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| X2 RK%

o AL BEARAPEMLL R AP D BRI B RATHAY A W 2%, ARG B ARAY 2 W 5 — Ak i N E
(input layer) . X &4 A E (convolution layer) #=i4k & (pooling layer) . 4 &4 E

(fully connected layer) #A=#irih & (output layer) #Jmn%.

FSIEE
|
|
T | °
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=R
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| A4 2 W 4&—-LSTM

« KiEHRITILMWZ (Long Short-Term Memory, LSTM) R EAIRAYLE M & ag— /TR § 2 % K IIR A
B, € B A KAITICAZ 8988 71, T AR SR fE A ) 32 08 2R W) 25 69 Fh B M Sph B 0H K IR A

o PRAEIIAYZ P LEAREA E B WAV 2 P AR i i XA . EARERNNY , 2 E AR —ANEE R E
BB, 15 deE ~tanh &,

X P @ »X) @ @ X ® —-@
R ! R ' WA !
ﬁ-l [t-1 td,ll._ll ft‘ i tanh frsh e tdllll
, Wa L. % o N o X
¥ ank a ‘ g ||log tanh || O @f a 1| o ‘
fFf t ¢ P B S S e T T 1 _,_@
| Q1

® merzx @ m=an @ masz 0] sigmoid
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| a%DRA%

« A% E (Auto Encoder, AE) £ —#MATABEF IR IEHELEEAFIERALT &, LA —FFH
B i R A M B AE T AN E N, CRFMANRERELER A EIE, KREHIIFEIEE
) 79 o

¢ BAUNTEZIRTUMNZE-NBRDE: BRERBDE, BEMBDE, RE—NATHEETEEREXR
FEAMR B, i B il — AR ASFN TAL, HRXTMR BT 5. BAF AL A4
M 2352 AL B AR S, HFIBE R R R B BRI B AR R SR, PTABRAE AR A
G P W) 24

U TN JEARZRALE EA ETUN
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| 4 2 XA 2%
A AT LM %% (GAN) B AR %S (Generator) #=H]H] % (Discriminator) W/NAPZE M 2% 4 p%. GANSC

TR PHRFPERB R, EREFAINZIAANIVTEREIA IN—F0 B AR, #8EZ3#T At
RS AR AT A S

-
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| A5

o ATEMMRART, TAAFI]BEEABIEARNGENEE T, MNGEARAEXRDEERKIESE
LM%%&ﬂ,m%%&ﬁM%MA BT INGX AR R A, B, FALKHOREH

= 14-1 Keras NERBIMYIZLRTIS S

{i }ﬂ 7}:E]}.‘.‘Z Q/Jj: 'J bbz}f"}\ 'JV%A W_A é@ 'ﬁi ‘/‘i\‘o Topls Top5¢
bR %< R Kve ZHBAC | IR
R e MR R
application_xception()« Xceptions« 88MB<'| 0790<| 0.945¢ 22,910,480¢ 126¢
application_vgg16()« VGG16¢ 528MB¢| 0.713<'| 0.901¢’| 138,357,544<'| 23«
application_vgg19()« VGG19¢ 549MB¢<| 0.713<'| 0.900¢’| 143,667,240¢| 26¢
application_resnet50()« ResNet50¢ 99MB<'| 0.749<'| 0.921¢ 25,636,712¢ 168«
application_inception_v3()+ InceptionV3« 92MB<'| 0.779<'| 0.937¢ 23,851,784« 159¢
application_inception_resn | InceptionResNet
215MB<| 0.803<'| 0.953¢ 55,873,736¢ 572¢

et v2()¢ V2¢
application_mobilenet(): MobileNet« 16MB<’'| 0.704<'| 0.895¢ 4,253,864+« 88¢
application_mobilenet_v2()¢ MobileNetV2¢ 14AMB<’| 0.713<'| 0.901¢ 3,538,984+« 88¢
application_densenet121() DenseNet121¢ 33MB<'| 0.750¢"| 0.923¢ 8,062,504+« 121«
application_densenet169()¢ DenseNet169¢ 57MB<'| 0.762<'| 0.932¢ 14,307,880¢« 169¢
application_densenet201()s DenseNet201¢ 80MB<'| 0.773<'| 0.936¢ 20,242,984« 201¢
application_nasnet() NASNetMobile<' | 23MB<'| 0.744<'| 0.919¢ 5,326,716¢ ¢
application_nasnetlarge()« NASNetlLarges 343MB<| 0.825<'| 0.960¢ 88,949,818¢ ¢

(KerasEEF I : A,
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| Keras#E & 4 & & 2

o Keras A A oy FIHIQIEATEN DK RA ML, HiFMNL, NHEML, ITFERE., B,

1. 52 X 4% 2. % 1 X 45 3. Y ZRM 2% 4. PFAE 2% 5. i HH T

(KerasEE 5 : AIl. £HEZIHEH)



| BEma

© RPERGALFTHEBELFI109NMFA, INFHR SFEBLAETT

FH& FEHLA &

pclass o5 28 1=k F ik, 2=—5H#6, 3==5F#
survived AL &G 0=%, 1=2
name A
sex P 7 female=“%t. male=% M
age FH
sibsp F B R EABLAAL LA =
parch MFRT LA EHE
ticket A5 257
fare BT
cabin oAz 5 24

C=Cherbourg, Q=Queenstown,
embarked BAEAko
S=Southampton

A HIEFREE S F S feature (EAINHIEF ) Hlabel irE5FH (REAF?1: &, 2: &) o

(KerasEE F 3 : AN, £XRI|HH)



| = LM%

s MHEEREFINBZNE—FTRZEZANERLEL, WEMNL EKeras TR EXAEFI], XX EHEE L

=

Sequential %,

> library (keras)

> model <- keras_model|_sequential ()

> model %>% layer_dense (units = 40, input_shape = ¢ (9),
+ kernel_initializer = 'normal’,

+ activation = 'relu’ )
> model %>% layer_dense (units = 1,activation = 'sigmoid’ )
> # TABEARE

> summary (model)

Model: “ééquentﬁa1"

Layer (type) Output Shape Param #
dense (Dense) (None, 40) 400
dense_1 (Dense) (None, 1) 41

Total params: 441
Trainable params: 441
Non-trainable params: 0

(KerasEEFJ: AIl. £&HRIHEH)




l %#iER%
e —EBRMENLT N, ANGEBINALARHET, HEARSHAEH—NT &K,
o HAE Flcompile () ofy 3 AR AT IR B,

> model %>% compile(loss = "binary_crossentropy’,

+ optimizer = 'adam’,
+ metrics = c('accuracy'))

(KerasEEFJ: AIl. £&HRIHEH)



| ) &M%

. —BRZEMBIEDR, RTARTEAINET . XERELNEREE LAEKEARE, NERLE
FR R INGERIE, OEMNIEEXF B KAy, 18 AR aEE L EINER L, FARE R FRA 4
AR H F Ao AR K R R BT

o ATt HRIAITING, FFINGIAE A EhistoryEE F,

Train on 943 saan'Ies, validate on 105 samples

Epoch 1/10
o Q 943/943 - 3s - loss: 0.6629 - accuracy: 0.6394 - val_loss: 0.6249 - val_accuracy: 0.7238
> history <— model %>% fit/( Epoch 2/10
943/943 - 0s - loss: 0.5993 - accuracy: 0.7752 - val_loss: 0.5574 - val_accuracy: 0.7905
X = x_train_scale, Epoch 3/10
w w 943/943 - 0s - loss: 0.5481 - accuracy: 0.7826 - val_loss: 0.5028 - val_accuracy: 0.8000
> o Epoch 4/10
y = y_tralny 943/943 - 0sb+ Toss: 0.5071 - accuracy: 0.7900 - val_loss: 0.4691 - val_accuracy: 0.8095
Epoch 5/10
val idation_split = 0.1, 943/943 - 0s - loss: 0.4808 - accuracy: 0.7922 - val_loss: 0.4527 - val_accuracy: 0.7905
= Epoch 6/10
hs = 10 943/943 - O0s - loss: 0.4653 - accuracy: 0.7922 - val_loss: 0.4450 - val_accuracy: 0.7905
epocns = ’ Epoch 7/10
943/943 - 0s - loss: 0.4561 - accuracy: 0.7837 - val_loss: 0.4402 - val_accuracy: 0.7905
batch_size = 32, Epoch 8/10
943/943 - 0s - Tloss: 0.4497 - accuracy: 0.7837 - val_loss: 0.4385 - val_accuracy: 0.7905
b = 2) Epoch 9/10
verbose — 943/943 - 0s - loss: 0.4455 - accuracy: 0.7858 - val_loss: 0.4346 - val_accuracy: 0.8000

Epoch 10/10
943/943 - 0s - Tloss: 0.4416 - accuracy: 0.7943 - val_loss: 0.4319 - val_accuracy: 0.8095

(KerasEEFJ: AIl. £&HRIHEH)



| PRR%

— B W& E TR, LT AT LT 4E . KAV AR B E D 20 8] XA R 2] 690X £ R IR AEAE A 69 M

Ato EAT AL AR A9 R BRI A EIAN M LM AR H . evalute () B R a FRHR T H 2L i A
A EARRGIR £

> score <{- model %>% evaluate(x_test_scale,y_test, verbose = 0)
> score

$loss
[1] 0.4723684

$accuracy
[1] 0.7854406

(KerasEEFJ: AIl. £&HRIHEH)
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o —ERAVIT UG GG MR R BB &, ST AR C RN AR, AR Gpredict ) ALK

> predictions <- model %% predict(x_test_scale, verbose = 0)
> head (predictions)

[, 1]
[1,] 0.9309239

[2,] 0.2624388
[3,] 0.9582632
[4,] 0.9527556
[5,1 0.6007361
[6,] 0.5770388

o XTHEFA, EAMLT AE Flpredict_classes O H3k, © 4 A FFFFRMN 453 K4 BERAE R K3 & 69 £ H1ES

> pred_label <- model %>% predict classes(x test scale, verbose = 0)
> head (pred_label)
[, 1]
[1,] 1
[2,]
[3,]
[4,]
[5, ]
[6, ]

(KerasEEFJ: AIl. £&HRIHEH)
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|l B¢ 54%7%5: EBlmage®,

« EBlmage®. #ZBioconductor ¥, @it VA T4 A stiTxE,
instal |. packages ("BiocManager")

BiocManager: :instal | ("EBImage")

« EBlmage®y ik AZh At LA W89, R 5 N, 1% Fflreadlmage O HEEIER, {HR PS5 Tilesk T
% BRI M4 SURL, A Htype R Tk IAY BUR A4S X, B AT R4 jpeg. pngdetiff =47 EAE LA X

> img <- readlmage ('../images/cat. jpg')
> display(img ,method = 'browser')

e
e <[> o] [+]- ]~

> imgcol <- readlmage('../images/cat—color. jpg')
> display(imgcol, method = 'raster')

(KerasEEFJ: AIl. £&HRIHEH)



| Bigii 54 %: Keras
o Keras &9 B1% 13230 :% 4 image_load ()

> imgcol <- image_ load('../images/cat—color. jpg')

o imgcol ZPIL. Image £ 49—/ NEBIF %, PTAEL & Image R A8 K69 7 kA= /B P o

-

L) EE

> imgcol$format
[1] "JPEG"

> imgco | $mode
[1] "RGB"

> imgcol$size
[[1]]

[1] 603

[[2]]
[1] 402

> plot (as. raster (imgcol_tensor[,, ], max = 255))

(KerasEEFJ: AIl. £&HRIHEH)



| B84
o ¥ Hlresize O HE T BB ITHEN, wFERBRETEIEHEZ—, WK ashitHE 73— RTHEAFRAE
Tetbe UTRAEIEimg. imgcol BIE6 5% . 531X E 4256,

> # AEREBRT

> img_resize <- resize(img,w = 256, h = 256)

> imgcol_resize <— resize(imgcol,w = 256,h = 256)
> par (mfrow=c (1, 2))

> plot(img_resize)

> plot(imgcol_resize)

> par (mfrow=c (1, 1))

(KerasEEFJ: AIl. £&HRIHEH)




| FARMDHERXBBEKIE

o AAMILkimagel KA T AT E., AE. WIM=MHHBERIL, &A155K, —EL ALK EBMK,
o 4 BIEBImage . ®readlmage () &2 imagel XA P 89T A % & B2 1 B|RP ,

library (keras) .

Ry & %@v@@% &@@.@@ &0 O

twd (.. /image1") e 2 )
S 5,
: \ « & y

picl <- pasteO(rep(c('b’,'c','p'), each = 10),
1:10,'. jpg')
train <- list()
for (i in 1:length(pic1)) {train[[i]] <~ readlmage (pic1[i])}
pic2 <- pasteO(rep(c('b','c’, 'p'),each = 5),
11:15,"'. jpg')
test <- list()
for (i in 1:length(pic2)) {test[[i]] <- readlmage(pic2[il])}
# L¥ltrainKIEe BR
par (mfrow=c (3, 10))
for (i in 1:30) plot(train[[il])
par (mfrow=c (1, 1))
# L¥ltestHIEA AR
par (mfrow=c (3, 5))
for (i in 1:15) plot(test[[i]l])
par (mfrow=c (1, 1))

(KerasEEFJ: AIl. £&HRIHEH)



| HEmsE

o FlAresize O HFIFERILE Z . B ETEAXE A100, 1 Fcombine () & A5 B 1% &5+ 4 B A

7). 1% Hto_categorical () FH A4 & HIE AT I m AL 4t 32 (One—Hot Encoding) -

> # TR X BBKA

> for (i in 1:30) {train[[i]] <~ resize(train[[i]], 100, 100)}
> for (i in 1:15) {test[[i]] <- resize(test[[i]], 100, 100)}
> # BgEALH

> trainx <- combine(train)

> testx <- combine (test)

> dim(trainx)

[1] 100 100 3 30

> dim(testx)

[1] 100 100 3 15

> # LRI MR B

> display(tile(trainx))

> display (tile(testx,nx = 5))

> # AXKLEITA

> trainx <- aperm(trainx,c(4,1,2,3))

> testx <- aperm(testx,c(4,1,2,3))

> dim(trainx)

[1] 30 100 100 3

> dim(testx)

[1] 15 100 100 3

> trainlLabels <- to_categorical (trainy)
> testLabels <- to_categorical (testy)

(KerasEEFJ: AIl. £&HRIHEH)



| 25 AR PSRRI REEBG

o HIXANBIFH, AERFHETLSFZIEG WL, 1& HReLUE 9 AT & 698 & B4k, 1 JH Softmax kA %
BRI E R, F—ATaRE AR 2564142 L, 1€ F130000 (100X 100X 3) NANT 2 #-ATaBEH

128/ AP 270, 3Ja fr & 34T 8 LR T A 48 K o

># MRAZRENBERMEREHK
> build_mlp <~ function() {
+ model <- keras_model_sequential ) %>%
+ layer_dense (units = 256, activation = 'relu’, input_shape =
¢ (30000)) %>%
layer_dense (units= 128, activation = 'relu’) %%
layer_dense (units = 3, activation = 'softmax')
# Compile
model %>% compi le(
loss = 'categorical_crossentropy’,
optimizer = optimizer_rmsprop(),
metrics = 'accuracy')

Actual= 0 Predicted= 1 Actual= 0 Predicted= 2

> # YIGAER

> trainx _flattern <- array_reshape(trainx,dim =

¢ (nrow(train), 100%100%3))

> testx _flattern <- array reshape (testx,dim =

¢ (nrow (test), 100%100%3) )

> mlp_model <= build mlp()

> history <- mlp_model %>% fit(

bl Pl B MR SR 6 R A A AT, AR K A
trainlLabels,
epochs = 50,

validation_split = 0.2) (KerasEE %3 : Al EZRI|#H)




| o5 W E AR PR D R AR

g e | o#mE || w2 | Dopoutm || = | zmme | [ e
(100 X 100 X 3) H (32 filter 5 X 5) ‘ ‘ 2 x2) H (20%) H Flattern/= H 3556) - |

> # HEsimple_cnniE A & K
> build_simple_cnn < function(X=trainx) {
model <- keras_model_sequential () %>%
layer_conv_2d(filters = 32,
kernel _size = ¢(5,5),
activation = 'relu’,
input_shape = dim(X) [-1]) %>%
layer_max_pooling 2d(pool size = ¢(2,2)) %%
layer_dropout (rate = 0.2) %>%
layer_flatten() %>%
layer_dense (units = 256, activation = 'relu’') %%

Actual= 0 Pregicted= 1

‘e
.-

-

loss = 'categorical crossentropy’,
optimizer = optimizer_rmsprop(),
simple_cnn_model <- build_simple_cnn() o5 S K £o b b2 B b 3o S Y 4 R o
: ; 0 Al 2 2% 37 e R B R 0
history <- simple _cnn_model %>% lﬂ_‘?%\ /ﬁ? 2 [ 2 3 MK R 8 T J/E )'f]if]74/o, Ho )

layer_dense (units = 3, activation = 'softmax') Actual= 0 Predjgied=1

metrics = 'accuracy')
mode |
fit(trainx, @ 4 AR AY 2 R AL A A9 ATHA B 5 R
trainlLabels,

# Compile Y !
}
epochs = 50,

model %>% compi le(
= .fd' .
# DGR
validation_split = 0.2)

+ + ++VVVIFFAEF A A+ o+

(KerasEEFJ: AIl. £&HRIHEH)




B R BN RERA D REEBL

> build_complex_cnn <= function(X=trainx) {
+ model <- keras_model sequential () %>%
layer_conv_2d (filters = 32,
kernel _size = ¢(3,3),
activation = 'relu’, 10-
input_shape = dim(X) [-1]) %>%
layer_conv_2d (filters = 32,
kernel _size = ¢(3,3),

15-

loss

activation = 'relu') %%
layer_max_pool ing 2d (pool _size = ¢(2,2)) %>% 0- data
layer_dropout (rate = 0.25) %>% oo D
layer conv_2d (filters = 64, ' i valdamon
kernel _size = ¢(3,3), o5

activation = 'relu') %%
layer_conv_2d (filters = 64,

kernel _size = ¢(3,3),

activation = 'relu') %%

accuracy
=)
n
=

layer_max_pool ing 2d (pool _size = ¢(2,2)) %>% 2257

layer_dropout (rate = 0.25) %>%

layer_flatten() %>% UBU_, , , , , ,

layer_dense (units = 256, activation = 'relu') %% 0 10 20 30 40 50

layer_dense (units = 128, activation = 'relu') %% epoch

layer_dense (units = 3, activation = 'softmax') o ] )
# Compile ) S B ARAP 22 P 2 9K SR 69 TN A R 9 93%, FLAT

model %>% compile (
loss = 'categorical crossentropy’,
optimizer = optimizer_rmsprop(,
metrics = 'accuracy')

mode |

) {3 S K A b 22 R 25 69 74% XA B 242,

+ + + + +F ++FFF A FE o+ o+

(KerasEEFJ: AIl. £&HRIHEH)
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| fa AR& B
e REZRMETFETWIT EARTARLANEFIZLE, % HAE9A tm, tmen. RwordSeg. jiebaR. tidytextHF 4 &

2o

tnL R XA A

ERE, CHMZSNLP
HEE,
tm. plugin. dc.
tm.plugin.mail.
tm. plugin. factiva=

e # R, TR

- ARSI XA B
SEFLHAE A BRI

Factivaiz#,

0 B
. .
............................................

B P LERRARA
L, tmeniX B AKX D

B P] AL

PRI BATGBAE i
- AnsjR—ANFFR#E)Java |
bpELE, AT

1R 5| #=UTF-82 [a] &4 4%

e PAKRFAEE
Fz e HRT 5
Rk, RARXGER

tau®, f a9 — sk oh ik

P SER TR Bl

GBKF 44 % & v 1%k
18] 5

0 B
. .
............................................

Rwordsegtl

RwordsegZ —ANRIR3%,

EES ES N

J rJavaif] Fl JavaZy i3]
T HAnsjo

#7689 ictclas P Lo

o k42 A& (Hidden

§ § Markov Model, HMM) .

0 B
. .
............................................

22 513 (jiebaR)
R —HZHHYRET
W E e, REAE
B 6 & C++, @it
Repp#t 1T & 2018 A o
jiebaR I #H & KBEE
&, XD RA KRR
A kBB A RA
A v ibag X,

0 B
. .
............................................
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| o X5 SPORTHRIEE

 F)Ftmen el &9SPORT R 4B 5 # AT L LA L 5% . SPORT: i%ﬁa%*‘%ﬂi%TBW%%ﬁ%ﬁJﬁ]ﬂ\]zi, bl
classKE#TH N A& LA, BAKR, FARK., KNI 3FSPORTHAEE 4T 04T, 0 A4E AME 5 3] F= ik
5 3] 5 R A AL A ) P B R A BT TR
SPORT #(ili 4tk —3L 2357 1T 6 4, HA & FHk T
id: BT[]
time: Fr[EIIS[A]. <
title: FrEIbFRE. <
class: FriEZEA, “B” FRWERRE, “F” FIREHEHK. «
abstract: JFrfEldH 2, <

o o o0 0 o

content: Frla] N %, «
FeAT A 75200 ] SPORT %l £2 1175 & class Fll content, AT content #E{T H 3 A 47
i JetRkE, HULAES class Ny HPRAEE @ AL 2SRy, 6h g ) B J& 28 R a3k AT il .

(KerasEE F 3 : AN, £XRI|HH)



RITE P KEH: PLH,ERET
o AT KIZIEAT, AT Econtent® LEZ A BT T oM. B LA Htidytext & xFSPORT £ 4 & 3t 1T %
FiHHEREX (B) w23 E (F) 894+, #EAFAT T F0%,

> library (tidytext) ># BERRANE ># BEFEREHE
> library (jiebaR) > nrow(b_word_count) > nrow(f word_count)

. 1] 97
> wk <~ worker (byl ines = TRUE) [>]bgwi8rd ount [>11?/:1)§r1d ot

> tidy_data <- SPORT %>% # A tibble: 9,758 x 2 # A tibble: 8,061 x 2
+ mutate (text = sapply (segment (content, wk), word n e

+ <chr> <int> <chr> <int>
function (x) {paste(x,collapse = " ")})) %% J 9860 1fy 8788
unnest_tokens (word, content) 4878 27 3343
# & B R EHE R R E RS 2 37 2595

4125 7
b_word_count<- tidy_data %>% 3557 gfﬁém 12327?19

+
>

>

+ filter(class=="B") %% 6 tbE 3042 6 LEE 1826
+ count (word, sort = TRUE) 7 841 2444 78 1718
> # AR REAHFE ARG FERM&%T 8% 2360 8% 1697
> f _word _count <- tidy data %>% 9F, 2331 9 /R 1609
+
+

: — 10 it 2207 103 1531
filter (class=="F") %>% # ... with 9,748 more rows # ... with 8,051 more rows

count (word, sort = TRUE)

(KerasEEFJ: AIl. £&HRIHEH)



S 'l 2N K 5245 . 13] > T:
| HRMESRXEH: AZET
* L&A Awordeloud2 ) b R & HAH 2 W L RAMTF 2 R, 0T AT+ IR AY P AR AR BAARA) T LA
i, BAVREHNFITRIT I AT RT.

> library(wordcloud?2)
> # WNEREFEHETEZRT

> library(wordcloud?2)
> # X RIREFHEHETEZRT

> wordcloud2(b_word_count[11:nrow(b_word_count),], > wordcloud2(f_word_count[11:nrow(f word_count),],

+ shape = "star") + shape = "star")
RE7 e
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| R EH AR TRARE

s ATRZJEREALREFEGEKXE, ZMNTURAEARET R EERITEE, BER [T H545]
(https://pinyin. sogou. com/dict/cate/index/370) =2 3k ['E 74 7% ]
(https://pinyin. sogou. com/dict/cate/index/372) #9143 & T # 2| Ax, #] FlRwordseg®. t9instalIDict()

By 35 W K Ko 13) B Ao 2R, B G5 i

> library(Rwordseg)
> installDict(dictpath = "../dict/ &k [EHEE] .scel”,
+ dicthame = "basketball")

2195 words were loaded! ... New dictionary 'basketball’ was installed!
> installDict(dictpath = "../dict/ 2E [EA#HE] .scel”,

+ dictnhame = "football™)

8806 words were loaded! ... New dictionary 'football' was installed!

BATALERA G, HZET2N5N5E R4 X 695 1135, 88065 B 348X 69+ dkid =,
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| ARATE > REH: 9

o #]HRwordsegtl, t9segmentCN () of # 8t 17 L5 18), BAT VAT ARAG o AT 3 3R KA BB K35 [F St 4T 0018, 4
Bunlist Q) KI5 1E G607 24 H =

o EGE, HRAVLE FNSBEULAEMEATRIT, T RBITERET, AFHE Atmen® 49createWordFreq () &
AT IR AT,

> # X FTE#HT5E
> b_vec <- unlist(segmentCN(SPORT[SPORT$class=="B","content"]))
> f vec <- unlist(segmentCN(SPORT[SPORTS$class=="F","content"]))
> # @G T
> b_vec_count <- createWordFreq(b_vec,

onlyCN = TRUE,

nosymbol = TRUE,

stopwords = stopwordsCN())
> f vec_count <- createWordFreq(f_vec,

onlyCN = TRUE,

nosymbol = TRUE,

stopwords = stopwordsCN())
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| AT LR EHLHAE

o Fk4E Flwordcloud2 @, 89wordcloud2 () KAt fTE = B ~, BEREIHIE =L F,

> library(wordcloud2)
> # NEREXFEHTHERT

> wordcloud2(b_word_count[11:nrow(b_word_count),],

> library(wordcloud2)
> # WEREHEHTHEZRT

> wordcloud2(f_ word_count[11:nrow(f word_count),],

+ shape = "star")
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+ shape = "star")
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HRHE>EXER: FIAMBFI#ITIASE
o AXHKIEHITMAIEE, A Blcaret@ dtrain () HE T AE 2 S AR,
o AR RANE N et i, S RAC5. 0. MAALAM ., HEARI AL, AP R &S H A 5 HUE 5 5] AR A,

> set. seed (7) > # 33X 4E B4R
> # Ab&E N et > Accuracy <- NULL
> modelNavieBayes <- train(class ~ ., > Sensitivity <- NULL
data = train, > Specificity <- NULL
method = "nb", > for(i in 1:5){
trCOntrol = control) + pred <-
# BB HC5.0 predict (switch (i, modeINavieBayes, mode |C50, mode | RF, mode | Gbm,
mode|C50 <- train(class " ., mode |Nnet),
data = train, newdata = test)
method = "C5.0", t <- table(test$class, pred)
trCOntrol = control) Accuracy <- c(Accuracy, sum(diag(t))/sum(t))
# BEALRA Sensitivity<- c(Sensitivity,t(1)/ 1)+t (3)))
mode|RF <- train(as. factor (class) ~ ., Specificity <- c(Specificity, t(4)/(t(2)+t(4)))
data = train,
method = "rf", > result <- data. frame (Model = MR FE R A, R
trControl = control)># # &4t c("NB", "C50", "RF", "GBM", "NNET"), HARGI R 24T
>modelGbm <- train(class " ., + Accuracy, Sensitivity, Specificity) . =
data = train, ># BEMMLER ,,;&;5715_38)%’;{2&}%
method = "gbm", > result # . » !
trControl = control) Model Accuracy Sensitivity Specificity % Fw4F (0.7978) ;
># AR % 1 NB  0.8407643 0.7389706 0.9798995 MAFHME R A, HE
>mode|Nnet <- train(class ~ ., 2 G50 0.8407643 0.7977941 0. 8994975 N et 376y /}i%ﬁiﬁ
data = train, 3 RF  0.8513800 0.7794118  0.9497487 (0.9799) .
method = "nnet”, 4 GBM 0.8428875 0.7830882 0.9246231
trControl = control) 5 NNET 0.8386412 0.7720588 0.9296482

+
+
+
>
>
+
+
+
>
>
+
+
+
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HRHE S EER: ARAEEF &ﬁ‘ii\éy\%
o NIEFAALIE:. #)FRwordseg®, #9segmentCN () & F x#7 L A BEIT 18] ; 1E HKeras P #9text_tokenizer () 3K

St CAS AT A A . 1E Fltexts to sequences () B4 7T A5 tokenizer 3 £ 69 L R4 K 5 7

AR % ERIES . —HEEAPZE ML, RNN, LSTM, GRU. s LSTMS42 A i

> Accuracy <- NULL

> Sensitivity <— NULL

> Specificity <- NULL

> for(i in 1:6) {

pred <- switch(i,model_mlp, mode!|_cnn, model_rnn,

mode|_|stm, model gru, model BiLSTM) %>%

predict_classes (X _test)

t <- table(y_test, pred)

Accuracy <- c(Accuracy, sum(diag(t))/sum(t))

Sensitivity <- c(Sensitivity, t[1]/[1]+t[3]))

Specificity <— c(Specificity, t[4]/(t[2]+t[4]))

AT,

LA KT -

> KFEWALE

> library (tmen)

> library (Rwordseg) +
> data (SPORT) +

> text <- SPORT$content +
> d.vec <- segmentCN (text, returnType = "tm") +
> library (keras) +
> token <- text_tokenizer ) %>% +
+ fit_text_tokenizer (d. vec) +
> X<- pad_sequences (seq, maxlen = 100) +}
>y <~ ifelse (SPORT$class=="B", 1, 0) > result <- data. frame (Model =

AR F R A, GRU
89 2OR AT

> index <- caret::createDataPartition(y, p=0. 8, | i st=FALSE) c ("MLP", "CNN", "RNN", "LSTM", "GRU", "Bi_LSTM"),
> X_train <~ X[index,] # %X AZE + Accuracy, Sensitivity, Specificity) (0.987) 5 AR
> X_test <- X[-index,] # MXFaZX= Sresult M & A, CNN&Y =R
> y_train <~ y[!ndex] # ?}']‘%% 9:% Mode! Accuracy Sensitivity Specificity w4F (1.00) ; M4F
> y_test <- y[-index] # MEXLHE= 1 MLP 0.9681529 0.9948718 0.9492754 MM kA, LSTMA=

2 CNN 0.9639066 1.0000000 0.9384058 - =

RU#J % B

3 RNN 0.9639066 0.9897436 0.9456522 ¢ (g Zgﬁ?ﬂ\ T

4 LSTM 0.9808917 0.9794872 0.9818841 : °

5 GRU 0.9872611 0.9948718 0.9818841

6 Bi_LSTM 0.8662420 0.9384615 0.8152174
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