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Sticky Note
Welcome to the third Coffee, Cookie, and Coding (C-Cubed) workshop of the 2025-26 academic year. These workshops are organized by the Public Health Data Science and Data Equity team.
 
They are primarily intended to help master's-level Public Health and Biostatistics students develop essential Data Science skills for their education and professional careers. However, we encourage anyone in the Yale community or beyond to attend and benefit from our workshop materials if they are interested. 
 
We would love to hear from you about the topics important to your work that you would like to see covered in a workshop. You are welcome to reach out to us directly or submit a request on our YSPH webpage.
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Shelby Golden, M.S.

• Worked 7 years as a Molecular 
Biologist and Biochemist.

• Received a Masters in Applied 
Computational Mathematics from 
Johns Hopkins University in 2024.

2

https://github.com/sgolde13
https://www.linkedin.com/in/shelby-golden/
https://outlook.office.com/book/BigDataSummerImmersionatYaleBDSYOfficeHours@yale.edu/?ismsaljsauthenabled
mailto:shelby.golden@yale.edu?subject=%5BTutorial%2520Inquiry%5D%2520%253cplace%2520holder%253e


Explore the tidyverse ecosystem 
and its integrated approach to 
data analysis using domain 
specific language  (~ 10 minutes)

Develop proficiency 
with tidyr, dplyr, 
and stringrwith a real-world 
worked-through example (~ 30 
minutes)

Practice data manipulation skills 
by answering prepared questions 
using COVID-19 data (~ 20 minutes)

Today’s 
Learning 

Objectives
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Shelby Golden
Sticky Note
Last semester we covered ggplot2, a popular package from the tidyverse meta-package set. If you're interested in that content, you can find slides, materials, and asynchronous webpages on our Book of Workshops webpage.
 
This workshop introduces the tidyverse more broadly through three additional packages: tidyr, dplyr, and stringr. These are chosen from the 8 core tidyverse packages because they're most commonly used by researchers for data wrangling—a critical step that comes after loading data into R.
 
I'll walk you through a worked-through example using a real-world dataset from the Johns Hopkins Coronavirus Resource Center, then you'll practice with pre-prepared questions using functions from these packages.



Our Choice Resources
• Yale’s Center for Research Computing workshop "Tidying Data" by 

Benjamin Evans

• "Learn the tidyverse" webpage of resource by tidyverse

• dplyr, tidyr, and stringr package documentation and cheat sheets 
by tidyverse
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https://www.youtube.com/watch?v=jZPWFf_rrxc
https://www.linkedin.com/in/benrevans/
https://www.tidyverse.org/learn/
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Shelby Golden
Sticky Note
The "Learn the tidyverse" webpage is a curated collection of links to online books discussing how the tidyverse meta-packages empower and enable data science techniques.

Shelby Golden
Sticky Note
The "Learn the tidyverse" webpage is a curated collection of links to online books discussing how the tidyverse meta-packages empower and enable data science techniques.
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Shelby Golden
Sticky Note
Each of you should have downloaded the entire codebase from the Book of Workshops webpage and initialized it. If you have not, please download and initialize it now while I go through some introductory slides.
 
Ensure that you open the “Questions.R” file.



Transform

Visualize

Model

Understand

Program R for Data Science (2e) - Introduction Figure 1 by Hadley Wickham, Mine Çetinkaya-Rundel, 
and Garrett Grolemund. Accessed November 15th, 2024.
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Import Tidy Communicate

https://r4ds.hadley.nz/intro#fig-ds-diagram
https://r4ds.hadley.nz/intro#fig-ds-diagram
https://r4ds.hadley.nz/intro#fig-ds-diagram
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Sticky Note
There are two common phases of data handling that follow data collection but come before analysis:
·      Extract, Transform, and Load (ETL): Represented on the left side.
·      Exploratory Data Analysis (EDA): Shown in the colored box.
 
This graphic is from Dr. Hadley Wickham’s R for Data Science textbook. Professor Wickham and his team specifically designed the tidyverse meta-package to support this workflow using domain-specific language.
 
Importing data into R can be challenging when files have unconventional formatting, but these challenges don't end once import is complete. Depending on how data is acquired, it may require varying levels of preparation and cleaning. These operations traditionally fall into "tidying" and "transforming," collectively known as "data wrangling.”
 
It's crucial that analysts examine imported data and conduct necessary cleaning steps before modeling and analysis.
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Tidyverse Package Graphic. Accessed 
November 15th, 2024.

tidyr Tools for tidying data: i.e. 
pivot_wider(), 
pivot_longer(), and 
drop_na().

dplyr Tools for transforming data: i.e. 
filter(), arrange(), and 
mutate().

stringr Tools to manage character 
strings: i.e. str_c(), 
str_detect(), and 
str_replace().

# Commonly used
# core Packages

https://www.tidyverse.org/
Shelby Golden
Sticky Note
The tidyverse is a meta-package that includes various packages designed to support a reproducible data processing pipeline. It focuses on data import, tidying, transformation, and visualization, but does not include statistical packages.
 
There are 8 core packages that get loaded in by tidyverse, which are shown here. We'll be covering three of these today and will generate a plot at the end using ggplot2. We've already offered a workshop focused on data visualization with ggplot2—if you missed it, you can find the materials on our Book of Workshops webpage.
 
Tidyverse also includes another 15 non-core packages, which you can explore through their landing page.



Dr. Hadley Wickham
• Founder of tidyverse and leader of the current team 

of collaborators.

• Chief Scientist at Posit (formerly RStudio).

• Adjunct Professor at the University of Auckland, 
Stanford University, and Rice University.

2019 COPSS Presidents' Award Winner Hadley Wickham  
Accessed November 18th, 2024.

… developing and implementing an 
impressively comprehensive computational 
infrastructure for data analysis through R 
software…

- Citation on the COPSS plaque

“ “

In 2019, he was awarded the International COPSS 
Presidents' Award for
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https://community.amstat.org/copss/awards/presidents/2018151#:~:text=Hadley%20Wickham%20of%20R%20Studio,the%202019%20COPSS%20Presidents'%20Award.
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Sticky Note
Tidyverse was first conceived by Dr. Hadley Wickham in 2016 and has been expanded with the help of multiple contributors. It quickly became one of the most popular and easy-to-use tools for data wrangling because of its intuitive design philosophy and simplified grammar.
 
In 2018, tidyverse packages constituted 5 of the top 10 most downloaded R packages. For his practical contributions to the field of statistics with tidyverse, Dr. Wickham won the prestigious COPSS award in 2019.



Break complex nested operations into 
separate lines using a pipe “|>” or “%>%”

# Base R pipe
X |> 
  log() |>
  diff() |>
  exp() |>
  round(1)

# Nested
round(
  exp(
 diff(
   log(x)
 )
  )
, digits = 1)

Example from Pipes in R Tutorial For Beginners by Karlijn 
Willems. Accessed June 11th, 2025.
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https://www.datacamp.com/tutorial/pipe-r-tutorial
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Sticky Note
Often you will need to make a few successive changes to your data frame.
 
For example, say you want to calculate the ratio between consecutive values in a vector using exponentials. First you convert the values to log, calculate the difference, then convert to exponential to get their ratio. To simplify the output, you then round to the tenth place.
 
One approach is to nest these operations, where innermost functions execute first and are passed as the argument to the next wrapped function.
However, this becomes confusing to read, especially when functions have multiple components requiring user input.
 
It is best practice to write clear, traceable code: adding comments explaining your work and avoiding complex nested operations. In R, you can use what is called the "pipe" to break these successive operations into separate lines of code. With a pipe, objects get passed from the left to the function on the right, or the function on the next line down.
 
There are two common pipes that are very similar in practice but have some notable differences: 
·      The base pipe "|>”
·      The tidyverse magrittr pipe "%>%"
 
For example, sometimes you need to stipulate which function argument you want the object to be used in. This is done using what is called a “placeholder.” Both pipes have different placeholder symbols to denote where the previous object should be used in the next function. The base pipe "|>" uses an underscore and magrittr uses a period.
 
Some functions are better suited to receive objects passed from specific pipes. In general, the tidyverse magrittr pipe is very robust and is specifically designed to pass objects into subsequent tidyverse functions. The base pipe works in most scenarios but is less robust. It has the added benefit of not requiring additional packages that clutter your codebase.
 
You can decide which makes the most sense to include based on how difficult it is to pass objects using the base pipe.



Clean Messy Data with tidyr



Country Year Cases Pop
AFG 1999 745 20 M
AFG 2000 2667 20.5 M
Brazil 1999 37737 172 M
Brazil 2000 80488 174.5 M
China 1999 212258 1,272 M
China 2000 216766 1,280 M

Country Year Cases Pop
AFG 1999 745 20 M
AFG 2000 2667 20.5 M
Brazil 1999 37737 172 M
Brazil 2000 80488 174.5 M
China 1999 212258 1,272 M
China 2000 216766 1,280 M

“Tidy datasets are all alike, but every messy dataset is 
messy in its own way.” –  Hadley Wickham

Country Year Cases Pop
AFG 1999 745 20 M
AFG 2000 2667 20.5 M
Brazil 1999 37737 172 M
Brazil 2000 80488 174.5 M
China 1999 212258 1,272 M
China 2000 216766 1,280 M

Variables Observations Values

R for Data Science (2e) - Data tidying Figure 5.1 by Hadley Wickham, Mine Çetinkaya-Rundel, 
and Garrett Grolemund. Accessed November 15th, 2024.

11

https://r4ds.hadley.nz/intro#fig-ds-diagram
https://r4ds.hadley.nz/intro#fig-ds-diagram
https://r4ds.hadley.nz/intro#fig-ds-diagram
Shelby Golden
Sticky Note
The quote above is from Dr. Wickham's R for Data Science book and is based on Tolstoy's aphorism about happy families. The takeaway is that there are many different formats you will see in messy data, but there is one way to have a clean dataset that is ready for analysis and visualization.
 
Dr. Wickham spent a significant amount of time thinking about the needs of the data science process and how data can be formatted for easy and effective use throughout. Until his paper Tidy Data was published in the Journal of Statistical Software in 2014, there wasn't much research into what makes data "tidy.”
 
What he arrived at is the format you see here, and it is the format that all other tidyverse packages are designed to interpret best. In a "tidy" dataset:
·      Each variable represented in one column. Columns are only variables.
·      Each row is an observation with all the associated metadata. One observation is consolidated to one row-representation.
·      Each value is represented in a cell, and each cell represents only one value.
 
In short, tidying denotes organizing data so that variables are in columns and observations are in rows. In this step, you will also look for data abnormalities such as zeroes in place of NAs and variation in nomenclature.



tidyr is a set of functions designed to 
reshape messy data into tidy data.

pivot_longer() Lengthen by combining 
outcomes over multiple 
columns.

pivot_wider() Widen by expanding 
outcomes into columns.

expand() Make a new tibble with 
every combination.

complete() Add missing combinations 
as NA.

unite() Join the entries in multiple 
columns into one column.

separate_wider_
delim()

Separate entries by a 
delimitator into new 
columns.

separate_longer
_delim()

Separate entries by a 
delimitator into new rows.

drop_na() Remove rows with NA’s in 
that column.

tidyr Cheat Sheets. Select Examples are copied here. 
Accessed June 11th, 2025.
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https://github.com/rstudio/cheatsheets/blob/main/tidyr.pdf
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Sticky Note
Messy data might come in a multitude of forms, but the core data reshaping actions needed to achieve a tidy data format can be reduced to five operations:
·      Pivoting – converts between long forms (observations added as new rows) and wide forms (observations added as new columns).
·      Rectangling – turns deeply nested lists (as from JSON) into tidy tibbles, the tidyverse version of a dataframe object.
·      Nesting – converts grouped data to a form where each group becomes a single row containing a nested data frame, and unnesting does the opposite.
·      Splitting/combining – pulls a single character column into multiple columns or combines multiple columns into a single character column.
·      Managing NAs – ensures that explicitly included NAs represent data that is actually missing or suppresses them so they are implicitly present instead.
 
tidyr offers multiple tools that achieve the same outcome, and these can be used interchangeably. However, sometimes one function will flow better in your script or read more intuitively.
 
Pay close attention to NAs and zeroes in your dataset. As I'll cover again with the stringr package, messy data sometimes fills missing values with zeroes or true zeroes with NAs.
 
Please note that we won't cover every operation today. I encourage you to explore these tools further through the tidyr documentation and the R for Data Science chapter on data tidying.
 
Be aware that tidyr has evolved over time, and some function names have changed. For example, you may have seen "gather" or "spread" instead of pivot functions—they accomplish the same thing. The tidyr documentation details these changes if you need to reference them.



Combined_Key County Province_State Country_
Region 2020-01-01 2020-02-01 2020-03-01

<chr> <chr> <chr> <chr> <dbl> <dbl> <dbl>

Tillamook, Oregon, US Tillamook Oregon US 0 0 0

Green, Wisconsin, US Green Wisconsin US 0 0 0

Jerauld, South 
Dakota, US Jerauld South Dakota US 0 0 0

Johnston, North 
Carolina, US Johnston North Carolina US 0 0 1

Holmes, Florida, US Holmes Florida US 0 0 0

Union, Kentucky, US Union Kentucky US 0 0 0
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Open tidyverse Worked-Through Example 
page on the Book of Workshop website.

…

Shelby Golden
Sticky Note
To demonstrate the tidyverse packages, we'll walk through a prepared example published on our Book of Workshops page. You can follow along as we go through the slides.
 
The time-series data comes from the Johns Hopkins Coronavirus Resource Center (CRC) GitHub repository, covering COVID-19 cases and deaths from January 22, 2020 through March 10, 2023, when they closed operations. We're using the state- and county-level U.S. data they compiled. Note that this isn't the raw data from their GitHub page—processing steps are documented on the Book of Workshops page.
 
When you first import a dataset, it's best practice to examine these high-level features:
·      Review the Data Dictionary: descriptions of each variable and methods used to generate it
·      Dimensions: number of rows and columns
·      Contents: if the table is long, usually we inspect the first and last few rows
·      Variable classifications: numeric, character, etc.
 
The first four variables provide county and state information for each entry. The remaining 39 columns contain monthly data in "wide format": each month is stored as its own column. While the classifications look correct, doubles allow decimal values. Since deaths must be whole numbers, we'll round down and convert to integers for consistency.



Discussion:
Is the data in a “tidy” format? Why or why not?
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R for Data Science (2e) - Data tidying Figure 5.1 by Hadley Wickham, 
Mine Çetinkaya-Rundel, and Garrett Grolemund. Accessed 
November 15th, 2024.

Variables Observations Values

https://r4ds.hadley.nz/intro#fig-ds-diagram
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Sticky Note
Recall the definition of a ”tidy” dataset, shown at the top.



Lengthen by combining 
outcomes over multiple 
columns.

tidyr Cheat Sheets. Select Examples are copied here. 
Accessed June 11th, 2025.

Combined_Key 2020 -03-01 2020 -04-01
Arizona, US 25 320
Delaware, US 3 212
Utah, US 5 46

df_raw |> pivot_longer(
    cols = ”2020-03-01”:”2020-04-01”,
  names_to = ”Date”, values_to = ”Deaths_Count_Cumulative”)

Combined_Key Date Deaths
Arizona, US 2020-03-01 25
Delaware, US 2020-03-01 3
Utah, US 2020-03-01 5
Arizona, US 2020-04-01 320
Delaware, US 2020-04-01 212
Utah, US 2020-04-01 46

pivot_longer()
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Sticky Note
The first step is transforming the dataset into "tidy" format. Having data in this format makes it easier to perform data cleaning, validation, and harmonization, such as:
·      Identifying irregularities like duplications or NAs as zeros (and vice versa)
·      Standardizing nomenclature
·      Manipulating existing or calculating new variables
·      Combining with ancillary data
 
In our example, we have columns of dates that we want to consolidate into two columns: one for the date and one for the observation. We can do this using the tidyr pivot_longer() function by specifying the column range to transform and the new column names for the transformed data. This makes our data “tidy” because columns represent variables and new entries are added as rows.



Manipulate Data with dplyr



dplyr is a set of functions used to 
manipulate data.

mutate() Add new variables that are 
functions of existing 
variables.

select() Picks variables based on 
their names.

filter() Picks entries based on 
conditional statements.

glimpse() Basic data frame details.

summarize() Reduces multiple values 
down to a summary metric.

arrange() Changes the ordering of the 
rows.

left/right_
join()

Combines tables by matching 
variables.

group_by() Groups rows to prepare for 
calculations by groups.

dplyr Cheat Sheets. Select Examples are copied here. 
Accessed June 13th, 2025. 17
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Sticky Note
dplyr is a general package for data manipulation and isn't exclusively focused on producing "tidy" data frames like tidyr. While tidyr focuses on the mechanics of achieving the “tidy” format, this alone may not fully prepare your data.
 
For example, you may need to transform or calculate new values from existing columns, combine datasets, or condense information unnecessarily spread across multiple columns. This process creates what's sometimes called the "minimally informative” form of a dataset—where all necessary values are included or derivable without redundancy or unnecessary information.
 
Functions available in the dply package is often used to create this “complete tidy” data frame. Here we are highlighting some of the functions dplyr has to offer, but there are more that can be found in the documentation or cheat sheets.
 
In our example, we want to plot COVID-19 death trends throughout the pandemic for all U.S. states. Since total U.S. counts aren't in our dataset, we need to calculate them first. Over the next few slides, we'll walk through how to use dplyr to generate these totals.



Select and extract rows that 
match a logical test.

dplyr Cheat Sheets. Select Examples are copied here. 
Accessed June 13th, 2025.

Combined_Key Deaths_Count_Cumulative
Kentucky, US 4637
Monroe, Kentucky, US 38
Illinois, US 22735
Crawford, Illinois, US 23
Tennessee, US 11411

Combined_Key Deaths_Count_Cumulative
Kentucky, US 4637
Illinois, US 22735
Tennessee, US 11411

df_filtered <- df_long |> 
  filter(Combined_Key %in% str_c(c(datasets::state.name, 
   "District of Columbia"), ", US"))

filter()
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Sticky Note
Our dataset has cumulative deaths by state and by county.
 
Working with state-level data is simpler, and so first we filter to only include rows for states and the District of Columbia. This removes county-level entries, as shown on the slide, keeping only state-level counts.
 
Here we use str_c() from stringr (string concatenate) to create a vector of state names for matching. The next section covers this function in detail.



Create a "grouped" copy of a table, 
allowing manipulation of and 
calculation by each "group" separately.

dplyr Cheat Sheets. Select Examples are copied here. 
Accessed June 13th, 2025.

Date n
<chr> <int>
2020-01-01 51
2020-02-01 51
2020-03-01 51
2020-04-01 51

df_grouped <- df_filtered |> group_by(Date)
df_grouped |> tally() |>
 (\(x) list("Tally" = head(x), "Unique n" = unique(x$n)))()

$Tally $Unique n
  [1] 51

group_by()
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Sticky Note
With the state-level filtered dataset, we're now ready to group entries by unique month.
 
As a "sanity check," we can use tally() to see how many rows are associated with each group. It's crucial to double-check your assumptions throughout this process. This ensures you catch unexpected irregularities or discover unanticipated features, some of which may inform the next steps needed to achieve "cleaned tidy" data.
 
As expected, each unique date is associated with 51 entries.
 
Notice the "anonymous function" here. We use this technique when piping values directly is challenging.



Reduce multiple values down to 
a single summary.

dplyr Cheat Sheets. Select Examples are copied here. 
Accessed June 13th, 2025.

Combined_Key Date Deaths_Count_Cumulative
California, US 2021-10-01 71913
Maine, US 2021-10-01 1167
Maryland, US 2021-10-01 10895
New Mexico, US 2021-10-01 5049
South Dakota, US 2021-10-01 2235

Date Deaths_Count_Cumulative
2021-09-01 693467
2021-10-01 741327
2021-11-01 775801
2021-12-01 821788
2022-01-01 884634

df_US <- df_grouped |> 
  summarize(Deaths_Count_Cumulative = sum(Deaths_Count_Cumulative), 

   .groups = "keep")

summarize()
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Sticky Note
With each row grouped by date, we're now ready to calculate total cumulative U.S. counts using the summarise() function.
 
When necessary, use .groups = "keep" to retain previously designated groups. This isn't needed if you apply grouping immediately before in the pipe or if the dataset has no current groupings. Because we're working with an already grouped tibble, the tidyverse version of a dataframe, we specify that the function keeps this grouping rather than applying a new one.



Create new columns based on 
functions of existing columns 
or static values.

dplyr Cheat Sheets. Select Examples are copied here. 
Accessed June 13th, 2025.

Combined_Key Date Deaths_Count_Cumulative
US 2021-09-01 693467
US 2021-10-01 741327
US 2021-11-01 775801
US 2021-12-01 821788
US 2022-01-01 884634

df_US <- df_US |> 
  mutate(Combined_Key = "US", Country_Region = "US")

Date Deaths_Count_Cumulative
2021-09-01 693467
2021-10-01 741327
2021-11-01 775801
2021-12-01 821788
2022-01-01 884634

mutate()
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Next, we'll merge this data back with the main dataframe using bind_rows(), a tidyverse function similar to base R's do.call() with notable differences. bind_rows() combines dataframes by matching column names, while do.call() appends data in the exact order given. Additionally, bind_rows() keeps all unique columns from all datasets being combined, filling missing columns with NA.
 
However, df_US is currently missing the Combined_Key and Country_Region columns. If we merge now, both will be filled with NA.
 
Instead, we want them to contain “US”. We can add these columns using mutate(), which creates new columns from functions of existing columns or static values.



Combine tables row-wise by 
matched column names while 
keeping all unique columns.

dplyr Cheat Sheets. Select Examples are copied here. 
Accessed June 13th, 2025.

Combined_Key Deaths_Count_Cumulative
US 945612

Combined_Key Deaths_Count_Cumulative
US 945612
Guam, US 322
Michigan, US 34505
Vermont, US 598

df <- bind_rows(df_US, df_long)

Combined_Key Deaths_Count_Cumulative
Guam, US 322
Michigan, US 34505
Vermont, US 598+

=
+

bind_rows()
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Sticky Note
Great, now that we have all the columns we need we are ready to merge it with df_long.



Extract columns as a new table 
or reorganize columns.

dplyr Cheat Sheets. Select Examples are copied here. 
Accessed June 13th, 2025.

df <- df |> 
  select(Combined_Key, Province_State, Date)

select()

Date Combined_Key Province_State
2021-10-01 US NA
2021-11-01 Georgia, US Georgia
2021-12-01 Puerto Rico, US Puerto Rico
2021-01-01 Texas, US Texas
2021-02-01 Utah, US Utah

Combined_Key Province_State Date
US NA 2021-10-01
Georgia, US Georgia 2021-11-01
Puerto Rico, US Puerto Rico 2021-12-01
Texas, US Texas 2021-01-01
Utah, US Utah 2021-02-01
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Sticky Note
The select() function primarily subsets or removes columns from a dataset. It's also useful for reorganizing columns for clarity.
 
Remember that when cleaning data, you're preparing it not only for your use but potentially for others as well. Make your work well documented, sequentially organized, and easy to understand. If you've ever kept a wet-lab notebook, think of how scientists document their work for future reference, collaborators, and auditors. Organizing rows and columns to reflect the logical progression of information improves readability and clarity of the final "cleaned tidy" format.
 
The final step (back-calculating daily counts from cumulative counts) uses functions we've covered. You can find the code in the Worked-Through Example on the Book of Workshops webpage for this module.



Introducing stringr

Shelby Golden
Sticky Note
After completing data wrangling and tidying operations it's good practice to review variable classifications and nomenclature before proceeding with calculations. For instance, if you have a variable representing participant sex, ensure all entries are consistently labeled (e.g., "M" for Male and "F" for Female). Additionally, confirm that zeros aren't used in place of NA to indicate missing values, or vice versa.



stringr contains a set of functions for 
manipulating and interpreting strings.

str_c() Join discrete strings into 
one. Can specify spacers.

str_detect() Find pattern match within 
strings.

str_length() Counts the code points, or 
characters, in a string.

str_replace() Replace the first match of 
a pattern in a string.

str_lower() Convert strings to lower 
case.

str_upper() Convert strings to upper 
case.

str_title() Convert strings to tittle 
case.

str_sort() Sorts the character 
vector.

stringr Cheat Sheets. Select Examples are copied here. 
Accessed November 15th, 2024. 25
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Sticky Note
stringr provides a comprehensive and consistently designed set of string manipulation functions based on stringi. It uses UTF-8, the standard encoding that includes most characters, and handles alternative encodings when needed.
 
While base R has similar functions, stringr offers key advantages:
·      Consistent syntax across functions, seamless integration with tidyverse
·      Regular updates to match operations in languages like Ruby or Python (base R updates more slowly)
 
You can perform advanced operations using regular expressions, often referred to as “regex.” This workshop doesn't cover regex, but we encourage you to explore the additional resources provided earlier for an introduction to that topic.
 
There are many ways to use stringr depending on your goals. We'll work through common use cases with equivalent alternatives to illustrate stringr's capabilities.



Two functions that find rows 
where a string match is found. 
Reports as a Boolean or index.

str_which()str_detect()

stringr Cheat Sheets. Select Examples are copied here. 
Accessed November 15th, 2024.

Province_State Deaths_Count_Cumulative
Connecticut 5995
Diamond Princess 0
Florida 21673
Georgia 10958
Grand Princess 3

Province_State Deaths_Count_Cumulative
Connecticut 5995
Florida 21673
Georgia 10958

df[!str_detect(df$Province_State, "Princess") %in% TRUE, ]
# OR
df[-str_which(df$Province_State, "Princess"), ]
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Sticky Note
There are two functions that will identify rows where a string match is found: str_detect() or str_which(). Matched entries are reported as either a Boolean (TRUE/FALSE) or row-index.



Discussion:
An alternative form of str_which() is to use 
its native negate setting:

This works in many scenarios, but it's not 
appropriate here. Why?

str_which(df$Province_State, "Princess”, negate = TRUE)

Shelby Golden
Sticky Note
Answer: It would exclude rows where Combined_Key is NA. The version above preserves those rows.



str_c() str_split()
Two functions that generate a 
new string by joining discrete 
strings or splitting a composite.

Province_State Country_Region new
Montana US Montana, US
Oregon US Oregon, US
Hawaii US Hawaii, US

Combined_Key new
Cheyenne, Colorado, US Colorado, US
McMinn, Tennessee, US Tennessee, US
Accomack, Virginia, US Virginia, US 

stringr Cheat Sheets. Select Examples are copied here. 
Accessed November 15th, 2024.

# or

new <- str_c(
  df_state_level$Province_State, 
  df_state_level$Country_Region, 
  sep = “, “)

# OR
new <- str_split(
  df_state_level$Combined_Key, 
“,“, simplify = TRUE,
n = 2)[, 2]
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Sticky Note
A common task is creating new string vectors from existing ones. Take Combined_Key, for example, which combines information from`County, Province_State, and Country_Region.
 
Suppose we only have county-level data and want to generate the corresponding state- and country-level Combined_Key values. We can approach this in two ways: using str_c() to combine separate columns, or using str_split() to extract components from existing strings. For this example, we'll first subset to county-level data only.
·      Option #1: Generate a new column by combining the desired columns with `", "` as the separator.
·      Option #2: Split the string only to the first observation of the deliminator.
 
We can use str_count() to count how many times a pattern appears in each string. Since county-level data contains two commas, we'll filter using that pattern.



Find string matches and replace 
those substrings with a new one.

str_replace_all()

df_filtered[, ”Province_State"] <- str_replace(df_filtered[,   
 ”Province_State"],  "Virgin Islands", "US Virgin Islands")
  # followed by
df_filtered[, "Combined_Key"] <- str_replace(df_filtered[,   
 "Combined_Key"],  "Virgin Islands", "US Virgin Islands")

Province_State Combined_Key
Virginia Virginia, US
Virgin Islands Virgin Islands, US
Texas Texas, US

Province_State Combined_Key
Virginia Virginia, US
US Virgin Islands US Virgin Islands, US
Texas Texas, US

stringr Cheat Sheets. Select Examples are copied here. 
Accessed November 15th, 2024.

df_filtered[index, c(“Province_State“, “Combined_Key“)] |>
  (\(x) {
  sapply(x, function(y) 
   str_replace(y, “^Virgin Islands“, “Virgin Islands“))
  }) ()
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Shelby Golden
Sticky Note
Lastly, it's important to ensure nomenclature is standardized.
 
In our running example, we want to indicate that the dataset contains only US Virgin Islands values. We'll replace these strings with more accurate ones.
 
The "^" is a regex anchor that matches the beginning of a string—it creates a hard boundary at the start.



plot_deaths <- df |>
  filter(Combined_Key == “US”) |>
  ggplot(aes(x = Date, y = Deaths_Count_Monthly) +
    geom_line(color = "#7634A6", linewidth = 1) +
    ...
 labs(x = “Date Recorded”, y = “COVID-19 Deaths” , 
      title = “COVID-19 Deaths in the US - Grouped by Month”) +
    theme_minimal()

plot_deaths
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Shelby Golden
Sticky Note
Now that the data is clean, we can easily visualize it with ggplot2.



Discussion:
Work with your neighbors to answer the two 
questions in “Questions.R.”



Appendix



Glossary
Import Data Loading data from a stored file, database, or application 

programming interface (API) into the R environment.

Tidy Data Formatting data into a consistent structure without 
anomalies. Each column represents a variable, and each 
row represents an observation.

Transform Data The process of converting raw, inconsistent, or 
unstructured data into a clean, standardized, and 
actionable format suitable for storage, analysis, or 
reporting.
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Glossary
Wrangle Data The process of tidying and transforming data.

Anonymous 
Function

A temporary function that is not stored permanently. It is 
often used for short-term operations where defining a full 
function is unnecessary.
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