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Agenda 

�  Previous research on emerging risks in the financial sector 
�  Central hypothesis 
�  Data 

¡  Investors 
¡  Banks 

�  Two text analytic methods 
¡  Latent Dirichlet Allocation (LDA)  
¡  Semantic Vector Analysis (SVA)  

�  Models and results 
¡  Static Model 
¡  Dynamic Model 
¡  Drill-down Model 



Previous research  

�  Bisias, Flood, Lo, and Valavanis 
(2012) provide a survey of over 30 
risk metrics  

 
¡  macroeconomic indicators 
¡  illiquidity and solvency metrics 
¡  the probability of financial distress  

Emerging Risks in the Financial Sector 

�  Two primary limitations of 
standard computational linguistic 
methods  

 
¡  Difficult to interpret(network, 

principal components) 
¡  Backward-looking (liquidity 

mismatch, housing sector risk) 



Central Hypothesis 

When risk is building in the financial sector, a regression of 
pairwise return covariance on the risk themes will become 
significant and produce an elevated R2. When no emerging 
risk is present, this R2 will be close to zero.  
 

Intuition 



Data - Investors 

�  Investors 
Daily return data and stock price co-movement to 
uncover signals about investor information  
 
“Prices aggregate these diverse pieces of information and 
ultimately reflect an accurate assessment of firm value.”   
- Bond, Edmans, and Goldstein (2012)  
 



Comment 
Central Hypothesis 



Data – Publicly Traded Financial Institution 

Criteria 
o  In the CRSP(Center for Research in Security Prices) and Compustat 

databases 
o  Have a SIC(Standard Industrial Classification) code in the range 6000 

to 6199  
o  In the metaHeuristica database (LDA&SVA) and 
o  10-Ks with a non-zero number of paragraphs that discusses risks 
 



Data – Publicly Traded Financial Institution, cont. 

Example: 
 



 - 10,588 bank-year observations from 1997 to 2015 
 - 587 publicly traded banks per year 

 

Data – Publicly Traded Financial Institution, cont. 



 - first 2 years 
 - onset of the financial crisis 

Comment on the Data 



Comment on the Data, cont. 

�  Campbell, Chen, Dhaliwal, Lu, and Steele (2014)  
A positive association between specific risk factor 
disclosures in the 10-K and measures of risk 
exposures.  



Text Analytic Methods Overview 

�  Pre-built modules  
Text processing software provided by metaHeuristica  

 
�  Latent Dirichlet Allocation (LDA)  
LDA identifies a small number of verbal themes that best 
explain the variation in text across sample. (Similar to 
principal components analysis for numerical data)  

LDA identifies a set of broad economic risks that occur with high prevalence  
 

�  Semantic vector analysis (SVA) 
A method based on neural networks that detects semantic 
relatedness, to convert the output from LDA into a set of 
interpretable risk factors that are stable over time.  

SVA maps these broad risks to specific risks that are directly interpretable  
 

 



Text analytic methods - Latent Dirichlet Allocation (LDA)  

�  Output of metaHeuristica  
The full set of paragraphs that contain discussions of risk 
factors for all banks in our sample from 1997 to 2015.  
 
LDA is a dimensionality-reduction algorithm.  
LDA requires only one input: the number of topics T to be 
generated.  
 
�  Output of LDA 

o  Distribution of systematically important topics discussed by each 
bank in each year - 25 

 



Text analytic methods-Latent Dirichlet Allocation (LDA), cont  

Clear interpretation 

LDA output in 2006  



Text analytic methods-Latent Dirichlet Allocation (LDA), cont  

Unclear interpretation 
LDA output in 2006  



Text analytic methods - Semantic Vector Analysis (SVA)  

�  The SVA algorithm is provided as part of the 
metaHeuristica program  

�  This is a probabilistic approach used to uncover the 
semantics of natural language  

 
“destination” vs “last stop” 



Text analytic methods - Semantic Vector Analysis (SVA), cont.  

SVA is implemented in two stages:  
(1)  Model fitting stage: “word-to-vec” mapping  
two-layer neural network  
 
(2) Mapping stage 
Specific risks are mapped to vocabularies that best 
represent each given risk semantically  
 



Text analytic methods - Semantic Vector Analysis (SVA), cont.  

Cosine similarity: 
Between the vocabulary list associated with 
each SVA risk theme, and the raw text of each 
bank’s overall risk factor disclosure. 
 
 
Wi,t represents the firm i’s risk factor disclosure 
Tk,t represents  a vector for theme k 
 
 
Firm i’s loading on semantic theme k in year t 
as Si,k,t as the normalized cosine distance:  
 



Determination of Emerging Risks  

�  Central hypothesis 
As investors produce information on an emerging risk 
that both i and j are exposed to, the stock return 
covariance of the pair will become abnormally high. 
  



Results 
Summary Statistics 



3 Models 

�  Static Model 
 
�  Dynamic Model 
 
�  Drill-down Model 



Model 1: Static SVA Model 

�  The “static model” specifies 31 semantic risk themes 
using guidance from the LDA output and the 
academic literature 

�  This allows us to assess specific risks that are 
generally agreed to be fundamental to the banking 
industry.  



Model 1: Static Model, cont. 

�  In each quarter, we compute the marginal adjusted R2 
contribution from the 31 risks over and above a set of 
control variables for bank fundamentals.  

 
�  We then compute a baseline mean and standard 

deviation(1998 to 2003), and compute a z score(2004 to 
2015) based on how many standard deviations the 
marginal adjusted R2 is in a given quarter from the 
baseline mean.  

�  A high z score indicates the likely presence of emerging 
risks.  



Model 1: Static Model, cont. 



Model 1: Static Model, cont. 

Emerging Risks Comparison  



Model 1: Static Model, cont. 

Emerging Risks Comparison  



Model 1: Static Model, cont. 

Time Series of Individual Emerging Risks  



Model 1: Static Model, cont. 

Time Series of Individual Emerging Risks  



Model 1: Static Model, cont. 

�  Bank-specific exposures to emerging risks in each 
period  

 
Emerging Risk Exposure:  
Average predicted covariance bank i has with all other banks j using the 
main covariance model  
 

Individual banks with greater Emerging Risk Exposure  
¡  More negative stock returns  
¡  More likely to fail 
¡  Higher firm-specific volatility 

 



Model 2: Dynamic Model 

�  The “dynamic model” automates the identification of 
important risks separately in each year.  
¡  LDA model that identifies 25 topics  
¡  Extract the 25 most probable commongrams for each topic  

 
�  This model takes no input from the researcher and 

can identify previously unknown or neglected risks.  



Comment on Model 2: Dynamic Model 

�  Reveals new risks 
“We find a significant relationship between the covariance of 
bank returns and the theme “Puerto Rico” in 2014, well before 
the territory declares bankruptcy ” 
 

�  Unlike the static model, the researcher excludes 
candidate bigrams that are not interpretable.  



Model 3: Drill-down Model 

�  The “drill-down model” allows the flexibility to 
examine the channels driving a specific risk in 
greater detail.  

 
Example: 

Decompose the broad topic of real estate risk into the sub-
themes such as subprime, mortgage-backed, HELOC, and 
foreclosure and we find that risks pertaining to many of these 
became elevated before the crisis period.  

 



Key Contributions of the Model 

�  The methodology both dynamically measures the 
aggregate risk exposure of the banking industry as a 
whole, and also the specific underlying sources of 
risk.  

 
�  Models can be used in real time.  


