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Statistical Text Analysis

oStatistical text analysis has a long history in literary analysis
and in solving disputed authorship problems

oFirst (?) is Thomas C. Mendenhall in 1887
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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



AMERICAN STATISTICAL ASSOCIATION JOURNAL, MARCH 1963

MARK TWAIN AND THE QUINTUS CURTIUS SNODGRASS
... LETTERS: A STATISTTCAL TEST OF _AUITHORSHIP._ . .

CLAUDE S. BRINEGAR
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The Federalist

e “The authorship of certain numbers of the ‘Federalist’
has fairly reached the dignity of a well-established
historical controversy.” (Henry Cabot Lodge, 1886)

e Historical evidence is muddled

T H E

. FEDERALIST:

Paper Number | Author

© 7 A CORLECTION.OF = - - ] 1 Hamilton
£ kS8R YSE 2-5 Jay ————
. . e e 6-9 Hamilton
M. . WRITTENINTAVOUROFTHE . 2 10 Madison
11-13 Hamiltorr//
NEW CONSTITUTION,: 14 Madison
TR ke S 15-17 Hamilton
SR e T R 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




JOURNAL OF THE AMERICAN
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Number 802 JUNE, 1963 Volume 68
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eUsed function words with Naive Bayes with Poisson
and Negative Binomial model

eQut-of-sample predictive performance



F. Summing up

In summary, the following points are clear:
1) Madison is the principal author. These data make it possible to say far
more than ever before that the odds are enormously high that Madison wrote

the 12 disputed papers. Weakest support is given for No. 55. Support for Nos.
62 and 63, most in doubt by current historians, is tremendous.
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Different Attribution Problems

1 of K
training




“odd man out”
training test

o
2
?
which one?

new author

aka “novelty detection”



document pairs
training test

classify this pair of documents:

&

into one of these configurations:
&
& [




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-I

Feature Set % Number of

errors | Features

“Argamon” function 74.8 | 380

words, raw tf

POS 75.1 |44

1suff 64.2 | 121

1suff*POS 50.9 |554

2suff 40.6 | 1849

2suffF*POS 34.9 | 3655 4.6 million parameters

3suff 28.7 | 8676

35uffPOS 27.9 | 12976 /

3suff+POS+3suffPOS+Arga | 27.6 | 22057 /

mon

All words 23.9 | 52492 ©

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

BMR-Laplace classification, default hyperparameter



Predictive Modeling

Goal: learn a mapping: y = fx;0)

Categorical y € {¢,,...,¢}: classification
Real-valued y: regression

Note: usually assume {¢,,...,c, } are mutually exclusive and
exhaustive



Brief Aside to Study
Probabillity...



Discrete Random Variables

e A is a Boolean-valued random variable if A
denotes an event, and there is some degree
of uncertainty as to whether A occurs.

e Examples
e A = The US president in 2023 will be male

e A = You wake up tomorrow with a
headache

e A = You have Ebola

Copyright & Andrew W. Moore Slide 4




Probabilities

e We write P(A) as "the fraction of possible
worlds in which A is true”

e We could at this point spend 2 hours on the
philosophy of this.

e But we won't.

Copyright & Andrew W. Moore




Event space of

all possible —____
worlds

Its area Is 1~""""‘r

Copyright & Andrew W. Moore

Visualizing A

Worlds in which

A Is true

Worlds in which A is False

P(A) = Area of
reddish oval

Slidz &




The Axioms of Probability

e 0 <=PA) <=1

e P(True) =1

e P(False) =0

e P(AorB) =P(A) + P(B) - P(A and B)

Copyright & Andrew W. Moore
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Conditional Probability

e P(A|B) = Fraction of worlds in which B is

| . _true that also have A true

ide 55 Copyright & Andrew W. Moore




Conditional Probability

isxnl

H = "Have a headache”
F = "Coming down with Flu”

P(H) = 1/10
P(F) = 1/40
P(H|F) = 1/2

Copyright & Andrew W, Moore

P(H|F) = Fraction of flu-inflicted
worlds in which you have a
headache

= #worlds with flu and headache

#worlds with flu

= Area of "H and F” region

Slide 27




Back to the Main Story...



Probabilistic Classification

Let p(¢c,) = prob. that a randomly chosen object comes from ¢,

Objects from ¢, have: p(x |, ) (e.9., MVN)
Then: Pleg | x) = plox | ) pley) /p(x)

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




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)




p(x,c1)

p{ct|x)

x1

X2



Classifier Types

Discriminative: model p(¢, | x)
- e.g. linear regression, logistic regression, CART
Generative: model p(x | ¢, )

- 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 \\§




Naive Bayes via a Toy Spam
Filter Example

*Naive 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



Training data comprising four labeled e-mail messages.

+# Message Spam
1 the quick brown fox no
2 | the quick rabbit ran and ran | ves
3 rabbit run run run no
4 rabbit at rest yes

# | and | at | brown | fox | quick | rabbit | ran | rest | run | the
1 0 0 1 1 1 0 0 0 0 1
2 1 0 0 0 1 1 2 0 0 1
3 0 0 0 0 0 1 0 0 3 0
4 0 1 0 0 0 1 0 1 0 0

Term vectors corresponding to the training data.




X, | x| X, X, | x. [ x, [ Y

[ |

# | brown | fox | quick | rabbit | rest | run || Spam
1 1 1 1 0 0 0 0
2 0 0 1 1 0 2 1
3 0 0 0 1 0 3 0
4 0 0 1 1 1 0 1

Term vectors after stemming and stopword removal with the Spam label,

coded as 0=no, 1=yes.



Naive Bayes Machinery

*\We need a way to estimate:
PriY =1|X,=zq,..., Xy = x,)
*VVia Bayes theorem we have:

CPr(Y =) x PrXy=xzy,..., Xg=24)Y = 1)
Pr(X; = 71,..., X4 = 7q)

or, on the log-odds scale:
P'}"(}; — 1|X1 = T1,... ,X.:I — I-:f:]
PriY =0X,=2,....X;=14)

log

Pr(Xy=um,...,Xa = 24]Y = 1)

1
TPr(Y=0) " PriXi=a,.... Xg=xz4Y =0)



Naive Bayes Machinery

*Naive Bayes assumes:

d
PriXi=m,.... Xa=m4]Y =1) = H Pr(X;=z;|Y =1)

i=1

and

d
PT(_:{]_ = T{,... 1-:{::11 — -TEE|}; — ﬂ] = H PT‘(Xi — Tg|}; — ﬂ]
i=1

leading to:
| P'}"(}; — 1|X1 = T1,... ,X.:I — I-:f:]

log g ¢ “
OF Pr(Y =0[X, =zy,..., Xy = 14)

Pr(v=1 & Pr(X,=alV =1
o - ] & - -
SPrY =0) Z FPr(X =2V =0)




Maximum Likelihood Estimation

log L7 Pr(Y =1) ~ log 2,-':4 0
Pr(Y =0) 2/4
weights
of
evidence \]’ PT [X = 1|}; = 1] o 2;2 — loo
PT[XJ—1|T_H] S 1/2 "
X, X X; X, X: | Xg Y
# | brown | fox | quick | rabbit | rest | run || Spam
1 1 1 1 0 0 0 0
2 0 0 1 1 0 2 1
3 0 0 0 1 0 3 0
4 0 0 1 1 1 0 1




Nailve Bayes Prediction

*Usually add a small constant (e.g. 0.5) to avoid

divide by zero problems and to reduce bias

X1 Xo X3 X4 X5 | Xg

brown | fox | quick | rabbit | rest | run
Term Present | -1.10 | -1.10] 0.51 0.51 1.10 0
Term Absent 0.51 0.51 | -1.10 | -1.10 [-0.51{( O

Estimated Weights of evidence for the example.

*New message: “the quick rabbit rests”



*New message: “the ¢

uick rabbit rests”

X, X5 X5 X, X5 | Xg

brown | fox | quick | rabbit | rest | run

Term Vector 0 0 1 1 1 0
Weight of Evidence | 0.51 | (.51 .51 1.10| 0O

0.5]

Predicted log odds:
051+051+051+051+110+0=3.04

«Corresponds to a spam probability of 0.95




Your turn!

Essay # |“upon” |“whilst” |Author

1 yes yes Hamilton
2 yes no Hamilton
3 yes no Hamilton
4 no yes Madison
3 yes no Madison
6 yes no P77




