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Learning Outcome
* Understand the process step in text analysis.
* Describe preprocessing data before text analysis.

* Have experience the usage of R getting data from Twitter.



Topics

e Text analysis overview
* Text data
* Research and work related to text analysis

e Text analysis steps
* Get data from Twitter



Text analysis overview



Text analysis

* Means

"The discovery by computer of new, previously unknown

information, by automatically extracting information from
different written resources" --Marti Hearst

* Text analysis uses a set of linguistic nnuanans, statistical, and
machine learning techniques to get information from text resources.



Text analysis

* Called text analytics, text data mining, and text mining.

* Text analysis is the process of delivering high-quality information from
text.

e OQutput from text analysis supports for
* Business intelligent,
* Exploratory data analysis,
* Research or investigation.



Text Analysis Relates to NLP and Linguistics
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Text analysis: The inside of an NLP

Information

Retrieval Lexical Analysis

Information
Extraction

Tagging/Annotation




Text analysis: The inside of an NLP

* [nformation retrieval (IR) is recovery
information in database stored in a computer.

* |R uses two steps are

e 1) Matching words in the query database
(keyword searching)

e 2)traversing the database using hypertext
or hypermedia links with Internet search
engines, combine natural language.

Information :
Retrieval ﬁ

Tagging/Annotati




e Lexical analysis is a process
converting a sequence of

Text analysis: The inside of an  character to a sequence token.

* Lexical analysis is a first phase
in the compiler design.

 Example:
Informatlon Lexical Analysis * Sequence character
Retrieval e 3=10
* a=at5;

* Sequence token

* a (operator)
Tagging/Annotation (A0 * =(assignavalue)
e 10 (value)
* + (increment)




Lexical analysis
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Output from Text analysis

Indexing data

Document summarization
Sentiment analysis
Translation

Al S

Prediction and forecasting



Example research

No decimator

* duinau| |love you.

1 a1 P oui
du M M P w0

in =+ 71 | uda

Fig. 1. Example of ambiguity problem
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o (Hand)
nafin (Glove)

Dictionary
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Fig. 3. Dictionary reconstruction process

A Hybrid Approach for Thai Word Segmentation
with Crowdsourcing Feedback System
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Fig. 4. Word segmentation flow chart
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Text data



Source of text Data and data types

Data Source Data Format Data Structure Type
News articles TXT, HTML, or Scanned PDF Unstructured
Literature TXT, DOC, HTML, or PDF Unstructured

E-mail TXT, MSG, or EML Unstructured

Web pages HTML Semi-structured
Serverlogs LOG or TXT Semi-structured or

Quasi-structured

Social network APl firehoses XML, JSON, or RSS Semi-structured

Call center transcripts TXT Unstructured
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HTML / Log data

<html>
<body>
<table border="1">
<tr>
<td colspan="5" align="center">Temperture <ftd>
<ftr>
<tr>
<td>»CITIES </td»
<td»DELHI </td>»
<td>MUMBAT  </td>
<td>KOLKATTA </td>
<td>CHENNTIA </td>
<ftr>

<tr>
<td>MAXIMUMS /td>
<td»21 </td>
<td>»35 </td>
<td>»43 <« /td>
<td>»58 </ /td>
<ftr>

<tr>
= Ctd>MINIMUMS /td>
<td>»5s  </td>
<td>14</td>
<td»28 </td>
<td>»32 </td>
<ftre
|
</table>
</body>
</html>

214.1.211.251 - - [15/Apr/2011:09:49:17 -0700] "GET /global.asa HTTP/1.8" 484 315 "-" "-"
214.1.211.251 - - [15/Apr/2011:69:40:17 -0700] "GET /~root HTTP/1.0" 484 316 "-" "-"
214.1.211.251 - - [15/Apr/2011:09:49:18 -0700] "GET /~apache HTTP/1.@" 4@4 312 "-" "-"
219.167.17.173 - - [17/Apr/2011:17:55:40 -070@] "POST /sony/mmr HTTP/1.1" 260 136 "-" "PS
218.41.54.67 - - [17/Apr/2011:18:20:18 -8700] "POST /sony/mmr HTTP/1.1" 200 138 "-" "P532
18.132.93.114 - - [18/Apr/2011:11:85:39 -0700] "POST /sony/mmr HTTP/1.1" 206 61 "-" "Ledi
16.132.93.114 - - [18/Apr/2011:11:07:07 -0700] "POST /sony/mmr HTTP/1.1" 206 61 "-" "Ledi
18.132.93.114 - - [18/Apr/2@11:11:13:52 -0700] "POST /sony/mmr HTTP/1.1" 206 61 "-" "Ledi
218.41.54.67 - - [20/Apr/2011:17:42:37 -8700] "POST /sony/mmr HTTP/1.1" 200 108 "-" "P532
60.34.131.229 - - [20/Apr/2@11:18:22:32 -0700] "POST /sony/mmr HTTP/1.1" 206 10@ "-" "PS3
202.213.251.245 - - [21/Apr/2011:21:16:45 -B7@@] "POST /sony/mmr HTTP/1.1" 2060 168 "-" "F
202.213.251.245 - - [21/Apr/2@011:21:24:43 -@70@8] "POST /sony/mmr HTTP/1.1" Z06@ 168 "-" "F
178.262.116.92 - - [22/8pr/2011:18:59:05 -070@] "GET / HTTP/1l.1" 26@ 315 "-" "Mozilla/S.€
178.2872.118.92 - - [22/8pr/2011:18:59:05 -070@] "GET /favicon.ico HTTP/1.1" 4@4 333 "-" "
178.2872.118.92 - - [22/8pr/2011:18:59:05 -070@] "GET /favicon.ico HTTP/1.1" 4@4 333 "-" "
178.202.110.92 - - [22/Apr/2011:18:59:07 -078@] "GET saccess-navigator-media HTTP/1.1" 2€
178.2872.118.92 - - [22/8pr/2011:19:05:00 -0708] "GET fadmin/cdr/counter.txt HTTP/1.1" 434
178.202.110.92 - - [22/Apr/2011:19:85:41 -070@] "GET //help/readme.nsf?0penAbout HTTP/1.1
178.2872.118.92 - - [22/8pr/2011:19:85:54 -070@] "GET Acatinfo?A HTTP/1.1" 484 329 "-" "Mc
178.202.110.92 - - [22/Apr/2011:19:96:08 -078@] "GET serrors-navigator-media HTTP/1.1" 2€
178.2872.118.92 - - [22/8pr/2011:19:27:04 -070@] "GET / HTTP/1.1" 268 315 "-" "Mozilla/S.E



JavaScript Object Notation (JSON)

JSON is a lightweight format for storing and transporting data that uses
sending data between the sever and the client.

1 //Student JSON Object

=R Json for number values

"rollNumber" : 11, ¢ without doublequote
"firstName" : "Saurabh", IS0 s Suine vilises
"lastName" s "Gupta" z @ WItN é%ugﬁe ote
"permanent” : false, ¢ 3 wa?/'é u%glfrau%/false
E "address" : {
"addressLine" : "Lake Union Hill Way",
Tcity™ : WAtlanta”. JSON for address object
10 "zipCode" : with in curly bracket
11 -}
12 "éhoneNumbers" X )334 6, : A : 1. ¢ Array of Numeric
13 "cities" : [ "Dallas", "San Antonio", "Irving" ], Values
14 B T"properties" : { é Array of String values
5 "play" : "Badminton",
"interst" : "Math" JSON to represnt map
"age" : "34 years" in key value pairs
g §
L }I



Activity 11.1 Convert to JSON

> json

1 | ) 2 "
#lnstall .packages ( j Sonllte ) ["alpha'": [1,2,3,4'5]r1'beta'ﬂ: ["Bravo'ﬂ],'Tgamma'l'!:{l?a": [1r2,3]""b":[}}}
library (jSOHllte) > fromJSON( jscon )
Salpha
x = list (alpha = 1:5, [11 12345
Sheta
beta = "Bravo'", fu1@mww
gamma = list(a=1:3, fgamma
— canmasa
json <- toJSON (x) SgammaSh

named 1ist ()

Json

fromJSON( json )



eXtensible Makeup Language (XML) vs HTML
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Using

Tag type

Case sensitivity

Describe the data

User defined

Yes

HTML

Display data

Predefined

No

XML
<firstMName=Maria</firstName=

<lastName=Roberts</lastName=
<dateBirth>12-11-1%42</dateBirth>

HTML

<font size="3"=Maria PRoberts</font>
<h=172-11-194Z=/h=



Reality Simple Syndication (RSS

RSS is web feed that allows user and

application to access update to
website.
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|
I |
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|Wbp 2 |RSS Content in |
= rase | XML Format |

I
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Web Server 2

Browser

| XML Format | RSS Feed Aggregator

<7xml version="1,0" encoding="1S0-8859-1* 7>
- <rss version="2.0">
- <channel>

<title>CNN.come</title>
<link>http://www.cnn.com/rssclick/?section=cnn_topstories</link>
<descnption>CNN.com delivers up-to-the-minute news and information on t
politics and more.</descrption>
<language>en-us</language>
<copynght>@ 2006 Cable News Network LP, LLLP.</copynaht>
<pubDate>Fri, 07 Apr 2006 11:06:02 EDT</pubDate>
<tti>S</tt>
<image>
<utle>CNN.com</utles
<link>http://www.cnn.com/rssclick/7section=cnn_topstories</ink>
<urizhttp://i.cnn.net/cnn/.element/img/1.0/logo/cnn.logo.rss.gif</url>
<width>144</width>
<height>33</height>
<descrption>CNN.com delivers up-to-the-minute news and information o1
entertainment, politics and more.</description>
</image>

RSS File for CMN's Top Stories



Research and work
related to text analysis



Real Time Sentiment Analysis of Twitter Data

Sunil B. Mane, Yashwant Sawant, Saif Kazi, Vaibhav Shinde

VIII. CONCLUSION

Sentiment analysis is a very wide branch for research. We
have covered some of the important aspects. We plan ahead
to improve our algorithm used for determining the
sentiment value. Also the project as of now can also be
expanded to other social media platform usages like movie
reviews(IMDB reviews), personal blogs. The accuracy
achieved is also mentioned below.®

Emoticons and the use of hashtags for the sentiment
evaluation 1s a very important inference related to
sentiment analysis of social media data. Our project uses
emoticons but the use of hashtags to determine the context
of the tweet 1s not done. Hence with the current limitations
the accuracy is found to be 72.27 %.

Using Hadoop

ingut Data Sveam

v

Sentiment | Count Correct % Tolerance
Positive 729 542 74.34 -0.01
Negative 665 458 68.87 +0.09

Neutral 72 53 73.61 +-0.005
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I SAAPL prediction
W SAAPL

Sentiment analysis of Twitter data within big
data distributed environment for stock prediction

Michal Skuza, A. REomanowski + Published 2015 - Computer Science -
2015 Federated Conference on Computer Science and Information Systems (FedCSIS)

Stock price (S)

Abstract: N\S‘D"i‘qmdmghwmm?is"{mm)

This paper covers design, implementation and evaluation of a system
that may be used to predict future stock prices basing on analysis of
data from social media services. The authors took advantage of large
datasets available from Twitter micro blogging platform and widely

P
available stock market records. Data was collected during three { /_B
Twitter Streaming AP/‘I_)

months and processed for further analysis. Machine learning was

employed to conduct sentiment classification of data coming from M //_\

social networks in order to estimate future stock prices. Calculations \

were performed in distributed environment according to Map Reduce Bag of words > DB Stock quotes data )
rogramming model. Evaluation and discussion of results of —_— ~

prog g “‘“m______,_//

predictions for different time intervals and input datasets proved
efficiency of chosen approach is discussed here.

Retrieving Twitter data, preprocessing and saving

Stock data retrieval
to database

Maodel building
STOCK PRICES.

| MSE 1 Hour 30 Min 15 Min 5 Min
Manual & "AAPL’ 1.5373 0.6325 0.3425 -
Auto & "AAPL’ 0.947 0.3698 0.2814 -
Manual & ’Apple’ 1.9287 1.5152 0.9052 0.5764 MSE Predicting futuss
Auto & "Apple’ 1.8475 1.4549 0.8325 0.3784 Error analysis stock prices

v

TABLE 1: MEAN SQUARE ERROR VALUES OF PREDICTED AND ACTUAL STOCK PRICES.

Machine Learning algorithm




Solving Unbalanced Data for Thai Sentiment
Analysis

Warunya Wunnasri, Thanaruk Theeramunkong Choochart Haruechaiyasak
School of Information, Computer and Communication Technology Speech and Audio Technology (SPT) Laboratory
Sirindhorn International Institute of Technology National Electronics and Computer Technology Center (N
Thammasat University, Thailand Thailand
warunya.wunnasri@studentmail siit.tu.ac.th, thanaruk(@siit.tu.ac.th choochart haruechaiyasak@nectec.or.th
TABLE IL.

Abstract— Growth of microblogging “Twitter” is dramatic

ECTEC),

Data Collection

l

Data Preparation

‘ Word Segmentation

‘ Word Mormalization

Classification Result }‘_

THE EXAMPLE OF ERROR RESULTS

Sentiment Classification

—

re-training rmodel

among online users in Thailand. Communication on Twitter is Result Eetaxity

Tweet

Example Selection

|

: . . Class
very lively and up-to-date since users Users often express their =
feelings and sentiments in Twitter posts related to current topics
or new growing topic. While sentiment analysis on Twitter has

(Original text)
fiwsvoauiidy Auna 15114 1olawea wuula 14 ng

Insaen // lireulalns Lijasinimlas

challenges in language related issues, such as short-length Negative Neutral
message and word usage variation, it also faces the problem of
unbalanced class problem. In Twitter, people tend to make
complaints more than admirations. In this paper, we propose a

(Translation)

My mother use Dtac’s cellular. 1 use AIS’s
network for play internet but use TRUE for cal.
(I rarely call to someone. I have no idea to call
to whomever.)

sampling-based method to solve data unbalanceness in Twitter
sentiment analysis in Thai. Three types of sampling methods,
called random, largest complete-link sampling, and largest

(Original text)
Taia True care naunssd lilanvanlils ...

Taiualvingandnla : uimsfldlatinan

(Translation)

OK, “True care’ (the name of call center) answer
me truthfully. If they cannot do, they told to me
honestly. They do not answer indirectly so not
make me moody. Their service is sufficiently

(Original text)
wrsAEnmAnATiuendutinusa 1678InsdAafan

16789 dswiazliivuian

average-link sampling are produced as preprocess before k-NN Bosttive’ | Negaiore
classifier. From the experimental results, the largest average-
linkage sampling achieves the highest performance with the
macro average F-measure of (.57 comparing to the unbalance
case.
Negative Positive

(Translation)

Dose the canceling the package hard? It very
very hard when I call to your call center 1678.
But if | sent the request message to 16789 it has
a fee. If it has no fee, I will not complain about
1t




Text analysis steps



A Proposed Framework for Improving Analysis of
Big Unstructured Data in Social Media

e
P I e p I O ‘ e f f I I . g Mohamed Elsayed Amira Abdelwahab Hatem Abdelkader

Preprocessing
original value. (tweets) ~Renovs Bunctuution
esRemove URL’'s
esTokenization
Y Data Split

 Remove noise is the changing to e dusite
Heterogeneocus eRemove stop words
* WELLCOME, WeLCOME
eStermming
® ”I Iove my dog. " Feature Extraction —P Training Set / Test Set

Text Data eRemove numbers

* A1-U1INNINU eRemove Hashtag
* Remove stop words in phases ;
]
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Preprocessing

* Tokenization sinm is the processing split

a long sentence to a short sentence or
a word.

* Problem in Thai language
* FHINAN
* HN AN
* H1nau
*  AUINANANNUUILING
o Suiann nanTivintiu

o uI/ dl Y v
¢ AUWIFAIN ANNUUILIU

e Stemming word

 Connect: connection, connected,
connecting

e Trident: tradition, traditional

Input text: s0lnAA

sninv

http://www.sansarn.com/lexto/

=@ ada

T hai lexeme Tokenizer,

#iTuas LexTo | arndTuaawauiunsy Lexitron

afiniay dradvinduded = a1 | virdha | wiau | | da | @] 37| Gu | @ | | @m | 3z | uanla
Anazuanta dasfulaitislindnaniiu || a9 | futa | 3] Fa |2 | ad | anflu | | W | wia | s | de
wanlaeinu dsanunfunfanlaite fw | Ruad | s | 6| sfo || 2ann | aa | T aae | R | |
amnaalviaasin annsnlvaasa |II agn | 5n | 1| aaem | | & | Twsi | wi'lsi | ann | | wei | au | 9|
aulniurbiann wkaufisnunadiaanudoss

TdFonTaluuile wiailmawy

15150 |10 | 6 | w52 | ewden || lal | FeuTa | lwu | A6 | | wei |
2t |1 [ we | uz ||

=
o]

AN | #7SEA | ddnn | @ dananwiadian | dnuseien

https://www.youtube.com/watch?v=-39gG8ndG09w



https://www.youtube.com/watch?v=-3qG8ndG09w
http://www.sansarn.com/lexto/

Feature Extraction Aneslslu

A =
UHNNG A

* Word counting feature ..

ala @ g [ % g v % 1 [ % % = 1 % a 4 % a d &
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* Term frequency-inverse document frequency (TF-IDF)



Activity 11.2 String counting

str = "If you look at what you have
in life, you'll always have more. If
you look at what you don't have in
life, you'll never have enough.-
Oprah Winfrey"

nchar (str) #number of character

str count (str,"you")

tstr = mmmqumﬂuﬂ 2516 184 @@N‘WZ\] nUaN ﬂmm‘ﬂ’%‘ V]’;TZU’]’]
Lﬂﬂﬁ]Lﬂuﬁ’iLLﬂm"m Lﬂﬂﬂ@’]ﬂ‘ﬁ’]mmﬁ‘m 1@?UﬂQWN‘Hu‘ﬂﬂUNWﬂW@ﬂ"

nchar (tstr) #number of character

str count (tstr, "#in)

of character

of character

L ]
Ci
-

> nchar (str) #number
[1] 132

> str count(str, "you")
[1] &

> nchar (tstr) #fnumber
[1] 123

> str count(tstr,"a
[1] 3



Lfij=

TF-IDF Zk

* TF-IDF consists of the term frequency (TF) and the inverse document
frequenc (IDF)

* Example, calculation TF

The sky is blue. The sky is beautiful.

the =2/8 =0.25
sky =2/8 = 0.25
IS =2/8 =0.25
blue =1/8 =0.125
beautiful =1/8 =0.125

sum =8



TF-IDF
N

N
* Example, calculation IDF tfij = Z;;’ij @df(’w) — ZOQ(_)

df

the car is driven on the road. o [ T [ e | TR

The 1/7 1/7 log(2/2) =0 0 0
Car 1/7 0 log(2/1) = 0.3 0.043 0
Truck 0 1/7 log(2/1) = 0.3 0 0.043
Is 1/7 1/7 log(2/2) = 0 0 0
Driven 1/7 1/7 log(2/2) = 0 0 0
On 1/7 1/7 log(2/2) = 0 0 0
The 1/7 1/7 log(2/2) =0 0 0
Road 1/7 0 | log(2/1)=03 | 0.043| ©
the truck is driven on the highway. Highway | O 1 17 | logl@M)=03 ] 0 10043

The common words was zero, which shows they are not significant. On the other hand, the TF-
IDF of “car”, “truck”, “road”, and “highway” are non-zero. These words have more significance.



Get data from Twitter with R



o°
\"4
o°

» Pipe operator is forward a result value to the next function

call/expression.

#without pipe #two pipe

c(l,3,2,5,6) 3>% +2
a = C(l/3/215l6)
#three pipe

a=a+2
a =+c¢(l,3,2,5,0) %>% +2 %>% sort ()

sort (a) print (a)




Activity 11.3 Get data from Twitter

install.packages ("rtweet")
install.packages ("ggplot2")
library (rtweet)
library (ggplot?2)

rt <- search tweets (g = "#lma, n=50)

names (rt)
rtStext #Body text in twitter
head (rt, n = 2)

head (rt$screen name)

length (unique (rt$location))

#plot location

rt

0] 0]
5>%

ggplot (aes (location))

geom bar ()

labs (x
Y

= "Count",

= "Location",

title = "Twitter

reen_name"

splay_text_width"

ply_to_screen_name™
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"status_id"

Xt
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“profile_background_url™

+

+ coord flip() +
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"source”
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"retweet_source”
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Authorize rstats2twitter to access
your account?

Forgot password?

Cancel

See Tweets from your timeline (including protected
Tweets) as well as your Lists and collections

See your Twitter profile information and account
settings

See accounts you follow, mute, and block

Follow and unfollow accounts for you

Update your profile and account settings

Post and delete Tweets for you, and engage with
Tweets posted by others (Like, un-Like, or reply to a
Tweet, Retweet, efc.) for you

Create, manage, and delete Lists and collections for
you

Mute, block, and report accounts for you

Send Direct Messages for you and read, manage, and
delete your Direct Messages

Learn more about third-party app permissions in the Help Center.

rstats2twitter

user_id status_id created_at screen_name text source display_text_\ w1»

+ 15126033~ 2022-04-09 47 1amkupan A Twi 130 asmAamsd Since 201402 21~ -
15126033~ 2022-04-09 7 Pimry_zaa "8tk Twitte 140 Winter Boys s -

rt$text #Body text in twitter
[1] "&aumsai cOvID-19 tmbszmalna\niui 09 wmnau 2565\n\n#1a3al9 #COVID19 #aaunsailaial9 http
s://t.co/ThqlsCsCe2"”
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[3] "Huil (9 w.a. 65) @utdaya #COVIDI9 Mmnuinnubamiialaia-19 malwiviy 25,298 au wmmhoaduinuwi
22,003 au\n\ne sudihaazauszaanivai 1,634,911 au (6aud 1 u.a. 65)\ne ﬂaavnmj'ma au 1,412,426 au (a9
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0Ssw\n\n\u0001f534 ﬁa"amaswmu 25,298 me\n\U0001f534 N’ﬁamaunmu ATK 22,431 s1a\n\UO001f534 1&aiii
n 98 au\n\U0001f534 wmhaaamninu 22,003 7ia \n\n#laia #1lajaiuil #kapook https.//t.co/1kah8Rs1T"

[5]1 "aleaaaunnsal #COVID19 Juil 9 w.a. 2565\ndaannlszidiu #TmalQ 16w &gt;&gt; https://t. co/IxCqLf
0SW\n\n\UOOO1f534 siaidianaiui 25,298 mu\n\UO001f534 ridaianinang ATK 22,431 ia\n\UO001f534 1dufii
98 au\n\U0001f534 wimhaaainitu 22,003 71 \n\n#laia #laiaiuil #kapook https.//t.co/1kah8Rs1T"

[6] "aanuasai coviD-19 tnlszmana\niui 09 wmau 2565\n\n#1a3al9 #COVID19 #aaumsailaial9 http
s://t.co/ThqlsCsCe2"

Twitter locations
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Thailand -

Somewhere Over My Head -
RESPECT THA DEMOCRACY 11l -
Oxford, England -

My home -
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Chiangmai Thailand -
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Activity 11.4 Word count in twitter

install.packages ("rtweet")
install.packages ("ggplot2™)
library (rtweet)
library (ggplot?2)

rt <- search tweets(g = "#lain, n=500)

names (rt)

tbody = rtStext #Body text in twitter

#install.packages ("stringr")
library(stringr)
n = str_count(tbody,"ﬁm%w

sum (n)

#install.packages ("stringr")
n = str_count(tbody,"%ﬁw

sum(n)

#install.packages ("stringr")

n = str count (tbody, "ma)

sum(n)

> thody = rtitext y

> #install.packages ("stringr")
~ library(stringr) )

> n = str_count(tbody, "Aatiia")

> sum(n)

[1] 209

>~ #install.packages ("stringr")
> n = str_count(tbhody, "@iu™)

>~ sum(n)

[1]1 O

> #install.packages ("stringr")
> n = str_count(tbody,"#a")

> sum(n)

SBE




bind_tf_idf {lidytext} R Documentation

Bind the term frequency and inverse document frequency of a tidy text dataset to the
dataset

Description

Calculate and bind the term frequency and inverse document frequency of a tidy text dataset, along with the product, tf-idf, to the dataset. Each of these
values are added as columns. This function supporis non-standard evaluation through the tidyeval framework.

Usage
bind tf idf(trbl, term, document, o}
Arguments

thl A tidy text dataset with one-row-per-term-per-document
term Column containing terms as string or symbol
document Column containing document IDs as string or symbol

n Column containing document-term counts as siring or symbol

Details
The arguments term, document, and n are passed by expression and support quasiquotation; you can unquote strings and symbols.

If the dataset is grouped, the groups are ignored but are retained.

The dataset must have exactly one row per document-term combination for this to work.
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