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Workshop breakdown
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Session 1: Lecture 11:00 a.m. – noon

Break

Session 2: Interactive 2:00 p.m. – 4:00 p.m.

Course website: https://stanley-manne-childrens-research.github.io/introR/

https://stanley-manne-childrens-research.github.io/introR/


Recap of R Basics (Day 1)
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❖ R is a programming language for data analysis

❖ Values of different types can be stored as variables

❖ Variables may have different structures (vector, matrix, data frame)

❖ Data import in R is simple with and without code

❖ Functions can be used to perform actions (mean, round, etc)

❖ Basic operations: select columns, filter rows, create new columns

❖ Simple visualizations can be created with basic plotting functions



Day 2: Data wrangling



Learning objectives

❖Review importing data

❖Be aware of the tidyverse

❖Use basic functions from dplyr to 

wrangle data sets.

5Artwork by @allison_horst



Messy vs. tidy data

ReplicateA ReplicateB

Sample Day1 Day2 Day1 Day2

Control 4 40 6 48

Treatment 4 7 3 5
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color
merged cells multiple column titles



“Tidy” data

7Illustrations from the Openscapes blog Tidy Data for reproducibility, efficiency, and collaboration by Julia Lowndes and Allison Horst

https://www.openscapes.org/
https://www.openscapes.org/blog/2020/10/12/tidy-data/


Sample Value Replicate Day

Control 4 A 1

Control 40 A 2

Control 6 B 1

Control 48 B 2

Treatment 4 A 1

Treatment 7 A 2

Treatment 3 B 1

Treatment 5 B 2

Messy vs. tidy data
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ReplicateA ReplicateB

Sample Day1 Day2 Day1 Day2

Control 4 40 6 48

Treatment 4 7 3 5



What is the Tidyverse?

❖ A collection of packages 
designed to facilitate data science 

❖ Intended to make data scientists 
more productive by guiding them 
through workflow

❖ Great for data manipulation, 
exploration, and visualization 
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Tidyverse packages
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library(tidyverse)



readr for reading flat files



Importing data using 
the environment window
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Introduction: readr

❖ A collection of functions to import/export your data quickly and efficiently
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readr::read_csv()

readr::read_tsv()

readr::write_csv()

readr::write_tsv()

To export data:

To import data:



dplyr for wrangling data



Introduction: dplyr

❖select() to keep columns based on names

❖filter() to keep rows based on values

❖rename() to give columns new names

❖mutate() to add new (or change existing) columns

❖group_by() to group rows by columns

❖summarize() to condense multiple columns

❖xxx_join() to combine datasets
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Collection of functions as verbs to easily describe what you 
want to do with your data 



Starwars dataset
variables

observations values

data(starwars) starwars <- dplyr::starwars



dplyr::select()

to keep columns based on names



Basic operations on data: 
Selecting column(s)
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A data frame named 2021_temp:

To single out month, day, and temp_F

2021_temp[, c(month, day, temp_F)]

month     day   year   temp_F
1    January   1     2021   23
2    January   2     2021   14
3 January   3     2021   18
...
363 December  29    2021   34
364 December  30    2021   36
365  December  31    2021   32

2021_temp[, 1]

row column

To single out the month column

2021_temp$month

To single out the month column

name of column



dplyr::select()
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Objective: select name and homeworld columns

library(dplyr)

data(starwars)

starwars[, c(1, 10)] Select using base R

Load in data

dplyr::select(dataframe, columns_to_keep)

starwars[, c(“name”, “homeworld”)]

Select using 
dplyr::select()

dplyr::select(starwars, name, homeworld)

dplyr::select(starwars, (name:homeworld))starwars2 <- dplyr::select(starwars, -gender)



dplyr::filter()

to keep rows based on values



Basic operations on data: 
Subsetting data
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A data frame named 2021_temp:

month     day   year   temp_F
1    January   1     2021   23
2    January   2     2021   14
3 January   3     2021   18
...
363 December  29    2021   34
364 December  30    2021   36
365  December  31    2021   32

To select rows where temp_F < 20

2021_temp[2021_temp$temp_F < 20,]

row column

month     day   year   temp_F
1    January   2     2021   14
2 January   3     2021   18
3 January   4     2021   19
...
53 December  17    2021   10
54 December  18    2021   12
55   December  22    2021   15



dplyr::filter()
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Objective: Filter to keep rows with height > 150

Filter using base R

dplyr::filter(dataframe, condition(s))

starwars[starwars$height > 150,]

Filter using 
dplyr::filter()

dplyr::filter(starwars, height > 150)

dplyr:: filter(starwars, species == “Human”, height > 150)

dplyr::filter(starwars, species == “Human”)



pipe (%>%)

for “piping” data from left to right



Without pipes
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pipe (%>%)

dplyr::filter(starwars, species == “Human”, height > 150)

With pipes

starwars %>%
dplyr::filter(species == “Human”, height > 150) %>%
dplyr::select(name, species, height)

Objective: Filter to include only Humans with height > 150

starwars %>% dplyr::filter(species == “Human”)starwars %>%
dplyr::filter(species == “Human”) %>%
dplyr::filter(height > 150)



Combine filter() and select()

Challenge!

1. Keep rows where height > 100

2. Keep species: human

3. Remove column: vehicles

4. Keep columns: name, homeworld, height, species
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dplyr::filter(dataframe, condition(s))

dplyr::select(dataframe, columns_to_keep)



starwars %>%starwars %>%
dplyr::filter(height > 100)

Combine filter() and select()
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Challenge!

1.Keep rows where height > 100

2.Keep species: human

3.Remove column: vehicles

4.Keep columns: name, homeworld, height, species

starwars %>%
dplyr::filter(height > 100) %>%
dplyr::filter(species == "Human")

starwars %>%
dplyr::filter(height > 100) %>%
dplyr::filter(species == "Human") %>% 
dplyr::select(-vehicles)

starwars %>%
dplyr::filter(height > 100) %>%
dplyr::filter(species == "Human") %>% 
dplyr::select(-vehicles) %>%
dplyr::select(name, homeworld, height, species)



dplyr::rename()

to give columns new names



28

dplyr::rename()

dplyr::rename(dataframe, new_name = old_name)

Objective: Rename name column to character.

dplyr::rename(starwars, character = name) starwars %>% 
dplyr::rename(character = name)



dplyr::mutate()

to add new (or change existing) columns
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dplyr::mutate()

dplyr::mutate(dataframe, new_column = expression)

Objective: Calculate BMI of all starwars characters

BMI = weight (kg) / [height (m)]2

cm

1. Convert height in cm to height in m
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dplyr::mutate()

dplyr::mutate(dataframe, new_column = expression)

Objective: Calculate BMI of all starwars characters

BMI = weight (kg) / [height (m)]2

1. Convert height in cm to height in m

new_starwars <- starwars %>% 
dplyr::mutate(height_m = height/100)

2. Calculate BMI as new column

new_starwars <- starwars %>% 
dplyr::mutate(height_m = height/100) %>%
dplyr::mutate(bmi = mass/height_m^2)



Combine dplyr functions

Challenge!

1. Rename “height” column to “height_cm”

2. Calculate new column “height_m”

3. Keep height greater than 1 meter

4. Keep all columns: name -> species
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dplyr::filter(dataframe, condition(s))

dplyr::select(dataframe, columns_to_keep)

dplyr::rename(dataframe, new_name = old_name)

dplyr::mutate(dataframe, new_column = expression)



starwars %>%

Combine dplyr functions

Challenge!

1. Rename “height” column to “height_cm”

2. Calculate new column “height_m”

3. Keep height greater than 1 meter

4. Keep all columns: name -> species
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starwars %>%
dplyr::rename(height_cm = height)

starwars %>%
dplyr::rename(height_cm = height) %>%
dplyr::mutate(height_m = height_cm/100)

starwars %>%
dplyr::rename(height_cm = height) %>%
dplyr::mutate(height_m = height_cm/100) %>% 
dplyr::filter(height_m > 1)

starwars %>%
dplyr::rename(height_cm = height) %>%
dplyr::mutate(height_m = height_cm/100) %>% 
dplyr::filter(height_m > 1) %>%
dplyr::select(name:species)



dplyr::group_by()

to group rows by columns
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dplyr::group_by()

dplyr::group_by(dataframe, column_to_group_by)

Objective: Group starwars data frame by gender

grouped_starwars <- starwars %>% 
dplyr::group_by(gender)



dplyr::summarize()
dplyr::summarise()

to condense multiple columns
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dplyr::summarize()

dplyr::summarize(dataframe, new_column = expression)

Objective: Calculate average height per gender.

grouped_starwars <- starwars %>% 
dplyr::group_by(gender) %>%
dplyr::summarize(avg_height = mean(height))

??

?mean
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dplyr::summarize()

dplyr::summarize(dataframe, new_column = expression)

Objective: Calculate average height per gender.

grouped_starwars <- starwars %>% 
dplyr::group_by(gender) %>%
dplyr::summarize(avg_height = mean(height))

??
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dplyr::summarize()

dplyr::summarize(dataframe, new_column = expression)

Objective: Calculate average height by gender.

grouped_starwars <- starwars %>% 
dplyr::group_by(gender) %>%
dplyr::summarize(avg_height = mean(height, na.rm = TRUE))
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dplyr::summarize()

Compare mutate() and summarize() to calculate average height 
by gender

dplyr::summarize()
dplyr::mutate()

...



dplyr::xxx_join()

to combine datasets
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dplyr::xxx_join()

dplyr::xxx_join(dataframe1, dataframe2, by = column_in_common)

semi_join()

anti_join()

“Filtering joins”
Filters rows based on the presence or absence 
of matches

“Mutating joins”
Add columns, matching rows based on keys

left_join()

right_join()

full_join()

inner_join()
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dplyr::xxx_join()

dplyr::xxx_join(dataframe1, dataframe2, by = column_in_common)

df1 df2



44

dplyr::left_join()

dplyr::left_join(dataframe1, dataframe2, by = column_in_common)

dplyr::left_join(df1, df2, by = “A”)

df1 df2
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dplyr::left_join()
dplyr::left_join(df1, df2)

• Return all rows from df1
• Return all columns from df1 and df2
• Rows in df1 with no match in df2 will be returned as NA

df1 df2
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dplyr::right_join()

dplyr::right_join(dataframe1, dataframe2, by = column_in_common)

dplyr::right_join(df1, df2)

df1 df2
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dplyr::right_join()
dplyr::right_join(df1, df2)

• Return all rows from df2
• Return all columns from df1 and df2
• Rows in df2 with no match in df1 will be returned as NA

df1 df2
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dplyr::full_join()

dplyr::full_join(dataframe1, dataframe2, by = column_in_common)

dplyr::full_join(df1, df2)

df1 df2
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dplyr::right_join()
dplyr::right_join(df1, df2)

• Return all rows from df1 and df2
• Return all columns from df1 and df2
• Where there are not matching values, return NA

df1 df2



Recap
❖Read/write data with readr

❖Rows:

– filter() chooses rows based on column values.

❖Columns:

– select() changes whether or not a column is included.

– rename() changes the name of columns.

– mutate() changes the values of columns and creates new columns.

❖Groups of rows:

– summarize() collapses a group into a single row.

❖Join data frames using xxx_join()

50



Questions?



Tidyr for “tidying” data



Introduction: tidyr

❖pivot_longer() to collapse multiple columns

❖pivot_wider() to expand one column to multiple

53

Collection of functions as verbs to easily “tidy” your data 



Wide vs. Long data

54
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Wide vs. Long data

Q1: Find the average of each student’s midterms
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Wide vs. Long data

Q1: Find the average of each student’s midterms

df %>%
dplyr::mutate(average = mean(midterm_1, midterm_2, midterm_3))
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Wide vs. Long data

Q1: Find the average of each student’s midterms

df %>%
dplyr::mutate(average = mean(midterm_1, midterm_2, midterm_3))

Imagine you have 100 midterms to average… this would be difficult to script.
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Wide vs. Long data

Q1: Find the average of each student’s midterms

df %>%
dplyr::group_by(name) %>%
dplyr::mutate(average = mean(score))
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Wide vs. Long data

Q1: Find the average of each student’s midterms

df %>%
dplyr::group_by(name) %>%
dplyr::mutate(average = mean(score))

This script won’t change no matter how many midterms you have to score!
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Wide vs. Long data

Q2: Find the ratio between midterm 1 and 2

df %>%
dplyr::group_by(name) %>%
dplyr::mutate(average = mean(score))

This script won’t change no matter how many midterms you have to score!
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Wide vs. Long data

Q2: Find the ratio between midterm 1 and 2

df %>%
dplyr::mutate(ratio = midterm_1/midterm2)

This would be more difficult to do with the long data.



tidyr::pivot_longer()

to “lengthen” data



63

tidyr::pivot_longer()

tidyr::pivot_longer(dataframe, columns_to_pivot, name_to, value_to)
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tidyr::pivot_longer()

tidyr::pivot_longer(dataframe, columns_to_pivot, names_to, value_to)

tidyr::pivot_longer(wide_df, midterm_1:midterm_3, “midterm”, “score”)

tidyr::pivot_longer(wide_df, -name, “midterm”, “score”)



tidyr::pivot_wider()

to “widen” data
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tidyr::pivot_wider(dataframe, names_from, values_from)

tidyr::pivot_wider()
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tidyr::pivot_wider(dataframe, names_from, values_from)

tidyr::pivot_wider()

tidyr::pivot_longer(long_df, midterm, score)



Questions?
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