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Welcome!

◮ This class is on analyzing and visualizing data.
◮ Strong emphasis on data visualization.
◮ Syllabus is on D2L under “Content"

Halterman (MSU) Intro PLS 392, Fall 2023 1 / 17



What We’ll Learn

◮ Why do we visualize data?
◮ What makes a good (and bad!) data visualization
◮ How to make accurate and beautiful visualizations using R and

ggplot
◮ How to clean and prepare data for visualization
◮ How to analyze data and show your results

Halterman (MSU) Intro PLS 392, Fall 2023 2 / 17



Why learn to visualize data?

◮ Makes you a thoughtful consumer of data visualizations
◮ It’s an extremely marketable skill
◮ You almost always want to start a data analysis with visualization,

and you almost always want to communicate your analysis with
visualizations.
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Why make visualizations using code?

Writing code is a pain! Why bother?

◮ We often need to analyze, clean, or reformat data first
◮ Reproducible and accurate
◮ Easy to customize

Halterman (MSU) Intro PLS 392, Fall 2023 5 / 17



Halterman (MSU) Intro PLS 392, Fall 2023 6 / 17



Halterman (MSU) Intro PLS 392, Fall 2023 7 / 17



Three kinds of lies...
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Restaurant Spending (Economist, July 1, 2023)

→ Weeknight dinners are out. Weekend brunch is in

Share of week’s in-person spending, %
GDP-weighted average of 22 global cities

Change in share of in-person spending, Nov 2019-Nov 2022
Three-hour moving average

Sources: Visa; Resource Watch; European Commission; The Economist
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Structure of the class

◮ This is a hands-on class! Bring your computer.
◮ Short daily checkins on the reading (graded credit/no credit, with

an option of extra credit for excellent responses).
◮ Short lecture, followed by practical exercises
◮ Mid-term and final projects–more on this in a bit
◮ Attendance is crucial
◮ Willingness to work hard on coding
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Programming is hard–remember these two weird tricks
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Projects

◮ The mid-term and final projects are one page data analyses.
◮ The mid-term project will use data I provide.
◮ The final project can use any data you want!
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The Economist March 25th 2023Graphic detail Online dating 81

New platforms, 
old habits

One of the biggest differences between
online dating and the old-fashioned

sort is the size of the pool. The number of
people using dating apps dwarfs offline so-
cial networks. So sites offer filters that let
users exclude unwanted groups.

The diversity of tastes among giant user
bases should make apps a haven for people
who struggle with dating offline. And data
provided by The League, an American dat-
ing site aimed at educated professionals,
show that the strictness of users’ filters va-
ries, with many saying they are open to a
broad range of traits. However, when users
do apply filters, they mostly reflect famil-
iar dating preferences that long predate the
internet. And although users with the
broadest filters find matches more often,
the types of people they end up with mirror
the tastes of their heavier-filtering peers.

The League’s data cover 80,000 users

across ten cities in January 2023. The site
chooses pairs of users who pass each
other’s filters and present them as “pros-
pects”. If these users both “like” each other,
they can chat. Users see a fixed number of
candidates per day. This makes it possible
to distinguish explicit dating desires (fil-
ters) from implicit ones, revealed by how
often users like their prospects.

Filtering choices follow demographic
patterns. Women block 70% of potential
matches, compared with 55% for men,
mostly because they tend to exclude users
who are shorter or younger. Whereas wom-
en 5’5” (165cm) or shorter eliminate just
17% of people based on height, those 5’10”
or taller remove 45%. And women in their
50s filter out 86% of users based on age,
compared with 48% for those aged 25-34.

Because users with strict filters weed
out most unsuitable people pre-emptively,
you might expect them to like many of the
remaining candidates. But the data show
the opposite. For both sexes, the share of
prospects liked by the 10% of users with the
tightest filters is 11-13 percentage points
lower than by the 10% with the broadest
ones. This probably stems from overall
pickiness. People looking for a specific
type of partner can filter out many weak

candidates, but can select based on other
criteria, such as looks, only one by one.

Users might find matches more often if
their filters better reflected their tastes.
One of the best predictors of whether
someone will like a prospect is how often
other users filter out that prospect’s demo-
graphic group. For example, men 5’5” or
shorter get through only 7% of other users’
filters, compared with 33% for taller men.
Moreover, just 13% of users whose filters
allow such short men fancy them when
they are presented as prospects—just over
half the rate at which taller men are liked.

Such differences are even more striking
when it comes to race. Users deploy racial
filters sparingly. For example, black wom-
en pass through 36% of other users’ filters,
compared with 44% for women of other
races. This gap is similar to the effect of one
inch of height for men. However, just 24%
of black women are liked as prospects, ver-
sus 37% for non-black women—an impact
as great as 11 inches of male height.

This suggests that many users who de-
cline to filter out black women often still
pass them over at the prospect stage. Sin-
gles might find better matches if they gave
a chance to more of the candidates whom
they claim to be open to dating. 

Online daters are less open-minded
than their filters suggest

→ The more groups get filtered out, the less they are liked by people whose filters permit them

How often groups are liked v how often they make it through filters, %

By sex, race, age group and height, bubble size=number of users, The League dating app, Jan 2023

Source: The League
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Charting Britain’s performance

Declinism and data

Britain’s economic record since 2007 ranks near the bottom among peer countries

Shortly after becoming prime minis-
ter in 2007, Gordon Brown crowed that

Britain had enjoyed “the longest uninter-
rupted period of economic growth in the
history of our country”. In polling by Gal-
lup that year, with the global financial cri-
sis about to begin, 53% of respondents said
that their lives were improving. This year
just 28% agreed that life was getting better.
Faith in government has also taken a hit,
particularly since the Brexit vote in 2016. 

There are some immediate explana-
tions for this sense of disenchantment:

from strikes to double-digit inflation (of
10.7% year on year in November, a slight
easing on the previous month). And over
the past 15 years much of the West has suf-
fered from similar maladies to Britain:
high inequality, slowing economic growth
and bouts of political instability. Some big,
rich countries, such as Italy and Japan,
have fared worse over that period on mea-
sures like real growth in median incomes. 

But a closer look at the data reveals that
there are specific reasons for Britons to
worry. The country has historically tried to

position itself as a bridge between Europe
and America. With that in mind The Econo-
mist has benchmarked Britain against a
group of other sizeable English-speaking
countries—Australia, Canada and the Unit-
ed States—and against France and Germa-
ny, the two biggest continental European
economies. Although there is no single all-
encompassing measure of national well-
being, the changes in Britain since 2007
rank it at or near the bottom of this group
on a wide variety of economic indicators.

On a per-person basis, Britain’s econ-
omy has grown by 7% in real terms since
2007. That is just ahead of Canada and
France, both at 6%, but behind America,
Australia and Germany, which sit at 13-16%.
Unfortunately, much of Britain’s meagre
growth has come not from working more
efficiently but rather from working more.
Over the past 15 years British labour pro-
ductivity has climbed by just 4%, slightly
behind France’s 6% and far worse than the

���
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Deadlines

◮ In-class exercises are due the following day at 9am.
◮ Two “free passes” that you can use to skip in-class assignments,

no questions asked.
◮ The mid-term project is due on Wednesday, November 1 at

10:20am.
◮ The final project is due on Monday, December 11 at 5pm.
◮ Extensions: only in exceptional circumstances. See syllabus.
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ChatGPT

ChatGPT, Github Codex, etc, are extremely useful tools.

When are they useful? when they generate something that’s difficult to
write but easy to verify.

That makes them perfect for helping with data visualization.

Their use is encouraged in this class to help with writing code.
However, the text you write should be your own.
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First assignment–running an RMarkdown document

On D2L, browse to "Content" and click on Lecture 1. There’s an Rmd
file that you should download.

Advice on installing LaTeX:
https://bookdown.org/yihui/rmarkdown-cookbook/install-latex.html
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Other notes

No class on Wednesday

I’ll be away at a conference. Instead, make sure that you can complete
the R refresher assignment (due Monday before class).
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