
Text Analysis for Economists 
  
  
Instructor: Ruben Durante (ICREA-Universitat Pompeu Fabra, IPEG, Barcelona GSE) 
Day and Time: TBD 
Location:  online 
 
  
Course objective 
  
An ever-increasing share of human communication is recorded as digital text. Analysing and 
making sense of this vast amount of data is increasingly important for research in the social 
sciences. This course provides an accelerated introduction to the theory and practice of text 
analysis by surveying methods for systematically extracting quantitative information from text, 
from classical content analysis and dictionary-based methods, to classification methods, scaling 
methods, and topic models. The course introduces the theoretical foundations for text analysis 
but mainly takes a practical approach, illustrating the methods through state-of-the-art 
applications to research questions in economics, political science, and finance. Lectures will be 
complemented with hands-on exercises working with text data in Python. 

  
Main readings 
  
In addition to the course lecture slides, the course will rely heavily on the following readings: 
  
● Gentzkow, M., Kelly, B. T., and Taddy, M., 2017, Text as Data. NBER Working Paper #23276. 
● Grimmer, J. and Stewart, B., 2013, Text as Data: The Promise and Pitfalls of Automatic 

Content Analysis Methods for Political Texts, Political Analysis, vol. 21, n. 3, pp. 267-297. 
● Manning, C. D., Raghavan, P., and Shutze, H., 2008, An Introduction to Information Retrieval, 

Cambridge University Press. 
● Bengfort, B., Ojeda, T., Bilbro, R., Applied Text Analysis with Python, 2018, O’Reilly Media. 
● Krippendorff, K., 2013, Content Analysis: An Introduction to Its Methodology, Sage. 

  
Programming 
  
For all course exercises we will use Python. Specifically we will use the Jupyter Notebook online 
code editor, an application available through the Anaconda platform (link). 
  
 
 
 
Assessment 

http://www.rubendurante.net/
http://www.rubendurante.net/
https://www.anaconda.com/products/individual


  
Class participation and practical assignments (30%): all students are expected to attend and 
actively participate in the lectures and to complete the practical assignments. 
 
In-class presentation (20%): each student is expected to present once during the course a 
research paper of his choice, but relevant to the object of the course. Presentations can be 
individual or in group (max 3 people) and last no longer than 15-20 minutes. 
  
 

Research proposal (50%): a research proposal of about 10-15 pages is due at the end of the 
course. This will be an original analysis of texts using some of the methods covered in class, and 
may focus on extending a published work. Ideally this should be something that the student can 
use for her/his thesis/own research. 
  
Course schedule 
  

1.  From text to data 
  

-   Introduction to documents, metadata, corpora 
-   Pre-processing: tokenizing, stemming, stop-words 
-   Word counts, document-feature matrix 
-   Collocation and n-grams 

  
2.  Important notions 

  
-   TF-IDF 
-   Measuring text length, diversity, and complexity 
-   Measuring similarity between documents 

  
3.  Machine Learning 

  

-   Introduction to statistical learning theory 
-   Supervised and unsupervised learning 
 

4.  Statistical methods 
  

-   Dictionary-based methods 
-   Penalized linear models 
-   Dimension reduction and feature selection 
-   Non-Linear text regression 
-   Random forests 

  
5.  Generative language models: supervised methods 

  

-   Naive Bayes 
-   Support vector machines 



-   K-nearest neighbors 
  

6.  Generative language models: unsupervised methods 
  

-   Latent semantic analysis 
-   Topic models and Latent Dirichlet Allocation (LDA) 
-   K-means clustering 

  
7.  Word Embeddings 

  

-   Word2Vec 
-   Doc2Vec 
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