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AUTOMATIC SUMMARIZATION



KEYWORD-GUIDED SUMMARIZATION



EDITORIAL SUMMARIZATION

www.SeekingAlpha.com



Most topic mining algorithms (LDA, NMF) give a “topic” 
as a list of words.


Useful.
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“Further, the rental market will benefit from home 
prices rising faster than wages and rents, tax 
legislation reducing the incentives of home 
ownership, and mounting student loan debt 

hampering Millennials and delaying first-time 
home purchases.”

Most topic mining algorithms (LDA, NMF) give a “topic” 
as a list of words.


Useful. But what’s more useful?  
            …Some context for those words.



TEXT MINING 
BASICS
TERM-DOCUMENT MATRICES 
(VECTOR SPACE MODEL)



“BAG OF WORDS” 
Each document considered a collection of 
unordered words (terms).


We transform this “bag of words” into a vector of 
term frequencies.


Each document then lives in a vector space.


Its direction in that vector space is what 
characterizes it semantically.



TERM-DOCUMENT MATRIX  
(ILLUSTRATIVE EXAMPLE)

My cat likes to eat dog food. 
It’s insane. He won’t eat tuna, 
but dog food? He’s all over it.

Dog chasing the cat around the 
house. Never gets tired. The 

cat is not a dog toy! Dumb dog.

I injured my ankle playing 
football yesterday. Bruised and 

swollen. Maybe sprained?

So tired of being injured. My 
ankle just won’t get better! I 
sprained it 2 months ago!

Doc1

Doc2

Doc3

Doc4
Each document becomes vector in !6



TERM-DOCUMENT MATRIX
A “document” can be any block of text


Articles

Paragraphs

Sentences

Tweets

Books


The user can define/process the text uniquely

Terms/Multi-term Phrases

Remove stopwords (i.e. it, an, the)

Stemming (running —> run)



TERM-DOCUMENT MATRIX
Extremely sparse matrix (lots of zeros):  
Most documents do not contain most terms.


Inefficient to store so many zeros. 

Sparse matrix format:



TERM WEIGHTING

Weight entries in the term-document matrix 
according to their global and local prevalence.

Downgrade words for frequent appearance in the 
corpus.

Most common term weighting scheme: TF-IDF


Term Frequency - Inverse Document Frequency

Scale each row by the log of inverse of 
proportion of documents containing that term 

idf(term) = log #documents
#documentscontaining term t

⎛
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MEASURING SIMILARITY 
BETWEEN DOCUMENTS

A document’s direction in space is what 
characterizes it semantically.

The length (magnitude/norm) of the vector depends 
more on length of document than content


Look at the angle between document vectors to 
characterize similarity rather than norm distance



COSINE SIMILARITY

For text vectors, 0 ≤ cos(!) ≤ 1


(cos(!) ≮ 0 b/c  x,y ≥ 0)


cos(!) = 0 means no terms shared


cos(!) = 1 means same terms in 
same proportions

θ x

y

cos(θ ) = xTy
‖x‖‖y‖



SOCIAL NETWORK 
ANALYSIS BASICS
GRAPHS 
DEGREE 
CENTRALITY



NETWORK/GRAPH
Collection of nodes connected by edges

(Binary) Adjacency Matrix: 



NETWORK/GRAPH
Collection of nodes connected by edges

(Weighted) Adjacency Matrix: 



VERTEX DEGREE
The degree of a vertex is the number of edges 

adjacent to that vertex.
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CENTRALITY 
MEASURING INFLUENCE

Degree is the simplest measure of centrality 

Nodes with more connections have more influence


Problem: Local Measure. Who are connections?

6
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GRAND IDEA:
Let each node’s centrality be the sum of its neighbors’ 
centralities.


Let ci  be the centrality of node i. Let Ni be the set of 
neighbors for node i.


In matrix form, we’d write  c = Ac where A is the 
adjacency matrix!

ci = cj
j∈{Ni }
∑



EIGENVECTOR CENTRALITY

This equation has no solutions unless 1 is an 
eigenvalue of A. 


Refine our grand idea: 


Let each node’s centrality be positive and 
<PROPORTIONAL TO> the sum of its neighbors’ 
centralities.

Ac = c

Ac = λc

Perron-Frobenius
⇒λ1



CENTRAL 
SENTENCES
USING CENTRALITY TO FIND 
KEY SENTENCES IN A 
DOCUMENT



NETWORK OF SENTENCES
Parse a document into sentences, creating a vector 
for each sentence. 


Compute the cosine similarity between each 
sentence


Connect two sentences if their cosine similarity is 
greater than some threshold


Use the cosine similarity as the weight of the edge 
between the sentences.



SAMPLE DATA
Articles from investment research website 
www.SeekingAlpha.com


Each has an editorial summary at the top of the 
article.


Two Sample Articles:

Decline In Housing Affordability To Benefit REITs


AI has a Big (Data) Problem

http://www.SeekingAlpha.com
https://seekingalpha.com/article/4157516-decline-housing-affordability-benefit-reits
https://seekingalpha.com/article/4158018-ai-big-data-problem




COMPUTE SENTENCE 
CENTRALITY



RESULTS
Most Central Sentences, in order:


Further, the rental market will benefit from home prices rising faster 
than wages and rents, tax legislation reducing the incentives of 
home ownership, and mounting student loan debt hampering 

Millennials and delaying first-time home purchases.

The decrease in home affordability will benefit the rental market 
and residential REITs.



ACTUAL EDITORIAL SUMMARY



RESULTS
Most Central Sentences, in order:


AI and machine learning may be able to replace those 9% of data 
scientists who are mining data for patterns, but it will still need the 

80% working on collecting, cleaning and organizing data.

Structuring Data: More About Team Than Technology

As long as financial data remains unstructured, existing machine 

learning tools cannot process it effectively.

Structuring Financial Data: Not as Easy as Most Think

In theory, financial data in filings would be more structured and 

standardized, or we could make it that way easily.



ACTUAL EDITORIAL SUMMARY



METHOD SUMMARY

Create a sentence similarity matrix using cosine 
similarity. 


Change to zero any values below some threshold. 
The result is your adjacency matrix.


Compute dominant eigenvector of that matrix.


Rank sentences according to entries in dominant 
eigenvector.



ADAPTATION FOR TOPIC MODELS

Use collection of documents with highest 
association with a given topic to form corpus


Chose either one document as a summary 
document 


         OR 


Chose several documents and one sentence 
from each of those documents to serve as a 
summary.



OTHER ADAPTATIONS

What does this document/group of documents say 
about <keyword>?


Weight topic keywords higher in the term 
document matrix



R CODE FOR TODAY’S EXAMPLES

http://www4.ncsu.edu/~slrace/textMiningviaSNA.R


http://www4.ncsu.edu/~slrace/SAarticle.txt


http://www4.ncsu.edu/~slrace/SAarticle2.txt

http://www4.ncsu.edu/~slrace/textMiningviaSNA.R
http://www4.ncsu.edu/~slrace/SAarticle.txt
http://www4.ncsu.edu/~slrace/SAarticle2.txt

