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[bookmark: _Toc234448472]TASK 1
[bookmark: _Toc234448473]Introduction to Dataset 
The analysis would be based on the air quality dataset, belonging from port talbot. This dataset has been containing hourly air pollution and weather condition observation, from past 9 years, starting from the year 2015, till 2024. Since this dataset has been containing data from past 9 years, this is considered best suited for examining major changes in pollutant concentration, which is crucial for exploring how weather conditions were heavily interlinked with the quality of air [6]. 
[bookmark: _Toc234411040][bookmark: _Toc234448474]Data Import, Cleaning, and Summary 
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Before beginning with the analysis, all of the critical data were reviewed for making sure that the uploaded dataset file is being read properly [5]. The column names, dataset size, as well as variable structures were checked for confirming that every observation was available here for analysis.   
[image: ]
After completely verifying the dataset, the data preparation stage is initiated. All of the entries with “No Data” labels were replaced completely with the missing values. Along with that, any of the longer variable names were also shortened to support code readability [7]. Two separate columns of date and time fields were combined as a DateTime variable.  
[image: ]
Afterwards, a final inspection of the cleaned dataset was performed, which confirmed that the selected variables were successfully converted into suitable data, while verifying that the cleaning process had been completed successfully. 
[bookmark: _Toc234411041][bookmark: _Toc234448475]Exploratory Visualization 
A significant time-series graph plot was created for PM10 and NO2, since the dataset has been containing hourly observations, which were being collected across 10-years of period. Each of the monthly average values were being used here for making sure that any of the long-term trends can easily be observed [8]. These respective graphs seem crucial for identifying major changes across each of the pollutants over a time period, as each shows repetitive peaks and low recordings across different years. 
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The PM10 graph shows how pollutant levels have been changing at regular intervals throughout the years, with significant ups and downs, as can be observed clearly.
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Consequently, the graph for NO2 shows constant variation with complete declining rate towards the later years of the dataset [3]. These kinds of observations were responsible for suggesting how a pollutant conversation was never stable and can easily get influenced by the frequently changing environmental conditions. 
[image: ]
Furthermore, scatterplots were created for analyzing the basic relationships among the air pollutants and weather conditions. The graphs here were comparing PM10 with the wind speed, which explains that with higher wind speed, the concentration of PM10 would be lowered simultaneously. 
[image: ]
Consequently, another scatterplot graph was created for NO2 and temperature, which would be focused on analysing how the concentration of NO2 can be impacted by changing atmospheric temperature. These visual graphs have been providing an initial understanding of the basic relationship among different pollutants and other weather conditions. 
[bookmark: _Toc234411042][bookmark: _Toc234448476]Correlation Analysis 
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A detailed correlation analysis has been performed to examine the basic relationship among the selected pollutants, which mostly include PM10, PM2.5, NO2, NOX, as well as Ozone. Before properly calculating their correlations, the basic distribution among the pollutants was determined [4]. As these data shows immensely skewed values, Spearman correlation method has been utilized for providing much more reliable assessment of the entire relationship among these selected pollutants. As per the correlations, it was observed that the NO2 and NOX have higher correlations among them, whereas PM10 and PM2.5 have stronger positive association among each other. 
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The correlation heatmap and scatterplot graph have been used here to present the complete relationship among these selected pollutants using a complete visual format. The heatmap has been revealing the basic strength and direction for each of the correlations, which responsibly helps in making this comparison much easier. During analysis, a positive relationship was revealed among NO2 and NOX, while that of PM10 and PM2.5 [2]. Furthermore, Ozone tends to show a negative relationship with both the NO2 and NOX, which indicates that with higher level of Ozone were directly linked with the lower concentration of these identified pollutants. 
[bookmark: _Toc234411043][bookmark: _Toc234448477]Hypothesis Test — Two Conditions 
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For investigating the wind speed, and how it affects particulate matter levels, PM10 concentration levels have been compared under extreme low and high wind speed conditions. These two different wind speed groups have been created using a median wind speed, which would be crucial for providing an objective threshold, apart from just randomly selecting a cut-off value. 
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The null hypothesis performed here has been stating how no statistical differences would be created using the PM10 concentration among the two wind speed groups, while a completely alternative hypothesis has been proposed for specifying that a significant difference still exists here.  Hence, before successfully selecting the statistical test, the normality of PM10 has been distributed among every group using Shapiro-Wilk test method [1]. The final result obtained here highlighted how both the groups have a p-value lowered than 0.05, hence indicating that the PM10 data were not properly distributed. Since normality assumptions were not being satisfied here, Wilcoxon rank-sum test has been conducted for comparing both the independent groups. 
[image: ]
Considering the Wilcoxon Rank-Sum test, the statistic value of W = 909754218, p<2.2x10-16 is obtained, which indicates that the PM10 concentration is completely different across both the wind speed groups. Though the p-value obtained is less than 0.05, the null hypothesis is completely rejected, as well as an alternative hypothesis value is accepted [5].  The descriptive statistics have been indicating that the median PM10 concentration is much more higher during strong wind speed, than during poor wind speed conditions. 
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The boxplot further has been illustrating these differences, while clearly showing a slightly higher central value for high wind speed, despite the several extreme conditions followed across each observation [1]. While some other environmental factors could responsibly be influencing pollutant level, the statistical result has been showing that wind conditions play major role for creating variations among the airborne particulate matters.
[bookmark: _Toc234448478]Seasonal Group Comparison
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The seasonal comparison has been made, which helps to find details on whether PM10 levels have changed at different seasons such as Winter, Spring, Summer, and Autumn. The seasonal variables are being created by using the general meteorological classification [13]. This step was highly important because it helps in the process of having a properly organized layout for the hourly PM10 records into four killer seasonal groups before it is taken for statistical analysis.	|
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First, a boxplot has been created that helps to make a comparison regarding how PM10 concentrations were spread across four seasons. The graph is highly appropriate and necessary because it helps to provide a clear representation of the median, the variation in values, and the extreme observations which are being found for each season [9]. Within the boxplot, it has been clearly highlighted that PM10 concentrations were unevenly distributed, and it included different types of unusually high values. This is mostly during Spring and Summer. The seasonal summary further highlights that Spring has been able to record the highest median PM10 Level of 18.5, which is followed by Summer with 18.0, then it is the Winter with 16.9, and at the end it is the Autumn with 14.5.
[image: ]
Before making a decision for which starting health test should be applied, the PM10 data for each of the season was checked for normality, where for this the Shapiro-Wilk test has been used [11]. The outcome has provided p-values which is smaller than 0.05 which is across all four seasons. This helps in the process of showing that the PM10 values are not kind of distributed in a normal manner [14]. Due to this reason, instead of one-way ANOVA, the Kruskal-Wallis test has been selected. This makes it more viable selection for making comparison between four separate groups. 
[image: ]
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The null hypothesis highlights that PM10 concentration does not gets differ in a significant manner between the four seasons. Where the alternative hypothesis highlights that the PM10 level was very different within at least any one of the seasons [10]. Where the results which have come out from the Kruskal-Wallis test highlighted that with χ² = 1439.6, df = 3, and p < 2.2e-16, which is kind of statistically significant. Where based on these findings, the null hypothesis was not accepted. 
The results completely confirm that PM10 concentrations are impacted in a significant manner across the different seasons [12]. Further analysis, which has been made by using post-hoc Wilcoxon tests with the Holm adjustment, showed that statistically significant differences are present between different types of seasonal pairs, which even includes the comparison between Spring and Summer. 


[bookmark: _Toc234448479]TASK 2
[bookmark: _Toc234448480]Reflective Summary
Approach to Analysis
Within the analysis, I have started by analysing the structure and quality of the Port Talbot hourly air quality data set before making use of any type of statistical techniques. In this process, I have first analysed the variable names, data types, dataset size, and summary details in order to ensure that the data has been imported in a correct manner. Where within the next step, I have to change all “No data” entries into missing values and then convert the pollutant and weather variables into numeric values [5]. After that, I also have to join the data and time columns in order to create a single dateTime variable, which has helped me within the later analysis. 
Visualisation Reflection
I have made use of time series graphs in order to highlight the monthly PM10 and NO2 patterns because highlighting the hourly readings which have been collected over the period of 10 years would have resulted in making the complete graph highly difficult to analyse and find insights from it. Monthly averages have helped to make the long-term changes easier to view while still being capable of highlighting the details which have been noted for seasonal differences. Regarding this part, I have made selection of scatterplots because they were highly helpful for me in the process of analyzing the main relationship which is existing between PM10 and wind speed, and as well as which is between NO2 and temperature. These graphs have provided me an earlier understanding regarding the possible relationships before I was able to start the complete statistical analysis. 
Statistical Choices
The section on Spearman correlation is included because Multiple polytene variables had improper distributions, which makes it more suitable than Pearson correlation. Where the correlation matrix and heatmap have helped me to make a detailed observations of both positive and negative relationships without implying that one variable has been the reason for the other. Where before conducting out hypothesis analysis, I have used the Shapiro-Wilk test, which has highlighted that PM10 was not being distributed in a normal manner. Due to this, I have to apply the Wilcoxon rank-sum test, which helps me to make a comparison of the low and high wind-speed groups. After that, I have used the Kruskal-Wallis test for the seasonal analysis since it involves four separate seasonal groups, and the normality assumption was not being met. 
Challenges and Solutions
One of the difficulties that I have faced was within the process of dealing with the missing values. The challenges were for me to deal with unevenly distributed pollutant data and the large number of hourly observations. I have been able to manage these problems by cleaning the dataset in a proper manner, by making use of non-parametric statistical tests, and by converting the hourly data into monthly averages. Another challenge that I have faced was in the process of dealing with the incorrect distribution of pollutant concentrations, which demands for non-parametric statistical methods instead of making use of any usual parametric test. These steps are highly important and have contributed to making the results easier to understand and have also helped me to improve the reliability of the analysis. 
Learning and Future Improvements
The analysis has helped me to understand how important is to make careful preparations for data and select the correct statistical method. Where within the future, I would use regression analysis and time series models. I am also looking to make a comparison between different periods that will help me to analyse whether long-term air quality patterns have an impact or changed overtime, and I will also look to include additional pollutants that will help me to provide a detailed environmental assessment. These improvements could allow me to provide detailed evidence regarding pollutant behaviour and will also provide support for informed environmental decision-making.
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> # 3rd step - Correlation analysis

>

> # Five pollutants have been selected here for the correlation analysis.
> pollutants <- c("PMI0", "PM25", "No2", "NX", "Ozone")

>

> correlation data < Airquality %%

+  select(all_of (polTutants)) %%

+ drop_naQ)

>

> # Check skewness before selecting the correlation method.
> # Air-quality data often have high positive skew because most observations are moderate,
> # but occasional pollution episodes create extreme high values.

> skewness_results <- correlation_data %%

+  summarise(across(everything(), ~ moments::skewness(.x, na.rm = TRUE)))

>

> cat("\n--- skewness values for selected pollutants ---\n")

-~ Skewness values for selected pollutants ---
> print(round(skewness_results, 3))
# A tibble: 1 x 5

PMIO PM25 NO2 NOX Ozone

<abl> <dbl> <dbl> <dbl> <dbl>

3.87 3.10 2.00 3.63 -0.019
>
> # since four of the five pollutants show skewness above 1, spearman correlation is selected.
> # Spearman is rank-based and is more robust for skewed data and extreme pollution episodes
> # than Pearson correlation.
> cor_matrix <- cor(correlation_data, method
>
> cat("\n--- Spearman correlation matrix for selected pollutants ---\n")

spearnan”)

-~ Spearman correlation matrix for selected pollutants
> print(round(cor_matrix, 3))
PMIO M5 NoZ  NOX Ozone
PMIO 1.000 0.688 0.259 0.305 0.135
PM25 0.688 1.000 0.348 0.319 -0.029
N0 0.250 0.348 1.000 0.942 -0.416
Nox 0.305 0.319 0.942 1.000 -0.402
ozone 0.135 -0.029 -0.416 -0.402 1.000
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# 4th Step - Hypothesis Test — Two Conditions

#  PuL0 under Tow vs high wind speed

Research focus:
Does PM10 differ between low and high wind-speed conditions?

N1 hypothesis HO:
There s no statistically significant difference in Pu10 levels between
Tow and high wind-speed conditions.

Alternative hypothesis Hi:
There is a statistically significant difference in PM10 Tevels between
Tow and high wind-speed conditions.

AR

# select the variables required for the analysis and remove missing values.
prl0_wind_test <- Airquality %%

select(pH10, Windspeed) %%

drop_naQ)

# Use the median wind speed as a data-driven threshold to create two groups.
# This avoids selecting an arbitrary cut-off value.
median_wind <- median(pm0_wind_testsSwindspeed, na.rm = TRUE)

pi10_wind_test <- pmi0_wind_test %%
mutate(
windGroup = if_else(
windspeed <= median wind,
Low wind speed”
High wind speed

)

# pisplay descriptive statistics for each wind-speed group.
- PM10 Summary by wind-speed Group ---\n")

PM10 Summary by wind-speed Group ---

print(
p10_wind_test %%
group_by (windGroup) %%
sumnarise(
n=n0,
Mean = mean(pw10),
Median = median(Pu10),
D = sd(P10),
~groups = "drop”

)

A tibble: 2 x 5
windaroup n wean vedian D
<chr> <int> <dbl> <dbl> <dbl>
High wind speed 40000 25.7 18.4 25.7
Low wind speed 40162 21.0 15.4 19.7
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# Check normality before selecting the statistical test

# The shapiro-wilk test assesses whether P10 follows a normal distribution.
# Because the dataset is very large, a random sample (maximum 5000 observations)
# s used since the shapiro-wilk Test becomes overly sensitive for large samples.

>
>

>

>

>

>

>

>

> set.seed(123)
>

> sample_pmi0 <- pmi0_wind_test %%
+ group_by(winderoup) %%

+  group_modify(~ slice_sample(.x, n = min(nrow(.x), 5000))) %%
+  ungroupQ)

>
>

cat("\n--- shapiro-wilk Normality Test ---\n")

-~ shapiro-wilk Normality Test -
>

> shapiro_results <= by(

+  sample_pmi0Seu10,

+  sample_pmiL0SwindGroup,

+ _ shapiro. test
+
>

)

> print(shapiro_results)
sample_pmi0SwindGroup: High wind speed

shapiro-wilk normality test

data: dd[x, ]
W= 0.68637, p-value < 2.2e-16

sample_pmi0SwindGroup: Low wind speed

shapiro-wilk normality test

dd[x, ]
0.71416, p-value < 2.2e-16

H

# The shapiro-wilk tests were significant for both wind-speed groups
# (p < 0.05), 50 the normality assumption was violated. Therefore,
# the wilcoxon rank-sum Test was appropriate.

VvV vy
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wilcoxon Rank-sum Test
> print(pm10_wilcox)

wilcoxon rank sum test with continuity correction

data: Pw10 by windGroup
W = 909754218, p-value < 2.2e-16
alternative hypothesis: true location shift is not equal to 0

>
> # Interpretation:

> # The wilcoxon test was stavistically significant (W = 909754218,
> #p < 2.2e-16). Therefore, HO is rejected.

> # PUI0 concentrations differed significantly between Tow and high
> # wind-speed conditions, The median PW10 value was higher during
> # high wind speed (18.4) than low wind speed (15.4).

>
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> # Sth step - seasonal Group Comparison

# seasons are defined using standard meteorological groupings:
# winter — Dec, Jan, Feb; Spring - Mar, Apr, May;
# Sunmer = Jun, Jul, Aug; Autumn = Sep, OCt, Nov.
Afrquality < Airquality %%
mutate(
season = case_when(
month(pateTine) %irs c(12, 1, 2)
morth(pateTine) %irss c(3, 4, 5) ~ "
morth(pateTine) %irss c(6, 7, 8) ~
month(pateTine) %irs c(9, 10, 11) ~
TRUE ~ NA_character_
),
Season = factor (season, levels = c("winter”,

+ "Autumn™))

)

pri10_season <~ Airquality %%
select(PM10, Season) %%
drop_naQ)

VYRRV VR R VY YV Y Y

cat("\n -\n)

- PMLO sunmary by season

PM10 summary by season ---
print(
pri10_season %%
group_by(season) %%
sumnarise(
n=n0,
mean_PI0 = mean(PM10, na.rm = TRUE),
median P10 - median(Pu10, na.rm - TRUE),
5d_pM10 = 5d(PHIO, na.rm = TRUE),
10R(PHL0, na.rm = TRUE),

B

A vibble: 4 x 6
Season  n mean_PM10 median_PM10 sd_PM10 IQR_PM10

<fc> <int> <dbl> <abl> " <dbl>  <dbl>
winter 19897 23.4 169 236 181
spring 20848 26.0 185 255 205
Summer 20174 25.4 18 2.1 188

Autumn 21021 19.2 1.5 181 135
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seasonal hypotheses:

N1 hypothesis HO:

There s no statistically significant difference in Pu10 Tlevels across
winter, spring, summer and Autumn.

Alternative hypothesis i:
AT Teast one season has a statistically different pM10 Tevel.

A

The shapiro-wilk test is used to check whether P10 is normally
distributed within each season. A random sample of up to 5000
observations per season is used because the dataset is large.

set.seed(123)

sample_pmi0_season <~ pml0_season %%
group_by (Season) %%

group_modify(~ slice_sample(.x, n = min(nrow(.x), 5000))) %%
ungroup)

VY AR RV VYV VY YV VY Y VY Y Y Y
TS

- shapiro-wilk Normality Test for PM10 by Season ---\n")

shapiro-wilk Normality Test for PM10 by Season -

shapiro_season_results <- by(
sample_pm10_seasonsPM10,
sample_pm10_seasonsseason,
shapiro. test

)

> print(shapiro_season_results)
sample_pmi0_seasonsseason: winter

v

shapiro-wilk normality test

data: ddlx, ]
W= 0.70015, p-value < 2.2e-16

sample_pmi0_seasonsseason: spring

shapiro-wilk normality test

data: dd[x, ]
W= 0.66376, p-value < 2.2e-16

sample_pmi0_seasonsseason: Summer

shapiro-wilk normality test

data: dd[x, ]
W = 0.70498, p-value < 2.2e-16




image19.png
sample_pmi0_seasonsseason: Autumn
shapiro-wilk normality test

data: dd[x, ]
W= 0.63263, p-value < 2.2e-16

# Kkruskal-wallis is selected because there are four independent seasonal groups
# and the shapiro-wilk tests indicate that PM10 is not normally distributed

# within the seasonal groups. This is the non-parametric alternative to

# one-way ANOVA.

VYV Y VY

> pmi0_kruskal <- kruskal.test(PM10 ~ Season, data = pml0_season)
>
> cat("\n--- Kruskal-Wallis test: PM10 by season ---\n")

--- Kruskal-Wallis test: PM10 by season
> print(pmio_kruskal)

kruskal-wallis rank sun test

data: _pw10 by Season
Kruskal-wallis chi-squared = 1439.6, df = 3, p-value < 2.2e-16

The kruskal-wallis test showed a statistically significant
difference in PUL0 concentrations betveen seasons
(x* = 1430.6, df = 3, p < 2.2e-16). Therefore, HO is rejected.

The seasonal summaries indicate that spring had the highest
median P10 concentration (18.5), followed by summer (18.0),
winter (16.9) and Autumn (14.5).

ETY

T

since the kruskal-wallis test was statistically significant,
post-hoc pairwise wilcoxon tests were performed to identify
which seasons differed in PM10 concentrations. Holm adjustment
was applied to control the family-wise error rate.
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-~ Post-hoc Pairwise wilcoxon Tests (Holm Adjustment)

>
> posthoc_season <- pairwise.wilcox. test(
+ pmi0_seasonSeM10,

+  pmi0_seasonsseason,

+  p.adjust.method = “holn",
+

+

>

>

exact = FALSE
)

print (posthoc_season)
pairwise comparisons using wilcoxon rank sum test with continuity correction

data: pmi0_seasonseM10 and pml0_seasonsseason
winter spring summer

spring <2e-16 - -

Summer <2e-16 0.035 -

Autumn <2e-16 <2e-16 <2e-16

value adjustment method: holm

Interpretation:

The overall kruskal-wallis test was statistically significant
(X* = 1430.6, df = 3, p < 2.2e-16), 50 HO was rejected.

ETTY

The post-hoc results showed that all pairwise seasonal comparisons were
statistically significant after Holm adjustment. The difference

between spring and Summer was also significant (adjusted p = 0.035),
although it was smaller than the differences involving Autumn or Winter.

o

overall, Pu10 concentrations varied significantly across seasons,
with the highest median concentration observed in spring and the
Towest in Autumn.
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Console  Terminal - Background Jobs EE]

R+ R441 . ~/R Code/Air Qualty Ansiyis 93/
# Providing datafile path a
data_file <~ "Port_Talbot_HourTy_AQ. csv”

# Inporting the dataset in a dtaframe named Airquality
Afrquality <- read_csv(data_file, show_col_types = FALSE)

# Check column names and data types.
Column names ---\n")

VVVY VY Y Y

column names

print (nanes (airquality))
3]
Bl
5]

v

Nitrogen dioxide”
Nitrogen oxides as nitrogen dioxide”
sulphur dioxide”

‘carbon monoxide”

PM10 particulate matter (Hourly measured)

"Status. 10"

pata structure ---
> str(airquality)
spc_tb1_ [87,672 x 24] (s3: spec_tbl_df/tb1_df/tbl/data. fram

s Date chr [1:87672] "01/01/202
s Time
.- attr(+, “units")= chr “secs”
s ozone chr [1:87672]
$ status chr [1:87672]
s Nitric oxide chr [1:87672]
$ status.1 chr [1:87672]
S Nitrogen dioxide chr [1:87672]
$ status.2 chr [1:87672]
S Nitrogen oxides as nitrogen dioxide chr [1:87672]
$ status.3 chr [1:87672]
s sulphur dioxide chr [1:87672]
$ status.4 chr [1:87672]
$ Carbon monoxide chr [1:87672]
$ status. 5 chr [1:87672]
S PM10 particulate matter (Hourly measured) : chr [1:87672] EX
S status.6 : chr [1:87672] 'V ugn-3 (TEOM FOMS)" "V ugn-3 (TEOM FOUS)”
ugn-3 (TEOM FOMS)
S P25 particulate matter (Hourly measured): chr [1:87672]
$ status.7 : chr [1:87672]
ugn-3 (TEOM FOMS)
$ vodelled wind pirection : chr [1:87672]
$ status.8 chr
$ vodelled wind speed chr
$ status.9 chr
S Modelled Temerature i chr Y,
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> # Replaces "No data” with NA across the entire data frame

> airquality[airquality —

>

No data"] <- NA

> # Rename Tong pollutant and weather variable names into shorter, readable names.
> # This_improves code clarity and reduces errors caused by repeated long column names.

rename

no2
Nox
s02

PM10
P25
windpirection
windspeed

Temperature

)

R

ez

+
+ uTe’
+)

>

>

> # Convert pollutant and weather columns to numeric.
> # This s necessary because columns containing
"No2",

No = “Nitric oxide’,

“Nitrogen dioxide’,
“Nitrogen oxides as nitrogen dioxide’,
“sulphur dioxide’,
co = “carbon monoxide’,
“PML0 particulate matter (Hourly measured)",
“pu2.5 particulate matter (Hourly measured)’,

Afrquality < Airquality %%

“Modelled wind Direction”,

> numeric_vars <- c("ozone",
+ ‘windbirectior

>

> afrquality <- Airquality %%
+  mutate(across(all_of (numeric_vars), as.numeric))

>
> cat("\n

First few rows

> print(head(airquality))

# A tibble: 6 x 25

pate  Time ozone
<chr>  <tim> <dbl>
01/01/. 01:00 32.4
01/01/. 02:00 27.1
01/01/. 03:00 34.7
01/01/. 04:00 39.2
01/01/. 05:00 36.1
01/01/. 06:00 33.4
i 8 more variables:

status
<chr>

v
v
v
v
v

v

ugn.
ugn.
ugn.
ugn.
ugn.
ugn.

status

NO Status.1 NO2 Status.2  NOX Status.3
<dbl> <chr>  <dbl> <chr>  <dbl> <chr>
0.652 v ugn-3 12.3 Vugn-3 13.3 V ugn-3

NA vugn3 NA  Vugm3 NA v ougn-3
0.461 v ugn-3 12.3 V ugm-3 13.0 V ugn-3
0.403 v ugn-3 7.2 V ugm-3  7.86 V ugn-3
0.202 v ugn-3  7.33 V ugm-3  7.64 V ugn-3
0.403 v ugn-3  8.89 V ugm-3  9.51 V ugn-3

7 <chr>, windirection <dbl>, Status.8 <chr>.

- First few rows —--\n")

“Modelled wind speed”,
“Modelled Temperature”

"Nox",
“windspeed”,

# Convert date/time columns into proper date-time format
# The dataset uses day/month/year format, so dny() is used rather than mdyQ).
AfrqualitySpateTime <- as.POSIXCE(
paste(airqualityspate, AirqualitysTime),
format = "d/n/%y wHiiEs",

Temperature <dbl>, Status.10 <chr>, DateTime <dttm>

"PULO",
"Temperature”)

o data” may be imported as character.
PM25",

502 status.4
<dbl> <chr>

0.442 v ugn-3
0.707 V ugn-3
0.928 v ugn-3
0.663 v ugn-3
0.398 v ugn-3
0.464 V ugn-3

windspeed <db1>

<o status. 5
<dbl> <chr>
0.0710 v ngn-3
0.0867 v ngn-3
0.106 v mgn-3
0.0739 v ngn-3
0.0651 v ngn-3
00651 v ngn-3
status.9 <chr>,

10
<dbl>
25.1
30.6
27.6
236
22.9
20.9

Status.6  Pu2s

<chr>
Vv ugn-3..
Vv ugn-3..
V ugn-3..
V ugn-3..
V ugn-3..
V ugn-3..

<dbT>
211
25
25.9
19.8
20.2
15.9




