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“Open-source text segmentation library for use with text written in the Japanese
language.”[1]

Taku Kudou (L&¥hH) maintains the project.
Bi-gram Markov model with CRF (identification model)[2]

MeCab [} [H 7 E]

[1] MeCab. Wikipedia, the free encyclopedia. <https://en.wikipedia.org/wiki/MeCab>
[2] Taku Kudou. MeCab. <http://taku910.github.io/mecab/>
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mecab-ko, MeCab fork project for Korean

mecab-ko-dic, MeCab & St=0{ Y EjA AFHA
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(1] 2MotY Z2MEE ATl LT 20138 28 12Y. <http://eunjeon.blogspot.com/2013/02/blog-post.html>
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[2] mecab-ko-dic 227l|. <https://bitbucket.org/eunjeon/mecab-ko-dic>
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[1] KoSpacing. <https://github.com/haven-jeon/KoSpacing>
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RmecabKo (First release in Github & CRAN: 2017-10-3)
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“‘1YCHAH oh=F {2t (‘=S| = mecab-koZ {I2H R I 7| X[ = 7 Ee = QU
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=M= C, C++ programming & S L= A Xk & =28,

RMeCab codesS E.LC}7} O] A MeCab G| M|Of| R=C, C++ API ZELF 271 &
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[1] RMeCab. <http://rmecab.jp/wiki/index.php?RMeCab>
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Text Mining with R: a Tidy Approach by Julia Silge and David Robinson[1]

Hadley Wickham’s tidy data
Each variable is a column
Each observation is a row
Each type of observational unit is a table

For text: “a table with one-token-per-row”

Token: single word, ngram, sentence, paragraph, ...

[1] Text Mining with R. <https://www.tidytextmining.com/>
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RecppMeCab release

First release in Github: 2018-5-18 (0.0.0.1)
First release in CRAN: 2018-10-7 (0.0.1.1)
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RcppMeCab Zff M
Input encoding & O & (with enc2utf8)?
Output YA F=7}2
RmecabKo 7H 4
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library(tidyverse)
library(tidytext)
library(RcppMeCab)
library(rsample)
library(glmnet)

library(doParallel) # Parallelization in Windows
library(broom)

library(yardstick)

[1] Silge J. Text Classification with Tidy Data Principles. <https://juliasilge.com/blog/tidy-text-classification/>



# 27 A(HS=), oLl S| & Ar=23[48) Bl
con<-file("d5= FL7|H txt")
mujin <- readLines(con)

close(con)
mujin <- iconv(mujin, "CP949", "UTF-8")

con <- file("OFLH 2| &K} - 23| F .txt", encoding = "UTF-8")
box <- readLines(con)
close(con)

books <- data_frame(text = mujin, title = enc2utf8("SF &l 7| 2l") %>%
rbind(data_frame(text = box, title = enc2utf8("OtLH 2| & X}")) %>%
mutate(document = row_number())

text title document
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# K| A2 7| 7|+ tokenization

tidy books <- books %>%
unnest_tokens(word, text) %>%
group_by(word) %>%
filter(n() > 10) %>%
ungroup()

tidy books %>%
count(title, word, sort = TRUE) %>%
anti_join(get_stopwords()) %>%
group_by(title) %>%
top_n(20) %>%
ungroup() %>%
ggplot(aes(reorder_within(word, n, title), n, fill = title)) +
geom_col(alpha = 0.8, show.legend = FALSE) +
scale_x_reordered() + coord flip() + facet_wrap(~ title, scales = "free") +
scale_y continuous(expand =c(0, 0)) +
labs(x = NULL, y = "Word count",
title = "Most frequent words after removing stop words",
subtitle = "Word frequencies are hard to understand; 'Of Af=" vs. 'OFLH =" is the main difference.")



Most frequent word
Word frequencies are hard to understand; '®{zt=" vs_ "0t &' is the main difference.
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# glmnet training= %2t training/test set separation

books_split <- books %>%
select(document) %>%
initial_split()

train_data <- training(books_split)

test data <- testing(books_split)

sparse_words <- tidy books %>%
count(document, word) %>%
inner_join(train_data) %>%
cast_sparse(document, word, n)

class(sparse_words) # [1] “dgCMatrix”

dim(sparse_words) # [1] 342 147

word_rownames <- as.integer(rownames(sparse_words))

books_joined <- data_frame(document = word_rownames) %>%
left_join(books %>% select(document, title))



# glmnet training
registerDoParallel(4)

is_box <- books_joinedStitle == "OFLH 2| &F At
model <- cv.glmnet(sparse_words, is_box, family = "binomial", parallel = TRUE, keep = TRUE)

plot(model)

plot(modelSgimnet fit)
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# word probabilities

coefs <- modelSglmnet.fit %>%
tidy() %>%
filter(lambda == modelSlambda.lse)

coefs %>%
group_by(estimate > 0) %>%
top_n(10, abs(estimate)) %>%
ungroup() %>%
ggplot(aes(fct_reorder(term, estimate), estimate, fill = estimate > 0)) +
geom_col(alpha =0.8, show.legend = FALSE) +
coord_flip() +

labs(
X = NULL,
title = "Coefficients that increase/decrease probability the most",

subtitle = "A document mentioning 2 U Cf is unlikely to be written by =3| 4"

)



Coefficients that increase/decrease probability the most
A document mentioning 23t is unlikely to be written by 2312
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# ROC curve

intercept <- coefs %>%
filter(term == "(Intercept)") %>% pull(estimate)

classifications <- tidy _books %>% inner_join(test_data) %>%
inner_join(coefs, by = c("word" = "term")) %>%
group_by(document) %>% summarize(score = sum(estimate)) %>%
mutate(probability = plogis(intercept + score))

comment_classes <- classifications %>%
left_join(books %>% select(title, document), by = "document") %>%
mutate(title = as.factor(title))

comment_classes %>%
roc_curve(title, probability) %>%
ggplot(aes(x = 1 - specificity, y = sensitivity)) +
geom_line(color = "midnightblue", size = 1.5) +
geom_abline(lty = 2, alpha = 0.5, color = "gray50", size = 1.2) +
labs(title = "ROC curve for text classification using regularized regression"”,

subtitle = "Predicting whether text was written by &&= or =9|4")
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# AUC & confusion matrix

comment_classes %>%

roc_auc(title, probability) .metric .estimator .estimate
comment_classes %>% roc_auc binary 0.908
mutate(

prediction = case_when(probability > 0.5 ~ "OFLH | A X},
TRUE ~ "F 2l 7[="),
prediction = as.factor(prediction)

) %>% o Truth

conf_mat{title, prediction) Prediction LA OHLHCl AKX
D R)| 41 10
OrLH 2l 2f Ak 1 31



# HEHA 7| = tokenization

tidy books <- books %>%
unnest_tokens(word, text, token = pos, to_lower = FALSE) %>%
group_by(word) %>%
filter(n() > 10) %>%
ungroup()

tidy books %>%
count(title, word, sort = TRUE) %>%
anti_join(get_stopwords()) %>%
group_by(title) %>%
top_n(20) %>%
ungroup() %>%
ggplot(aes(reorder_within(word, n, title), n, fill = title)) +
geom_col(alpha =0.8, show.legend = FALSE) +
scale_x_reordered() + coord flip() + facet_wrap(~ title, scales = "free") +
scale_y continuous(expand =c(0, 0)) +
labs(x = NULL, y = "Word count",
title = "Most frequent words after removing stop words",
subtitle = "Word frequencies are hard to understand; only 'OFLH/NNG' for OtLi 2| &F X} is noticeable
difference.")



Most frequent words
Word frequencies are hard to understand; only 'otLg/NNG' for OfLg 2] A+t is noticeable difference.
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# glmnet training= %2t training/test set separation

books_split <- books %>%
select(document) %>%
initial_split()

train_data <- training(books_split)

test data <- testing(books_split)

sparse_words <- tidy books %>%
count(document, word) %>%
inner_join(train_data) %>%
cast_sparse(document, word, n)

class(sparse_words) # [1] “dgCMatrix”

dim(sparse_words) # [1] 342 147

word_rownames <- as.integer(rownames(sparse_words))

books_joined <- data_frame(document = word_rownames) %>%
left_join(books %>% select(document, title))



# glmnet training
registerDoParallel(4)

is_box <- books_joinedStitle == "OFLH 2| &F At
model <- cv.glmnet(sparse_words, is_box, family = "binomial", parallel = TRUE, keep = TRUE)

plot(model)

plot(modelSgimnet fit)



Binomial Deviance
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# word probabilities

coefs <- modelSglmnet.fit %>%
tidy() %>%
filter(lambda == modelSlambda.lse)

coefs %>%
group_by(estimate > 0) %>%
top_n(10, abs(estimate)) %>%
ungroup() %>%
ggplot(aes(fct_reorder(term, estimate), estimate, fill = estimate > 0)) +
geom_col(alpha =0.8, show.legend = FALSE) +
coord_flip() +

labs(
X = NULL,
title = "Coefficients that increase/decrease probability the most",

subtitle = "A document mentioning 2 U Cf is unlikely to be written by =3| 4"

)



Coefficients that increase/decrease probability the most
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# ROC curve

intercept <- coefs %>%
filter(term == "(Intercept)") %>% pull(estimate)

classifications <- tidy _books %>% inner_join(test_data) %>%
inner_join(coefs, by = c("word" = "term")) %>%
group_by(document) %>% summarize(score = sum(estimate)) %>%
mutate(probability = plogis(intercept + score))

comment_classes <- classifications %>%
left_join(books %>% select(title, document), by = "document") %>%
mutate(title = as.factor(title))

comment_classes %>%
roc_curve(title, probability) %>%
ggplot(aes(x = 1 - specificity, y = sensitivity)) +
geom_line(color = "midnightblue", size = 1.5) +
geom_abline(lty = 2, alpha = 0.5, color = "gray50", size = 1.2) +
labs(title = "ROC curve for text classification using regularized regression"”,

subtitle = "Predicting whether text was written by &&= or =9|4")
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# AUC & confusion matrix

comment_classes %>%

roc_auc(title, probab”ity) .metric .estimator .estimate
comment_classes %>% roc_auc binary 0.891
mutate(

prediction = case_when(probability > 0.5 ~ "OFLH | A X},
TRUE ~ "F 2l 7[="),
prediction = as.factor(prediction)
) %>% Truth
conf_mat(title, prediction) Prediction SR OS] AFAL
Al 80 16
OFLHS| &FAL 7 29



# FEN A 7|+ tokenization, HAOE ==

tidy books <- books %>%
unnest_tokens(word, text, token = pos, to_lower = FALSE) %>%
group_by(word) %>%
filter(n() > 10) %>%
ungroup()

tidy books %>%
count(title, word, sort = TRUE) %>%
anti_join(get_stopwords()) %>%
group_by(title) %>%
top_n(20) %>%
ungroup() %>%
ggplot(aes(reorder_within(word, n, title), n, fill = title)) +
geom_col(alpha =0.8, show.legend = FALSE) +
scale_x_reordered() + coord flip() + facet_wrap(~ title, scales = "free") +
scale_y continuous(expand =c(0, 0)) +
labs(x = NULL, y = "Word count",
title = "Most frequent words after removing stop words",
subtitle = "Word frequencies are hard to understand; only 'OFLH/NNG' for OtLi 2| &F X} is noticeable
difference.")



Most frequent words
Words like Z/NNB, Z/NNG occupy similar rank but others are quite different.
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# glmnet training= %2t training/test set separation

books_split <- books %>%
select(document) %>%
initial_split()

train_data <- training(books_split)

test data <- testing(books_split)

sparse_words <- tidy books %>%
count(document, word) %>%
inner_join(train_data) %>%
cast_sparse(document, word, n)

class(sparse_words) # [1] “dgCMatrix”

dim(sparse_words) # [1] 342 147

word_rownames <- as.integer(rownames(sparse_words))

books_joined <- data_frame(document = word_rownames) %>%
left_join(books %>% select(document, title))



# glmnet training
registerDoParallel(4)

is_box <- books_joinedStitle == "OFLH 2| &F At
model <- cv.glmnet(sparse_words, is_box, family = "binomial", parallel = TRUE, keep = TRUE)

plot(model)

plot(modelSgimnet fit)
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# word probabilities

coefs <- modelSglmnet.fit %>%
tidy() %>%
filter(lambda == modelSlambda.lse)

coefs %>%
group_by(estimate > 0) %>%
top_n(10, abs(estimate)) %>%
ungroup() %>%
ggplot(aes(fct_reorder(term, estimate), estimate, fill = estimate > 0)) +
geom_col(alpha =0.8, show.legend = FALSE) +
coord_flip() +

labs(
X = NULL,
title = "Coefficients that increase/decrease probability the most",

subtitle = "A document mentioning 2 U Cf is unlikely to be written by =3| 4"

)



Coefficients that increase/decrease probability the most
A document mentioning 2F/MNNF, 2t/NNP is unlikely to be written by 222
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# ROC curve

intercept <- coefs %>%
filter(term == "(Intercept)") %>% pull(estimate)

classifications <- tidy _books %>% inner_join(test_data) %>%
inner_join(coefs, by = c("word" = "term")) %>%
group_by(document) %>% summarize(score = sum(estimate)) %>%
mutate(probability = plogis(intercept + score))

comment_classes <- classifications %>%
left_join(books %>% select(title, document), by = "document") %>%
mutate(title = as.factor(title))

comment_classes %>%
roc_curve(title, probability) %>%
ggplot(aes(x = 1 - specificity, y = sensitivity)) +
geom_line(color = "midnightblue", size = 1.5) +
geom_abline(lty = 2, alpha = 0.5, color = "gray50", size = 1.2) +
labs(title = "ROC curve for text classification using regularized regression"”,

subtitle = "Predicting whether text was written by &&= or =9|4")
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# AUC & confusion matrix

comment_classes %>%

roc_auc(title, probability) .metric .estimator .estimate

comment_classes %>% roc_auc binary 0.951

mutate(
prediction = case_when(probability > 0.5 ~ "OFLH | A X},
TRUE ~ "SI 7| ),
prediction = as.factor(prediction)

) %>% Truth

conf_mat(title, prediction) Prediction =&l OrLiel &f At
FA|Y 37 6
OfLHOl &b X} 3 29



Most frequent words
Word frequency ranks are quite different.
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Coefficients that increase/decrease probability the most

A document mentioning 2/\VV, 4 4/NNG is unlikely to be written by 222
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-

# A tibble: ‘l X 3’
.metric .estimator .estimate

<chr> <chr> <adbl>
roc_auc binary 0.936
Truth
Prediction 2 X8 OFLH O AFAL
S &)|&H 36 9
OtLHS]  &FAL 2 24
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