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%3 Abstract

$ Nowadays, users can share their ideas and opinions with widespread access to the Internet and especially
3 social networks. On the other hand, the analysis of people's feelings and ideas can play a significant role in
3 U/ . the decision making of organizations and producers. Hence, sentiment analysis or opinion mining is an
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important field in natural language processing. One of the most common ways to solve such problems is
machine learning methods, which creates a model for mapping features to the desired output. One challenge
of using machine learning methods in NLP fields is feature selection and extraction among a large number of
carly features to achicve modcls with high accuracy. In fact, the high number of features not only causc
computational and temporal problems but also have undesirable effects on model accuracy.

Studies show that different methods have been used for feature extraction or selection. Some of these
methods are based on selecting important features from feature sets such as Principal Component Analysis
(PCA) based methods. Some other methods map original features to new ones with less dimensions but with
the same secmantic relations like ncural networks. For example, sparse feature vectors can be converted to
dense embedding vectors using neural network-based methods. Some others use feature set clustering
methods and extract less dimension features set like NMF based methods. In this paper, we compare the
performance of three methods from these different classes in different dataset sizes.

In this study, we use two compression methods using Singular Value Decomposition (SVD) that is based
on selecting more important attributes and non-Negative Matrix Factorization (NMF) that is based on
clustering early features and one Auto-Encoder based method which convert early features to new feature set
with the same semantic relations. We compare these methods performance in extracting more effective and
fewer features on sentiment analysis task in the Persian dataset. Also, the impact of the compression level and
dataset size on the accuracy of the model has been evaluated. Studies show that compression not only reduces
computational and time costs but can also increase the accuracy of the model.

For experimental analysis, we use the Sentipers dataset that contains more than 19000 samples of user
opinions about digital products and sample representation is done with bag-of-words vectors. The size of bag-
of-words vectors or feature vectors is very large because it is the same as vocabulary size. We set up our
experiment with 4 sub-datasets with different sizes and show the effect of different compression performance
on various compression levels (feature count) based on the size of dataset size.

According to experiment results of classification with SVM, feature compression using the ncural
network from 7700 to 2000 features not only increases the speed of processing and reduces storage costs but
also increases the accuracy of the model from 77.05% to 77.85% in the largest dataset contains about 19000
samples. Also in the small dataset, the SVD approach can generate better results and by 2000 features from
7700 original features can obtain 63.92 % accuracy compared to 63.57 % early accuracy.

Furthermore, the results indicate that compression based on neural network in large dataset with low
dimension feature sets is much better than other approaches, so that with only 100 features extracted by
ncural nctwork-bascd auto-cncoder, the system achicves aceeptable 74.46% accuracy against SVD accuracy
67.15% and NMF accuracy 64.09% and the base model accuracy 77.05% with 7700 features.

Keywords: Natural Language Processing, Sentiment Analysis, Opinion Mining, Auto-Encoder, Singular
Value Decomposition, Nonnegative Matrix Factorization
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(Table-1): the number of files for each product in corpus
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(Figure-1): global architecture of Autoencoder [28]

input output

code

decoder
encoder

SOl o9, ¥

O 50 0adoly (gilwod pid iyl A iegh ol o
zohw jo 9 il slaojlal g0 coloacgame 4 (LS
Jol> mlis 5l slaolae 5 ool Jlasl lidee (g 3lwos s
Q’| )| aS ool sl A,JQ‘ ‘_gl.:b;j.ij Oled b g (g 5lwos s
sotlsl Jdos 5 eyn @ i ol o
bl o wbpae ol 5l Job mls o as,Salxl
A ploil Jlgy anlol jo 5 Bome ad) ay soldacgare
D¢ oo ools TP i

oalo —¥-)
) ISR NN Y e P [N PNS S [
15 ol Sk ol eslsacgazs ol el s soliid
VS o sles )b 5l a8 caul Jlims S¥game 3,90
5V S el o (dilejle XML Cayd 10 5 (5 5laen
oS ) Par Jolis 85 ool 0 5y ol Slo T
Ol g sl (Glojglme) (som )y 3 ooy Dojgo 90 y0
Jols 03l S5 53 (830505 O g0 Mz gl Lo S
Ol e paler SO a4 A {Y—ﬁ\—5'9\+5\’+}
g ge 8315 o 5 e e b St

ACgazmo ,o (owigel cladises jI Jlo Wiz dalol o
) 00 03 5] o0lo
255 el JolS joboar 5 Col anzls L5557 cpl V- 0 p03
2,5 5 VI (s Sl e olo 5, (g5 (nli 0 pe
edly G55l Egeme )3 S (855 (5P B pan iVt 0yl

oS Cola bl Sl lasgacme Jold (o (S 0 S
Sl (ol Jgazme 3590 )0 Ol )5 Sl Jels J6 o
03,5 2 sl s olaws 4 by e Sledbl sl (V) Jgi
vl 08t ol ) e

Y rle ¥ 55l 1TAA L


http://dx.doi.org/10.29252/jsdp.16.3.88
http://jsdp.rcisp.ac.ir/article-1-698-en.html

G Boloas gamo )0 b gig ) (b3l @b (Y= Jgu)
(Table-3): evaluation results of the methods in 1 Dataset
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(Table-4): evaluation results of the methods in2Dataset
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(Tablc-5): cvaluation results of the methods in 3 Dataset
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alass 0015 de gosxo o3l )
=57 [ JUHRIRTL) olye
3911 2853 \ oals acgeme
5066 6159 Y ool acgezxs
6010 8850 Y ools acgee
7706 19298 f ools acgomme

! term frequency — inverse document frequency


http://dx.doi.org/10.29252/jsdp.16.3.88
http://jsdp.rcisp.ac.ir/article-1-698-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-03 ]

[ DOI: 10.29252/jsdp.16.3.88 ]

80
e S\/D N \|F
75 74446

AutoEncoder

70

66/56 15
65

60
57}(

55 55/ 9

50
\ ools degamal ools dcgamdl 0ols acgasal cols acgaze

Yoo (S0 pid g Jow Co (Y= )
(Figure-2): the model Accuracy-compression level 100

80
75 75123

70
68/67

65 6 05

61/12
58/67
56422

60
55

50

Y ooold dcseza Y ools degeme Y s0ls acsene ¥ ooy dosozns
e S\/D) e\ M F AutoEncoder

Bee S5 yiid prbr—Lo oo S (T= i)

(Figure-3): the model Accuracy-compression level 500

S o5 4 =0
Obs P31 835 58 sl il 5l (S bt Sl
aey (nl 5S Gl SlogiRshy 3L A cosl b
Sloosds aloz 5l cenl suds plonil SO L5 )8 050
Sl gible 550k sloosls Jilue 4555 00l > 50 ),
wollae (29,5 4 o Ty SO Gl (Joe slml 4 oS
G calie gla Shs Sl plply a5 e ol
S VL Coma b Jow adss 50 gege

S S5y hani 0g2g 039> (nl b iy 5
Syise o 5 (Slosloms e Esl e o8 cos¥l
)l gllasl ;36 53 Jae Lomo yo asl,

gl lp o Ghals seed a5l (ool cal 5o

P95 99 Ole S-S (os Jos Sl 5093 JASUS (S 0
L ooyle gy @S SVD o )lse el o NMF 5 SVD
4 Cowd HB0e AFAS eolbacgame B3l iolsal
2o oo L ) 5 @l o)lse Gl yo S0 sla b,
i Dol (nl b ileesi8 slan o pgada
oo b lez olsacgeme jo Jlo lged ol sgpieo
5 S oy can b ogs I3805 o (So,ud
Sl () 5 () s JS8) WS o Jos SVD 5l i S
Sl (g Sl b (g5 oo a5 Sl il oy 43S
Flie 0 a0 aised 1) adsl slaShs b avalis o o5
So55 5 Jod BB Lt & (loz osloasgame o VY-
S She sy ey YEIEF byl 1) 4l Jos oo o
Gl Joo sl ao, o VY0 Llie jo vo Sojid mh b
S 5 (ol e iy S8l s (o Fp S
¥l oz boools (0 S Jue g0 gmac eSS Cools )
oo b Jue d (2bies Gl b 8313 3525 4S5 ol
B by sla el gy el (ol cde ol (5552 YL
Sl Bolsas gazee s 5L a8 sl oo (6 50k sl cnac
G Joe il S5 colode goome B5lail a5 00 j0 5000
g o oo Olis 93 1 (s @l Jgene b (S
&S oo o U ) odlae iz 5 Lo by ooyl b
Solwod pid b ojlge (golews jo &Sl Ko &S5
&5 28l Cews b Joe Cone ) JVL (e 4 (e
Al 0 (gm0 e slroshy Bls ool 4 ol
Sz obvacgamms jo b lareds 00,5 oy (g3lwod pid
YYIAD Come 45 ((Shg olasd) Jliaes (oilwos i pdan b
Sie Y2 Ll Joo Como a5 (8l Caws oo

| Qo ;0 YV/+d

Sl soloacsoma jo b g, (b)) @l (- Jgu)
(Table-6): evaluation results of the methods in4 Dataset
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