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RREETDAE SRR RIB R BRSSO HRESHEE TR FPUELA 2002
F 181 BZ 2009 & 12 B 31 B2 udn MBESHENXASETREIER SRR » BL 2008 FIDEZE
SRBBREIFA 2012 FIDEFESRBBRE  INBEFERRRBASERETERIN
BREAAR - MEREED » RERIREADEEENREAFHBBERIR - IRR2R
BRASE - DREFESERTEER+DEMH  TAARDOITBRRETIIBEREN 7% -
MERIREN 0.5 FRSREIF+0 % - BEEREDP GRS » ALMASEERSR » I
BEB2EEE-ANR T EEREINEABAEESREN R BRBILAZER/ER 2EE
RPWORIREMICIE R IFEIREC MR » REBRPIRBBERONEVE—SIER - BIFTRREEDR
AR AP RENEAERNI RN EEMREE -

HRENRERNRIE
1 5 B AR L 1 A R RS Twitter (2 A8 BELTSS JRE L SR SRIS I BT 2008
EHER - BUR AVIEEIZHI NS AR B E0R - RBBIEIER - AN RG0S
HIRBUA AV Fm e s EHE RS RAEEL T VA DL Twitter SET T8RRI L LR T
RUGEA T BB WTFE (Choy, 2012)  #R3E (We are social) Az » 2017 Fai Kl 41 (&
AT 18 (AR im BERGES B FHIEr » RIS 2016 Rk T 15% - MRS 1E Ry B RVE E
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Rl » ELSZIRIATERS » R 2008 728 B S SRy TaIIGR » DL 2012 4P 173k 28 S BT
P R TS S T A BT -
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DATE LB R B0 AR f el S T 04T - ORI T B AREE SR B - SR SR L
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VEZR B RE AR E R AU B B VR B ARG R R U A I
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FCIERE N R SR - LR Ry TF-IDF A r] ZRgHOEEES - i) HEtEDUd » Lin et al. (2016)
IR F] A TE-IDF #54 cat swarm optimization ( CSO ) ti# particle swarm optimization (PSO ) -

4t

Relief FyRAECEIAYEEE - AIAAIR A EIERGR - HAR Zhou & Wang (2015) &
Btk i EREUGE SVM RUTHIINEE - KL PR b BRI F R R E0EU kL — © Relief &
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3 ELEERRIEE (WOPI e ERT S )

Featu.re Features ml m2 m3 m4 m5 Average
Selection
tl 30 9.785639 8.879295 15.17459 10.45947 12.05064 11.26993
t3 30 9.322761 12.2583 15.08345 9.713192 10.46599 11.36874
t2 30 9.29666 10.40841 15.07143 11.20599 17.16534 12.62957
t4 30 20.54551 14.36091 10.25718 9.663144 9.0264 12.77063
t4 50 27.39741 22.70767 9.491984 11.29967 16.55809 17.49097

D HREREER S B AE
573 S L SO A O R PR ORI B — > HBE AT FEAMIE (Gini Impurity ) B8RS S
(Information Gain) HREERFEIIER 0 AEMHE - HRIRRRIERY H S BepE A AR - /24
HEr #4258 (Underfitting) 51 - THHRSRE R —EIEVIER BSERR - SERTEHIFR
FHERE HEEDIE R - BT A TR MAE RU7E 7.5% (GGEANZE 4) » w g Esiig -

x4 SRGHERRASRE (HOP R R R T S )

Featu.re Features ml m2 m3 m4 m5 Average
Selection
2 50 8.396938 8.016536 8.172071 7.903178 8.398665 8.177478
2 30 7.554767 7.647519 7.952489 9.621651 8.256912 8.206667
t3 400 7.57558 8.289144 6.924532 8.325473 10.10066 8.243079
t3 300 7.57558 8.289144 6.924532 8.325473 10.10066 8.243079
t4 30 7.678803 7.541428 7.698267 9.188667 9.149652 8.251363

XM E DR EE

SRR EREAE A ARGE SR B it SR R R - HRR A PR AE A A2 A —
T > FESPRREHS TR HRE A LU FE R s SR HIRE - AR (85 okl Vi e i
Lt H st/ INEIRE DA HGE A A R 22 - ELRERR (PR B R SRR R - S8 A AU TR
SAHERR R © EARB B IRSCReRiEmal - THHSRERCE A R b oy FRELIER R 2 - e B Rk
ATl G iR E MAE FI1E 6.4% (415% 5) - FEEIEE —Rp AR S i RSN A B BREG THURE R
%’ > LIS AR & TG SRR B MG SR B v N - SR A SRR A A E B
FHURAE - ORI LSRRl TR -

5 TR EEERAEEE (HCRIR R R S )

Featu.re Features ml m2 m3 m4 m5 Average
Selection
t3 50 7.364192 6.649438 6.816352 8.981333 8.065815 7.575426
t2 30 7.335302 6.963616 6.844172 8.893444 8.670932 7.741493
t3 400 7.057405 7.299085 6.583871 9.064854 8.735637 7.748171
t4 30 7.316163 7.162592 6.4341 8.906615 8.928733 7.749641
t3 50 7.364192 6.649438 6.816352 8.981333 8.065815 7.575426
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\\/—P —— tima J —— t3ma.

8 8 {
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0 selection e selection
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w |/ T Aem o Aum
= L= = : —p M t2m3 E] i 4 - tam3
. —= t2ma . —— tama,
< t2m5 £ tams
: --‘-’/’4-—-%-
2 SZfR i ELE A REBLEL (LA LR BRI Lh e
6 iR REERAGE (ZFERREIUR 2R o S Rl BB G Rk 2 MAE il )
A 2008 -y 2012 ¥y B EEH 2008 2012
fE (F1) g (Y2) @ (%o %) HEMEE (01) BEHEX (02)
3 % 53.74675676 46.93586667 6.81089009 10.1777966 10.21203801
RGeS 41.28075758 46.15057143 4.86981385 7.664448291 9.600536129
JeE 48.97442623 47.21446154 1.75996469 12.64597413 9.856620296
o Nl 47.50246575 47.995 0.49253425 8.616724658 8.970591702
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AR R MREAFRREREIY MAE mifi b (AnE 2) - o (G ~ 2 (G
+RRelirefF ) FEHAIAS R EIE EEBA - [RHBE FIFASERES TR fild » I AR R LR &Y -
ifi t3 (TF-IDF) » t4 (TF-IDF+ RRelirefF ) FHHHERANREEELRY ]\ - ATERIHE ] MAE FHhik
DAGASRRAE R AT FHHSRE e (AR 7) - (EHARBHPRE SR E PRE AR, - BRI FEIS:
SRR TG SRR - LIRS - FEIM AR RO E (RS BRI R EE -

x 7 ZRARBERAEEELL MAE JE7 3

Feature

. Data Splitting Features R? MAE MSE Pearson's r
Selection

tl m3 100 0.102329 6.413733735 69.98329 0.3198887

tl m3 200 0.072605 6.433897434 73.51958 0.2694528

t4 m3 30 0.034824 6.434100459 69.51742 0.1866114

FERTA B RS R - FHE 6/ % 14 (TF-IDF+RRelirefF ) fEAHRR (RELZ FEREW A (A0 8)
Ee eI AHBATRERT By 0.5 » H MAE TREFAERT 7% » BAMRE Fosa a5 =ik &3 -
HA S DIERF 3R 200 R e FERS R

F 8 SR B BRI e LU R R B BR i 3

Featu.re Data Splitting Features R? MAE MSE Pearson's r
Selection
t4 ml 200 0.255237157  6.990325545  79.22051654 0.50521
t4 ml 70 0.227591229  6.963475302  82.37822171 0.4770652
t4 ml 100 0.215735267  7.130578693  83.56922901 0.4644731
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[ Abstract]

The relationship between Taiwan’s national legislative election results and web-based news is explored
through multiple regression models applied to news content taken from the online version of one of
Taiwan’s major daily newspapers from January 1, 2002 to December 31, 2009. The 2008 election
results were used as training data, while that of 2012 was used for testing to evaluate the predictive
value of online news content for election results. The best results featured an MAE of about 7% with a
Pearson correlation coefficient of about 0.5. Although these results lack precision, they can still serve
as a reference for online political opinion. The models are constructed using natural language
processing and machine learning, and address the sparse matrix problem with feature selection. Future

work will integrate sentiment analysis to improve model performance.

[Long Abstract)

Research Purpose

Since the 2008 United States presidential election, social media has emerged as a critical political tool
for both campaigns and policy making. Hypothesizing that that online user comments can affect election

results, Choy (2012) found that Twitter comments have predictive value for election outcomes.
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According to the report of “We are social” organization, in 2017 the Asia-Pacific area have 18 billion
active network users, growing up 15% compare with 2016. It shows the importance how people get the
information from networks. To test whether social media comments can predict the election support rate
for politicians in Taiwan, we use R language as research tool and use news articles from the UDN web
site (data period since 2002/1/1 to 2009/12/31) as raw data. The study seeks to determine whether
web-based news can be used to build models to predict legislative election results, and how to improve

predictive performance of such models and the impact from data.

Research Methods

Prior to analysis, web-based news content must be subjected to natural language processing, with
CKIP used to segment words within each text, and isolate words within ten words before or after the
names of individual legislative candidates, wherein each unique word was treated as an independent
variable. We then constructed a bag of words model, use the support rate for legislative candidates as the
dependent variable. This matrix can be trained and tested by multiple regression algorithms to validate

the relation between legislators’ election support rate and mentions in web-based news articles.

Feature Selection

The bag of words model represents a sparse matrix which contain significant amounts of meaningless
noise. The word segmentation step usually encounters words in the source text which are difficult to
identify such as digits, Chinese and English mixing words or Internet buzzwords. This noisy data must
be filtered using stop word and feature selection methods. Thus reducing the number of features can

reduce computation resource and time requirements while improving prediction performance.

A list of approximately 1,000 stop words was identified including interjections, prepositions and
uncommon words. The resulting data still included more than 3,000 features and was still excessively
noisy, so we used the TF-IDF and RReliefF feature selection methods to bring the total number of

features below 400.

Term frequency — Inverse document frequency (TF-IDF) is well-known algorithm used in information
retrieval. The frequency with which a word appears in a single document is referred to as term frequency,
and the frequency with which word appear in all documents is called document frequency. The main
idea is that a higher term frequency indicates that this term is more important, but a higher document
frequency higher represent that this term isn’t important, like adpositions. TF-IDF can quick statics the
weight of words, but it still suffers from a shortcoming in that too high a term frequency will cause

difficulty balancing the inverse term frequency. Also, inverse document frequency doesn’t completely
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indicate low importance, sometimes, it filter some important terms.

RReliefF is an improvement of the Relief algorithm for regression, using k nearest neighbor to
calculate the importance of the feature. Initially let the weight of the feature be zero, then pick a random
instance and find the nearest instance by Euclidean distance. If the class of the nearest instance is the
same as the random instance, this is called a ‘near hit’. If the class is different, it is called a ‘near miss’.
The weight of the feature is updated, increasing based on a near hit’ and decreasing based on a ‘near

miss’. This algorithm helps us to select features which approximate in feature space.

Machine Learning

We use machine learning algorithms to build a multiple regression model, using the election support
rate as the dependent variable and the pre-processed bag of words matrix as the independent variable. A
step-wise regression, is used with classification and regression trees along with a support vector
regression to allow the model to learn from our data. We use the mean square error to measure the
difference between actual election support rate and predicted election support rate. A mean square error
is close to 0 indicates high correlation between predicted and actual results. Furthermore, we find that
the correlation coefficient between the actual and predicted results forms a linear relationship. Following
analysis we propose a visualization method using common terms and word complementarity to quickly

identify specific legislative candidates.

Experimental Design

This study limited by our raw data, we split data from 2002/1/1 to 2008/1/12 as train set, and use all
data from 2002/1/1 to 2009/12/31 as test set. Four feature selection methods were evaluated for
performance. To determine whether the data characteristics affect the model, we split the data into 4

different sets according to constituency and and party affiliation.

Experiment Results

In the experiment, the step-wise regression algorithm fails to build the model because of the character of
the sparse matrix. Classification and regression tree algorithms produce underfitting in training, and all
predict the same value in testing. Support vector regression uses feature space to find the hyperplane with a

minimum-margin of data to deal with the sparse matrix problem, and shows better performance in our study.

Best prediction performance was achieved using the support vector regression with TF-IDF and
RReliefF feature selection with 200 features, with an MAE of about 7% and a correlation coefficient of

about 0.5. In addition, prediction performance was influenced by the election support rate based on

o]
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different constituencies and party affiliation.

About the visualization result, we regard the complement of words can distinguish legislator and raise
memories of historical events. But how to approximately show the visualization results in large data?

Feature engineering can be applied to select representative words.

Conclusion

We hope our study can improve the traditional telephone poll, use web news or social media
comments be additional opinion source, fix the error that telephone poll doesn’t represent population,
and reduce the cost of telephone poll. In recent years, the telephone poll result is decrease the accuracy
of actual opinion, it’s because the younger generation tendency to use network as tool to receive and
deliver information, the telephone poll usually ignore this part. In Taiwan, the Sunflower Movement use
network to convene member quickly, the Taipei mayor election also impact by social media comment. It
shows that, the importance of network increase as time goes on, we can’t ignore that, must consider the

impact actively.

This study uses NLP and machine learning techniques to extract information from web-based
articles as comments. The support vector regression model produces predictions with an MAE of about
7% and a correlation of about 0.5. While these results are not particularly robust, they provide directions

for future work for text mining of online comments.

[Romanization of references is offered in the paper.]
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