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Some Background

► Identification technologies important
for homeland security and in the legal
system

► Authorship attribution for textual
artifacts using “topic independent”
stylometric features has a long history

► Historical focus on small numbers of
authors and low-dimensional
representations via function words



Statistical Text Analysis
•Statistical text analysis has a long history in literary analysis
and in solving disputed authorship problems

•First (?) is Thomas C. Mendenhall in 1887



Mendenhall
•Mendenhall was Professor of Physics at Ohio State and at
University of Tokyo, Superintendent of the USA Coast
and Geodetic Survey, and later, President of Worcester
Polytechnic Institute

Mendenhall Glacier, 
Juneau, Alaska



X2 = 127.2, df=12



The Federalist
• “The authorship of certain numbers of the ‘Federalist’

has fairly reached the dignity of a well-established
historical controversy.” (Henry Cabot Lodge, 1886)

• Historical evidence is muddled

Table 1 Authorship of the Federalist Papers

Paper Number Author

1 Hamilton

2-5 Jay

6-9 Hamilton

10 Madison

11-13 Hamilton

14 Madison

15-17 Hamilton

18-20 Joint: Hamilton and Madison

21-36 Hamilton

37-48 Madison

49-58 Disputed

59-61 Hamilton

62-63 Disputed

64 Jay

65-85 Hamilton



•Used function words with Naïve Bayes with Poisson
and Negative Binomial model

•Out-of-sample predictive performance







Different Attribution Problems

1 of K
training test

?

?

?

?

which one?



“odd man out”
training test

?

?

?

?

new author

which one?

aka “novelty detection”



training test
document pairs
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classify this pair of documents:

into one of these configurations:
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anti-aliasing

}
in this example, the red author and the
grey author are the same real person



Other Related Problems

• Author gender

• Author nationality

• Sentiment (positive/negative feeling)

• Rhetorical style

• Multi-authored documents





1-of-K Sample Results: brittany-l1-of-K Sample Results: brittany-l
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errors

Feature Set

 89 authors with at least 50 postings. 10,076 training documents, 3,322 test documents.

BMR-Laplace classification, default hyperparameter

4.6 million parameters



Predictive Modeling
Goal: learn a mapping:  y = f(x;θ)

Categorical y ∈ {c1,…,cm}: classification

Real-valued y: regression

Note: usually assume {c1,…,cm} are mutually exclusive and
exhaustive



Brief Aside to Study
Probability…















Back to the Main Story…



Probabilistic Classification

Let p(ck) = prob. that a randomly chosen object comes from ck

Objects from ck have: p(x |ck ) (e.g., MVN)

Then: p(ck | x ) = p(x |ck ) p(ck) /p(x)

p(A | B) = p(A and B) / p(B) 

p(B | A) = p(A and B) / p(A) 
p(A | B) = p(B | A) × p(A)

 p(B)



Stochastic Independence

If A and B are “independent”, p(A | B) = p(A)

(and p(B | A) = p(B) )

A and B independent => p(A | B) = p(A) = p(A and B) / p(B)

=> p(A and B) = p(A) x p(B) 





Classifier Types

Discriminative: model p(ck | x )

  - e.g. linear regression, logistic regression, CART

Generative: model p(x |ck )

  - e.g. “Bayesian classifiers”, LDA



Regression for Binary
Classification

•Can fit a linear regression model to a 0/1 response

•Predicted values are not necessarily between zero
and one

zeroOneR.txt



Naïve Bayes via a Toy Spam
Filter Example

•Naïve Bayes is a generative model that makes
drastic simplifying assumptions

•Consider a small training data set for spam along
with a bag of words representation







Naïve Bayes Machinery
•We need a way to estimate:

•Via Bayes theorem we have:

or, on the log-odds scale:



Naïve Bayes Machinery
•Naïve Bayes assumes:

leading to:

and



Maximum Likelihood Estimation

weights 
of

evidence



Naïve Bayes Prediction

•Usually add a small constant (e.g. 0.5) to avoid
divide by zero problems and to reduce bias

•New message: “the quick rabbit rests”



•New message: “the quick rabbit rests”

•Predicted log odds:

0.51 + 0.51 + 0.51 + 0.51 + 1.10 + 0 = 3.04

•Corresponds to a spam probability of 0.95



Your turn!

Madisonnoyes5

Madisonyesno4

Hamiltonnoyes3

Hamiltonnoyes2

Hamiltonyesyes1

Author“whilst”“upon”Essay #

???noyes6


