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Today's Agenda

1. Interesting Questions in Social Sciences
2. What is Quantitative Social Science?

3. Why Should You Learn(Take) the Course?
4. Course Logistics(How to learn effectively)

5. Understanding Social Science Data
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Interesting Questions in Social Sciences




Question #1: Defining and Measuring Democracy

« Democracy is a critical concept widely used in political science and other social sciences.

» Measuring the state of democracy across the world helps us understand the extent to which people have

political rights and freedom:s.

FIGURE 1. STATE OF LIBERAL DEMOCRACY (LDI), 2023 FIGURE 2. LIBERAL DEMOCRACY BY COUNTRY AVERAGES, POPULATION, TERRITORY, AND GDP WEIGHTS, 1973-2023
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1 The Democracy Report 2024 is based on V-Dem dataset v14. With each annual update, V-Dem improves the quality of the data and engages a large number of experts, which may lead ) X . . .
to correction of scores reported in previous years' reports. V-Dem’s Liberal Democracy Index (LDI) captures both electoral and liberal aspects of democracy and goes from the lowest The black lines represent global averages on the.' LDI wt{h the grey area marking the confidence intervals. Panel A is based on conventional country averages. Panels B, C, and D
(0) to the highest (1) levels of democracy. The electoral component is measured by the Electoral Democracy Index (EDI) that captures the extent to which all elements of Robert Dahl's show levels of democracy weighted by population, territory, and GDP, respectively. The data for the latter three figures are drawn from the World Bank and Fariss et al. (2021), both
(1971) famous articulation of “polyarchy” are present, including the quality of elections, individual rights, as well as freedoms of expression, the media, and association. The Liberal included in the vi4 of the V-Dem dataset.

Component Index (LCI) captures the liberal aspects including checks and balances on the executive, respect for civil liberties, the rule of law, and the independence of the legislature
and the judiciary. Dahl, R.A. 1971. Polyarchy: participation and opposition. New Haven: Yale University Press.

V-Dem Index across the world in 2023 V-Dem Index of the world: 1973-2023

e Nord, Marina et al(2024). Democracy Report 2024: Democracy Winning and Losing at the Ballot.V-Dem Institute. 4/ 8


https://v-dem.net/documents/44/v-dem_dr2024_highres.pdf

Question #2: Class Size and Student Performance

« A Classical Topic in Economics of Education: Class Size and Student Performance

o Is there a gap of students’ performance between large-size classes and small-size classes?
 Turn it into an empirical or policy question:

o What is the quantitative effect of reducing class size on student achievement?

o Further, how much is the effect by 5 student per class? or 10? 5/ 8



Question #3: Election Prediction

Harris wins 50 times out of 100

Election 2024 Polls: Harris vs. Trump

Updated Nov. 5, 2024  Leer en espafiol

Trump wins 49 times out of 100.

These averages, based on pre-election polls, were last updated at 6 p.m. Eastern time on Election Day. Follow live results » . . )
There is a less than 1-in-100 chance of no Electoral College winner.

Who’s leading the polls?
National polling average m’ ’ Haccis 503
Harris 11 Nate Cohn

Nov.5 S Chief political analyst S f.Lump 495
No winnect 2
It’s Election Day, and the polls show one of the |

closest presidential races in the history of American 1,000 simulations
[ Harris  politics. Nationwide or across the key battlegrounds

collectively, neither Kamala Harris nor Donald J.
23 Trump )

Trump leads by more than a single percentage

point. Neither candidate holds a meaningful edge in

enough states to win 270 electoral votes. In the

history of modern polling, there’s never been a Warris wins | Tcump wins
campaign where the final polls showed such a close .
40 contest. Updated Nov. 5 1 simulated Electoral College outcome

LECTION
DAY

Source: NYT's Election Forecast

D+538 D+200 D+100 D+50 0 R+50

Source: Fivethirtyeight
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https://www.nytimes.com/interactive/2024/us/elections/polls-president.html
https://projects.fivethirtyeight.com/2024-election-forecast/

Question #3: Election Prediction

Don’t Trust the Election Forecasts Did the US election polls fail?

The data doesn't support the obsession with presidential prognostications.
8 November 2024 Share <& Save []

Natalie Sherman
BBC News

........
-------

T Source:BBC
Source:politico
« Understanding all these news articles and questions involves making predictions using quantitative

methods.
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https://www.politico.com/news/magazine/2024/09/03/election-forecasts-data-00176905
https://www.bbc.com/news/articles/cj4ve004llxo

Quantitative Answers to Questions

e Other Similar Questions:

(e}

Air pollution and Health?

o

Credit regulation on housing price

(e}

Coupon on products sales

Trade War...

o

Pandemic...

(o}

« Quantitative answers to both qualitative and quantitative questions:
o arelative or acceptable quantitative measure
o a numerical answer to the question

o a measure of the precision of the answer or the confidence level in the answer

o This is the role of Quantitative Social Science. 36




What is Quantitative Social Science?




An Overview of Quantitative Social Science

What are Social Sciences?

« Knowledge System of Human Societies

Category Description Disciplines
Sci Study natural phenomena, laws, and principles, relying on Physics, Astronomy, Chemistry,
ciences
experiments and observations to explain and predict them. Biology, Medicine, etc.
Explore human social behavior, structures, and cultures to Economics, Political Science, Sociology,

Social Sciences
understand social phenomena, organizations, and relationships. Psychology, Anthropology , etc.

Humanities Focus on human culture, creativity, and interpretive expression, Literature, History, Philosophy, Arts,

and Arts emphasizing history, criticism, and aesthetic values. Religious Studies, etc.

o Others: Formal sciences like Mathematics and Logic, Applied sciences like Engineering and Applied

social sciences like Management.
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An Overview of Quantitative Social Science

A Framework for Scientific Method

« Anecdotes(#%5+) or Intuition(E ) about a phenomenon or issue(Topics).

o Propose meaningful or interesting questions(It does matter or we care about)
« Theory/Model/Hypothesis(Fit; / #5HY /f15)

o Systematical methodology: Theory, Model, Logical deduction

o To obtain a preliminary conclusion or propose an hypothesis.
« Empirical evidence (Z5GiEHR)

o Collect data: Survey, Experiment, Interview, Observation, etc.

o Use data to test the hypothesis by case study or quantitative analysis methods.

11/ 82



An Overview of Quantitative Social Science

An Example: Smoke and Mortality

o Anecdotes(#:Z5) or Intuition(E )
o eg. "My grandmother smoked two packs a day and lived until she was 95 years old."
 Theory and Hypothesis

o Because Cigarettes contain carcinogens(Z/% %) such as nicotine, tar, and formaldehyde(Je &y T+ £
. HEEER), then...

« Empirical Evidence

o Collecting data through experiments or surveys, and then use statistical or econometrical methods to
verify whether and how cigarettes can harm our health.

e Conclusion:

o Cigarettes can harm our health and quantify the extent of the harm. 12 / 82




An Overview of Quantitative Social Science

Qualitative vs. Quantitative Analysis

o Qualitative Analysis(xE %53 4T)
o focus on subjective experiences and insights.
o often involves in-depth interviews, observations, and case studies, which is not easy to quantify.

o data is often non-numerical and difficult to quantify,like interview transcripts,diary entries, and field

notes,etc.
« Quantitative Analysis(xE &= 4T)
o focus on objective and measurable data.
o often uses statistical and mathematical models to analyze data.

o data is often numerical and can be quantified,like survey data, census data, and experimental results.

13/ 82



An Overview of Quantitative Social Science

What is Quantitative Social Science? (2t &R )

 Within the framework of the scientific method, all social sciences that use quantitative methods can be
unified under the term Quantitative Social Science.

 Quantitative Social Science (QQSS) involves using quantitative methods and analyzing data to understand
and solve problems related to society and human behavior.

« Quantitative Social Science is prevalent
o Many programs are named "Quantitative Social Science" at both undergraduate and graduate levels.

o Many courses titled "Quantitative Social Science" or "Quantitative Methods for Social Sciences" are

offered in various disciplines.

o In practice, scholars who identify as QSS are more likely to work in political science, sociology, and

education rather than economics.
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An Overview of Quantitative Social Science

Axioms of Quantitative Social Science

o Axioms of Quantitative Social Science:

1. Social realities or phenomena can be measured and quantified.

2. Social realities or phenomena occur in a systematic and regular manner.

3. Past behavior can be used to predict future behavior (at least to some extent).
o Grounded in these axioms, QSS has three main missions:

o Measurement and Description(Jl| & 5 #}ji4)

o Causal Inference([5] 5 HE W)

o Prediction and Forecasting(7ijll])

15/ 82




An Overview of Quantitative Social Science

Three Missions of QSS

e Measurement and Description: What happened or is happening in the world?
o Collect data in a systematic way.
o Select and construct indices and indicators to measure complex social concepts.
o Summarize and visualize data by descriptive statistics.

« Tools: Statistics

« eg: Using Democracy Index to measure the level of democracy in the world.
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An Overview of Quantitative Social Science

Three Missions of QSS

« Causal Inference: Why did it happen?

o Identify the causal relationship between variables, such as the effect of education on income, the

impact of minimum wage on employment, and the effect of smoking on health.
« Tools: Econometrics/Causal Inference

« eg: Class Size on Test Scores
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An Overview of Quantitative Social Science

Three Missions of QSS

 Prediction and Forecasting: What will happen?

o Predict future outcomes based on models and past data

o predict the stock market, forecast the weather, predict the outcome of an election, etc.
« Tools: Time Series/Machine Learning

« eg: Predicting the outcome of the election

18 / 82



Quantitative Social Science in the Age of Big Data
and Al




QSS in the Age of Big Data and Al

Revolutions in Social Sciences

« Social sciences have experienced two methodological revolutions over the past few decades.

e No.1: Credibility Revolution

o A movement that emphasizes the goal of
obtaining secure causal inferences in social

sciences.

o The revolution started from around the
1990s, pioneering in economics, then
spread over to other empirical social
sciences such as sociology, political
science,public policy, etc., which has
entirely changed empirical social science

and business research.

© Nobel Prize Outreach. Photo: © Nobel Prize Outreach. Photo: © Nobel Prize Outreach. Photo:
Paul Kennedy Risdon Photography Paul Kennedy

David Card Joshua D. Angrist Guido W. Imbens

Prize share:1/2 Prize share: 1/4 Prize share: 1/4
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Revolutions in Social Science

Panel A. Identification
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1980 1985 1990 1995 2000 2005 2010 2015

Panel C. Administrative data

Panel B. All experimental and

1980 1985 1990 1995 2000 2005 2010 2015

Panel D. Graphical revolution

Panel A. Difference-in-differences

1980 1985 1990 1995 2000 2005 2010 2015

Panel C. Event study

Panel B. Regression discontinuity
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FIGURE 2. THE CREDIBILITY REVOLUTION

FIGURE 4. QUASI-EXPERIMENTAL METHODS
Notes: This figure shows different dimensions of the “credibility revolution” in economics: identification (panel A), all experi-
mental and quasi-experimental methods (panel B), administrative data (panel C), and the graphical revolution (panel D). Panel
D shows the ratio of the number of “figure” terms to the number of “table” terms mentioned. See Table A.I for a list of terms.
The series show five-year moving averages.

Notes: This figure shows the fraction of papers referring to each type of quasi-experimental approach. See Table A.I for a list
of terms. The series show five-year moving averages.

Key words for CR Quasi-experimental methods

o Currie, J., Kleven, H., & Zwiers, E. (2020). Technology and Big Data Are Changing Economics: Mining
Text to Track Methods. AEA Papers and Proceedings, 110, 4248
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https://doi.org/10.1257/pandp.20201058
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QSS in the Age of Big Data and Al

Revolutions in Social Science

e No.2: Big Data Revolution

o How our increasing ability to produce,
collect, store and analyze vast amounts of
data is going to transform our

understanding of the human affairs.
(Schonberger and Cukier, 2014)

Viktor Mayer-Schonberger is
the Oll's Professor of Internet
Governance and Regulation. His

research focuses on the role of
information in a networked
economy.

« Viktor Mayer-Schnberger and Kenneth Cukier, Big Data: A
Revolution That Will Transform How We Live, Work and
Think

Data sources and types are changing, which
makes new methods to obtain, process, analyze

and visualize data necessary.
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FIGURE 6. WHAT’S NEW?

Notes: This figure shows the fraction of papers referring to each method. See Table A.I for a list of terms. The series show five-
year moving averages.

Currie, J et al(2020) 22 /82


https://www.amazon.com/Big-Data-Revolution-Transform-Think/dp/0544227751
https://www.amazon.com/Big-Data-Revolution-Transform-Think/dp/0544227751
https://www.amazon.com/Big-Data-Revolution-Transform-Think/dp/0544227751

QSS in the Age of Big Data and Al

Revolutions in Social Science

« Now we are facing the third revolution in social science: No.3: AI Revolution.

What is Artificial Intelligence (AI)?

o Itis a field of computer science that aims to create machines that can perform tasks that typically require

human intelligence.It includes several subfields, such as machine learning, natural language processing,
computer vision, robotics, and expert systems.

« The most influential breakthrough in Al recently is in the space of Generative AI models or the Large
Language Models(LLM)

o which are designed to create text or other forms of media based on patterns and examples they have
been trained on such as ChatGPT and many others.

o The ability of the Al model is still quickly evolving and upgrading.
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QSS in the Age of Big Data and Al

Revolutions in Social Science

« Itis dramatically changing the way of obtaining, processing, analyzing and visualizing infomation and
knowledge. So it is also changing the way of doing research.

Category Task Usefulness Category Task Usefulness
Brainstorming [ Writing code (D)

Ideation and Feedback Feedback O o Explaining code ©
Providing counterarguments © Coding Translating code [ J
Synthesizing text { Debugging code ©
Editing text [ ) Creating figures (D)

Writing Evaluating text { Extracting data from text [ )
Generating catchy titles & headlines [ . Reformatting data ®
Generating tweets to promote a paper ® Data Analysis Classifying and scoring text (D)
Summarizing Text [ Extracting sentiment (D)
Literature Research O Simulating human subjects (D)

Background Research ~ Formatting References { Setting up models 0
Translating Text [ Math Deriving equations O
Explaining Concepts O Explaining models 0

The third column reports my subjective rating of LLM capabilities as of September 2023: The third column reports my subjective rating of LLM capabilities as of September 2023:

O: experimental; results are inconsistent and require significant human oversight O: experimental; results are inconsistent and require significant human oversight

©: useful; requires oversight but will likely save you time ©: useful; requires oversight but will likely save you time

@: highly useful; incorporating this into your workflow will save you time @: highly useful; incorporating this into your workflow will save you time

« Korinek, A. (2023). Generative Al for Economic Research: Use Cases and Implications for Economists. Journal of Economic

24 / 82
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QSS in the Age of Big Data and Al
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QSS in the Age of Big Data and Al

Case #2: Measuring the intensity of a policy

(b) Risk 2022
« How to measure the intensity of a policy, such
as the COVID-19 lockdown policy in China?

« Asis well known, there is huge difference for
the intensity of the COVID-19 lockdown policy

in China across regions and time.

« How to measure the intensity of the policy?

Cumulative Days with Risk, by Dec 15 2022

Gong et al(2024)

e Gong, D., Shang, Z., Su, Y., Yan, A. & Zhang, Q. Economic impacts of China's zero-COVID policies. China Econ. Rev. 83, 102101
(2024). 26 / 82
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QSS in the Age of Big Data and Al

Case 3: Using Mobile Phone Data to assist in humanitarian aid
nature

Explore content v  About the journal v Publish with us v Y USing mObile phone data and AI tO

nature > articles > article

identify(predict) who is the greatest need of

Article | Open access | Published: 16 March 2022

Machine learning and phone data canimprove help during the Pandemic.
targeting of humanitarian aid

Emily Aiken, Suzanne Bellue, Dean Karlan, Chris Udry & Joshua E. Blumenstock &

Nature 603, 864-870 (2022) | Cite this article o Relative to the traditional tr ageting methOdS, it

54k Accesses | 502 Altmetric | Metrics

reduced errors by 21% at most.

Abstract

The COVID-19 pandemic has devastated many low- and middle-income countries, causing
widespread food insecurity and a sharp decline in living standards!. In response to this crisis, . k 11 S 1 d C
1 andasharp de g suandards’ Inesponse ot o Aiken, E., Bellue, S., Karlan, D., Udry, C. &
governments and humanitarian organizations worldwide have distributed social assistance 4 4 4 J 4 4 J
to more than 1.5 billion peopleZ. Targeting is a central challenge in administering these

programmes: it remains a difficult task to rapidly identify those with the greatest need given B 1umenst0 Ck, ] . E . MaChlne le arn]_ng and phone

available data>*. Here we show that data from mobile phone networks can improve the

targeting of humanitarian assistance. Our approach uses traditional survey data to train d 2 1 f h < 2
machine-learning algorithms to recognize patterns of poverty in mobile phone data; the ata Can lmprove targetlng O umanltarlan
trained algorithms can then prioritize aid to the poorest mobile subscribers. We evaluate this .

approach by studying a flagship emergency cash transfer program in Togo, which used these al d o N ature 6 O 3, 8 64_8 70 (2 O 2 2 ) o

algorithms to disburse millions of US dollars worth of COVID-19 relief aid. Our analysis

compares outcomes—including exclusion errors, total social welfare and measures of fairness

—under different targeting regimes. Relative to the geographic targeting options considered

by the Government of Togo, the machine-learning approach reduces errors of exclusion by 4—-

21%. Relative to methods requiring a comprehensive social registry (a hypothetical exercise;

no such registry exists in Togo), the machine-learning approach increases exclusion errors by

9-35%. These results highlight the potential for new data sources to complement traditional

methods for targeting humanitarian assistance, particularly in crisis settings in which

traditional data are missing or out of date.
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QSS in the Age of Big Data and Al

o There can be many labels for our work...

Econometrics(Causal Inference)

(o}

Statistics

(¢]

(¢]

Data Mining/Big Data/Data Science

o

Machine Learning(ML) and Artificial Intelligence(AI)

« Along this spectrum, the focus shifts from heavily emphasizing the phenomena being measured to a more

practical approach of discovering patterns that are useful and true.
o The more we move to the right, the more we are interested in prediction and less in causality.
o The more we move to the left, the more we are interested in causality and less in prediction.

o The similarities are much bigger than any distinctions.

28 / 82




SYMPOSIU

We Are All Social Scientists Now:
How Big Data, Machine Learning,
and Causal Inference Work Together

Justin Grimmer, Stanford University

nformation is being produced and stored at an unprec-

edented rate. It might come from recording the public’s

daily life: people express their emotions on Facebook

accounts, tweet opinions, call friends on cell phones,

make statements on Weibo, post photographs on Insta-
gram, and log locations with GPS on phones. Other informa-
tion comes from aggregating media. News outlets disseminate
news stories through online sources, and blogs and websites
post content and receive comments from their readers. Poli-
ticians and political elites contribute their own messages to
the public with advertising during campaigns. The federal
government disseminates information about where it spends
money, and local governments aggregate information about
how they serve their citizens.

The promise of the “big data” revolution is that in these
data are the answers to fundamental questions of businesses,
governments, and social sciences. Many of the most boister-
aims come from computational fields, which have little

ous ¢
experience with the difficulty of social scientific inquiry.
As social scientists, we may r
better. Our extensive experience with observational data
means that we know that large datasets alone are insufficient

assure ourselves that we know

for solving the most pressing of society’s problems. We even
may have taught courses on how selection, measurement
error, and other sources of bias should make us skeptical of a
wide range of problems.

This statement is true; “big data” alone is insufficient for

solving society’s most pressing problems—but it certainly can
help. This paper argues that big data provides the opportunity
to learn about quantities that were infeasible only a few years
ago. The opportunity for descriptive inference creates the
chance for political scientists to ask
ate new theories that previously would have been impossible
(Monroe et al. 2015). Furthermore, when paired with experi-
ments or robust research designs, “big data” can provide data-
driven answers to vexing questions. Moreover, combining the
social scientific research designs makes the utility of large
datasets even more potent.

The analysis of big data, then, is not only a matter of solv-
ing computational problems—even if those wor

causal questions and cre-

ing on big

of statistical techniques. For the analysis of big data to truly
yield answers to society’s biggest problems, we must recog-
nize that it is as much about social science as it is about com-
puter science.

THE VITAL ROLE OF DESCRIPTION

Political scientists prioritize causal inference and theory
building, often pejoratively dismissing measurement—
inferences characterizing and measuring conditions as they
are in the world—as “mere description” or “induction.”
Gerring (2012) showed, for example, that 80% of articles
published in American Political Science Review focus on causal
inference. The dismissal of description is ironic because much
of the empirical work of political scientists and theories that
they construct are a direct product of description. Indeed,
political scientists have developed a wide range of strategies
for carefully measuring quantities of interest from data, vali-
dating those measures, and distributing them for subsequent
articles. Therefore, although descriptive inference often is
denigrated in political science, our field’s expertise in meas-
urement can make better and more useful
from big data.

ausal inferences

The VoteView project is perhaps the best example of
political science’s expertise with measurement and why
purely descriptive projects affect the theories we construct
and the causal-inference questions we ask (McCarty, Poole,
and Rosenthal 2006; Poole and Rosenthal 1997).' VoteView is
best known for providing NOMINATE scores—that is, meas-
ures of where every representative to serve in the US House
and Senate falls on an ideological spectrum. The authors are
emphatic that NOMINATE measures only low-dimensional
summaries of roll-call voting behavior. Like other measure-
ment (th"i(lllc\, IhL‘\(’ summaries are a ((7']\(‘(]\|(‘|]fl’ (Yf b("]]
the observed data and the assumptions used to make the
summary (Clinton and Jackman 2009; Patty and Penn 2015).
Extensive validations suggest, however, that the measures are

capturing variation in legislators’ expressed ideology (Clinton,

Jackman, and Rivers 2004; Poole 1984; Poole and Rosenthal

1985;1997).
The impact of the VoteView project is broad and substan-

bar in almaer averv naner

QSS in the Age of Big Data and Al

e Grimmer, J. (2015). We are all social scientists
now: How big data, machine learning, and

causal inference work together. PS: Political
Science & Politics, 48, 80-83.

29/ 82
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QSS in the Age of Big Data and Al

Big Data and AI can be seen as a complement to quantitative social science, providing new tools and
methods to analyze data and extract insights that may not be possible with traditional QSS methods

alone.

Big Data and AI cannot speak for themselves; they need to be guided by social scientists in the analysis

and interpretation of data.

The combination of QSS and Big Data and Al can be seen as a new field of Quantitative Social Science
2.0.

o Some Scholars especially in socialogy and communication call it Computational Social Science.

[ will stick to the term Quantitative Social Science in this course for the sake of tradition and consistency.
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Course Logistics




About Me, our TA, and the Course

e My name is Zhaopeng Qu( K fI{%) o Our TA: Zhengwu Raoxue({5FH ) (very nice
and helpful)
o Associate Professor, Institute of Population
Studies, Business School. o Majored in Managment of Info
o Research Fields: Labor Economics and System(MIS) in Nanjing University.
Applied Econometrics o Proficient in R and Python.
o Email: qu@nju.edu.cn o Will asistant you in the lab sessions.

 Online Resources
o Our Course Website: https:/ /byelenin.github.io /QSS_2025/

o Wechat group: discuss anything related to the course.
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Prerequisite and Procedures

o Although there are no formal prerequisites for the course, it is recommended that you have taken at least
one course in Statistics.

o Itis assumed that you are comfortable with or at least willing to learn dealing with data and coding

using R/Python.
o The First Part: Lectures by the instructor o The Second Part: Computer Labs in and after
class
o Briefly introduce the underlying theoretical
problems and focus heavily on the o Teach basic coding skills in R and Python.

empirical strategy.
o Help you to practice the skills using Al

o Provide specific examples from classical tools to coding and data analysis.

papers with interesting topics.
o Provide a platform for you to apply the

skills to your own research projects.
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The Procedures

 The Third Part: Your Own Research Project

(o}

Team up with 2-3 classmates to work on a research project.

(¢]

A Presetation for Research Proposal : in mid term

(¢]

A Presentation for Preliminary Results: in the end of the semester

o

Language: English or Chinese are both acceptable.
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Evaluation

The final grade will be based on the following

components:

Class Participation

Midterm Presentation of Research Proposal

Final Presentation of Preliminary Results

Final Report

Grade Composition

. Class Participation 10%)
B Fine repanizom)
. Prasemntalion of Praliminary Results]{30%)

. Frasentation of Research Proposal{40%)

35/ 82



Required Textbooks

G=§ wmzzn
Quantitative LY R ey S R S
N e Social Science

An Introduction in tidyverse

Social Science .
Kosuke Imai and

An Introduction Nora Webb Williams ?—\-) -
Kosuke Imai |

* Quantitative Social Science: An Introduction, Kosuke Imai, 2017. Princeton University Press.

* Quantitative Social Science: An Introduction with Tidyverse , Kosuke Imai and Nora Webb Willimas, 2022. Princeton University

Press.
o «EALHESRETY . SHIINE, HFECIREEE,. PER R, 20224, BEWE RS R
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Supplementary Textbooks

DATA
ANALYSIS
FOR
SOCIAL
SCIENCE

A FRIENDLY
AND PRACTICAL
INTRODUCTION

ELENA LLAUDET
KOSUKE IMAI

DATA
ANALYSIS

FOR BUSINESS,
ECONOMICS, AND POLICY

Gabor Békés | Gabor Kézdi

o Llaudet, Elena and Kosuke Imai(2023),Data Analysis for Social Science: A Friendly and Practical Introduction, Princeton University

Press.

» Gdbor Békés and Gabor Kézdi(2021), Data Analysis for Business, Economics, and Policy,Cambridge University Press.
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https://press.princeton.edu/books/hardcover/9780691199429/data-analysis-for-social-science
https://www.cambridge.org/highereducation/books/data-analysis-for-business-economics-and-policy/D67A1B0B56176D6D6A92E27F3F82AA20#overview

Interesting Books for Reading

« Steven D. Levitt and Stephen J. Dubner, SuperFreakonomics: Global Cooling, Patriotic Prostitutes, and
Why Suicide Bombers Should Buy Life Insurance, 2009. (FPi¥A GEBIEBEREATF> T EH L. )

« Raymond Fisman & Edward Miguel, Economic Gangsters: Corruption, Violence, and the Poverty of
Nations, 2010.(FF1EAR: «EPFERAS: B FRANEHFFY . EHMRAL. )

« Abhijit V. Banerjee & Esther Duflo, Poor Economics A Radical Rethinking of the Way to Fight Global
Poverty, 2011.(HPiAS: CEFFRIATT: BATAH2BBA 7855 e, )

« Abhijit V. Banerjee & Esther Duflo, Good Economics for Hard Times,2019.(FRiFA: <UFRILE5» . 5
H k. )

o Help you to understand how empirical economists work and how to do research in empirical economics.
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Computing Tools

« The main computing tools used in the course are R. And Python is also used occasionally.

R Python
e Pros: e Pro
o More popular in academia while also used o More multi-functional and flexible.
in industry. o More general-purpose and supported by
o More powerful and flexible in data analysis many fields.
and visualization.
e Con
« Cons:
o More steep learning curve.
o Less multi-functional and flexible than o Less popular in academia while more used
Python. in industry.
o Less supported other than economics, o Less powerful and flexible in data analysis
statistics, and data analysis. and visualization.
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Promise and Expectation

What I promise to offer you What I expect to you
 Prepare lectures as well as possible. « Class participation with a little bit aggressive
attitude.
« One to one interaction on topics covered in the
course, especially for your own topics. o More questions, more scores!
« Help you start to using R to analyze data sets « Self-motivated learning by doing.
in China.

« A good score?

o It depends on you.
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One More Thing

© hazzaap123/reddit

e Don't ever cheat on your projects!

« And how to use Al tools properly in your study and research? please follow my instruction.
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Welcome contact me




Why and Who should take the course?




Why take the course?

Course Goals

« Understand and master the basic concepts and fundamental methods of QSS.
« Learn to use softwares such as R/Python for data collection, cleaning, analysis, and visualization.

 Gain a preliminary understanding of version control concepts and learn to use Al tools like Github
Copilot/ChatGPT/Claude/Deepseek to assist in programming and data analysis tasks.

« Learn about how to use non-traditional data sources such as satellite images, web scraping, and OCR
text, etc. in QSS research.
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Why take the course?

The Purpose of the course

« Introduce you to quantitative social science in a way that is accessible to students who have not taken a

prior course in related fields.

« The course focuses more on intuition and practical examples, while keeping the mathematical content to
a minimum. Notably,matrix notation is not used and probability theory and statistics are not required

but recommended.
o Laying down a solid theoretical background in introductory level QSS,
o Inquiring about some basic instruments and some latest development in the empiricist's toolbox.

o Developing an ability to implement modern QSS methods with Al tools to real-world data.
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Why take the course?

Hopefully, taking this course can help you:

« Develop your quantitative analysis skills to analyze real-world data.
o Cultivate a critical thinking about empirical studies and applications in social sciences.

« Help yourself enjoy to learn some new ideas in an empiricist's mindset.

Improve your skills in graduate studies

e Hard Skills o Soft Skills
o Language o Critical Thinking
o Computer o Teamwork

o Presentation and Writing

« Fortunately, you could practice all above skills more or less in our class.
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Why take the course?

For those pursuing an academic career:
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« The proportion of empirical studies in economics is increasing more and more.
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Why take the course?

Who want enter industry job market

« Who want to work in industry: mastering econometrics may help you get a good job!
« Alot of internet giants even hire economists to lead their special R&D department. Such as
o Google, Microsoft,eBay,Baidu, Alibaba, Tencent, Tiktok

« Data Analyst/Data Scientist is the hottest job in consulting, business areas as well as financial industry
right now.
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Why take the course?

The Change of EcoPhD Job Markets in the US by The Economist

o The Economist(2022): Why economists are flocking
Doctor boom o

, , to Silicon Valley
United States, economics PhD graduates*

% taking private-sector jobs

30
Flnalnce Other — 55
20

2013 14 15 16 17 18 19 20 21 22

*Top ten programmes as ranked by US News & World Report
Sources: University economics departments; The Economist
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Why take the course?

Who want enter industry job market: Apple Job Wanted

Economist/Core Data Scientist 2 Na
) Apply € BEEEVCEEERE D _—
Apple - Beijing, Beijing, China \. J/ escription
Key Qualifications « Waork with various teams to understand business problems and provide business
solutions
Strong background infstatistics or econometrics) regression analysis, Gausal,
inference, tipg seres.analysis, GLM, loaistic regression, probability theory, « Build models to causal impact of new programs release across different scenarios

©aularization _interest in machine learning algorithms

« Develop internal visualization and maodeling to facilitate data-driven decisions
Develop internal visualization and modeling tools to facilitate data-driven decisions

« Present results and other analytical findings to business partners
Present results and other analytical findings to business partners

- ) . ) . . Education & Experience
Strong statistical background and experience with causal inference, time series

analysis (e.g. ARIMA, exponential smoothing, time series regression methods etc.), p— i )

forecasting, and data analysis S P ND In Economics or related ﬂac-ib

Bsaasieacad B/IDuIhon programmer also proficient in other languages important to the - M.5. in related field with 5+ years experience applying econometric models to
ETL data pipeline (e.g. SQL) business problems.

Experience with data visualization Rackages-Le.CeadRIot2 plotlv) and advancing

multiple projects at once on a tight schedule
Ability to share results with a non-technical audience

Experience in bayesian statistics and modeling (e.g. bayesian structural time series,
dynamic linear models)

Advocate and practitioner of version control and reproduciple code

Exgellent verbal and written comumaunication skills_in both Mandarin Chinese and
English

50 / 82



Why take the course?

Who enter industry job market: ByteDance Job Wanted
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Why take the course?

Who find a job in public sectors in China(shang'an movement)

.

LT
e | ) / C SF[’W help you succeed in the examination directly.
| ~V/ /9

« To be honest with you, the course may NOT

« However, in the long run, it provides valuable
knowledge and skills that offers a broader

understanding of the subject matter and

¢ :
| P o enhances your critical thinking abilities.
Y % y g
¥ @ o o It ultimately benefits your career, as well as our
- - people, our country, and the world.
Source:SCMP
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Why take the course?

Who look for fun

o T will try my best to make the course an interesting and enjoyable class rather than a boring and

demanding variant of a statistics or computer science course.
« Also covering several interesting and insightful stories like
o Eg. Crime and Abortion in Freakonomics written by Steven Levitt.

o Eg. What is the economic value to be the president's son(or daughter)? in Economic Gangster written
by Raymond Fisman and Edward Miguel.
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Whoever and Whatever

Whoever you would like to be or whatever you want

If you do what you enjoy doing
you'll never have to work hard.

“If today were the : b AN
last day of my life, Rl TR, — Mahatima Gandhi, —

would | want to do what

I'm about to do today?”
Steve Jobs

AZ QUOTES
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e QSSis an essential and intriguing yet challenging course.
o Please consider carefully before enrolling
o Once committed,please work hard on it!

o And remember, enjoy the process of working hard!
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An Introduction to Economic Data
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What is Data

« Data is a collection of facts or information, which can be presented in various forms such as numbers,
tables, words, graphs, pictures, or even sounds and videos.

 And it can be processed and analyzed to produce knowledge and insights either by itself or after
structuring, cleaning, and analysis.

« Data is most straightforward to analyze if it forms a single data table(a matrix).
o It consists of observations(Xjll|{E) and variables(Z% ).
o Observations are also known as cases, or row.
o Variables are sometimes called features or covariates.

« Normally, in a data table the rows are the observations, columns are variables.
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A Simple Example: CA School Data

Districts in 1999

P
TABLE 1.1 Selected Observations on Test Scores and Other Variables for California School

p.

Note: The California test score data set is described in Appendix 4.1.

Observation (District) District Average Student-Teacher Expenditure per Percentage of Students
Number Test Score (fifth grade) Ratio Pupil ($) Learning English
1 690.8 1'7.89 $6385 0.0%
2 661.2 21.52 5099 4.6
3 643.6 18.70 5502 30.0
4 647.7 17.36 7102 0.0
( 5 640.8 18.67 5236 13.9
ID of Observations One case
418 645.0 21.89 4403 24.3
419 672.2 20.20 4776 3.0
420 655.8 19.04 5993 5.0
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Data: Basic Characteristics

« First, we need to distinguish between the population and the sample.

o Population: the entire group of individuals, objects, or events of interest.

o Sample: a subset of the population that is supposed to be representative of the population.
« Second, we need to know the unit of observation and the unit of analysis.

o Unit of Observation: the entity about which data are collected.

o Unit of Analysis: the entity about which analysis/inferences are made.
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A Simple Example: CA School Data

Topic: the effect of class size on student achievement in California public schools.

o Ideally,
o Population: all the students in the CA public school system.
o Sample: a subset of the students in the CA public school system by a random sampling.

Unit of Observation and Unit of Analysis: each student.

In reality, based on the availability of data and the way data is collected
o Population: all the schools(districts), which can be equivalent to all the students in the CA public school system.
o Sample: a subset, 420, of the all schools(districts) by a random sample.

Unit of Observation and Unit of Analysis: each school(district)

Actually, the unit of observation and unit of analysis can be different.

o eg.the unit of observation is the student, but the unit of analysis are both the student and class.
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Data: Sources and Types

Data Sources

« Traditional Collecting Methods: « Collecting Data in Digital Times:

Online Transactions or Activities
Social Media
Geolocations or Geographic Data

(¢]
o

Statistical Reports or Documents

o
o

Survey or Census

(0]

Administrative Data

(0]

Online Documents or Texts

(¢]
o

Lab or Field Experimental Data
« Always need to figure out
o what is the population and sample of the data.

o what is the unit of observation and unit of analysis of the data.
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Data: Sources and Types

Data Quality Ethical and Legal Issues
e Including e Including
o Content o Privacy and Confidentiality
o Accuracy o Data Security
o Completeness o Data Ownership
o Consistency o Data Sharing and Open Data

e Garbage in, Garbage out

o Prioritize data, then methods.
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Data Types

Experimental V.S. Observational Data Structure
« Experimental data come from experiments  Cross-sectional data
designed to evaluate a treatment or policy or to  Time series data
investigate a causal effect. « Panel/longitudinal data

e Pool-cross sectional data
e Observational data come from non-

experimental settings, such as
surveys,administrative records and other

sources.
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1.Cross-Sectional Data: (Major Focus)

Units: individuals, households, firms, cities, states, countries, etc.

Data on multiple agents at a single point in time

{z;, ;- .. f\il;N — Sample Size

Usually obtained by random sampling from the underlying population.It means

{whyi 1 mjayj}ai 7&] e N

Cross-sectional data are widely used in economics and other social sciences:

o labor economics, public finance, industrial economics, urban economics, health economics...
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1.Cross-Sectional Data: (Major Focus)

/ Selected Observations on Test Scores and Other Variables for California School
Districts in 1999
Observation (District) District Average Student-Teacher Expenditure per Percentage of Students
Number Test Score (fifth grade) Ratio Pupil ($) Learning English
1 690.8 17.89 $6385 0.0%
2 661.2 21.52 5009 4.6
3 643.6 18.70 5502 30.0
4 647.7 17.36 7102 0.0
5 640.8 18.67 5236 13.9
418 645.0 21.89 4403 243
419 672.2 20.20 4776 3.0
420 655.8 19.04 5993 5.0
Note: The California test score data set is described in Appendix 4.1.

AN vy

» Questions?: observations,variables,the sample size?

x; = ST Ratio;; y; = TestScore;; N = 420 66 / 82




2.Time Series Data:(Minor Cover)

« Observations on a variable (or several variables) over time, thus data on a single agent at multiple points

in time
{zt, ys. .. }le; T = Sample Size

« Examples:

o stock prices, money supply

o consumer price index(CPI)

o gross domestic product(GDP)

o automobile sales
o Data frequency: minutes, hourly, daily, weekly, monthly, quarterly, annually.

« Economic observations can rarely be assumed to be independent across time. So we have to account for

the dependent nature of economic time series. 67 / 82




2.Time Series Data:(Minor Cover)

(@EIXTEEID sclected Observations on the Growth Rate of GDP and the Term Spread in the United
States: Quarterly Data, 1960:Q1-2013:Q1
Observation Date GDP Growth Rate Term Spread
Number (year:quarter) (% at an annual rate) (% per year)
1 1960:01 8.8% 0.6%
2 1960:Q2 -1.5 1.3
3 1960:Q3 1.0 1.5
- 1960:0Q4 —4.9 1.6
5 1961:Q1 2.7 1.4
211 2012:03 2.7 1.5
212 2012:04 0.1 1.6
213 2013:Q1 1.1 1.9
Note: The United States GDP and term spread data set is described in Appendix 14.1.

A A

 Questions? observations,variables,the sample size?

x: = Date(quarter); y» = GDP Growth Rate; N(T') = 213 68 / 82




3.Panel or Longitudinal Data(Minor Cover)

« Time series for each cross-sectional member in the data set, thus data on multiple agents at multiple

points in time.

 The same cross-sectional units (individuals, firms, countries, etc.) are followed over a given time period.

NT
{mita Yit- - - i=1,t=1,

« Advantages of panel data:
o Controlling for (time-invariant) unobserved characteristics

o Consideration of the effects of lag variables
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3.Panel(or Longitudinal) Data(Minor Cover)

m Selected Observations on Cigarette Sales, Prices, and Taxes, by State and Year for U.S.
States, 1985-1995
Average Price Total Taxes
Observation Cigarette Sales per Pack (cigarette
Number State Year (packs per capita (including taxes) excise tax + sales tax)
1 Alabama 1985 116.5 $1.022 $0.333
2 Arkansas 1985 128.5 1.015 0.370
3 Arizona 1085 104.5 1.086 0.362
47 West Virginia 1985 112.8 1.089 0.382
48 Wyoming 1985 129.4 0.935 0.240
49 Alabama 1986 117.2 1.080 0.334
% Wyoming 1986 127.8 1.007 0.240
97 Alabama 1987 115.8 1.135 0.335
528 Wyoming 1995 112.2 1.585 0.360
Note: The cigarette consumption data set is described in Appendix 12.1.

» Questions?: observations,variables,the sample size?

x;; = Total Taxes;; y;; = Cigarette Sales;;; N x T = 48 x 11 = 528 70 / 82




4.Pool Cross-Sectional Data(Not Cover)

Pooled cross sections can be generated by combining two or more years cross-sectional data.
o Cross-sectional data in each year is independent with other years.

o While the data come from a same population in different time,the data does not necessarily track the
respondent multiple times.

For it has both cross-sectional and time series features, so allows consideration of changes in key variables

over time.
Simple pooling may also be used when the number of observations of a single cross section is small.
It is widely used in:

o Cohort studies
o Difference-in-differences analyses

o Cross-sectional analyses
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4.Pool Cross-Sectional Data(Not Cover)

TABLE 1.4 Pooled Cross Sections: Two Years of Housing Prices

250
251
252
253

520

year
1993
1993
1993

1993
1995
1995
1995

1995

hprice
85500
67300
134000

243600
65000
182400
97500

57200

proptax

42
36
38

16
20
15

16

sqrit
1600
1440
2000

2600
1250
2200
1540

1100

W o N e

bthrms

2.0
2.5
2.5

3.0
1.0
2.0
2.0

1.5

» Questions?: observations,variables,the sample size?

x;jt = hprice; 1993, hprice; 1995; Yijt = Proptex; 1993, Propter; 1995;
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Variables or Features in Data

Variables are the characteristics or properties of the observations in the data set, which can be broadly
classified into two types:

Quantitative: continuous or discrete numerical values. These numbers represent a quantity or amount.

o Scale: the difference between two values is meaningful and consistent in most cases.

Qualitative: specific numbers used to represent different groups or categories.

o Here, the scale is mostly meaningless or arbitrary.

The number of variables is the number of columns in the data set,represents by p,

o which is normally less than the number of observations in the traditional data set, represents by N
p KN

o However, in the big data era, the number of variables can be larger than the number of observations,

represents by p > N 73 / 82




Quantitative Variables v.s. Qualitative Variables

TABLE 7.1 A Partial Listing of the Data in WAGE1

person wage educ exper female married
1 3.10 11 2 1 0
2 3.24 12 22 1 1
3 3.00 11 2 0 0
4 6.00 8 44 0 1
5 5.30 12 7 0 1
525 11.56 16 5 0 1
526 3.50 14 3] 1 0

« Quantitative Variables: wage, education, experience...

e Qualitative Variables: female and married...
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Features in Big Data

g N
WL ER P Variables in the 817-Predictor School Test Score Data Set
Main variables (38)
Fraction of students eligible for free or Ethnicity variables (8): fraction of students who
reduced-price lunch are Am.erican In“dian, Asian, Black, Filipino,
Fraction of students eligible for free lunch Hispanic, Hawaiian, two or more, none reported
Fraction of English learners Number of teachers
Teachers’ average years of experience Fraction of first-year teachers
Instructional expenditures per student Fraction of second-year teachers
Median income of the local population Part-time ratio (number of teachers divided by
Student—teacher ratio teacher full-time equivalents)
Number of enrolled students Per-student expenditure by category, district
Fraction of English-language proficient level (7)
students Per-student expenditure by type, district level (5)
Ethnic diversity index Per-student revenues by revenue source, district level (4)
+ Squares of main variables (38)
+ Cubes of main variables (38)
+ All interactions of main variables (38 X 37/2 = 703)
Total number of predictors = k = 38 + 38 + 38 + 703 = 817
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Data Types and QSS Methods

Causal Inference(E SR #T) Times Series Analysis(FY & F 5] 2 47)
o Cross-Sectional  Times series
« Pool Cross-Sectional « Long Panel(small N, large T)

« Short Panel(large N, small T)
Big Data Econometrics(Machine Learning Econometrics)
« High-dimensional data(larger p, large N, large T)
o eg. variables selection to avoid the curse of dimensionality
o Unstructured data(unstructured N, unstructured p, unstructured T, many missing values)

o eg. extract information from text data, image data, audio data, video data, etc.

76 | 82




Data Sets in International Political Economy

« Topic: Measuring democracy
1. V-Dem(Varieties of Democracy)
2. Freedom House(Freedom in the World)
3. Polity IV
4. EIU(Economist Intelligence Unit)
« Topic: Conflict, War and Terrorism
1. Correlates of War Project
2. Uppsala Conflict Data Program
3. PRIO(The Peace Research Institute Oslo)

4. Global Terrorism Database

e Individual Data:

o World Value Survey(WVS)

o The General Social Survey(GSS)
« Comprehensive Data Platforms:

o Harvard Dataverse

o ICPSR(Inter-university Consortium for

Political and Social Research)

o Dataverse
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https://www.v-dem.net/
https://freedomhouse.org/country-reports
https://www.systemicpeace.org/polity/polity.html
https://www.eiu.com/topic/democracy-index
https://correlatesofwar.org/
https://www.pcr.uu.se/ucdp/
https://www.prio.org/
https://www.start.umd.edu/gtd/
https://www.worldvaluessurvey.org/
https://gss.norc.org/
https://dataverse.harvard.edu/
https://www.icpsr.umich.edu/
https://www.icpsr.umich.edu/
https://dataverse.org/

Typical Data sets in China

e Survey Data e Online Big Data:
o China Family Panel Survey(CFPS) o Transaction data on Tabao,]D, Tmall(& €. 7
R KIE...)
o China Health and Retirement Longitudinal
Study(CHARLS) o Movie Data on Douban.com( & ¢ \ 5 HR H 52 %
%)

¢ Administrative Data:

o Night-Lights Data(7% [A]£] Jt:£#iE) and Air

o Census: 4 [F A & &ZHE; 2 FE1% N\ LR Quality: PM2.5(25 5 ft B 5 )
o 1

o Land Transaction Markets(+4- 155 7 i &7 %03E)
o China Industrial Survey Data: T/l &g &

o Geolocations Data(M ¥R\ & %#E) : Baidu Map,

o Chinese Custom Transaction Data 513 5 2048 Didi, Mobike, Ofo...
FE
o Social Media Data(f#{#. /=, #1°F. S, I
> SEPL etk B gE . HE. L. 195, M
28...)

78 | 82



http://www.isss.pku.edu.cn/cfps/
http://charls.pku.edu.cn/
http://charls.pku.edu.cn/

Homework(not required)




Homework 1: Household Surveys in China

« Register on one of the following database websites and download the data set.
o China Household Income Project(CHIP):H 5] & FCie N\ &
o China Health and Nutrition Survey(CHNS): 1 [# (& ¢ 5 & 75 &
o China Family Panel Survey(CFPS):1[H 5 Ji2i8 i i 2
o China Health and Retirement Longitudinal Study(CHARLS): F [ {8 55 3218 B &
o Chinese General Social Survey(CGSS): 1 [H 25 & 412 A
o China Labor-force Dynamics Survey(CLDS): 1 [H 55 /) 1 5l A5 &
o China Household Financial Survey(CHFS):F{1[H 52 f2 4> il i &5

o China Urban Labor Survey(CULS): 7 3 T 55 5] /7 &
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http://www.ciidbnu.org/chip/
https://www.cpc.unc.edu/projects/china
http://www.isss.pku.edu.cn/cfps/
http://charls.pku.edu.cn/
http://cgss.ruc.edu.cn/
http://css.sysu.edu.cn/Data/
https://chfs.swufe.edu.cn/
http://www.cuhk.edu.hk/ics/cls/

Homework 1: Household Surveys in China

 Understand the purpose and main content of the sample survey, as well as basic information such as the
scope of sampling, the method, and the sample size. Determine the data structure to which this data

belongs.( [ f#FE AR H UM EE N, UULIEERE. 7l HARESFHFEAER, HzE0sET
R R R A AL ?)

« Download the survey questionnaire and comprehend the specific information it contains. (" %3 Jf & [ [7]

B, A TR AR R EARRY(ER)

o Identify the questions you are interested in and locate them in the questionnaire.(E 4GHfixE H C 84K
HTalE, SR 2 A a2 548)

o Alternatively, review the questionnaire first and find the specific information of interest.(& 4 /¢ & 7]
G, HEH O ESGEBIERFR)

« Download the corresponding data and perform preliminary data cleaning and statistical analysis (to be

completed after the computer class)("~ & HN EdE, FATHIEAIEHRIE M ZE 1T 7047 )

« Prepare for the research proposal project at the end of semester(CAHH A 1 F 58 it H S 81 / 82




Homework 2: IT Preparations

Ensure you have a stable and reliable INTERNERT connection.

Install Git on your computer.

Sign up for GitHub as a student and send your GitHub ID to our TA.

Install R and RStudio on your computer.

If you have any questions, please feel free to ask our TA or me.
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