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[rfamework of data literacy

Science, Technology, Engineering and Math (STEM) often already include a lot of data/digital
iteracy

Humanities, Arts, and Social Sciences (HASS) are becoming more data-driven disciplines
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But..

- “What Is DH?” Always Excludes R X g

How Not to Teach Digital Humanities

RYAN CORDELL

- "Humanities” Is a Vague and Often Local Configuration

- Undergraduates Are Scared by Digitality

Pere, Wisconsin. I was a newly minted assistant professor, brimming with opti-
mism, and the field with which I increasingly identified my work—this “digital
/ . humanities”—had just been declared “the first ‘next big thing in a long time" by
¢ B Ut D O n t PO n | C William Pannapacker in his Chronicle of Higher Education column.' “We are now
realizing," Pannapacker had written of the professors gathered at the Modern Lan-
guage Association’s annual convention, “that resistance is futile” ("MLA and the
Digital Humanities"). So of course I immediately proposed a new “Introduction to
St O rt S m O | | Digital Humanities” course for upper-level undergraduates at St. Norbert. My
syllabus was, perhaps, hastily constructed—patched together from “Intro to DH"
syllabi in a Zotero group—but surely it would pass muster. They had hired me, after
all; surely they were keen to see digital humanities in the curriculum. In any case,
. how could the curricular committee reject “the next big thing," particularly when
Integrate when possible resstance s e
But reject it they did. They wrote back with concerns about the “student con-
stituency” for the course, its overall theme, my expected learning outcomes, the
projected enrollment, the course texts, and the balance between theoretical and
practical instruction in the day-to-day operations of the class.

In late summer of 2010, I arrived on the campus of St. Norbert College in De

Scaffold everything

1. What would be the student constituency for this course? It Jooks like it will
be somewhat specialized and several topics seem to suggest graduate student
leved work. Perhaps you could spell out the learning objectives and say more

T h . |< | | | about the targeted students. There is a concern sbout the course having
| n O C O y sufficient enrollment.

2. The course itself could be fleshed out more. s there an implied overall
theme relating to digital technology other than "the impact of technology
on humanities research and pedagogy”? Are there other texts and readings

- Whither “Digital Humanities”? s

Thas comtent downloaded from 140.209.2.26 on Moa, 15 Jan 2024 16:51:35 +00:00
All use subject to hitps//about.jstoc.org/lerms

'"How not to teach digital humanities.” Ryan Cordell (2016)



https://dhdebates.gc.cuny.edu/read/untitled/section/31326090-9c70-4c0a-b2b7-74361582977e#ch36
https://ryancordell.org/
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1. Data analysis

2. Data wrangling

3. The data ecosystem
4. Data governance

5. The data team
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=] % Data Literacy: An Introduction X +

Q

Courses  For Organizations  Insights  More Info

KEY DATA LITERACY SKILLS & CONCEPTS FOR BUSINESS

1. Data Analysis

Data analysis refers to reading and interpreting data to glean insights from it. While analysis can be
conducted using statistical models, algorithms, and other complex tools and frameworks, you can also
achieve it by simply reviewing data and drawing conclusions from it.

There several types of data analysis you can use. Four of the most common are:

e Descriptive analysis, which seeks to explain or describe what has happened

e Diagnostic analysis, which seeks to explain or diagnose why something has happened

Predictive analysis, which seeks to forecast what might happen

Prescriptive analysis, which seeks to prescribe a course of action that will lead to a desired outcome

Related: 4 Ways to Improve Your Analytical Skills

2. Data Wrangling

Data wrangling is the act of transforming data from a raw state into a form that can be more readily
used. The practice is also commonly known as data munging or data cleaning. While data wrangling can
take many forms, the most common examples involve removing errors and filling gaps in data.

Data wrangling plays a critical role in reducing errors in the analysis that typically follows it. In many
organizations, data is cleaned automatically through various algorithms and other tools, but every
employee responsible for generating, capturing, or uploading data also plays a role in ensuring it meets
the organization’s requirements.

O B8 https://online.hbs.edu/blog/post/data-literacy B w Y, U 9 @

Login

Data literacy, an introduction for business. Tim Stobierski https://online.hbs.edu/blog/post/data-literacy


https://online.hbs.edu/blog/post/data-literacy

- Data Concepts and Culture
- Data Culture
- Data Ethics
- Reading
- Data Discovery
- Evaluating and Ensuring Quality of Data
- Writing
- Data Collection
- Data Management and Organisation
- Data Manipulation
- Data Curation and Reuse
- Metadata Creation and Use
- Data Conversion (Format to Format)

- Data Governance

- Comprehension

- Data Analysis

- Data Interpretation (Understanding Data)
. |[dentifying Problems Using Datao

- Data Visualisation

- Presenting Data (Verbally)

- Data Driven Decision Making

- Evaluating Decisions / Conclusions Based on Data

Data to the People https://www.datatothepeople.org/

GLOBAL DATA LITERACY BENCHMARK

DATABILITIES®

Databilities® is the world’s first, evidence-based data literacy competency framework.
Following an extensive review with Industry Leaders and Data Literacy Subject Matter
Experts, the framework has been expanded to 18 core competencies across the domains of
data concepts and culture, reading, writing, and comprehension. Databilities® is recognised
as the most comprehensive assessment tool of individual data literacy in the world.’

The competencies within each domain of the expanded Databilities® framework are:

Data Concepts and Culture *
« Data Culture *
« Data Ethics *

Reading

« Data Discovery
« Evaluating and Ensuring Quality of Data

Writing

« Data Collection

« Data Management and Organisation
« Data Manipulation

« Data Curation and Reuse

+ Metadata Creation and Use

« Data Conversion (Format to Format)
« Data Governance *

Comprehension
« Data Analysis

+ Data Interpretation (Understanding Data)

+ |dentifying Problems Using Data

« Data Visualisation

+ Presenting Data (Verbally)

« Data Driven Decision Making

« Evaluating Decisions / Conclusions Based on Data

For each competency within the Databilities® framework, there are up to 6 levels of
progression:

__ Levell | Level2 | Level3 | Leveld | LevelS | Levels

At this level of At this level of At this level of At this level of At this level of At this level of
competency, competency, competency, competency, competency, competency,

an individual an individual an individual an individual an individual an individual
can complete can complete can complete can complete can assist can teach and
simple tasks simple tasks well defined complex others to assist others
with on their own, tasks on their problems and complete to complete
instruction. with guidance own. tasks on their simple tasks complex
where needed. own. and problems.  problems and
tasks.

T S1atistics Canada 2019, Data Literacy. What It s and How 1o Measure It in the Public Service
Statistics Canada Catalogue No. 11-633-X - no. 022, Ottawa. Version updated August 2009

* Indicates additional competency introduced in expanded Databilites® framework.

@ 2022 Data To The People 2
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Definition of

data science and
roles of data science
in health care

Fundamental

concepts 1n
data science Data types
in health care and quality

Visualization

Data Science as a Core Competency in Undergraduate Medical Education in the Age of Artificial Intelligence in
Health Care. Seth, Hueppchen, Miller, Rudzicz, Ding, Parakh, Record. 2023 https://doi.org/10.2196/46344


https://doi.org/10.2196/46344

O @ () = © Dataand Data Literacy Defined X =+ v
« SRR O 8 https://libguides tulane.edu/datalit/defined B o y, 0 & o ® 5 =
Data and Data Literacy Defined . .
About This Guide
About This Guide
Data Literacy Defined This library guide provides an overview of data literacy for those beginning

teaching, learning, and/or research in this area. Visit the DATA LITERACY LIBRARY GUIDES

page for library guides that describe each data literacy competency area.

Data Types and Formats

Data Literacy Library Guides
If you are interested in offering data literacy instruction to your students, complete the

Data Literacy Library following instruction request form below. Our librarians can offer instruction on basic data literacy topics such

Resources as determining appropriate collection method and data analysis. If you are a student looking to learn more
about using data for your research or creative work, reach out to our team at
scholarlyengagement@tulane.edu to schedule a consultation.

Scholarly Engagement
Librarian for Social e Library Instruction Request

Sciences and Data

Data Literacy Defined

»

What is Data? What is Data Literacy? Data Literacy Learning Outcomes Data Lifecycles

According to Carlson et al. (2011), data literacy encompasses the following competency areas. You can
use these competencies when planning data literacy instruction. Some areas are linked to related

library guides. Visit these links for more in-depth descriptions of the competency area.
Kay P Maye
he/him/his

m Discovery and Acquisition of Data

Data Management and Organization
Contact:

504-865-5644

Databases and Data Formats

Data Conversion and Interoperability

Quality Assurance

Social:
in Metadata
Subjects: Data Curation and Reuse

Data Literacy, Data Preservation

Economics, Education,

Gender & Sexuality R
Studies, Social Work, Data Visualization
Sociology, Urban Studies

Ethics

Tulane Data Literacy libguide: https://libguides.tulane.edu/datalit/defined
Referencing https://doi.org/10.1353/pla.2011.0022

CHAPTER

DETERMINING DATA
INFORMATION
LITERACY NEEDS

A Study of Students
and Research Faculty

Jake Carlson, University of Michigan
Michael Fosmire, Purdue University

C. C. Miller, Purdue University

Megan Sapp Nelson, Purdue University



https://libguides.tulane.edu/datalit/defined
https://doi.org/10.1353/pla.2011.0022

waamenesesData Literacy Competencies for
Undergraduate Chemls’rrg~ b

Forming queries in databases to
inform research questions or
form hypotheses.

Data Discovery

Locating and using data from
other researchers, open data
sources, or literature.

Data Management

Organizing processed and raw
data in separate files. Creating
documentation, written
procedures or methods for use.

Data Conversion

Changing the structure or
format of data files for analysis
while protecting against
damaging the data.

Quality Assurance

Reviewing data for errors and
using consistent protocols and
formats during data collection.

Metadata

Understanding the need for
adequate description of
methods and data and creating
documentation to allow others
to find, understand and use
their data.

Cultures of Practice

ldentifying and using data
standards and terminologies
that are common and accepted
across chemistry.

Data Analysis

Knowing and using analysis

tools and techniques relevant in

chemistry.

Data Visualization

Understanding the accurate use
of graphs, plots, diagrams,
simulations, and models while
avoiding misleading
representations.

Ethics of Data

Knowing how to properly cite
data to avoid scientific
misconduct and data
plagiarism.

https://libres.uncqg.edu/ir/ecu/listing.aspx?id=32780



https://libres.uncg.edu/ir/ecu/listing.aspx?id=32780

Competencies: we cant do everytning

- Databases and Data Formats - We'll discuss data formatting (particularly tidy data)
- Discovery and Acquisition of Dato - We'll find some data

- Data Management and Organization

- Data Conversion and Interoperability

- Quality Assurance

- Metadato

- Data Curation and Reuse

- Data Preservation

- Data Analytics - We'll do some of this using Excel online
- Data Visualization - We'll try DataWrapper
. Ethics - We'll talk about ethics throughout

- We'll also talk about communicating results
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What Is Distant Reading?

LORD
2ND GRAVEDIGGER —— GRAVEDIGGER 1ST PLAYER —— ROSENCRANTZ GUILDENSTERN CORNELIUS
VOLTEMAND
GHOST MESSENGER
MESSENGER
MARCELLUS — | CLAUDlUS
BARNARDO ——<
FRANCISCO
BN HORATIO [ -
T = ‘OPHEUA GENTLEMAN
GENTLEMAN ’ / SR
/ FORTINBRAS LAERTES POLONIUS
SAILOR ~ \
AMBASSADORS 7
NORWEGIAN CAPTAIN PRIEST REYNALDO

Kathryn Schulz What is Distant Reading?
https:// www.nvtimes.com/2011/06/26/books/review/the-mechanic-muse-what-is-distant-reading.html|



https://www.nytimes.com/2011/06/26/books/review/the-mechanic-muse-what-is-distant-reading.html?unlocked_article_code=1.tU0.XZWx.B82uiKaaGSuu&smid=url-share

=CSLI

PUBLICATIONS

new books i :
catalog e |Inference and Disputed Authorship Cro
The Federalist | RECK 0UT

Distributed by the
University of

Frederick Mosteller and David L. Wallace e B

knuth books

contact

for At With a New Introduction by John Nerbonne

order The 1964 publication of Inference and Disputed Authorship made the cover
search of Time magazine and drew the attention of academics and the public alike for its use of
statistical methodology to solve one of American history's most notorious questions: the
disputed authorship of The Federalist papers.

Back in print for a new generation of readers, this classic volume applies mathematics,
including the once-controversial Bayesian analysis, into the heart of a literary and historical
problem by studying frequently-used words in the texts. The reissue of this landmark book
will be welcomed by anyone interested in the juncture of history, political science, and
authorship.

Frederick Mosteller (1916-2006) was professor of statistics at Harvard University. David L.
Wallace is professor emeritus of statistics at the University of Chicago.

Contents

12/15/2007

ISBN (Paperback): 1575865521 (9781575865522)
ISBN (electronic): 1575867184 (9781575867182

£ AN
Subscribe to our
Newsletter!

Series: The Hume Series
Practical Reflection Latest

pubs @ csli.stanford.edu CSLI Publications
Stanford University
Cordura Hall

210 Panama Street
Stanford, CA 94305-4101
(650) 723-1839

https://web.stanford.edu/group/cslipublications/cslipublications/site/1575865521.shtml
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Punctuation in Blood Meridian by Cormac McCarthy (left) and in Absalom, Absalom! by
William Faulkner (right).

Punctuation in hovels. Adam J Calhoun



https://medium.com/@neuroecology/punctuation-in-novels-8f316d542ec4

OPINION

A DIARY IN ALPHABETICAL ORDER
ATOC

By Sheila Heti

A little more than 10 years ago, I began looking back at the diaries I had kept over the previous decade. I
wondered if I'd changed. So I loaded all 500,000 words of my journals into Excel to order the sentences
alphabetically. Perhaps this would help me identify patterns and repetitions. How many times had I written, “I
hate him,” for example? With the sentences untethered from narrative, I started to see the self in a new way: as
something quite solid, anchored by shockingly few characteristic preoccupations. As I returned to the project
over the years, it grew into something more novelistic. I blurred the characters and cut thousands of sentences,
to introduce some rhythm and beauty. When The Times asked me for a work of fiction that could be serialized,
I thought of these diaries: The self’s report on itself is surely a great fiction, and what is a more fundamental
mode of serialization than the alphabet? After some editing, here is the result.

This is part 1 of a 10-part series. Sign up to get it in your inbox.

Actually, he doesn't love you. Actually, he doesn't want you.

Actually, he is looking around the world for another girl, and

because of who he is, he will find her and be with her. Added in
about 4,000 words, bringing it to 56,000. After all, one does
have to get back to work. After he left, I lay in bed, hung over,

and the sun was shining into my room for the day. After that, |

A Diary in Alphabetical Order, Sheila Heti
https://www.nytimes.com/interactive/2022/03/23/opinion/sheila-heti-alphabetized-diary-abc.html
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[iterature is not data

'The implications of literature as resistance to data extend well beyond the mostly irrelevant
little preserve of literature and literary analysis. Algorithms are inherently fascistic, because
they give the comforting illusion of an alterity to human affairs. “You don't like this music?
'The algorithms have worked it out” is not so far from “You don't like this law? It works
objectively.” Algorithms have replaced laws of human nature, the vital distinction being that

nobody can read them. They describe human meanings but are meaningless.

Which is why algorithms, exactly like fascism, work perfectly, with a sense of seemingly
unstoppable inevitability, right up until the point they don’t. During the Flash Crash of May
6, 2010, the Dow Jones lost nine percent of its value in five minutes. More recently, Knight
Capital lost 440 million dollars at a rate of about 10 million dollars a minute due to what it
called “a rogue algorithm.” Algorithms cannot, of course, be rogue. But rogue is the term we
have invented for algorithms that don't do what they’re supposed to, which is as much as to
say that their creators don't comprehend what they’re doing. Before that 440 million dollar
loss, Knight Capital had used science to identify a functional law of the marketplace. They had
engineered an end to the fundamental human condition of risk. They had not, 45 minutes
later. As Borges also wrote, “There is no exercise of the intellect which is not, in the final
analysis, useless.” This same futility, it should be remembered, haunts mathematical modeling

as much as literary contextualization.

Stephen Marche. Literature is not data: Against the digital humanities
https://lareviewofbooks.ora/article/literature-is-not-data-against-digital-hnumanities
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CRISIS TEXT LINE | +GETHELP  +VOLUNTEER  +LEARN  +SHARE  +DONATE  ENESPANoL Q [ Text Us ]

Or, message us on Facebook.

PRODUCT MARCH 28, 2018

Detecting Crisis: An Al Solution

by Ankit Gupta, Senior Data Scientist

DATA SCIENCE TECH Al MACHINE LEARNING SUICIDE PREVENTION

Content warning: This post references words and phrases associated
with suicide, in the context of how Crisis Text Line identifies texters at
most imminent risk.

Editor’s Note: In July 2017, The Cool Calm presented a post on how Crisis
Text Line was using machine learning to triage texters by severity. This
post follows up on the evolution of that product.

It's mid-evening on December 1, 2017. A post goes viral on Instagram,
resulting in record texter volume at Crisis Text Line. Hundreds of
volunteer Crisis Counselors pour into the system to respond. An opening
message from one texter reads (paraphrased for confidentiality):

“l just took an overdose of Lithium and I'm letting it build up in my system
for a few days.”

The triaging algorithm flags this message as high-risk for a suicide
attempt, and moves it straight to the top of the queue. A Crisis Counselor
responds within 20 seconds. Within an hour, the texter has been located
by emergency services, and is safe. This is the power of data at scale.
Here’s how we did it:

hitps://www.crisistextline.org/blog/2018/03/28/detecting-crisis-an-ai-solution/
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— Mashable Tech Life Social Good Entertainment Deals Q_ Search

Mental Health Mental Health

Crisis Text Line tried to monetize its users. Can big data
ever be ethical?

The crisis intervention service had concerns about its financial future, but made a huge mistake.

By Rebecca Ruiz on February 3, 2022 f Yy O
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Crisis Text Line tried to make a business out of user data. It went terribly wrong. Credit: Vicky Leta / Mashable

https://mashable.com/article/crisis-text-line-loris-big-data-ethics
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It's All in the Wrist (Bones): Archaeological
Data as Artistic Inspiration
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This exercise is best suited to those with an interest in public archaeology, the dynamics of ritual behavior,
or the archaeology of central China. Users should have a basic understanding of archaeological data types,
but little previous experience with archaeology is required.

This page provides access to the resource in two ways. The first is through a series of PDFs that represent
the completed Data Story. These PDFs include:

1. Creative Prompt Guide
2. Project Search Tutorial
3. Teaching Guide

A single PDF for the combined parts is available here. Secondary access to the above listed materials is
available through the Digital Data Stories code repository on Codeberg. These markdown files represent the

[t's All in the Wrist (Bones): Archaeological Data as Artistic Inspiration. Paulina Przystupa.
https://alexandriaarchive.org/2023/07/20/its-all-in-the-wrist-bones-archaeological-data-as-artistic-inspiration
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Using Metadata to find Paul Revere

June 9, 2013 - Sociology - IT - Politics - Data - R
London, 1772.

I have been asked by my superiors to give a brief demonstration of the
surprising effectiveness of even the simplest techniques of the new-fangled
Social Networke Analysis in the pursuit of those who would seek to
undermine the liberty enjoyed by His Majesty’s subjects. This is in
connection with the discussion of the role of “metadata” in certain recent
events and the assurances of various respectable parties that the government
was merely “sifting through this so-called metadata” and that the
“information acquired does not include the content of any
communications”. I will show how we can use this “metadata” to find key
persons involved in terrorist groups operating within the Colonies at the
present time. I shall also endeavour to show how these methods work in
what might be called a relational manner.

The analysis in this report is based on information gathered by our field
agent Mr David Hackett Fischer and published in an Appendix to his lengthy
report to the government. As you may be aware, Mr Fischer is an expert and
respected field Agent with a broad and deep knowledge of the colonies. I, on
the other hand, have made my way from Ireland with just a little
quantitative training—I placed several hundred rungs below the Senior
Wrangler during my time at Cambridge—and I am presently employed as a
junior analytical scribe at ye olde National Security Administration. Sorry, I
mean the Royal Security Administration. And I should emphasize again that
I know nothing of current affairs in the colonies. However, our current
Eighteenth Century beta of PRISM has been used to collect and analyze
information on more than two hundred and sixty persons (of varying degrees
of suspicion) belonging variously to seven different organizations in the
Boston area.

DRoct accrivad that saze nnlxz anllactad ma{-nr’n#n nn thoca nannle and no actiial

Using Metadata to find Paul Revere. Kieran Healy.
https://kieranhealyv.org/blog/archives/2013/06/09/using-metadata-to-find-paul-revere/
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Rather than relying on tables, we can make a picture of the relationship
between the groups, using the number of shared members as an index of the
strength of the link between the seditious groups. Here’s what that looks
like.

The network of groups

And, of course, we can also do that for the links between the people, using
our 254x254 “Person by Person” table. Here is what that looks like.

Using Metadata to find Paul Revere. Kieran Healy.
https://kieranhealyv.org/blog/archives/2013/06/09/using-metadata-to-find-paul-revere/

118

»


https://kieranhealy.org/blog/archives/2013/06/09/using-metadata-to-find-paul-revere/

® © @ @ The Fate of Redlined Neighborl: X +

(= C O 8 https://storymaps.arcgis.com/stories/560d5ac6f704470587d7a9b71dcce27b 3

The Fate of Redlined Neighborhoods in New Orleans
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The Fate of Redlined Neighborhoods in New Orleans. Laurel Mire.
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Jer Thorpe, St. Louis Map Room https://blprnt. medium.com/making-mapping-more-human-/7a96e92ed49
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1. Introduction

Recent theories of economic behavior propose that the
evaluation of an outcome may be affected by com-
parisons of that outcome with a reference point and
not merely tastes, risk attitudes, and wealth levels, as
in classical economic models. For example, how an
employee views a bonus of $1,000 might depend on
the level of previous bonuses, what bonuses were dis-
tributed to other members of the organization, or the
employee’s expectations about what bonuses were pos-
sible (Card et al. 2012, Kahneman 1992, K&szegl and
Rabin 2006).

A reference point divides outcomes into gains or
losses, thus creating a qualitative difference in the
valuation of outcomes slightly above or below that
reference point. We suggest that the distinguishing
feature of reference-dependent models is some form
of discontinuity at the reference point that is psy-
chologically based and not the result of an extrinsic
benefit. For example, a primary feature of prospect
theory, the most well-known and influential account
of reference-dependent preferences, is loss aversion
(Kahneman and Tversky 1979, Tversky and Kahneman
1992). The premise that “losses loom larger than
gains” (Kahneman and Tversky 1979) has implica-
tions for a wide range of economic activities, including
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risky decision making, choice of consumption bun-
dles, and effort provision (DellaVigna 2009, Tversky
and Kahneman 1991). A second property, diminishing
sensitivity, is captured by prospect theory’s character-
istic S-shaped value function that is concave for gains
and convex for losses. Although prospect theory is the
most prominent model of reference dependence, the
discontinuity at the reference point in some instances
might instead be produced by a jump (or “notch”) in
the utility function at the reference point.

Researchers have moved beyond Kahneman and
Tversky’s laboratory demonstrations of reference
dependence to explain behavioral anomalies across a
wide varlety of field settings.’ In a recent review of
prospect theory, Barberis (2013) highlighted the key
challenge to researchers testing for field evidence of
reference-dependent preferences: it is often difficult to
know exactly what reference points are relevant for
individuals in field settings. The difficulty in iden-
tifying the appropnate reference point is best illus-
trated by a stream of work examining the possible
role that reference points play in labor supply and
effort provision. Camerer et al. (1997) argued that taxi
drivers have a downward-sloping labor supply curve
induced by daily income targets (see also Fehr and
Goette 2007, and Mas 2006). This paper led to addi-
tional analyses that used different data sets and econo-

Allen et al.: Referance Dopendant Prefevences: Evdence from Marathan Runners
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Figure 2. Distribution of Marathon Finishing Times
(n =9,789,093)
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Note, The dark bars highlight the density in the T-minute bin just
before each 30-minute threshold.
4:00 marks, compared to 74,968, 69,648, and 67,861 fin-
ishers in the 4:00, 4:.01, and 4:02 bins. Although the
four-hour mark is particularly dramatic, qualitatively

similar differences exist at other hour and half-hour
marks and, to a lesser extent, at 10- and 15-minute

marks. There are 50.0%, 21.5%, and 29.5%, more fin-
ishers in the 1-minute bin before 3:00, 3:30, and 4:00,
respectively, than the 1-minute bin after these round

numbers. This excess mass measure for 10-minute
marks is less dramatic but still substantial: 11.9%,
8.5%, 9.4%, and 7.0% for 3:10, 3:20, 3:40, and 3:50,
respectively."

We next measure the amount of excess mass around
the round number reference point and test whether
the excess mass is statistically significant by adapting a
methodology proposed in Chetty et al. (2011) to quan-
tify the extent of excess mass in an interval around a
round number.* We draw an analogy between our set-
ting and individual taxpayer responses to “kinks” in
the tax code (e.g., Kleven and Waseem 2013, Saez 2010).
Consistent with the hypothesis that income will bunch
around tax rate thresholds, Chetty et al. (2011) found
that Danish taxpayers bunch around the income cut-
off for the top marginal income tax rate. In our setting,
we hypothesize that round number reference points
serve as a discontinuity in a marathoner’s utility func-
tion in a similar manner to how income thresholds
do for taxpayers (see Section 2). As in Chetty et al.
(2011), the observed bunching is likely to be diffuse
rather than a point mass. Runners are unable to per-
fectly control their effort levels over the course of the
race. They may underestimate the amount of energy
they have left, incorrectly calculate the required pace
to meet the benchmark, or build a cushion into their
pacing that causes them to beat the reference point by
more than a small amount. As a result, rather than see-
ing a sharp increase in runners just beating the refer-
ence point and then an immediate drop (as required by

Propositions 2.1 and 2.2), we expect to see somewhat
diffuse bunching of finishing times around the refer-
ence point. This dispersion will reflect runners who
attempt to meet the reference point and just miss, as
well as those who beat it by a few minutes.

To calculate the amount of bunching, we follow the
Chetty et al. (2011) methodology. The counterfactual
distribution is estimated by fitting a quintic polyno-
mial to the local density of finishing times around the
reference point excluding the bunching region. The
difference between the actual density in the bunch-
ing region and the fitted counterfactual density is the
excess number of finishers around the reference point,
with the standard error for the amount of excess mass
determined by a bootstrap procedure. Throughout, we
take the local window around each potential round-
number reference point to be 16 minutes (8 minutes
before a round number and 8 minutes after a round
number). For example, to test for bunching at 3 hours
and 30 minutes, we use a window from 3 hours and
22 minutes to 3 hours and 38 minutes. We choose this
window to avoid bunching that may occur at a 10-
minute mark in the counterfactual distribution either
above or below the reference point of interest. We look
for evidence of bunching itself in a 4-minute window
right before each round number. As recommended by
Chetty et al. (2011), this window was chosen based
on visual inspection of the bunching. We employ a
conservative test and use the same window for every
potential reference point. Finally, before calculating
the excess mass measure, we shift the entire counter-
factual distribution upward so that the area under-
neath the counterfactual curve is equivalent to the
area under the actual density function, thus avoiding
the bias that would otherwise occur since the bunch-
ing is likely drawing from individuals just outside the
bunching region. Thus, without this correction, we
would essentially be double counting runners that are
bunching at the reference point and causing the coun-
terfactual distribution to be lower than it would other-
wise be in a truly counterfactual world.

The main results of the bunching estimation applied
to our full sample are depicted in Figure 3 and sum-
marized in Table 2. Figure 3 graphically shows the
16-minute window around reference points at 3:00,
3:10, 3:20, 3:30, 4:00, 4:30, 5:00, and 6:00. The actual fin-
ishing times are plotted in 15-second intervals along
with the counterfactual distribution that we estimate
using the procedure above. The figures show clear evi-
dence of bunching at the majority of the round number
reference points. The bunching is particularly evident
at the 3- and 4-hour marks. In Sections A5-A7 of
the online appendix, we present the same results for
all 10- and 15-minute marks from 2:30 to 6:00 and
show that our results are robust to variations in the
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You will investigate a Film and Media Studies question of interest. Your deliverable will be a
5-minute class presentation (to your peers) and a blog post written in R Markdown.

In groups of three, please choose a topic from the following list illuminated by Prof. Keller:

1. Westerns over time: The Western is a central U.S. genre, not just to Hollywood and
mainstream film (think Stagecoach, 1939 and The Searchers, 1956), but also to inde-
pendent film production ( Brokeback Mountain, 2005). Film critics have pronounced the
Western dead repeatedly, and, so far. always wrongly. Between 1900 and 2015, when
and how has Western film production peaked and ebbed? What might account for this,
and does the IMDDB define a Western in the 1950 in the same way as it does in 20007

o See info_type_id = 3 AND info = 'Western'

2. Genre Multiplicity: Prof. Keller explained how the labor model in Hollywood has changed
over time, specifically with respect to the 1947 court decision that broke up the vertical
integration of studios. Is it true that movies made today tend to have overlapping genres
in a way that they did not in the past? Is is true that older movies tended to fit squarely

in one genre, while more recent movies tend to span multiple genres? Is there a historical
moment where this genre complexity begins? Does it have patterns of any discernible
kind?

e See info_type_id = 3

3. Sequels with SQL: Hollywood seems to be more repetitive than it used to be. Is this

true? We now have not only sequels. but also remakes and reboots. Are these follow-up
films more common today than they used to be? Can you trace the evolution of sequels
across time in Hollywood? Are sequels more frequent today? Is the spacing between a
sequel and its original shorter than it used to be?

e See movie_link table

4. Community Detection and Missingness: In statistics, data are often missing. Yet the
difference between data that are missing af random versus missing systematically is
crucial. What movies are present in the INDB? We know there are box office Hollywood
movies, independent films, experimental /avant-garde films, adult films, and foreign films.
What films are missing? How does a film merit inclusion in the imdb.com data base?
Can you think of any films that are not in the database? Are there entire areas of
moving image production that imdb.com simply doesn’t recognize (e.g. youtube.com)?
If so, what accounts for that? Could you create a visualization showing the source of
every film in the IMDB? What communities are present? What communities are not
present? When you "map” these data, look beyond geography.
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1E. Archival Undercurrents

> Alexis Easley & Cecilia Becicka, University of St. Thomas, “Victorian Authorship, Geography, and Gender:
Insights from the Chambers’s Archive”

The W. & R. Chambers archive at the National Library of Scotland includes two ledgers that list the names, addresses,
article titles, and remuneration for the 164 women writers who contributed to the journal between 1839 and 1855.
In this presentation, we will share insights gleaned from analysis of this data — e.g., where these women contributors
lived, how much they were paid, and what sort of writing they published in the journal. We also conduct a compara-
tive analysis of male and female contributors with special attention to the genres of writing they contributed and the
remuneration they received. By mapping the addresses of women contributors, we identify their social and literary
networks in Dublin, Cork, London, and Edinburgh. We also show how their correspondence addresses change over
time. The Chambers archive also includes correspondence from many of the women contributors whose names appear
in the ledger. In the second part of this presentation, we analyze their interactions with the Chambers firm — from sub-
mitting their work to negotiating payment, working with editors, and adapting to specific editorial requirements such
as article length. We reveal some intriguing stories behind these anonymous publications — e.g., how Agnes Loudon
(daughter to the famous botanist) published her first story in the journal at age thirteen and how Janet Wills used
publication in the journal to spoof her own experience as the wife of a newspaper editor (W.H. Wills).

Research Society for Victorian Periodicals conference, Caen, France.
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