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Prework of THIS PAPER

Multinomial inverse regression for text analysis — Matt Taddy

Distributed multinomial regression — Matt Taddy



Background Knowledge

 Regression
1. Linear Regression
2. Logistic Regression (Multi-class Logistic Regression)
3. Poisson Regression

4. Inverse Regression



Poisson Regression

Poisson distribution
e A\k

P(X =k) = —

 Poisson regression

Used to model counts and rates like expected number of events over a
given period of time
Why? - Distribution of data

« Poisson Zero-Inflated Model

o'z

p(y=0]z;0) =€*



Inverse Regression

 Word/Information embedding

 Firsttrainy = k1x1 + k2x2 = z1 + z2

 Forward regression

« Then use z1, z2 to model subpart of x



Multinomial distribution

* A generalization of the binomial distribution.
« E.g. it models the probability of counts of each side for

rolling a k-sided die n times.
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Purpose of Text Selection

* Increasingly available with difficulties 1_
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 Upgrade from DMR to HDRM ¢ (human user) = - 38

r (human.minors) = -.29

* First step model extensive

« Second step model intensive



Current Model - DMR

* Multinomial logistic regression

p(ci|vi,m;) = MN (¢;;q;,m;) fori=1...n,

en’ij

—for j=1...d,

* MN decomposition & the theory foundation of DMR

p (¢i|vi,m;) = MN (ci5q;,m;) = [ [ Po(cij;mie™) .
J



Current Model - DMR

 Log-likelihood
! (aj, (leCj,'U) => [mieaﬁ”;"ﬂ‘ — Cjj (aj + vécpj)] :
1=1
* Pre-process of Inverse/ forward regression

zi=@'ci

E [’Uz'y] = ,30 + [Ziy, vi,—y, mi]l ﬂ



HDMR Model - two part hurdle model ¢;;

 General format
* First: model extensiveness(cover or not)
hi; = Kj + w;d; + vij,
hij =1 (h;f‘j > 0) ,
 Second: model intensiveness (# of times cover)
Cii = A (aj + v;;cpj) + €5 > 0,

— . . *
Cij = hijCij-



HDMR Model - two part hurdle model ¢;;

e General format

* —_— . , . ..
hij = Rj + Wid; + vij, p (hij = Olw;) = I (k; + w;d;)

=1 (h;f‘j > O) ,
p (cijlvi, hij = 1) = P* (ciji A (o +vigp;) )
C;‘j = A (Otj + 'v;CPj) +¢€i; > 0,
——— p (cijlvi, wi) = [Mo (k; + wld;)] " {[1 — Iy (k; + w;d;)] PT (c,-j; A (aj + vi%’)) }hij



Application: Backcasting the intermediary capital ratio

 Data: Front page of WSJ from 1926-2016
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Figure 1: Mean distribution of WSJ front page articles monthly phrase counts



HDMR Performance in Application 1
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Figure 4: Backcasting the intermediary capital ratio with text and covariates




Related research in Text mining

woman

* Word Embedding: \\ gf' stower

father slow
King dueen son
¢ WO rd zve C faster slowest

dog \ mother
cats daughter fast /\
France
¢ E I m 0 England longer
/ fastest
Paris Italy she long
Londor/

hi mself longest

Rome herself
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