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Course Information

Course title: Introduction to Computational Social Science

Level: Undergraduate

Semester: Spring 2027
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This syllabus is a working plan for a project-based undergraduate course. It was produced in
the context of the European Union Marie Sklodowska-Curie Postdoctoral Fellowships WIDERA
project FIRSA under grant agreement No. 101180601.

Course Description

Computational social science uses data, code, and social theory to study political and social life
at scales that were difficult to observe only a few years ago. This course introduces students to
that field through substantive questions about politics, public policy, international relations, social
media, institutions, and economic governance. Students will learn how to collect, clean, visualize,
model, and interpret social data using the R programming language and reproducible Quarto
documents.

The course gives special attention to text as data. Political life is made of speeches, manifestos,
policy documents, news articles, social media posts, parliamentary debates, central bank communi-
cations, NGO reports, and other forms of language. We will learn how to transform texts into ana-
lyzable data without forgetting that texts are produced by people, institutions, and unequal social
contexts. Students will work with methods including corpus construction, tokenization, descriptive
text statistics, dictionaries, supervised classification, topic models, scaling, and introductory large
language model workflows.

Learning Outcomes

By the end of the course, students should be able to:

e Explain what makes computational social science distinct from, and similar to, other forms of
empirical social inquiry.

o Use open-source analytical tools like R, Python, and Quarto to create reproducible analyses.

e Collect, clean, summarize, analyze, and visualize common forms of social data.

¢ Read basic statistical output and explain uncertainty, association, prediction, and model limita-
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tions in plain language.

¢ Build a robust original dataset and document choices about sources, units of analysis, metadata,
preprocessing, and ethics.

e Apply and evaluate introductory text-as-data methods, including dictionaries, document-feature
matrices, topic models, supervised classification, and scaling.

e Connect computational results to substantive social science theory.

e Communicate findings through a polished research report, clear visualizations, and a short pre-

sentation.

Course Materials

There is no single required textbook. Core readings will come from articles, book chapters, online
books, and technical tutorials. The most frequently used general references are:

o Grimmer, Roberts, and Stewart (2022), for the conceptual logic of text as data in the social
sciences.

o Wickham (2014) and the broader tidyverse ecosystem, for organizing data analysis around clear
data structures.

o Silge and Robinson (2016), for the tidy approach to text mining in R.

Students will also use open online documentation for R, RStudio, Quarto, tidyverse, ggplot2, tidy-
text, quanteda, and related packages.

Software

We will mostly use:

¢ R and RStudio.
e Quarto.
e Python.

No prior programming experience is assumed, but students should expect to practice regularly.
Early labs are designed to reduce setup friction and build confidence with basic workflows.

Course Structure

Most weeks follow the same pattern:

e Lecture: core concepts, research design, and examples from published work.

e Discussion: one empirical paper or methodological debate.

e Lab: guided work in R, usually connected to the final project.

e Project step: a short deliverable that moves students toward the final analysis.

Students should leave each week with something concrete: a script, a figure, a cleaned dataset, a
coding scheme, a validation plan, or a paragraph of interpretation.
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Assessment

Assignment Weight Purpose

Participation and 15% Practice reading empirical

discussion leadership work, asking useful
questions, and explaining
methods.

Weekly labs and check-ins 20% Build fluency with R,
Quarto, data wrangling,
visualization, and text
workflows.

Mini project 1: Data story 15% Produce a reproducible
visualization-based analysis
of a social or political
dataset.

Mini project 2: Text 15% Build a small corpus and

measurement memo compare two ways of
measuring a concept in
text.

Final project proposal and 10% Define a research question,

annotated corpus identify data, and justify
the corpus and
measurement strategy.

Final project report and 25% Complete an original

presentation

computational social

science analysis.

Final Project

The main assignment is a semester-long research project. Students will choose a substantive ques-

tion, collect or curate data, create a reproducible analysis, and present results in a short research

report. Projects may focus on political speeches, party manifestos, news coverage, international or-

ganization documents, social media posts, central bank communication, public consultations, NGO

reports, policy documents, or another approved corpus.

The final report should include:

e A clear research question and motivation.

¢ A short connection to relevant social science literature.

e A description of the data source, corpus, unit of analysis, metadata, and sampling choices.

e A transparent account of cleaning, preprocessing, and measurement.

At least two meaningful visualizations.
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e One primary computational method and a validation or robustness check.
o A discussion of what the method can and cannot show.
¢ Reproducible code and a Quarto report.

Al and Academic Integrity

Students may use Al tools for brainstorming, debugging, translation, summarizing documentation,
and improving prose. They may not use Al tools to fabricate sources, invent results, conceal missing
work, or submit analysis they do not understand. Any substantial use of AI must be briefly disclosed
in the assignment. The disclosure should state what tool was used, for what purpose, and how the
student checked the output.

In text-as-data work, Al systems can be research instruments as well as writing assistants. When
they are used for classification, annotation, or interpretation, they must be treated like any other
measurement tool: their prompts, settings, inputs, outputs, and validation strategy must be docu-

mented.

Code does not need to be elegant at first, but it must be readable, reproducible, and documented
well enough that another person could follow the analysis. Students are encouraged to revise.
Computational work often improves through iteration.

Weekly Schedule

Part I: Foundations

Week 1: What Is Computational Social Science?

Theme: Data, scale, interpretation, and the social science question.

Skills: RStudio orientation, Quarto documents, project folders, and reproducible habits.
Discussion reading: Grimmer, Roberts, and Stewart (2022), introduction; Ziems et al. (2024).
Lab: Create a Quarto notebook and reproduce a small figure from a provided dataset.

Project step: Write three possible research questions and identify one possible dataset or corpus
for each.

Week 2: Data, Measurement, and Tidy Workflows

Theme: Concepts, measurement validity, units of analysis, and tidy data.

Skills: Importing data, variable types, missingness, joins, and grouped summaries.
Discussion reading: Wickham (2014); Adcock and Collier (2001).

Lab: Clean a messy social science dataset and produce a short data dictionary.
Project step: Define the unit of analysis for a possible final project.

Week 3: Seeing Data Clearly

Theme: Visualization as analysis, not decoration.

Skills: ggplot2, visual encodings, comparison, uncertainty, and visual ethics.

Discussion reading: selected chapters from Healy’s Data Visualization and examples from con-
temporary political data journalism.
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Lab: Build and revise three plots: distribution, comparison, and change over time.
Project step: Submit one exploratory figure with a 150-word interpretation.

Week 4: Basic Statistics for Computational Work

Theme: Description, association, uncertainty, and model humility.

Skills: Correlation, simple regression, confidence intervals, prediction errors, and residual plots.
Discussion reading: a short applied paper selected in class, with attention to how statistical
evidence supports the argument.

Lab: Estimate and visualize a simple model; translate coefficients into substantive claims.
Project step: Identify one comparison, pattern, or relationship that your project might test or
describe.

Week 5: Data Collection, APIs, Scraping, and Research Ethics

Theme: Where computational data comes from, who is represented, and who is missing.

Skills: Reading files from the web, simple scraping, metadata, sampling, de-identification, and
documentation.

Discussion reading: Campbell et al. (2023); Kern and Mustasilta (2023).

Lab: Collect a small public corpus or structured dataset and create a reproducible data log.
Project step: Submit a data source memo.

Part II: Text As Data

Week 6: From Documents to Data

Theme: Texts as social artifacts and measurable objects.

Skills: Corpus construction, tokens, types, stop words, stemming, lemmatization, n-grams,
document-feature matrices.

Discussion reading: Grimmer, Roberts, and Stewart (2022), chapters on text representation;
Silge and Robinson (2016).

Lab: Build a corpus from political or policy documents and compare tokenization choices.
Project step: Submit a corpus plan with sources, inclusion rules, and unit of analysis.

Week 7: Describing Texts

Theme: What can word counts show, and what do they hide?

Skills: Frequency plots, tf-idf, keywords-in-context, collocations, readability, lexical diversity.
Discussion reading: Baturo, Dasandi, and Mikhaylov (2017).

Lab: Create a descriptive text profile of a corpus and write a measurement caveat.

Project step: Produce two descriptive text visualizations for your corpus.

Week 8: Dictionaries, Categories, and Human Judgment

Theme: Turning concepts into word lists and codes.

Skills: Dictionary construction, validation samples, intercoder agreement, confusion matrices, and
transparent coding rules.

Discussion reading: Tausczik and Pennebaker (2010); Benoit et al. (2016).

Lab: Apply an existing dictionary, revise it for a new context, and test what changes.
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Project step: Submit mini project 2, the text measurement memo.

Week 9: Supervised Classification

Theme: Using labeled examples to classify new texts.

Skills: Training and test data, feature engineering, naive Bayes or logistic classifiers, accuracy,
precision, recall, and error analysis.

Discussion reading: Laurer et al. (2024); Burnham (2024).

Lab: Train a simple classifier and inspect misclassified documents.

Project step: Decide whether supervised classification is useful for your final project and justify
the choice.

Week 10: Topic Models and Inductive Discovery

Theme: Finding themes in large corpora without pretending that topics interpret themselves.
Skills: Topic modeling, choosing the number of topics, labeling topics, topic prevalence, and
validation.

Discussion reading: Chang et al. (2009); Chen et al. (2023).

Lab: Estimate a topic model and compare model output with close reading of selected documents.
Project step: Submit final project proposal and annotated corpus.

Week 11: Scaling, Positions, and Political Meaning

Theme: Estimating latent positions from text.

Skills: Text scaling intuition, reference texts, unsupervised scaling, interpretation, and sensitivity
checks.

Discussion reading: Di Leo et al. (2025); Ornstein, Blasingame, and Truscott (2025).

Lab: Use a small manifesto or speech corpus to compare estimated positions across actors or time.
Project step: Write a short validation plan for your final analysis.

Part I1I: Extensions, Synthesis, and Projects
Week 12: Networks, Images, and Multimodal Social Data

Theme: Beyond rectangular datasets and bags of words.

Skills:  Co-occurrence networks, actor-document networks, basic network plots, and vi-
sual/multimodal evidence.

Discussion reading: Kohavi (2026) and one applied network or multimodal text analysis paper
selected in class.

Lab: Build a word co-occurrence or actor-document network from a text corpus.

Project step: Submit a draft results figure for peer feedback.

Week 13: Large Language Models in Social Research

Theme: LLMs as assistants, classifiers, annotators, and uncertain measurement instruments.
Skills: Prompt documentation, zero-shot and few-shot classification, model comparison, repro-
ducibility, and ethical limits.

Discussion reading: Ziems et al. (2024); Spirling (2023); Benoit et al. (2026).

Lab: Compare human labels, dictionary scores, and LLM-assisted labels on a small validation
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sample.
Project step: Submit a methods and limitations draft.

Week 14: Project Workshop and Research Communication

Theme: Making computational results understandable, defensible, and useful.

Skills: Tables, captions, slide design, narrative structure, executive summaries, and reproducibility
checks.

Discussion reading: Birkenmaier, Lechner, and Wagner (2024).

Lab: Peer review of final projects; reproducibility swap.

Project step: Final presentation.

Major Deadlines

Week Deliverable

Exploratory visualization
Data source memo

Mini project 1: Data story

L o ot W

Mini project 2: Text measurement memo

10 Final project proposal and annotated
corpus

12 Draft results figure
13 Methods and limitations draft
14 Final presentation

Exam period Final project report and reproducible
Quarto submission

Discussion Leadership

Each week, a student will help lead one discussion of an empirical or methodological paper. The
discussion leader should help the class understand:

e What question the authors ask.

e What data they use and how the data were created.

e What method connects the evidence to the claim.

o What assumptions the method requires.

o« What the paper teaches us about doing computational social science.

Course Policies
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Participation

Participation means preparation, attention, and constructive engagement. Some students partici-
pate best by speaking in class; others do so through careful peer feedback, lab collaboration, written
questions, or office hour conversations. All of these count when they contribute to the learning

environment.

Late Work

Short extensions are possible when requested in advance. Work submitted late without prior
arrangement may receive a penalty. The main priority is to keep students moving through the

project sequence.

Accessibility

Students who need accommodations should contact the instructor as early as possible.
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