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[bookmark: _Toc224892551]Task 1:

A. [bookmark: _Toc224892552]Dataset Import, Structure, and Summary

The data set provided in AirQuality has different types of environmental data over a period of time. From the data set's summary, it can be noted that it has a large number of numeric columns with varying ranges of values. It can also be noted that in some columns, there is a large difference between the minimum and maximum values. This indicates that air quality varies over a period of time.
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Fig:- Column Names and strcture


There are a few missing values in the data set. Initially, it had been filled with a value of -200, which has been updated to NA. Miss values are always a concern in data sets. In some columns, it can be noted that the mean and median are not equal. This indicates that data is not distributed in an even manner. The standard deviation indicates that some air pollutants vary more than others.
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Fig:- DataType
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Fig:-  descriptive statistics
B. [bookmark: _Toc224892553]Exploratory Analysis: Pollutant Trends and Weather Relationships

In this task, various types of graphs were created in order to explore the AirQuality dataset. First of all, the Date and Time columns were combined into a single DateTime column in order to easily analyze data over time. A time series plot is used in order to analyze how pollutant levels, such as CO and NO2, vary over time.

Scatter plots were created in order to analyze the relationship between various data values. One scatter plot is used in order to analyze how CO and NO2 relate to each other, and another scatter plot is used in order to analyze how temperature affects CO levels. These types of plots help us understand whether there is any connection between pollutants and weather conditions.

Another type of plot, called a boxplot, is used in order to analyze how CO values vary. It helps us understand how data is distributed and whether there are any extreme values (outliers) in the data.
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Fig:- Distribution of CO Levels


C. [bookmark: _Toc224892554]Correlation Structure of Air Pollutants




At this stage, we examined the relationships between the air pollutants. We were interested in three of these: CO, NO2, and O3. Before we could do any calculations, we cleaned our dataset by removing any missing values. This was necessary so that our results would be accurate.

To understand the relationships between the three air pollutants, we created a correlation matrix. We then filled in the numbers from -1 to +1. A number close to +1 indicates a strong positive relationship, while a number close to -1 indicates a strong negative relationship. A number near 0 indicates no relationship at all.
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Fig :- Correlation Matrix

To make our correlation matrix easier to understand, we created a heatmap with colors. We then created scatter plots for each pair of air pollutants: CO vs. NO2, CO vs. O3, and finally NO2 vs. O3.

From this, it can be seen that some of the pollutants rise and fall together; that is, if one rises, another will rise too, and if one falls, another will fall too. These pollutants could be caused by similar factors, such as cars and factories. Some of the relationships are not as strong, and this means that they could be caused by different factors. Overall, this analysis helps us understand how pollutants relate to each other. It further supports the previous graphs and helps us identify key trends in the data. These results will help us further analyze the quality of the air.
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Fig:- Relationship Between NO₂ and O₃ Concentrations




D. [bookmark: _Toc224892555]Statistical Testing of Pollutant Differences Across Condition

In this step, a hypothesis test is conducted to check if there is a difference in a pollutant between two groups based on a weather variable. First, the column for the pollutant and the column for the weather are identified. In this case, the weather variable is temperature (T), and the first pollutant column identified, for example, CO, is used.

Pre-processing of the data is done by replacing -200 values in the data set with NA. Then, any row in the data set containing a missing value is removed. After that, the weather variable is divided into two groups: “High” and “Low,” where the median is used to divide the data. This is because it is easier to analyze data in these two groups.

Before selecting a test, a Shapiro-Wilk test is conducted to check if the data in the two groups is normally distributed. If it is normally distributed, a one-tailed independent t-test is conducted. If it is not normally distributed or if there is insufficient data, a non-parametric Wilcoxon rank-sum test is conducted.
[image: ]
Fig:- Wilcoxon Rank-Sum Test for CO(GT) Across Weather Groups

Finally, the results of the test are printed. This is to check whether there is a significant difference in the pollutant levels in the “High” and “Low” weather conditions. This approach is useful in explaining how weather conditions affect pollutant levels.



E. [bookmark: _Toc224892556]Seasonal Variation Analysis of Pollutant Concentrations


A seasonal check was done to see if there are any variations in the levels of pollutants during Winter, Spring, Summer, and Autumn. This was done by converting the date column into seasons. The invalid data were removed. The data were then tested to see if they were normally distributed using the Shapiro-Wilk normality test. However, it appears that not all data in any season were normally distributed since pollution levels can vary in many cases.
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Fig:- Kruskal–Wallis Test Results for Seasonal Differences in CO(GT)

As it appears that data were not normally distributed in any season, a non-parametric test known as the Kruskal-Wallis H Test was done to compare the levels of pollutants in all four seasons. The result of this test indicates whether the data were statistically significant. This means that a significant result indicates that there are notable variations in levels of pollution in different seasons. For example, winter season often has high levels of pollution because of low air mixing. In addition, summer season often has low levels of pollution because of air reactions. This indicates that seasons affect levels of pollution.
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Fig :- Seasonal Variation in CO(GT) Levels
Task 2:-

[bookmark: _Toc224892557]Reflective Summary:

A. [bookmark: _Toc224892558]Visualisations

Visualization was a key part of this project. It helped me explore or analyze my data, identify its patterns, and portray my findings to others. However, I had difficulty showing the relationship between weather variables and pollutants. Initially, I wanted to present these variables and their relationship using the corrplot package, but I did not have any success with installation. So, instead, I used ggplot2 to create a heatmap. By using ggplot2, I had more freedom to create the heatmap in the way I wanted; I used color to visually characterize how closely two variables are related. This allowed me to identify strong positive and negative correlations visually. The use of heatmaps is particularly helpful with this project, given the complexity of the environmental relationship, and the use of a heatmap enables me to summarize a large amount of information in a single plot.
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Using another method for visualizing the data was to use boxplots to compare the seasons as a visual method of establishing how the data is distributed (with respect to median, range and outliers) which is very useful when comparing air quality data because there is likely to be a lot of fluctuation in the air quality due to many external factors. The boxplots allowed me to ascertain whether or not there are seasonal variations prior to conducting any statistical tests and therefore if one of the seasons had a larger median and/or range I would expect to find through the use of the Kruskal-Wallis test that there were actually differences between the seasons.

[image: ]

Initially, I used histograms and density charts to see how each of the air pollutants used were distributed. While they will not be in my final analysis report, they helped me evaluate if I should apply either parametric or non-parametric tests based on whether or not the data were normal. Something else that came out of visualising the data was that when creating scatterplots of the data, many of the points of reference created were somewhat flatlined. This immediately drew my attention to the occurrence of invalid sensor readings, which were represented by the number -200. I had no way of knowing that these numbers represented invalid data until I ran the scatterplots.

In general, visuals aided me in many ways including how I analysed the data; how I decided what statistical approach I would take; and by helping to communicate the results. Through my experience with this project, I concluded that the right type of visual should be determined by the nature of the data being analysed and what is the ultimate purpose of the analysis. Visualisation is significant to the overall analysis process; it is not just for reporting purposes.



B. [bookmark: _Toc224892559]Challenges and Things Learned

One of the biggest challenges in this project was dealing with inconsistencies in the UCI Air Quality dataset. Some columns had unexpected or different names for pollutants. Hard-coding them in the code resulted in errors. So, pattern matching (grep) was used to automatically find the pollutant columns. This helped me understand the importance of developing programs that can automatically handle data, since data in the real world is usually messy or in a different form.

One more challenge in this project was the invalid sensor data that was represented by -200. They caused errors in the calculations and provided inaccurate charts. I didn’t realize their impact until I saw the inaccuracy of the results. After replacing the -200s with NA and removing them, I realized that preprocessing of the data can often be more valuable than the analysis of it.

Another challenge in this project was selecting the correct statistical tests to use on the data. Environmental data can often have non-normal distributions due to weather fluctuations, pollution, etc., and sensor errors. To account for this, I initially used the Shapiro-Wilk test to determine if the data was normally distributed, and then used t-tests, ANOVAs, and non-parametric tests (Wilcoxon and Kruskal-Wallis) as appropriate for the level of normality determined from the Shapiro-Wilk test. This experience taught me how critical it is to choose the correct test for your dataset, rather than just using the tests that you are already familiar with.
While working with date and seasonal values, I had to convert the type of the data to be able to work with the data as Date values, not Character values. I also created a seasonal variable by using if-else statements to help in understanding how to work with time series data and how imperative it is to perform date manipulations correctly when using R. I gained confidence in using R’s date manipulation functions.

I learned of the importance of properly visualizing my data. Originally, I was trying to create correlation plots with the corrplot library; however, it could not create the desired results. I then started using ggplot2 and created a heat map, which allowed me to customize my plot. I was also able to create box plots to compare seasons and display data in a way that can’t be done using merely numerical values.

I also gained a greater understanding of how important it is to test and debug my code by looking at the code one step at a time. I was also reminded that it is better to not write large amounts of code, then execute it; but, rather to verify the correctness of each portion of code before executing all of it at once.

C. [bookmark: _Toc224892560]Future Work

I handled my data points treating them independently when they are in fact dependant; this will change moving forward with the use of moving averages as well as STL decomposition or ARIMA models to help me see the overall trends in pollution levels as well as seasonal volatility and changes in pollution levels over shorter periods. The first change would be to look at group differences and while methods like t-tests, wilcoxon test, ANOVA, kruskal-wallis tests are good methods on their own to determine if group differences exist, they do not account for all of the other variables that may affect the results - such as temperature, humidity, wind speed and pressure. I would be using multiple regression and generalized additive models to analyze the data and determine what the primary variables were that contributed to the pollution levels we observed.
Furthermore, I would improve how we define seasons. In my research project, I have used months for this function, but generally, seasons can be defined by temperature, so it would be ideal to use temperatures to determine seasons.

In regards to the code, there are several opportunities to make improvements. For example, the workflow could be made more modular to reduce redundancy through smaller functions and better organization of the code would result in faster analysis, potentially creating a package or library for air quality analysis. Lastly, enhancements could be made to the visualizations through interacting with plots.
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Data Types (Class):
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Standard Deviation (Numeric Columns):
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Distribution of CO Levels
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Correlation Matrix:

CO(GT)  NO2(GT) PT@8.S5(03)
CO(GT) 1.0000000 0.6740260  ©.8534807
NO2(GT) 0.6740260 1.0000000 0.7026587
PTO2.55(03) 0.8534807 0.7026587  1.0000000
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" geom_smooth()” using formula =
NO2 vs 03
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Detected pollutant columns:

[1] "co(GT)" "PT08.5S1(C0)"  "NMHC(GT)" "C6H6(6T)"
[5]1 "PT@8.S2(NMHC)" "NOx(GT)" "PTO8.S3(NOx)" "NO2(GT)"
[9] "PT@8.54(NO2)" "PT@8.55(03)"

Using weather variable for hypothesis test:
[ T

Using pollutant for hypothesis test:
[1] "co(em)”

Not enough data points (< 3) in Low Weather Group to perform Shapiro-Wilk test. Assuming non-normal.
Not enough data points (< 3) in High Weather Group to perform Shapiro-Wilk test. Assuming non-normal.
Normality violated or not enough data to test — using Wilcoxon rank-sum test.
Hypothesis Test Result:

Wilcoxon rank sum test with continuity correction
data: df[[pollutant]] by df$WeatherGroup

W = 7107004, p-value = 5.78le-05
alternative hypothesis: true location shift is not equal to @
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Detected pollutant columns:

[1] "co(GT)" "PT08.5S1(C0)"™  "NMHC(GT)"
[5] "PT@8.S2(NMHC)" "NOx(GT)" "PT08.53(NOX)"
[9] "PT@8.54(NO2)" "PT@8.55(03)"

Detected date column:
[1] "Date”

Using pollutant for seasonal comparison:
[1] "co(em)*”

Shapiro-Wilk Normality Test by Season:
# A tibble: 4 x 2
Season p_value
<chr> <dbl>
Autumn 3.62e-30
Spring 2.89e-33
Summer 5.86e-28
Winter 3.56e-33

A WN R

Normality violated — using Kruskal-Wallis test.
Kruskal-Wallis rank sum test

data: df[[pollutant]] by df$Season

"C6H6(6T)"
"NO2(6T)"

Kruskal-Wallis chi-squared = 248.57, df = 3, p-value < 2.2e-16
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ggplot(AirQuality, aes(y = CO(GT) )) +
geom_boxplot(fill = “orange”) +

labs(
title = "Distribution of CO Levels”,
y = "CO Concentration”

) +

‘theme_minimal()
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geplot(df, aes(x = Season, y = .data[[pollutant]], fill = Season)) +
geom_boxplot() +
labs(title = paste("Seasonal Variation in", pollutant),
X = "Season”, y = pollutant) +
‘theme_minimal()
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Column Names:

[1] "Date”

[5]1 "NMHC(GT)"
[9] "PT@8.S3(NOx)"
131 "

Structure of Dataset:

"Time"
"C6H6(6T)"
"NO2(6T)"
“RH"

"CO(6T)" "PT08.51(C0)"
"PT08.52(NMHC)™ "NOx(GT)"
"PT08.54(N02)" "PT@8.55(03)"
e

tibble [9,357 x 15] (S3: tbl_df/tbl/data.frame)

$ Date

$ Time

$ co(GT)

$ PT08.51(CO)
$ NMHC(GT)

$ C6H6(GT)

$ PTO8.S2(NMHC)
$ NOx(GT)

$ PT08.S3(NOx)
$ NO2(GT)

$ PT08.54(N02)
$ PT08.55(03)
$T

$ RH

$ AH

POSIXct[1:9357], format: "2004-03-10" "2004-03-10"

POSIXct[1:9357], format: "1899-12-31 18:00:00" "1899-12-31 19:00:00"

[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]
[1:9357]

2.6 22.22.21.61.21.210.90.6 ...
1360 1292 1402 1376 1272 ...

150 112 88 80 51 38 31 31 24 19 ...
11.88 9.4 9 9.23 6.52 ...

1046 955 939 948 836 ...

166 103 131 172 131 89 62 62 45 NA ...
1056 1174 1140 1092 1205 ...

113 92 114 122 116 96 77 76 60 NA ...
1692 1559 1554 1584 1490 ...

1268 972 1074 1203 1110 ...

13.6 13.3 11.9 11 11.2
48.9 47.7 54 60 59.6
0.758 0.725 0.75 0.787 0.789 ...





