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1 Why Data Journalism?

At Bruin Sports Analytics, especially with the Data Journalism team, we highlight the importance of data
journalism, not just journalism. What, exactly, is data journalism? How is it different from an article in the
sports section of the Daily Bruin?

The Daily Bruin has its own articles about sports, but if we closely compare their articles to ours on the
website, their articles seem to be more descriptive, using much more expressive language as opposed to hard
facts. With Bruin Sports Analytics, though, we emphasize using evidence, facts, data and statistics, to
support our arguments as they are linked to the world of sports.

For data journalism, we want to present evidence to interweave within our articles. We want the focus to
be on statistics, our data, with the journalism and writing simply connecting the dots and helping guide the
reader to our central argument. We want to take the data, modify it, and present it visually and numerically
to substantiate our claims. Ultimately it’s data journalism, not journalism with data: the data comes first,
then the journalism follows.
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2 Collecting and Importing Data

When we collect data, we need to ensure they are useful as well as reliable. With respect to utility, we should
search for specific data relevant to our topic: for example, “nfl combine statistics for qbs” will more likely
yield the proper data than “combine stats” if the sole focus is quarterbacks. While this appears obvious, it
also requires us to define, with clarity, the question of our article: what exactly do you want to answer with
your article? Once you can clarify that question, finding the data becomes easier.

Reliability is of equal importance for data. When gathering data, we want to ensure that the data itself is
correct. Therefore, though seemingly obvious, try to stick to well-known data sources, including—but not
limited to—ESPN, Pro Football Reference, nba.com, nfl.com, etc.

Now that we have found our data, the first step is gathering it for us to use and analyze. There are multiple
ways to do this, including a method known as web scraping (described in this PDF below). Here, I will
describe how to get .csv files for your computer, using my previous article (Fantasy Football and the NFL
Combine) as an example.

Some websites (in my case, Pro Football Reference) have easy-to-access downloadable .csv files. Once I have
found the specific data table, there is an easy link to downloading the .csv file.

Now, for my computer, I have two options: I can either choose (1) “Get table as CSV (for Excel)” or (2)
“Get as Excel Workbook (experimental).” If we choose the second option, we will need to open the Excel
file and then convert it to a CSV file.

If you choose “Get table as CSV (for Excel)”, it will appear as a giant table of numbers and commas.
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Once in this format, you can copy and paste this data into a .txt file, then save that file as a .csv file for us
to use. Then, once we save the file, we can import the data into R using the read.csv() function, as shown
below:

qb_combine_1 <- read.csv("2000QBcombine.csv", stringsAsFactors = FALSE)

The stringsAsFactors = FALSE argument serves the purpose of leaving characters, such as names, as
character vectors instead of factors; making them factors does not make sense for player names. If we wish
to switch to factors later in the process, we can do so manually.
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3 Cleaning and Parsing Data

Once we have imported and coalesced the data, then we have to decide which variables and which observations
to keep and which to filter out of the final data sets to use for analysis.

3.1 %>% (The pipe operator)

This operator helps make code easier to follow and read, especially for the less code-inclined. In addition,
it provides the ability to shorten your code. Essentially, the pipe takes the output of the left side of the
operator and uses that as the input for the right side.

3.2 summarize() [or summarise()]

The summarize() function helps add columns to your data frame with important values. The typical syntax
is:

summarize(data.frame, newvar = calculation)

where you input your data frame in for data.frame and state the variable you wish to create (say most
bench reps) in for newvar (e.g. max_bench). Then on the other side (where it says calculation), you add
how you can get the values for each observation in the data frame (e.g. max(bench)). Therefore, when
completed, the syntax would look something like this:

summarize(qb_combine_1, max_bench = max(bench))

Note: To save the additional variable to the initial data frame, make sure to use the assignment operator as
well

qb_combine_1 <- summarize(qb_combine_1, max_bench = max(bench))

3.3 select()

The select() function helps trim the data frame by selecting specific columns (variables) of the data frame
to keep. The typical syntax is:

select(data.frame, var_a, var_b, ...)

where you input your data frame for data.frame and then list the variables (column names), separated by
commas, which you wish to keep.

Note: If you want to save multiple columns that appear sequentially in a data frame, you can optionally use
the colon (:) to save space. State the first variable of the sequence, then the colon, then the last variable of
that consecutive sequence to get all the variables in between the two variables, ends included.

3.4 filter()

The filter() function helps trim the data frame by filtering specific observations (rows) of the data frame
to keep based on the criteria you mention. The typical syntax is:
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filter(data.frame, condition(s))

where you input the data into data.frame and state the conditions by which you want to filter in place of
condition(s). For example, if I wish to filter the QB combine participants into only those who had at least
10 bench press reps and a 40-yard dash time of 5.5 seconds or faster, the code would look like the following:

filter(qb_combine_1, Bench >= 10, Forty_Yard <= 5.5)

3.5 dplyr Cheat Sheet

For a detailed dplyr cheat sheet, go to https://rstudio.com/wp-content/uploads/2015/02/data-wrangling-
cheatsheet.pdf
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4 Presenting Data: Visuals

With regards to visuals, there are two main methods in R: base R and ggplot. In this document, I will focus
on base R graphics, with a link to a ggplot cheat sheet at the end.

4.1 plot()

This function is perhaps the most versatile in base R graphics. Generally speaking, we will use plot() to
plot two numeric vectors against one another. There are two main ways to do this: (1) plot(x, y) or (2)
plot(y ~ x). Either method will plot the vector x on the x-axis and the y vector on the y-axis. There are
also some (optional) arguments hidden within the plot() function for beautification.

• xlab: Change the label for the x-axis
• ylab: Change the label for the y-axis
• main: Change (or add) the title
• xlim: Change the range for the x-axis variable
• ylim: Change the range for the y-axis variable
• pch: Change the shape of the plotted points
• col: Change the color of the plotted points

4.2 hist()

The hist() function can be used to create a histogram for a single numerical (quantitative) variable to
visualize its distribution. Typically, we will do this with the code hist(x) where x represents the numerical
vector/data. The optional arguments of hist() are similar to those of plot(), with the exception of pch.
There are two additional arguments which you should know when using hist().

• breaks: Change the cutoffs for the bins of the histogram

– Note: The input should either be the number of bins you want or a vector of values at which to
have the breaks in the bins

• freq: Decide whether to plot frequencies/number of occurrences (freq = TRUE) or to plot densities
(freq = FALSE)

– Note: If plotting overlapping histograms of two groups with different population sizes, freq =
FALSE is highly recommended to provide an accurate comparison of the groups. To plot overlapping
histograms of data sets, use the hist() function twice, then include the argument add = TRUE to
add this second histogram to the plot of the first histogram.

4.3 boxplot()

The boxplot() function is used to create boxplots for the distribution of a single numerical (quantitative)
variable, offering an alternative method to the histogram for displaying the data. The boxplot() function
may also be used to compare the distribution of data based on a certain characteristic (e.g. SAT scores
by state). To plot one quantitative variable without splitting into groups, the syntax would be a simple
boxplot(sat). To plot a distribution based on a characteristic, the syntax is similar to the function-style
syntax for plot() (the second method): boxplot(sat ~ state). With respect to optional arguments for
plot beautification, many of the arguments are the same as for the plot() function.

8



4.4 barplot()

The barplot() function helps compare the distribution for a categorical (qualitative) variable, such as
favorite NFL team. The main method of using this function is barplot(team), which will display a bar plot
with all of the eligible categories for the variable along the x-axis. The optional arguments parallel those
found for the plot() function. Now, the barplot() function can also be used for two categorical variables;
if you input a matrix, you get a segmented bar plot, with the separate columns representing the columns of
the matrix and the segments representing the rows.

Note: If you wish to have side-by-side bar plots instead of segmented bar plots, include the optional argument
beside = TRUE into your code.

4.5 Creating JPEG Images

In order to ensure high-quality plots in your article–rather than blurry screenshots–we recommend including
the R plots as JPEG files. To do this, there are two methods:

1. jpeg() a. This function creates a JPEG file directly from RStudio. The syntax for this method is
jpeg(filename, width, height), which will create a JPEG file in your local directory with the name
filename and of a set width and height (these arguments are in pixels, not inches). After running this
command in the console, run the code you used to create the plot, and the plot image will be saved
into the aforementioned file

jpeg("fantasyfootball.jpeg", width = 960, height = 720)
plot(scores ~ year, data = fantasyfootball, ...)

2. pdf() to jpeg() a. The pdf() function creates a PDF file in a manner similar to the jpeg() function.
The syntax is pdf(filename, width, height) and the process for creating the PDF file is identical to
the method described above. After creating your PDF, open that PDF and choose File, then Export,
taking care to change the format from PDF to JPEG. Note: the pdf() function records height and
width in inches, unlike the jpeg() function (which records in pixels).

pdf("fantasyfootball.jpeg", width = 7, height = 5)
plot(scores ~ year, data = fantasyfootball, ...)

Personally, I prefer the second option because the quality of the image is better when initially storing as a
PDF before conversion, but you are welcome to choose either option for your own plot images.

4.6 ggplot Cheat Sheet

If you prefer ggplot for visuals, a cheat sheet can be found here: https://rstudio.com/wp-content/uploads/
2015/03/ggplot2-cheatsheet.pdf
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5 Writing the Article

When writing an article, there is an important order of operations. In data journalism, you’re not setting out
to prove a point and then finding data to back it up the way you may try to do in a persuasive essay. Instead,
you are asking a fundamental question, finding data and creating visuals to help answer this question, and
then analyzing your results. The data comes first. Collect the data, create the necessary graphs and
visuals, and then write the article around these visuals in order to produce the most objective and nicely
flowing piece.

But it is also important to note that data journalism articles are not formal reports; they generally have
a more casual feel to them while still maintaining focus on the topic. This when you need to factor your
audience into the equation. These articles are not read by professors but rather general fans of sports (often
people who do not have a background in statistics), so be sure to constantly ask yourself what kind of writing
such an audience would find interesting. Keep their attention span in mind and don’t hesitate to make the
article have a more conversational tone than a typical paper. On the flip side, don’t take this mentality too
far by getting too opinionated or attempting to force humor when it is unnecessary.

Finally, providing ample context may be the single most overlooked aspect of writing a data journalism
article. While the statistics and discussion of the data are extremely important, this is not a statistics club;
it’s a sports analytics club. Typically in an article, we’re not breaking down the stock market for financial
analysts; we’re breaking down a game for a fan of it. So ultimately, once you finish presenting any data or
visual, it’s important to circle back to the sport itself. What do your findings mean in terms of the story of
the game? What do your findings prove about a certain athlete? On top of being a data journalist, consider
yourself a storyteller and always bring your article home by providing clear context and helping the reader
understand what they should actually be taking away from all of your numbers and visuals. In most cases,
you’re likely writing about a certain sport because you are very familiar with it; the best way to put that
domain knowledge on display is to tell a complete story rather than throwing visuals and analysis at your
reader and leaving it at that.
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6 Article Formatting Checklist

Follow these guidelines and include these items before submitting any article for review:

• Title
• Cover Photo: Include an image that does not display any data
• High-quality photos: Use high-quality images. Blurry images take away from the professionalism of

your work
• Cite each image taken from the internet directly underneath the image
• Cite all data sources at the end of the article (even if you did it in-text)
• Visuals need to be clear on their own: Include all necessary titles and labels
• Visuals should maintain aesthetic consistency across article: Keep the general appearance of

your graphs and tables somewhat uniform
• Don’t overuse hyperlinks: Only add them when appropriate
• Link code repository at the end of the article if your code is online (e.g. Github)
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7 Web Scraping with BeautifulSoup

Web scraping data might sound intimidating, but it is actually rather simple and can save a great amount
of time with regards to data collection for a sports analytics project. With a basic understanding of HTML
and BeautifulSoup, you will be able to scrape many sports data websites with just a few lines of code.

7.1 Basic HTML Review

Before jumping into using BeautifulSoup to parse a website’s HTML content and collect the specific data
we want, it is important to first have a basic understanding of how HTML works. In a nutshell, HTML is
a markup language that tells your browser how to format a certain website’s content. The elements that
make up HTML are called tags; content goes inside of these tags, and these tags can be nested within one
another or stacked on top of one another depending on how the creator wants the website to be organized.
Here is an example of the most basic HTML imaginable:

<html>
</html>

This <html> tag simply means that whatever goes inside of it is HTML. Continuing on, HTML generally
contains <head> and <body> tags. The body is the more important tag here, as the meaningful content of
the website will go in there:

<html>
<head>

</head>
<body>

</body>
</html>

As you can see, these tags are nested within the <html> tag because they are HTML, but they are stacked
on top of each other because they are separate sections of the website. This is the pattern HTML generally
works in: tags within tags that contain certain types of content. Here are example of some basic common
HTML tags:

• <div> This tag simply indicates a division of the page
• <table> Predictably, this tag contains a table
• <p> This tag contains a “paragraph”, which is just some amount of plain text
• <a> This tag contains a link to either another part of the site or a different site entirely.

Here is the HTML for a very simple website that displays some of these concepts:

<html>
<head>
</head>
<body>

<p>I’m a paragraph</p>
<div>

<p>I’m a paragraph within a division</p>
<a href= "https://bruinsportsanalytics.com">I’m a link to BSA</a>

</div>
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</body>
</html>

And this is what the website looks like for the code above:

7.2 BeautifulSoup Basic Tutorial

BeautifulSoup essentially allows us to go through a website’s HTML and collect whatever we want from any
of its tags. What we need to know now is which tags of a website contain the information we want.
For the purpose of this tutorial, we will scrape the “Team Per Game Stats” table for the 2019-20 NBA
season. This table is located at: <www.basketball-reference.com/leagues/NBA_2020.html>.
We will scrape every NBA team’s name and 3 point percentage during the 2019-20 regular
season and store it in a .csv file. We’ll slowly build the python script that we will use for this.

7.2.1 Installations

First and foremost, we’ll start with the installations we will need: BeautifulSoup4, pandas, and chromedriver
(we will use Google Chrome).

1. Chromedriver can be downloaded here.
2. BeautifulSoup4 and pandas can be installed through the command line with the python package

manager pip:

$ pip install beautifulsoup4
$ pip install pandas

7.2.2 Python Script

Now that we have what we need, we can start scraping our data. Firstly, we’ll have to set up the driver and
collect the entire HTML content of the website:

from selenium import webdriver
from bs4 import BeautifulSoup
import pandas as pd

# Set up driver
driver = webdriver.Chrome("/Users/joebruin/Documents/chromedriver")

# Collect website html
driver.get("https://www.basketball-reference.com/leagues/NBA_2020.html")
content = driver.page_source
soup = BeautifulSoup(content)
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Now, the variable soup contains the entire HTML of the site. You can verify this by printing this variable
to the console if you want to make sure. Next, we will have to go to the website and find out which tags
contain the information we want: Team name and team 3 point percentage. This is what the table looks
like on the site:

To find out what the HTML for this table looks like, we can use the “inspect element” feature in our browser
(simply right-click the table and select “inspect”):

As can be seen, the table is stored in the highlighted <table> tag shown in the HTML on the right. Notice
how the <table> tag contains a few additional attributes within it: class, id, and data-cols-to-freeze. We can
use the id attribute to specify the exact table we want because that attribute appears to contain a unique
title for this table: “team-stats-per_game”. With just one more line of code, we can now continue and collect
the table we want:

# Find and store desired table
table = soup.find(’table’, attrs = {’id’: ’team-stats-per_game’})

The first argument of the find() function is the type of tag we are looking for. The second is a set of
attributes to narrow the search; we simply use the id that we saw above and we are good to go. Now that
we have the table, we can go back to the website and see what the inside of this table looks like in HTML:
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The table contains a few tags within it, but <tbody> is the one we want. Within <tbody> we can see that
there are a bunch of <tr> tags; each <tr> tag represents one row of the table. We can further expand one
of these <tr> tags to see what is inside each row:

Each <tr> tag contains a series of <td> tags; a <td> tag defines a data cell in HTML, so each of these tags
contains a piece of data (as you can already see with the white values). Each <td> tag contains a data-stat
attribute that specifies what data it is holding; we want the “team_name” data and the “fg3_pct” data.
Going back to our main goal, we can use the following logic to get what we need from this table:

For each <tr> tag in the table, grab the team name and the team 3 point percentage by
searching for the <td> tags with “team_name” and “fg3_pct” in their data-stat fields.

This is what this looks like in our code:

# Find and store desired table
table = soup.find(’table’, attrs = {’id’: ’team-stats-per_game’})

# Create lists to store our data
team_names = []
team_3pt_pcts = []
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body = table.find(’tbody’)
all_rows = body.findAll(’tr’)
for row in all_rows:

# Collect team name
team_name_cell = row.find(’td’, attrs = {’data-stat’: ’team_name’})
team_name = team_name_cell.text
team_names.append(team_name)

# Collect 3 pt pct
three_pt_cell = row.find(’td’, attrs = {’data-stat’: ’fg3_pct’})
three_pt_pct = float(three_pt_cell.text)
team_3pt_pcts.append(three_pt_pct)

# Print our results
print(team_names)
print(team_3pt_pcts)

Let’s go through the code above. First, we create two empty lists to store our team names and our three
point percentages as we scrape the table. Then, we get the table body (the <tbody> tag we discussed above)
from our table object. Then, we get a list of all of the rows in the table by using the findAll() function
to collect every <tr> tag within our table body. Once we have this list, we loop through each <tr> tag
(remember each <tr> represents a row) and collect our data. To get the specific cells that we want, we use
the data-stat attribute as we discussed earlier to look for ‘team_name’ and ‘fg3_pct’. But the cell is not
the actual data. We have to use the .text attribute of the cell to get the actual string of data we want
(we convert the string to a decimal number for the 3 point percentages as you can see using the float()
function). Once we get the values we want, we append them to our final lists. After the loop, we can print
the lists to verify our results.

All that’s left now is to store these results in a .csv, which is incredibly simple:

data_frame = pd.DataFrame({’Team Name’:team_names, ’3 Point %’:team_3pt_pcts})
data_frame.to_csv(’data.csv’, index=False, encoding=’utf-8’)

We should now see a .csv file pop up in the same folder as our script that contains the data we scraped. This
is just a simple example of how to webscrape, but it should put you in a position where you can experiment
more with Python and BeautifulSoup to scrape far more data from far more websites.
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