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Levels of Dependence 

Prediction 

Causality 



Sentiment Scoring 

L oughran and McDonald J F  2011 word lists  

● Fin- N eg – negative words  (e.g., loss, bankruptcy, indebtedness, 
felony, misstated, discontinued, expire, unable). N =2,349 

● Fin- Pos – positive words (e.g., beneficial, excellent, innovative). N  = 
354 

● Fin- U nc – uncertainty words.  N ote here the emphasis  is  more so 
on uncertainty than risk (e.g., ambiguity, approximate, assume, risk).   
N  = 291 

● Fin- L it – litigious words (e.g., admission, breach, defendant, 
plaintiff, remand, testimony).   N  = 871 

 



Negation and Stemming 

● Negation tagging: N otice that in financial reporting it is  
unlikely that negative words will be negated (e.g., not 
terrible earnings), whereas positive words are easily 
qualified or compromised.  Although you can easily 
account for s imple negation, typical forms of negation 
are difficult to detect. 

● Stemming does not work well for morphologically rich 
languages 

● Relevance and Novelty : do these features matter? 
(“unusualness”) 



Comparison of the two papers 

ITEM HOW NEWS DRIVES RISK AND 
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● Interact with topic 
● Entropy 

● Senty = (Pos - Neg)/(Pos + 
Neg) 

● Interact senty with direction 

Methodology ● Event study, cumulative 
abnormal returns 

● Regression analysis 
● Lasso (overfitting) 

● Calendar time method 
● Regressions to get alpha 



Event Study Analysis 

Add one composite 
plot across all 
topics 



Suggestions : CM paper 
● S how samples of words that make up sentiment most strongly 
● R everse causality? Does the market affect media?  
● N on- stationarity? (with text this  may be less of a concern) 
● B oth papers focus on returns (and risk) but not on major event prediction, for 

which see the E nron analysis . 
● L ook both ways: (i) find big sentiment swings and see if they are followed by 

large return moves (done); (ii) find big return moves and see how many are 
preceded by sentiment swings. (T hese two things are different.) CM paper 
does have an event study focus, but if the annual effect is  stronger, why not 
show this  also? 

● Possible to implement a trading strategy (as in the FL OS S  paper) 
● S ignal “decay” -  how does the IR  of the strategy drop as the aggregation 

window increases? 
● t- S N E  for graphical depictions of different types of textual regimes. 

Presenter
Presentation Notes
Events are defined as large moves in sentiment, not actual events. 



t- S N E  
● t-SNE (van der Maaten and Hinton, 2008) is 

based on Stochastic Neighbor Embedding 
developed by Hinton and Rouweis (2002) 

● Visualizes high-dimensional data on a two or 
three dimensional map 

● Use word2vec to create word vectors 

http://cs.stanford.edu/people/karpathy/tsnejs/ 

http://cs.stanford.edu/people/karpathy/tsnejs/


Suggestions : FLOSS paper 
● How long does each condition persist in the data set? Does it affect the weekly 

regressions, and do we need lags?  
● 4 types : returns hi + low; media hi + low. S how these with colored paths. W hat 

is  the transition matrix for these?  
● E ffects on volatility (risk)?  
● E ffect on media sentiment from returns? (V AR ) 
● R andomized experiment with leads and lags? Can we improve on this  result?  
● L ook at return distributions to examine higher order moments. 
● Is  there an option timing argument that can be made here? T his  really is  

market timing with a specific  s ignal mechanism. How much is  the timing option 
worth? 

● Has the reinforcement effect become stronger over time? Is  the media effect 
growing (fake news)? 

● R eport turnover rates for the portfolio strategy.  
● B enchmarks? (for IR ) 



Industry Practice : Ravenpack 

https://www.ravenpack.com/files/research/sentiment-signals-msci-barra-risk-
models/?utm_campaign=msci&utm_medium=email&utm_source=link&utm_content=&utm_term= 

Sources: Dow-Jones, WSJ, Barron’s, and 19000 other traditional and social media sites. 

https://www.ravenpack.com/files/research/sentiment-signals-msci-barra-risk-models/?utm_campaign=msci&utm_medium=email&utm_source=link&utm_content=&utm_term=
https://www.ravenpack.com/files/research/sentiment-signals-msci-barra-risk-models/?utm_campaign=msci&utm_medium=email&utm_source=link&utm_content=&utm_term=


Performance 
● For the U.S., Information Ratios 

(IR) of 3.8 and 6.1 are achieved 
for the Russell 1000 and the 
Russell 2000, respectively. We 
get IRs of 3.2 and 4.2 for their 
European equivalent. 

● The predictive power of the signal 
is statistically significant and 
positive across the entire 
backtesting period. 

● The prediction quantile analysis 
shows a desirable profile, 
providing higher returns for more 
extreme predictions. 

 



RegTech 

Zero- R evelation L inguistic  R egulation: Detecting R isk T hrough 
C orporate E mails  and N ews (Das, K im, Kothari 2016) 
 
● Financials  are often delayed indicators of corporate quality. 
● Internal discussion may be used as an early warning system for 

upcoming corporate malaise. 
● E mails  have the potential to predict such events. 
● S oftware can analyze vast quantities of textual data not 

amenable to human processing. 
● C orporate senior management may also use these analyses to 

better predict and manage impending cris is  for their firms. 
● T he approach requires zero revelation of emails . 

 



Enron: Email Length 



Enron: Sentiment and Returns 



Enron: Returns and Characteristics 



Enron Movie (by Jim Callahan) http://srdas.github.io/Presentations/JimCall
ahan_enron-sm.mov 

http://srdas.github.io/Presentations/JimCallahan_enron-sm.mov
http://srdas.github.io/Presentations/JimCallahan_enron-sm.mov
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