
Extracting the Structure of Press Releases for 

Predicting Earnings Announcement Returns

Introduction & Contribution
We examine how textual features in earnings press releases predict stock 

returns on earnings announcement days. Using over 138,000 press 

releases (2005-2023), we find that press release content (soft information) 

is as informative as earnings surprise (hard information). Stock prices fully 

reflect the content of press releases at market open. If press releases are 

leaked, it offers predictive advantage. Topic analysis reveals self-serving 

bias in managerial narratives. 

Prediction analysis with earnings surprise as control:

Ret𝑐,𝜏 = 𝛼 + 𝛽0Surprise𝑐,𝜏 + 𝛽1Soft𝑐,𝜏
𝑘 + 𝜖

• Surprise: excess reported EPS relative to consensus analyst forecasts  

• Soft: return scores derived from press release embeddings

• Soft and Surprise contribute about equally

Highlights:

• Online learning minimizes look-ahead bias and adapts to new data

• Combines bad-of-words, BERT and LLMs for enhanced explainability 

• Demonstrates market efficiency in processing soft information

• Identifies predictive signals from leaked press releases and earnings 

surprises

Main Results

Methodology

We analyze over 138,000 overnight earnings press releases (2005-2023), 

covering about 2,500 U.S. stocks of all market capitalizations each year.

Embedding techniques:

• BKMX: 180 topics from clusters of 3,592 words/phrases in WSJ (1984–

2017), covering economics and politics

• oLDA: 50 dynamic topics from online learning on earnings press releases

• BERT family: contextual embeddings from BERT, MPNet, and FinBERT

• GPT-assisted labeling: identifies oLDA topic categories and maps top 

BERT tokens to metatopics

Apply Lasso regression to link press release embeddings with stock returns, 

generating return scores Soft𝑘 and identifying key topics/tokens:

argmin
𝑤

𝑋𝑐,𝜏𝑤 − Ret𝑐,𝜏
2
+ 𝜆 𝑤 1

• 𝑋𝑐,𝜏: embedding of firm 𝑐’s press release on day 𝜏

• Ret𝑐,𝜏: adjusted announcement-day return from CRSP

• 𝜆 = 10−5: fixed regularization parameter

• Rolling window: 1-year training, 1-year out-of-sample prediction

• Evaluation Period: 2006-2023

Analyze metatopics by total topic weight and share of total variance:

• Lag topic weights by one year, consistent with the return score 

generation procedure

𝑤 𝑀 = ෍

𝑘∈𝑀

𝑤𝑘 , ℎ 𝑀 =
σ𝑖∈𝑀σ𝑗∈𝑀𝑤𝑖𝑤𝑗𝐶𝑜𝑣 𝑓𝑖 , 𝑓𝑗

σ𝑀σ𝑖∈𝑀σ𝑗∈𝑀𝑤𝑖𝑤𝑗𝐶𝑜𝑣 𝑓𝑖 , 𝑓𝑗
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Metatopic weight polarity for BKMX (left) and oLDA (right)

Top positive and negative tokens identified by BERT that contribute most to return scores

Cross-sectional regression summary

Metatopic explained variance for BKMX (left) and oLDA (right)

Average returns sorted by surprise (hard information) and soft

Precision@k for predicting announcement-day returns, before and after filtering by surprise and soft agreement

Topic analysis:

• BKMX: most influential metatopics include Announcements, Corporate 

Earnings, and Science/Arts (covering challenges and marketing themes)

• oLDA: reveals self-serving bias in managerial narratives

• BERT-based models: interpretable through oLDA topics, showing 

consistent conclusions across methods

• Trade window: enter at 9:45 AM, exit at 4:00 PM

• Filter: exclude illiquid stocks (bid–ask spread > 20% of midquote)

• Long stocks with both positive surprise and positive Soft𝑀𝑒𝑎𝑛 and short 

stocks with both negative surprise and negative Soft𝑀𝑒𝑎𝑛

• Returns: compute long–short portfolio returns, weighted by market 

capitalization

Highlights:

• Post-announcement: strategies mainly incur transaction costs, generating 

no sustained profits (Strategy 𝛼 ≈ −0.5%)

• Pre-announcement: combining Surprise and Soft improves Precision@k

in identifying top positive/negative return stocks — from ~35% to ~52%
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