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Abstract

This document presents an R script, named ‘climatewales.r’, designed to process and analyse
climate data from the UK Meteorological Office contained in the Excel file
‘WalesClimateData.xlIsx’. The dataset encompasses information on maximum and minimum
temperatures (in °C), hours of sunshine, millimetres of rainfall, and the count of days with
rainfall > Imm, spanning the entire duration of available records. The data is organized
monthly, with mean values provided for each season and the entire year.

The primary objective of the script is to facilitate the generation of insights to address specific
questions outlined in a subsequent report. These questions focus on visualizing the evolution
of average seasonal maximum temperatures over a substantial period (1892 to 2022), assessing
the correlation between total annual rainfall and annual maximum temperature, conducting a t-
test to discern differences in minimum temperatures during distinct periods, and employing
ANOVA to identify statistically significant variations in the annual count of wet days across
decades from 1891 to 2020.
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1. Introduction

Understanding historical climate patterns is crucial for discerning potential trends and
anomalies that may have far-reaching implications. The dataset under consideration, extracted
from ‘WalesClimateData.xlsx’, provides a comprehensive set of variables, enabling an in-
depth analysis of key climatic aspects. To unravel the nuances within this dataset, an R script
named ‘climatewales.r’ has been developed, aligning with the data analysis tasks laid out for
this project.

In the subsequent sections of this document, we delve into the intricacies of the R script,
elucidating the methodology employed to handle data processing and analysis. The tasks at
hand include visualizing changes in average seasonal maximum temperatures over an extended
period, exploring the correlation between total annual rainfall and annual maximum
temperature, investigating potential differences in minimum temperatures during distinct time
intervals, and conducting a comprehensive analysis of the annual count of wet days across
complete decades.

The outcomes of these analyses are pivotal for extracting meaningful insights into climate
trends, contributing to a broader understanding of the climatic conditions observed in Wales
over the past century. Through the ensuing sections, the document details the structure and
functionality of the R script, providing a comprehensive foundation for subsequent reporting
on the specific questions posed for analysis.

Note: In the R script, all the functions and the main script are separated, but in this
document, for better visualisation and understanding, the function and main script of
that particular function are combined.



2. Import Packages and Read Data

The first step of this task is to install the relevant libraries if it is not already installed and
read the data from the Excel file. Figure 1 shows the R script of it.

Figure 1: Load the Packages and Read Data

Tibrary(readxl)
Tibrary(dplyr)
Tibrary(tidyr)
Tibrary(ggplot2)

read_excel_sheet <- function(file, sheet_name) {
readx1::read_excel (file, sheet = sheet_name)

}

walesclimate <- "wales

max_temp_data <- read_excel_sheet(walesclimate,
min_temp_data <- read_excel_sheet(walesclimate,
sunshine_data <- read_excel_sheet(walesclimate,
rainfall_mm_data <- read_excel_sheet(walesclimate,
rainfall_days_data <- read_excel_sheet(walesclimate,

Code Explanation

The provided R code initiates the process of analyzing climate data from an Excel file named
"Wales Climate Data.xIsx." The code first ensures that essential packages, including readxl,
dplyr, tidyr, and ggplot2, are installed.[1] These packages are crucial for data manipulation,
transformation, and visualization.

The core functionality of the script lies in reading data from various sheets within the Excel
file. A custom function named read_excel sheet is defined to streamline this process. This
function takes two parameters - the file name (file) and the sheet name (sheet_name). It utilizes
the read_excel function from the readxl package[1] to read the specified sheet from the Excel
file.

The script then proceeds with the main data acquisition phase. The file name, "Wales Climate
Data.xlsx," is stored in a variable named walesclimate. Subsequently, data is fetched from
different sheets within the Excel file, each corresponding to specific climate metrics. The data
is read into separate data frames: max_temp_data for maximum temperature,
min_temp_data for minimum temperature, sunshine_data for hours of sunshine,
rainfall_mm_data for millimeters of rainfall, and rainfall_days_data for the count of days
with rainfall > Imm.



3. Data Preprocessing

Data preprocessing is a crucial step in the data analysis pipeline that involves cleaning and
transforming raw data into a format suitable for analysis. This phase is essential for ensuring
the accuracy, reliability, and effectiveness of subsequent data analyses.

The data preprocessing steps we used are depicted in Figure 2.

Figure 2: Data Preprocessing

handle_missing_data <- function(data) {
data[data == "---"'] <- NA
data <- as.numeric(data)
data[is.na(data)] <- mean(data, na.rm = TRUE)
data <- format(round(as.numeric(data), 2), nsmall = 2)
data <- as.numeric(data)
return(data)

max_temp_data$win <- handle_missing_data(max_temp_data$win)
min_temp_data$win <- handle_missing_data(min_temp_data$win)
sunshine_data$win <- handle_missing_data(sunshine_data$win)
rainfall_mm_datas$win <- handle_missing_data(rainfall_mm_data$win)
rainfall_days_datas$win <- handle_missing_data(rainfall_days_dataSwin)

Code Explanation

3.1 ‘handle_missing_data’ Function

Real-world datasets often contain missing values, which can adversely impact the analysis. The
handle_missing_data function in the provided code addresses missing data by replacing
specific placeholder values ('---") with NA (Not Available).

Inconsistent data types within a dataset can lead to errors during analysis. The code converts
character data to numeric format, ensuring uniformity and facilitating numerical computations.

(2]

Subsequently, missing numeric values are imputed with the mean of the corresponding column.
[2] This ensures that missing data does not hinder the overall analysis, and the imputation
method is chosen judiciously to minimize bias.

Precision in data is essential for maintaining accuracy and readability. The code rounds numeric
values to two decimal places using the round function.[2] This step is particularly relevant
when dealing with measurements or values that don't require excessive precision. Then we
convert the data into numeric form and return the pre-processed data.

3.2 Main Script

The handle_missing_data function is applied to specific columns (win) in different climate-
related data frames (max_temp data, min_temp data, sunshine data, rainfall mm_data,
rainfall _days data).



4 Average Seasonal Maximum Temperatures (1892-2022): A
Decadal Perspective

This task 1 includes 3 functions. The first function calculates the average seasonal maximum
temperature, second function extract every tenth year for plotting and the finale function is for
creating and display multiple bar graph.

Figure 3 shows the flowchart of first function, which is calculate the average seasonal
maximum temperature.

Figure 3:Calculate Average Seasonal Maximum Temperature

calculate_average_seasonal_max
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The function uses the %>% (pipe) operator from the dplyr package to create a sequence of data
manipulations. It groups the input data by the "year"' column using the group_by function. It
then uses the summarize function to calculate the mean of the seasonal temperature columns
(spr, sum, aut, win) for each year. The result is a data frame (average_seasonal_max) where
each row represents a unique year, and columns represent the average seasonal maximum
temperatures for spring (spr), summer (sum), autumn (aut), and winter (win). Then, The
function returns the summarized data frame.

Figure 4 shows the flowchart of the second function which extract every tenth year for plotting.
As we can see in Figure 4, The function extracts every tenth row from the input data frame,
effectively selecting every tenth year. The selection is based on the row indices using the seq
function with a step size of 10, starting from the 9th row (from 1892 onwards) to avoid
extracting the first row (from 1884). The function returns the data frame containing every tenth
year.



Figure 4: Extract Every tenth Year

le——
extract_every_tenth_year
Y
every_tenth_year
A4
Extract every tenth Return
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Figure 5 shows the flowchart of third function, which create a multiple bar graph.
Figure 5: Plot the Multiple Bar Graph

[

create_multiple_bar_graph J

A 4

Prepare data for multiple bar
graph

A 4

plot graph using
ggplot2

Display graph

The function uses the gather function from the tidyr package to reshape the input data frame
into a long format suitable for plotting[1]. It then uses ggplot2 to create a multiple bar graph
(multiple_bar_plot) with the reshaped data[1].

The function prints and displays the created multiple bar graph.

Note: This function does not explicitly return an object as it is designed for visualization rather
than data manipulation.

Flowchart of the main script of this section is shown in Figure 6.



Figure 6: Task 1 Main Script

| Start

A4

average_seasonal_max <-
calculate_average_seasonal_max(max_temp_data)

A4

every_tenth_year <-
extract_every_tenth_year(average_seasonal_max)

!

create_multiple_bar_graph(every_tenth_year)

In the main script, the average seasonal maximum temperatures are computed from the
max_temp_data, resulting in the average_seasonal _max data frame. Subsequently, every
tenth year is extracted from this dataset, and a multiple bar graph is created using ggplot2 to
visually represent the trends in seasonal temperatures over time.

Finale output of this section can be shown in Figure 7. The x-axis represents the year, the y-
axis represents the temperature, and different bars represent different seasons.

Figure 7: Average Seasonal Maximum Temperature per Decade (1892 - 2022)
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5 Correlation Between Annual Rainfall and Maximum
Temperature

In this task, the script computes the correlation between the total annual rainfall and the annual
maximum temperature by making a plot.

Figure 8 shows the flowchart of 2 functions, which calculate the correlation and create a
scatterplot with support line.

Figure 8: Correlation and Scatterplot
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The max_temp_data and rainfall mm_data - two data frames containing information on
annual maximum temperature and annual rainfall, respectively. Firstly, function merges the two
data frames based on the 'year' column, including only the years where both datasets have
complete observations (all = FALSE). Secondly, it Calls another function
calculate_and_print_correlation to calculate and print the correlation coefficient between the
annual maximum temperature and annual rainfall. Lastly, it creates scatterplot with color and
trendline using plot function.

In main script by writing below script, we can run the code and see the correlation value:
analyze_annual_max_temp_vs_rainfall(max_temp_data, rainfall_ mm_data)
The correlation coefficient value of annual maximum temperature and annual rainfall is 0.0725.

Figure 9 shows the scatterplot with a trendline.

11



Annual Rainfall

Figure 9: Annual Maximum Temperature vs Annual Rainfall

Scatterplot of Annual Maximum Temperature vs. Annual Rainfall
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6 Shapiro test and t-test

A t-test is a statistical method used to compare the means of two groups and determine if there
is a significant difference between them. It's particularly useful when dealing with small sample
sizes.

In this task we perform t-test to identify whether there is a significant difference in minimum
temperatures between August 1890-1910 and August 2000-2020.

Figure 10 shows the flowchart of the functions we used to perform Shapiro test and t-test.

Figure 10: Shapiro test and t-test

L data
start year Subset Data By
—_— .
S RS> g year, Time Period
A r month
Return
Subset Data
) Data1 Perform Shapiro Test
perform_t_test > Data2 > on Both Data
Print t-test Print Shapiro
Result e ¢ Test Values

Subset_temp_data function takes input data, start year, end year and month. It Subsets the
input data based on the specified time period (from start year to end year inclusive) and
returns the subset of data corresponding to the specified month.

In perform_t_test function, input 2 data and perform Shapiro tests on both the data. Then we
print the p-value of both data. After that we conduct the t-test on both data and prints the
result of the t-test. [3]

The main body of this task is shown in Figure 11.

Figure 11: Main Script of t-test

min_temp_1890_1910 <- subset_temp_data(min_temp_data, 189
min_temp_2000_2020 <- subset_temp_data(min_temp_data, 2000, 2020,

boxplot(min_temp_1890_1910, main "Minimum Temperature

boxplot(min_temp_2000_2020, main "Minimum Temperature

perform_t_test(min_temp_1890_1910, min_temp_2000_2020)
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The code uses the subset temp data function to extract minimum temperature data specifically
for August in the years 1890-1910 and 2000-2020.

Two boxplots are generated to visually compare the minimum temperatures for August in the
specified time periods. The first boxplot represents the period from 1890 to 1910, and the
second boxplot represents the period from 2000 to 2020.

The code concludes by calling the perform t test function, which conducts Shapiro tests to
assess the normality of the data and performs a t-test to determine if there is a significant
difference in minimum temperatures between the two specified time periods.

Figure 12 and Figure 13 show the boxplots.
Figure 12: Boxplot of period 1890-1910
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Figure 13: Boxplot of period 2000-2020

Minimum Temperature of August between 2000 and 2020
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As we can see in both boxplots, there is no outliers are present in either dataset, suggesting that
further data filtering is unnecessary.

Figure 14 shows the result of Shapiro test and t-test.

The p-value for the Shapiro test on the data sample from 1890-1910 is greater than the common
significance level of 0.05 which is 0.05. [3] Therefore, we do not have enough evidence to reject
the null hypothesis of normality. The data appears to be reasonably normally distributed.
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Figure 14: Results of Shapiro Test and t-test

[1] "shapiro Test p-value (1890-1910): 0.0522694417128314"
[1] "shapiro Test p-value (2000-2020): 0.136542565918646"

wWelch Two Sample t-test

data: datal and data?
t = -4.6707, df = 39.819, p-value = 3.388e-05

alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:
-1.5555841 -0.6158445
sample estimates:
mean of x mean of y
10.24286 11.32857

Similarly, the p-value for the Shapiro test on the data sample from 2000-2020 is greater than
0.05. This indicates that, based on the Shapiro test, we do not have enough evidence to reject
the null hypothesis of normality for this dataset.

The p-value for the Welch Two Sample t-test is very small (p-value = 3.388e-05), well below
the common significance level of 0.05. [3] Therefore, we reject the null hypothesis that there is
no difference in the means of the two groups. The small p-value suggests that there is a
significant difference in minimum temperatures between the two time periods (1890-1910 and
2000-2020). [3]
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7 ANOVA Test and post-hoc tests (Tukey's HSD)

To find out if there are statistically significant differences in the annual numbers of wet days
in each whole decade beginning in 1891 and ending in 2020, we conduct an ANOVA test in
this task.

ANOVA (Analysis of Variance) is a statistical method used to analyze the differences among
group means in a sample. [3] It assesses whether there are any statistically significant
differences between the means of three or more independent groups.

Post-hoc tests, such as Tukey's Honestly Significant Difference (HSD), are performed after an
ANOVA when the null hypothesis is rejected, indicating that there are significant differences
between groups.

The following Figure 15 shows the flowchart of the function we used to perform ANOVA and
post-hoc tests.

Figure 15: ANOVA and Post-hoc tests

perform_anova_and_posthoc data
L ) start year Decade=
endyear, |/ L3/ Each Complete
Decade breaks Decade e T
Print

ANOVA test
Perform Pst-hoc 3 I Result
. tests
Print

Create a Boxplot to Visulize FESHIRE
Annual Numbers of Wet Days <—| EEOiE

by Decade

The function takes inputs: data (the dataset), start year, end_year, and decade_ breaks
(indicating breaks for each complete decade).

A new variable 'Decade’ is created by cutting the 'year' variable in the dataset into discrete
intervals based on the specified decade breaks. This variable represents each complete decade.

An ANOVA (Analysis of Variance) test is performed using the aov function. The dependent
variable is 'ann' (annual numbers of wet days), and the factor is the newly created 'Decade’
variable and print the summary of ANOVA test.

To identify where the differences lie, post-hoc tests (specifically, Tukey's HSD) are performed
on the ANOVA results using the TukeyHSD function and print the result of this tests.

Finally, a box plot is created to visually represent the annual numbers of wet days by decade.
This plot provides a graphical summary of the distribution of the data, highlighting potential
variations between decades.
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Below R script is used to call this function and complete this task:

decade_breaks <- seq(1890, 2020, by = 10)

perform_anova_and_posthoc(rainfall_days data, 1891, 2020, decade breaks)

Figure 16 shows the summary of ANOVA test.

Figure 16: Summary of ANOVA Test

Residuals 117

0

Df Sum Sq Mean Sq F value Pr(GF)
as.factor (Decade) 12

4571
27298
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233.3

1.632

0.05

0.0917

0.1

1

The p-value of ANOVA test is 0.0917, suggests that there is a marginally significant difference
in the mean annual numbers of wet days across the different decades.

The result of post-hoc test is shown in Figures 17 and 18.

Figure 17: Result of Post-hoc test_1
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Figure 18: Result of Post-hoc test 2
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7.1 Analysis

The 'p adj' column provides adjusted p-values after considering multiple comparisons. If this
value is less than the significance level (commonly 0.05), it suggests a significant difference
between the corresponding groups.

» Non-Significant Comparison: Many of the comparisons show p-values close to 1.0,
indicating a lack of significant differences between the corresponding decades. [3] For
example, "2-1," "3-1," "4-1," and several others have high p-values.

» Significant Comparison: Some comparisons have lower p-values, suggesting
significant differences. For instance, "9-4" has a p-value of 0.1029, indicating a
borderline significance, while "8-4" has a p-value of 0.5270, suggesting no significant
difference. [3]

This analysis provides insights into which pairs of decades exhibit significant differences in
mean annual numbers of wet days.
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Figure 19 shows the boxplot annual numbers of wet days by decades. This plot provides a
graphical summary of the distribution of the data, highlighting potential variations between
decades.

Figure 19: Boxplot of Annual numbers of Wet Days by Decades
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8 Reflection

8.1 Challenges

Statistical Interpretation: Accurately interpreting statistical results, especially for complex
analyses like ANOVA and post-hoc tests, requires a good grasp of statistical concepts.
Misinterpretation can lead to incorrect conclusions.

8.2 Learning

Data Preprocessing Importance: The provided code emphasizes the significance of data
preprocessing, including handling missing values and ensuring data types are appropriate. This
step is crucial for the accuracy of subsequent analyses.

Statistical Testing: The tasks involve various statistical tests, such as correlation, t-tests,
ANOVA, and post-hoc tests. Understanding the assumptions and implications of each test is
crucial for drawing meaningful conclusions.

8.3 Improvement for Next Time
Interactive Analysis: Exploring the data interactively with tools like Jupyter Notebooks could
be beneficial. It allows for a more dynamic exploration of the data and results.
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9 Conclusion

In conclusion, this comprehensive data analysis, conducted through R programming, has
provided valuable insights into the climate patterns in Wales. By employing various statistical
tests and visualizations, we explored the changing trends in maximum temperatures,
correlations between rainfall and temperature, differences in minimum temperatures across
distinct time periods, and the variability in annual wet days. The meticulous data preprocessing
and application of diverse statistical techniques contribute to the robustness of our findings.
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11 Appendix

Flowchart Tool: https://app.diagrams.net/

Code Generator Tool: https://chat.openai.com/
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