatterplots work well for continuous variables because they show the overall direction and spread of the relationship. Adding a trend line using geom_smooth(method = "lm") helped summarise the pattern. The plot supported the conclusion that the relationship was extremely weak, which matched the correlation value (r ≈ 0.02).

For comparing multiple pollutants at once, I used both a correlation heatmap and a scatterplot matrix. The heatmap provided a quick overview of which pollutants were strongly linked, especially the clear relationship between CO and Benzene. The scatterplot matrix then helped confirm these patterns visually and showed how dispersed some relationships were. Using visual and numerical methods together made the findings easier to interpret.

For group comparisons, boxplots were particularly useful. They clearly showed differences in distribution across categories such as seasons, and they helped support the outcomes of the hypothesis tests by showing whether groups looked similar or different.

Challenges and Things Learned
One of the first challenges I encountered was dealing with missing or invalid sensor values recorded as −200 instead of NA. These values initially distorted plots and statistical results, which emphasised how important data cleaning is before any analysis. Replacing them with NA improved accuracy and reinforced the value of careful preprocessing:

Code
AirQuality[AirQuality == -200] <- NA

Another challenge involved handling time correctly. Combining the separate Date and Time columns into a single DateTime variable required careful formatting, but it was essential for producing accurate time‑series plots.

I gained a clearer understanding of how to choose appropriate statistical tests. For the two‑group comparison, I used a Welch t‑test because environmental data often have unequal variances. Interpreting a non‑significant result (p ≈ 0.74) was a useful learning experience. It reinforced the importance of considering both statistical significance and effect size when interpreting results, since differences that are statistically detectable may not necessarily translate into meaningful practical outcomes. For multiple groups, using ANOVA followed by Tukey post‑hoc testing helped me move from identifying that a difference exists to understanding exactly which groups differ.

Improvements for Future Work
If I were to extend this analysis, I would include formal assumption checks such as normality and variance tests to further justify the use of parametric methods. If these assumptions were not met, I would consider non‑parametric alternatives such as the Wilcoxon test or the Kruskal–Wallis test. I would also explore regression models to examine how several meteorological variables together influence pollutant levels, rather than looking at each one individually. Finally, developing an automated preprocessing pipeline would improve reproducibility and reduce the risk of manual errors during data cleaning. Future work could build on this analysis by applying multivariate regression models to quantify the combined influence of meteorological variables on pollutant concentrations.

[bookmark: _Toc221746970]Appendix

```{r}
install.packages("viridis")

```

```{r}
############################################################
# 2) IMPORT DATASET + CLEANING + QUICK CHECKS
############################################################

# -------------------------------
# FILE PATH 
# -------------------------------
csv_path <- "C:/Users/huny_/Downloads/airquality_unzipped/AirQualityUCI.csv"

# -------------------------------
# LOAD DATASET  (THIS CREATES AirQuality)
# -------------------------------
AirQuality <- read.csv(csv_path, sep = ";", dec = ",")

# -------------------------------
# CLEANING: Replace -200 with NA (missing values code)
# -------------------------------
AirQuality[AirQuality == -200] <- NA

# --------------
# QUICK CHECKS 
# --------------

cat("\n--- FIRST ROWS ---\n")
print(head(AirQuality))

cat("\n--- DIMENSIONS (rows, cols) ---\n")
print(dim(AirQuality))

cat("\n--- COLUMN NAMES ---\n")
print(names(AirQuality))

cat("\n--- STRUCTURE (data types) ---\n")
str(AirQuality)

cat("\n--- SUMMARY STATISTICS ---\n")
print(summary(AirQuality))

```
```{r}
############################################################
# 3) DATE/TIME + TIME-TREND VISUALISATIONS (2 pollutants)
############################################################

library(ggplot2)
library(lubridate)
library(scales)

# -------------------------------
# DATE/TIME HANDLING
# -------------------------------
# Convert Date to real Date type (dataset uses day/month/year)
AirQuality$Date <- dmy(AirQuality$Date)

# Create a DateTime column by combining Date + Time
AirQuality$DateTime <- as.POSIXct(
  paste(AirQuality$Date, AirQuality$Time),
  format = "%Y-%m-%d %H.%M.%S"
)

# Quick check
cat("\n--- DateTime check (first 5) ---\n")
print(head(AirQuality$DateTime))

# -------------------------------
# NICE LOOKING PLOT THEME
# -------------------------------
theme_set(theme_minimal(base_size = 13))

nice_theme <- theme(
  plot.title = element_text(face = "bold", size = 16),
  plot.subtitle = element_text(size = 12),
  axis.title = element_text(face = "bold"),
  panel.grid.minor = element_blank(),
  legend.position = "top"
)

# -------------------------------
# TIME TREND 1: CO
# Rationale: line plot shows changes/spikes over time clearly.
# -------------------------------
p_co <- ggplot(AirQuality, aes(x = DateTime, y = CO.GT.)) +
  geom_line(linewidth = 0.5, color = "steelblue") +
  scale_x_datetime(labels = date_format("%b %Y")) +
  labs(
    title = "Carbon Monoxide (CO) Levels Over Time",
    subtitle = "Hourly CO measurements across the observation period",
    x = "Date",
    y = "CO (GT)"
  ) +
  nice_theme

print(p_co)

# -------------------------------
# TIME TREND 2: NO2
# Rationale: same plot type allows easy comparison vs CO.
# -------------------------------
p_no2 <- ggplot(AirQuality, aes(x = DateTime, y = NO2.GT.)) +
  geom_line(linewidth = 0.5, color = "tomato") +
  scale_x_datetime(labels = date_format("%b %Y")) +
  labs(
    title = "Nitrogen Dioxide (NO₂) Levels Over Time",
    subtitle = "Hourly NO₂ measurements across the observation period",
    x = "Date",
    y = "NO₂ (GT)"
  ) +
  nice_theme

print(p_no2)

```
```{r}
############################################################
# 4) RELATIONSHIP: POLLUTANT vs WEATHER VARIABLE
############################################################

# -------------------------------
# Scatterplot: CO vs Temperature
# Rationale:
# - Scatterplots are ideal for exploring relationships between
#   two continuous variables (pattern, direction, clustering).
# - A smooth trend line helps reveal any overall relationship.
# -------------------------------

p_scatter <- ggplot(AirQuality, aes(x = T, y = CO.GT.)) +
  geom_point(alpha = 0.55, size = 1.6, color = "purple") +
  geom_smooth(method = "lm", se = TRUE, color = "black", linewidth = 0.8) +
  labs(
    title = "Relationship Between CO and Temperature",
    subtitle = "Scatterplot with fitted trend line (linear model)",
    x = "Temperature (°C)",
    y = "CO (GT)"
  ) +
  nice_theme

print(p_scatter)

# quick correlation value between CO and Temperature
cat("\n--- Correlation (CO vs Temperature) ---\n")
print(cor(AirQuality$CO.GT., AirQuality$T, use = "complete.obs"))

```
```{r}
############################################################
# 5) CORRELATION ANALYSIS (3+ pollutants) + VISUALISATION
############################################################

library(dplyr)
library(corrplot)

# -------------------------------
# Select 3+ pollutant variables
# Rationale:
# - Correlation quantifies linear relationships between pollutants.
# - A correlogram (heatmap) makes patterns easy to see quickly.
# -------------------------------

pollutants <- AirQuality %>%
  select(CO.GT., NO2.GT., C6H6.GT.)   # CO, NO2, Benzene

# Remove rows with missing values for correlation calculations
pollutants_clean <- na.omit(pollutants)

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

cat("\n--- CORRELATION MATRIX (CO, NO2, C6H6) ---\n")
print(round(cor_matrix, 3))

# Correlogram / heatmap style plot (colourful + readable)
corrplot(
  cor_matrix,
  method = "color",
  addCoef.col = "black",
  tl.col = "black",
  number.cex = 0.9,
  title = "Correlation Heatmap: Selected Pollutants",
  mar = c(0, 0, 2, 0)
)

# Scatterplot matrix (visual confirmation of pairwise relationships)
pairs(
  pollutants_clean,
  main = "Scatterplot Matrix: CO, NO₂, Benzene (C6H6)",
  pch = 19,
  col = rgb(0.1, 0.4, 0.8, 0.35)
)

# -------------------------------
# Interpretation prompts 
# -------------------------------
# - Values close to +1 indicate strong positive correlation (rise together).
# - Values close to -1 indicate strong negative correlation (one rises as other falls).
# - Values near 0 suggest weak/no linear relationship.
# - In the scatter matrix: tight upward cloud = positive correlation.

```
```{r}
names(AirQuality)

```
```{r}
############################################################
# 6) HYPOTHESIS TEST – TWO CONDITIONS (T-TEST)
# Comparing CO Levels: High Temp vs Low Temp
############################################################

library(dplyr)

# Median split using Temperature
median_temp <- median(AirQuality$T, na.rm = TRUE)

AirQuality <- AirQuality %>%
  mutate(temp_group = ifelse(T > median_temp, "High Temp", "Low Temp"))

cat("\n--- GROUP SIZES (High vs Low Temp) ---\n")
print(table(AirQuality$temp_group, useNA = "ifany"))

# Hypotheses:
# H0: Mean CO is the same for High Temp and Low Temp.
# H1: Mean CO is different between High Temp and Low Temp.

t_test_result <- t.test(CO.GT. ~ temp_group, data = AirQuality)

cat("\n--- WELCH TWO-SAMPLE T-TEST RESULTS ---\n")
print(t_test_result)

# Boxplot
p_ttest_box <- ggplot(AirQuality, aes(x = temp_group, y = CO.GT., fill = temp_group)) +
  geom_boxplot(alpha = 0.85) +
  scale_fill_manual(values = c("skyblue", "orange")) +
  labs(
    title = "CO Levels: High vs Low Temperature",
    x = "Temperature Group",
    y = "CO (GT)"
  ) +
  nice_theme +
  guides(fill = "none")

print(p_ttest_box)

```
```{r}
############################################################
# 7) GROUP COMPARISON – SEASONS + ANOVA
############################################################

library(dplyr)
library(lubridate)

# -------------------------------
# CREATE SEASON COLUMN
# -------------------------------
AirQuality <- AirQuality %>%
  mutate(
    Month = month(Date),
    Season = case_when(
      Month %in% c(12, 1, 2) ~ "Winter",
      Month %in% c(3, 4, 5) ~ "Spring",
      Month %in% c(6, 7, 8) ~ "Summer",
      TRUE ~ "Autumn"
    )
  )

# Make order look nice on plots
AirQuality$Season <- factor(
  AirQuality$Season,
  levels = c("Winter", "Spring", "Summer", "Autumn")
)

# -------------------------------
# BOXPLOT – CO BY SEASON
# Rationale:
# - Boxplots show median, spread, and outliers clearly.
# -------------------------------
p_season <- ggplot(AirQuality, aes(x = Season, y = CO.GT., fill = Season)) +
  geom_boxplot(alpha = 0.9) +
  scale_fill_manual(values = c("skyblue", "lightgreen", "orange", "plum")) +
  labs(
    title = "Seasonal Comparison of CO Levels",
    subtitle = "Distribution of CO concentrations across seasons",
    x = "Season",
    y = "CO (GT)"
  ) +
  nice_theme +
  guides(fill = "none")

print(p_season)

# -------------------------------
# ANOVA TEST
# Hypotheses:
# H0: Mean CO is equal across all seasons.
# H1: At least one season differs.
# -------------------------------
anova_result <- aov(CO.GT. ~ Season, data = AirQuality)

cat("\n--- ANOVA RESULTS (CO by Season) ---\n")
print(summary(anova_result))

# Optional: Post-hoc test if significant
tukey <- TukeyHSD(anova_result)
cat("\n--- TUKEY POST-HOC ---\n")
print(tukey)

```
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