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This data originally came from Crowdflower's
Data for Everyone library
As the original source says,
A sentiment analysis job about the problems of
each major U.S. airline. Twitter data was

scraped from February of2015 and contributors

were asked to first classify positive, negative,

and neutral tweets, followed by categorizing

negative reasons
(such as "late flight" or "rude service").

Datafrom Kaggle

%




Data Describe
14605 ==x
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Positive Neutral Negative
. Validation

°
25%

Testing
47.8%

. . Training

(o)
16.2% 2110% 62.78% 27.2%

Sample data
Positive : LTALJX, from DCA to OMA this morning. All of the staff that helped me fix my problem were
so helpful. #goodthingscome #thanks

Negative : what's happening with 1217 Phl to LAX? Now 3 hr delay. Poor communication!
> Neutral : yes, after this awful weather it appears | can get home




DataPreprocessing Process

Data (leaning Standardization

Data Analysis Feature Selection
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Data Analysis
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Data Analysis
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Data Cleaning

> DHESEHEEATmE RREHE D BEOEARAES0%E R IFR, MIFR 7 ZEi&E
. 000000 = H’(ng%ﬁﬂ-(gl

tweet_id 0

airline_sentiment 0.000000 — |

airline sentiment confidence 0. 000000 Best_confidence = Tweet[Tweet[ airline sentiment confidence’] > .80]
negativereason 0. 373087 print('you have dropped :'+ str((round((1 - Best_confidence. shape[0]/Tweet. shape[0]) * 100 )))+ '% of your data which has less that 80% confidence’)
negativereason_confidence 0.281284 Treet = Best_confidence

airline 0. 000000

airline_sentiment gold 0. 997268 you have dropped :29% of your data which has less that 80% confidence
name 0. 000000

negativereason_gold 0.997814

retweet_count 0. 000000

text 0. 000000

tweet coord 0. 930396

tweet_created 0. 000000

tweet location 0. 323292

user_timezone 0. 329235

e



Standardization

i P S —{E —{E &5 - WER stopword

1.
*stopword example: “the” , “a" , "an” , “in”

def tweet_to words(raw tweet) :
letters_only = re.sub("[ a=A-Z1", ° 7, raw_tweet)
words = letters only. lower().split()
stops = set(stopwords. words(“english™))
meaningful words = [w for w in words if not w in stops]

return{ ~ 7. join{ meaningful words })

2. RBEXABEBRERNE

def clean_tweet_length(raw_tweet) :

letters_only = re.sub("[ a—zA-Z]", * 7, raw_tweet)

words = letters_only. lower().split()

stops = set{stopwords.words(“english™))

meaningful words = [w for w in words if not w in stops]

return(len(meaningful words))

/



Standardization

3. B MEEIBAEF (negative’ = 0, 'neutral’ = 1, 'positive’ =2 )

train df = Tweet[[ text’, ’airline sentiment’]]
train_df. text = Tweet. text. apply (remove mentions)
train_df. loc[:,’ sentiment’] = train_df.airline_sentiment.mapf{ negative :0, neutral :1, positive :2})

train_df = train_df.drop([ airline_sentiment’], axis=1)






Onehot Encoding
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Word Embedding
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Word Embedding

> Word Embedding#Véi A :

Word EmbeddingfVi A ERRIEN AP —HAZENEAR - [KiELARMNEE—Edictionary# -
7= [Edictionary ol LLE d Embedding#y—1{&#i A

BB aF : apple on a apple tree => [ “apple” , “on” , “a" , "tree" ]

> Worat




Word Embedding

> Frequency based embedding
o Count Vector
o TF-IDF Vector

> Predicted Based Embedding
o Word2vec
o Doc2Vec
o GloVe

.
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Simplifieddwarm Optimization(SSO)

SHC,  CAC,RAEREFN - BEP - ¢,
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Define SSO

def S30_InitQ: THE(ESSO » FIFISSOAEES BT E -
zol _list = [] WHEAE:
zol _list. append(np. randem. randint (1, 43) 1. LSTM =g
sol_list. append (np. random. randint (64, 256)) 2. LSTMJEEELEL
sol_list. append(np. random. randint (1, 4)) 3. iEPrEEiy
sol_list. append(np. randem. randint (64, 256)) 4. piRFfEEnELEL
5
6
7

sol_list. append(np. randem. uni form (0. 4, 0. 83 ) dropout B3]

Bh R R
FIISRALE

z20l list. append (" softmax™)
zo0l list. append(np. random. randint (16, 128))

return sol list
init best dict = S50 Init()

—_——



# Eiibest dict IZ2#Fzbest,
bezt dict = |

Define SSO

phezt EdHfitne=z{g

"shest_=ol’: init_best_dict,

"ghest fitnesz": 0,

"pbest LSTM layers' :

(o, ol,

"phest LSTM layers fitnesz": [0, 0],

"phest LSTM unitz’ :

(o, ol,

‘phest LSTM units fitnessz’: [0, 0],

"phest_Denze_layers' :

[0, o,

'phest Denze layers fitnez=": [0, 0],

2 1
pbest_Tenze nurons’ :

[0, ol,

"phest_Denze_nurons fitnezz': [0, 0],

'phest_Drop_rate’ :

[, ol,

"phezt Drop rate fitnezs': [0, 0],

"phest_batch’ : [0,

],
"phest_batch fitness' :

(o, o,

# Parameter for 3530
10
2

Nzen
M=ol

RERFR T
10{Elgeneration
FEE A B 2{Esolution

gbest: & R E MR
pbest:zZsolution&x 7



Define SSUhdate

def SSO_TPDATE(=0l, =o0l_list, hest_dict): # Dense rurons

rnd = nporandom. rand(1)
i LN lagemrs if rnd < 0.3:
mnd = np.randon. rand (1] zol_lizt[3] = best_dict[’ ghest_sol’]1[3]

if rnd < 0.3:
sol_lizt[0] = best_dict[’ ghest_=z0l"]1[0]
elif rnd ¢ 0.5:
z0l_lizt[0] = hest_dict[ phest LSTM layers' ][zoll

elif znd < 0.5:

zol_li=zt[3] = best_dict[’pbezt_Dense murons’][=zal]
elze:

zol_list[3] = wnp.random randint (B4, 256)

z0l_lizt[0] = np.random randint(l, 4) AR N — E%ﬁsso , Lﬁ%[}%ﬁz%
1 e = it BT — (BRI E A0S

rnd = np.random rand(l)

iF rnd < 0.3 " Inzolzliz:tﬁ[:i] = best_dict[’ ghest_ =01’ ][4] %ﬁz , S ZEU TE%ﬁ_ﬁﬁt_jr

zol_list[1] = best_dict[’ ghest_=zo0l’]1[1]

elze:

clif rnd < O.5: so0l_list[4] = best_dict[’ pbest Drop_rate'][so0l] /J K%Q(EEE}_‘_ /\ = ) E
. — L lze:
s0l_list[1] = best_dict[ phest LSTM units’] [sal] £ = ‘EE A“
llams zo0l_lizt[4] = np.random. uniform (0.4, 0.8) $/\ = *&E }EEU 4/5
1 li=t[1] = o daom. dint (@4, 256)
] = o B S (5B
4 Dense layers rnd = np.random. zrand(l)
rnd = np.random rand(1) if rmd < 0.3:
if rnd ¢ 0.3: z0l_list[B] = hbest_dict[’ chest_zol’][6]
z0l_list[2] = best_dict[ ghest_=ol’][Z] elif rnd < 0.5:
elif rnd < 0.5: zo0l_lizt[6] = beszt dict[ pbest batch’1[=o0l]
z0l_list[2] = best_dict[ phest_Denze layers’][z0ll else:
else: sol lizt[6] = np.random randint(16, 128)

z0l_lizt[2] = np.random randint(l, 4]

return sol_list

/



Define SSUbdate(gbest & pbest)

def best PDATE (zol, =0l _fitness, =ol_list, best_dict):

if

if

if

if

zo0l fitnesz »= best dict[’ shest fitneszz"]:
bezt_dict[’ ghest_=o0l'] = s=ol_li=t
best_dict[’ chest fitness']l = sol_fitness

zo0l fitnesz »= best dict[ phezt LSTH laversz fitness'][soll:
bezt_dict[’ phest LSTM lavers fitness' ]lsoll = so0l_fitness
best_dict[’phest LSTM_layers’]lsol]l = =ol_lizt[0]

zol_fitness »= best dict[ pbest_LSTM_units_fitnessz"][=z0l]:
best_dict[’phest LSTM units fitnezs"][=z0l] = =0l _fitness
best dict[’phest LETM units'][z0l] = =el li=zt[1]

z0l_fitness »= best_dict[ phest Denze layers_fitnesz'][z0l]:

best_dict[’ pbest Denze layers fitness'1[sol]l] = sol fitness
bezt_dict[’ phest_Denze lavers’ ]1[zol]l = =0l _list[Z2]

if =0l fitness »= best_dict[ pbest Denze nurons fitness’ ] [=zol]:

best_dict[ pbezt Denze nurons fitness'][sol] = =ol fitness
best_dict[ pbest Denze nurons’ ] [s0l] = =0l list([3]

if g0l fitness »= best dict[ phest Drop rate fitness'][=zol]:

best_dict[ phest Drop rate fitness'][zol] = sol fitness
best_dict[’ phest_Drop_rate’][z0l] = =0l_list[4]

if =zol_fitness »= best_dict[ pbest batch fitnesz"][s0ll:
best_dict[ pbest_batch fitness'1[lz0l] = sol_fitness

best_dict[ phest_batch’][z0l] = =0l _list[6]

return best_dict



def 1tsm_model (input_shape, word to_wec map, word to_index, sol):

sentence_indices = Input (shape=input_shape, dtype=" int32" )
embedding layer = pretrained embedding laver (word te _wec map,

word te index)
embeddings = enbedding laver (sentence indices)

for Ilayer in range(sol[@]):l

¥ = LSTMisoll1], returr sequences=True) (embeddings)

L5THis01[1], return sequences=Falsze) (%)
¥ = |Dropeutisol[4]) GO

=
1l

for layer in rangefsol[Z2]):

¥ = Denselsoll[2], activatior=None) (I)
i o= IDropout(sol[4]}(KH
¥ = Dense(s, activation=None) (X
I = dctivation( softmax’) (D
nedel = Meodel (inputs=[sentence_indices], outputs=I)

return mnodel

Define LSTM Model

M ABTESSOEZENSEZEILSTM
BH . EAZsol[0](LSTMEZZY)) -
sol[4](ErFRLERI) ~ sol[2](ZF &=
BE) - sol[3|=EEEBEFE - WiF
HABSKERERIE MR - #H—4
A SETIENNER -



Define Train Evaluate

from keras. eptimlizers import Adam, ddagrad, EMSprop, Adadelta
adadelta = Adadelta(lr=0.1, rho=0.95 ,epsilen=lcne, decay=0.0)

def train evaluate(meodel, sol_list):
nodel. conpileloss=" categorical crossentropy , optimlzer=adadelta,
metrics=[" accuracy’ [

nodel. fit (¥ train indices, =Y _oh train, |batch size=szol liszt[6&],

epochz=100, werhoze=1,
validation data=(% vaild_ indices, Y_oh waild))

# Flot trainftest loss and accuracy

ace = hist_1.histery[ accuracy’]
val_ace = hist_1.history[ val_accuracy’ ]
loss = hist 1.historv[ less’]

val loss = hist 1.history[ wal loss’]
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StartSSO

# Initial solution list with random solution

print ("Initialization™)
for i in range(Nsol):
sol list = SS0_Init()
sso_info. append(sol_list)
print (f"Initialize sol list{i}:{sol list}”)
model = 1tsm model((maxlLen,), word_to_vec_map, word_to_index, sol_list)
sol_fitness = +train_evaluate(model, sol_list)
best_dict = best_UPDATE(i, sol_fitness, sol_list, best_dict)
print (f' best_dict of initialization: {best_dict}’)

# Start SSO
for gen in range(Ngen):
print (f’ —— G‘eneration_ {gen} _—--- )

for j in range(Nsol):
sol list = SS0_Init()
sol_list = SSO_UPDATE(j, sol_list, best_dict)
sso_info. append (sol_list)
print(f"sol_{j} sol_list: {sel_list}”™)

model = 1tsm_model((maxlLen,), word_to_vec_map, word_to_index, sol_list)
sol_fitness = +train_evaluate(model, sol_list)

best_dict = best_UPDATE(j, sol_fitness, sol_list, best_dict)
fitness_info = [sol_fitnessl

plot_info. append (fitness_info)

print (plot_info)
print (’ Global best fitness: ({}'.format(best_dict[’ gbest_fitness’])
print  Global best solution: {}’.format(best_dict[ gbest_sol’]))

iy



accuracy 80.92%

LSTME & 2 LSTME &
> LSTMEHHE 107 LSTMIE &4 129
TEEEREH 1 TEEEREH 3
TEEEHME 204 TEEEHME 233
dropouttb 4l 0.4554 dropouttE 0.7961
RN R B softmax 1 BEREEE softmax
BllEE S == 117 BllFCEinn== 101
LSTME & 2 LSTME ! 1
LSTM/Z & &G 2 129 LSTMIE & 25 &) 89
TEEEREH 1 TEREEY 2
EEEEHRE 187 EEEHRE 118
dropouttb 4l 0.5455 dropouttE | 0.4696
BN R S R 1 softmax T BN R SR 1 softmax
BllFEEinn==s 83 Bz S == 86

accuracy 80.80%

Select Hy erparameter

LSTME ! 2
LSTME &nFa 171
TEEEEH 2

FEEEERE 150
dropouttE Al 0.5772
AR BUEE softmax

BllEESiin=s 97

LSTM[E & 2
LSTM/E B RA 2 129
TEEEEH 3

FEEEERE 250
dropouttE Al 0.4184
AR BUEE softmax

Al Rt = 83
accuracy 80.19%




accuracy 82.72%

LSTME & 2 LSTME &
> LSTMEHHE 226 LSTMREEiRA 191
TEEEREH 2 TEEEREH 3
TEEEHME 204 TEEEHME 198
dropouttb 4l 0.6982 dropouttE 0.7053
RN R B softmax 1 BEREEE softmax
BllEE S == 83 BllFCEinn== 34
LSTME 3 LSTMEH 2
LSTMJE & BH 24 238 LSTME &n %L 21 129
TEEEREH 1 TIEREEY 1
TEEEHME 80 TEEEHME 127
dropouttb 4l 0.4184 dropouttE Al 0.4353
BN R S R 1 softmax BN R SR 1 softmax
BllFEEinn==s 48 Bz S == 71

accuracy 80.76%

Select Hy erparameter

LSTME ! 2
LSTMJE & BH 24 129
TEEEEH il
FEEEERE 68
dropouttt Al 0.4184
AR BUEE softmax
AR E 71
LSTM[E & 1
LSTM/E B RA 2 76
TEEEEH 1
FEEEERE 80
dropouttE Al 0.4184
AR BUE R softmax

Al &R = 48
accuracy 81.11%




accuracy 81.41%

LSTME & 1 LSTME &
> LSTMEHHE 129 LSTMREEiRA 94
TEEEREH 2 TEEEREH 1
TEEEHME 189 TEEEHME 80
dropouttb 4l 0.4184 dropouttE 0.6025
RN R B softmax 1 BEREEE softmax
BllFEEinn==s 34 BllFCEinn== 32
LSTME & 3 LSTM[E & 1
LSTM/Z & &G 2 216 LSTMIE & 25 &) 129
TEEEREH 1 TIEREEY 3
TEEEHME 80 TEEEHME 200
dropouttb 4l 0.7510 dropouttL Al 0.4184
BN R S R 1 softmax BN R SR 1 softmax
BllFEEinn==s 48 Bz S == 71

accuracy 81.76%

Select Hy erparameter

LSTME ! 1
LSTMJE & BH 24 190
TEEEEH 1

FEEEERE 68
dropouttt Al 0.4184
AR BUEE softmax

Al R = 71

LSTM[E & 2
LSTM/EZ &G 221
TEEEEH 1

FEEEERE 213
dropouttE Al 0.4184
AR BUEE softmax

BllEEEiin=s 71
accuracy 80.19%




Select Hyperparameter
LSTME & 2 LSTME & 2
LSTMEZ &I R4 129 LSTMZ &I R5 & 64
TEEEREH 1 TIEEEEH 1
TIEEEERME 241 TIEEEERME 213
dropouttE | 0.7973 dropouttE | 0.4184
GBS =3 softmax RIIBN R B softmax
Al Rt = 71 BllFESiin==1 71
accuracy 79.92%
LSTME & 2
LSTME &4 &) 129
TEEEEH 1
TIEEEHMA 68
dropouttE Al 0.4184
RIB R BUEE softmax
BllEESiin==1 71

accuracy 82.83%




Training and validation accuracy

Training acc P
—

— Validation acc x/_n_ﬁ_/' —

—

Selected Process

Training and validation accuracy

Training and validation accuracy

Training and validation loss

Training acc
— \alidation acc

~ _/"'\/__
T

|— wvalidation acc

Training acc

—
/‘-—/
"

Training loss
— \alidation loss

Training and validation loss

Training and validation loss

Accuracy:

Training loss
— \alidation loss

Training loss
— \alidation loss

Accuracy: 81.15%




Final Hyperparameter

Global best fitness: 82.83%
Global best solution: |[2, 129, 1, 68, ©.4183799784755163, 'softmax', 71]

Epoch and accuracy

Accuracy

Yy



Training Model

# model = LSTM model (best dict[’ gbest sol’ ])
model = 1tsm_model ((maxLen,), word_to_vec_map, word_to_index, | best_dict[ ghest_sol’ )
model. compile (loss=" categorical crossentropy , optimizer=adadelta , metrics=[laccuracy ])
model. fit (X train indices, v=Y oh train, batch size=best dict[ ghest sol’ ][6],

epochs=100, verbose=1, validation data=(X vaild indices, Y oh vaild))
# Final evaluation of the model
scores = model. evaluate(X test_indices, Y oh test, verbose=0)
print ("Accuracy: % 2f%%” % (scores[1]*100))

e /

Epoch 97/100

71/71 [ ] — 1s 9ms/step — loss: 0.2797 — accuracy: 0.9002 — val loss: 0.6347 — val accuracy: 0. 7887
Epoch 98/100
71/71 [ ] — 1s 9ms/step — loss: 0.2816 — accuracy: 0.8984 — val loss: 0.5315 — val accuracy: 0.8143
Epoch 99/100
71/71 [ ] — 1s 9ms/step — loss: 0.2748 - accuracy: 0.8962 — val loss: 0.5056 — val accuracy: 0.8235
Epoch 100/100
/7l ] — 1s 10ms/step — loss: 0.2730 — accuracy: 0.9056 — val loss: 0.5341 — val accuracy: 0.8231

Accuracy: 82.98%
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Define Inference Model

def TestModel (stringlist):

classess = ['negative’, neutral’, positive’]

results=[]

if len(strinslizt) = 1:
x_test = np.arraylstrinsglis=t)
¥_test_indices = =zentences_to_indices(x_test, word_to| index, maxLen)
index = np.argmaximodel.predict (¥ _tezt indices))
return x_test[0] + 1= a '+ claszesz[index]+  whrd

for i,z in enumeratelsztrinsliszt):
x = [x]

X % _tezt = np.arrayiz)

¥ test indices = szentences to_indices(x test, word to| index, maxLen)
index = np.argmaximodel. predict(¥_test indices))
rezults, appendix_tezt[0] + iz 2 '+ claszesz[indekx ]+  word )

return results

—_—



Inferenc®esult

TeztModel ([*Nice AirFlance Service I love Them ', # Fozitive

"had AirPlance’, # nezative

"What The Fuckk Plane’ , # nezative

"my Flisht iz =20 late and itz about 1 howr why [7°, # negative

"okay 1tz fine flight , thank wou *,# FPostive

'T lost my Bag and and They Back it to me So Thanks ', # Hezative

"okay’ # neutral

1

e )
["Nice bLirPlance Service I lowe Them iz a positive word’,
"bad AirPlance is a negative word,
"What The Fuckk Flane iz a neutral word’,
"my Flight iz =zo late and itz about 1 hour why ? iz a negative word,
"okay 1tz fine flisht , thank vou iz a positive word',
"I lozt my Bag and and Thev Back it to me So Thanks iz a negative word',

"okay 1= a negative word’ ]



Future Direction
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DO YOU HAVE ANY QUESTION?

=2
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