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Summary

Text-based measures of economic sentiment for long time series and
geographical cross-sections

Overall, very positive sentiment about this paper :)

Novelty/contributions:

▶ Data

▶ Economic relevance

▶ Method

Yinan Su



Summary

Text-based measures of economic sentiment for long time series and
geographical cross-sections

Overall, very positive sentiment about this paper :)

Novelty/contributions:

▶ Data

▶ Economic relevance

▶ Method

Yinan Su



News for economics

Economic agents “Think” Economic outcomes

▶ Economic models: left to right

- “think” based on information, “rational expectations,”
choose (invest, consume, trade...) based on utility maximization...

- or “animal spirits”, social networks...

▶ Empirical research: right to left

- observe historical economic outcomes
- fit models
- infer how agents “think”
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News for economics

Economic agents “Think” Economic outcomes

▶ Economic outcomes as data:
Economic activities’ historical records

▶ Historical records of “think”?
ideal data for being closer to the core of economic model
(no neural link data yet...)

▶ Proxies:
- survey data, social media
- news textual data
▶ Advantages of news: important, timely, forward-looking
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News data are like tree rings in climate science
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This paper’s data contributions

Against this backdrop, this paper:

▶ Expansive data:
13,000 local newspapers from the United States
200m pages
1b articles
almost 200 years

▶ This paper sets the standard and
provides the critical infrastructure for future research in this area
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Comment on data

▶ So many local newspapers
∼ 20 newspapers in Maryland per year

▶ Who are they? examples with names? example articles?
...just to have a concrete sense of the data
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source: https://chroniclingamerica.loc.gov/
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Economic implications

Very intriguing predictive results:

▶ Predicts GPD growth (national and state level)
controlling for lagged GPD and SPF consensus forecast

▶ Sources of predictability

- in articles about a) the economy b) views of the future

- via labor market outcomes and consumption

- not investments or return stock returns

...

▶ recent textual analysis in finance and economics is the tip of the
iceberg...an exciting research agenda [in the future], in which
economists gradually expand sourced text corpora and increasingly
refine their ability to elicit information from that text
(Chen, Kelly, Xiu, 2023)
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About the method

Translating textual data into numerical data

▶ 1. embedding + 2. dimension reduction

1. (Article-level) embedding:

text in articlei → emb vectori

2. dimension reduction weights for the topic of interest
(economy, sentiment, future vs. current)

weightssentiment

▶ 1. + 2. = a one-dimensional “score” for each article i

weightssentiment ⊤emb vectori
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About the method
This paper:

▶ 1. article representation

- I think this is a primary component of the methodology and should
be more elaborated. I think this part is still bag-of-word rather than
contextualized representation?

- one paragraph: “final step ... use Smooth Inverse-Frequency (SIF)
...”

▶ 2. dimension reduction weights
a dictionary of sentiment words, weighted by sentiment strength

▶ “word vector approach” vs. word count approach

- I think the final cosine similarity step is still on the representations
produced with a dictionary and word counts. Is this true?

- “word vector” (i.e. Word2Vec) are for a.) automatic sentiment
dictionary generation and b.) weighted word count by sentiment
strength
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“Prompting Narratives from News Texts” (in progress)

embedding
vector

database

text
embedding

"artificial intelligence"

attention
index

cosine
similarity w/
each article

transformed, 
aggregated by time

user input prompt

time

prompt embedding

textual
articles

▶ prompting any topic

▶ web-based service open to all
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Example: recession
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Example: ESG
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Example: financial stress
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