Creating features for
machine learning
from text
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"Aardvarks are small pig-like mammals that are found inhabiting
a wide range of different habitats throughout Africa, south of the
Sahara. They are mostly solitary and spend their days sleeping in
underground burrows to protect them from the heat of the
African sun, emerging in the cooler evening to search for food.
Their name originates from the Afrikaans language in South
Africa and means Earth Pig, due to their long snout and pig-like
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[ ] Tidymodels S

tps:/ www tidymodels.org - @ mw o o =

T-i dydeE-Ls  ACKAGES GET STARTED

LEARM HELP COMTRIBUTE Q (]

- TIDYMODELS

e

ticlymodels . i . . )
4 [he tidymodels framework is a collection of

packages for modeling and machine learning

using tidyverse principles.
Install tidaymodels with:

install. packages ("tidymodels™)
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library(tidymodels)

## — Attaching packages tidymodels 0.1.4 —
## J broom 0.7.10 J rsample 0.1.0

## J dials 0.0.10 J tune 0.1.6

## J infer 1.0.0 J workflows 0.2.4

## J modeldata 0.1.1 J workflowsets 0.1.0

## J parsnip 0.1.7 J yardstick 0.0.8

## J recipes 0.1.17

@juliasilge
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tokenization
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graphite
paper
pen

oll
watercolour
wash
plate
engraving
veneer
chalk
intaglio
millboard
arabic
mahogany
line
gouache
mezzotint
VErso
gelatin

mache

More in earlier art

ballpoint
type

tip

print

dung
photograph
screenprint
stick
marker
lithograph
correction
coffee
frame
transfert
carborundum
glitter
stencil

pin

blocks

buckram

Importance

More in later art

juliasilge.com/blog/tate-collection/
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Which subwords in a US Post Office name are used more in Hawaii?

Subwords like A, I, O, and AN are the strongest predictors of a post office being in Hawaii

G
D
RI

More from Hawaii

Less from Hawaii

0.0 0.5
Coefficient from linear SVM

juliasilge.com/blog/hawaii-post-offices/




library(textrecipes)
recipe(diet ~ text, data
step_tokenize(

animal_train) %>%

text,
token = "ngrams",
options = list(n = 3, n_min = 1)
)
## Recipe
T
## Inputs:
T
T role #variables
Tt outcome 1
## predictor 1
T
## Operations:
fHt

## Tokenization for text
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recipe(diet ~ text, data = animal_train) %>%
step_tokenize(text) %>%
step_stopwords(text)

## Recipe

i

## Inputs:

i

Hi role #variables
i outcome 1
## predictor 1
i

## Operations:

i

## Tokenization for text
## Stop word removal for text
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Model performance for three stop word lexicons
For this data set, the Snowball lexicon performed best

snowball (175 words) smart (571 words) stopwords-iso (1298 words)

smltar.com




stemming
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specie
can
also

animal

Known
found
predator
one
water
live

vear

large
small
habitat
around

Remove S

1000

2000

Specy
can
also
animal
female
Known
found
predator
one
water
live
year

male

human

population

large
small
habitat

around

Plural endings

speci

can

=
|._1| =1 ¥}

anim

temal

Known

predat

found

human

I'r_'ir;E._

popul

small

habitat

like
1000 2000

Frequency
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tidy_animals %>%
count(animal, word) %>%
cast_dfm(animal, word, n)

## Document-feature matrix of: 610 documents, 16,840 features (98.13% sparse) and @ docvars.
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tidy_animals %>%
mutate(stem = wordStem(word)) %>%
count(animal, stem) %>%
cast_dfm(animal, stem, n)

## Document-feature matrix of: 610 documents, 12,045 features (97.62% sparse) and @ docvars.
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precision

true negative rate
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recipe(diet ~ text, data = animal_train) %>%

it
1t
1t
1t
1t
it
1t
1t
1t
it
it
it
1t

step_tokenize(
text,
token = "ngrams”,
options = list(
n==2, n_min = 1,
stopwords = stopwords: :stopwords(source = "snowball")
)
Y %>%
step_tokenfilter(text, max_tokens = tune()) %>%
step_tfidf(text)

Recipe
Inputs:
role #variables
outcome 1
predictor 1
Operations:

Tokenization for text
Text filtering for text
Term frequency-inverse document frequency with text
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RAM (in bytes) sparsity

2,000,000

1,000,000

1,000 3,000 10,000 1,000 3 10,000
Number of unique words in corpus (log scale)
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You shall know a word by the

company it keeps.
— John Rupert Firth
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word distance
month 1

year 0.607
months 0.593
monthly 0.454
installments 0.446
payment 0.429
week 0.406
weeks 0.400
85.00 0.399
bill 0.396
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word distance
error 1

mistake 0.683
clerical 0.627
problem 0.582
glitch 0.580
errors 0.571
miscommunication 0.512
misunderstanding 0.486
Issue 0.478
discrepancy 0474
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word distance
error 1

errors 0.792
mistake 0.664
correct 0.621
incorrect 0.613
fault 0.607
difference 0.594
mistakes 0.586
calculation 0.584
probability 0.583
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Fairness and word embeddings

— African American first names are associated with more
unpleasant feelings than European American first names

— Women's first names are more associated with family and
men's first names are more associated with career

— Terms associated with women are more associated with the
arts and terms associated with men are more associated with
science
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Features from text
machine learning
in the real worlcd
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Thankyou!

Julia Silge

juliasilge.com | smltar.com
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